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RESUMO

A crescente penetragdo dos Veiculos Elétricos (VEs) no setor de transportes representa
um novo e grande desafio para o planejamento da expansdo e da operagdo dos Sistemas
de Distribuicdo de Energia Elétrica (SDEEs) devido ao correspondente aumento da
demanda associada ao carregamento das baterias. Portanto, devem ser desenvolvidos
métodos que ajudem os SDEEs a lidar com esses desafios, considerando as incertezas
associadas as demandas convencionais e aos VEs. Nesta tese é proposto um método
robusto baseado em um modelo de Programacgdo Linear Inteira-Mista (PLIM) para
auxiliar a integracdo de VEs no SDEE. O método proposto permite resolver o problema de
planejamento multi-estdgio da expansdo do SDEE considerando a alocacao e o
dimensionamento de Estacdoes de Carregamento de VEs (ECVEs). Restricoes
probabilisticas sdo usadas na formulacdo proposta para lidar com as incertezas
associadas a demanda, garantindo o cumprimento da capacidade de poténcia das
subestacdoes com um nivel de confianca especificado. O modelo proposto para o
planejamento da expansdo avalia a constru¢do e/ou reforco de subestacoes, ECVEs e
circuitos, assim como também a alocacao de unidades de geragao distribuida e bancos de
capacitores ao longo do horizonte de planejamento. O modelo de PLIM proposto é
resolvido através de técnicas de otimizacdo classica visando garantir a solugao 6tima do
problema. A eficiéncia e robustez do modelo sdo verificadas usando sistemas teste de 18
e 54 nés, junto com simulagdes de Monte Carlo para verificar o cumprimento da restri¢ao
probabilistica proposta. Os resultados obtidos indicam que o método proposto é uma
ferramenta eficiente que pode ser aplicada no planejamento da expansdo de futuros

SDEEs com alta penetracdo de VEs.

Palavras-chaves: Incertezas. Planejamento da expansdo. Programacao linear inteira-
mista. Restricdes probabilisticas. Sistemas de distribuicao de energia elétrica. Veiculos

elétricos.



ABSTRACT

The increasing penetration of electric vehicles (EVs) in the transportation sector
represents a new challenge for the expansion planning of electrical distribution systems
(EDS) due to the corresponding increase of the energy demand. Therefore, methods to
support the EDS considering the uncertainties associated with conventional and EV
demands should be developed. This thesis presents a methodology to consider the EV
integration into the EDS. A mixed-integer linear programming (MILP) model is proposed
to solve the multi-stage expansion planning of EDS considering the allocation and sizing
of EV charging stations (EVCSs). Chance constraints are used in the formulation to deal
with the uncertainties associated with the demands, guaranteeing the fulfilment of the
substation capacities within a given confidence level. The proposed model for the
expansion planning considers the construction/reinforce of substations, EVCSs and
circuits as well as the allocation of distributed generation units and capacitor banks along
the planning horizon. The proposed MILP model guarantees optimality using classical
optimization techniques. The efficiency and robustness of the model is verified using two
test systems with 18-nodes and 54-nodes. Monte Carlo simulations were carried out to

verify the compliance of the proposed chance constraint.

Key-words: Chance constraints. Electrical distribution systems. Electric vehicles.

Expansion planning. Mixed-integer linear programming. Uncertainties.
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1 INTRODUCAO

1.1  ANTECEDENTES E MOTIVACAO

Os sistemas elétricos encontram-se em constante evolu¢do devido a progressiva
integracdo de novas tecnologias desenvolvidas para enfrentar desafios politicos,
institucionais, sociais, assim como também ambientais. Em termos dos desafios
ambientais, por exemplo, a mudanca climatica apresenta uma crescente preocupagao
global, dando passo a criagcdo de medidas politicas de protecdo ambiental (BULKELEY;
PATERSON; STRIPPLE, 2016). Com isso, a redu¢do da emissao de gases de efeito estufa
(principal causa da mudanca climatica) faz parte do conjunto de politicas globais que
visam o cuidado do meio ambiente e tem-se estabelecido como um dos principais
objetivos de paises europeus e americanos como Alemanha, Itdlia, Franca e Inglaterra,

Canad4, Estados Unidos e mesmo Brasil.

Em consequéncia, as fontes de producdo de energia renovavel vém sendo
integradas progressivamente nos sistemas elétricos como principal op¢do para atingir o
objetivo de reducao de emissoes. Além disso, a reducio de custo e o aumento de eficiéncia
de tecnologias tais como os veiculos elétricos (VEs) e os dispositivos de armazenamento
de energia permitem o melhor aproveitamento de energias limpas. Assim, espera-se nos
proximos anos um incremento no uso de VEs no setor de mobilidade, dado que, além de
incentivar o uso de energia renovavel ndao contaminante, também diminuem a alta
dependéncia de combustiveis fésseis (CCC, 2013). Ainda, os VEs representam uma op¢ao
econdmica para os usuarios pelos menores custos de operacdo e manutengdo, quando

comparados com os custos de veiculos tradicionais a gasolina (CARLEY et al., 2013).

Segundo o estudo realizado pela International Energy Agency (IEA), as vendas de
VEs aumentaram 54% entre o ano 2016 e 2017, com mais de um milhdo de VEs vendidos
no mundo inteiro durante o ano 2017. Ao final do mesmo ano, aproximadamente 3
milhdes de VEs encontravam-se circulando pelas ruas, 57% mais do que o estimado no
ano 2016 (INTERNATIONAL ENERGY AGENCY, 2018a). Na Figura 1 é possivel observar o
crescimento do uso de VEs nos ultimos anos em alguns paises do mundo; pode-se conferir

também que a curva de penetracdo apresenta uma tendéncia crescente. Além disso,
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Figura 1 — Crescimento do uso de VEs (2013-2017)
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Fonte: Agéncia International de Energia (INTERNATIONAL ENERGY AGENCY, 2018b)

estima-se uma penetragdo de 190 milhdes de VEs em 2035 e 320 milhdes em 2040 no

mundo inteiro (BP, 2018).

No Brasil, tém-se adotado politicas urbanas e ambientais focadas na diminuicao do
consumo de combustiveis liquidos e na consequente reducdo das emissdes de gases de
efeito estufa (10,1% até o fim de 2028 (LINDNER et al., 2018)), visando essencialmente
dois objetivos: incentivar investimentos em transportes massivos e definir os ritmos de
incorporacao das tecnologias mais avancados nos veiculos leves e pesados. No contexto
do mercado brasileiro, os VEs ainda estao longe de ser usados como principal meio de
transporte devido ao alto custo das baterias (o qual representa um terc¢o do custo total do
VE), a falta de infraestrutura de carregamento e ao alto investimento inicial. No entanto,
de acordo com estudos realizados pela Empresa de Pesquisa Energética, a frota brasileira
de VEs licenciados em 2017 era de aproximadamente 3600 entre VEs e hibridos, e estima-
se uma penetracao de 360000 VEs em 2026 (COELHO, 2017). Estima-se também que a
frota nacional de veiculos leves e elétricos devera atingir 125 milhdes de unidades em
2050. Os veiculos hibridos representardao 52% desta frota, correspondendo a um total de
64,4 milhdoes de unidades e os VEs representardao 9%, totalizando 11,8 milhdes de
unidades (EMPRESA DE PESQUISA ENERGETICA - EPE, 2016), conforme ilustra a Figura
2.
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Figura 2 — Previsdo do crescimento do uso de VESs no Brasil
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Considerando o crescimento acelerado da penetragdo de VEs no mundo inteiro, é
clara a necessidade de proporcionar uma infraestrutura de carregamento adequada, que
permita satisfazer os requerimentos de energia por parte dos usudrios proprietarios de
VEs, que proporcione seguranca para os usudrios na hora de adquirir um VE e que, além
disso, incentive ainda mais o uso dos mesmos (QUEROL, 2016; WANG et al.,, 2013). A
Figura 3 mostra a tendéncia continua de aumento da instalacdo de carregadores de
diferentes tipos a nivel mundial, o que confirma sua integracdo nas redes de distribuicao.
Nesse contexto, a carga associada aos VEs resultarda em um incremento da demanda de
energia elétrica que, de acordo com o lugar de carregamento, apresenta caracteristicas
diferentes (GODINA et al,, 2016). Os VEs podem ser carregados em zonas residenciais
(causando um incremento distribuido da demanda) ou em estagdes de carregamento
publico (ECVEs) também conhecidas como Parking Lots (PLs) ou eletropostos (levando a
um incremento da demanda concentrado em alguns pontos especificos da rede). No caso
das estagdes de carregamento publico, existe ainda a necessidade de determinar qual
seria o melhor ponto para sua alocagdo, a quantidade de carregadores que devem ser
instalados em cada ponto e de que tipo, ja que essas decisdes dependem de diversos
fatores tais como as condig¢des atuais da rede elétrica, os niveis de cobertura, entre outros

(LIU; WEN; LEDWICH, 2013; NICHOLAS; HALL, 2018; ZHANG et al., 2016).
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Figura 3 — Crescimento da instalacdo de infraestrutura de carga de VEs
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Em ambos os casos, o incremento da demanda convencional associado a carga dos
VEs pode provocar impactos prejudiciais para os sistemas de distribuicdo de energia
elétrica (SDEEs) dado que o consumo de poténcia de um VE em algumas horas do dia pode
ser mais que o dobro do consumo de poténcia de uma residencia no mesmo horario
(QUIROS-TORTOS et al., 2016). Alguns trabalhos tm demonstrado os impactos negativos
da integracao de VEs nos SDEEs. Problemas na operac¢ao da rede tais como a elevagao dos
picos de carga, operacdo fora dos limites técnicos aceitaveis, incremento das perdas de
energia, além do risco de piorar a qualidade do servico e incorrer em penalidades
impostas pelas entidades reguladoras, sao alguns dos problemas identificados na
literatura (LOPES; SOARES; ALMEIDA, 2011), (DUBEY; SANTOSO, 2015; VELDMAN;
VERZIJLBERGH, 2015; XIONG et al., 2015). Por outro lado, alguns paises com uma alta
penetracdo de VEs ja tém enfrentado problemas na operacao da rede, como € o caso da
Noruega, onde o numero de VEs é tao grande que as redes de distribui¢do nao conseguem
satisfazer os niveis de demanda (BERGGREEN, 2017). Assim, € claro que os operadores
do sistema de distribuicdo (OSDs) devem-se preparar para lidar com uma penetragdo a

grande escala de VEs que provocara grandes mudangas nas suas redes.

Existem diversas formas de mitigar os problemas resultantes da integracdo dos
VEs nas redes de distribui¢do. Uma opgdo esta relacionada com a adaptagao ou refor¢o do

SDEE. A rede de distribuicdo deve ser expandida devido ao crescimento futuro da
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demanda, ja que a rede existente pode ndo estar adequadamente dimensionada para
atender demandas adicionais e fornecer o servico com os mesmos padroes de qualidade.
Nesse contexto, o planejamento da expansdo do SDEE deve ser feito considerando o
incremento da demanda associada a carga dos VEs, tanto no caso de carregamento
residencial, como no caso de carregamento publico, sendo que neste Ultimo, a alocacao e
o dimensionamento das ECVEs deveriam ser contemplados dentro do plano de expansao,

como sugerido por Zheng et al,, (2014) e Yao et al,, (2014).

Outros trabalhos sugerem a criacdo de estratégias de coordenacdo de carga ou
descarga dos VEs fazendo uso da sua natureza flexivel, visando evitar refor¢cos onerosos
da rede, assim como minimizar as perdas de energia, além de melhorar a operagdo do
SDEE. Nesse contexto, a integracdo dos VEs nas redes de distribui¢do seria enfrentada
através do planejamento da operac¢do do SDEE, incluindo estratégias inteligentes para a
coordenacdo de dispositivos controlaveis tais como geradores distribuidos, bancos de
capacitores, reguladores de tensdo, fontes de armazenamento de energia e inclusive, o
gerenciamento da carga e/ou descarga das baterias dos VEs (LACEY; PUTRUS; BENTLEY,
2017; QUIROS-TORTOS et al,, 2016; VELDMAN; VERZIJLBERGH, 2015).

Assim, a penetracao a grande escala de VEs nos SDEEs representa um novo desafio
para as empresas de distribuicao ja que é necessario ter uma infraestrutura adequada
com as caracteristicas de carga estabelecidas para satisfazer os novos requisitos de
energia dos usudrios de VEs independentemente do lugar de carregamento. Portanto, os
0SDs, os quais sdo responsaveis pela entrega eficiente e confiavel de energia elétrica aos
consumidores finais, devem se preparar para lidar com a crescente penetracdo de VEs e
devem adaptar suas redes de distribuicdo para garantir um servigo de qualidade de

acordo com os regulamentos estabelecidos.

Por outro lado, em vista de que os parametros associados ao crescimento da
demanda sdo de natureza incerta, é importante considerar a estocasticidade associada as
demandas tanto convencionais como dos VEs no planejamento da expansdo e operacgao
do SDEE (LIU; WEN; LEDWICH, 2011; NEYESTANI et al., 2015). Varios trabalhos tém
demonstrado que as incertezas podem afetar drasticamente o desempenho de um sistema
e que as solucdes obtidas sob os cenarios deterministicos podem se tornar infactiveis

quando as incertezas nos parametros ou varidveis do sistema siao consideradas
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(SCHUELLER; JENSEN, 2008). No caso do planejamento da expansdo do SDEE, se as
incertezas nao sao incluidas no processo, pode acontecer que as redes nao estejam
suficientemente dimensionadas para atender a demanda, arriscando a qualidade do
servico e provocando multas para as concessiondrias. Assim, as incertezas devem ser
devidamente levadas em conta durante o planejamento, a fim de obter planos de expansao

mais eficientes, confiaveis e melhores adaptados as condi¢des reais dos SDEEs.

Motivado pelos fatos anteriores, nesta tese, pretende-se estudar o impacto da
integracdo a grande escala de VEs em redes de distribuicdao de acordo com o ponto de
conexdo dos VEs e se propde um método que permita considerar a demanda associada
aos VEs dentro do planejamento da expansao dos sistemas de distribui¢do levando em
consideracdo as incertezas associadas tanto ao crescimento da demanda convencional

como da penetracdo dos VEs.

1.2 OBJETIVOS E CONTRIBUICOES DO TRABALHO

1.2.1 Objetivos do trabalho

Esta tese lida com a integracdo a grande escala dos VEs no planejamento da
expansdo do SDEE, em particular com as dificuldades que podem aparecer na hora de
representar a demanda associada aos VEs. O trabalho se concentra em um método para o
planejamento conjunto das redes de distribui¢do e ECVEs e investiga o impacto do lugar
de conexdo dos VEs, tendo em conta a natureza incerta das demandas convencionais e dos
VEs. Assim, o objetivo principal deste trabalho é desenvolver modelos matematicos que
permitam a integracdo em grande escala de VEs no planejamento da expansdo do SDEE.

O trabalho é desenvolvido conforme os seguintes aspectos:

1. Modelagem do problema de planejamento multi-estagio da expansao dos SDEEs
(PESDM) considerando a incorporacdo de unidades de geracdo distribuida (GD),
bancos de capacitores (BCs) e ECVEs;

2. Representacao do carregamento dos VEs em zonas residenciais e representacdo da
operacgao das ECVEs dentro do problema de PESDM;

3. Modelagem robusta do problema de planejamento conjunto da expansdo do SDEE
multi-estdgio e as ECVEs considerando as incertezas associadas a demanda

convencional e dos VEs através de restricdes probabilisticas;
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4. Andlise do impacto da integracdao dos VEs nos sistemas de distribui¢cdo considerando
o lugar de conexdo dos VEs e anadlise da importancia de considerar as incertezas

associadas as demandas na expansao da rede.

1.2.2 Contribuic¢des do trabalho
As principais contribuicdes deste trabalho sao:

e Um modelo de PLIM para resolver o problema de planejamento multi-estagio da
expansao dos SDEEs considerando ag¢des tradicionais de planejamento, alocagao e
operacdo de unidades de GD e BCs, e alocagao e dimensionamento de ECVEs;

¢ Uma metodologia e modelagem matemadtica para representar a demanda associada
aos VEs dentro do PESDM de acordo com o seu lugar de conexao;

e Um modelo de programacdo robusta baseado em restri¢cdes probabilisticas o qual é
adequado para considerar o comportamento estocastico das demandas convencionais
e dos VEs no problema de PESDM, visando satisfazer os limites de operacdao do
sistema;

e Uma nova andlise da integracdo dos VEs nos SDEEs que examina o impacto da
demanda dos VEs no PESDM de acordo com o lugar de conexdao e demonstra a

importancia de considerar as incertezas associadas a demanda dentro do PESDM.

1.3  ESTRUTURA DO TRABALHO

Esta tese esta composta por seis capitulos, incluindo a introdu¢do e cinco

apéndices descritos como segue:

O Capitulo 2 apresenta uma revisao bibliografica das metodologias propostas para
resolver o problema de planejamento da expansao do SDEE considerando a alocagao e
dimensionamento de ECVEs, considerando os trabalhos mais relevantes desde o ano 2007
aproximadamente. Adicionalmente, é feita uma contextualizacdo das principais
tecnologias relacionadas com os VEs, as baterias, a infraestrutura e os padrdes mundiais

de carregamento.

No Capitulo 3, apresenta-se o problema de PESDM considerando a alocagao e
dimensionamento das ECVEs. E feita uma descricio geral do problema e apresentam-se

as principais considera¢des para modelar as ECVEs. E discutido o modelo matematico
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proposto para resolver o problema de PESDM considerando a integracdao de VEs desde

um enfoque deterministico.

No capitulo 4, apresenta-se um modelo robusto que permite levar em conta a
natureza incerta da demanda convencional e dos VEs através da aplicacao de restri¢des

probabilisticas, desenvolvidas para definir a capacidade das subestagoes.

No capitulo 5, sao analisados os resultados obtidos apds a aplicacao dos modelos
propostos: deterministico e robusto. Os resultados apresentados sdao obtidos usando dois
sistemas teste de 18 e 54 n6s. O cumprimento das restricdes probabilisticas é verificado

através de simula¢des de Monte Carlo.

No Capitulo 6, sao discutidas as principais conclusdes da pesquisa e os trabalhos

futuros.

Nos Apéndices A e B, sdo apresentados os dados dos sistemas de 18 e 54 nés
respectivamente, utilizados para verificar a eficiéncia dos modelos propostos neste

trabalho.

No Apéndice C, é apresentada a formulacdo da linearizagdo por partes, enquanto
no Apéndice D sdo apresentados os trabalhos relevantes publicados durante o andamento

do doutorado.

Finalmente, no Apéndice E, é apresentado um resumo dos trabalhos desenvolvidos
durante o doutorado sanduiche no exterior. Os métodos e os resultados principais
associados a cada trabalho sdao apresentados através dos artigos preparados durante o
estagio (publicados e/ou submetidos para avaliacao e publicacao). No apéndice B.1 sao
apresentados resultados reais associados a operacao de uma frota de VEs que fornece
servicos de regulacdo de frequéncia ao operador do sistema de transmissdao na
Dinamarca. No apéndice B.2 é apresentada uma revisao e classificagdo dos servicos que
potencialmente podem ser fornecidos por VEs para operadores do sistema de distribuicdo
e uma analise qualitativa de sua implementacdo em aplicagdes da vida real. Finalmente,
no apéndice B.3 é apresentado uma andlise do beneficio econémico que os proprietarios

dos VEs poderiam obter pela provisao de servigos de regulagdo de frequéncia.
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2  REVISAO BIBLIOGRAFICA

Neste capitulo serd apresentada uma breve revisdo bibliografica das diferentes
metodologias propostas para modelar e resolver o problema classico de planejamento da
expansao do sistema de distribuicao (PESD). Sera incluida uma subsecdo introdutéria
correspondente aos conceitos bdasicos relacionados com os veiculos elétricos e uma
revisdo bibliografica das metodologias propostas para resolver o problema de PESD em
conjunto com o planejamento das ECVEs. O estado da arte aqui apresentado é

desenvolvido dando prioridade aos trabalhos propostos durante os tltimos dez anos.

2.1  PLANEJAMENTO DA EXPANSAO DOS SDEEs

O problema de PESD consiste em determinar o plano de expansdo 6timo para o
SDEE visando atender as demandas de energia futuras e respeitando as restri¢coes
operacionais do sistema (GONEN; RAMIREZ-ROSADO, 1986). O crescimento continuo da
demanda de energia elétrica obriga as empresas de distribuicao de energia elétrica a
expandirem seus sistemas a partir da aplicacdo de acdes tradicionais de planejamento
como sdo a construcdo e/ou reforco de subestacdes, assim como a construcdo e/ou
recondutoramento dos circuitos necessarios para suprir as demandas de energia de

forma eficiente e confiavel.

O PESD pode ser modelado como um problema de planejamento estatico (PESDE),
onde o planejamento é realizado com a previsdo da demanda que existira no final do
horizonte de planejamento. Pode ser modelado também como um problema de
planejamento multi-estagio (PESDM), onde o horizonte de planejamento é dividido em
varios estagios, e as acdes do planejamento sdo executadas nos diferentes estagios do
horizonte de planejamento, sendo este tltimo a melhor representacao do comportamento

real das redes elétricas (FLETCHER; STRUNZ, 2007).

Por outro lado, além das a¢des tradicionais de planejamento, o problema de PESD
tem sido estendido considerando multiplas alternativas de alocagdo e operacgdo. Assim,
entre essas alternativas encontram-se os Bancos de Capacitores (BCs), as unidades de

Geracdo Distribuida (GD) e os Reguladores de Tensdo (RTs), sendo que esses
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equipamentos contribuem com a redugdo dos custos operacionais do sistema (TABARES
et al,, 2016). Neste contexto, diversos modelos matematicos tém sido propostos, onde os
diferentes tipos de investimento que representam a construcgao, instalacdo e/ou alocagao
das diferentes acdes de planejamento, com diferentes caracteristicas cada um, sao
usualmente representados por varidveis binarias e/ou inteiras dentro do modelo
matematico, elevando o custo computacional da solucdo. Encontram-se também as
variaveis de operacdo associadas ao estado de operacdo do SDEE, as quais sdo
representadas por variaveis continuas. Assim, considerando as caracteristicas do
problema de PESD, este pode ser formulado como um problema de programacdo nao
linear inteiro-misto (PNLIM). Geralmente este tipo de problema é representado por
modelos matematicos de natureza combinatoria e sdo conhecidos na literatura como

problemas NP-hard.

Existem na literatura diferentes técnicas de solucdo, tais como algoritmos
heuristicos, técnicas de otimizagdo classica que incluem programacao linear, nao linear,
cOnica, e programacao inteira, assim como também metodologias de otimiza¢do baseadas

em meta-heuristicas, propostas para resolver o problema de PESD.

Entre as metodologias de otimizacao classica para resolver o problema de PESDM
encontram-se os trabalhos apresentados por (HAFFNER et al., 2008a; HAFFNER et al,,
2008b; LOTERO; CONTRERAS, 2011; TABARES et al., 2016) nos quais o problema é
formulado como um problema de PLIM e resolvido através de algoritmos branch and
bound e/ou solvers comerciais. Encontram-se também modelos de PNLIM do problema de
PESDM que usam métodos de decomposicao de Benders (FLETCHER; STRUNZ, 2007) e
programacdo dinamica (POPOVIC; POPOVIC, 2010; GANGULY; SAHOO; DAS, 2013), ou
algoritmos branch and bound nao lineares para resolver o problema de PESDE

(LAVORATO, 2010).

Técnicas heuristicas e meta-heuristicas também tém sido bastante usadas para
resolver o PESD. Algoritmos genéticos foram usados em (RAMIREZ-ROSADO; BERNAL-
AGUSTIN, 1998; MARTINS; BORGES, 2011; MENDOZA et al., 2013; BAGHERI; MONSEF;
LESANI, 2015), enquanto algoritmos de busca tabu foram aplicados em (RAMIREZ-
ROSADO; DOMINGUEZ-NAVARRO, 2006; PARADA et al., 2010; COSSI et al, 2012),
(PEREIRA JUNIOR et al,, 2014; KOUTSOUKIS; GEORGILAKIS; HATZIARGYRIOU, 2014).

Outros trabalhos resolvem o problema de PESD usando algoritmos de enxame de
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particulas (SEDGHI; ALIAKBAR-GOLKAR, 2013), Simulated annealing (POPOVIC;
KERLETA; POPOVIC, 2014) e algoritmos imunes artificiais (SOUZA et al., 2011).

Por outro lado, diferentes metodologias tém sido desenvolvidas considerando as
incertezas associadas a alguns parametros do problema de PESD. Assim, o crescimento da
demanda, a poténcia gerada pelas fontes renovaveis, os precos da energia, entre outros,
sao definidos como parametros estocasticos na maioria dos trabalhos que consideram
incerteza na solugdo do problema de PESD. Entre as técnicas mais usadas para considerar
incerteza no problema de PESD encontram-se as Simulacdes de Monte Carlo (SMC)
(CARRANO et al., 2007; KOUTSOUKIS; GEORGILAKIS; HATZIARGYRIOU, 2014); a geracao
de cenarios (MARTINS; BORGES, 2011) e a otimizagdo avessa ao risco (SAMPER; VARGAS,
2013; BRUNO et al, 2016). Existem também modelos estocasticos de dois estagios
(MONTOYA-BUENO; MUNOZ; CONTRERAS, 2015), e modelos robustos (FRANCO; RIDER;
ROMERO, 2016; DEHGHAN; AMJADY; CONE]O, 2016) apresentados na literatura para

considerar a incerteza no problema de PESD.

Os trabalhos de Georgilakis e Hatziargyriou (2015) e Tabares et al, (2016)
apresentam um resumo detalhado das metodologias propostas para resolver o PESD.
Assim, em seguida apresenta-se um resumo detalhado dos trabalhos mais relevantes

usados para desenvolver o modelo aqui proposto.

O trabalho proposto em Lavorato (2010) resolve o problema de PESDE
considerando como funcao objetivo a minimizacdo dos custos de construcao de
subestagoes e circuitos, custos de operacao e os custos de alocacdao de BCs e RTs. O modelo
proposto leva em consideragdo as restricdes que relacionam as leis de Kirchhoff, limites
operacionais, controle de taps e restricdes de radialidade. Foram desenvolvidas duas
metodologias para resolver o problema: Um algoritmo heuristico construtivo

especializado e um algoritmo branch and bound nao linear.

Em Lavorato et al,, (2012) os autores apresentam um modelo de PNLIM para o
PESDE o qual é resolvido usando técnicas de otimizacao classica. O trabalho foi focado
principalmente na incorporacao de restricdes simples e eficientes para considerar a
radialidade nos SDEEs e mostra as principais alteracoes que devem ser consideradas nos
modelos para casos particulares do problema, como a presenca de varias subestacdes,

unidades de GD e noés de transferéncia de carga.
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Em Franco, Rider e Romero (2014) é resolvido o problema de PESDE considerando
a construcdo e/ou reforco de subestagdes e circuitos, alocacdo de BCs e a topologia radial
do sistema. Os autores propdem um modelo de programagao quadratico e convexo e usam

solvers comercias de otimizagao para resolver o problema garantindo uma solu¢do 6tima.

No trabalho proposto em Munoz-Delgado, Contreras e Arroyo (2015) o problema
de PESDM é resolvido considerando a construcao e/ou reforco de subestagdes e circuitos,
assim como também a instalacao de diferentes alternativas de GD: convencional e edlica.
O objetivo do modelo proposto é a minimizacao dos custos de investimento, operagao,
producdo, perdas e energia ndo suprida, considerando como restricbes os limites
operacionais do sistema, limites de investimento e as condicoes de radialidade. O
problema é formulado como um problema de PLIM e é resolvido via solver de otimizagdo

CPLEX, garantindo otimalidade na solucao.

Os autores em Tabares et al., (2016) propéem um modelo de PNLIM para resolver
o problema de PESDM, o qual é transformado em um modelo de PLIM através de técnicas
de linearizagdo. O modelo considera as ag¢des tradicionais de planejamento como a
construcdo e/ou refor¢o de subestacdes e circuitos em conjunto com a alocacao e
operacao de BCs, unidades de GD e RTs, assim como também a reconfigura¢do do sistema.
As restrigoes de radialidade e nos de transferéncia foram também considerados na
formulagao. O objetivo principal € minimizar os custos totais de investimento e operagao
do sistema durante o horizonte de planejamento, sendo que o modelo foi resolvido
utilizando o solver comercial CPLEX visando obter a solu¢do 6tima do problema. Esse

modelo foi usado como base para a realizagdo do trabalho apresentado neste documento.

No trabalho apresentado em Franco, Rider e Romero, (2016) é proposto um
modelo de programacao conica de segunda ordem inteira mista (PCSOIM) para resolver
o problema de planejamento multi-estagio da expansao de subestacdes. A incerteza na
demanda é considerada através de um modelo robusto que usa restri¢cdes probabilisticas
garantindo que os limites na capacidade das subestacdes sejam satisfeitos com um dado
nivel de confianga. O modelo visa minimizar o custo total esperado do plano de expansao
definido pelos custos fixos de investimentos, custos varidveis de operacdo e perdas de
poténcia e pelo custo esperado da energia ndo suprida relacionado com um custo de

penalizacdo pela energia nao suprida devido a falhas nas subestacdes e nos circuitos.
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2.2 INTEGRACAO DOS VEICULOS ELETRICOS NO PESDM

Neste trabalho, pretende-se estudar o impacto da alocagao e dimensionamento de
ECVEs como parte do problema de PESDM. Nesta subsecdo serdo apresentados os
conceitos basicos relacionados com os VEs e, posteriormente, serdo apresentados os

trabalhos mais relevantes que consideram as ECVEs dentro do problema de PESDM.

2.2.1 Veiculos Elétricos

Os VEs existem desde finais do século XIX, sendo que o primeiro VE apareceu entre
os anos 1834 e 1835. Um veiculo elétrico é qualquer veiculo que usa um motor elétrico
para seu acionamento e que pode ser carregado desde uma fonte de eletricidade externa
tal como uma tomada (SANDALOW, 2009). Existem varios tipos de VEs que podem ser
classificados em veiculos elétricos hibridos (Hybrid Electric Vehicles - HEV), veiculos
elétricos hibridos conectaveis (Plug-in Hybrid Electric Vehicles - PHEVS), e veiculos elétricos
a bateria (Battery Electric Vehicles - BEVs). Cada um dos VEs tem um sistema de
carregamento das baterias diferente. Por exemplo, a bateria do HEV é carregada através
do sistema de frenagem regenerativa e ndo possui conexdo externa a rede. ]Ja as baterias

do PHEV e o BEV sdo carregadas diretamente desde a rede através de uma ECVE.

Como especificado no Capitulo 1, a penetracio de VEs tem se acrescentado
significativamente nos dltimos anos. As principais motivagdes estao relacionadas com a
reducdo da dependéncia aos combustiveis fosseis, reducao das emissdes, economia nos
custos de energia e manuten¢do e suporte de energia em caso de faltas na rede de
distribuicao. Existe atualmente no mercado uma ampla gama de op¢des de VES, porém,
entre os mais difundidos comercialmente encontram-se o Nissan Leaf com baterias de 24,
30 e 40 kWh (AUTOEVOLUTION, 2019; NISSAN, 2019), e o Tesla com baterias de 50, 75 e
até 100 kWh (AUTOEVOLUTION, 2018).

2.2.2 Baterias

Os diferentes tipos de VEs presentes no mercado operam usando baterias
recarregaveis com diferentes capacidades, as quais definem em parte a autonomia dos
VEs. E esperado que quanto maior for a capacidade da bateria, maior sera a autonomia do
VE. No entanto, a bateria é um dos componentes mais caros (representa um tergo do custo

total do VE), tornando-se uma das principais barreiras para a adopc¢ao dos VEs.
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A bateria é um dispositivo que permite o armazenamento de energia. Entre as
principais tecnologias de baterias para VEs encontram-se as de hidreto metalico de niquel
(NiMH), fons de litio (Li-Ion), chumbo acido e sédio-cloreto de niquel (Na/NiCl2), cada
uma com diferentes vantagens, especialmente em relacio ao tempo de duragdo

(MAHMOUDZADEH ANDWARI et al., 2017).

A maioria dos VEs usam baterias de ions de litio. Gracas aos avangos tecnolégicos nos
ultimos anos, tem sido observada uma reducao nos custos das baterias e espera-se que os
custos continuem diminuindo (BERCKMANS et al., 2017). Isso permitiria o uso de baterias
de maior capacidade, resultando automaticamente em um aumento da autonomia dos VEs

e melhorando o panorama para a adopg¢ao dos VEs como principal meio de transporte.

2.2.3 Infraestrutura de Carregamento: Normas e Padroes

Os VEs podem ser carregados através de uma tomada conectada a rede elétrica. O
carregamento pode ser residencial ou comercial de acordo com as necessidades dos

usudrios, sendo necessaria uma infraestrutura apropriada e devidamente planejada.

As técnicas de conexao disponiveis atualmente no mercado sdo a condutiva e a
indutiva. Na conexdo condutiva, a energia é transferida por meio de uma conexao direta
entre o VE e o carregador usando um cabo, através de corrente alternada (CA) ou continua
(CC). Existe a conexao indutiva, conhecida também como conexao sem fio, no entanto, este
tipo de conexao ainda se encontra em fase de desenvolvimento. A conexdo condutiva esta
normatizada pelo Electric Power Research Institute (EPRI) e é fisicamente apta para
satisfazer os requisitos do consumidor e a industria elétrica (BANOL ARIAS, 2015). Este
tipo de conexdao compde-se de diferentes métodos que variam de acordo com a regido. Os
padrdes mais conhecidos para o processo de carregamento de VEs sdo o norte-americano
definido pela International Electrotechnical Commission (IEC), e que tipicamente define os
modos de carregamento, e o padrdo europeu definido pela Society of Automotive Engineers
(SAE), quem define os niveis de carregamento. Existem outros padrdes como o japonés

CHAdeMO que define as normas para o carregamento rapido em CC.
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Os modos de carregamento sdo definidos especificamente pelo padrao IEC 61851:
Electric Vehicle Conductive Charging System (INTERNATIONAL ELECTROTECHNICAL
COMMISSION (IEC) STANDARD, 2010), que basicamente descreve os requerimentos
gerais e os protocolos de seguranca e comunicagio entre o VE, a ECVE e arede (ver Tabela
1). Por outro lado, os niveis de carregamento especificamente sdo definidos pelo padrao
SAE ]J1772: Electric Vehicle and Plug-in Hybrid Electric Vehicle Conductive Charge Coupler
(SOCIETY OF AUTOMOTIVE ENGINEERS (SAE) STANDARD, 2010), que basicamente
descreve os métodos de recarga condutiva para VEs através de CA e CC (ver Tabela 2).
Vale a pena mencionar que esses padrdes foram adotados e adaptados pela Associagdo

Brasileira de Normas Técnicas (ABNT) para o carregamento dos VEs no Brasil.

Tabela 1 — Modos de carregamento definidos pela IEC 61851

Corrente | Faixade | Tempo
Modo | Alimentacéo Descrigdo Fases | méaxima | tensdo |aproximado
[A] [Vl de carga*
1 16 250 6-8 horas
Carga lenta. Carregamento
1 CA residencial em uma tomada
normal.
3 16 480 2-3 horas
Carga lenta. Carregamento 1 32 250 3-4 horas
residencial em uma tomada
2 CA .
normal com alguns equipamentos
de protegdo e seguranca. 3 32 480 1-2 horas
Carga lenta ou répid_a usando 1 32 250 3-4 horas
uma tomada especial com
3 CA capacidade de controle e
protecdo. Ideal para carregamento 8-10
publico, ECVEs. 3 250 690 minutos
Carga rapida usando um 6
4 ccC carregador especial, ideal para 400 600 Minutos
carregamento publico, ECVEs.

Fonte: (INTERNATIONAL ELECTROTECHNICAL COMMISSION (IEC) STANDARD, 2010)
* Tempo de carga para um VE Nissan Leaf com bateria de 24 kwWh.

Os modos de carga 1 e 2 sdo mais generalizados na Europa e permitem um
carregamento normal da bateria usando um modulo de carregamento localizado dentro
do veiculo; esses modos sao muito simples, portanto, sdo o tipo de ligacdo preferencial

para uso doméstico ou no local de trabalho. O modo de carga 3 apresenta restricdes de
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Tabela 2 — Niveis tipicos de carregamento definidos pela SAE J1772

CA CC

Nivel Poténcia Tensao Corrente | Poténcia | Tensdo | Corrente
[kW] [V] [A] [kW] [V] [Al
14 120 12

1 36 200-450 80
1,9 120 16
2,4 240 10
3,8 240 16

2 90 200-450 200
7.7 240 32
19,2 240 80

3 > 19,2 - - 240 200-600 400

Fonte: Adaptado de (UN-NOOR et al., 2017)

infraestruturas ndo muito pesadas ou dispendiosas. Ja o0 modo 4 é desenvolvido para
carregar o VE a um alto nivel de corrente de carga conseguindo carregar por exemplo, um
VE com uma bateria de 100 kWh até um 80%, em aproximadamente 20 minutos,
tornando-se a melhor opc¢ao para aplicagdes comerciais em postos de servico similares
aos postos de gasolina.

E importante mencionar que a poténcia de carga é o parametro com maior
influéncia no impacto na rede. Assim, a demanda dos VEs é refletida no SDEE através do

uso das estacdes de carregamento.

2.2.4 Planejamento integrado da expansdo do SDEE e ECVEs

O problema de PESD tem sido amplamente estudado na literatura usando
diferentes técnicas de solu¢do. Porém, o PESD considerando a integracao dos VEs ainda
precisa ser explorado. Existem na literatura varios trabalhos que estudam a alocacao e
dimensionamento das ECVEs como um problema individual, no entanto, existem poucos
trabalhos que consideram as ECVEs dentro do problema de PESD (HU; SONG, 2012;
ZHENG etal, 2014; YAO etal.,, 2014; NEJADFARD-JAHROMI; RASHIDINE]JAD; ABDOLLAHI,
2015; HUMAYD; BHATTACHARYA, 2017; MENESES DE QUEVEDO; MUNOZ-DELGADO;
CONTRERAS, 2017; WANG et al,, 2018; ZHANG et al., 2018). A seguir serdo apresentados
em detalhe os trabalhos que abordam o problema de PESD considerando a alocacgao e

dimensionamento das ECVEs.
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No trabalho apresentado em Hu e Song (2012) é proposto um modelo de PLIM para
resolver o problema de PESDM levando em consideragdo a alocagao e o dimensionamento
de ECVEs. A funcdo objetivo visa minimizar os custos totais de investimento e operacgao
do SDEE, incluindo os custos de investimento associados as ECVEs. Considera-se dentro
da formulacdo a construcao e/ou reforco de subestacdes, circuitos e ECVEs e as restri¢des
associadas aos limites de operacgao e radialidade. No entanto, os autores consideram a
demanda associada aos VEs como uma carga adicional a demanda convencional

desconsiderando as caracteristicas associadas ao comportamento dos usuarios de VEs.

Em Zheng et al,, (2014) os autores propdem um algoritmo evolutivo para resolver
o problema de alocacao de ECVEs e estagdes de troca de baterias. A formulacao proposta
inclui as restricdes operacionais do SDEE e a funcdo objetivo consiste na maximizac¢do do
beneficio econémico, obtido da diferenca entre os lucros obtidos pela venda de energia e
os custos de reforgo e adaptacdo (correspondentes aos custos de construcao necessarios
para cobrir as deficiéncias do plano de expansao). Dado que a metodologia usada para
resolver o problema é baseada em técnicas meta-heuristicas, a solugao 6tima do problema

ndo é garantida.

Em Yao etal., (2014) os autores apresentam um modelo de planejamento conjunto
do SDEE e ECVEs considerando as condig¢des do trafego. O problema é modelado como um
problema multiobjetivo considerando a minimizacao dos custos de investimento e das
perdas, e a maximizag¢do do servico/uso das ECVEs rapidas e é resolvido através de um
algoritmo evolucionario multiobjectivo. O comportamento estocastico dos usudrios de
VEs e os diferentes modos de carregamento sao desconsiderados. Além disso, o modelo
desconsidera o incremento anual da demanda e o impacto geografico da localizacao das
ECVEs. Assim, visando cobrir essas deficiéncias, os autores em Wang et al, (2018)
apresentam um modelo estocastico multi-estagio para o planejamento integrado de redes
de distribuicao, ECVEs (rapidas e lentas) e estagbes de troca de baterias, incluindo
restricdes associadas a rede de transporte e fluxo do trafego. O problema é modelado
como um problema multiobjetivo considerando os mesmos objetivos propostos no
trabalho anterior. O modelo considera as incertezas associadas a demanda dos VEs sob os
diferentes modos de carregamento modeladas através de funcdes de distribuicdo de
probabilidade para a hora de inicio, SOC inicial, e duracao do tempo de carregamento.

Técnicas meta-heuristicas sdo usadas para resolver o problema as quais tém a
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desvantagem de ndo garantir otimalidade na solucdo obtida. Por outro lado, a operagao

de unidades de GD e BCs é desconsiderada em ambos os trabalhos.

Em Nejadfard-Jahroml, Rashidinejad e Abdollahl, (2015) é desenvolvido um
modelo de otimiza¢do multi-objetivo considerando na fun¢ao objetivo a minimizacdo dos
custos totais de investimento e operacdo ao mesmo tempo em que os indicadores de
confiabilidade sdo maximizados. O problema é formulado como um PNLIM e é usado um
algoritmo genético para resolvé-lo. A metodologia proposta é diferenciada de outras ja
que as ECVEs sao modeladas como fontes de GD, as quais podem injetar poténcia a rede
durante o horario de pico ou durante alguma contingéncia, ou extrair poténcia para
carregar os VEs, através da tecnologia V2G. Nesse contexto, a alocacdo das ECVEs é

influenciada pelos indicadores de confiabilidade associados ao sistema.

Os autores em Humayd e Bhattacharya (2017) propoem modelos de PNLIM para
resolver o problema de PESDM considerando agoes tradicionais de planejamento como a
construcdo e/ou reforco de subestacdes e circuitos em conjunto com a alocagdo e
operacdo de BCs e unidades de GD. Um aspecto interessante nesse trabalho é que os
autores, além de considerar a demanda convencional, também incluem a demanda
associada aos VEs sob as condicoes de carregamento controlado e ndo controlado e
opg¢oes de resposta pelo lado da demanda. Os modelos foram resolvidos usando técnicas
de otimizacdo classica usando os solvers COINBONMIN e SNOPT e foi analisado o impacto
da integracdo dos VEs no plano de expansdao do SDEE. Contudo, nesse trabalho
desconsideram-se as incertezas associadas as demandas e a aloca¢do e dimensionamento

das ECVEs.

Em Meneses de Quevedo, Munoz-Delgado e Contreras (2017) os autores
apresentam um modelo matematico baseado em programacdo estocastica para o
problema de PESDM que considera além dos investimentos tradicionais, investimentos
em fontes renovaveis, baterias e ECVEs. As incertezas associadas as fontes renovaveis e a
demandas sdo tratadas através da geragdo de cenarios. Uma das principais desvantagens
da programacao estocastica é que a complexidade do problema aumenta de acordo com
o numero de cenarios usados. Além disso, este trabalho ndo considera diferentes tipos de

VEs e ECVEs, o que pode ser ndo realista em cendarios praticos.
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Recentemente, em Zhang et al., (2018) os autores propdem um modelo de
programacado conico de segunda ordem para o planejamento de ECVEs rapidas levando
em consideracdo tanto as restricdes da rede elétrica como a rede de transporte. O modelo
define a alocacdo e o dimensionamento das ECVE modelando a operacdo das ECVEs em
detalhe. O modelo considera a qualidade do servigo nas ECVEs, o fluxo do trafego, a
variacdo da demanda dos VEs no tempo. Em termos do problema de PESD, o modelo é

estatico e ndo considera a operagao de unidades de GD nem de BCs.

A principal desvantagem da maioria das metodologias anteriormente expostas € a
desconsideracdo das incertezas associadas as demandas tanto convencionais como dos
VEs. A incerteza deveria ser considerada visando reduzir os riscos e evitar sub ou sobre
investimentos que poderiam ocasionar problemas operacionais. Por outro lado, as
metodologias acima descritas ndo consideram a alocacao de unidades de GD nem BCs, as
quais sdo alternativas que poderiam adiar refor¢os na rede, reduzindo os custos de
investimento. Em relagdo as ECVEs, na maioria das metodologias é considerado somente
um tipo de carregador e somente um tipo de VE é usado para representar a penetracdo

dos VEs no sistema.

Nos préximos capitulos deste trabalho sera apresentado um modelo para o
problema de PESDM considerando alocagao e dimensionamento de ECVEs, considerando
diferentes modos de carregamento e diferentes tipos de VEs, em conjunto com um modelo
robusto que permite representar a natureza incerta das demandas convencionais e dos

VEs.

2.2.5 Planejamento das ECVEs

O problema de alocagdo e dimensionamento de ECVEs tem sido abordado de forma
individual através de diversas técnicas de solu¢do. Modelos de PLIM e PNLIM foram
desenvolvidos em Liu, Wen e Ledwich, (2013) e Neyestani et al.,, (2015) respectivamente,
enquanto técnicas meta-heuristicas tais como algoritmos genéticos (MORADIJOZ et al.,
2013; Amini e Islam (2014) e enxame de particulas (LIU et al., 2012; PASHAJAVID;
GOLKAR, 2013) foram usadas para resolver o problema. Estes trabalhos estdo focados na
solucdo do problema de planejamento das ECVEs sem considerar a expansado da rede. Os
principais trabalhos usados como base para modelar as ECVEs no trabalho proposto neste

documento sao apresentados a seguir.
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Em Liu, Wen e Ledwich, (2013) os autores propuseram uma metodologia de dois
estagios para alocar e dimensionar ECVEs em conjunto com o PESD. No primeiro estagio
sao identificados os lugares 6timos para alocagdo da ECVE de acordo com alguns fatores
ambientais, enquanto no segundo estagio é resolvido um modelo matematico de PNLIM
para otimizar a alocacdo e o dimensionamento das mesmas. A funcdo objetivo visa
minimizar o valor liquido dos custos totais associados as ECVEs incluindo custos de
investimento, operacdo, manutencdo e perdas de energia durante o horizonte de
planejamento. Foram incluidas as restricdes do fluxo de poténcia, limites de tensdo e
corrente, e limites de poténcia reativa. As restricdes associadas as ECVEs tais como
capacidade maxima, poténcia minima e maxima de carregamento, limites de carga
maxima diaria e limites do fator de poténcia de carga minima foram representadas na
modelagem. O processo de otimizacgao foi resolvido através de um algoritmo modificado

primal-dual de pontos interiores.

No trabalho apresentado em Neyestani et al.,, (2015) propde-se um modelo de
PLIM para representar o comportamento das ECVEs levando em consideragdo interagdes
no mercado (mercados de reserva e venda de energia) e as restricdes operacionais do
sistema. A metodologia proposta para resolver o problema é dividida em dois estagios. No
primeiro estagio maximiza-se o lucro obtido pela participacdo da ECVE no mercado de
energia, considerando incertezas associadas ao comportamento dos usudarios de VEs e ao
preco da energia, junto com as restri¢des associadas a operacdo das ECVEs. No segundo
estdgio minimiza-se o custo de alocacdo das ECVEs desde o ponto de vista da ED
considerando as incertezas associadas as fontes de geracdo renovavel, em conjunto com
as restricdes operacionais do SDEE. Assim, nesse trabalho, o problema de alocagdo e

dimensionamento de ECVEs é tratado como um problema de operacao.

Em Mirzaei, Kazemi e Homaee (2015) os autores apresentam um enfoque
probabilistico baseado no método de estimacdo de pontos para alocacdo e
dimensionamento 6timo de ECVEs considerando a incerteza associada aos padroes de
conducdo dos proprietarios dos VEs. Os autores propdem uma metodologia de
coordenacdo de carregamento de VEs visando calcular o beneficio pelo intercambio de
poténcia entre a ECVE e a rede (V2G). Nessa metodologia proposta, o objetivo principal é
maximizar o lucro da ECVE. A funcdo objetivo é composta pelos custos do terreno e

instalacdo, manutencdo, o lucro esperado pela injecdo de poténcia na rede, e, o valor
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esperado da reducdo das perdas pela carga e descarga dos VEs em horarios fora de pico e
pico, respetivamente. Restri¢des associadas as ECVEs tais como numero de ECVEs por
zona e capacidade da ECVE, foram consideradas no modelo. Adicionalmente, sdo
consideradas restricdes probabilisticas para a tensdo e a corrente pelas linhas. O modelo

proposto foi resolvido através de algoritmos genéticos.

Nos trabalhos apresentados previamente, o problema de alocacdo e
dimensionamento das ECVEs é abordado de forma individual, i.e., o problema é resolvido
sem considerar o PESD. No entanto, o fato de considerar o planejamento da expansao em
conjunto com as ECVEs poderia ser 1til, ja que o planejamento adequado da rede poderia
evitar futuros problemas na operagdo do sistema. Assim, o OSD estaria preparado para
lidar com o aumento da demanda associada ao carregamento dos VEs devido a alta

penetracao de VEs.

No seguinte capitulo deste trabalho sera apresentado um modelo para o problema

de PESDM que considera em conjunto, a alocacao e dimensionamento de ECVEs.
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3 PLANEJAMENTO MULTI-ESTAGIO DA
EXPANSAO DO SDEE CONSIDERANDO ECVES

Como foi discutido no Capitulo 2, o objetivo principal da solu¢do do problema de
PESD é satisfazer de forma adequada o crescimento da demanda minimizando os custos
de investimento e operacdo e respeitando um conjunto de restricbes técnicas e
operacionais do sistema. Durante os ultimos anos, a complexidade do planejamento do
SDEE tem aumentado devido a inclusdo de novos elementos nas redes de distribuicdo. Os
VEs, por exemplo, representam novas cargas que devem ser atendidas pelas empresas de
distribuigao, representando novos desafios para os SDEEs. Além disso, o comportamento
estocastico, associado aos diferentes elementos que interatuam com os SDEEs, faz com

que o problema seja ainda mais complexo.

As ECVEs, também conhecidas como Parking Lots ou eletropostos, representam
um novo desafio para o planejamento da expansdo dos SDEEs. Devido a crescente
penetracdo dos VEs, infraestruturas adequadas de carregamento sdo necessarias para
satisfazer os requerimentos de energia das baterias dos VEs e, além disso, para promover
o uso dos VEs como principal meio de transporte, proporcionando um maior nivel de
confianga aos usudrios. Esses requisitos adicionais de energia causados pela integracao
dos VEs nas redes, além das demandas convencionais, devem ser atendidos pelos OSDs,
tendo em conta que a operacdo adequada do sistema deve ser mantida (HU; SONG, 2012;
(LIU; WEN; LEDWICH, 2013; ZHENG et al., 2014). Nesse contexto, o problema de PESDM
deveria também considerar a alocagdo e dimensionamento de ECVEs, as quais

forneceriam a energia requerida pelos VEs.

Dado que o PESDM é naturalmente representado por um modelo de PNLIM, neste
capitulo sera mostrado o modelo original e seguidamente, as linearizacdes necessarias
para obter um modelo de PLIM. Posteriormente, sera apresentado um modelo robusto
para o problema de PESDM visando levar em consideragdo as incertezas associadas a
demanda convencional e dos VEs usando restricdes probabilisticas. E importante
mencionar que os modelos matematicos apresentados neste capitulo foram

desenvolvidos e publicados em (BANOL ARIAS et al., 2018).
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3.1 CONSIDERACOES PARA A MODELAGEM DAS ECVES

Para a inclusdo das ECVEs dentro do problema de PESDM é necessario representar
de forma adequada sua operacado, que esta diretamente relacionada com o processo de
carregamento dos VEs. Entranto, o processo de carregamento dos VEs nas ECVEs é um
problema de operacdo que precisa de informagdes detalhadas relacionadas
principalmente com o comportamento dos usudarios de VEs, por exemplo, horarios de
chegada e saida dos VEs, o estado de carga inicial das baterias, requerimentos minimos
de energia, tempos de carregamento, entre outros. Dado o nivel de detalhe requerido para
representar a operagdao das ECVEs, a formulagdo do carregamento de VEs dentro do
problema de PESDM ¢é altamente complexa. Assim, visando enfrentar esse desafio,
algumas hipoéteses sdo propostas, facilitando o desenvolvimento do modelo matematico
do problema de PESDM, que inclui a alocagao e dimensionamento de ECVEs, como

descrito a seguir:

e Os topicos relacionados a operacdo das ECVEs como, por exemplo, os diferentes
horarios de chegada e/ou saida dos VEs, tempos de espera e/ou tempos de 64cio, e a
coordenacdo do carregamento, sao simplificados, assumindo que a poténcia
correspondente as ECVEs é demandada de forma agregada em um dia tipico, durante
um periodo de tempo especifico. Ou seja, as ECVEs operam de forma similar aos postos
de gasolina convencionais, considerando um horario fixo de atendimento aos usuarios
durante o dia. Esse periodo de tempo é representado dentro da formulagdo pelo
parametro dw®, e corresponde ao nimero de horas de atendimento por dia.

e Assume-se que nado todos os VEs chegam a ECVE ao mesmo tempo e, além disso,
assume-se que, o processo de carregamento dos VEs segue a sequéncia “first come,
first serve”, a qual é uma das politicas adotadas na teoria de filas (ADAN; RESING,
2002). Assim, se um VE chega e todos os carregadores estao sendo usados, entdo o VE
terd de esperar até algum carregador ficar disponivel. Os VEs sdo carregados na sua
ordem de chegada.

e Dado que os VEs possuem diferentes estados de carga (SOC) ao chegar a ECVE que
dependem do tipo de VE, da distancia didria percorrida, e de outros aspectos
relacionados com o comportamento dos proprietarios de VEs, é definido um fator
conjunto para sua representcdo. Esse fator corresponde ao parametro ¢soc,

considerado como o valor médio do SOC da bateria dos VEs no momento em que
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chegam a ECVE para ser carregados. O SOC é usualmente considerado como uma

variavel que segue uma funcdo de distribuicdo de probabilidade Gaussiana.

A formulacdo proposta identifica a solu¢ao 6tima para as ECVEs, i.e., a alocagdo e o
numero minimo de carregadores de cada tipo requeridos para atender a demanda
associada aos VEs em cada estagio, ao longo do horizonte de planejamento. Com o objetivo
de representar o pior caso na operacdo do SDEE, assume-se que os carregadores se
encontram conectados simultaneamente e demandam sua poténcia nominal desde a rede.
As seguintes consideragoes sdo feitas visando formular o modelo matematico para o

problema de PESDM considerando ECVEs:

e Dada uma penetracdo de VEs em cada estagio do horizonte de planejamento, a
alocacao e dimensionamento das ECVEs é proposta pelo operador do SDEE, como foi
considerado em Hu e Song, (2012), Liu, Wen e Ledwich (2013), Zheng et al., (2014) e
Neyestani et al.,, (2015). Esta ideia vem do fato de que os SDEEs devem estar
preparados para satisfazer os requerimentos de carga causados pelo aumento
esperado da demanda associada aos VEs;

e Uma parcela dos VEs é carregada em ECVEs e a outra parcela é carregada nas residéncias,
somando-se esta Ultima a demanda convencional,

e Os VEs podem ser carregados usando dois tipos de carregadores (carregadores rapidos e
carregadores lentos) os quais operam de acordo com os niveis de carregamento descritos na
secédo 2.2.3.

A solucao fornecida pelo modelo indicara além da alocagdo e dimensionamento das
ECVEs, os investimentos que devem ser feitos para atender a demanda, junto com o
correspondente estagio no horizonte de planejamento. A solu¢do 4tima deve minimizar
os custos de investimento e operacao do SDEE, ao mesmo tempo em que as perdas de

energia sejam minimizadas.

3.2  MODELO MATEMATICO

O problema de PESDM pode ser matematicamente modelado como um problema
de PNLIM, o qual é altamente complexo e de dificil solucao. Portanto, devido a
complexidade na solucdo deste tipo de modelos, existem técnicas de linearizacdo que

podem ser usadas para transformar o modelo de PNLIM em um modelo de PLIM. Neste
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capitulo propde-se inicialmente um modelo de PNLIM para o problema de PESDM
baseado no trabalho apresentado em Tabares et al., (2016). Seguidamente, aplicam-se
algumas técnicas de linearizacdo visando obter um modelo de PLIM que represente de
forma adequada e eficiente o problema de PESDM. A solug¢do do modelo matematico

fornecera as seguintes acdes de planejamento:

e Construcdo e/ou reforgo de subestacdes, em que o reforco se refere ao incremento da
capacidade das subestacdes;

e Construcdo e/ou recondutoramento de circuitos, em que o recondutoramento refere-
se a troca do condutor;

e Alocagdo de Bancos de Capacitores (BCs);

e Alocagao de unidades de Geragao Distribuida (GDs);

e Reconfiguragdo da rede;

e Alocacdo e dimensionamento das ECVEs, ou seja, o lugar em que sera construida a

ECVE, e o nimero minimo de carregadores a serem instalados em cada ECVE.

A seguir é apresentado o modelo matematico proposto para o problema de PESDM

considerando alocacao e dimensionamento de ECVEs.

3.2.1 Funcao Objetivo

No problema de PESD o objetivo principal é minimizar os custos totais de
expansdo, os quais envolvem os custos de investimento e operag¢do, assim como o custo
das perdas de energia ao longo do horizonte de planejamento. Dado que neste caso
resolve-se a instancia multi-estagio do problema de PESD, esses custos sdo calculados em
cada um dos estagios em que é dividido o horizonte de planejamento e, sdo levados ao
valor presente liquido através de uma funcao que calcula o valor presente de um custo
anual, que sera descrita mais para frente. Os custos totais de expansdo sao representados

por (1) e os elementos que a compdem sdo descritos como segue:

e C(Custo de construgdo e/ou reforgo de subestacdes (1S,,), (2);

e C(Custo de construgdo e/ou recondutoramento de circuitos (IC,), (3);
e Custo de instalagao de Bancos de Capacitores (I/BC,), (4);

e C(Custo de instalacao de unidades de GDs (IGD,,), (5);

e C(Custo de instalacao de ECVEs (IECV,), (6);
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e C(Custo da energia fornecida pela subestacdo e pelas unidades de GD, o qual inclui o
custo das perdas de energia nos circuitos (CEy), (7);

e (usto de operagdo das subestacgdes (0S,,), (8).

mian(ISu +1C, +1BC, +1GD, + IECV, +CE, +COS, ) 1)

IS, _Zzzcsht XSt YueU (2)
IC Zzzcljabxﬁlgbu ij VU EU (3)

IBC, =Z(c°"x°’D +c" %) vueU  (4)
IGD, Zchgxmgu YueU  (5)
IECV, ZZ( XS, +cendt ) YueU  (6)
CE, =a¢{§ce +ZZCengDGj§(r K) wel ()

YueU (8)

0S,=ag’c” (Zsjujg(f, K)

O conjunto de equagbes apresentados anteriormente é escrito em termos das

seguintes variaveis e parametros:

X Construcado/reforco de subestagdes no no s, usando o tipo de subestagao t e
assumindo o tipo inicial h, no estagio u. (Variavel binaria)

Cohs Custo de construgdo/reforco de subestacoes.

X" Construcao/recondutoramento de circuitos na linha ij, usando o tipo de

cabo b e assumindo o tipo inicial a, no estagio u. (Variavel binaria)

Cia Custo de construgdo/recondutoramento de circuitos.
L. Comprimento do circuito j.
)
x® Instalacdo de BCs no né i, no estagio u. (Variavel binaria)
c® Custo de instalacao de um BC.

ne! Numero de mddulos instalados em cada BC'. (Variavel inteira)
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mod

chi
p.eu

PS

s,u

e
DG

Pm,u

edg

Custo por médulo instalado em cada BC.

Instalagdo de unidades de GD no n6 m, do tipo g, no estagio u. (Variavel
binaria)

Custo de instalacdo de unidades de GD do tipo g.

Instalacdo de ECVEs no né p, no estagio g. (Variavel binaria)

Custo de instalacdo de ECVEs.

Numero de carregadores do tipo e instalados em uma ECVEs. (Variavel
inteira)

Custo por carregador instalado em cada ECVE.

Poténcia ativa fornecida pela subestacao. (Variavel continua)

Custo da energia fornecida pela subestacao.
Poténcia gerada pelas unidades de GD. (Variavel continua)

Custo da energia fornecida pelas unidades de GD.

Numero de horas durante um ano.
Fator de carga.

Fator de perdas.
Custo de operacao das subestacdes.

Quadrado da poténcia aparente suprida pela subestacdo. (Variavel
continua)

A funcdo ¢(7,K) = (1 — (1 + 7)"¥)771 presente nas equagdes (7) e (8), é usada

para calcular o valor presente liquido de um custo anualizado com uma duragdo de K anos

e uma taxa de juros .

O conjunto U representa cada um dos estagios em que é divido o horizonte de

planejamento.

3.2.2

Restricoes

No modelo proposto sdo considerados quatro tipos de restrigoes:

o Restrigcdes fundamentais dos SDEEs que representam as leis de Kirchhoff,

consideradas no fluxo de poténcia;

e Restrigdes operacionais do sistema como sdo limites de tensdo, capacidade de

corrente nos alimentadores, operacao dos BCs e das fontes de GD;

e Restri¢des logicas que permitem a coordenagdo entre os investimentos e a operacao

do sistema;
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e Restri¢des associadas a alocacdo e dimensionamento das ECVEs.

3.2.2.1 Restrigbes fundamentais dos SDEEs
As equacoes (9)-(12) correspondem as leis de Kirchhoff e representam a operacao

de SDEE radiais (GONCALVES, 2013).

ZZ kj,a,u ZZ( lJau+RaI|JI|12au)

S DG D cho pch
+R, + X BT, =R+ TR

;Zij,a,u_ZZ(Qij,au_'_Xaluluzau)
J a 1
bCOQCb+Qlu+Zngu_ iu

VieN VueU (9)

VieN vYueU (10)
ijuluzau = Pljzau +Qij,a,u v” elLvueU (11)

Vi,zu _ij,u _Z[(ZRaPij,au +X Quau) +Za||12||12aui|

(V -V )Z(l yuau VijelL vueU (12)

As equacoes (9) e (10) representam o balango de poténcia ativa e reativa e

asseguram que todas as demandas do sistema sejam atendidas, i.e., a primeira lei de
Kirchhoff. A equagao (11) calcula a magnitude da corrente através do circuito ij e a
equacdo (12) define a queda de tensdo através do circuito ij em termos do estado de

conexao representado pela variavel binaria (yfjlz +), 0s fluxos de poténcia ativa e reativa

(Pij.au € Qijau) € 0 quadrado da corrente (Iizj,a,u)' Estas variaveis sdo diferentes de zero

se e somente se, é escolhido o condutor do tipo a, ou seja yf]‘fw igual a 1. Assim, (11) e

(12) representam a segunda lei de Kirchhoff para cada lago fundamental.

A demanda associada aos VEs encontra-se no lado direito da equacgao (9) e €
representada como o produto da poténcia ativa nominal de cada tipo de carregador (Pf")

e o numero de carregadores operando em cada ECVE (nf’ef‘a

O conjunto de equagodes acima apresentado usa, além dos ja descritos, os seguintes

parametros e variaveis:

pP Demanda de poténcia ativa no no i.
ILu

QD Demanda de poténcia reativa no né i.
IL,u

Resisténcia por comprimento do condutor tipo a.

o)

QD
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xa Reatancia por comprimento do condutor tipo a.

Z, Impedancia por comprimento do condutor tipo a.

nfff’ Numero de médulos operando em cada BC. (Variavel inteira)
cb Poténcia reativa de cada mddulo do BC.

Poténcia reativa suprida pela unidade de GD. (Variavel continua)

«
=

Limite minimo de tensao.

||<,_Q,Q
3

\% Limite maximo de tensao.
iju Quadrado da tensao no no i. (Variavel continua)
Os conjuntos N e L representam o conjunto dos nds e das linhas do SDEE,
respetivamente.

3.2.2.2 Restrigoes operacionais

As restricoes (13) e (14) representam os limites de poténcia aparente dos
transformadores da subestacdo. A poténcia aparente total suprida pela subestacido
depende do quadrado da poténcia ativa e reativa, Py, e Qs,,, respetivamente. Além disso,
possui um limite maximo de geracdo escrito em termos da variavel de operacdo da
subesta¢do com o correspondente tipo de investimento ¢, (yé’,ﬁ%) e da sua poténcia maxima
(S;). O limite de tensdo é definido por (15) enquanto (16) e (17), definem o limite de
corrente em termos da capacidade do condutor e do estado de operagao do circuito

(representado pelas variaveis bindrias auxiliares yi‘;u e ¥ij, que indicam a direcdo do

fluxo de poténcia pelo circuito ij), respetivamente.

2 5\2 s \2 vseSE,vueU  (13)
si= (P + (@)
SSZ’u < Z St2 y:if’u VseSE,vueU  (14)
t
VZSViZU <\V? VieN,vueU (15)
0< IiJ?,a,u < Ezyﬁi,;,u VijeL,VacAvueU (16)
0<12,, ST, + i) vijeL VacAvueU  (17)

Além das restricdes anteriores, existe outro conjunto de restricdes necessario para

definir os limites operacionais das subesta¢des e dos circuitos. Assim, o conjunto de
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equacgoes (18)—(21) limita o fluxo de poténcia ativa e reativa pelos circuitos que conectam

uma subestacao, se e somente se, a subestacao é construida.

Rj]a’ug\ﬁaZZym’u VijeL,VaeAvVueU/ieSE (18)
h t

P, S\EZZV?,U:M VijeL,VaecAvueU/jeSE (19)
h t

Qij’a'u g\ﬁazz yiS:L#,)t,u vVijeL,VaeAVYueU/ieSE (20)
h t

Qjas SV_IaZZyi“ﬁ,t,u VijeL,VaeAvueU/jeSE (21)
t

h

Por outro lado, o conjunto de equagdes (22)—(24) define os limites do fluxo de
poténcia ativa e reativa no circuito ij, dependendo do seu estado de operagdo (variaveis
y;;-,u, Yiju) enquanto (25) e (26) definem os limites do fluxo de poténcia ativa e reativa em

termos da capacidade do condutor (FRANCO; RIDER; ROMERO, 2014).

P au < _Iayi;u VijeL,VaeA,vueU (22)
Pau z_\/Tay”ju VijeL,VaeA,vueU (23)
Q| SVIL (Vi + Vi) vijeL,VaeA,vueU  (24)
P ou| SVILYES, VieN,vueU (25)
Qi 00| VLY, VijeL,VacAVuelU (26)

Nas equacgdes descritas nesta subsec¢do, SE representa o conjunto dos nés da

subestacdo, e A representa o conjunto de alternativas para os tipos de condutores.

3.2.2.3 Restrigdes operacionais das unidades de GD

O conjunto de restricoes (27)—(32) permite coordenar a operacao das unidades de
GD baseados no trabalho desenvolvido por Franco, Rider e Romero (2015). Assim, (27) e
(28) definem os limites minimos e maximos de poténcia ativa e reativa gerada pelas
unidades de GD, respectivamente. A poténcia ativa é limitada pela poténcia aparente de

cadatipog (Sé)G) e a correspondente variavel de alocagao, enquanto o limite de poténcia

reativa depende da poténcia ativa gerada (P,Q_%_u) e do fator de poténcia (db;g ) da unidade

de GD. A restricdo (29) permite a alocacao de somente um tipo de GD em cada n6 do
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sistema, enquanto (30) estabelece que uma unidade de GD possa ser alocada somente
uma vez durante o horizonte de planejamento. A restri¢do (31) permite alocar somente
uma unidade de GD em cada né e finalmente (32) limita a quantidade de demanda que
pode ser atendida pelas unidades de DG, de acordo com a porcentagem de penetracao

(%%9).

0<Prg, <S5 X YmeM,vgeG Yuel (27)

Qe| < PYe tg(cos™ ¢ VmeM,vgeG VueU (28)

ZXmgu— vmeM,VueU (29)
VmeM,vgeG VYueU (30)

mgu —megk

szmgu = YmeM (31)

DG d D
zzpmgug%gzpi,u YueU (32)

O conjunto M representa o conjunto dos nés disponiveis para alocacdo de unidades

de GD e o conjunto G representa os tipos de GD.

3.2.2.4 Restrigbes operacionais dos BCs

A modelagem dos BCs é baseada no trabalho apresentado em Franco et al.,, (2013)
considerando-se a utilizacao de bancos de capacitores fixos, em que todos os médulos de
um mesmo BC possuem a mesma capacidade. Assim, (33) permite a instalagdo de um
modulo se e somente se, a decisao de alocar um BC ja foi realizada no estagio atual ou em
estagios prévios, de acordo com o nimero maximo de moédulos permitidos em cada BC
(N). Por outro lado, (34) limita o nimero de médulos em operacdo em um no, de acordo
com o numero de moédulos instalados. A restricdo (35) estabelece que a alocacdo de um
BC possa ser feita somente uma vez ao longo do horizonte de planejamento enquanto (36)
indica que existe uma quantidade maxima de BCs (N) que podem ser alocados em todo o

sistema.

VieNBC,VueU (33)

VieNBC,VueU (34)
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Yxh <1 ¥ieNBC (35)

I <M (36)

u

3.2.2.5 Restrigoes da operagdo radial dos SDEE

As restrigoes (37)-(38), em conjunto com (9) e (10), garantem a operagao radial
do sistema (LAVORATO et al., 2012). Este conjunto de equagdes considera a presenca de
nos de transferéncia os quais sdo usados para representar nés sem gera¢do ou demanda
e que normalmente conectam um n6 de demanda com outros nos (TABARES et al., 2016).
Os nos de transferéncia sdo representados pela variavel binaria 0, ,, igual a 1 se o no é
usado como n6 de transferéncia, ou zero em caso contrario. Nesse conjunto de equagdes

NT representa o conjunto de nos de transferéncia.

> (%5 Yo ) =INI-ISEL- ¥ @-p,,) el (37)
ij jeNT

D (Viu+ Vi )+ 2 (Viw + Vi) 2 205, VieNT, vueU /P2 =0vQ° =0 (38)
ij ji

y§u+YﬁuSSOju VijeL/ jeNT,VueU (39)
y}riu+yj_iu£goju VjieL/jeNT, VueU (40)

3.2.2.6 Restrigoes ldgicas associadas as subestagoes

O conjunto de restri¢cdes (41)—(45) permite a coordenagdo entre os investimentos
e a operacao das subestacdes ao longo do horizonte de planejamento. A variavel binaria
xss,’,‘ft,u representa a op¢ao de construir e/ou refor¢ar uma subestacao usando o tipo ¢,
desde um tipo inicial h. Neste tipo de formulacgao os tipos de subestacdes estdo ordenados
ascendentemente, de acordo com a capacidade de poténcia e os custos de investimento.

Assim, somente sdo permitidas transi¢des nas quais t é maior do que h.

sub

2.2 X <1 VseSE,VueU (41)

;X:'u“b"'“ <1 VseSE,VheT VteT (42)

u-1
X SO+ Xk VseSE,VheT vteT,Vuel (43)

k=1 r
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u
Voru SO+ X VseSE,VteT VYueU (44)
k=1 h

sub
Z Yot < VseSE,VueU (45)

Nas restricdes apresentadas acima, (41) habilita somente um tipo investimento
por estagio, enquanto (42) garante que um investimento especifico em uma subestagdo
(desde h para t) seja feito somente uma vez durante o horizonte de planejamento. A
restricdo (43) estabelece que o reforco de uma subestagdo usando o tipo inicial h possa
ser feito se, e somente se, esse tipo foi usado para construir e/ou reforgar a subestacao
em estagios anteriores. O parametro bindrio Gi’ﬁb representa o estado inicial da
subestacdo ao comeco do horizonte de planejamento, o qual é 1 se a subestacdo estava
construida e, zero em caso contrario. Finalmente (44) garante que a operacdo da
subestacdo seja realizada somente se o correspondente investimento foi feito, enquanto

(45) permite a operagdo da subestagdo usando somente um tipo de investimento em cada

estagio. T representa o conjunto de alternativas de investimento nas subestagdes.

3.2.2.7 Restrigées ldgicas associadas aos circuitos

As restrigdes (46)—(50) permitem a coordenagdo entre os investimentos e a
operacdo dos circuitos ao longo do horizonte de planejamento. Este conjunto de restri¢des
segue a mesma estrutura légica das restricdes associadas a coordenacdo em
investimentos e operagdo das subestagdes. Os tipos de investimento correspondem ao
conjunto de capacidades disponiveis para construir e/ou reforgar os circuitos. Assim, a
construc¢do e/ou recondutoramento de um circuito usando o tipo b a partir do tipo inicial

a, é representado pela variavel binéria x;jy 5, Os tipos de circuitos estdo ordenados

ascendentemente, de acordo com a capacidade de corrente e os custos de investimento.
Assim, somente sdo permitidas transi¢oes nas quais b € maior do que a. A operacao de um

circuito usando tipo b é representada pela variavel binaria y;;"} ,,, € o parametro bindrio

Hfjlz representa o estado inicial do circuito no comego do horizonte de planejamento, o

qual é 1 se o circuito estava construido e, zero no caso contrario. Por ultimo, (51) é
incluida dentro do modelo visando melhorar seu desempenho como apresentado em

Franco et al., (2013).
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zzxw VijeL,vueU (46)

|Jabu -

Zx“f VijeL,vacAvbe A (47)

uabu -

mr cir cir
uabu —9|Ja+zzxucak

k=1 ¢

cir cir cir
yl]bu _eljb +szuabu

k=1 a

Zy.‘?”ugl VijeL,vueU (50)
b

VijeL,vaesAVvbe A,YueU (48)

VijeL,vbe AvueU (49)

ij.b,

z y.?[)u — YJU + yJu Vlj S L,VU eU (51)
b

Nas equagdes apresentadas acima, A representa o conjunto de alternativas de

investimento nos circuitos.

3.2.2.8 Modelagem matemdtica das ECVEs

O conjunto de equagdes (52)—(56) usado para modelar as ECVEs foi desenvolvido
de acordo com os supostos apresentados na Sec¢do 3.1. Arestricdo (52) garante a alocacao
de uma ECVS em um né do SDEE somente uma vez durante o horizonte de planejamento,

enquanto (53) permite a instalacdo de carregadores considerando um nimero maximo
de carregadores (fp) somente se a ECVE ja foi alocada. A restricao (54) limita o nimero
de carregadores operando em cada estagio do horizonte de planejamento de forma tal

que ndo excedam o numero de carregadores que ja foram instalados.

p,u —

X8, <1 VpeP (52)

VpeP,vueU (53)

u VpeP,veeE vueU (54)

A equacao (55) relaciona o numero de VEs do tipo v que precisam ser carregados
(NEZ) com o nimero de VEs que sdo atribuidos a diferentes tipos de carregadores (ng5, ,,
A equacao (55) esta escrita em termos do valor médio do nimero de VEs de cada tipo que
precisam ser carregados em cada estagio (NEZ), do desvio padrao do numero de VEs
(o41), e do fator de robustez ¢ (¢) que corresponde a area sob a curva de distribuigdo
normal para um nivel de confianca especificado 1 — €. Dessa forma, (55) considera o

comportamento estocastico associado a penetracdao de VEs em cada estagio. Por outro
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lado, deve ser mencionado que para os casos em que ojy, é igual a cero, (55) é
transformada automaticamente em uma equacdo deterministica, escrita somente em
termos do numero de VEs do tipo v que precisam ser carregados em cada estagio.
Finalmente, a restricdo (56) estabelece que a energia que pode ser suprida pelos
carregadores durante seu tempo de operacao dw, deveria satisfazer a energia requerida
pelos VEs. A restri¢do (56) esta escrita em termos da poténcia nominal do carregador de
tipo e (P"), a energia requerida por um VE de tipo v (E;*?), e a diferenga entre o maximo

SOC do VE (¢%%*) e o fator que representa o SOC dos VEs na hora da chegada na ECVE
(¢s0c) -

Znevu N +d(e)oy, vweV,vueU (55)

zpch peho dWcs>Znequreq( soc ¢soc) Vee E,VueU (56)

e p.e,u
p
P, E e V representam os conjuntos de nds onde podem ser instaladas ECVEs, tipos

de carregadores e tipos de VEs, respetivamente.

Vale a pena mencionar que os VEs sdao considerados como cargas, ou que significa
que as baterias somente podem ser carregadas e ndo estao habilitadas para fornecer
poténcia a rede. Isso resulta em um consumo de poténcia refletido no lado direito da
equacao de balanco de poténcia ativa (9). Deste modo, o conjunto de equagdes e restricoes
(1)—(56) corresponde a um modelo de PNLIM para o problema de PESDM considerando
as ECVEs.

3.2.3 Transformac¢ao do modelo original em um modelo de PLIM

O modelo anteriormente proposto corresponde a um modelo PNLIM devido a
presenca de variaveis quadraticas e produtos entre variaveis. Note-se que na fung¢do
. . e 2 ~
objetivo, representada por (8), aparece a variavel S5, e que nas equagdes (9)—(17)
aparecem as variaveis I iau € Vl-,zu. Através de uma troca de variaveis é possivel obter uma
representacao linear das equagdes (8)—(17) como proposto em Gongalves et al., (2013).
Assim, as variaveis originais S2,,, If; , ,, € V3, sdo substituidas pelas novas variaveis Ss,, ,

sqr sqr . . . ~
Iijqau e Vl.g , respetivamente, dando como resultado o seguinte conjunto de equagdes:



3.2 MODELO MATEMATICO 53
0S,=a¢ CVS(ZSS‘”j {(7.K)
vueU (57)
ZZ kj,a,u ZZ( |Jau+RaI|j||iqaru)
+F’ii+ZP.“;Gu =R+ 2R
VieN vYueU (58)
ZZQH'&,U _ZZ(Qij,au + Xalu Ijqe:u)
ki a ij a
+n|b(L:JOQCb+Q|u+ZQ|gu= i,u
VieN vueU (59)
Vjsﬁrlquar u F)Ijza u Qij?,a,u Vlj el YueU (60)
'\/ii?r _Vjs,ﬂr_Z[(ZRa |Jau+x Quau) +Zalqurlljau:|
< \72_\/2 cir -
( - )Za:( Visa) VijeLvueU (61)
2
S = (Ps) (C§u> VseSE,VueU (62)
sr 2.,sub
Seu SZS Ystu VseSE,VueU (63)
Vi<V <v? VieN,vueU (64)
0< 130, <Ly, VijeL,vacAvueU (65)
0<Iihe <2 (Viu + Vi) VijeL,vacAvueU (66)

No entanto, depois do processo de troca de variaveis, é possivel observar que (60)

ainda apresenta nao linearidades em ambos os lados da equagao. Assim, o lado esquerdo

~ J& T . =7 sqar A
da equacao é linearizado trocando a variavel V]g pelo parametro V % que representa uma

tensdo estimada no no i, de acordo com o apresentado em Tabares et al., (2016). O lado

direto da equacdo foi linearizado a partir da técnica de linearizacdo por partes

apresentada em (GONCALVES, 2013). Assim, a fungao f(p, p,I') representa a linearizacao

por partes do quadrado da variavel p, escrita em termos do seu valor maximo p e o

numero de intervalos de discretizacdo I', como apresentado detalhadamente no Apéndice

A. Logo, a equacgdo (67) é uma equacdo linear para o calculo da magnitude de tensao.

VLS, = (PR, VL. T)+ £(Q,, VI,.T) VijeL,vueu

jouij,au

(67)
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Desse mesmo modo, note-se que (62) é uma equagdo nao linear devido as variaveis

quadraticas (Psfu)z e (qu)z. Assim, ambas as variaveis sdo linearizadas usando a fungao
f(p,p,T) apresentada no Apéndice C. Logo, (68) é uma equacao linear que permite

calcular a poténcia aparente suprida pela subestacao,

S = D] f(R5.S,. D+1(QS,.S5,.1) ] VseSE,vueU (68)
t

Finalmente, o modelo proposto para o problema de PESDM considerando ECVEs
corresponde a um modelo de PLIM que pode ser resolvido através de técnicas de
otimizacao classica para as quais existem softwares eficientes que garantem otimalidade
e/ou fornecem medidas de distancia a solu¢do 6tima. Assim, o modelo deterministico de
PLIM para o problema de PESDM considerando ECVEs é representado pelo conjunto de
equagoes e restricoes (1)—(7), (18)—(59), (61), (63)—(68).

Dado que um dos objetivos deste trabalho é apresentar uma formulacao robusta
para o problema, no préximo capitulo serao apresentados alguns conceitos basicos sobre
programacdo estocastica e apresenta-se um modelo robusto que permite considerar a
natureza incerta da demanda convencional e dos VEs através da aplicacdo de restrigdes

probabilisticas, desenvolvidas para definir a capacidade das subestagoes.
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4 MODELAGEM ROBUSTA PARA O PESDM
CONSIDERANDO ECVES

Como foi discutido no Capitulo 1, é importante considerar as incertezas associadas
as demandas tanto convencionais como dos VEs no planejamento da expansao e operacao
do SDEE ja que pode acontecer que as redes ndo estejam suficientemente dimensionadas
para atender a demanda, arriscando a qualidade do servigo e provocando multas para as
concessiondarias. Assim, com o objetivo de cobrir essas questdes, neste capitulo é
desenvolvida e apresentada uma modelagem robusta para o problema de PESDM
considerando ECVEs, a fim de obter planos de expansao mais eficientes e confiaveis, e
melhor adaptados as condig¢des reais dos SDEEs. O modelo matematico apresentado neste

capitulo foi desenvolvido e publicado em Banol Arias et al., (2018).
41  CONSIDERACAO DA INCERTEZA

A maioria dos problemas de programag¢do matematica incorporam parametros que
se supdem ser conhecidos e constantes no momento de resolver o problema. Porém, se o
problema de otimizac¢do é o resultado da representacdo através de um modelo de uma
situacdo real na que se deve tomar uma decisdo, € comum que os valores de alguns
parametros sejam desconhecidos. Assim, esse desconhecimento leva a tomada de
decisdes em que ndo sao avaliadas as possiveis consequéncias das mesmas. Estes tipos de
problemas sdao comumente resolvidos através da otimizacdo sob incertezas, a qual
comecou a ser desenvolvida no ano de 1955 com os trabalhos de Dantzing e Beale
(DANTZIG, 1955; BEALE, 1955), como uma extensao da programacao linear. A otmizacao
sob incertezas analisa a solu¢do de problemas onde alguns dos parametros sao
desconhecidos e se define como a solucdo de problemas de programag¢do matematica em

que alguns ou todos os parametros sio variaveis aleatérias (PREKOPA, 1995).

Entre os métodos usados para resolver problemas de otimiza¢do considerando
incertezas encontram-se a programacdo estocastica e a otimizacdo robusta, ambas as
duas com diversas vantagens e desvantagens que podem ser utilizadas de acordo com a
natureza do problema. A programacdo estocastica tem como objetivo fornecer uma

solucdo factivel para todas, ou quase todas as realizagdes da incerteza. Esta trabalha sob



Capitulo 4. MODELAGEM ROBUSTA PARA O PESDM CONSIDERANDO ECVES 56

o suposto de que as distribui¢des de probabilidade das variaveis incertas sdo conhecidas
ou podem ser calculadas adequadamente e pode ser formulada através da geracdo de
cendrios, gestdao do risco e/ou modelos avessos ao risco, programacao dinamica
estocastica e restricdes probabilisticas conhecidas na literatura como chance-constraints.
Por outro lado, a otimizacdo robusta tem como objetivo fornecer uma solucdo que seja
factivel para qualquer realizacdo da incerteza considerada dentro de um conjunto
previamente estabelecido e ndo é permitido nenhum tipo de violacdo das restricdes. Uma
das vantagens da otimizag¢do robusta é que as distribui¢des de probabilidade das variaveis

incertas nao precisam ser conhecidas (ALEM; MORABITO, 2015).

Ambas metodologias podem ser aplicadas dependendo das informagdes

disponiveis e dos requisitos na solucao final (OLIVEIRA, 2013).

No contexto do problema de PESDM, muitos dos parametros e variaveis associadas
ao problema possuem caracteristicas de natureza incerta. O problema de PESDM esta
sujeito principalmente ao comportamento estocastico das demandas futuras do sistema
durante o horizonte de planejamento. Desta forma, a taxa de crescimento da demanda,
assim como também a penetragdo dos VEs, sio de natureza incerta e influenciam
fortemente nas decisdes de expansdo do SDEE. Portanto, se as incertezas associadas as
demandas de energia tanto convencional como dos VEs nao sdo consideradas na solu¢do
do problema do PESDM, pode acontecer o superdimensionamento do sistema, deixando
custos desnecessarios para os OSDs ou pelo contrario, que o plano de investimento nao
seja suficientemente robusto para atender todas as demandas, resultando em energia ndo
suprida no sistema e incorrendo em custos de multas para os OSDs pelo ndo atendimento

das demandas.

Dada a natureza estocastica das demandas futuras do sistema durante o horizonte
de planejamento, neste trabalho é usado um método de otimizacdo estocastica baseado
em restricdes probabilisticas para lidar com as incertezas associadas a demanda,
garantindo o cumprimento da capacidade das subestagdes com um nivel de confianca

especificado.

4.1.1 Programacao com restri¢ées probabilisticas: Conceitos gerais

A programacao com restri¢gdes probabilisticas é um tipo de otimizagao estocastica

que permite incorporar aleatoriedade em um modelo matematico através de medigoes
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probabilisticas sobre restri¢cdes incertas (CHARNES; COOPER, 1963). Essas restri¢des sdao
satisfeitas apenas em uma determinada proporg¢ao das vezes, ou seja, sao satisfeitas com

uma probabilidade especifica.

As restricdes probabilisticas (RPs) representam uma importante ferramenta
quando em algumas realizacoes de incertezas, alguns objetivos impostos pelo tomador de
decisO0es ndo podem ser atendidos. Assim, uma decisdo é considerada admissivel se ela
satisfaz as restrigdes com probabilidade igual ou maior que um grau de confiabilidade

determinado definido pelo tomador de decisdes.

A formulagdo matematica tipica das RPs serd apresentada nesta subsecdo seguindo
um exemplo ilustrativo desenvolvido previamente em Franco, Rider e Romero (2016).
Suponha-se o0 modelo de programacao linear genérico representado por (69)-(70), onde
x é uma variavel de decisao e (4, b, c) sdo valores numéricos correspondentes as entradas

do problema.

minc’ x (69)

Subjectto: Ax<b (70)

Se A tem coeficientes aleatdrios tal que suas linhas seguem uma funcdo de
distribuicdo de probabilidade normal com média igual a 4;, e uma matriz de covarianza
N, (Ai = N(/L-,Z 1)) logo, o0 modelo de programacao linear pode ser reformulado para
considerar restricdes probabilisticas como mostrado em (71)-(72) de acordo com o
apresentado em Ben-Tal, El Ghaoui e Nemirovski (2009).

minc' x (71)

subjectto: P{Ax<b}>1-¢ (72)

A principal diferenca entre ambos os modelos é que em (71)-(72) as restricdes sao
modeladas como restrigdes probabilisticas, ou seja, as restricdes devem ser satisfeitas
com uma probabilidade preestabelecida definida pelo parametro robusto &. Nesse

contexto, a solucdo desse problema é € confidvel se e somente se (72) é satisfeita.

Assim, assumindo que ndo existe correlacdo entre as filas da matriz 4, (72) pode

ser reescrita como mostrado em (73), sendo que (73) representa um conjunto de
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restrigdes ndo convexas que podem ser transformadas em restri¢cdes conicas de segunda
ordem sob algunas condi¢des especificas. Nesse contexto, (74) representa o conjunto de
restricoes conicas de segunda ordem se e somente se ¢(¢) >0 e € > 1/2, como

demonstrado em Ben-Tal, El Ghaoui e Nemirovski (2009).
P{A'x<h}>1-¢ Vi=1..,Rango(A) (73)

A'x+ ()X D x < Vi=1,..,Rango(A) (74)

A funcio ¢ (&) representa o valor Z padronizado correspondente a area sob a curva

de distribuicdo normal para o percentil 1 — ¢. Pequenos valores de € resultam em grandes
valores de ¢(¢), fazendo com que (74) seja mais dificil de satisfazer. O termo ¢(&)/xT X x

pode ser interpretado como um termo de risco, em que /xT ), x corresponde ao desvio
padrao enquanto A corresponde ao valor médio, como definido em Ben-Tal, El Ghaoui e

Nemirovski (2009).

Existem dois tipos de RPs: As RPs individuais e as RPs conjuntas. A diferenca entre
estes dois tipos é principalmente que as RPs individuais se estabelecem uma por vez,
sendo que cada uma representa um objetivo diferente. Nas restrigdes conjuntas existe um
tipo de atendimento simultaneo, ou seja, o conjunto agrupado de restri¢des individuais
representa um Unico objetivo. Estas Gltimas sdo mais dificeis de resolver em termos de

custo computacional.

A aplicagdo desta metodologia é pouco usada devido a alta complexidade
computacional, pois nem sempre é garantida a convexidade das restricdes. No entanto,
existem casos particulares (como o caso do exemplo ilustrativo composto pelas equagdes
(69)—(74)) para os quais a convexidade é garantida (BERTOCCHI; CONSIGLI; DEMPSTER,
2011).

Partindo dos conceitos apresentados acima, é incluido um novo conjunto de
equacdes dentro da formulacdo proposta para o problema de PESDM considerando
alocacdo e dimensionamento de ECVEs. Restricoes probabilisticas para a capacidade da

subestacdo sdo propostas visando lidar com o comportamento estocastico das demandas.
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4.1.2 Restri¢cdes probabilisticas para a capacidade da subestacio

Arestricao (75) é uma RP que considera o comportamento estocastico da demanda
convencional e dos VEs. Esta restricio garante o cumprimento da capacidade da
subestacdo com um determinado nivel de confianca e esta escrita em termos da poténcia
aparente estocastica suprida pela subestac¢ado (§s,u), a capacidade maxima da subestacdo
(S,) e as variaveis de investimento (ys,tu). Assim, (75) garante que a capacidade da
subestacdo seja satisfeita considerando uma probabilidade relacionada ao parametro de

robustez ¢.

Prob{SNS’u SZS_tyjfif’u}zl—g VseSE,vueU (75)
t

Como mencionado na subsec¢do 4.1.1, a RP (75) é naturalmente uma restricao nao
convexa. Assim, dado que um dos objetivos deste trabalho é desenvolver um modelo de
PLIM para o problema de PESDM considerando ECVEs, é necessario transformar (75) em
uma restricdo linear (76) que corresponde ao equivalente linear deterministico, como é
proposto em Charnes e Cooper (1963). Assim, (76) é escrita em termos do valor médio
(Ss.) e do desvio padrio (oy,,) da poténcia aparente suprida pela subestagdo, sempre
que S;, siga uma fun¢io de distribui¢do de probabilidade normal. Além disso, ¢(¢)
representa o valor Z padronizado correspondente a area sob a curva de distribuicdo

normal para o percentil 1 — «.

C b
Ss,u + ¢(8)O-s,u < Z St y:utu VseSE,vueU (76)
t

Além da dificuldade da RP definida por (75) ser uma expressao nao convexa,
problema que pode ser abordado através de um equivalente linear deterministico
Charnes e Cooper (1963), ainda foram identificadas outras dificultades durante o
desenvolvimento das RPs para a capacidade da subestacdo. A seguir serdo descritas as

principais dificuldades junto com as solu¢des propostas para lidar com elas.

4.1.2.1 Relagdo entre os pard@metros incertos e a poténcia aparente das subestagoes
Apébs encontrar uma expressao linear para a RP (75) dada por (76), é necessario

procurar uma expressdao que relacione a demanda incerta com a poténcia aparente
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suprida pelas subestac¢oes, visando obter seu valor médio e seu desvio padrado. No entanto,
dado que ndo existe uma relacao explicita entre a demanda de poténcia ativa e a poténcia

aparente da subestacdo e além disso, devido a relagdo ndo linear entre a poténcia ativa,

. : . / 2 2 ,
reativa e aparente mostrada em (13) e equivalente a S;,, = Psfu + Q;":u , 0 calculo do

valor médio e do desvio padrao de S~s,u é altamente complexo.

Para lidar com essas limitagdes, propde-se calcular esses valores estimando a
poténcia ativa suprida pela subestacdo e assumindo um fator de poténcia (d)pf) que
permite representar a poténcia reativa suprida pela mesma. Assim, usando (58) como
base, a poténcia ativa suprida pela subestacdo pode ser expressa em termos da demanda

incerta (Pfu), a demanda dos VEs representada pelo nimero de carregadores (n-Ch"

Leu

instalados em cada ECVE e a correspondente poténcia nominal (P"), a poténcia injetada
pelas unidades de GD e as perdas de poténcia, como é mostrado em (77). Note-se, que em
(77) aparece também o termo %P!°55, o qual representa as perdas de poténcia ativa.
Assim, assume-se que as perdas de poténcia ativa correspondem a uma porcentagem da

poténcia ativa total suprida pela subestagao.

YA LAY Y
S — 1 e

9 VseSE,vueU (77)
s,u
¢pf

4.1.2.2 Identificacdo dos nés de demanda atendidos por cada subestagdo

Dado que no problema de planejamento ndo é conhecido a priori quais nos de
demanda serdo atentidos por cada subestagao e, além disso, dado que o modelo proposto
considera a possibilidade de reconfigurar a rede de um estagio para outro, existe a
necessidade de identificar a demanda total atribuida a cada subestacdo em cada estagio
de planejamento. Para isso foi necessario adicionar uma nova variavel binaria a)*;ll‘z que
indica se o no6 i esta ligado a subestacdo s. Esta variavel é obtida usando (78) e (79), as

quais vém da formulacao analitica que encontra o caminho mais curto através de um grafo

radial entre cada né e sua fonte correspondente (LOPEZ et al., 2016).

Considerando uma demanda artificial em cada n6 dada pelo parametro binario

fi%w que éiguala1seademandanond i (Pi’?u) é diferente de zero, e é igual a zero no caso
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contrario, (78) representa um balanco de fluxos artificias através dos circuitos do sistema.
Avariavel continua f;; ; ,, representa o fluxo artificial que identifica o caminho a montante
de cada né i e sua correspondente fonte k (neste caso k representa a subestacdo). Além
disso, f;; k. estarelacionado com as variaveis de operagao dos circuitos y;;-’u ey atraves

de (79).
b D H
Z fi _Z ficu + oo, =0, VieN,vkeN,vueU (78)
ji ij

+ - ij D 79
| fij,k,u |§ yij,u + yij,u VijeL,vkeN vueU /R, >0 (79)

4.1.2.3 Cdlculo do valor médio e do desvio padrdo da poténcia aparente
Seguindo as propriedades da distribuicdo normal e assumindo que as demandas
sdo variaveis normais independentes, o valor médio da poténcia aparente é obtido de (77)

usando os valores médios das demandas (Pfu) como é mostrado em (80).

sub loss D cho pch DG
o | L+ %P""*)PP + Y ne p_N"p Vs e SE
S _Z S,i,u iu ; ieu e ; i,g,u vk e N (80)
su ¢ YueU
pf

Por outro lado, a variancia da poténcia aparente mostrada em (81) é também

obtida de (77), considerando que, para uma fung¢ao de distribuicao normal, a variancia da

A . . 2
poténcia aparente (02, ) corresponde a soma das variancias das demandas (¢,)".

2
1+% P
ol = Q Zgi'ijzw;ﬁ?u VvseSE,vueU (81)

s,u ¢pf I

Lembrando que a restricdo probabilistica (76) esta escrita em termos do valor
médio da poténcia aparente e em termos do seu desvio padrao, é possivel observar que o
valor médio pode ser calculado usando (80); entretanto, a equagcdao quadratica (81)
representa o calculo da variancia e ndo do desvio padrdo. Assim, aproveitando que a
varidncia corresponde ao quadrado do desvio padrdo, este pode ser obtido através da

linearizagao da equacdo (81).
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Nesse contexto, para linearizar o lado esquerdo da equagdo (81) propde-se uma
adaptacdo da fungio de linearizagdo por partes f(p, p, I'), dado que esta funciona somente
para os casos em que se precisa do valor quadrado da variavel de interesse. Neste caso,
precisa-se da raiz quadrada da variavel de interesse. Assim, a nova linearizacdo baseia-se
na conhecida linearizacdo por partes acrescentando varidveis bindrias junto com novas
restricdes na formulagdo original como detalhado a seguir. Essas variaveis binarias sao
necessarias para ativar cada bloco (parte) de forma sequencial e ordenada desde o valor

minimo até o valor aproximado da variavel de interesse.

A linearizagdo proposta calcula a raiz quadrada da variavel ¢Z,, limitada pelo
intervalo [0, 5], onde & representa o maximo desvio padrio. Se o intervalo é particionado
em I blocos, o conjunto de particées Q = {0,6/T',25/T, ...,5} deve ser definido tal que
cada bloco deveria ter um comprimento de & /T. Considerando que A7, ,, é uma variavel
continua positiva que define o valor do n-th bloco na particao Q, junto com a variavel
binaria Wy, que define qual bloco do conjunto esta ativo, a aproximagdo linear por

partes de o5, € dada pelo seguinte conjunto de equagdes (77)-(83).

0SS 2 Vs e SE,VueU (82)
i m:%uAa — (1+%PI ) O_D 2 _sub
=1

s,y,u ¢pf - iu a)s,i,u
S, VseSE,vueU (83)
O-S,U = ZAS,}/,U
=1
W SWY VseSE,vueU (84)
R AR Vyelly<T
C r VseSE,vueU (85
(FIT)Y W, <o, s(a/r)(uzwgu,yj S < ueu  (85)
y=1 y=1
(GIT)w,, <A7,, VseSE,vueU, (86)
A S(GIT)W, VseSE,vueU, (87)
Vyelly>1
A7 <(GIT) VseSE,vueU, (88)

Vyelly=1
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A equacao (82) representa uma aproximacgdo linear da varianca, escrita em termos
da declividade do y — ésimo bloco (m,,) e do valor da y — ésima variavel auxiliar da
discretizacao por partes de g, definida como A¢, ,,. O desvio padrao € calculado através
do sumatorio da variavel AZ, ,, como apresentado em (83), enquanto (84) permite que o
conjunto de blocos seja ativado de forma sequencial. Os limites minimo e maximo de g ,,
sao definidos em (85), enquanto os limites minimo e maximo de Af, ,, sdo definidos por

(86)-(88).

Assim, o modelo de PLIM representado pelas equagdes (1)—(7), (18)—(59), (61),
(63)—(68), (76), (78)—(80), (82)—(88), é uma formulagdo robusta para o problema de
PESDM e a alocagdo e dimensionamento de ECVEs, o qual considera o comportamento
estocastico das demandas convencionais e dos VEs. O modelo proposto pode ser resolvido
usando técnicas de otimizacdo classica visando encontrar a solu¢cdo 6tima que garanta o

cumprimento da capacidade da subestagdo com um nivel de robustez definido.
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5 TESTES E RESULTADOS

Neste capitulo sdo apresentados os sistemas teste usados para avaliar o
desempenho dos modelos matematicos propostos para resolver o problema de PESDM
considerando alocagdo e dimensionamento de ECVEs e os resultados correspondentes. Os

resultados apresentados neste capitulo foram publicados em Banol Arias et al., (2018).

Os modelos matematicos propostos foram implementados na linguagem de
modelamento matematica AMPL (FOURER; GAY; KERNIGHAN, 2003) e resolvidos via
CPLEX (“CPLEX Optimization subroutine library guide and reference”, 2008). Os testes
foram feitos usando um PC com processador Intel core i5-4200 M, CPU 2.50 GHz, 6 GB de
Memoria RAM e sistema operacional Windows 10 de 64 bits. Foram utilizados dois
sistemas teste: Um de 18 nés adaptado do trabalho apresentado em (GONEN; RAMIREZ-
ROSADO, 1986), e um de 54 nés adaptado dos trabalhos apresentados em Lavorato et al.,
(2010) e Miranda, Ranito e Proenca, (1994) que serdao explicados em detalhe nas
préximas subsecdes.

Nos dois sistemas consideram-se um horizonte de planejamento de 15 anos,
dividido em trés estagios com uma duracao individual de cinco anos cada. A magnitude
da tensdo minima é igual a 0,95 pu. O custo das perdas de energia é 0,1 US$/kWh, o fator
de perdas ¢, é igual a 0,4; a taxa de juros anual é de 10% de acordo com os valores usados
em Tabares et al., (2016). Os custos de operacao das subestacdes foram desconsiderados

nos testes realizados, i.e., c¢{ igual a zero.

Somente foi considerado um tipo de geracao distribuida nos testes realizados com

uma capacidade (S;G) igual a 3000 kVA, fator de poténcia (qbgg) igual a 0,95 e um custo

de investimento (cgdg) igual aUS$2200/KkVA. A alocagido de BCs no SDEE é limitada. Assim
o niimero maximo de BCs que podem ser alocados no sistema (M) é igual a seis, cada um
com no maximo quatro médulos (N). O custo de alocagdo do BC (c“?) é igual a US$1000 e

o custo por médulo (c™°%) igual a US$900, com uma poténcia reativa especifica (Q<?) de

300 kVAr.

Os resultados do plano de expansao do SDEE serao analisados considerando um

enfoque deterministico e um enfoque robusto. Assim, o modelo proposto sera avaliado
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primeiramente usando valores deterministicos para as demandas, i.e., considerando o
correspondente desvio padrdo igual a zero. Seguidamente, as incertezas futuras

associadas as demandas serdo levadas em consideracdo através da formulagdo robusta.
5.1  PARAMETROS DOS VES E DAS ECVES

Nos testes realizados foram considerados dois tipos de veiculos para representar
a populacao de VEs: Veiculos da marca Tesla e Nissan Leaf com capacidades de bateria
iguais a 50 kWh e 25 kWh, respectivamente. De acordo com o apresentado na sec¢do 3.1,
foi assumido um fator conjunto ¢, igual a 0,5, que corresponde ao valor médio do SOC
inicial dos VEs segundo a fungao de distribui¢ao de probabilidade apresentada em Quiros-
Tortos, Ochoa e Lees (2016).

O nivel de penetracdo dos VEs, ou seja, a porcentagem de usudrios de VEs, foi definido
como 2%, 11% e 30% para cada estagio do horizonte de planejamento, segundo as
informacgdes apresentadas em Frade etal., (2012). Dado que o carregamento dos VEs pode
ser feito em zonas residenciais ou em ECVEs publicas, foi assumido que o 20% dos
usuarios de VEs carregam seus VEs em casa, enquanto o 80% restante carrega seus VEs
via ECVEs publicas. Essas porcentagens foram escolhidas aleatoriamente seguindo o

proéprio critério do autor.

O custo de instalagdo de uma ECVE foi definido como ¢ = $500, incluindo 10%
de custo de operacdo da mesma segundo o apresentado em Cole, (2014). Foi assumido
um tempo de operagdo das ECVEs igual a 12 horas por dia. As ECVEs estardo equipadas
com dois tipos de carregadores. Assim, carregadores de nivel 2 (comumente conhecidos
como carregadores lentos ou slow charger - SC) e carregadores de nivel 3 (comumente
conhecidos como carregadores rapidos ou fast charger - FC), foram considerados nos
testes. A Tabela 3 apresenta os parametros associados aos tipos de carregadores,

baseados nas informacgoes apresentadas em Cole (2014 e Tesla Motors (2016).

Tabela 3 — Caracteristicas dos carregadores das ECVEs.

Custo Poténcia

Tipo (US$10%) (kW)
Lentos - SC 9 10
Répidos - FC 60 50

Fonte: Proprio autor
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Figura 4 — Topologia inicial do sistema teste de 18 nds.

Fonte: (BANOL ARIAS et al., 2018)

5.2  SISTEMA TESTE DE 18 NOS.

O sistema teste de 18 nds possui quatro subestacdes, 14 nds de carga e 26 circuitos
operando a uma tensao nominal de 20 kV. A topologia inicial do sistema é mostrada na
Figura 4. O sistema possui inicialmente duas subesta¢des de tipo um, construidas nos nos
15 e 16 no comego do horizonte de planejamento. As subestacdes construidas estdo
representadas por quadros pretos e os circuitos construidos estdo representados por
linhas continuas, enquanto as subestagdes e os circuitos para expansao sdo representados
por linhas tracejadas. Os dados das cargas e das linhas do sistema teste encontram-se no

Apéndice A.

Dois tipos de alternativas foram considerados para a construcao e/ou reforgo das
subesta¢des com capacidades de 8 MVA e 12 MVA. Da mesma forma, existem dois tipos
de condutores para a construcdo e/ou recondutoramento dos circuitos cujos parametros
sdo descritos na Tabela 4, de acordo com as informacgdes apresentadas em (TABARES et
al., 2016). Os custos de construgao e reforgo das subestagdes e circuitos sdo mostrados na
Tabela 5. Para este sistema, o conjunto de nds candidatos para alocagdo de GD esta
conformado pelos nés: {1,3,7,8,9,10,11,12}, considerando um limite de penetracdo de GD

(%%9) de 35% da demanda total do sistema. Além disso, o conjunto de nés candidatos
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Tabela 4 — Tipos de alternativas para 0s circuitos.

Ra Xa I_a

Tipo (Q/km)  (©/km) (A)
1 0,614 0,399 197,00
2 0,307 0,380 314,00

Fonte: Préprio autor

Tabela 5 — Custos de construgdo e/ou reforgo de subestacdes e circuitos (US$103).

Tipo final Tipo final
subestacdo circuito
Tipo inicial 1 2 1 2
0 (N&o construido) 1000 1800 25 35
1 - 800 - 30

Fonte: (BANOL ARIAS et al., 2018)

para a alocacao das ECVEs é composto pelos nés {3,8,9,10,11}. Esses n6s devem possuir
caracteristicas adequadas relacionadas ao espaco, servico e disponibilidade para os
moradores proximos, conforme mencionado em (TAYLOR et al., 2009). Por outro lado,
assumindo que cada n6 do sistema de distribui¢cdo atende uma quantidade especifica de
residéncias e que existe ao menos um VE por residéncia, 210, 1688, e 5521 VEs sdo
carregados nas ECVEs durante os trés estagios do horizonte de planejamento,
respectivamente. Além disso, para os testes de carregamento somente residencial foram
considerados carregadores domésticos de nivel 1 e 2, com poténcia nominal igual a

3,6 KW e 10 kW, respetivamente.

5.2.1 PESDM considerando ECVEs: Analise deterministica

Nesta subsecdo apresentam-se os resultados para o problema de PESDM
considerando alocagdo e dimensionamento de ECVE sendo analisado desde um enfoque

deterministico. A analise é realizada através da avaliagao de dois cenarios possiveis:

e (Caso A: PESDM sem ECVEs. Neste caso é assumido que todos os VEs sao carregados
nas residéncias seguindo o modo de carregamento 2 (ver se¢do 2.2.3). Além disso, é
assumido que esses VEs sdo carregados na hora pico, visando representar o pior caso

para a operacao do SDEE.
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e (Caso B: PESDM com ECVEs. Neste caso é assumido que o carregamento dos VEs é
dividido em duas parcelas, em que uma parcela é carregada em casa (sendo realizado
na hora pico, mesmo que no caso anterior) e outra parcela é carregada em ECVEs
publicas. Nesse contexto, o problema de PESDM ¢é resolvido considerando alocagao e

dimensionamento de ECVEs.

Os resultados dos custos totais do plano de expansdo para cada caso sdo
apresentados na Tabela 6. Nessa tabela pode ser observado que a consideragdo das ECVEs
como meio para suprir energia aos VEs causa um impacto positivo sobre o SDEE. Quando
a demanda associada aos VEs é distribuida em cada n6 do SDEE (Caso A), a demanda
convencional aumenta provocando a realiza¢do de investimentos adicionais para atender
toda a demanda. E por este motivo que o Caso A apresenta custo maior em subestacdes,
circuitos e unidades de GD, assim como também no custo da energia suprida pelas

subestagdes e as unidades de GD durante todo o horizonte de planejamento.

No caso B, onde a demanda associada aos VEs é concentrada em alguns nés do
SDEE (i.e., carregamento de VEs em ECVEs), os custos de investimento do plano de
expansao sao reduzidos em 3,12% aproximadamente, causando um impacto positivo para
o SDEE quando comparado com o caso A. Os planos de expansao para ambos os casos sao

mostrados na Figura 5 e na Figura 6.

Dado que o modelo proposto considera a reconfiguracdo da rede, a Figura 5 e a
Figura 6 mostram a topologia em operacdo da rede de distribuicdo. Note-se que sem
ECVEs (Figura 5), foram construidas duas subestagdes nos nés 17 e 18 no estagio trés do
horizonte de planejamento. Além disso, a maioria dos circuitos foram construidos com os
condutores de maior capacidade (linhas verdes representam os condutores de tipo 1 e as

azuis os de tipo 2).

No caso B, quando as ECVEs sao consideradas, a topologia da rede é diferente.
Somente a subestacao do né 17 foi construida no estagio trés, e diferentes circuitos foram
construidos e/ou recondutorados usando a maioria das vezes, condutores de menor

capacidade como mostrado na Figura 6.
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Tabela 6 — Custos totais do plano de expansdo (US$10%): Analise deterministica.

Tipo de custo Caso A | CasoB
IS 1006,46 | 385,54
IC 397,74 355,32
IBC 21,74 23,39
IGD 7462,42 | 5766,03
IECV 0 2324,73
CES 55686,72 | 49163,03
CEGD 114247 | 9155,88
Custo total 75999,78 | 67173,92

Fonte: (BANOL ARIAS et al., 2018)

Figura 5 — Plano de expanséo para o Caso A.

15

10
14
8MVA
8MVA \?

Estagio 1 Estagio 2 Estaglo 3
- Subestagdo Subestagao para Banco de @ Unidade de GD = ) Estacéo de —— Condutor tipo 1
construida -  expanséo capacitores = cargade VEs —— Condutor tipo 2

Figura 6 — Plano de expanséo para o Caso B.

Estagio 1 Estagio 2 Estagio 3
Subestagdo ;3 Subestagdo para Banco de @ . —~—“ Estagdo de —— Condutor tipo 1
L construida =  expansdo capacitores Unidade de GD ©_ cargade VEs —— Condutor tipo 2

Fonte: (BANOL ARIAS et al., 2018)
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Além disso, a aloca¢do das unidades de GD (representada pelo circulo azul) e os
BCs (representado pelos pontos laranja) também foram diferentes quando as ECVEs sao
consideradas no planejamento da expansdo. No caso B somente trés unidades de GD
foram instaladas no estdgio trés, enquanto no Caso A cinco unidades de GD foram

requeridas no mesmo estagio.

As ECVEs (representadas pelos carros verdes) foram principalmente alocadas nos
nos proximos as unidades de GD e os BCs, na tentativa de manter uma operac¢do adequada
do SDEE. Por exemplo, uma ECVE foi alocada no no trés junto com uma unidade de GD no

estagio um, e outra ECVE junto com um BC foi alocada no n6 11 no estagio trés.

As informacdes relacionadas com as ECVEs sdo mostradas na Tabela 7. No caso B
foram requeridas um total de quatro ECVEs e 277 carregadores, equipadas com 47 FCs e
230 SCs para atender a demanda de poténcia dos VEs durante o horizonte de

planejamento.

Outro ponto importante foi que em ambos os casos, alguns circuitos foram

desconectados visando manter a operagao radial do SDEE.

Tabela 7 — Namero de ECVEs e carregadores: Anélise deterministica.

Estagio 1 2 3
N6 FC SC|FC SC|FC sC
3 2 9 |14 7 |23 187
8 - -7 1] - -
14 - - - -1 3
15 - - - - - 23
Total 2 9121 8 |24 213

Fonte: (BANOL ARIAS et al., 2018)

5.2.2 PESDM considerando ECVEs: Analise robusta

Nesta subsecdao apresentam-se os resultados para o problema de PESDM
considerando alocacdo e dimensionamento de ECVEs, analisado desde um enfoque
robusto. A andlise é realizada através da extensdo do Caso B apresentado na subsecao
anterior, com a diferenca de que para este caso, as demandas convencionais e o nidmero
de VEs sdo considerados parametros estocasticos. Assim o problema é resolvido usando

a formulacdo robusta proposta na se¢do 4.1.2.
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e (Caso C: PESDM com ECVEs. Da mesma forma que para o Caso B, é assumido que o
carregamento dos VEs é dividido em duas parcelas, em que a primeira é carregada nas
residéncias (sendo realizado na hora pico, mesmo que no caso anterior) e a segunda é
carregada em ECVEs publicas. Porém, neste caso, é considerado que as demandas

convencionais e o nimero de VEs sdo desconhecidos (incertos).

Para a realizacdo desta analise foi assumido que as demandas convencionais e o
numero de VEs seguem uma distribui¢do normal. Os valores médios das demandas
convencionais correspondem aos valores de demanda relacionados nos dados do sistema
teste (ver Apéndice A), enquanto os valores médios do nimero de VEs sdo os mesmos
apresentados na Secdo 5.2. Além disso, foi assumido um desvio padrdo de 15% dos
valores médios correspondentes a demanda convencional e o nimero de VEs presentes

no sistema.

O parametro robusto usado nas restricdes probabilisticas para a capacidade da
subestacido e a estimagdo do numero de VEs foi igual a 5%. Assim o valor de ¢ (¢) é igual
a 1,645. Este valor garante o cumprimento da restri¢cdo da capacidade da subestacao com
um 95% de probabilidade. Do mesmo modo, este parametro também cobre 95% da area

abaixo da curva de distribui¢do normal para a penetracao dos VEs.

Os resultados dos custos de investimento do plano de expansdo para o Caso B e o
Caso C sao apresentados na Tabela 8. Nesta tabela sdo incluidos novamente os resultados
do Caso B visando fazer uma analise comparativa entre o enfoque deterministico e o

enfoque robusto.

Na Tabela 8 pode ser observado que o custo total do plano de expansao
considerando um enfoque robusto é maior do que o custo total do plano de expansao do
enfoque deterministico em aproximadamente 4%. O principal motivo dessde aumento
deve-se aos investimentos adicionais requeridos para garantir uma capacidade suficiente

nas subestacoes, levando em consideragdo a natureza incerta das demandas.

A Figura 7 mostra os planos de expansdo em cada estagio para o caso C. Note que
duas novas subestacdoes foram construidas durante o horizonte de planejamento. As
subestacoes 17 e 18 foram construidas nos estagios dois e trés, respectivamente. Em

comparacao com o Caso B, deve-se ressaltar que uma subestacdo adicional foi requerida,
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Tabela 8 — Custos totais do plano de expansdo (US$10%): Analise robusta.

Tipo de custo Caso B Caso C
IS 385,54 | 1006,46
IC 355,32 339,11
IBC 23,39 24,22
IGD 5766,03 | 5766,03
IECV 2324,73 | 2875,22
CES 49163,03 | 50170,36
CEGD 9155,88 | 9155,88
Custo total 67173,92 | 69337,28

Fonte: (BANOL ARIAS et al., 2018)

Figura 7 — Plano de expansédo Caso C.

15

Estagio 1

visando evitar possiveis sobrecargas relacionadas ao crescimento de demanda, o qual
pode ser maior do que o esperado. Note-se também que os investimentos nos circuitos e
a topologia da rede de distribuicao foram diferentes quando comparados com o Caso B.

Assim, circuitos de maior capacidade (tipo 2) foram usados principalmente para conectar

as ECVEs.

A alocagdo das unidades de GD e dos BCs ao longo do horizonte de planejamento
foi diferente também se comparado com o Caso B. Apesar do nimero de unidades de GDs
ser igual em ambos os casos, a alocacdo é diferente. No caso B, trés unidades de GD foram

usadas e alocadas nos noés 3, 7 e 10, enquanto no caso C foram usadas e alocadas nos nos

Fonte: (BANOL ARIAS et al., 2018)

©o®

(o))

Estagio 2

1,7 e 10, no ultimo estagio de planejamento.

Estagio 3
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Tabela 9 — Nimero de ECVEs e carregadores: Analise robusta.

Estagio 1 2 3
N6 FC SC|FC SC|FC sC
3 - -1 6 - - 52
8 3 8|2 -]16 41
14 - - - - | 3 214
15 - - 120 1|2 6
Total 3 8 (28 1|21 313

Fonte: (BANOL ARIAS et al., 2018)

As informacdes relacionadas com a alocagdo e o dimensionamento das ECVEs sdo
apresentadas na Tabela 9. Note que no Caso C foram requeridas um total de quatro ECVEs
e 374 carregadores, equipadas com 52 FCs e 322 SCs para atender a demanda de poténcia
dos VEs durante o horizonte de planejamento. Assim como no Caso B, a maioria das ECVEs

foram alocadas em nés préximos a fontes de energia e BCs.

Os resultados mostram que os planos de expansao para os enfoques deterministico
e robusto (Caso B e C, respectivamente) foram diferentes em termos dos custos de
investimento nas subestagdes, circuitos, BCs e ECVEs. Esses custos foram acrescentados

visando fornecer uma solug¢do suficientemente robusta para o problema de PESDM.

Em todos os casos os resultados mostraram mudancas na topologia da rede, no
recondutoramento de circuitos e na constru¢do de novas subestagdes. Esses
investimentos foram realizados visando atender os requisitos de poténcia tanto da

demanda convencional como da demanda associada aos VEs.

Na Tabela 10 apresenta-se o tempo computacional necessario para encontrar a
solug¢do em cada um dos casos simulados junto com o Gap de otimilidade, que é uma
medicdo comumente usada na solugdao de modelos matematicos para indicar a qualidade

da solucdo encontrada em comparag¢do com a solugdo 6tima do problema.

Tabela 10 — Resumo dos tempos computacionais.

C Tempo de processamento Gap de otimalidade
aso
(s) (%)
A 4071,19 0
B 30522,0 0,05
C 31602,2 0,03

Fonte: Proprio autor
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5.2.2.1 Simulagoes de Monte Carlo

Nesta subsecdo apresentam-se os resultados obtidos apds a aplicagdo da técnica
de simulacdes de Monte Carlo (SMC) com o objetivo de avaliar a robustez da formulagao
proposta neste trabalho (enfoque robusto). A SMC é uma técnica tradicional que permite
a construc¢do de uma fungao de distribuicao através da geracao de parametros de entrada
aleatorios (SANKARAKRISHNAN; BILLINTON, 1995). A robustez da formulacdo proposta
¢ avaliada através do calculo do cumprimento da equacgao (55), desenvolvida para as
ECVEs, e da restricdo probabilistica (75), desenvolvida para a capacidade da subestacao.
Essa condicdo é representada através de uma taxa de falhas que indica em forma de
porcentagem, o ndmero de vezes em que cada restricdo foi infringida ap6s um

determinado numero de SMC.

As SMC para calcular a taxa de falhas da capacidade das subestacdes e das ECVEs

foram realizadas seguindo o processo heuristico descrito a seguir:

1) Definir os pardmetros de entrada: Niumero total de SMC, fungdo de distribuicdo
de probabilidade para a demanda convencional e o niimero de VEs;

2) Inicializar em zero os contadores de cumprimento da capacidade da subestagdo
(cont_S) e da capacidade das ECVESs (cont_ECVE);

3) Fixar a solugdo do modelo matemdtico obtida para cada Caso (B ou C), ou seja,
investimentos em subestagdes, circuitos, BCs, unidades de GD, estagbes de
carregamento de VEs e topologia da rede;

4) Gerar um valor aleatdrio de demanda para cada né do sistema e para o niimero
de VEs presentes no sistema, sequindo a fungdo de distribui¢cdo de probabilidade
definida no passo 1;

5) Resolver o modelo matemdtico para obter as varidveis de operacdo P>, e Qs e

calcular o valor de S3,, através da equagdo (13) e para obter o valor da varidvel

VE 1.
Cm,u ’,

6) Verificar se o valor de S3,, calculado no passo anterior satisfaz a restricdo (14),

cujo equivalente probabilistico corresponde a restricdo (75). Se (14) é satisfeita,

! Como a equagdo (55) é uma expressio de igualdade, foi necessario adicionar no lado esquerdo da equagio,
um termo de corte de VEs (CE)) que indica quantos VEs ficam desatendidos em cada simulagdo. Se C}E, é
igual a zero, significa que as ECVEs foram suficientes para atender a demanda dos VEs. No entanto, se CyZ,
é diferente de zero, significa que as ECVEs ndo foram suficientes, e alguns VEs ndo conseguiram ser
atentidos.
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o cont_S é igual a zero, caso contrdrio o cont_S é igual a 1. Por outro lado, se C,‘ffu
é igual a zero o cont_ECVE é igual a zero. Porém, se C,‘,’fu é diferente de zero, o
cont_ECVE é igual a 1. Ambos os contadores devem ser acumulados em cada
iteragdo das SMC;

7) Voltar ao passo 4 e repetir até atingir o niimero madximo de SMC;

8) Calcular a taxa de falhas para a capacidade da subestagdo através da equagdo:
100* cont_S/# de SMC, e para a capacidade das ECVEs através da equagdo: 100*
cont_ECVE/# de SMC.

As SMC foram realizadas levando em consideracdo a distribuicio normal da
demanda estocastica e do nimero de VEs. Assim, dado que a distribuicdo normal precisa
dos valores médios e do desvio padrao de cada uma das variaveis, os valores médios das
demandas convencionais foram assumidos como os valores nominais de demanda
relacionados nos dados do sistema teste (ver Apéndice A). Os valores médios do nlimero
de VEs foram assumidos como os valores nominais apresentados na Seg¢do 5.2. Alem disso,
o desvio padrdo foi assumido como um 15% dos valores médios correspondentes a

demanda convencional e do nimero de VEs presentes no sistema.

A Tabela 11 mostra a taxa de falhas da capacidade da subesta¢do para os casos B e
C em cada estagio do horizonte de planejamento. Os resultados obtidos apés 1000 SMC
mostraram que o enfoque deterministico (Caso B) apresenta o pior desempenho com
violagdes nas capacidades da subestacdao maiores que 10%. O pior caso corresponde a
subestacdo do n6é 16 onde a violacdao é maior que 65% no estagio dois. Assim, apesar do
plano de expansao do Caso C ser mais caro, a taxa de falhas da capacidade da subestagao

€ mantida dentro do limite definido pelo parametro robusto, i.e.,, menor que 5%.

A Tabela 12 mostra a taxa de falhas das ECVEs para os casos B e C em cada estagio
do horizonte de planejamento. Note-se que novamente o Caso B apresenta o pior
desempenho com taxas de falha nas ECVEs maiores que 35% em todos os estagios do
horizonte de planejamento. O Caso C pelo contrario, mostra taxas de falhas menores que

1,5% mantendo-se dentro do limite definido pelo parametro robusto, i.e., menor que 5%.
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Tabela 11 — Taxa de falhas na capacidade das subestagdes (%).

Estégio 1 Estégio 2 Estégio 3
Subestacao 15 16 17 18|15 16 17 18| 15 16 17 18
Caso B 00 02 - -39 679 - - (438 366 04 -
Caso C o0 14 - ~-]00 00 02 -1]00 26 22 10

Fonte: (BANOL ARIAS et al., 2018a)

Tabela 12 — Taxa de falhas das ECVESs (%).

Estégio 1 2 3
Caso B 36,9 47,8 49,1
Caso C 0,5 1,2 1.4

Fonte: Préprio autor

5.3  SISTEMA TESTE DE 54 NOS

Nesta se¢do apresentam-se os resultados para o sistema teste de 54 noés, visando
verificar a escalabilidade do modelo proposto. Consideram-se os mesmos cenarios
descritos nas se¢des 5.2.1 e 5.2.2 para o sistema de 18 nos. O sistema teste de 54 nos
possui quatro subestacoes, 50 nds de carga e 61 circuitos operando a uma tensao nominal
de 15 kV. A topologia inicial do sistema é mostrada na Figura 8. O sistema possui
inicialmente duas subestacdes de tipo um, construidas nos nés 51 e 52 no comego do
horizonte de planejamento. As subestac¢des e linhas construidas e por construir seguem o
mesmo esquema de representacdo do sistema de 18 nés apresentado na secdo anterior.
Os dados das cargas e das linhas do sistema teste encontram-se no Apéndice B deste

trabalho.

Dois tipos de alternativas foram considerados para a construcao e/ou reforgo das
subestagdes com capacidades de 22 MVA e 32 MVA, e um tipo de condutor foi considerado
para a construcao e/ou recondutoramento dos circuitos cujos parametros sdo descritos
na Tabela 13. Os custos de construgao e refor¢o das subestagées e circuitos sdo mostrados

na Tabela 14.

Para este sistema, o conjunto de nds candidatos para alocacdo de GD é definido pelos nos:
{5,7,8,10,12,13,15,16,17,19,20,23,24,26,27,29,31,32,34,35,37,39,40,42,43,45,46,49,50},
considerando um limite de penetragdo de GD (%%9) de 35% da demanda total do sistema.

Além disso, o conjunto de nés candidatos para a alocagao das ECVEs é composto pelos nos
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Figura 8 — Topologia inicial do sistema teste de 54 nds.

Fonte: Préprio autor

Tabela 13 — Tipos de alternativas para os circuitos.

Ra xa I_a
Tipo (€2/km) (€2/km) (A
1 0,0966 0,1140 600,00

Fonte: Prépio autor

Tabela 14 — Custos de construcio e/ou reforco de subestacdes e circuitos (US$103).

Tipo final Tipo
subestacdo final
Tipo inicial 1 2 1
0 (N&o construido) 1000 2500 90
1 - 1300 -

Fonte: Préprio autor

{13,20,22,26,29,32,33,39,42,50}. O numero de VEs que devem ser carregados em ECVEs
corresponde a 278, 2084, e 7128 durante os trés estagios do horizonte de planejamento,
respectivamente, considerando somente um tipo de VE e a mesma base de calculo

apresentada na se¢do 5.2.
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Tabela 15 — Custos totais do plano de expansio (US$10%): Analise deterministica.

Tipo de custo Caso A Caso B
IS 3503,62 | 1000,00
IC 6507,71 | 6538,55
IBC 25,86 20,39
IGD 18160,5 | 10166,03
IECV 0 3348,01
CES 71483,09 | 53231,52
CEGD 12770,85 | 8852,22
Custo total 112451,63 | 83156,72

Fonte: Proprio autor

5.3.1 PESDM considerando ECVEs: Analise deterministica

Os resultados dos custos totais do plano de expansdo para cada caso sao
apresentados na Tabela 15. Novamente pode ser observado que a consideragdo das ECVEs
como meio para suprir a energia aos VEs causa um impacto positivo sobre o SDEE. Quando
a demanda associada aos VEs é distribuida em cada n6 do SDEE (Caso A), a demanda
convencional aumenta provocando a realizacio de investimentos adicionais. E por este
motivo que o Caso A apresenta custo maior em subestagdes, circuitos e unidades de GD,
assim como também no custo da energia suprida pelas subestacdes e as unidades de GD

durante todo o horizonte de planejamento.

No caso B, onde a demanda associada aos VEs é concentrada em alguns nés do
SDEE, os custos de investimento do plano de expansdo sdo reduzidos em 26%
aproximadamente, o qual demonstra a grande vantagem de considerar ECVEs para

atender a demanda de energia dos VEs.

Os planos de expansdao para ambos os casos sdo mostrados na Figura 9,
correspondendo a topologia em operacao do sistema dado que o modelo proposto
considera reconfiguracdo da rede. Note-se que sem ECVEs (Caso A) foram construidas
todas as subestacdes desde o primeiro estagio do horizonte de planejamento. Logo depois,
as subestacdes alocadas nos nés 51, 53 e 54 foram reforgadas no estagio trés enquanto no
caso B, somente a subestagdo do n6 54 foi construida no mesmo estadgio. Em ambos os
casos, os circuitos foram construidos com um tipo de condutor, dado que somente foi

considerada uma tnica op¢do para sua construcao.
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Figura 9 — Planos de expansao para 0s Casos A e B.

Caso A Caso B

Estagio 3

Estagio 3

Fonte: Proprio autor
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A topologia das redes em ambos os casos é também diferente. No caso A, por
exemplo, os circuitos 25-8, 53-28, 53-36, 53-41 foram construidos e mantidos durante o
horizonte de planejamento. No caso B, esses circuitos ndo foram construidos, porém,

outros foram utilizados como o caso das linhas 22-23 e 38-44.

Na Figura 9 é também possivel observar que a alocacdo das unidades de GD
(representada pelo circulo azul) e os BCs (representado pelos pontos laranja) é diferente
em ambos os casos. No caso B cinco unidades de GD foram instaladas no estagio trés,
enquanto no Caso A foram necessarias onze unidades no mesmo estagio. Em relagao aos
BCs, no caso B foram instalados cinco em quanto no caso A foram instalados seis. Vale a
pena mencionar que os BCs foram alocados principalmente em ndés finais, afastados das

subestacoes, onde usualmente sdo observados problemas de queda de tensao.

De forma similar aos resultados encontrados para o sistema de 18 nds, no caso B,
as ECVEs foram principalmente alocadas em nés préximos a fontes geradoras como sdo
as subestacdes e as unidades de GD, na tentativa de manter uma operacao adequada do
SDEE. A alocac¢do e dimensionamento das ECVEs sdao mostradas na Tabela 16. Em total
foram requeridas trés ECVEs equipadas com 792 carregadores lentos (SCs) para atender

a demanda dos VEs durante o horizonte de planejamento.

Tabela 16 — Numero de ECVEs e carregadores: Analise deterministica.

Estagio 1 2 3
NO FC SC|FC SC|FC sC
22 - 24| - 58| - 381
26 - - |- I5| - -
29 - 7| - 68| - 179
Total 0O 31| 0 201 0 560

Fonte: Proprio autor

5.3.2 PESDM considerando ECVEs: Analise robusta

Da mesma forma que considerado na secao de resultados da analise robusta para
o sistema teste de 18 nds (Secdo 5.2.2), na realizacdo desta analise assume-se que as
demandas convencionais e o numero de VEs seguem uma distribuicao normal. Os valores
médios das demandas convencionais correspondem aos valores de demanda
relacionados nos dados do sistema teste (ver Apéndice B), enquanto os valores médios do

numero de VEs sdo os mesmos apresentados na secao 5.3. Além disso, foi assumido um
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Tabela 17 — Custos totais do plano de expansdo (US$10%): Analise robusta.

Tipo de custo Caso B Caso C
IS 1000,00 | 1385,54
IC 6538,55 | 7117,93
IBC 20,39 18,91
IGD 10166,03 | 13732,05
IECV 3348,01 | 4188,81
CES 53231,52 | 52733,1
CEGD 8852,22 | 949225
Custo total 83156,72 | 88668,59

Fonte: Proprio autor

desvio padrao de 15% dos valores médios correspondentes a demanda convencional e o
numero de VEs presentes no sistema. O parametro robusto usado nas restri¢cdes
probabilisticas para a capacidade da subestacdo e a estimacdo do nimero de VEs foi igual
a 5% que corresponde a um valor igual a 1,645 para ¢(¢). Os resultados sdao analisados

considerando os mesmos cenarios (Caso B e Caso C) descritos nas secdes 5.2.1 e 5.2.2.

Os resultados dos custos de investimento do plano de expansao para o Caso B e o
Caso C sdo apresentados na Tabela 17 mostrando resultados similares aos resultados
obtidos para o sistema de 18 néds. O custo total do plano de expansdo sob o enfoque
robusto é maior do que o custo total sob o enfoque deterministico em aproximadamente
6%. Esse aumento deve-se aos investimentos adicionais requeridos para se proteger
contra as incertezas associadas as demandas e garantir uma capacidade suficiente das

subestacgoes.

A Figura 10 mostra os planos de expansao em cada estagio para o caso C. Note que
duas novas subestacdes nos nés 53 e 54 foram construidas nos estagios dois e trés,
respectivamente. Comparando com os resultados do caso B, uma subestacao adicional foi
requerida visando evitar possiveis sobrecargas relacionadas ao crescimento da demanda.
Além disso, os investimentos nos circuitos e a topologia da rede de distribuicdo foram
diferentes. A alocacao das unidades de GD ao longo do horizonte de planejamento também
foi diferente quando comparado com o Caso B. No caso C, sete unidades de GD foram
instaladas, enquanto no caso B somente 5 unidades foram instaladas. Em relacdo aos BCs,
em ambos os casos foram alocados seis BCs, apresentando uma pequena difereng¢a no
numero de mdédulos instalados. Isso explica a diferenca entre os custos de investimento

desses equipamentos.
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Figura 10 — Plano de expansdo para o Caso C.

Estagio 3

Fonte: Préprio autor
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Tabela 18 — Numero de ECVEs e carregadores: Analise robusta.

Estagio 1 2 3
N6 FC SC|FC SC|FC SC
13 - - 1 - - -
22 - 391 164| - 469
29 - - - 75| - 230
Total 0 39| 2 239 0 699

Fonte: Prdprio autor

Tabela 19 — Resumo dos tempos computacionais.

c Tempo de processamento Gap de optimalidade
aso
(s) (%)
A 2277,52 0,01
B 20217,24 0,03
C 24338,99 0,03

Fonte: Préprio autor

As informagoes relacionadas com alocagdo e o dimensionamento das ECVEs sdo
apresentadas na Tabela 18. Note que no Caso C foram requeridas em total trés ECVEs para
atender a demanda de poténcia dos VEs durante o horizonte de planejamento. Em total
foram instalados 979 carregadores dos quais 2 foram FCs e 977 foram SCs. Mesmo que no
sistema teste anterior, a maioria das ECVEs foram alocadas em nos préximos a fontes de

energia e BCs.

Os resultados mostraram que os planos de expansdo para os enfoques
deterministico e robusto (Caso B e C, respectivamente) foram diferentes em termos dos
custos de investimento nas subestagdes, circuitos, BCs e ECVEs. Esses custos foram
acrescentados visando fornecer uma solugao suficientemente robusta para o problema de

PESDM.

Por outro lado, a Tabela 19 apresenta o tempo computacional necessario para

encontrar a solucao em cada um dos casos simulados.

5.3.2.1 Simulagées de Monte Carlo
Nesta subsecdo verifica-se o cumprimento da equacdo (55) desenvolvida para as
ECVEs e da restricao probabilistica (75), desenvolvida para a capacidade da subestacdo

através de SMC, com o objetivo de avaliar a robustez da formulagao proposta para o
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sistema de 54 nos. Mesmo que para o sistema de 18 nos, as SMC foram realizadas
considerando uma distribuicdo normal da demanda estocastica e do nimero de VEs. A
Tabela 20 mostra a taxa de falhas da capacidade da subestacdo para os casos B e C em
cada estagio do horizonte de planejamento. Os resultados obtidos ap6s 1000 SMC
mostraram que o enfoque deterministico (Caso B) apresenta poucos casos com violagdes
nas capacidades da subestacdo. O pior e Unico caso corresponde a subestacdo do né 51
onde a violagao é aproximadamente 19% no estagio trés. No Caso C, apesar do plano de
expansao ser mais caro, a taxa de falhas da capacidade da subesta¢do é mantida dentro do

limite permitido (i.e., menor que 5%).

A taxa de falhas das ECVEs foi verificada usando a sub-rotina descrita na se¢do
5.2.2.1. A Tabela 21 mostra a taxa de falhas das ECVEs para os casos B e C em cada estagio
do horizonte de planejamento. Note-se que novamente o Caso B apresenta o pior
desempenho com taxas de falha nas ECVEs maiores que 47% em todos os estagios do
horizonte de planejamento. Contrariamente, o Caso C mostra taxas de falhas mantidas

dentro do limite definido pelo parametro robusto, i.e.,, menor que 5%.

54  CONSIDERACOES FINAIS

Os resultados obtidos permitem observar o impacto da demanda associada aos VEs
elétricos no planejamento da expansdo do SDEE. E claro que o incremento da demanda
convencional em cada n6 do sistema resulta em planos de expansao mais custosos. Porém,
resulta vantajoso para o OSD atender uma demanda (associada aos VEs) concentrada em
alguns pontos da rede de distribuicao. Assim, independentemente de se as ECVEs sdo
propriedade do OSD ou pertencem a empresas privadas, € claro que desde o ponto de
vista do SDEE o carregamento dos VEs em ECVEs favorece a operac¢do do sistema. Isso
abre passo a criacdo de novos modelos de negdcio onde novos desafios devem ser
enfrentados, principalmente aqueles relacionados com a interacdo entre as partes
interessadas, (OSDs, empresas privadas proprietarias das ECVEs, consumidores finais,
etc) as regulamentacdes de mercado, desenvolvimentos tecnolégicos e plataformas de
comunicacdo, as quais habilitem a participacdo ativa de todas as partes envolvidas. A
consideracdo da interacdo desses novos entes dentro do problema de PESDM pode

resultar em planos de expansao totalmente diferentes.
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Tabela 20 — Taxa de falhas na capacidade das subestagdes (%).

Estagio 1 Estagio 2 Estagio 3
Subestagdo 51 52 53 54|51 52 53 54|51 52 53 54
Caso B 00 00 - 00|00 00 - 00189 00 - 15
Caso C 00 00 - 00{00 OO0 - 00j00 00 00 01

Fonte: Proprio autor

Tabela 21 — Taxa de falhas das ECVESs (%).

Estagio 1 2 3
Caso B 473 499 484
Caso C 3,6 4.6 3,8

Fonte: Proprio autor

Por outro lado, os resultados mostram que em termos de economia, o melhor plano

de investimento é fornecido pelo enfoque deterministico, ou seja, o Caso B. Porém, sob

condicdes de demanda convencional e uma taxa de crescimento da penetragdao dos VEs

incerta, o plano de expansdo poderia ser infactivel em muitos cenarios. O plano de

investimento fornecido pelo enfoque estocastico (Caso C) é suficientemente robusto para

lidar com a incerteza associada as variaveis de demanda. No entanto, este plano apresenta

um custo de investimento maior.
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6 CONCLUSOES E TRABALHOS FUTUROS

Neste trabalho foi apresentada uma proposta para abordar e resolver o problema
de PESDM considerando a integracao de VEs. Este problema, que é naturalmente um
problema de PNLIM, foi reformulado como um problema de PLIM através de técnicas de
linearizagdo. Para considerar as incertezas associadas a demanda convencional e dos VEs,
esse modelo foi estendido para uma formulacdo robusta através de restrigcdes
probabilisticas. Dois sistemas de distribuicdo foram usados para avaliar a eficiéncia do
método proposto. Neste capitulo, apresentam-se as conclusdes e sugestdes de futuras

pesquisas.

6.1 CONCLUSOES

e O problema de PESDM foi resolvido usando um modelo de PLIM considerando o
impacto das ECVEs. A formulagdo proposta define a construcao de novas subestacoes,
ECVEs e circuitos e/ou o reforco de subestacdes, ECVE e circuitos ja existentes. Define
também a alocacdo de unidades de GD e BCs. Além disso, a formulagao proposta é
robusta devido a consideracao das incertezas associadas a demanda convencional e
dos VEs. Um método baseado em programacao com restricdes probabilisticas foi
desenvolvido para garantir os limites de capacidade da subestacdo e os requerimentos

dos VEs com um determinado nivel de confianca.

e Foi demonstrado que o SDEE é afetado pela integracdo de VEs no sistema. O impacto
¢ principalmente refletido pelas diferencas entre os investimentos realizados em
subestacoes e circuitos, assim como também a topologia da rede. Além disso, pela
reducao do custo total do plano de investimento quando as ECVEs sdo consideradas
no plano de expansdo. Deste modo, pode ser concluido que para os OSDs resulta mais
interessante atender a carga agregada dos VEs através de ECVEs, jd que um
incremento da carga espalhado em toda a rede de distribui¢do requer uma maior

expansao da rede.

e Por outro lado, foi encontrado que através de um enfoque deterministico é possivel

obter um plano de expansdo mais atrativo em termos econdémicos. No entanto, sob os
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ambientes incertos de demanda convencional e de penetragdo de VEs, o plano de
expansao poderia apresentar uma alta taxa de falhas para a capacidade da subestacao.
Pelo contrario, a solugdo robusta fornece um plano de expansdao com um custo maior,
porém, suficientemente robusto para lidar com as incertezas associadas a demanda.
Desta forma, o tomador de decisGes tem varias alternativas e pode escolher o plano de
expansao de acordo com o nivel de risco que esteja disposto a assumir, associado as

variagdes de demanda na operagdo do SDEE.

e Osresultados mostraram que uma alta penetracao de VEs impacta significativamente
a operacdo do SDEE, independentemente do ponto de conexao. Portanto, os OSDs
devem estar preparados de forma apropriada para uma penetracdo massiva de VEs ja
que em um cendrio futuro, é esperado que este servico seja ofererecido também por
empresas privadas provocando novos desafios e mudancgas na operacdo e expansao

da rede.

6.2 TRABALHOS FUTUROS

Os resultados obtidos neste trabalho revelaram possiveis tépicos que ainda podem

ser explorados, os quais sao descritos a seguir:

1. Como foi descrito no Capitulo 3, a operagao das ECVEs depende de informacgoes
altamente incertas, por exemplo, o estado inicial de carga das baterias, horario de
chegada, horario de saida, frequéncia de carregamento, entre outras. Porém,
considerar essa informac¢do dentro do problema de planejamento de forma bem
detalhada resulta altamente complexo. No entanto, existe a possibilidade de
implementar um modelo de otimizagao bi-nivel que permita simular a operacao diaria
das ECVEs em um nivel inferior, visando caracterizar a demanda associada aos VEs
nas ECVEs para depois considera-la dentro do problema de planejamento da expansao

do SDEE em um nivel superior.

2. Dado que este trabalho foi desenvolvido sob o suposto de que as ECVEs sao
propriedade dos OSDs, o modelo e o0 método proposto podem ser adaptados para
considerar o caso em que as ECVEs sdo propriedade de terceiros. Nesse contexto,

deveria existir um tipo de contrato entre as partes envolvidas resultando em um
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beneficio colectivo para os OSDs, os donos das ECVEs e os proprietarios dos VEs
(maximizacao do beneficio social). Esse modelo colaborativo estaria mais alinhado

com os regulamentos atuais para a comercializacdo de energia requerida pelos VEs.

3. No contexto das redes inteligentes, os VEs, além de ser uma carga adicional, também
podem atuar como fontes de armazenamento oferecendo diversas vantagens para os
SDEEs através da tecnologia V2G. De acordo com os resultados das pesquisas
correlatas, existe um novo conceito no contexto das redes de distribuicao modernas,
onde os VEs podem oferecer servicos auxiliares aos OSDs visando manter uma
operacao eficiente e confiavel, por exemplo, uma das vantagens dos servicos auxiliares
é o adiamento da expansao da rede. Assim, o modelo proposto neste trabalho poderia
ser adaptado para considerar a possibilidade de que os VEs e/ou ECVEs fornecam
poténcia a rede visando reduzir problemas técnicos na operagdo e adiar os

investimentos associados a sua expansao.

4. Neste trabalho foram desenvolvidas restrigdes probabilisticas para a capacidade da
subestac¢do. Assim, a formulagdo proposta poderia ser estendida para considerar os
limites operacionais (tensdo e corrente) através de restricbes probabilisticas.
Alternativamente, poderiam se desenvolver modelos probabilisticos que permitam a

incorporacao das incertezas em todas as variaveis do sistema.
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Dados das linhas. Dados da demanda (kVA).
Linha de para |ij ocr N6 Estagio
1J,a

#l [ [ [km] " | ¥ 1 2 3
1 1 5 2,220 0 1 4050 4735 5420
2 1 10 1,200 0 2 780 995 1210
3 1 15 2,200 1 3 2580 3380 3980
4 2 3 2,000 1 4 320 410 490
5 2 15 1,700 1 5 280 370 470
6 3 12 1,200 0 6 1170 1305 1440
7 3 17 1,200 0 7 4040 4200 4360
8 4 7 2,600 0 8 720 830 940
9 1 4 2,300 0 9 0 1150 1350
10 4 11 1,600 0 10 0 3050 3160
11 4 12 1,300 0 11 1620 1620 2200
12 5 6 2,400 1 12 0 0 1220
13 5 18 0,700 0 13 2160 2160 2400
14 6 9 1,200 0 14 0 0 2100
15 6 13 2,200 0 15 0 0 0
16 6 16 2,600 1 16 0 0 0
17 7 8 2,000 1 17 0 0 0
18 11 7 3,200 0 18 0 0 0
19 7 17 0,900 0
20 8 16 2,000 1
21 17 12 2,100 0
22 10 14 1,000 0
23 11 13 1,200 1
24 13 16 1,500 1
25 14 18 1,500 0
26 18 9 2,100 0

Fonte: Adaptado de (GONEN; RAMIREZ-ROSADO, 1986)
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Dados das linhas. Dados da demanda (kVA).
Linha de para |ij oc" N6 Estagio
1j,a

[#l [ [ [km] " |[#] 1 2 3

1 51 1 1,405 1 1 3397,56 3912,34 4324,16
2 51 3 1,09 1 2 1132,52 1338,43 1544,34
3 3 4 1,56 1 3 411,825 514,782 720,694
4 4 7 1,25 1 4 1441,39 1956,17 1132,52
5 4 5 1,56 1 5 2059,13 2367,99 2676,86
6 7 8 1,56 1 6 617,738 720,694 720,694
7 5 6 1,25 1 7 205,913 514,782 1029,56
8 1 9 1,715 1 8 1544,34 1750,26 1956,17
9 1 2 1,56 1 9 1956,17 2059,13 1235,48
10 9 10 3,59 1 10 2059,13 2470,95 2985,73
11 52 14 1,875 1 11 205,913 308,869 308,869
12 14 15 1,875 1 12 1029,56 1647,3 1853,21
13 15 16 1,405 1 13 926,607 1029,56 1132,52
14 52 11 1,405 1 14 823,65 926,607 1029,56
15 11 12 1,56 1 15 1029,56 1235,48 1441,39
16 12 13 2,185 1 16 1338,43 1544,34 1956,17
17 19 20 1,56 0 17 514,782 617,738 720,694
18 18 19 1,25 0 18 926,607 1029,56 1235,48
19 17 18 2,03 0 19 1029,56 1235,48 1441,39
20 9 17 2,15 0 20 514,782 720,694 823,65
21 18 21 1,56 0 21 514,782 1647,3 1853,21
22 54 21 1,25 0 22 514,782 1029,56 1132,52
23 54 22 1,875 0 23 514,782 926,607 1029,56
24 9 22 2,34 0 24 514,782 411,825 514,782
25 22 23 1,715 0 25 617,738 823,65 926,607
26 23 24 1,405 0 26 0 823,65 1235,48
27 24 25 1,09 0 27 0 1235,48 1544,34
28 25 8 1,405 0 28 411,825 514,782 720,694
29 8 27 1,875 0 29 617,738 926,607 1441,39
30 27 26 1,715 0 30 2059,13 2367,99 2676,86
31 27 28 1,56 0 31 617,738 720,694 720,694
32 6 28 2,5 0 32 0 1544,34 1750,26
33 54 30 1,405 0 33 1853,21 2367,99 2985,73
34 30 29 1,56 0 34 926,607 1029,56 1235,48
35 30 43 2,03 0 35 0 0 926,607
36 43 37 1,25 0 36 205,913 205,913 308,869
37 37 31 0,935 0 37 1029,56 1647,3 2162,08
38 31 10 1,56 0 38 0 0 1132,52
39 13 43 1,875 0 39 823,65 926,607 1029,56
40 12 45 1,25 0 40 1029,56 1235,48 1441,39

Fonte: Adaptado de (GONEN; RAMIREZ-ROSADO, 1986)
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Dados das linhas.

Dados da demanda (kVA).

Linha de para | e N6 Estagio

ij,a
[# [ [ [km] "C |[#] 1 2 3
41 45 44 109 0 | 41 308869 514.782 926.607
42 44 38 156 0 | 42 0 0 123548
43 38 39 1715 0 | 43 0 0 133843
44 39 32 203 0 |44 514782 1029.56 1441.39
45 39 33 1405 0 | 45 514782 514.782 823.65
46 33 8 234 0 | 46 0 1647.3 1853.21
47 33 34 0935 0 |47 514782 514.782 1029.56
48 34 35 1.09 0 |48 514782 617.738 823.65
49 35 36 109 0 |49 0  617.738 514.782
50 53 36 125 0 | 50 0 0 823.65
51 53 28 156 0 | 51 0 0 0
52 53 41 156 0 | 52 0 0 0
53 41 40 125 0 | 53 0 0 0
54 40 16 125 0 | 54 0 0 0
55 41 42 1875 0
56 42 48 125 0
57 48 49 1875 0
58 49 50 1.09 0
59 42 47 156 0
60 47 46 156 0
61 46 14 1715 0

Fonte: Adaptado de (GONEN; RAMIREZ-ROSADO, 1986)
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APENDICE C - LINEARIZAGAO POR PARTES

A linearizagdo por partes é usada para definir a fung¢do f, a qual calcula o valor
quadrado da variavel p, limitada pelo intervalo [0, g]. Se o intervalo é particionado em I'
blocos do mesmo tamanho, o conjunto de particio P ={0,p/T',2p/T,..., p} seria
definido de modo que cada bloco teria um comprimento igual a p/ I'. Considerando que
A,,, € uma variavel continua que define o valor do n-th bloco na parti¢do P, a aproximagio
linear por partes de p? é dada por (89)-(93). Este tipo de funcio apresenta a seguinte

estrutura geral:

f (P,ﬁ,l")=2mp,yApy7 (89)
p-p=p y (90)
pEp =ZFZAM oY
OSAWS;/F Vy=1.. (92)
m, =(2y-1)pIT Vy=1.,I (93)

Em que I' é o numero de discretizagbes usadas na fungdo f; m,, € o declive do yth bloco
da discretizacdo por partes de p; A,, é o valor da yth variavel auxiliar usada na

dicretizacio de p; e p* e p~ sdo variaveis auxiliares positivas usadas no calculo de |p|.
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internacionais e que foram desenvolvidos durante o andamento do doutorado.

1. M. N. Bafiol; A. Tabares; ]. F. Franco; M. Lavorato; R. Romero. Robust Joint Expansion
Planning of Electrical Distribution Systems and EV Charging Stations. [EEE
Transactions on Sustainable Energy, vol. 9, no. 2, pp. 884-894, April 2018.

2. M. N. Banol; M. Lavorato; ]J.F. Franco; R. Romero. Metaheuristic optimization
algorithm for the optimal coordination of plug-in electric vehicle charging in
distribution systems with distributed generation. Electric Power Systems Research,
vol. 142, pp. 351-361, January 2017.
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APENDICE E - TRABALHOS CORRELATOS

Neste apéndice sdo apresentadas as pesquisas correlatas que foram desenvolvidas

durante o trabalho de doutorado sanduiche no exterior. Os topicos apresentados sao:

a) Resultados da operacao real de uma frota de VEs que fornece servigos de
regulacido de frequéncia ao operador do sistema de transmissao na Dinamarca
através da tecnologia V2G, no ambito do projeto de integracdo de VEs nos sistemas
de poténcia “Parker-project”. Foi feita uma analise dos problemas praticos que podem
aparecer na hora de realizar implementacgdes realistas de regulacdo de frequéncia, tais
como atrasos, erros de medicdo e restricoes fisicas dos equipamentos. A identificacdo
desses problemas praticos torna-se util na hora de desenvolver estratégias de controle da
carga e descarga dos VEs para fornecer qualquer tipo de servico para os operadores do
sistema de transmissao ou distribui¢do. Os resultados demonstram que um conjunto de
VEs operando de forma agregada é capaz de ajudar a melhorar a operacdo da rede
enquanto sdao também atendidos os requerimentos de energia dos VEs para cobrir o

objetivo principal da frota de VEs, o qual é o transporte de usuarios.

b) Uma revisao da literatura e classificacdo dos servicos potenciais que os
VEs podem proporcionar especialmente aos operadores do sistema de distribuicao
no contexto das redes inteligentes. Com o advento das redes inteligentes, novos
dispositivos como VEs, baterias, e fontes renovaveis estao sendo integrados nas redes de
distribuicao trazendo grandes desafios no planejamento da operacao dos SDEEs. Assim,
os SDEEs precisam assumir novas responsabilidades e procurar servigos auxiliares para
manter e oferecer um servico de alta qualidade aos consumidores finais. Porém, o
conceito de servicos auxiliares fornecidos para os SDEEs é um novo paradigma. Por tanto,
ndo existe ainda um mercado definido para esses servicos nem regulacdes para interacao
entre as partes envolvidas, ou seja, OSDs, usuarios proprietarios de VEs e/ou outras
entidades que atuem como mediadoras entre eles como sdo por exemplo os agregadores.
Além disso, os OSDs ainda ndo estdo habilitados para procurar servicos que permitam
manter a operacdo eficiente e confiavel da rede. De fato, as atividades dos OSDs
concentram-se principalmente no planejamento e desenho de longo prazo, mais do que

na operacdo em tempo real. Porém, em redes modernas de distribui¢do, a qualidade do
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servico pode ser mantida através de servicos fornecidos por esses novos recursos de
energia, aproveitando a sua flexibilidade e permitindo-lhes realizar atividades no curto
prazo. Nesse contexto, a maioria das estratégias desenvolvidas para ajudar a operagdo do
SDEE através dos VEs permanecem em conceitos teéricos, que trabalham baseados em

varios supostos que impediriam sua implementacdao em aplicacdes reais.

Assim, neste trabalho é apresentada uma descri¢do detalhada dos servigos mais
recentes e das abordagens utilizadas na literatura para fornecer servigos aos OSDs através
dos VEs. Adicionalmente é proposta uma avaliacdo da maturidade desses servicos em
termos de qudo longe estdo as metodologias até agora apresentadas na literatura para
serem implementadas em aplica¢cdes da vida real e quao facil esses servigos poderiam ser
combinados com o servigo de regulacao de frequéncia, dado que ja existem aplicacdes
reais de regulacdo de frequéncia em alguns paises do mundo, como os Estados Unidos e a
Dinamarca. Finalmente sao discutidos os principais aspectos que precisam ser abordados
para implementar servicos fornecidos pelos VEs para os OSDs em aplicacdes da vida real.
Os resultados mostram que os aspectos mais importantes que devem ser aprofundados
para alcangar esse alvo estdo relacionados com a estrutura de mercado, a definicao do
sistema de lucro ao nivel do sistema de distribuicao e beneficios econémicos, degradagao

da bateria, e impactos sob a rede de distribuicdo pela prestacao de servicos aos OSTs.

c) Uma avaliacdo do beneficio econdmico que os usuarios proprietarios de
VEs podem obter quando participam em mercados de regulacio de frequéncia
primaria. VEs habilitados com a tecnologia V2G podem ajudar os sistemas de poténcia
fornecendo diversos servicos auxiliares, e.g.,, regulacdo de frequéncia, regulacao de
tensdo, reducdo de congestionamentos, entre outros. Regulacdo de frequéncia é um dos
servicos mais procurados pelos OSTs para manter o balanc¢o entre a geragao e o consumo
em um horizonte de planejamento de curto-prazo (diario ou horario). Os VEs sdo uma boa
op¢do para fornecer este tipo de servicos ja que eles permanecem imoveis uma grande
parte do tempo proporcionando certo grau de flexibilidade para o controle da sua carga
ou descarga. Além disso, os VEs sdo comprados com um propdsito principal o qual é o
transporte de passageiros. Assim, a provisdo de servicos poderia gerar lucros alternativos
para os proprietarios quando o veiculo ndo estd sendo usado para seu fim principal. O
beneficio econémico pela provisdo de regulacao de frequéncia depende de diferentes

aspectos, tais como a estrutura de pagamento, a estrutura do mercado, as estratégias de
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operacdo, os custos de degradacdo da bateria, penalizacdes por incumprimento do
servico, ou por causar problemas técnicos nas redes de distribuicao. Assim, neste trabalho
é apresentada uma metodologia para o calculo do beneficio econdmico que os usuarios de
VEs poderiam obter pela provisdo de servigos de regulacdo de frequéncia primaria. A
metodologia define a oferta de poténcia que maximiza o lucro considerando a influéncia
de trés estratégias de operacdo e as preferéncias dos usudrios (e.g., por exemplo,
necessidades de mobilidade de cada motorista e autonomia minima). O beneficio
econémico é avaliado incluindo os custos associados a indisponibilidade do servico, a
degradacdo da bateria e ao impacto negativo causado na rede de distribuicao. Os
resultados estimam beneficios anuais que variam entre €200 e €2000 por veiculo, o que
demonstra que os proprietarios de EV podem obter lucros substanciais por participar em

mercados de regula¢do de frequéncia primaria.

A seguir serdao apresentados em detalhe cada um dos trabalhos acima

mencionados através dos artigos publicados e/ou preparados para publicagao.
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Abstract—Electrical Distribution Systems (EDSs) should be
prepared to cope with demand growth in order to provide a
quality service. The future increase in Electric Vehicles (EVs)
represents a challenge for the planning of the EDS, due to
the corresponding increase in the load. Therefore, methods to
support the planning of the EDS, considering the uncertainties
of conventional loads and EV demand, should be developed.
This paper proposes a mixed-integer linear programming (MILP)
model to solve the robust multistage joint expansion planning
of EDSs and the allocation of EV charging stations (EVCSs).
Chance constraints are used in the proposed robust formulation
to deal with load uncertainties, gunaranteeing the fulfillment of the
substation capacity within a specified confidence level. The expan-
sion planning method considers the construction/reinforcement
of substations, EVCSs, and circuits, as well as the allocation
of distributed generation units and capacitor banks along the
different stages in which the planning horizon is divided. The
proposed MILP model guarantees optimality by applying clas-
sical optimization techniques. The effectiveness and robustness
of the proposed method is verified via a 18-node test system.
Additionally, Monte Carlo simulations are carried out, aiming to
verify the compliance of the proposed chance constraint.

Index Terms—Chance constraint, electrical distribution sys-
tems, electric vehicle charging stations, mixed-integer linear
programming, multistage expansion planning.

I. INTRODUCTION

HE use of Electric Vehicles (EVs) is expected to increase
T in the next few years as an option for resolving environ-
ment problems, such as climate change [1]. The adoption of
EVs contributes to the reduction of air pollutant emissions
and could take advantage of renewable energy sources when
the EV batteries need to be charged. However, the electrical
distribution system (EDS) should be prepared to contend with
an increase in demand related to EV charging.

Household charging is the first choice for EV owners,
although the corresponding slow charging mode is time-
consuming [2]. On the other hand, electric vehicle charging
stations (EVCSs) are a suitable option for EV charging, as
they could avoid overloading residential distribution networks,
while allowing both slow (preserving battery lifespan) and
fast charging modes. EVCSs could also offer lower energy

This work was supported by the Brazilian institutions CAPES, FAPESP
and CNPq process No. 152002/2016-2.

N. Baiiol Arias, A. Tabares, J. F. Franco, and R. Romero are with
the Faculdade de Engenharia de Ilha Solteira — Universidade Estadual
Paulista (UNESP), Departamento de Engenharia Elétrica, Ilha Solteira,
Sdo Paulo, Brazil. E-mails: {natycanta, tabares.1989, jffranco}@gmail.com;
ruben @dee.feis.unesp.br.

M. Lavorato is with CEATEC - Pontificia Universidade Catdlica
de Campinas (PUC-CAMPINAS), Campinas, Sdo Paulo, Brazil. E-mail:
marina.oliveira@pu-campinas.edu.br.

prices and reduce charging time (similar to the refueling of
conventional vehicles) when compared to residential charging.
These benefits will potentially encourage the use of EVs.

A high penetration of EVs in residential and commercial
areas could result in operational problems, such as overloads,
voltage issues, and excessive energy losses [3]. Therefore,
the EDS expansion planning should satisfy the energy re-
quirements of upcoming EV penetration for both household
charging and EVCSs.

The solution of the EDS expansion planning problem iden-
tifies the investments needed to supply the future loads while
satisfying operational constraints. This optimization problem is
highly complex and NP-hard, due to the binary variables that
represent the construction and/or allocation of new equipment
and the high number of continuous variables used to represent
the steady-state operation of the network. This problem has
been widely studied, using different mathematical models and
solution techniques. Nonetheless, the expansion planning of
the EDS, considering the high penetration of EVs, needs to
be studied further. A complete literature review of the EDS
expansion planning problem can be found in [4].

Methods based on evolution algorithms and Mixed-Integer
Linear Programming (MILP) have been developed to solve the
EDS expansion planning problem considering the integration
of EVs [5]-[8]. The allocation of EV battery charging/swap
stations is carried out in [5] to minimize the costs related
to reinforcement and adaption (construction costs necessary
to cover the insufficiency of the plan). A method to solve
the multistage EDS expansion planning problem, which takes
into account the allocation and sizing of EVCSs, is proposed
in [6]. Similarly, in [7] and [8], the joint expansion planning
of EDS and EVCSs is addressed. In [7], the authors establish
a bi-objective deterministic collective planning model for EDS
that considers EVCSs, although the stochastic behavior of EV
users, along with different EV charging modes, is disregarded.
Moreover, the increase in the annual demand, impacts of the
geographic locations, and time periods of fast- and slow-
charging modes, in the expansion planning are not considered.
In order to overcome those limitations, the authors in [8]
propose a stochastic multistage collaborative planning model
for EDS that considers EVCSs, slow- and fast-charging modes,
and battery exchange. Nevertheless, the metaheuristic tech-
nique used to solve the problem does not provide information
related to the quality of the solution (e.g., the distance from
the obtained solution to the optimal solution), and there is not
a way to define the level of confidence to address uncertainties
related to demand profiles. On the other hand, the allocation



of Distributed Generation (DG) units and Capacitor Banks
(CB), is also disregarded in [5]-[8]. The installation of these
equipment’s should also be included in the expansion planning,
as they could defer reinforcement, resulting in the reduction
of investments [9].

The allocation and sizing problem of EVCSs is studied in
[10]-[17]; nevertheless, these approaches solve the problem
without considering the joint expansion planning of the whole
grid. Reference [10] models the EVCS behavior, taking into
account market interactions (reserve and energy markets), DG
units operation and enforce network constraints in a two-
stage approach. However, the proposed methodology in [10] is
mostly focused on the EVCS operation planning. Similarly, in
[11], a two-stage methodology to solve the optimal planning of
EVCSs was proposed. Environmental factors, service radius,
and different charger types are included in the proposed
method; however, the authors disregarded the operation of both
CBs and DG units, and the inclusion of different types of EVs.
Metaheuristic techniques, such as genetic algorithms [12]-[14]
and particle swarm optimization [16], [17], have also been
used to solve the optimal allocation and sizing of EVCSs.
From those works, only [17] considers the operation of DG
units within the method. Moreover, in contrast to classical
optimization techniques (such as those used in this paper), the
main disadvantage of the metaheuristic techniques is that they
do not guarantee optimal solutions.

Different from the previous works, authors in [18] present
a new methodology for the optimal allocation of EVCSs
based on a sustainability perspective. A multicriteria decision-
making (MCDM) method, along with a fuzzy TOPSIS method,
are used to take into account aspects related to economic
growth, social development, and environmental protection. The
EVCS allocation decision is carried out based on the criteria of
five groups of expert panels, without considering mathematical
models to represent the problem. This methodology allows
for the consideration of quantitative and qualitative criteria,
which are important in the allocation and sizing of EVCSs.
However, from the EDS point of view, technical aspects of
the grid operation should be verified.

Uncertainties associated with the growth of conventional
loads and EV demand should be considered in the EDS
expansion planning problem in order to reduce risks and avoid
underinvestment, which could lead to operational problems.
From the aforementioned references, [5], [10], [13], and [17]
consider both the uncertain behavior of EVs as well as
the operational constraints of the EDS, whereas [14] only
considers the uncertain behavior of EVs. In [5], the uncertainty
associated with EV demand is addressed using a geometric
Brownian motion approach, while in [10], it is dealt with
a two-stage stochastic programming model, along with an
approach for generation of scenarios. Moreover, in [13] and
[14], the authors represent the uncertainties of the EVs through
probabilistic parameters and probability distribution functions
for the arrival and SOC data, while in [17], the hourly
aggregated load demand of EVs is estimated using a non-
Gaussian multivariate stochastic model provided by copula
functions. Nevertheless, none of those studies considers the
uncertainty associated with the conventional loads.

Most of the aforementioned methods focus on modeling the
allocation and sizing of the EVCSs based on their planning
operation. In contrast to them, the main purpose of the
proposed method is to consider the allocation and sizing of the
EVCSs within the expansion planning of the EDS, in order
to illustrate the impact of the EV integration in distribution
systems, according to the EV connection point.

This paper presents a MILP model used to solve the
robust multistage joint expansion planning of EDSs and the
allocation of EVCSs. The proposed robust formulation uses
chance constraints to deal with the uncertainties related to
conventional loads and EV demand, guaranteeing the fulfill-
ment of the substation capacity within a specified confidence
level. The expansion planning method considers the construc-
tion/reinforcement of substations, EVCSs, and circuits, as well
as the allocation of DG units and CBs along the different
stages in which the planning horizon is divided. Similarly to
[9], piecewise linearization was used to represent the square
of active and reactive powers in the equations that model the
steady-state operation of the EDS. Therefore, the proposed
method is a MILP formulation that can be solved guaranteeing
optimality using commercial solvers such as CPLEX. The
main contributions of this paper relies on the application of

1) A chance constraint stochastic programming framework
[19], which is suitable for addressing the uncertainties
related to conventional loads and EV demand in the EDS
expansion planning. This approach ensures the fulfillment
of the substation capacity (the most important equipment
of the network) within a confidence level, as was done
in [20];

2) Linearizations and simplifications, formulated in order to
consider the stochastic behavior of conventional loads
and EV demand in the EDS expansion planning problem.
In contrast to other works, which use methods based on
chance constraint stochastic programming, the proposed
formulation makes it possible to incorporate different
network equipment, such as DG units and CBs;

3) A mixed-integer linear formulation for the EDS expan-
sion planning, which guarantees finite convergence to
optimality while providing a measure of the distance
to the optimum solution [21], and for which efficient
software is available [22];

4) A novel analysis of the EV integration in distribution
systems, which examines the impact of EV demand on
the multistage expansion planning of EDS according to
the connection point, along with a comparative analysis,
which shows the benefits of including the uncertainty of
the conventional loads and EV demand in the distribution
planning when compared with deterministic models.

The effectiveness and robustness of the proposed method is
verified via a 18-node and 54-node test system. Additionally,
Monte Carlo simulations are carried out, aiming to verify the
compliance of the proposed chance constraint.

II. MULTISTAGE EXPANSION PLANNING OF EDSsSs,
CONSIDERING EVCSs

As discussed in the previous section, the main goal of
the EDS expansion planning is to adequately meet the load



growth with a minimum total cost, subject to a set of technical
and operational constraints. The complexity of the distribution
planning has been increased over the past few years, due to
the emergence of new network elements and the stochastic
behavior of new loads (e.g., plug-in electric vehicles). In this
context, the proposed method defines the investments needed
to satisfy the load growth while keeping a suitable operation.
The construction/reinforcement of substations and circuits is
analyzed along different stages of the planning horizon, in an
attempt to minimize the total investment and operational cost.
In addition, DG units and CBs are considered, in order to
improve the operation.

The expansion planning of the EDS should also take into
account the allocation and sizing of EVCSs (from a set of
suitable candidate nodes), which provide the energy required
to charge EVs. Since previous works have focused on the
operation of EVCSs without considering the expansion of
the network [10]-[17], the proposed model is aimed toward
a joint expansion planning of EDS and EVCSs. For this
purpose, the operation of an EVCS and the corresponding
EV charging process should be represented. However, the
formulation of this charging process within the expansion
planning is complex. Due to this fact, some details related to
the operation of an EVCS are simplified within the formulation
of the expansion planning. For instance, the EVCS operation
issues (i.e., difference in the EV arrivals, waiting/idle times,
and charging coordination) are simplified, assuming that the
corresponding power is demanded in a typical day during a
specific period of time (e.g., 12 hours), represented by dw®®.

It is assumed that not all the EVs arrive at the EVCS at the
same time; it is further assumed that the charging operation
follows a “first come, first served” sequence. Thus, if an EV
arrives while all of the chargers are in use, it has to wait until
the next charger becomes available. The fact that the EVs
have different states of charge (SOC) at arrival is represented
by the factor ¢4,., which depends on each EV type, the daily
distance driven, and other aspects related to the behavior of the
EV owners. This factor is considered as the mean value of the
SOC, which usually is represented by a Gaussian distribution
function.

The proposed formulation identifies the optimal solution for
the EVCSs, i.e., their location and the minimum number of
chargers of each type required to meet the EV demand in
each stage along the planning horizon. In order to represent
the worst case for the EDS operation, it is assumed that
the chargers are connected simultaneously and are demanding
their rated power from the grid.

The following assumptions are made in order to formulate
a mathematical model for the multistage EDS expansion
planning problem considering EVCSs:

1) Given an EV penetration for each stage, the allocation
and sizing of EVCSs is proposed by the distribution
system operator, as considered in [5], [6], [10], [11]. This
idea stems from the fact that the EDS must be prepared
to satisfy the charging requirements resulting from the
expected increase of the EV demand;

2) A fraction of the EVs are charged in the EVCSs, while
the rest are charged at home, therefore, increasing the

conventional load;
3) The EVs can be recharged using two charger types (fast
or slow chargers).

Uncertainties related to the growth of conventional loads and
EV demand are handled in the proposed model through chance
constraints (see Section III-G), which guarantee the fulfillment
of the substation capacity within a specified confidence level.
It is assumed that the power related to the conventional
loads and the number of EVs connected in the EDS are
independent normal variables, as discussed in [23], i.e., there
is not a correlation between the variables, which facilitates the
calculation of the mean value and the standard deviation of the
substation’s apparent power.

III. MATHEMATICAL MODEL

The multistage EDS expansion planning problem can be
mathematically formulated as a mixed-integer nonlinear pro-
gramming (MINLP) model, which is highly complex to solve
[24], [25]. Thus, linearization techniques can be used in
order to transform the formulation into an MILP model. The
proposed MILP formulation, which is based on [9], is used
for solving the robust multistage joint expansion planning of
EDSs and the allocation of EVCSs.

Due to the complexity of the EDS expansion planning and
the relatively high substation investment cost, the proposed
robust formulation uses chance constraints, which consider
uncertainties related to conventional loads and EV demand,
to enforce the capacities of the substations. The uncertainty
of the conventional load and EV demand is modeled through
a known normal distribution variable for the loads, as well as
for the number of EVs that should be charged in each stage of
the planning horizon. On the other hand, voltage and current
limits are imposed in a deterministic way, i.e., mean values
are assumed for the demands.

Equations that represent the influence of EVCSs on the EDS
expansion planning, are presented in this section. Due to the
lack of space, equations related to the operational limits of
CBs and DG units, as well as the radiality conditions, are not
shown. However, a complete definition of these constraints can
be found in [9].

The following index will be used to represent the corre-
sponding sets: a, b, ¢ for conductor types; ¢ for nodes; h,t,r
for substation alternatives; e for charger types; g for DG unit
alternatives; s for substation nodes; ij, kj for circuits; u, k for
stages; v for EV types; p for EVCS nodes; and m for DG unit
nodes.

A. Objective Function

The objective function minimizes the total expansion plan-
ning cost, comprising the investment, the operational, and the
energy loss costs along the planning horizon. The investment
costs in the circuits (IC), substations (IS), capacitors banks
(ICB), and DG units (IDG) are calculated by (1)-(4), re-
spectively. This set of equations is written in terms of the
variables that represent the investment decisions. Thus, the
binary investment variable xf;fa’b’u that represents the con-
struction/reinforcement (using conductor type b and assuming



initial type a) is used to calculate the investment in the circuit,
considering the conductor type cost (c{; , ;) and its length (l;;).
In a similar way, the cost related to the substations is calculated
by using the binary variable for construction/reinforcement
xi“hbtu (using substation type ¢ and assuming initial type h)
and the corresponding cost ¢ ,, ;. Moreover, the cost of CBs
depends on the decision variables (binary for installation, z¢%,
and integer for the number of standard capacitor units, nf;)
and the corresponding costs (¢ for installation and ¢™°¢ per
module). The investment in DG units is calculated according
to the bmary installation variable %9 g,u and the installation
cost cg

The cost associated with the EVCS (ICS) is calculated by
(5) in terms of the decision variables (binary for the allocation
and integer for the number of chargers, zj’°, and nghgu,
respectively) and the installation costs (parameters c°® and cg
for the EVCS and the chargers, respectively). Note that the
maintenance cost and operational cost of the EVCS are not
considered explicitly, although they can be included within

the installation costs.
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The energy cost (EC) and the operational cost of substations
(OS) are calculated by (6) and (7). The EC is written in terms
of the cost of the energy imported by the substation (c®), the
energy cost of the DG units (cedg) and the corresponding
active powers Pssu and P,,C,fli, multlphed by the number of
hours in one year (a) and the load factor (¢;). The OS is
calculated using the apparent power supplied by the substation
that depends on the square approximation of the active and
reactive power (PS and QZ > Tespectively), the operation cost
(c¥), and the loss factor ¢s. Moreover, the function f(p,p,T")
represents a piecewise linearization of the square value of a
variable p, and it is written in terms of its maximum value p
and the number of discretization intervals I', as described in
the appendix.

The function {(7, K) = (1 — (1 +7)"%)7~1 in (6) and (7)
is used to calculate the present value of an annualized cost that
has a duration of K years in terms of the interest rate 7. Thus,
K represents the number of years of each stage.
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Therefore, the objective function is defined as

minz IC+ 1S+ ICB+IDG+ICS+ EC+0OS
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B. Fundamental Constraints of the EDS

The set of equations (9)-(12) corresponds to Kirchhoff’s
laws and represents the operation of radial EDSs [9]. Con-
straints (9) and (10) represent the active and reactive power
balance, which guarantee that all loads are supplied, i.e.,
Kirchhoff’s first law. Constraint (11) calculates the current
magnitude throughout the circuit ij, while constraint (12)
defines the voltage drop in the circuit 75 in terms of its
connection status (represented by the binary variable yc" s
the active and reactive power flows (P, and Q”au s
and the square of the current (I;'; ). These variables are
different from zero only if the corresponding conductor type
a is chosen, i.e., ¥’ » is equal to one. Thus, (11) and (12)
represent Kirchhoff’s second law for each fundamental loop.
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The EV demand is represented on the right-hand side of
(9) as the product of the rated active power of each charger
type (P") and the number of chargers operating in the
corresponding EVCS (nj’;"u) The set of equations above uses
the following variables and parameters: PD and Q are the
active and reactive power demands at node 1; Ra, Xa, and
Z, are the resistance, reactance, and impedance per length of
conductor type a, respectively; n¢% is the number of standard
capacitor units operating at node 1, Whlle Q° is the reactive
power of each capacitor unit; Ql g is the reactive power
supplied by the DG unit at node i. V and V are the lower
and upper voltage limits, respectively, while I, is the current
limit of conductor type a. The parameter VJ/U is the estimated
voltage at node 4, and it is used to obtain a linear expression
on the left-hand side of (11), as proposed in [9].

Operational constraints, such as voltage and current limits
in the system, are defined by (13) and (14), respectively.



KQ S VSQ’I‘ < VZ VZ7u (13)
0< I < s Yij, a,u (14)

C. Logical Constraints Associated with Substations
Constraints (15)-(19) allow for the coordination of the
investment and operation of the substations along the planning
horizon. The investment types correspond to the available
apparent power capacities for the construction/reinforcement
of the substations. In this way, the binary variable z5%’,
represents the option to construct/reinforce a substation ﬁsirig
type ¢t from initial type h (only transitions in which ¢ > h
are allowed). Moreover, the substation types are sorted incre-
mentally, according to the power capacity and the investment
costs. Constraint (15) avoids the execution of more than
one type of investment in the same stage (i.e., only one
of the available power capacities can be chosen for con-
struction/reinforcement), while (16) guarantees that a specific
investment in a substation (from A to t) can be carried out only
one time along the planning horizon. In addition, (17) estab-
lishes that the reinforcement of a substation using initial type
h can be done only if that type was used to construct/reinforce
the substation in previous stages. The binary parameter Ggfﬁf
represents the initial state of the substation at the beginning
of the planning horizon, i.e., it is 1 if the substation was
constructed and 0 otherwise. Finally, (18) guarantees that the
operation of a substation is enabled only if the corresponding
investment was carried out, while (19) allows for the operation
of the substation using only one type of investment in each
stage, following the same logic as (15) for the operation state.

oD <1 Vs (15)
hot
> a, . <1 Vs, ht (16)
Zu}?tu—ew +szsrhk VSht’U, (17)
y;%bu — 967“) + Z szuhb}t,k VS,t, u (18)
k=1 h
(19)

D ysh, <1 Vs,u
t

D. Logical Constraints Associated with Circuits

Constraints (20)-(24) enable the coordination of the in-
vestment and operation of the circuits along the planning
horizon. This set of equations follows the same logical struc-
ture of the constraints related to the coordination of the
investment and operation of the substations. The investment
types correspond to the available current capacities for the
construction/reinforcement of the circuits. In this way, the
construction/reinforcement of a circuit using type b from initial
type a is represented by the binary variable mjj“"a pu (ONly
transitions in which b > « are allowed). The operation of a
circuit using type b is represented by the binary variable yf]”bu,
and the binary parameter 0;; , represents the initial state of the

circuit at the beginning of the planning horizon, i.e., it is 1 if
the circuit was constructed and O otherwise.

Zzwféfa,b,u <1 Viju 20)

fojlra b,u < 1 Vij,a,b (21)

b < Ol + Z fo;’; o Vij,abyu 22)

Yol < 055+ Z > an . Vijbu (23)
k=1 a

(24)

S oyih. <1 Viju
b

E. Mathematical Modeling of EVCSs

The set of equations (25)-(28) used to model the EVCSs
was developed according to the assumptions established in
Section II. Constraint (25) guarantees that an EVCS can
be allocated only one time in a node along the planning
horizon. In addition, (26) allows the installation of chargers
(considering the maximum number C,) only if an EVCS
was already allocated. Constraint (27) limits the number of
chargers operating in each stage such that they do not exceed
the number of chargers already installed.

Z%u <1 v (25)
ZZn;’zk <G Z:vpk Vp, u (26)
e k=1 k=1

e < anfﬁ,k Vp,e,u 27)

Equation (28) relates the number of EVs of type v that
need to be charged (NFY) with the number of EVs that
are assigned to different charger types (n¢", ,)- The term on
the right-hand side of (28) is used to cons1der the stochastic
behavior associated with the number of EVs, and it depends
on the robustness factor ¢(¢) corresponding to the area under
a normal distribution curve for a confidence level of 1 —¢ and
the standard deviation of the number of EVs (¢Z"). Moreover,
(29) establishes that the energy that can be supplied by the
chargers during their operating time dw®® should satisfy the
energy required by the EVs. It is written in terms of the rated
power of the charger type e (P"), the energy required by an
EV of type v (E]°?), the difference between the maximum
EV SOC (¢7%%%), and a factor that represents the EV SOC at

arrival (Psoc).

Zneuu—NEVw() VY, (28)

ch cho cs req max
§ Pe peudw > E nequ soc

p

- ¢soc) vea U

(29)



F. Chance Constraints for the Substation Capacity

Chance constrained programming is a type of robust pro-
gramming that incorporates randomness in the model via a
probabilistic measure over uncertain constraints [19]. The con-
straints, which contain stochastic parameters, are guaranteed to
be satisfied with a certain probability at the optimum solution
point. Thus, the chance constraint (30) considers the stochastic
behavior of the conventional loads and EV demand, and it
guarantees the fulfillment of the substation capacity within a
determined confidence level. This constraint is written in terms
of the stochastic apparent power supplied by the substation
(Ss,u), the capacity (S;), and the investment variables. It
guarantees that the substation capacity is satisfied considering
a robustness probability (related to the robustness parameter

).

Prob{g’&u < Z?tygfﬁ’u} >1—¢€ Vs,u (30)
t
Chance constraint (30) can be represented by the linear
constraint (31), as proposed in [19], in which S, and oy,
are, respectively, the mean value and the standard deviation of
the apparent power supplied by the substation.

Sew+0(E)oen <Y Sy, Vs,u (31)
t

It is necessary to obtain an expression relating the uncertain

load with the apparent power supplied by the substations.

Since there is not an explicit relationship between the active

power demand and the apparent power of the substation, and

due to the nonlinear relationship between active, reactive,

VPSS +Q5.,7%), the

calculation of the mean and the standard deviation of S su 1S
complex. Therefore, these values are calculated by estimating
the active power and assuming a power factor for the power
supplied by the substation (¢, ). For this purpose, the active
power supplied by the substation can be expressed in terms of
the uncertain demands (PD ), the EV demand represented by
the number of chargers (nj’;"u) with its corresponding rated
power (Ph), the power injected by the DG units, and the
power losses, as shown in (32). Moreover, it is assumed that
the power losses correspond to a percentage of the total active
power supplied by the substation (% P'°%%).

and apparent power (given by S;. =

Sew =2 Wit [(L+ %P1 (PR, + Do Pe)

—pr,ﬁ} 67} Vs,u (32)
g

The binary variable wjfﬁ’u indicates whether the node 7 is

connected to the substation s; it is obtained from the analytical
formulation that finds the shortest path through a radial graph
between each node and its corresponding source, as explained
in [26].

Since it is assumed that the loads are independent normal
variables, the mean value for the apparent power is obtained
from (32) by taking the mean values of the demands, as shown
in (33).

;121)“ [(1 + (7Pl055 PD + Zn;}éoupech

- Zpg?gﬁ] ¢, Vs,u (33)
g

On the other hand, the standard deviation for the apparent
power is calculated by (34)-(35), considering that, for normal
distribution functions, the variance of the apparent Eower
(034,) corresponds to the sum of the load variances (0 ) and
that the variance (034,) is the square of the standard dev1at10n
(0s,u), (approximated using the function f and a maximum
value 7 ,,).

sub
szu

2
ol = (1—|—%Ploss)¢;ﬂ cril?uQ Vs, u (34)
03, = f(Osu,05u,1) Vs,u

oot (35)

Thus, the proposed MILP model, described by (1)-(29),
(31), and (33)-(35), is a robust formulation for the multi-
stage joint expansion planning of EDSs and EVCSs, which
considers the stochastic behavior of the conventional loads
and EV demand. This MILP model can be solved using
classical optimization techniques to find the optimal solution
that guarantees the fulfillment of the substation capacity within
a robustness level.

IV. TEST AND RESULTS

The mathematical model described in section III was im-
plemented in AMPL [21] and solved via CPLEX [22]. The
application of the proposed model is illustrated using a didactic
18-node distribution system adapted from [9] and 54-node
distribution system [27].

A. Expansion Planning for the 18-Node Distribution System

The didactic 18-node distribution system has 4 substations,
14 load nodes, and 26 circuits, and a nominal voltage of 20
kV. Two substations of type 1 are constructed in nodes 15
and 16 at the beginning of the planning horizon, as shown
in Fig. 1. Furthermore, continuous lines represent constructed
circuits, while dashed lines represent circuits for expansion and
red numbers correspond to the circuit length. Three planning
stages are considered, each one with a duration of 5 years; the
load data for each stage is shown in Fig. 1.

Two substation types are available for this system, with
capacities of 8 MVA and 12 MVA, while two circuit types
are considered, with capacities of 197 A and 314 A [9], [20].
The construction and reinforcement costs of the substations
and circuits are shown in Table I. The interest rate is defined
as 10%. c? is 0, i.e., the operational costs of the substations
are neglected. One type of DG unit is considered, with a
cost equal to $2200 - 103, a capacity of 3000 kVA, and
a power factor of 0.95. The candidate nodes for allocating
DG units are {1,3,7,8,9,10,11,12}, and a limit of 35%
for the DG penetration is adopted. The capacitor allocation
considers a limit of six CBs, with at most four modules per
bank; parameters ¢, ¢™°?, and Q¥ are $1000, $900, and
300 kVAr, respectively.



TABLE I )
SUBSTATION AND CIRCUIT COSTS (103$)

Substations Circuits
Final type Final type
Initial type 1 2 1 2
0 (not build) 1000 1800 | 25 35
1 - 800 - 30
B NOMINAL LOAD DATA (KVA)

Stage

1 2 3
1 4050 4735 5420
2 780 995 1210
3 2580 3380 3980
4 320 410 490
5 280 370 470
6

7

8

9

Node

1170 1305 1440
4040 4200 4360
720 830 940
0 1150 1350
10 0 3050 3160
11 1620 1620 2200
12 0 0 1220
13 2160 2160 2400
14 0 0 2100

Fig. 1. Initial Topology of the 18-node System

Two types of EVs are considered to represent the whole EV
population: a Tesla and a Nissan Leaf, with battery capacities
of 50 kWh and 25 kWh. Moreover, the factor ¢, is assumed
to be 0.5, based on the probability distribution function for the
initial EV SOC presented in [28]. The EV penetration level,
i.e., the percentage of users with an EV, is 2%, 11%, and 30%
for each stage of the planning horizon [15]. It is also assumed
that 20% of the EVs are charged at home, while the other 80%
are charged in public EVCSs. Therefore, 210, 1688, and 5521
EVs along the three stages are charged in the EVCSs.

The installation cost of an EVCS, including the opera-
tional cost, is defined as ¢“* = $500 (the operational cost
is considered to be 10% of the installation cost [29]). The
operation time of the EVCSs is defined as 12 hours per day.
The candidate nodes for allocating EVCSs are {3,8,9,10,11}.
These locations should have suitable characteristics related to
the space and support from nearby residents, as mentioned in
[5]. Two types of chargers, denoted as FC (fast charger), with
c¢ = 60 US$ and PEC'L = 50 kW, and SC (slow charger), with

€

¢¢ =9 US$ and P" = 10 kW, are used in the EVCSs [29],
[30].

The results for the EDS expansion planning are analyzed
considering a deterministic and robust approach. First, the
proposed model is evaluated using deterministic values for the
demands, i.e., the corresponding standard deviations are zero.
Then, future uncertainties related to the demands are taken

into account by the robust formulation.

1) Deterministic Approach: In order to analyze the mul-
tistage joint expansion planning of EDSs and EVCSs from
a deterministic approach, two cases are evaluated: expansion
planning without EVCSs (Case A) and expansion planning
considering the allocation and sizing of EVCSs (Case B). In
Case A, it is assumed that all of the EVs are charged in homes
(i.e., home charging mode) at the peak hour, assuming the
worst case for the EDS operation. Table II shows a summary
of the investment and operational costs for each case. It can
be noted that there is a positive impact on the EDS, due to
the allocation of EVCSs. When the EV demand is distributed
in each node of the EDS (i.e, Case A), the conventional load
is increased, and additional investments are required to meet

TABLE 11
SUMMARY INVESTMENT AND OPERATIONAL COSTS (103$)
COST Case A Case B Case C
IS 1,006.46 | 385.54 1,006.46
(¢ 397.74 355.32 339.11
ICB 21.79 23.39 24.22
IDG 7,462.42 | 5,766.03 | 5,766.03
ICS 0.00 2,324.73 | 2,875.22
EC 67,111.42| 58318.91| 59,326.24
Total 75,999.83] 67,173.91| 69,337.29
TABLE III
NUMBER OF CHARGERS: DETERMINISTIC APPROACH
Stage 1 2 3
Node | FC SC | FC SC | FC  SC
3 2 9 14 7 23 187
8 - - 7 1 - -
14 - - - - 1 3
15 - - - - - 23
Total 2 9 21 8 24 213

the total demand. Indeed, Case A presents higher investment
costs in substations, circuits, and DG units, as well as in the the
energy cost supplied by the substations and the DG units along
the planning horizon. In Case B, wherein the EV demand is
concentrated in some nodes of the system (i.e., EV charging
in EVCSs), the investment and operational costs are reduced
by 3.12% approximately, resulting in a positive impact for the
EDS in comparison with Case A. The expansion plans for both
cases are illustrated in Figs. 2 and 3 (topology in operation is
shown). Note that, without EVCSs (Fig. 2), the substations at
nodes 17 and 18 are constructed in Stage 3, and most of the
circuits are built with higher capacity conductors.

In Case B, when EVCSs are considered, the topology of the
network is different. Substation 17 is constructed in Stage 3,
and different circuits are constructed/reinforced using, mostly,
conductors with lower capacity (see Fig. 3). Furthermore, the
allocation of the DG units and CBs is also different when the
EVCSs are considered in the expansion planning. Only three
DG units are installed in Stage 3 for Case B, while for Case
A, five DG units are required in the same stage. The EVCSs
are mainly allocated at nodes near the DG units and CBs, in
an attempt to maintain a suitable operation of the EDS. For
instance, one EVCS is located at node 3, along with a DG
unit in Stage 1, and another EVCS and a CB are located at
node 11 in Stage 3.

Table IIT shows the number of each type of charger allocated
in each node and each stage for Case B. Four EVCSs and 277
chargers (47 FCs and 230 SCs) are necessary to meet the
power demand of the EVs during the planning horizon.

Finally, it must be highlighted that, in both cases, some cir-
cuits are disconnected in order to maintain the radial operation
of the EDS.

2) Robust Approach: The multistage joint expansion plan-
ning of the EDS and EVCSs is analyzed considering the
stochastic behavior of the conventional loads and EV demand.
Case B is extended, and the expansion planning, considering
allocation and sizing of the EVCSs, is solved using the
proposed robust formulation (Case C). It is assumed that the
conventional load and the number of EVs follow a normal
distribution. The mean values for the loads are the ones shown
in Fig. 1, while the mean values for the number of EVs are the
same as those in Case B. Moreover, the standard deviations
are equal to 15% of the corresponding mean values.



16 16 16
Stage 1 Stage 2 Stage 3
—— Conductor 1
—— Conductor 2

- Substation Capacitor
- for expansion Bank
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Fig. 2. Multistage EDS expansion planning for Case A.

16 16 16
Stage 1 Stage 2 Stage 3
Fig. 3. Multistage EDS expansion planning for Case B.

15 15 15

16

16
Stage 2 Stage 3

16
Stage 1

Fig. 4. Multistage EDS expansion planning for Case C.

The robustness parameter used in the chance constraint for
the substation capacity and the estimation of the number of
EVs is 5%, i.e., ¢(c) is equal to 1.645. This value guarantees
the accomplishment of the substation capacity constraint with
a probability of 95%. Furthermore, it covers 95% of the area
under the normal distribution curve for the EV penetration.

The investment and operational costs for Case C are shown
in Table II. It should be noted that the total cost of the
robust solution is higher than the total cost of the deterministic
solution (Case B), a difference of approximately 4%. This
fact is due to the additional investments required to guarantee
enough capacity of the substations, in order to account for

uncertainties in the demand.
In Case C, two new substations are constructed along the

planning horizon: Substations 17 and 18 in Stages 2 and
3, respectively (see Fig. 4). It must be highlighted that, in
comparison with Case B, one additional substation should be
built to avoid possible overloads related to demand growth that
may be larger than expected. It should also be noted that the
investments in the circuits and the topology of the EDS are
different in comparison with Case B, i.e., circuits of higher
capacities are used. For instance, conductors of type 2 are
necessary to connect some EVCSs.

The allocation of DG units and CBs is also different along

TABLE IV
NUMBER OF CHARGERS: ROBUST APPROACH

Stage 1 2 3

Node | FC SC | FC SC | FC SC
3 - - 6 - 52
8 3 8 2 16 41
13 - - - - 3 214
14 - - 20 1 2 6

Total 3 8 28 1 21 313

TABLE V
FAILURE RATE OF THE SUBSTATION CAPACITY (%)

Stage 1 Stage 2 Stage 3
Substation | 15 16 17 18 | 15 16 17 18| 15 16 17 18
Case B 00 02 - 39 679 - 438 36.6 04 -
Case C 00 14 - 00 00 02 - 00 26 22 10

the expansion horizon when uncertainty is considered. The
CBs are allocated at the same nodes as in Case A. However,
three DG units are allocated at nodes 1, 7, and 10. The
allocation and sizing of the EVCSs for Case C are shown
in Table IV. Four EVCSs with 374 chargers (52 FCs and 322
SCs) are necessary to meet the power demand of the EVs
during the planning horizon. As in Case B, most of the EVCSs
are allocated at nodes close to energy sources and CBs.

The results show that the expansion plans for the deter-
ministic and robust approaches (Case B and C, respectively)
are different in terms of the investment costs in substations,
circuits, CBs, and EVCSs. Those costs are increased in order
to provide a robust solution for the EDS expansion planning.
In all cases, the results show changes in the topology of the
network, in the reinforcement of circuits, and in the construc-
tion of new substations. These investments are proposed to
satisfy the conventional loads and EV demand requirements.

Additionally, Monte Carlo simulations are carried out in
order to evaluate the robustness of the expansion plan, conside-
ring the substation capacity. The simulations are made taking
into account the normal distribution of the stochastic demands.
Table V shows the failure rate of the substation capacity for
Cases B and C at each stage of the planning horizon. The
results obtained after 1,000 Monte Carlo simulations show
that the deterministic approach (Case B) has the worst per-
formance, with violations in the substation capacities, greater
than 10%. Specifically, at node 16, the violation is higher than
65% in Stage 2 and almost 37% in Stage 3. Although the
solution for Case C has a larger cost, the failure rate of the
substation capacity is maintained below the limit defined by
the robustness parameter, i.e., lower than 5%.

The results show that, considering only economic aspects,
the best expansion plan is the one obtained using the de-
terministic approach, i.e., Case B. However, under uncertain
conventional load and EV demand, this plan presents a large
substation capacity failure rate. On the other hand, the more
expensive investment plan, found by the robust approach (Case
C), is robust enough to deal with the uncertainty associated
with the demands.

B. Expansion Planning for the 54-Node Distribution System

An additional test using a 54-node distribution system,
adapted from [27] was used in order to verify the scalability
of the proposed mathematical model. It was verified that



Fig. 5. Multistage EDS expansion planning for 54-node system at stage 3. a) Case B and b) Case C

the proposed model is able to solve the complex expansion
planning for this distribution system. The results for the EDS
expansion planning are analyzed considering the allocation
and sizing of the EVCSs, i.e., Case B and Case C (the
deterministic and robust approach, respectively).

The investment and operational costs for Case B and Case
C are $83,156.71x10% and $88,668.59x103, respectively. As
in the 18-node test system, it should be noted that the total
cost of the robust solution is higher than the total cost of
the deterministic solution (a difference of approximately 6%).
This fact is due to the additional investments required to
guarantee enough capacity of the substations to deal with the
uncertainties in the demand. In Case B, Substation 54 is built
in Stage 1, and different circuits are constructed using only one
conductor type. Furthermore, only five DG units are installed
in Stage 3 for Case B, while for Case C, seven DG units
are required in the same stage (see Fig. 5). The EVCSs are
mainly allocated at nodes near the DG units and CBs, in an
attempt to maintain a suitable operation of the EDS. In Case
C, two new substations are constructed along the planning
horizon: Substations 54 and 53 in Stages 2 and 3, respectively.
In comparison with Case B, one additional substation should
be built to avoid possible technical problems caused by the
unexpected demand growth.

The investments in the circuits and the topology of the EDS
are also different for both cases. It must be highlighted that,
in comparison with Case B, the investment in the circuits in
Case C is also higher. The allocation of DG units and CBs,
as well as the EVCSs, is also different along the expansion
horizon when uncertainty is considered. For instance, three
EVCSs with 792 SCs are necessary to meet the power demand
of the EVs during the planning horizon in Case B, whereas
in Case C, three EVCSs with 979 chargers (2 FCs and
977 SCs) are installed. As in the previous test, most of the
EVCSs are allocated at nodes close to energy sources and
CBs. In addition, the robustness of the expansion plan is
evaluated for Case C through Monte Carlo simulations. Similar
to the previous test system results, the failure rate of the

substation capacity is maintained below the limit defined by
the robustness parameter.

V. CONCLUSION

A novel mixed-integer linear programming (MILP) model
for the robust multistage joint expansion planning problem of
electrical distribution systems (EDS) and the allocation and
sizing of Electric Vehicles Charging Stations (EVCSs) has
been developed. The proposed formulation defines the con-
struction/reinforcement of substations, EVCSs, and circuits,
and the allocation of distributed generation units and capacitor
banks. Chance constraints were used in the robust formulation
to consider the uncertainties associated with the conventional
loads and EV demand, guaranteeing the fulfillment of the
substation capacity and the EV requirements within a specified
confidence level.

The results demonstrate that the allocation of EVCSs results
in a positive impact on the expansion plan for the EDS.
The impact is mainly reflected by the differences between
the substation and the circuit investments, as well as in the
topology of the network. Thus, there is a reduction in the
total cost of the investment plan when EVCSs are considered
in the EDS expansion planning.

The solution provided by a deterministic approach, con-
sidering EVCSs, leads to more economic expansion plans.
However, under uncertain conventional load and EV demand,
it could present high failure rates for the substation capacity.
On the other hand, the robust solution provides an investment
plan with a larger cost, but it is robust enough to deal with
the uncertainty associated with the demands.

In this way, the decision-maker can choose an expansion
plan according to a given risk level associated with the demand
variations in the EDS operation.

Monte Carlo simulations were carried out in order to verify
the compliance of the proposed chance constraint in the robust
formulation. It was found that the proposed robust formulation
provides a solution in which the substation capacity and the
EV requirements are satisfied within a specified confidence
level.



APPENDIX

A piecewise approximation is used to define a function f,
which calculates the square value of a variable p, limited by the
interval [0, p]. If the interval is partitioned into I" equally sized
blocks, the partition set P = {0,p/I',25/T,...,p} would
be defined so that every block would have an equal length
of p/T. Considering that A, ., is a continuous variable that
defines the value of the n-th block in partition P, the piecewise
linear approximation of p? is given by (36)-(40). This type of
function has a general structure, as follows:

f(p;p,T Zmpv Py (36)
pt—p” =p @37
pt+p ZAPV (38)
ogAM<p/F Vy=1,..T (39)
myy=2y-1)/T Vy=1,.,T (40)

where I' is the number of discretizations used in the function
f; m, is the slope of the ~th block of the piecewise
discretization of p; A, is the value of the yth auxiliary
variable used in the discretization of p; and p* and p~ are
positive auxiliary variables used in the calculation of |p|.
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Abstract

This paper proposes three metaheuristic optimization techniques to solve the plug-in electric vehicle (PEV)
charging coordination problem in electrical distribution systems (EDSs). Optimization algorithms based on
tabu search, greedy randomized adaptive search procedure, and a novel hybrid optimization algorithm are
developed with the objective of minimizing the total operational costs of the EDS, considering the impact of
charging the electric vehicle batteries during a specific time period. The proposed methodologies determine a
charging schedule for the electric vehicle batteries considering priorities according to the PEV owners charging
preferences. A 449-node system with two distributed generation units was used to demonstrate the efficiency
of the proposed methodologies, taking into account different PEV penetration levels. The results show that
the charging schedule found makes the economic operation of the EDS possible, while satisfying operational
and priority constraints.

Keywords: Electrical distribution system, hybrid algorithm, metaheuristic, plug-in electric vehicle charging

coordination.



1. Introduction

The future large-scale penetration of plug-in electric vehicles (PEVs) will bring both positive and neg-
ative consequences, depending on different points of view [1]. In the environmental context, PEVs reduce
greenhouse gas emissions (C'02,502, and NO,) by decreasing fossil fuel consumption [2]. On the other hand,
PEVs benefit the transportation sector by providing low operational costs [3]. However, from the point of
view of the electrical distribution system (EDS) operation, PEVs represent a significant new load that must
be supplied efficiently by the system, fulfilling the final consumers needs [1]. Previous works have shown that
the EDS operation is strongly affected when PEV charging is not properly coordinated [4]. Several problems,
such as higher load peak, decrease in service quality, degradation of the voltage profile, overload of circuits,
and increase in energy losses are consequences of PEV penetration [4]-[6]. Nevertheless, those impacts can
be mitigated by using heuristic procedures to solve the PEV charging coordination (PEVCC) problem [4],
[7], [8]-[10]. Charging strategies based on quadratic optimization models [6], [11] and mixed-integer linear
programming (MILP) [12], [13] have been proposed. An MILP approach that minimizes the total daily cost
due to EV charging to define the charging schedule in real-time was proposed in [13]. Other approaches based
on decentralized PEV charging strategies have been investigated in [13], [14], [15]. In these latter works, each
PEV is allowed to determine its own charging pattern, i.e., there is no central operator deciding when and
at what rate each individual PEV will be charged.

On the other hand, centralized approaches have been considered for the PEVCC problem [10], [16], [17].
An algorithm for real-time smart load management applied to the PEVCC problem, which minimizes the total
generation cost and the energy losses of the network, was developed in [10]. Furthermore, an evolutionary
algorithm [16] and a metaheuristic method based on particle swarm optimization, genetic algorithms, and
simulated annealing [17] were developed in order to provide quality solutions for the PEVCC problem.

The operation of the EDS, considering PEV charging and integration of DG sources, is a challenge for the
EDS operator. Some authors have addressed this subject [8], [10], [18], [19]. Reference [18] proposed an online
fuzzy coordination algorithm for the PEVCC problem that minimizes the total cost of energy generation and
power losses, while maintaining the network’s operational constraints and considering priority charging and
DG resources. An optimization methodology for designing integrated PEV charging systems with multiple
chargers, renewable DG, and storage units was proposed in [19].

Some other studies have considered the relationship between PEV charging and photovoltaic (PV) gen-
eration [20], [21], [22], as well as the relationship between PEV charging and wind power generation [23],

[24]. Likewise, the PEVCC problem including DG operation in a three-phase generic LV distribution network



was investigated in [25]. The management of DG units, demand response, and electric vehicles with V2G
technology in a smart grid environment were considered in an optimization approach based on simulating
annealing (SA) in [26]; additionally, a methodology based on mixed-integer nonlinear programming (MINLP)
was proposed to compare the results obtained with the SA approach, showing an important reduction in the

computational times.

1.1. Contributions

As discussed in [18], global optimization techniques can be used to solve the PEVCC problem, although
these techniques require a large computational effort. For this reason, the application of alternative opti-
mization techniques, such as metaheuristics, should be investigated. This work proposes novel optimization
algorithms based on the metaheuristics Tabu Search (TS) [27] and Greedy Randomized Adaptive Search Pro-
cedure (GRASP) [28], to minimize the total operational costs of the EDS by finding the best possible PEV
charging schedule that satisfies the PEV energy requirements, the priority charging conditions of the PEVs,
and the operational constraints of the EDS. Also, a hybrid algorithm that, improves on the solutions found
using the classical TS and GRASP algorithms is proposed. The performance of the proposed optimization
methods was investigated in a 449-node EDS including medium and low voltage feeders.

The main contributions of this paper are as follows:

1. Novel metaheuristic algorithms for solving the PEVCC problem in EDSs, considering DG units, as well

as the electrical and operational constraints of the system;

2. A procedure to obtain a suitable charging schedule for the PEVs with efficient computational behavior,

which uses a sensitivity index for the variation of the energy costs related to the PEV charging.

2. Mathematical Formulation of the PEVCC problem

The PEVCC problem can be formulated as an MINLP model in which the steady-state operation of the
EDS is modeled based on [29] and [30]. The solution of this model provides the optimal charging schedule

for the PEV batteries. In order to model the PEVCC problem, the following assumptions are considered:

1. The PEV batteries must be charged in a defined time period divided in time intervals, in which the

charging process is executed;
2. The energy required by each PEV battery is known at the beginning of the time period;

3. The EDS operator controls the PEV charging process, i.e., the PEVs are equipped with communication

devices that make it possible to control their charging state in each time interval;



4. Additionally, in each state of the charging schedule the operational constraints of the EDS must be

satisfied.

2.1. Objective Function

The main objective of the PEVCC problem is to minimize the total operational cost of the EDS (1). The

objective function proposed in this work is formed by six components, calculated over the time period as the

sum of the energy loss cost (2), the cost of energy consumption by the conventional loads, the PEVs, and

energy provided by the DG units (3), a term that encourages the charging of PEVs with priority conditions

(4), the penalization of voltage limit violations (5), the penalization of current limit violations (6), and a

penalization associated with non-charged PEV energy (7). The cost represented in (4) enables PEV charging

with priority conditions, where p; is a decreasing function defined by the equation 26+24H(t-18)~t anq H (t)

is a Heaviside function. This term encourages the charging of priority PEVs as soon as possible over the

charging of non-priority PEVs.

min w+B+y+o+p+v
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2.2. Network Constraints

Three types of constraints are considered in the proposed model:

e Active and reactive power balance constraints along with the voltage drop in the circuits, which represent



Kirchhoffs laws and make it possible to calculate the steady-state operation of the EDS.

Z Pt — Z (Paje+ Rijuliiyy) + Py = et Py ViENYVteT (8)
ijeL kjeL
S Qi — D Qi+ Xujuldy) + Q% =Q4, VjeNVeT (9)
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Equations (8) and (9) represent the active and reactive power balance and guarantee that all loads are

supplied. Equations (10) and (11) represent the application of Kirchhoff’s voltage law [31].

Operational constraints such as voltage limits, current capacity, and DG limits.

0< P/, <P/ VjeNteT (12)
9<Q9,<Q% YjeN,teT (13)
(Qi{t‘ < PYtan (arcos (pfj) Vj €Nt €T (14)

Constraints (12)-(14) represent the operational limits of the DG units, taking into account that these
constraints only appear for nodes with DG, and not substation nodes. The voltage limits and current
capacity constraints are not presented individually because they are treated as penalizations in the

objective function (1).

Constraints associated with the PEVs: energy balance in the batteries, PEV maximum power con-

sumption, and priority conditions.

Ey =Y APji+m VjeN (15)
teT
P =Pz, VjeN,teT (16)

Equation (15) represents the energy balance of a PEV battery, which is expressed in terms of the energy
charged in the battery (E}), the power consumed in each time interval (P};), and the energy not charged
in the battery at the end of the time period (7). Equation (16) determines the power demanded by a
PEV according to the maximum power of the PEV battery and its charging state (where z3, is 1 if the

battery is totally charged, otherwise, x7, is 0).



The optimization model (1)-(16) is an MINLP due to the nonlinearities in (11). This kind of model can
be linearized using different techniques, as presented in [30], in order to solve the problem more easily.
Nevertheless, classical optimization techniques could present performance issues when the problem has large
dimensions. As a result, it might be difficult to solve the problem in reasonable computational time. On the
other hand, heuristic and metaheuristic techniques can provide good-quality solutions that are close to the
optimal solution or even the optimal solution with less computational effort, which makes them suitable for

solving the PEVCC problem.

3. Metaheuristic Optimization Algorithms for the PEV Charging Coordination Problem

New optimization algorithms based on T'S and GRASP are presented in this section to solve the PEVCC
problem. These algorithms have been developed to solve the PEVCC problem in EDSs and to minimize the
total operational costs defined by (1). Additionally, a hybrid algorithm that combines TS and GRASP is
developed.

In order to assess the steady-state operation of the EDS, including PEV charging and DG source operation,
a specialized radial load flow based on the backward/forward load flow proposed in [32] is used. All loads are

represented as constant active and reactive power loads.

3.1. Tabu Search Algorithm for the PEVCC

As any local search method, TS employs four basic components [30]:

1. A codification structure that represents a solution proposal and defines the search space;
2. A procedure to generate an initial solution;

3. A neighborhood structure to generate a subset of solutions;

4. A transition mechanism that establishes how to pass from a solution proposal to a new solution.

3.1.1. Codification structure

A solution proposal is represented in a matrix in which each row corresponds to a PEV and the number
of columns is defined as the maximum number of time intervals required to charge the PEV batteries, as
given by (17).

R
N




As illustrated in Fig. 1, the elements of the codification matrix are integer numbers that belong to the
set, of time intervals T" and represent the time interval in which the PEV batteries are charged. In this way,
the number 1 represents the time interval between 18:00 and 19:00, the number 2 represents the time interval
between 19:00 and 20:00, and so on. For a given PEV, the chosen codification indicates the time intervals in
which the PEV battery is charged; however, it does not necessarily indicate the sequence in which the PEV
battery is charged. Fig. 1. illustrates the case in which three time intervals are needed to charge the PEVs

(A = 3).

Figure 1 goes here.

3.1.2. Initial Solution

As the energy costs could change over the time intervals, an initial solution can be built by charging
the PEV batteries without priority conditions during the time intervals with the lower energy costs. In
this case, usually the chosen time intervals are in the early morning. On the other hand, the charging of
PEVs with priority conditions should be carried out during the first hours of the time period because it
is expected that these PEVs need to be charged as soon as possible. So, following these conditions, the
initial solution is easy to be generated. However, voltage and current limit violations may appear due to the
simultaneous charging of the PEVs. If necessary, the optimization process can search in the solution space
to eliminate such infeasibilities and find a good-quality solution. The proposed initial solution simulates an
uncoordinated charging process in which the PEVs are connected to the network without being managed by
the EDS operator. The proposed methodology allows the EDS operator to identify suitable time intervals to
charge the PEVs.

3.1.8. Neighborhood structure

For a given solution proposal, a neighbor solution can be generated by changing the time intervals stored
in one position of the codification matrix. That operation can be carried out for each row of the matrix
(associated with a PEV) and for each column (associated with a charging time interval), with the condition
that the new generated time interval differ from the current time intervals present in the selected row.
Additionally, the new time interval must belong to the set of time intervals T. Thus, the feasibility of the

new solution proposal is maintained from the point of view of the codification.

3.1.4. Transition mechanism
After evaluating all the neighbor solutions for a current configuration, a solution is chosen by applying

the TS criteria and using a short-term memory structure, as explained in [27].



3.1.5. Steps of the tabu search algorithm:

Step 1: Generate the initial solution.

Step 2: Evaluate the neighborhood.

Step 3: Select the solution according to the TS transition mechanism.
Step 4: Update the TS short-term memory structure.

Step 5: Verify the stopping criterion. If it is satisfied, stop. Otherwise, return to Step 2.

3.2. GRASP Algorithm for the PEVCC

The GRASP algorithm is used to solve the PEVCC problem by adapting its construction and local search

phases [28]. The codification of the solution proposal is presented in Section 3.1.1.

3.2.1. Construction phase

In the construction phase, an initial solution is iteratively formed by selecting one element at a time. The
construction phase begins with an empty initial solution and, in each iteration, a PEV is chosen to be charged
in a specific time interval. The process stops when A time intervals have been assigned to all PEVs, i.e., all
the periods required to charge the battery of each PEV in the system have been assigned. In each iteration
of the construction phase, the next element to be added is selected from a Restrict Candidates List (RCL),
which is built using a sensitivity index (18) and parameter a € [0,1]. The sensitivity index ®; estimates, in
each iteration, the variation of the objective function when the charging of a new element is considered, e.g.,
the k-th PEV at the t-th time interval. The use of this index to evaluate the objective function avoids the

calculation of a complete load flow for all possible candidates.
Dpy = MtAtAPkL,fSS + AP — ki Py (18)

Thus, the sensitivity index improves the efficiency of the algorithm by reducing required computational effort.

Using the sensitivity index, the RCL is defined by (19).
RCL = {k7t € X|q)mzn < (I)k,t < Ppin + ((I)maz - q)mzn)} (19)

Where X is the set of index that represent the elements allowed to be added to the solution. ®,,,;, and P,

are the minimum and the maximum values for the index. The objective of (19) is to select the elements



with the lowest values of ®;;. The value of « is adjusted experimentally by doing simulations with different
values.

When the RCL is created, an element is chosen using a linear probability distribution function described
in (20), where r; represents the position of element ¢ in the sorted RCL, according to the quality of ®y ;.

Therefore, the probability of choosing element i is found using (21).

b
Pi= 21
> b (@)
JERCL

The selection of the i-th element is implemented using a random number generator and a proportional selection
criterion. The selected element is added to the solution in construction, and then, the objective function is
calculated again using (1). This iterative process ends when a solution has been completely constructed. The

construction phase of the proposed GRASP algorithm is comprised of the following steps:
Step 1: Read the input data and set a.

Step 2: Define an empty set as the initial solution, i.e., the EDS with no PEVs connected to the network.

Calculate the steady-state operation of the EDS without PEVs.

Step 3: Calculate ®; using (18) for all the PEVs in all time intervals ¢ € T', which have not yet been

added to the solution.
Step 4: Create the RCL using (19).

Step 5: Calculate p; for all elements of the RCL and choose the element that will be added to the solution

in construction.
Step 6: Evaluate the objective function.

Step 7: Check the stopping criterion. If it is satisfied, stop. Otherwise, return to step 3.

3.2.2. Local search phase
The main objective of the local search phase is to improve the solution obtained in the construction

phase. A steep descent heuristic algorithm is implemented using the neighborhood structure proposed in



Section 3.1.3. After all the neighbors have been evaluated, the next solution will be the best neighbor
solution found.
The local improvement process ends when none of the neighbor solutions are better than the current

solution. The local search phase of the proposed GRASP algorithm has the following steps:
Step 1: Read the current solution found in the constructive phase of the GRASP algorithm.
Step 2: Generate a neighbor solution.
Step 3: Evaluate the objective function.

Step 4: If the neighbor solution is better than the current solution, make the transition to the neighbor

solution.

Step 5: Check the stopping criterion. If there is no neighbor solution better than the current one, then the

local search phase is finished. Otherwise, return to step 2.

3.2.8. Stopping criterion of the GRASP algorithm
The stopping criterion established in the GRASP algorithm is a maximum execution time. At the end
of the process, when the maximum time is reached, the best found solution is the solution for the PEVCC

problem.

3.8. Hybrid Optimization Algorithm (HOA)

Hybrid algorithms are frequently used to obtain good solutions for a certain problem by combining different
search strategies from two or more methodologies in the solution space [34]. They are developed in order to
improve the solutions found using simple algorithms. In this work, a novel hybrid optimization algorithm is
proposed in order to improve the found solutions via the TS and GRASP methodologies previously presented.

The HOA takes advantage of the TS and GRASP characteristics. This way, the proposed HOA uses the
GRASPs construction phase to generate a good-quality initial solution, and then the short-term strategies of
the TS algorithm are applied in the local search phase. The HOA is an iterative process that, can be executed
in a limited amount of time. Due to the features of GRASP, a different initial solution is generated in each
iteration, making it possible to diversify the search process by exploring different regions of the search space.

A flow chart of the proposed hybrid optimization algorithm is shown in Fig. 2.

Figure 2 goes here.
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One advantage of the proposed HOA is its simple and practical application. Furthermore, the results
demonstrate that the proposed HOA has better performance than the TS and GRASP methodologies, as

shown in the results Section.

3.4. PEV Charging and DG Units

As mentioned in [35], DG units enhance the performance of the system, improving the voltage profiles
and reducing the active power losses and total operational cost. Therefore, DG units were included in the
optimization methodologies in order to identify their impact on the EDS operation and the scheduling of
the PEV battery charging. Each methodology (TS, GRASP, and HOA) is used to define the optimal power
injected by the DG units in each time interval. This optimization process consists of a unidimensional search,
which makes small variations in the DG unit power, starting with an initial value, in order to improve the

objective function.

4. Test and Results

The algorithms were developed in the programming language C++ and were executed using a Dell
PowerEdge R910x64 computer with six processors at 1.87 HGz Model i7 4807. A 449-node distribution
system was used to compare the performance of the TS, GRASP, and HOA methods. Four PEV charging
scenarios, as shown in Table 1, were taken into account. In these scenarios, two PEV penetration levels were
considered: 47% (198 PEVs) and 63% (264 PEVs). Additionally, it was assumed that some of the PEVs
should be charged with priority. The 449-node system, whose data are available in [10], consisted of a network
with 31 medium-voltage nodes (23kV) and 22 low-voltage feeders (415V), each with 19 nodes. The PEVs
were connected in the low-voltage network.

The energy cost and the load for each time interval are available in [30]. The considered time period
for the charging spanned from 18:00h until 08:00h, broken down into time intervals of 1 hour, i.e., Ay = 1h.
Therefore, time interval 1 was from 18:00h to 19:00h, time interval 2 was from 19:00h to 20:00h, and so
on. The voltage limits for all cases were V = 0.9pu and V = 1.0pu, while the maximum current for all the

low-voltage feeders was 200A.

Table 1 goes here.

There were two DG units connected at nodes 14 and 17, corresponding to a DG penetration of about
40% of the maximum demand. One of the DG units was a small hydro power plant with a fixed generation

in each time interval. The other was a DG unit whose generation can vary over time depending on system

11



requirements. The cost of the energy supplied by both DG units (n) was 0.04 US$/kWh. The active and
reactive power limits were P = 200kW, Q% = 100kVAr, and QZ = —100kVAr with a fixed power factor
equal to 0.9. The capacity of the PEV batteries was 20kWh, according to information provided in [33]. The
maximum power of the battery was 4kW as assumed in [10].

With the purpose of maintaining a balance between a random and greedy selection in the GRASP and
HOA algorithms, the alpha value chosen was a = 0.5 for all scenarios. In order to investigate the performance
of the proposed methodologies, tests considering time limits of 300, 600, and 1200 seconds were carried
out. Moreover, an additional test considering a relatively large time limit (4h) was executed to study the
convergence of the proposed methodologies. Table 2 shows the objective function value for each of the PEV
charging scenarios for different time limits. In this table, it can be observed that, in most cases, the best
objective function values were found using the HOA methodology. For this reason, the information presented
about power consumption, minimum voltage, and power losses correspond to the results obtained using the
HOA methodology. Note that there was little difference between the three proposed methodologies in terms
of the value of the objective function. Table 3 shows the deviation of the objective function (in percentage)
found by all methodologies for each PEV charging scenario relative to the best solution found in each case.
The last row of the table contains the average deviation percentage for each case. The results show that all
values corresponding to the HOA methodology had the smaller average deviation, close to zero, confirming

that this methodology provides better solutions for the PEVCC problem.

Table 2 goes here.

Table 3 goes here.

The power consumption of the system (power generated by the substation and DG units) is shown in
Figs. 3 and 4. The red areas represent the consumption of PEVs with priority conditions, the green areas
represent the consumption of PEVs without priority conditions, and the white areas represent the conventional
loads. As mentioned in Section 3.1.2, the initial solution proposed (uncoordinated charging) had low voltage
problems and congestion in the feeders, as well as an increase in energy losses. Figs. 3 and 4 show that,
after applying the proposed HOA, the power consumption of the system was modified to eliminate these

infeasibilities.

Figure 3 goes here.

Figure 4 goes here.
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The minimum voltages in each time interval are presented in Figs. 5 and 6. Figs. 5(a) and Fig.6(a) show
that for cases A and B, the uncoordinated charging violated the voltage limits in the first five time intervals.
A similar situation occurred for Cases C and D related to charging without priority conditions, as shown in
Figs. 5(b) and Fig.6(b). In these cases, the uncoordinated charging violated the voltage limits in the last five
time intervals due to the PEVs being charged in the periods with the lowest cost of energy. Note that after
the application of the HOA methodology, the solutions found for all cases did not present any operational
constraint violations. It is also possible to observe that the voltage profile improved with the use of DG units

(Cases B and D).

Figure 5 goes here.

Figure 6 goes here.

The total energy losses of the EDS are presented in Fig. 7. The uncoordinated charging of the PEVs led
to greater energy losses than with optimized charging. The solution found by the proposed HOA distributed
the PEV charging adequately, avoiding an increase in the peak load and achieving a significant reduction in
energy losses. Moreover, note that for Cases B and D, which considered DG units, the value of the total

energy losses was smaller compared to the other cases.

Figure 7 goes here.

Table 4 shows a summary of the best objective functions and related costs for each charging scenario.
The proposed HOA improved the operation of the distribution system by reducing the energy losses and
eliminating the infeasibilities compared to uncoordinated charging. It is important to highlight that Cases
A and B presented negative values for the objective function due to the term encouraging quick charging of
the PEVs with priority conditions. For Cases C and D, the proposed HOA resulted in the charging of the
PEV batteries in time intervals with lower energy costs. On the other hand, in Cases B and D considering
DG units, the best objective functions were obtained because the cost of the energy generated by the DGs

was lower.

Table 4 goes here.

The power injected by the DG units is shown in Fig. 8. Note that the DG units reached their maximum
generation during the first time intervals available for PEV charging. This makes sense because, in these time
intervals, the cost of the energy provided by the substation was greater than that of the energy generated by

the DG units. Moreover, for Case B, which considered priority conditions, there was a concentration of the

13



PEV load in the same time intervals taking advantage of the DG operation. In Case D, which did not consider
priority, a similar situation occurred, but with the difference that the DG units generated more power over
the last time intervals due to the concentration of the PEV load in the time intervals with lower energy cost.
In this case, the power generated by the DG units contributed eliminating the voltage and current violations,

reducing the energy losses, and achieving an efficient system operation.

Figure 8 goes here.

5. Conclusions

Optimization algorithms based on Tabu Search, GRASP, and a novel hybrid optimization algorithm
(HOA) were proposed in order to solve the Plug-in Electric Vehicle Charging Coordination (PEVCC) problem
in electrical distribution systems. The results show that the proposed methodologies can be used to obtain
the coordinated charging of PEV batteries, while maintaining the economical operation of the distribution
system and satisfying the operational and priority constraints.

The three methodologies achieved good-quality solutions for the PEVCC problem compared to the results
from an uncoordinated charging scenario. However, after making a comparative analysis between the three
proposed methodologies, it was concluded that although all found similar solutions, the HOA provided better
results for the solution of the PEVCC problem.

The results demonstrate that the presence of Distributed Generation (DG) units benefits the charging
of PEVs. The voltage profile and the energy losses of the system are improved after the application of the
proposed methodologies.

The results obtained show that the proposed methodologies provide good-quality solutions for the PEVCC
problem in low computational time. Therefore, they can be auxiliary tools in smart grid schemes for the

control of future distribution systems.
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Appendix A

The notation used throughout this paper is reproduced below for quick reference.

Sets:

L Set of circuits.

N Set of nodes.

T Set of time intervals.

Parameters:

Q Grasp parameter.

I} Cost of energy consumption by the conventional loads, the PEVs, and energy provided by the

Distributed Generation (DG) [$/kWh].

b; Linear probability distribution function.

) Penalization cost due to voltage limits violations.

Ay Duration of time interval ¢.

n Cost of the total energy provided by the DGs [$/kWh].
EY Energy that must be charged to the PEV at node j [kW].
% Penalization cost due to the current limit violations.

Dy Sensitivity index.

y Component of the objective function to encourage the charging of PEVs.
L Current capacity of circuit ij [A].

Kj PEV with charging priority connected at node j.

A Number of time intervals required to charge a PEV.

L Energy price in time interval t.

w Cost of the energy losses.
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d
Qi

QI

Ti

Variables:
Iijq
T

Py

Penalization for unsupplied PEV energy.

Probability of choosing an i-th element to form the sorted RCL.
Active power demanded at node i in time interval ¢ [kW].
Maximum active power of DG unit at node i [kW].
Maximum power of the PEV batteries [kW].

Power factor limit of the DG at node i.

Cost associated with the non-charged PEV energy [$/kWh].
Reactive power demanded at node i in time interval ¢ [kVAr].
Maximum reactive power of DG at node i [kVAr].

Minimum reactive power of DG at node i [kVAr].

Position of the element 7 in the sorted RCL.

Resistance of circuit ij [©].

Parameter used to encourage charging with priority.
Penalization factor due to the current limit violation.
Penalization factor due to the voltage limit violation.
Minimum voltage magnitude [V].

Maximum voltage magnitude [V].

Reactance of circuit ij [€2].

Impedance of circuit ij [€].

Current magnitude in circuit 75 in time interval ¢ [A].
PEVs uncharged energy [kW].
Active power flow in circuit ¢j in time interval ¢ [kW].
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g
Py

g
Py

Qijt

g
it

Active power generated at node ¢ in interval ¢ [kW].

Active power demanded by the PEV at node ¢ in time interval ¢ [kW].
Reactive power flow of the circuit ¢j in time interval ¢ [kVAr].
Reactive power generated at node 7 in time interval ¢ [kVAr].

Voltage magnitude at node i in time interval ¢ [V].

Binary variable associated with the PEV charging state at node ¢ in time interval ¢.
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Table 4 Total operational cost of the 449-node system using HOA methodology.
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Table 1: PEV Charging scenarios

Cases | Priority | DG
v -
v v

QW
<

23



Ve

Table 2: Comparative table of the the objective function in each PEV charging scenario.

Time limit 300 s 600 s 1200 s 4 Hours
Case Grasp Tabu Hybrid Grasp Tabu Hybrid Grasp Tabu Hybrid Grasp Tabu Hybrid
A | -1540.67 -1540.67 -1540.67 | -1540.67 -1540.67 -1540.67 | -1540.67 -1540.67 -1540.67 | -1540.67 -1540.67 -1540.67
7% B |-1616.62 -1614.93 -1616.28 | -1616.28 -1614.93 -1616.62 | -1616.62 -1614.93 -1616.62 | -1615.69 -1614.93 -1617.30
C 515.12 515.47 514.85 514.90 515.17 514.59 515.23 514.62 514.59 515.02 514.62 514.59
D 449.12 450.69 448.90 448.70 450.69 448.53 449.23 450.69 448.47 449.47 450.69 448.30
A | -2856.42 -2856.76 -2856.92 | -2857.30 -2856.76 -2857.34 | -2857.33 -2856.76 -2857.34 | -2857.34 -2856.76 -2857.34
63% B ]-2926.39 -2926.43 -2927.51 | -2927.05 -2926.43 -2927.61 | -2927.38 -2926.43 -2927.72 | -2927.05 -2926.43 -2927.72
C 557.82  2264.29  557.41 556.99 557.93 556.87 557.04 556.95 556.71 557.05 556.95 556.58
D 492.35 493.73 491.98 492.06 493.73 491.78 492.10 493.17 491.35 491.93 491.62 491.28




Table 3: Percentage deviation of the objective function in each PEV charging scenario.

Time limit 300 s 600 s 1200 s
Case Grasp Tabu Hybrid | Grasp Tabu Hybrid | Grasp Tabu Hybrid
A 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
AT% B 0.00 0.10 0.02 0.02 0.10 0.00 0.00 0.10 0.00
C 0.10 0.17 0.05 0.06 0.11 0.00 0.12 0.01 0.00
D 0.15 0.50 0.10 0.05 0.50 0.01 0.17  0.50 0.00
A 0.03 0.02 0.01 0.00 0.02 0.00 0.00 0.02 0.00
63% B 0.05 0.04 0.01 0.02 0.04 0.00 0.01 0.04 0.00
C 0.20 306.73 0.13 0.05 0.22 0.03 0.06 0.04 0.00
D 0.20 0.48 0.13 0.15 0.48 0.09 0.15 0.37 0.00
Average Deviation | 0.09 38.51 0.06 0.04 0.19 0.02 0.06 0.14 0.00
Table 4: Total operational cost of the 449-node system using HOA methodology.
47% - PEV Charging
Uncoordinated Uncoordinated
Cost () Charging A B Charging ¢ b
w 19.94 16.61 14.66 13.80 13.59  12.04
1) 28334.13 0.00 0.00 81459.67 0.00 0
® 0.00 0.00 0.00 0.00 0.00 0
v -2793.47 -2120.38 -2129.18 0.00 0.00 0
B8 575.71 563.11 497.22 499.33 501.00 436.26
P 0.00 0.00 0.00 0.00 0.00 0
Total cost 26136.30 -1540.67 -1617.30 81972.79 514.59 448.30
63% - PEV Charging
Uncoordinated Uncoordinated
Cost () Charging A B Charging ¢ b
w 22.97 19.32 16.60 15.93 15.43 13.94
1) 687861.37 0.00 0.00 320947.34 0.00 0.00
%) 0.00 0.00 0.00 0.00 0.00 0.00
~y -4190.21 -3515.10 -3515.07 0.00 0.00 0.00
I3 651.13 638.45 570.76 536.55 541.15 477.34
P 0.00 0.00 0.00 0.00 0.00 0.00
Total cost 684345.26 -2857.34  -2927.72 321499.82 556.58  491.28
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Power consumption found by the HOA for the tests considering 63% PEV penetration (a) Case

A. (b) Case B. (c) Case C. (d) Case D.
Minimum voltage for the cases with 47% PEV penetration. (a) Case A and B. (b) Case C and

D.
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Figure 1: Example of the proposed codification.

< Read input data )

\ 4
Create an initial solution
(construction phase)

A

Local Search phase using
Tabu Search

Is the stop criteria
satisfied?

Stop, a solution for the PEVCC
problem has been found

Figure 2: Flowchart of the proposed hybrid optimization algorithm.

27



1400

1200
= 1000 s
= =
= =
£ 2
2 800 2
£ £
]
5 600 S
5 5
H H
£ 400 £
200
0
18:00 19:00 20:00 21:00 22:00 23:00 00:00 01:00 02:00 03:00 04:00 05:00 06:00 07:00 18:00 19:00 20:00 21:00 22:00 23:00 00:00 01:00 02:00 03:00 04:00 05:00 06:00 07:00
Hour Hour
1400 1400
(c) (d)
1200 1200
z z
= =
= 1000 = 1000
Z 2
= 2
£ £
2 800 2 800
£ H
E s
o o
5 600 5 600
g H
Z Z
£ £
400 4001
200 2001
0
18:00 19:00 20:00 21:00 22:00 23:00 00:00 01:00 02:00 03:00 04:00 05:00 06:00 07:00 18:00 19:00 20:00 21:00 22:00 23:00 00:00 01:00 02:00 03:00 04:00 05:00 06:00 07:00

Hour Hour

Figure 3: Power Consumption found by the HOA for the tests considering 47% PEV penetration: (a) Case A. (b) Case B. (c)
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Abstract—Frequency regulation is procured by transmission
system operators (TSOs) to ensure stable and reliable operation of
power systems. In the Nordic energy region, frequency-controlled
normal operation reserve (FNR) is one of the services that require
fast-response. Electric vehicles (EVs) with vehicle to grid (V2G)
capability may be considered an FNR provider in a future
renewable-based power system. This paper presents results from
the first commercial V2G hub in the Nordic area using the EV fleet
of Frederiksberg Forsyning. The results are achieved by
participating in the Danish frequency regulation market, and
provide an analysis of the EV fleet operational data. Additionally,
an analysis on practical issues that may result from realistic
implementation of frequency regulation, such as delays,
measurement errors and physical equipment constraints is given.
These issues must be taken into account when developing new
strategies for providing frequency services with EVs in a future
scenario. Results show that a set of EVs operating in aggregated
mode is able to support the grid while satisfying the primary goal
of the EV fleet, i.e. transportation of fleet customers.

Keywords—Electric vehicles, EV fleet, Frequency regulation,
Services, Practical issues.

l. INTRODUCTION

The stability and reliability of power systems can be
jeopardized by increasing penetration of distributed energy
resources due to the intermittent nature of their output power [1].
Transmission system operators (TSOs), who are responsible for
the grid stability and security, maintain the balance between the
electricity consumption and production by procuring ancillary
services such as frequency and voltage regulation. Frequency
regulation is one of the most common services procured by
TSOs to ensure stable and reliable operation of power systems.
The service can be provided by generation and/or by demand. A
prominent and new option are pooled EVs due to the
manageable nature of their loads, availability, bidirectional
power capacity and quick response time [2]. Considering the
entrance barrier in terms of power EVs should operate in an
aggregated mode in order to ensure a sufficient capacity for
participating in  the frequency  markets. Realistic
implementations of frequency regulation using EV fleets in the
North American market have been presented in [3]-[5]. In [3],

the authors present an overview of a vehicle-to-grid (V2G)
demonstration project, in which a real EV fleet provides
frequency regulation in the California Independent System
Operator (CAISO) market. A centralized method based on a
mixed-integer linear programming model is developed to
optimize the EV charging and the bid capacity while minimizing
the operation cost and maximizing the profit of the aggregator
for providing frequency regulation. In [4], a comparison
between a centralized and decentralized method in terms of the
bid capacity and the computational scalability is carried out
based on simulations while in [5], the authors describe an
implemented and deployed multi-agent system. In [6] a model is
proposed to forecast the availability of an EV fleet for providing
frequency regulation in the PJIM market. The model is developed
based on parameters such as route locations and the state of
charge of the EVs. Comparing with [4] and [5], the work in [6]
does not address a realistic implementation of frequency
regulation using an EV fleet.

In European countries, frequency regulation using EV fleets
have been studied in [7] and [8]. The authors in [7] develop an
economic evaluation for an EV fleet participating in the French
frequency regulation market, exploring regulation strategies for
both unidirectional and bidirectional (V2G) power exchanges.
Meanwhile, in [8] an analysis of frequency regulation services
via V2G within a micro-grid environment is carried out in
Macedonia. The results of the aforementioned works are based
on simulations. Moreover, an analysis in [9] is focused on user
behavior and EV energy consumption of a real EV fleet
operation. Although a large amount of useful data regarding trips
and state of charge of the EVs is provided in this work, the
implementation of frequency regulation is not considered within
the analysis.

In this paper, we focus on a real demonstration of frequency-
controlled normal operation reserve (FNR) in Denmark
provided by an EV fleet through the Parker project. This is the
first project carrying out a demonstration of the participation of
an EV fleet in the Nordic area. For this demonstration Nissan
EVs, electric vehicle supply equipment’s (EVSEs), commonly
known as chargers and an aggregation software were used. Thus,



the EVs provide regulation power to the grid through the
EVSEs, which, at the same time are equipped with
telecommunication between the EVs and the aggregator. The
aggregator is responsible for bidding into the market and
facilitates the communication between the EV owners and the
TSO. It also controls the charging or discharging power of each
EV using the aggregation software. This paper covers: 1) An
assessment of the operation of an EV fleet that participates in the
Danish frequency regulation market, which demonstrates that
EVs are able to support the grid; 2) analysis of the practical
issues that may result from the provision of frequency regulation
using EV fleets in realistic environment.

The remaining part of this paper is organized as follows. In
Section |1, the Danish frequency regulation market along with
the regulation services using an EV fleet are described. Section
Il presents and analyzes the EV fleet operation providing FNR
based on one-week real data. Finally, the conclusions and the
future work are presented in Section IV.

Il. FREQUENCY NORMAL OPERATION RESERVE PROVISION
BY FREDERIKSBERG FORSYNING EV FLEET

A. Danish Frequency Regulation Market

Europe is split into five synchronous areas defined by the
European Network of Transmission System Operators (ENTSO-
E) with a nominal frequency of 50 Hz, without being
synchronized with each other. Denmark is split into two
synchronous areas: Jutland and Funen belong to Regional Group
(RG) continental Europe and Zealand belongs to RG Nordic.
These areas are termed Western Denmark or DK1 and Eastern
Denmark or DK2, respectively. Available frequency reserves in
DK1 and DK2 are presented in Table | [10]. Frequency-
controlled reserves are procured to ensure balance between
consumption and generation in real-time. The aim is to
automatically stabilize the frequency at 50 Hz and minimize
frequency deviations. The EV fleet subjected to this analysis is
providing Frequency-controlled normal operation reserve
(FNR) services to Energinet, which is the TSO in Denmark.

FNR is an automatic response provided by production or
consumption units. It is a bidirectional frequency control
activated for both under and over frequencies. According to the
Danish market rules regarding FNR only symmetrical bids are
allowed, which means that up and down regulations reserves
should be offered together [10]. In the Danish frequency
regulation market, the TSOs in the Nordic Synchronous area are
responsible for the supply of FNR reserves. The combined
requirement in the ENTSO-E RG Nordic is 600 MW and each
TSO contributes separately to the total requirement. In this case,
Energinet is responsible for the supply based on the production
in Eastern Denmark. When the frequency deviation is up to +/-
100 mHz compared with the reference (50Hz), FNR must be
activated according to the linear function depicted in Fig. 1. The
service must be fully activated within 150 seconds while
continuously supplying power.

FNR is procured one or two days ahead of the day of
operation. The suppliers can submit hourly bids, or in time
blocks, under special conditions. All bids must be submitted via
the self-service portal of Energinet. Bids submitted to the
auction two days before must be submitted no later than 15:00h,
and those submitted to the auction one day before must be

TABLE 1.
DK1

RESERVE AVAILABLE IN DK1 & DK2

DK2

Frequency-controlled disturbance

reserve (FDR)

Primary frequency reserve
(PFR)

Frequency-controlled normal operatior

Secondary reserve, aFRR
reserve (FNR)

Service

Manual reserves, mFRR Secondary reserve, aFRR

Manual reserves, mFRR

Pbid

Nominal Frequency
AN

S

——Power regulation droop ||

i
i
]
'
i
!
'
i
]
|
}
1
'
i
]
|
i
!
'
i

-Pbid i

I I
49.8 49.85 49.9 49.95 50 50.05 50.1 50.15 50.2

Fig. 1. Droop control for FNR service.

submitted no later than 18:00h the day before. The volume and
the hour-by-hour price must be defined in the bidding process in
MWs and DKK/MW or EUR/MW, respectively. Moreover, the
minimum bid must be 0.3MW. All bids are sorted and accepted
according to price, until the total requirement is covered. The
service is compensated based on an availability payment and
pay-as-bid, and in case of activation, it is compensated using the
regulating power prices for upward and downward regulation.
Moreover, the players should be able to provide any
documentation from the SCADA system in case that Energinet
decides to check the service. The checking process is carried out
by sampling or, when notable frequency deviations are
observed.

To participate in the frequency market EVs act as production
or consumption units. It means that they would charge and/or
discharge their batteries depending on the frequency signal using
the battery as a storage device. Thus, when upward regulation is
required the EVSE should discharge the battery, while in
downward regulation the EVSE should charge the battery, as
shown in Fig. 2.

B. Frederiksberg Forsyning EV Fleet composition

The EV fleet of Frederiksberg Forsyning is providing FNR
services to Energinet, the Danish TSO, through the aggregator.
The EV fleet is part of a public utility company (Frederiksberg
Forsyning) which is dedicated to provide maintenance services
related to domestic gas, tap water, district heating and sewage in
the greater Copenhagen. The EV fleet is composed of 10 Nissan
eNV200 electric vans with battery capacity each of 24 kWh.
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There are 10 ENEL V2G chargers with maximum and minimum
power rating of +/- 10 kW, allowing for simultaneous charging
of all EVs. Fig. 3 depicts some of the cars and chargers in the
utility company [11].

A. Aggregator

The role of the aggregator, as the name suggests, is
aggregating a group of EVs and presenting them as a single unit
to the system operator, facilitating the communication between
the EV owners and the TSO [5]. The aggregator has the
responsibility of bidding into the market as well as accomplishes
the bid commitments. After the submission and acceptance of
the bids, the aggregator must schedule the EV fleet operation
following the frequency signal. The EVs should be scheduled
hour-by-hour according to the regulation power decided in the
bid process. The frequency signal is measured with one-second
resolution and it should be followed by the EVs considering a
preferred operating point (POP) [5]. The POP is a mechanism
used to ensure a suitable EV’s state of charge (SOC) to be able
to provide regulation services at any time. Thus, the POP
mechanism avoids the EV to be fully charged or fully discharged
along the regulation period.

B. Communication process between the parties

A communication structure between the chargers, the EVs,
the aggregator and the TSO is required. During the regulation
period, the TSO sends signals to the aggregator, requesting the
contracted frequency services. The aggregator must supply the
requirements by controlling the charging or discharging power
of each EV at any time. Therefore, the aggregator calculates the
total power required based on the frequency signal, and
afterward, divides it between all the EVs available for providing
services at that specific time, according to an internal algorithm.
This procedure determines the control actions for each EV. For
this purpose, the chargers are equipped with devices that allow
the communication between the EVs and the aggregator. These
devices have implemented a mechanism called “Grid Integrated
Vehicle (GIV)” which comprises a set of algorithms properly
developed by the aggregator [4], used to control the power of the
EVs.

I11. ANALYSIS OF THE FIELD RESULTS

The analysis of the EV fleet operation has been carried out
based on data from one complete week, from Friday 9™ to
Saturday 17" of September 2017 with one-second resolution.
The data contains information related to the SOC of the EVSs,

> )

Fig, 3 EV fleet in the headquarter of Frederiksberg Forsyning [11].
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power bid, power requested, and power provided. A detailed
analysis of these parameters will be presented in this Section.
For simplicity and better comprehension, some of the analysis
will carried out using shorter periods, for instance, one day, one
hour, or minutes.

A. Communication process between the parties

e The frequency regulation period considered for the
analysis starts from 16:00h to 06:00h of the next day.

e The capacity of the EV batteries is 24 kWh. However,
considering the customer preference and the battery life
span, the working capacity for FNR is decreased.

e The power rated of each charger is 10 kW. However, the
maximum and minimum power rated used for providing
FNR is +/- 9.25 kW.

B. Analysis for one individual car during the complete week

1) SOC behaviour: Fig. 4a. shows the SOC of one specific car
during the complete week. As can be seen, the SOC of the EV
between September 10th and 11th does not have any
interruption because this period corresponds to one weekend
day, in which the car is available to provide service at any time.
On the contrary, during the other days, there are interruption
periods corresponding to the workday where the car is out
driving. Additionally, note from Fig. 4a. that the initial SOC of
the EV is different at the beginning of each regulation period. It
is because the initial SOC of the EV highly depends on the user
behavior. In this EV fleet, the EVs are used mainly for
maintenance and service tasks. Then, the initial SOC depends
on the kilometers driven during the work time, i.e., between
08:00h and 16:00h. Similarly, the final SOC at the end of the
regulation period (06:00h) is different each day. This value
depends on the exchanged energy during the regulation period.
It is important to mention that the EV should be fully charge
before the starting time of the workday. In this way, the period
between 06:00h and 07:59h is used to bring the SOC of the EV
to a suitable level before the departure time. The daily SOC
behaviour provides useful information for the aggregator, since
it defines the daily available energy from each car to provide
regulation services. Based on this information, the aggregator
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Fig. 4 Analysis of one car during the complete week. a) SOC behaviour. b) Power bid capacity and power requested.

can calculate the daily estimated bid capacity of each EV in
order to optimize its participation in the market.

2) Availability of the car: The fact that the EV is not always
available to provide services can be seen in Fig. 4a. Note that
during the weekend the EV is only used to provide regulation
services, i.e. it is parked (and plugged-in) the whole day. In
contrast, during weekdays there is a period in which the EV
does not provide services. It corresponds to the work hours
(between 08:00h and 16:00h), in which the EV is used for
customer services. Since the departure and the arrival time of
each EV highly depend on the user behaviour, further statistical
analysis focused on weekdays can be carried out, in order to
increase the availability of the cars for services provision during
this period, and in an attempt to improve the aggregator profit.

3) Up and down regulation: Fig.4b. shows that the power bid
capacity for regulation up and regulation down is always
symmetric, which is one of the requirements for providing FNR
in the Danish market regulation. It can be seen that the power
requested is always mantained between the limits of the power
bid capacity.

C. Analysis for one individual car during one day

For this case, data from the regulation period during one
weekday (between Tuesday 12" and Wednesday 13" of
September 2017) is considered.

1) Power requested, power provided and SOC: From Fig.5 it
is possible to observe that the power requested and the power
provided follow the same pattern, mantaining within the
allowed limits of the charger, (i.e., around +/-10 kW). A similar
behavior can be observed for the EV SOC, which is mantained
between the maximum and minimum energy limits previously
defined. Furthermore, Fig. 5 shows that the SOC of the EV
changes according to the power provided during the regulation
period, as expected.

2) Difference between power requested and power provided:
Fig. 5 shows that the power requested and power provided
follow the same pattern. However, there are some small

differences between them. Fig. 6 shows these parameters in
detail, based on one second resolution data and for five minutes.
It can be seen that the provided power curve slightly differs with
the requested power curve in terms of response time and power.
These differences may be as a result of delays in EVSE
response, physical and technical constraints of the equipment,
such as the current steps of the charger, or even by measument
errors. It can be seen from Fig. 6 that the time delay is less than
10 seconds, meaning that a very fast response is provided
compared to the FNR regulation requirements. These practical
limitations should be considered whitin strategies developed to
provide frequency regulation, in an attemp to avoid fines
implied by failur to provide contracted service, and to improve
the aggregator profit.

3) Total energy exchanged: Fig. 7 shows the total energy
exchanged (charged and discharged) hour by hour. As can be
seen, the amount of energy charged or discharged differs hour
by hour. It highly depends on the frequency signal and less so
on the SOC of the EV. Additionally, it can be seen that during
some hours, e.g. 18:00h and 21:00h, the battery is only charged
while in 16:00h and 02:00h is only discharged. This
information is useful because the revenues are calculated partly
based on the energy exchanged. Moreover, since the energy
exchanced is directly related to the deph of discharge of the
battery, this information can be used when developing
strategies to estimate and optimize the life span of the battery.

D. Analysis of the EV fleet during weekend and weekdays.
For this case, measurements from the regulation period during
one weekend day (between Friday 09th and Saturday 10th of
September 2017) and for one weekday (between Tuesday 12th
and Wednesday 13th of September 2017) are considered.

1) SOC behaviour: Fig. 8 depicts the SOC for all EVs. As can
be seen the initial SOC for all cars and the SOC behavior along
the entire regulation period are different for both days.
However, the SOC of all EVs follows a similar behavior and at
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the end of the regulation period, it converges to a similar value.
It occurs because the EVs should be prepared for transportation
at the starting time of the workday. Moreover, the SOC
behavior during the regulation period is similar because all the
cars follow the same frequency signal, which defines the power
required for each EV. However, it is not exactly the same
because the SOC of each EV at the arrival time depends on the
user behavior.

2) Charging-discharging limits: To ensure a higher life span
of EV batteries and customer preference, maximum and
minimum energy capacity limits should be maintained. Note in
Fig. 8 that the SOC of all EVs is between 5 and 21 kWh.

3) Availability of the cars: As previously mentioned, during
the weekend, the cars are used only to provide FNR, which
gives the aggregator a higher chance of having all cars available
for service provision. However, during weekdays many
contingencies may occur decreasing the availability of the EVs.
Note in Fig. 8 that the SOC of one EV during the weekday is
equal to zero, which means that the car is not available to
provide regulation services. This fact may affect the operation
of other EVs in an attemt to maintain the services provision.
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Then, this kind of contingencies could be taken into account
during the optimization of the bidding process in order to
maximize the aggregator profit.

4) Power requested: Fig. 9 shows that the power requested for
all EVs is the same most of the time, although there are some
periods in which it slightly differs for certain cars. Note from
Fig. 9 that at the beginning of the regulation period (16:00),
some cars have different power requested. As time goes by, the
power requested for all EVs converges to a same value until a
decoupling occurs. After this event, a stabilization period is
requiered untill all EVs reach the same power required again.
The power requested and the POP of all EVs are depicted in
Fig.10.

IV.CONCLUSION AND FUTURE WORK

Field results from the EV fleet of Frederiksberg Forsyning,
the first commercial V2G hub in the Nordic area providing FNR
services were highlighted and analyzed in this paper. Results
showed that a pool of EVs operating in aggregated mode are
able to in a comprehensive manner support the grid with fast
frequency regulation, such as FNR. It was also observed that
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the availability of the EVs plays an important role in the bidding
process, especially during weekdays. Further analysis of the
individual EV patterns could be carried out in order to increase
the aggregated among of power used to participate in the
market. Further analysis of the EV fleet operation during
working hours could also be addressed.

Additionally, practical issues, such as communication delays,
measurement errors and physical equipment constraints that
result from real implementations of FNR, were identified.
Considering these limitations within the bidding strategies
could substantially improve the efficiency of the regulation
service as well as the revenues of the aggregator. As future
work, an optimized bidding strategy will be proposed, taking
into account the availability of EVs during working hours,
aiming at improving the aggregator profit.
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E2. Distribution System Services Provided by
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Abstract-Trend-setting countries have promoted or even employed
an increased number of electric vehicles (EVs) and other
distributed energy resources (DERS) in their power systems. This
development has triggered new and increasing challenges in the
distribution system planning and operation, whereby distribution
systems must adapt to the increased share of DERs. However, EVs
may also offer new opportunities and can be used to support the
grid by providing several local and global power- and energy-
based services. This paper presents a review and classification of
the services potentially available from EVs for distribution
systems, referred to as EV distribution system services (EV-DSS).
A detailed description of recent services and approaches is given,
and an assessment of the maturity of EV-DSS is provided.
Moreover, challenges and prospects for future research are
identified, considering key topics, such as the design of the market
framework, economic assessment, battery degradation, and the
impacts of the transmission system operator service provision by
EVs on distribution networks. Thus, this work offers a tool for
stakeholders concerning services available from EVs and provides
abroad literature framework that can be used as a base for further
investigations. It is aligned with the current requirements to move
toward realistic implementations of EV-DSS.

Keywords - Distribution Systems, Distribution System Services,
Electric Vehicles, Renewable Energy Sources, Services
Classification, Smart Grids.

l. INTRODUCTION

ECENTLY, the concept of ancillary services for

distribution networks has become a new paradigm in

conjunction with the new roles assumed by distribution
system operators (DSQOs) in modern energy systems. With the
advent of smart grids an increased amount number of distributed
energy resources (DERSs) in power systems has triggered new
and increasing challenges in distribution system planning and
operation. Hence, distribution systems are required to assume
new responsibilities and procure additional services to maintain
high-quality services for end users.
These services can potentially be provided by batteries,
including stationary batteries, and electric vehicles (EVs). An
advantage of using stationary batteries is their permanent
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availability, which makes it possible to provide reliable services.
However, the initial investment in stationary batteries is
relatively high. EVs have the advantage in that they are
purchased for a primary purpose, which is transportation, and
that the service provision has second priority, but can offer
alternative income for EV owners when the car is not being used
for transportation.

Global EV penetration is increasing progressively. The
increase is motivated by social, economic, and environmental
factors, such as the support for transportation electrification
from government policies, lower running costs, and the idea that
EVs may address climate change and local air quality by
reducing greenhouse gas emissions [1]. Consequently, it is
anticipated that EVs will be integrated into the power systems
in the future. Many studies have highlighted operational
problems caused by EV integration into distribution systems.
Increases in peak load, energy losses, overload of grid
components, voltage drops, and, consequently, decreases in
service quality are some of the adverse effects of a high EV
penetration [2]-[4]. However, several works have been
proposed in the literature to deal with these problems by using
charging control algorithms and smart strategies in which EV
charging is properly managed to decrease the challenges
associated with EV integration [5]-[7]. EVSs may also play an
important role in the integration of renewable energy sources



(RES) into distribution systems. Several studies have focused
on the joint operation of EVs and RES facilitating smooth grid
integration of intermittent renewable sources [8]-[10].
Although EVs are loads that have to be supplied by distribution
systems, they may also offer new opportunities. Due to the
manageable nature of their loads, they can be used to support
the grid by providing several local and global power- and
energy-based services. Fig. 1 illustrates some of the services that
can be provided by EVs to different parties in the power system.

Most literature focuses on the services that EVs can provide
for the transmission system operators (TSOs), usually called
ancillary services. Frequency regulation, for instance, a service
required by TSOs, has been widely addressed in the literature
[11]-[16]. However, since the concept of services provided by
EVs for DSOs is a new paradigm, most of the studies that have
investigated distribution system services provided by EVs (EV-
DSS) remain in theoretical applications.

EV-DSS are considered to be a set of flexible strategies that
are provided to maintain an optimized and reliable operation of
the local grid. In [17], the services that EVs can provide to
DSOs, along with possible market structures, are discussed. In
[18], a review on EV fleet management in smart grids is
conducted. The authors develop a classification of different
methods for the smart charging of EVs without focusing on EV-
DSS. In [19], the feasibilities of certain services are evaluated
for EVs in an aggregated mode, enabling DSOs to provide
ancillary services for TSOs. In [20] and [21], the authors assess
the framework, benefits, and challenges of vehicle-to-grid
(V2G) technology and conduct a review of optimization
techniques. [21] also includes a review of energy storage
technologies deployed in EVs and the current regulations,
standards, and issues within smart grids. Similarly, [22] and [23]
review the EV technologies, their connectivity, impacts on the
grid, benefits, and standards of EVs with RES in future smart
grids. However, from the aforementioned works, some of the
classifications are not clear about who receives more benefits
from these services. Furthermore, there is no consistency in the
name and definition of the EV services. By having a clear
definition and classification of the services that EVs can provide
at the distribution system level, it is possible to give EV-DSS a
formal standing. Moreover, from the literature review, it is
possible to identify that the requirements for a realistic
implementation of EV-DSS have not been thoroughly
investigated. We have identified that key topics, such as market
framework design, economic assessment, battery degradation,
the impact of TSO service provision on distribution networks,
and emerging EV technologies and their impact in the
distribution grid need further investigation to ensure an active
and efficient participation of EVs in providing services for
DSOs.

The primary goal of this paper is to identify the research gaps
that need to be addressed to move toward a realistic
implementation of EV-DSS. Aiming at completing the picture
of potential EV-DSS, this paper contributes to the following.
First, an up-to-date classification and description of the services
that EVs can provide for distribution systems are presented as a
first step to formally label EV-DSS. Second, a review of the
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recent literature is provided, including information regarding
V2G technology; methodologies and solution techniques; and
consideration of the uncertainties, software, solvers, and
characteristics of the test systems used in each approach. Third,
a framework is presented comparing the work that has been
done in the academic research with a real-life application using
a specific case of frequency regulation. Finally, a
comprehensive discussion is provided regarding the challenges
and prospects of the EV-DSS, including key topics such as
market framework, economic assessment, battery degradation
aspects, impacts of the TSO service provision by EVs on
distribution networks, and the impact of EV emerging
technologies on the distribution grid. The information gathered
in the second part provides an overview of the traditional
methods and allows us to identify weakness in the control
strategies as a means to encourage exploring new strategies
aligned with the current requirements in realistic
implementations of EV-DSS. The goal of the comparison in the
third part is to assess the implementability of EV-DSS, i.e., how
far the EV-DSS are from being implemented, and the
stackability of EV-DSS, i.e., how easily EV-DSS can be
combined with frequency regulation services. This is an
innovative means to encourage the development of local DSO
markets and promote the active participation of EVs as a service
provider for DSOs.

Findings concerning battery degradation and the impact of
the service provision to TSOs in distribution networks are
supported by preliminary results obtained from the real
implementation of the frequency-controlled normal operation
reserve (FNR) provision to the TSO in Denmark [24]. This real
implementation demonstrates that EVs are able to support
power systems with their fast response; therefore, it is worth
exploring the EVs’ capability to support distribution systems.
Accordingly, this paper contributes by encouraging new
investigations on different aspects that remain unclear in order
to move toward realistic implementations of EV-DSS.

The paper is organized as follows: Section Il presents an
overview of traditional classifications of EV services in power
systems, and the proposed classification of the services provided
by EVs specifically for DSOs is described. Section 111 describes
the contributions of the reviewed works and discusses the
weaknesses and research requirements. In Section 1V, an
assessment of the maturity of EV-DSS in real applications is
carried out. Finally, challenges and future research suggestions
are given in Section V, followed by the conclusions provided in
Section VI.

Il.  OVERVIEW OF TRADITIONAL CLASSIFICATIONS OF
EV SERVICES IN POWER SYSTEMS

The concept of ancillary services appeared with the
disaggregation of generation, transmission, and distribution
systems, and it was mainly created for transmission systems,
which are responsible for grid stability and security [25].
Ancillary services, along with the corresponding market
framework, can vary among countries, due to the structural
differences in their power systems [26], [27]. From the
distribution system point of view, the concept of ancillary



TABLE |. DIFFERENT CLASSIFICATIONS OF SERVICES PROVIDED BY EVS FOUND IN THE LITERATURE.

Reference Category Service
Congestion prevention Peak load reduction, power loss
[18] ;
Voltage regulation -
Medium voltage grid Peak power shaving, voltage regulation
Low voltage grid Peak power shaving, voltage regulation
Loss minimization
[19] . I
. . Energy transmission cost minimization
High voltage grid :
Frequency regulation
Balancing mechanism (tertiary frequency control)
Power grid regulation Frequency regulation
20] Spinning reserves -
Active power support Peak load shaving, load leveling, power loss
Reactive power compensation Voltage regulation, power factor correction
Load management Load shifting
[23]* Power quality Voltage regulation, load and voltage imbalance reduction
Power regulation Frequency regulation, balancing power flow, absorb ramping power, stability
Frequency control Regulation up and down, spinning and non-spinning reserve
[30] Voltage control -

System restoration -

Frequency regulation/control -
[31] Loading services
Voltage service

Congestion prevention, loss reduction
Voltage magnitude regulation, imbalance reduction

Frequency and voltage regulation
Transient stability improvement
Peak shaving

[33] - Valley filling
Spinning reserve
Power flow optimization
Power quality improvement
Spinning reserve
" Time shifting
(34] Active power support .
Reactive power compensation
Frequency regulation -
[35]%* ;F:{:;E%Zd eveling Spinning/non-spinning
Backup supply service -
Frequency regulation -
[36]%* Spinning reserve -

Supplemental Reserves
Replacement Reserves

Non-spinning reserves
Contingency reserve

* 1t was not specified whether the classification is for TSOs or DSOs.
** Classification for TSOs

services provided to the DSOs is a new paradigm that has been
emerging in conjunction with the new roles assumed by DSOs
within the smart grid context. It appears as a set of flexible
services that can be provided to deal with the operational
challenges (i.e., the challenges arising from the integration of
EVs and RES into the grid). Because the concept of ancillary
services is mostly related to the services provided for the
transmission system, this paper will refer to services provided
for the distribution systems as distribution system services
(DSS). The use of DSS may help prevent or defer grid upgrade,
but may also improve the operation of the grid through better
management [28], [29].

Table I shows a summary of different classifications for the
services provided by EVs in power systems, based on the
literature. This table is constructed from papers in which a
specific classification of EV services has been described. Each
paper proposed a classification including different categories
and services, which are named according to each author’s
preferences. Table | presents a traditional idea of grid services
and shows how people usually classify grid services. In [20], the
authors establish the frequency regulation service as part of the
power grid regulation category. Peak load shaving, load
leveling, and power loss services are considered in the category
of active power support, whereas voltage regulation and power

factor correction are services considered in the category of
reactive power support. In [30], the authors consider up-down
regulation and spinning and non-spinning reserve services in the
frequency control category. The classification proposed in [31]
includes congestion prevention and loss reduction in the
category of loading services, while voltage magnitude
regulation and imbalance reduction are considered in the voltage
services category. Similarly, in [18], peak load reduction and
power loss services are considered in the congestion prevention
category. The authors in [19] classify peak power shaving and
voltage regulation for both medium and low voltage networks.
The authors also propose an ancillary service called balancing
mechanism, which is also found in the literature as a tertiary
reserve [32]. Meanwhile, the authors in [33] do not specify
categories; instead, they mention services such as frequency and
voltage regulation, transient stability improvement, peak
shaving, valley filling, spinning reserve, power flow
optimization, and power quality improvement.

Some classifications found in the literature do not specify if
the services are proposed for providing support to the DSOs or
to the TSOs, as presented in [23] and [34]. Some references
clearly specify if the services are proposed for supporting the
transmission system, as presented in [35] and [36]. Moreover,
in most of the studies related to ancillary services, it is difficult



TABLE Il. PROPOSED CLASSIFICATION OF THE EV-DSS.

Category Services Related works Alternative names
Congestion management [581, [591, [60], [61], [62], [63], [64], [65], [66], [67], [68], ;?r(;?/%iﬁ:)?mn alleviation, congestion
[19], [64], [69], [70], [71], [72], [73], [74], [81], [84], [96], Loss reduction
Acti Loss minimization [107], [111]
Sui);‘;ert POWET 7 5ad shifting [72], [751, [76], [77], [78], [79], [80], [L11] Load leveling, load shaping, load flattening
Peak shaving - valley filling [19], [671, [81], [82], [83], [84], [85], [86], [87], [88], [89], [90] 'C-I‘I’;gm;hfodamga”a'n";d |oggr§:ilfrgﬁgt' peak
. [9], [19], [58], [59], [63], [64], [65], [70], [71], [80], [81], [91], Voltage regulation, voltage deviation
Voltage control by active power [92], [93], [94], [95], [96], [97], [110] reduction
i ) [84], 98], [99], [100], [101], [102], [103], [104], [105], [106],
Reactive power _cactive power compensation [107], [108], [109], [110]
support [10], [69], [84], [98], [101], [102], [103], [104], [105], [106],

Voltage control by reactive power

[107], [109], [110], [111]

Voltage regulation

Renewable energy

sources Ev+pv

[9], [10], [78], [96], [97], [107], [121], [122], [123], [124]

integration

support EV+Wind

[10], [109], [121]

to identify who receives the most benefits: DSOs or TSOs.

Based on the classifications in Table I, one can notice that
there is neither an agreement nor a clear classification of the EV
services provided for DSOs. There is no consistency in the name
and definition of the EV services. Frequency regulation, for
instance, is a service mainly offered for the transmission system
[35], [37]-[41]. Nonetheless, some works mention that this
service could be required in the future for DSOs [18], [30]. In
that case, the EV control for frequency regulation in microgrids
could be also considered as a service for DSOs, since they have
the potential to improve microgrid stability when operating in
an isolated mode, as discussed in [42]-[45]. Most of the papers
do not specify which kind of regulation is studied. Instead, the
regulation services are mentioned in different ways, such as load
regulation or load following. Non-spinning reserves are also
found as supplemental reserves, while replacement reserves and
contingency reserves refer to the same service.

Based on the previous findings of the works presented in
Table |, it is possible to observe that a) Most of the studies that
have investigated services provided by EVs are addressed to
services mainly provided to TSOs and not at the distribution
system level; b) The current classifications of EV services are
not clear about which stakeholder receives the benefits of these
services; ¢) There is no clarity among the names given to
different services, which makes it difficult to provide a
consistent EV-DSS portfolio. The definitions of the offered
services vary from market to market, and the classification of
services depends mainly on the particular requirements of each
DSO and the regulations of each country. For this reason, we
proposed our own classification of EV-DSS, as a first step to
move toward the formalization of DSO products. Having a clear
definition and classification of the services that EVs can provide
at the distribution system level makes it possible to identify the
current requirements for realistic implementations. In the
following sections, the proposed classification of the services
provided by EVs specifically for DSOs will be presented.

2.1 Proposed classification of distribution system services
provided by EVs

Table 11 presents the proposed classification of EV-DSS in
which the services are classified into three main categories:
active power support, reactive power support, and RES
integration support. This table includes a list of references from

the specialized literature, in which each service has been
addressed. It also includes a list of some alternative names found
in the literature for each service.

Active power or real power is the main source of revenue for
DSOs, and it has become an important issue for distribution
systems. Usually, active power accomplishes the useful work,
while reactive power supports voltage. However, if both active
and reactive power are not efficiently controlled,
operational/technical problems (e.g., overloading, overvoltage,
undervoltage, and power loss increases) may occur. Therefore,
active and reactive power should be efficiently controlled in
order to maximize the earnings of DSOs while maintaining
system reliability.

Congestion management, loss minimization, load shifting,
peak shaving, valley filling, and voltage control are involved in
the category of active power support services (frequency
regulation service is not included in this category because it is
typically a service required by TSOs). Most of the services
included in the active power support category are part of a large
concept known as demand side management. Demand side
management is a methodology in which the demanded energy is
modified through different methods and incentives. Thus,
demand is redistributed and spread more uniformly during the
planning horizon. Demand side management comprises several
initiatives and methods [46]-[48], which are depicted in Fig. 2.

Note from Fig. 2 that demand response appears as an
initiative of demand side management, which aims to induce
lower electricity consumption by changing the normal
consumption patterns of demand-side resources in response to
changes in the price of electricity, or incentive payments [49].
Demand response can be accomplished by price signals (indirect
load control) or predetermined contracts (direct load control)
[50], applying methods such as load shifting. Peak shaving and
valley filling are also among the methods used in demand side
management. However, they can also be found in the literature
as complements to the load shifting method, pursuing similar
objectives, such as reducing peak demand, reducing energy cost,
and avoiding violations of technical limits. For this reason, peak
shaving and valley filling are connected to load shifting through
the blue arrow in Fig. 2. Representations of peak shaving, valley
filling, and load shifting are illustrated in Fig. 3 [51].

Reactive power compensation and voltage control or voltage
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Fig. 3. Active power services a) Peak shaving b) Valley filling c¢) Load

regulation are involved in the category of reactive power
support services. Note that voltage regulation support is a
service included in both categories: active and reactive power
support.

Regarding the services provided by EVs for supporting RES
integration into the grid, the main service found in the literature
is the coordination between the operation of EVs and RES,
which is divided into two subcategories: the charging and/or
discharging of EVs, along with photovoltaic energy (EV+PV)
and charging, and/or the discharging of EVs along with wind
energy (EV+Wind).

It is noticeable that a relationship between the services
regarding active power support exists, as they pursue similar
objectives. For instance, congestion management can be
addressed by using load shifting in an indirect way. Peak
shaving and load shifting are similar services. Load shifting is
performed by moving the load from peak to valley times,
achieving shaving and filling. However, in load shifting, the
load is kept as part of the global demand, whereas in peak
shaving, it is removed [52]. Some of the papers found in the
literature address active power support services using different
names. For instance, some studies address load shifting, load
leveling, or load shaping, the last being the most generic term.
Nonetheless, they may have different purposes. In energy
storage applications, for instance, load shifting has the purpose
of reducing peak demand, while load leveling has the same
purpose, but for an economic operation [53]. Additionally, it
was found that the term load leveling is used more frequently on
the supply side, i.e., by electric utility companies, while peak
shaving is used more frequently on the demand side, i.e., by
electric utility customers [54]. The valley filling service can also
be found as load variance or load shifting. Most of these services
deal with peak events and prevent network overloading by
reducing the peak power demand. Furthermore, they not only
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lower utility bills, but also reduce technical problems on the
power grid. Therefore, each service is taken into account
separately in order to present a clear classification of the EV-
DSS.

The main contributions of each paper, along with the basic
definitions and formulations of the services, are described in the
next section. This material provides a guide for the reader
regarding the approach to choose, depending on the EV-DSS
under consideration.

I1l.  CONTRIBUTION OF THE REVIEWED WORKS

In this section, the main contributions of the reviewed papers
about EV-DSS are presented. Most of the reviewed papers are
taken from recent literature. Table 111 shows a summary of the
characteristics of the reviewed papers, including information
related to the consideration of V2G technology, solution
techniques applied to address the services, type of control
(centralized or decentralized), and consideration of uncertainties
within the methodology. Table 11l also includes information
regarding the test system (e.g., number of buses, real or adapted
systems, and one- or three-phase systems) and the type of
software and solver used in the simulations. The list of papers is
sorted chronologically. After classifying and describing the
studies that have been done in the academic research in regard
to EV-DSS, the weaknesses of the developed strategies and
research requirements are identified and discussed.

3.1 Active power services

The EV demand could be considered a controllable load that
can be managed for different purposes. It has been demonstrated
that EVs are usually charged during the peak hours [55], when
the price of electricity is high. Some services, such as load
shifting, peak shaving, and valley filling, have been developed
in order to solve congestion problems in the grid.

3.1.1 Congestion management

The concept of congestion in distribution systems typically
appears when generation or demand exceeds the capacities of
the installed equipment in the network, resulting in technical
problems, such as overloading and power losses. Congestion
management appears as a solution to deal with these issues [56].
It can be addressed in different manners, by using constrains for
the thermal capacity of the installed equipment or establishing
the capacity as an objective function. For instance, equation (1)

represents a constraint to avoid overloads in lines; P, and Py,,,..
are the power flow and thermal capacity of line I, respectively.
In contrast to (1), (2) represents the total overload as a single
objective function in which NL, LF;, and L, are the number of
lines, the power flow, and the thermal capacity of line I,
respectively [57].

|Pl| Sleax (1)
NL

min Z(LFZ - Lcapl) (2)
=1



TABLE Ill. CHARACTERISTICS OF THE REVIEWED PAPERS ON EV-DSS.

Centralized/

Ref.  Year V2G Solution technique Uncert. Test system - Software Stackable
Decentralized
[91] 2012 - Quadratic and linear programming - Adapted real system C Hybrg:lPsngj(lator/ N
[92] 2012 - Linear programming X 3-phase Real system C MATLAB N
[62] 2014 - Linear programming/ sub-gradient method - Adapted real system C - N
[104] 2014 X Constant-current and constant-voltage - - - PSIM (Powersim, Inc.) Y
[105] 2014 X Heuristics - - - MATLAB/Simulink Y
[109] 2014 - Convex optimization - 10-bus test system C - Y
[10] 2015 X Heuristics - MV- distribution system C - Y
- . - Real test system, 1 main feeder and
[82] 2015 X Heuristic: Fuzzy logic 4 sub-feeders C - N
[84] 2015 - Heuristics - 3-phase Real system D MATLAB Y
[121] 2015 Mixed-Integer Linear Programming - 84-bus distribution test system C GAMS/CPLEX Y
[77] 2015 X Mixed-integer linear programmin B 37-bus distribution system D GAMS/CPLEX N
g prog 9 4 IMATLAB
Constant current/reduced constant -
[98] 2015 X current (CC/RCC) - - PSCAD/EMT Y
[71] 2015 X Mixed-integer non-linear programming - 33-bus distribution system - GAMS Y
[69] 2015 - Quadratic program - 3-phase real system C/D CPLEX Y
[101] 2015 - - - - powersim (PSIM) Y
[60] 2015 - - - Adapted real system c JACK/MAIKALB/S'mU“ N
[102] 2015 X Non-linear programming - 38-bus distribution system C MATLAB/Simulink Y
[70] 2015 X Self-adaptive evolutionary algorithm - 69-bus distribution system C - N
[123] 2015 X Heuristics - 70-bus Real distribution system C - Y
[108] 2015 X Fuzzy based control method - Real system C MATLAB/Simulink N
[99] 2015 Heuristics - 3-phase 33-bus distribution system - - N
[87] 2015 - Heuristics - - D MATLAB N
[78] 2015 X Heuristics - - C - Y
[72] 2015 - Linear programming - 3-phase lS:};Stlésn:jlstnbutlon [ GAMS/CPLEX Y
[75] 2015 X Linear programming - - D - N
[85] 2015 X Heuristics X 72-bus MV real test system D - Y
MATLAB/
[103] 2016 - Droop control - 3-phase real system D SimPowerSystems Y
Mixed-integer non-linear programming /
[106] 2016 X PSO-TVIW - 33-bus test system Cc - Y
Stochastic global optimization problem
[19] 2016 X approach/ Gaussian mixture model X Real test system C - Y
Copula function/Free Pattern Search
Quadratic non-linear constrained
[81] 2016 X optimization / sequential quadratic - Real test system C/D - Y
programming
[86] 2016 - Linear programming - - D MATLAB N
[83] 2016 - - - - - N
[107] 2016 - Particle Swarm Optimization - 33-bus radial distribution system C - Y
[64] 2016 - Particle Swarm Optimization 449-bus network C MATLAB Y
[96] 2016 X Genetic Algorithms - Real system C - Y
[63] 2016 X Point Estimate Method X 37-bus test system C/D MATLAB Y
[100] 2016 X Linear programming - - - - N
[65] 2016 X Quadratic optimization B Test system,bisfsseders, 5LV MATLAB Y
[58] 2017 - Droop control - 3-phase real system C/D - Y
[94] 2017 - Droop control - 3-phase test system D - N
[o] 2017 X Non-linear programming - 3-phase - 125‘:’,:::;(“5"'[)““0“ - MATLAB/GAMS Y
Sample average/approximation
[61] 2017 - Bender’s X - c - N
decomposition
[59] 2017 X Mixed-integer non-linear programming - 37-bus distribution system C GAMS/CPITI.EX/CONOP Y
[122] 2017 - Two-level stochastic Mlx_ed—lnteger Linear X 15-bus distribution c CPLEX N
programming network
[93] 2017 Particle Swarm Optimization - 134bus LV residential distribution - MATLAB/DIgSILENT N
[88] 2017 - Heuristics - - C - N
[89] 2017 X Heuristics X Residential real system D - N
[76] 2017 X Mixed-integer linear programming — — C GAMS/CPLEX N
[73] 2017 - Heuristics - 449-bus distribution system C C++ Y
[79] 2018 X Genetic Algorithms X 37-bus distribution system C - Y
[110] 2018 X Constant current/constant voltage (CC/CV) 10-bus-LV residential distribution c/D PSCAD v
Droop control system
[80] 2018 - Genetic Algorithms X 69-bus test system C - Y
[67] 2018 - Gradient projection-based - 5/12-feeder test system D - Y
[95] 2018 - mixed-integer linear programming X 3-phase 178-bus distribution D C++/AMPL/CPLEX Y

system

Information not available (—), Centralized methods (C), Decentralized methods (D), Low Voltage Network (LV), Yes (Y), No (N)
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TABLE Ill. CHARACTERISTICS OF THE REVIEWED PAPERS ON EV-DSS. (Continuation...)

Centralized/

Ref. Year V2G Solution technique Uncert. Test system Decentralized Software Stackable
[111] 2018 - Non-linear programming - 33-bus distribution system C GAMS/KNITRO Y
[124] 2018 - mixed-integer linear programming 107-bus dlstgggté%nl_s\)gtem (11mMv Cc AMPL/CPLEX Y
[97] 2018 X - X Real test system C - Y
[74] 2018 X Heuristics - Real distribution system Cc MATII:S\?.II_D'QSI Y
[68] 2018 - linear programming - 4-bus test system D GAMS/CPLEX Y
[66] 2018 - mixed-integer linear programming X 33-bus distribution system D GAMS/CPLEX Y
[90] 2018 - Convex optimization - 3-phase real distribution system D MATLAB/CVX Y

Information not available (-), Centralized methods (C), Decentralized methods (D), Low Voltage Network (LV), Yes (Y), No (N)

the authors develop a smart charging controller that can be used
for centralized/decentralized EV control, helping the grid with
congestion and frequency issues. The authors in [64] develop an
online algorithm for optimal EV charging coordination
considering EV user preferences and grid technical conditions,
contributing indirectly with loss minimization reduction.

In [67], a gradient projection-based method to deal with
overloading on the transformers is proposed. Similarly, in [63],
a probabilistic model is proposed to reduce the probability of
congestion of lines and under/overvoltage in the nodes in a
radial distribution network. The authors in [59] propose three
different EV charging coordination algorithms to prevent line
congestion, voltage drops, and transformer congestion. A
similar approach can be found in [62], in which the congestion
problem is addressed through a coordination strategy to
minimize the charging cost of EVs while maintaining thermal
limits and considering the EV user requirements.

In contrast to the studies described above, in [61], an EV
charging coordination model is proposed to control the EV loads
at a public station with fast chargers installed. The EV load is
managed using its charging flexibility, so congestion problems
are avoided. Moreover, in [66] and [68], price-based methods
are proposed for congestion management in distribution
networks under high penetration of EVs and heat pumps.

3.1.2 Loss minimization

Power losses are the energy dissipated as heat through the
conductors. Typically, as demand increases, power losses
increase as well. A classic formulation for minimizing the power

losses in distribution systems is given by (3), where R; and I;
are the resistance and the current of line I, respectively.

NL
minz R,I? 3)
1

The strategies developed in [69]-[72], [73], and [74] deal
with power losses in the grid. A multi-objective methodology
for the day-ahead active and reactive power scheduling problem
is proposed in [71]. Here, EVs contribute with voltage
regulation through active power control. In [72], the proposed
online EV charging coordination minimizes the total cost of the
electricity and the power losses, considering the network
security, power quality, and EV constraints. Load shifting is
implicitly addressed in this work.

Centralized and decentralized EV charging coordination
strategies for balancing the operation of distribution networks
using EV chargers and PV inverters are proposed in [69]. The
objective function aims to minimize the load variance, dealing

with power losses and avoiding the violation of voltage limits.
Distinct from [69], in [70], the authors propose a stochastic
optimization model to solve the distribution feeder
reconfiguration problem as a reliability-enhancing strategy to
coordinate the V2G provision of EV fleets. In [73], charging
coordination strategies are proposed to minimize the total
operational cost of the distribution system considering customer
preferences and to maintain the technical grid constraints, while
in [74], the strategies are developed to minimize variations in
the average voltage of the feeders.

3.1.3 Load shifting

Load shifting reduces the utility loads during periods of peak
demand and builds the load in off-peak periods, which means
that some appliances (e.g., EVs) are switched off during peak
demand [51]. As a result, the electricity consumption is shifted
from peak to off-peak hours, and vice versa.

Several studies have involved load-shifting strategies for
minimizing the peak demand. For instance, in [75], the authors
propose distributed algorithms that enable EV users to
participate in demand response programs to reduce the peak
demand and to flatten the demand curve through a game theory
approach. Similarly, an intelligent algorithm to control EV
charging/discharging is proposed in [76]. There, the algorithm
takes advantage of the energy store capacity of EVs to provide
support to the grid and avoids new peak demands by using a
tariffs scheme.

The work presented in [77] proposes a mathematical model
in which the EV load is shifted according to the charging prices,
and the profit of all the involved parties is maximized. In the
same way, in [78], an EV charging/discharging control for load
leveling to minimize the electricity cost is proposed. The
methodology is developed for peak-load shifting by using the
EV batteries and PV panels to support electricity in a small-scale
energy management system. In [79] and [80], smart charging
strategies are proposed to deal with peak loads through load
shifting. Although [79] considers the technical constraints of the
grid and the EVs, [80] is more focused on economical solutions
for future smart cities.

3.1.4 Peak shaving and valley filling

Peak shaving consists of the peak demand reduction of the
system by direct load control, while valley filling is another
form of load management, which embraces building load in off-
peak periods and improving the load factor [51]. In terms of
EVs, users are encouraged to charge their cars during the off-
peak periods. Basic formulations for these services are
presented in (4) and (5).
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In (4), the total curtailed load cost is minimized, where N is
the number of loads to be disconnected, C,, is the cost of each
load, and AP,,, is the quantity of load curtailed. In (5), the power
consumed from the grid at time t (P,) during the off-peak
periods (Top—peqx) 1S Maximized.Several works have been
developed in order to provide peak shaving and valley filling
services [81]-[83]. Alternatively, [19], [84], and [85] only apply
peak shaving, while in [86], [87], [88], [89], and [90], only
valley filling is considered. In [82], the authors design fuzzy
logic controllers to be used in the substations and in the EV
charging stations for real-time EV charging coordination to
support the grid. In [81] and [85], distributed EV charging
strategies are proposed to minimize the system load variance
and to flatten the daily grid demand. While [81] focuses on the
EV/RES coordination, [85] focuses on the EV owners’
preferences. A similar approach can be found in [83], in which
an algorithm for EV charging/discharging coordination is
proposed to minimize the peak load demand and to foresee
congestion in the feeders and transformers. In [90], a strategy to
coordinate the available PEV battery capacity for local peak
shaving, along with a peak-shaving index, are proposed.

The work presented in [19] proposes an approach for the
statistical assessment of the potential of plug-in EV fleets
providing ancillary services using V2G technology. In [86],
decentralized algorithms with minimal communication and
delay considerations are proposed to prevent overloading in
transformers and to achieve a desirable level of valley filling in
the grid. Likewise, in [87], the authors propose strategies for
solving the EV charging coordination problem, considering the
EV owners’ preferences while minimizing the variance and
peak of the aggregated load profile. In [88], the authors propose
a valley filling strategy for EV charging coordination that can
improve the grid operation with a low computational algorithm,
while in [89], EV charging/discharging control strategies are
proposed using a predictive control approach to reduce power
fluctuations from EV charging and their impact on the demand
curve. In [89], the EV load is managed in the valley filling
operation, similar to the approach proposed in [67].
Additionally, the works presented in [19], [84], and [81]
contribute indirectly with loss minimization and voltage
regulation.

3.1.5 Voltage regulation by active power control

Voltage issues appear when connecting generation or
consumption units to the distribution network, leading to
voltage rise or drop problems. Active and reactive voltage
control methods have been developed to deal with these
problems by controlling different network resources, such as on-
load tap changers, distributed generation units, capacitor banks,
and other controllable devices (e.g., EVS). Voltage control can
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be carried out using constraints for voltage limits as described
in (6), where V;, V"™, and V" are the voltage magnitude and
the minimum and the maximum voltages at node i, respectively.
It can also be formulated as an objective function in which the
total voltage deviation, i.e., difference between a voltage
reference and an estimated value, is minimized, as described in

(7). Npys» Vi, and V; are the number of nodes, the voltage
reference, and the estimated voltage at note i, respectively.

Vit SV S v ®)
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Voltage regulation has been addressed in [9], [65], [91]-
[94], and [95]. In [9], a methodology for EV and PV
coordination in real-time is developed in order to mitigate the
imbalance in low voltage (LV) distribution grids by using V2G.
In [9], demand response is used as a strategy to cope with peak
demand and voltage drop issues. The study in [91] aims at
minimizing the total EV charging cost, considering the
interaction between the aggregator, the DSO, and the electricity
market, while maintaining the technical conditions of the grid.
In the same way, control algorithms are proposed in [92] to
optimize the EV charging coordination, maximize the power
required for each EV, and maintain the grid operational
constraints.

A method for optimal EV charging/discharging coordination
to improve the voltage imbalance factor is proposed in [93],
while the authors in [94] develop a methodology to improve the
power quality of a low voltage network. A local smart charging
controller is used for validating the EVs’ ability to reduce
voltage imbalances by modulating their charging current
according to local voltage measurements. Similarly, in [95], a
novel method is proposed that only requires local voltage
magnitude measurements to maintain the operational limits of
the distribution system. A similar approach can be found in [65],
in which an algorithm for managing EV charging/discharging in
LV distribution networks is proposed. The objective function
aims at controlling the voltage profile while considering the EV
users’ preferences. Furthermore, the algorithm reduces the line
and transformer loadings during the peak hours in an indirect
way. In [19], [58], [59], [71], [70], [81], [64], [96], [63], [80],
and [97], the voltage regulation service is indirectly addressed
as an active power support service.

Most of the studies that address services in the category of
active power support consider V2G technology in their
approaches. Nonetheless, it is not a requirement to offer this
kind of service to the grid.

3.2 Reactive power services

Reactive power and voltage control can be properly
managed and implemented to provide adequate service quality.
Several works have demonstrated that reactive power control
can be used to maintain the voltage within acceptable levels. It
can also be used to reduce power losses and congestion issues



and to improve the power factor and congestion.

3.2.1 Reactive power compensation

Reactive power compensation is a method for balancing the
capacitive and inductive components of a power system in order
to provide sufficient voltage support and to enhance the
reliability and security of the grid. In terms of EVs, it is a service
provided by the DC-link capacitor of an EV bidirectional battery
charger, which, according to the literature, could be
advantageous in terms of the life cycle of the battery because the
battery is not directly responsible for providing this service [20].
Different studies addressing this topic can be found in [84],
[98]-[108], and [109]. Furthermore, most of them also deal with
issues related to voltage drops and power losses. For instance,
in [84], despite the fact that the work is mainly focused on
reactive power compensation, the methodology also deals with
power loss issues. In that work, the authors propose three
algorithms for EV charging and study the impact of the reactive
power injection on the voltage deviation, peak load, and power
losses. Similarly, in [109], a P-Q control strategy for EV
charging stations is proposed, in which EVs are used to
compensate the reactive power consumed by wind turbines
installed at the distribution system level.

3.2.2 Reactive power compensation from EV chargers

Some works are focused on the EV chargers. For instance,
in [98], the authors design a bidirectional EV fast charger that is
used to provide reactive power compensation by maintaining
voltage regulation and power factor correction. Similarly, in
[101] and [110], the authors implement a single-phase on-board
bidirectional EV charger, which not only provides energy to the
EV batteries, but also provides reactive power support to the
grid. In the same way, a control strategy for EV charging and
reactive power support using a three-phase off-board EV
charger is developed in [104], while in [105], the authors
propose a reactive power compensation method for EVs in
which the power limit of the system is controlled by establishing
an active power priority. An alternative approach is proposed in
[102], in which the authors develop an optimal coordinated
voltage regulation algorithm including EV, DG, and on-load
tap-changer devices. Alternatively, the work in [103] proposes
an EV reactive power control, dependent on the voltage. The
objective aims to support the loaded phases and mitigate the
voltage imbalances of the grid without affecting user comfort.

3.2.3 Smart charging/discharging strategies

Distinct from the aforementioned works, a smart
charging/discharging strategy of EV aggregators is developed in
[106] to provide services to the grid within an energy
management system. A similar approach can be found in [107],
in which the authors propose an algorithm for continuous
reactive power management by EVs and PV systems,
considering technical aspects of the network. Similar results can
be found in [99], in which a reactive power management
strategy is proposed.

In [108], a grid-supporting EV station is modeled, and the
EVs provide active and reactive power support to the grid by
controlling the power angle and voltage. The approach in [100]
evaluates the capability and cost of providing reactive power
support by EVs through a mathematical model that considers the
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grid’s technical constraints and EV user requirements. In [111],
voltage control is addressed by managing the reactive power
from EVs. A mathematical model is proposed to minimize EV
load curtailment, power losses, and load shifting in an implicit
way.

Regarding voltage control services, most of the previous
studies that address reactive power compensation implicitly
address voltage issues, as previously mentioned.

3.3 Grid integration of RES

Along with EVs, RES integration into distribution systems
is emerging as a solution to cope with environmental issues.
However, it has been demonstrated that a high penetration of
RES may cause operational problems to the grid due to its
intermittency, bringing additional challenges for DSOs [112].

The joint operation of EVs and RES is a good option for
DSOs to deal with these issues. EVs can support the grid
operation in different ways, taking into account that some EV-
DSS, for instance, are inspired in the services provided by DG
units and energy storage devices to TSOs. The services included
in this category refer to those in which EVs help to support the
integration of RES into the grid by mitigating the intermittent
output power from solar energy (PV) or wind energy (WE). EV
energy consumption is encouraged during the periods of high
RES power production in order to avoid power curtailments.
Moreover, when properly managed, EVs can act as storage
devices to satisfy the demand when there is a deficit in the power
production from RES.

Regarding the services provided by EVs for supporting RES
integration into distribution systems, a number of studies
examine the large-scale integration of EVs for supporting the
integration of WE [113] and PV in power systems [114]-[116].
Despite the fact that WE is usually integrated into the
transmission systems, the penetration of wind power at the
distribution system level has also been studied in [117], in which
demand response strategies are proposed to prevent overvoltage
issues. In contrast, solar energy is usually integrated at the
distribution system level, at which overvoltage issues are also
addressed [118], [119].

3.3.1 Joint operation of EVs, WE, and PV systems

Several approaches have focused on the joint operation of
EVs and RES. In [34] and [120], reviews related to the ability
of EVs to support RES integration into the distribution system,
as well as its economic and environmental impacts, are
presented. The work presented in [10] proposes an algorithm for
controlling EV charging/discharging to deal with the high
penetration of RES. The algorithm considers wind turbines at
the medium voltage (MV) level and solar panels at the LV level,
and it uses EVs for the grid support, dealing mainly with voltage
deviation issues. Similarly, in [121], the authors propose a
method for EV charging coordination, in which the EVs are
considered responsive loads that can provide reserve services to
the grid in order to compensate for renewable power production
variability (WE and PV systems). Another approach is proposed
in [122], in which a mathematical model is developed to manage



the integrated operation of both plug-in EV parking lots and
RES. In this work, the technical constraints of the distribution
network are partly taken into account.

3.3.2 Joint operation of EVs and PV systems
The authors in [123] develop a control strategy for EV
charging/discharging to mitigate PV system impacts:
overvoltage during the day, peak load during the evening, and
reverse power flows. Similar strategies are proposed in [97],
aiming at reducing the PV power curtailment caused by
overvoltages under vehicle-to-home scenarios. In the same way,
in [96], an algorithm for managing the integrated operation of
EVs and PV systems by using EVs as storage devices is
proposed. The objective is to maximize the participation of PV
systems in ancillary services by using EV storage, considering
the EV user requirements and the grid constraints. The storage
also can help to deal with the peak load at night. In [114]-[116]
and [124], storage devices are also included within the
operational strategies for EVs and RES.

Even though the approaches in [9], [78], [107], and [109]
were described in previous sections, they also address the joint
management of EVs and RES in order to improve the operation
of the grid.

3.4 Limitation/Weakness of the reviewed works and research
requirements

It is clear that most of the previous papers are focused on
developing optimal strategies and methods to control the EV
charging coordination, aiming to minimize/maximize different
objectives named in this manuscript as EV-DSS. However, it
could be observed from the literature review that important
aspects within the strategies are disregarded or even developed
based on unrealistic assumptions, making the implementation of
EV-DSS in real-life applications difficult.

3.4.1 Price-based strategies in active power control

Most of the services regarding active power support deal
with load congestion and peak demand issues, which may be
influenced by price signals and uncontrollable elements, such as
socioeconomic and environmental factors. These issues
typically appear during the peak hours when not only is the
conventional demand consumed, but, at the same time, EVs are
being charged. Different strategies can be used for grid
congestion management, such as distribution grid capacity
market, advance capacity allocation, and dynamic tariffs [112],
[125]. Most of the strategies for grid congestion management,
for instance, are based on the electricity price behavior, and their
main objective is encouraging the energy consumption of EVs
during off-peak hours, when the electricity price is lower. In this
context, the grid congestion management based on dynamic
tariffs provides indirect service to the grid. However, these
strategies should be carefully addressed in order to avoid
creating new technical problems.

In terms of the peak demand, for example, one must bear in
mind that peak hours do not only take place when the electricity
price is high. For instance, in distribution systems with a high
penetration of RES, the market may face negative prices (low
prices) during the daytime. This may result in new peak hours
and new technical issues, such as overloading in some feeders
or undervoltage problems in some nodes, although the
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electricity price is still low. For example, Fig. 4 shows a case in
Denmark in which the electricity prices reached negative values
in the off-peak hours (12:00 — 16:00) during the daytime on May
1, 2017. Lower prices could create new peaks if people are
encouraged to charge their EVs during those hours, induced by
the RES power production. Therefore, shifting the load to
periods with lower electricity prices may be achieved at the
expense of creating new peak demands. In the reviewed
literature, some of the price-based signal strategies for EV
charging/discharging coordination are focused on minimizing
operational costs or EV charging costs. Although most of the
works consider the technical constraints of the grid, the creation
of new peaks is scarcely addressed. Therefore, price-based
strategies in active power control should be carefully designed
because new and potentially inconvenient peaks may be created.

3.4.2 Strategies for joint management of EVs and RES.

One way to deal with load congestion and new peak issues
is properly managing the joint operation between EVs and RES,
which could bring several advantages for DSOs. In the case of
PV systems, for instance, it is known that their high penetration
in distribution systems may cause new issues for the grid.
Congestion, for example, can happen due to a high load or high
power production of PVs. Then, DSOs may face
overvoltage/undervoltage in some nodes or overloading in the
transformers. However, EVs can help to alleviate those
problems and to maintain the grid operation within reliable
conditions. During the period of high PV production, the EVs
can increase charging, even if the price of the electricity is high.
In that case, EV's would help with the integration of PV systems
into distribution systems by preventing the curtailment or,
ultimately, the need of disconnection from the grid.
Furthermore, if the EVs do not need to be charged during the
periods of high PV production, they can be used as storage
devices, as long as their batteries have available capacity,
storing the surplus of energy coming from the PVs. This energy
can be used during peak hours through V2G technology. There
are few studies that consider this as a potential market for EV-



DSS, which affords room to propose new strategies for the
integrated coordination between EVs and RES in distribution
systems.

Although there is room for new investigations on the
aforementioned topics, there is still one limitation that strongly
affects the implementation of EV-DSS, which is the assumption
of market existence for each service, as further discussed below.

3.4.3 Assumptions on market existence and economic
calculations

Several important aspects, such as the existence of a market;
regulations; or economic aspects, e.g., the cost related to these
services, are assumed or simply disregarded in most of the
literature reviewed. A figurative example is explained as
follows: If a strategy is developed to coordinate the
charging/discharging of EVs in order to minimize the charging
cost from the owner’s perspective, a contract between the owner
and the other party (probably an aggregator or even the DSO)
should exist. If the owner is willing to provide services for the
DSO, how should the remuneration process be carried out? How
should be the contract? How much can the owner earn for
providing services for the DSO? How does the market work for
each service? Many of these open questions have been
addressed at the transmission system level. However, at the
distribution system level, all of these topics remain unclear.

In this way, managing the charging/discharging control of
EVs as a service for supporting the distribution grid becomes a
new paradigm that requires an appropriate regulatory
framework that endorses the EV service provision for DSOs
[31]. By having a clear concept on it, the current strategies and
methods developed to provide EV-DSS can be improved, or
new ones can even be proposed to align with the current
requirements for realistic implementations. Therefore, further
research in market and economic aspects is required in order to
ease the implementation of EV-DSS in real applications.

Based on the previous discussion, it can be seen that most of
the literature reviewed remains in theoretical implementations.
Thus, it would be useful to assess how far the EV-DSS are from
being implemented in real applications. Hence, in the following
section, an assessment of the maturity of EV-DSS is provided.

IV. ASSESSMENT OF THE MATURITY OF EV-DSS FOR
REAL APPLICATIONS

Based on the background, it is clear that there are many
strategies and solutions suggested for EV-DSS. However, since
EV-DSS are a new paradigm, DSOs are not yet allowed to
acquire services from other stakeholders or to participate in the
market. Therefore, it is relevant to assess the implementability
of these services in real applications and the possibility of being
combined with frequency regulation as a special case. This is
done by aiming at encouraging the development of local DSO
markets and promoting the active participation of EVs as service
providers for DSOs. The base case of frequency controlled
normal operation reserve (FNR found in Denmark zone DK?2)
provided by EVs to the TSOs used for this comparison
framework is supported by the real implementation of EV
services through the Parker project [24]. The definition of these
two comparison parameters is presented as follows:
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Implementability: Ease of implementation of EV-DSS in a
time horizon when compared with the current implementation
of a real-life case of FNR provided by EV to TSOs.

Stackability: Possibility of combining different services. For
simplicity, the comparison will be carried out between the
categories previously defined in Table I1, using a special case of
FNR with EV-DSS and the possibility of combining them.

4.1 Implementability

The implementability of the EV-DSS is assessed by taking
into account three time horizons as shown in Fig. 5: short-term
(0-2 years), medium-term (2-5 years), and long-term (over 5
years). The assessment considers aspects such as the
information and capabilities that are expected to be available for
their implementation, for instance, infrastructure, technology,
policies, and market framework, among others.

From Fig. 5, it is possible to observe that FNR is a current
service provided by EVs (here and now). However, one has to
bear in mind that frequency regulation is a service procured by
TSOs for which there is a complete market framework designed.
Comparing this specific case of FNR with EV-DSS, it is
possible to observe that, for instance, reactive power
compensation is a service that could be implemented in a
medium-long-term time horizon. Although new grid codes in
Denmark include policies that allow EV chargers to provide
reactive power to the grid [126], reactive power support cannot
be implemented in the short-term because there is not yet any
market for reactive power services. In addition, the majority of
EV chargers are not able to control the reactive power at the
connection point.

Congestion management, load shifting, peak shaving, and
valley filling could be implemented between a short- and
medium-term time horizon, as indicated by some real
applications of these services in California, in which the load is
shifted, based on EV tariffs [127], [128]. These kinds of services
are easier to implement since they are based on controlling
active power, for which there are more market framework
proposals. However, the application of these services depends
on the demand in each market. For this reason, there are still
some challenges from the DSO market perspective that should
be addressed to definitively establish these services as EV-DSS.

Voltage regulation by active power is in the medium-term
time horizon since
this is a high-level
power quality indicator. Currently, monetary penalties are
applied to network operators in case of voltage quality issues.
Since there are no markets specifically developed for this
service, voltage regulation by active power still needs time to
develop an appropriate market structure and become a DSO
service. VVoltage regulation by reactive power control could be
implemented in the medium-long-term time horizon. The grid
codes allow EV chargers to provide reactive power, but special
equipment capable of providing reactive power (which is not
common in current EV chargers) should be specially designed.
Some companies are working on implementing this technology
on new EV chargers.

EVs + RES integration support for DSOs are services that
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Fig. 5. Assessment of the maturity in the EV-DSS implementation.

could be implemented in the medium-long-term time horizon
since there are already well-defined market frameworks for
service provisions from RES to TSOs. These models can be
used as a base to create new markets for the joint operation of
EVs and RES as a DSO product. Moreover, there are some real
implementations of services provided by RES. In Germany, for
instance, peak reduction and voltage regulation services are
being implemented through PV units connected to the
distribution network in response to reduced grid tariffs [129].
However, the increasing penetration of PV units causes
operational issues to the grid, resulting in grid expansion
requirements. EVs can be used to support the integration of RES
at the distribution system level under suitable regulations and
market frameworks specifically developed or adjusted for such
services. A lack of rules and standards for managing this
technology and equipment in distribution grids makes it difficult
to see the implementation of such services in the near future.

4.2 Stackability

The stackability of services is assessed using three levels:
high, medium, and low (easy, medium, and difficult),
considering two ways of application: scheduled or
simultaneous. The possibility of a combination of EV-DSS per
category with a special case of FNR and the possibility of
combining between them are shown in Table IV. The last
column in Table 111 provides information about the combination
of different services in each paper included in the literature
review.

The services in Table IV included in the category of active
power support, such as congestion management, loss
minimization, load shifting, peak shaving, and valley filling, can
be easily combined with frequency regulation because these
services are mainly constrained by time. This means that they
are activated during specific periods of time, e.g., off-peak
hours, according to the requirements of the distribution grid.
Then, EVs can be used during the remaining time to provide
other services, such as frequency regulation, assuming a
minimum energy requirement per hour to satisfy the user
preferences. However, the combination of these services is
limited by the kind of time scheduling, e.g., in the day-ahead
(scheduled), intra-day, or real-time (simultaneous). The high-
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level combination of these services only works if they are
previously scheduled, because the power modulation is
scheduled according to the peak or valley periods. Otherwise,
the stackability of services is reduced because, in the intra-day
or real-time market in which simultaneous services may be
necessary, continuous power modulation is required. This
hinders the combination of services because real-time
information is needed, which requires special technology and
equipment. Continuous power modulation implies that EVs
should be ready at any time to provide specific services, which
reduces the possibility of offering other services. A similar
situation may occur with the combination between FNR and
reactive power compensation, and between FNR and voltage
regulation by reactive power control.

It is possible to see from Table IV that there is a high
possibility of combination between FNR and RES integration
support since these services also depend on time. EVs can be
used during specific periods of time to mitigate the intermittent
output power production from RES, and in the remaining time,
they can be used to provide other services, such as frequency
regulation. However, it could be more difficult to combine these
services simultaneously, since frequency regulation requires
constant power modulation, and the EV should be ready to
provide the service at any time.

Reactive power compensation and voltage regulation by
reactive power control could be combined, with most of the
services belonging to the category of active power support,
regardless of application. It is important to remember that this
service is mainly limited by the requirement of special
technology and equipment. Thus, it is possible to see that the
reactive power provision is far from being implemented in the
future, but would actually be mixable with the active power
services for DSOs and TSOs.

The stackability of the services belonging to the category of
active and reactive power support and to the category of RES
integration support is high, as long as the services are
prescheduled. This is because RES operation is constrained in
time. Then, EVs can be used to support the grid when the RES
operation is causing operational challenges, and in other periods
of time, they can support the grid problems related to
congestion, voltage drops, or overloading, e.g., caused by an
increase in conventional demand. Stackability of these services
in a simultaneous way is limited to the coincidence in time of
operational problems caused by RES operation and those caused
by other reasons, e.g., increase in conventional demand. For this
reason, plus the demand for special equipment for information
exchange in real-time, the stackability of these services qualifies
for a medium level.

Despite the fact that some services can be executed
simultaneously, prioritization and a sense of compromise should
be accounted for between them. For instance, voltage regulation
by active and reactive power can be combined with FNR;
however, according to the system conditions, it should be
defined which of those services has the highest priority.

V. CHALLENGES AND FUTURE RESEARCH
SUGGESTIONS
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TABLE IV. ASSESSMENT OF THE STACKABILITY OF THE EV-DSS PER CATEGORIES BASED ON THE PROPOSED CLASSIFICATION OF TABLE II.

Scheduled Simultaneous
FNR (Special | Active power Reactive . RES. FNR (Special | Active power Reactive . RES.
Category case) support power integration case) support poWer support integration
support support support
Active power support H - H H L - H M
Reactive power support H - - H L - - M
RES integration support H - L - - -

H - High level, M - Medium level, L - Low level.

In this paper, a classification, summary, and comparison of
the works addressing EV services specifically developed to
support the distribution grid have been presented. Following the
previous analysis, it can be concluded that, although there are
certain works addressing EV-DSS, there are still key aspects
that need to be tackled. An analysis of these key aspects can
identify and highlight open challenges and needs for further
research in specific areas to move toward realistic
implementations of EV-DSS. In this way, challenges and
prospects arising from the transition to a new perception of EV-
DSS are discussed in this section.

5.1 Market framework

There are several market frameworks that are designed
according to the requirements and regulations in each country.
For instance, the market framework in the US is composed of
generation companies, independent system operators (ISOs),
and utility companies. In the US market framework, the ISO is
the owner of the market. In Europe, the market framework is
almost the same; the difference is that the market operator is
independent [130]. Differences between market structures in
several countries can be found in [26], [27]. According to the
European Network of Transmission System Operators for
Electricity (ENTSO-E) [131], there are available market
frameworks for contemporary ancillary services provided to
TSOs, such as frequency containment reserve capacity/energy,
frequency restoration reserve capacity/energy (automatic),
frequency restoration reserve capacity/energy (manual), and
replacement reserves. The types of market frameworks in
Europe are based on bilateral markets, free offers, hybrid
markets, mandatory offers, mandatory provision, mandatory
provision without reservation, and organized markets. In a
bilateral market, for instance, a grid user and TSO negotiate a
contract for the offered service and price/price system [131].

Regarding the market framework for EV-DSS, it could be
mentioned that clearly, there is not much consensus regarding
EV-DSS in the contemporary literature. At the moment, there is
a market for frequency regulation services, but these services
are usually required for TSOs. In contrast, at the distribution
system level, there are market framework proposals for services
such as congestion management and voltage regulation by using
active power control [132], while for load shifting, peak
shaving, and valley filling, they have not been proposed yet.
Because there is no commercial market defined for reactive
power support, the economic incentive is focused on active
power support. Several works address loading and voltage
regulation services by modulating the EV active power.
Nonetheless, some EV users may not enable this service due to
the delay in the charging process, which affects their comfort.
Furthermore, the communication infrastructure and users’

privacy become additional limitations in the service provision
[31].

Regarding reactive power support, there is a high potential
for using EVs to provide voltage regulation by injecting reactive
power into the grid. One of the reasons for using EVs on that
purpose is that reactive power does not affect the charging
process of the EVs, which maintains user comfort. Few works
have addressed reactive power control strategies [98], [100],
[101], [103]-[105]. This is a new area that could be explored,
despite some limitations, especially those related to the
requirements of special chargers with V2G technology, along
with a market framework.

In this way, from the market framework point of view,
market design for EV-DSS is a potential topic for further
research since most of the DSOs are not allowed yet to acquire
services from other parties or to participate in the market [31].
New market models that enable active and reactive EV-DSS,
such as load shifting, peak shaving, valley filling, voltage
regulation, and reactive power control at the distribution system
level, can be investigated and proposed to enforce the
participation of DSOs in the market as an active player.

5.2 Economic aspects

According to the literature review, it could be mentioned that
there is a lack of information in terms of the economic aspects
of EV-DSS. Most of the studies focus on EV coordination in
order to address loading and voltage issues, disregarding the
details of the economic aspects, such as the revenues for
providing services to the DSOs. One possible reason could be
that these calculations depend highly on the regulation policies
and socioeconomic and environmental conditions of each
country. It is worth mentioning that the main incentive for the
EV owners to allow active power control is the minimization of
the EV charging cost. Usually, these strategies are based on
electricity prices and involve the EVs being charged during
periods of low electricity prices. However, most of the studies
focus on developing strategies, methodologies, and algorithms
for EV charging coordination while disregarding the economic
aspects of EV-DSS.

One important issue regarding the economic aspects of EV-
DSS is the definition of the price signals, so that the results
benefit all stakeholders. The work presented in [133] proposes
a market framework, introducing a design for an EV charging
billing process based on a two-price model in order to
incorporate EV services into distribution systems. According to
the simulations carried out in [133] using a real distribution
system in Denmark, one EV user does not receive much money
per year for providing services to the DSQOs, considering one
single charging event per EV per day. It is important to mention
that the estimation of the revenues for the DSOs is not easy to



assess because there are several parties involved in the retail
electricity market with a corresponding revenue distribution.

On the other hand, although there is not a market framework
for service provision at the distribution system level, and even
though there is no information regarding the economic aspects
associated with them, a good starting point could be the
inclusion of these services as part of the grid codes in the future.
In Denmark, for instance, EV chargers should be able to provide
reactive power to the grid [126].

For these reasons, more research on this topic is encouraged
in an attempt to answer many questions that remain unanswered.
For instance, who will be able to provide flexibility to the
DSO0s? How can consumers be encouraged to provide services
while being profitable? How much may consumers earn by
providing services for DSOs? How should the grid operating
rules be modified to include EV-DSS? What should the
regulation framework be? It is worth mentioning that the
answers to these questions depend on each country and the
special needs of each DSO. These matters have been poorly
addressed in contemporary literature. Therefore, economic
evaluations, including aspects such as benefit analysis for all
stakeholders and possible remuneration strategies for service
providers, are still open for research.

5.3 EV battery degradation caused by EV services

Because EVs can offer grid support by controlling the
charging/discharging of their batteries, the operational strategies
developed for this control may affect the battery life. Factors
mainly related to the operation of the EV, such as charge
transfer, charging rate, and average SOC, affect the battery life
span. When providing services, there is a higher probability of
incurring on more EV charge and discharge cycles, and the
charging rate should be modulated according to the control
signal, e.g., the frequency signal, which may reduce the life span
of the battery. Hence, it is expected that service provision may
have a detrimental impact on battery degradation.

Some studies have focused on this matter. In [5], the authors
analyze the effect on the EV battery life caused by the grid
support and propose measures to reduce these negative impacts.
In [134], a battery degradation cost model is developed based
on the cost incurred by EV wusers as a result of the
charging/discharging activities associated with participation in
V2G programs. A similar approach can be found in [135], in
which only the battery discharging degradation cost is taken into
account to calculate the effect of providing V2G services. The
works presented in [136] and [137] also address the battery
degradation effects caused by EV service provision. Therefore,
the impact on battery degradation is an important issue that
should be always considered and assessed within the strategies
developed to provide EV-DSS, because the integration of
battery degradation costs may change the charging/discharging
strategies. Moreover, it is necessary to answer questions in
regard to economic calculations: How much damage is caused
by providing services? How is this damage compensated? Who
is responsible for the payment? Hence, this topic becomes an
interesting potential field for future research.

A comparison of the hourly energy exchanged (charged and
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Fig. 6. Daily energy exchanged for one car.

discharged) of one EV with and without providing services can
be seen in Fig. 6. Fig. 6a shows the possible conventional daily
energy exchanged for one EV Nissan LEAF with a battery
capacity of 24 kWh. Considering the average travel distance per
day in Denmark, which is approximately 40km [138], it results
in a daily energy consumption for driving of approximately 8
kWh. Furthermore, it is assumed that the EV is used for
traveling to work and that it is connected in a residential area for
charging, using a slow charger with power rated at 3.6 kW.
Assuming an unknown initial SOC of the battery and also
assuming that the charging process will only finish when the car
is disconnected or fully charged (according to the user
preferences) it can be seen from Fig. 6a that the energy
discharged only depends on the energy required for driving and
that the charging rate is stable. Fig. 6b shows the total energy
exchanged per hour of the same EV Nissan Leaf providing FNR
to Energinet, the TSO in Denmark, through an ENEL V2G
charger with 10 kW of power rated capacity during one
complete day (data from Parker [24], a project in which a real
demonstration of FNR provided by an EV fleet in Denmark is
being carried out [139]). It can be seen from Fig. 6b that during
some hours (e.g., hour 1 and 4) there are energy charged and
discharged at the same time. This is because the frequency
signal is measured with one-second resolution, and due to its
high fluctuation and uncertain behavior, the system may face
over and under frequencies from one second to another. This
may result in charging and discharging actions during the same
hour, which means that the EV may consume or inject power
from/to the grid during one hour.

The differences between the charging rates for both cases are
depicted in Fig. 6. As can be seen, the energy exchanged in the
EV transportation load profile is less than when the car is
providing FNR services to the grid. It is worth mentioning that
the amount of energy charged or discharged in the case of FNR
fluctuates hour by hour. Since the energy exchanged is directly
related to the depth of discharge of the battery, the service
provision may result in more battery degradation.

5.4 Impacts of TSO service provision by EVs on distribution
grids

Since TSOs are responsible for grid stability and security,
TSOs are responsible for maintaining the balance between
electricity consumption and production by procuring ancillary
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services, such as frequency and voltage regulation. Frequency
regulation is one of the most common services procured by
TSOs for grid balancing, and EVs are pointed out as a prominent
option to provide this service due to the manageable nature of
their loads, availability, bidirectional power capacity, and quick
response time [140]. However, considering that the EVs are
mainly connected to the distribution network, ancillary services
provision for TSOs may affect the distribution grid to which
EVs are connected; that automatically results in a conflict of
interest between DSOs and TSOs [141], [142]. This topic has
been scarcely studied in the literature; therefore, it deserves
more attention, since EVs have been becoming more popular as
new service providers in recent years.

The preliminary results from Parker [24] allow us to further
discuss the possible conflicts between TSOs and DSOs. Fig. 7
shows the real operation of one EV (the same described in Fig.
6b) providing FNR to Energinet during one complete day. Fig.
7 depicts the power provided by the EV with one-second
resolution in the case of owver frequencies, where down-
regulation is required and the charging mode is activated, and in
the case of under frequencies, where up-regulation is required
and the discharging mode is activated. As can be seen, high
power fluctuations occur during the day, caused by the charging
and discharging actions resulting from the frequency signals. On
one hand, it has been already demonstrated that a high
penetration of EVs in distribution systems causes detrimental
impacts on the network. On the other hand, if this power
fluctuation is extrapolated to a huge number of EV's connected
at the distribution level, technical issues (e.g., overloading in the
transformers, line congestion, voltage drops, or phase
unbalances) are anticipated. Hence, the effect of this power
fluctuation on the distribution grid should be taken into account
when developing strategies for service provision by EVs to
TSOs. In the same way, the fact that service provision from EVs
to TSOs may cause conflicts between DSOs and TSOs leads us
to anticipate that the service provision from EVs to DSOs will
cause conflicts between DSOs and other stakeholders, such as
aggregators, balance responsible parties, or even the end users
(according to the market structure).

Considering the lack of strong research addressing this topic,
and based on the preliminary results of the Parker project, it is
possible to claim that further investigations on the conflicts that
may arise from the EV service provision are required in an
attempt to answer several open questions: How would DSOs be
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compensated for the operational problems caused by the TSO
service provision? Who will pay for the damages caused in the
distribution grid? Are there stacked services that can solve
problems for different parties at the same time (for instance,
DSOs and TSOs)? The answers to these questions can ease the
implementation of DSO services in real applications.

5.5 Emerging EV technologies and their impact on
distribution grids

EVs are part of different technologies involved in smart
cities, especially those used to reduce green-house emissions
and deal with environmental issues. Other emerging
technologies, such as connected and autonomous vehicles, are
being incorporated in smart cities as a way to deal with traffic
and transportation issues. In a future transportation
electrification scenario, the combination of these two
technologies may bring potential benefits, but also challenges,
in several aspects [143], [144]. Autonomous vehicles and EVs
are complementary from a technology point of view [145]-
[147]. For instance, EVs could be easier for auto driving due to
the electric components [148].

Autonomous and connected EVs (ACEVs) may have the
capability to manage many functionalities, such as SOC, the
charging power, and the charging/discharging time, without
deteriorating user comfort [144]. To this aim, ACEVs need to
make use of communication tools, that allow them to find
charging facilities. For instance, in [149], the authors develop a
communication tool for vehicles to localize access points online
with improved connectivity signals. Similarly, a methodology
for the optimal allocation of wireless power transfer systems for
autonomous EVs is presented in [150]. In [151], the authors
develop a software that allows for communication between the
database and a group of drones, which could be adapted for the
operation of ACEV fleets. ACEVs may use similar technologies
to manage energy functions in an automatized and optimized
way and to enable communication between involved parties
(e.g., ACEVs, users, operating system, transportation utilities,
electricity companies, aggregators, etc.).

As a result, it is expected that ACEVs will be integrated in
the power system due to their energy requirements, which may
bring additional challenges to distribution systems. ACEVs’
load will represent an increase in the energy demand, which may
provoke operational problems with the grid, similar to those
provoked by current EVs. However, the ACEVs’ capabilities
may be advantageous for DSOs or aggregators in terms of
flexibility, since the charging/discharging of ACEVs could be
more easily programmed using communication technologies to
support the system operation through different DSO services. In
this way, DSOs may cope with challenges arising from
uncertain variables related to EV user behavior, since it is
difficult to predict when and where a private EV owner will
connect the car to charge its battery.

Few works have analyzed the impacts of the ACEVs’
integration in power systems [144], [152], [153]. Moreover,
similar to the current EVs, a large-scale implementation of
ACEVs and the service provision to DSOs must still overcome
many barriers related to the policies, agreements, infrastructure,



and technology [146], [154]. Considering the growing
penetration of emerging EV technologies and the lack of
research in the context of DSO services, further investigations
are required in this regard to pave the way toward an optimized
integration of emerging EV technologies in distribution
systems. Additionally, it is worth exploring the possibility of
adapting the methods already proposed in the current literature
(those developed to optimize the integration of EVs in the power
system) to cope with the integration of ACEVs in distribution
grids.

VI. CONCLUSIONS

This paper presented a review of the recent literature
focusing on distribution system services provided by EVs (EV-
DSS). It was found that there is not an agreement regarding the
classification of the services provided by EVs for DSOs, which
could be because of the novelty of the concept at the distribution
level; therefore, a new classification of EV-DSS was proposed,
including three main categories: active power support, reactive
power support, and renewable energy source (RES) integration
support. A description of the services, basic formulations, and
the main contributions of the reviewed papers were presented.
This information provided an overview of the traditional
methods and allowed us to identify weaknesses in the control
strategies as a means to encourage exploring new ones, aligned
with the current requirements for the realistic implementation of
services from EVs for DSOs.

Additionally, a comparison framework of the work
developed in the academic research with a real-life application
of EV services using a specific case of frequency regulation
service was proposed. Using the proposed framework, it is
possible to assess the implementability of EV-DSS, i.e., how far
the EV-DSS are from being implemented, and the stackability
of the EV-DSS, i.e., how easily EV-DSS services can be
combined with frequency regulation and other potential
services.

This information can help researchers to identify new
potential areas of research that need to be addressed to move
toward the realistic implementation of EV-DSS. It was found
that active power services have a high chance of being
implemented in the short-term, while reactive power
compensation is a service that could be implemented in a
medium-long-term time horizon because of the technical and
market limitations. It was also found that most of the services
belonging to the category of active power support can be highly
combined with frequency regulation and with reactive power
services under specific conditions. As a last step, a
comprehensive discussion regarding the challenges and
prospects of the EV-DSS was presented. It included key topics
such as market framework design, economic assessment, battery
degradation, and impacts of TSO service provision by EVs on
distribution grids. It is concluded that, although there were
certain strategies and solutions proposed to address EV-DSS,
most of these strategies were far from being implemented in real
applications because they fail on assuming possible roles for
DSOs as an active market player or even assuming the existence
of a market for each service. Considering these aspects within
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the EV-DSS strategies may significantly increase their
implementation in real-life cases. Moreover, it may help to
promote the active participation of EVs as a services provider
for DSOs and to stimulate the creation of regulations, standards,
and market framework for DSO services.

In addition, although most of the aspects that remain unclear
for moving toward realistic implementations of EV-DSS are
related to market and regulatory barriers, other important
barriers may also exist, e.g., the impact on the distribution grid
and battery degradation caused by the EV service provision to
any party of the whole power system. Thus, these kinds of topics
are suggested as future research directions associated with EV-
DSS.
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Abstract — Transportation electrification plays an important role in developing more sustainable
systems. As a result, the adoption of electric vehicles (EVs) is increasingly endorsed by governmental
policies. It can be more strongly encouraged through the provision of different ancillary services
using vehicle-to-grid (V2G) enabled EVs. This paper presents an assessment of the economic benefits
of using EVs to participate in the primary frequency regulation markets. A simulation-based
approach is used to evaluate a set of operation strategies, and a comparison analysis is performed
using four EVs with different battery capacities providing frequency-controlled normal operation
reserves (FCR-N) in the Nord Pool market. The assessment of the optimal bids is performed
considering the influence of the operation strategies and the customer preferences. In addition, the
effect of FCR-N on EV battery degradation and the grid impact caused by the service provision are
considered in the economic evaluation. The results estimate annual benefits ranging between €200
and €2000 per vehicle, which demonstrates that EV owners can obtain substantial revenues by

providing FCR-N.

Index Terms—Battery degradation, Economic assessment, Electric vehicles, Frequency regulation,

Operation strategies, V2G services.
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