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RELATÓRIO DE ATIVIDADES 
 
 

 

1 – DADOS CADASTRAIS  
 

1.1 Nome do Beneficiário 
Thompson Diórdinis Metzka Lanzanova 

1.2 CPF / Passaporte 
835.523.080-91 

1.3 Instituição  
Universidade Federal de Santa Maria 
Brunel University London 

1.4 Programa CAPES/ nº do AUXPE 
  

1.5 Projeto 
Desenvolvimento e validação de modelos matemáticos para a 
predição de emissões em motores de combustão interna 

1.6 Coordenador Projeto 
Nina Paula Gonçalves Salau 

1.7 Programa de Pós-Graduação 
Programa de Pós-Graduação em Engenharia Química (PPGEQ) 

 

2 – BENEFÍCIO 
 

2.1 Modalidade 
 
(  ) Missão de Trabalho (X ) Bolsa Pós-doutorado 
 
2.2 Instituição de Destino (nome da instituição e nome do 
centro/instituto/departamento/grupo de pesquisa) 

Universidade Federal de Santa Maria, Departamento de 
Engenharia Química, Grupo de Pesquisa em Motores 
Combustíveis e Emissões. 

2.3 Período da Atividade 

2.3.1 Início 

01/09/2019 

2.3.2 Término 

29/02/2020 

 

3 – RECURSOS RECEBIDOS (R$) 
 

3.1 Auxílio-deslocamento - 

3.2 Auxílio-instalação - 

3.3 Seguro-saúde - 

3.4 Adicional-localidade - 

3.5 Mensalidade R$ 24.600,00 

3.6 Auxílio-diário - 
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4 – DESCRIÇÃO DAS ATIVIDADES 
 

4.1 Objetivos da missão: (estabelecer correlação com os objetivos do projeto) 
O objetivo principal da implementação da bolsa foi de fortalecer a transferência de conhecimento adquirido pelo Dr. 
Thompson Lanzanova durante seu doutorado na Brunel University London para os grupos de pesquisa da Universidade 
Federal de Santa Maria – Grupo de Pesquisa em Motores, Combustíveis e Emissões do DEM UFSM, e Laboratório de 
Engenharia Química ligados ao PPGEQ UFSM). Os objetivos do projeto eram: (a) Validar a modelagem de diversos 
modos de operação de um motor de combustão interna frente a resultados experimentais para a obtenção de 
parâmetros de entrada para outros modelos matemáticos; (b) Aplicar modelos de cinética química detalhada através 
de sub-rotinas no software GT-Suite; (c) Definir a arquitetura de redes neurais, e treinamento da mesma a fim de 
possibilitar a predição de emissões em condições de operação diferentes daquelas previstas em testes, avaliando 
principalmente os efeitos da variação de comando de válvulas na operação do motor; (d) Gerar publicações de artigos 
em periódicos científicos internacionais; (e) Auxiliar na formação de pesquisadores através da inserção do pós-
doutorando em grupos de pesquisa para auxílio na orientação de iniciação científica, mestrado e doutorados. 
 
 
4.2 Atividades Realizadas: (listar atividades) 
Dentre as atividades listadas nos objetivos iniciais do projeto, 80% dessas foram concluídas. Devido ao atraso na 
implementação da bolsa por parte da agência de fomento, certas atividades que constavam no escopo inicial do 
projeto foram alteradas a fim de melhor contemplar as necessidades de transferência de conhecimento do pós-
doutorando para os discentes envolvidos. 
Objetivo (a): Diversos modos de operação de um motor monocilíndrico de testes de ignição por centelha com 
atuação de válvulas totalmente variável operando com etanol anidro foram modelados no software GT-Suite. As 
simulações foram validadas frente a resultados experimentais com desvios máximos de parâmetros de operação do 
motor menores que 3%. As seguintes estratégias de atuação de válvulas foram validadas: estratégia convencional 
para motores de ignição por centelha (TSI, do inglês throttle spark ignition), cruzamento de válvulas positivos (PVO, 
do inglês positive valve overlap), cruzamento de válvulas negativo (NVO, do inglês negative valve overlap), 
fechamento antecipado de válvula de admissão (EIVC, do inglês early intake valve closure), realimentação de gases de 
escape através de segunda abertura de válvula de exaustão (ER, do inglês exhaust rebreathing). A Figura 1 apresenta 
a validação das simulações de diversos modos de atuação de válvulas. Esses resultados foram publicados na revista 
Applied Energy (Capes A1) [1]. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 

 
Figura 1 – Log Pcilindro x Log(V/Vmax) – Validação de modelo numérico frente aos casos experimentais. 
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Figura 1 – Validação de diferentes modos de operação de um motor de combustão interna com   

Objetivo (b): Foram realizadas avaliações iniciais da aplicação de sub-rotinas de cinética química detalhada no 
software GT-Power. Devido ao longo tempo inicialmente necessário para a implementação dos modelos, optou-se 
(em conjunto com os orientadores) em utilizar esse tempo para concretização do objetivo (c).  
 
Objetivo (c): Foram realizados dois estudos focados na aplicação de redes neurais para predição de parâmetros de 
funcionamento e emissões de motores de ignição por centelha com conceitos de válvulas não convencionais. Ambos 
estudos foram realizados em conjunto com o doutorando Jean Fagundez.  
O primeiro estudo foi intitulado “Uso conjunto de redes neuronais e optimização por enxame de partículas para 
determinação de ótima performance de um motor de ignição por centelha a etanol operando com cruzamento de 
válvulas negativo” (publicado em inglês com o título de “Joint use of artificial neural networks and particle swarm 
optimization to determine optimal performance of an ethanol SI engine operating with negative valve overlap 
strategy” [2]publicado na revista Applie Energy, classificada com Qualis A1). Esse estudou tratou da aplicação de uma 
rede neuronal de 11 entradas, com 5, 10 e 15 neurônios ocultos e 8 saídas. Dois métodos de retro-propagação para 
treinamento foram testados: Levenberg-Marquardt e Regularização Bayesiana. Foi utilizada a técnica de optimização 
de pesos e bias através de enxame de partículas. Foram utilizados 3498 dados de entrada experimentais, sendo 2970 
pontos utilizados para o treinamento da rede, e 528 pontos utilizados para validação do modelo. A aplicação de redes 
neuronais foi sugerida como alternativa à modelos numéricos físico-empíricos, os quais possuem como característica 
alto tempo computacional de processamento. A estimação dos parâmetros de forma rápida e com baixo custo 
computacional vem de encontro às necessidades para implementação em modelos em tempo real para controle de 
operação de motores que utilizem a estratégia de NVO. Além disso, a metodologia desenvolvida pode também ser 
aplicada nas fases de desenvolvimento e calibração de motores, com finalidade de redução de custos de testes de 
motores em bancada dinamométrica e ensaios com veículo. Conseguiu-se alcançar um modelo de rede neuronal que 
obteve valores de correlação R entre os dados emissões de CO, HC e NOx de 0,9752, 0,9956, e 0,9897, 
respectivamente. Esses altos valores de correlação demonstram a validade do modelo de redes neurais desenvolvido 
para predição de parâmetros de emissões. Esse estudo só foi possível devido aos dados experimentais obtidos 
previamente pelo pós-doutorando enquanto realizava seu doutorado na Brunel University (Londres, Reino Unido). O 
pós-doutorando, além de compartilhar os dados experimentais participou das etapas de definição de parâmetros de 
entrada e saída da rede, realizou a simulação computacional em GT-Power a fim de fornecer alguns dados de saída 
do modelo de redes neuronais, e auxiliou no desenvolvimento dos modelos de redes neuronais. 
O segundo estudo, que está em fase de submissão para a revista FUEL (Capes Qualis A1), foi intitulado “Estratégia de 
redes neuronais artificiais para predição de performance de um motor de ignição por centelha ciclo Atkinson com 
realimentação de gases de escape (ER)” (Artificial neural network modeling strategies for performance prediction of 
an Atkinson cycle SI engine using exhaust gas rebreathing). A utilização de ciclo Atkinson possibilita a redução de 
emissões de CO2 de motores de combustão interna através do aumento da eficiência de operação ao se utilizar uma 
razão de expansão maior que a razão de compressão efetiva do motor. Isso vem de encontro com as necessidades de 
redução de emissões de CO2 apresentadas nas legislações atuais de diversos países. Ademais, a aplicação da 
estratégia de válvulas ER pode ser outra ferramenta para reduzir ainda mais as emissões de CO2. O estudo teve foco 
na predição de parâmetros de operação do motor que são de impossível medição experimental, e que requerem 
modelos de alto custo computacional para implementação em tempo real. O estudo compara três estratégias de 
optimização de pesos e bias de redes neuronais, Particle Swarm, Genetic Algorithm e Simulated Annealing, além de 
diversas arquiteturas de redes neuronais. Foram simulados e validados mais de 110 casos no software GT-Power a 
fim de gerar os parâmetros de saída da rede neuronal. Por fim, obteve-se uma rede neuronal com satisfatória 
correlação com os dados simulados e experimentais. O manuscrito desse trabalho é apresentado ao fim do 
documento. 
Objetivo(d): Até o momento foram publicados dois artigos em revistas internacionais com CAPES Qualis A1 [1], [2], 
sendo que o terceiro está em fase de revisão. Além desses, o pós-doutorando co-orientou diversos trabalhos que 
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foram enviados para congressos ainda no primeiro trimestre de 2020. Devido à pandemia de COVID 19, os 
congressos foram adiados para 2021. Ainda assim, os trabalhos já aprovados para apresentação em 2021 são listados 
a seguir: 
 
CONGRESSO SIMEA 2021:  
Paper 1 – Golke, D.; Rohrig, M.; Prante, G.; Lanzanova, T.; Martins, M. “VARIABLE VALVE TIMING EFFECTS ON 
COMBUSTION, PERFORMANCE AND EMISSIONS IN A SPARK IGNITION ENGINE FUELED WITH ETHANOL IN PART 
LOAD” 
Paper 2 -  Pedrozo, V.; Lanzanova, T.; Ferreira, L.; Zhao, H. “Miller cycle and wet ethanol injection for high efficiency 
and low emissions on a HD diesel engine.” 
 
ENCIT 2020 
Paper 1 – Telli, G.; Rocha, L.; Zulian, G.; Stefanello, S.; Lanzanova, T.; Martins, M. “POTENTIAL OF WATER INJECTION 
ON THE COMBUSTION AND EMISSIONS CHARACTERISTICS IN A HCCI ETHANOL ENGINE” 
Paper 2 – Golke, D.; Martins, M.; Lanzanova, T.; Prante, G.; Rohrig, M.; Garlet, R. “INVESTIGATION OF DIRECT 
ETHANOL INJECTION PRESSURE AND TIMING PARAMETERS ON COMBUSTION, PERFORMANCE AND EMISSION IN 
PART LOAD OF A SPARK IGNITION ENGINE”. 
 
Jornada Academica Integrada 2019 – UFSM – Trabalhos orientados durante o período de pós-doutorado e que 
geraram publicação em 2019. 
 

1 Abdalla, L. et. al. " SISTEMA DE PLANEJAMENTO E EXECUÇÃO ORÇAMENTÁRIA UTILIZADO EM 

EQUIPE DE COMPETIÇÃO TIPO BAJA SAE " 34a Jornada Acadêmica Integrada. UFSM, 21 a 25 de 

outubro de 2019. Santa Maria, RS. 

2 Barbieri, L. et. al. " ESTUDO COMPARATIVO DO DESGASTE DE POLIMÉRICOS UTILIZADOS PARA 

BUCHAS DE SUSPENSÃO DE UM VEICULO TIPO BAJA-SAE " 34a Jornada Acadêmica Integrada. 

UFSM, 21 a 25 de outubro de 2019. Santa Maria, RS. 

3 Borin, R. et. al. " CALIBRAÇÃO DE SENSORES MASS AIR FLOW (MAF) ATRAVÉS DE UMA PLACA 

DE ORIFÍCIO COM UMA BANCADA DE FLUXO " 34a Jornada Acadêmica Integrada. UFSM, 21 a 25 de 

outubro de 2019. Santa Maria, RS. 

4 Bozza, L. et. al. " ESCOLHA DA LOCALIZAÇÃO DE UMA FÁBRICA DE UTVS UTILIZANDO O MÉTODO 

DO CENTRO DE GRAVIDADE " 34a Jornada Acadêmica Integrada. UFSM, 21 a 25 de outubro de 2019. 

Santa Maria, RS. 

5 Brandão, V.; Colpo, L.; Lanzanova, T.  " CÁLCULO DE FADIGA PARA EIXO DE CAIXA DE REDUÇÃO 

DE PROTÓTIPO BAJA SAE " 34a Jornada Acadêmica Integrada. UFSM, 21 a 25 de outubro de 2019. 

Santa Maria, RS. 

6 Dowsley, L. et. al. " VALIDAÇÃO DE UM MODELO ANALÍTICO DE COXIM ELASTOMÉRICO PARA UM 

VEÍCULO DE COMPETIÇÃO DO TIPO BAJA SAE " 34a Jornada Acadêmica Integrada. UFSM, 21 a 25 de 

outubro de 2019. Santa Maria, RS. 

7 Martinelli, L. et. al. " DESENVOLVIMENTO DE INTERFACE HOMEM-MÁQUINA PARA UM PROTÓTIPO 

TIPO BAJA SAE " 34a Jornada Acadêmica Integrada. UFSM, 21 a 25 de outubro de 2019. Santa Maria, 

RS. 

8 Mattiazzi, L. et. al. " DIMENSIONAMENTO DE UM EIXO DE TRANSMISSÃO PARA UM VEÍCULO BAJA 

SAE " 34a Jornada Acadêmica Integrada. UFSM, 21 a 25 de outubro de 2019. Santa Maria, RS. 

9 Piccinin, M. et. al. " PROJETO DO SISTEMA ELÉTRICO DE ALIMENTAÇÃO BASEADO NOS DADOS 

DE CONSUMO TEÓRICOS E PRÁTICOS PARA UM VEÍCULO DO TIPOBAJA SAE " 34a Jornada 

Acadêmica Integrada. UFSM, 21 a 25 de outubro de 2019. Santa Maria, RS. 

10 Prante, G. et. al. " INSTALAÇÃO E COMISSIONAMENTO DE UM MOTOR DE COMBUSTÃO INTERNA 

EM UMA CÉLULA DE TESTES " 34a Jornada Acadêmica Integrada. UFSM, 21 a 25 de outubro de 2019. 

Santa Maria, RS. 

11 Rohrig, M. et, al.  " PROJETO DE UM TROCADOR DE CALOR PARA MOTORES DE COMBUSTÃO 
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INTERNA " 34a Jornada Acadêmica Integrada. UFSM, 21 a 25 de outubro de 2019. Santa Maria, RS. 

12 Rosa Junior, C. et. al. " ANÁLISE E INFLUÊNCIA DAS FORÇAS RESISTIVAS AO MOVIMENTO DE 

UM VEÍCULO MONOPOSTO OFF-ROAD DO TIPO BAJA SAE " 34a Jornada Acadêmica Integrada. 

UFSM, 21 a 25 de outubro de 2019. Santa Maria, RS. 

13 Silveira, R.; Lanzanova, T. " ANALISE ERGONOMICA DE UM PROTÓTIPO TIPO BAJA SAE " 34a 

Jornada Acadêmica Integrada. UFSM, 21 a 25 de outubro de 2019. Santa Maria, RS. 

14 Soares, I.; Borin, R.; Lanzanova, T. " ANÁLISE COMPUTACIONAL DA HOMOGENEIDADE DE UREIA 

EM UM SISTEMA SCR PARA MOTOR DIESEL DE UMA MÁQUINA AGRÍCOLA " 34a Jornada Acadêmica 

Integrada. UFSM, 21 a 25 de outubro de 2019. Santa Maria, RS. 

15 Tibola, A. et. al. " NÁLISE DE ESFORÇOS TRATIVOS E COMPRESSIVOS ATUANTES NO TIE ROD 

DE DIREÇÃO DE UM PROTÓTIPO OFF-ROAD DO TIPO BAJA SAE " 34a Jornada Acadêmica Integrada. 

UFSM, 21 a 25 de outubro de 2019. Santa Maria, RS. 

16 Tonetto, V. et. al.  " OTIMIZAÇÃO DE UM CHASSI BAJA SAE EM FUNÇÃO DO FENÔMENO DE 

RESSONÂNCIA COM O MOTOR UTILIZADO NO VEÍCULO " 34a Jornada Acadêmica Integrada. UFSM, 

21 a 25 de outubro de 2019. Santa Maria, RS. 

17 Zulian, G. et. al. " ADAPTAÇÃO E ANÁLISE DE EMISSÕES DE UM MOTOR OPERANDO COM 

IGNIÇÃO POR COMPRESSÃO DE CARGA HOMOGÊNEA (HCCI) E ETANOLHIDRATADO " 34a Jornada 

Acadêmica Integrada. UFSM, 21 a 25 de outubro de 2019. Santa Maria, RS. 

 

Objetivo (e):  

O pós-doutorando auxiliou na orientação do doutorando Jean Fagundez do PPGEQ, que também está sob 

orientação da Professora Nina Salau, com resultado de um paper já publicado em revista Qualis A1, e com 

um segundo trabalho já submetido para revista FUEL (Qualis A1). Além disso, o trabalho conjunto rendeu o 

planejamento de um terceiro trabalho o qual será desenvolvido no decorrer do ano de 2020. O terceiro 

trabalho tratará da aplicação de redes neuronais artificiais para predição de performance e emissões de 

motores ciclo Otto com utilização de conceito de válvulas PVO. 

Além disso, o pós-doutorando atuou diretamente como co-orientador de 20 alunos de graduação, 5 alunos 

de mestrado e 1 aluno de doutorado, do Grupo de Pesquisa em Motores, Combustíveis e Emissões do 

DEM UFSM, sob direção do Professor Mario Martins. Houve inclusão formal do pós-doutorando como co-

orientador de mestrado de Sérgio Stefanello do PPGEP UFSM, e como co-orientador do mestrando Diego 

Golke do PROMEC UFRGS. 

Participou da 34ª Jornaga Acadêmica Integrada, realizada na UFSM, entre os dias 21 e 25 de outubro de 

2019 como avaliador das apresenteções de trabalhos. 

Por fim, o pós-doutorando assumiu a orientação da equipe Baja SAE Bombaja UFSM, e tem auxiliado os 

25 alunos de engenharias do CT UFSM no desenvolvimento do projeto do novo protótipo off-road BJ-18. 

Participou da 17ª Competição Baja SAE BRASIL - Etapa Sul, na Universidade de Caxias do Sul em Caxias 

do Sul - RS, no período de 15 a 17 de novembro de 2019 na função de PROFESSOR ORIENTADOR. 

4.3 Resultados e/ou Impactos: 
 
Os principais resultados quanto a cada item previamente citado podem ser resumidos como: 
(a) Os modelos computacioanis de um motor ciclo Otto com aplicação de diferentes estratégias de válvulas 

propiciaram um estudo aprofundado dos ciclos termodinâmicos com enfase na melhoria de eficiência e redução 
de emissões. Os resultados gerados por essa fase possibilitaram o prosseguimento dos estudos de redes 
neuronais ao fornecer valores de parâmetros que são de impossível medição em bancada experimental. 

(c) Os estudos das diversar arquiteturas de redes neuronais testadas, assim como dos métodos de treinamento, e 
dos métodos para definição de pesos e tendências possibilitaram a criação de modelos matemáticos para 
predição de parâmetros de operação de motores de ciclo Otto operando com conceitos avançados de estratégias 
de válvulas em tempo real. Esses modelos serão futuramente implementados em bancadas testes para realização 
de calibração através de aprendizagem de máquina.  

(d)  Duas publicações já foram realizadas em revistas internacionais de CAPES Qualis A1 [1], [2], com outro trabalho 
em fase de publicação. 
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(e) A bolsa de pós-doutorado do pelo Programa Institucional de Internacionalização CAPES PrInt propicou ao pós-
doutorando a sua fixação permanente no Grupo de Pesquisa em Motores, Combustíveis e Emissões como co-
orientador de atividades de pesquisa, ensino e extensão. Devido ao atraso na implementação da bolsa, ainda 
durante a sua vigência, o pós-doutorando foi chamado a assumir uma vaga de professor adjunto no 
Departamente de Engenharia Mecânica da UFSM. Tendo recebido autorização da agência de fomento (CAPES) 
para prosseguir com o pós-doutorado, deu-se prosseguimentos às atividades docentes e de pesquisa de modo 
concomitante. Durante o período do pós-doutorado realizou-se orientação e co-orientação de mais de 50 alunos 
de iniciação científica dos seguintes grupos: Grupo de pesquisa em motores, combustíveis e emissões (GPMOT) e 
Equipe Bombaja UFSM Off-Road. Passou a co-orientar 2 mestrandos de diferentes programas de pós-graduação 
(PPGEP UFSM e PROMEC UFRGS). Por fim, conclui-se que a bolsa Capes PrInt foi imprescindível para fixação do 
pesquisador na UFSM, uma vez que sem essa, o pesquisador não teria se fixado na cidade.  
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The effects of residual gas trapping on part load performance and emissions
of a spark ignition direct injection engine fuelled with wet ethanol
Thompson Diórdinis Metzka Lanzanovaa,⁎, Macklini Dalla Noraa, Mario Eduardo Santos Martinsa,
Paulo Romeu Moreira Machadoa, Vinícius Bernardes Pedrozob, Hua Zhaob
aGrupo de Pesquisa em Motores Combustíveis e Emissões (GPMOT), Federal University of Santa Maria – Roraima Av. 1000, Santa Maria 97105-900, Brazil
b Centre for Advanced Powertrain and Fuels (CAPF), Brunel University London – Kingston Lane, Uxbridge UB8 3PH, United Kingdom

H I G H L I G H T S

• Stable engine operation was achieved with 20% water-in-ethanol (v/v) and 40% residual gas fraction.• Negative valve overlap provided hot residual gas trapping and increased indicated efficiency.• Higher combustion efficiency was achieved with intermediate RGF between 25 and 30%.• Water dilution was more effective in reducing NOx emissions than residual gas trapping.

A R T I C L E I N F O

Keywords:
Wet ethanol
Negative valve overlap
Hot residual gas
Variable valve actuation

A B S T R A C T

Biofuels, such as ethanol, have been introduced as a solution to decrease total CO2 emissions from transport
sector as well as an alternative to increase the domestic energy security against international fuel price fluc-
tuations. The use of high water content ethanol, the so-called wet ethanol (ethanol with higher than 5% water
content v/v), has been proposed to reduce ethanol production cost. This work presents the application of wet
ethanol on a naturally aspirated direct injection single cylinder research engine equipped with a fully variable
electro-hydraulic valve train running on stoichiometric air/fuel ratio. The negative valve overlap (NVO) strategy
was used to retain high residual gas fraction (RGF) at the part load operation of 3.1 bar IMEP and 1500 rpm.
Anhydrous ethanol and different wet ethanol compositions (10% and 20% water-in-ethanol content v/v) were
tested for several NVO durations, as well as European RON 95 gasoline. A one-dimensional engine model was
built and validated against experimental data to estimate the RGF for each operating point. It was possible to
achieve stable stoichiometric operation with more than 35% RGF for anhydrous ethanol and RON 95 gasoline.
On the other hand, the maximum supported RGF for stable operation decreased as the water-in-ethanol content
increased. The increase in water content reduced the tolerance to hot residuals due to lower combustion tem-
peratures, which lengthened the flame initiation and main combustion phases. Even then, the increase in NVO
period resulted in net indicated efficiency gains for all fuels due to less pumping losses, lower combustion
temperature, and the possibility to maintain combustion efficiency at acceptable levels even with the maximum
achievable RGF of each fuel. Anhydrous ethanol presented the highest net indicated efficiencies, while 10%
water-in-ethanol mixture presented slightly higher indicated efficiency compared to gasoline. 20% water-in-
ethanol mixture provided the lowest indicated efficiencies over the whole range of tested RGF.

1. Introduction

Greenhouse gas (GHG) emissions are considered one of the major
contributors to global warming and climate change. The transportation
sector accounts for about 25% of the total carbon dioxide (CO2) emis-
sions in the European Union (EU) and about 30% in the United States

(US) [1,2]. New gaseous emission and fuel economy legislations have
been introduced to limit the amount of CO2 produced by light-duty
vehicles in the EU, US, Japan, China, and other countries. In addition to
developing high efficiency internal combustion engines, low carbon and
renewable fuels can be effective on reducing CO2 emissions. In parti-
cular, sustainable utilization of a fuel requires the analysis of the well-
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to-wheel energy expense by production and total CO2 production. In
this scenario, the use of alternative fuels with positive production en-
ergy balance and low carbon footprint such as ethanol would be an
advantage.
Ethanol is a biofuel produced from the starch fermentation of

agricultural crops. The first generation ethanol production is centred on
crop plantation, mashing and cooking, sugar fermentation, distillation,
and dehydration. The second-generation ethanol production is based on
the conversion of cellulose into fermentable molecules, with the fol-
lowing steps: fermentation, distillation, and dehydration. The first
generation ethanol represents the largest share of worldwide produced
ethanol and typically has a positive net energy balance. Regarding
greenhouse gas emissions, ethanol production and consumption is more
efficient and attractive than that presented by fossil fuels. When as-
sessing ethanol’s energy production process, it has been shown that wet
ethanol with more than 10% water can save a considerable amount of
energy and reduce its production costs [3–6]. Ladisch and Dyck [3]
investigated the energy dispended during the distillation process of
ethanol. They showed that the ratio of available fuel energy to energy
expended during distillation process decreases abruptly at almost 10
times to remove the remaining 10% water-in-ethanol content. More
recently, Flowers et al. [4] proposed the use of hydrous ethanol with
more than 10% water-in-ethanol (so called wet ethanol) as internal
combustion engines’ fuel. Later, López-Plaza et al. [5] studied the en-
ergy gains and possible CO2 reduction on the wet ethanol production
chain when using several distillation scenarios. Another study [6] in-
vestigated in deep the wet ethanol production process to determine the
effect on energy use, water consumption and greenhouse gas (GHG)
emissions in the refining stage of the corn ethanol lifecycle. This study
showed that a 10% (v/v) water-in-ethanol fuel would reduce the energy
expense in about 10%, with monetary savings and energy reduction of

around 8%. Thus, ethanol-in-water mixtures have been investigated as
an alternative low cost biofuel [7–10]. A catalytic igniter was proposed
to enable stable SI operation with up to 30% (v/v) water-in-ethanol on
an SI engine of a transit van [7,8]. The authors have also investigated
the use of wet ethanol on spark ignition engines [9,10] and found that
the optimum ethanol-in-water content for the lowest engine operation
cost is between 15% and 10% water-in-ethanol.
A study focused on a small SI power generator running on wet

ethanol [11,12] showed that the increase in water content reduced the
overall engine efficiency and increased unburned hydrocarbon (HC)
and aldehyde emissions. Nitrogen oxides (NOx) emissions were reduced
by approximately 80% when the water content was increased from 20%
to 40% v/v. The catalytic converter allowed for reasonable reduction in
terms of emissions under stoichiometric operation. Severe wearing of
engine parts and oil lubricant contamination were reported. Combus-
tion analysis was not presented.
In another study [13], the application of wet ethanol containing up

to 20% of water on a mass basis (m/m) was investigated in a super-
charged four-cylinder direct injection (DI) engine. In terms of tank-to-
wheels emissions, carbon monoxide (CO), CO2, and NOx were un-
affected by the increase in water-in-ethanol content. HC emissions in-
creased linearly with the increase in water-in-ethanol content. Brake
efficiency could be maintained at some particular high load conditions.
Advanced spark timing was required to compensate for the longer
combustion processes of wet ethanol with higher water content.
A more recent study [14] reported that wet ethanol with 10% water

resulted in faster combustion than anhydrous ethanol when operating
the engine with a constant intake air pressure at a low load of ap-
proximately 1.5 bar net indicated mean effective pressure (IMEP). The
investigation was performed in a single cylinder optical engine
equipped with DI and port fuel injection (PFI) systems. The use of

Nomenclature

CAD crank angle degree
CAI controlled autoignition
CO carbon monoxide
CO2 carbon dioxide
COVimep covariance of IMEP
CPS cam profile switch
CVVL continuously variable valve lift
DI direct fuel injection
e ethanol volumetric content on fuel
EGR exhaust gas recirculation
EIVC early intake valve closure
EVC exhaust valve closure
EVO exhaust valve opening
ExxWyy mixture of xx% of ethanol in yy% of water
FDA flame development angle
FID flame ionization detector
FVVA fully variable valve actuation
GHG greenhouse gases
HC hydrocarbon
HCCI homogeneous charge compression ignitions
HRR heat release rate
iEGR internal exhaust gas recycling
IMEP indicated mean effective pressure
ISCO indicated specific CO emissions
ISNOx indicated specific NOx emissions
ISTHC indicated specific THC emissions
IVC intake valve closure
IVO intake valve opening
kfid FID correction factor
kw dry-to-wet emissions correction factor

LHV lower heating value
MBT minimum spark advance for maximum brake torque
NOx nitrogen oxides
NVO negative valve overlap
p pressure
PI indicated power
PFI port fuel injection
PMEP pumping mean effective pressure
PVO positive valve overlap
Qnet apparent heat release rate
RCCI reactive controlled compression ignition
RG residual gas
RGF residual gas fraction
RON research octane number
SACI spark assisted compression ignition
SI spark ignition
TDC top dead centre
THC total hydrocarbon
THC total hydrocarbons
ui raw gas exhaust factor of “i”
V instantaneous in-cylinder volume
v/v volume/volume
VVA variable valve actuation
Wc work per cycle
xi concentration of “i” gas
mi mass flow rate of “i”
γ ratio of specific heats
ηge gas exchange efficiency
ηc combustion efficiency
ηi net indicated efficiency
ηth thermodynamic efficiency
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water-in-ethanol fractions of more than 10% further reduced the
combustion duration under a PFI operation but yielded a longer com-
bustion process under DI operation. This has been attributed to the
higher level of droplet diffusion burn in the flame development images
when compared to the PFI operation. The optical results showed that
the increase in water content decreased the flame distortion and cor-
rugation. Other combustion visualization study showed that the longer
combustion duration resulted from lower apparent flame speed of high
water-in-ethanol fuels provided more time for flame front distortion
caused by in-cylinder flow characteristics [15]. Iso-octane combustion
duration was larger than anhydrous ethanol but faster than any wet
ethanol mixture.
Other concerns raised for wet ethanol engine operation are the

possible wall wetting with PFI systems and fuel impingement with DI
systems. The occurrence of these events can reduce combustion effi-
ciency due to increased unburned HC and aldehyde emissions.
In addition, studies have explored the use of wet ethanol in homo-

geneous charge compression ignition (HCCI) combustion [4,16–20]
and, more recently, in dual-fuel reactivity controlled compression ig-
nition (RCCI) combustion [21,22]. High fuel conversion efficiencies and
low NOx emissions were achieved. While HCCI still presents combus-
tion control limitations despite recent development made by Mazda
[23], the RCCI strategy requires a costly compression ignition engine
and aftertreatment systems. An alternative approach using a pre-
chamber spark ignition (SI) combustion has demonstrated stable engine
operation with wet ethanol containing up to 40% water in a volume
basis (v/v) [9,24].
Alternatively, the use of negative valve overlap (NVO) through the

early closure of the exhaust valves has been proposed as an effective
means of trapping hot residuals and promoting HCCI and/or controlled
auto-ignition (CAI) combustion. In particular, experiments have re-
ported the formation of highly active radicals that enhance the auto-
ignition process when direct injecting fuel during the NVO re-
compression phase [25–27]. This fuel reforming promoted by the hot
residuals has showed no benefit in increasing the HCCI/CAI operation
range with wet ethanol [16,17]. Nevertheless, wet ethanol direct in-
jection during the NVO period can potentially be used to improve wet
ethanol vaporisation and thus fuel conversion efficiency on SI engines.
Several different VVA mechanisms were developed in the last dec-

ades to enable different degree of valve actuation freedom. Although
fully variable valve actuation (FVVA) mechanisms are already available
for production engines, such systems are considerably more expensive.
Therefore, only part of the market adopts it based on a cost benefit
scenario to attend fuel consumption legislation. In general, the larger
the vehicle, the higher the valve actuation freedom necessary to help to
achieve CO2 emissions legislation.
One of the most basic variable valve actuation mechanisms is based

on cam profile switching (CPS), initially proposed by Honda with its
VTEC system. It has two discrete intake cams with different profiles
designed for low load/speed (small lift and shorter duration) and high
load/speed (high lift and larger duration) [28]. These systems provide
low load higher efficiency by partial de-throttling which reduces
pumping work (the term de-throttle is used to denote wider throttle
opening while unthrottled is used to denote WOT condition with load
control through other means than throttling). Another basic mechanism
is cam phasing, which may increase or decrease valve overlap, for ex-
ample [29]. Many manufacturers use both systems at the same time in
order to achieve more benefits [30].
Other systems based on camshafts, which provide a larger degree of

valve actuation freedom, are the so called continuously variable valve
lift (CVVL) systems. These systems provide both cam phasing and valve
lift freedom. Several mechanisms have been proposed, among them, the
most famous are the BMW Valvetronics [31,32], Schaeffler UniAir
[33,34] (used by FIAT Chrysler), and Nissan Variable Valve Event and
Lift (VVEL) system [35]. Three dimensional cam lobes have also been
used by Ferrari and Alfa Romeo [36].

Lastly, fully flexible variable valve actuation (FVVA) systems not
based on camshafts (camless) have been also developed. These systems
can be electro-hydraulic [37,38], electro-pneumatic [39], or electro-
magnetic [40]. They provide fully independent valve actuation with the
possibility of two/four-stroke operation in the same engine [41]. Even
though it is a promising technology for light duty vehicles, only the
electro-pneumatic based system from Freevalve has been implemented
in high end production engines [39].
Despite the current research carried out in wet ethanol SI engines,

the effects of residual gas trapping on part load performance and
emissions have not yet been evaluated for stoichiometric SI operation.
In this study, various residual gas fractions, also referred to as internal
exhaust gas recirculation (iEGR), were investigated in order to max-
imise fuel conversion efficiency and minimise exhaust emissions. The
NVO strategy was used to improve the vaporisation of the water present
in wet ethanol and promote better combustion conditions than those of
a conventional throttled SI engine operation. Combustion character-
istics, engine-out emissions, and performance of a single cylinder DI
camless engine operating with two wet ethanol mixtures (E90W10 and
E80W20, where ExxWyy is a water-ethanol mixture containing “xx”
percent in volume of ethanol and “yy” percent in volume of water) were
compared to those attained with anhydrous ethanol (E100) and un-
leaded European gasoline (GRON95).

2. Experimental setup

2.1. Engine specifications and experimental facilities

The engine used in the experiments was a Ricardo Hydra Camless SI
engine equipped with DI system and an electro-hydraulic fully variable
valvetrain (FVVT). The engine specifications are presented in Table 1
while the test cell setup is showed in Fig. 1. The FVVT provided the
capability of independent control of the four valves. For this reason, the
engine was capable of operating in both two or four-stroke modes
[41,42]. The spark and injection timings, as well as valve parameters,
were controlled through a Ricardo rCube engine control unit (ECU).
The engine was coupled to an alternate current dynamometer that

enabled motoring and firing tests. The engine test cell had closed loop
control over coolant and oil temperatures, which were maintained at
363 K ± 2 K. An Endress+Hauser Promass 83A Coriolis meter was
used to measure fuel flow rate (mfuel). Fuel temperature was maintained
at 298 ± 5 K. Fuel injection pressure was held constant at
145 ± 5 bar. Fuel was directly injected into the cylinder by a multi-
hole injector mounted on the side of the cylinder head (between the
intake and exhaust valves). The near horizontally positioned spray was
located in the core of the reversed tumble flow produced by the upright
intake port. Intake air mass flow rate (mair) was measured by a Hasting
HFM-200 laminar flow meter. Intake air temperature was kept at
303 ± 5 K.
The in-cylinder pressure was measured by a Kistler 6061B piezo-

electric pressure sensor. Intake and exhaust pressures were measured by
Kistler piezoresistive absolute pressure sensors 4007BA20F and
4007BA5F, respectively. An encoder with 720 pulses per revolution,

Table 1
Ricardo Hydra Camless single cylinder engine specifications.

Engine Specifications

Bore× Stroke 81.6mm×66.9mm
Swept Volume 350 cm3

Geometric Compression
Ratio

11.8

Combustion Chamber Pent roof
Valvetrain 4 valves, electro-hydraulic actuation
Fuel injection system Direct injection, side mounted, Magneti Marelli

six holes solenoid-type injector
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directly connected to the crankshaft, was used to relate pressure data to
crank angle. K-type thermocouples were used to collect average tem-
peratures at relevant locations, such as intake and exhaust manifolds,
oil and coolant galleries, fuel rail, and valvetrain oil supply. An in-
house high speed data acquisition and combustion analysis system was
used to monitor and record all parameters.

2.2. Data analysis

Exhaust emissions of CO, HC, and NOx emissions were measured
using a Horiba MEXA-7170 DEGR analyser. It is important, however,
that the flame ionization detector (FID) outputs are corrected for their
lower responsiveness to unburned organic species containing oxygen to
carbon bonds. These gaseous emissions are typically constituted by
aldehydes and unburned ethanol when the engine is fuelled with
ethanol [12,43]. The correction methodology was presented by Kar
et al. [44] where a correction factor kFID was applied to the raw FIDppm
measurement depending on the ethanol volumetric content (“e” is the
ethanol volumetric content on the mixture) in the fuel [44,45]. Cor-
rection constants of 0.60 and 0.68 for the FID response towards acet-
aldehyde and ethanol, respectively, were proposed by Wallner et al.
[45]. A singular response factor of 0.64 was used in this study, as it
represents the average between the response factors of such species.
Therefore, the total hydrocarbons (THC) emissions were calculated
using the following equations in order to determine the corrected un-
burned organic and HC emissions:

=THC FID kppm FID(1)
=

+
kFID e e

1
1 (1 0.64)(0.608 0.092 )2 (2)

The procedures presented in the EU Emission Regulation [46] were
followed for the calculations of the indicated specific emissions as well
as for the conversion of CO and NOx to a wet basis. The water content
present in some of ethanol fuels tested was introduced into the calcu-
lations of the dry to wet correction factor kw, which corrects for the
induced water due to air humidity. The specific NOx humidity correc-
tion factor, which aims at eliminating the charge humidity effect on
NOx formation due to local-to-local and day-to-day temperature and
humidity variations, was not applied. The use of such correction factor
would increase the NOx emissions, masking the effect of a deliberately
higher charge “humidity” introduced by the wet ethanol. The indicated
specific gaseous emissions of each exhaust components evaluated
(ISgasi) were calculated by:

=ISgasi
u x k m

P
[ ]i i w exh

I
(3)where ui and x[ ]i are the raw gas exhaust factor

[46] and the concentration in ppm for the i chemical element in the
exhaust flow, respectively; kw is the dry to wet correction factor applied
to CO and NOx;mexh is the exhaust mass flow rate calculated as the sum
of the instantaneous fuel and air mass flow rates; and PI is the net

indicated power.
The gas exchange efficiency was calculated as the ratio of work

between the entire cycle work (e.g. IMEP) to the power phase work (e.g.
compression and expansion strokes only). The power phase work can be
considered as the difference between IMEP and pumping mean effective
pressure (PMEP).

=ge
IMEP

IMEP PMEP (4)
The combustion efficiency expressed how much of the fuel energy

was converted into heat. It was calculated from the THC and CO
emissions and their lower heating values as

= +1c
m LHV m LHV

m LHV
CO CO THC THC

f f
(5)where LHVf is the lower heating

value of the fuel. The gross thermodynamic efficiency ( th) indicated the
efficiency of converting the heat released into work during the power
generation phase as

=th
W

m Q( )
c

ge c f LHVf
(6)where Wc is the total work produced in one

cycle.
Finally, the net indicated efficiency ( i) expressed how much energy

from the fuel was actually converted into gas work, which also related
all other efficiencies as:

= =i
W

m Q th ge c
c

f LHVf
(7)

3. Methodology

3.1. Valve timing strategies

Experiments were performed with NVO valve strategy at an engine
speed of 1500 ± 10 rpm and a part load condition of 3.1 ± 0.1 bar
IMEP. According to previous studies at similar loads [41,47–49], two of
the most promising valve timing strategies for four stroke low load
gasoline combustion operation were the negative valve overlap (NVO)
and exhaust gas rebreathing. Although the exhaust gas rebreathing
strategy previously investigated by other authors resulted in better in-
dicated efficiency, they also report that combustion efficiency was
impaired [41,47,48]. As the impact of the water content was expected
to further reduce the combustion efficiency [12,50], this work is fo-
cused on the use of the NVO strategy. The longer NVO periods were
achieved by advancing the exhaust valve closing (EVC) and delaying
the intake valve opening (IVO), as depicted in Fig. 2. This allowed for
an increase in hot residual gas trapping, which can be beneficial for the
combustion process of high water content ethanol fuels. For comparison
purposes, a conventional SI valve timing strategy, referred to as positive
valve overlap (PVO), was used as baseline. In this case, both EVC and
IVO events occurred near firing top dead centre (TDC).
During the PVO strategy, part of the burned gas is pushed into the

intake manifold due to pressure differential across the cylinder. This is
caused by the throttled intake flow (e.g. low intake pressure). By the
time the intake pressure overcomes the in-cylinder pressure, this por-
tion of burned gas is sucked back into the cylinder and forms part of the
charge for the next cycle. In addition, some exhaust gases can return
from the exhaust manifold into the combustion chamber prior to EVC.
Typically, the residual gas fraction (RGF) achieved by conventional
PVO varies between 10% and 20% [51]. The PVO injection timing was
set to 32 crank angle degrees (CAD) ATDC as this has been demon-
strated as the optimum injection timing for best indicated efficiency in
the PVO mode on this engine [52].
The early EVC event, attained with the use of NVO strategy, allowed

for hot residual gas trapping. The trapped residual gas was re-
compressed and expanded until the retarded IVO event. The EVC and
IVO events occurred with asymmetrical interval to TDC to reduce
pumping losses. NVO durations ranging from 45 CAD to 155 CAD were
tested to investigate the effect of the hot RGF dilution combined with
the water dilution in the wet ethanol combustion. The direct result from
the variation of NVO period by the modification of the EVC and IVO
while keeping EVO and IVC constant is the modification of valve event
durations. The injection timing for the cases with NVO was set to the

Fig. 1. Engine test cell setup. Symbols containing T and P represent thermo-
couples and pressure transducers, respectively. The λ symbol represents the
wide band universal exhaust gas oxygen (UEGO) sensor.
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beginning of the NVO period in an effort to use the high temperatures
achieved during the recompression of the trapped residuals.
The mass of residual gas (mRG) was estimated using a GT-Power

engine model and used to calculate the RGF. The model validation is
discussed in the next section.

= + +RGF m
m m m

RG
air fuel RG

(8)

3.2. Test procedure

Starting from the PVO strategy, the IVO was gradually delayed
(after TDC) while the EVC was advanced (before TDC). The NVO
duration was increased in steps of approximately 20 CAD, with incre-
ments of 10 CAD for the earlier EVC and later IVO. The air/fuel ratio
was maintained at stoichiometric conditions by adjusting the intake
valve throttled position. The maximum valve lift was controlled at
3.0 mm for both intake and exhaust valves during the whole set of tests.
The effects of low valve lift on EIVC load control were previously in-
vestigated in the same engine [53]. Lower valve lifts increased pumping
losses and required longer intake durations to keep a constant load.
Adversely, higher valve lifts reduced pumping losses and shortened
intake duration for a constant load. Thus, indicated efficiency was
slightly reduced for lower valve lifts when compared to higher valve

lifts at the same load. Considering this aspect, 3.0 mm valve lift was
chosen instead of the maximum valve lift due to safety issues and to
keep a possible and constant valve lift throughout all the tests. If a
higher valve lift would be used, there would be the possibility for valve-
piston contact for the conventional SI throttled load controlled strategy.
Furthermore, the effect of higher valve lift would be applied to all cases
in the similar way. In addition, EVO and IVC were kept constant for all
tested conditions. Thus, the effect of EVC and IVO could be considered
apart from other effects as the dynamic compression ratio variation due
to IVC variation, for example. A coefficient of variation of IMEP
(COVimep) of less than 5% over 100 consecutive cycles was used to
quantify the engine operation stability.
The ethanol-water mixtures were produced following the splash

blending method. A certain volume of ethanol was mixed with water to
produce a final mixture denoted ExxWyy containing “xx” percent in
volume of ethanol and “yy” percent in volume of water. Thus, the
adopted nomenclature for a mixture of 80% ethanol and 20% water was
referred to as E80W20. A bulb alcoholmeter was used to measure the
final volume of ethanol-in-water at 293 K. The lower heating value
(LHV) of the ethanol-water mixtures was calculated using the densities
of each liquid and a LHV of 26.9MJ/kg for ethanol. The LHV for water
was set to zero while commercial European unleaded 95 RON gasoline
was considered to have a LHV of 42.5MJ/kg.

4. Engine modelling

4.1. The engine model

A one-dimensional (1D) engine model was built on GT-Power to
estimate engine parameters such as in-cylinder gas temperature and
RGF. The software uses the finite difference method to solve the un-
steady compressible flow equations governing the conservation of mass,
momentum, and energy. The simulation uses thermodynamic gas
properties, including equilibrium composition for the burned gases, and
enables the characterisation of the pulsating flows that occur in the
engine [54], thus, enabling more accurate estimation of RGF than that
obtained using empirical models. All engine pipes were measured,
while cylinder head port geometry was taken from engine models.
Discharge coefficient of intake and exhaust ports were taken from the
cylinder head manufacturer (Ricardo UK), as provided in Appendix A.
Geometric parameters of the intake and exhaust systems are also pre-
sented in Appendix A.
A two-zone in-cylinder model (burned and unburned charge zones)

with a modified Woschni in-cylinder heat transfer sub-model provided
by the software was used. The actual heat release rate was calculated
taking into account the necessary fuel energy released per CAD to in-
crease the in-cylinder pressure from the previous crank angle to the
next simulation crank angle. Instantaneous intake pressure (acquired
with a Kistler piezoresistive absolute pressure transducer 4007BA20F)
was taken as boundary condition in the intake side which was modelled
up to the plenum (where the pressure transducer was installed). The
whole exhaust system was modelled and the atmospheric boundary
condition was set in the end of the exhaust pipe. This modelling
methodology is called three pressure analysis (TPA): intake, exhaust
and in-cylinder pressure were used to better estimate gas exchange
process and residual gas fraction (instead of using only in-cylinder
pressure and temperature at a certain crank angle), and in-cylinder
pressure was is also used to estimate fuel burn rate. This way, TPA
estimates the fuel burn rate for the simulation to present the same
pressure behaviour during combustion as that of the experiments, while
also accounting for heat transfer (Woschni in-cylinder heat transfer
model) [55]. A two-zone model was used for the in-cylinder combustion
process separating the burned and unburned gas in a burned and an
unburned gas zone. The mass and heat transfer rates between each zone
were controlled by the heat release rate calculated by the TPA method.
The difference between total energy delivered by the fuel and the

Fig. 2. Representation of the negative valve overlap (NVO) and conventional
positive valve overlap (PVO) strategies.
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energy required during the simulated combustion process (so called
lower heating value multiplier parameter LHVmultiplier) was auto-
matically compared by the software during the analysis. The software
maximum absolute acceptable value of LHVmultiplier should be less than
5%, otherwise the simulation fails. The instantaneous in-cylinder and
intake plenum pressure data used in the simulation were taken from the
average of 100 consecutive cycles for each crank angle.
The time step was automatically set by the software obeying the

Courant condition. Fig. 3 presents the 1D engine model layout on the
GT-Suite® environment. Valve controllers were used to input the un-
conventional NVO profile. A PID controller was applied to the direct
injector in order to maintain a stoichiometric air/fuel ratio in the ex-
haust manifold, as measured in the experiment.

4.2. Validation of the 1D engine model

The model validation was performed by comparing the air mass and
fuel mass flow rates, IMEP, lambda, and in-cylinder pressure through
the whole cycle. As the exhaust air-fuel ratio at the exhaust pipe was
imposed using a PID controller, the maximum difference between the
experimental and simulated lambda was lower than 0.5%. An
LHVmultiplier was a software parameter used to scale the fuel energy
during the pressure analysis so that the target cumulative burn fraction
was achieved. This essentially counterbalanced for all cumulative errors
and inaccuracies in measurement and model input to provide the most
accurate burn rate possible. Comparisons between experimental and
modelled in-cylinder pressure data of several distinct test points of
different fuels and valve strategies are depicted in Fig. 4. The com-
parison between modelled and simulated low pressure phase (pumping
loop) data showed good pressure behaviour correlation, which means
that the gas exchange is well characterized. Additionally, there’s perfect
agreement on the high pressure phase due to the use of TPA metho-
dology. The differences between simulated and measured parameters as
well as the calculated RGF are shown in Table 2.

Fig. 3. 1D camless engine model.

Fig. 4. Modelled and experimental in-cylinder pressure comparison for dif-
ferent fuels and valve strategies.

Table 2
1D engine model validation: the difference between the engine model and the
experimental results.

NVO dur. (CAD) Experimental to model difference RGF

Air (%) Fuel (%) IMEP (%)

E100 −7.0 1.6% 0.0% 0.6% 8.6%
47.0 2.8% 0.0% −0.8% 12.1%
62.0 3.1% 0.6% −0.1% 14.2%
82.0 2.2% 0.0% 0.6% 18.9%
102.0 −1.2% −3.3% 1.3% 24.3%
122.0 0.2% −1.8% 3.5% 31.6%
141.0 1.1% −1.0% 3.9% 36.0%
152.0 0.7% −1.5% 6.5% 38.1%

E90W10 −8.0 1.0% 0.3% −2.0% 10.0%
46.0 0.9% −0.1% 0.0% 11.7%
61.5 0.5% −0.1% 0.2% 14.0%
82.0 −0.3% −0.6% 0.7% 18.3%
101.5 −2.8% −2.1% 0.2% 23.9%
123.0 −0.8% 0.6% 1.6% 29.9%
132.0 0.0% 0.6% 1.1% 31.3%

E80W20 −6.5 0.4% −3.5% −0.5% 9.5%
48.5 2.0% −5.3% 0.5% 13.5%
68.5 1.0% −5.0% 0.6% 16.4%
84.0 2.4% −3.7% 0.6% 20.2%
103.5 −0.3% −2.5% 0.3% 25.3%
124.0 −2.6% −2.9% 2.1% 30.5%

Gasoline −8.0 −3.7% −3.1% −0.7% 10.3%
47.5 −1.3% −2.1% −1.0% 12.3%
62.5 −1.4% −1.1% −0.6% 15.7%
87.5 −2.2% −1.9% 0.2% 21.3%
122.0 −1.0% −0.9% 0.6% 30.3%
132.0 −3.0% −2.9% 0.0% 32.0%
132.0 −4.9% −0.5% −0.3% 34.5%
147.0 −3.5% 2.1% 0.5% 36.7%
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5. Results

5.1. The effects of RGF on engine control and gas exchange efficiency

Fig. 5 presents the gas exchange parameters at different residual gas
fractions and fuels. Considering a polytrophic compression process and
a given intake pressure [56,57], the use of a constant intake valve
closing (IVC) resulted in an effective compression ratio of 10.8. In ad-
dition, the fixed exhaust valve opening (EVO) yielded the same effec-
tive expansion ratio for all cases. In this way, the pumping mean ef-
fective pressure (calculated for the period between EVO and IVC) was a
direct result of the throttle restriction used to reach the desired load at
the considered MBT. Thus, an increase in the RGF through longer NVO
periods effectively increased the PMEP, as higher intake pressures were
required to maintain a stoichiometric engine operation at 3.1 bar IMEP
as shown in Fig. 5.
At a given RGF, differences between the required intake pressure

for different fuels occurred due to changes in the stoichiometric air/
fuel ratio. The increase on the required intake pressure when ele-
vating the water content in ethanol was a result of a higher air mass
necessary to keep the load constant. This was an indicative of a re-
latively lower net indicated efficiency for higher water content fuels
(see Section 5.4).

5.2. The effects of RGF on combustion characteristics

Fig. 6 presents the effect of RGF on stoichiometric SI combustion of
different fuels. The RGF varied from 8.5% to 10.5% for the positive
valve overlap testing points. Any increase on water-in-ethanol content
tended to increase the RGF content for a specific overlap duration. The
increase on the NVO duration resulted in higher RGF trapping whilst
diluting the charge mixture. The minimum spark timing for the best
torque (MBT) had to be advanced as the RGF increased at longer NVO
periods to maintain the optimum combustion phasing. The increase in
water-in-ethanol content also required more advanced spark timings to
achieve the MBT. Stable engine operation was attained with a RGF of
up to 38% for E100. As the water-in-ethanol content was increased, the
maximum acceptable RGF decreased due to unstable combustion as
revealed by the relatively higher COVimep for E80W20.
The COVimep increased for longer NVO periods at the same spark

timing due to a late combustion process towards the expansion stroke.
The combustion phase could be adjusted and the combustion cyclic
variability reduced with more advanced spark timings. MBT was
achieved in all cases. At the greatly diluted cases, spark timing reached
approximately −40 CAD ATDC and the flame development angle be-
came so long that the COVimep increased above 5% and further spark
advance provided no benefit. As discussed in [58], the early flame
stages during the FDA (flame development angle – period between the

Fig. 5. The effects of RGF on engine control and gas exchange efficiency. Fig. 6. The effects of RGF on combustion characteristics.

T.D.M. Lanzanova, et al. Applied Energy 253 (2019) 113508

7



spark timing and the instant of 10% of mass fraction burned, CA10) are
the most critical in terms of cyclic variability. In this way, it could be
seen a relationship between maximum achievable RGF, FDA and
COVimep. The maximum achievable RGF with stable operation (lower
than 5% COVimep) was achievable for a maximum FDA duration around
25 CAD. At this particular load, higher FDA values resulted on misfire
and increased COVimep above 5%.
In general, a higher RGF increased the FDA duration, as well as the

main combustion duration phase (given by the CA10-CA90 period).
This increase occurred due to the dilution and higher heat capacity
effects of water and CO2 in the residual gas. Consequently, there were
reductions in the in-cylinder gas temperatures and the resulting exhaust

gas temperature, as depicted in Fig. 6.
As the RGF reached 30%, the combustion duration started to level

off and even decrease in some cases (e.g. E100 and gasoline). This could
be attributed to the presence of flame quenching or, more likely, partial
burn with excessive dilution by residual gas. This was supported by the
higher THC emissions (see Fig. 10). Actually, if less fuel was burned,
combustion would take less time to occur and its duration would de-
crease.
Water in ethanol acted as an additional diluent, slowing the com-

bustion process and absorbing the combustion generated heat. This is
supported by the lower burned gas peak temperature in Fig. 7. Wet
ethanol cases with high RGF required earlier spark timings to advance
the angle of maximum pressure towards TDC. This resulted in higher
maximum temperatures in the burned and unburned zones than those
for E100. Nevertheless, the peak mean in-cylinder gas temperature
turned out to be higher for E100, as demonstrated in Fig. 8.
E80W20 was the least tolerant fuel to RGF due to its higher water

fraction. As the water-in-ethanol content was reduced, higher residual
gas dilution could be added until the in-cylinder charge temperature
decreased to levels where stable flame propagation could not be

Fig. 7. The effect of RGF on temperatures and pressures during and after the
combustion event (B and UB stands for burned and unburned zones, respec-
tively).

Fig. 8. The effect of water-in-ethanol content on in-cylinder gas temperatures
for an engine operation with a RGF of approximately 25%.
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sustained. This unstable condition occurred when the peak mean in-
cylinder gas temperature was less than 1750 K. These results are sup-
ported by articles reporting that similar in-cylinder temperature trends
at TDC resulted in unstable combustion in lean burn gasoline engines
[59] and that further increase in hot RGF was not able to promote
autoignition as the end-gas could not reach more than 950 K for the
ethanol fuels or 1100 K for gasoline [57]. At highly diluted conditions
(e.g. RGF > 25%), the exhaust gas temperatures remained above
650 K. It has been shown that a three-way catalyst would be a cost
effective solution to manage the majority of wet ethanol emissions [12].
However, the efficiency of the after-treatment device would be im-
paired at exhaust gas temperatures of less than 650 K.
Fig. 9 shows the effect of RGF on heat release rate (HRR) of an

engine operation with E100 and E80W20. The highest heat release rate
and shortest combustion occurred with conventional valve timing
without NVO, with approximately 10% RGF. The combustion process
became slower and the peak in heat release was reduced as the RGF
trapped through NVO increased. However, the maximum pressure in-
creased considerably due to higher in-cylinder mass as shown in Fig. 7.
The higher water-in-ethanol content reduced the heat release peak and
lengthened the combustion duration. The point of 50% of mass fraction
burned (CA50) and the maximum pressure angle (CAmp) moved to-
wards TDC at more diluted charges and higher water-in-ethanol content
fuels. Lower in-cylinder heat losses attributed to lower in-cylinder
temperatures during combustion is one of the reasons for angle of
maximum pressure closer to TDC [60].

5.3. The effects of RGF on engine-out emissions

Fig. 10 shows the specific emissions of CO, THC, and NOx. Poor fuel
vaporisation and impingement during the direct injection was a con-
cern while increasing the water-in-ethanol content. As discussed in the

previous work performed in the same engine [61], the fuel spray im-
pinged upon the piston and decreased the combustion efficiency when
injecting near gas exchange TDC. Alternatively, the mixing formation
was impaired and the cooling effect reduced when fuel was injected
during the compression stroke. Therefore, the fuel injection timing for
the PVO strategy (e.g. condition with the lowest RGF) was set to the
beginning of the intake stroke at 32 CAD ATDC. This provided the
optimum trade-off between charge cooling, fuel spray impingement,
and in-cylinder charge homogeneity.
In the NVO cases, the fuel injection in a high temperature en-

vironment during the recompression of the residual gases was selected
to achieve better fuel vaporization and combustion efficiency. The
charge homogeneity was also improved due to the longer time available
for charge mixing process. The higher air to fuel mixture in-
homogeneity during the operation with overlap (PVO) was emphasized
by the higher CO emissions than that of NVO operation with higher
RGFs, Fig. 10 as CO was primarily formed in the fuel rich mixture.
When the RGF was further increased, CO emissions rose slightly due to
lower in-cylinder temperature and higher COVimep. This was more ap-
parent for the gasoline cases, but less obvious for the ethanol-water
mixtures. Even though, CO emissions for higher water content ethanol
seemed to be slightly lower than that of anhydrous ethanol which
presented higher combustion temperatures.
The presence of water in ethanol increased THC emissions at a given

RGF. The presence of water and other diluents reduced the fuel laminar
flame speed [62–64] and turbulent flame wrinkling during SI com-
bustion [14]. These effects contributed to slowing down the combustion
process and lowering the in-cylinder gas temperatures, which deterio-
rated THC emissions for higher water-in-ethanol content and higher
RGF.
For gasoline, the lowest THC emissions occurred at an intermediate

NVO with RGF between 15% and 25%. In these cases, the recompres-
sion temperatures probably enabled some level of fuel reforming, while

Fig. 9. The effect of RGF on heat release rate of E100 and E80W20 engine
operation.

Fig. 10. The effects of RGF on engine-out emissions.
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the mean in-cylinder gas temperature during combustion was high
enough to complete the THC oxidation process. As shown in a previous
study [27], the reforming process transforms the fuel molecules into
smaller and highly active radicals which can facilitate the oxidation
reactions during combustion. Similar THC emission behaviour occurred
for E80W20, where the increased water content may had contributed to
the ethanol reforming process. On the other hand, the increase in RGF
only increased THC emissions for E100 and E90W10.
Another benefit of NVO, when compared to a conventional valve

strategy (e.g. PVO), was the lower NOx emissions. According to the
Zeldovich mechanism [65], most NOx was formed in the burned gas
region due to high temperature in the presence of sufficient oxygen. A
smaller percentage of NOx could be also produced in stoichiometric-to-
rich flame regions due to chemical interaction between the hydro-
carbon and nitrogen according to the Prompt NO formation mechanism.
As a result, the NOx formation in the burned gas region was sig-
nificantly reduced by the higher dilution and lower combustion tem-
peratures introduced by RGF.
Anhydrous ethanol combustion reduced NOx emissions by ap-

proximately 50% when compared to a gasoline SI operation. The water
cooling effect of wet ethanol further reduced NOx emissions. NOx
emissions of less than 1 g/kWh were obtained when using a RGF of
approximately 25%. This is a very low value and a significant
achievement for a stoichiometric SI combustion at 3.1 bar IMEP. The
lowest ISNOx of 0.23 g/kWh was attained by an E80W20 stoichiometric
operation at a RGF of 31%, which is comparable to NOx levels produced
by CAI combustion [66].

5.4. The effects of RGF on engine performance

The effects of RGF were further analysed with regard to the com-
bustion efficiency, thermodynamic efficiency, gas exchange efficiency,
and net indicated efficiency are showed in Fig. 11. As previously stated,

the results for the PVO operation are represented by a RGF of ap-
proximately 10%. The remaining test results were obtained during the
NVO operation.
The combustion efficiency remained relatively similar for the water-

in-ethanol mixtures when using a PVO strategy. This was possibly a
result of the high combustion temperatures obtained with low RGF. The
increase in RGF via NVO initially allowed for slightly higher combus-
tion efficiencies. This was attributed to a better charge mixing process
and the lower CO and THC emissions, as previously discussed. As the
RGF increased beyond 18%, combustion efficiency decreased because
of the production of higher THC emissions. There was a visible decrease
in combustion efficiency with the increase in water content for all NVO
cases. This was associated with the dilution effect and the lower mean
in-cylinder gas temperatures.
The intake pressure for a stoichiometric PVO operation was lower

than that required with the NVO strategy. This led to relatively higher
throttling losses that increased the pumping work and decreased the gas
exchange efficiency. When NVO strategy was used, the recompressed
residuals increased the in-cylinder temperature during the intake stroke
requiring higher intake pressure to induce fresh air. This fact decreased
the pumping work and increased the gas exchange efficiency gradually
as more residual gas was trapped due to higher NVO periods. There was
a slight increase in gas exchange efficiency at higher water-in-ethanol
contents.
Since MBT was achieved for all operating conditions, the combus-

tion phasing was optimised for the best possible thermodynamic effi-
ciency at each operating condition. By comparing the thermodynamic
efficiency between E100 and gasoline, it could be pointed out that the
higher combustion temperatures of the gasoline cases potentially in-
creased the energy fraction lost to heat transfer and in the exhaust
gases. The reduction in thermodynamic efficiency for ethanol fuels with
higher water content was attributed to an increase in the compression
work and exhaust losses. This was caused by the longer combustion
duration for E90W10 and E80W20. Additionally, the higher heat ca-
pacity of the exhaust gases due to increased water vapour content also
increased the energy lost.
E100 achieved the best results in terms of net indicated efficiency,

which combines the effects of gas exchange efficiency, combustion ef-
ficiency, and thermodynamic efficiency. Alternatively, E90W10 yielded
1.8% higher net indicated efficiency, on average, than a gasoline engine
operation. Wet ethanol with 20% of water typically attained the lowest
levels of net indicated efficiency at a given RGF. The use of NVO,
however, played an important role in maximising the net indicated
efficiency via a higher gas exchange efficiency (see Fig. 5). This trend
held true until lower combustion efficiencies and/or higher COVimep
adversely affected the performance of cases with high RGF.
This study also demonstrated that the optimum RGF, and thus NVO

period, was the main cause for indicated efficiency differences between
different fuels seen as gross thermodynamic efficiencies. After that,
combustion efficiency played a more important role while gas exchange
efficiency had minor influence on reducing the indicated efficiency of
wet ethanol cases compared to anhydrous ethanol cases. It should also
be pointed out that the maximum net indicated efficiency varied
slightly on the fuel used. A potential solution for a commercial flex-fuel
engine is to use a NVO period that introduces a RGF of 25% at a part
load condition. This strategy allows for an excellent compromise be-
tween performance, emissions, and engine calibration complexity.

6. Conclusions

A single cylinder direct injection SI engine equipped with a fully
variable valve actuation system was used to evaluate the influence of
the residual gas fraction at a typical part load condition of 3.1 bar and

Fig. 11. The effects of RGF on engine performance.
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1500 rpm. The engine was operated with anhydrous ethanol (E100),
two wet ethanol mixtures (E90W10 and E80W20), and RON 95 gaso-
line. The effects of alcohol fuel and water-in-ethanol content on com-
bustion characteristics, emissions, and performance were investigated.
Internal exhaust gas recirculation was achieved through a positive
valve overlap (PVO) while residual gas trapping was attained via a
negative valve overlap (NVO) strategy. The residual gas fraction (RGF)
varied from 10% (PVO) up to 38% (NVO). The primary findings could
be summarized as follows:

1. The presence of water increased the flame development and
propagation periods. The impact of water (v/v) content in wet
ethanol became more significant with increased RGF. MBT could
be achieved at all tested cases through spark timing advance to
compensate for changes in the combustion process. As the water
content increased to 20%, optimum combustion phasing was only
achieved when operating with lower residual gas concentrations
than those used with E100 and gasoline. Misfire occurred and
impaired the engine operation when more advanced spark tim-
ings could not achieve a flame development angle of less than 25
CAD.

2. The increase in the RGF tended to increase the maximum in-cylinder
pressure as the centre of combustion had to be advanced and the
angle of maximum pressure occurred closer to TDC. Nevertheless,
lower mean in-cylinder gas temperatures were attained due to
higher charge heat capacity.

3. The better charge mixing process of the NVO strategy led to
higher combustion efficiency as supported by the lower CO and
THC emissions. These emissions were comparable to the levels
found in the literature for conventional SI throttled operation at
the same load. The improved charged homogeneity and lower
temperature achieved with NVO resulted in low NOx emissions,
similar to that found in CAI operation at the same load while
maintaining the advantage of combustion phasing control

through spark timing.
4. The fuel injection at the beginning of the NVO recompression period
enabled better mixing and enhanced combustion efficiency relative
to conventional PVO operation. As the cylinder temperature rose
during the intake phase due to the hot trapped recompressed gases,
less throttling was required, reducing the pumping loses and hence
increasing gas exchange efficiency. These effects combined resulted
in maximum increase in engine indicated efficiency of 8.6%, 6.1%,
4.9% and 6.4% for E100, E90W10, E80W20 and gasoline, respec-
tively.

Overall, it was found that the presence of water decreased the
indicated efficiency when the engine was operated with a positive
valve overlap at a typical part load condition. Nonetheless, the ne-
gative valve overlap strategy enabled stable wet ethanol engine op-
eration and higher net indicated efficiencies than those attained with
a positive valve overlap. These improvements were associated with
the better mixture preparation, lower pumping losses, and higher
gross thermodynamic efficiency achieved with residual gas trapping.
Thus, the use of the NVO valve strategy on passenger car engines
would be enabled by the new and more affordable FVVA technolo-
gies, and this can be another alternative to help on achieving the
near future emission legislation limits.
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Appendix A

See Figs. A1 and A2 and Tables A1.

Fig. A1. Valves discharge coefficients.
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Fig. A2. Engine piping dimensional schematics (not in scale).

Table A1
Engine intake and exhaust manifold dimensions.

Diameter (mm) Length Curvature

in out (mm) bend rad (mm) angle (deg)

Intake side
intake_1 40 40 145 35.36 45
itanke_2 40 40 60 – –
intake_3 40 40 145 35.36 45
intake_4 40 40 30 – –
int_port_split 40 40 20 – –
ports_int_X2 24 28 233.4 – –
Exhaust side
ports_exh_X2 28 28 30 – –
exh_port_split 60 60 60 – –
exh_1 50 50 400 –
exh_2 60 50 80
exh_3 50 50 400
exh_4 50 50 126 80 90
exh_5 50 50 50 –
exh_6 50 50 510
throttle 50 50 –
exh_7 50 50 600
exh_8 50 50 126 80 90
exh_9 50 50 900 – –
muffler_1 210 210 350
muffler_2 210 210 250
muffler_3 210 210 400
muffler_4 45 45 10,000
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Appendix B. Supplementary material

Supplementary data to this article can be found online at https://doi.org/10.1016/j.apenergy.2019.113508.
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a b s t r a c t

A SI engine fueled with anhydrous ethanol and using NVO was modeled by ANN and hybridization of
ANNs with PSO with two standard training methods: Levenberg-Marquardt and Bayesian Regularization.
Engine testing results were obtained from a single cylinder Ricardo Hydra camless research engine
equipped with a side mounted direct injector. NVO was achieved through early closing of exhaust valves
and late opening of intake valves, while engine load was controlled through early intake valve closure.
Results showed that both the standard ANN and the ANNs with PSO could accurately predict the outputs,
with R2 above 0.93 and mean relative error below 12% for almost all networks. PSO-based ANNs showed
an advantage in the prediction of COVIMEP and NOX emissions in case of few neurons in the hidden layer.
Input and output mapping of the best ANN showed that SI engine higher indicated efficiencies could be
achieved with more advanced spark timings and longer NVO periods in each load block tested. Addi-
tionally, it was possible to find an engine part load operating condition around 8.5 bar IMEP where NOX

emissions would decrease whereas CO and unburned hydrocarbons emissions would not significantly
change, with indicated engine efficiency higher than those found experimentally.

© 2020 Elsevier Ltd. All rights reserved.
1. Introduction

Boosted by the environmental concerns about global warming
and the ever-stringent worldwide emissions legislations, nations
have agreed to reduce global greenhouse gases emissions in order
to hold the global average temperature below 2 �C above pre-
industrial levels [1]. Since a large part of the global CO2 emissions
are generated by burning fossil fuels in internal combustion en-
gines related to the transport sector, renewable alternative fuels are
always in sight. Among these, bioethanol is an old known fuel used
already by Nikolaus Otto in the first spark ignition engine. Nowa-
days, hydrous ethanol is studied for automotive applications as a
promising energy vector, in internal combustion engines [2e5] or
in fuel cells for electric vehicles [6]. Due to its origin from starch
fermentation, ethanol can be produced through high yield agri-
cultural crops [7].
artment, UFSM, Av. Roraima,
, Santa Maria, RS, Brazil.
ndez).
The reduction of greenhouse gas (GHG) emissions from first
generation ethanol compared to fossil fuels occurs due to the
agricultural crop plantation phase, when CO2 is absorbed from the
atmosphere during photosynthesis. Global ethanol production has
doubled in the last decade, and more countries are promoting its
market in order to reduce GHG emissions and replace fossil fuels
[8]. Even when comparing the worst well to wheel (WTW) pro-
duction pathway, when compared to gasoline, ethanol shows al-
ways much lower GHG emissions [9]. Some studies about biofuels
lifecycle were also published considering other impacts apart from
the GHG emission [10], such as nitric oxides and methane emis-
sions, not only from the fuel burning phase but also from the fer-
tilizers used in the agricultural processes. These studies claim that
ethanol lifecycle pollutant emissions from distinct feedstock are
reduced compared to the ones of fossil fuels [11].

When applying ethanol to spark ignition engines, several as-
pects can contribute to improve engine efficiency. Ethanol has
higher octane rating than conventional gasoline, reducing knock
tendency at higher loads [12]. Additionally, ethanol has 2.6 times
higher latent heat of vaporization (HOV) than gasoline per unit of
mass and 4.2 times higher latent HOV for a stoichiometric mixture
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Nomenclature

ANN Artificial neural network (-)

b
!

Vector with the network trained biases(-)
BDC Bottom dead center (-)
BR Bayesian Regularization backpropagation (-)
CAD Crank angle degree (�)
CAI Controlled Auto-ignition (-)
COVIMEP Coefficient of Variation for the indicated mean

effective pressure (%)
CRP Effective Compression Ratio in terms of Pressure (v/v)
DF Degrees of Freedom (-)
ECU Engine Control Unit (-)
EIVC Early Intake Valve Opening (-)
EVC Exhaust Valve Closing (-)
EVO Exhaust Valve Opening (-)
Fobj Objective function value (Variable)
GHG Greenhouse gas (-)
ICL Incomplete combustion losses (-)
IEff Engine net indicated efficiency (-)
I&O Input and Output (-)
IMEP Indicated mean effective pressure (bar)
ISCO Indicated specific CO emission (g/kWh)
ISFC Indicated specific fuel consumption (g/kWh)
ISNOX Indicated specific NOX emission (g/kWh)
ISuHC Indicated specific unburned hydrocarbon emission

(g/kWh)
IVC Inlet Valve Closing (-)

IVO Inlet Valve Opening (-)
LHVfuel Lower heating value (MJ/kg)
LM Levenberg-Marquardt backpropagation (-)
HCCI Homogeneous Charge Compression Ignition (-)
HOV Heat of vaporization (-)
mfuel,c Fuel mass flow per cycle (kg/s)
MON Motor octane number (-)
MRE Mean relative error (-)
NTr Number of measured input points for training (-)
NP Number of parameters (-)
NVO Negative valve overlap (-)
P In-cylinder pressure (bar)
PFI Port-Fuel Injection (-)
PVO Positive valve overlap (-)
PSO Particle Swarm Optimization (-)
RON Research octane number (-)
SI Spark ignition (-)
T In-cylinder temperature (K)
TDC Top Dead Center (-)
TPA Three Pressure Analysis (-)
Vd Displacement volume (m3)
VVA Variable valve actuation (-)
w Vector with the network trained weights (-)
Wc,i Indicated work per cycle (J)
WOT Wide open throttle (-)
WTW Well to wheel (-)
q Set of parameters to be optimized by the chosen

optimization method (-)
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[13]. Nevertheless, compared to gasoline, ethanol presents lower
volatility and lower calorific value, which may cause cold start
problems and increase vehicle fuel specific consumption, respec-
tively [14].

Stoichiometric spark ignition (SI) operation continues to be the
best option for ethanol application, especially due to the high cost
of lean burn after treatment [15]. Thus, aiming to improve effi-
ciency in four-stroke gasoline engines using either fossil or
renewable fuels, variable valve actuation (VVA) mechanisms can be
used to reduce pumping losses at part load operation. Therefore,
VVA has been adopted by the automotive industry to increase both
part load and full load engine performance [16]. The use of a SI
engine operating under HCCI conditions with gasoline has already
been evaluated under NVO strategy to determine the combustion
conditions and reduction in CO and NOX emissions [17]. Thermal
efficiency was also evaluated in a HCCI engine using NVO, where
results showed that equivalence ratio and combustion phasing
could be held constant while reducing peak heat release rate and
ringing intensity with no penalty to thermal efficiency [18]. In using
NVO, rather than more common valve strategies such as positive
valve overlap (PVO), a higher hot residual gas trapping can be
achieved at medium loads, combustion efficiency can be obtained
with direct injection of the fuel, and reduced particulatematter and
unburned hydrocarbon emissions can be verified on cold-start [19].

To investigate the valve timing for NVO in order to obtain high
engine efficiencies, an artificial neural network (ANN) computa-
tional model was implemented. Owing to its wide range of appli-
cations, ANNs have gained space in themodeling of several types of
engines [20e23]. Uslu and Celik [24] used ANN to predict engine
emissions and performance in a single cylinder diesel engine using
diethyl ether. The model obtained a coefficient of determination
(R2) around 0.97 and mean relative error (MRE) between 0.51% and
4.8%, when comparing experimental data to the model output. The
application of an ANN can also be coupled with an optimization
method, as seen in the modeling of a diesel engine fueled with
biodiesel using ANN tuned by genetic algorithm to reduce the en-
gine emissions [25]. Artificial neural networks can be used as a real-
time strategy for engine operation, as shown by Bahri et al. [26], as
themodeling of ringing in HCCI engines allowed the ANN to predict
combustion noise level with less than 0.5% error and to operate at
the normal region and avoid ringing operation.

The ANN enginemodelling can also be optimizedwith the use of
a particle swarm optimization (PSO) as an alternative method for
the error backpropagation to adjust the weights and biases. PSO is
an evolutionary method attributed to Kennedy and Eberhart [27]
and Shi and Eberhart [28], and classified as a stochastic optimiza-
tion method. Manbachi et al. [29] used PSO and Fuzzification to
create a smart grid adaptive energy conservation in a Volt-VAR
algorithm, showing that the proposed approach could lead to
higher levels of efficiency when compared to conventional tech-
niques. In addition, PSO can be used to explore optimal operating
conditions to reduce fuel specific consumption and improve power
output, as shown by Zhao et al. [30] for a Diesel engine operating
with organic Rankine cycle exhaust energy recovery system. Re-
sults obtained showed that, at full load, PSO optimization showed
improvements of 3.24% and 3.13% on the power output and brake
specific fuel consumption, respectively, whilst at part load, a
reduction of 5.71% on the brake specific fuel consumption was
observed.

This work aims to explore operating improvements of a spark
ignition engine with the prediction of NVO duration through the
modeling and optimization provided by the joint use of an ANN
with PSO in the MatLab® software. The computational models
developed will be validated regarding engine indicated specific fuel
consumption (ISFC), indicated mean effective pressure (IMEP),
IMEP coefficient of variation (COV), air flow and engine indicated
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efficiency, as well as CO, unburned hydrocarbon and NOX engine-
out emissions. Trained networks are expected to map and find
operating conditions where the enginewould be capable to achieve
even higher indicated efficiencies and lower cyclic variabilities than
those found experimentally, maintaining or, if possible, reducing
emissions. As studies on engine modeling through ANNs continue
to grow in number, the joint use of ANN and PSO to predict
advanced valve strategies such as NVO is an innovative study that
aims to show the great potential of these mathematical tools.

2. NVO strategy and description of the ANN and PSO
hybridization

This section is divided in three subsections: an explanation
about the NVO strategy; a description of the artificial neural net-
works; and the particle swarm optimization strategy with an al-
gorithm schematic.

2.1. Negative valve overlap

Negative valve overlap strategy has been proposed as a way to
promote hot residual gas trapping with possibility to reduce
pumping losses due to partial engine dethrottling [31]. The hot
gases act as a spring recovering some of the work lost during the
recompression phase in the initial intake phase whereas all valves
are closed. In this sense, NVO can retain a large volume of residual
gases for both thermal and dilution control of subsequent main
combustion [32].

NVO has been extensively investigated for mixture auto-ignition
in CAI/HCCI engines, as in an IC engine with a fully variable valve
trainwith CAI obtained through an Active Valve Train (AVT) system
[33]. Also, CAI was evaluated in a 4-stroke 4-cylinder gasoline en-
gine with neither intake charge heating nor increasing compres-
sion ratio, with control achieved only through camshafts, such as
the NVO, to restrict the gas exchange processes [34]. The effect of
ethanol on HCCI combustion and emission characteristics at
different air-fuel ratios and speeds was investigated through NVO
[35]. In addition, fuel reforming has been shown to occur during
negative valve overlap, depending on how much fuel is injected,
producing species that are carried over to chemically enhance
combustion [36].

The early intake valve closure (EIVC) load control strategy had
been previously studied [31], and some results of the application of
EIVC for NVO operation load control were also discussed against
conventional throttle load-controlled SI operation [16]. Basically,
while NVO period controls the amount of trapped residuals, the
moment of IVC controls howmuch air will be induced based on the
in-cylinder gas thermal state and amount of residuals. Figures A1
and A2, of Appendix A, show the difference between NVO and a
more common valve strategy of positive valve overlap (PVO), and
the same strategies with EIVC.

2.2. Arti� cial neural networks

A neural network can learn from data e so it can be trained to
recognize patterns, classify data, and forecast future events. The
chosen ANN type to perform the study was the feedforward
network. These networks, generally with no more than four layers,
are among the most common neural nets in use. Artificial neurons
in a large number of hidden layers eventually exceed the
complexity level of the problem and often correlate events where
there is no correlation [37]. Neurons weights (wi) are automatically
adjusted during training according to a specified learning rule until
the neural network performs the desired task correctly [38]. Be-
sides, unlike weights, which are adjusted separately for each input
assigned to a neuron, the network biases (bj) are constants used to
adjust the output along with the weighted sum of the inputs of the
neuron [39].

TheMatLab® ANNmodel used had several options, nevertheless
most were held at software default values. Input and output values
trained and validated were normalized through the mapminmax
function, between 0 and þ 1. Initialization of weights and bias for
the layers were done according to the Nguyen-Widrow method,
which distributes approximately evenly the layers’ active regions
over the input space [40]. The feedforward network was trained
with two types of training methods to adjust the weights and bias:
Levenberg-Marquardt Backpropagation (LM), Bayesian Regulariza-
tion Backpropagation (BR). Every network type was trained (and
optimized, for the ones with PSO) 10 times, and the networks with
the best results were selected for validation. The schematics of the
ANNs with 11 inputs, 10-neuron hidden layer and 8 outputs are
shown in Fig. 1.

The data division for training was not entirely random owing to
particularities of the tests that generated the data, divided into
different engine load blocks with few measurements in each block.
Thus, no values of a specific engine load block could be assigned for
ANN training whilst the same block could be entirely used for ANN
validation, generating high error values not related to the actual
predictive capability of the network. The data used for validation
was chosen by selecting random values of each engine load block,
ensuring that all blocks were used for both training and validation.
The final data configuration was, from a total of 3498 measured
input experimental points, considering all 11 inputs, 2970 points
for training, representing 85% of the total data, and 528 points for
validation, representing the remaining 15%.

Equation (1) was used to evaluated the degrees of freedom
available for the ANN models, relating the total number of
measured input points for training (NTr) and the number of pa-
rameters (NP), given by the weights and biases, in the network.

DF ¼ NTr � NP (1)

The ANNs had their performance evaluated graphically through
the coefficient of correlation (R) between outputs and targets, and
numerically through the coefficient of determination (R2) between
the experimental training values and predicted values and through
the Mean Relative Error (MRE) percentage of the predicted values
against the validation targeted points, to elucidate differences be-
tween networks with and without particle swarm optimization.
Equation (2), Equation (3) and Equation (4) show how R, R2 and
MRE were calculated, respectively.

R¼
P n

i¼1ðtti � ttÞðoti � otÞ
� P n

i¼1ðtti � ttÞ2
P n

i¼1ðoti � otÞ2
� 1=2 (2)

R2 ¼1�
 P n

i¼1ðtti � otiÞ2P n
i¼1ðtti � ttÞ2

!

(3)

MRE ð%Þ¼ 1
n

Xn

i¼1

100� tvi � ovi

tvi
(4)

Where n is the number of experimental values and predictions for
each output, ot are the ANN output training values, ov are the ANN
output validation values, tt are the experimental targeted values for
training, tt is the experimental training average value, ot is the
output training average value and tv are the experimental targeted
values for validation.



Fig. 1. ANN schematics with 11 inputs, a 10 neuron hidden layer and 8 outputs.
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2.3. Particle swarm optimization

As a way to test an alternative method to the error back-
propagation to find the best weights and biases values, the particle
swarm was used as a post-optimization method. The algorithm
used in the MatLab® environment is based on those described in
Kennedy and Eberhart [27], where the particle swarm was started
creating the initial particles and assigning to them initial velocities.
It evaluated the objective function at each particle location, and
determined the best (lowest) function value and the best location.
The algorithm, then, chose new velocities, based on the current
velocity, the particles’ individual best locations and the best loca-
tions of their neighbors, as shown in Fig. 2. Each particle updated its
location, velocity and neighbors and the iterations proceeded until
the algorithm reached a stopping criterion. The algorithm also used
modifications suggested by Mezura-Montes and Coello Coello [41]
and in Pendersen [42].

Three options of the MatLab® built-in routine particleswarm
were altered due to the specificities of the optimization problem:
Max Stall Iterations equal to 30; Max Iterations equal to 5000; and
Swarm Size equal to 500. PSO swarm size was the number of par-
ticles to be solved in each iteration. As the sum of weights and bias
from all layers could result in more than 200 parameters, the
number of particles needed to be high. Stall iterations were the
iterations where the objective function value was not improved
when compared to the previous, and their max value was increased
from the default value 20. The max iterations number was also
increased from 200 to 5000 by the slow optimization of the
objective function in the global minimum region.

The particleswarm function needed minimum and maximum
values for each parameter to be optimized. To avoid the need to
determine each parameter range, the PSO was tested after the
weights and bias were predetermined by both Levenberg-
Marquardt and Bayesian Regularization training methods, gener-
ating the LM-PSO and the BR-PSO networks. Parameters range in
the PSO search were arbitrarily set as each parameter pre-
determined value ± 50% of this value.

The objective function (Fobj) to be solved was a least squares
function, with a sum of the normalized outputs as shown in
Equation (5).

min
Q

Fobj¼
Xm

j¼1

 
Xn

i¼1

�
ovi

tvi
� 1

� 2
!

(5)

Where m is the number of outputs and the other variables are the
same from Equation (4). Also, q¼ ½w! ; b

!�, being w! a vector with the
network trained weights and b

!
a vector with the network trained

biases. The normalization of the output values of the model was
necessary so that values with different units of measure could be
added and the weights of the parameters in the overall error could
be balanced.

Fig. 3 shows the optimization scheme for weights and bias using
PSO, along with the ANNs initialization and training with MatLab®
standard methods.

Since Fobj will not reach values near zero in the optimization,
the stopping criteria was given by the change in position x being
lower than the tolerance (10�7), or at the end of 5000 iterations. In
addition, the particleswarm function also implemented a hybrid
option with the built-in MatLab® function fmincon for constrained
optimization, using the interior-point algorithm, to ensure that the
PSO would find the lowest Fobj in its search space considering a
large-scale optimization problem.



Fig. 2. Three fundamental elements for the calculations of the next displacement of a particle [43].

Fig. 3. ANN initialization, training and optimization with PSO.
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3. Experimental setup

The experimental setup is divided into three subsections: the
description of the SI engine and test cell, the description of the tests
performed and data analysis.
3.1. SI engine and test cell description

A Ricardo Hydra single cylinder camless research engine with
port-fuel injection (PFI) was tested with anhydrous ethanol fuel
with several negative valve overlap durations with load control via
EIVC while using wide open throttle. Main engine characteristics



Fig. 4. Test cell schematics.
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are presented in Table 1.
The camless valve train systemwas composed by the individual

valve hydraulic actuators, valve lift sensor for feedback, valve
control unit and a 150 bar oil pump. The FVVT provided the capa-
bility of independent control of the four valves. For this reason, the
enginewas capable of operating in both two and four-stroke modes
[44,45]. The spark and injection timings, as well as valve parame-
ters, were controlled through a Ricardo rCube engine control unit
(ECU). A diagram of the test cell equipment available in the test cell
is presented in Fig. 4.

An alternate current dynamometer was used in both motor and
absorbing power mode. Oil and coolant temperatures were moni-
tored via a closed loop system integrated to the dyno control (CA-
DET software). Oil and coolant temperatures were kept at
363 K ± 2 K. Fuel mass flow rate was measured with an
EndressþHauser Promass 83A Coriolis meter. Air flow was deter-
mined using data from the exhaust lambda and fuel flow rate, with
an expected uncertainty lower than 3%. Fuel temperature was
maintained at 298 K ± 5 K at an injection pressure of 3.5 ± 0.2 bar
(absolute). The in-cylinder pressure was measured by a Kistler
6061B piezoelectric pressure sensor. Intake and exhaust pressures
were measured by Kistler piezoresistive absolute pressure sensors
4007BA20F and 4007BA5F, respectively. An encoder with 720
pulses per revolution, directly connected to the crankshaft, was
used to relate pressure data to crank angle. K-type thermocouples
were used to collect average temperatures at relevant locations,
such as intake and exhaust manifolds, oil and coolant galleries, fuel
rail, and valvetrain oil supply. An in-house high-speed data acqui-
sition and combustion analysis system were used to monitor and
record all parameters.

The range and accuracy for the test cell devices used to measure
inputs and outputs of the ANN models are shown in Table 2.

Other inputs and outputs that were not measured were either
imposed (IVO, IVC, EVO, EVC) or calculated (Indicated Efficiency,
COVIMEP).

3.2. Test description

Tests were run for target IMEP loads at 1500 rpm with port fuel
injection (direct injection was not used in these tests). Several
negative valve overlap periods (NVO) were tested for each target
load of 2.0, 3.1, 4.5, 6.1, 7.5, 9.0 bar IMEP (±5.0% IMEP). Maximum
loadwas achieved close to 10 bar IMEP for no overlap valve strategy
at WOT, with the maximum tested exhaust and intake event du-
rations. Only exhaust valve opening (EVO) was kept constant dur-
ing all the tests. The main objective of these tests was to find the
best NVO period which increased engine indicated efficiency. All
tests were run at 3.0 mm valve lift target and opening and closing
valve events were attributed to 0.15 mm valve lift. Table 3 presents
the tested NVO periods according to each load in terms of crank-
shaft angle degree (CAD).

At lowest engine loads, when intake event duration was quite
small, the intake valve event did not achieve target lift due to the
limited valve opening and closing speeds. Thus, maximumvalve lift
Table 1
Main engine characteristics.

Engine model Ricardo Hydra Camless Two/Four-strokes
Bore x Stroke 81.6 � 66.9 mm (B/S ¼ 1.22)
Swept volume 0.35 dm3
Geometric compression ratio 11.8 : 1
Max. in-cylinder pressure 90 bar
Combustion chamber design Four valves pent-roof with central spark plug
PFI injection system Twin spray Bosch EV 14 (3 bar rel.)
Valve actuation Independent electro-hydraulic actuators
was limited. Fig. 5 presents an example of different NVO periods for
a specific load of 4.5 bar IMEP.

Starting from the lowest duration NVO period, when it was
increased, more residual gas fraction was trapped. Thus, for the
specific load point, IVCmoment had to be delayed to guarantee that
enough air be admitted to the cylinder to achieve such load. It was
only possible to delay IVC until some degrees after BDC, when
piston motion would overcome the gas inertial momentum and
backflow to intake ports would occur. Thus, for medium to higher
loads, the maximum NVO period was limited by the minimum
intake valve period necessary to charge the engine with fresh
mixture for the specific load. In addition, as the piston speed, gas
flow velocity, and residual gas thermal state vary during gas ex-
change period, different intake durations were required for
different NVOs, as shown in Fig. 5. Hence, the calibration of the
intake event for different NVO periods is a non-linear problem.
3.3. Data analysis

Engine control parameters, such as intake and exhaust average
pressure and temperature, spark timing, lambda, and intake and
exhaust valve opening and closing events, were monitored and
controlled during the tests. Relevant output parameters, which
were relevant from the engine calibration point of view and
investigated in this study, were: net indicated mean effective
pressure (IMEP); indicated specific fuel consumption (ISFC); indi-
cated specific carbon monoxide (ISCO), indicated specific unburned
hydrocarbon (ISuHC) and indicated specific nitrogen oxides (ISNOX)
emissions; indicated efficiency; covariance of IMEP (COVimep) and
air flow rate.

The calculation methodology for the efficiency related param-
eters was based on net indicated mean effective pressure, given by
Equation (6):

IMEP¼

ð540

�180
pidV

Vd
¼ Wc;i

Vd
(6)

where Wc;i is the indicated work per cycle and Vd is the engine



Table 2
Test cell devices range and accuracy.

Measured variable Device Range Accuracy/linearity/uncertainty

In-cylinder pressure (bar) AVL GH15D 0e250 bar ±0.3%
Intake and exhaust pressure (bar) Kistler 4007BA20F 0e5 bar ±0.2%
Intake and exhaust temperature (�C) RS e Type K thermocouples �40 e þ1200 �C ±2.5%
NOX (ppm) Horiba CLA-720MA 0e10000 ppm ±2% of readings
CO (ppm) Horiba AIA-72X 0e5000 ppm
uHC (ppm) Horiba FIA-725A 0e50000 ppm
Fuel flow (kg/s) EndressþHauser

Promass 83A
0e20 kg/h ±0.1% of reading

Lambda (�) Bosch LSU 4.0 0e5 ±1.0% of reading

Table 3
Tested NVO periods according to each load.

Load IMEP (bar) NVO
Period (CAD)

EVC (CAD ATDCi) Max EV lift (mm) IVO (CAD ATDCi) IVC (CAD ATDCi) Max IV lift (mm)

2.0 33 �14 3.1 19 86 2.7
53 �24 3.1 29 94 2.7
72 �34 3.1 38 103 2.8

3.1 33 �14 3.1 19 101 2.9
62 �29 3.1 33 110 2.9
82 �39 3.1 43 120 2.9
102 �49 3.1 53 131 2.9
121 �59 3.1 63 143 2.9

4.6 60 �29 3.1 31 128 3.0
87 �39 3.1 48 138 3.1
122 �59 3.1 63 163 3.0
142 �70 3.1 73 177 3.0
159 �79 3.1 80 199 3.0

6.1 60 �30 3.1 31 147 3.0
80 �40 3.1 41 159 3.1
98 �50 3.1 49 173 3.1
127 �64 3.1 64 205 3.1

7.6 71 �35 3.1 37 175 3.1
94 �45 3.1 49 201 3.1

9.1 44 �19 3.1 25 195 3.1
9.8 �7 1 3.1 �6 206 3.1

Fig. 5. Different NVO periods for a specific load of 4.5 bar IMEP.
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displacement volume. The crank angle “zero” was defined as the
TDC. The IMEP was used through the whole work to compare en-
gine operating load.

The net indicated efficiency (IEff) which represents the effi-
ciency that fuel energy was transformed into work by the engine
was calculated by Equation (7):
IEff ¼ IMEP � Vd
mfuel;c � LHVfuel

(7)

wheremfuel;c is the fuel mass flow per cycle and LHVfuel is the lower
heating value of the fuel.

The engine operation stability was monitored by the covariance
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of IMEP over 100 cycles. This parameter denotes the variation in the
indicated work per cycle due to combustion and flow variability,
given by Equation (8). A general maximum value of 5.0% was
accepted to consider engine stable operation, but at certain points
the maximum accepted value was decreased to 3.0%.

COVIMEP ¼
IMEPstd

IMEPaverage
� 100 (8)

The engine-out emissions measured by the Horiba gas analyser
were post-processed to be converted from ppm to g/kWh following
the [46]. According to Kar et al. [47] and Wallner [48], a correction
factor for ISuHC was applied to the raw flame ionization detector
signal to correct the low response of oxygenated components in the
exhaust gas. An overview of this method can also be found in
Ref. [2].

4. Results

The results section is divided into three subsections. The first
subsection shows the ANN simulation results and the PSO opti-
mization compared to the standard ANN methods for training and
validation. The second subsection shows the SI engine output
mapping for indicated efficiency and COV using the best perfor-
mance ANNmodel. The last subsection shows the determination of
the best engine operating conditions regarding engine efficiency
and emissions by optimal ANN output mapping.

4.1. ANN model training and validation

Artificial neural networks were used to model the SI engine in
order to predict NVO period, performance and emissions. The first
step in the use of ANNs is the inputs training to evaluate the output
accuracy against the experimental targets. Afterwards, model
validation was done for all networks and the best ANN model for
the SI engine was determined.

4.1.1. Trained networks regression, R2 and MRE
The trained networks had eight outputs evaluated, although

only three were shown in this subsection in order to highlight the
main differences between the types of optimization and the accu-
racy obtained. Regression graphics of the other trained networks
are available in the supplementary material.

Fig. 6 shows the IMEP results for the coefficient of correlation R
output analysis using Levenberg-Marquardt backpropagation,
Bayesian Regularization backpropagation and their post-
optimization with PSO.

All the networks tested showed excellent accuracy of the trained
indicated efficiency values in relation to the targeted experimental
values, reaching correlation indexes very close or above 0.99. It is
possible to observe a small improvement of the networks trained
by Bayesian Regularization method when compared to Levenberg-
Marquardt, as well as a slight improvement of the networks with
PSO.

Fig. 7 shows the ISNOX emission results for the R coefficient
output analysis using Levenberg-Marquardt backpropagation,
Bayesian Regularization backpropagation and their post-
optimization with PSO.

The accuracy of the networks for the SI engine ISNOX training
were also good, with the standard training methods obtaining
better R results than the networks with PSO. The values, however,
were above 0.99, showing that all the networks were able to obtain
results very close to the experimental targets for a difficult to
predict output variable.

Fig. 8 shows the COVIMEP results for the R coefficient output
analysis using Levenberg-Marquardt backpropagation, Bayesian
Regularization backpropagation and their post-optimization with
PSO.

The prediction of COVIMEP values is considered a complex task
for any computational model due to the difficulty of correlating the
cyclical variability of the engine with key parameters of its opera-
tion such as spark time and specific fuel consumption. The standard
training methods had worse performance in the attempt to corre-
late COVIMEP with the other variables, whereas networks with PSO
obtained R values above 0.96. As shown in Fig. 8, the fit is worse in
operating conditions where COVIMEP is high, and the reason for this
is that few experimental conditions were tested where the engine
had high cyclic variability. Thus, few training points can be a limi-
tation for networks with error backpropagation in obtaining ac-
curate output results, issue that did not affect in the same way
networks with PSO. Among the four network types tested, Bayesian
Regularization with PSO (ANN BR-PSO) was the one that obtained
the best training results.

Table 4 shows the R2 and theMRE values, according to Equations
3 and 4, for each output separately in order to analyze both ANN
generalization and accuracy.

All networks had good overall R2 results, although only the PSO
networks obtained MRE results lower than 10% for all outputs.
There is a noticeable difference in the assessment of networks by
means of R2 and MRE. When one analyzes Equation (3), to improve
the coefficient of determination for each variable, the networks
tried to approximate the simulated results to the experimental
average value t, so that the quotient value of the equation was
closer to zero.

However, outputs with values very different from their average
value t ended up having greater mean relative errors. It mainly
occurs because the decrease in generalization and accuracy
incurred by standard training methods in trying to improve the
network coefficient of determination. Hence, some outputs showed
good R2 values in spite of high mean relative errors, as the ISNOX
output for the standard Levenberg-Marquardt and Bayesian Regu-
larization networks. In such cases, the results of the coefficient of
determination may give a false impression of good accuracy of the
network, since the output values are actually not so close the
experimental targets. As the final solution of standard networks
seeks to minimize a global error, it can be seen in Table 4 that the
mean relative error of some outputs is very low, whereas for others
it is above 10%.

The PSO networks, on the other hand, aimed to reduce the er-
rors of the ANN trained values for all experimental points (Equation
(3)), without taking into account the average value of each output.
This caused the values of some outputs to deviate from their
average in order to improve the Fobj result. In this way, the net-
works with PSO were able to reach values close enough to the
average of each output to increase the correlation value between
the parameters, although sufficiently distant from each average to
increase the generalization of the networks and reduce the MRE
values. By attempting to reduce the error of all outputs individually,
the distribution of the mean relative error tends to be more linear
in PSO networks, making all results below 10%, but none as close to
0 as in standard networks.

4.1.2. ANN validation
Thereafter, 528 engine input points were used for the ANNs

validation. Results of IMEP and indicated efficiency outputs were
chosen to demonstrate what was previously discussed about
generalization and accuracy of the networks. Fig. 9 shows the
experimental IMEP values as a function of NVO duration together
with the output values for the four trained networks.

Validation results showed that both the standard ANNs and the



Fig. 6. ANN fit for IMEP target and output using Levenberg-Marquardt and Bayesian Regularization backpropagation, with and without PSO optimization.
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joint use of ANN-PSO were able to predict indicated efficiency with
high accuracy and, along the large range of NVO values, good
generalization. It is also important to highlight that the models
obtained higher error values only at the PVO experimental condi-
tion and at the lowest indicated efficiency conditionwith NVO. This
indicates that, under NVO operating conditions with high indicated
efficiency, all ANNs obtained high prediction accuracy.

Fig. 10 shows the experimental COVIMEP values as a function of
NVO duration together with the output values for the four trained
networks.

All networks were able to predict COVIMEP results very close to
the experimental values, except for cases where the COVIMEP value
was very high. As previously discussed, few experimental condi-
tions were tested where high cyclic variability of the engine was
verified, making ANNs prediction capacity for these conditions
significantly lower. This finding is also in agreement with indicated
efficiency results, since the SI engine had worse COVIMEP in con-
ditions where indicated efficiency were low.

Therefore, all ANN models were validated. Considering training
and validation results, the BR-PSO method obtained better gener-
alization, i.e. more accurate values along the full range of each
output, and accuracy. The other six outputs validation results are
available in the supplementary material.

In order to evaluate further the BR-PSO ANNs, a different
number of neurons in the hidden layer were tested. More neurons
can improve accuracy nonetheless they can also cause overfitting,
reducing generalization [49]. Table 5 shows the MRE for each
output and PSO objective function value (Fobj) obtained for net-
works with 5, 10 and 15-neuron hidden layers.

The validation MRE of each output for all ANN BR-PSO can be
considered low, regardless the number of neurons used, with
values lower than 15% in all variables, and lower than 4% in the
majority. It shows that the joint use of ANN with the Bayesian
Regularization method and post-optimization with PSO leads to a
generalization improvement and high accuracy for the set of out-
puts to be predicted. In addition, despite the 15 neuron network
obtaining the best Fobj value, similar Fobj values for 5, 10 and 15-
neuron hidden layers show that this parameter was of little effect
on the ANN accuracy and that few neurons were enough for a
precise correlation between the outputs and inputs of the proposed
ANNs, with low probability of the network having good results only
for values with which it was trained.

Another way to analyze the results is by using the degrees of
freedom of the problem. The total number of parameters of an ANN
with a 15-neuron hidden layer is 308, considering weights and
biases. Since 2970 experimental input measurements were used for
the optimization during training, the degrees of freedom available,
given by Equation (1), were 2662. This would allow the use of
networks with more than 15 neurons, or more than one hidden
layer, and find even lower error values for each output variable,
with the possible cost of overfitting or worse generalization. On the
other hand, in trained networks with fewer experimental mea-
surements, the use of PSO would be even more relevant due to the
lower degrees of freedom and the better fit of PSO ANNs with few



Fig. 7. ANN fit for ISNOX target and output using Levenberg-Marquardt and Bayesian Regularization backpropagation, with and without PSO optimization.
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neurons in comparison to the standard ANN training methods.
4.2. SI engine input and output (I&O) mapping

After the definition of the ANN BR-PSO with 15 neuron hidden
layer as the one with highest accuracy among the three types of
hidden layers tested, the next step was to map the operating con-
ditions and their impact on the engine indicated efficiency based on
the predictive capability of the model.
4.2.1. Randomly generated inputs for indicated ef� ciency and NVO
mapping

The mapping strategy was to randomize a number of input
values equal to three times the number of measured values be-
tween the minimum andmaximumvalues of each input variable to
expand the results of the outputs to regions with little exploration
during the experimental tests. The limiters imposed were those
conditions where it was known that the engine was not able to
operate, such as in relatively advanced spark timings and high
values of IMEP. Fig. 11 shows a comparison of the engine IMEP,
Indicated Efficiency, Spark Timing and NVO duration for experi-
mental tests, ANN BR-PSO training/validation values and I&O
mapping values.

The scatter in Fig. 11 explores Indicated Efficiency as a function
of Spark Timing, IMEP and NVO duration, as well as IMEP as a
function of NVO duration, outside the regions of the experimental
tests. Results showed that experiments were made in an upper
range of engine efficiency, with very close ANN train and validation
outputs predicted values, while the ANN mapping showed that
some changes in input settings, especially the spark timing values,
could cause the indicated efficiency to vary considerably. In addi-
tion, some higher efficiency points found by the ANN BR-PSO I&O
mapping suggested that the SI engine could achieve indicated ef-
ficiency slightly higher at different operating conditions, especially
by combining different values of spark timing and NVO duration.
This opens up the possibility to find and operate the engine in their
optima operating conditions without the need of extensive exper-
imental testing and calibration. The results of the artificial neural
network reinforce those obtained experimentally showing that the
engine reaches its highest values of indicated efficiency in a range
of IMEP between 7 and 9.5 bar.
4.2.2. Comparison between experimental and I&O mapping results
for best ef� ciency

Since the experimental tests were performed according to the
engine load blocks, the best way to evaluate the I&O mapping is
comparing its best efficiency points with those found by the engine
NVO experiments in each engine load, as shown in Table 3. Fig. 12
(a) presents the comparison between experimental and I&O map-
ping data of both indicated efficiency and fuel flow rate, where the
I&O mapping results showed represented the highest efficiency
points for the proposed load curve (from 2.0 to 10 bar IMEP loads).
The proposed ANN BR-PSO strategy showed excellent results for
both indicated efficiency and fuel flow rates. I&O mapping



Fig. 8. ANN fit for COVIMEP target and output using Levenberg-Marquardt and Bayesian Regularization backpropagation, with and without PSO optimization.

Table 4
R2 coefficient and MRE for each ANN trained output.

Output R2 MRE (%)

LM LM PSO BR BR PSO LM LM PSO BR BR PSO

ISFC (g/kWh) 0.9994 0.9807 0.999 0.9862 0.1312 0.5747 0.1608 0.6087
IMEP (bar) 0.9965 0.9953 0.9967 0.9971 2.4009 2.4396 2.0496 1.8873
ISCO (ppm) 0.9725 0.9725 0.9757 0.9752 8.1483 7.7575 8.2761 7.6954
ISuHC (ppm) 0.9954 0.9948 0.997 0.9956 4.4791 4.2837 3.8513 4.0817
ISNOX (ppm) 0.9947 0.9889 0.9937 0.9897 13.118 7.3298 12.0056 7.0965
Air Flow (kg/h) 0.9968 0.9956 0.9974 0.9975 1.9359 2.2541 1.6106 1.4917
IEff (%) 0.9982 0.9847 0.9975 0.9805 0.2126 0.6015 0.253 0.7257
COVIMEP (%) 0.8189 0.9337 0.8928 0.9319 17.1673 7.7875 15.8898 8.2921
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presented indicated efficiency 4% higher at 2.1 bar IMEP and 1%
higher at 7.5 bar IMEP than those presented in the experimental
data. To understand the plausibility of such results, it is required to
analyze the set of engine control parameters such as valve timings
and spark timing, which are presented in Figs. 12 (b) and Fig. 13 (b).

Regarding the efficiency for predicting the engine output pa-
rameters, it can be seen in Fig. 12 (b) that COVIMEP in the experi-
mental and computational cases showed a similar trend with an
almost constant offset, except for the two first points of the I&O
mapping. The higher COVIMEP found in these first two points are
probably related to the more advanced spark timing, which can
increase the engine cyclic variability and even incur in knocking
operation. It would require a more robust combustion for the
engine to operatewith COVIMEP lower than the experimental values
of this work, condition that can be achieved in partial load by
reducing the amount of residual gas and advancing the spark
timing. The ANN BR-PSO presented some mapped points where
reduced exhaust periods and more advanced spark timings can be
observed, which in the engine would result in a reduced COVIMEP.
On the other hand, at other load points, the exhaust valve duration
was increased (it would reduce the amount of residual gas), and the
spark timing was still advanced when compared to the experi-
mental results. In such cases, knock could be expected with the I&O
mapping valve and spark timing configurations. Thus, it would be a
good engine calibration procedure to start with a spark timing
more delayed than those predicted by the I&O mapping.



Fig. 9. Indicated efficiency output validation results for the four trained networks.

Fig. 10. COVIMEP output validation results for the four trained networks.
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Fig. 13 shows the best experimental targets and I&O mapping
results (a) for engine out emissions and exhaust temperature of
each condition and (b) the valve timings for all cases.

Exhaust temperature values for I&O mapping were higher at
Table 5
Validation MRE and Fobj for the ANN BR-PSO with 5, 10 and 15 neurons.

Output ANN BR MRE

5 Neurons 10 Neurons 15 Neu

ISFC (g/kWh) 0.3779 0.2991 0.3265
IMEP (bar) 9.6169 1.9165 2.311
ISCO (ppm) 9.7819 11.0735 6.9522
ISuHC (ppm) 12.1028 4.3298 3.9229
ISNOX (ppm) 37.8867 15.1657 7.8892
Air Flow (kg/h) 8.0942 1.5767 1.7944
IEff (%) 0.504 0.3555 0.3608
COVIMEP (%) 22.5636 17.1724 15.763
PSO Fobj e e e
lower load conditions and lower at higher load conditions when
compared to the experimental values. Nevertheless, the more
advanced spark timing found for I&O mapping data could result in
lower engine out emissions. It shows that the exhaust temperature
ANN BR-PSO MRE

rons 5 Neurons 10 Neurons 15 Neurons

1.1154 0.6306 0.6175
3.6323 1.6903 2.2439
9.9543 9.2349 6.3040
10.6883 3.9833 3.7399
13.3674 8.1259 4.6280
3.1901 1.5775 1.7970
1.1602 0.7882 0.6521

9 12.525 11.3557 11.4059
0.0099 0.0042 0.0025



Fig. 11. Indicated efficiency, IMEP, Spark Timing and NVO duration results for experiments, training/validation values and I&O mapping values.

Fig. 12. Best experimental target points and I&O mapping predictions (a) for indicated efficiency and fuel flow and (b) for spark time and COVIMEP.
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dependency on spark timing was predicted by the ANN. Another
physical behavior predicted by the ANN was the increase on ISNOX
emissionswith the advance of spark timing at a constant load point.
It normally happens due to a higher temperature and pressure
combustion process which forms more NOX. ISCO and ISuHC pre-
sented good correlation between experimental and I&O mapping
results for similar indicated efficiencies achieved. Different engine
loads comparison for I&O mapping and experimental values in
Fig.13 (a), except at lower loads, showed that ISNOX emissions were
reduced between 0.5 and 4 g/kWhwhilst ISCO and ISuHC emissions
had no significant difference. Comparing the best NVO conditions
achieved, around 8.5 bar IMEP, and the PVO condition tested, close
to 10 bar IMEP, the use of NVO lead to a decrease of ISCO emissions
and a significant decrease of ISNOX emissions, in accordance to the
results of Koopmans & Denbratt [17] and Martins & Zhao [50] for
HCCI engines using NVO. Furthermore, ISuHC emissions were
similar.

For all input parameters, EVO was kept constant and, thereby, it
did not change with either load or NVO duration. Furthermore, the
behavior of the experimental and I&O mapping EVC was similar. A
small change in the exhaust valve durationwould result in different
amount of trapped residual gas, thus a change in EVCwould require
a change in intake and NVO durations to accommodate different
quantity of residual gases. I&O mapping in Fig. 13 (b) showed best
values for IVO ranged from 430 CAD at low load to 370 CAD at high
load, IVC ranged from around 500 CAD at low load up to 565 CAD at



Fig. 13. Best experimental target points and I&O mapping predictions (a) for engine
emissions and exhaust temperature and (b) the valve timings for each condition.
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high load, while EVC ranged between 314 CAD and 360 CAD. At
lower loads, NVO periods were around 30� longer for the I&O
mapping prediction. Despite the correct valve timings behavior of
the ANN, it is not guaranteed that it would result in stoichiometric
operation to be in accordance with all stoichiometric experimental
conditions. Notwithstanding, the results presented a good set of
starting parameters for the engine calibration process. I&O map-
ping spark timing showed the same trend as those found for the
experimental results with an offset: spark timing was delayed to-
wards TDC with the increase on load. This would guarantee the
engine operation for the previously discussed different valve
timing, although it would still require some calibration.

Finally, the possibilities of modeling and investigating the
operating conditions of a SI engine were clarified through the joint
use of ANN and PSO. NVO is an advanced valve control strategy
whose definition of optima operating points is not trivial. It is
interesting to have available a model capable of evaluating the
possibilities of using this strategy and its results of efficiency and
cyclical variability with good generalization and accuracy. Without
the need of a high number of experimental tests and the increase in
development and calibration costs, an ANN model such as the one
present in this work may facilitate further applications of valve
strategies with the prediction of IVO, IVC, EVO and EVC to achieve
high indicated efficiencies with lower emission values.
5. Conclusion

The joint use of artificial neural networks (ANN) and particle
swarm optimization (PSO) was analyzed in this paper to obtain a
model capable of predicting, with good accuracy, the SI engine
operation with negative valve overlap. The main points from the
discussion of the results were the following:

� The use of PSO as an alternative to error backpropagation in
order to optimize weights and bias of the ANNs standard
methods improved networks accuracy and generalization of
ISNOX emissions and COVIMEP;

� In comparison to the standard training methods, the joint use of
ANN and PSO obtained MRE values below 5% for most of the
outputs and better fit to the experimental data, especially in the
5-neuron hidden layer comparison;

� With EVO kept constant, best range of valve timings from low to
high load, respectively, were IVO from 430 to 370 CAD and IVC
from around 500 to 565 CAD, whereas EVC ranged from 314 up
to 360 CAD along the different engine loads.

� The best ANN BR-PSO model lead to around 30� longer NVO
periods at lower loads, 4% higher indicated efficiency at 2.1 bar
IMEP and 1% higher indicated efficiency at 7.5 bar IMEP in
comparison to the best experimental operating points of the SI
engine;

� Some points predicted by the ANN BR-PSOmay lead to knocking
combustion due to advanced ignition timing, which suggests an
experimental calibration starting from spark timings with less
ignition advance to search for better engine efficiency
conditions;

� I&O mapping through ANN BR-PSO could determine SI engine
operating conditions where, except at lower loads, ISNOX
emissions were reduced between 0.5 and 4 g/kWh while ISCO
and ISuHC emissions had no significant difference from the
experimental data.
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Fig. A1. PVO and NVO valve strategies.

Fig. A2. PVO and NVO valve strategies with early intake valve closure (EIVC).
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Artificial neural network modeling for performance 1 

prediction of an Atkinson cycle SI engine with exhaust gas 2 

rebreathing 3 
 4 
 5 
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 7 

 8 
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 13 

Abstract  14 
 15 
A series of artificial neural network (ANN) structures were evaluated to model an 16 
Atkinson cycle SI engine fueled with ethanol and using exhaust gas rebreathing (ER) 17 
valve strategy. To determine often difficult to measure quantities such as residual mass 18 
and total mass trapped, a total of 110 SI engine experiments were validated with GT-19 
Power three pressure analysis (TPA) simulation. Wide ranges of engine load, spark timing 20 
and exhaust valve profiles were evaluated. Three different optimization methods were 21 
compared concerning performance estimation of each ANN weights and biases: particle 22 
swarm (PSO), genetic algorithm (GA) and simulated annealing (SA). The ANN structures 23 
analyzed also differed in terms of number of nodes, hidden layers and the training 24 
procedure to predict six desired outputs. TPA results showed that ER tests had higher 25 
indicated efficiency and lower combustion temperatures than both the standard Atkinson 26 
cycle and an Otto cycle conventional throttled valve strategy with similar engine setup. 27 
ANN models were assessed, initially, by analyzing their degrees of freedom, followed by 28 
a grid search to eliminate structures with higher prediction errors. The best models were 29 
then evaluated in terms of specific adjustment for each output considering the accuracy 30 
of values, complexity and generalization. The best model found for a single ANN 31 
structure, a two hidden layers PSO structure with [30 10] nodes, was able to efficiently 32 
predict, with low RMSE and R² above 0.92, four of the six outputs: net IMEP, air flow, 33 
total mass trapped and burned mass percentage. Aiming to accurately predict all six 34 
outputs, a combined ANN model was proposed, with a complementary 10-nodes PSO 35 
hidden layer, to predict PMEP and the average runner temperature. The final model can 36 
be used for prediction and calibration of an Atkinson cycle SI engine operating with ER 37 
with significant accuracy and no need for further TPA simulations. 38 
 39 
 40 
 41 
 42 
Keywords: Artificial Neural Networks; Three Pressure Analysis; Exhaust Rebreathing; 43 
SI Engine; Atkinson Cycle; Ethanol. 44 
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Nomenclature 1 

ANN Artificial neural network - 

ART Average Runner Temperature °C 

ATDC After Top Dead Center - 

�⃗� Vector with the network trained biases - 

bj Network bias parameter - 

BMP0 Burned Mass Percentage at combustion start % 

CAI Controlled Auto-ignition - 

CTB Choice of the best ANN training procedure - 

ctSI Conventional Throttled Spark Ignition valve strategy - 

DF Degrees of Freedom - 

ECU Engine Control Unit - 

EIVC Early Inlet Valve Closing - 

EGR Exhaust Gas Recirculation - 

ER Exhaust Rebreathing valve strategy - 

EVC Exhaust Valve Closing - 

EVO Exhaust Valve Opening - 

Fobj Objective function value Variable 

FVVT Four Variable Valve Timings - 

GA Genetic Algorithm - 

GHG Greenhouse gas - 

ICE Internal Combustion Engine - 

IMEP Indicated Mean Effective Pressure bar 

IVC Inlet Valve Closing - 

IVO Inlet Valve Opening - 



3 
 

LEVC Late Exhaust Valve Closure - 

LIVO Late Intake Valve Opening - 

Lwlim Lower limit value for ANN parameters - 

HC Unburned Hydrocarbon  

HCCI Homogeneous Charge Compression Ignition - 

HOV Heat of vaporization - 

MBT Maximum Break Torque N.m 

MIMO Multiple Inputs Multiple Outputs ANN structure - 

MISO Multiple Inputs Single Output - 

n Number of experimental values for each output - 

NVO Negative valve overlap - 

NP Number of parameters - 

NTr Number of measured input points for training - 

ot ANN training output values - 

�̅�  ANN training output average value - 

ov ANN validation output values - 

P In-cylinder pressure bar 

PFI Port-Fuel Injection - 

PMEP Pumping Mean Effective Pressure bar 

PSO Particle Swarm Optimization - 

PVO Positive Valve Overlap - 

RGF Residual Gas Fraction - 

R Pearson’s coefficient of correlation - 

R² Coefficient of determination - 

RMSE Root Mean Squared Error - 
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SA Simulated Annealing - 

SACI Spark Assisted Compression Ignition - 

SI Spark Ignition - 

SOI Start of Injection - 

SSE Sum of Squared Errors Variable 

tt Experimental targeted values for training - 

𝑡̅  Experimental targeted average value for training - 

tv Experimental targeted values for validation - 

TDC Top Dead Center - 

TMT Total Mass Trapped - 

TPA GT-Power Three Pressure Analysis simulation - 

Uplim Upper limit value for ANN parameters - 

V In-cylinder volume m³ 

Vd Swept volume per cylinder m³ 

Vmax In-cylinder max volume m³ 

VVA Variable Valve Actuation - 

V1 First inlet or exhaust valve - 

V2 Second inlet or exhaust valve - 

�⃗� Vector with the network trained weights - 

wi Network weight parameter - 

Wc,i Indicated work per cycle J 

WOT Wide open throttle - 

WTW Well to wheel - 

�̅� Hidden layer inputs vector - 

𝑦 Hidden layer outputs vector - 
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�̅� 
Set of parameters to be optimized by the chosen 

optimization method 
- 

�̅�        Set of initial weights and biases - 

𝜃  Parameter vector length - 

 1 

1.   Introduction 2 

Spark-ignition engines development has led researchers from both industry and 3 

academia to seek maximum operational benefit over the years, resulting in the emergence 4 

of advanced combustion modes such as spark assisted controlled auto-ignition (SACI) 5 

and controlled auto-ignition (CAI) [1-3]. Added to that, the increasingly strict 6 

environmental regulations made renewable fuels such as alcohols to be explored by 7 

engine developers in search for higher efficiency and less environmental impact [4-8]. 8 

Alcohol fuels for internal combustion engines can reduce green-house gas (GHG) 9 

emissions related to global warming [9]. Among these fuels, ethanol has been studied for 10 

automotive applications in its anhydrous form or blended with other fuels or water in 11 

internal combustion engines [10-12]. Aspects that contribute to improve engine efficiency 12 

when fueled with ethanol instead of conventional gasoline include its higher-octane rating 13 

and latent heat of vaporization which lead to a better combustion phasing and increased 14 

volumetric efficiency [13,14]. As drawbacks, ethanol has lower volatility and lower 15 

calorific value in comparison to gasoline, which increase cold start calibration costs and 16 

penalize vehicle fuel consumption, respectively [15]. 17 

In addition to alternative fuels, several studies with the purpose to increase SI 18 

engine performance added changes to engine operating systems, such as variable valve 19 

actuators (VVA), and improvements to engine modelling. Mechanical cam-based valve 20 

actuation systems tend to waste power on pumping losses for wide ranges of engine 21 
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speeds and loads, while some VVA systems can provide full freedom to vary the valve 1 

lifts, timings and duration for different engine operating conditions [16-17]. Variable 2 

valve actuators can allow different strategies such as LIVO (Late Inlet Valve Opening), 3 

EIVC (Early Inlet Valve Closing) or even multi-lift strategies [18], such as negative valve 4 

overlap (NVO) and exhaust rebreathing (ER). Combined with the use of VVA, the 5 

Atkinson cycle has been shown very effective to improve fuel economy of ICEs. In this 6 

particular cycle, the volume ratio used for expansion is higher than the volume ratio used 7 

for compression [19]. In the present work, Atkinson cycle achieved with the use of early 8 

intake valve closing (EIVC). Recent studies have again shown that SI engines with 9 

Atkinson cycle were able to obtain higher net indicated efficiency, and less knock 10 

tendency due to lower combustion temperatures. Moreover, in medium and low loads, 11 

had reduced consumption due to lower pumping losses [20-22]. The use of the Atkinson 12 

cycle also leads to a reduction in NOx emissions, both in part load and full load. The 13 

reduction in temperature, pressure and density obtained through EIVC leads to lower 14 

flame temperatures, but also leads to an increase in CO emissions by worsening the 15 

combustion process [23]. 16 

Studies regarding ER showed that with CAI, an experimental engine had better 17 

fuel economy and lower NOx emissions than with conventional throttled 4-stroke SI 18 

operation [24]. In addition, a combination of inlet boosting, adequate injection timing and 19 

exhaust rebreathing optimization could reduce CO and HC emissions, extending the low-20 

load limit of a gasoline engine with partially premixed combustion [25]. The use of ER 21 

has also been explored as a way of reducing fuel consumption through CAI of the end-22 

gas in an AVL-CSI (compression and spark ignition) system for an SI gasoline engine. 23 

Simulation results showed a reduction in fuel consumption and a considerable decrease 24 

in NOx emissions, but the proof was dependent on the development of the engine by AVL 25 



7 
 

and the popularization of the use of VVA systems [26]. Continuing to explore the use of 1 

CAI in SI engines to increase efficiency and reduce emissions with the use of internal 2 

EGR and low temperature combustion, the use of ER and NVO were tested and valve 3 

profiles for CAI control were determined for real operating conditions. The study also 4 

determined that the use of the second exhaust valve for rebreathing was efficient to 5 

control both combustion phasing and heat release intensity [27]. Although the use of VVA 6 

and strategies such as ER are still incipient in the current scenario of light transport 7 

vehicles, research on engine development and even patents [28] that explore this process 8 

for creating high-efficiency engines are already a reality. 9 

Concerning engine calibration modelling, a previous study from the authors 10 

showed that artificial neural networks (ANN) and particle swarm optimization (PSO) 11 

could correctly predict valve timings and NVO duration for an SI engine. It enabled 12 

higher engine indicated efficiencies from lower to higher loads [29]. In a gasoline engine, 13 

Li et al. [30] used a genetic algorithm optimization on a validated GT-Suite hydraulic 14 

VVA system model to theoretically reduce the break specific fuel consumption in 13.1% 15 

through late exhaust valve closure (LEVC) and EIVC. 16 

This work aims to validate the application of ANN to predict some engine 17 

operating parameters when the exhaust rebreathing valve strategy is applied along with 18 

the Atkinson cycle in a SI engine. The proposed ANN application methodology could be 19 

implemented during initial engine development stages based on engine performance 20 

simulation results (as those obtained from Gamma Technologies GT-Power, Ricardo 21 

WAVE and AVL BoostTM). The low computational cost requirement of a trained ANN 22 

would enable the application of the proposed methodology to ECU calibration with online 23 

prediction of parameters which present non-linear response and would require higher 24 

computational power. This would enable the necessary online combustion feedback 25 
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required for controlling advanced combustion strategies as HCCI, SACI and other which 1 

requires accurate in-cylinder thermal state control to achieve low temperature combustion 2 

modes. In addition, this paper shows the combined application of renewable ethanol fuel 3 

(with low environmental impact) with the benefits of a fully variable valve actuation 4 

system to explore and optimize the SI engine part load performance and emissions 5 

through the application of residual gas trapping via ER, and wide-open throttle (WOT) 6 

part load operation enabled by EIVC load control.  7 

Thus, this work highlights a possible alternative to help engine developers to 8 

overcome future stricter emission legislations which will only be met with the application 9 

of advanced engine technologies not yet ready for on-road vehicles. For this purpose, a 10 

GT-Power engine model was validated against a series of engine dynamometer test bench 11 

experiments. Results from the validated GT-Power models were divided into inputs and 12 

outputs for training and validation of several structures of artificial neural networks. Two 13 

different training procedures were tested: a standard choice of the best trained ANN and 14 

a consecutive optimization of the trained ANN weights and biases. Three different 15 

optimization methods were implemented and compared: particle swarm optimization 16 

(PSO), genetic algorithm (GA) and simulated annealing (SA). The expected result was 17 

the creation of a model capable of predicting difficult to measure parameters as residual 18 

gas fraction in an Atkinson cycle SI engine through a sweep of the engine load, spark 19 

timing and valve timings for the second exhaust valve event.  20 

 21 

2. Methodology 22 

This section is divided into three subsections: the description of the ER valve 23 

strategy; an explanation about the GT-Power models validation and the second exhaust 24 
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valve sweep; and a brief description of the optimization algorithms tested to fit the ANN 1 

model to the experimental data. 2 

 3 

2.1 Exhaust Rebreathing valve strategy 4 

The rebreathing method through exhaust valve reopening during the intake stroke is 5 

an approach to increase residual gas fraction in the combustion chamber. The exhaust 6 

valve reopening promotes exhaust gas backflow into the cylinder, and the amount of 7 

residual mass to enter is controlled by the length of the rebreathing event, the time when 8 

the rebreathing event occurs during the intake stroke, and the interaction with other valve 9 

events [31]. The hot residual gases trapped in the cylinder increase charge temperature and 10 

requires higher intake pressure to induce the same amount of air compared to a condition 11 

with low residuals. Thus, part load pumping losses may be minimized when using ER 12 

strategy. In addition, load control can be done either by throttle or using EIVC.  When 13 

EIVC is implemented with a FVVT system, it provides WOT operation capacity at all 14 

engine operating conditions [22], which further reduces SI part load pumping losses. 15 

In this research, ER time and length were varied during the intake stroke with EIVC 16 

as a load control method. It should be noted that due to FVVA system limitations, the 17 

opening and closing event of any valve could occur only once per cycle. For this reason, 18 

the second exhaust valve (V2) was reopened during the intake stroke to enable exhaust 19 

gas backflow to the cylinder, whilst the first exhaust valve (V1) had its standard opening 20 

profile maintained. A comparison between valve timings of a conventional throttled SI 21 

engine (ctSI) valve strategy (Otto cycle), an Atkinson cycle with EIVC and an Atkinson 22 

cycle with ER strategy is shown in Figure 1. It should be noticed that the residual gas 23 

trapping due to positive valve overlap (PVO) presents some limitations for WOT operation 24 

as it requires lower intake pressure than exhaust port pressure in order to promote exhaust 25 
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gas backflow. While the PVO duration event increases, intake pressure increases up to the 1 

point when combustion stability occurs, reducing dethrottling capability of the PVO valve 2 

strategy at low loads. 3 

 4 

 5 

Figure 1 – Comparison of ctSI, Atkinson cycle and ER valve profiles. 6 

 7 

According to Zhao [31], when the auxiliary exhaust valve is reopened simultaneously 8 

to the intake event, there is more time for in-cylinder heat transfer to reduce the final 9 

charge temperature. In contrast, by reopening the exhaust valve during the late intake 10 

stroke, the charge temperature prior to compression is higher resulting in more stable 11 

combustion in low engine loads with high residual gas fraction (RGF) dilution. The ER 12 

strategy has been used to promote CAI combustion [32] and in-cylinder thermal 13 

stratification [33]. Lately, thermal stratification has been proposed as mean to enable CAI 14 

operation at conditions were traditional HCCI combustion control is poor. Even though 15 

the use of exhaust rebreathing valve strategy via second exhaust valve event is not 16 
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implemented in road vehicles, the upcoming stricter emissions legislation may provide 1 

new opportunities for this residual gas trapping strategy, especially when coupling with 2 

WOT part load operation via Miller and Atkinson cycle concepts, which is the case of 3 

EIVC load control strategy. 4 

 5 

2.2 Three-Pressure Analysis models and exhaust valve sweep data acquisition 6 

The GT-Power models were used with the goal of increasing the database from 7 

experiments related to the residual gases rebreathing into the cylinder. For that, the Three 8 

Pressure Analysis (TPA) method was used to validate a total of 110 ER models, based on 9 

110 exhaust rebreathing experiments with different engine operating conditions. Added 10 

to that, 6 standard Atkinson cycle models and 6 ctSI models at maximum break torque 11 

(MBT) conditions were validated for valve strategy comparison purposes.  12 

The 110 models considered sweeps of three important experimental conditions: 13 

engine load, auxiliary exhaust valve rebreathing period and spark timing. The engine load 14 

ranged from 2.1 to 9.1 bar IMEP, while the spark timing ranged from more delayed 15 

conditions to MBT for each load, reaching a maximum spark advance at -45 ATDC, 16 

before which misfire started to happen. 17 

The instantaneous in cylinder pressure profiles were used as inputs to the TPA 18 

routine [34].  In addition, experimental condition values such as inlet temperature, fuel 19 

and air mass were used to determine the combustion progress. Different opening and 20 

closing profiles of the two intake valves and the two exhaust valves were imposed in each 21 

TPA simulation to correctly represent the occurrence of ER during the engine cycles. The 22 

advantage of “imposing” combustion development rather than using a model to predict it 23 

provides additional reliability, as the combustion quantities are those from experiments. 24 

 25 
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 1 

Figure 2 – GT-Power model section showing first and second inlet and exhaust valves. 2 

 3 

The validated models used a two-zone Hohenberg heat transfer model to calculate 4 

apparent heat release rate from the experimental in-cylinder pressure data. Hohenberg’s 5 

correlation [35] is based on Woschni’s work [36], but is easier to apply due to motored 6 

pressure non dependence and corrections related to heat transfer underestimation during 7 

compression and overestimation during combustion. On a previous work, the authors 8 

found that Hohenberg’s correlation was the one with the best performance in a two-zone 9 

model for a SI engine fueled with hydrous and wet ethanol fuels [37] and it was therefore 10 

the chosen option. 11 

After validation, six engine operating parameters were defined as outputs of 12 

interest for ER determination: net IMEP, PMEP, air flow, total mass trapped at the 13 

cylinder (TMT), burned mass percentage at combustion start (BMP0) considering EGR, 14 

exhaust residuals and average runner temperature (ART). Among them, total mass 15 

trapped and burned mass percentage at combustion start are important parameters for 16 

exhaust rebreathing evaluation which cannot be assessed experimentally. In an attempt to 17 
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avoid the need for constant validation of these variables through TPAs, artificial neural 1 

networks can be used to learn the non-linear dependence between these variables and the 2 

inputs, making it possible to obtain these results in real time.  3 

For the comparison between valve strategies, TPA simulation results for indicated 4 

efficiency and in-cylinder peak temperature were made between ctSI, Atkinson cycle and 5 

ER valve strategies to determine whether the use of ER with ethanol can improve SI 6 

engine operation in terms of both efficiency and environmental impact. 7 

 8 

2.3 ANN models hidden structure definition 9 

Artificial neural networks are called connectionist models because of the 10 

connections found between the neurons [38]. ANN model weights (wi) are automatically 11 

adjusted during training according to a specified learning rule until the neural network 12 

performs the desired task correctly [39]. Besides, unlike weights, which are adjusted 13 

separately for each input assigned to a node, the network biases (bj) are constants used to 14 

adjust the output along with the weighted sum of the inputs of the neuron [40]. Since 15 

weights and biases are like adjustment parameters, artificial neurons in a large number of 16 

hidden layers eventually exceed the complexity level of the problem and often correlate 17 

events where there is no correlation, reducing generalization and causing overfitting [41]. 18 

ANN inputs and outputs were normalized through the MatLab® mapminmax 19 

function, between -1 and +1. Initialization of weights and bias for the layers used the 20 

inbuilt function rand, to randomize the distribution, in a limited range between -2 (Lwlim) 21 

and +2 (Uplim) according to Equation 1, 22 

 23 

�̅� =  𝐿𝑤 + 𝑈𝑝 − (𝐿𝑤 ) ∙ 𝑟𝑎𝑛𝑑(1, 𝜃 )                                                            (1) 24 

 25 
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where �̅�  is a vector with the initial values of weights and biases and 𝜃  is the total 1 

number of weights and biases of the ANN. 2 

The neural transfer function used to calculate the hidden layers outputs from their 3 

net inputs was the tangent-sigmoid transfer function. This transfer function has the form 4 

given by Equation 2, 5 

 6 

𝑦 =
2

(1 + exp(−2 ∗ �̅�)) − 1
                                                                                                    (2) 7 

 8 

where 𝑦 is a vector with the hidden layer outputs and �̅� is a vector with the hidden layer 9 

inputs [42]. The output layer used a purelin transfer function to linearize the outer hidden 10 

layer outputs into the actual ANN outputs. 11 

The ANNs used in this research were evaluated in three different ways: the hidden 12 

layer structure, considering number of nodes and hidden layers; the training procedure 13 

for best ANN selection; and the method used for weights and biases optimization. ANN 14 

models hidden layer structure were tested with 1, 2 and 3 layers, whilst the number of 15 

hidden layer nodes varied between: 10, 20, 30 and 40 for one hidden layer; [20 20] and 16 

[30 10] for two hidden layers; [15 20 10] and [20 15 15] for three hidden layers. 17 

Equation 3 was used to evaluated the degrees of freedom available for the ANN 18 

models, relating the total number of measured input points for training (NTr) and the 19 

number of parameters (NP), given by the weights and biases, in the network. 20 

 21 

𝐷𝐹 = 𝑁 − 𝑁                                                                                                                            (3) 22 

 23 

The data for ANN training and validation were obtained from different 24 

experimental data sets. The training procedure used the same initial experimental data 25 
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than those used by the GT-Power models for validation and also the simulated ER data 1 

from these models toward expanding the training data set. The final data configuration 2 

for training was 913 input points. For ANN models validation, 297 input points were used 3 

from random experimental ER tests from all engine loads. This way, the validated dataset 4 

ensured that all engine loads were evaluated. Thus, a total of 1210 input points were used, 5 

from which 75% were used for training and 25% were used for validation. 6 

 7 

2.4 Weights and biases optimization methods 8 

Regarding the optimization methods for the ANN weights and biases, a hybrid 9 

approach was tested with three stochastic algorithms for large-scale systems followed by 10 

a deterministic optimization with the MatLab® built-in function fmincon with the interior-11 

point algorithm. The stochastic algorithms used were a Particle Swarm Optimization 12 

(PSO) based on the one from Kennedy and Eberhart [43], a Genetic Algorithm (GA) based 13 

on the one from Goldberg [44] and a Simulated Annealing (SA) based on the one from 14 

Ingber [45]. 15 

A PSO is a collective, anarchic and iterative method, with emphasis in 16 

cooperation, partially random and without selection (different generations). The initial 17 

particle swarm would be the same at the end, with updated particle positions according 18 

to the information exchanged during the problem optimization [46]. MatLab® built-in 19 

function particleswarm uses modifications suggested by Mezura-Montes and Coello 20 

Coello [47] and in Pendersen [48]. All options for the particleswarm function were 21 

maintained as default except for the maximum number of iterations, set to 10000, and the 22 

maximum optimization time, set to 1200 seconds. 23 

The simulated annealing algorithm was created based on the analogy between the 24 

simulation of the annealing of solids and the problem of solving large combinatorial 25 
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optimization problems. The annealing denotes a physical process in which the a solid in 1 

a heat bath is heated up by increasing the temperature of the heat bath to a maximum 2 

value at which all particles of the solid randomly arrange themselves in the liquid phase, 3 

followed by cooling through slowly lowering the temperature of the heat bath [49]. All 4 

options for the MatLab® built-in function simulannealbnd were maintained as default 5 

except for the maximum number of iterations, set to 10000, and the maximum time for 6 

optimization, set to 1200 seconds. 7 

Genetic algorithms are biologically-inspired algorithms for optimization. The 8 

basic idea follows the natural selection proposed by Charles Darwin, in a cycle that 9 

encloses the population initialization, crossovers between different members, mutations in 10 

some members to adapt to the environment, fitness to the environment and selection of the 11 

best, terminating the generation to initialize another [50]. All options for the MatLab® 12 

built-in function ga were kept as default except the maximum number of generations, set 13 

to 10000, and the maximum optimization time, set to 1200 seconds. 14 

The artificial neural networks were trained with two different methods in a series 15 

of 10 weights and biases optimization. The first method was a choice of the best (CTB) 16 

ANN model from the 10 optimizations considering the minimum Fobj obtained. The 17 

second method was a consecutive optimization of 10 weights and biases datasets, using 18 

the values estimated from the previous optimization to generate new ranges of ± 25% of 19 

the final value for each weight and bias from the previous optimization, updating 20 

Equation 1. At the end, the tenth optimization was automatically selected as the best. 21 

Considering all structures, training procedures and optimization methods, a total of 48 22 

ANN different models were built and evaluated. 23 

The objective function (Fobj) to be solved was a least squares function, with a 24 

sum of the normalized outputs as shown in Equation 4, 25 
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 1 

min 𝐹𝑜𝑏𝑗 = 
𝑜

𝑡
− 1                                                                                           (4)  2 

 3 

where m is the number of outputs, n is the number of experimental values for each output, 4 

ot are the ANN training output values and tt are the experimental targeted values for 5 

training.  6 

Also, θ = �⃗� ;  �⃗� , being �⃗� a vector with the network trained weights and �⃗� a 7 

vector with the network trained biases. The normalization of the output values of the 8 

model was necessary so that values with different units of measure could be added and 9 

the weights of the parameters in the overall error could be balanced. All optimization 10 

methods were used ten times, and the weights and biases from the best Fobj results were 11 

selected for error comparisons.   12 

 13 

2.5 Computational model error calculation 14 

The GT-Power models had their performance evaluated through the coefficient of 15 

determination (R²) and the root mean squared error (RMSE) for in-cylinder pressure and 16 

volume, along with some desired outputs. ANN models had their performance evaluated: 17 

graphically through Pearson’s coefficient of correlation (R) between outputs and targets 18 

and the RMSE of all outputs, for ANN structure comparison; and numerically through R² 19 

and the Sum of Squared Errors (SSE) percentage of the predicted values against the 20 

training and validation targeted points, to elucidate differences between ANNs structure, 21 

optimization methods and training procedure. Equations 5 to 8 show how R, R², RMSE 22 

and SSE were calculated, respectively: 23 

 24 
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𝑅 =
∑ 𝑡 − 𝑡̅ 𝑜 − �̅�

∑ 𝑡 − 𝑡̅ ∑ 𝑜 − �̅�
/

                                                                             (5) 1 

𝑅 = 1 −
∑ 𝑡 − 𝑜

∑ 𝑡 − 𝑡̅
                                                                                                   (6) 2 

𝑅𝑀𝑆𝐸 =  
1

𝑛
 (𝑡 − 𝑜 )                                                                                                   (7) 3 

𝑆𝑆𝐸 =  (𝑡 −  𝑜 )                                                                                                               (8) 4 

 5 

where n is the number of experimental values for each output, ot are the ANN training 6 

output values, ov are the ANN validation output values, tt are the experimental targeted 7 

values for training, 𝑡̅  is the experimental training average value, �̅�  is the training output 8 

average value and tv are the experimental targeted values for validation. 9 

 10 

3. Experimental setup 11 

The experimental setup is divided into three subsections: description of the SI 12 

engine and test cell; description of the ER experiments; and data analysis. 13 

 14 

3.1 SI engine and test cell description 15 

A Ricardo Hydra single cylinder camless research engine with port-fuel injection 16 

(PFI) was tested with anhydrous ethanol fuel with several negative valve overlap durations 17 

with load control via EIVC while using wide open throttle. Main engine characteristics 18 

are presented in Table 1. 19 

 20 

Table 1 – Main engine characteristics. 21 
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Engine model Ricardo Hydra Camless Two/Four-strokes 

Bore x Stroke 81.6 x 66.9 mm (B/S = 1.22) 

Swept volume 0.35 dm3 

Geometric compression ratio 11.8 : 1 

Max. in-cylinder pressure 90 bar 

Combustion chamber design Four valves pent-roof with central spark plug 

PFI injection system Twin spray Bosch EV 14 (3 bar rel.) 

Valve actuation Independent electro-hydraulic actuators 

 1 

The camless valve train system was composed by the individual valve hydraulic 2 

actuators, valve lift sensor for feedback, valve control unit and a 150 bar oil pump. The 3 

FVVT provided the capability of independent control of the four valves. For this reason, 4 

the engine was capable of operating in both two and four-stroke modes [24][51]. The spark 5 

and injection timings, as well as valve parameters, were controlled through a Ricardo 6 

rCube engine control unit (ECU). A diagram of the test cell equipment available in the test 7 

cell is presented in Figure 4. 8 

 9 

 10 

Figure 4 – Test cell schematics. 11 
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 1 

An alternate current dynamometer was used in both motor and absorbing power 2 

mode. Oil and coolant temperatures were monitored via a closed loop system integrated 3 

to the dyno control (CADET software). Oil and coolant temperatures were kept at 363 K 4 

± 2 K. Fuel mass flow rate was measured with an Endress+Hauser Promass 83A Coriolis 5 

meter. Fuel temperature was maintained at 298 K ± 5 K at an injection pressure of 3.5 ± 6 

0.2 bar (absolute). The in-cylinder pressure was measured by a Kistler 6061B piezoelectric 7 

pressure sensor. Intake and exhaust pressures were measured by Kistler piezoresistive 8 

absolute pressure sensors 4007BA20F and 4007BA5F, respectively. An encoder with 720 9 

pulses per revolution, directly connected to the crankshaft, was used to relate pressure data 10 

to crank angle. K-type thermocouples were used to collect average temperatures at 11 

relevant locations, such as inlet and exhaust manifolds, oil and coolant galleries, fuel rail, 12 

and valvetrain oil supply. An in-house high-speed data acquisition and combustion 13 

analysis system were used to monitor and record all parameters. 14 

 15 

3.2 Test description 16 

Several exhaust valve opening periods and timings were tested during the intake 17 

stroke to investigate the effect of the rebreathing on engine operation. Due to valve 18 

control limitations, only one exhaust valve could be actuated to open during the exhaust 19 

stroke, whereas the other exhaust was used to promote the ER. This incurred in exhaust 20 

gas backflow from the exhaust ports to the cylinder which increased residual gas trapping. 21 

A target valve lift of 3.0 mm was used in order to prevent valve to piston contact during 22 

tests. Other work performed at the same engine [22] investigated the impact of low valve 23 

lift compared to higher valve lifts, and it is known that engine performance could be 24 

enhanced while using a higher valve lift. On the other hand, as the present work 25 
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investigates engine operation only with target 3.0 mm valve lifts, it proposes a 1 

comparative performance analysis at a constant valve lift condition. Although the 2 

maximum lift target was 3.0 mm for both exhaust valves, the maximum valve lift was 3 

automatically reduced by the FVVA control system as a means to maintain the auxiliary 4 

exhaust valve opening and closure velocities constant when the rebreathing event 5 

duration was short. Thus, for the lowest load, target lift could not be achieved. Two 6 

different optimization approaches were used in an effort to simplify the tests: for low 7 

loads (2.0 and 3.1 bar IMEP), the rebreathing period was set (regarding its positioning) 8 

while intake valves were opened during the later phase of the intake event; for 4.5 bar 9 

IMEP until 9.0 bar IMEP, the end of the rebreathing period was set to occur near the BDC 10 

in order to provide IVC near the BDC to increase combustion temperature and provide 11 

higher effective compression ratio as possible. The supplementary material provides 12 

valve timing information for the tested strategies.  13 

The tests were taken at 1500 rpm with the stoichiometric air/fuel ratio for the loads 14 

of 2.0, 3.1, 4.5, 6.1, 7.5 and 9.0 bar IMEP (±5.0% IMEP). Spark timing was varied 15 

intending to achieve MBT operation and PFI timing was set to TDCfiring. The maximum 16 

spark advance was -45° ATDCfiring, before which the misfires started to happen.  17 

 18 

3.3 Data analysis 19 

Engine control parameters, such as intake and exhaust average pressure and 20 

temperature, spark timing, lambda, and inlet and exhaust valve opening and closing 21 

events, were monitored and controlled during the tests. Relevant output parameters, which 22 

were relevant from the engine calibration point of view and investigated in this study, 23 

were: net indicated mean effective pressure (IMEP); pumping mean effective pressure 24 
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(PMEP) and air flow. The air flow was defined based on the fuel flow values to maintain 1 

a stoichiometric air-fuel ratio (λ=1).  2 

The calculation methodology for the efficiency related parameters was based on 3 

net IMEP, given by Equation 9: 4 

 5 

IMEP =
∫ 𝑝 𝑑𝑉

𝑉
=

𝑊 ,

𝑉
                                                                                                        (9) 6 

 7 

where 𝑊 ,  is the indicated work per cycle and 𝑉  is the swept volume per cylinder. The 8 

crank angle “zero” was defined as the top dead center. The net IMEP was used through 9 

the whole work to compare engine operating load. 10 

The pumping work was also considered due to the intrinsic nature of the ER 11 

strategy with the intake and exhaust valves. Therefore, PMEP is given by Equation 10: 12 

 13 

PMEP =
∫ 𝑝 𝑑𝑉

𝑉
=

𝑊 ,

𝑉
                                                                                                     (10) 14 

 15 

where Wp,i is the pumping work per cycle. 16 

 17 

4. Results 18 

The results section is divided into three subsections: the first shows the results for 19 

GT-Power validation for 110 experimental ER tests on the SI engine and the comparison 20 

between ctSI, Atkinson cycle and ER at MBT; the second compares the different artificial 21 

neural network models built to learn and reproduce the SI engine behavior from the 22 

experimental inputs and GT-Power outputs considering ER, engine load and spark timing 23 
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sweeps; the final subsection proposes a combined structure that can better represent the 1 

experimental process than any of the single ANN models built previously. 2 

 3 

4.1 GT-Power models validation 4 

Aiming to determine key operating parameters from the exhaust rebreathing 5 

strategy, the use of TPA models on the GT-Power environment was of fundamental 6 

importance. While net IMEP, PMEP and air flow could be determined experimentally, the 7 

burned mass percentage (BMP0) reinserted during ER and total mass trapped (TMT) 8 

during the operating cycle could only be obtained by analyzing each combustion process 9 

through TPA simulation. Furthermore, the average runner outlet temperature was also 10 

assessed as a means to determine the ER profiles based on the exhaust gases released. 11 

Figure 5 shows the GT-Power ER models validation in terms of Log P/Log(V/Vmax) at 12 

MBT engine conditions. Although only the MBT tests validation are shown, it should be 13 

highlighted that all 110 ER tests, 6 Atkinson cycle and 6 ctSI tests were validated similarly. 14 

 15 

 16 
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Figure 5 – GT-Power models validation Log P/Log(V/Vmax) for ER at MBT. 1 

 2 

TPA simulation adjustments had good accuracy, especially in the intermediate and 3 

high loads of the SI engine. At low engine loads, i.e. 2.1 and 3.1 bar IMEP, some models 4 

predicted higher values of in-cylinder pressure during the high-pressure cycle, causing a 5 

detachment that is visible in Figure 5 between measured and predicted curves. These 6 

differences, however, were low regarding absolute values. The errors between measured 7 

and GT-Power predicted values of Log P/Log(V/Vmax) can be seen in Table 2 for each 8 

engine load in terms of R² and RMSE. 9 

 10 

Table 2 – R² and RMSE average values between SI engine measured and GT-Power 11 

predicted data for Log P/Log(V/Vmax). 12 

Engine Load (bar) Number of Cases R² RMSE 

2.1 12 0.9648 0.0912 

3.1 40 0.9547 0.1079 

4.5 31 0.9830 0.0795 

6 13 0.9893 0.0575 

7.5 10 0.9893 0.0532 

9.1 4 0.9881 0.0557 

 13 

As previously stated, 2.1 and 3.1 bar loads showed the greatest differences 14 

between measured and predicted values, a fact corroborated by the average error values 15 

in Table 2. Nevertheless, all average values of R² were above 0.95, showing good 16 

correlation between the evaluated cycles, but warning that some curves may not have 17 

achieved excellent fit. RMSE results, in the same way, showed that lower engine loads 18 
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were the ones with more adjustment errors in the models, whereas intermediate and high 1 

load models adequately represented the SI engine in all cases tested. 2 

It is also important to evaluate the models in terms of some desired outputs. Net 3 

IMEP, PMEP and air flow are three of the adjustment parameters considered by the TPA 4 

models and also three of the outputs to be evaluated by the ANN models. Good 5 

adjustments between measured and GT-Power predicted values are essential to ensure 6 

that the other outputs trained by the ANN models are reliable and correctly represent the 7 

exhaust rebreathe process. Figure 6 shows the GT-Power validation and RMSE value for 8 

net IMEP, PMEP and air flow for all 110 experimental tests performed. Although 9 

uncategorized by different engine load, net IMEP results present the SI engine load sweep 10 

made during the experiments. 11 

 12 

 13 

Figure 6 – GT-Power models validation and RMSE for IMEP, PMEP and air flow. 14 
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 1 

The outputs in Figure 6 show a good fit between measured and GT-Power 2 

predicted values. Net IMEP obtained through TPA simulation closely followed 3 

experimental values, with no trend deviation and low RMSE. PMEP predicted values 4 

considered, in almost all cases, more pumping losses than the actual experimental losses. 5 

However, PMEP value ranges are considerably smaller than the other two outputs, 6 

therefore leading to the lowest RMSE value. The absolute error for PMEP was higher for 7 

some 3.1 and 4.5 bar IMEP cases, with maximum variation of -0.5 bar. Air flow validation 8 

also presented good fit between measured and predicted values, with more prominent 9 

variations in some 3.1, 4.5 and 7.5 bar loads and low overall RMSE. 10 

Figure 7 shows the comparison between the ctSI valve strategy (Otto cycle), the 11 

standard Atkinson cycle and the Atkinson cycle with ER valve strategy results for 12 

indicated efficiency and in-cylinder peak temperature for the SI engine TPA simulations 13 

considering the MBT experimental tests. 14 

 15 

 16 

Figure 7 – GT-Power models predicted indicated efficiency and maximum in-cylinder 17 

temperature at MBT conditions for ctSI, Atkinson cycle and ER. 18 
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 1 

The ER valve strategy obtained better results for SI engine indicated efficiency 2 

along all tested loads, except at 9.1 bar, where the Atkinson cycle was slightly more 3 

efficient. As seen in Figure 7, there was an evident improvement in engine efficiency 4 

using ER and Atkinson cycle valve strategies in comparison to ctSI especially due to 5 

reduced pumping losses when using WOT and EIVC load control strategies. As expected, 6 

the in-cylinder peak temperature was lower for ER in almost all engine loads because of 7 

charge dilution. These results show that, especially for lower engine loads, the ER valve 8 

strategy with the use of ethanol was more efficient than a standard Atkinson cycle, while 9 

it would also lead to reduced NOX emissions due to lower temperatures during 10 

combustion [23] [52-54]. 11 

With the set of results obtained for the validation of GT-Power models for ER 12 

experiments, it is possible to state that the outputs are reliable for training and validation 13 

by artificial neural networks, with low expected errors between simulated and 14 

experimental values.  15 

 16 

4.2 ANN models training and validation performance 17 

After validating the GT-Power simulations and obtaining the complete set of 18 

outputs to be trained by the ANNs, these models were built and evaluated in terms of 19 

parameter consistency, i.e. if the ANN number of weights and biases is large enough to 20 

represent the SI engine operating conditions and small enough to both respect the model 21 

degrees of freedom and avoid data overfitting. According to Equation 3, the degrees of 22 

freedom for a given ANN model should help determine if the total number of parameters 23 

estimated by the model could affect data overfitting. The closer DF is to zero, the ANN 24 

model is expected to obtain better results for data training and worse results for data 25 



28 
 

validation, due to overfitting and poor generalization. On the other hand, if DF is too high, 1 

the model might be short of sufficient parameters to learn and reproduce the non-linear 2 

dependence between inputs and outputs [55-56]. NTr is equal to 913, the total input points 3 

for training. 4 

Table 3 shows a comparison between all ANN structures built in the matter of 5 

degrees of freedom, highlighting that the total number of parameters (NP) is equal to the 6 

sum of all weights and biases of a given ANN. 7 

 8 

Table 3 – Degrees of freedom for each ANN model structure. 9 

ANN Hidden Layers Structure NP DF = NTr - NP 

10 186 727 

20 366 547 

30 546 367 

40 726 187 

[20 20] 692 221 

[30 10] 736 177 

[15 20 10] 776 137 

[20 15 15] 891 22 

 10 

As shown in Table 3, the more complex the network structure, less degrees of 11 

freedom would be available for the model. Even though it is not a determining quantitative 12 

factor on the level of overfitting of each ANN model, the DF value may indicate a model 13 

possible tendency to overfit on training data and perform poorly with validation data. In 14 

this case, among the network structures considered, it might be expected that those with 15 

very high degrees of freedom, i.e. above 500, may have a limited adjustment capacity 16 
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owing to the small number of available parameters, while values below 100 probably lead 1 

to training data overfitting. All structures, however, show positive and statistically valid 2 

DF values. Following, more quantitative criteria are used to choose the best ANN model 3 

for the case study. 4 

 5 

4.2.1 ANN grid search and model elimination 6 

The first procedure after determining the degrees of freedom of the models and the 7 

possible occurrence of overfit on training data is to analyze all 48 ANN models with a 8 

quantitative metric for errors. The RMSE was chosen as metric to perform this grid search 9 

and eliminate the models that presented greater error values in the set of output variables. 10 

Along with the weights and biases parameters tuning, the grid search acts as a 11 

hyperparameter optimization by analyzing the number of nodes and hidden layers of each 12 

structure, discarding the ones with higher training and validation errors [57]. It is not 13 

necessary to individually analyze each output in this initial grid search analysis, which is 14 

why a global RMSE value is considered for each structure. 15 

Figure 8 shows the RMSE value for all 8 ANN structures tested for both training 16 

and validation performance with the CTB training procedure. A red line was drawn on the 17 

bar graph as a limiting value, where any structure with RMSE above the line was discarded. 18 

 19 

 20 
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Figure 8 – Grid search between PSO, SA and GA for all ANN structures tested in the 1 

selection of the best (CTB) training procedure. 2 

 3 

In this first assessment considering the CTB training procedure, no ANN model 4 

with simulated annealing optimization obtained RMSE lower than 20 for both training 5 

and validation. Among the models with PSO optimization method, structures with a 6 

positive first outcome were: one hidden layer with 10 nodes, one hidden layer with 40 7 

nodes, two hidden layers with [20 20] nodes, two hidden layers with [30 10] nodes and 8 

three hidden layers with [15 20 10] nodes. For optimization with GA method, the selected 9 

ANNs were: one hidden layer with 20 nodes, one hidden layer with 30 nodes and two 10 

hidden layers with [20 20] nodes. 11 

 In most cases, network structures with the lowest errors showed similar RMSE 12 

values between training and validation, indicating that the selected structures had no 13 

problem of overfitting the training data. 14 

Figure 9 shows the RMSE value for all 8 ANN structures tested for both training 15 

and validation performance with the consecutive optimization training procedure. 16 

 17 

 18 

Figure 9 – Grid search between PSO, SA and GA for all ANN structures tested in the 19 

consecutive optimization training procedure. 20 

 21 
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In this training procedure, there was a greater disparity between the RMSE values 1 

for training and validation. With the consecutive optimization of weights and biases, the 2 

early stopping strategy is given up and the validation error values tend to be higher than 3 

the ones for training due to a higher chance of overfitting. Even so, the strategy was able 4 

to obtain relevant RMSE results for some models. PSO method obtained satisfactory 5 

results for: one hidden layer with 10 nodes, one hidden layer with 20 nodes and one hidden 6 

layer with 40 nodes. GA method selected models were: one hidden layer with 10 nodes, 7 

one hidden layer with 30 nodes, one hidden layer with 40 nodes, three hidden layers with 8 

[15 20 10] nodes and three hidden layers with [20 15 15] nodes. All network structures 9 

with SA optimization method had RMSE values above the limit and were, therefore, 10 

discarded. 11 

With all simulated annealing models discarded, a first analysis shows that this 12 

optimization method did not perform satisfactorily with the options used and proved to be 13 

inferior to PSO and GA in this case study. The ANN models with the selected structures 14 

then proceeded to a more thorough investigation of the errors and capacity to predict SI 15 

engine performance when operating with exhaust gas rebreathing. 16 

 17 

4.2.2 Best ANN structure and optimization method for each training type 18 

The selection of the best ANN structure and the best optimization method involves 19 

the individual analysis of each output. For the model to be considered suitable for 20 

representing the engine, the accuracy of all outputs, or at least the majority, must be high. 21 

For this evaluation, each output will have its error evaluated in terms of R² and SSE. 22 

Of the various structures selected for further evaluation of the CTB and 23 

consecutive training procedures, as well as the PSO and GA optimization methods, only 24 

two will be shown in the sequence. This choice is due to the impracticality of showing all 25 
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results for 16 structures. With that, the best structures of each training procedure were 1 

chosen and their error results are shown in Table 4. 2 

 3 

Table 4 – R2 and SSE values for the best ANN structures considering training procedure 4 

and optimization method. 5 

Error Measure R² SSE 

Training Procedure CTB Consecutive CTB Consecutive 

Opt. Method PSO PSO PSO PSO 

ANN Structure [30 10] 10 [30 10] 10 

IMEP 
Training 0.9982 0.9967 0.48 0.88 

Validation 0.9701 0.9906 3.02 0.96 

PMEP 
Training 0.9487 0.9345 0.03 0.03 

Validation 0.8678 0.8943 0.03 0.02 

 Air Flow 
Training 0.9952 0.9971 1123 684 

Validation 0.9680 0.9950 3581 555 

TMT 
Training 0.9936 0.9951 2444 1842 

Validation 0.9747 0.9898 3624 2127 

BMP0 

Training 0.9618 0.9652 122 111 

Validation 0.9236 0.8239 83 213 

ART 
Training 0.5918 0.7002 58532 42296 

Validation 0.6644 0.7665 13355 11932 

 6 

Error evaluation by R² and SSE are complementary in the analysis of the ANN 7 

structures of each training procedure. While R² value shows whether the outputs of the 8 

model have good precision compared to the experimental targets, the SSE is able to 9 
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quantify more properly if the model incurs in high predicted errors. Both training 1 

procedures achieved better results using PSO method compared to GA. The stochastic 2 

PSO method had already shown better estimation results for ANN weights and biases in a 3 

previous study by the authors compared to traditional deterministic methods, such as 4 

Levenberg-Marquardt [29]. 5 

Regarding the values of R² and SSE, the best ANN with the CTB training procedure 6 

was the [30 10] hidden layers structure. There was no overfitting of the training data, and 7 

the precision achieved by four of the six outputs of the model was satisfactory. Net IMEP, 8 

air flow, total mass trapped and burned mass percentage at combustion start achieved high 9 

R² results for both training and validation, whilst SSE values were relatively low for trained 10 

and validated results. One should notice that SSE order of magnitude will vary according 11 

to the output values order of magnitude. Thus, outputs such as air flow will in general have 12 

a greater magnitude of error than PMEP values. When analyzed together with the R² 13 

values, however, the SSE values show that the only output with high predicted errors was 14 

the average runner temperature, while PMEP had low precision in the validation results, 15 

although the error order of magnitude was low. PMEP and average runner temperature 16 

higher scattering are illustrated in Figure 10. 17 

 18 

 19 

Figure 10 – PMEP and average runner temperature (ART) training and validation error. 20 
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 1 

The best structure of the consecutive training procedure was the 10-nodes single 2 

hidden layer. Consecutive training of the same set of weights and biases causes the 3 

possibility of overfitting to increase considerably and impair the results of validation of 4 

ANN structures with greater complexity, as already indicated in Figure 9. R² results of the 5 

10-node PSO structure were satisfactory for net IMEP, air flow and total mass trapped, 6 

with low SSE values and good generalization. However, PMEP, burned mass fraction at 7 

combustion start and average runner temperature outputs had poor validation values. In 8 

comparison to the CTB procedure, PMEP values of the consecutive procedure were 9 

considerably less accurate for validation and BMP0 output had overfit on training data, 10 

with poor generalization for the validation set. 11 

In the comparison between the two training procedures, the CTB procedure 12 

obtained the best results due to a better generalization achieved in the adjustment of 13 

weights and biases. With the possibility of using a more complex ANN structure such as 14 

the [30 10] hidden layers without the occurrence of overfitting, it was possible to train the 15 

model so that the non-linearities of the exhaust rebreathing process were more efficiently 16 

represented. Even so, this structure constituted an ANN model where only four out of six 17 

outputs obtained optimal predictions, reaching insufficient accuracy values for PMEP and 18 

average runner temperature. In an attempt to obtain better results for these two variables, 19 

an alternative model was tested. 20 

 21 

4.3 ANN combined structure final model 22 

As shown in Figures 8 and 9, a large number of structures were tested for a single 23 

model, with different orders of complexity. Even the structures with the largest number of 24 

parameters were not able to adjust the weights and biases so that all outputs obtained 25 
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optimal validation results, indicating that the number of parameters was not the limiting 1 

factor of the model performance. In addition, an extensive search for a single ANN model 2 

with other combination of number of nodes or number of hidden layers would lead to 3 

increasingly higher computational cost. A simple alternative for obtaining an ANN 4 

structure capable of accurately predicting all six outputs of interest is to combine two 5 

different models, with different sets of weights and biases. 6 

To create this combined model, only the data from PMEP and average runner 7 

temperature outputs were separated for further training of simpler ANN structures, while 8 

the ANN-PSO [30 10] structure was used to predict the already validated outputs. Three 9 

different structures were tested with the CTB training procedure and particle swarm 10 

optimization: one hidden layer with 5, 10 and 15 nodes. Table 5 shows the R² and SSE for 11 

these three complementary ANN structures. 12 

 13 

Table 5 – R2 and SSE values for the best complementary ANN structure for PMEP and 14 

average runner temperature (ART) prediction. 15 

Error Measure R² SSE 

ANN Structure 5 10 15 5 10 15 

PMEP 
Training 0.9556 0.9935 0.9909 0.03 0.01 0.01 

Validation 0.873 0.8927 0.6177 0.03 0.02 0.10 

ART 
Training 0.6842 0.8656 0.8578 44686 18921 20028 

Validation 0.8265 0.8321 0.5993 6452 7411 22227 

 16 

The structure with the best R² and SSE results for predicting PMEP and average 17 

runner temperature outputs, considering both training and validation, was the 10-nodes 18 
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hidden layer. Although the 5-nodes structure obtained better SSE result for average runner 1 

temperature validation, SSE training values indicated high predicted errors.  2 

When combining the initial ANN-PSO [30 10] with the complementary results of 3 

ANN-PSO 10 for PMEP and average runner temperature, the outputs correlation to the 4 

experimental targets are shown in Figure 11. 5 

  6 

Figure 11 – Combined ANN-PSO [30 10] and ANN-PSO 10 model training and 7 

validation outputs and experimental targets. 8 

 9 
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The combined ANN structure obtained results with high R² and low SSE for all 1 

outputs, as shown in Tables 4 and 5, with a low overall variance and good precision, 2 

reaching a final validated model for the prediction of the ER operation in a SI engine 3 

fueled with ethanol. For a wide applicability, it is important that the ANN model has been 4 

trained with as many SI engine operating conditions as possible to allow an accurate design 5 

of the ER valve strategy. 6 

The schematics of the resulting ANN structure with 11 inputs and 6 outputs is 7 

shown in Figure 12, with two hidden layers with 30 and 10 nodes, respectively, for IMEP, 8 

air flow, total mass trapped and burned mass fraction at combustion start outputs, and a 9 

10-nodes hidden layer for PMEP and average runner temperature prediction. 10 

 11 

Figure 12 – Combined ANN-PSO model for Exhaust Rebreathing outputs prediction. 12 

 13 



38 
 

As seen in Figure 12, the combined structure uses the same input values to predict 1 

six outputs, four of them from the [30 10] nodes hidden layers and two from the 10 nodes 2 

hidden layer, with two different sets of weights and biases. Still, the use of structures with 3 

multiple inputs and multiple outputs (MIMO) in general achieves better performance and 4 

demands less computational cost in model development than the alternative of several 5 

multiple inputs and single output (MISO) models. Even more than that, training the 6 

network structure with more than one output can help the ANN model to learn different 7 

characteristics of the process, such as outputs interdependency, and reduce the probability 8 

of overfitting [58]. More specifically, if one output is directly related to another, such as 9 

the total mass trapped and the burned mass percentage at combustion start, the ANN 10 

learning process will be facilitated by solving these variables together, adjusting weight 11 

values that are more likely to accurately predict new data (validation/testing), an 12 

advantage over a MISO framework. 13 

Thus, the ANN combined model could accurately predict some of the combustion 14 

process outputs in an Atkinson cycle spark ignited engine operating with a complex valve 15 

strategy such as exhaust rebreathing, what would be more difficult and mathematically 16 

challenging through a phenomenological or semi-empirical model. After learning the 17 

nonlinear relationships between inputs and outputs, one possible application of the ANN 18 

model would be real-time SI engine calibration, determining quantities such as the burned 19 

mass trapped inside the cylinder and residual gas fractions in the exhaust with variables 20 

of easy measurement, such as spark timing and valves opening and closing times. In 21 

addition, once trained and validated, the ANN model needs no additional TPA 22 

simulations from GT-Power or any other software used to create the model, simplifying 23 

the engine testing process. 24 

 25 
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5. Conclusion 1 

The case study explored the use of ANN to predict ethanol fueled engine operating 2 

parameters when using exhaust rebreathing valve strategy in an Atkinson cycle SI engine 3 

enabled via EIVC load control.  Computational engine modeling in 1D engine gas 4 

dynamics software was performed in order to build an ANN model that facilitates engine 5 

performance prediction, providing a tool for future engine calibration processes using ER. 6 

With a focus on obtaining the desired outputs that represent the ER process, a set of 110 7 

tests were validated through TPA simulations in the GT-Power software. Afterwards, 8 

different ANN structures were trained and tested in the Matlab® environment, and the 9 

best model was obtained considering the lowest errors between predicted values and 10 

experimental targets, as well as no data overfitting and good generalization of the outputs. 11 

The main results were as follows: 12 

 By imposing valve profiles, in-cylinder pressure and other experimental 13 

conditions, all 110 GT-Power models were validated for different ER 14 

conditions tested by the experimental SI engine; 15 

 When comparing TPA results at MBT, ER tests had higher indicated 16 

efficiency than ctSI and standard Atkinson cycle from 2.1 to 7.5 bar IMEP 17 

and lower combustion temperature;  18 

 Degrees of freedom and grid search evaluations were efficient methods to 19 

select ANN structures with better generalization, lower overfitting 20 

probability and lower RMSE values; 21 

 Particle Swarm optimization method presented the best overall 22 

performance for ANN weights and biases estimation, followed by Genetic 23 

Algorithm, while Simulated Annealing had the worst results; 24 
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 The CTB training procedure with the ANN-PSO [30 10] nodes was the best 1 

single structure model, with good accuracy to predict net IMEP, air flow, 2 

TMT and BMP0 with validation R² value above 0.92; 3 

 A combined ANN structure was the best overall model to predict the six 4 

desired outputs, with a complementary 10-nodes hidden layer to predict 5 

PMEP and ART with enhanced accuracy; 6 

 7 
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