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Resumo

Os estimadores de estado, ou observadores, sdo técnicas que reconstroem os estados
de um modelo dinamico a partir das medidas de entrada e saida do sistema. Eles podem
ser baseados na teoria probabilistica (proposto por Kalman), que considera ruidos no
modelo ou na teoria deterministica (introduzida por Luenberger) sem a presenca de ruidos.
Embora, na sua génese, o controle “moderno” tenha motivado o surgimento dessas
técnicas em 1960, os estimadores de estado sdao hoje em dia aplicados também em
reconciliacdo de dados, analisadores virtuais, estimacdo de parametros, gémeos digitais e
deteccdo de falhas. Por isso, esta tese aborda um estudo sobre filtros de Kalman e suas
aplicagdes focado, principalmente, no uso de janela robusta suavizante. As principais
contribuicdes do trabalho sdo: (1) revisao bibliografica histdrica dos estimadores de estado,
abordando suas principais interligacdes e caracteristicas, incluindo uma motivagao pratica
de suas utilizagGes; (2) avaliacdo de cinco metodologias de filtro de Kalman (estendido -
EKF, estendido com restricdes - CEKF, formulacdo curta do estendido com restricdes —
CEKF2, estendido com restri¢des e suavizado - CEKFS, sem rastro - UKF, e de cubatura — CKF
implementadas a dados industriais, mostrando a sua capacidade de aplicagdo em casos
reais, sendo eles, na producdo de petrdleo offshore e em uma rede de trocadores de calor;
(3) proposta de técnica de estimacdo de bias em casos em que o estimador ndo linear
retorna resultados insatisfatérios; (4) avaliacdo de trés métodos de estimadores de estado
com horizonte mével para estimacdo simultanea de estados e parametros (estimacdo do
horizonte mével - MHE, com horizonte retrocedido - RNK, e robusto com horizonte
retrocedido - RRNK); e (5) apresentacdo de formulacdo robusta e simples para problema
de otimizacdo do RNK e RRNK utilizando programacdo quadratica. De modo geral os filtros
de Kalman ndo-lineares (UKF e CKF) retornam melhores resultados para os dados
industriais quando o modelo esta bem ajustado. No entanto, eles possuem elevado custo
computacional e desempenho insatisfatorio para modelos mal ajustados, enquanto os
filtros estendidos ndo apresentam essas desvantagens. Por isso, utilizando técnica simples
da estimacdo de bias como uma variavel através de técnica de estado aumentado, o filtro
de Kalman sem rastro e de cubatura se mostraram mais acurados, mesmo em um cenario
de ajuste inadequado do modelo. Para a estimacdo simultanea de estados e parametros, o
RRNK exibiu as suas vantagens na reducdo de erros de modelagem, retornando parametros
mais suavizados. Nesse sentido, a reformulacdo dos problemas de otimizacdo do RNK e
RRNK em uma formulacao de programacao quadratica simples e robusta obteve um custo
computacional nove vezes menor que o MHE.

Palavras-chave: Estimadores de estado, observadores, filtro de Kalman, estimacdo de
parametros.






Abstract

State estimators, or observers, are techniques that reconstruct the states of a
dynamical model from the input and output measures of the system. They can be based on
the probabilistic theory (proposed by Kalman), which considers noise in the model, or on
the deterministic theory (introduced by Luenberger) without the presence of noise.
Although in its genesis, “modern” control motivated the emergence of these techniques in
1960, state estimators are nowadays also applied in data reconciliation, virtual analyzers,
parameter estimation, digital twins, and fault detection. For this reason, this thesis
addresses a study on Kalman filters and their applications, focused mainly on the use of a
robust softening window. The main contributions of the work are: (1) historical
bibliographic review of state estimators, addressing their main interconnections and
characteristics, including a practical motivation for their uses; (2) evaluation of five Kalman
filter methodologies (extended — EKF, constrained extended — CEKF, short formulation of
the constrained extended — CEKF2, constrained extended and smoother — CEKFS,
unscented — UKF, cubature — CKF) implemented to industrial data, showing their ability to
be applied in real cases, namely in offshore oil production and in a heat exchanger network;
(3) proposal of bias estimation technique in cases where the nonlinear estimator returns
unsatisfactory results; (4) evaluation of three methods of state estimators with moving
window for simultaneous state and parameter estimation (moving horizon horizon — MHE,
receding nonlinear Kalman filter — RNK, and robust receding nonlinear Kalman filter —
RRNK), and (5) presentation of robust and simple formulation for RNK and RRNK
optimization problem using quadratic programming. In general, non-linear Kalman filters
(UKF and CKF) return better results for industrial data when the model is well adjusted.
However, they have high computational costs and poor performance for poorly adjusted
models, while extended filters do not present these disadvantages. Therefore, using a
simple bias estimation technique as a variable using an increased state technique, the
unscented and cubature Kalman filter proved to be more accurate, even in a scenario of
inadequate model adjustment. For the simultaneous state and parameter estimation, the
RRNK showed its advantages in reducing modeling errors, returning more smoothed
parameters. In this sense, the RNK and RRNK optimization problems’ reformulation in a
robust and straightforwards quadratic programming formulation obtained a computational
cost nine times smaller than the MHE.

Keywords: State estimators, observers, Kalman filter, parameter estimation.
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Capitulo 1 - Introdugao

Os estimadores de estado estimam os estados de um modelo dinamico através das
medidas das entradas e saidas disponiveis, podendo ser utilizados em reconciliagdo de
dados, analisadores virtuais, controle avancado, estimacdao de parametros, gémeos
digitais e deteccdo de falhas. Este capitulo aborda as motivagGes, objetivos,
contribuicGes e estrutura do trabalho, finalizando com a apresenta¢do da produgao
cientifica desenvolvida durante o projeto.

1.1 Motivacgao

Apesar das técnicas de estimadores de estado terem surgido em meados dos anos 1960
com mais forca devido ao controle moderno, existem muitas outras aplicagdes Uteis para
essas metodologias, tais como reconciliacao de dados, analisadores virtuais, estimacao de
parametros, gémeos digitais e deteccdao de falhas. Por isso, o objetivo dessa secdo é
demonstrar a relevancia dessas técnicas em exemplos simples de aplicacdo no estudo de
caso classico dos quatro tanques esféricos proposto inicialmente por Escobar e Trierweiler
(2013), conforme Figura 1.1.
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(1-x2).F2
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Figura 1.1: Esquema da planta de quatro tanques esféricos (adaptado de Santos (2016)).

Esse sistema possui como varidveis de estado os niveis dos quatro tanques (hq, h,, h3
e h,), como varidveis de entrada as vazdes de alimentacdo (F; e F,) e a abertura das
valvulas de distribuicdo direta aos tanques 1 e 2 (x; e x,). D; representa o diametro do
tanque i e R; representa o coeficiente de descarga do tanque i. A modelagem
fenomenoldgica dessa unidade advém do balanco de massa em cada tanque, conforme as
seguintes equagdes:

dhy x1F1+R3\/h—3—R1\/h_1 (1 1)
dt - T[hl(Dl—hl) ’
dhy _ x2F3+Ra[ha=Ra\[ha (1.2)
dt - T[hz(Dz—hz) ’
dhs _ (1-x3)F;—Rs\/hs (1.3)
dt 7Th3(D3—h3) ’
% — (1_x1)F1_R4-\/h_4- (1 4)

dt 7Th4,(D4,—h4,)
Esse estudo de caso pode ser aplicado em:

e Reconciliagdo de dados: neste caso, se as medigdes de todos os estados
estiverem disponiveis, é possivel obter os dados filtrados de hy, h,, h; e h, pelo
estimador de estados através da reconciliacdo dos valores da predicdo do
modelo e das medidas experimentais.

e Analisadores virtuais: supondo que apenas as medi¢des de h; e h, estejam
disponiveis e que h; e h, sejam as varidveis desejadas, poderia ser feita a
medicdo manual desses niveis, o que resultaria em poucos pontos e atrasos
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entre os tempos de amostragem. Com o analisador virtual, seria possivel inferir
as variaveis h; e h, através de estimadores de estado, que fornecem
informacgdes online sobre as varidveis ndo-medidas.

e Retroalimentagao em controladores preditivos multivariaveis : considerando
o caso do analisador virtual, onde os estados h; e h, seriam as varidveis
desejadas em termos de controle, a estimagao dessa varidvel possibilitaria o
controle retroalimentado das varidveis de estado desse sistema, permitindo a
operagao robusta do sistema de controle em varias taxas amostrais da medida.
Mesmo nos casos em que as varidveis de interesse sejam as medidas, os
estimadores de estado consistem em uma alternativa para se fazer a
retroalimentacdo em controladores preditivos multivariaveis.

e Estimagdo de parametros: quando o valor de algum dos coeficientes de
descarga R; dos tanques ndo ¢é conhecido, é possivel estima-lo
simultaneamente com os estados do modelo utilizando estimadores de estado.
Isso possibilita a estimacdo dos parametros desconhecidos ou incertos do
modelo para aumentar a sua fidelidade.

e Gémeos digitais: usando um modelo simples do sistema de quatro tanques
como copia digital do sistema fisico real, é possivel melhorar seus resultados
através da reconciliagdo do modelo e dos dados reais da planta. Isso permite
realizar varios testes na cépia digital, tais otimizar pontos de operacao, reduzir
custos de energia e testar a capacidade de adaptagao do processo, prever
falhas, entre outros.

e Deteccdo de falhas: através da estimagdo online da altura do tanque h, com
estimador de estados, por exemplo, é possivel detectar possiveis mudangas
significativas nessa variavel, que indicariam a presenca de falhas.

No entanto, é necessdario analisar critérios de observabilidade do sistema a fim de
garantir que é possivel obter valores atuais de alguns estados através de outras variaveis
medidas. Isso acontece porque é necessario estabelecer o nimero minimo de medig¢des
gue, combinadas com o modelo matematico, possam garantir a sua observabilidade
(SALAU, 2009). Uma forma simples de fazer avaliar esse critério, é utilizar o procedimento
de célculo proposto por Popov-Belevitch-Hautus (1969).

1.2 Motivacao para utilizagao de estimadores de estado com
janela robusta suavizante

A utilizacdo de janelas moéveis em filtros de Kalman foi proposta por Jazwinski (1968),
uma vez que o filtro de Kalman estendido apresentava desempenhos ruins ou divergia
devido a erros de modelagem e computacionais. A ideia dessa técnica é, na estimacao do
vetor de estados, utilizar um nimero finito de amostras passadas medidas, onde a amostra
mais antiga é descartada quando uma nova amostra se torna disponivel. Por isso, a janela
deslizante reduz os efeitos de amostras antigas na filtragem e melhora a precisao da
estimativa (HUANG et al., 2019).

Além disso, estimadores de estado com janelas mdveis sdo alternativas interessantes
para aplicacdo em estudos de caso industriais com a presenca de ruidos e valores espurios.
Para a suavizacdo dos estados estimados, por exemplo, é necessaria uma janela de dados,



4 Introdugao

ja que para aplicacdo dessa técnica sao utilizados valores futuros das amostras. Além disso,
a adicdo de robustez a esse problema reduz o efeito dos outliers, cujas vantagens sdo
destacadas ainda mais na utilizacdo de janelas deslizantes.

1.3 Objetivos

O presente trabalho tem como objetivo geral o estudo e o desenvolvimento de filtros
de Kalman com janela robusta suavizante e suas aplicagdes. Os objetivos especificos sdo:

1. Revisar a literatura sobre métodos de estimadores de estado;

2. Avaliar métodos de filtros de Kalman a dados provenientes da industria;

3. Avaliar métodos de estimadores de estado com janela mével para estimacdo
simultanea de estados e parametros;

4. Propor técnica para melhoria dos resultados de estimador ndo-linear quando
modelo n3o esta bem ajustado;

5. Apresentar forma robusta e simples para problema de otimizacdo de otimizacdo de
estimadores de estado com janela mdvel utilizando programagao quadratica.

1.4 Contribuicdes

Tém-se como contribuices do trabalho:

= CONT1: Revisdo de métodos de estimadores de estado;
= CONT2: Avaliacdo de técnicas de filtro de Kalman a dados industriais;

= CONT3: Proposta de técnica de estimacdo de bias para casos em que o
estimador ndo linear retorna resultados insatisfatorios;

= CONT4: Mostrar a relevancia da utilizacdo de estimadores de estados com
janelas méveis para a estimacdo simultanea de estados e parametros;

= CONTS5: Apresentacdo de formulacdo robusta e simples para problema de
otimizacdo de estimadores de estado com janela modvel utilizando
programacao quadratica.

1.5 Estrutura

O presente trabalho é estruturado em 7 capitulos, sendo que neste é apresentada uma
motivacdo que aborda a implementacdo pratica dos estimadores de estado, os objetivos,
contribuicGes e estrutura do trabalho, além da producao cientifica desenvolvida durante o
projeto.

O Capitulo 2 apresenta uma breve revisdo bibliografica sobre os métodos de estimacao
de estado em seu aspecto histdrico, suas interligacOes, principais caracteristicas e
equacionamento.

No Capitulo 3, cinco metodologias de filtros de Kalman sdo aplicadas a um estudo de
caso de producgdo de petrdleo offshore. O capitulo aponta a comparacao entre a aplicacdo
desses estimadores de estado em dados simulados e reais.

No Capitulo 4 é realizada uma aplicacdo de filtro de Kalman para estimacdo simultanea
de estados e pardmetros em uma rede de trocadores de calor industrial. O
desenvolvimento desse artigo é motivado pela consideracao de “pior cenario possivel” com
um modelo simplificado do sistema e poucos dados de planta.
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No Capitulo 5 é apresentada uma metodologia para remocao do “bias” presente na
estimacdo de modelos mal ajustados em filtros de Kalman nao-lineares. A técnica proposta
é baseada na estimacdo do bias como uma pardmetro utilizando metodologia de estados
aumentados.

O Capitulo 6 apresenta uma comparacdo entre estimadores de estado com janela
movel para estimacdo simultdnea de estados e parametros no estudo de caso que é a
motivacdo desse trabalho, os quatro tanques esféricos. O objetivo, também, é corrobar a
relevancia do uso de filtro de Kalman com horizontes méveis para a estimacdo simultanea
de estados e pardmetros em tempo real. Além disso, é proposta uma forma simples e
robusta para reescrever os filtros de Kalman com horizonte retrocedido utilizando
programacao quadratica.

O trabalho finaliza com as conclusGes e sugestdes para trabalhos futuros.

Um resumo grafico da relacdo entre os estimadores de estado utilizados nos principais
capitulos desta tese é mostrado na Figura 1.2.

DEKF
Revisdo bibliografica (cap. 2) 4
\ q CEKF/CEKF2

Comparison of Kalman-filter based approaches \\\“
for permanent downhole gauge estimation in 4\{\\ [ CEKFS
offshore oil production (cap.3) \ ‘

CONT1

CONT2

Fouling and operational monitoring of heat
CONT3 exchanger network by a state estimator

technique (cap.4) CKE

Bias estimation: a simple solution for the main
drawback of the nonlinear state estimators MHE
(cap. 5)

CONT5

RNK

Hints for the practical implementation of
moving window strategies for state estimators

(cap. 6) RRNK

Figura 1.2: Relagdo entre as contribuicdes e estimadores de estados aplicados nos
principais capitulos desta tese.

1.6 Produgdo cientifica e demais atividade

O desenvolvimento deste trabalho originou a produgao cientifica listada a seguir e as
demais atividades citadas.

1.6.1 Capitulos deste trabalho:

CAP3: APIO, A., FARENZENA, M., DAMBROS, J. W. V., and TRIERWEILER, J. O.; Capitulo
3 —Comparison of Kalman-filter based approaches for permanent downhole gauge
estimation in offshore oil production, publicado na Journal of Petroleum Science and
Engineering.
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CAP4: APIO, A., MARTINELLI, G. B., TRIERWEILER, L. F., FARENZENA, M., and
TRIERWEILER, J. O.; Capitulo 4 — Fouling and operational monitoring of heat exchanger
network by a state estimator technique, submetido para publicacdo na Industrial &
Engineering Chemistry Research.

CAP5: APIO, A., FARENZENA, M., and TRIERWEILER, J. O.; Capitulo 5 —Bias estimation:
a simple solution for the main drawback of the nonlinear state estimators, serd submetido
em revista a ser definida.

CAP6: APIO, A., TRIERWEILER, J. O., and FARENZENA, M.; Capitulo 6 —Hints for the
practical implementation of moving window strategies for state estimators, sera
submetido em revista a ser definida.

1.6.2 Trabalhos completos publicados em anais de congresso

CONG1: APIO, A.; DAMBROS, J. W. V.; DIEHL, F. C.; FARENZENA, M., e TRIERWEILER, J
O.; PDG Pressure Estimation in Offshore Oil Well: Extended Kalman Filter vs. Artificial
Neural Networks. IFAC-PAPERSONLINE, FAC-PAPERSONLINE, v. 52, p. 508-513, n. 2019.

CONG2: APIO, A.; DIEHL, F. C.; SANTOS, J. E. W, FARENZENA, M., e TRIERWEILER, J.; O.
Comparacdo entre filtros de Kalman para estimacdo da PDG na producdo de petrdleo
offshore. Este trabalho foi apresentado no XXII Congresso Brasileiro de Automatica, 2018,
em Jodo Pessoa.



Capitulo 2 — Revisao Bibliografica

Neste capitulo é apresentada uma breve revisdo bibliografica dos principais
estimadores de estado e observadores lineares, ndo lineares, estendidos e com janela
movel. Sdo apresentadas suas principais caracteristicas, cronologia e liga¢cdes entre si.
O capitulo finaliza com a formulacdo do estimador de estados mais relevante neste
trabalho: o filtro de Kalman.

2.1 Breve revisao historica

Enquanto as plantas modernas se tornavam mais e mais complexas devido a
guantidade de entradas e saidas, a teoria de controle classica com uma Unica entrada e
uma unica saida (SISO) foi se tornando ineficaz para sistemas com varias entradas e varias
saidas (MIMOQ). Em 1960, devido ao advento de computadores digitais, foi possivel a andlise
de sistemas complexos no dominio do tempo usando varidveis de estado, denominada
teoria de controle moderna. Essa metodologia foi desenvolvida para lidar com o aumento
da complexidade das plantas modernas e os rigorosos requisitos de precisao e custo em
aplica¢cGes militares, espaciais e industriais (OGATA, 2009). Por isso, nessa época, o controle
moderno serviu como motivacdo para o desenvolvimento das metodologias de estimacao
de estados.

Desde o comeco da revisdo bibliografica, é importante deixar claro os conceitos de
observador de estados e estimador de estados. Segundo Ogata (2009), o observador de
estados estima as varidveis de estado baseado na medida de suas saidas e varidveis
manipuladas. O estimador de estados possui essa mesma definicdo, embora o conceito
“observador” seja mais usado nas aplicacGes de controle. Friedland (2010) considera um
observador assintdtico como estimador de estados, e também explica que o filtro de
Kalman é um importante caso especial do observador de Luenberger.
Surpreendentemente, o conceito de observador para sistemas dindmicos foi introduzido
anos apos ao filtro de Kalman (KALMAN, 1960) por Luenberger (LUENBERGER, 1964). De
modo geral, apesar de a definicdo de “observador” ser um conceito mais geral, o seu uso
parece estar mais relacionado a abordagem deterministica de Luenberger. Enquanto o
filtro de Kalman é um caso especial do observador que considera variaveis estocasticas,
i.e., o ruido presente nas entradas e saidas do processo. Neste texto optou-se pela
definicdo de estimador de estados ao invés de observador como conceito generalizado de
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estimacdo de estados. Na Figura 2.1 é mostrado um esquema de como diferentes
estimadores de estado se interligam, onde a nomenclatura é apresentada na Tabela 2.1

Estimadores
de estado

Filtros de Kalman
Observadores
Filtro de particulas
Filtros de Kalman com
janela mavel

{2 Estimadores n3o-lineares

~—

Figura 2.1: Esquema de interligagao entre os estimadores de estado.

As contribuices para os estimadores de estado iniciaram muito antes da teoria de
controle moderno com Thomas Bayes (1701-1761), o qual introduziu a regra Bayesiana
para inferéncia estatistica que fornece a férmula basica para métodos de estimacao
Bayesiana. O estudo pioneiro que fornece um estado 6timo a partir de dados ruidosos foi
proposto por Carl Friedrich Gauss (1777-1855). Ele inventou o método de estimacao
minimos quadrados em 1795 e usou para estimacdo de problemas ndo-lineares. Mais
tarde, Andrei Markov (1856-1922) introduziu as teorias de processo de Markov e cadeia de
Markov, baseadas em métodos de probabilidade e estatisticos. Markov provou que a
distribuicdao de probabilidade dos estados pode ser calculada usando a distribuicdao atual
que contém efeitos de todos os eventos passados do sistema.

Norbert Wiener (1894-1962) introduziu o filtro de Wiener em 1949 para aplica¢des de
processamento de sinais. Esse filtro reduz o ruido presente em um sinal em comparacao
com a estimacgao de um sinal desejado sem ruido. Kolmogorov (1903-1987), juntamente a
Wiener, fez a fundagao das teorias de estimagao que foram usadas mais tarde para
desenvolver a teoria de predicao, filtragem e suavizagdao. As pesquisas em estimadores
otimos ficariam entdo conhecidas como o filtro Wiener-Kolmogorov, um predecessor do
filtro de Kalman (AFSHARI; GADSDEN; HABIBI, 2017).

Em 1960, com o advento do controle moderno, Rudolf Kalman, baseado nos trabalhos
de seus antecessores, introduziu uma nova abordagem para filtragem nao-linear e predicao
de problemas. O filtro de Kalman (KF) foi aplicado pela NASA no sistema de navegacdo da
missdo Apollo (BOGDANSKI; BEST, 2017) e rapidamente se tornou popular como o método
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mais pratico para estimagao de estados. Rudolf Kalman baseou a construgao desse
estimador de estados na teoria de probabilidade e considera disturbios estocasticos, onde
as varidveis sdo aleatérias (e.g., ruido de medida e processo sdo considerados). Esse filtro
usa um modelo dindmico linear e medidas sequenciais do sistema para fornecer estados
estimados 6timos na presenca de ruido Gaussiano. Embora o filtro de Kalman seja uma
representacdo alternativa do filtro de Wiener, a contribuicdo de Kalman foi vincular o
problema de estimacado de estados aos modelos de espaco de estado, além do conceito de
observabilidade (LEVINE, 2009). O KF combina as novas informagdes introduzidas pelas
medi¢des com informacgdes antigas incorporadas no estado anterior com a matriz de ganho
de Kalman, o qual equilibra a incerteza nas medigdes com a incerteza no modelo dinamico
(ALFRIEND et al., 2010). Portanto, a propagacdo do erro na matriz de covariancia P, a qual
estima as incertezas da predicdao dos estados, é o que fornece acuracidade ao filtro de
Kalman (SIMON, 2006). O diagrama de blocos de calculo para o filtro de Kalman pode ser
visualizado na Figura 2.2.

Ruido de
processo

"

Ganhodo P Residuo
filtro

Ruido de
medida

l

Modelo do
processo

Predicdo da
medida

v

Figura 2.2: Diagrama de blocos de calculo para o filtro de Kalman.

Paralelamente em 1964, LUENBERGER (1964) introduziu conceitos basicos de
observadores de estado (“Luenberger Observer” - LO). Essa metodologia reconstrdi o vetor
de estados a partir de observagdes das entradas e saidas do sistema, no qual o sistema
linear diminui sua complexidade a medida que o numero de saidas disponiveis aumenta. O
observador considera o modelo deterministico, no qual as varidveis sdo bem conhecidas,
i.e., nenhuma delas é aleatdria (GAO et al., 2013). Nesse caso ndo se tem a presenca de
ruidos de modelo e processo, que sdao considerados pelo filtro de Kalman. Para os
observadores, a matriz de ganho é computada offline para garantir estabilidade assintética
da estimacdo do erro (Ql; TAHA; WANG, 2018). O observador Luenberger genérico
apareceu quatro anos apods o filtro de Kalman, sendo um caso especial do LO — um
observador otimizado para a presenca de ruidos nas saidas e entradas do processo
(FRIEDLAND, 2010). Hoje, muitos observadores sdo simplesmente modificacGes e versdes
estendidas do observador classico proposto por Luenberger e o filtro de Kalman (MOHD
All et al., 2015).
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O observador de Luenberger estendido (“Extended Luenberger Observer” - ELO) foi
proposto em 1987 (ZEITZ, 1987), sendo uma versao ndo-linear do LO. Os observadores de
modo deslizante (“Sliding Mode Observer” - SMO) (WALCOTT; CORLESS; ZAK, 1987)
também surgiram em 1987 para sistemas altamente nao-lineares e incertos, com a
capacidade de gerar um movimento deslizante sobre o erro entre a saida medida da planta
e a saida do observador. Essa metodologia produz um conjunto de estimativas de estado
gue sdo precisamente proporcionais a saida real da planta. O observador geométrico
(“Geometric Observer” - GO) (BESTLE; ZEITZ, 1983) foi proposto em 1983, o qual pode ser
projetado por uma atribuicdo de autovalor com base na equacao diferencial linearizada do
erro do observador. A atribuicdo de autovalor refere-se as coordenadas da forma canonica
de observador do sistema ndo-linear. Essa metodologia pode ser aplicada a sistemas
altamente ndo-lineares e com incertezas. Os observadores de alto ganho (“High Order
Observer” - HGO) surgiram em 1991 (BORNARD; HAMMOURI, 1991) para sistemas nao-
lineares, onde as linearizagbes podem ser tratadas através de uma abordagem de alto
ganho. Um esquema das técnicas de estimacgdo de estados deterministicas e estocasticas é
exibido na Figura 2.3.

Técnicas de estimacdo de estados

|
' l

— Estimadores deterministicos Estimadores estocasticos —
) : . Nao- . ° . Nao-
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Método de minimos quadrados
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Figura 2.3: Esquema das técnicas de estimadores de estado deterministicas e
estocasticas, onde as linha tracejada vermelha representa a conexdo entre os
estimadores.

Como a versdo do KF é originalmente linear, a versdao para modelos ndo-lineares
lineariza todas as transformacdes nao-lineares em transformacdes lineares através do
calculo da Jacobiana (JAZWINSKI, A. H., 1970). Esse filtro, denominado filtro de Kalman
estendido (“Extended Kalman Filter” - EKF), é o algoritmo mais amplamente utilizado para
estimacdo de estados em sistemas nao-lineares. No entanto, o EKF pode ser dificil de
ajustar e frequentemente fornece estados nao confidveis se as ndo-linearidades do sistema
sdo severas. Isso acontece porque o EKF depende da linearizagdo para propagar a média e
a covariancia do estado. Nesse quesito, o filtro de Kalman sem rastro (“Unscented Kalman
Filter” - UKF), proposto em 1997, ndo requer linearizacdes para nenhuma de suas func¢des
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ndo lineares: a distribuicdo dos estados é especificada usando pontos de amostra
cuidadosamente selecionados. Esses pontos buscam capturar a verdadeira média e a
covariancia da variaveis, e, quando propagados através do verdadeiro sistema ndo-linear,
eles também capturam a média posterior e a covariancia com precisdo de segunda ordem
(expansdo em série de Taylor) para qualquer nao-linearidade (WAN; VAN DER MERWE,
2002).

Em 2009, Arasaratnam e Haykin (2009) propuseram o filtro de Kalman de cubatura
(“Cubature Kalman Filter” - CKF), que possui melhorias em relacdo ao UKF. O CKF possui
uma regra de cubatura esférica-radial de terceira ordem que fornece o conjunto de pontos
de cubatura que sdo escalados linearmente com a dimens3do do vetor do estado. Esses
pontos tém pesos iguais para calcular a média e covariancia das varidveis de estado que,
depois de uma transformacdo nao-linear, melhoram a qualidade da aproximacdo 6tima
ndo-linear, acuracidade do filtro e estabilidade numérica. Embora o UKF e o CKF possam
fornecer melhorias significativas na acuracidade em relacdo ao EKF, eles ainda sdo
estimadores nao-lineares aproximados. O EKF estima a média de um sistema ndo-linear
com acuracidade de primeira ordem, enquanto o UKF e o CKF fornecem uma estimativa
com acuracidade de ordem maior. Isso apenas adia a divergéncia inevitavel que acontecera
quando o sistema ou medidas ndo-lineares se tornarem muito nao-lineares (SIMON, 2006).

Nesse quesito, o filtro de particulas (“Particle Filter” - PF) é um estimador de estados
“completamente” ndo-linear com distribuicdo de ruidos nao-gaussiana. O PF usa um
conjunto randdémico de particulas ponderadas que aproximam as caracteristicas nao-
lineares ou distribuicbes do estado anterior com um uma funcdo densidade de
probabilidade (PDF) (AFSHARI; GADSDEN; HABIBI, 2017). Basicamente, ele é uma
metodologia estatistica que usa forga bruta para estimagdo que frequentemente apresenta
bom desempenho para problemas que sao dificeis de serem resolvidos pelo filtro de
Kalman convencional. O preco a ser pago por isso é o seu elevado esforco computacional.
O PF teve seu inicio em 1949 com o trabalho de METROPOLIS; ULAM (1949), mas desde
1980 que a capacidade computacional foi suficiente para sua implementacdao (SIMON,
2006). A linha do tempo dos estimadores de estado é mostrada na Figura 2.4.
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Figura 2.4: Cronologia dos estimadores de estado, onde os pontos com as cores mais
escuras representam estimadores ndo-lineares, e as cores mais claras os estimadores
lineares/estendidos.

Em 1970, surgiu o filtro He, cuja proposta é ignorar a necessidade de um modelo
perfeito ou conhecimento completo das estatisticas de entrada. Diferente do filtro de
Kalman que tem como objetivo fornecer a estimativa quadratica média minima, o filtro
6timo Hetenta minimizar o efeito dos piores disturbios possiveis na estimacdo dos erros e,
portanto, é mais robusto em relac¢do as incertezas do modelo (LI; JIA, 2010). De modo geral,
comparando o filtro de Kalman com o filtro He, esse ultimo é simplesmente uma versao
robusta do filtro de Kalman. As desvantagens do filtro H.. em relagdo ao filtro de Kalman
sdo que sua performance é mais sensivel aos parametros de projeto, e que a teoria desse
filtro é mais abstrata e complicada. O filtro H. é mais adequado para quando suas
principais consideragdes sdao o pior desempenho da estimativa, sistemas em que o modelo
muda de forma imprevisivel e sistemas nos quais o modelo ndo é bem conhecido (SIMON,
2006). Além disso, o filtro H. apresenta as mesmas dificuldades em sua linearizacdo do que
o EKF, tais como a suavizacdo, erros de linearizacdo e dificuldades no calculo da matriz
Jacobiana.

Devido a fraca performance e as divergéncias do filtro de Kalman estendido
relacionadas a erros de modelagem, Jazwinski (1970) prop0s o filtro otimizado de memaria
limitada. A ideia desse filtro com horizonte mével é estimar o vetor de estados baseado em
um numero finito de amostras de medidas do passado, de modo que as medidas mais
antigas sejam descartadas enquanto novas medidas ficam disponiveis. Limitando a
membdria do filtro, o estimado é computado baseado nos dados do passado recente, o qual
pode representar uma aproximacao satisfatoria da realidade.

Nos anos 1990 (RAO; RAWLINGS; LEE, 2001), o avan¢o computacional possibilitou a
popularizacdo do estimador de horizonte mével (“Moving Horizon Estimation” - MHE), que
€ uma metodologia baseada em otimizacdo que advém do filtro otimizado de meméria
limitada com a adicdo de restricdes. Para casos lineares sem restricdes com ruido
gaussiano, o MHE se reduz exatamente ao filtro de Kalman. No entanto, em casos ndo-
lineares para um valor razoavelmente grande de tamanho de horizonte, o MHE ndo se
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iguala ao EKF. Muitos exemplos de simulagdao mostram que o ajuste do MHE usando um
modelo completamente nao-linear nas equacdes de estado fornece um nivel de robustez
que ndo é alcancado com o EKF (HASELTINE; RAWLINGS, 2005; RAWLINGS; BAKSHI, 2006).
Em 2001, Gesthuisen et al. (2001) propuseram o filtro de Kalman estendido com restricoes,
que advém do MHE com comprimento de horizonte igual a zero. Em 2012 surgiu o filtro de
Kalman estendido com restricdes e suavizado (CEKFS) (SALAU; TRIERWEILER; SECCHI,
2012), o qual utiliza o suavizador Rauch-Tugh-Striebel (RTS) (HAYKIN, 2001; RAUCH;
STRIEBEL; TUNG, 1965) para suavizar os estados e a sua matriz de covaridncia no
comprimento da janela. Os novos valores suavizados dessas varidveis sdao utilizados como
valores iniciais para a nova simulacdo do CEKF.

Rengaswamy et al. (2013, 2011) apresentaram em 2013 uma nova abordagem de
horizonte mével denominado filtro de Kalman ndo-linear de horizonte deslizante
(“Receding Horizon Non-Linear Kalman Filter” - RNK) que, ao invés do MHE, segue a
estrutura de predicdo e correcao do filtro de Kalman. Essa metodologia apresenta
vantagens computacionais uma vez que evita integra¢des repetidas no loop de otimizac¢ao
que sdo necessarios no MHE. Uma versao robusta dessa metodologia foi apresentada por
Rangegowda et al. (2019) com o objetivo de minimizar os efeitos grosseiros na estimagao
dos estados. O filtro de Kalman ndo linear de horizonte deslizante robusto (“Robust
Receding Horizon Non-Linear Kalman Filter” - RRNK) foi desenvolvido integrando a fungao
de Huber com o RNK a fim de incorporar robustez ao filtro. Essa metodologia proposta foi
capaz de gerar desempenhos de estima¢dao comparaveis ao estimador de horizonte mével
(MHE) robusto, a um custo computacional inferior.

Tabela 2.1: Nomenclatura dos estimadores de estado.

Linear/
Sigla Nome em inglés Nome em portugués Estendido/ Horizonte
Nao-linear
KF Kalman filter Filtro de Kalman Linear Nao
EKF Extended Kalman filter  Filtro de Kalman estendido  Estendido Nao
CEKE Constrained e.xtended Filtro de KaImarT e~stend|do Estendido N30
Kalman filter com restricoes
Constrained extended
Fil Kal i
CEKFS Kalman filter and lltro de .aNman ester.1d|do Estendido Sim
com restrigdes e suavizado
smoother
UKF  Unscented Kalman filter Filtro de Kalman sem rastro Nao-linear Nao
Filtro de Kal d
CKF Cubature Kalman filter fitro de faiman de Nao-linear Nao
cubatura
LMOF L/m/t?d me.mory Filtro <,)t.|m|.zaf:lo de Estendido Sim
optimal filter membdria limitada
MHE Mowr.:g hgr/zon Estimador (fle horizonte NZo-linear Sim
estimation movel
RNK ReFed/ng hor/zon.non- Filtro de. Kalman nao-Ilr.1ear Estendido Sim
linear Kalman filter de horizonte retrocedido
Robust receding horizon Filtro de Kalman nao linear
RRNK ) 9 . de horizonte retrocedido Estendido Sim
non-linear Kalman filter
robusto
Hoo H- filter Filtro He Estendido Nao
PF Particle filter Filtro de particulas N3o-linear Nao
LO Luenberger observer Observador de Luenberger Linear Nao




14 Revisdo Bibliografica

Linear/
Sigla Nome em inglés Nome em portugués Estendido/ Horizonte
Nao-linear

Extended Luenberger Observador de Luenberger

ELO Estendido N3o

observer estendido
SMO  Sliding mode observer Observadf)r de modo Nao-linear Nao
deslizante
GO Geometric observer Observador geométrico Nao-linear Nao
HGO High gain observer Observador de alto ganho  N&o-linear Nao

Apesar desta revisao ter mostrado uma visdao geral dos estimadores de estado, o foco
deste trabalho sdo os filtros de Kalman. Dessa forma, a partir de agora, neste texto, o
conceito de estimadores de estado considerara apenas os filtros de Kalman.

2.2 Equacionamento do filtro de Kalman

2.2.1 Equacionamento do filtro de Kalman resumido

Dado o sistema de equagdes ndo-lineares de um modelo dindmico, os estados
estimados e as saidas estimados a priori sao:

fk“(—l = f(xi u, t) +w (21)
Vi = h(xg, t) + v (2.2)

O sistema é, entdo, linearizado:

F(t) = (Z_Dxut (2.3)
Dre_q = eF (tk—tk—1) (2.4)
H= (Z—Z)x'u't (2.5)

A covariancia dos estados estimados a priori é dada por:
Pijk—1 = Pr—1Pr—1jk—1Pk—1 + Qx (2.6)
O ganho de Kalman é calculado
Ky = Pe—1Hi St (2.7)
onde a covariancia de inovacdo é dada por
Sk = HyPyje-1HE + Ry (2.8)
no qual os estados a posteriori sdo atualizados
Rije = Rije-1 + Kie[yie — h(Ripre-1. ti)| (2.9)

e a covariancia a posteriori dos novos estados é:
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Py = Un — KiHy ] Prje—1 (2.10)
onde k representa o passo considerado em tempo discreto, x é o vetor de estados, f é a
funcdo do modelo, w é o vetor de ruido de processo, y é o vetor das saidas, h é a funcao
gue relaciona os estados as saidas, v é o vetor de ruido de medida, F é a Jacobina de fem
relacdo aos estados, ¢ é a matriz de transicao de um estado para outro, H é a Jacobiana de
h em relacdo a saidas, P é a matriz de covariancia dos estados, Q é a matriz de covariancia
do ruido de processo, R é a covariancia do ruido de medida, e K é o ganho de Kalman.

2.2.2 Deducgdo da matriz de covariéncia a posteriori

Considerando que a covariancia Py, € dada por:
Pk|k = COU(xk - 5C\k|k) (211)

substituindo a varidvel X, pela equagdo 2.9:

Py = cov (xk - (fk|k—1 + Ki ()’k — h(Rkppe—1, tk)))) (2.12)
e as variaveis yy e h(Ry k-1, tx)

Pk|k = Ccov (xk - (k\k“(—l + Kk(Hkxk + Uy — Hk))) (213)
isolando xj e Xy k-1

Pk = cov ((I — Kka)(xk — J?k|k_1) — Kkvk) (2.14)
como o erro da medida v, é independente dos outros termos:
Py = cov ((I — Kka)(xk — J?k|k_1)) + cov(K,vy) (2.15)
Considerando a propriedade bdsica das matrizes de covariancia:
var(AX + a) = A-var(X) - AT (2.16)
obtém-se:
Peye = (I — KieHi)cov(xy — -1 ) — K Hi)™ + Kecov(vi) K (2.17)
o qual, usando as defini¢des de Py x_1 € Ry, se torna:
Pk = (I = KiHi) Py (I — KieHi )™ + KR Ky (2.18)

Essa formula é valida para qualquer valor de K}, que pode ser simplificado conforme
mostrado na préxima secao.

2.2.3 Deducéo do ganho de Kalman

Considerando que o filtro de Kalman é um estimador de erro quadratico médio minimo,
o erro na estimacao do estado a posteriori é:
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Xk —5C\k|k (219)

O objetivo é minimizar o valor esperado do quadrado da magnitude desse vetor
~ 2 , . L . o ..
E [||xk - xk|k|| ] Isso é equivalente a minimizar o trago de uma estimacdo a posteriori da

matriz de covariancia Py, que é equivalente a soma dos elementos de sua diagonal
principal dessa matriz quadrada. Expandindo os termos da equacdo 2.18 e isolando-os,
obtém-se:

Pijie = Preji—1 — KicHiPrej—1 — Prjre—1Hi Kig + Ki(HPype—1 H + RiKy (2.20)
Puje = Prjk—1 — KicHiPrjie—1 — Prje—1Hi Kt + KieSiKi, (2.21)

O traco é minimizado quando a derivada da matriz em relacdo ao ganho é zero.
Considerando as regras de matrizes de gradiente e a simetria das matrizes envolvidas, tem-
se:

0 tr(Prk) T
Tzlk = —2(HPje-1) + 2K; S (2.22)

resolvendo para o ganho de Kalman Kj,:
T
KiSk = (HiPyjie-1) = Prje—1Hp, (2.23)
_ Tc-1
Ky = Prjic—1Hy Sk (2.24)

O ganho de Kalman é aquele que leva a estimativas de erro quadratico médio minimo,
sendo a formula 2.24 denominada ganho de Kalman étimo.

2.2.4 Simplifica¢Go da formula da covaridncia do erro a posterori

A férmula utilizada para calcular a covariancia do erro a posteriori pode ser simplificada
guando o ganho de Kalman se iguala ao valor étimo derivado acima. Multiplicando ambos
os lados da férmula do ganho de Kalman (equacgdo 2.24) por SkKkT

KiSkKy = Pepe-1HL Kp (2.25)
substituindo a equacdo 2.25 na covaridncia do erro a posteriori (equacdo 2.21):
Peik = Preji—1 — KiHiPrjre—1 = Prgr—1Hi K + Prpe—1 Hi Ki, (2.26)
cancelando os ultimos dois termos e rearranjando a equacao:

Pk = [In — KieHy ) Pyjje-1 (2.27)
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2.3 Demais equacionamentos dos estimadores de estado

Os equacionamentos dos respectivos estimadores de estado estdo detalhados nas
seguintes se¢bes, conforme Tabela 2.2.

Tabela 2.2: Relagdo entre os estimadores de estado e se¢des onde sao detalhados.

Estimador de estado Segao
DEKF 3.3.1.1
CEKF 33.1.2e6.3.2
CEKF implementagao curta 6.3.3
CEKFS 3.3.1.3
UKF 33.14
CKF 3.3.1.5
MHE 6.3.1
RNK 6.3.4
RRNK 6.3.5







Capitulo 3— Comparison of Kalman-filter
based approaches for permanent
downhole gauge estimation in offshore
oil production

O presente capitulo é a reproducdo do manuscrito que foi publicado na Journal of
Petroleum Science and Engineering

ABSTRACT: The permanent downhole gauge (PDG) pressure is the most critical variable
to describe the dynamics of an offshore oil well. Unfortunately, this measurement is often
unavailable due to premature sensor failure and the considerable price for its replacement.
An alternative to dealing with the lack of PDG pressure measurement is its estimation. For
this, Kalman filters are standard tools, with which two distinct state estimators (extended
and unscented Kalman filters) were proposed in the literature. These approaches have
disadvantages related to the requirement for system linearization and the high
computational cost, bringing the necessity for new techniques. In this work, five different
Kalman filter-based approaches are tested and compared for the PDG pressure estimation.
Through simulated and industrial data, the advantages and disadvantages of each filter are
pointed. The results broadly show that the cubature Kalman filter returns the best
estimation in the industrial case study, in which the model was correctly adjusted.
Meanwhile, the extended filters have the best performance in the simulated scenarios,
considering that the model was not correctly adjusted. Also, the estimation using a single
measurement that is highly correlated to the PDG pressure is enough for its estimation.

3.1 Introduction

Oil and natural gas are needful resources that, once combined, provide over half of the
world energy supply. Since 2012, global offshore production has contributed to the dry gas
industry with about 110 billion cubic feet per day (Bcf/d), which accounts for about one-
third of the total global production (FENG, 2017). With a similar ratio, offshore oil
production reaches nearly 30% of the overall production (27 million barrels of oil in 2015)
(MANNING, 2016).
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In offshore oil production, when the reservoir pressure is insufficient to sustain the oil
flow up to the surface at demanded rates, the natural flow must be aided by an artificial
lift through gas injection. However, oil production with gas lift can generate limit cycles
depending on the process operational conditions. This phenomenon is called slugging and
introduces oscillatory behavior into the process (DI MEGLIO, F; KAASA; PETIT, 2009; HU,
2004; JAHANSHAHI; SKOGESTAD; HANSEN, 2012; JANSEN et al., 1999; SINEGRE; PETIT;
MENEGATTI, 2006; TORRE et al., 1987). Slugging is defined by Di Meglio et al. (2012) as an
intermittent flow regime characterized by inhomogeneous distribution of the gas and liquid
phases.

The permanent downhole gauge (PDG) is a device, which contains pressure and
temperature sensors, usually placed subsea and close to the perforation in deepwater wells
(HUFFNER; TRIERWEILER; FARENZENA, 2019; YUAN, 2018). The pressure from the PDG
(Ppag) is the most critical variable to describe the dynamics of an offshore oil well
(ANTONELO; CAMPONOGARA; FOSS, 2017; NYGAARD; NAEDAL; MYLVAGANAM, 2006) and
to monitor the oil and gas production (ALGEROQY et al., 2010). The p,,q, is also important
due to its frequent use as a controlled variable in oil productions operating in both anti-
slugging (CAMPOS et al., 2015) and slugging regions (GEREVINI; FARENZENA; TRIERWEILER,
2018). Since this permanent monitoring system is complex and installed in hazardous and
remote areas, the cost to retrieve or repair it, as well as reinstalling its failed parts, is overly
high (ALGEROY et al., 2010).

As a replacement is unfeasible, techniques for p, 4, estimation have been arising. Some
of these works rely on NARMAX (nonlinear autoregressive moving average models with
exogenous inputs) and neural network models (AGUIRRE et al., 2017, ANTONELO;
CAMPONOGARA; FOSS, 2017; BARBOSA et al., 2015; SPESIVTSEV et al., 2018; TEIXEIRA et
al., 2014), or on the use of Kalman filters (i.e., extended Kalman filter (GRYZLOV; SCHIFERLI;
MUDDE, 2013) and unscented Kalman filter (AGUIRRE et al., 2017; REZENDE; TEIXEIRA;
MENDES, 2015)).

Black box approaches, such as NARMAX and neural networks, require p, 4, data for the
fit/training of a model that are later used for the estimation of unknown p,4, values given
that new input values are available. These approaches have a substantial disadvantage for
the application in p,,4, estimations. Oil wells have very distinct operation conditions with
two different behaviors: oscillatory and non-oscillatory. In order to generate a
representative black-box model, data from different operational conditions are required.
However, this is unfeasible to be obtained, mainly because dealing with the oscillatory
regime is avoided.

Kalman filters are gray box approaches that combine a phenomenological model of the
process and a set of known measurements to estimate unknown variables, ensuring
estimation within a wide range of operating conditions. This guarantees the estimation
within a large range of process operating conditions. Apio et al. (2019) compared the PDG
pressure estimation using neural networks with extended Kalman filters, in which the
results confirmed that neural network models could only estimate the p,4, for the region
where it was trained, so that outside this region the neural network produces poor results.
On the other hand, the extended Kalman filter returned satisfactory estimations in all
cases.
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In the literature, the use of two Kalman filter approaches for the p, 4, estimation has
been considered: extended Kalman filter (EKF) and unscented Kalman filter (UKF). Both
filters have disadvantages, i.e., the EKF estimator linearizes the nonlinear dynamic system,
and the UKF suffers from higher computational cost.

Here, we systematically compare the use of the following five Kalman filter-based
approaches for the p, 44 estimation:

e discrete extended Kalman filter (DEKF) (JAZWINSKI, A. H., 1970),
e constrained extended Kalman filter (CEKF) (GESTHUISEN; KLATT; ENGELL, 2001),

e constrained extended Kalman filter and smoothing (CEKF&S) (SALAU;
TRIERWEILER; SECCHI, 2012),

e unscented Kalman filter (UKF) (JULIER, S. J.; UHLMANN, 2004), and
e cubature Kalman filter (CKF) (ARASARATNAM; HAYKIN, 2009).

The analysis and comparisons are handled by using three datasets. The first and second
data sets contain simulated data generated in OLGA (OiL and GAs dynamic multiphase flow
simulator), and the third contains measurements from a real offshore oil well. The
performance of the filters is measured through the mean squared error (MSE), and the
error distribution is visualized in both box and violin plots.

Following the introduction, this works continues in Section 3.2 with the comparison of
Kalman filter-based approaches in different applications. Section 3.3 details the
methodology, i.e. the Kalman filter-based approaches are explained and formulated, and
the evaluation criteria are specified. In Section 3.4, the case studies and the applied model
are presented. Section 3.5 shows the results for both OLGA and real datasets. The
conclusions of the work are presented in Section 3.6.

3.2 Comparison of Kalman filter-based approaches in different
applications

Kalman filters for state estimation have many distinct applications. This section
presents recent researches in the area.

D’Alfonso et al. (2015) applied the EKF and the UKF to estimate the position and
orientation of a mobile robot using real data. In this case, both filters performed reasonably
well in reconstructing the position of the robot. Even though the approximation properties
of the UKF are far superior to those of the EKF, the nonlinearities in the model were
probably not bad enough to highlight the substantial difference.

Yang et al. (2017) compared the UKF with the EKF in applications of vehicle navigation,
demonstrating that the UKF had the benefit of avoiding the Jacobian matrix calculation. In
contrast, the EKF was more computationally efficient and more stable. Uilhoorn (2017) also
compared the EKF with the UKF to estimate the gas flow dynamics in the pipeline. In this
case, the difference in accuracy between the EKF and the UKF was not significant. The EKF
performed even better in terms of accuracy. Considering the computation time of the UKF,
the use of the EKF seemed the most suitable choice.
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Astroza et al. (2019) performed a comparison of Kalman-based filters to estimate
unknown model parameters of the nonlinear finite element model of a three-dimensional
reinforced concrete frame building. They also ensured that the UKF outperformed the EKF
slightly, preventing significant and abrupt changes in the estimation of the model
parameters.

In a very recent work, Garcia et al. (2019) compared state estimators (EKF, UKF, and
CKF) for sequential spacecraft attitude estimation with real data. The authors concluded
that the filters are very competitive when compared to one another: the processing time
of the EKF was faster than the others, but at the cost of possible divergence problems in
the estimation process due to the linearization in the equations that describe the dynamic
system.

In offshore oil wells, the PDG estimation is crucial, mainly in terms of control, since
several anti-slugging control strategies are based on PDG control (CAMPOS et al., 2015;
DIEHL, Fabio Cet al., 2018; GEREVINI; FARENZENA; TRIERWEILER, 2018). In oil well systems,
this is the first time that the CKF is applied as a soft sensor to estimate the PDG pressure.
In this area, Teixeira et al. (2014) proposed a data-driven soft sensor to estimate online the
PDG based on available measurements using two steps. Firstly, a discrete-time black-box
and gray-box NARX (nonlinear autoregressive with exogenous with inputs) models were
independently identified offline using historical data. In the sequence, recursive predictions
of these models were combined with current measured data using a bank of unscented
Kalman filters. The authors ensured that this UKF filter bank added robustness regarding
outliers in measured data and time-varying dynamics. Although not discussed in the
mentioned paper, the computational time of using the UKF as a state estimator is
considerably high.

3.3 Methodology

This section presents a brief review of the five Kalman filter-based approaches and the
performance measurement criteria applied to this work. The methodologies presented
below, such as the Kalman filter and the model (Section 3.1), were entirely coded in Python
2.7 with the aid of JModelica (AKESSON et al., 2010). The tests were run in a PC with an
Intel® Core™ i7-3632QM CPU @ 2.20GHz 2.20 GHz processor and with 8 GB RAM.

3.3.1 Kalman filter approaches

The Kalman filter (KF) (KALMAN, 1960) is an approach for minimum mean-square error
filtering that uses state-space methods. It was developed by the dynamic analysis branch
of the National Aeronautics and Space Administration (NASA) for the real-time navigation
system of the Apollo spacecraft mission (BOGDANSKI; BEST, 2017). The methodology
requires a dynamic model of the system, input measurements, and other available
measurements either to predict unknown variables or to filter known ones. This data may
present noise and other discrepancies (e.g., from the sensors) that are corrected by the
filter.

The Kalman filter equations provide a recursive estimate of the states and their
covariance error. The quality of this estimation depends on the system parameters and the
noise statistics given as inputs to the estimator. In this context, the Kalman filter blends
new information introduced by the measurements with old information embodied in the
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prior state with the Kalman gain matrix, which balances uncertainty in the measurements
with the uncertainty in the dynamic model (ALFRIEND et al., 2010). Thus, the error
propagation in the covariance matrix P, which estimates the uncertainties from the state
prediction, is what brings accuracy to the Kalman filter (SIMON, 2006).

In this section, five different Kalman filter-based approaches are described: discrete
extended Kalman filter, constrained extended Kalman filter, constrained extended Kalman
filter and smoother, unscented Kalman filter, and cubature Kalman filter.

3.3.1.1. Discrete Extended Kalman Filter

The most common application of the KF to nonlinear systems is the extended Kalman
filter (EKF) (JAZWINSKI, A. H., 1970). The EKF simply linearizes all nonlinear transformations
and substitutes the Jacobian matrices for linear transformations in the KF equations by
expanding it into a Taylor series. According to Julier and Uhlmann (2004), although the EKF
maintains the elegant and computationally efficient recursive update form of the KF, it
suffers a number of serious limitations, such as: a) linearized transformations are only
reliable if the error propagation can be properly approximated by a linear function. If this
condition does not hold, the linearized approximation can be extremely poor; b) for the
linearization, the Jacobian matrix is necessary, which is not always available. Some systems
contain discontinuities, in which the parameters change abruptly, and other singularities
that may hinder the evaluation of the system derivatives; c) calculating the Jacobian
matrices can be very difficult due to its dense algebra. Thus, since approximations must be
made in the linearization, the EKF is a suboptimal filter in the sense that its stability and
performance are not guaranteed (ALFRIEND et al., 2010).

In this work, the EKF in discrete-time is used, i.e., it considers measurements in discrete
time about the current estimate, which is detailed in Simon (2006). The system of non-
linear equations is given as follows:

x=f(x,ut)+ w(t) (3.1)
Vi = h(xy, ty) + v (3.2)

The system is then linearized:

— (%
F(t) = ( ax)x,u,t (3.3)
Dre_q = eF (tk—tk—1) (3.4)
oh
H= (a)mt (3.5)
The states covariance is:

Pejk—1 = Pr—1Pr—1jk-1Pk—1 + Q-1 (3.6)

Given the correction step

-1

Kic = Prji-1Hi [HiPe-1HE + Ry | (3.7)

the states are updated as:
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Rije = Riepe—1 + Kie[ye — R(Rieje—1 )] (3.8)
and the covariance of the new states is:
Py = [In — KieHy ) Pyje-1 (3.9)

where k represents the step considered in discrete time, x is the vector of states, f is a
model function, w is the process noise vector, y is the output vector, h is a function that
relates the states to the outputs, v is the measurement noise vector, F is the Jacobian of f
in relation to the states, ¢ is the transition matrix from one state to another, H is the
Jacobian of h in relation to the outputs, P is the covariance matrix of the states, Q is the
process noise covariance matrix, R is the measurement noise covariance, and K is the
Kalman gain.

3.3.1.2. Constrained Extended Kalman Filter

The constrained extended Kalman filter (GESTHUISEN; KLATT; ENGELL, 2001) comes
from the moving horizon estimation (MHE), which is an optimization approach to estimate
measured and unmeasured states of dynamical systems considering a moving window
when the horizon length is equal to zero. This simplifies the complexity of solving the MHE
dynamic nonlinear optimization problem (FRANKE et al., 2001), resulting exactly in the
formulation of the CEKF, as follows:

. -1 _
min | = w£—1|k(Pk—1|k—1) Wie—1jk + Vi (Rie) " g (3.10)
OR_1|kVk|K

with the following constraints:

Hy @1k + Ve = Vi — h(Ripre) (3.11)
Xmin — Xkl < Ok-1jk < Xmax — Xk|k (3.12)
Ymin — M(Ripie) € Hewipe-1 + Ve < Yimax — MRk (3.13)

in which the prediction matrix is given via the Riccati matrix in discrete time:
Puke = br—1Pi—1jk-195-1 — (Pk—1Pi—1jk—1Hi ) (HiPe—1jk—1Hp, + Rk)_l(HkPk_1|k_1¢£_1) +0r-1 (3.14)
and the final correction by
Rl = Xj—1 + Op—1)k (3.15)

Vi = Vi + Vi (3.16)
3.3.1.3. Constrained Extended Kalman Filter and Smoother

The constrained extended Kalman filter and smoother (SALAU; TRIERWEILER; SECCHI,
2012) includes the EKF smoother counterpart in the CEKF. Its main difference is that the
recursion in the filter moves forward and the smoother backward (HAYKIN, 2001). This
smoothing is significant once the CEKF and DEKF fail to converge swiftly to the actual states
when the system is subject to poor guesses at the initial state (RAUCH; STRIEBEL; TUNG,



3.3 Methodology 25

1965). In this context, smoothing means providing an estimate of the system state at some
time step, given that all the measurements, including the ones encountered after that
particular time step, are available. In short, the smoother gives a smoothed estimate of the
system history for all the measurements obtained so far.

Firstly, from the CEKF evaluation results, the following variables are set:
sS  _ & s _
lek —Xklk and PN|k _Pk|k (317)

Consideringi = N — 1,N — 2, ..., 0, the Rauch-Tugh-Striebel (RTS) smoother, which is
detailed in Rauch et al. (1965) and Haykin (2001), is evaluated as:

i = X+ Jo - FOowut) de (3.18)
Pesijke = OiPrpe®r + Qk (3.19)

Cre = Pie®i Ptk (3.20)

ek = Zupe + Ce@rape = Terape) (3.21)
Piik = Prie + Cie(Peyaje — Prs1ix)Cit (3.22)

where N is the horizon size, and Cy, is the RTS smoother of the Kalman gain. In this work,
the horizon size is N = 4. The new smoothed values (P; and £3) are the initial guess for the
CEKF algorithm, which is re-evaluated until the current step:

Pk = Pg and 5C\k|k = 28‘ (323)
3.3.1.4. Unscented Kalman Filter

Although the EKF has been widely used for many years, experience has shown that it is
only reliable for systems that are not strongly nonlinear within the time scale of the update
intervals (JULIER, S.; UHLMANN; DURRANT-WHYTE, 2000). The development of the EKF
propagation and the update equations require ignoring some terms that may not be small
for many nonlinear systems. The inherent linearization in the process typically can produce
significant biases in the estimation results (JULIER, S. J.; UHLMANN, 2004).

Different from the extended Kalman filters, the unscented Kalman filter does not
require the linearization of any nonlinear functions: the distribution of the states is
specified using a minimum set of carefully selected sample points. These points capture
entirely the true mean and the covariance of the Gaussian variable, and, when propagated
through the true nonlinear system, they also capture the posterior mean and covariance
with a second-order precision (expansion of Taylor series) for any non-linearity (WAN; VAN
DER MERWE, 2002).

Firstly, the sigma points (y) are evaluated:

u=+vns+ 1 (3.24)

A=a?(ns+ k) —ns (3.25)



26 Comparison of Kalman-filter based approaches for permanent downhole gauge

estimation in offshore oil production

Xk—1

Xikje—1 = [Xk-1 T #yPic1

Xi—1 — Uy Pr—1

Rikie—1 = F (Xijek—1, Ui kjx—1, AL)

2ns (m)
A _ m) a
X1 = W Xi k=1
i=0

and the weights:

m) _ y,(0) _ 1 .
W, =W, = st i=1,..,2ns

The covariance matrices are evaluated using the unscented transform:

© s N - N T
Puji—1 = ZEES Wi Rikie—1 — Riepre—1) (Rig—1 — Biepe—1) + Qie—1

Yikk—1 = R(Zigpe—1> Ui kjx—1, AL)

2ns

~ _ (m
V-1 = WY k-1
i=0

2ns © T
Py, = z . W' (Virk—1 — Frpe—1) Vikk—1 — Frje—1) + Re
L

2ns ©)f n R R T
Py, = Zi=0 W' (Ri k=1 — Rier—1) Vikie—1 — Pj—1)

where the Kalman filter gain can be calculated

_ -1
Ky = kaYkPYkYk

and the states and covariance of the filter are updated

Xk = X1 + K (v — }7k|k—1)

Py = Pyjg—1 — Ki By

T
J/kYkKk

(3.26)

(3.27)

(3.28)

(3.29)

(3.30)

(3.31)

(3.32)

(3.33)

(3.34)

(3.35)

(3.36)

(3.37)

(3.38)

(3.39)

where ns is the number of states, a is the distribution of points around the mean (0 < a <
1), B incorporates prior knowledge of the mean distribution (for Gaussian variables, f =
2) and k is a secondary scaling parameter (usually set as 0 or 3-ns), y and y are the state

and measurements sigma points, and Wi(m) and Wi(c) are the mean and covariance

weights.
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3.3.1.5. Cubature Kalman Filter

Similarly to the UKF technique, which does not linearize the system, Arasaratnam and
Haykin (2009) developed a spherical-radial cubature rule to compute multivariate moment
integrals encountered in the nonlinear Kalman filter. Specifically, a third-degree spherical-
radial cubature rule is derived to provide a set of cubature points that scale linearly with
the state-vector dimension. The cubature Kalman filter uses a set of cubature points with
equal weights to calculate the mean and the covariance of state variables that, after a
nonlinear transformation, improve the performance of the nonlinear optimal
approximation, filtering accuracy, and numerical stability.

In contrast to the UKF, the CKF has a different set of deterministic weighting points. For
the sigma-point set (UKF), the stem at the center is highly significant since it carries more
weight, whereas the cubature-point set does not have a stem at the center and presents
equally distributed weights. Also, Arasaratnam and Haykin (2009) mention some
limitations of the sigma-point set built into the UKF, which are not present in the cubature-
point built in the CKF, such as numerical inaccuracy, unavailability of a square root solution,
and filter instability. The CKF also chooses fewer sample/simulation points to evaluate the
method, i.e., 2n rather than 2n+1 as in the UKF where n is the number of states, thus being
somewhat less costly in computations.

The following equations define the CKF algorithm. Firstly, generate the cubature points
y (i=12,..,2n):

Xikee-1 = v/ Pe—1&" + Rpoq (3.40)
where the unit cubature points are defined as &' = v/ns.
In the sequence, the cubature points are propagated:

Rirte—1 = F (Xijep -1 Wi jej—1, AL) (3.41)

The propagated state and covariance matrix for instant k are estimated:

1 2ns
Ylk=1 = 505 £, Kiklk=1 (3.42)
i=
1 2ns T T
Pek-1 =5 ) Xiklk-1Xiklk—=1 — Xkje-1Xkjk—1 + Qi1 (3.43)
2ns i=0
Yike—1 = h(Rigepr—1, Ui ex—1, At) (3.44)

then, the measurement, the innovation, and the covariance and cross-covariance matrixes
are predicted:

2ns

~ 1
Vklk-1 =5~ ) 0Vi,k|k—1 (3.45)
l:

2ns

2ns
1 A~ ~ T
By =5 E , 0Vi,k|k—1Vi,k|k—1T — Yrpe=1Vkje-1 + Rk (3.46)
=
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2ns
1

_ A T o ~ T
Poyi = 5 - Xiklk=1Yiklk-=1 — Xk|k—1Vk|k—1 (3.47)

where the Kalman filter gain can be calculated by

Ky = Py, Py (3.48)

XkVk™ YrVk

and the states and covariance of the filter are updated as

R = Ripe—1 + K (Vi — Pie-1) (3.49)
Py = Pyjg—1 — KkpykykKkT (3.50)

3.3.2 Performance evaluation criteria

The computational time required for the estimation by the Kalman filter-based
approaches and the MSE between the expected and estimated data are the criteria for the
performance evaluation, in which the MSE is given by:

1 ~
MSE = -¥i,(Y; — ¥)? (3.51)
where Y is the expected vector, Yis the estimated vector, and n is the length of Y.

For better visualization of the results, box plots are presented. The box plot is a visual
comparison tool that shows statistical information of the error between the expected and
estimated data: a central tendency line represents the median, the quartiles (bottom and
top line of box) show the data dispersion and data distribution, and the red circles are the
outliers (atypical values).

The violin plot is more informative than the box plot, showing the error’s full
distribution using a density plot. Due to the lack of outlier visualization, the box plot
complements the violin plot.

3.4 Case studies

The case studies aim the comparison of the Kalman filter-based approaches for
estimating the PDG pressure of an offshore oil production system in a deepwater scenario.
The used phenomenological model includes the mass balance of the riser, flowline,
production column, gas lift annular, and reservoir. Both the process description and the
detailed equations of the fast offshore well model (FOWM) are presented in the next
subsection (Diehl et al. (2017)).

3.4.1 Plant model

As mentioned in the introduction, the choice of a representative model of the process
is indispensable for the excellent performance of a Kalman filter. Among the simplified
phenomenological models of the slugging behavior, the model proposed by Eikrem et al.
(2004) assumed a pure mass balance to describe the dynamics of the gas lift well. Aamo et
al. (2005) considered a two-phase flow mass balance in the tubing by treating oil and water
as a single phase. Kaasa et al. (2007) proposed a simple empirical model describing the
downhole’s pressure’s qualitative behavior during severe slugging. Jahanshahi et al. (2012)
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developed a dynamic model for the casing-heading instability in gas-lifted oil wells. Di
Meglio et al. (2012) assumed a mass balance in the flowline risers modeled with a virtual
valve, which is an irregularity identified as the gas injection valve for gas-lifted wells. Diehl
et al. (2017) designed the Fast Offshore Well Model (FOWM), an offshore production
system in a deepwater scenario, including the riser, the flowline, the production column,
the gas lift annular, and the reservoir.

The semi-empirical model proposed by Diehl et al. (2017) is the one used in this work.
This is the most appropriate model for real applications since it considers the slugs
generated by the casing heading and terrain/riser concomitantly, as well as the possibility
of reproducing the limit cycles.

The fast offshore well model (FOWM) is based only on mass conservation equations:

drgfa = Wge = Wiy (3.52)

dzlft = WrQgyw + Wiy = Wypg (3.53)
d;r;lt = wr(1 - agw) = Wyn (3.54)
T = (1= Dwing Wy (3.55)
dZZ" - = EWywng + Wy — Wgour (3.56)
d;ntlr = Wwni — Wiout (3.57)

The fluid flows used in the model are obtained by the following equations

Wy, = Ka\/pai (pai—ptb)h/w (3.58)

w, =K, (1 ~0.2 (Ppﬂ) ~08 (%)2> (3.59)
Wang = ek, |y 2z O alre (3.60
Wym = (1 - agt)Kw\/pl (ptt_prb)JrW (3.61)
wy = ¢, B BarpaTe .62

Wgout = agCoutz\/ py e prepee (3.63)
Wiout = alCoutZ\/pl (prt_pS)JrW (3.64)

and the equations related to the model pressures are presented below:
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Mpgi
Pai = (3.65)
_ _ Mgt
Age = — (3.66)
_ _ Mgr
Agr = — (3.67)
ay =1—ay, (3.68)
RT Lq
Pai = (7 + 972) Mga (3.69)
Peb = Pt + PmedHog (3.70)
Pbh = Ppdag T Pmres9 (He — deg) (3.71)
Ppdg = Ptp + pmresg(deg - val) (3.72)
pPgtRT
Pt = g,f,, (3.73)
in@
Prp = Drt T % (Mg + Mygein) (3.74)
RT
Pep = Webmgb (3.75)

_ RT
Pre = My tmygin Mgr
M( v, —i el

(3.76)

Some other equations regarding the physical properties of the model are also
presented:

oy = LT (3.77)
Vi
mgt
— Mgt 3.78
Pgt =7, (3.78)
Vye =V, — 2 (3.79)
14
LamDZ
Vy === (3.80)
2
v, = % (3.81)

The set of parameters, their nomenclature and respective values are presented in Table
2.1. At these process conditions, the system presents oscillatory behavior, i.e., a limit cycle.
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Table 3.1: Parameters and variables of the Fast Offshore Well Model (FOWM).
Parameter Nomenclature Value Unit
a gas fraction of mass at the reservoir 0.026 )
v pressure and temperature conditions '
D, diameter of the annular section 0.1016 m
D, diameter of the tubing section 0.1242 m
vertical length between the Christmas
Hpag Tree and the PDG transmitter 1392.2
vertical length between the Christmas
Hy Tree and the bottom hole 1593.1 m
vertical length between the Christmas
Hug: Tree and the gas lift valve 9274 m
L, annular length 937.4 m
L; tubing length 1622 m
M gas molecular weight 18 kg/kmol
- pressure surrounding the production 3527 Pa
column bottom hole
D pressure surrou.ndl.ng the production 1013250 Pa
column gravitational separator
o) liquid density 965.5 kg/m3
Pmres mixture density at the reservoir 902.5 kg/m3
T average temperature in the production 298 K
system
0 average riser inclination n/1.54 rad
R universal gas constant 8314 J/kg.K
g gravity acceleration 9.81 m2/s
_— minimum mass of liquid in the subsea adiust parameter K
Istill pipeline Justp g
Cy virtual valve constant adjust parameter m-1
Cout choke valve constant adjust parameter m-1
Vep bubble volume adjust parameter m3
. gas fraction of mass that bypasses the adjust parameter i
bubble in the subsea pipeline
flow coefficient between the annular and .
K, ) adjust parameter m-1
the tubing
flow coefficient between the annular and .
a . adjust parameter m-1
the tubing
|74 riser volume adjust parameter m3
flow coefficient between the annular and .
K, . adjust parameter m-1
the tubing
Wy¢ gas lift mass flow entering the annular 1.5205 kg/s
yA choke valve opening fraction input variable -
Wy gas lift flow input variable kg/s
v, annular volume calculated m3
Vgt gas volume in the tubing calculated m3
V: tubing volume calculated m3
Pmt mixture density in the tubing calculated kg/m3
Pgt gas density in the tubing calculated kg/m3
a gas mass fraction in the tubing calculated -
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Parameter Nomenclature Value Unit
gy liquid mass fractions in the subsea pipeline calculated -
a liquid mass fractions in the subsea pipeline calculated -
Wy reservoir to the bottom hole flow calculated kg/s

Wywhg gas mass that flows at the Christmas Tree calculated kg/s
liguid mass that flows at the Christmas
Wywhi calculated kg/s
Tree
Wy flow at the virtual valve calculated kg/s
. kg/s
Wgout gas flow through the topside choke valve calculated 4
liquid flow through the topside choke
calculated kg/s
Wiout valve. 4
pressure in the annular gas injection point
i . calculated Pa
Pai to the tubing
ressure in the gas injection point on the
Peb P gas InJef P calculated Pa
tubing side
Poh pressure in the bottom hole calculated Pa
pressure at the flowline before the bubble
Prb o calculated Pa
position
Deb bubble pressure calculated Pa
Ppdg pressure at the PDG position estimated Pa
Det pressure at the top of the tubing filtered Pa
DPrt pressure at the top of the riser filtered Pa
Mgyq gas mass in the annular estimated kg
gas mass in the production column or .
My, . estimated kg
tubing
my liquid mass in the tubing estimated kg
gas mass in the bubble at the subsea .
Mgp o estimated kg
production line
My, gas mass in the set flowline/riser estimated kg
my, liquid mass in the set flowline/riser estimated kg

For more details about the Fast Offshore Well Model, see Diehl et al. (2017).

3.4.2 Simulated data

The simulated data used in this work was generated through the simulation of a real
offshore oil production plant via a gas lift in OLGA (OiL and GAs — dynamic multiphase flow
simulator). Two different data sets were generated. The first, shown in Figure 3.1, has a
constant valve choke opening in open-loop mode. This data set also contains the p,, D¢t,
Dpag, Z, and wg, (a constant value of 1.5205 kg/s) measurements. The data have oscillatory
behavior, the sampling time is equal to 60 seconds, and a total of 1437 measured points.
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Figure 3.1: Data simulated in OLGA for a real oil production system used in scenarios A
and B.

The second data set, shown in Figure 3.2, has perturbations in the choke valve opening
in open-loop mode and also contains the p,¢, Pet, Ppag, Z, and wy, (a constant value of
1.5205 kg/s). The selected data have oscillatory behavior, the sampling time is equal to 60
seconds, and a total of 3411 measured points.
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Figure 3.2: Data simulated in OLGA for a real oil production system with perturbations in
the choke valve opening used in scenarios C and D.

3.4.3 Real data

The real data were extracted from a real offshore oil production via a gas lift plant from
Petrobras (provided by Diehl et al., 2018). This data set also contains the p,, Pet, Ppag: Z)
and wy. measurements, as showed in Figure 3.3. The selected data have oscillatory
behavior, the sampling time is equal to 300 seconds, and a total of 250 measured points.
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Figure 3.3: Real industrial data from an oil production system used in scenarios E and F.

All the measurements used as inputs for the estimations by the Kalman filters (i.e., p,,
Pte, Z, and wy,) are available and accurate in practical applications. The advantage of using
the p,; and p.; (or only the p,. ) as inputs to estimate the p,q, is that their gauges are easy
to replace in case of fault and they are reliable, considering the process noise.

3.4.4 Simulation settings

In this work, the Kalman filters used the FOWM as the dynamic model of the system,
the input measurements z and wy, and the available output measurements p,; and p;, to
estimate the states (mg,, Mgy, My, Mgp. Mgy, My;). Then, from the state estimation, the
variable p, 4 is calculated.

The filters parameters for all scenarios are shown in Table 3.2, in which the values of Py
and Qo were chosen according to the state order of magnitude, and Rp based on the
measurement order of magnitude.

Table 3.2: Filter parameters for all scenarios.

DEKF, CEKF, and CEKF UKF and CKF UKF parameters
Scenario Po Ro Qo Po Ro Qo a B K
Aand B 13107 l¢10° 13102 13107 l¢10° 13107 1 2 0
CandD 13107 l¢10° 13102 13102 161019 13102 1 2 0
EandF 13107 l¢10° 13102 13102  1610'2 13102 1 2 0

The Kalman filter available input and output measurements used for each scenario are
shown in Table 3.3. Scenarios using only the p,» measurement were not included, since the
estimation returned bad results.

Table 3.3: Data used in the Kalman filter for each scenario.

Scenario Input Output Data
A z Dyt and Py Simulated with constant z
B z Dt Simulated with constant z
C z Dyt and Py Simulated with perturbations in z
D z Dt Simulated with perturbations in z
E z and wy, Dre and Py Industrial




3.4 Case studies 35

Scenario Input Output Data
F z and wy, Det Industrial

The FOWM has different adjust parameters for the OLGA experimental data (A, B, C,
and D) and the industrial data (E and F), as shown in Table 3.4.

Table 3.4: FOWM adjust parameters for all the scenarios.

Scenarios A B,C,and D Eand F
Migtinl 1.058.103 62.22
Cy 3.39.10* 1.137.103
Cout 0.0031 2.039.10°3
Vep 93.9382 60.98
€ 0.9183 0.1545
K, 0.0031 6.876.10*
K, 1.38.10* 2.293.10°3
|74 118.87 126.9
K, 96.291 227.1

The comparison of the experimental data (simulated in OLGA and industrial) with the
model simulation results, considering the adjust parameters for each scenario, is presented
in Figure 3.4.
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Figure 3.4: Comparison of the experimental data (rigorous model simulation in OLGA and
industrial) and the simplified model simulation results for a) scenarios A and B, b) Eand F,
and c) Cand D.

The mean squared error between the results of the model simulation and the
experimental data is shown in Table 3.5.

Table 3.5: Mean squared error for the model simulation considering all the scenarios.

Scenario Aand B Cand D EandF
Error 6.0e4 1.7e5 9.0e4

3.5 Results and discussion

In this section, the five Kalman filter-based methodologies reviewed in Section 3.1 are
applied to all scenarios specified in the last section. Firstly, the results for the simulated
data sets are presented followed by the results for the real industrial data set. Besides
showing the results for the p,, 44 estimation, p,, and p;; measurements are also presented,
since it is not reasonable to estimate properly the desired variable while hindering the
filtration of other measurements.

3.5.1 Simulated data

In this section, the estimation for scenarios A, B, C, and D are presented. The results for
scenario A are shown in Figure 3.5.
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Figure 3.5: Scenario A: ppq4 estimation using p,; and p;; measurements by
a) DEKF, b) CEKF, c) CEKF&S, d) UKF, and e) CKF.

In scenario A, the CKF method returned the smallest MSE. However, it presented the
second largest computational time, as seen in Table 3.6.
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Table 3.6: Computational time and MSE for scenario A.

Filter DEKF CEKF CEKFS UKF CKF Ref.
Value
Time (s) 1.00* 2.37* 12.28* 22.12%* 20.84* 112.37
MSE (Pa) 2.03* 2.05* 2.93* 1.02* 1.00* 1985.94

* multiplied by the reference value.

In Figure 3.6, the results are shown for the five Kalman filters approaches in scenario B.
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Figure 3.6: Scenario B: p,q, estimation using p;; measurement by
a) DEKF, b) CEKF, c) CEKF&S, d) UKF, and e) CKF.

In scenario B, the CKF method also returned the smallest MSE value when compared

with the others. Once again, the computational time for this method is the second largest
one, as seen in Table 3.7.

Table 3.7: Computational time and MSE for scenario B.

Filter DEKF CEKF CEKFS UKF CKF Ref. Value
Time (s) 1.00* 2.96* 14.95* 39.31* 26.66* 111.09
Error (Pa) 2.52* 2.53* 2.74* 1.11* 1.00* 2656.55

* multiplied by the reference value.

For scenarios A and B, the PDG pressure estimation follows a similar frequency to that

of the experimental data. Considering its amplitude, the extended filters present higher
error (amplitude) than the filters with no linearization. This indicates that information is
lost in the linearization, thus hindering the desired variable estimation.

The box and violin plots of the p, 44 residuals for Scenarios A and B are presented in Figure

3.7

Residuals [Pa]

and Figure 3.8, respectively.
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Figure 3.7: Residual box plot for p,,44 for a) Scenario A and b) Scenario B.
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Figure 3.8: Residual violin plot for p, 44 for a) Scenario A and b) Scenario B.

By analyzing the box and violin plots from scenario A, the CKF, and UKF, respectively,
show the best performance between the chosen methodologies, i.e., they exhibit a smaller
vertical distribution and the median is closer to zero. The CKF and UKF methods present
fewer outliers than the remaining ones.

For scenario B, all the methods show similar results to those of scenario A, but with less
discrepancy and outliers. The methods with no linearization (CKF and UKF) present,
however, better overall results than the extended methods (DEKF, CEKF, and CEKFS), as
seen in both box and violin plots. The mean error of the p, 4,4 estimated by CKF for scenario
A is 1.85.10° Pa (0.89%) and 2.20.10° Pa (1.05%) for scenario B, both of which are
considered small in terms of practical purposes.

Figure 3.9 shows the derivative of p, 4, estimated by the DEKF and the CKF to compare
the errors, capture the behavior of this variable, and disregard its bias.

— p— ror 1 — OLGA data
s &5 W f — = DEKF
s = V V
o B
[sX o
o a
= =
[} [

° ' T ' i
1le5 10000 20000 30000 40000 50000 60000 70000 80000 1e5 10000 20000 30000 40000 50000 60000 70000 80000
— = OLGA data —_— | —— OLGA data
E 1 —— ok £ 14 | ckF
a = 4
5 01 g0
o o
o a
T -1 = 1]
] [}
© R R R EERANAR
10000 20000 30000 40000 50000 60000 70000 80000 10000 20000 30000 40000 50000 60000 70000 80000
Time [s] Time [s]
a) b)

Figure 3.9: Derivative of the p, 4, estimated by the DEKF and the CKF for a) Scenario A
and b) Scenario B.

Considering the shape of the violin plot in scenario A in Figure 3.8, the errors follow a
normal distribution for the extended techniques, showing equally distributed errors along
time (both in frequency and amplitude). However, the methods with no linearization show
a bimodal distribution. This means that the data have two different groups of errors, either
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at the peaks or at the valleys of the oscillations, in which the errors are only distributed in
their amplitude, as visualized in Figure 3.9. In scenario A, the errors are smaller at the
beginning (lower half), whereas the upper quartile presents more visible discrepancies with
a higher density distribution.

From scenario B, as shown in Figure 3.8, the Ppag €stimation using the DEKF follows the
OLGA data behavior more appropriately than in scenario A. For all the state estimation
techniques in scenario B, the violin plot presents a bimodal distribution. In this case, the
errors are mainly distributed at the peaks and valleys of the oscillation (amplitude) and not
distributed along their frequency, as shown in Figure 3.9. Furthermore, using only p;;
measurements for the p, 4, estimation (scenario B) returns similar results to using two
measurements (scenario A). However, the decrease in computational time was not
significantly lower to justify the use of a single variable.

The results for scenario C are presented in Figure 3.10.
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Figure 3.10: Scenario C: p,4g4estimation using p,; and p,; measurements by
a) DEKF, b) CEKF, c) CEKF&S, d) UKF, and e) CKF.
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For scenario C, the MSE result for the CEKFS method is the smallest. Differently from
scenarios A and B, the UKF methodology returns the largest error and the CKF the second

smallest one. However, the UKF and CKF also present the largest computational times, as
seen in Table 3.8.

Table 3.8: Computational time and MSE for scenario C.

Filter DEKF CEKF CEKFS UKF CKF Ref. Value
Time (s) 1.00* 2.65* 16.24* 76.69* 76.34* 236.76
Error (Pa) 3.95* 3.85* 1.00* 8.80* 2.73%* 1072.82
* multiplied by the reference value.

The results for scenario D are presented in Figure 3.11.
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Figure 3.11: Scenario D: p, 44 estimation p;, measurements by
a) DEKF, b) CEKF, c) CEKF&S, d) UKF, and e) CKF.
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In scenario D, the error for the p, 4, estimation is smaller for the DEKF methodology
than for the others. The CKF method returns the third smallest error, but the second largest
computational time, as seen in Table 3.9. Moreover, comparing the scenarios A and B, the
MSE results from scenario D are very similar to those from scenario C, meaning that the
use of p;; measurement is enough to estimate the p,4,-

Table 3.9: Computational time and MSE for scenario D.

Filter DEKF CEKF CEKFS UKF CKF Ref. value
Time (s) 1.00* 2.84* 11.26* 55.08* 66.82* 310.22
Error (Pa) 1.00* 1.00* 1.25* 1.79* 1.20* 1162.56

* multiplied by the reference value.

In scenarios C and D, a series of perturbations changed the PDG pressure behavior. It
seems that the filters with no linearization suffer more from the model quality. Considering
Figure 3.4, the py, is poorly simulated with the current set of parameters, resulting in a
poor estimation of this variable by the UKF and the CKF. Thus, disregarding the p,;
measurement in the state estimation (scenario D), the errors from the filters with no
linearization are smaller than in scenario C. Meanwhile, the extended filters do not suffer
so much with the model fit since they are able to estimate satisfactorily the p,..

The box and violin plots of the p,,q, residuals are presented in Figure 3.12 and Figure
3.13.
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Figure 3.12: Residual box plot of the p, 4, for a) Scenario C and b) Scenario D.
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Figure 3.13: Residual violin plot of the p,,, for a) Scenario C and b) Scenario D.

For scenarios C and D, the box and violin plots show smaller vertical distribution and
the median closer to zero for the extended methods. Comparing both scenarios, it is
possible to conclude that using both measurements to estimate de PDG pressure is slightly
better than using a single one. The mean error of the p,4, estimated for scenario C using
the CEKFS is 9.04.10* Pa (0.38%), and for scenario D using the DEKF is 1.34.10° Pa (0.56%),
which are considered small in terms of practical purposes.

Figure 3.14 shows the derivative of p, 4, estimated by the DEKF and the CKF for the first
400 points in order to compare the errors, capturing the behavior of this variable and
disregarding its bias.
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Figure 3.14: Derivative of the p, 4, estimated by the CEKFS and the CKF for a) Scenario C,
and by the DEKF and the CKF for b) Scenario D.

In scenarios C and D, the violin plots from all the Kalman filter techniques show a
bimodal distribution with more apparent errors in the amplitude of the oscillations, as seen
in Figure 3.14. For both cases, the extended filters show smoother results for the p,q,4
derivative compared to the CKF. However, for scenario D, the CKF estimation improved
perceptibly compared to scenario C due to the absence of the p,, measurement.

Considering the synthetic data simulated in OLGA, there is a model discrepancy. The
model used in OLGA is much more complex in terms of modeling than the FOWM, which is
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why the Kalman filter estimation is difficult. Therefore, in this section, in which simulated
data are used, the results using extended Kalman filters are considered the most suitable
in terms of cost-benefit between accuracy and computational time.

3.5.2 Real data

The results for the PDG pressure estimation using different methodologies of Kalman
filters for real industrial data are presented in this section. The CEKFS methodology was not
able to estimate the p,q4 for both real data scenarios. For this reason, its results are not
reported in this section.

The results for scenario E are presented in Figure 3.15.
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Figure 3.15: Scenario E: p,, 4, estimation using p,; and p;; measurements of a real
production system with a) DEKF, b) CEKF, c) UKF, and d) CKF.

Table 3.10 shows the mean squared error and the computational time for scenario E,
in which the CKF method presents the smallest MSE value with the second largest
computation time. Once again, the PDG pressure estimation follows the same frequency
as the experimental data for the filter with no linearization. In this case, it is even more
apparent that the results with extended filters lose information when the model is
linearized, since their amplitudes are much higher and their frequency does not follow
properly the industrial data, when compared to the filters with no linearization.
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Table 3.10: Computational time and MSE for scenario E.

Filter DEKF CEKF UKF CKF Ref. Value
Time (s) 1.00* 3.58* 5.24% 4.57* 67.79
Error (Pa) 8.36* 8.35* 1.23* 1.00* 11468.26

* multiplied by the reference value.

Figure 3.16 shows the results for scenario F comparing the four state estimators.
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Figure 3.16: Scenario F: ppq4 estimation using p;; measurements of a real production
system by a) DEKF, b) CEKF, c¢) UKF, and d) CKF.

By comparing the results from scenario F, it is seen that the CKF can estimate the p,q4
with the highest accuracy. The results using only the p;; measurement are even more
reliable than using both p,.; and p;; measurements, as seen in Table 3.11.

Table 3.11: Computational time and MSE for scenario F.

Filter DEKF CEKF UKF CKF Ref. Value
Time 1.00* 1.37* 3.38* 3.23* 93.90
Error 11.01* 11.00* 1.36* 1.00* 9579.84

* multiplied by the reference value.
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By comparing the errors in scenarios E and F, the advantages of using nonlinear filters
over extended filters for highly nonlinear systems, when the model is properly adjusted
(see Figure 3.4), are very clear. In these cases, linearizing the process model, considering
the strong noise presented in industrial data, is not the best option, since it results in higher
errors and consequently in a poor estimation. When nonlinear filters are used, it is evident
that the PDG pressure estimation is much smoother than in other cases This is because the
model is not linearized and, therefore, no information is lost during the estimation.
Nevertheless, due to the process complexity and unmeasured disturbances, the estimation
is not perfect.

The box and violin plots of the p,,44 pressure residuals for the real data from industry
are presented in Figure 3.17 and Figure 3.18, in which the first point is not considered due
to the initialization error.
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Figure 3.17: Residual box plot of the p, 44 for a) Scenario E and b) Scenario F.
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Figure 3.18: Residual violin plot of the p, 4,4 for a) Scenario E and b) Scenario F.

From the box and violin plots from scenario E and F, in a first glance, the CKF and the
UKF show better performances, respectively, because they show a smaller vertical
distribution and the median closer to zero. It means that they have less data discrepancy
and more confidence in the p,q, estimation. The mean error of the p, 44 estimated by the
CKF for scenario E is 1.92.10° Pa (1.02%) and 9.73.10* Pa (0.52%) for scenario F, which are
considered small in terms of practical purposes. In Figure 3.19, the behavior of the p,44
estimated by the DEKF and the CKF is analyzed, considering its derivative evaluation.
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Figure 3.19: Derivative of the p, 4, estimated by the DEKF and the CKF for a) Scenario E
and b) Scenario F.

The ppqgy estimation using the DEKF, in both scenarios, does not capture correctly the
industrial data behavior. In this case, the information is lost during the linearization of the
extended filter, leading to more significant discrepancies. Thus, there are errors of
amplitude and frequency, which follow a normal distribution, all along with the dataset.
Meanwhile, the p,q4, estimation using the CKF captures the industrial data behavior,
except for its amplitude, as shown in Figure 3.19. Considering the violin plot of this case
study, similar to the previous scenarios, the filters with no linearization show a bimodal
distribution. Therefore, due to the oscillations, there are two different groups of errors:
either at the peaks or at the valleys.

In our case study, in the simulated scenarios, the model is not properly adjusted as in
the industrial ones. In scenarios A and B, the CKF slightly outperformed the extended filters,
whereas for scenarios C and D, the DEKF performed better for the p, 4, estimation. As
discussed before, the model simulation for these scenarios (Figure 3.4) showed a poor
performance for the p,; variable, which may have hindered the UKF and the CKF
estimation. Meanwhile, for the industrial case (scenarios E and F), the model fit was not as
problematic. In this case, the advantage of using a filter with no linearization for highly
nonlinear models arose, in which the visible improvement of the p,4, estimation obtained
by the CKF over the DEKF can be worth the high computational cost (4 times larger than
that demanded by the DEKF).

From the case studies, it was verified that using only the p;; measurements, the results
of the PDG pressure estimation were similar to or better than those using both the p,.; and
Dt measurements. As the Christmas tree pressure is close to the permanent downhole
gauge, it may represent the p, 4, better than when using both measurements.

In oil well systems, some papers apply the UKF as a data-driven soft sensor to estimate
online the downhole pressure based on available measurements (AGUIRRE et al., 2017;
REZENDE; TEIXEIRA; MENDES, 2015; TEIXEIRA et al., 2014). In this case, an alternative to
the UKF is to apply the CKF, which results in even more accuracy with less computational
time with the advantage of having fewer tuning parameters than the UKF.
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Considering that a simplified semi-empirical model and one dataset were used, the
results presented here were surprisingly good. In this industrial case, the CKF presented
the best cost-benefit between accuracy and computational time for the p,4, estimation,
differently from the state estimators previously used in the literature for the same purpose.
It is indispensable to mention the greatest objective of the PDG pressure estimation again,
which is its control to achieve the most productive oil production in an optimized way,
injecting less amount of gas lift, saving electricity and money.

3.6 Conclusions

The PDG pressure estimation is of great importance to describe the dynamics of an oil
well, mainly in terms of process control. In this paper, the p, 44, was estimated using state
estimators, which provide an estimate of the desired variable based on three available data
sets (two simulated and one real industrial data set from both top and Christmas tree
pressures) using a simple semi-empirical model that predicts the slugging behavior using
gas lift. Five different Kalman filter-based approaches were compared to conclude which
one is the best for the PDG estimation: discrete extended Kalman filter (DEKF), constrained
extended Kalman filter (CEKF), constrained extended Kalman filter and smoother (CEKF&S),
unscented Kalman filter (UKF) and cubature Kalman filter (CKF).

For the scenarios considered in this work, the CKF works better if the model is adjusted
correclty, as in the industrial case. In this case, using a filter with no linearization for highly
nonlinear models may be worth it. On the other hand, the DEKF works fine when the model
is not correctly adjusted, as in the simulated scenarios. In this case, the model simulated
poorly the p,. variable, hindering the p,4, estimation with the Kalman filters with no
linearization. The extended filters, however, estimated the p,q, satisfactory. For all
scenarios presented in this paper, the mean error of the estimated p, 4, was around 1%,
which is considered small in terms of practical purposes. In this case, the authors consider
a relative error up to 5% still acceptable in terms of field application and practical purposes.

Even when the CKF works better, the problem of using this filter is its high
computational cost. Thus, the user must evaluate the cost-benefit for each case. For
example, when simulated data is used, the errors of the DEKF estimation are not so
significant (around 2 to 3 times the magnitude of the CKF), thus this state estimation with
linearization fits well. On the other hand, when industrial data is used, the errors of the
DEKF estimation are higher (8 to 11 times the magnitude of the CKF), which compensates
the computational cost.

Also, it is possible to verify that using only p;; measurements, the results of the PDG
pressure estimation have, on average, similar precision to using both the p,; and p;
measurements. This happens once the Christmas tree is close to the Pressure Downhole
Gauge (PDG). As mentioned before, the advantage of using both p,; and p;; (or only the
Pr¢ ) as inputs to estimate the p,q, is that their gauges are easy to replace, in case of a
fault, and they are reliable, considering the process noise. Moreover, some p,q,4 values can
be obtained by the well test, and their measurements can be used in the Kalman correction
step to update the covariance matrix for the next simulations.

The results presented in this work are also interesting in terms of the oil production
control, since the correct estimation of the PDG pressure can help to achieve the most
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productive oil production in an optimized way, injecting less amount of gas lift, saving
electricity and money.
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Capitulo 4 — Incrustacao e
acompanhamento operacional de rede
de trocadores de calor utilizando
técnica de estimadores de estado

O presente capitulo foi omitido no texto parcial da tese, uma vez que estd em
revisdo em revista cientifica.






Capitulo 5 - Estimacao do bias: uma
solucao simples para a principal
desvantagem dos estimadores de
estado nao lineares

O presente capitulo foi omitido no texto parcial da tese, uma vez que estd sendo
preparado para submissdo em revista cientifica.






Capitulo 6 — Filtro de Kalman robusto
estendido com janela movel através de
formulagao em programacao quadratica

O presente capitulo foi omitido no texto parcial da tese, uma vez que esta em
revisdao em revista cientifica.






Capitulo 7— Consideracoes finais

Este capitulo apresenta as principais conclusGes do trabalho e sugere futuras
pesquisas em estimadores de estado ndo-lineares e com janela movel.

7.1 Conclusoes

Os estimadores de estado, ou observadores, sdo técnicas que reconstroem os estados
de um modelo dinamico a partir das medidas de entrada e saida do sistema. Eles podem
ser baseados na teoria probabilistica (proposto por Kalman), que considera ruidos no
modelo ou na teoria deterministica (introduzida por Luenberger) sem a presenca de ruidos.
Embora, na sua génese, o controle “moderno” tenha motivado o surgimento dessas
técnicas em 1960, os estimadores de estado sdo hoje em dia aplicados também em
reconciliacdo de dados, analisadores virtuais, estimac¢do de parametros, gémeos digitais e
deteccdo de falhas.

Considerando que o nimero de metodologias para a estimac¢ao de estados é elevado,
uma breve revisdao das técnicas foi apresentada no Capitulo 2 de modo a facilitar o
entendimento. Além da revisao historica, foram discutidas caracteristicas de interesse, tais
como linearidade, custo computacional, e vantagens e desvantagens do uso de diferentes
estimadores de estado.

Através de uma aplicacdo em caso real, estimadores de estado estendidos e nao
lineares foram utilizados na estimag¢ao da PDG como analisador virtual no Capitulo 3. Os
resultados mostraram que os filtros ndo lineares retornam os melhores resultados quando
o modelo estava bem ajustado, que era o caso real. Os filtros estendidos, no entanto,
mostraram uma melhor performance para os cenarios simulados, considerando que o
modelo ndo estava tdo bem ajustado.

Porisso, no Capitulo 5, foi proposta uma metodologia para compensacdo do “bias” para
os filtros ndo lineares para casos em que o modelo ndo estava tdo bem ajustado. Essa
técnica simples estima o “bias” como uma varidvel através de técnica de estado
aumentado, deixando o filtro de Kalman sem rastro e de cubatura mais precisos, mesmo
em um cendrio de ajuste inadequado do modelo.

No Capitulo 4 foi abordada a estimacdo do parametro do coeficiente de incrustacdo em
tempo real de uma bateria de trocadores industrial através de técnica de estado
aumentado. Embora outras técnicas para cdlculo da resisténcia a incrustacao tenham sido
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propostas, elas falham no caso industrial comum, onde todas as propriedades fisicas
necessarias ndo estdo disponiveis. Os resultados se mostraram promissores para estimacao
de varidveis desconhecidas em paralelo com a estimacdo do parametro desejado,
aumentando a capacidade de monitoramento do sistema.

O Capitulo 6 complementa a tese, mostrando a importancia da utilizacdo de
estimadores de estado com janelas mdveis para a estimacdo simultdanea de estados e
parametros em tempo real para o estudo que motivou a tese, a planta de quatro tanques
esféricos. Nesse caso, metodologias com janelas mdveis se mostram mais adequadas, uma
vez que elas sdo capazes de reduzir erros de modelagem e também retornar estimados
mais suavizados e sem bias. Além disso, no estudo, sdo apresentadas formas simples e
robustas para reescrever o filtro de Kalman “nao linear” retrocedido e retrocedido robusto
como programagcao quadratica. Além disso, essa Ultima técnica mostrou os resultados mais
suavizados para todas as metodologias, tanto para a estimacdo de estados e parametros,
sendo, portanto, a mais recomendada para uma aplica¢ao industrial.

7.2 Sugestoes para trabalhos futuros

Assim como os filtros estudos neste trabalho, o mesmo faz parte de uma janela de
desenvolvimentos, os quais permitem que se sugira os préximos passos a serem realizados.
Tendo em vista os desenvololvimentos realizados nesta tese, as seguintes sugestdes sdo
algumas das mais promissoras:

e Técnica de auditoria e diagndstico de controle baseada em filtro de Kalman
com janela mdvel — Os parametros relacionados ao funcionamento da malha
de controle podem ser estimados em tempo real utilizando técnica de horizonte
movel suavizada e robusta.

e Combinag¢do de janela mével com estimagdo do bias em estimadores nao
lineares — Nesse caso, seriam combinadas as técnicas de estimagdo de bias e
janela mével na estimacgao simultanea de estados e parametros. Dessa forma, a
janela mével pode suavizar a estimac¢ao do bias.

e Técnica para ajuste do tamanho da janela — Considerando que o tamanho da
janela quando se utiliza estimadores com horizonte mével é dependente da
dindmica do sistema, amostragem, dentre outros, seria interessante
desenvolver uma metodologia que determinasse o seu tamanho. Assim nao
seria necessario ajusta-la por testes em simulagao.

e Utilizagdo de outras técnicas matematicas para pré-tratamento de janela
movel — A utilizagdo de dados dos ultimos pontos (ao invés de apenas o ultimo)
nos estimadores de estado, abre a possibilidade de utilizar técnicas de
suavizacao, remocao de outliers, dentre outros, diretamente na janela mével.
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