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RESUMO

Esta tese traz contribuicdes para sistemas de controle e otimizacéo dos processos de producéao de
petréleo e gas natural em platafornoeshore. Tal producéo € de fundamental importancia para

o Brasil, mas esta cheia de desa os e exige garantias de qualidade e seguranca. Nesse contexto, a
melhoria dos sistemas de controle € um tema de grande relevancia tanto econémica como social.
Assim, o objetivo desta tese é desenvolver e aplicar estratégias de controle preditivo baseado
em modelo (MPC) para controle e otimizacado econdmica de procestuse de producao de

petréleo e gas, considerando principalmente aspectos relacionados com a robustez das estratégias
estudadas e propostas. Nesse sentido, esta tese pode ser dividida em quatro partes. Primeiramente
€ apresentada uma revisao do estado da arte em relacado as aplicagbes de MPC em plataformas de
aguas profundas. Em segundo lugar, um MPC econémico (EMPC) acoplado a um estimador
denominado Filtro de Kalman Estendido € desenvolvido e aplicado a uma plataforma de
petréleo que utiliza a técnica dms-lift Por um lado, o Itro estima possiveis incertezas a
serem repassadas ao MPC. Por outro lado, o EMPC escolhe a operacao 6tima com base em
um modelo mais simples e constantemente adaptado (usando modi cadores). Na pratica, isso
combina as vantagens do MPC com a estratégia de Adaptacao via Modi cadores, resultando em
um controlador com maior zona operacional, gerando um problema de programacéo quadratica
de facil resolucdo e com acdo mais frequente portanto independente de um otimizador
mais lento baseado em modelos estaticos nao lineares. Assim, o0 método proposto resolve o
principal problema do EMPC, que é o alto custo computacional da estratégia, que geralmente
impede sua aplicacao na prética. As preocupacdes de factibilidade e estabilidade também séo
abordadas, embora provas s6 estejam disponiveis para condicdes moderadas. Na terceira parte, 0
EMPC desenvolvido é comparado com outros controladores avangados, incluindo estratégias nao
baseadas em MPC. Os resultados mostram que o MPC proposto é apropriado para o processo,
obtendo desempenho melhor ou semelhante ao das técnicas estudadas, que incluem o EMPC
classico, controladores regulatorios avancados baseados em PID e um otimizador estético de
tempo real que utiliza uma taxa de amostragem rapida. A diferenca € que o controlador proposto
combina a otimizacdo econdmica a0 mesmo tempo que cumpre as restricbes do processo, 0
gue signi ca que as perdas econdmicas dinamicas também sdo minimizadas. No entanto, possui
uma sintonia mais complicada e o esforco para obter um modelo con avel é maior do que

0 necessario para usar algumas abordagens nao baseadas em MPC. Enquanto uma receita
para sintonia é fornecida em conjunto com a apresentacdo da técnica, aborda-se o esforco de
modelagem na quarta parte da tese. Para tanto, o EMPC é aplicado a um poco de petroleo cuja
producao € arti cialmente elevada por uma bomba elétrica submersivel. E mostrado que um
modelo substituto aproximado pode ser usado para ns de adaptacéo no algoritmo de controle
EMPC proposto, facilitando o esforco de modelagem, e que o controlador é versatil o su ciente
para lidar com as especi cidades do processo, como restricdes variveis no tempo e restricbes
de capacidade, ao mesmo tempo em que lida com o problema dinamicamente. Com base nos
resultados apresentados, pode se concluir que o EMPC proposto € uma alternativa viavel para
aplicacdes praticas nos sistemas de prodocgtmre.

Palavras-chave MPC econdmico. Adaptacdo de modi cador. Plataformas o shore. Otimizacéo
de gas-lift. Bomba Submersivel Elétrica.



RESUMO EXPANDIDO

Introducéo

Esta tese traz contribuigdes para sistemas de controle e otimiza¢do dos processos de producéo de
petréleo e gas natural em platafornedishore Mesmo considerando o aumento da participagéo

de energias renovaveis na matriz energética mundial, o petréleo e o gas natural ainda terdo uma
importante participa¢cdo nessa matriz nos proximos anos, para acompanhar o desenvolvimento
industrial e 0 aumento do consumo por parte da populagcéo. Em particular, prevé-se que o Brasil
seja um dos principais atores, possivelmente responsavel pela producao de cerca de 50% do
petréleooffshoredo mundo em 2040. No entanto, a produgcdo no ambifféboreesta cheia

de desa os e exige garantias de qualidade e seguranca. Nesse contexto, a melhoria dos sistemas
de controle € um tema de grande relevancia, tanto economica como socialmente.

Objetivos

O objetivo desta tese € desenvolver e analisar solucBes de controle, utilizando principalmente
o controle preditivo baseado em modelo (MPC), para aplicacéo pratica em redes de producao
offshorede petroleo e gas, visando aumentar a seguranca e a lucratividade. A proposta considera
cenarios reais e incorpora aspectos praticos e humanos.

Os objetivos especi cos sao:

1. Desenvolver formulagdes inovadoras de MPCs econdmicos (EMPC), oferecendo um contro-
lador com custos computacionais viaveis para sistemas de prodifigidore

2. Analisar as propriedades do EMPC proposto em termos de e ciéncia e desempenho com-
putacional, incluindo comentarios sobre sua dependéncia de observadores e estimadores.

3. Apresentar diretrizes para uma sintonia adequada, com o objetivo de aumentar a estabilidade
e a robustez do controlador proposto, além de facilitar sua aplicacéo pratica.

4. Analisar o desempenho da solucdo proposta em comparagcdo com outras existentes na liter-
atura, incluindo estratégias ndo baseadas em MPC, considerando cenarios realistas da indus-
tria de petroleo e gas.

5. Veri car a escalabilidade da técnica proposta, como forma de avaliar sua aplicacéo pratica.

6. Realizar uma revisao bibliogra ca sistematica das estratégias MPC aplicadas aos sistemas
de producamffshore

Metodologia

A metodologia utilizada para o desenvolvimento da tese foi dividida em 4 etapas. Na primeira
etapa, foi realizada uma reviséo da literatura relevante atual em relacéo a aplicagcéo de técnicas
de controle preditivo baseado em modelo para platafoofialsorede extracdo e producéo de
petréleo e gas.



Na segunda etapa, foi desenvolvido um algoritmo MPC econ6mico com adaptagédo do modelo
por modi cadores que demonstrou bom desempenho em um simulador de rede de producéo de
petréleo com elevacéo arti cial pgas-lift Nestes testes foram avaliadas métricas como tempo
computacional e desempenho temporal. Além disso, a real aplicabilidade e robustez do contro-
lador foram postas a prova atravées de testes que consideram ruido de medicao, perturbacdes
nao mensuraveis e os efeitos do acoplamento entre controlador e estimador (neste caso, um
estimador de estado conhecido como Filtro de Kalman Estendido — EKF).

Na terceira etapa, o EMPC desenvolvido foi comparado com outros controladores avancados,
incluindo estratégias ndo baseadas em MPC para veri car as vantagens e desvantagens da téc-
nica proposta. Estas estratégias incluem: (i) EMPC classico — utilizando modelos néo lineares
para predicao; (ii) controle de restricao ativa — onde o ponto econémico 6timo corresponde ao
limite da planta e seletores e PIDs sédo usados para manter a planta préximo de tal limite; (iii)
otimizador estatico em tempo real com adaptacao persistente de parametros — no qual um RTO
com tempo de amostragem menor do que as técnicas de RTO classicas é utilizado e tem seu
modelo constantemente adaptado baseado em estimacdes dos parametros incertos do sistema
(iv) outros EMPC simpli cados. Essas comparacdes foram realizadas utilizando um modelo de
maior dimensao (maior nimero de estados e de variaveis manipuladas e controladas), servindo
também como um teste de escalabilidade das técnicas.

Na ultima etapa, com o objetivo de veri car a viabilidade de uso do controle proposto em um
processo mais rapido, o EMPC proposto foi aplicado a um poco de petréleo cuja producéo
€ aumentada arti cialmente por uma bomba elétrica submersivel (ESP). A funcdo custo e o
modelo MPC foram representados por modelos substitutos para adaptacgao, facilitando o esfor¢o
de modelagem. Outras restricées pertinentes do sistema também foram consideradas.

Resultados e Discussao

Os resultados da utilizagdo do EMPC proposto no sistema de producagaselift mostram

gue a estratégia proposta leva o processo a condi¢éo operacional ideal de forma factivel e estavel,
sempre respeitando as restricdes. A técnica acelera os calculos dos modi cadores utilizando o
modelo néo linear conhecido da planta, o que corrige a incompatibilidade entre o modelo linear
do MPC e 0 modelo nao linear — normalmente utilizado no RTO. Porém, a estratégia proposta
nao corrige o erro entre o modelo e a planta. Assim, o EMPC proposto converge para o 6timo
se 0 modelo ndo linear representar perfeitamente a planta, sendo que, em caso contrario, o con-
trolador apresenta perdas no sentido econémico que, para o caso testado, demonstraram ser
pouco relevantes. Isso ocorre devido a falta de informacgdes sobre o reservatorio e a auséncia
de estados mensurados. Por meio de simula¢gdes, demonstramos que, se os estados forem esti
mados com precisdo, o controle converge para o 6timo da planta. Ademais, 0 mesmo obteve
desempenho temporal adequado — com um ganho econdmico de 20% quando comparado com
a abordagem de adaptacéo de entrada direta — e carga computacional in ma — média de 85 ms



para resolver o problema. No entanto, isso depende de um ajuste adequado de observadores e
controladores regulatérios. Além disso, as simulacdes mostram uma sensibilidade do EMPC ao
ruido de medic&o que deve ser contornada com ajuste adequado de Itros de ruido.

Os resultados da terceira parte mostram uma comparacao para o problema de otimizacédo de
gas-liftconsiderando uma rede com seis pocos produtores e diversas restricdes e cenarios opera-
cionais. Nota-se que o EMPC classico requer um horizonte bem maior do que todas as outras
técnicas e possui um tempo de execu¢do muito longo, além de ser altamente dependente do
observador e exigir um elevado esfor¢co de modelagem. Do ponto de vista do esforco computa-
cional, o EMPC proposto obteve desempenho semelhante ao RTO com adaptacéo persistente
(ROPA) e melhor que 0 EMPC classico. Infelizmente, a abordagem proposta usa modelos mais
complexos que o ROPA, embora tenha desempenho temporal parecido. Finalmente, a estrutura
de controle de restricdes ativas demonstra que PIDs e seletores sdo su cientes como contro-
ladores avancados para este estudo de caso, visto que varias restricdes foram colocadas no prob-
lema. Em suma, todas as estratégias lidaram com sucesso com mudancas nos precos e falhas
na plataforma, com o EMPC proposto apresentando desempenho no mesmo nivel de técnicas
aclamadas na literatura, podendo ser adaptado para o caso com erro estrutural de modelo.

Na quarta etapa, o estudo focou na probleméatica do esforco de modelagem necessario para
aplicacdo da técnica proposta. Mostra-se a aplicacdo bem-sucedida do EMPC em um po¢o com
ESP. O calculo dos modi cadores é baseado em uma aproximacdo do mapa de entrada/saida
— construidooff-line. Mesmo baseados no modelo aproximado, os modi cadores melhoram a
resposta transitoria sem afetar o desempenho em estado estacionario, resultando em um controle
semoffsetecondmico. Assim, existe um controle econémico com baixo custo computacional

e dependente apenas de modelos prontamente disponiveis. Além disso, o controlador proposto
mantém o sistema em uma zona segura representada por restricoes variantes no tempo. Mostra-
se também a importancia de basear tais restricbes apenas nas medi¢cdes da altura manométrica
(varidvel medida) para evitar situacdes perigosas mesmo que existam erros de estimacéo. Assim,
o0 EMPC baseado em modelos simpli cados, em conjunto com um Itro de ruidos, mantém o
sistema proximo do seu 6timo mesmo com erros de estimacao, distarbios e ruido.

Consideracoes Finais

Ante todo o exposto, esta tese gerou contribuicdes ao estado da arte para otimizacao e controle
de processos presentes em plataformas de petréleo. Em particular, foi possivel obter um MPC
econdmico que lida com problemas centrais de técnicas anteriores, como elevada carga com-
putacional, di culdades para sintonia e elevado esforco de modelagem. Assim, a técnica pro-

posta € uma alternativa promissora para aplicacdes reais dado que tem um bom compromisso
entre robustez e desempenho e também entre esforco computacional e esfor¢co de modelagem.

Palavras-chave MPC econdmico. Adaptagédo de modi cadores. Plataformas offshore. Otimiza-
cao de gas-lift. Bomba Submersivel Elétrica.



ABSTRACT

This thesis contributes to control systems and optimization of oil and natural gas production
processes on o shore platforms. Such production is of fundamental importance to Brazil, but it
is full of challenges and requires quality and safety guarantees. In this context, the improvement
of control systems is a topic of great economic and social relevance. Thus, the objective of this
thesis is to develop and apply model-based predictive control (MPC) strategies for control and
economic optimization of o shore oil and gas production processes, considering mainly aspects
related to the robustness of the strategies. In this sense, this thesis can be divided into four parts.
First, a review of the state of the art regarding MPC applications on deepwater platforms is
presented. Secondly, an economic MPC (EMPC) coupled with an estimator called Extended
Kalman Filter is developed and applied to an oil platform that uses the gas-lift technique. On the
one hand, the lter estimates possible uncertainties to be passed on to the MPC. On the other hand,
the new EMPC chooses the optimal operation based on a simpler and constantly adapted model
(using modi ers). In practice, this combines the advantages of MPC with the Modi er Adaptation
strategy, resulting in a controller with a larger operational zone, generating an easily solvable
guadratic programming problem, and with more frequent action therefore independent of a
slower optimizer based on nonlinear static models. Thus, the proposed method solves the main
problem of EMPC, which is the high computational cost of the strategy, which generally prevents
its application in practice. Feasibility and stability concerns are also addressed, although proofs
are only available under mild conditions. In the third part, the developed EMPC is compared
with other advanced controllers, including non-MPC-based strategies. The results show that
the proposed MPC is appropriate for the process, obtaining better or similar performance to
the studied techniques that include classical EMPC, advanced regulatory controllers based on
PID, and a static real-time optimizer that uses a fast sampling rate. The di erence is that the
proposed controller combines economic optimization while complying with process constraints,
which means that dynamic economic losses are also minimized. However, it is more complicated
to tune and the e ort to obtain a reliable model surpasses that of certain non-MPC methods.
While a recipe for tuning is provided in conjunction with the presentation of the technique, the
modeling e ort is addressed in the fourth part of the thesis. To this end, EMPC is applied to an
oil well whose production is arti cially increased by an electric submersible pump. It is shown
that an approximate surrogate model can be used for adaptation purposes in the proposed EMPC
control algorithm, easing the modeling e ort, and that the controller is versatile enough to deal
with process speci cities, such as time-varying constraints and capacity constraints, while also
handling the problem dynamically. Based on the presented results, it can be concluded that the
proposed EMPC is a viable alternative for practical applications in o shore production systems.

Keywords: Economic MPC. Modi er Adaptation. O shore Rigs. Gas-Lift Optimization. Electric
Submersible Pump.
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1 INTRODUCTION

This chapter aims to present the motivation for this thesis, focusing on its theoretical
elements and the challenges to be overcome. Additionally, the contributions and publications of
the thesis are also outlined.

1.1 OIL AND GAS PRODUCTION - A CONTEXTUALIZATION

In the past decades, there has been a growing demand for energy to keep up with the
world's industrial development and to improve society's well-being. According to Enerdata, in its
annual report on energy, world energy demand grew by about 2.1% in 2022, and higher than its
average 2010-2019 growth rate (+1.4%/year) (ENERDATA, 2023). This growth trend in energy
demand is clear, especially when one observes historical values as shown in Figure 1.

Figure 1 World total energy consumption (in exajoule) by source: historic series.
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Figure 2 also shows that this growth is mainly driven by Asia, but occurs globally. Brazil
IS no exception, having a 2.4% growth in energy consumption in 2022. In addition to the growth
trend, Figure 2 also shows that we still heavily rely on fossil fuels such as oil, natural gas, and
coal. In fact, petroleum alone is responsible for 30% of the global energy demand (ENERDATA,
2023). Although the world is moving towards a more sustainable and less carbon-based energy
mix, an oil production increase is expected, at least in absolute numbers. Furthermore, one can
also notice a growth in global natural gas consumption. It is projected to continue growing in
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absolute terms (and as a share of the world energy mix) because of its economics and lower
carbon emissions relative to other energy sources (IEA, 2021b).

Figure 2 World total energy consumption by world region: historic series.

Source: Enerdata (2023).

Therefore, even though oil is likely to become obsolete, it is still a powerful and pro table
energy source in the short and medium run (ANP, 2018). This is particularly true for developing
countries, which will rely longer on oil production to ensure energy access for all @tap,

2023).

Moreover, the importance of natural gas cannot be understated due to the key role it should
play as the leading transition energy source (IEA, 2019). All that only stresses the importance
of the Oil and Gas (O&G) industry. In this context, we highlight that Brazil is the eighth-largest
global oil producer and consumer and it has the largest recoverable ultra-deep oil reserves in
the world. Even though it is heavily investing in renewable energy technology (CENTRE/BNEF,
2020), the forecast is that Brazil will be the fth largest global oil producer by 2050. Additionally,
the International Energy Agency (IEA) highlights the relevance of Brazil estimating that it will
become responsible for the production of about 50% of the world's o shore oil in 2040, about 5.2
million barrels/day. Such a forecast is realistic since Brazil already produces an average of 3.318
million barrels per day (an increase from the 2.9 million barrels produced daily two years ago)
(ANP, 2024). On top of that, notice that this production is predominantly o shore (96 percent),
with oil reserves of 12.2 billion barrels in o shore elds and 0.6 billion barrels in onshore elds
(ZACHARIAS et al, 2020). Thus, it is paramount to explore our o shore potential as soon as
possible.

Undoubtedly, the main objective continues to be the maximization of oil production,
within physical, safety, and operational constraints (MULL&Rl., 2022). For (Brazilian) deep
or ultra-deep wells applications, operators have to deal with a harsh scenario with countless
obstacles including but not limited to varying production costs (SOUSA SANT&Sl.,

2018), oating prices, lack of subsea sensors/actuators (CAME@E 2017), unstable behavior
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(PEDERSENEet al, 2017), and several plant transients (DE SANTARK#Aal, 2017) (due to
unmeasured disturbances, uncertainties, noise, and time-varying variables).

Moreover, most deep wells are not naturally owing: the reservoir pressure cannot drive
the uids to the topside facilities. Thus, arti cial lifting methods need to be applied. This, in
turn, increases the complexity of the plant. Given this, ful lling all objectives while adhering to
constraints can be impractical, particularly if handled as a centralized optimization and control
problem. Thus, the optimization and control problems are often divided into layers as shown in
Figure 3.

Figure 3 The traditional hierarchic for process optimization and control.

Source: Author.

The hierarchical approach facilitates decision-making over di erent time scales (as
illustrated in Figure 3), addressing short-term and long-term goals. In this control hierarchy,
the upper layers provide setpoints to the lower layers, which report any issues in meeting those
targets.

The main focus of this thesis is the day-to-day production strategy, also known as Daily
Production Optimization (DPO), which aims to maximize pro t while respecting operational
and process restrictions, thereby optimizing the economics of the process. In an o shore oil
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and gas plant, these decisions may include network routing, gas lift allocation, choke settings,
capacity considerations, etc.

The DPO problem is mostly based on steady-state models represented by highly nonlinear
equations (CAMPOS®t al., 2015). This layer, called the Real-Time Optimization (RTO) layer,
aims to compute the stationary targets that will maximize the economic objective in a time scale
of hours.

Following optimization, the RTO layer often sends the set points to the supervisory control
layer, e.g. MPC, which oversees the various regulatory controllers assessing their coupling, and
also considers the multivariable nature and constraints of the process. The aim is to steer
the process, ideally along an optimal path, to operate at these RTO setpoints while rejecting
disturbances (ALAMCet al, 2014; SHAMAKI et al,, 2020). Ordinarily, the advanced controller
is based on simple linear models and is called more frequently than the RTO.

Finally, at the lower (regulatory) level, simpler controllers such as Proportional Integral
Derivative (PID) are preferred since decisions are made more frequently. Such a layer is
primarily responsible for stability and safety, reducing process variability: one must keep the
system around a steady-state point de ned by the advanced control layer (supervisory layer).

Remark 1 We emphasize that one can tackle the DPO problem using: (i) a conventional
hierarchical framework that includes static economic optimization (RTO) followed by a simpli ed
dynamic one (MPC); or (ii) a one-layer dynamic controller for economic optimization (Economic
MPC). This work proposes formulations for this latter scope since it collapses two layers into
one fully integrating operational and economic control.

Remark 2 We limit this work scope to short-term objectives only, assuming that medium-term
decisions such as well status (open/close) and production routing (to di erent separators or
platforms) have been previously determined.

With a focus on the economic optimization of production networks, the next section
summarizes the current RTO landscape and its challenges.

1.2 REAL-TIME OPTIMIZATION - CHALLENGES AND ADAPTATION STRATEGIES

As stated before, RTO consists of techniques that use real-time data to estimate a process's
best steady-state operating point, considering some economic criteria. Ideally, the RTO layer
would solve Problem 1.

muin p(U, Yp) (1a)
subject to

Op(uyp) O (1b)
fo(uyp) =0 (1c)

Unin U Umax (1d)
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where p is the cost functiony are the inputs between the lower and upper limitg;f, Umax.
Yyp are the process outputy, a set of constraints arfg the real process model in steady state.
The subscripp indicates that the variable or function corresponds to the real process.

Sadly, the correct mappirfg is generally unknown. Thus, the e ectiveness of RTO relies
on the precision of the modelf, andgm, and measurement reliability. Moreover, the problem
must be solved within a timeframe shorter than the RTO execution interval, meaning there is a
trade-o between model accuracy and computational complexity.

Therefore, even an excellent model does not exactly match the real process due to
uncertainty or disturbances (MARCHET#Et al,, 2016). One can deal with this using one of
three approaches: model-parameter adaptation, modi er adaptation, or direct input adaptation. A
brief overview of each technique is hereafter provided, but for more in-depth discussion, readers
are directed to the work of Chachuettal. (2009).

The standard way of implementing RTO is via the so-called two-step approach (model-
parameter adaptation). In the rst step, the values of the adjustable model parameters are
estimated using the process output measurements. In the second step, the updated model is used
to determine a new operating point by solving an optimization problem such as Problem 1.

The direct input adaptation transforms the optimization problem into a feedback control
problem. The aim is to achieve optimality (or acceptable losses) without optimization via
tracking some variables related to optimal plant performance at their set point values. These
often rely minimally on models or do not use them at all. Examples include self-optimization
control (SKOGESTAD, 2000), extremum-seeking control (ARIY®HRl., 2003), NCO tracking
(SRINIVASAN et al, 2011), and active constraint tracking.

On the other hand, modi er adaptation involves updating the real-time optimization
model with corrections to the cost and constraints (or the outputs) based on past plant data, which
allows the RTO model to re ect the plant better. This combination of model and operational
data allows for optimizing plant performance without fully modeling every detail, which may be
expensive.

In this thesis, we chose to work with the modi er adaptation approach since it converges
to a Karush-Kuhn-Tucker (KKT) point for the plant and exhibits fast convergence when compared
to model-free methods (CHACHUA@t al, 2009; MARCHETTIet al,, 2009).

1.2.1 Modi er Adaptation

As noted before, there is always some plant-model mismatch, caused by three factors:
parametric uncertainty (model parameters do not match the process ones), structural mismatch
(simpli ed or omitted dynamics), and process disturbances.

One of the main issues with traditional RTO is model uncertainty, which may lead to
suboptimal operation, constraint violations, and delayed process stabilization.

To address such discrepancies between plant and model, Modi er Adaptation (MA)
aims to adjust the cost and constraints of the optimization problem by incorporating rst-order
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correction terms in the following manner:

min m(uy)+ ()T w (2a)
subject to

gmuy)+ P+ DT u) 0 (2b)

fm(uy) = 0 (20)

Unmin U Umax (2d)

These modi ers are de ned as the following plant-model di erencegiat

T @p @m
i 3a
. G, @, (3a)
g T = % @n 3b
% @, @, (3b)
2 =0p(u) gm(u) (3¢)

where E are the zeroth-order constraint modi er to correct the o set, aﬁdind  are the
rst-order gradient modi ers to correct the curvature of the model for the constraint and cost
functions, respectively. As shown in Figure 4, the linear modi cation of the constraint (or cost)
functiongm allows the value (zeroth-order) and gradient ( rst-order) of the modi ed funcgon

to match those aofjp at uy.

Figure 4 Linear modi cation of the constraint function a.

Source: Marchettet al. (2016)

Accurate computation of MA correction terms ensures that the RTO problem converges
to the process optimum, no matter the model quality, as long as the reduced Hessian of the
Lagrangian at the true optimum is positive de nite (FRANC@iSal.,, 2013).
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In this thesis, we adopt an alternative formulation based on Output Modi er Adaptation
(MAy), where rst-order corrections are applied to the output (model) functions instead of
the cost and constraint functions. According to Papasastvak (2019), the a ne corrections
in model outputs yield higher-order corrections in the cost and constraint functions, which
makes MAy a superior approximation to the Hessian than MA. Additionally, MAy enlarges the
convergence region and leads to faster convergence compared to the original approach.

1.3 ECONOMIC MODEL PREDICTIVE CONTROL

While RTO-MA handles model uncertainty more easily than traditional RTO, it is still
applied in a hierarchical structure and inherits several disadvantages.

The main drawback of the hierarchical framework is that interaction between layers
may be inconsistent, thanks in part to a model mismatch between the RTO and MPC models
since the latter considers a simpli ed (perhaps linear) local dynamic model. This is especially
troublesome in processes plagued with noise, unstable behavior (EIK&REM 2004), and
gain sign inversions (MIYOSHgt al,, 2018).

Other drawbacks include:

~ RTO wait-time. The RTO uses steady-state models, meaning (parameter or modi er)
adaptation requires steady-state measurements. A detection algorithm checks for
steady-state conditions, but frequent disturbances or long settling times can result in
extended periods of transient operation (DAR&Yal.,, 2011).

Frequent changes, dynamic limitations, or both. For instance, the economic criterion
might vary, either due to market uctuations (RAO, 2013) or variations in disturbances
estimations or constraints (FERRAMOS@#al., 2014). Because of these variations,

as well as the fact that the RTO is only solved once the process enters a steady state,
the RTO solution may not be optimal or feasible.

As aresult, there is a trend, at least in academic publications, to achieve dynamic process
operation through tight integration of operational control and economic optimization to increase
pro tability. One solution is to use EMPC to replace the RTO and supervisory layers. The EMPC
calculates the control trajectory to achieve the economic objective. An EMPC based on MA
should be able to tackle all the listed challenges.

1.3.1 EMPC based on MA

As stated before, accurate calculation of modi er terms requires perfect knowledge
of static plant gradients, which can be dicult to estimate and presents a major obstacle
to implementing MA schemes. A notable limitation of MA is the slow convergence due to
waiting for the system to reach a steady state before each modi er update, potentially taking
days in practice. Furthermore, reliable gradient estimates require avoiding noise ampli cation
(BREKELMANS et al,, 2005); and using past data that correspond to di erent conditions (for
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example, di erent disturbance values). All these make MA's utility in fast-sampling dynamic
controllers uncertain (VACCARet al,, 2021).

To deal with that, Vaccat al. (2021) and Bonviret al. (2024) discuss multiple ways
to use transient data to estimate steady-state gradients and thus speed up MA convergence. The
assumption is that it becomes more and more reasonable to assume that transient measurements
can e ectively serve as steady-state measurements as the system nears steady-state. However,
this may be problematic for systems with complex dynamics like inverse responses or unstable
modes.

Nevertheless, recent works have presented di erent formulations of the EMPC+MA
problem, in which we highlight the following relevant works:

" The O set-Free Economic MPC Based on Modi er Adaptation, as seen in the
works of Vaccariet al. (2017, 2020) and Vaccast al. (2021), incorporates the
full nonlinear dynamics into the EMPC and uses a terminal equality constraint
to ensure the nal states match those from a Steady-State Target Optimizer. This
method is computationally demanding since it solves two nonlinear optimization
problems per iteration. Moreover, the proposed EMPC also includes a simpli ed
state and disturbance estimator. The target optimizer depends on the estimated
disturbance, and the EMPC requires a long time horizon to ensure the terminal
constraint remains feasible. Vaccatial. (2021) also indicates that direct modi er
estimation is typically preferred over gradient estimation in the control layer, as plant
and model approximations are handled with the same numerical scheme. In fact,
relying on plant-gradient estimation tends to fail in achieving plant optimality.

The Economic MPC with Model Mismatch, as shown in the works by Pannocchia
(2018) and Hernande=t al. (2019) estimate process gradients using local linear input-
output models from online data and identi cation algorithms. Both approaches still
employ target optimizers and terminal equality constraints, and since the linearized
models are valid only near the current state, the optimal control actions are limited to
this local region.

The One-Layer Economic MPC based on Modi er Adaptation, as discussed in
Mirasierraet al. (2020) and Vergara-Dietricét al. (2020), proposes a single-layer
approach that integrates RTO and MPC using cost function approximation. This
results in an easier-to-solve quadratic programming problem and eliminates the need
for target calculation. Additionally, the terminal conditions are softened to enhance
feasibility. The downside is the assumption that plant gradients are known and the
lack of consideration for the impact of the state estimator.

N

The works in Oliveira-Silvat al.(2021, 2023) introduce a single-layer EMPC based on
complete nonlinear dynamics and a nonlinear state and disturbance estimator. While
this method is computationally intensive, it heavily reduces the optimality gap caused
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by plant-model mismatch, though it does not fully achieve optimality. A consistent
error in estimating rst-order modi ers is noted, stemming from experimental noise
and the fact that the “real’ model is never fully known.

As can be seen, the investigation of how to apply the EMPC+MA is an open issue.

1.4 OBJECTIVES AND CONTRIBUTIONS

From the previous sections, one may notice that, although the EMPC is more reliable
regarding economic performance, addressing nonlinear dynamic optimization problems for
complex projects remains troublesome due to the computational burden.

Moreover, the RTO and most EMPCs including EMPC-MA formulations solve
either a Nonlinear Programming (NLP) problem or Mixed Integer Nonlinear Programming
(MINLP) problem. Hence, the optimization problem may fail to converge for large-scale processes
(numerical robustness).

Finally, a key challenge is that controller tuning and maintenance require specialized
expertise, which may be lacking in the organization. Thus, while EMPC has the potential to
raise pro tability, the primary research question of this thesi$ligw can EMPC be e ectively
applied in a real-world setting while accounting for practical and human aspects?

Thus, the main goal is to develop and analyze control solutions, speci cally through
EMPC-MA, that could be easily applied in o shore oil and gas production networks to increase
safety and pro t. The key contributions are now listed chapter-wise:

1.4.1 Analysis of MPC in the oil and gas industry

Chapter 2 presents an extensive review of Model Predictive Control (MPC) policies for
enhancing oil production in deep water rigs, consolidating insights from various publications.
The focus is on extraction scenarios requiring arti cial elevation methods, particularly gas-
lift production and ESP. The chapter examines the e ectiveness of MPC in optimizing well
operations, discussing system features, prediction horizons, and control objectives. It also
addresses computational challenges and compares the strengths and weaknesses of di erent
approaches focusing on practical aspects. Finally, this review evaluates the current state of MPC
in the industry and suggests areas for future research, forming the theoretical basis of the thesis.

1.4.2 Development of a simpli ed EMPC-MA methodology

Chapter 3 builds on the EMPC with Modi er Adaptation (EMPC-Mod) approach from
Vergara-Dietriclet al.(2020), providing a controller with manageable computational costs. It uses
gradient-based and modi er-based methods to approximate a nonlinear model and cost function,
resulting in a quadratic programming problem. Modi er terms are derived from linearized
models, leading to faster convergence as noted by Hern@@éz2019). Additionally, a state
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and uncertainty (disturbance) estimator ensures accurate modi er calculation, aligning with
concerns from Vaccaet al. (2021).

Unlike other MA methods, parametric modeling errors are estimated by the observer and
incorporated into the EMPC. This is essential because, unlike other studies, the models used
here have limited information most disturbances and all states are not measurable. Additionally,

a regulatory controller is implemented to ensure stability, as modi er calculations based on
transient measurements may fail in unstable systems.

Finally, Chapter 3 also provides tips for appropriate controller design, to improve stability
and robustness. Thus, the operator may more easily ne-tune the controller.

1.4.3 Comparison and experimentation of a simpli ed EMPC-MA

Chapter 4 focuses on a comparison of control strategies for gas-lift optimization (GLO) in
o shore rigs, considering factors like aring costs, price changes, noise, disturbances, and model
mismatches. A plant with six wells twenty unmeasured states and six unmeasured disturbances,
was used to test the scalability of the controller. It was then evaluated against the traditional
economic nonlinear model predictive control (ENMPC), EMPC with Local Linearization on
Trajectory (EMPC-LLT), the static Real-Time Optimization with Persistent Parameter Adaptation
(ROPA), and the ACC based on feedback controllers. The chapter also discusses the bene ts and
limitations of each approach, providing engineers with insights to choose the optimal strategy
for improved stability and robustness.

1.4.4 A simplied EMPC-MA framework using a data-based model

Chapter 5 tests the proposed EMPC-MA against time-varying constraints. The controller
is analyzed coupled with an Extended Kalman Filter (EKF) based on a static model for estimation
purposes since we assume that only a linear dynamic model and a rigorous static model are
available for optimization and control purposes, which is the standard in the industry. Surrogate
models are used as the nonlinear model and cost function, inserting more uncertainties into the
controller. The methodology still yields an o set-free response.

1.5 THESIS ORGANIZATION

This doctoral thesis is organized as a compilation of articles in chapters. Thus, the rest
of this document is organized as follows:
~ Chapter 2 presents a review of the literature on MPC in the deep water oil production
rigs.
~ Chapter 3 introduces the EMPC-Mod control strategy and shows the tests performed,
emphasizing the temporal and computational performance.

" Chapter 4 presents a comparison between the proposed technique and other advanced
controllers which appear to be ripe for practical application.
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~ Chapter 5 presents the application of the proposed controller into an ESP-lifted oil
well. Results show that the technique can be tailored to each process and simpli ed
further.

" Chapter 6 concludes this document, presenting future research perspectives, and
limitations and challenges of the EMPCs.
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2 SYSTEMATIC SURVEY ON MODEL PREDICTIVE CONTROL SCHEMES AP-
PLIED TO OFFSHORE DEEP WATER WELLS IN OIL AND GAS INDUSTRY

This chapter serves as a theoretical background to the thesis and provides useful discus-
sions on the tested processes and the e ectiveness of MPC in optimizing well operations. More
importantly, this chapter aims to review the current state of MPC in the industry.

2.1 INTRODUCTION

Uptothe presenttime, deep-sea oil and gas elds still are a paramount source of oil and gas
reserves, playing an indispensable role in the global energy secter L1 2020). Undoubtedly,
its main objective continues to be the maximization of oil production, within physical, safety, and
operational constraints (MULLEB al., 2022). In this context, most deep wells are not naturally
owing: the reservoir pressure cannot drive the uids to the topside facilities. Thus, arti cial
lifting methods need to be applied. The most widely employed techniques to supplement the
reservoir energy, allowing optimal production, are the gas lifting method since itis inexpensive
and robust (BENAMARA, 2016) and the electrical submersible pumps (ESP) since its use is
rapidly growing (SANTANAet al,, 2022b). Therefore, we focus on these two methods for this
survey.

Both methods are widespread mainly in deep or ultra-deep wells applications where
operators have to deal with a harsh scenario with countless obstacles including but not limited
to varying production costs (SOUSA SANTOS& al,, 2018), oating prices, lack of subsea
sensors/actuators (CAMPG$ al., 2017), unstable behavior (PEDERSINal., 2017), and
several plant transients (DE SANTAN al., 2017). To alleviate the impacts of such hindrances
and the complexity of the physics involved, the optimization and control problems are often
divided into layers as shown in Figure 3.

As stated before, problem complexity and solution time increase the higher up the
hierarchy we move. Thus, at the lower (regulatory) level, simpler controllers reduce process
variability, overseen by an advanced controller in the supervisory layer, which receives its set
points from the RTO layer.

Discussions regarding the RTO layer application in (ultra)deep-sea oil production plants
with arti cial lifting are available at Fosst al.(2018). On that same token, the regulatory layer
built around PID controllers of which strong theory is readily available application for this type
of structure is well documented (see Pederseal. (2015) and the references therein). Thus,
this work focuses on advanced controllers applied in arti cially lifted oil-producing setups.

Skogestad (2023) de nes an advanced controller as any control scheme or element that
comes in addition to the basic single-input single-output feedback PID loop". These schemes
are divided into Advanced Regulatory Controllers (ARC) which is the application of standard
control elements (i.e. selectors, switches, PID, ratio, and cascade controllers) as a control system;
and model predictive control (MPC). We limit the investigation to MPC applications for gas and
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oil production systems.

2.1.1 Model-Based Predictive Control

Model-based predictive control is the most prosperous and widely used procedure besides
PID for control of industrial processes (JOARGENSEN, 2004). The term MPC does not de ne a
speci ¢ control technique, but a range of techniques based on the successive optimization of an
objective over a nite horizon that stretches from the present into the future. The basic idea is
to use future predictions, based on the process model, to calculate a vector of optimal actions
(control planning) that minimizes an objective directly considering problem restrictions. At each
instant of timek, this optimizer receives updated measurements from the plant and solves the
optimization problem again.

This framework bene ts the processes of interest examined in this work due to: (i) their
substantial dynamic relations and nonlinearities, (ii) their operation under numerous constraints,
and (iii) the necessity for supervisory control coordination.

The MPC algorithms have many alternative formulations and include diverse variations,
but we focus on two namely: economic MPC (EMPC) and TMPC.

2.1.1.1 Economic Model Predictive Control

Economic model predictive control is a variant of model predictive control that accounts
directly for process economics. It minimizes the accumulated leosp to the end of the
prediction horizon (N). The cost objective emphasizes the process's economics but includes
other terms to improve dynamic performance. A general EMPC formulation is characterized as:

J3K+N
min le(x(), u@).d()) (4a)
j=k
subject to
x(j +1) =f(x(), uG).dG)), 8 2Zz" (4b)
gx(G).u@) o, 822" (4c)

k is the current time instantjs the prediction instant on the horizdbh f is a dynamic nonlinear
model (suitably discretized), typically not considering disturbandg$ € 0); andx(j) is the
predicted state. The constraint (4¢) represents economics-based and process constraints (e.g.,
input and state constraints).

The approach merges the optimization and supervisory layers, often with no set-points.
Such tight integration of such layers aims to increase pro tability through dynamic process
operation: an economic objective considers the nonlinear dynamic process model that nearly
corresponds to the actual plant.
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Moreover, nonconvex economic functions can be handled if necessary (ANGELI, 2015).
Owing to the characteristics of most industrial processes, the (nonlinear) process model and
objective functions are inherently complex, making it a nonlinear programming (NLP) problem.
This complexity leads to signi cant computational costs for EMPC and makes tuning di cult.

2.1.1.2 Traditional Model-Based Predictive Control

The traditional MPC relies on set points (calculated through the RTO layer). Its primary
objective is to steer the tracking error the di erence between the desired output (or reference),
denoted as, and the actual outputtowards zero while ensuring adherence to speci ed
constraints (LIMONet al., 2015). A general formulation for the traditional MPC is given by:

kN
min- 1(y(), uG).r) (5a)
j=k
subject to
x( +1) =f(x(),u(),dG), 822" (5b)
y() = h(x(),u(),dG), 822" (5¢)
gxG).u@) o, 822" (5d)

wheref andh represent the system discrete dynamic maded;the predicted state throughout

the prediction horizoMN. The constraint (5d) represents the process constraints (e.g., input and
state constraints). The basic tracking problem assumes that the future set point signal is constant
and matches the current ongjf = r).

In the MPC formulation, the models can be of various types: nonlinear, linear, and
data-based, with disturbance included (or not). Given the high-frequency operation of MPCs,
simpler linear models are typically used to lessen computational demands. Moreover, the cost
functionl is a convex function, usually quadratic and in the form:

166, uG)n) = VG rIB + Il ui)IB ©)

wherer is a constant set poinf, ||2 the norm two weighted by, with Q andR being the
weighting matrices for the error and control e ortu(j) = u(j) u(j 1) isthe controlincrement
(variation in input between samples). The control increment is often included in the cost and
model to put integrative action on the controller, guaranteeing o set-free control (if reference is
feasible).

For traditional MPC, tuning the controller is relatively simple: if the ma@iss relatively
larger thanR, the controller is more aggressive (as the emphasis is on reference tracking) and
vice versa. The standard linear MPC algorithm yields an easy-to-solve Quadratic Programming
(QP) Problem.
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2.1.1.3 Other Classi cations

We organize the literature review into EMPC and TMPC since they re ect the controller's
objectives and application rationale. Nonetheless, MPC can also be classi ed by criteria other
than the objective function, which are de ned below:

N

Centralized MPC: uses a single controller for the entire system. Since it accesses
the whole system, it strives for optimal solutions. Yet, its applicability to large-scale
systems is limited due to signi cant computational and communication burdens.

Distributed MPC: multiple controllers manage distinct sub-processes of the system,
each focusing on local tasks, hence solving smaller and easier optimization
problems. These controllers cooperate to achieve a shared objective. Thus, the
approach distributes the computational burden, allowing parallelization, though it
can lead to sub-optimal solutions as local controllers must adjust to one another. Still,
it's simpler to deploy in larger systems.

Deterministic MPC: The system behavior is entirely determined by xed model
parameters, initial conditions, and known disturbances. Some of these can, in reality,
be estimations passed to the MPC which it believes to be the real values.

Stochastic MPC: addresses uncertainties and randomness through probabilistic mod-
els to predict and lessen their e ects. This approach better captures real-world
variability, enhancing robustness, yet it is far more complex than deterministic MPC.

Hybrid MPC: concerns a model that is not strictly discrete or continuous, combining
both. Examples include grey-box models, Arti cial Neural Networks (ANN), or other
mixed methodologies. Another example, the MPC may be based on a set of control
laws depending on the conditions of the plant.

Robust MPC: incorporates uncertainty and disturbances into the control design to
maintain stability and performance even when the system deviates from the nominal
model. It is computationally intensive when compared to the nominal case.

Nominal MPC: unlike its robust counterpart, it assumes that the mismatch between
model and process is negligible. It works nicely when the system operates close to
nominal conditions, but it is vulnerable to model inaccuracies, disturbances, and
uncertainties.

Adaptive MPC: uses real-time data to update the MPC model or parameters, ensuring
accuracy. It is suitable for systems with nonlinear or highly dynamic behavior. How-
ever, it is more complex and computationally demanding than nominal MPC due to
the need for parameter estimation.

Note that these criteria can overlap. For instance, a single MPC can directly handle
uncertainties and disturbances through probabilistic models in a distributed fashion while
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pursuing its set points. In this case, the controller would be classi ed as a Distributed-Stochastic-
Robust-Tracking MPC.

2.1.2 Motivation, contributions and organization

Therefore, the purpose of this survey is to convey a vast perspective of MPC strategies
applied to arti cial lift for subsea oil elds over the last decade.

The main goal was to pinpoint which factors are essential to enhance the system's
performance, assess the maturity of MPC strategies focusing on practical aspects, and evaluate
their impact on the industry. To the author's knowledge, there are no works that have reviewed the
state-of-the-art of this topic, detailing each sub-process, the main challenges, and the technical
settings of MPC strategies, including the approaches utilized by each author when applicable.

This survey is organized as follows: the following section presents the processes analyzed
in this chapter, highlights key challenges encountered, and de nes the optimization objectives.
Section 2.3 outlines the methodologies employed in this chapter. Section 2.4 reviews the
Economic MPC algorithms used in such systems while also discussing current investigation
gaps in the eld. Similarly, methods for set point tracking are presented in Section 2.5, which
includes anti-slug controllers. Finally, we conclude the chapter in Section 2.6.

2.2 LITERATURE REVIEW - SYSTEM MODELS AND CONTROL OBJECTIVES

Before presenting the state-of-the-art MPC application on oil production platforms, we
brie y describe each process model analyzed. The objective is to provide the reader with su cient
information to follow the comparisons made in the next section. Furthermore, we also present
the main control objectives related to each system.

2.2.1 Gas-Lifted Oil Wells (GLOW)

As previously stated, this research focuses on mature wells (not naturally owing). The
most used arti cial lift strategy is the gas-lift which, as the name suggests, consists of injecting
compressed gas into the bottom of the well to maintain or increase the oil production.

Figure 5 shows a schematic for a GLOW and its main variables. In such a well, pressurized
gas is deposited at the bottom of the production tube through the casing (called the annulus)
to reduce uid density, allowing it to ow out of the wellbore. Thus, the economic objective is
often to increase oil production while minimizing the cost due to gas compression for lift.

To ful Il this goal, one can act in the system through two valves: one production valve to
control well out ow (at the wellhead) and one gas-lift valve to control gas-lift in ow.

Still regarding this process, some remarks include:

" The system is subject to multiple disturbances such as the reservoir pressure, the ratio
between gas and liquid in the reservoir, and the well productivity index.

~ Due to the hostile undersea environment, most sensors are located at the wellhead.
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Figure 5 Schematic of GLOW model and candidate control variables (CVs), manipulated
variables (MVs), and disturbances (DVs). Extracted from Jahanghahi(2012)

” Under seabed sensors (to measure bottom hole pressure or annulus bottom pressure
for example) are unreliable and di cult to maintain (DIEH&t al, 2019).

" The states of the system (mass of gas in the annulus and masses of gas and liquid in
the tube) are also not measurable.

" The shortage of adequate measurements poses a major challenge in the operation of
GLOW systems, with several controllers relying on estimators.
Moreover, the GLOW dynamics is often modeled as Partial Di erential Equations (PDE)
or Ordinary Di erential Equations (ODE), albeit consensus in current literature is that the former
is inadequate for control purposes. The interested reader is referred to the works of Di Meglio
et al. (2012), Shiet al. (2019) and Adukwet al. (2023c) for an in-depth discussion regarding
the system and its representations.

2.2.2 Electric Submersible Pump (ESP) Lifted Oil Wells

Similarly to GLOW, an ESP aims to boost the uid allowing it to exit the well. The pump
then also supplements the energy from the reservoir, generating a more economically viable
output ow. Figure 6 shows a schematic of an ESP-lifted oil well and its main variables. The
economic objective is to maximize production while minimizing energy costs related to the
pump operation.

The well has two manipulated variables: the opening of the production valve (at the
wellhead), and the frequency (or rotational frequency) of the pump.

Some remarks:

" Analogous to GLOW, disturbances a ecting the ESP system are mainly from the
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Figure 6 Schematic of an ESP lifted well and candidate control variables (CVs), manipulated
variables (MVs), and disturbances (DVs). Adapted from Delbal. (2021).

reservoir (pressure of the reservoir, the ratio of oil to water within it), but also the
manifold pressure (manifold will be de ned in the next sections).

" Pressure, temperature, and power sensors are typically available at the wellhead and
close to the pump, but not at the bottom of the well.

" The sensors close to the pump update the control room less frequently, due to the
environment and distance between them and the room (in the topside facility).

" The average ow rate in the well is often an unmeasured state.
A review of rst principles-based ESP modeling for single-phase ow and one for
multiphase ow is available in Coset al.(2021) and Mohammadzahetial.(2020) respectively.
The reader is also referred to the work of Lie (2024) in which a complete model for wells with
ESP (with fewer simpli cations) is presented, explaining each property of the system step by
step.

2.2.3 Manifold, Pipeline, and Riser

As seen previously, the wells lead the hydrocarbons outwards from the reservoir. In
some cases, the well is directly connected to a separator for treatment. Prevalent, however, is
to have a production manifold to gather the streams from numerous wells and take them into a
pipeline-riser system to carry the uid to the surface. Consequently, the manifold is a coupling
point between the wells, where the dynamics of one have e ects on the others. Moreover, wells
with di erent lifting technologies can be connected to the same manifold, yielding a more
complex structure.



Chapter 2. Systematic survey on model predictive control schemes applied to o shore deep water wells in oil and
gas industry 39

Furthermore, the pipeline is the horizontal segment of the transport tubing, and the riser
is the vertical segment. The amount of wells per pipeline riser depends on the plant. Finally, this
system has one actuator (production valve) at the riser head, where we also have most of the
measurements of such a system. For a comprehensive analysis of the pipeline-riser modeling,
consult Jahanshakt al. (2014) and the sources within.

2.2.4 Topside Facilities

The review of the present work is limited to discussing the application of MPC-type
controllers in oil production plants with arti cial lifting. In this regard, we highlight that the
dynamics of the installations at the topside are much faster than the dynamics of the subsea
sub-processes (wells and pipes). Thus, the emphasis is not on topside equipment. However, as
stated in Aguiaet al.(2015), the operational limits of the separation and compression system are
pertinent for the advanced controller, even if their dynamics are not. Thus, it may be important
to consider them at least as boundary conditions to the total gas and liquid produced. Therefore,
we brie y introduce the separation and compression equipment.

The rst stage of oil processing starts at the separator, which separates the mixture into
either gas, water, and oil or liquid and gas (SIMOES NE&Ql, 2017a). The separation
e ciency depends on several factors including separator geometry, location (subsea or topside),
and type (three or two-phase).

Moreover, these types of equipment naturally have out ow gas and liquid valves that
regulate pressure and level measurements. Notice that the vessel pressure a ects both the riser
and is constrained by the compressor system characteristics, therefore it must be kept constant.
The level is related to the separation e ciency. Detailed insights into the separator equipment
are available in literature (FILGUEIRAS, 2005; SAYD# al., 2007; LEet al,, 2018; BACKI
et al, 2018).

The compressor is the system downstream of the separation station that consumes the
most energy. The uid produced by the wells is separated and the gas out ow is treated and
compressed in the compression train. This compressed gas can be exported (sold), re-injected
into the well (for gas-lift), or ared.

It is important to highlight that are is an undesirable condition, where the produced
gas out ow is greater than the compression system capabilities, so part of this gas is burned
to preserve the equipment. Thus, the compressor gains importance when it is necessary to
avoid ares and save energy. A brief review of the importance of the compression system in oll
production can be found in the work of Gesseal. (2022).

2.2.5 Slugging ow

As previously noted, the extraction of hydrocarbons from the reservoir generates a
multiphase mixture, generally composed of oil and gas (may also have water, sand, etc.). In this
case, the process has a ow whose phases can have di erent velocities. For instance, the less
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dense and viscous gas phase moves more rapidly than the liquid phase when owing upward.
Conversely, a downward inclination (due to subsea irregular terrain for example) causes the
liquid to ow faster.

Slug ow canthen be de ned as the ow pattern where the liquid ow is separated by gas
pockets, due to the di erent velocities of both phases. It causes unstable oil production, subject
to uctuations in ow rates, pressures, and temperatures. Slug ow occurs most commonly due
to the casing-heading phenomenon in GLOW or induced by the riser.

In essence, during the casing heading, the (uncontrolled) compressed gas quickly out ows
the casing (leaving it empty and thus depressurized), enters the production tube, and forces all
the uid out of it. After that, it takes some time for the gas to re Il the annulus, and with low
pressures in the annulus, the gas cannot penetrate the production tube. Hence, the production of
the well is brought to a halt until the annulus has been lled enough. From that point, the cycle
repeats itself. Such phenomenon is shown in Figure 7, emphasizing the uctuations in ow rates
and pressures.

Figure 7 Casing-heading phenomenon: Oscillatory ows and pressures in a simulated well.

A similar phenomenon occurs in the pipeline-riser set where the liquid from the (horizon-
tal) pipeline gains more speed than the gas and blocks the base of the (vertical) riser. Eventually,
the gas pressure in the pipeline increases enough to expel the liquid blocking the riser. After that,
the cycle repeats itself.

As discussed in the current literature, complexity increases if one considers such events,
and simpler controllers may not fully meet the requirements for system stabilization (JAHAN-
SHAHI et al, 2015). Thus, some MPC controllers are utilized to handle such behavior. In
this case, the controller aims not to increase production, but to stabilize it (regulatory control).
For more information about the casing-heading phenomenon and some control solutions, the
interested reader is referred to Sinegteal. (2005) and Shaet al. (2016). Reviews regarding
the riser-induced slug and how to deal with it are available at Pedets#(2017), Nnabuife
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et al.(2022) and Banjarat al. (2023).
Under normal circumstances, to prevent such a phenomenon and safeguard the surface

installations, operators can either raise the lift in ow it prevents the annulus from emptying
while raising gas pressure at the riser base and or close the production choke valve (at the
wellhead or riser head) reducing production. Notice that depending on the geometry and
characteristics of the well and reservoir, the system may not su er these instabilities. If that is
the case, the economic objective becomes more important.

2.2.6 Economic Objective

As explained previously, from an economic point of view our objective is to maximize
oil production and minimize energy expenses either to operate the pump (ESP) or to operate the
compressor for gas compression (GLOW). Other secondary objectives such as reducing water
treatment costs, and minimizing carbon tax may be included, but it is not common from an
MPC point of view.

If the system is not subject to instabilities, the production valves are kept 100% open and
the gas-lift ow (or pump frequency) is used to keep the problem at the optimal point.

Figure 8a shows the gas injectigaproduction curve for a GLOW, considering that the
production valve is completely open. In this case, oil production increases as we open both the
gas-lift and the production choke valves. However, there is a threshold at which an increase in
gas injection no longer equates to a rise in production and most of the ow produced becomes
gas, to the detriment of oil. Such a threshold is the optimal point (in red) on the curve.

Figure 8b shows the production curve for the well with ESP. Similarly, production rises
as we increase the production choke valve opening and frequency. In this case, the optimal point
is to keep the MVs at maximum, respecting the plant's safety constraints.

Finally, note that advanced controllers such as MPC can be used to guarantee both
objectives (economic and regulatory) at the same time.

2.3 METHODOLOGY

In Section 2.2, we review the central facets of the systems themselves and the di culties
and purposes associated with each one, all while providing the reader with relevant and current
references regarding the modeling and speci cities of each sub-process. In this section, we
outline the steps followed in performing the present MPC review. Thus, our analysis is based
on a systematic review methodology (TARRAGOMNAal., 2021). To do so, we use Elsevier,
Google Scholar, and Web of Science databases to obtain all relevant documents in this study.
To streamline the results, we restricted our selection to English-written documents from the
past decade. Moreover, to simplify readability, this study splits the reports depending on their
emphasis into two main categories: economic model-based predictive control (EMPC) applied
to oil and gas production (Section 2.4) and traditional model-based predictive control (TMPC)
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Figure 8 Static curve for (a) GLOW and (b) ESP-lifted oil well.

applied to oil and gas production (Section 2.5).

For all areas, we review the main features related to the systems themselves and detail
the characteristics of the control systems used. Given the vast array of possible scenarios and
sub-processes used on an oil production rig, it is di cult to make a general comparison. Thus,
to analyze the e ects and advantages of MPC application, we rst de ne which system is being
controlled. A large number of research papers also optimize the system on a macro level: several
producing wells coupled to one oil rig. In that case, the complexity of the controller depends on
the number of sub-processes being investigated and their dynamics.

Secondly, the review documents the type of study, splitting them between simulated and
experimental tests since the bulk of the papers reviewed are either theoretical or simulation-based,
mainly due to plant safety concerns. For clari cation, we name each simulator to stress which
papers used high- delity simulators.

Note that the simpli ed linear and non-linear models often do not fully represent the
plant. Therefore, analysis using reliable simulators becomes highly signi cant when access to
the plant is restricted. According to literature in the area, Olga (BENDLKS®EAI., 1991)
and Emso (P. SOARE#& al,, 2003) are examples of high- delity simulators. Other software
(Matlab, Simulink, Python, Modelica) can act as simulators, but often only the simpli ed model
is formulated onto them.

The third aspect highlights the evaluated controller's conditions. Remember that both
systems have unmeasurable states. Therefore, in the case of controllers based on state feedback,
tests considering the e ects of the observers on the closed-loop system are more reliable.

We also verify if the controller responds adequately to a situation with measurement
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noise, disturbances, or plant-model mismatch due to uncertainty. Here, uncertainty refers to
variations and inaccuracies within the process model, such as changes in model parameters. By
this de nition, it does not include exogenous signals, for example, changes arising from the
reservoir or conditions on the topside (these are considered disturbances). This distinction serves
as a means of standardizing the study since some authors treat reservoir changes as disturbances,
others as uncertainty. Therefore, we only consider a mismatch if it is explicitly shown in the
reports that there are uncertainties in the model or when a simulator di erent from the model
was used. The aim is to verify if robustness concerns were assessed when proposing MPC as a
solution.

Moreover, the analysis details the key MPC features of each paper. The following
parameters were considered:

" The prediction time and control interval (time step) of each study. These are the
variables that most in uence the stability of the system and de ne how far MPC looks
ahead and the time between control updates.

" The control objective. For this type of process, the aim is to maximize oil production.
However, secondary objectives can improve the system's response. Furthermore, the
way to do this maximization is diverse and can be purely economic, reference tracking,
or a mixture of the two.

The nal aspect of the MPC strategies was to de ne the di erent approaches used. That
is, if the optimization problem was centralized or distributed, if it use deterministic or stochastic
models, if it considers other layers (hierarchical). All these terms have been previously de ned,
and are more important for the analysis of EMPCs.

2.4 APPLICATION OF ECONOMIC MODEL PREDICTIVE CONTROL IN OIL PRODUC-
ING WELLS

No EMPC applications for production optimization of a network of numerous wells
using Electrical Submersible Pumps in some of them and gas-lift in others were available in
the literature. Thus, this section is divided into applications in GLOWSs (Section 2.4.1) and
applications in ESP-lifted oil wells (Section 2.4.2). To wrap up the section, we discuss the trends
identi ed in the literature. To examine the e ects and potential advantages of EMPC use, this
section considers the main characteristics summed up in Tables 1, 2 and 3:

" Aspects discussed in Section 2.3.

" The objective function is also shown to ascertain whether pro t maximization was
the authors' only concern or operational and safety objectives were also considered.

" The execution runtime of each controller. It is the main result regarding the practical
applicability of the proposed controllers

1 Inthe case of linear MPC, we consider that there is always a plant-model mismatch.
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2.4.1 Application of economic model predictive control in GLOW

To facilitate visualization and encourage discussion, Table 1 summarizes the characteris-
tics of EMPC for GLOW.

Table 1 Summary of EMPC strategies applied to production systems with gas-lifted oil wells.

NF:J?T?;; Paper System Estimator Type of Study MPC Settings
Wells  Pipeline Riser Separator Compressor Simul&tion P}:i?iiggﬁn EtmeS

1 (AGUIAR et al, 2015) 4 2 2 2 2 NG Modelica/Optimica ~ 3hr and 20min ~ °
2 (CODASet al,, 2016) 2 1 1 1 EKF Modelica/OLGA 16hr 1hr
3 (KRISHNAMOORTHY et al, 2017) 2 EKF Simulink/Matlab 5Hr 5min
4 (SUWARTADI et al, 2018) 2 1 1 EKF Matlab 2hr 5min
5 (KRISHNAMOORTHY et al,, 2018c) 2 1 N8 Matlab 1hr 15mirf 5min
6 (KRISHNAMOORTHY et al,, 2018b) 2 N8 Matlab 5hr 5min
7 (VERHEYLEWEGHENEet al,, 2018) 3 1 NG Matlab 18 b
8 (KRISHNAMOORTHY et al,, 2019b) 2 N8 Matlab 2hr® 5min
9 (MATIAS et al, 2020) 3 NG Matlab 100days lday
10 (JAHANSHAH]I et al., 2020) 2 1 1 1 EKF Modelica/OLGA 12hr 20min
11 (ANDERSENEet al, 2021) 2 NG b 1hr 36sec
12 (MATIAS et al,, 2022b) 3 N.N, L.R Matlab 100days lday
13 (JANATIAN et al, 2022) 2 NG Matlab 8.3min 20sec
14 (ARANHA RIBEIROet al,, 2023) 2 1 1 EKF Matlab 8min 8sec
15 (JANATIAN et al,, 2023a) 3 MHE Matlab 8.3min 20sec
16 (JANATIAN et al,, 2023b) 2 \&} Matlab 8.3min 20sec
17 (ARANHA RIBEIROet al,, 2024) 6 1 EKF Matlab 50min 100sec
18 (NASPOLINlet al., 2024) 3 Né& Matlab/Python 55sec 5sec

Table 1 Summary of EMPC strategies applied to production systems with gas-lifted oil wells
(Continuation).

Paper

Number Controller Objective MPC approach Tested against
Max. Min. Min. Min.control Min. produced Centra- Distri- Determi- Sto- Hierar- Hybrid Robust Adaptive Plant-Model Noise Distur-
outow lift are eort water costs  lized buted nistic  chastic chical Y P Mismatch bances

1 X X X X X X
2 X X X X X X X X
3 X X xd X X X X X
4 X X xd X X
5 X X X X X X
6 X X xd X X X
7 X X X X X X X X
8 X X xd X X X
9 X X X X X X
10 X X X X X X X X X
11 X xd xd X X X X X
12 X X X X X X X
13 X x xd X X X X X
14 X X X X X X X X
15 X X xd xd X X X X
16 X X  xd X X X X X
17 X X xd xd X X X X X X
18 X X X X X X

a States are assumed to be available for measurement.

b Not shown or no information available.

¢ A robust horizon was used (value of either one or two time steps).
d Handled as a constraint.

€ No experimental studies were found.
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To begin with, as can be seen, most research deals with subsea plants only (wells and
piping). Yet, many consider the boundaries of the separator vessel (or the compressor) as a realistic
boundary condition for the advanced controller. The way to deal with such conditions di ers
between articles. Some authors consider that the variability of such a limit often the handling
capacity of the separator/compressor or their pressure is not constant, but kept to a minimum
through some form of regulatory control (CODASS al., 2016; JAHANSHAHI et al., 2020;
ARANHA RIBEIRO et al,, 2023). On the other hand, most articles assume that this regulator
is perfect and that the response of the topside equipment is instantaneous. Thus, any variation
in the boundary condition (ordinarily due to an emergency or safety concerns on the topside) is
transmitted to the MPC through constraints on the output ow (KRISHNAMOORT&44l.,

2017; SUWARTADIet al,, 2018; KRISHNAMOORTHYet al,, 2018b, 2019b; ANDERSEMt

al., 2021; JANATIANet al,, 2022, 2023a, 2023b; ARANHA RIBEIRét al.,, 2024; NASPOLINI

et al, 2024). On this note, only Aguiat al. (2015) also considers the compressor's safety limits
directly in the EMPC formulation to maintain stability and avoid unscheduled stops in oll
processing.

Note also that the (economically) optimal operating point is de ned by the out ow,
dependent on the states of the system. As previously speci ed, these are not gaugeable. Therefore,
the Economic MPC must lean on an estimator to handle the lack of measurements. In this case,
some authors present the results considering the estimator and controller coupling e ects for
better validation since estimation errors may hinder the controller and the closed-loop response.
Due to its simplicity and computational speed, the Extended Kalman Filter (EKF) is the favored
alternative whenever complex oil and gas systems need to be dealt with (C&RAS2016;
KRISHNAMOORTHY et al, 2017; SUWARTADIet al, 2018; JAHANSHAHIet al,, 2020;
ARANHA RIBEIRO et al, 2023; ARANHA RIBEIROet al,, 2024). However, one can also
use a Moving Horizon Estimator (MHE) (JANATIAMt al, 2023a). Note that these can also
be used to estimate uncertainties or disturbances in the process (KRISHNAMOO&TaHY
2017; JAHANSHAHIet al,, 2020; ARANHA RIBEIROet al.,, 2023; JANATIAN et al,, 2023a)
adapting the controller based on these estimations, improving its robustness (with respect to the
estimated disturbances).

So far, the use of EMPC for systems with GLOWSs is still in its infancy. Although tests
are increasingly realistic, using high- delity simulators (i.e. OLGA) capable of functioning
as de facto digital twins, there are no reports of the application of an economical MPC in an
experimental rig, or on areal platform. This is due to several factors, including the aforementioned
need for observers, the complexity of the system even the simpli ed model is sti and highly
non-linear , the computational load necessary to solve such an NLP, and the human aspects (as
discussed in Section 2.4.3).

Moreover, as previously stated, a controller rarely has purely economic objectives. Thus,
while maximizing oil production and minimizing lift costs are always included in the formulation,
secondary operational (non-economic) objectives are also considered, namely: minimizing the
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control e ort and minimizing are as secondary objectives. By avoiding large control movements,
the transient response is smoothed or improved. It is also possible that the plant has slow-acting
valves, so rapid responses would not be feasible.

Furthermore, note that are is an undesirable condition, where the produced gas out ow
is greater than the compression system capabilities, so part of this gas is burned to preserve
the compressor. While the EMPC can directly consider such condition in its objective function
(AGUIAR et al, 2015; KRISHNAMOORTHYet al, 2017), it is standard to deal with it as a
constraint, simply by changing the out ow upper bound. Recall that the water treatment costs can
be considered (ANDERSE®L al, 2021), though it is typically not the main expense; the primary
cost involves the energy required to keep the compressor running (cost of gas compression for
lift).

Now, we describe the control parameters chosen by each author in their MPC strategies.
For the EMPC, the prediction horizon is often selected to be cautiously long to ensure the problem
is feasible and stable. However, the horizon size is directly proportional to the computational cost,
which complicates using such a controller at high-rate frequencies. As a result, the sampling time
is bounded by the worst-case execution time. Overall, it is noteworthy that the majority of the
studies adopted a prediction horizon of 1 to 12 hours since this range covers both transient and
permanent responses long enough to the system to reach the optimal point of the system. Note
that di erent wells have di erent dynamics, and based on these and the horizons, the appropriate
time step is chosen with 5 minutes being the most popular option.

Now, we describe the control approaches employed by the authors while still debating the
horizons. To facilitate reading, we divide the analysis between non-robust and robust controllers,
with the former being controllers that do not handle uncertainty explicitly and directly (including
adaptive approaches). The robustness-based division is merely to enhance readability, though
other criteria were also utilized as shown in Table 1.

2.4.1.1 Non-robust economic model predictive control in GLOW

Right from the start, it is important to emphasize that nominal EMPC is more used in
practice due to the high computational cost and conservativeness of its robust counterpart. To
motivate this statement, Janatianal. (2023a)'s work is the rst to be discussed. In this, the
authors compare a nominal EMPC based on state and disturbances estimations against robust
EMPC (considering several possible disturbance scenarios) showing that the former has a mean
execution time per iteration of 0.09 and the latter 7.84 seconds. It is a stark di erence, especially
considering the nominal EMPC was more pro table. Both were tested in a scenario with multiple
disturbances and constraints on gas lift availability. The main disadvantage of the nominal EMPC
was the temporary violation of constraints due to disturbance estimation lag, such estimation
is used to update the MPC model, but this is the price paid for a less conservative and faster
solution.

Note that the same authors provide a solution to avoid dynamic violations in constraints.
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In Janatiaret al.(2023b), the same method was applied using a modi ed output constraint. Thus,

the out ow of the wells has its upper bound constantly modi ed through a correction term. This
term is simply the di erence between the model assuming the worst case and the measured
ow. Thus, in the worst case, a hardbound is present, or the constraint is softened. Note that
the constant update avoids sudden approaches to the bound and increases the robustness (with
respect to unmeasured disturbances) without excessively increasing the computational cost.

The paper by Aguiaet al. (2015) serves as a case study for when the compressor's
behavior is essential considering the optimal control for a compressor's scheduled maintenance
situation. In there, the runtime to solve the NLP ranges from 20 to 300 seconds which is in line
with the control interval of most works (5 minutes). The conclusion is that EMPC can be used
even for complex models, being capable of reacting to changes while avoiding aring even when
one of the compressors is down, and is advantageous when compared to simpler strategies. Some
oscillations in oil ow are observed towards the end of the simulation with suggestions about
circumventing them. Bear in mind that the study does not account for plant-model mismatch or
measurement noise, which can hinder the EMPC from a computational and performance point
of view.

In that sense, Coda al. (2016) and Jahanshadt al. (2020) test plant-model inconsis-
tencies considering a simpli ed model for control purposes and OLGA as the plant. Moreover,
they demonstrated the importance of including the regulatory controller in the NLP formulation
since the system is unstable in an open loop (hierarchical approach). Going further, it is shown
that, for this type of plant, the time scale separation principle does not necessarily hold (JA-
HANSHAHI et al,, 2020). This conclusion is supported by a sensibility analysis and tests with
di erent disturbances. These papers also emphasized the primary predicament concerning the
EMPC application in practice: the computational time to solve the NLP problem. In @bdas
(2016), the solver was limited to 30 minutes of process time per iteration. The results showed
that the optimization algorithm reached the CPU-time limit and was halted due to modeling
and estimation errors, and an active constraint as a solution. Thus, a sub-optimal solution was
applied in the system and a constraint violation in the transient response happened. Nevertheless,
the controller managed to reach the optimal steady state eventually.

Similarly, Jahanshatet al. (2020) shows that it takes on average 18 to 20 minutes to
solve the NLP problem. The estimation error due to mismatch takes the value of 10% and, while
no constraint is violated, they concluded that the MPC presents a subpar response due to the low
frequency at which the control action is applied in the plant. Hence, the writers a rm that other
optimization-free strategies are recommended.

On the other hand, Aranha Ribekbal. (2023) conducted a study with a high-frequency
EMPC. The writers also included the regulatory controller and estimator behavior in their
analysis. They demonstrated that it is possible to replace the complex objective function and
nonlinear model through approximations and multiple updates (using modi ers adaptation),
translating the NLP problem into a QP problem which is far easier to solve. Results showed that
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the linear EMPC also acts as a steady-state target optimizer and at each iteration, improves its
steady state until nding its optimal. Such high-frequency EMPC can use smaller horizons and
control intervals with an 85 ms computational time which tackles the main criticism of the
previous papers. The robustness of the controller is dissected via simulation considering various
disturbances, and noisy measurements.

In the same vein, Naspoliet al. (2024) proposed a Linear Parameter Varying (LPV)
MPC scheme to replace the nonlinear model. The core idea is to use a scheduling parameter-
dependent linear model, with the scheduling variables being based on a steady-state regime
analysis. MPC is aided by a priority algorithm, which identi es the most productive well and
prioritizes gas injection there. The work shows that prior knowledge of the system can (and
should) be used with MPC to increase pro t. Like the previous paper, the optimization problem
is also a QP-type with a computational burden of a quarter of the traditional MPC (around 156
ms). Moreover, the approach allows a shorter horizon to be used, since the optimizer generates
only locally optimal solutions that are improved as time passes and the system settles. In other
words, the MPC does not necessarily need to see a steady state at all times but eventually reaches
the global optimal due to the priority algorithm. Despite not considering measurement noise or
modeling errors, the work remains a motivating example of EMPC approximation.

Also to ease computational burden, Suwartetdal. (2018) proposed a QP predictor-
corrector that serves as an approximation of an NLP solution around a small neighborhood.
The gist is the use of a series of QP problems to follow a pre-computed NLP solution that is
based on the predicted future states. Although not handling plant-model mismatch nor noise, the
proposed fast EMPC speeds up the optimization by more than two times faster than the original
Economic NMPC, albeit only a simple scenario was tested with the system being initialized at a
non-optimal point and the controller being responsible for taking it to the optimal.

A comparison between the classical EMPC and multiple high-frequency EMPCs is
available at Aranha Ribeiret al. (2024), one of which is an evolution of the controller presented
in Aranha Ribeircet al. (2023) considering more realistic simulation scenarios. All controllers
were experimented with a broad range of scenarios including noisy measurements, plant-
model mismatch, estimations errors, and successive disturbances (at prices, reservoir behavior,
and topside equipment capabilities). The ndings largely align with the current literature,
underscoring the standard EMPC problems of computational time, robustness, and modeling
e ort. This e ort involves developing and maintaining an accurate non-linear dynamic model of
the plant. Additionally, it is concluded that the low frequency of EMPC is a primary reason for
its robustness shortcomings.

While the previous approaches all approximated the NLP problem to deal with the
calculation load, they do it in a centralized manner. Only Krishnamoaatlay. (2018b) used
a distributed MPC architecture as it decomposes the central problem into sub-problems (one
per GLOW), thus dividing the processing demand between multiple optimizers. Moreover, the
decentralized approach is easier to maintain and monitor since each well could be analyzed
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separately. Each sub-problem considers a single well and the cost of shared resources (i.e.
gas for lifting), with a master problem manipulating such cost by assigning prices to them. The
master takes the solutions of all sub-problems to correctly allocate the resources, eventually
dragging the system to the optimal point. The results suggest no signi cant di erences compared
to the centralized method, however, the computation time is three times shorter than the latter.
These are based on simulations considering limited gas lift availability and capacity constraints.

Additionally, regarding the horizon, a particular case is the work of Maias. (2020).

The objective was to develop a health-aware EMPC, thus maximizing production while keeping
the erosion due to sand production of each valve below a safe value. To accommodate the
fact that the dynamics of valve erosion are on a much larger time scale when compared to the
well dynamics, the prediction horizon is 100 days. Because the objective is not daily production
optimization, the well is treated as a static system. The controller considers noisy measurements,
and system health estimations. The authors do not specify how these estimations are made,
however, the optimizer only needs them once a day, so any observer should do it. They also
recognize that in practice the erosion model and its estimation are not easy to obtain, thus this
work is merely a rst step. The conclusion is that the health-aware constraint managed to push
the maintenance stop to replace the defective valve 100 days further into the future. This was
possible by decreasing daily production but maximizing the yearly output.

In the same context, Matiast al. (2022b) proposed a hybrid controller based on a
deterministic well model and a data-based one to estimate valve erosion. An ANN and a stepwise
linear regression model (LR) were used to guess valve health and coupled to an MPC and
were then compared to an MPC with a perfect erosion model as the baseline. Two analysis
modes were used: prognosis where the controller predicts and prevents future failures and
prognosis/diagnosis where the controller identi es current and future failures. According to
the authors, all methods were capable of accurately detecting current faults, thus the diagnostic
component did not a ect the controllers. Simulations included noisy measurements, changes in
gas injection rates, and exponential erosion in the valves. Notably, since the baseline controller
has the same model as the plant's simulator, it obtained the best performance. Surprisingly, the
MPC-ANN failed four days before the baseline controller and resulted in a 1.64% reduction
in oil production, while the simpler regression-based MPC failed only one day earlier and had
a production loss of only 0.42%. Consequently, the primary takeaway from this study, aside
from acknowledging that data-based models inevitably result in plant-model mismatches, is that
a more complex model (or a more sophisticated strategy) does not necessarily lead to better
outcomes.

Finally, Anderseret al. (2021) is the only hybrid nominal EMPC found in the literature.
They use reinforcement learning (RL) to deal with parametric and structural errors. RL alters
some parameters of the system as a way to deal with the cost function and the constraint on
production (to avoid violations). Thus, the EMPC-RL adapts itself until it learns to operate the
system at the optimal point without violating constraints, even with an inaccurate model.
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Oddly enough, the authors point out that the RL does not guess the values of the uncertain
parameters correctly, which causes a small constraint violation during transient. The RL instead
alters the cost function to take the system to the optimal point (at active production constraint)
slowly due to a smalllearning rate. Thus, an optimal operation is achieved even in a plant-model
mismatch situation.

Notice that while some of the works previously discussed address only the nominal case,
others estimate disturbances and pass this information to the controller or use these estimations
and measurements to adaptthe MPC model. These latter approaches improve robustness regarding
uncertainties or disturbances, although this is shown only through a posteriori analysis with
no guarantees. As a result, there is no assurance that EMPCs will consistently adhere to the
constraints. Ensuring this necessitates the use of robust EMPCs that consider model uncertainty
directly in their formulation, which we will discuss in the next subsection.

2.4.1.2 Robust economic model predictive control in GLOW

Various EMPC methods fall under the category of robust approaches, but most publica-
tions applying robust EMPCs in GLOW emphasize scenario-based MPC. While some works also
apply other robust techniques such as worst-case (or min-max) /@y are often present
solely to showcase the advantages of the scenario-based approach. Consequently, this review
also ends up focusing on such MPC. According to Maiwetral. (2015), The fundamental
concept of the scenario-based strategy is to assume discrete values for uncertainty or disturbance
and use a scenario tree to capture their combinations over time. By optimizing for all scenarios
at once, the solution is ensured to be feasible for the worst-case, expected realization, and all
other possible scenarios within the scenario tree . Notice that the problem grows exponentially
with the prediction horizon, the number of uncertain parameters, and di erent values that these
parameters can take.

In that respect, Krishnamoortlet al. (2016a, 2017) developed a Scenario-based EMPC
considering the reservoir gas-to-oil ratio (GOR) as uncertainty and not a disturbance as usual.
Since the scenarios depend on present and future GOR realizations over the entire prediction
horizon, the problem becomes untractable. Thus, the authors apply a robust horizon : the
possible GOR realizations are evaluated solely at the start of the horizon to ease the computational
burden and cut the number of scenarios. As expected, the scenario-based optimization was a
nice compromise between nominal ( xed GOR) and worst-case optimization (worst GOR) in
performance and computation time. The authors also compared the scenario-based controller
with the nominal controller with parameter adaptation (EKF estimates GOR). Results showed
that the latter is far less conservative, with less computational burden, but violated constraints
for sudden changes in the uncertain value. Overall, it appears that a combination of robust and
adaptive optimization methods may yield better results.

2 A conservative approach that minimizes the maximum possible loss (or cost) over a given prediction horizon,
hence the name.



Chapter 2. Systematic survey on model predictive control schemes applied to o shore deep water wells in oil and
gas industry 51

Likewise, Krishnamoorthet al. (2019b) improves the previous work by reducing the
size of the uncertainty set gradually. Since the reservoir's characteristics change slowly when
considering daily production, the authors assume the GOR to be a (daily) time-invariant parameter.
Thus, based on the measurements available, the article employs recursive Bayesian probability
to weigh the likelihood of di erent scenarios: if the scenario has a low probability of happening,
it is disregarded. The proposed EMPC maintains robustness while reducing computational load
and conservativeness relative to the earlier version.

Alternatively, the scenario-based problem can be decomposed into independent sub-
problems (one for each scenario), with a master problem for coordination, resulting in a distributed
scenario-based EMPC. (KRISHNAMOORTH2f al,, 2018c). The writers indicated that the
distributed algorithm achieves the same results as the previously mentioned centralized (scenario-
based) ones but with a tenth of the computational cost. It also demonstrated how to formulate the
problem through careful decomposition and well-placed constraints to maintain feasibility
even when there is no convergence (among the di erent sub-problems) within the necessary
time.

Furthermore, Janatiaget al. (2022) applies the scenario-based MPC ideas discussed
before in a more challenging and realistic situation. The authors consider a problem in which
the gas-oil ratio, the water cut, and the productivity index of multiple wells are all uncertain,
and based on a uniform distribution (i.e. all scenarios are equally likely to occur). Not only that
but the total available gas for lifting also varied during simulations. The authors analyzed the
conservativeness, execution time, and e ect on uncertainty by comparing the scenario-based
with worst-case and nominal MPC. The conclusions are consistent with the previous work in
that the proposed controller is a middle ground between the nominal and worst-case scenarios.

Furthermore, Verheyleweghest al. (2018) experimented with a robust health-aware
controller to combine economic optimization with health-crucial constraints. To accomplish this,
a large prediction horizon is required due to the slow dynamics of choke valve erosion. The paper
contrasts worst-case optimization with scenario-based optimization under uncertainty in sand
production rate (related to choke valve health) and well productivity index (related to production),
both variables with normal distribution. Aligning with existing literature, the authors illustrate
that: (i) scenario-based optimization is less conservative than worst case; (ii) overall production
must be reduced to avoid choke failure and expensive, unplanned maintenance.

Hence, we can note that all stochastic MPCs presented are robust, but not all robust
MPCs are stochastic. In fact, the literature indicates a strong preference for deterministic and
centralized controllers, irrespective of their robustness.

2.4.2 Application of economic model predictive control in ESP-lifted oil wells

So far, the use of EMPC in ESP-lifted oil wells is minimal, and only three works have
been found. Therefore, it is tricky to assess the potential of EMPC in this system. To make matters
worse, none of the works present experimental results. Thus, we present Table 2 to summarize
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the characteristics of EMPC for ESP systems. However, discussions are kept brief.

Table 2 Summary of EMPC strategies applied to production systems with ESP-lifted oil wells.

Paper Number of . .
Number Paper Wells Estimator Type of Study MPC Settings
. . . Prediction Time
Simulation Experimental Horizon Step
1 (PRADA MEJiAet al, 2018) 1 b Matlab/Simulink 30min 15min
2 (FONTESet al, 2022) 1 EKF X 1 30sec
3 (JANATIAN et al, 2023c) 3 a Matlab 2days 6hrs

Table 2 Summary of EMPC strategies applied to production systems with ESP-lifted oil wells
(Continuatior).

Paper

Number Controller Objective MPC approach Tested against
outon eneray ST oo watercose lzed st chasic chcal YOI Robust Adapive Noise PnC
1 X X X X X
2 X X X X X X X X X
3 X X X X X X X X X

@ Successive Static Optimization, States not necessary.
b Not shown or no information available.

All studies used a centralized and determinisc approach, focusing solely on the wells.
For ESP-type systems, maximizing pro t (oil sales) is not the primary objective. The priority is
to ensure the system operates within a safe zone to prevent the up and down thrust forces from
wearing and tearing on the pump.

In this regard, Prada Mejiet al. (2018) do not factor in the safety concerns. In fact, the
authors simply apply an EMPC to act on the pump speed (or frequency) to improve oil out ow.
Consequently, the controller saturates the frequency at its maximum value. No information about
noise or disturbances is shown.

Fonteset al. (2022) features a more comprehensive controller. In this, an EKF is used for
state and disturbance estimation, enabling controller adaptation to new disturbances. It employs
a linear EMPC with zone control to maintain the system within a safety set based on real-
time measurements. The novelty lies in the in nite horizon for system stability and automatic
tuning of controller parameters based on closed-loop responses. The auto-tuning layer activates
when system outputs deviate from the safe zone, ensuring safe operation even with a low-cost
linear model. Tests with varying operating conditions and disturbances validate the approach,
demonstrating that auto-tuning modi es the EMPC for pro t maximization (reducing the weight
related to set-point tracking) while enhancing operational safety (increasing the weight for zone
control).

Alternatively, Janatiaret al. (2023c) point out that the rapid dynamics of the pumps
necessitate short sampling times, rendering dynamic optimization (deterministic or stochastic)
computationally intensive. Therefore, the authors argue that with a suitably large horizon, the
transition between steady states is negligible, and successive static optimizations are enough.
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They validate this approach with a scenario-based static EMPC, ensuring compliance with safety
constraints amid reservoir variability. To enhance optimality and reduce conservativeness, they
assume that uncertainties change gradually (due to the reservoir's slow dynamics), thereby the
number of scenarios can be reduced by focusing on small variations around current values.

2.4.3 Discussion and future trends

Clearly, the main advantage of EMPC is to deal directly and dynamically with the
economic objective of the process, without the need for references. This allows the controller to
quickly deal with changes in the process in an economically optimal way, as opposed to having
to depend on RTO set points that may be out of date. A secondary advantage is to reduce the
mismatch between the controller and RTO models. By collapsing the two layers into one, only a
reliable and dynamic model is used, avoiding performance losses.

Moreover, most of the articles highlighted in this work show that EMPC is a promising
strategy for system operation, but requires adjustments to improve its robustness and computa-
tional impact.

To encourage discussion regarding advances in the area, we present Table 3 with informa-
tion regarding the type of optimization problem, and the computational runtime of the proposed
EMPCs in comparison with the baseline case. By baseline, we mean a centralized, nominal
EMPC controller based on a nonlinear dynamic motel

Firstly, even though the same techniques (gas lift and ESP) are applied, the signi cant
di erences among these plants result in the di erent horizons and sampling times shown in the
earlier tables. Secondly, these models are highly nonlinear, with several non-smooth regions where
derivatives are indeterminate (NASPOLIBHal, 2024) and have sti sections (JAHANSHAHI
et al, 2020). However, not all researchers explore all these issues, which partly accounts for
the diverse execution times for similar models (see Appendix B). Part of the literature suggests
that classical EMPC is currently impractical due to its signi cant computational load, leading
to execution times exceeding 5 minutes (COD&al,, 2016; JAHANSHAHI et al,, 2020;
ARANHA RIBEIRO et al,, 2024). These studies are noteworthy as they tested the system under
more realistic conditions, with two utilizing OLGA as the plant.

Thus, the computational burden is the main di culty regarding EMPC application. As
explained previously, the time for the MPC to calculate the optimal control action cannot exceed
the sampling time, under penalty of applying suboptimal actions, and may even make the plant
unstable. This forced some authors to adopt less frequent EMPCs as a way to avoid such a
situation, which goes against the advantage of the technique of maximizing pro t dynamically
(i.e. more frequently).

To address this issue, two schemes for reducing the computational load were identi ed:

" Locally approximate the classical EMPC problem whenever measurements are avail-

3 Several case studies are available in the literature that show that linear models are inadequate for this type of
process.
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Table 3 Summary of EMPC computational characteristics.

GLOW
Paper Optimization Type Average Runtime Worst Runtime Baseline (Average)
(AGUIAR et al, 2015) NLP From 20 to 300 sec 300 sec
(CODASet al, 2016) NLP b 30 min
(KRISHNAMOORTHY et al, 2017) NLP From 1.4 to 1.8sec 1.8 sec 0.4sec
(SUWARTADI et al,, 2018) QP 0.36sec 0.39sec 0.88sec
(KRISHNAMOORTHY et al,, 2018c) NLP 1set 1lsec
(KRISHNAMOORTHY et al, 2018b) NLP 0.3 sec From 0.51 to 0.92sec
(VERHEYLEWEGHENEet al,, 2018) NLP
(KRISHNAMOORTHY et al, 2019b) NLP
(MATIAS et al, 2020) NLP
(JAHANSHAH]I et al, 2020) NLP From 18min to 20min 20min
(ANDERSENEet al, 2021) NLP
(JANATIAN et al,, 2022) NLP 0.15sec 1.38sec 0.99sec
(ARANHA RIBEIRO et al,, 2023) QP 85ms
(JANATIAN et al,, 2023a) NLP 80ms
(JANATIAN et al,, 2023b) NLP 38 ms 42 ms
(ARANHA RIBEIRO et al,, 2024) QP 0.32 sec 2.98sec 45 sec
(NASPOLINI et al, 2024) QP 156 ms 456.4ms
ESP
Paper Optimization Type Average Runtime Worst Runtime Baseline (Average)
(PRADA MEJiA et al,, 2018) NLP
(FONTESet al,, 2022) QP 6sec 18sec
(JANATIAN et al., 2023c) NLP 1.04sec 2.3sec 0.0122sec

a For each sub-problem (solved at the same time through parallelization).
b Not shown or no information available.

able (SUWARTADI et al, 2018; ARANHA RIBEIRO et al, 2023; ARANHA
RIBEIROet al, 2024; NASPOLINIet al, 2024; FONTESet al,, 2022). This trans-
forms the NLP optimization problem di cultto solve into a QP problem easierto

deal with. However, the centralized design of these strategies is problematic for large-
scale oil rigs (some with 50 producing wells or more) due to limited computational
resources.

Distribute the computational load between several simpler EMPCs (KRISHNAMOOR-
THY et al, 2018b, 2018c). This allows parallelization but each well has a controller
based on an NLP problem. The inability to control a single well in some cases raises
doubts about the capacity to solve one NLP practically, let alone multiple. The silver
line is that the results show that a distributed approach performs just as well as a
centralized one.

Remark 3 Note that, all the proposed EMPCs still require non-measurable information, includ-
ing system states, to work properly. In an EMPC context, the principle of separation (between
estimators and controllers) may not hold (see Appendix C). Despite some research, the robustness
of these controllers remains uncertain due to expected inconsistencies between the plant and
model, along with estimation errors.

The literature implies that a combination of distributed and simpli ed EMPC (QP) would



Chapter 2. Systematic survey on model predictive control schemes applied to o shore deep water wells in oil and
gas industry 55

be the best way to deal with the high computational cost. Such a statement should be taken with
a grain of salt, as there are still no practical applications of any EMPC solutions, and robust
stability would still be an issue.

Regarding the robustness of EMPCs, most current literature focuses on the system's
resilience concerning the reservoir's uncertainties or operational health.

Concerning uncertainties, various studies propose controllers ensuring system constraints
are upheld at all times (dynamically) (KRISHNAMOORTH al,, 2017; KRISHNAMOOR-

THY et al, 2018c; VERHEYLEWEGHENMN:t al,, 2018; KRISHNAMOORTHYet al,, 2019b;
JANATIAN et al, 2022, 2023c). This comes at the cost of problem conservativeness and
increased computational burden. Given the heaps of uncertainty associated with the studied
systems and the challenges in real-time data availability, accepting conservativeness seems
justi ed. Nonetheless, robust MPCs exhibit execution times at least six times longer than their
nominal counterparts, limiting their applicability in large-scale systems.

Nevertheless, the issue of computing time remains a major bottleneck in the current
technology landscape. The investigated Robust EMPCs had execution times within the 1 to 8
seconds range, which is viable for large-scale applications. However, examining runtimes against
the baseline runtime in Table 3, shows that solving NLP problems might become impractical,
particularly under plant instabilities, controller-observer coupling, and for large-scale systems.
This raises concerns that robust EMPCs may not be suitable in realistic scenarios.

Here we can divide the conclusion about robustness into two, according to the dynamics
of the plant to be used:

" In plants with time-invariant uncertainties or slow changes (like reservoir variations),
employing a controller coupled with some form of parameter adaptation rather than
a robust one is preferable (GUAa al.,, 2015).

~ In situations with time-varying uncertainties, such as pressure variations from the
manifold to the well with ESP, a robust framework may be suitable when nominal
and or adaptive control leads to signi cant losses.

Additionally, low-frequency EMPCs show performance degradation in the presence of
disturbances and noise (JAHANSHAHL al, 2020; ARANHA RIBEIROet al, 2024). Even
controllers designed to be robust against disturbances (in the strict sense) are less e ective overall,
as the controller acts less in the plant. Thus, we believe that robust EMPCs are not yet mature
enough for practical application.

Finally, we also have to comment on the human aspect. For classic MPCs, tuning is
straightforward as one has to choose between fast reference tracking or smooth response with
less control e ort. In this context, the next section also presents a tool that has been applied in
practice which decides the MPCs horizons automatically (based on past data). This is not the
case for EMPCs, whose tuning is still di cult even for specialized personnel. As discussed in
Aranha Ribeircet al. (2024), both the traditional MPC and PIDs have adequate tuning recipes
readily available and well-documented. Furthermore, many operators have experience with these
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controllers which do not necessarily require a strong mathematical or control theory basis.

In this sense, itis also noted that, at least for now, it is more advantageous for the processes
studied to maintain the layer structure, increasing the frequency of RTO action. Thus, the idea
would be to implement a frequent RTO with transient measurements coupled to a TMPC that
may or may not have economic considerations. This approach is not without problems but seems
more adequate for now, generating similar responses to the EMPC, but with easier tuning and
less modeling e ort (ARANHA RIBEIRCet al, 2024).

2.5 APPLICATION OF TRADITIONAL MODEL PREDICTIVE CONTROL IN OIL PRO-
DUCING WELLS

This section focuses on traditional tracking controllers, altering the analysis accordingly.
As aresult, the control objectives are tied to tracking the system outputs or states as per Equation
(5). Furthermore, the tracking problem is often more palatable from a computational point of
view, so authors overlook such information. Thus, these data are omitted in this section, which
also predominantly features centralized, deterministic, and non-hierachial MPCs with limited
exploration of stochastic and distributed controllers.

Therefore, the analysis pivots away from economic characteristics to emphasize traditional
ones:

" We present the most used manipulated and controlled variables to streamline which
measurements are most appropriate for each situation.

~ We outline the model type -linear, nonlinear, or data-based - to streamline the current
trend with respect to the most suitable model.

~ We distinguish prediction and control horizons, a concept unique to TMPC compared
to EMPC's single horizon due to the need to nd a equilibrium point. The control
horizon a ects the size and complexity of the optimization problem.

To do so, this section is divided into applications in GLOWSs (Sections 2.5.1 and 2.5.2)
and applications in ESP-lifted oil wells (Section 2.5.3). The applications of the GLOW system
are categorized based on whether the system is subject to slugs or not. This division is justi ed
by the need to prioritize stabilizing the system with slugs without necessarily tracking a reference
point. To conclude this section, we will discuss the identi ed trends in the literature.

2.5.1 Application of anti-slug model predictive control in GLOW

Table 4 summarizes all the revised studies applying an MPC to handle sluggish ow
into a GLOW. As noted eatrlier, the slug production regime is the most complex and perilous
condition for this system. Consequently, this Table omits information on whether the plant was
tested against disturbances, as the slug is the most substantial disturbance for this type of plant.
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Furthermore, as in the previous sections, we consider that controllers were evaluated
model-plant mismatch solely when explicitly discussed in the papers. Finally, for papers proposing
multiple controllers, the relevant data is displayed in a list format (represented by

Table 4 Summary of MPC strategies as anti-slug control for o shore production rigs.

NZ?ES; Paper System Estimators Type of Study MPC Settings
Wells Pipeline Riser Simulation on Experimentq{izrrii(gﬁtzo,\lr:)) Hoﬁgggc()ll\lc) STaimzle

1 (BRASTEINet al,, 2016) 1 1 UKF Matlab 150sec 20sec 5sec
2 (SHletal, 2018) 1 Nonlinear HGO  PLC/Simulator b b b
3 (GEREVINIet al, 2018) 1 1 1 EKF Matlab/Simulink 5hrs 2.5hrs 90sec
4 (DIEHL et al, 2018) 1 1 1 HEKF OLGA/UNISIM 6000sec 2500sec 90sec
5 (DIEHL et al, 2019) 1 1 1 No X 300min 60min 1.5min
6 (ADUKWU et al., 2020) 1 NG Matlab 100sec 4sec 1sec
7  (ROJAS SOARES®tal,2022) 1 EKF/ANN Matlab ) i‘é%ssgg ) 12%%332’5 40sec
8 (ADUKWU et al., 2023b) 1 EKF Matlab 100sec 4sec 1sec

Table 4 Summary of MPC strategies as anti-slug control for o shore production Ggstinu-
ation).
Paper Problem Variables Model Tested against
Number
MVs CVs Plant-Model Noise
Mismatch
~ Riser bottom pressure
1 Production valve opening " Pressure drop in riser Nonlinear
" Mass of liquid in riser

2 Opening of productlon valve; Pressure at tubing bottom Nonlinear X

Gas-lift ow Pressure at annulus bottom

“ Opening of production valve;

3 " Opening of production valve Bottomhole Pressure Nonlinear

Gas-lift ow
4 Opening of productlon valve; Bottomhole Pressure Nonlinear X

Gas-lift ow
5 Opening of production valve PGD Pressure Linear X
6 Opening of production valve States Nonlinear
7 Produgtlon Valve Oper_nng; Qil oqtlet ow rate; Nonlinear X X

Gas inlet valve opening Gas inlet ow rate
“ Opening of production valve;

8 ~ Opening of production valve States Nonlinear X

Gas-lift ow

a States are assumed to be available for measurement.
b Not shown or no information available.

Firstly, the MPC controllers aim to suppress slugs in underwater piping to prevent surface
equipmentdamage. Thus only the subsea plant serves as a model. Yet, a separator vessel controller
can provide additional support (and for redundancy) to mitigate subsea oscillations when piping
suppression is insu cient (GODHAVNet al., 2005; MENDESet al,, 2012).

The use of Kalman Iter-type estimators such as Unscented Kalman Filters (UKF) or
EKF remains prevalent among authors for controlling oscillations, prioritizing suppression over
uncertainty estimation (BRASTEINt al,, 2016; GEREVINIet al, 2018; DIEHL et al., 2018;

ROJAS SOARESt al,, 2022; ADUKWU et al,, 2023b). In this context, handling uncertainty is
delegated to the optimization layer. While High Gain Observers (HGO) is an optionet&|
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2018), it is not recommended due to high sensitivity to disturbances and possible numerical
errors. Additionally, an MPC based on a transfer function model obviates the requirement for an
observer (DIEHLet al.,, 2019).

Regarding study methodologies, Diadtlal. (2019) was the sole paper to deploy MPC
on an actual platform, while others relied on simulators, often Matlab. Notably, Btedl
(2018) and Shet al.(2018) experimented with controllers on digital twins in a practical platform
setting. Furthermore, anti-slug controller tuning varies because they are tailored to wells with
diverse slug production characteristics. For example, slug periods across these studies range
from thirty minutes to four hours and the choice of the horizon has to consider this. Thus, while
a quantitative comparison among these papers is unsuitable, a qualitative evaluation sheds light
on the current advancements.

Brasteinet al. (2016) examined slug control in a pipeline-riser system operating under a
xed well ow rate. The researchers compared two control methods (MPC and PID) acting on
the production valve. The investigated control variables included: pressure at the bottom of the
riser, pressure drop across the riser, and the mass of liquid in the riser. The ndings consistently
demonstrated the superiority of the MPC approach over the PID controllers. Notably, PID
control only achieved satisfactory performance for the bottom riser pressure, thus corroborating
existing literature suggesting this variable as the most e ective for riser-induced slug control.
It is noteworthy that manipulating the pressure drop and liquid mass indirectly a ects the
bottom pressure. While PID control struggled with this indirect control approach, the non-linear
MPC framework enabled smoother control across diverse control variables, thus attesting to the
advantages of using nonlinear models and relevant CVs.

Alternatively, Shiet al. (2018) investigates an optimization approach for the casing head
phenomenon, shifting attention away from control strategies. While details about the controller
are limited, it utilizes a non-linear model to follow an optimal path. The key objective is to achieve
a stable system state in the shortest time possible. The optimization layer guides the system
towards the stable region by identifying where changes in bottom pressures cease (signaling a
stabilized system).

Gereviniet al. (2018) provides insights into Nonlinear Model-based Predictive Control
(NMPC) controllers applied to a well-pipeline-riser system focusing on bottom-hole pressure
control with an emphasis on computational e ciency using the Local Linearization on the
Trajectory (LLT) approach. As the name suggests, the Local Linearization along Trajectory
(LLT) linearizes the model at each iteration, turning the NLP into a QP problem. Unlike Brastein
et al. (2016), the writers address the practical challenge of slow-acting production valves (MVs)
that require gradual control adjustments. For a PID-type controller, it is possible to stabilize
the plant at minor valve openings, however it generates variations of 20% per second for larger
ones. Thus, one cannot stabilize the plant with such controller if slow-acting valves are present.
On the other hand, a SISO (single-input single-output) NMPC e ectively handles nonlinearities
and valve limitations, employing oscillatory control actions to prevent pressure uctuations and
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achieve high valve openings. Furthermore, an NMPC Multiple-Input and Single-Output (MISO)
approach controlling both production and gas-lift valves signi cantly reduces variability
(reduction of 80%) and ensures smooth operation with enhanced production valve openings.

Similarly, Diehlet al. (2018) applied the same MISO NMPC-LLT algorithm to suppress

uctuations in a similar plant with slow-acting valves. It is demonstrated that for high-production

valve openings, the system either: is o set-free with oscillations in control actions or has an o set
without them, depending on the error weighting. The strategy reduced the oscillation amplitude
regardless of the type of choke valve, even handling scenarios where an MV (gas lift injection)
was unavailable.

In their study, Diehkt al. (2019) proposed a cascade structure combining an MPC with
a PID (hierarchical control), where the downhole pressure and the slow-acting choke valve
were the controlled and manipulated variables. Given the absence of a gas lift ow meter, a
Single-Input and Single-Output (SISO) linear MPC was chosen under the assumption of minimal
operational changes (and to maintain simplicity). In this context, the authors emphasized the
PID's essential role in providing robustness and disturbance rejection. Field tests showed that the
linear MPC+PID controller increased choke valve opening from 39% (open-loop stable) to 46%
(controller-stable), achieving a 10% production gain. This demonstrates the MPC's e ectiveness
in managing slugging and optimizing oil production in real o shore wells, even with simpler
models.

On the other hand, the research by Rojas Scaetraks(2022) presents an anti-slug NMPC
that also deals with set-point changes, unexpected disturbances, and variations in unknown
system parameters. They focus on the consequences of controller and observer integration. For
this, a comparison was made between a perfect NMPC (with full state measurements), an NMPC
with EKF, and an NMPC based on an ANN for state estimation. The ndings reveal that the
ANN was accurate enough for stabilization but yielded an aggressive control. In contrast, while
NMPC+EKF performed well in some scenarios, it could not prevent slugging caused by system
uncertainties. This failure was attributed to the EKF's reliance on a poor model (di erent from
the simulator), while the ANN, built using historical plant data, helped NMPC avoid slugging
more e ectively.

Finally, Adukwu et al. (2023b) approaches the slug problem di erently: an NMPC
maintains the states within a zone while a control target (for the MVs) is pursued. To prevent
oscillations within the allowed zone, a terminal constraint is imposed, forcing the system to
reach a steady state by the end of the prediction horizon. Fearing feasibility issues, the authors
recommend using a su ciently long prediction horizon. The strategy is evaluated in scenarios
with one and two MVs, and the results align with previous research, demonstrating that using
two inputs leads to faster disturbance attenuation and improved oil production ow rate. Despite
being an intriguing solution, directly using state variables for slug control intensi es the NMPC's
dependence on the EKF, which, as discussed earlier, can be problematic.
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2.5.2 Application of traditional model predictive control in GLOW

This subsection addresses the use of controllers for reference tracking, excluding the slug
scenario. The quadratic and convex cost function simpli es the optimization problem, allowing
for manageable execution times even for non-linear MPCs, except for large-scale problems.
Moreover, controller tuning becomes more straightforward, usually balancing rapid tracking and
smooth control actions.

Furthermore, many combinations of state values and control inputs may keep the system's
outputs at the reference. As a result, the CVs can achieve their set points swiftly, often even
before state stabilization. The integrative action of the controller also increases its robustness to
errors arising from noise, disturbances, or modeling inaccuracies.

Table 5 summarizes the main characteristics of each MPC found, which are all built in a
centralized and deterministic manner.

Table 5 Summary of TMPC strategies applied to production systems with gas-lifted oil wells.

NE?T’]);; Paper System Estimators Type of Study MPC Settings
Wells Pipeline Riser Separator Compressor Simulatiof onHzrr;j;rC]t&r;) Ho(r:igg;r(()ll\lc) Sﬁmgle
1 (RIBEIROet al,, 2016) 3 1 1 1 - EMSO/Simulink 450min 12min 10min
2 (MIYOSHI! et al,, 2018) 1 MHE Matlab b b b
3 (JORDANOUEt al,, 2018) 1 Python 400sec 60sec 10sec
4 (RIBEIROet al, 2019) 4 1 1 1 1 EMSO/OLGA b b 1min
5 (SHAMAKI et al, 2020) 1 EKF Matlab 1 15min 5min
6 (JORDANOUet al., 2022b) 2 1 - Python 40min 5min 1min
7 (ADUKWU et al,, 2023a) 1 EKF b 200min 4min 1min
8 (KITTELSENet al,, 2024) 3 Python 50min 45min 1min

Table 5 Summary of TMPC strategies applied to production systems with gas-lifted oil wells
(Continuatior).

Paper

Problem Variables Model Tested against
Number
MVs Vs PIapt—ModeI Noise Distur-
Mismatch bances

Gas-lift ow injection at wells 1,2, and 3; . Produced oil out ow Linear:
1 ! - . TOG in the separator water out ow . X X

Oil water interface level in the separator . ) Transfer Function

BSW in the separator oil out ow.
2 Gas-lift ow Oil production ow Nonlmear:_
Hammerstein
3 Opening of production valve; Bottomhole pressure; Nonlinear: X
Gas-lift ow Pressure at wellhead ESN
Gas-lift ow injection at each well; . Produced oil out ow Nonlinear:

4 ’ . . TOG in the separator water out ow . X

Oil water interface level in the separator . . Hammerstein

BSW in the separator oil out ow.
. I Gas ow in the annulus; Linear:
5 Gas-lift ow injection at each well Total gas and oil produced State-Space X
6 Opening of production valves at well head Bottomhole pressure Noglén'\(‘aar: X X
. . Mass of gas in annulus; .
7 Opening of production valve Mass of liquid and gas in tubing Nonlinear X X X
8 Gas-lift ow injection ap each well; Pressure at bottom hole Nonlinear: X X
Opening of production valves PINN

b Not shown or no information available.
€ No experimental studies were found.
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Firstly, as in the previous sections, no reports of experimental application of MPC in
GLOW were found. This leads us to believe that the technique does not have as much penetration
in the industry when deep wells are involved. Furthermore, we see that the Matlab and Python
programming environments are still the most common choices for initial testing.

Regarding the prediction model, a traditional MPC formulation allows for greater ex-
ibility. For instance, both Jordanaat al. (2018) and Jordanoet al. (2022b) have Echo State
Networks (ESNs) prediction models. Such networks, trained with o ine data, only need real-
time input/output information, making observers unnecessary. Similarly, Kittets#n(2024)
developed a Physics-Informed Neural Network (PINN) and Ribetial. (2019) a Hammerstein
model. Both approaches are input/output based, with the former based on inputs and an initial
state, and the latter based on a transfer function and static nonlinear input/output model. This
means that all of these reports use data-driven models. Conversely, classical state-based formu-
lations are also used (MIYOSH al,, 2018; SHAMAKI et al,, 2020; ADUKWU et al, 2023a),
albeit necessitating state estimations.

The MPC settings provide insight into the system dynamics and computation time for
each strategy. Notably, most studies use a sample time of 1-10 minutes, similar to those in Section
2.4. However, the TMPC prediction horizon is much shorter than the EMPC's, since one may not
need an extended horizon to capture the entire transient response. Moreover, an added bene t of
layer separation is the ability to select a di erent control horizon from the prediction horizon,
further reducing computational costs.

In their work, Ribeiroet al. (2016) implemented hierarchical control in a GLOW setup
with a topside three-phase separator. The RTO-optimized values were sent to an MPC, which
tracked these while overseeing oil and water quality criteria. The controller tracks the optimal
production out ow while maintaining the Oil in Water Content (TOG) and Basic sediment and
water (BSW) within an adequate zone. Results showed that the MPC quickly meets production
targets based on TOG and BSW estimations. These use simple correlation models based on
separator level measurement and TOG/BSW. The study by Riee#lo(2019) expanded upon
the previous work by including the compressor sub-process and a fourth well during slugging
phases. The controller had as MVs all (gas lift and production) valve openings along with separator
interface level. While the objectives are the same, the compressor capacity and gas-lift injection
limits are also considered. Moreover, a Hammerstein Wiener model for easy computation of
gradient and Hessian was employed to reduce computational overhead. The proposed NMPC
e ectively eliminated slugging and achieved target setpoints, maintaining quality standards even
during disturbances. To maintain proximity to the optimal point, the authors advocated for target
tracking CVs and MVs within the controller problem.

The hierarchical approach in Shamakal.(2020) contrasts with previous methodologies
by advocating for a linear MPC model's e ectiveness. The controller features an in nite horizon
to enhance stability and has no conventional setpoints. Instead, it ensures outputs remain within
the speci ed zone while keeping the MVs near the optimal values from the RTO. Unfortunately,
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while testing the system under GOR disturbances, it exhibits erratic responses, though the targets
are reached, attributed by the authors to system nonlinearities.

On the other hand, Jordanetial. (2018) introduces a PNMPC approach based on an
o ine-trained Echo State Network (ESN). The Nonlinear Extended Prediction Self-Adaptive
Control (NEPSAC)-ESN yields a QP formulation with well-de ned derivatives enhancing com-
putational e ciency. To handle modeling errors, including structural ones, the MPC incorporates
a low-pass discrete lter. Thus, there is minimal reliance on detailed plant phenomenological
models. Despite signi cant (ESN) estimation errors during system transitory, the controller
e ectively tracks bottom pressure set points with satisfactory transient behavior, attributed to
the Iter's role in enhancing robustness and correcting modeling discrepancies.

Meanwhile, Jordanoet al. (2022b) provides a thorough exploration of the correction

Iter's advantages, emphasizing its robustness to unexpected disturbances through innovative
parameter tuning techniques. Additionally, an enhanced formulation for rapid computation of

a Jacobian matrix directly linking outputs to variations in control inputs is introduced.

The improved NEPSAC-ESN is compared against a Pl controller, linear MPC, and NEPSAC
with LSTM (long-short-term memory) mode, aiming to track bottom hole pressure despite
disturbances in the gas source pressure. Despite signi cant disturbances, the Iter reduces the
ESN prediction's error to less than 4% across simulations. Unlike faster, linear model-based
approaches prone to overshooting and oscillations, the method demonstrates a smoother, less
aggressive response.

Relatedly, Kittelseret al. (2024) points out the inherent di culties in using phenomeno-
logical models to train neural networks, citing numerical instabilities and discontinuities. The
authors also emphasize that the neural network might be a more complex MPC model, if the an-
alyzed case study having 6 hidden layers with 30 neurons each. Nonetheless, empirical evidence
demonstrates that it can provide accurate predictions within an MPC formulation, enough to
regulate the bottom-hole pressure, even with measurement noise. Comparative analysis against a
Successive Linearization (SLMPC) and a linear MPC demonstrates that the PINN framework is
capable of long-range predictions for intricate systems, making PINNs advantageous if real-time
ODE access is not viable.

In summary, all controllers discussed in this section are centralized and deterministic, and
none can be classi ed as robust. Additionally, there are several data-based MPCs (JORDANOU
et al, 2018; JORDANOLEt al,, 2022b; KITTELSENet al, 2024), and some are integrated into
hierarchical frameworks (RIBEIR@t al,, 2016; RIBEIROet al,, 2019; SHAMAKI et al,, 2020).

2.5.3 Application of traditional model predictive control in ESP-lifted oil wells

Table 6 summarizes the main characteristics of each MPC found, which are often built
in a centralized and deterministic manner. As before, for papers proposing multiple controllers,
the relevant data is displayed in a list format (represented.by
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Table 6 Summary of TMPC strategies applied to production systems with ESP-lifted oil wells.

Paper

Number Paper System Estimators Type of Study MPC Settings
Wells Simulation on Experimentale;iezcj)igﬁ(oN';) Hoﬁg(r)]:(()ll\lc) S.ﬁ:lzle

1 (BINDERet al,, 2014) 1 PLC/SEPTIC and PC 5sec 5sec 1sec
1 (PAVLOV et al, 2014) 1 X a a 1sec
1 (KUFOALORet al,, 2015) 1 PLC and PC a a 1sec
2 (BINDERet al, 2015a) F PLC and Matlab a a 1sec
3 (KRISHNAMOORTHY et al,, 2016b) 1 Modelica a a 10sec
4 (OHREMet al, 2017) 2 b Matlab 3sec 3sec 1sec
5 (A. DELOU et al, 2019) 1 Matlab 40sec 10sec 1sec
6 (FONTESet al, 2020) 1 KF b 1 3sec 1sec

~ KF
7 (DELOUet al, 2021) 1 © KF Matlab 100sec 5sec 1sec

" EKF
8 (SANTANA et al, 2021) 1 b b 1 3sec 1sec
9 (SANTANA et al,, 2022a) 1 EKF Matlab 20sec 4sec 2sec
10 (SANTANA et al, 2022b) 1 KF Matlab 1 8sec 2sec
11 (JORDANOUEt al, 2022a) 1 Python b b 1/12sec
12 (MATOSet al, 2022) 1 Microcontroller and Matlab 1 2sec 1sec
13 (SANTANA et al, 2023) 1 EKF Microcontroller and Matlab ’ A4(isec : fg::c 4sec

Notice that the SEPTIC to8lwas employed to con gure certain MPCs, which determines
the ideal prediction horizon for each CV based on the model and certi es a steady state after
the nal MV move. It also builds the process model through the superposition principle based
on identi ed SISO step responses. The tool also allows for explicitly prioritizing each control
target. Therefore, controller tuning in these cases is done automatically and is not shown in the
works or this review.

Note rst that, as in all previous subsections, Kalman lter-type estimators continued
to dominate in scholarly work (FONTES al., 2020; DELOUet al,, 2021; SANTANAet al,
2022a, 2022b, 2023). However, akin to the TMPC application for GLOWSs, multiple controllers
are input/output based and do not require observers. The Kalman lter is favored for its reliability,
ease of implementation, and computational e ciency. However, readers are referred to the work
of de Abreuet al. (2024), which compares various estimators in an ESP-equipped pilot plant.
Despite its simplicity, Kalman Iter methods showed poorer performance than MHE.

Secondly, dealing with ESP-lifted wells presents a challenge due to their fast dynamics,
resulting in minimal sample time values, as evident from the scarcity of studies with intervals
exceeding 2 seconds (KRISHNAMOORTHg al,, 2016b; SANTANAet al, 2023). In this
context, the use of nonlinear models adds computational expenses, limiting their utility in real-
time scenarios and prompting researchers to favor linear models or substitutes such as surrogate,
data-driven, or adaptive models.

As noted before, the priority of a controller in an ESP system is to maintain the pump
within a safe zone to avoid wear from thrust forces rather than focusing on economic gains
or reference tracking. Moreover, the controller also operates under numerous constraints, such

4 Statoil Estimation and Prediction Tool for Identi cation and Control (see Stedrad. (2004))



Chapter 2. Systematic survey on model predictive control schemes applied to o shore deep water wells in oil and
gas industry 64

Table 6 Summary of TMPC strategies applied to production systems with ESP-lifted oil wells
(Continuation).

Paper Problem Variables Model Tested against
Number
MVs CVs Plant-Model Noise Disturbances
Mismatch
Frequency; Inlet pressure, ow; )
1 . . Linear X X
Opening of production valve  ESP currerft, wellhead pressui‘e
Frequency; Inlet pressure, ow; .
2 . . L X X X
Opening of production valve  ESP currerft, wellhead pressui’e near
3 Frequency; Inlet pressure, ow; Linear X
Opening of production valve  ESP currerft, wellhead pressufle
Frequency of each pump; Inlet pressure, ow; )
4 - ) Linear X
Opening of production valves  ESP currerft, wellhead pressufe
Frequency; Inlet pressure, ow; .
5 Opening of production valve ESP currertt Linear X X X
Frequency of each pump; Inlet pressure, owd; .
6 Opening of production valves ESP Powet Nonlinear X X
Frequency; Linear
7 Opening of production valves Inlet pressure, ESP Povfer (Adaptative) X X
8 . Frequency;_ Inlet pressure, Head Linear X X
Opening of production valve
Frequency; ~ Linear
9 . d Y. Inlet pressure, ESP Power " Linear interpolation X X X
Opening of production valve . )
Nonlinear
Frequency; Linear
10 Opening of production valve Inlet pressure, Head (Adaptative) X X
11 . Frequency;. Inlet pressure, Head Nonlinear X X
Opening of production valve
12 . Frequency;. Inlet pressure, Head Linear Models X X X
Opening of production valve
13 . Frequency;‘ Bottomhole pressure, Flow Nonlinear X X
Opening of production valve
14 . Frequency;. Inlet pressure, Head LPV Fuzzy X X X
Opening of production valve
15 ) Frequency;_ Inlet pressure, Head ANo_nIlnear X X X
Opening of production valve Linear

a Design by SEPTIC (see comment above).
b Not shown or no information available.

¢ Four wells plus a riser with a booster pump.
d Zone control, handled with constraints.

as limitations on current (or power), rotational speed (frequency), pump temperature, pump

pressure, pump vibration, and wellhead pressure (to avoid back ow).

Thus, most works track ESP inlet pressure set-points, which are directly related to the
production of the well, while using other CVs to ensure safe pump operation (BIND&R2014;
PAVLOV et al, 2014; KUFOALOREet al, 2015; BINDERet al,, 2015a; KRISHNAMOORTHY

et al, 2016b; OHREMet al,, 2017; A. DELOUet al,, 2019; FONTESet al,, 2020; DELOU

et al, 2021; SANTANAet al, 2021; MATOSet al, 2022; SANTANAet al,, 2022b, 2023). At

this point, we highlight that time-varying constraints on the ow or head can keep the system
operating safely (BINDERt al,, 2014; PAVLOVet al,, 2014; KUFOALORet al, 2015; BINDER

et al, 2015a; KRISHNAMOORTHYet al, 2016b; OHREMet al,, 2017; FONTESet al,, 2020;
SANTANA et al, 2021; MATOSet al,, 2022; SANTANAEet al,, 2022b; JORDANOLkt al.,
2022a; SANTANAet al,, 2023).
Therefore, the MPC needs to provide safe and computationally fast control actions.
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Regarding execution time, the literature rea rms the readiness of applying MPCs in
ESP-equipped wells for QP-type problems. Bineleal. (2014) validated an MPC embedded into
a Programmable Logic Controller (PLC) controlling an ESP simulator in Matlab. Simulations
showed a performance akin to standalone MPC, displaying minimal tracking errors or constraint
violations and an average computation time of only 124.09 ms. Similarly, Kufetkdr(2015)
explored implementation aspects of embedded MPC on industrial PLCs, evaluating various
embedded QP solvers like gpOASES, FiOrdOs, and CVXGE¥hphasizing their suitability for
small/medium-sized QP problems in high sampling rate applications. Computation times ranged
from 8.6 to 262 milliseconds, supporting e cient real-time control capabilities. Additionally,
Binderet al. (2015a) tested the scalability of these solvers starting on a system with one ESP
well up to a system with four wells and a riser, resulting in problems with up to 319 decision
variables. The computation times ranged from 6 to 305 milliseconds, demonstrating feasibility
for larger applications and con rming that linear TMPC is manageable.

Focusing on linear TMPCs, Pavi@t al. (2014) formulated a control-oriented model
for ESP-lifted oil wells to use as an MPC model for application in a large-scale facility. Safety
constraints were used to account for variations in the reservoir properties (pressure, productivity),
and in uid properties (density, viscosity). Results show that the MPC maintains the system
within acceptable limits despite several disturbances, though reference tracking is slightly slow,
likely to enhance system robustness. By augmenting the previous model, Krishnana@ithy
(2016b) created a more realistic multistage ESP model, considering daily variations in the
reservoir water cut ratio. Researchers then examined the MPC's robustness, concluding that
linear models showed substantial variation depending on the ESP operational region. In that
sense, an MPC linearized oridenti ed around the midrange operational region gives the best
trade-o between accuracy and robustness, yielding adequate performance to large and abrupt
disturbances.

To achieve adequate robustness, some authors suggest the use of NMPCsetGihrem
(2017) implemented an NMPC on a system with horizontal pumps to keep the inlet (or suction)
pressure at the desired set point. Despite the system's ability to adapt well to changes in upstream
and downstream disturbances and large variations in valve positions and speeds, dynamic
violations in ow constraints still occurred. Moreover, the authors assumed state availability
and did not provide details on computation time. Along the same lines, Sagttah#2022a)
introduces an NMPC that, unlike the previous research, is coupled with the EKF. Moreover,
the simulation includes noise and disturbances. The authors clarify that time-varying thrust
constraints are best handled through zone control, which relies on a simple head-frequency
correlation. As expected, despite disturbances pushing the system into diverse operating areas,
the NMPC consistently displays a smooth response, as evidenced by the results. Given the
NLP nature of the problem, the zone NMPC law and EKF were compiled into MEX functions,

5 These are fast and e cient convex optimization solvers that can be embedded into a PLC. A code generator
must translate the original QP into portable source code rst. See Kufealdr(2015) and its references.
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leading to a notable reduction in computational times to millisecond-level (worst case of 53
milliseconds).

Despite this, such performance is achieved inside a PC and not embedded. A test
embedded in a microcontroller, hardware in the loop, is presented in Sazttahg2023).

The same NMPC controller is tested, where the MPC strategies are generated in C-code,
and deployed as a standalone static library for runtime execution on the microcontroller. The

controller performs well with set-point changes and non-measurable disturbances. Moreover,
despite using a nonlinear model, a brief violation of the ESP operational envelope still occurs

(due to noise and disturbances), but the system swiftly returns to a safe operating range. Notably,
the NMPC exhibited longer execution times (average 0.1680 s, maximum 0.9505 s) compared to
the embedded linear MPCs previously present but remains suitable for real-time implementation.

Alternatively, A. Delouet al. (2019) proposed an adaptive strategy based on a linear
convex combination of two linear models (on high and low choke valve openings), thus expanding
the operating range while maintaining a QP-type problem. The transition between models is
regulated by valve opening values. While this method outperforms an MPC based solely on a
linear model, small oscillations emerge in the transition zone (where the model is a blend of
both linear models). To deal with that, Deletial. (2021) increased the number of linear models
representing the system. They also increased the number of scheduling variables, now frequency
and valve opening. Based on these, they analyzed two model scheduling strategies: homotopic
interpolation and linear interpolation. Notice that the method increases the computational burden
due to one interpolation resulting in an NLP problem and the other needing a search algorithm to
nd the current operational region. Thus, while scheduling designs using o ine-identi ed models
can yield good results, it may require many linear models to represent the system increasing
execution time. Likewise, Jordanetial. (2022a) proposed the application of NEPSAC-ESN in
the ESP system. Despite maintaining all the previously presented advantages of the technique,
the runtime to solve the NMPC optimization problem far exceeded the chosen sampling time
(0.08 seconds), with the worst execution time of 0.87 seconds. Thus, even approximate versions
of the NMPC generate times longer than its linear version.

Regarding robustness, Fonttsal. (2020) innovatively applied the in nite horizon MPC
(IHMPC) for the ESP problem to guarantee stability and improve robustness. The authors
addressed operational envelope constraints using zone control with slack variables to enhance
problem feasibility. The study presents three key conclusions: (i) an MV target can be used to
maintain the production valve open at 100% to minimize power consumption, in which case
the output set-point is still reached, albeit with di erent state values; (i) an MPC with no
safety constraints pushes the system outside the operational zone when faced with disturbances;
(iif) despite the system's nonlinearity, a linearized model was e ective. Notice that Santana
et al. (2021) further investigated the last point by linearizing the plant nonlinear model at
every instant and incorporating it into the IHMPC. Results showed that when the system strays
signi cantly from the assumed linearization point, the original IHMPC exhibits oscillatory
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responses. Conversely, the adaptive IHMPC remains stable, demonstrating robustness against
unmeasured disturbances. Despite the adequacy of successive linearization techniques, it lacks
robustness guarantees. To this end, Sanana. (2022b) introduces the Robust IHMPC
(RIHMPC), which employs multiple linear models to represent the system. Robustness is
enforced by a cost contractive constraint that ensures continuous reduction of the cost function's
value. The gist is that such a constraint is implemented in all models in the set, and all costs
decrease. Thus, one does not need to know in which region the plant is but, the constraint
transforms the problem into an NLP. For this reason, the RIHMPC was also implemented in
Santanat al. (2023) embedded in a microcontroller. While it exhibited performance similar

to NMPC, it also had longer execution times (averaging 0.2080 seconds with a maximum of
1.3304 seconds).

Finally, Matoset al. (2022) implements an IHMPC strategy embedded in a microcon-
troller, recognizing the limitations of a linear model to universally represent the system and the
impracticalities of NMPC exceeding a one-second sampling time. Their solution, the FIHMPC,
approximates the nonlinear system using an LPV Takagi-Sugeno-Kang (TSK) fuzzy model.
Comparisons with the original IHMPC are similar to previous works in which the IHMPC per-
formance deteriorates due to the linear model's shortcomings. However, unlike its predecessor,
the fuzzy LPV control law lacks guaranteed closed-loop system stability. As a silver line, the
FIHMPC proves suitable for real-time applications with runtime below RIHMPC and NMPC
(typically between 48.7 and 50.5 milliseconds, with the worst case as 52.3 milliseconds).

2.5.4 Discussion and future trends

For this section, discussions depend on the process to be analyzed. For the case of
ESP-lifted oil wells, research over the last decade has focused on reducing computational
costs due to the small sampling times and limited platform computational capacity. In this
sense, the optimization problem can be partially pre-computed o ine to reduce the online load.
Promising results have been obtained using linear, non-linear, robust, and observer-dependent
MPC, with computation times under 1 second on hardware-in-the-loop simulations using PLCs
and microcontrollers. Notice that the MPC is a strong candidate for optimal performance given
that the system is heavily constrained and requires prioritization of operational and safety
limits. Based on these works, and as discussed previously, nonlinear models in MPC o er
several advantages, suggesting that future research should investigate the scalability of embedded
NMPC.

We emphasize, however, that scalability may not be a signi cant issue since ESP wells
are often only interconnected via a production manifold. In this context, the manifold pressure is
typically treated as a disturbance, thus an NMPC can be applied to each well, with an optimizer
handling set-point adjustments.

Regarding the GLOWSs during slugs, most studies concur that pressures at the well
bottom and riser base are the ideal CV for slug rejection. Moreover, nonlinear models describe
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the phenomenon more accurately and one can act on both production and gas lift valves for better
performance. Thus, MPC as an anti-slug controller seems consolidated, at least in theory. This is
not the case in practice, given the limited number of experimental tests and on-board applications.
Moreover, the anti-slug controller is often process-dependent with no one-size- ts-all solution.

For instance, when the controller cannot access the gas injection valve, it is important to
determine the maximum stable opening of the production valve. In this case, studies indicate
that the ideal MPC may not be feasible in practice.

Furthermore, the issue of computational cost is not a major concern due to the system's
longer sampling time compared to ESPs, providing su cient time for control action calculations.
Bear in mind that, NMPCs, despite being more suitable, are more expensive, especially if
bottom well variables are inaccessible. Moreover, an important conclusion is that during the slug
regime, the NMPC-observer technique may not stabilize the system in plant-model mismatch
situations (ROJAS SOARE& al.,, 2022). Thus, future works should demonstrate the NMPC's
practical applicability with observers and examine how the estimation errors a ect the process
focusing on robustness with respect to slug and whether there is indeed su cient time for
calculations when the NMPC and estimator are embedded on PLCs or micro-controllers.

For stable GLOW systems, the current trend is to employ non-linear data-driven models
(hybrid MPCs). The aim is to extend the controller operational region without relying on complex,
dynamic phenomenological models with potentially unknown parameters. These alternative
data-based models are built to be less computationally intensive, can accelerate simulations
signi cantly, and do not rely on estimators. Moreover, the surrogate model can be developed to
handle nonsmooth terms in ODE equations, which would speed up simulations and simplify the
solver's task. Even in cases where disturbances are expected and may lead the system to regions
of reduced model accuracy, the literature demonstrates methods for tuning lters to enhance
robustness. Given the above, it is apparent that this trend should continue, with an increasing
focus on the robustness of these hybrid MPCs.

2.6 FINAL REMARKS

This chapter reviewed MPC applications in deep-water oil wells using arti cial lift,
grouping the research into economic and tracking MPCs. Then, comparative tables summarized
the di erent systems and MPC methods, revealing that most research involved simulations under
ideal conditions and subject to a centralized and deterministic MPC.

Regarding the EMPC, its application still incurs signi cant computational costs for
complex systems, even in simulations. To address this, some literature suggests distributed MPC
strategies that divide the computational load across multiple controllers. Alternatively, some
authors are adopting economic problem approximations to lower computational expenses. The
literature acknowledges robustness, but there is a growing preference for adapting the nominal
model to minimize conservatism and decrease computational costs.

Due to the improved processing power of new microcontrollers and PLCs, the validation
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of TMPC with linear, non-linear, and robust methods is gaining momentum. This trend is
expected to enhance the strategy's potential in oil rigs. Although most of the results in this regard
have been carried out for the ESP-lifted oil well, we believe they are valid for the GLOW as well
since some experimental results were found. Moreover, there is also a trend of using nonlinear
data-driven models to improve the model accuracy without increasing computational burden (at
least when the system is stable).

All these works suggest that the oil and gas industry has not embraced MPC to the same
extent as other industries. However, the current situation points towards the development of
more practical controllers, which include considerations for embedding and coupling with soft
sensors.
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3 A SIMPLIFIED ECONOMIC MODEL PREDICTIVE CONTROL FOR A GAS
LIFTED OIL PRODUCTION NETWORK BASED ON MODIFIER ADAPTATION

This chapter proposes a gradient-and-modi er-based approach to mitigate the compu-
tational load associated with EMPC's nonlinear programming (NLP) problem. By adapting a
linear model through nonlinear dynamics and transient measurements, and approximating cost
function with gradient information, the method achieves performance like direct input adaptation
and computational times similar to linear MPC. Guidelines for appropriate design, to improve
stability and robustness, are also presented.

3.1 INTRODUCTION

Production in the petroleum industry entails making numerous choices that impact
production and operation costs. Typically, these choices are made at di erent time scales to
achieve both short and long-term goals (FOSS, 2012). As stated before, these goals are often
tackled through a hierarchical control structure (ENGELL, 2007). The day-to-day production
strategy, known as DPO, aims to maximize prot while respecting operational and process
restrictions. The DPO problem is mostly handled through the RTO layer.

The drawbacks of the hierarchical framework have been thoroughly discussed in Chapter
1 and include: inconsistent interactions between layers due to model mismatch, RTO wait-times,
and losses of performance or feasibility due to frequent changes or dynamic limitations. To
tackle some of these challenges, advanced techniques like Dynamic RTO (DRTO), economic
MPC (EMPC), and economic nonlinear MPC (ENMPC) can be used (see®iah(2018) and
Krishnamoorthyet al. (2018a)). There are however many challenges remaining such as keeping
models up to date (SEMAIst al,, 2021), feeding the controller with  sometimes unavailable
real-time data (ZONGt al, 2017), applying it in large-scale systems (MULLERal., 2017),
and handling computational cost (JASCHIEEal, 2014). Moreover, there are also additional
challenges in the oil and gas industry, such as ow assurance (MUL&ER., 2022), well
instability control (PEDERSENMt al., 2017), gas coning (FOSS, 2012), etc.

From a practical point of view, the DRTO and ENMPC appear to be more reliable regard-
ing economic performance (AGUIAR al,, 2015), addressing nonlinear dynamic optimization
problems for complex projects remains troublesome. In addition, dynamic models necessitate
additional parameters making the optimization problem more arduous to solve. Notice that some
authors successfully developed and applied both strategies (SHASMA 2012; WILLER-
SRUDet al, 2013; SUWARTADIet al,, 2018; RIBEIRCet al, 2019), but usually not considering
a realistic scenario. In fact, all these reports fail to test robustness against model mismatch, noise,
and unmeasured disturbances. Moreover, other works also suggest that a centralized nonlinear
approach tends to fail usually due to the lack of computational power (see €oalag2016)
and Jahanshakt al. (2020)).

To make the previous methods more palatable, an NMPC approach can be used to serve
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as a reference tracker (speci ed by the RTO), making the optimization problem easier to solve
while maintaining the advantages of using a nonlinear model (i.e. fully representing unstable
behavior, gain sign inversion, etc). Indeed, nonlinear model predictive control (NMPC) seems to
be the next frontier in the oil and gas industry, with multiple works addressing NMPC solutions
for the o shore environment (see Gerevetial.(2018), Diehlet al.(2019), Shamaket al.(2020)

and Krishnamoorthy (2021)).

We have observed that for the success of all these strategies, it is essential to acquire and
maintain high-quality process models. Furthermore, optimization with sophisticated nonlinear
dynamic models is generally not suitable for practical uses. For these reasons, we propose
a di erent ENMPC to integrate process control and economic optimization. The proposed
approach, hereinafter called ENMPC-Mod, consists of using a linear model to solve the MPC
optimization and modi ers to update such a model. Hence, it maintains the advantages of a
nonlinear model, while mitigating the computational burden.

Notice that modi ers are usually employed in the RTO layer to handle plant-model
mismatch. The method matches the KKT (Karush-Kuhn Tucker) optimality conditions of the
model and the process. Analyses of multiple approaches based on modi ers adaptation can be
found in (PAPASAVVASet al,, 2019; MARCHETTIet al,, 2009).

As suggested by Vergara-Dietriehal.(2020), one can use modi ers in the MPC layer to
update a linear MPC model based on the gradients of the plant. Thus, a linear model is capable
of fully representing the (nonlinear) plant, allowing to use only the solution of a Quadratic
Programming (QP) problem to obtain the MPC control action. However, the modi er demands
accurate details of the static gradient of the plant. When handling noisy measurements, slow
plants, or shorter sampling times, this is a vital issue. It is still unclear whether these techniques
can be used in realistic control contexts (i.e. using fast sample times and dynamic optimizations)
(VACCARI et al,, 2021).

Thus, this work proposes an ENMPC with the following characteristics:

(i) the costfunctionincludes economic and performance aspects considering a non-linear

model of the process;

(ii) to solve the optimal control problem and avoid the high computational load of the
ENPMC, a linear model that approximates the non-linear behavior of the process is
used,;

(i) the linear model uses the concept of modi ers so that, at each step, the linear model
is adjusted to approximate the non-linear one;

(iv) the modi ers are calculated based on the non-linear model, without the need to use
data from the real process in real-time to avoid the aforementioned problems.
The proposed simpli ed ENMPC (ENMPC-Mod) is then applied to DPO in an o shore
oil and gas network in a somewhat realistic setup. We assume noisy output measurements and
also that the states are not available for measurement. Hence, a state observer is required. For
this system, it is more interesting to employ a nonlinear model in the controller since linear
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models have severe limitations, due to the high plant nonlinearities (JAHANSIdA#] 2015;
SIMOES NETOet al, 2017b). However, the nonlinear model is not directly used in the control
algorithm. Instead, the modi ers update the MPC linear model, based on the nonlinear one,
similar to the works of Pluceniet al. (2009). Consequently, convergence to the plant optimal
cannot be guaranteed if the nonlinear model is di erent from the plant, albeit such a nonlinear
model can be updated using identi cation techniques with a higher sample time. It is worth
noting that numerous MPC strategies that use local linearizations at each time step, such as
NEPSAC, PNMPC (PLUCENI@t al,, 2012), and LLT based MPC (LLT-NMPC) (DIEHét al,,

2018), produce good results in the literature, owing to the inherent resilience of the sliding
horizon strategy.

Moreover, the strategy is also based on a second-order approximation of the RTO cost
function in the MPC to integrate an economic function into the MPC. This approach, coupled
with the linear modi er-based model, means that the ENMPC-Mod only has to solve a QP
problem at each iteration.

Therefore, the main contributions of this work are: (i) to propose a modi er-like approach
to approximate an ENMPC solution while solving a simple QP problem at each iteration; (ii)
to propose the combination of a gradient-and-modi er-based methodology and an estimator
into a viable solution for a gas and oil production network; (iii) to simulate and compare
such a solution to other approaches using a real practical scenario based on dynamic models
available in the literature coupled with unmeasured disturbances, noisy measurements, and model
inconsistencies.

The remainder of the chapter is structured as follows. The next section introduces the
production network models used in this chapter and the observer formulation for disturbances
estimations. Section 3.3 presents the formulations for the controllers while discussing how to
apply those to our network. Section 3.4 introduces the controller design procedure and sensitivity
analysis. Section 3.5 presents simulation results and some related discussions. Section 3.6 brings
the chapter to a close.

3.2 PRODUCTION NETWORK MODELING AND ESTIMATION

The gas-lifted oil production network used in this work consists of a reservoir connected
to two gas-lifted wells, a riser, and a bi-phase separator as shown in Figure 9.

According to Fos®t al. (2018), the dynamics of the reservoir are substantially slower
than the rest of the network and reservoir may be treated as a static system. Thus, for this work,
we use a static model for the reservoir but we assume that its parameters can vary and will act as
unmeasured disturbances to the system (YAHIA, 2018; JAHANSH#gtH., 2020).

Moreover, the wells considered are mature (i.e. the reservoir pressure cannot sustain
ow through the pipelines). Thus, gas-lift is employed to raise production. We chose the gas lift
method due to the fact that is a commonly used arti cial lift technology (HARAI, 2022) and
is still a very expressive arti cial lift method in Brazil (FREITAS BEZERR# al., 2020).
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Figure 9 Two gas-lifted oil wells production network.

According to Aguiaret al.(2015), the separator dynamics are considerably faster than the
pipeline-riser and the wells. Thus, the equipment tends not to in uence the optimization problem.
However, the two-phase separator sets the downstream boundary condition, i.e. the separator
pressure must be kept constant by tight regulatory control (in this case a Pl-type controller).

In addition, we consider other two PI controllers in the regulatory layer to deal with
the unstable behavior that plagues the system. Therefore, the proposed controller (ENMPC)
heavily relies on the local controllers for robustness. Moreover, the MPC and Pl layer operates
at similar time scales. Consequently, it is of the utmost importance to include the regulatory
controller dynamics in the model for optimization since the MPC must be aware of any regulatory
control limitations to avoid performance issues (JAHANSHAdtRI, 2020). Also, notice that
the EMPC depends not only on the PI controllers but also on the estimator behavior (since all
undersea states are unavailable), thus, proper tuning is required in both cases.

Although not the focus of this work, the next subsections present the process and the
regulatory controller models, a brief discussion regarding o shore instabilities, and the estimator
structure.

3.2.1 Process Models

In this work, three distinct models are exploited:

(i) A simpli ed nonlinear model represented by a set of ordinary di erential equations
(ODE) system in Equation (7), henceforth called Model 1, will be used as a nonlinear
model for the modi er formulation.
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(i) A simpli ed model represented by a state space system in Equation (8), henceforth
called Model 2, will be used as a linear model for optimization purposes in the
proposed controller.

(ii) A nonlinear model represented by a Di erential Algebraic Equations (DAE) system,
henceforth called Model 3, will be used as the process for simulation purposes.

Model 1 is presented below:

x = f(x,u,p,d) (7a)
y = h(x,u,p,d) (7b)

wherex 2 R™ are the dynamic states (mass for liquid and gas phases in each well and the riser,
level and pressure on the separatar?, R™ represents the manipulated variablgeg, R™ the

model parameters, ambrepresent the disturbances. The outgu@sR™ are the measurements
themselves.

The aforementioned parameters include economic parameters, which can vary, and
parameters that pertain to uid characteristics or are physical (such as temperature in the well
or riser height), which are assumed to have xed values. Parameters that pertain to the reservoir
characteristics (such as its pressure or the gas-oil ratio on the reservoir) are presented as explicit
disturbances to simplify the presentation of the model.

Model 1 is merely a transformation of the DAE model into an explicit ODE model with
very few simpli cations. The original DAE version is explained in Krishnamoorthsl. (2017)
and Krishnamoorthgt al. (2019a). Moreover, the system parameters are based on the work by
Matiaset al. (2019), which itself is based upon OLGA a dynamic multiphase ow software
simulations. Notice that similar models have been used by (AGWHAR, 2015; SUWARTADI
et al, 2018; JAHANSHAHIet al., 2020); among others.

The reasoning behind using two di erent non-linear models (plant and Model 1) is to
test the proposed approach in the presence of model mismatch, i.e, we will deliberately alter the
value of a parameter that is not represented,isuch as the reservoir productivity indéxd).

Thus, the plant and our nonlinear model will not be the same. Moreover, note that since the states
are being estimated from the approximated non-linear model (Model 1), a further discrepancy
between the model and plant is expected.

Our manipulated variables (MVs) are: gas lift ow at every welly(), choke valve
openings at well head fc) and at riser-topside fr), and pressure/level set-points in the
separator (g, sp)-

The measured/controlled variables (CVs) are: the pressures at the rispi,lopt(the
manifold (pm), at each wellheadp(,h), at the top of each annulugy), at the separatop§); the
gas (vmg) and liquid (vo) rates at the separator; and the level measurement in the sephjator (
These variables are usually available for measurement (KRISHNAMOORTHY, 2019), and will
be the ones to be used as inputs for the states estimator (see Section 3.2.3 for more details).
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Finally, the model can be linearized and discretized near an equilibrium point to produce
a state space model:

Xi+1 = Xinit T AXk  Xinit) + B(Uk  Uinit) (8a)

Yk = Yinit + C(X  Xinit) (8b)

wherexy is the state vectory the control inputyy is the output vector. The initial operating
point is given by(Xinit ,Uinit »Yinit)- Note that this model, henceforth called Model 8, does not have
a disturbance representation and is the one which we used to solve the optimization problem.

3.2.2 Regulatory Control

In networks like the one presented here, transport ow instabilities are common, with
the two wells operating in a casing-heading instability region. To counteract sluggish ow and
protect surface facilities, operators typically increase lift ow or adjust the choke valve, though
adjustments to the valve are often constrained by design limitations and high replacement costs
(SIMOES NETOet al,, 2017b; DIEHLet al,, 2017). Consequently, wellhead valves here remain
fully open, with a Pl controller managing the riser head valve to suppress sluggish ow as
suggested by Stasiat al. (2012).

For this speci ¢ network, gas-lifting is a reliable strategy to eliminate severe slugs and
the optimal solution for the riser head valve always yields a topside valve opening around
100%. Hence, the regulatory layer PID aims to maintain the opening at this value. Moreover,
additional PIDs on the separator handle pressure regulation and vessel ow: one must smooth
ow oscillations if sluggish ow is present, or keep the level constant if it is not (NUN&E &l
2005; MENDESet al,, 2012).

Thus, our ENMPC-Mod only has two Degrees of Freedom (DOF) to manipuigie:
(gas-lift ow at well 1), wy> (gas-lift ow at well 2). The pr (valve opening on riser head) is
controlled by a PI controller with a set-point of 100%. Such a set-point can be altered using
a Pl adaptation such as the one presented in Camtpals (2015). The separator regulatory
acts as a safeguard if ENMPC control fails. Therefore, the separator only appears as a boundary
condition on the EMPC optimization problem. For more information regarding the casing-heading
phenomenon, check 2.2.5.

3.2.3 State and Disturbance Estimation

Since most of the states are unavailable for measurement, they need to be estimated from
certain measured outputs (see Section 3.2.1) by a nonlinear state observer. To do so, one can use
multiple methods such as nonlinear Kalman Iter variants, moving horizon estimator (MHE),
etc.

An approach such as MHE is often interesting when constrained estimation is needed.
Similar to an MPC problem, the aim is to minimize the di erence between the estimates and the
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measurement. Even though these methods can be used coupled with the Modi er Adaptation
(MA) approach, as shown in Vaccai al. (2018), we decided against it. This is because they
are computationally expensive and can be quite slow.

In fact, it seems that fast observers such as nonlinear High Gain Observers (HGO),
Unscented Kalman Filters (UKF), and Extended Kalman Filters (EKF) are the preferred choice
when dealing with complex oil and gas systems (see Eiletat. (2004), Aamcet al. (2005),
Jahanshatet al. (2013), Gryzlowet al. (2013) and Grimstadt al. (2014)).

In this work, we choose to use the EKF since it is easy to implement and has a small
computational burden. Furthermore, it appears to be the most appropriate choice for parameter
estimation when compared to neural networks or other Kalman Filter approaches, especially
when noise and model mismatch are expected (A€tl&l,, 2019a, 2019b).

The EKF framework used for state and disturbances estimations can be found in Krish-
namoorthy (2019). Basically, we use an augmented state vector using the states and the uncertain
parameters, such ag = [x";d"]T. Therefore, the EKF estimates both the original states and
the disturbances. Moreover, the EKF uses a discretized (via Runge Kutta method) and scaled
version of Model (7) as a base to estimate the states and parameters (Gas Oil Ratio and reservoir
pressure of each well). The observation (output) noise initial covariance matrix has value of
10’ 1, and other covariance matrices have valuesa5f |, with I, been a identity matrix of
appropriate dimensions.

The EKF updates the states and parameter estimates with the same sampling time as our
ENMPC (every 8 seconds). As stated before, the measured variables are: the pressures at the
riser top pr), at the manifold ), at each wellheada(,,), at the top of each annulugy), at
the separatoipg); the gas\ig) and liquid (myo) rates at the separator; and the level measurement
in the separatoi§). The complete formulation of the EKF is presented in the Annex B.

Remark 4 The EKF depends on our regulatory layer. Should the system become unstable,
invalid Jacobians appear in both ENMPC and EKF calculations. That means if the slug is left
unchecked for too long, we may not be able to estimate x

3.3 SIMPLIFIED EMPC BASED ON MODIFIER ADAPTATION

3.3.1 Preliminaries

As stated before, complex processes require a hierarchical and structured control frame.
In an o shore oil and gas plant, process optimization is done by the RTO layer and the network
is almost always controlled with PID controllers as a regulatory control for pressures, levels,
temperatures, ow rates, etc.

In the gas-lift well problem, the stationary economic (RTO) problem is de ned as:

_ X
min - Sowo+ 1($gIWgI,i) (92)
i=
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subject to
0 =f(x,u,p,d) (9b)
y = h(x,u,p.d) (9¢)
Xow
(Wgii) Wy (9d)
i=1
Umin U Umax (9e)
Ymin Y Ymax (9f)

where $ is the sell price of oll, @ is the cost of lifting, anah, the amount of wells.
Equation (9a) represents the cost functi¢x u, d, p) which explicitly depends on the
states, inputsu, unmeasured disturbanadand some other economic paramefef®r instance,
oil prices and cost of gas lift injection). Thus, our objective is to maximize oil production while
minimizing lift injection costs. Moreover, Equations (9b) and (9c) represent the static model to
be used by the optimizer.
The decision variables ate= [wg 1, Wg 2, pr]. Equation (9d) is the constraint on the
total available gas-lift, and Equations (9e) and (9f) are constraints in the outputs and inputs.
One can also use an advanced control system to increase stability, maximize production,
ensure quality and e ciency. The controller is designed to track the references provided by the
RTO while taking into account the constraints and interactions among PID loops (Lié@l
2013). This layer, that often uses an MPC, solves an optimization problem such as:
RS 2 2
min X Xs ot U Us g
j=0
S.t.Xg = &«
X+1 = Xinit A (% Xinit) *B (U Uinit), 8] 2 loN1

Unin Y Umax 82 lgn1

(10)

Xmin X Xmax 8] 2 loN1

whereQ andR are appropriate weighting matric@és the horizongy is the estimated state at
time K, (Umin, Umax and &min, Xmax are the upper and lower bounds for the inputs and states,
and ks, Us) are set-points for the states and inputs calculated by the RTO.

To enhance such formulation, Zarehal. (2000, 2002) suggested a controller where the
economic function and the cost of the MPC are assessed concurrently as shown below:

VE(X u,d,p) = X Xs é+ U Us é+W J(x, u, d, p) (11)

with VE being a generic cost function for an EMPW,is a weighting matrix for the economic
cost functionJ. The issue with such formulation is that the control problem is a nonlinear
optimization problem due to the inclusion of the economic t&vmJ(x, u, d, p).
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Therefore, in this work, the objective function includes an approximation of the economic
function. That way, we can use one-layer MPC to replace two optimization layers (RTO and
supervisory layer) and avoid the drawbacks of the latter strategy (discrepancies between models,
loss of performance and optimality) (LIMO®t al,, 2013).

3.3.2 Gradient-Based Strategy for EMPC

In this chapter, we take the one-layer control approach proposed in Letadn(2013),
which approximates the ENMPC problem by replacing the economic function with a gradient-
based approximation.

To do so, a set of conditions should be veri ed: the cband the constraint functions
must be convex and the optimal solution to the RTO problem must be unique and stationary.
Moreover, the functioh must be di erentiable and its gradients with respect to the states and
inputs must be Lipschitz continuous.

Figure 10 Cost as function of gas lift.

Figure 10 was obtained using Model 1 (Equation 7) with nominal parameters and it shows
the static economic cost as a function of gas lift. Notice that the RTO always yiglds100%

(PI set-point), hence is not shown in the plot. The optimal solution is shown in red and it is
unique and stationary.

Based on simulations, some tests, and recent literature (MAELAS, 2019; JAHAN-
SHAMHI et al,, 2020), under mild conditions (Remark 4), we consider that all required conditions
hold without performing a mathematical analysis. Thus, we can also consider that a suitable
feasible pointXe,Ug) is available to calculate an approximationJaduch as Alamet al. (2014):

I u,d,p) I (Xe, Ue, d,P) + 1 xJ (Xe, Ue, d, p)T (X Xe) +

12
r ud (e, Ue, d,p)T (U Ug) + %‘ kx  xek? + 7“ Ku Uek? (12)
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where x and  are Lipschitz constants (VERGARA-DIETRICEet al,, 2020). In this work,
we chose the constants values gfand  to get a compromise between performance and
robustness. Details regarding such choices are explained in Section 3.4.
Thus, we can use this bound as the o set cost of the MPC by including a nite horizon
N and a tracking term (FERRAMOSCét al., 2014):
N1
IN x0,puxsUs = X xsé+ U Us 2R+J Xe, Ue, 0,p +
j=0

T (13)
[ xJ Xe U, 0,p  [Xs xe]+7xkxs Xek? +

T

ruwl XeUsO,p [Us Ue]+7“ku5 Uek®

whered is the estimated disturbanog,andus are the arti cial state and input references.

The idea is to have a cost function that is not purely economically motivated since
these may lead to overly aggressive control, or have robustness issues. A similar approach was
discussed in Zaniet al. (2002), Limonet al. (2013), D'Jorgeet al. (2017) and Santanet al.

(2020).
Therefore, the optimization problem to be solved by the MPC is:

UT(SiHIJSﬁN X, 0,p, U, Xs, Us (14a)
subject to

Xo = Rk (14b)
X+1 = Xinit A 0§ Xinit) *B (U Uinit) + @  dinit), 82 lgn1 (14c)
Yi =Yinit +C (X Xinit) (14d)
Xs = Xinit *A (Xs Xinit) *B (Us Uinit) + (@ dinit) (14e)
XN = Xs (141)

Xw
(Wgii) Wy (149)

i=1
Unin U Umax (14h)
Ymin Y Ymax (14i)

Notice that the tracking term in the cost function punishes variations from arti cial states
and inputgxs,Us) which are themselves decision variables in the optimization problem. These
arti cial references are calculated, at each iteration, based on our approximated economic cost
12. Moreover, as suggested in Vergara-Dietrétltal. (2020), the best suitable feasible point
(Xe,Ug) to calculate the approximated cost is the reference point computed at the previous step, i.e.
(XesUe) = (Xsk 1, Usk 1)- In fact, since our economic function is based on static data, Equation
(14e) simply aver that the ENMPC must choose an equilibrium point that minimizes the cost
functiond. Finally, the constraint (14f) forces the optimizer to choose a reachable steady state and
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input, thus avoiding feasibility issues usually associated with terminal constraints, as discussed
in Limon et al. (2008).

As recommended by Limoet al. (2013), the disturbance estimates can be incorporated
into the model as shown in Equation (14c). Furthermoi@jsftime-varying, then its propagation
must be slow enough to prevent a potential loss of feasibility caused by large discrepancies
betweerxs andxg k+1. In addition, the controller also depends on the estimates of the state, as
shown in Equation (14b). Sinog k+1 = #«+1, Sizable deviations between the EKF and MPC
predictions can also cause feasibility loss.

Moreover, when disturbances are introduced, the optimal point changes since function
Jis also a function of the disturbances. If the variation is abrupt, then the suitable yegugj (
calculated at the previous iteration, i.e. before the disturbance entered the system, may no
longer be valid. For this process, however, brusque disturbances are uncommon. In fact, their
propagation takes hours or even days. Furthermore, our controller sampling time is 8 seconds,
far smaller than the disturbances dynamics, which means that it can deal with them quite easily.
Thus, the proposed controller inherits some of its predecessors' properties including recursive
feasibility for allxg andp. It also converges to a stable equilibrium point which minimizes the
economic cost function (LIMOMt al,, 2013; FERRAMOSC/et al,, 2014).

This optimization problem has a quadratic objective function and it utilizes the linear
Model (8). Thus, itis a simple QP problem which can be quickly solved by a multitude of solvers.

3.3.3 A modi er like approach: ENMPC-Mod

The previously presented strategy has one main aw: the discrepancy between plant and
prediction model may result in a loss of performance or even a loss of feasibility.

Thus, we recommend to use the modi er adaptation methodology to refresh the linear
model in Problem (14) based on the nonlinear one. This is done by including modi er terms in
the model. Therefore, given the state and input at lsigg, uy) the new MPC model is given by:

X1 = Xinit *A (X Xini) +B (U Uini) + G W)+ (X X+ (15)

with the modi ers being:

_ @(xu) _ @(xu)
uk =~y - B, k= T - A, (16a)
k =F&U  (Xinit * AR Xinit) +B(U  Uinit)), (16b)

wheref refers to Model 1 an#f are the estimated states. Moreover, such modi ers can be ltered
to avoid aggressive changes with rst-order lters of the form (witl2 (0, 1]):

=l Tkt K (17)

On that matter, if disturbances are present in the system, their e ects are sensed during
the model update instead of having a xed representation. Hence, the modi er-based model
allows for a better representation.
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We stress that modi er adaptation in the RTO literature mainly considers computing the
modi er terms using plant measurements and not model data (to handle plant model mismatch).
However, this is not the case here, as we modify the linear model based on the nonlinear one
since we do not know the gradient of the plant in real-time. Thus, this method avoids real-time
implementation problems of previous works, and it is one of the contributions of the chapter.

Therefore, the main properties of the proposed algorithm regarding noise attenuation and
disturbance rejection are:

(i) Any unanticipated disturbance will be sensed by the modi ers, meaning they are
Itered by Equation (17), allowing for a smoother update and improving recursive
feasibility.

(i) Noise is attenuated by the EKF and only then the modi ers are calculated (using state
estimates).

(iif) A sudden and abrupt disturbance can make the problem unfeasible. However, it is
possible to tune a local controller that is robust enough to cope with it.

(iv) Slow disturbances, such as the ones present for this case study, are easily handled by
the controller.

(v) Since both the EKF and the ENMPC operate with Model 1 (Equation 7), there will
be no discrepancies between them.

Some computational aspects of the proposed algorithm include:

(i) All gradients and jacobians are calculated using Model 1 (Equation 7) (not the plant),

thus one can build function handles for them a priori (for instance, using Casadi),
minimizing, even more, the computational cost.

(i) Since the nonlinear model is used for both the modi ers and EKfz and the Kalman
matrix F should be the same. One can use this to check for numerical problems in
algorithm.

(i)  yk xk and y are correction terms that allow the optimizer to solve QP whilst
using a more comprehensive (nonlinear) model and not the plant, which is one of the
contributions of this chapter.

3.3.4 The complete optimal control problem - OCP

The complete ENMPC formulation uses both a gradient-based strategy for the nonlinear
cost function and a modi er-like approach for the nonlinear model. The formulation is:

min IN X% 8,p, U, Xs, Us (18a)

subject to
X0 = & (18b)
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X+1 = Xinit +A (X Xinit) + B (U Uinit) (18¢)
+oou u)+ X X)+ K 82 1gN1
Xs = Xinit + A (Xs Xinit) * B (Us Uinit) (18d)
+ I,k(Us Ug) + I,k(xs X))tk

XN = Xs (18e)

rx,:2
(Wgi i) wg™ (18f)

i=1
Umin U Umax (189)

Notice that the disturbances must not propagate too fast to prevent a feasibility loss at Problem
(18). However, a somewhat sudden change, i.e. instantly change the available gas-lift due to some
problem in the surface facilities, can occur in reality. Thus, a good way to deal with such abrupt
disturbance is to choose a big horizd) pecause it improves stability (MAYNEt al., 2000)
and it allows for a better choice afd, us) since the MPC can predict further into the future. The
downside is obviously that more computational power is required.

Note that the horizon must be long enough to provide a window covering the necessary
transient response time that the algorithm needs to recover from a sudden\dgp";iiﬁ)therwise,
the algorithm gets stuck trying to enforce the constraint while minimizing the economic cost
J yielding either a subpar transient response or sub-optimal values due to solver time-out or
maximum iterations exceeded.

For this case study, it takes 3 to 4 minutes for the system to recover. Hence, a horizon
of N = 30is the minimum to avoid numerical problems. Alternatively, since the gas-lift ow
does not change instantaneously, one can soften this constraint (18f) to ease the optimizer job.
Equation (18f) can be modi ed:

rx,:z
(Wgii)  wg®™+ ® (19)
i=1
with S being a slack variable. The cost function is also modi ed to account for the new slack
variable as shown:

AW x,0,p,u,%s,Us, S =3 x0,p,uxsUs +|| S (20)
whereSis a weighting matrix for the slack variable.

Remark 5 The terminal constraint (18e) informs the controller that the equilibrium point
(Equation (18d)) to be chosen as an arti cial reference is the closest reachable point to the one
that minimizes the cost J (Equation 12). The objective is to choose a feasible point that minimizes
J within the horizon and improve this point with each iteration (sifegle) = (Xsk 1 .Usk 1))- AS

the pair (%, Us) is chosen by the optimizer, the terminal constraint will never make the problem
unfeasible. Thus, the horizon directly in uences how fast the system will reach the optimal point.
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Remark 6 The controller proposed in this work approximates the RTO to the supervisory layer.
Since the RTO works with a static model and that the optimal point is a equilibrium point, the
EMPC always guarantees that the optimal steady state will be found. However, the transient
depends on the tuning of the controller and may not be optimal in a economical sense.

Furthermore, we also point out that no limits are imposed in the estimated $jgtd<of
this speci c problem, all of them are well within their limits for all tested scenarios, however,
one canaddyin X Xmax Moreover, if outputs constraints are necessary, then the following
ones must be added to Problem (18)

Yi =Vinit +C 0§ Xini) + ykX X, 82 lon1 (21a)

Ymin Y  Ymax (21b)

with the modi ers being:
- Ok
4 @& xou
Finally, note that in the nominal case, when Model (7) is equal to the plant, the controller
(18) maintains the same properties discussed in Vergara-Dietredh(2020), mainly: simple
implementation, and convergence to the optimal.

C (22)

Remark 7 The original RTO-MA problem may become infeasible if modi ers are excessively
large, such as when operating far from the optimum (MARCHEeT @l, 2016). Thus, rst-order

Iters in the modi ers or inputs must be applied. In fact, Papasavetal.(2019) suggests that
lowering Iter gain ( in Equation(17)) can lead to convergence albeit with additional iterations.
Similar infeasibility issues due to abrupt disturbances appear in the original EMPC (LIMON
etal, 2013). Thus, this Iltering idea can extend to EMPC-Mod, where adjustiagpropriately

can restore Limon's controller guarantees of stability and feasibility.

3.4 TUNING OF THE PROPOSED CONTROLLER AND SENSIBILITY ANALYSIS

For the controller to work correctly, all the assumptions previously presented must
hold. Thus, one must choose its parameters (horizon, weighting matrices, and constants) to do
so. However, this does not x the parameters, making it possible to choose them to achieve
multiple objectives, such as minimizing economic costs, improving performance, and disturbance
rejection, among others.

In this section, we justify our parameter selection choices through a mathematical analysis
of the optimal control problem and a sensitivity analysis of the closed-loop system.

3.4.1 The parameters y and

First and foremost, for this section we consider the approximation of the economic cost:

1 Slack variables should be used in Equation (21b) to avoid feasibility issues.
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.
J J Xe,Ue,0,p +1 xJ Xe,Ug,0,p [Xs Xel +

.
rw XeUe0,p [Us ue]+7kaS Xek2+7“kus Uek®

The best selection for a Lipschitz constant is the smallest one (BENYAIet &, 2000).
Thus, if xand y penalize the tracking cost more lightly, then we have a better transient of the
closed-loop system. However, since we expect some noise and plant-model mismatch and errors
in the estimations, the economic gradients may be poorly calculated. Hence, nding the best
constant analytically is a di cult task.

Moreover, the addition of an arti cial steady state and input means that our controller may
not be optimal. This is especially true if the values gfand , are too small since small values
mean that one no longer has a second-order approximation of the economic problem (Lipschitz
continuity no longer holds). Thus, one can reduce the optimality loss by picking large enough
values. At the same time, if one heavily puniskgs xek2 andkus uekz, the termas Ue
andxs Xe that are associated with the gradients become null and the economic approximation
becomes invalid. Therefore, the larger these constants are, the slower the transient response of
the system is. Thus, if these constants tend to in nity, then the controller tends to have a xed
response and the system tends not to move.

Therefore, due to uncertainties present in the system, it would be impossible to know
which constant is the smallest. Thus, a sensible way to pichnd  is to choose a value
arbitrarily small based on simulations and tests.

3.4.2 The parameterdN, Q, R

The performance index of the system is de ned by the stage cost and the economic cost
as previously shown in Equation (13). Thus, matriQesndR are closely related to the desired
performance of the closed loop. Moreover, a laxgerovides an enhancement of the closed-loop
performance. Notice that the higher tRethe higher the computational cost.

Furthermore, we chood@ andR values such as to allow us to pick smajl and
values while maintaining the economic cdstigni cance in the MPC cost (20).

3.4.3 Sensitivity analysis

In this section, we analyze both the individual e ects of varying the paramejeasd ,
the horizon, and the weight parameters, as well as interaction e ects due to concurrent variations.
To do so, we assume a perfectly known plant model, a noise-free environment, and that all states
are available for feedback control (these assumptions are only used in the sensibility analysis).
During the tests, multiple disturbances a ect the system. Firstly, the GOR (Gas-Oil Ratio)
of well 1 increases at time= 2 h. Attimet = 4 h, the GOR of well 2 rises. Finally, at tinte= 6
h the nal disturbance occurs with the pressure of the reservoir reducing I&frbar to145
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bar at well 01. Our baseline controller has the following paramehers:30, Q = 6e4 Ig,
R=6e? Iy, x= y=50.

Figure 11 shows the e ects of di erentyand  values in the inputs and on the economic
Cost.
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Figure 11 E ects of xand y values on the proposed controller.

From Figure 11 we can see that small values,ond |, (2, 10, or 50) yield quite similar
responses, while bigger values tend to deteriorate the closed-loop performance. Moreover, as
expected, there are not vast di erences in the cost function since the optimal is in a relatively
at region (see Figure 10).

Such a conclusion can also be seen when comparing the cost achieved by each control
tuning with the steady state optimal cost, which was calculated separately using the RTO. To do
so, we de ne the relative economic error&s= |(Jrto Ivrc)l/MrTd- Then, we compare the
sum of relative errorQRE=  |ee(K)|), as shown in Table 7.

Table 7 E ects of xand  values on the cost.

Values for xand  Sum of Relative Error

Xx= u=2 0.9949
x= u=10 1.0771
x= u=50 1.3335
X— u-— 150 1.6970
x = u =500 3.3009

Both, from Figure 11 and from Table 7, it can be concluded that the system eventually
reaches the steady state optimal point. However, the choice of constants greatly alters the transient
regime.

Since the optimal cost is calculated based on a static model, we also compare the steady-
state economic losses of each controller. For that, we compare the value of the cost of the RTO
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with the cost of each control 8 minutes before each disturbance enters the system. In these instants,
the controller should already be at an equilibrium point. Thus, Table 8 shows the losses in 4
instants of time: at 1:52 hour (nominal steady state), at 3:52 hours (steady state after disturbance
1-D1), at 5:52 hours (steady state after disturbance 2 - D2), and at 9:52 hours (steady state after
disturbance 3 - D3).

Table 8 Losses (in $honth based on x and  values.

xand y  Nominal Loss D1 D2 D3
X= u= 2 * * * *
x= u=10 * 50.08 14.83 *
x= u=50 * 4271.80 8479.50 44.40

*. means that loss Is less than 10 dollars a month, thus insigni cant.

Also from Table 8, we can conclude that larger constants also increase the steady-state
loss. Note that the third controllerg = = 50) presents big losses because it is not in exactly at
the optimal point at the instants in which the losses are calculated, due to the very slow response
of the control. Moreover, the fourth and fth controller losses are not shown for the same reason.

Moreover, note thatin practice the system will be subject to noise, the states are estimations,
and some of the parameters of the process are unknown. Therefore, the losses will be bigger than
expected. In addition, the best (smallest) constant for the ideal situation may not be the best when
we take into account process uncertainties and the estimator behavior since the economic function
explicitly depends on the states, the disturbances, the model, and the economic parameters. Thus,
we chose the value of the constants higher than the smallest available as a way to avoid possible
instabilities (all while respecting the Lipchitz continuity condition). The obvious consequence
of this is that the controller will be sub-optimal during its transient (in the economic sense), but
this is a deliberate choice to deal with an uncertain function more practically.

Figure 12 shows the e ects of di erent weighting matrices on the inputs of the system
and the economic cost. All other values are xédl:= 30, x = = 50. It can be veri ed
in Figure 12, more easily observed in the controller in green, that a stronger weighting in the
tracking part of the MPC makes it farther from being a pure economic MPC since the Optimal
Control Problem (OCP) prioritizes the tracking part of the cost function and not the economic
one (Equation (12)). However, given that the controller chooses to decrease the gas-lift ow
when disturbances enter the plant, the economic performance is still present in the optimization.
Therefore, for very strong weightings our controller also has a sub-optimal transient regime (in
the economic sense), but would eventually reach the steady-state optimal point.

One can also see, from Table 9, that the gre@tendR are, the greater the error between
the current MPC cost and the optimal cost.

In agreement with the previous results, we can observe that high values for m&trices
andR also increase economic losses as shown in Table 10. Note that we try to calculate the
values of economic losses only when the system is already in equilibrium. However, we can
notice by the high values that some of the controllers are taking too long to reach the optimal
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Figure 12 E ects of the values 0@ andR on the proposed controller.

Table 9 E ects of Q andR values on the cost.

Values forQ andR Sum of Relative Error

Q=R=6 10° 1.3176
Q=R=6 104 1.3335
Q=R=6 103 1.5388
Q=R=6 102 4.0165
Q=R=6 10! 5.9175

point (more than two hours), so the losses were calculated at the end of the time window.

Table 10 Losses (in $honth) based orQ andR values.

QandR Nominal Loss D1 D2 D3
Q=R=6 10° * 2563.30 5583.70 *
Q=R=6 104 * 4271.80 8479.50  44.40
Q=R=6 103 * 2.2186e+04 4.5405e+04 619.76

*. means that loss is less than 10 dollars a month, thus insigni cant.

Figure 13 shows three other tunes, called tests 1, 2, and 3. The purpose of these extra

tests was to verify whether an increase of the same order iQ tredR matrices and in x and
u, Would provoke responses similar to those previously found. We conclude that one must tune

the controller to leave the economic part and the tracking part of the cost function with the same
importance, to optimize economic performance together with control performance, as suggested
by Zaninet al. (2002). As stated before, an increase yand  punishes control movement,
and thus cannot be used.

Notice that values 00.6 as tracking weightingQ) force a choice of subpark and
so that we achieve the same importance in the tracking and in the economic part. As it is not
possible to show all the tests performed, Figure 13 shows a comparison of the optimal response,
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chosen horizon and for that reas@andR must be chosen to be in nitesimal.

Finally, Figure 14 shows the e ects of distinct horizons in the control action.
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Figure 14 E ects of the values oN on the proposed controller.

All other values are xedQ = 6e* Ig, R=6e? 1, x= =50 As expected,
larger horizons result in more robust and slightly slower closed-loop responses. Again, note that
we cannot use a horizon that is too small due to system uncertainties.

From Table 11, a smaller prediction horizon yields a smaller error. However, this is due
to how aggressive the closed-loop response becomes. The process used in this work has some
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peculiarities that do not allow a hasty disturbance rejection. Thus, the choice of horizon must be
made as it is for any MPC, considering for example the desired response time of the closed-loop
system.

Table 11 E ects of N values on the cost.

Values forN Sum of Relative Error

N=5 0.8142
N =15 0.9573
N =30 1.3335
N=75 1.3758
N =150 1.4461

Table 12 shows the losses in steady state. Concerning the di erent horizons, all steady-
state losses are negligible with very similar values. Thus, the horizon should be chosen to mainly
improve the transient regime. The massive loss of the last controller shows that the control was
too slow to recover from the rst disturbance before the second one entered the system.

Table 12 Losses (in $honth) based orN values.

N Nominal Loss D1 D2 D3
N =15 * 8311.50 2.1669e+04 388.48
N =230 * 4271.77 8479.47 44.39
N=75 * 4857.24  9704.36 80.09
*

N = 150 6660.58 12558.96 144.50
*: means that loss is less than 10 dollars a month, thus insigni cant.

3.4.4 Proposed Controller Tuning

The tuning chosen took into account the sensitivity analysis described in the previous
section. First, we choosg = = 20to guarantee that Lipschitz continuity would hold for the
di erent situations through which the studied process can pass. Based on the previously chosen
constant, we set the matricEsandR with values ofQ = 6e4 1g, R=6e% I,.

Finally, we choose the horizdx taking into account the works of Krishnamoortétyal.
(2019a), Papasavvas al. (2019) and Jahanshaéi al. (2020). In the aforementioned works,
a process similar to the one studied here is used. Thus, it is made apparent that the control is
capable of accelerating the closed-loop behavior of the plant in a relatively simple way, except
when we enter unstable zones or when we have active constraints (gas lift or gas processing
constraints). When this occurs, the control has di culties accelerating and a small horizon tends
to blind it. For this reason, a horizon df = 60is chosen in order to allow the control to see
enough without making the problem unstable or unfeasible. Bear in mind that the sampling time
of the problem is 8 seconds, that is, we have a horizon of 8 minutes. This value is smaller than
the open-loop response time of the system. Thus, despite looking like a large horizon, the value
of N = 60represents a relatively small yet adequate prediction horizon (even when compared to
the closed-loop response).
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Moreover, we chos&= 1el0 |, as our slack weighting matrix, to heavily punish the
gas lift slack. Also, all the modi ers are Itered according to Equation (17), witk 0.9.

Finally, it is important to note that the states, outputs and inputs were all scaled between
0 and 10 before being passed to the MPC. The valuesf () and Q, R) were selected so that
the proposed MPC strongly depends ondHanction approximation and is slightly dependent
on the tracking part. Hence, our MPC is not a purely economic one, but it is less aggressive and
possibly more robust than the original.

3.5 SIMULATION RESULTS AND TESTING CONDITIONS

In this section, we validate the proposed strategy in the network presented in Section 3.2.
The controller is then compared with two others. The controllers tested are:
" ENMPC-Mod is the proposed gradient-based economic MPC using modi ers, as
presented in Problem (18).

" EMPC-d is also a gradient-based economic MPC, but it does not use modi ers. This
controller has a similar formulation to Problem (14).

~ SOC is the self-optimizing control presented in Skogestad (2000).
The main di erence between the ENMPC-Mod and EMPC-d is that the latter MPC uses
a simpler model:

X+1 = Xinit A 0§ Xinit) *B (U Uinit) + Bg(@  dinit) (23)

with djnjt being the initial reservoir pressure and gas-liquid ratio.

In this formulation,d must account for disparities between the linear model and the plant.
However, it is rather challenging to estimate a valuedferhich absorbs changes in the reservoir,
measurement noises, mismatch between states and their estimations, and mismatch between
plant and model.

Therefore, for the oil network in this study, we chose a general linearly augmented model
for the disturbances represented by the ma@gXPANNOCCHIA, 2015):

X+1 = fa(,45,0) = f1.4(%,4) +Bg d, (24a)
di+1=dj, (24b)

wherefy(x,u,d) is the discrete version of Model (#),4(x,u) is the process model whehis at
nominal values, anBy models the e ects of the disturbances.

The SOC strategy uses some PI-type controllers to keep the right economic controlled
variables (CV) at constant set-points. The objective is to settle at a tolerable loss with xed set-
points without optimization, when disturbances occur. Thus, we only have to tune the controllers
and select the right variables. According to Jahanseai. (2020), the wellhead gas ratefy)
is the best SOC variable in this case, to be regulated by the gas injection rates. Therefore, we
need two PI controllers to maintaipg at its nominal set-point.
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Nevertheless, we are unable to measure such variables due to a lack of sound sensors.
In fact, most of the self-optimizing variables tested in the aforesaid paper are either unavailable
(wellhead gas rate, wellhead liquid rate, well head GORS) or are xed by the regulatory layer
(well head and riser head valve opening). Thus, we decided to estivpgi@lues and use them
as C\s.

Finally, note that SOC is simply a ne-designed PI controller and does not take into
consideration any constraints. Since the gas lift constraint is active at the beginning of our test
(see next section), some adjustment is needed. This can be done via selectors, which switch
between di erent Pls designed for di erent situations.

However, since we have a nonlinear model (7), we quickly recalculate the SOC set-points
when needed, via RTO. Notice that if the optimal set-points vary, then one may use models (or
data) to predetermine optimal set-points as a function of expected disturbances. SOC is tuned
with a proportional gain oK, = 0.0085and an integrator time df; = 500, based on the tunning
rules discussed in Skogestad (2004). They also have a built-in anti-windup action.

3.5.1 Implementation Details

The plant was simulated on Matlab using IDAS (HINDMAR®Hal., 2005) as an ODE
solver. All DOF were solved using CasADi's opti stack (ANDERSSEéN, 2019) as a parser
and Ipopt (WACHTERet al,, 2006) as a solver. The states, outputs and inputs were all scaled
between 0 and 10 before being passed to both the MPC and the EKF.

The simulation lasts for ten hours and is disturbed numerous times. It was started at
steady-state with our estimator error being zerogg £ X k). In addition, the available gas lift
rate is constrained between 0.1 kg/s and 9 k@/s ( wg;  9). However, the lifting rate is
constrained at 8 kg/s ((wgi) 8).

At time t = 0.22 h, the available gas-lift reduces from 8 kg/s to 4 kg/s due to problems
in the platform (i.e. an emergency compressor shut down, or the gas lift is needed in other rigs).
In this case, the disturbance is rather sudden and the objective is to show that the ENMPC-Mod
can cope with it. Moreover, notice that the constraint (18f) is active.

Further along, the GOR of well 1 rises at timhe 2 h. The constraint is no longer active,
and adjusting the injection rates is necessary.

Attimet = 4 h, the GOR of well 2 ramps up. Finally, at time 6 h the nal disturbance
occurs with the pressure of the reservoir reducing fid@ bar to145bar at well 01. Notice
that the GOR and the reservoir pressure do not usually vary this quickly. In this simulation, we
merely test how our EMPC deals with such situations. Moreover, the variation in the reservoir
pressure is much slower than in the GOR.

3.5.2 EKF results

Figure 15 shows reservoir GOR and pressure estimates against actual values, noting
that measurements are in uenced by white Gaussian noise. Controller performance impacts the
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EKF output, and the EKF also in uences controller e ectiveness. Despite this interaction, the
observer's response remained consistent across all cases, as shown in the gure.
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Figure 15 Estimated variables (solid blue) and real values (dashed black).

Figure 15 also demonstrates that the EKF successfully estimates uncertain parameters,
even with variations. The EKF accurately tracks parameter changes, with estimates (blue lines)
nearly overlapping real values (black lines), demonstrating the EKF's reliability in supplying
accurate data to controllers.

Notice that the availability (or lack of) gas-lift does not alter the disturbance estimation.
The last two subplots in Figure 15 show the estimations regarding the gas out ows at each
wellhead. These measurements are needed for the SOC and are generally not available.

3.5.3 Controllers results

In this section, we compare the performance obtained when controlling the process with
ENMPC-Mod, EMPC-d, and SOC controllers. They all rely on the same EKF for estimations.

The results of all controller schemes are shown in Figure 16. The dashed lines are the
optimal control action. At the beginning of the simulation, all controllers are able to recover
from the unanticipated lack of gas-lift.

We emphasize that if the disturbances are abrupt, both MPCs may not reach a feasible
(Xs, Us) if slack variables are not used. Moreover, the ENMPC-Mod is the only one to actually
achieve the optimal point, with SOC presenting a small loss in well 1 and the EMPC-d having
a big loss in both wells. We do point out, as previously stated, that the SOC controller is using
an RTO to deal with changes in the gas lift availability. Hence, the ENMPC-Mod can perceive
changes faster due to the smaller sample time (when compared to the RTO).

Table 13 shows the losses right before each disturbances enters the plant. Yet again, in
these instants, the controller should already be at an equilibrium point. As can be seen, EMPC-d
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Figure 16 Closed-loop performance. Behavior of gas lift rate: steady-state optimal (black),
ENMPC-Mod (red), EMPC-d (blue), SOC (cyan).

is by far the worst. Furthermore, we can see that both SOC and ENMPC-Mod have acceptable
economic losses. Note that in part of the simulation, the SOC has lower losses than the proposed
MPC, which was unexpected in this case.

Table 13 Closed-Loop Losses (inonth) at di erent time instants (t).
Controller/ Loss at: t=2h t=4h t=6h t=10h

EMPC-d 11293.93 50717.47 4041.73 115026
ENMPC-Mod 2520.96  902.44 1881.13 7626.22
SOC 3002.45 5643.33 332.20 6112.16

Regarding the transient analysis, we can once again calculate the economic error. In this
case, the sum of relative errors when using the proposed control is 1.5620, the error when using
SOC is 1.9 and the error when using MPC-d is twice that with a value of 3.9083. However, our
economic error compares dynamic controllers with static RTO performance. Thus, it is di cult
to say which of them has the best transient in the economic sense. Figure 16 seems to suggest
that our control has a small advantage in the transient as well.

Figure 17 compares the e ects of the controllers on the outputs of the process.

The steady-state values when using ENMPC-Mod and SOC are again pretty similar.
However, there is a slight di erence in the dynamic behavior. In fact, it would appear that the
SOC strategy is somewhat faster than ENMPC-Mod in some outputs, but the proposed approach
stays at optimal values longer.

Furthermore, notice that Equation (16) basically compares Models (7) and (8), with the
former using bot# andd. Thus, the term actually absorbs part of the noise and the disturbances,
as shown in Figure 18.

Notice that both ENMPC-Mod and SOC are almost not a ected by measurement noise.
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Figure 18 Modier | regarding the states: mass of gas in casing (blue), gas in tubing (red),
liquid in tubing (cyan).

Regarding the SOC controller, it only uses two estimatiovg) which are Itered by the EKF
(see Figure 15).

This also explains why the EMPC-d is more a ected by the measurement noise since
all strategies are utilizing the same observer. The noise hinders this controller, mainly when
the gas-lift constraint is active. This is also due to the interaction between the observer and the
controller. This controller does not have modi ers to assimilate noise or mismatches. Therefore,
our modi er-like method actually helps with the noise. To con rm such a statement, we change
the EKF tuning and test the controllers again. Figure 19 shows the control action for all controllers
when the covariance matrices for the disturbance estimation and for the noise are poorly chosen.
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As expected, the SOC and the ENMPC-Mod have no trouble, unlike the EMPC-d which appears
to be heavily in uenced by noise.

Gas Lift Rate in Well 01
\ \
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Figure 19 Closed-loop performance. Behavior of gas lift rate: steady-state optimal (black),
ENMPC-Mod (red), EMPC-d (blue), SOC (cyan).

Finally, one of the main reasons to use the SOC approach is how fast the controller is.
Thus, we point out that the computational time to solve the proposed ENMPC (coupled with the
EKF and the plant simulator) on MATLAB averaged 85 milliseconds per iteration (on a PC with
16 GB RAM and Intel Core i7). This time is well below the required 8 seconds (sample time)
and was expected for a QP problem.

3.5.4 Plant-model mismatch

This subsection covers the ability of the controller formulation to preserve its performance
in a plant-model mismatch case, where some parameters between the plant (Model 3) and Model
1 are di erent.

In this particular case, the productivity index&3r{d) of the wells have nominal values
of 7 for both wells. These values are the ones used by the EKF, by the ENMPC-Mod, and
by the RTO (for the SOC), but our plant actually has indexes of 6 for well 1 and 5 for well 2
(PInd = [6; 5]). These parameters are not expected as disturbances, thus both controllers and the
estimator are using the nominal case values and tuning.

Figures 20 and 21 show the results for the estimator and the controller. From Figure 20,
we can see that the EKF has no trouble estimating the GORvggdHowever, since Model 1 is
di erent from the plant, the reservoir pressure is never correct. In fact, there is a 6% and 10%
error, respectively on each well.

This is the case because the EKF is not expecting variatior®lmay thus it tries to
match the calculated and measured outputs by correcting the reservoir pregsygreBierefore,
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Figure 20 Estimated variables (blue) and real values (dashed black).

the MPC will not be able to successfully reach the economical optimal since the disturbance
estimator is not correct.

Notice that since the RTO also uses Model 1 (Equation (7)), the SOC set-points calculated
will not be optimal either. Therefore, we foresee losses in all controllers. To x the EKF predictions,
one may need to update Model 1 (Equation (7)). We can also consider the productivity index as
disturbances, however, variations are not expected during DPO. Hence, it makes little sense to
update such parameters on a fast time scale and plant-model mismatch would be the norm for
this kind of system.

Figure 21 shows the gas lift rate for all controllers. Notice that all of them almost never
reach the optimal point, as expected. However, the proposed controller has an acceptable loss,
since it stays near the optimal throughout the simulation. The SOC does not behave as well as
expected, simply because we tuned and calculate the set-points based on the nominal case. If any
of the parameters of the system vary, then everything needs to be updated.

Furthermore, the EMPC-d response is better than expected. If Model 1 (Equation (7)
used by the RTO) is not updated in time, the EMPC-d controller behaves much better than the
SOC, which was a surprise in this case. Notice, however, that is still not quite as good as the
proposed controller.

Moreover, we do point out that the SOC strategy does not directly handle constraints. In
this given scenario, if the gas-lift constraint is active, we cannot rely on the RTO calculations
to avoid unreachable SOC set-points. In a plant-model mismatch scenario, the RTO model is
not an authentic plant representation. Thus, we had to use selectors to deal with the constraint.
Notice that the proponents of the method warn that such an approach may not work on more
complex cases.

The ENMPC-Mod controller successfully deals with the operational constraints while
pointing the system towards the optimal, although not quite getting there.
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Figure 21 Closed-loop performance. Behavior of gas lift rate: steady-state optimal (black),
ENMPC-Mod (red), EMPC-d (blue), SOC (cyan).

Table 14 shows the losses right before each disturbances enters the plant. These are in
agreement with the aforementioned conclusions. Furthermore, we can see that, as expected, all
controllers have bigger losses when compared to the nominal case.

Table 14 Closed-Loop Losses (in®bnth at di erent time instants (t).
Controller/Loss at: t=2h t=4h t=6h t=10h

EMPC-d 2.0672e7 4.0747e4 2.0279e4 7.5293e4
ENMPC-Mod 2.0738e7 3.7813e3 899.8054 3.2834e3
SOC 2.0342e7 1.2823e5 1.0735e5 9.7307e4

3.5.5 Analysis of optimality conditions: o set-free EMPC

The proposed one-layer EMPC should ideally ensure (i) plant optimality on convergence,
(i) fast convergence, and (iii) feasible convergence. However, a trade-o often exists between
convergence speed and feasibility (MARCHEETlal,, 2016). In this study, a cautious strategy
is favored to avoid aggressive action which is also desirable in the control layer, even if it
slows convergence. Unfortunately, although this strategy achieves feasible convergence at an
acceptable speed, it converges to a false optimal if there's a plant-model mismatch, primarily
due to the many uncertainties inherent in an oil and gas production network.

As previously discussed, MA is primarily used in static RTO applications and is often
tested on simple models (refer to Marchettial. (2016) for a comprehensive review of MA
case studies). Applying MA to the EMPC layer adds complexity. In this context, to support the
ndings of this thesis, we rst present the models from other EMPC-MA applications and then
compare them to this chapter's network, emphasizing the complexity of each of them.
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Hernandezt al. (2019) evaluated EMPC on a Continuously Operated Stirred Tank
Reactor (CSTR) system with two measured states and one input, both impacting the cost function,
where a mismatch was present in two model parameters. Vergara-Dittatti2020) applied
EMPC to a quadruple tank with four measured states and two inputs, with uncertainties stemming
from di erences between the nonlinear plant model and the linear MPC model, with modi ers
based on the former. Vaccat al. (2021) tested their EMPC on the CSTR and a Williams Otto
reactor. The latter has ve model states two of which are measured and two inputs. The
mismatch is structural, given that the plant has six states. This, in turn, also yielded parametric
uncertainties as well. Oliveira-Sihat al. (2023) also tested their EMPC on the Williams Otto
reactor, assuming four measurable states.

When comparing with this chapter's network, assuming the separator is operating under
normal conditions, one may notice that the model has eight unmeasured states, only two inputs,
and mismatches in six parameters this lack of information limits our ability to determine the
plant optimal point accurately even with MA. Most other works consider much simpler models.
Even in the case of the Williams Otto reactor, which involves dire mismatches, there is clear
knowledge of reactor inlet and outlet ows. In contrast, the case study in this thesis deals with
substantial uncertainties related to the reservoir. Hence, there is limited information not only on
well states but also on the wells inlet ows. Additionally, real-time measurement of the out ows
may not be possible, complicating cost estimation in practice.

These issues are inherent to any economic control formulation in such a network. In this
work, to address these limitations, we apply an EKF for estimating states and required variables.
However, the key question is whether the proposed formulation can produce an o set-free
response. The answer is yes under two assumptions: (i) the states can be measured or at least
perfectly estimated; (ii) the gradients of the plant can be estimated. The rst assumption is
essential for accurately calculating the zero-order modi ers for o set correction. If the system
states can be perfectly estimated, the proposed EMPC does not require explicit information about
disturbances and uncertainties; instead, it corrects the model using data directly from the plant.

The second assumption pertains to plant gradient estimation. These gradients are calcu-
lated using central nite di erences, which involve exciting each plant input and observing its
e ect on the system. Thus, we must also wait for the system to reach a steady state.

Considering these two assumptions, the system was simulated again under a plant-model
mismatch scenario. To ensure the second assumption holds, the simulation is paused whenever

rst-order modi ers are required to allow for accurate plant gradient identi cation. These pauses
separate the gradient identi cation process from the rest of the proposed algorithm, yielding
results on time scales comparable with the remainder of this thesis. However, this step is not
strictly necessary, as gradient estimation can be integrated with EMPC, as suggested by Vaccari
et al.(2018). The results are presented in Figure 22.

Evidently, these assumptions do not re ect reality. In fact, there is increased reliance on
regulatory control, as the changes introduced during gradient estimation can, in theory, induce
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Figure 22 Closed-loop performance for plant-model mismatch case with known modi ers.
Behavior of gas lift rate: steady-state optimal (black), ENMPC-Mod (red).

instabilities in the plant. However, the issue lies not in our formulation but in the complexity
of the system. Consequently, to ensure adequate convergence speed and feasibility, we must
compromise on optimality.

3.6 CONCLUSION

The presented ENMPC strategy was capable of driving the process to the optimal
operating condition with feasibility and stability guarantees, while always ful lling constraints.
The technique also tackles the main caveat of the modi ers formulation: perfect knowledge of
static plant gradients. In this work, the modi ers are based on a nonlinear model and not on
the plant data, which yields faster gradient updates albeit convergence and stability cannot be
guaranteed due to plant-model mismatch uncertainties.

We investigated the e ectiveness of three economic controllers in an o shore production
system under various scenarios using a simulation case study. The results show that for a perfect
model, the proposed ENMPC-Mod was the only one to steer the plant to the optimal (zero losses).
Moreover, the EMPC-d is very sensitive to noise. Regarding the controller dynamics, we have
tried to tune all of them to get a smoother response. Thus, their dynamics were similar.

For the plant-model mismatch case, the ENMPC-Mod is clearly the best strategy. The
inconsistencies between the plant and the model a ect all controllers, but since our strategy uses
a nonlinear model, these inconsistencies have less in uence. We conclude that, for this case
study, the proposed ENMPC-Mod controller is a strong candidate to be used in a practical setup.
The controller seems to be reliable with an acceptable computational burden and yields fewer
economic losses. However, this depends on proper tuning, and proper observers and regulatory
controllers. For such a complex system, all these disadvantages are also present in the other
tested controllers.
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4 COMPARISON OF ECONOMIC MODEL PREDICTIVE CONTROLLERS FOR
GAS-LIFT OPTIMIZATION IN OFFSHORE OIL AND GAS RIGS

The objective of this chapter is to evaluate the previously proposed controller performance
against alternative economic controllers for the gas-lift optimization problem across realistic
scenarios. It also serves as a scalability test, showing that the proposed EMPC yields computa-
tional times magnitudes smaller than classical EMPC with no loss of performance. The chapter
further outlines the pros and cons of each strategy, along with insights into observer-dependent
controllers.

4.1 INTRODUCTION

As a general rule, complex process plants such as the ones at oil and gas companies,
use a hierarchical control structure, in which each level has a speci ¢ purpose and operating
frequency (DEMUNERet al,, 2022). Yet, such a setup has limitations, including interaction
inconsistencies between layers, long RTO delays, and potential performance or feasibility issues
(KRISHNAMOORTHY et al,, 2019a). On that matter, oil and gas operations may bene t from
dynamic formulations that consolidate the optimization and supervisory layers into a single
EMPC layer, especially when tight regulatory integration is required.

Despite several advantages, it may be di cult to evaluate or prove the ENMPC robustness
and, unless the time scales overlap, incorporating optimization and control has no signi cant
economic bene t (SKOGESTAD, 2023). Furthermore, to implement ENMPC, a large-scale
nonlinear optimization problem must be solved which takes a considerable amount of time and
can result in performance degradation and even instability (SUWAR&&RI, 2017).

Finally, several strategies for advanced economical controllers implementation have been
proposed in the literature, aiming to simplify the implementation of ENMPC, and it is di cult for
engineers to choose the most appropriate for a speci ¢ process, mainly because most academic
studies consider simple examples or ideal simulation situations. Thus, this work presents a
comparative study between some of these ENMPC strategies in a case study under almost real
operational conditions.

In this chapter, we consider an oil and gas production network where the control and
optimization layers are tightly integrated, thus dynamic optimization is appealing. Then, ve
strategies are applied to the system for Gas Lift Optimization (GLO): the hierarchical Real-time
optimization with persistent parameter adaptation (ROPA) + MPC, based on tracking the set-
points from steady-state optimization; the active constraint control (ACC), which uses simple
feedback control structures (at the supervisory layer) to achieve optimality without the need
for an RTO; the conventional ENMPC, based on a complex Nonlinear Programming (NLP);
and two economic linear model predictive controllers (EMPC), both of which approximate
the economic cost and nonlinear model to solve quadratic programming (QP) problem. The
latter strategies mainly tackle the computational cost of the ENMPC. The model used for the
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predictions is the main di erence between these two strategies: the rst uses a modi er-based
model (ARANHA RIBEIROet al,, 2023) and the second one a local linearization on trajectory
model (LLT) (DURAISKI, 2001).

All schemes were tested as a replacement for the optimization and supervisory layers and
coupled with the regulatory controllers for stability reasons. Moreover, they were implemented
using state feedback with an Extended Kalman Filter (EKF) for state estimates. To assess the
performance of each controller, the network system starts in an initially predetermined set-
point and passes through multiple real-life" scenarios including unmeasured disturbances in
the gas-oil ratio, oil price variations, reduced gas-lift availability, and gas treatment capacity
reduction.

The main contributions of this chapter are: (i) a deep performance evaluation (transient
and steady-state accuracy of solutions, computational costs, and the trade-o regarding simple and
complex models/cost functions) of the application of di erent economic controller formulations
for solving the gas-lift optimization problem in a myriad of realistic scenarios; (ii) a set of
advantages and drawbacks of each one of the strategies, useful for practitioners; (iii) some
insights into the application of observer-dependent controllers in such a plant that can be also
useful for the application of these techniques in complex processes; (iv) the formulation of the
EMPC-LLT, as, to the author's knowledge, the LLT models have never been used within an
economic recipe.

The chapter is organized as follows: Section 4.2 introduces the analyzed process, its most
meaningful variables, relevant operational constraints, control objectives, and a brief exposition
of the observers and local controls utilized. In Section 4.3, we brie y present the formulations
of each technique that were compared in this work. The comparison methodology is presented
in Section 4.4. In Section 4.5, we show the results regarding distinct scenarios, as well as some
discussions about implementation di culties. Finally, Section 4.6 concludes the chapter.

4.2 PRODUCTION NETWORK MODEL

As illustrated in Figure 23, the o shore production network under consideration in this
work consists of six gas-lifted wells, connected to a manifold and a riser.

Akin to the previous chapter, the wells considered here are not naturally owing, and
thus, gas-lifting is used since it is the most popular lift method (BENAMARA, 2016).

As stated before, the technique consists of injecting compressed gas into the annulus,
using gas-lift valves for control, to maintain or increase the oil production. This produced uid
(composed of the mixture of the injected gas and petroleum) is then separated in the separator
unit of the o -shore platform and the obtained gas is treated and compressed either to be used in
the gas-lift injection unit or to be sold.
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Figure 23 Six gas-lifted oil wells production network.

4.2.1 Key Variables

Before presenting the control objectives, the current section exposes the main variables
of the system. First of all, for control purposes, the system is represented by a set of ODE
considering the mass conservation of the gas in the annulyg)(of each i-well, the mass of
gas and oil in the production tubingf;; andmg; ) of each i-well, and the mass of gas and oil
in the riser (ngr andmyy):

Mgai = Wgli  Winj,i 8i 2 {1,...6} (25a)
Mgti = Winj,i Wpg,i + Wrg,i 8i 2 {1,...6} (25b)
Moti = Wro,i  Wpo,i 8i 2 {1,...6} (25¢)

X6
Mgr = Wpgi  Wig (25d)

i=1

X6
Mor =  Wpoi Wio (25e)

i=1

wherew are the mass ow rates. The subscripefers to each of the wellgy, inj, pg, rg, tg
denote the ow of gas-lift, the gas injected into the tubing, the produced gas, the gas from the
reservoir and the total gas produced, respectively. The rest of the ow rates follow the same
pattern for the liquid phase (oil), for example,is the amount of oil that leaves the reservoir.
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This is a rst principles model that has been extensively tested using OLGA a professional
simulator (JAHANSHAHI et al, 2020), and even experimental plants (MATIA&Sal., 2022a).
The complete model and its parameters, which include the ow calculations dependent on the
densities, pressures, and temperatures, among other variables, are available in Krishnamoorthy
et al.(2019a) and also in the Annex A.

The model can be written in a reduced format

X= f(X,U,p,d) (268.)
y = h(x,u,p,d) (26b)

wherex 2 R™ are the dynamic stateg, 2 R™ the inputs,p 2 R™ the model economic
parameters, and the disturbances. The outpyt@ R™ are the measurements themselves.

As stated before, the states are the masses of gas and liquid in the wells (three states in
each) plus two more in the riser, for a total of 20 states. Moreover, according to Yahia (2018), a
static model is su cient to represent the reservoir, and its variations are expressed as unmeasured
disturbances to the system. These include the reservoir pregsirar{d gas-oil ratio (GOR).

The economic parameters are given by the selling price of g)ldfid the cost of lifting ().

Furthermore, we assume that there are no sensors at all at the bottom of the well.
This, coupled with the lack of reliable sensors for measuring multiphase uid ow, yields a
system in which one must estimate most of the essential variables, such as the states. Thus, the
measured/controlled variables (CVs) are located only above the wellhead: the pressures at the
riser top Pyp), at the manifold P,), at each wellheadX, ), at the top of each annuluBy;),
the total oil out ow (wio), and the total gas out owig)

Notice that Figure 23 exhibits thirteen actuators in the system: six gas lift injection valves
(one for each well), six production choke valves at the head of each well, and a production choke
valve at the riser head. In this context, hierarchical control is the norm with production valves
often being used by the regulatory layer to ensure system stability, while gas-lift ows are the
DOFs of the optimization layer.

However, if one has enough pressurized gas for lifting, which is the case in this work,
then stability can be guaranteed solely using the injection valves (PEDERGH#N2017). Thus,
the optimal point is to always keep the production valves at their maximum limit, to not reduce
the oil out ow. Therefore, to tackle the gas-lift optimization (GLO) problem, the manipulated
variables (MVs) in the system are the gas-lift ow rates for each we| (). Considering these
as MVs, the system has a rst-order dynamic, both for the states and the pressures (outputs). The
wells have slow dynamics, with the settling time in open-loop varying between 2500 and 3000
seconds.

Note that the regulatory layer set-points can be DOF for the supervisory layer, but this is
unnecessary in the case study presented here. If there is not enough gas for injection, then the
MPC has to manipulate all the actuators and must include the dynamics of the local controllers
in its model. This situation is outside the scope of this chapter because of the instabilities of this
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type of process which may crash the numerical simulator or yield invalid Jacobians (making it
impossible to solve the OCP). In this case, the success of the control strategy strongly depends
on the regulatory layer.
In sum, the system has:
" twenty states, namely the mass conservation of the gas in the anmyly$ ¢f each
i-well, the mass of gas and oil in the production tubing; andmy;) of each i-well,
and the mass of gas and oil in the riseg{ andmgr);

" six inputs, namely the gas-lift ow of each welv ;);
"~ six disturbances, namely the gas-oil ratio in each WeDR);

" sixteen measurements, namely the pressures at the risd?,tQpdt the manifold
(Pm), at each wellhead”,), at the top of each annuluB4;), the total oil out ow
(Wto), and the total gas out owviig);

System (26) represents both the simulator (namely the plant) and the nonlinear model
used by the controllers for prediction, except when explicitly stated e.g. during the plant-model
mismatch section. Both of them were simulated on Matlab 2023b since high- delity simulators,
such as OLGA, are proprietary and may not be available to researchers, although, as already
communicated, this model was validated using OLGA and real data.

4.2.2 Local Controllers

Conventionally, similar oil and gas production plants have local controllers (often PIDs)
as the main ingredient for robustness, especially if disturbances are present. For this plant in
particular, we focus on the Gas Lift Optimization (GLO) problem. On that matter, we do not
consider the production valves as DOF for the MPC since: (i) these are stabilizing variables; (ii)
these are active constraints in the economic problem, thus it is always economically optimal to
open the valves as much as possible to maximize oil production. Hence, we do not consider local
controllers in the OCP to ease the computational burden (JAHANSHAHI, 2020; CODAS
et al, 2016).

Notice that the well's production chokes should be maintained at a hundred percent
opening not only to maximize the out ow but also because the depth may introduce noise and
delays to the control signals which in uence the availability of the valve (GERE\ANI.,

2018). Thus, one should only manipulate such valves in extreme situations, such as during slugs.

If necessary, one can use the PI controller proposed, precisely for this type of process,
by (PLUCENIOet al,, 2012). It works by automatically closing the production valve until the
oscillations in the system disappear. Therefore, the controller does not need any set points,
allowing us to decouple the gas-lift optimization from the control system. Finally, the MPC
considers the regulatory control to be perfect, meaning the valve is always 100% open.
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4.2.3 Relevant Constraints

As explained previously, the compressed gas used for arti cial lifting comes from a
compression system in the topside facility. This system generates two relevant constraints:

X6

(Wgl)  Wg™ (27a)
i=1

th tgax (27b)

whereV\Gl‘aXis the amount of available lift-gas on the platfonniy®is the compressor maximum

gas processing capacity. Constraint (27a) deals with total gas availability since one cannot apply
more than what is available. Constraint (27b) deals with the processing capacity stating that the
total produced gas ow ratenfg) should be less than the maximum processing ow rm{g"’(").

More often than not, the optimal happens either when all the available gas is used for
lifting, or when the compressor is at maximum capacity. Notice that it is possible to violate the
second constraint, but as a consequence, it would be necessary to are the excess gas, potentially
violating environmental regulations and incurring nes.

4.2.4 Controller Objectives

The main objective is to maximize oil production without spending too much gas for
lifting. To do so, one may solve the following static optimization problem:

min $0Wto+)io_v;($glwgl,i) (28a)
subject to
0 =f(x,u,p,d) (28b)
y = h(x,u,p,d) (28c)
Xw
(Wgii) Wy (28d)
i=1
Wg  Wig (28e)
Unin U Umax (28f)
Ymin Y Ymax (289)

where $ is the sell price of oil, § is the cost of lifting,nw the amount of wells.

Equations (28b-28c) refer to the ODE static nonlinear model. We can di¥xe) =
$ oW + i”:Wl($g|wg|,i) as our cost function. The cost function also depends on disturbances and
economic parameters, witkyg being one of our outputs. However, to facilitate understanding
we will only make explicit the states and control actions. Problem (28) will serve as a base for
the economic MPCs developed here.
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425 Extended Kalman Filter

Since most states are not available for measurement, we use an augmented EKF for
combined state and parameter estimation. Thus, the EKF acts as a lIter, an observer, and for
parameter adaptation with the expected disturbar6€ as the uncertain parameters. Hence,
the Iter estimates both the stateg @nd disturbanceg] within the same framework such as
Xo = [x7;dT]T with xo being the observer states. Moreover, the EKF uses a discretized (via
Runge Kutta method) and scaled version of Model (26).

Note that EKF is the same as the one used in Chapter 3, and its framework can be found
in Krishnamoorthy (2019) and in the Annex B.

4.3 SUPERVISORY LAYER

4.3.1 Economic nonlinear model predictive control

In this subsection, we discuss the economic nonlinear model predictive control (ENMPC)
formulation. The problem to be solved at each iteration is presented in Problem (29).

N N RN
min 1(x, uj) + |[uj uj1||%+ i s (29a)
=1 =1 =1

subjectto  xj+1 = Fq(X, uj, d), 8j 2 logN (29b)
yj=hg x,u,d , 8] 2 lg:N (29c)
Umin Ui  Umax 8] 2 lon (29d)

)KIW ax H
(Ui)  wy 8j 2 lgn (29)

i=1

Yjwtg W{Bax j 8 2 lon (29f)

The function to be minimized (29a) includes our economic trL;) = J(x,u;), aterm
to penalize large control movements, and a term to punish slack variables. The weightRnatrix
is a diagonal matrix. Since the states are unmeasured, we replace them with their estimations.
We consider an approach using the direct collocation method (BIEGLER, 2010) (with
a third-degree interpolating polynomial). Thus, the problem is divided into N shooting periods,
and model (25) is approximated by the discretized functiggpend hy. Such a choice xes
the timestep o ine, which lessens the computational burden but may yield numerical errors
(JAHANSHAHI et al,, 2020).
Finally, we also implemented bounds on the manipulated variables (29d) and other
relevant process constraints (29e-29f) such as gas availability and gas processing constraints.
The total produced gas out owngg) may or may not be measured depending on the
rig. Either way, it is not possible to apply hard constraints on the plant's outputs and slack
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variables must be used. In this case, the prediction of the output regarding the gas ow along
the horizon ¥j wig) is limited with such slacks (). Thus, the economic NMPC has a fairly
large formulation, with several hundred decision variables (including slacks at each point).
Accordingly, a computationally intensive optimization is expected.

4.3.2 Gradient-based Economic Model Predictive Control

The formulation is the same one presented in Section 3.3.2 and consists of replacing the
complex economic function with a gradient-based approximation:
N1
In xQ,p,uXsls = X xsé+ U Us §+J Xe Ue, 0, p +
j=0
Fd Yo UeBp | [Xs X+ 5 ks xek?+ (59)
f W YeUe8p | [Us U+ 5 kus  uek®
where &e,Ue) is a suitable feasible pointxd,us) are arti cial states and input references to be
chosen by the controllerx and  are Lipschitz constants.

The formulation uses a suitable point as a starting point for choosing a feasible equilibrium
point that improves (or maintains) the previously calculated economic cost. With each interaction,
the suitable point is updated such that= X5 1 andue = Usy 1 , and the algorithm continues
until the optimal point is found, without making the problem unfeasible. The arti cial states
and inputs Xs,Us) are decision variables and are equilibrium points of the system chosen at the
end of the horizon. The drawback of this method is that the system's transient will certainly be
sub-optimal, from an economic point of view, since only the last point of the horizon is used by
the economic part of the cost function.

The gradient-based economic model predictive control, originally proposed in Limon
et al. (2013), uses a discrete linear time-invariant state space model:

Xj+1 =AY + By +d, Y =Cx (31)

with A, B, and C being the model matrices around an initial operating po§qi: (Uinit »Yinit)-

However, Chapter 3 shows that such formulation yielded signi cant losses in steady-state
due to plant-model mismatch and some additional strategy should be used to minimize such
e ect. Therefore, in this work, we compare two approaches that tackle precisely the mismatch
problem: the Modi er-based model and the Local Linearization on Trajectory (LLT) Model.

4.3.2.1 Modi er-Based Economic Model Predictive Control

In this section, the EMPC-Mod formulation to be solved is presented in Problem (32).

min On(%, 8, P, U, Xs,Us) + Kk K3 (32a)
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subject to
X0 =& (32b)
Xj+1 = Xinit A (4§  Xinit) * B (Uj  Uinj
y+1 |n|t_r ( j mlt_? ( J |n|t) | (32C)
ook w3k X+ o 8 2loNg
Yj Y|n|tT (X Xinit) | (32d)
ok Xt oy 82 loNa
Xs = Xinit + A (Xs Xinit) * B (Us  Uinit)
T T (32e)
+ uk(Us )+ 4 (X Xi) + g
XN = Xs (32f)
=6
U) wg®™ 8 2loN (329)
i=1
YNwtg  Wig (32h)
Umin Ui Umax 8] 2 lon (32i)
dUumin U dumax 8 2 lgn (32))

with U =uj U, I\ being the gradient-based economic cost; and , y, yand are
modi er terms to update the linear model based on the nonlinear one at the current time instant
k. That is:

@(x,u) @(x,u)
uk = @ " B, Xk = @& " A, (33a)
k= f&U) (Xinit + A& Xinit) + B(U  Uinit)), (33b)

We stress that, at this point, the modi ers deal with discrepancies between the linear and
the nonlinear representation. The former is the state space model (31), with A, B, and C being
the matrices obtained by linearizing the nonlinear model around a speci c initial stationary point
(Xinit» Uinit)- The modi ers are based on the nonlinear model, which is constantly being updated
by the EKF, with the aim to circumvent the need to calculate the gradient of the plant in real
time, which is the primary limitation of the standard method (VACCASR&I., 2021).

Moreover,yn wtg IS the output prediction representing the gas out awgj at the end of
the horizon. Equations (32c - 32d) represent the dynamic model. Equation (32f) is a terminal
constraint that determines that a steady state point (32e) must be chosen by the end of the horizon
at each iteration. Equation (32h) considers the compressor capacity constraint as a bound to the
output prediction, and not the actual output, thus it is mandatory to use slack variables so that we
can obtain a feasible solution. Therefords a slack variable, an8lis a diagonal matrix used to
punish the amount of gas are.

Taking advantage of the fact that the original economic funclimminimized, in each
interaction, using only equilibrium points chosen at the end of the horizon, we choose to bound
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the produced gas just at the end of the horizgpfig) as well i.e., we allow the controller to
are gas as long as by the end (in steady state) the are is kept to a minimum. The aim is to not
overly constrain the controller while also easing the computational burden. Notice that this is
possible simply because the sampling time of this controller is much shorter than the sampling
time of its nonlinear counterpart, thus it frequently chooses a printd) that minimizes are.

Note that the scenario where maximum compressor capacity is an active constraint in
the plant is relatively common. Therefore, it is worth highlighting how each controller will deal
with such situation.

4.3.2.2 Local Linearization on Trajectory

We now discuss the main idea behind the LLT algorithm. The OCP to be solved is the
same as Problem (32). But, we replace model (32c) and (32d) with:

Xerl =X F A1 Ok XP1)+Bkr (U URq) (34a)

Yer1 SV +HCk (Ger1 %) (34b)

where the indek represents the current time instant. The indices in the model matrices in state
space indicate that these were linearized at the points whose inputs and states correspond to their
indexes. For example, the maté is the linearization around the poing( u;). The superscript
B indicates the steady-state value used in linearization and it is determined by the simulated
values of the nonlinear model with the control action of the previous iteration.

Thus, the predictions are calculated using the points calculated in the previous instant,
being described by the following set of equations:

x =X +A1 (X X3)+B1 (up u}) (35a)
Y1=¥5+Co (X1 Xp) (35b)

X=X +Ag (X1 Xg)+Bp (U1 Uug) (35¢)

Y2=y1 +C1 (2 Xp) (350)

N=xF1 tAN2 (Nt XEB)+Byz (Nt UR)) (35€)
YN=YN1 *Cn1 ON XN 1) (35f)

It is worth noting that in a conventional linearization, the model matrices A, B, and C are
obtained by linearizing the nonlinear model around a speci c initial stationary pait Uinit)-
The LLT employs dynamic linearization, in which these matrices are recalculated for each point
of the predicted trajectory with values from the variables of the referred time instant. Thus, the
MPC-LLT model is based on a set of models that describe a trajectory (DURAISKI, 2001).
To do so, the algorithm is initialized with a linear prediction model, and a QP problem is
solved giving us the rst trajectory for the system. Afterward, the rst set of linearized models
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(based on the rst trajectory) is determined, which will replace the initial model. From this
point onward, a new set of control actions is generated by the MPC, and these are applied to the
nonlinear model, yielding a new trajectory and a new set of linearized models to replace the old
ones in the MPC formulation. Due to the nature of the algorithm, it is necessary to work with
variables §B, uB) that account for the linearization bias of each of the models (DIEHA.,
2018).

The LTT algorithm is typically used within reference tracking MPCs. In its matrix form,
it resembles Generalized Predictive Controller (GPC) or Dynamic Matrix Controller (DMC)
type algorithms, that is, it is quite palatable from a computational point of view. For this work,
however, it is necessary to know the states and inputs of the process to be able to de ne the
equilibrium points unequivocally. Thus, to test this model within an economic frame, one must
have access to its states or its state's estimations (necessary for the economic part) and the total
gas produced (necessary for one of the constraints). Finally, as this method has never been used
in an economic recipe, there is no procedure for tuning it.

4.3.3 Real-Time Optimizer and Tracking Model Predictive Control

In this section, we present the optimization structure, based on a hierarchical framework.
A Real-Time Optimizer (RTO) calculates the optimal points based on a static model and passes
them as references to a linear MPC:

X1 X1
mn o= Y YRo*t UYg * s (362)
j=0 j=0
subject to
Yo = Yk (36b)
Yi+1=G U +Fj Yo, 82 lgn1 (36¢)
U=u U1 8] 2 lgN1 (36d)
1¢=6
(i) wg®™ 8 2lgNs (36e)
i=1
Umin Y Umax 8] 2 lgn1 (36f)
dUumin U dumax 82 lgn1 (369)
Yj wig W{Sax j 8] 2 lgn1 (36h)

whereyr is the output set-point provided by the RTOu is the control increment; is the
forced response matrix, aifglthe free response matrix. The model matrices were obtained using
a linear dynamic model of the process and following the GPC procedure.

The EKF is used for RTO model correction (dynamic parameter estimation) to make
the comparison fairer since the Iter estimates the value of the uncert&@R) for all other
economic controllers as well. The RTO static optimization formulation was presented in Problem
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(28). Notice that the integration of dynamic parameter estimation and static optimization yields
the so-called ROPA (also called Hybrid RTO). Since transient information is updating the
steady-state economic optimization problem, there is no need for a steady-state detection step.
The interested reader is referred to Magasl. (2018) for a complete discussion regarding the
conceptualization.

Finally, notice that due to the integrative action built into the control, and the access to
references from the RTO, a linear model is su cient for the MPC (SHE&al., 2010).

4.3.4 Active Constraint Control Approach (ACC)

Although the main objective of the work is the comparison of di erent economic
optimization techniques, this type of plant allows the implementation of another type of advanced
control: active constraint control. Active constraints are associated with variables (manipulated
or controlled) that should be held at their limits to reach optimality. In our context, we have two
regions of active constraints: (i) when we do not have enough gas for lifting (MV constraint),
and (ii) when we do not have enough processing capacity (CV constraint). Thus, it may not be
necessary to perform online optimization as it is always best to keep the process at these limits.
For the unconstrained case, the approach by Krishnamoetthly(2019a) seems to be more
in line with the other controllers. The authors suggest controlling the marginal gas lift oil ratio
( ), which represents the cost gradient with respect to the inputs. Thus, the marginal GOR for
each well () must be controlled to constant setpoint gfi$o.

As previously stated, gradient measurement is not trivial. Therefore, one can estimate
the system states and parameters using the same EKF. Afterwards, the original work suggest
to linearize the model around the current estimated péird, (u) yielding, at every iteration,

a local linear continuous steady-state model represented by maaricBs, C , D . The aim

is to represent the e ects of the inputs (gas-lift) on the oil out ow leaving the platform, since
these are the variables that de ne our economic cost. Thus, the local model has the gas-lift as its
inputs and only the total oil out owxo) as an output. Finally, the local static model is given by
setting all the derivative terms to zero, and the steady-state gradient is given by:

= CAlB +D (37)

Then itis just a matter of switching between the controller designed for the unconstrained
region and the controllers for each constrained case, which is done using selectors. This is not
an original idea of the current article, thus we limit the discussion regarding such an estimation.
Details of the implementation of this strategy can be found in Krishnamoettaly(2018e).

44 METHODOLOGY

In this session, we present the methodology used to compare all controllers. Thus, it is
vital to discuss the tuning of each of them and the various scenarios that the system is subject to.
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4.4.1 Performance evaluation

To verify the advantages and disadvantages of the di erent studied controllers, several
metrics were used. Firstly, the closed-loop evolution of the inputs, the cost, and the produced oill
(or produced gas) are shown so that we have an idea of the transient response of each controller.
We also compared the online optimization time of each controller by tabulating the average,
minimum, and maximum time to solve each OCP iteration. The results were computed on an
11th Gen Intel Core i7 DELL PC with 4 Cores and 16 GB RAM.

Regarding the evaluation of the average computational time: each controller was simulated
multiple times, with distinct tunings, to nd a representative result with the lowest possible bias.

Finally, the performance of the controllers also have been assessed by taking the losses
at steady state and by using the following closed-loop control performance measure:

XTI
M= PR Ixup) (38)
k=0
whereT is the total simulation time, and the paxy) is the optimal point for a givep (calculated
using plant simulator on steady-state).

Most of the controllers use state space models and depend on the EKF for state and
disturbances estimations. The ACC uses PID controllers yet depends on the lter for gradient
estimation. The ROPA+MPC strategy uses the EKF, for model adaptation, so that a static RTO
can calculate the set point for the tracking MPC correctly.

The plant and NMPC models were simulated on Matlab 2023b using CasADI (ANDER-
SSONet al, 2019) for e ortless generation of pertinent Jacobians and numerical integration
via IDAS (HINDMARSH et al,, 2005). CasADi's opti stack and Ipopt (WACHTER al., 2006)
were used as a parser and solver respectively for solving all the OCP. Unless explicitly stated,
the plant and NMPC models are the same, both simulated on Matlab 2023b.

4.4.2 Tuning

The EKF has a sampling interval of 5 seconds and a scaled and discretized (via
Runge Kutta method) nonlinear model with 26 state variables (20 states and 6 disturbances) and
6 inputs. EKF has a higher sample rate for a couple of reasons: (i) to allow the convergence of
the covariance matrices, and thus the estimations, before calling the controller; (ii) oversampling
helps reduce noise in measurements, which is paramount in this case. Its tuning is as follows:
the observation noise covariance matrit ¢° Inh and other covariance matrices a1 In
with I, being an identity matrix of included dimensions.

For the ENMPC, a control interval of 5 min with a horizon of 12 hours (144 shooting
points) was de ned. This horizon was the shortest prediction horizon which led the process to
the optimal steady state point.
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As suggested by Dieldt al. (2019), and based on the process dynamics, the rest of the
controllers all have a sample time of 100 seconds. Moreover, as a way to make the comparison
fairer, all remaining controllers also have the same prediction horideQ) and are subject
to the same control constrain&2 u 10and 0.2 u 0.2 Note that the rest of the
controllers could easily work with a smaller horizon, making them faster from a computational
point of view. This is a clear disadvantage of ENMPC, which would need to use more decision
variables.

The modi er-based economic model predictive controller (EMPC-Mod) has tracking
matricesofQ=6 103 1, R=6 103 1,,S=1 10° Iywith I, being an identity
matrix of appropriate dimensions. Alsox = y = 10.

The LLT based economic controller has tracking matriceQof 6 102 Iy,

R=6 102 1,,S=1 10 Ipand x= = 10.

In the ROPA+MPC case, the static optimizer is called every 100 seconds, and the MPC
has the same sample time and horizon as the others. Other parameters include tracking matrices
of Q=6 10° I1,R=6 10* I,

The PID tunings present in the ACC method are based on the original work, which uses
SIMC rules (GRIMHOLTet al,, 2018). The di erence is that the current controllers have lower
proportional and integrative gainkg, K;) than the original ones, therefore they are slower to
o er a little more robustness to the system. These values are presented in Table 15, jointly with
the ACC controlled variable€V), and their respective set-pointS\(sP). The PIDs act on the
system every 5 seconds.

Table 15 Controller parameters for ACC approach.

Well CV  C\P Kp K|
Well2 ; 5, O 6.89 0.0086
Well3 , 3 O 4.55 0.0057
Welld 3 4, O 6.45 0.0081
Well5 4, 5 O 6.25 0.0078
Well6 5 g O 3.51 0.0044
well1 Mg V\i%?x 0.14 1.66e-4

2 4.65 0.0058

. . T
& For maximum gas-liftwg,; = wg® ?:2 Wy i

4.4.3 Simulated scenarios

The system was simulated for 37 hours. During this time, the system goes through several
changes to test the robustness of all controllers, while also ensuring a fair comparison between
them. The scenarios are as follows:

" Scenario 1 (Sl)nitially, the system is at its nominal optimal point. The rst change
happens around 3.25 hours and is a ramp-like increase in the gas-oilGaxg &t
well 3. It starts withGOR = 0.09and eventually ends wittOR= 0.11 We chose
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not to use step changes because the GOR varies ever so slowly. Also, due to system
sti ness, a large step change crashes the numerical simulation. Finally, notice that
our EKF estimates GOR values.

Scenario 2 (S2)The second modi cation deals with the gas-lift constraint. In this
work, at nominal conditions, the available gas-lifwg‘axz 15kg/s and the wells can
operate at their unconstrained optimal. At around 11.75 hours, such value is limited
to vvgl‘axz 10 kg/s, making it an active constraint.

Scenario 3 (S3)The third alteration simulates a compressor capacity change. Thus,
at around 20.1 hoursyg® = 30 kg/s decreases g™ = 25kg/s. In this case,

the gas-lift constraint is no longer active, with the optimal happening at compressor
capacity.

Scenario 4 (S4)Finally, the last change deals with uctuations in the prices of the
produced oil and the cost of gas. In this work, at nominal condit%ws 0.25

varying to% = 0.75 at the 28.4 hours mark.

Initially, all scenarios were simulated under ideal conditions: without noise and plant-
model mismatch. However, a test was also carried out considering a scenario with these to
examine the controller's responses more realistically.

4.5 RESULTS AND DISCUSSION

In this section, the controller tuning and the obtained results are presented as well as a
discussion of the performance and robustness of the studied controllers.

4.5.1 Discussion regarding the controller tunings

Before presenting the simulation results, it is important to justify the chosen tunings,
speci cally the horizons of each controller and their respective control intervals (sampling time).
Ideally, equal tuning would generate similar OCPs, allowing a fair comparison between di erent
controllers. However, this is not the case here given the range of formulations tested. Therefore,
the chosen tunings considered the practical aspects of each formulation.

For example, linear MPCs have a horizon of 30 samples with a sampling time of 100
seconds, since the slowest well's settling time is 3000 seconds and we do not want to heavily
speed up the closed loop response. Thus, keeping the same horizon and sampling time for them
makes sense since the computational cost is directly related to both. The same cannot be said of
the weighting matrices since these have di erent functions in tracking and economical formulae.

In this context, the ACC uses PIDs for supervisory control, which have a simpler
formulation - without a horizon or an optimizer - and negligible computing time. Therefore, in
this case, it makes more sense to act on the system more frequently with a smaller sample time.
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On the same token, due to the ENMPC's formulation, one needs a horizon of at least 12
hours for it to settle in the correct steady state. Therefore, among other tunings, one can either:
divide these 12 hours into 36 intervals of 20 minutes each (for better comparison with linear
MPC); or increase the number of intervals so that the controller acts on the plant more frequently
(improving the transient response, but increasing computational cost). Our tuning follows the
second option, as we believe it is fairer.

Figure 24 shows the comparison between the transient responses of both ENMPC tunings
for S1 (disturbance rejection), making it clear that using the rst option would not be plausible
in practice (despite providing a better computational comparison).

Gas-Lift flow well 3

C : \ N
= 2.20 —— Steady-State Optimal
9500 |—ENMPC w!th Ts:5min_ |
) ——ENMPC with Ts=20min
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| | |
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Figure 24 Closed-loop performance. Behavior of gas lift rate for well 3, cost, and oil out ow:
steady-state optimal (solid black), ENMPC with Ts=5min (solid blue), ENMPC with
Ts=20min (solid red).

First, the disturbance at well 3 occurs around 3.5 hours. The ENMPC with Ts =5 min
reacts rst and compensates for the disturbances faster because it acts on the system more
frequently. In fact, given that all controllers are feedback-based, they must sense changes in the
system to be able to react to them. On that matter, the ENMPC with Ts = 20 min only reacts to
changes once the controller is called, almost as if it had a delay since the disturbance entered the
system between iterations.

Second, the process responses to the step changes in the gas-lift ows (inputs) cause
spikes in the out ows which are transmitted to the cost. A more frequent controller would notice
this e ect, and constantly act on the system to smooth it out. Therefore, one can see that the
ENMPC with Ts = 5min has smaller uctuations in the cost plot, and attens them out much
faster. The next sections show complete comparisons between all controllers, making it clear
that the more frequently the controller acts, the less oscillatory the closed-loop behavior is.

Finally, one may suggest that if this is the case, then the ENMPC frequency should be
reduced even further. However, in practice, this would not be possible either. Notice that:
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" The ENMPC with Ts = 20 min takes on average around 10 seconds to be solved. Its
minimal runtime time is 2 seconds with a maximum of 194 seconds. The discrepancy
in the solution time is a consequence of the solution space since the problem has
11732 variables.

" The ENMPC with Ts = 5 min has 46616 variables in its formulation and takes an
average of 22 seconds to be solved. The problem arises when checking the maximal
runtime, of 673 seconds in this case, which is bigger than the sample time.

Thus, the optimizer takes more time than it has to solve the problem. A smaller sampling
time would yield a bigger problem size, increasing the time needed to get an optimal solution,
and rendering the controller useless.

Although we focused on EMNPC in this section, the results found for it justify the tuning
of all controllers. In other words, the chosen tuning was the one that o ered the best trade-o
between computational cost and transient response.

4.5.2 Response to disturbances and to active constraints on the manipulated variables

As previously explained, the system is initialized in a nominal optimal state without the
presence of any disturbances. After a few hours, a change in the liquid gas ratio in well 3 happens
(S1). In the second scenario, all controllers have to deal with an abrupt change representing a
decrease in gas lift availability (shown around 12 hour-mark).

Figures 25 and Figure 26 show the amount of gas injected for each well under scenarios
1 and 2. Each gure presents a snippet from the simulation for better visualization.

Figure 25 Closed-loop performance snippet from 0 to 11.5 hours (S1). Behavior of gas lift
rate: steady-state optimal (solid black), ENMPC (dashed blue), EMPC-Mod (dotted
red), ROPA+MPC (dash-dotted cyan), EMPC-LLT (solid magenta) and ACC (solid
gold).
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Figure 26 Closed-loop performance snippet from 11.5 to 20 hours (S2). Behavior of gas lift
rate: steady-state optimal (solid black), ENMPC (dashed blue), EMPC-Mod (dotted
red), ROPA+MPC (dash-dotted cyan), EMPC-LLT (solid magenta) and ACC (solid
gold).

It is noted that a nonlinear economic MPC manages to adapt to changes. However, even
though it has a massive horizon (12 hours versus 50 minutes when compared to other MPCs),
the ENMPC does not reach the optimum point (it is close to it, with almost zero loss). For
S1, this controller achieved a faster response than EMPC-Mod and EMPC-LLT. The latter are
approximations of the rst that, at each interaction, calculate an equilibrium point to improve the
economic cost of the problem (Newton-type algorithm). This allows them to work with smaller
horizons no need to see the optimal point instantly but the cost is a sub-optimal transitory
response. Both the EMPC-Mod and EMPC-LLT had the same time response.

Still for S1, all EMPCs had a slower response than the ROPA and ACC methods, given
that the former uses a static optimizer coupled to a linear MPC, and the latter is constructed
by PIDs. It can be seen that ROPA obtained fast and smooth transient responses, even though
acting on the plant with the same frequency as linear EMPCs. It makes sense since the controller
is coupled with an RTO that calculates the optimal point every iteration. Thus, the size of the
horizon and the dynamics of the nonlinear model do not directly interfere with the economic
problem (the dynamic nonlinear model is used for parameter updates). Regarding the ACC, as
previously explained, it was tuned using the SIMC method, choosing the parameters to make the
system as robust as possible (the proportional and integral gains are two to three times smaller
than the original paper). In this case, the logical consequence would be a slower controller as
well, but instead, it reacts abruptly to disturbances in the system.

Concerning S2, there is not much to remark on, as it deals with a constraint of the
manipulated variables. Thus, all controllers immediately act on the system to maintain the MVs
within its bounds.

Figure 27 shows the cost function value for each of the controllers, while also showing
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the total oil produced and the total gas injected into the wells.

Figure 27 Closed-loop performance snippet from 3.2 to 4.7 hours (S1 transient) and 11.5 to
12.5 hours (S2 transient). Cost, oil out ow and gas-lift: steady-state optimal (solid
black), ENMPC (dashed blue), EMPC-Mod (dotted red), ROPA+MPC (dash-dotted
cyan), EMPC-LLT (solid magenta),and ACC (solid gold) and gas-lift constraint
(dashed black).

Cost-wise, the linear EMPCs have akin transient. Moreover, despite being slower than
their nonlinear counterpart, they do not induce signi cant losses (see cost). One can also see the
reason for the ACC speed: it reaches the optimal cost faster rstin S1, but it has a much greater
overshot than all the others. Furthermore, except ACC, all controllers generate slightly oscillatory
responses at the oil out ow (and consequently at the cost). Despite this, the ROPA+MPC damps
such oscillations faster than the linear MPCs (superimposed on the plots) and the nonlinear
ENMPC.

Finally, Figure 27 also shows the cost and out ows for S2. The ACC reacts immediately
to the now active constraint, nonetheless, it takes a while to reach the optimal state.

To prove the previous conclusions, we present Table 16 and Table 17 with data on the
online optimization runtime of each controller (for scenarios 1 and 2), and with data on the
economic metric (p).

Table 16 Runtime for Scenarios 1 and2

Runtime for S1 (in sec.) Runtime for S2 (in sec.)
Min Avg Max Min Avg Max
ENMPC 8.7220 9.1178 9.5363 8.7614 10.2736 10.9556
EMPC-Mod 0.2573 0.3238 2.9800 0.2650 0.2885 0.4437
EMPC-LLT 0.3751 0.6431 6.5636 0.4119 0.6012 5.6305
ROPA+MPC 0.3923 0.4271 0.5386 0.3131 0.5089 0.6672

@ No optimization is needed for ACC approach.
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In all fairness, the ROPA+MPC bounds one of the outpuig)(over the entire prediction
horizon, hence it has more decision variables than the EMPC-Mod and the EMPC-LLT. Moreover,
all economic controllers presented here make use of a single horizon to nd an equilibrium point
(Xs,Us) to minimize costs while amping up pro ts. On the other hand, the ROPA+MPC uses a
tracking MPC, thus one can use two horizons: output prediction horizon and control horizon.
By keeping both horizons with the same value (N=30), these results suggest that the modi er
EMPC maintains the computational ease of tracking MPC, or even improves it.

Notice, however, that one can improve the latter by choosing distinct prediction and
control horizons (based on the dynamics of each well) to reduce its computational cost. Finally,
we do point out that the ROPA+MPC consists of two optimization problems: a QP problem in
the MPC layer, and a static OCP in the RTO layer. The latter's burden at each iteration averages
0.05 seconds (included in the runtime shown in Table 16), which is insigni cant. Thus, the
ROPA+MPC (with the improved tuning) has the lowest runtime.

The ENMPC intense computational burden is a product of the number of variables in the
solution space, which is more than 46000 variables. This is 55 times greater than linear EMPCs
and 70 times greater than ROPA+MPC, as shown in Table 17. However, such a controller has
the best performance index (38) overall.

For S1, it is noted that the ROPA+MPC is not far behind the ENMPC (but using an OCP
70 times smaller). As expected, EMPC-Mod and EMPC-LLT have almost the same indexes,
since their only di erence is in the model. For S2, an active constraint on the inputs appears. In
that case, the value of all indexes is nearly the same for all controllers except ACC. The latter
index, as previously mentioned, is due to its harsh transient response.

Table 17 Number of variables (NV), and performance index for scenario 1 and 2.

NV for S1 for S2
ENMPC 46616 20.0794 55.0814
EMPC-Mod 837 415697 58.9189
EMPC-LLT 837 44.3699 59.1186
ROPA+MPC 661 30.877 61.2427
ACC N.A. 53.7770 158.2376

4.5.3 Response to active constraints on the controlled variables and to price changes

In this subsection, we present the behavior of controllers in scenarios 3 and 4. As
previously indicated, scenario 3 demands all controllers to minimize unnecessary gas are by
heavily punishing the associated slack variable. Scenario 4 deals with economic changes.

Figure 28 and Figure 29 show the amount of gas injected for each well under scenarios
3 and 4, respectively. Figure 30 shows the cost function value for each of the controllers, while
also showing the total oil and gas produced for both scenarios.

On that matter, notice that the used ENMPC heavily penalizes sudden variations in
the control variable (see Equation 29a). Furthermore, we make use of slack variables to allow
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Figure 28 Closed-loop performance snippet from 19 to 28.25 hours (S3). Behavior of gas lift
rate: steady-state optimal (solid black), ENMPC (dashed blue), EMPC-Mod (dotted
red), ROPA+MPC (dash-dotted cyan), EMPC-LLT (solid magenta) and ACC (solid
gold).

Figure 29 Closed-loop performance snippetfrom 27.5 to 36.5 hours (S4). Behavior of gas lift
rate: steady-state optimal (solid black), ENMPC (dashed blue), EMPC-Mod (dotted
red), ROPA+MPC (dash-dotted cyan), EMPC-LLT (solid magenta) and ACC (solid
gold).

the controller to violate even if temporarily the gas production limitation. The practical
importance of softening output constraints has been demonstrated for decades, and its common
place now (SCHWARMet al., 1999). Despite all this, the ENMPC has a dead-beat-like response,
that is, it reaches the optimal value in the smallest number of steps possible. This is particularly
visible in S3, in which the controller lowers gas production almost instantly, avoiding unnecessary
gas aring. Hence, it chooses to quickly zero (minimize) the slack values.
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Figure 30 Closed-loop performance shippet from 18.5 to 28 hours (S3 transient) and 28 to
30 hours (S4 transient). Cost, oil and gas out ow: steady-state optimal (solid black),
ENMPC (dashed blue), EMPC-Mod (dotted red), ROPA+MPC (dash-dotted cyan),
EMPC-LLT (solid magenta), ACC (solid gold) and gas out ow constraint (dashed
black).

Moreover, the EMPC-Mod has uctuations in the control actions during scenario 3,
which translates into variations in the produced oil and gas, leading to some aring. We believe
that such oscillations are due to the multi-objective nature of the problem, where the optimal
economic point exists outside the gas constraint, and thus the objectives con ict with one another.
The EMPC-LLT, on the other hand, also has oscillations in the inputs at the beginning of
S3. However, these do not cause any gas are and this controller handles the constraint more
elegantly than the EMPC-Mod. During S4, at around 33 hours, the controller jumps around a
bit. We believe that such a performance is due to numerical problems. In Subsection 4.5.9, some
comments regarding this error and the tuning of this controller are made.

Bear in mind that the ENMPC dead-beat behavior, and the oscillations in the EMPC-Mod
only occur in S3. Those can be improved by placing hard constraints on the control increment
for the former and changing the values gfand  for the latter. However, we believe it is
important to show these behaviors since they only occur in speci c cases, therefore they illustrate
that tuning these controllers is not a trivial task and that one must analyze multiple scenarios.

The ROPA+MPC structure achieved temporal performance in line with previously tested
scenarios. In this sense, we observed that such an approach had the best trade-o between
speed and smoothness. In other words, this structure has a fast response but not abrupt like
ENMPC and ACC , and does not induce large overshoots or uctuations in the outputs and
cost. Regarding the ACC, as expected, it had a brilliant response for S3 since its an active
constraint. For S4, although adequate, the controller temporarily saturated the inputs and had
small oscillations before reaching the optimum point.

To better compare the controllers, Table 18 shows the time to solve the OCP. It can be
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seen that scenario 3 demands a lot from all controllers, with ENMPC surpassing the 600-second
barrier once.

Table 18 Runtime for scenarios 3 and®4

Runtime for S3 (in sec.) Runtime for S4 (in sec.)
Min Avg Max Min Avg Max
ENMPC 10.3519 63.94 673.2296 9.1868 9.9736 35.9265
EMPC-Mod 0.2385 0.5244 1.7477 0.2324 0.27 1.2038
EMPC-LLT 0.3938 0.5581 4.2275 0.3708 0.5704 5.9024
ROPA+MPC 0.4410 0.4888 0.7566 0.3579 0.4085 0.5612

@ No optimization is needed for ACC approach.

Then, the main disadvantage of ENMPC presents itself: computational cost. As soon as
the constraint on gas production becomes active, the controller begins taking too long to solve
the OCP expending more than 300 seconds (its control interval) in the rst iterations following
the beginning of S3. This would force us, in a real situation, to stop the optimizer and use a
sub-optimal result. Such situation is related to the slack variables of the problem which during
S3 are not trivially zero, i.e. there is a con ict between the economic objective and the objective
of avoiding gas aring. Also, note that this result for ENMPC is not uncommon with some works
showing similar times (AGUIARet al,, 2015; CODASet al, 2016).

The average time to resolve the problem for the other three controllers is comparable.
Furthermore, during S4, we surprisingly obtained a better average time with EMPC-Mod than
with ROPA+MPC. Thus, the rst appears to be a viable alternative even from a computational
point of view.

Table 19 shows the economic indeXp) for the newly tested scenarios. For S4, the result
for EMPC-Mod and LLT can be explained by the proximity between the optimal points. These
controllers act on the plant slowly and the sudden change in the formulation alone (due to prices)
makes it seem like both reach the optimum cost instantly.

For S3, the lofty indexes of EMPC-Mod, and ENMPC, and ACC are related to their
transient responses, with the former having oscillations and the latter having peaks in the response.
Such indices, coupled with computational costs, suggest that for these scenarios the EMPC-LLT
and ROPA+MPC applications are more suitable.

Table 19 Performance index for scenarios 3 and 4.

for S3 for S4
ENMPC 188.1212 37.9726
EMPC-Mod 882.3409 6.6808
EMPC-LLT 28.3482 18.9140
ROPA+MPC 94.4083 65.1224
ACC 126.5474 287.84
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4.5.4 Response to parametric plant-model mismatch and process noise

We now consider a case where the EKF fails to update the nonlinear model due, creating
a plant-model mismatch. To do so we consider three main di erences between the plant and
model (both still simulated on Matlab):

~ Unmodelled and unmeasured disturbances: we consider a 5 bar decrease in the
reservoir pressure at wells 1 and 5.

~ Unmodelled change in parameters: we changed the production valve coe cients from
2e3 to 1.73.

~ Change in the calculations regarding pressure drop due to friction.

Changes in reservoir pressure are not modeled by EKF as they are not frequent, at least
from the point of view of the optimization and operational layer. The valve coe cient varies due
to a range of factors, such as erosion. This coe cient is also chosento tthe model to the process,
so a change in it may mean that a new identi cation must be made. Finally, the friction model is
based on the Hagen-Poiseuille equation (see Yahia (2018) for more details), since it is simple
enough for the optimizer to handle. However, such an equation may yield smaller pressure drops
than reality. Thus, in this section, the friction factor depends on the Darcy-Weisbach equation
(see Ribeireet al. (2016)). The complete model for the MPC and for the simulator is presented in
the Annex A. Furthermore, we add noise to all outputs to get a more realistic test. Only scenarios
1 and 3 are shown, as previous tests showed that all controllers react to scenarios 2 and 4 without
great di culty.

Figure 31 shows the amount of gas injected for each well under these conditions. Figure
32 shows the cost function value for each of the controllers, while also showing the total oil and
gas produced.

As expected, no controller reaches the optimum point due to the modeling error. Likewise,
each controller generates a distinct OPC, yielding ve distinguishable transient responses.
Interestingly, from Figure 31 and Figure 32, we can observe that the ROPA+MPC and the ACC
responses and stationary points are rather similar. Figure 32 also shows that both controllers
have similar losses, whereas the losses from the ENMPC are usually more comparable to the
ones from the EMPC-Mod. This makes some sense, given that the latter is an approximation of
the former. Furthermore, note that the same EKF is used for all tests, and it manages to lter all
output noise.

We must also make it clear that numerical errors reappeared in EMPC-LLT that had
already occurred in nominal scenario 4. After approximately 8 hours of simulation, this controller
chooses to increase the ow rate in wells 3 and 4, while decreasing it in the others. We were
unable to nd a tuning that would correct this situation, but we can observe that the value of
the economic loss was not signi cantly changed (it was 3.756 and went to 3.465). This possibly
happens because although our economic function is convex, it has a ridge close to the optimum
point, which may have confused the controller.
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Figure 31 Closed-loop performance for the mismatch case for S1 and S3. Behavior of gas lift
rate: plant steady-state optimal (solid black), ENMPC (dashed blue), EMPC-Mod
(dotted red), ROPA+MPC (dash-dotted cyan), EMPC-LLT (solid magenta) and ACC
(solid gold).

Figure 32 Closed-loop performance for the mismatch case for S1 and S3. Loss, gas and oil
out ow behavior: ENMPC (dashed blue), EMPC-Mod (dotted red), ROPA+MPC
(dash-dotted cyan), EMPC-LLT (solid magenta), ACC (solid gold) and gas out ow
constraint (dashed black).

To better discuss the results, a zoom of the previously presented plots is shown. Figure
33 shows the controller losses for S1, focusing on the transitory response. As S3 represents a
case in which an active constraint in the produced gas out ow represents the optimal, Figure 34
focuses on the out ow of gas for S3 to analyze a situation where gas aring must be avoided.

In scenario one, we see that all controllers bring the system to the same operating point
which represents a loss of approximately (in USD per second): 4.181 for the ENMPC, 4.166
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for EMPC-Mod, 4.158 for EMPC-LLT, 4.117 for the ACC and 4.112 for the ROPA+MPC.
All controllers are based on the same nonlinear model, so having similar losses makes sense.

Furthermore, it is also noted that we have uctuations present in the case of ENMPC.

Loss = Optimal - Actual
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Figure 33 Closed-loop performance for the mismatch case. Loss for S1: ENMPC (dashed blue),
EMPC-Mod (dotted red), ROPA+MPC (dash-dotted cyan), ACC (solid gold).

It is di cult to categorically state which controller is the best just by analyzing some
situations that this plant is subject to, but current results suggest that simpler controllers are more
suitable. This conclusion is strengthened by the results of scenario 3.

For S3, we see that ACC is the controller that comes closest to the value of our active
constraint. We believe that this did not reach the restriction value due to noise in the system
(the response is slightly oscillatory) and mismatch. However, this error is tiny, with the ACC
holding the ow rate at 24.85 kg/s, very close to the 25 kg/s upper bound. Furthermore, it is also
clear that ROPA+MPC also approaches the optimal value, reaching a value of 24.45 kg/s. On
the other hand, we see that ENMPC, EMPC-LLT and EMPC-Mod reached similar stationary
points, avoiding gas burning the main objective in this scenario but with a much more relaxed
permanent response, with a ow further away from the constraint.

Table 20 shows the computational run-time for each controller. As expected, all linear
techniques can solve the problem, on average, in less than a second. Thus, it is visible that
nonlinear EMPC has the worst computational performance with a maximum time of 745
seconds.

In this subsection, the ROPA+MPC runtime has a slight advantage given that it never
exceeds one second. Hence, this approach seems to be the most suitable from a computational
point of view, however, note that the EMPC-Mod and EMPC-LLT are on par with the previous
one. For the nonlinear controller, the addition of plant-model mismatch yields an upsurge in the
computational burden. Finally, we point out that the size of the OCP problems remains the same
as those presented in Table 17. Furthermore, in this subsection, the economic performance is not
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Figure 34 Closed-loop performance for the mismatch case. Gas out ow for S3: ENMPC
(dashed blue), EMPC-Mod (dotted red), ROPA+MPC (dash-dotted cyan), EMPC-
LLT (solid magenta), ACC (solid gold) and gas out ow constraint (dashed black).

Table 20 Runtime for scenarios 1 and 3 with mismatch.

Runtime for S1 (in sec.) Runtime for S3 (in sec.)
Min Avg Max Min Avg Max
ENMPC 9.4969 9.8643 11.3747 9.9002 429272 745.4201
EMPC-Mod 0.2519 0.3755 2.6452 0.2274 0.2621  1.3596
EMPC-LLT 0.3397 0.6314 6.153 0.3607 0.9762 6.2396
ROPA+MPC 0.2942 0.3249 0.3982 0.2748 0.2873  0.3249

shown, as none of the controllers reachs the optimum.

In sum, the nonlinear controller is the one that most felt the discrepancy between plant
and model. All others, despite not having found the optimum, obtained responses similar to their
nominal versions both from the temporal response and computational time point of view.

4.5.5 Modeling E ort

As previously discussed, the model used here is based on the conservation of mass
gaseous and liquid presentin the wells and riser ( rst principles model). Furthermore, the ow
rates, pressures, and densities are calculated using algebraic equations.

Based on this, some comments regarding the modeling e ort of each strategy presented
in this work can be made. Firstly, it is important to highlight such a model can be either static
or dynamic. As expected, a dynamic model requires extra parameters such as mass hold-ups

to describe the dynamics of the system (for instance gas hold-up is necessary to describe the
sluggish phenomenon). Moreover, if dynamic optimization is used, i.e. the aim is to nd an

optimal economic trajectory, then is also necessary to add the regulatory control layer into the
model. Therefore, the controllers tested in this chapter fall into one of three categories regarding
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modeling e ort.

The ENMPC is highly dependent on the model, solves a dynamic nonlinear optimization
problem, and yields optimal economic responses both on transitory and permanent regimes.
Therefore, a more accurate model including the regulatory layer would be advantageous, and
a greater modeling e ort is expected.

The linear EMPCs fall in the second category. These also require dynamic optimization,
but using linear models that are updated each iteration based on the nonlinear model. The latter
can be simpli ed for a couple of reasons. Firstly, the MPCs have a sampling rate that is much
lower than any regulatory layer, thus one can either disregard or simplify the dynamics of the
process fast modes including the faster controllers. The second reason complements the rst.
The simpli cation of the model may yield economic losses during transients, but due to their
gradient-based cost function, both controllers are already sub-optimal in an economic sense
during the transients. Thus, an overly accurate nonlinear model is not required, and the modeling
e ort is much smaller than that of the ENMPC.

Finally, the last two strategies require even less modeling e ort. The ROPA +MPC uses
a dynamic nonlinear model solely to estimate parameters. According to Krishnamebsthy
(2018a), if that is the case, it is not necessary to include the regulatory layer. The MPC part of
the strategy uses a xed dynamic linear model, which can be identi ed with plant data. The ACC
exclusively uses the nonlinear model to get an idea of the marginal gas-oil ratio. For this work,
the same EKF (based on a simpli ed rst-principle dynamic model) is used for both the ROPA
and ACC strategies. Moreover, the same model is used for the RTO within the ROPA (albeit as a
static one). However, if one is willing to accept small losses, the ACC strategy can be based only
on the transfer function matrix. One can identify the plant gains and settling times and base the
PID controller tuning on this simpli ed model (see Section 4.5.7 for some comments regarding
the problem variables in this case). Thus, the ACC does not necessarily need a nonlinear model,
in which case yields the simplest controller structure and the smallest modeling e ort.

Note that it is important not only to develop a model that ts the plant but also to make
corrections to this model constantly. For this case study, all techniques depend on the nonlinear
model even ifindirectly and are a ected by the lack of corrections in the model (see previous
section). Therefore, it is necessary to discuss about model maintenance and their e ects on
controllers.

456 Model Maintenance

Firstly, this work addressed the case where the chosen structure of the model satisfactorily
represents the plant. In this sense, Sections 4.5.2 and 4.5.3 show that the EKF can correct the
model parameters, thus allowing all controllers to converge to the plant's optimum.

The consequences of not maintaining the model (at least for parametric uncertainties)
are shown in section 4.5.4. We note that the nonlinear MPC is the most a ected by the
lack of maintenance (including computing time), closely followed by the linear EMPCs and
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the ROPA+MPC strategy. For all of them, keeping the model updated means a performance
improvement. Results show that all controllers experience economic losses, but these are similar
for S1. On the other hand, ACC approach clearly presents the smallest loss in S3 which is an
active constraint. The method deals with process constraints only by having information on the
gas inputs and ow. In other words, for the constrained case, the outdated model has minimal
interfere in the ACC controller.

4.5.7 Comparison regarding structural uncertainty

Firstly, notice that most of this work assumes that the plant-model mismatch is due to
some uncertain parameter. However, mismatches between plant and model sometimes arise
from the wrong choice of model structure (equations that depict the process). Thus, structural
uncertainty can arise due to model simpli cation or unmodelled disturbances.

In any case, uncertainties can be dealt with using one of three approaches: model-
parameter adaptation, modi er adaptation, and direct input adaptation (see Chetciu@009)
for an in-depth discussion of each of the methodologies).

Model-parameter adaptationThe rst approach is the one used in this work, with
the EKF updating the model parameters. Even for the previously tested mismatch case, the
reservoir pressure and the valve coe cients can be passed as uncertainty variables within the
EKF formulation. However, model parameters may not exible enough to correct the change in
pressure loss due to friction. The simpli cation, based on the Hagen-Poiseuille equation, may
yield a structural mismatch. Thus, an optimal operation is not expected.

Modi ers adaptation: This one is more adequate for both parametric and structural
uncertainties. It computes modi er terms to adjust the model to converge to the plant's optimum.
However, these require accurate knowledge of static plant gradients which means waiting for
steady-state and measuring costs/gradients in real-time, both of which may not be feasible. These
were the main reasons we used modi ers to adapt the MPC linear model to the nonlinear model
instead of the plant since gradient estimation alternatives in the control layer are still scarce.
Nevertheless, modi er adaptation is currently an active area of research and some gradient-free
alternatives are sprouting. These include Dynamic Modi er Estimation (DME) (OLIVEIRA-
SILVA etal, 2021), Linear Regression, and Broyden's Update for modi er estimation (VACCARI
et al, 2021) in which transient measurements are used to estimate the modi ers themselves, and
not the dynamic process gradients.

Direct Input Adaptation:This approach transforms the optimization problem into a
feedback control problem. The aim is to achieve optimality (or acceptable losses) without
optimization via tracking some variables related to optimal plant performance at their set point
values. Examples of direct input adaptation include Self-Optimization Control (SKOGESTAD,
2000), extremum-seeking control (ARIYU& al, 2003), NCO tracking (SRINIVASANt al.,

2011), and active constraint tracking.
Although not tested here, if high structural incompatibilities were expected, only two of
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the tested techniques could be easily adapted to achieve plant optimum. Firstly, notice that the
DME works within a three-block structure: an estimator for estimating states and disturbances;
a dynamic optimizer integrating RTO, MPC, and Modi ers adaptation; and the DME itself for
computing the values of the modi ers used in the dynamic optimizer. As one can see, these are
similar enough to the EMPC-Mod approach for us to use DME within our EMPC. Thus, it can be
quickly adapted to the case of mismatch. The DME is also an optimization problem, but given our
sample time (100 seconds) and the process's slow dynamics it appears to be mature enough to be
applied. The other approaches (Broyden's Update and linear regression) are less interesting since
their dynamic optimizer still relies on targets yielded by a steady-state optimization problem and
thus there still is a need to wait for the process to settle.

An alternative strategy is to adapt the work of Rodriguez-Blagtcal. (2016) for the
MPC layer by estimating process gradients using both transient and steady-state data. Essentially,
this work's MA using transient measurements could be used to overcome the parametric
uncertainty, and a static MA could then address structural mismatches once at steady-state. This
is a potential direction for future studies.

Finally, the ACC can also be adapted to deal with such a mismatch. The method already
handles active constraint regions quite well, thus one can improve the unconstrained case. To
do so, one can retune the related PIDs based on the SOC philosophy. Thus, one must choose
a variable that is insensible to disturbance and it is easy to control and measure. For this case
study, the gas ow rate at the wellhead (if available for measurement) can be used as the SOC
variable since its optimal value does not change much with variations in reservoir pressure or
GOR (see Jahanshadtial. (2020) for more details).

Remark 8 All other techniques could receive adaptations to better deal with model error.
However, these would require major changes in their formulations.

4.5.8 Regarding the Practical Nonlinear Model Predictive Controller

As a way to streamline the results, and to avoid digressions in the discussions, we chose to
limit the number of controllers presented. Despite that, another interesting technique to replace
the nonlinear model with a linearized model is the so-called Practical nonlinear Model Predictive
Control (PNMPC) (PLUCENICet al., 2007).

At each instant of time k, the approach separates a generic nonlinear model into a
(nonlinear) free response and a (linear) forced response, using a rst-order Taylor expansion.
The former matrix is calculated by simulating the nonlinear model and the latter depends of the
derivatives with respect to the manipulated variables. Since the forced response is linear, the
control increment may be calculated through a QP. The PNMPC algorithm is similar to NEPSAC
(Nonlinear Extended Prediction Self-Adaptive Control) (DE KEYSER, 2003), but faster since it
calculates the relevant matrices in a single step and solves only one QP at each sample time.

As suggested by Picon Yang (2016), several simpli cations can be made to the PNMPC
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to make it less computationally expensive. Nevertheless, the PNMPC approximation still is
expensive when multiple variables are concern (JORDAN$DWI., 2018). Notice that the
calculation of the derivatives needed to obtain the prediction model and free response matrix
became time-consuming mainly due to the sample time of 100 seconds, coupled with a highly
nonlinear and sti model.

For this case study, the EMPC-PNMPC had a slightly oscillatory behavior during the
transient response (yielding the worst economic index), but it was similar to the EMPC-Mod and
EMPC-LLT since the cost function was the same for all three. Regarding the runtime to solve
the OCP, it was, on average, a bit higher than the EMPC-LLT. However, the time to build the
prediction matrices was signi cant. During some instances, it took more time to calculate the
matrices than to solve the QP. Table 21 presents the PNMPC metrics for information purposes.

Table 21 Runtime and performance index for economic PNMPC.

Runtime (in secs) (p)
Min Avg Max -
Scenariol 0.4123 1.378 11.1338 491.4144
Scenario2 0.4305 1.6491 17.2165 190.9229
Scenario3 0.4447 2.26 27.4198 617
Scenario4 0.3459 1.6563 13.8487 117.87

45.9 Choice of controller

Firstly, we highlight that the choice of which controller to use strongly depends on the
process conditions. For this study, the results obtained are condensed qualitatively in Table 22.

Table 22 Comparison of controllers.

Computational Temporal Tuningt Required

Burden Response Estimations

. . States and
ENMPC High Optimal Moderate Disturbances

EMPC-Mod Small Good Moderate _States and
Disturbances

EMPC-LLT Small Good Moderately States and
di cult Disturbances

ROPA+MPC Small Great Easy States and
Disturbances

ACC NA. Good Easy States and

Disturbances

Regarding the computing time, the ENMPC is classi ed as high" since is the only
controller which exceeds the sampling time. This was expected given the problem size and type
it must solve an NLP considering a dynamic model. All the other EMPCs yield an easy-to-solve
QP problem, which takes 1 second on average to nd an answer. Considering only the
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Table 22 Comparison of controller€ntinuatior).

Modeling Loss for Parametric Easily adaptable
E ort Uncertainties for structural errors
ENMPC High Small No
EMPC-Mod Moderate Small Yes
EMPC-LLT Moderate Small No
ROPA+MPC Small Very Small No
ACC Small Very Small Yes

@ Not Applicable. No optimization is needed for ACC approach.

computational burden, the ACC method has a great advantage since it does not even solve the
optimization problem. Hence, the cost is minimal.

Furthermore, one can also comment on the temporal response of each of the controllers.
Firstly, they all take the plant to its optimum point for the nominal case, regardless of the
scenarios. However, the way they arrive at these is di erent. Given the almost dead-beat behavior
of ENMPC, it can be seen that it brings the system to optimal equilibrium as quickly as possible
in all situations generating the best performance index. Moreover, although not an optimal
response in the transient, the response of the linear EMPCs and the ACC is adequate. They were
all classi ed as good" because the ROPA + MPC response was better. The latter always presents
a response that is neither too sudden nor too slow, with acceptable overshoot and settling time.
When analyzing the table as a whole, this technique appears to have the best trade-o all around.

Perhaps one of the most di cult comparisons to make concerns the di culty of tuhing
each controller. In this sense, for both the GPC and the PID adequate tuning recipes were readily
available, and well-documented, in the literature. Although ENMPC maintains many of the
tuning characteristics of simpler MPCs (such as GPC), other decisions also apply. For example,
it must be decided whether the cost function will be purely economic, or other details will
be considered. Furthermore, one must decide how to discretize the OCP: the model should
be discretized by collocation (orthogonal or direct) or by shooting (multiple or single). Such
decisions are very process-dependent, and it is not a case of one size ts all. We can nd similar
plants to the one tested here being solved by ENMPC completely di erent from each other, with
some considering targets in the cost function, and others using single shooting to facilitate the
issue of computational cost, among others. Tuning is not as simple as that of PIDs and GPCs.

For EMPC-Mod and EMPC-LLT we have a similar situation. The cost function has a
tracking part and an economic part. The challenge then becomes weighing the OCP in such a way
that the economic part is more important than the tracking part. This becomes even more di cult
as the economic part depends only on the equilibrium point found at the end of the horizon and the
track part covers all other points. The EMPC-Mod is not an ease-to-tune controller, but multiple
works (VACCARIletal, 2021; ARANHA RIBEIROet al., 2023; OLIVEIRA-SILVA et al,, 2023)

1 Since all tactics utilize the same EKF, observer tuning complexity remains uniform across controllers. The
discussion and comparisons pertain speci cally to controller tuning.
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already direct how to do it. As for the EMPC-LLT, the LLT technique approximates the model
along the previously calculated trajectory. However, the EMPC minimizes the economic cost
by choosing an equilibrium point at the end of the horizon and improving it with each iteration.
Thus, there is an emphasis on taking the system to an eventual optimal equilibrium point even
if the transient response, used by the LLT, is not necessarily the best. This dual nature of the
controller with the model focusing on the trajectory but the gradient-based MPC cost function
prioritizing the steady-state makes tuning more complex than in EMPC-Mod. Note that we
had no problem using LTT with an MPC for tracking.

In addition, it is noted that all controllers require estimators. All EMPCs use states and
disturbances estimations directly in their formulation and therefore rely heavily on observers.
Thus, any error by the latter would hinder the former. Regarding ACC, it only requires estimations
inthe unconstrained case: itis based on the estimative of the static gradient of the plant. This comes
from a linearization of the nonlinear model that requires estimates of states and disturbances.
Therefore, the most advantageous controller is ROPA+MPC.

On that matter, notice that a GPC based solely on input/output data was employed.
Also, the static optimizer only requires the plant model and the value of its parameters, not the
states or inputs. Since we consider G®Ras an uncertain parameter (disturbance) it serves to
update the RTO model. Like the ENMPC, the RTO also needs an initial guess (composed of
states, control actions, pressure values, etc.) which is a decisive factor in solving the OCP because
of the high nonlinearities and discontinuities present in the nonlinear model. Hence, a warm
initial guess would prevent the OCP from passing through these zones (avoiding discontinuities
altogether). Thus, we could use the estimated states to replace the initial guess of the RTO, but
not necessarily at every iteration. Also, any estimation errors should be corrected by the RTO
and not passed along to the MPC. As a side note, this process yields a convex cost function and
the operational points are not far from each other. Thus, a single initial guess was used and never
updated. In sum, the RTO+MPC is slightly less dependent on the EKF.

Regarding the modeling e ort and economic losses, the results show us that the
ROPA+MPC and ACC strategies are less dependent on the model and therefore a sim-
pler model can be used and generate fewer losses in the case of parametric uncertainties.
The ACC is tuned based only on the constraints, with the accurate model being unnecessary
for the constrained case. Since the objective is to launch the process towards an active limit
(which would be the optimal point), the controller also does not present signi cant losses due to
uncertainties in the parameters.

ROPA+MPC was the only technique in which the optimization layer and supervisory
layer worked closely together (both work with the same sampling time) but not as one. From
a modeling perspective, the ROPA part has a static optimizer (the model ignores the system
dynamics) based on transient data. Moreover, as discussed in Krishnametoath{2018a),
when a dynamic model is necessary only for parameter estimation which is the case for
ROPA+MPC a simpler model is often su cient. For instance, one can omit the lower-level
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control or some fast dynamics in the EKF model. The MPC uses a simpli ed linear dynamic
model and aims only to follow the references, and such formulae may also include robustness
concerns if necessary.

Bear in mind that very few works regarding the robustness of economic controllers were
found in the literature. Moreover, these only deal with very speci ¢ situations assuming a limited
and known modeling error (see Krishnamoorétyal. (2016a) and the references therein). In
fact, we have not found any work that tests this control in a case with noise and modeling error.

One must also highlight that the noise used here is well behaved" (Gaussian of small
amplitude) and the modeling error is relatively small when compared to what occurs in practice.
Also, when we tested some of the controllers with a huge modeling error, the numerical simulation
crashed due to invalid jacobians in the EKF. Since this did not occur in the rst iteration, our
theory is that such numerical error is due to the interaction of the observer with the controller
and with the plant, given that the rst two use an erroneous model and that the EKF is called
much more often than the controller. Thus, it makes sense that EKF failed rst, and only in the
situation where the modeling error is greatest. Ensuring system robustness when observers are
being used is still an open area of research, but it shows us the importance of having controllers
that are less dependent on an estimator. While an in-depth analysis of robustness is not the focus
of this work, it is clear that is the main concern when dealing with a process like this one.

Having said all that, for this case study, we advise against the ENMPC approach, for
the following reasons: burden, complexity, and robustness. In this context, the results show that
linearizing controllers (EMPC-Mod and EMPC-LLT) maintain all advantages of the ENMPC
with lesser computational burden (while acting on the plant on a more concise time scale).
Despite all this, the techniques also have some disadvantages: both are rmly dependent on the
observer, not easy to tune, and di cult to analyze robustness. Also, the results of the EMPC-LLT
appear to be more prone to numerical errors which was surprising.

It is our opinion that the EMPC-Mod is reaching a level of maturity su cient for
application but it is not there yet. Whilst not tested here, current research already provides clues
on how to update the MPC model using transient measurements (see Oliveirat&il{@023))
to repair any mismatches between the model and plant. Such a procedure is promising in systems
with slow dynamics, which is our case.

We also believe that in this case, the hierarchical approach ROPA+MPC is the better
choice. The ROPA addresses the primary weaknesses of using an RTO (of not using transient
measures and the steady-state waiting time). The method is also less dependent on observers and
splits the problem allowing us to deal with robustness of the system both at the regulatory and at
the supervisory layers. If small economic losses are expected and acceptable, ACC is also a valid
alternative, given its inherent ability to deal with constraints without much model information.

In that respect, the choice of which controller to use heavily depends on the plant. It
depends on the possibility of obtaining a nonlinear dynamic model similar to the plant's behavior.
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4.6 CONCLUSION

This chapter presented a comparative study of multiple economic controllers formulations
to solve the Gas-Lift Optimization (GLO) problem considering several constraints and operating
scenarios. The ENMPC formulation achieves the optimum for the nominal case as long as
an appropriate horizon is chosen. However, this approach has a relatively high computational
cost, is highly dependent on the observer, and requires high modeling e ort. The EMPC-
Mod has a burden on par with the ROPA+MPC and similar economic index. Likewise, the
EMPC-LLT also manages to quickly solve the OCP maintaining the system near the optimal.
Unfortunately, both approaches also rely on state estimations, hence any incompatibility between
the observer/controller model and plant may render them useless. On the other hand, current
research demonstrates that is possible to tackle such a problem at least in the EMPC-Mod case

while preserving the computational cost. The ROPA+MPC does not need a high-frequency
estimation, and yields the adequate responses. It is easy to tune and only needs simpli ed
models (less modeling e ort). Finally, the ACC structure demonstrates that PIDs and selectors
are su cient as advanced controllers. It deals with constraints easily, and only need a little
information about the process. Nevertheless, all strategies successfully dealt with changes in
GOR, prices, gas availability, and compressor capacity even avoiding unnecessary are in all
cases. Future work includes carrying out a deeper study of how this interaction between observer
and controller harms the system's response and applying an MPC using only a disturbance
estimator (no states estimations) as a way to make the controller less susceptible to estimation
errors.
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5 ADAPTIVE ECONOMIC MODEL PREDICTIVE CONTROL WITH SAFETY CON-
STRAINTS FOR AN ELECTRIC SUBMERSIBLE PUMP LIFTED WELL

This chapter demonstrates that the proposed EMPC, using modi er adaptation, e ectively
manages dynamic, time-varying safety constraints in an ESP-lifted oil well. Surrogate models
replace detailed nonlinear models, inserting more uncertainties into the controller. Yet, rst-order
modi ers based on the surrogate model still enhance transient response without impacting
steady-state performance, yielding an o set-free control.

5.1 INTRODUCTION

An oil well allows the extraction of hydrocarbons from a reservoir, driving them to an
oil rig for processing and storage (JAHNX al, 2008). When the reservoir does not have enough
pressure to bring the uids to the surface, arti cial lift methods are used. The type of arti cial
lift to be applied to a well depends on several factors such as oil viscosity, well and reservoir
depth, safety, and so on (DELC&1 al,, 2021). In this context, two prominent forms of arti cial
lift are the gas lift and the Electric Submersible Pump (ESP) (JORDANGCA), 2022a). The
latter has become the second most used arti cial lift technology for oil wells with both onshore
and o shore applications (ZH&ét al., 2018).

The ESP consists of a multistage centrifugal pump installed inside the well, which supple-
ments the reservoir energy so that the uid ows at the desired ow rate (KRISHNAMOORTHY
et al, 2016b). Compared to other lifting methods, ESPs are more e cient for high production
rates and have small space requirements (TAKACS, 2017). However, the system must operate
within an envelope-like set de ned by time-variant constraints (upthrust and downthrust) to
guarantee a safe and stable operation (SANTARAI, 2021). Other strict constraints include
the ESP's maximum and minimum rotational frequency, and the production limit of oil wells,
among others.

The objective then becomes to compute the ESP optimal point such that the system is
maintained within such envelope while minimizing the pump power consumption and maximizing
production.

5.1.1 Related works

For the reasons cited above, the model-based predictive controller (MPC) is a strong
candidate for this process as it smoothly deals with constraints and multivariable systems, and
one may add economic ingredients to its cost function.

Several MPC approaches have already been analyzed in recent literature for the application
in ESP systems. For example, Pavi\al. (2014) developed the pioneer control-oriented model
for ESP-lifted oil wells and applied a simple linear MPC in a large-scale facility showing that
the model and the controller are adequate for real processes. Moreover, 8iradgf2014)
embedded a similar MPC in a programmable logic controller. While the embedded controller
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had akin performance when compared to the original, it was clear that its successful application
largely depended on the size of the optimization problem. The same model was used by Binder
et al. (2015b) within a Moving Horizon Estimator (MHE) scheme to estimate the uid viscosity
and ow rate, as well as the productivity index for the well, all key variables for optimal operation.
Krishnamoorthyet al. (2016b) augmented the previous model to obtain a multistage ESP model
which is more realistic and considered that the reservoir water cut the ratio between oil
and water in the uid may vary throughout the day. Then, the researchers investigated the
robustness of an MPC. The main result is that linear models copiously vary depending on the
ESP operational region from the production choke to the controlled variables, while not varying
signi cantly when considering the water cut uctuations. On one hand, a linear MPC, like the
ones used in all previous works, has low computational time due to only needing to solve one
quadratic program (QP) problem per time step. On the other hand, these are limited from a
robustness point of view when leaving the operational region.

Therefore, some authors introduced adaptive MPCs to tackle system nonlinearities.
A. Delouet al. (2019) proposed an adaptive strategy to expand the operating range based on
a linear convex combination of two linear models (on high and low choke valve openings),
improving controller performance. Even so, all the hitherto introduced publications have three
points in common: (i) no time-varying thrust constraints to handle the safety set, (ii) the e ects
of the observer-controller coupling are not considered (states are often assumed to be known),
(iif) no economic elements in the controller formulation.

Regarding the rst point, Fontest al. (2020) proposed a zone in nite horizon MPC
where a zone control directly handles the time-varying upthrust and downthrust constraints
with guarantees of stability due to the in nity horizon and feasibility. Santastaal. (2021)
improved the former controller by updating the MPC model with a linearization of the nonlinear
model at each time step.

Regarding the second point, Deletal.(2021) compared two model scheduling strategies
where the MPC depends on interpolation among linear models. While managing to expand
the operating range, the computational burden becomes an issue since the rst interpolation
(homotopic) yields a nonlinear program (NLP) problem and the second interpolation (linear)
requires a search algorithm to locate the current operational region. Both strategies were coupled
with an Extended Kalman Filter (EKF) for state estimation. The authors showed that improper
observer tuning can cause estimation errors that can disrupt the controller, especially if the latter
is based on a single model. Perhaps the central conclusion of such work was that good results can
be obtained with scheduling designs based on models that can be identi ed in an o ine manner
from real data of the process. Thus, one may not need to linearize the nonlinear model which
is not trivial for large-scale systems at every instant. On the downside, it may require a large
number of linear models to represent the system. Likewise, Jordarb§2022a) proposed two
nonlinear MPCs (NMPC) with models based on Echo State Networks (ESN). The gist was to
replace the interpolation model with an ESN-based approach, trading computational e ciency
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for control performance. Unfortunately, the work showed that the runtime to solve the NMPC
optimization problem far exceeded the chosen sampling time.

As one can see, recent works started to address these key issues for the ESP process by
assessing the system's nonlinearities, computational cost, and time-varying constraints. Despite
all that, a considerable amount of these still require a set point, and no economic considerations
are directly taken into account. In fact, most of the papers track the intake pressure set point
(intimately related to the maximization of the out ow) while keeping some other variable often
power or current within a zone to minimize energy costs. The outliers are Fehts2020)
and Santanat al. (2021) both of which use a target for the manipulated variables, and not the
controlled ones.

It is worth noting that these set points are calculated by the Real-Time Optimization layer
(RTO) and then passed along to the MPC. The former is called upon far less frequently under the
assumption that there are no frequent changes in the plant, and thus the set points stay the same
for a long time. Moreover, most industrial RTOs employ a stationary nonlinear process model.
While most of the time such a hierarchical approach is enough, di erences between the RTO and
MPC models and sample time may cause the RTO-based set points to be inconsistent or outdated
with the MPC layer. More important for this report, is that the time-varying constraints make
any static-based optimization obsolete. Thus, it makes sense to integrate economic elements into
the (dynamic) MPC problem.

In this context, while economic MPCs (EMPC) have been proposed before for this system,
they often still rely on targets (SANTANAt al, 2022a) or are NLP problems that are barely
implementable even for the nominal case with a short prediction horizon (SHA&MA 2014;
JANATIAN et al,, 2023c). Moreover, EMPCs are generally based on nonlinear dynamic models
which might not be available for most processes (AZEVEDO DEL#£D#I, 2021). Realistically,
the only complete and reliable model would be their static counterparts, since their development
is part of the RTO design strategy.

Therefore, this paper investigates the daily production optimization (DPO) problem for an
ESP-lifted oil well from an economic perspective while lling the gaps in the existing literature
hitherto presented. To achieve this, we propose to apply the one-layer Economic MPC (EMPC)
from Limon et al. (2013) with modi er adaptation (MA) coupled with an static EKF for state
and parameter estimation.

The EMPC-MA can calculate the optimal economic point within a safety zone while
only solving a mere QP problem. We highlight that the MA approach has been extended to
the dynamic optimization problem before (HERNANDEZal., 2019; VERGARA-DIETRICH
et al, 2020; VACCARI et al, 2021; OLIVEIRA-SILVA et al,, 2023). However, all of these
require knowledge of plants' gradients which are not available and hard to estimate in this case
study due to time constraints and noise. Thus, we circumvent such a situation by employing
transient information for estimation of the steady state using an o ine map, adapting the MPC
model according to the plant's measurements. In other words, the MPC model consists of a
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dynamic linear part and correction terms based on a static nonlinear map bypassing both the
need to measure gradients and the availability of a dynamic nonlinear representation.

We stress that other techniques to approximate the non-linear behavior of the plant,
maintaining the problem as QP, exist. However, all these techniques require a non-linear
dynamic model, whether for successive linearizations (e.g. LLT (DURAISKI, 2001)) or for
calculating gradients (e.g. PNMPC (PLUCEN#&Dal., 2007), NEPSAC (DE KEYSER, 2003)).

Our formulation emphasizes steady-state optimality, with the modi ers representing static
information. Therefore, unlike the other techniques, using a static nonlinear model ts the EMPC-
MA rather nicely. Moreover, the technique yielded similar (performance and computational)
results when compared to these advanced controllers, and far better when compared to a nonlinear
EMPC (ARANHA RIBEIROet al, 2023; ARANHA RIBEIROet al., 2024}

5.1.2 Contributions

To the author's knowledge, a one-layer linear EMPC based on modi er adaptation with all
relevant safety constraints has never been applied to this type of system. Thus, the contributions
of this work are:

N

the dynamic optimization for an ESP lifted well based on an output modi er adaptation
to deal with the mismatches between the plant and the (linear) prediction model in a
QP formulation;

the MA is based on o ine mapping (data-based), reducing the computational burden
and avoiding the need for a dynamic nonlinear model;

application of a softened zone control within the economic scheme to handle time-
varying constraints without feasibility issues;

integration of EMPC and EKF as a soft-sensor to handle the uncertainty regarding
the characteristics of the uid without increasing numerical cost;

the one-layer adaptative EMPC and the EKF are based on the same model, avoiding
compatibility issues;

simulation in a realistic scenario with unmeasurable and measurable disturbances,
plant-model mismatch, and noise.

5.1.3 Paper organization

The remainder of this work is structured as follows: the next section presents the model
used in this article, its key variables, and the de nition of the optimization problem. Section 5.3
presents the controller used, the adaptation of the linear model, and how to apply it in practice.

1 Active constraint control can be used for the present case study as suggested by KrishnagehrtP§19a).
However, their controller still relies on an economic target passed on by a less frequent layer and is not tested in
the entire operating region.
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The simulation results and some discussions about our case study are presented in Section 5.4.
Finally, we conclude the paper in Section 5.5.

5.2 PROBLEM DEFINITION

The current section explains in detail the process under study, its main variables, economic
speci cations, and models used for control.

5.2.1 Plant and Key Variables

This setup is a simple and e ective way to extract and manage uids from a reservoir.
The reservoir uid enters the well with a ow rate of and reaches the ESP. The pump
then boosts the uid pressure to facilitate its upward ow through the well. Once it reaches the
surface, the production choke controls the uid rate ow out of the willAfterward, the uid
goes to a production manifold where production from multiple wells comes together before
being further processed or transported. Figure 35 shows a schematic of an ESP-lifted oil well.

Figure 35 Schematic of an ESP lifted well. Adapted from Binéeagl. (2015b).

The phenomenological model presented in Paeloal. (2014) and Matost al. (2022)
is the plant in this work. Thus, the system is represented by the following ODE:

Vi Poh= 1(ar Q) (39a)
Vo pwh= 2(0 dc) (39Db)
M d= pph Pwh 9w PpPr+ gH (39¢)

£= fmax fref f (39d)
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Z= Zmax Zef Z (3%)
And by the following algebraic equations:
ar =Pl pr Pph (40a)
Qc :Cch Pwh Pm (40b)
pr =F1+F (40c)
Lig? 3
Fi =0.158 —% —— (40d)
DiA Diq
Pp = gH (40e)
fo2
H=Cn( )Ho do (407)
0
qa fo
= 2 40
D=E() T (409)
f 3
P=Cp( )Po do ¢ (40h)
0

Table 23 presents the process parameters such as well dimensions; valve and ESP characteristics;
etc. These are known constants.

Table 23 Model parameters.

Symbol Name Value Unit
g Gravitational acceleration constant 9.81 /s
Ce Choke valve constant 210°
A1 Cross-section area of pipe below ESP  0.008107 2 m
Ay Cross-section area of pipe above ESP  0.008107 2 m
D1 Pipe diameter below ESP 0.1016 m
D> Pipe diameter above ESP 0.1016 m
hy Height from reservoir to ESP 200 m
hw Total vertical distance in well 1000 m
Lq Length from reservoir to ESP 500 m
Lo Length from ESP to choke 1200 m
V1 Pipe volume below ESP 4.054 m
\Z Pipe volume above ESP 9.729 m
fo ESP characteristics reference freqg. 60 Hz
Pnp ESP motor nameplate power 1.62B0° W
1 Bulk modulus below ESP 1.510° Pa
5 Bulk modulus below ESP 1.510° Pa
M Fluid inertia parameter 1.99208  kg/nt*
Density of produced uid 950 kg/m
Pr Reservoir pressure 1.2a0/ Pa
PI Well productivity index 2.3210°% m3s/Pa
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Table 24 shows all the variables and their units (all in SI). Additionally, it also informs
which of them are measured.

Table 24 Model variables.

Manipulated Variables Unit Measured?
fref reference for ESP frequency Hz Yes
Zet reference for production valve opening - Yes

Pressures Unit Measured?
Pm Manifold pressure Pa Yes
Pwh Wellhead pressure Pa Yes

Pp, in ESP inlet pressure Pa Yes

Pp Pressure di erence across ESP Pa Yes
Pbh Bottomhole pressure Pa No
Pr Reservoir pressure Pa No
P Frictional pressure drop in the well Pa No
F1 Frictional pressure drop below ESP Pa No
Fo Frictional pressure drop above ESP Pa No
Flow rates Unit Measured?
q Average ow rate ni/s No
Jdc Flow rate through production choke 38 No
Or In ow from reservoir into well m/s No
Other Unit Measured?
H Head developed by ESP m No
P ESP brake horsepower (BHP) W Yes
f frequency Hz Yes
z production valve open - Yes
liquid viscosity Pa s No

Some considerations regarding the equations shown above must be made. Firstly, note
that the chosen system considers that the variations in the actuators are limited by their dynamics
(slow acting), represented by the values of maximum frequency variafigayand maximum
valve opening variation zmax in Equations(39d) and(39e) Secondly, we consider a single-
phase ow in the well. However, the model can represent the well dynamics for bi-phase uids
for low gas concentration.

Thirdly, Ho(gg) andPg(qp) are the head and power characteristic curves provided by
the vendor based on the theoretical ogy) atfy = 60Hz. These curves are adjusted to other
frequencies by using a nity laws as per Equations (40f) and (4@y) ), CH( ), andCp( )
are viscosity correction factors and are presented in Annex C. Finally, bear in mind that as water
and oil become mixed in the production tubing, it can form emulsions, which leads to signi cant
viscosity changes. Since the Head is insensitive to viscosity changes (as per Annex C), it is
utilized when formulating the upthrust and downthrust constraints as explained in Section 5.2.3.

For this system, the main variables are:

" The manipulated variables (MVs) are the rotational frequdggyand the production
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valve openinges.

" The system disturbances are given by the manifold pregsy(measured), and the
uid viscosity  which is considered an uncertain parameter (unmeasured).

~ The system states are the wellhead prespyrethe bottom hole pressumy, the
average ow rate in the well, the frequency, and production valve openiray

" The variables at the wellheapyg,, pm, f, 2) and close to the ESR{in, pp, P) are
measurements. Note thidtis not measured, but assuming constant uid density, it
can be calculated according to (40e).

In the next subsection, we present the plant model used for control purposes.

5.2.2 Simpli ed Models

The scaled and discretized nonlinear model (39) can be written in a reduced format:

X" =Fp(xu,d) (41a)
y :Hp(X,U,d) (41b)

wherex are the dynamic states} are the states at the next sample timaye the measured
variables,d are the disturbances, aycare the measurable outputy andHp represent the
scaled and discrete plant. Scaling is done by converting the pressinas toe ows to m3/h,
the power tokW, the Head tadam(decameter), and to cP (centipoise). Thus, all variables
range from O to 150 to avoid numerical issues.

The linear MPC uses an auxiliary discrete state-space model:

X" =Fm(xu) = Xg +A(X Xg) +B(U Up) (42a)
y =Hm(X,u) =yo + C(X Xg) (42b)

The linear model is de ned by matrices,(B, C) and the starting point given hy = [55, 8o
andxg = [82.9050, 38.9047, 35.9929, 55, 80For linearizationpm = 35bar, = 50cP, and
pr = 126 bar.

5.2.2.1 Surrogate Models

As will be presented later, the MPC is based on the plant's gradient values (unavailable).
To deal with this, we assume that we can set up in an o ine manner functions that represent
the cost with respect to inputs (for the cost function gradient calculation) and the inputs to outputs
mapping (for the model update via MA).

For this work, we consider that the (static) input-cost mapping can be constructed o ine
based on historical data from the plant. The surrogate model considers the inputs and disturbances
to map the cost. Furthermore, we use Casadi (ANDERSS8@IN 2019) to generate the relevant
economic mapping function and its Jacobians symbolically (o ine). Thus, it would only be
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necessary to apply the control actions and current disturbances to these symbolic functions to get
the current cost and economic gradient value. It may not be so simple to build an accurate cost
mapping for more complex processes, however one can alternatively construct a surrogate spline
model consisting of multiple piecewise third-order polynomials with enough smoothness to
calculate the cost and its gradients (JAHANSHAdial., 2020).

Remark 9 The reservoir characteristics (e.gg, 1) may vary, albeit it is uncommon from a
DPO perspective. Thus, we consider the uid viscosity as the only uncertain process parameter,
with all others having xed values. From this, the cost is built as a function of the states, inputs,
and disturbances.

For the MA, the gradient ofp (and any other plant gradients that might be used) is
not available for measurement. To calculate it, most authors excite the plant and check how the
inputs are a ecting the outputs to approximate it. Several ways of doing so can be found in the
literature (see Vaccast al. (2021)), but for this type of plant with fast dynamics and noisy
measurements we believe that there would not be enough time to do so.

Therefore, instead of trying to calculate the plant's gradient at every iteration, we use
transient information coupled to a static model. Starting from this point, we build (o ine) a
stationary input-output map according to:

Xss= Fp XssUssdp _y Yss=Gp(usg
_ =) - (43)
yss=Hp XssUssdy Gapp(Us9
The Input-Output mayigp) depends on steady-state values (represented by sulfS8ript

and is often not available in practice. In this work, the construction of3helso proved to
be cumbersome. To reduce complexity, it was approximated through a polynomial regression
(Gapp)- Although we use polynomial regression to showcase the proposed method in this case
study, any identi cation technique may be used. We also highlight that the regression utilized is
not necessarily the best, but yields adequate results. The regression was constructed using the
poly tn toolbox (D'ERRICO, 2024) in Matlab. Since the paper's focus is not model identi cation,
we shorted this discussion to not a ect the ow of reading. More information is available in
Appendix D.

Remark 10 As explained in Section 5.3.3, the objective of calculating the gradienp ¢biG

Gapp) is to improve the closed-loop process transient behavior. As veri ed by Krishnamoorthy
et al.(2016b), valve open variations heavily modify the process dynamic. However, we stress that
this is not the case for the disturbances, which do not alter transient behavior as much. Therefore,
the data obtained (via simulation) to construcfgg keeps the disturbance xed.

5.2.3 Plant and cost speci cations

As previously explained, the controller's objective is to calculate the optimal ESP
frequency and the choke opening such that the production is maximized and power consumption



Chapter 5. Adaptive economic model predictive control with safety constraints for an Electric Submersible Pump
Lifted Well 144

is minimized. Thus, the economic objective is given by:

Jeco= Po dctPpe P (44)

wherepg is the price of oil ange is the price of energy.
Other plant speci cations include:

35 fef 65 [H2] (45a)
10 Zef 100  [%] (45b)
Huf) H  Hg(f) [m] (45¢)
dc  Qmix [m®n] (45d)
pm 50 [bar] (45e)
0.1 150  [cP] (45f)

Equationg45a) (45b), (45c), and(45d)are the constraints on the manipulated variables
and the MPC outputs (Head and ow) respectively. Equati@as)and(45f) simply show the
values expected for system disturbances (not constraints). Note that the proposed MPC does not
consider constraints in the states, since the system reaches the MVs or CVs limits well before the
state's.

Hq(f) andHy(f) refer to the downthrust and upthrust limits. These regions are often
represented in performance curves (provided by the vendor) as shown in Figure 36. They
correspond to unbalanced thrust forces either in the up or downwards direction that lead to
degradation of the pump. Note that these curves generally associate the Head with the ow of
the pump. However, since the latter is often not measured, it is common to translate the envelope
to get the head limits solely from the pump frequency (MAT@SI., 2022). As explained in
Section 5.2.1, since the head is less sensitive to viscosity changes, the translated envelope also
makes the controller less sensitive unlike the ow vs head envelope (KRISHNAMOORTHY
etal, 2019a).

Furthermore, it is quite common for the optimum point to be close to or exactly at the
upthrust limit. In this case, disturbances in the system may throw it out of the safe operating zone.
According to Janatiaet al. (2023c), one can directly consider the uncertainties (disturbances)
in the controller formulation to handle such a situation. However, this heavily increases the
complexity of the problem. Therefore, we chose to use the approach suggested byeFahtes
(2022), whereHy(f) is given not by the actual constraint but by a safety limit shown in red in
Figure 36. The polynomial curves of upthrust and downthrust are, respectively:

Hu(fref) = 0.1762 f2; +5.1508 fref 75.1332 (463a)
Hy(fref) = 0.2651 f2¢ +0.1044 fof 5.4968 (46b)
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Figure 36 ESP operating envelope.

We end this section justifying our choice of sampling tirig € 1 second). The system
has fast dynamics (settling time of 5 seconds for small variatiorzg.jrand 15 seconds for
fref) @and therefore requires a short sampling time. Some authors chigusth values smaller
than half a second (JORDANO®t al, 2022a; JANATIANet al,, 2023c). However, as noted by
Pavlovet al. (2014), measurements from sensors close to the ESP pumHd @edpy i) are
not updated as frequently as the others, sometimes taking up to ve seconds between updates.
In the best scenario, this time can drop to 1 second if the well has ber optic communication.
Therefore, we believe that aff smaller than 1 second is too optimistic.

5.2.4 State and uncertainty estimator

An EKF is employed for joint state and uncertain estimation as explained in Annex B. The
EKF is chosen since is the simplest and fastest from a computational point of view observer
so that the bulk of the processing time can be used to solve the optimization problem. Thus,
the EKF has as arguments the process m@#iEl the manipulated variable&d;, zef), and
measured variable®(n, z f, H, pp,in, P, Pm); and returns the states andBear in mind that no
assumptions regarding the viscosity dynamics are made, and even though the MPC model needs
no disturbance values, these are needed for the economic part of the controller. The observer
updates the estimates with the same sampling time as our controller (1 second).

As indicated earlier, we assume that only two models are available for control and
optimization purposes: a simple linear dynamic model and a complete static nonlinear model. In
this case, the EKF cannot depend on a dynamic nonlinear model. Therefore, considering that the
estimator dynamics must be faster than that of the controller, the static model is used in the EKF
algorithm producing an observer with instantaneous dynamics. An EKF based on a static model
for fast processes has been proven functional in an experimental gas-lift rig (DE AZEVEDO
DELOU et al,, 2023).
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In the simulations, such measurements are subject to white Gaussian noise, zero-mean,
with standard deviation de ned in Table 25.

Table 25 Standard deviation of the white-noise for each variable

Measurement pyn z f Head ppin P
Standarddev 2bar 0 0 4m 2bar 2kw

The EKF tuning is as follows: the output noise initial covariance matrix has a value of
diag(2,0,0,40,2,2) 103 and other covariance matrices &4@ I, with I, being an identity
matrix of appropriate dimensions adhg meaning that it is a diagonal matrix. Note that we have
little information concerning viscosity (for instance how and why it varies), we can only observe
its e ects in the measurements. Moreover, this parameter directly a ects the process ow, which
in turn in uences pro t and operational points. Thus, the tuning prioritizes estimation to get fast
convergence to the actual values (particularly for uncertainty). As a result, the EKF is unable to
adequately Iter noise. To compensate for this, we added a rst-order lter to the sensors, which
is commonplace in practice. The lter is given by:

Yiter =0.4 Ymeask * (1 0.4) Ymeask1 (47)

wherey jer are the Itered outputsymeas are the measured outputs at current time indtant
andymeasc 1 are the previous measured outputs. In the next section, we present the economic
model predictive controller for the ESP lifted well.

5.3 ECONOMIC MODEL PREDICTIVE CONTROL WITH OUTPUT MODIFIER ADAP-
TATION

In this section, we present the details of the proposed EMPC with Modi er Adaptation
coupled with a zone control scheme and an EFK for ESP installations.

5.3.1 Gradient-based strategy for EMPC

The MPC formulation discussed here replaces the complex economic function presented
in (44) with a gradient-based approximation to ease the computational burden:

N1
Japp % 0,p,U,XsUs = X X é+ Uj US?{ +
j=0
Jeco Xe,Ue,d,p + (48)

ap Ko xek?
I xJeco Xe,Ue,d,p [Xs Xe]"'?kxs Xek = +

T
r weco Xe,Ue,0,p [Us Ug +7ukus Uek?

The approximate functio8) depends on the states and disturbances (both estimates)
and pricesf). Moreover, Ke,Ug) is a suitable feasible point, angks(us) is an arti cial reference
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point which is a decision variable for the MPG, and  are Lipschitz constants, ai@andR
are weighting matrices. denote the gradients.

This is the same cost function used in Chapters 3 and 4. With that in mind, the optimal
control problem (OCP) to be solved is presented in the next section.

5.3.2 EMPC with output modi er adaptation

To achieve all the process control goals previously outlined, the proposed controller must
be capable of (i) addressing the operational envelope of the ESP head to ensure safe operations;
(i1) calculating steady-state economic targets to maximize production while minimizing energy
costs; (iii) ensure feasibility through an implementable control zone scheme, i.e. a feasible
solution has to exist within the real-time requirements. Thus, one can solve the following OCP:

un)gras Japp(% O, P, U, XsUs) + K K (49a)
subject to
X0 = R« (49b)
X+1=A X +B Uy + 8j2lgN1 (49c¢)
yy=C X+ 3T/,k(Uj Ud + vk 82 loN1 (49d)
Xs=A X+B us+ , (49e)
XN = Xs (49f)
Umin U  Umax 8] 2 lon (499)
~ dumin 4 U dUmax# 8 2 |0:N# (49h)
Hy(f) Hs+ 1 Hggfp) . (49])
0 s+ 2 ax
| —{z—} |—z—} [|—z—}
Ymin Yst Ymax

with Japp being the gradient-based economic cost [ 1, 5]T are slack variables for the
arti cial output set-pointys; Sis a weighting matrix for the slack& andd are the estimated
states and disturbances at the current time instantk= u; U 1 is the control increment;
Qe is separator handling ow rate capacityy, y and are modi er terms to update the
linear model.

Moreover, the MPC model is de ned by the state space matriieB,(C) as per(49c)
and(49d). Equationg49e)and(49f) de ne the end of horizon states (algQ anduy) as steady
state points. Also, from the MPC perspective, the MVs @re [fief, Zref]T, the outputs are
y=[H, g]T, and the disturbances ade= [pm, ].

Note that the process equilibrium points are unique. Thus, when the algorithm selects

at each iteration a point s, Us) it also chooses, albeit indirectly, a correspondent arti cial
outputys. The OCP includes a constraint in such a varigdi), working as a de facto zone
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control for the head (safety envelope set) and out ow. This constraint includes slack variables
to guarantee the feasibility of the problem (FONT&Sl., 2020). Similar constraints may be
applied to other possible outputs. Moreover, these are only enforggchaganing only at steady
state points.

The last ingredient in the EMPC recipe is the calculation of the modi ers which we
present next.

5.3.3 Computation of modi ers

The calculation of the zeroth-order modi ers)(is straightforward and corresponds to
common industrial practice (MARCHETTdt al, 2007). Their function is to assimilate the
existing plant/model mismatch to yield an o set-free control law. Thus, they correspond to the
o set between the plant referring t&p(x,u,d) andHp(x,u,d) from the mode[(41) and MPC
linear the model referring td~-m(x,u,d) andHm(x,u,d) from model (42). These are given by:

yk = Hp(XioUk,di)  Hm(XoUk) =) yk =Ymeas (Yo + CR« X0)) (50a)
k= Fo(ioUd) Fm(t) =) k= FpGiUkOk) (Xo+A®k Xo) +B(uk Up))
(50b)

whereymeasare the measurements from the plant, Bptky,uy,dy) is extrapolated from model
(42).
The equations on the left {%0) show the original formula for calculating these modi ers.
On the right, we show the calculation carried out in this work, considering state estimations and
the linear MPC model.

Remark 11 Other EMPC-MA formulations have been presented before, but are based on
nonlinear models, i.e. &y and Hy are nonlinear. Thus, any existing plant/model mismatch

is either due to disturbances or uncertainties. For the rst case, Vacehal. (2021) use the
disturbances estimates as zeroth-order corrections. On the other hand, OliveiratSil2023)

use an MHE to x the uncertain parameters in the MPC model. In both cases, the modi ers
(50) become redundant since the o set cause is estimated and updated. For the current work,
the plant/model mismatch yields from the di erences between linear and nonlinear models and
cannot be fully absorbed by disturbances like previous works. Also, we highlight that these other
approaches generate NLP problems and are inadequate for the current case study due to the
computational burden.

While the use of the bias yields an o set-free response (i.e. no error in steady-state),
the rst order modiers  correct the model dynamics. Thus, it is the di erence between the
experimental and predicted values of the gradients:

— @sp(u) @5m(u)
e, @

(51)



Chapter 5. Adaptive economic model predictive control with safety constraints for an Electric Submersible Pump
Lifted Well 149

As previously stated, the main disadvantage of using the MA technique is the calculation
shown in (51). For us to compute the actual gradierBgfit is necessary to vary the inputs
being passed to the plant (one by one), wait for the system to reach a steady state, measure the
outputs, and check the e ect of the former on the latter. Only then, tvedue would be updated.
For the case study of this work, this is particularly di cult to do due to measurement noise and
the sampling time since it should update the model every second.

Thus, we took advantage of the Feedback RTO methodology (KRISHNAMOORTHY
et al, 2018d). The idea of such a method is to build a linear state-space model based on transient
measurements (the states are estimated from the outputs), at each instant of time, and estimate
the steady-state gradient by simply considering the model derivative term equal to zero. In other
words, the gradient is estimated using transient measurements, without waiting for the system to
reach steady-state. We apply the same principle here, i.e. at every time step, current information
(inputs) is used against the surrogate input/output static mapping to check for the equivalent
outputs. The jacobian is calculated based on these values. An error is expected since the mapped
outputs are not necessarily equal to the measurements, but such an error should be small due to
the fast dynamics of the system. Results show that the rst-order modi er based on the surrogate
model provides enough correction to improve the system performance, albeit does not have the
same values as the actual lambda . Furthermore, notice that the proposed MA calculation now
also relies less on estimations.

Hence, using the surrogate mod&|pp and taking advantage of the fact that the MPC
model is linear, we have:

_ @5app(U)

vk a . c( AlB (52)

Remark 12 The original EMPC formulation without modi ers has guarantees of stability and
feasibility as long as the disturbance does not change abruptly (LIMO&I, 2013). Since

we insert modi ers into the problem, and they are calculated via approximations, such proofs
may not hold (See Remark 7). However, due to system constrainta)(end the horizon used

(a little longer than the plant's settling time), we had no problems in any of the tests carried
out. The logic is that the restriction onu, together with the cost function tefjixs  Xe|| forces

the controller to choose an optimal sequence that is not too far from the current goiimt x
other words, model updates are made smoothly, and the error due to the approximagion G
remains small. These facts also improve the EKF behavior since the observer keeps linearizing
the model, and smaller control variations mean that the current linearization is valid throughout
the prediction horizon.

To nish this section, it is important to highlight that both EMPC and EKF focus on the
steady state of the plant, using a static model for estimations and model adaptation. The care
with the transient response of the system is mainly highlighted in Remark 12 which indicates that
the EMPC generates a smooth response (through tuning), leading to stability both from a control
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and an operational safety point of view. Moreover, the MA allows the one-layer controller to
serve as a perfect optimizer and controller avoiding model compatibility issues between layers.

5.4 RESULTS AND DISCUSSION

In this section, we verify the proposed strategy in the ESP model. The plant was simulated
on Matlab 2023b using CasADi's opti stack as a parser and Ipopt (WACHIRER, 2006) as a
solver. The simulation commences at steady-state with no estimationgyro&g). At every
100 seconds, some disturbance enters the system (pigher or Q?negx changes) as shown in

Table 26. The controller settings are given in Table 27.

Table 26 Emulated Scenarios

Time [sec] Disturbances
pmlbar]  [cP] Qmax[m/h]

t=0 45 35 55
t=100 45 50 55
t =200 25 50 55
t =300 15 50 55
t =400 15 25 55
t =500 15 100 55
t =600 20 125 55
t=700 20 125 33
t =800 20 75 33

Table 27 Parameters of the EMPC-MA

Parameters Values Parameters Values
N 20 Umin [35 Hz; 10 %]
Q 104 Ig Umnax [65 Hz; 100 %]
R 104 1, Unin [ 0.5Hz/s; 3/9
S 18 1, Umax [0.5 Hz/s; 3 #]
Xx= u 15 Pe 8.57 $/kW

Po 502 $/mP/h

In the next subsections, we present the results of the observer and the economic controller,
while also commenting on the trade-o between pro t vs safety, and nally, we show the e ects
of adaptation through modi ers.

5.4.1 EKF Results

As previously outlined, a reliable dynamic model is not available and a static model must
be used directly in the EKF formulation. To verify that the static EKF (SEKF) has similar behavior
to the dynamic EKF (DEKF), a series of evaluations were carried out, including closed-loop
testing - where the observer's estimations are fed to the EMPC and the EMPC control actions



Chapter 5. Adaptive economic model predictive control with safety constraints for an Electric Submersible Pump
Lifted Well 151

are passed to the process and the EKF and open-loop testing where the MPC is removed
from the loop and we vary the control actions and/or uncertainty parameters to check the EKF
behavior.

Figure 37 shows the Itered responses of both estimators during the open-loop simula-
tion, focusing on the unmeasured states. The highlighted parts (in red) show that SEKF exhibits
a sharper reaction when compared to the DEKF which was expected given the SEKF model
has instantaneous dynamics. However, both estimators remain close to the real values across the
simulation.
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Figure 37 EKF performance: actual states and uncertainties (solid purple), dynamic EKF
estimations (dashed black), static EKF estimations (dotted blue).

Another key issue is that the two EKFs overestimate the bottom hole pressure and
viscosity, resulting in an underestimation of the well GwThis just shows that ow estimation
is not trivial, even in an idealized situation where only viscosity is uncertain. We suspect that such
an estimation would be even worse if more uncertainties were considered. Thus, as previously
explained, the thrust constraints should not depend on the ow rate since one risks operating the
pump in an unsafe zone due to estimation errors. The better choice is to enforce such limits at
the head which is a measured variable.

Based on these results, and the ones obtained from the closed-loop simulations, it appears
that SEKF is a valid alternative to use in the current system with insigni cant errors when
compared to the DEKF. Thus, the SEKF is used throughout the remainder of the paper. The
next subsection shows the EMPC+SEKF closed-loop response, and therefore also shows that the
observer is reliable enough even in a closed-loop.

2

Without measurement noise, the estimation errors are null.
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5.4.2 Controller Results

This section shows the proposed controller performance. The aim is to show its ability to
nd the target point without solving an RTO problem and its ability to deal with time-varying

constraints. To demonstrate convergence to the optimal, our controller (MPC1) is plotted against
the steady-state optimal response (in blue in the plots). For the second point, we also compare it
to an EMPC without a zone control in the head, henceforth called MPC2.

Bear in mind that due to the time-varying (dynamic) constraints, we were unable to use
a traditional RTO to compute the optimal points. Instead, we called an RTO at every iteration,
providing it with the real values of the states, inputs, disturbances, uncertaintylcamtiHg
(with no noise). For the second controller, we reuse the tune of the rst with the di erence that
the Head limits were set at xed values f, = 300 m andHg = 1200 m.

Figure 38 shows the inputs and relevant economic variables of the system. From there,
we see that both controllers saturate the irfpagtat its maximum value almost instantly, with
similar responses. However, the valve choke opening has completely di erent dynamics. It is
noted early on that the controller without limitations in the head (MPC2) chooses for a large
part of the simulation to keep the valve completely open. On the other hand, for the proposed
controller (MPC1) such variations in the choke opening follow the dynamigg,aind to
counterbalance them to maintain production, which remains in a large part of the simulation
around 42m3/h.

The results agree with recent literature (FONT&Sl, 2022) in which the maximal
fref IS the optimal value to maximize production at the expense of minimizing energy which
makes sense given the prices. This also suggests that this type of system can be maintained at its
optimum by just using one MV. Despite it all, the results are still surprising given that a lower
frequency would consume less energy, and that multi-variable controllers usually divide the
control e ort among the MVs to reduce output variability (not the case here).

Moreover, from the 700-second mark onward, the maximum ow capacity of the separator
changes and becomes an active constraint of the problem. This yields a responsgahere
remains relatively xed for both controllers (at di erent values) and the frequency starts to
vary as a way of minimizing the system power as shown in the fourth subplot in Figure 38. As
can be seen, the MPC2 quickly closes the production valve so as not to damage the separator,
but as the frequency decreases to reduce production the valve begins to slowly return to
maximum opening. Therefore, for MPC2, the optimal point of the system is to always keep the
valve completely open, only acting on it when necessary. In this context, since it is not possible
to increase production above the separator's capabilities, energy minimization now gains more
importance for both controllers. Note that the constrainQa?fxis only passed at the end of the
MPC horizon (equilibrium point). This is not a disadvantage for two reasons: (i) if the controller

3 This approach is similar to the Real-time Optimization with persistent parameter adaptation (ROPA) (MATIAS
et al, 2018), except we use the actual parameter values, and not estimation, to get a baseline for the economic
optimal.
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Figure 38 Closed-loop performance of inputs, economic relevant variables and pro t: MPC
with safety considerations (solid black), without such constraints (solid green),
optimal (dashed blue), and operational constraints (dashed red).

is robust (has considerations regarding plant uncertainty) it would also be conservative, for
example, decreasing production to ensure that no uncertainty or noise would make the system
violate the constraint; (ii) if the controller is not robust, slack variables would always be necessary
no matter how we handle this constraint (solely at the end of the horizon or throughout it), i.e.
there will be no guarantee that production will always be below its maximum value. We believe
that the used constraint is a good compromise, maintaining the reasonable computational burden
of a simple controller, while also improving robustness (in this case against disturbances in the
separator).

Furthermore, the last subplot also shows the prot (per second). We can observe that
MPC2 always has a higher pro t pro le than MPCL1. The obvious assumption is that, without
limitations in the head, the controller always chose to increase production by sacri cing the
lifespan of the pump. To verify that, the ESP head is plotted on the operational envelope and
presented in Figure 39. The triangles represent the Head values every 100 seconds.

As expected, EMCP2 operates largely outside the normal operating zone due to the
various disturbances present. Thus, the di erences in the transient responses of the controllers
are caused by the thrust limitation. Accordingly, maximizing production and keeping the system
in a safe zone are con icting objectives and while the EMPC1 closed the production valve as a
way of protecting the machinery, the EMPC2 started to operate outside the safety zone.

The EMPCL1 response is shown in Figure 40. Just like the previous constraint, this one is
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Figure 39 Simulated head plotted against frequency on the operating envelope for EMPC2.

also only applied at the end of the horizon. The objectives are the same, to carry out a control by
zone with emphasis only on the permanent regime, without over-constraining the problem and
without increasing the computational cost (fewer slack variables).
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Figure 40 Simulated head plotted against frequency on the operating envelope for EMPC1.

From Figure 40 we can observe that: (i) the head value tends to escape the safety zone
during transient; (ii) the optimal stationary response of the system is always close to the new
upthrust limit (in red).

Regarding the rst point, this was expected since the constraint does not apply to transients.
About the second point, the zoom in the southeast of Figure 40 shows that there are multiple
points outside the new boundary (distance of less than 5 m). This occurs because the plant
is never exactly static due to the noise present. Thus, the consequences of employing a new
upthrust limit are that the system transient remained for a large part of the simulation within the
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operational zone, even if outside the safety zone. Also, tightening such a limit dealt, indirectly,
with uncertainties in the model (in this case noise) while also keeping the system within the
operating zone. Interestingly, at time t = 0 seconds, pgiland varied and no longer are at

their nominal values. In a situation like this, the MPC1 adventures outside the safety set the rst
20 seconds of simulation are outside however, it briskly comes back inside. Thus, the results
prove that even a softened control zone in the head only at the end of the prediction horizon is
satisfactory to protect the pump.

Remark 13 As can be seen from the MPC2 response, the expected result is for the controller to
induce a high-frequency speed (to maximize production) and a high valve opening (to maximize
production and minimize losses in the valve) which results in increased production (see Figure
38). However, to demonstrate the importance of head constraint, the manifold pressure is
lowered for most of the test. As p@Ob), this naturally increases the out ow, which the MPC1
compensates by acting on the wellhead valve to plateau the production as a way to remain in the
safe operational zone. As a consequence, the optimal point moves to a low choke region.

Besides all this, we must also comment on the EMPC's behavior as an optimizer which
is perhaps best showcased between the 100 and 200 seconds mark in Figure 38. During this time,
the EMPCL1 has to act on the choke valve opening and bring its value to 91% opening to maintain
prot at a high level. In this context, it can be seen that the controller only reaches the value
of 85% resulting in a small o set. This is partly explained by the noise which causes a small
estimation error in important variables such as the ow and uid viscosity , but also by the
region of operation a high valve opening yields low static gains for the system and vice versa
(more details in the next section). Hence, the controller is in a relatively at region (from the
cost perspective) and subject to noise, which hinders the gradient approximation. We highlight
that this situation does not happen if the measurements are perfectly ltered. Moreover, there is
no o set for low choke openings (high gains), even with the estimation error present, because
the process is no longer in a at region, making it easier for the MPC to quickly identify the
optimal point.

Finally, note that botlz,s andft tend to vary smoothly. This shows that although the
priority is to nd the optimal equilibrium point, the EMPC takes the closed-loop dynamics
into account. Furthermore, the EKF+EMPC-MA manages to handle changes in the operational
region, disturbances, uncertainty, and noise quite nicely. Overall, the results suggest that the
proposed controller has a certain degree of inherent robustness, despite robustness not being the
main objective of the work.

Remark 14 Note that despite all the constraints and all tested scenarios, the optimization
problem remains a QP. Therefore, after several simulations, the average computational time to
solve the problem was around 44.7 milliseconds, with a worst execution time of 106.2 milliseconds.
Thus, the runtime is far below the sample time.
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As explained previously, the controller shown in this section is based on a linear dynamic
model and a nonlinear static model. The static model was approximated with a simpler one to
mainly facilitate the calculations of modi ers. This simpli ed model was built based on data
generated through simulations. The next subsection shows the consequences of such a choice.

5.4.3 E ect of Approximating the Input-to-Output Map

To show the e ects of the rst-order modi er on the system dynamics, the proposed
controller is tested when the plant gradient is available for measurement, when the surrogate
modelGapp is used for calculations, and when the correction is made solely using zeroth-order
modi ers. We frizz that the rst case is hardly ever true, and simply illustrates the exact solution
for comparison. To make the comparison fair, and at the same time isolate only the e ects of the
modi ers, the results of this subsection do not consider noise in the process and assume that the
states are measurable.

Notice that an update based on the static model is adequate for the present case study
since there is a high level of static nonlinearity and minimal dynamic nonlinearity in the model.
Thus, in a linear MPC context, the rst-order output modi er can be seen as an adaptation of the
static gains of the initial model. For this system, where high choke openings generate models
with small gains and vice-versa, this may be primordial. Therefore, to better assess the results,
instead of showing the value of the modi er y , we rst compare the Jacobians themselves.

Bear in mind that the model was linearized at 80% as the expectation was that the system
would operate (close to) fully opened. This is true at the beginning of the simulation (from 0
to 200 seconds), but later disturbances take the system to a di erent region. In this case, as the
behavior of the disturbances is unknown a priori, it would be more interesting to identify the
initial model at an intermediate opening (40 to 50% opening, for example) to increase robustness,
but hinder performance. However, it may not be possible to change the plant to an intermediate
region for identi cation purposes. This only highlights the advantages of adapting the model.

Figure 41 shows the approximation error in the static gains (representedobgach
output with respect to each input. Given ti@j is the actual input/output map (Jacobians
assumed to be known), it is not shown in the plots.

Firstly, it is important to highlight that the plot is accompanied by the values of the errors
at two instants (at 185 and 685 seconds) to better remark on the signi cance of model updates.
From the subplots 1 and 3 in Figure 41, we con rm that the frequency does not strongly alter the
static gains of the system. For instance, at the 185-second mark, the frequency-to- ow gain is
approximately the same, with errors of less than 10%. Likewise, for most of the simulation, both
errors are less than 41%, with the error associated @4gip always being smaller than 12%.

Similar conclusions were drawn from the frequency-to-head gains. Moreover, note that
the errors are small in part because the frequency remains high (between 50 and 65 Hz) at all
times. Thus, one may argue that the updates are not necessaryffgf thep, since the error
remains relatively small. Conversely, we stress that the error between the real Jacobians and
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Figure 41 Closed-loop performance. Comparison between model (in magenta), and the plant
approximation (in green) error values.

those based on the approximate model is mainly due to the e ects of the disturbances which we
assume are not pronounced when buildBgp. Thus, iffe notis considered there would be an
increase in the error. In other wordgs is considered as to improve the approximate nonlinear
model without increasing its complexity too much.

On the other hand, the di erences between the nominal and the real choke-to- ow and
choke-to-head gains are massive, so much so that the plots are presented on a logarithmic scale
for better visualization. For elucidation purposes, consider the last subpict £¢¢). From the
start to around the 200-second mark, the gains errors are imperceptible Gyjtactually being
smaller than Gapp. This makes some sense given that the system was linearized at high valve
openings.

However, such surmise error grows and reaches the highest value in the interval between
600 and 700 seconds. This occurs because the system passes from a high valve opening region
(low gain) to a low opening region (high gain). This showcases the impacts of not updating the
model, since at 685s, a controller based on the original linear model has to deal with a 2300%
gain error, but a control based on the updated model deals with an error of only 52%.

Figure 42 shows the dynamic response to all three cases: with known Jacobian values
(perfect M.A), with M.A. based on an approximated model, and with only zeroth order modi ers.
The controller without a rst-order modi er presents oscillations in its response every time the
optimal point corresponds to choke openings smaller than 40%. On the other hand, there are no
noticeable di erences between the other two controllers in agreement with previous results.
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Figure 42 Closed-loop performance. Comparison of the MPC with perfect M.A. (dashed-
dotted black), approximated correction (dashed green), and with only zeroth order
modi ers (dotted magenta).

Note that the MPC with no rst-order modi ers has an oscillatory response despite the
constraints on the MVs, and on the rate of change of the MVs. This means that the oscillations
would be even greater for the unconstrained case. Thus, this system requires a controller that
is robust with respect to the nonlinearities of the system. Based on that, the use of modi ers is
justi ed, with the advantage of using an approximate static map which is su cient to adapt
the model at least for this case study to easy calculations.

Finally, we also highlight the uctuations present in the choke-to- ow response (from
700 seconds onward) in both Figure 41 and the zoom in Figure 42. These are caused by the
ow constraint and by the use @app. Notice that such oscillations are tiny (range of 22.14 and
22.7% valve opening) and can be corrected by a lter as demonstrated in the previous section.
Alternatively, a more accurate and complex model would eliminate this problem (as shown
in black in Figure 42) but at a higher cost.

To nish this section, it is important to make two comments regarding the previous
results:

~ All controllers can be retuned to improve robustness or one can add a term to the cost
function to penalize variations in the manipulated variables.

~ Unlike the last section, in the time interval between 100s and 200s, the controllers
with MA reach exactly the optimum in the plant, as there are no noise or estimation
errors for this section. This con rms that the noise (and its e ect on the estimator)
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was the cause of the o set presented previously in Figure 38. On that point, noisy
measurements cause a loss of performance these controllers.

Remark 15 For this case study, themodi er has a similar function to gain scheduling technique,
except the change happens in the MPC model gain and not directly in the controller gain.
In this sense, the MVs serve as scheduling variables . The MPC advantage is that it easily
deals with constraints (including time-varying) and accounts for the multivariable nature of the
system.

5.5 CONCLUSION

This paper showed the successful application of an EMPC-MA for the control of an
ESP-lifted well. While the EMPC depends on an observer to estimate states and parameters, it
maintains the system in a safe set using a zone controller within its formulation. We demonstrated
that the desired zone varies with time and must be based solely on Head measurements to ensure
safety even if estimation errors are present. Moreover, the adaptation via modi ers was essential
to deal with the non-linearities of the system without a loss of performance. We also showed that
the approach has a low computational cost and depends only on readily available models, thus
requiring no extra modeling e ort. By taking advantage of the fast dynamics of the system, we
adapt the EKF based only on the nonlinear static model. Furthermore, with the same model, an
approximation to the input/output map was built o ine for quick computation of modi ers. The
results displayed that the approach is e ective when dealing with disturbances, uncertainties,
and system nonlinearities. However, while su cient in achieving optimal and safe operation,
the EMPC+SEKEF is sensitive to noise. Thus, the measurements were Itered to get a smoother
response.
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6 CONCLUSIONS AND FUTURE WORKS

The primary aim of this research was to propose a control framework that integrates
economic optimization (maximizing pro t) with operational control (ensuring safety and adhering
to operational constraints). In pursuit of this goal, an economic Model-Based Predictive Controller
was developed to dynamically determine the most cost-e cient point, while addressing the major
shortcomings of the traditional strategy to ensure its practical implementation.

To address this, we tackle several core problems associated with the EMPC formulation,
speci cally: (i) high computational burden; (ii) tuning di culties; (iii) high modeling e ort; and
(iv) practical problems such as scalability and robustness. Accordingly, we have opted for an
approximation of EMPC utilizing the modi er adaptation (MA) technique. The MA method,
commonly used in the RTO layer, enables the process to reach the optimal operating point of
the plant even with model inaccuracies. However, this approach necessitates the estimation of
plant gradients, which are not measured directly, complicating the process and limiting both the
scalability and the speed of convergence of the technique.

To manage this, we employ the nonlinear process model and transient measurements
to estimate such gradients rapidly we linearize the model near the current point, reducing
convergence time by orders of magnitude. Furthermore, these modi ers re ne an initial local
linear model, thereby transforming the EMPC into a QP problem. Simulations involving wells
with arti cial lift methods, such as gas-lift and ESP, demonstrate that the execution time does
not exceed 100 ms. This e ciency enables a more frequent controller, producing smoother
closed-loop performance. Additionally, Chapter 4 demonstrates that the proposed technique can
be applied to medium-scale processes, achieving performance (both computational and temporal)
that rivals or surpasses most advanced control techniques.

The simpli cations introduced in EMPC have two signi cant implications: an increase
in tuning parameters for the controller and convergence of the EMPC towards the model
optimal (not the plant). Chapter 3 outlines a comprehensive recipe for tuning the controller.
The MPC cost function comprises a tracking part and an economic part, with the latter being a
Taylor approximation of the original economic function. Therefore, tuning involves ensuring the
validity of the local cost approximation and maintaining the prominence of the economic part. As
anticipated, the appropriate selection of the horizon and time step is also crucial. Consequently,
the tuning method is heavily in uenced by the process economics and model. Chapter 3 further
explains that we sacri ce optimality for faster convergence and feasibility. In practical scenarios,
limited information about the plants makes real-time dynamic economic evaluation di cult, thus
we settle for acceptable losses.

Chapter 5 presents evidence that perfect gradient estimation is unnecessary and that a
simpler model can be employed. It is demonstrated that the primary challenge for safe plant
control lies in the nonlinearities of the system. Thus, the rst-order correction term need not
be perfect, but it must allow the MPC to detect changes in the operating region. While this is a
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speci c case study, it demonstrates that the modeling e ort for employing this technique can be
reduced.

Moreover, state estimators are consistently used across all chapters. Their presence is
crucial because the optimal operating point of the tested processes can only be unequivocally
de ned by the pair of states and control actions. By utilizing simpler models, we can expedite the
calculation of modi ers, albeit the economic function still relies signi cantly on the estimators.

Chapters 3 and 5 demonstrate the importance of states in reaching the optimal point of the
plant. If the model used by the estimator does not accurately represent the plant, the algorithm
converges to the model's optimal instead. This issue can be alleviated if the estimator accounts for
disturbances or uncertainties in the process, as done in this thesis, or if modi ers are applied to
the economic function in addition to the model. While this latter approach is suggested for future
work, it is noteworthy that a similar ENMPC formulation has been proposed previously, where
estimation errors due to noise prevented the algorithm from reaching the optimum. Thus, the
proposed technique appears to be a viable balance between applicability, speed, and optimality.

Finally, it is also worth noting that the original EMPC, on which this proposal is based,
has guarantees of convergence, stability, and recursive feasibility. Chapter 5 points out that
these guarantees are maintained provided that disturbances and model adaptation are not abrupt;
otherwise, the problem may become unfeasible. To mitigate this, a Iter can smooth the model
changes. Please note that only soft guarantees are provided: (i) a mathematical analysis on
how to tune such a lter to ensure smooth changes have not been undertaken; and (ii) the MA
depends on the estimator, and estimation errors can cause the guarantees to be lost. Nevertheless,

ne-tuning the EMPC, lter, and estimator can restore these properties.

6.1 FUTURE WORK

Study how to guarantee stability, feasibility, and convergence, at least for the case
with measurable states (not dependent on an estimator).

Integrate and validate the proposed technique within a hierarchical framework, along-
side the RTO and regulatory control. Such integration estimates slower uncertain
parameters in the RTO layer while managing fast disturbances through the EMPC.

Apply ROPA coupled with the adaptive MPC (not necessarily the EMPC). As seen,
the adaptation does not need to be perfect, so we can use past information brought by
ROPA to correct the MPC model. This would eliminate the inconsistency between
the MPC and ROPA models.

Enhancing the scalability of the technique to allow their application in large-scale
systems.

Apply a two-step MA approach based on transient and steady-state measurements at
the MPC layer.
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Controle Preditivo Econdmico baseado em dados
entrada/sada aplicado em um paco de petoleo

Joao Bernardo Aranha Ribeiro ©  Jo Dolores Vergara Dietrich
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Abstract: We propose a simplied economic predictive controller (EMPC) for supervisory
control of an oil producing well. The proposed controller uses a gradienbased methodology
to approximate an economic function. We change the controller to dependn a disturbance
estimator and input/output data. Finally, we test this linear EMPC in a scenario considering
disturbances and noise. The proposed controller always tends to theptimal economic point.

Resuma Propomos um controlador preditivo econémico simpli cado (EMPC) para controle
superviorio de um poco produtor de petoleo. O controlador proposto usa uma metodologia
baseada em gradiente para aproximar a furcao econdémica. Nos alteramos o doole para
depender de um estimador de distirbios e de dados de entrada/sada. ialmente, testamos
este EMPC linear em um cerario considerando distirbios e rudo. O controlador proposto tende
sempre para o pontootimo econoémico.

Keywords: MPC, Disturbance Estimator, Realigned Model, Gradient-based approah, Gas-lift
optimization.

Palavras-chaves:Controle Preditivo, Estimador de Disturbios, Modelo Realinhado, M etodo
Baseado em Gradiente, Otimizacao de Gas-lift.

1. INTRODWC AO RTO e o MPC. Isso e especialmente problematico em
um processo com medcees muito afetadas pelo rudo,
] . comportamento insavel (Eikrem et al., 2004), inversees
A prodwao na indistria de petoleo e gs envolve a to-  de sinal de ganho (Miyoshi et al., 2018), etc. Abm disso,
mada de nultiplas decisees que afetam tanto a prodicao o crierio econémico do processo pode variar, seja devido
quanto 0 custo da operacao. Geralmente, essas deClSGe% utuacees de mercado (Raoi 2013) OouU a variacees nos
sao tomadas em diferentes escalas de tempo para atendefdisurbios ou nas restrcees (Ferramosca et al., 2014).
a objetivos de curto, medio e longo prazo (Foss, 2012). Em . .
termos gerais, 0 objetivo da prodicao inclui a maximizacao  Portanto, para aumentar a lucratividade, tem havido uma
do lucro respeitando as condcees operacionais. Este obje- {€ndéncia, pelo menos na literatura académica, para uma

tivoe chamado de Otimizacao Daria da Prodwcao (DPO).  integracao mais poxima do controle de processo e da oti-
mizacao econdmica do mesmo. Para enfrentar alguns dos

Esse DPOe, muitas vezes, dividido em camadas que com- desa os apresentados anteriormente, ecnicas avarcadas
peem o chamado controle hiearquico (Engell, 2007). A como MPC econ6mico (EMPC) e MPC nao linear econ6-
primeira camada, para Otimizacao em Tempo Real (RTO), mico (ENMPC) foram desenvolvidas. Observe entretanto
e baseada principalmente em modelos de estado estacio- que o ENMPC requer a resolicao de um problema de
rario representados por equacees altamente n&o lineares otimizacao dinAmica nao linear, o que para sistemas de
(Campos et al., 2015), que calcula as pontos estaciorarios grande porte aindae bastante problenatica e nao ade-

que maximizarao o objetivo econémico. Aem desta, uma quada para aplicacees em tempo real (Aguiar et al., 2015;
camada de controle supervioriae usada para rastrear as Codas et al., 2016).

referéncias fornecidas pelo RTO, levando em consideracao

as restrcees e interacoes entre as diferentes malhas de Portanto, o presente trabalho propee usar uma abordagem

controle (Shamaki and Odloak, 2020). Esta camada, que €conomica baseada no trabalho de Limon et al. (2013), que

pode utilizar um Controlador Preditivo baseado em Mo- adiciona uma aproximacao da furcao de custo econémica

delo (MPC), resolve um problema de otimizacao baseado 90 RTO no MPC para integrar o controle do processo e

em um modelo dinamico simpli cado. a otimizecao econdmica. Aem disso, escolhemos utilizar
um EMPC com modelo linear como forma de manter o

A desvantagem da abordagem hiearquicae que a comu- cysto computacional adequado ao tempo de amostragem
nicacao entre as camadas pode ser inconsistente, princi- do processo.

palmente devido a incompatibilidade de modelo entre o

ISSN: 2175-8905 / 2177-61 038: DOI: 10.20906/SBAI-SBSE-2023/38









Sociedade Brasileira de Automéatica (SBA)
XVI Simposio Brasileiro de Automagcéo Inteligente e X Simpdsio Brasileiro de Sistemas de Elétricos, 17 a 18 de outuk

4. EMPC SIMPLIFICADO COM BASE NA unica e estacioraria. Aem disso, a furcao modelo f deve
ADAPTAC AO DE GRADIENTE ser diferencavel e seus gradientes em relecao aos estados
e entradas sao contnuos de Lipschitz.

Elae;taald:iggngﬂgge: tgcr:(c):in(t)ro(I:gnstLOIZ?\;?;)r?genigtse%ﬁeg Foram realizadas simulacees para testar estas condcees
P X no sistema sob estudo tendo como ponto de partida os

apresentamos a forma do modelo linear a ser utilizado pelo trabalhos de Matias and Jaschke (2019); Jahanshahi et al.

MPC. (2020). Portanto, consideramos que todas as condcees
) exigidas sao \alidas sem realizar uma aralise matematica
4.1 Representacao em Espaco de Estados Realinhado profunda.

O modelo em espaco de estados realinhado utilizado aqui ASsim, podemos considerar que um ponto vavel adequado
e uma representacao que necessita apenas de dados de en{Xe; Ue) est disponvel para calcular uma aproximacao de
trada/sada. Para simpli cacao da explanacao, considera- fc tal como Alamo et al. (2014)

se gque o sistema n&o possui atrasos e nao consideramos f (u:d;p) f.(Ue;d;p)+ I ufc(Ue;d;p)’ (U Ug)+
explicitamente o modelo do distirbio. Assim, considere um

modelo por equaceesa diferercas ?u ku  uck?
Xa b (10)
y(k) + Aiyk i)= Bi utk i) (5) onde e uma constante de Lipschitz (Vergara-Dietrich
i=1 i=1 et al., 2020).

onde y e u continuam sendo as sadas e entradas do Portanto, podemos montar uma furcao custo para o MPC
sistema;nae o rumero de polos do sistema; enb o rumero  de rastreamento adicionando uma parte econoémica (Fer-
de zeros. Note que o modelo realinhado, e suas variaceesfamosca et al., 2014)

f se provaram e cazes conforme Taylor et al. (2000), K 1
Maciejowski (2002). N xe:dpiu = kxr (1) x (N 1)k5+
A partir de (5) pode-se escrever as matrizes em espaco de 1=0
estadg do sistema como sendo 3 ku(j) u(N 1)k2R +fc Ugdip +
Al Ana 1 Ana BZ Bnb 1 Bnb T
I O 0 O m O m O m rofe ue@p [UN 1) uel+
O O 0 O m 0 m O m 5
S : : S : : %kU(N 1) uek
A=g 0 I 0 O m 0 m O m _ . an
Om | On 1 On i On Onm  Om onde Q e R sao matrizes de ponderacao apropriadasy e
Om | On i1 Onm i Im On  Om o horizonte, ede o distirbio estimado.
S : : : . : Portanto, o problema de otimizecao a ser resolvido pelo
Om | On 1 On 1 On lm  Onm MPC de uma camadae
) (6) ,min I X @ pruixs: us (12a)
B= B] O o m Im OF o ) o sujeito a
C=[hL G GO0 mO m 0 ml ®) % (0) = x, (K) (12b)
com o X((G+1)= A x(j)+B u@) 8 2lon 1 (12¢)
X = [xyi %l X(N)= X (N 1) (12d)
— T T ... T
xy =[y(k)" y(k 1) zy(k na+1)’] Unn U Umax (12e)
xo =[u(k DT uk 2T :muk nb+1)T]7 Ymin Y Ymax (12f)

sendox, 0s novos estados do modelo realinhados, os
estados relacionados com as sadas do sistemag, 0s

estados relacionados com as entradas do sistema Observe que a referéncia para o termo de rastreamento do

MPCe simplesmente qualquer ponto de equilbrio vavel
O modelo realinhado a ser usado pelo EMPC assume ano nal do horizonte. Assim, a restrcao terminal (12d)e
forma de um sistema discreto, linear e invariante no tempo relaxada para evitar problemas de factibilidade conforme
descrito por: discutido em Limon et al. (2008). Aem disso, conforme
X (k +1) = Ax, (k) + Bu(k); y(k) = Cx,(k) (9) sugerido em Vergara-Dietrich et al. (2020), o algoritmo
de controle e inspirado pelo nmetodo de otimizecao de
Newton: a aproximacao do ponto de controle adequadaie
emk +1e o controle terminalotimo doultimo problema

Neste artigo, adotamos a abordagem de controle de ca- de otimizacaou(N 1) no instante k.
madaunica proposta em Limon et al. (2013), que aproxima
o custof. por uma aproximacao baseada em gradiente.

4.2 Estrakgia baseada em gradiente para EMPC

Conforme discutido por Limon et al. (2013), sede varavel
no tempo, sua evolwcao deve ser lenta o su ciente para
Para isso, o custof; e as furcees de restrcao devem ser evitar uma possvel perda de factibilidade. Estee o caso
convexos e a sollicaootima para o problema RTO deve ser no problema deste trabalho.
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Como esperamos medcoes ruidosas, tamkem implemen-
tamos um ltro simples de primeira ordem nas sadas do
sistema. Assim, temos qu&iro (K) = Vfire (K 1) +

1 ) y(k), com =0:9.

Nota 1. Como desconhecemos as caractersticas do reser-
vabrio e temos poucas varaveis para medcao, nao inclu-
mos o distirbio no modelo. Ou seja, um erro causado pela
discrepancia modelo plantae esperado.

Nota 2. O trabalho original considera que um alvo ade-
guado z e escolhido para calcular a aproximacao de da
furcao econdmica. Esse alvo deve ser uma soluwcao factvel
do RTO, ou seja, Ymin z Ymax - Neste trabalho,
aproximamos o custo utilizando informacees das entradas
(escolhendo umue adequado) e nao das sadas.

A poxima secao mostra os resultados do controlador
proposto.

5. RESULTADOS

Nesta secao, validamos a estrakgia proposta na rede apre-
sentada na Secao 4. Para simular as Equacees Ordirarias,
utilizamos o Matlab. Os problemas de otimizacao foram
resolvidos usando o opti stack (Andersson et al., 2019)
do CasADi como parser e o Ipopt (Wachter and Biegler,
2006) comosolver.

A simulacao dura vinte e uma horas ee perturbada duas
vezes. O sistema e iniciado em estado estaciorario. No
tempot = 10 h, o GOR do paco muda lentamente de

0:1 para 011. Ademais, no tempot = 20:5 h ocorre a

perturbacao nal com GOR variando lentamente rumo ao

valor de 0:12.

Primeiramente, como tempo de assentamento do sistema
em malha aberta e aproximadamente de 1 hora, esco-
lhemos N = 60 com um tempo de amostragem de 60
segundos. Consideramos as matrizes de rastreamerfo=

6e 611, Q = 6e 6l,, ondel, representa a matriz identi-
dade de dimensam, e , = 50. A vazao de gas-lift deve
ser mantida entre Q1 kg/s e 8 kg/s (0:1  wg  8). As
matrizes Q e R recebem valores pequenos como forma de
manter a parte econdmica da furcao custo relevante.

0.09 I I I I I I
15

Tempo [h]
Vazéio de Gas Lift no Pogo
T

wlkals]

Figura 4. Resposta em malha fechada do estimador e do
controle.

Note que variacees noGOR afetam a furcao econémica do
problema, o que acarreta uma reacao do controlador. A Fi-
gura 5 mostra que o custo do sistema sujeito ao controlador
proposto sempre ca rente ao custo estaciorario esperado.
Tamkem podemos observar que a perda econdémica devido
ao erro de modeloe mnima nessa situecao.

Custo do Controlador
39.1 ;

3015

Custo [\s/s ]

3025

39.35

Figura 5. Comparacao do custootimo e custo do sistema
em malha fechada.

6. CONCLUSAO

O EMPC proposto foi capaz de conduzir o processo rumo

a condcaootima de operacao mesmo sem informacees dos

estados do sistema, sempre cumprindo com as restrcees.
Para tanto, atualizamos o MPC com estimacees do distr-
bio do sistema e o alimentamos apenas com dados de en-
trada/sada. A furcao econdmica eshticae aproximada de
forma a achar o custootimo de posse apenas das entradas

O primeiro subplot da Figura 4 mostra as estimativas do e distirbios. Neste trabalho, investigamos a e @cia dessa
GOR em comparacao com os valores reais. As medcees doecnica em um cerario considerando distirbios e rudos
sistema estao sempre sujeitas a um rudo aleabrio gaus- de medcao. Os resultados mostram que o EMPC parece
siano branco de amplitude 1. Observe que o estimador ser adequado para este tipo de planta. Trabalhos futuros
proposto na secao 3e capaz de estimar o distirbio mesmo incluem comparar o controlador com outros disponveis na
quando este muda. Com esses resultados, o estimador podeliteratura, melhorar sua sintonia, considerar o distirbio no
atualizar o controlador com dados conaveis. modelo do mesmo e veri car a aplicabilidade do estimador
de distrbios quando existirem \arios pocos alimentando

O segundo subplot da Figura 4 mostra a resposta da
0 separador.

malha fechada do controlador comparada com o otimo.
Primeiramente, nota-se que o ltro funciona de maneira
relativamente adequada visto que os rudos quase nao sao

percebidos no sistema de controle. Ademais, nota se qQue ~¢ autores agradecem a Agéncia Nacional do Petoleo,

mesmo sem informacees relacionadas com 0s estados dqg,q Natyral e Biocombustveis (ANP). J.E. Normey-Rico
sistema, e mesmo sem as referéncias passadas pelo RTO

. . : agradece ao CNPq pelo apoio nanceiro sob o projeto

o controle ainda leva o sistema rumo ao ponto otimo.
. 304032/2019-0.

Observe que na parte nal da simulacao, naoe possvel
alcarcar o ponto otimo, ou seja, temos uma pequena
perda em estado estaciorario. Isso se deve principalmente REFERENCIAS
ao fato de estarmos utilizando um modelo linear sem Aguiar, M.A., Codas, A., and Camponogara, E. (2015).
representecao do disurbio. Systemwide optimal control of o shore oil production
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Fundamentos de engenharia de

Apéndice A. EQUAC OES ALGEBRICAS DO PCCO

As vazees nassicas sao calculadas por:

p
Wy = Ciy amax(0;pa  Pwi) (A.1a)
Wpe = Cpc wmax(0; pwh  Ps) (A.1b)
_ mgt
Wpg = mgt + mot ot Ve (A.1c)
mot
Wpo - MWDC (Ald)
W = Pl (Pr  Pon) (A.le)
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Wy = GOR (W) (A.1f)

onde Cj, e Cpc sao 0s coe cientes das \alvulas de injecao
e de prodwcao, respectivamente. 5 e a densidade do ¢as
no anular e e a densidade da mistura de uidos na
tubulecao. p,e a pressao anular,p,; € a pressao no ponto
de injecao do gas lift, p,n € @ pressao na cabeca do poco,
pse a pressao do separadorp, e a pressao do reservabrio
€ pph € a pressao do fundo do poco.GOR e a relacao
cpsbleo do reservabrio e Pl e o ndice de produtividade
do reservabrio.

A densidade do gas no anular e da mistura no tubo de
prodwao sao dadas por:
- paMW_ — mgt + Mgt oAthbh (A 2)

" RT,' v LwAw '
onde M, e 0 peso molecular do @gs,R e a constante do
@S, T, e a temperatura no anular e ,e a densidade do
oleo no reservabrio. Ly, € Ap, S0 0 comprimento e aarea
da secao transversal do poco abaixo do ponto de injecao.
Ly e Ay Sao o comprimento e aarea da secao transversal
do poco acima do ponto de injecao.

As pressees sao calculadas por:

RT. . gla
= " A,

Pa Mo Va A Mga (A.3a)

Dun = W Mgt (A.3b)

Mw LwAw + LpnApn Mo

Pwi = Pwh t %(mot + mgt oLbhAbh)Hw + fric;t
wh-w
(A.3c)
Poh = Pwi + L 9Lbh (A.3d)
onde L, e A, sao o comprimento e a area da secao
transversal do anular, Hyh e H,, sao a altura vertical da
tubulacao do paco abaixo e acima do ponto de injecaoT,,
e a temperatura no poco e ge a constante de gravidade.

frict  €sh relacionado com a queda de pressao por atrito
no modelo, ee dado por:

D \Allv(mgt + mot)pwh My o

fric;t
(A.4)

onde 4y e a viscosidade do oleo eD,, € 0 diametro
da tubulacao. A equacao (A.4)e baseada na equacao de
Darcy-Weisbach para regime de uxo laminar.
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APPENDIX B DISCRETIZATION

Customarily, the Economic MPCs objective and model functions are assumed to be
continuous. Moreover, the problem considers the nonlinearities of the plant's dynamics and or
non-convexity of the economic functions (ANGELI, 2015).

Therefore, one must transcribe the objective and model functions into a nonlinear
programming (NLP) problem to solve the EMPC problem. This is usually done via shooting
methods (single or multiple shooting) or collocation methods (direct or orthogonal collocation).

Regarding the discretization" approach, shooting or collocation methods depend on the
plant. Collocation methods allow us to frame the ENMPC problem as a structured and sparse
matrix, which is more e cient to solve (VALLI, 2019). The multiple shooting method also tends
to be stable (from a computational point of view) and handle this type of system without losses.

However, in the oil industry, it is not uncommon to have dynamics in a sti condition.
That means a dynamical system must have re ned time steps on some intervals, or even variable
step sizes. Bear in mind that these sizes guarantee the accuracy of the simulator -the MPC model
fully represents the continuous plant - and are not the same as the controller step size (or sample
time).

A straightforward comparison regarding this aspect is impossible to make, i.e. which
collocation method is better and which simulation step size to use. However, the interested reader
may check the work of Deehlezt al. (2014) for a study regarding the e ects of xed and variable
step sizes in an optimization problem in a subsea separator in sti and non-sti conditions. A
bad transcription (discretization) can render all the advantages of a non-linear model useless.
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APPENDIX C ESTIMATORS IN THE OPTIMAL CONTROL PROBLEM

Numerous MPCs require state and disturbance values (estimations) in their formulation,
assuming that control and estimation problems can be treated separately and disregarding the
mutual feedback between the controller and observer. This assumption is valid only for linear
cases without model uncertainty (SKOGESTAD, 2023).

This means that an (E)NMPC combined with an estimator does not inherently provide
optimal or robust responses, but appropriate tuning of the estimator can recover these properties.
The simplest way is to use the weights from the estimation problem to speed up estimation and
minimize disruption to the controller. This way, the observer's dynamics would be much faster
than the controller's, and the time scale separation principle could be applied.

Therefore, the closed loop must be analyzed considering the estimators. Note that practical
experience shows that they are suitable for application in the oil and gas industry (DE ABREU
et al, 2024). In the papers researched, only three estimator formulations were used: the Kalman
Iter family (KF), the moving horizon estimator (MHE), and the high gain observer (HGO).

Although simple to implement since it is just a copy of the system with a corrective term,
high-gain observers are not ideal for nonlinear estimation since the high-gain values may cause
numerical issues and peaks in the transitory response, and it has a high sensitivity to output
disturbances (noise and delays).

On the other hand, the Kalman Filter (KF) and its extensions (UKF, EKF, etc.) are
easy to implement, computationally e cient, and act as the maximum likelihood estimator for
uncorrelated Gaussian white noise (DE AZEVEDO DELéH&l., 2023). However, there is no
recipe for how to tune it. Additionally, when the estimator requires fast dynamics, the lter may
be unable to Iter noise e ectively. This is because the weights are used to get fast dynamics and
thus lose their original meaning (to represent the process and measurement noise).

Finally, the MHE serves as the optimization-based counterpart to the MPC. Unlike the KF,
which operates solely on current data, MHE incorporates historical data and handles constraints.
Nonetheless, its reliance on a complex model can result in computational delays necessary for
accurate estimation.



192

APPENDIX D INFORMATION REGARDING POLYNOMIAL REGRESSION

As previously speci ed, polynomial regression was the identi cation method chosen to
approximate some of the characteristics of the plant, such as the approximate models in Section
5.2.2 and the thrust curves in (46). The regression was constructed using the poly tn toolbox
D'Errico (2024) in Matlab.

The toolbox allows us to model the dependent variable of interest based on multiple
independent variables. It returns numerous metrics to determine if the regression is adequate.
These include the variances and standard deviation of regression coe dRérasid Root mean
squared error (RMSE) for the regression model, among others. This amount of information
allowed us to pick the set of regression terms via trial and error. We also highlight that the
regression utilized is not necessarily the best, but yields adequate results.

For information purposes, we show the input-output map used for model adaptation via
modi ers (Gapp). Since its a static map, we hal¢gr ss = fssandzes ss = Zss Considering/ss =
[Hss 0sd T as the outputs, we hayelss gsd”  Gapp [fsszsd' . Each output is represented
by a third-degree polynomial:

Hss= 2.6271e® {3 16.258 Z+2.963k2% f3+8.13621 fss s 0.84049 Z

9.9776e3 12 zss 0.345062 fss zss+ 9.1897 zss+1.25922 fsg 1.4373
(53)

Oss=3.244& 7 3.+ 67.323 Z2,+5.0492% 3 1.2325 fss Zg 83.159 Z

(54)
+2.1963 fSZS Zss+1.6828 fss zss+ 14.1718 zgs+ 0.18729 fss 4.6975

To avoid numerical errors during the identi cation process, we considerztraiges
from O to 1 and not from 0 to 100 as in the rest of the work. The ow regression presented a
R2 of 0.9998 and normalized root mean squared etRNISE of 1.021%2 2, and the head
regression &2 of 1 andNRMSEof 7.047% 4.

A similar process can be used to identify the cost function. For example, assuming that
prices do not change daily, the cost function can be approximated by:

Jeco 0.02447 f3.+0.015325 fZ gss 0.15968 f&+0.0027327 fss q2s+ 0.40583 fss Gss

+5.4979 fss 0.0051087 o5 0.21064 o3 2637.4434 qss 64.0437

(55)

The Cost regression hasRg of 1 andNRMSEof 1.5e-5. It should be noted thg5)
depends only on the ow rate (unmeasured state) and frequency ( rst MV). It is up to the EKF to
estimate the ow correctly in order to absorb the variationpdfand , otherwise the controller
may choose a sub-optimal point. Other representatiodscgican be used to increase accuracy,
but all of them can be represented generically by function (48).
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ANNEX A GLOW MODEL

The model of the gas lifted oil well network used in Chaptéigtbased on (KRISH-
NAMOORTHY et al, 2019a). It describes the dynamic behavior of a network containing six
wells. The system mass balances, for the wells and riser system are:

Mgai = Wgli  Winj,i 8i 2 {1,...6} (56a)
Mgt = Winj,i + Wrgi  Wpgi 8i2{1,..6} (56b)
Motj = Wro | vapo’i 8i2{1,..6} (56¢)
Mgr = Wpgi Wg (56d)

X
Mor = Wro,i Wio (56e)

|

where,mgr andmgr are the total mass of gas and liquid in the riser/manifoig; is the gas
mass in the annulus of the wellmy:.j andmgj are the total mass of gas and liquid of the well i.

For theit well, Wgi is the gas lift injection rateyy j is the gas ow from the annulus
into the tubingwyg i is the gas ow rate from the reservoi, j is the oil ow rate from the
reservoir; andvpgj andwp,; are the produced gas and oil ow rates from wieltespectively.
The total produced gas and oil ow rates are representegpandwio.

The mass ow rates are computed by :

p
Winji = Cinj,i  ai Max0;Pa; Pw;) (57a)
q
Wpci = pei Cpei wi Max0;Pywhi  Pm) (57b)
_ Mgt,i
Wpgi = ———Wpeij 57c
POLT myyi + mgy P (570)
Mot,|
Wpoi = ——————Wpej 57d
POLT mygj +mgy P (57d)
Wro,i =Pli  (Pri  Pohi) (57e)
Wrg,i = GOR  (Wpo,i) (57f)
p
Wih =Cih th r max0;Pyy  Py) (579)
_ Mgr
Wig= ——W 57h
'9 = g oy (57h)
Mor .
Wi = ———W, 57i
0= g + mor (57i)

where,Cipj j andCp; are the valve ow coe cients for the downhole injection valve and the
production choke, respectiveliy, is the valve ow coe cient for the riser choke. p¢; and
rh are the production choke valve openings at each well and at the riser hgasldensity of

1 A similar model is used in Chapter 3.
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gas in the annulus,, is uid mixture density in the tubing andy is uid mixture density in

the riserP, is the annulus pressuré,,; is the pressure at the gas lift injection poiR§; is

the wellhead pressurBp, is the manifold pressur ; is the reservoir pressure aRgp; is the

bottom hole pressur®,y, is the riser head pressure aRglis the separator pressure (upstream

process)GOR is the gas/liquid ratio of the reservoir aRd} is the reservoir productivity index.
The gas density and the uid mixture density are given by:

_ Pai Mw o (Mgt + Moti) PwhMw o
& R, T Mot PwhMw + o R Twji Mgt

(58)

where,My, is the molecular weight of the gaR,is the gas constarnity is the temperature in
the annulus, andg) is the density of oil in the reservoiLy,j and Ay are the length and
cross-sectional area of the well below the injection pdigf; and Ay, j are the length and
cross-sectional area of the well above the injection point.

The uid density at the riser is calculated by:

(Mgr + Mor) Prh M 10

= 59
Mor Prh Mw + 1o R Tr myr 9)
where,T; is the riser temperatureyg is the density of oil in the riser/manifold.
The pressures are computed by:
R Tai g Haji
P,: = ! 60a
& Mw Vaii Vaii @ ( )
R Tw,i My, g Hy,i Mgt + Mot
Pwhi = ’ ’ 4 ’ ' ’ (60Db)
YT M Ly, Awi +Lphj Aphj 2 LwiAwi
Pwii = Pwhi * (Mot + Mgti  o,i Lohi Aohi) Hwi +  fric.t (60c)
AWI I—WI
Pohi = Pwii * w,i 9 Hbh*  fric,bh (60d)

whereL,j andA,j are the length and cross sectional area of each anrtys andHy,j are the
vertical height of each well tubing below and above the injection pdigt.is the temperature
in each well tubing and is the acceleration of gravity constant. The riser presByy@nd the
manifold pressur®m are given by:

RTr mgr g Hr Mgr + Moy
MwLrAr 2 LA

Pm =P +

Ar L, (mor + mgrHy + fric,r) (61b)

whereL, andA; are the length and cross sectional area of the tifeis the riser vertical height.
fric refers to the loss of pressure due to friction
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A.0.1 Nominal and Controller Model

For the nominal model in Chapter 4, which was initially used as a plant and as a model
for prediction, all pressures that drop due to friction are given by the Hagen-Poiseuille equation.
Thus, fict related to frictional pressure drop in the well tubing is given by:

128 i Lw,i Wpg,i

fric,t = (62)
Dﬁ,,i (Mgti + Moti) Pwhi Mw o
where, g; is the oil viscosity and,y is the tubing diameter.
For the bottom hole, fic ph is given by:
128 il Lphi Wro,i
fric,oh = RV (63)
Dphi o
where,Dyp, is the bottom hole diameter.
The pressure drop due to friction in the riseg{ () in given by:
128 4 Lrw
fricr = of T (64)

D?’ (Mgr + Mor) Pih My 10

where,Dy is the riser diameter.

A.0.2 Simulator Model

In Section 4.5.4, the plant uses the Darcy-Weisbach equation to calculate pressure drop
due to friction (see Ribeiret al. (2016)):
L v2
fric = f52_g
wheref is Darcy friction factor,v is the uid velocity, D is the pipe diameter, and is the
pipe length. The considered pipe is either the production tubing, the riser, or the bottom hole,
depending on which pressure loss is being calculated.
For each well tubing the uid velocity; depends on the sum of the average super cial
velocity of liquid phase in tubing and the average super cial velocity of gas phase in tubing
(JAHANSHAHI et al,, 2012):

(65)

Wro,i Wgl,i + Wrg,i
Vi = S+ —— (66)
o Awi Mo Aui
Lwi AwitLoni Aohi TI'
The velocity at bottom-hole:
Wro,i + Wrgi
Vph = ! (67)
o,i Abhi
The velocity at riser:
P P
6 . 6 .
- i=1Wpoi  i=1Wpgi (68)
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The friction factor depends on the ow regime, the roughness of the pipe and the Reynolds
number (Re), de ned as:

D
Re= —~ (69)
where is the uid viscosity.
For turbulent ow in a smooth tube, the friction factor is :
f =0.316R%2% for Re< 50000 (70a)

f =0.184Rd %200 for Re> 50000 (70b)
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ANNEX B EXTENDED KALMAN FILTER FOR PARAMETER ESTIMATION

This section formally presents the extended Kalman lIter for parameter estimation in
detail. Consider that the system can be represented by a model similar to (26), then one can use
an augmented state vectd= [x";d"]T 2 RN for state and parameter estimation.

The set of uncertain variablelss modeled using an integrated noise term:

Oy+1 = dic + Wq ¢ (71)

wherewg,  N(0,Qq) is a small arti cial noise with zero mean and covariaf@gterm that
allows the Kalman Iter to adjust the estimate the of the parameter.
The augmented system is then given by

#
X1 = );I(:i = £ Y U, O + W (72a)
+
h I
Yk = h(Xug) O a TV (72b)
k

wherevy  N(0,R)is the normally distributed measurement noise with zero mean and covariance
R and the augmented system mof:%;kk, Uy, di) is constructed as shown:

" #H
f (X, Uk, di) + Wi

d +Wq k
wherewy,  N(0,Q) is the normally distributed process noise with zero mean and covar@nce
The discrete-time extended Kalman Iter for the augmented system is then given by:

Y, U, i) = (73)

k1 = 1K1 Ut Okaper) (74a)
Puk1 = Fk1Pkajk1 Fri +QYq (74b)
K = Pi 1 Hg (HKkPi 1 Hi + R (74c)
*%k = *(k)|k 1 Kk h(*%k 1+ U) (74d)
Pk = (I KeHi)Pik 1 (74e)

whereP is the covariance of the state and parameter estimatissthe Kalman gaink andH
depicts the linearized system around the current estimate, given by

@° @
@O yop0 @O yop0 (%)
and the augmented covarian©gis given by,
" #
0
Q= 2 (76)

0 Qq
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ANNEX C ESP CHARACTERISTICS AND VISCOSITY CORRECTION FACTORS

As stated beforehlg(qg) andPg(qp) are the head and power characteristic curves; and
Cq( ), CH( ), andCp( ) are viscosity correction factors. These are modelled as polynomial
functions as introduced by (BINDE& al., 2015b):

Ho(do) =9.597@2 (qo)° + 7.495%3 ()t 1.2454€6 (qp)? (77a)
Po(do) =9.435%4 (o) +4.334@6 (qp)! 1.8082e7 (qp)? 2.3599¢9 (qp)°  (77b)
Cq( )=1 ( )° 2.6266 ( )1+6.0032 ( )? 6.8104 ( )3+2.7944 ( )* (77¢)
Ch()=1 ()° 003 ()% (77d)
Cp( )=1 ( )°+3.9042 ( )} 9.9306 ( )?+11.091 ( )3 4.4376 ( )* (77€)

Notice that signi cant viscosity changes do not heavily a ect the Head correction factor
(77d), which stays close to its nominal value of 1 from viscosities ranging from 0 to 500 cP. On
the other hand, as can be seen from Equations (77c) and (77e), the ow rate and power are rather
sensitive to such variations - in the sense that there's a serious deviation in their correction factor.
This is the main reason to formulate the upthrust and downthrust constraints based on the Head
and not the ow, as explained in Section 5.2.3.
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