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CONTROLE CONSCIENTE DA SAÚDE E PROGNÓSTICO BASEADO EM
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A exploração de campos com alto conteúdo de CO2 é desafiadora, devido ao baixo
valor agregado e ao impacto ambiental associado a este componente. Nesse contexto,
um uso importante para o CO2 gerado é sua reinjeção no reservatório, e a separação
submarina de CO2 resulta em um processamento mais eficiente. O prognóstico é
uma atividade chave nesse processo, devido à necessidade de minimizar intervenções
nos equipamentos. O objetivo principal deste trabalho é investigar aspectos do
controle consciente da saúde de um sistema de separação submarina de CO2. O
modelo do sistema considerado, que consiste em um sistema de equações algébrico-
diferenciais, foi adaptado da literatura. Todas as simulações foram realizadas
utilizando bibliotecas desenvolvidas pelo autor, baseadas nos métodos das bibliotecas
Scipy e Assimulo. Um estado estacionário de referência foi obtido para as condições
de projeto, e as funções de transferência em tempo contínuo foram identificadas a
partir dos dados de resposta ao degrau. Os modelos identificados foram utilizados
em um controlador preditivo, e simulações em malha fechada foram realizadas para
avaliar a sintonia do controlador. No sentido de prognóstico, um modelo estocástico
de degradação de bomba multifásica, sensível às condições de operação do processo,
foi proposto, e um filtro de partículas foi implementado para estimação online do
estado de degradação e predição do tempo de vida útil. Por fim, um controlador
consciente da saúde foi projetado, e foram investigadas algumas dificuldades na
combinação dos objetivos de extensão de vida útil e de controle. Os resultados
obtidos indicam que o tratamento do problema de controle consciente da saúde sob
a teoria de otimização multiobjetivo pode trazer resultados mais satisfatórios, assim
como abordar a extensão de vida útil em uma camada de otimização.
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The exploitation of fields with high CO2 content is challenging, due to the low
economic value and the environmental impact associated with this component.
In this context, a significant use for the generated CO2 is its reinjection into
the reservoir, and subsea CO2 separation allows for more efficient processing.
Prognostics is a key activity in this process, due to the necessity of minimizing
intervention in equipment. The main objective of this work is to investigate the
health-aware control of a subsea CO2 separation system. The considered system
model, which consists of a differential-algebraic equation system, was adapted from
the literature. All simulations were performed using libraries developed by the
author, based on methods from the Scipy and Assimulo libraries. A reference
steady state was obtained for the design conditions, and continuous-time transfer
functions were identified from step response data. The identified models were used
in a predictive controller, and closed-loop simulations were performed to evaluate
the controller tuning. In the sense of prognostics, a stochastic model of multiphase
pump degradation, sensitive to the process operating condition, was proposed, and
a particle filter was implemented to perform online degradation state estimation
and remaining useful lifetime prediction. At last, a health-aware controller was
designed, and some difficulties in combining reference tracking and lifetime extension
objectives were investigated. The obtained results indicate that dealing with the
health-aware control problem through the multiobjective optimization theory and
addressing the useful lifetime extension in an optimization layer may result in more
satisfactory results.
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Chapter 1

Introduction

1.1 Contextualization

In the context of process systems engineering (PSE), process control and optimiza-

tion are very important study �elds, allowing not only safe and predictable operation,

but also maximal improvement of process performance based on metrics of choice.

Plant automatization extends control possibilities, and allows operation in places

virtually inaccessible to humans, such as subsea environments.

Processes operated in the subsea environment nowadays are mostly related to oil

& gas exploitation at deep and ultra-deep waters. Apart from the obvious necessity

of reaching those oil reservoirs, subsea technologies are being developed to revitalize

mature �elds, in which water content is high and production �ow rates are dropping

(KUCHPIL et al., 2013). More recently, attention has been drawn to subsea CO2

separation (PASSARELLI, 2017; SOUZA, 2018; SOUZAet al., 2019).

Fields with high CO2 content represent over 10% of world proven �elds. The

exploitation of these �elds generates major CO2 quantities, which have low economic

value and are an environmental burden, but must be processed in order to recover

the main products with required speci�cation. In this context, a signi�cant use for

CO2 is the reinjection into the reservoir, in order to maintain well pressure and thus

oil production for longer times (DE MEDEIROS et al., 2018).

Thus, the early separation of CO2 from oil stream is bene�cial, because down-

stream equipments can be sized to lesser �ow rates and produced CO2 can be read-

ily reinjected into the reservoir. This strategy was addressed by Petrobras. PAS-

SARELLI (2017) proposed a subsea CO2 separation process that took advantage

of mixture thermodynamic properties at well conditions to ensure phase separation

and acceptable recoveries. SOUZA (2018) and SOUZAet al. (2019) analyzed the

feasibility of this process and developed a model inspired on it.

CO2 reinjection requires the use of a multiphase pump able to promote con-
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siderable pressure rise. Therefore, being the equipment under the most operation

stress, it is reasonable to assume that process failure is most likely to happen in this

equipment, and degradation modeling e�orts shall be directed to it.

In the context of subsea processing, reliability analysis and health monitoring

play a major role in the sense that process interventions and production stops must

be minimized at all costs. Understanding the degradation process of an equipment is

fundamental for predicting its maintenance time. Additionally, the comprehension of

how the operating point a�ects degradation patterns is necessary for implementing

health-aware process control and optimization.

1.2 Objectives

The general objective of this work is to investigate the main aspects on the devel-

opment of a Health-Aware Control (HAC) tool, which performs control, prognostics

and optimization, applied to a subsea CO2 separation system model. More specif-

ically, this work aims to assess process control and prognostics, and how they can

be combined.

For this goal to be attained the following speci�c objectives were speci�ed:

ˆ Study the modeling of a subsea CO2 separation system;

ˆ Identify linear models based on simulated data from the considered system

model;

ˆ Apply advanced control techniques to this process, using the identi�ed linear

models;

ˆ Propose a degradation model to the multiphase pump, sensitive to operating

conditions;

ˆ Design a prognostics tool which predicts the remaining useful lifetime (RUL)

of equipment, based on the proposed degradation model;

ˆ Integrate process control and prognostics into an uni�ed automatic framework.

1.3 Document structure

This document is structured as follows. Chapter 2 covers the literature review,

highlighting important aspects that support this work. Chapter 3 presents aspects

of the models used in this dissertation. Chapter 4 describes the methodology used

to obtain the results presented and discussed in Chapter 5. This document is closed

with the conclusion and �nal remarks in Chapter 6.
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Chapter 2

Literature review

In this chapter, theoretical aspects and recent developments regarding the main

subjects involved in this dissertation are described.

2.1 Prognostics and health monitoring

System reliability is fundamental information in the �eld of process systems engi-

neering. Casualties are more likely to happen when system parts are deteriorated,

and, in this context, reliability analysis aims to quantify rate or probability of casu-

alties, in order to aid in the decision-making process (RAUSAND and HØYLAND,

2004).

Maintenance planning is an example of these decisions. In the early indus-

trial periods, maintenance was made only at the process breakdown ("run-to-failure

maintenance"). This behavior often leads to major �nancial losses, so this kind of

maintenance has mostly given way to preventive maintenance, in which parts are

repaired or replaced based on events historical data (HENGet al., 2009).

But, as competition in the industries became tighter, the time between repairs

became a critical decision variable. If this time interval is too high, chances of

a process breakdown rise. If it is too low, maintenance costs become unfeasible.

Traditional reliability-based preventive maintenance focused on the equipment pop-

ulational data, not on speci�c units with speci�c operational routines (HENGet al.,

2009). To assess these issues, the condition-based maintenance (CBM), a new

paradigm of process maintenance, arises: interventions are made only when nec-

essary, and equipment conditions are monitored in order to de�ne if a maintenance

is necessary or not (JARDINEet al., 2006).

In the stabilished CBM philosophy, the analyst essentially aims to estimate the

remaining useful lifetime (RUL) of equipments. To attain this, health indicators

are constructed from available system data, and, with prede�ned degradation stages

and failure thresholds, the indicators are projected into a time horizon (LEIet al.,
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2018). The RUL of a given equipment is de�ned as the time instant in which the

respective health indicator exceed its failure threshold, and prognostics is de�ned as

the prediction of this RUL given process data (ROEMERet al., 2011).

This de�nition is well-behaved in deterministic frameworks. But, as the relia-

bility analysis deals with stochastic events, reliability metrics such as RUL are best

described by probability distribution functions (p.d.f.) (BANJEVIC, 2009). There-

fore, the analyst should be aware that health monitoring information is inherently

linked to a con�dence level, and inappropriate con�dence level selection can lead to

false-positive or false-negative results.

There is extensive literature regarding equipment prognostics. LEIet al. (2018)

published recently a comprehensive review of all technical activities of prognostics,

namely: data acquisition; health indicator construction; health stages division and

RUL estimation.

Modeling time evolution of health indicators has been done in the literature by

di�erent methods. LEI et al. (2018) reports that most works accomplish that by

using empirical dynamic models, such as auto-regressive (AR) models, with sta-

tistical treatment, or arti�cial intelligence (AI) methods, such as neural networks.

Models with physical meaning, which attempt to explain phenomenologically the

degradation process, are the minority in this �eld, which suggests that knowledge

about degradation processes is still small.

One of the most used phenomenological models is the Paris law (PARIS and

ERDOGAN, 1963; SUNet al., 2014), which describes crack propagation in systems

subject to stress. According to it, the crack length growth rate can be modeled by

a power law:

da
dN

= � 1a� 2 (2.1)

where:

ˆ a represents crack length;

ˆ N is the number of loading cycles;

ˆ � 1 and � 2 are empirical parameters, dependent on the component and the crack

geometry.

This model simplicity and generality points again to little knowledge about the

physical principles of crack growth. VIRKLERet al. (1979) conducted experiments

to de�ne the behavior of da
dN , which presented considerable variability even in highly

controlled environments. For these reasons, data-driven models, whether AI or
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statistical-based, represent the majority of works in literature, since they are able

to use individual past realizations of the health indicator to give information about

degradation evolution (HENGet al., 2009; LEI et al., 2018).

Statistical-based prognostics methods are based mainly on empirical knowledge

with random coe�cients and stochastic process models, �tting measurements to the

considered model. Among these models, the most prominent are: Wiener process,

Gamma process, Hidden Markov Models (HMMs), and Proportional Hazards (SI

et al., 2011).

The Wiener process formulation is extensively used in degradation studies, due

to its easy mathematic tractability. Its mathematical representation, in the integral

form, is given by (WANG et al., 2014):

X (t) = at + �B (t) (2.2)

in which X is the health indicator, a and � are the linear drift and in�nitesimal

variance parameters respectively, andB(t) represents a standard Brownian motion.

It can also be represented in the di�erential form (givenX (0) = 0 ):

dX = adt + �dW; dW � N (0; dt) (2.3)

It has been shown that a Wiener process with linear drift presents a RUL p.d.f.

corresponding to an inverse Gaussian distribution (CHHIKARA, 1988), and gener-

alizations were made regarding drift behavior (WANGet al., 2014).

Gamma processes are based on the assumption that health indicator increments

are independent and have p.d.f. equal to a gamma distribution (VAN NOORTWIJK,

2009). Given a non-decreasing functionv(t) with v(0) = 0 , which gives the shape

information, and a constant scale parameteru, the Gamma process has the following

simple di�erential form:

dX � Gamma(
dv
dt

�
�
�
�
t

dt; u) (2.4)

The integration of this equation is also simple, due to the properties of Gamma

distributions. Given N independent random variablesX i � Gamma(ki ; � ), then the
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distribution of the sum of these variables is given by:

NX

i =1

X i � Gamma(
NX

i =1

ki ; � ) (2.5)

As such, integrating Equation 2.4 yields to:

X (t) � Gamma(v(t); u) (2.6)

While Wiener processes describe non-monotonic behaviors, Gamma pro-

cesses focus on incremental degradation behavior, such as equipment wear

(VAN NOORTWIJK, 2009). Nonetheless, both of these formulations need ana

priori knowledge of the expected behavior as a function of time.

A HMM, essentially, is composed of a discrete number of states, a state transition

probability matrix, an observation model and an initial state probability distribu-

tion. The transition matrix is responsible for the temporal evolution of the system,

and can be interpreted as (BARUAH and CHINNAM, 2005):

A i;j = P(X t = j; jX t � 1 = i ) (2.7)

These models predict transition probability with exponential behavior, which

may not be accurate in real-life processes, and some variations of HMMs may have

an advantage in this matter (DONG and HE, 2007).

The Proportional Hazards Model approach elects covariates among process vari-

ables and states that hazard changes proportionally with these covariates (HENG

et al., 2009). This approach is mainly empirical, and with low statistical basis, but

covariates construction can be made to consider phenomenological and empirical

knowledge in the analysis, thus being capable of good description of observations

(LEI et al., 2018).

LEI et al. (2018) also emphasized that Bayesian �ltering algorithms are useful

tools for characterizing uncertainty in estimated health status and predicted RUL,

being applicable in many prognostics strategies. However, Bayesian �ltering needs

to be used in tandem with a dynamic model, in order to propagate the current

estimated state until system critical state (JOUINet al., 2016).

Particle �ltering applied to prognostics is a recent trend in literature.

KOTHAMASU et al. (2006) did a prognostics and health monitoring review, and

particle �lter uses were not reported. Later, JOUIN et al. (2016) reported ap-

6



plications of particle �lters in prognostics and health monitoring, highlighting its

generality in face of non-linear dynamic models and non-Gaussian probability dis-

tributions. In this context, some theoretical aspects regarding Bayesian �ltering

algorithms must be explored.

2.2 Bayesian �ltering

Bayesian �ltering methods, in the engineering context, are used to estimate states

of dynamic systems subject to model and measurement uncertainties. For this, a

dynamic model of the system and statistical tools for recursive state estimation

are needed. In this context, Bayesian �ltering methods use the well-known Bayes

theorem to update previous information of system state face to new observations

(SIMON, 2006).

For a discrete-time evolution-observation model(f X kg; f Ykg), in which X k is

the state vector andYk is the observation vector, Bayesian �ltering methods are

comprised of two steps: time evolution updating, in which current state p.d.f. is

projected into the future, generating ana priori state p.d.f., and observation up-

dating, in which the a priori state p.d.f. is updated to ana posteriori state p.d.f.

by incorporating observation information (KAIPIO and SOMERSALO, 2005).

The time evolution updating formula can be written as:

� (xk+1 jy0; � � � yk) =
Z

� (xk+1 jxk)� (xk jy0; � � � yk)dxk (2.8)

and the observation updating formula can be written as:

� (xk+1 jy0; � � � yk+1 ) =
� (xk+1 jy0; � � � yk)� (yk+1 jxk+1 )

� (yk+1 jy0; � � � yk)
(2.9)

in which � (�) represents the p.d.f. and:

� (yk+1 jy0; � � � yk) =
Z

� (yk+1 jxk+1 )� (xk+1 jy0; � � � yk)dxk+1 (2.10)

In this context, � (xk jy0; � � � yk� 1) represents ana priori p.d.f., and � (xk jy0; � � � yk)

represents ana posteriori p.d.f. with relation to the observationYk . Also, � (xk+1 jxk)

represents the considered dynamic model, known as the Markov transition kernel,

and � (yk+1 jxk+1 ) represents the relationship within the observed vector and the

current state, known as the likelihood function. Deterministic processes might also
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be added to the formulation without loss of validity, to account for process inputs.

In this context, they can be treated like parameters, as they do not have associated

uncertainties.

Note that, besides the assumption of an evolution�observation model, no restric-

tions are made on shape of p.d.f.s or process linearity, at the cost of working with

the original functions. From these formulas, assuming a linear Gaussian problem,

with uncorrelated noise processes, yields to the discrete-time Kalman Filter (KF)

(KAIPIO and SOMERSALO, 2005; SIMON, 2006).

The main advantage of the Kalman �lter is that updating equations turn into

matricial operations. By modeling the process as (SIMON, 2006):

8
>>>>>><

>>>>>>:

xk+1 = Fkxk + Gkuk + wk

yk = Hkxk + vk

E(wkwT
j ) = Qk � k� j

E(vkvT
j ) = Rk � k� j

E(wkvT
j ) = 0

(2.11)

the equations for the discrete-time Kalman �lter can be written as:

(
P �

k = Fk� 1P+
k� 1F T

k� 1 + Qk� 1

x̂ �
k = Fk� 1x̂+

k� 1 + Gk� 1uk� 1
(2.12)

for the time evolution update and:

8
><

>:

K k = P �
k H T

k (HkP �
k H T

k + Rk)� 1

P+
k = ( I � K kHk)P �

k

x̂+
k = x̂ �

k + K k(yk � Hk x̂ �
k )

(2.13)

for the observation update. In this notation, superscript "� " representsa priori

estimates, superscript "+ " represents a posteriori estimates, andPk denotes the

covariance of the estimatêxk .

This solution, although simple, relies on strong assumptions regarding process

model, so other approaches to the Bayesian �ltering problem are needed. The Ex-

tended Kalman Filter (EKF) is the closest to the Kalman �lter in terms of compu-

tational e�ort. The EKF algorithm is based on local linearization of the dynamic

model, which allows for dealing with mildly nonlinear systems, but is still bound to

the assumption of a Gaussian distribution (SIMON, 2006).

The Unscented Kalman Filter (UKF) allows for a higher-order approximation

8



for states estimate and covariance based on sampling, using a set of points given by

the unscented transformation. Nonlinearity of noises can be incorporated into the

formulation by de�ning an augmented state vector, thus estimating states and noise

processes mean and covariance (SIMON, 2006).

The Particle Filter (PF) tackles the Bayesian �ltering problem entirely by Monte

Carlo sampling, using directly the assumed Markov transition kernel and likelihood

function. This algorithm generates a cloud of points, from which state p.d.f.s can be

constructed. Some important PF algorithms are the Sequential Importance Sam-

pling (SIS) and Sequential Importance Resampling (SIR) particle �lter, which di�er

on the presence of a resampling step (KAIPIO and SOMERSALO, 2005).

PF algorithms tend to utilize trial distributions, in order to direct state transition

calculations to the most important transitions. This strategy is known as impor-

tance sampling (SPEEKENBRINK, 2016), which originates the name of this class

of �lters. These trial distributions are used for state sampling, and these sampled

particles are then reweighted using the target distribution. Then, after obtaining the

measurement, all particles are reweighted using the likelihood function, as described

in Equation 2.9, accruing more knowledge into the particles set.

As particles are reweighted using both the likelihood function and transition ker-

nel, most of them are multiplied by a small probability. This behavior is intensi�ed

with the successive multiplications, so that most particles weights tend to zero, and

one particle (or a very small group of particles) carries the highest weight, degener-

ating the distribution which would be reconstructed by the samples. Also, as there

is a �nite number of particles, there is no guarantee that the surviving particle rep-

resents the most representative state among all possible states. This phenomenon

is known as weight degeneracy, and it can be observed in most straightforward PF

implementations, such as SIS (SPEEKENBRINK, 2016).

To counteract this, a step of resampling is generally used, generating the class

of SIR �lters. Resampling consists in the obtainment of a representative set of

particles, in the sense that it preserves the statistical properties of the population,

but with equal weights. This is done generally by replicating particles with high

weights at the expense of neglecting the ones with low weights, which can lead to

a phenomenon called sample impoverishment. Sample impoverishment is generally

important in the construction of smoothing distributions, and there are ways to

avoid this issue, see SPEEKENBRINK (2016).

The main advantage of PF over UKF is the possibility of naturally constructing

non-Gaussian distributions by sampling. UKF deals with nonlinear distributions by

picking representative points in order to correctly estimate states mean and covari-

ance, but the true probability distribution is not directly addressed. In problems

such as RUL estimation, it is imperative that p.d.f.s are properly characterized, so
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that the percentiles are properly estimated and, thus, con�dence regions truly re�ect

available information.

2.3 Model predictive control

In the context of mutivariable control techniques, some control strategies have been

developed, with the objective of solving multiple-input multiple-output (MIMO)

control problems with signi�cant process interactions. A popular class of con-

trol strategies in the academy is the optimal control, which comprehends Linear

Quadratic Regulator (LQG) control. Essentially, these optimal control problems

are solved o�ine considering a linear model as representative of the system and do

not consider process constraints (SKOGESTAD and POSTLETHWAITE, 2007).

While important in the academy, optimal control techniques were not well-

accepted on the industry, mainly due to not being able to deal with constraints

and being regarded as impractical by the industrial process control community. In-

stead, the industrial community started developing Model Predictive Control (MPC)

algorithms, such as the Dynamic Matrix Control (DMC), which grew to be the most

popular multivariable process control technique (QIN and BADGWELL, 2003).

The main idea behind any MPC algorithm is to solve a constrained optimization

problem at each time interval, in which the objective function to be minimized

measures the proximity of controlled variables to their reference trajectories, the

manipulation e�ort and the proximity of manipulated variables to their reference

trajectories, according to (QIN and BADGWELL, 1997):

min
� u

J =
NpX

j =1

jj yk+ j � ysp
k+ j jj

2
Q j

+
N c � 1X

j =0

jj � uk+ j jj 2
Sj

+
N c � 1X

j =0

jjuk+ j � usp
k+ j jj

2
R j

subject to: ymin
k+ j � yk+ j � ymax

k+ j ; j = 1; � � � ; Np

umin
k+ j � uk+ j � umax

k+ j ; j = 0; � � � ; Nc � 1

� umin
k+ j � � uk+ j � � umax

k+ j ; j = 0; � � � ; Nc � 1

xk+ j = f (xk+ j � 1; uk+ j � 1); j = 1; � � � ; Np

yk+ j = g(xk+ j ; uk+ j ); j = 1; � � � ; Np

(2.14)

In this approach, Nc control actions are calculated at each time step, and the

�rst control action is implemented. As soon as another measurement is available,

the initial condition of the model is updated and a new sequence of control actions

is calculated. This strategy is calledreceding horizon, and allows for accounting

unmeasured disturbances and modeling errors (BORDONS and CAMACHO, 2007).
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The main advantage of MPC in comparison to classical optimal control strate-

gies for linear systems, as already said, is the capability of dealing with process con-

straints. This comes at the expense of solving an optimization problem at each time

interval (SKOGESTAD and POSTLETHWAITE, 2007). While this was a limitant

in the development of such techniques, there are now well-established optimization

algorithms, optimized routines regarding receding horizon strategies and processors

powerful enough to deal with the needed computational e�ort (BADGWELL and

QIN, 2015).

While in Equation 2.14 the model equationsf (�) and g(�) are not speci�ed,

they play important role in the computational e�ciency of the MPC algorithm.

If the models are linear, model equality constraints can be incorporated into the

objective function and constraints, and the control problem can be rearranged into a

quadratic programming (QP) optimization problem (QIN and BADGWELL, 1997).

A classical solution of this kind is the QDMC algorithm (GARCIA and MORSHEDI,

1986), in which the model is treated in its step-response form.

Although these simple solutions are available, the models which describe the sys-

tem can be as complex as di�erential-algebraic equation (DAE) systems, generating

possibly non-convex optimization problems in which �nding the optimal solution is

not guaranteed and online implementation might not be feasible due to computa-

tional e�ort. The controller designer shall make a compromise between descriptive

capability of the model and complexity of the optimization problem.

2.4 Health-aware control (HAC)

The term "health-aware control" is used to de�ne control strategies that consider

prognostics into the control structure. Using health status as a key information to

operation planning is the main idea of the prognostics �eld, but using this infor-

mation into an automatic control framework remains little explored, besides being

potentially bene�cial to several systems subject to degradation.

The �rst known appearance of the term �health-aware control� is found on ES-

COBET et al. (2012), in which the objective was to extend the lifetime of a conveyor

belt. To achieve this, a prognostics module dictates velocity set-points to a PID con-

troller. This is an example of a structure that does not rely on advanced control

techniques. In spite of this, the majority of the following health-aware control case

studies rely on MPC controllers, mostly due to its versatility.

Before this, PEREIRA et al. (2010) already implemented what can be considered

a health-aware control strategy, without explicitly using the term. In this work, an

MPC controller was used, with constraints regarding system degradation, i.e., the

system health indicator is not allowed to rise above the failure threshold in the
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predicted horizon. With this setup, the controller's role was to prevent failure upon

the considered operational window, until preventive maintenance is done.

SANCHEZ et al. (2015) applied a health-aware control technique to a system of

wind turbines, with the objective of minimizing equipment damage and keeping it

under normal operation. In this case, an MPC with a damage term added to the

controller objective function was used. The authors reported a trade-o� between

process performance and accrued equipment damage by changing the damage term

weight. This was to be expected, if one interprets this formulation as a weighted-sum

approach to a multi-objective optimization problem.

GROSSOet al. (2016) applied an Economic MPC to a model of the drinking

water network of Barcelona. In this work, the same degradation index as PEREIRA

et al. (2010) was used, also considering system health as a constraint for the MPC.

This work was treated in a simpli�ed fashion by SALAZAR et al. (2016), in which

health was measured by reliability indexes allied to Bayesian Networks. SALAZAR

et al. (2016) reported that focusing on components reliability may not lead to overall

system reliability.

Using a somewhat unusual approach, CHOOet al. (2016) studied a smart man-

ufacturing system, modeling subsystems degradation by a Markov Decision Process.

States from subsystems were lumped in order to lower the number of states of the

system. In a later work, CHOOet al. (2017) used this model in a reinforcement

learning control framework, a growing concept in process control.

Using a robust MPC approach, VERHEYLEWEGHEN and JÄSCHKE (2017)

studied the health-aware control of a subsea compression system subject to degrada-

tion at ball bearings. In the work, the Paris law was used to predict the degradation

pattern, with an online parameter estimation to correct the model using previous

observations. The covariance matrix from this estimation result was used to infer

the predicted crack length standard deviation.

The control algorithm used in the work of VERHEYLEWEGHEN and

JÄSCHKE (2017) was the scenario-based control (LUCIAet al., 2013), in which

uncertainties are explicitly taken into account by considering a set of the uncertain

variables realizations. At each calculation of control actions, the controller must

�nd a solution for all system realizations at once, by weighting each realization by

its probability of occurring. This probability was obtained from the estimated crack

length standard deviation. In this control approach, health condition is considered

as a constraint, meaning that the system is prevented from breaking down in the

prediction horizon.

Using a hierarchized control framework, POURet al. (2018) studied the control

of a pasteurization plant. The control framework comprises an optimization upper

layer, in which economic objectives and health condition are dealt, and a regulatory
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lower layer, which focused on dealing with process dynamics by tracking the reference

signals. This work also compared multilayer and single layer health-aware control

structures, and the results showed the advantages of a multilayer framework.

VERHEYLEWEGHEN et al. (2018) also used a hierarchized control framework,

but to study a subsea compression system, in which the compressor is subject to

degradation. The hierarchy designed was composed of a regulatory layer with PID

controllers, responsible for process stabilization, a supervisory layer, which deals

with compression e�ciency and surge avoidance, and an economic optimization

layer, which considers maximum degradation as a constraint. In this work, health

conditions were considered to be measured with perfect accuracy, and a �xed main-

tenance time was assumed, i.e., the main concern of the higher layer is to prevent

system breakdown in the operation horizon.

2.5 Final comments

Based on the health-aware control approaches presented on the literature, a hierar-

chized approach might be bene�cial to system performance. This might be due to

the necessity of not only attaining di�erent goals at the same time but to the dif-

ference of timescales of the involved phenomena (process dynamics and equipment

degradation).

A remarkable characteristic of these works is that none assessed the issue of main-

tenance decision-making based on prognostic information. This is a vital activity in

process management, and can be done based on an estimated RUL p.d.f. considering

a con�dence level. The classical control constrained by breakdown prevention should

also be kept in the formulation, which means that the di�erent control hierarchies

shall act in di�erent aspects of health management.

In terms of RUL p.d.f. estimation, particle �lter is an adequate tool to account

for inherent uncertainties of nonlinear systems in a generic framework. Thus, it will

be the tool of choice in this work, allied to the degradation model.

This literature review has covered all theoretical aspects indispensable to this

work development, and now we can proceed to the case study modeling.
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Chapter 3

Case study modeling

In this chapter, the system model, along with the multiphase pump degradation

model, is described.

3.1 CO2 separation system

The system studied in this work is based on a process conception analyzed by

SOUZA (2018). The model used to describe the system was adapted from the

original author.

The process diagram considered in this work is reproduced in Figure 3.1, in which

some variables of the process model are also indicated.

Figure 3.1: Process diagram, emphasizing correspondent variables

Process description can be summarized as follows. The crude oil in reservoir

conditions is submitted to heat exchange with a hot stream from the process, which

provides part of the heat necessary for separation. This stream is then sent to a
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separator drum, in which the remaining heat necessary for separation is provided.

The CO2 rich stream, withdrawn at the top outlet, is cooled, elevating its density so

that it becomes adequate for pump operation. The pump elevates the �uid pressure,

allowing its reinjection, but it also raises signi�catively the �uid temperature. This

temperature elevation enables heat integration between this stream and crude oil

extracted from the reservoir. After heat integration, the CO2 rich stream is sent

to reinjection section. The separation drum bottom outlet stream is then sent to

topside processing. The interested reader is encouraged to consult SOUZA (2018)

and SOUZA et al. (2019) for a more detailed description of the considered process.

In order to increase model capability to describe the system, changes were made

in the valves and heat exchanger models. These changes are described in the fol-

lowing subsections.

3.1.1 Flow through valve

The model proposed by SOUZA (2018) is described by:

F =
A

MM
K vxv

2

6
6
4

�
Z 2

1
� mdP

ln
� m;1

� m;2

3

7
7
5

1=2

(3.1)

in which F represents molar �ow,A represents valve cross-section area,MM repre-

sents molecular weight,K v represents valve constant,xv represents valve opening,

� m represents mass density, and1 and 2 represents inlet and outlet conditions,

respectively. This model, while trying to account for compressibility e�ects, is in-

determinate for incompressible �uids. A more traditional approach, followed in this

work, is to describe the molar �ow through the valve by:

F =
A

MM
K vxv �� m

s
� P
�� m

(3.2)

Comparing this to Equation 3.1, the logarithmic term is omitted and the average

density �� m may be calculated by:

�� m =
� 1
� P

Z 2

1
� mdP (3.3)
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3.1.2 Heat exchanger

SOUZA (2018) models a counter-current heat exchanger, schematized in Figure 3.2,

using an approximate stationary solution, adding an estimate of the thermal holdup

of the system, as described in eqs. (3.4a) to (3.4d) Equation 3.4.

Figure 3.2: Heat exchanger scheme, emphasizing model variables

8
>>>>>>>>>>>>><

>>>>>>>>>>>>>:

dEc

dt
= Fc(Hc;i � Hc;o) + UA� Tlm

dEh

dt
= Fh(Hh;i � Hh;o) � UA� Tlm

Ec = Vc
� c;i + � c;o

2
Hc;i + Hc;o

2

Eh = Vh
� h;i + � h;o

2
Hh;i + Hh;o

2

(3.4a)

(3.4b)

(3.4c)

(3.4d)

The stationary solution is valid under the assumption that �uid properties do

not change signi�cantly with temperature (INCROPERA, 2006). From this solution

arises the logarithmic mean of temperature di�erence,� Tlm , de�ned for a counter-

current exchanger as:

� Tlm =
� T2 � � T1

ln(� T2=� T1)
;

(
� T1 = Th;o � Tc;i

� T2 = Th;i � Tc;o
(3.5)

While this solution is valid at process design, some �aws are concerning. The

heat transfer rate, modeled asQ = UA� Tlm , is only valid at the stationary case.

In case of temperature change at one of the inlets, for example, this rate would

not have precise physical meaning until a new steady state is established. This
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behavior is further aggravated in a temperature �ip, in which outlet and inlet tem-

perature di�erences have opposite signals, and the logarithmic mean cannot even be

computed.

In order to evade these issues, the model proposed in this work consists of dis-

cretizing the heat exchanger in theoretical stages, as depicted in Figure 3.3.

Figure 3.3: Heat exchanger discretization scheme, emphasizing model variables

By performing energy balances at each theoretical stage, the following equations

apply:

8
>>>>>>>>>>><

>>>>>>>>>>>:

dEc;k

dt
= Fc(Hc;k� 1 � Hc;k) + UAk(Th;k � Tc;k)

dEh;k

dt
= Fh(Hh;k +1 � Hh;k ) � UAk(Th;k � Tc;k)

Ec;k = Vc;k � c;kHc;k

Eh;k = Vh;k � h;k Hh;k

; k = 1; � � � ; nst

(3.6a)

(3.6b)

(3.6c)

(3.6d)

with nst being the number of theoretical stages after discretization. The boundary

conditions, respecting discretization indices, areTc;i = Tc;0, Tc;o = Tc;n , Th;i = Th;n +1

and Th;o = Th;1.

By joining these changes with the equations proposed by SOUZA (2018), the

complete process model can be obtained. The complete equation system, along

with the numerical strategy to solve it, is described in the next subsection.

3.1.3 The equation system

System modeling results in a DAE system. Many algebraic constraints are explicit

in some variable, so the resulting system was written in a way that minimizes the

number of state variables.

The resulting system is written as:

dEc;k

dt
= Fin (Hc;k� 1 � Hc;k) + UAk(Th;k � Tc;k); k = 1; � � � ; nst (3.7a)
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dEh;k

dt
= Fv(Hh;k +1 � Hh;k ) � UAk(Th;k � Tc;k); k = 1; � � � ; nst (3.7b)

Ec;k = Vc;k � c;kHc;k; k = 1; � � � ; nst (3.7c)

Eh;k = Vh;k � h;k Hh;k ; k = 1; � � � ; nst (3.7d)

dNi

dt
= Fin zi;res � Fv � i � Fl � i � Fw 
 i ; i = 1; � � � ; nc (3.7e)

dUe

dt
= Fin HF � FvHv � FlH l � FwHw + Qaqu (3.7f)

Ue + Pf lash Vf lash

N tot
= � � Hv + � � H l + � 
 Hw (3.7g)

Vf lash

N tot
= � �

�Vv + � �
�Vl + � 


�Vw (3.7h)

H (T1; Pc;i ; zres ) = H (Tres ; Pres ; zres ) (3.7i)

H (Td; Pd; � ) � H (T2; Pf lash ; � ) =
Z Pd

Pf lash

�V dP (3.7j)

W = Fv

(

MM (� )

" �
Fv

�Vd

Av;t

� 2

�
�

Fv
�Vs

Av;t

� 2
#

+
Z Pd

Pf lash

�V dP

)

(3.7k)

H (Th;i ; Ph;i ; � ) = H (Td; Pd; � ) (3.7l)

Qresf = Fv [H (T2; Pf lash ; � ) � H (Tf lash ; Pf lash ; � )] (3.7m)

H (Tbot; PBL;B ; l ) = H (Tf lash ; Pf lash ; l ) (3.7n)

with the state vector beingx = [ Ec; Eh; Tc; Th; N; U; Tf lash ; Pf lash ; T1; Pd; T2; Td; Th;i ; Tbot],

and input vector beingu = [ xv;t ; xv;b; xv; Qaqu; Qresf ; W].

Other variables presented in the equations are calculated directly as function of

states and inputs, according to the following equations:

[� � ; � � ; � 
 ; � ; � ; 
 ] = Flash3P(Tf lash ; Pf lash ; z); zi =
N i

N tot
; N tot =

ncX

i =1

N i

l i =
� � � i + � 
 
 i

� � + � 

; Fl =

� � Fl;tot

� � + � 

; Fw = Fl;tot � Fl ; HF = H (Tc;o; Pf lash ; zres )
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Hv = H (Tf lash ; Pf lash ; � ); H l = H (Tf lash ; Pf lash ; � ); Hw = H (Tf lash ; Pf lash ; 
 )

�Vv = �V(Tf lash ; Pf lash ; � ); �Vl = �V(Tf lash ; Pf lash ; � ); �Vw = �V(Tf lash ; Pf lash ; 
 )

Ph;i = � Ph + PBL;T ; Pc;i = � Pc + Pf lash

Ph;k = Ph;i +
�

k � 1
2

nst

�
� Ph; Pc;k = Pc;i +

�
nst � k + 1

2

nst

�
� Pc; k = 1; � � � ; nst

Hh;k = H (Th;k ; Ph;k ; � ); Hc;k = H (Tc;k; Pc;k; zres ); k = 1; � � � ; nst

� h;k =
1

�V(Th;k ; Ph;k ; � )
; � c;k =

1
�V(Tc;k; Pc;k; zres )

; k = 1; � � � ; nst

Tc;0 = T1; Th;n +1 = Th;i ; Tc;o = Tc;n

�Vd = �V(Td; Pd; � ); �Vs = �V(T2; Pf lash ; � ); � m (T; P; � ) =
MM (� )

�V(T; P; � )

Fin =
Av;in

MM (zres )
K v;in xv

�
�

Z Pc;i ;T1

Pres ;Tres

� mdP
� 1=2

Fv =
Av;t

MM (� )
K v;t xv;t

�
�

Z Ph;i ;Th;i

Pd ;Td

� mdP
� 1=2

Fl;tot =
Av;b

MM (l )
K v;bxv;b

"

�
Z PBL;B ;Tbot

Pf lash ;Tf lash

� mdP

#1=2

All integrals were evaluated by the trapezoidal rule, for simplicity. Flash cal-

culations were performed using the "Flash3P" algorithm, available inCO2Therm

package. Thermodynamic properties (molar enthalpyH and molar volume �V) were

evaluated as the weighted sum of the respective properties at each existing phase.

Thus, it is required to perform a �ash calculation at each thermodynamic property

evaluation. Details of the thermodynamic package can be found at SOUZA (2018).

Output variables from the model were selected as y =

[Fin ; Pf lash ; Tf lash ; T2; Fv; Fl;tot ; xCO2 ; hf lash ], in which hf lash is the �ash drum

liquid volumetric fraction, calculated by:

hf lash =
(� �

�Vl + � 

�Vw)N tot

Vf lash
(3.8)
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3.2 Degradation model

To describe multiphase pump wear, a novel discrete-time stochastic model was pro-

posed:

� k+1 = � k + � f k � n
k ; � f k � Gamma(� 1Wk � t; � 2) (3.9)

with the p.d.f. corresponding to aGamma(k; � ) distribution being de�ned by:

f (xjk; � ) =
xk� 1

�( k)� k
e

�
x
� (3.10)

In this model, � k represents the degradation state at timek. The proposed

degradation model is based on the Paris law for crack growth and Gamma processes.

The parameter � f k , which represents crack growth rate in Paris law, is modelled

as a Gamma-distributed random variable, with its shape parameter proportional to

pump power.

Although being based on the Paris law, the state� aims to describe the overall

equipment degradation, lumping all possible degradation processes into one model.

With this, it is possible to ally the simplicity and versatility of Paris law with the

stochastic nature of Gamma processes.

Also, to simulate noise in the measurements, the observed variable is the equip-

ment wear corrupted by white noise, according to:

� k = � k + � k ; � k � N (0; � 2) (3.11)
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Chapter 4

Methodology

All simulations developed in the course of this work were carried out in Python.

While numerical packages from the Scipy (JONESet al., 2001) and Assimulo (AN-

DERSSON et al., 2015) libraries were used, the formulation of control and state

estimation problems was made by the author, generating the packagescontrol_tools

and PF_tools. The control_tools package features classes for building dynamic

models, controllers and state estimators. ThePF_tools package features the parti-

cle �lter implementation described in Section 4.6.

4.1 Model implementation

Model implementation was carried out in Python. TheCO2Therm package devel-

oped by SOUZA (2018) was interfaced to Python using theBoost:Python library.

DAE integration was performed using IDA algorithm from Assimulo package. Sam-

pling time for the simulation was chosen as 1 second.

Equipments were �rst simulated separately, in order to obtain accurate values

for temperatures and densities. Equations used were Equation 3.7i, Equation 3.7j,

Equation 3.7l and Equation 3.7n. Valve openings were then determineda priori ,

based on the obtained temperatures and the �ash results for reservoir composition

and drum conditions, thus solving mass balance equations and drum volume alge-

braic constraint. For this, entrance valve opening was speci�ed asxv = 0:5.

Then, a reference steady state was determined by solving the remaining

system equations, with variables normalized by their initial guess, using the

scipy.optimize.least_squaresalgorithm (tolerancextol = 5 � 10� 6), with parameters

and �xed variables given by Table 4.1 and Table 4.2, respectively. The free variables

wereDoF = [ Ec; Eh; Tc; Th; Ue; T1; Td; Th;i ; Tbot; W; Qaqu; Qresf ]. Heat exchanger vol-

umes were estimated considering �ows from SOUZA (2018) and a residence time of

6 seconds on both sides.
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To avoid divergences, constraints were imposed on the optimization problem. All

variables were allowed to vary 20% of their initial guess.

Table 4.1: Parameters used in the simulation

Parameter Value Unit Description

nst 3 - Number of heat exchanger theoretical stages

K v;in 0.0982 - Inlet valve constant

K v;t 0.0564 - Top valve constant

K v;b 0.1589 - Bottom valve constant

� Ph 0 MPa Pressure drop of hot �uid (top stream)

� Pc 0 MPa Pressure drop of cold �uid (inlet stream)

UA 0.153 MW/K Overall heat transfer coe�cient

Vf lash 31.8086 m3 Flash drum volume

Vc 1.806 m3 Heat exchanger cold side volume

Vh 0.387 m3 Heat exchanger hot side volume

Table 4.2: Fixed variables used in the simulation

Parameter Value Unit Description

H2O 0.0100 -

CO2 0.7500 -

CH4 0.0480 -

zres F1 0.0543 - Reservoir composition

F2 0.0443 -

F3 0.0520 -

F4 0.0413 -

Tres 313.15 K Reservoir temperature

Pres 15 MPa Reservoir pressure

PBL;B 9 MPa Pressure at bottom-side battery limit

PBL;T 59 MPa Pressure at top-side battery limit

Tf lash 330.25 K Flash drum temperature

Pf lash 10 MPa Flash drum pressure

Pd 60 MPa Pump discharge pressure

T2 303.65 K Condenser output temperature

To re�ne the previous solution with relation to the integrator characteristic at the

�ash drum level, bottom valve openingxv;b was coupled to the outputhf lash with

a proportional controller, aiming to stabilize the system. A closed-loop dynamic
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simulation was then performed, and the obtained ending value ofxv;b is the value

corresponding to the true steady state. Controller gain used was� 10 (dimension-

less), and the system was simulated until5000s. Open-loop dynamic simulations

were then made to con�rm that a steady state was obtained.

In order to implement step disturbances into the system, a regularization function

was used. The function used to approximate the Heaviside function (also known as

the unit step function) is given by:

Hap(t) =
1 + tanh

�
R

�
2

t
� tset

� 1
��

2
(4.1)

in which � tset is the settling time of the approximate step, andR is its regularization

factor. This function was designed to be valued
1 � tanh R

2
when the approximate

step begins (t = 0) and valued
1 + tanh R

2
when the approximate step is established

(t = � tset). The value of R was set to make
1 � tanh R

2
= 10� 4.

4.2 Plant stabilization

In order to stabilize plant dynamic behavior, a PI controller for the pairxv;b x hf lash

was implemented together with the process model. The transfer function for this

input-output pair was estimated from step disturbances of� 1% and � 5% of the

steady-statexv;b value. The controller was then tuned using SIMC rules (SKOGES-

TAD, 2003), due to its superiority in disturbance rejection, with� c = 10 seconds.

With this, the input vector was changed tou = [ xv;t ; hsp; xv; Qaqu; Qresf ; W], a new

state 	 representing the integral term was introduced, andxv;b became calculated

by the explicit control law:

8
>><

>>:

xv;b = kc

�
(hsp � hf lash ) +

	
� I

�

d	
dt

= hsp � hf lash ; 	(0) =
xsteady

v;b � I

kc

(4.2)

in which xsteady
v;b is the value forxv;b calculated in the last section andkc and � I are

PI controller parameters.
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4.3 Model identi�cation

Considering the stabilized plant and its output variables, from the reference steady

state, the system was identi�ed using positive and negative steps of 1% and 5%

of the nominal input values, except for the inputhsp, which was not considered

as a manipulated variable for the predictive controller, and the output variable

hf lash , which is already controlled. From these responses, continuous-time transfer

functions were �tted to the data. Parameter estimation was performed using the

scipy.optimize.least_squaresalgorithm (tolerance xtol = 10� 8), with continuous-

time transfer function responses being evaluated by thescipy.signal.lsimalgorithm.

Identi�ed transfer functions were of the �zpk� form:

G(s) = k

Y

i

(s � zi )

Y

i

(s � pi )
(4.3)

The number of poles and zeros was determined by inspection of step response

behavior, admitting the minimal number which could explain the dynamic behavior.

4.4 Closed loop simulation

The identi�ed model was transformed to a continuous state-space realization, using

a diagonal canonical form (OGATA, 2010), which was then discretized (SIMON,

2006) to a sampling time of 10 seconds, generating the following dynamic model:

(
x k = F x k � 1 + Gu k � 1

yk = Cx k + Du k
(4.4)

This discrete model was then used as the internal model to a MPC controller.

To compensate for the model-plant mismatch, a Kalman Filter was used to estimate

the state bias,w , which was used to correct current state estimate and all states in

the prediction horizon.
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The MPC optimization problem was formulated as:

min
� u k + j

J =
N yX

i =1

NpX

j =1

qi
2(yi;k + j � ysp

i;k + j )
2 +

NuX

i =1

N c � 1X

j =0

si
2(� ui;k + j )2

subject to: u min
k + j � u k + j � u max

k + j ; j = 0; � � � ; Nc � 1

� � u max
k + j � � u k + j � � u max

k + j ; j = 0; � � � ; Nc � 1

x k + j = F x k + j � 1 + Gu k + j � 1 + w k ; j = 1; � � � ; Np

yk + j = Cx k + j + Du k + j ; j = 1; � � � ; Np

(4.5)

in which w k represents the model correction at the time stepk, and qi and si repre-

sent controlled and manipulated variables weights, respectively. This optimization

problem was solved using thescipy.optimize.minimize routine, using the SLSQP

method (tolerancef tol = 10� 6). Model constraints were treated inside the objec-

tive function calculation, and inequality constraints regarding manipulated variables

were explicited to the algorithm.

Using the identi�ed linear model, a discrete Kalman Filter was implemented to

perform state estimation and model update. This was performed using the following

equations for temporal and measurement updates:

(
P �

k = F P +
k � 1F T + Q

x̂ �
k = F x̂ +

k � 1 + Gu k � 1 + w k � 1
(4.6)

8
>>>>>><

>>>>>>:

K k = P �
k C T (CP �

k C T + R )� 1

P +
k = ( I � K k C )P �

k

' k = K k (yk � C x̂ �
k � Du k )

x̂ +
k = x̂ �

k + ' k

w k = w k � 1 + ' k

(4.7)

The last equation represents the model correction update, which was also based

on the �lter innovations ' k .

Using this framework, di�erent simulations were performed to evaluate controller

and �lter tuning. Controlled variables were selected as[Fin ; Pf lash ; Tf lash ; T2], and

manipulated variables were selected as[xv;t ; xv; Qaqu; Qresf ; W].
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4.5 Degradation model implementation

The model described in Section 3.2 was implemented using the parameters listed

on Table 4.3. Sampling of random variables was performed using thescipy.stats

algorithms.

Table 4.3: Degradation model parameters

� 0 � t � 1 (MJ � 1) � 2 n �

0:001 0:05 year 5 � 10� 7 0:01 0:7 0:0001

Simulations were made to check if the expected behavior was captured by the for-

mulation. For this, di�erent regimes of pump power manipulation were considered,

with repetitions to obtain di�erent realizations of the stochastic process.

4.6 Crack length estimation

A particle �lter was implemented in order to estimate statistical information regard-

ing crack length in an online environment. As the model described in Equation 3.9

is stochastic, realizations of the random parameters are generated, and states are

propagated considering the likelihood of the respective realization. The algorithm

described by SPEEKENBRINK (2016) for a generic particle �lter was adapted to

the necessities of this implementation, leading to Algorithm 1. All statistical meth-

ods, such as sampling of random variables and calculations of p.d.f.s, were performed

using the scipy.statsalgorithms.

In this algorithm, � represents the assumed initial distribution for the system

state, X i
k and wi

k� 1 represent thei -th particle and its correspondent weight at timek,

yk represents system measurement at timek,  j represents probability distribution

of j -th parameter conditioned to the state and previous parameters,f represents

the state evolution law,g represents the likelihood function,Npart is the number of

particles andc is the �lter resampling rate. The resampling algorithm used was the

systematic resampling, described in SPEEKENBRINK (2016).

Algorithm 1 describes both SIS and SIR �lters, depending on the adopted re-

sampling rate (c). Both �lters were tested with Npart = 100 in order to evaluate

the quality of the obtained p.d.f. Resampling rate for the SIR �lter wasc = 0:5,

and for the SIS �lter c = 0. Particles at time k = 0 were sampled from a normal

distribution with mean 0:001and standard deviation10� 5.

Using the �lter results, a prediction of RUL was made at each measurement,

considering the planned horizon for the manipulated variable. This was compared
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Algorithm 1: Particle �lter algorithm
Data: [X i

k� 1; wi
k� 1], yk ,  j (j = 1; � � � ; n ), f , g, Npart , c

Result: [X i
k ; wi

k ]

// A priori calculations

1 for i  1 to Npart do

2 pi
  1; // initialize transition probability

3 for j  1 to n do

4 Sample	 i
k� 1;j �  j (pj jX i

k� 1; 	 i
k� 1;1; � � � ; 	 i

k� 1;j � 1);

5 pi
  pi

  j (	 i
k� 1;j jX

i
k� 1; 	 i

k� 1;1; � � � ; 	 i
k� 1;j � 1);

6 end

7 X i
k  f (X i

k� 1; 	 i
k� 1;1; � � � ; 	 i

k� 1;n  
); // propagate particle in

sampled path

8 wi
k  wi

k� 1pi
 ; // update weight with probability of sampled path

9 end

10 �  
P Npart

i =1 wi
k ;

11 wi
k  wi

k=�; i = 1; � � � ; Npart ;

// A posteriori calculations

12 wi
k  wi

kg(yk jX i
k); i = 1; � � � ; Npart ;

13 �  
P Npart

i =1 wi
k ;

14 wi
k  wi

k=�; i = 1; � � � ; Npart ;

15 Nef f  1=
P Npart

i =1 (wi
k)2;

16 if Nef f < cN part then

17 [X i
k ; wi

k ]  Resample(X i
k ; wi

k);

18 end
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to the real end-of-life time in the simulation of the speci�c realization. The threshold

value for the health indicator was �xed at � lim = 1:0.

4.7 Health-aware control implementation

Combining the proposed methodologies from Section 4.4 and Section 4.6, a HAC

structure was implemented. It consists of an MPC, with objective function written

as:

JHAC = � wHAC RUL +
N yX

i =1

NpX

j =1

qi
2(yi;k + j � ysp

i;k + j )
2 +

NuX

i =1

N c � 1X

j =0

si
2(� ui;k + j )2 (4.8)

with wHAC being the weighting factor between RUL extension and control objectives,

and RUL being the average of RUL between the propagated particles.

Due to the randomness of the model proposed in Equation 3.9, it cannot be

directly used in a deterministic optimization problem. As such, the strategy used

to calculate RUL during the optimization procedure is as given in Algorithm 2.

In the algorithm, q(i )
k represents the quantile associated with thek-th evolution of

the i -th particle, Wend represents pump power at the end of the control horizon, and

Q(�) represents the inverse cumulative distribution function (c.d.f.) associated with

the distribution in Equation 3.9, depending on the pump power which varies along

the optimization. The set of q(i )
k is sampled from a standard uniform distribution,

and kept constant in the optimization course.

Due to the di�erence between timescales,Wend was considered as the dominant

e�ect in the degradation pattern, and the variation during the control horizon can

be neglected. The e�ect of model-plant mismatch was evaluated by changing the

process model between the model described in Section 3.1 and the MPC internal

model itself. The in�uence of the number of particles (Npart ) and the value ofwHAC

over the closed-loop response was also evaluated.
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Algorithm 2: RUL calculation algorithm

Data: � (i )
0 (i = 1; � � � ; Npart ), � lim , q(i )

k (i = 1; � � � ; Npart ; k = 0; � � � ), Wend

Result: RUL

1 for i  1 to Npart do

2 k  0 ;

3 while � (i )
k < � lim do

4 � f (i )
k  Q(q(i )

k ; Wend) ;

5 � (i )
k+1  � (i )

k + � f (i )
k (� (i )

k )n ;

6 k  k + 1 ;

7 end

8 RUL (i )  k �
� (i )

k � � lim

� (i )
k � � (i )

k� 1

;

9 end

10 RUL  
P Npart

i =1 RUL (i )=Npart ;
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Chapter 5

Results and discussion

5.1 Model implementation

Some commentary about the replacement of valve �ow equations (Subsection 3.1.1)

is necessary. Equations developed by SOUZA (2018) were tested in the inlet con-

ditions (313.15 K, 15 MPa), along with the proposal of this work. A sensitivity

analysis was made with relation to the discharge pressure and number of integral

quadrature points, whose results are shown in Figure 5.1 and Figure 5.2.

Figure 5.1: SOUZA (2018) valve model sensitivity analysis - before model correction

In the original model proposed by SOUZA (2018), higher discharge pressure,

and consequently lower pressure di�erence in the valve, leads to a higher molar

�ow, which is physically unrealistic. This was due to the logarithmic term in the

denominator, whose removal led to a more realistic response.

The number of quadrature points was considered to have little signi�cance in the
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Figure 5.2: Proposed valve model sensitivity analysis - after model correction

�ow results. As the system had already a reasonable number of variables and each

quadrature point adds another state to the system for each valve, the trapezoidal

rule (no internal quadrature points) was adopted.

In terms to the replacement of the heat exchanger model, some change on the sta-

tionary value is to be expected. The approach by theoretical stages underestimates

heat transfer, in the sense that stage mixture diminishes temperature di�erence of

cold and hot currents. When the number of stages approaches in�nity, the solution

will tend to the true temperature pro�le along the axis. But, in order to keep a

reasonable number of variables, a small stage number was chosen, at the cost of

accuracy when comparing to an ideal counter-current heat exchanger.

Regarding the characteristics of the mathematical system described in Equa-

tion 3.7, a sparsity pattern of the iteration matrix was generated, and is presented

in Figure 5.3. Each matrix line represents a variable, and each matrix column rep-

resents an equation from the DAE system, referenced by its subindex (e.g., the last

column refers to Equation 3.7n).

It can be seen that the vast majority of equations depend on the �ash drum

holdup, which is due to the energy recycle step. This makes the sequential solu-

tion di�cult, so the use of a simultaneous approach to the solution of the system

equations is justi�ed.

In order to perform dynamic simulation of a process described by a DAE system,

it is necessary to obtain a reference steady state. Even though SOUZA (2018) de-

scribes a reference steady state, the changes made to the model made a new station-

ary simulation needed. Due to numerical issues involving �ash drum mass balances,
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Figure 5.3: DAE system sparsity pattern (variables vs. equations in Equation 3.7)

the equation system described in Equation 3.7 could not be solved simultaneously.

This motivated the use of a sequential strategy to the stationary simulation.

The �rst step to obtain the steady-state solution was to solve mass balances at

the drum, given its operating temperature and pressure. If a inlet �ow is speci�ed,

and perfect separation is assumed, it is known that stationary outlet �ow solutions

ought to be related to the phase fractions obtained at the �ash calculation, and

drum compositions ought to be equal to the inlet compositions.

Using this information, steady-state valve openings could be obtained, as pre-

sented in Table 5.1:

Table 5.1: Steady state valve openings

xv (speci�ed) xv;t xv;b

0.5 0.49828 0.50128

After these calculations, the next step was to �nd a reference steady state, cor-

responding to system design. This is not a trivial task, due to the numerical issues

arisen by scale di�erence of the variables. Variable normalization was performed, to
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address this issue.

The initial guesses used in the stationary simulation are given by Table 5.2.

These estimates were obtained by simulating each equipment separately, with the

information from Table 4.1 and Table 4.2. The initial guess for the drum internal

energy was obtained using mixture molar enthalpy. The heat exchanger energy

holdup was obtained from the temperature estimate.

Table 5.2: Initial guesses for the free variables used in the stationary simulation

Parameter Value Unit Description

1 314.25 K

Tc;k 2 315.83 K Cold side stage temperature

3 318.12 K

1 328.05 K

Th;k 2 334.51 K Hot side stage temperature

3 343.21 K

T1 312.95 K Inlet valve discharge temperature

Td 354.70 K Pump discharge temperature

Th;i 354.87 K Top valve discharge temperature

Tbot 329.45 K Bottom valve discharge temperature

W 4.259 MW Pump power
_Qaqu 5.478 MW Drum heating rate
_Qresf -5.5 MW Condenser cooling rate

To con�rm that the obtained solution is adequate, dynamic simulations were

performed using the stationary simulation solution as the initial condition. If the

solution is adequate, time variation of states, and consequently of outputs, is negli-

gible. The results of such dynamic simulation are presented in Figure 5.4.

This simulation shows that the obtained solution is close to a steady state, but

there is still some time variation in �ash drum liquid occupied volume, due to nu-

merical errors associated with the simulation (possibly in the �ash calculations).

Also, the integrating nature of the process, evidenced in this simulation, ampli�es

errors of steady-state calculations in dynamic simulations. Therefore, the accurate

simulation of the process requires assessment of this issue.

As there is no speci�c equation in the system described in Equation 3.7 di-

rectly associated with this output variable, the adopted solution was to introduce

a proportional controller with pairing xv;b x hf lash , which is known to stabilize the

dynamic behavior, and obtain the steady-state value as the resting position ofxv;b.
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Figure 5.4: Dynamic simulation of the brute steady state

The chosen tuning to this calculation is arbitrary, and the steady-state value can be

obtained regardless of it, as long as enough simulation time is used.

This closed-loop dynamic simulation is presented in Figure 5.5. It can be seen

that a o�set is produced, due to the absence of integral action in the controller.

Despite that, stable behavior is observed, and a steady state is achieved. This

steady state was then simulated in an open-loop con�guration, to con�rm that this

solution is acceptable.

The dynamic simulation using the re�ned steady state as initial condition is pre-

sented in Figure 5.6. It can be seen that the temporal variations have been reduced

with the solution re�nement, and the numerical residue, although still present, can

now be considered acceptable.

Table 5.3 presents the steady-state results, after re�nement. This result was

used as the initial condition for all following dynamic simulations, along with values

described in Table 4.1 and Table 4.2.

Other important study to be done before step simulations are carried out is that

regarding the regularization function (Equation 4.1) parameter� tset. Since R is

related to the tolerance of input variable at the step start and end, it was kept

constant along all simulations. Figure 5.7 presents a sensitivity analysis of� tset to

an arbitrary step.

The di�erence of responses is perceptible for� tset = 10 s, even for the input

pro�le. The gain is essentially the same for all simulations, and the di�erences

are limited to the dynamic behavior. A zoomed view from step start is shown at

Figure 5.8.

The di�erence of input pro�les is not visible for � tset < 1 s, due to sampling

time. But, as sampling time does not a�ect simulation precision, a di�erence between

pro�les for � tset = 1 s and � tset = 0:1 s can be seen in the third decimal place.

Another reduction in � tset did not produce signi�cant e�ects on the step response,
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Figure 5.5: Closed-loop dynamic simulation - steady state re�nement

Figure 5.6: Dynamic simulation of the re�ned steady state
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Table 5.3: Steady state results

Parameter Value Unit Description

1 -6.4567 107 J

Ec;k 2 -6.0425 107 J Cold side energy holdup

3 -5.4825 107 J

1 -1.4160 107 J

Eh;k 2 -1.2629 107 J Hot side energy holdup

3 -1.0557 107 J

1 314.132 K

Tc;k 2 315.602 K Cold side stage temperature

3 317.773 K

1 326.389 K

Th;k 2 332.874 K Hot side stage temperature

3 342.018 K

H2O 2.1638 kmol

CO2 162.3078 kmol

CH4 10.3863 kmol

N F1 11.74932 kmol Reservoir composition

F2 9.5855 kmol

F3 11.2516 kmol

F4 8.9364 kmol

Ue -2.2175 109 J Flash drum extensive internal energy

T1 312.971 K Inlet valve discharge temperature

Td 354.702 K Pump discharge temperature

Th;i 354.874 K Top valve discharge temperature

Tbot 329.368 K Bottom valve discharge temperature

W 4.246 MW Pump power
_Qaqu 5.676 MW Drum heating rate
_Qresf -5.462 MW Condenser cooling rate

xv 0.5 - Inlet valve opening

xv;t 0.49828 - Top valve opening

xv;b 0.50131 - Bottom valve opening

36



therefore� tset was �xed at 0:1 s for all dynamic simulations.

5.2 Plant stabilization

The open-loop system exhibits an integrating behavior, due to the presence of a

drum in which both outlets and inlet can be freely manipulated. As such, in order

to use a predictive control strategy, it is necessary to modify the system dynamics

with the introduction of a controller, so that the system becomes stable. SOUZA

(2018) successfully stabilized the system by implementing a PI controller with the

pairing xv;b x hf lash , so it was also used in this work.

The SIMC rules of PID tuning for integrating systems are given by Table 5.4.

Table 5.4: SIMC PID tuning (SKOGESTAD, 2003)

G(s) kc � I � D

kp

s
1

kp� c
4� c -

Identi�cation results for the pair xv;b x hf lash are displayed in Figure 5.9. The

identi�ed transfer function is presented on Equation 5.1, consisting of an integrating

system, with some dynamic compensation.

G(s) =
� 0:0032126(75:59s + 1)

s(16:61s + 1)
(5.1)

In order to use the SIMC rules for an integrating system, the lead-lag dynamic

compensation term was neglected. The proposed tuning was then tested in servo

and regulatory simulations, presented in Figure 5.10 and Figure 5.11, respectively.

Regulatory simulation was performed with a step disturbance on reservoir pressure

of +1 MPa.

It can be seen that, due to the presence of integral action in the controller, o�set is

eliminated in both servo and regulatory simulations. In servo simulation, setpoint is

changed by manipulating valve opening, but the valve returns to its resting position

as time passes, which is compatible with integrating systems behavior, and reinforces

the discussion presented regarding Figure 5.5. On the other hand, the valve resting

position is changed in the presence of input disturbances.
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Figure 5.7: E�ect of � tset in simulation results
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Figure 5.8: E�ect of � tset in simulation results - zoomed view
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Figure 5.9: Identi�cation results for the pair xv;b x hf lash

5.3 Model identi�cation

The di�erent input steps were simulated, in order to obtain representative dy-

namic data from the considered stationary point. Using these step response data,

continuous-time transfer functions were then estimated. These results are fully pre-

sented in Appendix A, and some important remarks are brought to attention here.

System nonlinear nature is explicited by the identi�cation of several input-output

pairs, e.g. Figure A.1. Although the dynamic behavior is well captured, static gain

is not constant, specially for high step magnitudes.

Flow produced by a valve is intimately related to its opening. Dynamically,

the �ow has a instantaneous response to the valve opening. This was observed in

all valve opening-�ow pairs (Figure A.5, Figure A.8). Due to this instantaneous

behavior, these transfer functions had to have the same number of poles and zeros.

This was taken into account when proposing a transfer function for not only these

cases, but other cases with an immediate response, such as temperatures involved

with the instantaneous condenser.

Identi�cation results, in form of zeros, poles and gain, are shown in Table A.1,

for the sake of space.
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Figure 5.10: Servo test for stabilized process
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Figure 5.11: Regulatory test for stabilized process
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5.4 Closed loop simulation

The model predictive control is a centralized control strategy, and its main appeal

lies in interacting systems. By using an internal model, this control strategy tries

to account for interaction, designing optimal control actions planning. As such, it

was necessary to identify a simple model which represents the dynamic behavior of

the system.

Continuous-time transfer functions were estimated due to their conciseness in

representing dynamic behavior. However, the use of a Laplace-domain model for

predictive control and state estimation is not straightforward. For this reason, this

model was converted to a discrete state-space formulation.

The �rst step was to write the continuous-time transfer functions into a

continuous-time state space form. As the number of freedom degrees rises in the

state-space representation, there are in�nite forms of representing a transfer function

as a state-space system. Thus, a form can be chosen so that speci�c characteristics

of the system can be exploited.

The chosen continuous state-space formulation was the diagonal canonical form.

Any transfer function can be written in this form, as long as there are not any poles

with multiplicity greater than 1. The main advantage of this form is that the state

matrix is diagonal, with its diagonal being composed by the transfer function poles.

OGATA (2010) describes how to write this state-space form for a SISO transfer

function, relying on its partial fractions decomposition. This decomposition can be

easily performed using the residue theorem (KREYSZIGet al., 2011).

In order to extend this concept for MIMO systems, matrices were simply con-

catenated, using blocks of zeros when necessary. As each transfer function has its

own set of poles, a diagonal state matrix is still possible, as long as all other matrices

are assembled accordingly.

After the continuous-time state-space model is obtained, the next necessary step

is the discretization of the equation system. Even though this step is not necessar-

ily needed, as the Kalman Filter theory was developed also for continuous-discrete

systems (see Kalman-Bucy �ltering, SIMON (2006)), the use of a continuous-time

model implies on the integration of an ODE system. Discrete-time systems, on the

other hand, incorporate the result of analytical integration of the system, avoiding

the use of such numerical integrators. This is specially advantageous in the imple-

mentation of MPCs, which require intensive evaluations of the model. Discrete-time

models can also be incorporated in the MPC formulation, generating a QP opti-

mization problem (TRIERWEILER and SECCHI, 2000).

The discretization of a linear state-space system, as described by SIMON (2006),

requires the inversion and exponentiation of the state matrix. As such, good condi-
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tioning of state matrix is necessary. This is guaranteed by the use of the diagonal

canonical form.

Some closed-loop simulation results are now presented. For the base case, tun-

ing parameters for the controller described by Equation 4.5 were as presented in

Table 5.5. For the �lter, state covariance matrix Q was set toI , measurement co-

variance matrix was set to a diagonal matrix composed by the square of 0.1% of the

output steady-state value, and initial covariance matrixP+
0 was set to100I , I being

an appropriately sized identity matrix.

Table 5.5: Controller tuning parameters for the base case (units consistent with
values of Table 4.2 and Table 5.3)

qi si Np Nc

Fin Pf lash ; Tf lash ; T2

10 1 10 75 10

The simulation of a set-point change in the �ash drum pressure is presented in

Figure 5.12. System settling occurred at around 600 seconds, which justi�es the

chosen prediction horizon. This set of parameters results in a good balance between

manipulation e�ort and settling time, as manipulated variables are smoothly guided

to their �nal values.

It is necessary to emphasize the role of Kalman �ltering in the quality of closed-

loop response. Not only KF is responsible for correct state estimation, it is also

responsible for model correction along the prediction horizon. To illustrate this,

consider the simulation in Figure 5.13, in which KF was not used. The internal

model attains the desired setpoint values, but due to modeling errors, the actual

process does not attain these values, and an o�set is produced.

This result illustrates the importance of state estimation in process control. Now

take the simulation in Figure 5.14, in which KF is used for state estimation, but the

model correction update in Equation 4.7 is not implemented.

Even though state estimation is performed reasonably, as can be seen from the

proximity of internal model and process output values, the internal model remains

predicting the same steady state as in Figure 5.13, leading to o�set. This means

that state correction is not enough to account for modeling errors. As the steady

state itself needs to be corrected, KF calculations should also be accounted in the

dynamic model, in similar philosophy of the feedback strategy in DMC.

In the sense of controller tuning, a more aggressive con�guration was tested,

using the parameters given in Table 5.6.
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Figure 5.12: Closed loop simulation - �ash pressure setpoint change - base case
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Figure 5.13: Closed loop simulation - �ash pressure setpoint change - no �lter
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Figure 5.14: Closed loop simulation - �ash pressure setpoint change - no model
update
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Table 5.6: Controller tuning parameters for the aggressive tuning (units consistent
with values of Table 4.2 and Table 5.3)

qi si Np Nc

Fin Pf lash ; Tf lash ; T2

10 1 1 75 10

The simulation of this con�guration is given by Figure 5.15. It can be seen that

the settling time was reduced, at the expense of manipulation softness. It can also be

noted that a di�erent resting position of W and xv;t was attained, when compared to

Figure 5.12. This is natural, since the controller has 5 freely manipulated variables,

but only 4 controlled variables. In this case, there is a compensation of pump power

and valve opening in the �ash drum vapor out�ow. To obtain a well-posed problem,

there should be a term in the objective function that accounts for the resting position

of the manipulated variables. For example, it could be established that the top valve

opening should rest at half of its course, so it can be used for dynamic compensation

when necessary.

Back to the base case, in order to check if constraints were implemented correctly,

simulations with strict constraints were performed. Figure 5.16 presents a simulation

in which maximum valve step was0:001. A slower settling can be observed when

compared to the base case, as well as a di�erent resting position of manipulated

variables.

Regarding constraints on manipulated variables, Figure 5.17 presents a simula-

tion result wherexv;t > 0:45was added as a constraint. This constraint was satis�ed

without any loss on controlled variables, due to the compensation inW.

This behavior was not observed in Figure 5.18, in which the implemented con-

straint was xv < 0:51. The constraint was satis�ed, but setpoints could not be

attained, since there is no possible compensation among the other variables.

It is known that hard constraints on output variables may lead to infeasible

optimization problems, so this was not tackled in this work. Instead, if necessary,

constraints on output variables can be implemented using soft constraints (with the

use of penalty factors).

Figure 5.19 shows a simulation in which all setpoints were changed at the same

time. It can be seen thatPf lash is the slowest variable to attain the setpoint value,

which could be changed with a di�erent controller tuning. Considering the open-loop

dynamics, this settling time was considered reasonable.
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Figure 5.15: Closed loop simulation - �ash pressure setpoint change - aggressive
tuning
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Figure 5.16: Closed loop simulation - �ash pressure setpoint change -� u constraint
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Figure 5.17: Closed loop simulation - �ash pressure setpoint change -xv;t constraint
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Figure 5.18: Closed loop simulation - �ash pressure setpoint change -xv constraint
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Figure 5.19: Closed loop simulation - all variables setpoint change - base case
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5.5 Degradation model implementation

The proposed degradation model establishes a direct relation between equipment

operation e�ort and its level of degradation. Unlike other common models, such

as Gamma processes, degradation increments are not dependent explicitly on time.

Instead, degradation increments are dependent on current state and process vari-

ables. Another level of detail in the model would be to consider degradation level

as a function of feed composition, but this is beyond the scope of this work.

The simulation of degradation model in process nominal condition, which was

chosen arbitrarily, yields pro�les shown in Figure 5.20. The randomness of the

degradation process is explicited, but also its monotonicity. Both are desired char-

acteristics in the design of a fatigue degradation model.

Figure 5.20: Degradation simulation in nominal condition

The degradation dependence with the manipulated variable is shown in Fig-

ure 5.21, in which is presented a simulation with decreasing pump power.

This simulation shows an interesting asymptotic behavior of the proposed model,

and that is the stopping of degradation process when the pump is progressively

shut down. Besides this being a hypothetical model, and experimental datasets

are needed to test model predictive capability, these preliminary results encourage
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Figure 5.21: Degradation simulation in nominal condition
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further investigation.

5.6 Crack length estimation

Using a representative model of the degradation process, online state estimation

was performed using a particle �lter. While on the process control a simple tool

such as the Kalman �lter was used, this problem requires a more sophisticated tool.

This is due to the absence of a representative linear model of the process, and the

importance of keeping the statistical information of the model.

In the �rst set of simulations, a constant pump power (W(t) = 4 :246MW) was

considered. Figure 5.22 and Figure 5.23 present the results of the SIS �lter imple-

mentation. The problem of weight degeneracy can be seen progressively worsening

the conditioning of the particle set, to the point of only one particle having a rel-

evant weight, and then to the point of this particle degenerating and consequently

all particles ending up with inde�nite weights.

Figure 5.22: Crack length online estimation - SIS �lter,a priori distribution (dot
size represent particle weight)
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Figure 5.23: Crack length online estimation - SIS �lter,a posteriori distribution
(dot size represent particle weight)

Figure 5.24 and Figure 5.25 present the results of the SIR �lter implementation.

It can be seen that, by implementing the resampling step, distributions keep well-

conditioned, even for longer times. Also, measurement updating e�ectively narrows

the samples distribution, �ltering the most likely updates from alla priori estimates.

Figure 5.24: Crack length online estimation - SIR �lter,a priori distribution (dot
size represent particle weight)
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Figure 5.25: Crack length online estimation - SIR �lter,a posteriori distribution
(dot size represent particle weight)

All parameters from the stochastic model were implemented in the particle �lter

as the real values, meaning that no in�uence of modeling error was considered in this

implementation. The only parameter that was changed was the likelihood function

standard deviation, which was chosen to be� = 0:001. This was done solely due to

numerical issues related to the very narrow real likelihood function. This led to a

more permissive �lter, which means thata posteriori distributions are wider than

necessary to describe the state.

Using the particle �lter framework, RUL predictions can be performed. However,

as RUL prediction generally involves a high number of state transitions, leading to

high-dimensional statistical problems, it is known that a distribution reconstruction

using importance sampling is nearly infeasible. The chosen strategy, then, was to

retrieve information about the distributions by standard Monte Carlo sampling. As a

discrete-time state transition model was used, predicted RUL belongs to a discrete

set. Thus, the very number of occurrences of each realization was considered as

representative of the probability.

Results of RUL prediction for the SIS and SIR �lters are presented in Figure 5.26

and Figure 5.27, respectively. It can be seen that, even though both �lters predict

consistent average values for the RUL, SIR �lter RUL distribution narrows around

the real RUL as time passes. This is due to the resampling step, which redistributes

particles in the most likely values. As this does not happen in the SIS �lter, all par-

ticles are kept, regardless of their probability, and in RUL prediction this ultimately

leads to no information update, as RUL prediction ignores particles weight.
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Figure 5.26: RUL prediction - SIS �lter (dot size represent probability)

Figure 5.27: RUL prediction - SIR �lter (dot size represent probability)

A set of simulations with varying pump power were also performed (W(t) =

10:615� (5 � t)=5 MW, t in years). Figure 5.28 and Figure 5.29 show results for

the SIS �lter, and Figure 5.30 and Figure 5.31 show results for the SIR �lter. Once

again the failure of SIS �lter is showcased, in the sense that the particles degenerate

and lose statistical meaning.
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Figure 5.28: Crack length online estimation with varying pump power - SIS �lter,a
priori distribution (dot size represent particle weight)

Figure 5.29: Crack length online estimation with varying pump power - SIS �lter,a
posteriori distribution (dot size represent particle weight)
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