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Abstract

The objectives of this thesis are modeling, control and fault diagnosis for chemical batch reac-
tors. Due to their strong nonlinearities, intrinsically unsteady operating conditions and lack of
complete state and parameters measurements, control, optimization and diagnosis of chemical
plants and processes are major technical challenges for industrial engineers and control experts.
The benefits of advanced control for chemical reactors include increased productivity and im-
provements in safety, product quality and batch to batch uniformity. Although the control and
diagnosis techniques presented here are applicable to a broad range of nonlinear systems, the
application of these methods to a nonlinear process control problems has been emphasized. To
this aim, a complex reaction scheme has been chosen as application to test the effectiveness of the
proposed techniques on a simulation model built in the Matlab/Simulink® environment.

First, a complete model, involving a large number of reaction and intermediate chemical
species, has been developed. Then a number of simplified reaction schemes, involving only a
limited number of reaction and chemical species, has been considered in order to reproduce the
behavior of the complete model. The parameters of these simplified models have been identified
via a nonlinear estimation method. Therefore, the high-order complete model has been adopted
to build a reliable and accurate simulation model, while the design of the control and diagno-
sis schemes has been achieved by resorting to the reduced-order simplified model, thanks to its
limited complexity and computational burden.

An original Feedback Linearizing Controller has been designed for the reactor temperature
control and a stability analysis has been rigourously developed. First, an adaptive nonlinear
observer has been designed to estimate the heat released by the reaction, then, a temperature con-
trol scheme has been designed, based on the closure of two control loops. Two different observers
have been designed, the first one compute the heat on the basis of the concentration estimate and
of the knowledge of the reaction kinetics, the latter one estimates the heat as unknown parameter.

Finally, assuming the presence of redundant temperature sensors both in the reactor and in
the jacket, a fault detection and isolation scheme, based on a bank of two diagnostic observers,
has been developed. As diagnostic observer the observers designed for control purpose have
been adopted.

All the proposed approaches have been tested via a realistic simulation model, built in the

Matlab/Simulink®© environment, and have been compared with other well-established techniques.



Contents

Contents
List of Figures
List of Tables
Introduction
L1 Overview of previousand related work . . . ... .. .. ... ... ... ... ...
L11 Modeling . ... ... ... ... ...
[12 Control . . . . . . . e
[1.3  Faultdiagnosis . .. ... .. ... ... .. ... .. .. . .
12 Objectives and results of the thesis . . . ... ...... ... ... ... ... ...
I3 Outlineofthethesis. . . . ... ... ... .. .. .. .. .. .. .
1 Modeling
1.1 Introduction to chemical kinetics . . . .. ... ... ... ... ... .. . ...
1.2 Reactortypes . . ... ... ... . ...
1.3 The mathematical model of an ideal jacketed batch reactor . . . ... .. ... ...
1.3.1 The heat released by thereaction . . . . . ... ... ... .. .. .. .....
14 Compartmentreactormodel . . . . . ... ... ... L L L L L
1.5 Phenol-formaldehyde reaction . .. ... .. ... .. ... ... ... ... ... ..
1.5.1 Reactionscheme . .. ... ... ... ... .. ... ... .. . ...
1.52 Mathematicalmodel . . . ... ... ... ... .. L
153 Massbalances . . . . ... ...
154 Heatreleased by thereaction . . . ... ... ..... ... .. .......

2 Identification of reaction dynamics

2.1
2.2
23
24

25

Introduction . . . . . . . ...
Model identification . . . . . . . . ...
Parameter estimation . . . . . . ... L o
Optimization algorithms for parameters estimation . . . ... ... ... ... ...
241 Linearmodels . . . . . . . . .. e
242 Nonlinearmodels. . . . . . ... ...
243 Implicitnonlinearmodels . . . . ... ...... .. ... ... ... ..

Model identification for the phenol-formaldehyde polymerization. . . . . ... ..

DS T~ N O \C R



2.5.1 Generation of input-outputdata . . .. ... ... ... ... .. 0.

2.5.2 Selection of candidatemodels . . . . . . ... ... L L oL oL
253 Parametersestimation . . . ... ... ... ... o oL L
254 Modelvalidation . . . ... ... ... .. o o
3 Control
3.1 Introduction . . . . ... ... ...
32 Modeling . . . . . ...
3.3 Estimation of the heat released by thereaction . ... ... ..... ... ......
3.3.1 Model-based nonlinear observer . . . . ... ... ...............
3.3.2 Modelfreeapproaches . . . . .. ... ... ... L L o L L
3.4 Model-based controller . . . . . . ... ... ... L
3.5 Stability analysis of the controller-observer scheme . . ... ... ... .. ... ..
3.6 Addition of anintegralaction . . . .. ... ... ... . o o oL L
3.7 Concludingremarks . ... ... .. ... .. ... L
3.8 Application to the phenol-formaldehyde reaction . . .. ... .. ... ... ... ..

4 Fault diagnosis

4.1 Introduction . . . . . . . . . . .
4.2 Basic Principles of model-based fault diagnosis . . . . . ... ... . ... ... ...
421 Faultisolation . . . . . . . . . ...
4.2.2 Performance evaluation of a fault diagnosis system . . . ... ... ... ..
4.3 Faultclassification. . . . . . . . . . L
44 Proposed FDIscheme . . . . .. .. ... ... ... ... .. .. .. .. .. .. . ...
441 Residualsgeneration . . . ... ... .. ... ... ... L L.
442 Sensorfaults. . . . ... ... ...
443 Actuatorsfaults . . . . .. ...
444 Decision MakingSystem . . . . .. ... ... ... . L Lo L L
5 Case studies
51 Introduction . . . . . . . . . .. e
52 Simulationmodel . . . . . ...
5.3 Identification of the reaction kinetics . . . . . .. .. .. ... ... ... . ... ..
53.1 Estimation of kinetic parameters . . . . ... ... ... .. ... ... ... .
5.3.2 Estimation of the molar enthalpy changes . . . . . .. ... ... .......
5.3.3 Modelvalidation . . . ... ... ... ..

5.4 Control

55 Faultdiagnosis . .. ... ... ... ... ...

Conclusions and future work

Bibliography

64
64
66
68
69
69
71
72
72
73
73

76
76
76
78
78
79
85
95
102

112
114



List of Figures

1.1 a) Batch Stirred Tank Reactor (BSTR); (b) Continuous Stirred Tank Reactor (CSTR);

(c) Tubular Reactor, or Plug Flow Reactor (PFR). . . . ... ... ... ... ....
1.2 Structure of compartments around the impeller. . . . .. ... ... ... .. .. ..
1.3 (a) Phenol; (b) Formaldehyde. . . . . ... ... .. ... ... ... .. .. .. ... 10
14 Formation of the reactive compounds from phenol (a) and formaldehyde (b). . .. 11
1.5 Reactive positions on the phenolring. . . .. ... ... ... .. ..... .. .. .. 11
1.6 Additionreactions . .. .. ... ... ... 12
1.7 Examples of possible condensation reactions: (a) condensation of two methylols;

(b) condensation of a methylol with a free position of phenol. . . . ... ... ... 13
1.8 Dimersregarded ascompound Dy. . . . . . .. ... L Lo 14
3.1 Blockschemeofthecontrol. . . .. ... ... ... ... ... .. .. .. ... 56
4.1 Physical versus Analytical redundancy. . . ... ... .. ... .. ... ...... 66
42 Model-based fault diagnosis. . . ... ... ... ... ... ... .. ... 67
4.3 Fault diagnosis and controlloop. . . . . ... ... .. .. .. .. .. .. ... 68
44 Open-loopsystem. . .. ... ... ... ... ... e 70
45 Sensorfault. . . .. ... ... ... 70
46 Actuatorfault. . . . ... ... . 71
47 DMSVoter Logic. . . ... ... . . . e 75
5.1 Model o first-order kinetics: temperature profileno.1. . ... ... .. .. ... ... 87
5.2 Model o second-order kinetics: temperature profileno.1. . . ... ... ... .. .. 87
5.3 Model 3 first-order kinetics: temperature profileno.1. . . .. ... ... ... .. .. 88
54 Model 8 second-order kinetics: temperature profileno.1.. . . . .. ... ... ... 88
5.5 Model o first-order kinetics: temperature profileno.2. . . ... ... ... .. ... .. 89
5.6 Model o second-order kinetics: temperature profileno.2. . . ... ... ... .. .. 89
5.7 Model 3 first-order kinetics: temperature profileno.2. . . ... ... ... ... ... 90
5.8 Model B second-order kinetics: temperature profileno.2.. . . ... ... ... ... 90
5.9 Model o first-order kinetics: temperature profileno.3. . . ... ... ... ... ... 91
5.10 Model o second-order kinetics: temperature profileno.3. . . . ... ... ... ... 91

5.11 Model (3 first-order kinetics: temperature profileno3. . . ... ... ... ... ... 92



5.12
5.13
5.14
5.15
5.16
517
5.18
5.19
520
521
5.22
523
524
525
5.26
527
5.28
5.29
5.30
531
5.32
5.33
5.34
5.35
5.36

5.37
5.38
5.39
5.40

Model 3 second-order kinetics: temperature profileno3.. . . . . .. ... ... ... 92

Model « first-order kinetics: temperature profileno4. . . ... ... ... ... ... 93
Model o second-order kinetics: temperature profileno4. . .. ... ... ... ... 93
Model (3 first-order kinetics: temperature profileno4. . ... .. ... ... ... .. 94
Model 3 second-order kinetics: temperature profileno4.. . . . ... ... ... ... 94
Desired reactor temperature profile. . . . ... ... ... ... .. o 0L 96
Case study 1: reactor temperature tracking errors. . . . . . ... ... ... ... .. 98
Case study 1: commanded temperature of the fluid entering the jacket. . . . . . . . 98
Case study 1: estimates of the heat released by the reaction. . . . . . ... ... ... 99
Case study 1: estimatesof 6. . . . . .. ... ... ... ... .. .. .. .. .. ... 99
Case study 2: reactor temperature tracking errors. . . . . ... ... ... ... ... 100
Case study 2: commanded temperature of the fluid entering the jacket. . . . . . . . 100
Case study 2: estimates of the heat released by the reaction. . . . . . . ... ... .. 101
Case study 2: estimatesof 6. . . . . . ... ... ... .. .. L L L L. 101
Output errors of the observers in healthy conditions. . . . ... ... ... ... .. 103
Voting measure of T); (abrupt bias at sensor Sj;1). . . . .. ......... ... ... 105
Detection and isolation residuals (abrupt bias at sensor S;1). . . ... ... ... .. 105
Voting measure of 7, (abrupt switch to zero at sensor S;2). . . . .. ... ... ... 106
Detection and isolation residuals (abrupt switch to zero at sensor S;2). . . . . . .. 106
Voting measure of T} (slow driftatsensor S;1). . . . .. ............. ... 107
Detection and isolation residuals (slow drift at sensor S;). . . . ... ... ... .. 107
Voting measure of T, (increasing noise at sensor S, 1). . . . . . ... .. ... .. .. 108
Detection and isolation residuals (increasing noise at sensor S-1). . . . . ... ... 108
Voting measure of T; (abrupt freezing of the measured signal on sensor S;;). . . . 109
Detection and isolation residuals (abrupt freezing of the measured signal on sensor

1) 109
Actuator fault: faulted input (abrupt constant bias). . . . ... ... ... ... ... 110
Actuator fault: residuals (abrupt constant bias). . . . . . ... ... ... o L. 110
Actuator fault: faulted input (abrupt freezing). . . . ... ... ... ... ... .. 111

Actuator fault: residuals (abrupt freezing). . . ... ... ... ... ... ... .. 111



List of Tables

1.1
1.2
1.3
14
1.5

4.1

5.1
52
53
54
5.5
5.6
57
5.8

59

5.10

511

5.12
5.13

Methylolphenols. . . . .. ... ... .. .. .. 12
Dimers. . . . . . e 14
Parameters of addition reactions. . . . . . ... ... ... L L L L L. 16
Pre-exponential factors of reactions of addition of dimers. . . . . . . ... ... ... 20
Pre-exponential factors, in [m? - mol~! - s7!], of condensation reactions. . . . . . . 23
Decisions of DMS on the basis of the residuals. . . . ... .. .. ........... 74
Simulation parameters. . . . . . ... L Lo Lo 77
Best fit kinetic parameters for Model ce. . . . . . ... ... .. oo oL 79
Best fit kinetic parameters for Model 3. . . . . . . ... ... ... o oL 80
Kinetic parameters for Model o: pre-exponential factors and activation energies. . . 81
Kinetic parameters for Model 3: pre-exponential factors and activation energies. . . 81
Molar enthalpy changes for Model ce. . . . . .. ... ... ... ... ... ..... 82
Molar enthalpy changes for Model 3. . . . . . ... ..... ... ... ... ..... 82
Molar enthalpy changes variable with the temperature for Model a with first-order

Kinetics. . . . . . . . .. 82
Molar enthalpy changes variable with the temperature for Model o with second-
orderkinetics. . . . . .. ... .. 83
Molar enthalpy changes variable with the temperature for Model 3 with first-order
Kinetics. . . . . . . . .. 83
Molar enthalpy changes variable with the temperature for Model § with second-
orderkinetics. . . . . .. ... . 84
RMSE on the test temperature profiles. . . . . ... ..... ... ... ... ..., 86

Controller-observer parameters. . . . . . . ... ... ... ... 97



Introduction

Discontinuous reactors (batch and semi-batch) are used extensively for the production
of specialty chemicals, polymers or bioproducts, because of their flexibility in operation
mode. Usually these processes are characterized by small volume production and by re-
action systems quite complex and not entirely known. The control of batch reactors can
have widely differing immediate objectives, from simple rejection of small disturbances
to development of a complete on-line operational strategy in response to the observed
system behavior, [13]. From the practical point of view, safety and product quality are
the mostly interesting aspects. Process control engineers have developed considerable
expertise in continuous processes, characterized by steady-state operation condition, but
the application of this expertise to discontinuous processes rarely achieves comparable
success. Control and optimization of batch processes are real challenges for process con-

trol engineers, [13], because of some technical and operational considerations as:

o Time-varying characteristic. In a batch reactor, chemical transformation proceed from
an initial state to a very different final state. Even if the temperature is kept constant,
the concentration, the heat produced and the reaction rates change significantly
during a batch run. Therefore there exists no single operation point around which

the control system can be designed.

o Nonlinear behavior. The batch processes are characterized by strong nonlinearities,
which are originated, for instance, from the nonlinear dependency of the reaction
rates on concentrations (often) and on temperature (always), or from the nonlin-
ear relationship between the heat exchanged from the reactor to the cooling jacket.
Since the reactor operates over a wide range of conditions, it is not possible to use,
for the purpose of control design, approximate models linearized around a single

operating point.

o Model inaccuracies. The development of reliable models for batch processes is very

time consuming. Hence, in many cases, even the number of significant reactions
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is unknown, not to mention their stoichiometry or kinetics. As consequence only

approximated models are available.

o Few specific measurements. Chemical composition is usually determined by drawing
a sample and analyzing it off-line, i.e., by using invasive and destructive methods.
On-line specific chemical sensor, e.g., spectroscopic sensors, are still rare. Further-
more, the available measurements of physical quantities such as temperature, pres-
sure, torque of the impeller, might present low accuracy due to the wide range of

operation that the measuring instrument has to cover.

o Presence of disturbances. Some disturbances cannot be totally ruled out. These dis-
turbances can be due to operator mistakes (e.g., wrong solvent choice or incorrect
material balances), processing problems (e.g., fouling of sensors and reactor walls,
insufficient mixing), presence of impurity in the raw material. Also the evolution
of the heat produced can be seen as an important nonstationary disturbance. Al-
though it is typically unmeasured, in some cases it can be estimated and used in

the control scheme.

o Irreversible behavior. In batch processes with history-dependent product properties
(e.g. polymerization), it is impossible to introduce remedial correction. Instead in
continuous processes, an appropriate control action can bring the process back to

the desired steady state.

o Limited corrective action. Due to the finite duration of a batch run, the possibility to
influence the reaction typically decreases with the time. Often, if a batch run shows

a deviation in product quality, the charge has to be discarded.

I.1 Overview of previous and related work

In the following, a brief overview of the state of the art and of previous work on the topics

related to the thesis is presented.

I.1.1 Modeling

A reactor comprises a chemical reaction system and a processing equipment (reactor ves-
sel). The reaction systems are often poorly known; even when the desired product and

the main side reactions are well known, since there might exist additional poorly known
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or totally unknown side reactions or partial product. Moreover, sometimes the reaction
involves a great number of chemical species and a detailed model of all of them may be
useless. Hence, often the kinetic model involves few real and pseudo (lumped) reaction
in order to follow the behavior of the concentration of interest. To this aim, many tech-
niques aimed at reducing the complexity of models and to identify the model parameters
have been introduced in the last two decades, (see, e.g.,[11,12,51,94,96]). These problems
are not trivial, because the model structure is unknown and one is faced with choosing
many various candidate models. Moreover, the equations describing the system are of-
ten nonlinear differential and/or algebraic equations and the parameters may vary over
a wide range of values. Three different kind of model have been used in the literature for

batch processes:

1. Data-driven black box models. These are empirical input-output models, often able
to represent the relationship between manipulated and observed variables. To this
aim, ARMAX-type models [81], models based on neural network [10], and, more
recently, multivariate statistical PLS models [89] have been proposed. These models
are relatively easy to obtain, but present two main drawbacks: (i) they are, usually,
inadequate for predicting the reactor behavior outside the experimental domain in
which the data were collected for model building; (ii) they are able to represent
only relationships between variables that are manipulated or measured; hence, key

variables, such as the heat or the concentrations, are difficult to represent.

2. Knowledge-driven white box models. This is the preferred approach for modeling batch
reactors. It is a mechanistic, state-space representation based on stoichiometric and
kinetic knowledge, as well as on energy and mass balances for the reactor. The ki-
netic model describes the effect that temperature and concentrations have on the
rate of each reaction. The energy and mass balances relate the states (concentra-
tions, temperature and volume) to the inlet streams and possible disturbances. The
drawbacks of these models are the following: (i) no realistic model is purely mech-
anistic, so a few physical parameters typically need to be estimated on the basis of
experimental data; (ii) their derivation is very time-consuming and they are diffi-
cult to build for industrially-relevant reaction systems (e.g. polymerization); (iii)
they cannot be derived in presence of unknown side-reactions or unknown partial

products.

3. Hybrid grey-box models. They are a combination of the previous ones. Typically



Introduction ix

they are characterized by a simple (simplified) structure based on some qualita-
tive knowledge of the process [49]. Pseudo or lumped reaction are often exercised
within hybrid models, so it is necessary to identify some model parameters and,
sometimes, adjust them on-line. To this purpose, tendency models have been pro-
posed in literature [35]. Parameters identification is based on nonlinear optimiza-
tion techniques, as the steepest descent method (gradient method), the Newton-
Raphson method and the Levenberg-Marquardt method. The drawback of this ap-
proach is that, often, is not possible to follow, using a simplified model, all the

species involved in the reaction, but only the species of major interest.

I.1.2 Control

Usually, the main task of the control system of a batch reactor is that of imposing a given
temperature profile inside the vessel. Control of the temperature allows to determine the
behavior of the chemical reaction, and thus the final product of the batch. In particular,
for each product, a suitable temperature profile is defined, including heating and cooling
phases: the capability of tracking the desired profile determines directly the quality of
the final product. Usually the temperature is controlled via the heat exchange between
the reactor and a heating/coolant fluid, circulating in a jacket surrounding the vessel or
in a coil inside the vessel.

Frequently, a cascade controller is adopted. The most common cascade configura-
tion is characterized by two temperature controllers: the output of the reactor tempera-
ture controller (master) becomes the set-point of the cooling jacket temperature controller
(slave).

The most commonly used control strategies are based on conventional linear PID
controllers. If the process is only mildly nonlinear or it operates near a nominal steady-
state condition these controllers can provide good performance. But, often, industrial
processes, including polymerization process, can exhibit highly nonlinear behavior and
operate within a wide range of conditions. In these cases, the conventional PID con-
trollers must be tuned very conservatively, in order to provide stable behavior over the
entire range of operation; of course this may cause a degradation of control system per-
formance.

In the last two decades, nonlinear model-based control strategies began to be pre-
ferred for complex processes, [45]. The development of these strategies has been moti-

vated by the development of efficient identification methods for experimental nonlinear
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models and significant improvements in the capability of computer-control hardware
and software, that permit a high level of online computation.

Nonlinear control design methods mostly investigated are the input/output lineariza-
tion, also known as feedback linearization, and the nonlinear model predictive control
(MPQC).

The input/output linearization provides an exact linearization of the model, indepen-
dent of the operating point. The control laws include the inverse of the dynamical model
of the process, provided that such an inverse exists. Several process control design meth-
ods, such as generic model control [59], globally linearizing control [54], internal decou-
pling control [5], reference system synthesis [8] and a nonlinear version of internal model
control [43], are based on this approach.

The model predictive control theory is a well-established design framework for linear
systems. It is an optimal-control based method to select control inputs by minimizing an
objective function. This function is defined in terms of both present and predicted system
variables, and is evaluated by using an explicit model to predict future process outputs.
The success of this techniques for linear systems has motivated the extension to nonlinear
systems (nonlinear MPC). The control problem formulation is analogous to linear MPC
except that a nonlinear dynamic model is used to predict future process behavior. It
needs the solution, at each sampling instant, of a nonlinear programming problem [9];
the computational effort is compensated by the benefits of the nonlinear approach.

Both the previous approaches need an accurate model of the process and the measures
of the state variables. As aforementioned, the measures of the whole state is, often, not
available, but a possible solution to this problem is the state estimation via nonlinear
observers [34,41].

An alternative approach is to design the controller on the basis of empirical model,
developed from experimental data. To this aim the most interesting and investigated tool

are the artificial neural networks [10, 30, 33].

1.1.3 Fault diagnosis

Safety problems in chemical reactors are due to many causes, e.g. equipment failures,
human errors, loss of utility and instrument failures. The occurrence of a fault may cause
a process performance degradation (e.g., lower product quality) or, in the worst cases,
fatal accidents, such as run-away. Depending on the nature of the problem, the proper

response can be to hold the reaction sequence until the failure has been removed, or to
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initiate an orderly emergency shutdown. The adoption of automatic fault detection tech-
niques, achieving fast and reliable detection of faults, is necessary in order to develop
an automatic correction system. Faults can be divided in actuator faults (e.g., electric-
power failure, pomp failure, valve failure), process faults (e.g., abrupt variation of the
heat transfer coefficient, side reaction due to impurity in the raw material) and sensor
faults. Often, sensor redundancy is adopted and a suitable voting scheme is developed
in order to recognize the faulty sensor and output a healthy measure.

Several fault diagnosis approaches have been proposed for steady-state processes
(e.g., continuous reactors), but the application of these techniques to batch chemical
processes are usually difficult because of the reasons previously introduced. Existing
fault diagnosis approach for chemical batch reactors can be roughly classified in model
free approaches (i.e., approaches based on statistical analysis, neural networks or ex-
pert systems) and model-based approaches (e.g., observer-based techniques). Statisti-
cal techniques can be classified in univariate statistical techniques (e.g., simple thresh-
olding [67]) and multivariate statistical techniques (e.g., principal component analysis
(PCA) [31,56,99] and projection to latent structures (PLS) [66,105]). The univariate statis-
tical approaches use upper and lower bounds for individual variables to detect and iden-
tify faults. They are easy to implement but lead to a significant number of false alarms;
furthermore, not all faults can be detected by the violation of the normal variation range
of individual variables. Multivariate techniques achieve best performance both in term of
accuracy and of robustness. Multivariate techniques in conjunction with methods based
on PCA /PLS project most of the information on the measured process variables onto low
dimensional spaces, where a region of normal operative conditions can be easily defined.
Namely, measurements are projected onto a low dimensional space and compared with
the normal or common-cause variation predicted by the model. Then, statistical tests are
used to detect any abnormal behavior. The major benefit of the multivariate statistical
techniques is that a model of the system is not needed, and only a database of historical
data regarding normal operation conditions is required.

Knowledge-based expert system approaches to fault diagnosis have been proposed in
the literature. The main drawbacks of these approaches are in the knowledge acquisition
and the unpredictability of the expert system response outside its domain of expertise.
These problems can be overcame by using artificial neural networks (ANNSs). The ANNs
do not require explicit encoding of knowledge or a deep knowledge of the mathemati-

cal model of the process. The first applications of ANNSs in fault diagnosis for chemical
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process are based on back-propagation networks [47,101]. More recently, different neu-
ral networks architectures have been preferred because their best generalization perfor-
mance; for instance Radial Basis Functions (RBFs) networks, [106], or Dynamic Neural
Networks, [75], have been adopted. In [87,88] a combination of ANNs and knowledge-
based expert systems (i.e., fuzzy systems) is presented. Recently, Bayesian Belief Network
(BBNs) have been adopted for detecting faults in processes both in steady-state operation
conditions, [71,86], and in unsteady operation conditions, [70].

Model-based analytical redundancy methods [20,37,76,100] are based on the compar-
ison between the measurements of a set of variables characterizing the behavior of the
monitored system and the corresponding estimates predicted via a mathematical model
of the system. The deviations between measured and estimated variables provide a set of
residuals sensitive to the occurrence of faults; then, by processing the information carried
by the residuals, the faults can be detected (i.e., the presence of one or more faults can be
recognized) and isolated (i.e., the faulty components are determined). Among the model-
based analytical redundancy methods, the observer-based methods require a model of
the system to be operated in parallel to the process, i.e., the so called diagnostic observer.
To the purpose, Luenberger observers [39, 50, 95], Unknown Input Observers [93] and
Extended Kalmann Filters [48] have been mostly used in fault detection and identifica-
tion for chemical processes and plants. Since perfect knowledge of the model is rarely
a reasonable assumption, soft computing methods, integrating quantitative and quali-
tative modeling information, have been developed to improve the performance of FD
observer-based schemes for uncertain systems (see, e.g., the survey in [77]). Remarkably,
a major contribution to the observer-based approach has been given by [84,108], where
the failures are identified by the so-called on-line interpolator (e.g., ANNs whose weights

are updated on line).

I.2 Objectives and results of the thesis

This thesis deals with the problems of modeling, control and fault diagnosis for batch

reactors. The objectives of the thesis are:

e The development of an accurate model of a batch reactor in which a complex reac-
tion takes place. Then, the development of a simplified model suitable for control
purposes; in order to be used in the control laws, this model could be sufficiently

accurate, but, at same time, not too much complex.
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e The development of a novel control scheme more efficient and robust then the con-

ventional linear schemes.

e The development of a fault diagnosis method for batch chemical processes, that

could detect and isolate sensors and actuators faults.

In order to pursue the above objectives, first of all, a complex exothermic reaction
scheme, modeling the production of a pre-polymer of the phenolic resin and involving
phenol and formaldehyde, has been considered.

First, a complete model, involving a large number of reaction and intermediate chem-
ical species, has been derived. Then, a number of simplified reaction schemes, involving
only a limited number of reaction and chemical species, has been considered in order to
reproduce the behavior of the complete model. The parameters of these simplified mod-
els have been identified via a nonlinear estimation method. The obtained models are
able to effectively predict the heat produced by the reaction and the concentration of the
desired product. Therefore, the high-order complete model has been adopted to build
a reliable and accurate simulation model, while the design of the control and diagnosis
schemes has been achieved by resorting to the reduced-order simplified model, thanks
to its limited complexity and computational burden.

Then, a nonlinear controller-observer scheme, based on input/output linearization,
has been designed, [17,83]. First, an adaptive nonlinear observer has been designed
to estimate the heat released by the reaction, then, a temperature control scheme has
been designed, based on the closure of two control loops. Namely, an outer control loop,
closed on the reactor temperature, computes the reference signal for the inner control
loop, closed on the jacket temperature. The convergence of the overall scheme, in terms
of observer estimation errors and controller tracking errors, is rigourously proven, via a
Lyapunov-like argument, for a large class of reaction schemes.

Finally, assuming the presence of redundant temperature sensors both in the reactor
and in the jacket, a fault detection and isolation scheme, based on a bank of two diag-
nostic observers, is developed, [80]. Two different observer designs have been proposed:
the adaptive observer previously introduced for control purposes, and a model-free ob-
server, based on an online general purpose interpolator for estimating the heat released
by the reaction.

All the proposed approaches have been tested via a realistic simulation model, built in

the Matlab /Simulink®© environment, and have been compared with other well-established
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techniques.

I[.3 Outline of the thesis

The thesis is organized as follows:

Chapter 1 concerns the modeling of batch reactors, with a brief description of the re-
actor types and of the basic principles of the chemical kinetics. Furthermore, the phenol-
formaldehyde reaction, chosen as application during all the thesis, is described and mod-
eled.

Chapter 2 presents an overview on identification techniques and their application to
the phenol-formaldehyde reaction.

Chapter 3 illustrates the controller-observer proposed scheme for temperature con-
trol of batch reactors. Two novel nonlinear observers are presented for the estimation
of the heat released by the reaction, and a two-loop control scheme, based on feedback
linearization, is designed. Stability analysis both for the observers and for the overall
scheme, are rigourously developed via Lyapunov arguments.

Chapter 4, after a brief introduction to fault diagnosis, presents the proposed fault
detection and isolation technique, based on temperature sensors redundancy and on the
generation of residuals via the nonlinear observers presented in Chapter 3.

Chapter 5 gives some simulation results about the application of identification, con-
trol and diagnosis techniques for a batch reactor in which the phenol-formaldehyde re-
action takes place. In particular a comparison between the proposed control scheme and

a well-established technique is presented.



Chapter 1

Modeling

1.1 Introduction to chemical kinetics

Chemical kinetics deals with the study of the rates of chemical reactions. The reaction
rate can be defined as the change of concentration of reactants, AX, that occurs during a

given period of time, At
AX
At
When infinitesimally small change in concentration d.X, occurring over an infinitesimally

RA =

short period of time, d¢, is considered, the instantaneous rate of reaction is defined as

dX
R, =—.

Several factors influence the reaction rate: the physical state of reactants and products,
the concentration of reactants, the temperature, the presence or absence of catalysts. To
the aim of this thesis only reactions in liquid phase are considered. In general, according
to the collision theory, increasing the reactants concentrations increases the reaction rate,
because molecules must collide in order to react. The dependence of the reaction rate

from the concentrations can be expressed via the following exponential law

R, =k(T;) [[ C}” (1.1)
J

where Cj is the concentration ([mol-m~3]) of the j;, reactant, k(T}.) is the rate constant,
depending on the reaction temperature ([K]), 7., and n; is the order of the reaction with
respect to jy;, reactant . The overall order n of the reaction is given by the sum of all the

individual orders

n = E nj.
J
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For elementary reactions the exponents n; should be the same as the stoichiometric coef-
ficients in the balanced equation, but for more complex reactions this is usually not true
and they must be determined experimentally.

The rate constant k(7;.), usually, contains the temperature dependence of the reaction
rate. The simplest, but remarkably accurate, formula for the rate constant is the Arrhenius
law. It was first proposed by the Dutch chemist H. van’t Hoff in 1884; five years later the
Swedish chemist Swante Arrhenius provided a physical justification and interpretation
for it.

The basic idea is that the reactants, in order to react, first need to acquire enough
energy to form an activated complex. This minimum energy is called activation energy
([J'mol~1]), E,, for the reaction. In thermal equilibrium at the temperature 7, the frac-

tion of molecules, that have a kinetic energy greater than F,, can be calculated from the

BT, ) , where

R is the universal gas constant ([J-mol~-K~!]). This leads to following law for the rate

Maxwell-Boltzmann distribution and turn out to be proportional to exp <—

constant

k(T,) = koexp (—RE; ) . (1.2)

The constant k is a frequency factor, usually called pre-exponential factor, and it is a spe-
cific constant of each particular reaction. The physical dimensions of the pre-exponential
factor depend on the order of the reaction. It can be seen that either increasing tempera-
ture or decreasing the activation energy, will result in an increase in rate of reaction.

In the X X" century, several improvement to the Arrhenius law were proposed; for
instance, in 1916-18, Trautz and Lewis proposed a pre-exponential factor proportional
to the square root of the temperature. This reflects the fact that the overall rate of all
collisions, reactive or not, is proportional to the average molecular speed, which, in turn,
on the basis of collision theory, is proportional to /7. In practice, the dependance of
the pre-exponential factor from /7, is, usually, very slow compared to the exponential

dependance associated with E,, so it can be easily disregarded.

1.2 Reactor types

In a chemical process, at least two compounds are brought together in order to react or
aid the reaction (catalysts). Hence, multiple material flows must be considered. These

flows can either occur as:
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e batch, where process occurs repeatedly, interrupted when the reactants are loaded

and the product are unloaded;

e semi-batch, where some material flows are discontinuous while others are continu-

ous;

e continuous, in this case is possible to distinguish between counter current, co-

current and cross current flow.

The chemical reactors can be roughly classified into three categories, based on three

ideal models:
a) Continuous Stirred Tank Reactor (CSTR);
b) Tubular Reactor, or Plug Flow Reactor (PFR);

¢) Batch Stirred Tank Reactor (BSTR).

L
L

H

(a) (b) (c)

Figure 1.1: a) Batch Stirred Tank Reactor (BSTR); (b) Continuous Stirred Tank Reactor (CSTR); (c)
Tubular Reactor, or Plug Flow Reactor (PFR).

The CSTR and BSTR models are based on the assumption of perfect (instantaneous)
mixing. Therefore, the entire content of the reactor is assumed to be homogeneous with
respect to the temperature and the concentration. The PFR model is based on the as-
sumption of no mixing in axial direction and perfect mixing in radial direction.

The continuous reactors are characterized by a continuous inlet stream of reactant
and by a continuous outlet stream of products. Except an initial transient they operate in
steady-state conditions.

The CSTRs consist of a well-stirred tank, where, under the hypothesis of perfect mix-
ing, the product composition is identical to the one inside the reactor, and invariant with

respect to time. They are used for large productions, so they tend to be rather large and
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need to be efficiently mixed. Deviations from ideal behavior occur when there is a less
effective mixing regime and may generally be overcome by increasing the stirrer speed
or by more effective reactor baffling.

The PFRs consist of a pipe, or tube, where a stream of reactants is pumped through.
The reaction proceeds as the reactants travel through the tube. At the inlet the reaction
rate is very high, because of the high concentrations of reactants, but, as the concentra-
tions of reactants decrease, the reaction rate slows down. These reactors are characterized
by perfect radial mixing and no axial mixing. Therefore, the system parameters vary
along the axes of the tube, but are constant with respect to time.

The BSTRs are used for small scale production. They consist of a well-stirred tank,
where all the reactants are loaded at once and then left for a long time, in order to obtain
high conversion degree. The concentrations vary with respect to time, but, under the
hypothesis of perfect mixing, are uniform in all the volume. Other important features are
that the total mass of each batch is fixed, each batch is a closed system and the reaction
time for all the reagents is the same. Batch reactors are diffused, in practice, because of
their flexibility with respect to reaction time and to the kind and quantities of reaction
that can be performed.

The reactors are often characterized by a heating/cooling system, where a flow of
heating/cooling fluid is injected in order to heat the reacting mixture or to remove the

excess heat. Different heating/cooling systems are available in the industrial practice:
1. A jacket in which the inlet temperature of heating/cooling fluid is adjusted.

2. Both a jacket and an inside coil are present. Cooling water circulates in the coil,

while heating fluid is injected in the jacket.

3. Ajacket in which heating and cooling can be performed alternatively by choosing

a hot or cold fluid.

1.3 The mathematical model of an ideal jacketed batch reactor

The mathematical model of a jacketed batch reactor is given by the mass balances for
each species involved in the reaction and by the energy balances in the reactor and in the
jacket.

On the basis of mass and energy conservation principles, the mass and energy that

enter a system must either leave the system or accumulate within the system, i.e, a generic
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balance must be written as

IN =0UT + ACC

where IN denotes what enters the system, OUT denotes what leaves the system and
ACC denotes accumulation within the system. /N and OUT must be positive terms,
instead ACC may be positive or negative. In the particular case of chemical systems, a

production term (PR), due to the reaction, is introduced such as
IN +PR=0UT+ ACC. (1.3)

The production term can be positive or negative.
The batch reactor is a closed system in which there are no input and output terms.

Therefore, the mass balance simply becomes
ACC = PR.

For the generic i, chemical species in the reactor, the mass balance can be written as

4 / CidV = / R;dV, (1.4)

where C; is the concentration ([mol-m~3]) of the i, species, V is the reaction volume
([m3]), R; is the rate ([mol s~* m~3]) at which the i, species is produced (R; > 0) or
consumed (R; < 0).

In the following, it is assumed that the reaction occurs in liquid phase; therefore, the

reaction volume can be considered constant and equation (1.4) becomes

dC; ac;
SV=RV = =

R;. (1.5)

The term R; can be written as

Ri == :|:I/2'Rr,

where v; is the stoichiometric coefficient of the i, species and R, is the reaction rate
computed via (1.1). The sign is plus if the species is a product and minus if it is a reagent.
Hence, the mass balance for the i, species becomes

dC;
dt

= +uk(T) [[ €57 (1.6)
J
The energy balance in the reactor is given by

d
dt (prcpr‘/;"Tr) =Q-US (Tr - T]) ) (1.7)
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where % (prepr Vi 1)) is the accumulation term, V;. is the reactor volume, p, is the density
of the reacting mixture ([kg-m~3]), ¢, is the mass heat capacity of the reactor contents
(J-kg™ ' K™1]), Q is the heat produced (Q > 0) or consumed (Q < 0) by the reaction and
represents the production term, US (7, — T}) is the heat exchanged with the jacket, U
(J-m—2-K~1.s71]) is the heat transfer coefficient, S ([m?]) is the heat transfer area and T;
is the temperature of the fluid in the jacket.

Under the assumption of liquid phase, the density and the mass heat capacity can be
considered constants

dar, Q Us

= — T —T;). 1.8
dt prcpr‘/;" prcprvr ( j> ( )

In the cooling jacket, there are a cool (or hot) fluid, entering the jacket with tempera-
ture 7}, and flow rate F' ([m?.s~!]), and a stream leaving the jacket with temperature 75
and flow rate F'. The temperature 7,,, because of the assumption of perfect mixing in
the jacket, is equal to the temperature of the fluid in the jacket, T}. In the jacket there is
no reaction and, therefore, no production term, so the energy balance is the following

d

where Vj is the jacket volume, p; is the density of the fluid in the jacket, c,; is the mass
heat capacity of the fluid in the jacket.

Under the usual assumption of liquid phase, equation (1.9) becomes

dT; UsS F
L= (Tr—jﬂj)+v(Ti - Tj). (1.10)
j

dt — pjcpiVj
In conclusion, the mathematical model of an ideal jacketed batch reactor, in which
a reaction, involving p species, takes place, is given by p mass balances (1.6) and two

energy balances, the first written for the reactor (1.8) and the latter written for the jacket
(1.10).

1.3.1 The heat released by the reaction

During a chemical reaction, some molecular links are broken an new ones are created. In
order to broke or create a link, the system needs to absorb or release some energy, usually
in form of heat. The energy released (or absorbed) by the reaction can be computed

analyzing the molar enthalpy change, AH ([J-mol~!]), between reactants and products

AH = Hyy — Hye, (1.11)
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where H, is the sum of the enthalpy of all the products and H,. is the sum of the enthalpy
of all the reactant species.

AH can be positive, i.e. H, > H,., or negative, i.e. H,. > Hp. In the first case
the reaction absorbs energy as it moves towards completion and it is called endothermic;
instead, if AH < 0, the energy is released during the reaction, which is called exothermic.

The molar enthalpy change gives the heat released or consumed for each mole, in
order to obtain the effective heat for time unit, involved in a reaction, it is possible to use

the following expression

Q= -AHV,R. = —~AHV,k(T,) [[ C}. (1.12)
J

The sign minus is used in order to have a positive heat for exothermic reactions and a

negative heat for endothermic reactions.

1.4 Compartment reactor model

In the presence of a non-perfect fluid mixing, the ideal models are not adequate to de-
scribe real chemical reactors. To this aim, many complex models have been introduced.
In this section, the compartment reactor model is described.

Industrial stirred tank reactors are often characterized by non-uniformities of con-
centrations and temperature as a result of non-perfect fluid mixing. These effects be-
come more and more critical when the reaction heat and/or the reactor volume increase.
Networks composed of fictitious interacting compartments have been applied to de-
scribe a large numbers of industrial processes in which partial mixing phenomena take
place [23]. A compartment model approach has been also proposed for modeling of non-
ideal stirred tank reactors [16,25,107], since, when compared to the alternative approach
of Computational Fluid Dynamics, it has important computational advantages. In the
following, a compartment model for a single-phase jacketed batch reactor is developed
as described in [16].

A vessel agitated by means of a Rushton turbine located halfway with respect to the
liquid depth is considered. If the vorticity is eliminated by suitable baffles, the main lig-
uid circulation flow rate, F¢, generated by the impeller is radially directed and then split
in two equal returning flows, F./2, which are recirculated to the turbine. Additionally,
secondary flow rates F, must be considered to account for the axial mixing occurring at

the ideal planes of separation between the main circulation streams (Figure 1.2).
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Figure 1.2: Structure of compartments around the impeller.

The circulation and exchange flow rates are related to both the impeller speed N and

the blade diameter D via the following relationships, [73,98]
F.=K.ND?

F.=K.ND3,

where the factors K. and K. mainly depend on system geometry [25]. Hence, for any

given system, a linear relationship between F, and F, holds
F,=4F,

where § is a positive constant.

On the basis of the considered macroscopic flow pattern, the dominant circulation
flows, F, and F./2, subdivide the reactor into three parallel levels; each level, in turn,
is divided into n./3 equally sized compartments of volume V., = V,/n., where V, is
the volume of the whole reactor. Every compartment is modeled as a non-stationary
ideal continuous stirred tank reactor, with a main inlet and outlet flow which connects
the given compartment with adjacent compartments on the same level, and secondary
exchange flows accounting for the turbulent mixing with adjacent compartments laying
on the upper and/or lower level (Figure 1.2).

The mass balance written for a generic compartment contains the terms given by the
mass exchange between the adjacent compartments. For instance, for the i, species and
a generic hy, compartment on the central level the following relationship holds

F(Cis —Cip) 4 Fo(Cig+ Ci — 2C; 1)

Ci :RZ ’
h=fiht Vi V.

)

(1.13)
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where C; ;, R; j, and T}, are the concentration of the iy, species, the rate of production of
the i;;, species and the temperature in the h;, compartment, respectively. The subscripts u
and [ denote the adjacent compartment lying on the upper and lower level, respectively,
while subscript s denotes the compartment located on the same level but upstream with
respect to the dominant circulation flow. When the balance is written for the first com-
partment of the central level, (i.e., h = % +1), the term accounting for the inlet circulation
flow is modified, since it is composed by two different contributes originating from the

corresponding compartment located on the upper and lower level, respectively.

: F. (Ciu+Ciy —C; Fo(Ciy + Ci — 2G5
Ci,h:Rz,HQ( e n) | FelCu o h), (1.14)

Moreover, equations (1.13) and (1.14) must be suitably modified when the balance is
referred to compartments laying on levels 1 and 3, where C,, and C) are, respectively,
equal to zero and F, has to be replaced by F./2. Therefore for the h;, compartment of
level 1 the following relationship holds

. F.(Cis—Cin)  Fe(Ciy —2C;p)
, R. ; LA : i 1.1
Cz,h = 4y h 9 ‘rc ‘,C > ( 5)

and for the hy, compartment of level 3

F. (Ci,s - Cz‘,h) Fe(Ci u 2Ci,h)

Cin= Rip+ 5 v + v . (1.16)
Analogously, the energy balance in the generic compartment on the central level
yields
: —-AH)R US (1, —T; Fo(Ts — 1, F.(T) + T, — 2T,
7, = VB g US(Th=T5) | Fe h (T h) 117)
PrCpr V::pTCpT’ Ve Ve

where Ry, is the reaction rate in the hy, compartment, 3, is the geometric ratio between
the effective heat exchange surface of the considered compartment and the whole heat
transfer area, S, (3 = 0 for compartments not bordering the jacket). Moreover, the same
corrections as for mass balances must be introduced in the energy balance written for the
first compartment on the central level and for the compartments on levels 1 and 3.

Finally, the energy balance in the jacket reads

L NS US(TL-T)) | (Th—T))
T,=Y By LA 1. F. (1.18)
’ hzz‘{ Vipjcpj Vj
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1.5 Phenol-formaldehyde reaction

In this section a detailed mathematical model of a complex reaction scheme is developed.
This model forms the basis for a detailed simulation scheme, which will be used for
testing and validation of the control and diagnosis scheme developed in this thesis.

The phenol-formaldehyde reaction for the production of a pre-polymer of a resol-
type phenolic resin is considered. Phenolic resins are the oldest thermosetting poly-
mers, therefore several authors have studied this reaction. The polymerization process of
phenol-formaldehyde was carried out in the early X X** century, but the studies of the
reaction were carried out later [32,36]. A few works have been tackled the problem of the
mathematical modeling of resol-type phenolic resins, because of the complexity of the
kinetic scheme. In [74] a theoretical model for the branching reactions has been devel-
oped, but the kinetic parameters were taken from the novolak chemistry, which differs
widely in the nature of reactions, reactivity ratios and substitution effects. More recently,
in [68,85], a model of the synthesis of resol-type phenolic resins, including the effect of
various parameters as pH, formaldehyde-to-phenol molar ratio and catalyst, has been
proposed.

Phenol (C¢HsOH) and formaldehyde (C H20) can react in the presence of a catalyst
and with different formaldehyde-to-phenol molar ratios. On the basis of formaldehyde-
to-phenol molar ratio, r,, it is possible to obtain resol-type resins (r, > 1), or novolak-
type resins (r, < 1). For the resol-type resins an alkaline catalyst is used, while novolak-
type resins need an acid catalyst. Phenol and alkaline catalysts are commercial products,
used without further purification; formaldehyde is available as a 37% aqueous solution.
In an alkaline aqueous solution, phenol and formaldehyde react in the form of phenolate
and methylene glycol, respectively. In Figure 1.4 the formation of these compounds from

phenol and formaldehyde is shown.

OH

(@ (b)

Figure 1.3: (a) Phenol; (b) Formaldehyde.
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Figure 1.4: Formation of the reactive compounds from phenol (a) and formaldehyde (b).

Phenol presents three reactive sites, two located in -ortho and one in -para positions
(see Figure 1.5), that are characterized by different reactivity; the formaldehyde as methy-
lene glycol presents two reactive positions.

OH

ortho ortho

para

Figure 1.5: Reactive positions on the phenol ring.

1.5.1 Reaction scheme
The reaction for the production of phenolic resin occurs in two phases:

(i) Addition; the formaldehyde reacts with the reactive positions of the phenol ring
and produces methylolphenols, in which the hydrogen of the phenol is substituted
by a methylol group (CH2OH). During this phase, mono-, di- and tri- substituted

phenols are formed.

(ii) Condensation; the methylolphenols condense either with other methylol groups to
form ether linkages or, more generally, with available reactive unsubstituted posi-

tion in the phenol ring to form methylene bridges.

The initial addition reactions of formaldehyde with phenol are faster than the sub-

sequent condensation reactions; therefore, the methylolphenols are initially the predom-
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inant intermediate compounds. The addition reactions are shown in Figure 1.6, [85].
During this phase, a mixture of phenol, formaldehyde and five different methylolphe-
nols (monomers) is present. In the following, the notation £; and E3 will be used for
phenol and formaldehyde, respectively, and the notation E; (i = 3...7), will be used for
the methylolphenols. In Table 1.1 all methylolphenols produced in the addition phase

are reported.

OH OH
CH20H HOCH:> CH20H
+E2
R d
+E2
+E2 E3 Es
OH +E2 OH
i HOCH2 : CH20H
+ E2
E1 +E CH:0H
E7
OH OH
CH20H
+ E2 ?
R d
CH20H CH20H
E4 Ee

Figure 1.6: Addition reactions

Symbol | Chemical Formula

By | CeH,OH(CH,OH)
Ey | CsH,OH(CH,OH)
BEs | CeHsOH(CHyOH),
Es | CsH;0H(CH,OH),
B | CeHsOH(CH,OH)s

Table 1.1: Methylolphenols.

During the condensation phase, the methylolphenols react either with other methy-
lolphenols or with phenol, and the products are characterized by the presence of two
phenol rings (dimers). Examples of possible condensation reactions are shown in Figure
1.7, [85].
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CH20 CH2
+ H20

oH OH OH OH
CH20H CH2
+ > +H20
(b)

Figure 1.7: Examples of possible condensation reactions: (a) condensation of two methylols; (b)

@%

condensation of a methylol with a free position of phenol.

The obtained dimers can be different both for the number of methylol groups and
for the position of these groups. These compounds can react either with formaldehyde
to produce dimers with a different structure (addition reaction), or with other dimers
or methylolphenols in order to obtain compounds characterized by three phenol rings

(trimers). In this way; it is possible to obtain even long chains (polymers).

1.5.2 Mathematical model

The pre-polymer with the highest concentration of the tri-substituted phenols, E7, has
been considered as desired product. Therefore, to our purposes, the reaction must be
stopped after the addition phase, hence, dimers and trimers can be considered as waste
products. For this reason, in the model all the monomers, some aggregate dimers and
an aggregate trimer are considered. Elements characterized by more than three phenol
rings have not been taken into account, because the reaction must be stopped before their
production. All the dimers with the same number of methylol groups are regarded as
unique species; in this way only five different aggregate dimers are considered, reported
on Table 1.2. In the following, the notation D;, (j = 0...4), where j is the number
of methylol groups, is used. As an example, in Figure 1.8, all the species, regarded as
aggregate dimer D; are represented.

In this reaction, the trimers are produced in very low quantities; therefore, all the

trimers are considered as unique species, denoted as Ej3.
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OH OH

OH OH OH

OH
HZOH O

CH:OH

OH

q

CH:OH
CH:OH

Figure 1.8: Dimers regarded as compound D;.

Symbol Chemical Formula

Dy (CeHy)2(OH)oC Hy

Dy | CsH,C4H3(OH)o(CH,OH)C Hy
Dy | CeHyCoHo(OH)o(CHyOH),CH,y
D3 | CsH3CoHy(OH)o(CHyOH)3CHy
Dy | C4HyCsHo(OH)o(CHyOH),CH,y

Table 1.2: Dimers.

In conclusion, a reaction scheme involving thirteen chemical species is modeled. The
elements Fy and E» are the initial reactants (phenol and formaldehyde, respectively),
E;, (i = 3...7), are the methylolphenols produced during the addition phase, D;, (j =

0...4), are the aggregate dimers and FE3 is the aggregate trimer.

1.5.2.1 Selected reactions

Among all the possible reactions, 89 reactions have been selected. In particular, the 7
addition reactions of Figure 1.6 and the 77 condensation reactions characterized by the
highest values of the reaction rate, have been considered. The remaining reactions are fic-
titious reactions: 4 are the addition reactions of formaldehyde with the aggregate dimers,
which represent sets of real reactions, and the last one is representative of the condensa-

tion of dimers with monomers.
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1.5.2.2 Reaction rates

According to [32,85], both addition and condensation reactions are characterized by sec-
ond order kinetics. In order to obtain the constant rates of the reactions, the procedure
developed by [68,85] has been used. In [85] the synthesis of a number of different resol-
type resins is studied and the obtained model is experimentally validated. The constant
rates at temperature of 80°C' are computed by referring to the constant rate of a refer-
ence reaction, experimentally obtained. For the remaining reactions, the constant rate is
adjusted using some coefficients, which take into account the different reactivity of the
position -ortho and -para of the phenol ring, the reactivity due to the presence or absence
of methylol groups and a frequency factor. The whole procedure and the values of all
these coefficients for a number of resins can be found in [85].

Once the constant rates at 80°C' and the activation energies are obtained, it is possible
to compute the pre-exponential factors of each reaction using the Arrhenius law (1.2).

In this thesis, the numerical values obtained for the resin R7'84 have been adopted.
This resin is obtained via the reaction of phenol and formaldehyde in the presence of
an alkaline catalyst ((C H3C H2)3N ) and with excess of formaldehyde. Values of the ac-
tivation energies for the addition reactions are present in literature, for instance in [32]
and [85]. Here, the values proposed by [85] are used. For the condensation reactions and

the following addition reactions of the dimers, an average value has been adopted.

1.5.2.3 Reactions

In the following, all the considered reactions are reported, with the expression of their

reaction rates and the values of their pre-exponential factors and activation energies. The

notation C;, (¢ = 1,...,7 and ¢ = 13), is adopted to denote the concentration of the
element £; and the notation Cj, (j = 8,...,12), is used for the concentration of dimer
Dj_g.

Addition

1) Ei+ By — E3,' R, = leng.

2) E1+ Ey — Ey; Ry = ko C105.

3) B3+ Ey — Es; R3 = k3C3C5.

4) E5+ Ey — Eg; Ry = k4C3C5.
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5) E4—|—E2 —>E6,'
6) Es + E9 — E7;

7) Es+ E2 — E7;

Rs = k5C4C5.
Rg = k¢C5C5.
Ry = k7CeC5.

The values of the pre-exponential factors, kg ;, and of the activation energies,

reported in Table 1.3.

E,; are

Parameter Value Parameter Value
ko 1.13-10° [m3 - mol~! - s71] Ea1 89.1 [k]- mol~!]
ko 2 2.26-10° [m? - mol~! - s7!] Eu» 91.7 [k]- mol~!]
ko3 4.34-10° [m?® - mol~! - s71] E.3 98.5 [k]- mol~!]
ko4 2.09 - 10° [m? - mol ™! - s7!] Eau 88.2 [k]- mol™!]
ko 5 1.11-107 [m3 - mol~! - s71] Eu5 99.0 [k]- mol~!]
ko6 1.68-10%2 [m3 - mol~! - s71] E.6 91.5 [k]- mol™!]
ko7 6.99 - 10° [m? - mol~! - s71] Eu7 92.2 [k]- mol ']
Table 1.3: Parameters of addition reactions.
Condensation

The selected reactions are the following;:

8) E1 + E3 — Dy;

9) By + E3 — Dy;

10) £ + E4 — Dy;
11) E1 + E4 — Dy;
12) E, + Es — Dy;
13) E1 + E5 — Dy;
14) E1 + Eg — Dy;
15) F1 + Eg — Dq;

16) E; + E¢ — Dq;

Rg = ksC1C5

Rg = koC1C5

Rio = k10C1Cy
Ri1 = k11C1Cy
Rip = k12C1C5
Ri3 = k13C1C5
Riy = k14C1Cp
Ri5 = k15C1C6

Rig = k16C1C6
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17)
18)
19)
20)
21)
22)
23)
24)
25)
26)
27)
28)
29)
30)
31)
32)
33)
34)
35)
36)

37)

Ey + Eg — Dy
Ey + E7 — Do
Ey+ E7 — Doy
Ey+ E7 — Doy
Ey1+ E7 — Doy
E3 + E3 — Do + Eb;
E3+ Es — Dy;
Es + E3 — Dy;
E3+ Ey — Do + E»;
E3+ Ey — Dy;
E3+ Ey — Dy
E3+ Ey — Dy;
E3+ Es — D1 + Ey;
B3+ E5 — Dy;
B3+ E5 — Dy;
B3+ E5 — Dy;
Es+ Eg — Dy + E»;
E3 + Eg — Dy + E»;
E3 + Eg — Do;
E3 + Eg — Do;

Es + Eg — Do;

38) E3+ Eg — Do;

39) E3+ Eg — Do;

40) E3 + E7; — Do + E»;

Ri7 = k17C1Cs
Ris = k1sC1C7
Rig = k19C1C7
Rao = k20C1C7

Ro1 = k21C1Cr

Rgg = k22C3
Ro3 = ko3C3
Roy = koyC3

Ros = ko5C3C,
Rag = koC3Cy
Ro7 = ko7 C3Cy
Raog = kogC3Cy
Raog = kogCUsC5
R3o = k30C3C5
Rg1 = k3105C5
Rgg = k320505
R33 = k33C3C6
R3y = k34C3C6
Rgs = k35C3C6
R36 = k36C3Cs
Rg7 = k37C3Cs
Rgs = k3sC3Cs
Rg9 = k39C3Cs

Ryo = kaoC3C7
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41) E3 + E7 — Dy + E»;
42) B3+ E7 — Do + E»;
43) E53 + FE7 — Ds;
44) E5 + FE7 — Ds;
45) B3+ FE7 — Ds;
46) E4+ E4 — Do+ Eo;
47) Ey+ Ey — Dy;
48) E4+ Es — D1 + Ey;
49) E; + Es — Do;
50) E4 + E5 — Ds;
51) B4+ Eg — D1 + Eo;
52) B4+ Eg — D1 + Eo;
53) E4+ Eg — Do;
54) E4+ Eg — Do;
55) B4+ Eg — Ds;
56) E4+ E7 — Do + Eo;
57) Ey+ E7 — Do + Ey;
58) E4 + E7 — Ds;
59) E4+ E7 — Ds;
60) E5+ E5 — Do + Ey;
61) Es5 + E5 — Ds;
62) E5+ Eg — Dy + E»;
63) L5 + Eg — Do + Eo;

64) E5 + Eg — Ds;

Ry = ka1 C5C7
Ryg = ka2 C3C7
Ry = ka3Cs5C7
Ryy = kaaC3C7
Rys5 = kasC3C7
Ryp = kssC3

Ry7 = ka7C3

Ryg = kasCyCs
Rag = kagCyCs
Rs50 = k50CaCs
Rs51 = k51C4Cs
Rso = k52C4Cs
Rs3 = k53C4Cs
Rs4 = k54C4Cs
Rs5 = k55C4C6
Rs6 = ks6CaCr
Rs7 = k57C4Cr
Rss = kssCaCr
Rsg = k59CsCr
Reo = keoC?

Re1 = ka1C2

Rz = ke2C5C6
Rz = ke3C5C6

R4 = keaC5C6
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65) E5+ Eg — Ds; Res = ke5C5C6
66) Es+ Eg — Ds; Res = kesC5Cs
67) E5 + Er — D3 + Eo; Rer = ke7CsCr
68) E5 + E7 — D3+ Es; Res = kesCsC7
69) E5 + E; — Dy; Rgg = keoC5C7
70) E5 + E7 — Dy; R70 = k70C5C7
71) E¢ + Eg — Dy + Eo; Ry = knC3
72) E¢ + Eg — Do + Ey; Ryo = kpoC?
73) E¢ + Eg — Do + Eo; Rys = k3 C?
74) E¢ + Eg — Ds3; Rry = knaC3
75) Eg + Eg — D3; Res = ks CE
76) Eg + E; — D3+ Eo; Rrz¢ = k76CsCr
77) Es + E7 — D3 + E»; R77 = k7 CeCr
78) E¢ + E7 — D3 + E»; R7g = krsCeCr
79) E¢ + E7 — D3 + Es; Rrg = kr9CsCr
80) Esx + FE7 — Dy; Rgy = kgoCsC7
81) Eg + E; — Dy; Rgy = kg1CsC7
82) E7+ E7r — Dy + E»; Rso = ksoC?
83) Er+ E7r — Dy + Ey; Rgs = ks3C?
84) E7 + E7 — Dy + Ey; Rgy = kgsC?

As aforementioned, the activation energies of these reactions have been considered
equal to an average value of 90 [k]- mol~!]; the values of the pre-exponential factors, ko ;

are reported in Table 1.5.
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Addition of dimers

In this phase the dimers react with the formaldehyde to produce dimers characterized by
a different structure. Because of the use of aggregate dimers, these reactions are fictitious

and each of them represents a set of real reactions.

A85) Dy + Fs — Dy; Rgs = kg5C3Co
A86) D; + Es — Do; Rgg = kggC9Co
A87) Dy + Ey — D3; Rg7 = kg7C10C2
A88) D3+ FEy — Dy; Rgg = kgsC11C2

As for the condensation reactions, an average activation energy of 90 [k]- mol~!] has been
considered as well. The pre-exponential factors are computed as average values of the

pre-exponential factors of addition reactions. Their values are reported in Table 1.4.

Parameter Value Parameter Value
ko 85 1.40 - 105 [m? - mol ! - s71] ko s6 2.41-10° [m? - mol =t - s71]
ko 87 2.20-10° [m? - mol~! - s7!] ko ss 2.52-10° [m? - mol~! - s7!]

Table 1.4: Pre-exponential factors of reactions of addition of dimers.

Condensation of dimers

In this phase the dimers react with the monomers. There are hundreds of possible reac-

tion, but, here, only this fictitious one is considered

7

4
Z Ez"’ZD] — Fi3,

i=1,i#2 Jj=0
with reaction rate
7 12
Ro=kso [ > Ci)| (DG
i=1,i7#2 Jj=8
The pre-exponential factor is an average values of the pre-exponential factors of the
selected condensation reactions and it has the value of ko g9 = 9.69-10% [m® - mol~! - s71].

As usual, the activation energy, E, g9, is adopted equal to 90.0 [k]- mol~!].
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1.5.3 Mass balances

Let us consider an ideal jacketed batch reactor, in which the phenol-formaldehyde reac-

tion takes place. The mathematical model for this system is given by the mass balances of

the thirteen chemical species and by the energy balances in the reactor and in the jacket.

The mass balances, according to equation (1.5), are the following:

Ch

C

Cy

Cs

Co

Cr

Cs

—Ry — Ry — Rg — Ry — R1o — R11 — Ri2 — Rig — Riy — Ri5 — Rae
—Ri7 — Ri1g — Ri9 — Roo — Ro1 — éng;

—Ry — Ry — R3 — Ry — Rs — R¢ — R7 — Rgs — Rge — Rgr — Rss
+Ro2 + Rog + Rog + Rz + R3a + Rao + Ra1 + Rag + Ra7 + Rso + Rs1
+R54 + Rss + Rs9 + Reo + Re2 + Res + Rer + Res + Rr1 + Rra + Ry
+R76 + R77 + Rrs + Rrg + Rs2 + Rgs + Rsa;

—R3 — Ry — Ry — Ry — 2Ro2 — 2R93 — 2Ro4 — Ros5 — Ro — Roy

—Rog — Rog — R3o — R31 — R32 — R33 — R34 — R3s — R3e — Ray

—R3g — R3g — Rao — Ru1 — Rag — R4z — Raa — Ra5 — éRgg + Ry

—R5 — R10 — R11 — Ros — Rog — Ro7 — Raog — 2Ra6 — 2Ry7 — Rus
—Ra9 — Rs0 — Rs1 — Rs2 — Rs3 — Rsa — Rss — Rs6 — Rs7 — R

—Rs9 — éng + Ro;

—Rs — Ri12 — R13 — Rag — R30 — R31 — R32 — Rs3 — Rsa — Rss

—2Rg0 — 2R61 — Re2 — Re3 — Rea — Res — Ree — Re7 — Res

—Rg9 — Rro — %ng + Ra3;

—R7 — Ria — Ri5 — Rig — Ri7 — R3g — R34 — R3s — R3¢ — R37 — Ras
—R39 — Rag — Rag — R50 — Rs51 — Rs2 — Rea — Re3 — Rea — Res — Ree
—2R71 — 2R72 — 2R73 — 2R74 — 2R75 — Ryg — R77 — Rrg — Ry

—Rgo — Rg1 — %Rgg + Ry + Rs;

—Ryg — Rig — Roo — Ro1 — Ryo — Ra1 — Rag — Rag — Ray — Ry5 — Rse
—R57 — Rsg — Rs9 — Rer — Res — Reg — R0 — R7g — Rrr — Rg — Ry
—Rgo — Rg1 — 2Rgy — 2Rg3 — 2Rga — éng + Re + Rr;

1
—Rgs — 5R89 + Rg + Rg + Rio + R11 + Raa + Rag + Rar;
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Co = —Rgs— %ng + Ri2 + Ri3 + Ria + Ri5 + Rig + Ri7 + Rz + Roa
+Ros5 + Ro7 + Rog + Rog + R33 + R3a + Rag + Rso + R51 + Rsa + Ras;
Cio = —Rsr— éng + R5 + Ris + Rig + Roo + R21 + R3o + R31 + Raz
+R35 + Rse + R37 + Ras + Rsg + Rao + Ra1 + Rag + Rag + R + Rso

+R53 + Rss5 + Rsg + Rsg9 + Reo + Re2 + Rez + R71 + Ryo + Ry + Rge;

Cii = —Rgs— %ng + Raz + Rua + Ras + Rs + Rs7 + Re1 + Rea + Res
+Re6 + Re7 + Res + Rz + Rys + Rre + Rer + Rrs + Rrg + Rar;

Cip = _%RBQ + Reg + R0 + Rso + Rs1 + Rga + Rgz + Rga + Rss;

Ci3 = R

1.5.4 Heat released by the reaction

In order to write the energy balance in the reactor (equation (1.8)), the following expres-

sion for the heat released by the reaction can be adopted

7 88 84
Q= —~V;AHqq (Z Ri+ > Ri> — V2 AHeon (Z R; + ng> : (1.19)
=1

i=85 i=8
where V;. is the volume of the reactor; AH,4 and AH,,, are the average molar enthalpy
changes for the addition and condensation phases, respectively. The values of these pa-
rameter are AH,q = —20.3 [k] mol~'] and AH,,, = —98.7 [k] mol~'], [46]. According to

equation (1.11), both the addition and the condensation reactions are exothermic.
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Parameter | Value Parameter | Value Parameter | Value
ko s 3.65-103 ko9 3.01-103 ko 10 1.91-10°
ko,11 2.31-103 ko,12 2.75 - 10* ko,13 2.28 - 10*
ko 14 1.59 - 103 ko 15 1.32-103 ko 16 2.04 - 103
ko 17 1.68 - 103 ko 1s 7.38 - 103 ko 19 6.10 - 103
ko.20 8.57-10° ko,21 7.08 - 103 ko,22 1.45-10°
ko.23 1.83-104 ko.24 2.89-103 ko,25 9.17 - 102
ko 26 1.23-10* ko 27 5.81-103 ko 28 3.62 - 102
ko.29 1.09 - 10* ko.30 2.39 - 100 ko,31 6.92 - 10*
ko 32 4.32-103 ko 33 6.32 - 102 ko 34 8.08 - 102
ko 35 7.86 - 103 ko 36 5.12-103 ko 37 4.00 - 103
ko 38 2.50 - 102 ko 39 3.19 - 102 ko 40 2.93 103
ko,41 3.40 - 103 ko 42 1.85- 104 ko 43 2.15 - 10*
ko 44 1.16 - 103 ko 45 1.34-103 ko 46 5.82 - 102
ko a7 1.56 - 10* ko 48 6.93 - 103 ko.49 9.29 - 10*
ko 50 1.52 - 10° ko 51 5.12 - 102 ko 52 4.01 - 102
ko.53 5.37 - 103 ko 54 6.87 - 103 ko 55 4.98 - 10°
ko 56 1.86 - 103 ko 57 2.15- 103 ko 58 2.49 - 10%
ko.59 2.89 - 10* ko.60 8.26 - 10* ko,61 3.61-10
ko,62 4.78 - 103 ko,63 6.10 - 103 ko,64 5.93 - 10%
ko,65 1.05 - 10° ko,66 1.34 - 10° ko 67 2.21-10*
ko 68 2.68 - 10* ko.69 4.48 - 10° ko.70 5.62 - 10°
ko1 2.76 - 102 ko, 72 7.06 - 102 ko.73 4.51 - 102
ko74 6.87 - 103 ko 75 8.78 - 103 ko 76 1.28 - 103
ko 77 1.49-10° ko 7s 1.64-10° ko 79 1.90- 103
ko.80 1.59 - 10* ko,81 1.85-10* ko.82 5.93 - 103
ko 83 1.38 - 10* ko 84 7.98 103

Table 1.5: Pre-exponential factors, in [m

3

-mol~! - s71], of condensation reactions.
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Identification of reaction dynamics

2.1 Introduction

Most nonlinear process control and diagnosis strategies require an explicit mathematical
model of process dynamics. Thus, control or diagnosis of the phenol-formaldehyde re-
action may require a reliable model of the reaction dynamics. Since the model of phenol-
formaldehyde reaction devised in Chapter 1 is characterized by 15 differential equations,
it could be unsuitable for on-line computations. Also, such a complex and high dimen-
sional model could be not useful to design control and diagnosis schemes. In fact, the
computational complexity of a control scheme grows rapidly as the model complexity
increases. For this reason, to control purposes, a model that satisfies two important crite-
ria is needed. First, it must be compatible, in structure and complexity with the require-
ments of the control system design methodology. The second criterion is that the model
must approximate the process dynamics well enough so as the resulting control system
will perform adequately in practice. In this thesis, an identification technique has been
adopted to estimate the parameters of a number of reduced-order models, able to effec-
tively predict the heat released by the reaction as well as the concentration of the desired

product.

2.2 Model identification

In general, a systematic approach to model identification consists of the following steps
[45,63]:

1. generation of a set of input-output data;
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2. selection of a general class of models to be considered;
3. selection of a number of models to be fit;

4. estimation of model parameters;

5. validation of identified models.

The problem of model identification is not strictly a mathematical problem. In par-
ticular, the model structure selection, the choice of the parameter number and the model
validation involve considerable subjective judgement.

The input-output data can be obtained via an experimental procedure or via a simula-
tion study. In the first case the problem is to find the model that better fit the experimental
data; if the data are produced in simulation, the problem consists in finding a simplified
model which has a behavior as similar as possible to the complete one.

As regards the model structure, the following options should be considered [13,45]:
e black-box model;

e parameter white-box model;

e hybrid grey-box model.

In the first case, the system is represented as an empirical input-output model, e.g.,
an ARMAX-type model or a model based on Artificial Neural Networks. The parameter
white-box models are based on the knowledge of the system dynamics and are character-
ized by some poorly known parameters to be estimated. The hybrid grey-box models are
a combination of the previous ones; they are characterized by a simplified structure based
on some qualitative knowledge of the system and by unknown parameters to be iden-
tified. All of these class of models have some advantages and some drawbacks: white
box models have the best performance, but they can be adopted only in the presence of a
deep knowledge of the system; empirical input-output models (black-box models) are the
simplest to obtain, but they, usually, are able to represent the system only in the expertise
domain in which the data are collected; grey box models allow to preserve the physical
sense of the system, but, due to the simplified structure, they lose some information with
respect to the white-box models.

Once a model structure is chosen, the parameters appearing in it must be estimated.
To this aim, an objective function, that determines the goodness of data fitting must be

selected. From maximum likelihood analysis, several alternative objective functions can
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be chosen. These can range from simple least-squares functions to fairly complex non-
linear functions, that incorporate general unknown covariance of the measurements (see
e.g., [6]). The final step is to optimize the model parameters in the objective function.
Since the optimization problem formed by the model and the objective function, may
require repeated and expensive solutions of differential equations, an efficient algorithm
should minimize the number of evaluations and, at the same time, converge easily to so-
lution. Usually, these algorithms require gradient information and some approximation
to the second derivatives matrix. For least-squares type objective functions, the Newton-
Raphson and the Levenberg-Marquardt algorithms provide the second derivative infor-
mation quite easily [11,63].

In this Chapter, a general overview of the optimization methods for parameter iden-
tification and an application of these methods to the phenol-formaldehyde reaction are

presented.

2.3 Parameter estimation

Consider a system, whose input-output relationship is described by the function ¢ : RY —
R™, and a set of input-output data D = {(x;,y;),x; € R, y, € R™,i =1,--- ,n}. The
output data y,; and the input data x; are related by the following relationship

Y = (@) +&

where e; models the effect of disturbances and measurement errors.
Let suppose that a certain model structure M () has been selected, which is parametrized

via the parameters vector 6 € RP. The set of candidate models M* is defined as
M*={M(0) : 0 € RP}.

The search of the best model within the set M* becomes a problem of determining or
estimating the parameters vector 8. Hence, it is necessary looking for testing procedure
aimed at evaluating the different models ability to reproduce the experimental data.

Define n vectors of residual errorsas (i = 1,--- ,n)

ri(0) = y; — 4;(0), (2.1)

where y;(0) is the output computed by the model M () corresponding to the input ;.
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The simplest way to describe the goodness of each model is the least-squares criterion.

This criterion leads to the following objective function

U@©) =Y [lr0)* =>_> 170, (2.2)
=1

i=1 j=1
where r; ;(0) is the j;, component of the vector ;(6).

An alternative is represented by the weighted least-squares criterion, in which differ-
ent weights, w; ;, are assigned at the different residuals, r; ;(#). The resulting objective
function is the following

n m
U@)=> > wi;ri;6). (2.3)
i=1 j=1

The weighted least-squares criterion is useful when different measurement data are
characterized by different precision: in this case a suitable choice for the weights can be

the following
Wi j = %7
irj
where 0227 ; 1s the variance of the component j;;, of the measured value y;.
The value of the objective function (2.2) or (2.3) depends on the value of the parame-
ters vector. Hence, the parameters estimation problem becomes an optimization problem,

i.e., the target is to find the vector 8" that optimize the objective function.

2.4 Optimization algorithms for parameters estimation

Several algorithms have been developed to optimize the least-squares objective function,
[11,61,69]. The problem is relatively straightforward to solve for linear in the parameters
models, but it becomes more and more complex in the presence of models nonlinear in
the parameters. In this section the most used methods to solve the optimization problem

are presented.

2.4.1 Linear models

The linear regression model structure is very used in practice, in which the model M(0)

is characterized by the following structure

5(6) = ()0, (24)
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where
(71(0)] 011(@) d1a(@) - b1 0,
G0 |PO| | gy |m@ m@) @] e,
511(6), 601(2) Gnal®) - Guupl@) 6.

The optimal value of the parameters vector is given by the solution of the following
system of equations (k = 1,--- ,p)

oU (0)
905

— 0. (2.5)

From equation (2.3) the following chain of equalities can be derived

n m R 8/\1' (0
85@(}{0) = 2> wyy [(ym‘ —4i,;(0)) yaéi)] =

i=1 j=1

o 9yi,;(0)
= —QZZZUZ'J |:Ti,j agk :|, (26)

i=1 j=1

where y; ;(0) is the j;;, component of the vector y,(0) obtained via (2.4) for = x;.

For the linear regression model (2.4) the following is obtained

9:50) _ 0 (v
Ték = 87916 (}; 9h¢jh($i)) = ¢jk‘(wl) 2.7)
Therefore, equation (2.6) becomes
out6) _ -2 Z Zwi,j [rijdj k(i) (k=1,---,p). (2.8)

90 i—1 j—1

Substituting the equation (2.8) in the equation (2.5) a system of linear equation in the

parameters is obtained. In matrix form it becomes

ag(:) =-2(y'we -0"¥'we) =0, (2.9)
where ) ) o
‘I’($1) Y
d(x
v = (, ?) , Y= y,2 ;
| P () ] Y]

W =diag{W,--- Wy}, W, =diag{wj1, -+ ,wjm}, j=(1,---,n).
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The solution of equation (2.9) can be obtained via the well-known left (weighted)
pseudoinverse of ¥
0" = (Twe) leTwy. (2.10)

If the least-squares objective function (2.2) is adopted, the weight matrix W is the

identity matrix, and equations (2.9) and (2.10) become

8((;2% = -2y’ ¥ -6"¥"¥) =0, (2.11)

0 = (Tw)twly, (2.12)

It is worth noticing that the solution (2.10), or (2.12), is the optimal solution, i.e., it

corresponds to the global minimum of the objective function.

2.4.2 Nonlinear models

For nonlinear in the parameters models the optimization problem is much more complex.
The optimization of the objective function, i.e., the best estimate of the parameters, is

obtained via iterative methods. These methods can be classified in [6]:

1. zero-order methods, based only on the values taken by the objective function at each

step;

2. first-order methods, based on the values taken by the objective function and of its

gradient at each step;

3. second-order methods, based on the values taken by the objective function, its gradi-

ent and its Hessian matrix (or an approximation of Hessian) at each step.

The zero-order methods are, generally, very inefficient to converge to the solution. A
number of gradient-based algorithms have been developed; they are characterized by
the computation of a search direction and by the determination of the step length to
take along this direction. The first and second-order algorithms may ensure efficient and
fast convergence of the algorithm, but they usually converge to a local minimum of the
objective function, i.e., they provide a sub-optimal solution. For this reason, they can give
different solution varying the initial estimate of the parameters vector, 8. To overcome
this problem, it is advisable to compare the results obtained using different initial guesses
of the parameters vector.

In the following, the most used optimization algorithm are briefly described.
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2.4.2.1 Steepest descent algorithm

The steepest descent algorithm, proposed by Cauchy in 1845, is the simplest first-order
algorithm. The gradient vector of the objective function, VU (8), represents the direction

of faster increasing of the function. Hence, if

0=0-rVU(0), (2.13)

for a step size, k > 0, small enough, then U(8) < U(0). In this way a recursive law can

be adopted in order to compute a sequence of parameter vectors such as
0i+1 = 9, - KVU(HZ) (214)

The gradient computed in 6; is the best direction only in the neighborhood of 6;;
therefore this algorithm may require a large number of iterations to converge towards a
local minimum. In particular, it converges very slowly in the neighborhood of the mini-
mum. If the curvature of the objective function is very different along distinct directions,
a possible solution can be to adopt a different value for the step size, «, at every iteration;
however finding the optimal value of ~ for each step can be very time-consuming.

To overcome these drawbacks of the steepest descent, the second-order algorithms,

based on the inversion of the Hessian matrix, can be adopted.

2.4.2.2 Newton-Raphson algorithm

It is the simplest second-order algorithm. The function U(#) may be approximated by

the linear portion of the Taylor’s series expansion, i.e.,
1
U(0) = U(8o) + VU(00)(0 — o) + (6 — 00)" H (60)(0 — 60), (2.15)

where H (0) is the Hessian matrix, whose elements, h; ;, are given by

0?U(0)
hi; = 50,00, (2.16)
The derivative of the function (2.15) yields
ou (6
6((9) = VU (0y) + H(0y)(0 — 0y) = 0. (2.17)

From equation (2.17) the value of the parameters vector can be obtained

0 =0, H '(0,)VU(8y). (2.18)
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In order to obtain an iterative estimation law, equation (2.18) is corrected by introduc-
ing a step size, k
01 =06, —xH '(0,)VU(8,). (2.19)

The direction given by —H ~'(8;)VU(8;) is a descent direction only when the Hes-
sian matrix is positive definite. For this reason the Newton-Raphson algorithm is less
robust than the steepest descent, and thus does not guarantee the convergence towards a
local minimum. On the other hand, when the Hessian matrix is positive definite, and in
particular in a neighborhood of the minimum, the algorithm converges much faster than

the first-order methods.

2.4.2.3 Levenberg-Marquardt algorithm

This method interpolates between the Newton-Raphson algorithm and the steepest de-
scent. It is more robust than the Newton-Raphson algorithm, i.e., in many cases it is able
to find a solution even if starts very far off the minimum. On the other hand, for well
behaved functions and for reasonable starting points, it tends to be a bit slower than the
Newton-Raphson algorithm.

If the Hessian matrix is bad conditioned, the computation of H () becomes numer-
ically unstable and the solution may be brought to divergence. To overcome this problem,
several algorithms in which the Hessian matrix is replaced by a suitable positive definite
matrix G(6) have been proposed. The most important of these algorithms was firstly
proposed by Kenneth Levenberg in 1944 [61], and then rediscovered and improved by
Donald Marquardt in 1963 [69].

In detail, the iterative law is given by
011 =0; — kG (6;)VU(6,), (2.20)

with
G(0;) = H(0;) + \1, (2.21)

where I is the identity matrix having the same dimensions of H(8) and ); is a nonnega-
tive damping factor. The damping factor is of the utmost importance for the Levenberg-
Marquardt algorithm: if \; = 0, it coincides with the Newton-Raphson algorithm; if
Ai >> 0 the matrix G(0;) is diagonal dominant and it means that G(8;)VU(0;) ~
AiVU (0;), in other words the Levenberg-Marquardt algorithm coincides with the steep-

est descent method.
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Various more or less heuristic arguments have been put forward for the best choice
of the damping factor. Marquardt recommended to start with a reasonable high value
Ao and a factor v > 1 [69]. Initially, setting A = )¢ the Levenberg-Marquardt algorithm
proceeds as the steepest descent method, then the damping factor can be reduced, step by
step, of a factor v in such a way that in the neighborhood of the minimum the algorithm
proceeds as the Newton-Raphson one.

The Levenberg-Marquardt algorithm can be summarized in the following steps:

1. Choose a reasonable value of initial point 8, an initial value of the damping factor

Ao and a factor v.
2. Set 8 = 0y, A = \o.
3. Compute U(0).
4. Using (2.20), compute 6,
5. Compute U(0,,¢,,) and compare with U(0):

(@) if U(Opew) < U(0) the algorithm proceeds in the right direction, therefore set
0 =0,,and A = \/v;
(ii) if U(6pew) > U(O) the algorithm proceeds in the wrong direction, therefore set

A = v and return to step 4.

6. Repeat step 3 — 4 until a minimum of the objective function is not found.

2.4.3 Implicit nonlinear models

Several systems can be represented only via implicit functions, for which it is very diffi-
cult, or sometimes impossible at all, obtain the explicit function y(z, 6).
This is the typical case of chemical reactors, which are described via balance equations
of the following type
dy _
dt
Since for these models the explicit function y(x, @) to compare with the experimental

Q(t, g, z, 0). (2.22)

data is not available, it is also impossible to directly compute both the gradient and the
Hessian matrix of the least squares objective function.

Therefore, in order to apply the algorithms previously introduced for parameters es-
timation of implicit models, a procedure to obtain the gradient and the Hessian matrix,

based on the sensitivity coefficients, is reported [6,11,96].
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The k£, component of the gradient vector of the objective function (2.3), has the form

0y (0
%k —222 i [rm y@é,ﬁ )]. (2.23)

i=1 j=1

By differentiating equation (2.23), the generic term, hy, of the Hessian matrix can be
obtained

0%4i5(9) 99:5(6) _ 9%55(6)
aakagh ZZ 5, aoh 22210”7«” 50,56, (2.24)

i=1 j=1 =1 j=1

The second term contains the residuals r; j; assuming that the residuals are small,
the Hessian can be approximated only by the first term. This assumption can be always
done in a neighborhood of the minimum. Therefore, the following simplified form of the

Hessian can be considered
9Yi,;(0) 0y, (6)
> . 2.25
89k89h Z Z g 00, 00, ( )

The term S ik = 01i,(0)/00y is called sensitivity coefficient [6], and it is a measure of

the influence of the parameter 6 on the j;;, component of the vector y(x;, 6).
In order to obtain the gradient and the Hessian it is necessary obtain the sensitivity
coefficients. Differentiating both sides of equation (2.22) with respect to the parameter 0,

the following equality is obtained

0 dij\l j 0 j - 0Q; J 8@\2 l
— L) = = 2= ), 2.26
90y < dt ) a0, ; i1 O (2.26)
Interchanging the order of differentiation yields
i 08 0
*= 20, T Z <6yzz S”“) 227
1=1

In order to obtain the sensitivity coefficients, one must solve the model (2.22) together
with the set of differential equations given by (2.27), with the quantities 05; j/06) and
09 j/0y;,; determined by simple differentiation. Equations (2.27) are called sensitivity
equations [6].

Once the values of the sensitivity coefficients are determined, the gradient and the
Hessian matrix, at each step of the optimization algorithm, can be easily computed via

equations (2.23) and (2.25), respectively.

= 2 i3T5k 22

96 23w 228)
82U(0) n o m i .

3000, = 2222 wisSikS - (2.29)

i=1 j=1
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2.5 Model identification for the phenol-formaldehyde polymer-

ization

In this section the application of an identification technique for the parameters estimation
of a number of reduced order models, describing the phenol-formaldehyde reaction, is

presented.

2.5.1 Generation of input-output data

In order to simulate an experimental campaign and generate the experimental data set,
D, a simulation model of a jacketed batch reactor, in which the phenol-formaldehyde
reaction takes place, has been developed.

This model is a nonlinear implicit model, in the form (2.22), characterized by the
thirteen differential equations of the mass balances introduced in Section 1.5.3 and by the

energy balances written for the reactor and the jacket

. Q USs
T = _ T, —T) , 230
PGCrV;ﬂ PGCrW ( j) ( )
. US F
T = T —T)) 4 — (T —T5) | (2.31)
’ PicpiVi ( i) Vj ( i)

where the heat released by the reaction ) is computed via equation (1.19).

The reaction, at i different constant temperatures, has been simulated in the Matlab/
Simulink® environment, and, for each temperature, the values of the concentration of
the 13 compounds and the heat released by the reaction, at v different time instants, ¢;,
have been stored. More details regarding the values of x and v, the batch time of each
simulation and the sampling time will be presented in the Chapter 5.

The concentrations can be measured by drawing a sample of reacting mixture and
analyzing it off-line.

The heat released by the reaction can be obtained via calorimetric measures. The most
diffused industrial calorimeters are the so-called reaction calorimeters: basically they are
jacketed vessels in which the reaction takes place and the heat released is measured by
monitoring the temperature of the fluid in the jacket [27]. An alternative instrument is
the differential scanning calorimeter (DSC), in which the heat flow into a sample, usually
contained in a capsule, is measured differentially, i.e., by comparing it to the flow into
an empty reference capsule. The amount of heat required to increase the temperature

of the sample and the reference are measured as a function of temperature. Both the
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sample and reference are maintained at very nearly the same temperature throughout
the experiment. Generally, the temperature program for a DSC analysis is designed such
that the sample holder temperature increases linearly as a function of time [27].

In order to simulate a realistic industrial context, the following assumptions on the

set-up have been done:
e the initial temperature of the reactor is set to 20°C;

e a PID controller, based on the feedback of the reactor temperature, has been used
to heat the reactor until the desired temperature and to keep it constant during the

reaction;

e gaussian white noise, with zero mean and variance equal to 5- 1073, is added to the

temperature measurements.

Finally, gaussian white noise is added both to the concentration measurements and to
the heat measurements.

In this way, two set of data D¢ and Dg have been generated, such as

H M
Dc = U DY = U{(Cix(tz‘) +ec,Th), C&(t)eRB, i=1,--- v},
h—1 h—1

1 "
Dg = U Dgg = U{( B0(t) —&-aQ,Th), i) eR, i=1,---,v},
h=1 h=1

where C},(t;) and Qj(t;) are the vector of concentrations and heat released, respectively,
obtained at the time ¢;, when the reaction takes place at temperature 7}, while ec and ¢¢

are the measurement noises. The total number of experimental data is givenby n = puxwv.

2.5.2 Selection of candidate models

The objective of the identification procedure is to obtain a simplified model able to repre-
sent the phenol-formaldehyde reaction as accurately as possible. To this aim a choice on
the compounds to be monitored has been done. Two different reaction schemes, involv-
ing four different chemical species and three and four reactions, respectively, have been
considered.

As regards the species, the simplified models involve the phenol, E;, the desired

product, F7, and two aggregate compounds M and D, given by the sum of the remaining
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monomers and by the sum of dimers and trimers, respectively,

M = iEi’ D= iDj + Ei3. (2.32)
i=3 j=0
The first kinetic scheme is a simple series reaction, the second one includes also a
parallel reaction. For each scheme both first order kinetics and second order kinetics
have been considered.
For the sake of simplicity, in the following, the candidate models will be denoted as
Model o and Model (3.

Model o

The following reactions have been considered
EFi— M — E; — D. (2.33)

The addition phase has been represented as a reaction from phenol, Ej, to the tri-
substituted phenol, E7, in which the other methylolphenols, M, are considered as inter-
mediate products. The formaldehyde is not considered.

In order to take into account the consumption of the desired product, E7, the conden-
sation of monomers has been considered via the reaction E7; — D.

The mass balances for the considered species are the following

Cp, = —-R
Cuy = Ri—Ry (2.34)
Cp, = Ry—R3

where Cg,, Cy and Cg, are the concentrations of Ey, M and E7, respectively, and R;,
(t = 1,2,3) are the reaction rates. Denoting with k; the constant rates, given by the

Arrhenius law (1.2), the reaction rates are:

e First order kinetics

Ry = ki(T,)Cg,, Ry=ko(T,)Cr,  Rs=ks(T,)Chp, . (2.35)

Ry = ki(T,)Cq,, Re=ko(T,)C3,  Rs=ks(T,)C, . (2.36)
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The heat released by the reaction for a unit volume is given by
Q@ = (-AH)R, + (-AHy) Ry + (-AH3)Rs, (2.37)

where AH; are the molar enthalpy changes of the reactions in (2.33).

Model 3

This model presents an additional reaction, in parallel to the series of reactions in the

previous model. Hence, the reaction scheme is the following:

EFi—M-—FE;— D
Eir+M—D (2.38)

The reaction Ey + M — D has been added so as to model the condensation phase,
more accurately. In fact, the production of dimers do not depend only by the tri-substituted
phenol, but also by the other monomers, M.

The mass balances are

Cp, = —Ri—Ry
Cu = Ri—Ry—Rs (2.39)
Cp, = R3—Ry
where the reaction rates are:
e First order kinetics
Ry = k(T,)Cg, Ry = ko(T,)Cyy,
1 1(T)Cr, 2 2(T)Cy (2.40)
Ry = Fk3(T,)Cwr, Ry = k4(T,)CE,.
e Second order kinetics
R = ki(T,)C,, Ry = ko(T:)CE,Cu, (2.41)
Ry = kg(TT)C%, Ry = k4(Tr)C]257.

The heat released by the reaction for a unit volume is given by

Q = (—AH)R; + (—AH)Ry + (—AH3)Rs + (—AH,)Ry. (2.42)
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2.5.3 Parameters estimation

On the basis of equations (2.34), (3.40), (2.37) and (2.42), the unknown parameters to be

identified are:
e the pre-exponential factors, ko ;;
o the activation energies, £, ;;
e the molar enthalpy changes, AH;,

withi=1,---,p, p = 3 for Model a and p = 4 for Model (3.
The parameters identification problem has been divided into two sub-problems: first
the best kinetic parameters have been found, then the molar enthalpy changes have been

estimated.

2.4.3.1 Estimation of the kinetic parameters

The system of differential equations (2.34) or (3.40), containing the kinetic parameters, is
an implicit nonlinear model.

The following objective function has been adopted

Uk =2 i (2.43)

where n is the number of experimental data and r; ; is the j;;, component of the vector r;

7'1'71 CE?‘; — CE1
ri= |ri2| = |Cif —Cuy | > (2.44)
’I”i’g C%a; - CE7

Cg, Cif and Cg?i are the experimental data and Cg,, Cys and C, are the values com-
puted by the model.

The Levenberg-Marquardt algorithm has been adopted to perform the optimization;
the gradient and the Hessian matrix of the objective function have been computed via
equations (2.28) and (2.29).

Usually, pre-exponential factors and activation energies are characterized by differ-

ent orders of magnitude; this may generate numerical problems when they are identified
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simultaneously. To avoid these problems and improve convergence, a suitable transfor-
mation of the kinetic parameters can be used. In this thesis, the following reparameteri-

zation, proposed by [12], has been adopted

Eq
=In(ko) — = 2.4
Eq
=In(— 2.46
vt (%), 246
where T is a reference temperature. The constant rate k£ with the new parameters be-
comes
k=exp p+e®) (7 - 7 (247)
=exp |p + exp 7)) .

The parameters ¢ and 7, instead of ky and E, have been identified.
The best fit values of the parameters, the values of the algorithm parameters and the

initial parameters estimate are reported in the Chapter 5.

2.4.3.2 Estimation of the molar enthalpy changes

Once the kinetic parameters have been estimated, equations (2.37) and (2.42) become
linear in the unknown parameters AH;. Therefore, it is possible to use the equation
(2.12) to compute the values of the molar enthalpy changes that minimize the following

objective function
Ug =)0 (248)
i=1

where p; = Q" — Q;, Q5" is the measured value of the heat released by the reaction for
unity of volume and @); is the value computed by the model.

The parameters have been estimated, first, by considering them as constant with re-
spect to the temperature. Then, in order to improve the heat estimation, they have been
estimated by assuming a dependence upon the temperature. In the following both the

procedures have been described.

Parameters constant with respect to the temperature
Referring to equation (2.12), the parameters vector is the following
6 = [AHy,--- ,AH,", (2.49)
The best parameters estimate is given by the least-squares solution:

6" = (TTw) 1wy, (2.50)
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where W is the (n x p) matrix

o
—Ri(t1) -+ —RI(ty)
v
=\ 1, v, = : : : ,
—RMt,) --- —RIMt,
w, 1(t) ()

and R!(t;) is the reaction rate evaluated at time ¢; when the reaction takes place at the
constant temperature 7},.

The (n x 1) vector y collects the experimental data

Yy Q5" (t)

Y2 Zx(t2)
Y= ) Yn = .

Y, Q5" (tw) ]

Parameters variable with respect to the temperature

If AH; are assumed to be variable with the temperature, ;« different vectors of parameters,
0" = [AHD, - AH!"

For each vector, the estimate (2.50) becomes

, one for each considered temperature, are to be estimated.

0" = (wTw,)"twly,, (2.51)

where y,;, is the above defined (v x 1) vector of experimental data obtained when the
reaction takes place at temperature Tj,.
Once the value of AH; for each temperature has been estimated, an interpolating

polynomial function is considered such as
AH;(T) = po+ 1T + p2T? + -+ + pT™, (2.52)

AH! = po+ p1 Ty + p2TE + - + pnTJ,

More details, such as the order of polynomial functions for each parameter, can be

found in the Chapter 5.

2.5.4 Model validation

The accuracy of the obtained models has been tested comparing their behavior with the
behavior of the complete model (see Section 1.5.3), when they are forced to track an as-

signed temperature profile.
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The comparison between the different models has been done on the basis of the root

mean squared error. For the concentration it is given by

> (Ch, = Ch)* + (C5r = Cin) + (Ch, — C)°
RMSEc = \| = : (2.53)

m

where the superscripts c and s denote the value computed by the complete model and by
the simplified model, respectively, and m is the number of samples.

For the heat released by the reaction the root mean squared error is given by

RMSEq = (2.54)

The results will be presented in the Chapter 5.



Chapter 3

Control

3.1 Introduction

Research on temperature control of batch reactors has been focused mainly on nonlinear
model-based control strategies, since approaches based on linearized models do not guar-
antee satisfactory performance. Early approaches to nonlinear control include differential
geometric approaches [55], nonlinear robust control [65,90], predictive control [57,72,78]
and Generic Model Control (GMC) [4, 15,24,58-60,109].

In the presence of parametric model uncertainties, a few adaptive control strategies
have been proposed: in [44] a nonlinear controller, designed via a differential geometric
approach, is augmented with an indirect parameters estimation algorithm, while in [22]
an extended Kalmann filter is adopted. In [92], [104] and [41] three different approaches
to adaptive GMC have been proposed: in [92] an adaptive scheme is designed, based
on the minimization of the mismatch between process measurements and the predicted
reference trajectory; in [104] a Strong Tracking Filter is adopted to estimate the unknown
parameters, and the concept of input equivalent disturbance is used to further improve
the robustness of the control scheme; in [41] the estimation of some unknown quantities
—-namely, the heat released by the reaction and the heat transfer coefficient— are estimated
by adopting the nonlinear adaptive observer proposed in [34]. Also, an adaptive cascade
temperature controller has been proposed in [97] for multiproduct jacketed stirred reac-
tors; the controller is based on a master/slave scheme, while the poorly known model pa-
rameters are updated via a suitable model-based estimator. Further developments have
been achieved in [102] and [103] by extending some of the previous adaptive approaches

to systems affected by input time delays.
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In this thesis, a novel controller-observer control strategy is proposed for a jacketed
batch reactor. First, an observer is designed to estimate the heat released by the reaction;
in order to improve the estimation accuracy, the heat transfer coefficient is adaptively
estimated. Then, a temperature control scheme is designed, based on the closure of two
control loops. Namely, an outer control loop, closed on the reactor temperature, com-
putes the reference signal for the inner control loop closed on the jacket temperature. The
two-loop arrangement improves the robustness of the scheme, while preserving a simple
structure for both the controllers. Also, tracking performance of the controller are fur-
ther improved by adopting an adaptive algorithm based on the on-line estimation of the
heat transfer coefficient. It must be remarked that the observer and the controller can be
designed and tuned separately. The scheme has been proposed in [17,83] for a simple
series reaction, and it is generalized here for a class of irreversible consecutive reaction
schemes.

The convergence of the overall scheme, in terms of observer estimation errors and
controller tracking errors, is proven via a Lyapunov-like argument.

Furthermore, an alternative approach, in which the observer does not need the knowl-
edge of the reaction kinetics, is presented and its stability rigourously proven. In this ob-
server the heat released is approximated via a linear-in-the-parameters on-line approxi-
mator, based on an universal interpolator (e.g., a Radial Basis Functions Network).

Finally, the application of the proposed methods to the phenol-formaldehyde reac-

tion, reviewed in Chapter 1, will be presented.

3.2 Modeling

In this section the model of a jacketed batch reaction, in which takes place an irreversible
exothermic reaction, is presented and rewritten in the form of state equations.
Let us consider the following kinetic scheme, in which each reaction has been as-

sumed to be irreversible and exothermic

Al — VLQAQ

Al — 1/1’3A3 AQ — 1/2,3143

Al — Vl,p—l—lAp—i-l AQ — VQ,p+1Ap+1 e Ap — Vp,p—l—lAp—i-l

where A; denotes the iy, chemical species, v;;, > 0 is the stoichiometric coefficient of

the reaction 4, — Aj and A, is the final product. The above scheme represents a
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general irreversible non-chain reactions network, and can be reduced to simpler series
and/or parallel reaction schemes by assuming v; ;, = 0 for the reactions to be eliminated.
Remarkably, the inclusion of all the significant reaction intermediates allows a correct
description of the system evolution to the final product, especially for the rate of heat
release as a function of system composition.

Assuming first-order kinetics and perfect mixing, the mass balances give

C1 = —k(T)C
Co = v12kio(T)C1 — ka(T,)Co
Cy = v13k13(T0)Ch + vo3kes(T)Co — k3(T:)Cs (3.1)

Cp = Vip k‘l’p(Tr) Ci+...+ Vp—1,p l{ipflyp(Tr)Cpfl — l{ip(TT)Cp

where C; (i = 1...p) is the concentration of the chemical species A;, T} is, as usual, the
reactor temperature and k; (7)) (h = 2...p), is the rate constant of the reaction A; — Ay,
given by the Arrhenius law (1.2). Moreover, the lumped overall rate constants of the

reactions of disappearance, k;(7;.), are defined, for each reactant, as

k(T) = > kin(Ty), (32)

which are strictly positive if A; is involved at least in one reaction.
Under the assumption of perfect mixing, the energy balances in the reactor and in the

jacket (see equations (1.8) and (1.10)) take the form

: US (T, — Tj)
T, = JT) — =232 :

Q(CBM ) Vr‘prcpr (3:3)

7 = US(T, = 1;) | T —T5) py (3.4)

Vipjcpj Vi

where ) = [C ... Cp]T is the vector of reactants concentrations and the other variables
have been defined in Chapter 1. The heat released by the reaction, ), is taken into account

via the term ¢, given by

p p+l

Y (—AH;wkin(T)C;

€T ,Tr i=1 h=1
q(xar, Tr) = Q‘(/ ) - : (3.5)
7PrCpr PrCpr

where, as usual, AH; j, is the molar enthalpy change of each reaction.
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It can be easily recognized that the rate constants are nonnegative and strictly increas-
ing functions of the reactor temperature 7;.. Since the reaction is assumed to be exother-
mic and Ti, is bounded, i.e., Ti, », < Tin < Tin v, the temperature in the reactor is lower
bounded by the value

Ty =min {10, Tjm},

where T, g is the initial reactor temperature and T} ,, is the minimum attainable jacket
temperature, which coincides with the minimum attainable value, Ti, ,,, of Ti,. More-
over, an upper bound for 7). can be computed by considering the ideal heating/reaction

scheme composed by the following two steps:

e the reacting mixture is first heated up to the maximum temperature value, Ti, a7, of

the fluid entering the jacket,
o then, the complete reactants conversion takes place adiabatically.

The numerical value of the upper bound is then given by

—AH
TT,M = T’in,M + Cl,O w )
PrCpr

where C)  is the initial concentration of A;. Hence, the rate constants are bounded as

follows
0<kip <kin(Tp) <kin, VT., i=1...p, h=i+1l...p+1, (3.6)

where k; , = k; p(T}n) and Ei,h = ki h(Ty ). Also, the above defined inequalities lead to

the following bounds for the rate constants k;

0<k; <k(T,)<k;, VT, i=1...p, (3.7)
p+1 B p+1 B
where k; = Z k;pand k; = Z Kip.
h=i+1 h=i+1

In order to rewrite the whole model in the form of state equations, let define the

(p+ 2) x 1 state vector

Ch x1
TN
T = Cp = .’L'p - 9
TE
T, Tp+1
| 75 | | Tp+2 |
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the control input

U:EIN

the output vector of measurable variables

and the parameter

0=US.

Then, equations (3.1), (3.3) and (3.4) can be rewritten in the following state-space form

{ & = Aly)x + bly,u) + CTy(y) 0 -

y = Cz,
where the matrix A(y) is

AM(y) Op><2
Anp(y) Oaxo

Ay) =

)

O, denotes the m x n null matrix, and

—k1 0 ... 0
Ay — V1,2.7<?1,2 _'kQ 0 ,
| V1,p kl,p V2.p k‘g’p e —l{ip_
ar(y1) --- ap(y1) a’(y)
Anp(y) = =1 ;
0 ... 0 0,1
pHl
_AH,
wlw)= Y oubia(n). op = o),
h=i+1 Prépr

It is worth noticing that the off-diagonal terms in Aj; are nonnegative (for all 7;)
and may be null if the corresponding reactions A; — A;, does not take place (v;;, = 0),
whereas all the terms on the main diagonal are strictly negative (for all 7).

The vector b in (3.8) is defined as follows

0px
b(y,U) = Pt ) bg = 0 ) BJ =
br(y,u) Bi(u —y2)

i

S
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the vector 1 is given by (x =, j)

w = | VT o
aj(y1 — y2)

 Vipecpi
and the output matrix is given by

C= [02><p szz} )

where I, ., denotes the m x n identity matrix.

3.3 Estimation of the heat released by the reaction

From equation (3.8), it can be recognized that the heat released by the reaction affects the
dynamics of the reactor temperature via the term g(x s, 7). In turn, this term depends on
the reactants concentrations, which are usually measurable at very low sampling rates,
not suitable for real-time control. Hence, the design of a model-based control law for the
reactor temperature should use an estimate of this term.

The heat released by the reaction can be estimated by adopting the approach known
as calorimetric method [14,91], in which the energy balance is used together with measured
values of temperature and its time derivative. In order to avoid numerical differentiation
of the temperature measurements, an observer can be used to estimate both the heat
released by the reaction and the heat-transfer coefficient (see, e.g., [22,41]). In [22], a
nonlinear adaptive control strategy is adopted, based on an extended Kalmann filter to
achieve on-line estimation of the time varying parameters involved in the control law;
however, convergence and robustness of the overall scheme are not theoretically proven.
In [41] the estimation law suffers from singularities; moreover, the dynamics of the mass
balance in the reactor is not taken into account, since the heat released by the reaction is
estimated as an unknown parameter.

In the following three different approaches, based on adaptive observers, to estimate
the heat released by the reaction are presented, the first two are original contributions of
this thesis, the third is one of the most interesting approaches in the recent literature on

control of batch reactors. They are:

¢ A nonlinear adaptive observer is adopted to estimate the reactant concentrations
(i.e., the state variables x1,...,z,), while the heat transfer coefficient, usually as-
sumed unknown, is estimated via an adaptive update law. Then, the heat is recon-

structed from the estimated concentrations.
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e A model-free approach, based on the adoption of an universal interpolators, i.e., a
Radial Basis Function Network, for the estimation of the heat released by the reac-
tion. Differently from the previous approach, knowledge of the reaction kinetics is

not required.

e The model-free approach proposed in [41], in which both the heat transfer coeffi-
cient and the heat released by the reaction are estimated as unknown parameters.
As the previous, also this approach does not need the estimation of the concentra-

tions.

3.3.1 Model-based nonlinear observer

The observer has the form

i = AW)Z + b(y,u) + Ly + CT(y) 0,
o

(3.9)

<)
I

where  denotes the vector of the state estimates; ¥y and y = y — y denote the vectors of
output estimates and output estimation errors, respectively; L is a (p + 2) x 2 matrix of

positive gains

_ll O_
L lo 0O I, 0
L= M ) Ly = ’ ) Li = s
Le : 0 1
_lp 0_

and the estimate 6, of 0 is given by the update law
bo=2"9"(y) 7, (310)
where ) is a positive gain setting the parameter estimate update rate.
Therefore, an estimate of ¢ can be easily computed via (3.5) from the estimates of the

reactants concentrations

p  ptl P
QW2 =Y Y ainkinly)di=) aly) s =a" (y)au. (3.11)
i=1 h=i+1 =1

The convergence properties of both the state estimation error = = — @ and the

parameter estimation error 50 =60-— 50 are stated by the following theorem.
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Theorem 1. If the rate constants are bounded as in (3.6),(3.7), then, there exists a set of observer
gains such that the state estimation error x is globally uniformly convergent to 0 as t — oo and

the parameter estimation error 0, is bounded for every t.

Proof. The dynamics of the estimation errors can be readily derived from equations (3.8)
and (3.9)

'i = Ao(y)i + CT"/’(y) 50
0, = A'yl(y)Ca (3.12)
y = Cz,

where A,(y) = A(y) — LC. Let us consider the following positive definite function

V,(Z,0,) = % ' P, %+ % A6, (3.13)

where P, is the following positive definite diagonal matrix
P, =diag{o1,...,0p,1,1},

and the o; are constant positive values to be determined.

The derivative of V, along the trajectories of the error dynamics is given by

p
2 : ~2 ~2
O-Ik .%' lrr xp+1 - lj $p+2+
=1

E § Uthh/fthBth-i-E i —0ili) Ti Tpp1+

i=1 h=i+1
W7 (y) C b, — 10,06,

where the dependence of the rate constants upon the temperature has been dropped
for notation compactness. By considering the update law (3.10) and the inequalities
in (3.6),(3.7), V, can be bounded as follows:

P
’ E ~2 ~2 ~2
i=1

p—1 p

Z ahyzhk +UZ z) ’szEp_;,_ﬂ
=1 h=i+1 2_1
p—1 _ T ~ . T »
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where
p+1

a; = Z a; nkip

h=i+1

The matrices on the right-hand-side of the above inequality

oik; _ Onlih in
2
inh - p - ’
_onVinkip onky
2 p
oik; @i t+oils
= p 2
®; = _a,- + o l; ll ’
2 p
are all positive definite if the gains satisfy the following inequality
2 (= 2
p” (@ + oily)
lr > le}axp{ loik, (3.14)

and the positive constants o; satisfy the inequalities

7, 1, .
> — 3 — _1,...71. 3.15

Therefore, V, can be upper bounded as follows

p
Z a: —Hch

= 7,:1

M@

@+ T541) — T, (3.16)

|M|

where w, ;, (@i) is the smallest eigenvalue of ; ;, (®;). Thus,
Vo S _Co H%H2v (317)

where

Hence, V, is negative semi-definite: this guarantees boundedness of # and 6,,. By invok-
ing the Barbalat’s Lemma [53], it can be recognized that V,, — 0, which implies global
uniform convergence to 0 of x as t — oo, while 50 is only guaranteed to be bounded (see
Remark 1 hereafter).

O
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Remark 1. As usual in direct adaptive estimation and/or control schemes, the conver-
gence to 0 of the parameter estimation error 6, is not guaranteed, unless the persistency of
excitation condition is fulfilled [3,53]. In detail, if there exist three scalars A\; > 0, Ay > 0
and T > 0 such that:

Mz [ W) ) dr < N, VS0, (3.18)
t

then, both the state estimation error  and the parameter estimation error 50 are globally

exponentially convergent to zero.

Remark 2. In the case of perfect knowledge of 6, the observer takes the form (3.9), where

the estimate 6, is replaced by the true value of the coefficient.

The above two remarks are of the utmost importance for evaluating the potential of
the proposed observer in a real set-up. In fact, exponential stability would ensure ro-
bustness of the state estimation against bounded and/or vanishing model uncertainties
and disturbances [53], due to inaccurate and/or incomplete knowledge of reaction kinet-
ics, as well as to usual simplifying assumptions adopted for the model derivation (e.g.,

perfect mixing).

3.3.2 Model-free approaches

When an accurate model of the reaction kinetics cannot be adopted (e.g., due to the lack
of reliable data for identification), the approach previously developed may be ineffec-
tive and different strategies (i.e., model-free) for the estimation of the heat released must
be adopted. Under this regard, the approach in [41] can be considered, where the heat
released by the reaction (seen as a further unknown parameter to be estimated) is esti-
mated, together with the heat transfer coefficient, via a suitably designed nonlinear ob-
server [34]. Other model-free approaches can be adopted, e.g., based on the adoption of
universal interpolators (neural networks, polynomials) for the direct on-line estimation
of the heat (see, e.g., the work in [18] and references therein), as well as purely neural ap-
proaches [10]. Also, the approaches based on the combination of neural and model-based
paradigms [1] or on tendency models [35] can be considered.

In the following two model-free approaches, based on adaptive observer will be pre-
sented: the first one is an original contribute of this thesis, the second one is the well-

established observer proposed by [34] and adopted for batch reactors by [41].
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3.3.2.1 Approach based on universal interpolators

In order to present this observer, the state space equation referred to the vector g is

rewritten as

g = Ap@)xzp+E&(xm,zr)+be(y,u
E e(0)xe +&§(xy, o) (y, u) (3.19)
y = Tg
where bg(y, u) is the vector defined in section 3.2 and
—ar0 b q(xr, g
Ap(b) = g = |0
Oéj9 —ajﬁ 0
The following observer can be adopted
Zp = Ap(0,)3p+ €y, n) +bp(y,u)+ Ly
E e(0o)ze + &(y,m) + be(y,u) + Ley (3:20)
y = zp
where
. —a0, a0, l, 0 ~ a(y.m)
AE(QO) = ~ ~ | > Lg = ) S(y7,’7> = ’
ajOO *Oéj@o 0 lj 0
and the estimate 6, of 6 is given by the update law
~ o~ T ~
0, = A T (@) G = A _a’”(f“ _f”) b (3.21)
a;(1 — B2) J2

An approximation of the term ¢ can be obtained via a linear-in-the-parameters on-line

approximator (see, e.g., [84], [108], [64])

a(y.m) =Y mieiy) +s=n"py) +s, (3.22)

i=1
where ¢ represents the interpolation error, ¢;(y1) are w known basis functions and 7; are

the parameters assumed to be unknown and constant (or slowly varying). The vectors 1

and (y;) are defined as

m e1(y1)
72 ©a(y1)

Nw ow(y1)
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When an on-line interpolator is used to estimate the uncertain term, the interpolation
error ¢ can be kept bounded, provided that a suitable interpolator structure is chosen
(see, e.g., [38] and [42]).

Recently, neural networks have been widely used as universal approximators in the
area of nonlinear mapping and control problems, and, among them, Radial Basis Func-
tions Networks (RBFNSs), are very interesting, because of their good performance despite
of their simple structure.

Therefore, in this thesis, Gaussian RBFs have been adopted

vi(y1) = exp (—M> , i=1,...,w,

2
2m;

where ¢; and m; are the centroid and the width of the i;;, RBF function, respectively.

The parameters vector is estimated on-line by using the following update law

n=w ey, (3.23)

where w is a positive gain.
In the absence of interpolation error (i.e., ¢ = 0), the convergence properties of both
the state estimation error £y = xp — Z and the parameters estimation error, 50 =0 - é\o

and 1 = n — 7, are stated by the following theorem.

Theorem 2. Under the assumption of absence of interpolation error, there exists a set of observer
gains such that the state estimation error g is globally uniformly convergent to 0 as t — oo and

the parameters estimation error 0, and 7 are bounded for every t.

Proof. On the basis of equations (3.19), (3.20), (3.21) and (3.23), the dynamics of the esti-

mation errors has the form

(

T = Apo0)Tr + (@), + &y 1)

0, = -A'T@)y

5 » i (3.24)
n = —w ley)n

@ — %Ea

where Agp, = Ap — Lg and

~ ~T
(y.7) = q(y(;n) _ | ev)
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Let consider the following positive definite candidate Lyapunov function

- 1 o 1 ~ 1 _p
Vo(@.00,7) = 5 Zpp + 5 A0y + S wi' 7, (3.25)

The derivative of V, along the trajectories of the error dynamics is given by
Vo = —(ar0 + lr)iiﬁ — (00 + lj)§2E2 + (0 + j0)Tp, Tp, +
w(@)Tﬂ 50 - )\50 é\o + ﬁTQO(y1)371 —Ww ﬁTﬁ )
By considering the update laws (3.21) and (3.23), V, can be bounded as follows

Vo < —(b+ 1), — (00 + 1)T%, + (a0 + ;0)| T, |[Z 5]

T .
|$E1 | Oérg + lT _ O[r + aj 9 |,§L‘E1 ’ (3.26)
= = ay + o

The matrix on the right hand-side of the above inequality is positive definite if the

gains satisfy the following inequality

(ar + O‘j)Q 62

; —a; 27
l; > 1(onf+1.) a;0, (3.27)

Therefore, V, can be upper bounded as follows
Vo < G|z (3.28)

where (, is the minimum eigenvalue of the matrix of inequality (3.26).

Hence, V, is negative semi-definite: this guarantees boundedness of &, 6, and 7). By
invoking the Barbalat’s Lemma [53], it can be recognized that V, — 0, which implies
global uniform convergence to 0 of x ast — oo, while 50 is only guaranteed to be bounded
(see Remark 1).

]

Remarks 1 and 2 can be easily extended to this observer.

3.3.2.2 A well-established model-free approach

Finally, the well-established approach proposed by [41] will be presented. Here, the heat
released by reaction is considered as a further unknown parameter to be estimated, to-

gether with the heat transfer coefficient, via a suitably designed nonlinear observer [34].
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The term § and 6, are obtained by means of the following observer

T, [0 0 1 —o(T —Tp)] [T7] T 0 1
il |00 0 -1y | |1 N Bi(Tin = Tj)
q 000 0 q 0
b 000 0 0. 0
L7 ] o oSt . (3.29)
2 0
0 2)\9 T, — Ar
* 2 ar 2 =7
Xoo=n | |G-
1 2
& (=T M
In the above observer, A\, and )y are suitable positive gains.
1
When (T, —T}) — 0, the observer may suffer of singularities, due to the term ————.
a; (T, — Tj)

In order to cope with the singularities, (7. — T}) could be replaced by a constant value €
when |T;. — Tj| < e.
A stability analysis of the observer (3.29), can be found in [34,41].

3.4 Model-based controller

The controller scheme developed in this thesis is based on the Generic Model Control
(GMQ). It is a well-established nonlinear model-based control approach [4,24,59], which
has been recently extended via adaptive techniques [22,41]. The key idea of the GMC is
that of globally linearizing the reactor dynamics by acting on the jacket temperature 77,
which is, in turn, controlled by a standard linear (e.g., PID) controller. Since 7); does not
play the role of the input manipulated variable, the only way to impose an assigned be-
havior to the jacket temperature is that of computing a suitable set-point 7T} 4 to be passed
by a control loop closed around 7}. Usually, the mathematical relationship between the
jacket temperature and the set-point is assumed to be a known linear first-order differen-
tial equation, from which T} ; is computed.

Here, no assumptions on the closed-loop behavior of the jacket temperature have
been done, and a two-loop control scheme is explicitly designed.

A first control loop (inner loop) is closed around the jacket temperature y» = 7T}, so as

to track a desired reference y 4 = 7} 4 to be determined. Namely, the manipulated input
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variable v = Tj, is computed as:

o = 2d T gie2 — a;(y1 — y2)0e
B

where e3 = 32 4 — 2 is the tracking error, g;, is a positive gain and 50 is an estimate of 0

to be suitably computed.
Also, an outer control loop is closed around the reactor temperature so as to track
the desired reactor temperature profile y; 4 = 7} 4. This can be done by computing the
reference y, 4 of the inner loop as a function of the reactor temperature tracking error
e1 = y1,4 — y1 and of the estimate of the heat released by the reaction as follows
Yratgre1 —q

a0,

Yo.d = Y1 + =y +&4, (3.31)

where ¢ is computed via one of the previously considered observers and g, is a positive

gain.

Trd + Reactor Tia n Jacket Tin I
—()— Temperature Temperature Process »
- Controller - Controller
T;
Tj

L— Observer

=

Figure 3.1: Block scheme of the control.

Let define e as the vector of the tracking errors

€1
e= ,
€2
and .. as the vector
—ar82.4
Ye(y) =
—a;(y1 — y2)

Then, the update law for the estimate 0, is given by

b=yl (y)e. (3.32)

where 7 is a positive gain setting the update rate of the estimate.
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3.5 Stability analysis of the controller-observer scheme

Let consider the controller with the observer (3.9). The convergence properties of the
error variables for the overall controller-observer scheme, including the parameter esti-

mation error 56 =0 — 50, is stated by the following result.

Theorem 3. If the rate constants are bounded as in (3.6),(3.7), then, there exists a set of observer
gains such that the state estimation error x and the tracking error e globally uniformly converge
to 0 as t — oo, for any positive set of control gains. Moreover, the parameter estimation errors 0,

and 0, are bounded for every t.

Proof. The closed-loop dynamics can be derived by plugging equations (3.30) and (3.31)
into (3.8) and taking into account that y» = y2 4 — e2 and 50 =0- 50 (and thus, 6 = §C + 50)

e=Ace+P.(y) 0. — Aw(y) , (3.33)

where

A= ool ) Aco:[AM,E 02x2}-

0 —gj

Consider the following positive definite scalar function

V(& e,00.0c) = Vo(@,0,) + 0 Vele, 0o),
where V, is the same function defined in (3.13), V. is given by

1 1 ~
Ve(e,0c) = s el e+ 5767, (3.34)

2 2

and ¢ > 0 is a positive constant to be determined.
The derivative of V, along the closed-loop the trajectories of the system (3.12),(3.33) is
given by
V.=el A.e — eTAcoi—i—z,bcTegc —75050.

By taking into account the update law (3.32), V. becomes
V.=el A,e — el A .
The derivative V. can be upper bounded as follows

Ve < —Cellell® + Ceoll el
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where (. = min{g,, g;} and (the constants @; are defined in (3.14))

Ceo = Zinax {a:} .

—Lyeeey)

Hence, V can be upper bounded as follows

V = V,4+6V,
< —Goll®|? — 6¢c|lel|® + 0ol ||e]l
T
__|l=l Co —0Ceo/2| | |2
lell| |=0Cco/2 ¢ llell

The function V is guaranteed to be negative semi-definite if the arbitrary positive con-

stant ¢ is chosen so as to satisfy the inequality

466

2

c,0

)<

This guarantees boundedness of all error signals. By invoking the Barbalat’s Lemma
[53], it can be recognized that V — 0, which implies global convergence to 0 of both
x and e, while the parameters estimation errors 50 and 50 are only guaranteed to be
bounded. O

Remark 3. Remarks 1 and 2 on the exponential stability of the estimation error dynamics
can be extended to the overall controller-observer scheme as well. Hence, robustness
with respect to effects due to modeling uncertainties (e.g., due to inaccurate knowledge

of the reaction kinetics) and/or disturbances is guaranteed.

Remark 4. Although the stability analysis considers the dynamics of the overall system
(i.e., the dynamics of both the observer and the controller), tuning of the observer gains
(L and \) and of the controller gains (g,, g; and 7) can be achieved separately, since the

stability conditions do not put mutual constraints on the two set of gains.

Remark 5. As can be noted from (3.32), the estimate @\c used in the control law is different
from the estimate 0, computed by the observer. This is necessary, since the convergence
of the latter to 6§ is not guaranteed unless the persistency of excitation condition is ful-
filled. Hence, a different update law is adopted to ensure convergence of the controller
tracking errors. However, it can be easily recognized that a unique update law could

be adopted, ensuring convergence of both estimation and tracking errors. In this case,
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however, stability conditions will put mutual constraints on the observer and controller
parameters, and thus independent tuning of the two structures does not guarantee con-

vergence of the estimation/tracking errors.

Remark 6. The stability analysis has been developed for the controller in conjunction
with the observer (3.9). It can be easily verified that, if the observer (3.20) is considered
instead of observer (3.9), the stability of the overall scheme can be proven using similar

arguments.

3.6 Addition of an integral action

A slightly different version of the control laws (3.30) and (3.31), has been proposed in

[17,83]. In particular, an integral term has been added to the control laws

Jo.atgpieatgij fy e2(T)dr—ai(yr — y2)0e

U = +1s , 3.35
5, Yo (3.35)
. t ~
Y1,d+ gpre1l + Ggir Jo €1(7)dT —q -
Yo.i = Y1+ = 7 Jo (™) =41 +&24 (3.36)
QrUe

where g, . and g;« (*+ = 7,j) are positive gains, 0. is an estimate of the parameter
obtained via the update law

~

0. =~ xL(y) P.e, (3.37)

7 is a positive gain and the vectors € and x, are defined as

fg ei(r)dr i 0 T
o €1 o — Oy gZ,d
€= n ’ Xc(y) -
fO eo(T)dT 0
es |~ (Y1 —y2)

The matrix P, in (3.37) is symmetric and positive definite

P, O
pP.= )
O P;
and each matrix P, (x = r,j) is the symmetric and positive definite solution of the Lya-

punov equations
ATp, +P,A, =—N,, (3.38)
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where

0 1
A, = :

—0ix —Jpx

N, is a symmetric positive definite matrix satisfying

\ o PP AP
Am(IN ;) > (N, (3.39)
0 0
A=
0 af

and A, (-) denotes the minimum eigenvalue of a matrix. Noticeably, since each A, is Hur-
witz (for any choice of the control gains), the solution of the above Lyapunov equations
exist for any positive definite matrix IN,. This implies that solutions satisfying condi-
tion (3.39) always exist.

The convergence of this controller combined with the observer (3.9) has been proven
via a Lyapunov like argument in [83].

The presence of the integral in the control laws, could guarantee higher robustness
of the control scheme. On the other hand, the tuning becomes much more difficult with
respect to the tuning of the controller introduced in Section 3.4. In fact, the tuning of the
controller requires the calibration of five different gains, g, . , gi« (* =, j) and ~, and the
choice of P, satisfying (3.39).

Moreover, with good tuning, not difficult to obtain with a trial-and-error procedure,
the controller in Section 3.4 achieves performance very close to the ones obtained using
(3.35) and (3.36).

3.7 Concluding remarks

The attractive and/or novel features of the proposed controller-observer approach can

be briefly reviewed:

e The approach is developed for a fairly wide class of processes, i.e., the class of
irreversible non-chain reactions characterized by first-order kinetics. Although this

is not the most general case, it encompasses several real reactive processes.

e A rigorous analysis of the main properties of the overall scheme (i.e., convergence
and robustness) has been provided. In detail: convergence of state estimation and

tracking errors is always guaranteed under mild assumptions. Moreover, when the
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(stronger) persistency excitation condition is fulfilled, exponential convergence of
all error signals is ensured. This, in turn, implies robustness of the proposed scheme

in the face of unmodeled effects.

o The use of an accurate and reliable state observer, which is necessary for the pro-
posed controller, can be advantageous for other purposes as well, (e.g., process

monitoring and fault diagnosis).

e Since the design and the tuning of the observer can be achieved independently
from the adopted controller, the latter can be adopted in conjunction with different

observers, e.g., the observers (3.20) and (3.29).

The proposed observer (3.9) needs a good knowledge of the reaction kinetics: this
may be regarded as a limitation for its practical application, where a certain degree of
mismatch between the modeled and the real reaction mechanism is always present. Nev-
ertheless, in the presence of bounded and/or vanishing uncertainties the property of ex-
ponential convergence ensures a certain degree of robustness of the controller-observer
scheme. In other words, if the mismatch between the model and the real kinetics is
bounded (vanishing), bounded (asymptotically convergent) estimation/tracking errors
are expected. Of course, modeling errors must be kept as small as possible, via suitable
modeling and identification techniques of the reaction dynamics (see Chapter 2).

When an accurate model of the reaction kinetics cannot be adopted the approach
based on the estimation of the heat released via an universal interpolator (3.20) could be

adopted. This observer may be adopted also in presence of a totally unknown kinetics.

3.8 Application to the phenol-formaldehyde reaction

The model-based controller-observer scheme requires to solve on-line the system of dif-
ferential equations of the observer. The phenol-formaldehyde reaction model is charac-
terized by fifteen differential equations and it could be unsuitable for on-line computa-
tions. To overcome this problem, a number of reduced-order models have been identified
in Chapter 2.

The stability analysis of the controller-observer scheme is based on the assumption
that the reactions are characterized by a first order kinetics. For this reason, one of the
model characterized by first-order kinetics must be chosen to represent the reaction dy-

namics.
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As will be shown in Chapter 5, the identified model that computes the best estimate
of the heat released is the Model 3 with second-order kinetics and molar enthalpy changes
variable with the temperature. Among the model with first-order kinetics, the best results
have been obtained via the Model o with the molar enthalpy changes variable with the
temperature.

The adoption of a simplified model of the reaction for the observer means unmodeled
dynamics will affect the controller-observer scheme. However, in presence of unmodeled
dynamics, due to the exponential convergence, the controller-observer scheme ensures a
certain degree of robustness and good results both in term of temperature tracking error
and control input.

The mass balances (3.1) become

Cm = —ki(T)Cg,
Cvy = ki(T)Cg — kao(T:)Cn (3.40)
Cp, =  ko(T,)Cwy — k3(T;)Ch,

while the heat released computed by the model is given by

Q = [(AHU(T))ka(T,)Cry + (= AH(Ty) ko(T7) O (3.41)
+(—=AH3(T:))ks3(T:)CE,] Vi

The state vector can be defined as

T CE,

T2 CM
L= |x3| = CE7 )

T4 Tr

Is T']

and the matrix A(y) in equation (3.8) has the form

[ k(T) 0 0 00
ki(Ty)  —ko(T3) 0 00
Aw)=| 0 k(T) —k(T) 0 of,
ar(y1)  az2(y1)  as(ypr) 0 O
0 0 0 00

a1(y1,Tp) = (_AHlp(j;r))kl(Tr), wo(r. T,) = (—AHQIO(]Z))]@(TT)7
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(_AHS(TT>)k3(TT) ]
PrCpr

Simulations results, aimed at testing the effectiveness of the proposed approaches, as

az(y1, T) =

well as at providing a comparative case study, are reported in the Chapter 5.
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Fault diagnosis

4.1 Introduction

Fault diagnosis in complex process plants is of utmost importance for human and plant
safety. In particular, in the chemical industry, faults can occur due to sensors failures,
equipment failures or changes in process parameters. Usually, faults in chemical pro-
cesses can have serious consequences in term of human mortality, environmental impact
and economic loss. Among the chemical processes, exothermic reactions in batch reactors
are the most dangerous processes. In the United Kingdom between 1962 and 1987 there
were 134 accidents in chemical plants due to run-away in batch reactors [7], and, among
them, 64 are due to polymerization reactions and 13 to phenol-formaldehyde reaction.

Fault diagnosis (FD) consists of three main tasks:
(i) fault detection, i.e., the indication of the occurrence of a fault;
(ii) fault isolation, i.e., the determination of the type and/or location of the fault;
(iii) fault identification, i.e., the determination of the magnitude of the fault.

After a fault has been detected, in some applications a controller reconfiguration for
the self-correction of the fault is required (fault accommodation). A control system with
this kind of fault-tolerance capability is defined as fault-tolerant control system. Fault
tolerant control has great importance in situations where the controlled system can have
potentially damaging effects on the environment if faults in its components take place,
for instance in hazardous chemical plants or nuclear plants.

The relative importance of three tasks are obviously depending by the application,

however the detection is an absolute must for any practical system. Fault identification,
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on the other hand, even if helpful, may not be essential if no reconfiguration action is
required.

In the last decades, the fault diagnosis has interested several researchers and has
grown as important research topic.

A traditional approach to fault diagnosis, in particular in dangerous contexts, is the
so-called physical redundancy, i.e., the duplication of sensors, actuators, computers and
softwares to measure and/or control a variable. Typically, a voting scheme is applied to
the redundant system to detect and isolate a fault. The physical redundant methods are
very reliable, but they need extra equipment and extra maintenance costs. Examples of
redundancy methods can be found in [29].

Due to the high costs of physical redundancy, in the last years, researchers focused
their attention on techniques that not require extra equipment. These techniques can be
roughly classified into two general categories: model-free data-driven approaches and
model-based approaches.

Among the model-free approaches, statistical techniques ( [31,52, 56, 66, 67,99, 105])
and knowledge-based expert systems ( [47,70,71,75,86-88,101,106]) have been widely
applied for chemical plants.

The model-based methods can be divided into quantitative methods and qualitative
methods. The researchers interest is focused mainly on quantitative methods, namely
approaches based on observers, parameters estimation and parity equations. These ap-
proaches are based on the concept of analytical or functional redundancy, i.e., they use a
mathematical model of the process to obtain the estimates of a set of variables character-
izing the behavior of the monitored system. The inconsistencies between estimated and
measured variables provide a set of residuals, sensitive to the occurrence of faults. Later,
the residuals are evaluated aiming at localizing the fault. Although there is a close re-
lationship among the quantitative model-based techniques, observer-based approaches
have become very important and diffused, especially within the automatic control com-
munity. Reviews of several model-based techniques for FD can be found in [20,37,76]
and, as for the observer-based methods, in [39,77,93].

The Figure 4.1 illustrates the physical and analytical redundancy.

The literature on FDI for chemical plants do not present a significant number of ap-
plications of observers: in [26] an unknown input observer is adopted for a CSTR, in [48]
and in [19] an extended Kalmann filter (EKF) is used, but in these works the FDI is per-

formed in open loop, while most chemical processes operate in closed-loop and the con-
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Figure 4.1: Physical versus Analytical redundancy.

trol action may affect the fault diagnosis system performance. A few papers deal with
observer-based FDI in the presence of conventional regulators: in [62] and [21] EKFs are
used for a distillation column and a CSTR, respectively, in [95] a generalized Luenberger
observer is presented. As regards the use of observers for FDI in the presence of advanced
control techniques, such as model predictive control or feedback linearizing control, only
in [93] may be found an unknown input observer adopted in conjunction with model
predictive control.

Interestingly enough, in [28] an approach based on physical redundancy is adopted
for fault detection purposes, while an analytical redundancy method is adopted to per-
form fault identification. A similar approach is presented in this thesis: under the as-
sumption of parallel physical redundancy of both reactor and cooling jacket sensors, a
bank of two diagnostic observers has been designed to generate a set of residuals achiev-

ing fault detection and isolation for sensor and actuator faults.

4.2 Basic Principles of model-based fault diagnosis

Model-based fault diagnosis consists on detection, isolation and identification of faults in
components of a system from the comparison of the system measurements with a priori
information given by the mathematical model of the system. The differences between the

real measurements, y;, and their estimates, ;, provided, for instance, by an observer, are
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referred as residuals

ri:yi_/y\i7 izlv"'7m7 (41)

where m is the number of available measurements.

A model-based fault diagnosis system comprises two different stages: the residuals
generation and the decision making.

The residuals must be designed to be equal to zero under fault-free conditions and
nonzero under the occurrence of a fault. Since in practice residuals are never zero, due
to model uncertainties and parameters variations, usually, suitable thresholds, g;, are
adopted to avoid false alarms. The algorithm used to generate residuals is called residual
generator.

After the generation, residuals must be evaluated in order to detect and isolate a fault.
A decision process may consist of a simple threshold test on the instantaneous values or

it may consist of methods of statistical decision theory.

input output
System »

Residual generation

residuals

]
|
|
|

Decision making

\
<\; Model-based FDI system

]
\
\
\
\
L

fault information

Figure 4.2: Model-based fault diagnosis.

Usually, the fault diagnosis is carried out during system operation, because the sys-
tem input and output information are only available when the system is in operation.
The information used for FDI are the measured output from sensor ad the input to the
actuators. In practice, the system model required in model-based fault diagnosis is the
open-loop system, hence, it is not necessary to consider the controller in the design of a
fault diagnosis scheme [20]. Figure 4.3 shows the relationship between the fault diagnosis

with the control loop.
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Figure 4.3: Fault diagnosis and control loop.

4.2.1 Faultisolation

Whilst a single residual may be sufficient to detect faults, a vector of residuals is usually
required for fault isolation. For isolation purposes, residuals should be generated in such
a way that each of them is affected only by a specific subset of faults and any fault affects
only a specific subset of residuals (structured residuals) [20,40]. This concept can be ex-
pressed in a mathematical form introducing a boolean fault code vector € and a boolean
structure matrix A [20,79].

Let consider ¢ different kinds of faults f;(t) and the (¢ x 1) fault vector, f(t)

fi(t)
fo =1 : 1. (4.2)
fq(t)
for each fault f;(¢) a boolean fault code vector can be defined as
i
€' (1)
. 1 if |ri(¢)| > o;
=] : |, dw= lf :”E i: =9 (4.3)
0 if |ri(t)] < o4
el (t) ! !
Then, the (m X g) structure matrix A is defined as
A = [efl . efq . (4:4)

Defining
v=Af,

the following conclusion can be obtained:

o if v; = 0 the residual r; is not affected by any fault;
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o if v; = f;(t) the residual ; is affected only by the fault f;(¢);

o if v; = fi(t) + f;(t) the residual r; is affected by the faults f;(t) and f;(¢) and not
affected by the other faults;

e and so on.

A fault f;(t) is called undetectable if the vector €/ is the null vector: this fault cannot
be detected using the residuals set defined in (4.1).
Two faults f;(t) and f;(t) are distinguishable if the vectors €/i and €/ are different.

4.2.2 Performance evaluation of a fault diagnosis system

Essentially, a FD system must avoid two kinds of errors: (i) false alarms and (ii) missed
alarms. A false alarm occurs when a fault is declared although no fault occurred; typi-
cally they can be due to model uncertainties and their occurrence may be reduced with
a suitable choice of the thresholds. To this aim, several adaptive thresholds have been
introduced, see, e.g., [108]. On the other hand, a missed alarm occurs when, under faulty
condition, the FD system does not detect anything; it may be due, for instance, to the
adoption of too wide thresholds.

Of course, false alarm and missed alarm avoidance are conflicting requirements: the

selection of the thresholds must be done as a compromise between them.

4.3 Fault classification

In the chemical process faults can be classified in process faults, sensor faults and actuator
faults.

A process fault occurs when there is an unexpected variation on a process parameters,
e.g., abrupt variation of the heat transfer coefficient due to foulness on reactor walls or
side reaction due to impurity in the raw material.

In this thesis only sensor and actuator faults have been considered. As above dis-
cussed, in FDI the open-loop system is adopted. For purposes of modeling, an open-loop
system can be separated into three parts: actuators, system dynamics and sensor (see
Figure 4.4).

Referring to the Figure 4.4, u is the known control command, u, is the actuator re-
sponse, y is the output of the system and y,,, is the known measured output, given by

the sensors.
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input actuation System output measured output
—» Actuators Y dvnamics Sensors ——p
u@ wa (0 Y y) ym()

Figure 4.4: Open-loop system.

When, for the sake of simplicity, sensors and actuators dynamics and disturbs are

neglected, fault-free condition is characterized by the following relations

Yn=1Y, Ug =U.

A sensor fault can be described mathematically as (see Figure 4.5)

Ym(t) = y(t) + £5(1), (4.5)

where f(t) is the sensor fault vector. By choosing the vector f, correctly it is possible
describe all sensor fault situations. For instance, an abrupt switch to zero of the measured
signal is described by f,(t) = —y(t), in such a way that y,,, = 0; for an abrupt constant
bias added to the measured signal the vector f,(t) = 0y is added to the output and the
measured signal become y,,,(t) = y(t) + 0y.

sensor fault
s
output measured output
Sensors ——
Y@ ym (1)

Figure 4.5: Sensor fault.

In a similar way, the actuator action in the presence of an actuator fault becomes (see
Figure 4.6)

ua(t) = u(t) + fo(1), (4.6)

where f, is the actuator fault vector. Similar to sensor faults, different actuator faults

situations can be represented by a proper fault vector. For instance an abrupt constant
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bias on the actuator action can be represented via the vector f,(t) = du, such as the

actuator action becomes u, = u + du; if the actuator action is frozen at its current value

at a certain time instant, the fault vector becomes f,(¢) = —u(¢) and u, = 0.
actuator fault
Sfa@®
input actuation
— > Actuators ———»
u() Ua (1)

Figure 4.6: Actuator fault.

4.4 Proposed FDI scheme

Because of the high level of risk involving highly exothermic chemical processes, sensors
for temperature monitoring are often duplicated in batch reactors. Hence, it is assumed
that a duplex sensor architecture is adopted for the plant. Namely, two temperature sen-
sors (hereafter labeled as S, ; and S, 2) providing measurements of 7)., and two providing
measurements of 7} (hereafter labeled as S and S 2) are available. In order to achieve

fault isolation, a bank of two observers has been adopted [2]; namely:

- the first observer, labeled as SM1, uses the measurements provided by 5,1 and S; 1

. T
(e, ysy1 = (yr,l yj,1) ),

- the second observer, labeled as SM2, uses the measurements provided by S, > and

. T
Sjo2 (e, Ysyo = (Yr2 Yj2) )-

As regards the observers architecture, both observer (3.9) and (3.20) may be adopted.
In [80], this FDI scheme has been proposed in conjunction with a robust observer. The
observers gain matrix L are designed via a H, approach, so as to guarantee robustness
even in the presence of external disturbances and modeling errors, such as the uncer-
tainties on the parameter 6. The heat released by the reaction is estimated via the same

on-line linear-in-the-parameters approximator (3.22), adapted via (3.23).
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Different strategies have been designed for sensor faults and actuator faults. As re-
gards sensor faults, both detection and isolation can be achieved and the control system
can be reconfigured in such a way to end the batch process even in the presence of a
faulty sensor, without significant loss of quality of the final product. As regards actuators

faults only detection can be achieved.

4.4.1 Residuals generation

Four different residuals have been adopted for achieving detection and isolation.
The first couple of residuals may be defined, on the basis of the available measures,

as

Y1 — yr,27 rg _Yi1— yj,2, 4.7)

Sy y
231 K2

where 11 and pi2 are normalization factors to be properly determined.

The second couple of residuals can be obtained via the diagnostic observers as

Tsv1 = ySMl, Tsvo = ysm’ (4-8)
1 P2

where p; and p; are normalization factors to be properly determined and yq,; is the out-

put estimate error of the observer SMi (i = 1, 2).

4.4.2 Sensor faults

The defined residuals are able to achieve both detection and isolation when a sensor fault
occurs.

As detection residuals the quantities 75, and rg; can be adopted. Hence, if one of the
Sy (S;) is affected by a fault, the norm of rs, (rs;) is expected to exceed a certain threshold.

For isolation purposes of the sensor faults, the other couple of residuals, s and rsy,
may be used. If the norm of rqy (7s\w2) exceeds a certain threshold, a fault is declared on
Sy or Sj1 (Sy2or Sj2), depending on which detection residual exceeds the threshold. In
fact, the output of the SM1 observer is not affected by faults on S, > and S; 2, while the
output of the SM2 observer is not affected by faults on S, ; and S} ;.

The normalization factors p; and p; (i = 1,2) are chosen by evaluating the effect
of disturbances and variations of the uncertain parameter on the residuals; they can be
set, e.g., on the basis of experimental data collected in healthy conditions and in the

presence of disturbances and variations of the uncertain parameter. By virtue of these
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normalization factors the thresholds on the residuals have been fixed to 1 and the infinity
norm ! of vectors has been used to detect and isolate faults. In particular if || ||oo > 1

(Il7smzlloo > 1) for a fixed time interval, a fault is declared on the first (second) sensor.

4.4.3 Actuators faults

If an actuator fault occurs, in the absence of sensor failures, the norms of residuals g, and
s, remain below the thresholds but the observers dynamics are affected by the faulted
input, therefore the norms of both residuals 7, and rq, exceed the thresholds.
Concluding, an actuator fault is declared if both ||rg, || and ||7s, || are below the thresh-
olds and both ||rqu || and ||rsy.|| exceed the thresholds.
Of course, since in the proposed scheme actuator redundancy is not present, it is only
possible detect the actuator faults, but after a fault occurs it is not possible to brought to

completion the batch execution.

4.4.4 Decision Making System

The key point for faults detection and isolation is the design of a suitable Decision Making
System (DMS), which, on the basis of the available measurements (physical sensors) and
their estimates (virtual sensors), declares the occurrence of a fault, isolates the possible
faulty sensor, and outputs an healthy signal.

Let define the fault code vector

o
. 1 if ()|l =1
T e 1 [r« ()] . % =1{8,,5;, SM1,SM2}.
€sM1 0 if |Ir«(t)]eo <1
| €sM2 |

On the basis of the values that the vector €(t) assumes during the batch execution the
DMS can declare and, eventually, isolate a fault. Under the assumption that simultaneous
faults on different sensors and/or on the actuator do not occur, the possible values that
the vector €(t) can assume during a batch are summarized in Table 4.1, together with the
decision taken by the DMS for each situation.

Thanks to the sensor redundancy, the batch can be brought to completion even in
presence of a sensor fault, provided that a suitable voting of the correct signal is per-
formed. The logic of the Voter/Monitor (the sub-system of the DMS which votes the

'The infinity norm of a vector v is defined as ||v||oc = max;(|v(i)])
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€s, | €s,. | esm1 | esm1 || DMS Decisions

0 0 0 0 No fault declared

1 0 1 0 Fault declared on sensor S,

1 0 0 1 Fault declared on sensor S, »

1 0 0 0 Fault declared but not isolated
0| 1 1 0 Fault declared on sensor S;

0| 1 0 1 Fault declared on sensor Sj 2

0 1 0 0 Fault declared but not isolated
0 0 1 1 Fault declared on the actuator

Table 4.1: Decisions of DMS on the basis of the residuals.

correct signal) is described in the following procedure and diagramatically depicted in
Figure 4.7. As usual, the procedure is based on the assumption that simultaneous faults

on different sensors do not occur.

Voter procedure

Step 1. Compute the detection residuals defined in (4.7), then:

(i) If the residuals do not exceed the fixed thresholds (no fault condition), vote the sig-
nal given by the average of the two redundant sensors, i.e., the so-called standard

duplex measure.

(ii) If a threshold is exceeded (fault condition), check the isolation residuals defined
in (4.8), so as to decide if the faulty signal can be isolated; in this case determine the

healthy signal.

Step 2. If in the case (ii) faults isolation is not achieved (i.e., both rsy; and rsy, are below
the respective thresholds), a missed isolation is declared. In this case, the weighted av-
erage of the signals provided by the physical and virtual sensors is voted. The weighted
average is computed as the arithmetic mean of the measured variable and the output of

the sole observer not signaling the occurrence of the fault.

It is of the utmost importance to guarantee that the worst-case performance of the
proposed scheme, in terms of voted signal, is not worse than those of a standard duplex
measure. Hence, a further elaboration of the residuals is performed. Namely, if the ab-

solute value of the difference between the weighted average and each sensor signal is
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Figure 4.7: DMS Voter Logic.

larger than the difference between the standard duplex measure and the sensor signals,
then the standard duplex measure is voted as healthy measure.

Of course, in the presence of an actuator faults, due the absence of actuator redun-
dancy, the batch must be stopped.

The DMS logic is then completed as follows:

- A rate limiter on the voted signal is adopted, so as to avoid sudden changes of the

signals due, for example, to abrupt faults.

- A step-by-step check verifies if one of the observers is brought to divergence. In
this case the related outputs are inhibited and the quadruplex scheme changes into

a triplex voter /monitor system.

- If the measurements variance exceeds a prespecified value, a fault is signaled. This
check is introduced because high frequency (and zero mean) additive faults may be

filtered by the observer dynamics, causing missed alarms.

- Variations of logical signals are taken into account only if they remain constant for

a fixed time window.
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Case studies

5.1 Introduction

In order to prove the effectiveness of the identification, control and diagnosis approaches,
proposed in this thesis, a detailed simulation model of a batch reactor has been devel-
oped. The identification techniques, described in Chapter 2, have been applied to the
phenol-formaldehyde reaction, in order to obtain simplified models, suitable for model-
based control design. These models have been validated on the basis of the root mean
squared error, both for concentrations estimation and for heat estimation, obtained when
they are forced to track an assigned temperature profile. To this aim, a number of test
profiles have been selected.

Then, the first-order model that achieves the best performance in term of concentra-
tions and heat estimates, has been adopted to design the model-based observer (3.9). The
model-based observer-controller scheme performance have been compared with the ones
obtained by using the model-free observer (3.20) and the observer proposed by [41].

Finally, some sensor and actuator faults have been simulated on the plant and the
fault diagnosis technique described in Chapter 4 has been tested, using both the observer
(3.9) and the observer (3.20).

5.2 Simulation model

The simulation model has been developed in the Matlab/Simulink© environment. The
reaction phenol-formaldehyde has been simulated considering the system of differential

equations given by the 13 mass balances written in Section 1.5.3. The heat released by the
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Parameter Value Parameter Value
V, 6 [m3] V; 1.729 [m?]
U 0.7205 [k m2 s~ K] S 15.961 [m?]
0 11.5 [k s~ K71] R 0.0083 [k] mol ! K~!]
Pr 1.0-10% [k m—3 K] pj 1.0-10% [k m—3 K~!]
Cpr 1.712 - 103 [k m—3 K] Cpj 4.19-10% [k m—3 K]
Cg, (0) 4200 [mol m~3] Cg,(0) 8400 [mol m—3]
T,-(0) 293.15 [K] T;(0) 293.16 [K]
T min 285 [K] T maz 370 [K]
F 0.1 [m3s™!]

Table 5.1: Simulation parameters.

reaction has been computed via equation (1.19).

Some assumptions on the experimental set-up have been done. A geometric model of
the reactor and the cooling jacket has been built, characterized by the values in Table 5.1.
The energy balances for the reactor and the jacket are given by the equations (1.8) and
(1.10). For the values of the mass heat capacities, it has been considered that the cooling
fluid is water and, for the reactant mixture, the value in [82] has been adopted.

In order to simulate a realistic industrial context, where several parameters are un-
certain and/or bounded by physical limitations, the following assumptions on the actu-
ator and the sensors have been done. The temperature of the water entering the jacket
ranges from Ti, ,, = 285 [K] to Ti, ar = 370 [K]; the water flow rate is fixed and equal to
F = 0.1 [m3 s7!]; moreover a first-order linear dynamics (with a time constant of 2 [s])
between the commanded control input (computed by the controller) and the real tem-
perature of the water entering the jacket has been introduced in the simulation model.
Concerning the sensor equipment, only the reactor temperature and the jacket tempera-
ture are measured, while direct measurements of the concentrations and/or of the heat
released by the reaction are not available in real-time. Also, gaussian white noise with
zero mean and variance of 5 - 1073 is added to the temperature measurements.

Finally some initial conditions for the reactant concentrations and the temperatures

of the vessel and the jacket are assumed, and these values are reported in Table 5.1.
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5.3 Identification of the reaction kinetics

In order to obtain the set of experimental data, as described in Section 2.5.1, the phenol-
formaldehyde reaction has been simulated at nine different constant temperatures
(7={60°C,65°C,70°C,75°C,80°C, 85°C, 90°C, 95°C, 100°C'}) and the batch time has been
specified as t;, = 15 hours. A PID controller, based on the feedback of the reactor tem-
perature, has been used to heat the reactor until the desired temperature and to keep it
constant during the reaction. The PID parameters, tuned via trial-and-error procedure,
are Kp = 9-107%, K; = Kp = 107 7. The actuator and the temperature sensors are
characterized by the features described in the previous Section. For each temperature,
the values of the concentrations of the 13 compounds, at 71 different time instants, t;,
have been measured: the first instant is the initial time (¢y = 0), then, in the first hour 12
samples have been collected with a 5 minutes step, in the second hour 6 samples have
been collected with a 10 minutes step, and, in the following hours, 4 samples per hour
have been collected with a 15 minutes step. Different steps for the first hours have been
selected, because in these hours the reaction is much more faster than in the following,
due to the higher concentrations of reactants. In practice, since the concentrations can be
measured only off-line, it has been supposed that at each instant ¢; a sample of reacting
mixture has been drawn and analyzed. Finally, in order to simulate the measurement
errors, gaussian white noise has been added to the concentration measurements (zero
means and variance equal to 10?).

As regards the heat released by the reaction, it has been supposed that, at the same
nine constant temperatures, the reaction occurred in a calorimeter and the value of the
heat released for a unit volume at the instants ¢;, has been collected [91]. In order to
simulate the measurement errors, gaussian white noise has been added to the heat values
(zero means and variance equal to 10).

In this way a total number of 639 samples has been considered both for the concen-

tration and for the heat estimation.

5.3.1 Estimation of kinetic parameters

The kinetics parameters to be estimated are the parameters ¢; and ¢; (i = 1,...,p, and
p = 3 for Model o and p = 4 for Model [3), defined in (2.45) and (2.46). The reference
temperature for the parameters ¢; has been assumed equal to 7™ = 353.15 [K].

The Levenberg-Marquardt algorithm (2.20) has been adopted with the following val-
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ues for the algorithm parameters: the step size x = 0.10, the initial damping factor
Ao = 1000 and v = 10.

The identification procedure has been replicated for different initial values of the pa-
rameters. For the parameters ¢; initial values of —20 or —25 have been considered, while
for the parameters 1); initial values of 8.5 or 9.5 have been chosen. Therefore, for the Model
a, in which there are 6 parameters to be estimated, 64 different replication have been con-
sidered; for Model 3, in which there are 8 parameters to be estimated, 256 replication with
different initial conditions have been done.

The parameters that achieve the best fit of the data set, together with the initial condi-
tions and the value of the objective function (2.43) for Model o and Model 3, are reported

in Tables 5.2 and 5.3, respectively, where ¢! and v are the initial estimates of ¢; and ;.

Model o first-order kinetics | « second-order kinetics
Objective Function 1.178 - 10% 9.725 - 106

©9 —20 —25
Yy 9.5 9.5

©9 —20 —25

Vs 9.5 9.5

09 —20 —20

¥ 9.5 9.5

©1 —9.499 —17.333
N 9.144 9.259
©2 —10.433 —18.160
Vo 8.854 9.145
©3 —10.094 —17.527
V3 8.569 8.880

Table 5.2: Best fit kinetic parameters for Model «.

The best fit parameters may be expressed in terms of pre-exponential factors and
activation energies; the resulting values are reported in Tables 5.4 and 5.5.
5.3.2 Estimation of the molar enthalpy changes

Once the kinetic parameters have been estimated, the expression of the heat released

becomes linear in the unknown parameters A H;. Therefore, it is possible to use equation
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Model 0 first-order kinetics | 3 second-order kinetics
Objective Function 1.223 - 108 9.864 - 10°

¢ —20 —25
Y 8.5 9.5

©9 —25 —20
by 9.5 8.5

03 —25 —25
) 8.5 8.5

©3 —25 —25
) 9.5 9.5

p1 —9.518 —17.325
U 9.045 9.268
©2 —74.224 —20.809
9 10.309 9.052
©3 —10.403 —18.223
V3 8.909 9.151
01 —10.238 ~17.706
Py 8.732 9.009

Table 5.3: Best fit kinetic parameters for Model 3.

(2.12) to compute the values of the molar enthalpy changes that minimize the objective
function (2.48). Following the procedure described in Section 2.4.3.2, the molar enthalpy
changes have been estimated first as constant values, then, in order to improve the heat
estimation, as parameters dependent upon the temperature.

In Tables 5.6 and 5.7, are reported the values obtained for the molar enthalpy changes
considered as constants.

It is worth noticing that for the Model 3 with first-order kinetics, the molar enthalpy
change AHj is negligible.

When the molar enthalpy changes are considered as parameters dependent upon the
temperature, a value for each temperature has been estimated and, then, an interpolating
polynomial function has been considered. The values of the parameters for each tem-
perature are reported in Tables 5.8-5.11. Since the values of the parameter AH; for the

Model 3 with first-order kinetics is negligible, they are not reported in the Table 5.10. The
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Model || « first-order kinetics o second-order kinetics
ko1 2.416 - 107 [s™1] 2.396 - 10° [m? - mol~! - s7!]
Ea1 77.850 [k] mol '] 87.312 [k] mol~!]
ko2 1.203 - 10* [s71] 4.319 -10% [m3 - mol~! - s71]
E.2 58.253 [k] mol '] 77.944 [k] mol ']
ko3 1.236 - 10% [s7!] 1.687-10 [m? - mol~! - s71]
E.3 43.807 [k] mol~!] 59.793 [k] mol~!]

Table 5.4: Kinetic parameters for Model «: pre-exponential factors and activation energies.

Model || ( first-order kinetics [ second-order kinetics
ko 1 1.950 - 106 [s71] 3.188 - 10° [m? - mol~! - s71]
Eauq 70.512 [k] mol '] 88.128 [k] mol ']
ko2 4.570 - 10% [s71] 2.881-10 [m? - mol~! - s7]
Eu2 249.582 [k] mol '] 71.008 [k] mol~1]
ko3 3.804 - 10% [s7!] 4.732-103 [m? - mol ! - s71]
E.3 61.546 [k] mol~!] 78.397 [k] mol 1]
ko4 1.500 - 103 [s7!] 2.320 - 10? [m® - mol™* - s7]
E.s5 51.562 [k] mol '] 68.019 [k] mol ']

Table 5.5: Kinetic parameters for Model (3: pre-exponential factors and activation energies.

interpolating polynomial functions are reported in the following; they are expressed in
terms of the temperature normalized with respect to the mean value (1) and the standard

deviation (o) of the set of temperatures 7

T'—p
—

T, =

Cubic or 4y, degree polynomial function have been adopted. In particular, the 4,
degree polynomial function has been adopted when the cubic function achieves poor
interpolating performance. Since the data set is referred only to the range of temperature
between 60°C and 100°C, the polynomial functions f;(7’) are able to interpolate the true

values of the molar enthalpy changes only in this range. To overcome this drawback, for

all the models the following assumptions have been done (i = 1, - - - , p)
AH;(60°C) if T* <60°C,
AH(T*) =< f(T%) if 60°C < T* < 100°C,

AH;(100°C) if T* > 100°C
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Model || « first-order kinetics | o second-order kinetics
AH, —40.646 [k] mol~!] —26.178 [k] mol~!]
AHy || —10.510 [k] mol~!] —66.200 [k] mol~!]
AH;z || —21.372 [K] mol~!] 19.690 [k] mol ]

Table 5.6: Molar enthalpy changes for Model «.

Model 0 first-order kinetics | 3 second-order kinetics
AH, —44.395 [k] mol~!] —19.876 [k] mol~!]
AH, || 1.612-1071 [K] mol~!] —1647.3 [k] mol~!]
AH; —2.087 [k] mol™!] 6.4777 [k] mol™']
AHy —26.897 [k] mol~!] —20.768 [k] mol~!]

Table 5.7: Molar enthalpy changes for Model (3.

Model o first-order kinetics

T 60°C 65°C 70°C 75°C 80°C 85°C 90°C 95°C 100°C

AHp || —24.72 | —26.50 | —29.20 | —31.97 | —34.84 | —37.28 | —39.81 | —41.84 | —43.75

AHs || —40.04 | —40.14 | —34.43 | —26.24 | —19.57 | —15.11 | —12.23 | —9.92 —7.94

AHs; 37.78 36.60 23.36 6.81 —5.68 | —13.63 | —19.15 | —23.39 | —27.04

Table 5.8: Molar enthalpy changes variable with the temperature for Model o with first-order
kinetics.
Model o first-order kinetics
The molar enthalpy changes are represented via the following polynomial functions
o AH((T) =p11T2 + p12T2 + p13Th + pra,
o AH(T) = po1Ty + p2.2T3 + pasT? + paaTy + p2s,
o AH3(T) = p3nTy +ps 2Ty + p3aTy + psaTln + pas,

where

P11 = 0.460; P12 = 0.248; P13 = —7.513; P14 = —34.656;
P21 = 2762, D22 = —2.612; P23 = —7885, P24 = 16642, P25 = —197007
P31 = —9.528; p32 = 4.305; p3,3 = 16.889; p34 = —31.635; p35 = —5.542.
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Model o second-order kinetics

T 60°C 65°C 70°C 75°C 80°C 85°C 90°C 95°C | 100°C

AH, || —20.43 | —21.52 | —22.97 | —24.17 | —25.39 | —25.95 | —26.56 | —26.54 | —26.36

AH, || —125.1 | —94.16 | —79.79 | —70.58 | —66.65 | —66.16 | —67.09 | —67.03 | —65.55
AHs || 1112.6 | 291.65 | 108.65 50.94 31.86 24.28 20.94 18.60 16.64

Table 5.9: Molar enthalpy changes variable with the temperature for Model o with second-order

kinetics.

Model ( first-order kinetics
T 60°C 65°C' 70°C 75°C 80°C' 85°C 90°C 95°C' 100°C

AH; || —21.67 | —24.19 | —27.70 | —31.46 | —35.52 | —39.28 | —43.27 | —46.83 | —50.34

AHj || —41.54 | —41.32 | —35.39 | —26.24 | —17.75 | —10.84 | —5.00 0.735 6.64
AH, 41.46 39.75 25.02 6.72 —-7.35 | —16.69 | —23.70 | —29.75 | —35.72

Table 5.10: Molar enthalpy changes variable with the temperature for Model 3 with first-order

kinetics.

Model o second-order kinetics

The molar enthalpy changes are represented via the following polynomial functions
o AH\(T) = qaT3 + q22T2 + 23T + q2.4,
o AHy(T) = qoi T3 + qo.2T72 + q2.3Tn + q2.4,
o AH5(T) = q31 T + q32T2 + q3,3T12 + q3.4T0 + g3.5,

where

q1,1 = 0.254; q12 = 0.889; q1,3 = —2.579; qi1,4 = —25.221;
g1 = 7.584; qoo = —13.255; qo3=4.012; go4 = —66.226;
q31 = 149.46; q39 = —208.37; q33 = —77.08; g34=81.125; ¢35 = 45.736.

Model ( first-order kinetics
The molar enthalpy changes are represented via the following polynomial functions

o AH(T) = 511T3 + 51212 + 13T + s1.4,
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Model 3 second-order kinetics

T 60°C 65°C 70°C 75°C 80°C 85°C 90°C 95°C | 100°C

AH, || —17.87 | —17.82 | —18.42 | —18.59 | —18.83 | —18.79 | —19.08 | —19.23 | —19.47
AH, || —874.4 | —998.3 | —1145 | —1285 | —1447 | —1600 | —1789 | —1957 | —2135
AH; —7.14 —2.27 2.08 5.64 9.45 13.09 17.28 20.04 22.37
AH, 45.40 3.94 —-8.17 | —13.01 | —16.98 | —21.08 | —25.52 | —28.59 | —30.97

Table 5.11: Molar enthalpy changes variable with the temperature for Model 3 with second-order

kinetics.
o AHy(T) = 0;
o AH3(T) = s31T + 53215 + 833172 + 34T + 835,
o AHY(T) = s41 Ty} + 42T + s43T5 + sauTy + s45,

where

S1,1 = 0.515; 51,2 = —0.265; 51,3 = —10.924; 51,4 = —35.349;
83,1 = 2.539; 832 = —2.655; 833 = —5.176; 834 = 22.210; 835 = —17.917;
s41 = —6.002; s40 = 4.323; 843 = 17.504; 844 = —35.926; s45 = —7.196.

Model (5 second-order kinetics
The molar enthalpy changes are represented via the following polynomial functions
o AH\(T) = g11T3 + 91212 + g15T0 + 91,4,
o AHy(T) = go1 T3 + g22T2 + g2,3Tn + 92,4,
o AH5(T) = g31 T3 + 93212 + 93,311 + 93,4,
o AHY(T) = ganTy + 94213 + 43T + gaaTy + gas,
where

g1,1 = —0.0378; g¢12 =0.0585;  g13=—0.498; g4 = —18.730;

g2,1 = 4.7489; g22 = —28.150; go3 = —442.06; go4 = —1445.2;

g31=—0.132 g3o = —0.906; g33=10.381;  gs4 = 9.7556;

g1 =7.8329;  gao = —9.3896; gs3= —5.6314; gs4 = —5.5769; g¢54 = —16.504.
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5.3.3 Model validation

Once all the parameters characterizing the identified models have been estimated, it is
possible to compare the performance of each model, both in terms of concentrations esti-
mates and of the heat released estimate.

To this aim, the complete and identified models are forced to track some temperature
profiles, using the PID controller described in Section 5.3, and the comparison between
the models have been performed via the root mean squared errors (see equations (2.53)
and (2.54)). In particular, 4 temperature profiles, similar to the ones adopted in industrial
context, have been tested. Figures 5.1-5.16 show the concentrations and heat estimates
for each identified model and each test profile; the root mean squared errors obtained
for each profile are reported in Table 5.12. In Table the symbols RMSEc, RMSEF, and
RSM E& indicate the root mean squared errors for the concentrations, the heat released
computed considering the molar enthalpy changes as constants and the heat released
computed considering the molar enthalpy changes variable with the temperature, re-
spectively. The errors values are obtained considering 1000 samples for each profile.

From the analysis of the results some remarks can be done:

e The best identified model, both in terms of concentration estimation and heat esti-

mation accuracy is the Model 3 with second-order kinetics.

e The second-order models have good performance in terms of concentration estima-

tion accuracy.

e Despite its good performance in terms of concentration estimation, the Model o with

second-order kinetics performs badly in terms of in heat estimation accuracy.

o The first-order models show comparable results: Model (3 achieves better accuracy
of the concentrations estimates, while Model - achieves better accuracy of the heat

estimate.

e Except the Model o with second-order kinetics, the models with molar enthalpy
changes variable with the temperature achieve better estimation of the heat re-

leased.
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Temperature profile no.1

Model RMSEc | RMSE, | RSME
« first-order kinetics 310.0 0.580 0.217
« second-order kinetics 98.39 0.710 1.404
0 first-order kinetics 284.1 0.768 0.243
( second-order kinetics 82.80 0.678 0.035
Temperature profile no.2
Model RMSEc | RMSEY, | RSME
« first-order kinetics 552.8 1.141 0.655
« second-order kinetics 163.4 2.136 2.527
0 first-order kinetics 530.9 1.465 0.830
0 second-order kinetics 163.8 0.806 0.245
Temperature profile no.3
Model RMSEc | RMSEE, | RSME
«a first-order kinetics 527.6 1.899 1.431
« second-order kinetics 172.2 2.569 3.115
0 first-order kinetics 491.9 2.124 1.793
0 second-order kinetics 160.7 1.556 1.167
Temperature profile no.4
Model RMSEc | RMSEE, | RSME,
« first-order kinetics 492.5 0.552 0.368
« second-order kinetics 113.8 1.301 2.543
0 first-order kinetics 443.6 0.679 0.401
( second-order kinetics 109.0 0.374 0.106
Average RMSE
Model RMSEc | RMSEY, | RSME
« first-order kinetics 470.7 1.043 0.668
« second-order kinetics 136.9 1.679 2.397
0 first-order kinetics 437.6 1.259 0.817
0 second-order kinetics 129.2 0.854 0.388

Table 5.12: RM SFE on the test temperature profiles.
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Figure 5.3: Model 3 first-order kinetics: temperature profile no.1.
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Figure 5.5: Model o first-order kinetics: temperature profile no.2.
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Figure 5.11: Model ( first-order kinetics: temperature profile no.3.
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Figure 5.12: Model 3 second-order kinetics: temperature profile no.3.
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Figure 5.13: Model « first-order kinetics: temperature profile no.4.
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Figure 5.14: Model a second-order kinetics: temperature profile no.4.
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Figure 5.15: Model ( first-order kinetics: temperature profile no.4.
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Figure 5.16: Model 3 second-order kinetics: temperature profile no.4.
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5.4 Control

Two comparative case studies have been developed to test the effectiveness of the control
scheme proposed in Chapter 3 on a realistic simulation model.

In the first case study, the control schemes have been tested in ideal conditions, i.e., in
the absence of measure disturbances and actuator dynamics.

In the second case study, the same control schemes have been tested in the presence
of actuator dynamics and measurement disturbances, such as described in Section 5.2.

In each case study four different schemes have been tested:

e The model-free approach proposed in [41] and described in Section 3.3.2.2. Namely,
the two-loop scheme (3.30), (3.31) is adopted, in which g and 0 are obtained by
means of observer (3.29). In order to cope with the singularities occurring when
(T —T};) — 0, this term has been replaced by the constant value 0.1 when |T;. — Tj| <
0.1.

e The model-free approach proposed in Section 3.3.2.1. Namely, the two-loop scheme
(3.30), (3.31) is adopted, in which 7 is obtained by means of observer (3.20), using 15
Radial Basis Functions. The centroids are chosen evenly distributed in the interval
[293 K, 368 K], considered as the range of temperatures of the reaction. The width

7, equal for all the RBF functions, has been set as 102.

e The model-based controller-observer scheme (egs. (3.9), (3.30) and (3.31)), without
updating the parameters estimate, i.e., the available nominal estimates are used.
The dynamics of the phenol-formaldehyde reaction has been estimated via the
Model o, with first-order kinetics and molar enthalpy changes depending upon the

temperature.

o The adaptive model-based controller-observer scheme (egs. (3.9), (3.30) and (3.31)),
with update of the parameters estimates via (3.10) and (3.32). The dynamics of the
phenol-formaldehyde reaction has been estimated via the Model o, with first-order

kinetics and molar enthalpy changes depending upon the temperature.

In order to perform a fair comparison between the model-free and the model-based
approaches, the four schemes have been tuned so as to achieve the same control effort
(i.e., so as to obtain the same time histories of v, as far as possible). All the schemes have

been tuned via a trial-and-error procedure.
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The assumptions on the set-up, on the initial conditions and on the reactor geometry
have been assumes such as described in Section 5.2 and are reported in Table 5.1.

The desired temperature profile T, 4(t), reported in Figure 5.17, develops in three
phases:

e Heating. In this phase the desired reactor temperature is raised from its initial
value, 293 [K], to 368 [K] in 6000 [s] via a third-order polynomial with null initial

and final derivatives.

e Isothermal phase. In this phase a constant set-point temperature (368 [K]) is com-
manded for 7500 [s].

e Cooling. In this phase the desired temperature is driven to 298 [K] in 4000 [s]; the
profile is a third-order polynomial with null initial and final derivatives. The final

temperature is then kept constant for 500 [s].

Temperature [K]
w
8

290 1 1 1 1 1 1 1 1
0 2000 4000 6000 8000 10000 12000 14000 16000 18000

Time[s]

Figure 5.17: Desired reactor temperature profile.

An initial estimation error on the concentrations, which amounts to the 5% of their
true values, has been assumed. Moreover, a wrong nominal estimate of § has been con-
sidered, which is assumed to be equal to 1.6 times its true value (i.e., a 60% error).

The parameters of the controller-observer schemes are summarized in Table 5.13. It is
worth noticing that the parameters of the controller (g,, g;) are the same for all the control

schemes.

Results: Case Study 1

The results of the simulations are reported in Figures 5.18-5.21. It can be recognized

that all the tested control laws achieve satisfactory temperature tracking performance
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Parameter Value Parameter Value
I 10 gr 5-1071
lo 5-10% g 5-1071
I3 1-1071 v 61071
. 1 3-1072
1y 1 ly 2-1072
A 1.5-1071 Iy 6.5-1073

Table 5.13: Controller-observer parameters.

(Figure 5.18) and are characterized by very similar peak values of the control input (Fig-
ure 5.19). Noticeably, the model-based adaptive scheme achieves tracking performance
comparable with respect to the model-free schemes, also in the presence of wide model
uncertanties; as expected, the adaptive model-based approaches outperform the non-
adaptive model-based scheme, since the latter does not take into account the parametric
uncertainties at all.

It can be argued that the differences between the compared schemes are mainly due to
the different estimation accuracy of the heat released by the reaction (Figure 5.20) and of
the parameter 0 (Figure 5.21). All the adaptive (model-based and model-free) approaches
achieve very good performance. Since the parameter estimate converge to the true value

of 0, it is possible to argue that the persistency of excitation condition is fulfilled.

Results: Case Study 2

The results in Figures 5.22-5.25 show that good performance are still achieved, even in
the presence of measurement noise and actuator dynamics, although all the variables
(especially the control input, as can be seen in Figure 5.23) are affected by noise and
oscillations. In particular the model-free observer based on RBFs is the most sensitive to
measurement noise. It can be concluded that the exponential stability property confers
to the adaptive model-based scheme a satisfactory degree of robustness.

The estimates of 6 (Figure 5.25) are still fairly accurate. Also, the effect of the singu-
larity in the model-free observer is clearly visible in the last part of the batch, where T,
and Tj tends to be equal at the steady-state. In this conditions the parameter estimate

diverges from the real value.
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Figure 5.18: Case study 1: reactor temperature tracking errors.
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Figure 5.20: Case study 1: estimates of the heat released by the reaction.
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Figure 5.22: Case study 2: reactor temperature tracking errors.
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Figure 5.23: Case study 2: commanded temperature of the fluid entering the jacket.
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5.5 Fault diagnosis

The effectiveness of the proposed FDI scheme has been tested on the simulation model
of the reactor, with the adaptive controller (3.30), (3.31) with update of the parameters
estimates via (3.32). The estimation of the heat released and the residual generation can
be performed both by the model-based observer (3.9) and by the model-free observer
(3.20). In the following, for the sake of brevity, only the results obtained using the model-
based observer have been reported, since the same results have been obtained, using the
model-free observer.

The relevant parameters of the reactor and jacket models and of the controller-observer
scheme are the same used in the previous Section and are summarized in Tables 5.1 and
5.13.

In the simulations, the following classes of faults on the temperature sensors have

been considered:

o Abrupt switches to zero of the measured signal.

Slow drifts, i.e., a linearly increasing signal is added to the measured data.

Abrupt constant biases, i.e., a step disturbance is added to the measured data.

Abrupt freezing of the measured signal, i.e., the measured signal is frozen at its cur-

rent value at a certain time instant.

Increasing noise, i.e., a gaussian noise with increasing variance is added to the mea-

sured data.
As regards the actuator faults, two kind of faults have been considered:

o Abrupt constant biases, i.e., a value du is added to the value of the input computed

via the control law (3.30).

o Abrupt freezing of the input, i.e., the input is frozen at its current value at a certain

time instant.

The normalization factors p;, p; (¢ = 1,2) have been chosen equal to 0.2 on the basis
of the values of the output estimation errors of the observers in healthy condition, that
are always below this threshold (see Figure 5.26).

The obtained results show that the proposed diagnostic scheme has been able to de-

tect and isolate all the simulated sensor faults. In detail, Figures 5.27-5.36 show the voted
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Figure 5.26: Output errors of the observers in healthy conditions.

measures, as well as the norm of both the detection and the isolation residuals, in the
presence of different sensor faults.

Figures 5.27 and 5.28 are referred to an abrupt constant bias with an amplitude of 10
[K], occurring at time t* = 10000 [s], on the sensor S ;.

Figures 5.29 and 5.30 show the voted measure and the residuals when the measure of
sensor S, o switches to zero at time t* = 8000 [s].

Figures 5.31 and 5.32 are referred to a slow drift of about 0.01 [K-s~1], starting at time
t* = 1000 [s], on the sensor S} ;.

Figures 5.33 and 5.34 show the results obtained for an increasing noise on the sensor
Syr,1. Namely a white noise with zero mean and increasing variance has been added to
the sensor output starting at time 12000 [s].

Figures 5.35 and 5.36 show the results obtained when the measured signal of sensor
S;1 has been frozen at its value at time ¢* = 3000 [s].

It can be easily recognized that all the faults have been correctly detected and iden-
tified. During a wide simulation campaign it results that when an abrupt freezing on
reactor temperature sensors (5,1 or S,2) occurs during the isothermal phase, the fault
can be detected but not isolate. Finally, the measure voted by the DMS results to be

always better than the standard duplex measure.
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As regards the actuators faults, Figures 5.37-5.40 show the faulted input, as well as
the norm of the residuals. It can be recognized that the detection of actuator faults has
been obtained.

In particular Figures 5.37 and 5.38 are referred on an abrupt constant bias of 20 [K] at
time t* = 10000 [s].

Figures 5.39 and 5.40 are obtained when input has been frozen at its value at time
t* = 14000 [s]. When this kind of fault occurs in the heating phase, it may cause a run-

away of the reactor, with potentially fatal consequences.
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Figure 5.32: Detection and isolation residuals (slow drift at sensor S 1).
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Conclusions and future work

This thesis deals with some fundamental problems regarding batch reactors. Batch reac-
tors represent an engineering challenge because of their strong nonlinearities, the un-
steady operating conditions and the lack of complete state and parameters measure-
ments.

Theoretical aspects of modeling, control and fault diagnosis of batch reactors have
been tackled.

First, the full model of the reactor, involving a system of 15 differential equations, has
been developed. Then, well-known techniques for nonlinear implicit systems have been
applied to identify a number of reduced-order models, able to represent the heat released
by the reaction and the concentrations of the most relevant species. In simulation an
experimental procedure, for data generation and model validation, has been reproduced.

A novel model-based controller-observer scheme for temperature control has been
designed. The scheme is based on the adoption of a nonlinear model-based observer
and a nonlinear temperature controller. The observer is in charge of estimating the heat
released by the reaction. The controller is based on the closure of an inner loop on the
jacket temperature and an outer loop on the reactor temperature. The performance, in
terms of tracking accuracy and robustness to unmodeled dynamics, of the overall scheme
has been tested through a realistic simulation set-up and compared with the performance
of well-established techniques.

Finally, a fault detection and isolation technique, based on the physical redundancy of
the temperature sensors and a bank of two diagnostic observers, has been developed for
actuator and sensor faults. The performance in terms of detection and isolation capability
and of effectiveness of the voting procedure has been proven via computer simulations.

The major contributions of this thesis can be summarized as follows:

e The controller-observer scheme is developed for a fairly wide class of process, i.e.,

the class of irreversible non-chain reactions characterized by first-order kinetics.



e A rigorous analysis of the main properties of the overall scheme (i.e., convergence
and robustness) has been provided. In detail: convergence of state estimation and
tracking errors is always guaranteed under mild assumptions. Moreover, when the
(stronger) persistency excitation condition is fulfilled, exponential convergence of
all error signals is ensured. This, in turn, implies robustness of the proposed scheme

in the face of unmodeled effects.

e Since the design and the tuning of the controller can be achieved independently
from the adopted observer, the controller can be adopted in conjunction with other

observers and vice versa.

e The same observer adopted for control purpose, may be used also for achieve fault

detection and isolation.

Future work will be devoted to extension of the proposed approaches to more com-
plex reaction schemes, e.g., reactions characterized by second-order kinetics. Also, the
integration of the proposed model-based observer with an universal approximator for
the estimation of the model uncertainties is currently subject of investigation.

Concerning fault diagnosis, the proposed approach could be improved in the follow-

ing directions:
e implementation of a fault identification system;

e extension of the technique to more general process faults , such as abrupt variation
of the heat transfer coefficient due to foulness on reactor walls or side reaction due

to impurity in the raw material;

o development of fault-tolerant control strategies.
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