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Chapter 1

Introduction

This thesis concerns the development of advanced process control and optimiza-
tion solutions for chemical process industries. Qver the past decades the mar-
ketplace for chemicals has undergone major changes. To define the current and
future requirements of advanced operating strategies for chemical plants it is
foremost essential to investigate the main consequences of these changes, which
will be done in this chapter (1.1). This chapter will further review the cur-
rent industrial state of the art in process operations as well as recent, academic
developments in the field of process control and optimization (1.2). Finally, a
justification of our research approach is given in 1.3.

1.1 Chemical manufacturing

1.1.1 The chemical marketplace

Chemical industry has grown significantly during the post-second world war
period. The cheap and limitless supply of oil, combined with a post-war era
of unparallelled economic growth resulted in a major expansion of the chemi-
cal industry, based on oil and supported by rapidly evolving technology. This
growth was catalyzed during the 1950’s by the enormous increase in demand for
synthetic polymers. Production capacity for commodity chemicals was largely
expanded during the 1950’s, reducing the gap between demand and produc-
tion significantly and resulting for the first time in oversaturation in parts of
the chemical marketplace. Large investments of the oil industry in commodity
chemicals during the 1950’s-1960’s brought on the next surge of competition:
the building of large and modern plants resulted in excess production capacity
which stimulated the chemical companies to diversify into other fields of more



specialized chemicals. The relation between the gradual saturation of the mar-
ket since the 1950’s and the decrease in chemical industry’s profitability during
this very time span can not be a coincidence.

The chemical industry is believed to have gone through its most difficult era
so far during the 1970’s as it was shaken up rudely by successively the report
of the Club of Rome in 1972, the oil crisis of 1973 and the world wide recession
of 1979. In a report by the steering committee of the Furopean Federation of
Chemical Engineering (EFCE) from 1981 [9] the commotion within the chemical
industry was expressed as follows: “It is no overstatement that the changes
which hang over the industry are more basic and far reaching than at any time
since 1945”. A main concern of the chemical industry at that time was its
critical dependence on the availability of oil which was then expected to cease
dramatically during the coming years. In response to the pessimistic predictions
of availability of oil, the EFCE concluded that the chemical industry should
continuously enhance the quality and utility of its finished consumer products
to enable the industry to bid away and conserve crude oil for raw material rather
than for energy uses.

The finding of large oil reserves during the past decades and the increased
efficiency in the exploration of existing fields reduced the necessity for major
interventions. However, the strong dependency on fossil fuels remains a threat
for the chemical industry. Tightening legislation with respect to air and water
pollution forced chemical industry to choose between investing in costly mod-
ifications of processes and process operations to meet the rules or to pay huge
fines for violating them.

Global competition

During the past decades the chemical industry has been faced with a major
change in its marketplace: the local competition which had its roots in the
1950’s expanded to global competition in a rapid pace. Several factors con-
tributed to this development. In the beginning of the 1990’s many of the basic
processes for producing key intermediates such as alkanes and aromatics were
mature as they had been operated for more than 20 years. This meant that
patent protection had expired so that countries with reserves of crude oil (such
as Korea, Mexico, Saudi Arabia) could enter and quickly expand the production
of these intermediates for the world market. Other examples are the entrance of
the world market for Potassium Chloride by government-controlled (and largely
subsidized) companies from Israel, Russia and Canada in the mid 1980’s [30] and
the production of basic chemicals (e.g. ammonia) from natural gas in Alaska,
Mexico and Venezuela. The manufacturing cost advantage due to cheap re-
sources began to outweigh by far the freight costs to ship the products to end
users. Next to being confronted with global competition, many chemical com-
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Figure 1.1: The internal supply chain of a chemical manufacturing site.

panies have been or are on the verge of taking a worldwide view on production
and marketing themselves. Political developments such as the formation of the
European Union have encouraged this. Additionally, products requiring large
Research and Development costs such as pharmaceuticals, pesticides and spe-
cialty polymers cannot possibly recoup these costs in their home market: they
must hence be sold worldwide.

A global marketplace creates a threat for some companies, yet an opportu-
nity for others. Those companies that deal best with the changing requirements
the marketplace puts on the company’s organization and automation are ex-
pected to be the most viable ones.

1.1.2 Towards flexible, demand driven operation

During its early years chemical manufacturing was largely supply-driven which
was logical because the demand for chemicals exceeded the production. Most
companies were practically run by the production managers and process opera-
tors, who viewed the plant as being isolated from its environment, interpreting
most influences from outside (such as market changes) as disturbances. Sales
and purchasing departments played minor roles as being subjected to the con-
sequences of the production manager’s actions. The slowly emerging situation
of oversaturation in a large part of the chemical marketplace forced chemical
companies to adopt a demand-driven mode of operation. Companies are re-
quired to respond quickly to changing market situations and to meet the more
and more diversified demands customers have regarding product specifications.
Clearly this puts high demands on the effectiveness and speed of the company’s
decision making. The fact that decision making is distributed amongst different
players in the company, such as purchasing managers, production managers and



sales managers complicates matters. The latter is illustrated in Figure 1.1 where
the typical internal supply chain of a chemical manufacturing site is depicted
[8].

Effective decision making requires a continuous process of gathering, storing,
and processing information. The information and decision management is nowa-
days supported by revolutionary developments in the area of information tech-
nology and enterprise automation. As an example consider Enterprise Resource
Planning systems as offered by e.g. SAP and Baan. The often company-wide
availability and accessibility of crucial information regarding the company’s op-
eration creates new opportunities for supply chain management and company-
wide decision support. One of the main challenges in this respect, and also
the key to demand-driven operation, is the allocation of production resources
to comply with orders and physical constraints such as plant capacity, storage
capacities etc. Such problems are generally referred to as scheduling problems.
Literature on scheduling in relation to process industries is rather extensive and
the role of scheduling in the internal supply chain is broadly acknowledged. An
overview can be found in [70].

Rather surprisingly however, despite the large share of continuous chemical
manufacturing in chemical industry and its economic attractiveness, most of
the scheduling literature focuses on batch operations. Typical batch scheduling
problems concern the timing of batch operations on parallel processing units so
as to meet certain production dead lines. The type of scheduling problem one en-
counters in continuous manufacturing is of a different nature. Most continuous
manufacturing plants can process different feedstocks and/or produce different
grades or combinations of grades' of products. The scheduling task concerns
the timing of feedstock and grade changes. Obviously, production scheduling
interferes largely with purchasing and sales decision making and process control
and optimization. True flexible operation of the company may require to inte-
grate these. To the author’s knowledge, such integrated solutions to production
management do not exist to date.

This is certainly reflected in today’s operation of multi-grade plants. Most of
those plants are still operated according to a predetermined sequence of product
grades, called a product slate or a product wheel, see Figure 1.2 [77]. The
sequence is constructed such that the necessary grade changes are relatively
easy, safe and well-known by the operating staff. Remaining degrees of freedom
in the determination of the sequence are used to minimize for example the total
grade change time. The choice of the grade slate and the duration of the grades
is a trade-off between the costs of inventory and the costs of grade changes.
Observe that the product-slate type of operation is largely supply-driven and

LA product ‘grade’ is a certain quality of the produced chemical that meets specific cus-
tomer demands. An example of a product grade is a ‘grade of High-density Poly Ethylene’
which is typically characterized by the polymer’s density and melt index.
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Figure 1.2: A product grade slate A-B-C-B-A with on-spec-ranges.

hardly allows to account for changes in the market.

The lack of systematic approaches to production scheduling for continuous
chemical manufacturing is one crucial observation that contributes to the moti-
vation behind our research.

A primary reason for the inflexible operation of continuous chemical plants is
the moderate quality of process control systems that are currently implemented
in chemical plants. Observe that fast, accurate control of the plant, especially
during changeovers between different grades or production rates, is required in
order to facilitate demand-driven operation of the plant. A description of the
status quo of process control technology in chemical manufacturing as well as a
critical evaluation of the role of advanced process control will be given next.

1.1.3 Production management and control

In this section we will discuss the operation of chemical plants nowadays, ranging
from operator control to fully automated process control. We will describe the
successful role of advanced control technology in (mainly) refinery applications
and why its success in chemical applications is still lagging behind. Also, a
description of what we consider to be the current industrial state of the art in
process control and optimization will be given, mainly for reference purposes.

Operator control vs. automated control

The operation of chemical processes has always been an intricate task, which
is inherent to the scale, the complexity and the potential danger of chemical
processing plants in general. The role of process control in the operation of
these processes is considered essential. The primary role of process control
is to contribute to guaranteed safe operation of the plant. Most processing
plants contain hundreds of local control loops and logical devices which help to
maintain the plant at a safe and reliable status at all times. Nowadays, these
local controllers are often digitalized and implemented on a so-called Distributed



Control System (DCS).

Despite the presence of advanced implementation technology for basic con-
trol, the level of automation in most chemical industries is still rather low. Brisk
[11] stated in 1992 that most computer-based control systems were being used
to at most 25 % of their potential. At present, the use of computer control in
the process industries is without doubt more extensive. However the potential
of computer-based control systems has grown exponentionally during the past
decade so the current figures are probably hardly any better. Illustratively,
governing of setpoints for the basic controllers is in many processes still done
manually. This traditional, operator-controlled mode of operation is represented
schematically in the left part of Figure 1.3.

The performance of an operator-controlled plant is clearly limited by the
operator’s understanding of the plant’s behavior. Although operators can be
expected to have at least a so-called “mental model” of the plant’s behavior on
the basis of which they determine their decisions, the limitations of such mental
models are obvious: they are mostly based on past observations of the plant’s
operation and, because of the enormous dimension and complexity of the true
plant’s behavior, bound to govern only a small part of the plant’s potential
behavior. As a logical consequence, operators tend to control the plant in a
sequential fashion: prioritizing different control goals and attempting to achieve
one after the other. Also, different operators have different mental models and
different priorities which implies that there will hardly be any consensus with
respect to the operation of the plant: the plant will be operated differently
depending on the shift of operators that controls it.

Advanced process control in refinery applications - the success story

In the recent decades there has been, especially in the refinery industries, a
growing consciousness of the benefits of Advanced Process Control (APC) tech-
nologies such as Model Predictive Control (MPC). The main driver for this
development was an economical one: it was observed that many refinery plants
were not operated at or close to the maximum throughput. Also, changes in the
feedstock composition caused large upsets of the total plant with related losses
due to decreased productivity.

In the late 1970’s these problems were identified to be operational (control)
problems instead of structural (process technology related) ones and solutions
were sought in the area of advanced process control. The result was the de-
velopment of the first generation MPC’s in industry, among which IDCOM
(Identification and Command) and DMC (Dynamic Matrix Control) were the
very first to become known to literature [25, 24]. The main feature of these
multi-variable control algorithms is their ability to handle process interactions
and constraints.



The great success of the first few advanced control projects stimulated a
more widespread application of this technology, bringing the status of APC
in refinery applications to what it is now: proven technology. The success of
advanced process control in refinery industries triggered the introduction of
another major technology: Real-Time Process Optimizeration (RTPO). RTPO
optimizes in a recursive fashion the static operating conditions of the plant such
that the economic optimum is tracked continuously. Descriptions of such on-line
optimizing structures in literature are numerous, see e.g. [96, 1].

APC in chemical industries - the best is yet to come

The booming number of MPC and RTPO applications in refinery industries
contrasts with the small number of applications in chemical industries. The
primary reason is an economical one: while commissioning costs for MPC and
RTPO in refinery applications are often a factor smaller than the annual pay-
backs, the costs of APC projects in chemical industries can often not be justified.
Two main reasons can be given. First, the throughputs of most chemical plants
are a lot smaller than in refinery applications, total revenues and profit mar-
gins are often proportionally smaller. Second, commissioning costs for APC in
chemical applications are often rather high due to the specific technological re-
quirements most of these applications put. In refinery applications the main task
of APC and RTPO is to optimize the stationary behavior of the plant, in chem-
ical applications process transitions (e.g. grade transitions, feedstock changes)
occur frequently which must be handled by the APC. This means that pro-
cess nonlinearity will be encountered during the operation which must be taken
into account in controller design and process modeling. System identification-
based modeling, the preferred approach in refinery applications of (linear model
based!) MPC, seems not adequate for this task, physical process modeling will
be required. Obviously, this requires much higher modeling efforts, both tech-
nically and financially.

It is important to note that all of this does not mean that there is no incentive
for APC in chemical industries. The lack of experience-based indicators for
pay-back times and benefits simply makes the implementation of APC on many
chemical plants a risk-investment that many companies are not willing to make.

State of the art in advanced process control

Despite the non-uniform penetration of advanced operation technology in pro-
cessing industries in general it seems opportune to define a state of the art
operating strategy for reference purposes. The current state of the art in pro-
cess operations consists of a structure with different control layers, which are
separated according to the time scale and the spatial distribution at which they
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Figure 1.3: The most traditional (left) and the most advanced process control configu-
ration (right) in continuous chemical manufacturing.

operate. In literature, a great inconsistency exists as to the division and nomen-
clature of control layers, however we will strictly stay to one model that divides
the structure in three layers as in [71, 17], see the right part of Figure 1.3:

e Real-Time Process Optimization
o Model Predictive Control
e Basic Control

The Real-Time Process Optimizer computes the plant’s operating conditions
that are deemed optimal taking into account the process behavior, the process
constraints and the process economics. The process behavior is described by a
steady state plant-wide process model which is often a derivative of the flow-
sheet process models that were used in the plant design. Parameters in the
model are updated on the basis of process measurements to make the model
track the actual process behavior.



The role of Model Predictive Controlis to realize the optimal conditions com-
puted by the RTPO while obeying the process constraints. MPC computes con-
trol moves towards the “optimal” operating conditions by solving a constrained,
finite-horizon optimal control problem each sample time. The process behavior
is described using linear, discrete time models that are often determined via a
system identification procedure. The control moves are implemented according
to the so-called receding horizon principle: only the first move in the horizon
is really implemented, then the horizon is shifted and a new optimal control
problem is solved for the next move. To limit the computational complexity of
the MPC problem and also for maintenance reasons, often several MPC’s are
installed on a plant where each MPC controls one or two process units. The
MPC layer implements its control moves either directly on the control valves or
on the setpoints of the basic controllers.

The Basic Control layer consists of a decentralized system of low level control
loops. The role of these loops is to control locally certain elementary process
variables (levels, pressures, temperatures, flows) in order to yield safe, stable
and reliable operation of the whole plant.

As to the relation between the different layers in the control hierarchy it is
important to recognize that the three layers were developed in separate stages
after which they have been added together. The division of tasks is therefore
not always very logical and inconsistency between the different layers and their
control actions is likely to occur. An example of this inconsistency is the fact
that economic optimization is done only with regard to the static operation of
the plant. Obviously, in case of flexible operation of the plant, the optimization
of the transient behavior becomes (at least) equally important. This is a second
crucial observation that contributes to the motivation for this research.

1.2 Trends in chemical manufacturing and con-
trol

In the previous section we sketched the basic developments in the chemical
marketplace which have lead to the position of chemical industry as it is. Next
we will investigate some trends that are expected to characterize the future
development of chemical industry and the role of process control therein.

1.2.1 The process and its environment

Market developments

The ongoing developments in modern communication technology in general and
internet in particular have a major impact on the supplier-customer relationship,
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also in the chemical marketplace. Already, virtual chemical marketplaces are
in place on which suppliers and customers are brought together. An example
of such a chemical marketplace is ChemUnity, which was one of the few B2B
(business to business) internet companies that ended the year 2000 (according
to many “the year of the truth” for internet trading companies) successfully
and has bright prospects for the future. The role of virtual marketplaces such
as ChemUnity is believed to grow significantly in the nearby future, making the
chemical marketplace eventually more transparent and truly global.

Besides globalization, a tendency to make production more customer-specific
is expected, both with respect to delivery contracts and product diversity. Long
term contracts will become rare and will be replaced by shorter term contracts
and eventually by delivery on demand. The requirements these changes put on
the operation of processing plants are completely different from those defining
the current operation of for example refinery applications. Optimization and
control technology, which is at present largely based on the situation encoun-
tered in refinery applications, must be fitted to those requirements.

Changes in plant design

Chemical plants change as well. Luyben [51] mentions some characteristics of
many (new) chemical plants which he finds to be at the basis of the need for
plant-wide process control:

e material recycles,
e energy integration.

Material recycles, though undesirable from a control perspective, arise fre-
quently for various reasons, e.g. to increase conversion, to improve economics,
to improve yields, or to minimize side-reactions. The fundamental reason for
the use of energy integration is to improve the thermodynamic efficiency of the
process and thereby to reduce utility costs. Another reason for energy inte-
gration is located in the environmental legislation which sets increasingly strict
constraints and/or penalties on the plant’s environmental burden.

Another trend in process design is the minimization of inventory. The reason
for this is twofold. First, a large inventory of raw materials and intermediate
products in the process is disadvantageous from an economic point of view.
Second, intermediate storage is often considered dangerous and hence necessi-
tates expensive safety precautions. The absence of intermediate storage results
in processes that exhibit strong dynamic interaction between different process
units, making the application of plant-wide, multi-variable control techniques
opportune.
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Tightening legislation regarding environmental protection

Environmental care and sustainability have been more and more predominantly
present on the European and American political agenda during the past decades.
Tightening legislation will continue to set hard boundaries on the operational
requirements for chemical industries. Where the focus in the past was often on
production maximization, future challenges in process control will be oriented
more and more towards quality control and waste minimization.

1.2.2 Process control research and development

Above-mentioned trends will put new requirements on the operation of chemical
manufacturing facilities in the future. Fortunately, several promising develop-
ments in the field of process control make us believe that an extension of the
currently available control and optimization methods towards solutions that
meet these requirements is feasible. The ones that are most essential in view of
advanced process control and optimization are outlined here.

Modeling large scale process systems

Essential in any model-based control and optimization approach is the availabil-
ity of a model. At present, modeling is still a time-intensive, specialistic task.
However, noting from the development of the last generation of professional
modeling packages (AspenTech’s Aspen Custom Modeler, PSE’s gPROMS) there
is a trend towards making the modeling process systematic and feasible also for
less-experienced users. A good example of such an attempt was the develop-
ment of Dynaplus, a tool which supported the user in transferring Aspen Plus
static models (which are often readily available from the process design stage)
into dynamic models. Further developments which support the modeling effort
are to be expected in the nearby future. Eventually, dynamic process model-
ing may turn from an art into common practice. This may enable the use of
rigorous models or derivatives there-of (for example so-called grey-box models,
rigorous models in which parameters are fit to experimental data) in model-
based control, relaxing to some extent the need for system identification which
is expensive, time-consuming and very difficult especially for nonlinear chemical
plants.

Numerical integration and optimization

Various applications of plant models can be distinguished: simulation studies
to the dynamic behavior of the process, off-line and on-line optimization of the
process, or controller synthesis. Since most process models are of large scale and
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nonlinear, the role of numerical methods in all model-applications is imperative.
Efficient integration methods have been developed (many on the basis of DASSL,
a result of the pioneering work by Petzold [64]) which enable to simulate large
systems of Differential-Algebraic Equations (DAE) at desired accuracy. Also,
different strategies for the optimization of large DAE’s have been developed.
Most of the proposed methods use a smart parametrization of the input and/or
state trajectories to end up with a NLP [89, 45]. Optimization methods have
been developed and tailored for the solution of these (e.g. [80, 81]). During
the past decade there has been a large renewed interest in convex optimization,
mainly due to the success of interior point optimization methods. The efficiency
of these methods in solving large-scale convex programmes, as well as their role
in speeding up non-convex optimization creates new opportunities for amongst
others real-time optimization, where computation time is inherently critical.

Robust stability of MPC systems.

Performance and stability analysis of control systems is often considered to
be of academic interest only. This may be true when experimentation is so
cheap that proof of principle can be derived from practice or when the stability
and performance properties can be made plausible on the basis of dozens of
successful similar applications. When it comes to the application of advanced
process control in chemical applications however, both arguments do not hold.
The availability of theoretical stability and performance results could help a lot
in increasing the acceptability of these new technologies. Up to the present no
general theoretical basis exists for stability and performance analysis of MPC
schemes operating in the presence of disturbances and plant-model mismatch.
Important progress has been made however, see e.g. [58, 74, 42].

Nonlinear MPC

Steady state optimizers use static nonlinear models, current MPC technology
uses dynamic linear models. The current state of the art operating strategy
obviously entails model inconsistency. Nonlinear MPC (NMPC), using dynamic
nonlinear models, has the potential to overcome this inconsistency. In the past
decade, developments in the field of NMPC have been extensive. The basic
properties of NMPC have been studied and nominal stability proofs were pro-
posed. Also, efficient optimization approaches have been developed which al-
ready make real-time application feasible for small problems or problems with
very slow nonlinear dynamics. For an overview, refer to [32] and for a nice re-
view of emerging topics to [54]. It must be noted however, that at present there
is a significant gap between process control theory and practice, resulting in a
disappointing number of true applications of advanced nonlinear control solu-
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tions. This is only partially due to conservatism in process industries, academia
can also be blamed. The motivation behind a large part of the control research
is purely theoretic and as a result many solutions address problems that are,
to put it nicely, not so apparent to process control practicers. To avoid this
a rather practical approach to defining and designing new control solutions for
process industries is taken in this thesis, necessarily sacrificing the theoretical
contribution.

1.3 Research justification

The current chapter contains a rather dense and necessarily incomplete review
of past, current and future developments in chemical manufacturing and plant
operation in particular. For the sake of our research project we have translated
these observations into a set of research questions which will be outlined in the
next chapter. We like to believe that these research questions touch upon many
problems that are indeed currently visible in industrial practice. Nevertheless
we must be so modest to alert the reader that no end-solutions to true practical
problems are to be expected from our research. This is a sheer consequence of
the fact that we were, for generality of the results as well as feasibility of our
efforts, forced to leave out a significant level of detail in the formulation of our
research questions. The results of this research should hence be interpreted as
being partial solutions, concepts and tools that may, when properly extended to
case-specific solutions and combined with existing technology, indeed improve
the operation of many plants.

Embedding

This research was started as a preliminary investigation prior to the European
Union research project INCOOP? in which the Mechanical Engineering Systems
and Control group of the Delft University of Technology participates. INCOOP
stands for “INtegration of process unit COntrol and plant-wide OPtimization”
and aims to deliver new technologies for plant-wide optimization and control of
non-stationary processes, such as batch processes and continuous multi-product
or multi-grade processes. Other participants in the INCOOP project are Bayer
A.G. (Germany), Shell International Chemicals B.V. (The Netherlands), IPCOS
Technology B.V. (The Netherlands), MDC Technology Ltd. (United Kingdom),
RWTH-Aachen (Germany), Technical University of Eindhoven (The Nether-
lands), and the Process Systems Engineering group from the Delft University
of Technology (The Netherlands). Preliminary discussions between the part-

2Project number: GRD1-1999-10628. Project funded by the European Community under
the ‘Competitive and Sustainable Growth’ Programme (1998-2002).
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ners and in particular between the originators of the project, Ton Backx (IP-
COS/TUE), Okko Bosgra (TUD) and Wolfgang Marquardt (RWTH) during the
preparatory phase (see e.g. [53]) were of inspiration to this research.

Some results from this research were submitted to the IMPACT project.
IMPACT stands for “Improved Polymers Advanced Control Technology” and
is a so-called Eureka project3. Participants in the IMPACT project are Dow
Belgium N.V., Dow Benelux N.V., ISMC N.V., Katholieke Universiteit Leuven,
and IPCOS Technology B.V. Discussion with the IMPACT participants on the
particular requirements of improved control of polymers processes were helpful
in the formulation of the research problems and in the definition of a realistic
industrially relevant case study for our research.

Prior to the IMPACT project, the author spent 3 months at the Imperial
College of Science, Medicine and Technology (London) as part of a joint in-
vestigation of IPCOS Technology B.V., PSE (London), Imperial College and
the Delft University of Technology into the dynamic optimization and control
of a High-Density Poly Ethylene (HDPE) process, using gPROMS for process
modeling and INCA for multi-variable process control. This work was done
under the supervision of John Perkins. The results of this short collaboration
were presented at the PSE User Group Meeting in April 1999 and thereafter
used as a basic framework for the development of a simulation and optimization
configuration with gPROMS and MATLAB.

We would at this point like to emphasize the importance of collaborations
between industry and academia in process control and optimization studies as
described here. Such collaborations are potentially fruitful for all partners and
may help to bridge (at least a little bit) the theory-practice gap in process
control.

3Project number: E! 2063. Eureka is a pan-European network for cooperative industrial
research and development.



Chapter 2

Problem formulation

This chapter defines the research problems which will be addressed in the re-
mainder of this thesis. We will sketch the operational demands for the future in
the light of the developments in chemical industry which were described in the
previous chapter (2.1). On the basis thereof, the technological requirements for
the operation of chemical manufacturing plants today and in the future shall be
outlined. These technological requirements are translated into two main research
questions (2.2). A brief overview of the contributions of this thesis shall be given
(2.8) and finally the outline (2.4).

2.1 Defining the operational demands for the fu-
ture

In the previous chapter, we identified the main changes in the chemical mar-
ketplace to be the merger of several local markets into a global one and the
saturation of demand for many of its products. An interesting question is what
it takes for a chemical company to remain competitive. One possibility is to de-
velop new products or production methods. Another possibility is to streamline,
and optimize existing production facilities. This is the possibility we consider
in our research.

A key requirement for a chemical manufacturing company’s strategy to be
viable is that it should be largely market-oriented. In the end, the value a
company adds to the raw materials depends largely on its ability to make good
prices for the end products. Making good prices means being responsive to the
market situation and changes therein. In order for a company to be responsive
its internal supply chain must be well-organized and its decision making should
be fast and efficient. The restrictions and the potential of the processing plant

15
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have to be taken into account in a non-conservative manner so that the limit
in addressing the market is in the true plant limitations and not in the effects
of ill-communication between sales managers and plant managers. Further, a
responsive company does not require large stocks of its products to be able to
cope with varying demands: it will handle those through operating flezibility,
maintaining only the minimum required stock levels. Customer satisfaction is
prioritized and this is put in practice by responding flexibly to specific quality
demands and by guaranteeing short delivery times.

The transition of a company to a market-driven, responsive and flexible
mode of operation requires investments in the organization and information
technology. Yet, if the company’s organization is highly responsive to market
variations but the plant is not half as responsive, then market-driven operation
remains but a line in the company’s mission statement. Hence, there is a big
technological challenge in making the plant a reliable and predictable part of
the company.

Market-oriented production and plant management One of the most
important technological issues to be resolved is the development of decision
support systems which enable to control the main decisions in the internal supply
chain in such a way that the performance of the company is optimized. Such
a system should guarantee consistency between the management of production,
marketing, purchasing and sales. Regarding the type of purchasing and sales
decisions that we aim to take into account, we must be so modest to admit
that the focus of this thesis will be on short term decisions, related to factual
purchasing and sales transactions. Marketing and concurrency strategies are
left outside our considerations and are assumed to be part of a longer term
decision making problem. In short term decision making regarding purchasing,
production and sales it is crucial to predict accurately the true potential of the
production plant; how we do this is considered the main extension of our work
on production scheduling compared to existing approaches.

Predictable and economically viable plant operation The second main
technological issue involves the improvement of reliability, predictability, and
flexibility of production. In a responsive company the material flows are con-
tinuously dictated by the motions of the market. The plant must be able to
deal with all these changes. Load changes and grade changes will happen more
frequently which requires an intentional dynamic' operation of the plant. In
present-day practice, dynamic operation of the plant is often avoided, relying
on the well-known and predictable steady state operating characteristics of the
plant. This can lead to strongly inflexible operation, as in the case of product

IThe notion of intentional dynamics was introduced in a similar discussion in [53].
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wheels [77]. The operation of the chemical plant in accordance with the notion
of intentional dynamics requires a new and fresh view on process control and
optimization. The role of the operators should shift to one of monitoring and
supervision, rather than governing the actual process control, since no operator
can be expected to meet the control requirements the intentional-dynamics-
approach put. Instead, automated control technology with a guaranteed and
predictable performance is required. These considerations are particularly rele-
vant for the class of multi-grade or multi-feedstock continuous chemical processes
on which hence the focus of this thesis will be.

Overlapping time scales Chemical industries should deploy process dynam-
ics to serve the market better. A consequence of this ‘intentional dynamics’ view
is that the borders between process control and production management become
vague. Interesting market opportunities that we would like to be responsive to
may occur on a day-to-day basis, a time scale which may well interfere with
the dominant time constants of the process itself! Although process control
and production management time scales may overlap, the resolution of these
two types of decision making is clearly distinct: control decisions will need to
be taken on a minute-to-minute basis, whereas smart production management
may require to consider future purchasing and sales transactions during several
weeks or longer and typically involve day-to-day decisions. How to deal in a
consistent and practically feasible manner with overlapping time scales in pur-
chasing, sales and production management and process control is a big challenge
that is taken up partly in the writing of this thesis.

2.2 Research problem formulation

There is a strong need for a decision support tool which enables a chemical
production site to bring the plant operational management in agreement with
the status and developments in the marketplace. Such a tool should process
information from within and outside the internal supply chain (see Figure 1.1)
to support the management of production, purchasing and sales. To this end
it should reconcile delivery orders resulting from partner contracts and foreseen
opportunities in the market with the present and future production capacity.
Further, it should provide a realistic representation of the potentials and
the limitations of the process operation in such a way that the process becomes
a predictable, well-understood link in the supply chain and true supply chain
integration becomes possible. In the remainder, we will refer to such a tool
as a scheduler. The scheduler, by assumption, sets the boundary conditions
for the process control problem. This decomposition of the plant operation
problem into a scheduling problem and a control problem is common practice
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in current process operations, however it may at this point seem artificial and
indeed requires further motivation which will be given in Chapter 4. The reason
why we introduce this decomposition as an assumption rather than a result from
our research is a practical one: it enables to further structure and specify our
research problems.

For the scheduler to act as a true decision support system it must combine all
the information available and separate on the basis of those, presumably via op-
timization, the preferred decisions from the undesirable ones. The development
of such a scheduler is the first problem addressed in our research:

problem 1

How can we schedule the production of continuous chemical processes in
compliance with market demands and the capacity of the process, and to
a company- (or supply-chain-wide-) optimum ¢

Related to this problem, we can define several research questions. To enable
the scheduler to make its decision making or decision support consistent with
the entire supply chain it should dispose of an internal representation of the
essential behavior of the supply chain which is updated on the basis of informa-
tion available throughout the supply chain. The act of combining and filtering
all this information to end up with a consistent and compact representation of
all relevant aspects of the supply chain operation is referred to as supply chain
modeling. Although a lot of literature on supply chain modeling is available, e.g.
[82, 14], most studies are qualitative and extremely general. In this research,
we focus on chemical manufacturing and continuous chemical processing plants
in particular. The formulation of models for this specific class of chemical man-
ufacturing sites is our concern. The related research question is:

1.1 How should we model a continuous chemical manufacturing site for the
purpose of supply-chain-conscious scheduling ?

The ultimate goal of the scheduler is to control the behavior of the entire internal
supply chain. To this end, it should continuously select the most desirable
decisions with respect to company-market interaction and production. To define
which decisions are most desirable, we must first define what is desirable, hence
we must quantitatively define the economic performance of the company. When
such an objective is defined, we can formalize the selection process by viewing it
as an optimization problem. The next research question refers to the formulation
of such an optimization problem:

1.2 How should we define the operating objective for a continuous chemical
manufacturing site and how can we optimize this subject to the relations
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imposed by the supply chain model ¢

We motivated the need for a scheduler from a consideration of the current and
future characteristics of the chemical marketplace and the role of chemical man-
ufacturing sites therein. However, we did not discuss where such a scheduler
should fit in the organization. This organizational issue contains many differ-
ent aspects as it concerns the interaction with the process control system and
thereby the role of operators as well. The relevance of this issue has been rec-
ognized by many researchers before, e.g. [5, 52] and we will address it for the
specific class of continuous chemical processes:

1.3 How should the scheduler fit in the supply-chain organization and the process
control hierarchy ¢

It was argued previously that a prerequisite for market driven operation is re-
liable, predictable and flexible operation of the process. Reliability and pre-
dictability must be guaranteed for the production scheduling to make sense at
all. Flexibility must provide the key to increased responsiveness of the company
to market changes. The advanced control and optimization technology which
is currently available was primarily designed to control and optimize plants in
single operating conditions, dealing only with fast disturbances and slow param-
eter variations. Essential contributions to the development of this technology
are by P.D. Roberts [72]. The steady state optimization concept seems not ide-
ally suited for achieving the intentional dynamic operation of the plant which
we envision. Instead we will consider dynamic optimization methodologies. The
use of off-line dynamic optimization was studied in relation to grade changes,
e.g. [56], and batch operations, e.g. [50]. Promising results from these research
activities indicate the potential of real-time dynamic optimization strategies.
The development of a real-time control and optimization strategy (hereafter of-
ten bluntly referred to ‘control’) which takes the process dynamics into account
as an opportunity rather than a nuisance is the second main problem that we
want to address.

problem 2

How can we control the operation of a continuous chemical plant subject
to disturbances in compliance with the production schedule and to an
economic optimum ?

The traditional process control hierarchy constitutes a clear separation of static
economic optimization (RTPO) and advanced control (MPC). In this traditional
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setting MPC mainly has a regulatory task, where the desired steady state con-
ditions are determined by the RTPO. In case of intentional dynamic operation,
including grade changes, load changes and alike, the distinct separation between
optimization (statics) and control (dynamics) seems not be a logical choice. One
of the research questions we would like to address is hence:

2.1 How can we integrate real-time economic optimization of the process with
advanced control in case of intentional dynamic operation of the plant ?

The control problem incorporates nonlinear plant dynamics. In literature, sev-
eral general control solutions have been proposed for dealing with plant nonlin-
earity amongst which NMPC seems to be the most attractive since it can also
deal with process constraints. However, the optimization problems that are to
be solved in the NMPC scheme are often extremely large and probably too large
to handle on-line. Approximate, linearization-based strategies were proposed in
literature such as the Nonlinear Quadratic Dynamic Matrix Control strategy
[27] or the constrained pseudo-Newton control strategy [46]. However, the de-
velopment of such approximate control laws in relation to dynamic real-time
optimization has not yet been studied. Our next research question is hence:

2.2 How can we approzimate the nonlinear control laws needed for intentional-
dynamic operation so as to maintain feasible computation times?

A main ingredient of receding horizon nonlinear control schemes is a dynamic
optimization algorithm. Also, dynamic optimization is the key to finding ef-
ficient trajectories for grade and load change problems. To make on-line im-
plementation of advanced control and optimization techniques feasible efficient
computational tools need to be developed. A first step therein is to tailor ex-
isting computational approaches to the specific characteristics of the control
configuration. The corresponding research question is:

2.1 How can we tailor existing optimization methods for the purpose of real-time
control and optimization of continuous chemical processes?

Cases

To illustrate the relevance of the problem formulations and to demonstrate
the potential of the methodology that is described in this thesis we will discuss
several cases. Case 1 is the simulation of a simple blending process that operates
in interaction with an end product market. This case will be used to indicate
the different time scales that occur in a production management problem and to
illustrate the working of the production scheduling solution that is developed in
this thesis. Case II comprises the operation of a binary distillation column. This
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case will be used to demonstrate the potential of the tailor made optimization
methods developed in this thesis and the real-time control and optimization
approaches. Case III involves the operation of a HDPE plant and its interaction
with the end product market. In this case, a semi-large scale simulation model
of a HDPE reactor is used in the optimization studies. This case is believed to
represent well the benefits of the ‘intentional dynamics’ approach, and will be
elaborated on a bit further next.

Motivating example - HDPE production There are several reasons why
the case study of HDPE production is relevant to our research. First, the mar-
ket for HDPE is a true global market that is subject to strong fluctuations in
volume and price. Currently, the market is characterized by over-capacity. For
a supplier this means that it is hard to exercise control over price levels and
delivery times: the need to respond flexibly to emerging opportunities is obvi-
ous. Main customers for HDPE are automotive industries. The yearly volume
of polymers that is required by these industries is quite predictable, however
since just-in-time production is common practice in automotive manufacturing
the fluctuations in demand on a short term can be significant. Most of the
transactions between polymer manufacturers and customers proceed according
to longer term contracts, where the actual orders are placed a few weeks prior
to the date of delivery. Interesting and often attractive opportunities arise for
example when competitors fail their contractual obligations. Naturally, these
opportunities become known to the manufacturer on a very short notice, how-
ever the bonus on in-time delivery can be attractive enough to motivate, if
feasible, corresponding changes in the production schedule.

Those manufacturers who are best able to deal with the increasing demands
on quality and flexibility that the market puts will have a significant advan-
tage in comparison with the others. Currently, most HDPE plants are operated
according to so-called slate schedules (explained in Section 1.1.2). The techno-
logical solutions presented in this thesis may provide a competitive edge.

A process-related reason for our interest in HDPE production is that the
dynamics of large HDPE plants are generally slow, so that market dynamics
and process dynamics should ideally be regarded simultaneously, as advocated
in this thesis. Typical durations for grade changes lay in the range of 6-14 hours.
Obviously, grade change time and costs play an important role in the operation
of these processes. Another reason why advanced control is beneficial in HDPE
production is the fact that due to the high viscosity of polymers, product quality
does not or or only poorly miz. This makes it necessary to produce within tight
specifications.

A practical advantage of considering this case is its comparatively small scale:
instead of considering a largely integrated processing plant, we will consider a
single processing unit only, retaining however the interesting interaction with
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the markets. This makes it possible to implement in a straightforward fashion
the solutions presented in this thesis without getting stuck in problems that
have to do solely with dimension and complexity.

2.3 Contributions of this thesis

The problems that are posited in the previous section are derived from consid-
erations regarding the future needs of process operation and are hence new in
many aspects. One consequence of this is that the problems cannot so easily be
classified as being naturally related to specific academic disciplines. Indeed, pro-
duction management problems are studied by many different disciplines, with
no intention to be complete we mention ‘operations research (OR)’, ‘logistics’,
‘management studies’, and ‘systems and control’. Another consequence is that
there is not yet an unambiguous and generally agreed upon formulation of the
research problems. To avoid getting stuck in generality and to make the results
of our research concrete and meaningful, we will especially in the first chapters
of the remainder of this thesis make further assumptions regarding the scope
and the level of details of the specific problems that we consider. The further
remarcation and sharpening of the research problems mentioned above is the
first contribution of this thesis. Really, to define market-focused operation of
chemical processes in terms of a set of formal, smaller research problems is a
pioneering effort.

For the ‘trimmed down’ problems that result from this effort, formal and
technical solutions will be presented. These technical solutions form the second
contribution of this thesis. Because the technical part of the work presented in
this thesis touches upon activities from many different disciplines in academia
and we can hardly expect our readers to be an expert in all of those we deem it
instructive to outline the main contributions next.

Scheduling continuous multi-grade chemical plants. The first techni-
cal contribution is the definition of a modeling framework and a corresponding
Mathematical Programming (MP) formulation for the scheduling of continu-
ous, single-machine, multi-grade, chemical plants. Chemical plant production
scheduling is studied by researchers from the fields OR and chemical engineering
as well, however most of the present work focuses on the scheduling of batch
operations. Our way of including the effect of process transitions on the ma-
terial flows appears new. Further, most scheduling studies assume the order
base to be fixed in advance and strive for for example ‘minimum makespan’
or ‘minimum lateness’. In our approach, the negotiation of sales orders and
purchases is an integral part of the decision making that is supported by the
scheduler, and to this end the scheduler selects a set of appealing purchase and
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sales transactions from a larger set of possible transactions (denoted opportuni-
ties in the remainder of this thesis). Besides a few guidelines for the tuning of
Branch and Bound (BB) solvers and the demonstration on two examples, not
much attention is paid to the solution of the Mixed Integer Linear Programme
(MILP) that the scheduling problem results in.

Economics-based process control To make intentional dynamic operation
of continuous chemical plants possible the process control system must be de-
signed in such a way that it can cope with demands on product quality and
quantity that result from the tight connection of the company to the market,
while maintaining economically attractive operating conditions. The traditional
control hierarchy is not suited for this purpose

The solution that we propose builds on the Extended Kalman Filter based
NMPC scheme that is described in e.g. [41]. Our main contribution is in
the formulation of the deterministic optimization problem that NMPC solves.
Traditional NMPC objectives include quadratic penalties on the deviation of a
selected set of performance variables from their setpoints, our objective is eco-
nomic. In traditional NMPC only process constraints are considered, we include
constraints on the desired production levels as well in order to ensure a consis-
tent coupling with the scheduler. Finally, we propose several decomposition and
approximation schemes that are specific to our control configuration in order
to guarantee feasible computation times. It must be noted that our solutions
builds on existing tools and methodology and can best be seen as a creative
variation to those. No fundamental contributions to control theory are claimed,
neither are stability and closed loop performance aspects considered.

Grade change optimization strategies Different customers may have dif-
ferent demands regarding the product quality, in which case a variety of product
grades need to be made at the same production facility. To switch production
from the specifications of one grade to those of another grade in an economically
attractive fashion we promote the use of model-based grade change optimiza-
tion. Our formulation of the grade change problem includes a truly economic
objective in contrast to the use of rather arbitrary quadratic weightings in other
approaches to grade change optimization.

This thesis considers control parametrization methods only. The grade
change optimization problem is hard to solve using standard gradient-based nu-
merical optimization due to the fact that the production rate of a certain grade
depends discontinuously on the quality variables. We introduce two new opti-
mization approaches to circumvent these problems. The first, named the SSQP
method (for Successive Sequential Quadratic Optimization), uses a smooth ap-
proximation of the definition of the grade region and exploits the structure of
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the problem in the definition of a Nonlinear Programming (NLP) based inner
loop optimization to compute accurate search directions. The second approach
uses integer variables to describe the grade regions and solves a sequence of
MILP’s to converge to a solution.

The grade change problem is non convex and both methods can be expected
to converge to local minima only, however they are believed to do so a lot faster
than the conventional control parametrization method, a supposition that is
confirmed by the two optimization case studies (case II and case III).

2.4 Outline of this thesis

This thesis is organized as follows. In Chapter 3 we will introduce a simplistic
chemical manufacturing supply chain framework on which the research is based.
This chapter also analyzes how the production management can be geared to
other activities that determine the behavior of the internal supply chain such as
purchasing and sales. A ‘scheduler’ is introduced as a decision support system
which enables the different players in the internal supply chain to cooperate in
such a fashion that close-to-optimal supply chain operation can be achieved.

Chapter 4 deals with the question how the process control hierarchy should
be organized such that the production management becomes an integral part of
the cooperative supply chain management structure. Two possible approaches
shall be outlined. The first, a single level approach is mainly of academic in-
terest. The second, a conceptual decomposition approach decomposes the pro-
duction management into a scheduling problem and a real-time control problem
and is the basis for the remainder of the thesis.

The definition and mathematical formulation of the scheduling problem is
the subject of Chapter 5. For the aim of scheduling a description of the plant in
terms of quasi-static tasks and transition tasks is proposed. The scheduler is to
determine a sequence of production tasks and purchasing and sales decisions that
is optimal with respect to a company-wide objective. How the different elements
that constitute the internal supply chain are modeled mathematically for the
purpose of this scheduling algorithm is described in this chapter. The scheduling
problem formulation results in a MILP and its properties are demonstrated on
case L.

Chapter 6 presents the definition of the real-time control problem in compli-
ance with the conceptual decomposition of the production management problem
as proposed in Chapter 4. A decomposition of the plant-wide control into sev-
eral control layers is proposed on the basis of an analysis of the different time
scales that arise due to the presence of different types of disturbances (fast vs.
persistent disturbances). The proposed strategies are implemented on case II.

The development of efficient dynamic optimization strategies for the spe-
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cific dynamic optimization problems encountered in the previous chapters is
the subject of Chapter 7. Dynamic optimization plays an important role in
the derivation of the dynamic production tasks for the purpose of scheduling
(Chapter 5) as well as in real-time economic optimization (Chapter 6). Due to
the focus on multi-grade processes, the dynamic optimization problems encoun-
tered have a very specific structure that makes them hard to handle by standard
Newton-type optimization strategies. Two tailor-made methods that exploit the
structure of the problems are presented. One uses a smooth approximation of
the definition of the grade region and exploits the structure of the problem in the
definition of a NLP based inner loop optimization to compute accurate search
directions. The second approach uses integer variables to describe the grade
regions and solves a sequence of MILP’s to converge to a solution.

The feasibility of all methods that are presented in Chapters 5 to 7 is demon-
strated by means of an industrial-scale simulation study on a HDPE reactor
(case III) in Chapter 8.

Conclusions regarding this thesis as well as recommendations for further
research are given in Chapter 9.

Reading guidelines

Although there is a strong interplay between the different chapters some readers
who have a specific interest in one of the topics may find it more effective to read
selected chapters only. Attempts have been made to guarantee (independent)
readability of the individual chapters where possible. Naturally, the link between
Chapters 5 and 6 is rather strong due to the fact that the scheduler and the
real-time control system described in these chapters result from a conceptual
decomposition of the production management problem.

Essential assumptions and choices that are made in this research

are typeset in boldface fonts and are indicated by means of an asterisk
J*.
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Chapter 3

Business wide process
modeling

This chapter proposes a simple framework for modeling the plant and its envi-
ronment on the basis of which company-market interaction and the consequences
thereof for the operation of continuous chemical plants can be studied. The sup-
ply chain as a basic modeling framework shall be introduced in (3.1). Production
management and sales and purchasing management shall be discussed from an
organizational point of view (3.2), with the incentive to lay the foundation for
a decision structure in which the plant operational management becomes an in-
tegral part of the company’s ambition to serve the market to its best potential.
The different elements in the supply chain model are described and an approach
to modeling the decisions and the decision making in these elements is sketched
(3.8). The contribution of this chapter shall be summarized in 3.4.

3.1 Introduction

Traditionally, process control and optimization focuses on the process equipment
only. This may be sufficient to guarantee effective plant operation in the case
where purchasing, production and sales decision making is only weakly coupled.
However, in most cases economic optimization and control of the plant cannot
contribute optimally to the company’s performance unless purchasing and sales
decision making is taking into account as well. This requires a new, broader
scope on process control. In this chapter we will define this broader scope and
outline the basic elements therein. The result will be a reference supply chain
model that is used as a basic description of our to-be-controlled plant in the
remainder of this thesis.

27
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The supply chain concept is very useful in the study of manufacturing and
company-market interactions. A supply chain is, according to Stevens [78], in
its essence defined as ‘a system whose constituent parts include material suppli-
ers, production facilities, distribution services and customers linked together by
the feedforward flow of materials and the feedback flow of information’. Supply
chains are often too complex to be modeled even qualitatively. Still, consider-
ing the supply chain may help a lot in understanding the complex behavior of
the whole of company market interactions, competition, logistics and so on'.
Further, taking the supply chain view helps to put the company role and its
operation in the right perspective, as being one link in an often lengthy supply
chain rather than merely adding some value to raw materials which matches
clearly our incentive to broaden the scope on process optimization. For these
reasons, we will throughout this thesis make extensive use of the supply chain
concept in describing and modeling company-market interaction and company
organization.

The modeling framework that is supposed to combine a sufficient level of
realism with effective simplicity is represented schematically in Figure 3.1 and is
the result of combining the elementary internal supply chain model of Figure 1.1
with markets on both sides. This simple model captures some of the main
mechanisms which appear in practical chemical supply chains:

e company-market interactions,
e inventory control,
e process dynamics (transitions, load changes),

e internal supply chain organization.

The horizontal scope of the reference supply chain model is somewhat limited:
the role of for example handling and transportation is not made explicit, which
implies that well-known dynamic supply chain phenomena such as demand am-
plification [23] are not considered. Also, competition will not be modeled ex-
plicitly, although we will later see that the consequences of competition can be
accounted for through an appropriate modeling of company-market interaction.

The supply chain model will be used as as basic framework for describing
the material flows and related information flows between the different players

IThe study on dynamic behavior of supply chains was pioneered by Forrester [23]. Using
elements of systems theory, control, management sciences, and decision making theory he
examined quantitatively how organizational structure, amplification and time delays interact
to influence the success of enterprises. His working arena was referred to as the area of
industrial dynamics. Later, the use of supply chain modeling and analysis for the purpose
of supply chain management and redesign was taken up amongst others by Towill [87] and,
at present, the area of supply chain modeling and managament is a popular research area in
amongst others management sciences and OR.
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Figure 3.1: A simple supply chain model for a continuous chemical manufacturing site.

that produce, sell and buy a certain product or class of products. Our main
focus will be on multi-grade processes |* because for this class of processes
the interplay between the different supply chain elements is naturally rather
intensive. Consider for example the production of different grades of a certain
polymer where interesting conflicts between production and sales management
occur due to the inevitable trade-off between performing costly changeovers and
maintaining high storage levels [77].

Guidelines for quantitative modeling of supply chains are abundantly avail-
able in literature, see e.g. [14, 82, 53, 87]. Although most of the proposed
approaches differ in details, the general supposition is that supply chain model-
ing is best done in a hierarchical fashion, where one should start to consider the
supply chain as a whole and then model its different elements based on the un-
derstanding of the most elementary and essential behavior of the entire supply
chain. The perspective from which we will start to consider the chemical manu-
facturing supply chain will be mainly operational and organizational. Our main
interest is in the decision making within the different supply chain elements and
how this influences the performance of the supply chain as a whole.

3.2 Business organization

The performance of the internal supply chain is measured against a so-called
company-wide objective. In most cases, it requires but a few lines in the com-
pany’s mission statement to define such an objective. Nevertheless, if the differ-
ent subsystems that form the company strive for local objectives this company-
wide objective cannot be achieved unless the decision making process is con-
trolled in some way: the act of gearing the local activities to one another is
referred to as horizontal integration, see Figure 3.1. Horizontal integration
is an essential aspect in relation to our first research goal being the produc-
tion scheduling in compliance with market demands. In literature on decision
making, a lot of attention is paid to the multi-person decision problems that
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Figure 3.2: Centralized (4), Coordinated (ii) and Cooperative (iii) decision making.

horizontal integration entails and several approaches are presented. The most
commonly mentioned variants are depicted in Figure 3.2. In the centralized ap-
proach (often called hierarchical control), e.g. [20], all relevant information is
gathered centrally and the optimal strategy is issued over all subsystems. Al-
though this structure is theoretically optimal, no realistic management structure
is perceived to fit all the organizational, information-processing and computa-
tional demands of centralized decision structure. The coordination approach
recognizes the need for decision authority for the different players. The decision
making of the decision subsystems (purchase management, sales management,
production) is coordinated by influencing how they perceive reality (model coor-
dination) or how they interpret the company wide objective (price coordination)
[76]. However, the problem of coordinating decision making by control of the
interaction between the players (e.g. price coordination, [76]) is still perceived
to be too heavy for a realistic successful implementation. Practically, the most
suitable organizational concept is cooperation (or the team decision concept). In
this setting the players are authorized to make decisions regarding their sub-
system while agreeing to operate according to a common company-wide goal.
This will generally lead to a suboptimal mode of operation, but Prasad [67]
convincingly explains that it may be the best achievable one.

Cooperative decision making

Each player in the cooperative team has two tasks. First, he should gather
information with respect to the state of the subsystem he controls and provide
this information to the other players. Second, he must decide on the operation of
the subsystem based on his information and information from the other players.
The interpretation of these tasks as to contribute to the evolution of information
will be discussed in the following.

The first task relates to the selection and communication of information that
is deemed relevant in view of the supply chain operation. It may seem artificial
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to view interpretation and communication of data as a decision, but then con-
sider that it is indeed an active task to decide where to investigate and how to
evaluate the data that is locally available. Further it is also decided whether or
not and how to communicate the information to the rest of the supply chain. As
an example let us consider a case where the maximum production capacity of a
plant is decreased due to a technical problem. For the supply chain operation
it is essential that the plant managers communicates the decrease in production
capacity and the expected duration of the problem to the other players. How-
ever, detailed information on the technical problem is not relevant to the other
players and should thus be filtered out. If this first task is being executed ade-
quately this will result in each player having a complete and accurate view on
his potential role in the internal supply chain. The actions he will conceivably
take in relation to this role will be denoted opportunities in the sequel.

The second task is the transformation of opportunities to confinements. This
task refers to the actual action-taking. Examples of such decisions are the
commitment of the sales subsystem to a customer’s order, or the decision of a
production manager to switch to a different set of operating conditions. For such
decisions to be made properly?, each player must have, based on his information
and the information from other players, an accurate perception of the sensitivity
of the company-wide objective to his decisions. Furthermore, this perception of
the company-wide objective should be made sufficiently concrete so that each
player can start to effectively view it as his own objective. In other words, the
company-interest should be interpretable as a player’s self-interest [67].

To achieve this we suggest that a decision support system provides
feedback to each subsystem regarding which opportunities could be
best turned into confinements |*. Clearly, we limit the scope of the de-
cision support to decisions that were previously identified as being the second
task each player in the team has. Actions corresponding to task 1 are left out
of consideration although it must be understood that with respect to the infor-
mation supply we require at least a cooperative attitude of the players to make
the proposed decision support meaningful at all. The decision support system
shall hereafter be denoted a scheduler.

The obvious way to have the scheduler reconcile foreseen actions with the
company-wide objective is to make it solve a simplification of the company-
wide problem based on all the opportunities brought in by the subsystems and
with the union of all decisions as degrees of freedom. This vision on role of
the scheduler complies with the main philosophy underlying other integration
studies. For example Bassett et al. [5] state that one of the principle advantages
of computer integration is to provide a basis for organizational units to assess
the value of local decisions and initiatives.

2 Properly here means “in such a way that close-to optimal operation of the internal supply
chain is achieved”.
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We want to stress the static and centralized character of the scheduler’s
problem perception as opposed to the dynamic, a-synchronous and decentralized
decision problem that characterizes the complete behavior of all players in time.
Next we will investigate the main decisions that are to be taken in the different
supply chain elements and how these can be modeled.

3.3 Reference supply chain model

3.3.1 Production subsystem

The production subsystem imposes strong limitations on the behavior of the
entire supply chain. First, of course, production capacity is limited by the phys-
ical constraints of the process. Further, due to inherent process dynamics the
response of the plant to external changes (feedstock changes, grade changes) is
comparatively slow. This last property distinguishes chemical processing plants
from mechanical manufacturing machines of which the dynamics are often con-
sidered negligibly fast compared to other dynamic supply chain phenomena.

Characterization

The production subsystem is defined to contain all processing steps within a
particular site that are deployed for the manufacturing of the particular product
or class of products under consideration. In general, the manufacturing site will
contain several plants, possibly interconnected via intermediate storage. This
situation is depicted in the left image of Figure 3.3. The presence of intermediate
storage has an important consequence, namely that the dynamics of the different
plants are to some extent decoupled. This decoupling provides an important
degree of freedom in the site’s operation and should be modeled adequately.
The interconnection of two different plants via piping is of a different nature:
dynamic effects in one plant will propagate to the other. From a supply-chain-
dynamics point of view it is undesirable and maybe even impossible to view
these two plants as separate supply chain elements. It is therefore proposed
as a modeling guideline to model the composition of processing units that are
interconnected via piping as a single plant. Observe that the application of
this reasoning to the illustrative configuration depicted in the left image of
Figure 3.3 would lead to the decomposition of the site in two plants which are
partly interconnected by an intermediate storage.

In few occasions it may suffice to consider a single manufacturing plant or, in
the OR jargon, a ‘single machine’, as depicted in the right image in Figure 3.3.
The single machine consists of a continuous processing plant which is connected
to storage facilities and it can hence be used as a building block for more general
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Figure 3.3: Production subsystem with several plants (P) and intermediate storage (S)
(left) and single-machine production subsystem (right).

manufacturing sites. In the remainder of this thesis we will study the single
machine case only |*. Extensions to more general manufacturing sites are
believed to be rather straightforward, though probably computationally more
demanding.

To properly account for the plant’s behavior - and in particular the response
to grade changes and load changes - in modeling the supply chain, we will
assume a dynamic model of the process to be available |*. In the next
chapters we will analyze which are the basic properties of the plant that such a
model should capture.

Decisions

The operation of the plant subsystem is managed by the production managers
and further established through its interaction with the process control sys-
tem. Operational decisions can be described in different levels of details and
on different time scales. For example, the intention to switch to a different set
of operating conditions may be characterized as being an operational decision.
However, to switch to different operating conditions many valve positions need
to be adjusted on a second to second basis. The manipulation of these valves
may just as well be considered to be operational decisions, though much more
detailed and on a much shorter time scale than the intention to switch. In order
to include the operational decisions in the scheduling formulation they need to
be modeled in such a way that, for feasibility of the computations, abundant
details are omitted while the main impact on the entire supply-chain behavior
is retained. How this is done is a crucial and decisive choice in our approach to
supply-chain-conscious plant optimization. This will be discussed in more detail
in the next chapter.
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3.3.2 Storage subsystem

The feedstock of the manufacturing plant is either supplied continuously via
a pipeline connection or it is stored on-site. Equivalently, end products are
transported to the customer via a pipeline connection or stored on-site before
transportation. Storage units are amongst the most basic elements of supply
chains. The storage of raw materials or end products provides for a means
to suppress the effect of market fluctuations on the production requirements.
Ultimately, in the case of very large stock levels, the dynamics of the end product
and raw material market would be decoupled from the manufacturing dynamics,
which would make supply-chain conscious production scheduling abundant. The
financial consequences of large inventories are in general undesirable: stored
products or raw material are considered ‘dead capital’ and costs related to the
storage infrastructure are often significant. It is mainly for this reason that
the most recent trends in manufacturing management sciences point towards
production on demand. Although production on demand might be the optimal
operating philosophy in theory, its practical implications are far-reaching and
reasonable arguments for maintaining non-zero storage levels are found easily.
For example in chemical manufacturing there will always be an incentive to
keep a minimum amount of raw materials in stock to control the risk of an
obliged shut-down in case raw material supply falls short unexpectedly. Also,
in order to enable the negotiation of attractive ‘delivery on demand’ contracts
with customers it may be necessary to retain a minimum level of end product
storage. Obviously, inventory control cannot be seen separately from production
scheduling, sales forecast etc. and it will hence be an integrated part of the
operational methodology that we develop.

Characterization/decisions

For simplicity, we will consider no other but the effect of production and
sales/purchase actions on the storage levels |*. Storage capacity for each
of the different end products and feedstocks is lumped and no separate storage
management is considered. As a consequence the characterization of the storage
in our supply chain model is passive and very simple.

3.3.3 Company-market interaction

The part of the supply chain that is most difficult to model is the interac-
tion with the raw material and end product markets. In the sequel we will
focus on the company-end product market interaction only. The results are not
essentially different for the interaction with the raw materials market. The in-
teraction between a company and the market is of a bilateral nature. In case of
a pull market, a price for the end product is determined by the sales decision
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makers and the market determines the demand. An appropriate pull market
description should hence be able to answer the question: ”What unit price is
offered by the market for a certain amount of product taking into account pre-
vious transactions?”. Similar market descriptions can be derived in case of a
push market.

No general market model was found in literature that meets these require-
ments, which may be explained from the severe difficulties that one encounters
when trying to derive such a model. First, predicting market behavior is an
intricate act. Although the sales department can be expected to have some in-
tuition on (short term) future demands and prices, catching this intuition in hard
mathematical relations seems very awkward. Second, there are many aspects
in company-market interaction which cannot or not easily be included in rela-
tions as described above. Examples are contracts, partnerships, etc. Moreover,
many markets will not have purely pull or push characteristics but a mixture of
these two. For these reasons, we decided to look into different ways of modeling
company-market interaction. The proposed market description is treated below.

Characterization: a transaction-based market description

The observation that sales managers are often remarkably well able to formu-
late their expectations with respect to future sales transactions despite their
limited insight in the underlying market behavior, suggests a transaction-
based framework for modeling the company-market interaction |*. In
such a transaction-based framework, not the interaction between the company
and the market itself but only the expected result of this interaction, i.e. the
factual sales transactions, are modeled. These sales actions can be categorized
as follows:

orders originate from long term sales contracts or short term commitments
to customers. They should be communicated to the scheduler and will
constrain the scheduling to those solutions which meet the delivery re-
quirements. The main order attributes are the quantity, the price and the
time span during which the order can be delivered;

opportunities arise from predictions of the market-company interaction made
by the sales decision makers. In opportunities they express their estimate
of future sales deals. The attributes of the opportunities are the same as
those of the orders.

The set of orders and opportunities (ord./opp.) is constructed by the sales
decision makers who are deemed best fitted to do so, based on their experience
in and intuition for dealing with the market. The problem of modeling and
predicting market behavior is hence partly shifted towards the responsibility
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of the sales decision makers to make good predictions. They will predict the
outcome of their interaction with the markets based on probably a mental model
of the market behavior which we believe might be even better able to incorporate
all soft aspects of market behavior than any mechanistic market model.

Different market behaviors The transaction-based market model captures
a broad spectrum of market behaviors. Some extreme cases which may well be
the vertices of all market forms encountered in continuous chemical manufac-
turing are described below.

Perfect competition. In a market with perfect competition the trading prices
are determined every day or hour such that demand is balanced against produc-
tion. This is for example the situation many electricity markets are left with
nowadays after the completion of the very recent liberalizations. For a company
operating in such a market it may be advisable to negotiate a number of long
term contracts to secure a certain income; the corresponding sales transactions
will appear in the ord./opp. database as production orders. The remaining pro-
duction capacity will be used to follow the trends in demand with the ultimate
incentive to adjust the production continuously to the most favorable market
segment. The sales managers are confronted with the challenging task to repre-
sent their estimation of the trends in the development of the equilibrium prices
in terms of a set of appropriately tuned sales opportunities.

Pure oligopoly. In an oligopoly long term contracts will be more predominantly
present than in a market characterized by perfect competition. In an over-
saturated oligopoly the negotiation of long-term contracts may even be the only
way to guarantee a minimum amount of sales on the long term. Hence, for
companies operating in an oligopolistic market a substantial fraction of the pro-
duction capacity will be reserved for contract-based production which will be
reflected in the composition of the ord./opp. database. Long-term contracts
come in many different appearances. For the most traditional long-term con-
tract time and quantity of the deliveries are fixed. Other contracts may involve
the commitment of the manufacturing company to maintain a minimum level
of inventory of the sold material at the customers location. Such contracts de-
mand a more active role of sales managers since they must predict the product
deliveries so as to meet the minimum inventory constraint. In such a case it
may even be opportune to extend the simple supply chain model with the raw
material inventory of the concerned customer. Sales opportunities will arise in
case of a sudden increase in demand for specific products or when competitors
fail to deliver a certain order due to technical problems or bad planning.

Monopoly. Due to the absence of competitors there is no benefit to be gained
from long term contracts in a monopolistic market. Hence, a monopolistic mar-
ket description will mainly consist of sales opportunities. The main handle to
control the company-market interaction in a monopolistic market is the product
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price. The task for sales and marketing managers is to predict how the demand
will vary with the product price. This dependency can be modeled by the in-
troduction of several sets of sales opportunities of different quantity and with
different prices. For example let it be assumed that in a period of two weeks
2000 tons of a certain product can be sold at an average price of 2 Euro or 2500
tons at an average price of 1.7 Euro. This would lead to the introduction of two
sets of sales opportunities, one containing sales actions summing up to a total
of 2000 tons and with an average price of 2 Euro and one summing up to a total
of 2500 tons and with an average price of 2.5 Euro.

Penalty on delayed delivery The introduction of additional relationships
between sales opportunities or orders makes it possible to model many practical
situations which may occur in company-market interaction. For example con-
sider the case where a certain product lot cannot (or only at the expense of very
high losses) be delivered in time. For such situations the manufacturer and the
customer will generally agree on a penalty on delayed delivery where the height
of the penalty will depend on the delay. The consequences of this agreement
can easily be included in the ord./opp. database through the introduction of
copies of the concerned sales order at later time instances and at a lower price.
An additional constraint should then be added to ensure that exactly one of
these sales orders is fulfilled.

Decisions

The main decisions that need to be considered in relation to the supply-chain-
wide scheduling are i. to assign delivery dates to sales orders and . to turn,
when possible and presumably after negotiation with the clients, attractive sales
opportunities into sales orders. Whether a sales opportunity is attractive or not
is decided on basis of the feedback from the scheduler.

3.3.4 Operating objective

In its role as a decision support tool, the scheduler will select and return to
all players the set of decisions that optimizes some company-wide objective. In
this section we will define such an operating objective in general terms. The
main supposition is that the company’s intentions are to maximise an
economical criterion |*. Other objectives such as social, environmental or
strategic ones are not considered, although they could be imposed as constraints
where necessary.
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Added value

A chemical manufacturing company uses its equipment and expertise to trans-
form raw materials to intermediates or end-products. This way it can be seen
to add value to the raw materials. The cumulative added value of a company
or a manufacturing site will be used as an economic criterion to measure the
company’s performance. In its most simplistic form, the cumulative added value
(CAV) is computed as the difference between all revenues through sales of end
products and all expenses on raw materials over a certain period of time. This
basic form is not of much use in our optimization since it does not honor variable
production costs and for example interest. These factors will be discussed next.

Manufacturing costs

Raw material costs account for only part of a chemical company’s expenses. The
whole lot of expenses can be divided in two main categories: plant costs and
manufacturing costs. The plant costs, which comprise the costs of equipment,
instrumentation, piping, buildings, fire protection, construction and engineer-
ing and many more small categories [26], are considered irrelevant in this study
since we focus on operation of existing processes only, not on their design or
re-engineering. Manufacturing costs can be subdivided in fixed costs and vari-
able costs. The fixed costs contain depreciation, taxes, insurance, licensing
fees, administrative expenses, corporate overhead, patents and royalties. Fixed
costs are considered not controllable during operation and hence not relevant
to take into consideration in our optimization. Variable manufacturing costs
are controllable to some extent and should hence be taken into account where
relevant. Variable costs include raw materials (including additives and cata-
lysts), utilities (fuel, electricity, water, steam, air, telephone, sewage), labor,
indirect labor charges (health insurance, retirement etc.), maintenance, trans-
portation and freight, distribution, packaging, storage, R&D, and corporate
costs (office, books, travel, meetings, etc.). Most of these are outside the scope
of our decision problem because they are not sensitive to the actual controls
(purchase/sales/production actions) that we assume to have at our disposal.

Time-value of money

A very important aspect that must be included in the formulation of the objec-
tive is the loss of interest due to the investment of capital in raw material and
end product stock. Would the same capital be available in the company’s bank
accounts, then investing it in business, savings or at the stock market would
yield a certain profit. For this reason the value of raw materials and end prod-
ucts in stock is referred to as ‘dead capital’. Losses due to capital destruction
can be rather significant. To prevent capital destruction (and some other related
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disadvantages of keeping large storages), companies attempt to reduce the time
raw materials and end products reside inside their organization. Of course, the
process operations solutions that we develop should conform to this incentive
which means that we must take the negative effects of capital destruction into
account in the formulation of our objective function. A straightforward way of
doing so is to account for interest on the net capital balance. A mathematical
formulation of the CAV including interest on the net capital balance will be
presented in the following chapters.

3.4 Contributions of this chapter

This chapter introduces a simple supply chain model using which we can study
the consequences of market-driven production management on the operation
of continuous chemical plants and lays the foundation for a decision structure
which enables to bring operational management of the plant in agreement with
purchasing and sales management. Several important choices with respect to
the system boundaries and the modeling of decision making are made which we
will briefly review here.

First, a simple, internal supply chain model is introduced as a basic frame-
work for our qualitative and quantitative studies. The chain consists of a single,
multi-grade continuous plant with raw material storage and end product storage
and it interacts with raw material market and end product markets only. Deci-
sion making in such a chain is by nature distributed. Three major players are
distinguished: purchasing managers, production managers and sales managers.
In order for a company to address the market flexibly and with maximum eco-
nomic benefits it does not suffice to optimize the behavior of the individual play-
ers, instead we need to gear the activities of the players to one another in such
a way that their composite behavior approaches the theoretical company-wide
optimum. This being the ultimate goal we suggest that a flexible manufacturing
company should have a cooperative decision structure in which all players have
two main roles. One is to provide foreseen possible actions, denoted opportu-
nities to a decision support tool, denoted scheduler, which considers the union
of all opportunities and selects preferably via optimization of a company-wide
objective an attractive sequence of actions. The second is to implement their
actual decisions based on the information they receive from the scheduler.

The scheduler due to its company-wide perspective provides an impartial
and well-interpretable feedback to each player regarding which of his foreseen
actions is indeed opportune. The formulation of the company wide decision
making problem that the scheduler needs to solve proceeds via an investigation
of the main decisions that the three above-mentioned players face. For pur-
chase respectively sales managers we suggest that the factual decisions can be
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modeled as the act of turning purchasing and sales opportunities into orders.
The introduction of new opportunities or the modification of old ones on the
basis of insight in the market behavior is a decision of a different type which the
scheduler will not support and which remains outside the scope of our research.
The decisions related to production are not explicitly modeled in this chapter.
How this is done depends on the implementation of the process control and
operations hierarchy, which will be studied in the next chapter.

The definition of a quantitative company-wide objective completes the con-
ceptual formulation of the problem that is to be solved by the scheduler. We
choose to consider the CAV as the basic economic performance index. In this
added value computation all variable production costs are included. Interest
on the net capital balance is included to indicate the attractiveness of short
residence times.



Chapter 4

Production management
decision structures

This chapter analyzes the demands supply-chain-conscious operation puts on
the process control hierarchy. First, we motivate why a reconsideration of the
process control hierarchy is required in light of intentional dynamic operation
(4.1). Then we discuss mainly for reference purposes how the process control
hierarchy is organized nowadays (4.2) and why this is not the right framework
to build upon. The use of mathematical models in the integration of different
operational tasks is advocated next and three model-based integration strategies
are described (4.8). Finally, the single level approach (4.4) and the conceptual
decomposition approach (4.5) are discussed in more detail and it is described
how these can be of use in the (re-)organization of production management to
meet the requirements of market-oriented production.

4.1 Vertical integration

From the previous chapter we concluded the need for a scheduler as a tool which
supports decision making of purchase, production and sales managers. It is obvi-
ous that decision support for the production management is of a different nature
than that for the sales and purchase managers. Purchase and sales decisions
are often of the binary type: the deal will or will not be made. Production de-
cisions factually involve the manipulation of process valves or control setpoints
on a seconds or minutes basis and thus have a distinct dynamic and continuous
character. In traditional operation (see Figure 1.3), the production decisions
are implemented by the operators who modify the setpoints of basic controllers
manually; in the most advanced implementations of process automation sys-
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tems, the main moves are made by process optimizers. How should this change
with supply-chain conscious production? Should the operator be surpassed at
all? Should the operator be supported by presenting him suggested setpoints?
In case of a process optimizer: should we manipulate the RTPO’s cost function?
Underlying these questions is a more fundamental one: should we stay with the
traditional hierarchical control system with its historically developed division
into several different layers, or should we try to develop one integrated control
system which deals with the slow dynamics of the market as well as the fast
plant dynamics? This issue of structuring the process operations hierarchy is
believed of great importance; some more considerations to this subject will be
given next.

4.2 The process operations hierarchy

Conventionally, the tasks related to the operation of a plant are viewed to be
related in a hierarchical fashion. This means that high level decisions impose
goals and constraints on lower level decision making while the actual decisions
are implemented through a number of execution functions. The hierarchical
relation between operating tasks such as scheduling, supervisory control, fault
diagnosis, monitoring and so on is commonly represented schematically in an
‘integration pyramid’. Macchietto [52] states somewhat ironically that every pa-
per on process integrations should have its own ‘integration pyramid’, stressing
the diversity of such schematics and exposing the lack of a common language
in addressing such issues. For example there exists disagreement as to the di-
vision of the planning and scheduling layers, a discussion which is even further
complicated through the use of terms such as short-term scheduling, long term
scheduling, strategic planning, capacity planning, operational planning and so
on. Adding to that, the fact that people working in the field of process con-
trol come from many different areas (control engineering, systems engineering,
chemical engineering) it is really no surprise that the number of different inte-
gration pyramids is almost equal to the number of authors defining them. We
will not break with this tradition, so please find our fabrication in Figure 4.1.

The name ‘integration pyramid’ suggests a high degree of integration of the
tasks that constitute this pyramid. Yet, probably the opposite is true. The pro-
cess operations hierarchy of today is the result of a long going tradition of adding
different pieces of functionality on top of each other. The introduction of MPC
as an add-on to existing basic control systems is a good example of this. The
introduction of RTPO systems to squeeze more economic performance out of the
plant by manipulation of the MPC setpoints is another example. Adding layers
with different functionality really has nothing to do with integration, unless the
interaction between these layers is carefully accounted for. In the integration
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__ degrees of freedom

< > look ahead execution rate  scope
scheduling weeks [0.1-10]/day plant/site
/ plant optimization \ days [0.1-2] /hrs. plant
/ advanced control \ hrs. [0.1-1]/min process unit
basic control [] [1-100]/s local loop
process

Figure 4.1: ‘Integration pyramid’ for process control and optimization.

pyramid that can be drawn for the current state of the art operating strategy
(see Section 1.1.3) this is often not carefully done. The example of model in-
consistency between RTPO and MPC with potentially severe consequences was
explained in Chapter 2. Model inconsistency between scheduling and control
models may be just as tedious, making computed ‘optimal’ production schedules
either infeasible in practice or too conservative. A safe way out of such inconsis-
tency problems is to add sufficient conservatism to the solutions, however this
will generally conflict with the high-performance operational demands that we
envision.

Related to the problem of model inconsistency is the problem of incompat-
1bility. In a compatible hierarchy, the interaction between the different layers
is well-defined. This enables that each layer can be modified or substituted
without having to redefine the hierarchical interaction. For the process control
hierarchy this appears not to be the case. First, as stated previously, there
is no consensus regarding the process control hierarchy. Second, the assump-
tions underlying the division in the different layers are often disputable. This
means that the modification or substitution of a single layer is in many cases
not possible unless the hierarchy is altered as well.

4.3 Model-based integration strategies

From the previous we may conclude that the current process control hierarchy is
not the right framework to consider as a basis for our research on supply-chain
conscious operation. This means that we will largely redefine the process
operations hierarchy and its different elements to satisfy the specific
demands supply-chain-conscious operation puts ]*. According to Bas-
sett et al. [5] “...the preferred approach for achieving integration of application
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levels is through the formulation and solution of appropriately structured math-
ematical models”, and we largely support this vision. There are several reasons
why the use of mathematical models is the key step in the integration of process
operations. First, the models provide a consistent, compact representation of
the underlying systems, which is accessible for all the different layers in the hi-
erarchy. Second, by the use of the models in appropriate MP tools, the decision
making or decision support can be automated. An important downside to the
extensive use of and reliance on mathematical models is the difficulty and the
costs of modeling. Bassett [5] distinguishes three types of model-based integra-
tion, single-level control, multi-level control and conceptual decomposition.

Single-level control

Integration by means of a single-level control strategy is theoretically optimal.
In the single-level strategy all decisions are computed by a monolithic appli-
cation. Since all aspects of the process operations problem are integrated in
a single controller, model inconsistency will not appear. A single-level control
strategy to the problem of supply-chain-conscious process operations implies the
design of a process operations system which controls the process while support-
ing the purchasing and sales decision making. This necessitates to include all
relevant time scales of the operations problem (i.e. weeks/months to capture
market changes, and seconds/minutes to describe fast dynamics which should be
controlled) into one control problem. This will generally lead to combinatorial
control problems which are of enormous dimension and hence computationally
infeasible. Further, from an implementation point of view the development of
such a strategy seems at least over-optimistic and probably unrealistic in light
of the current status of the process operations. Still, this approach symbolizes
the ultimate goal in the integration and automation of process operations and
is worthwhile to study for this reason only. The single level control strategy will
be further elaborated on in Section 4.4.

Multi-level control

This approach comprises the mathematical decomposition of a single-level con-
trol problem into a set of lower-level control problems which are coordinated by
the top-level. The main idea is that a single, highly complicated control prob-
lem falls apart in a set of simpler control problems and a coordination problem,
the sum of which is of lower complexity than the original problem and with
the primary goal to reduce computation time. The important contributions
in this field were by Wismer, Findeisen and Mesarovic in the 1970’s, see e.g.
[92, 21, 57]. With the multi-level control approach generally only small compu-
tational advantages can be attained relative to the single level control approach
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which rules it out for practical implementation. Further investigation of this
method is omitted.

Conceptual decomposition

The conceptual decomposition approach is most often applied in practice. In
this approach, a large control problem is decomposed in a set of simpler, hier-
archically interconnected control problems on the basis of insight in the prob-
lem structure. The motivation for conceptual decomposition is often intuitive
and based on rather vague notions, which distinguishes this approach from the
mathematical decomposition applied in the multi-level approach. Actually, the
current process operations hierarchy can be seen to be the result of a not so
carefully done conceptual decomposition. Using this approach, optimality can
no longer be guaranteed; in the best case, the loss of performance can be charac-
terized quantitatively. Through the pragmatic decomposition of the operations
problem into a set of smaller ones a trade-off can be made between optimality
and computational and implementational feasibility. Bassett et al. [5] discuss a
few characteristics of many real-life decision making problems which he defines
to be the basic motivations for conceptual decomposition. The most obvious
ones are the diversity of time scales, and uncertainty. It is the diversity of time
scales in many real-life problems that enables to consider different aspects of
the problem at different sampling rates. Uncertainty (about the process be-
havior, the market etc.) obviously makes it useless to compute future decision
strategies in detail. Since this research aims to deliver solutions which can be
implemented in real life, a conceptual decomposition approach may be the best
attainable one. It will be further discussed in Section 4.5.

4.4 A single-level approach to production man-
agement

The systematic investigation of the supply-chain-conscious production in the
previous sections suggests that it should be possible to design a single level
process operations system which controls the process while supporting the deci-
sion making of purchase and sales managers. Although the practical feasibility
of such a method is questioned a priori, it is still interesting to investigate its
main ingredients. A possible decision structure is given in Figure 4.2. The
single decision authority is represented by the oval shaped block ”decision feed-
back/process control”. The decision block has access to information from the
plant (measurements, status reports, etc.) and from the sales and purchasing
departments. The latter is in the form of an ord./opp. database as discussed
in Section 3.3.3. Information on storage levels is made available as well. The
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Figure 4.2: A single level approach to supply-chain-conscious production management
and process control.

process operations system has two main tasks: 1. to control and optimize the
process in compliance with the market conditions, 2. to provide feedback to the
purchasing and sales managers regarding which opportunities are indeed oppor-
tune and which are not. To avoid the rigor and length a general description
would entail, we choose to examine the design of such a controller by means of
an example.

4.4.1 Application to case I: the blending process

As an example of the implementation of a single level supply-chain controller
we study the operation of a very simple processing unit: a blender. A process
flowsheet is given in Figure 4.3. Raw material types A and B which are bought
from the market are stored in two storage tanks. Different product grades are
produced, where the grade is determined by the concentration of component A.
The end product market for the two blends is assumed to be heavily in motion,
resulting in large, daily fluctuations in demand (and hence price). The aim of
the process control system is to control the plant in such a way that the better
sales deals are made possible, while guaranteeing ‘in time’ delivery of product
orders. The control system will depend on and utilize mathematical models
representing the main supply chain mechanisms. The derivation of these will
be treated next. The presented modeling approach is far from unambiguous.
Besides attempting to capture a bit of realism in the description we foremost
aimed for simplicity, and also linearity. The reason for this is that even for
a simple processing plant like a blender, detailed, nonlinear modeling would
render the computations intractable.
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Figure 4.3: Flowsheet of the blending process and the raw material and end product
storage.

Supply chain modeling for the blending process

Production subsystem If perfect blending is assumed, the process dynamics
are given by the two component balances

dat 1 3 4 T
P O et
da? 9 3 N
T R e

where z! and z2 are the mass holdups of respectively component A and B. u'
and u? are the mass flows of respectively component A and B into the blender.
u? and u? are the production flows of respectively product grade 1 and product
grade 2. The product quality depends on the ratio 2! /2. Both product grades
1 and 2 are defined accordingly by an upper and lower bound on the quality:

xl
¢ <5 <a, 9=12

Variables GY9 take a value 1 if the quality of the content of the blender corre-
sponds to grade g and 0 otherwise:

o= |1 el <% <q,
0, otherwise.

The production flows are constrained from above by a maximum and can only
take a non-zero value if the blender content has the corresponding quality:
u? < Glud

u?

ut < G?ul.
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No off-spec production is allowed. Assuming the upper and lower bound on
the quality to be sufficiently tight we can approximate the original nonlinear
differential equations by the following linear ones

da' 1 ay a
=Uu — us — u

dt T+l 1+ ™

dz? 9 1 1

— =Uu — us — Uy

dt Ltg, ' 1+¢ "

which leads to the following discrete time, linear representation of the process
model

1 2
whiy =k bl et
u u
2 2 2 1 3 1 4
ui < Giud, i < Giul, (4.1)

where -, = -(k7). Remains the challenge to relate GY to the process states in a
linear fashion. This is done by introducing the following constraints:

g/ 7y — 2 — (1= GLQ] <0,
wy, — gy — (1= GL)Q4 <0, (4.2)

with G € {0,1}. The definition of these constraints is quite similar to the
general formulation of mixed logic, dynamics phenomena in the Mixed Logic
Dynamics by Bemporad and Morari [7]. Constraints are added on the total
holdup in the blender and all material flows:

M, <z, + a3 < My,
ul <ul <ul, j=1,2,... .4 (4.3)

In accordance with the minimum and maximum levels for the holdup as given
above, we require Q] > ¢/M, and QY > M, to guarantee feasibility of the
product quality constraints.

Market subsystems For this example, we will only model the end product
market. Raw material supply is supposed to be continuous and unlimited. In
correspondence with Section 3.3 the state of the sales market is described by
the introduction of a set of sales orders and opportunities Sp’* € {0,1} with
s € {1,2,...,ng.} and e € {0,1}. Sp° is one if the s sales ord./opp. for
end product e is executed at time k7 and zero otherwise. Each ord./opp. has
several attributes. The amount of material SA%® and the unit price S$¢° are
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defined. Further, for every ord./opp. the validity time span is defined by a set
of samples Q%* C NT. The parameter SO%* determines whether ord./opp. S¢*
is an order (SO%® = 1) or an opportunity (SO%* = 0).

Each sales opportunity can be executed once in the validity time span, each
sales order must be met during its validity time span which leads to the following
constraints

SO% < Y S <, (4.4)
keQe:s
SE% =0, Vit ¢ Q. (4.5)

Storage subsystems The end product stores are modeled by writing down
the corresponding mass balances

ns,1
ESp, =ESp — Y S SAY + ruf, (4.6)

s=1

ns,2
ES{i = ESp =Y SP*SA™ + rui. (4.7)

s=1

Storage capacity is limited:

ES; <ES;<ES;, e=1,2. (4.8)

The objective In agreement with Section 3.3 the company-wide objective is
defined as the CAV. We include raw material costs, sales revenues and interest
on the capital balance. Because no raw material market is modeled, the cost
price for the raw material is assumed constant over the horizon. Let P$" be the
price of raw material r and v the fractional interest rate. Then, the cumulative
added value is given by the following recursion

Vier =1+ 0)Ve— Y PSrup+> ) Sp°SA® S8 (4.9)

r={1,2} e s

The net added value recursion of (4.9) can be computed over the whole lifes-
pan of the manufacturing site. However, if we would attempt to optimize the
expected economic performance of a manufacturing site over its entire lifespan
we would run in severe problems of different nature. First, the number of op-
timization parameters would grow unacceptably, taking away even the smallest
hope that we would be able to solve such an optimization problem. Second, we
would demand an unrealistic effort of the sales people, namely to predict the
changes in the end product market over an horizon of many years.
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Taking these arguments into account, we will continue to consider a much
shorter horizon length H, typically covering several weeks, in the definition of
the objective. A consequence of this is that the effects outside the horizon of the
decisions made within the horizon are not accounted for in a natural fashion.
This problem is not uniquely related to the control problem under consideration
here, actually it is inherent to every receding horizon control problem with a
finite prediction horizon. In MPC for example, the use of only a finite horizon
can cause an unstable closed loop system, even when the open loop optimiza-
tions made in every iteration look reasonable. In reaction to this observation
several MPC schemes were proposed with guaranteed closed loop performance.
The most straightforward proposal is to include an end-point constraint in the
optimization. Other solutions comprise the selection of appropriate final state
weights.

We can copy either one of these approaches to improve the consistency of
our objective formulation. The formulation of an end point constraint seems
reasonable to capture the final state of the process, however highly undesirable
in relation to the storage levels, simply because the desired status of the storage
at the end of the horizon is not known. Therefore, we propose the use of a
final state-weighting on the storage levels in combination with an end-point
constraint on the process states. If we assume linear weights E$¢ on the final
storage levels of the end products then the final objective can be defined as

J=Vu+Y ES;ES. (4.10)

Optimal control solution

The set of factual decision variables is the union of the manipulated variables of
the process (u1, u2, ug, and u4) and the sales decisions S;’°. The manipulated
process variables are continuous decision parameters, the sales and purchase
decisions are discrete (binary) decision variables. The control problem is to
choose the decision parameters in such a way that the economic objective is
maximized:

mazimize the objective (4.10) subject to the added value recursion (4.9), the
process dynamics (4.1,4.2), the process constraint (4.3), the storage recursion
(4.6,4.7), the storage constraints (4.8), and finally the sales constraints (4.4,4.5).

Because all constraints are linear and the set of decision parameters contains
continuous as well as discrete parameters this optimization problem is a Mixed
Integer Linear Programming (MILP) problem, which we can solve using e.g.
BB techniques, see e.g. [22] or the brief introduction to BB techniques in the
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product specifications process constraints
| grade (9) 47 ad | | flow (i) wi wi |
1 0.995 1.005 1 0 0.2
2 1.395  1.405 2 0 02 M;=5
3 0 1 My=12
4 0 1

Table 4.1: Product specifications and process constraints for the blending example.

appendix of this thesis (Appendix B). The solution of such problems is typically
very time-consuming, especially for large numbers of integer decision parame-
ters. This would not be catastrophic if we could do with a single computation
every week or month and an open loop implementation of the solution. Un-
fortunately, an open loop control solution is of little use. First, the market
situation changes continuously and so will the market predictions (and hence
the ord./opp. database). Also, due to disturbances and inaccuracy of the pro-
cess model the actual plant behavior will deviate from the predictions. Although
disturbances and model uncertainty were not considered in the formulation of
the optimal control problem, these aspects are inherent to any practical situa-
tion and there must be a mechanism to handle them. The elementary way of
dealing with disturbances and the time-varying states of the market is through
feedback control, which can be achieved via a repeated computation and imple-
mentation of the optimal control strategy, i.e. receding horizon control. For
the blending process example, receding horizon control comprises the following
steps:

1. measure the status of the plant and the storage levels and scan the modi-
fications in the ord./opp. database,

2. formulate and solve the economic optimization problem,

3. implement the controls “27 i=1,...,4,set k =k 4 1 and go back to 1.

Results

We solve the blending optimization problem for a specific realization of the
ord./opp. database. Sampling time is chosen 1 hr.! and the horizon length 120
samples i.e. 5 days. The relevant process parameters are given in Table 4.1. All
parameters are dimensionless.

The end product market database is given Table 4.2. Raw material prices
are chosen P$' = 1, P$2 = 1.2. End-storage appreciation is chosen E$' = 1.7,

1A sampling time of 1 hr. is unrealistically long for real-life applications, however smaller
sampling times wouldn’t add much realism yet a significant increase of computational com-
plexity to this example.
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Sales of grade 1 Sales of grade 2
s SALs  Sggls Qg SObs || s SAZs  S$25 Qg S02%:s
1 7 1 {5,10} 0 1 7 1 {5,10,15} 0
2 6 1.8 {5,10,15,20} oll2 4 2 {15,20,25} 1
3 3 1.3 {15,20,25,30} 1| 3 8 1.8 {20,25,30,35} 0
4 7 1.4 {35,40,45,50} 0| 4 4 1.3 {35,40,45,50} 0
5 8 2.5  {55,60,65} 15 5 1.7 {55,60} 1
6 7 1.6  {60,65,70,75} 01 6 8 1 {60,65,70} 0
7 8 1.5  {80,85} 01 7 5 2 {75,80,85} 1
8 3 1.3 {90,95} 01| 8 6 1.8 {80,85} 0
9 5 1.7 {100,105,110} 01 9 4 1.3 {95,100,105} 0
10 8 2.5 {105,110} 01 10 7 1.7 {105,110} 1

Table 4.2: Sales order and opportunity database for the blending example.

E$? = 1.5 and the fractional interest is 0.0001 per hour. The problem was
implemented in the mathematical modeling system GAMS. We used the MILP
solver CPLEX to solve it. The solution of MILP’s is an intricate task in gen-
eral. CPLEX enables the user to set a few solver-options to steer the BB solu-
tion process in a direction which is deemed efficient for the particular problem
or problem instant. For the blending problem however, the standard settings
appeared satisfactory. The problem was not solved to guaranteed optimality
because that would require unacceptable computation times. A useful indica-
tion of the quality of an integer solution is its distance from the best relaxation
amongst all open nodes. We interrupted the solution processes at a relative
gap smaller than 0.02, which took about 30 minutes on a Pentium II personal
computer (PC). The optimum found was 62.423. The resulting optimal control
strategy is plotted in Figure 4.4. Note that the optimal strategy is to continue
production of grade 1 for another 25 hours, then make a transition to grade 2
and produce grade 2 for about 40 hours. Finally switch back to grade 1 and
produce grade 1 for the last 40 hours. The storage levels of product 1 and 2
are plotted in Figure 4.5. Sales actions are indicated by their corresponding
number. Observe that for product 2 only the production orders are met, the
sales opportunities are ignored. Instead, the attractive sales opportunities 2 and
10 for product 1 are selected.

Based on the solution of this instant of the optimal control problem the
following actions can be taken:

1. u} and u are implemented on the plant, i.e. the feed conditions are
retained such that production of grade 1 can be continued,

2. sales managers are notified on the attractiveness and feasibility of sales
opportunities 2 and 10. Based on this information they may decide to ne-
gotiate with their customers on possibilities to turn the sales opportunities
into orders.
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Figure 4.4: Optimal raw material flow for blending system. Solid: u', dashed: u?.
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Figure 4.5: Storage levels of product 1 (solid) and product 2 (dashed) for the optimal
control strategy. Sales ord./opp. numbers are indicated: the bottom row for product 1
and the top row for product 2.

Meanwhile additional sales orders or opportunities are added to the database
and redundant ones are removed. After one hour the optimal control problem
is solved again based on the most recent information on the state of the plant,
the storage levels and the sales ord./opp. database.

4.4.2 Discussion

Clearly, the single level supply-chain conscious control approach will lead to
unmanageable optimization problems when applied to a real-life situation. The
combination of short sampling times (for satisfactory control) with long look-
aheads (to account for changes in the market) inevitably leads to an explosion
of the number of decision variables.

The poor computational tractability is not the only drawback of the single
level approach. First, it is at least questionable whether such a controller can
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satisfy the safety and reliability requirements that any process control system
must primarily meet. Even nominal stability analysis of the resulting closed
loop system is no trivial task; to investigate stability properties in the presence
of disturbances and plant-model mismatch seems completely out of reach. A
related question is whether safe and reliable behavior can be achieved at all
through the minimization of an economic objective only. The economic objective
may leave certain crucial modes ‘unobservable’ which would necessitate the
definition of additional ‘control-type’ objectives. For example, in case of the
blending control problem the objective is insensitive to variations in the level of
the blending tank. This may lead to level swings that may be undesirable for
other than economic reasons.

Another problem with the single level approach is the effect of disturbances
on the actual closed loop performance. The most practical approach to dealing
with disturbances is to neglect the effect of disturbances in the prediction which
leads to solving a deterministic optimization problem. For Linear Quadratic
Gaussian problems, this deterministic control problem will even lead to the
optimal control when combined with an optimal state estimator (Kalman Fil-
ter), see e.g. [40]. Unfortunately the separation principle does not hold here;
in the problem that we consider the ignorance of the effect of disturbances in
the optimization may easily incur infeasibility of the process constraints, the
sales orders and the storage limitations. An engineering approach to avoiding
these infeasibilities is by introducing a back-off from the actual constraints. The
choice of the back-off from the process constraints can be done on the basis of
statistical analysis, see for example [48, 34|, and is relatively straightforward;
for the storage constraints this is somewhat more cumbersome and the “back-off
from sales orders” is not even a notion that is well-defined.

The most rigorous approach to avoiding infeasibility is to include the effect
of unknown disturbances in the control problem formulation. This would lead
to worst-case finite horizon optimization problems. Solutions to open loop worst
case problems are known to be extremely conservative because they ignore the
effect of feedback in the prediction. Thereby, the tractability of such problems
is low in general. The alternative, closed loop worst case optimization (see e.g.
[42] for such a formulation for linear quadratic MPC) is more elegant however
even less tractable.

It may be concluded that the single level control approach is of academic
interest only, its practical implications are too hard to handle. Fortunately, the
results from the blending example indicate the existence of effective, practical
alternatives to the single level approach. Namely, observe that the solution of
the blending example clearly exhibits two different time scales. At the fastest,
control moves change from hour to hour to maintain the desired quality. At the
slowest, it is decided which product is produced when. Observe from Figure 4.4
that at this slowest time scale only two or three decisions are being taken in a
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period of 5 days. The presence of different time scales opens possibilities for
the most appealing alternative to the single level approach: the conceptual de-
composition approach. How this approach can be applied to define a practically
feasible solution shall be discussed in the next section.

4.5 Hierarchical production scheduling and pro-
cess control

This section discusses the definition of a hierarchical control strategy for supply-
chain-conscious operation of chemical plant. Bassett [5] discusses different rea-
sons for conceptual decomposition, a few of which were mentioned in the previ-
ous section as well. One of the most elementary reasons for a decomposition is
time scale separation. It is clear by intuition and it has also been demonstrated
in the blending example that the relevant time scale on which the scheduling
problem needs to be considered is significantly different from the time scale
relevant to the actual real-time control of the plant. Modifications to the pro-
duction schedule will be made in response to changes in the market situation,
which may occur daily, weekly or monthly, depending on the market nature.
In contrast, process disturbances occur on a second-to-second time frame and
in order to deal with them, the control system should operate on a sufficiently
fast sample/execution rate. The main decomposition that we propose
is hence to deal separately with the two questions 1: what prod-
ucts/feedstocks will be produced/processed when? and 2: how will
the production be realized? |*. The first question will in the remainder be
denoted the scheduling problem. The second question refers to the plant-control
problem and will be dealt with in Chapter 6. The decomposition into a schedul-
ing problem and a control problem is intuitive and complies with many existing
hierarchical structures. The proposed hierarchical control system is depicted in
Figure 4.6.

The control and decision support system now consists of two separate blocks.
The first, represented by the oval box “decision feedback/production scheduler”
has two main tasks. First, it should compute a production schedule in compli-
ance with the market conditions and the current and future status of the plant.
To this end it has access to the ord./opp. database and to the status of the
plant. The second task is to provide relevant feedback regarding sales and pur-
chasing opportunities to the sales and purchasing managers. The production
schedule is communicated to the second layer of the control hierarchy, the “pro-
cess control and optimization” block. The production schedule will act upon
this block as a boundary condition, a constraint. Feasibility of this boundary
condition can be guaranteed through a consistent model use in both layers as
will become clear from the next chapter. The role of the process operators (the
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Figure 4.6: A decomposition approach to supply-chain-conscious production management

and process control.

block “production management”) shifts to supervision, monitoring and infor-
mation supply. Clearly, any technical defect or modification to the plant should
be communicated to the scheduler so that plant models can be updated likewise.

4.6 Contributions of this chapter

The main aim of this chapter is to analyze the demands supply-chain-conscious
operation puts on the process control hierarchy. To this end, we describe the
current process operations hierarchy consisting of a basic control layer, a MPC
layer, a RTPO layer and a production scheduling layer.

We explain why this framework is not fit for market-driven operation, the
main limitation being the restriction of economic optimization to the steady
state behavior. Recall from Chapter 2 that a market-focused operating strategy
leads to an intentional dynamic operation of the plant.

Besides being inadequate for the purpose of market-drive operation we be-
lieve that the current process operations hierarchy impels inconsistency and in-
compatibility of the different layer’s functionality. Serious model-inconsistency
is present between the RTPO and the MPC layer as well as between the RTPO
and the scheduling layer. Therefore, instead of making modifications to the
individual layers we choose to redefine the process operations hierarchy largely
in accordance with our view on market-focused operation.
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Underlying the definition of a new process operations hierarchy for contin-
uous processes is the notion of ‘model-based’ integration. Fully in agreement
with the suggestions of Bassett et al. [5] we believe that the consistent use
of dedicated mathematical models representing the essential behavior of the
production plants leads the way to a market-focused automation of production
control and process operations.

Two interesting model-based integration strategies were discussed. The first,
a single level approach, tries to integrate in the functionality of the scheduler
as a decision support tool the actual process control decision making. Though
theoretically nice and successfully applied to the small blending case, this ap-
proach entails infeasible computational demands for problems of realistic size.
The main problem with the single level approach is that the resolution of the
action taking should be very high in order to incorporate the process control
decisions whereas the horizon should be long in order to include the effect of the
long term market behavior on the action taking. Fortunately we (and the results
from the simple blending example confirm this suspicion) can distinguish two
different time scales regarding the production management and decompose the
decision making problem accordingly. At the longer time scale decisions regard-
ing “what product grades are produced when” are considered and at the shorter
one decisions regarding “how the production of the relative grade is realized”.
Decisions associated with the longest time scale will in the sequel be denoted
“scheduling decisions” and are supported by the scheduler. This scheduler was
in the previous chapter introduced as a decision support tool that advises the
three main players (purchasing,production and sales managers) in the internal
supply chain. Its implementation will be discussed in Chapter 5. Decisions
associated with the shortest time scale will be denoted “control decisions” in
the remainder and we will define automated control solutions that implement
those. The design of these control solutions is the subject of Chapter 6.
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Chapter 5

Supply chain-conscious
production scheduling

This chapter presents the design of a production scheduler for continuous multi-
grade processes. First, the need for flexible production scheduling for these pro-
cesses is emphasized (5.1). Next, it is shown how the behavior of continuous
chemical processes can be characterized in an efficient and consistent manner
such as to arrive at a computationally feasible and realistic formulation of the
scheduling problem (5.2). Finally the actual formulation is given (5.3) and il-
lustrated by means of an example (5.4).

5.1 Introduction - flexible scheduling

The decomposition proposed in Section 4.5 aims to arrive at a feasible operating
strategy by splitting up the production management problem in a production
scheduling problem and a production control problem. This decomposition com-
plies with current practice, however our design of the scheduling layer differs
significantly from the current situation which we believe is not fit to meet the
requirements of intentional dynamics-plant operation.

First, the scheduling approaches available nowadays use very poor repre-
sentations of process dynamics. In some cases transition dynamics (and hence
time, cost, material usage) is neglected at all, in the best case fixed transition
times are incorporated. This may be a satisfactory description in case of the
slate scheduling approach (for example used in HDPE production) described
in Chapter 1 where only small process transitions are implemented. However
is not be the case if the plant is operated according to the more flexible inten-
tional dynamics approach where possibly large transitions may occur depending
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on the economic attractiveness. The latter can only be assessed if an accurate
representation of the process dynamics is used in the scheduling layer. How this
can be done is one of the main topics of this chapter.

Second, the current scheduling approaches do not support short term pur-
chasing and sales decision making. Instead, fixed production requirements are
set that the scheduler has to meet. For example, the HDPE slate scheduling
is solely oriented towards maintaining average storage levels. Short term pur-
chasing and sales decisions are not considered and flexibility to changes in the
market can only be achieved by keeping end products on stock. In the inten-
tional dynamics approach flexibility to changes in the market is to be obtained
from flexible operation of the plant itself so that storage levels can be reduced.
A consequence of this is that purchasing and sales management starts to in-
terfere with production and has to be integrated in the short term production
scheduling. This chapter describes how this can be done.

For case III, HPDE production, the integration of short term production
scheduling and sales management is believed to yield strongly increased eco-
nomic performance of the manufacturing site. On one hand due to decreased
capital costs tide into end product storage and on the other hand due to the
possibility to respond to attractive sales opportunities which leads to an overall
increase in revenues. A quantification of the economic potential of our flexi-
ble, market-oriented scheduling approach for a typical HDPE production site is
given in Chapter 8.

5.2 Production modeling - a task description

To solve the production scheduling problem, we do not need to consider all
degrees of freedom in the behavior of the plant at a high level of detail (see the
discussion on page 4.4.2). Instead, we will resort to a description of the
plant in terms of operating tasks with accompanying precedence rules
]*. A task can be interpreted as a compact characterization of the behavior of
the plant over a certain time interval. The time interval on which the execution
of a task is considered is either fixed in advance or left as a degree of freedom,
however in general the length of this interval is substantially longer than would
be required in the single level control approach of Section 4.4. This makes it
possible to describe the behavior of the plant over a large time horizon using
a preferably small number of tasks, which is the key to making the scheduling
problem computationally tractable. The description of the plant behavior in
terms of tasks can be seen as a parametrization of the behavior of the plant,
which has important consequences. If the parametrization is not done properly,
the scheduling problem may yield solutions which are not feasible. This will
happen for example when transition dynamics are neglected and the behavior
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Figure 5.1: Representation of the behavior of a multi-grade process using static produc-
tion tasks and transition tasks.

of the plant is parameterized in terms of steady state operating tasks only. Also,
a poor parametrization may yield scheduling solutions which are far from the
optimum. This happens if the chosen parametrization reflects the potentials of
the process behavior poorly. Ideally, we would like to parameterize the behavior
of the plant in such a way that the achieved performance is close to the fictional
performance that were achieved if a single level approach would be used.

5.2.1 Task selection

While thinking of suitable parametrizations of the plant behavior in the scope of
production scheduling problems it appears useful to first distinguish two classes
of tasks which are inherently different: dynamic tasks and quasi-static state
tasks. Dynamic tasks refer to the behavior of the process during transitions,
or while dealing with the effect of load changes. Quasi-static tasks refer to the
operation of the process in or at least in the vicinity of a distinct operating point.
Using the notions of dynamic and quasi-static tasks the complete behavior of the
plant is characterized by all feasible interconnections of the quasi-static and the
dynamic tasks. Feasible interconnections are those for which the end-conditions
of the first task match the initial conditions of the second. The use of quasi-
static and dynamic tasks in modeling the behavior of a continuous multi-grade
plant is illustrated in Figure 5.1.

The selection of tasks proceeds via a systematic determination of the sets
of operating conditions and transitions that represent the practical operation of
the plant. We will in the remainder focus on multi-grade processes only
]*. For multi-feedstock plants a similar description can be given. Let a model

of the plant, including the basic control system, be given by the following set of
DAE’s

T = f(I,U7y),
0=g(z,u,y),
z = Crx + Cypu,

—
.C)T
N =
S~—
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where z(t) € R, u(t) € R™, and y(t) € R™ are respectively the state, input
and algebraic variables of the model. For ease of notation, the dependency of
these variables on time will be omitted in the remainder. z € R™: contains
the so-called performance channels, i.e. all variables that are required for the
performance evaluation of the plant. The performance evaluation typically com-
prises the computation of a so-called objective function as well the violation of
constraints. These operating constraints are expressed as follows,

h(z) < 0. (5.4)
All feasible steady state operating conditions are given by the set

F={z,u| 3y, zst. f(z,u,y) =0, glz,u,y) =0, 2 =Crx+ Cyu, h(z) <0}.

(5.5)
In general we are only interested in a limited number of interesting scenarios,
e.g. a finite number of product grades or feedstock conditions. The production
grade conditions G, are by definition given by specific sets of conditions (z) that
obey the corresponding constraints:

Gy ={(z,u) € F |3z = Crx + Cyuu, s.t. g4(z) < 0}. (5.6)

where g, defines the quality bounds of grade g. For example, in a distillation
plant, these would be lower and upper limits on the purity.

The different production grades are connected via process transitions. We
define a transition T; from an element (z9,u9) € G, to an element (z", u") € G,
as a quadruple (z,u,y, z) satisfying

plant init. cond. end cond. path constraints
= f(z,u,y) z(0)=29, x(T)=2z" h(z)<0
0=g(x,u,y) w(0) =u?  u(T) =u"

z=Crx + Cyuu

(5.7)

for some T' > 0. Let 7" be the set of all these transitions. The sets G, and Gj, are
said to be compatible if there exists a transition Tgh from any (z9,u9) € G, to any
(", u™) € Gy. Finally, all sequences of transitions are feasible if all pairs [g, h]
are compatible. The verification of such conditions is not straightforward, only
for specific cases there may exist a computationally feasible approach. Further,
although the description of the behavior of the plant in terms of tasks is a
reduced representation in comparison with the behavior rendered by (5.1,5.2,5.3)
it is still of no use in a scheduling formulation, because it leaves too many degrees
of freedom. It appears that we need to specify further how the different tasks
are established or, in other words, how the control system is implemented.
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5.2.2 Assumption on the control system

To derive a parametrization of the plant behavior that is non-conservative as
well as feasible, we need to make realistic assumptions about the controlled be-
havior of the plant, and hence about the performance of the process control
layer. This is a typical and very logical requirement of the decomposition we
propose and it demonstrates the dependency of the scheduling problem on the
technology selection and design of the process control layer. For example, if we
assume traditional operator control, the grade change flexibility will in general
be limited which has severe consequences for the nature and the number of
feasible production schedules: in the worst case we will end up with solutions
like the inflexible grade slate [77]. This observation complies with the suppo-
sition made in Chapter 2 that the benefits of supply-chain oriented production
scheduling rely to a large extent on the quality of the process control system.
The specific assumptions that we make with respect to the control system will
be discussed next.

Static-tasks

We assume that, during the static production tasks, the operating con-
ditions are determined according to the mazimization of an economic
criterion |*. As the basic economic criterion we will use the added value as
discussed in Section 3.3.4. Let C. and Y, denote respectively the consumption
of raw materials and utilities  and the production of end product e. We as-
sume these are given as functions of the performance variables: C, = C,.(z),
Y. = Y.(2). Then, in case of a static production task, the added value rate is
given by

L(z):=— ZpC*TC’T(z) + Zpy’eYe(z), (5.8)

where p©" and p¥*¢ are the instantaneous prices of respectively raw material r

and the product e. Using this expression for the added value and disregarding
the effect of noise and disturbances, the optimal operating conditions for grade
g are found by solving the following, static optimization problem

(@9,09) = argmin {—L(z) | 3z = Crz + Cyu, s.t. (z,u) € Gy}, (5.9)

and the corresponding raw material and product flows are given by C9 = C,.(z9)
and Y9 = Y, (29), where z9 = C,79 4+ C,u?. An intricate problem arises: the
prices of the raw materials and end products appear in this optimization, which
means that the optimal operating conditions depend on the current state of the
market. Indeed, in case of a demanding market an optimal production strategy
would tend to maximizing the production, whereas in a saturated market the
better strategy might be to minimize production costs. An additional problem
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is how to determine p©" and p¥*¢. Of course, these prices are related to the

purchase and sales prices. However, because of the storage dynamics and the fact
that production and purchase/sales actions are not synchronized, the factual
determination of this value is not straightforward. There are several ways to
deal with this problem, depending on the actual dependency of (Z9,49) on the
market situation.

First, in case the optimal strategy depends weakly on the market situation,
we can ignore the dependency at all and use a single set of operating conditions
for each production task.

If, instead there is a strong dependency, it may be sufficient to consider a
finite set of market scenarios. Of course, these are chosen to reflect the most
common market situations. This description of the market leads us to assign
to every plant grade or grade transition a finite number of different produc-
tion tasks, corresponding to the different market scenarios that we distinguish.
The operating attributes of those tasks are computed by solving (5.9) for the
corresponding market scenario (reflected in the choice of p©" and p¥>¢).

Transition tasks

The parametrization of the quasi-static tasks in terms of steady state optimal
production limits the set of transitions that needs consideration and as such
leads to a different definition of transition feasibility. Let the operating condi-
tions (29, u9) and (z",u") be the elements of the sets G, and G, corresponding
to the static tasks g and h respectively. Then, existence of a transition T; can be
checked by verifying (5.7) for (x9,u9) = (29,49) and (2, u*) = (z",a"). The
investigation of the feasibility of such transitions with fixed initial conditions
and an end-point constraint is in literature referred to as switchability analysis.
Vu et al. [90] and White et al. [91] propose, indeed for grade transitions, a
straightforward optimization approach to compute approximations of T} (the
end-point constraint is somewhat relaxed for computational feasibility). The
authors use a rather arbitrary objective function which is the integrated square
deviation of the outputs and inputs from the new operating point. Neverthe-
less, they rightly observe the pre-eminent usefulness of dynamic optimization in
distinguishing desirable transitions from undesirable ones. We largely support
this observation and will assume that the process control system governing
the implementation of process transitions is based on dynamic opti-
mization |*. Instead of using an arbitrary objective like in the switchability
analysis we will consider objective functions that reflect the economics of the
transition. A general formulation of the corresponding trajectory optimization
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problem is given as follows

T
min {/ Li(z)dt
T, ueld 0
(5.10)

where L% is chosen so as to represent the economics of the transition. Similar
to the static optimization case, different market situations may lead to different
optimal transition modes. U is the set of trajectories over which u is optimized.
If the dependency of the optimal transition on the market situation is weak it
is sufficient to define one transition mode for each changeover. If this is not the
case, we suggest that a number of distinct scenarios be selected for which the
corresponding transition characteristics are computed. Possible scenarios are
the following.

Az, y, 2, s.t. (z,u,y,2) € Tg'_’, z(0) =29, x(T) = z" },

Strong demand In case of a demanding market, the main incentive is to maxi-
mize production. Then transition times should be limited to the minimum.
Transition costs are of secondary importance. Minimum time transitions
may also be desirable when several subsequent sales orders are to be met
on a short term: the penalty on a late delivery will in general be much
higher than the supposedly larger transition costs. To enable the sched-
uler to select the minimum time transition mode, the characteristics of
such a mode must be available in the production database.

Low demand In case of low demand and moderately filled order books, there
is no incentive to minimize the transition times. Instead, the difference
between the transition revenues and the transition costs should be max-
imized. This leads to a truly economic transition optimization, where
L4(z) is selected to represent the negative added value rate during the
transition.

The different transition modes m are characterized by the corresponding tran-
sition times 79"™ the raw material consumption CZ"™ and the end prod-
uct yield Y9"™  The raw material consumption is computed as C9"™m =

’T‘q7 m — — . . .
—o C(z9h™)dt, where z9"™ are the optimal trajectories of the perfor-

mance variables for problem (5.10). The yield of product e is given by Y9:"™ =

Tg,h,m _ m
Sz .

Disturbances and uncertainty

In the previous, model-based optimization was introduced as a means to pre-
dict optimal production data for the different grades and grade changes. Of
course, due to the presence of disturbances and plant-model mismatch, the true
production will deviate from these predictions even if the on-line control system
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attempts to optimize the same objective. There are several ways of dealing with
this.

The first is to take the disturbances and the model uncertainty explicitly into
account in the determination of the production data, for example by computing
the worst-case production over a specified time interval. Dimitriadis et al. [18]
propose suchlike worst case optimization problem to analyze the flexibility of
systems that operate dynamically under the effect of time-varying uncertainty.
Despite its elegance this approach has several drawbacks. First, detailed knowl-
edge on the disturbance characteristics is required. Second, we need to make
the choice for the control system explicit. Third, the min-max (or max-min-max
[18]) dynamic optimization problem such an approach entails is generally too
hard to handle computationally. And finally, worst case formulations generally
lead to solutions that are overly conservative.

A much simpler and more straightforward approach is to introduce a safety
factor < 1 in the calculation of the production numbers. One way of determining
this safety factor is through experience on the actual plant. Detailed information
on the deviation between predicted and actual production becomes available
continuously. This information can be used to determine a suitable and realistic
level of conservatism in the production description.

5.2.3 A general formulation of the grade change problem

It was argued previously that different transition modes need to be considered to
reflect the effect of changing market conditions on the most desirable operation
of the plant. Several extreme cases were mentioned, among which the time-
optimal transition and the minimum-cost transition. These two will be discussed
next and a general framework for formulating such grade change optimization
problems mathematically shall given.

Time-optimal transition The classical time-optimal control problem for-
mulation of the minimum time changeover problem would amount to choosing
L%(z) = 1. By solving the time-optimal control problem we find the controls
which drive the plant to the new steady state operating conditions (@”,z").
However, this does not imply in general that the fastest transition between grade
g and grade h is achieved, because these are defined by their corresponding sub
sets G9 and G". A side-effect of this is that the minimum time formulation does
not honor the fact that valuable end-products are produced during the transi-
tion. So it might happen that the minimum-time transition leads to enormous
losses due to off-spec production where a slightly longer transition might lead
to valuable production of on-spec material.

It appears that, although the enforcement of an end-point constraint is nec-
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essary to guarantee the behavior of the plant outside the optimization horizon,
the time optimal control problem does not capture all the aspects of fast transi-
tions that we like to include. A better way to enforce a fast transition between
the grades g and h may be to maximize the production of grade g or h or a
weighted sum between those over a fized time interval and using an end-point
constraint to enforce steady state optimal operation by the end of the time in-
terval. Of course, to ensure feasibility of the optimization problem we need to
choose the length of the fixed time interval greater than or equal to the minimum
possible changeover time. The corresponding objective is given as follows:

Liz) = =) BYe(2), (5.11)
e

where 3¢ is used to express the relative importance of the different end-products.
A practical choice of this weighting may be ¢ = p%. Ye(z) € R" is the
production flow of the end product e. Which product is being made depends on
the state of the process satisfying the corresponding grade constraints or not.
Therein lies the most complicated aspect of the formulation of the grade change
problem.

Let F'(z) € R"" be a vector with all material flows coming from the plant.
For each grade we need to relate the end product flows to these material flows.
To this end we introduce row vectors Mg € R"" with zeros everywhere except
for a single ‘1’ at at most one location, which assigns the material flows F(z) to
the e*” end product flow. The flow of end product e in a particular grade g is
then given by:

YI(z) = MjF(2), (5.12)
so that the total end product flow can be stated as
Yo(z) =Y GIMEF(2), (5.13)
g

where )
Q9 — 1, if gg(z)' <0,
0, otherwise.

Note that the definition of the grades by (5.14) renders L¢(z) non-smooth.

(5.14)

Economically optimized transition When there is no particular reason
for a fast transition, the transition costs should be minimized. This amounts
to defining the transition problem as a purely economic optimization. The
economic objective is given by the negative of the added value (compare (5.8)
for the static optimization problem):

Ld(z) = - <_ ZPTFCT(Z) + Zp%i@(z)) ) (515)
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where C.(z) is assumed a smooth, continuously differentiable function represent-
ing the consumption of raw materials and Y, (z) is given by (5.13). The economic
transition optimization problem like the minimum-time transition problem is
non-smooth. Moreover, it is a generalization of the minimum-time transition
problem (the minimum-time transition problem is obtained by setting p}. = 0
and p% = 0° in (5.15)). Methods for solving the grade change problem shall be
treated in Chapter 7.

5.3 Mathematical formulation of the scheduling
problem

In the first part of this chapter it has been defined how the plant is character-
ized in quasi-stationary tasks and transition tasks for the sake of production
scheduling. In this section a mathematical formulation of the production sched-
uler shall be given. For clarity, the main aim of the production scheduler (page
55) is summarized below:

....it should compute a production schedule in compliance with the
market conditions and the current and future status of the plant.
The second task is to provide relevant feedback regarding sales and
purchasing opportunities to the sales and purchasing managers.

The formulation of the supply-chain conscious scheduling problem given in
this section is not meant to be the most rigorous and complete formulation we
can imagine. The formulation is simple and tractable. Nevertheless, it contains
most of the important aspects of the scheduling problem that we want to take
into account, and most important, it enables us to demonstrate the feasibility
of the proposed hierarchical control approach. We will first briefly motivate
our choice for a Mathematical Programming (MP) approach to describing and
solving the scheduling problem (5.3.1). Next, the actual mathematical model
shall be described (5.3.2). Aspects related to the solution of the corresponding
optimization problem are treated in 5.3.3.

5.3.1 Choice of method

Two basic methods for modeling and solving decision problems like the pro-
duction scheduling problem can be distinguished: Mathematical Programming
(MP) methods, and heuristic methods. Some distinguishing characteristics of
these two categories are discussed in Appendix A. Below, a short concluding
motivation for the MP approach shall be given. For an elaboration on existing
scheduling formulations and exact and heuristic solution methods we refer to
the appendix.



69

The primary aim of our scheduling research is to demonstrate the feasibility
and the potential of a supply-chain-conscious, and process-compliant scheduling
approach. The formulation of such a scheduling problem is part of this research
and on the basis thereof, qualitative statements with respect to expected ben-
efits can be made. Also, because we strongly support the persuasiveness of a
quantitative assessment we will study the actual application of the scheduling
approach to the simple blender problem in Section 5.4 and to a more realis-
tic, exploratory case of scheduling HDPE production in chapter 8. For such
a quantitative assessment to be meaningful, we must at least be able to solve
the exploratory case to a guaranteed level of optimality. This makes the MP
approach the preferred candidate. Another attractive property of the MP ap-
proach is mentioned by Zentner et al. [95], namely that it provide a means of
encoding combinatorial decisions in a way that identifies sources of difficulties
in problems and provides a focus for research. Such research may for example
address the development of efficient and accurate heuristic solution approaches.
Based on the previous we have decided to formulate the scheduling problem
as a MP |*.

5.3.2 The model
Time discretization

A crucial choice in the formulation of any scheduling problem is how time is
represented. Terpstra [84] distinguishes three methods of time representation:
discrete time uniform slots, continuous time slots, and continuous time with
temporal relations. The first two are most commonly used and will be de-
scribed here, based on Zentner et al. [95] who present a brief and concise
discussion on the competing choices. In the Uniform Discretization of time
Modeling (UDM) framework the horizon is divided into a finite number of time
slots of uniform length. Only at the beginning of each interval changes may
occur. The UDM framework is very often used, for example in relation to the
well known State Task Network description [39] and the Resource Task Net-
work description [63]. The UDM framework generally leads to a vaste number
of integer decision variables, especially when a fine discretization is used. To
circumvent this, continuous time slots may be considered, see e.g. [94]. Each
continuous time slot is given by its starting and end times, which are contin-
uous variables. The accuracy of continuous time formulations is hence better
in general. Because the duration of tasks depends on the decision variables
the continuous time slot representation is more likely to lead to MINLP’s. It
cannot be made definite a priori which of the two time representations is most
suitable (accurate, efficient) for the problem at hand. However, mature and
proven optimization codes exist for MILP’s, whereas dealing with MINLP’s is
still in a rather premature phase. Also, most continuous time descriptions avail-
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able in literature assume that the events which need to be scheduled have been
determined a priori, which is not the case in our problem. Letting these be the
decisive arguments, we will resort to the UDM as a basic framework for
the modeling of the scheduling problem |*. The choice of the interval
length, denoted 7 in the sequel, is a trade-off between solution resolution and
computational tractability.

Production tasks

We introduce decision variables Gy, g = 1,...,n, as the production decision
variables, where G = 1 means that production task g is started at the beginning
of the k-th time span and executed during this time span. Only one task can
be performed at the same time:

S ar=1. (5.16)

This expression holds for every k. In the remainder this information will be
omitted when it is clear from the equation. The static production tasks can be
given any desired length through an appropriate choice of 7. The transition tasks
however have a fixed and known duration and they must be modeled as such.
In the UDM framework, a transition takes one or more intervals, depending on
the length of the interval and the transition length. The most straightforward
formulation results if 7 is chosen to be larger than the maximum changeover
time. This case will be studied first.

Consider the transition between task g at k and task h at k + 1. Because
the transitions can be executed in a single time interval and the transition times
are known only the starting time for each transition remains to be decided. For
simplicity we let the end-time of the transition coincide with the end of the
transition interval as shown schematically in the left image of Figure 5.2!. To
model the transitions we introduce variables T} hm which, if equal to 1, indicate
that a transition from grade g to h and of mode? m is executed at the end of
time span k. T""™ relates to GY and GP., in the following manner.

SN Tt =1, Y TPt <Gy, Y T <Gl (5.17)
g h m m

m

Note that this description also includes the trivial transitions 777" (i.e. no
transition). Further, let TM}" be one if transition mode m is executed in time

INote that a more flexible formulation can be obtained through definition of a variety of
different transition tasks for each transition mode where the starting times are varied between
the extreme values.

2The transition mode m refers to the market scenario for which the transition character-
istics are computed (see Section 5.2.2).
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Figure 5.2: Representation of transition tasks in UDM framework in case (left) transition
time is smaller than 7, and (right) transition time is smaller than 27.

span k and zero otherwise. Then, the following holds:
TIh™ <M. (5.18)

Because all transition times are shorter than 7 we need to take the quasi-
static production preceding the transition into account to arrive at the appropri-
ate production attributes (raw material consumption and end product yield).
Let the transition time for a mode m transition from grade g to grade h be
denoted 79™™. Then, the consumption of raw material 7 and the production
of end product e for the corresponding transition are computed as

TCOh™ = (7 — 9m)C9 4 Cohm (5.19)
TV = (7 — 2oy 4 Yol (5.20

For ‘transitions’ T}*%""™ the transition time is zero which yields the corresponding
steady state production figures: TCY%9™ = 7CY and TY99™ =1Y9. C9, Y9,
Cghm and YIm™ are the consumption and yield variables as defined in the
previous section.

Binary decision variables If only one transition mode is considered for each
transition then the set of binary variables is constituted by the grade variables
only: G{ € {0,1}. Equation (5.17) then simplifies to

g.h __ g;h g g,h h
NS Tt =1, TP <G, TP <Gy
g h

Observe that these equations enforce binary walues of T,f’h without requiring
17 " t0 be defined a binary variable.

The single-transition mode description leads to a reduction in the number
of integer decision variables in comparison with the multiple-transition mode
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description and is therefore the preferred choice if no large benefits are to be
expected from including multiple transition modes. An interesting extension is
the case where all possible transitions are parameterized as linear combinations
of a finite number (nr) of transition modes:

nr nr
TCI" =N anTCOM™, TYSh =" a,, TYSM™, (5.21)
m=1 m=1

where 0 < a,;, < 1and Z;ZT:1 &, = 1. This transition formulation will in the se-
quel be denoted ‘interpolated transition modeling’. The interpolated transition
modeling introduces no additional binary variables.

Multiple-interval transitions The formulation given above can be extended
for the case that some transition times exceeds the length of an interval, i.e. in
case there exist g, h and m such that 79"™ > 7. We will show here how a
transition with a duration 7 < 79"™ < 27 can be modeled, extensions towards
finer grids are straightforward. Consider the transition g — h, plotted in the
right image of Figure 5.2. The transition occupies two intervals: k and k+1. To
model the transition we introduce new variables T,f’h’m’Q in combination with
the following constraints:

ST < Gryy, (5.22)
Jh,m yh,m,2
T = T,f+1 . (5.23)

Accordingly, raw material consumption and end product yield during the tran-
sition are divided over two intervals. The expressions for those are omitted.

Market description

The transaction-based market description can be included in the MILP formu-
lation as was already shown in Section 4.4.1 for the blending example. A binary
decision variable S;® € {0,1} is used to indicate whether sales ord./opp. s
for end product e is executed in time span k (in which case S, = 1) or not
(S5 = 0). Further, for each ord./opp. we introduce a set of time spans Q%*
outside which it may not be executed. This is done for several reasons. First,
in practice the orders and opportunities are only valid during a limited time
span. Second, it does not seem to make much sense to enable sales and pur-
chase actions every 10 or 12 hours, a more coarse discretization prevents the
size of the optimization problem to blow up unnecessarily. Attached to each
sales ord./opp. the market database stores the amount of product, SA®* and
the unit price offered, S$%*. By definition of 2% we have:

S&T =0, Vk¢ Qoo (5.24)
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Further, each order must be executed exactly once and each opportunity at
most once. This gives rise to the following constraints

SOt < > St <, (5.25)
keqQe:s

where SO%® is zero if s is an opportunity and one if s is an order. Similar
reasoning for purchasing orders and opportunities leads to the introduction of
binary decision variables P,” and the constraints

PIP =0,  VkgQP, (5.26)

PO™ < M PP <1, (5.27)
keQrp

where Q" is defined as the set of time spans k outside which purchase ord./opp.
p may not be executed and PO™? is zero if transaction p for raw material r is a
purchase opportunity and 1 if it is an order. The purchase attributes are PA}*
and $P;": the amount of feedstock 7 and its unit price for purchase ord./opp.

p.

Inventory description

Let us introduce ES} as the storage level of end-product e at the beginning of
time span k£ and RS}, as the storage level of raw material r at the beginning
of time span k. The material balances for the raw material storage and the
end-product storage are defined as follows

ESgy =ESp+) )N gyt N " ges SA%, (5.28)
g h m s
RSpy =RSp =Y NN wghmreghm £y prtpArT (5.29)
g h m p
with initial conditions ES{ = ES; .., and RST = RS} .,.... Note that the

recursive formulation is conservative in the sense that yield is added at the end
of the interval and sales are subtracted at the beginning. This is to prevent
possible infeasibilities following from the implicit assumption that the storage
levels are constant in each interval. Minimum and maximum constraints on the
storage capacity can be imposed as follows

ES; < ES{ < ESC, (5.30)
RS} < RS} < RS". (5.31)
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Objective

The objective is defined as the CAV extended by interest on the capital balance
(see Section 3.3.4), and can be formulated as follows

Vigr = (L+0)Ve+ > > Spf SAG s = >N " Pl PA™P PSP, (5.32)
e S T P

J=Vy+Y RS uRV,+> ES.nEV., (5.33)

where 7 is the fractional interest rate and H is the horizon length. The last two
terms in (5.33) account for end-storage appreciation which is necessary because
we solve a finite horizon approximation of an infinite-horizon problem, see the
discussion on this subject in Section 4.4.1.

5.3.3 Solution of the scheduling problem

The number of binary variables changes with the choice of the transition mod-
eling. A formulation with multiple, distinct transition modes leads to the in-
troduction of H(n + m) binary variables only for the production modeling.
Additional binary variables arise from the modeling of the purchase and sales
actions. Their number can be limited through an appropriate choice of the
validity sets Q%° and Q"P.

Because the objective as well as all constraints are linear and the total set of
variables contains binary as well as continuous variables, the scheduling problem
is a MILP:

mazimize the objective J (5.33) subject to the objective recursion (5.32), the
storage constraints (5.30,5.81), the inventory recursion (5.28,5.29), the pur-
chase constraints (5.26,5.27), the sales constraints (5.24,5.25), the transition
constraints (5.17,5.18), and the grade constraints (5.16).

This MILP is, like most scheduling problems, NP-hard. This means that no
polynomial time algorithm has been found for solving the problem. For NP-hard
problems one can in general only hope that an acceptable solution be found in
a reasonable time. Although we dare not guarantee reasonable computation
times for all instances of the scheduling problem presented above we will, for
the interested reader, present two options that may help to achieve this in
Appendix C. The first option is, for cases where feasibility of the scheduling
problem cannot so easily be checked in advance, to modify the problem so as to
avoid infeasibility. The second option is to tune the solvers to specific problem
characteristics which may reduce computation time considerably.
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1 1 2 0
1 0 0 1
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NN >

0.167 0.952 0.833 0.285

Table 5.1: Production attributes of the static production tasks and the transition tasks
of the blending process.

5.4 Application to case I: the blending process

As an example of the application of the production scheduler we consider the
blending plant of Chapter 3.

Problem setup

Only two product grades are considered. Economic optimization of the two
tasks does not yield single optimal solutions. For example, for grade 1 all
feasible steady state operating tasks that satisfy x1 /2o = 1, u! = 0.2, u? = 0.2,
u® = 0.4 have the same steady state economics. Steady states with minimum
inventory will lead to smaller changeover times and are therefore preferred. For
the simple blending process no advantage is expected from the definition of
multiple transition modes because there is no trade-off between transition costs
and transition time. We hence only consider the time-optimal transitions from
grade 1 to 2 and vice versa.

To avoid the introduction of a large number of transition variables we choose
the length of the discretisation time span such that both transitions can be ex-
ecuted in one time span which leads to the choice 7 = 5. The corresponding
fractional interest is given by v = 1.0001° — 1 ~ 0.0005. The choice of the
two quasi-static production tasks and the time-optimal transitions leads to the
raw material consumption and end product yield data as given in Table 5.1.
The storage constraints, the order and opportunity database as well as all ini-
tial conditions are adopted from the example in Chapter 3. The problem was
implemented in GAMS and solved using CPLEX.

Results

For this problem setting branching priorities proved unnecessary: default solver
settings resulted in a sufficiently fast convergence. Solution time was in the order
of magnitude of 1 minute for a guaranteed accuracy of 99 %. The optimum found
was 62.764 which is even slightly higher than the optimal value for the single
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Figure 5.3: Optimal production schedule for the blending process.
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Figure 5.4: Storage levels of product 1 (solid) and product 2 (dashed) for the optimal
schedule for the blending process. Sales ord./opp. numbers are indicated: the bottom row
for product 1 and the top row for product 2.

level approach to the same example presented in the previous chapter®. The
resulting schedule is plotted in Figure 5.3. The storage levels for this optimal
production schedule are plotted in Figure 5.4. The selected sales transactions
are identical to those selected by the single level controller in Chapter 3, compare
Figure 4.5. This confirms the supposed adequacy of the parametrization of the
plant behavior using quasi-static and dynamic production tasks.

Adding conservatism

It was suggested in Section 5.2.2 that a safety factor should be included in the
computation of the production data in order to account for the future effects of

3The difference can - apart from an effect of the possibly larger sub-optimality of the opti-
mal control solution in Chapter 3 - be explained from the slight difference in the computation
of the cumulative added value.
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disturbances and model uncertainty. To illustrate how such a safety factor may
affect the scheduling we multiply the end product yield data, TY} " and TYY o
by a safety factor of 0.95 and recompute the optimal production schedule and
sales strategy. The inclusion of the safety factor in the production modeling
leads to a different optimal operating strategy. The optimum found was equal
to 57.632 which is significantly lower than the nominal optimum. We cannot
conclude from this that the factual supply chain performance will go down by
the same amount because in a practical setting the schedule will be recomputed
many times based on updated production figures.

The conservative optimal production schedule switches to grade 2 already
after 20 hours and returns to grade 1 after 92 hours. All orders are still met,
however the attractive opportunity 2 for grade 1 is not selected. Instead, oppor-
tunity 8 for grade 2 is selected. Observe that the quantity as well as the price for
opportunities 2 and 8 are equal. However, opportunity 8 is foreseen at a later
date which makes opportunity 2 the preferred one. This example demonstrates
the dependency of the ‘optimal’ operating strategy on the uncertainty about
the production and stresses once more the relevance of a high-quality process
control system which renders the process a reliable and well-predictable link in
the supply chain.

Changes in the market

Next we consider the response of the scheduler to changes in the marketplace.
Let us consider the supply chain status at a time 5 hours after the computation
of the previous schedule. Two units of product A have been added to the end
product stores due to 5 hours production. Based on the feedback from the
scheduler sales managers have confirmed the feasibility of sales opportunity 2
and the corresponding amount of product 1 is about to be delivered to the client.
Further, an increased demand for product 2 is spotted on the market; early
negotiations with clients have resulted in the introduction of some attractive
sales opportunities for product 2. Accordingly appreciations of the final storage
levels for product 1 and 2 have been modified to 1.5 and 1.7 respectively. The
updated sales ord./opp. database is given in Table 5.2.

The resulting schedule (computed using a non-conservative description of
the production capacity) is plotted in Figure 5.5. The optimal schedule now
changes to grade 2 after 25 hours. This complies with the previous schedule,
see Figure 5.3. Differently from the previous schedule the production of grade
2 is continued till the end of the prediction horizon. The attractive opportunity
9 for product 2 is selected instead of opportunity 10 for product 1. Clearly the
optimal schedule is properly adjusted to the changes in the marketplace.
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Sales of grade 1 Sales of grade 2
s SALs  Sgbs Sobs s SA%s  S$25 Qg S0%s
T 7 T {05} ol[1T 7 T {0,5,10} 0
2 6 18  {0,5,10,15} 12 4 2 {10,15,20} 1
3 3 1.3 {10,152025} 1|/ 3 8 1.8 {15,20,25,30} 0
4 7 14 {30,3540,45} 0 || 4 4 1.3 {30,35,40,45} 0
5 8 2.5 {50,55,60} 1 5 5 1.7 {50,55} 1
6 7 1.6 {55,60,6570% 01 6 8 1.9  {55,60,65} 0
708 1.5 {7580} oll7 5 2 {70,75,80} 1
8 3 1.3 {8590} ol 8 6 2.5  {80,85,90} 0
9 5 1.7 {95,100,105} ollo 4 2.7 {90,95,100} 0
10 8 2.3 {100,105} 0|l 10 7 1.7 {100,105,110} 1

Table 5.2: Modified sales order and opportunity database for the blending example.
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Figure 5.5: Optimal production schedule for the blending example, computed 5 hours
after the first schedule with a modified sales ord./opp. database.
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Figure 5.6: Storage levels of product 1 (solid) and product 2 (dashed) for the optimal
schedule for the blending process computed 5 hours after the first schedule. Sales ord./opp.
numbers are indicated: the bottom row for product 1 and the top row for product 2.
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5.5 Implementation issues

Although the formulation of the scheduling problem and its solution may ap-
pear straightforward, the actual implementation of the supply-chain-conscious
scheduler will be a lengthy and demanding process. There are two important
implementation aspects: information supply, and the actual decision making.
These aspects are discussed next. The section will be concluded by a short
discussion on the closed loop properties of the interconnection of the internal
supply chain and the scheduler.

Information supply

For the scheduler to play its role in the horizontal integration the information
supply is required to be frequent, as accurate as possible and complete. For
example, if the plant is expected to go through a phase of reduced productivity
because of maintenance or a technical problem, the production database should
be modified accordingly. Also, sales and purchase managers should provide the
scheduler with an unbiased and complete representation of the expected market
situation to eventually enable the scheduler to compute which transactions are
most favorable instead of making up their own minds lightly. Preferably the in-
formation supply should proceed via existing communication systems and using
existing databases. This avoids the time-consuming and costly installation of
new information technology and will probably contribute to the acceptance of
the new decision support system.

Decision making

Production, sales and purchase management will take action (hopefully) on the
basis of the feedback from the scheduler.

With respect to the production management we first would like to stress that
there is no theoretical need for the production managers (operators) to be part
of the process operations hierarchy when it comes to the decision making part:
the proposed decomposition into a scheduling layer and a process control layer
is consistent and could, if sufficient guarantee of the quality of the scheduler’s
solution were obtained by means of some heuristic add-on, lead to a situation
with fully automated operation. The scheduler then can be interpreted as a
‘internal supply chain controller’, few more thoughts regarding this potential
role of the scheduler will be given in the final part of this section. Still, we
cannot foresee how the end-responsibility for safe and reliable operation can be
borne by an automated decision making system alone and we therefore promote
the presence of operators. The main tasks of the operator will, apart from plant
monitoring and information supply to the scheduler, be to take notice of the
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computed schedules and decide whether or not to dictate the production tasks
to the process control and optimization system. There may be good reasons for
deviating from the computed schedule in which case they are allowed to do so,
of course not without notifying the scheduler on the modifications so that a new
schedule can be computed accordingly. A very important implementation aspect
is the institution of a so-called frozen zome. A frozen zone is a time zone from
the current into the near future for which planned production actions are not
allowed to change. Of course, the institution of frozen zones limits the flexibility
of the scheduler and will hence lead to suboptimal behavior. Nevertheless, it
prevents unexpected and jumpy behavior of the planned production actions
and it may hence increase the acceptability of the computed schedules and the
scheduler itself.

Purchasing and sales management will use the feedback from the sched-
uler as background information in their negotiation with customers on orders
and contracts. Also, they can use the scheduler to check the sensitivity of the
company-wide objective with respect to changes in the order and opportunity
attributes, such as prices, quantities, validity time spans. Of course such a use
of the scheduler requires that the computations are reasonably fast which may
lead in practice to the necessity of including heuristics in the solution process,
especially for large-scale problems.

The scheduler as an ‘internal supply chain’-controller

Although the presence of process operators and purchasing and sales managers
in the actual decision making is in our view imperitave, it is an interesting line of
reasoning to suppose for a moment that the scheduler executes full control over
the purchasing and production actions and to analyze the interconnection of the
internal supply chain and the scheduler in its characteristics as a control system.
Such an analysis may provide understanding of the elementary feedforward and
feedback mechanisms that may occur in the internal supply chain and it clearly
exposes the role of disturbances therein.

To this end, consider the control scheme in Figure 5.5. This control scheme
is an abstract representation of the physically structured decision scheme pre-
sented in Figure 4.6 where all human decision makers are left out. The dynamics
of the internal supply chain are given by the difference equations that represent
the evolution of storage levels and the added value, respectively (5.28,5.29) and
(5.32) and by a delay that keeps track of the grade in the previous production
interval (observe that the computation of end product production and raw ma-
terial consumption is based on the transition variables which depend on the
current and the previous grade variable.).

The scheduler has at its disposal the following controls: Purchasing actions
(P), production actions (G), and sales actions (S). The states of the internal
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Figure 5.7: The scheduler as an ‘internal supply-chain controller’.

supply chain are the storage levels (RS, ES), the accumulated added value (V)
and the production grade (G). The scheduler determines the optimal controls
for a given order and opportunity database which is provided externally.

External factors disturb the operation of the internal supply chain. We
distinguish disturbances in the purchasing strategy (dp), disturbances in pro-
duction (dg) and disturbances in the sales strategy (dg). Disturbances in the
purchasing and sales strategies (e.g. delayed or canceled deliveries) are often
known in advance and can hence be forwarded to the scheduler. The effect of
disturbances in the production probably is observed before the end of a certain
production interval, hence an estimation can be forwarded to the scheduler as
well. Measured outputs are the storage levels which are fed back to the sched-
uler. The control task is to compute the controls in such a fashion that the
predicted added value is maximized subject to constraints on the storage levels
and given the states of the internal supply chain and a certain realization of the
order/opportunity databases. The scheduler performs this task in a determin-
istic, receding finite horizon fashion. The actual closed loop performance is the
result of the interplay of the scheduler’s actions and the disturbances and will
depend on several design factors such as the horizon length.

In most control systems, stability of the closed loop behavior is essential. Be-
cause intentional dynamic and thus non-stationary behavior is aimed for and
storage levels are physically constrained, stability does not seem to be a very
relevant notion here. An issue that is clearly more essential is the feasibility
of the operation. Disturbances as outlined above may incur infeasibility of the
operation. In Section C.1 it is outlined how infeasibility of the MILP can be re-
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paired by relaxation of the orders so as to end up with schedules that are feasible
with respect to a modified order database. This does not work for the controls
that are actually implemented in each cycle. To avoid unexpected infeasibility
of the operation it is thus foremost essential to investigate the one-step-ahead
feasibility of the controls. Fortunately, this is almost handled through the way
in which we model the storage mass balances. Observe from (5.28) and (5.29)
that the sales transactions are subtracted from the end product storage levels
at the beginning of the production interval and that purchase transactions are
added at the end. So even if the purchased material arrives too late, production
can proceed according to plan. Also, if the produced end product levels fall
short, sales orders can be delivered anyway. Of course, at the next cycle the
effect of these disturbances will be visible and a relaxation of the MILP may be
necessary.

Our analysis of the control system that results by viewing the scheduler as
an internal supply chain controller is qualitative only and rather intuitive. A
quantitative assessment of the performance of the internal supply chain control
system is an interesting research topic.

5.6 Contributions of this chapter

This chapter presents a mathematical formulation of a production scheduling
problem for continuous multi-grade chemical processes.

An extensive description of how the plant’s behavior can be characterized
using production tasks is given. The proposed characterization in finite-interval
stationary tasks and transition tasks seems adequate for a large class of multi-
grade (or multi-feedstock) processes. Production attributes for these tasks can
be derived via model-based static, respectively dynamic optimization. A general
mathematical formulation of the economic grade change problem is given for
which dedicated optimization strategies will be presented in Chapter 7.

The mathematical formulation of the scheduling problem utilizes the well-
known UDM framework to divide the look ahead of the scheduler in a finite
series of time intervals with the same duration. At each interval production,
purchasing and sales decisions can take place. Inventory of raw material and
end products is modeled by formulating the associated mass balances. A new
aspect in this problem formulation is the way the transitions and the associated
material flows are modeled. Another contribution is the characterization of the
market using orders and opportunities as discussed in Chapter 3. Mathematical
modeling of the scheduling problem yields a MILP which can be solved using
preferably BB algorithms.



Chapter 6

Economic optimization and
control

Chapter 4 motivated and defined a hierarchical decomposition of the plant op-
erations problem in a task scheduling problem and a process control problem.
In this chapter, the definition of the latter will be given as well as several ap-
proaches towards solving it. First, the ingredients of the control problem shall
be outlined (6.2). Neat, different approaches to this problem shall be discussed
mainly conceptually. Three operating scenarios shall be discussed for which dif-
ferent control strategies are defined. The first two scenarios are chosen so as to
highlight different aspects of the plant optimization problem. To this end the first
scenario (6.4) ignores the presence of persistent disturbances whereas the sec-
ond scenario (6.5) considers quasi-static production only. The second scenario
resembles the configuration for which current RTPO strategies were developed.
A comparison of our approach with the current RTPO solutions shall be given.
The third scenario represents the most realistic case with grade changes and the
presence of persistent as well as fast disturbances (6.6). All proposed methods
are illustrated by means of application on case II, the simulation of a binary
distillation column.

6.1 Introduction

In the previous chapter we showed how a chemical plant can be seen and ex-
ploited as being a flexible link in the supply chain of which the operation can be
scheduled optimally with respect to the market situation. A main prerequisite
for this flexible scheduling is that the plants operates in a predictable fashion,
both in stationary operation and during transitions. At present this is often not
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the case: transitions are often operator-controlled and there is a large spread
in transition times, even when the same transition is implemented at different
instances. Existing advanced Process Control and Real Time Optimization so-
lutions could be used to improve the situation, however as already indicated
in Chapter 1, these solutions were developed for the (stationary) optimization
of mainly refinery processes and are not suited for optimization and control
of nonlinear processes with large transitions. A new, integrated optimization
and control strategy which is in line with the intentional dynamics approach
to plant operation shall be described in this chapter. The approach combines
aspects from existing NMPC schemes and model-based dynamic-economic op-
timization. The latter can be regarded an indispensable ingredient in any large
scale nonlinear process control strategy (either off-line or in the famous reced-
ing horizon implementation) and in fact a major part of our work on advanced
process control and optimization is dedicated to the problem-specific definition
and solution of dynamic optimization problems. The great potential of dynamic
optimization in transition control for a HDPE reactor shall be demonstrated in
Chapter 8.

6.2 Problem formulation

A consequence of the decomposition of the plant operation problem into a
scheduling problem and a control problem is that the determined schedule acts
as a constraint on the solution of the control problem. Hence, the actual con-
trolled behavior of the plant must satisfy the requirements on production, and
product quality that are put by the schedule. This is the first essential aspect
of the plant control problem that we will discuss (Section 6.2.1).

In the previous chapter it was further argued that sufficient amount of conser-
vatism should be included in the computation of production schedules to avoid
infeasibility of the schedules and the bad consequences thereof (in particular
customer dissatisfaction). This means that the operating constraints imposed
by the scheduler will often be not very stringent and will leave room for economic
optimization of the process operation. Several economic goals may be aimed for:
cost minimization, production maximization, or combinations thereof (Section
6.2.2).

Of course, economic optimization of the operation is only meaningful if more
elementary requirements with respect to the process operation such as safety and
stability are met. Various ways to include these aspects in the control strategy
shall be mentioned (Section 6.2.3). Finally, the role of process disturbances shall
be outlined (Section 6.2.4).
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6.2.1 Scheduling constraints

An important factor in the definition of the process control and optimization
problem is the implementation of the scheduling solution as a constraint. The
success of the hierarchical decomposition proposed in the previous chapters de-
pends to a large extent on the feasibility of the interconnection between the
scheduler and the process control system. The necessity of a clear and un-
ambiguous definition of the coupling was observed by [49] who introduced the
notion “coordination port” to describe the interconnection of the scheduling
layer and the APC layer. No specific definition of the coordination port was
proposed, instead it was suggested that a variety of possible interconnections
exists.

One choice of the coordination port leads us to impose the selected sales
and purchasing transactions as well as minimum and maximum storage levels
as constraints on the process control problem. This leaves a maximum amount
of freedom for the process control system to optimize the plant behavior, while
guaranteeing the feasibility of in-time product deliveries. A drawback of this
choice is that the process control system should largely recompute the optimal
production schedule, which would take us back to the practically impossible
optimal control solution of Section 4.4.1. Another choice of the coordination
port is to impose the operating conditions that result from connecting the opti-
mal quasi-static production tasks to the optimal transition tasks as constraints
or setpoints on the control system. This makes the process control problem
relatively easy, namely that of tracking prespecified trajectories. However, this
approach leaves no freedom for economic re-optimization of the steady states
and the transitions in case of persistent disturbances, which may lead to severe
sub-optimality.

As a compromise between these choices, we propose that minimum pro-
duction as well as maximum raw material consumption levels be im-
posed as constraints at discrete time instances |*. By this choice of the
interconnection the sequence of grades as well as bounds on the production lev-
els are forced onto the process control system while leaving the control system
sufficient amount of freedom in determining the actual controls. The general
enforcement of the scheduling constraints for the k-th production interval can
be stated mathematically as follows.

th4r
/ Yo(z)dt > Y NN gy e, (6.1)
t g h m

k

thr
=g,h,m yh,m
/tk Cr(z)dt <D N %: Ty eghm, (6.2)

g h

where T,f omare the optimal transition variables and t* denotes the start of
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the k — th production interval. The reader should note that this specific choice
of enforcing the scheduling constraint is by no means the “best” in general.
Specific cases may require a different approach, for example for computational
reasons.

6.2.2 Economic optimization

Economic optimization was mentioned earlier in relation to the task selection
for the scheduling problem formulation (5.2). It was discussed that the effect
of different market situations on the desired operation of the plant should be
reflected in the process database. Further, we proposed that this can be realized
by computing the optimal operating conditions/transitions for a few distinct
and preferably extreme cases. In case of high-fidelity models and in the absence
of disturbances, these off-line determined operating conditions will be rather
adequate for on-line use as well. However, in the presence of disturbances and
in case the market conditions deviate from the predicted values, large benefits
can be gained from on-line optimization.

It is a fundamental question whether the optimization of an economic objec-
tive alone can yield satisfactory process behavior. We believe that the theoretical
answer to the previous question is yes, and the corresponding approach consists
of translating all aspects of the plant behavior (amongst which safety, stability
and reliability, the primary goals underlying the current process control systems)
into economics. This approach is extremely rigorous and probably practically
infeasible in most cases. A more practical formulation of the previous question
is hence: “what aspects of the process behavior need to be incorporated in the
economic objective in order to guarantee satisfactory behavior?”. This question
is not necessarily easier to answer, however we may get a feel for the answer
by elaborating on it a bit further. The first part of the answer consists of a
thorough investigation of all the financial aspects of the operation of the plant.
For example, we need to consider the plant’s life span, production times, main-
tenance costs, costs of repairs and replacements and so on. The second part of
the answer forces us to investigate and model quantitatively the most significant
dependencies of these costs and revenues on the process variables. For example,
the utilization of a valve needs to be translated into the expected time and costs
of inspection, repair or replacement.

It is clear that a lot of stochastic factors are involved in such a modeling
exercise, which makes the definition of the objective and hence the correspond-
ing decision making problem extremely difficult. Our pragmatic approach to
circumvent these problems is to ignore all economic aspects that cannot
directly be related to material or utility flows in the definition of the
economic objective |*. Their impact on the long-term economics is cap-
tured by translating them into more manageable control-type objectives and
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constraints which have no direct economical interpretation. Although this ap-
proach leaves us with some pragmatic choices to be made in the definition of
the eventual control problem and in the evaluation of the performance, we deem
it the most practical and we will hence adopt it in our research. Possible ways
to enforce the control requirements shall be treated next.

6.2.3 Control requirements

The primary control requirements are safety, reliability and stability of the
process. Safety leads to the introduction of bounds on critical process variables
such as temperatures and pressures which should not be exceeded. Reliability is
a somewhat more vague notion and it is one amongst many other requirements
that cannot so easily be translated in a set of constraints or objectives.

Fortunately, in most practical applications plant safety is (from the control
perspective) primarily handled by the basic control layer and the associated
safety system. The basic control system has several attractive features, the most
important one being its simplicity. It is because of this limited complexity that
the implementation of the basic control system can be made very robust. Critical
functions can be implemented redundantly at limited cost and safety and failure
analysis can be done relatively easy. Mainly for these reasons we promote and
will assume in the remainder of this thesis the availability of a basic
control layer |*.

Despite the presence of a basic control system, additional control require-
ments, for example ‘smooth’ behavior of the controls, may exist in relation to
the advanced control implementation. Instead of giving a complete overview of
actual control requirements we will outline briefly how these can be incorporated
in an optimization setting. We distinguish three different implementations of
the control requirements

Minimization of a control objective. This is the most straightforward way
of enforcing certain control requirements. A typical control objective is
the weighted 2-norm, for example used in Linear Quadratic Control or
MPC. Quadratic weights are utterly suitable to enforce variance condi-
tions, with an obvious application in quality control. In combination with
the economic objective the institution of a control objective function leads
to a multi- or mixed-objective optimization problem.

Process constraints. Some control requirements may be enforced through the
introduction of additional constraints, for example the limitation of the
rate of change of certain process variables.

Parametrization of controls !. It may seem less obvious how we can enforce

IMathematically, control parametrization can also be included in the category of process
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control requirements through a parametrization of the controls. However,
note that the parametrization of the controls limits the set of possible con-
trol signals; choosing the right parametrization obviously makes it possible
to exclude undesirable input patterns.

In the remainder, we will assume that the control requirements are incorporated
via either one of the mechanisms described above.

6.2.4 Disturbances and plant parameter variations

The operation of most processing plants is subject to external disturbances.
Examples of such are ambient temperature, pressure variations in feed and pro-
duction pipes, variations in feed and utility quality. Mechanisms happening
internal to the process can also be interpreted as having a disturbing effect on
the process operation. Examples are heat exchanger fouling and catalyst de-
activation. Modern control theory distinguishes sharply between disturbances
and parameter variation (or parametric uncertainty), consider for example the
generalized plant framework for linear models with uncertainty or linear pa-
rameter varying (LPV) systems [97]. In relation to process control systems this
distinction seems somewhat artificial. Parameter variations can be modeled as
disturbances and vice versa, depending primarily on the level of detail in the
process description. Consider for example fouling of a heat exchanger. A pop-
ular approach to account for this is to consider the UA-factor (the product of
the heat transfer coefficient and the heat-passing surface) to be an unmeasur-
able, time-varying parameter. Alternatively, we can assume that an external
disturbance acts on the UA-factor. Even a third option exists: to model the
fouling mechanistically. To avoid confusion, we will in the remainder make no
distinction between parameter changes and disturbances. Whenever we speak
of disturbances the reader may just as well interpret those as being parameter
changes.

A more relevant distinction is between measurable versus unmeasurable dis-
turbances. The characteristics of measurable disturbances can be derived di-
rectly from the measurements. The presence of unmeasured disturbances needs
to be estimated on the basis of measurements of the process variables. We stress
that for both types of disturbances the characterization by means of disturbance
models is imperative: good controllers are distinguished from poor ones by their
quality to anticipate on future changes; whether or not this can be done succes-
fully depends amongst others on the possibility to predict the behavior of the
disturbances. One may doubt the meaningfulness of disturbance modeling, es-
pecially for stochastic disturbances but then note that even the determination of
a mean and a covariance can be a valuable characterization of the disturbance.

constraints.
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Another distinction is between fast, stochastic disturbances and slow per-
sistent disturbances. The first type of disturbance will cause mainly fast fluc-
tuations of the process variables with no direct economical interpretation, the
latter will have a persistent effect on mass and energy flows and thus directly
on the added value. Both types of disturbances are looked upon from different
angles when it comes to the development of control strategies as will become
clear from the next section.

6.3 Exploration of possible approaches

Summarizing the previous section, the ingredients of the process control and
optimization setting under consideration are the following: large scale systems,
nonlinear dynamics, economic performance objectives, operating constraints,
disturbances. At present, there is no ‘systems and control’ theory for dealing
with all these aspects simultaneously. For smaller scale nonlinear control prob-
lems the stabilization has been studied extensively, leading to several construc-
tive nonlinear control strategies such as feedback linearization, and passivity
designs, see e.g. [75]. However, for these methods performance analysis and
synthesis is often lacking, as are disturbance and constraint handling. Amongst
the approaches that enable to take constraints into account, MPC strategies (or
receding horizon control strategies in general) outnumber alternative approaches
by far. Although we know of no systematic approach to analyzing the closed
loop performance of MPC systems in the presence of disturbances, the concept
of receding horizon control has many nice, intuitive properties which make it
well suitable as a basic framework for the control strategies that we will develop.
The next sections will discuss control and optimization approaches for different
disturbance scenarios. The discussion is inspired by the conceptual contribution
to the design of process optimization strategies by [31].

6.3.1 Disturbance-free case

If there weren’t any disturbances nor uncertainty in the market prices and if
the plant model were to be perfect, then an open loop control would suffice.
A good candidate for this open loop control could be determined by solving a
finite horizon optimal control problem with an economic objective (5.15) and
subject to the process dynamics (5.1,5.3) the process constraints (5.4) and the
scheduling constraints (6.1) and (6.2).

For large DAE’s this optimal control problem is very hard to solve, let alone
solve it sufficiently fast. An approximation of the problem can be obtained by
splitting up the horizon in quasi-static tasks and transition tasks and optimiz-
ing the individual tasks successively. Observe that the very same decomposition
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is used in the parametrization of the plant behavior for the scheduling formu-
lation. The solution of this approximate problem proceeds in several steps.
First, the optimal steady state operating conditions in all quasi-static produc-
tion time spans are computed using (5.9) and subject to the additional con-
straints (6.1,6.2). The resulting static operating conditions are denoted the
nomanal static conditions.

Next, we solve a sequence of nominal transition optimization problems (5.10).
The corresponding input and state trajectories are denoted the nominal tran-
sition trajectories. Strategies for solving these specific dynamic optimization
problems are treated in Chapter 7. The resulting sub-optimal control strategy
is obtained by adjoining the optimal controls in all time spans and is denoted u’®
in the remainder. The corresponding state trajectory is denoted x* remainder.

6.3.2 Dealing with disturbances and parameter variations

Two classes of disturbances were identified: fast, stochastic disturbances and
slow drift-like disturbances. Any practical operating strategy must be able to
deal with both types of disturbances. The most elementary way of dealing
with disturbances is through feedback. Feedback can reduce the sensitivity of
essential process variables with respect to disturbances. The traditional control
problem seeks to eliminate the effect of disturbances, however this is not the
appropriate view on disturbances from the perspective of process optimization.
Note that even if we can suppress the effect of a disturbance on a certain process
variable, this can be done only by tolerating a deviation on one or more other
process variables (in most cases the manipulated variables). The challenge is to
allocate the effect of disturbances such that the overall economic performance
is less affected. This motivates the use of real-time economic optimization as a
basic feedback strategy.

In linear systems and control theory the common approach to taking into ac-
count the effect of disturbances and parameter variations is by modeling them.
A generic modeling framework for linear plants with parameter uncertainty and
disturbances is the standard plant configuration [97] which allows for external
influences, performance channels and model uncertainty to be described in a
systematic manner. The standard plant configuration may just as well be used
as a modeling framework for nonlinear plants, the main difference being that a
systematic analysis of system properties and synthesis of optimal controllers is
lacking for the nonlinear case. In fact, even the nominal stability and perfor-
mance analysis is not straightforward. This makes dealing with disturbances in
our setting very awkward and motivates us to resort to pragmatic solutions.

The pragmatic solution that we propose is based on [41] and builds
on the following elements : |*
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e a linear modeling framework for disturbances and parameter
variations,

e on-line, ‘nonlinear model’-based estimation of unmeasured dis-
turbances and parameters,

e a deterministic ‘nonlinear model’-based receding horizon control
strategy.

Observe that the approach relies on an unjustly supposed separation princi-
ple for nonlinear systems. “Unjustly” because no equivalent of the well-known
separation principle for linear systems exists for nonlinear systems. Neverthe-
less, we think it is justifiable and even recommendable to develop nonlinear
process control strategies based on insights from linear systems and control
theory.

The receding horizon control strategy consists of the repeated solution of
an open loop optimal control strategy. Only the first moves are implemented
after which the computations are repeated. The computations should be done
reasonably fast to enable to control even the fast dynamics. This makes the
suboptimal open loop control solution outlined in the beginning of this section no
candidate for receding horizon implementation. Approximations to this ultimate
optimization strategy need to be made, depending on the requirements that
specific disturbance scenarios entail. We distinguish three special cases which we
believe capture many situations that arise in practice. The following description
concerns mainly the structural concepts, the mathematical formulations will
follow in subsequent sections.

Scenario 1: Only fast disturbances

The first special scenario that we consider is the scenario where there are no per-
sistent disturbances and only fast, zero-mean, well-damped disturbances. For
this class of disturbances, the states of the disturbance models will converge to
zero fast. As a consequence, would we implement the nominal optimization in a
receding horizon fashion, then successive solutions are expected to lay very close
to the nominal optimal controls for large prediction times. In other words, no
significant persistent effect of the disturbances on the longer term optimal con-
trol solution is expected. An appropriate approximation of the receding horizon
optimal control solution may hence be achieved through a re-optimization of
only the leading part of the nominal control trajectories while retaining the tail
of the nominal optimal control. The approximate control problem remains one
of optimizing the behavior of the plant only over a short horizon with obvious
computational advantages. In the remainder the approximate control problem
shall be identified as the Short Horizon Optimal Problem (SHOP). For consis-
tency of the SHOP with the longer term objectives, the end-point of the SHOP
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Figure 6.1: The prediction of a fast disturbance on the basis of its state estimate (left)
and the modification of the open loop state trajectories through the corresponding solution
of the SHOP (right).

is forced to lay on or in the near vicinity of the nominal reference trajectories. If
the length of the horizon of the SHOP is chosen too short, obviously infeasibility
of this end-point constraint will result. The length of the horizon should hence
be chosen such that the end-point constraint is feasible or at least approximately
feasible.

This approach is presented schematically in Figure 6.1. In the left picture,
the prediction of a typical fast disturbance is plotted, based on the estimate of
the state (z%) of the corresponding disturbance model. In the right picture, the
dotted line indicates the nominal optimal state trajectory z*. The SHOP aims
to drive the state back to ™ at time t” with minimum costs. This approach
shall be further elaborated on in Section 6.4.

Scenario 2: fast disturbances and slow drifts, no grade changes

The next scenario we consider is a combination of fast, stochastic disturbances
and persistent disturbances for quasi static operation only, i.e. in the absence of
grade changes. The reason why this is an interesting scenario is that it represents
the application area of current Real-Time optimization strategies [1, 47, 4].

In the absence of grade changes and (significant) load changes the nominal
optimal operating conditions are given by the optimal solution of a steady state
economic optimization problem. Persistent disturbances, such as for example
heat exchanger fouling, catalyst deactivation or feedstock impurities will have
a significant effect on the optimal operating strategy. We propose that the
tail of the modified optimal strategy can be approximated sufficiently well by
steady state operation. The optimal steady state conditions are computed via
a Static Optimization Problem (SOP) based on an estimate of the steady state
effect of the persistent disturbances and/or parameter variations. This steady
state optimum is then used as an end-point condition for a SHOP. Observe
that the long-term effects of the persistent disturbances are handled by the
static re-optimization whereas the short term effects as well as the effects of
fast, stochastic disturbances are dealt with by a dynamic re-optimization. The
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Figure 6.2: The prediction of fast and slow disturbances on the basis of the state estimates
(left) and the modification of the open loop state trajectories through the corresponding
solution of the SOP and the SHOP (right).

proposed strategy is presented schematically in Figure 6.2. In the left picture,
the prediction of a fast (z¥) and a slow (29°) disturbance is plotted. The
corresponding effect of these on the computation of the ‘optimal’ strategy is
plotted in the right figure. This figure shows, with the dotted straight line, the
nominal optimum steady state value for x. The solid straight line shows the
new, static optimum which is computed from the SOP. The SHOP is defined
as to drive the state to the new steady state optimum at time ¢’ and with
minimum costs.

Comparison with traditional RTPO The proposed strategy has similari-
ties with the traditional steady state RTPO strategy, but there are some fun-
damental differences. First, in traditional RTPO the estimation of parameters
and persistent disturbances is done only after a steady state detection has been
successfully performed. In practice, true steady states hardly occur which of-
ten makes a relaxation of the steady state detection criteria necessary. In our
setting, the estimates of parameters and persistent disturbances are updated
continuously on the basis of a dynamic estimation problem. A second difference
is in the allocation of tasks to the steady state optimization and the dynamic
optimization. In the traditional approach, the RTPO delivers setpoints for the
dynamic optimization (MPC). Economics are only dealt with at the level of
RTPO, MPC has control-type of objectives, typically penalizing quadratic de-
viations of some outputs and inputs from their ‘ideal’ values. In our approach,
the static optimization is executed to compute the tail of the new open loop
controls. The dynamic optimization computes the leading part, using an eco-
nomic objective possibly extended by a control objective. Static optimization
and dynamic optimization can hence be seen to take care of different parts (in
time) of an underlying monolithic optimization problem.
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Scenario 3: Fast and persistent disturbances and grade changes

The last scenario we describe is the one that is most interesting in relation to the
supply-chain oriented operation that we foresee. It concerns the combination of
grade changes with persistent and fast disturbances.

The effect of the persistent disturbances on the optimal control profiles may
be significant and must hence be accounted for. We can still make use of the
static re-optimization to compute the tail of the new solution. The leading part
of the solution would then be computed via a dynamic optimization. However,
due to the presence of grade changes, this leading part can be very long making
the corresponding dynamic optimization problem computationally demanding.
The computational complexity of the dynamic optimization problem increases
even further due to the non-smoothness introduced by the grade transitions (see
Section 5.2.3). This motivates the decomposition of the dynamic optimization
problem into a SHOP and a Long Horizon Optimization Problem (LHOP). The
SOP and the LHOP are computed less frequently than the SHOP and take
the long-term effects of the persistent disturbances into account. The SHOP
uses a point on the LHOP profile as an end-point constraint and deals with the
fast disturbances. The proposed strategy is schematized in Figure 6.3. Like in
scenario 2, the SOP, LHOP and SHOP take care of different sections (in time)
of an underlying infinite horizon optimization problem. A consistent coupling
of these sections is achieved through the institution of end point constraints.

Slow dynamic disturbances. Another situation for which the very same
strategy can be used arises when we consider slow, predictable, persistent dy-
namic disturbances such as drifts or poorly damped periodic disturbances. If
modelable, then one would like to take the presence of these disturbances into
account in the dynamic optimization. This will generally lead to the necessity
of considering very long prediction horizons. A practical solution is the decom-
position of the dynamic optimization into a LHOP and a SHOP as described
above. Although the remainder of this thesis will not consider these types of dis-
turbances, it is worthwhile to keep in mind the more general applicability of the
real-time dynamic optimization method that will be presented in Section 6.6.

6.4 Scenario 1: off-line trajectory optimization

This section discusses the control configuration for scenario 1, i.e. the scenario
where only fast, zero mean disturbances occur. In this scenario, nominal ref-
erence steady state operating conditions and trajectories are provided through
off-line optimization. Disturbances are dealt with by a receding SHOP. This
control configuration is depicted in Figure 6.4.
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Figure 6.3: The prediction of fast and slow disturbances on the basis of the state estimates

(left) and the modification of the open loop state trajectories through the corresponding
solution of the SOP, the LHOP and the SOP (right).
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Figure 6.4: Control configuration for the scenario of grade changes with fast disturbances.
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6.4.1 Description of the control approach
Off-line optimization

The off-line static optimization problem for a particular grade g is obtained by
extending (5.9) by a set of constraints on the production levels in accordance
with the schedule. For simplicity, we leave out the possibility of having multiple
market scenarios.

plant description process constraints scheduling constraints
0= f(z,u,y) h(z) <0 7Ye(2) 2 TYZY
0=g(z,u,y) grade constraints 7Cr(2) <TCYY
z=Crx+Cuu gg(z) <0

min{—L(z)

T,u

Jy, z s.t.

(6.3)

where Y.(z) is given by (5.13). The optimal solution of (6.3) for grade g is
denoted (z9,u9).

The dynamic optimization problem for a grade change g — h is obtained
by extending (5.10) by the appropriate scheduling constraints. The horizon
length is chosen equal to the length of a production interval, i.e. 7 (in case only
single-interval transitions are considered, see Section 5.3.2).

plant init./end cond.
o ) p— = 79 = _h
min / Ld(z)dt Jx,y, 2, s.t. = f(@uy) 2(0) ==z ’x,(T) T
uwedd | Jo 0=g(z,u,y) path constraints
z2=Crz+Cyu h(z) <0 (6.4)
scheduling constraints
Jy Ye(z)dt > TYSP™ [T Cp(2)dt < TCEM™ [

where Ug is the set of trajectories over which the optimization is performed.
We will in the remainder limit ourselves to considering uniformly discretized,
piece wise constant signals|*. How this problem can be solved at reasonable
computation costs is shown in the next chapter. The optimal trajectories for
the grade change g — h are denoted (z9",@9"). The trajectories of the states,
the inputs and the performance variables describing the nominal behavior of
the plant over the entire set of production intervals is obtained by adjoining the
quasi-static trajectories and the transition trajectories in the correct order and
are denoted (z't, u®, z%).

Disturbance modeling

The SHOP is based on a process model that captures the effect of disturbances
on the plant. To this end, we extend the plant model (5.1,5.3) to include the
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effect of the disturbances:

T = ff(xvuayaxdf)a
0= g’ (z,u,y,2%). (6.5)

x% are the states of the fast disturbance model. The fast disturbances are
modeled in a linear dynamics stochastic framework:

i = AU By, (6.6)

where w(t) is a Gaussian random variable with covariance R™. All eigenvalues
of A% are in the left half of the complex plane.

SHOP formulation

The definition of the SHOP builds on the formulation of the economic grade
change optimization problem. Recall that the objective function used in the ref-
erence optimization problem (6.4) leads to a discontinuous optimization because
of the grade-dependent production flows. To avoid this in the SHOP it seems
reasonable to fix the grade variables GY9 (see (5.14)) to their nominal values,
denoted G9°® in the remainder. Note that this fixes the time instances at which
the predicted product quality switches from one grade to another. Although this
introduces some conservatism in the formulation (the nominal switching times
need not be the optimal ones in the presence of disturbances) a significant de-
crease of computational complexity is achieved. The corresponding SHOP at
time ¢’ is defined as follows:

SHOP-1
plant disturbances init./end cond.
n— ff daf Sdf AW df — 2(t
. s &= fl(z,u,y,z¥) v =AYz z(0) = z(t)
uHelZl/{r;{V (2)|32,y, 2 st 0= gf (z,u,y, J:df) path constraints l’(Hs) = ER(t”)

2= Cypx + Cyu h(z) <0 a¥(0) = 27 (t)

sched. constr.
“HS "z B
joH Ye(z)dt > j:/ Yo (2R)dt  g.(2) < €4, Vgs.t. GIE =1 }7
S " =
fOH Cr(z)dt S ftt/ C’!‘(ZR)dt YE(Z) = Zg GQ,RM;F(Z)
(6.7)

with H® the horizon length of the SHOP and with ¢/ = ¢/ + H®. V¥ is the
economic integral objective, possibly extended with control-type penalties. ¢,
is a small positive number, which we introduce to relax the grade quality con-
straints. #(') is an estimate of the process state, 24 (#') is an estimate of the
disturbance model state.
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In order to comply with the scheduling constraints, production and consump-
tion are required to be larger, respectively smaller than the levels computed for
the nominal reference trajectories.

Relaxation of the end-point constraint

The end-point constraint ensures the consistent coupling of the SHOP solu-
tion to the nominal reference trajectory. Nevertheless, it may be hard to sat-
isfy. First, due to the common presence of input saturations and an often low-
dimensional parametrization of the controls, the end-point constraint need not
be feasible. The finite-horizon controllability of constrained, nonlinear systems
can only be assessed after enormous computations, for example by gridding the
initial and end-point state space and a solution of a (non-convex!) feasibility
problem for each grid-point.

Unfortunately, even if the end-point constraint is feasible in theory, many
iterations may be required to satisfy it within the desired tolerance. Several
solutions have been proposed for dealing with this problem in relation to the
synthesis of stabilizing NMPC laws. The prevailing ideas are summarized in
[62]. Tt must be noted however that most of the research in this field considers
the regulatory control problem with quadratic weights on inputs and outputs
only.

One suggestion [58] is to substitute the end point constraint by an inequality
constraint. The inequality constraint enforces that the state is driven into a
neighborhood of the origin where the nonlinear system is stabilized by a linear
control law. The scheme is referred to as a “dual-mode” control scheme because
the controller switches from an open loop control to a linear feedback law.
Though theoretically nice, this approach is of no use in our setting. First, the
end point that we would like to enforce is no equilibrium in general, so that
the computation of a stabilizing linear control law and an associated region of
attraction is not possible. Further, the presence of disturbances makes it very
unlikely that the states will actually end up into the specified neighborhood of
the origin. Finally, because this dual-mode scheme suggests that from a certain
time on the plant is controlled using a linear control law, performance losses
will be significant.

Other approaches consist of an extension of the objective function by a
terminal penalty on the final state in combination with an end point inequality
constraint, see e.g. [15]. The main idea is to choose the penalty term so as to
enforce monotonicity of the objective function after which, for nominal stability,
it suffices to show that the objective function is a Lyapunov function for the
system. Although the resulting stability proof appears of academic interest only
(only the nominal case is considered, the presence of disturbances and plant-
model mismatch as well as incomplete information on the states are ignored),
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the idea of substituting the end point equality constraint by a terminal penalty
is attractive for various reasons.

First, the institution of a terminal penalty enables to enforce the end point
equality constraint in a manner that is computationally appealing. Observe the
similarity with penalty methods for equality-constrained nonlinear optimization
(we refer to Section F.2 of the Appendix for a brief introduction). Second, in-
feasibility of the end-point constraint will not imply infeasibility of the SHOP,
so that costly computation time will not be wasted on an infeasible optimiza-
tion problem (observe that infeasibility cannot be concluded in advance). The
penalty term will make sure that the final state will at least be in the vicinity
of the desired end point.

Linear approximation

Although the optimization problem (6.7) is a reduced-complexity approximation
of the off-line reference optimization it may still be too involved to solve it suffi-
ciently fast for real-time implementation (computation time should generally not
exceed several minutes). A significant further reduction of the computational
complexity can be achieved if the optimization is done subject to linearized dy-
namics. Along the nominal trajectory, a linear description of the dynamics may
be sufficiently accurate for the computation of the controls. Of course, this ap-
proach is justified only if the solutions of the receding horizon problems remain
close to the nominal trajectory. However, note that this will indeed be the case
if we assume the mean value of the disturbance to be zero. A straightforward
implementation of the linearization approach leads to the substitution of the
nonlinear dynamics in (6.7) by

=z + Az,
u ="+ Au, (6.8)
Ag = A(t)Az + B(t)Au,

where A(t) and B(t) are computed as follows

_af af[ag] ' ag
a0 = G5 la] o (69)
_9f Of[ag] " ag

All Jacobians at time t are evaluated in (zf(t),uf'(t),y%(¢)). If the objective
function is approximated using e.g. the trapezoid rule and the constraints are
evaluated only at discrete samples, then it suffices to discretize the linearized
dynamics to end up with a parametric optimization problem. The discrete
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Linear Time Varying (LTV) dynamics are given by

u; =l 4 Aug, (6.11)
A$i+1 = q)zsz + FZA’U,Z,

where ®; is the state transition matrix and I'; is the input-to-state matrix.
Several ways of computing ®; and I'; shall be treated in Section E.4 of the
appendix in which implementation details are discussed. If V°(z) is chosen to
be the economic objective and the F(z) is linear, then the resulting linearized
and discretized optimization problem reduces to a Linear Programme (LP). In
case of an extension with a quadratic control-type of objective a Quadratic
Programme (QP) results. LP’s and ((semi-) positive definite) QP’s are easily
solved using proven and robust convex programming algorithms [60].

Regularization To analyze consistency of the SHOP solutions with the off-
line trajectories in the nominal case, we consider the solution of the SHOP at
a time ¢’ in the k-th production interval such that t* < t/, and t" < t* 4 7.
Let the k-th production interval contain a grade transition. Further, we as-
sume that the SHOP and the off-line trajectory are solved using the same
parametrization of the controls and that z(0) = z%(¢'). Then by the prin-
ciple of optimality, the solution of the SHOP (6.7) should coincide with the
corresponding section of the solution of the off-line optimization problem (6.4),
ie. athor(t) = af(t' +1t), t = [0, H®]. However, consistency of the solutions
may be lost due to linearization. To analyze this, we have to check whether the
optimality conditions for the nonlinear model-based SHOP coincide with those
for the linear-model based SHOP, for the minimizing argument of problem (6.7).
For compactness of notation, we study the scalar case. We further omit the path
constraints from the consideration.

Let the original optimization problem be represented by the minimization
of a function V,(u) = V(z(u)) with V(2) = Iz + ¢2? a linear quadratic cost
function with ¢ > 0. We assume the existence of a local minimizer @ for the
nominal problem. The corresponding optimal performance variable is denoted
zR. In order for (@%,z%) to be a local minimizer we know that the following
first and second order optimality conditions should hold

dV, dV dz dz
C= = (1+2¢2 = =0 12
du dz du (I + 29 )du 0; (6.12)
2V, A2V [(dz\? dV &%z dz\? d2z
A iad - - = = I+ 2q)— 1
du?  dz? <du> dz dz? (du) +(+2q) dZ = 0 (6.13)

where all Jacobians are derived in (@ft, 21). With the linearized dynamics given
by £(u) = ZR—&—%Au, the objective function for the linearized-dynamics problem
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becomes:

Va(u) = V(2(u) = 1(ZF + ;l—zAu) +q(z% + j—zAu)Q, (6.14)

The first order optimality conditions of the approximate problem obviously coin-
cide with those of the original problem. However, the Hessian of the linearized-

dynamics problem is different:
d?V, dz\”

The term that relates to the second order derivative of the dynamics is missing.
If ¢ is zero, the Hessian of the linearized dynamics case will be zero so that @ is
not a unique minimizer of the approximation of the nominal problem. Instead,
multiple solutions exist (in this case even infinitely many).

To circumvent this, we propose to regularize the approximate optimization
problem. The regularization implies the addition of an extra term to the objec-
tive function of the approximate problem that forces the solution to be equal
to the solution of the off-line nonlinear-dynamics problem in the nominal case.
An obvious candidate for this regularization term is (z — )T Qg(z — z*) with

Qr > 0, since its contribution vanishes in the optimum 2.

Another reason why regularization is often applied to optimization problems
is robustness. Note that the inclusion of a quadratic weighting on the deviation
from the nominally optimal trajectories forces the SHOP solutions to be close
to the nominal trajectories. This excludes large excursions of the input and
state trajectories from the solution set which seems adequate since the linear
dynamics description will only be valid in the neighborhood of the trajectories
along which it has been derived.

Handling infeasibilities

The SHOP problem includes a set of path constraints that correspond to the dif-
ferent grade regions that are traversed. In the presence of process disturbances,
these path constraints are likely to become infeasible, especially for small values
of ¢4. A typical way of dealing with infeasibility is constraint relaxation. In case
the SHOP returns no answer due to infeasibility, one or more grade constraints
are relaxed to ensure that a feasible solution is obtained. A suitable relaxation
scheme may be to start to relax the constraints at those instances that are clos-
est to the current time. The relaxation comprises the modification of the grade
constraint as follows
9g(2) < €g+r, T>0.

The objective is extended to include a penalty on the relaxation parameter:
VS + a,r for a suitable weighting ..
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State estimation

The presented strategy assumes that the process states as well as the states of
the disturbance model are estimated on-line. Several techniques exist for the
estimation of states in nonlinear process models. The most popular approach is
the application of an Extended Kalman Filter (EKF) (for an excellent descrip-
tion see [43]). Another well known approach is receding horizon estimation, see
e.g. [73, 69, 83]. Although the design of state estimators has been studied rather
intensively in relation to this research, see e.g. [86], we choose not discuss the
issue of state estimation in detail in this thesis. In our examples we will make
use of hand-tuned EKF’s without further mention. It should be noted however
that in practical application of the control technology described in this chapter
the design and implementation of a state estimator will typically be the first,
very difficult task. A task which will succeed only if a model of reasonable
accuracy is available.

6.4.2 Application to case II: binary distillation

As an example of the implementation of the strategy presented in this section
we consider the control and optimization of a binary distillation column. The
column is represented schematically in Figure 6.5. The feed, containing two
different components enters at the middle tray. The lighter component will ac-
cumulate in the top of the column whereas the heavier component will tend
towards the bottom. The vapor flow leaving the column from the top is con-
densed and partially fed back into the column. Part of the liquid flow leaving
the column from the bottom is vaporized in the reboiler and fed back into the
column.

Model
The modeling assumptions are the following
e constant molar holdup,
e theoretical plates,
e constant relative volatility,
e heat balance can be ignored, and

e perfect control of level in reboiler and reflux drum.

We consider a total number of 20 trays with the feed entering the 10" tray.
Then, under the above-mentioned assumptions we can write down the following
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1 (ch) top purity
2 (Cad) bottom impurity
3 (D) distillate flow
4 (W) bottom outflow
5 (Ry) reflux ratio
6 (J' boil-up rate I
inputs
1 (Ry) reflux ratio
2 (J’ boil-up rate
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Figure 6.5: Schematic process flow sheet of the binary distillation column.
component balances [36].
i—1 7 41 7 -
dei I =)+ J(0T =), i=2,...,9,
OE: It — I'd + J'vitt — Jvt + K(cx + %1, i =10,
It =)+ J (vt =), i=11,...,19,
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where the mole fractions of component 1 in the liquid and the vapor phase are
given by respectively ¢ and v. The liquid and vapor flow above and below the
feed tray are given by respectively (I, J) and (I’,J’). K is the feed flow and ck
the feed flow composition. O is the molar holdup at the trays. The liquid and

vapor flows above and below the feed tray are related as follows
I' =1+ kK,
J'=J-(1-qg)K.

The component balance for the reflux drum is modeled as follows

d 1
Odd—ct — Ju® — (I + D),

where the distillate flow and the reflux flow are given by respectively

1 R,
D=—J I= J.
R-+1" R, +17
with R, the reflux ratio. The reboiler component balance is given by

20
OrZE_ — 1119 — J'p20 — W2,
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parameter | description value

ay relative volatility 1.89

qK feed condition 1

Ogq Holdup in reflux drum | 200 Kmol
Or Holdup in reboiler 400 Kmol
O Holdup on plates 50 Kmol

Table 6.1: Process parameters for the binary distillation column.

where W is the bottom product flow given by
w=I-J.
At each tray the vapor-liquid equilibrium is computed as follows

o, C'

T 1+ (- D

Ui

The feed composition disturbance is assumed to be generated by the following
dynamic disturbance model

it = 1029t 4wt

The measurement noise disturbances are given by z#? = w¥? i =2, ..., 5.
The measured outputs are modeled as follows

gl = b g2,

Y2 = (20 g3,

ym,?) - D +wdf’47

ym,4 =W + wdf,5.
w1l w5 are random sequences with covariances equal to respectively {0.5,
107%, 1074, 107%, 10~*}. The parameters used in the simulations are given
in Table 6.1. We assume that three different grades for the top product are
specified and two different grades for the bottom product. The specifications
on respectively the purity of the top product and the impurity of the bottom
product are given in Table 6.2. We can distinguish a total of 6 production
grades. The different production grades for the column are given in Table 6.3.

The operation of the column is subject to process constraints. The constraints
we used in this study are given in Table 6.4

Problem formulation

We consider the operation of the distillation column during the transition from
grade 3 to grade 5 (see Table 6.3).The operation of the plant is scheduled in



top product bottom product
T T B B
e | @f xy, e | xf xy,
1| 0.00 | 098 | 4 | 0.00 | 0.05
21098 099 | 5| 0.05| 1.00
31099 | 100 |- |- -
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Table 6.2: Grade specifications for top and bottom product in binary distillation column.

constraints (gq(z))

0.00 < 2T < 0.98
1 <0.98
1 <0.99
0.98 < z' < 0.99
1 <1.00
1 <1.00

<IN VU R I
=]
©
Io3]
N
w

0.00 < 22 < 0.05
0.05 < 22 < 1.00
0.00 < 22 < 0.05
0.05 < 22 < 1.00
0.00 < 22 < 0.05
0.05 < 22 < 1.00

Table 6.3: The six production grades for the binary distillation column.

constraints
097 <z2l< 1
0 <22< 02
100 <23 < 900
100 <z*< 900
14 <z°< 9
900 < 2% < 4500

Table 6.4: Process constraints for the binary distillation column.
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gPROMS |gFPI OPC API| MATLAB

Figure 6.6: Simulation configuration with gPROMS, MATLAB and an OPC server con-
necting those.

production intervals of 6 hours. The sequence of tasks that we consider in this
simulation is [3,3,5] such that the grade change is preceded by a quasi-static
production interval corresponding to grade 3 and succeeded by a quasi-static
production interval corresponding to grade 5. By off-line dynamic optimization
(see Section 7.3), reference trajectories for inputs and states have been deter-
mined along which the linearized models used in the SHOP are derived. All
grade variables are fixed to their optimal values, so that the economic objective
becomes a LTV weighting on the performance variables. The grade constraints
are slightly relaxed through a choice of ¢, = 0.002, g = 1,...6. End point
constraints on the production levels are included to make the on-line solution
comply with the production schedule. We use the trapezoid rule to approximate
the integral objective. The economic objective is extended with a penalty term
corresponding to the end-point constraint as was motivated previously. Also, we
include a quadratic weighting on the deviation of the inputs from the reference
trajectories for regularization purposes. The SHOP problem hence becomes a
QP. Details of the SHOP formulation are given in E.1

Software implementation

The software setup that is used in our simulations is shortly described here.
There exists a variety of modeling and simulation packages for large chemi-
cal processes. AspenTech’s Aspen Dynamic Modeler, and PSE’s gPROMS are
amongst the most popular ones. We used gPROMS for modeling and simu-
lation of DAE systems. To facilitate the use of gPROMS models in control
and optimization studies we developed a TCP-IP based communication link
to the computational package MATLAB in which all control and optimization
codes were programmed. The interface uses the Foreign Process facility from
gPROMS as well as the Application Program Interface and the corresponding
mex-functions from MATLAB. The TCP-IP based communication interface was
in a later stage professionalized and robustified by TPCOS Technology (Box-
tel, The Netherlands) and ISMC (Leuven, Belgium). In the final version of
the communication software, data exchange between gPROMS and Matlab was
managed by an OPC-server (OPC stands for “OLE for Process Control”). A
schematic lay-out of the simulation setup is given in Figure 6.6.
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Results

The closed loop simulation results of the system outputs are plotted in Fig-
ure 6.7. The dashed lines indicate the reference trajectories z*. The thin lines
represent, the open loop simulations with only the nominal trajectory as control
input. The thick lines are the simulation results with the SHOP-1. Apparently,
this control configuration manages to maintain the performance variables close
to the nominal trajectories. The scheduled production levels are met.

An interesting observation can be derived from the trajectories of the control
variables in Figure 6.8. The closed loop controls hardly deviate from the nominal
trajectories except at certain specific locations in time. The reason for this mild
control action is that only harmful deviations of the states from their nominal
values are responded to, where ‘harmful’ should be interpreted as either being
undesirable for the process economics or as being likely to incur violation of
process or grade constraints.

For example in the interval from 8 to 12 hours significant deviations of the
states from the nominal trajectories can be observed whereas the control actions
are almost similar to the nominal ones. Apparently the state deviations neither
have an economic impact nor are likely to cause violation of relevant process or
grade constraints so that the control actions remain limited. This behavior is
typical for economics-based control and is rather different from the behavior that
would be obtained if general quadratic penalties on deviations from setpoints
were used.

6.5 Scenario 2: static re-optimization

Next we study the scenario where in addition to fast, zero-mean disturbances
slow, persistent disturbances occur. For now, we neglect the presence of grade
changes. This scenario represents the configuration that is typically being stud-
ied in most research on RTPO and it is therefore worthwhile to consider. It
was suggested in Section 6.3 that the real-time control and optimization prob-
lem be decomposed into a static optimization problem (SOP) which computes
the infinitely long tail of the solution and a short-horizon dynamic optimization
(SHOP-2) which computes the leading part. This control strategy is represented
schematically in Figure 6.9 and will be described in this section.

6.5.1 Description of the control approach

Disturbance modeling

First, to account for the presence of slow, persistent disturbances in the plant
model, we consider in addition to the fast disturbance model, a random walk
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Figure 6.7: Top purity (z'), bottom impurity (22), distillate flow (2%), and bottom
outflow (2*), for a task sequence [3,3,5] with fluctuations in the feed composition and
SHOP-1 control (dashed line: nominal, thin lines: open loop, thick lines: closed loop).

ut u?
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Figure 6.8: Manipulation of the reflux ratio (u') and the boil-up rate (u?) for a task
sequence [3, 3, 5] with fluctuations in the feed composition and SHOP-1 control (dashed
line: nominal, thick lines: closed loop).
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SOP

ﬂsop’ Foop

Figure 6.9: Control configuration for the scenario of persistent disturbances and in the
absence of grade changes.

disturbance model given as follows
% = Bswds, (6.16)

with w? a Gaussian white noise process. An estimate of 2% is updated only
before the execution of the static optimization problem (SOP). In between two
subsequent executions of the SOP, z%° is held constant. This is done to ensure
that the computed optimal steady state will be a feasible end point of the SHOP.

Implementation of scheduling constraints

Persistent disturbances may have a significant effect on the actual production
rates. The steady state end-point conditions should be computed in such a way
that the production rates that are imposed by the schedule are met whenever
possible. Of course, in case of very large persistent disturbances some of the
production constraints will become infeasible, in which case infeasibility should
be communicated to the scheduler. More on handling infeasibility will follow
later. Here, we first analyze how the scheduling constraints can be imposed.

Let t* be the start of the k-th production interval. At any time ¢’ for which
th <t/ < t* + 7 the predicted production and consumption rates should satisfy

(t* + 7 —t")Yo(2) + PE(t) > Z ZTg "y gl (6.17)

(t* + 71— t)Co(2) + UK Z ZTg’hTCg oh (6.18)

where T,f " are the optimal values of the transition variables computed by the
scheduler and PF(¢') and UF(¢') are the real production and consumption of
respectively end product e and raw material r up to time t’ for production
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interval k. If the accumulated production and consumption are reset at the
beginning of each production interval, then the following holds.

ﬁmzﬂﬁmwmwwzﬁhwmw (6.19)

In some cases it may be more practical to transfer excess or shortage of pro-
duction/consumption in one production interval to the beginning of the next,
leading to non-zero initial conditions for the accumulated production and con-
sumption.

SOP formulation

The static optimization problem at a time t', t* < ¢/ < tF 4+ 7, is defined as
follows.

SOP

plant description process constraints

0= f(z,u,y,%) h(z) <0

0=g°(z,u,y,&%) grade constraints

z=Chx + Cuu gq(z) <0 (6.20)

min{ —L(2)

z,u

Jy, z s.t.

scheduling constraints
(t* + 7 —t)Ye(2) + PE(t)

zz;zhiﬁﬁTK?h},
(" +71—t)Cr(2) + UF(t) <X,

e

where #9° is the current estimate of the persistent disturbance. (6.20) is a

(generally non-convex) NLP which can be solved to a local minimum using
e.g. gradient-based optimization techniques. Optimal steady state values of the

input, state and performance variables are denoted (Z°°P, w%°P, z5°P).

SHOP formulation

The formulation of the SHOP is obtained by extending the formulation of the
SHOP in the previous section by a description of the slow, persistent distur-
bances. The following formulation results.
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SHOP-2

plant disturbances path constraints
min VS(Z) Jdz,y,2 s.t &= 1@ uy, e o) @Y = AYaY n(z) <0
uelg PP 0= gho(a,u,y, 2 2?) 2 =0

z=Crx+ Cuu
sched. constr.
S 1"
W)y =2t [ Ye(z)dt > [}, Ye(2°°P)dt }

PO =3TW) [ (de < [ Co(z)dt

init./end cond.
z(0) =2 x
x(HS) =z°P z

(6.21)

As in the SHOP problem treated in the previous section, it seems opportune to
relax the end point constraint in order to improve the computational feasibility.
A further, major decrease in computational complexity can be achieved if we use
a linear approximation of the dynamics. How this can be done in the presence
of the static re-optimization will be treated next.

Linear approximation

Like in the derivation of the SHOP problem in the previous section, we propose
the use of a LTV model instead of the nonlinear dynamics. However, due to
the absence of a reference trajectory in the case of the static re-optimization,
the choice of a trajectory along which this linearization should be derived is not
straightforward.

A rather useful and intuitive solution that was proposed in literature [61] for
a class of discrete-time nonlinear systems is to derive the linear approximation
along the trajectory that results if we apply the controls from the previous iter-
ation to the nonlinear dynamics, choosing the initial state equal to the current
state estimate. Because the persistent disturbance is assumed to vary in time
only slowly no large deviations of the optimal solutions from the previous ones
are to be expected which justifies the use of this linear approximation.

We let the SHOP solution from the previous time step be denoted @*"oP-t—1,
where [ — 1 is the previous instant. Based on this solution, a prediction for the
solution of the SHOP at the [-th time instant is given as follows

—shop,l— S _
up’l(t) _ { u hop,l 1(t+ ATShOp)7 O0<t< H ATshop, (622)

UsoP HS — ATpop <t < HY,

where ATjp,p is the sampling time of the SHOP. The trajectories along which
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the linearization is derived are given by

plant
4ol dfpl dspl| spl 4ol ool dfpl .dspl
{xp,yp,xfp,a: Pl gpl = f(gpl Pl ypl gdfipl gdspily
— 4ol ool dfpl .dspl
0 = g(art upl ypt gdhel gdspl) (6.23)

init. cond.

xp,l(o) _ .’)Ai‘(t/)7 xds,p,l(o) — .’i‘ds(t/), xdf,p,l(o) — .f?df(t/) }
The trajectories associated to the LTV dynamics are then given by

z = 2P + Az,

u=uP!+ Au,

where Az and Awu are constrained by the LTV dynamics as in (6.8). The
computational complexity of this LTV formulation of the SHOP is somewhat
bigger than that of the SHOP treated in the previous section. At each time
instant the model equations need to be solved over the horizon of the SHOP
and a new LTV description of the dynamics needs to be derived. Still, for
not too large problems, these computations will be feasible in real time. Most
important, after discretization, the optimization problem reduces to solving a
LP or QP (depending on the objective function that is used) compared to a
NLP for the nonlinear dynamics case.

Handling infeasibilities

Large disturbances may cause the scheduled production to be infeasible. A
consequence of the enforcement of the production schedule onto the process
control problem is that we must provide for a way to handle such infeasibilities.
Infeasibility of the scheduling constraints is revealed by the fact that the SOP
returns no feasible solution. As soon as infeasibility is concluded, one or more
production constraints should be relaxed until a feasible solution is obtained.
The resulting production levels should be communicated to the scheduler so
that the prediction of the production level can be adjusted accordingly.

Several relaxation strategies can be defined. In some cases it may be wise
to utilize a fixed relaxation strategy, where the sequence of constraints that
is relaxed is fixed in advance. A downside of this is that in the worst case
many iterations are required to end up with a feasible optimization problem.
In other cases, physical insight in the process combined with knowledge on the
estimated disturbance levels may provide suitable relaxation rules. For example
in the distillation column example a low fraction of the light component in the
feed is likely to incur infeasibility of the top production constraints; vice versa
infeasibility of the bottom production rates may occur in case of a high fraction
of the light component.
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6.5.2 Application to case II: binary distillation

As an example of the implementation of the SOP/SHOP-2 strategy we consider
again the operation of the continuous binary distillation column treated in the
previous section. We will consider the operation of the plant during a series
of three quasi-static production intervals corresponding to grade 3. In addition
to the fast stochastic disturbance a slow deterministic disturbance in the feed
composition is present. The composition is first gradually decreased from 0.5
to 0.49 after which it is held constant at this value. To account for the presence
of the deterministic feed disturbance we add to the process model the following
persistent disturbance model:

‘,tds — ’LUdS,

and we modify the component balance for the feed tray accordingly:

d 10
O% =1 — ' + JoM — Ju'% + K(cx + 2%t 4 299)

The changes in the estimates of the deterministic disturbance will cause the
static re-optimization to compute new, optimal end-points for the SHOP-2.
The sampling time of the static re-optimization (ATj,,) is chosen to be 36
minutes. In the simulations, we include a computation time for the static re-
optimization of 6 minutes (1 sample of the SHOP-2). The true computation
time is much smaller, however computation times in the range from several
minutes to an hour can be expected for real-life problem sizes. It may be
argued that the sampling time should be chosen equal to the computation time.
However, because of the very slow variation in the feed composition no large
benefit was gained by sampling faster. Simulation times would have increased
though. Implementation details are given in E.2.

Results

The closed loop simulation results are plotted in Figures 6.10 and 6.11. The
configuration with the SOP and the SHOP-2 manages to maintain the quality
variables within the specifications of grade 3 at any time. Interestingly, the
bottom impurity is decreased to values in the range 0.03-0.04. At first sight,
there is no economic benefit to be gained from this decrease in impurity. The
contrary is even true: boil-up and reflux rates are increased by a significant
amount in order to establish the decrease. However, a closer analysis of the static
process characteristics learns that this is the only way to meet the production
constraints for the top product despite the change in the feed composition.
Indeed, to guarantee that the nominal (or almost nominal) amount of the lighter
component leaves the column at the top for a smaller concentration of this lighter
component in the feed we need to decrease its presence at the bottom.
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Figure 6.10: Top purity (2*), bottom impurity (z?), distillate flow (2*), and bottom
outflow (z*) for a task sequence [3,3,3] with persistent fluctuations in the feed composi-
tion and the control configuration consisting of the SOP and the SHOP-2 (dashed lines:
nominal, thick lines: closed loop).

The behavior of the feed composition estimate can be denoted from Fig-
ure 6.12. Observe that the estimate of the feed composition lags the true value
by about 2 hours which is due to the slow dynamics that map the feed com-
position to the top and bottom compositions. Despite the estimation error,
acceptable control performance is achieved though.

6.6 Scenario 3: dynamic re-optimization

Next we consider the situation where grade changes are to be executed in the
presence of persistent disturbances. Obviously, the presence of persistent distur-
bances cause the optimal changeover strategy to shift to different trajectories.
In theory, we could use the configuration discussed in the previous section, con-
sisting of a static reoptimization (SOP) and a dynamic optimization (SHOP),
where the latter computes in a receding horizon fashion the optimal changeover
strategy for which the end-point is continuously updated by the SOP. How-
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Figure 6.11: Manipulation of the reflux ratio u' and the boil-up rate u? for a task
sequence [3,3,3] with persistent fluctuations in the feed composition and the control con-
figuration consisting of the SOP and the SHOP-2 (dashed lines: nominal, thick lines:
closed loop).
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Figure 6.12: Trajectory of the deterministic component in the feed composition (solid)
and the estimate thereof (dashed).
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Figure 6.13: Control configuration for the scenario of persistent disturbances and in the
presence of grade changes.

ever observe that, in order to assess the full effect of the persistent disturbance
on the changeover, the SHOP would typically be required to have a very long
look ahead (horizon), which may make the problem computationally intractable.
Linearization of the dynamics, as proposed in the previous section, may make
the problem computationally tractable, however the validity of such a linear
approximation may be doubted, because the persistent disturbances may cause
the optimal changeover strategies to deviate significantly from the nominal so-
lutions. Also, it does not seem realistic to suppose that the grade variables,
i.e. the times at which transitions from one grade region to another take place,
remain unaltered in the presence of persistent disturbances. To prevent severe
sub-optimality we should recompute the grade variables as well.

The suggested control strategy comprises a decomposition of the dynamic
optimization problem into a long and a short horizon optimization problem (re-
spectively LHOP and SHOP) where the SHOP includes an end-point constraint
to connect its solution to the trailing part of the LHOP. The LHOP is computed
and implemented at a slow sampling frequency and takes care of the scheduling
constraints and the transitions between different grade regions. The SHOP runs
at a sampling frequency that is comparable to that of the SHOP discussed in
the previous section and has a more modest task, namely to control the state
back to a specified point on the LHOP trajectories while guaranteeing that the
production quality as well as the process variables remain within their bounds.
The desired end-point of the LHOP is given by the solution of the SOP as in
the previous section. This control configuration is depicted in Figure 6.13.
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6.6.1 Description of the control approach
Implementation of scheduling constraints

The scheduling constraints are primarily enforced at the SOP/LHOP-level. The
SOP is solved subject to a nominal production constraint which can be derived
as follows. Let ¢ be located within the k-th production interval such that
th < ¢ < t* + 7. Naturally, through the choice of the horizon of the LHOP, a
quasi-static production task is allocated to this production interval. Then, the
nominal production rate constraint that has to be included in the SOP is as
follows:

TV (2) > Y Y TPMTY SR, (6.24)
g h

TCp(2) <Y TPtTC" (6.25)
g h

To enforce the scheduling constraints on the LHOP we first define PI; to be the
set containing the indices of the production intervals for which the production
constraint needs to be enforced in the solution of the LHOP at time t':

Ply={k=1,...|t <th+7<t"}. (6.26)

Then for the first index & in this set the production constraints are given by

tk+T
/ Ye(z(t))dt + PE(t)) = > > T2 TY ", (6.27)
t g h

th4r
/ Co(x(t)dt + URE) < 30 S Tt T, (6.28)
t/ g h

and for the remaining indices k in this set, the production constraints are given
as follows

th 47
/ Ye(z())dt > > > TP TY ", (6.29)
t g h

k

th4r
JRECEEUIITED 9 DE i et (6.30)
tk g R

Further, let the end point of the LHOP, t"”/, be located within the j-th production
interval. Then, additional production constraints are imposed at the final time
in order to guarantee feasibility of the production constraints at the end of the
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j-th interval.

1"
t

tJ

Yo(z(t))dt > > D TIPTYIM — (7 — (¢ — 1))V (2°P), (6.31)
h

1
t

Cr(2(t)dt <3N TIMTCI" — (1 — (" —19))C,(2°F). (6.32)
g h

LHOP formulation

Apart from the scheduling constraints, the definition of the LHOP is basically
the receding horizon version of the economic grade change optimization problem
introduced in Section 5.2.3. Let the solution of the LHOP in the previous
(I — 1) — th cycle be denoted @'"°P'=1. Then, the mathematical formulation of
the LHOP in the [-th cycle is as follows.

LHOP
plant disturbances init./end cond.
- i=feuye®™) @ =0 2(0) = at)
1{16111/2{‘/ (2) Hl',y, z 8.t. 0= gs(ﬂi, u,y, wdS) xds(O) — i‘ds(t/)
2= Cox+ Cyu 2(HY) = 7°°°
path constraints sched. constr.
h(z) <0 (6.27,...,6.32)

U(t) = ﬂ”wp’l_l(t + Anhop)7 te [07 TL,calc] ’
(6.33)

where V' is the economic objective function, possibly extended by some control-
type penalties. H” is the horizon length of the LHOP, the selection of which
will be discussed in the sequel. AT}y, is the sampling time of the LHOP. T}, cqie
is an estimate of the calculation time required to solve the LHOP. The input
is not allowed to deviate from the previous solution during the first 77, cqic
seconds because the LHOP solution will not be available until after 77 cqic
seconds anyway. If the input were allowed to change also during this first time
span then this would unintentionally contribute to the deviation of the predicted
state at time ¢’ + T cqic from the real state.

Selection of the prediction horizon (LHOP)

In case there are no slow, dynamic drift disturbances but only grade changes,
the horizon length of the LHOP is predominantly determined by the length of
a grade change. In fact, because the end-point of the LHOP is by definition lo-
cated in a quasi-stationary task interval the horizon length becomes a dynamic
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variable. The first call to the LHOP is made presumably several hours in ad-
vance of the actual grade change. The look-ahead of the LHOP should then
be sufficiently long to reach the steady state operating conditions correspond-
ing to the target grade. As the grade change proceeds, the horizon length of
the LHOP is allowed to shrink, presumably up to a minimum allowed horizon
length. In case slow, dynamic drift disturbances are present, there is a clear
incentive to run the LHOP continuously. In that case, during stationary opera-
tion (no grade changes), a fixed horizon length would be used, while the horizon
length would be determined according to the decision scheme outlined above
when grade changes come in the picture. The time-varying character of the
horizon length is clearly illustrated in the example that is treated next.

6.6.2 Application to case II: binary distillation

We consider again the operation of the binary distillation column. The real-
time dynamic optimization strategy is shown for the case where a grade change
between grade 3 and 5 is to be established in the presence of a deterministic
disturbance in the feed composition as in the previous section. The LHOP will,
together with the SOP be executed every 36 minutes. The solution of the LHOP
is implemented with a 6 minute delay as for the SOP in the previous section.
Implementation details are given in E.3.

Results

The closed loop simulation results are plotted in Figures 6.14 and 6.15. Several
interesting observations can be made. First, observe that, despite the significant
disturbance in the feed composition, the top composition is close to the nominal
value for most of the time. In the evaluation of the real production we relaxed
the bounds on the quality by 0.002. Top and bottom purities lay within these
relaxed quality specifications during the quasi-static production tasks. The
transition is established in the nominal transition time.

The real production levels are plotted in Figure 6.16 together with the pro-
duction targets for the three intervals of 6 hours. All production levels are
according to the production schedule. Sufficient production of the top prod-
uct is guaranteed through a decrease of the bottom impurity as in the example
shown in the previous section.

Finally, the length of the horizon of the LHOP at the different time instances
at which it is executed are plotted in Figure 6.17. Initially, a minimum horizon
length of 7 samples is used. Then, as the end of the first production interval
is approached, the horizon length is extended abruptly to a value 16 so as
to oversee the entire second interval in which the transition is to take place.
Thereafter the horizon length is gradually decreased until the minimum of 7
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Figure 6.14: Top purity (2%), bottom impurity (z?), distillate flow (2*), and bottom
outflow (z*) for a task sequence [3,3,5] with persistent and fast fluctuations in the feed
composition and the control configuration consisting of the SOP, LHOP and SHOP (dashed
lines: nominal, thick lines: closed loop).

samples is reached again, which is maintained until the end.

6.7 Discussion - spatial decomposition

In this chapter, the plant-wide control and optimization problem has been
treated as were it a process unit control problem. No attention was paid to
the aspect of spatial decomposition. This is a logical consequence of our choice
to consider single-machine plants only (see Section 3.3.1), however the relevance
of spatial decomposition in most practical applications makes a short discussion
on this topic imperative. First, let us state that there is no theoretical basis for
a spatial decomposition of the process control and optimization system. The-
oretically optimal performance is achieved if the plant is treated as a single,
multi-input multi-output system on which the control strategies presented in
this chapter are applied.
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Figure 6.15: Manipulation of the reflux ratio u' and the boil-up rate u? for a task

sequence [3,3,5] with persistent and fast fluctuations in the feed composition and the

control configuration consisting of the SOP, LHOP and SHOP (dashed lines: nominal,
thick lines: closed loop).
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Figure 6.16: Production levels of product 2, 3 and 4 during the execution of a task se-

quence [3,3,5]. Dashed lines indicate the production targets corresponding to the schedul-
ing constraints.
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Figure 6.17: Horizon length (in number of samples) of the LHOP at the different time
instances during the execution of a task sequence [3,3,5].

Unfortunately, this integrated control approach is seldom feasible in practice.
The first reason why most practical plant-wide control problems are decomposed
into several smaller process-unit control problems is the computational infeasibil-
ity of a fully-integrated control approach. A typical plant-wide control problem
may involve several hundreds of inputs (mv’s) and ‘performance variables’ (cv’s).
It appears impossible, even with tomorrow’s computing power to compute on
a sufficiently fast execution rate the controls in a centralized fashion. This is
already the case for current linear model-based MPC algorithms. Extensions
towards dealing with nonlinear plants as proposed in this chapter will make
the computations even more involved. The second reason is maintainability: a
set of smaller process controllers is more easily maintained (tested, monitored,
updated, debugged) than a single process controller of extremely large dimen-
sion. Related to this issue, the robustness (regarding software and hardware,
not in the ‘robust control’-sense) of a distributed controller implementation will
generally be higher than that of a single controller.

Accepting spatial decomposition to be inevitable for the various reasons
mentioned above we will next briefly discuss possible decomposition strategies
for the control strategies treated in this chapter. To this end we will first review
how spatial decomposition is implemented in present-day plant-wide control
strategies.

Spatial decomposition in the traditional plant-wide control hierarchy
In the state-of-the-art plant-wide control and optimization approach, see Fig-
ure 1.3, spatial decomposition is applied to the dynamic optimization (linear
MPC) only. The RTPO generally overlooks the behavior of the entire plant.
Different MPC’s are installed on single process units or clusters of several pro-
cess units. Setpoints for the MPC’s are generated by the RTPO. If we interpret
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the task of the RTPO as to coordinate the actions of the different MPC’s it
is obvious that this coordination is only static. Dynamic interaction between
the different process units and their control is ignored which may cause severe
problems. As an example we consider a refinery application consisting of a fur-
nace section and a distillation section. Suppose the RTPO predicts that there
is room for a slight increase in throughput. The dynamics of the furnaces are
generally comparatively fast, so that the desired change in throughput will be
realized quickly. However, this causes an abrupt off-set in the conditions of the
flows entering the distillation columns which may make the quality of the dis-
tillation products traverse beyond specifications or, even worse, cause flooding
of the columns. This situation would not have appeared if the (slow) dynamics
of the distillation columns had been taken into account properly while increas-
ing the throughput. Obviously, the spatial decomposition as being practiced in
present-day plant-wide control systems has a serious shortcoming when it comes
to dealing with the dynamic interaction between different process units.

Possibilities for spatial decomposition in our approach Our approach
to plant-optimization and control builds essentially on the decomposition of a
single-level, infinite (or very long) horizon optimization problem into a SOP,
a LHOP and a SHOP. The SOP and LHOP consider the effect of persistent
disturbances on the optimal steady state operating conditions and the transients
towards this steady state, respectively. The SHOP deals with fast, zero mean
disturbances on a short horizon.

Slow persistent disturbances and grade changes are likely to have a plant-
wide impact. Thus it seems desirable to let the SOP and the LHOP consider
the behavior of the entire plant. Fortunately, sampling times for the SOP and
the LHOP are allowed to be reasonably large, which may make a plant-wide
optimization feasible, even with today’s computers. The fast zero-mean distur-
bances are unlikely to cause large conflicts in the interaction of process units
and can hence be dealt with locally by different SHOP’s. This suggest a spa-
tial decomposition only at the SHOP level, pretty much in compliance with
the decomposition applied in today’s plant-wide control systems. However, the
plant-wide scope of the dynamic optimization (in the LHOP) avoids the prob-
lems with conflicting unit dynamics that occur in the traditional setting.

6.8 Contributions of this chapter

The hierarchical operating strategy proposed in Chapter 4, consisting of a pro-
duction scheduling layer and a process optimization and control layer, puts
specific demands on the process control design.

The production scheduler dictates how the plant should be utilized so as
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to flexibly meet market demands regarding quantity and quality of delivered
goods. To realize the right quantity and quality of these goods in time and with
attractive plant economics is the task of the process control system. Regarding
the interconnection of the scheduling layer and the process control layer this
chapter proposes to enforce the scheduling constraints (desired quantities and
qualities of the end products) at discrete time instances. Infeasibility of these
constraints may occur due to process disturbances in which case the expected
effect on the production data must be communicated to the scheduler so that
the production schedule can be adapted accordingly.

The scheduling constraints in combination with the process constraints re-
strict the operation of the plant, however room for economic optimization may
exist. Therefore, the basic function of the process control systems that we
propose is to optimize the process economics subject to the above-mentioned
constraints. To deal with disturbances the implementation of this basic func-
tion is done in combination with a state estimator and according to the so-called
receding horizon principle, leading to a control scheme that is comparable to
existing NMPC schemes. The main difference with existing NMPC schemes is
that existing NMPC schemes perform set point tracking whereas our control
performs on-line economic optimization.

To cope with the scheduling constraints as well as the effect of fast dis-
turbances, the controller should typically have a long horizon in combination
with fast sampling. This is computationally not feasible, therefore this chap-
ter presents several approximate, decomposition-based control configurations
for specific disturbance situations. The most complicated scenario that is con-
sidered is the scenario where persistent, and fast stochastics occur during the
operation of a multi-grade plant. For this scenario, a decomposition of the
original NMPC problem in three layers is proposed: a Static Optimizer (SOP)
computes optimal steady state conditions for the production task that marks
the horizon of the dynamic optimization. The solution of the SOP is used as
the target end point of a Long Horizon dynamic Optimizer (LHOP) which com-
putes at a low sampling frequency the trajectory of the states and the inputs
such that the scheduling constraints are met and an economic objective is op-
timized. The LHOP, due to its low sampling frequency naturally restricted to
dealing with slowly varying disturbances, considers only the persistent distur-
bances. Fast disturbances are dealt with by a Short Horizon Optimizer (SHOP)
which is executed at a high sampling frequency. The target for the end-point
of the SHOP is located at the LHOP trajectory. To make real-time implemen-
tation of the SHOP possible the use of linear approximations of the nonlinear
model is suggested. These can be derived along the trajectory that is computed
by the LHOP.

The proposed methodology is described with a main focus on constructive
aspects. Stability and closed-loop performance analysis or synthesis aspects are
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deemed too hard to handle at this stage and hence omitted. Instead, the charac-
teristic behavior of the economic control strategy is shown for the operation of a
binary distillation column. The results demonstrate that the enforcement of the
scheduling constraints in combination with the institution of economic control
objectives make the closed loop control system respond to feed disturbances
in an non-traditional but intuitively correct manner. Conventional control sys-
tems would attempt to remove the effect of the disturbance from the cv’s where
the trade-off is made based on the chosen quadratic weights. When using true
economic objectives, the trade-off is made based on economic motifs.
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Chapter 7

Dynamic optimization
strategies

Dynamic optimization plays an essential role in the scheduling and control strat-
eqy described in the previous chapters. In the formulation of the production
scheduling problem (Chapter 5), dynamic optimization is used to distinguish
economically attractive process transitions from less attractive ones. The kernel
of the real-time control system (Chapter 6) is a receding horizon model-based
optimization. To make an efficient implementation of the real-time control ap-
proach possible we must put effort in limiting the computation time of these
optimizations. This chapter describes the development of tailor-made optimiza-
tion algorithms for the dynamic optimization problems that have been formulated
in previous chapters. Specific attention will be paid to the grade change opti-
mization problem and its particular, non-smooth characteristics. First, dynamic
optimization approaches for large-scale problems shall be reviewed (7.1). Neat,
two approaches to solving the grade change optimization problem efficiently will
be outlined. The first introduces a smooth, approximate description of the grade
region and exploits the structure of the problem in the definition of a NLP based
inner loop optimization to compute accurate search directions (7.3). The sec-
ond approach uses integer variables to describe the grade regions and solves a
sequence of MILP’s to converge to a solution (7.4). Finally we will show how
the real-time, receding horizon implementation of the dynamic optimization al-
gorithms can be exploited to enhance computation speed even further (7.5).

127
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7.1 Introduction

Dynamic optimization aims to determine control and state trajectories for a
dynamic system over a finite horizon such that a certain performance index is
minimized. Dynamic optimization has its roots in the Calculus of Variations
[13]. The application of the Calculus of Variations to the continuous time op-
timal control problem with no constraints on inputs or outputs leads to a set
of necessary conditions which can be guaranteed through the solution of a Two
Point Boundary Value problem. Although various methods exist for the solu-
tion of these problems, see e.g. [12], they are generally hard to solve. For the
constrained-input problem, Pontryagin [66] showed that the set of necessary
conditions can be modified in accordance with Pontryagin’s minimum prin-
ciple. Computational methods for solving the constrained-input problem are
available for specific cases only. Dealing with state constraints in the context
of the classical approach to dynamic optimization is even more difficult. An
interesting recent development in this respect is the contribution by [6] who use
barrier functions to incorporate inequality constraints in the problem formula-
tion, leading to an unconstrained optimal control problem which they solve by
the classical forward-backward integration scheme (see e.g. [12]).

An alternative to the variational approach to optimal control is dynamic pro-
gramming. Dynamic programming is based on Bellman’s principle of optimality,
which states that (we quote from [44])

An optimal policy has the property that no matter what the previ-
ous decisions have been, the remaining decisions must constitute an
optimal policy with regard to the state resulting from those previous
decisions.

Dynamic programming determines an optimal control strategy by working back-
ward in time from the final stage. For continuous optimal control problem the
optimal strategy is defined by the solution of a corresponding partial-differential
equation, the Hamilton-Jacobi-Bellman equation. This equation is generally dif-
ficult to solve, even numerically. When it can be solved it provides an optimal
control in state feedback (closed loop!) form.

The two point boundary value problem and the Hamilton-Jacobi-Bellman
equation are generally too hard to solve directly, especially for large scale prob-
lems encountered in process systems engineering. This has motivated the devel-
opment of several NLP approaches to dynamic optimization. The general idea
of these is to discretize the optimal control problem to convert it into a finite-
dimensional NLP. In these, constraints on inputs and states can be incorporated
in a rather straightforward manner.

Two basic NLP approaches to large-scale dynamic optimization of pro-
cess systems can be distinguished: the sequential (or control parametrization)
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approach and the simultaneous approach. The sequential approach utilizes
parametrization of the controls to discretize the problem (see e.g. Vassiliadis,
1993). An integration tool is used to evaluate the model equations and hence
the objective function, the constraints and the gradients. Successive search di-
rections towards the local optimum are determined by an outer loop optimizer,
which is generally a Sequential Quadratic Programming tool (SQP). In the si-
multaneous approach, both the controls and the states are parametrized [45]
to transform, mostly via collocation on finite elements, the dynamic optimiza-
tion problem into a NLP which can be solved using a Nonlinear Programming
tool (e.g. SQP or the Generalized Reduced Gradient method (GRG)). The
big advantage of the simultaneous approach is that the objective function and
the process model equations converge simultaneously (infeasible path method),
while the process model equations are necessarily satisfied in every iteration
in the sequential approach. The simultaneous approach can handle open loop
unstable processes and enables to include information about the approximate
behaviour of the state trajectory into the initial guess [10]. However, the se-
quential approach is simpler in implementation and especially for stiff systems,
it may actually be an advantage instead of a disadvantage that the model equa-
tions are satisfied every iteration. Another advantage of the sequential approach
for on-line application is that intermediate solutions are feasible (with respect
to the model equations) and therefore implementable. For these reasons, in our
research we focus on the sequential approach.

7.2 The sequential approach for dynamic opti-
mization

In this description of the sequential approach for dynamic optimization we con-
sider the following problem formulation

plant init./end cond.
T &= f(z,u,y) 2(0) = 29, 2(T) = z"
min{/ Ld(z)dt Jz,y,zst. 0=g(z,u,y) path constraints },
wet | Jo z=Crx+Cuu h(z) <0

(7.1)

where L is at least twice continuously differentiable. The conventional sequential
solution approach is based on the parametrization of the controls, u = u(p,t),
introducing parameters p, together with a discretization of the path constraints
h(z(iT)) < 0, ¢ = 1,...,m to yield a finite dimensional problem (7 is the
discretization interval). Common parametrizations make use of splines, polyno-
mials or wavelets.
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Figure 7.1: Basic schematic of the sequential solution strategy for large scale dynamic
optimization.

The solution strategy based on this parametrized problem, which is of se-
quential nature, is indicated in Figure 7.1 [79]. An initial parameter vector is
chosen. With the according input trajectories, the model is integrated using a
numerical solver to obtain values for the objective function V', the constraints h
and the gradients dV/dp and dh/dp. The gradients can be quite efficiently ob-
tained by integrating, along with the model equations, the so-called sensitivity
equations® [79]. These can be derived by taking the derivatives of the extended
model equations with respect to the parameters p:

o (02\ & (0 of 0x'  Of' ou  Of By
ot (ap> = ap<at> =~ oy taeop oy Y
9g' 92’ g’ du g’ Iy
Ox' Op  Oudp Oy Op’

0 =

where f’ includes an additional differential equation to represent the integral
term of the objective f’ = [f(z,u,y)T, LY(2)]T, 2’ = [2T,v]T, ¢’ combines the
algebraic equations with the performance allocation ¢’ = [g(z,u,y)7, [z — Cpx —
Cou]T)F, and ' = [yT, 2T]T. The integration of the sensitivity equations can be
done quite efficiently since the Jacobian matrices that are required can be taken
from the integration of the model equations. Based on the state sensitivities,
dV/dp and dh/dp are calculated in a straightforward manner. The function and
gradient evaluations are called by the so-called outer loop optimization routine
which is in most cases a general purpose NLP solver. Popular methods are
the Generalized Reduced Gradient (GRG) method, the Sequential Quadratic
Programming method (SQP) and penalty and barrier methods. We will make
extensive use of the SQP method which is described in Appendix F. Some of the
solutions we propose are inspired by penalty and barrier methods. The main
ideas behind those methods are also briefly outlined in Appendix F.

L Alternative approaches use finite differences or the solution of the adjoint equations.
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7.3 A modified sequential approach to the grade
change problem

The grade change problem is extensively discussed in this thesis. For the reader’s
convenience, we repeat the general definition of the grade change problem. L%
is chosen as the negative added value:

L(z) = piCr(z) = > phYe(2), (7.3)
with the production rates given by

Yo(z) =) GIMSF(2), (7.4)

where )
GI — 1, if g4(2) <0,
0, otherwise.

and M as defined in 5.2.3. Through the definition of the grade variables GY
the grade change optimization problem becomes non-smooth. The approach
discussed in this section comprises a smooth approximation of the grade defini-
tion (7.5) in combination with a tailor-made control parametrization method.
The main idea shall be described next.

(7.5)

7.3.1 Main idea

A smooth approximation of GY can be obtained for example using the arctan
or the tanh function:

GI = H <% arctan('yg;(z)) + %) , or (7.6)
i=1
GI = H (% tanh('yg;(z)) + %) , (7.7)

i=1

with v > 1 and where g; are the scalar components of the vector function g,.
Smooth approximation of the grade equations renders the objective function
twice (in fact, infinitely many times) continuously differentiable, which makes
the conventional sequential approach with an SQP or GRG outer loop opti-
mizer a candidate for solving it. However, the smooth approximation of the
grade change problem is still strongly nonlinear and the SQP or GRG-based
optimization may turn out to be extremely ineffective for solving it. This will
be elaborated on further next.
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Figure 7.2: Nonlinearity characteristic of the process model and the economic objective
function.

Drawback of SQP method for grade change optimization

The conventional sequential approach computes search directions on the basis
of (at best) quadratic approximations of the parameters-to-objective map. Con-
sidering the strong nonlinearity of the specific grade change objective function
these approximations will be of poor quality in general. The consequence of
this is that probably many iterations will be needed to converge, and hence
many costly evaluations of the functions and the gradients will be required. In
typical applications of control parametrization methods over 90 percent of the
computation time is spent on the integration of the model and the sensitivities.

To restrain the computation time we need to search for ways to minimize the
number of iterations and the best way to do so is by improving the quality of
the approximation that is used in each iteration. This is the main idea behind
the development of a new optimization approach for grade change problems
in particular which we presented first in [88]. How the specific structure of
the grade change problem can be exploited to compute search directions more
effectively will be analyzed next.

Structure of the grade change problem

The development of this new approach was motivated by the following insight
in the structure of the grade change problem. Note that on a finite time span
and for a fixed initial condition we can interpret the model as a map M : R"» —
L"z]0,T). The objective results from the map of the performance variable
trajectories to a scalar £ : L":[0,7) — R. The functional V is the composition
of M and L, V = L o M. The map M is generally smoothly nonlinear, the
map V is strongly nonlinear for the typical grade change problem. This is
represented schematically in Figure 7.2. Another essential difference between
M and L is that the evaluation of M is extremely time-consuming whereas the
evaluation of £ can be done very fast and by straightforward computation once
the trajectories of the performance variables have been determined.

This suggest that, in each iteration of the top level optimization a suitable
approximation of )V can be obtained by linearizing only M. Let us denote
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this linearization M(p). Then the corresponding sub problem considers the
composite map V = LoM. Note that this choice of approximating the nonlinear
problem renders the sub-problem non-convexly nonlinear in contrast to e.g. the
SQP approach which solves a convex (quadratic) programme to compute search
directions. If the SQP approach is used to solve the sub-problem then the
overall dynamic optimization problem becomes a Sequential SQP, or SSQP.
Fortunately, because the evaluation of applying M and £ can be done very
fast, the inner loop SQP can be solved in a fraction of the total optimization
time. Even attempts to solve the inner loop problem globally, for example
by selecting several different initial guesses, may be feasible. More essential
than the slight increase in the computation time needed for the inner loop
problem is the supposition that the search directions resulting from the inner
loop optimization will be a lot more accurate than in the case of first or second
order approximations, so that fewer iterations are required to converge.

7.3.2 Implementation

The SSQP method relies on the fast evaluation of the map £. The inclusion
of the integral objective in the LTV model equations and the integration of the
composite model is no option. Due to the strong nonlinearity in the objective
function, e.g. (7.6), large gradients will occur leading to very small step sizes.
This will slow down the integration of the model significantly. One way to avoid
this is through the numerical approximation of the integral using the Riemann
sum or the trapezoid rule and a discretization of the LTV dynamics accordingly.
This introduces approximation errors, however then note that the smooth objec-
tive function was an approximation itself of the original non-smooth objective.
Errors due to the approximation of the integral seem acceptable as long as they
are of the same order of magnitude as the errors introduced by the smooth ap-
proximation of the objective. A more thorough analysis of these approximation
errors is beyond the scope of this thesis.

Objective approximation

The Riemann sum approximation of the integral objective is given by:

N-1
VEO(Z) =71 LU=), (7.8)
i=0
where N = T/7, z; = 2(it), and Z = [2L, 2] ,...,2%]T. The application of the

trapezoid rule leads to

FEPEN & = a1, 1
veil(z) =1 <2L (z0) + > L¥z) + 5L (zN)>. (7.9)

i=1
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Approximations (7.8) and (7.9) can be computed efficiently for arbitrarily com-
plex choices of the objective function, however the approximation may be in-
accurate for large 7’s. More elaborate approximations of the integral objective
may be used whenever deemed appropriate. For an example of this we refer to
the distillation column optimization which is treated in the end of this section.

Linearization of dynamics

The dynamics are linearized and discretized in each iteration along the state-
input trajectory from the previous optimization cycle. The corresponding linear
system is given as follows (for the j-th iteration):

Z=27"Y4+AZ, AZ =T,Ap, (7.10)
zn =20+ Axy, Azy = Ty, Ap, (7.11)

where T, is a matrix containing the impulse response coefficients of the LTV
system given by the sensitivity equations of the original nonlinear plant (7.2):

Go1 Go2 -+ Gon,
G Gia :

T, = . . , (7.12)
Gyn1 G2 - GNn,,

where G;; = % and ny, is the total number of parameters. T, is the sensitivity
J
of the final state with respect to the parameters,

Ty, =(Hy1 Hya ... Hyn,), (7.13)

with Hy; = 2.
J

In accordance with the discretization of the linear dynamics, path constraints
are evaluated at a finite number of samples only: h(z;) < 0.

Line search

We confront the search directions coming from the inner loop SQP with the
nonlinear dynamics in a one-dimensional line search. The merit function that
we apply is of the following form:

M=VEZ) + > pi(W(2:)? ) p2i(ah)?, (7.14)
{i,j}€AC J

where AY is a set defining the {time,constraint}-pairs for which the path con-
straints are violated. This set is update in each iteration. p; and ps;, j =
1,...,n,; are scalar weighting factors.
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Complete procedure

The complete optimization approach comprises a 5 step-procedure, as described
below :

Step 1: initialization
Jj is set to 1 (first iteration). An initial parameter vector of length n,, p? = po,
is chosen to initialize the dynamic optimization.

Step 2: objective and constraint evaluation

The model equations are integrated with input u’(¢t) = u(p’,t). The solutions
are denoted 27 (t), y7(t) and 27(¢). The objective V%1 and the constraints h are
computed.

Step 3: gradient evaluation
T, and Ty, are constructed on the basis of the solution of the sensitivity equa-
tions of the plant model.

Step 4: determination of search step
A search step is calculated by solving the following NLP:

plant
n&in{Vd’l(Z) |3Z,AZ, oy, Dan st. Z =277V 4+ AZ ay =o' + Ay
P AZ =T, Ap Azy =Ty, Ap

init./end cond. path constraints
xo = 79, ry=2" h(z) <0 },

(7.15)

using for example SQP optimization. All Jacobians can be calculated analyti-
cally, so the coding of the optimization can be done efficiently.

Step 5: evaluation of progress

The new solution p* = p/~! 4+ aAp’ is implemented on the nonlinear model as
in step 2, with a = 1. The objective and the constraints are evaluated and
the progress is measured in terms of a merit function. In a one-dimensional
line search (e.g. by means of bi-section) the step size « is determined such that
M(p*) < M(p’~1). Then we set p’ = p’~1 + aAp’ and and proceed with step
3(=7+1).

Many minor modifications to this standard procedure may help convergence
to a desirable local minimum. For example, it may pay out to solve the inner
loop NLP for different initial choices of Ap in order to ensure a better quality
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of the inner loop solution. This modification is particularly attractive if the
solution time for solving the NLP is small in comparison with the time needed
for a function and gradient evaluation. Alternatively, we can perturb the ini-
tial choice of Ap in subsequent calls of the inner loop optimization to avoid
ending up in poor local minima of the inner loop optimization problem. Other
possible modifications involve the institution of a trust region and the gradual
augmentation of v (see (7.6) and (7.7)).

The latter modification is motivated from the fact that for large values of
~ the inner loop will be typically hard to solve. Choosing ~ large initially
makes the inner loop problem resemble the original, discontinuous formulation,
thus leading to very large gradients and changes therein. The same behavior
occurs in the application of barrier methods in case the barrier parameter y is
chosen too small initially. As explained in Appendix F, to resolve this, barrier
methods solve a sequence of problems for decreasing values of p. Similarly, the
SSQP method can be implemented such that it solves a sequence of problems
for increasing values of ~.

A final modification that we would like to mention is the extension of the in-
ner loop objective function with a quadratic term representing an approximation
of the second derivative of the dynamics to the original objective. How such an
approximation can be found using standard Broyden, Fletcher, Goldfarb, and
Shanno (BFGS) update techniques is treated in [85].

7.3.3 Application to case II: binary distillation

As an example we consider the grade change problem in a binary distillation col-
umn, the same process that was studied in Chapter 6. For a schematic diagram
of such a process unit and the model description we refer to that chapter.

The controls that are consider in the optimization study are the reflux ratio
(u!) and the boil up rate (u?). The states are the liquid phase mole fractions on
the 20 trays (c!,...,c?"). The performance channels are the top purity (2!), the
bottom impurity (22), the top outflow (22), the bottom outflow (2*), the reflux
ratio (2%), and boil up rate (z%). The model contains 20 differential equations
and 27 algebraic equations.

Problem formulation

We consider a transition from grade 3 to grade 5. Feed conditions are assumed
constant (because determined by up stream unit operations). The operation of
the distillation column is subject to an economic cost function given as follows

T
Vie = / LY(z)dt,
0
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scenario 1 scenario 2

top product | bottom product | top product | bottom product
e | pp e | pp e | pp e | pp

111 4|15 111 4|15

212 51 0.5 2|2 51| 0.5

312 - |- 3|4 - |-

Table 7.1: Prices for the different end products of the binary distillation column for two
different market scenarios.

where
LU(z) = pr2® =) ppYe(2),

where pp is the unit boil up cost, chosen equal to 0.2. Prices for the different end
products are constant and given in Table 7.1 for two different market scenarios.
The production rates are given as follows

Y = (G + G?)2?, Yy = (G'+ G* + G®)2*,

Yy = (G? + G*)2?, Vs = (G? + G* + G%)2*,

Yg = (G4 + G5)23.
For this specific case where the product quality of the top and the bottom

product depend linearly on a single variable only, we can derive the following
smooth approximation of the production rates:

Yl = élzg, Y4 = G4Z4,
Y, = G223, Y; = é5z4,
Yy = G327,

where

(arctan(v(0.978 — z1)) + 1/2),

(arctan(y(z' — 0.978)) + arctan(y(0.988 — z'))),
(arctan(y(z' — 0.988)) + 1/2),

(arctan(y(0.052 — 22)) + 1/2),

(arctan(y(z% — 0.052)) + 1/2),

Q

w

[ |
G I I I I
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and where the constraints are slightly relaxed in order to ensure that the com-
puted steady states target is indeed inside the specifications of grade 5 and not
at the boundary. « is chosen equal 2000.

We fix the optimization horizon to a length of 6 hours. We use a piece
wise constant parametrization of the controls with a discretization time of 0.3
hour, yielding a total number of 40 optimization parameters. In addition to
the economic objective function a control objective function is defined. The
control objective contains a quadratic weighting on the change in the inputs in
combination with a quadratic weighting on the deviation of the final state from
the desired end-point:

5\ 7T 5 20 5_ .5 T 5_ .5
2 2 Z 22 — z; > — 2
6 A 6 6_ .6 A 6_ .6
20 20 — Zi T i1 i T Rl
—5\T =5
+(zn —2°) Qn(zNy — 2°),

where Qn = % pI with I a unit matrix of the appropriate dimensions and p equal
to 107. Ra is chosen to be a diagonal matrix with diagonal [1000,0.01]. The
inclusion of the end-point constraint as a penalty term is inspired by the penalty
methods. Unlike the penalty method, we will only solve a single optimization
problem for a fixed value of p. A consequence of this is that the end point
constraint is no longer enforced (this would require p to be increased up to oo
or, in practice, very large values). The overall objective is given as follows

V =Vee + Voo

Z3, the supposed initial state, and Z°, the desired final state are computed
through a static optimization of the economic objective function subject to the
constraints as described in Section 5.2.2.

Implementation

For a fast evaluation of the objective and the gradients, we can use the Riemann
sum or the first order approximation of the objective function. However, a more
accurate approximation can be obtained if we just apply a first order hold to the
states and inputs and compute the integral exactly. This may not be possible
in general, however for the specific choice of G‘l,...,@5 as given above, an
expression of the primitive can be obtained analytically. In order to arrive at
this expression we use the fact that 22 as well as z* are constant on the control
intervals. Then L? can be seen to consist of a sum of ‘arctan’ functions for which
an analytical primitive exists. The approximation of the integral objective is

given as follows
N
Z L Zza Ri— 1
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where L%(z;, zi_1) evaluates the integral objective on the interval [(i — 1), i7]
for the performance signal z(t) = z; + (¢t/7)(z — zi—1), t € [0,7].

For the solution of the inner loop optimization we use the SQP solver
constr.m from the MATLAB optimization toolbox, which we modified to enable
use of an initial guess of the Hessian. This makes it possible to 'warm-start’
successive inner loop optimization which reduces computation time significantly.
Initial trajectories for the inputs are determined by ramping the inputs from
the initial steady state to the final steady state values in 6 hours.

The implementation of the model equations is done in the DAE modeling
package gPROMS. Integration of the model and the computation of the Jaco-
bians were done within gPROMS. The state trajectories were sampled at the
discretization intervals and communicated to MATLAB via an OPC server.

Results

To verify the supposition that a conventional SQP approach is indeed not suited
for the solution of the grade change problem we first apply a standard SQP
method (constr.m) to the transition problem for market scenario 1.

It took 158 iterations for the SQP algorithm to converge to an optimum
of -7176.62. Tllustrative for the poor quality of the search directions that were
computed from the QP was the fact that the step size did not exceed 0.05 for
most of the first 40 iterations (the Newton step is equal to 1!), leading to a total
number of 394 function evaluations (integrations of the model). Next, the SSQP
solver was used to solve the same transition problem. Only 3 SSQP iterations
(4 function evaluations including the first one) were required to converge to
exactly the same optimum value of the objective. The fast convergence of the
SSQP method in comparison to the SQP approach is illustrated in Figure 7.3
where the objective value in the successive iterations is plotted for both methods
(only the first 100 iterations of the SQP are shown).

Besides the nonlinearity of the economic objective, another reason for the
slow convergence of the SQP approach is the dominant presence of the quadratic
end-point penalty. Many BFGS Hessian updates are needed to obtain a good
estimate of the quadratic curvature of the objective function. To dampen the
effect of the quadratic penalty on the convergence speed we next consider the
case where the Hessian is initialized based on a computation of the second-order
contribution of the end-point penalty and the input-move penalty. We presented
this idea, of computing the low-cost? part of the Hessian in relation to dynamic
optimization for NMPC in [85] and demonstrated the increased performance
of the SQP method using the enhanced Hessian information. Here we use the
same concept, only for initialization of the Hessian. As an estimate of the initial

2‘low cost’ in terms of computing power.
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Figure 7.3: Convergence of the objective value to the optimum for the SQP method
(solid) and the SSQP method (dashed).

Hessian we will use the following expression
HPO = AERAAu + T]F{;IQ]\]T]\Im

where

and T, is the sensitivity matrix that maps the parameters to the final state.
This sensitivity matrix can be constructed from the sensitivity equations in a
straightforward manner.

Using this initialization of the Hessian, the performance of the SQP ap-
proach improves rather significantly. Only 57 iterations are required in order
to converge to the same optimum. However, still over 100 function evaluations
are done. The SSQP approach still converges in 3 main iterations. The only
difference for the SSQP is that the first inner loop SQP is solved in considerably
fewer iterations because of the improved adequacy of the initial Hessian. The
contribution of the final state weighting to the optimum objective value was as
low as 1.65 indicating the small deviation of the final state from the desired end
point.

The optimal input and output trajectories for the corresponding transition
are plotted in Figures 7.4 and 7.5, respectively. The plotted simulation results
were obtained after extension of the optimal control trajectories with a lead-
ing part corresponding to 0.9 hour steady state production in grade 3 and a
trailing part corresponding to 0.9 hour steady state production in grade 5. The
actual optimized trajectories are in between the two vertical rulers. Because
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Figure 7.4: (SSQP) Optimal trajectories of the 2 input variables (reflux ratio u', and
vapor boil up rate u?) for a transition from grade 3 to grade 5 with market scenario 1.

for market scenario 1 there is no economic incentive for a fast grade transition,
controls are very calm. The control objective clearly dictates the outcome of
the optimization problem. Note that the penalty on the deviation of the final
state from the steady state corresponding to grade 5 is sufficient to guarantee
that indeed the desired steady state is attained.

To demonstrate the impact of changes in the economics on the optimal tra-
jectories we next consider the optimization of the transition from grade 3 to
grade 5 for market scenario 2. The optimal controls are given in Figure 7.6
and the corresponding trajectories of the first four performance variables in
Figure 7.7. Because the price for the high-purity (> 0.99) top product is signifi-
cantly higher than for the low-purity top product (> 0.98) there is an economic
incentive to establish the grade change quickly in scenario 2.

7.4 A successive MILP approach to the grade
change problem

The SSQP method described in the previous section may, when combined with a
smart strategy for generating randomized initial conditions avoid getting stuck
in poor local minima. However, since the eventual optimization is still gradient-
based, no guarantees can be obtained on the quality of the optimum and, be-
cause the inner loop problem constitutes a NLP as well, on the quality of the
search direction. Another approach which may help to overcome the limita-
tions of gradient-based methods is described in this section and proceeds via
the introduction of binary variables and the solution of successive MILP’s.
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Figure 7.5: (SSQP) Optimal trajectories of the first 4 performance variables (top purity
2!, bottom purity 22, distillate flow 22, bottom flow 24) for a transition from grade 3 to
grade 5 with market scenario 1.
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Figure 7.6: (SSQP) Optimal trajectories of the 2 input variables (reflux ratio u', and
vapor boil up rate u?) for a transition from grade 3 to grade 5 with market scenario 2.
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Figure 7.7: (SSQP) Optimal trajectories of the first 4 performance variables (top purity
z', bottom purity 22, distillate flow 2>, bottom flow z*) for a transition from grade 3 to

grade 5 with market scenario 2.



144

7.4.1 Outline of the approach

The crucial step in this approach is the introduction of binary variables GY €
{0,1} related to the grade regions:

1, if gg(2i) <0
g __ ) g )
Gi = { 0, otherwise. (7.16)

An alternative expression for GY is the following

go(z:) — (1= GHQI <0, > GI=1. (7.17)

g

Note that GY enters these equations linearly. For feasibility of (7.17) we require
that Q9 be sufficiently large (larger than the maximum that is attained by g4(%;)
on the feasible set in which z; lives.) and that the grade regions G9 are adjacent.

Next, we introduce new continuous decision variables YegZ which represent
the flow of end product e during operation of the plant in grade g and at time
instant 7. By the definition of the binary grade variables we require

0<Y! <GYYY (7.18)

e,u’

where Y9, is an upper bound on the end product flow. Ye‘fi relates to the
material flow F'(z;) as follows

SN NV, = Fz), (7.19)

g

where N7 maps the end product flow to the material flow for every end product
and in any grade. Finally, the total end product yield at time iAt is given by
Yo, = > g Ye‘fi. Using the integer description of the grade regions and after
discretization of the objective using e.g. (7.8), an alternative Mixed-Integer
Nonlinear Programme (MINLP) formulation of the transition problem can be
derived:

plant init./end cond.
min Vd,l El.'l? y Gg Yg‘ Y g t .’E = f(x,u(p, t)7y) z(o) = fg? ‘T(T) = jh
P P T Tet T () = g(x,u(p, t),y) path constraints
z=Cyx+ Cyu(p,t) h(z) <0
grade defenition product flows
gg(zi) - (1= ng)Q <0 0< Ygi < Gig}/;‘?ua Y = Zg Yeg,i }
Zng:l ZgZeNég}/eg,’i:F(zi)

(7.20)

Several approaches towards solving MINLP’s exist; most popular methods are
BB and cutting plane methods, see e.g. [22] for an overview. We propose a
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successive linearization approach for the problem at hand. For most problems,
h, g4 and F will be linear functions, leaving the process model f, g the only re-
maining nonlinearity. A linearization of the MINLP can in that case be obtained
by substituting the nonlinear dynamics by the linearized dynamics (7.10). The
linearized (inner loop) problem is a MILP which is solved in each iteration of
the outer loop.

Choice of merit function

There exist two alternative ways to confront the search directions obtained
from the inner-loop optimization with the nonlinear dynamics: the trust region
approach and the line search approach. To apply a line search we first need
to select a merit function. The choice of a merit function for problem (7.20)
is not straightforward due to the discontinuous nature of the problem. For
example consider the situation where in a particular iteration a certain quality
variable is almost brought within the specifications of a very attractive (means:
worthy) production grade. If we construct the merit function on the basis of the
objective function of (7.20), then the ‘closeness to the specifications’ will not
be rewarded. Instead, the price of the off-spec production will be accounted,
such that eventually the search step may even be rejected. One way to avoid
this is by using a smooth approximation of the economic objective in the merit
function as in the SSQP approach. Observe that such a smooth approximation
naturally favours those trajectories of the quality variables that are close to the
specifications of attractive grades. The objective-function-related part of the
merit function can be complemented by a part representing the violation of the
path and end-point constraints as in the previous section.

In few cases it may be more beneficial to use a trust region approach. For
example if the solution of the MILP inner loop problem changes a lot in each
iteration it may be meaningful to restrain the solution to a region along the
previous solution where the LTV description of the dynamics is assumed valid.
Because the institution of trust regions is generally highly case-specific we will
not pay more attention to the subject here.

Analysis of the MILP inner loop problem

Although the successive MILP approach to grade change optimization provides
an interesting alternative to the SSQP method discussed in the previous section,
the success of this method will strongly depend on how fast the MILP inner loop
problem can be solved. An analysis of the properties of the MILP is given in
Appendix D.
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7.4.2 Application to case II: binary distillation

As an example of the application of the Successive MILP approach to grade
change optimization we consider the grade change problem in a binary dis-
tillation column, similar to the previous section. For details on the problem
formulation we refer to the previous section.

Implementation

The grade constraints g9 were defined to be the upper and lower bounds on the
top and bottom quality as in Table 6.3. A slight modification to the procedure
described above is that we introduce two different types of grade variables: g7
and ¢g? for the top and bottom product, respectively. This reduces the number
of variables and constraints. The corresponding grade constraints are
gr(z)— (-G ) <0, 3G =1, g"e{1,2,3},  (721)
gT
gor(z) —(1-G7") <0, 67" =1, ¢% € (4,5}, (7.22)
gB

with g,o and gy given as follows
_/0.00— 2! [ 098— 2! (099 2!
= t—008 )27\ 2t—099 )BT 22—1.00 )

[ 0.00 — 22 [ 0.02— 22
4=\ 22002 )75\ 22-100 )"

The production flow variables are subject to the following constraints

Y9 <1000G¢", ife = g7, yg! <1000G9", if e = g,
YZ <0, ife#g", VY, <0, ife# g7,

>y =4 > Sy =,
ec{1,2,3} g7 ec{4,5} gB

The total production of end products 1 and 2 is given by

Yoi= D YY ifee (1,23}, (7.23)
gT

Yoi=Y Y8, ifee {4,5) (7.24)
gB

A Riemann sum approximation of the objective is used (7.8) with L%(2;) given
as in the example in 7.3. The discretization length was chosen equal to 0.3 as
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in the previous section. To prevent excessive control moves (observe that we
did not include any control-type of objective in the formulation so far) we add
upper and lower bounds on the rate of change of the two inputs. The upper
and lower bounds are given by

—0.25 < 20 — 20 | < 0.25, —200 < 28 — 28 | < 200.

Further, to avoid infeasibility of the MILP inner loop problem, the end point
constraint is relaxed:

B —le P <oy <z +1le

The MILP that is solved in each iteration is of moderate size. The number of
binary variables is 105. The total number of continuous decision variables is
296 after reduction.

The integration of the model and the generation of the required Jacobians
is done in gPROMS. The solution of the MILP inner loop problem is done with
GAMS-CPLEX. The packages are interfaced via MATLAB and an OPC server
as described in Section 6.4.

Results

We consider a transition from grade 3 to 5 for the second market scenario (higher
price for high-purity product). Only 7 iterations are required to converge to a
minimum of -11446.1. The solution of the successive MILP’s proceeds very fast,
total optimization time is in the same order of magnitude as for the SSQP. The
optimization results are plotted in Figures 7.8 (inputs) and 7.9 (outputs). The
transition is established in 1.5 hours. To realize such a fast transition both the
reflux ratio and the boil-up rate are first increased up to a value that is larger
than the final steady state values after which they are decreased gradually. The
reflux ratio increases at a maximum rate initially so obviously the rate constraint
is the bounding one with respect to the transition time.

7.5 Real-time optimization

So far, we discussed the development of optimization routines for off-line pur-
poses. In Chapter 6 various real-time optimization strategies were discussed.
In real-time optimization, due to the receding horizon mechanism, succeeding
optimization problems are typically rather similar. Solution methods employed
in Real-time optimization should benefit from this. Obvious tricks are the re-
utilization of optimization results, such as an initial guess or the Hessian. The
following discussion concerns the SSQP optimization only.
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Figure 7.8: (successive MILP) Optimal trajectories of the 2 input variables (reflux ratio
u', and vapor boil up rate u?) for a transition from grade 3 to grade 5 with market scenario
2.
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Figure 7.9: (successive MILP) Optimal trajectories of the first 4 performance variables
(top purity z*, bottom purity 22, distillate flow 2%, bottom flow z*) for a transition from
grade 3 to grade 5 with market scenario 2.
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Initial guess

In real-time optimization, successive solutions will typically be close. Consider
the formulation of the LHOP in Section 6.6. An adequate initial guess for the
l-th optimization cycle can be obtained by taking the remaining part of the
previous solution and extending it (if required) by the steady state solution.
A useful extension of this idea may be to correct the initial guess for the most
recent estimation of the effect of the persistent disturbance. This way, the steady
state effect of the persistent disturbance is compensated for so that the initial
state trajectories will presumably get closer to the desired end-point. Let the
steady state optimum input in the I-th cycle be denoted @*°P»!. Further, let the
LHOP solution in the I-th cycle be denoted @!*°P!. Then, an adequate initial
guess is computed as follows

TASC N H* — ATjpop <t < H®,
(7.25)
where ATjpep is the sampling time of the LHOP and HY is its horizon length
(for simplicity assumed constant here). If a uniform discretization basis is used
to parametrize the controls and if the discretization interval fits the sampling
time a whole number of times, then (7.25) directly yields an initial guess for the
parameters. In case of different parametrizations (polynomial ones for example),
an additional fit procedure will be required to compute the initial guess for the
parameters on the basis of (7.25).

Initialization of the Hessian

The inner loop problem of the SSQP is solved using an SQP algorithm. The
problem is strongly nonlinear so that many iterations may be required to con-
verge. Although function and gradient evaluations for this SQP are compara-
tively fast, there is a clear incentive to limit the number of iterations required
to a minimum. One way to enhance the convergence is via an adequate initial-
ization of the Hessian. In real-time optimization a reasonable estimate of the
Hessian is available from the previous cycle.

For simplicity, we consider only the case where a uniform discretization basis
is used to parametrize the controls and with a constant horizon for the LHOP.
Similar approaches can be derived for different parametrizations and horizon
lengths. Let the parameter vector be given as follows p = [ud, uT,... u%]T.
Further, let ATj4op = n7, with 7 the discretization interval and with n € N.
Then we can partition the Hessian that is computed in the solution of the
(I — 1)-th cycle as follows

Hl—l Hl—l
HI7! = [ 1 12 } , (7.26)
Hy ' Hy,!
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where Hi;' € RINF1I=m)nux(N+1=n)nu g the part of the Hessian that concerns
future inputs only. It is this part of the Hessian that is used in the construction
of an initial estimate of the Hessian for the [-th optimization cycle:

(7.27)

1—
HP — [ H221 Hi, ]

1 1
H21 H22

There is no unambiguous initialization of H!,, H,, and H,. A pragmatic
choice is Hly, H}; = 0 and H!, a unity matrix of appropriate dimension.

7.6 Contributions of this chapter

The grade change optimization problem is a crucial ingredient in our approach
to market-focused operation. The focus on the market requires a flexible re-
sponse of the entire company, which makes quick and cheap changeovers to
customer-specific product grades an essential part of the operating strategy.
Unfortunately, due to the strongly nonlinear dependency of the product rates
for different grades on the quality variables, the economic optimization problem
is a tedious one. In this chapter two new, tailor-made solutions were proposed
for solving it.

In the first approach, a smooth approximation of the production rates is
used. The SSQP method is developed for the optimization of this smooth
approximation, motivated from the poor performance of SQP approaches for
problems with strongly nonlinear objectives like this one. In the SSQP method,
instead of using quadratic approximations based on successive gradients, we use
an approximation in which only the process dynamics are linearized and the
original nonlinear objective function is used. The optimization of this nonlinear
approximation using the SQP method produces search steps for the original
problem. Supposed that these search steps are of much better quality then in
the conventional approach, fewer iterations and hence fewer costly evaluations
of the model and the sensitivity equations are required to converge to a local
minimum. The better performance of this method in comparison with the con-
ventional SQP approach was demonstrated for a grade change problem on a
binary distillation column.

In the second approach, the production rates are coupled to the quality
variables via the introduction of a set of binary variables and linear equality and
inequality constraints. Together with a linearization of the process dynamics
these equations constitute a MILP inner loop optimization problem which can be
used to generate search steps in the original nonlinear problem. The advantage
of this approach over the SSQP method is that a guarantee on the (local) quality
of the search steps (more precise: on the quality of the solution to the inner
loop problem) can be obtained. The optimization procedure then reduces to
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the solution of a series of MILP’s. This of course may be computationally
demanding for large problems, which is a possible disadvantage of this approach.
Some confidence was gained through the application of the successive MILP
approach to the grade change problem on a binary distillation column, where
computations spent on the MILP’s were very fast.
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Chapter 8

case I1I: HDPE production

This chapter presents the application of grade change optimization and produc-
tion scheduling to a realistic simulation case study: production of HDPE in a
gas-phase reactor. The aim of this study is to demonstrate for a specific case the
feasibility and the potential benefits of the optimization approaches presented in
this thesis. First, a process description is given (8.1). Next, the application of
the SSQP method presented in Section 7.3 to the HDPE grade change optimiza-
tion problem is treated (8.2). Finally we describe the application of the flexible,
business-wide production scheduling and compare the performance to traditional
slate scheduling for a specific market scenario.

8.1 The gas phase HDPE plant

A process schematic of the HDPE plant under consideration is given in Fig-
ure 8.1. The gaseous monomers, together with hydrogen and nitrogen enter the
reactor at the bottom. Only part of the gas flow reacts on the catalyst surface in
the fluidized bed; the rest leaves the reactor through the gas cap and is recycled
through the counter current flow heat exchanger in which the heat of reaction
is removed. Part of the content of the reactor can be flaired through the purge.

A grade of polymer is here defined by its density and melt index. The density
of HDPE typically varies between 930 and 970 kg/m3 [93] and is influenced by
the amount of co-polymer (butylene in our case) that is injected into the reactor.
The short branches that the co-polymer induces create sparser structures of the
polymer, hence leading to decreased densities. The melt index is a measure of
the polymer’s viscosity. Different definitions of the melt index exist. In our
model it is defined as the velocity with which the polymer moves through a
standard die under standard conditions. The melt index is mainly influenced

153
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Figure 8.1: Schematic process flow sheet of the gas phase HDPE polymerization process.

g | constraints

1]9328<21<9332]08<22<1.2
219378 <2 <9382 | 08<22<12
31937.8<2<9382|28<22<3.2
419328 <21 <9332 | 28<22<3.2
519428 < 2! <9432 | 0.8 < 22 < 1.2

Table 8.1: The five production grades for the

HDPE

reactor.

by the amount of hydrogen added during production: hydrogen acts as a chain
terminator hence more hydrogen leads to shorter chain lengths in the average
and thus to higher melt indices. Melt indices vary over a wide range, typically
le-3 through le3, therefore generally the logarithm of the melt index is used.

In this study we consider 5 different product grades. The product grades
are defined by bounds on the density (2') and the natural logarithm of the melt
index (2?2) of the polymer as given in Table 8.1.

Model of the HDPE plant

In our optimization studies we have at our disposal a DAE model of the HDPE
plant. The model is based on [16] and the thesis of McAuley [55] and further
refined by the author together with Wim van Brempt! in the IMPACT project.

1IPCOS Technology, Leuven
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The model has the following properties:

The fluidized bed is modeled as a 3-phase system, consisting of a bub-
ble phase, an emulsion gas phase and an emulsion polymer phase. Both
emulsion phases are assumed perfectly mixed. Mass transfer between the
bubble phase and the emulsion gas phase is modeled using Fick’s law.
The emulsion gas phase and the emulsion polymer phase are assumed to
be in phase equilibrium. The dynamics of the bubble phase are neglected.
Instead, a static spatial concentration distribution (function of height) is
modeled.

Co-polymerization reactions (butylene co-monomer) occur on the surface
of Ziegler-Natta catalyst particles in the emulsion polymer phase. The
following reactions are modeled according to Ziegler-Natta kinetics [19]:
1. catalyst activation, 2. chain initiation, 3. chain propagation, 4. chain
transfer, 5. catalyst deactivation. Zeroeth, first and second order moments
of the polymer chain length distribution are calculated on the basis of
which density and melt index are inferred using empirical relations.

On top of the reactor a wide gas cap is placed in order to avoid catalyst
and polymer particles to be entrained towards the cooler. The gas cap is
modeled as being ideally mixed.

The counter current heat exchanger is modeled using a multi-compartment
model.

A purge outlet flow makes it possible to remove nitrogen (and other gases)
from the reactor.

Four low-level PI controllers stabilize the process: a gas cap pressure con-
troller (manipulating the ethylene input flow), a gas cap temperature con-
troller (manipulating the heat exchanger cooling water flow), a fluidized
bed level controller (manipulating the production outlet flow), and a ni-
trogen content controller (manipulating the nitrogen input flow).

A flow driven representation is used.

The resulting model contains about 1000 variables amongst which 40 differential
variables.

8.2

Grade change optimization

Nowadays, the control of grade changes in HDPE production is often a task for
the operators. They typically use experience-based recipes for the manipulation
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of the controls so as to realize the transition in reasonable time. It is not likely
that the operators use the plant to its full potential, simply because their insight
in the plant dynamics is naturally limited. These limitations can be overcome
using model-based optimization.

Model-based optimization of grade changes for HDPE processes has been
studied before in literature, significant contributions were made by McAuley and
McGregor [56, 55]. McAuley and McGregor mention several criteria that can
be used to distinguish desirable transitions from undesirable ones: transition
time, off-spec production, safety, economically desirable end-conditions. The
optimization procedure that they present however does not reflect the economics
of the transition, instead more or less arbitrary quadratic weightings on the
deviation of the quality index variables from the target setpoints were used. We
believe that the framework for economic optimization of grade transitions that
we introduced in Section 5.2.3 and for which solution methods were presented
in Chapter 7 is better suited to capture the different criteria for desirable grade
transitions. To demonstrate this, the application of the SSQP method for the
optimization of grade changes will be described next.

8.2.1 Problem formulation

The general mathematical formulation of the grade change problem is given in
Section 5.2.3. The cost function is constituted by a part that represents the
economics and an additional control type penalty. For the HDPE process, the
economic objective is defined as

T 3
Vo= [ [Xmae - X v | (8.1)
0 r=1

e€{g,h,6}

where the feed flows are given by Cj(z) = 2%, Ca(2) = 25, and C3(z) = 27.

Y, and Y}, refer to the production flows of the departure grade and the target
grade, respectively and are given by (7.4), where F(z) = 23, G9 are defined by
(7.5) and Mg = 1if g = e and zero otherwise. Yg refers to the production of
off-spec material. It is assumed that during a transition, all material that is not
within the specifications of either one of the grades connected by the transition
is off-spec material. This leads to the introduction of a transition-dependent
grade variable G® which is equal to one if the specifications of both grades are
violated and zero otherwise. Hence, for a grade transition from grade g to h we
have G¢ =1 — G9 — G".

The horizon over which the optimization is done is fixed to 12 hours. Piece-
wise constant controls are sought with a sampling time equal to half an hour.
To avoid solutions with unacceptably aggressive controls we consider in addition
to the economic objective a control-type of objective. This objective function,
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constraints
0 <zt< 10%

0 <z2< 104

0 <20« 10*

0 <z < 52x10*
0 <20« 1

24 <zl < 30

Table 8.2: Process constraints for the HDPE reactor.

which we must admit is chosen rather arbitrarily, penalizes quadratically the
rate of change of the input variables. The control objective is given as follows:

T

6 \ I 6 6 6 6 6
z(% z(% o 277 - 21‘7—1 z17 - 217—1
Z Z 2l — 2! 2l — 2!
V. — 0 R 0 + ) i—1 R ) i—1
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2 =3 z =z z =z

The overall objective is obtained by combining the economic and control objec-
tive

V= V:ec'i_vcm

The operation of the reactor is subject to operating constraints as given in
Table 8.2. The most vital constraint in relation to safety of the process is the
constraint on the cooling water flow. During normal operation of the plant
strict bounds on the cooling water flow must be obeyed so as to guarantee a
satisfactory safety margin in case of unexpected peaks in the heat production.
The same safety margin must be guaranteed during transitions.

It was argued in 5.2.3 that different changeover strategies may need to be
considered for a variety of market conditions. The sensitivity of the solutions
with respect to the market conditions will be studied by varying the prices of
the different grades of polymer and the feedstock.

Optimal steady state operating conditions are sought by static optimization.
Provided the revenues on polymers exceed the cost of the raw material, the
maximization of the added value reduces to the maximization of the production.
The static optimization is performed using gPROMS’ internal optimizer gOPT.

8.2.2 SSQP optimization

The SSQP approach to grade change optimization as outlined in Section 7.3
utilizes a smooth approximation of the objective function. The approximation
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that we use here is given by the Riemann sum of an approximation of the
integral (8.1), V40 = rzfgl L%(z;), where L is a smooth approximation of
the function in (8.1), given by

3
L(=) = Y ppCr(z) = (95 + 20 — pR)G? + 2 (ph —pH)G") . (8:2)
r=1
G9 and G" are smooth approximations of G and G" defined by

G9 :=1/n? (arctan('yl(zl - le,g)) + arctan(y; (219 — zl))) :

(arctaun(’yg(z2 — zf’g)) + arctan(ya (229 — 22))) , (8.3)

1 2 .
where z;9, 29 and 219 229 are the lower and upper bounds, respectively on

the density and melt index of the polymer for grade g. In our optimizations we
choose 71 and 72 fixed and both equal to 200.

The end point constraint is incorporated by means of a penalty term added to
the objective. The penalty term is given by > .-%, gy ;(2* —Z"%)? with weighting
factors gy ;. Because most of the states are different physical quantities and
numerical values can differ by orders of magnitude, gy, ; are chosen so as to
scale the contribution of the different states to the penalty. The scaling we
apply is a division by the square of the steady state value of the corresponding
state in the departure grade g, ¢n,; = with gy a positive scalar which
we select equal to 100.

aN
(z9:1)2+41"

Analysis of the process nonlinearity shows the strong nonlinear dependency
of some of the states on the inputs. This makes the optimization problem
very hard to solve. To help fulfillment of the end-point constraint we force
the trailing part (8 hours) of the input trajectory to be equal to the steady
state values corresponding to the target grade. This is a very pragmatic way to
enforce steady state behavior at the end of the horizon which has its roots in the
very early industrial developments of MPC, see e.g. [24]. Because the controls
are not allowed to vary over the trailing part of the horizon the states naturally
converge to a steady state, assuming open loop stable behavior of the plant. An
obvious disadvantage of this approach is that longer horizons are required and
thus longer computation times. However, the combination with the quadratic
penalty proves very effective in enforcing solutions that are close to the desired
end-point without requiring the horizon over which the controls were fixed to
be excessively long.

8.2.3 Results

First, as an example of the application of the SSQP method to the grade change
optimization problem we consider the transition from grade 3 to 5 with p3, = 0.7,
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p% = 1.5, and p% = 0.3. Prices for the raw materials (ethylene, butylene,
hydrogen) are chosen fixed for all optimization studies, respectively pk = 0.45,
p% = 0.6, and p3. = 0.11.

Step-wise input manipulation An indication of the open loop dynamics
of the plant (under basic control) can be obtained from Figure 8.2 where the
open loop controlled transition from grade 3 to 5 is plotted. Observe that
it takes almost 10 hours for the density and the melt index to arrive within
the specifications of grade 5. Further, the production and cooling water flow
are increased due to the slower reactions of the ethylene in comparison with
the co-polymer butylene. The cooling water flow even increases beyond the
maximum cooling capacity, hence this transition is not even feasible in practice
(the saturation on the cooling water flow is not coded in the model, instead it
will be enforced in the optimization). The characteristics of the grade transition
can be enhanced using model-based optimization as will be shown next.

SQP optimitization To demonstrate the performance of the SSQP method
in comparison to the standard SQP approach we first apply the latter to the
problem. The optimization is warm-started by providing an estimate of the
Hessian like in the example of Section 7.3. Over 75 iterations and 100 function
evaluations are required to converge to a local optimum of -29,978.9.

SSQP optimitization Next the SSQP method is applied to the same prob-
lem. Only 3 iterations are required to converge to a slightly better optimum,
namely -30.1452. The resulting trajectories of the density (z!), the melt index
(22), the production (2%) and the cooling water flow (z*) are plotted in Fig-
ure 8.3. The bounds on density and melt index that define respectively grade 3
and 5 are included in the picture. The corresponding controls, the butylene feed
(u'), the hydrogen feed (u?), the catalyst feed (u3) and the pressure setpoint
(u*) are plotted in Figure 8.4. The actual changeover time is only 5 hours. Dur-
ing the changeover the production is reduced in order to minimize the losses due
to off-spec production. This reduction of the production is established through a
temporary reduction of the catalyst feed and the pressure setpoint. The cooling
water flow is below a level of 5.2e4 at all times.

Different market situations

Next, the dependency of the optimal changeover strategy on different market
situations is studied. Whether or not to consider different transition modes is an
important decision in relation to the construction of the production database for
the scheduler, see the discussion in Section 5.2.2. We explained in Section 5.2.3
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Figure 8.2: (SSQP) Trajectories of the density (2'), the melt index (2?), the production
(%) and the cooling water flow (z*) for a transition from grade 3 to grade 5 using step
wise modification of the butylene feed, the hydrogen feed and the catalyst feed (u', u?,
and u?).
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Figure 8.3: (SSQP) Optimal trajectories of the density (z'), the melt index (2?), the
production (2%) and the cooling water flow (2*) for a transition from grade 3 to grade 5.
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Figure 8.4: (SSQP) Optimal trajectories of the butylene feed (u'), the hydrogen feed
(u?), the catalyst feed (u®) and the pressure setpoint (u?*) for a transition from grade 3
to grade 5.
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that the formulation of an integral economic objective function like (5.15) can
be seen as a generalization of all relevant instances of the grade change problem,
including the ‘time-optimal’ one. Different scenarios can be enforced by selecting
different values for p% and p%. We consider again the transition from grade 3 to
grade 5 for three different market scenarios. In the first scenario the prices for
grade 3 and 5 are chosen equal so that there is no economic incentive to establish
the grade change as early as possible. The second scenario is as described
above, with a price for grade 5 that is significantly higher than that for grade
3 (1.5 compared to 0.7). In the third scenario, the only goal is to produce as
much of grade 5 as possible. The trajectories of the the density (z!), the melt
index (z2), the production (2%) and the cooling water flow (z%) are plotted in
Figure 8.5 for the three scenarios. Apart from minor differences between the
three solutions, the changeover strategies are quite similar for different market
situations. Hence there appears to be no incentive for considering different
transition modes. This can be explained from the fact that in HDPE transition
control, the main factor determining transition economics is the amount of off-
spec production. Economically optimal changeover strategies will tend to the
minimization of off-spec production, pretty much independent of the factual
prices of the grades.

Optimization of all transitions With the product prices chosen according
to the second scenario, 20 grade transitions are optimized. These are used to
construct the production database for the scheduler.

8.3 Production scheduling in compliance with
process and market dynamics

Traditional production scheduling in HDPE plants is done using so-called grade
slates, i.e. by running through fixed sequences of neighboring grades. Obviously,
the flexibility of such an operating strategy in coping with changing market sit-
uations and attractive sales opportunities is limited. The dynamic optimization
studies from the previous section demonstrate the feasibility of a more flexible
operating strategy where the production schedule is determined on the basis of
the most recent information from the market and the status of the plant and
the stocks. How such a scheduling problem can be formulated was shown in
Chapter 5.

In this section, we will investigate the potential improvement of this flexible
plant scheduling in comparison with the traditional operation along product
slates for the HDPE production plant. To this end we will introduce a spe-
cific market scenario (Section 8.3.1) for which the traditional and improved
scheduling approach are implemented (Sections 8.3.2 and 8.3.3, respectively).
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Figure 8.5: (SSQP) Optimal trajectories of the density (z'), the melt index (2?), the
production (z®) and the cooling water flow (z*) for a transition from grade 3 to grade 5 for
three different prices of grade 5: p} = 0.7 (solid), p%» = 1.5 (dashed), p3 = 3 (dotted).
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sh h h ,h Jh Jh
TY? Tng TYsg T Y49 T Y59 TYGg

1
4.455e+004  0.000e+000  0.000e4+000  0.000e4-000  0.000e4+000  0.000e+000
2.603e4+003  2.999e4-004  0.000e+000  0.000e+000  0.000e4+000  1.170e4-004
2.549e+-003  0.000e+-000  2.819e¢+4004  0.000e+000  0.000e+000  1.354e+004
5.973e+003  0.000e+000  0.000e+000  2.287e+004  0.000e+000  1.557e+004
2.227e+003  0.000e4-000  0.000e+000  0.000e+000  2.740e+004  1.428e+004
2.847e4+004  4.411e4003  0.000e+000  0.000e+000  0.000e4+-000  1.071e+4004
0.000e+000  4.413e4+004  0.000e4-000  0.000e+000  0.000e+000  0.000e+-000
0.000e+000  9.550e+003  1.896e+004  0.000e4+-000  0.000e+000  1.550e+004
0.000e+000  2.207e+003  0.000e+000  2.668e+004  0.000e+000  1.475e+004
0.000e+000  3.928e+003  0.000e4+-000  0.000e+000  2.938e+004  1.057e+004
2.847e4+004  0.000e4-000  4.414e+003  0.000e+000  0.000e4-000  1.066e+-004
0.000e+000  2.956e4+004  7.489¢4-003  0.000e+000  0.000e+000  6.957e+4003
0.000e+000  0.000e+000  4.411e4+004  0.000e4-000  0.000e+000  0.000e+000
0.000e+000  0.000e+000  1.137e+004  2.427e+004  0.000e+000  7.476e+003
0.000e+000  0.000e+000  3.948e+4-003  0.000e+000  2.792e+004  1.171e+4004
3.257e+004  0.000e4+000  0.000e4-000  4.467e+003  0.000e+000  7.304e+4-003
0.000e+000  2.812e+004  0.000e+000  2.602e+4-003  0.000e+000  1.333e+004
0.000e+000  0.000e+000  2.967e4+004  3.894e+4-003  0.000e+000  1.063e+004
0.000e+000  0.000e+000  0.000e+000  4.462e+004  0.000e+000  0.000e+000
0.000e+000  0.000e4+000  0.000e4+000  2.228¢4-003  2.742e+4004  1.427e+004
2.810e+004  0.000e+4-000  0.000e+000  0.000e+000 1.090e+-003 1.408e+-004
0.000e+000  2.782e+004  0.000e+000  0.000e4-000  7.655e+003  7.585e+003
0.000e+000  0.000e4+000  2.309e+4-004  0.000e+000  4.403e+003 1.610e+-004
0.000e+000  0.000e+000  0.000e4-000  2.447e+004  4.027e+003 1.490e+-004
0.000e+000  0.000e4+-000  0.000e4-000  0.000e+000  4.378e+004  0.000e+4-000
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Table 8.3: Production data for the HDPE plant.

The process data is based on the results of the static and dynamic optimization
described in the previous section. More details on the example can be found in
[68].

8.3.1 Production, market and inventory data

A uniform discretization of time is chosen with production intervals of 12 hours.
All transition times being smaller than 12 hours we can use the single-interval
transition model described in Section 5.3.2. The production data which is com-
puted on the basis of the static optimization of the grades and the dynamic
optimization of grade transitions using (5.19,5.20) is given in Table 8.3. The
consumption of raw materials for the grades and grade changes are given in
Table 8.4.

A fictional order/opportunity database is constructed. The database is con-
structed in such a way that about 80% of the production capacity is used for
production orders. The remaining production capacity can be used for attractive
sales opportunities. Such opportunities frequently arise in the HDPE market,
for example in case a competitor cannot meet his delivery contracts due to pro-
duction problems or wrong-scheduling. The sales order/opportunity database
is given in Table 8.5. The sets of time instances at which transactions can take
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TCI" TCY" TCgh
4.300e+004  0.000e+000  0.000e+000
4.328e+004  2.999e+004  0.000e+000
4.326e+004  0.000e+000  2.819e+004
4.289e+004  0.000e+000  0.000e+000
4.330e+004  0.000e+000  0.000e+000
4.206e+004  4.411e+003  0.000e+000
4.304e+004  4.413e+004  0.000e+000
4.294e+004  9.550e+003  1.896e+004
4.209e+004  2.207e+003  0.000e+000
4.323e+004  3.928e+003  0.000e+000
4.202e+004  0.000e+000  4.414e+003
4.293e+004  2.956e+004  7.489e+003
4.302e+004  0.000e+000  4.411e+004
4.164e+004  0.000e+000  1.137e+004
4.293e+004  0.000e+000  3.948e+003
4.283e+004  0.000e+000  0.000e+4-000
4.304e+004  2.812e+004  0.000e+000
4.318e+004  0.000e+000  2.967e+004
4.307e+004  0.000e+000  0.000e+000
4.332e+004  0.000e+000  0.000e+000
4.170e+004  0.000e+000  0.000e+000
4.200e+004  2.782e+004  0.000e+000
4.251e+004  0.000e+000  2.309e+004
4.186e+004  0.000e+000  0.000e+000
4.308e+004  0.000e+000  0.000e+000
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Table 8.4: Raw material consumption data for the HDPE plant.

place are chosen sparse in order to limit the number of binary decision variables.
It is important to note that the scenario that we define is a snapshot of the sup-
posedly true behavior of the internal supply chain and its interaction with the
market in time. The market database should hence be seen as being the result
of previous interaction with the market and the orders are negotiated preferably
on the basis of earlier feedback from the scheduler to the sales managers. This
being the setting that we consider we can without doing harm to reality assume
(and enforce) that the order opportunity database is feasible i.e. that all orders
can indeed be delivered. To be able to compare the performance achieved with
the traditional slate scheduling to the performance with the flexible scheduling,
feasibility is ensured for the inflexible slate scheduling approach too.

The purchasing strategy for HDPE production is of little interest in this
study. Observe from Table 8.4 that the consumption rate of ethylene, the main
raw material, is almost similar for all grades. Consumption of butylene and
hydrogen is relatively low for all grades and so will be the economic impact of
how these are acquired from the market. Moreover, HDPE production often
takes place in the near vicinity of ethylene production facilities which provide
a limitless supply of ethylene. If this is not the case, still average consumption
rates can be used to predict the necessary consumption on the basis of which a
purchase strategy can be chosen independent of production and sales decisions.
For these reasons and to avoid the dimension of the optimization problem to be
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Sales of grade 1 Sales of grade 2

s SALS S8Ls QO SOb:s s S A28 5825 Qo S0

1 300,000 0.7 {8} 1 1 250,000 0.70 {8,15} 1

2 150,000 1.55 {15,22} 0 2 200,000 1.31 {22,29} 0

3 200,000 0.71 {15,22} 1 3 250,000 1.60 {28,35} 0

4 250,000 0.72 {43,50} 1 4 150,000 1.20 {43,50,57} 0

5 180,000 1.20 {71,78} 0 5 200,000 0.65 {64,71} 1
Sales of grade 3 Sales of grade 4

s SA3:s S$35 Qg SO33 s SA%s S84 Qq SO%s

1 250,000 1.60 {8,15} 0 1 250,000 0.70 {8} 1

2 300,000 0.70 {22,29} 1 2 200,000 1.15 {22,29,36} 0

3 200,000 1.65 {50,57} 0 3 300,000 0.71 {36,43,50} 1

4 150,000 1.30 {64,65} 0 4 150,000 1.20 {57,64,71} O
Sales of grade 5 Sales of off-spec material

s S A5 S855 Q5 5 SO5% s S A8 5865 Qg s SO6-s

1 200,000 0.60 {8,15} 1 1 100,000 0.32 {8,..,36} 0

2 250,000 1.35 {15,22,29} 0 2 100,000 0.33 {43,..,78} O

3 200,000 1.50 {29,36,43} 0

4 220,000 0.73 {50,57,64} 1

5 150,000 1.25 {71,78} 0

Table 8.5: Sales order and opportunity database for the HDPE production facility.

enlarged unnecessarily, the purchase decisions are not included in the scheduling
problem. The economic objective is modified likewise. Instead of including the
contribution of the purchase expenses, a fixed-priced cost of raw-material is
instituted. The objective recursion (5.32) then becomes:

Vier = (L+)Vi D D i SAGTS™ =33 T TC b,
e s T g h

with pk = 0.45 (ethylene), p% = 0.6 (butylene), and p3 = 0.11 (hydrogen)
Initial inventory levels, the storage constraints and the end-storage apprecia-
tion of respectively the raw materials and the end products are finally given in
Tables 8.6 and 8.7. To represent a practical situation as realistically as pos-
sible non-zero initial storage levels are chosen, denoted respectively RST and
ESY in the aforementioned tables. These values are chosen rather high so as to
avoid infeasibility of orders, especially when considering the less flexible slate
scheduling scheme. To avoid a surplus of profit due to the large initial storage
levels an equal amount of material in storage is required at the end of the hori-
zon. Thereto the problem formulation is extended with the following inequality
constraints:
ESE > ESy,, RSy > RSy ,.
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| r RSy RS! RST RS, RS |
I o0 10,000,000 1,100,000 600,000  0.45
2 0 450,000 60,000 35,000  0.60
3 0 2,000 250 100 3.30

Table 8.6: Raw material storage attributes for the HDPE plant.

ESE ESe ES¢ BSy,  E$° |
5,000,000 325,000 300,000 1.02
5,000,000 315,000 300,000 0.98
5,000,000 270,000 300,000 1.06
5,000,000 270,000 300,000 1.05
5,000,000 306,000 300,000 1.03
5,000,000 22,000 0 0.33

ST WN O
(el NNl

Table 8.7: End product storage attributes for the HDPE plant.

8.3.2 Traditional slate scheduling

Sinclair [77] elaborates on how slates for polymer production are determined.
The slate he considers is going back and forth through a sequence of grades. The
sequence is determined in such a way that the overall grade change effort, which
can be characterized for example by grade change time or off-spec production,
is minimized. We assume that the off-spec production during a grade change
is characteristic for its undesirability. The minimization of the total amount of
off-spec production leads to the following MILP optimization:

> Ger=1,

G Héig% 1} ZZZTG,MTYG@h | Ty pt st Ztg=1 Gy =1,
g.t s P h : Gg,t :Gg’lo,t,VtE {2,,4}

Zg Zh Tg,h,t = 17

Zh Tyne < Gy,

Zg Tynt < Ghiy1,Vt € {1, RN 7}, Zg Tyng < Gh71
(8.4)

where Gy are the binary decision variables representing the grades and T 1 ;
are the transition variables (see also Section 5.3.2). The first constraint implies
that only one grade can be performed at a time, the second states that each of
the 5 grades should appear once in the first half of the slate, the third enforces
the slate to be symmetric along the middle grade. The last three constraints
enforce that the corresponding transition variables are selected, like in (5.17).
The solution of (8.4) is given by the grade sequence {5,2,1,4,3,4,1,2}. The
repeated execution of this sequence of grades defines the production slate.
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Literature is not very explicit on how the timing of product slates is executed
in a practical setting. Sinclair [77] tends to an a priori fixation of the durations of
the slate, however an operating strategy that never adapts production to actual
sales seems unrealistic. The alternative is to determine the duration of the
grades using a model-based optimization approach as proposed for the flexible
scheduling. Prinssen [68] analyzes both approaches, assuming that realistic
operation should probably be somewhere in the middle. We will follow the
same approach.

Fixed duration

This strategy represents the least flexible operation that we consider. Produc-
tion is scheduled on the basis of average demand figures. No flexibility is present
to adjust the operating strategy to the market situation. Instead, the best one
can do is to adjust the sales strategy to the market situation for as long as
inventory levels permit this. Sinclair [77] describes how an optimal cycle time
can be computed by balancing the transition costs against the cost of inven-
tory. He shows how this problem leads to NLP’s of moderate dimension which
can be solved using standard software. Prinssen [68] analyzes this approach
and outlines some limitations, the main one being the assumption of constant
demand rates. Relaxing this assumption means that one must pragmatically
add minimum buffer storage to cope with time-varying demands which makes
the use of determining the optimal cycle time via optimization at least ques-
tionable. Based on a few test optimizations Prinssen concludes that a cycle
time of 6 weeks seems reasonable for the problem at hand. The starting grade
for the grade slate and the order base are selected such that all orders can be
delivered. Because the production decisions are fixed according to the a priori
determined grade slate the only remaining degree of freedom is purchase man-
agement, i.e. the fixation of delivery times and the negotiation with customers
to turn sales opportunities into orders. To optimally support this decision mak-
ing we construct an optimization problem using the mathematical formulation
of the scheduling problem given in Chapter 5 where all the grade decision vari-
ables are fixed corresponding to the product slate. The optimal sales decisions
are computed using CPLEX, which takes only a fraction of a second.

The optimum found is 2,857,900. The optimal sales strategy is depicted in
Figure 8.6 where the production schedule as well as variations in the storage
levels of the 6 end products are given for the 6 weeks horizon that is under
consideration. Storage levels increase gradually during production and decrease
abruptly due to sales actions. The corresponding transaction number is given in
the figure where a star is used to indicate when the corresponding transaction
concerns a sales opportunity. All orders are delivered in time which is a logical
consequence of the fact that the order database was constructed to be feasible.
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Besides the product orders the scheduler selects the sales opportunities 5 for
grade 1, 4 for grade 2, 4 for grade 4 and 2 for the off-spec material. At this
stage we cannot conclude whether and to what extent the inflexible production
strategey leads to a performance that is far off from the true potential of the
plant. Therefore we need to compare the obtained results with the more flexible
scheduling strategies which will be treated next.

Flexible duration

The mathematical formulation of the flexible slate scheduling problem is almost
equivalent to that of the flexible scheduling problem which will be described
next with the exception that only the appropriate transitions are allowed. This
amounts to fixing all the grade transition variables associated with transitions
that are not allowed in the slate to zero.

The slate scheduling problem is implemented GAMS. The BB solver CPLEX
is used to solve it. Approximately 3 hours of computation on a moderate per-
sonal computer were required to solve the problem to a solution with a guaran-
teed distance of 3.5% from the best open node. The resulting objective value
was 3,245,032 which is over 13% better than the optimum objective obtained
with the slate with fixed duration. The corresponding course of the main vari-
ables in the problem is displayed in Figure 8.7. Observe that many transitions
are made so that the entire product slate is executed twice within the period
of 6 weeks. More transitions lead to increased off-spec production, however the
increased flexibility makes it possible to select more and more attractive sales
opportunities. Opportunity 3 for grade 2 is selected, 1 and 3 for grade 3, 3
for grade 5, and finally 2 for the off-spec material. From Table 8.5 it can be
observed that these are indeed more attractive sales opportunities than the ones
selected in case of the fixed-duration slate scheduling.

We can conclude that the scheduling of the durations in the product slate in
compliance with the market situation can yield large benefits compared to the
inflexible operation with fixed durations. The reader should note however that
realistic operation of the slate is probably somewhere in between the fixed and
optimal duration schedules that were treated here.

Next we will investigate what further improvements can be achieved if, by
means of advanced process control technology, all transitions are enabled, lead-
ing to the flexible scheduling approach discussed in Chapter 5.

8.3.3 Flexible production scheduling

The inherent inflexibility of the slate scheduling approach can be overcome us-
ing the flexible scheduling approach outlined in Chapter 5. In this approach the
production is allowed to switch to any other grade at each production interval,
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providing much improved flexibility to deal with changes in the market situation
and to react to attractive sales opportunities. Whether and to what quantita-
tive extent this improved flexibility can be useful in case of HDPE production
scheduling is studied next.

A solution to the flexible scheduling problem was found in several hours
and to a guaranteed optimality of slightly more than 2.3 %. The objective
value was equal to 3,339,845 which is over 16.8 % better than the performance
achieved with the fixed-duration slate and 2.9 % better than the flexible-slate
scheduling. The flexible scheduler selects all the sales opportunities that were
also selected by the flexible-duration slate scheduler. However, in addition to
that the attractive sales opportunity 2 for grade 1 is selected, which makes the
performance significantly better.

Although the improvement compared to the flexible-duration slate schedul-
ing is less spectacular than the improvement of the latter over the fixed-duration
slate scheduling it should be noted that the flexible scheduling approach leads
to fewer transitions (11) than the flexible-duration slate scheduling (14) which
is attractive for other than economic reasons as well.

8.3.4 Discussion

The results presented in this section demonstrate the potential benefits of the
flexible scheduling approach in comparison to the inflexible slate-mode of oper-
ation, however a few remarks may be needed to put the presented results in the
right perspective.

First, all schedules, also the least flexible ones, assume the presence of an
advanced, dynamic-optimization-based control systems for grade changes. If we
were to compare the flexible scheduling performance to a practical situation the
results would probably be even more in favour of our approach because of the
often highly inefficient changeover strategies that occur in current practice.

Second, the difference between the performance achieved using the flexible-
duration slate scheduler and the flexible scheduler is somewhat blurred due to
the fact that both problems were not solved to guaranteed optimality. In the
worst case the performance would be equal for both approaches however this
is not likely because even if the flexible slate scheduler would select the same
sales opportunities it is likely to be able to do so only at the expense of more
transitions.

Third, one must be careful not to be over-optimistic in estimating the po-
tential benefits of the solutions that we propose. Of course, the whole case is
fictional, and the presence of so many attractive sales opportunities is probably
an exceptional situation in practice. Still, if attractive sales opportunities arise
the flexible scheduler is a lot more likely to honor them than the slate scheduler,
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sufficient confidence of which is provided by the results presented in this section.
Another practical issue that is not represented in this example is the possibility
for blending different grades. In practice, blending provides an additional means
to achieve production flexibility.

Finally, it should be noted that only a single, open-loop optimization result
has been shown. The closed loop performance of the internal supply chain,
where the scheduler responds to deviations of the market and the process from
the prediction, is not analyzed here since this would require extensive and very
time-consuming simulations. Such an exercise is required however to gain insight
in the true benefit of the solutions that are proposed.

8.4 Contributions of this chapter

This chapter presents the application of the off-line model based grade change
optimization techniques presented in Chapter 7 and the supply-chain-conscious
production scheduling of Chapter 5 to a realistic simulation of HDPE produc-
tion. The aim of this chapter is to demonstrate the feasibility as well as the
potential of the developed methods for a realistic simulation case that is rele-
vant to chemical process industry.

The off-line grade change optimization studies demonstrate both the feasi-
bility and the potential of economics-based optimization of grade transitions
in HDPE production using the methods presented in this thesis. Despite the
considerable dimension of the model (approximately 1000 variables) and a total
number of 96 optimization parameters, local minima were attained in tens of
minutes on a moderate PC. Using the newly developed SSQP method conver-
gence was attained in no more than 15 iterations. For the same problem, the
SQP method uses over 75 iterations and as many costly evaluations of the model
and the sensitivities. As to the operational benefits for this specific case, model
based optimization reduces grade change times from a typical 10-12 hours (for
step wise modification of the controls) to a typical 5-6 hours. Also, the optimizer
successfully reduces production levels during the transition in order to minimize
off-spec production.

The application of the flexible production scheduler to the HDPE case demon-
strates the possibility to support decision making of production and sales man-
agers in such a way that the economic performance of the entire internal supply
chain is optimized. A six week production schedule and sales strategy are op-
timized for a 5-grade HDPE plant using MILP optimization. The optimization
is done for a specific, fictional order/opportunity database that represents the
market situation. The predicted added value for this flexible scheduling ap-
proach is compared to the added value achieved using the more traditional slate
scheduling and significant improvements in the order of several per cents of the
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CAV are concluded.



Chapter 9

Conclusions and
recommendations

This thesis concerns the development of new, market-focused operating strate-
gies for continuous chemical manufacturing plants. To this end two main prob-
lems were formulated in Chapter 2:

1. How can we schedule the production of continuous chemical processes in
compliance with market demands and the capacity of the process, and to
a company- (or supply-chain-wide-) optimum ?

2. How can we control the operation of continuous chemical plants subject
to disturbances in compliance with the production schedule and to an
economic optimum ?

Answers to these questions are given in Section 9.1. Finally, recommendations
for further research are given in Section 9.2.

9.1 Conclusions

The conclusions are categorized according to the sub-problems that were out-
lined in Chapter 2.

1. Scheduling

For a chemical manufacturing company to merge to market-focused operation
purchasing, production and sales decision making should be geared to one an-
other and strive for a common, company-wide goal. This can be achieved
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through the institution of a scheduler that continuously selects the most de-
sirable decisions regarding purchasing, production and sales so as to optimize
the predicted behavior of the entire company. For single-machine multi-
grade processes, such a scheduler can be designed by capturing the
purchasing, production and sales decisions and their effect on the
company’s objective into a MILP which can be solved using standard
software.

In particular, three design aspects were treated in this thesis: how to model
the decision making, how to optimize it, and finally, how to fit the scheduler in
the company organization.

Modeling of the internal supply chain The scheduling methodology has
been developed for a simple supply chain model, consisting of a multi-grade
single-machine continuous chemical plant with raw material storage, end prod-
uct storage and two markets at both sides. The modeling of storage is done by
mass balancing. Modeling of production decision making and purchasing/sales
decision making is an essential contribution of this thesis.

Production decision making is modeled using a task description of the plant.
Two types of tasks are distinguished: finite interval stationary tasks and tran-
sition tasks. Each tasks has an associated production interval and a production
decision is to switch from one quasi stationary task to another. In order to
reflect the true potential of the plant, the characteristics of both types of task
(amount of used raw material and produced end product) are computed via
model-based optimization.

Regarding the modeling of the purchasing/sales decision making we looked
for ways to enable the scheduler to respond naturally to changes in the market.
The resulting approach models company-market interaction using a transaction-
based framework. In this framework two types of transactions can be described:
orders and opportunities. Orders are deliveries or acquisitions according to
contracts, opportunities are foreseen purchasing or sales possibilities and in
those the expected status of the market can be expressed. Using this framework
the interaction with different market types, amongst which monopoly, oligopoly
and the free competition, can be modeled.

Mathematical formulation and optimization The scheduler oversees the
union of all possible decisions and selects a sequence of decisions that is desir-
able with respect to a company-wide objective. We showed in Chapter 5 that
this selection can be done via the solution of a MP, more specifically a MILP.
In the formulation of this MILP time is discretized uniformly and purchasing,
production and sales actions are defined for each time interval. Binary variables
are introduced to describe whether or not these actions are executed. Process



179

transitions and their effect on material flows are included in the formulation
without the need to introduce additional binary variables. Reasonable solution
times were encountered for the two test problems that were considered in this
thesis, the simple blending example (Chapter 5) and the HDPE production ex-
ample (Chapter 8), however no guarantee on the solution time can be obtained.
For practical use of the scheduler sub-optimal heuristic solutions may need to
be considered.

Decision support and organization We believe that cooperation is the
most suitable organizational concept when it comes to the (re-)organization
of purchasing, production and sales decision so as to achieve market-focused
operation. The assumption in a cooperative decision structure is that all players
strive for a common goal, the remaining problem being how to make sure that
the player’s perception of the company-wide goal and his contribution to it
is accurate enough so to achieve action-taking that is indeed in line with the
company-wide objective. This is where the role of the scheduler is imperative.
The scheduler selects out of the union of all foreseen purchasing, production and
sales actions a set of ‘optimal ones’. This way, the scheduler provides feedback
to the players and hence a basis to assess the value of their local decisions and
initiatives.

2. Control

Through the use of the scheduler large operational benefits can be gained po-
tentially, provided that the control system is designed in such a way that a
market-focused operating strategy is sustained. In this thesis we show how
for single machine, multi-grade plants this can be realized through
the institution of a NMPC-type control law that includes constraints
on the production to enforce a consistent coupling with the sched-
uler and an economic objective to maintain operating conditions that
are economically attractive. In particular, this thesis considers the follow-
ing design aspects: how to guarantee that the production is realized according
to schedule, and how to ensure acceptable computation times so as to make
real-time implementation possible. The latter aspect is approached from two
different perspectives. One is the decomposition of the control law in different
control layers on the basis of time scale analysis. The other is the tailoring of
dynamic optimization methods in order to reduce computation times.

Design strategy The basic control solution that we propose consists of a state
estimator in combination with a deterministic receding horizon optimization,
largely inspired by existing NMPC schemes. To make the plant a predictable
and reliable link in the internal supply chain, satisfaction of the production
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schedule (and hence satisfaction of customer demand) should be guaranteed
when possible. This can be achieved by including in the definition of the receding
horizon optimization problem constraints on the production and the product
quality in accordance with the product schedule. Remaining degrees of freedom
are used to optimize the process economics. This way, a true integration of
process control and economic optimization is achieved.

Decomposition The basic optimization-and-control scheme that we propose
combines nonlinear dynamics, long horizons and fast sampling times. This leads
to problems that are computationally intractable. To resolve this, we propose
several decompositions of the control problem for different disturbance scenar-
ios. The most challenging scenario that we consider is the one in which a
multi-grade processes is operated in the presence of disturbances. The decom-
position that we propose is based on the distinction of different time scales at
which disturbances occur. We distinguish fast, stochastic type disturbancess
and slow, persistent type disturbances. The latter have a long term effect but
because of their slow nature we need not respond to them immediately. Instead,
we compute at a relatively low sampling frequency and based on estimates of
the slow disturbances the steady state optimal operating conditions and the op-
timal trajectories towards those. The fast disturbances make immediate control
action necessary. To this end, the short term control decisions are computed
on the basis of a short-horizon optimization problem that aims to steer back to
a point on the long-term trajectory in an economically optimal fashion. Con-
structive finite-horizon control laws are proposed accordingly and demonstrated
successfully on the binary distillation example.

Tailored dynamic optimization strategies The control and optimization
of multi-grade plants entails non-smooth optimization problems. This is due to
the discontinuous dependence of the product flows on certain product quality
variables. Due to the non-smoothness, gradient based methods will fail to yield
satisfactory performance. This thesis describes two new approaches to solving
dynamic-economic optimization problems for multi-grade processes. Both meth-
ods use control parametrization to transform the infinite-dimensional dynamic
optimization problem in a parameter optimization problem.

The first method, denoted Successive Sequential Quadratic Programming
(SSQP), solves a smooth approximation of the non-smooth grade change prob-
lem by solving in each iteration a SQP that is constructed via a linearization
of the dynamics only. The inner loop SQP is supposed to yield a much bet-
ter approximation of the original optimization problem than a QP would, so
that much fewer iterations are required to converge to an optimum. Simulation
studies on a distillation column and a HDPE reactor confirm this.
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The second method, denoted Successive MILP, uses a finite set of binary
decision variables to relate the production flows to the product quality variables.
Search steps are computed using MILP via successive linearization of the plant
dynamics. The advantage of this approach over the SSQP method is that in
each iteration a guarantee on the quality of the solution to the inner loop (search
step) problem is achieved. However, this method does not allow to include
additional quadratic penalties on for example input deviations or the deviation
of the final state from the desired end point. The feasibility of this approach is
demonstrated on a distillation example.

9.2 Recommendations for further research

The recommendations for further research are categorized according to the two
research questions that were considered in this thesis.

Production scheduling

e The framework for modeling the chemical factory and its interaction with
the marketplace is very simple. An extension of this framework that cap-
tures more of the typical mechanisms characterizing continuous chemical
manufacturing sites is recommended. Such an extension may involve mul-
tiple plants, combined continuous and batch operations, blending opera-
tions and more complex interactions with the market.

e The solution of MILP problems is often an intricate task. This is also
true for the scheduling problem defined in this thesis: although computa-
tion times were reasonable for the HDPE case, other cases or even other
instances of the HDPE case may require very long computation times.
This is not acceptable in a real-time decision support tool. To circumvent
this problem, heuristic or semi-exact, semi-heuristic solution approaches
to the scheduling problem have to be developed. Such solutions naturally
sacrifice solution quality, however possibly at the benefit of shorter and
better predictable computation times.

e The proposed scheduling strategy for continuous chemical manufacturing
plants is the result of an academic effort. The application of this strategy
to practical cases is recommended so as to investigate the true potential
and limitations of the proposed method.

Economic optimization and control

e The most crucial ingredient in the economic optimization and control so-
lutions that we propose is a model of the plant. The derivation of such
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models, typically by combining first principles with data obtained from
dedicated identification experiments, is a very difficult and expensive task.
Another big problem is the reduction of the model size and its computation
time to acceptable levels. Research towards systematic, efficient nonlinear
modeling and model reduction is believed to be the key-enabler of the
model-based solutions that we propose.

e The control solution that we propose consists of a state estimator and
a deterministic receding horizon controller. Stochastic disturbances are
dealt with in the estimation part only. For the constrained, nonlinear
control problems that we are faced with, this may not be sufficient. One
of the problems that may occur is that the receding horizon controller runs
into infeasibilities. Such problems can be circumvented if the presence of
stochastic disturbances in combination with process constraints is taken
into account in the controller design.

e Currently, very few implementations of NMPC and other nonlinear-model
based controllers in chemical process applications exist. As a consequence,
there is little feedback to the process control research community regarding
the functioning and the applicability of the solutions that are proposed by
this community. Academia should take a cooperative attitude and strive
for more implementations through cooperation with process industries and
process control software suppliers. The results from such implementations
can be used to (re-)focus the research activities that are ongoing in the
field of nonlinear model-based process control. Interesting questions in
this respect may be the following;:

— To what extent is computation time limiting the performance? Can
computation time be traded against the accuracy of the solution?

— To what extent is plant-model mismatch limiting the performance?
How can robustness be achieved?

— Can we, based on control implementation results, identify the critical
parts in the model, so as to focus modeling or model refinement effort
to those parts?

9.3 A challenge for future process control re-
search

This thesis defines the problem of process control in the wide context of business-
wide optimization. This is an important feature that distinguishes this research
from most other academic contributions in the area of process control. The in-
vestigation of process control within a business-wide context is believed to be an



appealing direction for future process control research for various reasons. First,
the business-wide context forces the process control researcher to think of per-
formance specifications that make sense: the fact that the process is considered
in relation to its (economic) environment will provide increased insight in the
requirements of future process control solutions and will guide the development
of these.

Second, the extension of the system boundary to capture not only the process
itself but also its interaction with other processing units and the marketplace
provides researchers new, interesting challenges, both of theoretical and practi-
cal nature. Some of these were mentioned in the previous section.

Finally, for academia choosing a business-wide context of their process con-
trol research, will make their contributions easier interpretable by and more
appealing to industry. Therefore, such a focus may help to bridge the theory-
practice gap in process control.
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continuous time state space state transition matrix
continuous time state space input-to-state matrix
Hessian approximation

mole fraction in liquid phase

feed composition (distillation example)

raw material consumption (rate)

state selection matrix in DAE plant description
input selection matrix in DAE plant description
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distillate flow

end product storage

end product storage end-appreciation

vector functions used to represent DAE plant model
set of feasible operating conditions

vector function representing material flows

grade

vector function representing grade constraints
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T, input to performance variable sensitivity
TNz input to final-state sensitivity
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SOP sampling time

LHOP sampling time

consumption of raw material during transition
transition mode

yield of end product during transition

set of transitions
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set of input trajectories

mole fraction in vapour flow

objective value

economic objective value

control objective value

final state penalty value

Gaussian white noise signal

bottom outflow (in distillation column)

state variables
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measured output

end product yield (rate)

performance variable

weight factor

relative volatility
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interest rate (per time span)

constant

discrete time state space input-to-state matrix
Lagrange multiplier

discrete time state space state transition matrix
(transition) time interval

set of time spans

Description
consumption
disturbance

end product index
fast

grade index
production action
time index

initial value

time index

lower bound
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L LHOP

m transition mode

D purchasing order/opportunity index

P purchasing action

r raw material index

R reference

S sales order/opportunity index
slow

S sales action
SHOP

U upper bound

Y yield

optimal value
estimated /approximated value
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Advanced Process Control
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Branch and Bound
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Differential Algebraic Equations

Distributed Control System

Dynamic Matrix Control

European Federation of Chemical Engineering
Extended Kalman Filter
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Generalized Reduced Gradient

High-Density Poly-Ethylene

Identification and Command

Improved Polymers Advanced Control Technology
INtegration of process COntrol and plant-wide OPtimization
Inequality constrained Quadratic Programme
Long Horizon Optimization Problem

Linear Programme/Programming

Linear Parameter-Varying

Linear Time-Varying

Mixed Integer Linear Programme/Programming
Mixed Integer Programme/Programming

Mixed Integer NonLinear Programme/Programming
Mathematical Programme/Programming

Model Predictive Control

NonLinear Programme/Programming

Nonlinear Model Predictive Control
Nondeterministic Polynomial
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OR

PC

QP

RTPO
SHOP

SOP

SSQP
TCP-IP

UA (-factor)

UDM

OLE for Process Control

Operations Research

Personal Computer

Quadratic Programme/Programming

Real Time Process Optimization/Optimizer

Short Horizon Optimization/Optimizer

Static Optimization/Optimizer

Successive Sequential Quadratic Programme/Programming
Transport Control Protocol-Internet Protocol
product of the heat transfer coefficient (U) and the
heat-passing surface (A)

Uniform Discretization of time Modeling



Appendix A

Review of scheduling

approaches and solution
methods

A.1 Formulations of scheduling problems

Literature displays many different classes of more or less generic scheduling
problems and corresponding formulations. Production scheduling in chemical
manufacturing is an interesting application area for operations research (OR)
sciences. Overviews of scheduling methods derived from OR can be found in
e.g. [3, 65]. In OR, scheduling problems are typically classified according to the
{a|B|v} notation, where a describes the machine environment, 3 the processing
constraints and -y the objective. The machine environment defines amongst oth-
ers the processing times, release dates (earliest time at which a job may start)
and due dates (latest time at which it may finish) of the processing jobs on the
different machines. Processing constraints may include precedence constraints,
sequence-dependent setup times and alike. Typical objectives used are ‘min-
imum makespan’, ‘minimum lateness’, or ‘weighted completion time’. Many
different combinations of these characteristics have been studied in literature.
Also, efficient solution methods have been developed for a range of such prob-
lems, some of which are derivations of solutions to well known OR problems
as the traveling salesman problem like the knapsack problem. Extensive and
specific research has been done on the problem of scheduling jobs on a single
machine. An excellent though somewhat outdated overview can be found in
[29].
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The scheduling problem at hand has a few typical characteristics which make
it hard to fit in the existing OR framework. The main problem is that the
OR-framework assumes that it has already been determined which jobs are to
be scheduled, which leads to a sequencing problem rather than the scheduling
problem we intend to examine. Also, the objectives typically used in OR are
too simple to express economically optimal operation. In the definition of OR-
objectives it is generally assumed that the production scheduling is subjected
to production orders only. According to our view on horizontal integration, the
scheduler should support the purchase and sales decision making and a basic
consequence of this is that it is not determined a priori which of the orders
and opportunities are to be met. Finally, the scheduling problem for contin-
uous chemical manufacturing leads to the introduction of sequence-dependent
transition tasks which are characterized by a transition time and the correspond-
ing raw material consumption and production. Although sequence-dependent
changeover times are mentioned in many papers on production scheduling, to
our knowledge there exists no general scheduling formulation which takes the
sequence-dependent consumption and production, and the existence of multiple
transition modes as discussed in this thesis into account as well.

A.2 Solution methods for scheduling problem

The solution of scheduling problems can not be seen independent from their
mathematical formulation. Because of the combinatorial nature of scheduling
problems in general, one must be very careful (and sometimes a bit fortunate)
not to end up with problems of unmanageable dimension and/or complexity.
Therefore, in formulating scheduling problems there is a clear trade-off between
the accuracy of the formulation and the tractability of the problem. We can
mainly distinguish two classes of solution methods, mathematical programming
methods and heuristic methods.

A.2.1 Mathematical programming (MP) methods

The most thorough way to describe a combinatorial problem is as MP. Com-
mon formulations are Mixed-integer Programmes (MIP) and disjunctive pro-
grammes. We will consider MIP’s only.

MIP’s are defined as follows.

Lmin{F(@.y) | gla.y) <0.h(a.y) = 0}. (A1)

If n 420, m # 0 and f, g and h are all linear the problem is a Mixed Integer
Linear Programme (MILP). If either f, g or h is nonlinear, the problem is a
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Mixed Integer Nonlinear Programme (MINLP). Popular solution methods for
MILP’s are Branch and bound (BB), Benders decomposition, and cutting planes
methods. MINLP’s can be solved using BB, generalized benders decomposition,
extended cutting planes, and outer approximation methods, see e.g. [28] or [22]
for recent reviews. BB methods are the most popular and most broadly used
methods in literature on scheduling. A short description of BB optimization
for MILP’s is given in Appendix B, for more details we refer to [35]. The main
advantage of using MP tools for solving scheduling problems is that the solution
quality is guaranteed. If an integer solution is available, then a worst-case dis-
tance from the optimum is available as well because the best possible relaxation
acts as a lower bound on the optimum (in case of a minimization problem). Of
course, the integer solution itself provides an upper bound. The solution process
can be terminated if the worst case distance is within the desired accuracy. This
way, the lengthy computations required to converge to the real optimum can be
avoided. Another advantage of exact methods is their relative transparency. A
clear disadvantage of exact methods is computation time. A large number of
integer decision variables typically leads to lengthy computations; nonlinearity
of the objective or the constraints often decreases the computational feasibility
dramatically.

A.2.2 Heuristic methods

Heuristic methods exist for solving scheduling problems of any type and in any
form and hence heuristic solvers provide an alternative or an add-on to exact
methods. We can roughly distinguish two different types of heuristic methods:
local search methods and rule-based methods. Local search methods try to
improve on the solution quality by updating in an iterative fashion the parameter
set. The quality of the update is determined by simulation. The different types
of local search methods are differentiated according to the update mechanism
that is being used. We mention Tabu search (see e.g. [33]), Simulated Annealing
[38], and genetic algorithms (see e.g. [59]); many other exotic search methods
have been proposed. Rule based methods rely on the derivation of a set of generic
rules which transform the scheduler input into an acceptable solution. In order
for an appropriate rule base to be derived, the main mechanisms underlying
the original scheduling problem must be analyzed and understood as well as the
dependency of the ‘solution’ on the scheduler input. Applequist et al. [2] discuss
rule-based scheduling of chemical processes. According to their findings, rule-
based methods combine a reasonable performance with minimum computational
effort. Still, it seems that the derivation of a suitable rule-base is in most cases
as complicated as the original scheduling problem itself.

Heuristic methods will generally put much lower computational demands
then exact methods. A disadvantage of heuristic methods is that their operation
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is often difficult to interpret and understand. Lots of intuition and experience
will generally be required to tune these methods such to arrive at acceptable
solutions. As a major drawback no guarantee on the solution quality is obtained.



Appendix B

Introduction to the branch

and bound (BB) method
for the solution of MILP’s

The optimal control problem in Chapter 4 as well as the scheduling problem
in Chapter 5 are formulated as MILP’s. The inner loop optimization problem
in Section 7.4 constitutes a MILP as well. Solving MILP’s is fundamentally
different from solving optimization problems with continuous variables only.
Due to the discrete nature of the MILP gradient based methods are useless.
Instead, the presence of discrete decision variables gives rise to a decision tree
which is typically of very large dimension. Solution approaches for MILP’s try
to restrict the section of the decision tree that needs to be considered in search
for the optimum. The most popular and by far best known solution method
for MILP’s is the BB method. In the following the basic operation of the BB
method will be explained. For a more thorough investigation we refer to Hillier
[35].

B.1 Branch and Bound method - basic opera-
tion

We consider the following MILP formulation with continuous variables z and
binary integer decision variables y:

i T T <0,h hyy = 0}. B.1
meR"'{I,lylg{o,l}{fx v fy ylgse+ Iuy = 0 e+ gy } (B-1)
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Initialization

The BB solution process initializes via the solution of a relaxation of (B.1)
which is obtained by substituting the integrality constraint by the following:
y € [0,1]. This relaxation is an LP and its solution can be obtained efficiently
using e.g. the Simplex method or Interior Point optimization [60]. Depending
on the solution of the initial relaxation the following can be concluded. (1) If the
initial relaxation is infeasible, then the MILP will be infeasible as well and the
solution process can be terminated. (2) If a fractional (i.e. integer-infeasible)
solution results then there exists no integer solution with a lower objective value,
so the obtained minimum acts as a lower bound for the integer optimal solution
(if one exists). (3) If the solution of the relaxed problem satisfies the integrality
constraint then it is also optimal for the MILP and the solution process can be
terminated.

Branching, bounding and fathoming

After initialization a first node of the BB decision tree is created by selecting a
single integer variable on which the branching is started. Branching refers to the
fixation of an integer variable to respectively 0 and 1. The construction of the
decision tree proceeds via branching on successive integer variables. For each
branch a relaxation is solved, where the integrality constraints of the remaining
integer variables are removed. Depending on the solution of the relaxations, the
following conclusions may be drawn. (1) If the relaxation is infeasible, then there
can not be a feasible integer solution in the corresponding branch so we can omit
the branch from further consideration. Coming to such a conclusion is referred
to as fathoming. (2) If the solution to the relaxation satisfies the integrality
constraints, then an wupper bound to the solution of the MILP is found. The
lowest upper bound is denoted incumbent. If the upper bound is lower than
the incumbent then the incumbent is updated accordingly. (3) If the solution
to the relaxation is fractional (i.e. does not satisfy the integrality constraint),
then further investigation in the branch is required. The corresponding node
is referred to as an open node. However, if an upper bound is present and the
relaxed solution for the open node is higher (i.e. worse) than the upper bound,
then we can conclude that the optimum is not located in the corresponding
branch after which fathoming can take place. As soon as a better incumbent is
found all open nodes are checked for fathoming. When no further fathoming is
possible new nodes are introduced by selecting the next integer variable that is
branched upon.
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Optimality test

When there are no remaining open nodes the procedure can be terminated.
The current incumbent is the optimal solution to the original MILP problem.
If there is no incumbent then the MILP is infeasible.

B.2 Branch and Bound method - tuning

The basic BB process as outlined above is theoretically guaranteed to find the
exact optimum. However, there is no guarantee on the solution speed, which
may be inpractically slow even for problems of moderate size. Nevertheless,
if an incumbent is present, then the worst-case distance from the optimum is
known (this is the difference between the incumbent and the ‘best’ open node)
so practically the solution process can be terminated as soon as a solution is
found for which this worst-case distance is acceptably small.

The BB procedure can be customised to enhance its efficiency for specific
problems. First, to promote fathoming it is important to get a good incumbent
quickly. One way to get a good incumbent is by inputting a user-specified
solution. Of course this requires sufficient insight in the approximate optimum
value. Another way to get an incumbent fast is by executing a so-called depth-
first search in which the lastly created node is always branched on first. This
rather opportunistic search attempts to arrive at an integer solution quickly by
fixing successive integer variables.

As soon as an incumbent has been found, all branches with a lower bound
worse than the incumbent will be fathomed. Clearly, fathoming will happen
more frequently when the objective values for the relaxations are close to the
incumbent. The typical distance between incumbents and relaxations of a MILP
is denoted the ‘integrality gap’. Problems with a large integrality gap are gener-
ally more difficult to solve because fathoming will only occur due to infeasibility.
Sometimes the integrality gap can be modified by trying different formulations
of the same problem. The idea then is to introduce additional or alternative
inequality constraints that force the solution of the relaxed problem to be closer
to integral solutions.

An important tuning factor in the solution of MILP’s is the branching order.
The branching order determines how quickly incumbents are found, how often
fathoming occurs and so on. Intuitively it seems wise to branch earliest on those
variables that are most decisive for feasibility and optimality. Further it may
be wise to select the branching order in such a way as to reduce the integrality
gap quickly. Whether or not this is possible depends on the specific problem.

Most solvers can distinguish so-called specially ordered sets (sos) which they
can deal with efficiently. An important sos in relation to the MILP’s encountered
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in this thesis is the sos of type 1 where the set consists of binary integer variables
that sum up to 1. Observe that fixing one of those variables to 1 fixes all other
values (to zero obviously). For this sos it is clearly unnecessary to branch on all
individual variables; instead, in each node we need to consider only a number
of branches equal to the number of variables. This clearly reduces the number
of branches and can speed up the solution significantly.



Appendix C

Tailoring the solution of the
scheduling MILP’s

This chapter discusses a few computational aspects of the scheduling problem
defined in Chapter 5. First, it will be described how the problem can be modified
such that infeasibility of the MILP is avoided a priori. Next, the sources that
contribute to the relaxation gap are identified and a few rules of thumb for
tailoring BB solution of the MILP are given.

C.1 Feasibility of the MILP

It is possible that a combination of storage, production, purchasing and sales
data leads to a MILP that is infeasible. Unfortunately, infeasibility of the MILP
cannot always be concluded in advance (we refer to Appendix B for a short intro-
duction on BB methods and to what extent they can detect MILP infeasibility)
in which case costly computation time may be spent on a problem that does
not yield a solution anyway. One way to avoid this is via a relaxation of the
constraints in the original problem. Suitable candidates for relaxation are the
purchase and sales orders. Unsuitable candidates are the minimum and maxi-
mum storage capacities since these are hard constraints in reality. To make sure
that the solution to the relaxed problem resembles the solution to the original
problem as much as possible we can attach to the relaxed sales orders very high
prices and to the relaxed purchase orders very low prices. This will favour those
transactions that were orders in the original problem formulation to be selected.
To rule out infeasibility completely we need to make a second modification to
the original problem. Raw material levels may be insufficient to sustain produc-
tion or end product storage capacity may be insufficient to store all production.
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These sources of infeasibility can be circumvented through the introduction of a
‘no-production-grade’ and the corresponding shut-down and start-up transitions
from respectively to all other grades.

C.2 Properties of the MILP - Tailoring the BB
solution

The tuning of BB algorithms requires reasonable insight in the problem’s math-
ematical structure. One way to analyze the mathematical properties of a MILP
is by considering the properties of the relaxed problem. Most BB solvers for
MILP problems use an LP relaxation in which the binary variables are sub-
stituted by continuous variables with lower bound 0 and upper bound 1. The
distance between integer solutions and relaxed solutions of MILP problem is
called the ‘relaxation gap’ or ‘integrality gap’ and is a measure for how difficult
it is to attain good solutions. Note that a large ‘relaxation gap’ implies that
no or hardly any bounding is likely to happen which makes the BB process
tend to complete enumeration. More details on the solution of MILP’s using
BB methods can be found in Appendix B. The current analysis focuses on the
two classes of binary variables in the scheduling problem: the grade description
binary variables G and the sales decision variables S;**. For the purchasing
decision variables an analysis similar to that for the sales variables can be done.

Relaxation of the grade decision variables

In the relaxed problem GY € {0,1} are substituted by Gf € [0,1]. This means
that it is no longer enforced that in every time span only one task is being
executed. The relaxed problem allows for linear combination of quasi-static
tasks g1, g2, ... to be selected as long as G¥', G{?, ... sum up to 1. Accordingly,
linear combination of transition tasks can be selected. There are generally more
than just one combination of transition variables that satisfy the constraints
(5.17); the most favorable combination will be selected. The consequences of
this are best analyzed by means of an example.

We consider a certain time interval containing 10 time spans at the end of
which there are three attractive sales opportunities for equal amounts of respec-
tively product A, B and C. We further assume the end-product stores at the
beginning of this interval to be empty. Whether or not these sales opportunities
can be met depends on the capability of the plant to produce the required lots
of A, B and C during the interval under consideration. We assume that the
production rates are equal for all three end-products. In the relazed solution
maximum production of the three end products is attained if G;j, GP and ch

as well as T,f’A, T,f’B and ch,c are all assigned a value 1/3 for all 10 time
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spans. This corresponds to a parallel production of the three grades without
any production losses due to transitions. Hence, it may well happen that the
relazed production description falsely suggests that the three sales opportunities
can be met. In that case, if the sales opportunity variables are branched upon
first, infeasibility will follow in a later stage so that lots of costly computing
time is spent on a dead branch in the search tree. If the production losses due
to transitions are minor this will not pose severe problems, however if produc-
tion losses due to transitions are large then we must be aware of a significant
relaxation gap related to the grade decision variables.

Relaxation of the sales decision variables

In the relaxed problem S;* € {0,1} are substituted by S;° € [0,1]. One
consequence of this is that sales orders and opportunities can be spread out
over different time spans, e.g. S;V°" = 0.5, S;7' = 0.5. This relaxation
provides a means for obtaining ‘interest benefits’ because revenues are booked
on an earlier time, however these benefits are considered negligible given the
short time over which additional interest is accounted. If in the relaxed solution
a single sales order or opportunity is spread out over different time spans then we
can branch on the corresponding sales variables without incurring infeasibility,
unless storage constraints are violated. If the latter is not the case, then a
guaranteed feasible solution is obtained if the binary sales variable in the latest
time span is chosen equal to 1. For sales orders the decision variables are
required to sum up to 1, see (5.25), so the previous reasoning applies directly.
For sales opportunities however it is only required that the sum of the decision
variables is smaller than 1. As a consequence the relaxed solution allows sales
opportunities to be executed partly which may cause a significant relaxation
gap. This makes dealing with sales opportunities a lot more complicated than
dealing with sales orders. As a rule of thumb for branching we can state that
sales opportunity variables should only be branched up to 1 if the sum over the
validity time set of the corresponding sales decision variables is close to 1.

Branching priority

A very important tuning factor in the BB solution of MILP’s is the branching
priority which determines the order in which the variables that are branched
upon are selected. As a first step towards an appropriate branching strategy it
seems instructive to consider the properties of the relaxed problem in case some
of the grade decision variables are branched upon. Consider previous example
with porducts A, B, and C. Based on priori knowledge about the sales trans-
actions only we suspect that the production capacity will be equally divided
amongst the three different grades and the minimum number of required tran-
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Figure C.1: Relaxed solution for the three grade/three opportunity example after fixing
G4, GE and GS, to 1. Solid line: grade A, dashed line: grade B, dotted line: grade C.

sitions is hence two. Assume that we specify, based on this understanding of
the required production characteristics, the production grade at the start, the
middle and the end of the horizon. We choose an arbitrary order A - B - C.
In Figure C.1 the resulting relaxed solution is given, for a horizon length of 30,
sales opportunities for 9 units of all three products and production rates of 1
for quasi-static production and 0.5 for transitions between two different grades.
This branching strategy has some obvious benefits. First, because different
grades are selected during the horizon, transitions are enforced. This means
that the attractive, though not very realistic production of different grades in
parallel is no longer possible. It can further be shown that the production loss
due to the transition (A — B) is bounded from below by the minimum loss of
transitions (A — B) and (B — A). In case these are equal, like in the exam-
ple treated here, the production loss in the relaxed solution is exactly equal to
the lowest possible production loss. In general the difference between the pro-
duction losses due to a transition and the production losses due to its reverse
transition will not be very large, which means that a good indication is obtained
on the production loss due to the transition. The attractiveness of this way of
branching is obvious: if the initial selection of the three grades is correct than
the integrality gap due to the remaining grade decision variables vanishes. If the
initial guess is not correct, at least it is made less likely that infeasibility occurs
in a later stage, so that feasible integer solutions can be expected earlier and
more frequently. Another attractive property of this branching strategy is that
the relaxed problem provides an effective indication on the production profiles
and hence on how the remaining grade decision variables should be branched
on. The relaxed solution plotted in Figure C.1 yields some obvious clues for
the selection of the next variables that should be branched on. For example,
an obvious choice is to branch up on variable G3', GP,, GE; or GS,. Regarding
the proposed branching strategy one big challenge remains: to select the time
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instances at which the first grade decision variables are to be fixed. Some heuris-
tics are needed to guide this selection. For example, it may help to compute in
advance the number of transitions that is expected, based on an estimation of
the total number of sales transactions. A reasonable estimate of the number of
transitions may be enough to provide an effective initial guess on the number
of time spans at which production variables should be fixed. Because the re-
laxation on sales orders will not incur infeasibility in a later stage, no benefit is
expected from branching on those variables in an early stage. Infeasibility can
occur after an early branching on sales opportunity variables. To avoid this,
opportunity decision variables should be branched on in the latest stage.
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Appendix D

Analysis of the MILP inner

loop problem in the
Successive MILP approach
to grade change
optimization

The core of the Successive MILP approach to grade change optimization de-
scribed in Section 7.4 is a MILP inner loop optimization. To analyze the prop-
erties of the MILP inner loop problem we investigate the characteristics of the
relaxation of the MILP which is obtained by removing the integrality, hence by
selecting GY € [0,1]. There exist two obvious sources contributing to the inte-
grality gap. First, due to the definition of the grade regions, infeasible grades
can be partially selected. Therefore the relaxed problem will generally compute
too large production amounts of the more favorable products. Second, if F(z)
is much smaller than Y7, for a particular, favorable end product then the total
production can be assigned to this favorable products, even for small values of
the corresponding grade variable G9. To limit the integrality gap to the mini-
mum we should choose the values Y7, and Q7 as small as possible. The proper
choice of Y7, is the maximum realistic production rate of end product e in grade
g. Q9 should be selected the maximum of g4 (%) over the set of all feasible z. To
gain some more insight in the properties of the MILP we next consider a simple

example.

Let F(z) = z2. Further, we let 3 grade regions be linearly dependent on z*
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Figure D.1: The optimal integral (solid lines) and relaxed (dashed lines) costs as a
function of z! for two choices of z? for the simple, three-grade example.

leading to the following grade constraints:

1-2 <0, 2-21-(1-G* <0, 3-21-2(1-G3) <0,
r-2-201-GYHY <0, 2'-3-(1-G?) <0, z'—-4<0.
(D.1)
The production rates are constrained from below by zero and from above as
follows
Yll S G17 Y12 g 07 Y13 S 07
Y4 <0, YR<G? Y3 <O, (D.2)
Y?)l S 07 Y32 S Oa }/33 S G3~

The prices of the three end products are respectively pL, = 1, p% = 3, p3 = 2.
We are interested in the difference between the integral objective and the relaxed
objective function. To this end, we consider the functions

VI, %) = max< > Yph | st 3y, GY €{0,1} s.t. (D.1),(D.2) hold) ,

=1,...,3

and

VR 2% = max< > Yph | st Yy, G0 € [0,1] st (D.1),(D.2) hold> ,

e=1,..., 3

which represent the optimal integral respectively relaxed objective as a function
of the process variables z' and 2?. Since all non-zero Y, are selected 1 the
smallest difference between V! and V¥ is found at a production level of 1, see
the left image in Figure D.1.

Clearly the relaxed problem indicates the attractiveness of the expensive
grade 2. The situation however deteriorates for smaller production levels. Al-
ready at a production level of 0.5 the relaxed problem assigns the maximum
integer objective value to all feasible choices of z!. This is plotted in the right
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image of Figure D.1. The coupling between the performance variables at differ-
ent time instances is not considered in this example, however this coupling is
already continuous, so that no additional contribution to the relaxation gap is
expected. Nevertheless, above-mentioned sources for the gap can become very
significant, making the problem potentially difficult to solve.

The situation is even worse when the price of a certain product depends
rather erratically on its quality. This is for example the case when in between
two regions of specification there is an off-spec region with corresponding low
prices. In the simple example if we would have selected the prices of the first and
the third product to be 3 and the price of the second product to be 1, then the
relaxed, optimal cost as a function of 2! would be constant and equal to that for
grades 1 and 3. The unattractiveness of grade 2 would be completely invisible
in the relazed picture. Whether or not this approach is feasible in practice will
have to be verified for each specific application.



216



Appendix E

Implementation detalils

E.1 SHOP-1, application to case II: distillation
column, Section 6.4

This section presents the details of the implementation of the SHOP-1 controller
to the binary distillation grade change problem. The implementation of the
SHOP-1 is a practical modification of the general SHOP-1 formulation (6.7).

Most noticeable modifications are the substitution of the end-point con-
straint by a penalty term that is added to the objective and the use of a dis-
crete time linear model (6.11) instead of a continuous time nonlinear one. The
horizon length (H®) used is 2 hours with a discretization interval (ATyp,p) of
0.1 hour.

The objective of the SHOP is given by V< = V51 + V51 + V51 containing re-
spectively an economic term, a control type penalty and a penalty corresponding
to the final state constraint. The three terms are given as follows:

20 3
Vil = Aoy Y (0.24) —(1,2,2,1.5,05) Y GI M, ( 24 )) ,

i=0 P
st _ i 22— ERO(H 4 iATg0y) \T (1000 0 ) B
w0 = 2\ 56— RO+ iATuep) 0 0.001 '
1=

D — ZR’G(ZL/ + iATshop)

Vgl = 108(1‘20 — fR(t//)>T<$20 - i‘R(t”)),

22 — ZRS (¢ + 1AL shop)
zf ’

where 2%, % and G9% are available from off-line dynamic optimization and

where M, maps the material flows to the end product flows for production
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grade 6:

1 0 10 0 0
0 0 0 0 10

Mi=]0 0], My=] 0 0|, Ms=| 0 0 |,
0 1 0 0 0 1
0 0 0 1 0 0
0 0 0 0 0 0
10 0 0 0 0

My=| 0 0|, Ms=| 1 0 |, Mg=]| 1 O
0 0 0 1 0 0
0 1 0 0 0 1

The constraints are respectively the process constraints, the grade constraints,
the scheduling constraints, and additional constraints on the rate of change of
the controls. The process constraints are given in Table 6.4 and are implemented
at discrete samples:

<< j=1,...,6, i=1,...,20
The grade constraints are implemented as follows

1,9 1 1,9
z <z <z =~a.R .

L ¢ u o Vgst. G =1, i=1,...,20
Zl27g < 212 < Zg,g’ } 9 % ’ ) ) 5

with 29, 219, 279, and 229 the lower and upper bounds on respectively the

top purity and the bottom impurity for grade g as given in Table 6.3. The
scheduling constraints are implemented as follows:

20 20 20 20
> 5> I 4 iAThep) — 50, Y 2t > EAE 4 iAT,) — 50,
i=1 i=1 =1 =1

where the production constraints are relaxed by an amount of 50 in order to
have some back off from the reference production levels. In addition to these,
constraints on the rate of change of the controls are implemented:

1< 22-25(¢) <1 1< 2P <1, i=2,...,20,
6

5
i—1
—150 < 28 —28(¢) < 150; —150 < 28 —20 , <150, i=2,...,20.

E.2 SOP and SHOP-2, application to case II:
distillation column, Section 6.5

This section presents the details of the implementation of the combination of the
SOP and the SHOP-2 controller to the binary distillation grade change problem.
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SOP, application to case II: distillation column

The implementation of the SOP is a practical modification of the general SOP
formulation (6.20). The objective is the economic objective:

L(z) = 0.22° — (1,2,2,1.5,0.5)Y (2),

where during operation in grade 3 the yield is given by Y (2) = (0, 23,0, 2%, 0)T.
The process and grade constraints are implemented according to Tables 6.3 and
6.4. The production constraints are implemented according to (6.17), (6.18),
and (6.19).

Infeasibility of the SOP can occur in case of large deviations of the feed
composition from the nominal value of 0.5. Physical insight in the process can
be used to indicate that infeasibility of the constraint on the top production
can result in case of positive deviations and infeasibility of the constraint on the
bottom impurity in case of negative deviations. Therefore, if the SOP appears
infeasible, the corresponding production constraint is omitted and the objective
is modified so as to minimize the constraint violation:

B, i 49 < 0.5,
L(z) = { —2h % > 0.5, (E2)

SHOP-2, application to case II: distillation column

The formulation of SHOP-2 is based on the general definition given by (6.21).
The model used is given by the LTV dynamics (6.11) derived along the trajec-
tories generated according to (6.22) and (6.23). The horizon length is chosen 2
hours with the length of the discretization interval equal to 0.1 hour. Similar
to the design of SHOP-1, the objective contains three terms, V.52, V.52 and

Vg 2. where the control objective constitutes a quadratic penalty on the rate of
change of the controls:

20
V52 = ATuop 3 (0.228 — (1,2,2,1.5,0.5)(0, 22,0, 24,0)7) ,
1=0

yor_ (B —2W) T 710000 0 25— () (E£3)
o T\ 28— 20() 0 0.02 28 — 25(t) ’
. % 25— 25 \" (10000 0 P
' 28 —25 0 0.02 2625, )
VE’92 = 108(I20 - J_JSOP)T(IQO — J_JSOp).

Process constraints are implemented as in the design of the SHOP-1. Scheduling
constraints are implemented in a straigtforward manner as in (6.21) with an
additional relaxation of 5 per cent.
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E.3 SOP, LHOP and SHOP-1, application to
case II: distillation column, Section 6.6

The implementation of the control configuration treated in Section 6.6 on the
binary distillation example uses the implementation of the SHOP-1 discussed in
E.1 and the SOP as in E.2. The implementation of the LHOP will be discussed
here. The basic problem formulation for the LHOP is given by (6.33).

Determination of the prediction horizon

The horizon length and the set of production intervals for which the production
constraints need to be enforced (6.26) are determined according to the following
decision scheme.

Let interval ¢ be the current production interval,

ift' +7—t¢ > HF
[ the remaining length of the current production interval is larger than
the minimum LHOP horizon length |
ifGY , =GY, Vg
[ the current production interval is a quasi-static interval |
H =H lL
Pl =2
else
[ the current production interval is a transition interval |
HE =t 47—t
Ply = {i}
end
else if GY,, = GY
[ the next production interval is a quasi-static interval |
H=H lL
Ply = {i}
else
[ the next production interval is a transition interval |
HL =t 427 — ¢
Pl ={i,i+ 1}
end

The minimum horizon length is chosen H, lL = 3.6 hours.

Implementation of the objective and the scheduling constraints

The objective function used is constituted by respectively an economic term, a
control type penalty and a penalty corresponding to the final state constraint.
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The three terms are given as follows:

N-1
VEN = ATinop Y (0229 — (1,2,3,1.5,0.5)Y(2,)) ,
=0

yoi_ (=2 710000 0 25— () (E.4)
con T\ 28— 25(¢) 0 0.02 28 — 25(t) ’
N Nz’:l 25—z \" /10000 0 P
A 28— 20 0 0.02 2620, )
VEQI _ 107($N _ CESOP)T(.Z‘N _ i,sop)’

where N = HL /ATpop + 1 is the number of samples considered in the horizon
of the LHOP, with a discretization interval ATjp,, of length 0.6 hour. The
production is given by Y (2) = [Y1(2), Ya(2), Y3(2), Ya(2), Y5(2)]%.

The scheduling constraints in the LHOP are implemented according to (6.27),
(6.28), (6.29), (6.30), (6.31), and (6.32).

The evaluation of the production rates Y, (z) which appear in the objective
function as well as in the scheduling constraints is done using the smooth ap-
proximation of the grade functions as given on page 137 in the treatment of
the SSQP approach to the optimization of grade changes for the binary distilla-
tion column. This smooth approximation underestimates the actual production
when the top purity and the bottom impurity reach the specification bound-
aries. To avoid wrongful infeasibility of the scheduling constraints a relaxation
of the production constraints by 20 per cent is introduced.

SSQP optimization

The SSQP optimization method is used to solve the LHOP’s. How this method
works is treated in Chapter 7. For accurate solution of the LHOP’s a two stage
approach is adopted. First, a rough approximation of the solution is obtained
in a few iterations using v = 1000 in the first stage. In the second stage, v is
increased to 10000 and the LHOP is solved again using the solution from the
first stage as an initial guess.

E.4 Linearization of dynamics

Linearizations of the plant dynamics along state/input trajectories are used in
the optimal control solutions of Chapter 6 and the optimization routines of
Chapter 7.

Throughout the thesis we utilized piece-wise constant parametrizations of
the controls. If we stack the values of the inputs at the piece-wise constant
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intervals the parameter vector is given by p = [ul’,u¥ ... u%]. For this choice
of parametrization the linearized dynamics can be expressed as

Az Gor R ) Aug
AZl G11 G12 e . AU1
: - : : . : : ’

Azn Gn1 Gn2 -+ Gpyn Aun

AUO

Au1

Azy = (Hyi Hyz -+ Hyn) )
A'U,N
o= Dz . | Oz Oz . _ Ozn ._ |Ozn Ozn
where G;; = s = |:6u%""’8u;."“ and Hy; = Dy = [&L} 7""6u7.‘“:|' The

determination of G;; and Hy; normally proceeds via the sampling of the solu-
tion of the sensitivity equations (7.2) for a piece-wise constant parametrization
of the controls.

The following notation shows how the sampling of the solution of the sen-
sitivity equations can be interpreted in terms of the state transition matrix ®;
and the input-to-state transition matrices I'; (introduced on page 100):

az Cuv lfl :j?
emfz Collissyy @Dy, ifi>j, (E.5)
g 0, ifi < j,
N-1 e
P [To=jr &l i <N =1,
aTj - FN—17 lfj =N — 1, (EG)

0, ifj=N -1,

In our linearizations we use an approximation of the state transition matrix
and the input-to-state transition matrix that is based on a local linearity as-
sumption. The expressions are given as follows ®,, = eAmT)T and T, =
(m+1)T

[ eAmDTB(mT) dr where A(-) and B(-) are as defined in (6.9) and (6.10)
mT
respectively.
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Nonlinear optimization

This chapter provides a brief introduction to two categories of methods for
solving constrained NLP’s. Sequential Quadratic Programming shall be treated
in Section F.1. Penalty and barrier methods are discussed in Section F.2. The
notation used in this appendix does not comply with the list of symbols.

F.1 Sequential Quadratic Programming (SQP)

The SQP approach is at present one of the most popular methods for solving
equality-constrained as well as inequality-constrained NLP’s. The method was
originally developed for the solution of equality-constrained NLP’s only. The
following discussion is based mainly on [60]. For ease of notation we consider
the following general formulation of an equality-constrained NLP:

min{ f(z) | g(z) = 0}.
The Lagrangian for this problem is
L(z,A) = f(z) = Ag(),
and the first-order optimality condition is
VL(z,A)=0.

Applying Newton’s method to this system of nonlinear equations yields the
following update formula for x and A: xp11 = zp + pr and Agp1 = Mg + g
where the search steps py and vy are given by the solution to the linear system

( V2 L(xi,Ae)  Volar) ) < Dk ) _ ( VLT, Ai) )

—Vg(zr)t 0 Uk g(wr)
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These equations represent the first-order optimality conditions for the following
quadratic programme (QP)

. 1
min { GE VAL A+ V2L, 00 | (Vo)) T+ g(a) =0}

(F.1)
The SQP approach solves a sequence of such QP’s to converge to a local min-
imizer of the NLP. Generally, several modifications to this basic scheme are
made. One such a modification is the use of a positive definite approximation
of the Hessian V2_L(x, \) instead of the Hessian itself. A practical reason for
using such an approximation is that the true Hessian is not always available at
low computational costs. An additional advantage of using approximate Hes-
sians is that we can guarantee positive-definiteness of the reduced Hessian which
is required for the solution of the QP to be a descent direction. Alternatively,
when using the true Hessian, positive-definiteness would need to be checked
and resolved (by regularization) in every iteration. Typical Hessian updating
strategies guarantee some nice properties of the approximated Hessian such as
symmetry and positiveness. Probably the most famous update scheme is the
BFGS (Broyden, Fletcher, Goldfarb, and Shannon) formula

(Brsk)(Besk)™ uryl
szksk y,{sk’

Byy1= By —

where s = 241 — Tg, and yp = Vo L(Tpt1, Aet1) — Vi L(@g, Ag)-

Because the solutions obtained from the sequence of QP’s can possibly di-
verge, a line search is instituted to insist that in each iteration (zxi1,Agt1) is
a ‘better estimate’ of the true optimum than (zy, Ag). Progress is measured in
terms of an auxiliary merit function which typically includes two terms: the
objective function and a measure of constraint infeasibility. One example of a
merit function is the following

M(z) = f(z) + pg(z)" g(),

with p a positive number. In the line search, a step size « is determined such that
M(Zps1, Apr1) < M(xg, \), where z11 = ap + apr and Mgy = Mg + avg.
Alternatively M(zg11,Ag+1) can be minimized over « in a one-dimensional
search or optimization problem.

Inequality constraints

Next we consider the following problem with equality and inequality constraints:

min{ f(z) [ g(x) = 0, h(zx) < 0}.
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The investigation of the equality-constrained case suggests that the solution
of this problem can be obtained through the solution of a sequence of QP’s,
and this approach was indeed proposed in literature. In fact, two approaches
exist, which differ mainly in how the inequality constraints are treated. In the
Inequality constrained version (IQP) the inequality constraints are included in
the formulation of the QP

. 1
ITEH{EPTViwﬁ(xm M)p + 0TV Lz, \e) | (Vg(zi)Tp+ g(zp) =0

(Vh(en)) P+ hex) = o}.

The active set of constraints is determined in each iteration by the QP subpro-
gramme. The Equality constrained version (EQP) assumes that an active set
strategy be implemented by an additional procedure and solves in each iteration
an equality-constrained QP. The big advantage of the EQP is that the solution
of the equality-constrained QP’s proceeds very fast. However, the development
of a suitable active-set strategy may be very involved in practice.

F.2 Penalty and barrier methods

Penalty and barrier methods solve a constrained optimization problem by solv-
ing a sequence of unconstrained optimization problems. These methods have
been studied rather extensively before being abandoned in the 1970s due to the
typical ill conditioning problems in the linear algebra these methods require. A
renewed interest in and a further development of barrier methods was initiated
in 1984 with the introduction of Karmakar’s interior point method for linear
programming [37]. Nowadays, penalty and barrier functions are extensively
studied and used in many applications. The main idea in barrier and penalty
methods is to incorporate the constraints by means of a penalty function in the
objective and to solve the resulting unconstrained optimization problem.

F.2.1 Barrier methods

Barrier methods are strictly feasible methods which means that all iterates
lie inside the feasible region. Feasibility is maintained by creating a barrier
that keeps the iterates away from the boundary of the feasible region. To this
end, the objective function is extended by a barrier term resulting in a so-
called barrier function that is continuous on the interior of the feasible set and
becomes unbounded as the boundary of the set is approached from the interior.
In general, barrier methods handle only inequality constraints. We consider the
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general inequality constrained problem
min{f(z) | hi(x) <0, i=1,...,m}.
Typical barrier functions employ the logarithmic or the inverse function:
logarithmic barrier function : O(z,u) = f(x) — MZ log(—h;(x)),
i=1

1
—hi(x) ’

m
inverse barrier function : B(z,u) = f(x) + MZ
i=1

with a positive valued p. Observe that for small p the barrier function will
resemble the original objective on the interior of the feasible region while still
having infinite value at the boundaries. Theoretically, a good approximation
of the constrained optimum can hence be achieved if we minimize the barrier
function (an wunconstrained minimization problem) for a sufficiently small value
of p. The reason why this is not done in practice is that for small values of p
the problems are difficult to solve. Practically, barrier methods solve a sequence
of unconstrained minimization problems of for a sequence {ux} that decrease
monotonically to zero. The solution of one unconstrained problem is used as a
starting point for the next problem, making the unconstrained problems much
easier to solve than would be the case if we attempted to solve the problem
directly for a small value of p.

Many variations to this basic scheme for barrier methods exist which we
will not describe here. Convergence of the barrier method can be proved un-
der mild assumptions, see [60]. Barrier methods can be of use in the type of
optimization problems formulated in this thesis, for example to account for the
presence of path inequality constraints. Also, as is shown in Section 7.3, the
idea of approximating a discontinuous function (i.e. the ‘ideal barrier’) by a
continuously differentiable one can also be applied to derive a computationally
feasible approach to the economic grade change optimization problem.

F.2.2 Penalty methods

Penalty methods do not require feasibility in each iteration. Thus, unlike barrier
methods, they are suitable for problems with equality constraints. We consider
general equality-constrained problems of the form

n;ln{f(x) | gi(z) =0, i=1,...,m}.

In penalty methods the constrained optimization problem is replaced by a se-
ries of unconstrained optimization problems in which the objective is extended
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by a term that penalizes the constraint violation. As this penalty is increased
iterates are forced towards the feasible region. The resulting extended objec-
tive is referred to as the penalty function. Typical penalty functions employ a
quadratic penalty on the constraints:

n(w, ) = @)+ py O oilx)
i=1

with p a positive number. Similar to the barrier methods, the penalty meth-
ods solve a sequence of unconstrained minimization problems, in this case for
increasing p to converge to the minimum of the constrained problem. Conver-
gence can be proved under mild conditions. The penalty method is of particular
interest in relation to the dynamic optimization problems we encountered in this
thesis, as it may provide for a computationally feasible approach to dealing with
the end-point equality constraints.
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Summary

The chemical marketplace is a global one with strong competition between man-
ufacturers. To continuously meet the customer demands regarding product
quality and delivery conditions without the need to maintain very large stor-
age levels chemical manufactures need to strive for production on demand. In
this thesis we research how market-oriented production can be realized for the
particular class of multi-grade continuous processes. For this class of processes
production on demand is particularly challenging due to the the complex trade-
off between performing costly and time-consuming changeovers and maintaining
high storage levels.

The first requirement for market-oriented production is that production
management cooperates with purchasing and sales management. We propose
the use of a scheduler as a decision support system in a cooperative organization
constituted by these players. In such a scheduler, decision making is represented
using decision variables and their effect on the company-wide objective, which
is chosen to be the added value of the company, is modeled. The scheduler
then selects a decision strategy that is optimal with respect to the objective
and presents this strategy to the decision makers who use it to base their actual
decision taking on.

The company-market interaction is modeled using a transaction-based mod-
eling framework. Therein not the actual market behavior is modeled but the
expected effect of the interaction of the company with the market. Two types
of transactions can be modeled in this framework: orders, which result from
contracts with suppliers and customers, and opportunities, which express the
expected sales and purchases. Two different approaches to the modeling of
production decisions are taken, the choice of which depends largely on the im-
plementation of the process control hierarchy that is assumed. In the first
approach, production management and control is performed by a single level
controller and the control decisions are the minute to minute manipulation of
the valves. This approach is academically interesting, though practically in-
tractable due to the combination of long horizons and fast sampling times. In
the second approach the process control hierarchy consists of a scheduling layer
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at which it is determined what products will be produced when, and a process
control layer which determines how this production is realized. This approach
is taken in the rest of the thesis.

The design of the scheduling layer is done by transforming the question
“what is produced when” into a Mixed Integer Linear Programming (MILP)
decision problem. The formulation of this MILP uses a parametrization of the
behavior of the plant in terms of “finite horizon quasi-stationary” production
tasks and “transition tasks”. The production characteristics for these tasks are
computed using model based static and dynamic optimization.

The process control layer basically consists of a nonlinear state estima-
tor in combination with a deterministic Nonlinear Model Predictive Controller
(NMPC). The objective function used is a finite horizon expression of the pro-
cess economics and is based on an evaluation of the added value. The constraints
comprise amongst others a bound on the production levels in accordance with
the production schedule. A decomposition based on a distinction of two time
scales of disturbances (fast, stochastic type disturbances and slow, persistent
disturbances) is proposed which combines fast short-term control with a lower
frequent update of the long term target trajectories to retain consistency with
the production schedule and to retain economically attractive operating condi-
tions in the presence of persistent disturbances.

The economic optimization of multi-grade process transitions in the deriva-
tion of the production database used by the scheduler and in the real-time
control configuration leads to a specific non-smooth optimization problem for
which two solution approaches are proposed. One uses a smooth approximation
of the definition of the grade region and exploits the structure of the problem in
the definition of a Nonlinear Programming (NLP) based inner loop optimization
to compute accurate search directions. The second approach uses integer vari-
ables to describe the grade regions and solves a sequence of MILP’s to converge
to a solution.

The arguments given in this thesis are mainly constructive. Proofs of per-
formance are lacking mainly due to the complexity such analysis would entail.
Nevertheless the potential of the methods is demonstrated on several interesting
cases. Case I, the market-oriented operation of a blending system is treated in
relation to the design of the scheduler. Both the single level approach and the
scheduling approach resulting from the decomposition are applied to this case
with illustrative results. On case II, the optimal operation of a binary distillation
column, the excellent performance of the proposed grade change optimization
techniques is demonstrated. Also, promising behavior of the real-time control
and optimization strategies is exposed in this case. The third and largest case
study comprises the model-based optimization and production scheduling for a
HDPE gas phase reactor. Interesting improvements of the grade change effi-
ciency and the overall process added value in comparison with traditional oper-
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ating strategies are shown, demonstrating clearly the potential of the solutions
that were presented in this thesis.
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Samenvatting

De markt voor chemische produkten is te karakteriseren als een zeer globale
markt met harde concurrentie. Om aan de eisen van de klanten met betrekking
tot produktkwaliteit en levering te kunnen voldoen zonder daar extreem hoge
voorraadniveaus voor nodig te hebben, dienen chemische producenten te streven
naar een vraaggestuurde produktie. Dit proefschrift beschrijft de resultaten
van een onderzoek naar de realisatie van vraaggedreven produktie voor de spe-
ciale klasse van continue chemische processen die in verschillende werkpun-
ten bedreven worden teneinde daarmee verschillende produkten of produktk-
waliteiten te realiseren. Voor dit type proces is vraaggedreven produktie lastig
te realizeren vanwege de afweging die telkens gemaakt moet worden tussen het
uitvoeren van dure en tijdrovende procesovergangen en het aanhouden van hoge
voorraadniveaus.

De eerste vereiste voor vraaggedreven produktie is dat de verantwoordeli-
jken voor produktie goed samenwerken met de verantwoordelijken voor inkoop
en verkoop. Om deze samenwerking op een goede manier te laten verlopen
stellen wij voor de besluitvorming van deze verantwoordelijken te ondersteunen
met behulp van een scheduler. In deze scheduler is de besluitvorming van de
verantwoordelijken en de gevolgen daarvan op de bedrijfsprestatie, in dit proef-
schrift gekozen als de toegevoegde waarde, gemodelleerd. De scheduler bepaalt
een beslissingsstrategie die de toegevoegde waarde maximaliseert. De verant-
woordelijken baseren hun besluitvorming op de uitkomsten van de scheduler.

De interactie tussen het bedrijf en de markt is in de scheduler gemodelleerd
in de vorm van een verzameling met inkoop/verkoop transacties. Er zijn twee
typen transacties: orders, als gevolg van bijvoorbeeld langlopende verkoop-
contracten en opportunities waarmee verwachte transacties worden gekarak-
teriseerd. Twee verschillende aanpakken voor het modelleren van het proces
zelf zijn bestudeerd. In de eerste aanpak zijn alle produktiebeslissingen tot op
het niveau van de regeltechniek samengepakt, wat betekent dat de scheduler over
een gedetailleerd en tevens zeer uitgebreid model moet beschikken waarin zowel
de dag-tot-dag produktiebeslissingen als de minuut-tot-minuut regelbeslissingen
dienen te worden meegenomen. Deze aanpak is academisch interessant, echter
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praktisch niet haalbaar door de combinatie van een lange voorspelhorizon en
korte bemonstertijden. De tweede aanpak bestaat uit een hiérarchische besliss-
ingsstructuur met een produktie-scheduling laag waarin bepaald wordt welke
produkten wanneer worden gemaakt en een procesregelingslaag die bepaalt hoe
de produktie wordt gerealiseerd.

Het ontwerpen van de produktie-scheduler is gedaan door de vraag “welke
produkten wanneer worden gemaakt” te vertalen in een Mized Integer Linear
Programme (MILP) beslissingsprobleem. In de formulering van deze MILP is het
procesgedrag gekarakteriseerd in termen van “eindige horizon quasi-stationaire
taken” en “transitie taken”. De eigenschappen van deze taken worden bepaald
met behulp van modelgebaseerde statische respectievelijk dynamische optimal-
isatie.

De procesregelingslaag bestaat uit een niet-lineaire toestandsschatter in com-
binatie met een deterministische Nonlinear Model Predictive Controller (NMPC).
De doelfunctie bestaat uit een eindige-horizon-berekening van de toegevoegde
waarde van het proces. In de begrenzingen van het regelprobleem zijn de mini-
mum produktie eisen die de scheduler stelt meegenomen. Ten behoeve van prak-
tische haalbaarheid (met name met betrekking tot rekentijden) is de regelaar,
op basis van de verschillende tijdschalen waarin verstoringen kunnen worden
onderscheiden, opgedeeld in een aantal lagen. In deze opdeling worden snelle
verstoringen met een snel bemonsterende korte-horizon regelaar aangepakt ter-
wijl een lange-horizon regelaar die op een lagere frequentie draait ervoor zorgt
dat de produktie-schedules worden gehaald onder economisch aantrekkelijke pro-
cescondities.

De optimalisatie van procesovergangen leidt, door de spronggewijze afthanke-
lijkheid van de doelfunctie voor veranderingen in de kwaliteit, tot een niet-glad
optimalisatieprobleem waar gebruikelijke standaard oplossingen zoals de Sequen-
tial Quadratic Programming control parametrization aanpak niet geschikt voor
zijn. Twee optimalisatieaanpakken zijn voorgesteld. In de eerste aanpak wordt
het probleem eerst benaderd door een glad probleem. Voor dit gladde prob-
leem is een optimalisatieprocedure ontwikkeld die gebruik maakt van Nietlineair
Programmeren (NLP) in de binnenlus om tot goede zoekstappen te komen. De
tweede aanpak maakt gebruik van diskrete beslissingsvariabelen om de veran-
deringen in kwaliteit te beschrijven. In deze aanpak wordt, met in elke iteratie
een linearisatie van de procesdynamica, een serie van MILP’s opgelost om een
lokaal minimum te vinden.

Voor de methodieken die worden beschreven in dit proefschrift blijft, met
name vanwege hun complexiteit, bewijsvoering van de prestatie achterwege. Om
toch vertrouwen te krijgen in de werking, wordt de toepassing van deze method-
ieken op enkele voorbeeldprocessen in simulatie getoond. De eerste casus,
vraaggedreven bedrijfsvoering van een mengproces, wordt behandeld in relatie
tot produktie-scheduling en toont de haalbaarheid van de gekozen scheduling
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aanpak. De tweede casus, de optimale bedrijfsvoering van een destillatiekolom,
toont de werking van de dynamische optimalisatietechnieken en de implemen-
tatie van de procesregelingslaag zoals hierboven omschreven. De derde en laatste
casus betreft modelgebaseerde optimalisatie en produktie-scheduling voor een
gasfase HDPE proces. Toepassing van de technieken die besproken zijn in dit
proefschrift leidt tot het inzicht dat een significante verbetering van de tran-
sitieprestatie en, ten opzichte van de traditionele slate-scheduling, een hogere
toegevoegde waarde van de totale bedrijfsvoering mogelijk zijn.



