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I hear babies cry and I watch them grow

They’ll learn much more than we’ll know

And I think to myself:

What a wonderful world!

— Israel Kamakawiwo’ole





Abstract

Complex processes can be seen as a series of actions, changes, and/or events that are
related in different temporospatial manners, and thus are potentially difficult to under-
stand. Optimizing such a process is therefore not necessarily a simple feat, and doing
it experimentally may become both time-consuming and expensive. Computer-aided
optimization therefore lends itself as a viable alternative, since it can be performed in
a relatively short time at a low cost, whilst providing insights into how to improve a
process.

The work collected and presented in this thesis concerns three different complex
processes in the two categories of production systems, and urban environments, all in
need of improvements. These three cases have thus been the subjects of a series of
studies collected and presented in this thesis, appended as Papers I-IX. For production
systems, two cases are presented. The first case is the purification of a polyalcohol at
Perstorp AB, the process of which was subject to process-disturbing oscillations that
were analyzed and their effects quantified through an in-silico sensitivity analysis, and
subsequently reduced by 99.7% via a computer-aided dynamic optimization approach.
Secondly, the chromatographic purification of pharmaceuticals has been studied, where
optimization techniques were used for the dynamic optimization of the loading phase
of a capture step as well as the optimal design of integrated column sequences. In the
category of urban environments, blue-green systems for urban flooding mitigation in the
city of Malmö have been studied, where a model was developed and then applied for
optimal economic siting and sizing of retrofits taking into account implementation and
flooding-induced costs. With a 3% decrease in costs, whilst modest, this result shows
that the blue-green systems are economical alternatives to consider for mitigating urban
flooding.

The purpose of this thesis – in addition to improving the three aforementioned pro-
cesses – is to provide tools, in the form of a procedure and a framework, that can be used
to increase the accessibility of computer-aided optimization. The aim is that these tools
can be useful to practitioners and facilitate studies, which in turn can be used as a foun-
dation for improving any given complex situation or process. In addition, a summary is
presented of the most important parts of an optimization problem and its formulation,
and the most relevant optimization approaches to the work presented in this thesis are
also summarized and explained. Furthermore, the presented tools are used to describe
and analyze the work that has been performed and is presented in this thesis. They are
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Abstract

also used to explain how the choices that are made regarding tools for modeling, simu-
lation, and optimization may impact each other, and thus have an interplay. With these
general and generalizable tools, the aim is to contribute towards an increased under-
standing and thereby accessibility of computer-aided optimization.
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Populärvetenskaplig
sammanfattning

Stabilare kemikalieproduktion, billigare läkemedel, och välplacerade
översvämningsskydd – med hjälp av samma verktyg!

Visst vore det fint om vi kunde producera nödvändiga kemikalier mer effektivt, förse
alla människor med de läkemedel de behöver till en lägre kostnad än vad som är möjligt
idag, och förhindra översvämningar i stadsmiljö? Men vad har dessa tre ting gemen-
samt, egentligen? Jo, att man kan optimera de olika processer som ligger bakom alla
tre! Processer finns i princip överallt i världen, komplexa som enkla, konkreta som ab-
strakta. Att optimera en process innebär att vi försöker förbättra den och göra den så bra
som bara är möjligt. Om detta ska göras via experiment kan det dock ta väldigt lång tid
och även bli väldigt dyrt – och ibland är det till och med praktiskt omöjligt. Ett gångbart
alternativ är då att ta hjälp av modern beräkningskraft och istället utföra modellbaser-
ade optimeringsstudier med hjälp av datorn, d.v.s. datorstödda optimeringsstudier. För
detta ändamål krävs en matematisk modell som behöver simuleras för att vi på så sätt
ska kunna få ut användbar information om vår verkliga process som vi kan basera vår
optimering på.

I denna avhandling presenteras en övergripande, allmängiltig procedur och ett slags
ramverk tillsammans med ett antal optimeringsmetoder som kombinerat kan använ-
das som verktyg för att effektivt utföra datorstödda optimeringsstudier. Dessa verktyg
baseras dels på sedan tidigare publicerad litteratur, men också på arbetet som samlas
och presenteras i denna avhandling, och målet är att de ska kunna användas som hjälp
för att förbättra i princip vilken verklig situation som helst.

Det samlade arbetet ger också en fingervisning om vilka resultat man kan nå via
datorstödda optimeringsstudier. Till exempel så används kommersiellt tillgängliga da-
torprogram för att skapa modeller. Sedan används dessa modeller för att undersöka och
stabilisera en process för kemikalieproduktion. Denna process led tidigare av störningar
som orsakade lägre produktivitet och större energiåtgång, vilka i princip eliminerades.
Vidare har även en typ av läkemedelsproduktion förbättrats genom att matematiska
modeller använts för att visa hur man på bästa sätt bör skapa och köra en särskild typ
av process för läkemedelsupprening, vilket i slutändan ger billigare mediciner. Slutli-
gen har även så kallade blå-gröna system undersökts, vilket exempelvis är dammar och
gröna tak som används för att minska risken för översvämningar. Dessa har modellerats
för att ta reda på var man bör bygga sådana system i Malmö stad, och hur stora de bör
vara, för att förhindra översvämningar utan att det blir onödigt dyrt.
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Preface

Contents and Contributions of the Thesis

This thesis consists of five introductory chapters, and nine papers. This section describes
the five chapters, the contributions of each paper, and the contributions made by the
author. The papers, which will be referred to in the text by their roman numerals, are
appended at the end of the thesis.

Chapter 1 — Introduction

The first chapter describes the aim and purpose of this thesis. A brief introduction to
optimization is offered, and the three cases of complex processes – two in production
systems, and one in urban environments – that have been the primary subjects of the
work collected and presented in this thesis are described.

Chapter 2 — Optimization in engineering applications

In this chapter, the most important parts of an optimization problem – namely the objec-
tive function, decision variables, and constraints – are presented. A general procedure
for solving an optimization problem is also presented, along with the optimization ap-
proaches (and abstractions thereof) that are most pertinent to the work presented in this
thesis.

Chapter 3 — The interplay between optimization, modeling, and
simulation

How the choices of optimization, modeling, and simulation tools impact each other is
covered in this chapter based on a reflection of the work presented in this thesis, com-
bined with the aforementioned optimization procedures as well as procedures for creat-
ing mathematical process models and appropriate simulation strategies. An integrated
procedure for solving an optimization problem is presented along with a purpose-centric
framework, and the aim is that these may be used to facilitate optimization studies in
order to improve decisions and processes.

ix
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Chapter 4 — Computer-aided optimization of complex processes

The integrated procedure and purpose-centric framework from the previous chapter are
used in this chapter to describe and contextualize the work presented in this thesis. This
analysis highlights some of the most important results from the publications, and serves
as an example to demonstrate the usefulness of utilizing the aforementioned procedure
and framework for computer-aided optimization of complex processes.

Chapter 5 — Concluding Remarks

This chapter concludes the thesis with conclusions drawn from the presented work and
ideas for future work.

Paper I — Unbiased selection of decision variables for optimization
Nolin, M., Andersson, N., Nilsson, B., Max-Hansen, M., and Pajalic, O. (2017).

Unbiased Selection of Decision Variables for Optimization. In Espuña, A., Graells,
M., and Puigjaner, L., editors, 27th European Symposium on Computer Aided
Process Engineering, volume 40 of Computer Aided Chemical Engineering, pages
253–258. Elsevier

A subset selection algorithm previously applied for parameter estimation was in this
paper applied towards the selection of decision variables for optimization. The algo-
rithm was shown to be capable of reducing the number of potential options, which may
be numerous for a complex process, by ranking the available decision variables accord-
ing to a key quantity. This methodology for ranking and recommendation can help a
practitioner make a more informed selection.

I implemented the subset selection algorithm for decision variable selection, took the
lead in model creation, set up the optimization problem, analyzed the acquired data, and
wrote the paper.

Paper II — Analysis of an Oscillating Two-Stage Evaporator System
through Modelling and Simulation: an Industrial Case Study
Nolin, M., Andersson, N., Nilsson, B., Max-Hansen, M., and Pajalic, O. (2018).

Analysis of an Oscillating Two-Stage Evaporator System through Modelling and
Simulation: an Industrial Case Study. Chemical Engineering Transactions, 69:481–
486

An in-silico sensitivity analysis of an oscillating two-stage evaporator was performed
in order to analyze and quantify the impact of the oscillations on process performance.
This analysis was performed by automating the perturbations and data collection neces-
sary for the sensitivity analysis, and analyzing the correlations between different parts
of the process using phase planes.

I further developed the model from Paper I, implemented the automation of the
sensitivity analysis, analyzed the acquired data, and wrote the paper.
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Paper III — Single-shooting optimization of an industrial process
through co-simulation of a modularized Aspen Plus Dynamics model
Yamanee-Nolin, M., Löfgren, A., Andersson, N., Nilsson, B., Max-Hansen, M., and

Pajalic, O. (2019). Single-shooting optimization of an industrial process through
co-simulation of a modularized Aspen Plus Dynamics model. In Kiss, A. A.,
Zondervan, E., Lakerveld, R., and Özkan, L., editors, 29th European Symposium
on Computer Aided Process Engineering, volume 46 of Computer Aided Chemical
Engineering, pages 721–726. Elsevier

The method presented in this paper consisted of modeling a two-stage evaporator and a
methanol column in a modularized fashion, utilizing Aspen Plus Dynamics. The objec-
tive of this study was to minimize the total cost induced by the steam consumption. The
optimization was done via cosimulation of the two modules using a toolchain named
the Python Module Coupler (PyMoC).

I edited the model from Paper II for coupling with the second model, which I also devel-
oped in conjunction with the work presented in this paper, created and implemented the
PyMoC toolchain in Python, partook in the formulation of the optimization problem,
performed the optimization, analyzed the results, and wrote the paper.

Paper IV — Trajectory optimization of an oscillating industrial two-stage
evaporator utilizing a Python-Aspen Plus Dynamics toolchain
Yamanee-Nolin, M., Andersson, N., Nilsson, B., Max-Hansen, M., and Pajalic, O.

(2020). Trajectory optimization of an oscillating industrial two-stage evaporator
utilizing a Python-Aspen Plus Dynamics toolchain. Chemical Engineering Research
and Design, 155:12–17

A dynamic optimization study was performed in this paper. The oscillations that were
analyzed and quantified in Paper II were minimized – nearly eliminated – in Paper IV
using a modified version of PyMoC, which was first introduced in Paper III. Modify-
ing the toolchain for cosimulation to handle a direct sequential approach for trajectory
optimization was the key to realizing this study, and shows the flexibility and general-
izability of the toolchain itself.

I modified the PyMoC toolchain, formulated the optimization problem, performed the
optimization, analyzed the results, and wrote the paper.

Paper V — Modularization, co-simulation, and optimization of complex
dynamic production processes in the ProOpt project
Yamanee-Nolin, M. (2019). Modularization, co-simulation, and optimization of

complex dynamic production processes in the ProOpt project. Technical report,
Department of Chemical Engineering, Faculty of Engineering, Lund University, P.O.
Box 124 SE-22100 LUND

This technical report offers some insight into the background and results of the ProOpt
project. It also provides the reasoning for modularization as well as details on the work-
ings of PyMoC toolchain, how it handles cosimulation, and explains and motivates the
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practical aspects for the user.

I wrote this internal report, created the illustrative examples as well as the described
toolchain, and played a significant part in the creation of the included models.

Paper VI — Multi-flowrate Optimization of the Loading Phase of a
Preparative Chromatographic Separation
Sellberg, A., Nolin, M., Löfgren, A., Andersson, N., and Nilsson, B. (2018). Multi-

flowrate Optimization of the Loading Phase of a Preparative Chromatographic
Separation, volume 43 of Computer Aided Chemical Engineering, pages 1619–1624.
Elsevier B.V

This paper presents a study of the optimal loading of the capture step of preparative
chromatographic purification using a time-variant flow rate. A preexisting modeling,
simulation, and optimization toolchain was applied to minimize an objective function
consisting of a weighted sum of productivity, resin utilization, and yield.

I contributed towards planning, the optimization problem formulation, as well as the
writing of the paper.

Paper VII — Optimization of integrated chromatography sequences for
purification of biopharmaceuticals
Löfgren, A., Yamanee-Nolin, M., Tallvod, S., Fons, J. G., Andersson, N., and Nilsson,

B. (2019). Optimization of integrated chromatography sequences for purification of
biopharmaceuticals. Biotechnology Progress, 35(6)

A new method for nonlinear optimization of integrated sequences was presented. The
method takes individual column sizes, flow rates, and scheduling into consideration,
and can be used for a wide range of different downstream design cases, which was
showcased in the paper.

I contributed in particular to method formulation and creation, as well as the later phases
of writing the paper.

Paper VIII — A physically based model for mesoscale SuDS – an
alternative to large-scale urban drainage simulations
Haghighatafshar, S., Yamanee-Nolin, M., and Larson, M. (2019b). A physically based

model for mesoscale SuDS – an alternative to large-scale urban drainage simulations.
Journal of Environmental Management, 240:527–536

A novel model for describing the dynamic behavior of sustainable drainage systems
known as blue-green systems was presented. Based on easily quantifiable parameters
of the physical characteristics of the system components, the model was designed to
accept a time series of a rainfall event and use it to simulate the flow of rainwater from
the modeled blue-green system to the urban drainage piping network.

I implemented the model and simulation strategy in Python, calibrated the model, and
also contributed towards the analysis and evaluation of model output as well as the
writing of the paper.
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Paper IX — Hydroeconomic optimization of mesoscale blue-green
stormwater systems at the city level
Haghighatafshar, S., Yamanee-Nolin, M., Klinting, A., Roldin, M., Gustafsson, L.-G.,

Aspegren, H., and Jönsson, K. (2019a). Hydroeconomic optimization of mesoscale
blue-green stormwater systems at the city level. Journal of Hydrology, 578

An optimization study where the hydroeconomically optimal sizing and siting of blue-
green systems across the city of Malmö was presented. For this purpose, the model
created in Paper VIII was used in conjunction with models describing impervious-area
rainfall runoff and the piping network behavior. An optimization framework wrapping
around these models (and the cosimulation thereof) was implemented in Python and
successfully used to perform the optimization.

I implemented the optimization framework in Python, contributed towards the results
analysis, and wrote parts of the paper.
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Introduction

Do you agree that it would be nice if things were just better? Good! Then you agree that
optimization is both important and interesting! Optimization in its purest form is con-
cerned with the minimization of a mathematical function. Applied in the right way, op-
timization becomes a generalizable methodology that is very useful for improving just
about any conceivable situation or decision-making process in an effective and efficient
way. Computer-aided (or model-based) optimization in particular becomes a fantastic
tool to find out how to improve, for instance, a production process in a way that re-
duces the time and costs incurred by extensive and expensive experiments. Sometimes,
computer-aided optimization may facilitate studies that would be practically impossible
to perform in real life due to spatial and financial obstacles.

Computer-aided optimization draws upon the usage of one or several mathematical
models, which need to be simulated in order to retrieve information regarding how to
optimize a problem. The models typically consist of a set of equations that can be estab-
lished either through first principles to create mechanistic models, by using a plethora
of data to fit statistical models, or through a hybrid approach that makes use of the
advantages of both aforementioned approaches. The models need to be able to accept
input that affect the output relevant to the optimization. The models must then be simu-
lated, i.e. the equation set needs to be solved. This can be done statically or dynamically
(or both) depending on the purpose of the study and the physical problem that is to be
described. In the end, retrieving information from the simulation is essential in order to
calculate the metric that is intended to be improved in the optimization problem.

In this general methodology of modeling, simulation, and optimization, there are
many questions to answer and factors to consider. The purpose of a study is at least as
important to keep in mind as the methods and tools that are used. However, the choices
in terms of problem formulation, modeling, and simulation will all interact with each
other and make or break opportunities in a given study. These choices can, for instance,
be choices regarding what tools to use, which methods to apply, or regarding specific
equations in the problem formulation. In other words, why a study is performed, how it
is performed, and what the results are and what physical situation is being studied, all
become interconnected in ways that need to be considered for a study to be successful.

The purpose of this thesis is to provide general and generalizable tools – in the form
of a procedure and a framework – that can be combined and used for abstraction in or-
der to increase the understanding and the accessibility of computer-aided optimization.
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Chapter 1. Introduction

The aim is that these tools can support and be useful for practitioners, thus facilitating
studies that in turn can be used as a foundation for improving any given situation or
process. This purpose is achieved by reflecting on the impact and the interplay of the
choices that are made regarding modeling, simulation, and optimization during studies
of different physical problems. This reflection is based on available literature in combi-
nation with the work presented and contextualized in this thesis, appended as Papers I
through IX, which are studies focused on two different cases of complex processes in
production systems, as well as one case of a complex process in the urban environment.
In each of these three cases, there was a need to improve the particular process. Thus,
an additional, concrete goal of this thesis is to contribute towards the stabilization and
improvement of a polyalcohol purification process, cheaper production of pharmaceu-
ticals through efficient chromatographic separation, and more effective urban flooding
countermeasures using blue-green systems – all through computer-aided optimization.

1.1 A definition and three cases of complex processes

Since the work presented in the current thesis primarily revolves around computer-aided
optimization of complex processes in production systems and the urban environment,
we must first agree upon what we mean by ‘complex process’. As a starting point, the
Cambridge Dictionary1 provides two definitions for the adjective ‘complex’, stating
that something is complex if it:

i. involves a lot of different but related parts, and/or

ii. is difficult to understand or find an answer to, due to having many different parts

With ‘process’ defined as ‘a series of actions/changes’2, these definitions combined
capture the essence of what is meant by complex processes in this thesis: a series of
actions, changes and/or events that are related in different temporospatial manners and
therefore possibly difficult to understand. In the context of production systems, a pro-
cess can be considered complex if there are many interconnected unit operations and/or
dominating physical phenomena that are pertinent to the process. For instance, a purifi-
cation process that has been retrofitted for the purpose of resource recovery becomes
more complex as matter and energy are recycled. Whilst there are many interconnected
parts of urban drainage processes as well, these are considered complex also due to
the difficulty of finding answers directly from the process itself, which in turn is partly
caused by the unpredictability and lack of control of important factors, such as load and
position of real-life rainfall.

Continuing, the processes that are relevant to this thesis need to be introduced. In
total three different cases are presented in the two categories of production system pro-
cesses and urban environment processes. The first two cases are complex processes in
production systems. The first process is the industrial polyalcohol purification process
at Perstorp AB, for which a Python-Aspen Plus Dynamics toolchain (described in Paper

1https://dictionary.cambridge.org/dictionary/english/complex
2https://dictionary.cambridge.org/dictionary/english/process
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1.1 A definition and three cases of complex processes

V) was created and used for performing a case study for an algorithm for selecting deci-
sion variables (Paper I), another case study to analyze and quantify process-disturbing
oscillations (Paper II), and two separate optimization studies (Papers III and IV). The
second process is in the field of chromatographic purification of pharmaceuticals, where
two optimization studies have been performed (Papers VI and VII). The third and final
case is in the urban environment. This case is a type of sustainable urban drainage sys-
tem known as blue-green systems, aptly named from their use of urban foliage and
ponds to combat flooding caused by heavy rainfall. The blue-green systems have been
modeled and analyzed (Paper VIII) as well as optimized with respect to implementa-
tion extent and location (Paper IX). The appended papers will be referred to by their
roman numerals – as in the above – and used as examples to explain relevant concepts
throughout this thesis. The remainder of this section provides descriptions of the phys-
ical processes of the three different cases.

1.1.1 Production systems

1.1.1.1 Industrial purification of a polyalcohol
The purification of a polyalcohol at Perstorp AB entails a large, industrial process that
makes use of a range of heat intense unit operations, from evaporators, to crystallizers
and distillation columns in series. Of particular interest to the work presented in this
thesis has been the evaporator system directly following an upstreams batch system,
presented schematically in the dashed box in Figure 1.1. This evaporator system is a
complex process partly due to the recycling within the evaporator system itself; partly
due to recycling of matter and energy from other parts of the plant, both of which are
intended to recover or reuse resources; and partly due to the physical phenomena, e.g.
vapor-liquid equilibrium (VLE), that are important to this separation process.

The system begins with a balance tank acting as a buffer between the upstream batch
system and the continuous evaporator system. The upstream system intermittently feeds
the balance tank with a solution that is highly concentrated with respect to the product,
i.e. the polyalcohol (The ‘Feed’ stream in Figure 1.1). Furthermore, the balance tank
is fed by a dilute recycling stream from a part of the downstream process. The balance
tank mixture is then fed to a stripping column to remove water. The bottom stream of the
stripping column is heated by a stream from a mechanical vapor recompression (MVR)
circuit, containing added steam and water (the former controlled via the boiling-point
elevation (BPE) in the second evaporator stage), before being fed to the first evaporator
stage. The top stream of the first evaporator stage drives the stripping column, whereas
the bottom stream is fed to the second stage of the evaporator system. The bottom
of the second stage is the product stream, named ‘Prod’ in Figure 1.1, which is sent
downstream for further purification. It should be noted that not all vapor is recycled in
the MVR circuit; parts of the streams are removed from the system and primarily sent
to a methanol column (which is included in the study presented in Paper III), visualized
as the streams exiting the dashed box at the bottom right of Figure 1.1.

The feed from the batch system contains water, salt, methanol, formaldehyde and a
range of by-products, in addition to the polyalcohol product. The presence of formalde-
hyde makes the VLE more complicated because we must take the oligomerization into
account, which was done by utilizing the findings of Maurer (1986). Without the Mau-
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Chapter 1. Introduction

rer reactions for formaldehyde oligomerization, computational accuracy with regards to
the VLE would suffer greatly, which in turn would affect e.g. boiling points, and thus
the mass and energy balances. However, if all of the Maurer reactions are implemented,
computational performance would suffer. Taking this balance between accuracy and
performance into consideration, only the methylene glycol reaction as well as the poly-
oxymethylene reactions for n ≤ 4 from Maurer (1986) were implemented.

One of the main problems in this particular industrial process was the product con-
centration oscillations that arose in the balance tank due to the mixing of the concen-
trated, intermittent feed stream and the dilute, continuous recycling stream. This was of
special focus in Paper II where the oscillations were first analyzed and quantified via
sensitivity and phase-plane analysis, and then minimized using a dynamic optimization
approach in Paper IV. Whilst not the main focus, the oscillations were taken into consid-
eration in the co-simulation/optimization study presented in Paper III as well, since they
were expected to affect the solution when attempting to minimize the overall steam con-
sumption in the evaporator system and methanol column. The process was also used as
a case for the application of a subset selection algorithm to select decision variables for
optimization in Paper I. The mathematical process flowsheet models utilized for these
studies were created using tools available in the AspenTech suite, which – similarly to
the applied methods and approaches for optimization – are common within the field
of process systems engineering (Grossmann and Harjunkoski, 2019). These models are
described in greater detail along with the Python-based toolchain in the supplementary
technical report appended as Paper V.

Balance 

Tank
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Column
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Feed
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Steam Water

PC
PC
*

PC

LC
LC
*

*

LC

TCTCFI

BPE

Upstream

Batch System

Downstream

Processing

Figure 1.1 The two-stage evaporator system in the polyalcohol purification process at Perstorp
AB. The evaporator system is depicted together with the upstream batch system and downstream
processing for context.
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1.1.1.2 Chromatographic purification of pharmaceuticals
Preparative liquid chromatography is a widely used separation technique across sev-
eral industries, where the goal is to separate a target component from a liquid mixture
that contains at least two components, to purify the target component (Sellberg, 2018).
An illustrative example of a chromatographic process is presented in Figure 1.2, which
works by first having the sample loaded into the column. The two buffers, named A
and B, are then used to control the separation either under isocratic conditions or by
applying a buffer concentration gradient (Schmidt-Traub et al., 2012). The separation
occurs in the column through adsorption of solutes in the mobile (liquid) phase onto
the stationary (solid) phase of the column, the choice of which depends on the solutes
to be separated. The different types of solutes in the sample will elute at different rates
depending on their physical properties and the resulting interaction with the stationary
phase. Those solutes that interact more strongly with the stationary phase are hindered
and will elute at a later time than those solutes that interact with the stationary phase
to a lesser extent. Following the column, measurements can be performed continuously
in order to analyze the separation. Common techniques include measuring the UV ab-
sorbance, the conductivity, and the pH of the solution leaving the column, and using
this information to separate the flow into product and waste containers.

Ideally, the complete separation of the components is desired, but this may be very
difficult to achieve in reality. Complexities arise from the different ways to set up a
chromatographic separation process, which may range from the rather simple batch
setup described above, to the more complicated Multicolumn Countercurrent Solvent
Gradient Purification (MCSGP) (Aumann and Morbidelli, 2007) or Simulated Moving
Bed (SMB) (Rodrigues et al., 2015) techniques. Gomis-Fons et al. (2019) also provides
a good example of a more complex configuration than the illustration provided in Fig-
ure 1.2. Additionally, the nonlinear interaction between mobile phase, stationary phase
and solutes results in a complex separation process even for the batch setup. These
physiochemical phenomena are shown for a typical adsorption column in Figure 1.3,
where four different scales can be discerned (Sellberg, 2018). At the macro scale, the
stationary phase is in the form of a packed bed of resin that the mobile phase needs
to be pumped through, with issues such as radial distribution of mobile phase veloc-

B

A

UV Cond pH

Waste

Product

Sample Column

Figure 1.2 A simple schematic of a chromatographic separation process with a sample, two
buffers (A and B), and the column itself followed by analytical sensors. In the end, the product
is separated from the waste.
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Column Packing Pore
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Adsorption kinetics 

at liquid-solid interface

Figure 1.3 An overview of the different scales in chromatographic separation and how they relate
to each other. Slightly modified and printed with due permission of the original creator, Anders
Bojsen, previously at the Department of Chemical Engineering at Lund University.

ities (Guiochon, 2006) and hydrodynamic memory of the packed bad (Hekmat et al.,
2011) that may need consideration. The mobile phase is in contact with the particles in
the packed bed throughout the column, to the surface and into the pores of which the
solutes are transported via mass diffusion (Schmidt-Traub et al., 2012). Finally, at the
atomic scale in the pores, there are surfaces on which there are sites binding the solutes,
the action of which will affect the solutes differently since they will be bound to the
sites to different extents. The mass transfer phenomena at and between these different
levels are all coupled and all affect the degree of separation. However, the stationary
phase dynamics at the atomic scale can be considered most important since this gener-
ally determines the separation (Sellberg, 2018).

Due to the many different applications of chromatographic separation processes,
there are many interesting problems to study. In the work presented in this thesis, two
quite different situations have been studied. In Paper VI, the loading step of a capture
column was optimized using a multi-flow rate approach. This entailed a single column
in a batch setup, and used a detailed, mechanistic model that was solved as a constraint
in the optimization problem. A toolchain consisting of several different software was
used to model the process, simulate the model, and to extract analytical Jacobian infor-
mation for use by the optimizer. In all of these aspects, Paper VII is almost the opposite,
as a heuristic was developed for optimizing integrated chromatography sequences, i.e.
several columns in a series, with regards to the size and thus the resulting investment
cost of the columns and the productivity. No separation model was necessary to accom-
plish this optimization study. The gradient-based optimizer using finite differences for
the Jacobian known as SLSQP (Kraft, 1988) was then used to perform the actual opti-
mization study. In the context of this thesis, the case of chromatographic separation may
be considered a secondary case included primarily for the optimization approaches that
are of particular interest to the second chapter. However, this case will not be revisited
in the fourth chapter, in which the procedure and framework provided for the purposes
of this thesis are combined and applied for description/analysis of the other two cases.
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1.1.2 Urban environments

1.1.2.1 Blue-green systems for sustainable urban drainage
When it rains, it pours – and when it pours in densely populated areas, drainage net-
works that rely exclusively on piping systems may become overloaded, causing urban
flooding. One solution to this problem is to build larger systems that can handle more
stormwater at any given time, but this would be expensive and presumably unsustain-
able in an era of intensified urbanization during which the weather is growing more
extreme (Haghighatafshar, 2019). A more flexible alternative to adding more concrete-
based structures is to implement blue-green systems (Eckart et al., 2012). The general
idea behind these open systems is that we should modify the available urban surfaces
so that they absorb and accommodate more water on the surface via infiltration, stor-
age, and retention. This modification can be done by changing impervious surfaces
(e.g. asphalt and concrete) into permeable surfaces (e.g. open grass areas or ponds), as
visualized in Figure 1.4.

Collecting stormwater using blue-green systems slows the release of water into to
sewer networks, decreasing the risk of flow rate spikes in urban piping systems, and
thereby decreases the risk of urban flooding (Sörensen and Emilsson, 2019). In addition
to slowing down the release to the sewer network, the water may also evaporate when
collected in larger areas, which removes the load from the piping system completely. In
an analysis presented by Haghighatafshar et al. (2018b), the resulting volumetric load
on the piping network from a 6.5-year (indicating the average occurrence and therefore
intensity of the rain) rainfall on an area mostly consisting of impervious surfaces was
quantified. The authors wanted to define a rain that gave the same resulting volumetric
load if said area had blue-green systems implemented. Through simulations, it was

Figure 1.4 Blue-green systems and their effect on mitigating floods due to overload in urban
drainage systems: the same area with implemented blue-green systems delivers the same load to the
piping network (Qout ) during much heavier rainfall compared to the same area with mostly imper-
vious surfaces. The blue-green systems also carry aesthetic advantages that urban citizens generally
enjoy! Modified and printed with due permission of the original creator, Lars-Göran Gustafsson,
DHI Sverige AB.
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found that a 100-year rainfall would give the same load to the piping network, denoted
Qout in Figure 1.4. This example gives a good idea of the potential blue-green systems
have in mitigating urban flooding, which can save lives and reduce damage-induced
costs.

This process is made complex not only by the fact that the input, i.e. the rainfall, can
be hard to predict and is in natural situations beyond human control, but also due to the
way the blue-green systems are coupled amongst themselves and together with existing
piping networks (Hoang and Fenner, 2016). Furthermore, these piping networks extend
throughout cities, and may also contain local loops. The complexity thus spans from the
micro scale (e.g. the function of one single catchment) across the meso scale (e.g. the
relation of several coupled catchments) on towards the macro scale (e.g. the connections
across an entire city) (Haghighatafshar, 2019).

In order to perform a computer-aided optimization study of the blue-green systems
placement and sizes in Malmö, a conceptual model for the blue-green systems was de-
veloped and calibrated in Paper VIII. This model performed well with great accuracy
and computational performance compared to available measurements for a set of dif-
ferent rainfalls, and was subsequently used in a co-simulation based optimization study
presented in Paper IX. In the optimization study, the conceptual model was used to-
gether with a city-wide piping network model to find the optimal siting and sizing of
blue-green systems in the city of Malmö in terms of minimizing the combined costs
incurred by the floodings as well as the blue-green system implementation.
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2

Optimization in engineering
applications

Nothing, or at least very little, is impossible to improve. Therefore, engineers optimize,
the task of which can be defined as finding the best solution within constraints given a
specific process or system (Biegler, 2010). To do this, we need to formulate mathemat-
ical versions of the physical problem(s), and then we need to choose how to approach
the mathematical problem. Given a mathematical model representing the real-world
process, we can then solve the optimization problem. By convention, to optimize is the
same as to minimize, and thus the two terms are used interchangeably.

In this chapter, general optimization problem formulation is presented along with its
core components, followed by a summary of the most relevant optimization approaches
with regards to the work presented in this thesis.

2.1 Optimization problem formulation

In engineering practice, there is a need for a systematic approach towards formulating
and communicating the mathematical optimization problem, and problem formulation
is probably the most important part of solving an optimization problem (Edgar and
Himmelblau, 1989). In general, a multi-objective, multi-variate, constrained, and non-
linear optimization problem can be formulated as shown in Problem 2.1 (Deb, 2009)1:

min
u

F(u) = [F1(u), F2(u), ..., Fm(u)]

s.t. Ceq(u) = 0
Cineq(u)≤ 0

ulb ≤ u≤ uub, u ∈ RNu

(2.1)

where F is the multi-objective function to be minimized, comprised of m single objec-
tives represented by Fk (1≤ k≤m) evaluated using a predictive model as schematically

1It should be noted that there are more ways in which to give a general representation of the mathematical
formulation, e.g. with all the state and algebraic variables included as presented by Holmqvist (2013) and
Knutson (2016), but Problem 2.1 is succinct and general enough for the purposes of the current thesis.
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presented in Figure 2.1; u is the set of decision variables with lower bounds ulb and up-
per bounds uub, with Nu decision variables and u ∈ RNu ; this problem is furthermore
subject to (s.t.) the sets of equality constraints, Ceq, and inequality constraints, Cineq,
that need to be satisfied. If no constraints at all have been formulated (beyond the pre-
dictive model), we refer to the problem as unconstrained – otherwise, the problem is
constrained. Please note that the bold notation is used to denote vectors.

The general non-linear program (NLP) presented in Problem 2.1 can be classi-
fied according to whether it is differentiable, and whether it is convex (Biegler, 2010).
Firstly, if the objective functions and the constraint equations have first and second or-
der derivatives that are continuous, then the problem is twice continuously differentiable
(Biegler, 2010); this means that the problem is smooth and without discontinuities, and
we can therefore be sure that an optimum does exist. Secondly, if the objective func-
tions are all convex and the feasible region is convex, then the NLP is convex (Deb,
2009). If the NLP is convex, we can be sure that every local minimum found is the
global minimum; non-convex problems, on the other hand, may have multiple local
minima, meaning that there may exist several different feasible solutions that minimize
the objective in the immediate neighborhood around those solutions, which may not
necessarily be global minima (Biegler, 2010). This multitude of feasible solutions will
thus increase the difficulty of finding the global minimum, which represents the abso-
lute best solution.

As can be seen in Problem 2.1, a general NLP has three core components: the objec-
tive function(s) (F), a set of decision variables (u), and a set of constraints that in turn
can be equality (Ceq) or inequality (Cineq) constraints (Biegler, 2010). When perform-
ing an optimization study, the objective function will be relying on a given predictive
model of the process at hand, which takes some input and returns some output, and it
will be systematically evaluated for a range of values of the decision variables until the
optimum (minimum) has been reached. This general description is visualized in Figure
2.1, where initial values for the decision variables, uinitial , are determined and supplied
by the user and used as a starting point to move forward from during the optimiza-
tion. The optimal solution is the one where the objective function has been minimized
within some convergence tolerance or similar type of condition, while satisfying the
constraints. These three components – the objective functions, the decision variables,
and the constraints – therefore warrant special consideration during any optimization
study, and we will therefore explore the concepts here.

2.1.1 Objective functions

In everyday life, an objective is largely any sort of goal we would like to accomplish.
Thus, objectives are the measure or metric by which we as humans – individuals or
groups – make decisions on how to improve a certain situation. A good example are
so called Key Performance Indicators (KPIs), which are measurements that are used
within different organizations to guide individual-level decision-making for the orga-
nization to accomplish a given target. When we want to perform a computer-aided
optimization study, we need to translate our objective into mathematical terms, into
an objective function that is to be minimized. In other words, we need to quantify our
real-world objective in order to make comparisons and determine what inputs create the
best solution. One perspective on decision-making is that it is an exercise in optimiza-
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Objective Fun.

F(u) = f(y(u))
Model

uinitial

u

F(u*) 

u*

y(u)

Figure 2.1 A schematic of a general evaluation of an objective function in an unconstrained prob-
lem. The decision variable, u, will be given an initial value (uinitial ) by the user and used to initially
evaluate the model. The objective function in turn takes the model output for the specific value of
u, here called y(u), as input. The evaluation will continue to loop, and during each cycle the deci-
sion variable is adjusted/updated; this continues until an optimal (minimal) value for F(u) has been
reached, with u∗ representing the optimal solution.

tion, and since we as humans make plenty of decisions every single day, we are quite
used to formulating objective functions - although perhaps we do it implicitly, in our
subconsciousness.

In process engineering practice and research, there is a need to closely consider
the objective since it essentially determines the target for the optimization (Knutson,
2016). Common approaches for formulating the objective function include utilizing
economic criteria or performance criteria. Economic criteria classically consists of con-
siderations of profits and costs concerning the decisions that are made (Edgar and Him-
melblau, 1989), and can be formulated by using for example different methods such
as the Net-Present Value (NPV). However, it is important to consider what method to
use, as different methods will impact the optimal solution and make the optimization
lean towards either short-term or long-term optima (or a compromise) (Novak Pintarič
and Kravanja, 2015). Irrespectively, all these methods require the use of basic con-
cepts such as prices, capital costs, and operating costs that Dimian et al. (2014) covered
thoroughly. For instance, Díaz-Trujillo and Nápoles-Rivera (2019) formulated the eco-
nomic part of their objective function so as to maximize total profit. The total profit
they proposed to include revenues generated by sales of biogas and bio-based fertil-
izer whilst taking into account the cost of raw material, transportation, and processing.
On the other hand, studies may also focus on costs only. A straightforward example
of an economic approach focusing on costs only is presented by Diab and Gerogiorgis
(2018), who minimized the total cost of a continuous manufacturing process of an an-
ticoagulant pharmaceutical ingredient. The authors formulated the total cost as the sum
of capital expenditure and operating expenditure, using the NPV method for discount-
ing the latter. Another study focusing on costs is presented by Leonzio et al. (2020),
where the authors aimed to minimize the total costs of carbon capture utilization and
storage in the UK, including costs for capture and compression, transportation, storage,
as well as for production of different products. In a similar vein from a cost perspective,
in Paper IX, we aimed to minimize the total cost of retrofitting blue-green systems to
different areas of Malmö. We formulated the total cost as the cost of implementation
and the cost for damages due to flooded manholes across the city over the lifespan of
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the blue-green systems (therefore discounted by NPV); the latter was estimated using a
real case of extreme flooding from 2014. Assuming that investing in blue-green systems
would decrease the risk of flooding, the idea was to minimize the combination of these
conflicting goals by providing an economic perspective on – essentially – the costs of
investing and the costs of not investing.

When formulating performance-focused objective functions, no extra step is taken
to convert the performance into economic value. Instead, we are primarily concerned
with some measure of performance for the system, which could be a wide range of dif-
ferent considerations, all depending on the system at hand. For instance, in addition to
formulating an economic objective, Díaz-Trujillo and Nápoles-Rivera (2019) also for-
mulated an objective concerned with the environmental performance of their system,
as they aimed to maximize the total saving of greenhouse gas emissions. They formu-
lated this objective as the avoided emissions by utilizing biomass but also took into
account the emissions associated with transport, processing/purification as well as end
use of products. In Paper VI, we formulated a scalarized multi-objective consisting of
the productivity, yield, and resin utilization during the load phase of a capture-stage in
a chromatographic purification setup, whereas in Paper IV, the performance was de-
fined by the variance of the oscillating product stream. It could also be noted that the
economic criteria used in Paper IX was based on the performance of the blue-green
system in terms of their impact on the number of flooded manholes, which serves as an
example of economic criteria being based on performance criteria.

2.1.2 Decision variables

To accomplish the objectives we define for ourselves, we need to make a decision (or
several). During optimization studies, decision variables are any number of variables
identified to be the most appropriate to tune in order to improve the objective function.
We systematically perturb the decision variables in order to evaluate and minimize the
objective function. The most fundamental demands on the decision variables can there-
fore be summarized as that they need to be something that we can manipulate, and they
need to have an impact on the result of an objective function evaluation. Given these
demands, the selection of the decision variable will thus depend on what the aim is and
what the possibilities are (both in terms of reflecting the real life situation as well as
in terms of what is possible to do with the model) during a given study. In a study on
blue-green systems, Zhou et al. (2019) used the reduced impervious fraction of an ur-
ban area together with the increased fraction of pipe diameter as their decision variables
for minimizing the cost of combining pipe networks with infiltration based sustainable
urban drainage systems; comparing this study with the study performed in Paper IX,
we used only the reduced impervious fraction (framed as the implementation extent
of blue-green systems) of 30 different subcatchments in Malmö since modifying the
piping network was out of our scope. Two other examples to compare are those of Pa-
pers III and IV. In the former study, the steam consumption of a polyalcohol evaporator
system and the steam consumption of a downstream methanol distillation column were
used as constant decision variables to minimize the cost induced by the steam consump-
tion in these systems. In the latter study, a time-variant steam consumption was applied
to minimize the oscillations the evaporator system was subject to. As can be seen, the
decision variable(s) must be selected to fit the purpose and possibilities of the study.
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Beyond this “Rule of Fit”, selecting decision variables is often made difficult by the
complexity that engineers face (both in terms of the models but also in the real world),
but it is an important endeavor, nonetheless. However, the selection is often left solely to
the intuitions of engineers (De Godoy and Garcia, 2017), whilst a systematic approach
may be warranted to ensure feasibility and good control. For the purpose of proper
selection, much can be learned from the subject of control structure selection, which
focuses on the selection of manipulated variables, controlled variables, and their inter-
connections (Yelchuru and Skogestad, 2012). This subject has over the years gained
a great amount of interest from both academia and industry, and many methods have
been developed to facilitate decision-making and selection. In an extensive review, De
Godoy and Garcia (2017) divide these methods into three categories:

(i) the process-oriented approaches that are easily understood and implemented, but
may lead to suboptimal solutions;

(ii) the mathematical and optimization-based approaches that are difficult to formulate
and perform but rigorous and lead to reliable solutions; and

(iii) the hybrids that attempt to mix the best of the two former worlds by utilizing the
process knowledge of engineers together with systematic mathematical program-
ming.

A prominent example of a hybrid method is self-optimizing control, which is used
for the selection of controlled variables (Skogestad et al., 1999) and has garnered a lot
of attention over the years (Jäschke et al., 2017). Other examples include the mathe-
matically based Single-Input Effectiveness proposed by Cao and Rossiter (1997) (in
recent years applied to input-output pairing by Jolevski et al. (2017)), the rigorous
branch-and-bound method of Kariwala and Cao (2010), and the integrated selection
and controller tuning proposed by De Godoy and Garcia (2017). Continuing within
the field of computer-aided optimization specifically, there have been efforts towards
systematically selecting decision variables via different mathematically based methods.
For instance, Brady and Yellig (2005) developed a matrix-based simulation data min-
ing method to rank decision variables in complex models from a single simulation run.
Zhao et al. (2016) used digraphs to select decision variables that would require the least
amount of simultaneous equations in equation-oriented models. Another method was
used by Asadollahi and Naevdal (2010), who studied large-scale production optimiza-
tion problems and employed multiscale estimation to dynamically modify the number
of variables during optimization runs by grouping the variables. Finally, a more process-
oriented method was applied in Paper I, where a subset selection algorithm, first pro-
posed by Cintron-Arias et al. (2009) and applied to parameter estimation procedures by
Andersson et al. (2014), was used for the in-silico selection of decision variables. Al-
though based on an algorithm to score the different potential combinations of decision
variables that could be used for optimization, it is deemed as more process-oriented
since the method, as applied, requires a process model and a great deal of insight into
both the process and the model.
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Chapter 2. Optimization in engineering applications

2.1.3 Constraints

In everyday life, we are sometimes restricted in our possibilities when trying to ac-
complish our objectives. In optimization, restrictions of this kind are called constraints.
Generally, we have equality constraints and inequality constraints, and these can be
seen as definitions of extra relationships (in addition to the objective function) between
the decision variables, u, and the model output, y, as shown in Figure 2.1 (Dutta, 2016).
These constraints are evaluated alongside the objective function during optimization,
as schematically presented in Figure 2.2, and the constraints must be satisfied, i.e.
Ceq(u) = 0 and Cineq(u) ≤ 0, for the optimal solution to be considered feasible. Here
it should be noted that one view on the process model, which needs to converge, is
that it can be considered a set of constraints creating a feasible region for the solu-
tion (Biegler, 2010). However, unconstrained optimization does not refer to a lack of
a predictive model but instead indicates that the objective function is the only condi-
tion or relationship between the decision variables and the model output that must be
considered.

Constrained optimization problems can have constraints on the model, and/or lower
and upper bounds on the decision variables (also known as box constraints). Constraints
can be formulated to make the solution satisfy any criterion, which goes for both the
model itself and its output, the real-life counterpart of the model, as well as the deci-
sion variables. For instance, in addition to considering the model as a set of constraint
equations, constraints can be formulated for safety conditions (e.g. temperatures and
pressures cannot exceed a maximum value), for operational/economical feasibility (e.g.
yield cannot be below a minimum value), or for physical correctness (e.g. flow rates
cannot exceed system capacities). For instance, in Larsson et al. (2012), the authors
formulate a range of different constraints for optimizing economical grade changes in
a polyethylene plant. They use box constraints to reflect real-life conditions caused by
minimum cooling duties and maximum pump capacities, as well as the rate of change
of the manipulated variables for equipment limitations and safety. Furthermore, they

Objective Fun.

Model

uinitial

u
F(u*)

u*y(u)

Constraints Fun.
yc(u)

Figure 2.2 An abstract schematic of a general evaluation of an objective function in a constrained
problem where the model itself is not considered as a constraint. The decision variable, u, will be
given an initial value (uinitial ) by the user and used to initially evaluate the model. The objective
function in turn takes the model output for the specific value of u, here called y(u), as input. Model
output will also be used to evaluate a set of non-linear constraints, and the model output relevant for
the constraint is here called yc(u); however, sometimes the constraints can be evaluated without the
use of a model. Furthermore, the constraints need to be satisfied for convergence. These evaluations
will be iterated until an optimal (minimal) value, F(u∗), has been reached within the feasible region.
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2.2 Optimization approaches

set constraints on e.g. reactor pressure and reactant concentration in order to guarantee
safe operation of the plant. Another interesting example is that of Negrellos-Ortiz et al.
(2018), who performed a model-based optimization study of product transitions in a
cryogenic air separation unit. They selected an algorithm that could not handle con-
straints other than box constraints, and therefore used only such constraints. However,
they state that they formulated their objective function so that it not only considered
the target transition objectives, but also the dynamic manipulations to the zero-order
hold control actions. This means that instead of setting hard constraints on the control
actions, the authors recast their constraints as part of the objective to be minimized. A
similar strategy but with a different reasoning was used in both Papers VI and IV, where
we used the control actions as part of the objective in order to avoid the extreme behav-
ior of bang-bang/on-off optimization and to ensure stability. In addition to this, in Paper
VI, constraints were formulated on operating parameters such as loading time and flow
rates, as well as for model convergence. In Paper IV, constraints were formulated in
comparison to the nominal case. For instance, box constraints were used to limit the
decision variables so that they were held between half and double that of their nominal
values, and inequality constraints were formulated on the product stream to ensure the
process did not perform worse than the nominal case.

2.2 Optimization approaches

Whilst all problems have their own degree of uniqueness, a general six-step (almost
classic) method can be used to solve virtually any problem in process engineering. This
method starts by analyzing the process itself, followed by formulating the optimiza-
tion problem. Once formulated, there is a wide range of different approaches towards
solving the optimization problem. For instance, if a problem is formulated as a multi-
objective optimization problem, the approach will be different than if a simpler single
objective is to be minimized. In a similar fashion, unconstrained and constrained prob-
lems may require different methods in order to be solved, and different algorithms may
be needed in order to take the constraints into consideration. There are also alternate
ways of approaching problems when it comes to dealing with any dynamic nature of
the problem, as well as when it comes to making use of gradient information or not.
However, regardless of the approach, all algorithms iterate, with more or less finesse
to the method to produce the next candidate solution – and the optimal solution. This
section is intended to introduce and discuss the aforementioned procedure as well as
the approaches that are most relevant to the current thesis.

2.2.1 General six-step method for solving optimization problems

Edgar and Himmelblau (1989) presented a general procedure for solving optimization
problems in six steps, which can be considered a classic2. The steps are summarized in
Figure 2.3. The first three steps are primarily concerned with the mathematical defini-
tion of the problem, and the last three steps focus on finding a solution.

2This six-step method was kept for the second edition of the book published in 2001, which is considered
to be a standard reference work by Biegler and Grossmann (2004).
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If necessary,
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results
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formulate Ceq, Cineq

and select u

Figure 2.3 A summary of the six step method by Edgar and Himmelblau (1989), who proposed
that we need to start by analyzing the process at hand, followed by formulating the optimization
problem along with the model, before solving the problem and analyzing the results.

We start an optimization study by analyzing the process itself so that variables and
characteristics of interest can be identified and defined, and list them (Edgar and Him-
melblau, 1989). The analyses and preparations also help us gain insight into the process
and will serve us well down the line, since knowing the important factors of the pro-
cess will be helpful when preparing a process model, formulating objective functions
and constraints, and selecting decision variables. Conversely, it is extremely difficult to
describe a process mathematically if you know nothing at all about it, so we basically
must start here.

Continuing, we need to decide what we want to accomplish and formulate a math-
ematical version thereof in terms of the listed variables from the first step (Edgar and
Himmelblau, 1989). This was covered with provided examples in section 2.1.1.

Following the formulation of the objective function(s), the constraints have to be
formulated (section 2.1.3), and the decision variables must be selected (section 2.1.2);
a valid predictive model of the process also has to be developed (Edgar and Himmel-
blau, 1989). Developing a model can be performed by making use of first principles,
empirical relationships, implicit concepts, and external restrictions. In addition to creat-
ing custom-made models from scratch in a programming language (e.g., Python), there
are many tools available to help with modeling (and simulation). Examples of such
tools include flowsheeting environments for production processes (e.g., the Aspen Plus
and gPROMS environments), hydrodynamic modeling and simulation tools for urban
drainage (e.g., MIKE Urban and SWMM), and machine learning technologies that re-
quire large amounts of data (e.g., scikit-learn and TensorFlow). Regardless of the chosen
tool, a systematic approach towards the development of a new model that incorporates
knowledge about the process (obtained from the first step) is required (Rasmuson et al.,
2014).

If the optimization problem and/or the model that we formulated in the first three
steps is too large in scope or too complicated, there may be a need to simplify, in which
case we should revisit steps 1-3 and either break the problem into manageable parts
or simplify the problem as a whole (Edgar and Himmelblau, 1989). This can be done
by splitting an model into smaller parts, or by reducing the dimensionality (and thus, to
some extent, the difficulty of finding the optimum) of the problem by reducing the num-
ber of decision variables. We used these strategies for Papers III and IX, respectively.
In Paper III, the full dynamic model of a two-stage evaporator and a methanol column
would not converge due to stiffness that was presumably caused by differences in the
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2.2 Optimization approaches

dynamics of the used unit-operation models, which led to us separating the two different
systems into two different modules that were co-simulated; this is more thoroughly de-
scribed in Paper V. In Paper IX, the system originally contained a huge number of small
subcatchments, and the implementation ratios of blue-green systems to impervious ar-
eas in each subcatchment were used as decision variables. This number was reduced by
creating larger subcatchments, leading to a smaller number of decision variables (but
still quite large, with 30 subcatchments).

A suitable approach to solve the problem must then be adopted, with the goal of
ensuring a good fit between your problem and your selected algorithm. A range of ap-
proaches are considered in the remainder of this section, and may require consideration
of whether the problem is single- or multi-objective, whether it is constrained, of a
static or dynamic nature, and/or whether we can, need, or wish to make use of gradient
information.

Finally, when the problem has been solved, we need to analyze the results and en-
sure that the solution is sane and useful, before moving back to the real world for vali-
dation and implementation.

2.2.2 Single-objective & multi-objective optimization

A single-objective optimization problem is fairly easy to solve (Dutta, 2016), primarily
as there will only be one objective to consider without any compromises necessary be-
tween different competing goals. An abstract schematic of the straightforward sequen-
tial procedure and the flow of information for single-objective optimization is presented
in Figure 2.4. Essentially, the user provides the optimizing algorithm with an initial set
of values for the decision variables, uinitial , which the algorithm uses as a starting point
in order to iterate its way towards the optimal solution. Whilst there may still be issues
to consider regarding objective function convexity, local and global optima, and poten-
tial discontinuities, a well-posed single-objective optimization problem yields only one
meaningful direction for the selected optimization algorithm: downwards, towards a –
hopefully, the – minimum. For a constrained single-objective NLP, we thus define a
feasible point in the decision space (u∗) to be a global minimizer if no u exists such
that:

F(u)≤ F(u∗), u ∈ RNu

In other words, if the function value F(u∗) is less than F(u) for all u in the full feasible
region as defined by the optimization problem, u∗ is a global minimizer. We have thus
found our global optimum. We further define u∗ as a local minimizer if F(u∗)≤ F(u)
for all u in the vicinity of u∗, which means that several local optima may exist, but
only one global optimum exists in the feasible region depending on the convexity of

Optimizing

Algorithm

Objective

Function
Model

uinitial u u

y(u)F(y(u))F(u*)

u*

Figure 2.4 A schematic of a single-objective, multi-variate optimization approach.
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Figure 2.5 An illustrative example of (a) a single objective and (b) a multi objective problem
and the compromises that may be necessary for the latter. For instance, f1(u) can be imagined to
represent price and f2(u) can be imagined as bad quality - both of which we would like to minimize,
and thus we have to compromise and make a decision regarding which is most important.

the NLP, as discussed in section 2.1. A single-objective optimization is exemplified in
Figure 2.5a, where we can consider f1(u) to represent the price of a product. If we are
interested in the cheapest product possible, without regards to anything else, we should
choose u= 1. Whilst formulating an economical objective function such as this example
does create a single objective function, it may not always be possible to fit a price tag
to everything. Furthermore, practical problems from the physical world formulated on
a performance form are often ill-cast as true single-objective problems since there are
myriad of compromises that need to be made. These kind of compromises may also
require information that is not readily available to the practitioner and only accessible
by decision-makers in an organizational hierarchy, and the problem structure thus needs
to be adaptable to such information. As such, most of the problems we encounter are
more aptly formulated as multi-objective problems.

However, a multi-objective optimization problem can be rather complex to ap-
proach, because the existence of multiple objectives mean that there is more than one
direction in which to push. For instance, expanding the example shown in Figure 2.5a
into the multi-objective problem in 2.5b, we may still want a low price ( f1(u)), whilst
also avoiding bad quality, represented by f2(u). Choosing the low-cost product at u = 1
yields a product with a high measure of bad quality, which is something we also want to
minimize, but choosing a high quality product at u = 0 forces us to pay more. Even for
this simple example, the problem of finding an optimal solution is more difficult com-
pared to the single-objective example. In general, for multi-objective optimization, two
main concerns should be considered. Firstly, and perhaps most importantly, we need to
define what optimality is in the presence of several objectives, since it is not as straight-
forward as in the single-objective case. Secondly, the objectives may be conflicting or
incommensurable (in which case improving one is impossible without worsening the
other), whilst we need to express our objectives in units that mix well, i.e., using the
same unit or making the objective dimensionless (Dutta, 2016). Within this, how to
weigh the different objectives against each other is also important to consider.
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2.2 Optimization approaches

2.2.2.1 Optimality of multi-objective problems
One of the most common and practical ways to define an optimal point in multi-
objective optimization is through the concept of Pareto optimality (Marler and Arora,
2004). By this definition, a feasible point in the decision space (u∗) is Pareto optimal if,
and only if, there exists no other feasible point (u) such that (Marler and Arora, 2004):

i. F(u)≤ F(u∗), and

ii. Fi(u)≤ Fi(u∗) for at least one of the objective functions Fi ∈ F, i = [1, 2, ..., m].

This is a logical extension of the single-objective definition of optimal points. In other
words, u∗ is Pareto optimal if no u exists that improves any (at least one) objective
function. Weakly Pareto optimal is similarly defined as u∗ being weakly Pareto opti-
mal if no point u exists that improves all (every single one) of the objective functions
(Marler and Arora, 2004). Provided that u∗ is Pareto optimal, the resulting objective
vector F(u∗) is also Pareto optimal (Dutta, 2016). In addition to Pareto optimality, the
concepts of dominance (Deb, 2009; Marler and Arora, 2004) and efficiency (Marler and
Arora, 2004) are quite prominent. These concepts are, for all practical purposes, indis-
tinguishable from Pareto optimality in their respective definitions (Marler and Arora,
2004). Using these definitions, a Pareto-optimal set of solutions (i.e., all solutions that
cannot be improved in any objective function) can then be constructed and visualized.
When the objectives are graphically presented against each other, these sets commonly
take the form of sweeping fronts. We call these Pareto fronts (Degerman, 2009), and an
illustrative example of a Pareto front retrieved using two different methods is presented
in Figure 2.6.

2.2.2.2 Conflicting objectives in multi-objective problems
Multi-objective optimization can be simple if the objectives are non-conflicting, al-
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Figure 2.6 An illustrative example of a front created by the Pareto set, here solved in two ways.
In (a), the weighted sum method (Marler and Arora, 2004) is used. With an increase in the weight
w, f1(u) becomes more important to consider and more important to minimize. For large w, f1(u)
is therefore small. In (b), the NSGA-II multi-objective optimizer (Deb, 2009) was used to create the
Pareto front.
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Chapter 2. Optimization in engineering applications

though it may not always be obvious if they are. In those cases, the Pareto-optimal
set contains only a single optimal solution (Deb, 2009). However, when we have con-
flicting or incommensurable objectives, full fronts of Pareto-optimal sets will exist, re-
flecting the need to make compromises and to decide how important the objectives
are in relation to each other, which is an important endeavor. The quantification of the
weights needs be done by the practitioner or decision-maker injecting or inserting their
preferences into the process of optimization, and this can be done either a priori or
a posteriori (Marler and Arora, 2004). These two approaches are schematically pre-
sented in Figure 2.7. The former approach means that we need to set our preferences,
denoted w (short for weights), before the optimization begins and then re-run the opti-
mization for each set of preferences that we are interested in examining. By doing so,
we essentially recast the multi-objective problem into a single-objective formulation.
Conversely, the latter approach means treating the multi-objective problem as is and
producing a palette of Pareto-optimal solutions from which the practitioner can make a
selection based on their preferences. This approach thus requires a full matrix of initial
decision variable settings, Uinitial . There are also methods for which no articulation of
preference is required, and these three categories of methods are all based on reformu-
lating a multi-objective function into one that can be solved by standard single-objective
optimization algorithms (Marler and Arora, 2004). Other approaches are also available
that can solve multi-objective problems as they are, such as evolutionary algorithms
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User-supplied info

about preferences

w

Selected F(u*), u*User-supplied info

about preferences

Figure 2.7 A schematic of two multi-objective, multi-variate optimization approach: a priori (up-
per), meaning preferences are set before the optimization algorithm is run to find the Pareto-optimal
solution (and repeated for each set of preferences), and a posteriori (lower), meaning that prefer-
ences are set after the algorithm has found all the Pareto-optimal solutions. Note that y(u) has been
omitted for brevity in the output from the objective function to the optimizing algorithm in the a
priori approach.
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with biologically inspired search heuristics based on stochastic elements (Deb, 2009;
Emmerich and Deutz, 2018).

The examples in Figure 2.6 were created by solving the multi-objective optimiza-
tion problems presented in Problem 2.2 using two methods: (a) using the weighted sum
method to recast the problem as a single-objective formulation and applying the SciPy
implementation of the SLSQP single-objective method (Kraft, 1988), and (b) as a true
multi-objective optimization problem with a convenient Python implementation of the
algorithm NSGA-II (Deb, 2009) created by Khan and Tiwari (2017). As seen by ana-
lyzing the two problems (or by revisiting figure 2.5b), the objectives are in conflict in
the search space, since f1(u) is minimized for the same u that f2(u) is maximized, i.e.
at u = 1.

(a) (b)

min
u

F(u,w) = w f1(u)+(1−w) f2(u) min
u

F(u) = [ f1(u), f2(u)]

where f1(u) = (u−1)2 where f1(u) = (u−1)2

f2(u) = u2 f2(u) = u2

s.t. 0≤ u≤ 1 s.t. 0≤ u≤ 1
0≤ w≤ 1

(2.2)

Using the weighted sum method to solve Problem 2.2a (results presented in Figure
2.6) we see that with an increase in the weight, f1(u) becomes a more important part
of F(u) and is therefore more important to minimize, which in this case means that
f1(u = 1) = 0. When the weight is low, then f2(u) is important to minimize. These
kind of Pareto fronts are used in the optimization results of Papers VI and VII, and are
useful to illustrate the compromises that are necessary between different objectives as
well as to show the possible variety among the different solutions of a multi-objective
optimization problem. It should be noted that all solutions found via the weighted sum
method are Pareto optimal, but not all Pareto optimal points can be found (Deb, 2009).
For instance, optimal points in a non-convex region of a Pareto front cannot be found
(Emmerich and Deutz, 2018) and an even distribution in the weight does not guarantee
an even spread on the Pareto front (Das and Dennis, 1997). When applying the NSGA-II
algorithm to Problem 2.2b, we retrieve essentially the same front, as seen by comparing
Figure 2.6a and b. Similar limitations concerning the distribution of the Pareto-optimal
solutions exist, exemplified by the fact that f1(u) = 1 is not found, which stems from
the stochastic nature of the algorithm. In contrast to the weighted sum method, the
evolutionary algorithms can find Pareto-optimal points even on concave regions of the
Pareto front, but the stochastic approach lacks strict convergence criteria (Holmqvist,
2013).

Many more methods similar to those visited here exist for dealing with multi-
objective optimization problems. The curious reader is directed towards Marler and
Arora (2004), Emmerich and Deutz (2018), and Deb (2009) for thorough reviews.
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2.2.3 Unconstrained & constrained optimization

There are many approaches and algorithms to find the optimal solution to our opti-
mization problem. These algorithms can be divided into two categories based on their
capability to deal with unconstrained and constrained problems (Biegler, 2010). An ab-
straction for solving unconstrained problems is presented in Figure 2.8. This is nigh-on
identical to that for single-objective problems in Figure 2.4 (but here generalized for
multi-objective problems by using F(y(u))); since there are no extra relationships to
consider, the procedure becomes very straightforward, and the optimizer can focus on
minimizing the objective function.
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y(u)F(y(u))F(u*)
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Figure 2.8 A schematic of an unconstrained optimization approach.

In the case of constrained optimization, schematically presented in Figure 2.9, the
optimizer needs to take these constraints into account and evaluate them to ensure they
are satisfied. The constraints function is dotted to the model for this, since not all con-
straints in all problems necessarily require the model to be evaluated. The approach and
choice of algorithm thus must take into account whether or not the problem has con-
straints since not all algorithms accept constraints. For instance, focusing on some of the
algorithms available in the scientific computation package available for Python known
as SciPy, the Nelder-Mead simplex method (Nelder and Mead, 1965) is intended for
unconstrained problems only, and does not accept any constraints at all. The SLSQP
algorithm (Kraft, 1988) accepts both constraints to create feasible and unfeasible re-
gions in the decision space as well as decision variable bounds for limiting the search
space. The COBYLA algorithm (Powell, 1994) accepts constraints but does not accept
bounds on the decision variables, which thus have to be formulated as constraints to be
evaluated after the objective function (an example of constraints that do not require the
model to be evaluated). Here, it can be noted that constrained algorithms often work for
unconstrained problems as well, as seen in the examples above where SLSQP was used
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Figure 2.9 A schematic of a constrained optimization approach; constraints may require some
output from the model (yc(u), but not necessarily so – for instance, box constraints need only the
bounds for evaluation, and sometimes the model may be formulated entirely as the constraints in
the optimization problem.
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to solve both the unconstrained problem and the constrained problem (both bounded).
Also note that similar variations in constraint-handling capabilities exist amongst evo-
lutionary algorithms as well (Deb, 2009).

Truly unconstrained and/or unbounded problems may be rare in the real world (Deb,
2009), but problems can still be formulated as such for various purposes and thus need
to be approached in a suitable manner. For instance, in Paper I, a number of uncon-
strained and unbounded problems with the same objective function were solved in order
to investigate whether the decision variables selected by the Subset Selection Algorithm
were effective. For this purpose, the Nelder-Mead algorithm was used. Another exam-
ple includes that of the previously mentioned study presented by Negrellos-Ortiz et al.
(2018), who cleverly formulated an unconstrained problem reflecting a restricted real-
ity in order to work with the algorithm of their choosing, BOBYQA, which does not
handle constraints beyond decision variable bounds (Powell, 2009). In Paper IX, the
COBYLA algorithm was used to optimize the siting and sizing of blue-green systems
in Malmö, using no constraints but only decision variable bounds. However, COBYLA
does not accept decision variable bounds. Our approach was therefore to input the de-
cision variable bounds as constraints for the algorithm to accept them. The practical
difference is that the algorithm checks feasibility of solutions using the constraints in-
stead of limiting the space that is searched beforehand, which unfortunately may lead
to an unnecessarily high number of function evaluations.

Revisiting (the unconstrained) Problem 2.2a and reformulating it into a constrained
problem gives us an illustration of how constraints may reduce the feasible region, and
thus why it is important to take these into account. The constrained version of Problem
2.2 is formulated as Problem 2.3 below:

min
u

F(u) = w · f1(u)+(1−w) · f2(u)

where f1(u) = (u−1)2 f2(u) = u2

s.t. f1(u)−0.5≤ 0 f2(u)−0.5≤ 0
0≤ u≤ 1
0≤ w≤ 1

(2.3)

Inequality constraints have been introduced to the functions f1(u) and f2(u), stating that
they have to be below 0.5 for a solution to be considered feasible. Approaching this as
a constrained problem, the SLSQP algorithm can still be used, and the results of using
the weighted sum method is presented in Figure 2.10. As can be seen in Figure 2.10,
the area that was formerly fully feasible has now been considerably limited; it is now
divided into feasible (white) and unfeasible (gray) regions, and solutions in the regions
of f1(u) > 0.5 or f2(u) > 0.5 that were previously feasible are now considered not to
be. It is, in other words, very important to choose a suitable approach and algorithm to
the formulated problem, especially as constrained problems are very common within
engineering. Good examples of studies with constrained problems from this thesis in-
clude Papers IV and VI. In the former paper, oscillations in an evaporator system were
minimized with inequality constraints formulated to ensure the desired performance of
the system with respect to the product quality. COBYLA was selected as the choice
of optimizer to deal with the constraints. In the latter paper, we investigated flow rate
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Figure 2.10 The same problem as presented in Figure 2.6 but now constrained so that the two
functions f1(u) and f2(u) have to be below 0.5 for a feasible solution.

trajectories to optimize the loading sequence of a chromatographic capture step, and
while no constraints were set on the performance of the system (e.g., minimum yield or
productivity), the model itself was treated as an equality constraint.

2.2.4 Derivative-free & gradient-based optimization

Constrained and unconstrained algorithms alike come in different varieties, and both
can be further categorized into algorithms that are either derivative-free or gradient-
based. These two classes of algorithms require different approaches to solve the prob-
lem at hand.

Derivative-free optimization (DFO) algorithms do not require information about the
derivative of the problem in order to solve it; instead, they evaluate the objective func-
tion directly (Biegler, 2010). This property makes DFO a no-frills approach for the
practicing engineer towards solving optimization problems, and its abstraction is – for
our intents and purposes – identical to that for the unconstrained schematic presented
in Figure 2.8 above (given an unconstrained problem). It also means that DFO algo-
rithms are very well-suited for studies where the derivatives are difficult to formulate or
retrieve, which is the case of many practical studies (Negrellos-Ortiz et al., 2018). For
instance, first principle models with all the necessary derivative information may not al-
ways be fully available, either because the process is not well-understood or the model is
data-driven; the available model may not have been originally tailored for optimization
studies, and therefore may not have been prepared to express the required information;
or modeling tools with embedded simulation procedures where access to the required
information is restricted due to proprietary reasons. The evaluation of the objective
function may at times also be computationally expensive or noisy, in which case DFO
algorithms are more suitable than methods relying on numerically estimated derivatives
(Rios and Sahinidis, 2013). According to Biegler (2010), the DFO approach is easy to
implement since it requires relatively little insight (compared to using gradient-based
methods) into the otherwise important minutiae of the optimization problem; in other
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words, DFO algorithms allow the practitioner to perform value-adding studies by sim-
ple means. Furthermore, since DFO algorithms do not deal with derivatives neither do
their termination criteria, leading to DFO algorithm favoring the search for a global in-
stead of a local minimum (a risk of getting stuck in local minima still exists). However,
no strict convergence criteria exist for these methods, and the performance does not
scale well with the number of decision variables, leading to studies with more than a
few dozen decision variables being rare (Biegler, 2010).

DFO algorithms can be further classified as stochastic or deterministic algorithms,
depending on whether or not an algorithm takes random steps in its minimization
method (Rios and Sahinidis, 2013). Stochastic examples include evolutionary algo-
rithms such as NSGA-II, whereas an example of deterministic DFO algorithms is the
Nelder-Mead simplex algorithm.

Stochastic algorithms rely to some degree on randomization in their approach to-
wards solving the optimization problem. The hit-and-run algorithms reviewed by Rios
and Sahinidis (2013) serve as good and relatively simple examples of this. Essentially,
in the procedure of finding the optimum, the hit-and-run algorithms will randomly gen-
erate new candidates based on two random components; a direction and a step are gen-
erated from uniform distributions such that the step is feasible (within constraints).
Another good example is that of the evolutionary (a.k.a. genetic) algorithms, which are
bio-inspired and designed to mimic the evolution of a population. Randomization stems
from crossover and mutation (Biegler and Grossmann, 2004), and Darwin’s law of the
survival of the fittest is applied. In other words, in each iteration, the solutions with the
best objective function values have higher chances of surviving to the next iteration and
to contribute towards (re)producing new points in their vicinity. Other common methods
include the Simulated Annealing and Particle Swarm Optimization algorithms. Gener-
ally, stochastic algorithms are easy to use (Rios and Sahinidis, 2013) and are able to
find the global optimum without getting stuck in local optima (Dutta, 2016). Stochastic
algorithms can further be used for a posteriori multi-objective optimization. For in-
stance, in the case of processes in urban environments, Eckart et al. (2018) used the
BorgMOEA algorithm to find Pareto-optimal sets of reduced peak flows and runoff
volumes from low-impact developments intended for managing urban stormwater. We
also saw the use of NSGA-II for multi-objective optimization in the example presented
in Figure 2.6b. However, it should be noted that stochastic algorithms naturally are not
limited to multi-objective optimization problems but can be applied to single-objective
optimization as well, with a good example being Javaloyes-Antón et al. (2013) and their
minimization of the total annual cost of a complex distillation column using the Particle
Swarm Optimization algorithm.

Deterministic algorithms, in contrast, do not use randomization elements in setting
the next value for the decision variables and will instead rely on some heuristic to find
the search direction for the next point in the vicinity of the current point. Two of Pow-
ell’s algorithms, COBYLA and BOBYQA, serve as good examples for this purpose.
The former works by making linear approximations of the objective and constraint
functions whereas the latter makes a quadratic approximations. Both algorithms use
a trust region subproblem for constraints, bounds, and variable changes. Deterministic
DFO was suggested by Negrellos-Ortiz et al. (2016) to be an effective approach for
solving optimization problems at the engineering level. Negrellos-Ortiz et al. (2016)
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were also able to show the effectiveness of deterministic DFO for dynamic problems
in particular, utilizing the BOBYQA algorithm (Powell, 2009) to optimize dynamic
product transitions for two different cases, concerning a set of reactors (Negrellos-Ortiz
et al., 2016) as well as an air separation unit (Negrellos-Ortiz et al., 2018), respectively.
In both these studies, they employed models built in Aspen Plus Dynamics as black-box
models, and were only concerned with the inputs and the outputs. Another example of
DFO algorithms being applied for trajectory optimization is that of Paper IV, where
we used the constrained DFO algorithm COBYLA to minimize the oscillations of the
investigated evaporator system. The mentioned study is a good example of the difficulty
of retrieving gradient information. In Aspen Plus Dynamics, the simulation procedures
are namely built into the modeling software, and the software provides only limited
opportunities for accessing the gradient information in a reliable manner, which is nec-
essary for gradient-based techniques. As a final note on deterministic DFO, similarly
to stochastic algorithms, there are global algorithms as well, with the interval analysis-
based algorithm presented by Perez-Galvan and Bogle (2015) being a good example.

In comparison to derivative-free methods, gradient-based methods are significantly
quicker to reach local optima than derivative-free methods, and these methods require
the objective function to be smooth, i.e. at least three times continuously differentiable;
here, differentiable means that all the partial derivatives of the objective function with
respect to the decision variable(s) exist, and continuously differentiable means that all
those partial derivatives are also continuous (Biegler, 2010). This property of the objec-
tive function and its derivatives is necessary because gradient-based algorithms utilize
the first- and second-order partial derivatives of the objective function with respect to
the decision variables in order to locate and classify the optimum. An abstraction of the
gradient-based approach is presented in Figure 2.11.

The fundamental idea behind gradient-based algorithms is to determine where the
optimum is located by using the gradient information. The Steepest Descent algorithm
serves as a good example since its working principle is showcased in its name – the
algorithm determines the direction of the steepest possible descent at the current point
using gradient information, and takes as long a step as possible. For any problem with
more than one decision variable, the gradient information is retrieved in a matrix form,
which is called the Jacobian (J in Figure 2.11). The second-order derivatives can, for
instance, be used to determine whether a found optimum is a minimum or a maximum.

Optimizing

Algorithm

Objective

Function
Model

uinitial u u

y(u)F(y(u))F(u*)

u*

Gradient 

Function
u u

yJ(u)J, H

Figure 2.11 A schematic of a gradient-based approach to optimization. The Jacobian, J, may be
retrieved using information provided by the user to the algorithm, or the algorithm can approximate
it numerically by finite difference perturbation of the model; the latter is indicated by the dotted line.
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This information is also retrieved in a matrix form, called the Hessian (H in Figure
2.11). Here it should be noted that while a multi-objective extension of the Steepest
Descent method has been developed by Désidéri (2012), gradient-based algorithms are
classically applied to single-objective problems (e.g. economic objectives, or multi-
objectives solved via the weighted sum method), which therefore will be the focus here
as well. Thus, for a single-objective problem with Nu decision variables, the Jacobian
and Hessian are generally defined according to Equation 2.4 (Andersson et al., 2014)
and Equation 2.5 (Yang, 2017), respectively:
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As alternatives to the Steepest Descent algorithm, some algorithms use the gradient to
determine the best descent towards the optimum. What is meant by best can be ex-
plained by taking a valley as an example, where the minimum is located somewhere in
the valley. The algorithms that proceed via the best route take the straightest feasible
path towards the optimum, instead of finding and taking the steepest descent straight
into the bottom of the valley and then moving on towards finding the optimum from
there (still by steepest descent, which may not necessarily be so steep in the bottom
of the valley). Examples of such algorithms include Newton’s method, which is based
on finding the zeros of the Jacobian given a continuously differentiable objective func-
tion by utilizing a Taylor expansion (Biegler, 2010; Yang, 2017). Further unconstrained
examples include Newton-type methods such as Line Search method, and Trust Re-
gion method, with examples of constrained methods being the Sequential Quadratic
Programming (e.g. SLSQP) and Interior Point (e.g. IPOPT) methods (Biegler, 2010).
There are also methods that rely on Hessian update approximations, yielding a lower
linear algebra cost compared to using the full Hessian; an example of a category of
these methods is the Quasi-Newton methods, including the Broyden-Fletcher-Goldfarb-
Shanno algorithm (Biegler, 2010).

Regardless of the choice of gradient-based algorithm, information about the gradi-
ent is required, and there are different ways of retrieving it. For instance, an analytical
or symbolic Jacobian and Hessian can be supplied by the practitioner to the algorithm
in the form of an auxiliary function, which may require a toolset designed for that pur-
pose. This approach was adopted in Paper VI, where a toolchain including an automatic
differentiation package was used to perform the optimization study; the purpose of the
package was to efficiently compute the derivatives, which were supplied to IPOPT,
which was the optimizer of choice in the study. There are also algorithms that, lacking
a user-defined Jacobian function, are able to numerically approximate the Jacobian. Vi-
sualizing this potential relationship is the purpose of the dotted line between the model
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and the gradient information in Figure 2.11, as the model can be – but does not need
to be – numerically evaluated for the Jacobian. This approach was taken in Paper VII,
as the SciPy implementation of the SLSQP algorithm was used for optimization, which
uses numerical approximation by finite differences in a vicinity of the current point, i.e.,
by taking small steps to evaluate the effect on the objective function, in each iteration.

2.2.5 Static & dynamic optimization

Optimization approaches can further be divided into static and dynamic optimization.
During static optimization, we are primarily concerned with steady-state behaviors and
inputs, whereas dynamic optimization entails also considering the time-dependency or
time-variance of variables in the models and processes.

Static optimization is an important application that utilizes constant decision vari-
ables and steady-state models. It has been widely used for design purposes within
both production systems, exemplified by the optimal heat exchanger network design
by Tanozzi et al. (2019), as well as urban environments, exemplified by the optimal
sizing and siting of storage units in sustainable urban drainage system by Cunha et al.
(2016). In addition to design, the approach can also be used to optimize operation,
planning (Biegler, 2010), or some combination of these three applications (Chibeles-
Martins et al., 2016). Solving a generic static problem such as Problem 2.1 has a proce-
dure identical to that presented in Figure 2.9, assuming DFO is applied (otherwise the
gradient information is necessary as well). The static approach was applied in Papers
III, VII, and IX. In Paper III, constant flow rates of steam were used to optimize the cost
induced by steam consumption in an evaporator system and a methanol column. In Pa-
per VII, optimal integrated sequences of chromatographic column were designed using
constant column volume and flow rate ratios. In Paper IX, the implementation extent
of blue-green systems in 30 different subcatchments in Malmö were used to optimize
net-present value of the investment to construct blue-green systems, utilizing a dynamic
piping network flow model. Since dynamic models were used to capture the dynamic
system behavior, the studies presented in Papers III and IX can perhaps be considered
border-line cases between static and dynamic optimization.

Dynamic optimization utilizes time-variant decision variables and dynamic models.
It is therefore a bit more convoluted than steady-state optimization, because – in addi-
tion to the concepts explored so far in the current chapter – we must consider how to deal
with a variable decision variable (or multiple). We may also need to consider specific
optimality conditions for optimal control problems as well as the handling of potential
path constraints (Biegler, 2010). However, dynamic optimization is very powerful for
controlling processes, and has for instance been applied for trajectory optimization in
order to perform open-loop optimal control of chromatographic separation processes
(Sellberg, 2018). Dynamic optimization can also be used for model-based predictive
control (MPC or MBPC) as described by Maciejowski (2002), which is especially rele-
vant for systems under regular disturbances (Santos et al., 2020), for start-up/shutdown
scenarios (Sindareh-Esfahani et al., 2017), and for finding the optimal path during pro-
duction change from set point A to set point B (Negrellos-Ortiz et al., 2016). However,
using dynamic optimization for real-time forecasting of the optimal decision variable
path sets a time limit on the required computations, which in turn sets high demands on
how the problem is formulated and solved (Biegler, 2010).
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In general, a dynamic optimization problem can be formulated similar to Problem
2.1, with the added dimension of time. There are two main ways in which to approach
such a constrained and bounded dynamic problem: (i) by partial discretization, and (ii)
by full discretization (Biegler and Grossmann, 2004).

In terms of partial discretization, one relatively simple way to approach a dynamic
problem is by what Biegler and Grossmann (2004) call the direct sequential method
because the optimization problem and model are solved in sequence. This approach
comprises temporal discretization of only the decision variable (e.g., according to a
zero-order hold (ZOH) strategy), whereas the model is kept as a whole and solved
using an embedded differential-algebraic equation (DAE) set solver through single-
shooting (e.g., a numerical integrator in the modeling and simulation environment of
choice solves the model as an initial-value problem) (Biegler and Grossmann, 2004).
This means to divide the decision variable, u, into a set of Nτ number of time horizons,
τ , each of which can assume independent values (within set bounds). By doing so, the
originally infinite-dimensional problem – infinite due to the potentially infinite amount
of points in the continuous time between an initial and a final point in time (t0 and t f ,
respectively) – is recast as a finite-dimensional problem with only Nτ decision variables
distributed over the optimization time horizon. This discretization approach creates a
relatively small optimization problem compared to full discretization (Cervantes and
Biegler, 2008), and a generic decision variable time profile is visualized in Figure 2.12
to visualize what the ZOH discretization may result in.

A schematic of the optimization procedure is presented in Figure 2.13, where the
discretized decision variable as a function of time (t) is used in the model. Discretiza-
tion according the direct sequential approach can be practically performed in different
ways, e.g., by using an if statement within the model itself, or by using a for loop in
the objective function, to have the model simulated over each time horizon with the
corresponding decision variable used. Thus, in each time horizon the discretized con-
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Figure 2.12 A generic example of a control signal, u(t), during dynamic optimization utilizing
discretization of the decision variable into Nτ zero-order hold sections.

29



Chapter 2. Optimization in engineering applications

Optimizing

Algorithm

Objective

Function
Model

u(t)initial u(t) u(t)

y(u)F(y(u))F(u*)

u*

Figure 2.13 A schematic of a direct sequential optimization approach to solve a dynamic op-
timization problem, where the decision variables are time-variant and have been temporally dis-
cretized to create a finite-dimensional optimization problem. This utilizes an embedded DAE solver
to evaluate the model at each iteration. The time-dependency is omitted in the outputs for the sake
of brevity.

trol signal can assume an individual value, thus representing one degree of freedom
each for the optimizer. This means that the discretized control signal has Nτ degrees
of freedom. One problem with this is that it could lead to difficulties in converging on
an optimal solution. Furthermore, since each discretized horizon is independent from
the previous and following, “bang-bang optimization” may be an issue, which can be
mitigated by adding ∑

n
i=1 R∆ui (where R is a scaling parameter and ∆ui is the difference

between two neighboring ZOH signals, as visualized in Figure 2.12) to the objective,
thereby punishing large differences between two consecutive ZOH signals. An exam-
ple of this approach from the work presented in this thesis is Paper IV. This study
utilized a toolchain presented in further detail in Paper V in order to employ the direct
sequential approach with the ZOH strategy. Using this approach, an open-loop trajec-
tory optimization with the purpose of minimizing process-disturbing oscillations was
successfully performed by applying the DFO algorithm COBYLA. Alternatives to the
ZOH strategy would be higher-order hold methods such as linear multistep methods as
presented by Biegler (2010) as well as parsimonious input parametrization (Rodrigues
and Bonvin, 2018), but these alternatives have not been further explored and applied in
practice in the current thesis.

In terms of full discretization, not only is the decision variable discretized, but so are
all the variables of the model (Biegler and Grossmann, 2004). Comparing to the direct
sequential method, the full discretization approach is considered as an everything-at-
once, or simultaneous approach (Biegler, 2010). The model is now formulated fully as
constraints, which is visualized in the procedure schematic presented in Figure 2.14.
This approach typically yields a very large AE problem that is not solved at each it-
eration, but only at the optimum (Biegler and Grossmann, 2004). There are two main
methods to consider: (i) multiple-shooting, and (ii) collocation methods (Biegler and
Grossmann, 2004). However, when applying multiple-shooting, the problem can be
relaxed so that a sequential-like approach is applicable, making use of an embedded
DAE solver to instead solve Nτ initial-value problems (i.e. one for each time horizon)
(Biegler and Grossmann, 2004), which are coupled only by their initial and final states.
This problem-solving structure thus requires continuity constraints in the form of equal-
ity constraints, meaning that the model state at the end of one horizon must be equal
to the model state at the beginning of the following horizon (Cervantes and Biegler,
2008). Approaching the problem like this further means that there are possibilities for
parallel computations, which is very useful for problems requiring many simulations
(Andersson, 2014). Using collocation, the continuous time problem is instead recast
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into an NLP by using polynomial representations to approximate the model state and
the decision variable profiles (Biegler and Grossmann, 2004). This recasting can be
done on a local scale, where the low-order polynomials are used to approximate these
profiles in each collocation time horizon (note that there may be several collocation time
horizons in one ZOH time horizon), or on a global scale, where a single higher-order
polynomial is used (Magnusson, 2016). Thus, collocation methods create the largest
NLP problems out of the three concepts explored here, and the collocation formula-
tions are practically unsolvable via DFO due to the sheer size of the decision variable
set. Specialized large-scale NLP algorithms, e.g. IPOPT, are required in conjunction
with capitalizing on the structure of the collocation equations (Biegler, 2010). This ap-
proach was applied to solve the optimization problem presented in Paper VI, in which
the optimization problem and the model was solved simultaneously by using a local
collocation method to create an NLP, which in turn was solved using the IPOPT algo-
rithm (Wächter and Biegler, 2006). Comparing this to the sequence presented in Figure
2.9, this simultaneous approach left no box for the model at all as in Figure 2.14, since
the model was formulated entirely as constraints to be satisfied by the optimizing algo-
rithm. Furthermore, specific equality constraints were implemented on every decision
variable in each time step, or communication point, ensuring continuity. Thus, the ob-
jective function does not need the model to be evaluated, and the evaluation thereof
relies solely on the decision variables. However, in said study, an initial-value problem
solver was used to provide the optimizer with feasible initial conditions for the decision
variables, as well as for model-based verification of the optimal solution.

Optimizing

Algorithm

Objective

Function

uinitial(t) u(t)

F(u)F(u*)

u*

Constraints

incl. Model
Ceq(u)

Cineq(u)

u(t)

Figure 2.14 A general schematic of the full discretization approach, where the model is cast as a
set of equality constraints and is thus solved by the optimizing algorithm without the need for an
embedded DAE/initial-value problem solver. The time-dependency is omitted in the outputs for the
sake of brevity.

2.2.6 Summary

In this chapter, we visited the foundational concepts for an optimization problem,
namely the objective function, the decision variables, and the constraints. We have
furthermore explored the approaches that have the most relevance to the work pre-
sented in this thesis, including the general six-step method towards problem solving;
single- and multi-objective optimization; unconstrained and constrained optimization;
derivative-free and gradient-based optimization; and static and dynamic optimization.

To summarize, a comparison is offered between the different types of studies and
their degrees of difficulty in terms of applying the necessary tools. For instance, a
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static single-objective, unbounded, and unconstrained problem, solved by adopting a
derivative-free and unconstrained (i.e. without recasting the problem) approach may
well be the easiest to implement, due to the minimal gradient information and con-
straint formulations required to perform such a study. A good example of a study with
a very similar approach can be found in Paper IX, with the only difference being that it
used decision variable bounds. The study offered its own unique obstacles that required
solving, for instance concerning decision variable reduction and selection – going from
1,000 subcatchments to 30 – as well as the coupling of the different software envi-
ronments that were used, i.e. Python and the collection of software produced by DHI
Sverige AB, available in the MIKE software suite. At the other end of the spectrum,
with a dynamic multi-objective, bounded, and constrained problem, solved by adopt-
ing a gradient-based, fully discretized approach may be the most difficult, since a lot
of technical footwork and insight into the minutiae of the problem is required. A good
example of this is Paper VI, which required the use of a complex toolchain to formulate
the model and to extract the gradients, to make solving the problem practically feasible.
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3

The interplay between
optimization, modeling,
and simulation

The formulations and approaches for computer-aided optimization described in the pre-
vious chapter all rely on the utilization of a mathematical process model that needs to
be simulated in order to gain knowledge about how the process behaves for certain
inputs. However, if no model exists, the practitioner has to create one; and if no sim-
ulation strategy exists, the practitioner has to implement one as well. This chapter is
intended to provide an overview of general procedures for creating and solving models,
i.e. modeling and simulation. These procedures will then be tied together, or integrated,
with the general procedure for solving an optimization problem presented in Section
2.2.1, enabling a discussion on the impact and interplay of our choices during model-
ing, simulation, and optimization. The integrated procedure is then complemented by
a purpose-centric framework, with the aim being that these tools can help and be use-
ful to practitioners performing optimization studies in order to provide foundations for
process improvements.

3.1 Modeling

A model used in computer-aided optimization is a mathematical representation of a pro-
cess we are interested in studying that possesses predictive capabilities (i.e. the model
can predict what the result (output) caused by specific conditions (input) will be). A
conceptual example of a model reflecting a real process is presented in Figure 3.1. Ac-
cording to Hangos and Cameron (2001), a mathematical model can be created via a
first principles approach. This way, engineering knowledge is used to describe what is
happening in the process in order to establish a model structure and estimate model pa-
rameters, which yields a so called white-box model. The opposite, the black-box model,
is instead built solely on process data, and it usually requires huge amounts of data to
capture the behavior of a process into a model structure with parameters. A hybrid ap-
proach is the gray-box model, where we create a model structure using what we know

33



Chapter 3. The interplay between optimization, modeling, and simulation

Reality Model

Process

Figure 3.1 Into a model go all identified essential process characteristics (green), often only a
subset of all the essential characteristics (blue). Sometimes non-essential parts (yellow) of the pro-
cess as well as parts that we thought were important but have actually been wrongly identified as
important (red) are incorporated into the model.

about the process and its dominating phenomena and then use process data in order to
determine the model parameters. Most process models are of a gray-box type (Hangos
and Cameron, 2001). Combined into a model goes all the knowledge about the charac-
teristics of the process that have been identified as essential (green), but most often not
all the actual essential characteristics (blue). Sometimes also non-essential parts (yel-
low) of the process are used in the model, and sometimes even parts are incorporated
that we thought were important but have actually been wrongly identified as important
(red). This means that a model can never be a perfect representation of reality or a pro-
cess; however, we can create models that are abstraction of the real process (Rasmuson
et al., 2014), usable for our intents and purposes (Edgar and Himmelblau, 1989).

The orchestrated activities associated with model creation are referred to as model-
ing, and it is at least as much of an art as it is a science; how a process can (or should)
be described mathematically depends on the context within which the model is devel-
oped, e.g. the problem formulation as well as how the problem is to be solved (Nilsson,
1993). Similarly to optimization, good practice requires the modeling to follow a sys-
tematic procedure, such as the seven step method presented by Hangos and Cameron
(2001). This seven step procedure is schematically depicted in Figure 3.2, and whilst
modeling procedures in literature are rarely described according to this exact structure,
a good example of the procedure being explicitly applied is described by Degerman
(2009), who applied it for the successful design of robust preparative chromatography.
A similar seven-step procedure has also been presented by Rasmuson et al. (2014).

The seven step procedure by Hangos and Cameron (2001) starts by having the prac-
titioner define the problem. In general, this step consists of defining the degree of detail
relevant to the modeling goal, which needs to fit with the optimization problem formula-
tion, meaning that our optimization problem feeds into the modeling procedure. Setting
goals can be done by considering what kind of questions that need answers, which the
model will help provide (Rasmuson et al., 2014). Furthermore, defining the degree of
detail includes specifying e.g. inputs and outputs, model hierarchies, range and accu-
racy, as well as temporal characteristics of the model (Hangos and Cameron, 2001).
Temporal characteristics refers to whether the model is to be static or dynamic, and this
is particularly important since problems and questions that depend on the dynamics of
a given process are difficult to solve and answer using static models (Pedersen and Wik,
2020).

The second step is to identify controlling factors, which entails investigating the
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Figure 3.2 The seven-step modeling procedure presented by Hangos and Cameron (2001). It all
begins with a problem definition (top left), which we are familiar with from Chapter 2.1.

physical properties and phenomena of the process to be described. The most impor-
tant factors to include are the governing, dominating factors; an example could be the
temperature of a reactor in which a highly temperature-dependent reaction takes place.
Revisiting Figure 3.1, this means that implementing the non-essential factors (yellow)
may lead to unnecessarily complex models that are prohibitively expensive to simu-
late, which therefore should be avoided. A good example of this is that of Paper III,
where formaldehyde was included in one of the models but not the other, due to its
real-life dominance in the evaporator system and insignificant contribution to the phys-
ical behavior of the methanol column. However, the selection of the most important
characteristics to incorporate should not be done arbitrarily, but should follow logically
from the problem definition (Hangos and Cameron, 2001), and it should be based on
gathered data and experience about the modeled process (Rasmuson et al., 2014).

During the third step, the practitioner needs to evaluate the process data relevant for
the problem at hand. This evaluation should be done in conjunction with the parameter
values and uncertainties/precision, and if the conclusion is that no suitable parameter
values can be found in either literature or by analyzing the available data, then decisions
made in steps 1 and 2 may require reconsideration (Hangos and Cameron, 2001).

For the fourth step, the model is to be translated into a set of equations, and each
important characteristic needs to be formulated into an appropriate mathematical en-
tity, such as a variable or a function (Rasmuson et al., 2014). The equation set may
consist of ordinary differential equations (ODEs), partial differential equations (PDEs),
and/or algebraic equations (AEs) (Hangos and Cameron, 2001), often collected into a
PDAE system. Physical feasibility conditions (e.g. concentrations are always positive),
boundary conditions (i.e. how the process behaves at its edge, e.g. no spatial change
in concentration at the end of a chromatographic column), and initial values (e.g. start-
ing concentrations) are also important to consider and define (Rasmuson et al., 2014).
This step can, according to Hangos and Cameron (2001), be successfully completed by
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first identifying the (sub)system boundaries where mass and energy is likely to accu-
mulate, followed by defining the characterizing variables (e.g. mass flows). The mass
and heat balances can then be formulated, followed by any mass and heat transfer rate
specifications. Property relations (e.g. AEs describing thermodynamics or rain-water
retention) and balance volume relations (e.g. vapor-liquid equilibrium equations) are
also needed to be specified, before equipment and control conditions (e.g. pressures
and temperatures) and modeling assumptions can be specified. However, the assump-
tions are usually made throughout the process of formulating the model, and should be
noted explicitly since they will in a sense delimit the range in which the model is valid.

The fifth step consists of solving the model; in other words, the model is to be
simulated. For this purpose, a simulation strategy must be chosen and implemented,
and this generally requires consideration of all the decisions made in the first four steps
(Hangos and Cameron, 2001). We will elaborate on this step in Section 3.2 below.

Continuing, the solution from the fifth step is to be verified in the sixth step, which
entails determining that the simulation behaves as intended; if not, the code needs to be
reviewed to see that it has been implemented correctly (Hangos and Cameron, 2001).
This review may mean that it is necessary to revisit steps four and/or five. Determin-
ing whether the simulation works as intended can be done by comparing the solution
with previously known results (Rasmuson et al., 2014). A good example of this from
the work presented in this thesis is that of Paper VIII. During the development of the
Python implementation of the model for simulating blue-green systems, the results were
compared to the pre-existing Matlab-Excel implementation. By doing so, we could see
that the Python implementation gave the exact same results, but was more useful since
it was simulated in a fraction of the time of the old implementation. After verifying
the model, Rasmuson et al. (2014) recommend parameter estimation (also called model
calibration) to be carried out. This means to use real data in order to find values for the
model parameters that yield the best fit between the model and the available data, which
we did for the model in Paper VIII.

Finally, in the seventh step, the model is to be validated by comparing model output
with real data – preferably not the same data as for the parameter estimation mentioned
in the previous step (Rasmuson et al., 2014). This validation should be performed with
the decisions from the first two steps in mind, including the modeling goal, and the
validation method to choose depends on these decisions as well as the process and the
model itself (Hangos and Cameron, 2001). Examples for how to validate the model
include comparison with experiments or by comparing model behavior with process
behavior for the same conditions (e.g. temperatures, input concentrations, or rainfall).
Important tools include a sensitivity analysis of the input as well as parameters (Han-
gos and Cameron, 2001; Rasmuson et al., 2014), and important measures to consider
include (but are not limited to) accuracy, precision, robustness, generality, and fruitful-
ness of conclusions from the model (Rasmuson et al., 2014).

Once having gone through these seven steps, it is easy to believe that we will have
developed a perfect model – but we should expect iterations to be required (Hangos and
Cameron, 2001). Changing the model structure may be required, or recalibration of the
model may be necessary as new data becomes available. Having eventually finished a
model, it is important to remember Figure 3.1 – no model is perfect, but some models
are useful for the intents and purposes for which they were designed and created.

36



3.2 Simulation

3.2 Simulation

The fifth step of the modeling procedure by Hangos and Cameron (2001) concerns
solving the model, i.e. simulation, which also requires a systematic approach. For this
purpose, Ramirez (1997) presented a five-step procedure for process simulation. This
procedure is presented in Figure 3.3.

Out of these five steps, we recognize three steps from previous sections of the cur-
rent thesis. The first step follows from the first steps of the optimization procedure
(Section 2.2.1) and the modeling procedure (Section 3.1), respectively and combined,
whereas the second step here is a summary of the second, third, and fourth steps from
the modeling procedure. The fifth and final step in the simulation procedure is the same
as the sixth step of the modeling procedure.

Define 

the problem

Mathematical 

modeling

Equation

organization

Computation

of equations

Interpretation

of results

Figure 3.3 The five-step simulation procedure by Ramirez (1997). Note the similarities with the
previously presented optimization and modeling procedures.

The third and fourth steps of the five-step simulation procedure are therefore of
special interest to this current section. In the third step, we must organize the equations
into a solution strategy so that they can be efficiently and effectively solved in a manner
that is congruous with our goals for the study. This means that decisions must be made
regarding which variables to solve for in each equation, and the equations should be
arranged so as to reflect the causality of the real process (Ramirez, 1997). The fourth
step of simulation in the context of computer-aided optimization is then carried out with
the help of a computer. This means that a numerical strategy or method is required to
solve the DAE system consisting of ODEs, PDEs, and AEs.

Today, there exist tools for modeling that help engineers with these steps for sim-
ulation. Examples of such tools are the Aspen Plus suite by AspenTech and the MIKE
suite by DHI, for process flowsheet simulation and urban drainage simulation, respec-
tively. In the case of using such software, the engineer is able to rely on the software
automatically organizing and solving the equations when prompted to do so, whilst the
default options for simulation may need reviewing should convergence issues occur.

However, if a practitioner makes a model from scratch and wants to design a
custom-made solution strategy to simulate it, then the decision tree approach pre-
sented in Figure 3.4 is a useful guide to ensure consideration of the most important
elements1. In this decision tree, the first step is to identify whether the model is
spatially distributed. This means that we have designed the model to be concerned
with the spatial behavior of some property, e.g. the temperature gradient in a tank or
concentration gradient in a chromatographic column, and thus includes of a set of
PDEs. The alternative to this is a spatially lumped model, which is unconcerned with
the spatial behavior, instead summarized as a single value (e.g. the integral measure of
the temperature in a tank, i.e. the thermometer value); a lumped model is comprised

1This decision tree is part of the advanced course Process Simulation (KETN01) taught by Professor Bernt
Nilsson to master students specializing in process design at the chemical and biotech engineering programs.
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Distributed model,

i.e. PDE?

No
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dynamic?

Static Dynamic
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discretization?

DAE and/or 

stiff problem?

Yes

No

NoYes

AE solver
Implicit

ODE solver 

Explicit

ODE solver 

Select Select Select

Choose spatial 

approximation

Yes

Run for 

solution

Figure 3.4 A decision tree to use when creating a simulation strategy for solving a process model.

of a set of ODEs and AEs. If the model is distributed, then we first need to choose
a spatial approximation. There are several well-proven alternatives, ranging from the
finite difference methods to the method of lines (Kurtz et al., 1978), and the choice
is not always obvious since many factors – including implementation complexity,
accuracy and stability requirements, as well as computational expensiveness – need
to be considered and therefore some experimentation may be required (Hangos and
Cameron, 2001). Then we need to decide if we are to evaluate the model statically
or dynamically, which is given by our optimization problem formulation and how we
built the model. If a static simulation is chosen, we need to choose an AE solver such
as the Newton-Raphson method to solve our problem (Ramirez, 1997). If a dynamic
simulation is chosen, then we need to decide whether to perform a full temporal
discretization or not. If a full discretization is desirable, then an AE solver can be used
again. In the context of optimization, the AE solver can be replaced by formulating
the model as a set of equality constraints, as discussed in Section 2.2.5; however, for
pure simulation purposes, an AE solver is necessary. If a full temporal discretization
is not desired, then we need to consider whether we have a DAE and/or a model
containing vastly different dynamics, i.e. a stiff problem. If the model is stiff, then an
implicit ODE solver (e.g. an implicit-explicit additive Runge-Kutta method (Meyer
et al., 2018)) will be required, since these are able to solve a set of AEs for each
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time step; otherwise, an explicit solver that requires no iteration for the integration,
e.g. the explicit Euler method, will do well (Hangos and Cameron, 2001). Also note,
that in order for any solver to perform the necessary computations, the initial values
determined in the fourth step of the modeling procedure also need to be supplied to
the solving algorithm. Finally, going back to the top of the decision tree, if instead the
model is lumped we need to decide whether we need a static or dynamic solution to the
problem, which again is given by our optimization problem and the way we built our
model. From there the decisions to be made are the same as for the distributed model.
Having gone through the steps from the five step procedure for process simulation by
Ramirez (1997) supported by the decision tree, the simulation strategy is in place, and
the model can subsequently be solved.

As a final note on simulation, there is an interesting special case of simulation where
there are multiple models (that we therefore can call modules) describing, for instance,
different physical domains or modeling environments (such as in the case of Bulian
and Cercos-Pita (2018) as well as Mikkonen et al. (2017)). Moreover, models may also
be divided into different modules in order to mitigate convergence issues of a large,
complex model Lin et al. (2017), or to protect important know-how that may have been
embedded into a model (Andersson, 2016). These modules still need to be simulated
together, and this is referred to as co-simulation. For each of these modules, the model-
ing and simulation procedures have been worked through to establish all that is required
for retrieving the necessary information from the modules, and preparing them for in-
terchange of information. What remains is to couple the modules and/or their results
together to make the most use of them as possible, which is a difficult task that has
yielded some very interesting research over the years, with Andersson (2016) serving
as a comprehensive example. In terms of this thesis, Papers III and IX utilized different
co-simulation strategies to perform the optimization studies. The former paper opti-
mized the resource consumption induced costs of an evaporator system and a methanol
column with respect to the steam consumption. Models of these system were created
and co-simulated using a strategy described in Paper V. The reason the models were di-
vided into modules was to mitigate convergence issues that are believed to be caused by
the stiffness of the combined model of the two systems. In the latter paper, two modules
describing entirely different phenomena were used to optimize the siting and sizing of
blue-green systems in Malmö, where the first module described the performance of the
blue-green systems themselves, and the second module used the results of the first to
predict the effects on the urban drainage network.

3.3 Mutual interplay

This brings us to how our choices of methods and tools during optimization, model-
ing, and simulation interplay and impact our study. The common theme in the three
procedures for optimization, modeling, and simulation is that they are problem-centric,
with each of the three beginning with a problem definition. This starting point is very
common to problem-solving in general, since interpreting, understanding, and abstract-
ing a problem is very important in bringing a higher probability of success in solving
it (Salim and Diefes-Dux, 2012). The classic six step method of solving optimization
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problems presented by Edgar and Himmelblau (1989) is well-proven. It contains a feed-
back loop to consider if the process, model, or problem is too complex, and in doing
so, we can reformulate the problem – including the model and the simulation strategy
– in order to solve it with reasonable effort. It is now a good idea to integrate this six
step method with the seven step method for modeling, presented in Section 3.1, and the
five step method for process simulation, presented in Section 3.2. An interpretation of
how to integrate the procedures is presented in Figure 3.5, where the first step of the
modeling procedure is aligned with the optimization problem formulation, and the first
two as well as the last step of the simulation procedure are considered to be parts of the
previous procedures as stated in Section 3.2.

Beginning by looking at the methods we select to use during an optimization study,
the most salient part of this integrated procedure is that developing a model and a sim-
ulation strategy is done in the third step of the optimization procedure, while an opti-
mization approach is to be adopted not until the fifth step of the optimization procedure.
However, if this approach is not considered during modeling and simulation strategy
creation, the practitioner may suffer from a setback in the form of a mismatch between
the purpose of the study and the developed tools, as well as a mismatch between the de-
veloped tools themselves. For instance, working with the toolchain developed by Sell-
berg et al. (2017) for the purpose of modeling, simulation, and trajectory optimization
of a chromatographic purification process, meant that the model, simulation strategy,
and optimization approach had to be in harmony from the beginning when applying
this toolchain in Paper VI. This was because the model equations were organized in or-
der to be simulated as a set of equality constraints in the optimization problem via direct
collocation. In this case, direct collocation can be seen as a simultaneous technique for
optimization and simulation, and it serves as an example of how working through the
modeling and simulation procedures without a clear view of the optimization approach
would force the practitioner to loop back to the starting square ad nauseam. Another in-
teresting example is when there is already a preexisting model and simulation procedure
that we want to use for optimization studies, meaning that the optimization approach
could not be taken into account during model and simulation strategy development. The
utilization of an existing model and simulation strategy means that these steps (along
with the first step of the optimization procedure, i.e. the process analysis) have already
been performed at some point in time. However, for the purposes of a current study that
an engineer is working on, it can be seen as injecting the model and simulation strategy
straight in to the second step of the optimization procedure. This situation was the case
of Paper IV. For the study, the evaporator system model that had been developed pre-
viously and used for in silico studies presented in Papers II and III (with the embedded
simulation strategy provided by the AspenTech software, Aspen Plus Dynamics), was
used with an entirely new purpose, for which a new optimization problem was formu-
lated, and a new optimization approach was adopted. Taking an example from literature,
Lindholm and Giselsson (2012) describe a procedure in which they start with model-
ing and then go on to formulate their optimization problem as they propose a method
for modeling the relation of utility operation and production, meaning that they change
places of parts of the integrated procedure.

Focusing a bit more on the impact of the chosen tools, and using Paper IV again as
an example, by utilizing a process flowsheet model with an embedded simulation strat-
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egy, it was practically unfeasible with the available resources to implement advanced
simulation and modeling techniques such as the collocation technique from Paper VI,
and even automatically extracting an exact Jacobian was difficult. However, choosing
the AspenTech suite as a toolset for modeling and simulation did allow for efficient and
effective development of a usable model of a large complex process by making use of a
library of physical properties for the required components and a library of unit operation
submodels – libraries which otherwise would have been custom-made. By coupling it
with Python, we were thus able to bring together the best of two worlds: the generaliz-
ability of Python with freely available state-of-the-art optimization algorithms, backed
by the component information and modeling-simulation tools available in the Aspen-
Tech software suite. This was also the case of Paper III, where the very same toolchain
(consisting of a series of Python packages and Aspen Plus Dynamics modules) was used
for an optimization study with a different purpose. Similarly, making use of the preex-
isting blue-green systems model (and simulation strategy) from Paper VIII required a
subsequent optimization problem formulation, a complementary model to describe the
piping network dynamics with its own simulation strategy, as well as a co-simulation
strategy in order to perform the optimization study in Paper IX. Here, too, the choice of
modeling and simulation tools in some ways limited us in our choice of, and in other
ways directed us towards a method for solving the problem, which can be summarized
as derivative-free, unconstrained optimization based on co-simulation of models imple-
mented and simulated in different environments. Similarly, but conversely, the methods
chosen for Paper VI (e.g. direct collocation) demand a certain structure of the equation
set as well as that the Jacobian and Hessian matrices are easily accessible and accurate,
which thus had to influence the development of the utilized toolchain.

To better reflect the interplay between the choices of methods and tools, we can con-
sider another interpretation of how to integrate the procedures for optimization, model-
ing, and simulation. This abstract interpretation is presented in Figure 3.6, and can be
used to provide an overview of the purpose of a study, along with the chosen methods,
tools, and/or approaches for optimization, modeling, and simulation. The colored parts
from Figure 3.5 are preserved in their respective entirety and can be seen as simply
slotted into Figure 3.6. Thus, in this perspective, the required work is purpose-centric
instead of problem-initiated, and can be viewed as an extension of purpose-driven mod-

Optimization

Modeling Simulation

Purpose

Figure 3.6 A purpose-centric view of the integration of procedures for performing a computer-
aided optimization study.
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eling (Thaysen, 2006), in the sense that we need to establish a clear purpose to guide
our choices in the different procedures. We can start with any part that is necessary
for our optimization study, and switch tasks almost arbitrarily, as long as we revisit the
overarching purpose of the study and perform each required task. This perspective also
provides a more true-to-life perspective on how we can utilize preexisting models, as
well as take the desired optimization approach into consideration during modeling and
simulation strategy creation. As exemplified above, this is what we did in the work lead-
ing up to the studies presented in Papers III, IV, and IX. Naturally, at some point in time,
the processes were analyzed and modeled – that is simply something that has to be done
if a process is to be abstracted into a model. However, given those available models and
a general purpose of wanting to find out how to best improve the studied processes,
we were able to formulate interesting optimization problems, and adopt suitable ap-
proaches in conjunction with developing (co)simulation strategies. Thus, combining the
purpose-centric, free-moving view on performing an optimization study with the three
procedures for optimization, modeling, and simulation – or the integrated procedure as
presented in Figure 3.5 – provides a flexible framework for staking out a purpose-guided
path through the myriad of decisions that need to be made, encouraging consideration
of their impacts and interplay.
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4

Computer-aided optimization
of complex processes

As we have seen in the previous chapters, performing an optimization study may re-
quire plenty of considerations, decisions, and technical footwork in terms of creating
a model, developing a simulation strategy, and adopting an appropriate optimization
approach. In this chapter, the abstractions, framework, and procedures from the second
and third chapters are used to describe, analyze, and contextualize the work presented
in this thesis regarding the industrial purification of a polyalcohol as well as blue-green
systems, appended as Papers I-V and Papers VIII-IX, respectively. The interrelations
of these papers are presented in Figure 4.1, which shows the grouping of papers into
the two cases. Paper I laid the technical foundation for Paper II, which in turn spawned
Papers III and IV. Here, the simulation structure from Paper III was modified and used
for optimization in Paper IV. Paper V is a technical report encompassing and describing
the details of the work behind Papers I-IV. Also highlighted in Figure 4.1 is that the
co-simulation approach used in Paper III inspired the same kind of approach in Paper
IX, only with different (and more appropriate) modeling and simulation tools that were
inherited from Paper VIII. Finally, as stated in the introduction, the case of chromato-
graphic purification – Papers VI and VII – is included in this thesis primarily due to the
pertinence of the utilized optimization tools and approaches to the previous chapters,
and will not be revisited in this chapter. For a thorough review with great insights into
open-loop optimization of chromatographic purification, please see Sellberg (2018).

Paper I Paper II

Paper III

Paper V

Paper VIII

Paper IXPaper IV

Figure 4.1 The relationship of the collected work presented in this thesis regarding industrial
purification of a polyalcohol, and blue-green systems for sustainable urban drainage.
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Chapter 4. Computer-aided optimization of complex processes

4.1 Production systems – purification of a polyalcohol

The work concerning the industrial purification of a polyalcohol began with Paper I.
The main purpose of the paper, as presented in Figure 4.2, was to apply a Subset Se-
lection Algorithm (SSA) presented by Cintron-Arias et al. (2009) for the purpose of
selection decision variables for computer-aided optimization, and to analyze its perfor-
mance by performing optimization runs with the decision variable subsets suggested
by the algorithm to be most effective at optimizing the process. To accomplish this
purpose, a process model was required. The model built for this study was a simpli-
fied version of the two-stage evaporator system presented in Figure 1.1 including the
stripper, but without the mechanical vapor recompression loop and the aforementioned
oscillations, two factors that were implemented during later developments of the model.
Having performed a process analysis with the help of experienced engineers and formu-
lated an initial objective function with the intent to minimize direct variable costs whilst
maximizing production, the integrated procedure from Figure 3.5 could be continued in
order to create the model. The controlling factors of the evaporator system were identi-
fied to be the vapor-liquid equilibrium of the polyalcohol and several other compounds
in conjunction with the Maurer kinetics. Problem data was evaluated and for the VLE,
the vast AspenTech libraries for components and unit operations were used; for the
Maurer kinetics, parameters that were found in literature as well as provided by Aspen-
Tech were used. Then, Aspen Plus was used to construct a steady-state model provided
with input data regarding feed flow rates, compositions, temperatures, and pressures.
The steady-state model was then converted into a dynamic model using the built-in tool
for the conversion (following the recommendations from AspenTech), and simulated
using the embedded default strategy of Aspen Plus Dynamics. This essentially meant
that once the modeling tool was chosen, the freedom in creating a simulation strategy
was heavily restricted since the modeling tool allowed for decisions at the level of se-
lecting solving algorithms, and did not really allow for following the steps for creating

Optimization

Modeling Simulation

Apply SSA for DV sel., 

Aspen Plus Dynamics

Manual tuning to plant data

Purpose

Default strategy in 
modeling software with  
automation in Python

analyze performance

Multi-obj., a priori

unconstrained DFO

Figure 4.2 A purpose-centric view of Paper I, where we aimed to apply the Subset Selection algo-
rithm for decision variable selection, and to analyze the performance of the recommended subsets.
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4.1 Production systems – purification of a polyalcohol

a simulation strategy presented in Figures 3.3 and 3.4. This has both advantages and
disadvantages. For instance, one advantage is that modeling and simulation is made
rather convenient using the component and unit operation libraries with the embedded
simulation strategy, available at the fingertips with much of the work done almost for
free. However, there is no such thing as a free lunch, since troubleshooting of complex
models with little insight into the solution strategy may become very difficult, and flexi-
bility for the user to adopt an optimization approach is very limited since tailoring of the
solution strategy is not possible at the required level of equation organization. Finally,
the model behavior was verified through iteration of previous steps, and when behaving
as expected, it was validated by comparing model output to plant data, complemented
via manual tuning of parameters for the model to match plant data within ±3%.

Regarding the SSA, in order to make calculations of key numerical quantities used
to rank subsets of decision variables, the SSA requires a sensitivity matrix (i.e. a Jaco-
bian), which was estimated using a three-point central finite differences approach in the
neighborhood of a nominal operating scenario. The simulation automation and compu-
tations required for the SSA was set up using Python, utilizing the COM protocol for
communication between Aspen Plus Dynamics and Python. The optimization problems
that were run were all formulated as a priori handled multi-objective (i.e. cast as single-
objective), unconstrained problems solved with a DFO algorithm, namely the SciPy
implementation of Nelder-Mead. In other words, the optimization was also handled in
Python. An abstraction of the optimization problem is presented in Figure 4.3, with the
Python-Aspen Plus Dynamics border being drawn to highlight the combined use of dif-
ferent software. This combination thus allowed us to efficiently model and simulate the
complex process, making use of the AspenTech library of physical property data and
methods required for the components present in the evaporator system, whilst simulta-
neously enabling the custom-made study that we aimed to perform. The optimization
problem was formulated as Problem 4.1 below; here, Q is the steam consumption used
as a measure of the energy consumption, X is the product purity, subscript nom refers
to the nominal operating scenario, and the weight, w, was set to 0.7 to reflect on-site
process economics. Furthermore, each set of decision variables, u, was part of the full

Nelder-Mead
Objective

Function

Dynamic Process 

Flowsheet Model

uinitial u,w u

F(Q, X, w)F(u*)

u*

Information of

process economics

w=0.7

Python Aspen Plus Dynamics

Q(u), X(u)

Figure 4.3 An abstraction of the optimization problem(s) in Paper I, where Nelder-Mead was
used to solve the multi-objective function, scalarized using the weighted sum method. The objective
function evaluated the dynamic process flowsheet model, which for each decision variable setting
returns the energy consumption, Q, and the product purity, X .
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set of the 50 recommended sets of decision variable combinations by the SSA, uSSA.

min
u

F(u) = w
Q(u)
Qnom

− (1−w)
X(u)
Xnom

for each u ∈ uSSA = [u1, ...,u50]

s.t. Dynamic process flowsheet model

(4.1)

Because the optimization problem was solved without constraints and bounds, only
the physical feasibility of the process was ensured, as the problem was only subject to
the convergence of the process flowsheet simulation. The practical feasibility, e.g. in
terms of pump-controlled flow rates etc., was not guaranteed through additional opti-
mization constraints, which is a clear weakness of Paper I. Bearing this in mind, the
results of the combined SSA and optimization study was that the recommended de-
cision variables were generally more effective in terms of minimizing the objective
function compared to the real-life controlling inputs of the process. These conditions
and results highlighted the necessity to develop the model as well as the optimization
problem formulation, and the need to reconsider the decision variables chosen in the
real process.

Continuing, a need for further process analysis was identified, concerning in par-
ticular the oscillations in the evaporator system. The oscillations were begotten by the
combined flow of intermittent concentrated feed and the continuous diluted downstream
recycling, both directed into one balance tank preceding the stripper, which is how the
disturbing phenomenon was also modeled. These combined flows thus created oscilla-
tions that began a new cycle each time the intermittent feed became active. The nega-
tive effects of the oscillations and their propagations on the overall process performance
were investigated and analyzed through in-silico sensitivity analysis in Paper II. Here,
the downstream recycling mass flow was perturbed by ±2.5%, and the resulting effects
were scrutinized with regards to the four parameters of (i) balance tank product mass
fraction, (ii) the product mass flow as well as (iii) the product purity after the second
stage, and (iv) the steam consumption. For this purpose, the modeling and simulation
tools were inherited from Paper I, as seen in Figure 4.4. However, the model was devel-
oped to also include the MVR circuit, as presented in the schematic in Figure 4.5. The
oscillatory behavior was also implemented as described above.

The objective function from Paper I was also reused for the study, but not for per-
forming an optimization study; the objective was used for aiding in the process analysis,
in order to quantify the system performance over the course of the oscillatory cycles.
The major insight was that the way the feed and recycling mass flows were combined
excited a ±15% oscillation in the balance tank product mass fraction, which in turn
propagated and affected performance throughout the system. Since equipment such as
pumps need to be able to manage the peaks, this meant a reduction of throughput as well
as an increase in steam consumption – in other words, a reduced production quantity
with an increased resource consumption, impacting both profitability and environmen-
tal performance.

As indicated in Figure 4.1, the quantification of the performance loss in Paper II
led to investigations into how to best improve the situation. In Papers III and IV, the
modeling and simulation tools along with the models used for the previous papers were
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Aspen Plus Dynamics

Manual tuning to plant data

Purpose

Default strategy in 
modeling software with  
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caused by oscillations

Objective function

for process analysis

Figure 4.4 A purpose-centric view of Paper II, where we aimed to analyze and quantify the per-
formance loss due to the oscillations in the system.

again inherited and utilized for the new optimization studies.
The purpose of Paper III was to investigate how to minimize the costs induced by

the steam consumption, as seen in the abstraction presented in Figure 4.6. However,
the steam consumption in the evaporator system was not the only concern; in order
to provide a more holistic overview of the effects on the cost drivers across several
subsystems, the methanol distillation column (that also uses steam at a high rate) di-
rectly connected to the evaporator system was of interest as well. Furthermore, due to
stiffness-caused convergence failures when attempting to simulate a dynamic flowsheet
model consisting of both the two-stage evaporator system and the methanol column,
the decision was made to go with modularization, i.e. to set up the models as individ-
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Steam Water

PC
PC
*

PC

LC
LC
*

*

LC

TCTCFI

Figure 4.5 A schematic of the process flowsheet and the model used in Papers II, III, and IV.
Note that in Paper IV, the BPE control was removed in order to let the optimizer change the steam
consumption over time.
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Figure 4.6 A purpose-centric view of Paper III, where we aimed to minimize the costs induced
by the steam consumption in two modules by formulating a pseudo-economic objective with cost
factors for the two modules set a priori, i.e. used as weights.

ual modules. The modules used for Paper III are presented in Figure 4.7. The decision
to create modules required a co-simulation strategy, which was developed in Python
(described by increasing degree of detail in Papers III, IV, and V). In summary, the
developed co-simulation strategy was implemented in Python and called the Python
Module Coupler (PyMoC), and was used to transfer the stream information over the
course of the dynamic simulations from any source stream to the corresponding desti-
nation stream. PyMoC does this automatically by coupling together identically named
streams in the different modules, and identifies which is source and which is destination
by checking the variable property in Aspen Plus Dynamics to see whether it is free (i.e.
calculated as output, thus the source) or fixed (i.e. set as input, thus the destination). In
this case, the source streams from the evaporator passed through a translation module
(as indicated in Figure 4.7), the purpose of which was to remove formaldehyde, which
was negligible in the real process.
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Figure 4.7 The investigated system in Paper III, presented in the form of the utilized modules.
Note that the evaporator system module is inherited from Paper II, whereas the translation module
(TM) and the methanol distillation column were created for the study.
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The optimization problem in Paper III was to minimize the steam costs in the two
modules, whilst still satisfying operating constraints on average production throughput
and product purity on both the polyalcohol and the methanol (as well as a minimum
flow rate on the methanol, since it was used as fuel in other parts of the process). To
do this, a pseudo-economic function was formulated with approximated normalized
cost factors (which can be seen as an a priori approach to multi-objective optimiza-
tion). The problem was unbounded, leaving the decision variables to freely take any
value. However, since the objective function required no information from the model,
the model was simulated only as part of the constraints. Together with the a priori ap-
proach to multi-objective optimization, this yields the optimization problem abstraction
presented in Figure 4.8. The optimization problem was mathematically formulated as
Problem 4.2 below, and solved using the SciPy implementation of COBYLA:

min
u1, u2

F(u) =
2

∑
i=1

ui

ui,nom
· ci

s.t. Modularized flowsheet model

wPROD−CwPROD ≥ 0, PPROD−CPPROD ≥ 0

wMEOH −CwMEOH ≥ 0, PMEOH −CPMEOH ≥ 0
wMEOH, min−CwMEOH, min ≥ 0

u1 = wsteam, evap ∈ R u2 = wsteam, dist ∈ R

(4.2)

Here, ci for i = [1,2] refers to the cost factors for the steam consumption in the evap-
orator system and the methanol distillation column, set to c1 = 1.0 and c2 = 0.7 to
reflect the distinct cost levels incurred by the different steam pressure levels; w is mass
flow rate; P is purity; w and P denote the average of the respective parameter over the
time period; subscripts PROD and MEOH refer to the streams thus named in Figure 4.7;
ui,nom is the nominal decision variable values; Ck j , k = (w,P), j = (PROD,MEOH) de-

COBYLA
Objective

Function

uinitial u

F(u)F(u*)

u*

Constraints

Cineq(yc(u))

u

Steam pressure 

level cost-factors

c

Model with

embedded solver

u

yc(u)

Figure 4.8 The abstraction of the optimization problem as solved in Paper III. Here, yc(u) includes
i j , where i = (w,P), j = (PROD,MEOH), and i = w for j = MEOH, min.
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note the respective values of the mean constraints; and CwMEOH, min denotes the constraint
value for the minimum flow rate in the MEOH stream. Whilst parts of the abstraction
in Figure 4.8 may be recognized from the discussion regarding full discretization in
section 2.2.5, it should be noted that the embedded solver in the software was still used
for solving the problem in Paper III.

The optimization results for the mass flow and purity of the product stream are pre-
sented in Figure 4.9. In the upper graph of Figure 4.9, we can see the effective increase
of the product stream flow rate to a level that satisfies the average flow rate constraint.
However, as can be seen in the lower graph of Figure 4.9, the increase in flow rate came
at the expense of a purity reduction, which was allowed by the constraints set to reflect
the real-life process and product demands. In the case of the methanol distillation col-
umn, the optimized flow rate and purity results are presented in Figure 4.10. For this
subsystem, both the purity and the mass flow rate was increased – looking especially at
the purity, this was in fact increased with a significant margin to the constraints.

In addition to the decreased steam consumption visible in Figure 4.9, there is an
obvious change not only in the level but also in the behavior of the oscillations in the
mass flow rate. The oscillations in the methanol purity were also fully eliminated. These
results meant that even a time-invariant steam consumption could impact the oscillatory
cycles of the system, which led us to believe that finding a steam consumption trajectory
to minimize the oscillations on the product mass flow rate would be possible. This
became the purpose of the study presented in Paper IV, as seen in the center of the
abstraction in Figure 4.11.

In Paper IV, the same model as in Paper II was used, albeit run at a different nom-
inal case. The default strategy in the simulation software was once again used, but to
solve the trajectory optimization problem, PyMoC was modified slightly in order to
perform a partial discretization instead of co-simulation, more specifically employing
the direct sequential approach. This showcases the versatility of the tools available in
Python. However, we did opt to perform partial discretization in part due to being un-
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Figure 4.9 Mass flow rate and purity for the product stream marked PROD in Figure 4.7. The
optimal solution shows an increased product flow rate but a reduced purity compared to the nominal
case since the constraints allowed for a reduction in purity.
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Figure 4.10 Mass flow rate and purity for the product stream marked MEOH in Figure 4.7. The
optimal solution shows an increased product flow rate and an increased purity compared to the
nominal case, satisfying all constraints.

able to find a way to perform a full discretization using the model implemented in Aspen
Plus Dynamics. The primary obstacle was retrieving the necessary model equations to
use as constraints as well as the gradient information required to efficiently solve the
optimization problem. This serves as an example of how the tools chosen for a study
are then inherited and enables another study while also restricting it, showing what the
impact and interplay of the tools and methods chosen for optimization may be across
several studies. An additional reason for selecting the direct sequential approach with
a DFO algorithm was the previous successful research published on the subject by e.g.
Negrellos-Ortiz et al. (2018). Nevertheless, the direct sequential approach meant tem-

Optimization

Modeling Simulation

Minimize product stream 

Aspen Plus Dynamics

Manual tuning to plant data

Purpose

Default strategy in 
modeling software with  
automation in Python

flow rate oscillations

Single-objective

constrained DFO

Figure 4.11 A purpose-centric view of Paper III, where we aimed to minimize the disturbing os-
cillations by utilizing the previously developed Python-Aspen Plus Dynamics tool-chain in a single-
objective constrained optimization problem, which was solved using the DFO algorithm known as
COBYLA.
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poral discretization of the decision variable (here the steam consumption), which was
handled by the PyMoC based algorithm, and letting Aspen Plus Dynamics evaluate the
model – an abstraction of the solution method is presented in Figure 4.12. The oscilla-
tions that were to be minimized were quantified utilizing the variance (σ2) of the mass
flow of the product stream (wprod(t,u)). Furthermore, in order to minimize the risk of
so called bang-bang optimization, a penalty function (ρ(u)), which sums the squared
difference of the values of neighboring discretized decision variables, was added to the
objective function. In order to make sure that the optimal solution would satisfy real-life
operating conditions, whilst giving the optimizer some space to work with, constraints
on the average mass flow rate and the product purity were formulated so that they had
to be at least 99.8% of the nominal case averages. The discretized decision variable was
also bounded between half and double the nominal (time-invariant) decision variable
value; however, since COBYLA only accepts constraints and not bounds, these were
formulated as constraints. The optimization problem was thus mathematically formu-
lated as Problem 4.3 below:

min
u

F(u) =
σ2(wPROD(t,u))+ρ(u)

Fnom

s.t. Flowsheet model
wPROD−β ·wPROD, nom ≥ 0

PPROD−β ·PPROD, nom ≥ 0
0.5 ·unom ≤ u≤ 2 ·unom, u = [u1, ...,uNu ]

(4.3)

Here, β = 0.998, and ρ(u)=R ·∑Nu−1
i=1 ∆u2

i , where R is a case-specific weight set to scale
the penalty; also, the objective function formulation was normalized with respect to its
nominal value (Fnom), i.e. with a time-invariant decision variable yielding ρ(u) = 0.

The results from the optimization are presented in Figure 4.13, where the mass
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Aspen Plus
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k∈[1, Nu] 

if k < Nu

wPROD(t,u)

COBYLA
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F(u)F(u*)
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Cineq(u)

u u

PPROD(t,u)

u
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PPROD(t,u)
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Figure 4.12 A schematic of the optimization problem in Paper IV. The objective function utilizes
PyMoC to discretize the decision variable, which in turn uses the embedded strategy Aspen Plus
Dynamics for simulation of the process model.
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flow rates of product and steam have been normalized. In Figure 4.13a, the nominal
case is presented, and in Figure 4.13b, the optimized scenario is presented. As can be
seen, the oscillations are significantly reduced, in fact to an objective function value
corresponding to 0.3% of that of the nominal case. In addition to that, the average
steam consumption was reduced to 69% of the nominal level whilst satisfying the purity
constraint of 99.8% of the nominal purity. Minimizing the oscillations in this manner
leads to a opportunities for financial gain, since throughput can be increased as the
constraining impact of the oscillation peaks has been minimized. However, practical
implementation in the real process most probably requires some sort of closed loop
control, which means that this open-loop optimization approach needs further work.

Figure 4.13 The results of the optimization in Paper IV. The mass flow of product as well as steam
have been normalized to their respective nominal values.

As shown throughout these four publications (Papers I-IV) as well as the supplemental
technical report (Paper V), with relatively simplified yet effective means, we were able
to create rigorous process models in an efficient manner. We were further able to reuse
them in different applications of computer-aided optimization that are common within
the field of process systems engineering. These applications have led to a greater under-
standing of the process, which in turn facilitates implementing physical improvements.
In addition to the findings directly connected to the industrial purification of a polyal-
cohol at Perstorp AB, through abstraction we were also able to generalize and apply
the used methods and approaches to other fields and processes; this proved useful for
investigating blue-green systems for sustainable urban drainage.
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4.2 Urban environments – blue-green systems

The blue-green systems of the neighborhood Augustenborg in Malmö were studied in
depth, analyzed, and conceptualized by Haghighatafshar et al. (2018a) and Haghigh-
atafshar et al. (2018b), where controlling factors and governing equations were identi-
fied and formulated. The work in these two papers thus comprise the first step of the
optimization part as well as the first two steps of the modeling part of the integrated
procedure presented in Figure 3.5. The conceptualization of the process can be summa-
rized as having individual stormwater control measures (SCM) be organized into blue-
green systems, where the SCMs will collect and retain rainwater, passing it downstream
when full. Essentially, three characteristics of the blue-green systems can be considered
the controlling factors, namely the retention (R); the stormwater control measure area
(ASCM); and the directly connected impervious area (DCIA) to the SCM.

The purpose of Paper VIII, as presented in Figure 4.14, was therefore to develop this
physically based model together with a swift and sturdy simulation strategy, facilitating
inexpensive simulation of the existing blue-green systems, with particular respect to the
estimation of lag times and peak discharges. In order to do this, continuing to go by the
integrated procedure in Figure 3.5, the model was constructed purely in Python using
the four governing equations presented in Equations 4.4-4.7. The first step of the model
is to use the system characteristics and a rainfall time series to create an equidistant time
series of the rain depth and to calculate the effective retention capacity, Ri,t

e , for each
time step, t, according to Equation 4.4. Following this, the vessel discharge volume,
V i,t

out , can be calculated according to Equation 4.5.

Optimization

Modeling Simulation

Pure Python model,

validation via calibration

Purpose

Explicit Euler

fixed time step

Create BGS model to 

predict peaks and 

lag times

Calibration performed

as optimization problem

Figure 4.14 A purpose-centric view of Paper VIII, where we aimed to create a quick and robust
model to inexpensively predict peaks and lag times of the volumetric discharge from blue-green
systems as a result of (heavy) rainfall. This was done entirely in Python, arranging the equations for
solving with a fixed-step explicit Euler method. The model was calibrated, the problem of which
was posed as an optimization problem, and whilst this may be considered to be part of the validation
in the modeling procedure, it is presented as part of the optimization due to the approach during the
study, as presented in the paper. BGS is here used as shorthand for blue-green systems.
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Ri,t
e =

(Si
f b +Si

in f ) ·Ai
SCM

DCIAi
(4.4)

V i,t
out =

(R−Ri,t
e ) ·DCIAi

1000
+

a

∑
j=1

V i− j,t
out (4.5)

Here, Si
f b and Si

in f represent the storage depth in the freeboard and the infiltration layer,
respectively, of an SCM as depicted in Figure 4.15. The physical representation of the
effective retention capacity and the vessel discharge volume and their relationship to
the DCIA for each SCM is visualized in Figure 4.16a. These two equations are volume-
based, and by using the equidistant time series of accumulated rain depth, the results of
Equation 4.5 can be used to calculated the flows from each SCM, qi,t , according to 4.6.
Then, Equation 4.7 can be used to calculate the dynamic storage volume in the virtual
reservoir, S, residing at the end of the blue-green system as depicted in Figure 4.16b.

qi,t =
V i

out −V i−1
out

∆t
(4.6)

dS
dt

= qn,t − Q̂out = qn,t − k ·Sm (4.7)

In equations 4.4-4.7, the index i represents each SCM in the full blue-green system, a
is the number of directly connected upstream SCMs to the current SCM, and n is the
total number of SCMs in the blue-green system, and k and m are non-linear reservoir
model parameters. It should also be noted that Equation 4.6 is in some sense the dy-
namic version of Equation 4.5, in Paper VIII temporally discretized with ∆t = 5 min.
The choice of the time step followed from the input data that was transformed into
an equidistant time series of accumulated rain depth. These governing equations were
arranged in order to reflect the process as conceptualized in Figure 4.16b, with Equa-
tion 4.7 representing the non-linear reservoir model. The model algorithm as described
above is schematically presented in Figure 4.17. The modeled system discharge, Q̂out
was simulated utilizing a custom-made fixed-step explicit Euler method. The choice of
this simulation method was based on the same line of thinking as the decision tree in
Figure 3.4, and – whilst certainly not the most sophisticated method for numerical inte-
gration – ensured inexpensive simulation of the model equations whilst also facilitating

Figure 4.15 An abstraction of a single SCM as used in the model for the blue-green system.
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ˆ

Figure 4.16 (a) A schematic representation of the conceptual model as developed by Haghigh-
atafshar et al. (2018a), able to predict the accumulated discharge volume from the system. (b) A
schematic representation of the conceptual model as developed in Paper VIII, which is able to also
predict the dynamic discharge of water due to the temporal discretization of Equation 4.5 into Equa-
tion 4.6, enabling prediction of peak discharge and lag times.

easy comparison of the model output with the temporally equidistant measurements
used as input to the model.

Verification of the Python implementation of the model was performed by com-
paring the output with a preexisting toolchain using Excel in conjunction with Matlab.
When identical results were retrieved with the two implementations, the Python im-
plementation was considered finished. Furthermore, since it performed the necessary
calculations in less than a second – which was several orders of magnitude quicker
than the previous implementation – and worked for several different rainfalls and sys-
tem configurations, the implementation was considered to be both swift and sturdy.
The model was then calibrated, and as presented in Figure 4.14, this was handled as
an optimization problem. The formulated objective was to minimize the Nash-Sutcliffe
Efficiency Index (NSEI), as defined in Equation 4.8 below. Essentially, the NSEI quan-
tifies the fit of the model output (Q̂out ) as compared to the measured time series (Qout ),
where NSEI = 1 means a perfect fit, NSEI = 0 means that the predicted model output
is as good as the mean value of the observations, and NSEI < 0 means that the model is
worse than the mean value of the observations (Qout ) at predicting the system behavior.
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Figure 4.17 A schematic of the developed model and the flow of information.

NSEI = 1− ∑
N
i=1(Q̂out −Qout)

2

∑
N
i=1(Qout −Qout)

2
, −∞ < NSEI ≤ 1 (4.8)

In order to simplify calibration, the non-linear reservoir model parameter m was set to
1, meaning that it was instead considered a linear reservoir model, and the calibration
was performed only with respect to k, which was bounded to be greater than zero. The
calibration problem was thus formulated as Problem 4.9 below, and an abstraction of
the calibration cast as an optimization problem is presented in Figure 4.18.

min
k

−NSEI

s.t. Equations 4.4-4.7
k > 0

(4.9)

Solving this calibration problem with COBYLA for two different configurations – re-
flecting the Northern and Southern parts of Augustenborg, respectively – yielded a
model capable of producing the results presented in Figure 4.19. These results indicate
a satisfying fit with regards to lag times and peak flows between the model output and

COBYLA
Objective

Function

Blue-green system

model (Python)

kinitial k

NSEI(k)NSEI(k*)

Box constraints

Cineq(k)

k

k*

k

Qout

Qout

ˆ

Figure 4.18 An abstraction of the calibration problem, cast in the now familiar shape of a box-
constrained derivative-free optimization problem.
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Figure 4.19 Measured versus modeled discharges from the Northern (a, b, c) and Southern con-
figuration (d, e, f) in Augustenborg, Malmö, three different rainfall scenarios (one scenario per row).

the real-life measurements for both of the system configurations and several different
rainfalls.

With a finished model that could satisfyingly predict lag times and discharges, the
purpose of Paper IX, as presented in Figure 4.20, became to study the sizing and siting
of blue-green system retrofits across the city of Malmö. However, the blue-green sys-
tem model was not enough on its own as there was also a need to describe the behavior
of the piping network in order to see what effects the blue-green effects had in terms of
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mitigating flooding in the pipe network. Therefore, preexisting models for the imper-
vious area (i.e. area not retrofitted with blue-green systems) rainfall runoff and piping
network behavior were used in conjunction with the BGS model to predict the number
of flooded manholes for a 10-year rainfall, and these two modules were co-simulated as
according to the rightmost part of Figure 4.21. The idea to cosimulate the models was
inspired by the previously described co-simulation-optimization study in Paper III, and
the co-simulation itself was handled in the MIKE suite provided by DHI Sverige AB.

The issue of sizing and siting was cast as an optimization problem, where we chose
a simplistic, capitalistic view on implementation. An economic objective function was
formulated to take into account both the implementation costs of blue-green systems,
as well as the saved costs due to reduced flooding. These costs were annualized using
the capital recovery factor and the sinking fund factor (similar to NPV), according to
Equations 4.10 and 4.11 presented below:

Cact = ∑ABG

(
cBG ·

i(1+ i)L

(1+ i)L−1
+

M
L
·

L−1

∑
l=0

(1+α)l

)
(4.10)

C f lood = c f n ·n f n(u) ·
i

(1+ i)T −1
(4.11)

Here, ∑ABG refers to the total area of retrofitted blue-green systems (approximated
based on the Augustenborg implementation); cBG is the average cost of implementation
of blue-green systems per area unit; i is the average interest rate (assumed to 3%); L is
the technical lifespan of the retrofit (assumed to 50 years, which is the local standard
for infrastructure investments); M is the maintenance cost; α is the average annual pay

Optimization

Modeling Simulation

Study BGS retrofits and

their urban flooding

impact in Malmö

Python and 

MIKE modeling suite

Purpose Cosimulation of 

models in turn using 

different simulation strategies

Single-objective
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Figure 4.20 A purpose-centric view of Paper IX, where we aimed to study the size and location of
blue-green system retrofits across the city of Malmö. This was done by using the blue-green system
model as implemented in Paper VIII in conjunction with preexisting impervious area rainfall runoff
and piping network models in the MIKE suite. The simulation of the latter models, as well as the
co-simulation strategy, was handled in the MIKE suite, whilst the optimization was implemented in
Python. BGS is here used as shorthand for blue-green systems.
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raise (assumed to 2%); c f n is the average cost per flooded node (approximated by using
the cost incurred by the Malmö flooding of August 31 2014); n f n is the model output
in terms of number of flooded nodes, or manholes; and T is the recurrence interval of
the storm used for optimization (i.e. 10 years). Furthermore, the majority of the city
of Malmö was in the study divided into 30 different areas, or subcatchments, and the
implementation extent of blue-green systems in each of these 30 subcatchments were
used as the decision variables. These decision variables were subject to box constraints
specifying that the implementation must be between 0-100%, thus constraining the de-
cision variables within physically possible bounds. The optimization problem was thus
formulated as Problem 4.12 below:

min
u

F(u) =
Ctotal−Cnom

Cnom

s.t. Ctotal =Cact +C f lood

u = [u2,u2, ...,u30], ui = [0,1] for i ∈ [1,2, ...,30]
(4.12)

Here, subscript nom refers to the nominal case, i.e. the actual flooding of August 31
2014 in Malmö where no blue-green systems were implemented in the investigated sub-
catchments, and ui, i ∈ [1,2, ...,30] is the implementation extent factor of blue-green
systems in each catchment. The problem was solved by applying the DFO algorithm
COBYLA, and a schematic of the optimization problem solution structure is presented
in Figure 4.21, resulting in the map presented in Figure 4.22. The optimal solution
entails modifying the surfaces from impervious to blue-green systems to an extent of
56.6% of the area in the first catchment and 63.6% of the area in the nineteenth catch-
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Figure 4.21 A schematic of the optimization problem in Paper IX. The objective function required
the evaluation of the blue-green system model and models for the impervious area as well as the
piping network in series. This series of evaluations returned the number of flooded manholes, n f n,
which was used to calculate the economic objective function.
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4.2 Urban environments – blue-green systems

Figure 4.22 A map of the optimal solution that minimizes the total cost. For easier comparison
with the nominal case, the manholes have been marked out as flooded (filled markers), unflooded
(unfilled markers), as well as saved (green-filled markers), and lost (red-filled markers) as compared
to the nominal case. Background picture: dimmed topographic web map, courtesy of The Swedish
Mapping, Cadastral and Land Registration Authority, c©Lantmäteriet.

ment, caeteris paribus. This reduces the number of flooded nodes by 8.5%, and results
in a cost saving of 3% for the simulated scenario. Whilst this is a modest cost reduction,
it should be noted that this is a very simplified objective that is not intended to take into
account, for instance, the urban beautification provided by the implementation blue-
green systems. However, this is a factor that may be quantified and taken into account
by using available tools developed for that specific purpose.

In Paper IX, the DFO algorithm COBYLA was once more applied. This was chosen
primarily because the Jacobian was difficult to formulate and retrieve due to the com-
plex behavior of the piping network and its model, leading to difficulties in determining
how the number of flooded nodes changes with respect to the implementation of blue-
green systems. As an alternative, a numerical estimation of the Jacobian could have
been performed, e.g. by simply using the built-in function of SLSQP so that the prac-
tical difference compared to using COBYLA would have been insignificant. However,
the familiarity of COBYLA from the calibration of Paper VIII made it a comfortable
choice. Whether this was the most efficient option has not been explored ex post facto,
but it can be satisfactorily stated that the algorithm was effective for the intents and
purposes of the study in Paper IX. As such, by choosing to work with the modeling
and simulation tools that we used profoundly impacted the available options in terms of
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optimization approaches. It should be noted that the reverse is also true; had we desired
a certain optimization approach that was incompatible with the available models, then
we would have needed to create new models by using tools that facilitate the desired
approach. However, choosing to work with the preexisting runoff and piping models
enabled us to effectively gather interesting results and insights into flood mitigation in
Malmö in a short period of time.

64



5

Concluding remarks

In conclusion, an integrated procedure and a purpose-centric framework have been pro-
vided in this thesis and used to describe the presented and contextualized cases, in which
there was a need for improving the particular processes. These improvements have sub-
sequently been found through the application of different approaches for computer-
aided optimization, that in turn rely on the simulation of mathematical models for the
prediction of how the process in question would behave under certain conditions. As
we have seen, there exist procedures that can be very useful when performing an op-
timization study, including procedures for creating mathematical models representing
the process as well as simulation strategies to solve these models, which have been as-
sembled in a provided integrated procedure. There is also the interplay that needs to
be considered between the models, their simulation strategies, and the optimization ap-
proaches, which therefore need to be chosen and/or developed keeping each in mind;
this is a gap that can successfully be bridged by using the provided framework and tak-
ing a purpose-centric view on the optimization study at hand. As such, the purposes of
this thesis have been achieved.

Furthermore, by taking a complex real-life process, breaking it down and simpli-
fying through abstraction, similar optimization methods have been applied to cases
that used different modeling and simulation tools. The work presented in this thesis
thus shows that the level of abstraction facilitated by the purpose-centric framework
is very useful combined with the integrated procedure for solving optimization prob-
lems within different fields of research in collaboration with various research teams and
companies. As such, an extra conclusion is that abstraction beats complexity; making
(not keeping!) things simple makes possible studies that can in turn enable us to make
better decisions in order to improve any conceivable situation across fields of research,
business, and interest.

5.1 Future work

The framework and integrated procedure at the level of abstraction provided in this
thesis should be considered the kind of tools that can always be improved, and will thus
benefit from further work. If these tools are to be beneficial and useful to practitioners,
it is important to ensure they are (and become increasingly) flexible in terms of being
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general yet specific enough, clear to understand, and easy to use. Essential factors for
the purpose of improving the tools include dissemination, application, and feedback as
well as contributions by practitioners.

In terms of future work for the purification of a polyalcohol at Perstorp AB, the
modeling work that was described in Paper V should be continued in order to build
and finish a digital twin of the full plant. The methods used may also be complemented
by utilizing the huge amounts of data generated by the operation of the plant, where
machine learning techniques may for instance be applied for time-series forecasting of
the plant behavior. However, any optimization study undertaken to improve the plant
does not amount to anything if not properly implemented. It is therefore important to
continue the work on the technical issues surrounding practical implementation and
automation, using appropriate methods available in literature for the purpose of con-
trolling the plant and keeping it at optimal operating conditions in real time. However,
it is important to remember that the social perspective matters as well. For instance, im-
plementing the results from a computer-aided optimization study in the real-life process
may come down to the willingness of the process operator to diverge from truly tested
operating conditions that empirically always work. Similarly, it is important to rely on
and learn from those with the most knowledge and experience of the process, which
is gathered on an everyday basis. Thus, learning and change intersects with the opera-
tion of a production plant, and here the many levels of process systems engineering and
management meet in a cross-section containing a vast number of interesting problems
to study.

Within the field of chromatographic purification of pharmaceuticals, there has al-
ready been some very interesting work regarding process control, as well as integrated
and continuous processes. However, much more remains at different levels of imple-
mentation for a number of applications. For instance, optimizing the flow-rate during
the loading phase of the capture step of mAb purification would be interesting. Further-
more, developing processes that can automatically find optimal operating conditions
(either based on first principles or data-based models) would be a great step towards
the automation that may be necessary to realize the potential residing in integrated and
continuous processes. However, this also demands an entirely new view on how to build
processes at different steps in clinical trials, which may also warrant scrutiny, since it
is easier to scale up from already integrated and continuous processes than to file with
authorities for approval of a new operating point.

Regarding the work with urban flooding mitigation using blue-green systems pre-
sented in this thesis, there are several areas that can be developed further. For instance,
the model may be extended with infiltration and evaporation in order to shift the func-
tionality of the model from event-based to be able to predict flow dynamics across
longer periods of time. This would most probably also warrant a revision of the sim-
ulation strategy currently in place, which may benefit from variable-step methods if
longer periods are to be simulated. The effectiveness of blue-green systems to deal with
extreme rainfalls has been qualitatively studied for individual implementations up to
city-scale. However, a methodology that also considers the existing urban infrastruc-
ture needs to be developed that can be used to determine how these systems should be
implemented on a larger scale. Particularly interesting would be to incorporate changes
to the urban infrastructure over time in order to investigate any potential impact thereof.
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Abstract 
Complex chemical processes require complex simulation models. Selecting decision var-
iables for optimization is increasingly difficult. This paper presents a study of a Subset 
Selection Algorithm (SSA) applied to the selection of decision variables to facilitate a 
reduction of the decision variable combination sets to consider for a process designer, 
aimed towards improving said selection, optimization, and thereby resource efficiency. 
The results help conclude that SSA is able to reduce the consideration set of decision 
variable combinations for the process designer, and selects combination sets that are more 
effective in terms of minimizing the objective.  

Keywords: Subset Selection Algorithm, decision variables, optimization. 

1. Introduction 
In order develop a sustainable and competitive process industry, the efficient use of re-
sources is key in combination with developing process control, modelling, and simulation 
(Process IT Innovation and Automation, 2012). The present study aims to contribute to 
these areas through a case study of a trimethylolpropane (TMP) separation stage at Per-
storp, Sweden, as a method for subset selection has been applied for the mathematical 
and unbiased selection of decision variables for optimization. The method would serve 
an important purpose since decision variables are traditionally chosen through the intui-
tion and experience of the responsible process designer, arguably limiting the quality of 
the solution as models and simulations grow in complexity (Brady & Yellig, 2005). How-
ever, in recent years, different methods have been developed which could be useful tools 
in decision variable selection/handling (Asadollahi & Naevdal, 2010; Zhao et al., 2016). 
Especially interesting to this study has been the work Cintrón-Arias et al. (2009) whose 
Subset Selection Algorithm (SSA) has in the present work been implemented in Python 
to work with an Aspen Plus Dynamics model and applied to aid in the selection of deci-
sion variables, which have then been used in optimization runs.  

2. Theory 

2.1. General 

The  SSA proposed by Cintrón-Arias et al. (2009) can, provided a sensitivity matrix J, 
calculate two key numerical quantities: α, the selection score, and κ, the condition num-
ber. These indicate the accuracy of the optimization solution and the condition of the 

http://dx.doi.org/10.1016/B978-0-444-63965-3.50044-1 

Mikael Nolina*, Niklas Anderssona, Bernt Nilssona, Mark Max-Hansenb, 
Oleg Pajalicb

77



 M. Nolin et al. 
 

problem posed by the chosen subset, respectively, based on the analogous reasoning by 
Andersson et al (2014) who also introduced Θ, the SSA score. α is calculated as the norm 
of the square roots of the diagonal elements of the inverse of the JTJ matrix, whilst κ is 
calculated as the condition number of J, defined as the ratio of the largest (sl) and smallest 
(sp) singular values of J. Θ is then the sum of the common logarithms of the two quantities. 

    (1) 

         (2) 

      (3) 

In equation 1, nD refers to the number of decision variables of the data set. A low value 
of κ indicates a well-conditioned problem, and a low value of α indicates high accuracy 
to be expected of the solution, i.e. the result from the optimization runs should be reliable.  

3. Methods 

3.1. Evaporator System Model in Aspen Plus Dynamics 

The TMP evaporator system model was built in Aspen Plus v8.8 using the software’s 
standard blocks. It was then converted into an Aspen Plus Dynamics v8.8 model through 
the flow driven mode, without controllers, after which it was tuned to real process data. 
An overview of the process is presented in figure 1 below. 

The system contained formaldehyde, which motivated the use of AspenTech’s formalde-
hyde/water/methanol system property and chemistry data package from aspenONE Ex-
change, with SYSOP7K as property method and NRTL as base method. A simplification 
was made in that the data package’s reaction set was reduced to only the first four reac-
tions, which include the methylene glycol reaction as well as polyoxymethylene reactions 
for n ≤ 4 as presented by Maurer (1986). 

 
Figure 1: The flowsheet as built in Aspen Plus using standard blocks.  
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3.2. Subset Selection Algorithm in Python 

SSA was implemented in Python, and the information flow is presented in figure 2. This 
starts with the user supplying the necessary input, such as a specification of the decision 
variables and the objective to be studied, as well as a COM link to the model itself. In this 
case, 14 different variables were investigated, presented in table 1. These were chosen as 
they were ‘fixed’ in Aspen Dynamics as well as possible decision variables in reality. The 
algorithm will then run the model repeatedly, perturbing each variable in order to get the 
sensitivity matrix J through central finite differences approximation, essentially retrieving 
a Jacobian. After the sensitivity matrix is retrieved, the algorithm will create every possi-
ble subset of decision variables and objectives through combination in order to evaluate 
these subsets by calculating α, κ, and Θ. The combination sets are ranked by lowest Θ 
and presented to the user in tables and figures, to facilitate the selection of decision vari-
ables for further investigation.  
 

 
Figure 2: A schematic of the information flow for the implementation of SSA. The dashed starting 
box represents a phase where user input is needed. 

Component Object Model (COM) – a platform-independent and object-oriented system 
– was used to enable communication between Aspen Plus Dynamics and Python. The 
Python extension win32com was used, but other methods supported by Python and the 
simulation software should be applicable, which makes the method generalizable. 
 
3.3. Optimization 

For the optimization study, the objective was a scalarized multi-objective that signifies 
the direct variable costs using the objective parameters from the SSA analysis. This was 
expressed as in equation 4, as a weighted difference of the simulations’ objective param-
eter time integrals from the SSA – the evaporation duty, Q, which should be low, and the 
product stream purity, Xprod, which should be high. 
 
Table 1: The fixed variables in Aspen used in SSA. The labels refer to those in figure 1.   

Flow (F) S4 S5 S7 S9 S11 S13 
 S14 S15 S18 S19 S20 S21 
Pressure (P) S1 S21     
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 (4) 

In equation 4, w is a scalar weight set to 0.7 to reflect on-site economics. The objective 
function is subject to physical constraints and bounds in Aspen, and is scaled with the 
nominal operation point (subscript nom). The decision variables used for each optimiza-
tion run were the top 10 variable combinations as suggested by the SSA combination 
level 1-5 (i.e. number of decision variables in the combination). Optimization runs were 
performed using the Python package SciPy’s implementation of the Nelder-Mead algo-
rithm, with the nominal operating point as guess point 

4. Results and Discussion 

4.1. Model Tuning & Accuracy 

The Aspen Plus Dynamics model was tuned and the model output was, where possible, 
compared to the plant’s measured data at a nominal operating point. The validation results 
are presented in figure 3 below, normalized with respect to the measured data. As can be 
seen, the model is accurate within ± 3 %, accepted as accurate enough for the purpose of 
this study. Please note that these validation variables are not the same as the decision 
variables presented in table 1. 
4.2. Subset Selection Algorithm 

The SSA evaluates all combination sets in a matter of seconds and presents the user with 
the best selection, ranked by the lowest Θ. In figure 4 below, the results from the SSA are 
presented as the common logarithm of α and κ plotted against each other for the “top 10” 
combinations in terms of lowest Θ per combination level 2-5. Low values are desirable 
for both α and κ, giving low values to Θ as well. For combination level 1, i.e. only using 
one decision variable, the common logarithm of κ was as expected always 0 and the com-
mon logarithm of α varied between [-0.237; 3.12]. An interesting trend of a concentration 
of the sets with an increased number of decision variables in a set is apparent from figure 
4, which would indicate increasing similarities of the sets. This also seems to be the case  

 
Figure 3: Measurements compared to the model outputs – the model is accurate within ±3 %. 
Horizontal axis labels refer to figure 1, with P for pressure, and T for temperature.  
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Figure 4: The common logarithms of α and κ for the top 10 combinations in combination levels 2-
5. • denotes one combination set. 

upon inspection of the suggested combination sets, since the top sets selected by SSA 
often feature the same, prominent decision variables across the levels. The frequency of 
the decision variables in the combination sets on levels 1-5 is presented in table 2 below. 
What can be seen is that decision variables close (in terms of where they are found in the 
process model) to the objective function variables are selected more often, due to their 
lower Θ scores. Evident as well from table 2 is that some decision variables are rarely (or 
never) selected. These particular variables are often those that logically should have a 
minimal effect on the process – e.g. S9 flow rate – which indicates that the SSA filters 
out such variables, and highlights more effective variables.  

Using SSA for the first five combination levels has in this case narrowed down the amount 
to consider from the 3472 combination sets to 50 combination sets – ten per combination 
level. This can be expanded or reduced further depending on user requirements and will 
naturally be helpful for a process designer, especially when designing and optimizing 
processes that are more complex, leading to an increased number of possible combination 
sets. However, the SSA is very dependent on the quality of the sensitivity matrix, which 
potentially could be a weak point of the method.  

4.3. Optimization 

The results from the optimization runs are presented in figure 5 below. The “top 10” 
combinations in terms of lowest Θ per combination level 1-5 were used for optimization 
runs. As can be seen, the optimizations using SSA selected decision variable combina-
tions get lower objective scores than optimization runs using combinations chosen to rep-
resent reality as close as possible, by comparing model with schematics of the process. 
The decision variables the real life combinations consist of are marked (*) in table 2, and 
the fact that they are mostly very low in the frequency helps explain their lesser perfor-
mance. This was an unanticipated but interesting effect, which probably has to do with 
SSA’s reliance on a J matrix and its design. The effect, though, indicates unforeseen po-
tential with using SSA for finding the most effective decision variable combinations.  

Table 2: The frequency of decision variables in the top 10 comb. sets for combination levels 1-5. 

Dec. Var. Counts  Dec. Var. Counts  Dec. Var. Counts 
S18 F 39  S5 F* 25  S21 F 1 
S11 F 35  S7 F 11  S1 P* 0 
S4 F 34  S14 F 9  S20 F* 0 
S15 F 27  S21 P 3  S9 F 0 
S13 F* 25  S19 F 1 
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Figure 5: The optimization results using the top 10 SSA decision variables for each combination 
level compared to the real decision variables results.  

5. Conclusions 
The SSA is able to reduce the number of decision variables to consider, highlighting the 
most effective variables and filtering out those with minimal effect on the process, facil-
itating the choice for the responsible process designer. The lower objective scores from 
the optimization results using SSA selected sets, when compared with optimization runs 
using combinations not suggested by the SSA but chosen to represent reality, indicate the 
appropriateness of the suggested decision variables. This is especially interesting since it 
indicates that the SSA also selects variables depending on their effectiveness in terms of 
influencing the studied process. Future research may be directed towards establishing 
this, as well as the reliability of the optimizations using the SSA combination sets. 
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With increasing demands on the industry for resource efficiency, processes are often built or retrofitted with 
recycle streams in order to decrease energy and raw material demands. However, this also increases the 
complexity of the process as a whole and may bring unexpected effects. In this contribution, such a case, 
consisting of a two-stage evaporator system, fed with the product stream of an upstream batch system and a 
continuous recycling stream from downstream separation processes, was analyzed. This evaporator system 
was subject to potentially performance-limiting oscillating disturbances. The purpose of this study was to, 
through modelling and simulation, expand the knowledge of the system by analyzing the system dynamics, 
and to discover any co-oscillations and their extent in the process, as well as their effect on process 
parameters such as product purity and the energy usage in terms of steam consumption. The investigation 
was performed by modelling using Aspen Plus Dynamics. Simulation, data-extraction, and analysis was 
performed via a COM enabled Python interface. The results of the study highlight the full-system propagation 
of oscillations along with co-oscillation of selected key parameters, and support the conclusion that there is 
potential for cost-reductions by decreasing steam consumption by 1.1 %, without any investments. 

1. Introduction 

Evaporator systems are integral parts of many different purification processes, e.g. sugar or kraft pulp 
production, but exhibit the inherent trait of being energy intense. With globally increasing demands on 
resource efficiency (Pitarch et al., 2017), recycling of matter and energy may be implemented in order to 
achieve these demands (Márquez-Rubio et al., 2012). However, even though the multistage evaporator 
system is common, it is still complex to model and control (Adams et al., 2008), and adding recycling has long 
been known to risk making the overall system dynamics even more complex – even so if the subsystems are 
simple (Trierweiler et al., 1998). Thus, understanding the evaporator system dynamics, as well as their 
interaction with other subsystems in a process is a prerequisite in order to reach the aforementioned demands 
on resource efficiency.   
As such, efforts have been aimed at understanding and improving both the systems, and especially how to 
improve their degree of process integration (Walmsley et al., 2017). Previous studies have also highlighted the 
importance of understanding and controlling disturbances in evaporator systems. Adams et al. (2008) 
designed a new control architecture to solve the suboptimal performance of an evaporator system due to three 
different cyclic behaviors of the plant, and Pitarch et al. (2017) employed an optimization strategy to improve 
process control and reduce the effects of disturbances.  
The present study was similarly focused on discovering how disturbances propagate and affect an evaporator 
system, and an industrial case study was performed of a system for polyalcohol purification at Perstorp AB. 
The investigated system, presented in Figure 1, consists of a two-stage evaporator, including a two-stage 
mechanical vapor recompression with intercooling, as well as a preceding stripping column. The evaporator 
system is fed from a balance tank (located between the upstream batch system and the continuous 
evaporator system) into which a continuous, dilute recycle stream is connected, introduced in order to 
increase resource-efficiency. 
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Figure 1: A schematic overview of the studied evaporator system (in dashed box), including mechanical vapor 
recompression and a stripping column, and its connections to the upstream batch system and downstream 
processes. 

As the upstream batch system intermittently fills the balance tank with material high in product mass fraction, 
the continuous (dilute) recycle stream has a diluting effect on the contents in the balance tank. Investigating 
this system is particularly interesting since the disturbance is cyclical (potentially limiting the process to a 
cyclic steady state at best) and therefore of an oscillating nature, which commonly creates performance-
worsening propagations throughout entire systems (Yuan & Qin, 2014).  
To examine the process, a dynamic model of the evaporator system was created via Aspen Plus Dynamics, 
using a COM-enabled Python interface for simulation control, data-extraction, and graphical representation of 
the data to be analyzed. The analysis employs an approach based on the combination of one-factor-at-a-time 
(OFAT) sensitivity analysis and phase plane analysis, and is thus able to provide an increased understanding 
of how process parameters in the system co-oscillate, or co-vary.  
The purpose of the present contribution was to analyze the dynamics of the system, to discover and highlight 
important co-oscillating parameters and their effects on the process, especially regarding the swing-effects on 
product purity and the energy usage (in terms of steam consumption), thereby improving the understanding of 
the system’s dynamic behavior,. The present study was intended as a precursory study and has the potential 
of serving as a decision basis for further studies regarding e.g. root cause diagnosis and/or process 
improvements (e.g. in terms of operations or refurbishments) in order to minimize the oscillation propagation 
throughout the system.  

2. Theory 

For the study, an OFAT sensitivity analysis was combined with a phase plane analysis, where different input 
variables were manipulated in order to analyze their respective impacts on the phase plane of key process 
parameters, and to explore if and analyze how the key process parameters co-oscillate. An OFAT sensitivity 
analysis is the practice of changing one variable whilst keeping the others fixed, and is useful for qualitatively 
identifying input parameter effects on the output of a model (Delgarm et al., 2018). The OFAT approach to 
sensitivity analysis is simple to implement and functions well in a close proximity to the nominal case, but it 
carries the risk of deceiving the analyst who could well be tempted to rank input variables’ importance based 
on their impact on the output (Saltelli, 1999). However, in the present study, the aim is not to make a ranking, 
but rather to illustrate the effects of varying certain input parameters on certain key parameters. As such, the 
OFAT approach was chosen for this study. 
To visualize and analyze the propagation of the oscillations throughout the system, phase planes of the key 
process parameters were produced and analyzed according to Bequette’s (1998) writings. Instead of 
examining how a process variable changes in the temporal domain, pairing variables in a phase plane 
facilitates the analysis of the system’s stability. It further makes it easier to understand how variables co-vary. 
This may in turn increase the understanding of the safety margins regarding product quality, and potentially 
their required quantity. This would serve as an enabler for removing oscillations and/or minimizing swing-
effects, which according to Yuan and Qin (2014) would improve operation of the process and lead to financial 
gains, e.g. through sustaining product quality demands more frequently at a lower cost. 
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3. Method  

To create a dynamic model able to highlight the dynamics of the swings, a steady state model of the 
evaporator system presented in the dashed box in Figure 1 was first created in Aspen Plus v8.8, using 
standard blocks. Formaldehyde oligomerization was modeled by applying the Maurer model, which provides 
high quality representations of the aqueous formaldehyde systems (Ott et al., 2005). Specifically, AspenTech’s 
own implementation of the Maurer model was used, with SYSOP7K as property method with NRTL as base 
method. This was implemented with small modifications in the same way as in Nolin et al. (2017). 
The steady state model was then converted into a flow-driven dynamic model, which made use of PI 
controllers to reflect the real process, as well as PtoT and Delta blocks to model boiling point elevation (BPE) 
control. The controllers denoted by asterisks in Figure 1 were implemented in order to keep the simulation 
within operationally possible bounds. This functioned as a solution towards qualitatively catching pressure-
driven phenomena in a flow-driven simulation, and eliminated issues with unrealistic pressure gains. However, 
it might have unexpected effects on the simulation results and thus needs to be considered during analysis.  
The phase planes were constructed for key process parameters from the sensitivity analysis simulations, for 
which an input variable had been perturbed individually. The input variables to vary and key process 
parameters to examine were chosen based on the experience of process engineers working with the process, 
as well as using the Subset Selection Algorithm (SSA) as applied in Nolin et al. (2017), based on Andersson 
et al. (2014). Some of the choices and SSA recommendations overlapped, and are presented together with 
the relative perturbation in table 1 below, with overlapping parameters denoted by ‡. The shorthand names 
given to the input variable and key parameters, i.e. I1 and K1 through K4, are also mapped in Figure 1.  
To control the simulations, and to gather and present the data, a COM-enabled Python interface was used. 
This utilized the Python extension win32com, but using other methods, e.g. OPC, should be possible to use as 
well depending on Python and simulation software support, adding generalizability in terms of software. The 
perturbation was performed by making a positive and a negative step change to the input variable. Data 
collection was started after the perturbed simulations had reached a cyclic steady state, as it was desired to 
investigate how the changes affect the cyclic steady state and its position in the phase planes.  

Table 1: Input variables and key process parameters for the sensitivity and phase plane analyses. ‡ denotes 
overlap between SSA recommendations and process engineer choices. 

Input variable Unit Relative  
Perturbation [%] 

Key process parameters Unit 

I1: Recycle stream mass flow  [kg/h] ± 2.5--K1: Balance tank product mass fraction 
K2: 2nd stage liquid product stream mass flow ‡

[-] 
[kg/h] 

 K3: 2nd stage liquid product stream product 
mass fraction, i.e. product purity 

[-] 

 K4: Added steam mass flow, i.e. steam 
consumption ‡ 

[kg/h] 

 
The temporal domain data that was gathered for each parameter during 24 simulation hours was processed in 
two different ways before presentation in order to visualize the findings according to Bequette (1998), as well 
as to visualize the relative movements of the cycles in the different phase planes. The first way meant 
normalization with respect to its own mean value before the phase planes were produced, and the second 
way was done through scaling with the variable’s nominal run mean value, both of which render the results 
dimensionless. Furthermore, adding an objective function similar to that in Nolin et al. (2017) allowed for 
analysis of the system’s performance during the cycles. The objective is defined in equation 1 as a function of 
the discrete temporal element ti, i.e. the ith simulation run sample, where 3  and 4  are the 
parameters’ corresponding mean values for the nominal run, and w is a weight set to 0.7 to reflect process 
economics. 

( ) = 	− (1 − ) ∙ 3( )3 + 	 ∙ − 4( )4  (1) 

4. Case study results and discussion 

The scaled times series that the analysis is built upon are presented in Figure 2 below. As can be seen, the 
model response is oscillating for all four parameters, and small changes in I1 may have great effects on steam 
consumption (K4). However, the way in which the parameters co-oscillate is difficult to discern from Figure 1.  
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Figure 2: The scaled time series for K1 (upper left), K2 (upper right), K3 (lower left), and K4 (lower right).  

This is more easily understood from the phase planes. The scaled and normalized phase planes for the 
balance tank product mass fraction, K1, and the 2nd stage liquid product stream mass flow, K2, when 
perturbing the recycle stream mass flow, I1, by ± 2.5 %, are presented in Figure 3a and 3b, respectively. As 
can be seen in both Figures 2 and 3, the balance tank product mass fraction (K1) varies significantly during 
the cycles, by roughly ±15 percentage points. In Figure 2, the cycle can be seen to start at the lowest point in 
each oscillation, when the upstream batch system fills the balance tank, rapidly increasing the product mass 
fraction in the balance tank (as well as the liquid level), which subsequently is lowered during the rest of the 
cycle as the evaporator system is being fed, and low-concentrated material is recycled to the balance tank. 
This means that both the liquid level and the product mass fraction in the balance tank is reduced, until the 
cycle starts anew. In Figure 3, this cycle starts at the curvature’s left-most point, and travels to the right along 
the horizontal axis. The balance tank disturbance is clearly shown to propagate all the way through the very 
end of the evaporator system by the ±2 percentage points of variation in the 2nd stage liquid stream mass flow, 
K2, seen on the vertical axis in Figure 3. Inferred from this is the strain put on the PI controls through the 
system, that are put in place to keep the process in check and at its set point. Furthermore, it can be seen that 
only small relative changes are created during the input variable perturbation during the sensitivity analysis, 
but as shown in Figure 3b, decreasing (green) or increasing (blue) the recycle stream mass flow, I1, will lead 
to a lower balance tank product mass fraction, but in either end of the cycle. Further indicated in Figure 3a is 
that increasing the recycle stream mass flow will generally yield lower production rates (and vice versa), which 
is coupled to a higher dilution factor in this case, i.e. there is comparatively more water in the feed that needs 
to be evaporated in relation to the desired product. 
 

 

Figure 3: (a) Scaled and (b) normalized phase planes for the balance tank product mass fraction versus the 
2nd stage liquid stream mass flow, for the nominal (red), positively (blue), and negatively (green) perturbed 
case. 

The suggestion that more water needs to be evaporated when perturbing I1 by +2.5 %, thus requiring more 
steam, agrees with the results in the scaled phase plane in Figure 4, in which the phase planes are presented 
for the objective parameters, K3 and K4. In Figure 4a, the positive perturbation of I1 (blue) can be seen to 
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require more steam than the other two cases. The overall cyclical appearance of these furthermore shows that 
there is a strong covariation between the two parameters. This variation is most probably primarily caused by 
the balance tank disturbance visible along the horizontal axis in Figure 3.  
The scaled results are shown in Figure 4a, which indicate that even relatively small changes in the recycle 
stream mass flow may force large adjustments to the added steam mass flow in order to keep the BPE in the 
second stage at its set point. Whilst the qualitative effect is logical and expected, i.e. an increase in steam 
consumption with an increase in evaporator feed stream water content and vice versa, the quantity was much 
greater than expected. This might have been influenced by some unreal behavior the model catches with its 
use of extra PI controllers for simulation control. Thus, further work will be needed to determine the accuracy, 
e.g. through big-data analysis or pilot plant experiments. Similarly, the extremely small changes in product 
purity during a cycle is attributed to the strict control exerted by the model’s control of second stage BPE.  
Continuing, the model displays a center behavior in the normalized phase plane in Figure 4b, which implies 
the existence of an equilibrium point. Furthermore, the size increase of the green loop, i.e. for the case of the 
negative perturbation of -2.5 % to the recycle stream mass flow (I1), shows that the relative difference 
between peaks and valleys for this run is greater than for the other two. Together with the band widening for 
the same run, this suggests that this simulation case is relatively difficult to control in a consistent fashion, 
probably due to other phenomena becoming more pronounced and having a greater effect on the simulation. 
The objective score was added to the nominal case phase planes presented above in Figures 3-4 (red), and 
the results are presented in Figure 5. In Figure 5a, the nominal case 2nd stage liquid stream mass flow (K2) 
and balance tank product mass fraction (K1) is presented with the objective score.  
 
 

 

Figure 4: (a) Scaled and (b) normalized phase planes of the objective parameters for the nominal case (red), 
the positively (blue), and negatively (green) perturbed cases.  

 

Figure 5: The objective function with (a) balance tank product mass fraction and 2nd stage mass flow and (b) 
to the objective parameters. The red dot marks the minimum point of the objective during the cycles. 
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As marked by the red dot, the position with the lowest objective score is along the straight line during the 
batch system emptying sequence, close to the average value for both parameters. This indicates that 
minimizing the swing effects would not need grand adjustments since the best operating point during a cycle is 
close to the mean, and would presumably have a stabilizing effect on downstream separation processes, into 
which oscillations in the 2nd stage liquid stream mass flow would propagate. In Figure 5b, the addition of the 
objective score to the nominal case cycle is presented for product purity (K3) and added steam mass flow 
(K4), with a red, filled circle to mark the minimum of the objective during the cycles. This shows a strong 
dependability on the added steam mass flow, which exerts a larger influence than the extremely small 
variation in product purity during the cycle. It can further be seen that the best point for the nominal case 
needs roughly 1.1 % less steam than the average steam usage during the cycles. This fact, together with the 
small changes in product purity, means that there is potential for significant financial gain (via a lower steam 
usage) to be found in the way the process is operated today, even without any drastic adjustments or 
refurbishments. One way to achieve this could be by fixating the mass flow of added steam to the marked 
point in Figure 5b, which could also have a minimizing effect on the oscillations in the 2nd stage liquid stream 
mass flow rate, K2, something that may be confirmed through further simulation.  
Finally, an important point to reiterate and highlight is that the oscillations that seemingly start in the balance 
tank, with parameter K1, further propagate throughout the entire flowsheet, to parameter K2. This indicates 
that identifying and rectifying the actual root cause of the disturbance may have beneficial effects on the 
performance of the entire system by removing or reducing the oscillations. 

5. Conclusions & Future Work 

The results show that swings in steam consumption are present in the nominal case, but that the product 
purity varies only very little over a cycle, which indicates that by fixating the added steam mass flow to the 
optimal point in the current way of operation, steam consumption can be decreased by roughly 1.1 %. This 
translates into significant cost reductions with virtually costless changes to the process. Furthermore, the 
quantitative effects of the recycle stream mass flow on the steam consumption need to be properly assessed, 
in order to determine whether there is any real potential for cost reductions of which to take advantage. 
Finally, the results of the study support the conclusion that there are co-oscillations for the selected key 
parameters, and that oscillations extend throughout the evaporator system. This means that finding and 
rectifying the root cause can be a very important next step in improving process performance, and should be 
performed in follow-up studies.  
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Abstract
The Python Module Coupler (PyMoC) is a tool for co-simulation of Aspen Plus Dynamics mod-
ules that together make up an overall process flowsheet. The tool requires only user input in the
form of file paths to Aspen Plus Dynamics modules, and it is able to automatically make the re-
quired connections there between, and keep track of the simulation whilst updating the streams
regularly. This contribution briefly discusses the implementation and mechanisms of PyMoC, and
then applies it to a multi-module, single-shooting constrained optimization problem, where an in-
dustrial set-up consisting of an evaporator system coupled to a distillation column is studied. This
serves as a showcase of PyMoC’s functionality and usability, as well as its potential in serving as
a helpful tool for practitioners of model-based studies who could benefit from modularizing their
models. Utilizing PyMoC for this purpose, the optimization results indicate that the operating
costs induced from the steam consumption can be reduced by 54% compared to a nominal oper-
ating case, but a holistic, full-process study is necessary to understand the full set of possibilities,
causes, and effects.

Keywords: Python, Aspen Plus Dynamics, co-simulation, optimization, PyMoC

1. Introduction

Model-based studies have a wide range of important uses, and can help practitioners save both
time and money, whilst improving quality and safety of a process (Oppelt et al., 2015). Especially
dynamic model-based studies have many different applications due to their capabilities of inves-
tigating not only steady-state conditions but also transient patterns (Skorych et al., 2017). Thus,
performing such studies, e.g. single-shooting optimization, plays an important role in improv-
ing production processes in order to satisfy demands regarding e.g. environmental aspects whilst
increasing production capacity.

When modeling and simulating large, complex flowsheets, there are advantages to be found in
dividing the overall model into smaller sub-modules (i.e. modularization), such as simplifying the
addition of complementing models and opening up possibilities for parallel work-flows (Felippa
et al., 2001). It also makes overview easier if the models would follow existing P&IDs. Modular-
ization is furthermore a solution to convergence issues that large-scale complex process flowsheet
models may suffer from (Lin et al., 2017), which would otherwise obstruct model-based studies.

http://dx.doi.org/10.1016/B978-0-12-818634-3.50121-1 
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However, modularization comes with its own challenges, as there will thus be a need to connect
and co-simulate the modules, which poses a challenge in itself (Andersson, 2016). Doing so man-
ually is obviously not feasible considering the sheer number of spatial and temporal connections
necessary for continuous simulation. Commercially available tools such as the AspenTech Oper-
ator Training Simulator (OTS) could be used, but the lack of publications utilizing the OTS for
model-based studies (Ahmad et al., 2016) supports the conclusion that this tool may not be ap-
propriate to use for such studies. To this end, a tool called the Python Module Coupler (PyMoC)
has been developed to help practitioners with co-simulation of modules developed in Aspen Plus
Dynamics (APD), utilizing the process flowsheeting software as the engine for calculations. The
Python implementation of PyMoC allows for advanced model-based studies by automating con-
nections and data transfer through the application of a naming convention and a zero-order hold
analogy (ZOHA), respectively.

In this contribution, PyMoC has been used to optimize a multi-module model of an oscillating
polyalcohol separation process, consisting of a two-stage evaporator system and a methanol dis-
tillation column. PyMoC will first be introduced briefly, before the modules and the optimization
problem is presented, followed by results and conclusions.

2. The Python Module Coupler - PyMoC

PyMoC is based on the COM enabled interface first presented in Nolin et al. (2017), and works
by taking as input the paths of the APD files that are to be co-simulated, and then automatically
connects these and co-simulates them. The nature of its Python implementation further simplifies
customizing model-based studies and applying useful 3rd party software. In this section, two of the
main mechanisms behind the function of PyMoC are briefly explained; (i) the naming convention,
and (ii) how the transfer of data between modules is performed during runtime.

2.1. The naming convention

In order to minimize the amount of work required by the user, connections between modules are
made automatically. This is based on a naming convention, i.e. streams with identical stream
names are connected. PyMoC automatically recognizes which stream is the source and the des-
tination, based on the ‘Fixed’/‘Free’ stream variable property used within APD. This means that
the user only needs to make sure that the streams to be connected are named identically during
modeling.See figure 1 for an illustrative, where the streams ‘FEED’ will be connected with the
algorithm recognizing that the Module A stream is the source to the destination in Module B. The
naming convention is also used for deciding which results that are to be presented. The user may
provide an interesting stream-name prefix, which the algorithm will use to recognize for which
streams the user wants results. This is practical especially for large systems, as the user can name
the interesting streams with that prefix instead of naming specific streams, and the stream results
will be extracted automatically for all interesting streams. Using figure 1 as an example again with
e.g. “I-” as the prefix, streams I-IN, I-V, and I-L will have their results extracted automatically.
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Figure 1: An illustrative example for the naming convention.

722

94



Single-shooting optimization of an industrial process through co-simulation of a
modularized Aspen Plus Dynamics model

2.2. Data transfer using zero-order hold

A zero-order hold (ZOH) strategy, which has recently been successfully applied for the control of
chromatographic separation (Sellberg et al., 2017), is utilized to transfer data between modules,
and is essentially a piece-wise constant method. It works by taking the output of the source stream
and setting that as the input of a destination stream, keeping this constant over a simulation time
horizon, τ. The length of the simulation time horizon is chosen by the user, who should consider
the trade-off between accuracy and speed - a smaller τ gives more frequently updated modules,
increased accuracy since modules can work with fresher data, as well as longer run-times. The
main advantage is the simple implementation, and the main disadvantage is that the sudden step-
changes to a variable may introduce discontinuities, something of which the user needs to be
aware.

3. Optimization of a modularized model using PyMoC

The problem entails optimizing the two parts of the polyalcohol separation system modeled in two
independent flowsheets in order to grant the aforementioned advantages of modularization. The
modules are described here, followed by the formulation of the optimization problem.

3.1. The models

The modularized process is presented schematically in figure 2. The evaporator system module
has been presented in Nolin et al. (2018). The methanol distillation column was modeled using
standard blocks of RADFRAC, MHEX , and FLASH2 in Aspen Plus and then converted to Aspen
Plus Dynamics, since the evaporator system was oscillating with propagations into the distillation
system. The default controllers added during the conversion to an APD model were kept. An
important aspect to note of both processes is that the separation was driven by steam at different
pressures, inducing different process costs. Furthermore, of special interest are the streams named
PROD and MEOH in figure 2, representing the target product stream of the main component in
each module.

The distillation module shares four connections with the evaporator module, all of which drawn
from the top of process units in the evaporator module, thus containing the most volatile compo-
nents at each instance. These streams are passed through a ‘translation module’ (TM in figure 2)
since the evaporation and distillation modules do not share identical Aspen Property Definition
files. The difference there-between, c.p., is that formaldehyde was excluded from the distillation
module component/property sets during modeling (and subsequently also the Maurer reactions
(Hasse and Maurer, 1991) of the evaporator system), as its presence was assumed to be negli-
gible. Essentially, this means that the distillation module cannot handle formaldehyde since its
component/property sets do not contain the component. The translation module makes sure that
formaldehyde is bypassed, but that the rest of the stream states (in terms of temperatures, pressures,
mass flows, and compositions) are transferred from the evaporation to the distillation module. The
translation module consists of one SEP block per stream, with the singular task of separating
formaldehyde into a bypass stream, available for use if necessary later on.

3.2. The optimization problem

The steam consumption was one of the major cost-drivers in a nominal operating case of the over-
all, oscillating process. Thus, the goal of the optimization was to minimize the steam consumption
cost incurred during daily operation while managing process and product demands (which are
averaged due to the process oscillations captured in the modules). These demands entail the evap-
oration module product stream (PROD in figure 2) purity and mass flow, as well as the mass flow
and methanol concentration in the top stream of the distillation column (MEOH in figure 2). In
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addition to these constraints, another constraint on the minimum mass flow rate from the top of the
distillation column was set at half of the nominal run mean value, to keep the column from run-
ning dry. This gives a total of five inequality constraint functions. Furthermore, each simulation
included a pre-processing simulation period of 12 simulation hours to have any potential (cyclic)
steady-state established before the optimization run. The problem was approached by employing
a single-shooting strategy with τ = 0.1h, and formulated as unbounded optimization subject to
non-linear constraints:

minimize
u

φ(u) =
2

∑
i=1

ci
ui,nom

·ui

w.r.t. u1 = wsteam, evap ∈ IR

u2 = wsteam, dist ∈ IR

s.t. Modularized flowsheet model

C1 = wPROD −CwPROD ≥ 0 C2 = PPROD −CPPROD ≥ 0

C3 = wMEOH −CwMEOH ≥ 0 C4 = PMEOH −CPMEOH ≥ 0

C5 = wMEOH, min −CwMEOH, min ≥ 0

where w is mass flow rate, P is purity, x denotes the average of a variable over the time period,
subscripts PROD and MEOH refer to the streams thus named (figure 2) ui,nom is the decision
variable values , and ci is a price factor relating the mass flow of steam to the incurred cost
thereof; c1 = 1 and c2 = 0.7, reflecting the cost ratio between the two steam pressure levels.
Cij , i = (w,P), j = (PROD,MEOH) denote the respective values of the mean constraints, while
CwMEOH, min denotes the constraint value for the minimum flow rate in the MEOH stream. The
problem was solved by utilizing the scientific computing package SciPy’s implementation of the
optimization algorithm Constrained Optimization By Linear Approximation (COBYLA), using
the nominal point of the simulation as initial values for the decision variables, and running the
model as part of the constraint function rather than the objective function.

4. Results and discussion

The objective value for the nominal run, φ(unom) = 1.7, represents a normalized hourly steam
consumption cost. By reducing u1 by 69% and u2 by 33%, the optimization was able to reduce
the objective value by 54% to φ(uopt) = 0.78, whilst successfully satisfying the constraints. The
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Figure 2: A schematic of the modularized process model, marked by the dashed box; the evapo-
rator system (”Evap.”) is described in Nolin et al. (2018), whilst the translation module (”TM”)
and the distillation column (”Dist.”) are introduced in this contribution. Note the target product
streams PROD and MEOH. The decision variables, i.e. the steam streams, are fully embedded in
each module.
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latter can be seen in figures 3 and 4, as the mean of variables in the optimal run is greater than the
respective mean constraint; the same is true for the minimum flow constraint regarding wMEOH .

To gain insight into the dynamic behavior of the process, the PROD and MEOH stream results
(i.e. w and P) of the nominal run as well as the optimal run are presented together with their mean
values and the relevant constraints in figures 3 and 4, respectively. The results have been scaled to
be centered around the mean constraint for each variable, rendering the results as dimensionless
quantities. Neither graph show sudden, discontinuous responses at the start/end of the simulation
time horizons, suggesting that the ZOHA strategy has not created any significant discontinuities.

As can be seen in figure 3, the mass flow and purity for the product stream vary somewhat during
the nominal run, as previously reported in Nolin et al. (2018), and such is still the case for the
optimal run. The size (i.e. difference between minumum and maximum) of the oscillations in
the mass flow have been reduced by 27%, which should lead to simplified control and mitigated
effects downstream. Furthermore, the optimal solution will effectively lower the purity by almost 2
percentage units. Together, the increased production rate as measured by wprod and the decreased
purity as measured by Pprod indicate that the optimal solution essentially produces more of a
less concentrated product stream. It is therefore possible that increased costs will be incurred
downstream to evaporate any excess water. Exactly how these interact with each other and how
they in combination will affect downstream processes may require further studies.
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Figure 3: The PROD stream results from the nominal and optimal runs.

The mass flow results for the MEOH stream presented in figure 4 show that the optimal run yields
massive oscillations over cycles, with a “jittery” model response, the latter of which presumably
caused by the fast dynamics of a pressure controller at the top of the distillation column. The
content of this stream is primarily used as fuel for the process, and the effects of propagations here
will thus presumably not propagate to the same extent as will oscillations in the PROD stream, even
though they are relatively large. Furthermore, the purity of the MEOH was increased significantly
in the optimal run. This, combined with the reduced steam consumption for both modules, is
further support for the natural conclusion that less water is evaporated in the evaporator module,
and subsequently less water is passed on to the distillation column via the top-drawn streams.

5. Conclusions

The optimization shows that it is possible to reduce steam costs by 54 % compared to the nominal
case whilst adhering to process demands. However, this may be a globally suboptimal solution
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Figure 4: The MEOH stream results from the nominal and optimal runs; note the additional con-
straint regarding minimal mass flow rate.

when looking at the full process, since less water is evaporated in the investigated modules. This
leads to as of now uncertain consequences downstream, but it is possible that the savings in the
evaporator and distillation modules presented in the current work may be negated by increased
costs downstream. As such, it is imperative to perform a holistic investigation of the full process to
prepare for improved decision-making. However, the current work shows that, for the investigated
systems, reducing the steam consumption whilst still adhering to production and product demands
is indeed possible. Furthermore, oscillatory propagations from any module to other parts of the
process need to be studied further. Negative effects thereof are especially necessary to study,
and these can potentially be mitigated through an optimal control trajectory optimization possibly
combined with improved tuning of the relevant controllers. PyMoC should be a useful tool to use
for the former, due to the nature of its Python implementation as well as the implementation of the
ZOHA strategy for data transfer.
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pecially problematic when they propagate through
se performance of an entire process (Yuan and Qin,

 in turn prompted a previous in-silico investigation
trial evaporator system (Nolin et al., 2018), in which
oscillations of the industrial system were analyzed
fied for the first time. The oscillations were further

 present throughout the whole system, effectively
steam consumption by 1 % and reducing produc-
%, which is of economic concern due to the scales
essing industries. Furthermore, since the evapora-

 was bottlenecking the entire process, eliminating
tions at a low cost would translate into financial

ring the problem accounted for above, the aim of
t study was to eliminate the oscillations in the

 system reported by Nolin et al. (2018) through
ed dynamic NLP, taking advantage of the existing

 Dynamics model used in that study. This optimiza-
solution would serve as an alternative to expensive

 reconstruction. However, the built-in tools of
Tech software lack the necessary capabilities for
model-based optimization studies. For instance,

 does not include algorithms for multiobjective
n, which severely limits the options for investi-
ocess (Muñoz López et al., 2018). Furthermore, it
how to deal with dynamic optimization problems
ade transitions in Aspen Plus Dynamics, which
the use of an external optimization architecture
tion with a dynamic flowsheet model (Negrellos-
, 2018). This way, it is possible to take advantage
ponent and unit-operation libraries available in
l flowsheeting software in combination with gener-
timization tools. Therefore, the pre-existing Aspen

ics model was employed as if it were a black box
el in the sense that the input and output data of the

he main concerns (in a similar fashion as Negrellos-
. (2018)). To perform the optimization, the model
d to a modified version of the COM-based Python
upler (PyMoC) cosimulation tool, which was first
in a cosimulation-based optimization study that

 version of the current evaporator system model
Nolin et al., 2019). In order to easily implement
quality constraint equations as well as decision
undaries specifically, the SciPy implementation of
A algorithm (Powell, 1994) was used to perform the
n.
lts show that it is possible to minimize the oscilla-
gh trajectory optimization, leading to an increase
ut, a reduction in steam consumption, while prod-

was kept at a satisfying level. In addition to the
ce improvements in the evaporator system, the
on of the oscillations further means that through-
e increased even further, and the downstream
n of the oscillations will pose less of a problem,

 leading to positive effects in the subsequent sub-
 well.
ainder of this paper is structured as follows: sec-

duces the process and the model that is used for the
dy. This is followed by the presentation of the math-
roblem formulation along with a brief description
ified PyMoC architecture with which the optimiza-
m is solved. Results are provided and discussed in
ith a summary of the major conclusions presented

 section.

2.  Materials  and  Metho

This section begins with a descrip
cess along with the Aspen Plus D
study. The formulation of the traj
then follows, along with a descrip
using the PyMoC tool to transfer
and the model.

2.1.  Process  and  model

The studied evaporator system is
separation processes for purifyin
at Perstorp AB and it is presented
system starts with a balance tan
between the upstream batch-base
system; the upstream system inte
tank with a solution that is highly
the desired product (The ‘Feed’ s
tank is also fed by a dilute recy
the downstream processing. The
a stripping column, the purpose 

The bottom stream of the strippin
stream from a mechanical vapor 

which also contains some added
for direct intercooling purposes)
evaporator stage. The top stream
drives the stripping column, whe
second stage. The bottom of the
stream, named ‘Prod’ in Fig. 1, w
further purification.

The process was subject to osc
have been analyzed and quantifi
et al., 2018). These disturbances
nation of how the process was 

retrofitted and currently operated
that the concentrated feed stream
diluted recycling stream and str
are both continuous. This will a
tank, as well as how the conce
Essentially, the feed from the batc
centration of product in the balan
the material in the balance tank 

by the recycling stream. As the s
is continuous, this diluting effec
system as the stripping column
over the course of a cycle. This 

the feed sequence is activated, w
tion increasing again, giving rise
oscillations that can propagate, le
steam consumption as well as pr

To study these dynamic distur
the process was needed. Aspen P
counterpart Aspen Plus Dynamic
simulation tools for this purpose.
has been used as an efficient co
neering tool kit for many  differ
the dynamics of vapor-liquid sys
ples being the studies presente
and Zhang et al. (2018). The curr
one presented by Nolin et al. (20
nominal case setting. The mode
standard blocks available in Aspe
13

f the investigated pro-
cs model used for the
optimization problem
f how it was solved by
etween the optimizer

rst stage of a series of
lyalcohol component
atically in Fig. 1. The

ing as a buffer vessel
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trated with respect to

in Fig. 1). The balance
tream from a part of
ce tank mixture feeds
ch is to remove water.

n is then heated by  a
ression (MVR) circuit,

 and water (the latter
e it is fed to the first

 first evaporator stage
e bottom is fed to the

d stage is the product
 sent downstream for

y disturbances, which
ilico previously (Nolin
enerated by a combi-
lly constructed, then

main cause is the fact
termittent, whilst the

 column feed stream
he liquid level in the
n changes over time.
em will make the con-
k increase rapidly, and
bsequently be diluted
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s successively diluted
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rformance-worsening

 to unnecessarily high
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s, a dynamic model of
ong with its dynamic
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Fig. 1 – The modeled process.

odel the evaporator stages, and a RadFrac column
or the stripper. The MVR  circuit was modeled using a
on of compressors, and mixers for adding water and
e steady state model built in Aspen Plus was then

 as a flow-driven simulation to Aspen Plus Dynam-
he built-in tool for that purpose. During conversion,

 were automatically added and were decided to be
sed at their default settings, as their positions for
art reflected the real plant. The controllers that did

t real controller positions are marked by asterisk
these are used in the model to mimic  pressure-

 related phenomena, which otherwise would risk
 behavior in terms of mass flow rates and pres-
ges in the simulation. Furthermore, there was no
int elevation control in place in the current model
d to the previous study (Nolin et al., 2018)), as the
m consumption as the decision variable was desir-

ly, the intermittent stream feeding the balance tank
led using a ‘Task’ in Aspen Plus Dynamics, which
ammed to mirror the real-life behavior where the
nk is nearly filled at a specific low liquid level con-

ajectory  optimization  using  PyMoC

f the study was to minimize the product stream
 oscillations over eight hours by utilizing the steam
ion as a decision variable discretized in time. This
n as a decision variable due to expectations (based
lopment of the conclusions in a previous study

-Nolin et al., 2019)) that a form of counter-phase
am consumption could be found that would min-
oscillations. The variance (�2) of the product stream

 was used as a measure of the oscillations for the
unction. Furthermore, a bang-bang trajectory (e.g. a
consistently alternating between and only between
and upper bounds (Lang and Biegler, 2007)) could
ng-term premature equipment fatigue from regu-
nificant changes in temperatures and/or pressures
em. Therefore, an additive penalty term was intro-
e objective in order to make the resulting trajectory

 The term penalizes the square of the signal dif-
 two neighboring horizons. Finally, the sum of the
nd the penalty is normalized with respect to the
bjective value, �nom = �2(wPROD(t, unom)).

To account for process requi
constraints were formulated for 

and purity of the product strea
mizer some leniency whilst ma
these averages were required to b
the average of the nominal run, 

bounds were set on each of the d
so that the steam consumption
and twice the average steam con
at all times.

The problem was solved 

approach and was mathematica

minimize
u

�(u) = �2(wPROD(t, u)
�nom

s.t. Flowsheet model

w̄PROD −  ̌ · w̄PROD, nom

P̄PROD −  ̌ · P̄PROD, nom

0.5 · unom ≤ u ≤ 2 · uno

where � is the objective function
sion variables; �(u) = �Nu−1

k=1 �u2
k

i
Ru is a case-specific weight to sc
is purity; w̄ and P̄ denote the av
the simulated time period; subsc
thus named in Fig. 1; and subscr
case.

To solve the problem, deriva
was considered. DFO algorithms
or deterministic algorithms, depe
algorithm takes random steps in
(Rios and Sahinidis, 2013). An e
algorithms is the Nelder-Mead 

stochastic examples include sim
cle swarm algorithms (Rios and S
by Negrellos-Ortiz et al. (2016), D
gested to serve as an effective a
optimization problems at the en
Biegler (2010)), where gradient in
or unreliable in practice. Negre
showed the effectiveness of de
as they utilized Powell’s BOBYQ
perform dynamic product trans
reactors (Negrellos-Ortiz et al.,
separation unit (Negrellos-Ortiz
ts in place, inequality
rages of the mass flow
rder to give the opti-

ing process demands,
ter or equal to 99.8 % of

 ̌ = 0.998. Furthermore,
ized decision variables

 be kept between half
on of the nominal case

ng a single-shooting
ulated as follows:

[u1, ..., uNu ]

 the (discretized) deci-
ang-bang penalty and

 w is mass flow rate; P
f those variables over

OD refers to the stream
 refers to the nominal

ee optimization (DFO)
 classified as stochastic
on whether or not an
inimization procedure

 of deterministic DFO
x algorithm, whereas

 annealing and parti-
is, 2013). As presented
s previously been sug-
ive in solving dynamic
ng-level (as defined by
ion may be unavailable
tiz et al. furthermore
istic DFO techniques,

rithm (Powell, 2009) to
 for a set of different
as well as for an air
, 2018). In both these
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ey utilized Aspen Plus Dynamics models as a type
x model, only concerned with inputs and out-
er successful use of DFO algorithms for trajectory
n has been presented by Mohd Fuad et al. (2012),
yed Powell’s COBYLA algorithm (Powell, 1994) to

timal trajectory for long-term catalyst deactivation.
inistic DFO approach was thus chosen to solve

t optimization problem and stochastic approaches
r future studies. Whilst both BOBYQA and COBYLA
dered as potential algorithms, COBYLA was even-
en in order to easily implement the constraints
s of the problem. The SciPy implementation of
as successfully used to solve the problem with
ccuracy tolerance left at the default value of

bsolute constraint violation tolerance set to zero,
ominal trajectory (i.e. flat) used as an initial

rrent work, the PyMoC algorithm first presented in
Nolin et al., 2019) was modified in order to employ a
ential approach to trajectory optimization (Biegler,

his approach, the originally infinite-dimensional
recast as a finite-dimensional problem through dis-

 of the decision variable along the temporal axis. For
on purposes, PyMoC utilizes a zero-order hold anal-
a transfer during cosimulation. This data transfer
akes use of synchronization points (SPs) at which

 is paused for data transfer; values in different mod-
dated and then held constant for a horizon (�).
ry optimization purposes, PyMoC and the direct,

 approach were as such found to work nearly seam-
ther, as the SPs in PyMoC were possible to use
g the decision variable signal for the next hori-

d of transferring data between modules. Due to
fit between PyMoC and the chosen optimization
it was sufficient to add a trajectory optimization

 PyMoC that accepts the decision variable vector
timizer and injects the relevant information at the
. Furthermore, the dynamic optimization problem
ent work was solved in an open-loop fashion sim-
berg et al. (2018), for eight simulation hours with
n horizons per simulation hour giving Nu = 80 and

r to provide better insight into how a user can
e COM based link between Python and Aspen Plus

 a basic example is provided in Plate 1. This example
w to set up such a connection (given some model),

reading data from and writing data to generically
ts (blocks/streams) of the model. These function-

essential and can be further built upon in order to
 customized optimization study, where an objec-

on can be composed and supplied to any of the
 that are freely available to all Python users. As for
t study, a schematic overview of the optimization
arting at the optimizer call, is presented in Fig. 2.

 used for evaluating the objective function, which
izes PyMoC for transferring data between the opti-
the model during trajectory optimization. PyMoC
e full decision variable vector as an input, and it
op through the vector and advance the simulation
onization point and horizon at a time, until the set
f eight hours is reached. The simulation output will
t back to the objective function for evaluation and

f the decision variable vector until convergence is

Plate 1 – An example of how to 

connection between Python and
well as for reading and writing d
into a non-linear program by ca
optimization algorithm and sup
objective function to it.

Fig. 2 – A schematic of the optim
evaluates the objective function
of PyMoC. PyMoC accepts the de
whole as input, and uses a zero
implement the discretized decis
synchronization points of the si
through looping of the vector.

3.  Results  and  discussi

In Fig. 3, the results from the nom
are presented, normalized with r
the nominal run. The oscillation
conditions using a constant stea
in Fig. 3a. For the current nomin
lations were quantified to be at 
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straints and safety margins of th
in Fig. 3b, the optimal trajectory
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much lower level whilst lowering 

tion to 69 % of the nominal oper
made possible given that the av
decrease. That a reduction of the
sible further indicates that the m
 in turn makes use
 variable vector as a
hold strategy to
riable at the correct
on, essentially

d the optimized runs
 to the mean value of
e nominal operating
sumption are shown
ating point, the oscil-
d ±1%,  thus having a

 due to capacity con-
ess. However, as seen

 to increase the aver-
s the oscillations to a
rage steam consump-
oint, which in part is
urity was allowed to

 consumption is pos-
 for dealing with the



16  

Fig. 3 – Th eam, a
steam con the pro
oscillation

oscillation
amount o
jectory on
oscillation
duction ra
purity con
lates to sig

Howeve
imize the 

this at tim
tory. This i
decision v
the system
horizon, p
where the
the whole
that value
et al. (2017
vide an ex
studies reg
turnpike e
for instan
et al., 2009
ity constra
Mayne et 

menting t
turnpike e

Anothe
reduction 

trajectory.
simulation
counterac
load requi
is due to a
ing as a re
potential f
more over
important
purity con

The pu
ized with 

purity con
isfied in t
of the nom
case is to 

steam con
water in t

 the n

ce the
 2018) s

 differe
he sen

 exten
s overr
uld be 

at a req
lations
he opt
tain to

 purifi
 poten
reviou
019) a

 both 

ween 

 the p
 study

 the osc
tting t

) level, 

hilst sa
he cur
rther b
aving b

 sense 

e app
rk (at t

 curren
 study
ars in 

tion, i.
 penal
ptima
duly n

e the b
Chemical Engineering Research and Design 1 5 5 ( 2 0 2 0 ) 12–17

e stream results from the nominal and optimal runs. The black line is the product str
sumption (i.e. the discretized decision variable). With an optimized steam trajectory, 

s have been dramatically reduced.

s in the plant thus far has been to use an excessive
f steam. This means that by using an optimal tra-

 the steam consumption in order to minimize the
s, the process can be improved in terms of both pro-
te as well as resource-efficiency whilst the product
straint is in place and satisfied. This in turn trans-
nificant financial and environmental gains.
r, even though the objective was formulated to min-

occurrence of bang-bang optimization, we still see
es, especially towards the end of the optimal trajec-
s most probably due to the fact that the effect of the
ariables does not have time to propagate through

 before the final time of the whole optimization
romoting relatively extreme behavior. The behavior

 signal approaches a constant value and at the end of
 horizon makes short and sudden moves away from

 is called the turnpike effect, according to Faulwasser
). Rawlings and Amrit (2009) also describe and pro-

ample of the turnpike effect. There have been many
arding how to avoid or remedy stability issues of the
ffect. Methods that have been suggested include,

ce, employing an infinite-horizon approach (Würth
) or by formulating terminal conditions, e.g. equal-
ints ensuring closed-loop stability, as reviewed by
al. (2000). Whilst it is an interesting issue, imple-
he aforementioned methods for counteracting the
ffect was not performed in the current study.
r interesting detail in the results is the amplitude
between the two major peaks in the optimal steam

 The reduction indicates that at the start of the
, the process carries a lot of momentum that is

ted by the first peak, which in turn reduces the work-
red of the second peak. This difference in workload
n integrating effect of the product dilution happen-
sult of a reduced steam consumption. There is thus
or lowering the average steam consumption even

 time, which has to be studied further. However, it is
 to note that this would still be subject to the product
straint.
rity results are presented in Fig. 4, again normal-
respect to the mean value of the nominal run. The
straint based on downstream requirements is sat-
he optimized scenario, with an average of 99.8 %

inal average. The purity decrease in the optimal
be expected as a result from reducing the average
sumption, since using less steam will evaporate less
he system. This decreasing trend is not expected

Fig. 4 – The product purity from
runs.

to constitute a major issue, sin
sensitivity analysis (Nolin et al.,
only changes very little with the
However, since the results of t
assumed to depend to a certain
point elevation control, which i
the current study, the trend sho
order to ensure the purity is kept 

stream effect of the purity oscil
the nominal case as well as in t
be investigated in order to ascer
lations influence the rest of the
determine how to minimize any

The nominal cases of the p
study (Yamanee-Nolin et al., 2
are not the same, but it is still
ing to compare the results bet
(time-variant) optimization and
optimization. In the cosimulation
2019), the max-min difference of
by a substantial 27 % simply by se
at a specific (and time-invariant
for increasing production rate w
production rate constraints. In t
tions have been reduced even fu
with the max-min difference h
This reduction is actually in one
stated since the maximum valu
optimized case of the current wo
trast to the nominal case of the
optimal case in the cosimulation
2019), in both of which it appe
Furthermore, the objective func
ance and the additive bang-bang
work decreased by 99.7 % in the o
nominal case. It should here be 

case essentially does not includ
nd the gray line is the
duct mass flow

ominal and optimal

 previously performed
howed that the purity
nt perturbation cases.
sitivity analysis were
t on the tight boiling-
idden in the model of
further investigated in
uired level. The down-
, which are present in
imal case, should also

 what extent the oscil-
cation process and to
tial negative impact.
s cosimulation-based
nd the current work
possible and interest-
the current trajectory
revious time-invariant

 (Yamanee-Nolin et al.,
illations were reduced

he steam consumption
leading to possibilities
tisfying all purity and

rent work, the oscilla-
y utilizing a trajectory,
een reduced by 85 %.
slightly conservatively
ears only once in the
he start); this is in con-
t work, as well as the

 (Yamanee-Nolin et al.,
each oscillatory cycle.
e. the sum of the vari-
ties, was in the current
l case compared to the
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time-invariant value on the steam consumption,
optimal case actually does include the penalty.

nclusions

al trajectory is able to minimize the oscillations,
hem by 99.7 % compared to the nominal case,
fying constraints. By using a steam trajectory, it is
e possible to reduce the average steam consump-

 % over the simulated period. This reduction is
to less evaporated water in the system, but with
nstraints on both productivity and purity, the prod-
ments are met  at this stage. As an alternative to
ting the evaporator system, implementing steam

 should therefore be regarded an idea to consider.
ies should focus on implementation of the trajec-

practical level, since the open-loop method applied
tribution is not practically feasible for real-time

Finally, the results from this study show that PyMoC
pper can be successfully used for trajectory opti-
f an Aspen Plus Dynamic model employed as if it
k box.
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Modularization, co-simulation, and optimization of complex
dynamic production processes in the ProOpt project
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Abstract

This technical report is intended to supply details about the work and findings of the
ProOpt WP1 project. The goal of the project was two-fold:

◮ To develop a method for the effective modeling of complex process systems, and
to create process flowsheet models to be used for model-basedstudies.

◮ To develop a method for the effective control and automationof simulations of
complex process system models, enabling advanced model-based studies.

Utilizing the AspenTech process flowsheeting software suite, especially Aspen Plus
(AP) and Aspen Plus Dynamics (APD), in combination with Python 2.7, the listed
goals have been achieved.

The method for effective modeling essentially means modularization according
to existing piping and instrumentation diagrams (P&IDs). Breaking down the overall
model into smaller modules allows for efficient and effective modeling where mod-
ules can be exchanged and used in other situations where meaningful. Modularization
further means avoiding convergence issues that a one-as-a-whole process model may
suffer from when it grows too large and complex. However, modularization requires
other means of simulating the overall flowsheet. Therefore,a dynamic co-simulation
tool was developed to facilitate simulation of several modules (which is infeasible to
perform manually). This is part of the method to control and automate the APD simu-
lations using Python. At the time of writing, two publications based on the simulation
control tool-chain, Nolin et al. (2017) and Nolin et al. (2018), show that the Python-
Aspen tool-chain called PyMoC can be used to enable model-based studies to better
understand and control the process.

Keywords:Co-simulation, Aspen Plus Dynamics, Python Module Coupler
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Paper V. Modularization, co-simulation, and optimizationin the ProOpt project

1. Introduction

The ProOpt Work Package 1 project was a cooperation between Perstorp AB, primarily
represented by Oleg Pajalic, Mark Max-Hansen, and John Berggren, and the Depart-
ment of Chemical Engineering at LTH, primarily representedby Bernt Nilsson, Niklas
Andersson, and Mikael Yamanee-Nolin. In order to be able to implement production
changes of complex and dynamic processes, an advanced tool-chain was needed to help
in planning and implementation. This project focused on theplanning phase, especially
on modeling and simulation.

Process optimization is usually carried out by performing parameter studies using
commercial flowsheeting tools. However, these tools often lack appropriate methods
for implementing advanced process optimizations (Muñoz López et al., 2018). In addi-
tion, the process models and the modeling philosophy behindboth process design and
process simulation are often inappropriate for advanced model-based studies (such as
multi-objective or trajectory optimization) since they contain specifications, or discon-
tinuities or are static models. Furthermore, during modeling of complex processes, the
process flowsheet models may become very large and/or complex, which increases dif-
ficulty of use in at least two ways: (i) by increasing the likelihood of convergence issues
(Lin et al., 2017), and (ii) by decreasing “overviewability” for a user.

Therefore, the project focused on developing a holistic andeasily accessible ap-
proach to process optimization at the engineering level, asdefined by Biegler (2010).
This was done by introducing a user methodology for modelingand simulation, cou-
pled with a computational platform, which in combination can facilitate the application
of non-proprietary optimization methods on state-of-the-art flowsheeting models. Case
studies thereof were also published.

During the project, modularization of process flowsheet models according to P&IDs
was found to increase process overview and decrease convergence issues, and this is de-
tailed in section 2. The modules were then coupled and co-simulated as an aggregated
system. The main tool was the open source programming language Python, allowing
for generalizable optimization methods with state-of-the-art algorithm available in nu-
merical libraries such as SciPy, together with the dynamic process flowsheet simula-
tion Aspen Plus Dynamics (APD). This technology enabled thecreation of the Python-
Aspen tool-chain called the Python Module Coupler (PyMoC).PyMoC facilitates co-
simulation, which is required if modularization of a process model is performed, which
in turn allows for utilization of different and complementary modeling techniques for
different process steps. The details about PyMoC and its building-blocks are presented
in section 3. As PyMoC made it possible to co-simulate modularized process models, it
also facilitated the optimization of larger process sections, which is described in section
4.

2. Modeling

This section describes the findings and conclusions, along with the major considerations
regarding and during modeling of the complex processes pertinent to the project. The
models that were produced during the project are also presented in this section.
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2. Modeling

2.1 Modeling complex production processes

Model-based studies are very useful, but complex processesmay demand complex
models for accurate description. For instance, dynamic models are needed to under-
stand the time-dependent behavior of a system (Skorych et al., 2017). However, large-
scale, complex process flowsheet models may suffer from convergence problems and
thereby cannot be simulated (Lin et al., 2017), preventing the overall system from being
studied. In such a case, one course of action is to divide the overall system into smaller
modules, which may work since the modules will not suffer from the same convergence
issues as the full model (Lin et al., 2017). For instance, during the work behind Nolin
et al. (2017) and Nolin et al. (2018), in which only one moduleof a larger process was
presented, attempts were made to create a model of the overall process in one single
flowsheet. However, convergence issues arose both in Aspen Plus as well as in Aspen
Plus Dynamics that were very difficult to solve, and therefore a modularized approach
was chosen. The modules did not suffer from convergence issues (as the whole model
did), which was along the findings of Lin et al. (2017), and themodels were more easily
executable in both of the aforementioned pieces of simulation software.

However, the modularized approach described above entailsits own challenges. Dy-
namically simulating a modularized complex model by hand isnot viable as it eventu-
ally takes too much manual effort to update all the connections with the necessary states
(e.g. temperature, pressure, flows, and compositions). Furthermore, the risk of errors is
expected to be relatively high. Therefore, the simulationsneed to be automated in some
manner, and one solution is co-simulation with the developed tool-chain PyMoC, which
is covered in section 3.2.

Whilst modularized models may be of different physical domains or runtime en-
vironment implementations, e.g. Bulian and Cercos-Pita (2018) and Mikkonen et al.
(2017), there can be other reasons to modularize an overall system model. For instance,
key know-how embedded in a model may need protection (Andersson, 2016), and mod-
ularization simplifies modifications according to project needs, e.g. the addition of com-
plementing models (Bulian and Cercos-Pita, 2018; Felippa et al., 2001). Dividing a
model into several modules also simplifies the general overview of a digital twin of a
complex chemical process as models can be created to mirror existing piping and in-
strumentation diagrams. It also opens up possibilities forwork-flow parallelization, and
as Felippa et al. (2001) state, testing and validation of smaller changes to a model can
be performed modularly.

Modularization offers three more main advantages, according to Felippa et al.
(2001): customization, independent modeling, and the connection of non-matching
models. Firstly, customization entails being able to applythe numerical solvers most
fitting for a module, which leads to efficient solving of the overall system. Secondly,
independent modeling concerns the possibility of connecting non-matching models, as
well as having the modeling work divided between engineers who are not necessarily
working together physically. Thirdly, and finally, software and model reuse is important
as it saves time and money since the wheel does not have to be reinvented every time it
needs to be used. Felippa et al. (2001) argue that this is relevant especially to academia,
who may study a process in many different projects. However,with the increasingly
volatile, uncertain, complex, and ambiguous environment many companies across
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industries operate in (Bennett and Lemoine, 2014), modularization and co-simulation
is pertinent for industrial users in order to understand a process better.

Modularization is thus very useful since it alleviates the problem of initialization/-
convergence issues in APD along several other advantages. However, in order to max-
imize usefulness and facilitate simulation utilizing PyMoC, the modules need to be
prepared for co-simulation already during modeling, and especially two factors need to
be considered: (i) there needs to be some stream naming convention by which to consis-
tently name streams that are inter-modularly connected, and (ii) the modules may need
to be supplemented with internal equations, algorithms, and/or translation modules in
order to actually work in conjunction.

2.1.1 Stream naming convention

During modeling, it is important to remember that specific streams in different modules
are to be connected during simulation. This makes it important to have some stream
naming convention to follow strictly, in order to minimize confusion and maximize util-
ity from modularization and co-simulation e.g. via automation of connections. Stream
naming conventions can be formulated to fit a specific purpose, if necessary. Examples
of stream naming conventions follow:

i All streams are named corresponding to their P&ID tag, i.e.intermodularily con-
nected streams are given identical names across different modules.

ii Intermodularily connected streams are given identical names (possibly independent
of the P&ID tag), other streams are irrelevant and disregarded.

iii Intermodularily connected streams are given identicalnames (possibly independent
of the P&ID tag), interesting streams from which to retrieveresults begin with spe-
cific string, other streams are irrelevant and disregarded.

Note that the current implementation of PyMoC has assumed a stream naming conven-
tion on the form of example iii. This means that it is important for the process designer
to choose and set identical names to the connected streams. Furthermore, it is possible
to set a specific string (default: ‘S-’) that PyMoC will use toidentify streams the user
has deemed as interesting to extract results from.

2.1.2 Model supplements

The modules may sometimes need some supplemental instructions or translation
modules in order to function well when connected. Supplemental internal algorithms
within a module may for instance also be necessary to simulate the dynamics of a
pseudo-continuous process with balance tanks.

Internal algorithms
Dynamic modeling using APD is powerful in the sense that it ispossible to add so
called ‘tasks’ in a module, which will be carried out during simulation. These can be
set to occur at specific times, or when specific conditions have been met. For instance,
in order to simulate generic a fed-batch reactor, the following Taskcould be added in
the ‘Flowsheet’ menu of an appropriate APD model:
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1 Task FedBatchReactor runs at 0 // <Trigger >
2 // # start feed; 3600 kg/h, ramp up over 18 s = 0.005 h

3 SRAMP(STREAMS ("TO_REAC ").FmR , 3600 , 0.005);
4

5 // # wait for liquid level to rise to 1 m
6 WAIT FOR BLOCKS ("REAC"). level < 1;
7

8 // # stop feed; 0 kg/h, ramp down over 3.6 s = 0.001 h
9 SRAMP(STREAMS ("TO_REAC ").FmR , 0, 0.001);

10

11 // # wait 1 h for the reaction to take place

12 WAIT 1;
13

14 // # purge reactor contents

15 SRAMP(STREAMS (" FROM_REAC").FmR , 36000 , 0.005);
16

17 // # insert waiting time to consider e.g. cleaning
18

19 // restart

20 RESTART ;
21 End

The listed algorithm will start the feed to the fed-batch reactor, and stop it when the
liquid level has reached a specified height. It will then waitfor the reaction to occur,
and end by purging the reactor of the product. Then it repeatsthe cycle. The APD
documentation contains all the necessary details regarding available commands and
keywords of which to make use during the creation of custom-made algorithms.

General translation modules
A translation modules is any module built for the specific purpose of connecting one
or several modules, and may not be part of the actual modeled processes. They may
thus be very useful, or even necessary, in order to properly connect modules e.g. with
different component lists. This could be when a component iscritical in one module
but negligible and/or troublesome in the following. In thiscase, a translation module
can be designed with the purpose to filter the specific component from the stream,
separating it into a pure bypass stream. One example of this is presented in section 2.2.5.
Translation modules could potentially also be used to perform other functions, such as
reintroducing a bypassed component, adding a new, or for testing process modifications
without making changes to modules.

2.2 The ProOpt modules

A model of the trimethylolpropane separation process immediately following the reac-
tor, schematically presented in the dashed box in figure 1, was created during the course
of ProOpt. The model was decided to be modularized due to the findings presented in
section 2.1, and followed stream naming convention exampleiii in subsection 2.1.1.
The modules include the evaporator system, the methanol column, and the crystallizer
with centrifuges, whilst the distillation system remainedto be modeled at the end of
the project. In general, the aim was to use as much as possibleof the AspenTech stan-
dard libraries of components, physical properties, and unit operations. However, to get
a better model fit, some modifications to density calculations had to be made, as well
as adding the Maurer kinetics for formaldehyde oligomerization. This is described in
section 2.2.1, along with considerations regarding pressure/flow driven simulations.

In general, the input values to the model were retrieved fromthe Process Explorer
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software. The streams were mapped to the available and relevant indicators in the PID,
and values thereof were taken as an average of the latest 12 months at the time of mod-
eling. The period of 12 months was chosen in order to avoid just capturing a snapshot
of the system, and to average out seasonal effects. However,the length of the period can
be considered for modification when doing similar modeling in the future, and should
fit the needs and goals of the modeling. For instance, if a certain seasonal effect is of
particular interest in a study, then that should affect how the period is chosen.

Methanol column

Fed-batch reactor Evaporator system Cryst. & Centrif. Distillation system

Figure 1. A schematic overview of the modeled process. The modules within the dashed box have
been produced during the course of the project.

2.2.1 Major considerations during modeling

In this section, some salient points that were considered during the project will
be highlighted. These include the Maurer kinetics, pressure driven vs flow driven
simulations in Aspen Plus Dynamics, as well as the mixture density regressions that
were carried out.

Maurer kinetics for formaldehyde oligomerization
Formaldehyde was present as a component in parts of the separation system, and if the
oligomerization thereof is not accounted for, the computational accuracy of simulations
will suffer greatly. This motivated the use of a model for vapor-liquid equilibrium
of multicomponent mixtures containing water and formaldehyde (Maurer, 1986),
which AspenTech has implemented in a package and made available at the aspenONE
Exchange. The package utilizes SYSOP7K as property method and NRTL as base
method. However, to increase computational performance, asimplification was made
in that the package’s reaction set was reduced to only the first four reactions, which
include the methylene glycol reaction as well as polyoxymethylene reactions for n≤ 4
as presented by Maurer (1986).

Pressure/flow driven simulations
During modeling, the question whether to use pressure-driven or flow-driven dynamic
simulations was considered. The two methods are different in how they calculate flows
in the simulation. Essentially, the flow-driven dynamic simulation calculates flow rates
from simple mass balances - what goes in either accumulates in or leaves a vessel - and
the governing specification is the mass flow rate into a model as a whole. This makes
for rather simple and effective modeling, and is expected tobe accurate especially for
processes where the flow rates and pressures are not affectedby downstream conditions,
i.e. can be set by pumps and compressors (Yang et al., 2009). The flows in the pressure-
driven dynamic simulation are, as the name suggests, drivenby the fact that there are
different pressures at different points of the process. Thepressure-driven is generally
considered more rigorous than the flow-driven mode, as hydraulics and fluid mechanics
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are taken into account (Luyben, 2002). The flows are thus always calculated (and never
set) from pressure differences. This means that modeling becomes more difficult but
also more realistic since all unit operations need to be separated by a pressure changer,
e.g. a pump, compressor, or a valve. Due to this, convergenceduring simulations is
expected to also become more difficult. However, whilst uncertain which method will
produce the model with greater fidelity, it is suspected thatthe added complexity of
the pressure-driven simulation will make it possible to account for more situations,
e.g. the occurrence of back-flows. The two methods thus carrydifferent advantages and
disadvantages, and it is important to find a good balance between the difficulties brought
on by added complexity and the pay-off of added complexity. Since the improvements
that a pressure-driven model would bring were in themselvesdifficult to ascertain at the
time of modeling, and due to some initial problems with convergence, the decision was
made to simplify the modeling and work with flow-driven models.

However, there was – and in general, there is – a need to account for some
pressure-driven phenomena in the flow-driven simulations.For example, consider
the vapor stream of some condensation vessel in a plant, which may or may not be
controlled using a PI controller. Even in the latter case though, the vapor stream flow
rate will essentially be limited by the conditions in the vessel and the pressure drop
caused by the piping. This may in turn be impacted by the temperature, composition,
pressure and mass flow rate of the material entering the vessel, as well as the pressure
drop in the piping system downstream on the vapor side, whichcombined will induce
a mass flow of vapor out of the vessel. In APD on the other hand, whilst the outgoing
flow would be correctly calculated and thus adjusted if prompted by a change in the
vessel conditions in the pressure-driven simulation, it may become a problem when
choosing a flow-driven simulation. We noticed during the project that when a module
has internal recycling loops, i.e. with internal tear streams, the vapor stream mass flow
rate leaving the condensation vessel will be set to a constant value. This is probably
a decision made by the vendor in order to deal with the tear streams. However, using
a constant value for the outgoing vapor stream may result in extremely unrealistic
pressure gains in the simulation if accumulation of vapor becomes extreme, and this is
an error that will propagate (potentially unnoticed) throughout the system. However,
this can be remedied by using PI controllers, and luckily, Aspen adds these by default
in the conversion process from a static to a dynamic simulation. As found during the
work behind Nolin et al. (2018), it is important to keep thesePI controllers, and to use
them in order to capture the pressure-driven phenomena of the vapor stream flow rates
in flow-driven simulations.

Mixture density calculation modifications
The default way in which Aspen calculates mixture densitieswhen using the NRTL
physical property set is by going via the calculation of the liquid molar volume ap-
plying the Rackett equation directly. This is implemented in Aspen in the route called
VLMX01. For details regarding calculation routes, please refer to the Aspen Plus V10
manual.

However, it was discovered that this method was not accuratefor mixtures contain-
ing sodium formate (SoF). Therefore, an investigation in the effectiveness of chang-
ing routes and performing regressions using experimental data was performed, and the
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conclusions were to perform regressions on a route called VLMX26. The underlying
method of VLMX26 for mixtures is to calculate the density by using the mole-fraction
average of the pure components’ liquid molar volumes given by the Rackett equation.
It can thus be considered to be an effective extension of VLMX01.

VLMX26 can be successfully fit to data by performing a standard data regression in
Aspen Plus. This is done by inserting the desired data-set into Aspen, and then selecting
Regression as the Run Mode, followed by creating a Regression case for the parameter
named DNLCOSTD’s all five elements. This needs to be done for all required com-
ponents, and was thus done for both TMP and SoF. The Parameters tab for the TMP
regression is shown as an example in figure 2.

Figure 2. The SoF-water mixture density: The parameters used for the regression.

In the upper subplot of figure 3 the experimental data for the density of SoF-water
mixtures is presented along with the calculated values using the default route VLMX01
(not regressed), and the selected route VLMX26 (regressed). In the lower subplot in
figure 3, the residuals from the upper subplot is presented. It can be seen that selecting
VLMX26 and performing a data regression provided great benefit to the accuracy of
the density calculations. These modifications are used in all modules described below.

The same type of results but for TMP are presented in figure 4, where the VLMX01
shows greater fidelity than for the SoF-water case, but stillperforms worse than
VLMX26. Due to this, VLMX26 was chosen as the route for calculating liquid molar
volumes for mixtures, and thereby densities.

2.2.2 The evaporator system

The final dynamic model is presented in figure 5 below. It should be noted that this
module makes use of the Maurer reactions described in section 2.2.1.

The buffer vessel after the reactor, B1, was decided to be included in the model even
though it is not part of the PID, since it contributes with important dynamics in real life.
The dynamics were modeled using a task setting the incoming flow from the reactor to
be intermittent with respect to the liquid level in B1, reflecting real life operation. The
following pre-heater train actually using hot streams fromthe evaporator system was
in the module instead modeled using aHeaterblock for the sake of simplicity. This is
followed by a pump.
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Figure 3. The SoF-water mixture density: experimental and the two Aspen routes VLMX01 (de-
fault) and VLMX26 (selected route).
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Figure 4. The TMP-water mixture density: experimental and the two Aspen routes VLMX01
(default) and VLMX26 (selected route).

The stripper, B2, was modeled using aRadFracblock using an estimated number
of 13 theoretical stages. This does not include a condenser (which there is none) nor a
reboiler (which technically is the first evaporator stage).The first evaporator stage, B1,
is modeled in two parts. Firstly, by using aHeatXblock taking the bottom stream from
the stripper, heats it using the MVR-loop steam, and feeds itto the second part, which
is aFlash2 block used to model the evaporating part of the first stage. Part of the vapor
stream is passed back to the bottom of the stripper, and a partis relayed to the methanol
column.

The second evaporator stage, B3, was modeled in a similar fashion as to the first
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B1

B2

B3

B4

B7
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B5

Material stream

Control signal connection

PI Controller

Figure 5. The two-stage evaporator model in Aspen Plus Dynamics.

stage, but is modeled using two heat exchangers, which was done in order to capture
the fact that we draw condensate at different stages. The evaporator system is controlled
by regulating the steam consumption via the boiling-point elevation (BPE) in the second
stage. The second stage BPE is modeled using a so calledSteamPtoTblock and aDelta
block. TheSteamPtoTcalculates the saturation temperature of steam with respect to
the current pressure in the second stage, information whichis fed to theDelta block
together with the current temperature in the second stage. The BPE is calculated as the
difference between these values, and forwarded to the PI controller regulating the added
steam at the bottom of figure 5.

The MVR system was modeled usingComprblocks for the two compressors, and
Mixer blocks for the mixing vessels in the MVR loop, where steam/water is added. The
control using the intermediate and final temperature of the MVR loop is modeled using
PI controllers regulating the flow rate of steam/water addedto the loop.

Several streams in figure 5 are directed to the methanol column module. In fact, all
outgoing streams in figure 5 save for the B5 bottom stream and the hot stream leaving
the B3 heat exchanger are intended for the methanol column module. This makes for
four streams going to the methanol column module: the bottomstream of B7, the bottom
stream of B6, part of the top stream of B5, as well as part of thetop stream of B4.

2.2.3 The methanol column

The final dynamic model of the methanol column is presented infigure 6 below. It
should be noted that this module does not make use of the Maurer reactions described in
section 2.2.1, as the presence of formaldehyde was neglected and disregarded; besides
this aspect, the physical properties remain identical to the evaporator system. However,
the streams from the evaporator module actually do contain formaldehyde, which mo-
tivated the use of a translation module to filter the component from the input streams.
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The translation module is described in subsection 2.2.5.

Material stream

Control signal connection

PI controller

Σ

÷Σ

Σ

B8

B9

Figure 6. The methanol column module in Aspen Plus Dynamics.

Essentially, the system is modeled according to Sundqvist (2014). Having passed
the translation module, the input streams from the evaporator system are directed onto
the corresponding stage of the methanol column, B8, which inturn is modeled using a
RadFracblock. The reboiler, B9, is modeled as aHeatX block followed by aFlash2
block, and the condenser is modeled using only aFlash2 block. The amount of steam
used in the reboiler is controlled, calculated using a ratiobetween the added steam mass
flow rate and the total mass flow rate of the streams from the evaporator. This is modeled
using theSumblock as well as theRatioblock available in APD.

2.2.4 The crystallizer and centrifuges

The final dynamic model is presented in figure 7. It should be noted that this module
does not make use of the Maurer reactions described in section 2.2.1, as the presence
of formaldehyde was neglected and disregarded. Furthermore, a solubility data regres-
sion was performed for this model - it was similar to the previously described density
regression, but considerably less complex.

The product stream from the evaporator system, i.e. the B5 bottom stream, is mixed
in B10 with many different streams, which are modeled as onlyone stream as seen in
figure 7. The crystallizers are then modeled using a combination of HeatXandFlash2
blocks, similar to how the evaporator system was modeled. The centrifuges, B11, are
modeled using a shortcut method with theSepblock, since APD v10 cannot handle
particle separation; thus, they need further work to have proper dynamic responses.
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Figure 7. The crystallizers and centrifuges module in Aspen Plus Dynamics.

Water is also added to the centrifuges to account for the washing procedure taking
place there.

In order to focus on the important aspects of crystallization, the underlying physical
properties used for this module differ significantly from both the evaporator system and
methanol column modules. The Maurer oligomer components were removed from the
component list, and instead the solid form of sodium formateand the respective ions
were added. Furthermore, the appropriate salt reaction wasimplemented using the AP
tool for the purpose, which is important to account for the boiling-point elevation due to
the presence of salt. Through this, the model was able to replicate the mass and energy
balances from the real process to a satisfying degree in APD,with a model that works
in APD.

2.2.5 The evaporator-methanol column translation module

The translation module for the evaporator system and the methanol column, presented
in figure 8, was created in order to filter out formaldehyde from the streams, the mere
presence of which otherwise would make the methanol column model deviate from the
real process. The translation module is very simplistic, and consists of oneSepblock
per stream that is to be connected between the modules. The stream names are given
according to the stream naming convention, i.e. identical to the streams found in the
respective upstream and downstream modules.

By default, this setup will showcase unexpected behavior, where it will fail to pass
along the correct temperatures and pressures to the outgoing streams. However, this can
be remedied by adding what AspenTech calls constraints to the simulation, which is
done by using the simulation explorer in APD to find the constraints editor (shown in
figure 9). For each of the four individualSepin the translation module, the following
code has been implemented:

1 CONSTRAINTS
2 // Flowsheet variables & equations...
3 BLOCKS ("B12").T("S-B3 -BP") = BLOCKS ("B12"). In_F.Connection("S-B3 -1" ).T;

4 BLOCKS ("B12").T("S-B3 -2") = BLOCKS ("B12"). In_F.Connection("S-B3 -1").T;
5 BLOCKS ("B12").P("S-B3 -BP") = BLOCKS ("B12"). In_F.Connection("S-B3 -1" ).P;

6 BLOCKS ("B12").P("S-B3 -2") = BLOCKS ("B12"). In_F.Connection("S-B3 -1").P;
7 END
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Here, and as shown in figure 8, B12 is aSepblock, which receives stream S-B3-1 and
separates the formaldehyde into a bypass stream (S-B3-BP) and a stream directed to
the methanol column module (S-B3-2). By setting up the code in the listing above,
the expected and desired behavior that the temperature and the pressure of the outgo-
ing streams will be equal to that of the incoming stream. In other words, this ensure
that nothing but the formaldehyde separations happens in this module. This will surely
be necessary to implement in similar translation modules that are to be created in the
future.

Material stream

S-B3-1 S-B3-2

S-B3-BP

B12

Figure 8. The evaporator system-methanol column translation modulein Aspen Plus Dynamics.

Figure 9. The evaporator system-methanol column translation modulein Aspen Plus Dynamics.
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3. Simulation

The development of the Python-Aspen tool-chain for modeling and simulation began
with the desire to harness the power of two worlds that would complete each other.
Process flowsheet simulators such as Aspen Plus (AP) and APD are very powerful
modeling tools and relatively simple to use, given the largelibraries of both unit opera-
tions and physical properties, and that the user can point-and-click whilst being guided
through each step. However, performing model-based studies using the internal meth-
ods of AP or APD demands significant knowledge of the inner workings of the software.
This is a limiting factor to a practitioner used to working with more general methods and
state-of-the-art algorithms that can easily be used to automate the studies. Using an ex-
ternal programming language such as Python for simulation control and automation to
overcome this obstacle would thus enable the combination and simultaneous utilization
of the best of the two worlds - ease of modeling combined with simplified/generalized,
powerful model-based studies.

The Python-Aspen tool-chain began as a set different tools applied together but
evolved into the Python Module Coupler, which has come to encompass the whole
tool-chain including co-simulation capabilities, presented schematically in figure 10.
This chapter describes the building blocks of PyMoC, i.e. the utilized software along
with basic instructions on the most important modificationsand aspects of use, before
moving on to the details and considerations of PyMoC itself.

It may here be noted that there does exist alternatives to themodeling-simulation
approach described in this work (i.e.modularization and co-simulation using PyMoC or
other tool-chains like it). For instance, utilizing the built in Sectionfunctionality of AP
allows a user to create models that can hold different component lists, whilst still having
only one single all-encompassing flowsheet. However, this demands some specialized
training in the use of AP, whilst using PyMoC requires rathermore basic knowledge of
AP. Both approaches still require some degree of knowledge of Python in the case that
e.g. optimization studies are of interest. The choice of approach may thus come down
to the available resources for a specific project; in the ProOpt project, the focus became
oriented towards a Python-heavy solution.

PyMoC

COM

M����� � ...

Third-party COM 

compatible software

Custom-made 

algorithm(s)

Third-party scientific 

libraries (e.g. NumPy)

Aspen Plus

Dynamics

Python

Module B Module C

Figure 10. The COM enabled PyMoC tool chain.
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3.1 Utilized Software

3.1.1 Dynamic Flowsheeting Software

Flowsheeting simulators are tools that can be used to conveniently model and simulate
the important macroscopic phenomena in a complex production process (Haus et al.,
2018). Dynamic flowsheeting allows for investigations of transient scenarios, in con-
trast to steady-state flowsheeting, which is not able to replicate the time-dependent be-
havior of a real-life process (Skorych et al., 2017). This makes dynamic flowsheeting a
key tool when modeling and simulating for instance (semi-) batch systems, start-up and
shut-down sequences, or unexpected disturbances. Insights gathered from such models
can in turn be used to understand e.g. how plant improvementscan be implemented,
what effects a certain change will have on a process, or for training operators (Mikko-
nen et al., 2017). Its usefulness has led to dynamic flowsheeting being applied more
frequently in fields like computer-integrated manufacturing as well as real-time opti-
mization (Dimian et al., 2014).

A variety of dynamic flowsheeting software is available, both commercially as well
as open-source. APD was used as the flowsheeting program during development of the
PyMoC algorithm. APD is a powerful dynamic flowsheet simulator based on steady-
state models created in Aspen Plus, which means that it can leverage the wide range
of components, physical properties, and unit operations available with the software.
This has been done in several research studies such as Alobaid et al. (2015a), Alobaid
et al. (2015b), Ahmad et al. (2016), and Mikkonen et al. (2017) applying Aspen Plus
Dynamics, and others utilizing Aspen Plus (Corbetta et al.,2016).

PyMoC is flexible in terms of choice of process flowsheet simulator due to the ap-
plication of the Component Object Model (COM) standard, meaning that any COM
compatible software should be applicable for use instead ofAspen Plus Dynamics (po-
tentially after modifications for certain function keywords, e.g. to run the simulation,
depending on differences between software). The range of potential replacement soft-
ware includes process modeling environment software that make use of the interoper-
ability that the CAPE-Open standard provides, since this isbased on COM/CORBA
(Soares and Secchi, 2004). Examples of other potential flowsheeting programs include
gPROMS by PSE, and UniSim Design by Honeywell (CAPE-OPEN Laboratories Net-
work, 2018). All in all, this means that PyMoC carries potential for generalizability
through customizability.

3.1.2 Python

Python is an object-oriented, high-level programming language combining power with
readable syntax (Python Software Foundation, 2018b). Being open-source, the engine
itself as well as all third-party modules/packages are freeto use and distribute even
commercially (Python Software Foundation, 2018a), and this has led to a significant fol-
lowing in both engineering and scientific communities, witha range of success-stories
as testament (Python Software Foundation, 2018c). Furthermore, as Shukla and Parmar
(2016) states, there are convenient software suites available to support users in installing
and maintaining an updated system of packages, e.g. Anaconda (Anaconda, Inc., 2019).
Employing such software suites allows the user to focus on value-adding activities such
as process modeling and model-based studies.
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The main advantages of utilizing Python in a research context include that it is
easy to learn, it is platform independent and thus allows forteamwork across large
teams with a heterogeneous system architecture (e.g. a mixed setup of MacOS, Win-
dows, and Linux), and that it is open-source with countless third-party modules freely
available for application in any custom-made algorithm. This makes it an efficient and
low-cost alternative to consider as e.g. a ‘glue language’,or even the main language in
a programming-heavy project.

The software suite Anaconda with Python 2.7 was used for constructing the Python-
Aspen tool-chain. This simplified the creation process since all of the necessary pack-
ages to run PyMoC are included. A list of the necessary packages and their respective
main functions in the PyMoC algorithm are presented in table1.

Table 1. A list of the necessary packages for PyMoC to run.

Package Main function for PyMoC

NumPy Numerical computations

matplotlib Graphical representation of data

win32com Communication between Python and Aspen Plus Dynamics

sys Printing exit messages

datetime/time Timing calculations and simulations

An important aspect of saving the user time and effort duringco-simulation using
APD and PyMoC is the ability to have the algorithm automatically load the modules
of which file paths have been provided by the user. However, thewin32compackage of
Python 2.7 cannot do this by default, due to what must be considered a bug in the error
handling system of said package. As such, the user needs to perform one modification
to the code of thewin32compackage before using properly PyMoC the first time.

During initialization, PyMoC will invoke theOpenDocumentfunction of the Aspen
Plus Dynamics COM object that the algorithm has established. Unlesswin32comhas
been modified (either by versions released after the time of writing, or by a local
user), this will throw an error, and provide an error code to the user. In order to
have PyMoC automatically load the modules, this error code needs to be included
in the list of ‘bad context’ errors in the filedynamic.py found in the win32com
client installation folder. The installation folder is by default named something
to the effect of: “C:/Users/[USERNAME]/Anaconda2/pkgs/pywin32-[...]/Lib/site-
packages/win32com/client” (provided Anaconda with Python 2.7 is used as a software
suite). The filedynamic.py should be modified by adding the error code to the list
calledERRORS_BAD_CONTEXT, beginning on row 38. Following this modification, the
automated loading of module files will function as intended,and will save lots of time
for the user.

Python can create a COM object of the APD flowsheet. What this metaphorically
does is that it allows Python to open up the gates of the APD flowsheet, to navigate
freely along a structure similar to a folder tree using dot notation. To show how the
dot notation navigation works, a simple model is presented along with part of its COM
object tree in figure 11, and the accompanying listing shows the code to find the duty
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for the block HEX and the temperature of the stream SI-1. Thisis the general way of
navigating through dot notation, which depends on the namesgiven to the object within
the flowsheet. Unfortunately, Python is forced to do the navigation blindly since there
is seemingly no function to reveal actual paths or functionsthat are available. This is
where the practitioner needs to have the relevant module visible on screen, at least in
the beginning, to be able to figure out “where to go next”. The positive thing here is
that most things that are visible in the flowsheet are accessible via dot notation simply
by following the structure with the same names that are showing in the flowsheet, as
shown in figure 11 and the accompanying listing. This means that once the COM gate
is opened, it is not only possible but - when the method is understood and second-
nature - it is actually rather convenient to access everything in the flowsheet without any
additional work required, such as creating or activating tags (which is actually required
when using Aspen OTS and OPC - for every single potentially interesting variable).

1 # Establishing the COM object in Python , naming it adyn

2 adyn = InitCOM ()
3 # Retrieving the duty of HEX

4 Q = adyn. simulation.flowsheet.blocks ("HEX").Q.value
5 # Retrieving the temperature of SI -1
6 T = adyn. simulation.flowsheet.streams ("SI -1").T.value

It should be noted that accessing options related to the simulation engine etc. whilst
possible may be difficult. The built-in Help in APD (accessible via F1) is often of great
use, and shows often more or less exactly how to navigate using dot notation, similar
to when navigating the flowsheet through dot notation - but sois not always the case.
Part of the reason is because it is actually intended towardsthe use of Visual Basic and
Excel, and another part of it is simply general ambiguities (or perhaps even errors).
Sometimes, some imaginative guesswork and trial-and-error is necessary to reach the
desired final destination through dot notation.

3.2 The Python Module Coupler - PyMoC

PyMoC is a very useful Python-Aspen tool-chain that allows for any conceivable
model-based study possible since it is compatible with other third-party Python

HEX

S-II-1 S-II-2

SI-1

S-I-2

Python

COM object

Simulation

Flowsheet Comp. lists Globals

Blocks("HEX") Streams("S1-I")

Q T

value value

Figure 11. The simple model together with part of its COM object tree.
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packages as well as custom-made wrappers. It further sportsco-simulation capabilities,
and is able of orchestrating the simulation of several AspenPlus Dynamics modules.
As such, it fills the needs of the ProOpt project, which was to control simulations
of the models that were decided to be modularized through theimplementation of a
co-simulation strategy.

Co-simulation involves the coordination of the independent dynamic simulation of
several models that have been developed and implemented separately from each other
(Steinbrink et al., 2017), and can be used to analyze and optimize the overall system
(Zitney, 2010). Regardless of the motivation for dividing an overall system into smaller
pieces (covered in chapter 2), the need to connect and co-simulate modules remains a
challenge (Andersson, 2016). Bulian and Cercos-Pita (2018) argue that, in general, a
co-simulation strategy has three parts: (i) the coupling, (ii) the communication layer,
and (iii) the implementation. The coupling refers to how thedata exchange between the
different models is performed during the simulation runtime. For instance, Bulian and
Cercos-Pita (2018) themselves utilize two simulation environments with significantly
different time steps, which requires a special strategy of moving one environment tem-
porally ahead of the other and then transfer data ‘back in time’ to the lagging model.
The communication layer is simply how the models are linked,which can be performed
through e.g. dynamic linking or a network connection. Finally, the implementation con-
cerns how the co-simulation algorithm is actually implemented with regards to e.g. lan-
guage and data flows.

Working with APD specifically, there is the option of utilizing the Aspen Operator
Training Simulator (OTS) Framework as a co-simulation tool. However, Aspen OTS
is somewhat arduous to use as it demands ‘manual labor’ (i.e.tedious pointing-and-
clicking) to set up a co-simulation, something that has to berepeated when a module
is changed, with no obvious way to automate this. It is also quite a task to setup input-
s/outputs and retrieve these, as the OTS/OPC combination explored during the project
demands manual setting up of all interesting variables before usage. This is something
that PyMoC does better, as the COM functionality (as previously described) is much
more convenient. Furthermore, adding custom-made tools for advanced model-based
studies is also difficult as there is no clear way to latch on tothe OTC/OPC setup.
Finally, the general lack of published research using the Aspen OTS (Ahmad et al.,
2016), especially for advanced studies of co-simulated models, is interpreted as another
testimony that it might not be an appropriate tool for the purpose.

The purpose of this section is to present PyMoC, beginning with an in-depth ex-
planation of the considerations behind PyMoC in section 3.2.1, on the form of the
three aforementioned main parts of the co-simulation strategy (Bulian and Cercos-Pita,
2018). In connection to this, the four advantages (Felippa et al., 2001) are discussed
as well, and they are considered to be important to achieve inorder for the tool to be
useful. A use-case example of co-simulating an illustrative modularized model using
PyMoC is presented in in section 3.3.

3.2.1 PyMoC algorithm details

The purpose of the PyMoC tool is to minimize the amount of manual labor required
of the user in order to connect modules of a full model, as wellas to grant them full
control and customizability for further advanced model-based studies. By these means,

102126



3. Simulation

the advantages of modularization, customization, independent modeling, and software
reuse presented by Felippa et al. (2001) are fulfilled.

Firstly, modularity is achieved inherently by dividing theoverall system into smaller
models, which can be modified independently in turn allowingfor differences such as
the aforementioned physical properties. Also, by making small changes to several mod-
ules, a new module could be implemented, having been developed independently. Sec-
ondly, PyMoC allows for customization of the different Aspen Plus Dynamics models,
as they can utilize different numerical solvers and methodsthat are available in the run-
time environment. Thirdly, PyMoC supports independent modeling. Part of this can be
exemplified by the free usage of physical properties most fitting the simulated scenario,
e.g. the usage of the formaldehyde model by Hasse and Maurer (1991) as a global
chemistry in a pertinent evaporator model but switching to asalt precipitation global
chemistry in a crystallizer model that follows. Finally, keeping the modules apart also
allows for the possibility of developing modules at different production sites of a com-
pany. Sharing these modules to other production sites then gives rise to software reuse.

All of this is achieved partly by virtue of its Python implementation, and by taking
advantage of the strengths of dynamic process flowsheet modeling with Aspen Plus
Dynamics. Furthermore, and more specifically, the use of COMin combination with
the application of a very simple stream naming convention together allow for effective
communication, along with the coupling applying a piecewise-constant data exchange
between the different modules.

This section will be structured around the three parts of co-simulation strategy that
Bulian and Cercos-Pita (2018) reported, namely coupling, the communication layer,
and the implementation.

Coupling
Data transfer between the different modules during co-simulation is of the utmost im-
portance, since without communication they will only be runindividually and inde-
pendent from each other, which is the opposite of what co-simulation is intended to
achieve. However, communication must be synchronized to avoid ambiguities between
the data used for calculations in the different modules (Walker, 2018). According to
Oppelt et al. (2015), synchronization can be achieved by coordinating the running of
modules in a step-by-step fashion and having data exchange be performed at discrete
time intervals. This is further very similar to conclusionsdrawn from the Base Parallel
Algorithm that Andersson (2016) presents. Thus, a strategywas developed to couple
modules and exchange data during PyMoC runtime. This is based on synchronization
points (SPs) at the beginning/ends of the simulation time horizons (τ), in combination
with piecewise-constant data transfer.

The synchronization points are similar to those proposed byOppelt et al. (2015)
and Andersson (2016) in that the algorithm will make all the modules take one global
time step, which means that the SPs will be at the beginning ofa given simulation
time horizon, and the end of the preceding. During co-simulation, PyMoC will pause
modules at an SP - i.e. after a simulation time horizon - and wait for all modules to
arrive at the same SP before data transfer occurs. This method forces quick modules to
wait for slow ones, which will have consequences if there is asignificant difference in
computational time for the different modules. Essentially, the method makes the whole

103127



Paper V. Modularization, co-simulation, and optimizationin the ProOpt project

co-simulation run at the speed of the slowest module, which could pose a disadvantage,
but it is at the same time a very straightforward way of synchronizing the simulations.
The data transfer is performed at the SP, and signals betweendifferent modules are
kept constant over the course of one simulation time horizon, i.e. the data transfer is
piecewise-constant. The strategy as described is depictedschematically in figure 12.

The piecewise-constant data transfer means simple implementation and is the same
concept as zero-order hold (ZOH). ZOH has classic applications within digital control
of dynamic systems (Sun et al., 1992) and has also during recent years been successfully
applied to open-loop control of chromatographic separation processes (Sellberg, 2018).
Since control issues like these are concerned with transferring some input signal at the
right time, the zero-order hold analogy (ZOHA) for the similar purposes of PyMoC.

There are two drawbacks inherent to the piecewise-constantdata transfer that need
to be considered, though; (i) loss of resolution and stability since the input/output of
the modules is not transferred instantaneously, and (ii) introduction of discontinuities
into the simulation that may propagate throughout. Loss of resolution can be remedied
through choosing a smaller simulation time horizon for the global time step; similarly,
the stability issue may require a small communication interval. This will also affect
overall co-simulation speed, as more pauses for data transfer means more intervals
where modules will be paused, which is a trade-off to consider. In other words, this
allows the user to make their own decision regarding whetherto prioritize simulation
resolution or speed. Furthermore, the smallest time step (by default) in Aspen is 0.01
hours, which makes the smallest available global time step 0.02 hours for the same
settings, since a module needs to take a minimal time step in order to have changes cal-
culated and then propagated in a timely manner throughout the co-simulation. It should
also be noted that the issue of stability may actually hinge on the modeling, and more
precisely, the module boundaries. These boundaries shouldbe considered carefully so
that model sections with tightly coupled dynamics/physicsare not disrupted beyond
recognition by the PyMoC communication intervals.

The introduction of discontinuities is a more difficult problem to solve, and could
require another strategy entailing some kind of horizon-variant data transfer. Another
possible way to solve it is by using some kind of correction strategy, similar to the
coupling strategy of Bulian and Cercos-Pita (2018); however, since the different Aspen
modules would need to be restarted (or rewound), a correction strategy may lead
to significantly extended simulation times. Regardless, discontinuities is an area of
PyMoC that has room for improvements in the future, e.g. by adding another data
transfer approach as an alternative to the ZOHA.

Communication Layer
There are two main parts of the communication layer of PyMoC.The first part is
the communication interface known as Component Object Model (COM). COM is
a platform-independent and object-oriented application binary interface (i.e. an ABI)
(Microsoft, 2018). This means that COM allows for software written in different lan-
guages to connect and communicate directly, and that it can be implemented in any
language and for any operating system, according to Ungererand Goodchild (2002).
In turn, using COM for PyMoC therefore increases its usability by allowing it to be
coupled with other software available on other platforms orin other languages besides
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Figure 12. A schematic of the zero-order hold analogy during PyMoC runtime. A variable,y, with
respect to time,t, is common between the two modules and therefore transferred from an upstream
to a downstream module at a sync point (SP) and then kept piecewise-constant in the downstream
module over a simulation time horizon (τ).

Windows, Python, and Aspen Plus Dynamics. This fits the purpose of PyMoC very
well, as it is intended to give users the possibility of adding any other customized soft-
ware or third-party algorithm for advanced studies; COM’s ability to do this may be
exemplified by Nolin et al. (2017) and Nolin et al. (2018).

PyMoC applies COM to establish a dynamic linking between different modules,
and how the tool-chain connects the different software, libraries, and algorithms are is
visualized in figure 10. More specifically, the Python package win32com is utilized in
PyMoC, and the communication could to some extent be compared to how Aspen OTS
utilizes Open Platform Communications (OPC), but without the necessity of having
communicating via a server, such as Aspen OTS requires its OPC server. Instead, COM
enables direct communication between the modules. This does carry with it one major
practical difference for the user. Where utilizing Aspen OTS and OPC requires the
user to tag any variable that would be interesting to study - be it a reactor temperature
or a stream mass flow rate - the COM interface instead opens up atree in which all
parameters and variables existing in the flowsheet is automatically accessible through
dot notation. This is an advantage since it allows for simpleaccess to all variables and
parameters without adding extra steps.

The second part of the communication layer of PyMoC is the stream naming con-
vention established in the algorithm. This convention is a essentially a rule-set serving
as a simple yet effective solution towards having the algorithm automatically connect
streams from different modules. It makes the setup of the co-simulation effortless for
the user instead of demanding manual, time-consuming pointing and clicking that may
have to be repeated, e.g. due to remodeling or due to rerunning a slightly different setup
in Aspen OTS.

The naming convention is basically implemented as part of the modeling, from the
beginning, and can be expressed as the combination of two sub-strategies; the user
needs to (i) specify a string by which interesting streams’ names begin, and (ii) to give
streams that are to be connected by PyMoC identical names. The algorithm will scan all
modules for streams starting with the ‘beginning string’, and automatically label them
as source (upstream) or destination (downstream) streams by whether the mass flow
rate variable of the stream is ‘fixed’ or ‘free’, respectively. In Aspen Plus Dynamics,
this signifies if a stream is supposed to be an input to a module, or calculated within
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PyMoC
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Figure 13. A graphic representation of how the naming convention functions; it may take a user-
supplied stream and plot the results, it will automaticallyconnect identically named streams, and
there are possibilities to provide input to modules.

(and thus potentially, but not necessarily, an output stream). This string specification can
also be used for highlighting important streams interesting to study, which might not be
necessarily connected to another module. During co-simulation, the algorithm will keep
track of the source and destination streams, and automatically transfer data (e.g. states
such as temperature, pressure, flows, compositions) from the sources to the destinations
that are identically named. The concept of identically named streams across modules
is a reflection of reality as streams remain intact as one and thus only has a single
name, which works well for modeling purposes where existingP&IDs or established
rulesets/agreements for naming streams are available. Theoverall idea is represented in
figure 13, where the output streams from module A, stream I andstream II, end up going
different paths due to the fact that both are considered interesting (and thus marked by
the user), but only Stream II has a corresponding stream in Module B. Therefore, the
values of stream II are transferred to module B, whilst the results from Stream I are
plotted. Furthermore, the algorithm is currently capable of handling fixed-value inputs
to either module, which in figure 13 is represented by the module B input to stream III.

A drawback of the naming convention is that the engineer performing the modeling
needs to make sure that two streams that are not meant to be connected are not named
identically (e.g. through the use of the automatic ‘stream namer’ in Aspen Plus), which
can pose an issue for large and complex models spanning several modules. However,
this is not a major problem in practice due to the recognitionof source and destination
streams, and ability of Aspen Plus Dynamics to override changes in input to stream
variables that are not ‘fixed’. This leads to the only streamslikely to be affected by
this issue are modules’ input streams meaning that there arerelatively few streams that
could be subjected to this, since all other streams are calculated within a module.

Furthermore, the automated model connection through the stream naming conven-
tion combined with use of COM enables PyMoC to connect to any Aspen Plus Dy-
namics model without the need for the user to tailor an interface between two specific
modules. This means that PyMoC is a generic framework for co-simulation, according
to the classification scheme presented by Steinbrink et al. (2017).
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3.2.2 Algorithm Implementation

The information flow of the Python implementation, which requires the packages listed
in table 1, is schematically represented in figure 14. The algorithm requires the user
to input the paths to the .dynf files that are to be co-simulated. The user should also
provide a time at which to end the simulation, and is also ableto choose the simula-
tion time horizon length. The PyMoC algorithm will then start one instance of Aspen
Plus Dynamics per .dynf file, load all the modules, and establish the COM connection.
Before simulation, interesting streams will be identified by their names, which should
be named according to the naming convention, and establish the necessary connections
between identically named streams. The simulation will then begin by performing the
first transfer of states att = 0, followed by simulation through to the first SP, where con-
nections will be updated. This will repeat untilt = tend, at which time the co-simulation
will be stopped, and data for the interesting streams will begathered and presented to
the user. It may here also be noted, as each APD instance is runas an independent
process, parallel execution of the modules is possible and the simultaneous running of
several modules is handled automatically by the entire setup.

Start Aspen Dyn
Load all module files
Establish COM conn.

Identify interesting 
streams and variables 
(naming convention)

Initialize simulation, i.e. 
make first transfer of  

states, ZOHA

Run sim. to SP;
wait until all modules are 

at SP

Update connections, i.e. 
transfer states

<

Stop simulation
Gather data

Present results

tsim tend

Figure 14. Schematic overview of the PyMoC algorithm.

3.3 Example of application - simulation

In this section the functionality of PyMoC will be demonstrated. To do this, an illus-
trative use-case example has been constructed, where a verysimple modularized model
will be co-simulated using the PyMoC - the model is intended to be very simple in order
to not distract from PyMoC and to make it easier to follow the case. To further show
the simplicity in utilizing PyMoC for advanced model-basedstudies, the modularized
model will then be the subject of an optimization study.

The example model - the Aspen Plus Dynamics version of which is presented in
figure 15 - is that of a simplistic separation of ethanol and water, and consists of a heat
exchanger, modeled using the Aspen PlusHEATX block, and a flash vessel, modeled
by theFLASH2 block. The purpose of the heat exchanger is to use condensing steam
(“SI-1”) to heat an incoming 30/70 (mass) mixture of ethanol/water at 1.3 bar, 55◦C to
93 ◦C (“S-II-1”). The heated stream (“S-II-2”) is mixed with a colder but significantly
smaller stream (“S-III”), which is a 40/60 (mass) mixture ofethanol/water at 1.3 bar,
and 45◦C. The mixed stream is subsequently fed to the flash vessel. The flash vessel
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is two meters high and one meter in diameter, and operates at 1bar. This is controlled
by the PI controller “FLASH PC”. There is also a liquid level controller, “FLASH LC”,
the set point of which is at one meter, i.e. half the height of the flash vessel. UNIQUAC
was chosen as a property model, fully following the AspenTech flowchart for choosing
a property method (Aspen Technology, 2016) for the process,which contains a polar,
non-electrolyte mixture below 10 bar with binary interaction parameters available.

HEX

S-II-1 S-II-2

FLASH

FLASH_LC

FLASH_PC
S-II-2

S-III

S-V

S-L

FEED

Module A

��� !" #

SI-1

S-I-2

Figure 15. The simple Aspen Plus Dynamics model used for the demonstration.

The overall model reflects the structure of figure 13 in terms of stream names and
module inputs/outputs. As presented in figure 15, the model has been modularized into
module A and B. Module A’s stream I (“SI-1” and “S-I-2” in figure 15) will not be trans-
ferred to module B, since there is no identically named stream in the latter. However, the
outbound part (together with every other stream except for “FEED” and “SI-1”) will be
treated as an interesting stream according to the naming convention (here having been
specified as streams starting with “S-”). Stream II leaving module A will be carried
over to stream II in module B as they have identical tags, “S-II-2”. Finally, stream III
(“S-III”) in module B is open for input from the Python environment as it is an input
stream to the module.

In order to provide some interesting transient results, disturbances were pro-
grammed to occur during the co-simulation, in the form of sinusoidal disturbances in
the mass flow rate, temperature, pressure, and composition of stream S-II-1. The results
are presented in figure 16, and the way in which these disturbances propagate through
the co-simulation and how the data transfer is performed over module boundaries is
shown in figures 17 and 18, which show the model response for the stream leaving
module A and entering module B (S-II-2), respectively.
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Figure 16. The results of co-simulation showing disturbances programmed to the stream S-II-1.
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Figure 17. The results of the simulation showing the propagation of disturbances programmed to
the stream S-II-1 for the module A outbound stream S-II-2.

The co-simulation applied a simulation time horizon,τ= 0.1 h (black in figure 18),
equal to 10 times Aspen Plus Dynamics’ internal solver’s default step. This yielded
simulation times of roughly 1 minute per 4 simulated hours (Intel Core i7-6700 3.40
GHz, 16 GB RAM), and also helps to clearly show that the ZOHA strategy functions
as intended, as it is the source of the curves’ jaggedness in figure 18. Naturally, the
curves would be smoother with shorter simulation time horizons, e.g.τ= 0.02 h (red in
figure 18), but this comes at the cost of longer simulation times since the transferring of
data is performed during a brief pause in the simulation in order to keep the modules in
synchronization. In this case,τ= 0.02 h yielded simulation times of roughly 3 minutes
for 4 simulation hours, i.e. a factor 3 increased simulationtime compared to the longer
horizon. Thus, this balance will become a question of priority, which the user may
decide for themselves.

To demonstrate that S-III can be changed independently of the simulation results in
process flowsheeting software (much like in figure 13), it wassubjected to step changes
that can be seen in figure 19.
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Figure 18. The results for the module B inbound stream S-II-2, to which data are transferred using
the ZOHA strategy. This is visible especially for the case whenτ= 0.1 h, as it creates the jaggedness
of the curves.

Finally, to show the effects of the ZOHA strategy on the final results, in figure 20
a comparison of the stream called “S-V” forτ = 0.1 h andτ = 0.02 h is presented. It
can be seen that a lowerτ will yield a finer resolution also for the end results, which
is expected since there are more frequent updates to the input. However, the results
do not differ greatly for this scenario, which indicates that the issue of discontinuities
in general is not as prevalent as believed initially; it should be kept in mind that this
may not be the case for other scenarios. Furthermore, error control in the manner that
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Figure 19. The results from the module B S-III stream, which had its input changed independently
of the simulation.
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Figure 20. The results for the module B outbound stream S-V, forτ= 0.1 h (black) andτ= 0.02
h (red).

the Matlab ODE solverode45 has is practically infeasible in PyMoC, since it would
require backing up the simulation to a certain point and comparing the results with a
higher order prediction. Error control is therefore left toany possible extent for the
internal APD engine to handle.

The main conclusion to be drawn from this example is that the co-simulation works
as intended. PyMoC should thus be able to support practitioners who perform model-
based studies of complex chemical processes.

It should be duly noted that, when co-simulating more complex modules, there may
be a need for somemanual finishing touchesbefore having PyMoC couple the modules,
arising from the fact that the results of the dynamic simulation may differ significantly
from the steady state simulations. Therefore, the dynamic simulations may crash early
on if two connected streams differ too much and thus too largea step change is per-
formed during the running of PyMoC. According to Luyben (2013), the best way to
approach a dynamic simulation is to let it run through time and converge to a steady
state (which is something that I found through experience and agree with). This state
should then be saved as the initial condition of the simulation file. Another finishing
touch that should be made, is to make sure then that the outputof one module that will
be the input of another has converged at such a steady state, and then manually ramp
the input in the second module to the correct value. This should increase chances of
convergence and decrease risk of integrator corrector failures in APD.
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3.4 Summary on practicalities during use

PyMoC was created with the goal of minimizing the incessant pointing-and-clicking in-
herent in Aspen Operator Training Simulator, to simplify advanced model-based stud-
ies. As such, there are a but a few things that need to be considered when using PyMoC,
and some of them require diving into either the code of Pythonitself, or the code of Py-
MoC. These are:

◮ Before using PyMoC the first time, make sure to fix the error that otherwise will
occur when loading modules. Instructions for this are available in section 3.1.2.

◮ To have PyMoC load the desired modules automatically, supply the file paths
as strings to the variablesdocpathbase, docpathlist, anddocnamelist. The divi-
sion into three variables is purely for supporting cleaner code and multiple mod-
ules. However, as the code is currently constructed, the variablesdocpathlist, and
docnamelistare necessary to use, whereasdocpathbaseis used to have cleaner
code if several modules have identical paths to a certain point in the folder tree.

◮ During modeling, choose a stream naming convention and be consistent with it
throughout the workflow of modeling, simulation, and model-based studies. This
will make PyMoC automatically connect the provided modules.

◮ For the simulation, the final time and horizon lengths can be set via the param-
eters namedFinalTimeand interval, respectively. The interesting stream name
indicator can be set as the parameterinterestingstreams(a string).

◮ Remember to add the finishing touches to the modules, if necessary to stabilize
the modules!

When all of this has been considered, co-simulation should be as simple as running
PyMoC and waiting for the results.

4. Optimization

This chapter is intended to give some insight into process optimization in general. Spe-
cial focus is then lent towards optimization using PyMoC, with an illustrative example.

4.1 Optimization in general

In practice, performing an optimization study is defined as finding the best solution
to a given system within some constraints, and this requiresthree elements according
to (Biegler, 2010). Firstly, anobjective functionis required, which needs to be well-
defined (Sellberg, 2018). The purpose of formulating the objective function is to repre-
sent a scalar quantity reflecting one or multiple performance criteria of the given system
(Floudas, 1995). Formulating the objective function is oneof the key issues in order to
perform advanced model-based optimization studies, and demands knowledge of the
fundamental principles of the optimization algorithms as well as existing software to
use as tools (Biegler, 2010). Examples of typical objectivefunctions in the field of
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chemical engineering include minimizing costs, maximizing profits, or minimizing the
environmental impact.

Secondly, it is necessary to create amathematical modelof the process or system,
which is translated into a set of constraints constituting afeasible region of the solution
(Biegler, 2010). Essentially, the model is used to predict the relevant behavior of the
system in order to use that information to evaluate the objective function, which is to
be minimized, as well as the constraint functions, which areto be satisfied. Mathemat-
ical models can be created using three different approaches: fundamental principles,
empiricism, and analogical modeling (Floudas, 1995). Thismeans that mathematical
models can be built by using continuity equations (Luyben, 1989), by ‘black-box mod-
eling’ using statistical analysis such as machine/deep learning (Lee et al., 2018), or by
utilizing established knowledge about a similar system (Floudas, 1995), as did Sellberg
et al. (2017a). Models can also be created through a combination of the aforementioned
approaches, for which process flowsheeting software such asAspen Plus allows via the
customizable libraries described in section 2.1.

Thirdly, a set of adjustabledecision variablesis needed that can be used as input
to the process model (Biegler, 2010). The specifications of the decision variables need
to define different states of the model (Floudas, 1995), in order for them to have an
effect on the objective function. Examples within chemicalengineering include using
the reactor temperature as a decision variable in order to find the highest selectivity
of the reactor; as a side note, the reactor temperature couldfurther be dependent on
e.g. the steam consumption, which would be dependent on a valve setting, and so on.
Selecting the proper set of decision variables is often difficult, and can be very reliant
on the decision-making engineer’s experience, and understanding of the process and
the data. Therefore, Nolin et al. (2017) used an early version of the Python-Aspen tool
chain to apply a subset selection algorithm to reduce the number of potential decision-
variable set candidates. This was shown to be an effective tool in terms of filtering out
ineffective and recommending effective sets of decision variables in terms of the effects
on the objective function.

Basically, during an optimization study, the decision variable is adjusted in order
to evaluate the model response. The model response is used asa prediction of the real
process behavior, and further used to evaluate the objective function. Optimization prob-
lems can thus generally be formulated algebraically as:

min f (x,u)

w.r.t. u∈ R

s.t. h(x,u) = 0

g(x,u)≤ 0

x∈ R

where f is the objective function,x variables and parameters,u the decision variables,
h(x,u) = 0 represents the model equations that need to converge, andg(x,u)≤ 0 repre-
sent constraint functions that need to be satisfied.

Optimization can further be divided into steady-state optimization and dynamic op-
timization (DO). Since PyMoC is intended to co-simulate dynamic process flowsheet
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models (in the time domain), further exploration of DO is warranted (also, the most
important basics of steady-state optimization have already been captured above). DO is
more complex than steady-state optimization but very powerful, and can be used for e.g.
trajectory optimization (Sellberg, 2018). DO can also be used for model-based predic-
tive control (MPC or MBPC) as described by Maciejowski (2002), which is especially
relevant for systems under regular disturbances, for start-up/shutdown scenarios, and
for finding the optimal path during production change from set point A to set point B.
However, using DO for forecasting the optimal decision variable path in real time sets
a time limit on the computations that needs to be considered,which in turn sets high
demands on how the problem is formulated and solved (Biegler, 2010).

In general, a DO problem such as trajectory optimization canbe seen as the opti-
mization problem formulated above, with the added dimension of time. One relatively
simple way of approaching a trajectory problem is then to discretize the control signal in
time according to a zero-order hold strategy, as presented in Sellberg et al. (2017). This
simply means to temporally divide the decision variable into a set ofn time horizons,
each of which can take their own values (within any bounds set). It should be duly noted
that PyMoC by nature of its zero-order hold analogy for data transfer has excellent sup-
port for this approach. Another approach would be to choose adecision variable, and
then recast it as a mathematical function, e.g. a polynomialor trigonometric function.
The next step would then be to use the parameters of the mathematical function as the
actual decision variables for optimization in order to find the optimal control signal.
Both the discretization and the parametrization approaches are visualized in figure 21.
Applying either approach in real time for MPC would mean thatalso the recent history
of the actual process (and not just the process model) is taken into account to find the
optimal path over the next period of time.
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Figure 21. Visualizing dynamic optimization using discretization and parametrization of the de-
cision variable u(t).

The parametrized control signal in figure 21 only carries twodegrees of freedom
in total, i.e. the parametersa andb, whilst each horizon for the discretized control sig-
nal can take on an individual value, thus representing one degree of freedom each for
the optimizer. This means that the discretized control signal hasn degrees of freedom,
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which on the one hand leads to greater difficulties in converging on an optimal solution.
Furthermore, since each discretized horizon is independent from the previous and fol-
lowing, “bang-bang optimization” may be an issue, which canbe mitigated by adding
∑n

i=1Ru∆ui (whereRu is a scaling parameter and∆ui is the difference between two
neighboring ZOH signals) to the objective, thereby punishing large differences between
two consecutive ZOH signals. On the other hand, little to no knowledge or insight into
the shape of the optimal solution is necessary since the optimizer has a good chance
to find at least a local minimum given enough iterations. Reversely, the parametriza-
tion approach demands knowledge about what the desired trajectory should look like.
Otherwise, finding an appropriate optimal solution may be nigh on impossible, e.g.
when the optimal trajectory is of a sine wave shape whilst thecontrol signal has been
parametrized as a straight line.

4.2 Optimization with PyMoC

Solving dynamic non-linear programming problems with PyMoC assumes that a pro-
cess flowsheet model has previously been created and modularized. PyMoC is then
used to couple and co-simulate these modules, meaning that PyMoC is a tool developed
for the engineering level of optimization studies (Biegler, 2010). PyMoC is capable of
transferring and extracting information about the states of the modules, e.g. temper-
atures, pressures, flows, and compositions. However, it is not capable of finding and
retrieving exact, analytical Jacobians from the modules. This essentially means that,
from the point of view of the optimization algorithm, PyMoC is simply a black box
that takes some input, generates and outputs some model response that can be used to
evaluate the objective function. This is not the most efficient method (Biegler, 2010),
but it is simple to implement since nothing but the inputs andoutputs need to be de-
fined. The simplicity further helps practitioners take advantage of the power of both the
simulation engines as well as the unit operation/property libraries embedded in process
flowsheeting software. However, should there be a need for increasing computational
performance during PyMoC optimization, it will be necessary to study how to retrieve
the required information such as exact/analytical Jacobians out of the modules, or how
to create customized functions to express this using readily available information.

The major advantage of using PyMoC for optimization, ratherthan the internal As-
pen methods (which presumably would not work with modularized models anyways,
since co-simulation is necessary), is that it allows for theformulation of customized,
more complex optimization problems on a general form. This means that multiple in-
puts, outputs, constraints, and bounds can be considered without special knowledge in
how to operate the AspenTech products. Such optimization problems are furthermore
relatively straightforward to implement if the user has general experience in optimiza-
tion with other programming languages, such as Matlab or similar. Also, by virtue of its
Python implementation, PyMoC allows for the utilization ofstate-of-the-art optimiza-
tion algorithms through third-party packages such as SciPy.

4.2.1 Program structure

The modularized nature of the process model used in PyMoC needs to be considered
in order to successfully perform an optimization study. This means that there is need
for a certain structure to use PyMoC for optimization. The most simplistic approach
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is to go along with the aforementioned perspective of the optimization algorithm, and
to treat PyMoC as a black box that takes some module inputu and returns the module
responsex. PyMoC thus needs to be enveloped in an optimization wrapper, which finds
the optimal point. This is for all intents and purposes the same logic by which most non-
linear programming is performed, as described in section 4.1, and the general structure
has been visualized and is presented in figure 22.

O'()*),.()/2 34.''54:

P67/8

Figure 22. A visualization of the code structure necessary to solve a multi-module optimization
problem using PyMoC.

Since an optimization wrapper around PyMoC is required, theuser will have to
create this and supply it with information about the optimization problem, e.g. decision
variables and the objective function. The optimization wrapper will then start PyMoC,
which in turn will carry out co-simulations of the modules provided to it, until the
relevant optimality conditions have been met. A pseudo-code example reflecting the
structure of figure 22 is presented in the listing below, using functions defined within
the framework of PyMoC as well as functions provided by the COM interface:

1 from scipy. optimize import minimize
2

3 ### Supply file paths
4 docpathlist = [’filepath1’, ’filepath2’]

5 docnamelist = [’filename1’, ’filename2’]
6

7 ### Initialize Aspen files

8 # This creates the COM objects necessary to navigate
9 # the "Aspen flowsheet tree"

10 adyn , sim , fsheet , STREAM , BLOCKS = InitAspen()
11

12 ### Initialize co - simulation
13 # This establishes the connections before simulations begin
14 InitCoSimulation()

15

16 ### Define decision variables and initial values

17 u_vars = [u_var_1 , ..., u_var_n ]
18 u_init = [u_var_1 .value , ..., u_var_n . value]
19

20 ### Define a scalefactor as some function of u_init
21 scalefactor = F( u_init )

22

23 ### Run optimization

24 DV_opt = minimize (objfun , u_init /scalefactor ,
25 bounds =bounds ,
26 constraints=confun )
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The objective function,ob j f un, needs to be defined before it is called by the optimiza-
tion algorithm. This can be done in the pseudo-code listing as follows:

1 def objfun (u_in):

2 u = u_in*scalefactor
3 PyMoCAlgorithm(u)

4 # Defining the objective as some cost
5 # incurred by the objective function variable x
6 f = x.value* costfactor

7 return f

Similarly, any constraint function will have to be defined before beginning the opti-
mization. With all pieces in place, the optimization would proceed as suggested by the
visualization in figure 22, until an optimal solution is found.

4.2.2 Example of application - optimization

This example of how to use PyMoC for an optimization study uses the model described
in section 3.3, with the described disturbance having been removed. This optimization
example will instead focus on a dynamic, constrained optimization problem. The steam
consumption, i.e. the steam flow rate in module A (“SI-1”), figure 15, is used as a
single-value decision variable to optimize the net profit ofthe process.

The objective function, i.e. the net profit, is formulated asthe difference between the
income (I ) generated by the product stream (“S-V”) and the costs (C) generated by the
steam consumption. These are expressed as an income factor (1.1) or cost factor (0.8)
multiplied by the respective stream mass flow rate. The decision variable, i.e. the steam
consumption, is left unbounded. Furthermore, the objective function is subject to the
model itself, and constraints on the product stream S-V: it shall not contain less than 70
% ethanol by mass and the mass flow shall not be below 90 kg/h. However, changing the
steam flow rate from the nominal point will introduce a transient behavior, taken into
account through the use of the integrals of the state variables. These integrals are taken
only over the second half of the simulation in order make convergence less difficult, by
not “punishing” the objective or constraint functions too hard by considering the early
stages of the transient behavior. The full optimization problem can be formulated as:

minimize
u

φ(I(t),C(u)) =
∫ 4

t=2
[I(t)−C(u)] dt

where I = 1.1 ·Fmass, S−V(t)

C= 0.8 ·u

w.r.t. u= Fmass, S−I1 ∈ IR

s.t. Modularized flowsheet model
∫ 4

t=2
[XEtOH, S−V(t)−0.70] dt> 0

∫ 4

t=2
[Fmass, S−V(t)−90] dt> 0

The optimization problem was solved using the scientific Python packageSciPy’s im-
plementation of the COBYLA algorithm, with the initial value for the decision variable
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set to be at half of its nominal value,F init
mass, S−I = 100.0 kg/h. The optimal point was

subsequently found to beFopt
mass, S−I = 116.3 kg/h, with all constraints satisfied within

the COBYLA default tolerance. The product stream (“S-V”) for the optimal run is pre-
sented in figure 23. The results show that dynamic optimization studies may be suc-
cessfully completed through PyMoC. It should be noted that even though it has not
been shown here, trajectory optimization would work very well with PyMoC. Due to
the implementation of the zero-order hold analogy for data transfer, only minor modifi-
cations to the standard PyMoC are necessary, and a trajectory optimization problem can
be set up using one (or several) decision variable(s) per time horizon (which is basically
the general approach to dynamic optimization as described in 4.1).
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Figure 23. The results for the module B outbound stream S-V, forτ= 0.1 h, during an optimized
run.

4.2.3 A note on steady-state optimization using PyMoC

The basics of steady-state optimization have been described in this chapter, and whilst
PyMoC is intended for dynamic modeling, it is possible to modify it into supporting
steady-state simulations of the modules as well (and by extension steady-state opti-
mization). This can be done by setting the simulation optioncalledRunModeto ’Steady
State’, and making some modifications to how PyMoC handles the runtime. However,
this has not been tried before, and is currently an unexplored possibility, but it is sus-
pected that the modules may need to be designed to handle steady-state simulations as
well.

5. Conclusions

During the project, the main goals were to develop a method for modeling complex
processes, to create process flowsheet models, and to develop a simulation tool to use
for model-based studies.

At the kernel of the modeling method was that it should be donein a modularized
fashion. The main advantages of modularization, as described in section 2.1, includes
that it allows for an easier overview, work-flow parallelization, independent modeling,
and software reuse. It also leads to smaller, less complex modules that carry a signif-
icantly decreased risk of suffering from convergence issues. As such, this goal was
achieved. Using the modeling method, modules for a separation process were created.
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However, the developed modules were tuned to averaged plantdata but were not math-
ematically calibrated or rigorously field validate, which may be a very good idea to do
in the future.

In order to capitalize on the modeling method and use the modules to perform
model-bases studies, it was necessary to employ a co-simulation strategy. For these
purposes, a Python-Aspen tool-chain called PyMoC was developed. PyMoC is capable
of co-simulating several modules, and thus allows for advanced model-based studies of
a modularized system, e.g. optimization studies as shown insection 4.2.2.
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Abstract

This contribution consists of a multi-flow rate optimization method to maximize the key perfor-

mance indicators, yield, degree of resin utilization and productivity for a chromatographic loading

step. The protein adsorption to the resin is modeled using a mechanistic column model with a

steric mass action adsorption isotherm. The model was used to optimize the flow rate trajectories

and the loading duration by using a simultaneous method where the controls and state variables

were discretized using a direct and local collocation method on finite elements in the temporal di-

mension and a finite volume weighted essentially non-oscillatory scheme in the spatial dimension.

The discretized nonlinear program was solved using an interior point method. The two and three

dimensional pareto fronts for the multi-objective optimization are presented and the multi-flow

rate strategy showed considerable improvement in all objectives at different points on the pareto

front.

Keywords: Modelling, Optimization, Collocation, Protein, Chromatography

1. Introduction

Purification of proteins typically consists of a clarification step, a chromatographic capture step

and one or several additional orthogonal chromatography steps. This contribution is concerned

with the loading of the chromatography columns and mainly the loading of the capture step. Since

the capacity of chromatographic resins are low, resin utilization is of great importance. Resin

utilization is especially important in the capture step since the capture step receives the highest

amount of product protein and makes use of expensive resin, e.g. protein A or mixed-mode resins.

In addition to resin utilization, product yield and production rate needs to be taken into account

when optimizing the loading phase. To increase the resin utilization and product yield several

design and control approaches have been suggested. Capture-SMB (Angarita et al., 2015) and

periodic counter current chromatography, which uses two and three columns in sequence to fully

load one of the columns while collecting the product breakthrough on the following column. Both

of these approaches have the drawback of needing extra columns and equipment as well as a

flow rate limitations due to the increased pressure drop over the interconnected columns. Another

approach has been to use dual-flowrate loading strategies on a single column to maximize the

dynamic binding capacity and productivity. This approach does not need any extra equipment or

columns and still outperforms single loading strategies (Ghose et al., 2004).

The aim of this study is to expand the dual-flowrate strategy to include any number of flowrates

during the loading. This is achieved by mechanistic modeling of the process and discretization of

the temporal domain while keeping a constant flowrate in each time horizon, i.e. piecewise con-

stant controls. Yield, production rate and degree of resin utilization are identified as key process

indicators (KPIs) which are weighed together to form a scalar objective. This approach results in
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a large-scale dynamic optimization problem constrained by partial differential algebraic equations

which is solved for both single and multiple flowrates and variable loading time. A case study

where a 4 g/L lysozyme solution is loaded on a 1 ml prepacked Sepharose SP Fast Flow column

is presented to show the advantages of the multi-flow rate strategy compared to the single flow rate

strategy.

2. Chromatography Model

The Transport-Dispersive Model (Schmidt-Traub et al., 2006) was used to model the breakthrough

curves of protein during column loading. The model equations, Eq. 1 and 2, are defined over

the spatial, z ∈ [z0,z f ] and temporal, t ∈ [t0, t f ] domain. The mass-balance over the mobile and

stationary phase is governed by:

∂cα

∂ t
=

∂

∂ z

(

Dax
∂cα

∂ z
−

Q̇

εtAc
cα

)

−
1− εc

εt

∂qα

∂ t
, α ∈ {lys,s} (1)

∂qα

∂ t
=







−kfilm (qα − q∗α) for α = lys

−ν
∂qlys

∂ t
for α = s

(2)

where cα is the concentration of component α in the mobile phase, t is time, z is the spatial

coordinate, Dax is the axial dispersion, Q̇ is the volumetric flow rate, εt is the total void, εc is the

column void, Ac is the column cross section area, kfilm is the film mass transfer parameter, qα is the

concentration of component α in the stationary phase, ν is the characteristic charge of lysozyme

and q∗α is the adsorbed concentration of component α at equilibrium with the mobile phase, which

is governed by the steric mass action isotherm (Brooks and Cramer, 1992):

0 = cα −
1

KM

q∗αcν
s

(

Λ− (σ +ν)q∗α

)ν (3)

where KM is the equilibrium constant, Λ is the total ion exchange capacity and σ is the steric

shielding parameter. The SMA isotherm was then reparametrized according to:

Keq = KMΛν , qmax = Λ(σ +ν)−1 (4)

where Keq is the new equilibrium constant for adsorption and desorption of lysozyme and qmax is

the maximum concentration fo adsorbed lysozyme. The total film mass transfer resistance is the

sum of the inner and outer film resistance. The total film mass transfer parameter, the inner film

transfer parameter (ks) and the outer film transfer parameter (ko) depends on the stationary phase

saturation and flow rate according to (Steinebach et al., 2016):

kfilm =

(
1

ks
+

1

ko

)−1

, ks = k
′

s

(1−Γ)1/3

1− (1−Γ)1/3
, ko = k

′

o

(
Q̇

Acεc

)1/3

(5)

where k
′

s is the inner film mass transfer resistance parameter, Γ is the saturation level of the sta-

tionary phase, i.e. Γ = qα/qmax for rectangular isotherms and k
′

o is the outer film mass transfer

resistance parameter. Danckwert boundary conditions are used for the column inlet and homoge-
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neous von Neumann conditions are used at the column outlet:

Dax
∂cα(t,z0)

∂ z
−

Q̇

Acεt
cα(t,z0) =

Q̇

Acεt
cload,α Π(t, t0,∆tload) (6)

Dax
∂cs(t,z0)

∂ z
−

Q̇

Acεt
cs(t,z0) =

Q̇

Acεt
cA,s (7)

∂cα(t,z f )

∂ z
= 0 (8)

∂cs(t,z f )

∂ z
= 0 (9)

where cload,α is the load concentration of component α , Π(t, t0,∆tload) ∈ [0,1] is a smooth rect-

angular function in the temporal horizon [t0, t0 +∆tload], ∆tload is the load time and cA,s is the salt

concentration in the low salt buffer. At the start of each run the column only contains low salt

buffer. The column void, εc, was 0.3 and the total void, εt , was 0.9. The isotherm and mass

transfer coefficients are summerized in Table 1.

Table 1: Model parameters used to model the adsorption of lysozyme to the resin.

qmax [mol m−3] ν [−] Keq [(mol m−3)ν ] k
′

s [s
−1] k

′

0 [m
−1/3s−2/3] Pe [−]

17.6 5.97 3.40 ·1014 1.11 ·10−13 2.42 ·10−2 0.50

3. Multi-Objective Dynamic Optimization Problem

To formulate the optimization problem, a well-defined objective function is needed. The basis of

the objective functions is the three different key performance indicators (KPIs) for the process. The

KPIs are weighed together to form the objective function. In this case yield, Y (t), productivity,

P(t) and degree of stationary phase utilization, U(t) are the KPIs of the process. The KPIs are

defined as:

Y (t) = mc(t)min(t)
−1, (10)

P(t) = mc(t)
[

∆tload +∆tw

]−1

, (11)

U(t) = mc(t)
(

(1− εt)Vcqmax

)−1

(12)

where mc is the amount of lysozyme adsorbed to the stationary phase, min is the amount of

lysozyme loaded to the column, ∆tw is the time it takes to wash, clean and regenerate the col-

umn and Vc is the column volume. The amount of lysozyme adsorbed to the stationary phase and

loaded is defined as:

dmin(t)

dt
= Π(t, t0,∆tload)Q̇(t)cfeed, (13)

dmc(t)

dt
= Π(t, t0,∆tload)

1− εc

εt
Ac

∫ z f

z0

dqlys

dt
dz (14)

The cost function for the optimization can then be expressed as:

−

[

ωY Ỹ (t f )+ωPP̃(t f )+ωUŨ(t f )
]

+RQ

NQ−1

∑
i=1

∆Q̇2
i , (15)

∑
i∈{Y,P,U}

ωi = 1 (16)
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where the bracketed term is the weighted normalized KPIs, the second term is penalizing the

squared difference between two flow rates and RQ is the penalizing weight. The penalizing term is

added to make the resulting flow rate trajectory smoother and to avoid pressure spikes caused by a

large step-wise change in flow rate. The complete multi-objective dynamic optimization problem

can finally be formulated as:

min. −

[

ωY Ỹ (t f )+ωPP̃(t f )+ωUŨ(t f )
]

+RQ

NQ−1

∑
i=1

∆Q̇2
i , (17a)

w.r.t. x : [t0, t f ]→R
Nx , y : [t0, t f ]→R

Ny ,

Q ∈ R
NQ , ∆tload ∈ R,

s.t. 0 = F(t, ẋ(t),x(t),y(t), Q̇(t),∆tload), x(t0) = x0, (17b)

ge(t, Q̇(t)) = 0, (17c)

QL ≤ Q̇(t)≤ QU , ∆tL ≤ ∆tload ≤ ∆tU , (17d)

∀t ∈ [t0, t f ]

The optimization variables consist of the piecewise constant flow rates, Q, the free manipulated

variable, ∆tload, the state variables, x =
(
clys,qlys,cs,mc,min

)
and the algebraic variable y = q∗lys.

The trajectories x are determined by the PDAE in Eq. (17b), the equality constraint on Q in each

time horizon in Eq. (17c) and the bounds on Q and ∆tload in Eq. (17d).

4. Modeling and Optimization Environment

The model presented in section 2 and the dynamic optimization problem presented in section 3

were implemented in the Modelica and Optimica languages. The open-source platform JModel-

ica.org (Åkesson et al., 2010) was used for both simulation and optimization purposes. The spatial

domain was discretized using 25 finite volumes and a weighted essentially non-oscillating (Shu,

1998) scheme with 3 sub-stencil was used to approximate the convective and diffusive flux.

For simulation purposes the model was compiled to a functional mock-up unit before being in-

terfaced with CVode from the SUNDIALS solver suite (Hindmarsh et al., 2005). The backward

differentiation formula and a relative and absolute tolerance of 10−10 was used to simulate the

model. The multi-objective dynamic optimization problem presented in section 3 was solved

using a direct and local collocation method with 150 finite elements. Each element contained

two Radau points and the solution was estimated using Lagrange polynomials (Magnusson and

Åkesson, 2015). The nonlinear program resulting from the collocation was solved using the the

primal-dual interior point method IPOPT (Wächter and Biegler, 2006) and the linear solver MA57

from HSL (HSL, 2013). The automatic differentiation package, CasADi (Andersson, 2013), was

used to compute the first- and second-order derivatives. The starting point of the optimization was

obtained by simulating the flow rate trajectory with a constant control signal of 2 ml min−1. The

optimization was solved with a tolerance of 10−8.

5. Results and Discussion

Two different cases were optimized to assess the performance of the suggested multiflow rate load-

ing strategy. The conventional single flow rate i.e. NQ = 1 was used as a base case and a multiflow

rate strategy with NQ = 50 was used to demonstrate the advantages with multiflow rate load-

ing. The resulting breakthrough curves and optimal flow rates for two different objective weight

combinations can be seen in Figure 1. Subplot a) and c) has the objective weights, ωP = 0.440,
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Figure 1: Optimal breakthrough trajectories for the column. The solid black step-function is the flow rates

used to load the column, the solid gray line is the protein breakthrough at the column outlet and the gray area

indicates the reduction in cycle time, i.e. t f −∆tload. The solution to the optimization problem using NQ = 50

is shown in subplot a) and b). The solution to the optimization problem using NQ = 1 is shown in subplot c)

and d).

ωU = 0.160 and ωY = 0.400, which results in comparable results with respect to utilization and

productivity but the multi-flow rate strategy has a 15% increase in yield. Comparing the results

in subplot b) and d), 1.5− 3.4% lower results in all objectives can be observed for the single flow

rate strategy while loading 777s (63.7%) longer than the multi-flow rate strategy. Thus if only a

shorter loading time can be allowed, the results of the single flow rate strategy will decrease more

than the results of the multi-flow rate strategy. Furthermore any time-saving improvements to the

elution, cleaning and regeneration strategy i.e. lowering of ∆tw in Equation 11, will result in a

higher relative improvement in production rate for the multi-flow rate strategy.

For each of the cases, a three-dimensional and three two-dimensional pareto fronts were sampled,

presented in Figure 2. The complex trade-off between the three objective functions can be seen in

the three-dimensional pareto plot. For combinations containing a high weight in yield the multi-

flow rate strategy shows better performance in all objectives compared to the single flow rate

strategy. This is due to the fact that for single flow rate loading having a large weight on yield

means running the process at a low flow rate to avoid protein breakthrough. A constant low flow

rate also means that only a small amount of protein will be loaded onto the column i.e. resin

utilization and production rate will be low. For the multi-flow rate strategy the process can be run

at high flow rates until breakthrough occurs and then gradually decrease the flow rate to maximize

the amount of protein loaded while minimizing the breakthrough.
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Figure 2: The multi-flow rate strategy is the o markers while the single flow rate strategy is x in all subplots.

The result from the tri-objective optimization is presented in the leftmost sub-plot. The three two dimensional

subplots show the pareto front with one objective fixed to zero.

6. Conclusions

The presented multi-flow rate approach outperforms the single flow-rate for most points on the

three dimensional pareto front. The advantage is most pronounced for pareto solutions where no

objective function has a weight of zero. However the multi-flow strategy still outperforms the

single flow strategy for most weight combinations if ωP = 0 or ωU = 0. For ωY = 0, the single and

multi-flow rate strategies collapse to the same Pareto front because breakthrough of protein has no

impact on the production rate and resin utilization, instead all the solutions uses the highest flow

rate and only ∆tload varies between solutions.
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Abstract

With continued development of integrated and continuous downstream purification

processes, tuning and optimization become increasingly complicated with additional

parameters and codependent variables over the sequence. This article offers a novel

perspective of nonlinear optimization of integrated sequences with regard to individ-

ual column sizes, flow rates, and scheduling. The problem setup itself is a versatile

tool to be used in downstream design which is demonstrated in two case studies: a

four-column integrated sequence and a continuously loaded twin-capture setup with

five columns.

K E YWORD S

chromatography, continuous bioprocessing, integrated column sequences, multiple column

design, optimization

1 | INTRODUCTION

Continuous processes are embraced in several fields, such as petro-

leum, steel, and so in, but only in recent years biopharma has shown

serious consideration into adopting these strategies.1,2 Despite all

advancements that have been made in the pharmaceutical field, there

is still a lot of work to be done before implementing and using a com-

plete continuous and integrated process in production. A main reason

for this seems to be the added complexity in unit operations com-

pared to conventional batch system variants.2 However, the benefits

seem to be worth it for several reasons. Firstly, there is cost savings

with increased productivity, less unit operations, smaller scale produc-

tion, which reduces equipment size and facility footprint, opportunity for

disposable technologies, and reduced operational costs. Secondly, the

potential benefit of the increased responsiveness that is drawn from low

residence times and cycle times as well as the potential for standardized

platforms to flexibly change production between different products. A

third perspective is the increased product quality which should come

from lower residence times and fewer hold tanks.3

Periodic cyclic steady state is achieved when unit operations are

connected to each other, but still allow gradients of concentration,

pH, and conductivity to elute products.2 Studies4-6 have been per-

formed with several chromatography columns in integrated sequences

that connected the columns only during elute and load phases, and

then pumping through two columns in row. This was performed by

redirecting the flow path only during the elute phase to the next col-

umn valve, creating a looped sequence.

Including the reactor in continuous bioprocesses is a great step

toward achieving a complete end-to-end process.7 However, this

comes with new challenges and complexities where the capture step

receives a continuous feed stream. This problem can be dealt with by

different techniques, for example, periodic countercurrent

chromatography,1 twin-capture,8 and capture-simulated moving bed.9

When constructing a purification process, several recovery and

purification steps are often necessary to isolate the target molecule.

The downstream process must be carefully designed due to several

reasons: there is no single or general method to purify all kinds of pro-

teins; it is the most expensive step; and it also has a significant effect
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on therapeutic performance.10 Thus, optimization and design of

downstream sequences are complex and require a great understand-

ing of all parameters involved. There are helpful holistic process devel-

opment strategies called expert systems, which construct an optimal

purification scheme with different column types and their sequential

order by analyzing data about the target molecule.11,12 Several heuris-

tics also exist for finding the overall best downstream design with

regard to the type of columns and their order,13 for example, using

orthogonal purification strategies that separate based on different

physicochemical properties such as anion exchange followed by cat-

ion exchange instead of two separations of similar type.

The purpose of this paper is to formulate additional heuristics that

are useful when designing integrated sequences that consist of direct

column-to-column flows. This complements the previously mentioned

expert systems and already established design heuristics with a novel

perspective for integrated sequences. Two different cases will be

studied which both build on the same theoretical background but

have different objectives. The first case is the optimization of an inte-

grated and connected batch sequence with regard to column volumes

and time. The second case is about adjusting a sequence that handles

a constant stream from a continuous reactor dealt with by twin cap-

ture followed by an integrated sequence of columns and the objective

is to lower the column volumes and reduce the buffer consumption.

2 | MATERIALS AND METHODS

Multiple chromatography columns are often necessary for satisfying

purity in downstream processes. As stated in Section 1, integrated

sequences with column-to-column pooling in several steps are a way

of making the downstream process more effective as opposed to

manual batch protocols. However, integration and continuous

processing come with added complexity. This section will make an

attempt at structuring choices when designing complete integrated

sequences. Bear in mind that columns are only connected during elute

and load phases.

The volume of a column might be chosen so that the eluting flow

rate of the previous connected column must be reduced for the col-

umn to be able to handle it or to increase the volume so that the flow

rate is accommodated; an example of which is presented in Figure 1,

where it follows that the higher order columns have more variable

volumes and flow rates. The implication of this is that sometimes a

choice must be made of either choosing high volume and thus the

possibility of maximum flow rate or the opposite which is a lower vol-

ume but then a lower flow rate. So either faster processing or lower

column volumes can be found. This choice must be made for every

column connection in a sequence, but as will be shown, in some cir-

cumstances there is only a single optimal point at a connection and

thus no choice.

The length of the columns is assumed to remain constant during

scale-up. This means that the maximum flow rate increases propor-

tionally to the size of each column.

The first column in a sequence is denoted as i = 0, the second as

i = 1, and so on, see Figure 1 for reference. The absolute capacity

(mg/CV) of column i must be enough so that it can bind in at least the

same amount as the first column, i = 0. This is calculated with regard

to the product loss and removed impurities on every column step. The

term recovery yield, u, is introduced to describe this loss. u is a param-

eter between 0 and 1 that describes how much of what was captured

in a column is recovered and binds to the next. Thus, the absolute

capacity of a column is only dependent on the capacity of the first col-

umn volume and the intermediate recovery yields.

As the maximum flow rate of a column is based on the pressure

drop, and in the coupled eluate and load phases, it is reasonable that

the pressure drop will increase because of the two-column train, and

a robustness factor is introduced. The robustness factor, when >1,

moves the optimal decision slightly away from the maximum flow rate

in each step. Capacity robustness will not be discussed as it is a simple

matter of increasing all column volumes equally.

xi is defined in Equation (1) as the ratio of resin volume between

two consecutive columns. Column 0 becomes the capacity baseline

that the rest of the columns must match. yi is defined in Equation (2)

and the elute flow rate of the last column in a sequence is assumed to

be set to maximum. The number of variables to optimize in a

sequence is two times the number of columns subtracted by 1, that is,

xi and yi for every connection. Definitions of other parameters can be

found in the nomenclature list.

xi =
Vi

Vi−1
, ð1Þ

yi =
Fi−1,E
Fi, max

: ð2Þ

2.1 | Constraints

The connection between columns must fulfill certain constraints to

avoid above maximal back pressure and be designed to have enough

capacity to avoid bottlenecks in the process. These requirements are

expressed in mathematical form, based on x and y in Data S1.

There are two flow rate-limiting constraints where one of them

sets a maximum flow rate to avoid maximum back pressure on the

previous column, i − 1, and the other for the back pressure of the cur-

rent column (including dilution), i, called current FR limit and previous

FR limit, respectively. The current FR limit is inclined because its value

depends on the current column and scales with it, while the previous

F IGURE 1 A sequence of three columns. The number of different
column sizes on each i depicts the variable volume selection that
increases with i. Note that the flow is only connected between
columns during elute phases

2 of 7 LÖFGREN ET AL.
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FR limit is a horizontal line that the flow rate cannot exceed because it

is based on the previous column.

The capacity of all columns must accommodate at minimum the

same amount as the first column in the sequence, which is used as

baseline. The product loss of each unit is also accounted for. This third

and final constraint is called the capacity limit.

Demonstrations of the general correlation between two connected

columns through x and y are represented visually in Figure 2 by the

two subplots where the grey area is outside the constraints and the

white area within the constraints. Note that a chosen design value must

be above y = 0, below the previous FR limit, and the current FR limit lines

and on the right-hand side of the capacity limit. The most cost efficient

choice is a low xi and a high yi which makes the entire current FR limit

line optimal choices, or the single corner in the other situation.

When x values are close to 1 in a sequence, the volume is a prod-

uct sum of variables with little variance which makes the problem

almost linear, and with completely linear cases there exists strictly

either one or two superior points for each connection. These are

named corner solutions. It is possible to calculate if there are one or

multiple optimal points in a connection, the equation can be found in

Data S1.

The intricate and interesting aspect is that choices over the

sequence interact with each other. For instance, when a choice of x

and y is made at i = 1, the choice at i = 2 will be a different one, as the

column volume i = 1 is entirely different and absolute capacities

change accordingly. This implies that the number of different options

at i are multiplied with the number of options i − 1. So the number of

different purification sequence designs is exponential in relation to

the number of columns, except for the single corner solutions.

As there are two variables for every column connection, x and y, a

sequence of four columns has a total of six variables in the optimiza-

tion. The possible solutions to the optimization will be presented in x

− y plots wherein every subfigure a point is coordinates for x and y,

and thus represent a choice for each column connection.

Ultrafiltration and diafiltration techniques are easily implemented

features that can be integrated in the optimization. They would sim-

plify the optimization as they require a flask that the pool from a col-

umn is loaded to or from, dividing the integrated sequence in two.

2.2 | Methods

2.2.1 | Case Study I: A general three-column
downstream purification

It is very common with downstream processes based mainly on three

chromatography purification steps, for capture, intermediate, and

polishing. A typical case is the purification of monoclonal antibodies

with Protein A-based capture step, a cation exchange intermediate

step for aggregate removal, and a final polishing step, often an anion

exchange. This is generalized in Case I example with three columns

connected in sequence.

The first column is fixed to 24.5 mL; other details of this purifica-

tion scheme can be found in Data S1. The pool is diluted by a factor

of 1.5 in both connections making the current FR limit line more hori-

zontal. This case study will compare the combinations of all corner

solutions to a Pareto study explained further.

The results will also be compared to a disconnected column

sequence, where the pool from one column is not immediately

redirected to the next. Some assumptions are made in this compari-

son: minimal column sizes with regard to capacity are assumed, the

maximum flow rate of the column is used during elution and loading,

and the same dilution factors as in the connected sequence are used.

2.2.2 | Case Study II: Continuous twin-capture

The second case is an integrated purification platform with five col-

umns that is an extension to Case Study I, demonstrating the possibil-

ity of the equation system to schedule a sequence to handle a

constant feed stream. The feed stream comes from a continuous bio-

reactor and has a feed flow rate of 8 L a day and a concentration of

10 mg protein/L. There are two capture columns that alternate receiv-

ing the feed. During the loading time of one of the capture columns

the rest of the sequence will be running, see the Gantt chart in

Figure 3. There are four phases in every column: load, wash, elute,

and regeneration, and the elute phase happens simultaneously as the

load phase of the following column. The columns should be as small

as possible to reduce resin costs while being within the time frame

that allows a cycle to be fully purified while the other capture column

is loaded.

A new constraint is introduced in this case study, which is that the

entire sequence starting from washing the capture column to reg-

enerating the last column must be shorter than the load time of the

capture column. To conclude, the objective is still to minimize the

total volume of all the columns, but with the added task of handling

the continuous feed stream. The volume of the capture column, V0, is

F IGURE 2 x − y plots. All points in the white region are feasible
choices inside the constraints. In the top figure, all points on the i
maximum flow line as well as the two corners that lie inside the
feasible region are optimal choices, thus multiple choices. In the
bottom figure, there is only a single optimal point that is a corner
where the capacity line crosses the i − 1 maximum flow rate line, that
is, no choice
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therefore added as an additional variable while it was fixed in the pre-

vious case. All necessary data for the sequence are presented in

Table S2 found in Data S1.

2.2.3 | Multiobjective optimization

In both case studies, there are two competing objectives to be mini-

mized. In the first case, the objective is to reduce the total column vol-

ume and the total process time. As these two tasks are competing and

are not compatible with each other, there will instead of a single opti-

mal point be several. This is why a new objective function is intro-

duced which tests for both objectives but at different weights to the

individual objectives and finds the most efficient choice for each

weight. This is called a Pareto optimization.

The overall objective for the second case is to find a solution that

handles the constant feed stream. As buffer consumption also is a

nonnegligible cost when producing pharmaceuticals, it is worthwhile

to investigate how a set of different column volumes impacts

it. Therefore, a Pareto optimization described in Data S1 is performed

also in the second case study to show this relationship.

2.3 | Solver

The optimization is a nonlinear problem as the solution depends on a

product sum of x values, see Equations (4) and (7) in Data S1. This

generally means that the optimal point does not have to be at the

constraint boundary or in any of the corners.

The optimization was carried out using the Scientific Computing

Tools for Python, SciPy, version 1.1.0, https://scipy.org/. The function

optimize.minimize from SciPy was used, with the method sequential least

squares programming, which is an iterative method for solving nonlinear

optimization problems consisting of both constraints and bounds.

3 | RESULTS AND DISCUSSION

The robustness factor moves the flow rate down slightly in all connec-

tions. The grey lines in Figures 5 and 7 are plotted to show potential

choices without any robustness factor. Throughout this section, solu-

tions are referred to as complete sequences and choices as the indi-

vidual steps within the solutions.

3.1 | Case I

All optimized results overlap the corner solutions, although one of the

solutions was never selected by the algorithm as an optimal solution,

see Figure 4. Solution vv, volume-then-volume, and tt, time-then-time,

are minimizing the volume and the process time, respectively, while

solution vt and tv are mixes of the two, where tv was exempted in the

Pareto optimization.

The choices of solution tv are shown in Figure 5 with the dots,

first choosing a low volume and flow rate and then the second choice

is higher volume and flow rate. Solution vt is the opposite, where the

greater volume is initially selected and then the lower volume with

the result that the last volume is still higher overall, since x is the rela-

tion between volumes of column i and i − 1. So even if it would be

F IGURE 3 Case II. A Gantt chart
representation of all steps in the
continuous twin-capture sequence.
Column A or B is loaded while the rest of
the sequence is running. After a complete
sequence, connections to A and B are
switched and B is loaded instead while a
new sequence starts with a Column A
wash step. Note that on every column
step the load phase is active
simultaneously as the elute step of the
previous column, apart from the capture
column

F IGURE 4 Case I Pareto front of solutions. All circles were
obtained when selecting corner choices in the x − y plots. The
symbols represent the choice in each solution: vv is volume-then-
volume, vt is volume-then-time, tv is time-then-volume, and tt is time-
then-time. The full circles are choices selected by the Pareto
optimization. As tv was the only corner choice not selected, it is not
Pareto-optimal. The disconnected solution is where the columns are
not coupled and the pool is not directly applied to the next column
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the same x value, the absolute volume is still greater. This result is a

demonstration that early choices have an impact on later choices, as

discussed in the section 2.1.

A comparison of connected and disconnected column connections

was made and is represented in Figure 4. The disconnected solution

for this case is close to the connected solution. However, this

depends greatly on the dilution factor. Small values of the dilution fac-

tor make the connected solution more efficient and vice versa. This is

explained by that the incline of the current FR limit forces down y

which increases ttot and thus defeats the purpose of connecting the

columns. With dilution factors equal to 1 and comparing the lowest

volumes, ttot for disconnected is 3,493 min and for connected

3,396 min (not shown in any figure). Our conclusion is that connected

sequences are generally more beneficial if no or low dilution is

required between steps, otherwise the flow rate becomes lowered so

much that a disconnected sequence might be faster, assuming a time

efficient dilution.

The results from this case study can help to design a variety of

integrated sequences as the case is quite general with its three con-

nected bind-and-elute columns.

The results from this case study can be directly applied to complete

downstream purification units as was discussed in Section 1.4-6 For

research purposes, integrated and automated processes that can be sped

up can increase the research output when testing a variety of candidates.

At large manufacturing facilities it might be worthwhile to keep volumes

down if steps are connected as resin material is a great cost at full-scale.

3.2 | Case II

The solution with the highest total volume and lowest buffer con-

sumption (w = 0) had a capture column size of 304 mL which

decreased to 213 mL (w = 1) while traversing the Pareto in Figure 6.

The cycle time for Case Study II changes with the capture column size

from 820 min (w = 0) to 575 min (w = 1). It is reasonable that lower

volumes also had lower cycle times, and also that the buffer consump-

tion increased, per mg product, as the buffer exchangers were larger

to be able to handle the flow rate making it possible to stay within the

cycle time constraint.

Comparing y2 in Figure 7, the optimal solution is on the flow rate

limit constraint for lower w values and not in a corner. This special bal-

ance might be because the connection between a buffer exchanger

and a bind-and-elute column, that is, large to small column, gives a

very small capacity limit. With w = 0.2, the corner with the greater

x value corrects the total volume while a low flow rate limits the cycle

time. Apparently, these corners are worse with these special circum-

stances, which influence the algorithm to select a point on the current

FR limit line.

Lower capture column size corresponds to lower total volume of

the sequence. Even though x2 is higher at w = 0.8, the initial capture

column size, and x3 are low enough so that the total column size is

lower than at w = 0.2, see Figures 7 and 6.

As there were big size differences of columns in this case, all

connections were not simple choices and instead there were gliding

optimal points over the Pareto front. The implication is that choices

are more complex in a connected step from a large to a small

column.

This case study was more specialized but allowed the reader to

see how a downstream section, with a constantly received volu-

metric flow rate as a constraint, might be scheduled with the help

of the nonlinear optimization described in this paper. The practical

significance of this is that integrated sequences that have a large

variety of inherent choices that must be made can be optimized to

function within a constraint by tweaking volumes, flow rates, and

cycle times.

F IGURE 5 Case I. The choices in solution tv from Figure 4. The
choice in the upper part is the lowered flow rate, allowing the column
volume to be lower. The second choice is the higher flow rate
resulting in a slightly higher column size in the last step. Note that the
grey lines are the nonrobust constraints shown to visualize the effect
of the robustness factor, in this case R = 1.1, which gives a lowered
flow rate of 10%

F IGURE 6 Case II Pareto front over the total volume of columns
and the total buffer consumption. The location in the Pareto weights
are shown at 0 and the two locations shown in Figure 7 at 0.2 and 0.8
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3.3 | General remarks

Interestingly, bind-and-elute columns act similarly to buffer exchange

columns. The only principal difference is the magnitude of the x values

and therefore the volumetric flow rate in the elute phase must be set

carefully to not exceed the maximum flow rate limit of following

column.

When the capacity is high enough in column i − 1 compared to

column i, there will only be a single optimal choice. Newer versions of

affinity columns usually have a very high capacity, compared to maxi-

mum flow rate, which reduces the overall problem size as the follow-

ing column must be relatively large to handle the load which makes it

likely that it is able to handle the maximum eluting flow rate.

4 | CONCLUSIONS

For designers of downstream purification processes, this study can be

seen as a tool to use for integrated and continuous sequences and a

couple of different heuristics can be drawn from the exemplified case

studies.

Utilizing the demonstrated algorithm, a sequence of choices can

tune a purification process toward either speed or column size. Both

are important parameters during optimization and scheduling of a

downstream process to keep resin material costs down, increase the

speed of a system, and calibrate a complex system to handle a con-

stant feed stream from a perfusion reactor.

Assumed optimal choices, corner choices in the article, reflected

accurately the optimization of Case Study I when there were relatively

equal column capacities. Even though the problem was nonlinear,

assumed optimal choices were the same as those chosen by the opti-

mization algorithm, except for one solution. Our advice from that

result is that if speed is necessary, keep volumes down early in the

sequence and increase only in the final steps.

Connected sequences are faster if there is no or low dilution fac-

tors between column steps as the elute and load phases are com-

bined. With dilution, however, the flow rate must be lowered to avoid

transcending the maximum back pressure.

With the given reactor feed, the optimization, combined with con-

straints and column data, was shown to be able to produce an optimal

operating sequence. The amount of buffer used can be traded with

some reduction of total resin volume.

Manufactured columns come in a selection of column sizes and

radii. Instead of looking at a continuous range of column radius, it

could be more realistic to study discrete values of column sizes.

Another expansion to this study could be to include packing material

costs as an additional parameter for a more detailed cost analysis.

NOMENCLATURE

B Buffer consumption (mL/mg product)

BE Buffer exchanger (−)

c Capacity by weight or volume (mg product/mL packing) or

(mL load/mL packing)

CV Column volumes (−)

D Dilution factor (−)

F Volumetric flow rate (CV/min)

n Number of connections (−)

R Robustness factor (−)

t Time (min)

u Recovery yield (−)

V Column volume (mL/column)

w Weight factor (−)

x Column volume quotient (−)

F IGURE 7 Case II. x − y plots over
the four-column connections with w = 0.2
in the left subfigures and w = 0.8 in the
right subfigures. For w = 0.2, the capture
column size is 235 mL and the total
volume is 2,795 mL. For w = 0.8, the
capture column size is 213 mL and the
total volume is 2,593 mL
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y Flow rate factor (−)

Greek Symbols

φ Phase volumes CV
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A B S T R A C T

This study presents a deterministic, lumped model to simulate mesoscale sustainable drainage systems (SuDS)
based on a conceptualization of the stormwater control measures (SCMs) making up the system and their in-
fluence on the runoff process. The conceptualization mainly relies on parameters that are easily quantifiable
based on the physical characteristics of the SCMs. Introducing a nonlinear reservoir model at the downstream
end of the SuDS results in a fast model that can realistically describe the runoff process at low computational
cost. Modelled hydrographs for the study area in Malmö, Sweden, matched data with regard to the overall shape
of the hydrograph as well as the peak discharge and lag time. These output parameters are critical factors to be
considered in the design of large systems consisting of mesoscale SuDS. The algebraic foundation of the de-
veloped model makes it suitable for large-scale applications (e.g., macroscale), where the simulation time is a
decisive factor. In this respect, city-wide optimization studies for the most efficient location and implementation
of SuDS are substantially accelerated due to fast and easy model setup. Moreover, the simplicity of the model
facilitates more effective communication between all the actors engaged in the urban planning process, in-
cluding political decision makers, urban planners, and urban water engineers.

1. Introduction

Sustainable drainage systems (SuDS) are considered as a viable al-
ternative for urban drainage in a changed climate. SuDS as a concept
has been around since the 1970s, but has gained increased attention in
the research community during the recent decades due to full-scale
implementations. So far, numerous research and investigations have
focused on the effects and consequences of stormwater control mea-
sures (SCMs) at local scale, whereas a clear shortage has been identified
regarding the knowledge on upscaling SCMs (Golden and Hoghooghi,
2018). Thus, determining the hydraulic behavior of SuDS is of great
significance and different modelling approaches have been suggested
for describing individual SCMs as constituents of SuDS (García-Serrana
et al., 2017; Locatelli et al., 2014; Roldin et al., 2013). However, ex-
amples of models covering both the mesoscale (neighbourhood-scale)
and macroscale (city-scale) processes are relatively rare. Two major
factors are known to be the main reasons for the lack of appropriate
modelling approaches at these scales: (1) scarce large-scale im-
plementations of SuDS in cities (Loperfido et al., 2014; Zhang et al.,

2012) and (2) complexity of the existing modelling methodologies
leading to extensive parameter estimation and calibration/validation
procedures, as well as computationally costly models (Elliott et al.,
2009; Freni et al., 2010; Haghighatafshar et al., 2018b; Jayasooriya and
Ng, 2014; Krebs et al., 2014; Locatelli et al., 2014). Therefore, studies
regarding upscaling of SuDS to a city-wide level, which demand nu-
merous simulations of SuDS-drainage network interaction, are pre-
sently not feasible using the available distributed hydrodynamic models
(e.g., MUSIC, SWMM, MIKE 21 and MIKE FLOOD). Even models based
on artificial intelligence (AI), such as Artificial Neural Networks (ANN)
using machine learning techniques that are widely used for rainfall-
runoff simulations in regional scale watershed studies – with rare ap-
plications in exclusively urban studies – (Adamowski and Prasher,
2012; Hu et al., 2018; Mosavi et al., 2018), would not serve the urban
drainage requirements with regard to upscaling of SuDS to city level.
This is mainly because such black-box models do not provide sub-
stantial information on how the characteristics and the configuration of
the system would affect the runoff outcome, ignoring any interaction
between SuDS and the existing pipe-network. More importantly,
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enormous amount of monitored rainfall-runoff data with large diversity
are required for training the model to deliver reliable results for any
likely scenario (Géron, 2017; Halevy et al., 2009). Such datasets are
rarely available within the field of urban drainage modelling.

In order to tackle the abovementioned challenges regarding large-
scale simulations, new appropriate and efficient model concepts have to
be developed for SuDS. Since urban drainage infrastructure performs as
a dynamic and interconnected complex system of systems – i.e. re-
servoirs, SCMs, SuDS, pipe-networks, combined sewer overflows (CSO),
wastewater treatment plants, receiving waters, etc. – the required si-
mulation tool for SuDS should be capable of taking hydraulic interac-
tions with the other elements of urban drainage network into con-
sideration, in addition to being fast and reliable. The compromise
would be to adopt simplified conceptual models for SuDS with focus on
estimation of key parameters of the generated hydrographs, a catch-
ment response time parameter and the peak discharge (Gericke and
Smithers, 2018).

Thus, the aim of this study is to develop a fast, robust and flexible
physically based model for inexpensive simulation of existing SuDS at
meso- and macroscale with focus on estimation of lag time (as the se-
lected catchment response time parameter) and peak discharge. The
model has to be capable of being coupled with 1-dimensional sewer
models for investigation of interactions between SuDS and sewer net-
works. This can be used in preliminary screening studies regarding the
required retention capacity and the location of SuDS with respect to the
entire sewer network (Zoppou, 2001), while in the later stages of the
study, more complex models can be employed for detailed investigation
of the selected locations.

2. Methodology

Haghighatafshar et al. (2018a) introduced a conceptual model for
SuDS, developed using observed discharge patterns from a full-scale
implementation of unique mesoscale SuDS in downtown Malmö,

Sweden. The model schematized mesoscale SuDS as a 1-dimensional
series of interconnected retention basins (SCMs) of different sizes and
types. It was shown that the order and placement of the constituent
SCMs determine the overall performance of the SuDS. In the present
study, the conceptual model is implemented mathematically to estimate
the total discharge volumes using easily quantifiable physical para-
meters. Moreover, the model is further developed and enhanced to si-
mulate the entire discharge hydrograph from mesoscale SuDS with the
objective to predict the peak discharge and lag time, which are im-
portant parameters in the design of individual SCMs as well as meso-
and macroscale SuDS. The algebraic formulation of the developed
model makes it suitable for large-scale applications (e.g., macroscale),
where the simulation time is a decisive factor. The development of the
model is based upon studies made in Augustenborg in Malmö, Sweden.
Flow measurements at the SuDS in Augustenborg were carried out
during a 2-year period and were used for calibration and validation of
the model. This section provides information about the case study area
and the discharge measurements.

2.1. Augustenborg, Malmö

The Augustenborg area in the centre of Malmö, Sweden, contains
unique examples of mesoscale SuDS. Augustenborg was originally
drained via the municipal combined sewer network that was built
during the 1950s. However, in the late 1990s, the runoff from the area
was disconnected from the combined sewer system and it was led
through the SuDS-retrofits constructed on the surface. The area consists
of two separate SuDS-retrofits (denoted as the Northern and Southern
SuDS), in total encompassing a drainage area of about 16 ha. The im-
plementation of SuDS-retrofits in Augustenborg was done as part of a
larger project for upgrading the social status of the neighbourhood. The
Northern SuDS serves a catchment of about 6.3 ha and mainly consists
of swales and open channel/ditch systems with a few wet ponds. The
Southern SuDS receives runoff from an area of about 9.6 ha and is more

Fig. 1. The configuration the Northern and Southern SuDS, Augustenborg with different types and setups of SCMs, adopted from Haghighatafshar et al. (2018a).
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diverse in terms of the employed SCMs. Green roofs, infiltration basins,
wet/dry ponds, swales, and designated flood area are all present in the
Southern SuDS.

The outflow from both systems is eventually discharged into the
underground pipe network of the city, where the flowmeters were in-
stalled. The configuration and setup of the Northern and the Southern
SuDS in Augustenborg are presented and discussed in detail in
Haghighatafshar et al. (2018a). The layout of the implemented SCMs in
each system and their connection order are presented in Fig. 1.

Fig. 2 shows the distribution of different types of surfaces in the
Northern and Southern SuDS in Augustenborg. As seen, almost 50% of
the surfaces in both the Northern and Southern SuDS consist of pervious
surfaces of different kinds. Green roofs encompass a substantial share of
the catchment for the Southern SuDS (approximately 11%), whereas
the share of green roofs in the Northern SuDS is negligible (1%).

2.2. Rainfall-runoff measurements

The discharge from the Northern and the Southern SuDS in
Augustenborg was measured at the most downstream points of the
catchments where the overflow from the systems is diverted into the
municipal pipe-network. The flow gauges used in this study were
Mainstream Portable Area-Velocity (AV)-flowmeters. A single tipping
bucket rain gauge with 0.2 mm resolution, Casella CEL, was installed in
the area for monitoring the rainfall. The rainfall and runoff was mon-
itored and logged for about 2 years recording 10 larger rainfall events
that generated significant discharge from the systems; these events
were selected for model calibration and validation in this study. Table 1
presents the characteristics of the recorded rainfall events denoted with
the identifiers (IDs) A to J. The four recorded rainfall events with the

median depths (i.e. D, E, F and G) were selected to be used for the
calibration, while the remaining six events (both smaller and larger
than the calibration events) were kept for the validation.

Lag time in hydrological studies may have different definitions de-
pending on the compared reference points on the hectograph and the
corresponding hydrograph (Gericke and Smithers, 2014; Schulz and
Lopez, 1974). However, in the context of urban hydrology, lag time can
also be calculated as the time interval between the rainfall peak and the
peak discharge (Grayson et al., 2010; Mansell, 2003), which is also
employed in this study. In case of rainfall events with double peaks, the
later peak and its corresponding discharge are employed for the lag
time calculations. The reason behind this specific criterion is the hy-
pothesis that the first peak is possibly consumed for filling the retention
capacity in the system, whereas the second peak has a direct connection
to the peak discharge.

2.2.1. Possible error sources
It is important to note that the on-site measurements of flow and

rainfall are subjected to some degree of uncertainty. The flowmeters
tend to miss the low flows when the water depth in the pipe is less than
the thickness of the sensor. The effect of this uncertainty on the total
runoff volume depends on the characteristics of the hydrograph with
respect to the distribution of volume against flow. Moreover, it is as-
sumed that the rainfall recorded by the single tipping bucket rain gauge
is homogeneously distributed and thus is representative for the entire
study area. However, studies show that the spatial variation in the
rainfall pattern (with respect to depth, intensity, and duration) can be
substantial, even across sub-kilometer catchment scale (Fiener and
Auerswald, 2009). It is also found that the spatial variability resulting
from the rainfall dynamics, i.e., movement of rainfall over a catchment,
affects the resulting hydrograph (Singh, 1997). For example, in case of
Augustenborg, the Southern SuDS with a catchment area of 9.6 ha is
more than 50% larger than the Northern SuDS and this could negatively
affect the reliability of the runoff measurements in the Southern SuDS
compared to the Northern SuDS.

3. Model development

3.1. Schematization of SCMs and mesoscale SuDS

In the specific schematization employed in this study, a single SCM –
regardless of its type – is defined by three fundamental parameters,
being the surface area of the SCM (ASCM), retention depth in the free-
board (Sfb) and rapid infiltration depth (Sinf) (Haghighatafshar et al.,
2018a). Rapid infiltration depth in this context is the infiltration ca-
pacity primarily provided by the unsaturated zone of the filter medium.
For simplicity, it is assumed that the infiltration process stops as soon as
the available capacity in the unsaturated zone is consumed, i.e., no
seepage of infiltrated water to the groundwater/deeper soil layers is
considered. The values for the rapid infiltration depths are adopted
from (Haghighatafshar et al., 2018b; Nordlöf, 2016).

Fig. 3 shows how these three parameters are defined to characterize
the principal retention-based functions of a SCM.

The SCMs in Augustenborg are characterized based on the scheme
presented in Fig. 3 and their characteristic values are presented in
Table 2.

Mesoscale SuDS consist of multiple interconnected SCMs, as shown
in Fig. 4, through which proportions of the rainfall are intercepted in
upstream SCMs (effective retention, Re

i), and the rest of the runoff flows
to the immediate downstream SCM (i.e., Vout

i ). Consequently, a dis-
charge from the entire system is initiated when the retention capacity of
the most downstream SCM is exceeded. Thus, the model operates by
employing a volume transfer approach, where the storage volumes and
the volume transfers are derived from the properties of the SCMs and
the general characteristics of the catchment. The governing equations
for effective retention and discharge volume from each SCM are given

Fig. 2. The distribution of different types of surfaces in the Northern and
Southern SuDS, Augustenborg.

Table 1
The characteristics of the rainfall events used in this study.

Status Rainfall ID Rainfall depth
(mm)

Rainfall duration
(h)

Rainfall peak
(h)

Validation A 7.8 1.34 0.07
Validation B 10.6 3.41 3.05
Validation C 13.4 2.25 0.03
Calibration D 13.8 9.34 8.75
Calibration Ea 15.6 4.84 0.23
Calibration Fb 17.4 3.92 0.07
Calibration G 17.8 15.58 11.77
Validation H 19.0 22.70 2.64
Validation I 22.6 4.17 1.42
Validation J 28.4 9.17 6.58

a Rain E was only included in the calibration of the Northern SuDS.
b Rain F was only included in the calibration of the Southern SuDS.
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by equations (1) and (2).
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In equations (1) and (2), Re
i is the effective retention capacity of the

SCM i (mm), Sfb
i is the storage depth in the freeboard of the SCM (mm),

Sinf
i is the storage depth in the infiltration layer, ASCM

i is the area oc-
cupied by the SCM (m2), DCIAi is the directly connected impervious
area to the SCM (m2), Vout

i is the discharged volume from the SCM (m3),
R is the rainfall depth (mm), and = Vj

a
out
i j

1 is the sum of the inflow to
the SCM from the adjacent upstream SCM(s) (m3), where a is the
number of the immediate upstream SCMs connected to component i.
Notice that if <V 0out

i , it should be set equal to zero. Depending on the
depth of rainfall with respect to the effective retention capacity
R R( )e

i , Eq. (2) represents different possible conditions with regard to
the SCM. These conditions can be categorized as follows:

>R Re
i The local retention capacity of the SCM, i.e., +S Sfb

i
inf
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already exceeded and a discharge is initiated from the SCM. Any in-
coming volumes from the immediate upstream SCM(s), i.e., = Vj

a
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1 ,
will also pass through the system, without any retention.

=R Re
i The local retention capacity of the SCM, i.e. +S Sfb

i
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immediate upstream SCM(s), there might be a discharge from the
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i The local retention capacity is partly used up. This means
that the discharge from the system is initiated if and only if
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In order to develop the volume-based equations (1) and (2) to de-
scribe flow from the SuDS, the rainfall data should be introduced as an
equally spaced accumulated rain depth time series. In this study, the
constant time-step is selected to be 5 min (i.e., =t 5 min). Thus, for
any given time (t), equation (2) can be transformed to equation (3). No
flow distribution is considered for the discharge from the components;
the outflow from a component is obtained as an average flow for the
entire time step.
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In which, qi t, is the discharge from component i at time t and Racc t, is
the accumulated rainfall (mm) at time t . This equation is used to de-
scribe the discharge from components = …i 1 n. The flow characteristics
of the discharge at the most downstream point in the SuDS (n) is
especially important when simulating the influence of the entire urban
drainage network on the runoff process. In the schematization used in
this paper, the discharge from component (n) is assumed to be the in-
flow to a virtual component (Qin), for which the discharge (Qout) is si-
mulated using a non-linear reservoir model. Fig. 4b shows how the final

Fig. 3. The employed scheme for a single SCM within the framework of the developed model. ASCM: surface area of the SCM, Sfb: retention depth in the freeboard and
Sinf: rapid infiltration depth.

Table 2
The characteristics of the implemented SCMs in the Augustenborg's SuDS, adopted from Haghighatafshar et al. (2018a,b).

System SCM ID Storage, Sfb
i (mm) Infiltration Sinf

i (mm) SCM area, ASCM (m2) DCIA (m2) Fed by

Northern SuDS SW I 5 15 740 2780 –
WP I 250 0 90 3920 –
WP II 250 0 200 1120 SW I, WP I
WP III 250 0 90 1620 –
SW II 5 15 240 3400 WP II, WP III
Di I 5 0 80 2100 SW II
WP IV 350 0 160 3500 Di I

Southern SuDS GR 1 0 45 10000 10000 –
WP 1 200 0 140 8500 GR 1
DP 1 105 45 100 560 WP 1
Di 1 200 0 98 1685 DP 1
WP 2 150 0 700 560 Di 1
INF. 1 35 25 800 3150 –
DP 3 105 45 170 2760 –
INF. 2 0 25 800 1300 –
DP 2 0 15 200 1180 WP 2, INF 1
INF. 3 500 25 115 5460 DP 3
DP 4 25 25 900 300 DP 2, INF 2, INF 3

SW: Swale, WP: Wet pond, DP: Dry pond, Di: Ditch (stormwater ditch), GR: Green roof, INF: Infiltration basin.
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discharge is treated in the applied scheme, leading to the following
equation:

=
=

=dS
dt

Q kSdS
dt

Q Q
Q kS

in
m

in out
out

m

(4)

where S (m3) is the dynamic storage volume in the virtual reservoir, k
(min−1) and m (no units) are the reservoir coefficients.

As seen, the model utilizes very few (three) and consistent para-
meters to describe different types of SCMs, namely S S,fb

i
inf
i and ASCM

i .
This consistency and small number of parameters make the process of
the parameter estimation relatively easy and straightforward compared
to other models like SWMM, which requires approximately 12 para-
meters for simulation of green roofs or 7 parameters for pervious pa-
vement structures (Jato-Espino et al., 2016).

The open-source programming language Python™ was employed for
implementation of the model, as well as parameter estimation (cali-
bration), validation, and sensitivity analysis. The Python-code gener-
ated for the model is able to communicate with Microsoft Excel in
which an easy-to-use method is employed to describe the configuration
of the mesoscale SuDS, similar to the setup presented in Table 2.

4. Results and discussion

4.1. Total flow volume

The ten rainfall events, monitored during the study, were simulated
to estimate the total discharge volume using equations (1) and (2).
Fig. 5 shows the observed discharge volume versus the results from the
model. As seen, the model can reproduce the observed discharged vo-
lumes for the ten rainfall depths recorded during this study without a
complex calibration process. In other words, only the physical de-
scription of the system, through equations (1) and (2), suffices to yield a
satisfactory estimation of the total discharge volume. It is also shown
that using DCIA as the sole contributor to the runoff can be an efficient
alternative to simulate rainfalls of up to 2.5 mm/min with a maximum
depth of about 30 mm.

4.2. Model calibration

Since not all of the registered rainfalls generated runoff/discharge,
especially in the Southern SuDS, only three rainfall events with dif-
ferent volumes and durations (out of the total 10) were selected for
calibrating the model for the Northern SuDS (rainfalls D, E, and G) and
the Southern SuDS (rainfalls D, F, and G) as shown in Tables 2 and 3.

The Nash-Sutcliffe Efficiency Index (NSE) (Nash and Sutcliffe, 1970),
was employed to objectively estimate the optimum k and m parameters
for the nonlinear reservoir model, equation (4), and is presented in
equation (5) below:

= < <=

=
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Q Q
Q Q

NSE1
( ˆ )
( ¯ )

, 1.0i
N

i i

i
N

i i

1
2

1
2 (5)

where Q̂i and Qi are the modelled and observed discharge values, re-
spectively. Q̄i is the mean of the observed values and N is the number of
data points in the sample (sample size).

The NSE has been widely employed in hydraulic and hydrological
studies in order to assess the accuracy of the models (Brunetti et al.,
2017; Palla and Gnecco, 2015; Rujner et al., 2018; Soulis et al., 2017).
An NSE of 1 indicates perfect model fit with observations, whilst an NSE
of 0 implies that the model is as good a predictor as the mean value of
the observations (Jain and Sudheer, 2008).

The results of a preliminary investigation showed that the linear
reservoir model showed as good agreement with observations as the
nonlinear reservoir model (i.e. m-values for the Northern and Southern
SuDS were about 1.05 and 1.10, respectively). Thus, the hydrographs
behave according to a linear reservoir model. Consequently, to further
simplify the model, a linear reservoir model was employed instead, i.e.,
m= 1. The model was then calibrated with respect to only the k
parameter, which furthermore reduces the search space of the cali-
bration problem, thereby decreasing the difficulty in the parameter
estimation. In order to avoid negative and zero discharges, k is re-
stricted to have positive/nonzero values during the calibration process.
The final calibration procedure using the NSE was formulated as the

Fig. 4. (a) Schematization of mesoscale SuDS based on the conceptual model introduced by Haghighatafshar et al. (2018a). (b) Enhanced version of the volume-
transfer model resulting in discharge (flow) simulation.
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following optimization problem:

>

NSE
k
Equations
k

max
w.r.t.
s.t. (1) (4)

0

The results of the calibration are presented in Table 3. With a
constant value of 1.00 for m, the parameter k was calibrated to 0.017
min−1 and 0.014 min−1 for the Northern and Southern SuDS, respec-
tively. The obtained maximized NSE values are also presented in
Table 3. It is noted that the NSE values for the Northern SuDS are
considerably larger than those of the Southern SuDS, implying that the
selected calibration rainfall events deliver more reliable values for the
calibration parameters in the former case. This can also be seen in the
calibrated mean k where the corresponding standard deviation is
smaller for the Northern SuDS (±0.005) than that of the Southern
SuDS (±0.009). Generally, with respect to the achieved maximum NSE
during the calibration process, most values are classified either Sa-
tisfactory (0.50 < NSE < 0.65), Good (0.65 < NSE < 0.75) or Very
good (NSE > 0.75) based on a performance rating suggested by Moriasi
et al. (2007).

4.3. Model validation

Fig. 6 shows examples of modelled versus observed hydrographs for
the SuDS in Augustenborg. The model is able to satisfactorily predict
the discharge rates from both the Northern and Southern SuDS for all
events using similar parameter values, which indicate model reliability
and robustness. NSE was also employed to evaluate the goodness of fit
between measured and modelled values. NSE values, as shown in Fig. 6,
are mostly high and close to 1.0 which is an indication for good
agreement between observed and modelled discharge rates. The ob-
served and modelled hydrographs for the Northern SuDS generally
show a better agreement that those of the Southern SuDS. For Rainfall J
in the Southern SuDS, NSE is found to be -0.18. This is the only rela-
tively low value among the NSEs found in this study, which can be due
to in-built model characteristics that does not consider the reduction in

retention capacity due to antecedent rainfalls. As seen in Fig. 6f, the
model underestimates the discharge rates during the first rainfall peak,
while the discharges for the second peak in the rainfall are better es-
timated. This means that most probably, there has been an antecedent
rainfall prior to the first peak, which has already filled up the SCMs. An
already filled system, thereby, leads to higher discharge rates at the first
peak in the rainfall, while the model assumes that the retention capa-
city of the system is vacant, generating smaller discharge rates. This
effect decreases as the second rainfall peak strikes, leading to better
modelled results.

Fig. 7 illustrates the performance of the model with regard to peak
discharge for all rainfall-runoff events recorded in this study for the
Northern and the Southern SuDS, respectively. The model produces
comparable results for the Northern SuDS (Fig. 7a), whereas the si-
mulations for the Southern SuDS show less good agreement with the
observed data (Fig. 7b).

Fig. 8 shows how the modelled lag time deviates from the observed
values after normalization with the rainfall duration. It is important to
note that the accuracy of the estimated lag time shall be considered
with regard to the duration of the rainfall. A longer rainfall duration
implies that it is more likely to have a larger error between the mod-
elled and the observed lag time. In order to compensate for the rainfall
duration, the error between observed and modelled lag time is nor-
malized with the rainfall duration. Results of the modelled lag times in
the systems of Augustenborg also show that the Northern SuDS (Fig. 8a)
is better simulated than the Southern SuDS (Fig. 8b). In addition to the
error sources explained in section 2.2., the lower agreement between
the observed and the modelled parameters in the Southern SuDS can
partly be explained by the more complex discharge conditions and di-
verse types of SCMs that prevail in the Southern SuDS. Overall, the
model is found to produce satisfactory results considering the simpli-
fications made to achieve fast and easy simulations at low computa-
tional costs.

Such a fast and easily applicable model is essential for demanding
simulations (e.g., city-wide modelling, application of long-term rainfall
time series, Monte-Carlo techniques), but will also play an important

Fig. 5. Modelled and observed discharge volumes from the Northern and the Southern SuDS in Augustenborg for the studied rainfall events. Note that no flow
measurement was available for Rainfall B (10.6 mm) in the Northern SuDS.

Table 3
The results of the calibration for m and k values as well as their corresponding NSEmax obtained in Northern and Southern SuDS in Augustenborg.

Rainfall ID Northern SuDS Rainfall ID Southern SuDS

k m NSEmax k m NSEmax

D 0.011 1.00 0.70 D 0.006 1.00 0.12
E 0.023 1.00 0.78 F 0.026 1.00 0.70
G 0.017 1.00 0.85 G 0.010 1.00 0.59

Mean (deviation) 0.017 (±0.005) 1.00 (±0.00) 0.78 (±0.06) Mean (deviation) 0.014 (±0.009) 1.00 (±0.00) 0.47 (±0.25)
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Fig. 6. Examples of the observed versus modelled discharges from the Northern (a, b, c: k = 0.017 min−1; m = 1.00) and Southern SuDS (d, e, f: k = 0.014 min−1,
m = 1.00) in Augustenborg.
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role in facilitating the communication between urban water engineers
and urban planners who are supposed to design and implement SuDS
through a mutual perspective and collaboration.

However, the current version of the model is designed and devel-
oped to simulate single rain events, since it does not take the relief in
retention capacity through infiltration and evapotranspiration into ac-
count. Moreover, initial soil moisture and evapotranspiration processes
for the permeable surfaces of the catchment are also excluded for
simplicity as the model employs only DCIA as the contributing surface
to runoff. It is possible, that in the future developments, such functions
could be added to the description of the SCMs through employment of
physically-based infiltration equations, e.g., nonlinear/linear reservoir
models.

In order to extend the applicability of the model to nonexistent
systems/unmonitored catchments with different configurations and
outlet setups, it may be possible to relate the calibration parameters of
the nonlinear reservoir model, i.e., k and m, to some physical char-
acteristics of the system. For instance, the model parameters k and m
could tentatively be estimated if the nonlinear reservoir model is in-
terpreted as a weir equation (or bottom outlet equation) governing the
discharge. The fact that the weir discharge from SuDS, as demonstrated
for Augustenborg, in principle follows a linear reservoir dynamics (i.e.,

m= 1) makes the described process more convenient (only k needs to
be estimated). In addition, the fact that the calibrated values of k for
both systems (0.017 and 0.014 min−1 for Northern and Southern SuDS,
respectively) are very close and have similar order of magnitude can be
interpreted as an indication for the physical similarities in outlet setups
of the systems. In this way, the number of coefficients to be estimated
can be reduced, substituted with recommended values instead, while
yielding a more robust and easy-to-use model.

4.4. Sensitivity analysis

To gain insights to how the different parts of the model affect its
response, sensitivity analyses were performed for both the Northern
and the Southern systems. These were carried out using the One-Factor-
at-a-Time (OFAT) method, which entails perturbing one parameter
(ceteris paribus) and studying the effect on the model output (Nolin
et al., 2018). The OFAT method is simple to implement, and is helpful
in understanding the dependency of the model on the investigated
parameters (Delgarm et al., 2018). In this case, SCM properties (such as
retention, SCM area, DCIA) as well as the nonlinear reservoir model
parameters (k and m) were individually perturbed at three different
levels, i.e., ± 10%, ± 25% and ± 50%, representing reasonable,

Fig. 7. Model performance with regard to peak discharge for (a) Northern SuDS (b) Southern SuDS in Augustenborg.

Fig. 8. Relative deviation of modelled lag times from observed values, normalized against the total duration of the rainfall.
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moderate, and extreme perturbation scenarios, respectively. Note that
no recalibration of the model was performed during this investigation,
and the k values of 0.017 min−1 and 0.014 min−1 for the Northern and
Southern SuDS, respectively, were used when not perturbed them-
selves. The results from the OFAT sensitivity studies for the Northern
and Southern SuDS when perturbing the aforementioned parameters
are presented in Fig. 9, in which the relative variation of the achieved
NSE after perturbation (NSEP) against the calibrated/nominal NSE
(NSENominal = 0.92 [Northern SuDS]; 0.84 [Southern SuDS]) is used as
an indicator for model sensitivity.

The results show impact from all perturbations, making the NSE
lower than or equal to the nominal case; this is expected since the
nominal case is calibrated to maximize the NSE. However, ± 10%
perturbations (Fig. 9a and b) for all parameters result in acceptable NSE
values, retaining 75%–100% of the nominal NSE for +10% perturba-
tion for both Northern and Southern SuDS, whereas in case of −10%
perturbation, model performance slightly deteriorates for k and m for
the Northern SuDS. In general, regarding the lumped parameters, the
model is found to be more sensitive to perturbations of m compared to
those of k, but this has a negligible significance since the model beha-
vior is rather linear, which means m is in general equal to 1.0.

In case of ± 25% perturbations, the model performance deteriorates
considerably for the Southern SuDS, while the Northern SuDS tends to
retain acceptable results. It is also important to note that the SCM-
specific parameters (Re, ASCM and DCIA) are relatively easily quantifi-
able; thus, ± 10% perturbations is assessed to be more realistic for
them than ± 25% and ± 50% perturbations.

There is a clear difference in the effect of the perturbations on the
two systems, where the response of the Southern model is impacted to a

higher degree for all perturbations except for those on k. Furthermore,
varying k by ± 50% has a relatively small effect for the Southern SuDS,
whereas it has a similar effect as the other parameters for the Northern
SuDS. Combined, the low effect of k and the difference in effects be-
tween the two systems indicate that the physically based model is ro-
bust and captures system behavior quite well, since the lumped para-
meters do not change the solution substantially. It also highlights the
importance of proper quantification of the SCM-specific parameters –
tolerating an error of about ± 10% – as these can have a large influence
on the model output.

5. Concluding remarks

The event-based model developed in this study fulfills the overall
objective, which was to predict the discharge pattern (hydrograph)
from mesoscale SuDS at low computational costs and with acceptable
accuracy. The complete hydrograph from a mesoscale SuDS for a 10-h
rainfall event is generated in a matter of seconds. This model property
facilitates large-scale/city-wide optimization studies that are essential
for long-term, sustainable performance of urban drainage networks.
Such city-wide optimization using the developed rapid simulation tool
could be regarded as a preliminary screening stage after which more
complex models can be employed for further investigation at selected
sites and locations for prospective SuDS retrofits. Presently, the model
uses the nonlinear reservoir equation only to characterize the last
compartment in the SuDS. A more detailed and representative approach
would be to apply the nonlinear reservoir model to the discharges from
all the upstream SCMs as well, i.e., q1,t, q2,t, …, qn−1,t. It might also be
desirable to introduce infiltration and evapotranspiration rates – as sink

Fig. 9. Sensitivity analysis based on OFAT method showing the obtained NSE for the Northern and Southern SuDS in case of ± 50% alteration in the model
parameters.
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functions – to the components (SCMs) to facilitate long-term continuous
rainfall-runoff simulations. However, for validation this would require
more extensive data collection at many discharge points from the SCMs.
Furthermore, it means that the k and m constants have to be quantified
for each compartment (SCM), which will make the model a more
complicated tool to use. On the other hand, depending on the type of
SCM, analytical or empirical expression may be developed for k and m.
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A B S T R A C T

The development of tools to help cities and water utility authorities communicate and plan for long-term sus-

tainable solutions is of utmost importance in the era of a changing and uncertain climate. This study introduces a

hybrid modeling concept for the cosimulation of mesoscale blue-green stormwater systems and conventional

urban sewer networks. The hybrid model successfully introduces the retention/detention effects of mesoscale

blue-green stormwater systems to the hydraulic dynamics of the sewer network. The cosimulation package was

further facilitated with a cost-oriented multiobjective optimization algorithm. The aim of the scalar multi-

objective optimization was to minimize the total cost comprising both flooding costs and action costs – both

parameters solely representing the financial components of cost – through optimal placement of mesoscale blue-

green systems of optimal size. The suggested methodology provides a useful platform for sustainable manage-

ment of the existing sewer networks in cities from a hydroeconomic perspective.

1. Introduction

The limitation in drainage capacity and its consequent outcomes

have been discussed among urban engineers since the late 19th century

(Kuichling, 1889; Lloyd-Davies, 1906). The focus on urban flooding as a

serious challenge has been intensified due to the observed increase in

the frequency of rainfall events/pluvial floods as a result of climate

change. Cities have struggled with the mitigation of urban flooding ever

since and have recently become interested in the notion of blue-green

stormwater solutions, also known as stormwater control measures

(SCM). However, there is still no consensus in the scientific community

or among the city authorities on how, where and to what extent these

solutions shall be implemented.

Many large and old cities have inherited a larger proportion of their

infrastructure from the far past. In a changing climate, it is highly de-

sirable to sustain the functionality of the existing infrastructure and to

maintain resilience in the case of natural catastrophes. This is especially

desirable from an economic point of view, as the intensity and fre-

quency of extreme rain events are increasing. This can be done by in-

troducing flexibility to urban infrastructure, avoiding a technical lock-

in to solely pipe-based drainage systems. In addition, further urbani-

zation in terms of altered land use and further densification leads to

increased impermeable surfaces compared to the situation for which

the drainage system was designed. This means that even under a con-

stant climate scenario, elevated flooding will still be a serious challenge

considering the current urban planning and engineering practices

(Berndtsson et al., 2019). Cities are trying to enhance the capacity of

the drainage system by increasing the safety margins in the design

criteria as well as by replacing the existing pipes with larger culverts.

This is done, for instance, by introducing climate factors to design

criteria (Arnbjerg-Nielsen, 2012; SWWA, 2016; Watt et al., 2003), up-

dating intensity-durationfrequency (IDF) curves (Guo, 2006;

Hailegeorgis et al., 2013; Lima et al., 2018; Mailhot et al., 2007) and

construction of large stormwater tunnels in cities (Dolowitz et al., 2018;

VA SYD, 2019). Such measures might be effective to some extent, but in

the era of a nonstationary climate – as demonstrated and argued by

Milly et al. (2008), Vogel et al. (2011), and Liu et al. (2017b) – ma-

nipulation of drainage capacity might not be an optimal solution. A

parallel solution would be to manipulate the contributing catchments –

by introducing retention/detention capacities, e.g., via blue-green
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stormwater systems – to modify the volume and the flow of the gen-

erated runoff (Azzout et al., 1995; Fletcher et al., 2015; Stahre, 2006,

1993).

Blue-green stormwater systems aim to mimic a naturally-oriented

water cycle as well as introducing amenity by juxtaposing water and

greenery in urban environments (Everett et al., 2015). These systems

combine natural hydrological and ecological values and are shown to

have considerable contributions to flood mitigation (BlueGreenCities,

2019). This is done by slowing down runoff and by improving in-

filtration, evapotranspiration, detention, and surface storage. Green

roofs, wet and dry ponds, swales, biofilters (raingardens), and infiltra-

tion basins are all individual solutions (SCMs) within the context of

blue-green stormwater management. In this paper, however, a blue-

green system is defined as an interconnected group of blue-green

stormwater solutions or SCMs, which can be implemented on different

scales depending on the effect they are expected to deliver (Demuzere

et al., 2014). The presented definition for the blue-green stormwater

systems – as used within the context of this paper – is also regarded as

sustainable drainage systems (SuDS) (Fletcher et al., 2015). According

to a classification by Haghighatafshar et al. (2018b), blue-green

stormwater systems can be implemented at:

• microscale, where single and discrete blue-green stormwater solu-
tions or SCMs are implemented locally and the discharge from each

SCM is directly connected to the urban drainage network;

• mesoscale, where the blue-green stormwater system is implemented

as a group of tree-structured SCMs, in which the discharge from one

(or more) SCM(s) flows into the next immediate SCM lying down-

stream and eventually to the recipient/urban drainage network.

This configuration of SCMs is frequently referred to as “SuDS

management train” (Kirby, 2005). A detailed conceptualization of

mesoscale systems is presented and discussed by Haghighatafshar

et al. (2018a) as a definition for blue-green stormwater systems;

• macroscale, where blue-green stormwater systems are upscaled to
the city level and in a hydraulic context, might have considerable

effects on the functionality of the existing urban drainage network.

Whilst acknowledging all legal and institutional obstacles

(Berndtsson et al., 2019; Wihlborg et al., 2019), one of the possible

scenarios with respect to the realization of the macroscale blue-green

stormwater systems is to upscale the mesoscale blue-green stormwater

system, i.e., to replicate the mesoscale blue-green stormwater system in

multiple locations of the city (Haghighatafshar et al., 2018a). The re-

plication of mesoscale blue-green stormwater systems in multiple lo-

cations in the city could result in the concept of sponge cities – a concept

and practice developed in China (Liu et al., 2017a; Ren et al., 2017;

Zhang et al., 2018) – or a macroscale blue-green stormwater system

(Haghighatafshar et al., 2018a) in which city surfaces are designed to

contain enough infiltration, retention or detention volume to overcome

the consequences of flooding along with stormwater management,

rainwater harvesting and stormwater quality improvement (Zhang

et al., 2018). The collection of these services in the cities could po-

tentially help survival of the highly contrasted wet and dry seasons

(Trenberth et al., 2014) that lead to floods and droughts, respectively.

The literature available concerning the macroscale implementation of

blue-green stormwater systems within the context of sponge cities is

increasing, and different aspects of the challenge are addressed (Fenner

and Richard, 2017; Li et al., 2019; Ren et al., 2017; Zhang et al., 2018).

For instance, land availability, land use, population density, topology

and geological characteristics have been addressed for the im-

plementation of stormwater control measures by investigating the

urban morphology (Bach et al., 2013; Romnée et al., 2015). There are

also studies that have looked into biophysical factors as well as the

sociodemographic status of urban districts for the likely implementa-

tion of blue-green stormwater systems (Kuller et al., 2016). Zischg et al.

(2018) and Cunha et al. (2016) have studied how microscale SCMs

(single blue-green stormwater measures) and underground storage

units along the pipes affect the performance of the local pipe network

under design storm scenarios, and have consequently recommended a

placement strategy. A similar study was carried out by Wang et al.

(2017), who have optimized placement of storage tanks using a two-

stage approach for flood mitigation. Zischg et al. (2019) take a step

further and develop a methodology for assessing the influence of dif-

ferent sociotechnical pathways on the future transitions of urban drai-

nage systems. There are also studies through which microscale im-

plementations of blue-green measures in smaller urban districts are

optimized (Eckart et al., 2018; Huang et al., 2018; Leimgruber et al.,

2019). Furthermore, investigations regarding the macroscale hydro-

economic optimization of multiple mesoscale blue-green stormwater

systems in interaction with the existing and mostly underground urban

drainage infrastructure have recently been drawing attention in the

scientific community (e.g., Bakhshipour et al., 2019; Glenis et al., 2018;

Zhou et al., 2018). Sustaining the functionality of the existing drainage

network, especially the combined sewer network, which is associated

with basement flooding and higher health risks, is a crucial subject in

cities worldwide.

Such upscaling of mesoscale blue-green stormwater systems has

hypothetically the potential to prevent the hydraulic overloading of the

drainage network. However, economic consequences should also be

taken into consideration since economy – along with ecology and so-

ciety – is one of the fundamental pillars of sustainability (Wilkins,

2008). This means that both the quantity (retention volume) and lo-

cation of the mesoscale blue-green stormwater systems (i.e., distribu-

tion of retention volumes) with respect to the existing drainage network

must be investigated and optimized with regard to costs and benefits.

Costs and benefits may, in a broad context, include a range of different

socio-ecological factors in addition to monetary/financial aspects.

However, in order to delimit the study boundaries in this paper, we

focus on strictly financial costs related to the implementation of blue-

green systems and flood hydraulics.

Therefore, the aim of this study is to develop and introduce a

methodology to systematically locate mesoscale blue-green stormwater

systems throughout the city to achieve the lowest possible flooding-

damage related costs through a cost-effective implementation scenario.

Having the methodology development in focus at a large-scale view, a

generic transfer of mesoscale blue-green systems is applied in order to

facilitate the theoretical siting and sizing of these systems throughout

cities. It should be noted that practical implementation with regard to

detailed design and choice of SCMs according to local circumstances in

each catchment – e.g. land availability, land ownership, and physical

characteristics of the area – is left for complementing studies.

2. Software architecture

To perform the optimization study, cosimulation of physical rain-

fall-runoff processes encompassing three different domains was struc-

tured. These domains were:

D1 Hydrological simulation of conventional catchments

D2 Hydrological and hydraulic simulation of blue-green catchments

D3 Hydrodynamic simulation of the sewer system loaded by the

results from domains D1 and D2.

To manage the cosimulation of these three domains, a hybrid model

consisting of two modules, hydrological and hydraulic, was constructed.

Domains D1 and D2 are included in the hydrological module, whereas

domain D3 is simulated under the hydraulic module.

The model concerning the simulation of the mesoscale blue-green

system (Domain D2) is the model developed and presented in detail by

Haghighatafshar et al. (2019), while the rainfall-runoff engine of MIKE

Urban by DHI was employed for the hydrological simulation of con-

ventional catchments (Domain D1). The mesoscale blue-green model

S. Haghighatafshar, et al.
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(MesoBGM) – introduced by Haghighatafshar et al. (2019) – simulates

the hydrograph of the discharge from a mesoscale blue-green storm-

water system. This discharge is then accumulated with MIKE Urban’s

rainfall-runoff (MIKE RR) output and is introduced as the input to the

1D MIKE Urban hydrodynamic simulation model (MIKE HD). MIKE

Operations by DHI were employed as the cosimulation platform to fa-

cilitate communication between the three models, i.e., MesoBGM, MIKE

RR, and MIKE HD. The suggested algorithm implemented in MIKE

Operations is presented in Fig. 1, encompassing four major modules:

User-defined/automated feed where the parameter sets for the defi-

nition of catchments as well as the system parameters are managed.

Hydrological module for calculation of the hydrological load (D1 and

D2),

Hydraulic module for assessing the performance of the drainage

network (D3),

Optimization module for performing the optimization based on the

cost-benefit assessment,

The characteristics of the urban catchment in the joint model are

defined in the user-defined/automated feed block, which is in turn fed

into the hydrological module. The estimation of model parameters for

D1 is performed according to the standard procedure recommended by

the Swedish Water and Wastewater Association (SWWA, 2016),

whereas the characteristics of the mesoscale blue-green stormwater

system (D2) are defined according to Haghighatafshar et al. (2019). In

addition to network setup, runoff coefficients, time-area curves, reten-

tion volumes, etc., the introduced feed also consists of the blue-green

retrofit area (ABG i, ) in the i
th subcatchment with a total area of ASC i, .

Based on the introduced feed, D1 and D2 generate hydrological load

schemes, denoted asQMU i, andQBG i, (time series), respectively, in which

the contributing area to QMU i, is A ASC i BG i, , .

In the next stage, the overall hydrologic load (total runoff, QTR) – as

a cumulated time series – is calculated according to Eq. (1).

= +

=

Q Q Q( )TR
i

n

MU i BG i
1

, ,
(1)

This means that the discharge from the mesoscale blue-green system

is still connected to the sewer network. The cumulative total flow, QTR,

is then introduced as the network load to the MIKE HD model (D3),

through which 1D Saint-Venant’s mass and momentum equations are

applied for the computation of flow (Q) and piezometric pressure (hy-
draulic head, H) in the pipes (DHI, 2017). The ground level – in the
context of a separate sewer network – and the basement level – in the

context of a combined sewer network – for each manhole can be used to

define a critical hydraulic head, , at which exceedance can be inter-

preted as flooding. It should also be noted that the 0D/1D nature of the

hybrid model made it appropriate for performing numerous large-scale

simulations in terms of simulation time and computational costs.

2.1. The optimization module

As shown in Fig. 1, optimization is performed with regard to flood

economics. The basic idea is that the investment in flood mitigation

measures would lead to lower flood damage costs, hence these two

parameters, i.e., investment in measures and maintenance (cost of ac-

tion, act) and flood damage cost ( flood) can be incorporated into a scalar

cost function. However, it is necessary that these costs are quantified

according to the specific perspective of the stakeholder who performs

the optimization, e.g., insurance companies, water utility companies,

municipalities, or government. Note that additional socio-ecological

Fig. 1. The modeling and optimization logics (encompassing four major modules) were implemented in MIKE Operations to couple MIKE Urban and MesoBGM.
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benefits associated with blue-green stormwater systems are not in-

cluded in this study. Incorporation of monetized and quantified added

socio-ecological values would presumably have strong impacts on op-

timization results.

The annual cost of action and flood damage cost are calculated

according to Eqs. (2) and (3), respectively as follows:

=

=
+

+

+ +

=

f u i L

i i
i

M
L

C ( A ( ), c , , )

A c · (1 )
(1 ) 1

· (1 )
L

L
l

L
l

act BG BG

BG BG
0

1

(2)

where ABG(u) is the total area of the retrofitted blue-green stormwater

system (ha) according to scenario u, cBG is the average cost of blue-

green stormwater retrofits per hectare (SEK/ha), L is the technical

lifespan of the constructed system (50 years, which is the local standard

assumption in infrastructure investments),M is the annual maintenance

cost, is the average annual pay raise (∼2%), and i is the average

interest rate (∼3%). A similar approach for computing the annual cost

of action was also adopted by Huang et al. (2018).

= =

+

f u i u i
i

C (n ( ), c , , T) (c ·n ( ))
(1 ) 1Tflood fn fn fn fn

(3)

where un ( )fn is the number of flooded manholes in scenario u, cfnis the
average damage cost per flooded manhole (SEK/manhole), T is the

recurrence interval of the optimization storm (years), and i is the

average interest rate (∼3%). Eq. (2) represents the uniform annual

worth of the investment in year 0 through the lifespan of the blue-green

stormwater system by using a capital recovery factor, and Eq. (3) re-

presents the uniform annual cost of a total future fund (i.e., future cost

of flood damage) during T years (assuming that the flood recurrence

follows the recurrence period of the rainfall event) using a sinking fund

factor (Blank and Tarquin, 2012). Subsequently, a scalar total cost

function can be introduced (Eq. (4)). This total cost function (Eq. (4)) is

later incorporated in the scalar multiobjective to determine a scenario

matrix (u) resulting in the minimum possible cost.

= +u u u( ) C ( ) C ( )act flood (4)

where u is the scenario matrix representing the implementation extent

of the blue-green stormwater system in different sub-catchments. For

instance, in a drainage model with k subcatchments, u can be specified
according to Eq. (5).

= …u [ , , , ]BG,1 BG,2 BG,kF F F (5)

where BG,iF is the implementation extent, i.e., the ratio of the blue-

green retrofitted area in subcatchment i (ABG i, ) to the total subcatch-

ment area (ASC i, ), defined according to Eq. (6).

=
A
A

[0, 1]BG i

SC i
BG,i

,

,
F

(6)

3. Case study

The general methodology adopted in this study is to employ hy-

drodynamic modeling to systematically optimize the distribution of

blue-green stormwater systems in an urban catchment drained through

a combined sewer network. This case study presents an example of how

the developed methodology can be employed to enhance and under-

stand the functionality of urban drainage systems.

3.1. Study area: Malmö, Sweden

Malmö is the 3rd largest city in Sweden located in the southern part

of the country and is populated by over 330,000 people (Malmö stad,

2018). The drainage network in the city is mainly dominated by a

combined sewer system in densely built central areas, while in the

suburbs, mainly separate sewer networks are functional. This study

focuses specifically on the combined sewer network and its corre-

sponding catchment. The reason is that the city has been struck by

extreme rainfall events several times and has undergone a relatively

large burden of expenses due to basement flooding in the combined

sewer network catchments (Haghighatafshar et al., 2014; Sörensen and

Fig. 2. The catchment area, encompassing 954.35 ha, connected to the combined sewer network in Malmö, Sweden, drained through the Turbinen pump station.

Background picture: GSD-Orthophoto, courtesy of The Swedish Mapping, Cadastral and Land Registration Authority, ©Lantmäteriet.
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Mobini, 2017).

For this study, part of the combined sewer network and its corre-

sponding catchment, which is drained into the Turbinen pump station in

Malmö, was selected as shown in Fig. 2. The pump station receives

combined sewer flows from two separate catchments, namely, the West

catchment and the East catchment, drained from the south and south-

east, respectively, toward the pump station. More information about the

distribution of the combined and separate sewer networks in Malmö

can be found in Haghighatafshar et al. (2018b) and Sörensen and

Mobini (2017).

The fundamental approach in this study is to replicate the mesoscale

blue-green system in Augustenborg – as the reference mesoscale retrofit

described in Haghighatafshar et al. (2019, 2018a) – to achieve an op-

timized upscaling scenario. Augustenborg comprises two major me-

soscale blue-green stormwater systems: one each in the south (Southern

system, implemented 1999–2001), with a drainage area of roughly

9.6 ha, and north (Northern system, implemented 2002–2003), with a

drainage area of approximately 6.3 ha. In addition, a separate local

stormwater pipe system was constructed in 2003, covering a drainage

area of about 3.5 ha. These three subsystems of Augustenborg are

illustrated in Fig. 3. For more information about the configuration of

the mesoscale blue-green stormwater systems in Augustenborg refer to

Haghighatafshar et al. (2019, 2018a). In this study, it is assumed that

the Southern system in Augustenborg, accounting for a total drainage

area of 9.6 ha (= AAug) can be replicated as a scaled retrofit depending
on the area of the target catchment. In other words, the configuration in

Augustenborg with regard to the drainage area, retention/detention

volumes, and infiltration capacities can be linearly upsized/downsized

to fit in the target catchment at various implementation extents ( BG,iF ).

In this way, two major simplifications are introduced into the modeling

process. First, there is no need to design and simulate specific systems

based on local circumstances for each and every target catchment.

Second, the original shape and form of the output hydrograph from

Augustenborg (QAug) is retained intact while values are manipulated by

factor i. Upsizing and downsizing the Augustenborg system is per-

formed according to the equations below:

=
A
Ai
BG i

Aug

,

(7)

Fig. 3. Subsystems of Augustenborg, including two blue-green stormwater retrofits and the local pipe system. The figure also shows the discharge points from the

subsystems to the sewer network.
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= + = + + +Q Q Q Q Q Q Q·(1 ) ·TR i MU BG FRC i SRC i ww i i Aug, , BG,i , ,F (8)

where ABG is the area occupied by the blue-green retrofit (ha), ASC :

target subcatchment area (ha), BGF : implementation extent in the

target catchment (0 1BGF ), AAug=9.6 ha= area of the existing

retrofit in Augustenborg in Malmö (the Southern retrofit), : retrofit

scale compared to the reference, i.e., the Southern retrofit in Augus-

tenborg, QMU : runoff from the conventional catchment simulated in

MIKE Urban, QBG: runoff (discharge) from the blue-green system, QFRC :

fast runoff component of the flow (stormwater),QAug: discharge from the

Southern retrofit in Augustenborg, Qww: domestic wastewater flow,

QSRC: slow runoff component of the flow (groundwater infiltration), and

QTR: total runoff to be handled by the pipe network.

3.2. The optimization problem

The goal of the unconstrained, bounded optimization problem was

to minimize the total cost of flooded nodes, flood, and the cost of im-

plementation of the blue-green systems based on the Augustenborg

system, act. The cost of flooded nodes was expressed using the average

cost per flooded node, cfn, based on a rough assessment of the available

data from the extensive flooding in Malmö in 2014. Thus, flood, in the

case of a 10-year rainfall event (as employed in this study), was esti-

mated at 47,000 SEK/(year·flooded node), and act (including main-

tenance) was estimated to be 110,000 SEK/(year·retrofitted area)

during the 50-year lifespan of the built system. It should be noted that

these values are preliminary assessments and cannot be considered as

verified template costs in other contexts.

The cost of action was assumed to be linear with respect to the area

of the constructed blue-green systems, as described in Eqs. (2) and (3),

and the costs were then combined according to Eq. (4). A performance

indicator (PI) was then constructed and used as the objective for the

optimization to more easily discern whether a tested solution is cheaper

than the reference case (PI < 0) or worse (PI > 0).

The 1D model area was divided into 30 different subcatchments, as

presented in Table 1 and Fig. 4. In other words, the optimization space

to be investigated was a high-dimensional space with 30 dimensions

corresponding to the 30 decision variables that the subcatchments

constitute.

The implementation extent of each catchment ( BG,iF , defined in Eqs.

(5) and (6)) was used as decision variables. The decision variables were

bounded by the characteristics of the catchments by setting the bounds

to [0, 1], representing catchments that are empty or full (or in between)

with regards to the blue-green systems. With the reference case of no

implemented blue-green solutions, i.e., = C (0),Ref flood the full

Table 1

The subcatchments in the optimization study, totaling 954.35 ha (see Fig. 4 for

the graphic illustration).

ID District name Area (ha) ID District name Area (ha)

1 Fridhem N 18.09 14 Djupadal NV 48.93

2 Ribersborg 18.52 15 Kroksbäck 63.97

3 Rönneholm 58.85 16 Djupadal S 91.59

4 Fågelbacken 17.20 17 Möllevången 21.02

5 Fridhem Ö 18.88 18 Södervärn 26.61

6 Rönneholm SV 12.33 19 Södra Sofielund 13.28

7 Dammfri 58.16 20 Gröndal 61.21

8 Lorensborg 33.28 21 Kulladal 56.91

9 Västervång 10.22 22 Heleneholm 24.35

10 Fridhem SÖ 8.31 23a Eriksfält V 7.97

11a Mellanheden V 24.57 23b Eriksfält Ö 21.48

11b Mellanheden Ö 25.93 24 Almhög 32.30

12a Nya Bellevue V 15.39 25 Hindby 27.38

12b Nya Bellevue Ö 46.11 26 Gullvik N 11.50

13 Rosenvång 37.29 27 Gullvik S 42.72

Fig. 4. The spatial distribution of model subcatchments in the city of Malmö, Sweden. Background picture: dimmed topographic web map, courtesy of The Swedish

Mapping, Cadastral and Land Registration Authority, ©Lantmäteriet.
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optimization problem was expressed as:

=PI
u

min
( ) Ref

Ref

= …uw.r. t. [ , , ]BG,1 BG,kF F

…i ks.t. [0, 1] for [1, 2, , ]BG,iF

4. Results and discussion

The optimization problem was solved using the SciPy implementa-

tion of the algorithm known as constrained optimization by linear ap-

proximation (COBYLA), which is a derivative free method (Conn et al.,

1997; Powell, 1994). The optimization was performed for a Chicago

Design Storm (CDS) (Keifer and Chu, 1957) with a recurrence interval

of 10 years, denoted as 10y-CDS. The initial values for the decision

variables were the reference case, i.e., = 0BG,iF . In the reference case,

the water level in 779 manholes was over the average basement level

(assumed to be 1.3m below the ground level), leading to basement

flooding. The spatial distribution of the flooded manholes (model

nodes) is illustrated in Fig. 5.

After the simulation of the reference case scenario, the optimization

process under the 10y-CDS continues to locate an optimum (local

minimum for Φ(u)) according to the design of the COBYLA-algorithm.
Fig. 6 is a two-dimensional illustration of approximately 100 iterations.

As shown in Fig. 6, the optimization started with the reference

scenario, and all subsequent iterations are presented in the clockwise

order. The first 30 iterations have an average PI value of approxi-

mately+ 0.04 (increased costs). The optimization continues with sys-

tematic alterations in the implementation extents and moves toward an

average PI of approximately −0.01 (decreased costs) and ultimately

finds an optimal solution with a PI of almost −0.03 and 714 flooded

nodes. The results of the optimization process suggested that sub-

catchments 1 and 19 should be transformed to mesoscale blue-green

stormwater systems at 56.6% (≈10 ha) and 63.6% (8.5 ha), respec-

tively. Based on this optimization, the total cost of a 10y-CDS event will

be 3% lower than the cost of flooding under the reference case scenario.

This shows that there is at least one scenario through which im-

plementation of blue-green stormwater systems would lead to less

overall costs, i.e., the sum of action and flood costs, than the reference

case scenario.

Although the financial benefit is limited in the optimized scenario,

the total number of the flooded nodes is decreased by approximately

8.5%. The green nodes in Fig. 7 show the spatial distribution of 65

nodes that do not flood in the optimized scenario compared to the re-

ference. It is also interesting to note that the majority of the saved nodes

(44 nodes) lie within the boundaries of the optimally retrofitted sub-

catchments, i.e., 1 and 19, while the rest (21 nodes) are in other sub-

catchments with =BG,i 0F . This shows that the benefits of mesoscale blue-

green retrofits are not limited to the retrofit boundaries.

Although economic savings (∼3%) are modest, it should be noted

that this value exclusively represents the monetary and financial as-

pects of the action. However, from a cost-benefit perspective, the value

of the blue-green systems is much more comprehensive and may in-

clude aesthetics, societal add-ons in terms of human well-being, ame-

nity, and promoted biodiversity. In this respect, tools for monetization

and quantification of multiple benefits of blue-green stormwater sys-

tems, such as BeST (Ashley et al., 2016, 2018), are becoming widely

available. These tools can be employed and adapted to local contexts in

order to enhance the decision-making process.

As seen in Fig. 6, there is one iteration – marked with (D) – that

despite introduced blue-green retrofits – leading to elevated costs by

Fig. 5. Flooded nodes (filled markers, ●) and unflooded nodes (unfilled markers, ○) under the reference scenario, i.e., 10y-CDS; = 0BG i,F . Background picture:

dimmed topographic web map, courtesy of The Swedish Mapping, Cadastral and Land Registration Authority, ©Lantmäteriet.
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approximately 8% – the number of flooded nodes has increased to 789

compared to the reference scenario (779 flooded nodes). An explana-

tion for this deteriorated behavior is that in the complex system of

catchment-sewer interactions, even detained and retained discharges

from catchments can possibly coincide with some peak discharge along

the way causing elevated hydraulic head and, hence, flooding. This

agrees with the recommendation by Haghighatafshar et al. (2018b),

who advise the implementation of blue-green stormwater retrofits in

the upstream areas of a city catchment to avoid (or decrease the risk of)

deteriorative flow coincidences. The deteriorated flood situation, de-

spite the introduction of blue-green stormwater systems, is an indica-

tion that unoptimized retrofits of blue-green systems in which the dis-

charge is connected to the same sewer network do not necessarily

improve the hydraulic performance of the network. The same phe-

nomenon could also occur when rainfalls other than the optimization

rainfall, with different hyetograph characteristics, strike. Thus, there

might be situations through which a different rainfall would lead to

different times of concentration and lag times so that the aforemen-

tioned unprecedented flow coincidences and flooding occur. A safe

retrofitting strategy would thus be the total separation of the blue-green

stormwater retrofits through which the overflow from the system does

not enter the original sewer network but is diverted into a separate

stormwater pipe network, as is the case for Augustenborg (see Fig. 4).

Further research must be performed to achieve a better understanding

of the complex behavior of sewer networks.

A sensitivity analysis was conducted according to the one-factor-at-

a-time (OFAT) method with respect to act and flood in order to

demonstrate the sensitivity of the PI to the quality of the cost estima-

tion. It should be noted that different perturbations to cfn, cBG andM
were performed as flood is directly proportional to cfn and act is directly

proportional to + McBG (provided cBG and M are simultaneously and

identically perturbed, all else unchanged). In effect, perturbations to

the action cost and flooding cost, as well as their simultaneous per-

turbation (i.e. u( )), were performed ranging from −50% to +50%.

All other parameters, such as the hydrological characteristics of the

toolchain, total retrofitted blue-green area, and number of flooded

manholes, were kept unchanged. The resulting outcomes of these per-

turbations with regard to the delivered PI are shown in Fig. 8.

As shown in Fig. 8, the PI is extremely sensitive to the estimation of

flood rather than act . For instance, it is observed that a reduced cost of

flooding by 30% would enhance the PI by a factor of 10 (from −0.03 to

−0.3), while the corresponding PI change in the case of perturbations

in act is negligible. This is also reflected in the simultaneous pertur-

bation of the costs (both cost of action and cost of flood), as it is in

strong agreement with the sensitivity to flood only. However, the pro-

vided results do not necessarily imply that the quality of the estimated

cost of action (implementation and maintenance of the blue-green

systems) has a trivial impact on the optimization outcome. The small

impact of act on the PI is mainly due to the fixed blue-green scenario

(the scenario presented in Fig. 7) under which all perturbations are

tested. As noted in Fig. 7, the retrofitted area is relatively small in

comparison to the reference case (approximately 2% of the total mod-

eled catchment area), while the proportion of the flooded manholes in

the optimized scenario compared to the reference scenario is

Fig. 6. Convergence map of 100 iterations (out of 325) using COBYLA. Angular axes show the total number of flooded nodes, and the radial axes show the per-

formance indicator (PI) for each iteration. (R): Reference scenario, (D): Deteriorated scenario, and (O): Optimal scenario.
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approximately 92%. This specific optimized setup thus underlines the

importance of estimation of flood opposed to act. However, it is highly

anticipated that perturbations in either of the associated costs (or both)

would result in substantial changes in the outcome of the optimization

process regarding the returned optimal BG,iF -matrix as well as the PI.

Further investigations must be carried out to study the direct sensitivity

of the optimization process to deviations and errors in the estimated

cost components.

5. Concluding remarks

A hybrid model was structured to run cosimulations of mesoscale

Fig. 7. Optimized scenario with respect to implementation extents, flooded (filled markers, ●), unflooded (unfilled markers, ○), saved (green-filled markers, ), and

lost (red-filled markers, ) nodes. Background picture: dimmed topographic web map, courtesy of The Swedish Mapping, Cadastral and Land Registration Authority,

©Lantmäteriet.
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blue-green stormwater systems and the pipe-bound sewerage network.

The model was subsequently facilitated with an optimization algorithm

to suggest hydroeconomically optimal solutions for citywide siting and

sizing of mesoscale blue-green stormwater systems. The developed

software package was tested on a city-scale catchment drained through

a combined sewer system. The model delivered satisfactory results

concerning promoted hydraulic performance of the sewer network (in

terms of decreased flooded nodes) and financial gains. However, lo-

cating the global optimum remains a challenge due to the extremely

high dimensionality of the optimization space. Given these circum-

stances, the model performance was shown to fulfill the general aim of

the study. Further research is required to improve the optimization

process and move the solution toward a global optimum. This can be

done by employment of different gradient-free optimization techniques,

such as evolutionary or simulated annealing algorithms, or by em-

ploying algorithms that make use of formulated analytical Jacobians.

There is also the possibility to implement decision variable selection

techniques to decrease the dimensionality of the decision space.

Moreover, there are indications that the performance of the opti-

mized scenario might be specifically valid for the exact rainfall hyeto-

graph for which the model is optimized. This also remains a serious

challenge considering the stochastic nature of rainfalls and the com-

plexity of sewer networks. It is also implied that random sizing and

siting of blue-green retrofits without investigating the hydraulic con-

sequences on the existing sewer network could lead to deterioration in

the performance of the sewer network in terms of the number of flooded

nodes.
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We can surely agree that it would be nice if we could produce necessary 
chemicals more efficiently, provide everyone with the medicines they 
need at a lower cost than what is possible today, and prevent flooding in 
the urban environment. But what do these three things have in common, 
really? Well, the fact that we can optimize the different processes behind 
all three! There are processes everywhere in the world, complex as well as 
simple, and optimizing a process means improving it, making it as good 
as it possibly can be. However, doing this experimentally can be very time-
consuming and expensive – and sometimes even practically impossible. 
Thus, a viable alternative is to take advantage of modern computational 
power and instead perform computer-aided optimization studies. For this 
purpose, a mathematical model is required, which needs to be simulated 
in order to obtain useful information about the real process on which we 
can base our optimization.

This thesis provides a procedure and a framework together with a number 
of optimization methods, which are general and generalizable tools that 
can be used for efficiently performing computer-aided optimization 
studies. These tools are based on previously published literature combined 
with the work that is collected and presented in this thesis, and the goal 
is that they can be used as an aid to improve – in principle – any real-life 
situation or process. The presented work also gives an indication as to 
what can be achieved through computer-aided optimization studies of 
complex processes in the different domains of production systems and 
urban environments, shown via case studies of industrial polyalcohol 
purification, chromatographic separation of pharmaceuticals, and blue-
green systems for mitigation of urban flooding.

 

Stable chemical production, cheaper pharmaceuticals, and  
well-placed flooding countermeasures – using the same tool!
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