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Abstract 

Model-based process design makes it possible to obtain insight into design alternatives. 

Since the number of alternatives can be huge and the evaluation criteria to sort out the 

most relevant alternatives are conflicting, identifying the most favorable ones can be 

a formidable task. In this work, it is demonstrated that adaptive Pareto optimization 

techniques can be used to address this task efficiently and reliably. Once a sufficient 

number of Pareto points that represents the Pareto boundary to a required accuracy is 

found, an interactive decision support scheme allows to explore correlations and trade- 

offs between the different quality criteria. This work describes the introduction and 

realization of this scheme in industrially relevant contexts. Examples for significant 

process improvements that were achieved are given. 

Furthermore, since mathematical optimization requires many model evaluations, the 

challenge of shaping the model structure such that it meshes with the optimization 

requirements is addressed. Therefore, structural reformulations of the equilibrium stage 

model and asymptotic simplifications are proposed. Additionally, a hybrid modeling 

approach is presented in which physical models are augmented with statistical elements 

in order to obtain models of entire chemical processes suitable for optimization. 

Initimately related to data-driven model approaches is the task to estimate reliability 

of model predictions and, if necessary, to plan new experiments in order to obtain 

additional data. The optimal design of experiments is put in a multicriteria optimization 

context as well in this work. 

This is a cumulative thesis which is based on twelve scientific publications. An overview 

of this work is given and the original papers are included in the appendix.





Tdi 

Kurzfassung 

Modellbasiertes Prozessdesign ist ein wichtiges Werkzeug, um einen Uberblick iiber 

mogliche Designalternativen zu gewinnen. Da es eine groke Anzahl von Alternativen 

geben kann und die Qualititskriterien, mit denen die relevantesten erkannt werden, 

miteinander im Konflikt stehen, ist die Aufgabe, die besten Alternativen zu finden, kaum 

zu unterschiitzen. In dieser Arbeit wird demonstriert, dass der Einsatz von adaptiver 

Paretooptimierung diese Aufgabe effizient und verldsslich 16st. Sind einmal hinreichend 

viele Paretopunkte, die die Paretogrenze mit der geforderten Genauigket darstellen, 

gefunden, erlaubt ein interaktives Entscheidungsunsterstiitzungssystem, Korrelationen 

und Trade-Offs zwischen verschiedenen Qualititskriterien zu explorieren. Diese Arbeit 

beschreibt die Einfiihrung und die Realisierung dieses Zugangs in industriell relevanten 

Kontexten. Beispiele, wo erhebliche Prozessverbesserungen erreicht werden konnten, 

werden genannt. 

Da mathematische Optimierung viele Modellauswertungen erfordert, wird dariiber hin- 

aus die Herausforderung adressiert, die Modellstruktur in Einklang zu bringen mit den 

Optimierungserfordernissen. Sowohl strukturelle Umformulierungen des Gleichgewichts- 

stufenmodells und asymptotische Vereinfachungen werden diskutiert. Dariiber hinaus 

wird ein Modellierungszugang vorgestellt, in dem physikalische Modelle mit, statistischen 

Elementen ergéinzt werden, um so Modelle fiir chemische Gesamtprozesse zu erhalten. 

Eng verbunden mit datengetriebenen Modellansitzen ist die Aufgabe, die Modellzu- 

verlidssigkeit von Modellvorhersagen zu beurteilen und, falls nétig, neue Experimente 

zu planen, um zusitzliche Daten aufzunehmen. Die optimale Versuchsplanung wird in 

dieser Arbeit ebenfalls in einen mehrkriteriellen Kontext gestellt. 

Diese Schrift ist kumulativ und basiert auf zwdlf wissenschaftlichen Verdffentlichungen. 

Dariiber wird ein Uberblick gegeben, wobei die Originalverffentlichungen im Anhang 

enthalten sind.
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1 Motivation 

The permanent struggle for improvement of actual conditions by scientific and technical 

means has been a strong driving force in the evolution of mankind. The comprehension of 

physical laws, skilful craftsmanship and the eager belief in being able to make inventions 

work were prerequisites for letting industrial revolution take off. Mechanized factories 

allowed the production of textiles at a quantity and quality impossible until then. A 

soaring demand lead to the installation of growing production facilities. Society had to 

learn to deal with the down-sides as well: Mass poverty, nearly unlimited working hours 

for the employees and life-threatening working conditions. 

Today, roughly 250 years after James Watt developed his steam engine, there is a gen- 

erally accepted understanding that the constant improvement of living conditions and 

the increase in economic wealth comes with serious global trade-offs like impact on the 

earth’s climate, exploitation of limited natural resources and increasing social imbal- 

ances. The ideal solution - wealth for everyone at no cost - does not seem attainable, 

at least not with today’s technical means. The earth’s societies are confronted with the 

task to choose among possible future alternatives the one that they think guarantees 

the wealth they wish while at the same time not compromising the living conditions on 

the planet. The Paris agreement to limit global warming to below 2 °C compared to the 

pre-industrial level is an example. 

The essential key ingredient for such a compromise is the knowledge of how different 

factors - like the quality and quantity of fossil fuels used or the increasing demand 

for food of an increasing population - contribute to the response, which in this case 

is the global warming. Therefore, models have been built, highly complex models of 

the earth’s climate, on different scales and including most diverse phenomena. Huge 

amount of climate data from all over the world have been and are being used to find 

an adequate parametrization of these models to be able to forecast the global warming 

over the next decades. 

The scope of this work is much more modest, but carries all of the above mentioned 

elements in it: It describes model-hased methods to generate alternatives for process de- 

signs in order to support the decision on which design is eventually chosen. Furthermore, 

examples for practical implementations of the method are given.
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Obviously, the practical relevance of the altern
atives depends on the quality of the model 

. L] 

and on the strategy to generate the alte
rnatives. We first comment on the strat

egy to 

generate the alternatives. 

The key strategy in this work consists in an adaptive calculati
on of Pareto points. This 

means that first of all, the problem of choosing alternatives is viewed
 as a mathemati- 

cal optimization problem. Therefore, not only a model is needed that is able to make 

predictions for outcomes not observed so far, but also the model must be ma
nageable 

computationally, for optimization runs usually require a large number of model evalu
a- 

tions. 

At this point, a more precise wording is introduced, according to [Bortz et al, 2014): 

A “criterion” is henceforth called an objective, and what was called an “alternative” 

consists of a set of design variables in design space, and of a set of objective values in 

decision space. An “alternative” will also be called a “solution” in the following. An 

exemplary sketch is shown in Figure 1. 

Design Design space Cost 
variable y i 
4 

infeasible 

» Design infeasib!s Prodc 
variable x " puriy 

Figure 1: Exc:‘mplary view on a two-dimensional objective space and a two-dimensional 
design space. The Parcto points are located in those regions of the Pareto 
boundary where the curvature is large. In design space, the feasible range is 
sketched as well; however, it is generally not necessary to explore it entirely. 

Apart from the model, a description of the set of allowed design variables is required, as 
well jecti i as objective functions. Generally, for each process, these objective functions can be 
grouped into cost and gain functions, which are in conflict 
this work suggest alternatives that are 
in one criterion comes with a worsening 

The methods presented in 
Pareto-optimal, meaning that an improvement 
in at least one other criterion. 

From a i i ik fratftlcal perspective, these are the most interesting alternatives, Any alternative at 1s feasible, but not Pareto-optimal stil] has the potenti 
objectives simultaneously, 2! of being Impropii 8 which will be done. Thus the focus of the process engineer
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does not need to be on all possible alternatives, but only on the Pareto-optimal ones 

- which usually is only a tiny subset compared to all feasible alternatives. From a 

mathematical perspective, the restriction to Pareto optimal alternatives means that one 

wants to sample a hypersurface in the space of evaluation criteria. In such a situation, 

adaptive schemes are available [Hernéndez, 2012, Teichert, 2013], taking care that Pareto 

points are calculated in regions of the hypersurface where the curvature is large. In flat 

regions, with small curvature, linear interpolation can be carried out between Pareto 

points far apart, with a small known error. 

In this context, the quality of the model, which was identified above as being responsible 

for the practical relevance of the generated alternatives, can be viewed as one criteria 

among many others. Actually, there is no need in having a model which makes perfect 

predictions in all circumstances. Such a model exists in theory (Schridinger’s equation 

together with Boltzmann’s notion of the entropy), but is computationally intractable 

except for special situations. What is interesting for the engineer are reliable model 

predictions for the Pareto optimal alternatives, especially for the most relevant ones. 

It will be described later on how reliability of a model can be cast into criteria for the 

optimization, and how to deal with model uncertainties. 

The methods described here to generate Pareto optimal alternatives go in hand with the 

possibility to compare these solutions. In this work, supporting decisions means enabling 

the ones making the decisions to compare Pareto optimal alternatives interactively, in 

real time. This involves highly responsive graphical user-interfaces and allows it to 

distinguish regions with relatively small trade-offs between the criteria from those where 

the trade-off is significant. 

Apart from the algorithmic implementation of the methods in a process engineering 

context, their integration into real-world industrial design workflows is a major achieve- 

ment of the work presented here. Thus this work also includes the software development 

of decision support systems that run stable in industrial applications, being available to 

several hundred process engineers each day, within the specific software environment of 

industrial companies. This goes beyond applied mathematics and can be viewed as an 

example how innovation triggered by a synthesis of methods and applications can lead 

to significant improvements. 

The remainder of this work is organized as follows: In the next section, the scope of 

the methods included here is sketched. Section three contains a brief account on hybrid 

modelling as one ingredient to arrive at models suitable for Pareto optimization. The 

final section of this summary consists of an outlook to future work, A reprint of the 

author's most important publications dealing with Pareto optimization and decision 

making in process design can be found in the appendix. 
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Only few literature references are given in this main text; for further reading, the reader 

generally is referred to the original papers reprinted in the appendix.



17 

2 Conceptual Scope of Methods and 

Algorithmic Implementation 

Model-based process design is a multicriteria problem with different cost and gain func- 

tions as motivated in the preceding section. Additionally, process design is a multiscale 

problem, ranging from processes on a laboratory scale over miniplants up to worldscale 

production processes, that, again on a larger scale, are interconnected to form global 

supply chains. On each scale, not only the design itself is of interest, but also the model 

which it is built upon. Each scale has its specific design and objective spaces, and with 

those also specific demands on the decision support system. These different scales are 

summarized in Figure 2. 

Substance properties Unit operations Production processes  Process networks 

J k.s J_.;,r.( 

Figure 2: Scales of process design. On the left hand side, the context of the models is 

given; on the right-hand side, the scale of their industrial application. 

In the following, the contributions of this work to the different scales in process design 

are summarized. 

e Substance properties: The goal of substance property modelling is the predic- 

tion of macroscopic observables. Technically, this is achieved either by molecular 

models or by phenomenological models. Both model types depend on parame- 

ters that are chosen such that the values for the predicted macroscopic variables 

agree as closely as possible with the measured ones. Mathematically, this task 

constitutes a multiple output regression problem: A sum of weighted least squares 

containing the differences between different model predictions and the correspond- 

ing measurements has to be minimized subject to the model constraints. This 

model constraints make the regression problem multicriteria [Forte et al., 2017a],
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which can lead to competing objectives given by the different contributions to th'e 

weighted sum of least squares. Thus, instead of dealing with one -fixed model,‘ it 

scems advantageous to describe substances by a model library. suited to predict 

different behaviours. Although this is not the main contribution of this work, it 

shows that the concept of Pareto-optimization is helpful also in this context. The 

characterization of substance properties is mostly done under laboratory condi- 

tions, with advanced measurement equipment. 

Unit operations and production processes: These are typically modelled 

within flowsheet simulators. The most common model for deseribing separation 

processes is the stationary equilibrium stage model, based on the MESH-equations 

encoding mass and enthalpy balances, phase equilibrinm and closure conditions. 

Due to the phase equilibrium conditions, these equations form a nonlinear system. 

Each unit operation is modelled by a sequence of one or several equilibrium stages. 

The model of a complete production plant is then a network of unit operations. 

This set-up can be extended to different model approaches, like the inclusion of 
transport phenomena to describe non-equilibrium conditions, or time-dependent 
hold-ups to cast dynamic process modelling. On the one hand, cost functions to be 
minimized are typically OPEX and CAPEX, but also the ecological footprint or 
toxicity [Asprion et al., 2015b]. Even these can be in conflict amongst themselves: 
With flexible, i.c. time-dependent energy prices, the most energy-efficient design 
does not need to be equal to the most cost-efficient design [Nowak et al., 2015, 
Krieg et al., 2016]. On the other hand, gain functions to be maximized are, for 
example, product purities, or product quantities meeting as accurately as possible 
the demand [Burger et al., 2014]. These are in conflict with the cost functions, 
but also among themselves. For example, it will in general be difficult to assert 
the highest product qualities for different product quantities. Model-based opti- 
mization of unit operations and production processes is done either for existing 
production processes [von Kurnatowski et al., 2017] or for miniplants where the 
feasibility and the scale- up of processes is investigated. 

Process networks: Final products, e.g. for the consumer m 
special ingredients from different specialized comp 
according to a certain order under certain condition 

arket, involve many 

anies, that must be processed 
i s. Scheduling the production of single sites and operating supply chaing involving s 

ticriteria problems as well: Here, the cost functio 
and delivery facilities, whereas the gain functions 
ery da.tcs and a high availability of the products, irrespective of varying demand or availability of educts. Mathematical optimization t which under certain conditions can bhe formul 

everal production sites are mul- 

ns include expenses for storage 

are a high adherence to deliv- 

echniques for this problem, 

ated as a linear optimization prob-



2 Conceptual Scope of Methods and Algorithmic Implementation 19 

a) 

Optimization problem 

Scalarization engine 

Nonlinear optimization solver 

Reliability Par 1 e 

‘ Reliability Par 2 posssy 4 | 
Product quallty p———ef ¢ 

I Simulation Engine I | Linear Solver | I Data managerJ 

Figure 3: a) Sketch of software architecture of Pareto optimization and decision sup- 

port tools. The numbers at the arrows are explained in the main text. b) 

Components of the decision support system. 

lem, are well known [Birewar and Grossmann, 1989] and are still explored further, 

for example, to take uncertainties into account [Guillen-Gosalbez and Grossmann, 

2009]. In this work, neither process networks nor production schedules are con- 

sidered, but the scientific and industrial interest to extend the methods presented 

in this work to these questions as well is high. 

The algorithmic implementation of the Pareto optimization and decision support tools 

was done according to the scheme visualized in Figure 3 a), cf. also [von Kurnatowski 

et al., 2017]. The optimization problem consisting of objectives, design variables and 

constraints is defined by the user, ¢f. arrow number 1 in Figure 3a). Additionally, 

the user defines the accuracy to which the Pareto boundary should be resolved. This 

accuracy measures the error made when linearly interpolating between Pareto points 

compared to moving on the true Pareto boundary. A data manager passes this problem 

to the scalarization engine (arrow number 2) which transforms the problem according 

to an adaptive scalarization scheme to a single criteria optimization problem with a set 

of scalarization parameters. A nonlinear optimization solver receives this optimization 

problem from the scalarization engine (arrow number 3) and then asks the simulation 

engine - in our case the flowsheet simulator - for function and gradient information until 

convergence is reached, cf. arrow number 4. The result is then given back to the data 

manager (arrow number 5) which stores the Pareto point - that is, the coordinates in
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objective and design spaces as well as the values of all other process variables - in a data 

base, The scalarization engine then determines the next set of scalarization parameters, 

until convergence of the adaptive scalarization scheme is reached. This means that the 

Pareto boundary is known within the requested accuracy. 

Each of the components whose interaction is shown in Figure 3 a) implements sophis- 

ticated algorithms to make the problem tractable from a mathematical, but also from 

a numerical point of view. At the core is the nonlinear optimization solver. Different 

optimization strategies for nonlinear problems are known [Biegler, 2010]. The challenge 

of model-based process optimization does not only stem from the nonlinearities, but 

also from the size of the system, which for industrially production processes can easily 

contain several tens of thousands of equations. Special techniques to deal with this 
situation were developed for this situation [Wiichter and Biegler, 2006]. 

The components of the interactive decision support system are shown in Figure 3 b). 
For each objective, its value range obtained from the Pareto points stored in the data 
manager is made available. The user can then navigate on the Pareto boundary in 
objective space by dragging interactive user elements like sliders. This triggers the 
solution of a linear optimization problem, which updates the positions of the other 
sliders on the convex hull of the Pareto points. All other quantities like design and 
further process variables are updated during the navigation process as well in real time. 
Details are given in [Bortz et al., 2014]. 

A navigated solution is exact only within the approximation accuracy of the Pareto 
boundary. Thus it is also possible to trigger the run of a rigorous simulation for a given 
navigated solution, as indicated by the dashed arrow in Figure 3. This can be a single 
run, taking as design variables their navigated values, or also an optimization run, in which a Pareto-optimal solution close to the navigated solution is sought for.
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3 Model Uncertainties 

The reliability of the Pareto optimization depends on several factors: First of all, the 

model itself is a concern. In a second place, also algorithmic issues play a role, like the 

accuracies of the simulation engine, the optimization solver and the scalarization engine 

(cf. Figure 3 b)). Here we assume that the algorithmic issues can be solved in principle 

- which still can be a significant challenge. The focus of this section are uncertainties in 

the model itself. These can have two origins: 

e The model parameters are not chosen appropriately. 

e The model structure is inadequate or insufficient. This can be for example the 

case if the equilibrium stage model is used to describe a non-equilibrium situation 

like a narrow-boiling mixture. 

In this work, uncertain model parameters are dealt with by scenario generation tech- 

niques. Different such techniques have been analysed and implemented to represent 

those uncertainties, among them deterministic and stochastic ones [Asprion et al., 2015a, 

Bortz et al., 2015b, Asprion et al., 2017a, Bortz et al., 2017|. In each step of the opti- 

mization solver, i.e. for fixed design variables, the objective functions for the different 

scenarios are calculated. A measure for their dispersion can then be obtained and can 

also be included into the Pareto optimization as one objective function. Alternatively, 

the worst case of all objectives among all scenarios can be taken as objective, which is 

robust in the sense that under fluctuations of the uncertain model parameters, no worse 

value in any objective will be obtained. 

The analysis of the impact of different model structures has also been carried out [As- 

prion et al., 2017a]. This is done by Pareto patches, a concept that also provided useful 

when comparing different process designs according to different criteria [Burger et al., 

2014]. This means that one could, for example, perform Pareto optimization for differ- 

ent models separately, where the objective space consists of distance measures between 

measured and simulated guantities, and the design space is spanned by the model pa- 

rameters. It would then become transparent which model reproduces which measured 

data better. Furthermore, Pareto optimization of process designs can be done using 

different models, again resulting in different Pareto patches. The distance between the 

patches is then a measure for the uncertainty resulting from the model choice.
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If the model uncertainties are too big, and one has the opportunity to record data from 

additional measurements, then these measurements should be made under such condi- 

tions that the information that they provide in order to reduce the model uncertainties 

is maximal. This is the well-known task of model-based design of experiments. Different 

information measures are known in the literature (see, for example, [Franceschini and 

Macchietto, 2008] and references therein), and maximizing them amounts to a nonlin- 

ear optimization problem. When it comes to models of chemical process designs, for 

example of miniplants or production processes, additional process-related criteria, like 

the product purity or product streams, are important as well. The key idea presented 

in [Bortz et al., 2015b, Forte et al., 2017b], [Bortz et al., 2016] is to use Pareto optimiza- 
tion maximize both selected sensitivities and to meet the process-related criteria as well, 
This Pareto optimization is done based on a single design for each Pareto point. Then 
a user-defined restriction using the decision support system shown in Figure 3 b) is pos- 
sible resulting in lower and upper bounds for each design parameter. These bounds are 
then used to calculate a model-based experimental plan by maximizing a scalar measure 
of the Fisher matrix, now as a function of as many designs as experirnents are to be 
carried out. 

In [Bortz et al., 2018], the prediction errors in objective functions resulting from a 
previous model adjustment based on least squares estimators are used as the model- 
related objectives in the Pareto optimization. These prediction errors are well-suited in 
this context: They carry both the information about the previous experiments in them, 
as well as the design point at which the objective functions are actually calculated.
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4 Industrial Applications 

Adaptive Pareto optimization and interactive decision support as presented in this work 

was applied to the design of miniplants [Bortz et al., 2015b, Forte et al., 2017b] and 

worldscale production plants [Burger et al., 2014, von Kurnatowski et al., 2017] in chemi- 

cal industry. For reasons of confidentiality, gains in energy efficiency and product quality 

due to the application of Pareto optimization and decision support cannot be disclosed 

in all cases. However, the article [von Kurnatowski et al., 2017] shows that energy 

savings above 10 % are possible even for existing chemical production processes by a 

redesign. 

Considerable energy savings were achieved by adjusting the design and operation of 

public drinking water suppliers [Nowak et al., 2015, Krieg et al., 2016]. Here, the 

process consists of the delivery of drinking water, starting from the water reservoirs, 

to the waterworks and water treatment plants, up to the water storage tanks and the 

consumers. The objectives are to minimize CAPEX and OPEX, consisting of: 

i) The invest of buying and installing pumps. 

ii) The invest of installing water storage tanks and the operational cost to maintain 

them. 

iii) The cost to run the pumps, consisting of the price for electricity. 

iv) Life cycle cost for maintenance and servicing. This also includes to minim
ize the 

number of switching operations, for each switching operation contributes to the 

wear and tear of the pumps. 

v) Holding available reserves for droughts or for fire water. 

These objectives are at least partially in conflict: For example, 
no storage tank would 

be needed if the pumps would be operated exactly according to the demand. However, 

this would generally need many switching operations, and 
could also compromise fire 

water reserves. 

Contrary to the applications in chemical industry, a new model that was based on pump 

and water work characteristics was built. These characteristics describe the pressure- 

flow-dependence of the pumps and of the water networks. The design
 variables (number
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and type of running pumps, speed of the pumps, filling level of the storage tanks) are 

discrete or were discretized in order to meet practical requirements for their realization, 

In this case, there are time-dependent model parameters (e.g. the water consumption), 

but also fixed ones (e.g. the topology of the water supply). For the optimization 

solver, a branch and bound algorithm was implemented. In a dialogue with waterworks, 

the user interface was adjusted such that all relevant information for the operator is 

available. The decision support system is now running in German waterworks. It lead 

to an exchange of pumps and a more energy efficient operation of water storage tanks. 

Compared to the situation before, energy savings above 20 % could be realized.
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5 Modeling aspects 

Pareto optimization needs many model evaluations. Therefore, it is important that 

the model suits the optimization solver. In this section, three aspects of this work 

are highlighted that contribute to a more reliable and faster solution of the Pareto 

optimization problem. 

5.1 Reformulation of the MESH-equations 

In the case of Pareto optimization of chemical process designs, the model builds upon 

the MESH-equations. Industrially relevant production processes are described by several 

hundred equilibrium stage units and can be operated with more than fifty substances. 

The nonlinear system thus resulting contains several ten thousand process variables, 

which however are not completely determined by the MESH-equations. 

To obtain a solution, further equations, so-called specifications, must be provided by 

the user, until the number of equations equals the number of variables. The variables 

involved in these specifications are the design variables. In flowsheet simulators, the 

solution of this system is obtained by simultancous or sequential-modular methods. In 

both cases, starting points are needed. The closer the starting point to the actual 

solution is chosen, the more reliable and faster the methods converge. 

When it comes to optimization, the user relaxes some specifications from equalities to 

box constraints. These are the design variables that the optimization solver can act 

upon. However, as long as the coupling is as loose as sketched in Figure 3, each time 

the optimization solver calls the simulation engine to deliver some function or gradient 

information the system of equations is solved by the simulation engine alone. That is, 

the optimization solver never has the complete information on all model constraints. 

For a high-performant optimization solver capable of efficiently processing sparse Jaco- 

bians and Hessians, it is possible to declare the full set of MESH-equations as equality 

constraints. However, such a solver is not always available in industrial ap
plications, 

and, furthermore, many of the process variables are determined by 
the MESH-equations 

anyway.
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It thus seems natural to look for a reformulation of the MESH 
equations that allows 

the optimization solver to act on the free design variables directly, without the need to 

define and afterwards relax specifications. 

Such a reformulation was obtained in [Hoffmann et al., 2017] for distillation columns. 

Within the equilibrium stage model, distillation columns are described by sequences 

of equilibrium stages, each interacting with two neighbours, except the lowest and the 

highest stage. By reformulating the MESH-equations according to a fixed-point itera- 

tion scheme, all process variables between the lowest and highest stages are obtained 

with a mathematically proven convergence rate. The outer variables describing the feed 

and product streams are available as design variables for the optimization solver. Com- 

parison of this approach to a flowsheet simulator based on the simultaneous solution of 

the MESH-system yiclded promising results. 

5.2 Asymptotic models 

Having an approximate insight into the influence of important design variables on the 

objectives is extremely helpful to provide reasonable starting values and judge the results 

of the optimization solver. 

One approximation scheme consists in simplifying the rigorous model when certain pro- 
cess variables tend to their limiting values. In the oo/eo-model, that is in the limit of 
infinite reflux and infinite number of equilibrium stages, the feasible range in the de- 
sign space of distillation columns is known explicitly [Ryll et al., 2012| and can even be 
linearized, which makes it ideal for optimization studies. 

For practical applications, the question how to deduce information about the variables 
missing in the oo/eo-model - namely reflux and number of equilibrium stages - but re- 
quired in the rigorous MESH-model is crucial. In this work, this question was addressed 
by using an asymptatic expansion around the oo foo-limit [Bortz et al., 2015a). At infinite 
reflux, the number of equilibrium stages needed to asymptotically approach a stationary 
point in the vapor liquid equilibrium phase diagram was calculated. It was found that 
these numbers only depend on the mixture properties and can thus be deduced from 
them without any flowsheet topology. 

5.3 Hybrid modeling 

Having a complete flowsheet model based on the MESH-equ ; ations is, for industrially relevant production processes, still rather an exception than a rule. The reasons can be:
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o Not all substances in the mixtures are known. 

¢ Not all thermodynamic mixture properties are known. 

e In reactive systems, not all reaction kinetics are known. 

e Unit operations cannot be described with sufficient accuracy. 

Often, additional experiments in the laboratory are too time-consuming or just im- 

possible, because, for example, there is not enough knowledge about which secondary 

components are involved at all in a reaction network. Thus a model of an entire pro- 

duction process which is an essential prerequisite for Pareto optimization is missing. 

Still, process data exist from different sensors (temperature, pressure, flowrates, compo- 

sitions). In how far statistical methods to extract data-driven models can complement 

the existing, but patchy physical models is the question that is addressed by hybrid 

modelling. 

There is no general answer that can be given to that question. Rather, the answer 

depends on the type of process considered, on how large the patches in the physical 

models are and on the amount, quality and diversity of the available process data. 

Since no general answer is possible, a workflow was established and software tools de- 

veloped to support hybrid modelling [Asprion et al., 2017b]. This workflow is flexible 

concerning to what extent process data are used. In one extreme, the complete process 

can be modelled in principle by statistical learning methods like regression or artifi- 

cial neural networks. In the other extreme, only parameters of the otherwise known 

MESH-equations are adjusted in order to match simulation results and measurements. 

One typical example considered in [Asprion et al., 2017b] is a Cumene production process 

involving a reaction taking place in a tubular reactor, followed by a distillative separatio
n 

sequence. Insufficient information on the reactions is assumed, but reconciled 
process 

data allowed an artificial neural network to be trained in order to mode
l the reactor. 

This leads to a model of the entire process, for which also Pareto optimizatio
n studies 

could be successfully performed.
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6 Conclusion and Outlook 

Adaptive Pareto optimization and interactive decision support proved to be versatile 

approaches for the improvement of process designs. Their assets are: 

¢ Numerically efficient calculation of Pareto points as supporting points allowing a 

reliable, interactive exploration of the Pareto boundary in real time. 

e Identification of regions with small trade-offs leading to quick wins, compared to 

those regions where the trade-offs are important. 

e Transparent comparison between different design options, both within one flow- 

sheet, but, using Pareto patches, also between different flowsheets or different 

model approaches. 

o Slim software interfaces to enable usage in different application contexts. 

To maximize the benefit from these assets, it is advantageous to exploit the model 

hierarchy and model structure and to tailor the optimization algorithms accordingly. 

Tt goes without saying that there is ample room for further directions of research. Three 

such directions are mentioned in the following. 

The first direction aims at an even more intuitive assistance for exploring the Pareto 

boundary. Especially in high dimensions of the objective space, it becomes obvious 

only during the navigation process where significant and where negligible trade-offs are 

expected. These regions could be identified before and highlighted to the user. 

The sccond direction focusses on the improvement of the optimization runs. In practise, 

this is often enough still a serious problem due to convergence issues. On the one hand, 

the reformulation of the MESH-equations of a distillation column as fixed-point 
itera- 

tions offers more possibilities than exploited so far: Performing the iterati
ons alternately 

from bottom to top and vice versa, it might be possible to efficiently 
identify the feasible 

range of the design variables. On the other hand, machine-learning algorithms m
ight 

contribute to gradually learn the dependence of objectives on the design variabl
es. This 

statistically learnt knowledge could be helpful in order to guide the optimization
 solver 

and to avoid steps into infeasible ranges in design space, without getting stuck in 
local 

optima and to accelerate convergence to the global optima.
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The third aspect addresses the availability of process models, especially for large pro- 

duction plants. Often enough, in industrial practise, not all unit operations can be 

described by physical models with the same accuracy. For example, missing knowledge 

ahout reaction kineties can lead to an insufficient model of a chemical reactor, whereas 

at the same time, the thermodynamic parameters may be known sufficiently well to be 

used in an equilibrium stage model for a distillative separation. However, if process 

data are available, there are chances that the blind spots of the physical model can be 

filled by statistically learned model components. That is, if one thinks of a chemical 

production process as a network of unit operations connected by streams, some of these 

units could be described rather by data-driven approaches, whereas other units are mod- 

elled by physics like the MESH equations, for example. One possible realization is the 

incremental model identification [Bardow and Marquardt, 2004, Kahrs and Marquardt, 

2007]. Its implementation and application to industrially relevant flowsheets has been 
demonstrated recently [Asprion et al., 2017b]. Still, this hybrid modelling scheme is a 
topic of intense research. Of special importance is the parameter identifiability, model 
discrimination and the predictive power of these models. All these questions are of high 
relevance to guarantee the reliability of multicriteria optimization studies.
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Appendix 

Paper I: Multi-criteria Optimization in Chemical 

Process Design and Decision Support by Navigation 

on Pareto Sets [Bortz et al., 2014]
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an entrainer distillation. 

Designing chemical processes is a multi-criteria optimization problem with conflicting objectives. It can 
efficiently be solved using Pareto sets. These sets contain all solutions for which an improvement in any 
objective can only be achieved by accepting a decline in at least one other objective, This work integrates 
a novel algorithm to determine Pareto sets in a state-of-the-art steady-state flow sheet simulator. An 
approximation of predefined accuracy of the Pareto set, which can be convex or non-convex, is calculated. 
The decision maker can then navigate interactively on the Pareto set and explore the different optimal 

solutions. His decision is, hence, embedded in the knowledge of the entire Pareto set. The application of 
the method is illustrated by an example in which a distillation process for the separation of an azeotropic 

mixture (acetone + chloroform) is designed. Two process variants are compared: a pressure-swing and 
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1. Introduction 

Optimization in chemical process design is usually not focus- 
ing on just one economic objective. Rather, two levels of objective 
criteria ave aften considered: design criteria and final decision crite- 
ria, The first group contains, for example, product purities, column 
dutiesand reboil ratios. The second group consists of hard economic 

objectives like investment and operating costs, often more softer 
environmental issues as sustainability key figures and objectives 
regarding health and safety. Thus, almost every design decision in 
process engineering is a compromise between multiple conflicting 
objecrives, 

In practical process design, the engineer often tries to find an 
optimal solution in the multi-dimensional objective space by an 
empirical iterative change of the process parameters in the design 
space. Usually, this procedure is continued until either a solu- 
tion is found which fulfills certain requirements, or some deadline 
is reached where a solution has to be delivered. This procedure 
may lead to good results, however, no guarantee on optimality 
can be given. Furthermore, the empirical optimization only covers 
restricted areas in both the design and objective space, so that only 

* Corresponding author. Tel.: +49 631316004532. 
E-mail address: michael borz@itwm.fraunnofer.de (M. Bortz). 

0098-1354/ - see front matter © 2013 Elsevier Ltd. All rights reserved. 
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limited information on the trade-offs between the different objec- 
tives is available and the decision cannot be based on an overview 
of the full solution space. This limitation may lead to overlooking 
interesting solutions. 

it is by far not necessary 1o calculate all feasible solutions. In 

principle, only best compromises need to be studied. These are 
solutions where an improvement in any objective can only be 
achieved by accepting a worsening in at least one other objec- 

tive, The respective solutions are called Pareto-optimal (Geoffrion, 

1968) and the set comprising all these solutions is the Pareto set, 
often also called the Pareto frontier because the Pareto set lies on 
the border between feasible and infeasible solutions. 

A common strategy to find single Pareto-optimal solutions is 

to weight the objectives and subsequently optimize the weighted 

sum. A drawback of this approach is that the weights have to be 
chosen beforehand, As the choice of the weights is ambiguous, 
many solutions will not be accepted without exploring alternative 
chaices. Hence, this approach is, in practice, atso empirical and iter- 

ative, Furthermore, it is difficult to extend this approach to “soft" 

objectives, describing safety, environmental, sustainable, or social 
issues. These are difficult to weight and compare directly to tech- 

nical or economic objectives, Moreover, not every Pareto-optimal 
solution can be found by the weighted sum approach: namely if 
th?} Pareto set is not convex (Chankong & Haimes, 1983; Haimes. 
1977).



M. Bortz et al. / Computers and Chemical Engineering 60 (2014) 354-363 355 

The chemical engineering literature describes many algorithms 
to determine Pareto-optimal solutions more systematically and 
efficiently than the weighting approach. They can be classified in 
deterministic and stochastic algorithms. Deterministic algorithms 
on the one hand, like for example derivative-based methods, are 
time-efficient and yield accurate results for the optima, how- 

ever, they usually only find the local optimum related to the 
starting point. Examples of deterministic algorithms in process 

design are goal programming techniques (Chakraborty & Linninger, 
2002), including the e-canstraint method (Hugo, Ciumei, Buxtan, 

& Pistikopoulos, 2004), or weighting approaches with methodical 
variation of the weights (Lim, Floguet, Joulia, & Kim, 1999). On 
the other hand, stochastic algorithms try to find the global opti- 
mum by sampling large areas of the objective space, which also 
leads to time-consuming and less accurate procedures. For exam- 

plesof stochastic algorithms in process design see Gutirrez-Antonio 
and Briones-Ramirez (2009), Levland (2002), or Micovic, Beierling, 

Lutze, Sadowski, and Gérak (2013). Evolutionary approaches in par- 
ticular are intensively used for stochastic algorithms as they can be 
applied straightforward to any process simulation, are robust and 
somewhat insensitive to local optima. For general reviews and clas- 
sifications of algorithms to find Pareto-optimal solutions the reader 
is referred to Andersson (2000), Bhaskar, Gupta, and Ray (2000}, or 

Rangaiah (2008). 
There have also been efforts to create multi-purpose numerical 

tools which apply multi-criteria optimization techniques to arbi- 
trary models in a black box. An example is the commercial tool 
modeFRONTIER! that has been successfully coupled to chemical 

process simulators (Altendorfner, 2008). To ensure robustness the 
software uses an evolutionary algorithm. Using this type of algo- 
rithm the user has to accept, however, a computationally expensive 

calculation, and gets only an approximation of the Pareto set. Addi- 
tionally, the accuracy of this approximation is not known. 

Hakanen, Hakala, and Manninen (2006) presented an inter- 
active tool that couples a process simulator and a deterministic 
multi-criteria optimization algorithm. To avoid an expensive 

approximation of the complete Pareto set they use an interactive 
algorithm: individual Pareto optimal points are subsequently cal- 
culated until the user terminates the algorithm. Thereby, the user 

specifies the search direction by updating constraints on the objec- 
tives. The major drawback of this interactive method is that the 
user only explores parts of the Pareto set. Which parts of the Pareto 

set he explores is samewhat intuitive and dependent on the user’s 

experience, 
Inthis work we present a tool, which couples a commercial pro- 

cess simulator with multi-criteria techniques and overcomes the 

earlier mentioned drawbacks related to calculation speed, accuracy 
and Pareto set exploration. The work is inspired by the concepts for 

determining and visualizing the Pareto set reviewed by Kiifer et al. 

(2009, chap. 5). The basic idea is to first, efficiently determine an 

approximation of the complete Pareto set of a given chemical pro- 
cess design problem. This allows the decision maker to focus his 
attention only on relevant solutions, so that the decision process 
is facilitated. We calculate the approximation of the Pareto set by 

using a combination of evolutionary and efficient derivative-based 
algorithms. During a short initial evolutionary phase, a variety of 

starting points close to the expected Pareto surface is generated. 

From these starting points, a sequential quadratic-programming 
algorithm is applied to find the Pareto points. We calculate only a 
minimum number of Pareto points to approximate the full Pareto 
set to an accuracy which is set by the user a priori. Unneces- 

sary computationally expensive simulations are thus avoided. The 

! Product of ESTECO, Trieste, Italy. 

Pareto points are calculated using a method which combines a 

sandwiching and a hyperboxing algorithm. Therefore, also non- 
convex Pareto sets can be efficiently approximated. 

The decision maker can then interactively explore the Pareto set 
by navigating with a graphical user interface (GUI). Graphical slid- 
ers are used for this purpose, each corresponding to one objective. 
By moving one slider, the other sliders are updated in real time, 
i.e., information on the trade-offs between the best compromises 
is directly visualized. Further, the GUI allows a simultaneous visu- 
alization of different Pareto sets which enables comparing different 
variants of the process based on different flow sheets. The areas that 
are explored can successively be restricted to those which are iden- 
tified as the most promising. Thus, we postpone the restrictionto a 
limited area of the decision space until the decision maker has got 
insight into the complete set of optimal solutions. This interactive 
multi-criteria optimization (IMCO) maintains full flexibility until 
the final choice of the design point. This choice is, hence, embed- 

ded in the knowledge of alternative designs. All choices are left to 

the decision maker, who is efficiently supported by the tool in all 
steps of the design. 

The tool can in principle deal with an arbitrary number of objec- 
tives in calculation as well as in visualization. As itis integrated into 
a state-of-the-art process simulator, its applications range from 
optimization of single apparatuses up to the design of new plants. 
Rather than treating the simulator as a black box model, the algo- 
rithms are directly coupled with the flow sheet solver which leads 
to high speed and robustness. This could in principle be done with 
any state-of-the art process simulator, provided that the source 
code is available. For reasons explained below in more detail, it 
cannot be expected to achieve a similar perfermance if the process 
simulator is only addressed as a black box. 

In the following, we first describe the MCO methods used in 
the present work together with their implementation, and then 
illustrate their application in a case study in which two processes 

for separating chloroform from acetene are compared: an entrainer 
and a pressure-swing distillation. 

2. Method for MCO in chemical process design by 

navigation on Pareto sets 

2.1. Overview 

The MCO chemical process design problem which is addressed 

in the present work is of general nature, In principle, any problem, 
for which a process simulation can be set up, can be addressed. The 
MCO methods described in the present work were implemented in 
CHEMASIM, a steady-state flow sheet simulator which was devel- 

oped and is maintained by BASF SE (Hegner & Schoenmakers, 1985). 

The methods are generic in the sense that in principle any other 

flow sheet simulator could have been used. The main reason to 

choose CHEMASIM was that it is an equation-oriented simula- 

tor thus allowing for flexible and unified handling of all model 

parameters/variables and also providing fast convergence by suit- 

able initial guesses. Furthermore, the source code was avai{ab_le 

for the present study and CHEMASIM developers were able to join 

the team. Other advantages of CHEMASIM are its efficiency and 

robustness? which make it a good choice for the endeavor. 

Fig. 1 shows a scheme of process optimization based on pro- 

cess simulation and serves for defining the nomenclature used in 

the following. The process simulation has input variables, some of 

2 To solve the non-linear model equations, a set of process varia
bles as a start 

point has to be given to the solver. Empirically we found that the CHE
MASIM solver 

is more robust to perturbations in this start point and converges faster than oth
er 

pracess simulators. Both properties are crucial during the optimizatio
n process.
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Fig. 1. Scheme illustrating the interaction between process simulation and opti- 

mization. 

which are set a priori and remain unchanged in the optimization 
(set design variables s). The remaining design variables are free and 
subject to variation in the optimization (free design variables f). The 
sets of design variables s and f together determine the design. The 
free design variables span the design space. Other process variables 
are calculated in the process simulation. All variables of the process 

simulation (design and calculated) are called process variables x. 
The process variables are used for the evaluation of the process 
which vyields the objectives p. The objectives may contain process 
variables like heat duties but also derived properties like capital 

expenditures (CAPEX) and operational expenditures (OPEX). These 
abjectives are generally conflicting, and span the decision space. 
Process specifications are introduced either simply by assigning 
numbers for set design variables s of the process simulation or in 

the course of the optimization by imposing constraints on any pro- 
cess variable x. These constraints can be equalities or inequalities. 
Variables may be continuous or discrete. 

For Pareto based MCQ, both the design and the decision space 
need to be defined. In many applications, the dimension of the deci- 

sion space will be lower than that of the design space. The Pareto 
set is a part of the decision space. Its determination is explained in 
more detail below and involves going through the cycle shown in 
Fig. 1 a number of times. The optimization then finally yields the 

Pareto set on which the decision maker selects a “design point”. 
That point is firstly an element of the Pareto set in the decision 
space. But from the way the Pareto set is determined it follows 
that for any element of the Pareto set, a corresponding element 
in the design space is known. So after choosing a design point on 
the Pareto set in the decision space the corresponding point in the 
design space is known. Generally, there may be mare than one ele- 
ment in the design space corresponding to a given element of the 

Pareto set. If such multiplicity occurs the alternatives must be sub- 
Jected ro a more detailed analysis to choose a final process design. 
As the Pareto set is only approximated in the course of the opti- 
mization, the chosen design point generally is not a Pareto point 
itself. Thus, a final process simulation is carried out and, optionally, 
a slight adjustment of the free design variables can be done so that 
the design point satisfies the Pareto conditions. 

The MCO method for chemical process design developed in the 
present work consists of three successive steps: 

¢ First, the MCO problem is set up: the process simulation model is 
supplied and both the design and the decision space are defined, 

* In a second step, the Pareto set of the problem is determined, 
including non-convex regions, if present. The result is an approx- 
imation of the Pareto set within a predefined arbitrary accuracy. 
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o Third, the data are visualized in a GUI which allows the decision 
maker to explore the Pareto set and its trade-offs between the 

different objectives by using graphical controls. Based on this, 
the design point is selected and optionally reoptimized. 

In the following, these three steps will be explained in more 

detail. 

2.2. MCO problem set up 

The set up of the simulation itself is standard and not discussed 

here. The main task in the first step is to suitably define the design 
and decision space. The definition of both the design and the deci- 

sion space is ambiguous. For a given practical process design task, 
it may turn out to be useful to explore different choices for the 

design and decision variables. The number of design and decision 

variables should not only be limited for computational reasons but 
also in order to keep the dimensions of the according spaces so low 
that a reasonable navigation by the decision maker is possible, The 

definition of the design and decision space does not only include the 
choice of the variables but also the definition of their bounds. Set- 

ting bounds too narrow may exclude interesting solutions, setting 
them too wide is not favorable for the computational performance. 

Typical examples of variables in the decision space are either 
process variables (like heat duties) or variables obtained as a func- 

tion of process variables (like OPEX or CAPEX). The latter will often 
be determined by post-processing the process simulation results. 

Soft objectives, like safety, environmental, sustainability, or social 
issues can be included explicitly, e.g. by numeric index systems 
(Azapagic, Millington, & Collett, 2006; Othman, Repke, Wozny, & 

Huang, 2010). As no weights have to be assigned, it is not critical to 
mix such indices with objectives describing technical or economic 

properties, as the ones mentioned above. 
Objectives that are not included in the decision space during the 

determination of the Pareto set (due to minor importance or for the 
sake of keeping numerical efforts small) can still be calculated and 
displayed during the navigation. They are welcome to guide the 
decision maker in his choice among the mathematically equivalent 

Pareto-optimal solutions. 

2.3. Approximation of the Pareto set 

In order to reduce computational expenses in the numerical 
approximation of Pareto sets, only the minimal number of points 

should be calculated which is necessary to approximate the Pareto 

setin the region of interest with a sufficient accuracy. Since the opti- 
mization problems considered here are generally non-convex, an 

algorithm was developed that efficiently samples both convex and 
non-convex regions of the Pareto set. That algorithm is outlined in 
the following, details are published in Hernindez (2012). The two 
scalarizations used here, the weighted sum and Pascoletti-Serafini 

scalarizations, are explained in Appendix A. 
Motivated by our practical experience we assume that signifi- 

cant non-convexities do not occur frequently, and that most regions 
of the Pareto sets are convex. The basic idea is to use a sandwich 
approximation method which is able to approximate the convex 

partofthe Pareto set efficiently. Once a certain approximation qual- 
ity is achieved there, candidate regions for non-convex behavior 
are identified and tested for non-convexity. Finally, the non-convex 

regions are sampled using a hyperboxing scheme. 
The sandwich approximation method creates successively inner 

and outer approximations to the Pareto set by using a weighted 
sum scalarization to calculate Pareto points. The weight vectors 
are the normals to the supporting, tangential hyperplanes of the 
Pareto set at the calculated points. These hyperplanes represent 
the outer approximation. The inner approximation is found from
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Fig. 2. Sketch of approximating the Pareto set by the sandwich method for two objectives A, B. Full circles denote Pareto points, the open circle is the Nadir point. The dotted 
line shows the (unknown) Pareto set, full (dashed) straight lines illustrate the outer (inner) approximations. The intersection points I and 0 are used to compute the sandwich 
quality, details are given in the main text. 

the close-by facets of the convex hull of the Pareto points. New 

Pareto points are added as long as the difference between outer 
and inner approximation — the sandwich - is still beyond some 
arbitrary but fixed threshold, i.e. the desired approximation quality 
55. The basic idea of the algorithm is sketched in Fig. 2 and works as 

follows (Hernandez, 2012; Klamroth, Tind, & Wiecek, 2002; Kiifer 
etal.,, 2009, chap. 5; Solanki, Appino, & Cohon, 1993): 

1. Find the extreme compromises and therefrom construct the 
Nadir point,® which serves as the reference point for determining 
the approximation quality, cf. panel a) in Fig. 2. 

. Calculate the outer and inner approximations to the Pareto 
bound from the computed Pareto points, shown in panels b) and 

c) of Fig. 2. 
. Determine the quality of the current approximation. This is done 
as follows: for each facet, the distance between the inner and 

the outer approximations with respect to the reference point is 
calculated. This is schematically shown in Fig. 2: here, these are 
the distances between the reference point and points I (0) for 

the inner (outer) approximation, respectively. In each step, the 
maximum of the ratio between outer and inner distances is taken 
as the current approximation quality os. 

If a5> 85, compute the Pareto point that corresponds to the 
weighted sum with weight vector perpendicular to that facet 
and go to 2, otherwise stop. 

[¥
] 

w
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Naively, one would expect the number of Pareto points needed 
for a satisfactory approximation grows exponentially with the 
number of objectives. In practice, however, objectives are often 

correlated, because of the correlations between the different appa- 

ratuses in a flow sheet. A large number of case studies were 
conducted in collaberation with the industrial partner to gain prac- 
tical experience with the method. Based on these studies, we found 

that the number of Pareto points needed for a sufficient approxi- 
mation quality (usually &; in the range of 1.02-1.10 is acceptable) 
increases often only about linearly with the number of objectives, 

which is welcome regarding the computational expenses. 
Because of the weighted sum scalarization, the approximation 

quality is valid enly for the convex regions of the Pareto set. To 
detect possible candidate regions which might show non-convex 
behavior, we take the Pareto points calculated so far and exclude 
the strictly dominated and non-dominated regions for every Pareto 
point and thus obtain hyperboxes with Pareto points on some cor- 
ners (see for example the three boxes in panel b) of Fig. 3). If the 

width of such a hyperbox with respect to the Nadir point exceeds 
some threshold 8y - here the same or a slightly higher value than &5 

3 The coordinates of the Nadir point are the worst value for each objective. 

c) d) 

Fig. 3. Sketch of the hyperboxing scheme to approximate non-convex regions of 
the Pareto set for two objectives A, B. Additionally to the symbols explained in Fig. 2, 
the tests for convexity (open squares close to the Pareto set) and the hyperboxes 
for the Pascoletti-Serafini scalarization are shown. The points / and O are used to 
determine the current approximation quality, for details see the main text. 

can be used - a candidate region for non-convex behavior is found. 
In that case, a Pareto point in the middle of the hyperbox is deter- 

mined by using a Pascoletti-Serafini scalarization. If this Pareto 
point lies to the inner of the inner approximation from the sandwich 
procedure, the Pareto bound is indeed non-convex and hyperboxes 
are constructed using the newly calculated Pareto point. The algo- 
rithm then includes the following steps* which are also illustrated 

in Fig. 3¢ 

0. The method starts with a set of Pareto points resulting from the 
sandwich algorithm, approximating the convex regions of 
the Pareto set within a known accuracy, see panel a)in Fig. 3. The 

4 These steps are essentially those which have been proposed recently 
(Hernandez, 2012), with a different quality measure than we use it here. The rea- 
son for our modification is a better comparability with the scaling factor from the 
sandwich algorithm. The reader is referred to the original work for further details.
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true Pareto set is non-convex, and the sandwiching algorithm 

suggests inaccurate approximation in the non-convex region. 

Construct the initial hyperboxes from the already known Pareto 

points and compute the current approximation quality. This is 

done as follows: the distances of the outer and inner approxima- 

tions to the Nadir point, namely the points O and | as sketched 

in panel b) in Fig. 3, are determined. The biggest ratio of these 

distances yields the current approximation quality oy 1f o4 > 8y, 

go to 2, otherwise stop. 
Test for convexity within the chosen box by calculating the 

objective functions corresponding to a convex combination of 
the set of design variables belonging to the Pareto points at the 

corners of the boxes {open sguares close to the Pareto set in the 

panel b) in Fig. 3). If the point in the decision space is within the 
sandwich (for example in the upper box in the panel b) in Fig. 3), 

exclude that box from further considerations and go back to 1. 

Otherwise, the region of the Pareto set contained in the box is 

non-convex, 

3. Find a Pareto point within the box from a Pascoletti-Serafini 

scalarization along the diagonal of the box (panel ¢} in Fig. 3). 

4, Compute new hyperboxes within the original box using the new 

Pareto point {panel d) in Fig. 3). Determine the current approxi- 

mation quality ay. If oy > 8y, go to 2, otherwise stop. 

—-
 

b
 

So far, there is norigorous proof that the quality of the hyperbox- 
ing scheme used here leads to a convergent approximation. For all 
practical purposes, however, the algorithm behaves in the expected 

way. 
The single objective function resulting both from the weighted 

sum and Pascoletti-Serafini scalarization is optimized using a 

sequential quadratic programming algorithm® which operates on 
a process simulator solving the model equations. In the presence 
of discrete optimization parameters, like the number of equilib- 
rium stages, a mixed integer sequential quadratic programming 
algorithm is used. 

The requirements on the effectiveness and, more importantly, 

the robustness of the process simulator in that application are high. 
The Pareto set describes the limit between feasible and infeasible 
solutions for given process specifications. The input parameters 
of the simulations which are necessary for the determination of 
the Pareto set are, therefore, typically close to values for which 
the simulation will no longer converge. Thus, non-convergent 
runs must be expected and handled. The accuracy that can be 
achieved for the approximation of the Pareto set may be deter- 
mined by the robustness of the algorithms used in the process 
simulation and not by the underlying process model. In the present 

work, both types of algorithms were integrated within CHEMASIM. 
Details are not discussed here as they are specific for the 
simulatar. 

2.4. Navigation on the Pareto set 

The result of the automated calculations of the hybrid algorithm 
is a finite set of points which approximate the Pareto set within a 
certain accuracy. To support the decision maker, it is desirable to 
enable a real-time navigation on the continuous Pareto set via a 
GUL In a first step, a linear interpolation between the points on 
the Pareto set is carried out. This interpolartion is not only done 
in the objective space but also in the design space. A GUI was 
developed, with which the user can navigate the interpolared solu- 
tions by moving sliders corresponding to the objectives. In the 

* The MISQP solver, cf. 
Klaus@schitrkowski.de, 

homepage www.klaus-schittkowskide, E-mail: 
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Fig. 4. Interaction of sliders operating on the Pareto set for two objectives 4, 8. 
The upper (lower) slider corresponds to the horizontal (vertical) axis. The dotted 
line represents the Pareto set, approximated by the full polygonal line, The open 
square shows the navigared point corresponding to the slider position, full circles 
are the extreme compromises. In panel b), one of the sliders is changed, and the other 
adjusted accordingly. In panel c), a restriction to the accessible values for the vertical 
axis is introduced. This reduction entails a restriction on the accessible values of the 

horizontal axis as well (gray bars on the sliders). 

following. first the exploration of the decision space is discussed, 
then we address the related exploration of the design space. 

The way the objective sliders work is illustrated in Fig. 4 for 

the simple case of two objectives. During slider change on one 
objective, a linear problem is solved such that the remaining objec- 

tives are all changed in a definite manner according to a scheme 
described in Appendix B. In this way, the complete Pareto set is 
navigable for the decision maker, who can explore visually the 

trade-offs between the different objectives. This visual exploration 
can be done in a twofold manner: on the one hand moving one 
slider causes the displacement of the other sliders according to the 
shape of the Pareto set. This interaction between the values on the 

sliders shows nicely the best compromises between the conflicting 
objectives. On the other hand, the user can restrict the range of 
the sliders. For example, one may want to prescribe that the oper- 
ating profit exceeds some lower threshold. Restricting the range 
of one of the objectives, will in general also affect the range of 

the other objectives. This restriction of the decision space is also 
visualized, yielding information on which alternatives remain fea- 

sible and which are now infeasible. Therefore, while setting up the 
MCO problem (cf. Section 2.2), it is advisable not to set constraints 
on objectives which also can be set during navigation.These con- 
straints on objectives should not be confused with constraints on 
the free design variables f. Constraints on the free design variables 
are crucial in order to define the region in design space on which 

the optimization operates in order to find the Pareto points. Notice 

that at the moment the scheme in Appendix B can only be used to 
navigate on convex parts of the Pareto set. Although non-convex 
regions of the Pareto set are approximated correctly as described 
in the precious section, the navigation is done so far on the con- 

vex hull of the set, even if non-convexities are present. Schemes 

to navigate in similar manner on non-convex regions are highly 
interesting and subject of our present research. 

In order to analyze which values of the objectives in the decision 

space carrespond to the best compromises in the design space, the 
navigation tool also contains sliders for the free design variables. 
These sliders cannot be moved actively by the user, but are adapted 
according to the slider change of the objectives. Still, the ranges of 

the free design variables can be restricted actively and are adjusted 
upon restriction of other sliders: information here is important to 

judge whether and how far the envisaged solution in the decision 
space is sensitive to a change of a certain parameter. 

Keeping track of the points in design space which belong to the 
Pareto set in decision space is crucial for the final simulation run 

by the process simulator, Namely, once a certain navigated solu- 
tion is favored, a final simulation and optimization can be done: 2 

Pareto-optimal point which is close to the navigated solution on 
the approximation is calculated by running the process simulator 

once again, starting from the navigated solution in design space. 
In this case, the Pascoletti-Serafini scalarization (see Appendix A) 
is used. For this purpose, the current navigated point in decision 
space is used as reference point. The Pascoletti-Serafini direction
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Fig. 5. Flow sheets of the pressure-swing (left) and entrainer (right) distillation processes for separating chloroform (CF) and acetone (AC). The entrainer is benzene (BE). 

points towards the ideal point with coordinates which are the best 

value for each objective calculated from the extreme compromises. 
In the remainder of this work, benefits of applying the MCO 

approach will be highlighted using an example. 

3. Comparative study of pressure-swing and entrainer 
distillation 

In this section, we apply the MCO approach described in Sec- 
tion 2 to compare two types of distillation processes for separating 

a binary mixture of chloroform and acetone into pure components. 
As these two substances form a maximum boiling azeotrope, a sep- 
aration in a simple single distillation column is not possible. Two 
variants for separating the azeotropic mixture are considered: the 
first is a pressure-swing distillation which takes advantage of the 
pressure dependency of the azeotrope. In the second an entrainer 

(benzene) is used to influence the phase behavior in a way which 
makes a separation by distillation feasible. The flow sheets for these 
two variants are shown in Fig. 5. In the pressure swing distillation 
chloroform is obtained as top product of the first distillation col- 
umn C1 which is operated at 1 bar. The bottom product of column 
C1 is a mixture of composition close to the azeotrope. That mix- 
ture is fed to the second column C2 operated at 10 bar. In column 
(2 acetone is obtained as top product, while the bottom product is 
recycled to the column C1. 

In the entrainer distillation, the first column C1 is similar to the 
first column in the other variant. The top product of column C1 
is chloroform. The bottom product of column C1 is fed to a sec- 
ond column C2. The feed is mixed with the benzene-rich stream 8. 
The benzene lowers the volatility of chloroform, so that acetone is 
obtained as top product of column C2 even though it is operated 

at the same pressure as column C1. The bottom product of column 
C2 is fed to a third column C3 to recover benzene in the bottom 
product, The top product of column C3 comprises a binary mixture 
of acetone and chloreform and is recycled to column C1. To com- 

pensate small losses through the product streams 2 and 4, benzene 
is supplied in stream 6. 
We consider a scenario in which the apparatus and equipment 

of both process variants are already built and depreciated. Based 
on a MCO study we want to decide which of both variants is more 
economic to separate a given feed stream of acetone and chloro- 

form. The operating costs are assumed to be dominated by the heat 
duties of the reboilers of the columns. All other costs are neglected. 

3.1, Process models 

The distillation columns are modeled with an equilibrium 

stage model. The vapor-liquid equilibrium is described with the 
extended Raoult's law using the NRTL activity coefficient model. 
For details of the property model see Appendix C. Note again, that 

Table 1 

Objectives used in the case studies of this work for both process variants. For defi- 
nitions see text. 

Objective Short name Unit Goal 

Total reboiler heat duty qTot kw Minimize 
Purity chloroform MassFracCf glg Maximize 
Purity acetone MassFracAc glg Maximize 

the MCO approach presented in the present work is generic and can 
be applied to any process model. There are no restrictions regarding 
unit operations or modeling depth. 

3.2. Design and decision spaces 

Our goal is to perform a comparative study of the two variants 
with respect to three objectives which are given in Table 1 and 
form the decision space. The objective gTot, that is the sum of all 
reboiler duties, is to be minimized. Additionally, the purities of the 
products chloroform and acetone are regarded as objectives (Mass- 
FracCf and MassFracAc). They are to be maximized. Including the 
latter two objectives in the optimization study provides additional 
insights: the decision maker is able to answer e.g. the question, 

how much additional heat is needed, when a higher purity of one 
product is desired. Specifications for the purities of product such 
as a lower bound are not required at this stage. They can still be 
applied after the optimization. The choice of the number of objec- 
tives (here three) is not due to restrictions of the method. Also in 

the navigation, an arbitrary number of objectives can be handled 
with the presented slider concept. 

As the same three objectives are used, both process variants 
share the same decision space. The design spaces of both variants, 
however, are different as described in the following. As the pro- 

cess equipment already exists the number of process optimization 
parameters is reduced: the number of stages of the columns, feed 
stage positions, the amount and composition of the external feed 
(Stream 1, cf. Fig. 5) and the pressures in the columns are set. Num- 

bers are given in Table 2 for the pressure swing distillation and 
Table 3 for the entrainer distillation. Even though the study is only 

an example so that the actual resultis not practically important, the 
choices were made so that the numbers are technically reasonable: 

all columns are operated at 1bar, except for the second column 
of the pressure swing distillation which is operated at 10 bar. The 
resulting reboiler and condenser temperatures are acceptable. The 
sum of the number of stages in all columns is about 60 for both vari- 
ants, so that the separation capacity of the columns is quite high. 
The feed stages are chosen at reasonable, though not necessarily 
optimal positions. We want to stress that the fixed equipment vari- 
ables of the considered scenario are not due to resirictions of the 

method. Any fixed process variable mentioned above could have 
been taken as free variable and included in the optimization. This
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Table 2 Wil : 
Set and free design variables of the pressure-swing distillation variant. 

Set design variables Value 

Pressure C1 1bar 
Pressure C2 10bar 
Feed mass flow 1250kg/h 

Chloroform fraction feed 0.86g/g 
Number of stages in columns (feed stage”) 
c1,c2 28(14) 

Free design variables Bounds 

SP1,5P2 [0.01; 0.99] 
RR1, RR2 [0.5: 60] 

# Counted from bottom. 

Table 3 
Set and free design variables of the entrainer distillation variant. 

Set design variables Value 

Pressures C1, 2, (3 1bar 
Feed mass flow 1250kglh 
Chloroform fraction feed 0.86g/g 
Number of stages in columns (feed stage’) 
a.a 20(10) 

Free design variables Bounds 

SP1, SP2, SP3 [0.01; 0.99] 
RR1,RRZ, RR3 [0.5: 60] 
CB3 [0.01 mol/mol, 0.7 mol/mol] 

* Counted from bottom. 

also holds for discrete parameters as stage numbers. Thus, it is also 
possible to design and optimize new equipment and plants with 
the presented method. 

The remaining variables that need to be specified in order to 
run the process simulation are the reflux ratios RR and the molar 
distillate to feed ratios SP in the distillation columns, as well as, for 
the entrainer distillation, a variable which controls the entrainer 

cycle rate. The mole fraction of benzene in the bottom in stream 
8 (cf. Fig. 5) was chosen for this purpese. It is called CB3 in the 
following. This results in 4 (respectively 7) free design variables for 
the pressure-swing variant (entrainer variant) which are used for 
the optimization. Their bounds are chosen very loose but within a 
technically feasible range (cf. Tables 2 and 3). 

3.3. Caiculation of Pareto boundaries 

For the design and decision spaces as defined above the Pareto 
sets were calculated for both process variants using the methods 
described in Section 2. The parameters to steer the quality of the 
approximation were set to 85 =1.02 and 8y = 1.10. The total number 
of points required to reach the desired accuracy for the convex parts 
of the Pareto sets is 10 (12) for the pressure-swing (entrainer) alter- 
native respectively. However, significant parts of the Pareto sets are 
detected to be non-convex. To approximate those areas within the 
required accuracy, 46 (21) Pascoletti-Serafini runs are required for 
the pressure-swing (entrainer) distillation. 

3.4. Results 

The Pareto sets are two-dimensional surfaces in the three- 
dimensional decision space. Bounds were set only on free design 
variables (cf. Tables 2 and 3), but not on the objectives (cf. Table 1). 
Hence, only a part of the design space was admissible, but in prin- 
ciple the entire decision space. We would like to stress that in 
practice, the engineer often is interested only in a certain part of the 
decision space - here, for example, in purities larger than a certain 
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Table 4 
Ranges for objectives and free design variables resulting from the MCO analysis for 
the pressure swing variant. 

Objective Range 

qTot [148.5 kW: 4396 kW] 

MassFracAc [0.1462 g/g: 0.9992 g/g] 
MassFracCf [0.8601 gfg: 0.9998 g/g] 

Optimization parameter Range 

SP1 [0.01; 099] 
SP2 [0.01291; 0.99] 
RR1 [0.5; 41.74] 
RR2 10.5: 60] 

Table 5 
Ranges for objectives and free design variables resulting from the MCO analysis for 
the entrainer distillation variant. 

Objective Range 

qTot [150.1 kW; 7036 kW] 
MassFracAc [0.1402 g/g; 0.9962 g/g] 
MassFracCf [0.8602 g/g: 0.9996 g/g| 

Optimization parameter Range 

SP1 [0.01; 0.99) 
P2 [0.01; 0.99] 
SP3 [0.01; 0.5252] 
RR1 [0.5; 23.55] 
RR2 [0.5; 60] 
RR3 10.5; 30.8] 
CB3 [0.01 mol/mol; 0.07514 mol/mol] 

minimal value. For illustrative reasons, here, we did not introduce 
such bounds. These can be set in the navigation process. 

Tables 4 and 5 give the ranges actually covered by the Pareto 

sets in decision space and their pictures in the design space. They 
are found only in a certain part of the overall admissible spaces. The 

ranges covered by the Pareto sets already give valuable information 
on the processes. In the decision space, it becomes evident, in which 
range feasible numbers for the objectives are found. The decision 

maker immediately sees what can be achieved and, consequently. 
also what cannot be achieved. Namely, it becomes evident that in 
terms of the maximally achievable purity of acetone, the pressure 
swing variant is superior to the entrainer distillation, whereas the 
performance in the chloroform purities is similar. We will confirm 

this finding in more detail below, when analyzing the whole Pareto 
sets. 

In the design space, Pareto-optimal ranges for the free design 

variables become clear. Since no bounds were set in decision space, 
large parts of the admissible ranges defined in Tables 2 and 3 are 
covered during the optimization. While navigating on the Pareto 

set, one recognizes how the (physically motivated) bounds imposed 
on the free design variables restrict the accessible decision space. 
For example, the overall maximum in the acetone purity is limited 

by the upper bound on the reflux ratio of column C2 for the 
entrainer distillation. 

As the same objectives are used for both variants, their Pareto 
sets can be compared in the common decision space. This will be 
done in the following. With our GUI, the user is able to navigate on 
the Pareto sets with the help of sliders as described above. Since 
this process is rather difficult to describe in a paper, we provide the 
reader with graphical representations of the Pareto sets. In Fig. 6 
the Pareto sets of both variants are shown in a level curve plot. On 
the axes the product purities are given. The level curve parameteris 
the total reboiler heat duty. Fig. 7 shows a zoom into the upper right 
corner of the plot, in which the level curves are difficult to discern 
in Fig. 6. In order to create the plats for this paper a large number
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Fig. 6. Level curve plot of the Pareto sets of both variants in the decision space. On 
the axes the product purities are given. The level curve parameter is qTot/kW. Blue 
squares (black circles) denote Pareto points for the entrainer (pressure swing) vari- 
ant. Fig. 7 shows a zoom into the upper right corner of the plot. ( For interpretation of 
the references to color in this figure legend, the reader is referred to the web version 
of the article.) 
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Fig. 7. Zoomed level curve plot of the Pareto sets of both variants in the decision 
space. On the axes the product purities are given. The level curve parameter is 
qTat/kW. Blue squares (black circles) denote Pareto points for the entrainer (pres- 
sure swing) variant. (For interpretation of the references to color in this figure 
legend, the reader is referred to the web version of the article.) 

of Pareto-optimal points (about 120 per Pareto set) has been calcu- 
lated by the e-constraint (Andersson, 2000; Cohon, 1978) method 

in which the total reboiler heat duty could easily be discretized. 
The Pareto-optimal points that were calculated earlier by our 

novel efficient hybrid method contain the same information within 
the specified approximation accuracy. They constitute the approx- 

imation of the Pareto sets and underlay the navigation with the 

sliders by interpolation. In principle, Figs. 6 and 7 could have been 
created through navigation with the sliders: to obtain a certain level 

curve the total reboiler heat duty is first restricted to that level (cf. 
panel a) in Fig. 4), afterward one of the product purity sliders is 

moved stepwise (cf. panel b) in Fig. 4). The other product purity 
slider follows automatically. Thus, the user can access the informa- 

tion displayed in the level curve plot in Fig. 6 by navigation with the 
sliders in the GUI. Further, the effects on other process variables, 
for example the design variables, can be viewed at the same time. 

The strongly reduced number of calculated Pareto-optimal points 
clearly demonstrates again the efficiency of our proposed hybrid 
method. 

Both Pareto sets show clear non-convexities for total reboiler 
heat duties smaller than 2000kW: even though the non- 
convexities of the Pareto sets occur only for small, technically not 
interesting acetone purities, the example clearly demonstrates the 
necessity of algorithms that can handle non-convexities. 

Fig. 7 shows that the Pareto sets of both variants are inter- 
secting: curves of the same level are intersections, e.g. for a total 
reboiler heat duty of 3500 kW. Thus, there is no clear better variant 
in the sense of the chosen three objectives. Ifacetone purities below 
about 0.99 g/g are accepted, the entrainer variant requires less heat 
than the pressure-swing variant and is, hence, the better choice 
regarding the given objectives. If, however, higher acetone purities 
are desired, the pressure-swing variant becomes competitive or 
even better, as it operates at lower heat duties. 

The higher heat duty for high acetone purities in the entrainer 
alternative can be explained by an increased separation effort in 
column C2 (cf. Fig. 5). The task of this column is to separate ace- 
tone from benzene. For high acetone purities this task becomes 
difficult, particularly as the benzene level in the process needs to 
be high to enable the separation of the azeotropic mixture chloro- 
form/acetone. This results in a higher reflux ratio and a higher heat 
duty in column C2. 

This process example demonstrates the essential benefits of the 
MCO approach and the restriction to Pareto points: a comparison 
between different alternatives can be performed in much more 
detail as would be the case when the focus would be on a single 
objective only, and tradeoffs between the objectives can be grasped 
immediately. 

4. Conclusion 

The generation of Pareto sets for multi-criteria optimization 
problems in chemical process design is a powerful concept. In this 
work, a novel and effective algorithm to calculate Pareto sets was 
integrated in a state-of-the art process simulator. For any process 

for which a simulation can be set up, Pareto sets can be generated 
after defining a suitable design and objective space. The decision 
maker then navigates on the Pareto sets to find a process design 
of his choice. That choice is embedded in the knowledge of the 
entire set of Pareto-optimal solutions. The navigation is an inter- 
active process, so that the process design method introduced in 
the present work can be characterized as interactive multi-criteria 
optimization (IMCO). 

A minimal set of Pareto points that approximates the Pareto set 
with sufficient accuracy is calculated. The user can specify the qual- 
ity of the approximation. The approach is a hybrid of sandwiching 
combined with hyperboxing and can handle non-convexities of the 
Pareto set. The Pareto optimal points calculated by the algorithm 
are stored in a database which includes a convergent flow sheet 
simulation for every point. The user can then navigate the database. 
The stored parameters and results for the Pareto optimal points are 

interpolated to enable continuous navigation on the whole Pareto 
set, The user can explore the trade-offs between objectives, com- 
pare different alternatives with respect to different objectives and 
finally arrive at a well-founded decision. As only optimal compro- 
mises are included in the Pareto set a guarantee for optimality can 
be given. 

The Pareto-optimal solutions necessarily lie on the border 
between feasible and infeasible process designs. As a consequence, 
the design found with the method presented here has to be relaxed 

for detailed engineering to account for uncertainties and operabi- 
lity, just like in any process design. To calculate the Pareto-optimal 
solutions, robust and efficient algorithms are needed and the cou- 
pling of the process simulation with the algorithms for determining 

the Pareto set is strong. In the present case, the programming was
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If the limits in the constraints are also uncertain then 

their enumeration can be used to investigate the impact 
of these limits on the results of the multi-criteria optimi- 

zation. 

Among the implemented methods to take the constraints 
for the different scenarios in stochastic optimization into 

account there is also a method to define a probability that 
constraints are fulfilled - so-called chance-constraint 

approach [14] - which is not considered here. 

3.2 Stochastic Optimization 

In stochastic optimization the objectives of the different sce- 
narios should be weighted according to their probability to 
determine the expected value E[...]. Since normally the 
probability distribution is not known quite often equal 
weighting (uniform distribution) or normal distribution of 

the different scenarios are chosen which results in the mean 
value for the objective. One possibility is to replace an 

objective by its mean over all uncertainty scenarios. In some 
cases it might be interesting to reduce the variance (square 
of the standard deviation) of the distribution. Therefore, in 

the setup of the stochastic optimization it is alternatively 
possible to replace the objective by its standard deviation. 

[finequality constraints are present in the stochastic opti- 

mization problem there are different possibilities to take 
them into account. Using also an expected value for the 
constraints will lead to solutions in which the active con- 
straints are only fulfilled for 50 % of the scenarios in case of 

4 normal distribution. This normally is not acceptable. In 

chance-constraint optimization (cf. [14]) it is possible to 

define a probability to which extent the constraints should 
be fulfilled. Here a version in which the constraints have to 
be fulfilled simultaneously for all scenarios similar to the 
proceeding for the robust optimization was used. 

4 Cumene Process Example 

A scheme of the cumene process is shown in Fig. 4. Benzene 
and propene containing 5 mol % of propane are used as 

fecdstocks. The feeds are mixed with recycled, mainly un- 
converted benzene and fed into an evaporator. The mixture 
is then heated in a feed-effluent heat exchanger and subse- 
quently heated up to temperatures above 330 °C. The reactor 
is 2 shell-and-tube reactor. The tubes are filled with catalyst 
and there the following reactions take place: 

Propene + benzene —s cumene (8) 

Propene + cumene — p-diisopropyl benzene 9 

The model for the reaction rate is: 

= e (10) 

n= 
b opencCeumene (11 
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The kinetics are expressed by the Arrhenius ansatz: 

Ea 
ki = ko jexp (F’fl) (12) 

with: 

ko1 =2.8-107 Lmol ™!, Ex; = 104 251 ] mol™" (13) 

ko2 =2.32-10° Lmol™", E, ; = 146 873 | mol™ (14) 

The reaction heat is used to produce 40 bar(g) steam. The 
reactor outlet is cooled and flashed. Propane is removed 
with the overheads of the flash. In the first column of the 
process unconverted benzene is removed and recycled to 
the feed section of the reactor. The remaining bottoms are 
fed in a second column where cumene is the top product 
with a desired purity of 99.9 mol %. The design capacity tar- 
get is 98 kt per year. The bottom product of the column 
contains the undesired side product p-diisopropyl benzene 
(p-dipb). 

Details about the cumene process have been described by 
Luyben [18]. The fluid properties in the system are mod- 

elled with the Soave-Redlich-Kwong (SRK) equation of state 
with Peneloux volume correction [19]. Parameters of this 

model are given in Tab.2. Based on a total cost (for 10a 

with discounted operational expenditures, discount rate 
11 %) minimization the design of the process shown in 
Fig. 4 has been delermined, the gray parameters reflect the 

numbers which have been adjusted, the black ones were 
fixed during optimization. 

Table 2. Parameters of the Soave-Redlich-Kwong equation of 
state for the binary system cumene + p-diisopropylbenzene. 
The binary interaction parameter is k;; = 0. 

pe [bar] Tc [K] wl-] 

cumene 32.00 63835 0.3444 

p-diisopropylbenzene  24.50 634.00 G.3587 

The following assumptions are made for the basis of this 
design. The heat exchanger, pumps, and columns are 

designed for 120 % load, the reactor design is dimensioned 

for 105% load, and the reactor tubes length and diameter 

are built as described by Luyben [18]). The heat exchanger 

are assumed with heat transfer coefficients (U-values) for 

gas of 60 Wm K" and for all others of 1kW m K, 

column height (2 stages per m + 5m) and diameter 

(Eoax=2Pa"), and costs for catalyst 9.2€kg !, benzene 

957 €m™, propene 192€17', steam 7.3€t”", cooling water 

L.8ctm™, electricity 7.3 € MWh", fuel gas 20 € MWh™, and 

boiler feed water 0.275€m™. The catalyst life time is as- 

sumed as of 2a: initial fill is included in investment, refill is 

part of operational expenditure, and credit for heating value 

(cf. [18]) of stream 7 and 9 has been taken into account. 

Tab. 3 shows the results for the sizes of the heat exchang- 

ers. A stream table for this design is given in Tab. 4. Con- 

cerning the design there exist some uncertainty about the 
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done in the frame of the CHEMASIM source code, taking advantage 

of the equation-oriented CHEMASIM approach. Nevertheless, the 
approach is generic and can be implemented in principle inany pro- 
cess simulator. There are no limitations regarding modeling depth, 

used equipment, or cost functions. 
The approachis illustrated by an example, the design of a separa- 

tion of an azeotropic mixture (acetone +chloroform) by distillation. 
Two variants are compared: a pressure-swing and an entrainer 

distillation. Even though the example is academic, the studied opti- 

mization problem is challenging enough to prove the feasibility and 
advantages of the presented MCO approach and its software imple- 
mentation, By comparing not single optimal points but complete 
Pareto sets, the decision maker gains insight into the conditions for 

which a certain variant is better. This would be very difficult, if not 
impossible, when process parameters would be varied empirically. 
We expect that with the new method for many existing plants, a 

substantial improvement in the performance can be obtained, and 
that the design of new processes will gain in quality and speed. 
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Appendix A. Scalarizations 

In order to calculate Pareto-optimal points, we perform a scalar- 
ization of the objectives to arrive at a single objective function to be 
minimized. In the following, we shortly sketch the weighted sum 
(Ehrgott, 2005) and Pascoletti-Serafini (Pascoletti & Serafini, 1984) 
scalarizations. 

A.1. Weighted sum scalarization 

Let f be the n-component vector of objective functions, and w be 
a n-component vector of scalar weights, We define the scalarized 
objective function F: =w'f. We choose the signs of the weights such 
that Pareto-optimal points are calculated by minimizing F subject 
to the frontier conditions. We denote such a solution by F*, corre- 
spanding to a vector f* in the objective space. The weight vector is 

normal to the tangent hyperplane which touches the Pareto set in 
f*. Fig. 8 illustrates this situation, 

A.2. Pascoletti-Serafini scalarization 

Whereas in the weighted sum approach, the hyperplane normal 
to the weight vector is shifted until it touches the Pareto set, the 
Pascoletti-Serafini scalarization (Pascaletti & Serafini, 1984) con- 
sists in choosing a direction along which the Pareto set shall be 

Fig. 8. Sketch c_;f the weighted sum scalarization for two objectives 4, B. The weight vector (arrow) is. perpendz_icular to the hyperplane (dashed) tangent to the Pareto set (dotted). The corresponding Pareto point is the full circle. 
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Fig. 9. Sketch of the Pascoletti-Serafini scalarization for two objectives A, B. The 

direction vector d points from a feasible reference point r(open circle) ta the Pareta 
set; the resulting Pareto point is the full circle. 

encountered. Let f be the n-component vector of objective func- 
tions, d be a n-component direction vector and r a feasible reference 

point in the objective space. Then the task is as follows: 

max i 
st. r+id=f, 

where any further constraints are contained implicitly. The solu- 

tion of this single-ohiective prablem yields a Pareto-optimal point, 
parameterized by d. A sketch of this scalarization scheme is shown 
in Fig. 9. 

Appendix B. Navigation 

In this section, we summarize the linear problem undetlying 

the navigation process in the objective space. This formulafion is 
closely related to Kiifer et al. (2009, chap. 5). Let us first introduce 
some notation. The objective space is n-dimensional, all objec- 

tives are to be minimized. The m precalculated Pareto points are 

Pl. ..., p™ € B", which we put together to a matrix P=(p', ....p"). 
We denote by e; the jth unit vector, 1 € R™ is the column vector 
of all ones (1, ..., 1)T. Then the approximated Pareto set, which is 
given by polyeder of convex combinations of the initial solutions, 

is defined by {PA:A >0,1TA=1}. 
Assume we start navigation at a start point p* € R" and move 

slider j to some value y € k. Then we project the reference point p*, 
defined by p® := p° + (u — pf}ej.along the directionr:=1-ej,oni0 

the approximated Pareto set. This is sketched in Fig. 10, The direc- 
tion r is chosen such that the projection is done in the plane with 

Pj=p, and that the remaining quantities are changed equally. We 
furthermore want the convex combination to satisfy some active 

A 

Fig. 10. Sketch of the projection done while navigating on a surface spanned by 
three objectives A, B, C. Here we assume that the slider corresponding to Cis moved 

t0 a value p. The start point y* (open circle), reference point y® (full circle) and 
projected point (open square) are shown together with the Pareto ser. Crosses mark 
the calculated Pareto points, straight lines the corners of the convex hull which 
constitutes our approximation to the Pareto set. In the right panel, the y¢ = u-plane 
togerher with the projection direction are given.
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Table 6 
NRTL model (Renon & Prausnitz, 1968) parameters for the description of the 
vapor-liquid equilibrium in the ternary system (acetone + chloroform + benzene). 

Component i Acetone Acetone Benzene 
Component j Chloroform Benzene Chloroform 

9 0 o 0 
% a a Q 
bylK -61.82 —40.14 —46.13 
b[K -173.50 187.65 ~10.71 
G 03 03 03 

bounds Ib and ub. Putting everything together, we arrive at the 
linear problem 

min z 
st. pRezr=Pr 

(PP =pn 
lb <(PX) <ub 

1Ta=1 
A>0, 

which is solved during the navigation process. As a result, one 
obtains the convex coefficients A which yield, according to prav = PA, 

the new navigated point paav in objective space. To calculate the 
corresponding point in design space, we consider the design vari- 
ables F corresponding to a Pareto point p/ and construct the matrix 

F=(f',...,f") e R\ Then the convex combination of free design 
variables fa, =FA is the navigated point in design space which 
carresponds to Pray. 

Appendix C. Physical property data of the example system 

The pure component properties required for the simulation are: 
vapor pressure, enthalpy of vaporization, heat capacity of constant 
pressure of the ideal gas. The models for these properties are taken 

from the DIPPR Database (Dippr Project 801, 2009) for the sub- 
stances acetone, chloroform and benzene. 

Despite the high pressure in the pressure column of the 

pressure-swing distillation the vapor phase is assumed to be 
ideal. For the exemplary study of this work, this simplification 
is considered sufficient. More sophisticated approaches could be 

used without further problems within the described optimization 
method, For the non-ideality of the liquid phase the NRTL model 
(Renon & Prausnitz, 1968) is used. The parameters are given in 
Table 6. 
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5 Remarks and Improvements 

The investigations considered in this example relied on a 
conventional design based on a total cost minimization for 
the nominal (un-perturbed) values of the uncertain parame- 

ers. Since usually a design should work for all possible 

uncertainties also a robust design could be used. One prob- 

em in this case is that the design rules for sizing the equip- 
meat, which form the basis for the cost estimation, are nor- 
mally already conservative to cover all uncertainties. So for 

the use of a robust-design optimization new design rules 

would be required. 
Furthermore robust optimization often leads to a costly, 

overconservative design. The requirements of a robust 
design of a plant are closely related to the possibility to 
adjust operating parameters for a chosen design to account 
for the uncertainty. Here, it is possible to extend the robust 
optimization in future to a two-stage stochastic program- 
ming with recourse formulation, e.g., Steinmel and Engell 
[21]: *[...] process synthesis and design problems with 
uncertain parameters naturally lead to two-stage stochastic 
problems as the design parameters have to be fixed while 
the operating parameters can be adapted to the realization 

of the uncertain parameters. The core idea behind two-stage 

stochastic programming is to optimize the first stage deci- 

sions (here, the design parameters) for a suitable cost func- 
tion that is computed for an optimal choice of the second 
slage variables for each scenario, Thus, the option to coun- 
teract the uncertainties is anticipated in the decision, mak- 

ing the result much less conservative than, e.g., a worst-case 
design. The design must be feasible for all realizations of the 
uncertainty, however, only after adaptation of the second 
stage variables (operational parameters).” But here also new 

design rules would be necessary. 
Further helpful improvements of the setup and execution 

of the multi-criteria optimization under uncertainty are: 
- Inclusion of feasibility runs which ensure that each initial 

run during the optimization is based on a feasible param- 
eler set. 

- In some cases problems with the solver might arise which 
are probably to be caused by the linear dependence of the 
gradients of the constraints. This can be improved by the 

use of entropic smoothening (cf. [22, 23]) 

7 Conclusions and Outlook 

The possibilities to analyze the impact of uncertainty on 
simulation and optimization are useful in many contexts. 
1) Toiinvestigate the impact of uncertainty on simulation: 

- show variability of simulation results, 
- identify parameters which have to be determined with 

lower uncertainty 
- identify significant parameters for model adjustment 
or optimization, 

Chem Ing Tech. 2017, 89, No. 5, 665-674 

— investigate different control concepts for process fluc- 
tuations (Oldenburg et al. [9]), 

— Sensor placement (Oldenburg et al. [9]). 

(2) To be used within optimization: 
- show variability of optimization results, 
- stochastic and/or robust optimization, 

~ optimal design of experiments. 
The use of the different options in sensitivity analysis and 

multi-criteria optimization produce a lot of different simu- 

lations which are of great value for decision support of the 

engineer. Only by comparing different solutions and 
options the engineer reaches a good understanding of the 
situation and can make a sound decision. 

We are grateful for valuable contributions in the project 
by Oliver Hirth, Achim Wechsung (BASF) and Volker 
Maag, Karl-Heinz Kiifer (Fraunhofer ITWM) and Hans 
Hasse (Univ. of Kaiserlautern). 

| Symbols used 

c [mol LY 
Ea [Jmol™] 

D [m] 
o [-] 
F [Pa®] 
k [L mol™] 

ky [-] 
N [-] 

P [-] 
P [bar] 

r [molh™'L™'] 
R Jmol ' K 

RR  [] 
s [-] 
T [K] 
U [wmK 
w [-] 

l Greek symbols 

A = 

@ = 

I Subscripts 

molarity (moles per volume) 

activation energy 

Diameter 

objective 

F factor 

kinetic constant 

binary interaction parameter 
Number of feed stage, total stages or 

tubes 

parameter 

pressure 
reaction rate per volume 

universal gas constant 
reflux rate 

scenario 

temperature 

heat transfer coefficient 

weights 

vector of uncertain parameters for 

scenario § 

acentric factor 

C at the critical point 
feed feed stage 

max maximal 

P parameter 

% worst case 
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In most distillation problems, the desired products are located at the singular points of the vapor-liquid 

equilibrium, i.e. pure components or azeotropes. The effort to approach these points depends on the 

specified purity of the product and tends to infinity as the composition approaches that of a pure 
component or azeotrope. In the present work, a method to quantify this effort in terms of equilibrium 
stages is given. It is shown that there is a constant lower bound on the number of stages required to 

decrease the impurity & of the product by a certain factor b. Further, it is shown that this lower bound is 

proportional to the logarithm of c. The results of the method are valid for ideal and non-ideal systems of 
any number of components. The information is obtained from the eigenvalues and eigenvectors of the 
singular points, no process simulations are needed. We propose adding key figures derived from the 
eigenvalues to distillation line/residue curve diagrams to immediately grasp the effort upon approaching 

the singular points. 
Eigenvectors 

© 2015 Elsevier Ltd. All rights reserved. 

1. Introduction 

In conceptual separation process design, two questions have to 

be answered: First, whether a certain flow sheet is thermodyna- 
mically feasible, irrespective of technical limitations. Second, if 
such a feasible flow sheet is found, whether the technical require- 
ments can be met with an acceptable effort, for which estimates 
are needed. This contribution focuses on the second task and add- 
resses the number of equilibrium stages needed for separations by 

distillation. 
Diagrams of distillation lines (discrete, also called c-lines) and 

residue curves (continuous) are widely used in conceptual process 
design. For a definition, their construction and a survey on the use in 
conceptual design the reader is referred to the comprehensive review 
of Kiva et al. (2003). Both distillation lines and residue curves originate 

*Corresponding author. 
E-mail address: michael bortz@itwm.fraunhofer.de (M. Bortz). 

hittp:{/dx.doi.org{10.1016/j.ces.2015.01.044 
0009-2509/€ 2015 Elsevier Ltd. All rights reserved. 

and end in singular points of the vapor-liquid equilibrium (VLE) 

diagram, either unstable or stable nodes. Further, there may be saddle 
points which are singular points passed by distillation lines and 
residue curves (Gurikov, 1958). Singular points, and hence possible 
nodes or saddles, of the VLE are all pure components and azeotropes 
of the system (Haase, 1949). The type of a singular point (stable/ 
unstable node or saddle) depends on the signs of the eigenvalues of a 
matrix derived from the differential equations that describe the 
residue curves. This was already shown by Russian researchers around 
Zharov and Serafimov in the late 1960s (Kiva et al., 2003). 

The VLE and the topology of the dynamical system described by 
the residue curve equations determine the location and type of the 
singular points which are the basis of conceptual process design. 
A large number of methods which use distillation line and residue 
curve maps are available to determine the feasibility of a distillation 
column or the minimum reflux ratio of a column. They are usually 
based on the limiting cases of an infinite number of equilibrium stages 
(simply “stages” in the following) andjor total reflux. The minimum 

reflux ratio, and thus minimum energy demand, is obtained for an
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infinite number of stages (Underwood, 1948; Widagdo and Seider, 

1996). Thereby, pinches play a crucial role. Composition pinches are 

found at column cross-sections where vapor and liquid are in 
equilibrium, so that a concentration driving force is absent and 
the column composition profile is unchanging from stage to stage. 
Studies of the properties of pinches and their loci (pinch curves) in 
ternary diagrams led to a number of methods to determine 

minimum reflux ratios for given product specifications, e.g. the 
boundary value method (Levy et al., 1985), an eigenvector method 

(Poellmann et al,, 1994), the rectification body method (Bausa et al., 
1998) or the method of the shortest stripping line (Lucia &t al., 2006, 

2008). Two ideas among these approaches are of direct relevance to 
this work. Firstly, Poellmann et al. (1994) linearized the VLE around 
the pinch point and used eigenvalue theory to calculate volumes 
inside which the column profiles have to approach the pinch points. 
As their motivation was different, they did not give measures of 

how fast the profiles approach the pinch points. This work will 
finally provide these measures. Secondly, Lucia et al. (2006, 2008) 
found that the length of the stripping section's profile (defined 

using the 2-norm in the concentration space) correlates with the 
energy demand of the column. For the minimum length of this 
profile, the energy demand (and hence the reflux ratio) of the 
column is minimized. When approaching the singular points of the 
VLE, the length of the profile does however not change significantly. 

Thus, this is an insensitive measure to quantify the separation effort 
to approach the singular points. This work provides the required 
measure in terms of the number of stages. 

In continuous distillation, the minimum number of stages to meet 
given product specifications is obtained at total reflux (Stichimair and 

Herguijuela, 1992; Widagdo and Seider, 1996). In this case, the profile 
of the column in the ternary diagram equals a segment of the 

distillation line connecting both column products (Kiva et al., 2003). 
The number of vertices of the segment, usually determined by tray- 
to-tray calculations, equals the number of stages (Stichlmair and Fair, 
1998). Thus, the distillation lines provide a direct measure for the 
difficulty of the separation: the larger the distance (measured by the 
2-norm) from stage to stage in the concentration space, the easier 
the separation (Stichlmair, 1988), 

Of particular practical interest are column products in close 
vicinity of pure components or azeotropic points, thus in vicinity of 
the singular points of the VLE. In real columns, the singular points 
cannot be obtained as column products since an infinite number of 
stages would be required (even with total reflux provided). While 
the remainder of the introduction concerns the separation effort for 
approaching a node singular point, the proposed method is also 
applicable for separations in which the profile at total reflux and 
infinite number of stages passes through a saddle. This case is dis- 
cussed in more detail in the main text. 

Consider a distillation column in which one desired product is a 
pure component which is a node of the VLE diagram and the total 
amount of impurities & is specified. Upon decreasing & the effort 
for the separation (expressed in terms of number of stages at total 
reflux) will increase, with the number of stages approaching 
infinity as & tends to 0. In the present work, a method to assess 
that effort without having to carry out process simulations is 
described. As the analysis underlying the method is based on 
distfl.]ation line/residue curve diagrams, the case of total reflux is 
Ic‘:easé;S:‘;efihx'lge:h;fs:gag:;a:m;netfort if):xpressed in tferms pf the 

L 3 y number of stages given in the 
Evr:::?:v v‘;rzlr: Il)s.E r:::refnre a lower bound to the numt{er of stages 

ouid quirefc_ for_ a corresponding separation at finite 
reflux ratio, i.e. a separation in a real distillation column, 

LR e bt e o e BIVen, €.g. Sepect =0.01 mol/mol 
and 5%pfi_2 =0.001 mol/mol. Clearly, additional stages are required 
to achieve the lower impurity specification Bspec2. We are interested 
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in quantifying that increase in the number of stages and therefor: 
only consider the transition from points with & =5,,; to those 

with § =85> which lie on the same distillation line or residue 
curve, The number of stages required for such a transition in the 

vicinity of a singular point can be obtained from an analysis of the 
eigenvectors and eigenvalfues of the singular point. it is shown 

that a logarithmic relation exists between the ratio 8 ) /Bxpeca 0f 
the impurities and the number of stages N required to achieve the 

desired step in purity, which is of the type In(dsec1 /8spec2) =cN. In 
the literature, this logarithmic dependency was analytically derived 
for the special cases of systems of constant refative volatifities 
(Fenske, 1932; Cao et al, 2012) but, to the best of our knowledge, 

not in a general way. Further, such a logarithmic dependency was 
found empirically through simulations and experiments for non- 

ideal systems (Burger and Hasse, 2013; Eduljee, 1975). This work 
analytically derives the logarithmic dependency for the general case 
of non-ideal systems. The factor ¢ depends on the eigenvalues of the 
singular point which is approached and the direction from which it 

is approached. The eigenvalues and eigenvectors of the singular 
points, as well as the value of ¢ can be readily calculated from the 

thermodynamic VLE model without tray-to-tray calculations. 
The paper is organized as follows. The next section is devoted to 

the mathematical derivation of a lower bound on the number of 

stages required to change the impurities of column products. In 
Section 3 the practical use of the calculated information is demon- 
strated. In Section 4 an augmented diagram of distillation lines is 
suggested which contains information about separation complexity. 

2. Methodology 

2.1. Basic definitions 

The prescription to calculate distillation lines is as follows (Kiva 
et al., 2003}): 

X+ =y(x™) m 

starting from any point ¥ in the composition space. The vector 

x e RN denotes the liquid phase composition (mole fractions) in 2 
system of N components. The vector function 

y=yx), yegM @ 
maps x to the composition y of the vapor phase in equilibrium 
with x. 

Whereas the stage index n in Eq. (1) is discrete, residue curves 
are described by in terms of a continuous parameter t (Van 
Dongen and Doherty, 1985): 

T=Vi—%, i=1..Ne—1), ® 
where jn this context, one can think of 7 as a measure of the 

normalized column height. The solutions of these differential 
equations are called residue curves. In this work, we assume total 
reflux of the column. In this case the pinch points of the column, 
denoted xp, are equal to the stationary or singular points of Eq. (i} 
They are the common singular points of (1) and (3) given by 

Xp = Y(xp). @ 

A singular point is either a pure component or an azeotrope, and is 
either an unstable node, a stable node or a saddle. its type i 
defined by the eigenvalues of the matrix A on the right side of (3) 
at thg sin_gular point P which involves the Jacobi matrix with 
negative sign as follows: 

vl .. 
( 

A]}':=1Ij—§; ¢ Rl WNo=1) 
@ .
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Therein, 1 is the unit matrix with entries 1;=1 for i=j and 
0 otherwise. For ternary systems (Ne¢=3) for instance, matrix A 
is given by 

-zl =B 
A= ) (1#) (6) 

If the eigenvalues of A, denoted with A7, are all negative (all 

positive), then the singular point is stable (unstable respectively). 
If there are positive and negative eigenvalues, then the singular 
point is a saddle. The (Nc—1) eigenvectors of A, denoted v, 
evaluated at a pure component, are collinear with the (Nc—1) 
binary edges of the concentration simplex meeting in the pure 
component. For a ternary system visualized in a ternary diagram 
the two eigenvectors of A at a pure component vertex point along 
the two adjacent binary edges. 

In Appendix B, the dependence of matrix A on the activity 
coefficients in infinite dilution is derived, for the common case in 
which the VLE is modeled by the extended Raoult's law. This 

derivation also shows the sensitivity of A and its eigenvalues on 
errors in property data. 

QOur question now is as follows: How many stages do we need 
at least to reduce the impurity close to a singular point by a certain 
factor? 

2.2. Distillation lines 

The deviation 8™ from the singular point is defined such that 
the liquid composition on stage n is split into the contribution 
from the singular point, xp, and §™: 

X" = xp ™. ) 

Inserting into Eq. (1), and after a Taylor expansion of the VLE 
function y around xp, we obtain 

e =%L6“"+o((6‘"')2), ®) 

where the O-notation on the right-hand side is defined as follows: 
f{x) = O(g(x)) < limy_.aof (x)/g(x) = ¢ with an unknown constant c. 
In Eq. (8), we only keep the linear term which is justified if the 
deviation from the singular point is sufficiently small (ie. the 
terms of second order and higher of the Taylor expansion are 
discarded), We will show below that numerically, this is already 
the case for moderately small deviations. 

Starting from 5%, the corrections can be updated from stage to 
stage. By iterating only the leading term in Eq. (8), one arrives at 

n 
57— (fi} ) 59— (LA)"&‘“’. 9 

ax|, 

where we have inserted the definition of matrix A from Eq. (5). 

Let us, for now, assume that 

d=8v 

for some single ic (1,...,(Nc— 1)), the respective eigenvector ¥; 
and a constant &Y, i.e. & is parallel to an eigenvector of A. In this 

case, Eq. (9) simplifies to 

<m (1 A.q) &iu,w (11) 

where A7 is the ElgEl'lVilluE corresponding to v;. Furthermore, we 

define &,Kl_ni ¥ and Gspeca:=0; " which are now interpreted 
as specifications on the impurity. Then with n = N;, one can refor- 
mulate Eq, (11) as 

Ni= [in(1-2)] ™ (1n Bupecz— I Bspec)- (12) 

(10) 

Eq. (12) yields the answer to our initial question, namely the mini- 
mum number of stages N; needed to reduce the impurity with 
respect to the singular point to a certain amount. In Appendix C it is 
shown that evaluation of Eq. (12) for systems with constant relative 
volatilities results in the well-known Fenske (1932) equation. This is 

not surprising as the Fenske equation is derived using an analogous 
stage to stage mapping. 

In the more general case that & is not parallel to an eigenvector 

of A, it can be written as linear combination of the eigenvectors 
v; of A: 

Ne—1 
5=3 &, a3 

i=1 

where &} are again constant pre-factors. The scalar specification 
Jspec ON the impurity is defined by 

NE=T 

Sapec= Y _ 8. (14) 
i=1 

Insertion of Eq. (13) into Eq. (9) yields 

Ne—1 Ne—1 " 

> &M= 3 (1-4) 67w (15) 
i=1 i=1 

A further simplification is possible by noting that in the sum of 
powers on the right hand side, asymptotically for n> 1, the term 
with the smallest A dominates, leading to a maximal value in 
(1 —/'l?). The index i of this eigenvalue is denoted by i = min. Then 

-5 Ne—1 ‘s{n)v 

o (v,,,,,,+ Z ém;vv) = 
i# min Opin 

5 IS(UL j Ne-1 . 5(0)»' 

(1 ‘lm:n) min  Vmin+ Z 5(,,,_., (16) 
izmin 1— mm min 

Asymptotically for large n, each term in the sum on the right-hand 
side becomes arbitrarily small due to the exponent n, and so do 
the corresponding terms on the left-hand side. Thus for large stage 
numbers, 

8l = (1= Hin) "800, an 
and all other terms §{")7 are negligible. This result permits an 
explicit solution for n. One defines the specifications Sspec 1:=0%r 
and Spec2:=5r. All other contribution to Sspec in Eq. (14) can be 
assumed to be exponentially small as argued above. Then from 

(17) with n=N, the number N of additional stages to reach 
Jspecz instead of ey is 

-1 

N=c(In Spec2 =N Sgpec1), €= [l“(1 _“fi"")] : s) 
This result is remarkable in so far as only one eigenvalue dominates 
the separation effort close to the singular points (except for the case 

that the singular point is approached exactly along one of the other 
eigenvectors). Not only is the separation effort dominated by that 
eigenvalue, but also the direction in which any distillation line 
approaches the singular point. Asymptotically, all distillation lines 
approach the singular point along the eigenvector corresponding to 
Amin. Thus one is back to Eq. (12), with the index i replaced by the 

index min, denoting the smallest eigenvalue. This asymptotic 
approximation improves for larger differences between the smallest 
eigenvalue and eigenvalues other than the smallest. 

If all eigenvalues are of similar size, then in Eq. (15) one can 
approximately factor out the eigenvalue-terms, leading then to a 
relation equivalent to Eq. (12), which then would be independent of 
the eigenvector index i. Summarizing, the case where the singular 

point is approached from any direction is given by expressions 
equivalent to Eq. (12), which we will refer to in the following. 
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2.3. Residue curves 

As shown in Appendix A, one can treat the residue curves 
described by Eq. (3) in a similar way. We start with 

x(1) =X +8(1), (19) 

and instead of Eq. (12), we arrive at 

-1 Ni= [~ 2] (10 Sapecz—In Sipecs). @0) 

where N; now denotes the normalized height of the column. 
Similar to Eq. (18), one finds for the case when the singular point 
is approached from a general direction not along the eigenvectors: 

=1 
N =c(In Sspecz — 10 Sspec1 ), c:[— fi,,n] 5 21) 

Eq. (20) is obtained from Eq. (12) by expanding the logarithm to 
linear order and neglecting the higher order terms, This approx- 

imation gets better with a decreasing absolute value of . In other 
words, the difference between residue curves and distillation lines 
with identical starting points increases with increasing values 
of 2. To the best of our knowledge, this quantitative relation 

between residue curves and distillation lines has not been dis- 
cussed before. 

3. Application to column design 

Egs. (12) and (20) have a practical meaning. First note that 

apart from the number of stages, they only depend on the 
distances to a pinch along the corresponding eigenvectors and 
on the eigenvalues of the matrix A. It is straightforward to 
compute the number of stages N; (or the packing height) needed 
to reduce the impurity concentration close to a pinch along an 
eigenvector by a factor b> 1: simply put Sgpecz = b"és‘.,em. For 
example, to reduce the impurity by one order of magnitude, one 

would choose b=10. With b arbitrary, one arrives at our final 
result: 

[(ulag,,(‘l —/1:-‘)) 71] equilibrium stages 

Les (,1‘,*) “'nb normalized height. & 

In the first line, the notation [x] denotes the smallest integer 
which is equal to or larger than x. These quantities are universal in 
the sense that they only depend on the substance properties. 

In the derivation of Egs. (22), we have implicitly assumed that 
the singular point is unstable, by requiring that the distance 
decreases when applying Eq. (1), or, alternatively, Eq. (3). For 
stable nodes or saddles, the derivation works in complete analogy 
by starting with 

y"'“':x{y"") 23) 

or, alternatively, with the continuous version: 

dy; 
&= (24) 

Let us now define the matrix B as 

By=ty it o Li=1, (Ne—1). (25) 
Hip 
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By following the same steps that lead to Eqs. (22), we obtain eg. 

for the discrete case 

Ni=[in(1-2)] 7" (In Gupeca ~In Bpeca). 26) 

Here, A? stands for the i th eigenvalue of the matrix B, which is the 
counterpart of Eq. (12). Eventually, this leads to 

S [(—1og,,(1_af))"1 equilibrium stages . 

E (#) “'Inb normalized height. : 

This completes our derivation of lower bounds on the stage 
number or normalized height. 

4. Verification and augmented residue curve map 

Egs.(12) and (26) give a quantitative functional relationship for the 
number of stages required at total reflux to obtain a product of high 
purity close to a singular point. In order to demonstrate the validity 

of these equations, we calculated stage-to-stage-profiles according to 
Eq. (1) close to the singular points along their eigenvectors for a 
separation in the ternary system acetone, benzene and chloroform. 

Thereby, we assumed total reflux and used the stage-to-stage equa- 
tions presented in Lucia et al. (2008), A ternary residue curve map 
of this system is shown in Fig. | along with the eigenvectors of all 
singular points. Both eigenvectors pointing towards (away from) a 
singular point represent a stable (unstable) node; one eigenvector 
pointing toward and the other away from the singular point represent 
a saddle. For the pure components, the eigenvectors follow the binary 

edges of the triangular diagram. Additionally, a binary azeotrope (Az) 
exists in the binary acetone-chloroform subsystem. The VLE is mode- 

led by a NRTL model as given in Boitz et al. (2014). 
Distillation lines were calculated in both directions with the 

following starting points: 

® equimolar mixture of acetone and benzene, 
® equimolar mixture of chioroform and benzene, 
® two points in the binary mixture acetone, chloroform on both 

sides of the azeotrope, 
® one point on the distillation boundary (0.279 mol/mol acetone, 

0.0825 mol/mol benzene). 

By choosing the starting points on the edges of the diagram and on 

the distillation boundary, the distillation lines approach the singular 
point along the eigenvectors. The number of stages N; counted from 

the starting point is plotted over the logarithmic distance from the 
singular point with index i, ie. the purity specification dgec for all 

Chioroform 
4 502 

Acetone™— 57 5 Benzene 

Fig. 1. Augmented residue curve map of the system acetone, benzene and chioro- 
form a[.l bar. At the singular points, the eigenvectors are shown. Their lengths are 
Proportional to the indicated numbers which are the separation efforts Nio-
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Fig. 2. Stage number vs specification on the impurity for column profiles approaching the four singular points in the ternary mixture acetone, benzene, chioroform. Top left: 
acetone (Ac), top right: benzene (Be), bottom left: chloroform (CT), bottom right: azeotrope (Az). The symbols denote values obtained from the stage-to-stage profiles at total 
reflux. Straight lines show the result of the linearization, Eq. (12). 

Methyl acetate 

¥ Methanol 5 

Fig. 3. Augmented residue curve map of the system methanol, methyl acetate, 
n-hexane at 1bar. Property modeling adopted from Ryll et al. (2012). At the 
singular points, the eigenvectors are shown. Their lengths are proportional to the 
indicated numbers which are the separation efforts Nyg. 

eigenvectors in fig. 2. in order to facilitate the comparison to Eqs. (12 
and (26, only the dependency of N; on one specification is considered: 

Ni = ¢jIn §pec+const;, (28) 

where gec; was renamed to dgec and the other specification is 

contained in the constant term; the slope ¢; is given in Egs. (12) and 
(26). Eq. (28) is a prediction for the stage number N; as a function of 
the impurity specification Sgpec, which holds asymptotically for small 
Ospec. Since it is not known a priori how small the impurity specifica- 

tion value has to be in order to yield accurate results, the constant 
term in Eq. (28) is taken as a fit-parameter that is adjusted such that 
numerical results of stage-to-stage calculations with very small values 
for Gy, are met. 

In all cases, the prediction of Eq. (28) becomes exact for very small 

fipec. Even for impurities in the percentage range the agreement is 
excellent. For moderate impurities in the order of 0.1 mol/mel, in 

many cases, the difference is still as small as one stage number, see, 
for example, the Be-Ac system in Fig. 2b. In other cases, such as the 

system Ac-Be, the deviation is substantial for moderate impurities. 
This is due to higher-order effects in the asymptotic expansion that 
have not been taken into account here. It would be an interesting 
challenge for future work to obtain an improvement here that 
also permits quantitative predictions for the stage number in this 
moderate-impurity range. 

Generally, the different slopes of the lines show the differences in 
the separation efforts depending on the eigenvalues of the matrices A 
and B which are given by the substance properties only. Note that due 
to the logarithmic scale, the slopes of the straight lines in Fig. 2 
represent the number of stages required to decrease the impurity by 

a factor of b=10. 
‘We propose to generally augment ternary maps as in Fig. 1. It 

shows not only the distillation boundary and residue curves, but also 
contains the values of Eqs. (22) and (27) for the factor b= 10, which 

are associated with the appropriate eigenvectors. These are the 

absolute values of the slopes from Fig. 2 divided by In10~23 in 
order to abtain the logarithm to base ten. These are lawer bounds for 
the number of stages (or normalized height) needed close to the 
singular point in order to reduce the impurities along the eigenvec- 
tors by one order of magnitude. We denote these numbers by the 
“separation effort Nyo". In Fig. 1, the lengths of the eigenvectors are 
proportional to the indicated values of Nyo. The values of Ny also 

have a clear influence on the curvature of the residue curves near the 

singular peints. The singular point is approached by the residue 
curves rather in the direction of the eigenvector with the greater Nyo. 

For further illustration, Fiz. 3 shows the augmented residue curve 
map for the ternary system methanol, methyl acetate, n-hexane which 
exhibits a ternary azeotrope. Note that the distillation boundaries (thick 

lines) and the residue curves approach the ternary azeotrope exclu- 
sively in direction of the eigenvector respective to Nyp = 7 (parallel or 
antiparallel), except for a single pair, marked dashed in Fig. 3. The 

corresponding eigenvector with Ny =1 shows that approaching the
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azeotrope along its direction costs much less in terms of separation 

effort than along the distillation boundary. 
Distillation line maps can be augmented analogously. 

5. Conclusions 

In this work, we linearized residue curves and distillation lines 

around the singular points of the VLE in order to obtain lower 
bounds for the number of equilibrium stages and the packing height, 
needed to reduce the impurity of distillation products by a given 

factor. It was shown that a logarithmic dependency exists between 
this ratio and the minimum number of stages which holds for ideal 
as well as non-ideal systems of any number of components. 

It was further shown how the information on the eigenvalues and 
eigenvectors of the singular points can immediately be used for 
assessing the effort upon approaching singular points. These informa- 
tion depend only on the physical properties of the system and it is 

suggested to add them to maps of distillation lines/residue curves. By 
this, the designer can immediately grasp how much effort is needed to 
increase the purity specifications of distillation products. 

Nomenclature 

A characteristic matrix of the vapor-liquid equilibrium 
b factor by which the product's purity is increased 
B battom product of the distillation column 
B reverse characteristic matrix of the vapor-liquid equilibrium 
c proportionality factor 
D distillate 
ij counter for components and eigenvectors 

Ki vapor-liquid distribution coefficient of component i 
min minimal 
n counter for stages 

N, N; number of stages 
Nio minimum number of stages required to increase purity 

by factor 10 
Ne number of components 

P pressure of the system 
P vapor pressure of component i 
P singular point 
T temperature 
v eigenvector 

X mole fraction of component i in the liquid phase 

x composition vector of the liquid phase based on mole 
fractions 

¥i mole fraction of component i in the vapor phase 
y vector function resulting in the vapor phase in equili- 

brium with x 

a relative volatility of components i and j 
1 activity coefficient of component i 
7o activity coefficient of component i at infinite dilution 
Bspec impurity specification of a distillation product 

deviation from the singular point 
A eigenvalue 
T normalized column height 

Appendix A. Asymptotic expansion based on residue curves 

In this section, Eq. (20) is derived starti i / n, . ing with Eq. (3). One 
inserts Eq. (19) into Eq. (3) and finds the following differential 
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equatien for 8: 

ds 
P —A.8. (A1) 

It is solved using the eigenvector decomposition for & from Eq. 

(13). Assuming that § is parallel to the eigenvector i as in Eq. (10), 
one finds by integrating Egs. (A.1) fromr=0toz=n: 

& = 60% exp ( L Af'n) ; (A2) 

This equation is analogous to (9) for distillation lines. Following 
the same steps that lead to Eq. (12) one arrives at Eq. (20). 

Appendix B. Determination of eigenvalues of singular points 
for extended Raoult’s law 

In the following, extended Raoult's law 

P (Txy (%, T) =py; (B.1) 

is assumed to describe the VLE in which p is the pressure, pj the 
vapor pressure of component i, y; and x; are the molar fraction of 

component i in the vapor and the liquid phase, respectively, and y; 
is the activity coefficient of component i in the liquid phase. Let us 
consider a pure component k as singular point of the VLE, i, the 

singular point is located in a vertex of the concentration simplex. 
First, matrix A according to Eq. (5) is calculated: 

¥ _Pyx D, (B2) 
P 

ay_1 a(pf(Nyix.T) o 7p(pf(T)r.lx. T)+Tx,) 3) 

For a component ik, x; equals 0. With y75 being the activity 
coefficient of component i at infinite dilution in k, it follows for the 

derivative at the singular point: 

ayl _pid) . fiTmm. (B4) 

Hence, the elements on the main diagonal of matrix A are directly 
dependent on the ¥75- This means that large uncertainties in y; 
lead to large uncertainties in the eigenvalues of matrix A and to 

large uncertainties in the estimated number of stages and the 

estimated reflux ratio. 
In a similar way, the case in which the singular point is an 

azeotrope can be handled. For the matrix A we have to calculate 
the change of y induced by some small shift of x5. For definiteness, 
we take this shift to be along an eigenvector v. Thus we are 

interested in gy(xp+Av)/aA|; _ 5. One can show that this quantity 
is obtained as 

B g P D +20) (83) = pt— ! g 
9|0 Po Y B P 

T_hus in this case, it is the slope of y; along the direction of the 
eigenvectors which affects the estimate. 

Appendix C. Constant relative volatilities 

In the special case of constant relative volatilities, Eq. (12) is 

equal to the well-known Fenske (1932) equation. This is illustrated 
for the ternary case and an unstable singular point located at the 
pure component 1. The relative volatilities are defined as follows: 

oy =Ka /Ky = (¥,%1)/(x2y,) = const. (=] 

@3y = K3 /Ky = (y3%1)/(x3y,) = const. (€2)
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Using that the component fractions sum up to unity, 

Xy+xz+x3=1 €3 

Yityatys=1 (C4) 

it follows that 

Yy =X1/(@s1+(1 —az)x; +(az) —az)xz) (C.5) 

Y2 =aziXa /(@3 +(1 —az)x; +(@21 — azi)xa). (C.6) 

The derivatives of these expression with respect to x; and x are 

evaluated at the singular point P=(1;0;0): 

% —an-an (€8) 

g_: L _ 
(C.9) 

?My_;_l = (C10) 

Matrix A is given by 

A (1-;3,) (1{2;17 -ar:j;))_ (C11) 

The eigenvalues of A are 4} =1—ay; and A4 = 1—as3;. Considering 
the binary subsystem 1-2, the required number of stages to reduce 
the impurity of component 2 from Sgpec 1 10 G5pec2 is given by Eq. (12): 

Ny = (In Sspec2 — N Sepect) /In a2y (C12) 

The Fenske (1932) equation gives the number of stages to obtain the 
mole fractions P and »? in the distillate and bottom products of 

a distillation column: 

1, 4 = onti i C.13 
In amln o ( ) 

Thus, the required number of stages to reduce the impurity of 

component 2 in the distillate from Sgpec;1 t0 Gspeca is 

- 1 55!!!-2 6:17«.1 

Y =fan [ln(l —5sp«.2) _]n(l —6q=c.1) ; 
In the vicinity of the singular point of component 1, i€. dseci, 

Bipec <1, Eq. (C14) approximates Eq. (C.12). 

(C14) 
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Paper III: Efficient Approach for Calculating Pareto 

Boundaries under Uncertainties in Chemical Process 

Design [Bortz et al., 2017]



pu
bl

is
hi

ed
 g

pi
cl
es
 

i 

i 
| 
i 

i 
E 

i 

] 

3 H 
H i 

B 
-y 

:n 

IREC 
research 
tngustriai & Engineering Chamistry Research 

& Cite This: ind. Eng. Ghem. Res. 2017, 56, 12672-12681 pubs.acs.org/IECR 

Efficient Approach for Calculating Pareto Boundaries under 
Uncertainties in Chemical Process Design 

M. Bortz,*"*;. 1 Burger,i" E. von Harbou,”® M. Klein,’ J. Schwientek,” N. Asprion,§ R. Bttcher,* 
K-H. Kiifer,” and H. Hasse™ 

"Fraunhofer Institute for Industrial Mathematics (ITWM), Fraunhofer-Platz 1, 67663 Kaiserslautern, Germany 

*Laboratory of Engineering Thermodynamics, University of Kaiserslautern, Erwin-Schroedinger-Str. 44, 
67663 Kaiserslautern, Germany 

SBASF SE, Carl-Bosch-Str. 38, 67056 Ludwigshafen, Germany 

© Supporting Information 

ABSTRACT: Taking account of uncertain model parameters in simulation-based 
flowsheet optimization is crucial in order to quantify the reliability of the opti- (caney 
mization results. Since chemical process design is a multicriteria optimization 
(MCO) task, methods to deal with uncertain Pareto boundaries are needed. 
The simplest of such methods consists of a sensitivity analysis of the Pareto 
boundary. In this work, it is shown how going beyond sensitivity analysis can 
yield favorable process designs not seen by sensitivity analysis alone. This is 
achieved by taking uncertainties into account by worst and best case Pareto 
boundaries or by considering the robustness of the Pareto boundary with respect 
to uncertain model parameters as additional objectives. In order to increase 
computational efficiency, for the first time, an adaptive scalarization approach is 

used to deal with uncertainties in MCO. The methods are illustrated by the 
calculation of a NQ curve of a distillation column. 

B INTRODUCTION 

During flowsheet simulation and evaluation, values of different 
quantities have to be assigned. These quantities may be catego- 
rized with respect to their origin/definition: 

Fixed, certaln parameters s = Objectives 

Design parameters x —+ Process 
simulation & 
evaluation 

Uncartain parameters p  —»| 

Sensitivity analysis Il 

o Physical model parameters, e.g, reaction constants or 
interaction parameters of thermodynamic phase equili- 
brium models 
Design parameters describing unit operations, like the 

number of theoretical stages of a distillation column 
and feed stage or the separation efficiency of a theoretical 

stage 
Operating parameters, like a feed or product composi- 

tion, boil-up and reflux ratio, split ratios, flow rates 
Evaluation parameters, e.g, cost parameters or param- 
eters of sustainability metrics 

Here, all parameters are allocated to one of the groups that 
are shown in Figure 1: parameters that are fixed and con- 
sidered certain in the sense that their uncertainty is neglected, 

parameters that are fixed but uncertain, and parameters that 
are used as optimization variables. For example, physical model 
parameters are typically not available as design parameters. 
Depending on how accurately they are known, they will be 
considered as either fixed, certain parameters, or uncertain 

Figure 1. Scheme illustrating the simulation-related quantities when 
dealing with ion under uncertainties. P 

If some optimum is found, the optimization variables can be 
fixed, and the influence of the uncertainties represented by the 
uncertain parameters can be analyzed using sensitivity analysis 
that varies the uncertain parameters systematically. When opti- 
mization and the systematic variation of the uncertain param- 
eters are combined, one speaks of optimization under uncer- 
tainty. The difference of these two approaches is described 

below along with the literature. 

Received: June 26, 2017 parameters. 
Depending on the problem formulation, several cases are 

common. In classical optimization, the optimization variables 
are varied to obtain some optimal value(s) for the objective(s). 
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Different strategies for such an integration of sensitivity ana- 

lysis and optimization have been established; an overview and 

references for the various approaches can be found, eg, in 

ref 1. 
For optimization under uncertainty, there are two main con- 

cepts which can be used depending on what information about 

the uncertainties/uncertain parameters is available: 

& Robust optimization: If, e.g,  constraint function g depends 
on some uncertain parameter vector p € P, where P is 
the set of permissible parameter vector values, and no 

distribution information about its values is available, the 
most cautious and common way to deal with this con- 
straint is to use its worst case reformulation 

gx,pE0YpeP (6)] 

where x denotes the vector of design parameters or opti- 

mization variables, If P is finite, eq 1 represents finitely 
many, possibly more complicated, ordinary constraints. 
If P is a set with infinite cardinality, eq 1 constitutes for- 

mally a semi-infinite constraint (see, e.g., ref 2 for an 
introduction into semi-infinite optimization). General 
references in robust optimization are found in refs 3—3. 
Other concepts in robust optimization can be found in 
ref 6. 

Stochastic optimization: If, in addition to the knowledge 

of the possible parameter vector values, distribution infor- 

mation is available, the uncertain parameters can be 
modeled as random variables ending up in a stochastic 
optimization problem (see, e.g, refs 7 and 8 for an intro- 

duction) invelving different measures of uncertainties 

like value at risk," conditional value at risk,” and a nested 

conditional value at risk metric."” For proceeding in this 
way, two concepts have been established: 

® Two- and multistage stochastic programs with 
recourse: The basic idea of recourse (or compen- 
sation) relies on the possibility to adjust constraints 
after observation of the random variables by later 
compensating actions. Accordingly in a two-stage 
program, the set of optimization variables splits 
into first stage decisions (to be fixed before realiza- 
tion of the uncertain parameters) and second stage 
or recourse decisions (to be fixed after realization 
of the uncertain parameters). For a recent applica- 
tion with further references, see ref 11. Bardow 
and co-workers'* compare robust optimization 
with a two-stage optimization approach to quantify 
trade-offs in the costs to ensure robustness applied 
to energy supply systems. 
Stochastic programs with chance/probabilistic con- 
straints: If the emphasis is on the reliability of a 
system, it can be claimed that the (system) con- 
straints are not fulfilled for every value of the 
uncertain parameters but with a high predefined 
probability (see, e.g., ref 13 for details and its appli- 
cation in process engineering). Recently, sigma- 
points have been used to calculate the probabilities 
needed in this approach." 

® Multicriteria mean-variance optimization: Another way 
to handle uncertainties in an optimization problem is 
to add uncertainty measures as further objectives to the 
problem and treat the problem as a multicriteria one. 
The simplest, not even obvious, multicriteria approach is 

to add the variability (e.g., variance or standard devia- 

tion) of the uncertain parameters multiplied by a weight 
to the expected value of the objective function, which is 

nothing more than the scalarization of the (two) objec- 

tive functions by means of a weighted sum. In the optimi- 
zation of portfolios of financial assets, this approach is 
well known and widely used as mean-variance (portfolio) 
optimization.'* Alternatively, nonscalarizing methods are 
known in the context of stochastic optimization, which 
will however not be our focus here. 

Any of these strategies can be used as a basis to address 
uncertainties in a multicriteria optimization framework. Con- 
cepts of dominance in the presence of uncertainties are 
reviewed in ref 16. In ref 17, a2 method to obtain a robust (or 

worst case) Pareto boundary using the weighted sum scalariza- 
tion was presented. Ideas from mean-variance optimiza- 
tion have been integrated into a multicriteria setting” where 
appropriate standard deviations were taken as additional objec- 
tives. 

Tackling process design tasks as multicriteria optimization 
problems has proven very fruitful; for brevity, the reader is 

referred to refs 19—22 for an overview. Its integration into an 
interactive decision support framework by navigating on the 
Pareto boundary reveals favorable solutions which are difficult 
to obtain with single-objective techniques.”*** This fi rk 
allows the user to filter and select interactively those regions of 
the Pareto boundary which are most interesting. These studies 
are typically built on fixed values of the design and the model 

parameters. The aim of this work is to include the uncertainties 
of those parameters. The simplest method consists of a sensi- 
tivity analysis, where the impact of uncertainties in set design 
and model parameters on the objective functions, ie, the 
Pareto boundary, is calculated. However, more favorable solu- 
tions can be found by integrating unceriainties inte the 
optimization directly. 

In the chemical engineering literature, Plazoglu and Arkun® 

were among the first authors who coupled considerations of 
robustness with a multicriteria optimization (MCO) problem 

formulation. They introduced the two-stage approach, in which 
the MCO problem is formulated as a discrete number of struc- 
turally fixed single-objective problems through scalarization 

techniques (they used the e-constraint scalarization), and the 
uncertainty is considered in each single-objective optimization 
independently. Dantus and High™ solved the MCO problem of 

costs competing with environmental objectives by a stochastic 
optimization approach (simulated annealing). For each set of 
optimization variables selected by the algorithm, several Monte 
Carlo runs of process evaluations are performed to sample the 
uncertainties. A generalized scheme of the two-stage approach 
is presented by Fu et al.”®: The master MCO algorithm formu- 
lates a series of single-objective problems into which the 
uncertainty is included via sampling schemes (Fu et al.** pro- 
posed to use Hammersley sequence sampling””). A similar gen- 
eralization of the two-stage approach coupled with specialized 
{genetic) algorithms was presented by Kheawhom et s 

Kim and Diwekar'’ applied the general scheme of Fu et al*to 
a solvent design problem with discrete optimization variables 
describing the solvent's structure. They found that the shape 

of the probability distribution of the uncertain parameters 

influenced their results. Not following the two-stage approach, 
Chakraborty et al*'** applied MCO under uncertainties to 

plant-wide optimization using superstructures. They defined a 

DOk 10,102 1/acs jecr 702539 
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flexibility index which characterizes the robustness against 
uncertainties of a design. The flexibility index was used to 

assess the Pareto set obtained as result of optimization costs 
against global warming potential in a MCO problem. Similarly, 

Hoffmann et al.”* calculated a Pareto set first assuming certain 

parameters. Afterward the Pareto-optimal solutions are assessed 
by sampling of the uncertain parameters. The resulting devia- 
tions of the objectives were visualized in the objective space. 
Hugo and Pistikopoulos™ introduced parametric MCO, which 

consists of defining a discrete number of scenarios for which 
the MCO problem is solved. Afterward, the Pareto sets are 
compared. A more probabilistic method has been demonstrated 

by Tock and Maréchal,™® who used Monte Carlo simulation to 
quantify the probability of each Pareto set. 

Madetoja and Tarvainen® studied a papermaking process 

and reformulated the MCO problem with uncertainties as 
a deterministic MCO problem which is then solved instead. 
The objectives are the mean values of the original objective and 
one additional objective to reflect the influence of the uncer- 

tainties. To solve the MCO problem, an interactive approach 
was chosen in which the decision maker updates his/her 
priorities while solutions a.r_ehgenmted. 

Achenie and co-workers®*" discuss how uncertainty consid- 
erations can be included in two types of scalarization schemes 
(weighted-sum and e-constraint). Their approach is computa- 
tionally expensive but leads to a less conservative Pareto set 
compared to the two-stage approach used in refs 24 or26. 
Very recently, Bardow and co-workers™ used robust optimi- 

zation in a multicriteria setting to determine robust Pareto 
boundaries in the context of distributed energy supply systems, 
based on a mixed-integer linear simulation model. 

All these works have in common that points on the Pareto 
boundary are calculated uniformly, without exploiting the shape 
of the boundary. Since the number of function calls increases 
significantly with an increasing number of objectives and uncer- 

tain model parameters, this can lead to unnecessarily long com- 
putation times. To increase computational efficiency, especially 
for practical applications, in this work, adaptive scalarization 

schemes”” are applied for the first time to MCO under uncer- 
tainties. 

A further novelty consists of the implementation of these 
methods into a flowsheet simulator—the BASF in-house flow- 
sheet simulator CHEMASIM. To make the implementation 
robust in practical applications, additional effort is required, 
which is described in this work. 
The benefit of such methods is a support of the process 

designer in discerning robust parts of the Pareto boundary from 
more sensitive ones and to obtain a consistent estimate of the 
impact of uncertainties in the different parameters on the objec- 

tives. Therefore, some of the above-mentioned methods are 

suitably combined. 
The remainder of this paper is organized as follows. In the 

next section, a detailed description of the workflow is given. 
Afterward, the workflow is applied to the calculation of an NQ 
curve for a simple distillation process. 

B QUANTIFYING UNCERTAINTIES OF PARETO 
BOUNDARIES 

The setup of an MCO task consists of the choice of free design 
parameters with their intervals of objective functions and of 
additional constraints. The resulting Pareto boundary with the 
model parameters fixed to their nominal values will hence- 

forth be called the “nominal Pareto boundary”. Additionally, 

uncertainties in the Pareto boundary are assumed to be induced 
by uncertainties in the model parameters and set design param- 
eters. The uncertainties are encoded here in a finite set of 

scenarios, which can also bring additional boundary conditions 
into the optimization problem. 
The workflow described in this work to quantify uncer- 

tainties in the Pareto boundary is as follows: 

(i) Calculation of the nominal Pareto boundary is needed. 

(ii) Application of screening methods from sensitivity ana- 

lysis to identify the impact of uncertainties in different 

parameters and of design variables to be manipulated in 

order to compensate for the uncertainties is needed. 

(iii) For the scenarios from the sensitivity step (ii), the worst 

and best case Pareto boundaries are calculated by inte- 

grating the sampling of scenarios into the optimization 

solver. 

(iv) A further option to model robustness is to include an 

additional objective function which measures the sensi- 

tivity of the original objectives. 

These four steps are explained in the following. 
Nominal Pareto Boundary. The Pareto boundary is deter- 

mined according to the scheme presented in ref 20, while 
keeping the uncertain parameters fixed at their nominal values. 

In that scheme, Pareto points are calculated successively until a 
certain quality for the linear interpolation between the Pareto 
points compared to the true unknown Pareto boundary is 
reached. Pareto points are placed where they are needed most, 
namely, in regions of strong curvature of the Pareto boundary. 
Furthermore, both convex and nonconvex parts of the Pareto 
boundary can be sampled efficiently. 

This sampling starts with the calculation of the extreme com- 
promises by finding the individual optimum of each objective 
function, including a reoptimization step which becomes nec- 
essary in the multicriteria context (Supporting Information). 

After that, weights for a weighted sum scalarization or direc- 
tions for a Pascoletti—Serafini scalarization are chosen adap- 
tively. The corresponding scalarized optimization problems are 
solved using a mixed integer sequential quadratic programm- 
ing (MISQP) algorithm.”®*' Further details® and application 
examples™ are given elsewhere. 

Sensitivity Screening. Once the nominal Pareto boundary 
is determined as described in the previous section, the impact 
of uncertain parameters is calculated by a sensitivity analysis. 
Methods to perform such an analysis have been described 
extensively.”” Furthermore, the decision support approach by 

interactive navigation as presented in ref 20 is modified and 
applied to the results of the sensitivity analysis. 
The goal of the sensitivity analysis is to obtain results for 

the uncertainties in the objectives induced by uncertainties in 
the model parameters with a small number of sample points in 
the uncertain model parameter space, cf. Figure 1. To quantify 
the impact of the uncertain parameters, screening methods like 
reduced factorial designs or one-at-a-time samplings are known, 
where the number of sample points N, scales linearly with 
the number of uncertain parameters N,,.. Here, we favor facto- 
rial designs because they allow us to calculate the main effects 

more reliably than one-at-a-time samplings.” These methods 
allow us to distinguish between more robust and more sensitive 
Pareto points. This helps to save computation time: The more 
advanced methods of robust or mean-variance optimization, 
presented in the next paragraphs, should be applied only to the 
rather sensitive points. 

12674 DOI:10.1021/cs.decr 7602539 
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The sensitivity analysis consists of the following three 
steps: 

(I) Given are Ny, nominal Pareto points F 
{ff,., £§, ), each containing the values of the Ny 

objectives. Each objective depends on the N,,, optimiza- 
tion variables and N,,,. uncertain parameters, ie., F @ = 

(A&, P, o, %) o froy (X, P°))7, where x(*) = 
(xg"),...,xg:l ) is the efficient solution and p° = (pf, ... pg,_) 

are the nominal values of the uncertain parameters. 
(IT) For each nominal Pareto point, N,, sample points in 

the uncertain parameter space are calculated, Iea.d.in? 

to N,.-many function evaluations F* = (fi(x{*, 

PPy 0, (X2, pP)7 with f = 1,..,Nien. The sampling 
is done with different points in the uncertain parameter 

space, p@ = (¥, p¥,., p¥)7. Here, a reduced 

factorial design sampling is used, where the number of 

sample points scales linearly with the number of 
uncertain parameters, N, ~ N, But of course, the 

method is not restricted to this kind of sampling. Durin 
the sampling, the values of the optimization variables X 
are fixed. 

(1) Using F® and F*), sensitivities S}j‘" are calculated with 
@ = 1,.,Npyetos j = Ly Ny and k = 1,.., N, as 
described in the Supporting Information. 

Thus, S’-(I) measures the uncertainties caused by the kth 
uncertain parameter at the Pareto point @ in the jth 
objective. Furthermore, the variance of the jth objective 
due to the sample points is used here as a sensitivity 
measure which does not distinguish between the influ- 

ences of the different uncertainties. Other sensitivity 
measures are conceivable.”” Like different sampling 
schemes, also different sensitivity measures have a num- 
erical impact on the final results. These are additional 
valid options during the interactive decision support 
workflow for process design under uncertainties estab- 
lished in this paper. An in-depth study of these effects is, 
however, beyond the scope of this work. 

(=1, Nowa) — 

This general concept is demonstrated in the Supporting 
Information for the one-at-a-time and factorial design samplings. 

In Figure 2, an interactive decision support scheme to visu- 
alize these results of the sensitivity analysis is sketched. 
The nominal Pareto peints, as well as the results of the sensitivity 
sampling, are shown in a 2D-projection in the objective space. 
The uncertainties S,E? are given on additional axes, the bounds 
of which can be adjusted interactively in the algorithmic imple- 
mentation similar to the ones used in refs 20 and 23. 
Worst and Best Case Pareto boundaries. Extreme 

Compromises under Uncertainty. When uncertainty is taken 
into account in single abjective optimization by a discrete num- 
ber of scenarios N, finding the worst case optimum is achieved 
simply by comparing the optima of all scenarios. Calculating the 
extreme compromises in multicriteria problems is more complex 
because they have to placed into the multicriteria context 
although being single objective optimization problems. This is 
illustrated in the Supporting Information, 

Worst and Best Case Scalarizations. We now proceed 
with the application of the methods described in ref 20 to 
adaptively sample the worst and best case Pareto boundaries. 
Therefore, the weighted sum and Pascoletti—Serafini scalariza- 
tions have to be formulated to calculate worst and best case 
Pareto points. 
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Figure 2. Exploration of uncertainties in a set of Pareto points. 
The full circles denote the Pareto points calculated for the nominal set 
of parameters. The open circles are obtained from four scenarios for 
each Pareto point. On the axis below, the standard deviation in £, for 
each Pareto point, obtained from the four corresponding scenarios, is 
represented. On the right, the most sensitive Pareto points have been 
deselected by moving the restrictor on the standard deviation axis. 

For the worst case weighted sum scalarization, this results in'” 

Nfil 

min max wj \x, 

.eR!"- A=l o J:( P @ 

stglxp®) >0 Vi=1,.,N,, ©) 
where unequality constraints that may also depend on the 

scenarios, g(x, p”) have been included. It has been shown 
recently’’ that multiexpert multiobjective decision making leads 
to similar min—max formulations. 

The objective function in eq 2 is nondifferentiable and thus 
hard to handle for gradient-based optimization solvers. There- 
fore, the optimization problem should be implemented in the 

following equivalent way (epigraph reformulation; see, eg, 
ref 45 for details): 

min 
(mt)eRMnct! ) 

Nopy 

s.t. Z wf (x, p(fl)) <t V=L .N_ 

©) 

g 20 vp=1,., N, 6) 
with additional N,_,-many inequality constraints. In the fol- 
lowing, the min—max formulation will be used for brevity, but 
the equivalent epigraph formulation should be always kept in 
mind for the practical implementation. 
The weights w; are determined by the sandwiching tech- 

nique,”” which is an adaptive scalarization scheme for convex 
regions of the Pareto boundary, placing Pareto points there 
where the curvature of the Pareto boundary is large. The 
weighted sum scalarization is able to detect only convex regions 
of the Pareto boundary. For nonconvex areas, the Pascoletti— 
Serafini scalarization is used which can be deduced from the 
objective-wise worst case approach in ref 17. Then, the worst 
case reformulation is done as follows: 

max t 

(xr)eRMrt! ) 

stflx p™) —r—td <o VB=1,.,N_, 8) 

gxp™Mzo0 vp=1,., N, ) 
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Here, the direction vector d pointing toward the Pareto bound- 
ary is chosen by the hyperboxing algorithm, and the reference 

vector r is set at the beginning within the feasible region.”” 
In the worst case formulations, the inequality constraints in 

eqs 2—9 have to be fulfilled for all scenarios simultaneously. 

This guarantees feasibility of the worst case solution irrespec- 
tive of the scenario. Therefore, these solutions are generally 
different from the ones one would obtain when calculating 

the Pareto sets for all scenarios separately each with its own 
ingquality constraints and then taking the worst/best case. For 
an illustrative example, see ref 46. 

The best case is treated analogously. Instead of eqs 2 and 3, 
the optimization problem for the weighted sum scalarization 
now reads: 

Ny 
min min wf (x, P(fl)) 

- fl=h—»~m§ (10) 

st g(x, p(fi)) >0 NI =11, N (11) 

where the best case is defined such that the restrictions are 
fulfilled for each scenario. At this point, one might object that it 
is not clear in how far a solution that fulfills the constraints with 
all scenarios as in eq 11 exists at all. We assume here that the 
nominal case exists, and if the uncertain scenarios do not 
deviate too much from the nominal scenario, one can expect 

that the inequality constraints (eq 11) can be fulfilled. For a 
more mathematical background in the case of linear constraints, 
the reader is referred to ref 47, where best-case set efficiency 
has recently been explored. 

At this point, it should be mentioned that in the general 
case of nonlinear dependencies on the model parameters the 
generation of fixed scenarios does not guarantee that the true 
best or worst case has been found. This limitation is not due to 
the factorial design used here to generate the scenarios but 
holds generally as long as one seeks for the worst or best case 
on a finite, predefined set of scenarios. One way to cope with 
this issue is to use semi-infinite programming.*** That is, for a 
given design x, the worst case parameter set p is sought. 
This would increase the algorithmic and computational complex- 
ity significantly and therefore requires sophisticated methods for 
the scenario identification, which is outside the scope of our 
work. Qur implicit assumption is that the hyperbox from which 

the scenarios are taken is chosen sufficiently small so the depen- 
dency on the model parameters is sufficiently linear. In that case, 
the factorial design schemes represent an optimal scenario 
generation to capture the main effects. 
While dealing with this situation, a formulation slightly differ- 

ent to eq 11 is conceivable: Only the constraints that belong to 
the actual best case are taken into account. The authors made 
first progress in this direction; however, this discussion goes 
beyond the scope of this work and is reserved for future 
work, 

Mean-Variance optimization. The previous paragraphs 
contain methods that enable the determination of the best 
and worst case Pareto boundaries in the presence of a finite 

set of samples N,, among the N, uncertain parameters. In 
the present paragraph, mean-variance optimization is described 

as a further option to deal with MCO under uncertainties. 
As pointed out in ref 8, this is a computationally simple form of 
stochastical optimization; a more sophisticated uncertainty 

measure relying on a stochastic generation of scenarios is, for 

example, the conditional value at risk*” The key idea consists 

of replacing the original objectives by their mean values with 
respect to the scenarios and to deal with their standard devia- 
tions as additional objectives to be minimized. Thus, it is pos- 

sible to quantify the trade-off between robustness (in terms of 
minimizing the standard deviation) and the other objectives. 

Therefore, we define the mean of an objective f} for a Pareto 
point as 

qu 

Elf, &, 5] = N; E i (@, g 

scen fi=| (12) 

The variance 

Nogen 

P E B = —— Y (), ) 
o el =1 > 

- B, ), p))) 
(13) 

is calculated for each Pareto point, so that it can be included as 
additional objective. This shows the trade-off between an 
optimal mean value for f; and the minimization of its standard 
deviation. 

B APPLICATION 

As an example for an application, the separation of the binary 
mixture methyl formate—methanol (MF-MeOH) in a distilla- 
tion column is studied. Methyl formate is the light component, 
enriched in the top of the column, and methanol is the heavy 
component in the battom of the column. The vapor—liquid 

equilibrium of the components is described by the NRTL 
-model. The interaction parameters are fitted to experimental 

data."” The comparison of experimental data and model for 
1 bar is shown in Figure 3. There is no azeotrope, but the 
system is highly nonideal. 

00 02 04 1.0 06,08 
X Ymrl BIE 

Figure 3. Nominal vapor—liquid equilibrium data of the system 
MF-MeOH at 1.013 bar. x,z and yyp are mole fractions of methyl 
formate. A: exp. data;* lines: model. 

The distillation column with specifications for the feed and 
the products is shown in Figure 4. The pressure is 1 bar, and 
the feed is at liquid boiling state. The column is modeled with 
the equilibrium stage model. In the example, the very common 
MCO problem of the NQ curve is studied, i.e., design compro- 
mises between column height expressed in theoretical stages 
Ny, and the reboiler duty Q.°” Optimization variables are the 
number of theoretical stages Ny, € [5,80] and the height of the 
feed stage N; € [3,80] (counted from the bottom). Due to the 
nonlinearities induced by the thermodynamics, this is a mixed- 

integer nonlinear problem. 
In the example, N, = 3 uncertain parameters are con- 

sidered: The mass flow rate of the feed, the mass fraction of 
methyl formate in the feed, and the activity coefficient of 

methanol at infinite dilution. Table 1 summarizes the assumed 
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Figure 4. Process flow sheet and specification of the inlet and outlet 
streams of the distillation column for the separation of MF-MeOH. 

Table 1. Uncertainties in Mass Flow Rate of Feed ri1;, Mass 
Fraction of Methyl Formate in Feed x}'¥, and Limiting 
Activity Coefficient of Methanol ¥§.on 

Parameter Unit Value Relative uncertainty (%) 

g kg/h 8000 + 40 05 
Fol 28 08 + 0.02 25 
Fateon 1342 + 0.1342 10 

uncertainty ranges in these parameters. The uncertainty in the 
activity coefficient represents uncertain property data. Although 
Figure 3 suggests good agreement between the experimental 

data and thermodynamic model, only slight uncertainties in 
the VLE model at the methyl formate-rich concentrations may 
cause considerable uncertainties in the design since the mixture 

is very close-boiling there. Here, a relative uncertainty in the 
activity coefficient 7;° of 10% is assumed, cf. refs 43, 46, and 51 
for a motivation of this number. How to realize uncertainties in 
the activity coefficient by manipulating directly its limiting value 
at infinite dilution (¥{°) in process simulation has been shown 
macently.s 12 

To quantify the impact of these uncertainties on the nomi- 
nal NQ_curve, a factorial design is used as sampling scheme. 
The three sources of uncertainties are cast into eight scenarios 
which can be visualized as the corners of a cube (Figure 5). 
The center of this cube represents the settings of the uncertain 
parameters for the nominal case. All scenarios are described 
by eight three-dimensional vectors which are given in the 
Supporting Information, 

raTe=—__ | 
| 

| 
¥MeoH 1.3-42”{1 

| 

pr= e 
g /Rglh o xmlgle 

Z o, 

Figure 5. Factorial design of the an d uncertainti i 
Pl o alyzed uncertainties (corner points) 
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In the following, the four steps of the workflow described in 
the previous section are realized. The results presented in the 
following were obtained using the BASF in-house flowsheet 
simulator CHEMASIM. The tools used here are not specific to 

the example discussed here but rather applicable to any process 

design problem. 
Nominal NQ Curve. The nominal NQ curve has been 

calculated as a Pareto boundary using the adaptive sampling 
schemes for Pareto boundaries. The result is shown in Figure 6a. 
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Figure 6. NQ curves for the separation of MF-MeOH. (a) Nominal 
NQ curve without unc ies (circles). (b) Sensitivity analysis with 
uncertainties applied to the nominal NQ curve using a factorial design 
yielding eight sample points (plus sign) for each nominal Pareto point. 
The rightmost points are the worst cases (right-side up triangles) with 
the uncertain parameter combination of r; = 8040 kg/h, %" = 
0.82 g/g, ¥iteor = 1.1 7301, noma- The leftmost points are the best 
cases (upside-down triangles) of the sensitivity analysis with the 
uncertain parameter combination of rirg = 7960 kg/h, zt" =078 g/g, 
Yhteon = 0.9 730, nominat (€) Comparison of the robustly optimized 
NQ_ curve (tilted squares) with the nominal NQ curve (circles) and 
the worst case of the sensitivity analysis (right-side up triangles). 
The coloring indicates the feed inlet stage number (Np). (d) Sensitivity 
analysis of the new design variables (N and Ny for the robustly 
optimized NQ curve (tilted squares) resulting in sample points 
for each scenario (x). Here, the nominal case is characterized as 2 
cirdle (O). 

In this calculation, no uncertainties are considered yet. In the 
MISQP algorithm used for solving the scalarized optimiza- 
tion problems, an accuracy of 107 is used in all what follows as 
termination criterion for the relative change of the objective 

function between two solver iterates. Computational times are 
not an issue: The Pareto points are calculated within a few 
minutes at most on a standard PC (Intel processor 2.6 GHz). 

Sensitivity Analysis of the NQ Curve. First, the impact of 
the scenarios on the nominal Pareto points with fixed design 
variables (N, and Nj) is calculated. Thereby, the worst case 
of all scenarios can be determined. The result is shown in 
Figure 6b. For all eight scenarios (Figure 5), heat duties were 
calculated, producing eight sample points for each nominal 
Pareto point. The rightmost points are the worst case scenarios, 
in which the uncertainties shift the NQ curve to the highest 
heat duties. Here, the special case is encountered that all worst 
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case points stem from the same scenario. This will often be the 
case but is not necessarily true. Note that in Figure 6b, only Q 
is varied among the different scenarios, while N, is constant. 
This is because Ny, is also one of the optimization parameter 

which are fixed during the sensitivity analysis. 
Robust Optimization of the NQ Curve. Worst Case. 

In this section, robust NQ curves for the worst case of the uncer- 

tain parameters (Table 1) are calculated, The goal is to push the 
worst case points to lower heat duties. Thereby, new Pareto 
points are calculated (Figure 6c) with changed design variables 
Ny, and N;. These are now chosen such that the worst case is opti- 
mal. Figure 6¢ shows nominal NQ curve, the robust NQ_curve, 
and the worst case from the sensitivity analysis (from left to right). 

The worst case NQ curve detected by a sensitivity analysis is 
pushed in the direction of the nominal case at lower heat duties 
using robust optimization. Since no constraints were included 

here in the optimization problem, the Pareto boundary of 
the worst case optimization is identical to the worst case of a 
parametric optimization, where Pareto boundaries for each sce- 

nario would have been calculated separately. 
The robust design is achieved by shifting the column’s feed 

stage to slightly lower positions. This leads to higher nominal 
values of the reboiler duty but smaller values of reboiler duties 
in the worst case scenario. 

To illustrate the robustness of the curve, a sensitivity analysis 
with factorial design is performed with the new calculated 
design variables of Ny, and N; (Figure 6d). It shows that now, in 
contrast to Figure 6b, all scenarios are on the left-hand side of 
the Pareto boundary. 
The advantage of using the robust optimization scheme is 

2-fold: On the one hand, the worst case scenario is detected 
automatically, and it may also change during the optimization 

run for a Pareto point. On the other hand, this scheme guar- 
antees optimality: For example, it is not possible to obtain 
better robust NQ curves ensuring the product specifications. 
It is pointed out that the use of discrete scenarios also enables 
a probabilistic interpretation.'’ From that point of view, the 
above sketched robust optimization acts as an optimization of a 

certain quantile of a probability distribution. The 50% quantile 
is equivalent to the mean of the objective; larger or smaller 
quantiles are captured in the discrete scenarios. A more rigor- 

ous description which also accounts for nonlinearities is a task 
of future research. 

Best Case. After the worst case optimization, optimal design 

parameters N and N; are determined for the best case optimi- 
zation (Figure 6b). Therefore, the design variables are adjusted 
while at the same time the scenarios are free, so that the overall 
best Pareto boundary is obtained. 

In the absence of boundary conditions in the optimization 
problem, the Pareto boundaries for the best and the worst cases 

enclose the nominal Pareto boundary and give lower and upper 

bounds for optimality achievable under uncertainties (Figure7). 
Alternative to Robust Optimization. Before practically 

applicable methods to perform MCO with uncertain model 
parameters were available in flowsheet simulators, NQ_curves 
with tighter impurity specifications in the product streams were 

calculated in order to account for uncertainties.”” 
This procedure is compared to the presented robust opti- 

mization approach in Figure 8. Sharper purity specifications in 

the distillate stream shift the NQ curve to a location that is 
close and parallel to the robust NQ_curve. Namely, increasing 

the purity of the methyl formate product from 0.05 to 0.044 g/g 
methanol is enough to cover the uncertainties. Determining 

e . 

1300 1400 1500 1600 1700 

Q/ kW 

Figure 7. Pareto curves for the nominal (circles), best case (right- 
pointing triangles) and worst case scenario (tilted squares) of the 
uncertain parameters, enclosing the nominal Pareto points. The 
coloring indicates the feed inlet stage number (Np). 

1400 1500 1600 1700 
Q/ kW 

Figure 8. Comparison of NQ curves resulting from the nominal sce- 
nario (— and O), from robust optimization (tilted squares), and from 
sharper purity specifications (—). 

this number needs however a lot more experience and works 
more or less by trial and error, which becomes hard to handle 
for larger flowsheets. 
Mean-Variance Optimization. The mean-variance opti- 

mization approach realized here consists of replacing the 
original objectives by their means with respect to the sensitivity 
samples. Additionally, variances as in eq 13 can be added as 
additional objectives to be minimized. Here, the standard 
deviation o{Q] is included; the choice of design variables are 
kept as before, cf. Table 2. 

Table 2. Objectives and Optimization Variables Used in 
Stochastic and Robust Optimization in Present Work 

Objectives minimized 

Ny, Ny Ny 8-80 
E[Q] Q N 3-80 
o[Q) 

The resulting Pareto points are presented in Figure 9a. This 

illustrates clearly how minimizing 6{Q] competes with mini- 
mizing the mean E[Q] defined in eq 12. In Figure 9a, a 2D 
Pareto boundary in the 3D objective space is visualized by 
showing some selected points. Two objectives are shown on 
the axes, the third one in the color code. The better the objec- 
tives Ny, and E[Q] are, the worse is 6[Q] and vice versa. Fur- 
thermore, it shows how a smaller spread of the uncertainty 

scenarios results in a smaller variance, which comes with a 
trade-off in the mean value of the heat duty. 

In Figure 9b, the same Pareto points as in Figure 9a are 
shown, but with the coloring indicating the feed height. 

For designs with a small 6{Q], rather low feed positions are 
found. The trend observed earlier is confirmed: lowering the 
feed position leads to larger mean values and larger nominal 
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Figure 9. (a) Stochastically optimized NQ_curve (squares) calculated 

guarantee an accurate sampling while at the same time keeping 

the number of Pareto points small. This makes the scheme 
attractive also for a higher amount of objectives. 

Uncertainties are considered as resulting from uncertain 
parameters. They are quantified by a finite set of scenarios. 

Robust, i.e, min—max optimization and mean- e opti- 
mization, are employed and show the trade-off between robust- 
ness and the other objectives. 
The different steps in the workflow described in this work do 

not rely on how the scenarios are generated nor on the uncer- 
tainty metric used. To be definite, reduced factorial designs 
were used here to generate the scenarios and the variance taken 
as uncertainty metric. Many other scenario generation methods 
are known in the literature, either deterministic or stochastic, 

and also other uncertainty metrics, as cited in the text. Gen- 

erally speaking, as the results for the uncertainty metric become 

more reliable, the higher the invest in computational time is. 

One should consider the problem of exploring and quantifying 
uncertainties as an iterative procedure, where depending on the 
requirements in practice more or less accurate metrics and sce- 

with three minimized objectives: N, E[Q], and 6[Q]. The c nario g tion techniques are employed. The resulting Pareto 
coloring of the Pareto points shows the value of o{Q] in each Pareto 
point. Additionally, for two Pareto points, the scenarios (+) are 
given 1o illustrate the differences in the standard deviations. 
(b) Stochastically optimized NQ curve as shown in panel (a). Here, 
the continuous coloring indicates the feed inlet stage number. 

values of the reboiler duty but at the same time to smaller 
standard deviations and higher robustness. 

Figure 10 shows the nominal NQ curve together with results 
of the mean-variance optimization and the robust optimization. 

1300 1400 1500 
Q. E[Q) kw 

Figure 10. Comparison of the results using robust and mean-variance 
optimization. Nominal NQ_ curve (circles), robustly optimized NQ 
curve (tilted squares), best case optimized NQ curve (right-pointing 
triangles), stochastically optimized NQ curve (squares). The continuous 
coloring of the Pareto points shows the value of N, 

The robust curve is most conservative, whereas the nominal 
Pareto curve is nearly reproduced by the points with high 
standard deviation of the stochastically optimized Pareto points 
(with the heat duty replaced by its mean). This is not surprising 
as in both cases there is no (or only small) weight given to the 
o[Q] objective. Further, the scenarios are somewhat equally 
distributed around the nominal parameter values In this exam- 
ple, the number of design and uncertain parameters is rather 
small, the design parameters are integer, and method is com- 
pletely general and has been applied to complex problems with 
a larger number of both integer and continuous parameters. 

B CONCLUSIONS 
l.n the present work, different approaches to model uncertain- 
ties in multicriteria optimization are discussed. The Pareto 
boundaries are calculated by adaptive scalarization schemes that 
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boundaries can then be compared and explored in the different 
criteria and design variables. 

All methods presented here are implemented in the BASF 

in-house flowsheet simulator CHEMAS IM and are thus applicable 

and relevant in industrial practice. This is illustrated using a 
simple example from distillation process design. It shows the 
benefits of taking uncertainties explicitly into account in pro- 
cess design and the suitability of the methods presented 
here for doing this. Furthermore, it shows that there is no single 

best way how to incorporate uncertainties in process design. 
Each of the methods presented here has its own strengths so 

that they should be used complementary. It would be desirable 

to integrate such methods also in other process simulation 

tools. 
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1 Introduction 

Often models are used to represent a known good operation 
point to investigate the impact of different parameters and 
to optimize the process within the vicinity of this operating 

point in the process simulator. Since new methods and 
computational speed allow a more rigorous exploration of 

the complete design space, there is the necessity for reliable 
models applicable in this broader range, The modeling pro- 
cess is a decisive factor for the reliability of simulation and 
optimization results. A scheme of the process, which starts 
with experimental data and ends up in a robust and opti- 
mized plant design, is visualized in Fig. 1. The modeling, 
simulation and optimization loop might be passed several 
times in the iteration of process development. The aim of 
this work is to support this work flow. 
Although the necessary steps for creating good models 

are known [1], there is, to our knowledge, no commercial 
tool available supporting the modeling process in all steps. 
Either existing tools (e.g., Vali from Belsim, Minitab from 
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Benfer, Dr. Sergej Blagov, Dr. Rager Bottcher, BASE SE, Carl- 
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Bortz, Maksym Berezhnyi, Prof. Karl-Heinz Kiifer, Fraunhofer 
Institute for Industrial Mathematics ITWM, Fraunhofer-Platz 1, 
67663 Kaiserslautern, Germany; *Prof. Jakob Burger, Prof. Erik von 
Harbou, Prof. Hans Hasse, Laboratory of Engineering Thermo- 
dynamics, University of Kaiserslautern, Erwin-Schrédinger- 
StraBe 44, 67663 Kaiserslautern, Germany, 
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Figure 1. Modelling, simulation and optimization iteration 
loop starting from plant experiments and striving for a robust 
and optimized plant design. 

Additive or ASPEN Plus) cover the aspects only partly or 

methods are available only in an academic environment 
sometimes not adjusted to industrial practice. Therefore the 
modeling is often complicated, error-prone and undefined. 
Furthermore, since the selection and processing of experi- 
mental data is also time-consuming frequently only a small 
fraction of the available experimental data is used for model 
development. 

The goal of the project “INES - Interface between Experi- 
ments and Simulation” is to implement successful and 
tuned methods into a user-friendly, interactive interface 
which supports the process designer in his workflow. The 
ease-of-use and an obvious benefit for the user applying 
these tools are important guidelines to achieve high user 
acceptance for this development. Moreover, this also serves 
as verifiable documentation of process scale-up and optimi- 
zation. Lastly, it also facilitates active know-how transfer 
and quality management. 
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The project INES supports the process design based on 
both steady-state flowsheet models and plant data (from 
mini-, pilot or production plants). There is the chance to 

reduce bath costly experimental efforts during model devel- 
opment and risks in the process design due to insufficient 
model quality. This can decrease time-to-market and make 

resources available for other process development projects. 

It is assumed that a first simulation model already exists 

as a starting point for supporting the modeling process. 

This is reasonable since the planning of plants is usually 
based on such simulation results. INES supports the process 

developer in the following tasks as shown in Fig,. 2: 
1) Data selection: Removal of outliers and identification of 

different relevant steady-state operating points. 
Data reconciliation: Reconciling flow and composition 

data from, e.g., analytics by using mass and/or compo- 
nent mass balances only. This task helps to detect gross 

errors in case that those balances cannot be closed with- 
in a reasonable range around the measurements. 
Model validation: Comparing the model predictions 

with the experimental data at the selected operating 
points. 

Meodel sensitivity analysis: Identifying the impact of 
variations in model parameters on selected objectives to 
either investigate the impact of parameter uncertainty 

or to identify the best model parameters when adjusting 
the model. 
Model adjustment: Besides comparing different submo- 

dels like thermodynamic models or reaction models 
(e.g., different kinetic models) INES focusses on im- 
proving the agreement between model and experimental 
data by offering the possibility to estimate model para- 

meters. 

6) Optimal design of experiments (oDoE): Identifying op- 

eraling regimes with multi-criteria optimization which 
provide a good trade-off between sensitivity and other 
operation-related objectives. Here, sensitivity measures 
will be maximized to obtain operating points where, 
e.g., parameters can be determined with high accuracy. 

5 

o
 

4 

wn
 

7) Robust planning: Identifying operating regimes, similar 

to oDoE with multi-criteria optimization which provide 
a good trade-off between sensitivity and other opera- 

tion-related objectives. While in oDoE the sensitivity 
measure will be maximized, here it will be minimized to 
reduce the impact of uncertainties on the design. 

The development is based on the BASF in-house simula- 
tion tool CHEMASIM. Integration of the workflow is easy 
because the source code is accessible and it is possible to 

further integrate the developed tools into BASEF's processnet 
tool box for most efficient support of the process design 
workflow at BASE. However, the experience gained in this 

project is fundamentally generic and independent of the 
choice of the process simulator or the company’s environ- 

ment. The paper demonstrates the new ideas and prototype 

of the tools supporting the workflow. 

2 Data Selection and Reconciliation 

Large amounts of experimental data from plants (mini- 

plant, pilot or production plants) are typically available in 
industrial practice and can be used to develop and validate 

process models. However, identifying good data still is a 

tedious manual task. As a consequence, typically only a lim- 
ited amount of data is used in model development and is 
selected very often by intuition and experience alone. Facili- 

tating the data selection process supports the process devel- 
oper in this modeling step. 

Plant information management systems (PIMS) like Info- 
Plus.21 (ASPEN) or PI (OSIsoft) provide access to operat- 

ing data needed for model validation and improvement. 
These systems are often used within BASF and therefore 

interfaces to these systems are provided. 

Operating data from lab or mini plant-scale experiments 
is often stored and processed in MS Excel. Similarly, e.g., 

analytical data are in some cases provided in Excel files. 

Hence, an interface to Excel is also implemented and can be 

used simultaneously. 

I Robust 

Planning 

Design of 

Experiments 

Data Selection 

Optimization 

Data Reconciiiation 

Model 
Model 

Vafidation 

Sensitivity 

Analysis 

Model 

Adjustment 

Figure 2. Steps in the work 

flow in process design and 
scope of the project INES. 

Chem. Ing. Tech. 2015, 87, No. 12, 1810-1825 ® 2015 WILEY-VCH Verlag GmbH & Co. KGaA., Weinheim www.cit-journal.com 



1812 
Research Article l Ingenieur 

Technik 

2.1 Time Series and Steady-State Time 

Periods 

Data selection in INES starts with analyzing time 

series data for a selected time period as shown in 

Fig.3. In this screenshot of the visualization 

within the tool the following information is 

shown. In the first column (*Name”) the name 

Contaned 
2702000 S07.200030000 4, i elags edian 

Bounds SidDey  MAD 

of the measurement tag is shown. The second 

column (“Contained”) gives the percentage of 
the data visible compared to all available data. 
The selected time period can be reduced with 

the triangular sliders. When outliers are removed, for exam- 

ple, the percentage is lower than 100% (Fig. 4). The third 
column (“Bounds”) shows the maximum and minimum 

value of the available data in the full time period. Some stat- 
istical information is given on the right side (“Average, 
StdDev, Median, MAD”), which will be discussed below. 
Some of these statistics are also included in the time series 
plot of the data as straight lines and shaded intervals. 
While PIMS typically can also generate time series and 

statistical data, each system is different and uses a different 
syntax. The main advantage of this tool is its independence 
from the chosen PIMS. Since there is only one interface to 
the different systems, the usability is facilitated and the risk 
of errors is reduced. Sometimes the user is also interested in 
derived quantities, e.g., feed ratios or reaction yields, in 
addition to plots of the measured quantities with respect to 
time in order to identify interesting operating conditions. It 

is possible to display quantities obtained by combining dif- 
ferent measurement tags in user-specified nonlinear func- 
tions, These properties are visualized analogously in the 
time series analyzer. This makes it possible to identify time 

periods where different feed ratios are present or where dif- 

Figure 4. Use of the smart scaling methed to remove outliers; a) before smart 
scaling: a = infinity, b) with smart scaling:a = 2.8. 

ferent yields have been achieved. These time periods can 
then be analyzed in more detail as described below. 
For more involved processes, it is cumbersome to check 

each tag and to identify a time period where all tags show 
steady-state behavior. Therefore, a limited number of tags 
are used to select steady-state time periods. Of course, the 

steady-state quality of the remaining tags must alsa be 
ensured. Outlier detection as, for example, described in 
[2,3] is one essential step in this pre-selection task. The 

method used in our framework to detect outliers is de- 

scribed next. 
Often the arithmetic mean X is used to estimate the 

expected value of a distribution of data points. A measur 
for the variation of the data from the arithmetic mean is the 
standard deviation o. In Fig.4 the arithmetic mean ¥ is 

shown as a solid line and an interval of +2¢ about the arith- 
metic mean is indicated by a colored band (here only visible 
in gray). This interval includes more than 95% of the data 

points in the case of normally distributed data. 
The arithmetic mean is a non-robust estimator of the ex- 

pected value since outliers directly influence the arithmetic 
mean, A more robust estimator is the median MED(x). 
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Figure 3. Time series analyzer to identify and select steady-state operating points. 
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The median is also shown in the trend as a dashed line. If 
no outliers are present, the agreement between mean and 
median is usually very good. This observation can be used 
to remove outliers here called smart scaling. The method 
uses a robust measure of the variation (also called measure 

of scale), the median absolute deviation 

MAD(x) = MED(|x — MED(x)|) (D 

The smart scaling method shrinks the selection of data 
points to the following interval around the median 

[MED(x) — aMAD(x); MED(x) + aMAD{x)] (2) 

Herein, a is an adjustable factor. It can be changed inter- 

actively by moving a slider. The method is demonstrated 
using the first tag in Fig.3 and is shown in Fig. 4. At the 
start, the data is not scaled (Fig.4a, a = “infinity”). In the 

lower part of the figure a larger period with a peak has been 
removed by manually moving the slider to lower a values 

(Fig.4b, a = 2.8). After the removal of the peak, the agree- 
ment between mean and median is quite good, but the visu- 

alization shows that there are two subsets of the data with 
different levels. Furthermore, the excluded part with the 
peak is too big to still consider the whole period as one data 

set, which is indicated by the broad gray vertical area. In the 

next step the time period can be reduced to represent, e.g.. 

only the part either to the right or left of the removed peak. 

In the literature [3] other robust measures of scale with a 

higher statistical efficiency'’ have been proposed, but their 

determination is computationally more costly, which would 

forbid an interactive outlier removal as realized with the cri- 

terion above. Apart from that, the numerical value of the 
measure of scale is not decisive for the interactive smart 
scaling method. 

Although there is a mathematical definition for steady- 
state, ie., first derivative with respect to time is equal to 0, 
there is no good practical definition. In the literature, meth- 

ods for segmentation [4] to generate a pre-selection of differ- 

ent time segments are available. These methods usually have 
tuning parameters which greatly influence the obtained 
results for this segmentation. For such segmentation a statio- 

narity test can be performed and the segments will be colored 
in green, yellow or red, depending on the result of the test. 

Here, an adapted version of Fukuda’s method is realized: In 

the original work [4], averages between neighboring intervals 
are compared. A breakpoint is set if this difference exceeds a 
certain threshold. However, the value of the average depends 

significantly on outliers. The modification of Fukuda’s meth- 

od consists in taking a breakpoint found by this method as a 
starting point, removing outliers in the two intervals divided 

by that point, and then applying Fukuda’s method again. The 
outlier detection is done using Eg.(2), with the fine tuning 

parameter a = 5. This outlier removal is only applied during 

segmentation and is not permanent. The previously per- 
formed outlier removal of the user will be maintained. 
Furthermore, the KPSS (Kwiatkowski-Phillips-Schmidt- 

Shin) method for the stationary test is implemented [5]. 

These automated options for segmentation and stationarity 
tests are available, but an interactive selection of the steady- 

state time periods is often easier and faster to use. Thus, the 

smart-scaling method is combined with the selection of the 
time period as shown in Fig. 5. Here, the period between the 
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Figure 5. Selection of a steady state time period by moving the time sliders. The data between the two time sliders (24.07.2010, 
03:36:09 and 25.07.2010, 09:00:00) is selected as a steady-state operating point. Data in the gray area is not taken into account. 

The statistical efficiency refers to the variance of an estimated parameter: 
The less data points are needed in order to achieve a certain variance for 
an estimated parameter, the higher the efficiency. 
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triangular time sliders is used, the data not used is shaded 
in gray. Tt enables the user to interactively select the regions 
that are in agreement with his expectations without 
iterating any optimal parameters of an automatic selection 
method. 
For the selected steady-state periods, averaged data 

together with standard deviations are stored for the follow- 

ing steps: data reconciliation, model validation, sensitivity 
analysis and model adjustment. 

2.2 Mapping of Tags and Data Reconciliation 

For subsequent design tasks a link between measurement tags 

and the flowsheet model is needed. The first step is a mapping 
from measurement tags to state variables of streams and unit 
operations in the simulation. This mapping is done interac- 

tively using the process flow diagram from the simulation, 
which is a MS Visio drawing in our case. 
The selected data sets can be further used in the data rec- 

onciliation step. 

In this step, a least-squares sum is used where the single 

terms are the squared differences between measured and 

simulated streams and concentrations, and where each term 

is weighted by the inverse variance of the measurement [6]. 

The minimization of the least squares sum is done under 

the restriction that the mass- and component balances are 

fulfilled. For a reactive system the reaction stoichiometry 
must be provided in the latter case [7,8]. Additionally, the 

user has the possibility to define further restrictions, e.g., 
purity specifications on product streams. The complete 
optimization problem is set up from the topology of the 
process flowsheet. In other words, within the full process 
simulator a reduced model containing mass and component 
balances only is available. Here, this reduced model is used 
to obtain insight into possible gross errors in the data. 

Data reconciliation requires redundancy in measure- 
ments. Usually, this is a given, albeit data redundancy in a 
mini-plants is generally much higher than for production 
plants. To determine redundancy, an analysis of the topol- 
ogy of the process flowsheet is performed. Observable and 
non-observable streams are determined using graph theory 
for the case of total mass balances according to Narasimhan 
and Jordache [6]. If also component balances are consid- 
ered, the problem becomes nonlinear. In this case, detection 
of redundancy requires much more effort [9], which is not 
the focus of INES. Here, an a-priori classification of redun- 
dancy is not done. Analytical data for the component mass 
balances can be either read from the PIMS or from addi- 
tional Excel files as mentioned before. 
The control volumes for data reconciliation are defined 

directly in the process flow diagram of the simulation. Unit 
operations can be grouped to construct control volumes. A 
first indication of the deviation of the mass balances helps 
to identify unsteady states or measurement errors in tags or 
whole data sets. 

www.cit-journal.com © 2015 WILEY-VCH Verlag GmbH & Co. KGaA, Weinheim 

The data reconciliation in this step is solely based on 
experimental data (except for using the mass balances as s 
basic assumption). For this reason, it can evaluate the qual- 

ity of the data and identify gross errors. In the subsequent 

steps either reconciled or raw data can be used. 
Data reconciliation can be done simultaneously with the 

model validation or model adjustment step [6]. But this 

introduces additional complexity without great benefits a5 
will be discussed in these steps and in the examples. 
Data reconciliation based on energy balances requires 2 

lot of information based on physical property models and 

can be done simultaneously in the model validation or 

model adjustment step (similar to data reconciliation based 
on mass balances). Since models are needed for a data rec- 

onciliation based on energy balances, it is not included in 

this preceding data analysis step, 

3 Model Analysis and Improvement 

Before starting with model adjustment, a model validation 

step can show how well the existing model agrees with the 
measured operating data. So the data selection is an impor- 
tant step before model validation. Sensitivity analysis helps 
to identify which parameters to adjust in case of disagree- 

ment between model and operating data. 
In model validation our interest is to compare a larger 

data set with the model predictions without requiring as 

many simulation files as data points. For this reason and 
also for the subsequent task of model improvement differ- 
ent loops have been implemented which provide much 
flexibility to run these tasks automatically. Tab.1 outlines 
the tasks and how the different loops are used in the dif- 
ferent contexts. 

3.1 Model Validation 

The goal of model validation is to determine the capability 
of the model to describe several different operating points. 
Here, only one master simulation is used as a basis for com- 
paring operating data and simulation. 
The selected experimental data including several operat- 

ing points is stored in a CSV-file and is used in the valida- 
tion step. The use of the inner loop within the simulation 
software (Tab. 1) enables the user to maintain only one sim- 
ulation. In the loop some of the data of the different operat- 
ing points will be used as input for this simulation. Com- 
parisons of the experimental data and the simulated data 
are possible in stream tables and within the process flow 
diagram of the simulation. 

Besides model validation, the inner loop structure might 

also be used for representing special scenarios of a simula- 
tion such as summer/winter cases, start-of-run/end-of-run 
conditions to account for, e.g., catalyst deactivation or dif- 

ferent load scenarios. 

Chem. Ing. Tech. 2015, 87, No. 12, 1810-1825
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Table 1. Implemented loops in the simulation software to fulfill different tasks in the project INES. 

Sensitivity Analysis oDoE / Robust Planning Mode] Validation Model Adjustment 

Inner Loop Iterate operating points  Iterate operating points 

Outer Loop - Optimize parameters 
(single-objective) 

External Loop - Multi-objective optimization 
(Pareto) 

Additional details  Only one simulation No weighting of operating 
points 

Iterate uncertain parameters Iterate uncertain parameters 

Optimize paramelers 
(single-objective) 

Iterate operating points 

.= Multi-objective optimization 

(Pareto) 

Sensitivity as additional 
objective 

Interactive sensitivity analysis 

In principle, it is possible to perform data reconciliation 
simultaneously with the model validation step, but in our 

experience, it will not change the results (i.e., the deviations 
of the simulated from the experimental values) significantly 

as will be discussed in the examples. If the model is unable 

to predict the operating points, then simultaneous data rec- 

onciliation will not improve the situation significantly if the 

data was previously carefully selected. If the model agrees 
with the data, then also simultaneous data reconciliation 
will not greatly change the resulting parameter values nor 
will it improve agreement between model and data. 

Typically, the available measured data of an operating 
point i can be divided into two subsets: one vector x.* 
reflecting data which can be used as an input for the simula- 
tion model, e.g., flows of raw materials into the process con- 
sidered, and another vector y;™" reflecting data which can 
be compared with the output of the process simulation, For 
a model validation without data reconciliation, some or all 
of the measured data x\*F will be taken as input for the sim- 
ulation. If this set is not sufficient, an additional set x,-u‘p of 

input data for the remaining necessary inputs of the simula- 

tion has to be provided by a reasonable choice of the user 
and/or might also be estimated in a subsequent model 
adjustment step. Some or all of the measurements y;'* 
can be compared with the result of the simulation 
yi™ =y (x;F,x"). The model parameters p are as- 
sumed to be fixed and are therefore not included in the list 
of inputs for the simulation. 

In case of simultaneous data reconciliation and model 
validation the input variables of the simulation x{'™ are not 
fixed to the measured values x; ¥, but have now to be varied 
to minimize the deviations of the simulation results from 
the selected measurements. Here, for example, a least 

squares minimization can be used, where the squares are 

weighted with weighting factors w* and w” 

min {.;w.\'. (Yishn(xisim‘x:fl}?', = yf"P))z 

i 
(3) 

+{w* - (x 

Here, multiplication - is component wise with a vector as 

a result and not a scalar product. The square ( ) is denot- 
ing a scalar product of a vector with itself. The weights can 
be defined by the user. For example, they can be chosen all 
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equal to 1 or according to the variances or to expected mea- 
surement accuracies. 

Since the experimental values x{'* are good starting val- 
ues for the x¥™ for the minimization it is possible to set 
xi™ = dx;™". The factors d, represent a fractional deviation 
from the measured value x;* (starting values d; = 1). The 
minimization problem formulation changes to 

min {0 - (13%(d, %7, 5) ~ {7 ))? 

o (4= 1) - x%)?) 
and has the advantage that all parameters d, to be varied in 
the minimization are in the same order of magnitude. 
This minimization has to be done in principal for each 

operating point i individually. For example, if you have only 

one input stream with 10 components to be set, already 10 
parameters have to be adjusted to estimate the flow and the 
composition for each point. A possibility to reduce the 
computational effort is to use only one set of factors d equal 
for all operating points and to fit these factors simulta- 
neously for all operating points, i.e., 

min {owr- (yim(a- *2.47) =y 

+(wS - (d— 1) - x{%)?) 

4 

(s) 

The bounds on the factors can then be chosen to reflect 
the variances or the expected accuracies. This allows identi- 
fying more systematic deviations than purely statistical vari- 
ations. Of course it reduces the flexibility, but also reduces 
the computational effort significantly. Only one optimiza- 
tion must be solved instead of N optimizations in case of N 
operating points. The differences of these options will be 
demonstrated in the first example. 

3.2 Sensitivity Analysis 

Sensitivity analysis is important in model development, val- 

idation and optimization [10]. Several different parameters 
influence a simulation model as shown in Fig. 6. Process 

parameters include design parameters like the number of 

theoretical stages of a column and operating parameters like 
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relatively large range, ie., for global sen- 
Model Parameters Evaluation Parameters bl sitivity analysis, the results from the dif 

Phys. property (y,) and oz, S Warming ferent methods can differ due to non-lin- 
reaction parameter (K, Life cycle KPIs, etc. Potential earitics. The study e i 

can reveal important information about 

Thermodynam. Output  Evaluation the nature of those non-linearities. 

Process Simulation Objectives For the investigation of uncertainties 

Parameters - Costs local sensitivity measures can be used 
(Operating L& | MB Exergy E> Purity Here, uncertainties of process parameters 

and ‘fl Ls '—E E>HB Pinch Cos:s. or of model parameters will be investi- 
Desien} Sustain. G:::P gated. The use of model parameter un- 

CHEMASIM Simulation P certainty (e.g., as reflected by confidence 

intervals) can be abstract in some cases 

For example, the uncertainty of a binary 

Q_——__—r, interaction parameter of the NRTL mod- 
el is hard to quantify. Therefore, we 

Figure 6. Parameters influencing simulation and optimization objectives. 

pressures. These process parameters specify the necessary 

input of the simulation, when a certain model for physico- 

chemical properties (including thermodynamics, physical 
properties and reaction models) is chosen. These physico- 

chemical property models also contain model parameters 

for pure components, e.g., the vapor pressure correlations 

or for binary mixtures the interaction parameters of the 
Gibbs excess enthalpy models or equations of state and 

reaction parameters like kinetic constants or equilibrium 

constants, Additionally, parameters are needed to evaluate, 
e.g., investment cost estimates or raw material costs. 

Within the project we increased the number of properties 
accessible for variation by introducing new interfaces. Now 

the following list of parameters can be chosen within a sen- 
sitivity analysis: 
- Process parameters : 

— Operating parameters (T, p, m, x,...) 

— Design parameter (number of theoretical stages of a 
column,...) 

— Model parameters: 

— Physical properties (activity coefficients, vapor pres- 
sures, enthalpies,...) 

— Reaction parameters (equilibrium and kinetic con- 
stants) 

- Mass transfer coefficients and enhancement factors 
- Evaluation parameters 

— Costs 

- Pinch temperature difference 

~ Life cycle indicators, etc. 
A sensitivity analysis can be used in different con- 

texts; hence, different methods of analysis are required. 
Those methods implemented in INES are summarized 

implemented methods which rather use 
uncertainties in directly measurable or 

derived experimental data. For example, instead of binary 
interaction parameters, the activity coefficients at infinite 
dilution include uncertainty measures to investigate model 
sensitivities as described in Mathias [11]. 

Another application for sensitivity analysis is investigat- 
ing the impact of paramelers prior to estimation. Here, 

global sensitivity measures should be applied since the 
parameter ranges might be large. Sensitivity analysis in this 
context helps to focus on the most sensitive parameters for 
the estimation, to avoid over-fitting and to reduce the effort 
of parameter estimation. 

Sensitivity analysis might also be used prior to solving an 

optimization problem (single or multi-objective) with the 
simulation model. It might be used either to identify the 
sensitive optimization parameters or to investigate the im- 

pact of parameter uncertainties on the result of the optimi- 
zation. 

Many different sampling techniques for uncertain para- 
meters are available, e.g., elementary effect analysis and fac- 

torial design (see [10, 12] for an overview). We implemented 
different options within our framework (Tab.2). All these 
methods define different sampling points for the parameters 
and will be simulated and the results are stored in a data 
base. Depending on the method chosen (Tab.2), either 

finite differences or variances will be computed automati- 
cally. Further method-dependent options for the users are, 

e.g., to choose the difference to be used for the calculation 

of finite differences relative to the uncertainty interval or o 
decide how many sample point should be evaluated. 

Table 2. Implemented sampling techniques for the sensitivity analysis 
(see Saltelli et al. 2008 [10] for a description of the technigues). 

in Tab.2. Generally, each method is applied to a user- 
defined range in the space of model parameters. A small 
range corresponds to a local sensitivity analysis, where 
the different methods yield equivalent results, since the 
sensitivity analysis only probes the linear behavior of 
the model in that small region. On the contrary, for a 

Type Averaged Difference Quotients Variances 

Deterministic - One at a time Quadrature 

~ Factorial Design: Full or fractional 

(Quasi-)Random  Elementary Effect Method Sobol Sequences 
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The choice of method determines the effort and the accu- 
racy. A sensitivity analysis might be computationally more 

costly than an optimization run since in the sensitivity anal- 

ysis the full parameter space has to be investigated. So if the 
application is to investigate which parameters have a big 
impact on the chosen objectives then either the method 

“one at a time” or the fractional factorial design might be a 
relative cheap method to obtain this information. 
One of the new key concepts is the interactive sensitivity 

analysis, which offers an interactive visual representation of 

the sensitivities not only of a single, but also of a large set of 

operating points. A screenshot of this tool is given in the first 
example in Fig. 7. When a model validation with different op- 
eraling points is combined with a sensitivity analysis, then it 
is possible to navigate the operating points and visualize in 

real time the corresponding sensitivities of the objectives of 

interest. Especially, the navigating environment allows setting 

and changing restrictions on the output functions, their sensi- 
tivities and the operating parameters. If, e.g., one is interested 

only in solutions whose sensitivity in a certain output func- 

tion smaller than a given value, only those solutions are high- 
lighted. Furthermore, different sensitivity runs can be com- 
pared. This enables the user to compare the outcomes of 

different sensitivity measures, but also to study in detail how 
sensitivities change depending when different uncertainties 

or uncertainty ranges are chosen. 

3.3 Model Adjustment 

Model adjustment generally includes two steps: On the one 
hand, comparing the output of different models or sub- 

models (like, e.g.. thermodynamic models or reaction mod- 
els) to measured data and favoring those alternatives which 

improve the agreement between experimental data (operat- 
ing points) and simulation. On the other hand, adjusting 
unknown parameters or parameters estimated only roughly 
(like, e.g., number of theoretical stages of a distillation col- 
umn) by solving an optimization problem which minimizes 
the difference between model output and measured values. 

Before estimating these parameters, a sensitivity analysis 
will give an idea about the data variances in the operating 
points (Fig.7). While the evaluation of the impact of 

exchanging submodels can be easily investigated with the 
model validation, the project INES also supports the para- 
meter estimation. 
The classical approach for parameter estimation is to 

minimize the sum of the least squares between experimental 

and simulated data by varying the parameters to be esti- 
mated. If p represent the vector of parameters to be esti- 

mated and the fixed parameters are neglected in the input 
list of the simulation results, then the problem can be for- 
mulated as follows 

. i exp _inp exp 2 

e Z{(w!'-(ym,. e 5 x ) -y )Y (6) 
i 
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Figure 7. Schematic view of interactive sensitivity analysis support tool. The objectives together with sensitivity measures A are given as 
well as the corresponding process parameters and the uncertain parameters entering the simulation. By navigating on the objectives or 
process parameters the corresponding sensitivities are updated online. 
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Here, again multiplication - is component wise with a 
vector as a result and not a scalar product, The square ( ) 
is denoting a scalar product of a vector with itself. It is pos- 
sible to combine this parameter estimation with a simulta- 
neous data reconciliation step. But as discussed before (see 
model validation), the amount of factors increases linearly 
with the number of operating points considered and would 
lead to large problems. Therefore, here only a data reconci- 
liation using the same factors for all operating points is giv- 
en, since this reduces complexity of the problem to be 
solved. In this case, the following problem has to be solved 

T:fin z {(wy : (Y?im (P~ d -x.gp.xé
"l’) x yifir‘))z 

W (d—1) - x{)?) 
@ 

Ifalso a vector d of factors for the relative deviation from 
a parameter value is introduced, then the classical approach 

reads 

it Z{(wv ; (Y?‘"‘(d‘ -p, 5T, ") — Yiup)f} e 

nd for the parameter estimation with simultaneous data 
«conciliation follows 

pip 32 {0 (n( 2022l ) 
Hw* - (@ = 1) %)) 

9 

The classical approach is usually very sensitive to outliers. 

Decreasing the weight of uncertain data sets may help to 
decrease their influence, but there is always the question on 
how to choose weighting factors [13]. 

In a previous project, multi-objective optimization with a 

decision support system was developed and integrated into 
the simulation tool CHEMASIM [14 - 16). 

An outlook for future work is to use multi-objective opti- 
mization, where the most reliable measurements will be 
clustered in one sum of least squares and the sum of least 
squares of each doubtful data set will be used as additional 
abjective to be minimized. With the help of the decision 
support tool it is possible to navigate the solutions and to 
see what the trade-offs between the different objectives are, 
i.e., how taking the doubtful data sets into account influen- 
ces the model parameters and the fit. Of course, clustering 
the reliable data sets is also a kind of weighting, but it helps 
to reduce the effort to a manageable amount. Otherwise, 
one would have to specify for each operating point a single 
objective which would lead to a large multi-objective opti- 
mization problem. 

Within the new tool the setup of the optimization prob- 
lem is supported: Especially the definition of the sum of 
least squares is prepared using the information of the map- 
ping of the tags to the simulation streams or unit opera- 
tions. At the time being no methods to check for the identi- 
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fiability of parameters, like in Lopez C. et al. [17], have bes 

implemented, but would be a meaningful extension to avoid 

overfitting. 

4 Optimal Design of Experiments and Robust 
Planning 

There is a huge amount of literature available dealing with 
design of experiments and robust planning, In design of 
experiments [18,19] model discrimination or parameler 

estimation is usually in focus and very often based on deriv- 
atives, which means it is normally only valid locally. The 
use of global sensitivity methods enlarges the validity range. 

The structure of our process simulation software and 

probably also of other commercial simulation software does 
not allow using directly available tools for oDoE, like 
VPLAN [18]. But with the previously described task and 

the loop structure (see Tab. 1), we have now the possibility 

to combine multi-objective optimization with sensitivity 

analysis and to define further objectives for the experimenis 
as will be discussed in this section and in the second exam- 

ple. This work is still in progress. 
While we try to maximize sensitivities in optimal design 

of experiments the goal in robust planning is to minimize 
sensitivities. So both problems might be handled with the 
same tools. A factorial design is used for sampling the 

uncertain parameters, but the method is not restricted to 
this sensitivity method and can be applied in general with 
all methods of Tab. 2. However, some methods will be com- 
putationally intensive. 

The overall goal of the optimal design of experiments is 
to reach the objectives of the experiments with a low num- 
ber of investigations. Therefore, the first step is to define the 
objectives of the experiments. For example, if these experi- 
ments are used to maximize yield and product purity or to 
estimate unknown parameters. If both is of interest, then 
multi-objective optimization with decision support will give 
information about the trade-offs of the different tasks which 
are in general conflicting and will help to identify a good 
compromise. 

Sensitivity analysis can be used in this context in different 
ways: 

— After the selection of an operating point or process 

design, it can be investigated how certain process pari- 
meters are affected by uncertainties in other parameters, 

e.g., model parameters. For example, for a chosen column 

design (i.e., fixed number of stages and fixed diameter), it 

is possible to investigate for a specified product purity 
how reflux ratio or reboiler duty are affected by 
uncertainties in the binary VLE's (vapor-liquid equilibriz} 
as represented by uncertainties in the activity coefficients 
It also enables identifying for which parameters a reduc- 
tion of uncertainties is necessary or beneficial. This meth- 

od uses the standard approach for sensitivity analyss 
only. 
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- Alternatively, it is possible to calculate the H,0 (A) 
sensitivities of some of the objectives during 

an optimization run and to monitor them 
afterwards within the decision support sys- 

tem. The different loops (see Tab.1) provide 
this possibility. Here, also the different metrics A 

to measure the information content of the op- Nt 

timal experiments can be monitored and in- 
vestigated. 

Last but not least, sensitivities can be vsed as 

A+ NH, < P1+H,0 (1) 
A+ Pt - 

A+P2 ©P3+H,0 (3) P3 

P1 
NH, 

Ri 3! 2! c3! c4 

P2 +H,0 (2) 

part of the optimization problem and can be 
either minimized or maximized depending on 
whether a robust planning problem or a de- 
sign of experiment problem is studied. It is also possible 
to use the minimum (maximum) value of objectives esti- 

mated within the sensitivity analysis and to maximize 

(minimize) it. This would be a worst-case scenario (min- 
max problem [19]). Multi-objective optimization can be 

further used to simultaneously maximize the information 

content and minimize parameter correlation [20]. 

Summarizing this point, we conclude that INES brought 
the most prominent methods of robust and stochastic opti- 

mization into industrial practice, available to any user. 
These methods rely on applying a certain sampling strategy 
of the uncertain model parameters and processing the 

results further in the optimization loop. Also the chance- 
constraint programming approach [21], where the sampling 

is done according to probability distributions, can be 
straightforwardly incorporated in future work. 

5 Solver 

For solving the data reconciliation problem (see Sect.3.2), 

sequential quadratic problem (SQP) based solvers NLPQLP 
and NLPLSQ from Prof. Schittkowski [22,23] can be 

selected. Additionally, the MISQP solver is selectable for the 
parameter estimation [24] for the case when a mixed-inte- 

ger non-linear programming problem has to be solved. The 
user has the possibility to adjust the accuracy, the maximum 
number of function calls and further options to automati- 
cally reduce step length during optimization in case of 

diverging solutions. 

6 Examples 

6.1 Amine Piant 

In the following, some of the tools for model validation, 
sensitivity analysis and parameter estimation will be dem- 

onstrated for an amine plant. The process includes an ami- 

nation of an alcohol A. A scheme of the process is shown in 
Fig.8. The alcohol A reacts with ammonia (NH3) to form 

the primary amine P1. By further additions of A to P1, the 
secondary amine P2 and the tertiary amine P3 are formed 
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Figure 8. Scheme of the amine process. 

(Fig. 8). Unreacted ammonia at the outlet of the reactor is 

separated in distillation column C1 and recycled. The distil- 
lation columns C2, C3 and C4 separate the products P1, P2, 

P3 and the by-product water. The products P1 and P2 can 

be partly recycled. This recycle as well as reaction condi- 
tions, e.g., feed ratio of alcohol and ammonia or tempera- 

ture, affect the product distribution. 
The goal of this process development is to allow process 

flexibility so that the product distributions can be adjusted 
to the actual market demands. To this end, suitable operat- 
ing parameters must be identified. It was necessary to set up 
a model for the process including the reactor. The process 
was modeled in CHEMASIM (a detailed description of this 

process example is given in Burger et al. [16]). Note that 

this example is discussed qualitatively only and no details 
on the model are given here due to confidentiality. In a first 
step equilibrium constants from thermodynamic data like 
heats of formation and entropies at standard conditions 

have been used to calculate equilibrium constants for the 
reactions. Assuming that equilibrium is reached in the reac- 
tions, the reactor is modeled with these equilibrium con- 
stants. 

Plant data for different operating conditions is available, 
in particular, reactor conditions, product recycles and 

resulting product distribution. 

First, the equilibrium constants are used to calculate the 

product distributions to validate the model. Here, only one 
model is used and the operating data is read from a CSV 
file. The reactor temperature and the alcohol and ammonia 
mass flows as well as recycles flow rates for P1 and P2 are 

set to the measured values. In Fig. 9, a comparison between 

measured and calculated product mass flows for 15 different 
operating points is shown. Clearly, the model does not rep- 
resent the data well, but at least the trend of the data is cap- 

tured by the model though a large offset exists in products 
P1 and P3. 

It is possible to combine model validation with data rec- 

onciliation as discussed above. The results of two different 
approaches are shown in Tab.3. In the first approach for 
each operating point i the inlet flows in the simulation are 

allowed to deviate from the measured values, This is real- 
ized by introducing a factor 4, for each flow j, which is 
allowed to vary between 095 and 1.05, i.e., the flows are 
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reconciliation will not significantly change how 

i model and data agree when an inadequate mod- 
el is used. 

2000 In general, limited accuracy of thermodynam- 
ic data has a large impact on the equilibrium 

< 1500 & constants. The temperature dependence of the 

% equilibrium constants in the considered temper- 

£ 1000 ature range is described in the simulation modél 

b= 

£ by 
500 

InKg = Ag + B (10) 
I T 

Operating points Herein Ay denotes the parameter which re- 
flects the entropic part of the equilibrium con- 

Figure 9. Model validation for the product distribution of the amine process at stant, which is harder to determine. The sub- 

different operating points. Experimental: e P1, x P2, A P3, model: P1 (full line), 

P2 (dotted line), P3 (dashed line). 

allowed to deviate by the typical accuracy of plant flow 
measurements, which is about +5%. For the 15 operating 
points four parameters in each loop are adjusted. In Tab.3 

only the arithmetic means ai = 2 d;;/N, with N being the 

number of operating points, ar’nzli the standard deviations 
are given. 

In the second approach, only one set of 4 factors d, are 
estimated simultaneously to all operating points, since typi- 

cally in practice the 5% accuracy not only reflects the mea- 
surement variances but also includes some offsets. In other 
waords, one does not expect that one measurement deviates 
by +5% in one operating point and by -5% in another 

operating point. The results for these parameters (refer- 

enced as model validation with reduced data reconciliation) 

are also given in Tab. 3. Tt can be seen that there are no large 
differences between the means (av.) obtained from the first 

approach and the parameters from the second approach. 

Although the factors have all been changed nearly up to 

their bounds, the sum of least squares, LSQ, is only reduced 

by about 16 % in the best case. This clearly shows that data 

script R is the index for the reactions. A 
sensitivity analysis is performed to find out 

which of the factors have the largest impact in order to de- 
cide which of these parameters Ay to adjust. For each of the 

parameters a factor d was introduced which allows 2 devie- 
tion from the original value by +10%. Since literature is 
available which shows large discrepancies in K, the factor 
for this constant was allowed 1o vary in a larger range up to 
a factor of 6 of the original value. 
The results of the sensitivity analysis are shown in an 

interactive sensitivity analysis support tool (Fig.7). In this 
tool, it is possible for each operating point to see the impact 
of the different factors on several objectives like for example 
the sum of least squares (Isq) of all product flows (P1, P2 

and P3) or the deviations in product P1 only denoted by 

DELTA_PL. 
The schematic view of the interactive sensitivity analysis 

support tool consists of different areas. In the left part there 

is 2 2D plot area and a stider view available which is similar 
to the one for the decision support in multi-objective opti- 

mization described in Burger et al. [16]. Here, in black the 
reference points and in gray all sampling points are given. 
Additionally, in the right part the sensitivities of the objec- 

Table 3. Resuits of the rnor:lel validation and parameter estimation of the amine plant with and without simultaneous data recondiliz- 
tion (av. = average d, of estimated factor overall operating points, std. dev. = standard deviation, LSQ = sum of least squares) 

Factors djor & Maodel validation Parameter estimation 

for j equal to = with data reconciljation with reduced data - with reduced data 
av. (std.dev.) reconciliation reconciliation 

Feed A - 0.970 (0.007) 0.970 - 0.994 

Feed NH3 - 1.049 (0.003) 0.105 - 0.993 

P1 recycle - 0.950 (0.000) 0.950 - 1.050 

P2 recycle - 0.970 (0.031) 0957 - 1005 

Ay =3 = - 4.835 4.869 

Az - - - 1.057 1.059 

15Q/10° 7.716 6.472 6.531 0.398 0377 
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tives with respect to the uncertain parameters are shown. In 

the upper part a table gives the estimated sensitivities and 
in the lower part these sensitivities are visualized for the 
selected operating point for each objective (e.g., Isq and 
DELTA_P3). A box-whiskers plot [25] displays the distribu- 
tion of the sample points and additionally bars show the 
sensitivities. The reference value from the initial simulation 

is shown as a black line. A red (here: dark gray) or blue 

(light gray) bar indicates an increase or decrease of the 

objective function with increasing parameter values if this 
indication can be obtained from the chosen sampling meth- 
od. To this prototype visualization an averaged sensitivity 

overall operating points will be added. 

The sensitivity analysis shows that both A, and A, reduce 
the sum of least squares while A, increases it. Since the sim- 

ulation predicts the product flow of P2 already with good 
agreement, it seems that only A; and A; will be able to 

improve the distribution. So, A, and 45 were selected to be 

estimated. The results are shown in Fig. 10 and Tab. 3. Thus, 

the deviations are reduced significantly (compare gray 
(without estimation) with black lines (with estimation)). 

The parameter estimation is also combined with a simul- 

taneous data reconciliation using the same four factors d; as 
in the model validation (see above, denoted as “reduced da- 

ta reconciliation” in Tab. 3) together with the factors for A, 

and A; to be estimated simultaneously to all operating 

points. 
The results are given in Tab. 3. The sum of least squares is 

reduced compared to the case without data reconciliation, 

but not very significantly. In a diagram similar to Fig. 10, 

there would be no remarkable difference. Here, since the 
model with estimated parameters is able to describe the 
data, data reconciliation is not necessary. In our opinion the 
main purpose of data reconciliation is to verify if the data 
satisfies mass balances within their variances or accuracies. 
Compared to the computational effort, there is no great 
benefit to combine data reconciliation with model valida- 

tion and parameter estimation. Thus, data reconciliation 
based solely on mass balances prior to model validation and 
parameter estimation seems to be sufficient. The user can 
decide if he prefers to use reconciled data or the original 
experimental values in these subsequent steps. 

6.2 NQ Curve 

For the separation of a gaseous mixture of methanol and 
water a distillation column as shown in Fig. 11 is designed. 
Sufficient vapor-liquid equilibria data is available in the lit- 

erature, but there is some uncertainty in the data. However, 
the model agrees with the data to within the variance of the 
data as can be seen in Fig. 12 on the left side. Nevertheless, 
since methanol purity of up to 6ppm is required, the 
impact of uncertainties in the activity coefficient at infinite 

dilution of water in methanol is of interest. The activity 
coefficients at infinite dilution are varied by £10%. This 
modification is realized with the Margules approach as a 

consistent model for the uncertainty in the Gibbs excess 
[11]. In the right part of Fig. 12 one can see the impact of 

M (6 wt.ppm W) 

(6% W) 

Figure 11. Distillation column 
(87 wh.ppm M) for the separation of a metha- 

nol (M)-water (W) mixture. 
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this modification on the compositions of the va- 
por-liquid equilibria. 

The classical approach in designing columns 
is to use NQ curves [26]. A NQ curve is a Pareto 

frontier representing all best compromises 
between the total number of theoretical stages N 
and the reboiler heat duty Q. Here, only the 

number of stages and the feed stage are consid- 
ered as parameters. The heat duty is a result of 
the fixed product specifications for top and bot- 
tom products. Since all parameters are integer 

|| variables, the Pareto frontier consists only of dis- 
{5575 crete points. 

The uncertainty in the vapor-liquid equilibria 

Figure 10. Model adjustment for the product distribution of the amine process 
at different operating points. Experimental: » P1, xP2, A P3, model: P1 (full line), 
P2 (dotted line), P3 (dashed line), black after parameter estimation, gray before 
parameter estimation. 
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introduced by the variation of the activity coeffi- 
cient at infinite dilution has an impact on the 
necessary heat duty for some fixed number of 
total stages and feed stage. This can be investi- 
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gated simultaneously by sensitivity analysis. In Fig. 13 the 

resulting Pareto frontier is shown. The details of the visual- 
ization have already been described in detail [15, 16]. In the 

navigation tool the following different sensitivity measures f=u+h)/2 

are given: = 7 
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Figure 12. Vapor-liquid equil- 

bria at 1.013 bar for the mixture 
methanol (1)-water (2). (a) 
Comparison of the model (full 
line) with available experimen- 
tal data (full circles). (b) Impact 
of uncertainties in the limiting 

activity coefficient of water in 
methanol: original model (full 
line), 10 % increased limiting 

activity coefficient (dashed 

line), 10 % decreased limiting 

activity coefficient (dotted 
line). 

(1) 

(12 

Figure 13. Screenshot of the 
decision support tool showing 
the results for the NQ curve for 
the methanol-water separation 
(cf. Fig. 1) together with the _ 
results of the sensitivity analyss 

for the uncertainties in the va- 
por-liquid equilibria (cf. Fig. 12 
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Ss.0 =\ (S1.0e)? + (82, ) (13) 

max (f — /) 
Sim=——— (14) 

I 

f represents an objective function, in this case the reboiler 
duty Qgjoo- Index u (I) represents the value at the upper 

(lower) bound, in this case +10% (-10 %) and r is the refer- 

ence case, i.e., without variation. 
These sensitivity measures were chosen lo represent sensi- 

tivities similar to the interactive sensitivity tool (see Fig. 7): 

Si -t represents the height of the bar relative to the refer- 

ence case. Sy, relates the distance of the reference case to 

the midpoint of the bar corresponding to the reference case. 
S5 combines both measures. Sy represents the relative 

distance of the largest reboiler duty to the reference case. 
With the largest reboiler duty it is in principle possible to 
achieve the separation specifications for all other cases. For 
this reason, only the largest positive deviation from the ref- 

erence is considered and not the absolute deviation. It is 
interesting to know to which extent the reboiler duty has to 

be increased for the design to account for the VLE uncer- 
tainty as reflected by Fig. 12. S . is selected to color code 

the points in the 2D plot (cf. Fig. 13). The relative sensitivity 
S varies between 22 and 103 % for the estimated Pareto 

points. The smallest values are reached at the lowest 
reboiler duties. The sensitivity Sy, exhibits large values 
over the whole range so that it would be beneficial to reduce 

the uncertainty in the VLE by performing additional meas- 
urements. But it is doubtful that additional measurements 
really are able to decrease this uncertainty (see Fig. 12). An 

alternative is the consideration of the worst case to reduce 

the impact of uncertainties as will be discussed below. 

The uncertatinty in the VLE also has consequences on 
the load of the column or the sizing. If the sizing of the col- 
umn diameter is based on a maximum allowed F-factor in 
the column, then the following expression can be used to 
compare the maximal column diameter for all cases with 

the reference case: 

i=lur 

irrli?'?n Vej P 

D, (15) ratio = 

In the shown range of the Pareto curve the diameter ratio 
is between 104 % and 135 %, where the highest values occur 

at the highest reboiler duties. At lower reboiler duties the 
increase in diameter is small or even negligible since this 
would only cause small increases in the F-factor. These 

small increases in the F-factor usually should be possible to 
handle if the selected maximum allowed F-factor was not at 
the limit of the operability range, i.e., if the design margin 
included same distance from the flooding curve of the used 
column internals. 
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This example shows how a simultaneous sensitivity anal- 

ysis combined with a multi-objective optimization can be 

performed and yields useful information for the process 
design. 

Since the reboiler duties for the varied activity coefficients 

are calculated, it is also possible to use the maximum value 
of Q;, Q, and Q, and to minimize this value within the mul- 

ti-objective optimization in addition to the total number of 

stages. This means that for all cases the separation is possi- 
ble. The difference between the previous method and this 

robust planning method is shown in Fig.14. The robust 
oplimization needs more energy for the same number of 

total stages or a higher number of total stages for the same 
reboiler duty in the objective range where the curves of both 
methods overlap. Comparing the results for 56 total stages 
shows further differences as can be seen in Tab. 4. Here, the 
identified column designs differ in the last remaining 
parameter, the feed stage, which only can have discrete val- 

ues. In the robust optimization the feed stage is lowered to 

reduce the necessary heat duty Qua. If in the previous 
method also the sensitivity of the reboiler duty is taken into 
account in the reboiler design, then boths designs based on 
Qmax are nearly identical. So, both methods will help to 
reduce the impact of sensitivities caused by uncertainties. 
To summarize the differences between the methods briefly: 

In the first method sensitivities are determined based on the 
design of the reference case, while in robust planning the 
design is optimized based on the worst case scenario. 

Figure 14. Comparsion of the Pareto frontiers of the the NQ 
curve for the methanol-water separation (cf. Fig. 11) with the 
original model (dashed line and hollow circles) with the results 
of the robust optimization (full line and full circles) taking into 
account the uncertainties in the vapor-liquid equilibria (cf. 
Fig.12). 

This small example already shows a potential application 
of the robust planning method. In other, more complex 
cases with more parameters, the differences in the design 
between both methods might be much more significant. 
Note that the method is not restricted to variations between 
the lower and the upper limit (“one at the time”), it is also 
possible to use each of the sampling methods given in 
Tab. 2. 
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Table 4. Feed stage position and reboiler duties for a design 
with 56 total stages (* denotes the result of the optimization 
for the reboiler duty). 

Multi-criteria Robust 
Optimization with planning 

Sensitivity Analysis 

Feed stage 8 7 

Q00 (reference) [KW] 8948 8950 

Quree [KW) 11090 11068* 

7 Conclusions 

For the optimization of processes — offline [16] as well as 
online [27] - there is a need of high quality models describ- 
ing the reality in the operating range of interest. Therefore, 
the use of available experimental data in model develop- 
ment has to be increased. There is a lack of tools supporting 
the process designer in the modeling, simulation and opti- 

mization workflow. The project INES was started to remedy 
these deficiencies and to develop an interactive interface 

between experiments and simulation. 

Systematic tools supporting data selection and reconcilia- 

tion based on data from plant information management 
systems facilitates these tasks. The use of selected operating 
data in model validation and adjustment will increase the 

understanding of model quality and its limitations. Sensitiv- 
ity analysis helps to identify model parameters or uncertain- 
ties with high impact on the results. A coambination of mul- 

ti-objective optimization with sensitivity analysis can be 

used in the context of optimal design of experiments and 
robust planning. 

In this work several methods for the mentioned tasks are 
used which have already been described in literature. But to 
our knowledge it is the first time that these methods, espe- 
cially in their combination, are implemented in an industri- 
ally used simulation software to support the process design- 
ers workflow. This enables to use these methods now to a 
huge variety of different processes in industrial practice. 
Many of these methods have been complemented by inter- 
active tools: 

- In data selection, smart scaling enables the designer to 
remove outliers, identify stationary time periods for the 
storage of different steady-state operating points. 

— Easy mapping of measurement tags to simulated state 
variables and grouping of unit operations using the pro- 
cess flow diagram facilitates data reconciliation based on 
the topology. 

- Managing different operating points for model validation 
and adjustment (especially parameter estimation) is sup- 
ported. Experimental data with simulation results can be 
compared using stream tables and process flow diagrams. 
It has been shown that sensitivity analysis is useful in 
many design tasks including investigation of the impact 
of unceriainties and identification of parameters ith 

www.cit-journal.com © 2015 WILEY-VCH Verlag GmbH & Co. KGaA, Weinheim 

high impact on the objectives of interest. This is suppori- 

ed by an interactive sensitivity analysis tool. 
— Multi-criteria optimization can be connected to sensitiv- 

ity analysis either to visualize sensitivities of the optimi- 
zation results or to incorporate it into the optimization 
problem. Using results of the sensitivity analysis within 
optimization allows either to also maximize the informa- 

tion content of an experiment in addition to other objec- 
tives in optimal design of experiments or to design 2 
robust process (optimization of the worst case scenarios). 

Systematically supporting the process designer’s workflow 
can increase model quality, which is very important for pro- 

cess scale-up and optimization, and improve the developed 
process. Moreover, it frees specialists from tedious and 
time-consuming elementary tasks and allows them to 

become more productive. Overall, it reduces time and cost 

in process development. In particular, runtimes of lab and 
mini-plant experiments can be shortened; production cost 
can be minimized by more robust process designs; risks in 

process design can be addressed earlier; time-to-market can 

be decreased. 

We are grateful for valuable contributions in the project 
by Oliver Hirth, Stefan Haser, Jako Nieuwoudt, 

Tobias Keller, Michael Rieger, Achim Wechsung (BASF), 

Martin Kaul (University of Kaiserslautern), Volker Maag, 

Jan Schwientek, Richard Welke (Fraunhofer ITWM). 

' Abbreviations 

KPSS  Kwiatkowski-Phillips-Schmidt-Shin 
oDoE  optimal design of experiments 
PIMS  plant information management systems 
VLE  vapor-liquid equilibrium 
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Since experimentation is expensive with increasing computation power the significance of modeling, simulation, and opti- 

mization in process development has grown. Quite often in such models some parameters are uncertain, e.g., due to high 

variance in experimental data used for their estimation. Methods for investigating the impact of uncertain model parame- 

ters in the simulation and a new extension of an adaptive multi-criteria optimization method to account for these uncer- 

tainties are described and demonstrated based on a cumene process. 
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1 Introduction 

The use of simulation models for an optimization with 
respect lo sustainability criteria requires a combination of a 
thermodynamic process simulation with a sustainability 
evaluation (cost estimation and life cycle assessment) as 
shown in Fig. 1. Besides process parameters which include 

design and operation parameters, model parameters (e.g., 

interaction parameters of phase equilibrium models, 
parameters of kinetic, or equilibrium constants of reactions) 
as well as evaluation parameters (like e.g., costs of raw 

materials) have to be given. Many of these parameters are 

usually not known exactly but have some uncertainties. The 

impact of these uncertainties on the simulation results and 

'-fipefiaily on the most important objectives which are used 

for the optimization is of interest. Since the dependency of 

_lhf objectives on uncertain parameters is usually not 
know, the task to investigate their impact is similar to a 

design of experiments, 

One method which can be easily implemented within a 

process-simulation software is the application of sample 
polnts within the range of the uncertain parameters. Sample 

pomis.arr sels of uncertain parameters which will be called 
scenarios in the following, So in this contribution only finite 
flgmlxm of scenarios for the optimization under uncer- 

lainty are considered. Infinite numbers of scenarios would 
lead to semi-infinite programming problems (e.g., Reemt- 

senetal. [1]) which are not considered in this contribution. 
An altenative to sampling techniques is algorithmic (or 

automatic) differentiation (e.g., Griewank et al. [2]) to esti- 
mate the impact of uncertain parameters on simulation 

testlls by an appropriate linearization. However, this tech- 
Mique is not easy to use for process simulation software due 
10 thelr complex structure and is therefore not used here. 

Chem. Ing. Tech. 2017, 89, No. 5, 665-674 © 2017 WILEY-VCH Verlag GmbH & Co. KG
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The challenge is to get maximal information with limited 
effort (number of sample points). For this sensitivity analy- 

sis a lot of different methods are available (e.g., Saltelli et al. 

[3]) which greatly differ in accuracy and expense. While the 
use of this variety of methods is possible for investigating 

the impact on simulation, their implementation for the use 

within optimization is mostly restricted on methods with a 

very low number of sample points due to the problem size 

and calculation times. 
To improve the modeling, simulation, and optimization 

workflow during process development, recently, several 

toals were implemented in BASF's inhouse simulation tool 

CHEMASIM due to the accessibility of the source code. 

However, the experience in respect to implementation, 

usability, and functionality gained does not depend on the 

choice of the process simulator or the company’s environ- 

ment and is therefore of general interest. A comprehensive 

description of the possibilities in CHEMASIM with some 

application examples is given in Asprion et al. [4]. For the 

above mentioned tasks for the investigation of the impact of 

uncertainty two options are of interest: (1) Sensitivity 
Anal- 

vsis which supports the investigation of the dependencies of 

arbitrary objectives (selectable from the simulation 
outputs) 
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sets exhibit some kind of uncertainty - either 
in the enumerated parameters themselves or in 

any other model parameters. Thus, it is imple- 

mented as a parameter variation. The results 

are visualized in a graphical user interface to- 
gether with interactive filter elements and stat- 
istical information. 
Beyond this conventional use case, the sensi- 

tivity analysis allows the investigation of the 

impact of uncertain parameters on different 

objectives. Those can be selected after the sensi- 
tivity analysis run from the fall set of simulated 
stream properties, heat streams, or self-defined 

Figure 1. Scheme of process simulation and optimization and required parame- 

ters. The impact of uncertain parameters 8 (selectable from set process parame- 
ters, model parameters as well as from evaluation parameters) on simulation 
and optimization results are investigated. Free process parameters are 
parameters p of the optimization problem. 

on uncertain parameters for several different simulation 

inputs (e.g., reflecting different operating conditions). (2) 
The already existing multi-criteria optimization with an 

adaptive sampling scheme of the Pareto boundary (multi- 
criteria optimization (MCO), Bortz et al. [5], Burger et al. 

[6]) which was extended to the use cases robust optimiza- 

tion and stochastic optimization. Those take uncertainties 

during optimization into account. 

As shown in Fig. 1 the impact of uncertainties of many 

different parameters on simulation and optimization results 

might be investigated. For example, set process parameters 

like operating parameters (temperatures, pressures, mass 

flows, concentrations, etc.) and design parameters (number 
of theoretical stages of a column, etc), but also model 

parameters can be defined as uncertain. Here an interface 

to physical praperties (activity coefficients, vapor pressures, 

enthalpies, etc.) has been implemented into CHEMASIM. 
Using this interface, uncertainty is defined in the physical 
properties directly, e.g., limiting activity coefficient or vapor 

pressures than in interaction parameters or vapor pressure 

parameters (Burger et al. [7]). 

In addition other model parameters like reaction parame- 

ters (equilibrium and kinetic constants) and mass transfer 
coefficients as well as enhancement factors can be perturbed 
for sensitivity analysis by applying factors on these proper- 
ties. Furthermore, evaluation parameters like costs and 
some sustainability inputs might also be selected as uncer- 
tain parameters for investigation. 

In the following some fundamentals of these methods will 
be described and then the application to the cumene pro- 
duction process will demonstrate some of the functionalities 
and their use within process development. 

2 Sensitivity Analysis 

The sensitivity analysis is a natural extension of a param- 
eter variation to the case where the enumerated parameter 

www.cit-journal.com ® 2017 WILEY-VCH Verlag GmbH & Co. KGaA, Weinheim 

functions. In the sensitivity analysis different 
operating conditions can be analyzed by a sepa- 

rate enumeration, which might reflect different 
operating conditions, e.g., different loads of a 

chemical plant. 
Practical experience shows that it is necessary 

to compare different sampling schemes of the uncertain 
parameters in order to get reliable results from the sensitiv- 

ity analysis. Therefore, different methods were implemented 
to estimate the impacts of the uncertain parameters. Since 
there is no easy functional dependency between objectives 

and uncertain parameters, the impacts have to be estimated 

by sampling the whole uncertainty range. There are in gen- 

eral two classes of methods: (1) Methods which determine 

the finite difference to estimate directly the impact of the 
individual parameters on the objective and (2) methods 

which estimate the contribution to the variance (ie, the 

square of the standard deviation of a distribution) of the 

different parameters. 
While the first class is always deterministic, for the sec- 

ond class there exist both stochastic and deterministic 

methods. 

The results of both classes of methods are not directly 

comparable, while the first might also give negative values 

(anti-proportional impact), the stochastic methods only 

produces positive contributions with large values when the 
uncertainty produces large variances. 

Details about the different sampling methods can be 
found in Saltelli et al. [3]. Tab.1 shows the possible selec- 

tions which have been implemented in CHEMASIM. The 

method of numerical integration using sigma points is 

Tabie 1. Different selectabie methods for sensitivity analysis in 
CHEMASIM. 

Class Method 

Finite differences One at a time [3] 

Full and fractional factorial design [3] 

Elementary effect method [3] 

Variance-based indices Quasi-Monte Carlo (Sobol sequence) [3] 

Numerical integration using sigma peints [8] 

Chem. Ing. Tech. 2017, 89, No. 5, 665-674
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based on sigma points calculated by using the fully symmet- 

ric numerical integration formulas [8]. 

The results can be investigated in a sensitivity navigator, 

where the properties for which sensitivities should be esti- 
mated, can be selected. There are a lot of different possibili- 
ties to analyze the generated data: 
- Several 2D projections (or scatter plots, similar to the one 

in the MCO navigator described in Burger et al. [6]) with 

the possibility to choose a third property as color code of 
the investigated points. This can, e.g., be used to show 
the variability of an objective for different enumerated 
points. For example if they represent different measured 

operaling points then it is possible to add the experimen- 
1al data to this 2D projection. 

A slider view which allows to investigate the results of 
the sensitivity analysis by restricting values or navigation 
(moving sliders), similar to MCO [6]. 

Sensitivity bar chart for each chosen objective to be 
investigated: Here in case of finite differences based sam- 
pling methods two different sensitivity measures are 
shown for each uncertain parameter. Furthermore, a 
box-whisker plot is included showing the full range, 
quantiles, mean values, and the reference (or nominal 

value). 

For vectorial properties like, e.g., temperature profiles of 

columns it is possible to see the sensitivities for the whole 
vector. This allows, e.g, to choose a position for the 

placement of a temperature sensor in a distillation col- 

umn based on the largest sensitivity on process fluctua- 
tions as described, e.g., by Oldenburg et al. [9]. 

Within the sensitivity navigator it is possible to calculate 
a relative gain array which can be used to identify possi- 
ble good combinations of manipulated and controlled 
variables. (cf., e.g., Skogestad [10]). 

3 Multi-criteria Optimization under 
Uncertainty 

An existing multi-criteria optimization tool based on an 
adaptive method to calculate Pareto points (Bortz et al. [5]) 
was extended to account for uncertainties during optimiza- 

tion. As mentioned before, here only a finite number of sce- 
narios (samplings) is considered. In this first implementa- 
tion as sampling method for investigating the uncertainty 
range the factorial design was chosen. In principle it is pos- 
sible to extend the application to other methods, but there 
is danger to get lost in the different methods and produce a 
large amount of different simulation and optimization runs. 
Therefore, a computationally relatively cheap method in 
terms of number of samplings was selected here. There are 
two different ways to consider the different scenarios (sam- 
plings). Either focus on the worst case and try to optimize 
this case, which is done in robust optimization (cf, e.g, [11] 
and [12]) or evaluate the different scenarios to calculate a 
mean (or expected value) and a variance to use them as 
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objectives within the multi-criteria optimization which is 

done in stochastic optimization (cf., e.g., [13] and [14]). 

3.1 Robust Optimization 

The goal of robust optimization is to identify a conservative 

design, which works for all scenarios without optimizing 

each scenario individually (parametric optimization, cf. 

Sect.3.1.2). In this respect, conservative is a good result 

since none of the considered scenarios can lead to a worse 

design. In the following only this min-max robustness is 

considered. For examples of other kinds of robustness refer 
to [15]). Depending on the constraints of the optimization 

problem the robust optimization might lead to worse solu- 
tions than the individual scenarios. This leads to overcon- 
servative designs which will be more costly. 

3.1.1 Unconstrained Robust Optimization 

There are some questions arising with the definition of 
worst cases especially in the context of a multi-criteria opti- 

mization. Considered the case of an unconstrained single 

objective optimization problem, in which an objective f> 

should be minimized. If p denotes the parameter vector of 

the optimization problem and &, the vector of uncertain 
parameters for scenario s (proposed by the sampling meth- 

od) then with 

fis =£i(p. ) (1) 

The optimization problem can be formulated as follows: 

min,max; f¢ (2) 

So during optimization (here minimization) the maxi- 
mum of f, of all scenarios has to be identified. This maxi- 

mum which is unique in case of single-objective optimiza- 
tion (i.e., scenario with highest value of fo) might be not in 

case of multi-objective optimization. That is demonstrated 
in Fig. 2 for a problem with 2 objectives f, and f;. There are 

f; Robust 
Pareto-Frontier 

First 
optimization 

Re- 
optimized 

result 
Worst 
case 

forf, 

fs 

Figure 2. Problem with worst case of f; in multicriter
ia optimi- 

zation: several solutions possible. Use of re-optimizat
ion to 

improve the solutions of extreme compromises: Identif
y worst 

case in 7, at fixed value for worst case of f>. 
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two solutions with the same value f3 - = minymax, f; ; which 

differ in the value for fi. If the objective was to minimize 
the worst value of f; as well; then the worst case scenario is 
the one with the higher value for f,. 

In CHEMASIM a hybrid approach for the adaptive mul- 
ti-criteria optimization is used (cf. Bortz et al. [5]). This 

starts with the identification of the extreme compromises 
(ie., single-objective minimization of the different objec- 
tives). Since in these cases exactly the problem visualized in 
Fig.2 may occur, a method for re-optimization is intro- 

duced. Starting from this point, a second optimization starts 
that should have f, .. as an upper limit (included as con- 

straint for all solutions): 

min,max; fj s 3) 

st fr2f,Vs (4) 

The analogous re-optimization problem is solved after 
identifying the extreme compromise (i.e., optimizing the 

function) for f;. 

In case of more than two objectives the direction of this 
re-optimization is not unique. Here an equally weighted 
direction is used. So for the re-optimization after robust 

optimization of f; the following problem is solved: 

mingmax, > ) 
i) 

sit: fise 2f55V5 (6) 

Re-optimization is also beneficial for “normal®> MCO 

problems, if, e.g., an objective is independent of one param- 
eter. After optimizing this single objective this parameter 
might have an arbitrary value. In this case re-optimization 
can avoid starting the adaptive solution strategy from a 
dominated solution. There is no guarantee that this is the 
best solution but if a better one will appear the adaptive 
method will omit the dominated solution, 

In a multi-criteria optimization the question about how 
to identify the worst case has to be answered as shown in 
Fig. 3 since there is not a single criterion to define the rank- 
ing of the cases like in single-objective optimization. Com- 
paring scenario s, with s, in Fig. 3: 5, is worse in /> but bet- 
ter in f, compared to scenario s,. In the adaptive approach 
for convex Pareto frontiers normally a sandwiching 
approach (cf. Bortz et al. [5]) is used which determines the 
direction of the thickest part of the sandwich. This direction 
defines the weights w,; of the different objectives f; and in 
the adaptive process the next point of the Pareto frontier is 
determined by single-objective optimization of this 
weighted sum. So in robust optimization the maximum of 
the weighted sum of all scenarios has to be used as shown 
by Ehrgott et al. [16]. 

minpmaxsz wifis (7) 
i 

So here the weighted sum is used as a criterion for the 
ranking of the scenarios. The maximum defines the worst 
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’:a] 

Figure 3. a) About the definition of worst case scenario in 
multi-criteria optimization: Scenario s, is worse in f, but better 
in f; compared to scenario s,. b) Determination of robust Pareto 
point by minimizing the maximum of the weighted sum of all 
scenarios in the sandwiching approach. 

case for the minimization (Fig 3b). For the case of non-con- 

vex Pareto frontiers the Pascoletti-Serafini method is used 
for which a similar approach can be used. 

3.1.2 Constrained Robust Optimization 

In the following only inequality constraints are considered. 

Inequality constraints limit the feasible range for the opti- 

mization. If constraints are active after an optimization run, 
which means the equality holds, then the results for the 
objectives will in general be different from the uncon- 
strained case. Therefore, constraints usually will influence 
the result of the optimization. During optimization it is in 

general not sufficient to consider only the constraints of the 
actual worst-case scenario which will be further optimized 
Since it is not clear which scenario will finally (ie, at the 

end of the optimization) be the worst case. A robust 
approach is to add the constraints for all scenarios to the 
optimization problem. This g ees that the c 
are satisfied (if possible) by the final worst case scenario. 

That treatment of the constraints in general leads to a rather 
overconservative solution [15]. 

A different point of view is motivated by the fact that 
quite often, the different scenarios are independent from 
each other and the realization of one scenario will in general 
exclude the realization of the other. Therefore it is not real- 
istic that the constraints for all scenarios have to be fulfilled 
simultaneously. It might be that there is even no solution 
with finite overlap between the feasible ranges defined by 
the constraints for the different scenarios. In this case, for 
each scenario a complete multi-criteria optimization has to 

be performed and it is only a posteriori passible to decide 
which scenario is the worst case. This is usually called para- 

metric optimization (s., e.g, [17]). The therefore required 
automatic enumeration of the different scenarios is possible 
within the multi-criteria optimization setup. For this the 
uncertain parameters have to be enumerated. To get  ful 
factorial design the step size for each uncertain parameter 

has to be equal to the distance between the upper and lower 

limits of this parameter. 
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If the limits in the constraints are also uncertain then 

their enumeration can be used to investigate the impact 
of these limits on the results of the multi-criteria optimi- 
zation. 

Among the implemented methods to take the constraints 
for the different scenarios in stochastic optimization into 

account there is also a method to define a probability that 

constraints are fulfilled - so-called chance-constraint 

approach [14] - which is not considered here. 

3.2 Stochastic Optimization 

In stochastic optimization the objectives of the different sce- 

narios should be weighted according to their probability to 
determine the expected value E[...]. Since normally the 
probability distribution is not known quite often equal 

weighting (uniform distribution) or normal distribution of 
the different scenarios are chosen which results in the mean 
value for the objective. One possibility is to replace an 
objective by its mean over all uncertainty scenarios. In some 
cases it might be interesting to reduce the variance (square 

of the standard deviation) of the distribution. Therefore, in 

the setup of the stochastic optimization it is alternatively 

possible to replace the objective by its standard deviation. 
If inequality constraints are present in the stochastic opti- 

mization problem there are different possibilities to take 
them into account. Using also an expected value for the 
constraints will lead to solutions in which the active con- 
straints are only fulfilled for 50 % of the scenarios in case of 
a normal distribution. This normally is not acceptable. In 

chance-constraint optimization (cf. [14]) it is possible to 
define a probability to which extent the constraints should 
be fulfilled. Here a version in which the constraints have to 
be fulfilled simultaneously for all scenarios similar to the 
proceeding for the robust optimization was used. 

4 Cumene Process Example 

A scheme of the cumene process is shown in Fig. 4. Benzene 

and propene containing 5 mol % of propane are used as 

feedstocks. The feeds are mixed with recycled, mainly un- 
converted benzene and fed into an evaporator. The mixture 
is then heated in a feed-effluent heat exchanger and subse- 
quently heated up to temperatures above 330 °C. The reactor 
is a shell-and-tube reactor. The tubes are filled with catalyst 
and there the following reactions take place: 

propene + benzene — cumene (8) 

propene + cumene — p-diisopropyl benzene 9) 

The model for the reaction rate is: 

11 = KiCpropencCbenzene (10 

n = ke, propeneCaimene (11) 
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The kinetics are expressed by the Arrhenius ansatz: 

E 
ki = kyzexp (fi) (12) 

with: 

ko, =2.8-10° Lmol™!, E,, = 104 251 ] mol™' (13) 

kon =2.32-10° Lmol™', E,, = 146 873 ] mol ™! (14) 

The reaction heat is used to produce 40 bar(g) steam. The 

reactor outlet is coaled and flashed. Propane is removed 

with the overheads of the flash. In the first column of the 

process unconverted benzene is removed and recycled to 
the feed section of the reactor. The remaining bottoms are 
fed in a second column where cumene is the top product 

with a desired purity of 99.9 mol %. The design capacity tar- 

get is 98kt per year. The bottom product of the column 
contains the undesired side product p-diisopropyl benzene 

(p-dipb). 

Details about the cumene process have been described by 

Luyben [18]. The fluid properties in the system are mod- 
elled with the Soave-Redlich-Kwong (SRK) equation of state 
with Peneloux voluine correction [19]. Parameters of this 

model are given in Tab.2. Based on a total cost (for 10a 
with discounted operational expenditures, discount rate 
11%) minimization the design of the process shown in 

Fig. 4 has been determined, the gray parameters reflect the 

numbers which have been adjusted, the black ones were 

fixed during optimization. 

Table 2. Parameters of the Soave-Redlich-Kwong eguation of 

state for the binary system cumene + p-diisopropylbenzene. 

The binary interaction parameter is k;; = 0. 

pe [bar] Tc[K] w[-] 

cumene 32.00 63835 0.3444 

p-diisopropylbenzene  24.50 684.00 0.3587 

The following assumptions are made for the basis of this 
design. The heat exchanger, pumps, and columns are 
designed for 120 % load, the reactor design is dimensioned 

for 105 % load, and the reactor tubes length and diameter 
are built as described by Luyben [18]). The heat exchanger 

are assumed with heat transfer coefficients (U-values) for 
gas of 60Wm7K" and for all others of 1kWm™K", 
column height (2 stages per m + 5m) and diameter 
(Fnax=2Pa"™), and costs for catalyst 9.2€kg™", benzene 
957 €m™, propene 192€t™), steam 7.3€t™', cooling water 
1.8 ctm>, electricity 7.3 € MWh™", fuel gas 20 EMWh™, and 
boiler feed water 0.275€m™. The catalyst life time is as- 
sumed as of 2 a: initial fill is included in investment, refill is 
part of operational expenditure, and credit for heating value 
(cf. [18]) of stream 7 and 9 has been taken into account. 

Tab. 3 shows the results for the sizes of the heat exchang- 
ers. A stream table for this design is given in Tab.4. Con- 
cerning the design there exist some uncertainty about the 
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o use of the correct vapor-liquid equi- 

Nypos=367 cumene librium (VLE) model and about the 

= B a;':fip"" Xumne2 0.990 molimol | used kinetics. In Fig.5 two different 
Tier=340° s 20E8 98 ktfyear models (VLE! and VLE2) to describe 

Ty the experimental data of the VLE in 

the binary mixtures cumene/benzene 
and cumene/p-diisopropyl benzene 

1ET are shown. Both VLE models differ 
% in more than one model parameter 

benzene £ : p-dipb but have been combined to one sur- 

propene i “mixing ratio ratio T2 = §4E-5 rogate VLE model parameter to 

propane ptob=0.527 reduce the amount of scenarios to be 
Xprepana = 0.95 molmol 1.75 bar 1 bar considered. | during 

N,=15 N=20 : ; 
Nrsog =13 Niga =10 under uncef‘ta‘mty. In the .fo]lfmqng 

Solution: RR,=017 RR=0.31 the uncertainties of the kinetics as 

Total costs (10yr) =423.7 Mio € D=128m D=129m well as of the VLE model and thei 

Figure 4. Principle of the cumene process with results of design optimization based on the 
model VLE2. Parameters during total cost minimization are shown in gray. Black values were 
fixed during optimization. 

Table 3. Results of heat exchangers for the design of the cumene process based on model 
VLE2. 

Heat exchanger  Area [m’] Unility Heat Duty [kW] Ty [°C] 

E1l 138 steam 40 bar(g) 3448 2152 

E2 705 - 1511 3318 

E3 15 electricity 104 340 

E4 33 cooling water 25°C 3320 90 

E5 66 steam 40 bar(g) 1656 1754 

E6 30 cooling water 25°C 1219 525 

E7 47 steam 40 bar(g) 1174 217 

E8 13 cooling water 25 °C 1330 151.6 

Table 4. Stream table for the design of the cumene process based on model VLE2. 

Stream  T{°C]  plbar] n[kmolh™] Mole fractions 

propane propene benzene cumene p-dipb 

1 250 25.2 104.4 0.05 0.95 = - = 

2 200 252 99.1 = - L0000 - = 

3 53.6 252 99.2 0.0582 00059 0.8719 0.0639  0.0001 

4 3765 25 204.1 00539  0.0057 04396 04874 00136 

5 2340 19 204.1 0.0539 00057 04396 04874 00136 

6 90.0 1.8 194.7 00297 0003 04443 05089 00142 

7 90.0 1.8 9.4 05557 0.061 03419 00412 0.0002 

8 1753 19 95.5 s - - 09711 00288 

9 2178 L1 26 = - - 0.0019 09981 

10 1516 1 92.8 - = - 0.999 0.001 
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impact on simulation and optimiza- 
tion are investigated. 

4.1 Application of Sensitivity 

Analysis 

The design shown in Fig.4 is based 
on the VLE2 model. In the following 
sensitivity analysis three uncertain- 

ties are considered: 

~ WLE model: either VLE! or VLE2, 

~ uncertainty in kinetic constant 

Ko £ 10%, 
- uncertainty in kinetic constant 

ko £ 10%. 

and compared to the nominal base- 
case: VLE model VLE2 and kinetic 
constants at their nominal values. 
A factorial design is chosen as the 

sampling method. Since 3 parameters 

with 2 different values each are con- 
sidered, 8 (= 2°) scenarios are eval- 

uated. Furthermore a variation of the 
load has been performed by multi- 
plying the targeted capacity by a load 
factor which was chasen to be equal 
to 0.6, 0.8, 1, or 1.2. As can be seenin 
Fig. 6 for the whole loading range the 
cumene concentration is close to the 
targeted 99.9 mol%. Here no adap- 
tions of the operating conditions 
were done, but also no operating lim- 
its of the designed plant were consid- 
ered, which might change the pic 
ture. 
For the VLE1 model all scenarios 

are significantly lower in the cumene 
concentration and it is unclear if the 

product quality can be achieved by 

adjusting the operating conditions 
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Figure 5. \Japm:l'tquid equilibrium (VLE) of a) cumene and benzene at 1 bar and b) cumene and p-diisopropy! benzene at 67 mbar: 
markers - experln?e'ntal vaiugs, full lines — SRK model from ASPEN (model VLE1), dashed lines — modified model with corrected pure 

component fugacities (20 % increase for cumene, 20 % decrease for p-diisopropyl benzene, model VLE2). 
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difference in feed-effluent heat exchanger 
and condenser of the first column > 1K 
as a margin for calculation of logarithmic 
temperature difference. 

The following objectives were chosen 

for the optimization: (1) minimize opera- 

1 
: =9 = P 5 P s 
£ 0998 

T E 09% 
-~ 
5\‘]9?4 

I £ aom 
c 5 
| 0990 
5 s==uqems=c=zPp===zz==fh 
0988 

= el 
£ oogs ™ — =t —— 
3 o 

0984 
06 07 08 09 1 11 1.2 

load 

—e—VIE2; k1'=09 k1;k2'=1.1 k2 

=& VLEL k1'=1.1 k1 k2'=0.9 k2 

-0 VLEL k1'=0.9 k1; k2'=0.9 k2 

—h—VLEL k1'=1.1k1; 

- VLEL; k1'=0.9 k1; k2'=1.1 k2 

tional expenditures (discounted for 10a) 

in relation to the amount of cumene pro- 

duced (OpEx), (2) minimize global warm- 
ing potential (GWP), (3) minimize load, 

and (4) maximize capacity. 

OpEx and GWP are typical sustain- 
ability criteria. The GWP is a result 

(besides others like, e.g, resource de- 

=1.1 k2 

Figure 6. Results of the sensitivity analysis using a factorial design based on the param- 
eter sets from the results of the process design (compare Fig. 4) for different loads. 
Uncertain parameters were the VLE model (1 or 2) and the kinetic constants (10 %). 

within the limits of the designed plant. This question needs 

10 be answered with optimization under uncertainty (s. next 
section). 

4.2 Application of Optimization under Uncertainty 

For the previously described cumene process it is investi- 
gated, if it is possible to adjust the operating conditions to 
achieve the desired product purity of 99.9 % under the given 
uncertainties. 

Fl.)[ this optimization problem several operability con- 
sllramts were introduced: (1) the logarithmic temperature 

difference in evaporators <30K to avoid film boiling, (2) 
the maximum F-factor in columns is less than 2.1 Pa’® to 
{"flid flooding and to maintain separation efficiency, (3) the 

liquid load in columns at top and feed stage is within 60 
and 120% of design load to stay in the typical liquid distrib- 

ulor operating range, and (4) the minimum temperature 
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mand, water use, etc.) of the life cycle 

assessment (s., e.g., [20]). 
The last two objectives enable the si- 

multaneous investigation of the minimal 

and maximal achievable load (= capacity/nominal capacity). 

Here, the constraints have not to be fulfilled simulta- 

neously for all scenarios, therefore, each scenario has to be 

optimized individually. As mentioned before, in the new 

MCO environment it is now supported to run individual 

MCO for several scenarios. Fig.7 shows a 2D projection of 

the Pareto frontiers for the different scenarios. As can be 

seen for the cases with model VLEI it is not possible to 

achieve a solution over the whole load range shown. For the 

worst case scenario (VLEL k' =0.9 k;; k' = L1 k;) less than 

80 % of the nominal capacity could only be achieved. The 

results for the global warming potential (GWP) exhibit a 

similar trend and are not shown here. 

In Fig.8 these results are compared with the results of 
a 

robust optimization with the restriction that the constraints 

for all scenarios have to be fulfilled for each parameter 
set. 

Furthermore, it is compared with a stochastic optimization 

using the means for the operation expenditure and the 
glob- 

al warming potential. For load and capacity, means 
could 
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sults of a best case minimization, 
454 where also the constraints have to be 
9z fulfilled for all scenarios s for the 
o same parameter set p. Here, this best 
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Figure 7. 2D projection (operational expenditure discounted for 10 years per ton of 
product (OpEx) vs load) of the Pareto frontier. Results of the enumerated MCO for opti- 
mization under uncertainty have been used for the cumene example: enumerated MCO 
(big symbols), robust and stochastic optimization. Lines are only for visualization (lower 
convex hull). 
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Figure 8. 2D projection (OpEx vs load) of the Pareto frontier. Here different methods 
for optimization under uncertainty have been used for the cumene example: enumer- 
ated MCO (lines cf. Fig. 7), robust optimization (worst case), stochastic optimization and 
best case optimization. Lines are only for visualization {lower convex hull). 

also be used but since they are connected to the optimiza- 
tion parameter load, the means are identical to the param- 
eter value. 

The comparison of the different optimization methods 
(cf. Figs. 7 and 8) shows that robust optimization where 
the constraints have to be fulfilled for all scenarios s 
for the same operating parameters p is overconservative 
and the most costly solution. Stochastic optimization 
using the mean values in this case is close to the worst 
case of the enumerated MCO solutions, Probably this is 
due to the dominance of the constraints of the scenario 
VLEL with k'=09k;; ky'=1.1k, in this problem and 
might be different in other optimization problems. The 
importance of the constraints is supported by the re- 
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The design and the scenarios discussed 
for the cumene process are somehow 
artificial, but should rather demonstrate 
the use of the methods to account for 
uncertainty than to give guidelines how 
to design a cumene process. The follow- 
ing list gives a brief overview about the 
major issues which cause the example to 
be not fully realistic: 
- Uncertainty in the VLE model: Fig.5 

suggest that the model VLE2 is much 
better than VLE1. This is true for the 
description of both VLE diagrams, but 

the modification of the model leads to 

lower vapor pressures for p-diisoprop- 
yl benzene at 1bar which are not in 
agreement with measurements and are 
more relevant to the process. So for 

model VLE2 the separation in the last 
distillation column for the purification 
of the cumene to high purity 
(>99.9mol %) is easier than it is in 

reality. Since the design is based on 

this model, the column is a limiting 

factor for the model VLE1 with the 
more realistic vapor pressure for 
p-diisopropyl benzene at 1 bar. 

- Choice of model type: In normal process design for the 

separation section at low pressure rather often a more 

accurate model based on Gibbs energy (e.g, an NRTL 

model) would be used than an equation of state or 2 
modification like in model VLE2. 

— Constraints: The constraints for the distributors are often 
limiting. Especially for the top part of the first column 
very low liquid loads are present. Here, rather as internals 
trays would be used which offer a larger loading range for 
small liquid loads. 
In the discussed example the purification column seems 

to be the bottleneck of the design. The uncertainty in the 
kinetics can be compensated by loading ranges of the distil- 
lation section and the recycle. 
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6 Remarks and Improvements 

The investigations considered in this example relied on a 
conventional design based on a total cost minimization for 

the nominal (un-perturbed) values of the uncertain parame- 

ters. Since usually a design should work for all possible 

uncertainties also a robust design could be used. One prob- 
lem in this case is that the design rules for sizing the equip- 
meat, which form the basis for the cost estimation, are nor- 
mally already conservative to cover all uncertainties. So for 
the use of 2 robust-design optimization new design rules 
would be required. 

Furthermore robust optimization often leads to a costly, 
overconservative design. The requirements of a robust 

design of a plant are closely related to the possibility to 
adjust operating parameters for a chosen design to account 
for the uncertainty. Here, it is possible to extend the robust 
optimization in future to a two-stage stochastic program- 
ming with recourse formulation, e.g, Steinmel and Engell 
[21): °[...] process synthesis and design problems with 

uncerlain parameters naturally lead to two-stage stochastic 
problems as the design parameters have to be fixed while 
the operating parameters can be adapted to the realization 

of the uncertain parameters. The core idea behind two-stage 
stochastic programming is to optimize the first stage deci- 
sions (here, the design parameters) for a suitable cost func- 
tion that is computed for an optimal choice of the second 
stage variables for each scenario. Thus, the option to coun- 

teract the uncertainties is anticipated in the decision, mak- 

ing the result much less conservative than, e.g., a worst-case 

design, The design must be feasible for all realizations of the 

uncertainty, however, only after adaptation of the second 
stage variables {operational parameters).” But here also new 

design rules would be necessary. 
Further helpful improvements of the setup and execution 

of the multi-criteria optimization under uncertainty are: 
- Inclusion of feasibility runs which ensure that each initial 

run during the optimization is based on a feasible param- 
efer set. 

- In some cases problems with the solver might arise which 
are probably to be caused by the linear dependence of the 

gradients of the constraints. This can be improved by the 
use of entropic smoothening (cf. [22,23]) 

7 Conclusions and Outlook 

The possibilities to analyze the impact of uncertainty on 
simulation and optimization are useful in many contexts. 
(1) To investigate the impact of uncertainty on simulation: 
- show variability of simulation results, 
- identify parameters which have to be determined with 
lower uncertainty 

- identify significant parameters for model adjustment 
or optimization, 

" 
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— investigate different control concepts for process fluc- 
tuations (Oldenburg et al. [9]), 

— Sensor placement (Oldenburg et al. [9]). 
(2) To be used within optimization: 

~ show variability of optimization results, 
— stochastic and/or robust optimization, 
- optimal design of experiments. 
The use of the different options in sensitivity analysis and 

multi-criteria optimization produce a Jot of different simu- 
lations which are of great value for decision support of the 

engineer. Only by comparing different solutions and 

options the engineer reaches a good understanding of the 
situation and can make a sound decision. 

‘We are grateful for valuable contributions in the project 

by Oliver Hirth, Achim Wechsung (BASF) and Volker 
Maag, Karl-Heinz Kiifer (Fraunhofer ITWM) and Hans 
Hasse (Univ. of Kaiserlautern). 

I Symbols used 

c [mol L] molarity (moles per volume) 
Ex [J mol™] activation energy 

D [m] Diameter 

f [-] objective 
F [Pa®] F factor 

k [Lmol™] kinetic constant 

ki [-] binary interaction parameter 

N -] Number of feed stage, total stages or 

tubes 

P - parameter 

P [bar] pressure 

r [mol h™'L™] reaction rate per volume 

R [Jmol ' K™'| universal gas constant 

RR [-] reflux rate 

s [-1 scenario 

T [K] temperature 

U [Wm™K™| heat transfer coefficient 

w [-] weights 

I Greek symbols 

a9, [-] vector of uncertain parameters for 

scenario s 

w -] acentric factor 

l Subscripts 

Q at the critical point 

feed feed stage 

max  maximal 

p parameter 

. worst case 
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I Abbreviations 

GWP global warming potential 
MCO multi-criteria optimization 
OpEx operational expenditure 
p-dipb p-diisoproypl benzene 

SRK  Soave-Redlich-Kwong 
VLE  vapor-liquid equilibrium 
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Paper VI: Stage-to-Stage Calculations of Distillation 

Columns by Fixed-Point Iteration and Application of 

the Banach Fixed-Point Theorem [Hoffmann et al., 
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by examples. 

This work presents a novel approach for stage-to-stage calculations of distillation columns based on the 

MESH equations. No simplifying assumptions such as constant molar overflow are used. The transition 
from one stage to the next is formulated as a fixed-point problem, which can be solved by fixed-point 

iteration. Applying the Banach fixed-point theorem, bounds on the minimum energy requirement are 

derived. Within these bounds a solution to the fixed-point problem is proven to exist and convergence 
of the fixed-point iteration is guaranteed. Additionally, energy bounds are derived below which it can 

be guaranteed that no fixed-point exists, The stage-to-stage calculations are combined with an outer 
optimization loop in order to conduct process simulation and optimization. The approach is illustrated 

© 2017 Elsevier Ltd, All rights reserved. 

1. Introduction 

Distillation is the most widely used technique for separating 
fluid mixtures. It is usually described by the equilibrium stage 
model based on the so-called MESH equations (material balances, 
equilibrium conditions, summation equations for the concentra- 
tions, heat (or better: energy) balances, see also Wang and Henke 
(1966)). Despite the important simplifications in this type of 
model, it is known to describe distillation processes reasonably 
well, so that it has successfully been used for distillation design 
for many decades, and there is no good reason to believe that this 
will change in the near future, 

Describing distillation processes based on MESH equations 
leads to a large system of nonlinear equations with many 
unknowns and only few degrees of freedom, which has to be 

* Corresponding author. 

E-mail address: jakob.burger@mv.uni-kl.de (. Burger). 
! Present address: BASF SE, Carl-Bosch-Str. 38, 67056 Ludwigshafen, Germany 

hetp://dx.doi.org/10.1016/j.ces.2017.02.006 

0009-2509/@ 2017 Elsevier Led. All rights reserved. 

solved in process simulation. As a result, the internal and external 
streams of the column are obtained (flow rate, composition, and 
temperature) for the steady state operation of the column. Further- 

more, the heat flows in the reboiler and condenser are determined. 
For further reading, see e.g. Biegler et al. (1997) or Holland (1981). 

Due to the inherent structure of the equilibrium stage distilla- 

tion column madel it is quite natural to decompose the system 
of equations and to consider stage-to-stage calculations of distilla- 
tion columns instead of solving the underlying equations for all 
stages simultaneously. Early work in this field stems from Lewis 
and Matheson (1932) and Thiele and Geddes (1933) and is based 

on equation tearing. Holland (1963), Billingsley (1970}, and Haas 
et al. (2007) enhanced the method of Thiele and Geddes and devel- 
oped their so-called theta method. In the work of Friday and Smith 

(1964) different tearing techniques for solving the MESH equations 
were analyzed. Depending on the type of problem, the bubble- 
point method, a modification of the appreach by Amundson and 
Pontinen (1958), or the sum-rates method, developed by Sujata 

(1961) in conjunction with the tridiagonal matrix formulation as
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Nomenclature 

¥ composition vector of the liquid phase based on mole 
fractions 

¥y composition vector of the vapor phase based on mole 
- fractions 
Qc condenser duty 
Qz reboiler duty 

¥ activity coefficient of component i 
I enthalpy of a liquid boiling mixture at given pressure 
v enthalpy of a vapor dewing mixture at given pressure 
Fie set of all physically meaningful compositions of a mix- 

ture 
B molar bottom stream flow rate 
D molar distillate flow rate 
F molar feed flow rate 
K molar liquid enthalpy 
h* molar vapor enthalpy 

i counter for components 
T molar liquid stream flow rate flowing from stage n to 

stagen—1 
n counter for stages 
Ne number of components 

N feed stage 
Ns number of stages 
p pressure 
o vapor pressure of pure component i 
R molar reflux flow rate 
) temperature 
LTp molar vapor stream flow rate flowing from stage n to 

stagen+1 
X; mole fraction of component i in the liquid phase 
¥ mole fraction of component i in the vapor phase 

described in Burningham and Otto (1967), was suggested. In more 

recent work, the sum-rates method was modified by Lucia and co- 

workers who developed a method that is good for both wide boil- 
ing and narrow boiling mixtures (Sridhar and Lucia, 1989, 1990a,b; 

Lucia and Li, 1992) and carried out an analysis of that method 
based on fixed-point iteration especially with regard to the unique- 
ness of the solution. Rose et al. (1958) developed the relaxation 
method that uses stage-to-stage calculations and computes the 

gradual changes in the stage and product compositions until a 
steady state is reached. This method was extended by Ketchum 
1979) and Mori et al. (1987a,b, 1990), among others. 

Besides methods that rely on equation tearing there also exist 
strategies that apply simultaneous Newton-type methods for the 
solution of the MESH equations (Naphtali and Sandholm, 1971; 
Ishii and Otto, 1973; Vickery and Taylor, 1986) including the 

inside-out method by Boston and Sullivan (1974). Such methods 
are frequently used in commercial process simulators where the 
user has to specify a precise value for each degree of freedom. After 

fixing the degrees of freedom, the simulation software tries to 
solve the resulting nonlinear system of equations where the num- 
ber of variables equals the number of equations. At this point, con- 
vergence failures are common and usually it is not obvious 
whether they are due to poor starting values for Newton's method 

or due to unreachable specifications. These numerical problems 
may turn process simulation into a very time-consuming task. This 
is especially cumbersome in process optimization in which the 

underlying system of nonlinear equations has to be solved many 
times. 

In contrast to using the full set of MESH equations, there exist 
also so-called shortcut stage-to-stage models, which use simplify- 
ing assumptions, mostly that of constant molar overflow (CMO). 
These methods are frequently used to trace the column profiles 

in the stripping and rectifying column section in order to deter- 
mine the minimum energy demand. Because they neglect the 

energy balance and are easy to calculate, CMO methods are often 
used in conceptual synthesis problem, see, e.g. Levy et al. (1985), 
Van Dongen and Doherty (1985), Levy and Doherty (1986), julka 
and Doherty (1990), Zhang and Linninger (2004), Lucia et al. 

2006, 2008), and Petlyuk et al. (2015). 
In this paper, a new approach for stage-to-stage calculations of 

distillation columns is presented and conditions for its guaranteed 

convergence are derived. To the best of our knowledge, such con- 
ditions have not been derived before. The presented approach does 
not use any simplifying assumptions, i.e. the full set of MESH equa- 

tions is rigorously solved. The nonlinear system of equations, 

which has to be solved for the transition from one stage to the next, 
is reformulated as a fixed-point problem following the method of 

Welke (2013). The fixed-point problem can be solved by fixed- 
point iteration. When conducting fixed-point iterations, deriva- 

tives only need to be computed for solving the vapor-liquid equi- 
librium, In the present work, this fixed-point problem is analyzed 
in detail. Applying the Banach fixed-point theorem, it is proven 
that a unique fixed-point exists and that the convergence to that 
point is guaranteed, if certain requirements on the energy, which 

are derived in the present paper, are fulfilled. If the energy is cho- 
sen below a certain bound, which is also derived in this work, there 

exists no fixed-point and hence no solution to the MESH equations. 
Stage-to-stage calculations as presented in this work are used to 

solve a fixed-point problem for all stages of a distillation column 
but the last (either upward or downward calculation). Thus, all 

MESH equations for a distillation column are solved, except the 
component material balances of the last stage. Usually one colum 
product (e.g. the bottom product) as well as the respective ht 
duty (e.g. the reboiler duty) are considered to be given in o 
to be able to conduct stage-to-stage calculations. Only in 
cases, these process variables are actually known before the si 
lation and an initial guess typically needs to be adapted. There 
the stage-to-stage calculations are embedded into an outer iti 
tion loop, which is formulated as an optimization problem. 

Fig. 1 schematically shows this embedding with its differer! 
building blocks and how the stage-to-stage calculations fit into 
an overall concept for simulation and optimization of distillation 
columns. In a first step, the optimization problem for the simula- 
tion or optimization of a distillation column has to be initialized 
(cf. box (1)). This includes the choice of upward or downward 
stage-to-stage calculations and the initialization of the correspond- 
ing optimization variables. Additional specifications that represent 
the engineering demands can be included in a very flexible way as 
equality or inequality constraints in the optimization problem. If 
the considered distillation column should be optimal with respect 
to a predefined goal, a suitable objective function can be incorpo- 

rated in the optimization problem formulation. In a first step, it 
should be checked whether the given optimization variables lead 
to convergent fixed-point iterations by comparison with the 
derived energy bounds (cf. box (2)). In cases in which the optimizer 
suggests input variables that would lead to divergent stage-to- 
stage calculations, the variables can be rejected and updated using 

an optimization algorithm (cf. box (6)). The original MESH system 
comprising typically hundreds of variables and equations is 
decomposed into an inner loop that solves almost all MESH
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- choose upward or downward scheme 

- choose specifications (equality /inequality 
‘constraints, objective function) 
_ initialize optimization variables 

(2 Check fahe 
optimization variables 

'fimd-.'l',gi‘ntgit;em{iods_ 

(3) For all stages but the last 

(4) All MESH equations except 
the material balance for the last 

all process variables are obtained 

Fig. 1. Flow diagram for simulation of a distillation column embedded in an optimization problem. 

equations except those for the last equilibrium stage of the column 
by using numerically robust stage-to-stage calculations (cf. boxes 
(3) and (4)) and an outer optimization loop where the MESH equa- 

tions for the last stage are included as constraints (cf. box (5)). 
Within the inner loop a fixed-point problem has to be solved for 
all stages but the last and each iteration is initialized with a start- 
ing value s,. Within the outer loop, the input variables for stage-to- 
stage calculations (one column product and the respective heat 

duty) serve as optimization variables and are updated using the 
optimization algerithm (cf. box (6) and (7)) in a way that a feasible 
(or even optimal) column is obtained as a final result (cf. box (8)). If 
the optimization algorithms fails in updating the optimization 
variables the algorithms stops and the formulated optimization 
problem is either infeasible or the optimization algorithm failed 
in finding a solution (cf. box (9)). 

This paper focuses on the convergence characteristics of the 
stage-to-stage calculations in the inner loop. Depending on the 
input variables, the stage-to-stage calculations may converge or 
diverge. Note that even if the fixed-point iteration converges for 
all stages but the last, the material balances of the last stage and 
the specifications are not necessarily fulfilled for an arbitrary 
choice of input variables. This is why the outer loop is required. 

The remainder of this paper is organized as follows. Section 2 is 
devoted to the derivation of a fixed-point problem for the stage-to- 
stage calculations and the rigorous mathematical analysis of this 

fixed-point problem. Convergence bounds for the stagf?-IO—StfiEf 
input variables are given. In Section 3 the extension to smqiagon 
and optimization of distillation columns using an outer optimiza- 
tion loop is described. In Section 4 the theoretical results _fmm 
the previous sections are illustrated using distillations of binary 

and ternary mixtures as examples. 

2. Stage-to-stage calculations using fixed-point iteration 

The approach for stage-to-stage calculations of disn‘l_lanon 

columns, which is presented in the following, can be applied © 
multi-component systems with an arbitrary number of comp> 
nents and the conditions for guaranteed convergence can be 
evaluated in a completely analogous way for systems with a larg¢ 

or small number of components. 

2.1. System of equations 

The equilibrium stage model of a distillation column is schemé(- 

ically depicted in Fig. 2. There are indices i for the Nc components 
well as indices n for the Ns stages. The distillation columnis modeled 

as a cascade of stages with a reboiler duty Qx > 0 kW at the bfl.flflm 

and a condenser duty Qc <0 kW at the top. For simplicity. 2 
distillation column with one single feed on stage Ng (N; = 2in ¢
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D,z? 

V“’ ;y" Ln+1’ wrfl-l 

‘B, z® 
del Schematic of a stage-by-stage model of a distillation column with a single 

on stage Ny = 2, total condenser. and reboiler. The dotted box indicates the 
cantiol volume, which is gradually extended. 

example of Fig. 2) and without any side-draws is considered. The 
method described in the following can be extended to side-draws 
and multiple feeds in a straightforward manner. 
The state of the feed stream is assumed to be completely defined, 

L2.the molar feed flow rate F, the pressure p. and the mole fractions 
¥ of each component i are known. Furthermore, it is assumed that 
the fe_eq stream is liquid boiling. That assumption is only used for 
simplicity and a generalization is possible. Each stage n has liquid 
#d vapor streams flowing from it (with total molar flow rate 
ind V") and onto it (with total molar flow rate L™ and V™) and 
¥ thereby connected to the stages above and below. 
[jqfleeexr_.le_r’;d_ed Raoult’s law is usefl for describing the vapor- 
5 given?u” rium (VLE) (see .f\;::pendlx A) and it is assumed that 
dike ep;:fiure and :orf;posmon of one of the phases in equilib- 
s Ender._i Raoult's law can be solved without any conver- 
o mmrres.l It is assumed that no second liq,ujd phase f"f’ LLE 
ol saang‘the colump. Ifurthermore. h'(x,T) and h"(y,T) 

¢ the enthalpies of the liquid and vapor phase, respectively, wihi e mré‘]*: depend on the compusition of the phase and the tempera- 

z;:;m; Let the pressure p be given. For a liquid phase composition 
X {hat’s in equilibrium with the corresponding vapor phase the 

{emperature T in equilibri i i rum ca Raoulrs J : n be determined by using extended 

s pab 
I(x) := b (x, T'E), e 

) @na!a‘g.ausly, Jor a vapor phase composition vector ¥ that is in equi- 
[:br_lum with the corresponding liquid phase TV can be determined for 
a given pressure and we define 

Thus, I(xJ) and v(y) are short notations for the molar enthalpy of 
phases of given composition in the liquid boiling and vapor dewing 
state respectively. 

In this work, the enthalpy h? of each component i as vapor at 
_298 K is set to 0 kJ/mol and the enthalpy of mixing is neglected 
in both phases. Inclusion of the excess enthalpy term in the numer- 
ical examples does not change the results significantly. 

Here, the MESH equations are exemplarily stated for an equilib- 
rium stage displayed in Fig. 3. 

« Material balances 

FJ{ +Lfl+|ylp+1 + V""x}‘" 1} L"X;' 2 V"_V,F =0 

for i=1,...,N¢ (3) 

« Equilibrium conditions 

PUTR @ T = pyf, for i=1,...,Ne, (4) 
» Summation equations 

Ne. N 

Sx=1 and }y=1 (5) 
=] i=1 

= Energy balance 

Q + FH'(XF TF) + L™ h (™1 Ty 4 V™ RY () T 1) 

—L"R@ T — VR T =0 

Q is equal to zero in Eq. (6) on most stages as they are consi 

ered to be adiabatic. Q is non-zero for the lowest and the highest 
stage where reboiler and condenser, respectively, are located. 

For the subsequent derivations we assume the following: 

Assumption 1. Flow rates of internal column streams and mole 
fractions in the liquid and vapor phase are strictly larger than 0. 

Assumption 2. Let the pressure p be given. For any composition of 

the gas (y) and the liquid phase (x) it is assumed that 

v(y) —I(x) = 0. 7) 

For the general case, Assumption 2 cannot be proven, but it is 

plausible that it will hold for a big class of practical problems, cf. 
Appendix B. 

2.2. Derivation of an equivalent fixed-point problem 

A new approach is presented in which the full set of MESH 

equations is successively solved enabling a stage-wise calculation 

of distillation columns, It is either possible to calculate a column 

from the bottom to the top or the other way round. The upward 

calenlation of a distillation column is described here, but the 

downward calculation is only briefly addressed in this section as 

both are similar, The remaining paper will, without loss of general- 

ity, mainly focus on upward calculations. 

For the following considerations, it is assumed that process 

variables p, B, %, and Qg, as well as the specifications F and x° of 

the liquid boiling feed stream on stage Nr, are given in order to
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v yn pn, T Lfl+1, xn+!1pn+11 T+l 

EEEpRET — stage n i@ 

Vn—i'ynrl’pn-l‘?-m»l L",I”,p",?“ 

Fig. 3. Schematic of a single equilibrium stage. 

calculate a column from the bottom to the top. The given variables 
should fulfill the following assumption: 

Assumption 3. The values for B and x® are chosen in such a way that 

D:=F-8>0 (8) 

and 

Fx] — Bx! x?::_fifl) (9) 

foralli=1,...,N, Le. the flow rate D and the composition x° of a dis- 
tillate stream that fulfills the material balance of the column should be 

positive. 

One proceeds in the following way: The MESH equations for a 

control volume including the reboiler and the first stage of the distil- 
lation column are considered. The unknowns in the resuiting system 

of equations are L?, ¥?, V', and ¥' (superscript numbers denote the 
stage in the present paper). The vapor stream leaving the first stage 

and the bottom stream, i.e, the liquid stream leaving the first stage, 
are in vapor-liguid equilibrium. Because the pressure g is given, the 

composition ¥' of the vapor phase can immediately be calculated 

using flash calculation. The unknowns L?, ¥, and V' still need to 
be determined. For that purpose, the MESH equations for the consid- 
ered control volume are reformulated as a fixed-point problem and 

solved by fixed-point iteration following the approach of Welke 

(2013). This gives values for L%, 8%, and V. The composition y* can 
then be calculated by solving the vapor-liquid equilibrium and a 
new fixed-point problem for the transition from stage 2 to stage 3 

can be derived by extending the control volume by the second stage. 
In this way one can proceed upward the column. 

In the following, the fixed-point problem for the transition from 

an arbitrary stage n to stage n + 1 based on the MESH equations for 
a control volume including the reboiler and the lower part of the 
distillation column up to stage n as indicated by the dotted box 
in Fig. 2 is derived. The composition of the liquid phase »” on stage 

n is assumed to be given from the previous step which also deter- 
mines the composition of the corresponding vapor phase v 

L™, x"*1, and V" are the unknown process variables that have to 
be determined to proceed upward. 

For the considered control volume shown in Fig. 2 the following 
total material balance holds: 

Fh+L"' =V" 1B, (10) 

where Fy, takes the column feed into account: 

o {0 for n < N, 

PALE forniz Ne 2 

Considering component material balances, it holds that 
Ffipf+1."+l7f“ — Yy 4 BAD. a2 

Dividing (12) by L™*" and substituting (10) into (12), we get 

vt B F il Rt ) 
=R tvasen veir, W 

Considering the same control volume the following energy bal- 

ance holds: 

Qe + Fll(a®) + L™ I(x™) = V' o(y") + Bl(X®). (14) 

Substituting (10) into ( 14) and solving for V", we get 

Qs + Fg,I(¥) + (B — Fy, )l(x™") — BI(x®) 

v(y") — I(x"1) 2 

For a feasible column design, the above equations have to be 
fulfilled. In particular, the above equations are fulfilled for 2 
fixed-point of the function @7, which is defined in the following, 

way 

V= {15) 

: Qg + Fipl(x%) + (B - Fyp)l(x®+'(5)) — Bl®®) % 
g 27 — 11 ()) ‘ : 
where 

o s B . P A2 17 
¥ (S)is+B~F"‘upy‘+s+B—P‘"p s+B-F, \ 

In a fixed-point s* of ¢f, it holds that s* = V", cf. Eq. (13). 

Fixing p, B, x*, and Q enables an upward stage-to-stage calcu- 

lation of a distillation column starting from the reboiler by subse- 

quently solving the fixed-point problems for each stage. 
Analogously, a sequence of fixed-point problems for the calcu- 

lation of a distillation column from the condenser downward can 
be derived. In this case p, i ;= Dx”, and Qc are fixed and the vapor 
composition y* on stage n is assumed to be given from which one 
can calculate the liquid composition ** in equilibrium. The 

unknown values that have to be determined to proceed down 

the column are L", V™' and y*'. These values can be obtained 
by finding a fixed-point of the function 

o8 (r) = 90+ Fiounl(X%) + (D — Foon) 20" (1) - D) 
T 1) = o"-17)) 

where 

I 
yYUn = i X D i, down_ ¥ 
o I +D — Fioun +r+D—F"mxD T+ D — Fiomm 

(19) 

and 

0 forn=> N A | SR > 20) 
ot {F for n < Ng. {
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The solution of this fixed-point problem is r* = L". For the sake of 
brevity the case of downward calculation is no longer discussed 

here. 

23. Application of the Banach fixed-point theorem 

In this section, the Banach fixed-point theorem (also known as 
contraction mapping theorem) is applied to the function @}, This 

theorem provides the answer to the question whether there exists 
a fixed-point and whether it is unique and it further provides a 

constructive way of finding this fixed-point. In the following, the 
one-dimensional version of the Banach fixed-point theorem is used 
35 stated in Forster (2013, p. 193} 

Theorem 1. Let I C R be a closed interval and f : —R a differen- 
tigble function with f(I) c L If there exists 0 < q <1 such that 

[fx)| < g for all x € I the sequence (Xn),.x defined by 

Xo=flt), n21 

converges towards the unique fixed-point f(x) =x* €I of f for any 
el 

Any value of g in the above theorem is called a Lipschitz con- 
stant for £ In the following this theorem is applied to the fixed- 
point iteration defined by Eq. (16). More specifically, we study 

how the variables p, B, &®, and Qg have to be chosen to guarantee 
convergence of the fixed-point iteration. Only the application of 
the Banach fixed-point theorem to fixed-point problems for stages 
n > Ni is discussed. The case n < N¢ and the proofs for the subse- 
quent results are provided in the Supplementary Material, 

23.1. Existence of a fixed-point 

Ina first step, one can show under which conditions at least one 
solution of the fixed-point problem can be guaranteed, ie. an 

appropriate closed interval I, is defined with @ip(lz) C In. Further- 

more, one can derive conditions for which it is guaranteed that 
there exists no solution to the fixed-point problem. The uniqueness 
of the fixed-point is discussed at a later point in the present work. 

It is shown in the Supplementary Material that a fixed-point 
with not only mathematical but also physical meaning can only 
occur in 

My = (Dmy; 00), (1) 

where 

= x 
™=\ (22) 

Therein, x° defined by Eq. (9) is the composition of the distillate 
indy" is the composition of the vapor stream from stage n to stage 
B 1, cf. Fig. 2. In other words, for a physically reasonable fixed- 
point s* = V" it holds that: 

Dm, < V" < oo, (23) 

The upper bound on ¥ is obvious. The lower bound can also be 
reformulated as 

DE<Vy, foralli=1,... Ne (24) 
_ Italways holds that m, > 1 due to the fact that both concentra- 
tion vectors fulfl] the summation equation. 

Furthermore, a set I, is defined in the following way 

b= {'_';,f o5 (5); !Selll‘p(p"m(sJJ ; (25) 

Additionally, a set 

Fe = {x € R 
e 
S u=1,%>0i=1,.., Nc} (26) 
i=1 

is Adefined as the set of all physically meaningful compositions of a 
mixture. As »(x) and I(x) are bounded functions on Fn, for fixed 
pressure the following result is obtained, 

Lemma 1. Let n > Ng. If 

Qe > Q" @7 
with 

QY™ := BI(x®) — FI(&F) + Dm, w(y") + D(1 — m,,)‘lt_r}j;;l I(x) (28) 

it holds that @}, (I;) I, and the existence of at least one fixed-point in 

the closed interval I, is guaranteed. 

The derivation of the result in Lemma 1 and the corresponding 
proofs can be found in the Supplementary Material. 

In order to evaluate Eq. (28) derived in Lemma 1 values for 

p, F, %", B, ®%, y". and m, have to be given. Note that QiF'" 
depends on the current value of y*, which usually changes from 

stage to stage. A more general bound that requires less information 
on the choice of variables can also be derived: 

Lemma 2. Let n = Ne. Iif 

Qr > Q2" (29) 

with 

SLB2n | 2 AL 
Q™" = B(Egf!(x) _xTr',t[(x)) + Dm, (xT}au)f v(X) '[;}L!ET(X)). 

(30) 

the existence of at least one fixed-point in the closed interval I, is guar- 

anteed. It always holds that 

= @1 
The more general bound Q%" depends only on p, F, B,my, and 

on the physical properties of the specific components in the con- 
sidered system. The maximum and minimum values of the liquid 
and vapor enthalpy functions only have to be calculated once for 
a mixture by using an arbitrary optimization strategy. This can 
be done in a pre-processing step of process simulation. Enthalpy 

functions of one phase often exhibit only small changes on Fy. 

when compared to enthalpy changes between liquid and vapor 

phase. Thus the more general bound is expec?ed to be close to 

the actual bound and not much more pessimistic. 

Unfortunately, the quotient m, cannot be bounded from a_bove 

due to the fact that y? can be arbitrarily small and therefore it is not 

possible to derive a more general bound on Qg that does not 

depend on y". 3 

So far, bounds on QO were derived such that the existence of at 

least one solution is guaranteed for the derived fixed-point pro
b- 

lem. Similarly, one can show for which choices of Qy thgre exists 

no fixed-point with physical meaning and thus no solution of the 

MESH system. 

Lemma 3. Let n = Ng If 

Qn < OF 
with 

QU = BI(x®) — FI(x") + Dm,v(y") + D(1 — mn),fgg":‘(x) 

(32) 

(33)
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the function @, has no fixed-point in In. 

The proof of this lemma is provided in the Supplementary 

Material. _ 

Again, a more general bound on Qg that does no longer depe
nd 

on xf and ** can be derived: 

Lemma 4. Letn = Np. If 

G < Q" 

with 

(34) 

Qfi'fl‘" = B(}é‘},fl“") - 5?;9:5“"!) + Dm,,(‘rgri:: (X — 2\%!(::)). 

(35) 

the function ¢, has no fixed-point in In. It always holds that 

Q=" < Qg™ (36) 
In this case, it is possible to formulate a similar result indepen- 

dently of the quotient m,: 

Lemma 5. Let n = Ng. If 

Qe < G5 37 

with 

QU™ = BI(¥") — FI(x") + D2y (38) 
the function @7, has na fixed-point in I, 

An even mare general upper bound on Qj is derived: 

Lemma 6. Letn = Ng \f 

Qe < Q™ {39) 
with 

Q= B minte) — maxite)) + D min vt - maxieo ). (40) 
the function ¢, has no fixed-point in f,. it always holds that 

ol vl (41) 

The bound QY#* does no longer depend on y" and can therefare 
be determined based on the knowledge of p, F, B, and the physical 
properties af the considered system. 

If the results of Lemmas 1 and 3 are combined with given infor- 
mation on the feed and bottom stream it is possible to conduct a 
feasibility study. On the one hand, it is possible to derive a hound 

on Qg abeve which a fixed-poeint can be guaranteed and on the 

other hand one can deduce a minimum value for Q below which 
no solution to the MESH system exists. 

Combining the previous results one can additionally derive the 
following result: 

Lemma 7. Let n > Np. If 

G < Qe G (42) 
it is neither possible to guarantee nor to exclude the existence of a 
fixed-paint. 

_ The lower and upper bound an Qx stated in Lemma 7 define an 
interval for which it is not possible to state anything about the 
existence of a fixed-paint using the presented approach. This inter- 
val has length 
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A L81 AUB1A _ .2 e e 
Q" - Q" =D(my ~ 1) (;ygg‘d(x) ,rgjgurzl(x)) 43) 

which is usually very small. 

2.3.2. Uniqueness of the fixed-point and convergence of the fixed-point 

iteration 
So far, the existence of a fixed-point in the interval I, with 

@ (la) € Iy was discussed. If one can additionally show that there 

exists some 0 < g < 1 such that 

|tro] <a 
for all s€1, the fixed-point s* £1, i5 unique and the sequence 

(St )ser, defined by si.; := @l (5i) converges to this fixed-point for 

any so € In- ! e 

In a first step, an expression for the derivative of ¢ is derived 

forn > Nr: 

Vix (5)@1) (s) 
2Y(s)= ~ ; (@4 (95 9) = (959~ 0) S Toerte) 

Computing the derivative of Eq. (17) yields 

13 ey 1 _ g+l 45) 
(x" ”-S"s)'_ntf x*1(s)). { 

If (45) is inserted into (44) we obtain 

e Pip(s) =D VI (s)) (" - x*(s)) 46 

@O =55 o -lE : 
Before considering the general case, two special cases are 

discussed. 

(a)n>=Nrand D=0 

It follows that x**'(s) = y" and 

o el ) 
%) =3 - ‘ 
From this one can conclude that (¢f,)'(s) = 0. 

(b) Qzx— oo 
In this case it holds 

ql.im_rp:P(S) =00 

and hence also 

im i o =0 (49) 4:51 1Inf () = oo 

and 

lim sup¢? (5) = oo (50) s ,290.,.,( ) =00 

This vields 

i ® Y (s) = 51) 

due to the fact that 

lim max[xi*'(s) —y7| =0, foralli=1,....Nc. (52) 
Qg—oco $Eln 

Hence, one can always get an arbitrarily small upper bound 

on (¢%,)' by increasing Qx. 

In both cases (@)’ is identical to 0. Due to continuity reasons it 

is possible to deduce that in case (a) there exists & > 0 such that for 

all D < ¢ it holds |(<afl,,:’(s)] < q < 1. Similar results can also b 

derived for (b).
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For the general case it is possible to derive a bound on Qg such 

that 1\‘902;)'(5){ < g holds. The derivation is provided in the Supple- 

mentary Material. For this general bound a new parameter called ¢ 

is introduced whose value can be chosen in a suitable way such 

that g < 1 as one can see from the following results: 

Lemma 8. Let n > N and 

(e QA== Qg O R (53) 

with 

Qpiz=e . = BI(x®) — Fi(x") + Dmax (€, ma) o(y") 
preiie 0 ot (54) +D(1 mx(c,m,,)).r?g‘):l(x} = Q7 

and 

Qs B(E;af(x) = gx l(x)) 

+ Dmax (€, m,) - (ggéu(x} —gal(x)) > 

(55) 

Then it holds that 

(o] = P2, PP 0" — 2 
w ViE|san o) - l1(s)) | 

Eg';: (x) ~ g}igl(fl 

(56) 2 

min y(x) — maxl(x (minote maxiio)) 
2 al al Z 

‘=—— max Sty ) e =: ETrdenicie o ) ~ o, (")| +4(0). 
The bound in (56) only depends on the parameter & and the 

physical properties of the multi-component mixture at given pres- 
sure p. The value for € can always be chosen in such a way that 

mr’wfrs)i\ <q(¢) < 1. Therefore there exists a unique fixed-point 

in k; and convergence of the sequence (s;) ke defined by 
5% =0,(5%1) towards this fixed-point is guaranteed for any 
% € . The fixed-point iteration thus has guaranteed convergence 

:’I’(?_; ls'chusen above the limit in Eq. (55). This limit depends on 
the choice of p, F.B, the current value for m,, the physical proper- 
ties of the considered system and the parameter &. As indicated 
in Lemm_a 8, the energy bounds that guarantee uniqueness of the 
fied-peint are at least as restrictive as those energy bounds that 
orly guarantee the existence of at least one fixed-point. 

Remark 2. If e < 3 the factor 2 in Eq. (56) can be replaced by 1. 

24. Rate of convergence 

fix;s this section, the rate of convergence of the corresponding 
“Point iteration is considered. In case  is chosen in such a 

"yt ’f%?'ffi] <g(€] < 1 holds, it is known by definition that 

;Z';Vfim‘mim i_teratinn converges at least linearly. The question is 

'Essa'whem_ef higher order convergence can also be proven. A nec- 
—saty condition for convergence of order p > 2 is that for a fixed- 
POINE 5" it holds: 

We"s)=0, foralk=1,....p—1. o lnmefixed-pujntr it holds 

_ Vi (s )y — a1 (s)) 

v(y") — l(x"1(s*)) 

Hence, the derivative in the fixed-point equals zero iff 

VI (5) (" — & (57)) =0, (59) 

whic_h_is in general not the case. However, Eg. (59) is the necessary 
condition for higher order convergence. Therefore, the rate of con- 
vergence for the considered fixed-point iteration is generally linear. 

(¢f)'(s7) (58) 

3. Extension to simulation and optimization of distillation 
columns 

Assuming constant pressure on all stages of a distillation col- 
umn yields a MESH system with Ny, = Ns - (2N¢ +3) + 3 process 
variables and N.q = Ns - (2Nc + 3) model equations, which means 
that Ny — Neq = 3 degrees of freedom remain for the combined 
MESH system. However, if p, F, ¥, B, x%, and Qg are given, then 
the column will be over-specified and an arbitrary choice of these 
variables will in general not lead to a physically feasible solution. 
Hence, a strategy is needed to find a feasible choice for the input 
variables for stage-to-stage calculations. In the following, it is 

assumed that the process variables #1® := Bx®, and Qp can be 
adapted in a suitable way by using an outer optimization loop as 

sketched in Fig, 1. The solution to this problem is briefly discussed 
here. It will be presented in detail in further work. 
When calculating a distillation column stage-to-stage starting 

from the reboifer upward one proceeds until the fixed-point prob- 

lem for the transition from stage (Ns — 1) to stage Ns is solved and 

the composition x” of the distillate is obtained. We write x°(#®, Qx) 

in order to stress the dependence of x° on the choice of variables 

i®, and Q. The component material balance for the last stage 

the distillation column is not enforced during upward calculati 
of the distillation column, and thus also the material balance 

the entire column is not enforced, This means that £°(n? Qz) v 

in general not fulfill: 

Fxf = Bx® + (F — B)x°(i®, Qg), (6t 

where the relation F = B+ D was used. In order to obtain a feasible 

column design, #f and Qx have to be adapted in a way such that Eq. 

(60) is fulfilled. The problem is formulated as an optimization prob- 

lem of the following form: 

min 0 (61) 
Qg h 

st B =B+ (F- B Qo) i=1,...Ne—1. 
This optimization problem is of size Nop: = (Nc + 1) i‘n terms t_lf 

optimization variables. The number of constraints in (61) is 

Neonsir = (Nc — 1) (the component material balance for the 
compo- 

nent Nc is fulfilled due to construction in case the component 

material balances for the (Nc — 1) remaining components 
are ful- 

filled). Thus, the optimization problem is small cornpa
red Fn the 

large number of model equations and process v
arlable's in the 

underlying system of MESH equations. Th:_)se MESH equ
ations t!'lat 

are not incorporated explicitly as constraints in th
e optimization 

problem are already enforced during the upvyard 
or downw_ard cal- 

culation of the distillation column, which is ca
rried out in each 

iteration step of the optimization algorithm._ In
 th_e genel:al case, 

it is also possible to impose additional equ_ah
ty or inequality con- 

straints, for example desired product puri
ties. y 

As long as the constant objective fu;_u:tion 
0 is used a_nd no addi- 

tional specifications (e.g. product purities) 
are given, this approach 

only finds an arbitrary solution to the und:'zr
lymg system of MLS_H 

equations. Thus, the aptimization solver 
will output the first feasi-
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ble solution found, which strongly depends on the chosen initial 

values for the optimization variables and the specific implementa- 

tion of the optimization algorithm. In order to obtain a distillation 

column that is optimal with respect to a non-constant objective 

function, e.g. the reboiler duty, one can simply replace the constant 

objective function in the optimization problem (61) by the objec- 

tive function of interest. It is of big advantage that in order to opti- 

mize a process there is no need for a feasible column design as a 
starting point and hence it is not necessary to perform process sim- 
ulation in advance. This facilitates simultaneous process simula- 

tion and optimization. 
Conceptual methods for distillation-based flowsheets that 

determine feasible column products can be used to generate a good 

initial guess for the values of the flow rate and composition of a 
product stream. Examples of such conceptual methods have been 

mentioned in the Intreduction, 

A sequential quadratic programming (SQP) approach is used in 

this paper for solving the nonlinear optimization problems (see 

Han (1977) and Powell (1978) for the origin of this method and 
Nocedal and Wright (2006) for more recent work in this field). 

Although, the focus of this work lies on the simulation and 

optimization of distillation columns, these ideas could also be 
extended to other (simple and stage-based) units such as flash 

units, reactors, heat exchangers, decanters, extraction columns, 

absorption columns, or even Petlyuk distillation columns (WolfT 
and Skogestad, 1995). As prerequisite, suitable algorithms are 

needed for the different units that facilitate the calculation of all 
process variables. Again, the idea is to decompose the original sys- 

tem of MESH equations into a subsystem that can be solved with 

guaranteed convergence based on a particular set of given process 

variables and to include the remaining MESH equations in the opti- 
mization problem as constraints. The number of additional opti- 
mization variables and constraints depends on the specific unit. 

. Numerical results 

The numerical examples shown in this section only serve as an 
illustration for the theoretical ideas presented in Section 2 and 3. 
At this point, our aim is to identify opportunities of the approach 

but we do not claim to prove superiority compared to existing 
methods. 

4.1. A numerical example for stage-to-stage calculations 

In this section, the results from Section 2 are illustrated by a 
numerical example. The example separation problem is fairly 
simple and constructed so that stage-to-stage calculations can be 
discussed without considering the outer optimization loop. 

4.1.1. Separation problem 
The separation of a binary mixture of acetone (AC) and chloro- 

farm (CF) is considered. The binary system exhibits a heavy-boiling 
azeotrope which lies at x{Z*® = 0.3454 mol/mol at 1 bar. Acetone 
shall be obtained as distillate of a distillation column with com- 
pletely defined binary feed on stage 20 counted from bottom. 
The variables used in this example are given in Table 1. In this 
example, the bottom preduct of the distillation column is chosen 
to be close to the azeotrope. Furthermore, the desired minimum 
acetone purity in the distillate is x3. = 0.9964 mol/mol. 

Several questions are answered here: Is it possible to conduct 
stage—m-?tage calculations for the input variables given in Table 1, 
i.e. does Qg fulfill the minimum energy requirements? Is it possible 
to achieve the desired purity of acetone in the distiliate? And how 
many stages are needed in the rectifying part of the distillation 
column to achieve the desired purity of acetone? The physical 

Table 1 
Variables for stage-to-stage calculations of a distillation column for a binary mixiure 
of acetone (AC) and chioroform (CF). 

Variable Value 

pfbar 1 
Fltkmol/h) 1 
¥ J{mol/mol) 05 AC 

03 CF 
Nr 20 

BJ(kmol/h) 078 

*%/(mol/mol) 036 AC 
0566 CF 

Qe/kW % 

property model used for the calculation including enthalpy data 

needed to derive the energy bounds is given in Appendix A, 

4.1.2. Energy bounds derived with the Banach fixed-point theorem 

The energy bounds that were derived in Section 2.3 can be 

applied to verify that the choice of Qg in Table 1 enables upward 

calculation of the column. 
As an example, a stage n above the feed is considered with 

¥ie = 0.6 mal/mal, This gives m, = 1.661. Based on these values 

and the process variables in Table 1 the bounds Q%7 Q¥*", and 
QUE" _ (UB4 derived in Section 2.3 can be calculated (cf. Eg. (28 
(30), (33), (35). (38) and (40)). The results are given in Table 2. 

In order to be able to evaluate Q'™ and QF*""%* (cf. Eq 

(55) and (54)) information on an apprapriate choice of Z is needed. 

For that purpose, the function g(¢) (cf. Eq. (56)) is plotted in Fiz. 4 

for the system acetone and chloroform at 1 bar. 
From this figure one can conclude that ¢ ~ 1.09 suffices in order 

to guarantee g(¢) < 1, which gives us uniqueness of the fixed-point 
and convergence of the fixed-point iteration. With this choice of ¢ 

it is now possible to determine the two remaining energy bounds. 

In this exemplary case, it holds 

max(c, m,) = max(1.09,1.661) = 1.661, (62) 

and thus the energy bounds that guarantee uniqueness are not 
more restrictive than the bounds that guarantee existence of 2 

fixed-point and it holds Q" — Q4" and Q2" = Q"™ 
cf. Table 2, Note that in this special case where all information for 

the computation of Q5" and Q}™'" is available the gap between 

Q'™ and QY™™ where we can neither guarantee, nor exclude 2 
fixed-point is very small. One can conclude that for the value of 

Qx chosen in Table 1, a fixed-point is guaranteed and the transition 
from stage n to n + 1 is possible. . 

Applying the McCabe-Thiele method under the assumption of 
constant molar overflow to this binary example, the minimum 

energy that is needed in order to obtain the desired acetone punity 
in the distiltate (using an infinite number of stages) is determined 
to be 

Table 2 
Energy bounds exemplarily evaluated for y3, = 0.6 mol/mol and the variables §Ven 
inTable 1, 

Bound/kw Value 

Q}?flz.n £= Q;sz numique 3.197 

Q}z‘m'” = Q‘.‘“’"""“’“ 3.007 

QU 2472 

Qlfimz n 2781 

Q:'!fl n 1.791 

Qfi" 1614 
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Fig. 4. Function g(¢} is plotted for the system acetone and chloroform at 1 bar. The 

dotted horizontal line at g(€) = 1 indicates for which values of ¢ one can be sure to 
have a derivative which is bounded by g(c) < 1. 

Qamin = 16.63 kW. (63} 

If this result is compared with the energy bounds stated in 
Table 2 one can conclude that stage-to-stage calculations cannot 
only be conducted for physically feasible choices of the reboiler 

duty but also for choices of Q that are far below Qg min- 

4.1.3. Number of stages 

For the variables in Table 1 the number of stages needed for the 

separation is determined. Stage-to-stage calculations are termi- 
nated if the mole fraction of acetone in the liquid phase exceeds 
0.9964 mol/mol. In this binary example 30 stages are required. 
The result is depicted in Fig. 5. 

4.1.4. Convergence properties of the fixed-point iteration 

As mentioned above, the transition from one stage to the nextis 
conducted via solution of a fixed-point problem. The rate of con- 

vergence is generally linear as shown in Section 2.4. Nevertheless, 
the fixed-point iteration converges within a small number of iter- 
ations in this example due to a small Lipschitz constant in the 

order of magnitude 107° for the function @y For the variables in 

Tabie 1 only two fixed-point iterations are needed for the transi- 

tion from stage 1 to stage 2 in order to obtain a desired accuracy 

of at least 10°%. The starting value sy is taken from the interval 
M, = (0;00) (cf. Supplementary Material) and chosen to be 100 in 
this example. The iterations are listed in Table 3 and a graphical 

representation is given in Fig. 6. The function ‘Plp is almost con- 

stant. Hence, the first iterate s; is already extremely close to the 
fixed-point. 

In Section 4.1.3 it was shown that 30 stages are needed to 
obtain a distillate with acetone purity greater than 

0.9964 mol/mol for stage-to-stage calculations based on the input 
variables given in Table 1. In Fig. 7 the number of iterations steps 

needed for the transition from stage n to stage n+1, for 
n=1,..., 30 are depicted. In the majority of all cases, only two 
iterations are needed and for a small number of transitions three 

iterations are conducted. 
Clearly, the convergence properties of the fixed-point iteration, 

in general, depend on the considered system. This means, that the 
Lipschitz constant could also be significantly larger and, hence, 
more iterations would be required. However, all systems investi- 
gated so far have shown similar convergence properties as the 

one discussed here. 
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Fig. 5. Column profile in a McCabe-Thiele plot for the example in Table 1. The large 
circle depicts the azeotrope of the binary system and the vertical line on the right 
indicates the desired acetone purity in the distillate. 

Table 3 
Iteration steps for the transition from stage 1 to stage 2 of a distillation column until 
an accuracy of at least 10°® is reached. Values for the required input variables can be 
obtained from Table 1. 

Iteration Value 

S0 100 
5 307258 
5 3.0725¢ 

3.072600 T 7 T T 

i 

3072550 - i 

. 3.072500 ! = : 
_.&? Sg1 

3.072450 F; =] 

3.0723500 g 20 10 50 20 100 

L] 

Fig. 6. Function @}, plotted for process variables in Table 1. The iteration steps for s 
are shown, whereas s; and s5; cannot be distinguished in the figure. 

4.2. A numerical example for the outer optimization loop 

In this second numerical example it is illustrated how the outer 

optimization loop works. For this purpose, an optimization prob- 
lem is formulated for a single distillation column with ternary feed. 
Process specifications are introduced as inequality constraints and 
an objective function is minimized. 

4.2.1. Separation problem 
Consider as an example a simple distillation column with com- 

pletely defined ternary feed containing acetone (AC), chloroform
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Fig. 7. Number of fixed-point iterations needed until a desired accuracy of 10°% is 
reached, plotted as a function of the stage number n for which the transition 10 

stage n+ 1 is computed. 

(CF), and benzene (BE), cf. Table 4 and Fig. 8. Again, acetone shall be 
obtained as top product at the operating pressure 1 bar. 

The distillation column consists of 30 stages. The feed stage is 
15 counted from the bottom. A certain minimum purity and a cer- 
tain minimum yield of acetone in the distillate are required. This is 

incorporated using inequality constraints, cf. Tabie 8. Note again 
that the use of inequality constraints is only possible because pro- 
cess simulation is embedded in an optimization problem. 

Furthermore, the reboiler duty of the distillation column is 
incorporated in the problem formulation as objective function, 
which is to be minimized. This example comprises more than 

250 process variables. The final optimization problem reads: 

min Qg 
i Qr 

st R = Bx; + (F— BixP(R®, Qx), 
*§: = 0.99 mol/mol 

il = 1.2 kmol/h. 

i=AC.CF (64) 

4.2.2. Results 

Using the approach introduced in Section 3 an optimization 

problem with four optimization variables Qg and i® is formulated. 
The desired acetone purity in the distillate and the desired mini- 

mum yield are included as inequality constraints. In order to 

Table 4 
Specifications for the exemplary simple distillation column, 

Stream Flow rate Composition 

F 3.6 kmol/h 0.4 mol/mol AC 

0.3 mol/mol CF 
0.3 mol/mol BE 

D = 1.2 kmol/h AC = 0.99 mol/mol AC 

D (AC) 

(AC+BE+CF) 1 

B (AC+BE+CF) 
Fig. 8. Schematic distillation column with ternary feed containing acetone (AC), 
chloroform (CF), and benzene (BE). 

A Hoffmann et al./Chemical Engineering Science 164 (2017) 188-201 

Table 5 
Initial and final values for the optimization variables. 

Variable Initial Value Final Value 

QufkW 100.0 4538 

e /(kmol/h) 0.6000 D2400 

718 kmol/h) 0.6000 1.07% 
nfe/(kmolfh) 06000 1.0683 

Table 6 
Stream table for the optimal solution of the column degicted ia fig. €. 

Stream F b B 

af(kmol/h) 36 121 239 
Xac/(mol/mol) 04 0.9300 0.1005 

xcr/(mol/mol) 03 0.0004 04521 

xge/(mol/mal) 03 0.0096 04474 

%0 01 02 03 04 05 06 07 08 08 |1 
zop / (mol/mol) 

Fig. 9, Composition profile of the liquid phase of the column in Fig. B with misimal 
reboiler duty, The black curve indicates the distillation boundary in the S)'Slem-"'f 

triangle represents the initial value far the bottom compasition according o Tabie S 
and the diamond represents the initial value according to Table 7. 

obtain the remaining process variables the distillation column is 
computed stage-wise starting from the bottom. The fixed—DO'{" 
iterations that need to be solved on each stage converge 2g4n 
within two or three iterations. In this example, the initial values 

for ail three molar flow rates of the bottom stream are first arbi- 
trarily chosen to be 0.6 kmol/h. The initial value for the reboiler 

duty is 100 kW. The distillation column with minimal reboiler 
duty is calculated in 40 iterations of the optirmization solver. The 
initial values as well as the final values for the optimization vari- 

ables are summarized in Tables 5 and 6 (stream table). The compo- 
sition profile of the liquid phase of the optimal column is depicted 
in a ternary diagram in Fig. 9. 

Fig. 9 shows that the system has a distillation boundary. In 
order to illustrate the robustness of the approach with respect @ 
poor initial values, the alternative initial values for the composition 
of the bottom stream are chosen differently and the calculations 
are repeated. The initial composition of the bottom product is spec- 
ified in Tabie 7 and shown in Fig. 9. This composition clearly lies i1 

another distillation region than the feed and the desired distillate. 
However, even with these poor initial values the optimization sol- 

ver finds the distillation column with minimal reboiler duty within
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Table 7 

Initial values for the optimization variables with the composition of the bottom 
product in the wrong distillation region. 

Variable Initial Value 

WkW 100.0 
8 (kmol/h) 0.0450 
it /(kmalfh) 1.7100 

#/(kmol[h) 0.0450 

41 iterations. The solution is independent from the chosen starting 
values. 

Note that a generic SQP optimization solver (related to the 

implementation of Schittkowski (2009)) was used to solve the 
optimization problem, which was not adapted to task. 

5. Conclusion 

An approach for stage-to-stage distillation calculations based 
ongiven values for 2 particular set of input variables was presented 
and analyzed. This set consists of the molar flow rates of a product 
stream and the heat duty at one end of the column. Using this 
approach, no additional process variables need to be specified on 
each stage of the column. For the transition from one stage to 
the next 3 fixed-point problem is derived, which is equivalent to 
the corresponding MESH equations and can be solved via fixed- 
point iteration. The approach has several advantages: using the 

Banach fixed-point theorem, convergence of the fixed-point itera- 
tion can be guaranteed within wide ranges of the input variables, 
and, though the convergence is in general only linear, experience 

shows that it converges within two or three iterations when 

applied to typical distillation problems. The robustness of the 
approach is further enhanced by the fact that the convergence of 
the underlying fixed-point iteration is not limited to physically fea- 
sible choices of input variables for stage-to-stage calculations. In 
case the heat duty is chosen below certain bounds it is a priori pos- 
sible to exclude the existence of a fixed-point. 

Stage-to-stage calculations based on fixed-point iteration are 
used as building block to derive a novel approach for flexible and 
robust simulation of distillation columns and distillation-based 
llowsheets. In this approach, process simulation is embedded in 
an optimization problem with a small number of optimization 
variables and equality or inequality constraints and the possibility 
of including flexible specifications. Most MESH equations are 
solved by stage-to-stage calculation with guaranteed convergence. 

Only the small number of remaining MESH equations that are not 

solved by stage-to-stage calculations need to be included as con- 
straints in the optimization problem. 

This concept can be advantageously used in several ways for 
example for simultaneous process simulation and optimization 
due to the fact that no feasible solution is required as starting point 
for the optimization. Furthermore, process initialization can be 
facilitated by specifying only the engineering demands and 
without the need of fixing all degrees of freedom. The required 
framework is given in this paper and the different building blocks 
are illustrated with examples. Possible extensions will be topic of 
subsequent work. 

Although we did only illustrate our method by the examples of 
4 conventional distillation column, these ideas can aiso be 
transferred to columns with multiple feeds and side draws or to 
other stage-based units. 

dels of the 1 y 15 Appendix A. Physical property 

The pure component properties required for the simulatior_l are: 
vapor pressure, enthalpy of vaporization, ideal gas heat capacity at 
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constant pressure, The models for these properties are taken from 
the DIPPR Database (DIPPR Project 801, 2005) for the substances 
acetone, benzene, and chloroform. 

The vapor phase is treated as ideal. For describing the non- 
ideality of the liquid phase the NRTL model is used (Renon and 
Prausnitz, 1968), cf. Table A.1 for the temperature-dependent 
parameters. 

The extended Raoult’s law is used for describing the VLE 

P Xy T)=py, i=1,...,Nc (A1) 

where p is the pressure, p; is the vapor pressure of pure component 

i, X and y; are the mole fractions of component i in the liquid and 
vapor phase, respectively, and y, is the activity coefficient of compo- 
nent I. 

The caloric data for the binary system acetone, chloroform at 

1 bar, which is needed to derive energy bounds from Section 2.3 
is given in Tables A2 and A.3. For the ternary system acetone, ben- 
zene, and chloroform at 1 bar that caloric data is given in Tables 
A4 and A5, 

Table A.1 

NRTL model parameters for the description of the vapor-liquid equifibrium in the 
ternary system acetone, benzene, chloroform with 7y = a; + by /(T/K). Parameters are 
taken from Aspen Plus, V8.8 (2014). 

Component i Acetone Acetone Benzene 

Component j Chloroform Benzene Chloroform 

ay 0.9646 —0.1015 o 

aj 0.5382 04224 0 

by —580.026 306.0663 3130115 

by -106.4216 —239.9009 —375.4311 

oy 03 03 047 

Table A2 
Minimum and maximum values of molar liquid and vapor enthalpy for a system 
containing acetone and chloroform at 1 bar. The enthalpy of the vapor phase at 298 K 

of each component i is set to 0 kj/mal. 

Type Value/(k]/mol) 

maxgcr, [(x) -26.513 

minye z,, (X} ~27.212 
MaXeer, V(X) z-;:;g 
MiMge 5, (%) 

Table A3 
Caloric data needed for the derivation of energy bounds. The values are computed for 
the system consisting of acetone and chloroform at 1 bar. 

Type Value/(kl/mal) 

MaXeer,, A (%) —29379 
Minyer,, AL (X) ~30825 

MKy, oy (X) *23—"0;4 
- ~31.055 

MiNye 7, (%) 
et 23013 MaXecr,, |4 (%) — & (X 

Table A4 e 
Minimum and maximum values of molar liquid and vapor enthalpy for a system 

containing acetone, benzene, and chioroform at 1 bar. The enthaipy of the vapor 

phase at 298 K of each component i is set to 0 kj/mol. 

Type Value|(kj/mol) 

MaXeer,, (%) *:;::; 
minge 7, (%) _5.00 
MaXee ry, V(¥) - 33-'; 
i Fne v(x) 
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Table A.5 
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Billingsley, DS., 1970. On the numerical solution of problems in multicomponen 
di at the steady state ii. AIChE . 16, 441-445, Caloric data needed for the derivarion of energy bounds. The values are computed for 

the exemplary multi-component system consisting of acetone, benzene, and chloro- 

form at 1 bar. 

Boston. LF, Sullivan, SL. 1974. A new class of solution methods for 
multicomponent. multistage separation processes. Can. J. Chem. Eng. 52, 52-61, 

h DWw. Omo, FD, 1967. Which computer design for absorbers? 
Value/{kj]/mol) Type 

-29.2 Masecr, £(x) 20300 
; -31.383 

FOmen o) 28439 MaXeer,, £ (x) —28. 
A 5 -39.503 Mingery, 7 (%) 

—28679 Make £ (%) 

MaXecr,, !;E’,- (x) - %(xfl = 
28133 Maeery |2 (6) ~ 22 ()| 
£.6858 Maeer, [ (x) — 2L (x)| 

Appendix B. Comments on Assumption 2 

Let all pure components be sub-critical at the studied condi- 
fions and the pressure be given. The interval 

E i (B.1) 

gives the temperature range in which the mixture exhibits a VLE. 

T js the boiling point of the lightest-boiling pure component 

or azeotrope, T***' the one of the highest-boiling pure component 
or azeotrope. 

Let the vapor phase enthalpy h{(T) of all pure components i be 

normalized to 0 at the temperature T'wer, 
If for every pure component i it holds that 

TUpper 

A, (Tiower) f,m ol T, (B2) 

then Assumption 2 is fulfilled as hj < 0 and h? > 0. Thereby, Ah,, 
denotes the enthalpy of vapori of pure comp 1t i, and c‘N 
the saturated liquid heat capacity of the pure cornponent at con- 
stant pressure. Typically the enthalpy change induced by the heat 
capacity (right hand side of Eq. (B.2)) is small compared to the 
enthalpy change induced by phase transition (left hand side of Eq. 
(B.2)). Thus, Assumption 2 is plausible. 

For bad cheices of reference points the bounds in the proofs 
have to be chosen slightly more conservatively. Therefore, the ref- 
erences have to be chosen carefully for every system. For many 
example systems that have been investigated, Assumiption 2 is 
valid for a trivial choice of the reference (e.g. h{ > 0 at 298 K). 

It may be possible to find a system that serves as a counterex- 
ample. Even in that case, a fixed-point is most likely to exist and 
the fixed-point iteration will usually converge. However, these 
properties can no longer be proven in the mathematically rigorous 
way described in the paper. 

Appendix C. Supplementary material 

Supplementary data associated with this article can be found, in e online version, at http:Jzdx.doi.urgn0.1016]j.ce5.20l7.[32.01)6. 
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Commercially available flow sheet simulators cannot perform optimization runs with more than one criterion. To over- 

come this problem, the flow sheet simulator CHEMCAD is combined with an external optimization solver, and the Excel 

VBA client is used to arrange inter-process communications. The resulting tool for multi-criteria optimization in chemical 

process engineering is applied to two separation problems. First, a dividing-wall column is used as a theoretical example 
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achieved for a real continuous world-scale facility. 
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1 Introduction 

A development engineer working in the chemical industry 
typically has to take a variety of objectives into account, 

s}ich as operational costs and product yield. These objec- 
tives are often conflicting, e.g., it may be difficult or impos- 
sible to improve the economics and the product quality of a 
process at the same time. Moreover, the objectives depend 
on 2 variety of factors, the so-called design variables, suit- 
dtke viues which need to be determined in an iterative pro- 
cedure involving computer simulations. Consequently, it is 
fiET?IraI to treat chemical process design as a multi-criteria 
optimization (MCO) problem. Flow sheet simulations are 
widely used for development in process engineering, but, 
}lflfflflunalely. the commercially available flow sheet simula- 
;;’s e unable to perform optimization runs with more 
ana single criterion. This can be overcome either by inte- 

grating an MCO framework into a flow sheet simulator [1] 
g by exploiting an external programming interface. The 
ster approach is used in this work to realize multi-criteria 
tptimization with CHEMCAD. 

Dnz";;{_fi ‘dfi‘fiigfis D.f interest allow for an improvement in 

ectiv jective, only if a worsening in at least one other ob- 
imn Z:‘ :C‘Cifp}ed In the context of multi-criteria optimiza- 
Enm‘hinct t;mgns are called Pareto-optimal [2] and they 
b e to the Parei({ set. In the objective space, this hyper- 
: kamfififi; feasible fi't'!m infeasible regions, and thus, 
Mt Pareto Eruune.r. A feasible point in objective 

é]nflaa . 3Sld€fl:fl-'i frontier is said to be dominated. To 
¢ a single point on the Pareto set, a suitable algo- 

Oia . Ing, Tech, 2017, 89, No. 11, 14711478 ® 2017 WILEY-VCH Verlag GmbH &
 Co. KGaA, Weinheim 

rithm is required. The popular class of deterministic opti- 
mization solvers represents one possible way to tackle opti- 

mization problems, see [3,4] for details and exemplary 

applications. These methods make use of derivatives to con- 

verge fast and with high precision. However, due to their 

local nature, algorithms of this type may get stuck in local 

extrema and they require a large number of objective func- 

tion evaluations. Deterministic algorithms for global opti- 

mization exist, too, even for the case of nonlinear problems 

i5]. Apart from that, stochastic algorithms exist [6]. Their 

concept is to sample bigger parts of the objective space and 

check for optimality, which is less prone to getting trapped 

locally but also less time-efficient. 

A practical approach to find Pareto sets is to couple a 

flow sheet simulation to a numerical algorithm for multi- 

criteria optimization. In this way, the advantages 
of com- 

mercial flow sheet simulators are exploited, ie. 
the pro- 

vided models for unit operations and thermodynamics 
as 

well as the component property data are 
used, whereas their 

IDr. Martin von Kurnatowski, Dr. Michael Bort
z, Dr. Alexander 

Scherrer, Dr. Anna Hoffmann, Prof. Dt. Karl-
Heinz Kiifer 

rnanin.kumatuwski@im&aunhofer
.de 

Fraunhofer Institute for Industrial Mat
hematics ITWM, Depart- 

ment Optimization, Fraunhofer-Platz 1, 67663 Kaiserslautern, 

Germany. 

*Dr.-Ing. Hilke-Marie Lorenz, Dr.-In
g. Miguel Caraucan, Dr.-Ing. 

Thomas Griitzner, Dr. Niklaus K
iinzle 

Lonza AG, Global Process Technologie 

strasse, 3930 Visp, Switzerland. 

s & Innovation, Lonza- 

Wiley Online Library



1472 
Chemie 

Research Article | Ingeniewr 
Technik 

deficiencies concerning multi-criteria optimization are 
overcome. In an earlier application of this approach, Zobel 
et al. integrated CHEMCAD V together with a stochastic 
optimization solver based on an evolutionary algorithm for 
mixed-integer nonlinear programming (MINLP) problems 
[7], and they successfully applied it to a rectification prob- 
lem from industrial practice. Vazquez-Castillo et al. used a 
genetic algorithm to optimize a process incorporating divid- 
ing-wall columns simulated in Aspen Plus (8]. Otte et al. 

connected a MATLAB implementation of the molecular- 
inspired parallel tempering (MIPT) algorithm for global 
optimization to CHEMCAD via its object linking and 
embedding for process control (OPC) interface for the pur- 

pose of retrofitting a separation process [9]. The cited paper 

also provides a wide overview of publications on combina- 
tions between flow sheet simulators and external optimiza- 
tion solvers. In a recent report, Sundberg et al. compared 

the performance of three different optimization salvers dur- 

ing the optimization of a flow sheet for methanol synthesis 
implemented in UniSim [10]. For additional applications of 

this method to process optimization, see [1,11, 12]. 

The optimization problem to calculate a single Pareto 
point uses a scalarization rule to combine the objectives to a 

single scalar function f, which is passed to the optimization 
solver. A common scalarization strategy is the e-constraint 
method [13, 14]. Convex optimization problems allow for 
weighted scalarizations [15], which sum up the objectives f; 

multiplied with individual factors w;. The weights w, are 

non-negative numbers and they sum up to 1. A simple 

approach in the case of only two objectives is to choose w; 

from an equidistant sequence of numbers covering the unit 
interval, and w; is set to 1 - w,. This procedure is illustrated 

in Fig.la. The figure sketches the objective space for an 

optimization problem with two objectives f; and f, both 
of which shall be minimized. The dotted line marks the 
Parefo frontier. The rightmast Pareta point and the lefi- 
most Pareto point are the points where all but one 
weighting factors are zero. They are the extreme compro- 
mises and are calculated as part of any Pareto approxima- 
tion. Using equidistant weights allows for a fixed choice 
of the total number N of Pareto points. However, it also 
brings about some disadvantages: first, it is a-priori 
unknown how many points are required to approximate 
the Pareto set with a given accuracy, because its shape is 
unknown. Second, since weights have to be chosen for all 
dimensions of the objective space, the equidistant choice 
of weights exhibits a much higher complexity if there are 
more than two abjectives, 
As a consequence, adaptive methods such as the sand- 

wiching algorithm are required to overcome these deficien- 
cies. A detailed explanation of this algorithm can be found 
in [1,16,17]. It enables the calculation of Pareto sets with a 
well-defined approximation quality and with the corre- 
sponding lowest possible number of Pareto points, and 
hence, with a minimum of computing time. This is exem- 
plified in objective space in Fig. 1b. The inner approxima- 

‘www.cit-journal.com © 2017 WILEY-VCH Verlag GmbH & Co. KGaA, Weinheim 

extreme compromises 

Figure 1. Discrete approximation of a Pareto set {dotted line) 
for two objectives f, and f,, a) using equidistant weights with 
five points, b) using the sandwiching algorithm. The Pareto ¢t 
is incorporated b the outer appr tion {solid lines) 
and the inner approximation which is part of the convex hull 
(dashed lines). The gray line indicates the thickness of the 
“sandwich” as a quantitative measure of accuracy. 

tion, which consists of the facets spanned by the Pareto 
points, and the outer approximation, which is formed by 
the hyperplanes passing through the Pareto points with the 

weights determining the normal vector, enclose the real but 
unknown Pareto set. The sandwiching quality has to be 
chosen in advance, and it corresponds to the length of the 
gray line in the figure. The non-convex case requires differ- 

ent approximation strategies, such as the hyperboxing algo- 
rithm, and different scalarizations, such as the Pascoletti- 

Serafini scalarization [18]. However, that lies heyond the 
scope of the examples treated in this work. For details on 
combining sandwiching and hyperboxing, the reader is 
referred to [1]. 

This article is organized as follows: Sect.2 describes the 
numerical tool used for multi-criteria optimization and ex- 
plains in detail, how the flow sheet simulation CHEMCAD 

is coupled to the MCO routines. Subsequently, in Sect.3.1.2 

theoretical test process is constructed, based on a dividing- 

wall column fed with a mixture of hexane, n-heptane, and 

octane. A multi-criteria optimization problem with equidis- 
tant weights is solved for this process to validate the method 
and the influence of the starting point is investigated. The 
second case studied here is a model of a world-scale process 

Sect. 3.2) with the principal purpose of separating a mixture 
of two components (see Sect. 3.2). This facility is running 2! 

high capacity in industrial practice. It is treated using the 

Chem. Ing. Tech. 2017, 89, No. 11, 1471-1478
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sndwiching algorithm, and significantly better process 
designs are found with the MCO method. 

? Computational Framework 

Commercial flow sheet simulation tools in general cannot 

perform automated multi-criteria optimization runs. For 
this particular purpose, the simulation engine has to be 
linked with additional optimization functionalities. Fig.2 
shows the basic architecture of the framework. MS Excel is 
chosen as a front-end component here for several reasons: 
on the one hand, it is available to the majority of develop- 

ment enginers, and it is comfortable to have a graphical 
user interface, especially a familiar one. On the other hand, 
results of the multi-criteria optimization shall be conven- 
iently connected 1o pre-existing data, which is often stored 
in Excel files. 

':J'llr!l Architecture of the computational framework with 
5 Excel as front-end component and CHEMCAD as flow sheet 
simulation. Black arrows indicate data transfer. 

 The starting point in the development process of the 
D'ailnewmk was the native CHEMCAD-Excel VB client, 

which i provided with the CHEMCAD installation. This is 
& macro-enabled Excel workbook with a set of subroutines 
o control CHEMCAD simulations. It already contains a 
basic wer interface with buttons, e.g., to establish the con- 
tection to CHEMCAD, to load a specific flow sheet, to send 

caanges in the simulation variables to CHEMCAD, and to 
lflgs simulstion runs. More important, it includes macros 

which Wer all the flow sheet data concerning streams 

and unit operations to Excel worksheets. These macros are 
E;Uiflmalicafly triggered after loading or running a simula- 
ton and, hence, the full set of process data is always avail- 
it in Excel. The underlying technology is a COM (com- 
pt[meu: object model) interface, a Microsoft standard 
#iatform for interaction between different programs. In this 
m{fiMn—C&D acts as a COM server and E[;CEI is the 

! e programming lan| e in the frame- 

:’:rk 5 VBA (Visual Basic for Applf:::iins). an object- 
enlated scripting language. The flow sheet simulation is 

Chem, Ing. Tech. 2017, 89, No. 11, 1471-1478 ® 2017 WILEY-VCH Verlag Gm
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available in the code as an object with different interfaces 
providing information about and control over different 
process characteristics such as streams, unit operations, or 

component properties. No additional reference to a 
CHEMCAD library needs to be set in the client program, 
because CHEMCAD is registered to the operating system as 

a COM server during the installation procedure. 
CHEMCAD?7 is used in this work. The simulations were 
executed in the sequential modular mode and the underly- 
ing systems of equations were solved using the direct substi- 

tution method. The maximum number of flow sheet itera- 
tions was chosen as 200. 

Here, the VB client provided by CHEMCAD was ex- 

tended by several features. First, the required optimization 
solvers and the sandwiching algorithm for adaptive scalari- 

zation [1, 17] are linked to the Excel COM client by refer- 

encing the respective type libraries (tlb), which themselves 
access corresponding dynamically linked libraries (dll). The 
employed optimization solvers are NLPQLP (nonlinear 
programming with non-monotone and distributed line 
search) for ordinary nonlinear problems and MISQP 

(mixed-integer sequential quadratic programming) for 
mixed-integer problems [19]. These solvers are based on a 

gradient technique, which requires the calculation of deriva- 
tives of the objective function with respect to the design var- 

iables. These derivatives are calculated numerically using 

finite difference quotients. Calculations of gradients take a 

lot of simulation runs. However, these additional runs usu- 

ally converge very fast, because the design variables are only 

changed by the small value of the accuracy parameter of the 

derivatives. The solvers use penalty terms in the objective 

function to handle constraints. Equality and inequality con- 

straints can be dealt with. The NLPQLP is used for optimi- 

zation unless integer design variables are defined in the 

problem. In that case, the MISQP solver is chosen auto- 

matically. The solvers are embedded in a loop, in which 

they are alternatingly fed with gradients to determine 
the 

direction of steepest descent and with values of the o
bjective 

function for a line search along a fixed direction. 

A second extension to the CHEMCAD-Excel VB client
 is 

the automatic output of the column profiles of a
ll rectifica- 

tion columns in the flow sheet to Excel. 
The pressures, tem- 

peratures, total and component-wise fl
ow rates, mass den- 

sities, and the F factors are listed for each stage. 
As a result, 

these quantities can be used as part of 
an objective function. 

Especially the F factor is an important indic
ator for process 

engineers, which is not calculated by CHEMCAD itself. 
A 

user does not need to be familiar with 
VBA, because a 

graphical interface to specify the optimization 
problem was 

set up in Excel for this purpose. It consists of three tables to 

define the objectives, the design variable
s including their 

boundaries, and the constraints. In additio
n to that, there is 

a panel to view the optimization status and 
to control the 

optimization process. Excel formulas are used 
to connect 

the variables in the corresponding tables to the worksheets 

which are used to transfer data to and f
rom CHEMCAD. 

& Co. KGaA, Weinheim 
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When a design variable has to be updated, its formula is 
parsed to determine its original data cell. Then the new val- 
ue is written in this cell and finally sent to CHEMCAD. 

In the typical workflow, a flow sheet is first loaded into 
the framework and subsequently the optimization problem 
is specified in the graphical interface. In principle, the tool 
can handle an arbitrary number of objectives. The Pareto 

approximation is started by a mere click on a button. The 

information flow during the calculations is sketched in 
Fig. 2. Simulation data from CHEMCAD is written to Excel 

from where it is used to get objective function and gradient 
information for the optimization solver. The optimization 
solver then suggests new values for the design variables 
which are transferred back to CHEMCAD again via Excel. 

There is no direct interaction between CHEMCAD and the 
multi-criteria optimization part. After the extreme compro- 
mises have been determined, the objective space is rescaled 
such that the values of the objectives lie in dimensionless 

intervals between 1 and 2 (not 0 and 1 to avoid entering 
negative quadrants in case of non-convexity). Then, the 

sandwiching algorithm calculates the weight factors for the 
next Pareto point in the rescaled space. The objective func- 
tion is calculated as the weighted sum. 

The sandwiching quality was set to 1.05 for this work, i.e., 
the real Pareto frontier will be located within a 5% interval 
next to the linearly interpolated hyperplanes between the 

calculated Pareto points. Once the Pareto approximation is 
finished, the output contains the convergence parameters as 
well as detailed information about all the stream data, unit 

operation data, and the column profiles for each calculated 

point. Note that the simulation tool included is generic, i.c., 
within the framework, CHEMCAD could be replaced by a 
different simulation module, which does not even have to 
be a flow sheet simulator if the context is different. Only the 
subroutines organizing the data transfer between Excel and 
the simulation engine would have to be rewritten since the 
employed interfaces are engine-specific. The presented 
framework does not contain a method to deal with non- 
convex Pareto sets, but a convexity check is performed by 
taking the center of mass for the design variables of Pareto 
points spanning a facet, calculating the corresponding 
objectives, and checking on which side of the approximated 
Pareto frontier the resulting point in objective space lies. No 
indication of non-convex Pareto sets occurred in the opti- 
mization problems solved in this work. If it was the case, a 
hyperboxing approximation scheme could be applied [1]. 

3 Method Validation and Application 
to a Real World-Scale Process 

3.1 Dividing-Wall Column 

In the first test of the multi-criteria optimization frame- 
work, a flow sheet consisting of a dividing-wall distillation 
column is applied. Tts purpose is to separate a ternary mix- 

www.cit-journal.com © 2017 WILEY-VCH Verlag GmbH & Co. KGaA, Weinheim 

ture with only one unit operation. The concept can even be 
extended to reactive distillation, as reported, e.g., by Ehlers 
et al. recently [20]. The facility is supposed to have only 2 

single dividing wall and, hence, it is modeled as a prefractio- 
nator [21], i.e., with two standard distillation columns, only 

the second one of which has a reboiler and a condenser. 
The flow sheet is displayed in Fig. 3. The columns Cl and 

C2 consist of 20 and 60 stages, respectively. The liquid 
recycle stream from the upper side drain (stream 7) and the 

vaporous recycle stream from the lower side drain 
(stream 8) of the second column represent the material 

inputs to the column section left of the wall. The vertical 

position of the dividing wall is in the middle of the unit, ie, 

from stage 20 to 40. Thus, stream 7 is drained from stage20 
and stream 8 is drained from stage 40 of C2, stream 5 is fed 

to stage 20 and stream 6 is fed to stage40 of C2. Streams7 
and 8 enter CI at its top and bottom stage, respectively. 

7 (lig.) 

4 (n-heptane) 

Figure 3. Flow sheet for the single dividing-wall column mod- 
eled as a prefractionator. Feed stream 1 contains equal parts of 

hexane, n-heptane, and octane, which are supposed to be sepz- 
rated in the product streams. 

The system is fed with a ternary mixture of hexane, 
n-heptane, and octane. The feed rate of each component is 

333kgh™, resulting in an overall feed rate of 999kgh™ 
Product stream 2 consists mainly of the low boiling sub- 
stance hexane, stream 4 consists mainly of n-heptane, and 
stream 3 has a high octane concentration. For specification 
of the central side drain (stream 4), its total mass flow rate 

is set to a fixed value of 330kgh™. The upper side drain 
(stream 7) and the lower side drain (stream 8) are specified 
by total mass flow rates of 400 and 500 kgh™, respectively 
If related to the total liquid and vapor flows inside C2 o 
the corresponding stages, these rates determine the materizl 
splits, which result from the particular position of the divid- 

ing wall inside the column. However, this particular flow 
sheet simulation turned out to have better convergence 
properties if the flow rates rather than the splits are speci- 

fied for the side drains. The split ratios can be calculated 2 
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posteriori from the simulation output, and the split ratio of 
the liquid molar flows at the top of the dividing wall varies 
between 0.86 and 32.64 for the working points calculated in 
this section. The recycle tolerances were set to 10™° and the 
flash tolerance was set to 107. The vapor heat capacities 
were calculated using the corresponding DIPPR {Design 

Institute for Physical Properties) equation, and NRTL (non- 
random two-liquid) was used as the vapor-liquid equilibri- 
um (VLE) model for calculation of K values in this work. 

For this example, the required interaction parameters were 
faken from the CHEMCAD internal property data base. 
The optimization problem has two design variables, two 

objectives, and two constraints. The design variables are the 
total mass flow rate from the bottem of column C2, varied 

between 200 and 400 kg h™, and the reflux ratio of C2, varied 
between 1 and 80. These are the free variables, which are sup- 
posed to be manipulated by the optimization solver to obtain 
Pareto optimality. Their boundaries are not chosen from an 
tconomic point of view here. Instead, the test is supposed to 
sample a broad interval in the design space of the problem. 
The first objective is to maximize the molar flow rate Ny, of 
n-heptane in stream 4. It is equivalent to maximizing the 
mole fraction of n-heptane in this stream, because its total 
flow rate is kept constant. The second objective is to have a 
minimal reboiler duty Q.4 to keep the energy demand of the 
process low. Furthermore, the mole fractions of hexane in 
the head product and of octane in the bottom product are 
required o be at least 90 %. From a practitioner’s point of 
view, this is not a very strong requirement since product 
purities of 90 % are often insufficient in process engineer- 
ing. However, it is going to have a notable impact on the 
Optimization results, as discussed below. 

Teb.] gives an overview of the multi-criteria optimization 
problem as well as the different starting values applied for 
the Pareto approximation. The problem is sofved using the 
NLPQLP solver. The solver accuracy is set to 10 and the 
solver quadratic programming (QP) accuracy for the under- 
lying quadratic programming problem is set to 107 for this 
eample. The calculations of gradients should be less precise 
than the simulation outputs. Hence, the accuracy of the 
derivatives is set to 0.01 % of the corresponding design vari- 
able with  forced lower bound of 10 for the absolute val- 
te. This choice follows the performance test described in 
the NLPQLP documentation. 

1475 

For a first test, no adaptive scalarization strategy is used. 
Instead, the weighting factors multiplying each abjective in 
the scalar objective function are chosen from an equidistant 
sequence of numbers covering the unit interval and the total 
number of desired Pareto points is set to N = 6. The results 
of the optimization runs are shown in Fig. 4, which depicts 
the calculated Pareto points in the 2D objective space of the 
problem. The filled symbols mark the starting point for 
each optimization run, whereas markers without filling in- 
dicate the Pareto points themselves, 
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Figure 4. Pareto-optimal points of the single dividing-wall col- 
umn medeled by a prefractionator flow sheet fed with a mix- 
ture of hexane, n-heptane, and octane plotted in the 2D objec- 
tive space. Ai, is the molar flow rate of n-heptane in the produ 
stream, which shall be maximized, and Qe is the reboiler dut 
which shaif be minimized. Filled symbols mark the starting 
points of the optimization run for each point, unfilled symbo 
mark Pareto points calculated with equidistant weights. Plus 
signs represent comparative results from the e-constraint met ) 
od (no further constraints} with starting point 1. The diamonc 
symbols correspond to an unconstrained optimization with 
starting point 1. 

Three different starting points for the Pareto samplings 
were tried, marked by different shapes, in order to investi- 
gate their impact on the optimization procedure. In addi- 
tion, an &-constraint technique, marked by plus signs in 
Fig. 4, was tested. That patch was calculated without further 
constraints. For starting points 2 and 3, the maximum num- 

ber of recycle iterations in CHEMCAD had to be increased 
to 400 for convergence reasons. Apparently, in all runs, the 

Table 1. Optimization problem and tested starting values for the discrete Pareto approximation in the case of the single dividing-wall 
column fed with a mixture of hexane, n-heptane, ;jnd octane. M, is the molar flow rate of n-heptane in the product stream, and Q,epy is 
the reboiler duty. 

Varizble Type Bounding interval Starting point 1 Starting point 2 Starting point 3 

boltom drain [kgh)  Design variable (200, 400] 350 0 30 
refu ratio [-] Design variable [1,80] 20 20 40 

B [kmol b~} Objective, maximize - 31535 29539 3.1535 

Qe W] Objective, minimize - 632.88 592.98 1231.67 
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Pareto-optimal points are placed on the same imaginary 

line, and the boundary of the feasible region in objective 

space is indeed identified in the figure. However, by moving 

the starting point to higher reboiler duties, from squares 

over circles to triangles, the Pareto point representing the 

extreme compromise with full weight on Ny and zero 

weight on the heat input is shifted to much higher reboiler 

duties, revealing the Pareto frontier in the top right region 

of the diagram. This results from the fact that the frontier is 

almost parallel to the vertical axis in this part of the objec- 

tive space and, hence, Qrerr can be significantly reduced by 

only a small decrease in Ny Small variations in an objective 
can arise from numerical inaccuracies or from the local 

nature of the optimization method. 
The diamond symbols in Fig. 4 correspond to a compara- 

tive calculation without constraints. The lower bound of the 

reflux ratio had to be increased to 2.3 for this patch to avoid 
divergent simulations. Since starting point 1 was used here 
again, the upper right extreme compromise is the same as 
in the circled patch. But in contrast to the constrained opti- 

mizations, the reboiler duty could be reduced to values 

below 120kW for the leftmost point in the unconstrained 

patch, because lower product purities in the head and bot- 
tom drains enable working with less heat input. However, 

this improvement is accompanied by a notable worsening 

in the second objective Np. 

3.2 World-Scale Separation Process Running 

in Industrial Practice 

In this subsection, the multi-criteria optimization tool is 

applied to a real wotld-scale separation process. The facility 
is operated at high capacity, and thus, a decrease in opera- 

tional expenditures is particularly desirable, since it implies 

a big economic advantage. The setup consists of two distil- 

lation columns with one forward connection and two 
recycle streams, as shown in Fig.5. Only the first column 
has a reboiler, whereas C2 works with the heat input from 

stream 4. Cl is modeled with 53 equilibrium stages and C2 
is modeled with 34 stages. The feed stream (stream 1) is a 

mixture of two components, and the main task of the pro- 

cess is to separate these two com- 

ponents. The bottom drain of C1 
and the side drain of C2 are 
specified by fixed flow rates. The 

Figure 5. Flow sheet representation of the industrial world- 
scale facility for separation of two components. Only C1 has a 
reboiler and C2 works with the heat input from stream4. 
Stream 7 is the main product stream. 

purity Xpeoa and a minimal reboiler duty Q.. of the first 

column, which represent conflicting criteria. The design 

variables and their boundaries are listed in Tab.2. Two of 
the variables in this problem are of integer type: the feed 
stage of the upper recycle stream 2 into C1 and the product 
withdrawal stage for stream?7. Hence, the MISQP solver 
was used to solve the optimization problem. Its accuracy 

and the QP accuracy were set to 107, and the derivatives 

were calculated with an accuracy of 0.1%. The specifica- 
tions for the two applied starting points differ only in the 
vapor split for stream 4. Thus, there are two respective val- 

ues in the corresponding cell in Tab. 2. 

According to experience, recycle streams can be one of 
the reasons for a flow sheet simulation to become prone to 

convergence issues. Therefore, it is mandatory to carefully 
determine the boundaries for each design variable via indi- 
vidual test simulations before solving the multi-criteria 
optimization problem. Otherwise, simulation divergences 
may occur, that are difficult to track down from inside 

Excel. In fact, the tool contains a homotopy functionality 

[22], but this cannot compensate divergences due 0 

thermodynamic infeasibility and, more important in this 
case, it does not apply for mixed-integer problems, because 

the concept of homotopy in process engineering is based on 

Table 2. Design variables with their corresponding initial values and boundaries in the multi-cr 
teria optimization problem for the industrial world-scale process separating two components. 

forward connection (stream 4) is 

chosen as the cut stream in the 
sequential medular  solution 
scheme, which is applied by 
CHEMCAD by default. 
An unconstrained multi-crite- 

ria optimization procedure with 
five design variables and two 
objectives is conducted, The ob- 
jectives are a maximal product 

Design variable Initial value Lower boundary Upper boundary 

Reflux ratio C1 [-] 75 6 20 

Head drain C2 [kgh™] 100 1 400 

Vapor split for stream 4 [-] Starting point 1: 1.5 1 2 

Starting point 2: 1.2 

Feed stage for stream 2 into C1 -] 41 30 53 

Product drain stage [-] 12 1 Es 
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reducing step sizes, which cannot be realized for integer 

variables, However, in case of exclusively continuous design 
variables, hometopy strongly improves the convergence 
behavior of the tool. For line searches in the objective space, 
the concept is implemented intrinsically by the optimiza- 
tion solver, and for gradient calculations, it was added man- 
ually to the VBA code. 

Fig.6 shows the results of the Pareto approximation. The 

sngwiching algorithm was used with the approximation 
quality (see Fig. 1b) chosen such that the Pareto set will be 
located within a 5-% vicinity of the convex hull. Again, Par- 
¢lo points are indicated by unfilled symbols and starting 
points are indicated by filled symbols. Beyond a product 
purily Xpoq of 99.6%, the Pareto frontier becomes very 
steep, This leads to the effect, that in the patch marked by 
circles (starting point 1) the extreme compromise with full 
welght on X, is found at higher Qe than in the patch 
for the second starting point marked by squares, since start- 
ing point 1 is located at higher Q.. The recycle tolerances 
were reduced to 10 to avoid dominated points as result. 
This measure has also been encouraged in [10], where the 
application of different starting points in objective space is 
recommended, too. The flash tolerance was set to 107, 
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Figure §. Results from multi-criteria optimization for the world- 
52le process separating two components. Xproq is the product 
purity, which shall be maximized, and Q, ., is the reboiler duty, 
vfl‘{xh shall be minimized. Filled symbols mark the starting 

Paints of the optimization run for each point, unfilled symbols 
%flrk Pareto points calculated with the sandwiching algorithm. 

'? C0ss marks the working point of the real process before 
Optimization. It is clearly dominated. 

The Pareto points at Xpeq = 99.61 % and Qe = 591 KW 
Cearly dominate the current working point of the process, 
idicated by the cross. The multi-criteria optimization sug- 
Bests an alternative working point with slightly higher prod- 
uct purity and a significant decrease in energy demand of 
#out 17%, The improvement could not have been found 
Without using MCO techniques. To transfer these numerical 

Tesults into practice, the principal changes to be applied to 

Chem. Ing. Tech. 2017, 89, No. 11, 14711478 ®© 2017 WILEY-VCH Verlag GmbH & Co. KGaA,
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the design variables are a switch of the feed stage for 
stream 2 into C1 and of the product drain stage. 

4 Conclusion 

The combination of the flow sheet simulator CHEMCAD 

with a multi-criteria optimization framework proved to be a 
powerful tool for process design problems in chemical 

industry. MS Excel as a COM client is a suitable platform to 
interlink the different components, while it provides a 
familiar and comfortable front end. It requires the simulator 
to have a programming interface to set up a connection to 
the scalarization algorithm and the optimization solver. In 

the case of CHEMCAD, the optimizer provided by the 
product itself may also be used, because it can be triggered 
externally. Once the interface is under control, the concept 
is very useful during the design period of completely new 

industrial processes. Apart from that, it can also be used to 
retrofit existing facilities, which eventually suggests alterna- 
tive points of operation. Cases from both categories are 
studied in this work. 

If a weighted sum approach is used as scalarization strat- 
egy, one has to be aware of the fact that its limitation lies in 

the convexity properties of the Pareto set underlying the 
optimization problem. Only convex regions of the objective 

space can be explored when using this particular scalariza- 
tion technique. For a relatively simple flow sheet such as the 

prefractionator, different segments of the Pareto set are 
revealed in the regions of extreme compromises, depending 
on where the starting point or the initial guess for the solu- 
tion is chosen in objective space. This behavior can occur if 
the scalar objective function exhibits a rather weak depend- 
ence on the design variables or if the Pareto frontier is very 

flat or very steep in the sampled region. When applying 

local optimization techniques, different starting points 

should always be tried to ensure thal the Pareto set has been 

located correctly. In this respect, if numerous Pareto 

approximations have to be calculated, the sandwiching 

method as an adaptive algorithm is particularly advanta- 

geous because of its time efficiency. Another important 

point to mention is the boundaries set on the design vari- 

ables during the optimization procedure. They need to be 

determined carefully in advance by test simulations to avoid 

infeasible regions and convergence issues. 

The application of the MCO concept in the revision of pro- 

cesses, which are already running and which perhaps have 

already been running for a long time, is advisable, too, It 

might, e.g. result in a decent reduction of operational expen- 

ditures, especially when the facility is working at high capaci- 

ty. In this work, it is demonstrated that for a world-scale sep- 

aration process, multi-criteria optimization suggests an 

alternative design with the heat consumption reduced by 

about 17 % compared to the current state at approximately 

the same product flow rate. The example shows that this 

solution would not have been discovered without MCO. 
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I Symbols used 

I [-1 scalar objective function 
fi [-] value of the ith objective 

N [-] total number of points in a discrete 

Pareto approximation 
Ny [kmolh™"] molar flow rate of n-heptane in the 

product stream of the dividing-wall 
column 

Orctr kW] reboiler duty 

w; [-] weighting factor of the ith objective 

in the weighted sum 

Xprod [%gg'] product purity of the world-scale 

process for separation of two 
components 

I Abbreviations 

COM  component object model 
DIPPR  Design Institute for Physical Property Research 
dil dynamically linked libraries 
MCO multi-criteria optimization 

MINLP  mixed-integer nonlinear programming 
MIPT molecular-inspired parallel tempering 

MISQP  mixed-integer sequential quadratic programming 

NLPQLP nonlinear programming with non-monotone and 
distributed line search 

NRTL  non-random two-liquid 

OpC open platform communications 

QP quadratic programming 

tlb type libraries 
VBA Visual Basic for Applications 
VLE vapor-liquid equilibrium 
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Abstract 

In simulation-based process design, model parameters, like thermodynamic data, are 

affected by uncertainties. Optimized process designs should, among different other 

objectives, also be robust to uncertainties of the model parameters. In industrial practise, 

it is important to know the trade-off between an increase in robustness and the other 

objectives — like minimizing costs or maximizing product purities. This contribution 
describes a practical procedure how to incorporate robustness as an objective into a 

multicriteria optimization framework. The general procedure is illustrated by a concrete 

example. Finally, we argue that the same approach is useable for an optimal design of 
plant experiments. 

Keywords: Optimization, robust design, sensitivity analysis, Pareto solutions 

1. Introduction 

Models for computer-aided process design contain a multitude of physical, chemical 
and, when it comes to cost functions, also economical and sustainability related 
parameters. Ofien these parameters have either been estimated by model adjustment to 

experimental data, or their values are given by experience. In both cases, these values 
are not known exactly, but rather within specific uncertainty ranges (we prefer using the 
term uncertainty range to confidence interval. The term confidence interval has a 
statistical meaning that is not needed in our discussion). The impact of these ranges on 
the output functions can be estimated by sensitivity analysis (Saltelli et al. 2008). In 
sensitivity analysis, different sampling-techniques for scenarios in the space of the 
uncertain model parameters are available to obtain insight into the importance and the 
size of the resulting uncertainty ranges in the output functions of the model. The 
application of Monte-Carlo sampling (e.g. in Xin et al., 2000) demonstrated the 
importance of analysing the uncertainties in the calculated process designs. 
On the other hand, the engineer aims at understanding the influence of the available 
process parameters on the output functions. This is essential in order to arrive at a 
process design in the space of process parameters that meets certain criteria in the space
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of the output functions. Generally, these optimization problems contain different, often 
conflicting objectives, like cost and quality measures. In this situation, Multicriteria 
optimization is a well-established tool to arrive at best compromises (Pareto solutions) 
between conflicting criteria (adaptive sampling strategies combined with deterministic 
optimization algorithms have been demonstrated by Bortz et al. (2014)). Navigating the 

Pareto solutions then visualizes the trade-offs interactively to the planner (Asprion et al. 
2011). 
In this contribution, we aim at including the sensitivities with respect to uncertain model 
parameters as further objectives into a multicriteria optimization setting. We call this 
procedure Robust Planning (RP). The result of RP will be the quantification of trade- 
offs between increasing robustness to uncertain model parameters and the other 
objectives. This approach complements the definitions of robust optimization (for a 
review, see Ben-Tal et al. (2009)) and chance-constraint programming (Ostrovsky et al. 
2009). In these approaches, the focus is on an absolute definition of robustness in the 
sense that solutions can be classified as either robust or non-robust. Our strategy 
however puts emphasis on the compromise one has to accept in order to arrive at a more 

rabust solution compared to a more sensitive one. 
It turns out that in practice, optimal experimental design (OED) is supported in a similar 

multicriteria setting: On the one hand, the model should be accurate for process designs 

which are practically relevant (e.g. at low costs, high product qualities). Thus, 
experiments should preferably be carried out at these designs. On the other hand, in 

order 1o reliably estimate model parameters, experiments are favored at which 

measureable output functions are sensitive to the respective model parameters. A 

common approach discussed in literature (Franceschini and Macchietto 2008) - focuses 
on the maximization of different sensitivity measures. Therefore, one defines.sca]ar 

measures of the sensitivity matrix encoding the sensitivity of certain output fixnct}ons to 

relevant model parameters. However, these scalarizations of the sensitivity m_atm_( lead 

not only to contradictory results (Telen et al., 2012), but also constitute a weighting of 

matrix entries which has to be known a priori, In practice, however, this knowledge 

does not exist, leading eventually to a loss in optimization potential. o 

A possible solution suggested in this contribution consists in following a simifar route 

as sketched above for robust process design: For each measurable output function of 
interest, an adequate sensitivity measure is proposed as one objective to be maximized, 

among others which also have to be met during the experiment. By doing so, the trade- 
off between sensitivity, i.e. reliable estimates of model pa.rameterg and goo_d 

representation of the designs which are practically most relevant 
is quanllfied. On this 

basis, the planner can decide for a process design that realizes the compromise that best 

suits the current situation. Thus in our approach, RD and OED 
mf:re.ly differ in the way 

how sensitivity measures are treated: As objectives to be minimized for RD, 
or as 

objectives to be maximized for OED. W 
The article is structured as follows. In Section 2 it is described ho_w robustness canfl_l 

incorporated into a conventional optimization problem. Section 3 cont;ami . i;‘-' 

illustration of this approach by an example. The article ends 
with the conclust 

Section 4. 

2. Sensitivity as an optimization objective 

Sensitivity analysis is used here to quantify the u.nocrt
ainty ra 

with respect to given distributions over uncertainty ranges o
 
nge of an output function 

f thermodynamic model
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parameters around their reference values. During RP (OED), process parilmelers are to 

be adjusted such that, among others, adequate robustness measures derived from the 

uncertainty ranges of certain output functions are maximized (minimized). 

Our starting point is a conventional optimization problem that has been set up and 

solved, i.e. 
o the engineer has chosen one or more meaningful objectives f;,i =1,..., Nop; 

from the output functions and relevant process parameters p;,j = 1, ..., Nprop3 

e one or more (Pareto-) optimal solutions have been obtained by some 

optimization method. These are given by design points §g, @ = 1, ..., Ngoy, with 
corresponding objective function values fi,.r(S,). The index ref means that 

the model parameters x;, k = 1, ..., Njpoq, are fixed to certain reference values 

X rat- 

If one now wants to take into account the uncertainty ranges in the x; one merely has to 

find out which compromise one has to accept in order to arrive at more (for RP) or less 

(for OED) robust solutions compared to the f;,.;(S,). The following steps are 

recommended: 

i.  Carry out a conventional sensitivity analysis for a set of design points Pg, f = 
1, ..., Npgines, where for each design point a sampling in the N,,,4-dimensional 
space of the x; is done. In order to keep the numerical effort manageable, 

scenario samplings that scale linearly with N4, like one-at-a-time or factorial 

design (Saltelli et al., 2008), should be used. The Py should contain the 
original Pareto points §,, but do not have to be restricted to them; it is 
advisable to include some more points, for example, by enumerating points in a 
suitable neighbourhood around the designs of the Pareto points. The result will 
be uncertainty ranges in f; for each Pg resulting from the uncertainty of model 

parameter x; with lower values f;,_(Pg) and upper values f; JH_(P 5).'1'&\\15 an 

:verage relative deviation with respect to the reference value f,-‘,ef(PB) 

ollows: 

A7, (Pp) 

e J% [(ix-(Pa) = Firer(P) ' + (iacr(Pe) = Firer(PR) '] - 

This is the measure for robustness used in this contribution. It quantifies the 
impact of x,. on the objective function f; at Pg and tends to zero if both fig- 
and f; ., approach f; .. Without trade-off between the original objectives and 
minimizing (RP) or maximizing (OED) this measure, then one can stop here. 

ii.  If there are trade-offs, one includes the corresponding AJ([(PBJ. into the 
original optimization problem. In each iteration step during the optimization, a 
sensitivity sampling has to be done in order to calculate the Af((P‘a )i 

It _is important that one restricts oneself to the most important conflicting objectives in 
this procedure. The strength of multicriteria optimization is in quantifying trade-offs 
between best compromises (Pareto-solutions). Objectives that correlate should not be 
defined as single objectives in the procedure: This would lead to numerical inefficiency 
and to hiding valuable information.
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3. Example 

2(Cr) 1 (AC) 2 (CF) 4 (AC) 

1 (CF+AC) 1 (CF+AC) 6 (BE) 

Cl 

_ 1 bar 10 bar 1 bar 1 bar 1 bar 

Figure 1: Flow sheets of the pressure-swing (left) and entrainer (right) distillation 
processes for separating chloroform (CF) and acetone (AC). The entrainer is benzene 
(BE). 

In this section, we want to compare two types of distillation processes for separating a 
binary mixture of chloroform and acetone into pure components. As these two 
substances form a maximum boiling azeotrope, a separation in a simple single 
distillation column is not possible. Two variants for separating the azeotropic mixture 
are considered: the first is a pressure-swing distillation which takes advantage of the 
pressure dependency of the azeotrope. In the second one, an entrainer {benzene) is used 
to influence the phase behavior in a way which makes a separation by distillation 
feasible. The flow sheets for these two variants are shown in Fig. 1. In Bortz et al. 
(2014), a comparative multicriteria study of these two variants has been performed with 
three conflicting objectives: Minimizing the total heat duty and maximizing the product 
purities in the product streams, i.e. the purity of Acetone in streams 4 and the purity of 
Chloroform in streams 2; as design parameters, the reboil and split ratios of the columns 
were taken. 
Here we aim at including the robustness of the separation with respect to uncertainties 
in the VLE data as additional objective that is to be minimized. A NRTL model was 
taken to model the VLE of the mixtures with reference model parameters given in Bortz 
etal. (2014). An inspection of original VLE measurements in the Dortmund Data Bank 
(Onken et al., 1989) revealed that assuming uncertainty ranges in the activity 
coefficients at infinite dilution, y§%cr and y&rac, by *#10 % around their refererfce 
values models the accuracy of experimental data well. A Margules approach (Mathias 

2014) was then used to incorporate the uncertainties into the corresponding VLE model. 

A sensitivity analysis using one-at-a-time-sampling was then performed for a large set of 

possible design points to analyze the impact of the uncertainty ranges in both Yr:?.',CF.SHd 

¥& 4c- It tuned out that the influence of ¥& 4c on the objective functions is negligible. 

Thus in the following, we focus on the impact of the uncertainty range of ¥5¢ c¢. To keep 
computational costs moderate, a one-at-a-time-sampling is used here as well to calculate 

B o(Ps), ie. in Equation (1), one sets fu-(Pg) = filPp)le  _on 2 
fus(Pg) = f‘(P"})lYfc.cp“D%' With this set-up, the sensitivity in the 

product purities of 

the original Pareto-points was calculated. It turned out that the effect on the Acletone 

purity dominates the effect on the Chloroform purity by one ofder of magnitude; 

furthermore, both effects are highly correlated. Therefore, we restrict ourselves to the 

uncertainty of the Acetone purity, d;c,2. .. int the following, which we note by Ay Its 

values for the original Pareto points are shown in Fig. 3.
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Figure 3: Pareto points for entrainer distillation (squares) and pressure swing distillation 

(circles) for different heat duties in kW (numbers next to the Pareto sets), calculated by 

a sandwiching algorithm as in Bortz et al. (2014) maximizing the mass fractions of the 
two product purities: mass fraction of Acetone (Chloroform) in stream 4 (2)). The grey 

code denotes the relative uncertainty of the acetone purity. 

From the results shown in Fig. 3, two conclusions can be drawn. First, increasing the 

Acetone purity is not conflicting with its robustness. On the other hand, an increase in 

the Chloroform purity leads to a decrease in its robustness, which can, however, be 

counterbalanced by an increase in the heat duty. Thus, in order to achieve certain 
robustness, one either has to invest sufficient energy, or make a compromise in the 
Chloroform product purity. This leads to the question how to quantify the trade-off 

between robustness and product quality. 

This question is answered by minimizing A,. as a fourth objective. Since, as argued 

above, this objective is conflicting with the minimization of the heat duty and the 
maximization of the Chloroform purity, it can be included into the original Multicriteria 

framework by introducing appropriate upper bounds and redoing the original problem 

again. The result is presented in Fig. 4. 

Fig. 4 shows the highest possible increase in robustness that can be achieved by 
accepting a compromise in the Chloroform purity. This gain in robustness at relatively 
moderate heat duty is similar in value to the robustness obtained by significant increase 
in the energy invest. Furthermore, Fig 4 demonstrates that the entrainer distillation tends 
to be more robust to uncertainties of ¥ o at less energy invest. 

4. Conclusions 

We pre:sented a practical guideline how to include robustness as one objective among 
others in a multicriteria optimization framework. If the goal consists in finding robust 
designs, then robustness as an objective is to be maximized. However, in the framework 
of optimal experimental design, it is to be minimized. The guideline consists of three 
steps, starting from the original optimization problem, followed by a sensitivity analysis 
of tllle original Pareto points, possibly including an interesting neighbourhood, and 
leading to the inclusion of robustness as a further objective only where conflicts with 
the other objectives occur. In order to play to the strength of the multicriteria approach, 
one should restrict oneself to the representatives of the most important conflicting
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objectives. The planner then obtains the trade-offs between the objectives. The 
practicability of our approach was demonstrated by a comparative study between two 
distillation types, leading to new insights into the competition between maximal product 
quality, minimal energy invest and maximal robustness. 
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Figure 4: Pareto points for constant heat duty (left panel: 2500 kW, pressure swing 
distillation; right panel: 2000 kW, entrainer distillation) and bounds on A4, namely 
B4 2%0, 5%0, 13%o (curves from bottom to top; the grey level is the same in both 
panels). The uppermost curve represents the case unrestricted in A4 
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Abstract 

The use of process optimization is often limited due to missing models for certain process 
steps. The systematic combination of available operating data with previous knowledge 
in so called graybox models helps to bridge this gap. Following the concept of incremental 
model identification it will be shown how the workflow has been integrated into a 
simulation software environment, It will be applied to a cumene process. 

Keywords: graybox models, validity range, process simulation, process optimization. 

1. Introduction 

The importance of simulation of entire processes increases in chemical process 

development. The interaction of experiments (e.g. from a mini-plant) with simulations is 
beneficial for both. The simulation model helps to improve process understanding 
especially about the relevant impact factors including their complex relationships and for 
this reason may support the design of experiments and the evaluation of experimental 
results. On the other hand experiments may be used for the validation or if necessary for 
the adjustment of the simulation model. The goal is to obtain a validated sirnulati_onlmofiel 
which might be used for process optimization. Besides a mere cost driven optimization 
the use of multi-criteria optimization (see for example Bortz et al. 20}{4, Bur.ger_ et al. 

2014) gains in significance especially in respect of competing sustainability objectives. 

One problem for simulations are process units, where rigorous models are lacking or 

where the effort for the setup of such a madel is too expensive. Examples are reactors and 

decanters. Consider the following procedure for reactors: For each ind.1v1dual operating 

point, the yield can be adjusted so that the simulation model describes this
 operating point. 

However, a reliable prediction of other operating points with such models is in general 

not possible - especially when recycles to the reactor inlet are present. G,:'aybox models 

based on measured operating data are able to eliminate such “blind spots”. In contras
t to 

a purely empirical, statistical evaluation with so-called blackbox modelin 

previous knowledge is available, which can be used for the setup of graybox models. In 

this paper the workflow of the method will be described and
 demonstrated for a Cumene 

process. 

g a lot of
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2. Graybox modeling for process simulation 

The approach implemented in BASF’s in-house simulation software CHEMASIM is 

following the concept of incremental model identification (cf. for example Bardow and 

Marquardt, 2004). The use of the approach was already demonstrated by Kahrs and 

Marquardt (2009), but is to our knowledge the first time implemented into a software 

environment for industrial use to support the workflow of graybox modeling. 

The key idea of graybox modeling in process simulation is to use available operating data 

of the process to generate a model for a process step with a missing rigorous model. To 

obtain this data-driven model, a vast number of possible methods from supervised 
machine leaming exist. Quite often however, the inputs and outputs of the process step to 
be modeled are not measured or not easily determined from other measurements. So 
before the modeling for the process step can start these missing data will be estimated 
based on measured operating data with the help of the already available rigorous model 
(so-called soft-sensoring). 

Therefore the first step in graybox modeling is data selection. The goal is to identify many 
different representative steady-state operating conditions, Methods to support this data 
selection step have been described before (Asprion et al., 2015). At its end, a set of good 
operating data is available.The application and validity range of the graybox model will 
crucially depend on the number of different operating points and the variance in the 
operating variables (set points). 

For the soft-sensoring step, a simple surrogate model reflecting all necessary input and 
output streams of the process step to be modeled is included into the simulation model. 
For example, in case of generating a data-driven model for an extraction step a component 
split might be used as a simple surrogate model. In a second step variables of this simple 
model besides other operating variables of the rigorous part of the simulation model for 
the entire process (e.g. reflux ratios and heat duties of distillation columns) will be 
adjusted to each measured operating point to minimize a weighted sum of least squares 
between measured and simulated properties. For the example with an extraction step, the 
partition coefficients of the components will be the optimization variables besides other 

operating variables of all other process steps in the simulation model of the entire process. 

After this soft-sensoring step for the set of operating points all inputs and outputs of the 
process step to be modeled are available. This data is at least fulfilling the heat and mass 
balances. Of course it is also possible to add additional knowledge. If for example for an 
extraction like mentioned above some partition coefficients are already known, they 
might be included in the simple model and do not have to be adjusted in the sofi-sensoring 
sleP. After the soft-sensoring step having all input and output data at hand, it is possible 
to just focus on this data, to analyze it and to set up a data-driven model. 
To support the user in the modeling step different methods have been implemented to 
a:r:a]yzc the data. This includes correlation analysis (Pearson and Spearman) to identify if 
Emealr cr_)t*relaxions ar monotonic relationships between potential model properties exist. 
A pl'lfl.()lpfl] component analysis helps to identify how much of the data can be described 
by a lme&'l.r model of the principal components. 2D projections together with a slider 
concept similar to the one described by Burger et al. (2014) to filter data is useful to 
identify trends. 
The dgta—driven.model for a set of selected inputs and outputs itself is defined by the user 
and might be either a parametric, empirical model or non-parametric like a neural 
network. Apart from the model itself, emphasis is put on judging its reliability. Therefore,
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different options have been implemented: Cross-validation, confidence intervals of the 
estimated parameters and prediction errors. The models are automatically exported in a 
defined format so that they can be used as user-defined modules in the flowsheet- 
simulator together with the already existing process model. 
The validity range of the data-driven model is described based on convex hulls (see e.g. 
Kahrs and Marquardt, 2008) and on statistical indicators like the prediction error. In our 
work, inputs are normalized and a function describing the distance of the center is 
generated. This function is exactly equal to zero at the convex hull, greater than zero 

outside and less than zero inside the convex hull. This function can easily be used directly 
or as part of a function for a constraint in optimization and ensures that the model will be 
used onfy inside or within a user defined percentaged extension of the validity range. 

3. Graybox modeling for a Cumene process 

For an application test an available simulation model for a cumene process (Asprion et 
al., 2016) has been used as a virtual plant. In contrast to the scheme shown in Fig.1 the 
original process model included a tubular reactor consisting of ten segments with a known 
kinetic for the formation of cumene and the side product p-di-isopropyl-benzene (DIPB). 
This original model has been used to generate artificial plant data reflecting different 
combinations of operating variables covering a load range from approx. 68 to 115%. To 
this artificial data random noise has been added to produce data with standard deviation 
of 3% for flow (F), 0.01 bar for pressure (P), 1 K for temperature and 0.001 mol/mol for 
analytical () measurements. An overview of the available process data range and the 
selected data points is shown in Fig. 2. The 20 operating points have been selected in 

order to cover a wide operating window. 
The goal of the test was to identify a graybox process model including a data-driven 
model for the tubular reactor. Therefore, in the first step as a simple surrogate model a 
continuous stirred reactor including the two above mentioned reactions was selected. As 
sketched and described in Figure 1 besides the operating variables. the yields Y; and Yz 
of the two reactions and the heat flow Q were adjusted for each selected operating point. 

@Fe cumene 
ratio T1 Xeumene 2 0,998 mol/mol 

R 98 ktyear-load 

i load 

benzene 315 p-dipb 

propene 
propane mixing cumene 

ptob ratio T2 

Figure 1: Available measurements and variables of the cumene simulation model
 for the graybox 

modeling of the reactor: In the soft-sensoring step for each oa_peraz'mg poin
t besides Lh? uperatmfi 

variables (Tiniet, mixing ratio propene to benzene, cumene ratios Tl an
d T2, _re_fh{?z ntxl;m RRy atnd 

RRz, load) the yields Y and Y2 as well as the heat duty Q are a
djusted to minimize the welgrl';.tF 

sum of least squares between measured and simulated properties. Circl
es md_tcate measurements: 

- mass flow, T - temperature, p - pressure, Q - quality here mo
lar concentration.
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Figure 2: Available and sclected artificial operating data of the cumene 
process. Selection was 

performed to achieve a high variance in the shown properties. 

In Table 1 and Figure 3 the results of soft-sensoring step are shown in comparison to
 the 

original operating conditions to generate the artificial operating data. As can be seen the 

data is identified with good agreement although there was noise added to the artificial 

data. Especially the large deviations in the yield are not caused by the method but by the 

measurement noise as has been verified using data without noise (results not shown here). 

The results for the yields are used to train a newral network consisting of sigmoid 

functions (alpha=2) with one layer (no hidden layers). As input for the network only the 

molar flow and the molar concentrations of propene and benzene at the outlet have been 

used. Outputs which have to be described by the network are the yields for the cumene 

and the DIPB formation as well as the outlet temperature. Since the inlet temperature was 

nearly constant in the selected operating points (342 + 2°C), it was neglected as input and 

set to 342°C. The neural network has been included in the simulation model and this 

graybox model was used in a first test to determine the operating variables from the 
measurements of the used set of operating points. The results are shown in Table 1 and 
Figure 3. As can be seen this model is able to describe the yields in good agreement (cf. 
Fig. 3) and the operating variables are identifiable from the data with nearly the same 
accuracy as in the previous soft-sensoring step (see Tab. 1). 

Table 1: Deviations from the original operating variables of the cumene process for the selected 
points. Results of soft-sensoring step and adjustment with graybox model including neural network 

T;mMixing_}_ Reflux |Logarithmic| Reflux |Logarithmic| Lnafl 

Deviations in % Ratio | Ratio Cumene Ratio Cumene 

ptob| RR, Ratio T1 RR2 Ratio T2 

Soft Average 0. | 0.09 | -0.24 0.37 1.73 -1.01 -0.73 

SENSOLNE [ Standard | 0.19 | 1.53 | 236 37 2.08 2.66 091 

Neural Average |-0.15| 0.23 | -0.01 -0.03 1.69 -1.08 1.21 

etwork H Standard | 024 | 162 | 248 | 394 2.03 268 | 10l 
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Figure 3: Results for the yields for the formation of Cumene and DIPB of the selected operating 
points: O original model, X soft sensoring step and 4 graybox model (including neural network) 
of the entire process with adjusted operating variables 

Since the goal of the graybox modeling is the completion of the simulation model for 
process optimization, it is interesting to see the results in comparison to the reafity or here 
for this artificial example in comparison to the original model (cf. Asprion et al., 2016: 
case with model VLE2; k1; k2). 
For this reason a multi-criteria optimization considering the following objectives has been 
performed: 

* Minimize operational expenditure (discounted for 10 y) in relation to the amount 
of cumene produced (OpEx) 

* Minimize global warming potential (GWP) 

¢  Minimize load 

*  Maximize capacity 
The first two objectives are typical sustainability criteria while the last objectives ensure 
asimultaneous investigation of the minimally and maximally achievable capacity or load. 

The variables of the optimization are shown in Fig. 1 and there have beel? several 
consiraints added to reflect the operating limits of the plant (for details: see Asprion et al_., 

2016). In the graybox model a constant inlet temperature of 342 °C is assumed. In this 

application example the validity range of the model was not included as a constraint. 

In Fig. 4 the optimization results for the graybox model are shown in comparison to those 

of the original model. The trend in OpEx vs load is a little bit different when using the 

graybox model compared to the original model The differences in Fhe trends are probably 

caused by the training set which included lower yields of cumene in the lower load range 

and also the negative deviations up to 4% (see Fig. 3) cau§ed 13y the noise are more 

frequent in the lower load range. However, the maximal deviations in the objectiv
es OpEX 

and GWP are only about 0.5 %. 

To check the quality of the operating conditions (i.e. the optimization var.ra‘ble?) Oresgngg 

from the optimization of the graybox model, for five selected loa
ds at minima }Zl ;t e 

variables from the graybox model were used as input for the original mobe o 

verification. The results are also shown in Figure 4 as filled, blacl‘< circles. As can be se 

the deviations are of the same order of magnitude. So the prediction of c_)ptlmal_ Iglli;eratmg 

conditions for the cumene process based on this simple graybox model is possible.
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Figure 4: Comparisen of the multi-criteria optimization results of the original model (O: cf. Asprion 

et al., 2016: Fig.7, VLE2; k1:k2) and the graybox model (X) using a neural network. @ Selected 
verification runs with the original model using operating variables from the optimization with the 

graybox model including a neural network. 

4. Conclusions 

Due to a missing model for certain process steps often process simulations are incomplete 
and therefore cannot be used for optimization of the entire process. The development of 
graybox models based on available operating data helps to overcome these limitations. 
The systematic implementation of tools to support the setup of graybox models into the 
workflow facilitates the use of such methods and gives new opportunities for the 
optimization of entire processes. The example of the cumene process has shown how this 
could help to identify optimized process conditions. The method and the workflow of 
graybox modeling as well as the results and their limitations will be discussed in the 
presentation. 
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Finding appropriate parameter sets for a given equation of state (EoS) 1o describe different properties of a certain sub- 

Stance is an optimization problem with conflicting objectives. Such problem is commonly addressed by single-criteria 

optimization in which the different objectives are lumped into a single goal function. We show how multi-criteria optini- 

zation (MCO) can be beneficially used for parameterizing equations of state. The Pareto set, which comprises a set of 
optimal solutions of the MCO problem, is determined. As an example, the perturbed-chain statistical associating fluid 
theory (PC-SAFT) EoS is used and applied 1o the description of the thermodynamic properties of water, focusing on sar- 
urated liquid density and vapor pressure, Different options to describe the molecular nature of water by the PC-SAFT 
EoS are studied and for all variants, the Pareto sets are determined, enabling a comprehensive assessment. When com- 
pared to literature models, Pareto optimization yields improved models. © 2017 American Institute of Chemical Engi- 
neers AIChE J, 64: 226-237, 2018 
Keywords: PC-SAFT, multi-criteria optimization, pareto optimization, parameter estimation, water 

Introduction 

Most applications in chemical engineering require an accu- 
rate description of more than one physical property. The 
development of physical property models for the simultaneous 
description of different physical properties is, however, not a 
simple task. The model adjustments to different physical prop- 
erties are in conflict, as the optimal description of one property 
will usually not coincide with that for another property. Of 
course, for a truly ideal model, there would be no such con- 
flict, but in reality, it is there for many reasons, among which 
is the unavoidable simplification of the real world by the 
model. 

Already the definition of optimality is not trivial in the case 
of conflicting objectives. Leaving aside the problem of the 
ambiguity of defining goal functions and assuming that these 
are given for the different objectives, there will usually be no 
single optimal madel, but rather a set of optimal models which 
represent best compromises between the different goals. This 
is well known 1o developers of thermodynamic models: once a 
certain stage of the modeling process is reached, further 
improvements in one objective are only possible at the 
expense of a deterioration in others. 

anfidi‘jmm Supporting Information may be found in the online version of this Icle. 
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The approach to find best compromises in a multi-objective 

or multi-criteria optimization (MCO) problem dealing with 

conflicting objectives is known as Pareto optimization, after 

the Ttalian economist Pareto.' A Pareto-optimal solution of 
such a problem is one for which an improyement of any of the 

objectives is not possible without worsening at least one other 
objective. The set comprising all these solutions is the Parcio 
set, often referred to as the Pareto frontier of the MCO 
problem. 

The use of MCO has received considerable attention in 

recent years in different areas of chemical engineering such as 

process design, operation and control.”> There are many 

methods available for solving MCO problems and many of 
them involve the optimization of a “scalarization” function, or 
a function of the original objectives, by a suitable single- 
criteria optimization technique (SCO). A series of such SCO 
problems will have to be solved to find the Pareto-optimal sol- 
utions. The classical approach uses a weighting scalarization 
approach, where the objectives are combined based on cerfain 

weighting factors, which have to be chosen in advance. The 

difficulty in the task is to define a systematic and efficient way 

to define those weights. Different weighting approaches can 
be found in the literature, such as the so-called weighted sum, 
the weighted global criterion, the weighted product and the 

exponential weighted.® Other common ¢lassical approaches 
are the e-constraint, where the MCO problem is converted into 

an SCO only for one objective and the rest are treated as con- 
straints, and goal programming methods, where the total devi- 
ation from goals defined for each objective is optimized. Other 
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methods make use of stochastic optimization techniques 

including evolutionary approaches, such as genetic algorithms, 

swarm approaches and adaptations of simulated annealing.%~* 
In contrast lo deterministic approaches, stochastic methods do 

not require gradient information. These approaches have the 

common characteristic of not requiring to solve a sequence of 

SCO problems, and are insensitive to the structure of con- 

straints and objective functions. They may however sample 

large areas of the search space and therefore can be computa- 
tionally expensive.*™ 

The classical method for parameterizing thermodynamic 

models remains the use of single-objective optimization tech- 

riques.” " The different objectives are weighted and lumped 
into one goal function which is then minimized, yielding a sin- 
gle optimal model parameter set. MCO has however recently 

been used for parameterizing force fields to describe thermo- 
dynamic properties of fluids'>'* and there is a work on the 

application of MCO to parameterizing an excess Gibbs free 
energy model.™* 

The present work is, to the best of our knowledge, the first 

application of MCO to parameterizing equations of state. 

Equations of state are important tools for describing properties 

of fluids and widely used in chemical engineering and other 

fields. The accuracy of the description of the fluid properties 

by an equation of state (EoS) crucially depends on its parame- 
terization. The methodology presented here is also interesting 

for comparing different equations of state or molecular 

descriptions. As an example, we use the perturbed-chain statis- 

tical associating fluid theory (PC-SAFT),'®'” which is one of 
the different flavors of the statistical associating fluid theory 
SAFT),"™"” for reviews see Refs. 20-24. In PC-SAFT the 
molecules are modeled as chains of dispersive spherical seg- 
ments with optional sites to mimic hydrogen-bonding interac- 

tions. An extension of the PC-SAFT theory incorporating a 
contribution accounting for dipolar interactions™ is also con- 
sidered here, 

In the examples which we use to illustrate the MCO 

approach, the PC-SAFT EoS is used to model two properties 
of water, namely the saturated liquid density and vapor pres- 
sure. Waler is characterized by a peculiar behavior.?** which 

is a consequence of the complex interplay of intermolecular 
forces that define its structure.”®>* The choice of an adequate 

physical model is therefore not trivial (see Refs. 30,31 for 
comprehensive reviews of water models appropriate for use in 
analytical theories). and understanding the influence of short- 
fange attractive forces (hydrogen-bonding) and long-range 

clectrostatic (primarily dipole—dipofe) interactions on the 
siructure and thermodynamic properties of waler is essential.* 
Accounting for molecular features such as the presence of a 

permanent dipole moment and the formation of hydrogen 
bonds obviously requires complex models with different 
parameters which have to be suitably determined. 

 We first discuss an adaptive sampling scheme to calculate a 
finite set of Pareto points the interpolation of which optimally 
@pproximates the Pareto set with a given accuracy, and 
describe a numerical algorithm which is particularly suited for 

the present application. The PC-SAFT formalism (and a polar 
extension of the EoS) is then briefly introduced, including the 
adjustable parameters that can be employed to model water. 

The objective functions, which are used in the following to 
parameterize PC-SAFT for water, are then defined and the 
adaplive MCO algorithm is carried out to determine the Pareto 
scls for different PC-SAFT molecular descriptions of water. 
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The resulls enable a comprehensive comparison and assess- 
ment of these variants. Finally we compare the Pareto-optimal 
solutions found in the present work with PC-SAFT water mod- 
els from the literature and show that for each studied molecu- 
lar variant, better models were found than those which were 
previously available, 

Methodology 

Pareto terminology 

The dimension of the objective space is given by the num- 
ber of conflicting objective functions which are used. A point 

in the objective space is characterized by the values of the dif- 
ferent objective functions. The Pareto frontier represents the 

set of optimal solutions in the objective space. In our example, 
it shows how well the studied EoS can represent the studied 

set of properties. For each element in the objective space, there 
exists an element in the parameter space. The dimension of 

the parameter space is the number of parameters of the studied 
model and each element of the parameter space corresponds to 

a certain parameterization of the model, The Pareto frontier 

has an image in the parameter space which indicates where the 
optimal parameter sets lie. For parameters that have a physical 
meaning this is in itself interesting. As the relation between 

the points on the Pareto frontier and the points in the parame- 
ter space is known. the user can directly select a model of a 

desired quality (the compromise which is best suited for his 

application] in the objective space and get the corresponding 
parameters from the image of that point in the paramet 
space. 

Approximation of the Pareto frontier 

An adaptive algorithm to calculate the Pareto points is usexl, 
It has previously been applied to product and process 

and parameter estimation for molecular simula- 

tions,™ and consists of a hybrid approach™ ™ which aims at 
calculating a minimal number of Pareto points, the lil‘lEfll' 

interpolation of which approximates the Pareto frontier within 
a predefined tolerance or quality. The hybrid method is based 

on a sandwiching algorithm to sample convex regions and a 

hyperboxing scheme to sample non-convex regions of the 
Pareto set. In both cases a scalarization of the objectives is 
performed to calculate each Pareto-optimal point by a single- 

objective optimization. Within the sarjadwiching sc_he!'ne a 

weighted-sum scalarization is employed < \.avhereas_ W‘fh"}w Lh_e 

hyperboxing approach a Pascoletti-Serafini scal;}rlzat:on is 

used. In this work only problems with two objectives are con- 

sidered. The algorithm for this case. and assuming that the 

objectives are to be minimized, is briefly summarized here. 

For a more comprehensive explanation the reader is referred 

to the original works, > o 
In broad terms the algorithm first uses the sandwiching 

approximation method to create successivel_?r inner and outer 

approximations to the Pareto frontier. The inner approxima- 

tion is found from the bounding facets (line segments in fwo 

dimensions) of the convex hull (set of convex-linear-combina- 

tions) of the Pareto points. See Figure la) fur_a sketch: e:ach 

facet coincides with the line segment connecting two neigh- 

boring points and the set determines the corners of the convex 

hull. The latter constitutes the approximation to the Pareto 

frontier skelched. The outer approximation is represented by 

supporting tangential hyperplanes (line segments in two 

dimensions) of the Pareto frontier at the calculated points. 
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Figure 1. Sketch of the sandwiching method for two 

objectives f; and f,. 

Filled circles denote Pareto points, dashed blue lines 
and solid red lines represent, respectively, the inner and 
ihe outer approximation, dotted gray curves are the 
{unknown) Pareto frontier, open blue circles with an 
inner cross represent the Nadir point, open black circles 
are new Pareto points calculated in the step represented, 
and open blue and open red diamonds are, respectively, 

the inner and outer intersection points used to compute 
the approximation quality. [Color figure can be viewed 
at wileyonlinelibrary.com] 

Each new Pareto point is calculated using the weighted sum 

scalarization which, for objective functions denoted generi- 
cally as f;, is formulated as 

Q 

min ;w.ff(fl)- (1 

where Q represents the vector of parameters to be estimated, 
wy; are certain weights and Q is the dimension of the problem 

(Q = 2 in this case). The weight vectors coincide with the nor- 
mals to the supporting tangential hyperplanes of the Pareto set 

at each calculated point. Pareto points are sequentially added 
as long as the difference between the outer and the inner 

approximation (the sandwich) is beyond the threshold fixed by 

the desired approximation quality. The progress of the algo- 
rithm, including the selection of weights and the calculation of 

the approximation quality is explained in more detail along 
the sketches shown in Figures la-b as follows: 

1. Obtain the extreme compromises (Pareto points P, and P, 
in Figure 1b) optimizing the weighted sum with weight 
vectors w1 =(1,0) and w.=(0, 1), respectively. These two 
Pareto points are used to set the Nadir point, given as the 
worst value for each objective. 

. Find the inner and outer approximation to the Pareto fron- 
tier (see Figure Ib). 

3. The Nadir point is employed as a reference to determine 
the quality of the current approximation o.. This is calcu- 
lated as the ratio between the distances from the Nadir 
point (N) to the outer (0) and inner (1) intersection points 
(see Figure Ic) as 6,=ON /IN. When more Pareto points 

[
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have been added, the ratio between outer and inner distan- 

ces is computed for each facet. The maximum value is 
taken as the quality of the current approximation and the 

corresponding facel is selected for step 4. 
If the quality of the current approximation is worse than 

the predefined tolerance, continue with step 5, otherwise 

stop. 
Calculate a new Pareto point within the selected facet, 

This Pareto point will be determined in a further 

weighted-sum oplimization using a weight vector ws (see 

Figure 1c¢) normal to the inner approximation. The facel 

will be replaced by two new facets around the Pareto 

point (cf. Figure 1d). The algorithm continues again with 

step 2. 
Once the predefined approximation quality for the sand- 

wiching is achieved, the convexity of the facets obtained is 

checked and non-convex regions are then treated within the 

hyperboxing scheme. Again new Pareto points are sequentially 

added as long as the difference between the outer and inner 

approximation to the non-convex regions is worse than the 

predefined approximation quality for this scheme. For an 

explanation of the convexity check and the hyperboxing 

scheme the reader is referred to the original works.*** 

&
 

tn
 

PC-SAFT EoS 

In PC-SAFT the Helmholtz free energy is expressed as a 

sum of the following contributions,'®!” including an addi- 
tional polar term APP %5 

A:Ald:d+AHC+ADisp+AAmc+ADP‘ (2) 

where A¥<! i the free energy of an ideal gas, A"C is the free 
energy of a hard-chain reference, AP*? is the contribution due 
to dispersion interactions between the chain-like molecules 

and A€ is the contribution due to association interactions. 

APP is incorporated following the work of Gross and Vrabec™ 
to account for dipolar interactions among non-spherical mole- 

cules. During the execution of this work some inconsistencies 

in the formulation of the PC-SAFT association term in the lil- 

erature were found. Some details aboul the particular formula- 

tion of the EOS used here are given in the Supporting 

Information. 

An associating molecule is described within PC-SAFT by 

the number of segments m, the diameter of the segments o, the 

energy of the dispersion interactions &, the energy of the 

hydrogen-bonding interaction cfl between association site 

types a and b, and the reduced volume available for bonding 

«HB between those. The polar term does not necessarily 
require any additional parameter to be adjusted, since experi- 

mental values for the dipole moment g can be used, following 
the original work.”® Here we will consider models in which 
the dipole moment is neglected (i.e., the original PC-SAFT 
EoS is used), as well as scenarios where the dipole moment is 
set to experimental values (for the gas phase, as will be com- 

mented later) or used as an additional parameter. 

Definition of the optimization problem 

Two competing objective functions are used in the present 

work, They quantify deviations between the model and experi- 

mental data in two important properties, which are often used 
for estimating model parameter, namely the saturated liquid 

density py;, and the vapor pressure p,. The objective functions 

are defined as follows, 
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Table L. Bounds Chosen for the PC-SAFT-Intermofecular 
Model Parameters (and the Polar Extension, Where 

Relevant) During the Optimizations 

m_o/A e/(kuK) el}/(ksK) W u/D 

Lowerbound 10 1.0 100 800 0.0001 18 
Upperbound 2.5 4.0 600 2500* 0.50 32 

“This bound is increased to 2600 for the Pareto frontiers calculated assuming 
IB and 3B models of water. 

o | PR Q) ~ppef(T) 
8, (Q)=—- —"—fi“‘—‘ 3 O e i 

and 

5 (@)=L = |PET:Q)-po(T) 
o,{fi):ir:;‘ ) , (4) 

where N, is the number of experimental values of saturated 
liyuid density and N, of vapor pressure. 

Analytical equations of state are known to fail reproducing 

the critical region due to the large-scale density fluctuations pre- 
sent there, which result in an overestimation of the predicted 

critical temperature and pressure. Non-analytical corrections to 

equations of state have been developed*'™ based on 
renormalization-group theory but such make the equation rather 

cumbersome and they are out of the scope of this work. We 

focus our efforts on determining models which are accurate for 

regions far enough from the critical region and 10 avoid any 

bias we restrict the calculation of deviations in Egs. 3 and 4 to 
93% of the experimental critical temperature. We choose 1o 

determine only models where the critical temperature is above 
the experimental value. For this purpose the constraint 

IPR_I2E(0) <0, (5) 

is added to the optimization problem, where TE is the experi- 

mental critical temperature and TS is the calculated one. 
An additional constraint is employed 1o restrict the maxi- 

mum value of each objective function to 10%, i.c., 

5,(Q) 0.1, (6) 

and 

3,(Q2) < 0.1, (7) 

i we are not inferested in Pareto points with absurdly high 
deviations, 

10 

4 . 6 3 

A /% 

Figure 2. Deviations in saturated liquid density and 
vapor pressure for the Pareto frontiers cal- 
culated using 4C non-polar (blue circles), 28 
non-polar (red diamonds), and 3B non-polar 
(green squares) water models. 

The solid lines are a guide to the eye joining the Pareto 
points, The dispersed symbols are the corresponding 
values for the literature models following the same 

color code for the different schemes (triangle,™ cross, ™ 
upside-down triangle,** asp,”! star®). [Colur figure can 
be viewed at wileyonlinelibrary.com] 

10 

Calculation details 

The abjective functions d;, and d,, (cl. Egs. 3 and 4) for satu- 

rated liquid densities and vapor pressures, respectively, are in 

this work calculated through comparison with correlated data 

according to the [APWS-IF97 formulation for water* in tem- 
perature intervals of 10 K in a lemperature range from 

T=373 10 613 K (i.e., ensuring temperatures below 95% the 

experimental critical temperature). The low lemperature 
bound is chosen given the difficulty of physically-sound equa- 

tions of state to reproduce with the standard state of the art 
developments the density anomaly of water.”** This 
approach is also employed to calculate the deviations in these 
properties for the literature models, for purposes of compari- 

son (i.e.. the same correlated data is used). As a second com- 
parison, we also calculate deviations in the whole temperature 

range of vapor—liquid equilibrium, from T=273 to 647 K, 

also in intervals of temperature of 10 K, and denote such 

Table 2. PC-SAFT Literature Models for Water 

3 — 
Scheme  m o/A  &/(ksK)  cM/(kxK) i Bf%  Op/% | &% 8 /% 7—,;.’.»"'; /% Befe /% | Reference 

B 10656 30007  366.51 2500.7 0.034868 | 5.31 126 | 893 1.69 7.77 65.97 50 
B 19599 2362 27942 205928 0.1750 3.10 152 564 1.20 6.79 33.76 53 
B 10953 28898 365956 251567  0.034868 | 4.90 468 | 8.10 3.90 8.10 79.89 52 
2 1312 27613 37237 2123.1 0048987 | 391  D82| 759 098 8.35 66.82 51 
4 10656  3.0007 366.51 1800.0 0.01 292 4579 | 535 3942 232 84.28 57, 
4c 21945 2229  141.66 1804.17  0.2039 0.75 191 | 304 2.4 5.16 42,70 53 
é 27500 20794 18361 1354.1 0.3374 1.59 035 | 4356 0.59 7.63 59.95 56 
€ 15725 26270 29113 1334.2 0.074347 | 4.40 0.80 | 859 0.90 10.20 87.06 51 
3B 17960 24697 327.62 1558.4 0068277 | 3.71 067 | 725 0.84 821 67.57 51 
bl 12255 2.7920 203.00 2406.7 0.07172 0.69 346 | 1.98 3.97 2.65 26.02 54 
5 16963 25144 31119 1469.1 0.0635 1.83 0.17 | 4.15 0.37 4.14 33.23 55 

sity and vapor pressure, as well as their devia- L ing i ith their deviations i d liquid den ir corresponding intermolecular model parameters are shown along with their dc,vl:atlons in saturated liqui and pressure (TSP = 647.1 K and pP =22.1 tiotis in critical MPa temperature and pressure. T2 and pS® are, respectively, the 
Mra 

I critical 
- kp is Boltzmann’s constant. Models are non-polar, unless specified otherwise. 

“Polar model obtained using the extension of Gross and Vrabec™ with dipole moment p=1.85 D. 
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Figure 3. Intermolecular parameters, deviations in saturated liquid density and vapor pressure, as well as in the 

critical parameter values for 4C non-polar water models: P, are the Pareto points c;glculated (ss'iar sym- 
bols connected by solid lines) and L; are the literature models (circles,”” diamonds,™ squares,” and tri- 
angles®®). 

Deviations in vapor pressure are shown in red and in saturated liquid density in green. The solid lines are a guide to the eye join- 
ing the Pareto points. The parameter m is out of the bounds of the plot for the literature model™ and therefore not represented. 
[Color figure can be viewed at wileyonlinelibrary.com] 

deviations as &/, and J),. The unceriainties of the IAPWS-IF97 
formulation for water have been reported to be, in the region 
of interest, not higher than =0.05% for both saturated liquid 
densities and pressures.** 
The bounds on the PC-SAFT parameters (and, where rele- 

vant, the dipole moment) employed during the optimizations 
carried out in this work are collected in Table 1. 
The sandwiching and hyperboxing algorithm are carried out 

with an approximation quality of 1.01 and 1.09, respectively, 
for all the Pareto sets calculated. Other implementation details 
are found in the Supporting Information. 

Application of MCO to Parameter Estimation 
Review of literature models 

An overview of the PC-SAFT models of water described in 
the literature is given in Table 2. It includes also the results of 
a comparison of the models with experimental data: deviations 

230 DOT 10.1002/aic Published on behalf of the AIChE 

are reported for saturated liquid densities and vapor pressures, 
calculated based on Eqs. 3 and 4 (cf. Section “Calculation 

details™), as well as for the predicted critical parameters. If the 

authors present more than one model, only that with the lowest 

deviation is discussed here. As a first observation, it can be 
seen water is in all studies modeled as a non-spherical core, 
i.e.. m differs from 1. 

Water associates through hydrogen-bonding interactions. 
This is accounted for in models of the SAFT family consider- 

ing short-range association sites of two different types: one 
lype mimics lone pairs of electrons (acceptor) and the other 
type mimics hydrogens (donor). Water has been typically 

modeled using two different association schemes. The first 

one is the so-called 4C association model, after the nomencla- 
ture of Huang and Radosz,*® which assumes two association 
sites of each type: this model therefore enables that the):;mle- 

cule forms up to four hydrogen-bonds, as found in ice.™ The 

second is the 2B association model (also after the same 

January 2018 Vol. 64, No. 1 AIChE Journal
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Figure 4. Intermolecular parameters, deviations in saturated liquid density and vapor pressure, as well as in the
 criti- 

cal parameter values for 2B non-polar water models: P; are the Pareto points calculated 
(star symbols con- 

nected by solid lines) and L; are the literature models (circles,®® diamonds,* squares,®* and triangles 
51), 

_Deviflions in vapor pressure are shown in red and in saturated liquid density in gre
en. The solid lines are a guide to the eye join. 

ing the Pareto points. [Color figure can be viewed at wileyonlinelibrary.com] 

classification scheme®”), which assumes one association site 
of each type. The PC-SAFT EoS has been applied 1o modeling 
waler using either a 2B or a 4C'9*96%% association 
sch;me. Although less frequent. a three-site model denoted as 

3B has also been used in the literature®' (see Table 2). 
Water molecules posses a considerable dipole moment. The 

value of the dipole moment of water in the gas phase has been 
demined experimentally 10 be 1=1.86 D.** It is known that 
the dipole moment is larger in condensed phases, for which values 
ranging from y=2.0 D to p=3.0 D are reported for water by dif- 
ferent theoretical studies and extracted from X-ray data.®"** There 
are 1wo models in the literarure™*** that have also considered the 
dipolar nature of water through the extension of PC-SAFT of 
Gross and Vrabec.? In both studies, a 2B association site model 
and a dipole moment of y=1.85 D are employed (cf. Table 2). 
To obtain the parameters of their water models, all different 

authors followed a similar strategy. In general they employed 
saturated liquid densities and vapor pressures and one included 
also mofe fractions of non-associated molecules.*® In the work 

AICKE Journal January 2018 Vol. 64, No. 1 Published on behalf of the AIC
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of Nifo-Amézquita et al.%” the model obtained was a posteri- 

ori successfully tested against IR spectroscopy data on the 

mole fraction of non-associated molecules as well as surface 

tension data and second derivative properties.”® In a number 

of works a temperature range from about 273 to 640 K053 

was used in the parameter estimation. Smaller lemperatu
re 

ranges were used in the work of Aparicio and Hall,”' from 273 

to 634 K, and Cameretti et al..™ from 278 to 393 K. In the rest 

of studies®> the temperature range was not specified. 

Models for water using other variants of the origina
l PC- 

SAFT EoS. such as the simplified PC-SAFT®* the group
- 

contribution polar GC-PPC-SAFT EoS,* or other polar ve
r- 

sions®” are not discussed here. 

Results 

Non-polar models using different association 
schemes 

Pareto-optimal solutions have been calculated 
(see the Sup- 

porting Information for implementation details) for
 the three 
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Figure 5. Deviations in saturated liquid density and 
vapor pressure for the Pareto frontiers cal- 
culated for 4C non-polar water models 

restricting the over-prediction of the critical 
temperature to values below 0.5% (pink 

dashed line), 2% (green dashed line), 5% 

(blue line), 7.5% (red line), and 10% (gray 
line) the experimental one. 

The solid (or dashed) lines are joining the Pareto 
points, which are here not represented. Literature 4C 
models are shown for comparison with open symbols: 
blue circle,*® gray diamond,™ and red right triangle™ 
following the same color code according to their prox- 
imity to the experimental critical temperature. [Color 
fligure can be viewed at wileyonlinelibrary.com] 

association schemes used for water in the literature (i.e., 4C. 
2B, and 3B) using the objective functions defined in Section 
“Definition of the optimization problem.” In Figure 2 the 
objective space of these Pareto frontiers is ploited along with 

the values for the literature models (note that one of the litera- 
ture models, leading to high deviations in pressure. has been 
omitted from the graph for the purposes of plotting within a 
small scale). As seen the Pareto frontiers calculated present a 
sharp knee (the strong curvature near the origin) and relatively 
large almost linear parts in which one objective can be 

improved at practically no cost. It is seen that some of the 4C 
literature models lead to deviations that are close to the Pareto 
{rontiers calculated, but in general none of the Ierature mod- 

els appears to be in the Pareto-knee of the frontiers calculated. 
This may be due to a different definition of objective functions, 
which are often only vaguely specified. Comparing the three 

Pareto frontiers it is possible to see that the three types of mod- 
els lead (o similar deviations. The 3B association scheme 
yields, however, slightly poorer results than the other two mod- 

els in the region of interest (i.e.. the Pareto-knee). 4C models 
may lead to lower d, values if the description of vapor pres- 

sures is compromised. The optimal 4C and 2B models in the 
region of interest (the Pareto-knee) are however equivalent. 

From that perspective, it can be concluded that modeling water 
as either a four associating-site model or as a two associating- 

site model leads to practically ne differences if the aim is to 
minimize the deviations of both saturated liquid density and 
Vapor pressure. 

The Pareto-optimal solutions for the 4C and 2B schemes are 
analyzed in more detail in Figures 3 and 4, In these figures, for 
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each Pareto point both the parameter space and the objeciive 

space are plotted, along with the deviations in the critical tem- 

perature and pressure, Not only the objective functions d, and 
4, are given but also &, and d), (see Section “Calculation 

details™). A comparison of the Pareto poinis to the existing lit- 
erature models is also included the figures. In Figure 3, which 

corresponds 10 the 4C scheme, it is seen that both the chain 
length m and the bonding volume x!'} peak in the region in 
which small values for both saturated liquid densities and 

vapor pressures are attained. The segment diameter a stays 
rather constant for the various Pareto models, whereas the 

dispersion-energy parameter € and the energy of association 
s,’,‘g present monotonic trends along the Pareto frontier which 

may indicate a more direct relation of the effect of these on 
the trade-offs observed for the deviations in the two properties. 
In this regard it is observed that lower deviations in density 

are accompanied by a decrease in the values of the dispersion- 
energy parameter. On the right-hand side of Figure 3a compar- 

ison with all 4C literature models can be seen, confirming that 
there is always a Pareto-optimal solution leading to a more 

accurate estimation of both saturated liquid densities and 
vapor pressufes in the range of temperatures used for the est- 

mation. Some literature models lead however to slightly lower 

deviations in both properties in the whole saturation range, but 
this is not surprising considering our models were not fitted 

for this purpose. It is worth wondering whether achieving 
lower deviations in saturated liquid densities and vapor pres- 
sures in the temperature range of interest leads to higher devia- 
tions in the estimated critical temperature. The models 

rendered by the Pareto frontier are in principle seen (o present 
critical temperatures in @ similar range as those of the litera- 

tare models, but this 1opic will be analyzed in more detail in 

the next section. 

0 L = - — 
0 1 2 %) 4 

Figure 6. Deviations in saturated liquid density and 

vapor pressure for the Pareto frontiers cal- 
culated using 2B non-polar (red diamonds), 
28 polar (blue triangles), and 2B polar fitting 
the dipole moment (green squares) water 

models, 

The solid lines are a guide to the eye joining the Pareto 
points. The dispersed symbols are the corresponding 
values for the existing 2B polar literature models (cir- 

cle,™ star™%). [Color figure can be viewed at wileyonli- 
nelibrary.com] 
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, deviations in saturated liquid density and vapor pressure, as well as in the 

critical parameter values for 2B polar water models obtained fitting also the dipole mo
ment: P; are the 

Pareto points calculated (star symbols connected by solid lines). 

_Devialiuns in vapor pressure are shown in red and in saturated liquid density in green. The solid lines 
are a guide to the eye Join- 

ing the Pareto points. [Color figure can be viewed at wileyonlinelibrary.com] 

In Figure 4, which corresponds to the 2B scheme, it is seen 
that the trends in the parameters are similar to those shown in 

Figure 3 but the peaks in m and «!'} are smaller. The chain 
length and the bonding volume Auctuate less. The fact that in 
this case only two association sites are employed for water 
leads to models with higher energies of association compared 

10 the 4C models. Pareto-optimal models are found which not 
qnly lead to lower deviations than the literature models in (3. 

dy). but also to lower deviations of the critical temperature and 

pressure and it is comforting to note that some of them further 

present lower deviations in the whole temperature range (ie.. 
d,and &) than some of the literature models. 

Similar trends are seen for the parameters of the 3B Models 

(cf. Supporting Information). 

Optimization including the critical temperature 
The definition of the objectives in Pareto optimization is 

Efi!llhle. Additional objectives, such as the deviation in the 

filical temperature, can always be added in a straightforward 

manner. An alternative to this approach is the consideration of 

Tequirements by introducing constraints. This is illustrated 
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here using the critical temperature calculated for 4C models as 

an example. The additional constraint included in the opti
mi- 

zation problem is formulated as follows 

Tele(Q) —TP & (151" £ L (8) 

Different values of € are used, namely ¢=0.005, 0.02. 0.0
5. 

0.075. and 0.10. The resulting Pareto frontiers are sho
wn in 

Figure 5. The optimization of the critical temperatu
re conflicts 

with the optimization of the original objectives 
(i.e.. relaxing 

the constraint leads to Pareto frontiers with low
er values for 8, 

and d,) up o a certain limit, further than 
which the frontiers 

are seen lo overlap. The constraint is active 
only up to that 

point. The Pareto frontiers calculated present
 a knee which is 

more or less beaked depending on the constrai
nt. The literature 

n be compared to the Pareto frontiers o
f the same 

color (corresponding to the same averestima
tion of the critical 

temperature). Among them that of von Solms 
et al.™® is the 

one that approaches closer the correspond
ing Pareto frontier, 

but in general all the literature models are dominated by 
the 

Pareto frontiers (i.e., there are Pareto-optimal 

models cal 

corresponding 
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Table 3. Selected Pareto-Optimal PC-SAFT Models: My is a 4C Non-Polar Model, M3y is a 2B Non-Polar Model, M?m isa 
2B Polar Model, and Mpap, and Mpyc, Are, Respectively, a 2B and a 4C Polar Model Using Also p as a Parameter in the 

Optimization 

Model m a/A e/(knK) £l /(kaK) KB /D) | /% Ssw | dy% &% | B /% Al 

Maic 2.5000 2.1201 147.917 1581.945 0.3939 - 0.54 0.37 335 3.19 5.67 43.30 

Mag 1.7854 2.3609 233.787 2506.794 0.2637 - 0.41 043 3.10 4.36 4.60 3212 
Meap 22159 22396 214.485 1543.672 0.5000 1.8550 0.31 047 269 2.89 334 26.55 

Mp2uy 1.2256 2.8249 292,990 1760.237 0.0171 2.1870 0.07 0.02 2.20 LS7 1.76 12.26 

Mpscy 1.1990 2.8792 285.368 1117327 0.0144 2.2088 0.09 0.05 2.07 0.62 1.72 1237 

Their corresponding intermolecnlar model parameters are shown along with their deviations in saturated liquid density and vapor pressure, as well as their 
deviations in critical temperature and pressure. Note that these models have been obtained using a definition of the association contribution that is slightly differ- 
ent 1o the one used in typical PC-SAFT implementations (cf. Supporting Information). 

solutions with lower values for both objective functions than 
those presented by the literature models for a given overesti- 

mation of the critical temperature). 

Models considering the dipolar nature of water 

A more detailed model of water accounting for the dipole 

moment of the molecule is now considered. In our first study 
the dipole moment is fixed to the experimental value in the 

gas phase (4=1.855 D), so that no addirional parameter is 
introduced. The resulting Pareto frontier is compared to that of 

the corresponding non-polar model in Figure 6. The frontier 
for the polar model dominates that for the non-polar one, even 

though in the region of the Pareto knee, which is sharper for 

the non-polar case, both [rontiers are very close. The polar 

models found in the literature™> show higher deviations in 
both properties than the best Pareto-optimal models. More 

details of the polar Pareto-optimal solutions are given in the 

Supporting Information. A third Pareto frontier in which the 

dipole moment is also treated as an adjustable parameter is 
also shown in Figure 6. This results in further improvements 

in the region of the Pareto knee. Additional detail regarding 

those Pareto-optimal solutions is presented in Figure 7. The 

values obtained for the dipole moment along the frontier are 

found in the range of the experimental data for that property. 

1f a 4C association scheme is used a Pareto frontier render- 

ing also very low deviations is obtained. The resulls are given 
in the Supporting Information. 

Decision support in model selection 

The objective space of the Pareio frontiers and the respec- 

tive parameter values can be used to arrive at a more transpar- 

ent choice of a model. Clearly one would focus only on 

Pareto-optimal models and ignore dominated models in the 

decision. The preferred models are located in the knee of the 

Pareto frontier. Which model to choose depends on the pur- 

pose of the model. One of the great benefits of the Pareto 
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igure 8. a) Saturated density, b) vapor pressure, 
pressure versus temperature for water. 
The symbols correspond to correlated experimental data® 

(dashed black), M, Meyc, (solid red) following the nomenclature specified il-rflTable 3. The r the temperature range used in the optimizations. [Color figure can be vi 

sion) calculations for the models: M- 
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c) deviation in saturated liquid density, and d) deviation in vapor 

while the curves correspond to the PC-SAFT (or its extended polar ver- 
(dotted blue), M!zzu (dash-dotted green), Mgz, (dashed light blue), and 

egion between the gray lines in plots ¢) and d) indicates 
ewed at wileyonlinelibrary.com] 

January 2018 Vol. 64, No. 1 AICBE Journal



1l 
300 350 400 450 500 550 600 650 

/K 

Figure 9. Enthalpy of vaporization of water versus tem- 
perature. 

?he“symbols correspond to correlated experimental 
fhh while the curves correspond to the PC-SAFT (or 
its extended polar version) calculations for the models: 
My (dashed black), Mz (dotted biuel, My (dash-dot- 
ted green), _Mflln (dashed light blue), and Mpscy (solid 
red) following the nomenclature specified in Table 3. 
[Color figure can be viewed at wileyonlinelibrary.com| 

oplimization s the knowledge of the trade-off one has to 
decept when using a certain model type. Knowing the Pareto 
frontier is also advantageous from the perspective that prefer- 
ences and weights may change during the decision process 
when the decision maker sees all the available options. Even- 
tuaily a modefl can be chosen based on a given scenario, but if 
the requirements change the Pareto frontier is still valid. 
forlbe best Pareto frontiers obtained in this work, a Pareto- 

optimal model is selected and shown in Table 3 for compari- 
S0, five models are presented: M is a 4C non-polar model, 
My is 2B non-polar model, Mpay is a 2B polar model, and 
Mpzs, and Meyc, are, respectively, a 2B and a 4C polar model 
Using also y as a parameter in the optimization. The models 
fiave been selected based on visual inspection of the Pareto 
knees and with no preference given to minimizing one prop- 
€y over the second one. Overall it can be observed that the 
polar models obtained fitting also the dipole moment of water 
(ie, Mpscy; and Mpog,,) are the most spherical; the values for 
T-fm dispersive energy are in a similar range for all models and 
igher differences are seen for the association energy, where 
the non-polar models are characterized by higher values (com- 
paring within the same association scheme). It is also interest- 
g 10 note that the polar medels obained using the dipole 
moment as an extra adjustable parameter present also rather 
ln_\\:r values of the bonding volume, as is deemed consistent 
with the bonding constraints on which SAFT approaches are 
based. * The agreement of these models with experimental 
fiil}fl is depicted in Figure 8. On a first inspection of Figure 8a 
15 seen that most differences between the models are in the 
critical region, whereas at low temperature all models fail to 
reproduce the density anomaly of water. The latter is known to 
be a challenging feature not easily reproduced by models 
adjusted to capture the global behavior of this compaund. The 
performance of the models to describe vapor pressure is not 
distinguished easity in Figure 8b. A closer look can be taken 
analyzing the deviations in Figures 8c. 8d; the region of 
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temperature used to adjust the parameters of the models is 
indicated by the vertical lines in these plots. The models 
Mpacy and Mg, fead (o fow deviations in the whole tempera- 
ture range considered in the estimation, and also to a lower over-prediction of the critical temperature (see Figure 8). The 
PC-SAFT EoS (and its polar extension) therefore demonstrates 
10 be capable of providing a very good estimation of the VLE 
of water. Model Mpyc, is also seen to outperform in the region 
of low temperatures, which was not included in the oplimiza- 
tion problem, demonstrating good extrapolation capabilities of 
the equation. In particular, with the latter model it is remark- 
able that it is possible to achieve deviations lower than 0.1% 
for both liquid densities and vapor pressures (close to the 
uncertainties of the IAPWS-[F97 correlation) in the interval of 
temperatures from T'= 373 to 613 K, and of about 2% for lig- 
uid densities and lower than 1% for vapor pressures from the 
triple point to the critical point (i.e., from T = 273 10 647 K). 

As a final check the models are assessed in the prediction of 
the enthalpy of vaporization. This is shown in Figure 9. Over- 
all all models are seen to provide a good description of this 
property, even though they were adjusted to reproduce satu- 
rated liquid densities and vapor pressures. Expressed in MCO 
terminology, the objective of minimizing the deviations in the 
enthalpy of vaporization is not conflicting with the two objec- 
tives used in the fit. On the other side. the good representation 
of this property could be expected given the fact that the mod- 
els were also seen to provide a good description of saturated 
gas densities. The best description is again provided by model 
Mpacy over all the temperature range, confirming the enhanced 
performance of this model. 

Conclusions 

We present the first study on the application of MCO based 
on the determination of Pareto sets in the field of parameter 

estimation for equations of state. An adaptive hybrid algorithm 

combining a sandwiching and a hyperboxing technique is 

employed and the capabilities of the methodology are illus- 

trated using PC-SAFT models of water as an example. Pareto- 

optimal solutions for PC-SAFT models with different level of 

detail in the description of the molecular characteristics of 
water are determined and compared to models that were pub- 

lished in the literature. New water models which lead to an 
improved agreement in the description of both saturated liquid 

densities and vapor pressures of water in comparison with 

existing ones are found, The overview which is obtained from 
inspection of the Pareto sets shows that PC-SAFT models with 

a four association-site scheme and those with a two 

association-site scheme lead to only minor differences in their 
capabilities to describe the present objectives. Accounting for 

the permanent dipole of the molecule through the incorpora- 

tion of a polar contribution leads to a small improvement if 
the dipole moment is simply taken from literature and not 

adjusted. If however the dipole moment is included as an addi- 

tional parameter in the optimization substantial improvements 

are achieved. In the latter case it is possible to obtain models 

which not only provide very low deviations for both equilib- 
rinm properties considered, but also lead to a reduced over- 
prediction of the critical temperature and an enhanced predic- 
tion of enthalpies of vaporization. In all studied cases Parelo- 

optimal models are found which are better than all previously 
published models of the same type in the range of tempera- 

tures of interest. 
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In future work it could be useful to extend the methodology 

to a three-dimensional (or larger) objective space, so that other 

properties could be included in the study, such as lhe:q fidegrce 

of hydrogen-bonding considered by other authors.” =™~ 

In summary this work shows the usefulness of applying 

Pareto optimization in the field of parameterization of EoS 

and more generally in the development of thermodynamic 

models. 
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1 Introduction 

Relizble mathematical models are the key for the design, 
scale-up, and the optimization of processes. Even in the case 

of physically-sound high-fidelity models, assessing these 
against experimental measurements is an essential require- 
ment for the model development. Models of practical engi- 
feering application invariably rely on a number of adjust- 

‘:‘H? PET'“J“E'(E‘TS which will require experimental data for 

their estimation and validation. Obtaining such experimen- 
Ial_ data is in most cases time-consuming and expensive. In 

this regard, the design of experiments (DOE) methodology 
lays a key role in planning the experiments in an efficient 
Tfi): ie, to achieve a maximum amount of information 
'mf_ormaliun content) with the minimum number of ex- 
periments. An insight into the principles and strategies of 
uperimental design can be found, e.g., in the review of 
[Sil:ruzwa E.}."]d Orth [1] and. in a historical review [2]. In par- 

i ar, when a model is available, experimental design 

xnown 2s model-based experimental design [3]) can pro- 
:1de a relia!file and efficient tool to discriminate among dif- 
;;rem possible models and to minimize the uncertainty in 
a’a; mDClEe]'Paflmeter estimates, i.e., to improve the statisti- 

qu@’?' Or parameter precision. 
mC‘pllmai modgl-based experimental designs make use of 
li model equations and current parameter values to decide 
ffl Tje next experiment through evaluation of an objective 
Whe:lo?h and application of an optimization technique. 

e curtent estimate of model-parameters shall be 
improved, a prical objective function is the sensitivity of 
measured variables, such as conversion rates, concentration 

profifes, and temperatures, to the model parameter of inter- 

A 
Chem, Ing. Tech. 2017, 89, No. 5, 645-654 © 2017 WILEY-VCH Verlag GmbH

 & Co. KGaA, Weinheim 

est, e.g., stage efficiency, effective interfacial area, catalyst ac- 
tivity, activity coefficients at infinite dilution, and kinetic 

constants. In the case of model discrimination, the aim is to 
identify experimental conditions that maximize the diver- 

gence between the predictions of different models, e.g., an 

equilibrium-stage model vs a rate-based model or a plug- 

flow reactor model vs a model of a tubular reactor with 

nonideal flow behavior. A review on model discrimination 

techniques can be found in Schwaab et al. {4]. A different 

objective may also be finding experimental conditions that 

are not far from typical operation of the scaled-up plant or 

even reducing experimental uncertainlies [5, 6]. 

In practical applications, there will be usually more than 

one quality measure or objective to be optimized in order to 

identify the most interesting range for experiments to be 

realized. Even when dealing with a parameter estimation 

problem, the most frequent scenario is that the sensitivity 
of 

one measured variable needs to be optimized to several 

parameters instead of only one single parameter. 
An exam- 

ple is a system exhibiting a complex reaction network; the 

determination of several kinetic constants in a laboratory 
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experiment may be required. This problem is readily ad- 
dressed by using a multiobjective optimization (MOO), also 
known as multicriteria optimization (MCQ), and in a non- 

trivial case the objectives will be conflicting so that there 

will not be a single solution optimizing all. 
The conventional approach to quantify the information 

content of an experiment in optimal experimental design is 
through information matrices, very often the Fisher infor- 

mation matrix (FIM) [7-9]. In principle, the elements of 

the information matrix constitute single objectives of what 

is in essence a MOO problem. The objective function that is 

typically maximized is, however, a scalar function of the 

information matrix, thus, the problem is ultimately 
approached using single-objective optimization. In the defi- 
nition of the objeclive function, a certain oplima]jty criteri- 

on is employed. Although attention has been paid to estab- 

lishing different optimality criteria, differentiated by an 
alphabetic notation (the most common criteria are the A-, 

D-, and E-optimality criteria (9 - 11]), there is no best defi- 

nition as in practice all of them show strengths and weak- 
nesses [3], and they may also be conflicting with each other 

for nonlinear models [12]. For well-posed problems, this 

type of simplification to single-objective optimization by 

the use of the design criteria just mentioned may be useful 

to deal with a considerable number of parameters; for ill- 
posed problems, the direct application of these criteria can, 
however, lead to numerical instabilities and regularization 

techniques have to be applied [13]. 

Resorting to approach the optimal design of experiments 
(ODE) using a MOO technique enables the study of the 

trade-offs between conllicting objectives in a systematic 

way. The approach to find best compromises in a MOO 
problem dealing with conflicting objectives is known as 

Pareto optimization, after the Ttalian economist Pareto [14]. 

The solutions to these problems, called Pareto optimal or 
nondominated solutions, imply that the improvement of 

any of the objectives is not possible without worsening at 
least one other objective. The set comprising all these opti- 
mal solutions is the Pareto set, often referred to as the Pare- 
to frontier of the MOQ problem. Calculation of the Pareto 

frontier permits the user to have an overview of the design 
space, analyze trade-offs and make a judicious decision 
based on specific preferences. 

In the field of chemical engineering, some studies focus- 
ing on model-based experimental design, ie. design of 
experiments for improvement of parameter precision and/ 
or model discrimination, using Pareto optimization started 
to appear in recent years [12, 15-24]. The trade-off 
between experimental effort and information gain is studied 
in [19] and [24]. Other investigations have focused on using 
MOO approaches to find trade-offs between maximizing 
the information content and minimizing parameter correla- 
tion [17,18,20). Facing the simultaneous solution of model 
discrimination and improvement of madel parameters 
through competing objective functions has also been the 
subject of some studies [21-23]. In spite of considering 

MOO approaches, these investigations tackle parameter es- 

timation through one (or more) of the traditional scalar 
functions of the FIM, and no effort has been made yet to 
use MOO in order to balance objectives resulting from 
practical applications and the information content. In sum- 
mary, the application of MOO to ODE is still limited [3] 
and more effort is needed to exploit the potential of this 
technique to quantify different aspects of interest in further 
applications. 

This work emphasizes the benefits of employing Pareto 

optimization in model-based experimental design of labora- 
tory and pilot plant setups taken from the literature. Here, 

the different objectives of interest are not aggregated into 
one measure, but they are each individually considered. In 
particular, three case studies are discussed where the objec- 
tives of the ODE involve conflicting aims, such as reducing 
the uncertainty of estimated parameter values or of other 

estimated variables, operating close to typical process con- 
ditions, and discriminating between models. A key element 
in the strategy suggested in this work is the use of method- 

ologies that allow a comprehensive analysis of the different 
trade-offs between the objectives involved. Based on this, a 

judicious decision on the DOE can be reached. It is impor- 
tant to emphasize that the strategy suggested is general and 
the objectives can be freely chosen by the user. Furthermore, 

this strategy supports including further constraints of, e.g. a 

pilot-plant setup (loading ranges, safety limits, etc.). This is 

advantageous compared to a pure statistical DOE which 

generally ignores any information contained in a model and 
therefore also suggests experiments that are probably less 

interesting. In the next section, the strategy followed is de- 

scribed and the different objective functions considered in 
this work are generically introduced. The application of the 

presented tools is then illustrated for three case studies with 

the intention not to determine strict designs but to give sug- 

gestions using straightforward and intuitive techniques for 

decision support in ODE, 

2 Methodology 

The strategy followed in this work to examine the different 
case studies consists of setting up the experiment design 
problem at hand as a MOO problem. In a first step, the 
multiple objectives are defined (see Sect.2.1). In a second 

step, the set of Pareto-optimal solutions for the optimiza- 
tion problem are found with the MOO method described in 

Sect. 2.2, A sketch of a Pareto frontier for two objectives is 
represented in Fig. 1a. After analysis of the trade-offs found 

between the objectives of interest, the user can design an 
experimental plan which incorporates conditions sprezd 

out along the Pareto frontier. This selection is sketched 
along the Pareto frontier in Fig. 1a and in the optimization- 
parameter space in Fig. 1b. However, any model has admit- 

tedly certain uncertainty and the user can instead decide on 
sampling in the neighborhood of the conditions identified. 

www.cit-journal.com © 2017 WILEY-VCH Verlag GmbH & Co. KGah. Weinheim Chem. Ing. Tech. 2017, 89, No. 5, 645-651
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Figure 1. Sketch of a) a Pareto frontier computed for two objectives (/; and J;), 
b) a suggestion for an experimental plan for three optimization parameters 
{x1, %, and x3) based on a selection of Pareto-optimal solutions, and c) an alter- 
native experimental plan based on a factorial design. The dotted line represents 

the (unknown) Pareto frontier, the filled circles are Pareto-optimal solutions. 
The black circles represent a certain selection of Pareto-optimal solutions for a 
possible experimental plan. The dashed curve in (a) represents the region se- 
lected for a factorial design. The diamonds represent the corresponding experi- 

dependent on a set of N;, model parameters 0 
and a set Ny of design or input variables x (a 
subset of which are used as optimization param- 
eters). Different objective functions are consid- 

ered in this work. 

2.1.1 Sensitivity of the Output Variable y; 
to a Model Parameter §; 

The optimization problem for parameter estima- 

tion is based on maximizing the perturbation of 

the jth parameter on the prediction of the ith 
output, Usually, first derivatives are used in 

DOE to estimate local sensitivity. Here, averaged 

finite differences are used rather than derivatives 

mental plan according to a full factorial design. 

To this end, the user can alternatively compute an experi- 

mental plan with the statistical DOE approach described in 
Sect, 2.3 in a reduced range of experimental conditions which 
reflects such uncertainty. A sketch of the range chosen within 
the Pareto frontier is shown in Fig. l1a and the correspond- 

ing experimental design according to a statistical approach 
(a factorial design) in Fig. 1c. The latter is further explained 
in Sect. 2.3, 

Simulations are carried out with the in-house process 
simulator CHEMASIM of BASF which provides functional- 

ities for MOO, sensitivity studies, and ODE [25, 26]. 

2.1 Objective Functions 

A number of different variables or parameters intervene in a 
given process model, as shown in Fig. 2. A set of experimental 

oulput variables y affected only by stochastic errors € (these 

can include effects such as measurement errors on the output 
vatiable, the influence of other variables, and other sources of 

variation inherent in the process) which can be predicted by 
anonlinear model /{8,x) is assumed, so that 

y=f8,x)+e (1) 

to compute the sensitivity of the output variables 

with respect to the parameters. These are eval- 
uated in this work using a factorial design analy- 

sis following [11]. Factorial design avoids correlation be- 

tween parameters [27]. Other schemes to calculate so-called 

global sensitivities [26] are of course also possible. 
In problems with a larger number of parameters, it is not 

meaningful to use each individual sensitivity as an objective. 
Therefore, a common practice when using first derivatives, 
i.e., the Jacobian matrix J, is to consider the FIM (J'7) and 

to choose a scalar metric, e.g., A, D, E criteria, as objective. 
The present methodology allows also employing these con- 
ventionally used measures in model-based DOE [7-9]. in 

this work evaluated for one design point. Another alterna- 
tive extension of the applied approach for problems with 

many parameters is to consider a sensitivity matrix SM 

consisting of elements computed using global schemes. In 

that case, a similar approach is possible: the in general 

nonsquared matrix has to be converted into a squared 

information matrix (IM) by multiplication with its trans- 

pose, i.e, 

IM = SM'SM (2) 

before applying the same scalar metrics as for the FIM, such 

as determinants or traces. 

2.1.2 Closeness to Production 

Input variables / design variables x Qutput variables / observables y 

' Model parameters & 

Processes 

In this case, the objective is mini- 

mizing the distance to the opera- 

tion point characterizing the pro- 
duction process. For a chosen 
output variable y; and a typical 
process value given by ¥, an ob- 
jective can be defined based on 

the squared difference, or for sev- 

eral variables the sum of the 
squared differences, as 

Predicted output 

variables [ 

Figure 2. Variables and parameters intervening in a process model for th 

ments. 
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h= />0 (6% —p) 3) 

The process value may in practice not be well specified, 
in which case this objective may be simply replaced by min- 
imizing or maximizing a typical production objective, e.g., 
the costs or the profit of a plant. 

2.1.3 Model Discrimination 

The objective in this case consists of maximizing the differ- 

ence in the predictions of the two madels which, for N, 
output variables y, predicted by models [ and IT as f' and £", 
can be expressed as 

Nm 2 

& \ji 2 (110, —10.0)" @ 

2.1.4 Considering the Effect of the Uncertainty 
in Experimental Measurements on the 
Uncertainty of Estimated Values 

Additional objective functions can be considered to find the 

operation conditions where the error propagation of experi- 
mental uncertainties to estimated variables is minimized. A 

variable g is assumed whose value is estimated out of a 

number N. of experimental variables z; which can be input 

or other output variables. Neglecting correlation or assum- 

ing the variables to be independent, the objective function 
has the form 

where Az; is the experimental uncertainty of the measured 
variable z;. 

This list presents a variety of objective functions that are 

applicable for many ODE problems. The method presented 
in this work, however, is not limited to these ob- 
jective functions. In principle, the user can de- 

[25,26,29-31], and parameter estimation of molecular 

simulation [32 - 34] and thermodynamic models [35]. 

2.3 Statistical Design of Experiments 

An experimental plan is computed for a prespecified num- 

ber of experiments. The experimental conditions are set 

based on a factorial design matrix for the input variables 

chosen by the user. In the factorial design, the lower and 
upper limits of the input variables are identified by the user 

from the results of the MOO. A complete factorial design 

does not necessarily need to be set up, but the number of 
experiments is decided based on the estimated gain in rels- 
tive variance that can be achieved (the accuracy in the esti- 

mated parameters can ideally, i.e, for linear models, be 

increased proportionally to the number of experiments 

[11,36]). The feasibility of the experimental plan can then 
be checked and an alternative feasible design can be sug- 
gested if necessary. 

3 (Case Studies 

3.1 Cumene Process 

The industrial process for the synthesis of cumene (iso- 

propylbenzene) has been optimized by various research 
groups [37-39]. A simplified sketch with the main ele- 

ments is shown in Fig. 3. 
The production of cumene involves the reaction of ben- 

zene and propene in a gas-phase reactor at high tempera- 

ture and pressure 

CeHs , GHy _. GHp () 
(benzene) ' (propene)” (cumene) 

and a sequential reaction between the unreacted propene 

and cumene to produce the by-product p-diisopropylben- 
zene 

fine any objective function based on the given 
input variables, output variables, and/or model 
parameters, 

2.2 Multiobjective Optimization 

An adaptive method [25,28] based on a hybrid 
algorithm is employed here to calcufate a 
minimal number of Pareto-optimal solutions to 
linearly approximate the complete Pareto fron- 
tier within a predefined tolerance. The method- 

propene 

benzenc 

cumene 

ritio §, cumene 

¥, 0,999 mobmol 
off gas 

(propanc) 

| 

cumene 

propang ————— R, 
K= 0195 moliimal 

e mixing ratio diisopropylbenzzne 
ratio S, 

ology has previously been employed within 
product and process design and optimization 

www.cit-journal.com © 2017 WILEY-VCH Verlag GmbH & Co. KGaA, Weinheim 

Figure 3. Simplified sketch of the process for the industrial production of cu- 
mene. The purities of the feed (Xprope) and product (x.,) are specified. 
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Gy GHe CioHig 9= 0l6— Y e 
{comene)  (propene)  (p-diisopropylbenzene) ) \ | 

In this work, the forward kinetic constants k, = ol L . 1 
and k, of these two reactions are considered un- 35 oos e o & 
certain. An experiment of interest aims at im- A . . 
proving the precision of the kinetic constants = . ‘%fl—'J 

D pos - | 
0.85 while working close to typical process conditions 

and within the operating limits of the plant. 
| 

(A Yeum - Ak, 1) / (molmol 1) 

18 [N
 

09 0.95 
Yo / (mol-mol ™) 

Obviously, a production plant is not intended 1o 
be used for experimental investigations, but here 

it is used as an example for a mini- or pilot 
plant; the process might in principle be easily 
scaled down, which does not change the follow- 
ing principal findings, The task for improving 
the kinetic constants is therefore to maximize 
the sensitivity of appropriate measured variables to changes 
of the kinetic constants while not deviating far from realistic 
process conditions. The measured variables chosen to 
define the sensitivities are the yields of cumene (Y,,) and 
p-diisopropylbenzene (Y in the reactor with regard to 
the amouat of propane at the inlet, while typical process 
conditions are defined based on minimizing production 
costs, in particular operational expenditures divided by the 
amount of produced cumene, The forward kinetic constants 
(uncertain parameters) of the reactions described are varied 
by £10% using a factorial design as sampling method. This 
uncertainty is chosen according to practical experience with 
kinetic models. The specific magnitude is only used here for 
demonstration purposes. Since the focus is not on partial 
derivatives as sensitivities, but finite differences or other 
global sensitivity measures are allowed [27], these rather 
large uncertainties can be handled. To reduce the complex- 
ity in the visualization of the results, the third objective 
(minimizing the production costs) is set as a constraint fol- 

lpm‘n\g an epsilon-constraint method [40]. The optimiza- 
tion parameters are the temperature of the reactor (T}), the 

feed ratio (Ryp) of propene to benzene (both fed and 

recyded), the reflux ratios (RR, and RR,), and the split 
atios () and §,, see Fig. 3) in the distillation columns, and 
the load of the plant (capacity over a nominal value of 
%8ktz""). The results of the MOO problem are shown in 
Fig.4 for different upper-bound values of the constraint in 

the production costs (contour lines). For the conditions 
studied, the sensitivity measures are conflicting objectives 
and they further conflict with the cost objective (the calcula- 
fions suggest however that there may be a limit in the con- 
it betwveen the sensitivity measure for the yield of cumene 
“.I'd the cost objective). In general, the changes in the sensi- 

Uity of the yield of p-diisopropylbenzene are smaller, but 
tie nominal values for this yield are also smaller. It can be 
e that permitting higher costs leads in general to higher 
Jields of the by-product and lower yields of camene. These 
re_‘“i's are tabulated in the Supporting Information along 
vilh the paraieter values. The MOO results obtained are 

constants. 

Chem. ing. Tech. 2017, 89, No. 5, 645-654 @ 2017 WILEY-VCH Verlag GmbH & Co. KGaA, ‘Wein
heim 

Figure 4. Pareto-optimal solutions for three values of the production costs 
(475 €17 as squares, 477 €t as circles, and 479 €t as diamonds) for the case 
study of the cumene process. Values of a) the two sensitivity measures chosen as 
objectives to be maximized (i.e., the sensitivity of the yield of cumene to 
changes in k, and that of the yield of diisopropylbenzene to changes in k») and 
b) the respective yields. The values are calculated using dimensionless kinetic 

in themselves an important result to design an efficient 
experimental plan. In fact, if the original ranges in which 
the parameters are allowed to vary during the optimizations 

and the final ranges where the Pareto-optimal solutions are 
located are compared (see Tab.1), it can be seen that the 

range in the values of the parameter space has been consid- 

erably reduced. The range of possibilities where ta conduct 
experiments is therefore reduced. Further reductions in the 
region of interest will depend on the user’s preferences and 
an example as well as the proposed experimental design in 

that region is given in the Supporting Information, where 

the minimum number of experiments was chosen. As 

already mentioned, doubling the number of experiments 

can ideally, ie., for linear models, halve the uncertainty of 

the measured variables. 

Table 1. Reduction in the original parameter space after Pareto 
optimization. 

Parameter Initially allowed range  Pareto-optimal range 

T: [K] [340; 400) [340.0; 341.1] 

Ry, {mol mol ™} 10.2; 0.9} 10.44; 0.65] 

RR, |-] [0.1;1] [0.100; 0.201] 

RR; [-] [0.1; 1] [0.285; 0.396] 

In(sy) [ =125 -1] [-1.261; -2.480] 

In(s;) [-] [-125-1] [-9.277; -10.220] 

Load |- 10.6; 1.2] [0.600; 1.024] 

3.2 Laboratory Reactor for Measuring the Kinetics 

for Reactive Distillation 

The kinetics of a given reaction is often studied in the labo- 

ratory using standard pracedures independently of the con- 

ditions at which the reaction occurs in the real process. 

Understanding the reaction kinetics at conditions close to 

www.cit-journal.com
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those used in the actual process may however be important 

for the reliable design and operation of the latter. In this 
example, the process of interest is a heterogeneously cata- 

lyzed reactive distillation (HCRD) where the reaction oc- 

curring is the esterification of n-hexyl acetate [41,42]: 

CeHy30H 
(1-hexanol) 

CH;COOH _ CH;COOCsH 3 " H;O 

(acetic acid) R (n-hexyl acetate) ~ (water) 

(8) 

This type of reaction can be studied using standard labo- 
ratory reactors such as a batch reactor {43}, a tubular reac- 
tor [44], or a continuous stirred tank reactor [41]. The 
drawback of all these reactors is, however, that the concen- 

tration of water is increasing when the reaction is progress- 

ing. In contrast, the concentration of water in the reaction 
zone of the HCRD column is typically very low because 
water, which is the lightest boiling component in this sys- 
tem, is continuously removed from the liquid phase. As the 

concentration of water has a significant impact on the cata- 
lyst [45,46], a continuous stirred-tank reactor (CSTR) with 

partial evaporation of the liquid mixture is considered in 

this work that enables to measure the reaction kinetics 
while keeping the concentration of water in the liquid phase 
low, i.e., similar to that found in the reactive zone of the 

HCRD column, A sketch of this reactor setup is shown in 

Fig. 5. More details can be found in [41]. Compared to the 

standard CSTR without evaporation, the uncertainty in the 

determination of the reaction kinetics is larger with this 

reactor setup because of the propagation of the experimen- 

tal error in the analysis of the composition and the mass 
flow rate in the vapor stream. Thus, important questions 

for the ODE are not only which experimental parameters 
should be chosen to maximize the sensitivity of a chosen 

observable (the mass fraction of hexyl acetate in the prod- 
uct) with respect to changes in the uncertain parameter (the 
forward kinetic constant of the reaction), but also which 

experimental parameters ensure a low concentration of 
water in the liquid phase (closeness to the process) and 
whether the gains in these two objectives justify the larger 
experimental complexity and the associated larger experi- 

mental error (details regarding experimental errors are giv- 

en in [47]). The latter affect the uncertainty in the determi- 

nation of the reaction kinetics, as mentioned, which is 
included as a third objective in the optimization task follow- 
ing Eq.(5). The optimization parameters are the feed mass 

flow rate (the composition is kept equimolar) and the heat 
duty. A constraint to limit the maximum flow rate of vapor 
is set. In Fig. 6, the results of the optimization with the three 
objectives of interest for the CSTR with partial evaporation 
are compared to the standard CSTR in which no vapor is 
produced, i, what would be a typical laboratory setup to 
measure the kinetics (see also the Supporting Information 
for the numerical values). It is clearly noticeable that with 
the CSTR with partial evaporation the sensitivity can be 
increased while at the same time the water content can be 

www.cit-journal.com © 2017 WILEY-VCH Verlag GmbH & Co. KGaA, Weinheim 

decreased. Analyzing the results in more detail, it can be 

found that the lower the water content, the higher the 
uncertainty in the determination of the rate of reaction (see 
also the Supporting Information). In view of the results it 
would be advisable to work with evaporation and in 2 

region of experimental conditions where an increase in sen- 
sitivity and a decrease in water content are achieved without 

excessively increasing the uncertainty of the reaction rate. 
Given the strong curvature of the Pareto frontier, this 

region where the sensitivity is maximized (indicated in 

Fig.6 and also in the Supporting Information) may be a 
good suggestion for collecting experimental data. The pro- 
posed experimental design is given in the Supporting Infor- 

mation. 

7,=33K 

my, =58 ..,@ AAAAA > 

acetic acid Condensed 
hexanol v: o Napor ‘ 

Yjiewoti = 0.5 mol/mol TR 

Figure 5. Simplified sketch of the CSTR with partial evaporation 
employed to measure the kinetics of the catalyzed esterification 

of n-hexyl acetate and values of the main design variables fived 
during the optimizations. 

3.3 Reactive Distillation Column 

The conversion of the esterification reaction described in 
the previous case study is in principle limited by chemical 

equilibrium, but can be enhanced by integration of in situ 
separation. In such cases, the application of HCRD is bene- 
ficial. Recently, HCRD experiments were carried out with a 

laboratory setup that consists of a number of units combin- 

ing a distillation tray and a catalyst-bed reaction section, 
so-called D+R trays [42]. The experimental setup is 

sketched in Fig.7. 

Two models are suggested [48,49] to describe each of 

these D+R trays, as sketched in Fig. 8. The first one (Model 
A, shown in Fig.8a) consists of a vapor-liquid equilibrium 
(VLE) stage with a superimposed CSTR, ie., the reaction is 
kinetically controlled); in the second (ModelB, shown in 
Fig. 8b) the arrangement of these two elements is sequential 
and the catalyst bed is modeled as a series of CSTRs to 

mimic the characteristics of a plug-flow reactor [49]. Dis- 
criminating between these two models is the mativation for 
an experimental design discussed in the following. With this 

aim, a first objective is built based on the sum of the differ- 

ences in the predictions by the two models regarding the 
product composition at various measuring points along the 
column, which is set to be maximized so as to discriminate 
between the models. This objective, Ax,‘::%,mc, is calculated 

considering a total of eight sampling points (one after each 
D+R tray the experimental setup consists of), following the 

Chem. Ing. Tech, 2017, 89, No. 5, 645-65¢
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Figure 6, Pareto-optimal solutions for the case study of the laborato itivi F -0p ry reactor. Note that the sensitivi 
f{fllfim;“red is maximized whereas the water content and the uncertainty of the reaction rate are minimtiyzed. 

iy ee objective functions are shown a) in a three-dimensional diagram, b) as a projection of the sensitiv- 

mflgxum v:ré\:s the concentration of water, and ¢) as a projection of the sensitivity measure versus the 

diammmyr; € reaction rate. In all cases, results foy the CSTR with partial evaporation are presented as 
and for the CSTR without evaporation as triangles. The region chosen for experimental design is 

indicated with black marker-edge colors. The values are calculated using a dimensionless kinetic constant. 

Distillate 
(aqueous) 

Bottom product 
(hexyl acetaie) 

Figure 7. Sketch of the HCRD experimental setup. 

Uhem. Ing, Tech, 2017, 89, No. 5, 645-654 © 2017 WILEY-VCH Verlag GmbH 
& Co. 

real setup [42}; the difference in the compositions are 

summed as shown in Eq. (4) for the eight liquid streams. To 

be close to the real process conditions, the conversion 

XB_ oy in the benchmark model (Model B, developed by 

[49]) is set to be maximized as a second objective. The opti- 

mization parameters are the feed flow rate, the amount of 

catalyst, and the ratio of the reboiler duty to the feed flow. 

In Fig.9a it can be seen that both objectives are conflicting 

and the Pareto frontier is nonconvex. If the aim is in
creas- 

ing the conversion, higher values for the mass of catalyst 

(Fig. 9b), the feed rate (Fig.9¢), and the heat to f
eed ratio 

(Fig. 9d) are favorable. By means of this ODE 
approach, 

experimental parameters can be identified for which the 

two models predict significant differences in the 
concentra- 

tion profiles but where the closeness to the 
production pro- 

cess, i.e., the conversion of hexanol, is still high
. The results 

are also tabulated in the Supporting Information. It has 

been noted that the conversion calculated wi
th Model A fol- 

lows the same trend and is in all cases higher than with 

KGaA, Weinheim www.cit-journal.com
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Figure 8. Schematic of the two models used to describe the D+R trays (delimited by the discon- 
tinuous lines) in the HCRD column: a) VLE stage with single CSTR superimposed and b} VLE stage 
with a number of sequential CSTRs. 

Model B; on the other side, the purities achieved are 

throughout higher than 0.9 in mass fraction with both 
models (see the Supporting Information). The variation of 
the experimental input parameters that correspond to the 

Pareto frontier shown in Fig. 9a can be used as an experi- 

mental plan by itself; alternatively, as described above 
depending on the preferences of the user, a region of the 
Pareto frontier can be chosen, as suggested in the Support- 

ing Information to carry out statistical DOE. 

tive functions and support him in 

the selection of the most interest- 
ing range of experimental condi- 
tions in a straightforward and in- 

Furthermore, 

arbitrary constraints of the experi- 
mental setup can be taken into ac- 

count. This enables the design of 
an efficient experimental plan- 
ning, which can then be comple- 
mented by combination with 

statistical DOE. 

‘We are grateful for valuable contributions in the project 
by Roger Bottcher, Oliver Hirth, Regina Benfer, Tohias 
Keller (BASF) and Jan 

I Symbols used 

Schwientek (Fraunhofer ITWM). 

£ [-] estimated variable 
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7 {-] Jacobian matrix 

In this work, the capabilities of using MOO in the fild of ~ /n 1] Aidimmon, 
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I Sub- and superscripts 

A Model A 

B Model B 

@t catalyst 
am  n-cumene 
t?ip p-diisopropylbenzene 
f feed stream 

HexAc  n-hexyl acetate 

HexOH 1-hexanol 

p product stream 

prope  propene 
Wat  water 

Abbreviations 

CSTR  continuous stirred-tank reactor 
DOE  design of experiments 
FIM  Fisher information matrix 
HCRD  heterogeneously catalyzed reactive distillation 
MCO  multicriteria optimization 
MOO  multiobjective optimization 
ODE  optimal design of experiments 
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Keywords: Design of experiments, Model discrimination, Multicriteria optimization, Parameter estimation, Pareto frontier 

Received: July 22, 2016; revised: December 07, 2016; accepted: January 11, 2017 

1 Introduction 

Reliable mathematical models are the key for the design, 
scale-up, and the optimization of processes. Even in the case 

of physically-sound high-fidelity models, assessing these 

against experimental measurements is an essential require- 

ment for the model development. Models of practical engi- 
neering application invariably rely on a number of adjust- 
able parameters which will require experimental data for 
their estimation and validation. Obtaining such experimen- 

tal data is in most cases time-consuming and expensive. In 

this regard, the design of experiments (DOE) methodology 
plays a key role in planning the experiments in an efficient 

way, ie, to achieve a maximum amount of information 
(information content) with the minimum number of ex- 
periments. An insight into the principles and strategies of 
experimental design can be found, eg., in the review of 

Soravia and Orth [1] and in a historical review [2]. In par- 
Heular, when a model is available, experimental design 
(known as model-based experimental design [3]) can pro- 
vide a reliable and efficient tool to discriminate among dif- 
ferent possible models and to minimize the uncertainty in 
the model-parameter estimates, i.e., to improve the statisti- 
cal quality or parameter precision. 

Optimal model-based experimental designs make use of 
the model equations and current parameter values to decide 
on the next experiment through evaluation of an objective 
function and application of an optimization technique. 
When the current estimate of model-parameters shall be 
improved, a typical objective function is the sensitivity of 
measured variables, such as conversion rates, concentration 
profiles, and temperatures, to the model parameter of inter- 

Chem. Ing. Tech. 2017, 89, No, 5, 645-654 © 2017 WILEY-VCH Verlag GmbH & Co. KGaA, Weinheim 

est, e.g, stage efficiency, effective interfacial area, catalyst ac- 

tivity, activity coefficients at infinite dilution, and kinetic 

constants. In the case of model discrimination, the aim is to 
identify experimental conditions that maximize the diver- 
gence between the predictions of different models, e.g, an 
equilibrium-stage model vs a rate-based model or a plug- 

flow reactor model vs a model of a tubular reactor with 
nonideal flow behavior. A review on model discrimination 
techniques can be found in Schwaab et al. [4]. A different 
objective may also be finding experimental conditions that 

are not far from typical operation of the scaled-up plant or 
even reducing experimental uncertainties [5, 6]. 

In practical applications, there will be usually more than 

one quality measure or objective to be optimized in order to 
identify the most interesting range for experiments to be 

realized. Even when dealing with a parameter estimation 
problem, the most frequent scenario is that the sensitivity of 
one measured variable needs to be optimized to several 

parameters instead of only one single parameter. An exam- 

ple is a system exhibiting a complex reaction network; the 
determination of several kinetic constants in a laboratory 
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experiment may be required. This problem is readily ad- 
dressed by using a multiobjective optimization (MOO), also 
known as multicriteria optimization (MCQ), and in a non- 

trivial case the objectives will be conflicting so that there 
will not be a single solution optimizing all. 
The conventional approach to quantify the information 

content of an experiment in optimal experimental design is 

through information matrices, very often the Fisher infor- 

mation matrix (FIM) [7-9]. In principle, the elements of 
the information matrix constitute single objectives of what 
is in essence a MOO problem. The objective function that is 
typically maximized is, however, a scalar function of the 
information matrix, thus, the problem is ultimately 

approached using single-objective optimization. In the defi- 
nition of the objective function, a certain optimality criteri- 
on is employed. Although attention has been paid to estab- 
lishing different optimality criteria, differentiated by an 
alphabetic notation (the most common criteria are the A-, 

D-, and E-optimality criteria [9 - 11]), there is no best defi- 

nition as in practice all of them show strengths and weak- 

nesses [3], and they may also be conflicting with each other 
for nonlinear models [12]. For well-posed problems, this 
type of simplification to single-objective optimization by 
the use of the design criteria just mentioned may be useful 

to deal with a considerable number of parameters; for ill- 
posed problems, the direct application of these criteria can, 

however, lead to numerical instabilities and regularization 
techniques have to be applied [13]. 
Resorting to approach the optimal design of experiments 

(ODE) using a MOO technique enables the study of the 
trade-offs between conflicting objectives in a systematic 
way. The approach to find best compromises in a MOO 

problem dealing with conflicting objectives is known as 
Pareto optimization, after the Italian economist Pareto [14]. 

The solutions to these problems, called Pareto optimal or 
nondominated solutions, imply that the improvement of 
any of the objectives is not possible without worsening at 
least one other objective. The set comprising all these opti- 
mal solutions is the Pareto set, often referred to as the Pare- 

to frontier of the MOO problem. Calculation of the Pareto 

frontier permits the user to have an overview of the design 
space, analyze trade-offs and make a judicious decision 
based on specific preferences. 
In the field of chemical engineering, some studies focus- 

ing on model-based experimental design, i.e., design of 
experiments for improvement of parameter precision and/ 
or model discrimination, using Pareto optimization started 
to appear in recent years [12, 15-24]. The trade-off 

between experimental effort and information gain is studied 

in [19] and [24]. Other investigations have focused on using 

MOO approaches to find trade-offs between maximizing 
the information content and minimizing parameter correla- 

tion [17,18,20]. Facing the simultaneous solution of model 
discrimination and improvement of model parameters 
through competing objective functions has also been the 
subject of some studies [21-23]. In spite of considering 
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MOO approaches, these investigations tackle parameter es- 

timation through one (or more) of the traditional scalar 
functions of the FIM, and no effort has been made yet to 
use MOO in order to balance objectives resulting from 

practical applications and the information content. In sum- 

mary, the application of MOO to ODE is still limited [3] 

and more effort is needed to exploit the potential of this 
technique to quantify different aspects of interest in further 

applications. 

This work emphasizes the benefits of employing Pareto 
optimization in model-based experimental design of labora- 

tory and pilot plant setups taken from the literature. Here, 

the different objectives of interest are not aggregated into 
one measure, but they are each individually considered. In 

particular, three case studies are discussed where the objec- 
tives of the ODE involve conflicting aims, such as reducing 

the uncertainty of estimated parameter values or of other 
estimated variables, operating close to typical process con- 
ditions, and discriminating between models. A key element 
in the strategy suggested in this work is the use of method- 
ologies that allow a comprehensive analysis of the different 
trade-offs between the objectives involved. Based on this, a 
judicious decision on the DOE can be reached. 1t is impor- 
tant to emphasize that the strategy suggested is general and 

the objectives can be freely chosen by the user. Furthermore, 
this strategy supports including further constraints of, e.g. a 

pilot-plant setup (loading ranges, safety limits, etc.). This is 

advantageous compared to a pure statistical DOE which 

generally ignores any information contained in a model and 
therefore also suggests experiments that are probably less 
interesting. In the next section, the strategy followed is de- 

scribed and the different objective functions considered in 

this work are generically introduced. The application of the 

presented tools is then illustrated for three case studies with 

the intention not to determine strict designs but to give sug- 

gestions using straightforward and intuitive techniques for 

decision support in ODE. 

2 Methodology 

The strategy followed in this work to examine the diflferfant 

case studies consists of setting up the experiment 
design 

problem at hand as a MOO problem. In a first step, the 

multiple objectives are defined (see Sect.2.1). In a s_ecu.m
d 

step, the set of Pareto-optimal solutions for the optimiza
: 

tion problem are found with the MOO method described 
in 

Sect.2.2. A sketch of a Pareto frontier for two nbj
evflives is 

represented in Fig. la. After analysis of the lraée-
nfls.fuund 

between the objectives of interest, the user can design an 

experimental plan which incorporates conditions sprea
d 

out along the Pareto frontier. This selection is s!(elc.hed 

along the Pareto frontier in Fig. 1a and in the optimization-
 

parameter space in Fig. 1b. However, any model has .’i.dl:l\lt- 

tedly certain uncertainty and the user can instead decu:'le o
n 

sampling in the neighborhood of the conditions identified. 

Chem. Ing. Tech. 2017, 89, No. 5, 645-654 
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dependent on a set of N, model parameters 0 
and a set Ny of design or input variables x (a 
subset of which are used as optimization param- 

eters). Different objective functions are consid- 

ered in this work. 

2.1.1 Sensitivity of the Output Variable y; 
to a Model Parameter 6; 

Figure 1. Sketch of a) a Pareto frontier computed for two objectives (J; and 1), 
b) a suggestion for an experimental plan for three optimization parameters 
{x;, X2, and x3) based on a selection of Pareto-optimal solutions, and c) an alter- 

native experimental plan based on a factorial design. The dotted line represents 
the (unknown) Pareto frontier, the filled circles are Pareto-optimal solutions. 

The black circles represent a certain selection of Pareto-optimal solutions for a 
possible experimental plan. The dashed curve in (a) represents the region se- 
lected for a factorial design. The diamonds represent the corresponding experi- 
mental plan according to a full factorial design. 

To this end, the user can alternatively compute an experi- 

mental plan with the statistical DOE approach described in 

Sect. 2.3 in a reduced range of experimental conditions which 

reflects such uncertainty. A sketch of the range chosen within 
the Pareto frontier is shown in Fig. 1a and the correspond- 
ing experimental design according to a statistical approach 

(a factorial design) in Fig. 1c. The latter is further explained 
in Sect.2.3. 

Simulations are carried out with the in-house process 

simulator CHEMASIM of BASF which provides functional- 
ities for MOO, sensitivity studies, and ODE [25,26]. 

2.1 Objective Functions 

A number of different variables or parameters intervene in a 

given process model, as shown in Fig. 2. A set of experimental 
output variables y affected only by stochastic errors € (these 

can include effects such as measurement errors on the output 

variable, the influence of other variables, and other sources of 
variation inherent in the process) which can be predicted by 
anonlinear model f(8,x) is assumed, so that 

y=f(0.x) +e (1) 

The optimization problem for parameter estima- 
tion is based on maximizing the perturbation of 
the jth parameter on the prediction of the ith 
output. Usually, first derivatives are used in 
DOE to estimate local sensitivity. Here, averaged 

finite differences are used rather than derivatives 
to compute the sensitivity of the output variables 
with respect to the parameters. These are eval- 
uvated in this work using a factorial design analy- 

sis following [11]. Factorial design avoids correlation be- 

tween parameters [27]. Other schemes to calculate so-called 

global sensitivities [26] are of course also possible. 

In problems with a larger number of parameters, it is not 
meaningful to use each individual sensitivity as an objective. 

Therefore, a common practice when using first derivatives, 

i.e., the Jacobian matrix J, is to consider the FIM (JJ) and 

to choose a scalar metric, e.g., A, D, E criteria, as objective. 
The present methodology allows also employing these con- 

ventionally used measures in model-based DOE [7-9], in 

this work evaluated for one design point. Another alterna- 
tive extension of the applied approach for problems with 
many parameters is to consider a sensitivity matrix SM 

consisting of elements computed using global schemes. In 

that case, a similar approach is possible: the in general 
nonsquared matrix has to be converted into a squared 

information matrix (IM) by multiplication with its trans- 
pose, i.e, 

IM = SMTSM 2 

before applying the same scalar metrics as for the FIM, such 
as determinants or traces. 

Input variables / design variables x Output variables / observables y 

‘.‘ Model parameters & 

2.1.2 Closeness to Production 
Processes 

In this case, the objective is mini- 
mizing the distance to the opera- 

tion point characterizing the pro- 
duction process. For a chosen 
output variable y; and a typical 
process value given by 7, an ob- 

jective can be defined based on 

the squared difference, or for sev- 
eral variables the sum of the 

Predicted output 
variables f 

squared differences, as 
Figure 2. Variables and parameters intervening in a process model for the design of experi- ments. 
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648 
Chemie 

h= /3 (60— 3)* ©) 

The process value may in practice not be well specified, 
in which case this objective may be simply replaced by min- 
imizing or maximizing a typical production objective, e.g., 
the costs or the profit of a plant. 

2.1.3 Model Discrimination 

The objective in this case consists of maximizing the differ- 
ence in the predictions of the two models which, for N,, 
output variables , predicted by models I and IT as £ and f¥, 
can be expressed as 

1 5 
h= JE gmke.x} - 6.0 ) 

2.14 Considering the Effect of the Uncertainty 
in Experimental Measurements on the 
Uncertainty of Estimated Values 

Additional objective functions can be considered to find the 
operation conditions where the error propagation of experi- 
mental uncertainties to estimated variables is minimized. A 
variable g is assumed whose value is estimated out of a 
number N, of experimental variables z; which can be input 

or other output variables. Neglecting correlation or assum- 

ing the variables to be independent, the objective function 
has the form 

b= = (%, ) 5) 

where Az is the experimental uncertainty of the measured 
variable z;. 

This fist presents a variety of objective functions that are 
applicable for many ODE problems. The method presented 
in this work, however, is not limited to these ob- 
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[25,26,29-31], and parameter estimation of molecular 
simulation [32 - 34] and thermodynamic models [35]. 

2.3 Statistical Design of Experiments 

An experimental plan is computed for a prespecified num- 
ber of experiments. The experimental conditions are set 
based on a factorial design matrix for the input variables 
chosen by the user. In the factorial design, the lower and 
upper limits of the input variables are identified by the user 
from the results of the MOO. A complete factorial design 
does not necessarily need to be set up, but the number of 
experiments is decided based on the estimated gain in rela- 
tive variance that can be achieved (the accuracy in the esti- 

mated parameters can ideally, ie., for linear models, be 
increased proportionally to the number of experiments 
[11,36]). The feasibility of the experimental plan can then 
be checked and an alternative feasible design can be sug- 
gested if necessary. 

3 Case Studies 

3.1 Cumene Process 

The industrial process for the synthesis of cumene (iso- 
propylbenzene) has been optimized by various research 
groups [37-39]. A simplified sketch with the main ele- 
ments is shown in Fig. 3. 
The production of cumene involves the reaction of ben- 

zene and propene in a gas-phase reaclor at high tempera- 
ture and pressure 

CeHe GHs _. GHp ) 
(benzene) ' (propene)  (cumene) 

and a sequential reaction between the unreacted propene 
and cumene to produce the by-product p-diisopropylben- 

jective functions. In principle, the user can de- 
fine any objective function based on the given 
input variables, output variables, and/or model 
parameters, 

2.2 Multiobjective Optimization 

An adaptive method [25,28] based on a hybrid 
algorithm s employed here to calculate a " mixing ratio ratio 5, 
minimal number of Pareto-optimal solutions to E;SS;:: Ry 

linearly approximate the complete Pareto fron- e 095 col/mol 

cumene 
X = 0.999 molimol 

benzene -3 cumene diisopropylbenzene 

tier within 2 predefined tolerance. The method- 

ology has previously been employed within  Figure 3. simplified sketch of the process for the industrial production of cu- 
product and process design and optimization 

wwwcit-journal.com © 2017 WILEY-VCH Verlag GmbH & Co. KGaA, Weinheim 

mene. The purities of the feed (Xyrope) and product (xcum) are specified. 
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CoHyz CHg CizHyg 
(propene)  (p-diisopropylbenzene) 

(7) 

(cumene) 

In this work, the forward kinetic constants k; =~ 0l 

and k- of these two reactions are considered un- 5 oos 

certain. An experiment of interest aims at im- = 

proving the precision of the kinetic constants 5 
while working close to typical process conditions 
and within the operating limits of the plant. 

L& 1.9 2 . 
(A Y - Ak ") / (molmol 1) Vo / 

09 095 
(molmol 1) 

Obviously, a production plant is not intended to 

be used for experimental investigations, but here 
it is used as an example for a mini- or pilot 
plant; the process might in principle be easily 
scaled down, which does not change the follow- 

ing principal findings. The task for improving 
the kinetic constants is therefore to maximize 

the sensitivity of appropriate measured variables to changes 

of the kinetic constants while not deviating far from realistic 
process conditions. The measured variables chosen to 
define the sensitivities are the yields of cumene (Youm) and 

p-diisopropylbenzene (Yy;,) in the reactor with regard to 

the amount of propane at the inlet, while typical process 

conditions are defined based on minimizing production 
costs, in particular operational expenditures divided by the 

amount of produced cumene. The forward kinetic constants 
(uncertain parameters) of the reactions described are varied 

by +10% using a factorial design as sampling method. This 

uncertainty is chosen according to practical experience with 

kinetic models. The specific magnitude is only used here for 

demonstration purposes, Since the focus is not on partial 
derivatives as sensitivities, but finite differences or other 

global sensitivity measures are allowed [27], these rather 

large uncertainties can be handled. To reduce the complex- 
ity in the visualization of the results, the third objective 
(minimizing the production costs) is set as a constraint fol- 

lowing an epsilon-constraint method [40]. The optimiza- 

tion parameters are the temperature of the reactor (T}), the 

feed ratio (R,,) of propene to benzene (both fed and 

recycled), the reflux ratios (RR, and RR;), and the split 

ratios (S, and S,, see Fig. 3) in the distillation columns, and 

the load of the plant (capacity over a nominal value of 

98kta™). The results of the MOO problem are shown in 
Fig. 4 for different upper-bound values of the constraint in 
the production costs (contour lines). For the conditions 

studied, the sensitivity measures are conflicting objectives 
and they further conflict with the cost objective (the calcula- 
tions suggest however that there may be a limit in the con- 
flict between the sensitivity measure for the yield of cumene 
and the cost objective). In general, the changes in the sensi- 
tivity of the yield of p-diisopropylbenzene are smaller, but 
the nominal values for this yield are also smaller. Tt can be 
seen that permitting higher costs leads in general to higher 
yields of the by-product and lower yields of cumene. These 
results are tabulated in the Supporting Information along 
with the parameter values. The MOO results obtained are 

Chem. Ing. Tech. 2017, 89, No. 5, 645-654 © 2017 WILEY-VCH Verlag GmbH & Co. KGaA, Weinheim 

Figure 4. Pareto-optimal solutions for three values of the production costs 
(475 €t as squares, 477 €t as circles, and 479 €t as diamonds) for the case 
study of the cumene process. Values of a} the two sensitivity measures chosen as 
objectives to be maximized (i.e., the sensitivity of the yield of cumene to 
changes in k; and that of the yield of diisopropylbenzene to changes in k,) and 
b) the respective yields. The values are calculated using dimensionless kinetic 
constants. 

in themselves an important result 1o design an efficient 
experimental plan. In fact, if the original ranges in which 

the parameters are allowed to vary during the optimizations 

and the final ranges where the Pareto-optimal solutions are 

located are compared (see Tab. 1), it can be seen that the 
range in the values of the parameter space has been consid- 
erably reduced. The range of possibilities where to conduct 
experiments is therefore reduced. Further reductions in the 

region of interest will depend on the user’s preferences and 
an example as well as the proposed experimental design in 

that region is given in the Supporting Information, where 

the minimum number of experiments was chosen. As 

already mentioned, doubling the number of experiments 

can ideally, i.e., for linear models, halve the uncertainty of 
the measured variables. 

Table 1. Reduction in the original parameter space after Pareto 
optimization. 

Parameter Initially allowed range  Pareto-optimal range 

T, K] [340; 400] [340.0; 341.1] 

Ry, [mol mol ] [0.2;09] [0.44; 0.65] 

RRy [-] [0.15 1] [0.100; 0.201] 

RR; [-] [0.1; 1] [0.285; 0.396] 

In(8)) [-] [-12; ~1] [-1.261; -2.480] 

In(S2) [-] [-12; -1] [-9.277; -10.220] 

Load [-] [06;1.2] [0.600; 1.024] 

3.2 Laboratory Reactor for Measuring the Kinetics 
for Reactive Distillation 

The kinetics of a given reaction is often studied in the labo- 
ratory using standard procedures independently of the con- 
ditions at which the reaction occurs in the real process. 
Understanding the reaction kinetics at conditions close to 
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those used in the actual process may however be important 
for the reliable design and operation of the latter. In this 
example, the process of interest is a heterogeneously cata- 
lyzed reactive distillation (HCRD) where the reaction oc- 
curring is the esterification of n-hexyl acetate [41, 42]: 

CeHysOH 

(1-hexanal) 

CH;COOH _ CH;COOCgH, ;3 H,0 

(acetic acid)  (m-hexyl acetate)  (water) 

(8) 

This type of reaction can be studied using standard labo- 
ratory reactors such as a batch reactor [43], a tubular reac- 
tor [44], or a continuous stirred tank reactor [41]. The 
drawback of all these reactors is, however, that the concen- 
tration of water is increasing when the reaction is progress- 
ing. In contrast, the concentration of water in the reaction 
zone of the HCRD column is typically very low because 
water, which is the lightest boiling component in this sys- 
tem, is continuously removed from the liquid phase. As the 
concentration of water has a significant impact on the cata- 
Iyst [45,46), a continueus stirred-tank reactor (CSTR) with 
partial evaporation of the liquid mixture is considered in 
this work that enables to measure the reaction kinetics 
while keeping the concentration of water in the liquid phase 
low, ie, similar to that found in the reactive zone of the 
HCRD column. A sketch of this reactor setup is shown in 
Fig.5. More details can be found in [41]. Compared to the 

standard CSTR without evaporation, the uncertainty in the 

determination of the reaction kinetics is larger with this 
reactor setup because of the propagation of the experimen- 
tal error in the analysis of the composition and the mass 

flow rate in the vapor stream. Thus, important questions 
for the ODE are not only which experimental parameters 
should be chosen to maximize the sensitivity of a chosen 
observable (the mass fraction of hexyl acetate in the prod- 

uct) with respect to changes in the uncertain parameter (the 
forward kinetic constant of the reaction), but also which 
experimental parameters ensure a low concentration of 
water in the liquid phase (closeness to the process) and 
whether the gains in these two objectives justify the larger 
experimental complexity and the associated larger experi- 
mental error (details regarding experimental errors are giv- 

en in [47]). The latter affect the uncertainty in the determi- 
nation of the reaction kinetics, as mentioned, which is 
included as a third objective in the optimization task follow- 

ing Eq.(5). The optimization parameters are the feed mass 
flow rate (the composition is kept equimolar) and the heat 

duty. A constraint to limit the maximum flow rate of vapor 
is set. In Fig, 6, the results of the optimization with the three 

objectives of interest for the CSTR with partial evaporation 

are compared to the standard CSTR in which no vapor is 

produced, i.e., what would be a typical laboratory setup to 
measure the kinetics (see aiso the Supporting Information 

for the numerical values). It is clearly noticeable that with 
the CSTR with partial evaporation the sensitivity can be 
increased while at the same time the water content can be 
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decreased. Analyzing the results in more detail, it can be 
found that the lower the water content, the higher the 
uncertainty in the determination of the rate of reaction (see 
also the Supporting Information). In view of the results it 
would be advisable to work with evaporation and in a 
region of experimental conditions where an increase in sen- 
sitivity and a decrease in water conlent are achieved without 

excessively increasing the uncertainty of the reaction rate. 

Given the strong curvature of the Pareto frontier, this 
region where the sensitivity is maximized (indicated in 
Fig.6 and also in the Supporting Information) may be a 
good suggestion for collecting experimental data. The pro- 
posed experimental design is given in the Supporting Infor- 
mation. 

T.=393K 
My =58 P @_ _____ 5 

acetic acid i Condensed 
hexanol —— e i 

Tygenon = 0.5 mol/mol . hvd 
- el - 

;l .C:CD . I 
- - - 

= - Product 

Figure 5. Simplified sketch of the CSTR with partial evaporation 
employed to measure the kinetics of the catalyzed esterification 
of n-hexyl acetate and values of the main design variables fixed 
during the optimizations. 

3.3 Reactive Distillation Column 

The conversion of the esterification reaction described in 
the previous case study is in principle limited by chemical 

equilibrium, but can be enhanced by integration of in situ 

separation. In such cases, the application of HCRD is bene- 

ficial. Recently. HCRD experiments were carried out with a 

laboratory setup that consists of a number of units combin- 

ing a distillation tray and a catalyst-bed reaction section, 

so-called D+R trays [42]. The experimental setup is 

sketched in Fig. 7. 
Two models are suggested [48,49] to describe each of 

these D+R trays, as sketched in Fig. 8. The first one (Model 

A, shown in Fig.8a) consists of a vapor-liquid equilibrium 

(VLE) stage with a superimposed CSTR, ie., the reaction .is 

kinetically controlled); in the second (Model B, shown in 

Fig. 8b) the arrangement of these two elements is sequential 

and the catalyst bed is modeled as a series of CSTRs to 

mimic the characteristics of a plug-flow reactor [49]. Dis- 

criminating between these two models is the motivation for 

an experimental design discussed in the following. With this 

aim, a first objective is built based on the sum of the differ- 

ences in the predictions by the two models regarding the 

product composition at various measuring points alon:g the 

column, which is set to be maximized so as to discriminate 

between the models. This objective, Ax;:f,nhc. is calculated 

considering a total of eight sampling points (one afh.zr 
each 

D+R tray the experimental setup consists of), following 
the 

Chem. Ing. Tech. 2017, 89, No. 5, 645-654
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Figure 6. Pareto-optimal solutions for the case study of the laboratory reactor. Note that the sensitivity 
measured is maximized whereas the water content and the uncertainty of the reaction rate are minimized. 
The three objective functions are shown a) in a three-dimensional diagram, b) as a projection of the sensitiv- 
ity measure versus the concentration of water, and ¢) as a projection of the sensitivity measure versus the 
uncertainty of the reaction rate. In all cases, results for the CSTR with partial evaporation are presented as 
diamonds and for the CSTR without evaporation as triangles. The region chosen for experimental design is 
indicated with black marker-edge colors. The values are calculated using a dimensionless kinetic constant. 

Decanter 
Feed | Distillate 

{hexanol) organic / purge) 

Distillate 
= B (aqueous) 
1D+ R trays A 

Feed 2 

(ncetic acid 

; Bottom product 
(hexyl acetate) 

Figure 7. Sketch of the HCRD experimental setup. 
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real setup [42]; the difference in the compositions are 

summed as shown in Eq. (4) for the eight liquid streams. To 

be close to the real process conditions, the conversion 

Xfiexon in the benchmark model (ModelB, developed by 
[49]) is set to be maximized as a second objective. The apti- 

mization parameters are the feed flow rate, the amount of 

catalyst, and the ratio of the reboiler duty to the feed flow. 
In Fig.9a it can be seen that both objectives are conflicting 
and the Pareto frontier is nonconvex. If the aim is increas- 

ing the conversion, higher values for the mass of catalyst 

(Fig. 9b), the feed rate (Fig.9¢). and the heat to feed ratio 
(Fig.9d) are favorable. By means of this ODE approach, 

experimental parameters can be identified for which the 
two models predict significant differences in the concentra- 
tion profiles but where the closeness to the production pro- 
cess, Le, the conversion of hexanol, is still high. The results 

are also tabulated in the Supporting Information, Tt has 
been noted that the conversion calculated with Model A fol- 
lows the same trend and is in all cases higher than with 
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tive functions and support him in 
the selection of the most interest- 
ing range of experimental condi- 
tions in a straightforward and in- 
tuitive way. Furthermore, 

arbitrary constraints of the experi- 
mental setup can be taken into ac- 

count. This enables the design of 

Figure 8. Schematic of the two models used to describe the D+R trays (delimited by the discon- 
tinuous lines) in the HCRD column: a) VLE stage with single CSTR superimposed and b) VLE stage 
with a number of sequential CSTRs. 

Model B; on the other side, the purities achieved are 
throughout higher than 0.9 in mass fraction with both 
models (see the Supporting Information). The variation of 
the experimental input parameters that correspond to the 

an efficient experimental plan- 
ning, which can then be comple- 

mented by combination with 
statistical DOE. 
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Pareto frontier shown in Fig.9a can be used as an experi- 
mental plan by itself; alternatively, as described above 
depending on the preferences of the user, a region of the 
Pareto frontier can be chasen, as suggested in the Support- 
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