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a b s t r a c t

Process simulators depend on models for estimating basic thermodynamic properties. The parameters of
these models are subject to uncertainties due to measurement errors in the experimental data and the
uncertainties are typically assumed to be insignificant in process simulation. This work shows the effect
of model parameter uncertainty in the process simulation of extractive distillation for the separation of a
diisopropyl ether e isopropyl alcohol minimum boiling azeotrope with entrainer 2-methoxyethanol.
This is achieved by extending the application of the uncertainty quantification framework used by
Hajipour and Satyro to an extractive distillation process. The approach used was to obtain the best fit of
experimentally available literature data and then perform uncertainty quantification based on the
combined experimental and model uncertainties using a Monte Carlo simulation for the uncertainty
propagation and Aspen Plus® for process simulation. This systematic analysis of model uncertainty
provides quantitative insight into the propagation of thermodynamic model errors to the various unit
operations. It was found that while the propagated model parameters are able to predict the phase
behaviour with a 95% certainty, significant deviations may occur for the process simulation. The
approach can be used to improve the confidence with which appropriate safe design margins are
assigned to columns and identify the risk areas in the design.

© 2017 Elsevier B.V. All rights reserved.

1. Introduction

Process simulation and design depends on thermodynamic
models for estimating the basic properties and for sizing separation
equipment [1]. Thermodynamic model parameters are subject to
parametric uncertainties in experimental data and this influences
the design and sizing of the equipment [2], which in turn directly
effects the capital investment and operating expense of the
chemical plant. The mixture phase equilibria are reported as the
most significant source of property uncertainties and may thus
have a major impact on the simulation [3,4]. However, most
chemical processes designs are performed under a determinist
setting with fixed specifications. Therefore, it is important to
examine the effects of the parameter uncertainties and determine
their impact on the process model and final equipment design.

Uncertainties arise in the available design data and in the ap-
proximations in design calculations. The traditional approach to
handling potential uncertainties during the design phase, is to

include a degree of over-design know as a design factor, design
margin or safety factor [5]. A typical design factor applied to process
stream average flow rates is 10%. This factor will determine the
maximum flows for equipment, instrumentation and piping design.
Overdesign factors are often based on the design engineers expe-
rience or an engineering contractors design guidelines and are
therefore usually not quantitatively derived [5] andmay thus result
in conservative design decisions or infeasible designs. Kister [6]
observed, more than a decade ago, that primary design problems
due to poor reality checking of simulations were rapidly increasing.
Yet, Mathias [1] recently reported that although experts in the field
widely insist that property uncertainties be incorporated into
process design, it is hardly used in practice.

Recently key thermodynamic journals (e.g. Fluid Phase Equi-
libria, Journal of Chemical Thermodynamics, Journal of Chemical
and Engineering Data) mandated reporting of combined un-
certainties with experimental data tables. These journals collec-
tively represent approximately 80% of all thermo-physical property
data publishers [4]. The reporting of experimental data uncertainty
is therefore likely to improve, but the question remains onwhether
the uncertainty information will be used and, perhaps more* Corresponding author.
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importantly, is how the data should be used. Importantly, if and
how will uncertainties in experimental data be transferred to un-
certainties in model parameters?

The importance of uncertainty analysis has been recognised in
the literature. For example, Whiting and co-workers [3,7e14]
provided perhaps the most notable contribution to parametric
uncertainty quantification of thermodynamic models. They per-
formed extensive investigations to determine the impact of phys-
ical property uncertainty on process design and demonstrated
uncertainty propagation techniques through the use of Monte Carlo
simulation (MCS) technique. As an example, Whiting [9] studied
the effect of the experimental data source on the uncertainty of
thermodynamic models by using different data sets for the
regression of NRTLmodel [15] binary interaction parameters (BIPs).
The regressed information was used to perform MCS to generate
100 sets of BIPs to represent a statistical sampling of the most
probable model parameters, assuming accurate and precise mea-
surement of experimental data. The statistical analysis concluded
that a dependency existed between the values of the BIPs and the
data source. Furthermore, combining different experimental data
sources into a combined experimental data pool did not improve
the uncertainty estimates. However, performing analysis on indi-
vidual data sets yielded an improved quantification of uncertainty
and risk. The study also observed that the uncertainties associated
with different experimental data sources could not be correlated
with the goodness of fit of the regressions. At the time, limited
quantitative parametric uncertainty information was available and
these earlier studies were performed using average uncertainties
estimated for different physical properties, such as the evaluations
performed by the Design Institute for Physical Properties (DIPPR).

Hajipour and Satyro [16] expanded on the techniques ofWhiting
and co-workers through the development of an extensive database
of critical parameters, acentric factors and BIPs and encoded it with
parametric uncertainty information. A unique feature of their
database is that it includes fundamental physical property data
available through NIST Thermo Data Engine (TDE). This feature is a
notable improvement on the approach of earlier studies as it is
based on actual parametric uncertainty. The authors also used MCS
to evaluate the effect of the propagated physical property un-
certainties on process simulation results. Frutiger et al. [17] devel-
oped a rigorous methodology for uncertainty analysis of group
contribution based property models, with special application to
heat of combustion. Sin et al. [18] focused on the uncertainty
analysis of waste water treatment plants and how framing affects
the interpretation of uncertainty analysis results. The study
concluded that clear guidelines are required to frame the scope of
the uncertainty analysis and the sources of uncertainty considered
are to be defined and results interpreted within the constraints.

Modelling uncertainty stems from errors, assumptions and ap-
proximations made when selecting a model and can be broken
down into model form uncertainty and parametric uncertainty (or
input uncertainty). The first is related to the models ability to
accurately represent the behaviour of the system and the second is
often as a result of errors in experimental data or estimations of
physical properties [19]. In this work, the source of uncertainty is
limited to parametric uncertainty related to experimental phase
equilibria data.

Bjørner et al. [2] recently applied uncertainty quantification as a
tool to evaluate and compare the performance of the cubic plus
association (CPA) thermodynamic model. The authors noted that in
an effort to improve the performance of models such as CPA and
SAFT additional terms are often added, leading to an increase in
adjustable parameters. The resultant high correlation between
parameters makes it difficult to estimate pure compound param-
eters that are unique. Their study thus confirmed significant

parameter uncertainties due to high parameter inter-correlation.
Mathias [1] proposed an error propagation scheme as an

approach to perform parametric uncertainty quantification. In this
approach, probabilistic methods (i.e. Monte Carlo) are not utilised,
but instead, a semi-empirical method perturbs the activity co-
efficients in proportion to the derived experimental data uncer-
tainty. However, as their technique cannot provide a probabilistic
view it is not considered for this work.

While selected studies have considered the effect of parameter
uncertainty on a process model, very little work has focussed on
extractive distillation per se. Hukkerikar et al. [20] performed
sensitivity analysis for the design of an extractive distillation pro-
cess subject to uncertainties in the property estimates, employing a
one-factor-at-a-time-approach. In extractive distillation the un-
derlying thermodynamics is non-ideal and the two distillation
columns are interconnected. Therefore, the focus is on extractive
distillation uncertainty analysis using a probabilistic framework to
be better-informed whether appropriate safe design margins are
assigned.

To investigate the effect of the uncertainty of the BIPs, this work
will focus on the separation of di-isopropyl ether (DIPE) and iso-
propanol (IPA) using 2-methoxyethanol (2MEt) as extraction
agent. While it has been shown that 2MEt is able to achieve the
separation [21], the effect of mixture phase equilibria uncertainty
on the DIPE þ IPA þ 2MEt extractive distillation system has not
been widely assessed. Lladosa et al. [21] characterised the phase
behaviour of the DIPE þ IPA þ 2MEt, thus providing good data as a
starting point.

The NRTL activity coefficient model [15] is a simple yet widely
applied thermodynamic model with three parameters for each bi-
nary pair. The model has a fundamental basis and thus able to
incorporate non-idealities in the liquid phase from a non-empirical
basis. The NRTLmodel is able to predict the DIPEþ IPAþ 2MEtwell,
as shown by Lladosa et al. [21] and verified in this work.

One of the most recent approaches to quantify the BIP un-
certainties is the one developed by Hajipour and Satyro [22]. In this
approach, the experimental data involved in the study serves as the
probabilistic input variables and the Monte Carlo technique is used
to propagate the parametric uncertainties through the thermody-
namic model and process simulation. The details of the approach
are given elsewhere [16,22,23].

The aim of this work is thus to determine the effect in model
parameter uncertainty on the process simulation of extractive
distillation. In particular, the separation of DIPE from IPA using
2MEt as extractive solvent is considered as system and the NRTL
activity coefficient model is used to describe the underlying ther-
modynamics. A Monte Carlo technique will be used to propagate
the errors, the effect of whichwill then be quantified in Aspen Plus®

simulations. This workwill thus provide an outcome as to the effect
of uncertainties in the BIPs estimated from phase equilibrium cal-
culations on process simulations.

2. Methods

The following overall methodology is followed to achieve the
aim: Firstly, a base case set of parameters is obtained based on
literature data. Secondly, the error is propagated using a MCS and
100 data sets are generated. Finally, simulations with each data set
are conducted to determine the effect of the parameter uncertainty.
In the context of this work, absolute uncertainty is 2 times the
standard deviation and relative uncertainty is the relative difference
between the base case values (without safety factors) and the 95%
confidence level values for the simulation model parameters given
the input parameter uncertainty.
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