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a b s t r a c t

In order to successfully estimate parameters of a numerical model, multiple criteria should be considered.
Multi-objective Differential Evolution (MODE) and Multi-objective Genetic Algorithm (MOGA) have
proved effective in numerous such applications, where most of the techniques relying on the condition
of Pareto efficiency to compare different solutions. We describe the performance of two population based
search algorithms (Nondominated Sorting Differential Evolution (NSDE) and Nondominated Sorting
Genetic Algorithm (NGAII)) when applied to parameter estimation of a pressure swing adsorption
(PSA) model. Full PSA mode is a complicated dynamic processing involving all transfer phenomena (mass,
heat and momentum transfer) and has proven to be successful in a wide of applications. The limitation of
using full PSA models is their expensive computational requirement. The parameter estimation analysis
usually needs to run the numerical model and evaluate the performance thousands of times. However, in
real world applications, there is simply not enough time and resources to perform such a huge number of
model runs. In this study, a computational framework, known as v-support vector regression (v-SVR) PSA
model, is presented for solving computationally expensive simulation problems. Formulation of an auto-
matic parameter estimation strategy for the PSA model is outline. The simulations show that the NSDE is
able to find better spread of solutions and better convergence near the true Pareto-optimal front com-
pared to NSGAII-one elitist MOGA that pays special attention to creating a diverse Pareto-optimal front.

� 2013 Elsevier Ltd. All rights reserved.

1. Introduction

Pressure Swing Adsorption (PSA) has found a wide range of
applications in air drying, separation of oxygen and nitrogen in
air, hydrogen purification, solvent vapour recovery and various
separations in which it is difficult to separate by other common
techniques, such as distillation and extraction. After its invention,
a great deal of theoretical and experimental researches have been
focused on PSA modelling with the growth in computing power
(Farooq, 1988; Hassan, Raghavan, & Ruthven, 1986; Hassan,
Raghavan, & Ruthven, 1987; Ruthven, 1984; Sankararato & Gupta,
2007). They give a good description of the dynamic processes since
they cater for mass, momentum, and heat conservation.

Parameter estimation is the process of modifying the input
parameters to a numerical model until the output from the model
matches an observed set of data. In automatic parameter estimation,
parameters are adjusted automatically according to a specified
search scheme and numerical measures of the goodness-of-fit (Liu,
2009; Madsen, 2000). Compared to manual parameter estimation,
automatic parameter estimation is faster while being objective

and relatively easy to implement. It has been found that success of
model parameter estimation depends on the choice of the objective
function used (Cooper, Nguyen, & Nicell, 1997; Janssen & Heuberger,
1995). For a more detailed description about performance measures
for comparing model predictions and observations using different
objective functions the reader is referred to Janssen and Heuberger
(1995). Many real-world optimisation problems, especially numer-
ical parameter estimation situations, require the process of simulta-
neous optimisation of possibly conflicting multiple objectives, and
this is termed multi-objective optimisation. The multi-objective
chemical model parameter estimation problem can be stated as
the optimisation problem:

Minimize FðhÞ ¼ ff1ðhÞ; f2ðhÞ; . . . ; fmðhÞg ð1Þ

where f1ðhÞ; f2ðhÞ; . . . ; fmðhÞ are the m non-commensurable objective
functions to be simultaneously minimized with respect to the
parameters h of the model (Yapo, Gupta, & Sorooshian, 1998). By
definition, the multi-objective optimisation has a very different nat-
ure from that of a single-objective optimisation. Unlike single-
objective optimisation where only one optimal solution is pursued,
a typical multi-objective optimisation problem produces a set of
solutions which are superior to the rest of the solutions with respect
to all objective criteria but are inferior to other solutions in one or
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more objectives. These solutions are known as Pareto optimal solu-
tions or non-dominated solutions. In the absence of additional
information, it is not possible to distinguish any one of the Pareto
solutions as being objectively better than any others with respect
to all the objectives concerned (i.e. there is no uniquely ‘‘best’’ solu-
tion); therefore, any one of them is an acceptable solution (Yapo
et al., 1998). Once the set of optimal solutions is identified, the
designers have the freedom of choosing one solution out of many
possible solutions based on their experience and prior knowledge
and other criteria or constraints. Most multi-objective techniques
attempt to identify a set of optimal solutions which represent the
trade-off surface between conflicting criteria. Practical experience
with model parameter estimation suggests that no single objective
function is adequate to measure properly the simulation of all the
important characteristics of the system that are reflected in the
observations. Therefore, there is a need to consider multiple objec-
tives for model parameter estimation to be effective.

Genetic Algorithms (GAs) are becoming popular choices for bet-
ter global optimisation frameworks to fully realise the full benefits
to conducting numerical model parameter estimation, because of
their simplicity, global perspective, and inherent parallel process-
ing (Deb, 2001; Goldberg, 1989; Holland, 1975). Genetic algorithms
attempt to mimic the natural selection process to optimise a target
function. The capabilities of multi-objective genetic algorithms
(MOGAs) to explore and discover Pareto-optimal fronts on multi-
objective optimisation problems have been well recognised (Deb,
Agrawal, Pratap, & Meyarivan, 2002; Liu, 2009). It has been shown
that MOGAs outperform traditional deterministic methods to this
type of problem due to their capacity to explore and combine var-
ious solutions to find the Pareto front in a single run. The NSGA-II
optimisation algorithm has been shown to provide an efficient
approximation of the Pareto front for the design of pressure swing
adsorption (Fiandaca, Fraga, & Brandani, 2009). Fiandaca et al.
(2009) presented an investigation of a fast cycle PSA operation,
the separation of air for N2 production. The two-objective optimisa-
tion problems (the recovery of N2 achieved and the purity of the N2
actually recovered) are formulated for the operation of a PSA. The
simulation requires a diffusion model, which involves coupled non-
linear partial differential and algebraic equations (PDAES). The sim-
ulation results suggest that the proposed optimisation framework
is able to achieve good solutions as well diversity using NSGA-II.
The simulated annealing method is based on an analogy between
the way in which solids cool and anneal and the optimisation of a
function with many degrees of freedom. The annealing of a solid
is accomplished by heating it up and allowing it to cool down
slowly so that thermal equilibrium is maintained. This ensures that
the atoms are obtaining a minimum energy state. An advantage of
SA is that it can handle mixed discrete and continues problems.
Sankararato and Gupta (2007) developed a modified multi-objec-
tive simulated annealing (MOSM) optimisation and applied it to
optimise 6 operation parameters (adsorption pressure, desorption
pressure, adsorption and purge times, and input flow rate) of a
two-fixed-bed, four-stage pressure swing adsorber (PSA) unit for
separation of air. Four objective functions (Purity of O2, Recovery
rate of O2, Purity of N2 and Recovery rate of N2) were applied using
the MOSM and the optimal Pareto front was achieved using the
MOSM. However, each simulation of PSA model took around 24 h
to attain cyclic stable state (CSS) and the CPU time required for solv-
ing the four-objective optimisation problems on a Pentium 4
(2.99 GHz) is 720 h with this algorithm. Sankararato and Yoo
(2011) described details of the rMOSA algorithm. Four computa-
tionally intensive benchmark problems and on simulation-inten-
sive two-objective problem for an industrial fluidized-Bed
Catalytic Cracking Unit (FCCU) are solved using the newly devel-
oped algorithms (rMOSA and Simple MOSA) and two well-known
existing MOO algorithms (NSGA-II-JG and NSGAII). The developed

rMOSA was proved to converge to Pareto sets in less number of sim-
ulations with well-crowed uniform non-dominating solutions in
them, for the problems considered in their study. The particle
swarm optimisation and differential evolution are two new sto-
chastic optimisation methods minimizing an objective function
that can model the problem’s objectives while incorporating con-
straints, and have three main advantages: global search regardless
of the initial parameter values, fast convergence, and few control
parameters. Both techniques have shown great promise in several
real-world applications (Eberhart & Shi, 2000; Kennedy & Eberhart,
1995; Storn & Price, 1995). DE and PSO seem particularly suitable
for multi-objective optimisation mainly because of the high speed
of convergence (Coello, Pulido, & Lechuga, 2004; Lorio & Li, 2004).
The non-dominated sorting differential evolution (NSDE) and
non-dominated sorting particle swarm optimisation (NSPSO) com-
bine the advanced operations (fast ranking of non-dominated solu-
tions, crowding distance ranking, elitist strategy of combining
parent population and offspring population together, selection
and mutation operations) with a single DE and a single PSO (Deb
et al., 2002; Liu, 2009; Lorio & Li, 2004).

The study case was modelled using the rigorous model which
comprises unsteady mass and energy balance equations for the
macro-voids (gas ‘‘phase’’), as well as mass balance equations for
the micro-voids (inside the porous particle ‘‘phase’’) (Sankararato
& Gupta, 2007). The rigorous model has advantages over the more
popular linear driving force (LDF) model in that slightly better (non
oscillatory) results are obtained with fewer finite-difference grid
points. However, the limitation of using full PSA models is their
expensive computational requirement. Liu, Pender, and Neélz
(2009) proposed a nonlinear regression model (Support vector ma-
chine) using machine learning technique to predict the 2D fluid dy-
namic model results obtained from a very small number of fine
grid model runs instead of running the time consuming fluid dy-
namic model. We adopted this idea in this paper and the work pre-
sents an integration of v-SVR by using a very small number of fine
grid PSA model runs to estimate purity and recovery rate of the O2

for air separation after the training process. In the following we re-
fer to this technique as v-SVR-PSA model. If adequately trained, the
algorithm reported can serve as an alternative to expensive PSA
models for fitness estimation during parameter estimation process.
This approach can substantially reduce the computational time
without compromising the predictive capabilities of a fine grid
PSA model. The parameters of the PSA models cannot, in general,
be determined directly from physical characteristics, and hence
the parameter values must be estimated by parameter estimation
against observed data. In this paper, the multi-objective optimisa-
tion problems are formulated for a PSA system using the recent
and efficient algorithm (NSDE). The multi-objective parameter
estimation of the v-SVR-PSA model shows that the NSDE is able
to find better spread of solutions and better convergence near
the true Pareto-optimal front compared to NSGAII-one elitist
MOGA that pays special attention to creating a diverse Pareto-
optimal front.

2. Pressure swing adsorption model evaluation using support
vector machine

Two fixed bed adsorbers are used, as shown schematically in
Fig. 1. This is basic Skarstrom PSA cycle and each bed undergoes
a cyclic operation (see in Fig. 2) involving four stages (pressuriza-
tion, adsorption, blowdown and purge) (Skarstorm, 1960). The
CPU time required for simulation (to attain CSS, for the 6 decision
variables) on an Intel core 2 Quad CPU 2.30 GHz and 3 GB of RAM is
around 12 h. Details of this unit are given in Table 1 (Sankararato &
Gupta, 2007). The source code of rigorous model was developed in
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