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ABSTRACT: Integrated Gasification Combined Cycle (IGCC) system using coal gasification is an important component of future
energy alternatives. Consequently, understanding the system operation and optimizing it in the presence of uncertain operating
conditions is important. Moreover, since gasification is the most important component of the system, it is particularly critical to
understand the impact of uncertainty in gasification operation on the IGCC system. This article presents research conducted to
achieve these objectives. The work initially focuses on developing a computational fluid dynamics (CFD) model for the single-stage
coal gasifier, which is a part of the IGCC system. The impact of varying coal composition on the gasifier operations is determined
from the CFD simulations. The stochastic CFD simulation results are then compared with those for an approximate gasifier model
developed in ASPEN Plus as a part of the IGCC model to characterize and quantify the gasifier operation uncertainty. The CAPE-
OPEN compliant stochastic simulation capability is also used to perform deterministic and stochastic multiobjective optimization of
the IGCC system. This is based on the Parameter Space Investigation (PSI) method of multiobjective optimization useful for
nonconvex nonlinear surface. Stochastic modeling is also useful for identifying important decision variables for such surfaces using
Partial Rank Correlation Coefficients (PRCC).

1. INTRODUCTION

Integrated Gasification Combined Cycle (IGCC) system is a
critical component of future sustainable energy alternatives.1-4

The important advantages of the IGCC system as compared to
conventional power generation systems using pulverized coal are
higher thermal efficiency and lower emissions.5,6 Consequently,
there has been a significant focus on science and engineering
aspects of the IGCC system as well as various innovations within
the system.6-11 Coal is an abundantly available and cheap source
of fossil energy in various parts of the world. However, there are
serious concerns related to the greenhouse gas emissions asso-
ciated with the use of coal. Given this, IGCC system using coal
gasification presents a sustainable option for the use of coal for
power generation.12-14 The operation of the IGCC system,
however, is subject to various uncertainties, including the process
input parameters as well as the operating parameters. Coal
gasification is an important component of the IGCC system.
Consequently, the impact of coal gasifier operations and the
uncertainties associated with coal gasification need to be under-
stood and quantified. The results can then be used for optimizing
the performance of the IGCC system.

The scope of this work is to use the CAPE-OPEN compliant
stochastic modeling capability15 to conduct a comprehensive
uncertainty analysis of the Integrated Gasification Combined
Cycle (IGCC) system based on single-stage downflow coal
gasifier. To achieve this objective, a CFD model for the single-
stage downflow gasifier is developed in FLUENT. Then, un-
certainties in the IGCC process that will be encountered in real
systems and impact the performance of the whole system are
identified and quantified. Stochastic simulations of the gasifier
CFD model in FLUENT are conducted for uncertainty quanti-
fication of the detailed gasifier model. Then, multiobjective

optimization using the CAPE-OPEN capability on the Aspen
Plus IGCC system is carried out to determine the Pareto surface
that can help in the operation of the system.

The rest of the article is arranged as follows. Section 2 provides
an overview of Integrated Gasification Combined Cycle (IGCC)
system using a single-stage gasifier. Section 3 describes the CFD
modeling of the single-stage downflow gasifier and presents the
simulation results for the basic model. Section 4 discusses the
uncertainty characterization and quantification for the gasifier
model and presents results for the stochastic simulations of
FLUENT model. Section 5 presents the results for deterministic
and stochastic multiobjective optimization of the IGCC system
using stochastic simulation results for selected decision variables.
The article ends with conclusions in section 6.

2. INTEGRATED GASIFICATION COMBINED CYCLE
(IGCC) SYSTEM

Integrated Gasification Combined Cycle (IGCC) technology
is increasingly important in the world energy market, where low-
cost opportunity feedstocks such as coal, heavy oils, and pet coke
are the fuels of choice. IGCC technology produces low-cost
electricity while meeting strict environmental regulations. There
are primarily two important types of gasification technologies
commercially available, namely, two-stage upflow entrained
gasifier, and single-stage downflow entrained gasifier. This work

Special Issue: Puigjaner Issue

Received: June 25, 2010
Accepted: November 2, 2010
Revised: October 27, 2010



4880 dx.doi.org/10.1021/ie101355x |Ind. Eng. Chem. Res. 2011, 50, 4879–4892

Industrial & Engineering Chemistry Research ARTICLE

analyzes the IGCC system incorporating a single-stage downflow
gasifier.

Figure 1 shows the IGCC system flowsheet that is used in the
current work.16 The system is based on the General Electric
(GE) energy gasifier and two advanced F-class gas turbines
partially integrated with an elevated pressure air separation unit
(ASU). Syngas desulfurization is provided by a Selexol acid gas
removal (AGR) system and a two-bed Claus Unit with tail gas
recycle to Selexol. Ninety-five percent CO2 capture is accom-
plished in the Selexol system, and the product is compressed to
15.168 MPa (2200 psig). A brief description of the flowsheet is
given below. Please refer to ref 16 for further details.

Coal is supplied to the gasifier where it is partially oxidized
under pressure of about 223 MPa (56 atm). The plant uses
oxygen (with traces of argon and nitrogen) as oxidant. The ASU
is responsible for providing the gasifier with 95% oxygen as the
gasification oxidant. Slurry water is added to the coal constituents
as required to create the coal slurry mixture by design specifica-
tion. The mixture is set to be 66% solids by weight. The gasifier is
set to operate at 1315.5 �C (2400 �F) and 5.6 MPa (814.7 psia)
according to the vendor specification. The high temperatures
ensure that the noncombustible ash from coal is converted into a
liquid slag with low viscosity which easily flows out of the gasifier.
Hot raw fuel gas exits the gasifier at approximately 1315 �C/5.6

MPa (2400 �F/814.7 psia). The fuel gas and residual char leaving
the cyclone are cooled to 593 �C (1100 �F) raising high-pressure
steam in a radiant water-tube boiler. After the radiant cooling, the
syngas passes through a quench, where adiabatic operation of the
syngas quench cooling cools the syngas down to 210 �C (410
�F). The quench bottoms are then sent to a slag separator and
process gas splitter, which completely remove slag and ash, and
separate process gas and leftover quench water. The process gas
goes back to the syngas stream and the leftover quench, or
blackwater, is scrubbed. Steam is added to the syngas exiting the
quench system. This sets the H2O/CO ratio equal to 2 before the
water gas shift reactions.

The water gas shift reactions occur in three reactors, with
cooling between each. Each of the water gas shift reactors
converts approximately 80% of the CO in the feed to CO2. Over
95% of the COS present in the syngas is also converted to H2S in
the reactors. The cooling between each reactor maintains a
reactor inlet temperature of 232 �C (450 �F). Syngas cooling
and knockout is accomplished in three stages in an attempt to
maximize heat recovery while meeting the temperature demands
of downstream systems. After the cooling, the syngas goes
through NH3 conditioning to remove any NH3 in the stream.
The syngas, having been cooled, is sent to the selexol reactor. The
feed is separated into three streams: a hydrogen-rich outlet that is

Figure 1. Integrated Gasification Combined Cycle (IGCC) flowsheet.
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sent to the gas turbine, a CO2-rich bottoms stream to be
compressed for CO2 capture, and a sulfur-rich stream to be sent
to the Claus plant. The Claus reactor is a two-stage reactor and is
responsible for removing sulfur compounds from the gas stream.
Prior to entering the catalytic reactors, the Claus reactor effluent
enters the waste heat boiler where S2 is converted to S6 and S8.
Medium pressure (MP) steam is produced from the heat
liberated from this reaction. After heating the effluent to
232 �C (450 �F), the tail gas is fed to the tail gas hydrogenation
reactor. The condensate is then removed in the tail gas cooler.
The effluent from the tail gas cooler goes through a multistage
compressor. The tail gas is compressed from 0.128 MPa (18.6
psia) up to 5.35 MPa (776 psia) and recycled back to the selexol
reactor.

The gas turbine consists of a syngas heater, air compressor,
combustor, and three stages of expansion and cooling, with the
appropriate mixers and splitters. The steam turbine consists of an
HP section, an IP section, and an LP section, all connected to the
generator by a common shaft. Main steam from the heat recovery
steam generator (HRSG) and syngas cooler is combined in a
header, and then passes through the stop valves and control
valves and enters the turbine at 12.4 MPa/537 �C (1800 psig/
1000 �F). The steam initially enters the turbine in the high-
pressure span, flows through the turbine, and returns to the
HRSG for reheating. The reheat steam flows through the reheat
stop valves and intercept valves, and enters the IP turbine section
at 2.79 MPa/537 �C (405 psig/1000 �F). After passing through
the IP section, the steam enters a crossover pipe which transports
the steam to the LP section. The steam enters the crossover
heater and flows through the LP section, exhausting downward
into the condenser at 6.77 kPa (0.9823 psia). The heat recovery
steam generator (HRSG) is a horizontal gas flow, drum-type,
multipressure design that is matched to the characteristics of the
gas turbine exhaust gas. The CO2 compression section is
responsible for compressing CO2 for capture and sequestration.
Aspen Plus model for the IGCC system has been developed by
the Department of Energy to conduct system level analysis of the
process. The Aspen Plus modeling details (including the model-
ing approximations and configuration) is explained in ref 16 and
not discussed here for the sake of brevity.

3. GASIFIER CFD MODEL DEVELOPMENT

The gasifier is an important operating unit of the IGCC
system, and the overall performance of the gasifier (such as
efficiency and availability) has a significant impact on the
performance of the whole IGCC system. Consequently, the
primary focus of uncertainty analysis in this work is on the
gasifier, as mentioned in the introduction. The Aspen Plus
flowsheet described in the previous section models the gasifier
as a reactor and uses the Gibbs Free Energy Minimization
method to predict the syngas combustion equilibrium condi-
tions. A computational fluid dynamics (CFD) model, however, is
more detailed and allows one to conduct a more accurate analysis
of the gasifier performance. Hence the initial task was to develop
a CFD model for the single-stage gasifier, and this work used
FLUENT to develop the CFD model.

Gasifiers can broadly be classified into three main categories
depending on the flow characteristics inside, namely, moving
bed, fluidized bed, and entrained flow. Considerable information
on the modeling of various types of gasifiers using different
approaches can be found in literature.17-21 The gasifier in the

IGCC system considered in this work is a single-stage downflow
gasifier. Reaction Engineering International (REI) has con-
ducted various studies on single-stage gasifier using a proprietary
CFD simulator GLACIER.22-24 The overall configuration of the
single-stage gasifier includes an inlet at the top of the gasifier and
a single outlet that is used to collect syngas as well as molten slag.
There is a quench section at the exit of the gasifier which is used
to quench the raw syngas produced in the gasifier. Since the
quench section is separately modeled in the Aspen Plus flowsheet
(as explained in the previous section), it was ignored in the CFD
model of the gasifier. Two major steps toward the modeling
analysis include:
• Gasifier geometry and FLUENT model setup
• FLUENTmodel simulation These steps are explained in the
following sections.

3.1. Gasifier Geometry and FLUENT Model Setup. The
downflow gasifier geometry was finalized based on the literature
review as well as the studies conducted in refs 22-24. Figure 2
shows the shape of the gasifier. This geometry also incorporated
rigorous heat transfer calculations to compute the refractory
lining thickness and the interior geometry of the gasifier. The
exact dimensions for the gasifier were as follows:
• Inlet: radius 0.08 m; height 1.0 m; volume 0.02 m3

• Chamber-A: radius-1 0.08m; radius-2 0.894m; height 1.768
m; volume 1.6157 m3

• Chamber-B: radius 0.894 m; height 6.62 m; volume
16.537 m3

• Chamber-C: radius-1 0.4 m; radius-2 0.894 m; height
0.864 m; volume 1.1854 m3

Figure 2. Single-state downflow gasifier geometry.
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• Outlet: radius 0.4 m; height 2.55 m; volume 1.275 m3

• Total volume 20.634 m3

Once the geometry was finalized, the CFDmodel was set up in
FLUENT. The details pertaining to the CFDmodel setup are the
following:
• The coal composition and analysis data (proximate and
ultimate analysis) used to simulate the ASPEN Plus IGCC
flowsheet were used for the CFD simulation.

• Tables 1 and 2 report the proximate and ultimate analysis
values for the coal.

• The total flow rates for coal, slurry water, and oxidant used in
the ASPEN Plus simulation were used. The ASPEN plus
flowsheet modeled the IGCC system with two gasifiers
operating in a parallel configuration. Hence, while calculat-
ing the input stream flowrates for the CFDmodel, the values
reported in ASPEN flowsheet were halved.

• All simulations were performed for the actual flow rates (i.e.,
test simulations for smaller flow rates were not performed).
The inlet conditions (temperature and pressure) and the
gasifier operating conditions also corresponded to the
ASPEN Plus flowsheet.

• The coal particles in the gasifier were modeled as discrete
phase. The dynamics of coal (such as transport and
reactions) were described by a user defined function
(UDF) which modeled coal as a discrete phase. The UDF
was compiled to the FLUENT model and was periodically

accessed to model coal dynamics. Details about the UDF
development can be found in ref 21.

• The gasifier model was developed using GAMBIT and
meshed using 14406 nodes and 13104 tetrahedral cells
(with Cooper mesh scheme). The mesh was exported to
FLUENT to develop the CFD model.

3.2. Model Simulation Results. Forty thousand iterations for
the FLUENT model were required for the model to converge.
The discrete phase model was simulated after 50 iterations of the
continuous phase and about 80 000 particles of the discrete phase
were tracked during the simulation. Tables 3 and 4 present
results for the FLUENT simulations (exit stream temperature
and flow rates and exit gas composition). Figures 3 and 4 show
the steady state distribution of various gas-phase components
within the gasifier.

4. GASIFIER UNCERTAINTY CHARACTERIZATION AND
QUANTIFICATION

Although IGCC system has been a topic of research for many
years, its commercialization has been limited. Therefore, there is
a significant lack of information on the commercial-scale perfor-
mance of the IGCC system. This uncertainty limits the optimiza-
tion and performance evaluation of the existing system as well as
any improvements to the system. The predication of the cost and
performance of mature and commercial-scale technology using
preliminary research data can be risky.25,26 Consequently, there
have been efforts to systematically incorporate uncertainty in the
process analysis and design optimization steps. Frey and Rubin27

developed a probabilistic approach for evaluating technology
performance and used it to compare two different design
alternatives for the IGCC system. They also used this methodol-
ogy to quantify trade-offs and identify research needs. Other
efforts considering uncertainty in the performance analysis of the
IGCC system include those in refs 28-32.

The gasifier is an important component of the IGCC system.
Operation of the gasifier depends on numerous parameters,
some of them not always deterministically known and subject
to uncertainty. Another important cause of uncertainty is due to
the modeling assumptions incorporated in the system-level
IGCC model in ASPEN Plus. Stochastic simulation allows
quantification of the impact of variations in the gasifier para-
meters on its performance. However, for the study to be reliable,
it is very critical that the uncertainty is appropriately character-
ized and quantified. This is especially important for a system such
as IGCC where the system level models involve approximations
of individual components and where the quality of the models
has not been thoroughly verified. This work, therefore, focused
on the characterization and quantification of the gasifier uncer-
tainty by considering the approximate and comprehensive mod-
els of the gasifier using ASPEN Plus flowsheet and CFD
approach, respectively. This information can then be used in
the CAPE-OPEN compliant “StochaSim” stochastic simulation

Table 1. Proximate Analysis of Coal

component percentage on mass basis

fixed carbon 49.71

ash 10.90

volatile matter 29.66

moisture 10.05

Table 2. Ultimate Analysis of Coal

component percentage on mass basis

carbon 71.72

hydrogen 5.06

nitrogen 1.74

sulfur 2.82

oxygen 7.75

other 10.91

Table 3. Gasifier Exit Gas Composition (Percentage on
Molar Basis)

component percentage on molar basis

H2O 15.22

argon 0.746

CO2 14.49

O2 1.19� 10-22

N2 0.0

CH4 1.047� 10-9

CO 37.15

H2 31.57

H2S 0.803

NH3 0.00

Table 4. Gasifier Exit Stream Mass Flow Rate and
Temperature

exit stream property value

exit gas flow rate (kg/s) 66.926

exit gas temperature (K) 2425.48

slag flow rate (kg/s) 3.438

slag temperature (K) 2426.63
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block in ASPEN Plus which enables us to study the effect of
uncertainty on the complete IGCC system.

Uncertainty analysis consists of four main steps: (1) charac-
terization and quantification of uncertainty in terms of prob-
ability distributions, (2) sampling from these distributions, (3)
propagation through the modeling framework, and (4) analysis
of results.32 The first step is of foremost importance and the one

on which the validity of the uncertainty analysis is contingent.
Characterization refers to the process of representing uncertainty
through mathematical expressions to facilitate analysis with
mathematical tools.33 The diverse nature of uncertainty can be
specified in terms of different probability distributions. The type
of distribution chosen for an uncertain variable reflects the
amount of information that is available. It is easier to assume

Figure 3. Distribution of CO2 and CO concentration within the gasifier.

Figure 4. Distribution of H2 and H2O concentration within the gasifier.



4884 dx.doi.org/10.1021/ie101355x |Ind. Eng. Chem. Res. 2011, 50, 4879–4892

Industrial & Engineering Chemistry Research ARTICLE

the upper and lower bounds of uncertain variables, and hence
uniform distribution is the first step toward uncertainty quanti-
fication. If one can identify the most likely value then triangular
distributions can be used. If more data are available, specific
properties of distributions are used for characterization. For
example, the uniform and log-uniform distributions represent
an equal likelihood of a value lying anywhere within a specified
range, on either a linear or logarithmic scale, respectively.
Further, a normal (Gaussian) distribution reflects a symmetric
but varying probability of a parameter value being above or below
the mean value. In contrast, log-normal and some triangular
distributions are skewed such that there is a higher probability of
values lying on one side of the median than the other.

It is quite challenging to quantify and characterize the opera-
tional uncertainty of a system. The ideal approach is to compare
the simulation results with actual operating data of the system.
However, this is often not possible because there are no data or
limited operating data available. Moreover, conducting perturba-
tion studies on an actual system to generate such data is not
feasible due to the associated risks. The ASPEN Plus flowsheet
for the IGCC system modeled the gasifier using a simplified
reactor model. The CFD model developed in FLUENT in
comparison was much more rigorous and captured the features
of a multiphase system. Consequently, the operational details
from the CDF model were more realistic than those from the
APSEN Plus model. Hence, in the absence of real operating data,
this work used the CFD model of the gasifier for the uncertainty
characterization. An uncertainty factor was defined as:

Uncertainty Factor ðUFÞ ¼ FLUENT result=ASPEN result

ð1Þ
where result refers to any variable in the gasifier operation (such
as temperature, exit gas composition). It can therefore be seen
that this factor captures the divergence of the system-level
ASPEN Plus model results from a more accurate and dedicated
CFD model of the gasifier unit. However, to characterize and
quantify the gasifier operating uncertainty, it is necessary to
utilize multiple data points. Hence, to ensure that the most
appropriate distribution is used to represent the operational
uncertainty in the gasifier, this work conducted a sampling and
simulation study in the FLUENT as well as ASPEN Plus gasifier
model. To perform this analysis, the probable uncertain input
parameters to the gasifier, including their distribution, were first
identified. Later, a selected number of samples for those para-
meters were generated. The FLUENT and ASPEN Plus models
were simulated for each sample. The results for various important
gasifier model variables were then compared according to the
equation given above to compute the uncertainty factor for the
model. The actual values of the UF also allowed the quantifica-
tion of uncertainty since the type and property of the distribution
for the uncertainty factor could be estimated. This general
procedure was implemented for the gasifier model uncertainty
characterization and quantification. The exact details for the
gasifier are presented in the next section.
4.1. Gasifier Results. For the gasifier, 12 different parameters

were identified as uncertain for the modeling purpose. The
parameters were assumed to vary between (25% of their base
case values. This range of variation was not based on a prior
analysis of the IGCC system but rather reflected the typical
variation that might be expected in the parameters. The list of the
parameters, along with the base case values and the upper and

lower bounds, is presented in Table 5. The parameters were
sampled using the Monte Carlo sampling technique assuming
uniform distribution between the bounds. This work used 15
samples within this range. Although it was expected that the
proximate and the ultimate analysis of the coal would be related,
the sampling ignored such correlations. Once the samples were
generated, the parameters for the ultimate and proximate analysis
of the coal were normalized so that the total sum of the
percentage compositions for each analysis was 100.
For each sample, the FLUENT CFD model and the IGCC

system in ASPEN were simulated. The important variables of the
gasifier that were used to compute the uncertainty factor were the
following: total exit gas mass flow rate, total slag mass flow rate,
and otal mass flow rate of different constituents of the exit gas
(such as CO and CO2).
Table 6 gives an example of the calculation of the uncertainty

factor for the exit gas mass flow rate. For one sample set, both
FLUENT and Aspen Plus simulation results led to output values
that were significantly different from the rest of the values. Since
this would have skewed the resulting distribution, that sample
was ignored and only 14 samples were used for the calculations of
the uncertainty factor and its distribution. The values of the

Table 5. Uncertainty Parameter Details

parameter base value lower bound upper bound

slurry water injection rate (kg/s) 12.95 9.712 16.18

coal injection rate (kg/s) 31.52 23.64 39.40

oxidant injection rate (kg/s) 26.38 19.89 32.98

proximate analysis of coal (%)

fixed carbon 49.72 37.29 62.15

moisture 11.12 8.34 13.90

volatile matter 29.37 22.03 36.71

ash 10.91 8.18 13.36

ultimate analysis of coal (%)

carbon 71.72 53.79 89.65

hydrogen 5.06 3.79 6.32

nitrogen 1.74 1.30 2.17

oxygen 7.75 5.83 9.69

sulfur 2.82 2.11 3.52

Table 6. Uncertainty Quantification for Exit Gas Mass Flow
Rate

fluent value (kg/s) ASPEN value (kg/s) UF

70.04 66.55 1.05

66.37 65.67 1.01

70.97 63.05 1.12

71.74 68.86 1.04

68.18 67.68 1.01

70.41 61.62 1.14

53.20 71.60 0.74

72.94 60.08 1.21

70.11 61.82 1.13

70.83 68.90 1.02

71.88 62.87 1.14

62.99 61.25 1.02

64.59 64.81 0.98

69.34 63.55 1.09
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uncertainty factor were then used to plot the distribution of the
uncertainty factor. With a large number of samples, it is possible
to use kernel density estimation to determine the probability
density function of the uncertainty factor. However, in this case,
only 15 samples were used. Hence, the characterization of
uncertainty was done by plotting the uniform* distribution
(histogram). This distribution can then be used to simulate the
stochastic system. The distributions obtained for the important
variables of analysis are shown in Figure 5.

5. MULTIOBJECTIVE OPTIMIZATION OF IGCC

The IGCC system is a complex and highly nonlinear system
with various parameters that define the overall performance of
the system. No single parameter can be the true representative of
the system performance, and hence the optimization of the whole
system must consider all such representative objectives. Such

problems are known as multiobjective problems in optimization
literature. Quite often such objectives are conflicting and hence a
systematic approach must be employed. This section focuses on
the multiobjective optimization of the IGCC flowsheet using the
CAPE-OPEN capability of stochastic modeling and the Para-
meter Space Investigation (PSI) method.15,34

5.1. Multiobjective Optimization Approach.Multiobjective
problems appear in virtually every field and in a wide variety of
contexts. The importance of multiobjective optimization can be
seen by the large number of applications presented in the
literature. The problems solved vary from designing spacecr-
afts,35 aircraft control systems,36 bridges,37 and highly accurate
focusing systems,38 to forecasting manpower supplies,39 mana-
ging nuclear waste disposal and storage,40 allocating water
resources,41 and solving pollution control and management
problems.42 Most of these applications are multiobjective pro-
blems of nonlinear nature, which is why we need tools for

Figure 5. Distribution of uncertainty factors for selected gasifier variables using histograms. Y-axis represents the number of instances of a particular
value of uncertainty factor among 14 samples.
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nonlinear programming capable of handling multiple conflicting
or incommensurable (e.g., different units) objectives.
The solution of a multiobjective optimization problem is a set

of solution alternatives called the Pareto set. For each of these
solution alternatives, it is impossible to improve one objective
without sacrificing the value of another, relative to some other
solution alternatives in the set. There are usually many (infinite in
number) Pareto optimal solutions. The collection of these is
called the Pareto set. The result of the application of a nonlinear
multiobjective technique to a decision problem is the Pareto set
for the problem, and it is from this subset of potential solutions
that the final, preferred decision is chosen by the decision-
makers. The selection of the appropriate method often depends
on the optimization problem formulation. In this work, the
nondominated (Pareto) surface for the IGCC system was
computed for following three important performance measures
of the system, constituting the objectives for the system:
• total plant efficiency (based on HHV of coal) (objective 1)
• total CO2 emissions measured in kg/h (objective 2)
• total SOx emission measured as volumetric fraction of the
total flue gas volumetric flow rate (objective 3)

5.2. Partial Rank Correlation Coefficient Study.To conduct
multiobjective optimization, it is important to identify the
important parameters in the model that have a significant impact
on the system performance. This is however more complicated
due to the complex (often nonlinear) interactions within the
model. One way of identifying this is to do parametric sensitivity
analysis. However, this typically involves perturbing parameters
around some specific points. Therefore, this sensitivity is re-
stricted to a local region of operation. This work, therefore, used
stochastic analysis42 based on sampling to obtain partial correla-
tion and partial rank correlation coefficients (PCC and PRCC),
thus providing overall sensitivity. PCC corresponds to partial
correlation coefficient, and provides a major or unique or
unshared contribution of each variable, and explains the unique
relationship between two variables that cannot be explained in
terms of the relations of these variables with any other variable.
PCCs are useful when themodel is relatively linear. For nonlinear
models, partial rank correlation coefficient (PRCC) is supposed
to provide information equivalent to PCC, and hence this work
used the PRCC values for the IGCC system. The computation of
the PRCCs was carried out through sampling analysis.43 Initially,
candidate model parameters were identified and sampled in the
neighborhood of the base case parameter values, and the model
was simulated for each sample set. The simulation results along
with the parameter samples were used to compute the

coefficients. For the analysis to be exhaustive, it was important
to cover the complete range of the possible parameter values.
Eleven parameters of the IGCC system listed below were
identified and used for the PRCC analysis:
• Gasifier operating temperature
• Gasifier operating pressure
• First water gas shift cooler temperature (syngas cooler)
• Second water gas shift cooler temperature (syngas cooler)
• Sour gas heater temperature before combustion (Claus
process)

• Sulfur condenser 1 temperature
• Preheating for hydrogenation temperature
• Condenser for water from hydrogenation heater tem-
perature

• Claus gas oxidant heater temperature
• Tail gas hydrogenator reactor temperature
• Claus burner temperature
These parameters were sampled around the base case values

given for the basic ASPEN Plus flowsheet. The parameters were
uniformly sampled around the mean and 150 samples in the
desired region were taken. The parameters with the lower and
upper bounds are listed in Table 7. The PRCC values for all the
possible pairs between the selected model parameters and the
three objectives were computed. The results for the analysis are
presented in Table 8. Greater deviation of the PRCC from zero in
positive or negative direction indicates a stronger direct or
inverse correlation, respectively, between the parameter and
the objective. Therefore, the absolute values of PRCCs for each
parameter with each of the objectives were summed and the
parameters were sorted in the decreasing order of the cumulative
PRCC values. However, in addition to the sum of the PRCC
values, it was ensured that the selected parameters had some
impact on all the three objectives. Therefore, although the first
water gas shift cooler temperature had a high cumulative PRCC
value, it was not selected since its impact on SOx emissions is
negligible. Using these selection criteria, the following three
parameters were identifies as the ones with a significant impact
on the objectives of the IGCC system: gasifier operating tem-
perature, gasifier operating pressure, and Claus burner tempera-
ture. These parameters were used to analyze results of
multiobjective optimization and are referred to as variables 1, 2
and 3, respectively, in the subsequent text.
5.3. Nondominated Set for IGCC System. Although con-

straint-based or preference-based methods give a good estimate
of the Pareto surface, they require the use of gradient-based
techniques to determine the surface. However, for the given

Table 7. Sample Parameters for Determination of Pareto Surface for IGCC System

parameter lower bound upper bound

gasifier operating temperature (�C) 1182.2 1448.8

gasifier operating pressure (MPa) 5.05 6.17

first water gas shift cooler temperature (�C) 207.22 257.22

second water gas shift cooler temperature (�C) 207.22 257.22

sour gas heater temperature (before combustion) (�C) 207.22 257.22

sulfur condenser 1 temperature (�C) 207.22 257.22

preheating for hydrogenation temperature (�C) 207.22 257.22

condenser for water from hydrogenation heater temperature (�C) 42.22 55.55

Claus gas oxidant heater temperature (�C) 207.22 257.22

tail gas hydrogenation reactor temperature (�C) 207.22 257.22

Claus burner temperature (�C) 1182.2 1448.8
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system, it was observed that the feasible surface is nonconvex
(explained later in the section). This made the use of the previously
mentioned techniques very difficult. No-preference-based methods
can successfully tackle such problems and hence were used in this
case. The “No-preference-based methods” include compromise
programming,44,45 Multiobjective Proximal Bundle (MPB),46 and
feasibility-based methods, such as the Parameter Space Investigation
(PSI) methods,47 and focus on generating a feasible solution or all
the feasible solutions instead of the Pareto set (the best feasible
solutions).34 In PSI methods, the continuous decision space is first
uniformly discretized using the Monte Carlo sampling technique;
next a solution is checked with the constraints. If one of the
constraints is not satisfied, the solution is eliminated. This is carried
out for all the points in the discretized decision space and only
feasible solutions are retained.Therefore, a discretized approximation
of the feasible objective region, instead of thePareto set, is retained by
the PSI method. The solutions of this feasibility-basedmethod cover

the whole feasible objective region rather than covering only the
optimal solutions in the Pareto set. Because most of the feasible
solutions are not Pareto optimal, a relatively small number of the
nondominated (relatively better, but not necessarily Pareto optimal)
solutions must be extracted from the whole feasible solution set to
formulate an approximate representation of the Pareto set for
feasibility-based methods. A large number of runs must be used to
obtainmaximum feasible solutions to ensure that a certain number of
nondominated solutions can be extracted from them to ensure an
accurate representation of the Pareto set. Therefore, the computa-
tional efficiency is low for this feasibility-based method. This work
though used the PSI method along with Hammersley Sequence
Sampling48 to circumvent this problem as it can handle the
nonconvex trade-off surface, as observed here.
As mentioned before, the multiobjective optimization was

done with respect to the eleven model parameters (decision
variables) and three objectives listed before. The feasible surface

Figure 6. 3-D feasible region and objective function contours for IGCC system.

Table 8. PRCC Results for the IGCC System

parameter efficiency CO2 emission (kg/h) SOx emission (volume fraction)

gasifier operating temperature (�C) 0.999 -0.861 0.925

gasifier operating pressure (MPa) -0.124 0.513 0.024

first water gas shift cooler temperature (�C) 0.928 0.936 -0.001

second water gas shift cooler temperature (�C) -0.059 0.015 -0.02

sour gas heater temperature (before combustion) (�C) 0.019 0.0006 -0.046

sulfur condenser 1 temperature (�C) -0.025 -0.015 -0.063

preheating for hydrogenation temperature (�C) -0.031 0.032 -0.08

condenser for water from hydrogenation heater temperature (�C) -0.063 -0.011 -0.016

Claus gas oxidant heater temperature (�C) -0.052 0.041 0.046

tail gas hydrogenation reactor temperature (�C) -0.089 0.023 -0.068

Claus burner temperature (�C) 0.352 0.059 0.692
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was generated by using 1000 samples for the model parameters
and using stochastic simulation capability to compute the
objective values. Figure 6 and Figure 7 show the feasible surface
for the system and the values of the three objective functions for
the simulations in 3-dimensional and 2-dimensional space,
respectively. Here, the contours of one of the objectives (SOx)
are plotted with respect to the values of the other two objectives
for the 1000 samples. Please note that CO2 emissions were
measured in kg/h while the SOx emissions were measured in
volumetric fraction of the total exit gas volume. Figures 8 and 9
present emissions versus efficiency plots for the feasible space. It

can be seen that there are a number of solutions having the same
efficiency ranging from low to high emissions. From the figures, it
is clearly evident that the trade-off surface was highly nonconvex.
One could observe multiple peaks and valleys in terms of one of
the objectives when the other two objectives were varied. This
justified the use of PSI method to generate the approximate
Pareto surface.
To generate the surface, the results for the 1000 simulations

were inspected visually. In addition to this, some simple data
processing and manipulation techniques were used to get an idea
about the approximate Pareto surface for the problem. Table 9

Figure 7. 2-D feasible region and objective function contours for IGCC system.

Figure 8. Feasible solutions: CO2 emissions versus efficiency.
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shows the minimum and maximum values of the three objectives
among the 1000 samples while the Pareto surface for the system
is shown in Table 10. The points on the Pareto surface are plotted
in Figure 10 (the points are represented in the Figure as A-B-C-
D-E-F). From the table and the trade-off surface shown in
Figure 10, it is clear that very low SOx emissions were often
accompanied by low overall efficiency. Hence the two objectives
were highly conflicting. The case of CO2 emission, however, did
not show any such trend. In general though, it was observed that
lower emissions of CO2 were often associated with lower SOx

emission but also lower efficiency. The trend though was not as
strong as that between SOx and efficiency. The points listed in
Table 10 represent the approximate nondominated set. Because
the set had been determined through heuristic methods, it is
possible that a few points have been eliminated. However, given
the nature of the trade-off surface, it will be very difficult to
determine the complete Pareto surface. The values of the model
parameters (decision variables) for the identified points on the
nondominated set are presented in Table 11.
The deterministic Pareto surface provides the trade-offs

among various objectives. However, we have seen in the preced-
ing section that the Gibbs free energy model has uncertainties as
compared to rigorous CFDmodel of gasifier. These uncertainties
are characterized in terms of uniform* distributions. Therefore, it
is important to see how these uncertainties affect the Pareto
surface. To carry out the multiobjective optimization in the face
of uncertainties, one has to use stochastic modeling to obtain the
expected values of objectives and constraints. These values are
then used by the multiobjective programming (MOP) optimizer
(stochastic modeling) to find the values of decision variables that
can optimize the expected values of objective function. This
involves two sampling loops since we use the PSI method with

Hammersley sequence sampling. We developed a new CAPE-
OPEN block called STOCHA2 that uses two sampling loops to
obtain feasible multiobjective optimization surface under uncer-
tainty. Table 12 shows the feasible surface and corresponding
decision variables. It must be noted that feasible region for
stochastic system was different than the feasible region for the
deterministic system shown in Figures 6 and 7. The plots
showing the feasible region for the stochastic system are not
included here in the interest of space. It can be seen that the
feasible surface narrowed significantly when uncertainties were
considered as compared to the deterministic surface. The
decision variable range is narrowed significantly too.

6. CONCLUSION

Integrated Gasification Combined Cycle (IGCC) system
using coal gasification promises to be one of the sustainable
energy alternatives for the future. The operations of the IGCC
system, however, are impacted by the presence of uncertainty,
particularly by uncertainties in the gasifier operation. This focus
of this work was the uncertainty analysis and quantification of the
IGCC system and its multiobjective optimization in the presence
of uncertainty. Toward that objective, the work first developed a
computational fluid dynamics model of a single-stage downflow
coal gasifier using FLUENT. This provided a tool to accurately
understand the operations of the coal gasifier. The results of the
CFD simulation in the presence of uncertainty were compared
with the results from an ASPEN Plus model. This enabled the

Figure 9. Feasible Solutions: SOx emissions versus efficiency.

Table 9. Range of Values for the Objectives

efficiency

CO2 emission

(kg/h)

SOx emission

(volume fraction)

minimum 0.29332 47089.35 0

maximum 0.32057 63524.19 8.9� 10-7

percentage variation 8.50 11.72 -

Table 10. Pareto Surface for the IGCC System

number

point on Pareto

surface (Figure 8) efficiency

CO2 emission

(kg/h)

SOx emission

(volume fraction)

1 E 0.30111 47759.79 0

2 D 0.30578 53001.0 0

3 F 0.31533 47089.35 3.10� 10-7

4 C 0.32057 53956.83 7.68� 10-7

5 B 0.31757 47827.74 7.39� 10-7

6 A 0.31641 47093.88 2.48� 10-7
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quantification of the uncertainty factors and allowed the char-
acterization of the uncertainty. The results showed that the
uncertainty factors vary substantially. To conduct multiobjective
optimization of the IGCC system, a partial rank correlation
coefficient analysis was first conducted to determine the impor-
tant variables affecting the system performance. The important
performance indicators for the system were also identified.
Because the feasible region of the IGCC system operation was
highly nonconvex, gradient-based methods could not be used to
solve the optimization problem. Hence, the Parameter Space

Investigation (PSI) approach using stochastic simulations was
used to determine the nondominated set for the IGCC system.
The results showed that lower SOx and CO2 emissions typically
lead to lower efficiency. It was also observed that uncertainty has
a significant impact on the Pareto surface.
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Table 11. Decision Variable Values for the Non-Dominated Set

number point on Pareto surface (Figure 8) gasifier operating temperature (�C) gasifier operating pressure (kPa) Claus burner temperature (�C)

1 E 1257.61 5109.33 1229.78

2 D 1302.63 5737.81 1185.71

3 F 1420.65 5237.88 1264.02

4 C 1448.35 5334.57 1421.30

5 B 1447.02 6108.08 1375.32

6 A 1435.03 5422.47 1227.88

Table 12. Stochastic Non-Dominated Set for the IGCC System

objectives decision variables

design efficiency

CO2 emission

(kg/h)

SOx emission

(volume fraction)

gasifier operatingtemperature

(�C)
gasifier operatingpressure

(kPa)

Claus burnertemperature

(�C)

1 0.319 5.193� 104 0.1767� 10-5 1448.8 5612.3 1439.4

2 0.306 4.486� 104 0.8822� 10-6 1447.2 5895 1430.5

3 0.306 4.762� 104 0.8183� 10-6 1445.5 5336.5 1421.1
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