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ABSTRACT

This paper describes recent developments in ongoing research to develop and demonstrate
advanced computer -based methods for dealing with uncertainties that are critical to the design
of advanced coal-based power systems. Recent developments include new deterministic and
stochastic methods for simulation, optimization, and synthesis of advanced process designs.
Results are presented illustrating the use of these new modeling tools for the design and analy-
sis of several advanced systems of current interest to the U.S. Department of Energy, including
the technologies of integrated gasification combined cycle (IGCC), advanced pressurized fluid
combustion (PFBC), and the externally fired combined cycle (EFCC) process. The new methods
developed in this research can be applied generally to any chemical or energy conversion
process to reduce the technological risks associated with uncertainties in process performance
and cost.

INTRODUCTION

Increasing environmental awareness and regulations have placed new requirements on process
design for advanced power systems, and increased the need for more sophisticated simulation
and design tools to examine pollution prevention options. Conventional process models now
in use are largely based on a deterministic framework for simulation of a specified flowsheet.
An important shortcoming of these models is their inability to analyze uncertainties rigorously.
Uncertainty analysis capability is especially important in the context of advanced energy
systems, since available performance data typically are scant, accurate predictive models do
not exist, and many technical as well as economic parameters are not well established.

In essence, the current project is focused on developing better ways to minimize technological
risk by seeking process designs that minimize the likelihood of performance shortfalls, high
emissions and high costs. A related goal is to help focus research and development in areas
that offer the greatest potential payoffs in terms of process efficiency, emissions and cost. Our
thesis is that advanced design and analysis methods are needed in light of the increasing
complexity of advanced processes, involving multiple options for component design and
selection; strong interactions among system components (which often can be overlooked by
traditional design methods); and significant performance and cost uncertainties, particularly
for processes at an early stage of development.

The approach adopted in this research has been one that employs a systems analysis frame-
work that combines engineering models of process performance with companion models of
process costs, and which utilizes advanced software capabilities for design and analysis. In this
project, we have specifically focused on advanced technologies of interest to the U.S. Depart-



ment of Energy’s Morgantown Energy Technology Center (DOE/METC). Thus, the technolo-
gies modeled and evaluated in this research include various types of integrated coal gasifica-
tion combined cycle (IGCC) system, including both air-blown and oxygen blown gasifiers;
tixed-bed and fluidized bed gasifiers; hot gas and cold gas clean up systems; and a variety of
by-product recovery options, including sulfur and sulfuric acid recovery by conventional (e.g.,
Claus plant) and advanced (e.g., direct sulfur reduction process) methods. Other advanced
systems analyzed include advanced pressurized fluidized bed combustion (PFBC) systems and
externally fired combined cycle (EFCC) systems.

In all of these areas, we have utilized existing DOE/METC computer models of process ther-
mal performance, and have enhanced these models in a number of areas, including the charac-
terization of emissions, and the coupling of process performance and economics via models of
capital cost, operating costs, and overall cost of electricity. Details of these models are summa-
rized in a series of topical reports dealing with specific technologies (CMU, 1990; 1995).

In this project, we also have developed a set of new analytical modeling capabilities built
around the public version of the Aspen process simulator used by DOE/METC for advanced
process modeling. These new capabilities include both deterministic and stochastic methods
for process simulation, process optimization, and process synthesis. The stochastic methods,
which explicitly incorporate uncertainties into the design and analysis stage, represent an
especially important capability which has not heretofore been available. The remainder of this
paper briefly describes these new modeling tools and their applications to advanced coal-based
technologies.

SIMULATION CAPABILITIES

Conventional process modeling involves deterministic simulation in which parameter values
are input to a process model, yielding results for the quantities of interest (e.g., thermal effi-
ciency, emissions, cost). In many cases, the process models used for deterministic simulations
may be quite detailed, as is the case with several of the Aspen models developed by DOE for
advanced energy conversion processes. Nonetheless, a characteristic of deterministic models is
that each of the input parameters specified for given model run has only a single value, and
similarly all of the results are single-valued.

However, many model parameters may in fact have significant uncertainty or variability that
can lead to significant uncertainties in the results, particularly for processes at an early stage of
development. In stochastic simulation, these uncertainties are incorporated explicitly. Input
parameters are described as uncertainty distributions which are sampled by the stochastic
modeling software and developed for the Aspen simulator (Diwekar and Rubin, 1991). The
results can then be displayed as a cumulative distribution function showing the likelihood of
different outcomes for a given simulation. Information on input uncertainties may come from
a variety of sources, including data analysis and expert judgments. Previous papers and
reports have elaborated on this methodology, and displayed results from case studies of IGCC
systems which often showed significant probability of performance shortfalls and cost over-
runs relative to nominal or deterministic analyses (Frey and Rubin, 1992a).

In our more recent work, we have extended stochastic simulations to include two new process
flowsheets, the EFCC system and the second generation PFBC system. Figure 1 illustrates one
result from an analysis of the EFCC plant efficiency. Though this technology is expected to
achieve net thermal efficiencies significantly higher than those of conventional pulverized coal
power plants, the magnitude of efficiency revealed by the probabilistic analysis is generally
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lower than the result from conventional deterministic simulation. In this case, the performance
shortfall is attributed primarily to uncertainties in the process combustor and ceramic heat
exchanger, which were characterized by experts at DOE/METC. Figure 1 indicates over a 95
percent probability of a performance shortfall.

In Figure 2, results are presented for the total capital cost of a second generation PFBC system.
This technology appears to have a lower cost than most of the IGCC systems previously ana-
lyzed. However, a stochastic simulation indicates a very high probability that the total capital
cost will exceed the deterministic estimate developed for DOE in a detailed 1989 study. In this
case, the potential for higher cost is attributed primarily to uncertainties in various indirect cost
factors, particularly the process and project contingency costs.

In previous papers (Frey and Rubin, 1992a; 1992b; Frey et al., 1994), we have shown how
stochastic simulation methods can help identify and reduce technological risks such as costs
overruns and performance shortfalls by identifying the factors that contribute most to overall
uncertainty, and targeting R&D in these critical areas. Quantitative measures of the value of
additional research can be developed in conjunction with these methods.

OPTIMIZATION CAPABILITIES

In the current research project we have extended the set of modeling capabilities to include
both deterministic and stochastic optimization of process flowsheets. Deterministic optimiza-
tion is well established in the technical literature, and some commercial simulators have such
capabilities. The problem typically is formulated in terms of an objective function to be
achieved (e.g., cost minimization) subject to specified constraints. The optimizations software
begins with a set of initial values for process parameters and iterates until the objective func-
tion is achieved. Details of this problem formulation are presented elsewhere (Diwekar et al.,

1993).

We have added a deterministic optimization capability to the public version of the Aspen
simulator, and also have combined this feature with the stochastic sampling capability de-
scribed earlier, yielding new capabilities for stochastic optimization and stochastic program-
ming. In stochastic optimization, depicted in Figure 3, the objective function can be specified
probabilistically, as can the constraints. An objective function might be specified in terms of
minimizing an expected value, or use chance constraints to minimize a given technological risk
(e.g., no more than a 5 percent chance of a performance shortfall). By inverting the sampling
and optimization loops, various stochastic programming problems also can be addressed. Such
problem formulations reveal the effects of uncertainty on optimal designs. The mathematical
formulation of stochastic optimization and programming problems is described in Diwekar et
al., 1993.

These new capabilities allow a broad range of questions to be addressed. For example:

* Is there a better choice of parameter values for this process to improve its perfor-
mance? To lower its cost?

¢ What levels of performance and cost can we expect from an optimized design?

¢ How do uncertainties in process performance and cost variables affect the optimal
design?

* What design choices will minimize the risk of a performance shortfall? Or the risk
of a cost overrun?



Applications

We illustrate the new optimization capabilities with a case study of the environmental control
system design for an advanced IGCC system employing hot gas cleanup (HGCU). Systems
with HGCU promise higher thermal efficiency than conventional systems with cold gas
cleanup. However, one potential drawback is that NO_emissions can be high because ammo-
nia in the fuel gas is not removed by the HGCU unit, and thus can be converted to NO in the
combustor. For current process design, this may result in NO emissions that are two to four
times higher than the Federal New Source Performance Standard for coal-fired power plants.
NO_ control methods employing advanced stage combustion are currently under development
in an attempt to address this problem. In this case study, we examine the use of selective
catalytic reduction (SCR) systems to reduce NO_ emissions. A detailed model of an SCR pro-
cess has been developed (CMU, 1995) and incorporated into the Aspen flowsheet for a 650 MW
IGCC system employing an air-blown moving bed gasifier. The plant uses an Illinois No. 6
coal and operates at an annual capacity factor of 80 percent. Uncertainties have been assigned
to 20 key parameters identified in screening studies as having the greatest impact on process
performance, emissions and costs. Table 1 summarizes these input assumptions.

Figures 4 to 6 show the results of different stochastic optimization and stochastic programming
problems applied to the IGCC flowsheet. Figure 4 first shows results of a stochastic optimiza-
tion problem in which the expected cost of electricity (COE) is minimized for different levels of
NO_ control. As the expected (mean) value of NO_emissions is decreased, the expected value
of NO, removal efficiency in the SCR unit increases proportionally. The expected cost of the
optimal design also increases, as seen in Figure 4. A key finding is that the optimal design
reduces the expected COE by about 0.3 mills/kWh relative to the base case design achieving
0.441bs NO_/10° Btu. For the 650 MW plant modeled in this example, this is equivalent to a
total savings of approximately $2 million per year. This savings is a measure of the benefit
resulting from use of the new stochastic method to optimize the design parameters of the zinc
ferrite and SCR units.

Figure 5 shows another example in which NO_emissions are minimized subject to a cost
constraint. For a cost constraint of 60 mills/kWh, emissions between 0.15 and 0.3 Ibs/10 © Btu
can be achieved. However, for a tighter constraint of 54 mills/kWh, only 80% of the optimal
designs are within the cost constraint, and some will exceed 0.6 1bs/10 ° Btu of NO , the Federal
New Source Performance Standard for coal-fired power plants. For these cases, there is a
significant risk that the process may not be viable under the economic constraints imposed in
this example, since the plant might not comply with applicable emission limits.

To illustrate results for a stochastic programming formulation, Figure 6 shows the effect of
uncertainties on the cost of an optimal design. Here, for each sample the cost is minimized and
NO_emissions are constrained to 0.6 Ibs/10° Btu or less, and SO, emissions 0.06 l1bs/10° Btu or
less (the DOE design goal of one tenth the current U.S. federal standard). The cost of electricity
for the optimal design configuration is seen to vary by more than a factor of four due to the
performance and cost uncertainties in the variables shown in Table 1. An 80% confidence
interval gives expected costs between 45 and 60 mills/kWh.

These results are intended only to be illustrative of the new modeling capabilities now possible
with stochastic optimization and stochastic programming. Additional case studies for other
advanced power systems, including other IGCC designs, pressurized fluid bed combustion
(PFBC) systems, and externally fired combined cycle (EFCC) systems will be the subject of
other reports.



SYNTHESIS CAPABILITY

In process simulation and optimization, the flowsheet being analyzed already has been speci-
fied by a knowledgeable process designer. In process synthesis, we employ computer-aided
design tools to ask what the flowsheet should look like in the first place in order to achieve
process goals and reduce technological risks.

We have previously described the formulation of a deterministic process synthesis problem
involving mixed integer non-linear programming (MINLP) (Diwekar et al., 1991). This capabil-
ity now has been implemented around the public version of the Aspen simulator, yielding a
new capability that does not currently exist in most commercial simulators.

Figure 7 shows this capability schematically. The synthesis loop begins with a superstructure
of all possible alternatives for combining unit operations into a process flowsheet. The mixed
integer linear programming (MILP) master program selects a given flowsheet topology, which
is then passed to the non-linear programming (NLP) optimization loop described earlier. The
optimizer then selects values of continuous variables to meet specified objective functions and
constraints. The overall process is then repeated in the synthesis loop until a flowsheet topol-
ogy and design parameter that best meets desired objectives are found.

An initial case study to demonstrate this capability involved choosing a desulfurization system
to minimize the total cost of an IGCC system employing an air-blown KRW gasifier with hot
gas cleanup, subject to an SO, emission constraint of less than 0.015 Ibs/million Btu. In this
case, there were three possible flowsheet options: in-bed sulfur removal only; gastream clean-
up only; and combined in-bed plus gas stream cleanup. Each option yielded a different waste
or byproduct stream which also was considered in the design.

Details of this case study are reported in Diwekar et al., 1992. The MINLP selected the combi-
nation of in-bed plus gas stream desulfurization as the optimal configuration, and optimized
the design parameters of the zinc ferrite desulfurization system to achieve minimum cost. The
total cost of the optimized configuration was approximately 20 percent less than the next best
alternative, illustrating the power of this new analytical method.

Recently, we have extended the process synthesis capability to include more complex design
alternatives, such as the synthesis problem depicted in Figure 8. Because the MINLP approach
is not well suited to some types of synthesis problems, we have applied the method of simu-
lated annealing to handle complex problems more efficiently. We also have developed a new
variant of simulating annealing, called stochastic annealing, which offers far greater computa-
tional speed, and is well suited to handling problems of process synthesis under uncertainty.
For example, for the twelve design choices represented in Figure 8 by the choice of coals and
air or oxygen-blown gasification, the stochastic synthesis problem was solved in nearly one
fifth the time required to solve the twelve problems individually. These new methods thus
appear to offer substantial benefits in addressing complex design problems that have hereto-
fore not been amenable to computer-aided approaches.

CONCLUSIONS

The key message stemming from the work described in this paper is that we now have a power
new set of computer-based design tools that can be generally applied to any chemical or energy
conversion process. These tools include both deterministic and stochastic capabilities for
process simulation, process optimization, and process synthesis. Applications of these new
tools can help minimize technological risks and maximize research productivity by considering



uncertainties in the early stage of design and analysis.

Future work will continue to focus on methodological improvements to enhance the speed and
versatility of the new analytical techniques described in this paper. At the same time, new case
studies will be undertaken to enhance process flowsheets and demonstrate the power and
applicability of advanced analysis methods to real engineering and process design problems of
interest to DOE and its contractors. Key areas for application of these models will include
process design, risk analysis, cost estimation, R&D management, technology evaluation, envi-
ronmental compliance, marketing studies, and strategic planning.
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Figure 3. Schematic of the
Stochastic Optimization Framework
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