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’ INTRODUCTION

The US Department of Energy (DOE) and its National
Energy Technology Laboratory (NETL) have extensively stu-
died the characteristics and conditions of coal-fired power plants
to ensure the availability of clean technologies to fulfill the
increasing demand of electricity.1 Water consumption is one of
the characteristics that need to be addressed when assessing the
capabilities of clean production of coal-fired power plants.2

Makeups, blowdowns, process water, and cooling system are
responsible for water consumption, with the cooling system
representing the largest water consumer in power plants.3 R&D
activities have been carried out to find alternative sources of
cooling water. Important efforts have been made in advanced
cooling technologies, advanced recycling techniques, and ad-
vanced wastewater treatment processes.4 Additionally, compre-
hensive models of pulverized coal (PC) power plants have been
built employing the Aspen Plus process simulator to evaluate the
cost and performance of the systems.2 Performance evaluation
with these models includes the determination of water consump-
tion based on a rigorous mass balance of the power generation
plant as suggested by the DsOE/NETL guidelines for energy
systems analysis.5 However, these models still require detailed
simulations for an appropriate estimation of the cooling tower
evaporation losses. This paper complements those research

efforts with a less simplified model of the cooling tower added
to the original power plant simulation and a computational tool
that can determine the conditions which minimize the water
consumption in PC plants. Cooling tower evaporation losses are
the most significant ones within the cooling system and are
affected by fluctuating environmental parameters like air
humidity.3 This implies that computational tools of integrated
process and water network analysis should include the influence
of uncertain parameters. Process modeling under uncertainty, or
stochastic modeling, has been employed for process analysis in
power systems in the past.6 When including the optimization
techniques, the resulting nonlinear stochastic programming
(NLSP) can become highly computationally demanding.7 These
computational expenses have been drastically decreased with the
better optimization of nonlinear uncertain systems (BONUS)
algorithm.7 The BONUS solver has been integrated with Aspen
Plus simulations using the CAPE-OPEN interfaces (www.colan.
org) and the Advanced Process Engineering Co-Simulator
(APECS).8�11 The advantages of BONUS are exploited to
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ABSTRACT: Coal-fired power plants are large water consumers. Water consumption in
thermoelectric generation is strongly associated with evaporation losses and makeup streams
on cooling and contaminant removal systems. Thus, minimization of water consumption
requires optimal operating conditions and parameters, while fulfilling the environmental
constraints. Several uncertainties affect the operation of the plants, and this work studies those
associated with weather. Air conditions (temperature and humidity) were included as
uncertain factors for pulverized coal (PC) power plants. Optimization under uncertainty for
these large-scale complex processes with black-box models cannot be solved with conventional
stochastic programming algorithms because of the large computational expense. Employment
of the novel better optimization of nonlinear uncertain systems (BONUS) algorithm,
dramatically decreased the computational requirements of the stochastic optimization.
Operating conditions including reactor temperatures and pressures; reactant ratios and
conditions; and steam flow rates and conditions were calculated to obtain the minimum water
consumption under the above-mentioned uncertainties. Reductions of up to 6.3% in water consumption were obtained for the fall
season when process variables were set to optimal values. Additionally, the proposed methodology allowed the analysis of other
performance parameters like gas emissions and cycle efficiency which were also improved.
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calculate the conditions in which a reduction on the average
consumption of water for a PC plant can be reached.

The goal of the paper is to show a newmethodology to reduce
water consumption in power plants. This paper concentrates on
optimizing the operating conditions of the PC plant in the face of
uncertainty in order to reduce water consumptions. It has been
found that with the use of BONUS algorithm the water con-
sumption for the fall season can be reduced by 6.3% with
significantly reduced computational effort. Additionally, other
performance parameters including gas emissions and process
efficiency have shown significant improvements

’PULVERIZED COAL (PC) PLANT MODEL

The PC plant model employed in this work is described in
detail as Case 11 by the report on cost and performance of
fossil energy plants.1 A scheme of the process is shown in
Figure 1. Particularly, this is a supercritical steady-state PC
model that does not include carbon sequestration technology
and is intended to generate 548MWof electricity. The process
is divided into two main sections: boiler section and steam
generation section. The boiler is modeled as a series of two
reactors which take into account the stoichiometry of chemi-
cal reactions and thermodynamic equilibrium of combustion
reactions (a stoichiometry reactor and a Gibbs equilibrium
reactor) and gas cleaning section comprising an ash removal
unit and a flue gas desulfurization (FGD) unit that is attached
to the boiler effluent. The steam section comprises the typical
high (HP), intermediate (IP), and low pressure (LP) turbine
train and is a steam reheating scheme with feedwater heating
from turbine extracted steam.

’WATER SYSTEM IN THE PC PLANT

Water consumption is associated with the FGD section as
limestone slurry preparation and makeup. In the steam section
water consumption is mainly associated with the amount of heat
rejected at the condenser since it determines the circulating water
through the cooling tower and therefore the amount of water
evaporated (Figure 1). The calculation of water consumption was
originally performed outside the Aspen Plus software environment.1

Therefore, this calculation was integrated into the original PC
models by including different calculating blocks (Fortran codes)
along with unit operation blocks (Aspen simulations of equilibrium
separation units) to estimate the water consumption.

The estimation of the evaporation rate strongly depends on the
cooling tower model employed. The original estimation was
performed according to a simplified empirical model reported in
the literature12 and suggested to be used only in the absence of
information about air and tower operation conditions; it has been
called Empirical Model in this work. However, in order to employ a
less simplified model, an equilibrium-based model for the cooling
tower was employed in this work for the estimation of the
evaporation rates. This model is based on a simple scheme reported
in literature,13 and it was implemented in Aspen Plus as a unit-
operation-based model. Other transport-based models of
cooling towers have been reported in the literature14 where
experimental data were fitted to the model to estimate the
mass transport parameters and from air and water entering
conditions (temperature and flow rates) the model can deter-
mine the outlet water temperature and evaporation, blowdown
and drift losses are estimated through empirical correlations. The
two models employed in this study are described in the Support-
ing Information.

Figure 1. Schematic representation of a PC process, turbines are labeled as LP: low pressure, IP: intermediate pressure, HP: high pressure. Adapted
from ref 1.
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’UNCERTAIN VARIABLES INWATER NETWORK FOR A
PC PROCESS

NETL’s systems analysis reports onPCplantwater consumption
make several assumptions that could become important sources of
uncertainty since they are directly related to the water consumption
and can be fairly variable.1�3 Air temperature and humidity
continuously fluctuate throughout the US with the changing
seasons, and their influence on water consumption was mentioned
above. The effect of the variability of these atmospheric conditions
on some performance parameters including water consumption for
PC plants was studied through a stochastic simulation.15

The main source of information for cooling tower design
conditions, including air humidity considerations, is the text by
Hensley on cooling tower fundamentals.12 The author suggests
using average measurements of the wet-bulb temperature to
determine the temperature range and approach temperature that
guarantee the appropriate cold water conditions at peak demand.
However, for more complex processes or more accurate designs
(as those required for the PC case in this study), the reference
suggests the inclusion of wet-bulb temperature during critical
months (summer) and in some case in the entire year. Therefore,
if design activities require this level of accuracy, simulation
purposes will additionally require detailed data for the particular
location of the plant.

Data for the air temperature and humidity can be obtained
from DOE’s energy efficiency and renewable energy program
(EERE) Web site (http://www1.eere.energy.gov) as described
in previous works.15 In ref 15, to perform stochastic simulations
the authors organized data in four seasons, starting at September
2005 and finishing at August 2007 and histograms of the
frequency distributions were fitted to the appropriate probability
density functions as log-normal and uniform* (segmented uni-
form distribution) distributions to represent the air conditions
variability of an average midwestern urban center during each of
the four seasons of a year. Results of the characterization of the
uncertainty are included in the Supporting Information.

Once these probability density functions have been created,
stochastic simulation and optimization can be carried out to
account for the influence of uncertainty associated with weather
fluctuations in water consumption. The first step of this approach
is efficiently sampling the probability functions of dry-bulb
temperature and relative humidity to generate a set of scenarios
that accurately represent the potential uncertainty realizations.
The second step is propagating the uncertainty by executing the
whole plant simulation for each of these scenarios and recording
the results of the water consumption based on the cooling tower
model and the FGD performance. Finally, the resulting distribu-
tion from the recorded data is analyzed as the output variable of
the stochastic simulation, and one of its moments (expected
value or standard deviation) becomes the objective function for
the stochastic optimization.

’NOVEL STOCHASTIC OPTIMIZATION ALGORITHM

As noted in the previous section, stochastic optimization
pursues the minimization of one of the moments of the distribu-
tion calculated after each stochastic simulation. Therefore, one
stochastic simulation per set of decision variables considered
during the optimization algorithm or outer loop is required as
shown in Figure 2. As the stochastic simulation is located at the
inner loop, several visits to it are expected during the solution of
the optimization problem requiring a large number of model

runs. For complex models such as the PC plant model, each run
may require several minutes making the multiple evaluations
computationally intensive if not prohibitive.

The excessive number of model calculations required to
determine the probabilistic objective function and constraints
in stochastic programming problems has been considerably
reduced by the BONUS algorithm. The algorithm makes use
of a reweighting method using Kernel density estimation to
approximate the function and its derivatives. These probabilistic
approximations are fed to the nonlinear optimizer at the outer
loop of the stochastic programming. A brief description of the
procedure is reported below:7

1 Generate a set of scenarios for the stochastic simulation.
Data for decision variables are sampled from uniform
distributions and data for uncertain variables are withdrawn
from the corresponding probability distributions.

2 Run the model for the number of scenarios previously
generated.

3 Select the starting point for the estimation of the objective
function with the weights calculated by Gaussian Kernel
estimator for the probability density function of decision
variables (eq 1, where f(u) is the probability density
function of uncertain variable u, Nsamp is the number of
samples taken, and h2 is the variance of the data set).

4 Perturb the decision variables, estimate the objective func-
tion, and estimate the derivative using the reweighting
approach.

5 Repeat step 4 until allowed Kuhn-Tucker error is reached.

f ðuiÞ ¼ 1
Nsamph

∑
Nsamp

i¼ 1

1
ffiffiffiffiffiffi

2π
p e�

1
2

u � ui
hð Þ2 ð1Þ

where f(u) is the probability density function of the uncertain
variable u, h is the standard deviation of the sampled values of
uncertain variable u, Nsamp is the number of sampled values of
uncertain variable u, ui is the ith sampled value of the uncertain
variable u, and u is the mean of samples values of uncertain
variable u.

The BONUS algorithm employs a sequential quadratic pro-
gramming (SQP) method for the solution of the nonlinear
programming problem. The model is a nonconvex function
whose minima depend on the starting point for the SQP routine.
Therefore, different values of the initial point were evaluated to
determine local minima that could represent any improvement
from the base case.

The selection of decision variables for the optimization
problem was based on the parameters that could be changed in

Figure 2. Stochastic Optimization Framework, SQP: sequential quad-
ratic programming.
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the process model. Thismodel is described in detail by theNETL
report on cost and performance baseline for fossil energy plants.1

A set of variables that were described in the report as assumptions
or assigned parameters were selected to be considered as decision
variables. To quantify the influence of these variables in the water
consumption, a stochastic simulation tool integrated in Aspen
Plus (similar to that described above for the integration of the
BONUS algorithm) was employed as described in the literature.6

This tool samples the ranges of the potential decision variables
from uniform distributions. Then, it runs the model for each of
the generated combinations to calculate the consumed water
which is the output variable. During the analysis of the results,
partial rank correlation coefficients (PRCC) were used. The
absolute value of PRCC is directly proportional to the influence
of the deterministic variables on the water consumption as PRCC
are a measure of the relationship between the output and input
variables for a nonlinear function.6 A stochastic simulation was
run for 500 scenarios of ten potential decision variables, and the five
most influential ones were selected to be used in the BONUS
algorithm. The ten potential decision variables were selected based
on the feasibility to be changed in the model and their role as design
variables. For instance, variables such as boiler temperature or
pressure drops in turbines can be easily modified within the
simulation; reactant ratios such as air excess or water contents in
the FGD slurry can be part of a design or operational policy and
generator loss is a design variable that depend on the particular
technology employed for the generator (this variable was assumed
as 0.015 in the base case). Air excess, reheater temperature, water
content of the limestone slurry to the FGD, pressure drop at the
high pressure turbine 1, generator losses, and pressure drop at the
high pressure turbine 2 were chosen as decision variables.
Implementation of BONUS Algorithm in Aspen Plus Mod-

els. To take full advantage of the BONUS algorithm, a CAPE-
OPEN (CO) compliant stochastic optimization tool was built for
use in CO-compliant steady-state simulators via the APECS
cosimulation technology. Calculator blocks were used to manip-
ulate a sensitivity analysis that performs the stochastic simulation.
The sequential quadratic programming (SQP) algorithm was

coupled with the reweighting estimation to do the optimization
and added to the simulation. Under these conditions, the model
is required to run the number of selected samples (600 for this
particular case) once and not every time that a modification to
the NLP solver is required (different starting points, decision
variable bounds or perturbation size).

’RESULTS AND DISCUSSION

Optimization under Uncertainty Using BONUS. Due to the
nonconvexity of the water consumption function, different starting
points for the BONUS algorithm were evaluated by changing the
initial values of reheater-temperature and air excess. Each of the
optimization runs yielded a local minimum (design and operating
conditions, and objective function value) as shown in Table 1.
In Table 1, BONUS estimations are considered guidelines that

are verified with the values calculated by rigorous stochastic
simulation; therefore, the lowest value of 2.481E6 lb/h is not
selected as the minimum possible for this set of estimations
because the stochastic simulation calculates 2.619E6 lb/h under
this policy. The calculations started at 20% and 40% air excess
and 1157 �F reheater temperature defined really similar estima-
tions and errors; implying that about 2.62E6 lb/h is theminimum
consumption that can be calculated for this particular range of the
decision variables. This value represents a reduction of 4.5% in
the average water consumption of the process; however, for most
of the cases, the BONUS algorithm calculated the optimal
pressure ratios for the high pressure turbines as the upper bounds
of the established range (0.39 forHP1 and 0.69 forHP2) whichwere
considered arbitrarily and can be widened to estimate more local
minima that can provide lower values of average water consumption.

Table 1. Local Minima and Corresponding Policies for the Minimization of Water Consumption under Uncertainty for Different
Starting Points of the Boiler Air Excess and Reheater Temperature

policy for local minima

local minima of water

consumption (1E3 lb/h)

starting point:

(%) and (oF)

air

excess

(%)

reheater

temperature

(�F)
water contents of FGD

slurry (mass fraction)

pressure drop

ratio at HP1

generator loses (fraction of

the total generation)

pressure drop

ratio at HP2

bonus

estimation

stochastic

simulation

estimation

bonus

estimation

error (%)

20-1157 35.938 1158.1 0.25606 0.39 1.38 � 10�2 0.69 2581 2621 1.5

30-1157 29.02 1156.9 0.21 0.35343 6.47 � 10�3 0.69 2481 2640 6

40-1157 35.583 1164.2 0.25801 0.39 1.38 � 10�2 0.69 2579 2619 1.5

50-1157 22.422 1156.4 0.28208 0.39 1.09 � 10�2 0.69 2581 2676 3.5

40-1050 33.86 1049.5 0.30359 0.39 2.12 � 10�2 0.69 2638 2697 2.2

40-1100 51.755 1102.1 0.24333 0.39 9.03 � 10�3 0.69 2591 2629 1.4

Figure 3. Sequential quadratic programming (SQP) BONUS iterations
for the minimization of water consumption starting from different values
of the boiler air excess (%) and reheater temperature (in �F).
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The ranges of the pressure drop for the high pressure turbines
were changed, and the bonus algorithm was run again. Results for
different starting points are presented in Figure 3.
The most significant reduction is calculated when the SQP

routine is started at 1157 �F and 50%. The optimal conditions
calculated to accomplish this reduction is compared to the base
case in Table 2. Interestingly, the deterministic estimation of
water consumption for the optimal conditions from the stochas-
tic simulation is larger than the deterministic estimation for the
base case; which suggests that a conventional deterministic
optimization technique would not predict this policy. Instead,
the stochastic optimization algorithm suggests a realistic policy
that considers the weather variations achieving a reduction in the
expected value of water consumption of 6.3%.
Table 2 includes a column that shows the expected values for

water consumption when only one of the decision variables is set
at its optimal value. The values that affect the water consumption

at the highest level are the pressure drop at the first high pressure
turbine, the air excess to the boiler, and the efficiency of the
generator. This information is useful since it provides guidance
for the operation when not all parameters can be set at their
optimal values. However, it can be seen that the interaction of
these parameters is highly nonlinear and cannot be extrapolated
with this experiment.
Cumulative probability of the water consumption, efficiency,

CO2 emissions, and SO2 emissions from the stochastic simula-
tion under the optimal and the base case are shown in Figure 4.
The 6.3% level of average savings can be complemented with the
water consumption cumulative probability, the plot shows that
under the optimal conditions there is about 80% of probability
for the water consumption to be less than or equal to the
expected value (2.57E6 lb/h). For the base case conditions, the
expected value or lower values of water consumption only have
about 60% of probability to occur. The cumulative probability of

Table 2. Results of BONUS Optimization of Water Consumption Compared to the Base Case

variable base case optimal

estimate of water consumption with corresponding variable at its

optimal value (�106 lb/h)

reheater temperature (0F) 1155 1160.8 2.73

air excess (%) 20 38.9 2.63

ΔP HP1 0.385 0.49 2.61

generator losses (fraction of the total generation) 0.015 0.005 2.63

ΔP HP2 0.637 0.61 2.74

slurry preparation ratio 0.3 0.24 2.74

deterministic estimation (�106 lb/h) 2.63 2.719

BONUS estimation water consumption (�106 lb/h) 2.81 2.43

water consumption from stochastic simulation (�106 lb/h) 2.74 2.57

Figure 4. Cumulative probability of performance parameters for base case and optimal conditions of a pulverized coal (PC) plant under weather
uncertainty.
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the other performance parameters show how the increment of
the overall efficiency of the cycle is suspected to be one of the
causes for the reduction in water consumption; the effect of the
change on the turbine pressure drops significantly reduces the
amount of heat that needs to be removed by the condenser,
increases the productivity of the turbines, and increases the
temperature of the water entering the boiler. This improvement
reduces the fuel consumption and therefore the carbon and sulfur
emission levels of the whole process.
As it was said before, the water consumption is calculated

based on different parameters that include the FGD consump-
tion, cooling tower evaporation, cooling tower draft, and cooling
tower blowdowns. The cumulative probability of these para-
meters under weather uncertainty is shown in Figure 5. The
evaporation, drift, and blowdowns are calculated based on
the condenser duty, which is lower for the optimal conditions;
the variability is similar for the three of them since it comes from
the weather uncertainty. The FGD water makeup has lower
variability in the optimal conditions than under the base case
conditions. The deviations from the expected value are char-
acteristic of hot and humid air conditions; these deviations are
compensated by the increment of air excess which helps to cool
down the FGD reactor and guarantee the adiabatic operation.
Optimal policy can be analyzed as follows: The reheater

temperature needs to be increased to improve the process
efficiency; however, excess increment in this temperature will
increase the condenser duty. As it was said before, the air excess
needs to be increased to improve the FGD water consumption.
Air excess increments are normally associated with efficiency
reduction, which intuitively seems to be detrimental for the water
consumption; however, boiler’s efficiency depends on the air
enthalpy which is defined not only by its flow rate but also by its
temperature and humidity. As air temperature and humidity are
uncertain parameters the effect of air excess modifications on the
efficiency can be mitigated by atmospheric changes. Therefore

the air excess increment may not be reflected as strongly in an
efficiency reduction. The increment in the pressure drop of the
HP1 reduces the amount of heat to be rejected by the condenser
because the bleeding streams are hotter and the feedwater
reaches the boiler at higher temperature; this change needs to
be compensated by a reduction in the pressure drop of the HP2
turbine to keep the generation levels. Generator losses evidently
are forced to be reduced (by a technological improvement) due
to their influence on the process efficiency.
It should be noted that the deterministic results at optimal

values are worse than the base case. This shows that uncertainties
can change designs significantly.
Optimization of the PC plant simulation employing the

purely empirical model was also carried out using the sensi-
tivity analysis tool to determine the decision variables and the
BONUS algorithm; the results are shown in the Supporting
Information.
The BONUS algorithm drastically reduced computational

expenses of this analysis. A total of 62 iterations were performed
by SQP with different initial points for the first bonus run and 80
for the second run. A conventional stochastic simulation would
run 120 samples per iteration of SQP which would involve
102240 runs of the model. BONUS only required 1212 runs, a
reduction of 99% in computational time. Each model run
requires approximately 9 to 10 min of CPU time.
The aim of this paper is to show a new methodology for

reducing water consumption in power plant by considering
optimization under uncertainty and a new algorithm to solve
the large scale problem. The case study here shows that the water
consumption was reduced by 6.3% for the fall season for the PC
plant described here. These results are accompanied by improve-
ments in efficiency and emissions also. For other seasons, we carried
out similar case studies and found that the water consumption is
reduced by 3.2% in winter to 15.4% in summer. However, it is not
possible to analyze and present the detailed analysis of these case

Figure 5. Cumulative probability of water consumption factors for the base case and the optimal conditions.
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studies in this single paper. A follow up paper which includes these
case studies is under review for the Journal Energy Systems.
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