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Abstract 

Coal-fired power plants are widely recognized as major water consumers whose operability has started to 
be affected by drought conditions across some regions of the country. Water availability also restricts the 
construction of new plants to satisfy the increasing power demand since these new facilities must include 
water-expensive carbon sequestration technologies. Therefore, national efforts to reduce water 
withdrawal and consumption have been intensified. Water consumption in thermoelectric generation is 
strongly associated to losses on cooling systems and to gas purification operations. These processes are 
affected by uncertain variables like atmospheric conditions. Thus, minimization of water consumption 
requires optimal operating conditions and parameters, while fulfilling the environmental constraints. 
Particulate Carbon (PC) power plants are studied in this work. Optimization under uncertainty for these 
large-scale complex processes with black-box models cannot be solved with conventional stochastic 
programming algorithms because of the computational expenses involved. Employment of the novel 
better optimization of nonlinear uncertain systems (BONUS) algorithm dramatically decreased the 
computational requirements of the stochastic optimization. Operation condition including boiler 
temperature and reactant ratios were calculated to obtain the minimum water consumption under the 
above mentioned uncertainties. 

Keywords 

Particulate carbon (PC), water consumption, stochastic optimization. 

Introduction

                                                           

* To whom all correspondence should be addressed 

The US Department of Energy (DOE) and its national 
energy technology laboratory (NETL) have deeply and 
widely study the characteristics and conditions of coal-
fired power plants to ensure the availability of clean 
technologies to fulfill the increasing demand of electricity 
(DOE/NETL, 2007c). Water consumption is one of the 
characteristics that need to be addressed when assessing 
the capabilities of clean production of coal-fired power 
plants (DOE/NETL, 2007a). Makeups, blowdowns, 
process water and cooling system are responsible for water 
consumption and cooling system is the largest water 
consumer in power plants (DOE/NETL, 2007b). 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 advanced waste water treatment processes 
(Feeley et al., 2006). Additionally, comprehensive models 
of particulate carbon (PC) power plants have been built 
employing Aspen Plus to evaluate the cost and 
performance of the processes (DOE/NETL, 2007c). 
Performance evaluation with these models includes the 
determination of water consumption based on a rigorous 
mass balance as suggested by the DOE/NETL guidelines 
for energy systems analysis (DOE/FE-NETL, 2004).  



  
 

This paper complements those research efforts with a 
computational tool that can determine the conditions which 
minimize the water consumption in a 548 MW PC plant. It 
has been reported that cooling tower evaporative loses are 
the most significant loses within the cooling system and 
they are affected by environmental parameters like air 
humidity and also by operational parameters like the rate 
of power generation (DOE/NETL, 2007b). This implies 
that computational tools of process analysis should include 
the influence of uncertain parameters in the models. 
Process modeling under uncertainty or stochastic 
modeling, has been employed for process analysis in 
power system in the past (Diwekar and Rubin, 1991). 
When including the optimization techniques the resulting 
non-linear stochastic programming (NLSP) can become 
highly computationally demanding (Sahin and Diwekar, 
2004). These computational expenses have been drastically 
decreased with the better optimization of non-linear 
uncertain systems (BONUS) (Sahin and Diwekar, 2004). 
The BONUS algorithm has been integrated to Aspen Plus 
models through the advanced engineering co-simulator 
(APECS) and CAPE-OPEN interface. The advantages of 
BONUS are exploited to calculate the conditions in which 
a reduction on the average consumption of water for the 
PC plant can be reached.       

Particulate carbon (PC) model   

The PC model employed in this work is described in 
detail by the report on cost and performance of fossil 
energy plants (DOE/NETL, 2007c). Particularly, this is a 
supercritical steady state model that doesn’t include carbon 
sequestration technology and is intended to generate 548 
MW. The process is divided in two main sections: Boiler 
section and steam generation section. The boiler is 
modeled as a series of two reactors (a stoichiometry 
reactor and a Gibbs reactor) and flue gas desulfurization 
(FGD) unit is attached to the boiler effluent. The steam 
section comprises the typical high, intermediate and low 
pressure turbine train and is a steam re-heating scheme 
with feed water heating from turbine extracted steam. 
Sequential modular (SM) is the Aspen Plus standard 
modeling approach. This approach requires the 
employment of several design specifications with their 
corresponding nested convergences to obtain accurate 
modeling and demands large computational time.       

The calculation of the water consumption was 
originally performed outside Aspen Plus environment 
(DOE/NETL, 2007c). Therefore, the calculation was 
integrated to the original PC models including a heat 
exchanger and a calculator block. The complete 
description of the cooling tower model is reported by the 
literature (Hensley, 2006). The evaporation and drift losses 
are calculated based on the range or the difference between 
the hot and cold water entering and leaving the cooling 
tower. Hot water temperature was left fixed at 1100F but 
cold water temperature depends on the ambient wet-bulb 
temperature which is variable (originally fixed for design 

purposes at 51.50F) and the approach which is a 
characteristic of the humidification capabilities of the 
tower (fixed and equal to 8.50F). The uncertain variable 
chosen for the stochastic simulation and optimization is the 
wet-bulb temperature. 

Uncertainties in PC process  

NETL reports on water consumption make several 
assumption on the PC models (DOE/NETL, 2007a; 
DOE/NETL, 2007b; DOE/NETL, 2007c). Some of these 
assumptions could become important sources of 
uncertainty since they are directly related to the water 
consumption and can be fairly variable. Air humidity 
(expressed as wet bulb temperature) and power load are 
two examples of such uncertain variables. Air humidity 
continuously changes along the US along with seasons and 
its influence on the water consumption was mention in a 
previous section. Power load changes the turbine duty and 
pressure profile (Cotton, 1998) and subsequently modifies 
the condenser and cooling tower loads. This paper focuses 
on the consideration of the wet bulb temperature variation 
and the variation of both parameters will be considered in 
future publications.  

The main source of information for the design 
conditions of the cooling tower is the text by Hensley on 
cooling tower fundamentals (Hensley, 2006). The author 
suggests average measurements of the wet bulb 
temperature to determine the range and the approach 
temperature that guarantee the appropriate cold water 
temperature at peak demand. However, for more complex 
process or more accurate designs (as those required for the 
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 additionally will require detailed data for the 
particular location of the process. Detailed information 
about air humidity on different locations within the US can 
be obtained from the real-time weather tool of EnergyPlus 
energy simulation software which is available at the DOE’s 
energy efficiency and renewable energy program (EERE) 
website (http://www1.eere.energy.gov). The PC models 
were originally established for a plant located at 
Midwestern US. Therefore, weather data for the years 
2006 and 2007 from 8 US Midwestern urban centers 
(Chicago, Detroit, Indianapolis, Minneapolis, Saint Louis, 
Des Moines, Kansas City and Cincinnati) were requested 
using the software and processed to generate the 
probability density functions for the stochastic simulation 
(Diwekar and Rubin, 1991). The data was organized in 
four seasons, starting at September 2005 and finishing at 
August 2007. The original data contained dry bulb 
temperature and dew point as humidity information; they 
were converted to wet bulb temperature. Histograms to 
generate the corresponding probability density functions 
were generated for an average Midwestern urban center 
during each of 4 seasons of a year.    



  

Novel stochastic optimization algorithm  

The excessive number of model calculations required 
to determine the probabilistic objective function and 
constraints in stochastic programming problems has been 
considerably reduced by 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 non-
linear optimizer at the outer loop of the stochastic 
programming.  A brief description of the procedure is 
described bellow (Sahin and Diwekar, 2004): 
1. Generate a set of samples for the stochastic simulation. 

Data for decision variables is sampled from uniform 
distributions and data for uncertain variables is 
withdrawn from the corresponding probability 
distributions. 

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

3. Select the starting point for the to estimate the objective 
function with the weights calculated by Gaussian 
Kernel estimator for the probability density function of 
decision variables (Equation (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 
function and estimate the derivative using the 
reweighting approach. 

5. Repeat step 4 until allowed Kuhn-Tucker error is 
reached  
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The selection of decision variables for the 
optimization problem was based on the parameters that 
could be changed in the process model. This model is 
described in detail by the NETL report on cost and 
performance baseline for fossil energy plants (DOE/NETL, 
2007c). 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, stochastic 
simulation was employed as described in the literature 
(Diwekar and Rubin, 1991).  Partial rank correlation 
coefficients were used as measures of such influence since 
they provide a measure of the relationship between the 
output and input variables for a non-linear function as that 
represented in the PC models (Diwekar and Rubin, 1991). 
A stochastic simulation was run for 300 samples of 10 
potential decision variables and the 5 most influential ones 
were selected to run the BONUS algorithm. 

BONUS algorithm employs a sequential quadratic 
programming (SQP) method for the solution of the non-

linear programming problem. The model is a non-convex 
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.     

Implementation of BONUS in Aspen Plus models  

To take full advantage of the BONUS algorithm, a 
simulation tool was built around the steady state simulator 
using the CAPE-OPEN interface. Fortran calculator blocks 
were included to the model to manipulate a sensitivity 
analysis that performs the stochastic simulation. A SQP 
routine 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) and once 
every time that a modification to the NLP solver is 
required (different starting points, decision variable bounds 
or perturbation size).  

Results and discussion  

Characterization of the uncertainty 

 Figure 1 presents the characterization of the uncertain 
parameter wet-bult temperature as a histogram for each of 
the four seasons for 8 US Midwestern urban centers. It can 
be noticed that wet bulb temperature during fall and spring 
is more variable than in winter and summer. This 
variability will be reflected in simulation results on water 
consumption. These histograms are fit to lognormal 
distributions that are employed as probability density 
functions for the stochastic optimization. The fall season 
(Sept-Nov) was chosen for the study since the mean wet-
bulb for this season (approx 100C or 500F) is close to the 
assumed by the original case (DOE/NETL, 2007c). 

Optimization under uncertainty using BONUS 

The absolute value of the partial rank correlation 
coefficients of 10 variables was sorted to determine the 5 
most influential parameters (Table 1). Boiler Temperature, 
air excess to the boiler, CaCO3/SO2 molar ratio to the FGD 
unit, losses at the power generator and oxygen/sulfur molar 
ratio at the FGD unit were chosen as decision variables. 

Different starting points for the SQP routine were 
studied changing the initial values of boiler temperature 
and air excess. Figure 2 shows the BONUS results for 
boiler temperature ranges of 210-2800F and air excess of 
15-25%. It can be noticed that a monotonic reduction of 
the average water consumption is observed with boiler 
temperature reduction. However, variation of air excess 
percentage for the initial points yields a minimum when 
started from 2200F and 15% air excess. Thus, when the 
boiler temperature is pushed to an assumed lower bound of 
2100F the air excess needs to be adjusted to 16 % (from a 
base case of 20%) as shown in Table 2. These conditions 



  
 
minimize the water consumption keeping constant the 
boiler efficiency. The optimal values for the remaining 
three variables were located at their lower limits suggesting 
that values close to the stoichiometric ratios for FGD and 
reduction on the generator loses can reduce the water 
consumption (Table 2). 

 

Figure 1. Probability density functions of 4 
seasons (fall to winter from top) for wet bulb 

temperature on 8 US Midwestern cities  

Table 1.  Absolute values of partial rank 
correlation coefficients (PRCC)   

Decision Variable PRCC Importance 

Air excess 0.230024 2 

Boiler Temperature 0.295324 1 

O2/SO2 ratio 0.028274 5 

CaCO3/ SO2 ratio 0.043097 3 

Generator losses 0.031358 4 
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Figure 2. BONUS minimization of water 
consumption, various initial points for boiler 

T(0 F) and air excess(D.V: Deterministic Value)  

BONUS algorithm drastically reduced computational 
expenses of this analysis. A total of 56 iterations were 
performed by SQP with different initial points. A 
conventional stochastic simulation would run 400 samples 
per iteration of SQP which would involve 22400 runs of 

the model. BONUS only required 609 runs, a reduction of 
97% in computational time. Each model run requires 
approximately 9 to 10 minutes of CPU time. 

Table 2.  Local optima of the decision variables 
and objective function to minimize water 

consumption in a PC plant 

Variable Base Case Optimal 
Boiler Temperature (0F) 270 210 
Air excess (%) 20 16.2 
CaCO3/ SO2 molar ratio 1.04 1.01 
Generator losses 0.015 0.005 
O2/SO2 molar ratio 1.1 1.0 
Obj. function BONUS (GPM/MW)  9.60 9.32 
Obj. function Stoc. Sim.(GPM/MW)  9.62 9.21 

Conclusion 

Air humidity affects the water evaporation in the 
cooling tower of PC plants. Reduction in the boiler 
temperature, molar ratios of oxygen to the FGD, calcium to 
the FGD and generator loses; require an adjustment of the 
air excess to the boiler to minimize water consumption.  
Water consumption can be reduced in 4.26%, equivalent to 
0.41GPM/MW or 4.5×105 tons per year for a 548MW 
plant. BONUS algorithm reduced the calculation expenses 
of the stochastic programming in 97% by approximating 
the objective function with a reweighting scheme.  
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