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Abstract

Energy and utilities costs often represent one of the largest operating costs at man-
ufacturing plants and they are areas where companies can reduce cost if optimal
operating strategy is applied for efficient steam distribution and electricity genera-
tion. In addition to the financial incentive, environmental benefits can be achieved
by reducing inefficient use of resources with optimal operating strategies.

While there has been an extensive research activity for the optimization of util-
ities network, the interaction of the constraints and the feasibility of the optimal
solution when facing uncertainties were rarely questioned. In this work, the utili-
ties network is formulated as a chance constraint problem and the solution of the
optimization problem would ensure the feasibility of the solution when facing uncer-
tainties or when the constraints interact with one another. The optimal operating
strategies obtained from solving the chance constraint problem are compared with
the operating strategies obtained using linear programming, which do not take pro-
cess uncertainties into account, and the operating conditions currently in place at
the manufacturing plant. Several scenarios are also developed to demonstrate how
the optimal solution would shift when process and economic conditions vary. In
summary, this thesis provides a new approach to solve the utilities optimization
problem that explicitly includes the desired feasible probability of the system to

handle process uncertainties within the system.
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Chapter 1

Introduction

Optimization of utility systems is often of interest to operating companies because
energy cost is usually the largest part of the operating cost for a process plant [Pa-
palexandri et al., 1998]. With a deregulated electricity market, such as Alberta’s,
and an increasing cost of fuel, the economic incentive for operating companies to
determine the optimal strategy for the process system is obvious. Additional ben-
efits such as saving energy, reducing environmental pollutant and greenhouse gas
emissions [Luo et al., 2012] can be achieved by maintaining the utilities system at
the optimal operating condition.

To limit the impact of fluctuating electricity cost, industrial users usually lock
in power price through fixed price contracts [Li and Flynn, 2006] with associated
penalty cost for excess usage. If the price of electricity is allowed to vary based
on market condition, |Li and Flynn, 2006] proposed a demand-side management
strategy to optimize electricity usage during high and low electricity price periods.
Such strategy would work well for small scale consumers such as household usages,
however, it is difficult for large scale industrial users to follow because they usually
operate 24 hours a day and usually need a long time span to adjust processes to react
to different electricity prices. In addition, if the industrial user has the ability to
generate electricity on-site, the optimal operating strategy can also include supply-
side management to hedge against high electricity price periods.

The purpose of this project is to find an optimal operating strategy for a util-
ity network to allocate steam among different equipment such that the cost of the
process is minimized while satisfying the process steam requirement. To do so, ex-
isting methods to solve a utility system optimization problem will be explored. It

will require modelling of the system equipment and formulation of the optimization



problem before applying known algorithms to solve the optimization problem. Vari-
ous case studies will be developed to determine a general operating strategy for the
utilities system to handle variations in unit prices for utilities and different levels of

energy demand.

1.1 Project Background and Overview

In a typical utility network at a metal processing plant, there can be multiple routes
for steam to travel from high pressure common header to lower pressure common
headers. For this project, there are four steam common headers at different pressure.
Each of the common headers is connected to a number of equipment. Some of the
equipment can be considered solely as either a supplier or user of steam while some
equipment can be considered as both user of high pressure steam and the supplier
of lower pressure steam. For example, a boiler can be considered as a supplier of
steam by producing steam to the common header, whereas a turbine can take a
high pressure steam and produce lower pressure steam by converting part of the
energy to electricity. With multiple paths available to allocate steam from a higher
pressure steam common header to lower pressure steam common header to satisfy all
process requirements, the operating cost can be different depending on how the steam
is allocated. Therefore, the focus of this project is to find the optimal operating
strategy to allocate steam among different equipment based on both process and
economic conditions.

This project is advantageous for the company because it can minimize the oper-
ating cost by reducing excess steam production and maximize revenue by generating
electricity when appropriate while satisfying the steam requirement. In addition, a
general optimal operating strategy could provide a guideline to run the operation so

the process could be optimal continuously.

1.2 Literature Review/Existing Methods

There have been significant research efforts and progress in the optimization of util-
ities system in the last three decades. Various optimization methods for electric
utility resource planning were reviewed by [Hobbs, 1995]. Most of the studies have
formulated the optimization problem using mixed integer programming framework

where some of the variables are restricted to be integers, and these models can be



developed using linear or nonlinear models. Papoulias and Grossmann [1983] pro-
posed a systematic optimization approach to formulate the optimization problem
using mixed-integer linear programming (MILP) and [Kalitventzeff, 1991| provided
a solution method for the MILP problem to solve the utility network control strategy
problem.

While the mixed integer programming offered a great solution for systems requir-
ing discrete decisions such as an on/off switch, these models only consider operations
at current conditions. To solve the optimization problem for a longer period, Hui
and Natori [1996] suggested formulating the optimization problem using multi-period
mixed integer programming. The multiple periods can be developed based on pe-
riodical variation such as daily or seasonal variations. Unfortunately, this study
considered steam and electricity profiles as constants and uncertainties associated
with future demands were not considered.

Further improvements to address uncertainties in mixed integer programming
were discussed by [Papalexandri et al., 1996] and [Papalexandri et al., 1998] where
multi-period models would include the range of past variations during normal opera-
tion to address uncertainties in the energy demand. Recently, [Velasco-Garcia et al.,
2011] took into account for shut-downs and start-ups of utility operating units and
optimized the system with successive mixed integer linear programming (SMILP)
that resulted in significant cost savings. These methods can be challenging to imple-
ment if the range or the duration of the process variations are too great to distinguish
in discrete time periods.

Besides the mixed integer programming method, there are other methods avail-
able to determine the optimal control or operating strategies for utilities systems.
For example, Yi et al. [1998] proposed a heuristic rule-based expert system to mini-
mize the net cost of providing energy to the plant. The expert system was developed
based on steady-state modelling and simulation of steam generation and distribu-
tion among a number of common headers. Newton’s iteration method and linear
programming algorithms were used in the simulation to obtain the optimal result.
The study done by [Kim and Han, 2001] included switching cost of operation deter-
mined using dynamic programming to improve short-term heuristic optimal planning
model. Similar heuristic model was presented by [Halasz et al., 2002] using decision-
mapping method. These proposed systems offered a good starting point for problem

formulation and provided a suggestion to deal with disturbances and uncertainties



in the system. Nevertheless, since the model developed did not incorporate dis-
turbances and uncertainties, and any changes to process condition was dealt with
heuristic approach based on a series of “If~Then" rules to control the steam alloca-
tion, it is likely for the result obtained from a heuristic approach to be sub-optimal
compared to the result obtained from a statistical method. In addition, the strategy
provided by the expert system failed to address any variation in the economic infor-
mation, which is a major factor for determining an optimal control strategy for the
steam system.

In addition to the investigation of the optimal control strategy for the utilities
system, other applications have also used similar framework to minimize the opera-
tional cost. Maréchal and Kalitventzeff [1998] used a combination of mixed integer
optimization and an expert system to define optimal configurations of the utility sys-
tem to satisfy the minimum energy requirement at minimum cost. Kim et al. [2002]
investigated the preventative optimization framework that considered emergency sit-
uations in the optimization models by using quantitative constraints for the utility
system to handle unexpected equipment failures. Yi and Han [2001]| and [Yi et al.,
2003] integrated re-planning and rule-based optimal operation to handle prediction
errors for energy demands during multi-period operational planning. The modelling
of a nonlinear planning and scheduling problem for refinery operation using large-
scale mixed integer programming was discussed by [Pinto et al., 2000]. Pinto had
shown how objective function and constraints in optimization models could be for-
mulated for refinery production. Both discrete and continuous time representations
approaches were tested by Pinto for optimization results using mixed integer frame-
work and the work has focused on the development of nonlinear models. Zhang
et al. [2001] and Micheletto et al. [2008| discussed the overall refinery optimization
through the integration of different process units in a mixed integer optimization
model. These papers concluded that a better optimization result can be achieved by
exploiting network interactions among different process units rather than optimize
each unit separately.

Recent development in the utilities system optimization includes the investigation
into how to bring the system online and how to include additional cost information
such as environmental impact into the scope. Han et al. [2006] developed an online
optimization system and applied it to the condensing steam turbine network. Luo

et al. [2012| proposed a multi-period mixed integer linear programming problem that



takes into account for charges related to environmental costs.

1.3 Issues and Problems

Most of the existing techniques for optimization studies focus on mixed integer prob-
lem framework, and uncertainties within the process are generally handled with the
formulation of multi-period models. These methods tend not to consider the pos-
sible interactions between constraints specified for the process. The constraints are
usually formulated for a single purpose such as maximum electricity generation or
minimum flow rates; however, it is possible that variations in one of the constraints
could have an impact on other constraints in the system. Therefore, the effects
on optimal solution due to constraint interactions are generally ignored in existing
methods.

Existing methods also generally ignore the possibility of the optimal solution
going into the infeasible region due to uncertainties in the optimization model. These
uncertainties can cause the optimal solution to shift and if the optimal solution moves
outside of the feasible region, the solution will be sub-optimal. Therefore, a way to
explicitly state how frequent the optimal solution should remain in the feasible region
into the optimization model and maintain the operation at optimum is required.

Some papers have also proposed using heuristic approaches when dealing with
process variations. This may have provided acceptable results for operations, but a
more rigorous operating strategy should be developed such that a decision support
can be provided to operators to run the process at optimum.

Since the study at hand will not deal with turning on or off the equipment during
the operation, mixed integer program is not necessary. The problem can be easily

formulated using linear or nonlinear programming.

1.4 Thesis Objective and Scope

The objective of this thesis is to develop a robust optimization scheme so that the
optimal operating strategy is determined based on process and economic conditions
while ensuring that the process remains in the feasible region when facing naturally
occurring uncertainties within the process system. The approach to this optimiza-
tion problem is to solve it as a scheduling and planning problem that incorporates

both process models and economic objective function. Process models are to be



developed for the steam network and its associated equipment, and the economic
objective function is to be formulated based on maximizing the profit. The un-
certainties in the process will be incorporated into the optimization model using
probability constraints. After the optimization problem is formulated, case studies
will be conducted to simulate the effect of varying supply and demand of steam, and
changing utility prices.

The scope of the project includes any sources and sinks connected to high pressure
steam (900 psi steam) and low pressure steam (35 psi steam) common headers. This
means any equipment that produces or takes steam from the common headers would
be included in the scope of this thesis. The decision variables for the optimization
problem will be determined based on degree of freedom analysis and the remaining
variables are treated as constants that can not be changed throughout this thesis.
All of the data used for this work is obtained from our industrial partner and the

details of this data can be found in Appendix A.

1.5 Thesis Structure

An attempt is made in this thesis to develop models that represent the steam sys-
tem and integrate various optimization techniques to solve for optimal operating
strategies and maintain its optimal result when facing uncertainties.

In Chapter 2, the modelling of the steam network and relevant equipment are
discussed. The steam network model is developed using first principles model while
the turbine generators models are obtained using both first principles model and
data driven methods.

In Chapter 3, the formulation of the optimization model using Linear Program-
ming is explored. The optimal operating strategy for the utilities plant is determined
by solving for the optimum point from the optimization model. Finally, case studies
are conducted to examine possible scenarios that could be faced by the operating
company.

In Chapter 4, a formulation of the optimization model with probability con-
straints to handle uncertainties in the process is suggested. A solution technique is
developed to transform the Joint Probability Constraint problem to a Linear Pro-
gramming equivalent problem to take advantage of the solver program available.
Case studies are also conducted for comparison between deterministic and stochas-

tic optimization models as well as the current operation.



Chapter 2

Model Development for Utilities
Plant

In this chapter, process models are developed to represent the steam network and
its associated equipment in a typical utilities plant including turbine generators and
pressure letdown stations. After these models are developed, they will be used in
subsequent chapters for optimization analyses. The chapter begins with a description
of the processes in the utilities plant and strategies to develop models required to
represent the system. Following that, the steam network model is developed based
on steady state mass balance and the nominal values are obtained using the average
of the data collected from the plant. The turbine generator models are developed
based on both white box modelling through the use of energy balance and black box
modelling through the use of data analysis. By comparing the models developed
using black box modelling and white box modelling in terms of accuracy of the fit
and simplicity of the structure, the resulting grey box model is considered to be the
best model to closely represent the actual system because it combines the process
knowledge and the structure obtained from the white box modelling. Simulation of
the steam network and validation with available data are conducted along with model
development to ensure the accuracy of the model. After the model development,
possible sources of disturbances and uncertainties, as well as their effects on the
models are discussed. Finally, the objective of the operation is explored in order to

assist the development of the optimization model in subsequent chapters.



2.1 Process Description

A schematic of a typical utilities plant with four common steam headers and a
number of equipment can be found in Figure 2.1.

For this project, the sources, sinks and process equipment of the steam system can
be classified based on the direction of the steam flow with respect to the common
headers. If the equipment only provides steam to the common headers, then the
equipment is defined as the source of steam. For example, the major sources of
steam in the system are Boilers #1 and #2. If the equipment only takes steam
from the common header, then the equipment is defined as the sink of steam. The
major sinks of the system are denoted as “User" in Figure 2.1. If the equipment
takes high pressure steam for process usage and provides lower pressure steam to
another header, it is considered process equipment. The main process equipment
in the utilities plant includes two turbine generators, air compressor turbines, and
pressure letdown stations.

Boilers #1 and #2 supply high pressure steam at 900 psi, which is fed into the 900
psi common header near the left end of Figure 2.1. Equipment such as air compressor
turbines consume high pressure steam from the header, and the remaining high
pressure steam is sent to other plants to satisfy their steam demand. An additional
package boiler is available and activated to supply mid pressure steam at 160 psi to
cover the shortage of steam when one of the two boilers is shut down for service or
when there is an excess demand for 160 psi and/or 35 psi steam.

If the high pressure steam passes through turbine generators, electricity can be
produced as a byproduct from the conversion of high pressure steam (900 psi) to low
pressure steam (35 psi) and condensate; however, a minimum flow rate requirement
of at least 7000 1b/hr of high pressure steam for the generator has to be satisfied in
order to keep the generator in continuous operation.

There are two ways to manipulate turbine generators to control the generation of
electricity. One of the ways is to adjust the inlet flow rate to the turbine generator
from the high pressure steam header while keeping other variables constant. By
doing so, the ratio of the condensate to low pressure steam flow rate, which is used
to determine the split between the condensate and low pressure steam flow rate
from the high pressure flow rate in the turbine generator, remains the same but the

adjustment in inlet flow rate for 900 psi steam changes the amount of electricity
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produced. As the inlet flow rate of the turbine generator increases, the generation of
electricity also increases. The other method to control the generation of electricity is
to change the extraction flow rate of 35 psi steam from the turbine generator while
keeping the inlet flow rate of the high pressure steam constant. In this case, the ratio
of the condensate to low pressure steam flow rate is adjusted, and the generation of
electricity increases as the ratio favours the split to the condensate flow rate.

Since there are two ways to operate the turbine generators, 900 psi steam flow rate
and 35 psi steam flow rate are used as decision variables to describe the equipment.

An illustration of the Turbine Generator can be found in Figure 2.2

RS

900 psi Steam

Turbine Generator

35 psi Steam Condensate

Figure 2.2: Process Flow Diagram of a Turbine Generator

In addition to the turbine generators, the high pressure steam can also pass
through pressure letdown stations (PLS) to produce low pressure steam when there
is excess high pressure steam or if there is an additional demand for low pressure
steam. When high pressure steam passes through a pressure letdown station, the
outlet mass flow rate stays the same as the inlet mass flow rate of the pressure
letdown station, and high pressure steam is expanded to low pressure steam with
heat lost to the atmosphere.

With many potential manipulated variables available for adjustment to meet the
various levels of steam demand such as steam flow rates from boilers and steam flow
rates to turbine generators and pressure letdown stations, it is important to compare
all of the available operating strategies for steam distribution for the optimal result
that would minimize the cost of steam generation, while meeting the site’s steam
requirement. Nevertheless, models are required to describe the system in detail
before formulating the optimization problem. In particular, the steam flow model
based on mass flow rates is required to determine whether the steam demand from

the users is satisfied while turbine generator models are needed for the prediction of
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electricity generation.

2.2 Steam Network Model

As is the case with most process engineering analysis, the starting point of the
analysis typically includes either the mass or energy balances for the system. In
order to model the utilities plant thoroughly, a set of steady state mass balance
equations are used to simulate the steam flow within the utilities plant based on
the direction of steam flow into or out of common headers in Figure 2.1. During
the development of the steam network model, it is assumed that there is no error in
the measurement readings unless the readings are negative values, in which case the
values are adjusted to zero. Loss of steam due to leaks along the pipeline or inside
the equipment will be neglected. In addition, the steam network model assumes
that all of the steam suppliers and users in the system have been taken into account
during the model development.

For the 900 psi common header, the supplier of steam are the boiler #1 and
#2 as well as the steam coming in from the acid plant. The users of the high
pressure steam include two turbine generators with outlet connecting to the 35 psi
common header, four pressure letdown stations to letdown high pressure steam to
all three lower common headers, two air compressor turbines that produce 35 psi
steam, and demand from various plants. The mass balance equations around the
900 psi common header can be written as the following;:

Into the 900 psi Steam Header:

T Boilerl T T Boiler2 + T AcidPlant1l T T AcidPlant2 = T900headerin (21)

Out of the 900 psi Steam Header:

TTurlin + TGenlin + TTur2in + TGen2in + TPLS93in+
TTCin + LUmicored T TMetal9 + TSulzer9 + THPSENI9T

TpLSosin + TPLSI11in + TPLS912in + TTTin = T900headerout (2-2)

Similarly, for the flow rates into and out of the 450 psi common header, the main
supplier of steam is through the Secondary Reformer, also known as the Fuel Gas
Waste Heat Boiler, while the letdown from 900 psi common header can also act as

an additional supplier of 450 psi steam to the header. The main users of 450 psi
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steam are the turbines in Gas Reform plant with the outlet connecting to the 160
psi header. If there is excess 450 psi steam in the 450 psi header, it can be letdown
to 160 psi and 35 psi common headers through pressure letdown station if required.
With the information provided on the 450 psi common header, the mass balance
equations around the 450 psi common header can be written as the following:

Into the 450 psi Steam Header:

TPLSY4out + LFGWHT = T450headerin (2.3)

Out of the 450 psi Steam Header:

TP1.S43in T TPTout + LPLS41in = T450headerout (24)

The main consistent supplier of 160 psi steam to the common header is the outlet
of the Gas Reformer turbines. There are also two pressure letdown stations available
for letdown from 900 psi header and one pressure letdown station for letdown from
450 psi common header. The package boiler is activated when the letdown from high
pressure steam (900 psi) does not provide enough steam to satisfy the demands for
160 psi and 35 psi steam. There are several plants that take the 160 psi steam and
the excess steam is again available for letdown to 35 psi common header. Therefore,
the mass balance around 160 psi common header can be written as the following:

Into the 160 psi Steam Header:

TPTout + TPLS41out + TPLSI11out + LPLS9120ut + LPKGBoiler = T160headerin  (2-D)

Out of the 160 psi Steam Header:

TSulzerl T T Agriuml + ZpLS131in = T160headerout (26)

At the lowest level of the common headers, any outlet that is connected to the 35
psi header from higher pressure steam can be considered as supplier of 35 psi steam
and they include two turbines, two compressors and four available pressure letdown
stations. The 35 psi steam is sent to various plants for process use and the excess
is vented. The mass balance around 35 psi common header can be written as the
following;:

Into the 35 psi Steam Header:

TTurlout + TTur20out + TPLS930ut + TTCout + TPLS430ut+

TPLS130ut + TPLSPKG = T35headerin  (2-7)
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Out of the 35 psi Steam Header:

ZTozy3 t TLeachSW3 + TLeachS3 + TLeachSE3 T TNH33 + TGR350ut

TSulzer3 T Tyent3 T T35excess = L35headerout (28)

Using Equations (2.1) to (2.8), the steam flow around the four common headers
are represented with mass balance equations that address steam heading into and

coming out each of the common headers.

Steam Model Validation

With the steam flow model developed for the utilities plant based on steady state
mass flow equations, it is imperative to determine whether the models can repre-
sent the system accurately enough to conduct further analysis. One of the ways to
determine the validity of the model is to check whether there is more steam supply
than steam demand in each of the common headers after accounting for all of the
suppliers of steam. This is the case because all of the suppliers of steam are known,
but there could be leaks in the pipeline or users/sinks there were not accounted for
in Equations (2.1) to (2.8). As a result, there could be more steam heading into
the common header than coming out of the common header. In order to reflect this
fact in the steam model in this thesis and not have steam accumulating in the com-
mon headers, “excess steam" is used to denote the difference between steam heading
into the common header and steam coming out of the common header and they are
defined as the following:
Excess 900 psi Steam:

Texcess900 = L900headerin — L900headerout (29)

Excess 450 psi Steam:

Texcessd50 = L450headerin — L450headerout (2'10)

Excess 160 psi Steam:

Lexcess160 = T160headerin — L160headerout (211)

Excess 35 psi Steam:
Lexcess35 — L35headerin — L35headerout (212)
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Figure 2.3: Validation of the Steam Flow Model

The data used to determine the excess steam is shown in Appendix A and Fig-
ure 2.3 shows the result of the excess steam in each of the common headers.

From the figure, it can be seen that all of the common headers contain positive
excess steam. Therefore, the process requirement by the current steam distribution
system to meet the user demand is satisfied. The excess steam accounts for about 3%
of the 900 psi steam produced, 46% of the steam into 450 psi common header, 26%
of the steam into 160 psi common header and 23% of the steam into 35 psi common
header. The presence of positive excess steam in the common headers means that
there may be leaks along the line or that there could be miscellaneous sinks that

were not accounted for.

2.3 Turbine Generator Modelling

Similar to many modelling exercises, one can choose to model using first principles
or data based techniques or a combination of both when modelling around a piece of
process equipment. The advantage of modelling the process using first principles is
that one can have insight into the physical meaning of model parameters; however,

it could be difficult to develop the model using first principles and incorporate all
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of the necessary information into the first principles model as the process gets more
complicated. On the other hand, part of the advantage of an empirical modelling
is that it does not require an intensive understanding of the physical process and
it could make it easier to develop a model. Nevertheless, the model parameters
may not always have physical interpretation. Both techniques will be explored and
discussed in this section for their pros and cons before a proper format of the model

is chosen.

2.3.1 First Principles Model

Modelling using first principles, more specifically, thermodynamic principles will
be discussed first. Since the turbine generators involve the conversion of internal
energy to electricity energy via mechanical means, the modelling of turbine generator
comprises of a set of energy balance equations around the unit.

Using the first law of thermodynamic [Cengel and Boles, 2006], the energy balance
around the turbine generator can be written as:

dESystem

Ein - E(.)ut = dt

(2.13)

This is a steady flow process and there is no accumulation of mass or energy.
Therefore, the term Cms’d% is equal to 0 and Equation (2.13) can be expanded
to include internal energy, kinetic energy, potential energy and electricity to be

generated with the following equation.

2
Hoo0stmT900stm + §$9005tmvgoo$tm + £900stm 9Z900stm —

1
<H353tmx355tm + §x35$tmv§5stm + Z355tm9235stm + EAmzilable) =0 (214)

Since there is almost no difference in velocity and height between the inlet and
outlet of turbine, the change in potential and kinetic energy can be assumed to be

zero and the equation can be simplified to the following equation.

EAUailable = Hoy00stmT900stm — H35stmT35stm (215)

In reality, the conversion of internal energy to electricity can never achieve 100%
conversion due to mechanical limitations such as friction or heat loss [Cengel and

Boles, 2006]. Therefore, to incorporate inefficiencies such as friction or heat loss as a
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physical realization of the energy conversion in the modelling of turbine generators,

an efficiency parameter is included in the Equation (2.15) as the following:

EActual = Nowverall (H9005tmm9003tm - H35stm$353tm) (216)

Equation (2.16) is nonlinear because Hopopstm and Hsss, are functions of pres-
sure and temperature |Felder and Rousseau, 2005]. Nevertheless, given pressure and
temperature measurements at the inlet and outlet of the turbine generators, the spe-
cific enthalpy of the steam at those locations can be obtained from the International
Association for the Properties of Water and Steam (IAPWS) steam table. Therefore,
the inherently nonlinear equation is linearized with the assumption that the specific
enthalpy terms can be obtained to linearize the nonlinear equation. At this point,
the only thing remaining before obtaining the predicted electricity generation is the
efficiency parameter. After determining the efficiency parameter using process data,
the generation of electricity can be predicted from Equation (2.16) given process

information such as temperature, pressure and steam flow rates.

Efficiency Parameter

The efficiency of the turbine generator can be obtained using two different methods.
One of the methods is to compare the actual electricity generated with the total
energy available for electricity generation with 100% conversion rate. The other
option to obtain the efficiency parameter is through the use of empirical modelling.
Both techniques will be explored and the merits of each technique will be discussed
and a decision will be given for the one to use for the model. Nevertheless, only the
first option will be discussed in this section while the second option will be discussed
in the following section.

Since the electricity generated by turbine generators can be measured, the ef-
ficiency parameter can be obtained by comparing the total available energy and
the actual measured output of the electricity shown in Equation (2.17) |Cengel and
Boles, 2006, which provides an option to obtain the efficiency parameter for the said

option.

EActual

2.17
EAvailable ( )

Noverall =

As mentioned before, Ecuq in Equation (2.17) can be obtained from measure-

ment while E gyqiiapie can be obtained from Equation (2.15).
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Using historical data obtained from the plant for electricity generated, the overall
efficiency parameter for the Turbine Generator, Noyerail, is around 25%. The overall
efficiency parameter accounts for the efficiency from the turbine as well as the gener-
ator. The detailed calculation of the value of the efficiency parameter can be found
in Appendix B.

With an overall efficiency of 25% and specific enthalpy associated to inlet and
outlet of the Turbine Generator #1, the first principles model for electricity gener-

ation can be obtained using Equation (2.16) and the resulting model is:

Ereqar = 0.0026052355¢m + 0.09292 cond (2.18)

Using the same procedure, the overall efficiency for Turbine Generator 2 is cal-

culated to be around 22% and the electricity generation model is obtained as:

Ereat = 0.0022972555tm + 0.0819% cong (2.19)

2.3.2 Empirical Modelling

The other way to model the steady state turbine generator is through the use of an
empirical model. Given the input and output data, the parameters for the turbine
generator can be obtained using the least square regression analysis. To simplify the
process, the noise is assumed to be independent and identically distributed Gaussian
noise. The output for the system is the electricity generated and the input can be
the flow rate of 900 psi, 35 psi steam or condensate or any combination of the three
for the black box model. Assuming there is no previous knowledge of the model
structure, a series of tests is required to determine the necessary input(s) for the

turbine generator model.

Model Testing

To obtain the model structure for the turbine generator model, various linear re-
gression models will be attempted to determine whether they have good fit with the
data. It will start with simple linear regression models and then gradually increase
in the complexity of the model structure to multiple linear regression. If the data
fitting is not satisfactory, a more complicated model will be proposed and tested
until a satisfactory result is obtained. After a satisfactory fitting on the model is

obtained, the residual analysis will be conducted to determine if there are outliers
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in the data set. If this is the case, the outliers will be removed to determine if the
model can be improved.
Based on the model determined from first principles, the empirical model is

expected to have a model structure similar to

9 = Biw1 + Bawe (2.20)

Nevertheless, other model structures were investigated by adding or subtracting
either parameter(s) or input variable(s) to determine if a better structure can be
obtained. By removing one of the regressors, the model structure would resemble
that of a simple linear regression model. The simplest model structure investigated

has the following format:

y =Py (2.21)

The output variable for the model is electricity and the input variable can be
any of the flow rates for condensate, 900 psi steam, or 35 psi steam. The best
input variable was determined to be the condensate flow rate because it has the best

coefficient of determination at 59.4% and has the following form:

§ = 0.0940% cond (2.22)

The t-test is used to test the contribution of a single variable to the model. For
this model, Ty and Tp.025,17279 are calculated to be 998.3939 and 1.9601 respectively.
Since Tp is greater than Tp 025 17279, the null hypothesis: Hy : 8 = 0 is rejected and
it can be concluded that the condensate flow rate contributes significantly to the
model.

Nevertheless, the fitting is considered poor by common convention, hence, sim-
ple linear regression models with additional parameters and complexity were inves-
tigated. The following three model structures were investigated to determine if a

better model structure could be achieved with additional parameters.

9= Bo+ iz (2.23)

§ = Pz + Pz’ (2.24)
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= Bo+ Biz + Bz’ (2.25)

A total of nine simulations were conducted for the above three model structures
with each of the possible input variables. None of the above model structures in-
vestigated has a better coefficient of determination than Equation (2.22) and S is
effectively zero for the models investigated.

Since the simple linear regression models did not provide an adequate model for
the Turbine-Generators, multiple regression models are investigated. The simplest
multiple regression model structure would have a structure similar to Equation (2.20)
but the structure with an intercept similar to the following equation is investigated.

Model 1:
U = Bo + Bix1 + Paxo (2.26)

Three other model structures with additional parameters were also investigated

to determine if a better model could be obtained with increasing complexity in model

structure.
Model 2:
9= Bo+ Brz1 + P2xa + B3x112 (2.27)
Model 3:
§ = Po + Bras + Pows + B3t + Bacs (2.28)
Model 4:
§ = Bo+ Pra1 + Paxa + B3at + Bax3 + Bra122 (2.29)

Similar to the simple linear regression models investigated, the input variables
can be a combination of condensate flow rate and 900 psi steam flow rate or 35 psi
steam flow rate. Model structures without the intercept, [y, were also investigated
to determine if the intercept should be part of the model parameters. In total, 24
models were investigated and the models were judged on their accuracy based on
the fitting of the data as well as the simplicity of the model in terms of the order of
the model.

Multiple Regression Result and Discussion

The multiple regression method described in [Montgomery and Runger, 2007| is

applied to all 24 models similar to the procedures used for simple linear regression
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models. The coefficients of determination of the simulated results are presented in

Table 2.1. The minus sign, “-", in the table signifies the models without intercept.

R? Condensate and Condensate and 35 psi and
35 psi Steam 900 psi Steam 900 psi steam
Model 1 93.31% 93.31% 93.31%
Model 2 93.38% 93.53% 93.76%
Model 3 93.85% 93.63% 93.66%
Model 4 93.87% 93.87% 93.87%
Model 1- 82.83% 82.83% 82.83%
Model 2- 89.57% 93.36% 88.11%
Model 3- 92.57% 92.03% 92.86%
Model 4- 93.52% 93.52% 93.52%

Table 2.1: Coefficient of Determination Result for Multiple Regression Models

According to the results obtained from the multiple linear regression models,
several observations and conclusions can be made with respect to the coefficient of
determination. First, the fitting for all multiple regression models is better than
the fitting for all simple linear regression models. The coefficients of determination
for multiple linear regression models are close to each other in value and most of
them are above 90%. By adding one extra input variable to the Turbine Generator
model as shown in Model 1, the coefficient of determination has increased by 30% or
more when compared to simple linear regression models. Beyond that, any further
addition in the number of parameters in the model, as shown in Models 2 to 4, does
not have any dramatic improvement on the coefficient of determination.

In addition, the coefficient of determination for models with the intercept is better
than those without. This is the case for all models tested, however, the difference
is larger for Model 1 with the intercept. Since Model 1 with condensate and 35
psi steam flow rates for input variables as shown in Equation (2.30) resembles the
model structure obtained from the first principles models, this model is the most

likely structure for the turbine generator model.

y = —362.7790 4 0.0400z355tm + 0.0905Z cond (2.30)

Equation 2.31 shows the 95% confidence interval for the coefficient of determi-

nation for Model 1 with intercept.

93.11% < R? < 93.50% (2.31)
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Since the confidence interval on the coefficient of determination is above 90%,
the data fitting with the model structure is considered adequate.

Figure 2.4 shows the comparison between the predicted electricity output from
the Turbine Generator 1 model and the actual electricity output. Based on the
figure, most of the data points fall in a straight 45 degree line indicating that the

predicted electricity output is similar to the actual measurement.

Predicted Output vs. Actual Output
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Figure 2.4: Predicted Output vs. Actual Output for Turbine Generator 1 Model

To check whether the model determined is adequate, residual analyses were con-
ducted to validate the model. In particular, time series plot, histogram, standardized
residual test, residual versus prediction test and residual versus regressor test were
conducted.

Figure 2.5 shows the time series plot of the residuals. From the figure, it is
difficult to determine if there is nonlinearity or lack of fit in the model since there is
no apparent trend in the residual plot.

Figure 2.6 shows the histogram test of the residuals. The figure shows that the
residuals are close to being normally distributed but there could be an outlier in the
data set.

To determine whether there are outliers in the data set, standardized residuals
were calculated. Figure 2.7 shows the plot of the standardized residuals. From the
figure, approximately 95% of the data falls between +2 and -2. The other 5% of
the data that falls outside the range can be attributed mostly to natural occurring
event. Data point 29 has an unusually large standardized residual of 8.89, which

suggests the data point could be an outlier.
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Figure 2.5: Time Series Plot of the Residuals
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Figure 2.6: Histogram of the Residuals
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Figure 2.7: Standardized Residual Plot
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Figure 2.8 shows the comparison of the residuals against predicted electricity
output. Most of the residuals range from 4100 to -100 for predictions around 800
to 1400. The data point with residual of 260 seems to be an outlier. Similar to the

observation from Figure 2.7, this point corresponds to data point 29.
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Figure 2.8: Residual vs. Predicated Electricity Output

Figure 2.9 shows the residual versus regressor tests. Similar to previous figures,
most of the residuals fall within the range of +100 to -100 except one data point
that corresponds to data point 29.

Based on the residual analyses performed, it was determined that the data point
29 is likely an outlier. Therefore, the data point is removed to test if a better model
can be obtained.

After the outlier is taken out of the original data set, the resulting regression

model is obtained in Equation (2.32).

y = —364.5379 + 0.04002355¢m + 0.09062 cond (2.32)

Since the null hypothesis for t-test is rejected for all three parameters, it is
determined that all parameters contributed significantly to the model.

The coefficient of determination R? and the adjusted R? for this model are deter-
mined to be 93.33%. This is a slight improvement compared to the 93.31% obtained
for the R? and the adjusted R? with the outlier.

Figures 2.10 to 2.15 show the result of the residual analysis without the outlier.
The general trend in these figures is very similar to those obtained with the out-

lier. The figures that show a clear improvement from removing the outlier are the
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Figure 2.9: Residual vs. Regressors

24



histogram and the standardized residual plot.
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Figure 2.10: Predicted Output vs. Actual Output for Turbine Generator 1 Model
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Figure 2.11: Time Series Plot of the Residuals

The histogram in Figure 2.12 mirrors closer to a normal distribution than the
histogram in Figure 2.6. The standardized residual plot in Figure 2.13 shows that
95% of the data points fall within plus and minus 2, and no point outside of plus and
minus 5. Therefore, based on the improvements observed from these two figures, it
is determined that a better regression model is obtained by removing the outlier.

There is 95% confidence that each of the parameters in Turbine Generator 1

model is in the confidence interval shown in Equations (2.33) to (2.35).

—370.8313 < By < —358.2446 (2.33)
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Figure 2.12: Histogram of the Residuals
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Figure 2.13: Standardized Residual Plot
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Figure 2.14: Residual vs. Predicated Electricity Output
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Figure 2.15: Residual vs. Regressors
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0.0398 < B, < 0.0402 (2.34)

0.0902 < B2 < 0.0909 (2.35)

The Turbine Generator 1 model determined is valid for 0 to 1,577 kW, 0 to
20,626 1b/hr 35 psi steam flow rate, and 3,707 to 18,484 1b/hr condensate flow rate.
Extrapolation beyond the range provided may not be accurate.

Similar analysis was conducted for Turbine Generator #2 and the best model

obtained has a 94.45% fit with the following form:

y = —603.0405 + 0.04352355tm + 0.1074Zcong (2.36)

Equations (2.37) to (2.39) show the 95% confidence interval for the parameters

in the Turbine Generator 2 model.

—609.4267 < By < —596.6544 (2.37)
0.0433 < B; < 0.0436 (2.38)
0.1070 < B5 < 0.1078 (2.39)

The Turbine Generator 2 model determined is valid for 931 to 1,589 kW, 3,088
to 19,957 1b/hr 35 psi steam flow rate, and 7,653 to 17,591 lb/hr condensate flow

rate. Extrapolation beyond the range provided may not be accurate.

2.4 Disturbances and Uncertainties

In this section, the potential sources of disturbances and uncertainties in the steam
network will be discussed. The effects of these disturbances and uncertainties on the
models developed from previous sections will also be explored.

One of the major disturbances to the steam network is the variation in user
demand for steam from the network. Some of the steam users are core process units
such as High Pressure Still while others can be external plants such as Metals plants.
Since the steam demand from these users depends on the process conditions they

face, the steam requirement for these units will change if the process conditions
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change for their process or business. The steam demand from these users can change
as frequently as the variations of their process conditions. These disturbances can
potentially exhibit random walk characteristics and the level of steam demand can
be inconsistent because there is no control over the demand from some of the users.
On the other hand, the supply of steam is also a source of disturbance for the
steam network. Some of the steam supplies come from external plants, such as the
Acid Plants, and the rest comes from the boilers. Similar to the variation for steam
demand, the steam load from external plants and the boiler swings can be significant
and the timing of variation is usually unpredictable.

Another major source of disturbances can be caused by leaks in the common
headers. When leaks take place in the steam network, it causes a consistent steady
loss of steam from the system and the problem lasts until the leak is repaired.

Other sources of disturbances include the variation in the consistency of the tem-
perature and pressure in the common headers. The variation of the temperature in
the common headers can be caused by line loss due to temperature difference with
the ambient temperature. The variation of the pressure in the common headers can
be caused by the amount of steam being drawn or supplied to the steam network.
These types of disturbances can vary from time to time and they may not be consis-
tent. Leaks in the steam header could also affect the variation in temperature and
pressure. Since it is likely that there are leaks somewhere along the steam header,
it is highly likely that disturbances in temperature and pressure could cause the dif-
ference between the model and the actual process as well as affecting the variation
in the efficiency of the turbine generators.

Even though the optimization model is not yet formulated, any change in the
economics is going to have an effect on the optimization solution. In particular,
the unit prices for products such as electricity and 35 psi steam as well as the unit
price for material such as the 900 psi steam are going to be used in the optimization
model. Depending on how market prices vary for steam and electricity, the optimal
solution would shift as well. More details on the effects of varying market values on
steam and electricity will be discussed in later chapters.

Typically any of the measured data would have uncertainties due to measure-
ment errors. Therefore, any of the flow rate measurements used in the development
of flow rate models would contain some form of uncertainties. In addition, since

the temperature and pressure measurements were used in the development of the
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overall efficiency parameters, the efficiency parameters obtained would also have un-
certainties attached to their values. Furthermore, since the parameters calculated
for turbine generator models were based on model fitting the data collected, the

parameters obtained would also contain uncertainties.

2.5 Operating Objectives

With many potential manipulated variables available for adjustment to meet the
various level of steam demand such as boilers output, turbine generator flow rates
and the usage of pressure letdown stations, it is important to compare the financial
return on each of the paths for the optimal result. Currently, the Energy Manage-
ment System (EMS) is available to provide steam allocation among boilers, turbines
and pressure letdown stations. The objective of the EMS is to meet the steam and
electrical requirements of the plant at minimum cost subject to the operating con-
straints imposed on the process and generation equipment. The system provides
an excellent tool in controlling the pressure in common headers by exchanging elec-
tricity production for process steam, should there be an increase in steam demand
and the other way around when the steam demand drops. However, since the sys-
tem does not take variation in market value into account for steam and electricity
generation and any increases in energy demand by the plant are met by exchang-
ing electrical generation for process steam, this means that the control arrangement
does not produce the most cost effective electrical and steam balance. Therefore, an
optimization scheme based on financial and process information is to be proposed to
find the optimal distribution path for steam in the utilities plant. Also, the effects
of market variation will be taken into account for the optimal operating strategy by
solving the optimization model for different economic conditions.

Although boilers outputs are available as manipulated variables, due to the com-
plexity of the process involved in modelling the boilers, they are left out of the scope
as possible manipulated variables for this project. It is determined that the main
purpose of the boilers is to maintain sufficient amount of steam in the system, and
the EMS is more than capable of making sure that this is the case so there is enough
steam in the utilities plant for all of the users.

Nevertheless, with the presence of turbine generators and pressure letdown sta-
tion, multiple paths exist in which high pressure steam can go through to produce

low pressure steam. Even though the mass flow is preserved with the use of pressure
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letdown stations, the loss of energy in the form of heat loss is irrecoverable. On the
other hand, although part of the energy is converted to electricity through turbine
generator, the poor efficiency of the equipment makes the decision of distributing
steam through turbine generator less obvious as a better alternative. The dilemma
of choosing the best path to distribute steam with necessary process and economic
information presents the problem as a classic planning and scheduling problem that
can be solved using optimization problem approach.

The solution from the planning and scheduling optimization problem will yield set
points for operators to run the process at the given financial and process conditions.
As illustrated in Figure 2.16, the output from the optimizer will be used as set points
by the controller to control valves that manipulate flow rates to Turbines, Generators

and Pressure Reducing Valve.

Optimizer
J->® Controller > valve - NSttevsn;k
Set Point Error Control etwol

Signal Variable

Measurement |<
Measurement

Signal

Figure 2.16: Block Diagram of the Optimizer and the Control System

The primary objective of the optimizer is to optimize the cost (or revenue) of run-
ning the utilities plant according to the market conditions while meeting the process
requirements. This will involve finding the deterministic solution of the optimization
problem, which will be discussed in Chapter 3. The secondary objective of the oper-
ation is to find the optimal point to operate the process so the utilities plant would
minimize the frequency of the plant operating outside the feasible regions. This will
involve the use of chance constraint and stochastic linear programming techniques,

which will be discussed in Chapter 4.
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Chapter 3

Steam Network Optimization
Using Deterministic Linear
Programming

In this chapter, optimization problems for the steam network will be formulated and
analyzed to provide operating strategies. The chapter begins with the formulation
of a linear optimization problem. In particular, the information used to formulate
the objective function as well as the system constraints will be discussed. After
the formulation of the deterministic optimization problem, solution techniques will
be explored. Upon obtaining the optimal solution, the nominal optimization result
will be compared with the current operation to assess the potential benefit that
can be achieved from the optimization scheme. A post-optimality analysis will be
given and the sensitivity of the optimization result will be discussed. Following
the analysis of the nominal case, several case studies will be developed to study
the effect of varying process and economic conditions on the optimization result.
The various cases developed will reflect variations in utility prices and the level
of steam supply and demand. Finally, results from optimization problems will be
summarized as operating strategies for the steam network so the steam distribution

can be manipulated based on process and economic condition.

3.1 Linear Programming Formulation

A Linear Programming problem has the general form:

max CTJ?

Subject to: Az <b (3.1)

The problem consists of an objective function to be maximized or minimized
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and a set of inequality /equality constraints that describe the process model, process

operation, and safety constraints.

3.1.1 Objective Function Formulation

The objective function for scheduling and planning problems typically uses economic
functions such as cost, revenue or profit. For this project, the objective function
considers the net economic benefit of the utility operation with a profit function,
which consists of unit prices of steam and electricity, and flows of high and low
pressure steam. The profit function is defined as the difference between the revenue

and the cost and it has the following form:

Profit = Revenue - Cost (3.2)

To define items that generate revenue and cost, it is necessary to classify raw
materials and products of the process. Since the utility system can be considered
as taking high pressure steam to generate electricity or low pressure steam, the
900 psi steam is categorized as raw material while electricity and 35 psi steam are
categorized as products of the process. By considering the flow of 900 psi steam
and its associated unit price as the cost of the process, and electricity, flow of 35
psi steam and their associated unit prices as the revenue of the process, the profit

function in Equation (3.2) can be rewritten as:

Profit = Ceectricity 2 + C35735stm — C900T900stm (3.3)

The coefficient, Cejectricity (5/kWh), denotes the unit price for electricity while
the coefficients, C35 ($/1b) and Cggp ($/1b), denote unit prices for the 35 psi steam,
900 psi steam respectively. Since variables xgoostm (Ib/hr), zssstm (Ib/hr), and E
(kW) in Equation (3.3) do not show how steam distribution can be manipulated, a
model to express the relationship between the variables given in the equation with
the operation of the steam network is needed. This can be achieved by material and
energy balance equations across the steam network.

The mass balance equation for 900 psi steam available for distribution has the

following form:

T900stm = TTurlin T TGenl + TTur2in + TGen2 + TPLSin (34)
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The mass balance equation for 35 psi steam generated from the 900 psi steam

has the following form:

T35stm = TTurlout T LTur2out + LPLSout (35)

All of the variables in Equations (3.4) and (3.5) denote steam flow rates with the
unit of (Ib/hr).
The following equation shows the total electricity generated from the two turbine

generators.

B = ATyur1 TTurlin T QXGen1 L Genl T BTGI + ATyr2 T Tur2in + AGen2TGen2 + /BTGQ (36)

The four efficiency variables denoted by « (kWh/1b) in Equation (3.6) are determined
in Chapter 2.
By combining Equations (3.4) to (3.6) into Equation (3.3), the resulting equation

for profit is obtained as:

Profit = (035 + Celectricity@Turl - CQOO)xTurlin + (CelectricityaGenl - C1900)-%'6*6711
+ (035 + CelectricityaTuTQ - CQOO)meQin + (CelectricityaGenQ - C'900)1736’6112

+ (C35 — Coo0)x pLSin + Cetectricity(Bra1 + Praz)  (3.7)

All other overhead cost information associated with equipment maintenance and
amortization fees are not included in the objective function because the goal of this
thesis is to find the optimal steam distribution strategy for operational purpose based
on steam and electricity unit prices. Also, the inclusion of these overhead cost would
not affect how the optimal strategies are determined because the overhead cost is a
lumped sum deduction to the profit calculated and as a result, it has no effect on

the decision variables except shifting the objective function value.

3.1.2 Formulation of Constraints

The constraints used in optimization problems typically include mass and energy
balances as well as other process information such as minimum flow rates required
for the turbine generators and physical limitations such as maximum electricity that
can be generated from the turbine generators.

A system of mass balance equations is used to derive the steam flow model and

the energy balance analysis is used to determine the turbine generator models. The
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details for the modelling of steam flow system and the turbine generators were given
in the previous chapter.

Since the Energy Management System currently in place supplies enough steam
in each of the common headers to satisfy the steam demand from various users, there
is always a net positive flow of steam in each of the common headers. Therefore,
four constraints, one for each of the common headers, can be formulated based on
the process requirement that a positive steam flow is necessary to meet the steam
demand.

900 psi Header Constraint:

TTurlin + TGenl + TTur2in + LGen2 + TPLSin + Z900 _users < L900_suppliers (38)

450 psi Header Constraint:

L450 suppliers > L450 users (39)

160 psi Header Constraint:

T160_suppliers > L160 users (310)

35 psi Header Constraint:

TTurlout T TTur2out + TPLSout + L35 suppliers > L35 users (311)

Equations (3.8) to (3.11) are developed based on Equations (2.9) to (2.12) to
ensure that there is a net positive flow in each of the common headers. Therefore,
they can be very similar to each other except that some of the supplier and user
units are combined together as a variable.

Furthermore, three additional equations are developed to relate the inlet flow
rates and outlet flow rates of Pressure Letdown Station and Turbine Generators 1

and 2 in Equations (3.12) to (3.14) respectively.

QPLSconvertTPLS93in = T PLS930ut (3.12)
ATyrlconvertLTurlin = LTurlout (313)
ATyr2convert LTur2in = LTTurout (314)
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The aprsconverts Turlconvert; and QTyroconvert are factors converting inlet flow
rates to outlet flow rates.

With regards to the generation of electricity, there is also an inherent physi-
cal limitation on how much electricity can be produced from each of the common
headers. The constraints on how much electricity can be produced from each of the
Turbine-Generators can be expressed as the following two functions.

Electricity Generation Constraint on Turbine Generator 1:

OTur1TTurlin + QGen1TGenl + Bra1 < ETGl_mam (315)

Electricity Generation Constraint on Turbine Generator 2:

OTur2®Tur2in + QGen2TGen2 + BTG2 < ETGQ_ma:c (316)

The Equations (3.15) and (3.16) show that the generation of electricity would
reach maximum after a certain flow rate into the turbine generators. As a result,
any increase in steam flow to the turbine generator beyond the physical limit would
not generate additional electricity.

In addition, in order to maintain a smooth continuous process, there needs to
be a minimum flow rate into the turbines. These bounds can be expressed as the
following:

Turbine 1 Minimum Flow
TTurlin = LTurl _min (317)
Turbine 2 Minimum Flow

TTur2in = LTur2 _min (318)

Combining all of the above constraints and the objective function into linear

programming framework, the optimization problem can be formulated as:
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max (035 + CelectricityaTurl - C9OO)xTurlin
+(Celectm'cityaGenl - CQOO)mGenl
+(C35 + CelectricityaTur2 - CQOO)wTUTQin
+(Celectm'cityaGen2 - C'900)$Gen2

+(C35 — Co00)xpLSin + Celectricity(Brar + Braz)

{ TTurlin + LGenl + TTur2int

Subject to:
TGen2 + TPLSin T T900_users

} < X900 suppliers
T450 _suppliers > T450 users
L160_suppliers > L160_users (319)
TTurlout + LTur2out + TPLSout + x35_suppliers > T35 users
QTur1 TTurlin + AGen1TGen1 + Bra1 < ETGlimam
QTur2TTur2in + AGen2TGen2 + Brae < ETGQ_maa:
TTurlin = LTurl _min

TTur2in 2 TTur2_min

3.2 Degrees of Freedom Analysis

In order to fully describe the processes in the system, eight mass balance equations
from Equations (2.1) to (2.8) are used to represent steam flows into and out of each of
the common headers. Two equations from Equations (2.18) and (2.19) for electricity
generation are developed based on energy balances around Turbine Generators. In
addition, three equations from Equations (3.12) to (3.14) are developed to relate
the inlet flow rates and outlet flow rates of Pressure Letdown Station and Turbine
Generators 1 and 2 respectively.

In total, there are 18 variables and 13 equations. The reduced row echelon form of
these variables and equations show that these 13 equations are linearly independent
to each other. Therefore, there are 5 degrees of freedom available for the optimization
model. To obtain an unique solution, additional information in the form of inequality
functions is required. For example, the steam supply to each of the common headers
has to be greater than or equal to the steam demand from the common headers, the
electricity generated from the turbine generator has to be less than or equal to its

maximum capacity, and the flow rate to turbine generators has to be greater than
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or equal to their minimum flow rates to keep the equipment running continuously.
By combining all of the additional information together, the constraints developed
in optimization problem (3.19) represent a reduced space with 5 variables and eight

inequality functions and a feasible solution can be found using linear programming.

3.3 Solution Techniques

Once the optimization problem is formulated, there are several solution techniques
available to solve linear programming problems. A collection of available solution
techniques can be categorized into simplex or non-simplex methods that are sum-
marized in [Chong and Zak, 2008].

The simplex method, which finds the optimal feasible solution by testing adjacent
vertices from a feasible starting origin to improve the objective function value, was
invented by George Dantzig in 1947 [Dantzig and Thapa, 1997]. When the starting
origin is not in the feasible set, an extension of the original simplex method covered
by the Big M method in [Murty, 1983] is used.

The simplex methods provide practical solutions to linear programming prob-
lems, however, the amount of time required to find the optimal solution increases
rapidly as the size of the system grows. As demonstrated by [Klee and Minty, 1972],
the computation time increases exponentially with the size of the system. There-
fore, interior point methods were proposed as a non simplex alternative to solve the
computation time issue.

The major differences between simplex methods and interior point methods come
from the starting point, and the stopping criteria. The optimal solution for simplex
methods is obtained by comparing the objective function value at the adjacent vertex
until the optimal solution is reached. For interior point methods, the search process
starts from inside of the feasible region and then moves closer to the vertex of the
optimal solution until a predefined stopping criterion is met.

An idea of the interior point method was initially developed from Khachiyan’s
ellipsoid algorithm [Khachiyan and Todd, 1993|, which had the polynomial running
time in its algorithm and utilized the concept of duality to solve linear programming
problems [Chong and Zak, 2008], but the algorithm was impractical to solve linear
programming problems because it was considered too slow. It was not until the
breakthrough in 1984 by [Karmarkar, 1984] that revitalized the interest in interior

point methods to solve linear programming problems. Among many proposed im-
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provements to the interior point method, the predictor corrector method proposed
by [Mehrotra, 1992] is commonly considered to be the most efficient and successful
interior point method to date to solve large scale problems.

The CPLEX, optimizer which uses the interior point method, will be used to

solve the optimization problems.

3.4 Optimization Result and Comparison

In this section, the optimal operating strategy is to be determined by solving the
optimization Problem (3.19) using nominal operating condition and the sensitivity
of the solution is to be investigated. After that, the result of the optimization

Problem (3.19) will be compared with the current operation.

3.4.1 Nominal Operation

After the formulation of the optimization problem in Equation (3.19), all of the
variables except inlet flows to Turbine 1, Generator 1, Turbine 2, Generator 2, and
Pressure Letdown Station can be obtained from either the process or market data
or they can be obtained using system identification techniques. For example, the
amount of steam being supplied by the boilers or steam used by various plants can
be obtained from the historian system. On the other hand, the parameters used for
turbine generators are obtained from system identification techniques discussed in
Chapter 2. The details of the process data used in the optimization problem are
described in the Appendix A.

With all of the available information, the optimal nominal operation can be
solved using GAMS and the result is obtained in Table 3.1.

Table 3.1 shows the optimal solution to decision variable, z*, objective function
value, p*, and shadow price, A* from first to third row respectively. The decision
variables are determined to be flow rates to Turbine 1, Generator 1, Turbine 2,
Generator 2, and Pressure Letdown Station and their respective flow rates can be
found in the third column of first row in Table 3.1.

The second row in Table 3.1 shows the optimal profit that can be achieved is $-
83.210 per hour if the steam is distributed based on the optimal operating strategy
determined in the table. An optimal profit of $-83.210 per hour means that it is
costing the company to operate the utilities system.

The third row in Table 3.1 shows the shadow price obtained from the optimization
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Turbine 1 0
Generator 1 7,000
Flow Rate (Ib/hr), z* Turbine 2 37,500
Generator 2 7,000

Pressure Letdown Station 0

Profit ($/kW), p* -83.210

900 psi Header (Ib/hr) -0.0006

450 psi Header (Ib/hr) 0

160 psi Header (1b/hr) 0

. N 35 psi Header (Ib/hr 0

Shadow Price, A Electricity Generat(ion/ 1 )(kW) 0

Electricity Generation 2 (kW) 0
Generator 1 Extraction Flow Rate (Ib/hr) | -0.0043
Generator 2 Extraction Flow Rate (Ib/hr) | -0.0033

Table 3.1: Nominal Case Optimization Result

problem. These shadow prices can be used in the post-optimality analysis to study

the sensitivity of the optimal solution.

Shadow Price and Constraint Conditions

Shadow prices, also known as Lagrange multipliers or Kuhn-Tucker multipliers, are
often used in post-optimality analysis to determine how the optimal objective func-
tion value would change with a unit change in the constraints. The conventional op-
timality conditions require the Lagrange multipliers to be zero for inactive inequality
constraints and greater than or equal to zero for active inequality constraints. The
status of the inequality constraints can be identified as active or inactive depending
on whether the inequality constraint becomes an equality constraint at the optimal
solution. Based on the optimality conditions, the shadow prices shown in Table 3.1
can be divided into two parts. The first part contains values other than 0 and these
constraints correspond to the active constraints. The second part contains values
equal to 0, and these constraints can correspond to active constraints or inactive con-
straints and further analysis is needed to determine whether the constraint is active
or not. To determine if those constraints are active, it is necessary to check if the
inequality constraints become equality constraints at optimum. If the constraints
are not equality constraints at the optimum, then the difference for the constraint
to become equality constraint is considered "slack" for the constraint.

Table 3.2 shows the status of the constraints at the optimum bounded by their
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900 psi Header (Ib/hr) -51,500 < -51,500 < oo
450 psi Header (Ib/hr) 0<0<0
160 psi Header (1b/hr) 0<0<0
35 psi Header (1b/hr) -11,700 < 37,500 < oo
Electricity Generation 1 (kW) -00 < 633.5000 < 3,487.7790
Electricity Generation 2 (kW) -00 < 2,383.0500 < 3,728.0405
Generator 1 Extraction Flow Rate (Ib/hr) 7,000 < 7,000 < oo
Generator 2 Extraction Flow Rate (Ib/hr) 7,000 < 7,000 < oo

Table 3.2: Constraint Status for Nominal Case

upper and lower limits. Based on the information, one can quickly determine whether
a constraint is active or inactive depending on if the constraint is equal to either the
lower or upper boundaries. If the constraint is equal to one of the boundaries, then
the constraint is active. If the constraint is not equal to one of the boundaries,
then the constraint is inactive, and one can quickly find how much slack there is
for the constraint. For example, one can quickly determine that constraints for
900 psi header, 450 psi header, 160 psi header, Generator 1 Extraction Flow Rate
and Generator 2 Extraction Flow Rate are active and constraints for 35 psi header,
Electricity Generation 1, and Electricity Generation 2 are inactive.

For the inactive constraints, the 35 psi Header, Electricity Generation 1 and
Electricity Generation 2 are respectively 25,800 1b/hr, 2,854.279 kW and 1,344.9905
kW away from reaching the constraint boundary to become active constraints.

Based on the Equation (D.7) in Appendix D, it can be seen that the shadow price
can be used to determine how variations in the vector b would affect the objective
function value. Each of the non-zero shadow prices represents how the objective
function value would vary if the corresponding constraints were to be relaxed by
a unit of the constraint. Since the shadow prices represents the rate of change in
objective function value with respect to vector b, for a unit change in vector b without
changing the active constraint set, the new objective function value would be:

Pl = Phs+ (07T, (3.20)

new

For example, if the constraint for Extraction Flow Rate from Generator 1 was
to be relaxed from 7,000 1b/hr to 7,001 Ib/hr, the original objective function value
of $-83.2097/hr would change by -0.0043 to $-83.2140/hr. Similarly, a relaxation of
the constraint for Extraction Flow Rate from Generator 2 from 7,000 1b/hr to 7,001
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would make a $-0.0033/hr change to the objective function value and bring it to
$-83.149486 /hr.

Although the variation in the objective function values given in the examples is
quite small, the shadow prices can be used as one of the tools to predict the variability
of the objective function values given a small change in the constraints that does
not result in a change of active constraint set. Based on the shadow prices obtained
in Table 3.1, it can be inferred that the worst way to improve plant profitability
is to increase the Extraction Flow Rate from Generator 1, because it has the most

negative impact on the objective function in terms of profit.

3.4.2 Comparison with the Current Operation

The current operating conditions for the utilities system are shown in Table 3.3.

Turbine 1 9,000
Generator 1 14,000
Flow Rate (Ib/hr), z* Turbine 2 5,000
Generator 2 14,000
Pressure Letdown Station | 2,000
Profit ($/kW), p* -147.903

Table 3.3: Current Operation

Based on the current operating strategy, the operation would lose $147.903 per
hour.

The first obvious comparison between the current operating condition and the
optimal operating condition determined from nominal optimization problem is the
benefit or additional profit that can be achieved. By comparing the profit sections
in Table 3.1 and Table 3.3, the optimization scheme would decrease the cost of
operation by roughly 45% or roughly $65 an hour, which would translate to a saving
of $570,000 a year.

Another comparison can be made for the total flow rate through the five decision
variables. Even though the total amount of 900 psi steam going into the common
header is roughly the same for both cases, the total flow rate through the five decision
variables is 44,000 Ib/hr for the current operating condition and 51,500 1b/hr for the
optimal operating strategy. The difference between the two cases is 7,500 lb/hr of
steam, which roughly corresponds to the amount of excess 900 psi steam calculated

in the previous chapter. Therefore, it is likely that the difference between the two
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cases was caused by leaks in the 900 psi common header as suspected in the previous
chapter.

Another difference between the two cases is the operating strategy. The opti-
mal operating strategy minimizes the use of Turbine 1 and 2, Generator 1 and the
pressure letdown station. The current operating strategy has steam flow to all five
decision variable greater than their minimum flow rates. With lower cost of opera-
tion associated with the optimal operating strategy, process operation improvements
can be made by switching from the current operating strategy to the new optimal

operating strategy.

3.5 Case Studies for Different Operating Scenarios

With the set up of linear programming problem in Problem (3.1), uncertainties and
variations can occur in any of the A matrix or b and ¢ vectors and result in a different
operating strategy. This thesis will mainly focus on the effects of changing b and
c vectors as demonstrated in a detailed derivation in Appendix D since the scope
of the project is to investigate the effect of changing utility unit prices and level
of steam supply and demand. In this section, various scenarios will be developed
to study the effects of varying matrices in linear programming on the optimization

system.

3.5.1 Changes in Economics

The average price is used for electricity and steam, however, it is possible that the
actual price would deviate from the average prices used in the nominal operating
case. With the deregulated electricity market in Alberta, it is possible to have a
wide fluctuation in electricity price.

Any change in the economic condition is reflected in the changing ¢ vector. To
simulate such effect on the optimization problem, the optimization problem can be

formulated as the following:

max (ch +e)x
Subject to:  Ax <b

The only difference in Problem (3.21) compared to Problem (3.1) is that the

(3.21)

objective function parameters are allowed to vary.
The results of the optimization problem when only the electricity price is allowed

to vary are shown in Table 3.4.
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Electricity Price | Turl Genl Tur2 Gen2 PLS
(¢/kW) (Ib/hr) | (Ib/hr) | (Ib/hr) | (Ib/hr) | (Ib/hr)
E <48 0 7,000 0 7,000 0
48 <E < 11.2 0 7,000 | 37,500 | 7,000 0
112 < E <122 0 7,000 | 16,452 | 28,048 0
122 < E <142 | 9,788 7,000 0 34,712 0
E>14.2 0 16,788 0 34,712 0

Table 3.4: Optimization Result for Varying Electricity Price

Table 3.4 shows the strategy to operate flow rates for the five decision variables
from the second to the sixth column according to different levels of electricity prices,
which are indicated in the left hand side column. It can be seen from Table 3.4
that the operating strategies would remain the same for a small range of variation
in the electricity price before a new operating policy is implemented. This is the
case because small changes in the electricity price may not be enough to affect
the variations in the active constraints until a certain point where the direction of
optimality would point to a different set of active constraints resulting in a different
operating strategy. Therefore, the electricity price is given as a range on the left
hand column in Table 3.4.

For each of the cases studied in Table 3.4, the objective function value is given

as the following:

Electricity Price (¢/kW) | Objective Function Value, f, ($/hr)
E <438 f < -107.754
48 <E < 11.2 -107.754 < f < 23.635
112 <E <122 23.635 < f < 57.716
122 < E < 14.2 57.716 < f < 133.666
E > 14.2 f > 133.666

Table 3.5: Objective Function Value for Varying Electricity Price

The result obtained in Table 3.5 shows the objective function value increases as
electricity price increases and the break even price is at 10.1 ¢/kW. This is the case
because the unit price for electricity is used as the price for a product and as a result,
when the unit price for electricity goes up, the revenue value also goes up.

Similar to the case with varying electricity price, the optimization result from
varying steam unit price would also give various ranges of operating strategies de-

pending on the steam unit price used in the optimization problem. The main dif-
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ference is that the unit price for 900 psi steam is considered to be the raw material
cost and as the 900 psi steam price goes up, the objective function value would go
down. On the other hand, the 35 psi steam is considered to be one of the products
of the steam system, and increasing the 35 psi steam unit price would have the same
effect as the increasing electricity unit price. The overall effect on the optimization
result would depend on both changing unit price for 900 psi and 35 psi steam and

the overall amount of 900 psi steam and 35 psi steam flow through the system.

3.5.2 Changes in Steam Supply and Demand

Since the nominal case uses the average flow rate for supply and demand of steam in
the system, the actual level of steam being supplied or used is often deviated from
the average flow rate.

Any change in the supply and demand of steam is reflected in the adjustment
of the right hand side vector b. In order to simulate the deviation of the supply
and demand level of steam, the average flow rate is allowed to vary one standard
deviation above or below the average flow rate.

If only the supply or the demand of steam is allowed to vary compared to the

nominal case, the optimization problem would vary according to the following case:

max CTIL'

Subject to: Az < (b+¢) (3:22)

According to the formulation above, the suppliers and users of steam can vary
at any common headers. Since the decision variables are not directly involved in
supplying or using steam from 450 psi or 160 psi common headers, the following two
inequality functions have to hold true at all times for the optimization system to

proceed.

L450headerin > L450headerout (323)

L160headerin > L160headerout (324)

Similarly, since the objective for the boilers supplying 900 psi steam is to balance
the steam requirement in the system and are currently controlled by the Energy
Management System, the level of steam supply is maintained at the average level.

With that in mind, the only process flow rates allowed to deviate from the average

flow rates are the users attached to 900 psi and 35 psi common headers.
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If these users are allowed to vary one standard deviation above and below the
average flow rates used in the nominal operation, there can be nine combinations as

described in the following table.

900 psi User Level | 35 psi User Level
Case 1 Low Low
Case 2 Low Medium
Case 3 Low High
Case 4 Medium Low
Case 5 Medium Medium
Case 6 Medium High
Case 7 High Low
Case 8 High Medium
Case 9 High High

Table 3.6: Objective Function Value for Varying Electricity Price

In Table 3.6, Low, Medium, and High represent Low, Medium, and High levels
of steam demand from users attached to their respective common headers. The
Medium flow rate indicates that the flow rates used in the optimization problem is
average for each of the process users, where as the Low flow rate indicates that the
flow rates are one deviation below the medium flow rates and the High flow rate
indicates that the flow rates are one deviation above the medium flow rates.

Table 3.7 shows the optimization result for varying user level at current electricity

price of 6 ¢/kW.

Cases Turl Genl Tur2 Gen2 PLS
(Ib/hr) | (Ib/hr) | (Ib/hr) | (Ib/hr) | (Ib/hr)
Case 1 0 7,000 | 43,000 | 7,000 0
Case 2 0 7,000 | 43,000 | 7,000 0
Case 3 0 7,000 | 43,000 | 7,000 0
Case 4 0 7,000 | 37,500 | 7,000 0
Case 5 0 7,000 | 37,500 | 7,000 0
Case 6 0 7,000 | 37,500 | 7,000 0
Case 7 0 7,000 | 32,700 | 7,000 0
Case 8 0 7,000 | 32,700 | 7,000 0
Case 9 0 7,000 | 32,700 | 7,000 0

Table 3.7: Optimization Result for Varying Steam User Level

From Table 3.7, it can be seen that the operating strategy is virtually the same

for each of the cases except the level of 35 psi steam extracted from the Turbine 2
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is different to accommodate the level 900 steam available in the system. This is the
case because there is enough 35 psi steam in the system to satisfy high user demand
level for 35 psi steam and adjusting the user demand for 900 psi steam affects the
amount of 900 psi steam available to be distributed among the decision variables.
Therefore, the higher the user demand for 900 psi steam, the fewer the amount of
steam available to be distributed through Turbine 2.

If the electricity price were also allowed to vary for the optimization problem,
the optimal operating strategies for the various cases described in Table 3.6 would

be the following:

Case 1:
Electricity Price | Turl Genl Tur2 Gen2 PLS
(¢/kW) (Ib/hr) | (Ib/hr) | (Ib/hr) | (Ib/hr) | (Ib/hr)
E <438 0 7,000 0 7,000 0
48 <E <112 0 7,000 | 43,000 | 7,000 0
112 < E <122 0 7,000 | 25,696 | 24,304 0
122 < E < 14.2 | 15,288 | 7,000 0 34,712 0
E > 14.2 0 22,288 0 34,712 0

Table 3.8: Case 1 Result

Table 3.8 shows the result for Case 1 with varying electricity price. The break
even price for electricity is 9.5 ¢/kW. After accounting for user requirement, there is
an excess of 57,000 1b/hr of 900 psi steam available in the 900 psi common header
and an excess of 13,000 1b/hr of 35 psi steam available in the 35 psi common header

when the user demands are in Low and Low levels for 900 psi and 35 psi steam users

respectively.
Case 2:

Electricity Price | Turl Genl Tur2 Gen2 PLS
(¢/kW) (Ib/hr) | (Ib/hr) | (Ib/hr) | (Ib/hr) | (Ib/hr)
E <438 0 7,000 0 7,000 0

48 <E <112 0 7,000 | 43,000 | 7,000 0

112 <E <122 0 7,000 | 25,696 | 24,304 0

122 <E < 14.2 | 15,288 | 7,000 0 34,712 0
E > 142 0 22,288 0 34,712 0

Table 3.9: Case 2 Result

Table 3.9 shows the result for Case 2 with varying electricity price. The break

even price for electricity is 9.5 ¢/kW. After accounting for user requirement, there is
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an excess of 57,000 1b/hr of 900 psi steam available in the 900 psi common header
and an excess of 11,700 1b/hr of 35 psi steam available in the 35 psi common header
when the user demands are in Low and Medium levels for 900 psi and 35 psi steam

users respectively.

Case 3:

Electricity Price | Turl Genl Tur2 Gen2 PLS
(¢/kW) (Ib/hr) | (Ib/hr) | (Ib/hr) | (Ib/hr) | (Ib/hr)
E <438 0 7,000 0 7,000 0

48 <E < 11.2 0 7,000 | 43,000 | 7,000 0

112 <E <122 0 7,000 | 25,696 | 24,304 0

122 < E < 14.2 | 15,288 | 7,000 0 34,712 0
E>14.2 0 22,288 0 34,712 0

Table 3.10: Case 3 Result

Table 3.10 shows the result for Case 3 with varying electricity price. The break
even price for electricity is 9.5 ¢/kW. After accounting for user requirement, there is
an excess of 57,000 1b/hr of 900 psi steam available in the 900 psi common header
and an excess of 10,000 1b/hr of 35 psi steam available in the 35 psi common header

when the user demands are in Low and High levels for 900 psi and 35 psi steam users

respectively.
Case 4:

Electricity Price | Turl Genl Tur2 Gen2 PLS
(¢/kW) (Ib/hr) | (Ib/hr) | (Ib/hr) | (Ib/hr) | (Ib/hr)
E <438 0 7,000 0 7,000 0

48 <E < 11.2 0 7,000 | 37,500 | 7,000 0

112 <E <122 0 7,000 | 16,452 | 28,048 0

122 < E < 14.2 | 9,788 7,000 0 34,712 0
E>14.2 0 16,788 0 34,712 0

Table 3.11: Case 4 Result

Table 3.11 shows the result for Case 4 with varying electricity price. The break
even price for electricity is 10.1 ¢/kW. After accounting for user requirement, there
is an excess of 51,500 1b/hr of 900 psi steam available in the 900 psi common header
and an excess of 13,000 1b/hr of 35 psi steam available in the 35 psi common header
when the user demands are in Medium and Low levels for 900 psi and 35 psi steam
users respectively.

Case 5:
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Electricity Price | Turl Genl Tur2 Gen2 PLS
(¢/kW) (Ib/hr) | (Ib/hr) | (Ib/hr) | (Ib/hr) | (Ib/hr)
E <48 0 7,000 0 7,000 0
48 <E < 11.2 0 7,000 | 37,500 | 7,000 0
112 < E <122 0 7,000 | 16,452 | 28,048 0
122 < E <142 | 9,788 7,000 0 34,712 0
E>14.2 0 16,788 0 34,712 0

Table 3.12: Case 5 Result

Table 3.12 shows the result for Case 5 with varying electricity price. The break
even price for electricity is 10.1 ¢/kW. After accounting for user requirement, there
is an excess of 51,500 1b/hr of 900 psi steam available in the 900 psi common header
and an excess of 11,700 1b/hr of 35 psi steam available in the 35 psi common header
when the user demands are in Medium and Medium levels for 900 psi and 35 psi

steam users respectively.

Case 6:
Electricity Price | Turl Genl Tur2 Gen2 PLS
(¢/kW) (Ib/hr) | (Ib/hr) | (Ib/hr) | (Ib/hr) | (Ib/hr)
E <438 0 7,000 0 7,000 0
48 <E <112 0 7,000 | 37,500 | 7,000 0
112 < E <122 0 7,000 | 16,452 | 28,048 0
122 <E < 14.2 | 9,788 7,000 0 34,712 0
E > 14.2 0 16,788 0 34,712 0

Table 3.13: Case 6 Result

Table 3.13 shows the result for Case 6 with varying electricity price. The break
even price for electricity is 10.1 ¢/kW. After accounting for user requirement, there
is an excess of 51,500 1b/hr of 900 psi steam available in the 900 psi common header
and an excess of 10,000 1b/hr of 35 psi steam available in the 35 psi common header
when the user demands are in Medium and High levels for 900 psi and 35 psi steam
users respectively.

Case 7:

Table 3.14 shows the result for Case 7 with varying electricity price. The break
even price for electricity is 10.7 ¢/kW. After accounting for user requirement, there
is an excess of 46,700 1b/hr of 900 psi steam available in the 900 psi common header
and an excess of 13,000 1b/hr of 35 psi steam available in the 35 psi common header

when the user demands are in High and Low levels for 900 psi and 35 psi steam users
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Electricity Price | Turl Genl Tur2 Gen2 PLS
(¢/kW) (Ib/hr) | (Ib/hr) | (Ib/hr) | (Ib/hr) | (Ib/hr)
E <48 0 7,000 0 7,000 0
48 <E < 11.2 0 7,000 | 32,700 | 7,000 0
112 < E <122 0 7,000 8,384 | 31,316 0
122 < E <142 | 4,988 7,000 0 34,712 0
E>14.2 0 11,988 0 34,712 0

Table 3.14: Case 7 Result

respectively.
Case 8:

Electricity Price | Turl Genl Tur2 Gen2 PLS
(¢/kW) (Ib/hr) | (Ib/hr) | (Ib/hr) | (Ib/hr) | (Ib/hr)
E <438 0 7,000 0 7,000 0

48 <E <112 0 7,000 | 32,700 | 7,000 0

112 < E <122 0 7,000 8,384 | 31,316 0

122 <E < 14.2 | 4,988 7,000 0 34,712 0
E > 14.2 0 11,988 0 34,712 0

Table 3.15: Case 8 Result

Table 3.15 shows the result for Case 8 with varying electricity price. The break
even price for electricity is 10.7 ¢/kW. After accounting for user requirement, there
is an excess of 46,700 1b/hr of 900 psi steam available in the 900 psi common header
and an excess of 11,700 1b/hr of 35 psi steam available in the 35 psi common header
when the user demands are in High and Medium levels for 900 psi and 35 psi steam

users respectively.

Case 9:
Electricity Price | Turl Genl Tur2 Gen2 PLS
(¢/kW) (Ib/hr) | (Ib/hr) | (Ib/hr) | (Ib/hr) | (Ib/hr)
E <438 0 7,000 0 7,000 0
48 <E <112 0 7,000 | 32,700 | 7,000 0
112 < E <122 0 7,000 8,384 | 31,316 0
122 < E < 14.2 | 4,988 7,000 0 34,712 0
E > 14.2 0 11,988 0 34,712 0

Table 3.16: Case 9 Result

Table 3.16 shows the result for Case 9 with varying electricity price. The break

even price for electricity is 10.7 ¢/kW. After accounting for user requirement, there
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Electricity Price | Decision Variable Strategies

E <438 Only run Generator 1 and 2 at minimum flow rate
4.8 <E < 11.2 | Run Generator 1 and 2 at minimum flow rate and the rest
of the steam pass through Turbine 2
11.2 < E < 12.2 | Run Generator 1 at minimum flow rate and pass the rest of
the steam through Turbine Generator 2 to maximize elec-
tricity generation
12.2 < E < 14.2 | Run Generator 2 at maximum flow rate for maximum elec-
tricity generation and Generator 1 at minimum flow rate and
pass the rest of the steam through Turbine 1
E>14.2 Run Generator 2 at maximum flow rate and pass the rest of
the steam through Generator 2

Table 3.17: Summary of Operating Strategies with Changing b and ¢ Vectors

is an excess of 46,700 1b/hr of 900 psi steam available in the 900 psi common header
and an excess of 10,000 1b/hr of 35 psi steam available in the 35 psi common header
when the user demands are in High and High levels for 900 psi and 35 psi steam

users respectively.

Summary

From the 9 cases simulated for varying electricity price and varying user demands
from 900 psi and 35 psi steam users, a general trend among these cases can be
observed. An overall strategy observed based on the results of nine tables described
in this section could be found in Table 3.17.

First, when electricity price goes below 4.8 ¢/kW, generators are running at
minimum required flow rates to keep the continuous process. This is the case because
the 900 psi steam is more valuable compared to 35 psi steam or electricity. Therefore,
the optimal operating strategy for the system is to run the generators at minimum
and not produce any 35 psi steam. In this case, the excess 900 psi steam can be sold
to other plants if possible, however, when selling 900 psi steam is not possible, the
production of the 900 psi steam should be lowered to reduce the amount of 900 psi
steam in the system. Nevertheless, since this is not within the scope specified for
the project, the detailed solution technique will not be discussed here.

When electricity price is greater than or equal to 4.8 ¢/kW but less than 11.2
¢/kW, the economic value obtained from the combination of 35 psi steam and elec-
tricity is greater than that of 900 psi steam. Since passing excess 900 psi steam

through Turbines would generate electricity, and 35 psi steam can be extracted from
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the process, whereas passing the steam through Generators would only generate elec-
tricity, the optimal economic strategy when the electricity price is between 4.8 ¢/kW
and 11.2 ¢/kW is through the generation of both 35 psi steam and electricity. Also,
since Turbine Generator 2 is more efficient than Turbine Generator 1, the load is
increased on Turbine Generator 2 before Turbine Generator 1. Therefore, the excess
900 psi steam in the system is used to generate 35 psi steam by passing through
Turbine 2.

The economic value obtained from the combination of 35 psi steam and electricity
generated is still greater than that of 900 psi steam for the ranges between 11.2 ¢/kW
and 12.2 ¢/kW as well as between 12.2 ¢/kW and 14.2 ¢/kW.

For the electricity price range between 11.2 ¢/kW and 12.2 ¢/kW, the electricity
becomes even more valuable, and hence the Generator 2 is used to produce more
electricity, however, optimal solution still dictates that a portion of 35 psi steam to
be generated because the optimal solution is to maximize the electricity generated
from Turbine Generator 2.

When the electricity prices goes between 12.2 ¢/kW and 14.2 ¢/kW, Generator
2 is used to produce maximum electricity allowed; hence, Turbine 2 is no longer
extracting any more 35 psi steam. The remaining excess 900 psi steam is therefore
routed through Turbine 1.

When electricity price is greater than or equal to 14.2 ¢/kW, the electricity is the
most valuable product and electricity generation should be prioritized. Therefore,
all of the excess 900 psi steam is directed through Generators 1 and 2 to generate
electricity. Since Generator 2 is more efficient compared to Generator 1, the elec-
tricity generation is at the maximum for Generator 2 while Generator 1 generates
electricity with the remaining 900 psi steam.

If 900 psi and 35 psi steam suppliers are allowed to vary to simulate the changing
levels of steam supply and demand, then the optimal strategy would be dictated by
the amount of excess steam in the common headers. In general, Turbine Generator
2 would be fully utilized before increasing the load on Turbine Generator 1 and the

price ranges for the operation would remain the same.

Special Case

All of the cases studied, when the demand side is allowed to change, resulted in

excess 35 psi steam in the common header before taking decision variables into
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account. Therefore, the optimal decision variables are not required to satisfy the
35 psi steam user demand. This is the case because some of the equipment such
as the Package Boilers is considered to be constant and supply constant steam to
the system. Nevertheless, this may not be the case since the package boiler can be
incorporated as one of the decision variables for future projects or there could be
other instances when there would be a need to use the decision variables to satisfy
the 35 psi steam user demand.

One of the ways to simulate the case where decision variables need to satisfy the
35 psi steam user demand is by removing the package boilers for Case 6. By doing
so, 1,000 lb/hr of steam is required from one of the decision variables.

Case 10:

Electricity Price | Turl Genl Tur2 Gen2 PLS
(¢/kW) (Ib/hr) | (Ib/hr) | (Ib/hr) | (Ib/hr) | (Ib/hr)
E <438 0 7,000 1,000 7,000 0
48 <E <112 0 7,000 | 37,500 | 7,000 0
112 < E < 122 0 7,000 | 16,452 | 28,048 0
122 < E < 14.2 | 9,788 7,000 0 34,712 0
E > 142 1,000 | 15,788 0 34,712 0

Table 3.18: Case 10 Result

Table 3.18 shows the result for Case 10 with varying electricity price. After
accounting for user requirement, there is an excess of 51,500 1b/hr of 900 psi steam
available in the 900 psi common header and a need of 1,000 lb/hr of 35 psi steam
available in the 35 psi common header when the user demands are in Medium and
High levels for 900 psi and 35 psi steam users respectively.

Table 3.18 is very similar to Table 3.13 with the operating strategies across
various ranges of electricity price. The differences between the two cases are for the
ranges when electricity price is below 4.8 ¢/kW and when it is above 14.2 ¢/kW.
Turbine 2 is used to extract 35 psi steam to satisfy the user demand when the
electricity price is below 4.8 ¢/kW and Turbine 1 is used to extract 35 psi steam
when the electricity price is above 14.2 ¢/kW. This is the case because Turbine 2
is more efficient than Turbine 1, so Turbine 2 is used when electricity price is low.
When electricity price is high, Turbine Generator 2 is already running at capacity,
hence Turbine 1 is used to satisfy the 35 psi steam demand when the electricity price

is above 14.2 ¢/kW.
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3.5.3 Process Equipment Failure

The last parameter that could change in Linear Programming framework is the “A"
matrix in the constraint functions. Typically, the A matrix contains process infor-
mation such as parameter values for Turbine Generators for electricity generation,
as well as the steam conversion from high pressure steam to low pressure steam. If
the A matrix in linear programming optimization framework is allowed to vary, the

optimization problem could be formulated as the following:

max cTac

Subject to: (ALe)z <b (3.25)

One of the ways that causes the A matrix in linear programming framework to
change is through process failure scenarios. Since there are two turbine generators
available to make electricity from 900 psi steam and have 35 psi steam extraction
available, it is important to see how the optimization problem would react when
facing process failure of one of these two turbine generators.

To simulate the process failure scenarios, one of the two turbine generators is
taken offline while leaving the other in the process. By using average flow rates
for steam user demand and supply levels like the nominal case or Case 5 shown in
Table 3.12, the optimal operating strategy when Turbine Generator 1 fails is given

in Table 3.19 for varying electricity price.

Turbine Generator 1 Failure:

Electricity Price | Turl Genl Tur2 Gen2 PLS
(¢/kW) (Ib/hr) | (Ib/hr) | (Ib/hr) | (Ib/hr) | (Ib/hr)
E <438 0 0 0 7,000 0

48 <E <112 0 0 44,500 | 7,000 0
E>11.2 0 0 28,217 | 23,283 0

Table 3.19: Turbine Generator 1 Failure

Similar to Table 3.12, there are different operating strategies for various electricity
price ranges. Unlike Table 3.12 with 5 different operating strategies at 5 different
electricity price ranges, Table 3.19 only has 3 operating strategies at 3 different
electricity price ranges. This is due to the fact that Turbine Generator 1 is no longer
functioning, and thus the extra load has to be given to Turbine Generator 2.

Recall that after accounting for user requirement, there is an excess of 51,500

Ib/hr of 900 psi steam available in the 900 psi common header and an excess of
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11,700 1b/hr of 35 psi steam available in the 35 psi common header when the user
demands are in Medium levels for 900 psi and 35 psi steam users. Therefore, when the
electricity price goes below 4.8 ¢/kW, Turbine Generator 2 is operating at minimum
level required to keep the continuous process because the value of 900 psi steam is
greater than the combined economic value from 35 psi steam and electricity. The
combined economic value from 35 psi steam and electricity is greater than that of
900 psi steam when the electricity price is between 4.8 ¢/kW and 11.2 ¢/kW so the
excess 900 psi steam is completely used by passing through Turbine Generator 2 and
extracted as 35 psi steam. When the electricity price reaches 11.2 ¢/kW and above,
the economic value for electricity is greater than that of 900 psi steam and 35 psi
steam combined. Therefore, Turbine Generator 2 is running at the peak capacity
with maximum electricity generated from the excess 900 psi steam available. In
order to generate the maximum amount of electricity with the amount of 900 psi
steam available, the operating strategy shown in Table 3.19 sets the ratio around the
turbine and the generator so the maximum electricity generation can be achieved.

Similarly, when Turbine Generator 2 fails, the optimal operating strategy is given
in Table 3.20 for varying electricity price.

Turbine Generator 2 Failure:

Electricity Price | Turl Genl Tur2 Gen2 PLS
(¢/kW) (Ib/hr) | (Ib/hr) | (Ib/hr) | (Ib/hr) | (Ib/hr)
E <52 0 7,000 0 0 0
5.2 < E < 14.2 | 44,500 | 7,000 0 0 0
E >14.2 23,227 | 28,273 0 0 0

Table 3.20: Turbine Generator 2 Failure

The result obtained in Table 3.20 for the optimal operating strategy is similar
to the result obtained in Table 3.19 for failure of Turbine Generator 1. The reason
why there are 3 different operating strategies for 3 different electricity price ranges is
because of the economic value of 900 psi steam, 35 psi steam and electricity. At the
first level, the 900 psi steam is more valuable than the other two products, whereas
the middle price ranges is where the combination of 35 psi steam and electricity
become more valuable, and the last prices range shows that the electricity is the
most valuable product of the three.

A major difference between Table 3.19 and Table 3.20 is the cut off point for

electricity price. This is the case because the efficiency for Turbine Generator 1
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is different from that of Turbine Generator 2. Since Turbine Generator 2 is more
efficient compared to Turbine Generator 1, when Turbine Generator 2 fails, Turbine
Generator 1 would require a higher electricity price before changing the operating
conditions to extract 35 psi steam or to generate electricity.

Since there is already an excess 35 psi steam in the common header, two special
cases were developed so that the simulations for process failure scenarios can also
be taken into account when excess 35 psi steam is needed from one of the decision
variables. In this case, the 35 user steam flow rates were set to the high level and
the package boiler is taken offline.

Turbine Generator 1 Failure and No Package Boiler:

Electricity Price | Turl Genl Tur2 Gen2 PLS
(¢/kW) (Ib/hr) | (Ib/hr) | (Ib/hr) | (Ib/hr) | (Ib/hr)
E <438 0 0 1,000 7,000 0

48 <E < 11.2 0 0 44,500 | 7,000 0
E>11.2 0 0 28,217 | 23,283 0

Table 3.21: Turbine Generator 1 Failure and No Package Boiler

Turbine Generator 2 Failure and No Package Boiler:

Electricity Price | Turl Genl Tur2 Gen2 PLS
(¢/kW) (Ib/hr) | (Ib/hr) | (Ib/hr) | (Ib/hr) | (Ib/hr)
E <52 1,000 7,000 0 0 0
52 < E < 14.2 | 44,500 | 7,000 0 0 0
E > 14.2 23,227 | 28,273 0 0 0

Table 3.22: Turbine Generator 2 Failure and No Package Boiler

After accounting for user requirement, there is an excess of 51,500 lb/hr of 900
psi steam available in the 900 psi common header and a need of 1,000 Ib/hr of 35 psi
steam available in the 35 psi common header when the user demands are in Medium
and High levels for 900 psi and 35 psi steam users respectively.

The results obtained from Table 3.21 and Table 3.22 are similar to Table 3.19
and Table 3.20 except that a minimum amount of steam is passed through Turbine 2
and Turbine 1, respectively, to meet the steam requirement at the lowest electricity
price range. There are no other differences because the 35 psi steam requirement is

already met from the 35 psi steam extracted from the Turbines in these cases.
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Chapter 4

Optimal Operating Strategy with
Process Uncertainties

In this chapter, stochastic optimization problems will be formulated and the results
will be analyzed to provide operating strategies for the operation of utilities system.
The chapter begins with a discussion on why process uncertainties can cause an
issue for the feasibility of the solution determined from the deterministic optimiza-
tion problems. Following that, various ways to formulate the optimization problem
to resolve issues surrounding the feasibility of the optimal solution are proposed.
In particular, the formulation of the optimization problem using joint probability
constraints and individual probability constraints are discussed and used to handle
process uncertainties within the process. After the optimization problem is formu-
lated with the probability constraints, a solution technique to solve the optimization
problem is explored. Using the solution technique presented as the back-off solution,
the stochastic optimization problem can be reformulated into a linear programming
equivalent problem and existing algorithms for linear programming problems can be
used to obtain the optimal solution. A comparison is done for the optimal solutions
obtained from the deterministic optimization problem and the stochastic optimiza-
tion problem. Finally, case studies were developed in a similar way to the ones done
in Chapter 3 to show the effects of varying supply and demand of steam (which can
be reflected by the changing b vector), economics (reflected by the changing ¢ vec-
tor) and equipment failure scenarios (reflected by the changing A matrix) on optimal

solution.
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4.1 Uncertainties in Steam Network Model

According to Problem (3.1), matrix A and vectors b and c in linear programming
framework represent process information, supply and demand level of steam, and
economic information respectively. The parameters for these matrices are obtained
based on the data collected from the plant, and the optimal operating condition
determined from linear programming framework is dependent on the information
used in these matrices. Nevertheless, the actual process and economic conditions in
the plant may be different from the conditions specified in the linear programming
framework due to process uncertainties or variations in process and economic infor-
mation. Therefore, the actual optimal solution in the plant can be different from the
one determined from the optimization model.

Variations in process and economic information can be identified as the mismatch
between the data observed at the plant and the data used in the optimization model
that can be explained by adjusting the process parameters in matrix A and vectors
b and c in linear programming framework. An example of a process variation would
be changing the set point for the steam intake of a turbine generator, which would
affect the parameter used in the b vector in linear programming framework. On the
other hand, the uncertainties in process and economic information are normally the
differences that could not be explained by changing the parameters in the optimiza-
tion model. For example, the optimization model would not be able to capture any
leaks along the header; however, such leaks could affect how the optimal solution
would behave when the system is in operation. Another source of uncertainties can
come from measurement readings and it can cause the operating conditions to be
suboptimal. If the difference between process condition observed at the plant and
the condition specified in the optimization model is caused by variations in the pro-
cess/economic conditions, then a new optimal operating condition can be obtained
by running the deterministic optimization model again with the new observed con-
ditions. On the other hand, if the difference is caused by uncertainties within the
system, then the system would have to run more conservatively than the solution
obtained from the deterministic model in order to ensure the system remains in the
feasible region. Since the new operating solution, due to process and economic vari-
ation, can be easily obtained from re-running the deterministic model, this chapter

will focus on the methods available to maintain the optimal operation when facing
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process and economic uncertainties.

4.1.1 Effects of Uncertainties on Optimal Solutions

To understand how to maintain an optimal solution when facing uncertainties, one
has to understand how optimal solution shifts when uncertainties are introduced to
optimization models. Case studies made in Chapter 3 explored how variations in
the optimization problem would affect the optimal solution. In general, the optimal
solution is determined at the vertices of optimization system, and depending on
which of the A matrix or b and ¢ vectors varies, a generalized trend of the effect on

the optimal solution can be given as the following:

e Changing b vector would cause the constraint boundaries to shift either inward
or outward and the new constraint intersection would be the new optimal

solution

e Changing c vector changes the profit contour line that searches for the optimal
solution and the optimal solution shifts from its original location when the

active constraints are changed

e Changing the A matrix of an equality constraint affects the slope of the con-

straints and the objective function

e Changing the A matrix of an inequality constraint affects the slope of the

constraints

With the movements of constraints and profit contour lines, the location of the
optimal solutions could change as a result of the uncertainties. A detailed discussion
regarding the variation of the matrices and its effect on the optimal solution can be
found in [Monder, 2001].

To illustrate how uncertainties can cause the optimal solution to go outside the
“feasible region", various regions have to be identified. Consider a system with two
decision variables as illustrated in Figure 4.1 where the solid lines are constraints for
Variables 1 and 2. Assuming the profit contour line points to the intersection of the
two constraints, the optimal solution for the system is found at the intersection.

The feasible region for the optimal solution of the system is the shaded area

bounded by the constraints and the two axes (assuming that the decision variables
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are bounded to be greater than or equal to zero). The area outside of the shaded

area would be considered as the infeasible region.

Constraint 2
Constraint 1

Optimal

Variable 1 Solution

e . e
,” Feasible .
7 . 4
Region,”
p
,

Variable 2

Figure 4.1: Optimal Solution Point

If the constraints of the system are allowed to move due to uncertainties in vector
b, the optimality of the stochastic system can be illustrated by Figure 4.2. In the
figure, the dotted lines indicate the confidence interval on how the b vector can
change. By holding the profit contour line (¢ vector) constant, the thick dashed lines
show where the new constraint intersections are in response to changing b vector.
In other words, the box shows where the new optimal solution would be when b
vector is allowed to change while holding ¢ vector constant. Clearly, if one of the
constraints moves in the opposite direction of the feasible region, the new optimal

solution would go into the infeasible region.

4.1.2 Proposed Solution

To prevent optimal solutions from going into infeasible regions, the constraint box
centred on the original optimal solution can move inside the feasible region as illus-
trated in Figure 4.3. By doing so, the optimal solution would remain feasible when
the b vector varies within the confidence interval due to uncertainties. Therefore, the
topic of discussion for this chapter is to find the location to back-off into the feasible

region to ensure that changing b vector does not result in an infeasible operation.
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Variable 1

Variable 2

Figure 4.2: Constraint Box which Encompasses Infeasible Region

Variable 1

Variable 2

Figure 4.3: Constraint Box in the Feasible Region
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The location where the optimal solution should back-off to depends on the de-
sired confidence interval, which determines how the parameters of the constraints
vary and how big the constraint box is. The confidence interval can be explicitly
incorporated into the optimization problem as a pre-determined probability for the
chance constraints to ensure the system remains in the feasible region.

After the chance constraint problem is formulated, the stochastic optimization
problem is reformulated into a linear programming equivalent problem so the so-
lutions techniques for linear programming problems can be used to solve for the

optimal solution.

4.1.3 Pros and Cons of Post-Optimality Approach and Back-Off
Solution Approach

With deterministic optimization approach discussed in Chapter 3 and stochastic op-
timization approach discussed in this Chapter, there are two methods available to
deal with variations or uncertainties in the system. The deterministic optimization
uses post-optimality approach to analyze how variations in the problem parameters
affect the optimal solution by using the analysis of active constraint set and shadow
prices. Stochastic optimization can result in a back-off solution approach to incor-
porate uncertainties into the optimization problem and delivers an optimal solution
that guarantees the process to remain feasible for the desired frequency. Since there
are two methods available to deal with variations or uncertainties in the system, it
is important to discuss the advantages and disadvantages of the two methods.

The advantage of the post-optimality approach is that it provides an effective
way to check how the objective function would vary using shadow prices when the
constraint is relaxed. It should be noted that the solution would remain valid only
if the active constraint set is not changed from relaxing the constraint. If the ac-
tive constraint set is changed during the process, the information obtained from the
shadow price no longer applies to the new objective function value and the optimal
solution has to be re-evaluated. On the other hand, the post-optimality approach is
also unable to maintain the feasibility of the optimal solution with changing param-
eters in the optimization problem. Since the optimization model uses the average of
the collected data, the parameters used in the optimization problem could change
and result in the variation of the optimal solution towards the infeasible region.

The back-off solution is a more proactive approach with regards to dealing with
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uncertainties in the optimization problem compared to the post-optimality approach.
The back-off solution takes the desired feasibility of the system into account for
the optimization problem and determines an optimal solution that can withstand
variations in the parameters within the limits specified and ensure that the process
remains feasible. The major problem with the back-off solution, however, is to deter-
mine how uncertain and how accurate the problem parameters are. As a result, the
optimal solution determined from the back-off approach is often more conservative
than the optimal solution obtained using deterministic linear programming.
Depending on the application, both methods can offer insights on how the system
would react when the process faces uncertainties. For a normal continuous industrial
application, it is often desirable to actively maintain the optimal solution in the
feasible region so that adverse effects resulting from the process operating in the

infeasible region can be avoided.

4.2 Formulation Using Probability Constraint

There are two possible ways to formulate optimization problems using probability
constraints. Omne of the ways is through the use of joint probability constraints
where one probability is given for all of the constraints in the optimization problem

as shown in the following system.

max CTQT

Subject to: Pr{Az <b} >« (4.1)
The Problem (4.1) shows the optimization problem using joint probability con-
straint, which is similar to Problem (3.1) except all of the constraints have to satisfy
the desired feasibility given by «, which is the probability for the inequality to hold.
Rather than setting one probability for the whole system, the desired probability
can also be stated for each of the constraints in the system. The individual proba-

bility constraint assigns a probability, «;, to each of the system constraints and it

has the following form.

max CT(I,'

Subject to: Pr{A;x <b;} > oy (4.2)

Depending on the application, both joint probability constraint and individual
probability constraint can be used for the optimization problem formulation to in-

corporate uncertainties or feasibilities in the model.
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4.2.1 Advantages and Disadvantages for Joint Probability Con-
straint and Individual Probability Constraint

The advantage of the joint probability constraint is the ease of maintainability for
large optimization problems. This is the case because only one desired feasible
probability is required to be explicitly stated for the overall system rather than
specifying the feasible probability for each of the constraints. This can be especially
useful for systems with a large number of constraints, for which it can be challenging
to maintain all of the feasible probabilities in the system. Therefore, joint probability
constraint is better suited for large scale processes and for cases where the constraints
are correlated between the elements of vector b.

The individual probability constraint on the other hand requires every constraint
to be explicitly specified with a feasible probability and it can be challenging to fulfill
especially for large scale processes. Furthermore, the interaction between individual
probability constraints can also make it difficult to maintain the overall feasibility of
the process. Therefore, the individual probability constraints are better suited for
optimization problems where the elements of vector b are independent and identi-
cally distributed from each other. Nevertheless, an individual probability constraint
problem can be easily transformed into a linear programming equivalent problem, so
the optimal solution can be determined using available solution techniques for linear

programming even if the feasible solution can turn out to be overly conservative.

4.2.2 Formulation of the Stochastic Optimization Model

A deterministic optimization problem is required before formulating the stochas-
tic optimization model using chance constraints. The deterministic optimization
problem is formulated in Equation (3.19). To formulate the stochastic optimization
model using joint probability constraint, the only thing that needs to be added to
the Equation (3.19) is the desired probability for the feasible region.
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max (C35 + Cetectricityrurt — C900)TTur1
+(Ceiectricity®Gent — C900)TGent
+(C35 + CelectricityaTur2 - CQOO)‘TT’U,TZ
+(Ceiectricity®Gen2 — C900)TGen2
+(C35 — Co00)xpLs + Celectricity(Bra1 + Braz)

Subject to:

TTurl + TGenl + TTur2 + TGen2
+TpLs + T900 _users < L900 _suppliers
L450 suppliers > X450 users
leO_suppliers > T160 users
Pr TTurl + TTur2 + 2pPLs + L35 suppliers > L35 users > (43)

OTur1ZTurl + QGenlTGenl + 5TG1 < ETGl_maa:
ATur2TTur2 + AGen2TGen2 + Prae < ETG2_maac
TTurl = LTTurl _min
\ TTur2 2 TTur2_min

Even though optimization problems with probability constraint have forms that
are similar to linear programming framework, with the way the stochastic optimiza-
tion problem is set up currently in Problem (4.3), it could not take advantage of the
solver program available. Since linear programming has many solution techniques
available to solve for the optimal solution and its post-optimality analysis can be
utilized to analyze the sensitivity of the optimal solution, the idea is to transform
the chance constraint problem into a linear programming equivalent problem.

Since it is easier to transform individual probability constraint optimization prob-
lems to linear programming problems, the joint probability constraint problem is first
transformed into an individual probability constraint problem before being trans-

formed into linear programming equivalent problem.

4.3 Solution Technique

To transform a joint probability constraint (JPC) optimization problem into an indi-
vidual probability constraint (IPC) optimization problem, statistical manipulation of
the constraints is used. The resulting individual probability constraint optimization
problem can be transformed into linear programming equivalent problems using the
back-off solution technique. After the linear programming equivalent problem is ob-

tained, the existing solution techniques and solver programs can be used to solve the
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linear programming problem that incorporates the uncertainties in the optimization

problem.

4.3.1 Approximating JPC with IPC

The format for the optimization problem with individual probability constraints is

shown in Problem (4.4).

max (C35 + Ceiectricityrurt — C900)TTurl
+(Cetectricity®Gent — C00)TGen1
+(C35 + Celectricity®Tur2 — C900)TTur2
+(CelectricityaGen2 - CQOO)wGenQ
+(C35 — Cooo)xpLs + Celectricity(Bre1 + BPraz)

. z +z + + /
SubJect to: Pr Turl Genl Tur2 > o
TGen2 + TPLS + Z900 users < T900_suppliers

’
Pr {$450_suppliers > x450_users} >y
’
Pr {‘r1604suppliers 2 leO_users} 2 Oé3 (44)
/
Pr {xTurl + TTur2 + TPLS + T35 suppliers > $35_users} >y
’
Pr {aTurleurl + QGen1ZTGen1 + Bra1 < ETGl_max} > Qg
/
Pr {aTu’r’QwTurQ + QGen2TGen2 + Braz < ETGQfma:v} > ag
!
Pr {JI'Turl > J:Turl_min} > ay

/
Pr {xTur2 > xTur2_min} > Qg

An approximation method is needed to transform the joint probability constraint
problem shown in Problem (4.3) to the individual probability constraint problem
shown in Problem (4.4).

As shown in Problem (4.4), the probability for each of the constraints can be
different. To simplify the approximation process, the probabilities for the constraints
in the individual probability constraint optimization problem are assumed to be the
same.

There are several ways where a joint probability constraint problem can be ap-
proximated into an individual probability constraint equivalent problem, namely

through the use of Boole’s inequality and independent events functions.
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Boole’s inequality states:
Pr(AjUA;U...UA,) <> Pr(4) (4.5)
i=1

As shown by |[Monder, 2001], the inequality can easily be shown to have an

equivalent form:

Pr(AlﬂAgﬂ...ﬂAn)Zl—ZPI‘(/_lZ‘) (4.6)
i=1
On the other hand, the independent events function states:
Pr(A1NA;n...0Ay) > [[Pr(4) (4.7)
i=1

The difference between the two methods gives an upper and a lower bound on
the probabilities for the constraints and Boole’s inequality would give a more con-
servative approximation.

Both methods can be used to calculate the equivalent probability for individual
probability constraints from joint probability constraints. By using either one of the
methods, the resulting probability for individual probability constraint problem is
the same for all of the constraints. After the probability is calculated, the individual

probability constraint problem would have the following form:

max (C35 + CelectricityaTurl - CQOO)wTurl
+(Celectm'cityaGenl - C'900)$Genl
+(C35 + CelectricityaTur2 - OQOO)meQ
+(Celectm'city04Gen2 - C900)$Gen2

+(C35 — Co00)xpLs + Celectricity(Bra1 + Braz)

TTurl + TGenl + TTur2+ } > O/

Subject to:  Pr
TGen2 +XpLS + L900 _wusers < L900_ suppliers

’
Pr {x45073uppliers > $450_users} >
’
Pr {$160_suppliers > leOfusers} >« (48)
/
Pr {-’ETurl + Z7ur2 + TPLS + T35 suppliers = x35_users} >
!
Pr {OCTurleurl + QGen1TGen1 + Bra1 < ETG’l_maz} >«
/
Pr {aTUTQxT’LLT'Q + AGen2TGen2 + Brae < ETGZ_ma:p} >
!/
Pr {xTu’rl > xTurl_min} e

/
Pr {IL‘TmQ > xTuermin} >
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The danger of using this approximation method is that the resulting probabil-
ity for each of the individual probability constraint can be very conservative and it
becomes more conservative as the number of inequality constraints increases. Nev-
ertheless, it is easier to transform individual probability constraint into a linear pro-
gramming equivalent problem such that the solution techniques available for linear

programming can be used to solve for chance constraint problems.

4.3.2 Transforming IPC to LP: Back-Off Solution

After the individual probability constraint optimization problem is obtained, the
problem still could not be solved using solution techniques available to linear pro-
gramming problems in its present form. Nevertheless, it is possible to transform
the problem from individual probability constraint problem to a linear programming
problem through the back-off approach.

As shown by [Zhao et al., 2009], consider a probability constraint with the fol-

lowing form:

Pr(ax <b) > « (4.9)

After normalizing the constraint with mean and standard deviation of vector b,

Equation (4.9) becomes:

ar—b b—1»b
<
0p (o))

Pr(

)>a (4.10)

The Equation can be simplified to:

CLJI—E

Pr(

<é) >a (4.11)
Oy

where £ is the Z-score of the right hand side vector and

b—b

By definition from a normal distribution, the probability of Z > z, ; is given as:

Pr(Z > 24/9) = % (4.13)

By extension, in order to obtain a probability of «, the normalized b has to be

either greater than —Z, or less than Z,
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Pr(¢ > —z4) =« (4.14)

or

Pr(£ <z,) =« (4.15)

The original probability constraint in Equation (4.9) states that the probability
of ar < b has to be greater than or equal to «. In other words, the cumulative
probability of the bell distribution curve has to be greater than or equal to a when
the tail end reaches point b. To achieve that, the normal distribution curve on b
has to move towards —z, rather than z,. Solving the system simultaneously with

Equation (4.11) and Equation (4.14) results in

ar <b— z40p (4.16)

The result of the derivation in Equation (4.16) shows that the constraint is backed
off from its original constraint location by moving into the feasible region, which
makes physical sense since the idea of incorporating uncertainties into the optimiza-
tion problem requires the optimal solution to be backed off from its original edge
to withstand the possible uncertainties in the system. Figure 4.4 shows the loca-
tions of the new constraint box, indicated by the thick dotted box, and the original
constraints box, indicated by the thick solid box.

Recall that the constraint box shows how the optimal solution would change
when uncertainties are introduced. In the case of a new constraint box, new optimal
solutions caused by uncertainties still remain in the feasible region bounded by the
original constraints. Therefore, the new optimal solution obtained is able to remain
feasible when variations caused by uncertainties are within the feasible probability
provided.

Similarly, a back off solution for three other possible chance constraints with
different direction of inequalities compared to Equation (4.9) can be obtained using
a similar method.

If the original probability constraint has the following form:
Pr(ax > b) < « (4.17)

The back-off solution is:

ar < b— Za0p (4~18)
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Variable 1

Variable 2

Figure 4.4: Back-Off Solution for Pr(az <b) > «

Since the back off solution in Equation (4.18) is the same as Equation (4.16),
Figure 4.4 also shows how the constraint box is moved when Equation (4.17) is the
original probability constraints.

If the original probability constraint is of the following two forms:

Pr(ax >b) > « (4.19)

Pr(az <b) <« (4.20)

The back-off solution for Equation (4.19) and Equation (4.20) can be obtained

as:

az > b+ 2,00 (4.21)

Figure 4.5 shows how the constraint box is moved due to back off solution com-

pared to its original constraint box location.

4.4 Case Study

For this thesis, the feasible probability is set at 95% for the joint probability con-

straint optimization problem. Nevertheless, the feasible probability is an arbitrary
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Variable 1

Variable 2

Figure 4.5: Back-Off Solution for Pr(az > b) > a and Pr(ax <b) < «

value and it can be changed to suit different needs.

The probability for each of the constraints in individual probability constraint
optimization problem is calculated to be 98.33% using Boole’s inequality and 98.30%
if the constraints are independent events. The results from Boole’s inequality and in-
dependent events provide the upper and lower bounds respectively for the individual
constraint probability.

Since the probability for each of the individual constraints calculated using
Boole’s inequality is higher than the probability calculated using independent events,
the result from Boole’s inequality is the probability that the process has to back off
to. This is the case because the optimization problem would be able to remain feasi-
ble from both Boole’s inequality and independent events’ perspectives if the process
is backed off using 98.33%.

The corresponding Z-scores for probabilities obtained using Boole’s inequality is
2.13. After obtaining the Z-score of the probabilities, the deterministic optimization
problem is backed off with appropriate equations.

After incorporating all of the information into the optimization problem, the
stochastic optimization result for the decision variables under the current electricity

price of 6 ¢/kW is shown in Table 4.1
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Turbine 1 0
Generator 1 7,000
Flow Rate (Ib/hr), z* Turbine 2 26,900
Generator 2 7,000

Pressure Letdown Station 0

Profit ($/kW), p* -89.040

900 psi Header (Ib/hr) -0.0006

450 psi Header (Ib/hr) 0

160 psi Header (1b/hr) 0

. N 35 psi Header (Ib/hr 0

Shadow Price, A Electricity Generat(ion/ 1 )(kW) 0

Electricity Generation 2 (kW) 0
Generator 1 Extraction Flow Rate (Ib/hr) | -0.0043
Generator 2 Extraction Flow Rate (Ib/hr) | -0.0033

Table 4.1: Nominal Case Optimization Result

Table 4.1 shows the optimal solution for decision variables, objective function
value and the shadow prices from the first to third row respectively. The optimal
operating strategy for decision variables is given in the first row. Under this stochas-
tic optimization scheme, the optimal objective function value obtained is $-89.040
per hour as evident from the second row. This result is slightly more costly compared
to the result of $-83.210 per hour obtained from deterministic optimization problem,
however, it is still significantly better than the current operation of $-147.903 per
hour.

Besides the difference in objective function value, the operating strategy is very
similar to that determined from deterministic optimization problem. There is less
steam passing through the Turbine 2 because the steam is conserved to handle un-
certainties in the process. In this case, since all of the steam demand is satisfied from
sources other than the steam flow rates from decision variables; the 900 psi steam
is conserved to handle potential process uncertainties. As a result, the stochastic
optimization problem would conserve some amount of the 900 psi steam to deal with
any difference in the demand of 900 psi steam compared to the demand expected by
the optimization model. Under certain circumstances when the steam demand does
not vary much, the excess steam may be vented through the strategies developed in
Chapter 3 to gain a better profit by reducing the operating cost.

Similar to the sensitivity analysis performed in Chapter 3, the shadow price, A,

represents the rate of change in objective function value with respect to unit change
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in vector b without changing the active constraint set. For a unit change in vector
b without changing the active constraint set, the new objective function can be
determined using Equation (3.20).

Table 4.2 shows whether a constraint is active or inactive at the optimal solution.
A constraint is considered "active" if the inequality constraint becomes an equality
constraint at the optimal solution. It can be seen that the constraints for 900 psi
Header, Extraction Flow Rates from Generator 1 and Generator 2 are active. On
the other hand, the constraints for 35 psi Header, and Electricity Generation 1 and
2 are inactive and they are respectively 34,000 Ib/hr, 2854.279 kW, and 1806.091 kW

away from reaching the boundary to become active constraints.

Lower Level Upper
900 psi Header (Ib/hr) -40,900 | -40,900 + Inf
450 psi Header (Ib/hr) 0 0 0
160 psi Header (Ib/hr) 0 0 0
35 psi Header (1b/hr) -7,100 26,900 + Inf

Electricity Generation 1 (kW
Electricity Generation 2 (kW
Generator 1 Extraction Flow Rate
Generator 2 Extraction Flow Rate

~Inf | 633.5000 | 3,487.7790
~Inf | 1,921.950 | 3,728.0405
Ib/hr) | 7,000 | 7,000 + Inf
Ib/hr) | 7,000 | 7,000 + Inf

A~ N — —

Table 4.2: Constraint Status for Optimal Operation Using Stochastic Programming

According to Equation (4.16), the back-off location of the constraint box depends
on the a. Therefore, as a gets larger, the constraint box would move further into

the feasible region to result in a more conservative result.

4.5 Various Scenarios for Changing Process and Eco-
nomic Conditions

Since the back-off solution is a linear programming equivalent problem, any of the
matrix A and vectors b and ¢ could vary similarly to the various cases discussed
in Chapter 3. In this section, the scenarios will be visited again for a comparison

against the results obtained using deterministic linear programming.

4.5.1 Changes in Economic Condition

The Table 4.3 shows the operating strategy for steam distribution at different elec-

tricity price levels.
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Electricity Price | Turl Genl Tur2 Gen2 PLS
(¢/kW) (Ib/hr) | (Ib/hr) | (Ib/hr) | (Ib/hr) | (Ib/hr)
E <48 0 7,000 0 7,000 0

48 <E < 11.2 0 7,000 | 26,900 | 7,000 0
E>11.2 0 7,000 0 33,900 0

Table 4.3: Optimization Result for Varying Electricity Price

Similar to the case studied using deterministic optimization problem, the result
shows multiple distinct operating strategies corresponding to different electricity
price levels. The operating strategy seems to follow that of the deterministic opti-
mization problems with the lowest three levels of electricity prices. When electricity
price is below 4.8 ¢/kW, the 900 psi steam is only used to satisfy the minimum steam
requirement to keep the generators in operation because the 900 psi steam is more
valuable than electricity and 35 psi steam. When the electricity price is between 4.8
¢/kW and less than 11.2 ¢/kW, all of the 900 psi steam available in the common
header is passed down to the 35 psi steam common header through Turbine 2 be-
cause the combination of 35 psi steam and electricity is more valuable than the value
from 900 psi steam. When the electricity price is greater than 11.2 ¢/kW, all of the
available 900 psi steam is turned into electricity via the use of Generator 2 because
electricity is the most valuable product at this given market condition.

The associate objective function shows a similar increasing trend when elec-
tricity price increases as the objective function values obtained using deterministic

optimization problem shown in Table 3.5. The break even price for electricity is 11.4

¢/kW.

4.5.2 Changes in Steam Supply and Demand

Parameters in vector b are changed to study the effects of uncertainties in steam
supply and demand on the optimal solution. In Chapter 3, the vector b was al-
lowed to change by one standard deviation for the case study. To illustrate that the
back off technique would guarantee feasibility for a pre-determined percentage, the
parameters in vector b are allowed to change by a Z-score of 2.13.

Nine cases were developed to simulate the effect of varying vector b similar to
the Table 3.6 in Chapter 3. The difference here is rather than having variations in
the “actual" user demand, it is actually the difference between the expected pro-

cess conditions caused by potential uncertainties and the actual process conditions.
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For example, the actual user demand in Case 1 is lower than the expected extra
user demand used in the stochastic optimization problems in anticipation for the
uncertainties.

The results for the nine cases are obtained as:

Case 1:

Electricity Price | Turl Genl Tur2 Gen2 PLS
(¢/kW) (Ib/hr) | (Ib/hr) | (Ib/hr) | (Ib/hr) | (Ib/hr)
E <438 0 7,000 0 7,000 0

48 <E < 11.2 0 7,000 | 37,500 | 7,000 0

112 <E <122 0 7,000 | 16,452 | 28,048 0

122 < E < 14.2 | 9,788 7,000 0 34,712 0
E>14.2 0 16,788 0 34,712 0

Table 4.4: Case 1 Result

Table 4.4 shows the result for Case 1 with varying electricity price. The break
even price for electricity is 10.1 ¢/kW. After accounting for user requirement, there
is an excess of 51,500 1b/hr of 900 psi steam available in the 900 psi common header
and an excess of 11,700 1b/hr of 35 steam available in the 35 psi common header
when the user demands are lower than the expected extra demand for both of 900

psi and 35 psi steam users.

Case 2:

Electricity Price | Turl Genl Tur2 Gen2 PLS
(¢/kW) (Ib/hr) | (Ib/hr) | (Ib/hr) | (Ib/hr) | (Ib/hr)
E <438 0 7,000 0 7,000 0

48 <E < 11.2 0 7,000 | 37,500 | 7,000 0

112 <E <122 0 7,000 | 16,452 | 28,048 0

122 < E < 14.2 | 9,788 7,000 0 34,712 0
E>14.2 0 16,788 0 34,712 0

Table 4.5: Case 2 Result

Table 4.5 shows the result for Case 2 with varying electricity price. The break
even price for electricity is 10.1 ¢/kW. After accounting for user requirement, there
is an excess of 51,500 1b/hr of 900 psi steam available in the 900 psi common header
and an excess of 7,100 1b/hr of 35 steam available in the 35 psi common header when
the user demands are lower than the expected extra demand for 900 psi users and
meeting the expected extra demand from 35 psi steam users.

Case 3:
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Electricity Price | Turl Genl Tur2 Gen2 PLS
(¢/kW) (Ib/hr) | (Ib/hr) | (Ib/hr) | (Ib/hr) | (Ib/hr)
E <48 0 7,000 0 7,000 0
48 <E < 11.2 0 7,000 | 37,500 | 7,000 0
112 < E <122 0 7,000 | 16,452 | 28,048 0
122 < E <142 | 9,788 7,000 0 34,712 0
E>14.2 0 16,788 0 34,712 0

Table 4.6: Case 3 Result

Table 4.6 shows the result for Case 3 with varying electricity price. The break
even price for electricity is 10.1 ¢/kW. After accounting for user requirement, there
is an excess of 51,500 1b/hr of 900 psi steam available in the 900 psi common header
and an excess of 3,700 1b/hr of 35 steam available in the 35 psi common header when
the user demands are lower than the expected extra demand for 900 psi users and

higher than the expected extra demand for 35 psi steam users.

Case 4:
Electricity Price | Turl Genl Tur2 Gen2 PLS
(¢/kW) (Ib/hr) | (Ib/hr) | (Ib/hr) | (Ib/hr) | (Ib/hr)
E <48 0 7,000 0 7,000 0
48 <E < 11.2 0 7,000 | 26,900 | 7,000 0
E>11.2 0 7,000 0 33,900 0

Table 4.7: Case 4 Result

Table 4.7 shows the result for Case 4 with varying electricity price. The break
even price for electricity is 11.4 ¢/kW. After accounting for user requirement, there
is an excess of 40,900 1b/hr of 900 psi steam available in the 900 psi common header
and an excess of 11,700 1b/hr of 35 steam available in the 35 psi common header
when the user demands are meeting the expected extra demand for 900 psi users
and lower than the expected extra demand for 35 psi steam users.

Case 5:

Electricity Price | Turl Genl Tur2 Gen2 PLS
(¢/kW) (Ib/hr) | (Ib/hr) | (Ib/hr) | (Ib/hr) | (Ib/hr)
E <438 0 7,000 0 7,000 0

48 <E <112 0 7,000 | 26,900 | 7,000 0
E>112 0 7,000 0 33,900 0

Table 4.8: Case 5 Result
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Table 4.8 shows the result for Case 5 with varying electricity price. The break
even price for electricity is 11.4 ¢/kW. After accounting for user requirement, there
is an excess of 40,900 1b/hr of 900 psi steam available in the 900 psi common header
and an excess of 7,100 1b/hr of 35 steam available in the 35 psi common header when
the user demands are meeting the expected extra demand for both 900 psi users and

35 psi steam users.

Case 6:
Electricity Price | Turl Genl Tur2 Gen2 PLS
(¢/kW) (Ib/hr) | (Ib/hr) | (Ib/hr) | (Ib/hr) | (Ib/hr)
E <438 0 7,000 0 7,000 0
4.8 < E < 11.2 0 7,000 | 26,900 | 7,000 0
E>11.2 0 7,000 0 33,900 0

Table 4.9: Case 6 Result

Table 4.9 shows the result for Case 6 with varying electricity price. The break
even price for electricity is 11.4 ¢/kW. After accounting for user requirement, there
is an excess of 40,900 1b/hr of 900 psi steam available in the 900 psi common header
and an excess of 3,700 1b/hr of 35 steam available in the 35 psi common header
when the user demands are meeting the expected extra demand for 900 psi users
and higher than the expected extra demand for 35 psi steam users.

Case T:

Electricity Price | Turl Genl Tur2 Gen2 PLS
(¢/kW) (Ib/hr) | (Ib/hr) | (Ib/hr) | (Ib/hr) | (Ib/hr)
E <438 0 7,000 0 7,000 0

48 <E <112 0 7,000 | 16,500 | 7,000 0
E>112 0 7,000 0 23,500 0

Table 4.10: Case 7 Result

Table 4.10 shows the result for Case 7 with varying electricity price. The break
even price for electricity is 12.8 ¢/kW. After accounting for user requirement, there
is an excess of 30,500 1b/hr of 900 psi steam available in the 900 psi common header
and an excess of 11,700 lb/hr of 35 steam available in the 35 psi common header
when the user demands are higher than the expected extra demand for 900 psi users
and lower than the expected extra demand for 35 psi steam users.

Case &:
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Electricity Price | Turl Genl Tur2 Gen2 PLS
(¢/kW) (Ib/hr) | (Ib/hr) | (Ib/hr) | (Ib/hr) | (Ib/hr)
E <48 0 7,000 0 7,000 0

48 <E < 11.2 0 7,000 | 16,500 | 7,000 0
E>11.2 0 7,000 0 23,500 0

Table 4.11: Case 8 Result

Table 4.11 shows the result for Case 8 with varying electricity price. The break
even price for electricity is 12.8 ¢/kW. After accounting for user requirement, there
is an excess of 30,500 1b/hr of 900 psi steam available in the 900 psi common header
and an excess of 7,100 1b/hr of 35 steam available in the 35 psi common header when
the user demands are higher than the expected extra demand for 900 psi users and

meeting the expected extra demand for 35 psi steam users.

Case 9:
Electricity Price | Turl Genl Tur2 Gen2 PLS
(¢/kW) (Ib/hr) | (Ib/hr) | (Ib/hr) | (Ib/hr) | (Ib/hr)
E <438 0 7,000 0 7,000 0
48 <E < 11.2 0 7,000 | 16,500 | 7,000 0
E>11.2 0 7,000 0 23,500 0

Table 4.12: Case 9 Result

Table 4.12 shows the result for Case 9 with varying electricity price. The break
even price for electricity is 12.8 ¢/kW. After accounting for user requirement, there
is an excess of 30,500 1b/hr of 900 psi steam available in the 900 psi common header
and an excess of 3,700 1b/hr of 35 steam available in the 35 psi common header when
the user demands are higher than the expected extra demand for both 900 psi users
and 35 psi steam users.

There is one major difference between the first three cases and the last six cases.
The difference between the two groups is the number of price levels available for the
operating strategy at different electricity prices. This is due to the increased steam
demand from the 900 psi steam header that reduces the amount of steam available in
the common header, hence reducing the need to operate Turbine 1 at high electricity

prices for the last six cases.
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Electricity Price | Decision Variable Strategies

E <438 Only run Generator 1 and 2 at minimum flow rate
4.8 <E < 11.2 | Run Generator 1 and 2 at minimum flow rate and the rest
of the steam pass through Turbine 2
11.2 < E < 12.2 | Run Generator 1 at minimum flow rate and pass the rest of
the steam through Turbine Generator 2 to maximize elec-
tricity generation
12.2 < E < 14.2 | Run Generator 2 at maximum flow rate for maximum elec-
tricity generation and Generator 1 at minimum flow rate and
pass the rest of the steam through Turbine 1. If not enough
900 psi steam is available, continue the strategy from the last
price level.
E>14.2 Run Generator 2 at maximum flow rate and pass the rest of
the steam through Generator 2. If not enough 900 psi steam
is available, continue the strategy from the last price level.

Table 4.13: Summary of Operating Strategies with Changing b and ¢ Vectors

Summary of the Operating Strategies for Changing Right Hand Side Vec-
tor
Since there are 9 cases simulated for varying electricity prices and varying user
demands from 900 psi and 35 psi steam users, a general trend among these cases was
observed. An overall strategy observed from these results can be found in Table 4.13.
The operating strategy obtained using the probability constraint is similar to the
strategy obtained from deterministic optimization problem except there is less 900
psi steam available to distribute among decision variables. When there is not enough
900 psi steam available for distribution between the five decision variables, then the
operating strategy at that electricity price level would take on the operating strategy

of the previous lower electricity price level.

Special Cases

Similar to Chapter 3, all of the nine cases studied have excess steam in the 35 psi
common header, which means that it is not necessary to use any of the decision
variables to satisfy the additional demand of 35 psi steam users. Two special cases
were developed to simulate cases where 35 psi steam is required from the distribution
of the 900 psi steam. The special cases were developed using both Case 2 and Case
9 as basis with the Package Boiler, which supplies 35 psi steam, turned off. The
results were obtained as the following:

Special Case 2:
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Electricity Price | Turl Genl Tur2 Gen2 PLS
(¢/kW) (Ib/hr) | (Ib/hr) | (Ib/hr) | (Ib/hr) | (Ib/hr)
E <48 0 7,000 3,900 7,000 0
48 <E < 11.2 0 7,000 | 37,500 | 7,000 0
112 < E <122 0 7,000 | 16,452 | 28,048 0
122 < E <142 | 9,788 7,000 0 34,712 0
E>14.2 3,900 | 12,888 0 34,712 0

Table 4.14: Special Case 2 Result

Special Case 9:

Electricity Price | Turl Genl Tur2 Gen2 PLS
(¢/kW) (Ib/hr) | (Ib/hr) | (Ib/hr) | (Ib/hr) | (Ib/hr)
E <438 0 7,000 7,300 7,000 0

48 <E < 11.2 0 7,000 | 16,500 | 7,000 0
E>11.2 0 7,000 7,300 | 16,200 0

Table 4.15: Special Case 9 Result

Similar to the special cases developed in Chapter 3, the operating strategies
obtained in Table 4.14 and Table 4.15 are similar to the regular cases shown in Case
2 and Case 9 except a portion of the 900 psi steam is conserved to satisfy the demand

of 35 psi steam.

4.5.3 Changing Process Information

After variations in b and ¢ vectors were simulated for the stochastic optimization
problem, the scenario where process equipment fails is simulated for the effects of
changing A matrix in the stochastic optimization problem. The scenarios were devel-
oped similar to the ones used in Chapter 3 where Turbine Generator 1 and Turbine
Generator 2 were turned off one at a time to see the effects on operating strategy.
The results for the various cases are shown below.

No Turbine Generator 1:

Electricity Price | Turl Genl Tur2 Gen2 PLS
(¢/kW) (Ib/hr) | (Ib/hr) | (Ib/hr) | (Ib/hr) | (Ib/hr)
E <438 0 0 0 7,000 0
48 <E <112 0 0 33,900 | 7,000 0
E > 112 0 0 10,410 | 30,499 0

Table 4.16: No Turbine Generator 1
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Similar to the result obtained when the process equipment fails under determinis-
tic optimization problem, there are only three different operating strategies required
at three different ranges of electricity unit price. The price at which the operating
strategy changes for the stochastic model in Table 4.16 is the same as the price for
the operating strategy under deterministic optimization problem in Table 3.19. The
result shown in Table 4.16 is in fact the same as the result shown in Table 3.19
except for the different levels of steam being distributed. This is obvious since the
stochastic optimization result reserves part of the steam in the headers in case of a
swing in the steam usage.

No Turbine Generator 2:

Electricity Price | Turl Genl Tur2 Gen2 PLS
(¢/kW) (Ib/hr) | (Ib/hr) | (Ib/hr) | (Ib/hr) | (Ib/hr)
E <52 0 7,000 0 0 0
52 < E < 14.2 | 33,900 | 7,000 0 0 0
E > 142 4,231 | 36,669 0 0 0

Table 4.17: No Turbine Generator 2

Similarly, the result shown in Table 4.17 is the same as the result shown in
Table 3.20 obtained from deterministic optimization problem. The only difference is
again the amount of steam distributed through certain decision variables.

Both scenarios developed for cases when turbine generators fail using stochastic
optimization problems show how optimal solutions would vary and how the process
should be operated at various electricity price levels, however, neither of these sce-
narios requires additional steam from the 900 psi common header for distribution to
satisfy users of all levels of steam. This is the case because there is enough 35 psi
steam from suppliers that satisfy the user demand. As a result, before the optimiza-
tion problem determines how to allocate the excess steam in the system, there is
already an excess of 7,100 Ib/hr of 35 lb steam in the system. Therefore, two special
cases were developed to study how the system would react when that excess steam
is no longer present in the system. To do so, the flow rate from the package boiler
is turned off, reducing the amount of 35 psi steam supplied by 11, 000 1b/hr.

The results for the above two cases without 35 psi steam supplied from the
package boiler are shown below.

Special Case with No Turbine Generator 1 and No Package Boiler

Special Case with No Turbine Generator 2 and No Package Boiler
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Electricity Price | Turl Genl Tur2 Gen2 PLS
(¢/kW) (Ib/hr) | (Ib/hr) | (Ib/hr) | (Ib/hr) | (Ib/hr)
E <48 0 0 3,900 7,000 0

48 <E < 11.2 0 0 33,900 | 7,000 0
E>11.2 0 0 10,410 | 30,499 0

Table 4.18: No Turbine Generator 1 and No Package Boiler

Electricity Price | Turl Genl Tur2 Gen2 PLS
(¢/kW) (Ib/hr) | (Ib/hr) | (Ib/hr) | (Ib/hr) | (Ib/hr)
E <52 3,900 7,000 0 0 0
52 <E < 14.2 | 33,900 | 7,000 0 0 0
E > 14.2 4,231 | 36,669 0 0 0

Table 4.19: No Turbine Generator 2 and No Package Boiler

The results from the two special cases were very similar to the cases with failures
in turbine generators shown in Chapter 3, except that the amount of steam that
passes through the functional turbine when electricity price is at the lowest level.
This is the case because additional 35 psi steam is required to satisfy user demand,

and the strategy is modified to reflect that.

4.5.4 Summary

The operating strategy obtained from the stochastic optimization problem would
result in a cost operation of $-89.040 per hour. Compared to the result obtained
from deterministic optimization problem, which has the cost operation of $-83.210
per hour, the result obtained from the stochastic optimization problem is more con-
servative and is $5.83 per hour more expensive. Nevertheless, the solution obtained
from the stochastic optimization problem is capable of dealing with uncertain events
in the process for a desired percentage of the time and the “desired percentage" for
the feasibility in this study was set to be 95%. By having a more conservative result,
the solution from the stochastic optimization problem holds on to more steam in the
common headers to deal with potential increase of steam usage from the users. If
the users do indeed increase their demand, the extra steam available in the common
header can be used to satisfy the increase in demand. If the users do not increase
their demand, the extra steam can still go down to lower pressure common header
with the strategies described in Chapter 3.

Since the chance constraint optimization problem is reformulated into linear pro-
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gramming equivalent problems, the matrix A and vectors b and ¢ in the stochastic
optimization problem can vary in similar ways to those in linear programming. Sce-
narios were simulated when the ¢ vector is allowed to vary and the result obtained is
very similar to the result obtained for deterministic optimization problems, except
there are only three levels of electricity price needed for different operating strate-
gies compared to the five needed for deterministic optimization problems. In fact,
only three levels of electricity prices are needed for six of the nine cases developed
for a combination of variations in vector b in stochastic optimization problem. The
only three cases that require five levels of electricity price are the cases when the
variation in b vector is based on lower than expected extra demand for 900 psi steam
users. This is the case because as the amount of available 900 psi steam decreases, it
reduces the need to pass the excess steam through additional equipment. Similarly,
the results obtained from variations in A matrix are also similar to the ones obtained
from deterministic optimization problem.

Overall, the operating strategy obtained from the stochastic optimization prob-
lems is very similar to the operating strategy obtained from the deterministic op-
timization problem. The main difference is that solutions from the stochastic op-
timization problems are more conservative in terms of the cost associated with the
operation. Nevertheless, the operating strategies between the five decision variables

remain the same.
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Chapter 5

Conclusion and Future Work

One of the general philosophies for operating companies in today’s economy is to
maximize profitability through the efficient allocation of resources while reducing
their environmental impact. Even though various optimization schemes have been
developed to achieve these goals separately, the ability to meet these objectives
together while facing uncertainties has gained importance. These ideas have led to
the study of stochastic linear programming to optimize operating strategies.

In this thesis, an optimization study was performed for a steam network at a
utility plant. The objective of this study was to find an optimal operating strategy
at a given process and economic condition while taking into account for uncertainties.

Before formulating the optimization problem, the steam network and turbine
generator models were required to describe the process. The steam network was
modelled using steady state material balances around each of the common headers
and the turbine generator models were modelled using empirical model for its form
and parameters.

After the models were developed for the steam network and the Turbine Gen-
erators, the optimization model was formulated using linear programming. The
objective function was formulated to maximize the profit where 35 psi steam and
electricity were considered as revenue generating products, and 900 psi steam was
considered as raw material with cost. The constraints were formulated using process
information such as positive flow in each of the common headers, maximum electric-
ity generation limit from turbine generators, and minimum flow rates to generators.
Since nominal values were used to determine some of the parameters in the opti-
mization model without any consideration for uncertainties, the optimization model

formulated was considered deterministic.
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The optimal solution to the deterministic optimization model was compared with
the current operating condition and the optimal operating strategy was able to save
roughly $80 an hour or $700,000 every year when electricity price is at 6 ¢/kW.
Various scenarios were tested to imitate the effects on the optimal solution when the
process and /or the economic condition changes.

Since there could be uncertainties associated with economic condition (vector
c), supply and demand levels of steam (vector b), and process information (matrix
A), the operating condition determined by the deterministic optimization problem
could have become infeasible. To rectify the issue, chance constraints were used to
explicitly incorporate the feasible probability of the optimal solution remaining in
the feasible region into the optimization problem.

To take advantage of the solving techniques available, the chance constraint op-
timization problem was reformulated into linear programming equivalent problem
using back-off technique. The resulting optimization problem produced a more con-
servative result than the deterministic optimization problem, but the result was still
better than the current operation.

Based on the case studies investigated, the summary of the operating strategies
from deterministic optimization model depends largely on the electricity price range.
When the electricity is below a certain price level, the 900 psi steam is conserved be-
cause of its value. As the electricity price increases, that operating strategy shifts in
favour of the combined production of electricity and 35 psi steam. As the electricity
price increases further, the operating strategy favours more towards the generation
of electricity as expected. The study also found that Turbine Generator 2 is more
efficient than Turbine Generator 1. Therefore, the steam distribution is increased for
Turbine Generator 2 for maximum electricity generation before increasing the steam
flow to Turbine Generator 1 as electricity price increases from one level to the next.
Last but not least, the pressure letdown stations were never used because Turbine
Generator 1 and Turbine Generator 2 were capable of handling the available steam
in the system economically. In this case, pressure letdown stations are only needed
for safety reasons to relieve excess steam in the system. When the availability of
steam in the common headers differs due to varying matrices A or b, the operating

strategies developed above remain true for these scenarios.
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5.1 Future Work

Although work was done to determine the optimal operating strategies under normal
operating conditions as well as special conditions by handling uncertainties using
probability constraints, there are many issues remaining to be examined. Potential
areas to be explored include the expansion of the decision variables list, different
formulation of the objective function and constraints, and the effects of varying
parameters in matrix A.

The optimization models used for the thesis included five decision variables,
which were Turbine 1, Generator 1, Turbine 2, Generator 2, and Pressure Letdown
Station for steam from 900 psi header to 35 psi header while assuming other variables
to be constant and could not be manipulated. The list of decision variables can be
expanded to include other decision variables such as natural gas inputs to boilers for
900 psi steam output, package boiler output and other flow rates to pressure letdown
stations in the system. Expanding the list of decision variables in the optimization
models will provide an opportunity for operators to manipulate the availability of
steam in the system, which could potentially enhance the optimization result by
ensuring steam is only generated when it is required.

Currently, the objective function was formulated using one stage objective func-
tion, which means that at a given process and economic condition, an optimal op-
erating strategy is given for that particular condition and there is no regard for
what would happen afterward until the optimization model is compiled again. A
different formulation of the objective function could have included a penalty cost to
the objective function so that the objective function value would reflect the cost of
having excess steam in the steam headers. Similar result could probably be achieved
through the formulation of Multi-Stage Objective Function.

One of the assumptions used in formulating the optimization model was that the
constraints used in the model represent the absolute process limit that shall not be
violated. Since the constraints were formulated based on the average of the data,
the true limit or the boundary of the constraint for the process may not be the one
used in the optimization model. Therefore, a true limit or boundary of the process
constraints should be found and used in the optimization model. Another way of
dealing with the issue is through the use of the conditional constraints, which allows

the constraints to be violated but less than a given absolute value.
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Lastly, this thesis treated process equipment failure scenarios as simplified sce-
narios for the impact of changing matrix A on the optimal solution. No derivation
work was provided in this thesis to study how changing parameters in matrix A
would impact the optimal solution. Therefore, a rigorous derivation to relate chang-
ing parameter in matrix A and the optimal solution could be part of the future

work.
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Appendix A

Data Used

The process data for each of the equipment tags is obtained every minute from
midnight of October 9, 2010 to midnight of October 21 2010. However, only the first
75 hours of data is used for the optimization problem because of the steady state
properties.

The utilities cost information is only available as monthly data from October
2009 to September 2010.

From the data obtained, statistical properties such as mean and standard devi-
ation can be obtained for each of the tags.

For nominal operation, the average flow rates are used for each of the suppliers
and users of steam and the average monthly cost is used for both steam and electricity
prices.

The average prices of $0.00921/1b and $0.00715/1b are used for 900 psi and 35
psi steam and the price of of $0.06/kW is used for the average electricity price.
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Appendix B

Efficiency Calculation for Turbine
(Generators

From the available measurement, the average temperature and pressure at the inlet of
the Turbine Generators #1 and #2 are 900 psi and 585°F. Based on the temperature
and pressure measure, the specific enthalpy of the steam at the inlet of the Turbine
Generators #1 and #2 are found to be 1248 Btu/lb from the TAPWS steam table
[TAPWS, 2006]|. Similarly, the the average temperature and pressure at the outlet of
the Turbine Generators #1 and #2 are 35 psi and 350°F, and the specific enthalpy is
1213 Btu/lb. The average flow rates for Turbine Generator #1 inlet (900 psi steam),
and outlet (35 psi steam) are 22,946 1b/hr, and 10,486 1b/hr respectively.

The total energy available to be converted to electricity is:
AFE avaitabie = (Ho00stmT900stm — H355tmT35stm) (B.1)
Substituting the variables with numbers available

AE soaitabie = 22,946 (Ib/hr) * 1,248 (Btu/Ib) — 10,485 (Ib/hr) * 1,213 ( Btu/Ib)

AEAvailable = 15, 918, 303 (Btu/hr) = 4, 665(]{}W)

Recall Equation (2.17) that the overall efficiency parameter can be obtained as:

AEACt'U,CLl

AE1A'ua'ilable
With the average of the electricity measured to be 1,183 kW, the overall efficiency

(B.2)

Toverall =

parameter can be calculated as:

O 1,183(kW)
Toverall = 4,665(I€W)

92



Noverall = 25.4%

Therefore, the overall efficiency for Turbine Generator #1 is calculated to be
25.4%.

For Turbine Generator #2, the average 900 psi steam flow rate, and 35 psi
steam flow rate and electricity generated are 19,620 1b/hr, 6,504 1b/hr, and 1,090
kW respectively. Using Equation (B.1), the total available energy is calculated to be
4,864 kW, which means the overall efficiency for Turbine Generator #2 is calculated
to be about 22.4% using Equation (B.2).
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Appendix C

Simple Linear Regression and
Multiple Regression Results

C.1 Simple Linear Regression Result for Turbine Gener-
ator 2

For the cases when condensate flow rate is used as the input variable:

Model 1:

Residual Analysis
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Figure C.1: Model 1 Using Condensate as the Input

B1 = 0.0861. R? = 47.44%

From the simulation, Model 1 with condensate flow rate is obtained as:

§ = 0.0861x (C.1)
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A coefficient of determination, R?, of 47.44% is relatively poor for the model.
From Figure C.1, there maybe nonlinearity or lack of fit in the model since there is
an apparent trend in the residual plot. Overall, this model seems good for a model

with one parameter, but further improvement seems possible.

Model 2:

Residual Analysis
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Figure C.2: Model 2 Using Condensate as the Input

By = 853.3855 B, = 0.0215 R2? = 10.28%

From the simulation, Model 2 with condensate flow rate is obtained as:

§ = 853.3855 + 0.0215z (C2)

A coefficient of determination, R?, of 10.28% is poor for the model especially
considering that the model has one more parameter compared to Model 1 and ex-
hibits a worse fitting result. Figure C.2 shows there is nonlinearity or lack of fit in
the model affecting the data since there is an apparent shifting of the trend in the
residual plot. Overall, this model is a poor model.

Model 3:

B1 =0.1489 By = —4.711 %« 1076 R? = 14.90%

From the simulation, Model 3 with condensate flow rate is obtained as:

§ = 0.1489x — 4.711 x 10 %22 (C.3)
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Residual Analysis
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Figure C.3: Model 3 Using Condensate as the Input

A coefficient of determination, R?, of 14.90% is poor for the model especially
considering that the model has one more parameter compared to Model 1 and ex-
hibits a worse fitting result. Figure C.3 shows there is nonlinearity or lack of fit in
the model affecting the data since there is an apparent shifting of the trend in the
residual plot. Overall, this model is a poor model.

Model 4:

Residual Analysis
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Figure C.4: Model 4 Using Condensate as the Input
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Bo = 3081.4 B = —0.300 By = 1.343 % 1078 R? = 25.48%

From the simulation, Model 4 with condensate flow rate is obtained as:

§ = 3081.4 — 0.3002 + 1.343 x 10822 (C.4)

A coeflicient of determination, R?, of 25.48% is poor for the model especially
considering that the model has one more parameter compared to Model 2 and 3 and
exhibits a worse fitting result. Figure C.4 shows there is nonlinearity or lack of fit in
the model affecting the data since there is an apparent shifting of the trend in the
residual plot. Overall, this model is a poor model.

After comparing the four models, it is determined that Model 1 is the best model
among the four models proposed when condensate is used as the input variable.
However, due to the its low fitting score, further improvement on the model with
different model structure may be achieved.

For the cases when 35 psi steam flow rate flow rate is used as the input variable:

Model 1:

Residual Analysis
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Figure C.5: Model 1 Using 35 psi Steam Flow Rate as the Input

B1 =0.1297. R* =51.62%
From the simulation, Model 1 with 35 psi steam flow rate flow rate is obtained

as:

g =0.1297z (C.5)



A coefficient of determination, R?, of 51.62% is relatively poor for the model.
From Figure C.5, it is difficult to determine if there is nonlinearity or lack of fit in
the model since there is no apparent trend in the residual plot. Overall, this model
seems good for a model with one parameter, but further improvement seems possible.

Model 2:

Residual Analysis
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Figure C.6: Model 2 Using 35 psi Steam Flow Rate as the Input

Bo =1077.8 B = 7.581 x 1070 R? = 7.53%
From the simulation, Model 2 with 35 psi steam flow rate flow rate is obtained

as:

g =1077.8 + 7.581 % 10 %2 (C.6)

A coefficient of determination, R?, of 7.53% is very poor for the model. Figure C.6
shows there is nonlinearity or lack of fit in the model affecting the data since there
is an apparent shifting of the trend in the residual plot. Overall, this model is
unacceptable.

Model 3:

B1 = 0.2480 By = —1.159 % 1075 R? = 47.26%

From the simulation, Model 3 with 35 psi steam flow rate flow rate is obtained

as:

§ = 0.2480x — 1.159 10522 (C.7)
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Residual Analysis
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Figure C.7: Model 3 Using 35 psi Steam Flow Rate as the Input

A coefficient of determination, R?, of 47.26% is poor for the model especially
considering that the model has one more parameter compared to Model 1 and ex-
hibits a worse fitting result. Figure C.7 shows there is nonlinearity or lack of fit in
the model affecting the data since there is an apparent shifting of the trend in the
residual plot. Overall, this model is a poor model.

Model 4:

Residual Analysis
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Figure C.8: Model 4 Using 35 psi Steam Flow Rate as the Input
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Bo =1083.7 f1 = 6.143 % 1070 B, = 7.568 « 10~ ! R? = 7.55%

Note that this model failed the null hypothesis for S, which means that the
parameter is statistically insignificant.

From the simulation, Model 4 with 35 psi steam flow rate flow rate is obtained

as:

§ = 1083.7 + 6.143 * 10 52 + 7.568 101122 (C.8)

A coefficient of determination, R?, of 7.55% is poor for the model especially
considering that the model has one more parameter compared to Model 2 and 3 and
exhibits a worse fitting result. Figure C.8 shows there is nonlinearity or lack of fit in
the model affecting the data since there is an apparent shifting of the trend in the
residual plot. Overall, this model is unacceptable.

After comparing the four models, it is determined that Model 1 is the best model
among the four models proposed when 35 psi steam flow rate is used as the input
variable. However, due to the its low fitting score, further improvement on the model
with different model structure may be achieved.

For the cases when 900 psi steam flow rate flow rate is used as the input variable:

Model 1:

Residual Analysis
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Figure C.9: Model 1 Using 900 psi Steam Flow Rate as the Input

B = 0.0545. R? = 59.10%
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From the simulation, Model 1 with 900 psi steam flow rate flow rate is obtained

as:

§ = 0.0545z (C.9)

A coefficient of determination, R?, of 59.10% is relatively poor for the model.
From Figure C.9, it is difficult to determine if there is nonlinearity or lack of fit in
the model since there is no apparent trend in the residual plot. Overall, this model
seems good for a model with one parameter, but further improvement seems possible.

Model 2:

Residual Analysis
400 T T

300 -

200 -

100

Residuals

-100 -

_200 I I I I I I I I
0 2000 4000 6000 8000 10000 12000 14000 16000 18000

Sample

Figure C.10: Model 2 Using 900 psi Steam Flow Rate as the Input

Bo = 671.4752 31 = 0.0224 R? = 32.94%
From the simulation, Model 2 with 900 psi steam flow rate flow rate is obtained

as:

§ = 671.4752 + 0.0224z (C.10)

A coefficient of determination, R?, of 32.94% is poor for the model especially
considering that the model has one more parameter compared to Model 1 and ex-
hibits a worse fitting result. Figure C.10 shows there is nonlinearity or lack of fit in
the model affecting the data since there is an apparent shifting of the trend in the

residual plot. Overall, this model is a poor model.
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Residual Analysis
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Figure C.11: Model 3 Using 900 psi Steam Flow Rate as the Input

Model 3:
B1 =0.0844 By = —1.412% 1075 R? = 33.73%
From the simulation, Model 3 with 900 psi steam flow rate flow rate is obtained

as:

§ = 0.0844x — 1.412 % 1022 (C.11)

A coefficient of determination, R?, of 33.73% is poor for the model especially
considering that the model has one more parameter compared to Model 1 and ex-
hibits a worse fitting result. Figure C.11 shows there is nonlinearity or lack of fit in
the model affecting the data since there is an apparent shifting of the trend in the
residual plot. Overall, this model is a poor model.

Model 4:

Bo = —558.9279 1 = 0.1353 By = —2.558 x 1078 R? = 36.12%

From the simulation, Model 4 with 900 psi steam flow rate flow rate is obtained

as:

§ = —558.9279 + 0.1353x — 2.558 * 10522 (C.12)

A coefficient of determination, R?, of 36.12% is poor for the model especially

considering that the model has one more parameter compared to Model 2 and 3 and
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Residual Analysis
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Figure C.12: Model 4 Using 900 psi Steam Flow Rate as the Input

exhibits a worse fitting result. Figure C.12 shows there is nonlinearity or lack of fit
in the model affecting the data since there is an apparent shifting of the trend in the

residual plot. Overall, this model is unacceptable.

C.2 Multiple Regression Result for Turbine Generator 1

For the cases when 35 psi steam and condensate flow rate are used as the input
variable for 1 and x9 respectively and with intercept:

Model 1: The model is obtained has the following structure:
g = —362.7790 4 0.0400z; + 0.0905x2 (C.13)

A coefficient of determination, R?, of 93.31% is obtained as a result. From
Figure C.13, it is difficult to determine if there is nonlinearity or lack of fit in the
model since there is no apparent trend in the residual plot.

Model 2: The model is obtained has the following structure:
§ = —322.8908 + 0.0359z + 0.0874x5 + 3.337 x 10 Yz 29 (C.14)

A coefficient of determination, R?, of 93.38% is obtained as a result. From
Figure C.14, it is difficult to determine if there is nonlinearity or lack of fit in the

model since there is no apparent trend in the residual plot.
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Figure C.13: Model 1 Using 35 psi Steam and Condensate Flow Rates as Input
Variables

Residual Analysis
250 T T

150 b

Residuals

-150

I I I I I I I I
0 2000 4000 6000 8000 10000 12000 14000 16000 18000
Sample

Figure C.14: Model 2 Using 35 psi Steam and Condensate Flow Rates as Input
Variables
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Model 3: The model is obtained has the following structure:

§ = —276.1182 + 0.0518z; + 0.0654x5 — 5.351 * 10~ 2% + 1.056 * 10 %23  (C.15)

Residual Analysis
250 T T

200

150

100

50

Residuals

0

=50

-100 -

-150

I I I I I I I I
0 2000 4000 6000 8000 10000 12000 14000 16000 18000
Sample

Figure C.15: Model 3 Using 35 psi Steam and Condensate Flow Rates as Input
Variables

A coefficient of determination, R?, of 93.85% is obtained as a result. From
Figure C.15, it is difficult to determine if there is nonlinearity or lack of fit in the
model since there is no apparent trend in the residual plot.

Model 4: The model is obtained has the following structure:

§ = —367.5381 + 0.0589z; + 0.0748x5 — 6.541 x 10~ 22
+8.211 %107 %22 — 3.961 % 10 %z 125  (C.16)

A coefficient of determination, R?, of 93.87% is obtained as a result. From
Figure C.16, it is difficult to determine if there is nonlinearity or lack of fit in the
model since there is no apparent trend in the residual plot.

For the cases when 35 psi steam and condensate flow rate are used as the input
variable for 1 and xo respectively and without intercept:

Model 1: The model is obtained has the following structure:

§ = 0.0297z1 + 0.0701z, (C.17)
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A coefficient of determination, R?, of 82.83% is obtained as a result. From
Figure C.17, it is difficult to determine if there is nonlinearity or lack of fit in the
model since there is no apparent trend in the residual plot.

Model 2: The model is obtained has the following structure:

§ = 0.0160z1 + 0.0661x5 + 1.544 % 1052129 (C.18)
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Figure C.18: Model 2 Using 35 psi Steam and Condensate Flow Rates as Input
Variables

A coefficient of determination, R?, of 89.57% is obtained as a result. From
Figure C.18, it is difficult to determine if there is nonlinearity or lack of fit in the
model since there is no apparent trend in the residual plot.

Model 3: The model is obtained has the following structure:
§ = 0.0549z1 + 0.0215z9 — 7.397 107 23 + 2.704 % 10~ %23 (C.19)

A coefficient of determination, RZ?, of 92.57% is obtained as a result. From
Figure C.19, it is difficult to determine if there is nonlinearity or lack of fit in the
model since there is no apparent trend in the residual plot.

Model 4: The model is obtained has the following structure:

§ = 0.0358x1 + 0.0333z9 — 3.070 % 10" 27
+1.984 %107 %22 + 7.719 % 10" "z125  (C.20)
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Figure C.19: Model 3 Using 35 psi Steam and Condensate Flow Rates as Input
Variables
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Figure C.20: Model 4 Using 35 psi Steam and Condensate Flow Rates as Input
Variables
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A coefficient of determination, R?, of 93.52% is obtained as a result. From
Figure C.20, it is difficult to determine if there is nonlinearity or lack of fit in the
model since there is no apparent trend in the residual plot.

For the cases when 900 psi steam and condensate flow rate are used as the input
variable for x; and xo respectively and with intercept:

Model 1: The model is obtained has the following structure:

7 = —362.7790 + 0.0400z1 + 0.0505x2 (C.21)
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Figure C.21: Model 1 Using 900 psi steam and Condensate Flow Rates as Input
Variables

A coefficient of determination, R?, of 93.31% is obtained as a result. From
Figure C.21, it is difficult to determine if there is nonlinearity or lack of fit in the
model since there is no apparent trend in the residual plot.

Model 2: The model is obtained has the following structure:
§ = —141.5912 + 0.0298z; + 0.0316x5 + 8.695 x 10~ Yz 29 (C.22)

A coefficient of determination, R?, of 93.53% is obtained as a result. From
Figure C.22, it is difficult to determine if there is nonlinearity or lack of fit in the
model since there is no apparent trend in the residual plot.

Model 3: The model is obtained has the following structure:
§ = —612.2737 + 0.0691z1 + 0.0388z2 — 6.468 * 10727 4 4.429 x 10~ %22  (C.23)
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Figure C.22: Model 2 Using 900 psi steam and Condensate Flow Rates as Input
Variables
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Figure C.23: Model 3 Using 900 psi steam and Condensate Flow Rates as Input
Variables

110



A coefficient of determination, R?, of 93.63% is obtained as a result. From
Figure C.23, it is difficult to determine if there is nonlinearity or lack of fit in the
model since there is no apparent trend in the residual plot.

Model 4: The model is obtained has the following structure:

§ = —367.5381 + 0.058921 + 0.015929 — 6.541 % 10~ 72%
+5.631%107%22 +9.122 % 10 %2125  (C.24)
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Figure C.24: Model 4 Using 900 psi steam and Condensate Flow Rates as Input
Variables

A coefficient of determination, R?, of 93.87% is obtained as a result. From
Figure C.24, it is difficult to determine if there is nonlinearity or lack of fit in the
model since there is no apparent trend in the residual plot.

For the cases when 900 psi steam and condensate flow rate are used as the input
variable for 1 and xo respectively and without intercept:

Model 1: The model is obtained has the following structure:
7y = 0.0297x1 4 0.0404z- (C.25)

A coefficient of determination, R?, of 82.83% is obtained as a result. From
Figure C.25, it is difficult to determine if there is nonlinearity or lack of fit in the
model since there is no apparent trend in the residual plot.

Model 2: The model is obtained has the following structure:

§ = 0.0236z1 + 0.020322 + 1.367 % 10 0z 2 (C.26)
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Figure C.25: Model 1 Using 900 psi steam and Condensate Flow Rates as Input
Variables
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Figure C.26: Model 2 Using 900 psi steam and Condensate Flow Rates as Input
Variables

A coefficient of determination, R?, of 93.36% is obtained as a result. From
Figure C.26, it is difficult to determine if there is nonlinearity or lack of fit in the
model since there is no apparent trend in the residual plot.

Model 3: The model is obtained has the following structure:

7§ = 0.0200x1 + 0.0299z5 + 4.245 10~ 23 + 7.909 * 10~ 23 (C.27)
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Figure C.27: Model 3 Using 900 psi steam and Condensate Flow Rates as Input
Variables

A coefficient of determination, R?, of 92.03% is obtained as a result. From
Figure C.27, it is difficult to determine if there is nonlinearity or lack of fit in the
model since there is no apparent trend in the residual plot.

Model 4: The model is obtained has the following structure:

§ = 0.0358x1 — 0.002529 — 3.070 * 10" 27
+7.591 % 107722 + 1.532 % 10 Czy25  (C.28)

A coefficient of determination, R?, of 93.52% is obtained as a result. From
Figure C.28, it is difficult to determine if there is nonlinearity or lack of fit in the
model since there is no apparent trend in the residual plot.

For the cases when 900 psi steam and 35 psi steam flow rate are used as the input
variable for 1 and xo respectively and with intercept:

Model 1: The model is obtained has the following structure:
7 = —362.7790 4 0.0905z; + 0.050522 (C.29)

A coefficient of determination, R?, of 93.31% is obtained as a result. From
Figure C.29, it is difficult to determine if there is nonlinearity or lack of fit in the
model since there is no apparent trend in the residual plot.

Model 2: The model is obtained has the following structure:

§ = —503.2125 + 0.0968x1 — 0.031622 — 6.277 x 10~z 25 (C.30)
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Figure C.28: Model 4 Using 900 psi steam and Condensate Flow Rates as Input
Variables
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Figure C.29: Model 1 Using 900 psi Steam and 35 psi Steam Flow Rates as Input
Variables

114



Residual Analysis
300

200

150

Residuals

-150

I I I I I I I I
0 2000 4000 6000 8000 10000 12000 14000 16000 18000
Sample

Figure C.30: Model 2 Using 900 psi Steam and 35 psi Steam Flow Rates as Input
Variables

A coefficient of determination, R?, of 93.76% is obtained as a result. From
Figure C.30, it is difficult to determine if there is nonlinearity or lack of fit in the
model since there is no apparent trend in the residual plot.

Model 3: The model is obtained has the following structure:
§ = —520.2978 + 0.1027x1 — 0.0455z9 — 2.781 % 10~ %27 — 2.358 x 10~ %23  (C.31)

A coefficient of determination, R?, of 93.66% is obtained as a result. From
Figure C.31, it is difficult to determine if there is nonlinearity or lack of fit in the
model since there is no apparent trend in the residual plot.

Model 4: The model is obtained has the following structure:

§ = —367.5381 + 0.0748x1 — 0.0159z5 4 8.211 * 10723
+5.631 % 107222 — 2.038 x 10 8x120  (C.32)

A coefficient of determination, R?, of 93.87% is obtained as a result. From
Figure C.32, it is difficult to determine if there is nonlinearity or lack of fit in the
model since there is no apparent trend in the residual plot.

For the cases when 900 psi steam and 35 psi steam flow rate are used as the input
variable for 1 and xo respectively and without intercept:

Model 1: The model is obtained has the following structure:

§ = 0.0701z; — 0.0404z, (C.33)
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Figure C.31: Model 3 Using 900 psi Steam and 35 psi Steam Flow Rates as Input
Variables
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Figure C.32: Model 4 Using 900 psi Steam and 35 psi Steam Flow Rates as Input
Variables
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Figure C.33: Model 1 Using 900 psi Steam and 35 psi Steam Flow Rates as Input
Variables

A coefficient of determination, R?, of 82.83% is obtained as a result. From
Figure C.33, it is difficult to determine if there is nonlinearity or lack of fit in the
model since there is no apparent trend in the residual plot.

Model 2: The model is obtained has the following structure:
§ = 0.0720x; — 0.0627x2 + 7.643 * 10~ 2122 (C.34)

A coefficient of determination, R?, of 88.11% is obtained as a result. From
Figure C.34, it is difficult to determine if there is nonlinearity or lack of fit in the
model since there is no apparent trend in the residual plot.

Model 3: The model is obtained has the following structure:
§ = 0.0534x; — 0.0387z3 + 8,229 % 10~ 23 — 5.934 % 10~ 22 (C.35)

A coefficient of determination, R?, of 92.86% is obtained as a result. From
Figure C.35, it is difficult to determine if there is nonlinearity or lack of fit in the
model since there is no apparent trend in the residual plot.

Model 4: The model is obtained has the following structure:
7 = 0.0333z1 +0.002525 +1.984% 107527 +7.591 + 10~ "2 — 3.050 x 10 6z 125 (C.36)

A coefficient of determination, R?, of 93.52% is obtained as a result. From
Figure C.36, it is difficult to determine if there is nonlinearity or lack of fit in the

model since there is no apparent trend in the residual plot.
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Figure C.34: Model 2 Using 900 psi Steam and 35 psi Steam Flow Rates as Input
Variables
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Figure C.35: Model 3 Using 900 psi Steam and 35 psi Steam Flow Rates as Input
Variables
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Figure C.36: Model 4 Using 900 psi Steam and 35 psi Steam Flow Rates as Input
Variables

C.3 Multiple Regression Result for Turbine Generator 2

For the cases when 35 psi steam and condensate flow rate are used as the input
variable for 1 and x9 respectively and with intercept:

Model 1: The model is obtained has the following structure:
7y = —603.0405 + 0.0435z1 + 0.1074z> (C.37)

A coefficient of determination, R?, of 94.45% is obtained as a result. From
Figure C.37, it is difficult to determine if there is nonlinearity or lack of fit in the
model since there is no apparent trend in the residual plot.

Model 2: The model is obtained has the following structure:
§ = —434.2122 + 0.0199z; + 0.0935x5 + 2.002 * 108z 29 (C.38)

A coefficient of determination, R?, of 95.57% is obtained as a result. From
Figure C.38, it is difficult to determine if there is nonlinearity or lack of fit in the
model since there is no apparent trend in the residual plot.

Model 3: The model is obtained has the following structure:

§ = —759.1146 + 0.058421 + 0.119429 — 7.419 % 10 723 — 3.757 x 10?23 (C.39)
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Figure C.37: Model 1 Using 35 psi Steam and Condensate Flow Rates as Input
Variables
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Figure C.38: Model 2 Using 35 psi Steam and Condensate Flow Rates as Input
Variables
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Figure C.39: Model 3 Using 35 psi Steam and Condensate Flow Rates as Input
Variables

A coefficient of determination, R?, of 95.81% is obtained as a result. From
Figure C.39, it is difficult to determine if there is nonlinearity or lack of fit in the
model since there is no apparent trend in the residual plot.

Model 4: The model is obtained has the following structure:

§ = —1153.2 + 0.1000z; + 0.2000z9 — 1.222 % 10~ %27
—1.403 % 107223 — 1.725 % 10 Y2129 (C.40)

A coefficient of determination, R?, of 95.86% is obtained as a result. From
Figure C.40, it is difficult to determine if there is nonlinearity or lack of fit in the
model since there is no apparent trend in the residual plot.

For the cases when 35 psi steam and condensate flow rate are used as the input
variable for x; and x9 respectively and without intercept:

Model 1: The model is obtained has the following structure:
7y = 0.0297x1 4 0.069522 (C.A41)

A coefficient of determination, R?, of 71.69% is obtained as a result. From
Figure C.41, it is difficult to determine if there is nonlinearity or lack of fit in the
model since there is no apparent trend in the residual plot.

Model 2: The model is obtained has the following structure:

§ = —0.0120x1 + 0.0624x5 + 4.241 + 1052129 (C.42)

121



Residual Analysis

100

Residuals

I I I I I I I I
0 2000 4000 6000 8000 10000 12000 14000 16000 18000
Sample

Figure C.40: Model 4 Using 35 psi Steam and Condensate Flow Rates as Input
Variables
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Figure C.41: Model 1 Using 35 psi Steam and Condensate Flow Rates as Input
Variables
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Figure C.42: Model 2 Using 35 psi Steam and Condensate Flow Rates as Input
Variables

A coefficient of determination, R?, of 90.79% is obtained as a result. From
Figure C.42, it is difficult to determine if there is nonlinearity or lack of fit in the
model since there is no apparent trend in the residual plot.

Model 3: The model is obtained has the following structure:
i = 0.06062; + 0.0085x5 — 1.032 % 107527 + 3.644 + 10523 (C.43)

A coefficient of determination, R?, of 94.88% is obtained as a result. From
Figure C.43, it is difficult to determine if there is nonlinearity or lack of fit in the
model since there is no apparent trend in the residual plot.

Model 4: The model is obtained has the following structure:

§ = 0.0169z1 + 0.0313z5 — 1.602 * 10~
+2.180 % 10 %22 4+ 2.384 % 10 %120 (C.44)

A coefficient of determination, R?, of 95.48% is obtained as a result. From
Figure C.44, it is difficult to determine if there is nonlinearity or lack of fit in the
model since there is no apparent trend in the residual plot.

For the cases when 900 psi steam and condensate flow rate are used as the input
variable for 1 and x9 respectively and with intercept:

Model 1: The model is obtained has the following structure:

9y = —603.0405 4 0.0435z1 + 0.0640x2 (C.45)
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Figure C.43: Model 3 Using 35 psi Steam and Condensate Flow Rates as Input
Variables
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Figure C.44: Model 4 Using 35 psi Steam and Condensate Flow Rates as Input
Variables
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Figure C.45: Model 1 Using 900 psi Steam and Condensate Flow Rates as Input
Variables

A coefficient of determination, R?, of 94.45% is obtained as a result. From
Figure C.45, it is difficult to determine if there is nonlinearity or lack of fit in the
model since there is no apparent trend in the residual plot.

Model 2: The model is obtained has the following structure:
§ = 67.4908 + 0.0129z;1 4 0.010529 + 2.459 * 10 %229 (C.46)

A coefficient of determination, R?, of 95.41% is obtained as a result. From
Figure C.46, it is difficult to determine if there is nonlinearity or lack of fit in the
model since there is no apparent trend in the residual plot.

Model 3: The model is obtained has the following structure:
§ = —1488.9 + 0.1000x1 + 0.1000z5 — 1.536 * 10727 — 8.541 x 107023 (C.47)

A coefficient of determination, R?, of 95.83% is obtained as a result. From
Figure C.47, it is difficult to determine if there is nonlinearity or lack of fit in the
model since there is no apparent trend in the residual plot.

Model 4: The model is obtained has the following structure:

§ = —1153.2 4 0.1000x1 + 0.100029
—1.222 %107 %2% — 9.005 * 107 1%23 4+ 7.191 % 10" Vzy2y  (C.48)
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Figure C.46: Model 2 Using 900 psi Steam and Condensate Flow Rates as Input
Variables
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Figure C.47: Model 3 Using 900 psi Steam and Condensate Flow Rates as Input
Variables
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Figure C.48: Model 4 Using 900 psi Steam and Condensate Flow Rates as Input
Variables

A coefficient of determination, R?, of 95.86% is obtained as a result. From
Figure C.48, it is difficult to determine if there is nonlinearity or lack of fit in the
model since there is no apparent trend in the residual plot.

For the cases when 900 psi steam and condensate flow rate are used as the input
variable for 1 and xo respectively and without intercept:

Model 1: The model is obtained has the following structure:
7y = 0.0297x1 4 0.0398z5 (C.49)

A coefficient of determination, R?, of 71.69% is obtained as a result. From
Figure C.49, it is difficult to determine if there is nonlinearity or lack of fit in the
model since there is no apparent trend in the residual plot.

Model 2: The model is obtained has the following structure:
§ = 0.0158z1 + 0.0157x9 4 2.228 % 10~ %2129 (C.50)

A coefficient of determination, R?, of 95.42% is obtained as a result. From
Figure C.50, it is difficult to determine if there is nonlinearity or lack of fit in the
model since there is no apparent trend in the residual plot.

Model 3: The model is obtained has the following structure:

7 = 0.0512z; — 0.0320z9 — 2.627 * 107723 + 3.512 % 10~ 23 (C.51)
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Figure C.49: Model 1 Using 900 psi Steam and Condensate Flow Rates as Input
Variables
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Figure C.50: Model 2 Using 900 psi Steam and Condensate Flow Rates as Input
Variables
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Figure C.51: Model 3 Using 900 psi Steam and Condensate Flow Rates as Input
Variables

A coefficient of determination, R?, of 92.53% is obtained as a result. From
Figure C.51, it is difficult to determine if there is nonlinearity or lack of fit in the
model since there is no apparent trend in the residual plot.

Model 4: The model is obtained has the following structure:

§ = 0.0169z; + 0.0144x5 — 1.602 % 10~ "2
—3.645 % 107723 + 2.704 % 10 %2129  (C.52)

A coefficient of determination, R?, of 95.48% is obtained as a result. From
Figure C.52, it is difficult to determine if there is nonlinearity or lack of fit in the
model since there is no apparent trend in the residual plot.

For the cases when 900 psi steam and 35 psi steam flow rate are used as the input
variable for x; and xo respectively and with intercept:

Model 1: The model is obtained has the following structure:
7y = —603.0405 4 0.1074z; — 0.0640x2 (C.53)

A coefficient of determination, R?, of 94.45% is obtained as a result. From
Figure C.53, it is difficult to determine if there is nonlinearity or lack of fit in the
model since there is no apparent trend in the residual plot.

Model 2: The model is obtained has the following structure:

§ = —829.1762 4 0.1181z1 — 0.0388z5 — 1.135 % 10~ 5z 29 (C.54)
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Figure C.52: Model 4 Using 900 psi Steam and Condensate Flow Rates as Input
Variables
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Figure C.53: Model 1 Using 900 psi Steam and 35 psi Steam Flow Rates as Input
Variables
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Figure C.54: Model 2 Using 900 psi Steam and 35 psi Steam Flow Rates as Input
Variables

A coefficient of determination, R?, of 95.80% is obtained as a result. From
Figure C.54, it is difficult to determine if there is nonlinearity or lack of fit in the
model since there is no apparent trend in the residual plot.

Model 3: The model is obtained has the following structure:
§ = —1026.5 + 0.1000z; — 0.1000x — 7.909 * 10~ 1%22 — 4.363 % 10723  (C.55)

A coefficient of determination, R?, of 95.85% is obtained as a result. From
Figure C.55, it is difficult to determine if there is nonlinearity or lack of fit in the
model since there is no apparent trend in the residual plot.

Model 4: The model is obtained has the following structure:

§ = —1153.2 + 0.2000z; — 0.1000z — 1.403 * 10~ %22
—9.005 % 107 1%22 4+ 1.082 x 10 2120 (C.56)

A coefficient of determination, R?, of 95.86% is obtained as a result. From
Figure C.56, it is difficult to determine if there is nonlinearity or lack of fit in the
model since there is no apparent trend in the residual plot.

For the cases when 900 psi steam and 35 psi steam flow rate are used as the input
variable for 1 and xo respectively and without intercept:

Model 1: The model is obtained has the following structure:

§ = 0.0695z1 — 0.0398z, (C.57)

131



Residual Analysis

Residuals

I I I I I I I I
0 2000 4000 6000 8000 10000 12000 14000 16000 18000
Sample

Figure C.55: Model 3 Using 900 psi Steam and 35 psi Steam Flow Rates as Input
Variables
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Figure C.56: Model 4 Using 900 psi Steam and 35 psi Steam Flow Rates as Input
Variables
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Figure C.57: Model 1 Using 900 psi Steam and 35 psi Steam Flow Rates as Input
Variables

A coefficient of determination, R?, of 71.69% is obtained as a result. From
Figure C.57, it is difficult to determine if there is nonlinearity or lack of fit in the
model since there is no apparent trend in the residual plot.

Model 2: The model is obtained has the following structure:
7 = 0.0729x1 — 0.0724z5 + 1.082 % 10~ %z 5 (C.58)

A coefficient of determination, R?, of 81.01% is obtained as a result. From
Figure C.58, it is difficult to determine if there is nonlinearity or lack of fit in the
model since there is no apparent trend in the residual plot.

Model 3: The model is obtained has the following structure:
§ = 0.0403z1 — 0.0392x5 + 1.601 % 10727 — 1.438 + 10623 (C.59)

A coefficient of determination, R?, of 95.41% is obtained as a result. From
Figure C.59, it is difficult to determine if there is nonlinearity or lack of fit in the
model since there is no apparent trend in the residual plot.

Model 4: The model is obtained has the following structure:

§ = 0.0313x1 — 0.0144x5 4 2.180 * 10~ %22
—3.645% 107723 — 1.975 % 10 %2129 (C.60)
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Figure C.58: Model 2 Using 900 psi Steam and 35 psi Steam Flow Rates as Input
Variables
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Figure C.59: Model 3 Using 900 psi Steam and 35 psi Steam Flow Rates as Input
Variables
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Figure C.60: Model 4 Using 900 psi Steam and 35 psi Steam Flow Rates as Input
Variables

A coefficient of determination, R?, of 95.48% is obtained as a result. From
Figure C.60, it is difficult to determine if there is nonlinearity or lack of fit in the

model since there is no apparent trend in the residual plot.
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Appendix D

Post Optimality Analysis

In this appendix, the relevant derivations required for post optimality analysis is
demonstrated.
For linear programming problem, the optimal objective function value is given
as:
P* =T (D.1)
And the optimal decision variable is obtained as:

ot = A71b, (D.2)

The subscript “a" represent the active constraints in those matrices.

By substituting Equation (D.2) into Equation (D.1), the resulting equation is:

P* =cTA ', (D.3)

With the expression in Equation (D.3), the effects on the objective function value
from changing matrices without changing the active constraints can be derived.

The effects on objective function value from changing ¢ matrix is given as:

P

= )T (D.4)

The effects on objective function value from changing b matrix is given as:

% =cC Aa <D5)

At the optimum, the Lagrangian multiplier can be obtained as:

A= (A" 1e (D.6)
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Therefore, the Equation (D.5) can be rewritten as:

o (D.7)

Based on Equation (D.6), the effects on the Lagrangian multiplier from changing
matrices, without changing the active constraints can be derived.
The effects on the Lagrangian multiplier from changing ¢ matrix is given as:
dAq -1
—2 =(A D.8
= (AT) (D3)
The effects on the Lagrangian multiplier from changing b matrix is given as:

X
e = D.
o =0 (D.9)

From Equation (D.2), the effects on the optimal solution from changing matrix
without changing the active constraint can be derived.
The effects on the optimal solution from changing ¢ matrix is given as:

dz*
de

=0 (D.10)

The effects on the optimal solution from changing b matrix is given as:

dx*
db

=A! (D.11)
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