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Abstract

The business climate of the energy market has been eventful over the last two
decades, particularly with the introduction of the deregulated electricity market
and promotion of environmental issues. This has subsequently lead to new anal-
ysis criteria, influencing both technology requirements and production costs. To
be able to manage all the questions that have arisen from this the knowledge of
the available analysis methods and tools has become crucial.

In this thesis eight different methods and tools1 have been investigated to
provide the reader with an understanding of what information they provide,
both separate and in combination, and for which decision-making situations
they could be suitable. These methods and tools have been applied on a number
of case studies presented in the attached papers to illuminate their advantages
and limitations.

When analyses of heat and power plants are carried out the focus of atten-
tion is often the operation of the plant. This is probably due to the fact that it
is this part of the lifetime of the plant which is profitable, as well as the period
of the lifetime when the plant is visible for the owner. However, with the intro-
duction of environmental management systems and more decisive governmental
economic incentives directing the choice of plant configurations and use of fuel,
it is perhaps not sufficient to only consider this phase of the total lifetime. To
be able to make an investment with as low a risk as possible, the lifecycle per-
spective has to be considered, bringing forward not only the lifecycle cost, but
also the lifecycle environmental impact.

Today there is no ’universal’, all-embracing method or tool that results in
an analysis that takes technical, economic and environmental conditions into
consideration. However, the available arsenal of methods and tools for analysis
cover these aspects between them. In this thesis an evaluation deck, where the
different methods and tools can be combined, is proposed in order to include
the lifetime aspects that any heat and power plant involves.

It is shown in this thesis that heat and power plants that have high efficiency
and therefore are considered as environmentally-friendly during operation, do
not necessarily have this feature over the entire lifecycle. It is further shown

1Energy analysis, engineering economics, exergy analysis, thermoeconomy, pinch analy-
sis, life cycle assessment (LCA), exergetic life cycle assessment (ELCA) and artificial neural
networks
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that combinations of methods and tools introduce vital information and could
advantageously be combined for more reliable results.
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Ė exergy rate, J/s
F activation function
G Gibb’s free energy, J
H enthalpy, J
H Hessian matrix
I unit matrix
M module
N number of patterns
R gas constant, kJ/kg·K
R resources
P power, W
Q heat, J
Q̇ heat transfer, W



 xi

S entropy, J/K
T temperature, ◦C
T Time, h
U O&M cost, $US/a
U internal energy, J
V volume, m3

W work, J
W impact weight, equivalent−1
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Chapter 1

Introduction

This thesis includes descriptions of theoretical methods and tools for analyzing
and simulating thermal power plants, as well as validation of developed methods.
This work is a part of a research project, Thermal Processes for Electricity
production (TPE), funded by the Swedish Energy Agency (STEM). This project
has the overall objective to develop knowledge regarding methods for analysis
and optimization of thermal power plants. The areas in which the participants of
the Department of Heat and Power Engineering, Lund Institute of Technology
are working in this program are theoretical methods, validation of developed
methods and examples of practice. This work has also been realized by the
accessability of measurement data from a project financially supported by the
Swedish Gas Center (Svenskt Gastekniskt Center AB (SGC)), which has been
used in case studies.

1.1 Background

Due to the increasingly deregulated electricity market in the western countries
and the fact that there is a major focus on low emissions during operation,
new strategies have to be formulated concerning the pre-design1 and analysis
of heat and power plants. A heat and power plant in this type of business
climate should have not only a profit when the products are sold, but also a
good availability and reliability. This is due to the fact that there are no longer
any predetermined buyers on the market, and it is important to be able to sell
the electricity at the time when the price in the market is advantageous for the
producer. When optimizing power plants, much effort is put into the operation
phase, where the main goals are to have good fuel utilization and to minimize
emissions. To obtain this, high efficiency is required and for example in gas
turbine based power plants this leads to a high firing temperature and sophis-
ticated materials.

1By pre-design, the author means the study of system design, i.e. plant configurations,
that are not yet developed or not yet purchased/built.

1



2 Introduction

Within the energy market, politics has over the years become more and more
influential regarding the choices in investing in new heat and power plants. The
incentives have ranged from investment support to operation support. Examples
of these types of Swedish governmental instruments of control are the investment
support in bio-fuelled Combined Heat and Power (CHP) plants and the reim-
bursement of approximately 0.01 $US/kWh (2001 $US) electricity produced by
small-scale power plants (≤ 1500 kW). To relieve the pressure on the govern-
mental budget, these types of subsidies have been converted into market based
instruments in Sweden. An example of such an instrument is electrical cer-
tificates (EC) promoting electricity production with renewable energy sources.
Also taxes and fees for other emissions, such as sulphur dioxide and nitrogen
oxides, are present and of course steer the energy market in a certain direction,
regarding investments and choice of fuel.

When analyzing an existing or new thermal plant it is therefore important to
consider not only the technical aspects, but also economical and environmental
constraints. If all these restrictions are known to the analyst, a more complete
investigation of the plant can be performed. A frequently used analysis tool
today is a so-called Heat and Mass Balance Program (HMBP), which can be
either commercial or in-house codes. This type of tool is powerful regarding
thermodynamic parameter studies of the thermal heat and power cycle during
operation, and the estimation of parameters (efficiency, net power output, etc.)
is useful in further economical calculations. However, when looking at the whole
lifetime of a thermal system, it is not only the operation phase that is of inter-
est. The manufacturing/production of raw materials and components, as well
as the demolition and waste treatment of the power plant components, are as
important as the operation when concerning monetary costs and environmen-
tal impact. One tool to investigate the total environmental impact during the
pre-design of a new plant or the analysis of an existing plant is the Life Cycle
Assessment (LCA). To use this tool in a correct way, and to be able to compare
different applications with each other, the framework and functionality have to
be clear. This framework is stated in the ISO 14040-series published between
the years 1997–2000. An alternative to the ’legislated’ LCA is the Exergetic Life
Cycle Assessment (ELCA), which is a more rough method considering exergy as
a measure of resource depletion. This rough estimation can be useful as a faster
environmental pre-design tool, especially when considering thermal plants, since
the calculations of the exergies of fuel, gas and liquid flows – at least during the
plant operation – are described clearly in many text books [10,16,90]. It is also
possible to make these types of calculations in heat and mass balance programs,
although some additional equations or packages have to be introduced.

When the design of the plant has been chosen with the environment in focus,
it is very important to have a reliable operation and an effective maintenance.
To not spoil the work put into the environmental pre-design, which has sus-
tainable development as an important aspect, the Operation and Maintenance
(O&M) has to keep this motivation alive. Today it is common to use Condition
Monitoring Systems (CMS) which often rely on physical and thermodynamic
laws. This type of system requires a great deal of expertise and man-hours
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when locating the source of the occurring faults during the operation phase. It
would be advantageous if a fast and accurate advisory monitoring system was
accessible, together with a powerful sensor validation. One potential candidate
for this type of faster CMS would be Artificial Neural Networks (ANN), which
is a data-driven tool. With this type of system, emissions can be controlled and
maintenance can be kept to a minimum, which will lead to less environmental
impact and a high availability. This type of system also fulfills the requirements
of the deregulated electricity market, where the O&M costs have to be low and
the reliability and availability high.

When designing or analyzing a thermal plant today there are a number of
methods and tools available, some already mentioned. Some of theese tools are
HMBPs, environmental methods such as life cycle assessment, artificial neural
networks for process identification, etc. However, sometimes it is hard to dis-
tinguish among these numerous methods and tools, which information can be
produced and how useful it will be in different decision-making situations. In
this thesis some of the available methods and tools are investigated further and
elucidated. Also the additional values obtained when combining two or more
tools are investigated here, to provide advice regarding what and when certain
methods and tools could be used.

1.2 Objectives

The main objective of this thesis is to provide help for the choice of methods
and tools in different decision-making situations, both at pre-design and oper-
ation stages, that an analyst of thermal systems faces. By evaluating the tools
regarding their strengths and shortcomings, and what information they bring,
separately and in combination with each other, the objective will be fulfilled.

1.3 Methodology

To reach the stated objective, literature studies have been carried out for all
methods and tools. As a natural follow-up of the literature studies, modelling
and simulation for all methods and tools (except for pinch analysis) have been
performed resulting in case studies presented in the Papers. These case stud-
ies have been carried out to illuminate the advantages and limitations of the
methods and tools. Some of these calculations were done using actual mea-
sured data, and some were done with simulated data or estimated parameters
(e.g. fixed efficiencies, temperatures, etc.). The tools used for modelling and
simulation are both commercial and in-house codes. Almost all heat and mass
balance calculations are carried out with commercial programs, while the neural
networks are programmed in Matlab�, utilizing the procedures in the neural
network toolbox.



4 Introduction

1.4 Restrictions made

The number of methods and tools available in literature for analysis of thermal
systems are vast. Since this thesis has its focus in the analysis of heat and
power plants, some of these methods and tools are more suitable than others
to obtain the most information. The analyzing methods and tools chosen to be
investigated further in this thesis are:

• Energy analysis

• General economical calculations (here also called engineering economics)

• Exergy analysis

• Thermoeconomy

• Pinch analysis

• Life cycle assessment (LCA) according to ISO 14 040–43

• Exergetic life cycle assessment (ELCA)

• Feed-forward neural networks for process identification

Other methods are not investigated more closely since these eight methods are
considered the most widely spread within thermal system modelling and simu-
lation. The boundary conditions, or constraints if desired, used in the decision-
making process when analyzing a thermal plant design are:

Technology: Component and system knowledge to obtain reliable efficiencies,
temperature limits, pressure distributions, etc., within the system.

Economics: Investment costs, fuel costs, O&M costs, cost of heat and elec-
tricity production, discount rate, and market prices of electricity.

Environmental: Legislative limits of harmful emissions. The environmentally
related economical parameters, e.g. price of electrical certificates (only
Swedish) and cost of allowances for discharge of CO2-equivalents in an
emissions trading situation according to the Kyoto Protocol, are also ac-
counted for here.

The focus here is also set on the system as a whole and not at a component
level. All systems are moreover considered as steady-state, i.e. no dynamics
are included in this thesis. When analyzing the system and its important pa-
rameters, this has been carried out using parameter variations with snapshots
of different loads and conditions. Another limitation in this thesis is that no
optimization regarding plant configuration has been carried out.
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1.5 Thesis outline

This thesis has as its main target to illustrate the difficulties and possibilities
in designing and analyzing thermal power plants in a technical, economical and
environmentally-friendly way. To fulfill this target, the report is based on seven
papers, presenting a number of case studies, which are all summarized in Chap-
ter 9.

To put these papers in a context, the thesis starts off with a section of defi-
nitions of the fundamental concepts used within system analysis in Chapter 2.
In Chapter 3, an overview of the investigated methods and tools related to
thermodynamics in this thesis is given, starting with the traditional method
of energy analysis together with engineering economics. This section is then
followed by exergy and thermoeconomy analysis, and finally pinch analysis. In
Chapter 4 the two more environmentally orientated tools, Life Cycle Assessment
(LCA) and Exergetic Life Cycle Assessment (ELCA) are described. Finally the
data-driven method of Feed-Forward Neural Networks (FFNN) for process iden-
tification is surveyed in Chapter 5.

The objectives of this overview of methods and tools are to A) give a survey,
orientating the reader and B) provide a wide range of necessary literature in
the areas. Also a number of case studies are provided, revealing both typical
examples, as well as reality based cases with measurements from experimental
facilities and commercial plants. This provides the reader with data that might
not be accessible elsewhere, as well as examples of applications that are unique.
The overview of the methods and tools also includes experiences and solutions
for how to overcome common obstacles that the use of these tools involve.

In Chapter 6, a comprehensive overview of the synergy effects and addi-
tional values when combining two or more methods/tools are given. Finally in
Chapter 7 the conclusions of the work in this thesis are given, followed by the
suggested future work in Chapter 8.

The papers in this thesis are to be looked upon as case studies of the present
methods and are referred to in the thesis where relevant.





Chapter 2

Thermal System Analysis

System analysis includes both knowledge of the system and its closed-in parts
as well as the restrictions or boundary conditions that has to be considered. In
this chapter definitions of what a system and the modelling concept imply will
be made clear. Also a survey of the boundary condition, used further on, is
made. This procedure is carried out since the concepts defined here will be used
frequently later in this thesis.

2.1 General definition of a thermal system

By a system in this thesis, a thermodynamic system is considered, as for example
a thermal heat and power plant1. The thermodynamic system is according
to [16] ”a quantity of matter or a region in space chosen for study”. Outside
the system boundary is the surrounding, also called the environment, which has
a given temperature, pressure and composition, see Figure 2.1.

When performing heat and mass balance calculations for a thermal heat
and power plant, often the reference state is set to the surrounding, which is
represented by the standard atmosphere. The standard atmosphere according
to ISO 11 086 [46] has an air/cooling water temperature of 15◦C, a pressure of
101.3 kPa, and a relative humidity of 60%.

The system under consideration can either be closed or open, where the
former has no matter crossing the borders of the control volume, see Figure 2.2.
The system, open or closed, can be a stream/material, a single component, or
a number of components lumped together. It is only dependent on where the
system boundary is defined.

1The solid oxide fuel cell, which is a electrochemical device, is here included in thermal
systems since it is considered as one component in a thermal system

7
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Figure 2.1: A system in space (T : temperature, p: pressure, ni: molar compo-
sition).
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Figure 2.2: Closed and open system (Q̇: heat transfer, Ẇ : work, ṁ: mass flow).
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2.2 Thermal system modelling

Modelling is a widely used concept within the engineering field. In this section
the modelling concept is further explained and the definition, according to the
author’s opinion, is also given.

When modelling a whole system (components or scenarios), often a mathe-
matical model is built which purpose is to try to describe the real world in an
effective and sufficient way. The meaning of sufficient here is that the model
that is built should not be more complicated than needed to answer the problem
formulation. To be able to build a model on the whole, a priori knowledge of
the actual system is needed. Within the area of heat and power plant systems
under consideration in this thesis, thermodynamics is one of the major players.
Also knowledge of the characteristics of the components within the systems are
important. This is in order to make more accurate assumptions regarding, for
instance, behaviors of mass flows, heat transfer and reasonable temperature and
pressure levels.

Not only single components can be modelled, but also cycles containing a
number of components are of interest. These cycles can be both existing systems
or artificial systems not yet available on the market. In the case of an exist-
ing plant, the model is often developed for the design-point. This means that
the modelled components and geometries of the components are fixed. As an
example of these fixed parameters, consider a gas turbine. In the design-point,
the pressure ratio, π, and Combustor Outlet Temperature (COT) are fixed to
the state-of-the-art limits. In a non-existing system pre-design, nothing is fixed
from the beginning when the model is developed except the governing equa-
tions, such as the laws of thermodynamics. In this case a floating geometry is
considered, which for turbines often has the denomination rubber-turbine. Also
the number and order of components in the plant are not stated. This means
that the thermal system model can be altered until a satisfactory design has
been reached. Parameter studies of π, exhaust temperatures, etc. are often
done to find the ’optimum’ plant configuration as well as component structure,
i.e. one-, two- or three-spool gas turbines, tube- or plate heat exchangers, etc.
Whether the plant under investigation exists or not, simulations of the plant in
off-design or at different load conditions are carried out, as well as variation of
ambient conditions, to obtain the overall characteristics of the thermal system.

A common way to realize the modelling described above is to use a so-called
heat and mass balance program (HMBP). These types of programs foremost
utilize the energy equation and the equation of conservation of mass. Also ad-
ditional knowledge of component efficiencies, pressure losses, pinch points, heat
transfer coefficients, etc., are needed to get a model that describes the reality
as closely as possible.

The developed mathematical models can either be solved analytically or nu-
merically. They are both founded on the governing equations but to find a
solution different approximations have to be made. The analytical model in-
clude simplifications involving coefficients that are kept constant. This type of
approximation can in the end give a faulty solution, especially for cases outside
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the design-point. The numerical solutions are often formulated by expansions
of differentials of the governing equations. This kind of realization of the reality
naturally also involves errors, but they are easier to estimate [26].

Validation of any type of model, in the end, has to be done, where the
calculated parameters are compared and adjusted with respect to experimental,
measured data. However, it is important to acknowledge the fact that measured
data also contain errors of different magnitudes. These errors could be noise,
off-set of measurement probes, outliers, etc. To not consider these errors when
benchmarking a model would be irresponsible, and the resulting model would
not be a good generalization of the reality. This means that investigation and
pre-processing of data is a necessity and a measure that has to be included in
any model building when measurements are used for confirmation of a model.

2.3 Thermal system simulation

System simulation implies calculations with the developed mathematical model
for different scenarios and conditions. In the case of simulation of thermal heat
and power plants, different operation points are of interest and for example
different ambient conditions, fuel compositions and condensation temperatures.
Alteration of component characteristics and system configurations also are of
interest to simulate.

2.4 Definition of tools and methods

The expressions, tools and methods are often used arbitrarily and the difference
between the two are not always clear. As a simile of the difference, consider two
pieces of wood that are to be joint together. One practicable method of doing
this is to nail them together. The tools used in this case are then nails and a
hammer. To translate this to system analysis, a method could be energy analysis
and the tools to carry out the calculations in this case, are the thermodynamic
relationships and a computer.

2.5 Physical and data-driven methods

The methods used to analyze a thermal system differ in their implementation.
Some methods utilize governing equations, such as thermodynamic relationships
and fluid dynamics, while others utilize measured data to provide statistical
relationships. The former here are denominated physical methods, while the
latter are denominated data-driven methods. Examples of the two extremes are
heat and mass balance calculations as a physical method and artificial neural
networks as a data-driven method.
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2.6 Boundary conditions

When designing and analyzing a system such as a heat and power plant, there
are boundary conditions that have to be taken into account, see Figure 2.3.
These boundary conditions, technical, economical and environmental, are nec-
essary for a designer/analyst in order to be able to work within the scope of
demands created by the laws of physics and the society.
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Figure 2.3: Boundary conditions for the design of heat and power plants

2.6.1 Technical boundary conditions

The scope of Technology in Figure 2.3 comprises, among other things:

– structural mechanics with restrictions regarding material temperature,
stresses, etc,

– fluid dynamics with restrictions of flow velocities, fluid properties, etc.

– thermodynamic relationships that have to be fulfilled in order for the
system to function. This include all the laws of thermodynamics as well
as the state of equilibrium.

In this thesis the focus is put on the third paragraph, which are further developed
in Chapter 3.

2.6.2 Economical boundary conditions

The economical boundary conditions have as main goal to follow legislative
emission levels, and to make the system profitable for both the manufacturer
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and the utility company. Calculating the profitability of a system could be done
in many ways. The obvious economic parameters for utilities are investment
cost (further on also referred to as Total Capital Requirement, TCR), operation
and maintenance costs (O&M), and fuel costs. Other necessary parameters are
discount rate and pay-back time. These are the costs and parameters that are
usually used in an engineering economics calculation to approximate the cost of
heat and electricity produced by the system.

Additional important parameters are inflation, taxes, etc. Since fuel costs,
rates, inflation and taxes for the future can only be estimated, it is also im-
portant to carry out sensitivity analyses that can forecast the effects of various
scenarios. This task is, however, perhaps one of the most difficult, since they
are variables influenced not only by science but also by politics and the society.

2.6.3 Environmental boundary conditions

The third and final boundary condition discussed here restricting the design of a
thermal system is the environmental impact. Today more and more companies
are introducing environmental management systems according to the frame-
work of ISO 14 001. With this management system follows the requirement of
continuous improvement of the products and services that the company pro-
vides. For utilities that own thermal heat and power plants, this includes more
environmentally-friendly production of heat, power, chill and other products.
A purchase of a new plant to replace an old plant that has reached its lifetime
sets restrictions on the plant design. Some of the restrictive parameters are
emissions to air and water, and waste to ground, which all can be traced back
to materials, chemicals and fuels used to build and operate the plant.

Another important environmental constraint is the environmental politics
of the country or region where the thermal system is located. This legislative
factor is rather unsure however since environmental policies and environmental
taxes and fees change with time more or less rapidly. The environmental taxes
and fees are here regarded as environmental boundary conditions and not as
purely economical, since they depend on the fuels used and the emissions that
are discharged. Furthermore, the price of electrical certificates, introduced to
the Swedish electricity market in May 2003, and the future cost of allowances of
discharge of CO2-equivalents due to the Swedish ratification of the Kyoto Pro-
tocal, are also considered as environmental parameters, rather than economical.
A brief description of both these two latter ’environomic’ costs can be found in
Paper VII.

One interesting case study treating electrical certificates that ought to be
mentioned, to point out the impact that these types of political decisions can
entail, is the Master thesis carried out by Ahlmalm [1], which was co-supervised
by the author. Here a retrofitted steam turbine heat and power plant in Helsing-
borg, Sweden, was investigated regarding the impact on the fuel mixture, by the
introduction of electrical certificates. The CHP plant, which today can operate
as a stand-alone steam cycle or as a combined cycle with additional externally
steam production in the old boiler, has a fuel mixture of biomass and coal in
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the boiler and natural gas (or oil) in the gas turbine. In the study, a variation
was made of the price of electrical certificates and fuel, but also the Swedish
energy- and carbon dioxide-taxes were altered. To just mention the objective
of the involvement of these taxes, a suggestion of lowering these taxes for heat
production with fossil fuels when produced in a CHP plant, was proposed by
the Swedish government to place this production on a level with the taxes for
industrial back-pressure heat production, present in Sweden today2. With this
measure, the former high environmental taxes of heat production with fossil fu-
els would be lowered by 70%. This leads to the fact that a CHP plant owner has
to do a thorough economical study of the fuel mixture, since the introduction of
both these political measures would shift the former rules, whereby fossil fuels
are profitable for electricity production while bio-fuels are more economically
feasible for heat production. In the thesis by Ahlmalm [1], this sensitive anal-
ysis has been carried out showing the two fuels, coal and biomass, are varied,
together with the price of electrical certificates and the above mentioned taxes.
One of the surprising results in this study was that the use of coal was favored
compared with biomass. This is due to the fact that the lowering of the taxes
has a larger penetration than the electrical certificates. So, enforcing both these
measures simultaneously in order to introduce more environmentally-friendly
production of heat and power, is perhaps not the most carefully prepared sug-
gestion. This study, however, indicates that environmentally-related costs could
be decisive for both a long-term investment and for the planning of fuel purchase.

2.7 Analysis criteria

To summarize the thermal system analysis, it is clear that first of all the defini-
tion of the system has to be made, as well as the model structure used for both
modelling and simulation. When the system or system model is definite the
boundary conditions relevant to this specific system are chosen. It is, however,
a given that all three constraints have to be taken into account in a complete
system analysis.

In Figure 2.4, the connections between a real physical thermal system, the
system model, and the system simulation with the restrictions, i.e. the boundary
conditions, analysis tools, and simulation conditions are shown.
Depending on the nature of the system, there are a number of restrictions that
have to be accounted for in order for this system to be able operate at all. De-
pending on if there is an existing thermal system or just an artificial one, the
building of a model can be done in a number of ways. For all model building,
however, assumptions about the real system have to be done. If an existing
thermal system is at hand, measurements which can be useful for validation of
the mathematical model or for building the model itself should be available.
Before starting the model building, it is of most importance to have an objec-

2The proposition given by the Swedish Government for the year 2004 is; For the part of
the fuel, used for heat production in CHP plants, deductions can be made for the total energy
tax and for 79% of the carbon dioxide tax [88]
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Figure 2.4: Connection between a real thermal system, the model of this real
system, and the simulation of this system.

tive with the modelling before choosing what tool(s) to use. When the tool(s)
is chosen and the model has been built, it can be used to simulate the per-
formance of the thermal system. There are a number of operation conditions
that could be of interest to investigate, both to overview the characteristics of
the system but also to provide the model builder with information about the
general applicability of the model.



Chapter 3

Thermodynamic-Related
Methods and Tools

In this chapter and Chapters 4 and 5, the different methods and tools used for
pre-design and analysis of heat and power plants are surveyed, starting with a
historical overview. To substantiate the choice of methods and tools, decision-
making situations that a designer or analyst faces have to be investigated and
disentangled, which is done in section 3.2 and also to some extent in Chapter ??.

3.1 Historical overview

Throughout history, mankind has always tried to produce fire and work for their
benefit, starting with the combustion of wooden logs for light and heat, and later
also the production of work utilizing running water to power mill-wheels. Until
the 18th century, the efficiency of these water mills was of no concern since
the lack of power was taken care of by installing new wheels where available.
However, in the beginning of the 18th century a mathematician named An-
toine Parent put forward a theory of the effectiveness of the water mill, which
can be considered as a first attempt to model a power cycle [67]. This first
model turned out to be untrue and therefore inadequate, so new, more refined
theoretical models, as well as experimental models, were formulated and devel-
oped.

During the first part of the 19th century Sadi Carnot tried to theoretically
describe the efficiency of the steam engine, which had become a common ma-
chine to pump water out of iron mines. However, the relationship between heat
and work was at this time not obvious. Thus the general principle of energy
was proposed in the 1840’s by Carnot [67]. He earlier (1824) had published
his thesis on the reversible thermodynamic cycle called the Carnot cycle [67].
This is a fundamental thermodynamic cycle worth aiming at even today within
energy analysis of engines and thermal systems. The Carnot cycle is shown in
Figure 3.1.

15
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Figure 3.1: The Carnot cycle process scheme. [16].

The Carnot cycle is only a theoretical system, where the realization of the
reversible path without any losses could only take place at infinitesimal steps.
In practice it is impossible to create this type of reversible system. The losses
can only be minimized through improvement of the system components. The
Carnot efficiency is only dependent on the highest and lowest temperature of
the system as denoted in Equation (3.1). This efficiency is the upper limit
obtainable efficiency for a heat engine, operating between a high and a low
temperature reservoir [16].

ηth,Carnot =
QH −QL

QH
= 1 − TL

TH
(3.1)

The Brayton and the Rankine cycles, shown in Figure 3.2, A) and B) respec-
tively, are other fundamental cycles that are both very useful for the analyzes
of gas and steam cycles. They were both formulated during the 19th century
when the interaction between theory and practice had its breakthrough. The
Brayton cycle is named after George Brayton, who was a pioneer within the
development of internal combustion engines in the 1870’s [7]. This cycle config-
uration is today used as the ideal cycle for gas turbines. The thermal efficiency
of this cycle is calculated as shown in Equation (3.2).

ηth,Brayton =
wnet

qin
= 1 − qout

qin
= 1 − 1

p2
p1

(k−1)/k
(3.2)

In 1859 William John Rankine wrote the Manual of the steam engine and other
prime movers, where he introduced the Rankine cycle still used to model steam
cycles [15]. Rankine also introduced most of the expressions and terms used
within thermodynamics.
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Figure 3.2: Process schemes of a) the Brayton cycle and b) the Rankine cycle.

Modelling and analysis of power cycles are obviously not a new phenomenon,
but has existed for barely 300 years. The refinement of existing models and
development of the physical correlations have been generated over the years,
making the thermodynamical models of a system closer to reality. The intro-
duction of computers in the late 20th century has also made it possible to have
faster and more accurate model tools, such as heat and mass balance programs.

Advance of environmental issues

During the 20th century other modelling criteria have also appeared within the
world of modelling of thermal systems. Energy analysis is still a major player,
but also economics and environmental parameters have become more important.
The heat and power plants are not only supposed to function, they are also ex-
pected to be economically feasible, especially to a great extent in the second
half of the 20th century. Environmental issues have surfaced within the energy
market more and more over time, starting with the construction of taller and
taller flue stacks to divert the exhaust fumes containing pollutants and particles
away from cities and villages. In the end of the 1960’s the environmental impact
of sulphur dioxide, conducive to acidification, became a concern, especially in
Scandinavia. Since 1980, the emissions of sulphur dioxide have been decreasing
continuously both in Sweden and the rest of Europe. This is due to a number
of factors, where two examples of these are the ratification of the Helsinki Pro-
tocol1 in 1986 and the introduction of sulphur taxes in Sweden in 1991. The
sulphur tax is based on the sulphur content in the fuel. There is, however, a

1The Helsinki Protocol was developed within the framework of the UN convention on
Long-range Transboundary of Air Pollution, where the Protocol itself involves a Reduction of
Sulphur Emissions or their Transboundary Fluxes by at Least 30% compared to the levels of
the year 1980 [66]
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possibility to retrieve parts of this tax if the sulphur is cleaned out or bound in
ashes or products [66]. This taxation has contributed to a change to low-sulphur
fuels, but it has also contributing to the procurement of cleaning equipment.

In the beginning of the 1980’s, more and more focus was put on the emission
of nitrogen oxides, which conduces not only to acidification and eutrophica-
tion, but also photochemical ozone creation. In 1992 a fee for discharging of
nitrogen oxides at energy production was introduced in Sweden to reduce these
emissions [65]. This ’fee-system’ was formed considering the marginal costs for
cleaning the exhaust gases from nitrogen oxides. The fee should then be a cost
comparable to the higher region of the cleaning cost span. This fee only concerns
energy production in stationary units; those that pay a fee related to the amount
of useful energy produced. This means that if the NOx-level is kept low com-
pared to others in the community under obligation (≥25 GWh/a), a part of the
inpayment will be refunded [65]. Since NO (here referred to as NOx) is formed
due to three mechanisms, it is often divided into three categories; thermal, fuel
and prompt [63]. The formation of thermal NOx is temperature-dependent, i.e.
at high combustion temperature of a fuel the formation of NOx increases dra-
matically. Also carbon monoxide and unburned hydrocarbons (UHC) are highly
temperature-dependent, but in the opposite direction compared to that of ni-
trogen oxides. To have low emissions of NOx, CO and UHC is a real challenge,
especially at part-load, since the latter two are decreased at high temperatures
and sufficient residence time, i.e. opposite to the behavior of NOx formation.
This has to a large extent contributed to the research of combustion and the
design of combustors. Leaving the diffusion flame combustion for so-called low-
NOx burners, where the fuel and air are premixed, has substantially lowered the
NOx emissions from industrial gas turbines. Other technology measures have
been the introduction of recirculation of exhaust gases, combustor bypass, and
altering of the inlet guide vanes (IGV)2 for one-shaft gas turbines, increasing
the firing temperature and thereby lowering the emissions of CO and UHC.

Since the late 1980’s global warming surfaced as the major environmen-
tal concern and this environmental issue is, as the name indicates, a global
problem and not of the local/regional type like acidification and eutrophica-
tion. The gaseous species that are influencing the global warming, also called
GreenHouse gases (GHG), are CO2, CH4, N2O, HFCs, PFCs, and SF6. As
this environmental issue drew more and more attention, the Intergovernmental
Panel of Climate Change (IPCC) was established in 1988 by the World Meteoro-
logical Organization (WMO) and the United Nations Environment Programme
(UNEP) [44]. In 1992 the United Nations Conference on Environment and De-
velopment (UNCED), also called the ’Earth summit’, was held in Rio de Janeiro,
Brazil, where, among other things, ’The Rio Declaration’ was signed [84]. This
declaration is a statement of principals regarding the climate change. The mea-
sures mentioned in The Rio Declaration, however, were shown to not be enough
to accomplish the mitigation of the climate change – a legally binding docu-

2The inlet guide vanes are the first stator row in a compressor and by altering these, more
or less air can enter the compressor.
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ment was required. This lead to the formulation of the Kyoto Protocol, and
the first version of this was available in 1997. [100]. It is by this Protocol that
the countries (who have ratified it) operate, and it is here the decrease in GHG
emissions, related to the levels in 1990, are stated for each country3. For this
Protocol to be legally binding, at least 55 of the countries have to ratify it and
the total amount of GHG emissions that these countries are responsible for has
to be at least 55% [84]. The Kyoto Protocol states three flexible mechanisms
to be used to carry out the reduction of GHG discharged to the atmosphere.
These mechanisms are Emissions trading, Joint Implementation (JI) and Clean
Development Mechanism (CDM). These mechanisms should be considered as
supplementary means to the domestic measures for achieving the commitments
under the Kyoto Protocol. The mechanism for which most attention has been
given until now, is the emissions trading of allowances. As an example of ac-
tions taken for this mechanism, the framework prepared in the European Union
(EU) is suitable. In the EU a ’burden sharing agreement’ has been developed,
assigning each country a commitment of decreasing GHG emissions by a certain
amount. By the period 2008–2012 the EU is to lower its total emissions by
8% compared to the level in 1990. This naturally put pressure on the energy
market (heat and power production) as well as electricity intensive industries
(pulp- and paper industries, metal industries, and mineral industries), which
are the business areas involved in the first phase between 2008–2012.

3.2 Common decision-making situations

The decision-making situations differs depending on the party, that is the ana-
lyst. If the analyst is part of a utility company, low cost and good efficiency or
fuel utilization is of interest. Also the reliability and availability of the system
is of vital importance since many western countries today have some sort of
deregulated electricity market, thus making these two factors of importance for
the power plant owner [36].

The first question to be asked is what product or products are demanded
on the market, and then consider what available systems that can provide these
demands. Within the Swedish energy market, the two largest products would
be electricity and heat, but also chill, steam and mechanical drive might be of
interest. These demanded products could be obtained through purchasing or
constructing new equipment, by a retrofit of an already existing plant, or by pur-
chasing the product from another producer. In any case, some kind of analysis
of the conceivable plant configuration has to be made in order to find a suitable
design and potential manufacturers. The available alternatives become visible,
but in order to be able to choose the one plant or component, restrictions such
as economy and environmental conditions have to be investigated. For instance
if a CHP plant is of interest, parameters such as investment cost, O&M costs,
fuel price, taxes, etc., all have to be taken into account to make a sharp and

3The countries that have to decrease their GHG emissions are Annex I-countries, i.e. OECD
countries and the former Eastern European states
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long-term investment. Environmental policies and local decisions from the com-
munity also should be considered carefully before the final purchase and erection
of the plant. As mentioned earlier, the deregulated electricity market requires
highly profitable plants, but the availability and reliability of the plant is also
of great importance since a low-risk investment is desirable. It might be better
to invest in a less efficient power plant if the operation is more reliable than
to strive for an extra percentage point in efficiency with a more insecure power
process, which might not have the same reliability as a more robust system.
Also the question about fuel flexibility should be taken into consideration.

As can be seen in Paper VII, political decisions such as taxes related to fuels,
electrical certificates (green certificates), etc., could increase the total electricity
production cost far more than fuel price fluctuations. So, by having a system
that can utilize different types of fuels, both fossil and renewable, a major ad-
vantage over a plant that has one fixed type of fuel is obtained.

The final consideration is investigation of any accompanying benefits with
the purchase. These could be condition monitoring systems and O&M ser-
vice agreements. Good service agreements might strengthen the reliability and
availability of the plant. To also have an accurate and advisable monitoring and
diagnosis system might lower O&M costs since major failures can be avoided
and conditioned based maintenance can be employed instead of a time scheduled
maintenance. The latter may cause unnecessary shut-downs and unnecessary
replacement of parts in the plant.

If all these questions are taken under consideration before analyzing and
purchasing a power plant or parts for retrofitting an existing plant, unnecessary
costs and impacts on the environment can be avoided. The whole line of action
for the purchaser, as described, is depicted in Figure 3.3 with a suggestion of
when the different methods are useful in the decision-making process. The flow
sheet in Figure 3.3 is not carried out straight-forwardly. It should be looked
upon as an iterative process where technical, economical and environmental is-
sues all have to be considered. All of these elements should also be introduced as
early as possible in the design or analysis process, so that a long-term proposal
for investing is made. The frame that surrounds the analysis stage in Figure 3.3
has been marked with double lines to show that this stage is very important.
The work and content of this box can be done in a number of ways. In the
following chapters, 3–5, different methods used for modelling and analysis of
power plants are briefly presented to see what questions that can be answered
with each method, respectively. Also in the discussion and conclusions, last in
this chapter, the information-flow of each method or tool is discussed as well as
the matureness and objectivity of each method/tool.

Just to sort out what issues a system analyst ought to consider to cover most
aspects on the energy market of today, the following list has been formulated:
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Figure 3.3: Scheme of a decision-making situation for utilities considering pro-
duction of heat, power, chill, compressed medium, and/or mechanical work
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• What alternatives exist – configuration and fuel

– traditional/innovative cycles

– fossil/renewable fuels

• Which alternatives are feasible according to the law and/or policies

• Which of these working alternatives are the most technically efficient

– thermal/electrical efficiency

– fuel utilization

• Which alternatives are the most profitable regarding;

– investment cost

– O&M cost

– fuel price

– environomic parameters such as electrical certificates, allowances
for discharge of CO2 emissions

– taxes

– etc.

• Which alternatives have the least environmental impact

– emission levels

– environmental impact from ’cradle-to-grave’

3.3 Energy analysis and engineering economics

Energy analysis of heat and power cycles are today the most common way of
evaluating thermal systems regarding, for instance, fuel utilization and electrical
efficiency. Numerous textbooks and papers from journals and conferences, have
been published within this area. If a single most influential scientist were to
be selected as a major contributor to systematic and thorough energy analysis,
Traupel [93] would be the choice of the author since he was one of the first
to systemize technical analyses. Throughout the whole 20th century, energy
analysis matured and is today considered a well-established tool to evaluate
thermal systems.

Energy analysis is founded on the first law of thermodynamics, and together
with the continuity equation over the system and its components, this type of
analysis becomes a powerful method. The major aim of an energy analysis is to
optimize the thermal efficiency of a system. Depending on operation plans for
the thermal power plant, not only the design point is of interest. Also off-design
characteristics could be of importance if the plant is not operated in optimal
conditions or at full-load. Either way, good knowledge about the components
included in the system is required and an optimum layout of the plant is of
course desirable.
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Energy analyses are today often carried out with HMBPs. However, before
the access to computers, these types of calculations had to be carried out by
hand. Instead of softwares and databases, tables and diagrams were used to
solve the balances. At the arrival of computers on a broad market, more or
less detailed HMBPs were developed. These programs gave the designer or
analyst an opportunity to vary plant configurations regarding what components
to include in the system, as well as the possibility to evaluate the parameters
and variables set or calculated for the component/system. The HMBPs are
discussed further in the section below.

The realization of an energy analysis can be done in many different ways.
However, it is always important to set up the goal and the limitations of the
problem at hand. For instance, in the Papers II and IV, the overall cycle is
considered rather than the specific components. This leads to the requirement of
well-reasoned assumptions of parameters, such as heat exchanger effectiveness,
compressor and turbine efficiencies, and ambient conditions, found in literature
and by conversations with manufacturers. In Paper IV only the design point
was considered and the cycles operated at full load. This choice was made since
the comparison of the cycles was performed with a number of different tools,
and the comparison of the results obtained with all these tools was the objective.
The objective of an energy analysis could, on the other hand, be to optimize
the cycle or to investigate the characteristics of the cycle and its components
for off-design and for operation at part-load.

3.3.1 Heat and mass balance programs

HMBPs can either be commercial software packages, in-house coded, or software
designed and distributed by the manufacturer of the power plant. The commer-
cial softwares were originally developed for a certain application, for example
chemical processes, steam cycles, engines, etc., which has lead to a diversity
in the number of available components and the wealth of details in different
programs [4, 38]. These commercially available packages are also limited in the
way that they could for example lack detailed compressor and turbine maps of
available engines on the market. To solve this, a type of standard maps could
be implemented to calculate off-design. If an HMBP is delivered with a power
process for the purpose of being used for monitoring and diagnosis, the process
manufacturer could include the engine and process characteristics with a great
wealth of details.

For utilities or for other third party analysts, the commercially available
softwares are at hand for designing or analyzing different processes. The ma-
jor difference among these HMBPs, except the available components and their
wealth of detail, is the way they carry out the calculations. There are three dif-
ferent ways of calculating the heat and mass balances; sequentially, simultaneous
equation solving, and a combination of the two called semi-parallel method [4,6].
In general terms it could be said that the sequential method calculates one
component (module) at a time, working its way through the whole series of
components within the cycle. In the simultaneous equation solving method,
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all equations of all the components in the cycle are solved simultaneously after
being gathered in a matrix. The advantages and disadvantages of these two
methods, respectively, are that the sequentially modular program is easier to
program, but problems can occur when recirculated flows are present [4,6]. The
simultaneous equation solving method, on the other hand, has no problem with
recirculated flows. However, ’good’ initial values are required, as well as a suf-
ficient amount of memory for the matrix [4,6], where the latter probably is not
a problem today.

The development of HMBPs and their fields of application have escalated
since the beginning of 1980, and in Figure 3.4 it can be seen that a peak of
software development can be found in the mid-eighties when the computers be-
came more available to the users. The HMBPs mentioned in Figure 3.4 are still
available today with continuous development.
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Figure 3.4: The development of commercial HMBPs over the years (data recov-
ered from [38].

Besides the development of functional programs, user-friendliness and general-
ity of the component libraries have also been improved. The latest develop-
ment within commercial HMBPs has been to include or add additional analysis
methods, for example pinch and exergy analysis. Also optimization tools and
economic evaluation tools for components and cycles are highly desirable today.
As an example of this development, an EU-project GT-POM, partly carried
out at the Department of Heat and Power Engineering, Lund Institute of Tech-
nology4, involves optimization of processes with genetic algorithms regarding
detailed thermodynamic performance characteristics and detailed life cost eval-

4Other participants in this EU-project (under the ’ENERGY’ Programme) were Rolls-
Royce Power Engineering, Alstom Gas Turbines Ltd., Alstom AB, Simtech Simulation Tech-
nology, Energie E2, University of Genova, and University of Newcastle upon Tyne.
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uations. This has evolved into the development of a tool called ’PSEconomy’,
which can be integrated with the existing HMBP, IPSEpro.

3.3.2 Engineering economics

Economic calculations, including investment costs, O&M costs, and fuel costs
are here denominated as engineering economics. This is the tool that, together
with energy analysis, has the largest impact on the final choice in a decision-
making situation today. As any other production process, thermal systems have
to be profitable in order for utility companies or other owners to stay in business.

Production cost calculation

One way of performing an economical evaluation of a system is to simply include
the investment cost, fixed and variable O&M costs, and the fuel cost, which is
done for the cost of electricity ($US/MWhel) in equation (3.3) [51].

Yel =
TCR · ψ
P · Teq

+
YF

η
+

Ufix

P · Teq
+ uvar (3.3)

ψ =
z

1 − (1 + z)−n

TCR denotes the total capital requirement, ψ (-) is the annuity factor with z and
n representing the discount rate (%/a) and amortization period (a). P is the
power output (MW), Teq the equivalent utilization time (h), and η the average
plant efficiency (-). Finally the O&M costs (fixed and variable) are written as
Ufix ($US/a) and uvar ($US/MWhel), and the fuel price as YF ($US/MWhF ).

The parameters that are necessary to estimate but also difficult to predict
for future scenarios, are the fuel price and the discount rate. Also the avail-
ability, and thereby the equivalent utilization time, is a parameter that highly
influences the final electricity production cost. The O&M costs, however, have
a minor economical influence compared to fuel costs, and a value of approxi-
mately 10% of the final production cost is mentioned in Kehlhofer [51]. This
figure could, however, differ depending on which cycle configuration that is of
interest, and what fuel that is used. In a paper by Wiese et al. [103], which
deals with biomass-fuelled power plants, the O&M costs are closer to 25%

Investigating equation (3.3) further leads to the conclusion that a sensitivity
analysis has to be carried out varying the three parameters, YF , z, and Teq, in
order to get a long-term investment. In Figures 3.5 and 3.6, electricity produc-
tion cost surfaces are shown for both a simple gas turbine (GT) process and
a combined cycle (CC) configuration containing the same GT. The variation
of the fuel price of natural gas, which both cycles utilize as fuel, are collected
from both British Petroleum and an energy outlook by the European Commis-
sion [14, 32]. It is of course always difficult to forecast future fuel prices, which
makes this variable perfect for a sensitivity analysis. In this thesis natural gas
is considered as a regional fuel and the fuel price is varied by utilizing European
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fuel prices. The discount rate is an economic parameter that is often assumed to
have a value around 8–10% [18,83]. In the example, a variation between 4–14%
of the discount rate is carried out. Regarding the equivalent utilization time of
the process, this variable could both describe the availability of the system, and
the load at which the plant is operated. At a base-load mode, there are very few
start-ups and shut-downs of the system, which is more lenient on the cycle, than
if it is operated as a for peak-load plant. In the thesis by Genrup [37] there is a
description of the equivalent time consumption that start-ups and shut-downs
involve. Therefore, to vary Teq is of interest to understand how the operation
of the system influences the electricity production cost. Note that the axes in
Figures 3.5 and 3.6 are different and of different scale.
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Figure 3.5: The electricity production cost as a function of the discount rate
and the fuel price, reference Teq = 8000 h (simple GT cycle to the left and CC
to the right).

Comparing the simple GT and the CC in Figure 3.5, it can be seen that the CC
in general is more economical than the simple GT when the discount rate and the
fuel price are varied. In the case when the equivalent utilization time is varied,
i.e. in Figure 3.6, the electricity production cost for the CC increases beyond
the GT at a high discount rate and low equivalent time. This is due to the
higher TCR for the CC, which makes this type of cycle less attractive for peak-
load operation for example. This is, however, obvious when just considering the
CC technically. Since this thermal system includes a Rankine cycle involving
heating of water, the time aspect of starting the process is too long for a sudden
peak-shaving situation.
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Figure 3.6: The electricity production cost as a function of the discount rate
and the equivalent utilization time, reference YF = 14 $US/MWhF (simple GT
cycle to the left and CC to the right).

Performance degradation and economy

In the economic reasoning above, an assumption made is that the power plant
is operated at design-point with no disturbance in the operation. Nothing is
said about degradation of the plant which would change the average efficiency
of it. Since the plant will not remain ’new-and-clean’ its entire lifetime, this has
to be accounted for if a more detailed economic evaluation is carried out. As
an example, compressor degradation in a plant containing a gas turbine can be
discussed. During the lifetime of a gas turbine the compressor will continuously
become more and more fouled from fine particles and salt in the entering air.
Most particles are trapped in the air filter located in the air intake, but some
will always find their way to the compressor blades. This deposit will degrade
the compressor over time and eventually it has to be cleaned. During this
time of degradation the compressor efficiency decreases as does the amount of
through-flowing air, requiring more work input and thereby also increased fuel
consumption. The operation cost will therefore increase with operation time
in the form of a higher fuel flow, which results in greater fuel cost. The net
power output of the engine will also decrease since more work is delivered to the
compressor instead of to the generator. This results in an increasing production
cost over time since all terms except the last one in equation (3.3) are affected.

There could be a number of other economical sensitivity analyses carried out
utilizing other variables. Variables such as inflation, taxes and insurance fees
are for instance not considered in this thesis.
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Cost scaling

When considering available technology regarding commercial gas turbines and
combined cycles, the investment costs of the equipment are often known or could
be estimated by manufacturers. However, when considering an innovative cycle
there could be difficulties to assess the costs of its different components. There
are a number of scaling methods that can be used for estimation of costs for
different components described in the literature [10,40,70,99]. All these scaling
methods comprise scaling exponents for differences in the size of components
and cost indices to indicate the inflation between the costs of components to
bring them to the same reference year. In Paper IV a scaling was carried
out for some components utilizing the exponents provided in Bejan [10]. This
measure was only done for the components whose approximate costs were not
known to the author. Some of the cost indices available for cost estimation are
the Marshall and Swift (M&S) Equipment Cost Index (recommended for single
equipment items) and the Chemical Engineering (CE) Index (recommended for
total plants) [10]. The use of the scaling and the cost indices gives the analyst
a good first approximation of the final cost of the plant or components under
consideration. In equations (3.4) and (3.5) the scaling method and the cost
index method to calculate the costs are shown [10].

CPE,Y = CPE,W ·
(
XY

XW

)α

(3.4)

Cref.year = Coriginal ·
(

Cost index for the reference year
cost index for the original year

)
(3.5)

The prerequisite of both equations above is that they require the cost, C, of
the original component or plant (subscripts PE,W and original) to calculate
the cost of the present component at the reference year (subscripts PE,Y and
ref.year)5. Another method used to calculate the present cost of components is
the one used in [49] where an economic indicator, dependent on the manufac-
turing country, is used to predict the costs of components hereby eliminating
the exchange rate dependency present in analyses.

The realization of the economic analyses in Papers IV and VII involved es-
timation of the investment and O&M costs. To make these estimations of the
different thermal systems without any vendor quotations, primarily literature
was used along with personal contact with owners and manufacturers of sim-
ilar plants. The values found in the literature and obtained by owners were,
however, not always provided in equivalent currencies and reference year. This
naturally had to be considered and a ’translation’ to present value or a value of
a reference year was carried out. In Paper VII, the investment cost for the CC
was based only on the component costs provided by literature. This means that
the costs for erection, site infrastructure, auxiliary systems, and civil costs were
not considered in this case. This is of course a shortcoming since these elements

5The M&S Equipment Cost Indices and the CE Indices can both be found in the Chemical
Engineering Magazine.
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are not negligible. According to Kehlhofer et al. [51], these elements represent
approximately 50% in a CC. Adding this cost to the calculations carried out
in Paper VII would shift the CC risk window parallel and upwards by the ap-
proximately 3$US/MWhe. This, however, does not change the results nor the
conclusions noticeably.

In Paper VII, also the environmental costs of allowances for discharge of CO2

emissions (emission trading situation according to the Kyoto Protocol) and the
receipts from trading with electrical certificates were included. This means that
equation (3.3) had to extended with these terms, see equation (3.6).

Yel =
TCR · ψ
P · Teq

+
YF

η
+

Ufix

P · Teq
+ uvar + a · CCO2A− b · ECP (3.6)

Here a denotes the amount of CO2 emissions that are discharged (ton/MWhel),
while the b is the estimated percentage of bio-fuel used in the fuel mixture to
produce the electricity. CCO2A represents the cost of CO2 allowances and ECP
is the price of the electrical certificates.

In both Papers IV and VII, nothing is said about the electricity price on the
electricity market. This is of course an important parameter to consider in a
deregulated electricity market. In the papers by Sundberg et al. [85,86] this has
been included in the model when comparing different plants with each other.
Relating the fuel costs of different fuels, the electricity price, and other economic
parameters, an operational planning can be estimated to produce electricity with
the most profitable plants at the most favorable time on the market.

3.4 Exergy analysis and thermoeconomics

The second ’team’ of methods and tools are exergy analysis and thermoeco-
nomics, which are further described in sections 3.4.1 and 3.4.2, respectively.
Exergy, also known as availability or potential energy, is founded on the second
law of thermodynamics. It is used to calculate the amount of energy present in
a matter that is feasible to be turned into useful work. This means that exergy
is a measure of energy quality as well as quantity. Exergy also differs from
energy in the way that it can be destroyed or consumed, which is not the case
for energy. Energy is, as stated in the first law of thermodynamics, conserved
in the same way as mass.

Thermoeconomics is a combination of exergy analysis and traditional eco-
nomics. This type of economics can be useful when the costs of the irreversibili-
ties are to be estimated as well as the production costs of the different products
produced by the system.

3.4.1 Exergy analysis

The word exergy first occurred in 1953 when Rant proposed this name, recom-
mended by Plank as the internationally accepted name for availability, poten-
tial energy, etc. [92]. The method and philosophy behind exergy, however, was
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present long before it got it’s name. The availability concept originates from
the description of reversibility by Carnot and the formulation of the second law
of thermodynamics. The latter was formulated by Clausius, who introduced the
entropy concept, and Planck, who connected this second law with the reversibil-
ity concept [92].

The method of exergy analysis has been struggling for acceptance during
the entire 20th century compared to energy analysis. One of the major draw-
backs with this analysis method is that a reference state and reference species
are needed. The reference state is that state at which the environment is at
equilibrium regarding temperature, T0, pressure, p0 and chemical composition,
ni. The environment is considered as a large reservoir which is not influenced
by the considered system, see Figure 3.7.
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Figure 3.7: Surrounding, immediate surrounding and environment as defined in
exergy analysis.

Reference state

By relating the system and its incoming and outgoing flows to the environment,
exergy values and exergy destruction can be estimated. The difficulty here
is to have a reference state that reflects the environment in an accurate or
at least average way. Different reference states have been suggested over the
years, but the state recommended by Ahrendts [2] and Szargut [90] is the most
frequently used today. This reference state is divided into three reference areas;
the atmosphere for gases, the ocean for liquids and a small layer of the earth’s
crust for solids. The reference temperature and pressure that have been chosen
for the standard reference state, and for which chemical exergy for different
species are tabulated, are temperature T0 of 298.15 K, and pressure p0 of 1 atm
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[10, 90]. At this reference state the standard entropy, S0, and enthalpy, H0,
can be calculated for each substance or mixture. According to the third law of
thermodynamics [22] p. 34:

There exists a lower limit to the temperature that can be attained by
matter, called the absolute zero of temperature, and the entropy of
all substances is the same at that temperature.

This same value of entropy at absolute zero is 0 kJ/kg·K. It is this state (abso-
lute zero) that S0 and H0 are related to, and they are calculated according to
equations (3.7) and (3.8).

S0 = S|p =
∫ T0

0

Cp

T
dT (3.7)

H0 = H|p =
∫ T0

0

CpdT (3.8)

The polynomials for the specific heat, Cp, can be found in handbooks and public
databases, for example in [64,71]. Since the integration of these polynomials only
gives the trend of S0 and H0 for different reference temperatures, polynomials
for S0 and H0 have to be located. In both [10] and [64] these polynomials
are presented, but only for temperatures ranging from 298 K and above (to
limited temperatures). If a lower reference temperature than 298 K is needed,
corrections have to be made to S0 and H0. This could be the case for instance,
when heat and mass balance programs are used where reference temperatures
of 273.15 K and 288.15 K are common for different gases and media. However,
if the standard reference state is utilized during calculations, tabulated values
can be used.

Exergy values of flows and matter

Leaving the details of the reference state, it is now of interest to know how to
calculate the exergy values of streams and matter. As mentioned earlier, the
exergy is a value that is related to the environment. It is defined as the maximum
useful work that can be obtained, i.e. no entropy generation is present to lower
the work output. Exergy is commonly divided into four terms; a physical PH,
a kinetic KN , a potential PT , and a chemical CH, see equation (3.9).

E = EPH + EKN +EPT + ECH (3.9)

Often as the case when performing energy analyses of heat and power plants,
the kinetic and the potential terms are neglected. This is also the case for most
exergy analyses, including the one carried out in Paper IV.

The physical exergy is calculated according to equation (3.10) and the chem-
ical exergy as shown in equation (3.11).

EPH = (U − U0) + p0(V − V0) − T0(S − S0) (3.10)
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ECH =
∑

ni(µi − µi0) (3.11)

The exergy for system considered in this thesis is then calculated as in equa-
tion (3.12).

E = (U − U0) + p0(V − V0) − T0(S − S0) +
∑

ni(µi − µi0) (3.12)

The subscript 0 denotes the reference state. The derivation of these equations
omitted here, but could be found for instance in the text books by Bejan et
al. [10] and Szargut [90], or in the report of Wall [102]. The realization of this
derivation, however, is to consider the system of interest and the environment
as a closed, combined system with work and heat interaction between them.
By inserting the equations for reversible work and reversible heat in the energy
equation and then maximizing the work, i.e. setting the entropy generation to
zero, the total exergy of a matter or flow is attainable.

Depending on which matter that is of interest (gaseous, liquid or solid),
the chemical exergy term can be rewritten to result in more simple forms. For
gaseous species, the ideal gas relationship can be used. However, these deriva-
tions are not shown here, see [10,22,90]. It is of interest however, to know that
the standard chemical exergies of species are tabulated on a molar- or mass-
basis [10,90].

Within the work of exergy analysis of heat and power plants, numerous in-
vestigations have been carried out over the years. Some of the applications
that have been analyzed with this method are gas turbines and combined cy-
cles [17, 27, 28, 33, 43], Evaporative Gas Turbines (EvGT, also known as humid
air turbine, HAT) [47,48], and steam cycles [23]. In all cases the black-box ap-
proach has been used. The parameters that are of interest when performing an
exergy analysis are not the exergy values themselves. It is the exergy loss and
exergy destruction that each component brings about that is of most interest.
This is due to the fact that these factors are what informs the analyst of which
component(s) has(have) the greatest potential for improvement. The exergy
loss and the exergy destruction are derived by setting up an exergy balance
around the control volume. Consider a system at steady state with an inlet, i,
and an outlet, e, which is not reversible, in equation (3.13).

Ėi − Ėe = ĖD + ĖL (3.13)

The subscripts D and L denote destruction and loss, respectively. If the system
or component were to be reversible, the exergy destruction and exergy loss would
equal zero. In actual processes, however, one or both of those will be present
and give a measure of the inefficiency of the component or system. Both heat
transfer to the environment and friction within the system are two common
factors that contribute to exergy losses and destruction. Each component has
a different goal; for example the turbine has a goal to produce work and a heat
exchanger is supposed to transfer heat between two media. By investigating each
component regarding product and fuel, the exergy destruction and loss can be
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obtained. This inevitably leads to the formulation of the exergetic efficiency, ε6,
which is the exergy product divided by the fuel exergy, see equation (3.14).

ε =
ĖP

ĖF

= 1 − ĖD + ĖL

ĖF

(3.14)

The exergy values of each stream or matter entering and leaving the system
boundary are calculated according to equation (3.12).
By the utilization of the equations to calculate exergy values and the exergetic
efficiency, irreversibilities within the system and the components can be estab-
lished. This gives the designer or the analyst a tool to suggest improvements of
the power-plant configuration regarding the pre-design of new plants or when
a retrofit is the question at hand. In the next section Thermoeconomics, the
implementation of economics within exergy analysis, is discussed.

3.4.2 Thermoeconomics

Thermoeconomics, also called exergoeconomics, is the combination of exergy
and conventional economics. One of the purposes of this method is to be able
to distinguish between production costs of different products, e.g. cogeneration
of both heat and power. It is also used for the evaluation of cost streams and the
cost of exergy destruction for individual components or the system as a whole.
The major idea of thermoeconomics is well described by Bejan et al. ( [10],
p. 407):

Indeed, thermoeconomics rests on the notion that exergy is the only
rational basis for assigning costs to the interactions that a thermal
system experiences with its surroundings and to the sources of inef-
ficiencies within it.

This means that every commodity is produced by a matter that has an exergy
value, which can be utilized in a more or less irreversible way. There should
therefore be a cost associated with this irreversibility that is assigned to the
product.

The thermoeconomic cost balance is formulated in the same way as the ex-
ergy balance with an addition of investment and O&M costs. In equation (3.15)
this balance is shown, with a rewriting in equations (3.16) and (3.17) in the
form of summation of flows over an arbitrary component k [10],

ĊP,tot = ĊF,tot + ŻCI
tot + ŻOM

tot (3.15)∑
e

Ċe,k + Ċw,k = Ċq,k +
∑

i

Ċi,k + Żk (3.16)

∑
e

(ceĖe)k + cw,kẆk = cq,kĖq,k +
∑

i

(ciĖi)k + Żk (3.17)

6Often also denoted as ηII .



34 Thermodynamic-Related Methods and Tools

where Ċ denotes the cost flow, Ż cost flows coupled to capital investments
(superscript CI) and O&M costs (superscript OM). The lower-case letter c is
the cost flow per unit exergy, associated to Ċ. By setting up this thermoeconomy
balance around each component or the system as a whole, the costs of the flows
and the product(s) are estimated. However, often auxiliary equations are needed
to be able to solve the balance since the cost rates, ci:s, are not known. To give
an example of the difficulties that arise during a thermoeconomic analysis, an
example by Bejan et al. [10] is chosen, see Figure 3.8.
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Figure 3.8: Example of a cogeneration system used for thermoeconomic calcu-
lations [10], p. 413.

To solve the cost balance in equation (3.17), it has to be established what prod-
uct each component delivers. In this case, the turbine of course has the objective
to produce work, while the boiler has the objective to produce the high pressure
(HP) steam. These are the flows for which the fuel and investment costs are
divided. The assumptions made in this example are that the exergy analysis
has already been carried out, which means that the exergy rates are known.
Also the cost rate, c1, of the entering flow is known from calculations of the
component upstream of the boiler. Finally the investment and O&M costs of
the two components, Ż, are considered to be known from the prior economic
investment assessment. The unknowns are the cost rates for the HP steam (2),
the effluents (3), the work (Ẇ ) and the LP steam (4). Regarding the effluents,
the cost of the fuel (the incoming stream (1)) is assigned entirely to the product
(HP steam) which gives the value of c3 = 0 [10]. For the turbine, both the
cost of unit exergy for the LP steam and the work are unknown, which leads
to the conclusion that an auxiliary relationship is required. Since no exergy is
added to the turbine except the incoming stream, the cost per exergy unit of
the outgoing stream is set equal to the incoming stream, i.e. c4 = c2 [10].

In the textbook by Bejan et al. [10], auxiliary equations of the most com-
mon components in heat and power plants are displayed and by using the same
method as in the example above, any system can be evaluated with thermoe-
conomics. For streams (e.g. heat and matter) leaving the system, not in equi-
librium with the environment, a loss is generated which also carries exergy and
thereby a monetary cost. This loss could be modelled in different ways, but the



3.4 Exergy analysis and thermoeconomics 35

method recommended by Bejan et al. [10] is to look at this monetary loss as it
has to be covered by additional fuel, i.e. it is related to the fuel cost per unit
exergy.

Depending on the aggregation level of the problem at hand, different product
costs are achieved. If the entire system is looked upon as a black box, it is not
possible to distinguish between the production costs of the generated products.
It is also not possible to recognize which component involves monetary losses.
It is therefore desirable to keep the aggregation level at a component level and
not at a system level.

In Paper IV, both a humid cycle and a combined cycle have been analyzed
with exergy and thermoeconomy analysis. Since these systems contain a num-
ber of components, a rather large scheme of exergy and cost flows have to be
generated. Doing these calculations by hand would be quite a task to carry
out. In the paper, the exergy analysis has been carried out by the use of the
heat and mass balance program IPSEpro�, which has been modified by the in-
troduction of reference-state parameters and chemical exergies. The equations
used for the calculation of the exergies have also been implemented. These
exergy values have then been used in the thermoeconomic analysis, together
with the estimated investment and O&M costs to attain the cost flows per unit
exergy, which are the unknown parameters. The investment costs have to be
given at the same level as the aggregation level of the components and this can
bring difficulties into the calculations. As an example, consider the gas turbine,
which is divided into a compressor, a combustion chamber, an expander and a
generator. The investment costs of these parts are hardly ever obtained. What
is present is the total cost of the gas turbine as a whole. This total cost then has
to be divided in an equitable way to represent the real cost distribution among
the components. The distribution of costs used in Paper IV are presented in
Table 5 and the estimations have been done utilizing the calculated investment
costs as well as estimations provided by manufacturers in cases such as the gas
turbine.

By setting up the equations around each component in a matrix format in
Excel, the entire calculation can be solved simultaneously by matrix inversion,
see equation (8) in Paper IV. As can be seen from the exergetic and thermoeco-
nomic results in Paper IV, the combustion chamber is the component that has
the major exergy destruction, and therefore also contributes to the largest cost
destruction. This is also the case in the papers published by Tsatsaronis et al.
and Cziesla et al. [21,95–97].

However, in the papers [21,97,98] an interesting discussion of avoidable and
unavoidable exergy destructions and investment costs is held. Considering a
combustor that has a first law efficiency of 95–99%, how is it possible for this
component to be so inefficient in an exergy analysis? One of the answers to
this is material limitations regarding temperature. Since the metal temperature
in the combustion chamber has to be well below the high firing temperatures,
cooling is required, which naturally introduces irreversibilities. However, these
cannot be entirely avoided since the component would melt rapidly. This also
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applies for other components, so to be fair in an exergy analysis, the exergy
destruction should be split up into an avoidable and an unavoidable part and
then be ranked thereafter.

In section 3.6 a summary of the information provided by both exergy analy-
sis and thermoeconomy are presented. The final tool presented in this Chapter,
which will follow next, is Pinch Analysis.

3.5 Pinch Analysis

Pinch analysis has not been used to a great extent by the author, so the survey
of this tool will be done very briefly for a completion of the survey of tools.

Pinch analysis appeared in the late 1970’s as a tool used for optimizing heat
exchanger networks (HENS) [39,82]. A goal with this tool is to be able to inte-
grate intermediate temperature flows in the best possible way in order to lower
external cooling and heating. Pinch technology is a tool that has been used
successfully over the years to optimize HENS within process industries. This
tool has the advantage of showing the analyst the total need of heat transfer
within the system, and at which temperatures the heat exchanging take place.
A reason for this tool not being used frequently within traditional analysis of
heat and power plants is that the conventional plants, such as steam cycles and
combined cycles, have only one primary source of heat – exhaust gases. This
means that the heat exchangers are often placed in series and the complexity
of these systems are not large concerning heat recovery. In these more ’simple’
cases the method presented in Traupel [94], utilizing a constant temperature
rise in all heat exchangers, has been used for feed-water heater systems with
advantageous results. In the paper by Linnhoff and Alanis [56] it is however
stated that this ’old’ type of optimization of the bleed mass flow rates is non-
optimal even for a conventional steam cycle. A more optimal solution has been
found by the utilization of pinch technology [56]. However, it is perhaps for
more novel and innovative cycles that pinch analysis has its potential strengths.
By the introduction of equipment for gasification, steam reforming, and drying
of biomass for instance, new heat flows are introduced. These flows are available
for integration in the existing plant configuration and now pinch analysis could
become a useful tool for optimizing the HEN.

To be able to perform pinch analysis, the mass flows, specific heat of the
flows, and the temperatures, have to be known, which leads to the conclusion
that heat and mass balance calculations have to be carried out prior to the pinch
analysis. These calculations are favorably performed in a HMBP. When utilizing
pinch analysis for optimization of HENS, the number of solutions can sky-rocket
with more or less trustworthy solutions. By introducing common-sense second-
law guidelines proposed by Sama [75], before carrying out the pinch analysis
some of the invalid solutions can be excluded in advance. This modelling then
leads to the combination of three methods and tools, namely energy analysis
(through HMBP), pinch analysis and exergy analysis; demonstrating the ben-
efit of combining methods and tools [5]. For further reading on this subject,
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the interested reader is referred to the textbooks by Linnhoff et al. [55] and
EPRI [29].

3.6 Summary

To conclude this rather long chapter, where a total of five methods and tools
have been presented, a list has been drawn below summarizing the information
that they each involve (except Pinch Analysis which already is a summary).

Energy analysis

Different system configurations can be studied, leading to knowledge of effi-
ciencies, fuel utilization and what products are produced by the system. Often
stoichiometric combustion is chosen, which means that the actual emissions can-
not be predicted accurately. For instance, NOx are not calculated. However,
this method is widely used in the thermal system community and it is a mature,
repeatable tool that relies on fundamental physical laws.

Engineering economics

Cost calculation of the all products can be carried out, however it is not pos-
sible to say which product costs what. Only the average cost is given and the
sales-price for electricity for instance is given by the market. The price of heat,
on the other hand, is often set by the alternative cost by utilizing other sources.
As an example, the cost of heat and water from district heating, which is widely
used in Sweden, is compared with the cost of electrically heating or fuelling of
oil in a small furnace.

The calculations of economics are always a difficult task since economical
forecasts of fuel prices, exchange rates, etc. are difficult. Also political deci-
sions, in the form of policies and legislations, are an economical risk shown in
Paper VII, where the introduction of environmental costs such as electrical cer-
tificates and cost of allowances for tons of CO2-equivalents, can jeopardize a long
term investment. However, this way of calculating electricity-production cost
and the way of investment assessment is a mature and often-utilized method to-
gether with energy analysis. The repeatability is also fairly good. There could,
however, be different assessments of investment costs and O&M costs which are
not always published in a transparent way in investigations. It is also a mature
tool used for decades.

Exergy analysis

In exergy analysis, a the total irreversibility of a system or its components is
calculated, as well as the irreversibilities of the different components. These
values can be used in the decision-making process, for instance at retrofitting.
This is in order to improve the already existing system by switching out or by
introducing components that involve low irreversibility. This can contribute to
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improvements of the thermal system as a whole or at a component level.
Exergy analysis, which is founded on the laws of thermodynamics, is a tool

that has been around since the 1950’s but still has not reached the status and
maturity of energy analysis. The author’s opinion for why this is so is that
firstly, a reference state and reference surrounding have to be used, and sec-
ondly, a common question that arises when exergy analysis is discussed is what
additional information is derived from this analysis that cannot be obtained
from an energy analysis. The reference pressure and temperature is perhaps
not a big issue but the reference species, especially for solid materials, can be
discussed. The reference species presented in the textbook by Szargut [90] are
the ones mostoften used today. For solid materials this involves an averaged
composition of the earth’s crust. However, as presented in the paper by Finnve-
den [34], the introduction of actual mining of minerals involves a completely
different composition and perhaps reference species are not the best solution.
It is of course convenient and practical when different systems and components
are compared with each other but should this be the ultimate goal?

Thermoeconomy

In thermoeconomy, the cost of the different products can be calculated respec-
tively. Also the cost of the exergy destruction of different components can be
calculated. This is both a strength and a drawback of this tool. The strength
is that each component is assigned a cost related to the total fuel consump-
tion, and hereby it is possible to see through the weaknesses of the system as a
whole. One of the drawbacks with thermoeconomics is that there is no general
framework of how the splitting of the cost for different flows is to be carried out.
The method used in Paper IV is the one presented by Bejan et al. [10], which
is commonly used when these types of calculations are performed. This is also
the procedure presented in section 3.4.2. However, other ways of splitting the
cost have been developed.

The costs used in these type of calculations are investment costs, O&M
costs and fuel costs. The difference between thermoeconomics and engineer-
ing economics is that these costs are split up between the different components
and assigned to the streams instead of being lumped together to get the average
costs of electricity or heat for example. However, to obtain the investment costs,
O&M costs, and fuel costs are of course of the same difficulty as in engineering
economics.

The tool has been used more extensively during the last 20 years, which
makes this method less mature than engineering economics.



Chapter 4

Environmental Methods
and Tools

In this chapter two environmentally-related methods and tools will be investi-
gated further. These are Life Cycle Assessment (LCA) and Exergetic Life Cycle
Assessment (ELCA), which both have a focus on the life-cycle perspective.

LCA and environmental management are not new ideas within product de-
sign and development. Already in the late 1960’s the thought of LCA was
explored, especially regarding raw material flows and waste for industrial pro-
cesses [9,13,24]. However, at this early stage there was no all-embracing method-
ology and no guidelines or framework of how an LCA should be carried out. As
mentioned earlier in section 3.1, the environmental issues became more and
more prominent on the agendas of production companies during the 1980’s
and 1990’s when the environmental impact of acidification, eutrophication, and
global warming became visible to the population of the world. This started the
growth of the LCA methodology as it is presented today. Over the last 20 years,
the interest in the life-cycle perspective has grown. However it was not until
1990, when the SETAC (Society of Environmental Toxicology and Chemistry)
conference in Vermont took place, that a first formulation of the three stages of
an LCA was carried out [13]. During the years 1990–1997, the development of
official guidelines and methodology was at full force. Some of the new publica-
tions from this time are the ”Code of Practice” from SETAC in 1993 [19], and
guidelines from Heijungs et al. in 1992 [42] and Lindfors in 1995 [54]. To obtain
a final compatible methodology for environmental management – including LCA
– the International Organization for Standardization established a committee to
organize this matter in 1993 [45]. The first printed document on environmental
management was published in 1996, the ISO 14001, which soon became a help-
ful tool at the organizational level. In 1997 the first published document of LCA
was released, titled ISO 14040 [78], which is to be used to determine hazardous
contributions to the environment during the lifetime of a product or a service.
Within the next three years, the LCA-standard was completed with the ISO 14

39
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041–14043 and the methodology of performing an LCA was thus available.
Another method considering the whole life-cycle of a process is ELCA. This
method does not have standard guidelines regarding the calculations as the
case with LCA. It originates from exergy analysis, but instead of just consid-
ering the operation phase which is often the case in exergy analysis, the whole
life-cycle is investigated. The objective of this chapter is to describe both LCA
and ELCA in a comprehensive way.

4.1 Life cycle assessment and the ISO 14040
framework

In an LCA, the use of natural resources, discharge of emissions to water, air and
ground, and waste, are gathered and summarized for the whole life-cycle of the
product, i.e. from ’cradle-to-grave’. This method can be used for any product or
service and can serve as an optimization tool during, for instance, a pre-design
stage. The ISO 14040-series is divided into four main sections [78–81], where
the latter three are referred to as phases in this thesis:

• ISO 14040: Principles and framework (1997 )

• ISO 14041: Goal and scope definition and inventory analysis (1998 )

• ISO 14042: Life cycle impact assessment (2000 )

• ISO 14043: Life cycle interpretation (2000 )

When performing an LCA, all phases in the lifetime of the product/service have
to be taken into account, i.e. construction, operation and demolition. This can
be set in perspective to the methods described in Chapter 3, which only consider
the operation of the system. The easiest way to describe the tool LCA is to
follow the phases that are explained in the framework followed by case studies.

4.1.1 Goal and scope definition

To sort out what processes the different phases involve, the goal and the scope
of the study have to be identified and clarified. By following the ISO 14041,
the first thing to accomplish is to identify the interim processes in order to be
able to draw the process trees, which is one requirement stated in the ISO 14
040. In Figure 4.1, a general but rather detailed process tree is shown together
with a more specified construction/production phase. This tree is used to decide
both inputs and outputs in each interim process during the whole lifetime. If
these types of arrangements are produced in an early stage in the assessment,
the risk of missing any flows is reduced. It is also easier for the practitioner to
understand which data have to be collected in order to perform a proper LCA.
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Figure 4.1: A schematic, general process tree according to the framework of
ISO 14040 with focus on the production phase.
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In the goal and scope definition it is also obligated to choose a functional unit.
The functional unit can be looked upon as a measure of the environmental im-
pact that the product has on a unit basis. A convenient functional unit for heat-
and power-production processes is the environmental impact per produced kWh
or MWh of electricity and/or heat. This choice requires that the lifetime of the
plant and other limitations such as efficiencies have to be determined in order
to calculate the overall electricity and/or heat production. System boundaries
and data quality are also comprised in the goal and scope definition.

4.1.2 Inventory analysis

When all flows to and from different interim processes and lifetime phases are
estimated, the inventory analysis is accomplished, which in practice implies data
acquisition. This part of the LCA is the most time-consuming one, especially
if the product or process is an innovative or novel cycle in a pre-design stage.
Obstacles such as confidentiality have to be overcome, and since universal and
public databases of different production processes are almost non-existent, this
has to be solved by each person starting from scratch. Limited databases are, in
most cases, accessible in commercial LCA softwares that are designed for these
types of assessments, but they have to be extended manually by the user. This
was the case in Paper I where an investigation of a Solid Oxide Fuel Cell (SOFC)
stack integrated with a gas turbine was carried out. Since this innovative cycle
is still in a demonstration stage, the final manufacturing processes and material
flows within these processes were unknown to the author. This naturally made
it difficult to establish process trees and to obtain data since no data-bases were
available, neither in the utilized commercial software nor elsewhere. However,
this matter is discussed further in the section 4.3.

When these two steps in the LCA is finished, this also completes the first
phase, the Life Cycle Inventory (LCI), see Figure 4.2. The inventory results have
to be interpreted with respect to data quality, boundaries within the system and
against other processes and systems. To confirm the accuracy of the outcome,
some final tuning should be carried out such as sensitivity analyses to obtain
the margin of error and also to investigate what type of allocation1 that has to
be made. For further information regarding allocation, see Appendix B in [79].

4.1.3 Life cycle impact assessment

The second phase to carry out in an LCA is the Life Cycle Impact Assessment
(LCIA), which is in ISO 14042 divided into three mandatory elements:

1Allocation: the waste left over when the lifetime of the current process has come to an
end may be recycled. If this is the case, there are different methods that can be used to split
up the environmental impact between the current process and the process(es) that will use
the recycled material. This split is called allocation.
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Figure 4.2: LCA framework (from [78])

• choice of impact categories, category indicator and characterization mod-
els

• classification, i.e. distribute the LCI result to a category

• characterization, i.e. quantify the classified categories

When choosing impact categories, it is crucial to identify the areas the existence
of the process influences. These categories can be resource depletion (energy,
material, water, and ground), effects on health, global warming, acidification,
eutrophication, etc. It is also of importance that the categories chosen are in
accordance with the defined goal and scope. The last element of the LCIA, the
characterization, is where the inventory results are weighted and summarized
to obtain the total impact in the chosen categories, see equations (4.1) and
(4.2) [34].

Ci,j = Wi,jmi (4.1)

Cj =
∑

i

Ci,j (4.2)

Where C represents the contribution of a flow to the environment, W represents
the impact weight of a discharge related to the impact category and m the
amount (weight) of the flow. The subscripts i and j represent different flows
and different impact categories, respectively.
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4.1.4 Life cycle interpretation

The last of the four standards, ISO 14043, describes how the results from the
LCI and/or the LCIA are to be interpreted. This is also the last phase in the
completion of an LCA as a whole. Both the interpretation and the report has
to be advisory and transparent so that they meet the requirements of the goal
and scope definition [81]. The whole idea of the interpretation is to advise the
employer in the decision-making by considering and weighing all environmental
impacts.

The three phases described in this section are not a straight-forward process,
which would have been desirable. The LCA procedure has to be considered as
an iterative process where the circumstances change along the way as visualized
in Figure 4.2. By going back and forth among the phases, eventually a decision
must be made and the results of the LCI or the LCIA must be interpreted in a
way that the assumptions and estimations made during the LCA are taken into
consideration before attaching too great an importance on the absolute values
of the results.

4.2 The use of LCA within the energy field

Since the development of a common methodology of LCA, a number of investiga-
tions have been carried out. For example, two of the largest electricity utilities
in Sweden (Sydkraft and Vattenfall) have carried out LCAs for their current
electricity production units [89, 101]. When performing a literature overview it
is also obvious that during the early part of the 1990’s, most papers investi-
gated the methodology and guidelines. From the end of the 1990’s until today,
LCA has been used to evaluate a number of applications and products. Within
the energy field, especially within the heat- and power-generation field, different
types of systems have been investigated, ranging from renewable energy sources,
such as photovoltaic systems [25], to more conventional plants such as combined
cycles [35].

An issue that arises when mentioning different investigations made by dif-
ferent persons and at different organizations is; is it possible to compare these
assessments with each other? In a paper by Gagnon et al. [35], a number of
LCAs are collected for electricity production options. The values shown in this
paper are inventory data from North America, but also values found in interna-
tional literature are considered. To see how comparable these results are with
other inventory data, Figure 4.3 has been drawn. It shows that there are differ-
ences among the three sources. Discharge of carbon dioxide is similar for all the
electricity production plants. This indicates that in this respect the comparison
can be made. However, for the discharge of SO2 and NOx there are more or
less large discrepancies. Since the data used to draw the graphs in Figure 4.3
are from literature that only shows the results and not the complete set of as-
sumptions made during the assessment, it is difficult to conclude why this is
the case. The vast deviations for SO2 at Gagnon et al. for the oil condensation
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plant are probably due to the use of heavy fuel oil, which is not used to a great
extent in Sweden anymore, and lack of de-SOx equipment. The heavy fuel oil in
this case includes 1.5% of sulphur compared with light fuel oil with only around
0.2% sulphur. The deviation of SO2 for Vattenfall AB, in the case of a coal-fired
power plant, is probably due to the fact that the plant investigated is an existing
average plant of the 1999 plant population that perhaps does not involve the
latest technique and cleaning equipment.

The conclusions that can be drawn from the comparison made in this section
are that it could be negligent to fetch any value from an assessment without
considering the data and limitations made in that particular investigation. Also
to compare different products (plant configurations), or to entirely trust com-
parisons made by others, could be hazardous if the underlying facts and motives
are not known.

4.3 Case study of LCA as a pre-design method

The case study presented here was carried out in 1998 and 1999, followed the
framework stated by ISO 14040–41 together with LCIA guidelines according
to the Nordic guidelines [54]. For a detailed description of the case study, the
reader is referred to [68] where a shorter version of the study is given in Paper
I. The studied power process is a so-called hybrid process, where an Solid Oxide
Fuel Cell (SOFC) is integrated with a gas turbine. As can be seen in the paper,
many assumptions have been made in order to be able to perform the LCA. This
is due to the difficulty of investigating a process not yet commercialized, but
also to the lack of contact with intermediate manufacturers. The material and
energy supply accounted for in the process trees have to be disentangled, but to
find the way through the intermediate processes was impossible to accomplish in
this case within the limited time-frame. The production and assemblage of the
subcomponents of the SOFC were also a bit of a struggle to sort out, however
this was partly solved by contact with the end producer and research group at
Risø National Laboratory in Denmark. The report by Zapp [104] must also be
considered a main reference in this case study as it contributed decisive infor-
mation.

As can be seen from the conclusions in Figure 9 in Paper I, the construction
phase of the SOFC is a more conspicuous phase than for the other power plants
regarding CO2 emission to air. This is due to the ceramic materials which need
sophisticated production techniques, such as sintering and pyrolysis in the as-
sembly stage requiring vast use of electricity and fuel. The results in Figure 9
for the SOFC/GT Process is calculated with the lifetime of 10000 equivalent
hours, which can seem a bit low. However, the results are easily changed for
other equivalent hours by scaling the construction phase results. The operation
and fuel bars remains constant though. It should also be mentioned that for
most thermal systems, the operation phase is superior regarding the environ-
mental impact. This lead to the fact that the efficiency of conventional heat
and power plants are very decisive, considering the environmental impact, which
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Figure 4.3: Comparison of LCAs carried out for electricity production plants.
Data from Sydkraft AB [89], Vattenfall AB [101], and Gagnon et al. [35]. (*val-
ues not available from Gagnon et al. ** values not available from Sydkraft AB)
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also can be seen in Paper IV and in [57].
The finding in this work can also be of general interest for turbine manufac-

turers since they today try to obtain as high an electrical efficiency as possible
by using a higher combustor outlet temperature (COT). Since the use of tra-
ditional materials together with air cooling of the turbine is not enough to
withstand these high temperatures (COT approximately > 1350–1450◦C [50]),
designs such as Thermal Barrier Coating (TBC) are considered as an additional
measure to reach higher TIT. Because the TBC is also made out of ceramic
materials, performing an LCA and assessing the total discharge of gases, solids
and liquids to the environment would be interesting. The same reasoning could
be conducted for ceramic heat exchangers or any other components containing
ceramic materials.

4.3.1 Repeatability and experience of LCA

When performing LCAs it is important that the work and the final report are
transparent, otherwise it will not be repeatable or useful. Depending on the
problem at hand, data has to be collected in a correct manner. Especially for
innovative cycles, many assumptions have to be made in order to get any answers
at all. For instance in Paper I, which is a power cycle not yet commercialized,
many rather large assumptions had to be made in order to get an answer that
could be useful. The most reliable data in that work was the composition of
the elements in the SOFC and the weight of one cell, since a contact with the
manufacturing company was established. However the manufacturing location
of the raw material of the SOFC and the methods used for this manufacturing
was assumed with guidance from literature [104]. It should also be remembered
the it is the person carrying out the assessment that chooses the limits of the
problem and its data. This leads to the fact that it could be difficult to compare
different assessments with each other since they could be rather subjective.
Depending on the depth of the assessment regarding manufacturing processes,
allocation of materials, etc., the assessment could be more or less reliable in
its absolute value. Perhaps the LCA is best used as a method that gives the
analyst/designer a hint of what is to be expected regarding the environmental
impact of the investigated system.

Also the man hours of these kinds of assessments are of importance. A
company that wants to carry out an LCA has to realize that a period between
3 months and a year has to be put into this type of project.

4.4 Exergetic life cycle assessment

Exergetic Life Cycle Assessment (ELCA) could be considered as a combination
of exergy analysis, as described in section 3.4.1, and LCA. The philosophy of
ELCA is that the exergy destruction during the lifetime of a product is consid-
ered as a measure of resource depletion [20, 34, 57, 90]. To be able to decrease
the resource depletion, the production of materials used in the components in
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the plant should be carried out with as high exergetic efficiency as possible.
This means that in the production phase the work input to go from ores to
components should be minimized. There will always be some entropy genera-
tion within all these production processes since a more disordered raw material,
for instance an ore, is formed into a more dense material such as steel. This
introduces an entropy decrease in the material, but an increase of entropy of the
environment. Each time new ores are extracted to form a useful material, the
environmental entropy is disturbed since the average composition of the earth’s
crust is altered. This means that it will become more and more difficult to
find ores that have good quality with time and therefore more exergy will be
destroyed with time.

ELCA and LCA do not only have the life-cycle perspective in common. The
same goal and scope are also used, which should result in a common trend in
environmental impact results. This means that if two plants are assessed with
both LCA and ELCA, the comparison results between them should be the same
with both methods; i.e. one of the plants has a lower impact in both cases. In
Paper IV, a rough estimate with inventory data was carried out comparing an
evaporative gas turbine cycle with a conventional two-pressure combined cycle
using both LCI and ELCA. The results showed that the LCI and the ELCA
had the same trend regarding which cycle had the highest impact.

For a further explanation of the ELCA method, consider Figure 4.4.
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Figure 4.4: Schematic flow chart of exergy flows during manufacturing

In Figure 4.4 only the production and the operation phases of the lifetime are
shown. As was the case for LCA, the production phase in an ELCA also has
intermediate processes and transports within the production ’black box’. Since
the same goal and scope used for an LCA is used when performing an ELCA,
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this black box can be placed on equal terms with the process tree depicted in
Figure 4.1. There are in-flows of solid raw materials, chemicals, other prod-
ucts, fuel, etc. that make the ’transformation’ from ores to useful components
possible. All these flows have exergy values and each process involved in the
transformation will involve exergy destruction. The outcome of the production
phase is the plant but also waste, material for recycling, and perhaps other prod-
ucts are produced. By setting up the exergy equation around the components
and processes, as illustrated in equation (3.13), the exergy destruction can be
calculated. This reasoning is also applicable for the operation phase of a heat
and power plant where the large flows entering the process are fuel and maybe
water, lubrication oil, etc.

After the lifetime of the product – when it is considered as waste – once
again exergy is destroyed to restore the product to something of consequence
for society or as non-risk material. This could mean that the material is recycled
and used again, or that the material or emissions are treated and cleaned in a
way that makes it possible to reunite these flows with the surroundings without
being hazardous to the environment.

The solid material flows are active during all the phases with the production
of the components, maintenance parts during operation, and finally as waste
after the lifetime of the plant. To calculate these exergy flows, estimations and
assumptions have to be made since the nature of these minerals is very com-
plex. These minerals can be interpreted as if they either appear as a mixture
of separate grains or as a solid solution [34, 90]. To be able to calculate the
total exergy of the materials from the extraction of the ores, the composition
of these ores has to be estimated. Depending on where in the world the ores
are extracted, different compositions will be obtained. As long as the dispersion
of substances is kept constant when comparing different processes, the result
will be valid. In the paper by Finnveden [34], real reference species are used
instead of the standard reference species used in Szargut [90]. This of course
leads to differences when calculating the chemical exergy. According to [90], the
chemical exergy for a solution is calculated according to equation (4.3),

ECH =
∑

ni e
CH
i +RT0

∑
ni ln ai (4.3)

where ni denotes the number of moles of the substance, i, and ai refers to
the activity of the substance, i. By assuming a solid solution, the activity can
be substituted by the mole fraction [90]. If the solid species are considered as
separate grains instead, the second term in equation (4.3) is set equal to zero [34].
By choosing the reference state p0=1 atm and T0=298.15 K, the partial molar
chemical exergy can be approximated by the standard molar chemical exergy,
eCH
0 , which can be found either in [90] or by performing calculations according

to equation (4.4) [90].

eCH
0,i = ∆fG0,i +

∑
el

nele
CH
0,el (4.4)
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Where the subscripts, 0, i and el, refer to the surroundings, substance and
element, respectively. The values for Gibb’s free energy of formation can either
be calculated as accounted for in [90] or found tabulated in handbooks for
example [8,71]. Now, when the calculation of all types of chemical exergy have
been briefly introduced, there should be no problem looking further into the
life-cycle of a power plant, and assess the total exergy destruction.

4.4.1 Comments on chemical exergy values

By choosing the exergies provided by [90] instead of the values calculated by [34],
there will be differences when comparing the two sources of chemical exergy
values with each other, some deviations are found due to the fact that Szargut
uses the reference composition for solid species, while a real ore compositions
are used by Finnveden and Östlund [34]. In Table 4.1 six different metallic
materials are compiled, showing the difference in chemical exergy values.

Table 4.1: Comparison between the chemical exergies of minerals, suggested
by Finnveden and Östlund [34] and Szargut et.al. [90]. (R equals mining of
resources.)

Finnveden [34] (MJ/kg) Szargut [90] (MJ/kg)
R Fuel Total R Fuel Total

Copper 130/990 ∼ 100 230/1090 7.5 60–114 67–121
Steel 0.88 30–40 30–40 4.9 41 46
Lead 13 10-50 23–63 3.8 28.65 32.45
Zinc 19 40-70 59–89 12.5 56.6–65.2 69–78
Nickel 350 100–800 450–1150 14 236 240
Aluminum 4.1 300 304 5 355 360

As can be seen in Table 4.1, nickel and copper are the substances for which the
two references do not overlap or have a minor difference regarding the total ex-
ergy input. Otherwise, although different approaches have been used, the mag-
nitude of the values corresponds to each other. As long as the value of the exergy
input is taken into consideration in an ELCA, either one of the two references
could be used as a kind of database. In another paper by Michaelis et al. [62]
an ELCA was carried out for steel, where a comparison was made with the data
in Szargut et al. [90] among others. Here differences can be seen for different
manufacturing processes, regarding steel production. The major discrepancy
is for the blast furnace process, where the data from Szargut are from 1965,
i.e. three decades earlier than the calculations carried out by Michaelis. The
progress within steel production processes has obviously been great, leading to
the conclusion that tabulated values have to be brought up to date continuously,
for the absolute calculated values to be reliable. However, as long as the same
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exergy values are used during comparisons, the difference in exergy destruction
between the compared heat and power cycles should stay the same.

4.5 Comparison between LCA and ELCA

In Paper IV, two cycles were compared as mentioned earlier, using both the
LCA and the ELCA method. Some major assumptions were made regarding
the composition of materials in the cycles. However, since the same assumptions
were made for both processes regarding the choice of materials, they should be
compatible all the same. The data used in the LCA for the production of the
raw materials were collected in the report by Sunér [87], while the weights of
the final components were estimated by the up-scaling of existing components,
see Table 3 in Paper IV. The LCI results showed that the HAT-cycle had a
smaller environmental impact during the construction phase. This was in a
way obvious after summing up the weights of the components of the two cycles
since the total weight of the HAT is smaller than that of the CC. During oper-
ation the fuel consumption is the main contributor of emissions, and since the
HAT-cycle in the constellation shown in Figure 2 in Paper IV has a lower fuel
consumption than the CC, this is preferable overall as well. In the ELCA, the
cumulative exergy consumption (CExE)-values found in Szargut [90] were used
for the production phase, and as expected the ELCA showed the same results
as the LCA.

4.6 Overall environmental performance

One issue that ought to be discussed when pre-designing power plants in an
environmentally-friendly way is the thought of an Environmental Performance
Factor (EPF). By taking the total use of resources during the whole lifetime
of the plant into account and minimizing it, the best environmental result is
obtained. This would also save money in the long run since environmental
taxes and waste treatment add an extra cost to the construction and demolition
phases. The definition of this environmental factor proposed by the author for
heat and power plants would be as described in equation (4.5).

EPF =
Pnet + Q̇useful∑

i ṁiHHVi|con +
∑

i ṁiHHVi|op +
∑

i ṁiHHVi|dem
(4.5)

where the subscripts con, op and dem represent the three phases construction,
operation and demolition, respectively. Pnet represents the total power output,
Q̇useful represents the total useful heat and/or cooling, ṁ is the fuel mass flow
and HHV represents the higher heating value. By taking the total use of fuel
into account for the whole lifetime of the power plant, the comparison among
different pre-design options of power plants can be made in a more fair way.
The reason for taking just the fuel into account and not other resources, such
as minerals, is that minerals or their entropy, can be restored if necessary. The
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use of fossil fuels, however, impoverish the global fuel supply and this formally
stored chemical energy cannot be restored in a reasonable amount of time.

Using an environmental performance factor as presented above, the SOFC/GT
process would be compatible with the combined cycle (fuelled with natural gas)
presented in Paper I. When taking just the operation into account – which is
the common method today – the SOFC/GT process is considered more efficient
since its electrical efficiency is higher and therefore, the emissions are lower due
to less amount of consumed fuel.

4.7 Summary

As in Chapter 3 a summary of the information that LCA and ELCA involves is
given below.

LCA

Life Cycle Assessment is, as mentioned in the beginning of this chapter, a way
of thinking that arose as early as the 1960’s. However, it must be thought of
as a more widely-used tool from the beginning of the 1990’s. This is probably
due to the globalization of the environmental problems. The objective of LCA
is to consider the total environmental impact of the thermal system, and not
limited to the operation phase. This life-cycle perspective gives the analyst an
overall perspective which can be used to chose a long-term investment with low
risk regarding environmental fees. This does not only comply with the fees and
taxes of today. Since political decisions have a major impact on product costs,
as can be seen in Paper VII, and since these decisions can appear well within the
lifetime of the system it is an advantage to be prepared for any environmental
concessions by choosing the less impacting system. To have this preparation at
an early stage can be obtained with LCA.

When investigating a thermal system with the tool LCA, the analyst must be
aware of the man hours that have to be put into the work. Also the difficulties
to locate data and the decision of boundaries in time, quality and geography,
has to be considered. If the system under consideration is an existing thermal
system with conventional components, the task is easier than for an innovative
cycle. This is due to lack of data such as mass- and energy flows and what
manufacturing processes are used. Also the maintenance of system, involving
additional flows as replacement parts and articles of consumptions, is hard to
predict for an innovative cycle. Assuming template values compiled for similar
thermal systems, or scaling of volumes or masses of components, is one solution
when vital data are missing. This way of calculating, though, brings in subjec-
tivity to the tool.

The tool itself does not involve any difficult calculations, but the lack of
official databases for mass- and energy-flows in manufacturing processes and
waste treatment makes it hard for this tool to break into the design and analy-
sis process. Also, when an LCA has been carried out, it is hard for an analyst
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to compare this assessment with an assessment made by another analyst even
if the framework of ISO 14 040-43 is followed. To achieve repeatability for this
tool it is therefore of most importance that the LCA reports are transparent
and that all data used are visible.

ELCA

Exergetic life cycle assessment can be compared with LCA. However, instead of
calculating the total environmental impact, the total exergy destruction is in-
vestigated. The philosophy of ELCA is that the exergy destruction is a measure
of resource depletion. By calculating the exergy destruction of the whole life-
time of the thermal system, the total exergy destruction is obtained, which then
is a measure of the total environmental impact. What environmental impacts
that the system conduces to is not ascertained. This is a drawback to the tool
since awareness of the environmental impact is vital concerning environmental
management.

According to the author’s knowledge, very few publications are available
within ELCA of thermal systems, which makes this tool immature. One pio-
neer within ELCA is Szargut [90,91], who has made calculations of Cumulative
Exergy Consumption (CExC) which easily can be described as the total ex-
ergy consumption during production of raw materials, including exergy of both
fuel and non-energetic raw materials. The CExC-values for different materials
are tabulated in the publications by Szargut [90, 91] as discussed earlier in sec-
tion 4.4, and these can advantageously be used to perform an ELCA, especially
at comparisons between components or systems. However, certain assumptions
have been made in these tables regarding fuel consumption and manufacturing
procedures. Since the tables were put together in the middle of the 1980’s,
there might have been some development within the manufacturing equipment
lowering the fuel consumption, and thereby the exergy consumption.

By utilizing the tabulated values and estimating the production exergy con-
sumption together with exergy calculations carried out for the operation phase,
comparisons can be made among different thermal system concepts, and thereby
a hint of which process that has the lowest environmental impact is obtained.
This makes this tool faster to use than LCA concerning the data collection.





Chapter 5

Feed-forward Neural
Networks for System
Analysis

In this chapter a description of the data-driven, connective1 method, Artificial
Neural Networks (ANN), is carried out. The focus in this section is put on the
feed-forward Multi-Layer Perceptron (MLP), which has been used as topology
in Papers II, III, V, and VI.

In the two first sections, a historical overview is described followed by a
state-of-the-art of neural networks thermal system analysis. This is followed by
a survey of feed-forward neural networks and a more detailed overview of multi-
layer, feed-forward neural networks in section 5.4. These latter two sections
are more detailed in showing how the mathematical calculations are carried out
when an ANN is built and trained. Also a discussion is held about data pre-
processing and validation of the network, which is a necessity if this type of
tool is to work accurately when implemented. The chapter is rounded off with
discussions of the case studies carried out in the Paper III in section 5.4.6, and
Paper V in section 5.4.7, and some final words about ANNs as an engineering
tool.

5.1 Historical overview

The technology of Artificial Neural Networks originates from the structure of
the biological nervous system and the function of the human brain. This bio-
logical system is very complex with non-linear, parallel information processing,
which has the capability of representing, interacting with, and adapting to the

1The meaning with connective here is that all inputs are connected to many or all outputs,
giving this tool a parallel information distribution that is less sensitive for a measurement
probe falling off.
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surroundings. To be able to translate this behavior in a model, simulating a
power process for example would be very useful.

Using ANNs within the energy field might seem like a revolutionary and new
type of computational modelling tool. The idea for this type of parallel network,
however, was already established in the 1890’s by James William, who pointed
out the importance of multiple connections to create a stable network [58]. Since
this statement was made, a number of scientists have contributed to the devel-
opment in this field during the last century. In this section, a brief historical
overview of the development of feed-forward networks is recounted. Further on
in this overview a number of technical terms (not yet introduced) will be used,
but they will be explained later on in this chapter.

The modern approach to ANNs (as a computer science) began in 1943 when
McCulloch and Pitts developed a model of a neural network. The assumptions
made for this model included a binary behavior utilizing a threshold function,
and the weights between the neurons were all equal. In 1949, Hebb stated that
the synaptic weights constantly change as different problems are introduced to
the network [41], i.e. a mathematical procedure for learning is required. Dur-
ing the late 1950s and the early 1960s, a concentration around feed-forward
networks was established, initiated by the new approach to pattern recognition
problems by Rosenblatt in 1958 and called the Perceptron. The Perceptron is
a generalization of the McCulloch–Pitts model in the way that learning was
added, and Rosenblatt’s studies were carried out with both two and three lay-
ers in the network [77]. A slightly different neural network utilizing a different
learning algorithm, called the ADALINE (ADaptive LINear Element), was in-
troduced by Widrow and Hoff in 1960 [41, 58, 77]. The training algorithm used
was the least mean-square (LMS) algorithm, which also got the name ’delta
rule’ (alluding to the difference, or delta value, between the desired and the real
output). The problem with this type of network was that it only supported
tasks that were linearly separable, which also was the case for the Perceptron.
An interruption within the feed-forward neural networks came in 1969 when
Minsky and Papert presented a report, where the weakness of the Perceptron,
i.e. only linearly separable problems could be solved, was transferred without
reflection to the MLP.

The research within feed-forward neural networks was at this time put aside,
and the self-organizing maps utilizing competitive learning were now in focus.
It was not until the 1980s that the research within feed-forward networks was
resumed with a growing interest. In 1983, Kirkpatrick, Gelatt and Vecchi de-
veloped the procedure of simulated annealing for the solution of combinatorial
optimization problems [41]. This procedure was utilized by Ackley, Hinton
and Sejnowski in 1985 when developing the Boltzmann machine, a practicable
multi-layer neural network. The final, ultimate success for the MLP was re-
ported in 1986 by Rumelhart, Hinton and Williams, when they introduced the
backpropagation learning algorithm (even though Werbos presented the theory
of backpropagation in 1974) [41, 58, 77]. It was now possible to solve problems
that not necessarily have to be linearly separable.
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5.2 State-of-the-art for FFNN within thermal
systems

In this section, a survey is made of some of the energy application areas, where
ANNs have been used. Some basic tasks where ANNs have been shown to be
useful are:

• function approximation – process identification

• fault diagnostics – pattern recognition

• sensor validation

• control

• time-series prediction

• dynamic system modelling

The first task, function approximation, can be used as an engineering tool to
model components and/or entire processes. In the papers [30,53,60,69,105] and
in Papers II, III, V and VI in this thesis, this type of task has been carried out.
In all of the papers the multi-layer, feed-forward neural network architecture has
been utilized with backpropagation as the learning algorithm. Some examples of
the components and processes that have been modelled are gas turbines2 from
Pratt and Whitney [30] and Volvo Aero Turbines (Paper II), the EvGT [60], the
SOFC (Paper III), a fin-tube evaporator [69] and diesel fuel atomization [105].
The neural networks are advantageously used when the existing system is diffi-
cult to model by way of analytical relationships such as heat and mass balances.

The second task, fault diagnosis, has been successfully used within heat and
power plant engineering. The tool here could be multi-layer, feed-forward neural
networks, but also other kinds of neural networks have been used for this task;
the so-called Probabilistic Neural Networks (PNNs) [72] and Bayesian Belief
Networks BBNs [73]. Focusing on the MLP, the paper by Arriagada et al. [3]
introduces fault diagnosis of an industrial gas turbine using multi-layer feed-
forward neural networks. The faults chosen for detection, are the most frequent
ones, and since no measurements were available at the time, the faults were
modelled in a heat and mass balance program and in 1- and 2-D turbine calcu-
lation programs. The results obtained with this fault diagnosis tool were that
fully developed faults were immediately detected and a good performance down
to fault levels of 80% were also received. This means that these types of net-
works could favorably be used for fault diagnosis and for early warning systems.

However, to be able to perform a good fault diagnosis, sensor validation
also has to be carried out. If sensor validation was not introduced for the mea-
surements it could be impossible to say whether the fault is an engine fault or
a sensor drifting. The sensor validation neural networks tools that have been

2Gas turbines here include industrial gas turbines and turbofans.
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used are Auto-Associative Neural Networks (AANN) [52] and feed-forward neu-
ral networks using both forward and reverse models [61]. All these tools result
in a removal of periodic sensor calibrations, which are both costly in terms of
labor costs and income reduction due to operation shut-down.

Control, time-series prediction and dynamic-system modelling are other
learning tasks that can take advantage of the adaptation of ANNs. A study
carried out in Denmark has shown a reasonably accurate time-series prediction
of both the heat load and the return temperature in a district heating sys-
tem [12]. The network architecture used for this task was a feed-forward neural
network utilizing the Levenberg-Marquardt algorithm to update the weights
during training, in order to minimize the mean squared error.

There are probably many more papers written in the energy area which are
not mentioned here, but the reader has hopefully received an insight in the po-
tential of ANNs as engineering tools in the energy field. A conclusion that can
be drawn from all the cases in this section is that the applicability of especially
multi-layer feed-forward neural networks in energy processes is great regarding
static process identification, but also for fault diagnostics and sensor validation.
Regarding on-line control of power plants, recurrent networks could be more
suitable since they have feedback and thereby are able to monitor dynamic
behaviors.

5.3 Introduction to feed-forward neural
networks

Now that the history and the usefulness of ANNs have been shown, it is conve-
nient to introduce the tool feed-forward neural networks, which has been used
by the author. One benefit with ANNs compared with ’traditional’ mathemat-
ical modelling tools is the parallel structure, which make it fast and powerful
even for multi-dimensional tasks. Another benefit is its quality to generalize
among the data introduced to the network. In the list below, a number of
useful qualities that ANN bring are stated.

Nonlinearity: There are linear and nonlinear ANNs, depending on the acti-
vation function used in the connected neurons. Nonlinearity is one of the
most decisive properties of ANNs.

Input-output mapping: Modification of the weights is done using training
samples in the learning procedure. In the final solution, i.e. after com-
pleting the supervised training, the result is that for every specific input
signal, there is a specific response, also called desired output.

Adaptivity: The adaptive weights are to change with the surroundings. For
instance, if the surroundings change, the connections can be modified in
real time in a non-stationary environment. However, to be able to fully
use this quality during, for example, control mode, the principal time
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constants have to be long enough to not respond to fictitious signals, but
short enough to pick up important changes in the system.

Evidential response: When pattern classification tasks are carried out, the
ANN can be designed to provide information about the confidence in the
decision process, as well as which class the data set belongs to.

Contextual information: Every single neuron is affected by the global activ-
ity of all the other neurons in the network.

Fault tolerance: If a neuron or its connections are damaged, the overall re-
sponse or efficiency of the network is not degraded seriously until several
neurons are damaged.

To obtain these stated properties for an ANN, there are some essential elements
that have to be present in the model.

• Processing elements, i.e. artificial neurons

• Connections between the neurons, i.e. weight vectors and matrices

• A propagation rule, which determines the total weighted or effective input,
s, into the activation function from its external inputs

• An activation or transfer function, F , which determines the new level of
activation based on the effective input sj and the current activation yj

• An external input, +1, with weights, also called bias or offset, θ, for each
unit

• A learning rule, through which the connections are modified and updated

• A state of activation equal to the output, y, of the neuron

• An environment in which the system must operate, in order to receive and
send impulses

A network contains a number of neurons which are connected to each other, see
Figure 5.1. The information or input from the surroundings is passed forward
from the input layer of the network through the connections and summarized in
the next layer of neurons. In this second layer, the total summarized input, also
called effective input, sj , is propagated through an activation function, which
produces an output, yj . This output is then either one of the outputs of the
network or it is propagated further as an input to the next neuron. This feed-
forward process is shown in Figure 5.1, where focus should be directed toward
the close-up of a single neuron.
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Figure 5.1: Schematic, fully connected, multi-layer feed-forward neural network,
with a close-up of a neuron.
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The effective input is calculated according to equations (5.1) and (5.2). Note
that the summation in (equation 5.1) starts at i = 0, which means that the bias
is included in this summation with x0 = +1 and wj0 = θj .

sj(n) =
m∑

i=0

wji(n)xi(n) (5.1)

or in matrix notation,

s(n) = W(n) · X(n) (5.2)

with the following input vector, X(n), and connection or weight matrix, W(n).

X(n) =
[
x1(n) x2(n) . . . xi(n) . . . xm(n)

]T

W =




w11 w12 . . . w1i . . . w1m

w21 w22 . . . w2i . . . w2m

...
...

. . .
...

. . .
...

wj1 wj2 . . . wji . . . wjm

...
...

. . .
...

. . .
...

wh1 wh2 . . . whi . . . whm




The n within the brackets in equation (5.1), in the input vector, X(n), and in
the weight matrix W, denote which pattern is propagating through the network,
i.e. which iteration that is carried out. The subscript, h, denotes an arbitrary
neuron in the hidden layer, which is located between the input and the output
layers. If the network is of multi-layer configuration, as shown in Figure 5.1, the
input vector, X(n), is substituted for the output vector of the previous layer of
neurons, for instance, Y(n), since this is now the input to the next layer. When
the effective input to the neuron is calculated, it is sent forward through an
activation function, F , which is different depending on what problem is to be
solved. Four of the most common activation functions are; the threshold func-
tion, the linear (or piece-wise linear) function, the Logistic Sigmoid function,
and the tanh function, which are accounted for in equations (5.3)–(5.6).

F (s) =
{

1 if s ≥ 0
0 if s < 0 (5.3)

F (s) = c · s (5.4)

F (s) =
1

1 + e−s
(5.5)

F (s) = tanh(s) =
es − e−s

es + e−s
(5.6)
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The major difference among these four activation functions stated here is that
the linear function and the two latter functions are differentiable, whereas the
threshold function and the piece-wise linear functions are non-differentiable.
The threshold activation function could be used for pattern classification of two
classes, while the linear function is very useful as an activation function in the
output layer when dealing with non-linear regression or function approxima-
tion. When considering multi-layer, feed-forward networks, the Sigmoid or the
tanh activation functions are often utilized since they introduce non-linearity to
the network, and a popular learning algorithm for this type of network is the
backpropagation algorithm (see subsection 5.4.1). Backpropagation requires
differential activation functions in all layers because this algorithm utilizes the
derivative of the activation when updating the connection weights. The im-
portant property of the transfer function is that it decides if the neuron, and
thereby the network, is linear or nonlinear. Choosing a linear activation func-
tion will give linear neurons while a nonlinear transfer function is the source of
non-linearity in non-linear neurons.

To further explain the forward pass and the learning procedure of an FFNN,
a closer look into this is made in the section 5.4.

5.4 Multi-layer feed-forward neural networks

Multi-layer, feed-forward neural networks are one of the most commonly used
types of neural networks today for pattern recognition tasks but also for non-
linear regression. The topology of this feed-forward network is as depicted in
Figure 5.1 and has, besides an input- and an output-layer, also one or more
hidden layers. The neurons in the hidden layer(s) of the multi-layer FFNN
possess activation functions, as is the case for the output-layer. In Figure 5.2
it is shown how an arbitrarily chosen input signal, xi, propagates through the
multi-layer feed-forward network.
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Figure 5.2: Arbitrary signal flow through an MLP [41].
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Mathematically, this propagation is expressed by the set of equations (5.7)–
(5.12) starting with the effective input, sj(n).

sj(n) =
m∑

i=0

wji(n)xi(n) (5.7)

The effective input is then put in the activation function, which gives the output
of the neuron, yj(n).

yj(n) = F (sj(n)) (5.8)

This output, together with outputs from other neurons, is then input to the
next layer. This means that all outputs are summed up to produce the effective
output, sk(n) of the neuron in the next layer.

sk(n) =
h∑

j=0

wkj(n)yj(n) (5.9)

Once again, the effective input is fed into an activation function to produce the
output of the neuron, yk(n).

yk(n) = F (sk(n)) (5.10)

Summarizing this way of calculating an arbitrary output, yk, equation (5.11)
can be formulated.

yk = Fo

{
h∑

j=0

[
wkj(n)Fh

( m∑
i=0

wji(n)xi(n)
)]}

(5.11)

When the outputs of the final layer of the network are calculated, it is compared
with the desired output, dk(n) to find the error between the calculated and the
measured value, see equation (5.12). This is called supervised learning, i.e.
the input-output patterns are known and by comparing the calculated outputs
with the measured outputs, the network can be trained to correspond with
measurements.

ek(n) = dk(n) − yk(n) (5.12)

To minimize this error the weights have to be updated (i.e. the network has
to be trained), and a learning algorithm is required for this. A learning algo-
rithm, which often is used when working with multi-layer, feed-forward neural
networks, is the backpropagation algorithm, as mentioned earlier, which will be
further investigated in the next section. One prerequisite of the activation func-
tions when using backpropagation for training the network, is that they have
to be differentiable. This is due to the fact that the backpropagation algorithm
utilizes the delta rule.
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5.4.1 Backpropagation learning algorithm

When the forward pass and the error signal has been calculated in equa-
tions (5.7)–(5.12), the time has come to propagate the error back through
the whole network, utilizing gradient descent. The instantaneous value of the
cost/error function based on the error signal is as shown in equation (5.13), and
it is this value that is to be minimized. N equals the number of patterns used
for the network training.

Eav =
1

2N

N∑
n=1

∑
k

e2k(n) (5.13)

The updating of the weights are assumed to be proportional to the gradient
descent of the error function, which are used in the backpropagation, is defined
as in equations (5.14) and (5.15). η that follows below in the equations is the
learning rate (between 0–1).

∆wkj = −η ∂E

∂wkj
(5.14)

∆wji = −η ∂E
∂wji

(5.15)

The differentiation of the cost function now has the appearance as shown in
equation (5.16).

∂E

∂wkj
=

∂

∂wkj

{
1

2N

N∑
n=1

∑
k

(
dk(n) − Fk

(
sk(n)

))2}
(5.16)

When calculating the weight update of the connections between the input and
the hidden layers, the chain rule has to be applied to equation (5.15), giving
equation (5.17).

∂E

∂wji
=
∂E

∂yk

∂yk

∂yj

∂yj

∂wji
(5.17)

After the calculations of all these derivatives, the local gradients, δ, used in the
updating are stated in equation (5.18) for the matrix between the output, and
the hidden layer and in equation (5.19) for the matrix between the hidden and
the input layer.

Weight correction of the weight matrix between the output and the hidden layers

∆wkj = η
1
N

∑
n

δk(n)yj(n) (5.18)

δk(n) = ek(n)F ′
k

(
sk(n)

)
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Weight correction of the weight matrix between the hidden and the input layers

∆wji = η
1
N

∑
n

δj(n)xi(n) (5.19)

δj(n) = F ′
j

(
sj(n)

) ∑
k

δk(n)wkj(n)

Both of the updating equations stated above are valid for batch training. Batch
training implies that all patterns, i.e. all input–output pairs, are introduced to
the network before any updating of the weights is carried out. This introduction
of all patterns is also called one epoch. If on-line updating is required, i.e. the
weights are updated after each pattern introduced to the network (sequential
updating); the equations then become as shown in equations (5.20) and (5.21).

∆wkj(n) = ηδk(n)yj(n) (5.20)

∆wji(n) = ηδj(n)xi(n) (5.21)

When the weight updates have been calculated, the only thing left to do is to
update the connections, which is done according to equations (5.22) to (5.25).

Batch updating

wkj = wkj + ∆wkj (5.22)

wji = wji + ∆wji (5.23)

Sequential updating

wkj(n+ 1) = wkj(n) + ∆wkj(n) (5.24)

wji(n+ 1) = wji(n) + ∆wji(n) (5.25)

As can be seen in these updating equations, when batch training is performed,
the weight matrices are not updated until all patterns have been introduced
to the network. For the sequential training, the weight matrices are updated
after each introduced pattern. The major difference between the two is the time
aspect. The batch training is faster than the sequential training.

The backpropagation method is, of course, also practicable when more than
one hidden layer is present. In the next section a brief explanation is given to
the training and validation of MLPs utilizing the backpropagation algorithm.
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Figure 5.3: Two-dimensional schematic illustration of the error surface.

5.4.2 Training and validation of the network

The objective of training an ANN is to find the optimum generalized solution
to the current problem by updating the weights. To find this optimum solution,
the global minimum has to be found for the error function. Utilizing gradient
descent, as in the backpropagation algorithm, will optimize the network for every
new epoch and minimize the squared error. However, on the error surface there
is only one global minimum, but a number of local minima, which is visualized
here in two dimensions in Figure 5.3.
An MLP has the capability to handle almost any task within pattern recognition
and function approximation. The limiting factor is the training procedure and
the quality of the data used for the training. In this section, a discussion will
be carried out regarding the training of a network utilizing the backpropagation
algorithm. In section 5.4.5, the acquisition and pre-processing of the data in
general are further discussed.

In the case where no hidden layer is present at all, i.e. only a single-layer
neural networks is used, this type of network can only solve linearly separable
problems. When introducing one or more hidden layers to the neural network,
the decision boundary becomes a hyperplane instead of a line, see Figure 5.4.
When utilizing three or more hidden neurons, it is possible to create a surface,
and thereby classification problems as the one shown in Figure 5.4 are solvable.
In the system of coordinates to the right in Figure 5.4, both a general (h = some)
and an over-trained (h = too many) solution to the classification problem are
shown. By choosing too many hidden neurons in the hidden layer, the ANN
solves the problem too well and the generalization is lost. This over-trained
solution is not the desirable one; the generalized solution is however. How
many ’some’ neurons are, is dependent on the nature of the task and also on
how many epochs for which the network is trained. The whole issue is a trial-
and-error procedure where the experience of tuning parameters like the learning
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Figure 5.4: Visualization of the change in decision boundary when changing the
number of hidden units (h).

rate, η, momentum, α3, etc. is decisive regarding how fast an acceptable solution
is reached.

5.4.3 Validation methods

As discussed earlier, the training process is a trial-and-error procedure, where
experience (of the person(s) training the network) has a large influence on the
outcome of the training. However, even more important is the validation method
when trying to optimize the network.

The simplest validation method, which is not to be recommended, is the one
where all available data is processed during the training, i.e. Dtrain = Dtotal,
where D represents the data set. The training error obtained in this way is
probably very low since the number of epochs chosen could be very large and
the number of hidden neurons could also be large. The generalization error is
set equal to the training error as can be seen in equation (5.26). This method
disregards the fact that the network could be over-trained and not a general
optimum solution.

EG = Etrain (5.26)

A slightly more sophisticated method is the early-stopping method where the
available data set is split up into two arbitrary shares. For example, two-thirds
of D can be used for training and the remaining, one-third can be used as a test
set for validation.


Dtrain = 2

3Dtotal

Dtest = 1
3Dtotal

3Momentum is further explained in section 5.4.4.
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The trick here is to stop the training when the lowest validation error occurs,
i.e. stop (at least in most cases) before the convergence goal has been reached,
see Figure 5.5.
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Figure 5.5: Illustration of the early-stopping training method.

The explanation for this behavior of the validation error (or test error) is that
after that point where the validation error reaches its minimum and starts to
increase again, the network is starting to pick up the noise and behavior of
outliers in the training data and is thereby getting over-trained [41].

However, both of the above validation methods are a way of ’cheating’ since
the network training is being manipulated along the way for the best result. A
more acceptable method to train and validate the network is the cross-validation
method. In this method, the total data set is first split in the same way as for
the early-stopping method, i.e. a training set and a test set. The training set
is then divided into a smaller training set and a validation set. Once again the
split ratio is arbitrary, and an example is shown in equation (5.27).




Dval = 1
3

(
2
3Dtotal

)

Dtrain = 2
3

(
2
3Dtotal

)

Dtest = 1
3Dtotal

(5.27)

Here again the validation set is used for the optimization of the network. The
generalized error, however, is now established by the test set, which contains
data that the network has never seen before. Showing this error as a measure
of the network potential is more fair than the other two examples. This is also
the training and validation method used in Papers III, V, and VI.
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5.4.4 Improvement of the backpropagation training

Improving the backpropagation training can be done in many ways and with
varying complicity. The fundamental backpropagation learning was to minimize
the squared error function stated in equation (5.13) by utilizing gradient descent.
The gradient method, however, has a slow convergence because of its stochastic
nature, i.e. it zigzags its way to the minimum. It is therefore of great importance
to choose a suitable value for the learning rate, η (often between 0–1). A too
high η can contribute to an oscillating movement when the error is close to
the minimum. By choosing a low learning rate, the oscillation will not appear.
However, the convergence will now be slow because of the minor steps toward a
solution, i.e. the gradient is of a small magnitude and many iterations have to
be carried out before the minimum is reached.

A way of dealing with the problem discussed above is to add a momentum
term to the updating of the weights, see equation (5.28).

∆W(n) = −η ∂E

∂W(n)
+ α∆W(n− 1) (5.28)

This enhanced gradient descent both smoothes out the oscillations for high
ηs and accelerates the learning process when the learning rate is low. If the
change of the gradient is low (approximate that the gradient is unchanging),
the momentum term contributes to a higher change of the weights, and thereby
the minimum error reached is faster, see equation (5.29) [11].

∆W(n) = − η

1 − α

∂E

∂W(n)
(5.29)

When the gradient has a high value, the momentum term has the opposite effect
and the updating of the weights become smaller. However, introducing another
arbitrary parameter to the learning algorithm does not make the task of locat-
ing the minimum error easier, since there are now two parameters that have to
be chosen by trial-and-error.

The use of a momentum term is an improvement to the gradient descent,
but still this first-order method is not the optimum solution for error correc-
tion. Another more sophisticated way of updating the weights is to introduce a
second-order term of the error correction, also called the Hessian matrix. One
second-order method that utilizes the Hessian matrix is the so-called Newton’s
method. Combining the accuracy in direction, which gradient descent pro-
vides, and the faster, more direct second-order method (Newton’s method), is,
of course, of interest. This combination has become a reality in the Levenberg-
Marquardt (LM) algorithm stated in equation (5.30) [11],

Wnew = Wold − (H − λI)−1∇E(Wold) (5.30)

where I denotes the unit matrix. When λ, which represents the step size, is
small, the LM-algorithm equals the Newton’s method, whereas a small λ leads
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back to the gradient descent algorithm. Utilizing this method in the best manner
would be to start with a large value, and when it is obvious that the error
function is decreasing, lower the value of λ to speed up the process.

5.4.5 Pre-processing of data

The data could be of any magnitude and quality when it is collected from sen-
sors, for instance a temperature of 1000◦Cor more and a pressure of 1 bar. (This
difference in size will force the weights to also differ in size if the different mea-
surements are to be equally accounted for.) It is therefore standard today to
normalize the data to fit the activation functions so that no numerical inaccura-
cies are decisive for the outcome of the network. A commonly applied method
of normalization when utilizing feed-forward neural networks is a uniform dis-
tribution according to equation (5.31) [11,59],

x̃i =
xi − xmin

xmax − xmin
(5.31)

where x̃i denotes the normalized input, xi equals the actual input value, xmin

and xmax represent the minimum and the maximum values, respectively, among
the inputs. When utilizing this linear normalization, it is also of great impor-
tance that the initialization of the weights is of the same magnitude, i.e. values
of the order unity. However, this linear normalization is not useful for all prob-
lems. As shown in the case study by Mesbahi [59] where an ANN was built
to represent the Moody diagram, the wide range of the input values (relative
roughness and Reynolds number) made it difficult for the network to distinguish
between patterns in the near-zero area. This near-zero area is very important
for the friction factor (the output), since it is here that the change from laminate
to turbulent flow occurs. To get around this problem, a non-linear, pre-process
layer was presented, utilizing the asinh(x) function [59], which provides the
network with a more uniform distribution of the input values between the sat-
uration limits (for instance, between 0 and 1). It was found in this case that
the use of the asinh–function in the normalization always generated a lower
generalized error and sped up the network during the training, independent of
how many hidden neurons were used [59].

Before even starting to use and normalize any acquired data, it is impor-
tant to know that the sensors providing the values of measured quantities are
reliable. This means that some sort of sensor validation is necessary. It is also
important to decide which data to use and to what extent. In Paper VI, there
were data from three months with a log time of six seconds. This provides the
data analyst with over a million data patterns. Even if this could be considered
as a perfect situation when training a neural network, this is not the case. The
most coveted data sets are the ones that have a wide spread, for example a wide
range in ambient conditions for heat and power plants, rather than 1000 data
points for the same ambient conditions. In any case, when a vast amount of data
patterns are available, some kind of pre-processing of this data has to be carried
out. In Paper VI, only one pattern every ten minutes was chosen, but there are
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also other methods that can be used. One discarded method in Paper VI was
the use of a mean value over a fixed period of time, since this leaves out the
maximum and minimum values in the data sets. This would eventually lead to
a neural network that has to extrapolate a number of entering data patterns,
which probably would lead to large errors.

5.4.6 SOFC performance prediction with ANN

In this case study, which is discussed in detail in Paper III, a feed-forward multi-
layer neural network is programmed to predict performance maps for a single
planar SOFC. The decision to perform this rather low-level task was made since
the available physical model required a manual iteration phase, which was very
slow, to produce one operation point. Additional incentive to build an ANN-
based SOFC simulator was the fact that this tool could be a helpful device during
experiments. To be able to cut down the number of experiment arrangements
to a minimum, and to utilize ANNs to predict operation points between the
measured ones, would save both time and money.

The data used to train the network was extracted manually from a finite
volume element model built by Selimovic (for further information see [76]), one
of the authors of Paper IV. The input and output parameters chosen for the
performance simulator are shown in Figure 5.6.
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Figure 5.6: Chosen neural network for the prediction of the characteristics of
an SOFC

The data set was linearly normalized before the network was trained with an im-
proved version of the backpropagation algorithm, e.g. the Levenberg-Marquardt
algorithm. During the training, half of the extracted data sets were used as a
training set and half of them as a validation set. In addition to these two data
sets, occasional operating points were acquired from the physical model and
used as a test set to cross validate the network. The whole training procedure
was carried on, altering the number of hidden units (in the only hidden layer)
and the number of epochs, i.e. how many times the whole data set was passed
through the network. This trial-and-error process resulted in the solution that
when using eight hidden neurons, the lowest error for the test set was obtained.
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One observation that was made during the training procedure was that the net-
work was very easily over-trained if the number of hidden neurons exceeded ten.
As a comprehensive conclusion it can be said that the type of ANN used here
has the ability to produce the performance maps for the SOFC, which oth-
erwise is very hard to describe by physical and chemical relationships. The
calculations here were carried out only for one single cell, as mentioned earlier.
However, there is a potential for utilizing this fast statistical method to describe
an SOFC stack (many cells connected to each other), which is a task not yet
achieved satisfactorily, with the physical mode.

5.4.7 Hybrid modelling of the EvGT plant

In Paper V an investigation was made regarding the integration of an ANN
into a physical model. The application chosen for this task was the EvGT.
This choice was made for two reasons; A) the humidification tower present in
the plant is difficult to model with physical relationships, and B) reliable mea-
surement data was available. The objective of this study was to show that it
is possible to integrate the two different tools, and that this will improve the
calculation time as well as the accuracy of the model.

The physical model of the entire EvGT-cycle was built on heat and mass
balance calculations coded in C++. The ANN model was a multi-layer, feed-
forward neural network of the humidification tower alone. The ANN model inte-
grated in the physical model was a denominated hybrid model. When building
and training the ANN, a slightly different approach had to be used regarding
the choice of input and outputs. Normally choosing the outputs is done arbi-
trarily by the network designer. Any output that is of interest for the user of
the ANN can be modelled. In this case study the final ANN had to be coupled
to the next component in the heat- and mass-balance program, which was of
the sequential modular type. The same argument is valid for the inputs to the
ANN model, i.e. there are a number of outputs from the previous components.
The values used in the heat- and mass-balance calculations are furthermore ab-
solute values and not normalized ones. This means that the normalization and
denormalization processes that precede the ANN also have to be included in the
ANN module. This is not a problem since these normalization/denormalization
vectors, together with the fixed weight matrices of the trained ANN, all can be
included in a procedure called upon in the program of the hybrid model.

The results obtained in Paper V showed that this hybrid model was supe-
rior to the plain physical model, both regarding calculation time and calculated
values.

5.5 Summary

As mentioned in section 5.2, multi-layer, feed-forward neural networks are a
commonly-used type of ANN for engineering applications. Here a summary of
the information-flow and the advantages/disadvantages of the tool is given.
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Artificial neural networks is a tool that has entered the analysis process of ther-
mal systems more frequently in the 1990’s, and is thereby one of the youngest
tools presented in this thesis. One of the reasons for this late entrance is the
development of computers, which is almost a necessity when performing system
analysis. This tool has proven to be useful when mathematical modelling with
for example heat and mass balances has failed. This is due to the fact that an
ANN does not need to have closed heat and mass balances. What ANN need,
however, are data for training, and then preferably measurements from the ther-
mal system that is being investigated. It is possible to utilize modelled values
from HMBPs or other programs for training, but it should then be remembered
that any faults or mistuning present in the modelling software will also occur in
the ANN. This means that an ANN could never be better than the data with
which it is trained.

ANN, which is a data-driven tool, can be applied to any process as long as
data is available. When the network has been trained, which is a trial-and-error
procedure, it can predict the behavior of the process. Depending on the quality
and range of the data, interpolation is possible within this range, as well as
extrapolation within reasonable limits. Any extrapolation, however, has to be
handled with care since the process pattern outside the data range is unknown
to the ANN.

ANN is a tool that could be used advantageously for process identification,
but also for fault diagnosis, sensor validation, and on-line monitoring. In this
thesis, only the multi-layer feed-forward type of ANN has been investigated,
since this is proven to be useful for process identification and non-linear regres-
sion. ANN can be considered as a reliable tool that provides results that are
repeatable to some extent. If the same training data is used by two different
analysts, they will probably both end up with an ANN that produces accurate
results. The architecture of the ANN can vary though, since there are a number
of solutions that can work depending on the number of training epochs and the
number of hidden neurons.

This method also has some drawbacks. If data of the thermal system under
consideration is not available, it is impossible to build an ANN. Also, if the sys-
tem is altered in any way, e.g. exchange or addition of components, the present
ANN has to be retrained with new data, including this altering.





Chapter 6

Combination of Methods
and Tools

In Chapters 3–5, eight methods and tools were described and evaluated sepa-
rately regarding, among other things, their information values. The author’s
opinion on these methods and tools regarding their objectivity (repeatabil-
ity)/subjectivity (non-repeatability), maturity/immaturity, and physical/data-
driven character are summarized in Figure 6.1.

This figure is presented to give the reader an insight into the quality of the
information these methods and tools provide. However, even if a method/tool
is subjective this does not mean that it is inadequate for analysis of thermal
heat and power plants. But it does require that the user of this method/tool
handle the results with care, and put them into perspective with regard to the
underlaying data and motive. Knowing if a method/tool is mature or not gives
the reader an understanding of its present value in the analysis ’market’. The
maturity is often a function of the time that has passed since the method/tool
entered the analysis arena.

However, in the business climate for utilities today, it is not enough to utilize
only one of the methods or tools to obtain the best and most reliable analysis,
considering the boundary conditions discussed in section 2.6. A combination
of two or more analysis tools are necessary to take all these delimitations into
account, since at the moment there is no universal tool available.

Each method and tool has its own advantages and disadvantages, and since
each provides different parts of the total information that is needed, it would
be convenient to utilize them in combinations. The question at hand is; How
is it possible to make the best analysis with these available methods and tools?
The issue of future evaluation is discussed below in section 6.1, and tries to shed
some light over this question.

75
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Figure 6.1: Characteristics of the tools presented in this thesis.

6.1 Future evaluation of thermal systems

The methods and tools discussed in this thesis all include more or less com-
puterized calculations. If a combination of these tools are to be considered it
would be convenient to have one universal tool or a calculation deck where all
the tools are connected. In Figure 6.2 an example of what this calculation deck
could look like is given.

The idea behind the Main Evaluation Deck (MED), a name chosen to by the
author, is to have the possibility of evaluating a thermal heat and power plant
on a module basis. The inspiration here is the structure of HMBPs, and one of
the goal with this evaluation deck is for it to have a general and user-friendly
structure. Inputs to the MED are component characteristics, such as compo-
nent size, and required stream values from a technical evaluation deck (TED).
The TED could for example be an HMBP with additional packages for exergy
and pinch analysis, or it could be an ANN. The technical data calculated in the
TED is to be used in the subsequent economic and/or environmental calcula-
tions.

To more easily picture the structure of the MED, the path of a heat ex-
changer (Hex) is followed. The first thing to be determined in the Hex-module,
by the user, is the size of the Hex. The meaning of size depends on the compo-
nent, i.e. heat transfer surface for a heat exchanger, power output for turbines,
etc. This size is then used for economical scaling and/or for mass assessment
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Figure 6.2: Example of a main evaluation deck for the overall analysis of a
thermal system.
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for the environmental evaluation. The scaling variable for the heat exchanger
in the economic evaluation is the surface area, but also the design of the heat
exchanger (shell and tube, flat plate, etc.). If only a rough estimate of a thermal
system is to be made, there should be a default-module available that could be
utilized for each component-module (M1, M2,..., MN). When these parameters
are set, an economic database could be used to estimate the cost related to
the heat exchanger. This database should contain not only investment costs,
but also costs related to O&M, environmental costs like electrical certificates
and emission trading (present and forecasts), fuel costs (present and forecasts),
etc. This economic layer then provides the user with an economic evaluation of
the total thermal system, when all modules are added up. Proceeding to the
environmental calculation layer, the material composition of the component is
chosen, or a default component with given material composition (in mass frac-
tions is used for the calculation. As is the case with the economic calculations,
the environmental layer also has a database. This database is similar to the one
in commercial LCA programs, where the process trees of production, operation
and waste management are enclosed. The environmental impact or exergy de-
struction of different raw materials and fuels should be stored in this database,
together with impact categories and weight indices for different emissions.

Using this kind of evaluation deck, all three boundary conditions are con-
sidered, as well as the production and the operation phase of the lifecycle of
the thermal system. This type of evaluation should be easy to handle and the
module-structure would entail this. The structure of the entire deck should also
be open with possibilities for the user to investigate the included parameters,
as well as having the opportunity to introduce new parameters if necessary.

There could of course be a number of different ways of building this type of
evaluation deck and the one suggested here is to be considered as an example.
One idea to the structure proposed here is that it should be possible to use this
type of program for optimization. This means that it should be programmed
in a way that makes it possible to include the MED in an iterative loop, i.e.
setting up a thermal system in the TED and calculating the technical variables,
proceeding to the economic and/or environmental calculations, and ending up
with a result which is to be compared to preceding system constellations, see
Figure 6.3. It should also be possible to choose if only one out of the two layers
is to be activated.

6.2 Additional values

In Chapter 3.2, a focus was set on the investment situation for putting the eight
tools into perspective. However, there are naturally other decision-making situ-
ations that utilities could encounter. Examples of these situations are long-term
strategic planning (for example the assembly of plant arsenal or fuel and prod-
uct mixture for the future) and, condition monitoring and fault diagnosis of
the existing plants. In Figure 6.4, a number of decision-making situations are
exemplified together with examples of adherent questions that appears.
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Figure 6.3: Example of schematic optimization procedure with MED.

To answer these questions with the help of analysis methods and tools, combi-
nations have to be made. In Table 6.1 some examples of combinations are listed
together with the situations they can be used in, and what additional value that
they contribute.

The number of combinations of the tools described in this thesis could be
many, but of course the objective of combining them is to contribute some ad-
ditional value. The combination of energy analysis and engineering economics
is perhaps the most obvious that has been used for several decades, since in the
end it is the profit that is of interest for the owner.

For the thermal plant to be profitable, the economic costs naturally have to
be less than the sales price of the product. As the technology has evolved, with
more and more complex constructions over the years, this has lead to the fact
that there is a point of break-even between efficiency and reliability/availability
of the processes. This point of break-even is for the purchaser to decide, but the
deregulated electricity market has been conductive to the fact that reliability
and availability is treasured more than the last percentage point in efficiency.

The second most obvious combination of methods and tools is the com-
bination of exergy analysis and thermoeconomy, which gives the analyst the
possibility to find irreversibilities within the system and also assign a cost to
these exergy destructions. However, the discussion about avoidable and un-
avoidable exergy destruction should be kept in mind for a more fare rating of
the components. This combination is suitable both for pre-design and for eval-
uation of existing plants.
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Figure 6.4: Decision-making situations and examples of adherent questions for
utilities.

Both of the combinations mentioned above do not say anything about the en-
vironmental impact that the heat and power plants comprise. As an example,
consider the combustion calculations carried out in energy and exergy analy-
ses. Often stoichiometric combustion is assumed, which involves no presence of
unburned hydrocarbons, carbon monoxide or nitrogen oxides. This is of course
not the case for actual heat and power cycles. Then, to be able to estimate
these emissions, measurements, or more detailed combustion calculations have
to be carried out with for example computational fluid dynamics (CFD). LCA
can be used to estimate the environmental impact that these emissions have, as
well as the impact of production and waste management of the components. As
mentioned earlier in chapter 4 this was done in Paper I, where a life cycle assess-
ment of the solid oxide fuel cell (SOFC) was performed. However, this study did
not comprise any economic calculations. To contribute to a sustainable society
and a healthy environment includes the requirement of the life cycle perspec-
tive. Another interesting subject that could be discussed is the use of biomass
and wood as fuel. In most LCAs made, where biomass is used as fuel, the as-
sumption is made that this renewable fuel is bought from the local or regional
area. However, the consumption of biomass in Sweden has increased due to,
among other things, political incentives in the form of investment subsidies for
bio-fuelled cogeneration. This has lead to an increased import of biomass, even
transatlantic imports. This type of transportation involves CO2 emissions since
these ships are fuelled with fossil fuels. To then say or assume that biomass-
fuelled cogeneration plants are CO2 emission-neutral would not be valid in this
case.

Also the combination of exergy analysis, thermoeconomy and ELCA take all
three boundary conditions, discussed in section 2.6.3, into consideration. How-
ever, this type of combination does not provide the analyst with any information
about how the environment is impacted.
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In the Papers II, III and V, comparisons are made between heat and mass bal-
ance programs (both commercial and in-house code) and neural networks. In
Paper V a combination of the two is also made. It has been possible to demon-
strate the trustworthiness and the usefulness of both HMBPs and ANNs sepa-
rately, as well as the combination of the two. In the paper by Arriagada et al. [3]
it has also been demonstrated that by utilizing an HMBP and fluid dynamic
programs for the calculation of common faults for a gas turbine, these values
can be used to train an ANN and hereby a fast and useful monitoring and fault
diagnosis program is obtained.

There are naturally more combinations that can be made with the methods
and tools mentioned (and others not discussed) in this thesis. One example of
an interesting combination is the simulation tool denominated ORWARE, de-
scribed in [31]. This tool is used within waste management and it calculates
substance flows, environmental impacts, and costs of waste management [31].
This is an example of a realization of a simulation tool that considers all the
three boundary conditions, and provides the life-cycle perspective.
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Table 6.1: Additional values when combining two or more methods and tools.
(EnA: Energy Analysis, Eco: Engineering economics, ExA: Exergy Analy-
sis, TEco: Thermoeconomy, PA: Pinch Analysis, LCA Life Cycle Assessment,
ELCA: Exergetic Life Cycle Assessment, ANN: Artificial Neural network)

Combination Situation Additional Value
EnA+Eco+LCA Pre-design All boundary conditions are consid-

ered.
ExA+TEco+
ELCA

Pre-Design All boundary conditions are consid-
ered.

EnA+ExA+PA Pre-design Optimization of heat exchanger net-
work, where second-law considera-
tions are accounted for, and thus re-
stricts the number of possible solu-
tions.

EnA+Eco Pre-design,
Operation
planning

Useful when estimating costs related
to the investment in a new plant and
what risk that this investment in-
volves. Economical operation plan-
ning with consideration taken to for
example off-design and part-load be-
havior.

ExA+TEco Pre-design,
improve-
ment

Exergy analysis and thermoeconomy
provide the irreversibilities and their
related costs, as well as the costs of the
products. This is suitable both at an
investment situation and at improve-
ments of an existing plant.

ANN+EnA Improvement Provides the possibility of a reliable
and fast CMS. This combination is
also possible to use for fault diagnosis
that becomes more secure and accu-
rate with two methods (both in paral-
lel and separately). HMBPs can also
be used to produce fault data for the
ANN training.

ANN+Eco Operation
planning

Using ANN as a monitoring device,
using for example emissions and fuel
and water flows as to estimate and be
derive economic parameters, useful for
a cost-effective operation.



Chapter 7

Concluding Remarks

The objective of this thesis was to provide assistance to analysts of thermal sys-
tems for the choice of tools available to the them at different decision-making
situations. To fulfill this objective, eight different tools have been surveyed and
evaluated to reveal what information they provide, both individually and in
combination, to the user. Hereby their usefulness, advantages and disadvan-
tages are exposed. This thesis can be looked upon as a manual for a toolbox
containing eight tools. Each tool is intended to provide certain information to
the user, and by knowing the information an analysis can be carried out in a
fast and accurate way with the correct tool. To also be able to combine differ-
ent tools, attaining additional values, can give the analyst an advantage at any
decision-making situation.

The motivation of presenting all these tools and there combinatorial values
is that over the last decade or so, the climate on the energy market has changed
dramatically. The deregulation of the electricity market and the globalization
of environmental problems has changed the technical and economic boundaries
of a thermal system, but also added a new boundary, namely environmental
issues. In order to have a low-risk investment all of these boundaries have to
be taken into consideration, and today there is no single tool that can do all
this alone. According to the author, it is a necessity to combine tools in future
decision-making situations in order to grasp the big picture.

The tools investigated here are of different maturity and the degree of ap-
plication varies extensively today. A question that arises the is; why have some
tools had more difficulties to penetrate the decision-making process? The most
frequently-used tool for analyzing thermal systems is energy analysis. This tool
give the analyst answers to questions like what products does the system pro-
vide and in what magnitude, what is the fuel utilization and the efficiency of
the system? These questions are of interest, since they give foundations to an
economic evaluation of the system. In the end of the day, the thermal system
has to be profitable for anyone to purchase and utilize it.

However, the energy analysis does not say anything about irreversibilities
within the system. If an existing thermal plant is under the microscope with
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a specific constellation and efficiency and a retrofit or improvement is consid-
ered, which part of the process can provide the owner with the most cost- and
environmental-saving if exchanged? Since all irreversibility involves unneces-
sary use of resources and thereby also unnecessary costs and impoverishment
of the environment, this is of course an interesting parameter to study for each
component or part of the system. This is done in an exergy analysis. In an
exergy analysis the activity is always related to the surroundings, i.e. our en-
vironment. The exergy efficiency provides the analyst with information on the
quality of the energy conversion, and hence gives an idea of the theoretical work
that is possible to achieve with a particulary system. Possessing this knowledge
can contribute to savings and quality thinking. The irreversibility or exergy
destruction can also be price-tagged, which is done when performing a ther-
moeconomic analysis. By dividing the investment cost, the O&M cost, and the
fuel cost for each component to the incoming and outgoing streams, both the
exergy destruction can be given a cost, but also the outgoing product streams
are given a production cost. The latter distinguishes thermoeconomics from
engineering economics. In engineering economics only an average production
cost is calculated. There is no possibility to say what production cost that heat
and electricity have, respectively in a CHP plant.

Neither energy analysis nor exergy analysis, however, says anything about
the environmental impact that the system has, except perhaps what emis-
sions are discharged during operation of the thermal system. Many manu-
facturers and owners of thermal systems today have or are planning to intro-
duce environmental-management systems. This of course puts pressure on an
environmentally-friendly enterprise. Governments all over the globe are intro-
ducing environmental policies and legislation. These all have to be fulfilled to
stay in business. Fees and taxes have been introduced to suppress emissions and
waste, but is this enough to provide a sustainable society? The limits of differ-
ent emissions are getting stricter every year and subsidies to guide developers in
certain directions are among the measurements that have been introduced. To
keep up with the environmental legislation, fees, and taxes, any analyst should
try look thoroughly into the system affairs. One way of doing this is to perform
an LCA, which considers the whole lifecycle of a process and not just the oper-
ation phase. The information given can be used to foresee any future problems,
such as waste treatment after dismantling the process. To just get a hint of
what environmental impact a thermal system has or will have over its lifetime,
an ELCA can be performed. This does not provide specific information on what
part of the environment that is impacted, only the amount of exergy destroyed
along the way.

All tools discussed so far, rely on the fact that it is possible for the analyst
to model a thermal system with physical relations. This is often the case at
a design stage on paper, but does this imply that the models also are applica-
ble to reality? A data-driven method such as ANN can be utilized to confirm
mathematical models and also for monitoring and fault diagnosis of the thermal
system in operation. To purchase a system where everything has been thought
of regarding technology, economics and environmental issues, and then have a
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monitoring system that does not comply with the best operational strategy is
out of the question. Safe operation give a high reliability and availability, lower
O&M costs and less resource use, and the emissions can be kept to a minimum.
To say that ANN is the best and only way to achieve this would be misleading,
but the potential of this tool is vast. Combining it with HMBPs for instance can
offer a monitoring system of great power and fast execution time. This could
keep track of all the boundaries, technology, economy and environment.

As a final word it must be said that each tool has special qualities, but when
combined they provide higher security regarding results and also the compre-
hensive view that is required today.





Chapter 8

Future Work

Considering all the methods and tools that have been reported in this thesis, a
natural task that arises is the formulation of a universal tool. However, accord-
ing to the author’s opinion, this type of tool will be very difficult to develop. The
best way to go is probably to develop a program with an interface connecting
the tools available today, similar to the main evaluation desk discussed in sec-
tion 6.1. One advantage of using these known tools is the trust in the familiar,
which will provide a greater acceptance. The programming of this ’universal’
program will not be the major difficulty here, the databases, however probably
will. Building databases introduces questions about the data. The data will
always be questionable regarding quality. Questions such as; when are the data
acquired?, who has acquired or produced them?, and how general are the data?,
can jeopardize the trustworthiness of the database.

The major part of a future work would then be to put together databases
which would require involvement of a number of experts within technology,
economy and environmental issues.
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Chapter 9

Summary of Papers

Paper I Life Cycle Assessment of a Solid Oxide Fuel Cell Integrated with a
Gas Turbine was presented and published at the ASME International Mechan-
ical Engineering Congress and Exposition’00, Orlando, Florida in November
2000.

In this paper, the framework of ISO 14040–43 was used to assess the total
environmental impact during the whole life-cycle of the SOFC integrated with
a small gas turbine. The results obtained in this paper show that the oper-
ation phase contributes with fewer discharges to the surroundings than many
other power processes. This is mainly due to the high efficiency. Regarding
the production of the components, which include extraction of ores, refining
of materials, intervening transports, etc.; this phase contributed substantially
to global warming compared with other configurations of power plants. It is
therefore important to investigate this phase more carefully, when working with
ceramic materials in power plant components. For the SOFC/GT process to be
competitive with other power processes, the discharges during the construction
phase have to be lowered. This will probably occur quite naturally since the
design of the SOFC is getting more compact, and when the product is commer-
cialized, the manufacturing processes will be more energy efficient as well.

Paper II A Novel Correction Technique for Simple Gas Turbine Parameters
was presented and published at ASME Turbo Expo 2001, New Orleans, USA,
in the summer of 2001.

In this paper, an ANN had been developed to model a simple gas turbine
(VT600) for which data was available for different ambient conditions and for
varying loads. The performance maps generated by the ANN have been com-
pared with the normalized experimental data and with the calculations carried
out in two commercialized HMBPs (IPSEpro� and Prosim�). When com-
paring the results of the ANN, it showed a good consistency with the results
produced utilizing physical modelling. The work as a whole showed that ANN
is a very powerful tool that can handle predictions of performance maps and
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data normalization can easily be carried out using these generated maps.
The author carried out the heat and mass balance calculations using

Prosim�.

Paper III Artificial Neural Network Simulator for SOFC Performance Pre-
diction was published in the Journal of Power Sources, 112 (2002), pp. 54-60.,
Elsevier Science.

This third paper describes the use of a multi-layer, feed-forward neural net-
work for the prediction of the performance maps (also called I-V characteristics)
of an SOFC. The data sets used for training the network was acquired from a
physical model (finite volume element model), which has been validated against
other models in a benchmark test. In the future, experimental data is prefer-
able, but these data sets were not available at the time the ANN simulations
were carried out, utilizing the physically-modelled data.

After the training of the ANN, the I-V characteristics generated by the ANN
showed a good consistency with the physical model for both of the investigated
fuels (hydrogen and methane). The average errors were all below 1% which
must be considered satisfactory. On the whole, the use of ANN to predict the
behavior of the SOFC must be considered a success. Use of this tool in a future
experimental stage of the SOFC stack could save both time and money.

The data acquisition and the programming of the ANN simulator was car-
ried out by the author and Jaime Arriagada. The analysis of the results and
writing of the text was done by all authors together.

Paper IV Energy, Economy, Exergy, Thermoeconomy and Environmental
Methods - an overview of the field of application within power plant design is in
press to be published in the Iranian Journal of Science and Technology, 2003.

High efficiency, environmental friendliness, low operation and maintenance
(O&M) costs, and lowest possible impact on the environment are some of the
requirements of sustainable energy production. In the selection of new power
generation systems, a number of steps have to be taken in order to meet these re-
quirements. Here, the first law analysis has been implemented and investigated,
followed by a combination of the first and second law analyses (exergy analysis),
and thermoeconomics. Finally, an exergetic life cycle assessment (ELCA) has
been carried out for two different power cycles to show how the irreversibility
of a process is coupled to environmental issues.

The study involves two cycles, a two-pressure level combined cycle and a
humid air turbine cycle, to demonstrate the usefulness of the three methods
mentioned above in a pre-purchase situation. The main goal of this study was
to point out the advantages and difficulties related to the implementation of
each and every method, and to identify the target groups that can gain knowl-
edge and information by using these methods. Since the operators of power
plants often do not have access to detailed information about component ma-
terials, characteristics, etc., of the power cycle, assumptions have to be made
when comparing different cycle configurations with each other. These limited
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types of data and information have also been used here to create a plausible
scenario for how different pre-purchase methods can differ from each other.

The calculations and the writing of this paper were carried out by the au-
thor. The analysis of the results was carried out by all the authors together on
an equal basis.

Paper V Hybrid model of an Evaporative Gas Turbine Power Plant Utilizing
Physical Models and Artificial Neural Networks was presented and published at
ASME Turbo Expo 2003, Atlanta, USA, in the summer of 2003.

This paper was mainly written to show the simplicity of integrating an arti-
ficial neural network (ANN) into a program founded on heat and mass balances.
Having the opportunity to utilize two methods and strengthen the accuracy of
the result is of special importance to the future operation and maintenance of
the power plant. This additional certainty could also lead to a less environmen-
tal impact since condition-based maintenance may be used instead of the more
common maintenance which is scheduled in time. By replacing parts when nec-
essary and preventing faults, and by having a fast and accurate process model,
the consumption of material and components can be lowered.

The integration of an ANN into a physical model is called a hybrid model
in this paper. The type of ANN used in the hybrid model is a multi-layer,
feed-forward neural network which has proven to be a fast and reliable tool
for process identification. The physical model is a heat and mass balance pro-
gram written in C++. The process that was chosen for this case study is the
evaporative gas turbine (EvGT) cycle, since there has been some difficulties to
physically model the humidification tower.

The main objective of this study was to evaluate the viability, the benefits
and drawbacks of this hybrid model in comparison to the traditional approach.
The results of the case study clearly show that the hybrid model is preferable.
The case study also shows the simplicity of integrating an ANN into conven-
tional heat and mass balance software that is already implemented in many
control systems for power plants.

It is also worth mentioning that for diagnostic purposes, where advanced
modelling is important, the hybrid model with a calculation time well below
one second, could advantageously be used for Model Predictive Control (MPC).

The ANN model of the humidification tower was set up and trained by the
author. Regarding the text of the paper, this was written by Daniel Häggst̊ahl
and the author together.

Paper VI Artificial Neural Network Model for a Biomass Fueled Boiler was
presented and published at ASME Turbo Expo 2003, Atlanta, USA in the sum-
mer of 2003.

This paper involves modelling of a biomass-fueled boiler with ANN. The
objective of performing this study was that the heat plant in which this boiler
is integrated, has been hard to model with the help of heat and mass balances.
To overcome this problem, ANN was used to model the boiler utilizing a vast
amount of available measurement data.
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A great deal of work was put into the processing of the acquired log-data, as well
as pruning of the input parameters to the ANN. The neural networks all had
a multi-layer, feed-forward architecture and the backpropagation learning algo-
rithm was used during training. During the modelling, important parameters
such as fuel flow and fuel composition were unknown, as well as the individual
air mass flows entering the boiler at different positions in the boiler. Although
these important parameters influencing the heat production of the boiler were
lacking, fairly good results were obtained with the ANN models. Mean errors
well below 5% were obtained for all the four ANN configurations investigated.
This shows that neural networks can be a useful tool in cases where HMBPs
fail.

The contribution of the author to this paper was participation in the devel-
opment of the ANN models, as well as analysis of the results.

Paper VII Future electricity production cost in southern Sweden related to
greenhouse gases and the Kyoto Protocol targets was presented and published
at ECOS’03, Copenhagen, Denmark in the summer of 2003.

This paper presents a study of future electricity production cost for three
power generation alternatives. The background is the present situation in south-
ern Sweden with decommissioning of nuclear power plants. In addition to costs
for fuel and investment, environmentally-related costs such as electricity cer-
tificates and emission trading are considered. The study comprised a natural
gas-fuelled combined cycle, an oil-fired condensing power plant and a biomass
fuelled combined heat and power plant.

One of the major conclusions that can be drawn from this investigation is
that political decisions, such as introduction of electrical certificates and rati-
fication of the Kyoto Protocol, have a large influence on a future investment.
These type of environomic parameters could jeopardize a long-term investment
far more than forecasted fluctuations of fuel prices.

In this paper the author has made all calculations. The text was written
by the author and Mikael Näslund. Teresa Mattisson acted as an expert source
within the emissions trading section, while Mikael Näslund has been an expert
within the gas area. All authors has analyzed the results together.
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ABSTRACT
The solid oxide fuel cell (SOFC), alone and integrated with

a gas turbine (SOFC/GT), is known for its high electrical
efficiency and low emissions during operation. Before the
SOFC/GT operation phase, the process life cycle also includes
the extraction of ores, production of materials and components,
and demolition, all these together with their intervening
transports. By performing a life cycle assessment (LCA) for the
SOFC/GT, the total environmental impact of the process is
established and environmental “hot spots” are found.

The results of the LCA of the SOFC/GT process showed
that the most contributing phase to environmental impact, within
all investigated impact categories during the life cycle, is the
production of the SOFC-module. The pyrolysis processes of raw
materials and the assemblage of the SOFC sub-components
require an extended amount of energy. Of course, both these
processes are carried out under laboratory circumstances, but
even when the use of energy is reduced by 50%, this phase is
more dominant than other power producing processes. Further
effort has to be put into development of materials and
manufacturing processes in order to reduce the resources used
during the production phase of the SOFC.

INTRODUCTION
During the past years great effort has been put into the

research and development of fuel cells, since these are considered
to be both an efficient and environmentally-friendly way to
convert energy. One type of fuel cell is the Solid Oxide Fuel Cell
(SOFC) that operates at high temperatures (800 – 1 000 °C) and
today achieves a stand-alone electric efficiency of approximately
50% (LHV) (Selimovic, et al., 1998). Because of the high
temperature of the output flows of the SOFC, the excess heat can
favorably be used for steam generation, heat exchange or, as in
the case presented here, for electricity generation by after burning
of the anode product and expansion of the exhaust gases in a gas
turbine. When integrating the SOFC in a gas turbine process
(SOFC/GT), an electrical efficiency of approximately 70 % can

be reached if the SOFC is properly pressurized. In addition to this, low
emissions especially concerning NOx, are to be expected during
operation.

Before the operation phase, the SOFC and the gas turbine have to
be manufactured. The components and their materials have to be
produced, requiring natural resources such as mineral ores and energy
carriers of different kinds. Obviously, this contributes to the total
amount of emissions and discharges to the environment, when looking
at the whole life cycle of the process. Further analyses of the
distribution of emissions and material flows during the production and
waste management are carried out in other words, a Life Cycle
Assessment (LCA). The tool used is the ISO “14 040-series”, which
supplies guidelines for the LCA.

NOMENCLATURE

AOD Aquatic oxygen depletion
AP Acidification potential
CIT Chalmer’s industrial technology
Er Energy resources
GT Gas turbine
GWP Global warming potential
HC Hydrocarbons
IPCC Intergovernmental Panel of Climate Change
ISO International Standardization Organization
LCA Life cycle assessment
LHV Lower heating value
ODP Ozone depletion potential
PAH Poly aromatic hydrocarbons
POCP Photochemical ozone creation potential
SOFC Solid oxide fuel cell
SOFC/GT Solid oxide fuel cell integrated with a gas turbine
VOC Volatile organic compounds
YSZ Yttrium stabilized zirconium
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SHORT DESCRIPTION OF THE PROCESS
The process investigated is a hybrid process, where an

SOFC is combined with a small gas turbine. The two components
that will be investigated further in the LCA are the SOFC-module
and the gas turbine.

The SOFC-module studied is of the planar type with cross
flow and has a total net power of 226 kW. The developer of this
first generation planar SOFC (10 W/unit cell) is Risoe National
Laboratory in Denmark. The net power produced by the turbine
is set to 202 kW. The electrical efficiency of the whole SOFC/GT
process is estimated to be 73 % (LHV) when having a pressure
ratio of 5 (Selimovic et al., 1998). The estimated mass flow of
reformed fuel into the SOFC is approximately 150 kg/h.

LCA GUIDELINES
When performing an LCA, there are four main phases that

should be followed according to the ISO 14 040-series (SIS):

- Goal and scope definition (regulations according to
ISO 14041)

- Inventory analysis (regulations according to ISO
14041)

- Impact assessment (regulations according to ISO
14042)

- Interpretation (regulations according to ISO 14043)

The main idea when performing an LCA is to follow a
product’s complete environmental impact “from cradle-to-grave”.
This means that all the phases during the life cycle of a product
are studied thoroughly, from the extraction of the raw material to
the final disposal or recycling of the product.

GOAL AND SCOPE DEFINITION
The goal and scope of the present study is to perform an LCA for

the 226 kW SOFC and the 202 kW turbine, according to the ISO
standard. The functional unit chosen here is the environmental load
referred to as 1 kWh net power, delivered by the process.

System boundaries
During the assessment, system boundaries have to be defined and

set properly. The life cycle of the process is defined, and its process
tree is shown in Figure 1. Other main boundaries here are:

Boundaries within the life cycle The issues of working
environment and risks of catastrophe are not included. Also overhead
and transport of labour are not included. Among the chemicals used
during the production, data have only been found for sulphuric acid,
which is accounted for here. Data for the production of other different
chemicals used during some production phases have not been found.
For most of the materials used in the SOFC, there are not any
recycling methods today, and therefore, after the SOFC’s lifetime,
deposition on a landfill is assumed.

The electricity used in the inventory, is an ”average” electricity
mix in the country, where the processes take place. The composition of
the different energy carriers used in the inventory and their emissions
and waste products are further described in Olausson P., 1999.

Technosphere-biosphere boundaries In this study the
”cradle” refers to the mines, where the minerals are extracted. The
”grave” is the landfill, where the waste products are deposited.

Figure 1. General process tree for the SOFC/GT process (E = energy).
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Geographical boundaries The SOFC/GT process is set
to be used in southern Sweden, where the fuel during operation is
natural gas from Denmark.

Boundaries in time The first SOFC/GT prototype will be
tested during the year 2000, so the data used in this study for the
SOFC are from a laboratory test done in 1995 for the SOFC
production at Risoe (Bagger C., 1996), and from literature (Zapp
P., 1998).

Data

Result parameters The parameters accounted for in
the results are split up into categories. The categories chosen to
be presented here are:

- Use of energy resources
- Emissions and waste

- to air
- to water
- to ground

Data quality When this SOFC/GT process was assessed, it
was yet not at an operational stage. This led to tha all parameters
are collected from literature, articles, material from different
companies and through interviews. Also most collected data are
produced during laboratory circumstances, which has led to
extended use of both energy and materials.

The required natural resources, which are used to study the
environmental impact are; baddeleyite, bastnasite, celestite,
chromite, copper-ore, iron-ore, limestone, pentlandite, pyrolusite,
rock and xenotime.

The energy resources are biomass, coal, crude oil, natural
gas and water power. These energy resources are converted into
electricity in some cases, and, in some cases, they are refined into
fuels such as diesel. The energy resource during operation is
Danish natural gas. Facts and Figures for the energy resources
and the energy carriers are found in Olausson, 1999.

The emission to air mainly comes from the use of energy,
during the production of the components and during the
operation of the process. The emissions that are presented in this
study are carbon dioxide (CO2), methane (CH4), nitrogen dioxide
(N2O), carbon fluorides (CF4 + C2F6), aldehydes, benzene,
carbon monoxide (CO), phenol (C6H6O), HC (hydrocarbons),
dust, PAH (poly aromatic hydrocarbons), several metals and
VOC (volatile organic compounds).

Emissions to water are also estimated from the use of
energy. The emissions to water, according to the use of energy,
are hydrochloric acid (HCl), ammonium hydrate (NH3), nitrogen
oxide (NOx), sulphur oxide (SO2 + SOx), COD (chemical oxygen
demand) and nitrogen compounds (N-tot).

Emissions to the ground are mostly ashes and tailings from
the extraction of minerals, but some radioactive waste occurs,
due to the chosen energy carrier.

Data gaps Since there is no possibility of measuring any
data during the operation and since some parameters during the
production of the components are not available, these gaps can
lead to uncertainties regarding the final results. This is known
and has to be accounted for when interpreting the final results.

The transports also pose a bit of a data gap, regarding the SOFC
and the GT. Where these transports, geographically, take place during
the production processes and how many they are is not confirmed
anywhere. Also the amount of partly processed material that is shipped
during the transports is unknown, due to the many subcontractors

Method for inventory analysis

Important assumptions for the SOFC/GT process The
SOFC/GT process has an assumed lifetime of 10 000 operation hours
at full load. The lifetime goal of the system for the future should be at
least 40 000 hours; but today, after operating test processes, this is to
be considered as an optimistic lifetime for the SOFC.

Important assumptions for the SOFC-module
Calculations made for the quantity of masses are presented in
Olausson, 1999, for the production of the SOFC, and the chemical
reactions are assumed to be stoichiometrical. The energy calculations
in Olausson, 1999, include the assumption that half of the energy used
during the production of raw materials for the SOFC, uses the energy
carrier diesel, while the second half uses UCPTE* electricity. The
extraction countries chosen here, are the ones that are given most
prominence in literature. Whether these countries really are the ones
that supply the ores to the ceramic powder producers is unknown. The
production of the raw materials for the SOFC is assumed to take place
in the USA.

Recycling of the materials used in the SOFC-module does not
seem to be possible today. The waste product (SOFC) will be
deposited on a landfill as modules.

Important assumptions for the gas turbine The gas
turbine used in this study is probably the most uncertain component,
as far as the data quality is concerned. For the gas turbine, only the
total mass of the drive line is known. The material composition is
unknown; but since most gas turbines including the generator, consist
of steel and copper to some extent, the assumption is made that only
these two materials are present in the gas turbine. The production of
steel and copper from mineral ores is included, but no production data
have been found from the component production and assemblage of
the gas turbine. The gas turbine is assumed to have the same lifetime
as the SOFC, which probably is an understatement.

Reinvestments Because of the short assumed lifetime, namely
10 000 hours, no reinvestments of the SOFC-module or the gas turbine
are taken under consideration. Also the use of materials during
operation and maintenance, such as lubricating oil, etc., is not
included.

Transports In this study, the transports used are boat (ocean
going), boat (coast going), train (UCPTE) and motor vehicle (short
distance < 100 km). The transports are divided because of their
difference in emission factor, which are presented in Olausson, 1999.
All conveyances are to be considered as fully loaded (100 %) when
transporting the different materials to their next destination. When the
conveyances make the return journey, 30 % of the one-way distance is
added to the total transport, but the load here is considered empty (0
%).
                                                          

* Electricity mix from the countries: Austria, Belgium, France, Germany,
Greece, the Netherlands, Italy, Luxembourg, Portugal, Spain, Switzerland and
the former Yugoslavia.  For more information, see Olausson P., 1999.
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All transport distances made outside the Swedish boarders
are measured in air distance using a conventional atlas. The
distances within land areas are designated as the distance from
the coast to the center point in the country.

INVENTORY ANALYSIS

Production of the SOFC-module
The SOFC unit cells are produced at Risoe National

Laboratory in Denmark. The raw materials used to manufacture
the sub-components; electrolyte, anode, cathode and
interconnect, differ, and the production of these raw materials can
take place in most industrial countries. The material
compositions that Risoe use in their sub-components in the 1995
SOFC are as follows (weight per unit cell)(Bagger C., 1998):

Electrolyte, 16 g Yttrium-Stabilised Zirconia, YSZ. The required
mineral inputs are: Baddeleyite and Xenotime.

Cathode, 1.30 g doped lanthanum (called LSM) and 0.13 g YSZ.
The required mineral inputs are: Baddeleyite, Bastnasite,
Celestite, Pyrolusite and Xenotime.

Anode, 1.17 g NiO-YSZ (≈ 40 vol. % of NiO in YSZ). The
required mineral inputs are: Baddeleyite, Pentlandite and
Xenotime.

Interconnect, 123.75 g La0,8Sr0,2Cr0,97V0,03O3 (called LSCV).
The required mineral inpus are: Bastnasite, Celestite and
Chromite.

The most common countries where the mining of the
different minerals is performed are shown in Table 1. These
countries are also chosen as direct suppliers to the USA.

When refining the minerals to raw materials, many different
processes take place. These production processes and the process
trees for each raw material are further defined in Olausson, 1999.

Table  1. Export countries of different minerals (Zapp
P., 1996; Nationalencyklopedin; U.S. Geological Survey

1998).

Mineral Supply country Product
Baddeleyite Australia ZrO2

Bastnasite China La2O3

Celestite China SrCO3

Chromite South Africa Cr2O3

Pentlandite Canada NiO
Pyrolusite South Africa MnO
Xenotim China Y2O3

During the production of the SOFC raw materials, the minerals
have to be separated, dried, sieved, etc., which all require energy.
The raw materials are then sent to Denmark for production of the
SOFC sub-components, which requires processes like pyrolysis
and sintering.

Production of the gas turbine
The gas turbine used in the SOFC/GT process is a small

turbine assumed to be similar to the one produced and developed
by Volvo Aero Turbines. The only data known for this single-
shafted turbine, is that the total weight of the drive line, for a 40
kW turbine used in the Volvo ECC, is 237 kg (Rehn, 1999). The
assumption is made that the 237 kg drive line consists of a gas

turbine, a gearbox and shafts between these two units. The second
assumption made here is that the gas turbine (including the
recuperator) accounts for approximately 1/3 of the total weight, e.g. 80
kg. The materials used in the 202 kWe (net) gas turbine are set to
twice this amount with the following composition, 140 kg steel and 20
kg copper. These assumptions can of course be criticised and
discussed, but since the task of collecting all data is vast, the data
presented here can be regarded as a good starting point for the LCA-
calculations.

Other life cycle processes
When both the SOFC-module and the gas turbine have been

produced, the following phases remain during the total life cycle:

- Preparation and demolition of the area where the process is
to be located

- Assemblage and demolition of the whole SOFC/GT process
- Operation of the process for at least 10 000 hours.

Further information about these phases is discussed in Olausson
P., 1999.

DISCUSSION OF THE INVENTORY RESULTS
The data lists produced during the inventory analysis are made in

an LCA program, EcoLab*. The lists are very detailed, and since the
emission and discharge data are further processed in the impact
assessment, only the use of energy and the distribution of the major
emissions are  discussed here. The use of energy during the production
phase of the SOFC and the GT is distributed as in Table 2.

Table 2. Energy used during the production of the
components per kWh produced electricity. (rm = raw

material)

Component Used Energy
[MJ/kWh
prod. el.]

Total energy require-
ment of the whole

production [%]
Total SOFC-module 1.4467 99.990
Electrolyte (rm) 0.0451 3.117
Anode (rm) 0.0013 0.090
Cathode (rm) 0.0019 0.131
Interconnect (rm) 0.1825 12.614
Assemblage of the SOFC 1.2159 84.038
Gas turbine 0.00014 0.010

It is obvious that the interconnect is the stand-alone component
that is the most energy-demanding to produce. This is not very
surprising since it answers for approximately 87 % of the total weight
of the SOFC unit cell, and the production methods used are very
sophisticated. At Risoe a new type of interconnect is already under
development, a so-called thin film interconnect. The use of energy
will, because of this new type of interconnect, probably decrease
extensively.

Another interesting comparison that can be made in the inventory
results, concerns the emissions to air during the construction and
demolition phase, and the operation phase. In the total construction
and demolition phase, the carbon dioxide emissions are 299
g/produced kWh electricity (99.8 % from the SOFC production). In
the operation phase the contribution of carbon dioxide is 297 g/

                                                          
* EcoLab is an LCA program manufactured by the Swedish company Nordic
Port.
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produced kWh electricity (54% is from the production of natural
gas). In Figure 2, four other emissions to air during the phases
are presented.

As can be seen in Figure 2, the production of the SOFC is
the main contributor within all categories during the life cycle of
the SOFC/GT.
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Figure 2. Distribution of emissions to air for the phases
during the production of 1 kWh electricity.

IMPACT ASSESSMENT
The impact categories that have been chosen to be

presented here are energy resources, global warming,
acidification, creation of photochemical oxidants and
eutrophication.

Classification and characterization
The first step in the impact assessment is the classification

of the results from the inventory analysis. After this, the data are
characterised, which is performed in three steps. The first step is
to decide which characterization factors to use and which
characterization categories to assess. In the second step, a
multiplication of the inventory data and the characterization
factor is carried out, which leads to so-called equivalent units.
The final step is to add up the equivalent units to category
indicators that lead to the potential, environmental impact for
each environmental category. The uses of energy resources are
not classified; they are just shown as inventory data.

Global Warming Potential (GWP) The substances that
impact global warming have been chosen according to the
Intergovernmental Panel of Climate Change (IPCC). The
equivalent unit used is g CO2- equivalents per g substance in a
100-year perspective, and the indexes can be found in Table 3.

According to the IPCC, the gases contributing to the global
warming are carbon dioxide (CO2), methane (CH4), nitrogen
dioxide (N2O) and a number of gases belonging to the groups of
halogenated hydrocarbons (CFC, HCFC), bromined
hydrocarbons, HFC, etc. The characterization factor used for the
GWP can be described as the heat absorption ability of the
substance.

Table 3. Abstract from IPCC classification of the global
warming, 100-year perspective, 1995 (IPCC, 1992-1995).

Classification Characterisation factor
CF4 4500 g CO2-equivalents/g
CH4 21 g CO2-equivalents/g
CO2 1 g CO2-equivalents/g
N2O 310 g CO2-equivalents/g
CFC/HCFC 8500 g CO2-equivalents/g

Acidification Potential (AP)
The gases that contribute to acidification are sulphur dioxide

(SO2), nitrogen oxides (NOx), ammonium hydrate (NH3), hydrochloric
acid (HCl) and other acids and sulphur compounds (Lindfors, 1995).
Here the classification and characterization factors are collected from
the Nordic Guidelines on Life-Cycle Assessment. In this study, the
”worst case” (maximum) is used. The discharges are presented as the
sum of the acidification potential, expressed as mole H+/g substance
(see Table 4).

Table 4. Classification of acidification gases according to
the Nordic Guidelines, technical report 10, Table A17, max

(Lindfors, 1995).

Classification Characterisation factor
HCl 0.027 mole H+/g substance
NH3 0.059 mole H+/g substance
NOx 0.027 mole H+/g substance
SO2 0.027 mole H+/g substance

Photochemical Ozone Creation Potential (POCP) Gases
contributing to the creation of photochemical ozone are NOx, volatile
hydrocarbons and CO. Here, the classification and characterization
factors are from CIT Ecologik’s specification of indexes (see Table 5).
The discharges are presented as the sum of the photochemical ozone
creation potential (POCP), expressed as g ethylene-equivalents/g
substance. Here, NOx is considered as a background radiation and is
decisive in which characterization factors should be chosen. High
background radiation is chosen, since this is suggested for European
conditions (CIT, 1998).

Table 5. Classification of creation of photochemical ozone
according to CIT’s specification of indexes (CIT, 1998).

Classification Characterisation factor
Aldehydes 0.443 g ethylene-equivalents/g
Benzene 0.402 g ethylene-equivalents/g
CH4 0.007 g ethylene-equivalents/g
CO 0.032 g ethylene-equivalents/g
Phenol 0.416 g ethylene-equivalents/g
HC 0.416 g ethylene-equivalents/g
HxCy (not CH4) 0.416 g ethylene-equivalents/g
VOC 0.377 g ethylene-equivalents/g

Aquatic Oxygen Depletion (AOD) The contributing gases to
aquatic oxygen depletion (AOD) are NOx, NH3, volatile hydrocarbons,
discharge of phosphor and nitrogen, and discharge of oxygen
consumption organic material (COD). This impact category is also
called eutrophication. Here the Nordic Guidelines on Life-Cycle
Assessment, technical report 10, Table A18 is used for the
classification and characterization factors, which are found in Table 6.
The AOD potential is expressed as g O2-equivalents/g substance.
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Table 6. Classification of substance, contributing to
AOD, according to Nordic Guidelines, technical report

10, Table A18 (Lindfors, 1995).

Classification Characterisation factor
COD 1 g O2-equivalents/g
N 20 g O2-equivalents/g
NH4

+ 15 g O2-equivalents/g
NO3

- 4.4 g O2-equivalents/g

Results
The impact results are split up between two life cycle

phases: the construction and demolition (including the
production of the components), and the operation. In the
operation phase, the fuel chain of natural gas production is
included. The results are shown in Tables 7-11.

Table 7. Use of energy resources per produced kWh of
electricity (er = energy resources).

Energy resources Construction &
demolition

Operation Total

Non-renewable er
Natural gas 3.1977 g 137.7113 g 140.9090 g
Coal 97.6921 g 0.0402 g 97.7323 g
Crude oil 7.1988 g 0.7083 g 7.9071 g
Natural uranium 0.00015 g 0.0000001 g 0.00015 g
Renewable er
Biomass 1.4995 g 0.00054 g 1.5001 g
Water Power 0.01541 MJe 0.00002 MJe 0.01543 MJe
Recycled er
-

Table 8. Global warming potential (GWP 100) per
produced kWh of electricity, given in CO2-equivalents/g

substance.

Substance Construction &
demolition

Operation Total

CO2 298.744 297.310 596.054
CH4 16.123 0.00007 16.123
N2O 3.129 0.187 3.316
CF4 + C2F6 0.00005 0.00007 0.00012
Total 317.996 297.497 615.493

Table 9. Acidification potential per produced kWh of
electricity. The unit here is mole⋅10-3 H+/g substance.

Substance Construction &
demolition

Operation Total

HCl 0.00001 0.00002 0.00003
NH3 0.05444 0 0.05444
NOx 6.93807 2.34830 9.28637
SO2 + SOx 11.6753 0.07983 11.7551
Total 18.6678 2.42815 21.0959

Table 10. Creation of photochemical ozone per produced
kWh of electricity. The unit here is mg ethylene-

equivalents/g substance.

Substance Construction &
demolition

Operation Total

Aldehydes 0.02316 0 0.02316
Benzene 0 0 0
CH4 5.37429 0.57882 5.95311
CO 3.11766 0.77657 3.89423
Phenol 0.00058 0.00007 0.00065
HC 36.5151 0.53287 37.04801
VOC 0.79949 0.00005 0.79954
Total 45.8303 1.88838 47.7487

Table 11. Aquatic oxygen depletion potential per produced
kWh of electricity. The unit here is mg O2-equivalents/g

substance.

Substance Construction &
demolition

Operation Total

COD 0.31831 0.03343 0.35174
N-tot 0.96967 0.11749 1.08716
Total 1.28798 0.15092 1.438902

INTERPRETATION
For interpreting the impact assessment results, two analysis

methods are carried out: dominance analysis and sensitivity analysis.
This is made to locate “hot spots” within the SOFC/GT process, i.e.
find phases which contribute the most to the different impact
categories. Here focus is set on emissions/ discharges which contribute
to global warming, acidification, creation of photochemical ozone and
eutrophication. Finally, a comparison is made between the SOFC/GT
process and other power plant processes, regarding CO2 emission.

Dominance analysis
According to the inventory results, the SOFC production is the

largest contributor to all impact categories. The dominance analysis is
therefore concentrated on this component. The total production of the
SOFC is divided into the production of the four sub-components
where the energy used for the final assemblage of the unit cell, is
divided equally among the sub-components. The results that were
found are shown in Figure 3.
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Figure 3. Summary of the environmental impact of the
production of the SOFC raw materials (in percent of the

total impact within the impact category).

The production of raw material for the interconnect is consequently
the most contributing sub-component within all impact categories.
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For the interconnect raw material production, the following
summarising comments can be mentioned:

•  The impact on global warming is mainly a result of the
electricity used during the pyrolysis process in Denmark and
the transports between the production processes.

•  The two single major contributors to acidification are the
refining of the raw materials in the USA and the transports
between the mining and the production of the raw materials.

•  In the creation of photochemical ozone, the major contributor
of hydrocarbons (HC) is once again the refining of the raw
materials in the USA.

•  The main contributors to eutrophication are the extraction of
minerals and the refining of the raw materials in the supply
countries.

When looking at the total SOFC/GT process, the distribution of
emissions among the phases is as in Figure 4.
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Figure 4. Summary of the environmental impact of the
production of SOFC/GT process (in percent of the total

impact within the impact category).

For the production of the SOFC, the following summarising
comments can be mentioned:

•  The production of the SOFC and the operation of the
SOFC/GT process contribute with approximately 50 % each
to the global warming. The carbon dioxide contributes most
to the global warming with 97 %.

•  The production of the SOFC is the dominant phase in all the
other impact categories. The process that is the main
contributor in these categories is the assemblage of the SOFC
in Denmark. This is because of the high amount of coal
(91%) in the average electricity produced in Denmark.

Sensitivity analysis
During the inventory analysis, the pyrolysis processes and

the final assemblage of the SOFC unit cell were carried out in
Denmark, which implies use of average Danish electricity. This
case will further be known as the reference case. The obtained
changes that the cases below contribute to in the impact
categories are shown in Figure 5 to Figure 8.

Case 1– exchange of average Danish electricity to
UCPTE electricity The use of average Danish electricity is

dominant in all impact categories and here an exchange of this to
UCPTE electricity is made (case 1). In the UCPTE electricity, coal
only contributes with 0.256 MJ per MJ (average Danish electricity
0.91 MJ/MJ).

Case 2– halved use of UCPTE electricity In case 2 the
energy used is halved during the processes carried out in Denmark
(assemblage and pyrolysis) and the electricity is still UCPTE.
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When lowering the use of energy by half during the
processes carried out in Denmark, and still using UCPTE
electricity (case 2), very low contributions to global warming are
obtained. The contribution to eutrophication is also lowered for
both cases 1 and 2 compared to the reference case. However, the
contributions to the creation of photochemical ozone and
acidification are higher.

Comparison with other power plants
When comparing the discharge of carbon dioxide from the

SOFC/GT process with other processes owned and assessed by
Sydkraft (energy business company in Sweden), the results must
be considered as promising, see Figure 9. The energy used during
the construction phase of the SOFC/GT process in Figure 9 is
UCPTE electricity, and half of the energy used in Denmark is
assumed to be enough.
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As shown in Figure 9, the SOFC/GT process is very competitive
with the utility-size combined cycle, regarding the discharge of
carbon dioxide during the operation. The discharge of carbon
dioxide during the construction phase, however, is very high
compared to the other processes. In the processes ”Gas (P+H)”,
and “Bio (P+H)” the amount of carbon dioxide is split up
between the power and the heat production, which leads to the
low value.

CONCLUSIONS AND DISCUSSION
Due to the complex chain of subcontractors before the final

raw materials end up in Denmark, numerous assumptions and
estimations had to be made in using data found in literature. This
has of course made a difference in the final results, but this LCA
should be looked upon as a first attempt to assess the SOFC/GT
process. The trends found in the impact and inventory results
contribute to and point the direction for future improvements.

When comparing the SOFC/GT process with other power
processes, the discharge of CO2 during operation is lower
because of the high electrical efficiency. During the whole life
cycle of the SOFC/GT process though (excluding the operation
phase), the production of the SOFC is the main contributor
within all environmental impact categories, except to the global
warming. Where the production and final assemblage of the sub-
components of the SOFC take place, is maybe the most

determining factor, since the environmental impact depends on what
the energy carriers are and to which impact categories they contribute
to. A diminishing of all gases contributing to the different impact
categories must be seen as the objective, but which environmental
impact is the worst and is to be considered the most hazardous to the
environment, is difficult to say. All “average mixes” of electricity have
their contribution more or less to the impact categories.

Since much effort is put into the development of materials,
construction of the SOFC and manufacturing processes, both the need
for material and energy resources are going to be reduced in the future.
When the SOFC/GT process gets commercialised, the resources will
decrease additionally, since the components in this study are produced
under laboratory circumstances. The use of energy during the
production phase, has to be lowered by more than 50 % though, for
the SOFC/GT process to be comparable with other conventional power
processes.
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ABSTRACT
Data normalization for gas turbines is necessary for

comparison of test data collected at various environmental
conditions. The normalization procedure is regulated by the
ISO-standard. In this study, a single Artificial Neural
Network is used to model the performance of a simple gas
turbine (VT600) using measured data at various
environmental and operational conditions. Consequently,
engine performance maps covering a wide range of
operational and environmental conditions have been
generated. Comparison of the normalized/experimental data,
results provided by thermodynamic models using heat and
mass balance programs and results generated by the Artificial
Neural Network (ANN) model shows a high level of
consistency. The study presented here was performed as a
pilot study, to investigate the applicability of an ANN model
for data normalization applied to an Evaporative Gas Turbine
(EvGT), since the ISO-standard normalization procedure is
not applicable to the EvGT plant. Results of this work show

that Artificial Neural Networks are powerful tools for
performance prediction as well as generation of accurate
power plant model of an specific simple gas turbine, and that
data normalization can easily and accurately be carried out by
using these performance maps.

INTRODUCTION
Both power and ambient conditions affect the gas path

parameters in a gas turbine. Since a change in inlet
temperature, pressure or relative humidity will contribute to
changes in the parameter values of the gas path, used in
performance analysis, it would be difficult to characterize the
aero-thermodynamic relationship among gas turbine
parameters, unless the ambient conditions are accounted for.
Usually this is accomplished through the use of corrected
engine parameters. The correction curves are generated using
an analytic or an empirical approach [1].
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Over a series of engine tests, e.g. before and after
introducing a component modification, ambient conditions
may vary widely. By correcting all sets of data to standard
conditions (i.e. patm = 1.013 bar, tatm = 15 °C and Φatm =
60%) using the referred parameter groups, the data may be
compared. One of the crucial tasks related to the data
normalization procedure is the guaranteed performance data
for the engine. The guaranteed performance data are given at
ISO conditions, and it is most likely that ambient conditions
at site are different from the ISO-standard during the test
period. Therefore the performance test carried out at site has
to be normalized for a valid comparison with the guaranteed
engine performance data.

Manufacturing and production of each gas turbine
component is not guaranteed to end up with exactly similar
pieces; the component characteristics differ from one to
another. Consequently, the correction curves for same family
of engines can provide different levels of accuracy during the
data correction procedure, and it can adversely affect the
choice of assured level of engine performance.

The correction curves are usually generated using engine
specific knowledge such as compressor curves, etc. From the
users' point of view, who may not have access to this kind
and level of information, an analyzing tool which is free from
physical models, such as Artificial Neural Networks (ANN),
could provide a new facility to examine the engine
performance and predict its behavior at various operational
conditions.

ANN tools have been used for gas turbine modeling
elsewhere [2,3,4]. The idea of using an ANN model of a gas
turbine for generation of performance maps that can be used
for engine data correction was initiated when the data from
the world's first evaporative gas turbine (EvGT) pilot plant
needed to be normalized and it was shown that the standard
ISO procedure for simple gas turbines could not be applied to
the EvGT plant. Using data from a simple gas turbine,
corrected according to ISO standard and compared to
corrected data provided by an ANN could validate this
approach prior to its application to the EvGT plant.

The normalization procedure is regulated in detail by
ISO-2314, and an extended version, where the effect of
relative humidity is also taken into account is presented in
DIN 4341 [5,6]. However, calculations needed for
performance test and data correction at site, using standard
procedure, are very time consuming. A successful engine
modeling based on ANN could reduce the time needed for
data normalization at site. Besides the timely procedure, the
calculation results show that the accuracy of normalized data
at low temperatures are poor when the standard theta-
exponent values of 1.0 and 0.5 are used. Nevertheless, these

inaccuracies can be compensated by raising the inlet
temperature and pressure by exponents other than exactly 0.5
or 1.0. These new exponents may be derived from testing or
from more rigorous engine modeling [7,8].

NOMENCLATURE
Cp = Specific heat [kJ/kg, K]

airm& = air mass flow [kg/s]

NGm& = natural gas mass flow [kg/s]
nG = shaft speed [rpm]
Patm = atmospheric pressure [bar]
P2 = compressor outlet pressure [bar]
RH = relative humidity [%]
sig(.) = sigmoid function
Tatm = atmospheric temperature [K]
T2 = compressor outlet temperature [K]
T5 = turbine outlet temperature [K]
Torque = shaft load [Nm]

,, 21 WW b and c = network weights
f = a continuous function
Rn and Rm = input and output data spaces of dimensions n
and m
X, Y = input and output vectors

Symbols
Φ = relative humidity
γ = specific heat ratio
θ = non dimensional temperature
δ = non dimensional pressure

CONVENTIONAL METHODS FOR NORMALIZATION
When determining the off-design performance, it is

important to be able to predict both the effect on specific fuel
consumption of operation at part load, and the effect of
ambient conditions on maximum output. The effects of high
and low ambient temperatures and pressures must all be
considered. The variation of maximum power with ambient
conditions is very important for the customer, and the
manufacturer must be prepared to guarantee the performance
available at any specified conditions.

It should be noticed that at extreme conditions,
normalized values could end up in values that are not
allowable in the real engine. One of the advantages of the
ANN model is the possibility of engine simulation at
excessive parameter values and their impact on other
parameters.

Many variables are required to quantify engine
performance throughout the operational range. Any attempt
to allow for full variations of all quantities over the working
range would involve an excessive number of experiments and
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make a concise presentation of results impossible. The
Buckingham PI theorem reduces the large number of
parameters to a smaller number of dimensionless parameter
groups. In these groups the parameters are multiplied
together and each raised to some exponent, possibly negative
or non-integer. The results greatly simplify the understanding
and representation of engine performance [7,8].

Some quantities, for example PTm /⋅ , are usually
termed as non-dimensional (mass flow), although they are
not truly dimensionless. These quasi-dimensionless groups
suit the most common situation of an engine or component
design of fixed linear scale, using dry air as the working
fluid.

Referred or corrected parameter groups are directly
proportional to quasi-dimensionless groups. The difference is
in the substitution of theta and delta for engine or component
inlet pressure and temperature, where:

01315.1
;

15.288
pressureInletetemperaturInlet

== δθ

The characteristic of a component with fixed geometry is
unique. Changing physical inlet conditions does not change
the component characteristic. This is of crucial importance in
the application to overall engine performance.

Some performance data, such as isentropic efficiency, is
directly calculated from the engine test measurements. These
calculations are performed sequentially through the engine,
evaluating all parameters at each station. Carrying out these
calculations requires assumptions for bleeds, pressure losses,
etc.

Test bed analysis may be performed either at the tested
engine conditions or at standard conditions, where the
measurements are referred using theta (θ), delta (δ) and the
appropriate non-dimensional groups. To account for variation
in gas properties due to changing temperature and fuel air
ratio, theta is raised to exponents other than the standard 1.0
or 0.5 [1,8]. The actual values are obtained by running the
engine synthesis model. Differences between theoretical and
typical values reflect changes in gas properties due to fuel air
ratio and temperature changes. Theta exponents for a
particular engine type are obtained by running a
thermodynamic model.

ARTIFICIAL NEURAL NETWORKS (ANNs)
ANNs have the capability of finding nonlinear functional

relationship or representing a nonlinear model of
input/output data sets during a learning process. Mesbahi and
Atlar [9] and Mesbahi and Bertram [10] demonstrated this

ability for many design and engineering applications. Their
accuracy is limited to the accuracy of the data they are trained
with. On the other hand their interpolation ability, i.e. to find
an output where input values are within the range of the data
used for training, is far better than when used as
extrapolators. This capability could be improved by means of
nonlinear or limited input data normalisation techniques
proposed in [11]

ANNs can generally represent the mapping of multi-
dimensional input/output data sets as:

YX →:f                  (1)
f is a non-linear function, X=(x1,x2,…,xn) is real input vector,
Y=(y1,y2,…,ym) is real output vector.

In this study, we have used a fully connected
feedforward ANN with one hidden layer. Hidden layer and
output layer use sigmoidal activation functions. The hidden
layer may have different number of nodes, which depend on
the number of data and complexity of the relationship to be
approximated. Conventional backpropagation is used for
network training. A nonlinear normalisation technique which
recommends using asinh(x) function as a data preprocessing
unit and limited normalisation (between 0.3 and 0.7) is used
for SGT modelling. (see ref. [11])

ANNs MODELING TECHNIQUE TO FIND THE
FUNCTIONAL RELATIONSHIP

Function f in (1), which represents the functional
relationship in a feedforward ANN structure, can be given as:
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where h, m and n are hidden, output and input nodes
respectively, ,, 21 WW b and c are network weights, which
are frozen after training, sig(.) is the sigmoidal function.

It must be emphasized that Eq. (2) is the generic/static
representation of different systems. The only difference
between the ANN mathematical models that are illustrating
systems of different types or nature is in their W1, W2, b and
c values.

CASE STUDY

Simple Gas Turbine (SGT) VT600 test scenarios

The SGT VT600, graphically represented in Fig. 1, was
run under varying operational and environmental conditions
as stated in Table 1.
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Table 1. SGT-VT600 Operational conditions
Parameters Operational range
RH 75% to 100%
Patm 0.98 bar to 1.002 bar
Tatm 278K  to 281K
Torque 10Nm to 3020Nm
Speed 1450 rpm to 1500 rpm

atmatmair TPRHm ,,,&

NGm&

22 PT ,

GnTorque,

55 PT ,

Figure 1. Simple Gas Turbine VT600 block diagram

From 46 data sets available, 23 sets were selected for
training purposes, and the other 23 were kept aside for cross
validation. The data selection procedure was aimed to cover
the widest possible operational range of the VT600.

A network structure of 4-15-6 (4 inputs, 15 hidden
neurons and 6 outputs) was found to be the most appropriate
to represent the following functional relationship:

Torque),T,P(RH,
)m,n,m,T,P,(T

atmatm

NGGair522

f
=&&

                    (3)

It was observed that after 4000 training iterations, which
took almost 4 seconds of processing time on a P-400
computer, the mean squared error for training and cross
validation data sets converged to an acceptable level.

Once the network was successfully trained, the
corresponding weights, W1, W2, b and c were saved and
fixed for the recall process (see Eq. (2)).

SGT-VT600 Simulation

The mathematical model generated by the ANN for the
VT600, was put to the test by providing 23 operational
conditions not yet used during training process. Table 3
shows the maximum prediction error for each individual
output. It should be emphasized here that the accuracy of the

ANN model highly depends on the network structure selected
for that particular application. Additionally, the number of
experimental data sets, input-output selection and the range
of operational conditions covered by measured data affect the
accuracy of the predicted performance.

Table 2. Maximum Prediction errors for VT600
parameters using ANN model
Parameter Max. Prediction

Error [%]
T2 0.132
P2 0.107
T5 0.131

airm& 0.084

nG 0.032

NGm& 0.104

It is clearly observed that the ANN model representing
the SGT-VT600 is sufficiently accurate in predicting real
engine parameters. This model is then used to provide a
generic simulation program in order to run the engine model
under virtual operational conditions; one of them may well
represent the standard condition as advised by ISO or DIN.

In order to generate a performance map for the VT600,
covering a wide range of operational conditions, we selected
the following indexes:

Table 3. Selected operational conditions and
indexes

Index RH Patm Tatm Torque
0 0 0.90 270 700
1 20 0.94 278 1260
2 40 0.98 286 1820
3 60 1.02 294 2380
4 80 1.06 302 2940
5 100 1.10 310 3500

In three-dimensional performance maps, Torque and Tatm
are selected as permanent x- and y-axes, and the z value
represents the required output parameter, see Eq. (3).
Simulation results for prediction of thermal efficiency
(calculated based on the predicted output parameters),

NGm& and T5 are presented in Fig. 2 to 4, respectively. In
these graphs, atmospheric pressure is kept constant at 1.02
bar and the relative humidity, RH, is changed to 20%, 40%,
60% and 80% progressively.
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Figure 2. SGT thermal efficiency at
Patm= 1.02 bar, varying RH

Figure 3. SGT natural gas flow at
Patm= 1.02 bar, varying RH

Figure 4. SGT turbine outlet temperature
at Patm= 1.02 bar, varying RH

COMPARISON TO HEAT AND MASS BALANCE
PROGRAMS (HMBPS)

Simulation results, generated by the ANN model, were
compared to measured data showing good consistency. It was
also interesting to perform a comparison to more
conventional tools like Heat and Mass Balance Programs
(HMBPs). For this purpose, two HMBPs were selected, one
utilizing sequential modular calculation method (PROSIM),
and the other one using equation oriented method (IPSEpro).

Thermal efficiency of the gas turbine
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Figure 5. Thermal efficiency

Expander outlet temperature
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Fuel flow
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Figure 7. Fuel flow

Since HMBPs are generally used for pre-design studies,
two different sets of calculations were performed by each
program. One utilizing constant component efficiencies
provided by the manufacturer (as in the case of pre-design
studies), and one using lookup tables based on the measured
data, taking changes in component efficiencies at part load
into account.  All calculations were performed at ISO
condition and the measured data were corrected using DIN-
4341 [5].

Results presented in Fig. 5, 6 and 7, show that the
HMBPs overestimate the thermal efficiency and
underestimate fuel flow, as well as expander outlet
temperature in pre-design calculations. It is also shown that
the component characteristic, captured by lookup tables,
increases the accuracy of HMBPs.

Modeling and calculations in HMBPs were a time
consuming procedure when compared to the ANN
simulation, and they only represent ISO conditions. When
environmental conditions, other than the ISO condition are
going to be taken into account, new sets of time consuming
calculations by HMBPs are required. However, it is
performed in seconds using the ANN model.

CONCLUSIONS
Application of Artificial Neural Networks in non-linear

and multi-dimensional modelling of the simple gas turbine
VT600 is studied. Similar to conventional empirical
techniques, accurate predictions of performance parameters
greatly depend on the accuracy and range of experimental
data provided for the training and validation of the network.

Nevertheless, by having only 23 data sets for training,
which belonged to 3 days of engine test and measurements, it
was concluded that the ANN mathematical model of the
simple gas turbine could sufficiently and accurately predicts
all six performance parameters with nonlinear interpolations
and extrapolations.

Performance of the ANN model was compared to
conventional thermodynamic models of the Gas Turbine,
using two different approaches in PROSIM and IPSEPro
programs. The complete set of results, including ANN and
HMBPs were compared to experimental data. It was
observed that ANN model could perform very consistent
with measured data over a wide range of operational
conditions.

The time required to build an ANN based  mathematical
model for SGT-VT600, including data selection and training,
was comparatively very short (less than 2 days). The final
nonlinear model can be represented as a generic
mathematical equation, where in the case of a completely
different engine, only fixed model parameters (W1, W2, c and
b) need to be replaced. This equation can be easily
implemented in any programming language for further
simulations and engine analysis.
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Abstract

This paper describes the development of a novel modelling tool for evaluation of solid oxide fuel cell (SOFC) performance. An artificial

neural network (ANN) is trained with a reduced amount of data generated by a validated cell model, and it is then capable of learning the

generic functional relationship between inputs and outputs of the system. Once the network is trained, the ANN-driven simulator can predict

different operational parameters of the SOFC (i.e. gas flows, operational voltages, current density, etc.) avoiding the detailed description of the

fuel cell processes. The highly parallel connectivity within the ANN further reduces the computational time. In a real case, the necessary data

for training the ANN simulator would be extracted from experiments. This simulator could be suitable for different applications in the fuel cell

field, such as, the construction of performance maps and operating point optimisation and analysis. All this is performed with minimum time

demand and good accuracy. This intelligent model together with the operational conditions may provide useful insight into SOFC operating

characteristics and improved means of selecting operating conditions, reducing costs and the need for extensive experiments.

# 2002 Elsevier Science B.V. All rights reserved.

Keywords: Fuel cell; Solid oxide fuel cells (SOFC); Artificial neural network (ANN); Neural network; Feed-forward network; Backpropagation

1. Introduction

Solid oxide fuel cell (SOFC) technology is under devel-

opment for distributed generation (DG) of power at load

centres. The SOFC offers high electric efficiencies in excess

of 45% (natural gas, full load) for normal cycle operation

and over 55% for a combined cycle pressurised SOFC-gas

turbine system [1]. An important tool in the fuel cell

development is mathematical modelling, which has the

capability of predicting the fuel cell performance. To avoid

extensive and costly experiments, the fuel cell developers

use detailed cell and stack models for economic assessments

and development purposes. From the results of the model

simulations, conducted for a broad range of operating con-

ditions, performance charts can be constructed. Since these

models are rather detailed descriptions of the physical

processes and conditions occurring in the fuel cell, they

are unnecessarily complex and cumbersome, especially

when the goal is operating point analysis and optimisation.

In this work, a statistical data-driven approach, i.e. arti-

ficial neural networks (ANNs), is introduced as an alter-

native to these mathematical models. ANNs are used in a

wide range of engineering and non-engineering applica-

tions, such as, pattern recognition (spectroscopy, protein

analysis, fingerprint identification), as well as behaviour

prediction and function approximation (stock market fore-

casting, energy demand forecasting, process control sys-

tems). These methods are inspired by the central nervous

system, exploiting features such as high connectivity and

parallel information processing, exactly like in the human

brain. The characteristic feature of ANNs is that they are not

programmed; they are trained to learn by experience [6].

In this work, a two-layer feed-forward network has been

trained (with the backpropagation (BP) algorithm) to learn

the performance parameters in a planar SOFC. The data used

during the training has been generated with a validated

physical model, which is presented in detail in [2]. In future

applications, it is hoped that the data will be available from

various fuel cell experiments. However, encouraging

results from this study demonstrate that there is a potential

to introduce this tool in the development of fuel cells, in

order to reduce the calculation time compared with the

physical models, and to save time and money in both the
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experimental phase and the manufacturing process of these

units.

The first part of this paper deals with a general overview

of the chosen method, while the second part reports the

results of the ANN model applied to the SOFC.

2. Brief description of feed-forward neural networks

An ANN can be regarded as a black box which is able to

produce certain output data as a response to a specific

combination of input data. By receiving the data for an

existing system, the ANN can be trained to learn the internal

relationships that govern that system, and predict its beha-

viour without any physical equations. The major advantage

of ANNs, compared to traditional polynomial mapping, is

that they are able to perform non-linear mapping of multi-

dimensional functions [3], i.e. relationships from many

inputs to many outputs. The drawback of this technique is

that the solution space becomes non-linear as well, contain-

ing many solutions and increasing the risk of getting stuck in

a non-optimal solution, or local minimum. In any event,

once the ANN is trained, there are several techniques for

validating it and ensuring its generalisation ability.

Fig. 1 illustrates the structure of a feed-forward multi-

layer neural network, which in this case consists of an input

layer, a hidden layer and an output layer. The ANN is

denominated feed-forward, because the data flow is strictly

forward through the entire network.

Each input parameter is indicated by a node in the input

layer, and no data processing occurs here, i.e. the input nodes

only act as collectors of the input signals (x1; . . . ; xM). After

that, the information is distributed from every input node to

every unit in the hidden layer, and it is amplified or debili-

tated by the synaptic connections between them, i.e. the

weights (wji). The pieces of information that arrive at the

hidden units are summed up by the summation function,
P

,

and transformed by the transfer function, F. From the hidden

layer, the data is re-distributed and weighted by a new set of

weights (wkj), and then passed on to the processing units in

the output layer, where the information is summed up and

transformed once again, generating the output signals

(y1; . . . ; yN). An extra input equal to unity is fed both to

the hidden and the output layers, and its corresponding

weight introduces an off-set or bias to the transfer function.

The ANN shown in Fig. 1 is a two-layer network, since only

two layers have processing units or artificial neurons. Even-

tually, every output can be represented by a generic expres-

sion of the inputs, e.g. for a network with M input signals, H

neurons in the hidden layer and N outputs:

yk ¼ Fo

XH

j¼0

wkjFh

XM

i¼0

wjixi

 ! !
where k ¼ 1; . . . ;N:

(1)

Nomenclature

e actual error

E error function

F activation or transfer function

H number of hidden neurons

M number of input signals

N number of output signals

w weight

x input signal

y output signalP
summation function

Subscripts

0 bias

h hidden layer

i arbitrary node in the input layer

j arbitrary neuron in the hidden layer

k arbitrary neuron in output layer

o output layer

Fig. 1. The feed-forward multi-layer neural network.
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In order to be able to store the internal representations of the

actual problem in the weights, the ANN must be trained.

This is done by feeding the network with a suitable set of

training data for which the correct outputs or targets are

available. This way of training is called supervised training,

since the targets are known. The most used method for

training multi-layer ANNs is the backpropagation algo-

rithm. The BP algorithm was popularised by Rumelhart

et al. [5] in 1986, but it was previously proposed by Bryson

and Ho in 1969 and Werbos in 1974 [3,4,7].

The idea with the backpropagation algorithm is to send back

through the network the errors (ek) generated, when the actual

Fig. 2. The sigmoidal transfer functions.

Fig. 3. Neural network for the performance maps of a fuel cell.

Fig. 4. LMS training error during the learning process.
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output differs from the target. For this reason, a least mean

square (LMS) error function, E, is introduced, according to:

E ¼ 1

2

XN

k¼1

ðekÞ2: (2)

During this procedure, local gradients of E with respect to

the weights, i.e. delta terms, are calculated, which later can

be used for adjusting the old weights. The weights, which at

the beginning are random numbers close to zero, are suc-

cessively updated in the direction of the decreasing error

gradient. The major assumption is that the weight correction

is proportional to this gradient, with a constant, Z, also

known as the learning rate:

Dwji ¼ �Z
@E

@wji

; (3)

Dwkj ¼ �Z
@E

@wkj

: (4)

The BP algorithm requires the use of differentiable transfer

functions, because of the calculation of the local gradients,

and the most widely used are the sigmoidal functions

(logistic-sigmoid and tanh-sigmoid) shown in Fig. 2.

Fig. 5. I–V chart for H2, utilisation ¼ 85% at 5 bar.

Fig. 6. I–V chart for CH4, utilisation ¼ 85% at 5 bar.
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3. Creation of the ANN model

3.1. The architecture of the ANN

The artificial neural network used in this study is a two-

layer feed-forward network, as shown in Fig. 3. The input

parameters are fuel utilisation, gas inlet temperature, voltage

and fuel flow. These inputs are passed forward to produce the

output parameters, air flow, current density, air outlet tem-

perature, fuel outlet temperature, mean solid temperature

and finally the reversible voltage.

To optimise the network, the number of hidden neurons,

the number of training epochs and the learning rate are

altered during the training phase by a trial-and-error method.

A network is produced, which is used for both hydrogen and

methane as fuel.

3.2. Data set for training and validation

Since the data on operating fuel cells is not available at the

present, a physical SOFC model is used to generate the

data required for the training of the ANN-based simulator.

Fig. 7. I–V chart for H2 fuel, by the ANN model at 5 bar.

Fig. 8. I–V chart for CH4 fuel, by the ANN model at 5 bar.
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Also the data needed for validation of the simulator will be

provided by the mentioned physical model. The physical

model is a finite volume element model that has been devel-

oped for simulation of a planar SOFC with internal reforming

[2]. The model calculates the temperature and current density

distribution, the species concentration and the channel flows.

This requires the solution of mass balances, chemical species,

and energy balances of the gases in the gas channels and the

solid structure for each volume element. This two-dimen-

sional, steady-state model was validated against other models

by comparing the simulated results obtained for a benchmark

test. A standard benchmark test was defined for a flat plate

cross-flow design, and the test input conditions have been set

up according to IEA Annex II report [1]. The developed model

showed good agreement with the other model results.

The physical model was used to calculate approximately

eighty different operational cases. Main operational para-

meters of the cell were varied, such as, operating voltage

(0.6–0.90 V), inlet gas temperature (750–950 8C) and gas

flows, while the pressure was kept constant at 5 bar. The fuel

flow, in each case, is varied in order to obtain the required

fuel utilisation (40–85%), while the air flow is tuned to

maintain the maximum solid temperature at a desired level.

For each inlet gas temperature, the maximum cell temperature

Fig. 9. Prediction of arbitrary operation points by ANN, using H2 as fuel at 5 bar.

Fig. 10. Prediction of arbitrary operation points by ANN, using CH4 as fuel at 5 bar.
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is set to be constant, 150 8C above the gas inlet temperature.

The fuels used when modelling the cell were: (a) hydrogen

with 90% by mole H2 and 10% by mole H2O and (b)

reformed methane with the composition 17.1% by mole

CH4, 26.26% by mole H2, 49.34% by mole H2O, 2.94% by

mole and 4.36% by mole CO2. These fuels are further on

referred to as H2 and CH4, respectively.

3.3. The training process

To be able to produce the correct output data, the network

was trained with an improved version of the BP algorithm,

i.e. the Levenberg–Marquardt algorithm. Half of the opera-

tional points were used to train the ANN, while the other half

was used for the validation. During the learning process the

error function was minimised with an increasing number of

training epochs, as shown in Fig. 4. An epoch is a cycle that

is finished when all the available training input patterns have

been presented to the network once.

Once the ANN provided a satisfactory output on the

validation data set, cross-validation was carried out with a

test set (unseen data, i.e. new operational points with

arbitrary fuel utilisation, voltage and gas inlet temperature).

After this final test, the network was ready to generate I–V

characteristics for a broad range of conditions.

4. Results

The I–V characteristics generated by the ANN model

showed good consistency with the physical model, as can

be seen in Figs. 5–8.

Figs. 5 and 6 show I–V characteristics for H2 and CH4,

respectively, when fuel utilisation is 85%.

When the fuel utilisation is added as an extravariable, three-

dimensional I–V charts are obtained, showing more complete

performance maps of the SOFC. In Figs. 7 and 8, the training

and validation points are denoted as black dots, while the

result generated by the ANN model is shown as isothermal

surfaces. The concordance between both models is clear.

The result of the test with the unseen operational data

points is shown in Figs. 9 and 10 later on. It can be stated that

the ANN is able to capture the generic relationship between

inputs and outputs, even for these arbitrary points.

In addition to the figures given earlier, the average and the

maximum discrepancies between the physical model and the

ANN model are summarised in Table 1. As can be seen, the

most difficult parameter to predict is the air flow, which has a

maximum error of 3–4%. The remaining parameters have a

maximum error of less than 1%. On the other hand, the

average values are all well below 1%.

5. Conclusions

The SOFC model based on an artificial neural network

showed a good congruence with the physical model, which

was used to generate the training, validation and test data.

The average values of the errors are well below 1%, and the

maximum errors are below 4%. Besides the numerical

accuracy, the ANN model is much faster and easier to

use, which makes it suitable for the generation of perfor-

mance maps. The ANN model showed to be generic to other

operational conditions as well.

In the future, this type of statistical model could be trained

with data from an experimental set up, and the ANN could

be used to predict the different parameters of the SOFC with

good accuracy, reducing development costs and the need for

extensive experiments.
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Table 1

Distribution of error for the different output parameters

Average error ANN

for H2 (%)

Maximum error ANN

for H2 (%)

Average error ANN

for CH4 (%)

Maximum error ANN

for CH4 (%)

Air flow 0.61 2.82 0.58 3.84

Current density 0.21 0.90 0.17 0.99

Reversible voltage 0.03 0.10 0.02 0.08

Air outlet temperature 0.03 0.20 0.05 0.23

Fuel outlet temperature 0.10 0.42 0.05 0.55

Mean solid temperature 0.09 0.37 0.04 0.15
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Abstract 
High efficiency, environmental friendliness, low operation and maintenance (O&M) costs, and lowest 
possible impact on the environment are some of the requirements of sustainable energy production. In 
the selection of new power generation systems, a number of steps have to be taken into account in 
order to meet these requirements. Here, the first law analysis has been implemented and investigated, 
followed by a combination of the first and second law analyses (exergy analysis), and 
thermoeconomics. Finally, an exergetic life cycle assessment (ELCA) has been carried out for two 
different power cycles to show how the irreversibility of a process is coupled to environmental issues. 
The study involves two cycles, a two-pressure level combined cycle and a humid cycle, to demonstrate 
the usefulness of the three methods mentioned above in a pre-purchase process. The main goal of this 
study is to point out the advantages and the difficulties related to the implementation of each and every 
method, and to identify the target groups that can gain knowledge and information by using these 
methods. Since the operators of power plants often do not have access to detailed information about 
component materials, characteristics, etc., of the power cycle, assumptions have to be made when 
comparing different cycle configurations with each other. These limited types of data and information 
have also been used here to create a plausible scenario of how different pre-purchase methods can 
differ from each other. 
 
Keywords: Energy; Economy; Exergy; Thermoeconomics; Life Cycle Assessment; Exergetic Life Cycle 

Assessment; Humid Cycle; Combined Cycle 
 
 

1. Introduction 
 

In the decision-making process that accompanies investment in a new power plant, the utility 
companies in the deregulated electricity market traditionally use thermodynamic analysis for 
optimization of thermal efficiency, which is based on the first law, together with an economic capital 
cost analysis [6, 7, 19]. The efficiencies and costs which emerge from this type of analysis are for the 
process as a whole. Additional information can be obtained from an exergy analysis combined with a 
thermoeconomic analysis which provides information about the profitability and the effect of 
investment, operation and maintenance (O&M) costs, and also about the effect of operational 
conditions during the lifetime of the plant.  
 
Exergetic analysis usually permits a prediction of the thermodynamic performance of the energy 
system as well as the conversion efficiency of the components of the system. The exergy analysis of a 
system is closely related to its economic indices. The exergy loss in a system is not only a measure of 
the efficiency, but it also shows how much a particular irreversibility costs the operator of the system. 
Thermoeconomic analysis provides a tool for proper estimation of the unit cost of a product and the 
monetary losses associated with the entropy generation in the components of the system. In recent 
years, much effort has been directed toward exploring the importance of exergy analysis, especially 
when combined with an investigation of economy [2, 4, 22, 26, 27].  
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The general attitude to environmental issues, such as global warming, has rapidly changed over the 
last two decades. Today, taking impact on the environment into account when designing new concepts 
and products is more or less a necessity. However, when investigating the pre-design of new power 
plant concepts, only the operation of the plant is optimized regarding emissions. It would be preferable 
to consider the whole life cycle of the power plant, from cradle to grave. Depending on what kinds of 
materials are used in the components of the plant, major reductions to the impact on the environment 
can originate from the production of components, which is the case for ceramic materials [21]. To be 
able to assess the environmental impact of the whole life cycle of a power cycle, a Life Cycle 
Assessment (LCA) can be performed. This concept has been accepted increasingly over the last 
decade, as the result of an environmental design study, and its guidelines are stated in the ISO standard 
14 040, which was completed in 2000. The LCA is, however, a very time-consuming project as 
regards pre-design of new power plant concepts. A rather new approach, which has been presented in 
a number of papers [8, 9, 10, 11, 13, 18, 20], is the Exergetic Life Cycle Assessment (ELCA), where 
the exergy consumption is used as a rough measure of material and energy resource depletion. In this 
paper, all methods mentioned here in the introduction will be comprehensively explained. They are 
applied here to two gas turbine-based cycles, a combined cycle with a gas and a steam turbine, and a 
humid air turbine (HAT) cycle. The aim of this comparative case study has been to ascertain both the 
benefits and the drawbacks of all methods. The objective has also been to establish a rule of thumb as 
to when a particular method is preferable, according to what the designer is looking for. 
 

2. Case study – comparison of a combined cycle and a humid cycle 
 

In the case study carried out in this work, a comparison is made between a conventional mid-size 
combined cycle (CC) and an evaporative gas turbine plant (EvGT), also called a humid air turbine 
cycle (HAT-cycle). According to the thesis by Lindquist [17], where a number of cycles were 
investigated, the electrical efficiency has different maxima at different compressor discharge pressures 
(CDPs) and turbine entry temperatures (TETs). These maxima differ depending on which cycle is 
modeled. As can be seen in Figure 1 (to the left), the electrical efficiency curves are flatter for the CC, 
which gives this type of cycle higher tolerance regarding the CDP. The EvGT-cycle, however, has a 
steeper behavior and is therefore more dependent on a good determination of the pressure ratio for 
certain TETs. To be able to compare the two cycles in a fair manner, in this study it has been chosen to 
keep the turbine entry temperature constant at 1400°C and the optimum compressor discharge pressure 
is then collected for each of the two cycles. These maxima are 20 bars for the CC and 29 bars for the 
EvGT-cycle, designated the humid cycle further on.  
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Figure 1. Electrical efficiency as a function of specific work with various turbine entry temperatures 
and compressor discharge pressures for the CC on the left and for the EvGT to the right [17]. 

 
The full description of the design of these two plants and the parameters used in the investigations are 
described in detail in Sections 2.1 and 2.2.  
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2.1 Description of the combined cycle 
 

The combined cycle simulated in this study is a gas and a steam turbine together with a two-pressure 
heat recovery steam generator (HRSG), where the high-pressure part of the boiler is of the once-
through type. The process is depicted schematically in Figure 2. The first two stages in the expander of 
the gas turbine are equipped with convective blade cooling (BC) and the cooling air is extracted at two 
different pressure levels from the compressor.  
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Figure 2. Schematic flow sheet of the combined cycle. 
 

All calculations, both thermodynamic and exergetic, are made in the heat and mass balance program 
IPSEpro (a simultaneous equation solving program, by SimTech Simulation Technology*). In IPSEpro 
it is possible to implement additional equations such as the exergy equations described in Section 4, 
which makes it very convenient for the tasks that are to be carried out in this study. The parameters 
which are kept constant during the calculation, except the values of chemical exergy from Table 4, are 
shown in Table 1. 
 

Table 1. Parameters kept constant for the CC during thermodynamic                                                
and exergetic calculations [17]. 

Parameter Unit Value Parameter Unit Value 
�pol,GT,c - 0.92 Tb,3 °C 728 
�pol,GT,e - 0.9 Tb,4 °C 638 
�cc - 0.99 S - 0.124 
�m� - 0.99 �is,ST - 0.89 
�el� - 0.98 phpt bar 125 
�pcc % 5.4 pipt bar 40 
�pin % 1.0 plpt bar 7 
�pout % 4.5 pcondenser bar 0.05 
�pcooling % 20 ppapproach °C 7 
TET °C 1400 ppboiler,lp,hp °C 6 
CDP bar 20 ppsh,lp °C 15 

am�  
kg/s 100 ppsh1&2,hp °C 40 

Tb,1 °C 798 pprh °C 40 
Tb,2 °C 753    

                                                      
* For further information, see http://www.SimTechnology.com 
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The values in Table 1 are chosen as if the gas turbine is a GTX 100 by Alstom, an intermediate 
industrial gas turbine, which has been successfully implemented together with an HRSG to repower an 
already existing steam cycle located in Helsingborg, Sweden. Contact with this utility company 
(Öresundskraft AB) has given the authors considerable insight into the process and its parameters, 
regarding both technical and economic aspects. 
 

2.2 Description of the humid cycle 
 

The humid cycle is a rather new concept, not yet commercialized, which has been chosen in this study 
due to its low emission values, especially NOx, and the fact that the humidified air boosts up the 
process with additional power production and thereby delivers good utilization of fuel [17]. It is also 
of interest to see how this process behaves, compared with the more conventional CC, as regards 
economic, technological and environmental considerations. The process scheme selected for this 
comparison is depicted in Figure 3. The component introduced in this type of cycle that is least known 
is the humidification tower (HT), where the air is humidified with water that has been pre-heated by 
both the hot air from the compressor (intercooler (IC) and aftercooler (AC)) and by the exhaust gases 
(economizer (ECO)). As can be seen in Figure 3, there is no bottoming cycle in a humid cycle, as 
exists in the case of the CC where the excess heat from the gas turbine is used to produce steam in an 
HRSG and thus additional power in the steam turbine. In the humid cycle, the increased volume flow 
through the expander, which results from humidification of the air, is used to increase the performance 
of the gas turbine. This, of course, leads to some modifications of an existing high-pressure turbine 
with matching of the expander to the compressor. 
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Figure 3. Schematic flow sheet of the humid cycle. 

In the comparative calculations, the gas turbine parameters, such as efficiencies and the relative 
pressure drops, are the same as for the gas turbine in the CC. Only the CDP is changed from 20 to 29 
bars. As can be seen in Figure 1, this leads to a reduced turbine outlet temperature (TOT), from 
approximately 585 °C to 565 °C. The parameters set and assumed for the components, except the gas 
turbine, are given in Table 2. 
 
The drops in pressure and pinch points tabulated for the humid cycle are based on measured values 
from the pilot plant located at the Department of Heat and Power Engineering, Lund University, 
Sweden.  
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Table 2. Parameters kept constant for the humid cycle during                                           
thermodynamic and exergetic calculations [17]. 

Parameter Unit Value Parameter Unit Value 
�pic� % 1.2 ppic °C 1 
�pac� % 1.2 ppac °C 1 
�peco� % 1.0 ppeco °C 3 
�prec,a� % 1.2 pprec °C 15 
�prec,g� % 4.5 ppht °C 3 
�pht� % 0.1 �Tevap� °C 5 

 

3. First law of thermodynamics and economy 
 

When using the 1st law of thermodynamics for optimizing the performance of a power plant, the 
efficiency of the plant is in focus. If the power plant is a cogeneration plant, i.e. both heat and power is 
produced, the total efficiency, �tot, is to be maximized; see equation (1). 
 

  
in

pnet
tot Q

QW

�

�� �
�

�
�

inputheat  Total

deliveredheat  Process output Net work 
�  (1) 

 
If the power plant only produces electricity, the electrical efficiency, �el, is to be maximized; see 
equation (2). 
 

 
in

net
el Q

W
�

�
��

inputheat  Total

outputNet work 
�    (2) 

 
Considering fossil fuelled power plants, the total heat input is proportional to the fuel heating value. 
The fuel heating value is also denominated as the calorific value (net or gross) of the fuel, i.e. the 
higher heating value (HHV) or the lower heating value (LHV). If the latent heat of the exhaust gases is 
used in, for instance, a flue gas condenser, the efficiency is calculated with HHV. If the exhaust gases 
are let out in the stack without any assimilation, LHV is used instead. However, the most common 
way of using the heating values when comparing different constellations of power plants is to use the 
LHV, which will also be done here. 
 
When the plant is optimized regarding efficiency, the capital cost of the plant will be minimized since 
the cost of electricity, YEL, is inversely proportional to the efficiency, which can be seen in equation (3) 
[14]. 
 

 varu
TP

UY

TP

TCR
Y

eq

fixF

eq
EL �

�
��

�
�

�
�

�
   (3) 

 
Equation (3) is a general and useful way of estimating the cost of producing 1 MWh of electricity at 
the design stage of a power producing process. This cost is then to be compared to the market price of 
electricity. However, in the cost calculated in equation (3), environmental taxes and fees, such as 
carbon tax and NOx-fees, are not included. These additional costs can be decisive, especially in an 
international emission trading market, when comparing for instance a biomass fuelled plant and a 
fossil fuelled plant. In this paper, however, two plants both utilizing natural gas as fuel are compared, 
so that equation (3) is considered adequate for achieving the objective of showing the difference 
between the pre-design estimation methods. The economic parameters to be used in the work are 
shown in Table 3. 
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Table 3. General economic parameters used for calculation                                                        
of the electricity cost 

General economic parameters Value 
Discount rate, z [%] 6 & 12 
Depreciation period, n [a] 20 

Annuity factor, � [1/a] = 
� � nz

z
��� 11

 
 

0.08718 (6%) 
0.1339 (12%) 

 
Equivalent utilization period [h/a] 8000 

�

�

To estimate an approximate capital cost of a CC of the proposed size, a polynomial was formed, 
utilizing costs reported in [12], which is shown in Figure 4. The total cost requirement of the CC in 
question is assessed here to be approximately 40 million US dollars (2001 $US). 
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Figure 4. Spreading of the official investment costs ($US/kW)                                                     
as a function of the power output for 50 CCs. 

 
When assessing the total capital requirement for the humid cycle, the preliminary study carried out in 
1996 [1] has been used as a starting-point, but there have been changes to the costs of the heat 
exchangers especially, as the manufacturing processes have been improved considerably over the past 
few years. This development contributes to a total cost which is less than that stated in the preliminary 
study. After these considerations, a total capital requirement of approximately 25 million US dollars 
has been estimated (2001 $US). 
 
The fuel used in both cycles is natural gas with the lower heating value of 47.5 MJ/kg, and the fuel 
cost is set to vary between 7.5 and 17.5 $US/MWhF (equivalent to 2.1 to 4.9 $US/GJF, in 2001 $US) 
The fuel cost interval is based on the relative trends compiled by the Department of Energy [11], 
average natural gas costs reported in [15], and fuel cost specifications from a purchaser of natural gas 
at Sydgas AB in Sweden [14]. The variable and fixed O&M costs for the CC are estimated to be 2.5 
$US/MWhel [1] and 1.7 million $US/a, respectively [16]. Since the humid cycle has not reached the 
market yet, it is difficult to assess what O&M costs can be expected. There might be teething problems 
when it is commercialized, which may increase O&M costs, but the fact that the components in the 
humid cycle are simpler than, for instance, the HRSG in the CC is also a consideration. For these 
reasons, the easiest way of overcoming this difficulty is to use the same O&M costs for both the 
humid cycle and the CC. 
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4. Exergy and thermoeconomics 
 

Exergy is a concept derived from the second law of thermodynamics. The first law of thermo-
dynamics deals with the concept of conservation of energy, i.e. that energy cannot be destroyed. This 
is always true, but the first law of thermodynamics does not say anything about which thermal 
processes are possible, i.e. the concept of irreversibility is not a matter of course. The second law of 
thermodynamics establishes whether a process will take place or not, so both the first and the second 
law of thermodynamics must be satisfied for the required process to take place. The parameter used to 
ascertain that the second law is sustained, and which is also used for the calculation of exergy, is 
entropy. During spontaneous processes, entropy is generated, which leads to exergy destruction. The 
relation between entropy and exergy is clearly shown in equation (5). 
 
Exergy is often split up into four components, physical (PH), chemical (CH), kinetic (KN) and 
potential (PT) exergy as shown in equation (4). 
 

 � �J     PTKNCHPH EEEEE ����    (4) 
 
Every material or piece of matter consequently contains a potential amount of exergy. When 
considering power plants and their flows, the contributions of kinetic and potential exergy are often 
neglected. The physical exergy is expressed as in equation (5), where U, V and S denote the internal 
energy, the volume and the entropy of the medium, respectively. 
 

 � � � � � � [J]     00000 SSTVVpUUE PH ������    (5) 

 
The subscript 0 relates to the reference state, which is generally set to a pressure of 1 atm and a 
temperature of 298.15 K [1, 26]. This constellation of parameters is also used in the case study carried 
out later on in this paper, both regarding the exergy analysis and the ELCA.  
 
The chemical exergy is perhaps the most difficult to calculate, since it is dependent on the phase at 
which the matter is present. By using reference substances that reflect the natural environment most 
closely (the atmosphere for gaseous substances, the ocean for liquid substances and the crust 
composition (in the lithosphere) for solid materials), the most standard values of chemical exergy and 
Gibb’s free energy of formation have been calculated and tabulated, and these can be found in 
handbooks [3, 5, 26]. Considering the power production in the case studies, the standard exergy values 
of the relevant substances are as shown in Table 4. When calculating the chemical exergy of a mixture, 
equation (6) is used. xk denotes the molar fraction of substance k, T0 the environmental temperature 
and Rk the gas constant for substance k.  
 

� � � �� � 		�	�
k k

kkk

CH
kk

CH
xRxTexe J/kmol    ln0   (6) 

 
The chemical exergy values computed for every flow through the components of the power plant are 
added to the physical exergy values for the flows, which results in a total exergy value for every 
stream. These total values, which imply the potential “energy” of the flows, are then used in the 
thermoeconomic evaluation, which is a combination of exergy analysis and economy. In a 
thermoeconomic analysis, additional costs are assigned to both exergy destruction and exergy loss, 
and thereby, all components can be evaluated according to their irreversibility. 
 
The main objective, as in the case where the first law of thermodynamics and economy are used, is to 
calculate the cost of the product, which is electricity in this case study. For the overall system, i.e. the 
power plant, the total product cost is calculated as in equation (7), 
 

 � �$US/h          where, ,, EcCZZCC OM
tot

CI
tottotFtotP

������ 	����  (7) 
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Table 4. Standard chemical exergy values 
CH

e of substances                                                       
used in the case study [5]. 

Substance Formula CH
e (kJ/kmol) 

Carbon monoxide CO(g) 275100 
Carbon dioxide CO2(g) 19870 
Methane CH4(g) 831650 
Ethane C2H6(g) 1495840 
Propane C3H8(g) 2154000 
Hydrogen H2(g) 331300 
Water H2O(g) 9500 
Water H2O(l) 900 
Hydrogen sulphide H2S(g) 812000 
Nitrogen N2(g) 720 
Oxygen O2(g) 3970 
Sulphur dioxide SO2(g) 313400 

 

where C�  represents exergy-related costs and Z�  non-exergy-related costs. The subscripts P and F 
denote the product and the fuel, respectively, and the superscripts CI and OM represent the capital 
investment and the operation and maintenance, respectively. The same variable operation and 
maintenance costs as mentioned earlier in Section 3 have been used during the thermoeconomic 
calculations, with the addition of the fixed O&M cost, which has been divided by the power and the 
equivalent utilization period. However, the main interest when carrying out thermoeconomic 
calculations is to capture the exergy-related costs of the different streams within the system 
boundaries. Depending on the aggregation level of the components, these costs have different 
magnitudes for individual streams. In Table 5, it is shown how the aggregation levels have been 
chosen for both the CC and the humid cycle.  
 

Table 5. Components used during the thermoeconomic calculations. 

COMBINED CYCLE –  (15 ‘COMPONENTS’) HUMID CYCLE – (18 ‘COMPONENTS’) 
Component % of 

Ztot 
Component % of 

Ztot 
Component % of 

Ztot 
Component % of 

Ztot 
LPC 5 HRSG 33 LPC 3 St2 4 
HPC 5 HPT 7 IC 2 R2 3 
CC 4 IPT 3 HPC 11 TS3 3 
St1 6 LPT 1 AC 1 Gen 23 
R1 4 Cond 2 HT 1 Eco 12 
St2 3 Gen, ST 8 Rec 9 WR-system 7 
R2 2   CC 6 Pump (from WR) <1 
TS3 2   St1 9 Pump (to Eco) <1 
Gen,GT 15   R1 6 Pump (to IC/AC) <1 

 
Assignment of the O&M cost among the components depends on the capital investment cost of each 
particular component. To establish the costs for all streams around the aggregated components, both 
equations and variables must be set. The cost balance around each component is as shown in Figure 5. 
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Figure 5. Cost balance for thermoeconomic calculations. 

 
By performing the cost balances for all components, one by one, while utilizing the auxiliary 
equations described in [5] for example, matrices and vectors are formed, as shown in equation (8). All 
exergy values and the non-exergy-related costs are known at this stage, which makes it possible to 
calculate the exergetic costs (c) in terms of $US/GJ. 
 

 ZcE �� ��    �� � �$US/GJ      ZEc 1 �� �� � �� � (8) 
 

These costs are then used to calculate the cost of exergy destruction for every component, according to 
equation (9). The assumption made at this stage is that the exergy value of the product is fixed, i.e. that 
the exergy destruction is covered by the addition of extra fuel to the component, which leads to a cost 
for the exergy destruction. 
 

 
� �

� �GJ/h      

$US/h      

k
P

k
F

k
D

k
Dk

F

kk
Pk

D
k
FD

EEE

E
E

ZC
EcC

���

�
�

��
��

��

�
�

��
   (9) 

 
The subscript D denotes destruction for the component k. By adding this cost of exergy destruction to 
the non-exergy-related cost for every product, the most costly components for the power plant are 
found. It is these components that are crucial to the performance of the process as a whole and the 
ones to focus on if improvements are to be made.  
 

5. Environmental methods 
 

The main environmental concept to be considered in this paper is ELCA, but to explain the ELCA 
concept, it is convenient to compare it with the better known concept of LCA. When performing an 
LCA according to the ISO standard 14 040 – 43, there are four phases that have to be considered: 1) 
goal and scope definition, 2) inventory analysis, 3) environmental impact assessment and 4) 
interpretation of the results. The aim is to take into consideration the total impact on the environment 
during the whole lifetime of the process/product. The lifetime can be divided into three sections, 
namely construction, operation and dismantling of the process and only the first two sections are 
considered in this paper. The construction phase involves the production of the components of the 
power plant, including the mining of necessary ores, refining of the ores and production of raw 
materials, production of the components, transportation and the construction work on site, as can be 
seen from Figure 6.  
 
The operation phase is, just as it states, the time when the process or product is used, and the 
dismantling phase relates to the waste treatment of the components of the process together with the 
recycling of materials. When comparing the ELCA with the LCA, they are compatible in the first 
phase, goal and scope definition, where the system boundaries are set. The same technical system 
boundary should be used in the ELCA as in an LCA if they are to be compared to each other. When 
the boundaries are set, data have to be collected to establish the mass flows through the whole life 
cycle of the process. 
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Figure 6. Schematic process tree for the construction phase of                                                      
an arbitrary power plant component. 

 
Starting with the construction phase, the materials of the components included in the two power 
cycles, CC and the humid cycle, together with the weight of the components, are fundamentally 
important values to know. The assumptions stated in Table 6 are used for the two cycles regarding 
material composition and weight. As can be noted from Table 6, the only materials considered in the 
two plants are steel, iron, copper and aluminum. This is due to the uncertainties about the real alloys 
used in the different components. Substances which could be present in the components, other than 
those stated in Table 6, are nickel, titanium (condenser), chromium, etc. It is, however, assumed that 
the use of energy/exergy is similar for these three materials and the real alloys [23]. These tabulated 
data are then to be used for the calculation of exergy destruction and environmental impact during the 
production phase. The values of exergy destruction are gathered from [26], while the environmental 
data used in the LCI are taken from [24]. 
 
When investigating the operation phase the exergy values calculated in IPSEpro for the streams, such 
as exhaust gases and power output, are used to assess the resource depletion. The data used in the LCI, 
i.e. energy and mass streams, are also collected from the heat and mass balance calculations.  
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Table 6. Estimated weight distribution among the components of the cycles. 

Cycle/Component Material composition Weight 
[ton] 

Ref. 

COMBINED CYCLE 
GTX100 100% steel 68 †, †† 
Generator (GT) 90% iron, 10% copper 100 †, †† 

HRSG 100% steel 370 †, †† 

Steam turbine (incl. Generator) 60% steel, 36% iron,          
4% copper 

130 ††, ††† 

Condenser 100% steel 44 ††, ††† 

Piping sys., valves, etc. 100% steel 180 ††, ††† 

Auxiliaries 100% steel 21 ††, ††† 

Electrical equipment 60% steel, 30% copper,        
5% aluminium, 5% PVC 

350 ††, ††† 

Civil (reinforcement and 
structural steel) 

100% steel 550 ††, ††† 

HUMID CYCLE 
GTX100 100% steel 68 †, †† 

Generator 90% iron, 10% copper 125 †, †† 

Humidification tower 100% steel 14 ‡ 
Intercooler (brazed plate) 100% steel 32 ‡ 

Aftercooler (brazed plate) 100% steel 10 ‡ 

Recuperator (primary surface) 100% steel 8 ‡ 

Economizer (compact tube) 100% steel 20 ‡ 

Piping sys., valves, etc. 100% steel 44 ††, ††† 
Auxiliaries 100% steel 10 ††, ††† 
Electrical equipment 60% steel, 30% copper,   

5% aluminium, 5% PVC 
175 ††, ††† 

Civil (reinforcement and 
structural steel) 

100% steel 150 ††, ††† 

 

6. Result – First law and economy 
 

By applying the first law of thermodynamics to the two power plant types, the humid cycle became the 
superior one in terms of efficiency. The CC had an electrical efficiency of 55.1% (LHV), while the 
humid cycle had an electrical efficiency of 56.0% (LHV). If the heat that is produced by the humid 
cycle is to be considered as useful for, for instance, district heating, the total efficiency of the humid 
cycle would be 94.7% (LHV). The electricity production costs have been calculated based on the 
electrical efficiency and with both 6 and 12% as the discount rate. The results of these calculations are 
shown in Figure 7. 
 
It is clear that the humid cycle is also the preferable one according to economics, but this was obvious 
already when the thermodynamic results were calculated. Since the O&M costs for the humid cycle 
were approximately the same as the costs for the CC, it could be interesting to see how much this 
parameter influences the economic analysis. The calculations of the electricity production cost showed 
that the O&M costs amount to 12-23%, depending on the discount rate and the fuel price. Even if the 
fixed and variable O&M costs were doubled for the humid cycle, it would still have lower electricity 
production costs than the CC. 

                                                      
† Weight data recovered from Västhamnsverket (combined cycle) located  in Helsingborg, Sweden 
†† Material composition recovered from [23] 
††† Weight data recovered by scaling down a 400 MW combined cycle 
‡ Weight and material composition estimated by using [17] 
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Figure 7. Results for the 1st law of thermodynamics and economics. 

7. Results – Exergy and thermoeconomics 
 

The overall results for the two cycles are that the CC has an exergetic efficiency, �, of 0.509, while the 
humid cycle has an overall exergetic efficiency of 0.548, when the heat is utilized in the water 
recovery system. The values for exergy destruction, exergetic efficiency and cost of the exergy 
destruction for the CC are shown in Table 7. The most costly component is the combustor, which was 
to be expected. This is due to the fact that the firing temperature is well above the maximum material 
temperature of the material in the combustor, which leads to cooling of the combustor walls and 
thereby lower temperature. Little can be done about this consideration when using conventional or pre-
mixed burners. Regarding the HRSG, which is placed second, the cost is mostly due to the release of 
the exhaust gases to the stack. In Table 8, the same parameters are reported for the humid cycle as for 
the CC in Table 7. The second most expensive component here is the recuperator, with the third stage 
of the gas turbine close behind. 
 

Table 7. Exergy destruction, exergetic efficiency and cost of exergy                                             
destruction of the aggregated components of the CC. 

E D � C D  (z=6%)
(GJ/h) (-) ($US/h)

Combustor 134.84 0.75 742
HRSG 14.23 0.86 101
LPT 5.46 0.88 64
Condenser 4.84 0.16 59
LPC 6.20 0.94 51
TS3 (stage 3) 6.11 0.94 47
R1 (Rotor 1) 4.66 0.91 32
R1 (Rotor 2) 4.13 0.93 31
ST1 (stator 1) 4.51 0.91 30
ST2 (Stator 2) 3.64 0.93 27
Generator GT 2.92 0.98 24
HPC 2.57 0.98 22
Generator ST 1.52 0.98 20
IPT 1.72 0.92 19
HPT 1.11 0.93 9  
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Table 8. Exergy destruction, exergetic efficiency and cost of exergy destruction                                    
of the aggregated components of the humid cycle 

E D � C D  (z=6%)
(GJ/h) ��� ($US/h)

Combustor 167.91 0.794 1037.94
Recup. 10.00 0.902 82.32
TS3 (stage 3) 9.08 0.946 74.74
R2 (rotor 2) 6.76 0.921 53.41
Generator 6.01 0.980 53.11
St1 (stator 1) 6.79 0.917 51.32
HT 7.05 0.911 51.13
R1 (rotor 1) 6.27 0.924 48.95
St2 (stator 2) 6.90 0.903 48.68
Water recovery system (WR) 5.26 0.941 46.48
LPC 4.80 0.955 44.27
AC 2.52 0.892 25.58
HPC 2.33 0.923 19.18
Eco 4.37 0.967 17.75
IC 1.58 0.923 15.25
Water pump (from WR) 0.01 0.999 0.13
IC/AC pump 0.01 0.999 0.12
Eco pump 0.14 0.968 0.11  

 

8. Results – Environmental methods 
 

When calculating the results for the environmental side, the weights of the components presented in 
Table 6 are used in the estimation of the production phase. By using these values, it is possible to find 
emissions and waste to ground, water and air, which can be considered as reference states both in the 
ELCA and the LCA. The functional unit used in the LCA, when considering power plants, is often ‘g 
emission per MWhel’. Often when the LCA calculations have been carried out, it is clear that the 
operation phase is having much more impact on the environment regarding emissions to air than both 
the production and the dismantling phase. This is, however, not always the case when considering the 
emissions to ground and water. In this study, the focus is set on emissions to air during the LCI in 
order to show the difference between the two cycles, since the material composition of the components 
of the processes is similar. In Figure 8, the life cycle inventory results are shown for the production 
phase of the two cycles. 
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Figure 8. Life cycle inventory (LCI) results for the production phase,                                          
regarding emissions to air for the two cycles. 
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It is clear that the production of the combined cycle is more hazardous to the environment than the 
humid cycle during the production phase. This is due to the fact that the CC contains more material 
overall at the same time as it produces less power. During the operation phase the electrical efficiency 
is higher for the humid cycle than for the combined cycle, which consequently leads to the fact that the 
fuel utilization is higher for the humid cycle and thus this cycle also discharges less in terms of 
emission per MWhel. Since the assumption has been made that both processes have 100% combustion 
efficiency, the calculated compositions of the exhaust gases only cover N2, CO2, H2O, O2 and Ar. It is 
of course a limitation not to calculate the NOx-formation, for example. However, according to the 
values of NOx measured for the EvGT cycle at Lund University, this is well below 7 ppm (15% O2), 
while Alstom guarantees a value of 15 ppm NOx (natural gas) for a constellation of CC similar to the 
one calculated with here. When comparing the two cycles with other LCIs carried out at the utility 
company Sydkraft AB in Sweden, the results shown in Figure 9 are obtained. 
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Figure 9. Comparison of discharge of CO2 for different power plants                                               
during their lifetime (* from [25] and ** from [21]). 

 
The category ‘Fuel’ represents the discharge of CO2 during the production of the fuel. The bio-fuelled 
power plants, denoted as Bio (P+H), produce both power and heat, so the discharge of CO2 is not only 
for the electricity, which is the case for the other cycles. 
 
In the ELCA, the exergy consumption during the operation phase is calculated in IPSEpro, while the 
exergy consumption in the construction phase is calculated according to Szargut [26]. The results 
obtained with this method mean that during the construction phase, approximately 1400 GJ/MWe is 
consumed to build the CC, while only approximately 350 GJ/MWe is consumed for the humid cycle. 
During the operation phase, the CC has a total exergy destruction 33.5·106 GJ, which is equivalent to 
3.5 GJ/MWhel. The same figure for the humid cycle are 41.7 GJ, which is equivalent to 3.0 GJ/MWhel, 
since the net power production is higher in MWhel. These ELCA results regarding the production and 
the operation phases correspond to the results obtained in the LCIs, which they should.  
 

9. Conclusions 
 

A thorough and extensive study was carried out in order to compare the pre-purchase phase of each of 
two power cycles, namely, a combined cycle and a humid cycle. These methods used here are all 
available in the literature, and are therefore tools that utility companies should embrace. All methods, 
however, provide different results with different figures. The first law analysis with economic 
calculations only takes the operation phase into consideration, and the technical boundaries used are 
those of the entire cycle. The exergy and thermoeconomic analyses provide the user with details 
regarding the aggregated components, which lead to more differentiated information about where the 
weaknesses of the process are located. The environmental methods are the only methods that take the 
entire life cycle of the power plant into consideration. This means that depletion of resources is taken 
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into consideration, as well as the impact that the cycle has on the environment. To also assess the 
environmental impact can be very useful in the future when taxes and fees together with emission 
trading of for instance CO2, rises as an economic issue. 
 
When considering the perspective of time that the different methods have, it can generally be said that 
the first law analysis together with economic calculations is the fastest way of estimating the operation 
costs of a cycle. This method is useful in a first stage where different concepts are to be compared in a 
general manner. This method should, however, be completed using an environmental method such as 
ELCA for the overall system, to capture the whole life cycle and thereby decrease the number of 
possible concepts; see Figure 10. Finally, when only a few concepts are left after the first sorting out, 
it is of course imperative that the manufacturers of the concepts are contacted and that deals such as 
operation and maintenance contracts and other economical benefits be discussed. 
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Figure 10. First stage in screening concepts in the purchase phase. 

 
Using ELCA as a pre-purchase method is demonstrated here, but when analysing new cycle configura-
tions, assumptions regarding materials, manufacturing processes, etc., have to be made, as is the case 
when performing an LCA. To be able to use LCA or ELCA as a natural pre-purchase tool, a universal 
database would be desirable. If it were possible to produce such a general database for every 
production, operation and dismantling step, and to gather all this information, thus making it available 
to the open literature, environmental impact assessment would probably become a common 
investigation tool with great potential.  
 
Exergy analysis together with thermoeconomic calculations is a useful tool when improvements of 
already existing concepts are to be made at the component level. By introducing the concept of 
irreversibility, improvements can be made regarding exergy destruction and therefore also resource 
depletion. This method is perhaps more useful as a second phase of screening, since it is much more 
time-consuming than the 1st law analysis.  
 
When performing an LCA, which is even more time-consuming than the 2nd law analysis, vital 
information about impact on the environment is obtained. However, when using this information for 
suggesting improvements, subjectivity is introduced by the person who analyses the data. It is 
impossible to say which category is the worst, global warming, acidification, eutrophication, etc. To 
overcome this problem, the ELCA can be used since the exergy consumption, which is a numerical 
value, is used. By lowering the exergy consumption, i.e. decreasing the irreversibility, the power plant 
configuration and its components can be optimized in a way that is least harmful to the environment. 
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Nomenclature 
 
C�  Cost rate [$US/h] 
e Exergy [J/kmol] 
E Exergy [J] 
g Gas 
m�  Mass flow [kg/s] 
n Depreciation period [a] 
p Pressure [bar] 
P Power [kW] 
pp Pinch point [°C] 
Q Heat [J] 
Q�  Heat ratio [kW] 
R Gas constant [kJ/kgK] 
S Entropy [kJ/kgK] / Polytropic 

efficiency reduction factor [-] 
T Temperature [K] / Utilization period 

[h/a] 
u Cost of operation [US$/MWh] 
U Internal energy [J] / Cost of operation 

[$US/a] 
V Volume [m3] 
W Work [J] 
x Molar fraction [-] 
Y Cost [US$/MWh] 
z Discount rate [%] 

Z�  Non-exergy-related cost rate [US$/h]  

Greek Symbols 

� Efficiency [-] 
�� Annuity factor [-] 

Subscripts 

0 Environment 
a Air 
ac Aftercooler 
b Blade 
c Compressor 
cc Combustion chamber 
eco Economizer 
el Electrical 
El Electricity 
eq Equivalent 
evap Evaporation 
F Fuel 
fix Fixed 
g Gas 
GT Gas turbine 

hp High pressure 
hpt High-pressure turbine 
ht Humidification tower 
in Inlet 
ipt Intermediate pressure turbine 
is Isentropic 
lp Low pressure 
lpt Low-pressure turbine 
m Mechanical 
out outlet 
p Process 
P Product 
pol Polytropic 
rec Recuperator 
rh Reheat 
sh Superheater 
ST Steam turbine 
tot Total 
var Variable 

Superscripts 

CH Chemical 
CI Capital investment 
KN Kinetic 
OM Operation and maintenance 
PH Physical 
PT Potential 

Abbreviations 

AC Aftercooler 
BC Blade cooling 
C Compressor 
CC Combined cycle / Combustion 

chamber 
CDP Compressor discharge pressure 
COND Condenser / condensate 
DH District heating 
E Expander 
ECO Economizer 
ELCA Exergetic life cycle assessment 
EvGT Evaporative gas turbine 
FGC Flue gas condenser 
GEN Generator 
HAT  Humid air turbine 
HHV Higher heating value 
HPC High-pressure compressor 
HRSG Heat recovery steam generator 



 17

HT Humidification tower 
IC Intercooler 
LCA Life cycle assessment 
LHV Lower heating value 
LPC Low-pressure compressor 

O&M Operation and maintenance 
REC Recuperator 
TCR Total capital requirement 
TET Turbine entry temperature 
TOT Turbine outlet temperature 
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ABSTRACT 

Traditionally, when process identification, monitoring and 
diagnostics are carried out for power plants and engines, 
physical modeling such as heat and mass balances, gas path 
analysis, etc. is utilized to keep track of the process. This type 
of modeling both requires and provides considerable 
knowledge of the process. However, if high accuracy of the 
model is required, this is achieved at the expense of 
computational time. By introducing statistical methods such as 
Artificial Neural Networks (ANNs), the accuracy of the 
complex model can be maintained while the calculation time is 
often reduced significantly reduced. The ANN method has 
proven to be a fast and reliable tool for process identification, 
but the step from the traditional physical model to a pure ANN 
model is perhaps too wide and, in some cases, perhaps 
unnecessary also.  

In this work, the Evaporative Gas Turbine (EvGT) plant 
was modeled using both physical relationships and ANNs, to 
end up with a hybrid model. The type of architecture used for 
the ANNs was the feed-forward, multi-layer neural network.  

The main objective of this study was to evaluate the 
viability, the benefits and the drawbacks of this hybrid model 
compared to the traditional approach. The results of the case 

study have clearly shown that the hybrid model is preferable. 
Both the traditional and the hybrid models have been verified 
using measured data from an existing pilot plant. 

The case study also shows the simplicity of integrating an 
ANN into conventional heat and mass balance software, 
already implemented in many control systems for power plants. 
The access to a reliable and faster hybrid model will ultimately 
give more reliable operation, and ultimately the lifetime 
profitability of the plant will be increased. 

It is also worth mentioning that for diagnostic purposes, 
where advanced modeling is important, the hybrid model with 
calculation time well below one second could be used to 
advantage in model predictive control (MPC). 

NOMENCLATURE 
 

Abbreviations 
ANN Artificial neural network 
comb Combustion module 
comp Compressor module 
EvGT Evaporative Gas Turbine 
exp Expander module 
hex Heat Exchanger module 
HT Humidification tower 



 2 Copyright © 2003 by ASME 

humid Humidification module 
LHV Lower heating value (MJ/kg) 
mix Mass and molar flow mix module 
MPC Model predictive control 
NG Natural Gas 
split Mass and molar flow split module 
PID Control algorithm 
PP Pinch point 
 

Letters 
b Bias vector element 
b Bias vector 
h Number of hidden neurons 
m Mass flow (kg/s) 
maxt Vector of maximum values for the output from the 

ANN 
mint Vector of minimum values for the output from the 

ANN 
maxu Vector of maximum values for the input to the ANN 
minu Vector of minimum values for the input to the ANN 
n Volume fraction (-) 
p Pressure (bar) 
q Heat flow (kW) 
T Temperature (°C) 
u ANN input 
w Weight element 
W Weight matrix 
x Weight fraction of water in air (kg H2O/kg air) 
 

Subscripts 
hex heat exchanger 
hex_max maximum heat exchanger capacity 
hum.air humidified air 
in inlet 
out outlet 
 

Greek symbols 
� Break Point (°C) 
� Arithmetic difference 
�� Heat exchanger effectiveness 
� Penalty Parameter 
�� Efficiency 
�� Bias 
� Penalty Function 

 
 

INTRODUCTION 
The EvGT plant, also known as the Humid Air Turbine 

cycle, is a promising plant concept which was built and tested 
at Lund Institute of Technology in Sweden. Generation of 
accurate models for certain components of the system has been 
shown to be difficult, due to variation in the amount of water 
present in the working medium at different load conditions. In 
order to be successful with this process in future power 
production, a good knowledge of the cycle performance and an 
adequate control system are necessary. 

Traditional modeling tools, based on heat and mass 
balances, give a good approximation of the process for general 
performance analysis and better understanding of physical 
relationships [2, 13, 21, 23]. A higher level of accuracy, 
however, with detailed component models, often results in 
complex program code with long computational time. The 

introduction of statistical methods, such as ANNs, has 
previously been reported to shorten this calculation time and to 
enhance generation of a more precise model of the plant using 
measured data [1, 7, 16, 17, 18, 19]. However, for a pure ANN 
model to be implemented successfully, the data used for 
training and validation of the ANN must be chosen carefully 
and with as broad a range as possible, in order to map the 
process accurately.  

In future commercial plants the measurement points should 
be minimized, not only to cut down investment and 
maintenance costs, but also to avoid the losses that may occur 
due to the fact that the probes disturb the flows. This could be 
solved by using ANN, since there is no mass balance or energy 
balance to be closed; thus, perhaps the measuring points could 
be reduced.  

A hybrid model which captures the best of both worlds 
would thus be an interesting alternative. By combining physical 
models with ANNs where possible, most of the physical 
understanding of the process is retained, while at the same time 
the model could become more accurate and have a shorter 
computational time. 

In this work, the EvGT plant depicted in Figure 1 is 
modeled using both physical relationships and a combination of 
physical relationships and ANN. The latter is referred to as a 
hybrid model throughout. The main objective of this study was 
to evaluate the viability, the benefits and the drawbacks of this 
hybrid model and compare it to the traditional approach with 
physical-based modeling. Also in this study, a presentation is 
made of how an ANN model might easily be implemented in a 
more traditional multi-tasking program, based on heat and mass 
balances. 

B: Hydraulic Brake
ECO: Economizer

FGC: Flue gas condensor
HT: Humidification tower
REC: Recuperator
WR: Water reservoir

NG
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WR
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Figure 1. Process scheme of the EvGT pilot plant 

  
PHYSICAL MODELING 

The physical simulation model is a steady-state model 
based on heat and mass balances. The model is developed in a 
Visual Studio C++ 6.0 environment to meet the requirement of 
short computational time. C++ is a high-level programming 
language and is not the optimal environment for developing a 
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simulation model for a power cycle based on heat and mass 
balances. C++ has no predefined subroutines for saturated 
steam, water and superheated steam, or for saturation pressures 
and temperatures [10]. These must be developed before the 
actual development of the model starts.  

The model structure, shown in Figure 2, consists of one 
pre-processor, one post-processor and seven basic modules. 
The basic modules are: comp, exp, hex, comb, split, mix and 
humid. The pre-processor fetches the initial conditions and 
calculates the absolute humidity and the mass and molar flow 
of air and water vapour into the comp-module. Each of the 
seven basic modules calculates the temperature, pressure, and 
mass and molar flow of water/water vapour, CO2, N2 and O2. 
Each module has ten outputs and at least ten inputs, because 
some modules require special inputs such as the heat exchanger 
efficiency, isentropic compressor and expander efficiency, 
pressure drop, etc. The post-processor calculates the heat flows 
for each module and stores the temperature, pressure, and mass 
and heat flow of each module as a text file. 
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Figure 2. Detailed object-oriented model structure for 
the physical model 

 
All modules are assumed to be adiabatic, i.e. there is no heat 
exchange with the surroundings [9]. Water vapour, CO2, N2 and 
O2 are assumed to be ideal gases [24]. Air is assumed to contain 
21% oxygen and 79% nitrogen by volume [24]. No modules for 
emission calculations of NOx or CO are implemented. 

All the basic modules solve the mass balance initially, then 
calculate the pressure, and finally the output temperatures are 
calculated by solving the heat balances. The split and mix 
modules divide or mix two mass- and molar flows. The comp- 
and exp-module calculate the outlet temperature of the 
compressor and the expander by means of the isentropic 
efficiency algorithms [6]. The hex-module uses the heat 
exchanger efficiency to calculate the outlet temperature 
iteratively [9]. The comb-module calculates the heat of 
combustion and the outlet temperature from the combustor. 
Perfect combustion is assumed. Therefore, CO2 and H2O are 
considered to be the only products present after the combustion 
[24].  

The humid-module does not have the flexibility to 
calculate the amount of water vaporized in the humidification 
tower. No great effort has been put into building a humid-

module with full dynamics, because the water film evaporation 
is too complex to model, and additionally, the computational 
time would be too long [14]. The aim here has been to develop 
a simplified humid-module with a short computational time. 
The lack of reliable data for the thermophysical properties of 
air-water mixtures at high pressure makes this task even more 
difficult [6]. With the humid-module implemented, the user sets 
the amount of water evaporated and the outlet temperature of 
the circulation water as initial conditions. The program makes 
use of empirical correlations from performance tests as default 
values. This module calculates the heat balance iteratively by 
changing the outlet gas temperature. The initial conditions that 
each module requires are shown in Table 1. 

 
Table 1. Initial conditions for the basic modules 

Module comp exp mix split hex comb humid 

T X X X X X X X 
mH2O X X X X X X X 
mCO2 X X X X X X X 
mN2 X X X X X X X 
mO2 X X X X X X X 
nH2O X X X X X X X 
nCO2 X X X X X X X 
nN2 X X X X X X X 
nO2 X X X X X X X 
P X X X X X X X 
� X X   X X X 
s_comp X       
s_exp  X      
hex     X   

mfuel      X  
mevap       X 
LHV      X  
PPht       X 
msplit    X    

 
Modules that use two or more basic modules are called 
combined modules. In the EvGT power plant, the combustion 
chamber and expander are combined modules. The reason for 
using combined modules is to keep the number of modules to a 
minimum and to avoid having two or more modules that do the 
same calculations in the model. 

The combustion chamber combined module is built up of 
three basic modules, as shown in Figure 3. The first part is the 
comb-module, where all combustion processes take place. The 
second part is a hex-module where compressed air cools the 
combustion chamber in the flame tube extension. In the third 
part, a mix-module is used for the dilution zone where leakage 
air from the scroll enters the combustion chamber. 
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Figure 3. Detailed flow sheet for the combustion 
chamber combined module  
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The expander is modeled in two stages. The combined module 
expander is built from three basic modules, as shown in Figure 
4. The first and third parts are the exp-modules, where the gas 
expands. In-between those two exp-modules, cooling air is 
introduced by a mix-module. 

The solution strategy for the physical model is to solve the 
heat and mass balances, and the pressure distribution 
sequentially [20]. The model consists of three linked iteration 
loops, one for each heat exchanger, i.e. the flame tube 
extension, recuperator and the economizer. The different 
iteration loops are shown in Figure 5, which is a general 
solution diagram for the physical model. 
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Figure 4. Detailed flow sheet for the expander 
combined module 

  
The iteration loops compare the difference between the 
calculated value and the initial value, and when the difference 
is less then 0.001, the iteration is stopped. Default starting 
values (guessed values) are programmed into the model. Each 
iteration loop is relaxed to provide the algorithm to converge 
calmly. Only 10% of the difference is added to the new guessed 
value. It is of great importance that the linked iteration loops 
are well relaxed; otherwise the algorithm will not converge. 
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Figure 5. General solution diagram for the physical 
model 

The first iteration loop solves the heat and mass balance in the 
flame tube extension in the combustion chamber. The second 
iteration loop solves the recuperator and the third one the 
economizer.   

The model tends to transfer the errors in heat and mass 
balances forward through the linked loops until the model 
crashes. This is a drawback, due to the absence of full dynamic 
in the humid-module. 

The humid-module cannot calculate the amount of water 
evaporated, which is a function of the incoming air 
temperature, absolute humidity and the temperature of the 
incoming circulation water. A decrease in the circulation water 
temperature results in a drop in temperature of the humidified 
air. This drop in air temperature affects the heat transfer in the 
recuperator negatively, and causes the flue gas temperature into 
the economizer to fall as well. Now the circle is closed, and the 
decreased flue gas temperature causes the temperature of the 
incoming circulation water to the humid-module to drop even 
more. This spiral of falling temperature causes the model to 
crash. In order to solve this problem, a linear penalty function 
has been developed, as shown in equation (1). As shown in 
equation (2), the penalty function increases or decreases the 
heat exchanger efficiency in the economizer, to prevent the 
model against crashing. 
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The break point (the point at which the function switches 

from increasing to decreasing the heat exchanger efficiency) is 
set by �. The break point � is set to 160°C in this algorithm 
because the lowest flue gas temperature into the economizer is 
176°C.  

The weight of the penalty function is set by the positive 
penalty parameter, �. The influence of the penalty function on 
the heat flow in the economizer increases with increasing value 
of the penalty parameter, which is a constant in the range        
0 ��� ���. The value of the penalty parameter has been set to 
0.2, since a larger value would create instability in the 
algorithm. 

Figure 6 shows the relationship between the linear penalty 
function and the flue gas temperature (t_eco_i) into the 
economizer. 
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Figure 6. Penalty function at different flue gas 
temperatures. 
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NEURAL NETWORK MODELING 
To overcome the difficulties arising during physical 

modeling of power cycles, statistical models such as ANNs 
could be helpful. In the EvGT cycle investigated here, the heat 
and mass balance calculations in the humidification tower have 
given some difficulties, which are clearly illustrated in the 
paper by Lindquist et al. [14]. It was decided to try to model 
this component with the help of a fully connected feed-forward 
neural network, since this type of ANN has proven to be 
efficient for process identification. In this paper, there is no 
deep survey of the theory of ANN, but the interested reader is 
directed to the comprehensive paper by Massie [15] or the 
textbooks by Bishop and Haykin [3, 8]. 

An important question that has to be dealt with before 
starting to build up an ANN is which data, i.e. inputs and 
outputs, are needed to represent the component accurately. The 
input and output parameters that are present around a 
component have to be analyzed, and some kind of parameter 
study must be done to determine what measurements are crucial 
for the capture of the component behavior. A schematic layout 
of the humidification tower with its incoming and outgoing 
streams is shown in Figure 7, and the parameters that were 
considered to be necessary for the ANN are accounted for. The 
background for the choice of the enumerated parameters for the 
HT is that the ANN model must be compatible with the high-
level program language. If, however, other parameters not 
included in the heat and mass balance calculations were to be 
important in reflecting the behavior, they could be used as input 
for the network. 
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Figure 7. The humidification tower and the 
parameters used in the ANN model. 

 
T, p, m and x denote temperature (°C), pressure (bar), mass 
flow (kg/s) and the amount of water vapor present in the air (kg 
H2O/kg air) entering the humidification tower, respectively. �m 
equals the amount of water (kg/s) that is vaporized into the air 
stream in the tower, which leaves as saturated air. 

Before building and training the network, the measured 
data has to be normalized, since the magnitudes of the input 
and output parameters vary greatly. This difference in 
magnitude could lead to a situation in which parameters with 
high magnitude could perhaps have a larger influence on the 
output than is in fact the case. In this study, the data have been 
normalized between -1 and 1. 

To be able to map the process, the network has to be 
trained. The term training implies that the network is fed with 
data, which is passed forward through the network and the final 
outputs are then compared with the measured values, i.e. the 
target values. By comparing the calculated values with the 
target values, an error could be formed, which is sent 
backwards through the net to update the weight matrices. The 

algorithm used for this backward pass is the backpropagation 
algorithm [22]. This procedure is then repeated until the results 
are satisfactory. The general architecture of the feed-forward 
neural network used in this study is as shown in Figure 8. The 
network is thus a 6-h-4 network, where h denotes the number of 
hidden neurons in the hidden layer. 
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Figure 8. General architecture of the neural network 
used to model the humidification tower. 

In the hidden layer, the tan-sigmoid function is used as the 
transfer function, and in the output layer the transfer function is 
set to be the purelin equation. The choice of these two types of 
transfer functions has been made to introduce non-linearity into 
the ANN model, and to constrain the output of the neurons.  

The data used during the training and the cross-validation 
of the ANN were 26 data series of measurements from the 
EvGT pilot plant. During the training of the network, the 
optimal number of hidden neurons has to be found together 
with the values of the weight matrices and bias vectors, in order 
to obtain an acceptable statistical model. 

To find this desirable configuration, the number of hidden 
neurons and the number of training epochs are altered by trial-
and-error. The best result was found when six hidden neurons 
and 125 training epochs were used. In Table 2, both the 
maximum errors and the arithmetic average errors (in absolute 
values) for the validation data are given. 
 

Table 2. Maximum and average errors for the outputs 
of the ANN during validation. 

 Tout,hum.air Tw,out pout,hum.air �mw 
Maximum error (%) 0.40 0.35 0.03 0.70 
Average error (%) 0.14 0.10 0.01 0.37 

 
These errors were considered to be low enough to be able to 
make the statement that the statistical model, i.e. the ANN, had 
captured the behavior of the humidification tower. The validity 
of this model, however, is within the framework of the data 
values, with some, albeit limited, possibility of extrapolation. 
Also, if the component is to be changed in the future – for 
instance, changing of the packing height in the tower – this 
model must be retrained in order to predict this variation. 

The weight matrices (W1 and W2) and the bias vectors (b1 
and b2) are the ones that have to be saved in order to implement 
the network in the physical system model. Also, the maximum 
and minimum values for the normalized inputs (maxu and 



 6 Copyright © 2003 by ASME 

minu) and outputs (maxt and mint), i.e. the normalization 
interval, have to be stored in the physical system model. This 
means that when the acceptable ANN configuration is found, 
the above-mentioned parameters are fixed and sent to the 
physical system model for the whole power cycle, for example, 
as text files or as an Excel file. 
 
HYBRID MODEL 

In the hybrid model, the humid-module in the physical 
model has been replaced with the trained ANN model. All other 
modules are kept as they were in the physical model. To be able 
to use the ANN model in the physical high-level program 
language, C++, the forward pass has to be formulated as a 
procedure, which is called from the main program. In Figure 9, 
a block diagram is shown to illustrate this forward pass. The 
input data, calculated by the main program, is first normalized 
within the stored normalization interval and then sent through 
the first weight matrix (W1).  
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Figure 9. Schematic forward pass through the ANN 
model. 

 

All inputs arriving at each hidden neuron are then added up, 
together with the bias, to an effective input, s, which is 
transformed by the tan-sigmoid function. From the hidden 
layer, six outputs are passed forward through the second weight 
matrix (W2), summed up to effective inputs in the output layer 
and then sent to the de-normalization block. By utilizing the 
output normalization vectors, mint and maxt, during the de-
normalization, the output values from the forward pass 
procedure are the real calculated values to be returned to the 
main program. 

It should also be mentioned that in the hybrid model, the 
ANN will always receive input data within the data range it was 
trained, since the physical model would crash otherwise. This 
automatically eliminates the risk of extrapolation, since 
temperatures, pressures and mass flows fed into the ANN will 
never exceed or fall below its limitations. 

Consequently, to implement an ANN model of a 
component, or a number of components, into a high-level 
program language such as C++ is not an insurmountable task to 
perform.   

 
RESULTS 

During the physical and the hybrid modeling, six different 
load cases were investigated (17, 40, 50, 60, 70 and 75%). The 
explanation as to why 100% load is not included here is that the 
gas turbine used in the pilot plant (VT600 from Volvo Aero 
Corporation) during the measuring period experienced vast 

combustion vibrations above 75% load. This vibration problem 
has been rectified since then, so future measurements will 
include 100% load. The calculation results are compared with 
the available measured data for the cycle; see Figure 10 and 
Figure 11. The absolute errors are calculated as the measured 
value minus the calculated value. 

The absolute calculation errors for the two models are 
consistent regarding three parameters that seem to be 
miscalculated, namely T18, T22 and T23; see Figure 2 for the 
measurement location. The parameters T18 and T23 are very 
difficult to measure, and the error in predicting them is 
probably related to the uncertainty of these measurements. To 
exemplify this difficulty, the temperature measurement at point 
18 is an average of three measuring probes located directly 
after the recuperator, and four probes just before the 
economizer. This might not be a problem in itself, but the 
temperature distribution within the exchangers and piping is 
also very inhomogeneous. This leads to a deviation at the 
recuperator side of about 25°C, and on the economizer side of 
approximately 5°C. Regarding the temperature T23, a similar 
problem of inhomogeneous flow exists, with an approximate 
deviation of 15°C. Moreover, there is also a leakage of heat in 
the mixing tank before the economizer. 

The calculated values in this study, however, are consistent 
with the values in [21] and should therefore be looked upon as 
being more accurate than the measurements they are compared 
with.  

On the other hand, the objective of this work was to 
compare the two models with each other, rather than to 
concentrate on the absolute results. In Figure 10, there is a 
maximum error for T9 of -1.62°C (at 17% load) which is not 
present in the same magnitude for the hybrid model in Figure 
11. T9, which is the outlet temperature of the humid air leaving 
the humidification tower, is better modeled in the hybrid model 
than in the pure physical model. According to the data, it 
appears that there is a heat leakage in the HT of approximately 
1-6 kW, depending on the load. This is due to the fact that the 
ANN model of the humidification tower is more accurate than 
the physical model as regards this parameter. The schematic 
bars in Figure 10 for the measurement T23 are included just to 
show the load distribution among the bars, i.e. the bars furthest 
to the left (for all measurement points) represent 17% load and 
then increase to 75% load for the bars furthest to the right. This 
load distribution is also valid for Figure 11. 
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Figure 10. Absolute errors when comparing the 
physical model calculations and the measurements 
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Figure 11. Absolute errors when comparing the 
hybrid model calculations and the measurements 

 

In Figure 12, all averaged errors (in absolute values) of both the 
physical and hybrid models are shown for the outputs from the 
humidification tower. The tolerance bars in Figure 12 represent 
the spread of the errors. 
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Figure 12. Arithmetic average errors for both the 
physical and the hybrid model, for the parameters 

around the HT. 
 

It can be seen clearly that the physical model has some problem 
in calculation of the temperature of the humid air leaving the 
HT, but on the other hand, the ANN model contributes with 
some minor overall errors for the output parameters. 

The major contribution of the hybrid model compared to 
the more traditional physical model is the faster calculation 
time associated with the former. The CPU time to calculate the 
six load cases on a computer with 2 GHz CPU, 512 MB RAM 
and 400 Mbit/s, was 9.0 s with the physical model and only 4.0 
s with the hybrid model. One load case is thus calculated in 
0.67 s with the hybrid model. This improvement in CPU time is 
mostly due to the fact that the iteration procedure, which is 
carried out in the physical model for the HT, is replaced by the 
ANN model. Also, the errors around the HT in the physical 
model are removed, which, earlier, were pushed forward 
through the physical model, thus entailing problems for the 
following components.  
 
DISCUSSION 

The results of this study illustrate the benefits of using the 
hybrid model instead of the purely physical model. The hybrid 

model is better in predicting the temperature of the humid air 
leaving the humidification tower, while CPU time is less than 
half of that used with the physical model. However, if process 
identification were to be made at a pre-design stage, it would 
not be possible to use ANN for this task. ANNs need measured 
data in order to be able to map a process. There is, of course, 
the possibility of simulating data in a physical model and then 
training an ANN with this data, to speed up the calculations. 
The errors associated with the component or process, however, 
would be of the same magnitude, since inaccuracy would be 
introduced into the physical model. 

The hybrid model could be used to advantage for online 
calculations and diagnostics, since the calculation time is below 
one second, which is a normal log-time under operational 
conditions in power plants. This means that the hybrid model 
could also be used for MPC, which demands fast execution 
time. The MPC uses principally the time derivatives of the 
model together with an optimization algorithm, to coordinate 
the control of different variables in an optimal way, whereas 
normal PID control only keeps control of single variables, 
independently of each other [5, 11, 12]. 

The reason for choosing a high-level program language 
instead of a commercial heat and mass balance program is that 
commercial programs are general, and thus often slower than 
specialized low-level program code. The low-level program 
can, for instance, be optimized with variable initial conditions 
coupled to operation parameters, which will cut the 
computational time even more. The choice of C++ as a 
modeling language was also made due to the fact that many 
utility companies today have some kind of in-house code for 
the control and monitoring of their power plant. This in-house 
code is often built up in a high-level program language, which 
makes this work a good example of how such code can be 
improved by implementing an ANN, for instance. 

 
CONCLUSIONS 

The results of the case study clearly show that the hybrid 
model is preferable since it is more accurate and faster, i.e. 
requires less computational time. By substituting components 
in a heat and mass balance program, which may not be accurate 
enough, with an ANN, the quality of the system as a whole is 
improved, provided that measured data is available. The 
investigation also shows that it is quite simple to implement an 
ANN into conventional software once the heat and mass 
balance program and the trained ANN are available. The hybrid 
model is also more suitable for online monitoring, due to the 
fast calculation time.  

Access to a reliable and faster hybrid model will ultimately 
give a more reliable operation, and the lifetime profitability of 
the plant will be improved. 
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In order to operate plants fueled with biomass in an 

optimum manner, it is important to create thermodynamic 
models of the same. However, these kind of plants are hard to 
model by “traditional” methods such as heat and mass balance 
programs. Some difficulties are the large inertia of some sub-
systems, as well as the fact that many important parameters are 
not constant nor unequivocally determined. For this reason, 
Artificial Neural Networks (ANNs), a technique within the field 
of Artificial Intelligence (AI), have been chosen as the main 
candidates to build an adequate model of these kind of plants. 

Data from an existing plant is used to train, validate and 
test the ANNs. More specifically, an ANN-based model of the 
biomass-fired boiler of the plant is implemented which is able 
to catch the non-linear behavior of the system at different 
operational conditions with a satisfying accuracy. A conclusion 
of this work is that ANNs can be considered as a useful tool to 
model the biomass-fueled boiler.  

Several sensitivity analyses and pruning of unnecessary 
inputs were carried out. For instance, some input parameters 
revealed themselves to not have significant influence on the 
accuracy of the ANN-model, while in physical modeling they 
are to be considered as essentials. One possible outcome of 

ANN modeling is to gain insight about which sensors could be 
excluded from the existing sensor configuration without 
lowering the reliability of the plant. 

A good plant model will supply the personnel in the control 
room with information necessary to make reliable predictions 
and arrive at correct decisions. This can lead to a considerable 
reduction of operational and maintenance costs and improved 
performance of the plant. 

+.�*02&-�+0.�
Today it is a regular procedure in modern power plants to 

implement advanced modeling systems, for instance, with heat 
and mass balance programs. These physical based models are 
developed for simulation and control purposes, but they can 
also include operation planning, and economic and 
environmental evaluation modules. Furthermore, many 
operational parameters are measured and the collected data is 
sent to the control room for further analysis. The availability of 
a huge amount of data also makes it possible to tune and 
validate the physical-based models of the plant. 

There are some type of plants whose operation and control 
are of considerable complexity, e.g. biomass-fueled plants. 
Some major difficulties are that many important parameters are 
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neither constant nor unequivocally determined (fuel 
composition, re-circulation flows, etc.). The large inertia of 
some sub-systems generates additional problems during the 
establishment of clear cause-effect relationships between the 
inputs and outputs of the control system. In other words, to run 
these kind of plants in an optimum manner (from a 
thermodynamic, economic and environmental point of view) is 
a difficult task. In practice, these plants are operated based on 
empirical knowledge of the operators. For the reasons 
mentioned above, biomass-fueled plants are hard to model by 
conventional methods such as heat and mass balance programs. 

Artificial Neural Networks have been shown to be good for 
identification of multi-input/multi-output non-linear systems 
[1,2], and they are therefore used in this work in order to build 
an adequate model of an existing plant of this kind in southern 
Sweden. This work is a pre-study of a bigger project that will 
include a detailed model of the system, as well as sensor 
validation and fault diagnosis modules, in order to minimize the 
risks of faulty measurements and process failure. 

.0��.-��&*��
�

����������	
��
AI  Artificial Intelligence 
ANN Artificial Neural Network 
A-PH Air Preheater 
C1 Cyclone 1 
C2 Cyclone 2 
DH District Heating 
DH-PH District Heating Preheater 
E Electrostatic precipitator 
ECO Economizer 
EVA Evaporator 
FGC Flue Gas Condenser 
HRSG  Heat Recovery Steam Generator 
MLP Multi-Layer Perceptron 
�

�������
s Input to transfer function 
p Pressure [MPa] 
x Input signal to the ANN-model 
y  Output signal from the ANN-model 
w  Weight connection 
F Transfer function 
H  Number of neurons in the hidden layer  
M  Number of input signals to the ANN-model 
N  Number of output signals from the ANN-model 
T Temperature [°C] 
�

�����������
0 Bias 
i Arbitrary node in the input layer 
j Arbitrary neuron in the hidden layer 
k Arbitrary neuron in the output layer 
h Hidden layer 
o Output layer 

%�.�*��2��-*+��+0.�0,��6����.��
The investigated plant is aimed for the production of 

district heating (DH) for the city of Malmö in southern Sweden. 
It has a maximum production capacity of 50 MW thermal 
energy at full load. Approximately 40 MW are generated in the 
steam cycle condenser, and the rest, i.e. 10 MW, in the flue gas 
condenser (FGC). In consideration of the apportionment of the 
thermal energy production, this system can be regarded as 
formed by two sub-systems: a combustion part and a flue-gas 
condensing part. A general process scheme of the plant is shown 
in Figure 1. Operational data recorded during three months have 
been supplied by the owner of the plant, a Swedish utility. 
These records are part of the routines carried out by the 
operators in situ in order to monitor the main operational 
parameters. 
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The plant is fueled with wood biomass. The analysis of 

samples taken from the pre-storage container during the actual 
period shows that the composition and moisture content vary 
with time. The random nature of the days chosen for the 
measurements has prevented a proper use of this data for 
process identification. As a reference, a report concerned with 
the same plant presents the following composition of dry wood 
chip by weight percentage: C = 52%; H = 6%; O = 41%; N = 
0.6%; others = 0.4% [3]. 

�5��������������#5�����7��5��
#�	�
��$��
�
Figure 1 is not enough to show the complexity of the 

combustion process in the furnace, therefore, a more detailed 
description of the combustion process is shown in Figure 2. 

After the ambient air is pre-heated in the FGC (see next 
section) it is divided into several air flows, distributed by seven 
pipes with different dimensions, that are introduced into the 
furnace at different zones (2–9). Air flow 2 is pre-heated by heat 
exchangers at the end of the boiler stroke (i.e. air-preheaters) 
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while air flows 3, 5 and 7+8* are pre-heated by mixing with a 
fraction of the re-circulated exhaust gas. Besides that, a portion 
of the re-circulated exhaust gas is introduced at zone 1 for 
drying the fuel. 

The combustion products are cooled down in the 
evaporator (EVA) and the economizer (ECO) by the incoming 
feed-water from the steam/water cycle and in the air pre-heaters 
(A-PH) by air flow number 2. Eventually, in the tail of the heat 
exchanging part of the boiler (i.e. the DH-preheater, DH-PH), 
the exhaust gas is further cooled down if needed by DH-water 
in order to avoid low temperature corrosion problems in the 
FGC. The gases are then treated by a series of downstream 
cleaning processes, such as two cyclones (C1 and C2) which 
take care of the fly ash, and an electrostatic precipitator (E), 
which separates the smallest particles still remaining in the 
fumes. The unburned particles contained in the fly ash are 
transported back to the furnace by a share of the re-circulated 
exhaust gas while the remaining ash is collected in containers 
and shipped off to landfills. This unburned/exhaust gas flow is 
spread immediately above zone number 6. This air arrangement, 
together with the exhaust gas re-circulation, is implemented in 
order to improve the combustion process at different 
operational conditions, as well as for minimizing the thermal 
losses from unburned particles and ash deposit. 
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The non re-circulated exhaust gas is used for further district 

heat production, as well as for air pre-heating in the FGC (see 
Figure 3). This increases the overall efficiency of the plant due 
to the extraction of the latent heat of vaporization within the 
humid flue gas. 

                                                           
* Flow 7+8 is a single flow which is introduced at two different zones in 

the furnace (7 and 8 respectively). 
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Figure 4 shows a schematic drawing of the steam cycle 

powered by the exhaust gases. The cold water is heated up by 
convection in the ECO and the saturated liquid is conveyed into 
the drum. From the drum the liquid is re-circulated to the 
saturated steam generator formed by the walls of the furnace 
and the top part of the stroke, and then sent to a cylindrical 
condenser. The heat released from the condensation process is 
used to heat up the DH-water which, as shown in Figure 3, has 
been pre-heated by the exhaust gases in the FGC. As stated 
before, the steam cycle produces saturated steam, i.e. there is no 
super-heating. 
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ANNs are a group of computational algorithms which have 

been developed within the very vast AI-field. They are inspired 
by our present model of the human brain, however, they are by 
no means representations of the same. Similar to the biological 
nervous system, an ANN distributes the incoming data into 
several parallel-connected simple units (called artificial 
neurons) within which the data is processed. Owing to their 
high connectivity and parallelism, ANNs are able to perform 
non-linear mapping of a multidimensional input space onto 
another multidimensional output space. The ANNs are not 
programmed as traditional mathematical models or algorithms; 
they are trained to learn the relationships by experience [4], i.e. 
no physical knowledge about the system is needed. Therefore 
the computational speed becomes higher, making ANNs 
suitable for complicated tasks that require rapid response, e.g. 
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real-time processing of several simultaneous signals. A deeper 
explanation of the theory of ANNs can be found in [5]. 

The type of ANNs used in this work is feed-forward Multi-
Layer Perceptrons (MLPs), in which the data flows strictly 
forward all through the network. MLPs are formed by one input 
layer, one or more hidden layers and one output layer, with a set 
of adaptable parameters, i.e. the synaptic weight connections, in 
between each pair of layers. The information from the system to 
be modeled is collected in the input layer, but no signal 
processing occurs here. All the processing occurs in the hidden 
and the output layers by means of superposition and 
transformation of the weighted signals. It has been shown that it 
is enough to have one hidden layer with a continuous sigmoidal 
transfer function to carry out multi-dimensional non-linear 
mapping of any continuous function; only the number of hidden 
neurons is increased [6]. Consequently, only MLPs with one 
hidden layer with the tanh-sigmoid transfer function are 
considered in this study. The equation for the tanh-sigmoid 
function used is presented below: 
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Where, s: input to the transfer function. 
 
Before the ANN can make any meaningful mapping, it 

must be trained. The training of the MLP requires that a data set 
for which the targets are known is available (supervised 
learning). This data set is usually divided into three portions: 
one for training, a second for validation during training, and a 
third for testing the ANN after the learning is over. The all data 
is normalized between –1 and +1, and therefore the results 
obtained must also be de-normalized. The most popular method 
for training MLPs is the backpropagation algorithm, 
popularized by Rumelhart et al. in 1986 [7]. The principle is to 
present inputs (x) to the ANN and then compare the generated 
outputs (yANN) with the desired target values (yplant). If they 
differ from each other, i.e. if there exists an error (e), then the 
weights (w) are adjusted implementing gradient descent in 
weight space. A step-wise explanation of this method can be 
found in [8]. During the training the MLP learns the internal 
representations for the training data, and once the training is 
over this information is stored in the weights; i.e. they are the 
long-term memory of the ANN. This allows the ANN to make 
predictions for new input patterns [9,10]. Every input node 
corresponds to an input parameter and every output neuron 
corresponds to an output parameter, which can be represented 
by a generic expression as shown by equation 2: 
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Where, k = 1 … N 

The parameters wj0 and wk0 are not weights, they are offsets 
or biases. For practical reasons they are treated as weights and 
determined by the same adjustment process. 

The number of hidden neurons and the number of training 
epochs were the parameters which could be tuned by trial-and-
error in order to obtain the best performance from the ANN and 
shorten the training time. After the network was trained, it was 
tested with a portion of the available data from the plant not 
used during the training process. The percentage absolute errors 
for every output (ek) were calculated according to equation 3: 
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In order to create an ANN-model that makes correct 

predictions, there are two items of crucial importance: 
�� The proper selection of the data used to train and validate 

the model; 
�� The selection of the input and output parameters. 

��$��#�������#5����#��
�#�
As stated before, the owner of the plant carried out periodic 

records of the main operational parameters of the plant. Data 
for a period of three months (December 2000 – February 2001) 
was supplied, with a sampling frequency of 6 seconds. In other 
words, there was plenty of data available which was not 
practical to handle without endless training times for the ANN. 
For that reason, it was decided to carry out some kind of data 
filtering. Two different possibilities have been examined: 
- Generating mean values of the parameter for a fixed period 

of time; 
- Picking up one value every ten minutes from the data files, 

in order to create a representative data set. 
 
The first possibility was rejected because this procedure 

would exclude minimum and maximum values, leading to a 
leveling of the parameters which is not acceptable at all. The 
second possibility was consequently adopted. Furthermore, the 
new data set also contained values referring to periods of time 
in which the plant was not in operation. Since the transient 
operational conditions of the plant are not considered in this 
pre-study and the information concerning the reasons why the 
plant was turned off are missing, the new data set was does not 
include the data from these particular operational periods. 

��$��#�����������#
�������#��#
�
The output parameters are chosen depending on the real 

needs and of course, constrained by the availability of data. The 
selection of the inputs is less arbitrary, and here particular 
attention must be paid to all the parameters that have a relevant 
influence on the chosen outputs. This selection process must be 
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supported by the pre-knowledge about the system possessed by 
the experts. 

The approach used here is to see the ANN as a “black box” 
model, which can comprehend a smaller or a bigger part of the 
system. The boundaries of this sub-system are established in a 
similar manner as when a control volume is established for 
thermodynamic calculations. Therefore only a limited part of 
the plant is considered, namely the combustion part. In this 
approach, it is of interest to investigate how the choice of the 
boundaries of this “black box” model affects the results.  

Considering the quality of the data, the functional organization 
of the plant and the correlation among the parameters, the 
following two model boundaries have been chosen for further 
investigations: 
�� Model boundary 1: The incoming air is considered as a 

single input to the ANN-model, according to Figure 5a; 
�� Model boundary 2: The incoming air is considered as 7 

different air flows, and consequently as 7 inputs to the 
ANN-model, according to Figure 5b. 

 
 

����������	
�
�����
������
���������

�������
����	
�
�����

�����
���������
����������

����
�������
�������� 
!�������

�

�������

�
�
�
�
�
�
�

�
	


�
��
�
�
�
�
��
�

	 
 � � �

���

���
���

�	

�

�




�

�

�

�

�

�

��

���

���

�"����!���#����
���!��$�����������

�#������
�����
���������

�
�
�
�
��
�
�
�
	
�


�
�
�

�����

����

����������	
�
�����
������
���������

�������
����	
�
�����

�����
���������
����������

����
�������
�������� 
!�������

�

�������

�
�
�
�
�
�
�

�
	


�
��
�
�
�
�
��
�

	 
 � � �

���

���
���

�	

�

�




�

�

�

�

�

�

��

���

���

�"����!���#����
���!��$�����������

�#������
�����
���������

�
�
�
�
��
�
�
�
	
�


�
�
�

�����

����

����������	
�
�����
������
���������
�������������������

���� ��
����	
�

�����

!����
���������

�"��������

� ��
�#�����
���������
$�������

�

�������

�
�
�
�
�
�
�

�
	


�
��
�
�
�
�
��
�

	 
 � � �

���

���

���

�	

�

�




�

�

�

�

�

�

��

���

���

�%����$���&����

���$��' ����������

�&������
�����

���������

�
�
�
�
��
�
�
�
	
�


�
�
�


�����

����

����������	
�
�����
������
���������
�������������������

���� ��
����	
�

�����

!����
���������

�"��������

� ��
�#�����
���������
$�������

�

�������

�
�
�
�
�
�
�

�
	


�
��
�
�
�
�
��
�

	 
 � � �

���

���

���

�	

�

�




�

�

�

�

�

�

��

���

���

�%����$���&����

���$��' ����������

�&������
�����

���������

�
�
�
�
��
�
�
�
	
�


�
�
�


�����

����

 
��������	�
��������������������
������������������	 

 
 

A comment is now in order. It would be desirable to choose 
the model boundary 2 in such a way that the re-circulation of 
unburned particles, the exhaust gas flow 1 and the exhaust gas 
addition to air flows 3, 5 and 7+8, are included as inputs to the 
ANN model. However, these parameter values are unknown and 
cannot be used in this approach. Furthermore, there is 
foundation to think that the exhaust gas re-circulation is quite 
constant and it should not be a useful input for the ANN. 

All the available values concerning the incoming air after 
FGC, the exhaust gas before FGC, the water conditions before 
the heat exchangers and the saturated steam after the heat 
exchangers are considered. To these parameters is also added 
the heat recovered in the combustion part, which was 
established from the beginning as the most desired output from 
the ANN-model. 

+���#
�������#��#
�����4���$��������8���
Two different attempts were carried out. The first one is 

strictly based on what is input and output to model boundary 1 
(similar to a thermodynamic control volume). This results in the 
choice of inputs and outputs according to Figure 6, i.e. 6 inputs 
and 4 outputs (6-H-4, where H stands for the number of hidden 
neurons). 
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One of the output parameters, namely the steam flow rate, 

turned out to be difficult to predict with acceptable accuracy. 
The reason for this is that one of the parameters that directly 
affects the steam flow rate (the amount of steam extracted for 
pre-heating the air in the FGC) is unknown. In order to improve 
the performance of the ANN, it was decided to take the 
available data for the steam flow rate as an input instead of 
output. Here lies one of the main advantages of the ANN-
approach: the inputs do not necessarily have to be the same as 
in a physical-based model. If there is data available for an 
specific parameter, it might be used as input anyhow. This 
alteration resulted in a second configuration according to Figure 
7, i.e. 7 inputs and 3 outputs (7-H-3), where the steam flow rate 
is considered as an input. 
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Based on the experience from model boundary 1, the steam 

flow rate was considered as input instead of output. The rest of 
the input/output selection was done according to what is input 
and output for the model boundary 2. This ANN-structure is 
shown in Figure 8. 
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Errors in estimated values by this model were in the same 
range as the simpler model described above. Furthermore, a 
parameter variation, where different inputs are excluded one at 
a time, was carried out to see how the ANN performance is 
affected by each input. This resulted in pruning of the less 
relevant inputs. The procedure is further exposed step-by-step 
in [11]. This pruning procedure did not improve the results from 
the ANN, but it showed that the same level of accuracy was 
maintained with much less information. 

At this point it was decided to reason in the same manner 
as in model boundary 1 and convert some of the outputs to 
inputs. The purpose of this action is to improve the prediction 
accuracy for the most important output parameters. Therefore 
the steam pressure in the dome and the exhaust gas temperature 
were regarded as inputs, while the only remaining output 
parameter was the heat recovered in the combustion part. The 
subsequent parameter study showed that the exhaust gas 
temperature could be pruned as well. The final ANN-
configuration (9-H-1) is shown in Figure 9. 
 

�����������	
����
�

����������
���

���	��������
��������

���	��������
��������

���	��������
��������

���	��������
��������

���	��������
��������

���	��������
����������

���	��������
��������

�  

!����
�"���
�������#��"��$�������	�
�

%
%
%
%
%
%
%
%
%
%

�����������	
����
�

����������
���

���	��������
��������

���	��������
��������

���	��������
��������

���	��������
��������

���	��������
��������

���	��������
����������

���	��������
��������

�  

!����
�"���
�������#��"��$�������	�
�

%
%
%
%
%
%
%
%
%
%

 
 

��������	�
������������������������������	�

*��&����.2�2+�-&��+0.�
The performance of the ANNs is given by their mean error 

as well as their maximum error values. Sometimes it is also 
interesting to specify the number of points that lie above a 
certain error level. The results obtained with the different ANN-
configurations are summarized in the following tables. In the 
notation used below, the number of hidden neurons chosen is 
given instead of the letter ‘H’ used in the previous sections. 

*�
�$#
�����4���$��������8���
In Table 1 a comparison is shown between the ANN with 

the steam flow rate as an output and the ANN with the steam 
flow rate as an input. 
 

���$���9�����$��������8���
 6-7-4 7-7-3 
Output parameter Mean error Mean error 
Steam dome press.   1.50 %   1.20 % 
Exhaust gas temp.   0.25 %   0.25 % 
Heat recovered   4.35 %   3.20 % 
Steam flow rate   2.70 %   ------ 

*�
�$#
�����4���$��������8���
Table 2 shows the results for the ANN with all the air flows 

as inputs (see Figure 8). In the same table are presented the 
values for the ANN with the best performance after the pruning 
of inputs mentioned above (see Figure 9). 
 

���$���9�����$��������8���
 14-9-3 9-7-1 
Output parameter Mean Max  Mean Max 
Steam dome press.   1.28 %   7.78 %   ------   ------ 
Exhaust gas temp.   0.42 %   6.26 %   ------   ------ 
Heat recovered   3.15 % 21.28%   2.34 % 14.83 % 
 

It is appreciated from the last row in Table 2, that the ANN-
model ‘9-7-1’ can perform better than ANN ’14-9-3’ when 
predicting the heat recovered in the combustion part. To be 
sure, a closer analysis of the error distribution of these two 
ANNs is shown in Table 3. The error distribution is shown as 
the number of points with an error above a certain level (also 
given as % of total number of points, i.e. 6318). 
 
���$���9���������
#����#��������..
�:�;'"'�<�=
9�:"')'�<�

Error (heat recovered) 14-9-3 9-7-1     
> 2 % 3989 points 

(63.14 %) 
3088 points 
(48.88 %) 

> 5 % 1172 points 
(18.55 %) 

557 points 
(8.82 %) 

> 10 % 101 points 
(1.60 %) 

32 points 
(0.51 %) 

> 15 % 11 points 
(0.17 %) 

0 points 
(0 %) 
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Considering the results presented above, the ANN-model 
‘9-7-1’ is chosen as the most useful because it is the one which 
predict the heat recovered in the combustion part of the system 
with the highest accuracy. 

��
#��	�..'4���$�:"')'�<�
The best ANN-configuration, 9-7-1, was tested with 

independent data not used during the training process that also 
represented realistic operational conditions. For instance, data 
for an entire day was presented to the ANN-model, i.e. data 
measured with the sampling frequency 6 seconds. Regardless of 
the difference in sampling times between the training data and 
this data, the ANN was able to follow the trend of the parameter 
and make predictions with acceptable accuracy. In Figure 10 
one example is depicted, where the heat recovered in the 
combustion part of the plant is predicted for day 7th of February, 
2001, between 00:00 AM and 02:00 AM. 
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The mean error by the ANN for this test (i.e. for the entire 
day) was 2.27%, and the maximum error was 13.82%. A closer 
look at the results showed that only 7 points lie above the 10% 
error-level, and even more interesting, 6 of these points lie in a 
very narrow range of time, namely between 22:29:12 and 
22:29:42. This situation is depicted in Figure 11.  
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The accuracy of this model is accepted by the authors at 
this pre-study level considering the lack of information about 
many crucial parameters. A clear example of this situation is 
that no parameters related to the fuel quality and moisture 
content are included in this model. However, this ANN-model 
clearly managed to follow the trend of the heat production in 
the boiler, as seen in Figures 10 and 11, although it is quite 
varying with time and stochastic in nature. The clusters of 
points with higher error-level are an interesting phenomenon 
that will be further studied in the future investigations. 

-0.-�&�+0.��
This study shows that ANNs are useful tools for modeling 

complex power systems, e.g. a biomass-fueled boiler, which are 
difficult to model by more traditional methods. 

In the “black-box” approach presented here, the choice of 
the model boundaries is important in the sense that it allows the 
inclusion or exclusion of different parameters. The higher the 
number of parameters included, the higher the complexity of the 
ANN. Higher complexity results in long training times for the 
ANN. 

The ANN-model is more flexible than the traditional 
models in the choice of input and output parameters. For 
instance, one or more parameters that originally are considered 
as outputs can be “converted” to inputs in order to improve the 
accuracy of the model with respect to other outputs considered 
as more important. Furthermore, the accuracy of the ANN-
model would be improved if data for the missing parameters, 
which has an effect on the analyzed outputs, is available for the 
training of the ANN. 

Pruning of inputs can be carried out through sensitivity 
analysis with maintained model accuracy. This can shorten the 
training time for the ANN. This property could also be used for 
minimizing the number of sensors in a monitoring system based 
on ANN-models. 

-1.0/��2%��.���
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ABSTRACT 
 

This paper presents a study of future electricity production cost for some power generation 
alternatives. The background is the present situation in southern Sweden with decommissioning 
of nuclear power plants. In addition to costs for fuel and investment, environmentally related 
costs such as electricity certificates and emission trading are considered. The study comprised a 
natural gas fueled combined cycle, an oil-fired condensing power plant and a bio-fueled 
combined heat and power plant. 
 

Keywords: electricity production, emissions trading, green certificates, production cost, Kyoto Protocol 
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NOMENCLATURE 

CCO2A cost of CO2 allowances [$US/MWh] 
CHP combined heat and power 
EC electricity certificate 
ECP electricity certificate price [$US/MWhe] 
GHG greenhouse gas 
HFO Heavy fuel oil 
O&M operation and maintenance 
SCR Selective catalytic reduction 
TCR total capital requirement [$US] 
 
Capital letters 
P power [MW] 
T time [h/a] 
U fixed O&M cost [$US/a] 
Y cost [$US/MWh] 
 

Lower case letters 
u variable O&M cost [$US/MWh] 
 
Greek letters 

�� relation between electricity and heat 
production [-] 

� annuity factor (6% discount rate) [-] 
� efficiency [-] 
 
Subscripts 

el electricity 
eq equivalent 
fix fixed 
F fuel 
tot total 
var variable 
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INTRODUCTION 

The electricity production in Sweden today is 
dominated by large-scale hydro power and nuclear 
power plants. Electricity production is distributed 
fairly equally between hydro and nuclear power. 
Nuclear power was introduced in Sweden in the 
1970s to meet the expected increase in electricity 
demand. Due to geographical conditions, the 
nuclear power plants are located in the more 
densely populated southern part of the country 
while the majority of hydro power are located in 
the northern part. In Figure 1 the consumption and 
production of electricity in Sweden from 1990 are 
shown. 
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Figure 1: Electricity production and consumption 
in Sweden 1990–2010 (data from [15]). 

 
In Sweden, as in many other western countries, 
conversion from nuclear power in favor of other 
power sources is promoted by parts of the political 
establishment. In 2001 the first step towards this 
nuclear phase-out was taken with the de-
commission of one of the two 600 MWe nuclear 
reactors in Barsebäck in the most southern part of 
Sweden. The second nuclear reactor in Barsebäck 
is scheduled to be shut down at the earliest in 2004 
according to a statement made by the Swedish 
government in March 2003. This means that the 
electricity production in the southern Sweden has 
decreased by a total of 1200 MWe since 1999. 
Since the electricity consumption as a total in 
Sweden is anticipated to decrease in the near 
future, as can be seen in Figure 1, new power 
production has to be installed or electricity has to 
be imported to cover this loss of power. Even 
though it can be read in Figure 1 that the electricity 
production will exceed the consumption, this is not 
the case in the southern Sweden. The surplus of 
electricity comes from the hydro power plants in 

the north, and there is no transmission capacity to 
distribute this equally across the country. The loss 
of generating capacity may be met by either new 
capacity, import of electricity from abroad or 
reduction of the electricity demand.  
 New production capacity is the topic in this 
paper. Three different power plant designs are 
studied and the electricity production costs are 
calculated taking into account the consequences of 
political decisions. These include future emission 
trading according to the Kyoto Protocol, and the 
introduction of electricity certificates. The 
calculations will show the impact of these political 
decisions on generating costs, together with fuel 
prices and investment costs. 
 

POLITICAL CLIMATE IN THE FUTURE 

Both the Swedish government and the European 
Union (EU) have proposed that renewable energy 
sources are to become more prominent within the 
energy market. The goal of 12% in 2010 has been 
pronounced by the EU [4]. By the year 2008, 
emission trading according to the Kyoto Protocol is 
scheduled to start, which could lead to additional 
costs for fossil fueled power plants. The European 
Commission has put forward a directive proposal 
establishing a scheme for an emission trading 
system within the EU from year 2005. The 
proposed emission trading system arises from the 
need for the EU to reduce its emissions cost-
effectively and meet its obligations under the 
Kyoto Protocol. Each EU country has a quota for 
reduction of carbon dioxide equivalents (CO2-eqv) 
until the year 2012 compared to the base year 1990 
[3]. Sweden has voluntarily agreed to reduce its 
emissions by 4%. This leads to some difficulties 
since a part of the country’s nuclear power is to be 
phased out during the same time. In addition to this 
the Swedish government has legislated electricity 
certificates. In May 2003 all users of electricity 
will have to have a certain share of their electricity 
produced by renewable energy sources [11].  
 An obvious solution to these political predica-
ments is to replace all phased-out nuclear power 
with renewable energy sources, such as wind 
power and bio-fueled power plants. However, for 
utility companies, the market is leading the way 
and thereby the solution to the problem also has to 
be economically profitable. 
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NEW ELECTRICITY PRODUCTION IN 
SOUTHERN SWEDEN 

A case study is carried out here with three different 
types of power plants with a generating capacity of 
approximately 400 MWe. They are supposed to be 
alternatives for a future electricity production in 
southern Sweden and they are assumed to operate 
as base-load power plants: 
 

� 400 MWe combined cycle (CC) 
� 340 MWe existing oil-fired condense plant 
� 1 x 400 MWe alternatively 10 x 41 MWe 

bio-fueled power plant (both condense and 
CHP)  

 

The reason for choosing these three types of power 
plant designs is the difference in technological, 
economical and environmental aspects.  
 The case study is economically covering 
investment costs, operation and maintenance costs 
(O&M), fuel costs, price of electricity certificates 
(ECP), and cost of carbon dioxide allowances 
($US/tonne CO2-eqv). All economical parameters 
are discussed in more detail in the sections “Fuel 
price ranges” and “Future ‘political cost’ 
scenarios”. 
 
Natural gas fueled combined cycle 

The combined cycle (CC) is a large-scale power 
plant with natural gas (NG) as fuel. Today there 
are three major manufacturers that provide the 
market with this type of CCs, Alstom Power, 
General Electric and Siemens-Westinghouse. The 
electrical efficiency of all these modern large-scale 
CCs is approximately 57% and the investment cost 
is rather low with 355 $US/kW (1999 $US) [8]. 
The key figures used for the CC in this study are 
stated in Table 1. 
 

Electrical net power output, Pel (MWe) 400 
Electrical efficiency, �el (-) 0.57 
Equivalent operation hours, Teq (h/a) 8000 
Fuel Natural gas 
Lower heating value, LHV (MJ/Nm3) 40.12 

Table 1: Key figures for the natural gas fueled 
combined cycle power plant (CC). 

 
The O&M cost of the CC is divided into two 
categories, a fixed O&M cost (Ufix) of 2.6 million 
$US/a and a variable O&M cost (uvar) of 4.5 
$US/MWhe [10].  
 

Oil-fired condensing power plant 

An oil-fired condensing power plant is studied due 
to the fact that one possible plant already exists, 
but it is normally used for peak demand situations 
only. The plant is called Karlshamnsverket Block 
31 (KKAB). It is fueled with heavy fuel oil (HFO) 
and has a modern exhaust gas cleaning system with 
an SCR, a DeNOx plant, and a dust precipitator. By 
using this plant for base load, no investment costs 
are necessary, which can be an advantage when 
comparing it with the CC. The key figures of this 
plant are shown in Table 2. 
 

Electrical net power, Pel (MWe) 340 
Electrical efficiency, �el (-) 0.42 
Equivalent operation hours, Teq (h/a) 8000 
Fuel HFO 

(Orimulsion ®) 
Lower heating value, LHV (MJ/kg) 41 

(27.3) 

Table 2: Key figures of the oil-fired condensing 
plant (KKAB). 

 
The alternative fuel in this power plant, 
Orimulsion®, is a fossil fuel composed of natural 
bitumen and water [14], and would lower the fuel 
cost by approximately 35%. The environmental 
aspect of this fuel, other than discharge of carbon 
dioxide during combustion, is supposed to be 
comparable with the heavy fuel oil (transportation 
not included). To be able to use this fuel in the 
existing system, a minor investment of approxi-
mately 10 million $US has to be made for the 
procurement of new fuel tanks. 
 The O&M costs for this plant are estimated to, 
Ufix = 1 million $US/a and uvar = 2.8 $US/MWhe, 
after a conversation with the plant owners. 
 
Bio-fueled combined heat and power plant 

A bio-fueled combined heat and power plant 
(CHP) of the required generating capacity (�� ����
MWe) is not available on the market today. Due to 
this, it is rather difficult to estimate an investment 
cost for this size. By extrapolating investment costs 
of other mid-size to large-scale CHP plants (see 
Figure 2), an approximate cost of 190 million $US 
is predicted. The extrapolation has been made 
using a logarithmic polynomial fit of data for the 

                                                           
1 For further information about Karlshamnsverket, see 
www.kkab.sydkraft.se (in Swedish only). 
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three largest CHP plants recently built in Finland 
and Sweden. This choice was made because the 
specific investment cost of smaller units generally 
is higher than for large-scale facilities. 
 

Inv. cost = 60.66Ln(P) - 175.11
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Figure 2: Distribution of investment costs (2001 
$US) for different power production capacities of 

bio-fueled CHP plants.2 

 
A more plausible system solution to produce 400 
MWe is to use 10 smaller units, which should be 
placed at different locations in the southern part of 
Sweden. The investment cost for these ten smaller 
plants would of course be higher than for one large 
system. A recently built CHP plant is a 41 MWe 
plant in Lugnvik, Sweden, which had an 
investment cost of 54 million $US [9]. Ten similar 
units will be used during the calculations further on 
in this study. 
 A single large CHP plant would involve 
massive transportation of fuel to one location and 
probably also an increased fuel price due to the 
large consumption. Since the CHP plant also 
produces heat, which in this case would be around 
1000 MWh, there will most likely be a problem to 
sell the heat to either industrial users or to a district 
heating network. If the heat cannot be sold, the fuel 
utilization of the plant will be very low and 
perhaps not so profitable any more. Therefore, the 
case with only one large unit is treated as a 

                                                           
2 The costs of the different plants are obtained from the 
Swedish National Energy Administration, and from the 
Internet sites of the Finnish utility companies Pohjolan Voima 
(http://www.pvo.fi, visited in March 2002), and Oy 
Alholmens Kraft (http://www.alholmenskraft.com, visited in 
March 2002). 

hypothetical alternative, while the case with ten 
smaller units is treated as a more realistic scenario. 
 The key figures of the CHP plant as a system 
are as stated in Table 3. 
 
 

Electrical net power, Pel (MWe) 
(alternatively 10 smaller units) 

400 
(10x41) 

Electrical efficiency, �el (-) 0.40 
Total efficiency, �tot (-) 0.90 
Alpha value, � (-) 0.4 
Equivalent operation hours, Teq (h/a) 8000 
Fuel Biomass 

(pellets) 
Lower heating value, LHV (MJ/kg) 14 

Table 3: Key figures for the bio-fueled combined 
heat and power plant (CHP). 

 
The O&M costs for this plant are estimated to, 
Ufix= 2.6 million $US/a and uvar = 3.4 $US/MWhe, 
based on conversations with owners of similar 
plants. 
 

FUEL PRICE RANGES 

When performing a sensitivity analysis it is 
important to establish reasonable ranges. For the 
input data fuel costs, cost of CO2-eqv allowances 
(CCO2A) in an emission trading situation, and the 
receipts from electricity certificates (ECP) are all 
to be assessed within reasonable boundaries. The 
two latter are further discussed in the section, 
“Future ‘political cost’ scenarios”. 
 To estimate fuel costs for the future is very 
difficult, since it is not only a function of fuel 
reserves but also dependent on political aspects. 
These aspects could be war situations in the 
production country and changes in the energy 
policy of the electricity production country to favor 
certain fuels. 
 The fuels that have to be given ranges for the 
case study are, natural gas (NG), upgraded biogas 
(landfill and anaerobic digested), heavy fuel oil, 
Orimulsion®, and biomass.  
 The European average NG price in 2001 was 
14 $US (incl. cost of fuel, insurance and freight) 
[2]. According to [7] an increase in NG price of 
approximately 45% up to fully 20 $US/MWhF is 
expected in the by the year 2020. The range for NG 
is thereby set to 14 � YF � 20 $US/MWhF. The 
price of biogas in Sweden today is placed on an 
equal footing with the NG price, and is therefore 
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also varied within the same price range. The reason 
for the biogas having the same price level as the 
NG is that the Swedish government is promoting 
renewable fuels and the market for this fuel is too 
small to form any self-supporting market of its 
own. 
 The European average price (Norway 
excluded) of HFO today is approximately 17.5 
$US/MWhF [6]. The forecast made by EIA [5] 
shows trends going both up and down until the 
year 2020, with either a 24% increase or a 28% 
decrease. The range used in the case study later is 
chosen to be the European average price ± 30%, 
i.e. 12.2 � YF � 22.7 $US/MWhF. The second fuel 
that could be used in KKAB is Orimulsion®, and 
since a savings of 35% was expected compared to 
HFO, this is also supposed for future scenarios. 
The fuel price range for Orimulsion is therefore set 
to 7.9 � YF � 14.8 $US/MWhF. 
 The last fuel handled in the sensitivity 
analysis is bio fuel (biomass) and the choice has 
been made here to use data for wood pellets, since 
this is the most environmentally-friendly to 
transport to the power plant. The average price for 
wood pellets in southern Sweden in 2002 was 
approximately 18 $US/MWhF [16]. Since electri-
city certificates are to be introduced in May 2003, 
combined with the fact that the EU favors 
increased use of renewable energy sources, it is not 
likely that this price will decrease in the future. 
Two different ranges will be used; one for the large 
single unit of 400 MWe, and one for the ten smaller 
units of 41 MWe each. For the former, the highest 
price is set to 35 $US/MWhF and for the latter, 30 
$US/MWhF. The lowest price for both of them will 
be the average value of 2002, i.e. 18 $US/MWhF. 
All fuel price ranges are summarized in Table 4. 
 

FUTURE “POLITICAL COST” SCENARIOS 

“Political costs” include the cost or receipts form 
electricity certificates and the cost of emission 
trading according to the Kyoto Protocol. 
 
Electricity certificates 

Electricity certificates (ECs) are the Swedish 
version of green certificates. An electricity 
certificate is generated by using renewable energy 
sources for the production of 1 MWhe of 
electricity. 
 

Fuel YF,min 
($US/MWhF) 

YF,max 
($US/MWhF) 

Natural gas 14 20 
Biogas 14 20 
Heavy fuel oil 12.2 22.7 
Orimulsion® 7.9 14.8 
Bio fuel (pellets) 
1x400 MWe CHP 
10x41 MWe CHP 

 
18 
18 

 
35 
30 

Table 4: Fuel price ranges used in the sensitivity 
analysis of electricity production costs. 

 
The aim of the Swedish government is to increase 
the electricity production with renewable sources 
by 10 TWh by the year 2010 [11, 13]. Since ECs 
are to be a market-based tool, the incentive for 
buying them is created by a quota assigned to the 
electricity consumers. In the year 2003, which is 
the starting point of this legislated quota, all 
electricity consumers in Sweden are obligated to 
have 7.4% of their electricity produced by 
renewable energy sources [17]. This share is 
gradually increased until the year 2010, when 
16.9% of the consumed electricity is to be 
generated by renewable energy sources [1, 17]. 
The renewable energy sources that are entitled to 
the generation of ECs are wind power, solar power, 
geothermic power, small scale hydro power, wave 
energy and bio-fueled power. However, there are 
restrictions in that the already existing power 
plants, such as the large-scale hydro power plants, 
are not included. Furthermore, it is not permitted 
for Swedish electricity consumers to buy green 
certificates from any other country to attain their 
quota. 
 The cost of the ECs for the consumers is 
market-based, but the Swedish government has set 
a ceiling of 200 SEK (� 23 $US) [1]. This means 
that the producer of the electricity entitled to ECs 
can expect, at the most, 23 $US per MWh. The 
government also has a guaranteed price of 60 SEK 
(�� 7 $US) for the year 2003 for the electricity 
producers, which is gradually decreased each year 
(0 SEK in the year 2008 and beyond) [1]. The 
expected range of the income for utility companies 
using renewable energy sources, is 0 � ECP � 23 
$US/MWhe. 
 
Emissions trading 

Emission trading is one of the flexible mechanisms 
mentioned in the Kyoto Protocol. The trading unit 
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is “allowances”, in metric tonnes of carbon dioxide 
equivalents. It is possible to trade these allowances 
between countries, means that countries that have 
the possibility to reduce greenhouse gases (GHG) 
in the least expensively will be the seller of these 
allowances [3]. A test of the emissions trading 
framework will start within the EU in 2005, and 
the actual trading period starts in 2008. From the 
first actual trading phase until 2012, each country 
has a goal to meet for reduction in GHGs. For 
Sweden the goal is a 4% decrease compared with 
the base year 1990 [11]. Since the nuclear power is 
to be phased out, it is most probable that Sweden 
has to import allowances from other countries to 
meet this limit.  
 Assessing the cost of these allowances is of 
great difficulty since the framework for the trading 
is not fully decided and no trading has taken place 
yet. The values which will be used in this study are 
the same stated in the Green Paper [4], i.e. 
approximately 5 $US/tonne CO2-eqv to the higher 
limit set to 58 EUR (� 60 $US)/tonne CO2-eqv. 
 

METHOD OF SENSITIVITY ANALYSIS 

The sensitivity analysis is carried out using the cost 
ranges from the sections “Fuel price ranges” and 
“Future ‘political cost’ scenarios”. The electricity 
production cost, Yel, is calculated using the 
equation below: 
 

ECPbACCOau
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Y �����

�
��

�
�
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eq
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eq
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�
�

 
The yearly average electrical efficiency is set to the 
electrical efficiency at design point for each power 
cycle. For the CHP in co-generation mode, the 
total efficiency has been used. The parameters a 
and b denote the shares of fossil fuel and 
renewable energy sources, respectively. For 
instance, for the CC, a maximum amount of biogas 
mixed with the NG is set to 25%, which leads to 
the fact that a is 0.75 and b equals 0.25. It is 
assumed for both the CC and for KKAB that all 
allowances of CO2-eqv. have to be bought by the 
utility company. The CHP plant has been 
calculated in both a co-generation mode and in a 
condensing mode since the vast amount of 
produced heat can be difficult to sell, as discussed 
earlier. The electricity production cost and the heat 
production cost for the co-generation mode has 

been set equally, i.e. the total production cost has 
been split in half.  
 The variations made for the different power 
plants are: 
 

� Variation of the fuel price only within 
specified limits (all plants) 

� Variation of both the fuel price and the 
ECP (CHP plants) 

� Variation of both the fuel price and the 
cost of allowances for CO2-eqv. (CC and 
KKAB) 

� Variation of the fuel price, the ECP and the 
cost of allowances for CO2-eqv. (CC) 

 

RESULTS 

The results of the calculated electricity production 
costs, Yel are summarized in Figure 3. Since many 
different scenarios are calculated, the minimum 
and maximum electricity production costs obtained 
are set as limits for an area called “risk window”. 
The two other limits are set by the lower and 
higher fuel costs used in these calculations. In this 
way it is possible to encircle all possible costs 
related to GHGs for each power plant design. 
 Figure 3 shows that the lowest possible cost is 
obtained by building one large CHP plant of 400 
MWe at a low price on bio fuel, at the same time as 
the ECs are turned into cash. The two “risk 
windows” in the lower right part of the graph 
represent the biomass fueled CHP plant. The 
window stretching towards higher fuel prices 
shows the area for a single large CHP plant, while 
the other window represents the case with ten 
smaller CHP plants. If a higher share of the cost 
(>50%) is assigned to the electricity, the electricity 
production cost would increase with approximately 
4–9 $US/MWhe (60% of the cost assigned to 
electricity).  
 If the heat cannot be sold then the electricity 
production cost will dramatically raise until it 
reaches the level for a pure condensing mode, 
which is the most expensive production alternative. 
The “risk windows” for pure condensing operation 
are shown in the upper right part of the graph.  
 The second best alternative is the CC, which 
has its lowest electricity cost at a fuel price of 14 
$US/MWhF when mixed with the assumed 
maximum of 25% upgraded biogas. The two 
marked windows for the CC show the cases with 
and without admixing of biogas. The window for 
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the natural gas and biogas mixing is the one shifted 
toward lower production cost. 
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Figure 3: Risk windows for all power plant design 
alternatives. 

 
So, if not all heat can be distributed to the market, 
the introduction of ECs loses some of its value and 
fossil fuels as natural gas can be superior even 
when allowances for emission of CO2-eqv. have to 
be bought. 
 It is also of interest to consider the miniature 
graph in the top of Figure 3. Here the relationship 
between the political costs (ECP and cost of 
allowances), market cost (fuel price), technology 
influence (efficiency), and the electricity 
production cost is illustrated. For the CC and 
KKAB (i.e. combustion of fossil fuels), the 
political decisions to introduce ECs, and that 
emission allowances may have to be bought by the 
utility company, will considerably affect the 
electricity production cost. Especially for the 
KKAB with the highest CO2 emission per 
generated electricity unit, the cost increase due to 
political factor is higher than the change in fuel 
price and the lower efficiency together. 
 

CONCLUSIONS 

The major conclusion that can be drawn from the 
results is that if there is a possibility to make use of 

all the heat produced (� 8 TWh/a) by the 10 
smaller CHP units, this is the choice that involves 
the lowest investment risk. However, since the 
produced heat will exceed total heat production in 
southern Sweden today (Sydkraft), this scenario is 
not considered as the most promising one. 
 The second, most promising, alternative is the 
400 MWe CC, which even without admixing of 
25% biogas has a low electricity production cost at 
a low NG price. By choosing the CC for new 
power production in southern Sweden, the lowest 
investment risk is taken since this risk window is 
the narrowest. 
 It can also be concluded from this study with 
the price/cost assessment in mind, that the political 
climate which merchant power plant owners invest 
in is rather unstable. Any further political decisions 
in Sweden as well as in the EU can have a large 
effect on any long-term future investment. 
 

DISCUSSION 

It is always difficult to foresee the future, 
especially economics, when political decisions are 
to be taken into account. However, an attempt has 
been made in this study to show the effect of the 
introduction of ECs and what the realization of the 
Swedish commitment to the Kyoto Protocol 
agreement can imply.  
 Of course it is important to put the electricity 
production cost into perspective of the electricity 
market price. Assume that the CC is built and 
produces electricity to the average cost of around 
50 $US/MWhe. Can this cost bring any profit at all 
to the utility company on the Swedish/Nordic 
electricity market? This winter period in the Nordic 
countries has been cold while at the same time, the 
water level in the hydro power storages has been 
low. These circumstances have occasionally raised 
the electricity prices on the Nordic spot market to 
more than 100 $US/MWhe. So the answer to the 
question is yes in this case. However, this is not a 
situation that can be expected each year. The 
averaged electricity spot market price, since the 
Swedish deregulation in 1996, has had a level of 
about 15-35 $US/MWhe [12].  
 Another, and in some cases easier solution, to 
supply the southern part of the country with 
electricity would be to rely on “import” from 
countries such as Denmark and Norway.  
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