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Summary
This thesis investigates various operational aspects of Gas Turbine Combined
Cycle Power Plants (GTCC). GTCC power plants are expected to play an
increasingly important role in the balancing of supply and demand in the electricity grid. Although originally meant for predominantly base load operation
with high efficiencies, market circumstances, namely the increasing supply of
unpredictable wind and solar power, force these units to be operated frequently
across a wide range of load settings.
The required flexibility opens a need for models, that can predict the plant
performance accurately at design point as well as off-design conditions. The
models and performance data, made available by equipment manufacturers,
are usually too general to be applied for accurate prediction and optimization
purposes. Adding to this, the electricity producing companies usually do not
possess detailed design information, so that creating accurate process models
presents an extra challenge.
The chapters of this thesis are dedicated to the proposal of several methods
for overcoming challenges related to the operation of existing gas turbine combined cycle plants in current and future energy markets. All models and
procedures developed in the framework of this thesis, are applied to the Alstom
KA-26-1 GTCC as a case study. Two of these units were installed at the
Maxima Power Station in Lelystad for GDF SUEZ Energy The Netherlands.
The current study is first placed in the broader context of the developments
in the electricity market, and of research fields related to this subject. The
importance of accurate simulation tools is motivated, and the potential role of
uncertainty management and optimization is put forward. The implications of
the market developments are synthesized into a concise problem statement.
The productive core of GTCC plants is the gas turbine, especially when
there is no external firing in the steam cycle. A stepwise method for accurately
modeling the design and off-design steady state performance of gas turbines is
presented. Tuning performance models to measured data typically available to
i
i

i
i

i

i

i
“thesis” — 2014/10/2 — 9:32 — page ii — #4

i

ii

i

SUMMARY

an engine user is an important task. Therefore, a method for achieving this is
proposed and applied to a case study: the GT26, an industrial gas turbine (part
of the KA-26 plant) with two sequential combustor components. The results
of this modeling effort indicate that the accuracy decreases towards part load.
Thermodynamic modeling of the steam cycle, although a widely practiced
discipline, still presents some challenges in case of industrial-size units. Secondlaw analysis is often added to thermodynamic flow sheet calculations; this
can be enhanced by analyzing the interaction between plant components with
the help of a novel procedure presented in the thesis. For this purpose, the
plant model is calculated over a randomly and uniformly distributed set of
input conditions, calculating the (second law) thermodynamic losses of major
components for every case. (The term numerical experiment is used for this
procedure.) After this, the resulting data is processed and visualized to reveal
expected as well as unexpected mutual relations between the losses of individual
plant components.
When gas turbine and steam cycle models, and computer models in general,
are applied to make predictions, and economical decisions are based on these
models, there is always an amount of uncertainty present with respect to the
validity of the predictions. Quantification and reduction of this uncertainty
can be of significant value for stakeholders.
In this context, an existing method for statistical analysis and calibration
of computer models, the Kennedy & O’Hagan framework, is applied to the
the previously presented gas turbine and steam cycle models. The purpose
is to enhance the accuracy of (especially) part load efficiency prediction by
calibrating the models with the available (industrial) measurements.
The mathematical tools applied in this framework are explained, along with
the manner in which it is applied to the gas turbine and steam cycle models
respectively. For plant performance prediction, it is necessary to integrate
the models, so that uncertainties in one model are propagated through the
next. Two methods are described for achieving this: integration of the models
can be done either before or after calibration. The two stochastic integration
methods are applied to predict the efficiency of the case study plant. While
both methods produce accurate results, there is an indication that integration
after calibration is slightly more accurate.
The most important objective for the current study, besides accurate performance prediction, is the proposal of efficiency optimization methods. The
final part of the thesis illustrates methods for analyzing efficiency improvement possibilities of existing (gas turbine combined cycle) power plants, and
optimizing part load efficiency with steady state plant models.
Firstly, the data from the numerical experiment mentioned earlier are processed. By comparing how strong the exergy losses in major components are
correlated to overall thermal efficiency of the plant, the low pressure steam
turbine is shown to be the component whose thermodynamic losses have the
largest effect on the variations in overall plant efficiency. However, it is also
known that gas turbine losses represent the largest exergy loss. This seeming
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contradiction is thoroughly explained in the thesis.
By using a clustering algorithm, operational regimes are revealed with respect to the losses in the low pressure steam turbine and gas turbine. Efficiency
optimization is performed at ambient conditions corresponding to these distinct
operational regimes. The results of optimization indicate that the optimum set
of operational settings is different for each of the identified regimes, thereby
confirming that they are distinct regimes.
After using deterministic models for the efficiency maximization, model uncertainty is incorporated in the calculations, and the stochastic models presented earlier are applied. The difference with the previous optimizations is that
in this case, the applied model has been proven to give more accurate results,
and it provides the statistical distribution and expected value of the plant
efficiency, not just a deterministic value. The results of optimization under
uncertainty are compared to results of deterministic optimization under equal
ambient conditions: the resulting optimal operational settings for both cases
are shown to be similar in many aspects; differences are analyzed and put into
perspective.
The final part of the thesis synthesizes the main conclusions and recommendations from the previous sub-studies and places them in the general
context of the research field. Suggestions are proposed for possible applications
of the proposed methodologies to problems which are outside the scope of the
thesis.
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Samenvatting
Dit proefschrift onderzoekt diverse operationele aspecten van gecombineerde
stoom en gasturbine installaties (STEG). Deze centrales zullen naar verwachting
een steeds belangrijkere rol spelen bij het balanceren van vraag en aanbod op
het elektriciteitsnet. Hoewel deze eenheden meestal oorspronkelijk bedoeld
zijn om voornamelijk op vollast te draaien met een hoog rendement, zorgen
marktomstandigheden, voornamelijk het toenemende aandeel van onvoorspelbare wind- en zonne-energie, ervoor dat deze eenheden regelmatig worden
ingezet op een breed operationeel gebied.
Vanwege de vereiste flexibiliteit ontstaat er een behoefte aan (computer)
modellen, die het gedrag van deze energiecentrales nauwkeurig kunnen voorspellen zowel bij ontwerp condities als buiten ontwerp condities. De modellen en
de prestatie gegevens, die ter beschikking worden gesteld door fabrikanten van
apparatuur, zijn meestal te algemeen om te worden toegepast voor nauwkeurige
voorspelling en optimalisatie doeleinden. Verder bezitten elektriciteitsbedrijven
meestal geen gedetailleerde informatie over het ontwerp van hun installaties,
zodat het bouwen van accurate procesmodellen een extra uitdaging met zich
meebrengt.
Dit proefschrift is gericht op het voorstellen van verscheidene methoden
om het hoofd te bieden aan de uitdagingen gerelateerd aan het beheer van bestaande STEG installaties binnen huidige en toekomstige marktomstandigheden.
Alle in het kader van dit proefschrift voorgestelde methoden en procedures
worden toegepast op de KA-26-1 STEG installatie, die door Alstom geı̈nstalleerd
is bij de Maxima centrale in Lelystad, in opdracht van GDF SUEZ Energie
Nederland. Het volgende is een samenvatting van de onderwerpen die in het
proefschrift worden belicht.
Als eerste wordt het onderzoek geplaatst in de context van de huidige
ontwikkelingen in de elektriciteitsmarkt en het hieraan gerelateerde onderzoek
in de literatuur. Het belang van nauwkeurige simulatie methoden wordt gemotiveerd, en de potentiële rol van onzekerheidsanalyse en optimalisatie wordt
v
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naar voren gebracht. De implicaties van de marktontwikkelingen worden samengevoegd tot een beknopte probleemstelling.
De productieve kern van STEG installaties is de gasturbine. Dit is nog meer
het geval wanneer er geen bijstook plaatsvindt in de ketel van de stoomcyclus.
Er wordt een stapsgewijze methode uiteengezet voor het nauwkeurig modelleren
van het statisch gedrag van (industriële) gasturbines. Een belangrijk onderdeel
van het modelleren is het afstemmen van de modellen op meetgegevens die
typisch beschikbaar zijn voor de gebruiker. Daarom wordt er een methode
hiervoor voorgesteld en toegepast op de GT26 gasturbine, die deel uitmaakt
van de KA-26 installatie. Deze machine bevat twee opeenvolgende verbrandingskamers. Uit de resultaten blijkt dat de nauwkeurigheid afneemt van vollast
naar deellast.
Hoewel het thermodynamisch modelleren van stoomcycli een wijdverspreide
discipline is, bevat het nog een aantal uitdagingen in het geval van industriële installaties. Exergie analyse wordt vaak toegevoegd aan thermodynamische berekeningen om inzicht te krijgen in de oorzaken van thermische verliezen. Deze analyse kan worden verdiept door de wisselwerking tussen installatie componenten te bestuderen met behulp van de in dit proefschrift
gepresenteerde methode. Er wordt een serie simulaties gedaan over stochastisch
uniform verdeelde operationele omstandigheden, waarbij de exergie verliezen
van prominente installatie componenten worden bepaald voor elke simulatie.
(Voor deze procedure wordt de term numeriek experiment gebruikt.) Hierna
wordt de resulterende informatie verwerkt en gevisualiseerd, waarbij zowel verwachte als onverwachte relaties tussen de verliezen van afzonderlijke installatie
componenten naar voren komen.
Wanneer gasturbine en stoomcyclus modellen, en computermodellen in het
algemeen, worden toegepast om voorspellingen te doen, en er economische beslissingen worden gebaseerd op deze modellen, is er altijd een bepaalde mate van
onzekerheid aanwezig met betrekking tot de geldigheid van de voorspellingen.
Kwantificering en vermindering van deze onzekerheid kan van groot belang zijn
voor betrokken partijen.
In dat verband kan een bestaande statistische kalibratiemethode voor computermodellen, de Kennedy & O’Hagan methode, worden toegepast op de eerder gepreseteerde gasturbine en stoomcyclus modellen. Het doel is het verhogen
van de nauwkeurigheid van deellast modellen door dezen op systematische wijze
te kalibreren aan beschikbare (industriële) metingen.
Nadat de wiskundige technieken toegepast binnen deze methode worden
toegelicht, wordt beschreven hoe de methode wordt toegepast op de gasturbine
en stoomcyclus modellen. Voor het voorspellen van het gedrag van de complete
energiecentrale is het noodzakelijk om de gasturbine- en stoomcyclusmodellen
te integreren, zodat de onzekerheden in het ene model worden gepropageerd
door het andere model. Twee methoden worden beschreven om dit te bereiken:
integratie van de modellen vóór, respectievelijk na de kalibratie. De twee
stochastische integratie methoden worden hierna toegepast om het rendement
van de KA- 26 installatie te voorspellen. Hoewel de resultaten voor beide
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methoden accuraat blijken te zijn, zijn er aanwijzingen dat modelintegratie
textit na de kalibratie toch iets nauwkeuriger is.
Naast het nauwkeurige voorspelling van de energetische prestaties van STEG
eenheden, is de belangrijkste doelstelling van de huidige studie het voorstellen
van rendementsoptimalisatie methoden. Het laatste deel van het proefschrift
illustreert methoden voor het analyseren van mogelijkheden tot rendementsverbetering van de bestaande (STEG) energiecentrales, en het optimaliseren van
het deellastrendement met behulp van statische thermodynamische modellen.
Om een beeld te krijgen van het operationele werkgebied van de installatie, worden de data van het eerder genoemde numerieke experiment verder
geanalyseerd. Er wordt vergeleken hoe sterk de exergie verliezen in individuele
componenten gecorreleerd zijn aan het thermisch rendement van de centrale.
Hieruit blijkt dat de lagedruk stoomturbine de component is, waarvan de
exergie verliezen de grootste invloed hebben op de variantie van het rendement
van de centrale. Dit, terwijl het bekend is dat de exergie verliezen in de
gasturbine het grootste zijn. Deze schijnbare tegenstrijdigheid wordt grondig
verklaard in het proefschrift.
Met behulp van een clusteralgoritme worden duidelijk te onderscheiden operationele werkgebieden onthuld, die betrekking hebben op de verliezen in de
lagedruk stoomturbine en gasturbine. Rendementsoptimalisatie wordt daarna
uitgevoerd bij bedrijfsomstandigheden die overeenkomen met deze operationele
regimes. De resultaten van de optimalisaties tonen aan dat de optimale operationele instellingen verschillend zijn voor elk van de gedentificeerde regimes.
Dit bevestigt dat het daadwerkelijk om verschillende regimes gaat.
Na het gebruik van deterministische modellen voor de rendementsoptimalisatie, wordt de invloed van modelonzekerheden meegenomen in de berekeningen. De eerder gepresenteerde stochastische modellen worden hierbij toegepast.
Het verschil met de eerdere optimalisaties is dat in dit geval is bewezen dat het
toegepaste model nauwkeurige overeenkomt met metingen en dat de modellen
de statistische verdeling en de verwachte waarde van het rendement bepalen,
met andere woorden, niet alleen maar een deterministische waarde. De resultaten van de optimalisatie met onzekerheden worden vergeleken met de resultaten
van deterministische optimalisatie onder gelijke bedrijfsomstandigheden: de
resulterende optimale operationele instellingen blijken in veel opzichten overeen
te komen. De verschillen worden geanalyseerd in het perspectief van het
onderzoek.
Het laatste deel van het proefschrift voegt de belangrijkste conclusies en
aanbevelingen uit de voorgaande hoofdstukken samen en plaatst ze in de algemene context van het vakgebied. Er worden suggesties gedaan voor mogelijke
toepassing van de voorgestelde methoden voor problemen die buiten de grenzen
van het huidige onderzoek liggen.
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Introduction
1.1
1.1.1

Gas Turbines and the electricity market
Current developments in the energy market

Electricity production, and energy in general, play a pivotal role in every
modern society, as electricity is required for fulfilling almost all basic needs, such
as food, water, transportation, shelter, and security. Economic prosperity and
economic growth have been shown to be strongly correlated with the electricity
consumption per capita [95]. To ensure the availability of energy for future
generations, a collective effort is undertaken to decrease the dependency on
conventional energy resources, such as oil, natural gas, and coal, of which the
future supply is limited. There is a need for alternative and sustainable energy
resources. The more mature sustainable technologies are wind and solar energy.
Others include tidal wave, reverse osmosis, geothermal, ocean thermal energy
conversion, and energy derived from biomass.
Given the currently available technologies, electricity can not be stored in
large quantities. It is a product that should be delivered momentarily, and on
demand. The frequency on the electric grid depends on the balance between
supply and demand, and a constant frequency is important for the integrity of
a variety of electrical equipment.
A national grid authority is responsible for maintaining the power balance
on the grid. In The Netherlands, this is TenneT. Since the liberalization of
the energy market, consumers buy electricity in time blocks of 15 minutes, also
termed Program Time Units (PTU), from the electricity producing companies.
The power producing companies apply various strategies to make sure that,
for every 15 minute time interval, the total amount of power that is contracted
to be delivered to the grid is produced in an economically optimal way. This
process is called economical load dispatch. These companies usually have a
fleet of power plants with varying characteristics, such as fuel type, base load
1
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efficiency, and maximum start up speed. The companies produce power in
increments of 5 MW, where every next 5 MW is dispatched from the plant
with the lowest estimated incremental costs.
While these mechanisms are intended to maintain the balance on the
electricity grid, power plants based on sustainable technologies are increasingly
added to the grid to comply to the Kyoto protocol, which requires the reduction
of CO2 emissions. However, the most important sustainable technologies, wind
and solar, are not available on demand, and their production rates are difficult
to predict precisely.
If electricity could be stored in large quantities, sustainable energy could
be produced at one moment, and delivered later. Despite various efforts in
predicting the behavior of wind, a certain amount of uncertainty remains
present, where the uncertainty increases with the forecast lead time [105].
Due to the increasing uncertainty on the supply side of the electricity market,
combined with the usual fluctuations on the demand side, a need for highly
flexible power plants emerges, as supply and demand to the grid should still be
balanced on a momentary basis.
Gas turbine based power plants can be started up and shut down quickly,
so that they can be applied to compensate for demand fluctuations and
intermittency of supply. This is also the case for hydro power plants.
Unfortunately, the latter is not available in The Netherlands due to the flat
landscape. So, gas turbine based units play the role of peak shavers in The
Netherlands.
Gas turbines that are used for electricity generation are usually combined
with a steam cycle to enable higher thermal efficiencies. These combined cycles
mainly comprise of one or more gas turbines, a boiler that generates steam
from the residual heat present in gas turbine exhaust gases, steam turbines
that convert the thermal energy contained in the steam into mechanical power,
and a condenser that condenses the outlet of the steam turbines, so that it can
once again be used in the boiler. According to Cox [18], gas turbine combined
cycles, as such, are expected to be operated increasingly as reserve capacity and
thus at lower load factors (ratio of averaged power output to maximum power).
Since 2012, economical conditions in The Netherlands have forced (newly built)
GTCC plants to be started up and shut down daily during work days, totaling
at least 200 starts per year [108].
Accordingly, reliability, predictability, and flexibility play an important role
in the economic load dispatch of these power plants. Operators try to create
a strategic balance between on-time delivery of requested power outputs, and
mechanical strain on the units, which results in extra maintenance costs. In this
context, it is highly recommended to keep accurate track of the performance
of these units, so that one can diagnose component degradation at early stage.
Steady state performance models are potentially a very useful tool for this and
other aspects of operational improvement, such as efficiency enhancement.
The following should be noted when power plants are operated at strongly
varying loads instead of base load:
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• Part load efficiency is usually lower than base load efficiency.
• The emission of nitrogen oxides, coal monoxide, unburnt hydro carbons,
and others may increase.
• Temperature transients lead to extra material stresses.
• If the plant was not designed to operate at frequently varying loads, there
is some extra uncertainty with respect to the structural integrity of the
equipment, and the occurrence of unplanned outages may increase.
• In combination with variations in ambient conditions and fuel quality,
the load variations cause extra uncertainty in the prediction of plant
performance, which plays a pivotal role in economical load dispatch.
Thus, the current developments in the electricity market lead to conflicting
requirements for GTCC design and operation, such as an increasing demand for
reliability, combined with an increasing demand for flexibility, and the demand
for high efficiency and low emissions, combined with the demand for low load
factors. Solving these issues is a non-trivial problem. In the next section, tools
are proposed in handling this type of complex problem.

1.1.2

Related fields of research

Considering the developments in the energy market, there is a broad range of
subjects related to the design and operation of gas turbine combined cycles,
and power plants in general, that require investigation. Research may increase
the profitability of these plants. Apart from the developments in the electricity
market, fuel quality may also vary increasingly in the future, depending on
the supplier of the fuel, and thus affect the operation of power plants. The
following is a list (including examples) of research fields related to these issues.
(Part load) efficiency prediction and optimization [15, 107, 118]
Increasing the thermal efficiency of GTCC power plants is a subject studied
since the existence these plants, and in current and future markets, the focus
of such studies is likely to be shifted towards part load operation, as load
factors of GTCC are expected to decrease. A distinction can be made between
studies related to plant design and studies aimed at improving the operation
of existing plants. This last subject is addressed in the current thesis. The
optimal approach to these studies depends on what the ultimate goal is, and
what the economical boundary conditions are. GTCC plant efficiency typically
decreases 4 to 5% moving from base to part load [108]
Optimization and planning of fleet deployment/economic load dispatch
[17, 67, 104, 123]
The electricity producer can usually choose between various plants in his fleet
for producing a certain amount of power. To make a sensible choice, he needs
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to predict the generation costs of the various plants. Simplified plant models
can be applied to simulate the variation of plant efficiencies as a function
of load settings and ambient conditions. For optimal load dispatch, these
(mostly empirical) models can be integrated into a mathematical framework
that applies optimization techniques for maximization of profit.
Dynamics and component thermal stress evolution [9, 21, 64, 92]
Fast transients can be lucrative in certain situations of economic load dispatch,
but they cause extra thermal stresses, especially in thick-walled components.
This may cause unforeseen damages and even outages, or extra maintenance.
Operators should aim to find a strategic balance between these factors.
For this purpose, it may be an advantage to calculate stresses in critical
components from available measurements, and/or create models that can
simulate the transient behavior of plant components. Operators may perform
’what-if’ scenarios with these models.
Diagnostics and reduction of unplanned outages [16, 31, 47, 50, 61, 66]
Statistical methods and advanced diagnostics can be applied to reduce the
risk of unplanned outages, or even prevent them. By keeping track of
the occurrence of these events, and/or keeping track of the state of plant
components using measurements from a continual data acquisition system,
models can be created that estimate the probability of failures. When noticing
anomalies, operators may choose to preventively shut down and check the
equipment for faults.
Model predictive control [30, 34, 74, 106, 126]
Plant control may be enhanced by including models that predict the influence
of control inputs on plant behavior based on the current measurements and
a model of the plant. Such models should not be computationally expensive,
because they need to be calculated each time that a control decision must
be made (at each time step for a digital controller). An optimal control
strategy may then be calculated, taking into account one or more objectives
and constraints. The design of these model predictive controllers (MPC) is a
subject of various studies.
Emission reduction [11, 124]
The emissions of coal monoxide, nitrogen oxides, unburnt hydrocarbons and
soot also depend on load setting, ambient temperature, and burner tuning.
There are strict regulations with regard to the maximum emissions permitted
by a power plant, and the fines connected to violations should be avoided.
Especially the older GTCC units are characterized by emissions that may
exceed the permitted values (during part load operation). Dry low NOx [8]
and sequential combustion [57] are technologies that are aimed to reduce these
emissions.
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Flame stability [26, 70, 72]
Flame stability is an important consideration in plant operation, as instability
may lead to severe damage. Damage may occur if acoustic waves initiated
by the flame resonate through the gas volume and/or the structure of
the combustion chamber. Low, mid and high frequency instabilities are
distinguished. The risk of combustion instability depends on load setting,
ambient temperature, burner tuning, and transient effects.
Fuel flexibility [83]
Finally, the quality of the fuel used in a gas turbine combustion chamber
influences the flame stability, temperature distribution in the flame, and thus
in the turbine following the burner, the emissions from the engine, and the
overall thermal efficiency, among others. As fuel quality becomes increasingly
variable, the characteristics mentioned are expected to become less predictable,
and operational measures are required to maintain safety, among other things.

1.2
1.2.1

Research tools
Categorization of computer simulations

For all purposes mentioned in the previous section, simulation tools may
be used, when physical experiments are too expensive or unfeasible. A
combination of physical experiments and (computer) simulations is often the
best choice: physical experiments can be used to validate models, after which
predictions can be made with these models.
Depending on the modeling purpose, computer simulations can be categorized with respect to [33, Chapter 1 & 9]:
• Empirical versus physical modeling
• Deterministic versus stochastic
• Distributed versus lumped parameter models
• Time frame: steady state versus dynamic
• Hierarchical level
Firstly, so called physical models are based on the laws of physics, while
empirical models only involve relations between system in- and outputs,
without considering the mechanisms behind the input-output relations. Some
physical models also contain empirical relations, so combinations of the two
categories are possible.
Deterministic models are models for which there is a unique output for a
given set of inputs. Stochastic models are models for which a given set of inputs
can result in multiple outputs that can be described in the form of a probability
density function. The inputs to these models may also be probabilistic.
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Statistical analysis is applied to calculate various characteristic quantities,
such as means and standard deviations. The mathematical framework for
probabilistic and deterministic models is different.
In case of distributed parameter models, the value of a variable may vary
depending on the position in the system. Finite element structural analysis
and computational fluid dynamics are examples of this. In case of lumped
parameter models however, variables are assumed to have a single value in
every component of the system. The lumped parameter assumption is often
used for systems for which the variables are in reality not constant throughout
the system. Averaging techniques are then used in the models to satisfy the
assumption.
The time frame used for modeling may also vary: for steady state models,
the processes and the variables involved in these processes are considered
constant with respect to time. Dynamic models, where model variables may
be a function of time, are used to study transient effects in processes. They
are also used for designing process control systems. Within the category of
dynamic models, there is a wide range of sub categories, but these will not be
mentioned here, as the current study applies only steady state models.
Sometimes, models of varying levels of detail or characteristic times are
connected hierarchically. For example, if a system that is modeled contains
components that need to be modeled in more detail, those components can
be modeled in a different environment which may be computationally more
expensive. It may be prohibitive and unnecessary to model the whole system
in the more elaborate environment.
Gas turbine performance models, which are applied in the current study,
can be put into perspective with the categories mentioned above. These models,
which are often used in the design, testing and operation of these engines, can
range from empirical to physical, can be deterministic or stochastic, and may be
steady state or dynamic, depending on the purpose. They are mostly lumped
parameter models, but are sometimes connected to a distributed parameter
model, such as a finite element model for structural analysis, or a computational
fluid dynamics model for combustion analysis and analysis of compressor and
turbine blade flows. In multi disciplinary design, for example, the models can be
hierarchically connected to reveal all inter dependencies of the sub components,
while the influence of important details (e.g., blade shape) is taken into account.
On the other hand, thermodynamic models of power plants, which are
also applied in the current study, are physical, and mostly deterministic and
lumped parameter models. They are used for various purposes in the design
and operational phase of a plant, and can be steady state or dynamic. The
modeled components include heat exchangers, condensers, de-aerators, pumps,
steam turbines, among others.
It is notable that, compared to the turbo machinery in gas turbine
performance models, the complexity of steam turbine modeling in power plant
thermodynamic models is not so high. For many reasons, the turbo machinery
in gas turbine models is often modeled with detailed component maps. The
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reason for this is that there are strict operational regimes for the turbo
machinery of gas turbines, such as surge and choke, the fluids involved are
compressible, and the performance is strongly affected by ambient conditions.

1.2.2

Uncertainty management

All models of industrial processes are subject to uncertainties of various types,
which can globally be categorized as epistemic and aleatory [82]. Epistemic
uncertainties are related to the fact that all models capture only a fraction of
the true complexity found in nature so that the model structure is inherently
different from the structure of the actual phenomena. It is important to
realize that this type of uncertainty cannot be reduced by adjustment of
model parameters. Aleatory uncertainties however are related to the fact that
measurements corresponding to system inputs or outputs, contain random
errors. The models based on these measurements and predictions based on
these models deviate from the ’truth’ in a stochastic manner.
Both types of uncertainties can have a substantial impact on the process
of decision making and management when decisions are based on the outcome
of simulations. Therefore, quantification of uncertainties and mathematical
models of their propagation are potentially valuable tools in the management
of energy systems. Uncertainty analysis should serve as the critical connection
between theory and practice.
To adequately account for uncertainties, a systematic approach is mandatory. Rocquigny et al. [85, Chapter 1] provide a general framework for
uncertainty analysis, while various purposes of, and approaches to uncertainty
analysis are presented and discussed.
The respective steps of the proposed methodology are:
• Listing of uncertain factors and categorization: aleatory and epistemic
uncertainty
• Uncertainty quantification
• Uncertainty propagation
• Feedback sensitivity analysis
The first step comprises of the listing the measured input and outputs variables and Quantities Of Interest (QOI) and the categorization of uncertainties.
In the second step, the specified random inputs are to be described in terms of
their statistical distributions. These random inputs are to be used as an input
to the simulation code, in order to calculate the effect of their randomness on
the QOI: this is the third step, uncertainty propagation. After the effect of
input variation on outputs has been calculated, a sensitivity analysis can be
done to identify the key process parameters for controlling the QOI.
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Adaptivity and numerical optimization tools

Usually, energy systems are complex systems of which the inter dependencies of
sub components and in - output relations cannot be described in a simple way.
It is therefore not a trivial task to systematically improve the performance of
these systems. Mathematical techniques have been developed for optimization
(of complex systems) in general. These optimization procedures most often
include process models, where a specified set of process variables can be
adjusted to improve the process performance, which is quantified in the form
of an objective function.
Besides using optimization techniques for single designs or operating points,
they can be used to optimize a sequence of events, such as a batch process or
a sequence of control actions for a digital control system. In these cases, the
objective function may involve evaluations of a process model at various time
steps: Model Predictive Control (MPC).
There are various classes of optimization techniques, with their respective
strengths and weaknesses. The best strategy for optimization depends on
whether the objective function (and the process model):
• is smooth or non-smooth
• can be used to calculate a derivative
• is deterministic or stochastic
• includes various local optima
• is computationally expensive
The so called adaptive algorithms are a class of optimization techniques,
that apply procedures analogous to the survival of the fittest in Darwin’s
evolution theory. The objective function is then formulated as a fitness function
that is optimized by adaptation of the specified variables through cross over
and mutation.
The concept of adaptivity is interesting with respect to the operation of
gas turbine combined cycles in emerging energy markets, as the requirements
for these plants include flexibility, reliability and efficiency in a continuously
changing environment. Operational settings are continuously adapted to match
requirements of the market without compromising safety and environmental
regulations. Flexibility can be added by enabling the operator to choose
between optimization objectives. For example, for a plant start up procedure,
he or she can choose between the fastest start, the most fuel-efficient start, or
the start with the least thermal loading of components.
The classical approach to safety and reliability is applying deterministic
models, and incorporating various safety margins in the calculations to ensure
structural integrity, stability, and other criteria. This approach often leads to
conservative designs, where it is not sure to what degree the actual regions of
danger are approached. In case of reliability engineering however, probability
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calculations are incorporated in the design and optimization procedures,
thereby quantifying the risk of certain unwanted events. If these methods
of uncertainty quantification are applied in the operation of energy systems, it
may be possible to develop adaptive plant control.

1.3

Problem statement

The main purpose of the current thesis is to propose methods and strategies
that can be used by operators of gas turbine combined cycle plants to set the
appropriate balance between flexibility and efficiency, and make decisions based
on reliable performance data. This balance depends on market conditions,
legislation, and ambient conditions, among others, and is thus subject to
change.
The thesis demonstrates the various methods with a case study: the KA26-1
plant built by Alstom in Lelystad, The Netherlands, see Fig. 1.1. This plant
was commissioned in 2010 and has been in commercial operation since then.
The plant consists of two identical 440MW GTCC units, including the GT26
gas turbine, which applies the principle of sequential combustion. This principle
is explained in Chapter 2.

Figure 1.1: The Maxima power plant in Lelystad, The Netherlands

Plant operators are responsible for a plant that has been supplied by an
original equipment manufacturer (OEM), where operational strategies and
boundaries have been partly determined from the view point of the OEM.
The OEM supplies standardized plants, to satisfy the needs of a large variety
of costumers. The operator can choose to tailor the operational strategy, and
modify the boundaries. In that case, there is an extra degree of uncertainty,
as the operator may not possess test data outside the operational boundaries
specified by the OEM.
The thesis focuses mainly on the improvement of the thermal efficiency of
the plant. Company officials from GDF SUEZ The Netherlands state that the
typical distribution of costs for a newly built GTCC is 60% operational costs
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(mainly fuel), 30% fixed capital costs, and 10% maintenance and overhead
costs. Hence, the primary focus is on efficiency.

1.4

Outline of this thesis

The thesis applies process models to study the effects of adjustments to
operational settings before they can be applied in reality. The objectives of
the study are:
• The development of steady state gas turbine and steam cycle models that
suit their purpose with regard to level of detail, accuracy, and predictive
capability (Chapter 2, 3)
• Quantification of uncertainties in models and predicted quantities
(Chapter 4)
• Development of novel methodology for process analysis and optimization
(Chapter 3, 5)
• Enhancement of plant operational strategies under varying and unpredictable circumstances (Chapter 5)
After these subjects are dealt with in the relevant chapters, a general
discussion of the results and prospects for future research follow in Chapter
6.
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Industrial gas turbine
performance modeling
2.1

Introduction

The modeling of power plants and power plant components plays an important
role in operational improvement studies, especially within the context of
emerging developments in the energy market. Performance modeling of gas
turbine engines has existed for decades and is applied by various stake holders,
from original equipment manufacturers (OEM) and engine users to academic
institutions. Even though these parties have differing objectives, there are
common methodologies used by all.
An extensive overview of the different approaches, mathematical background and numerous examples are provided by Research and of the NATO
[81]. The modeling strategy for engine users who do not have access to propriety
OEM information is dealt with, per example, in [55, 59, 97, 100]. Of these, the
last two papers present methods of model adaptation to match measurements.
Some common assumptions made in the modeling of gas turbines are critically
reviewed by Kurzke [56]. A review of the use of performance models for
diagnostic purposes is provided by Li [58], comparing various linear, nonlinear and artificial intelligence based methods, among others. Sampath et al.
[88] present a tool that enables the user to choose from various diagnostic
techniques, depending on the specific situation, while Mathioudakis et al.
[63] specifically addresses engine performance data analysis for monitoring
purposes, from the stand point of industrial gas turbine users.
Applying turbo machinery component maps is a key aspect of gas turbine performance modeling; these maps represent the mathematical relation
between operational conditions and behavior of the individual components, and
thereby determine the accuracy of the models. Within this context, it should be
11
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noted that the performance of the engine is a function of ambient conditions,
and this function should be reflected in the maps. Furthermore, there are
strict operational boundary conditions and various regimes, namely surge and
choke, which should also be represented in the maps. Most component maps
are obtained through experimentation on engines. Therefore, the maps also
contain information on compressibility effects, which may play an important
role, especially in case of compressors.
Because component maps of engines in operation are typically unavailable
to gas turbine users, various authors propose modifying publicly available
maps of similar turbo-machinery components to match model output to
measured performance. A map usually contains iso-lines of constant (corrected)
rotational speed and efficiency. Adjusting the positions of these iso-lines is one
of the possibilities for adjusting component maps [55].
Despite the various modeling efforts presented in the literature, the author
has not encountered a systematic approach to the tuning of turbo-machinery
component maps through relabeling of iso-lines of constant corrected rotational
speed (shortly: speed-lines). The present chapter presents a quantified
and methodical explanation of compressor map adjustment by speed-line
relabeling and the creation of steady state gas turbine performance models
from information typically available to an engine user.
First, the chapter discusses some general aspects of gas turbine performance
modeling. Then, it proposes a performance modeling strategy. The influence of
ambient conditions on the performance of individual components is discussed,
and the way in which this can be represented in component maps. The
method of systematic speed-line relabeling is presented, which makes accurate
performance prediction possible even when only publicly available component
maps are available. The method is then applied to the specific case of the GT26.
The modeling of the topological features of a specific engine, the Alstom GT26,
is made possible by the component based structure of the modeling software,
GSP [111]. Finally, the results are presented. A selection out of this chapter
has been published in [5].

2.2

Paradigms in gas turbine performance modeling

Gas turbine models are created for various purposes, ranging from aiding
conceptual engine design, detailed design, control design, evaluation of
measurement/test data, and operational improvement studies in the field of
engineering, to teaching basic and elaborate gas turbine theory in academia.
The modeling strategy used is adapted to these purposes.
For example, in case of conceptual design, the engine geometry and
dimensions are not fixed and performance models can be used as an aid
in decision making processes and preliminary optimization.The matching of
individual component performances plays a key role in this process, while the
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exact sizing of component parts is not of major importance. In addition, the
performance of the machine under varying conditions and load settings is not
considered in detail.
After the conceptual design has been made, more detail is added. The next
milestone is an engine prototype. To achieve this, detailed geometric designs
are produced, which should have the macroscopic characteristics as outlined
in the conceptual design. In this phase, the engineers use rigorous modeling
methods, such as Computational Fluid Dynamics for aerodynamic design and
Finite Element methods for structural design. The results of these highfidelity models can be incorporated into higher-level performance models as
boundary conditions. Alternatively, the high fidelity models may be connected
to integral multi-level performance models. This is usually more expensive,
from a computational point of view.
In the design of engine controls, a central role is played by the dynamic
behavior of components. The type of models used in this case are less focused
on geometric detail, and more on low computational cost and transient effects.
Off course, geometry still plays an important role in the study of component
stress evolution as a function of transients, but not to the same extent as with,
for example, turbine blade design. Causality and mutual interaction of engine
components are studied in detail during this phase.
When engine users create performance models, the information available for
this is limited. Basic sizing information may be available from drawings, but
detailed shaping of blades and other components is rarely available. The best
strategy to be used in this case is different from the cases mentioned above.
The next section focuses on the use of performance models for operational
improvement of industrial gas turbines, especially when applied by engine users.
It is assumed that measurements are available from a data acquisition system,
connected to the engine while it is in (commercial) operation.

2.3
2.3.1

Steady state performance modeling from a
users perspective
Outline

This section describes a procedure that can be followed to achieve accurate
(industrial) gas turbine performance models when limited engine design
information is available to the modeler. All modeling considered assume steady
state conditions, so measurements are collected at conditions which are as close
as possible to stationary. Design point or cycle reference point modeling, and
off-design modeling are described. Some of the details are specifically required
with GSP software, which is applied in the current study. However, this does
not undermine the general applicability of the procedures.
The procedure consists of the following steps for design point modeling:
• Choice of an operating point to be used as the cycle reference point (CRP)
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• Thermodynamic modeling of the CRP
– Determination of engine dimensions
– Calculation of flow speed at relevant gas path stations
– Calculation of total pressures from static pressures with isentropic
relations
– Calculations of efficiencies from temperature and pressure data
For off-design modeling, the following steps are proposed:
• Determination of the compressor type from CRP pitch loading and
efficiency
• Collection of appropriate measurement sets for off-design modeling
• Assessment of the local slope of constant corrected speed lines in
compressor maps; effect of ambient pressure
• Choice of compressor map(s) and map scaling
• Determination of CRP position in compressor map; effect of ambient
temperature on efficiency
• Quantified compressor map speed line relabeling (if necessary); effect of
ambient temperature on mass flow
• Choice of turbine map(s) and position of CRP in turbine map
• Modeling part load operation: VIGV modulation and map modifiers
These steps are subsequently explained in the following sections. Various
aspects of design point and off-design modeling are discussed.

2.3.2

The cycle reference point

The CRP is preferably chosen close to normal conditions, as defined by the
manufacturer and reflected in the contracts, so that modeling results can be
compared to contracted heat balance sheets, if necessary. Another criterion for
choosing the CRP is the most likely operating conditions of the engine. This
may coincide with the normal conditions defined by the manufacturer. In the
current case, the term CRP is preferred over the term design point, because
the modeling is not done with the purpose of engine design.
To model the CRP, measurements of an appropriate operating point
are collected, in addition to the sizing information that may be available
from drawings. The following information is extracted from the available
measurements, if possible: (total) pressure ratio and efficiency of turbo
machinery components, pressure drops of other components (i.e., ducts and
heat exchangers), cooling air mass flows, fuel composition and mass flow(s).
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The role of off-design modeling

The modeling of off-design behavior plays a key role in the current study, as
the model is to be used for predicting engine performance over a wide range of
ambient conditions and load settings. Ambient temperature, pressure and inlet
air humidity on one hand, and variable inlet guide vane (VIGV) modulation on
the other hand all have a distinct effect on engine behavior. To gain a thorough
understanding of these effects, they should be studied separately as much as
possible.
Temperature is the most influential of ambient conditions due to the higher
overall percentage of variation. Both ambient temperature, pressure and
humidity cause a change in air density, which influences the mass flow through
the engine, while air humidity additionally causes a change in thermodynamic
properties of the air. From the perspective of engine control, ambient conditions
are viewed as disturbances.
VIGV modulation on the other hand, can be explained as follows: during
part load operation, air flow is actively controlled by modulating the angles
of compressor inlet guide vanes to maintain the highest possible exhaust gas
temperature in order to maximize heat recovery from exhaust gases in the
steam generator [48]. VIGV modulation does not only cause a change in mass
flow through the compressor but also a change in the geometry, and thus all
inherent performance characteristics are modified.
In the modeling of off-design behavior, mutual interaction of components
should be studied in detail to reveal the causality structure of the system. Modeling the off-design behavior of gas turbines requires matching of the off-design
behavior of all engine components [116, Chapter 6 & 7], the most important
of which are the turbo-machinery - compressor(s) and turbine(s). Off-design
behavior of other components can often be inferred from measurements and
imposed on the model.
In performance modeling, similar engine components are expected to behave
similarly, in other words, there are general characteristics that can be found
in families of engine components and this can be expressed in mathematical
terms. This philosophy is exploited in the field of dimensional analysis
[116, Chapter 4]. The off-design behavior of turbo-machinery is usually
described by making use of component maps, quantifying the relationship
between three or four (quasi-)dimensionless parameter groups [116, Chapter
6 & 7], namely pressure ratio, efficiency, corrected mass flow Wc (Eq. 2.1)and
corrected spool speed Nc (Eq. 2.2).
p
Win [T T ]in
(2.1)
Wc =
[P T ]in
N
Nc = p
[T T ]in

(2.2)

In most cases, original component maps are not known to the users of gas
turbines, and in order to create performance models, an often used procedure
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is the scaling of a (publicly available) map from a component with similar
pressure ratio and mass flow, to the cycle reference point of the component.
In general, the choice of compressor maps is important because the
shape of the map plays a key role in the off-design behavior of the model.
Similar compressors are expected to have similarly shaped maps. One way of
categorizing compressors is comparing polytropic efficiency and average stage
loading. The last is a measure for how much enthalpy increase is demanded
per compressor stage, and is defined by the following dimensionless expression
[116, Chapter 5]:
M eanStageLoading =

∆h
u2mean N rstages

(2.3)

For combat aircraft engines, for example, weight and cost consideration
dominate in the design [81], and the amount of compressor stages is limited,
resulting in higher stage loading. For industrial engines, efficiency considerations dominate, leading to modest stage loadings.
COMP (5)

COMP (3)

Figure 2.1: Relation between average stage pitch loading and polytropic efficiency
for axial compressors [116, Chapter 5]

To gain a thorough understanding of engine off-design behavior, it is
desirable to study the aforementioned effects separately. The remainder of
this section discusses the various ways in which off-design behavior is reflected
in component maps. Collection of selected measurements is an aid in this
study: by selecting measurements at operating points which differ only in one
operating boundary condition, the effect of that operating condition on engine
performance can be studied.
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Modeling the influence of ambient pressure with compressor maps
Variations in ambient pressure influence the compressor through a change in
the density of inlet air. Volumetric flow rate or swallowing capacity remains
approximately constant while mass flow and pressure ratio change. In a
compressor map, ambient pressure variation results in a shift of the operating
point along a constant corrected speed line(Fig. 2.2), because corrected speed
depends only on ambient temperature (Eq. 2.2). This is why the local slope of
the speed line near the CRP determines how the model predicts the effect of
changing ambient pressures.
To estimate what the local slope of the constant lines should be in the
compressor map, the CRP should be compared to one or more full load
operating points with the same ambient temperature and with different ambient
pressure. The pressures and temperatures measured for these operating points
are then used to calculate the change in pressure ratio, corrected mass flow, and
efficiency caused by the change in ambient pressure. This gives an indication
of how the compressor map should look like locally.

Nc = const.

Figure 2.2: Effect of higher ambient pressure on compressor operating point. The
direction of the arrow is determined by characteristics of surrounding components

However, sensor noise might be large compared to the changes in corrected
mass flow and pressure ratio that are to be registered in the measurements.
It is therefore better to collect more than two operating points. If more than
two operating points are available, regression can be used to estimate the local
slope of the line of constant corrected speed.
Accurate modeling of the influence of ambient temperature: quantitative
method of compressor map speed line relabeling
To study the effect of ambient conditions separately from the effect of part load
operation, measurements should be acquired at operating points where VIGV’s
are fully open. The first off-design feature to be modeled is the behavior of
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the compressor. Here, the approach is to not only use the map of a similar
compressor and scale it to the design point of the current compressor, but
also to adjust the map by relabeling the speed lines [55], if necessary. This is
described below.
After maps have been chosen for the turbo-machinery, in accordance with
the type of engine that needs to be modeled (similar pressure ratio’s, design
point stage loading and efficiency), an off-design operating point should be
considered and the position of the CRP in the maps should be adapted in
such a way that the off-design simulation optimally fits the measurements of
that particular operating point [55]. As temperature is the most influential
of ambient conditions, it is a good start to attempt modeling the effect of
temperature on engine performance, and, more specifically, on the compressor.
Although compressors with similar pressure ratio and efficiency exhibit
similar behavior in many aspects, there is still some variation in certain
characteristics, and, in case of industrial engines running at constant rotational
speed, the focus should be on the local characteristics in a small area of the
map (i.e., around the CRP):
• the local slope of the constant corrected speed lines,
• the distance to the next upper and lower constant Nc lines,
• and the efficiency contours.
It is important to note that the operating point of a compressor is
dictated by the components surrounding it [116, Chapter 6 & 7] (and by inlet
conditions). This means that the direction of departure from design point
(arrow in Fig. 2.3a) is not determined by the map of the compressor itself.
What the map determines, is how much the operating point moves in this
direction and how this influences the efficiency.
Fig. 2.3a and 2.3b illustrate how the positioning of the CRP in the map
influences the efficiency in part load. The direction of departure from the CRP
is fixed, as explained above. If the position of the CRP in this specific map
is chosen as in Fig. 2.3a, the efficiency rises in the direction of the operating
line. If chosen as in Fig. 2.3b, it drops. The conclusion is that the position of
the CRP in the map should be chosen in such a way that the effect of ambient
temperature on compressor efficiency, as predicted by the map, is in accordance
with the measurements.
Generally, when a map of a similar compressor is used to simulate the
behavior of an unknown compressor, the change in mass flow as a result of
a change in ambient temperature predicted by this map shall not match the
measured change in mass flow. In a compressor map, a change in compressor
inlet temperature, causes a change in corrected speed (Eq. 2.2). If the direction
of departure from CRP in the map of the compressor is fixed by the behavior
of the surrounding components, then the amount of change in corrected mass
flow is determined by the map of the compressor, and, more specifically, by
the distance between the lines of constant corrected speed (Fig. 2.4). The
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Nc = const
PR

PR

η = const

η = const

Wc

Wc

(a) causing efficiency decrease

(b) causing efficiency increase

Figure 2.3: The effect of a shift in operating point with different CRP positioning
in the map

following is a description of how the compressor map can be adjusted in such
a way as to make correct predictions of changes in inlet mass flow caused by
ambient temperature variations.
PR

Adjacent
speed lines

Wc

Figure 2.4: Effect of higher ambient temperature on compressor operating point

Firstly, a simulation is done using the original map chosen from a publicly
available library. The resulting change in compressor inlet mass flow due to
higher ambient temperature will then most likely be different from what is
measured or calculated from measurements. Generally, as a result of the higher
ambient temperatures, the operating point moves towards a lower speed line
(see Fig. 2.4 and Eq. 2.2): by relabeling the adjacent speed lines, the change in
corrected mass flow ∆W c, per degree of ambient temperature change ∆T amb,
can be adjusted. The new labels for the adjacent speed lines (N cnew ) are
calculated as follows:
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∆N cnew
∆N corig.
=
∆W cmeas.
∆W corig.
⇒ N cnew = N cCRP +

∆W cmeas.
(N corig. − N cCRP )
∆W corig.

i

2.3

(2.4)
(2.5)

Here,N corig is the Nc-lable in the original map, ∆N corig. and ∆W cmeas.
are respectively the changes in corrected mass flow as predicted by the original
map, and as measured, and N cCRP is the Nc-lable of the CRP in the original
map.
Modeling the influence of VIGV modulation
Part load operation of most industrial gas turbines is generally achieved by a
combination reducing fuel flow and closing variable inlet guide vanes. From the
view point of dynamics, fuel flow causes the fastest response in shaft power.
When quick responses are required, such as in case of primary frequency control
[115], where the plant is required to react to a grid frequency drop or rise, fuel
flow may be used as a first response.
Closing of the VIGVs generally causes a reduction of mass flow (and
efficiency) in the compressor. Turbine inlet temperatures are scheduled as a
function of the VIGV angle, and fuel flow is adjusted so that the turbine inlet
temperatures calculated from measurements follow the appropriate schedule.
The effect of closing the VIGV on compressor performance is implemented
in GSP by the use of map modifiers as described in reference [56]. This method
provides first order accuracy: the change in mass flow is a linear function of
the change in IGV angle, and the change in efficiency is a quadratic function of
it. In reality however, the effect of changing compressor geometry is not just a
scaling of performance, as reflected in the scaling of the map, but a fundamental
modification of characteristics, which could be described in a performance map
as rotation, and/or other shape modifications. These second order effects are
not taken into account.
The role of turbine maps in off-design modeling
With regard to off-design behavior of the turbines, an important aspect is
whether they are choked in the CRP or not. Choking is the phenomenon
that, when the pressure ratio over a flow-restriction (such as a turbine or a
simple hole) is increased, mass flow increases until sonic speed is reached at
the narrowest cross section [91]. After this, mass flow does not increase, even
if pressure ratio is increased.
Choking of a turbine affects the engine in such a way that the range of
operation of up-stream components is restricted. Through the use of isentropic
relations, the critical pressure ratio for a typical gas turbine is estimated to be
1.853 [91, Appendix A]. In case of a multi-stage turbine where only in- and
outlet pressure are measured, one can still assess whether the turbine should
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be choked at a certain location by calculating the average pressure ratio per
stage. If the average pressure ratio per stage is equal to, or higher than the
critical stage pressure ratio, then it is reasonableto assume that the turbine is
choked at a certain point.
The average stage pressure ratio hP Rstage i of a turbine with Nr stages can
be calculated from the overall pressure ratio P Rturbine in the following way:
P Rturbine =

Y

P Rstage = hP Rstage i

Nr

1/N r

⇒ hP Rstage i = P Rturbine

2.4

(2.6)
(2.7)

Case study, the Alstom GT26 engine

In this section, the modeling of a modern Alstom gas turbine is described:
the GT26, which has been installed in Lelystad, The Netherlands, as part
of a combined cycle plant. The history of this particular engine starts with
the introduction of the reheat cycle in 1948 [19], a modification to the Brayton
cycle, applying heat addition in two steps. Between 1995-1997, ABB introduced
the GT26, a single-shaft configuration with reheat, with low emissions, high
efficiency, and extra operational flexibility [57].
This section describes how specific engine features are taken into account
in the performance modeling of the GT-26. Then, the cycle reference point
(CRP) is modeled, applying sensitivity analysis to identify important model
uncertainties. After this, a critical model parameter is estimated for the CRP.
Finally, the methods described in section 2.3 are used to model the off-design
engine behavior. Results are presented in section 2.5.

2.4.1

Modeling of specific features of engine configuration

In this particular gas turbine (Fig. 2.5), the concept of sequential combustion,
has been exploited to yield relatively high thermodynamic efficiencies for given
turbine inlet temperatures [32]. Furthermore, compressor bleed air is cooled in
large heat exchangers, while heat integration is applied by adding the extracted
heat to the steam cycle, enhancing plant efficiency. These, and other features,
such as fuel supply at elevated temperature and pressure, are taken into account
in the performance modeling strategy.
The software environment used for the simulations is GSP, which has been
developed by the Dutch aero-space laboratory, NLR, in cooperation with the
Delft University of Technology. This package is component based and objectoriented [111], which means that the user can create customized model topology
by connecting standard components, such as compressor, combustor, turbine
and many auxiliary components such as ducts. The ability to create custom
topology is the main reason why GSPwell suited for modeling the specific
features of the GT26. GSP has been used in various studies, successfully
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EV = Environmental
SEV= Sequential Environmental

i

SEV Fuel Lance

Annular EV combustor

SEV Annular
Combustor

EV burner

LP Turbine

Compressor
HP Turbine

Figure 2.5: Overview of the GT26 engine layout [32]

simulating various gas turbines [112, 113]. However, the specific configuration
of the GT26 with its large bleed air coolers and sequential combustion are quite
new with respect to the use of GSP. The challenge is to accurately model the
effect of the already mentioned specific features on engine performance.
The following describes how the engine specific features and cooling flow
scheme as shown in Fig. 2.6 are taken into account in the model topology
(Fig. 2.7). For clarity, components in the GSP model topology (Fig.2.7) are
referred to with the appropriate number as displayed in this figure.

GT 26
Cooling Flows

SEV & LPT

LP OTC

SEV
lance

HP OTC
HPT stator
& rotor
Bleed 3
64 %
COMP

Bleed 1
3%

Bleed 4
24 %
EV

HPT

L PT

SEV

Bleed 2
9%
LPT stator

LPT rotor

Figure 2.6: Scheme of the GT26 Cooling system (mass flows as percentage of total
cooling mass flow)

The inlet component (1) of the model represents a pressure drop mainly due
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Figure 2.7: Topology of the proposed GT26 model in GSP

to air filtering and duct bending. The first two compressor bleed flows, bleed 1
and 2 in Fig. 2.6, are specified within compressor (3) and not explicitly shown
in the model topology. In GSP, bleed flows can be extracted from compressor
and duct components.
A number (i.d.) is assigned to each bleed flow, after which this number can
be used to assign the bleed to a specific cooling task. For example, bleed 2
is used for cooling the low pressure turbine stator blades. This is accordingly
specified in the appropriate turbine (22) of the model.
The other two compressor bleed flows, bleed 3 and 4, are explicitly modeled
as being split-off from the main gas path (splitter (4) and (6)), because they
contain a substantial portion of the total air mass flow through the engine.
These flows are then cooled in heat exchangers (17) and (8). The cooling of
the high pressure turbine stator and rotor (Fig. 2.6) is modeled as a bleed from
duct (9) and the cooling the first stages of the low pressure turbine stator and
SEV liner is modeled as a bleed from duct (18).
Furthermore, it is apparent that the model contains two compressors (3 and
5), while the actual engine has one compressor. This is sensible because of the
large amounts of bleed air being extracted (bleed 3 and 4), and because the
temperatures, pressures, and mass flows at these bleed extraction points are
known from measurements, so that the two sections of the compressor can be
studied independently.
After bleed 3 has been cooled in heat exchanger (17), and bleeds are
extracted in duct (18), the remaining part the main gas path between HPT
and LPT through mixer (19). There is some uncertainty with respect to the
mass flow of this portion. This is addressed in section 2.4.2.
After the bleed extraction in duct (9), the remaining part of the air
cooled in heat exchanger (8) enters the main gas path through mixer (15).
This represents the cooling the SEV lance (Fig. 2.5), which is not actually
represented in the model.
Going back to the compressor outlet, after the last bleed is split off, the main
gas flow in the actual engine (Fig. 2.5) is guided around the EV burner and
combustor and used for liner cooling, after which it enters the EV combustor,
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whose geometry is designed to enhance mixing of air and fuel flows. The
pressure drop between compressor outlet and EV combustor can be estimated
from measurements and is modeled in the form of a duct(10).
After combustion and expansion through the high pressure turbine (13), the
gas enters another duct (14), representing a pressure drop due to swirlers [22]
and finally some more fuel is added and auto-ignited [10]; expansion follows in
the low pressure turbine (22).
In a combined cycle, after leaving the gas turbine, flue gases enter a
steam generator, introducing a significant pressure loss, and are released to
the ambient afterwards. The back pressure exhaust component (23) represents
a turbine outlet pressure that is higher than the ambient pressure, as a result
of this phenomenon.

2.4.2

Determination of the design point

Preliminary calculations
The first step in this modeling process is to simulate a cycle reference point
(CRP) and thus create a base case model, which should match a set of
measurements taken at a steady state operating point. It should be noted
that all measurements taken from the machine are automatically stored in a
data system. For the CRP, measurements are collected at a base load operating
point, while ambient conditions are as close as possible to contracted reference
conditions (10 ◦ C, 1.01325 bar, 88% relative humidity). Because the machine
is in commercial operation (dispatch) under varying ambient conditions and
load settings, it takes some effort to find a suitable time period. The signals
are time averaged over a period of 30 minutes, while ambient temperature and
VIGV angle are constant.
An alternative approach would be to use parameter corrections as described
in Kurzke [52], Volponi [114], to adjust the measured performance to standard
conditions using dimensional analysis combined with OEM supplied correction
curves: empirical curves describing the machine performance under varying
ambient conditions and load settings. Unfortunately, the correction curves
supplied by the OEM for the current project are applicable to the CCGT as
a whole, not to the gas turbine in stand-alone, as would be necessary for this
purpose.
All air entering the engine is assumed to come out through the exhaust.
All gases are treated as ideal. The lowest Reynolds number in the engine at
the rated base load operating point has been estimated to be around Re =
30000. Base load is therefore a good choice for the CRP, as Reynolds number
effects (cased by low Reynolds number flows) can be neglected [55], . To
estimate flow velocities and Reynolds numbers, compressor inlet dimensions
have been measured and all other dimensions scaled, based on a drawing of the
machine. Inlet and cooling mass flows are available from an OEM interface.
To confirm the mass flow calculation from the OEM interface, a separate inlet
mass calculation is performed, based on chemical mass balance, as described
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in Appendix A.1.
To specify the CRP or design point in GSP, measurement data have to be
transformed into suitable performance parameters, e.g. at compressor inlet and
outlet, static pressure and total temperature are measured while in GSP, the
compressor ratio of total pressures and the efficiency should be specified. The
calculation of total pressure ratios and efficiencies from measurements is done
based on isentropic relations and taking into account the influence of inlet
air humidity on specific heat capacity, gas constant and isentropic exponent
[116, Chapter 3]. Mass flows at the locations of static pressure measurements
are known and cross sectional areas are estimated as described above. The
accuracy of the total pressure calculation is lowest where the flow velocities
are largest, namely at compressor inlet and LPT outlet. As a result of an
inaccuracy of 5% for the annulus estimation, the accuracy of total pressure
calculation at above mentioned locations is 0.5%. Additionally, uncertainty
in the total pressure of combustion chambers is caused by uncertainty in the
thermodynamic mean temperature at that cross section, but, as flow velocities
are much lower there than at compressor inlet, dynamic head is not very large.
All calculations have been accordingly implemented in a spread sheet. This
spread sheet also contains direct links to the database of measurements, so
that when a time point is specified in the sheet, all relevant measurements are
acquired from the database and automatically converted into input parameters
for the performance model. The mathematical background of GSP component
models is described in [69, 71]. Within certain component models, userspecified choices have been made. All pressure drops in inlet, ducts, combustors
and internal coolers are specified based on pressure measurements, except for
SEV combustor pressure drop which was estimated based on Eroglu et al. [22].
For clarity, the following should be noted. When modeling cooled turbines,
the definition of turbine efficiency should be clearly stated. This becomes
very important when comparing measurements to modeling results. There are
globally two ways to define cooled turbine efficiency [54], depending on whether
the details of the expansion process should or should not be taken into account.
This results in the equivalent stage efficiency or thermodynamic efficiency
respectively. In the current case, the first definition is used for both LPT
and HPT, because phenomena occurring at inter-stage level are not measured.
Sensitivity analysis, characterization of uncertainties and parameter estimation
There are model parameters that cannot be directly acquired from the available
measurements and therefore need to be estimated. As a first approach, values
for these uncertain parameters (based on an educated guess) are implemented
in the model, after which simulations are performed to assess the model
conceptually (i.e., to inspect the qualitative behavior). After this, a sensitivity
analysis is done on the model by varying the uncertain parameters within
reasonable bounds (half of the span between upper and lower bound) and
comparing the influence of the respective perturbations on an important model
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output: shaft power.
Table 2.1: Sensitivity of design point shaft power to perturbations in uncertain model
parameters

Parameter
1. Fraction of LP cooling air used for LPT
2. LPT stator cooling pressure fraction
3. SEV combustor pressure drop

∆ Shaft Power/%
-0.047
0.889
0.001

Table2.1 shows a comparison of the sensitivity of simulated power output
to perturbations in the uncertain parameters; note that the meaning of the
first mentioned parameter is as follows (Fig. 2.6): it can be seen that the air
leaving the LP cooler is split into two streams; one is mixed into the main
gas path between LPT and HPT, the other is used as LPT blade cooling; the
ratio between those two mass flows is not known. The second represents a
quantification of the location at which stator cooling flows enter the main gas
flow in the LPT, which determines their contribution to turbine power.
The results shown in Table 2.1 indicate that the most important model
uncertainty is parameter number 3. The gas turbine is operating in combined
cycle in single shaft configuration, so the power delivered to the shaft is
generally also contributed to by the steam turbines. In this situation, gas
turbine power output is not directly measured, and is calculated in an interface
from the manufacturer (OEM), based on a subtraction of the calculated
contributions of the steam turbines. Parameter 3 is chosen in such a way that
the shaft power calculated by the model matches the OEM-calculated values
for the design point. For the measurement set used, the best value is 0.678.

2.4.3

Off-design modeling strategy

Before the off-design modeling strategy is described, it is worthwhile to consider
the control strategy of the GT26 with regard to the distribution of fuel flow
between the two combustion chambers. Generally, fuel flow to gas turbine
combustion chambers is manipulated to yield set point values for the turbine
inlet temperature. This influences the cycle efficiency directly, as the mean
temperature of heat addition to the cycle, and thus the equivalent Carnot
efficiency are directly influenced [65, Chapter 5].
However, turbine inlet temperatures are limited by maximum allowable
thermal and structural loading of the turbine materials. Thus, cycle efficiency is
limited by this and, when fuel flow and TIT are reduced for part load operation,
cycle efficiency reduces accordingly.
In the special case of sequential in the GT26, part load is achieved by
reduction of TIT in the second combustion chamber only, while the TIT for
the first is kept constant. In this way, the deterioration of gas turbine efficiency
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towards part load is mitigated. At the same time, the compressor VIGVs are
closed.
The first objective of off-design modeling is to mimic measured operating
points. In this case, fuel flow to both combustion chambers is measured and
used as an input to the model. IGV angle and cooling flow distribution
are also measured, so that they can be supplied to the model. The most
important modeling issues are then finding appropriate maps for compressors
and turbines, scaling them, and modifying them, if necessary.
To characterize compressor (3) and (2), their stage loading was determined,
using measured data and estimated machine dimensions (Fig. 2.1). The
respective values were 0.32 and 0.23. The efficiencies of both were found to
be in the upper region (> 0.90). This was taken into consideration in the
choice of suitable compressor maps.
After this, the effects of ambient pressure, temperature and load setting
were studied separately by collecting suitable measurements. Firstly, measurements were collected to assess the (local) slope of the line of constant
corrected spool speed at the location of the CRP. Figure 2.8 shows the result of
a regression based on 5 measurement sets differing mainly in ambient pressure.
The corrected spool speed, corrected mass flow and pressure ratio of these
operating points were calculated, and a linear regression was performed to
calculate the most likely slope of the constant corrected speed line. The results
indicate that the speed line is not vertical at the position of the CRP. This was
taken into account in the choice of an appropriate compressor map and the
positioning of the CRP in this map.
Next, a full load operating point on a hot day was studied. The map used
for compressor (3) is a high pressure ratio compressor map taken from the map
collection of the GasTurb software package [53]. As described in section 2.3,
the position of the CRP in the map of compressor (3) was chosen in such a
way that the effects of the higher ambient temperature on compressor pressure
ratio and efficiency, as indicated by the measurements, are taken into account
(Fig. 2.4).
After an initial simulation using the original map, the constant corrected
speed lines were modified in order to achieve accurate modeling of mass flow
reduction due to higher ambient temperatures, using the method described in
Section 2.3.3
After this, the off-design behavior of compressor (5) was investigated, using
a part load operating point of the machine. According to these measurements,
corrected mass flow increases, pressure ratio decreases and efficiency increases,
while corrected speed decreases (Fig. 2.3a). The position of the CRP in
the map of compressor (5) has been chosen accordingly. The map used for
compressor (5) was created using the SmoothC software [53] in a project
involving another Alstom compressor with similar stage loading and polytropic
efficiency.
Finally, CRP positioning in the turbine maps was determined. The
measurements indicate that the average stage pressures ratio of the LPT are
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Figure 2.8: Contours of constant corrected speed lines calculated from regression
based on 5 measurements sets with variable ambient pressure

larger than the critical pressure ratio [91, Appendix A], so it is assumed to be
choked (in base load operation). This means that the position of the CRP in
the map is in the region of constant corrected mass flow. It is worth noting that
in cases where a turbine (the HPT) is followed by another, choked turbine, the
map of the former turbine is not very important, because its pressure ratio does
not change significantly [55]. This is the case for the HPT. The map of the LPT
however, is important because as corrected spool speed increases with lower fuel
flows and inlet temperatures in part load, LPT efficiency varies considerably
and shape of the map and position of CRP in the map are important.

2.5

Results and validation

In modeling the design point, most model outputs could be specified to exactly
match the measurements, namely compressor and turbine pressure ratios. The
results of matching the remaining outputs by parameter estimation are shown
in Table 2.2.
The measurement accuracy of the sensors installed on the machine is in
the range of 0.05 0.2%. The convergence depth of design point simulation is
chosen in such a way that differences between measurements and calibrated
model outputs are all within this range, so that the design point model is as
accurate as possible, given these circumstances.
In the calibration of the model for off-design simulations, the effects of
ambient conditions and load setting are separated as much as possible. The
following model parameters are adjusted to match the model to measurements
with ambient temperature variation: cooling air bleed and splitter fractions,
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Table 2.2: Comparison of measurements and simulation in design point (measurement accuracy 0.05 − 0.2%
Cycle Reference Point

Measured /Calculated

GSP

Difference /%

Shaft Power /MW
COMP (3) TTout /K
COMP (5) TTout /K
TAT1 /K
TAT2 /K

278.8
725.2
821.7
1293
889.8

278.9
724.9
821.5
1293
890.0

0.03
-0.029
-0.023
0.00
0.017

Table 2.3: Comparison of measurements and simulation at full load on a hot day
Full load, ambient T 27 ◦ C
Shaft Power /MW
M[in] /(kg/s)
COMP (3) PR
COMP (3) Efficiency
COMP (5) PR
COMP (5) Efficiency
TAT1 /K
LPT PR
TAT2 /K

Measured /Calculated

GSP

Difference /%

250.7
591.6
20.71
0.884
1.510
0.914
1298
15.20
901.8

250.0
593.3
20.72
0.888
1.516
0.911
1303
15.24
898.4

-0.30
0.30
0.04
0.376
0.432
-0.259
0.36
0.258
-0.372

natural gas composition and mass flow, inter cooler water supply mass flow,
inlet pressure drop and the outlet pressure of the gas turbine. Tables 2.3 and
2.4 show the results of base load simulation of a hot and cold day respectively,
comparing model outputs to measurements. On the cold day, the anti-icing
system was in operation, warming up the inlet air to prevent ice formation on
compressor inlet blades, so that the resulting inlet temperature was higher than
ambient temperature. This was taken into account in the model by setting the
ambient temperature in the model equal to the mean temperature measured
at compressor inlet and setting the humidity mass fraction as measured. The
compressor inlet temperature measurement is relatively course , because of the
intensity of the turbulence and lack of flow uniformity at this location. The
result is that the actual thermodynamic mean temperature at compressor inlet
is less certain than otherwise, resulting in a larger deviation of compressor (3)
efficiency in this case.
After maps were chosen and tuned for all components, part load simulations
were done. In this case it is possible that combustion efficiencies decrease, but
unburnt hydrocarbon measurements at gas turbine outlet indicate a very high
combustion efficiency of the SEV combustor. No conclusions can be drawn for
the efficiency of the first combustor based on these measurements. The result
of part load simulation at (close to) normal ambient conditions is shown in
Table 2.5. The largest deviation from measured values is in the LPT pressure
ratio, which can partially be ascribed to the lack of knowledge regarding the
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Table 2.4: Comparison of measurements and simulation at full load on a cold day
Full load, ambient T
-4 ◦ C, with anti-icing

Measured /Calculated

GSP

Difference /%

Shaft Power /MW
M[in] /(kg/s)
COMP (3) PR
COMP (3) Efficiency
COMP (5) PR
COMP (5) Efficiency
TAT1 /K
LPT PR
TAT2 /K

285.50
633.40
21.96
0.85
1.551
0.910
1293.8
16.23
889.3

287.87
639.52
22.17
0.861
1.559
0.907
1302.05
16.212
880.9

0.83
0.97
0.93
1.92
0.500
-0.3849
0.64
-0.10
-0.95

Table 2.5: Comparison of measurements and simulation at part load, close to design
point ambient conditions
Part load, ambient T
10 ◦ C, VIGV angle
21◦

Measured /Calculated

GSP

Difference /%

Shaft power /MW
M[in] /(kg/s)
COMP (3) PR
COMP(3) Efficiency
COMP (5) PR
COMP (5) Efficiency
TAT1 /K
LPT PR
TAT2 /K

219.5
503.2
17.62
0.852
1.590
0.888
1283
13.48
913.7

217.5
504.4
17.73
0.861
1.587
0.894
1287
13.24
911.1

-0.90
0.24
0.65
1.001
-0.164
0.687
0.32
-1.777
-0.280

distribution of HPT and LPT cooling flows in off-design conditions. Cooling
flows influence turbine rotor inlet temperatures and mass flows and thus overall
behavior and pressure ratios.
Compressor 1 efficiency and inlet mass flow show large deviations. Modeling
the effect of VIGV modulation with map modifiers, as done in the current
case, can be inaccurate, because in reality, the map is not only scaled, but the
entire shape of the map changes as a consequence of IGV modulation. The
inaccuracies become even larger going downstream, namely the LPT pressure
ratio. This is the result of the combined uncertainty in turbine maps and
off-design efficiencies.

2.6

Conclusions and recommendations

The current chapter demonstrates how operators of large industrial gas
turbines can create performance models by using in-situ measurements and
publicly available information to enhance their knowledge of the machinery.
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A design point model was created and calibrated to match measurements
and the accuracy of the resulting design point model is within the range of
accuracy of available field measurements. Off-design performance was modeled
using known methods, including tuning and/or scaling of publicly available
component maps. Trends in off-design component behavior are shown to be
modeled correctly.
For further development and application of the model, the following is
recommended:
Enhancement of part load simulation To enhance the predicting
capability of the model and achieve higher accuracy in part load simulations,
the effect of VIGV modulation on compressor performance should be further
studied. The map modifiers have been estimated based on one operating point,
but this procedure can be improved using a large number of measurements and
minimizing the sum of squared errors of the model, or some other optimization
technique.
Uncertainty quantification The unknown model parameters described
in Table 2.1, combined with the uncertainty in component maps should be
dealt with in an integral framework of uncertainty quantification and model
calibration. Chapter 4 described such a framework and demonstrates the
application to gas turbine modeling.
Application to assessment of fuel cost function To calculate fuel
costs under varying ambient conditions and load settings, power plant operators
use correction curves provided by the OEM. These correction curves provide
separate relations of plant performance parameters as a function of the
operational boundary conditions (ambient conditions and load setting among
others). The fuel cost function is shown to be very important in optimizing the
merits from economical load dispatch [20]. The combined effect of the various
operational boundary conditions is often estimated using a linear superposition
of the separate effects as given by the correction curves. The performance model
can be used to assess the validity of this method. The enhancement of the fuel
cost function is discussed in chapter 4.
Engine diagnostics Furthermore, due to the inevitable degradation
of turbo-machinery components, it is possible that on the long run, the
behavior of the machine deviates from what is predicted by the original
correction curves. The performance model can be used to periodically estimate
plant characteristics and thus maintain high accuracy in prediction of plant
performance. The diagnostic tool available in the GSP software package [112]
should be used in assessing component degradation, while the influence of major
overhauls can be inferred from comparison of machine performance immediately
before and after the overhaul.
Plant efficiency improvement Additionally, to assess possibilities for
(part load) efficiency improvement, the current model can be integrated with
a steady state steam cycle model, so that the interaction between gas turbine
and steam cycle can be studied. This is dealt with in chapter 5.
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Part load operation of steam
cycles: second-law analysis
and component interaction
3.1

Introduction

Since the first gas turbine combined cycle was installed in 1949, the technological development has come a long way. As illustrated by Balling et al. [3],
several modifications of process equipment and topology have been introduced,
resulting in a steady increase of plant efficiency throughout the years. These
process enhancements range from better materials and cooling techniques,
resulting in higher (gas) turbine inlet temperatures, to triple-pressure Rankine
cycles for optimal use of gas turbine exhaust heat.
The thermodynamic modeling of plants and plant components has always
played a central role in the development of new design and operational concepts.
Component based computer simulations are used to solve mass and energy
balance equations, thus providing the modeler with a tool to assess the
possibilities of process improvement. Gas turbine performance models, as
presented in Ch. 2, are a special case of components based thermodynamic
modeling, focusing on the behavior of turbo-machinery, and applying dedicated
component maps. The current chapter addresses the modeling of the steam side
of combined cycles.
Thermodynamic modeling is applied in various stages of the life cycle of a
plant, and the strategy and complexity of the modeling depends on its purpose.
In the past, an electricity producing company would often assemble a power
plant with components from various manufacturers, depending on economic
considerations. Presently though, the electricity producers often acquire
turn-key projects, where the matching and assembling of components is left
33
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completely to the turn-key supplier, who is not necessarily the manufacturer of
all parts. The main focus of thermodynamic modeling by electricity producers
has therefore shifted away from design point modeling to the characterization
of operational behavior of the plant and its components.
With the growing demand for flexibility of gas turbine combined cycles in
energy markets (Ch. 1), there is an increase in the importance of part load
operation. The original equipment manufacturers (OEM) have attempted to
anticipate this by introducing several novel aspects into their gas turbine and
overall plant designs [32, 41, 109, 118]. However, the majority of existing plants
was not entirely designed and built for what is now demanded by the market.
Accordingly, the importance of part load efficiency is becoming a major issue,
as load factors (averaged power output as a fraction of base load power) keep
decreasing.
Thermodynamic models can be applied to assess the possibilities for
efficiency improvement in part load. The second law of thermodynamics
[65, Chapter 5] describes how real thermodynamic cycles deviate from ideal
ones, and second-law or exergy analysis is therefore a useful tool in efficiency
improvement studies, revealing the underlying causes of thermodynamic losses.
Exergy analysis has been widely applied in the analysis of conventional
thermal power plants over the years, as is illustrated by Kaushik et al. [44].
Exergy analysis is mostly done by supplementing steady state flow sheet
software with the calculation of exergy values of material streams [36]. The
focus can be on thermodynamic evaluation [13, 89, 121], improvement and
optimization [24, 49, 122], or operational analysis [77, 80, Chapter 3]. Some
studies are focused on the subsystems: the gas turbine [94] and the bottoming
cycle [14]. Zargarzadeh et al. [125] apply response surface methods, reducing
the computational cost of simulation and enabling on-line exergy analysis.
Tsatsaronis [103] proposes a method in which conventional exergy analysis
is supplemented by splitting the exergy destruction of system components
into avoidable and unavoidable losses, and into endogenous and exogenous
losses, with the purpose of identifying component interaction and the true
improvement potential.
However, to the best of the authors knowledge, a holistic method for second
law analysis of existing combined cycle power plants in operation has not been
presented in publicly available literature. The present chapter demonstrates
such an analysis, revealing component interactions with regard to irreversibility,
and applying the method to a recently built power plant in Lelystad, The
Netherlands, leading to a clear exhibit of system component interactions, and
an exploration of the operational parameter space.
In the next section, design point and off-design simulation of steam cycles
is discussed, after which the exergy analysis method is presented within
the context of operational analysis of existing plants, focusing on part load
efficiency. The method is then applied to an existing power plant. After this,
the models are validated and results are presented, and finally, conclusions and
recommendations are shown.

i

i
i

i

i

i
“thesis” — 2014/10/2 — 9:32 — page 35 — #51

i

3.2

3.2
3.2.1

i

METHOD

35

Method
Aspects of design point and off-design modeling

As is the case with gas turbine performance modeling (Ch. 2), thermodynamic
modeling of steam cycles can be categorized into design point and off-design
modeling. While the former deals with the sizing and matching of equipments,
the latter focuses on the interaction between components and their behavior
under various circumstances.
This chapter focuses on the steam side of gas turbine combined cycles,
taking into account relevant operational constraints. Here, the gas turbine
is modeled through simplified input-output relations from look-up tables,
provided in the software environment. All parameters that determine the
interaction between gas turbine and steam cycle are specified according to
actual plant operation instructions. The resulting flow sheet model calculates
thermodynamic data (mass flows, temperatures, pressures, enthalpies, and
entropies) for relevant streams in the process under varying load settings and
ambient conditions.
Focusing on off-design modeling, a distinction can be made between natural
or open-loop behavior of the process on one hand, and behavior under process
control on the other. The former describes how plant components would
behave, if there were no interference from control actuators, such as valves and
pumps. Kehlhofer et al. [45] provides an overview of the various components
in combined cycle plants, also describing how these components are usually
operated and modeled. Per example, steam turbine off-design pressure ratio
depends on the amount of steam flowing through it, which is again determined
by the amount of steam produced in the boiler, and thus by the heat transferred
from the gas turbine exhaust gases to the heat recovery steam generator.
Another example is the back pressure of the low pressure steam turbine,
which is almost equal to the condenser pressure, and is influenced by the
temperature and the amount of cooling water flowing through the condenser.
The steady state thermodynamic modeling software Thermoflex is used for
cycle calculations across a wide range of conditions. All relevant equations
describing component behavior are included in the software package.
Two important relations can be mentioned [101]: the influence of exhaust
flow losses in especially low pressure steam turbines is modeled through an
exhaust loss table, for which the design point dry exhaust loss should be
specified. The influence of moisture in the exhaust of low pressure steam
turbines is modeled through the following relation:
ζ = ζdry − β · (1 − xM , )

(3.1)

where β is the Buamann coefficient, ζ is the isentropic efficiency of the
turbine, and xM is the mean steam quality over the turbine.
The modeling of the plant control system imitates how actuators react
to changes in operating conditions, mainly ambient conditions and load
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settings. Process control is an important means by which operational efficiency
improvement can be achieved. In order to assess the possibility of achieving
part load efficiency through modeling, the main functions of process control
must be understood (in order of importance):
• Reference tracking: producing an externally demanded output quantity
(power output)
• Disturbance rejection: counteracting the influence of external factors
influencing the demanded output quantity
• Reliability: the safe-guarding of equipment integrity through limitations
of especially material temperatures and pressures
• Efficiency: achievement of the above with minimal fuel costs
All of the above is secondary to uncompromisingly guarding the safety of
personnel and others. This results in several operational limitations, which
may coincide with the restrictions related to reliability.
Examples of control actions are water injection at superheater outlet
to control steam turbine inlet temperatures (and thus metal temperatures),
cooling water pump flow rate regulation to control condenser pressure, and
pre-heating of gas turbine inlet air to prevent ice formation on compressor
blades during cold and humid weather conditions.
A power plant is supplied to an electricity producing company with
instructions for operators, taking into account the necessary operational
strategies and controls. Despite these strict regulations, some degrees of
freedom remain in the operation of the plant within the boundaries specified
by the OEM. Examples of this are: use of the anti-icing system under whether
conditions where it is not necessary, quelling of steam turbine inlet valves, and
cooling water recirculation.
Operating outside these boundaries can compromise the durability of
components, but the additional maintenance required may in some cases
be outweighed by the merit of these operational measures. To assess the
possibilities of process improvement, the free operational parameters are to
be identified and their influence on system performance modeled in detail. A
useful tool for this is exergy analysis, which is described in the next section.

3.2.2

Exergy analysis strategy

Conventional exergy analysis
After thermodynamic data have been calculated for all fluid flows in a
process, second-law analysis can enhance the understanding of the process
by quantifying the exergy of the various flows through the system, and the
irreversibilities of various components. The TUDelft in house software package
Cycle-Tempo is capable of performing these calculations automatically, and is
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therefore used in the current study. This package has been used in various
studies, such as Ataei and Yoo [2], Putten [77], Toonssen [102], Woudstra
[120], Woudstra et al. [121]. For the current study, stream data of the steam
cycle, which have been calculated in Thermoflex (see previous section), are
used to define the process in Cycle-Tempo, after which a second law analysis
can be performed automatically.
Moran and Shapiro [65, Chapter 7] defines the exergy of matter as the
maximum theoretical amount of work that can be extracted from this matter
until it is in thermodynamic equilibrium with its environment. For clarity, it
should be noted that there is a distinction between thermo-mechanical and
chemical exergy, depending on how the equilibrium with the environment is
defined: the first denotes that the temperature and pressure of the system
are equal to the environmental temperature (T0 ) and pressure (p0 ), without
considering chemical reactions.
The chemical exergy in hydrocarbon combustion processes is defined as the
maximum theoretical amount of work that can be extracted from a system
which is initially at T0 and p0 , until it is in chemical equilibrium with the
environment. This means that all fuel is oxidized, and the combustion products
water and carbon dioxide are at the same partial pressure as in the environment
[65, Chapter 13].
Specific exergy of stream i is calculated by [121]:
ei = hi − h0 − T0 (si − s0 ),

(3.2)

where hi and si are specific enthalpy and entropy, while h0 , T0 and s0 refer
to the thermodynamic reference state.
When stream exergy values have been calculated, the exergy destruction
rates ED of process components, based on a control volume approach [13], can
be determined by:
X
X
ĖD =
ṁi ei −
ṁk ek + ĖQ − ĖW ,
(3.3)
i

k

where the index i represents in-coming streams, k represents out-going
streams, EQ and EW are the exergetic values of heat transferred through the
walls of the control volume and of power transferred from the control volume.
The next step is identifying the major contributors to irreversibility
(i.e., the components with highest exergy destruction rates). Any efficiency
improvement strategy should be mainly focused on one or more of these
components.
As part load operation is becoming increasingly important, it may be fruitful
to compare the distribution of exergy destruction rates among components
in base load and part load, aiming to identify causes of plant efficiency
degradation, which is apparent towards part load. The influence of the free
process parameters, as mentioned in the previous section, on the distribution
of exergy destruction rates of major components, can also be studied, to identify
possibilities for process improvement, especially in part load. As mentioned in
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the introduction, it is likely that there are indeed possibilities to improve the
part load efficiency, due to the fact that the main focus during plant design
was base load operation.
Gas turbine sub components are not considered in the exergy analysis,
because there are practically no operational degrees of freedom in this area of
the plant, and thus, little room for operational improvement. It is notable that
an earlier study of gas turbine components exergy losses [94] in full and part
load operation suggests that the largest losses are to be found in the combustion
chamber, and that the closing of variable inlet guide vanes towards part load
plays an important role in increasing the losses. To study the feasibility of
changes to gas turbine operating conditions (such as VIGV scheduling and
control of cooling flows) requires detailed knowledge of parts geometry, which
is typically not available to the engine user. The information gathered from an
exergy analysis of all the gas turbine sub components would thus not render
practically applicable results for the current study.

Assessment of component interactions by random variation of process
parameters
A strategy has been developed to study the interaction between system
components with respect to their exergy destruction rates. Firstly, the variable
process parameters and ambient conditions are varied randomly through the
use of a design of experiments method, such as Latin Hypercube Sampling
(LHS). These methods are aimed to create a set of samples, in which the
variable parameters are evenly but randomly distributed over the parameter
space [82].
Secondly, the thermodynamic model of the plant is run using the inputs
generated by LHS. While these inputs are randomly distributed, the relevant
operational constraints are taken into account within the process model, which
ensures a realistic exploration of the operational parameter space.
The process outputs are calculated and registered for each sample case that
is run, while at the same time, the exergy destruction rate of major components
is calculated for each case. The distribution of component irreversibilities as a
result of randomly varying inputs tells us something about the system that is
being studied. The final goal is to identify causal relationships between system
components. If these relationships are not present, the resulting component
exergy destruction rates should be randomly distributed with respect to each
other. On the other hand, if there are causal relations present, clear correlations
should be apparent from the results.
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Case study: the KA-26-1 steam cycle model
Plant-specific features

The following section is an application of the previously presented methodology
to the KA-26-1 gas turbine combined cycle plant, which has been supplied by
Alstom. Sequential combustion is applied in the gas turbine to mitigate the
degradation of efficiency towards part load and to enable low N Ox emissions
throughout the operating regime [32]. As stated in chapter 1, electricity
producer GDF SUEZ has contracted Alstom to built this plant as a ”turn-key”
project in Lelystad, The Netherlands. It has been in commercial operation
since September 2010.
A thermodynamic model of the plant is created in Thermoflex and the plant
configuration can be seen in Fig. 3.1. The following assumptions are made for
the model: the so-called gland steam bleeds used for sealing off steam turbines
are neglected, as well as the heat loss to the environment. The GT26 gas
turbine, which is part of the unit, is available in Thermoflex as a data-defined
component [101]: ambient conditions and load settings are supplied by the
user, after which exhaust gas thermodynamic data, gas turbine shaft power
and fuel consumption are calculated from performance tables supplied by the
manufacturer.
There are specific features of the steam cycle that should be mentioned.
Firstly, a certain amount of feed water is used to cool down gas turbine compressor bleed air. After the feed water has been evaporated and superheated,
the air is then used for cooling gas turbine blades, while the steam which
is generated from this is led back to the steam cycle, thus applying heat
integration for energy efficiency.
Secondly, there is a possibility for bypassing intermediate pressure steam
directly to the de-aerator, which can be applied for the following purpose:
the control system aims to keep the de-aerator pressure constant. For this,
the feed water preheater (upper right heat exchanger) extracts heat from the
exhaust gas flow, recirculating the water back to the de-aerator. Under certain
circumstances, the feed water preheater may not be able to extract enough heat
to maintain the pressure in the de-aerator. Additionally, to prevent that the
stack exhaust temperature drops below the condensing temperature of sulfuric
acids (leading to corrosion in the stack), intermediate pressure steam can be
bypassed directly to the de-aerator.

3.3.2

Unknown design and off-design model parameters

Because a model is by definition a simplified representation of reality, the
outputs predicted by a model are not exactly equal to those of the actual
process. In addition, when a model of a complex system is made to match
reality as close as possible, there are some model parameter which can not
be directly inferred from measurements. In this section, the unknown model
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Figure 3.1: Plant layout in Thermoflex (as built, and not equal to the drawing board configuration on heat balance contracts)
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parameters for the steam cycle model are characterized and the sensitivity of
the model outputs to these parameters is discussed.
The following model parameters are not directly measurable:
• LPST design point outlet enthalpy (steam quality unknown), and thus
thermal efficiency
• LPST Baumann coefficient, determining the influence of moisture on
efficiency (Eq. 3.1)
• LPST design point dry exhaust loss, determining the influence of exhaust
losses on efficiency
• Boilers minimum pinch point temperature differences
These parameters affect some important model outputs and should be
chosen in such a way as to match those outputs to measurements. Firstly,
total steam turbine shaft power is mostly sensitive to LPST design point outlet
enthalpy and Baumann coefficient. Secondly, LPST design point dry exhaust
loss influences the location of the minimum plant efficiency as a function of
cooling water temperature.
Stack outlet temperature is mostly sensitive to high pressure boiler minimum pinch point temperature difference and condensate sub cooling. The
boilers’ steam production rates are sensitive to minimum pinch point if limits
are reached (especially for HP boiler, and somewhat for IP boiler).
Systematic model calibration is presented in chapter 4. The present chapter
focuses on the analysis of trends relative to a reference case and not on absolute
values of model outputs, so a rigorous model calibration is not necessary.
However, the aforementioned model parameters are adjusted in such a way
as to reasonably match model outputs to measurements.
If the values of the LPST design point efficiency is assumed to be known,
the value of LPST design point dry exhaust loss can be determined precisely,
if correction curves of the plant are available (curves supplied by the OEM,
describing plant efficiency and power output as a function of ambient conditions
and load settings). The correction curve for the influence of cooling water
temperature on plant efficiency of the current plant shows a maximum at 12 ◦ C
for base load operation: this corresponds to a value of 90 kJ/kg for the LPST
design point dry exhaust loss, assuming that the LPST design point efficiency
is 92%.
An additional uncertainty is the amount of cooling water flowing through
the condenser. While the volume flow of water flowing through the cooling
water pumps is measured, an unknown fraction of this water is applied for
auxiliary equipment.
In addition to all the above, when a power plant is installed, the resulting
plant is typically not exactly equal to the drawing board plant. Piping can
be omitted or added, heat exchangers left out, and control strategies can be
adjusted. So, if process models are based on information from heat balance
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sheets, there is an extra amount of uncertainty due to the differences between
the drawing board and actual plant.

3.3.3

Component interaction in part load operation

Exergy analysis of base and part load operating points
To add understanding to the sources of thermodynamic losses in this specific
system, exergy analysis is done, displaying the exergy destruction rates of
the components of the steam cycle. To understand the influence of part load
operation on system efficiency, the exergy analysis is performed for base and
part load operating points.
Firstly, the steam cycle process model is rebuilt in Cycle-Tempo, where
stream mass flows and thermodynamic data are supplied from the Thermoflex
model. Then, the exergy destruction rates of all components are calculated,
and the major contributers to system irreversibility can be identified.
The calculation is performed for a base load and part load operating point,
because it is possible that components which do not play a significant role in
base load become important in part load. The attemperators are an example of
this: the heat recovery steam generator is often designed in such a way that the
amount of steam necessary for limiting the steam turbine inlet temperatures is
minimal at base load conditions, while the demand for water injection increases
towards part load and the attemperators become important contributors to the
thermodynamic losses.
Exergetic exploration of the operating parameter space
As the major components contributing to irreversibility are identified in full
and part load, the influence of various operating conditions can be explored
by studying their effect on the major contributors. Not only can the influence
of ambient conditions be studied, but also that of the operational degrees of
freedom in the system: parameters that might be used to tune the process
performance without compromising safety. Table 3.1 is a list of all ambient
conditions and free operational parameters.
To fully explore the operational parameter space of the plant, the Thermoflex software is coupled to Matlab [40], known for extensive data analysis
capability. This is done via the existing data links between Ms Excel and these
programs (Fig. 3.2).With the software platform, the distribution of exergy
losses among plant components can be calculated quickly across a wide range
of operating conditions and control settings.
Exergy destruction rates of the previously identified major contributors are
calculated in Matlab with Eq. 3.2 and 3.3, using mass flow and thermodynamic
state data calculated in Thermoflex. The temperature and pressure of the
reference state for exergy analysis, T0 and p0 , are set equal to the ambient
temperature and pressure of each particular simulation.
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Table 3.1: Ambient conditions and operational parameters for the steam cycle
Uncontrollable

Ambient temperature
Ambient Pressure
Ambient air humidity
Fuel LHV

Controllable parameters

IGV angle
Cooling water mass flow
Cold Reheat bleed mass flow
De-aerator set point pressure
HPS-ATT set point temperature
HPS-ATT set point temperature
HPST inlet valve pressure drop
IPST inlet valve pressure drop
LPST inlet valve pressure drop
Fraction of IP steam for anti icing
Fraction of cooling water not recirculated
Mass flow steam used for GT inlet air warming

In Section 3.2.2, the chemical exergy of a stream is defined; for the current
case, the chemical exergy of fuel streams is assumed equal to the LHV. The
chemical exergy of flue gas streams is considered zero (100 % combustion in the
gas turbine). The theoretical exergy contained in the flue gasses as a result of
the combustion products not being expanded to their partial pressures in the
environment is not considered, as this is not expected to affect the comparison
of exergy losses in base and part load.

3.4
3.4.1

Results and validation
Model validation

The steam cycle of the KA26-1 combined cycle plant has been modeled
with Thermoflex, as well as Cycle-Tempo, both steady state thermodynamic
software. The first is specialized in fully flexible calculations across a wide
range of operating conditions, while the second is specialized in second law
analysis. This section presents the results of these efforts.
To assess the validity of the models, firstly, important outputs are compared
to contracted heat balance data (Table 3.2), because initial models were based
on this. The table shows that the largest differences are between the steam mass
flows. These mass flows are a direct result of boiler pinch points specified in
the models. The values for these minimum pinch point temperature differences
have been gathered from specifications from the manufacturer, which may not
correspond to the exact conditions in the heat balance sheets. There is some
uncertainty in this information, because it is based on design specifications
that are averaged over a large fleet. Hence, some discrepancy can exist in the
calculated steam mass flows.
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Matlab

i

3.4

Data Analysis

MS Excel

Thermoflex

Process Model

Figure 3.2: Software platform for integrated modeling and data analysis

Before discussing the results of part load simulations, it should be noted that
in Thermoflex, off-design simulations were performed, calculating components’
behavior according to characteristics described in Section 3.2.1, while in CycleTempo, the part load operating point was specified according to stream data
from the Thermoflex model, combined with data from the heat balance sheet.
This has mitigated the necessity for off-design calculations in Cycle-Tempo.
Table 3.3 shows a comparison of model outputs with heat balance sheets
for a part load operating point, where the models were based on the plant
configuration and control strategy specified in the heat balance sheets. The
last three quantities are steam and water flows used to control the process. The
cold reheat steam is used to maintain the pressure in the de-aerator constant
when heat is demanded to keep the stack outlet temperature constant at 75 ◦ C.
Looking at the results of the part load simulations, the percentile differences
in cold reheat bleed flows, which are extracted from the high pressure steam
turbine outlet, are the largest. However, the calculated differences are small
compared to total steam flow through that turbine. The differences in the
amounts of attemperator water mass flows also seem large, but can also be
considered small compared to total steam flows.
Table 3.4 presents the result of modeling the actually installed plant configuration with the implemented control strategy, compared to measurements
coming from the plant. The differences in steam turbine shaft power and
low pressure boiler steam mass flow are large, which is due to the following
reasons: the absence of a measurement of low pressure steam turbine outlet
steam quality results in extra uncertainty in part load (off-design) efficiency.
Furthermore, the influence of moisture on turbine efficiency towards part load,
as represented by the Baumann coefficient in the model, is also not known.
A large difference also exists with the measured condenser pressure. This is
caused by the fact that the cooling water mass flow through the condenser
has a large uncertainty, as mentioned earlier. This causes uncertainty in
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Table 3.2: Comparisson of design point simulations to contracted heat balance sheets
at base load
BASE LOAD

Contract
Heat
Balance

CycleTempo

Diff. to
heat
balance /%

Thermoflex

Diff. to
heat
balance /%

HPST Mass
Flow/(kg/s)
IPST Mass
Flow/(kg/s)
LPST Mass

89.2

91.2

2.2

91.4

2.5

100.3

99.3

-1.0

99.3

-0.97

108.3

111.1

2.6

111.1

1.1

348.5

345.9

0.73

346.0

-0.71

290.6

290.6

0.036

constraint

-

170.1

171.4

0.78

171.2

0.65

Flow/(kg/s)
Stack outlet
temperature/K
Cooling water
outlet T /K
Steam Turbines
Total Output/MW
(OEM interface
calc.)

the condenser pressure, low pressure steam turbine back pressure, and low
pressure boiler pressure. Hence, the large discrepancies between model and
measurements with respect to the performance of these components.

3.4.2

Results of exergy analysis

Conventional exergy analysis with Cycle-Tempo
This section presents the results of the exergy analysis of the plant. First, the
steam cycle was modeled in Cycle-Tempo, based on stream data aquired from
the Thermoflex base and part-load models, to avoid (unnecessary) off-design
modeling in Cycle-Tempo. The components with the highest exergy losses in
base and part load were then identified, after which the exergy losses in these
components were calculated for a range of operating conditions. The latter
was done by calculating specific exergies of relevant fluid flows and exergy
destruction rates of components in Thermoflex and Matlab.
Figure 3.3 displays the layout of the steam cycle model created in CycleTempo. This model was created based on the drawing board plant layout
available from contracted heat balance sheets.
Chart 3.4 displays the exergy destruction rates of the components with the
highest exergy losses, relative to total exergy of fuel input. As can be seen in
this chart, the exergy loss in the cold reheat steam bleed valve plays a significant
role in part load, while it is zero at base load. In the control strategy according

i

i
i

i

3.4
SECOND LAW ANALYSIS OF STEAM CYCLES

46

i
“thesis” — 2014/10/2 — 9:32 — page 46 — #62
i

101

154

301
1

155
215

302
3
02
2

216
21
16
1
6

217

1

218

201

59

102

214

H

2

103
H
206

3

104
H
213
49

210

253

4

219

58

H

205
2
05
105
5

212

204

5

48

211

207

208

108

H

150

107
7

130

252

131

503

7

109
H
203

131

8

130

44

132

110
H

129

68
47

202

9

111
H

46

128

10
112

220

132

202

H

300

133

11

301

114

H
127

113
H

201

60

124

12

221

115

123

H

203

13

117

151

H

251
116
14

256

118

200

15

502

H

51

H

122
119

120

121

222

16
120

116

H

2
205

17

121

172
171

H
18

215

123

152

118

303

501

206

207

H

250

122

170

19

1

124

102

208

101

115

H

20

257

125

H

114

21

113

126

H

209

22

127

112

H

110

210

106

103

23

35

128

H

109

211

107

24

105

129

H

108

212

Figure 3.3: Layout of (drawing board) steam cycle model in Cycle-Tempo; major irreversibility contributors highlighted
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Table 3.3: Comparisson of off-design simulations to contracted heat balance sheets
at part load
60% GT LOAD

Contract
Heat
Balance

CycleTempo

Diff. to
heat
balance /%

HPST Mass
Flow/(kg/s)
IPST Mass
Flow/(kg/s)
LPST Mass

64.3

65.9

2.4

64.9

0.89

71.4

70.6

-1.0

71.9

0.69

76.2

77.6

1.9

79.1

2.5

348.2

constraint

-

constraint

-

288.9

289.1

0.05

289.0

0.007

121.4

118.7

-2.2

123.7

1.9

1.81

2.30

27

2.13

17

3.37

3.53

4.6

3.41

1.3

2.38

2.37

-0.29

2.28

-4.1

Flow/(kg/s)
Stack outlet
temperature/K
Cooling water
outlet T /K
Steam Turbines
Total Output/MW
Cold Reheat bleed
flow /(kg/s)
HPST
attemperator flow
/(kg/s)
IPST attemperator
flow /(kg/s)

Thermoflex

Diff. to
heat
balance /%

to heat balance sheets, the function of this valve is to maintain constant stack
exhaust temperatures throughout part load and at low ambient temperatures,
as explained in Section 3.3.
To mitigate the losses resulting from this, changes have been made to the
control strategy of the actual plant, thus avoiding the necessity of cold reheat
steam bleed under most circumstances. Namely, stack outlet temperature is
allowed to drop below 75 ◦ C, and larger feed water recirculation pumps were
installed to ensure enough heat extraction in the feed water preheater. The
exergy losses in attemperators are also relatively important but can not be
avoided, unfortunately, because of the limitation of steam turbine inlet and
turbine materials temperatures.
Validation of exergy calculation in Matlab and Thermoflex
The Thermoflex-Matlab platform was used to calculate major component
exergy destruction rates for varying operating conditions. To validate the the
exergy calculations from Thermoflex and Matlab, the results of calculating
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Table 3.4: Comparisson of off-design simulation and measurements at part load
PART LOAD

Measurements

Thermoflex

Diff. /%

HP Boiler Mass
Flow/(kg/s)
IP Boiler Mass

63.9

63.9

0.03

9.57

9.5

0.6

4.88

5.2

6.6

71.0

70.6

0.69

Flow/(kg/s)
LP Boiler
Flow/(kg/s)
Stack outlet
temperature/K
Cooling water outlet T /K

287.0

286.7

0.08

Steam Turbines Total
Output /MW
(OEM interface calc.)

136.6

145.5

6.5

Condenser pressure /mbar

26.6

22.5

15

exergy destruction rated of a part load operating point are compared to the
exergy destruction rates calculated by Cycle Tempo at the same conditions
(Table 3.5). There are large differences in the results for the de-aerator, the
intermediate pressure superheater, and the stack losses. The differences in
the first two are the result of differences in calculated mass flows between
Thermoflex and Cycle Tempo models. If mass flows of in- and outgoing streams
are equal, the results are accurate.

The difference in stack losses are a result of the difference how the exergy
of exhaust gasses is defined: Cycle-Tempo takes into account the theoretical
exergy contained in the flue gasses as a result of the combustion products not
being expanded to their partial pressures in the environment. The fact that this
is not done in the Matlab-Thermoflex calculations is not expected to influence
the conclusions that can be drawn with respect to system improvement studies.
This is because improvement studies mostly involve the changes in component
exergy destruction rates, and not absolute values.
Second-law analysis with off-design simulation
Figures 3.5, 3.6, and 3.7 illustrate the influences of gas turbine load setting,
ambient temperature, and cooling water temperature on plant performance by
plotting the exergy destruction rates of the major components. The values are
relative to the exergy of the total fuel input. Firstly, most trends in Fig. 3.5
generally show a rise of exergy destruction towards part load.
For the gas turbine, the trend is flat close to full load, which can be ascribed
to the influence of sequential combustion, which is aimed to partly reduce
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Figure 3.4: Major components exergy destruction rates from base to part load at
10 ◦ Cambient temperature based on drawing board configuration and control strategy;
(calculated in Cycle-Tempo, relative to total exergy of fuel input)

Table 3.5: Validation of the Matlab-Thermoflex platform for exergy calculation:
comparison to Cycle-Tempo (part load conditions)
Component
High pressure steam
turbine
Intermediate pressure
steam turbine
Low pressure steam
turbine
Condenser
De-aerator
High pressure boiler
First high pressure
superheater
First intermediate
pressure superheater
High pressure
attemperatore
Low pressure
attemperatore
Stack

Exergy loss/kW
Cycle-Tempo
1636

Exergy loss/kW
Matlab-Thermoflex
1676

Difference /%

375.7

371.9

-1.01

6192

6138

-0.88

6041
738.4
4072
1939

5908
851.1
4083
1916

-2.21
15.3
0.27
-1.17

1654

1969

19.0

931

916.8

-1.52

1185

1154

-2.64

12263

15985

30.3

2.43
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efficiency degradation towards part load by keeping the mean temperature of
heat addition to the thermodynamic cycle relatively high [32]. Similarly, the
losses in the low pressure steam turbine do not increase initially. This can also
be ascribed to the design choices made by the supplier.
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Figure 3.5: Major components’ exergy losses as function of GT load setting; relative
to total fuel exergy input

Stack losses are mainly influenced by the gas turbine exhaust gas temperature combined with the amount of heat that is extracted from these gasses
in the heat recovery steam generator. The gas turbine is controlled in such a
way that the exhaust temperature first rises and is then constant towards part
load. The initial drop in stack losses can be ascribed to this. The rise in stack
losses afterwards (relative to fuel input) can be ascribed to the fact that the
heat exchangers perform sub-optimal in part load, so that the amount of heat
extracted is also relatively less.
Exergy losses occur in de-aerators, even if no heat is lost to the environment.
This is caused by the mixing of high temperature fluid flows with lower ones,
so that the quality of the heat contained in the high temperature streams is
degraded. Towards part load, the differences in temperature of the streams
into the current de-aerator increase, so the exergy losses increase.
In case of the condenser, there is firstly a drop in exergy losses, until a
minimum is reached, and the losses increase after this. It should be noted
that the heat of evaporation/condensation (per unit mass) of water increases
with decreasing saturation pressure. The cause of the initial drop is that, with
a decreasing amount of steam, while cooling water mass flow is constant, the
condenser pressure decreases, and with this, the logarithmic mean temperature
difference over the condenser decreases. As a heat exchangers exergy loss is
positively correlated to the logarithmic mean temperature difference, this also
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decreases. At the same time, less heat is extracted from the cooling water. With
a constant cooling water mass flow, the outlet temperature of cooling water
also decreases. These two effects counteract with respect to the logarithmic
mean temperature difference. At a certain point, the decrease in cooling water
outlet temperature becomes more important than the the decrease in condenser
pressure and temperature, which causes the net losses to rise.
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Figure 3.6: Major components’ exergy losses as function of ambient temperature;
relative to total fuel exergy input

To analyze the effects of ambient temperature (Fig. 3.6), it is important
to realize that it affects gas turbine inlet air density, and thus mass flow. The
effect on the compressor of the gas turbine can be analized looking at Eq. 2.2
and Fig. 2.4 of Chapter 2: lower ambient temperatures cause higher corrected
rotational speed and higher pressure ratio. And higher compressor pressure
ratios cause higher overall gas turbine efficiencies [65, Eq.9.25], and lower overall
exergy loss.
Looking at the effect on the steam cycle, lower ambient temperatures
cause lower gas turbine exhaust temperatures and lower logarithmic mean
temperature differences especially in the high temperature section of the heat
recovery steam generator. All losses in the steam cycle decrease, while stack
losses show a small increase. This can be understood considering the fact that
the minimum pinch point of the heat recovery team generator is located at the
steam inlet of the high pressure boiler. While this temperature difference is
dictated by the nature of the apparatus and relatively constant, the gas turbine
exhaust temperature decreases. If the temperature line of the exhaust gases
through the HRSG is interpreted as a lever with a fixed point at the pinch
point, it is apparent that the stack temperature must rise, and thus that the
stack losses increase.
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Figure 3.7: Major components’ exergy losses as function of cooling water temperature; relative to total fuel exergy input

In figure 3.7, it is apparent that the cooling water temperature has no
significant effect on the plant components other than the de-aerator, the low
pressure steam turbine, the condenser and the stack losses. The trend in
the de-aerator losses can once more be attributed to increasing differences in
temperatures of material streams entering the component.
The trend in low pressure steam turbine losses is a results of the interplay
between decreasing condenser pressure and increasing moisture content of the
exhaust steam. The decreasing cooling water temperature (at constant cooling
water mass flow) causes lower condenser pressures and low-pressure steam
turbine back pressures, and thus higher exhaust velocities and flow uniformity,
and smaller exhaust losses. At a certain point however, the influence of higher
moisture content becomes dominant, and the overall losses increase.
The reason for the trend in condenser losses is similar to the effect of
part load operation, the cause being the firstly decreasing and then increasing
logarithmic mean temperature difference. Stack losses are closely related to
conditions in the condenser, because the condenser pressure determines the
amount of heat necessary to keep the de-aerator pressure constant, and this
heat is extracted from the exhaust gases in the feed water preheater. Therefore,
stack losses show a similar trend.
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3.5

Assessment of component interactions
As described in Section 3.2.2, the complete operational parameters space has
been explored by random and un-correlated variation of process parameters and
ambient conditions. The resulting variations in component exergy destruction
rates were recorded and are plotted to show their mutual relationship. In spite
of the uncorrelated variation of process inputs, there are clear correlations
apparent between the irreversibilities of some components (Fig. 3.8), which
indicates a causal relation between the losses in these components, or a similar
dependence on a single dominant input.
Components showing strong correlations to most other components can
be viewed as being dominant. The dominant components are those whose
performance significantly affects, or is affected by, the other components. For
example, gas turbine, high and intermediate pressure steam turbine exergy
losses show notable correlations among each other and with other components.
The components with the strongest correlations are not necessarily those
with the biggest exergy losses (Fig. 3.4): the low pressure steam turbine
displays the highest exergy losses among the steam cycle components, while
it shows no correlation to any other component, except for the condenser. The
relation between these two components has been explained in the previous
section: condenser pressure and low pressure steam turbine exhaust losses are
interrelated.
The losses in the intermediate and high pressure superheaters and high
pressure boiler are all interdependent. This can be understood by noting
that most out- and inlets of these heat exchangers are connected so that the
logarithmic mean temperature differences are mutually dependent.
However, some correlations are apparent between components that do not
seem closely related with regard to system topology (Fig. 3.1). The relation
between gas turbine, high and intermediate pressure steam turbines on one
hand, and high pressure boiler on the other, is an example of this. This relation
can be attributed to the fact that all these quantities are influenced in the same
manner by gas turbine load setting (Fig. 3.5), and shows that this input is a
dominant factor for the performance of these components.
Furthermore, a discontinuity is visible in the correlation of attemperators
with other components. This is caused by the fact that the attemperators
conditions do not change until super-heater outlet temperatures rise above the
allowable steam turbine inlet temperature. This happens especially in part
load.

3.5

Conclusions and recommendations

The present chapter has presented a methodology for the thermodynamic
analysis of existing power plants over a wide range of operating conditions.
Firstly, steady state steam cycle models have been created and validated, taking
into account operational constraints related to component reliability, safety,
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and part load efficiency. Uncertainties in the modeling of process components
have been presented.
After this, the models have been used for second law analysis. The
study has shown the influence of part load operation on the irreversibility
of the most relevant components, and the effects of ambient temperature and
cooling water temperature have been explained. The chapter shows that it
is possible to illustrate the interdependence of irreversibilities among process
components by randomly varying process inputs and assessing the resulting
variations in component exergy destruction rates, relative to the exergy of the
fuel input. The various correlations between exergy losses of components have
been discussed, indicating expected, as well as unexpected causal relationships
between component irreversibilities.
For further development and application of the models, the following is
recommended:
Systematic model calibration It is recommended that the resulting
models be calibrated and that the uncertainties in model parameters, and the
influence of these uncertainties on relevant process outputs are quantified in a
systematic way. This is the subject of chapter 4 of this thesis.
Part load efficiency improvement strategies Furthermore, the models
can be employed to assess the possibilities for process efficiency enhancement
by changes in configuration and/or operating conditions. The information
concerning component interactions contained in the data of figure 3.8 and the
relative contributions of the components to system irreverisbility (Fig. 3.4 to
3.7) can be used to obtain improvement strategies towards part load. This is
the subject of chapter 5 of this thesis.

i

i
i

i

i

i
“thesis” — 2014/10/2 — 9:32 — page 56 — #72

i

56

SECOND LAW ANALYSIS OF STEAM CYCLES

i

3.5

i

i
i

i

i

i
“thesis” — 2014/10/2 — 9:32 — page 57 — #73

i

Chapter

i

4

Applying Bayesian calibration
to gas turbine combined cycle
models
4.1

Introduction

Computer models often enable a description of reality without the need for
physical experiments, which might be too costly, risky or even impossible. A
model is a simplified representation of reality, and can be useful if the user and
developer of the model are accurate. In addition to this, all measurements and
models of processes are subject to uncertainties.
The use of deterministic models has long been common engineering practice
in the field of power plant modeling: in- and output variables are considered
to be non-stochastic. Deterministic models are usually calibrated to match
measurements as much as possible and then applied to analyze, optimize and/or
predict the behavior of energy systems.
Within the context of power plant operation in future energy markets,
and the increasing demand for reliability, there is a growing need to not
only identify uncertainties, but also to quantify them and assess their effect
on so called quantities of interest (QOI). System performance and efficiency,
material strengths, and component degradation are typical examples of QOI.
Deterministic values for QOI are usually calculated or modeled through wellestablished methods and the question arises what the resulting uncertainty in
the QOI would be if the uncertainty in measurements and models were taken
into account.
Rocquigny et al. [85, Chapter 1] provide a concise description of the subject
of uncertainty management, proposing a common methodological framework,
in which uncertainties are respectively categorized, quantified and propagated.
57
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The latter involves calculating the effect of uncertainties in model inputs on
relevant model outputs, the QOI. The propagation of uncertainties can be
done in various ways, involving several mathematical techniques, as described
by Rocquigny et al. [85, Chapter 1].
In addition, an important issue is the quantification of uncertainties within
the model itself: unknown parameters whose value significantly influence the
QOI. There is a broad range of model types in between physical models, which
are based on conservation laws and/or other laws of nature, and empirical
models, which map input and output quantities without considering physics.
In most physical models, not all parameters can be directly deduced from the
available information.
The method of Bayesian inference [28] represents a way to estimate
unknown model parameters and quantify the uncertainties in these parameters.
Measurements are used to calibrate the model. This method has been applied
to various cases in plant and engine diagnostics, such as [47] and [60].
A specific case of Bayesian inference is the Kennedy & O’Hagan framework
for model calibration [46]. This method not only calculates most likely model
parameters and their probability, but also creates a model emulator: a socalled surrogate model that emulates the statistical input-output behavior of
the process. This framework has been applied to implosion modeling [35],
structural modeling [51], and GT performance modeling [76], among others.
However, the Kennedy & O’Hagan Bayesian framework has not yet been
applied to the modeling of GTCCs. The present chapter applies this method
for quantifying the various sources of uncertainty in GTCC modeling. First,
a brief overview is given of the method, after which it is applied to gas
turbine performance modeling and steam cycle modeling respectively. With
this method, it is possible to statistically predict important output quantities,
such as plant power output and efficiency, taking into account the uncertainties
in estimated model parameters.
In addition, two methods are proposed to integrate the gas turbine and
steam cycle models, which were created in two different modeling environments
(GSP and Thermoflex respectively). The first method uses the outputs of a
calibrated gas turbine model as inputs to a separately calibrated steam cycle
model, to predict plant behavior: the integration is done after calibration. The
second method integrates the models before calibration, so that, during the
calibration, a single plant model is created.
The resulting plant model can be applied to predict the plant efficiency as a
function of ambient conditions and load setting. This is the so called fuel cost
function, which plays an important role in the economic deployment of power
plants [20], especially in current and future energy markets.
This type of models can be regularly updated with recent measurements,
so that the resulting predictions become more reliable. The final goal is to
assess what are the most important factors influencing the uncertainty in the
predicted quantities, and how their influence can be reduced.
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The Kennedy & O’Hagan framework

In statistics, there is a distinction between the Bayesian school and frequentist
school. The frequentist school considers probability density functions (PDF)
to be restricted to physical events, such as the tossing of dice, the passing of a
certain amount of cars over a crossing, or the reading of a measurement.
In Bayesian statistics [28], probability density functions can also describe
the present knowledge about (physical) quantities. Unknown model parameters
(θ) are considered as random variables, whose probability distribution can be
calculated from the probability distribution of measured output variables (yi ),
using Bayes’rule:
Pr(θi |yi ) =

Pr(yi |θi ) Pr(θi )
,
Pr(yi )

(4.1)

where P r(θi |yi ) is called the posterior, P r(yi |θi ) represents the likelihood
function, and P r(θi ) is the prior. P r(yi ) is independent of the parameters
θ and serves as a normalization constant. The aim of Bayesian statistics is to
represent the complete state of knowledge rather than a (subjective) part of it.

4.2.1

Outline of the framework

Within the context of Bayesian analysis, Kennedy and O’ Hagan [46] proposed a
model calibration method that estimates unknown or partially known physical
parameters especially in high dimensional models. If θ̂i are the hypothetical
’true’ values for the model parameters, then the observed data y(xi ) are
modeled statistically as
y(xi ) = η(xi , θ̂i ) + δ(xi ) + i .

(4.2)

At given (measurable) input settings xi , η represents the model output.
This model can also be in the form of a surrogate or response surface of
a computationally expensive model, as will be explained later. In addition
to parametric uncertainty, the method attempts to consider both noise on
measured outputs , and the systematic bias of the model with regard to reality,
or discrepancy δ. Given the measured data y, with measurement noise  at input
settings xi , and given the model η, the method attempts to optimally fit θi and
δ, so that Eq. 4.2 is satisfied. This framework has been applied to various
industrial cases, and has also been implemented in the Matlab environment
[40] with the GPM/SA code [35].
An exemplary problem in power plant modeling is trying to estimate an
unmeasured turbine efficiency from a measurement of total plant power output.
Assume that the plant power output depends on various inputs, which are all
measured, except for the turbine efficiency. Furthermore, there is a model
predicting the relation between these factors and the plant power output.
The measured factors then form the input xi , the turbine efficiency is θ, the
measured power output is y, and the model is represented by η(xi , θ).
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Gaussian Process response surfaces

Response surface methods are increasingly being used as computationally
cheaper substitutes for complex computer models/codes [68]. The purpose of a
response surface is to represent a relationship between the inputs and outputs
of a system or model, characterized by a finite set of parameters.
The parameters of the response surface (the hyperparameters) are estimated
from a limited number of samples taken from the computer code. Various
sampling methods can be used, aiming to thoroughly represent the model
structure with as few sampling points as possible. One of these spacefilling techniques is Latin Hypercube Sampling (LHS), which is appropriate
for calculating variances and other statistical moments [85, Chapter 17].
Various types of response surface methods are available, depending on the
mathematical structure that is assumed for the input-output relation. Gaussian
processes, known as Kriging in the field of geo-statistics, assume no prior level of
model complexity [79, Chapter 1] and are therefore very suitable as surrogates
for complex simulation codes.
In the Kennedy & O’Hagan framework, both the discrepancy δ and the
computer code η are modeled as Gaussian Process. The result of the calibration
process is a set of posterior PDFs of the model parameters, an estimation
of model bias, and a calibrated emulator. An emulator is a tool to make
statistical predictions of process outputs at input settings where no observations
are available. The resulting predictions can also be presented in the form of
PDFs of output quantities.

4.2.3

Implementation of the framework

Fig. 4.1 illustrates the way in which the Kennedy & O’Hagan framework
can be practically implemented. First, a Gaussian process response surface
is created from sampled input-output pairs of the simulator (parametrized by
θ). Then, the input values from observations (measurements) are inserted into
the response surface and simulator outputs are compared to observed outputs.
After this, the free model parameters are adjusted in such a way as to minimize
the difference between model (response surface) outputs and measured outputs.
The simulator in Fig. 4.1 represents the likelihood function P r(y|θ) as in
Eq. 4.1. The posterior distribution of the to-be-calibrated parameters P r(θ|y)
is calculated from the measured outputs and the likelihood function through
Bayesian inference. In general, this probability function cannot be calculated
analytically, and is approximated numerically. A widely used algorithm for this
purpose is Markov Chain Monte Carlo sampling, explained here after.

4.2.4

Markov Chain Monte Carlo sampling

Markov Chain Monte Carlo (MCMC) algorithms attempt to approximate
probability distribution by sampling. They start at a specified point, and
every next value to be sampled is likely to be close to the previously sampled
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y(x, θ)

Real Process

y
y

Op!mize
Parameters θ

Calibrated Emulator
Figure 4.1: Structure of the Kennedy and O’Hagan framework

value. This last feature is termed the Markov property. The merit of MCMC
is that the targeted distribution is approached in a systematic way by only
choosing samples that are reasonably close to the target distribution. Geyer
[29] provides a concise explanation of Markov Chain Monte Carlo sampling
techniques.
At the start of the random walk, the sampled values are not yet representative of the target distribution. This is called the burn-in period. As samples
are collected, quantities such as the likelihood function can be plotted to assess
whether the chain is stationary or whether more samples are needed.
A crucial element of the random walk is the step size: if it is too large, the
samples will always hit the boundaries, and if it is to small, the convergence of
the chain is slow. Some algorithms use adaptive step size calculation to avoid
these extremes.

4.2.5

The GPMSA code in Matlab

Higdon et al. [35] have accordingly implemented the framework in the GPMSA
code in the Matlab environment, adding some extra functionalities to handle
higher dimensional problems efficiently. For example, the user can specify a
desired burn-in period for the MCMC and can also apply automatic step size
calculation. The following sections describe the application of this Matlab code
to gas turbine and steam cycle model calibration, and integration of gas turbine
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and steam cycle models for combined cycle plant performance prediction. All
models involve multivariate output, which is accordingly specified in the code.

4.3
4.3.1

Practical applications
Bayesian calibration of the GT26 performance model

In this section, the Kennedy & O’Hagan framework is applied to a gas turbine
performance model, described in Section 2.4. The existing model was used for
modeling the design and off-design performance of an Alstom GT26 engine,
which applies the principle of sequential combustion (Section 2.4). However, a
notable deterioration of accuracy was eminent moving towards part load. The
aim of the current effort is to quantify the effect of uncertainty in compressor
and turbine maps and cooling flow distributions, with a focus on part load.
The aim is also to quantify and reduce the effect of these on the uncertainty in
predictions made by the model as much as possible.
Measurable inputs, outputs, and unknown model parameters are specified
as shown in Tables 4.1 and 4.2, respectively. The referred components of the
performance model can be found in Fig. 2.7.
The choice of specifying measurable quantities as inputs or outputs is not
trivial and depends on the purpose and the intended use of the calibration. In
the current case, where the purpose is finding the best-fit model parameters
and prediction of power plant performance, the inputs are ambient conditions
and fuel quality (uncontrollable), control settings, and some other performance
determining inputs, see Table. 4.1a.
The performance determining inputs listed under ’Other’in the table are
modeled independently from the other inputs, while in the actual engine, they
are determined by the other inputs. For example, the off design back pressure
for the engine represents a pressure drop, caused by the fact that the exhaust
gasses flow through a boiler before entering the atmosphere. This pressure drop
depends on the exhaust mass flow.
Although this dependency has not been taken into account in the performance model, the observed data used for calibration contain measurements of
the independent, as well as the dependent inputs. The dependencies among
these parameters are therefore implicitly included in the measured data. In
this way, the dependency of the dependent group of inputs is still incorporated
in the calibration.
The choice of calibration parameters θ is also not trivial. To obtain a
calibrated model over a wide range of operating conditions, the strategy is to
use adaptive modeling with component map modifiers to fine tune an existing
gas turbine model. This strategy was presented by Stamatis et al. [97] and
applied for deterministic models in design point by Li et al. [59], who argued
that increasing the number of calibration parameters provides more freedom in
the adaptation process for various off-design conditions.
The calibration parameters used in the current case are shown in Table
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Table 4.1: GT model measurable quantities
(b) Outputs yi ; assumed
measurement accuracy =
0.3%
(a) Inputs xi
Uncontrollable

Ambient temperature
Ambient Pressure
Ambient air humidity
Fuel LHV

Control settings

IGV angle
Anti-icing heat supply
TIT1 setting
TIT2 setting

Other (dependent)

Inlet filters pressure ratio
Off design back pressure
Fraction of LP cooling
air bleed
Fraction of HP cooling
air bleed

GT inlet mass flow
GT Shaft Power
Exhaust gas mass flow
Exhaust gas specific heat
Fuel mass flow to EV
Fuel mass flow to SEV
COMP(3) outlet temperature
COMP(3) outlet total pressure
COMP(5) outlet temperature
COMP(5) outlet total pressure
LPOTC heat flow kW
HPOTC heat flow kW
Temperature at HPT outlet
(TAT1)
Total pressure in SEV
Temperature at LPT outlet
(TAT2)

4.2, as well as the prior upper and lower bounds for these parameters, which
are based on expert opinion. Firstly, the map modifiers used for modeling the
effect of VIGV modulation in part load (θ1−3 ) are known tools in gas turbine
performance modeling [56]. Furthermore, adaptive freedom is added through
the use of modification factors [97] for compressor sections and turbines (θ4−11 ).
Two additional unknown parameters are calibrated, namely the two
dominant uncertain design point model parameters mentioned in Table 2.1:
the fraction of low pressure cooling air used for last turbine section, and a
parameter quantifying the mean location at which stator cooling air is injected
into the low pressure turbine. The prior distributions used for the calibration
are specified as uniform with upper and lower bounds as shown in Table 4.2.
This leads to a total number of 25 dimensions for the input space
(including unknown parameters). The initial amount of LHS samples used
is 350. Using more samples makes the calibration and subsequent predictions
computationally more expensive. On the other hand, using less samples may
compromise the accuracy of the response surface. Comparing predictions
based on varying amounts of samples should provide information on what is a
reasonable amount of samples.
The next section describes the problem specification for the steam cycle
model calibration. Results of the calibrations are presented in Section 4.4. ent
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Table 4.2: GT model calibration parameters θ

1
2
3
4
5
6
7
8
9
10
11
12
13

4.3.2

Calibration parameter θ

lower bound

upper bound

VIGV map modifier 1 (flow/(kg/s) per angle)
VIGV map modifier 2 (pressure ratio per angle)
VIGV map modifier 3 (efficiency per angle)
COMP(3) adaptive modification factor/% (flow)
COMP(3) adaptive modification factor/% (efficiency)
COMP(5) adaptive modification factor/% (flow)
COMP(5) adaptive modification factor/% (efficiency)
HPT adaptive modification factor/% (flow)
HPT adaptive modification factor/% (efficiency)
LPT adaptive modification factor/% (flow)
LPT adaptive modification factor/% (efficiency)
Fraction of LP cooling air used for LPT
LPT stator cooling pressure fraction

-2
-2
-0.02
-3
-3
-3
-3
-3
-3
-3
-3
0.05
0.01

0
0
0
3
3
3
3
3
3
3
3
0.95
0.15

Bayesian calibration of the steam cycle model

The Kennedy and & O’Hagan framework has also been applied to the steam
cycle model, described in Section 3.3. The present section explains the
procedure followed to obtain a calibrated model.
The measurable process in- and outputs are specified as shown in Table 4.3.
The uncontrollable inputs here are those caused by the operation of the gas
turbine, while the controlled inputs are either chosen by the plant operator,
or programmed in the operating system. The last performance determining
input, condensate sub-cooling, is uncontrolled and not directly influenced by
gas turbine operation. It is a measured quantity, and clearly influences the
model output.
Table 4.3: Steam cycle model measurable quantities
(a) Inputs xi
Uncontrollable
(GT outputs)

Control settings

Other

GT exhaust temperature
GT exhaust mass flow
GT exhaust specific heat
Cooling water temperature in
HPOTC heat flow kW
LPOTC heat flow kW
Fuel preheat heat flow
Deairator pressure
HP attemperation temperature
IP attemperation temperature
Anti-icing heat flow
Cooling water mass flow
HP steam bleed mass
flow

(b) Outputs yi .
Assumed
measurement accuracy: 0.5 %
for temperature and 0.2% for
power
Stack outlet temperature
Total steam turbine shaft power

Condensate sub cooling
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Table 4.4: Steam cycle model calibration parameters θ

1
2
3
4
5
6

Calibration parameter θ

lower bound

upper bound

HP evaporator design point UA /(kW/K)
IP evaporator design point UA /(kW/K)
LP evaporator design point UA /(kW/K)
LPST design point efficiency
LPST design point dry exhaust loss /(kJ/kg)
LPST Baumann coefficient

1900
800
600
85
50
0.4

2100
1000
700
100
120
0.9

The choice of unknown model parameters (Table 4.4) has been explained
thoroughly in Section 3.3.2. The design point sizing of the boilers (UA)
is unknown because boiler design point pinch points are not accurately
known: the pinch point data provided by the manufacturer are related to an
operating point which does not exactly match the design point used for current
simulations. LPST design point efficiency is unknown because the exhaust
moist content and enthalpy are not known. LPST exhaust loss determines the
effect of exhaust losses in design and off-design conditions, and the Baumann
coefficient determines the influence of moisture content on turbine efficiency.
For the current case, prior knowledge of the unknown parameters is represented
by uniform distributions with upper and lower bounds as shown in Table 4.4.
Section 3.3.2 also states that the amount of cooling water flowing through
the condenser is not precisely known, because an unknown fraction of the measured cooling water flow is used for a secondary cooling circuit. The approach
has been to assume that this fraction is known. Based on documentation
supplied by the manufacturer, and on the design point simulation presented in
Sec3.4.1, a fraction of 0.06 was assumed for the secondary cooling water.
Comparing Table 4.1b and 4.3b, the amount of outputs used in the
calibration of the gas turbine model is significantly larger. Within the context
of the overall plant efficiency prediction, the only outputs of interest for the gas
turbine are shaft power and fuel mass flow. But because other outputs, such as
exhaust mass flow and temperature, are inputs to the steam cycle, they must
also be predicted with the gas turbine model.
The only outputs to be predicted for the steam cycle are stack temperature
and total shaft power. Compared to the gas turbine model, there is large
difference between the number of unknown parameters and the number of
model outputs used for inference. It is expected that not all unknown
parameters influence these outputs to the same extent, so a global sensitivity
analysis is performed to rank the importance of the parameters.
The goal of global sensitivity analysis, or analysis of variance, is to
determine which fraction of the variance in outputs is caused by the variance
in individual inputs and the covariance of input pairs. Sobol [93] explains how
this takes into account not only the effects of individual inputs on individual
outputs (main effect sensitivities), but also the joint effect of inputs, including
interaction effects.
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Table 4.5: Sensitivity indexes of Steam cycle model inputs

1
2
3
4
5
6

Calibration parameter θ

Si

Ti

HP evaporator design point UA
IP evaporator design point UA
LP evaporator design point UA
LPST design point efficiency
LPST design point dry exhaust loss
LPST Baumann moisture coefficient

3.89E-05
8.01E-05
1.60E-05
6.30E-03
7.98E-03
3.42E-05

3.88E-04
3.43E-04
1.32E-04
6.68E-03
1.12E-02
4.19E-04

The sensitivities are evaluated over the entire input space, as opposed to
local sensitivity analysis, where the sensitivities are evaluated around a specified
point. The importance of inputs is reflected by their resulting total sensitivity
indexes. This procedure is available in the GPMSA code [35] within the Matlab
environment. See B for a detailed explanation of global sensitivity analysis.
Table 4.5 shows the sensitivity of steam turbines total shaft power to the
unknown parameters of Table 4.4. These parameters can thus be ranked with
regard to their importance for the prediction of shaft power.
The results indicate that the low pressure steam turbine design point
efficiency and dry exhaust loss are most significant and contribute to 93% of
the variation in the output due to the unknown parameters. Therefore, the
other parameters are not calibrated and kept constant in the further analysis
of the model. This reduces the computational cost of the calibration.
For the steam cycle model, the dimensionality of the input space (including
unknown parameters) is 26, including all parameters in Table 4.4. The initial
number of LHS samples to used is 380.

4.3.3

Combined analysis and integration

This section explains how to make calibrated predictions of gas turbine
combined cycle performance by combining the models of the gas turbine and
the steam cycle respectively. The aim of this is also to assess the uncertainty
in plant performance predictions, given the uncertainty in the process models.
Two methods are presented in the next subsections.
Method I: combining the individual gas turbine and steam cycle emulators
In method I, a sampling procedure is constructed as depicted in Fig. 4.2. This
method assumes that calibrated emulators have been created separately for the
gas turbine and steam cycle models, and that the relevant outputs predicted
by the gas turbine emulator are used as inputs to the steam cycle model. The
aim is to predict overall plant output quantities (thermal efficiency), given
the inputs, and given the two models (Pr(yplant |xGT , yGT , xRBC , yRBC ). RBC
(Rankine Bottoming Cycle) is the acronym for the steam cycle. The influence
of the gas turbine on the steam cycle is incorporated through
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Pr(yRBC |xRBC , yGT ) = f (P r(ΘRBC )),

(4.3)

Pr(yGT |xGT ) = f (P r(ΘGT )),

(4.4)

Pr(yplant |xGT , xRBC ) = f (P r(ΘGT ), P r(ΘRBC )).

(4.5)

and,

so that

The inputs to the plant performance predictor (Fig. 4.2) are: ambient
conditions, fuel quality, and some control settings for the gas turbine on one
hand , and cooling water temperature and control settings for the steam cycle
on the other. Both calibrated models calculate their output by sampling from
the posterior probability distributions of their calibrated parameters. Some
outputs of the gas turbine model are inputs to the steam cycle model. The
process of first evaluating the GT model, then using some of its outputs as RBC
model inputs, and then evaluating the RBC model, is repeated over a specified
amount of samples to approximate the PDF of Eq. 4.5. This procedure is
implemented in the Matlab environment. Results are presented in Section 4.4.
- Ambient condions
- Fuel quality
-VIGV angle
- An Icing system heat ﬂow (+)
- Other control se"ngs

GT Calibrated Emulator
Draw from Posterior θ

Repeated Sampling
Procedure

- Cooling water inlet T
- An Icing system heat ﬂow (-)
- Other control se"ngs

Y
RBC Calibrated Emulator
Draw from Posterior θ

- Sha# power
- Fuel consumpon
- Stack temperature

- GT exhaust condions
- Intercooler Heat ﬂow
- Air preheat heat ﬂow
- Fuel preheat heat ﬂow

Figure 4.2: Framework for prediction of plant performance; Method I

Method II: joint calibration of gas turbine and steam cycle into a single
emulator
It is also possible to integrate the two models before the calibration process.
Before being calibrated, the gas turbine and steam cycle models are both
represented in the form of a finite amount of Design Of Experiments (DOE)
samples. In Fig. 4.1, this is the simulator, parametrized by θ. For the stochastic
integration of the models, it is possible to combine the sampling procedures of
the gas turbine and steam cycle models in the following way. The outputs of the
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samples of the gas turbine model are used as inputs to the steam cycle. Then,
after the dependent steam cycle inputs have been specified, DOE sampling is
once more done to specify the independent steam cycle inputs, after which the
steam cycle model is evaluated at these samples.
This procedure is similar to method I, as shown in Fig. 4.2 for method II,
with regard to the input-output structure. The difference is that the integration
takes place before the calibration process. The procedure has been accordingly
implemented in the Matlab environment, and results are shown in the next
section.

4.4
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Results and validation
Calibrated GT26 gas turbine model
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Figure 4.3: Influence of the amount of LHD samples used for the gas turbine model
on the quality of the response surface

The present section describes the results of applying Bayesian model
calibration to the performance model of the gas turbine, in order to predict
design, and off-design engine behavior, including part load. Model parameters
which cannot be directly observed have been inferred from measurements, while
a Gaussian Process was used to map model inputs and outputs.
Before applying a response surface, it is advisable to assess its quality. This
can be done by plotting the influence of the amount of code samples used for
the response surface. Figure 4.3 shows a plot of simulated shaft power against
inlet air heat supply for various sample sizes. Firstly, the differences between
the trends can be as large as 10 MW, which is equivalent to approx. 5 % of the
predicted value. Secondly, increasing the number of samples does not seem to
have a systematic effect on the output bias: the trend for 150 and 300 samples
are in between the other trends.
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For all cases, except the 150 sample case, the slopes are similar. The
figure also shows the output of the actual simulation: the slope of this trend is
smaller than the slopes of the response surface models. Although the differences
between response surface and original GSP code seem to be large, the prediction
results in the remainder of this section (using the 300 sample model) are mostly
accurate within the range of sensor noise. This is because the calibration takes
into account model bias. In further research the amount of LHD should be
increased to investigate whether this will bring the response surface outputs
closer to the original code output.
When analysing results of the calibration, it is important to keep in mind
that in Bayesian inference, the posterior is a compromise between the prior and
the observation data. The larger the data set, the larger the contribution of
the data to the posterior [28, Chapter 2]. In the current case, 9 measurement
sets (xi , yi ) were available for calibration.
Figure 4.4 illustrates the posterior distributions of the parameters θ
mentioned in Table 4.2. The diagonal charts show the posterior distributions
of the individual calibration parameters. The x-axis bounds are equal to the
bounds given in the table.
It is apparant that the (diagonal) posteriors of some of the parameters are
flat and wide, while others are narrow. This is an indication of the degree to
which the observations inform us about those particular parameters. A wide
posterior (e.g., the flow adaption factor of the high pressure compressor θ6 )
means that this specific parameter can not be determined on the basis of the
available observation data and that the observed outputs are less sensitive to
this parameter. A narrow posterior means that the calibration process has
pinpointed this parameter (e.g., the VIGV map modifiers θ1,2 ).
The most likely values for VIGV map modifiers for flow and pressure (θ1−2 )
are approximately -1 kg/s and -1 bar/bar per VIGV angle. The spread in the
posterior of the VIGV map modifier for efficiency is larger, and the most likely
value is 0.004 per VIGV angle.
Another parameter that has been pin-pointed by the calibration is the
efficiency map adaptation factor for the low pressure turbine (θ11 ): the most
likely value is approximately 0 %. This value means that the map used in the
model is well suited to model this turbine. The flow adaptation factor for this
component (θ10 ) has a larger spread, but is also likely to be close to zero.
The flow map adaptation factor for the low pressure compressor (θ4 ) is
most likely to be smaller than 0. This means that the flow is generally overestimated by the (un-calibrated) GSP model. Similarly, the efficiency map
adaptation factor for the low pressure compressor (θ5 ) is most likely to be
larger than 0, which means that the efficiency is generally under-estimated by
the GSP model.
Apparently, the flow adaptation factor for the high pressure compressor
map (θ6 ) does not influence the measured outputs. This is caused by the
fact that the turbine downstream is choked and the flow is determined by the
first compressor section. The efficiency map adaptation factor is estimated to
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Figure 4.4: Posterior distributions of the calibrated GT model parameters mentioned in Table 4.2. X-axis bounds of the upper plots
(histograms) are equal to bounds in the table
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be negative: component efficiency is over-estimated by the GSP model. The
posteriors of the map adaptation factors for the high pressure turbine (θ8−9 )
do not contain much information, which means that they do not significantly
influence the measured outputs, upon which the calibration is based. It appears
that posteriors of these parameters are correlated to others.
The off-diagonal plots show the 2-dimensional marginal distributions among
parameters and are an indication of their correlation. The inner and outer
contour lines represent borders of 50 and 90 percentiles respectively. The high
pressure turbine flow adaption factor, θ8 , is correlated to θ12 , the fraction of low
pressure cooling air used for the low pressure turbine. This is understandable
because the rest of this cooling air enters the main gas path at the outlet of
the high pressure turbine, so variation of this fraction influences what happens
in the high pressure turbine.
The high pressure turbine efficiency adaption factor, θ9 , is correlated to θ10 ,
the low pressure turbine flow adaption factor: changes in high pressure turbine
efficiency affect the outlet temperature, and with this, the corrected mass flow
of the low pressure turbine downstream.
Looking at the posterior distribution of θ12 , the fraction of low pressure
cooling air used for cooling the low pressure turbine is estimated to be small,
compared to the portion of this flow used for cooling the SEV combustor liner
and lance, which is the rest of this flow. Furthermore, the posterior of θ13 ,
the low pressure steam turbine stator cooling pressure fraction, is close to the
upper bound. This parameter represents the (mean) location where cooling air
is injected in the low pressure turbine, so the posterior distribution suggests
that this location is further downstream of the turbine. The upper bound
chosen prior to calibration should be increased in subsequent studies.
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Figure 4.5: Assessment of GT inlet mass flow prediction (Formula 4.2) with holdout observation
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Table 4.6: Results of calibrated gas turbine performance prediction
Predicted output
y = η + δ + .
GT inlet mass
flow/(kg/s)
Fuel mass flow
EV/(kg/s)
Fuel mass flow
SEV/(kg/s)
COMP(3) outlet
temperature/K
COMP(3) outlet
pressure/bar
COMP(5) outlet
temperature/K
COMP(5) outlet
pressure/bar
TAT1/K
SEV total
pressure/bar
TAT2/K
GT Shaft Power/MW
LP OTC heat
flow/kW
HP OTC heat
flow/kW

η Mean

 Noise St.
Dev.

Discrepancy δ
Mean

Measured
output y*

540.0

3.4

-10.1

522.3

8.36

0.08

-0.04

8.47

6.84

0.14

0.05

6.93

694.9

1.6

-1.6

694.0

18.5

0.1

0.0

18.6

794.0

1.5

0.1

795.0

29.3

0.1

0.2

29.5

1289.9
15.5

0.6
0.1

-2.8
-0.1

1285.0
15.4

909.2
235.2
6785.8

1.3
3.8
244.2

-0.5
0.8
38.2

906.9
244.6
6807.4

9145.5

116.9

33.1

9113.4

To assess the predicting capability of the calibrated model, new observations, so-called hold-out observations, can be added to the analysis. The model
is evaluated at the input settings of a hold-out observation, so that actual
output measurements can be compared to the predicted outputs, which are
based on earlier observations. The hold-out observation used in the current
chapter is an operating point at approximately 85% gas turbine load, and
7.9 ◦ C ambient temperature. (See Table 5.8 for details.)
Figure 4.5 shows the result of the gas turbine inlet mass flow prediction
for a hold-out observation. Figure 4.5a represents posterior distribution of the
predicted mass flow, while Fig. 4.5b represents the posterior distribution of the
predicted discrepancy of the model. By adding the discrepancy to the predicted
value (Formula 4.2), the complete prediction is enhanced, as it is brought closer
to the measured value.
Table 4.6 summarizes the hold-out prediction results compared to output
measurements. The first column values represent the mean of the predicted
output values. The second and third column values represent the standard deviation (noise level) on the output predictions, and the predicted discrepancies,
respectively. The values in the last column are the output measurements.
Firstly, all discrepancies are predicted with the right sign (i.e., negative
discrepancies are also predicted to be negative and vice versa), except for the
high pressure inter cooler (HP OTC) heat flow. But the noise level of this
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output is four times larger than the predicted discrepancy, and the difference
between the measured value and the predicted value lies within the range of
uncertainty. Therefore, the predicted discrepancy is not significant.
For the outputs whose predicted discrepancies are larger than the noise level
(inlet mass flow, compressor 2 outlet pressure, and turbine outlet temperature
TAT1), discrepancies can be superposed to predicted values η, and the result
yi can be compared to the measured values. It appears that for the inlet mass
flow and turbine outlet temperature TAT1, the difference between yi and the
measured value is roughly half of the difference between the prediction ηi and
the measurement. This means that the discrepancy prediction is conservative.
The predicted shaft power also differs significantly from the measurement, while
the predicted discrepancy is small. Further research should clarify this by
studying the influence of the amount and quality of measurements used for
calibration.

4.4.2

Calibrated steam cycle model

This section describes the results of applying Bayesian model calibration to
the steam cycle the KA-26 power plant. As stated earlier, the low pressure
steam turbine design point efficiency and dry exhaust loss, the most influential
unknown parameters influencing steam turbine shaft power, have been selected
based on the results of global sensitivity analysis (Table 4.5).
5

1.44

x 10
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Steam turbines shaft power/kW

1.435
1.43
1.425
1.42
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1.41
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4000
Anti−icing heat flow /kW
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Figure 4.6: Influence of the amount of LHD samples used for the steam cycle
model on the response surface output (simulation code was not available for hold-out
samples)

First, the quality of the response surface was assess by plotting the influence
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of the amount of samples used, see Fig. 4.6. Data from the original code were
no longer available at the time of this assessment. Three cases were studied:
200, 400, and 600 samples. The largest difference in calculated shaft power
among these three cases is approximately 0.2 MW, which is smaller than 0.2 %
of the value. This falls within the range of sensor accuracies, so the differences
are not significant. If the computational expense of the resulting predictor is
an issue, 200 samples can be used. However, for the best results in estimating
the parameters, all available samples should be used.
θ4

θ5

Figure 4.7: Posterior distributions of the steam cycle model parameters θ4 and θ5
mentioned in Table 4.4. X-axis bounds of the histograms are equal to bounds in the
table

Figure 4.7 shows the posterior distributions of these two calibration
parameters. The x-axis bounds of the diagonal plots are equal to the bounds
given in Table 4.4. In this case, the distributions of θ5 , the LPST design point
exhaust loss and θ4 , the LPST design point dry step efficiency, clearly show
a correlation (slanted ellipse). This is understandable because their combined
effect determines the amount of shaft power delivered by the low pressure steam
turbine.
In addition to this, careful analysis of the model has shown that the value
of the LPST design point exhaust loss has an effect on how the cooling water
temperature influences the steam cycle. The performance curves provided by
the manufacturer indicate that at a given gas turbine load, a maximum plant
efficiency exists if the cooling water temperature is varied between 2 and 30 ◦ C.
The temperature at which this maximum occurs depends on the exhaust loss
behavior of the steam turbine. This is also reflected by the model. If θ4 and θ5
are fixed, the cooling water temperature of maximum shaft power calculated
by the model is also fixed. So, when the model is calibrated with measurements
of varying cooling water temperature, the relation between values of θ4 and θ5
is reflected by a correlation, as can be seen in Fig. 4.7.
Table 4.7 illustrates the quality of a hold-out prediction, as was done for
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Table 4.7: Results of calibrated steam cycle performance prediction
Predicted output
y = η + δ + .

η Mean

 Noise St. Dev.

Discrepancy
δ Mean

Measured
output y*

Stack outlet
Temperature/K
Total steam turbines
shaft power/MW

76.54

1.28

-3.15

73.45

144.5

2.51

-4.17

137.6

the gas turbine model in the previous section. It is apparent that the predicted
discrepancies for both outputs are larger than the noise levels, so they are
significant. The discrepancy prediction is accurate for the stack temperature:
adding the predicted δ to the predicted η brings the model output very close to
the measurement. For the shaft power prediction, the discrepancy is effective
in bringing the prediction closer to the actually measured value, but not as
effective, as for the stack temperature prediction.
A final sanity check is comparing the difference between resulting output
prediction and the measurement (y − y∗), with the noise level . In both
cases, this difference is larger than two times the noise level, so the deviation
is significant.

4.4.3

Stochastic integration

Two methods have been presented for stochastic integration of two process
models, of which the inputs of one process are (partly) determined by the
outputs of another. In method I, the integration is done after the models have
been calibrated. So, the statistical models resulting from the calibrations are
integrated. In method II, the integration is done before calibration: outputs of
the samples of one model are used as inputs to the second model, and the two
models are calibrated simultaneously.
The current section describes the results of integrating a gas turbine and
steam cycle model with these two methods. The results of an integrated
calibration with method II are discussed first: posterior distributions of
calibration parameters are analyzed, and compared to te posterior distributions
of the individually calibrated models.
Method I and II are then compared with respect to the results of a plant
efficiency prediction, where the plant efficiency as predicted by the models is
compared to the measured efficiency. The quality of both prediction can then
be compared.
Finally, an exemplary plant performance curve is constructed using the
modeling results of method II. This performance curve predicts plant efficiency
as a function of ambient temperature.
Note that all unknown gas turbine parameters were calibrated in calibration
with method II. Based on the calibration results of the individual gas turbine
model, four parameters were kept constant. The map adaptation factors for
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the high pressure turbine (θ8−9 ) do not significantly influence the output. The
fraction of low pressure cooling air used for cooling the low pressure turbine
(θ12 ) is assumed to be very small, as it approached the zero bound. The low
pressure steam turbine stator cooling pressure fraction (θ13 ) is assumed to
take on the value indicated by the upper bound, 0.15. In further study, this
upper bound should be increased when collecting samples from the performance
model.
The results of the integrated calibration (method II) are shown in Fig. 4.8,
displaying the posterior distributions of the unknown parameters of the gas
turbine (GT) and steam cycle model (RBC). These results can be compared to
the posteriors of the individual calibrations of these models (Fig. 4.4 and 4.7).
The same measurement sets were used for all cases.
Firstly, the posteriors of the VIGV map modifiers for flow and pressure,
θ1−2 of the gas turbine model, have become narrower. No extra measurements
were used for this calibration, so the extra outputs used in the joint calibration,
steam turbine power and stack temperature, must have caused this. Including
these outputs for the calibration of the gas turbine parameters has added extra
information with regard to these parameters. The posterior distribution of the
VIGV map modifier for efficiency θ3 is still close to zero, and there is no visible
peak.
The posteriors of the flow and efficiency map adaptation factors for the low
pressure compressor θ4−5 have shifted from positive to negative and vice versa.
The change is caused due to the adjusted settings of the problem (i.e., some
parameters have been kept constant while the steam cycle output co-influence
the inference of gas turbine parameters). The posteriors of flow and efficiency
map adaptation factors for the high pressure turbine θ8−9 have changed for
similar reasons. For the flow and efficiency map adaptation factors for the low
pressure turbine θ10−11 , the posteriors look similar.
Comparing the posterior distributions of the steam cycle parameters to
the results of the individual model (Fig. 4.7), it appears that there is still
a region of higher density, but the spread in these distributions has also
increased. The correlation that was visible between the two parameters in the
individual calibration has disappeared. This can be ascribed to the fact that the
uncertainty in gas turbine outputs, caused by parametric uncertainty in the gas
turbine model, is now propagated through the steam cycle model. Th inputs xi
to the steam cycle were treated as deterministic in the individual calibration,
while most of them are now. These extra uncertainties co-contribute to
the uncertainty in steam cycle outputs. Thus, the posteriors of steam cycle
parameters become less informative.
Table 4.8 shows the results of a hold-out prediction with the same inputs
as the prediction of the individual cases. The quality of the discrepancy
prediction has degraded compared to individual calibrations: the predicted
output plus discrepancy of the GT inlet mass flow, turbine outlet temperature
TAT1, and steam turbine shaft power are further away from their measured
values, compared to the results of the individual model predictions (Table 4.6
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Figure 4.8: Posterior distributions of the gas turbine (GT) and steam cycle (RBC) model parameters (stochastic integration method
II) with indexes as specified in Tables 4.2 and 4.4
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and 4.7). Furthermore, the gas turbine’s first combustion chamber (EV) fuel
flow discrepancy is in the wrong direction.
The reason for the degradation in prediction accuracy can be ascribed
to the fact that the same number of measurements was used in both the
individual, and the integrated calibration, while the number of unknown
parameters is larger in case of the integrated calibration. The posterior of
a Bayesian calibration is a compromise between the prior and the observations
[28, Chapter 2]. If the same number of observations is used for a problem
with a larger number of unknown parameters (with similar sensitivities), the
observations have a smaller effect on the calibration
Furthermore, the less accurate predictions of integrated calibration with
method II can be understood by noting that the inputs to the steam cycle model
were outputs of an uncalibrated gas turbine model. But when calibrating the
steam cycle model separately, the inputs to this model are measured values.
It is notable that the gas and steam turbine shaft power predictions are not
accurate, but the total value of gas plus steam turbine power is close to the
total power measured. It is not known whether or not this fact is a coincidence.
In this single shaft configuration of the plant, only the total shaft power is
measured. The individual shaft power of GT and steam cycle are calculated in
an interface provided by the OEM and these calculated values have been used
for the calibration.
As stated above, method I uses the results of the individual calibrations to
make predictions about plant performance. Figure 4.9 compares the results of
an efficiency prediction with method I and II, under the same circumstances.
The histograms indicate that the noise level of the method-II prediction is
smaller, but the method I prediction is closer to the measured efficiency.
The fact that method-I predictions contain slightly more noise is understandable, if one keeps in mind that this method treats the two models as
independent processes of which the noise in the output of the first process is
propagated through the second process. In method II, the simulator outputs
of the first process are used as inputs to the second, without noise. This makes
the resulting predictions less noisy.
The mean of the method-I efficiency prediction is closer to the measured
efficiency. This may be attributed to the way in which the discrepancy of
the gas turbine model is estimated in the two methods: in method I, the
outputs of the calibrated gas turbine model, including discrepancy estimation,
are used as inputs to the steam cycle model, whereas in method II, un-calibrated
outputs of the gas turbine model are inputs to the steam cycle model during
the sampling phase (i.e., before calibration). However, the numerical difference
between method I and II lies within the range of the standard deviation/noise,
so nothing conclusive can be stated about their difference in quality.
As stated in the introduction, the fuel cost function (relations describing
plant efficiency as a function of ambient conditions and load setting) plays an
important role in determining the merit order in the economic load dispatch of
power plants. Accurate information regarding these relations ensures reliable
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Table 4.8: Results of calibrated combined cycle performance prediction
Predicted output
GT inlet mass
flow/(kg/s)
Fuel mass flow
EV/(kg/s)
Fuel mass flow
SEV/(kg/s)
COMP(3) outlet
temperature/K
COMP(3) outlet
pressure/bar
COMP(5) outlet
temperature/K
COMP(5) outlet
pressure/bar
TAT1/K
SEV total
pressure/bar
TAT2/K
GT Shaft Power/MW
Stack outlet
Temperature/K
Total steam turbines
shaft power/MW

η Mean

 Noise St. Dev.

Discrepancy δ
Mean

Measurement

539.9

3.31

-5.76

522.3

8.40

0.09

-0.08

8.47

6.93

0.10

-0.03

6.93

693.8

1.69

-0.58

694.0

18.63

0.11

-0.08

18.59

793.3

1.57

0.80

795.0

29.37

0.17

0.13

29.53

1290.0
15.3

0.92
0.11

-1.53
0.08

1285.0
15.36

909.4
237.2
351.5

1.87
3.89
1.31

-0.77
0.25
-4.18

906.9
244.6
346.6

144.5

2.68

-1.15

137.6

predictions of plant performance and profitability.
Figure 4.10 and 4.11 show predictions of gross plant power and efficiency
as a function of ambient temperature, using the calibrated model from plant
integration method II. The figures also show 95 % confidence bounds for these
values, indicating the accuracy of the predictions.
It is clear that predictions at temperatures close to nominal conditions
(283 K) are more accurate. This is because there were more measurement
sets available close to nominal conditions. The estimation of the discrepancy
function δ in (4.2), depends on the availability of measurements at various
conditions. To increase the accuracy of prediction at other conditions in future
work, it is recommended to collect more measurements at these conditions, and
further calibrate the models.

4.5

Conclusions and Recommendations

The present chapter has demonstrated the use of Bayesian model calibration
for the determination of unknown parameters of a steady state steam cycle
model on the basis of measurements. The Kennedy & O’Hagan framework
was applied to a gas turbine and bottoming steam cycle model, resulting in
accurate estimation of relevant model parameters and statistical prediction of
relevant process outputs.
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Figure 4.9: Posterior predictive distribution of plant efficiency with stochastic
integration method I and II
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Figure 4.10: Simulated effect of ambient temperature on plant gross power output
(without taking into account anti-icing)

Two methods have been presented for stochastic integration of process
models, of which the inputs of one process are determined by the outputs of
another. In method I, the process models are calibrated independently and the
inter-dependence is represented in the integrated model through convolution.
The probability density functions of predicted outputs of the gas turbine model
are inputs for the steam cycle model. In method II, the interdependence of the
process is mathematically incorporated at an earlier stage: during the sampling
procedure.
The results of individual model calibration and stochastic plant integration
showed a potential for accurate performance prediction, where the addition of
a discrepancy term in the statistical model proved to be effective. The results
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Figure 4.11: Simulated effect of ambient temperature on plant gross efficiency
(without taking into account anti-icing)

indicated that predictions with method I are closer to measured values than
with method II.
The following is recommended for further development and application of
the predictor:
Reducing the required number of inputs To enhance the performance
prediction, some of required inputs to the present models should be specified
differently. The inputs related to plant control, such as turbine inlet
temperature as a function of VIGV angle, can be scheduled. Other uncontrolled
inputs, such as cooling air mass flow fractions and condenser sub cooling, are
related to the main operating parameters (ambient conditions and load setting).
They should therefore be modeled as a function of these operating parameters.
Optimization under uncertainty The resulting calibrated plant performance predictor can be applied in (real-time) operational optimization of
process parameters for efficiency enhancement. With this model, it is possible
to adequately take into account the influence of various uncertainties on the
optimization. This is the subject of chapter 5.
Enhancing the fuel cost function Currently, in the economic deployment of plants, the efficiency as a function of ambient conditions and
load settings (fuel cost function) is often predicted by linearly superposing
correction curves, provided by the manufacturer. With the tool developed in
this chapter, it is possible to construct a fuel cost function, which not only
accurately calculates the influence of ambient conditions and load setting on
plant performance, but also shows the amount of uncertainty with regard to
this. Confidence bounds can be constructed around all trends predicted by the
model. In this way, the reliability of the predictions can be estimated.
Plant model updating Given the fact that all operational process
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equipment is subject to degradation, models can be calibrated and thus updated
continuously, so that the information available about the plant is always
accurate. Optimization and prognosis can be done based on the most recent
knowledge of the process.
Increasing model accuracy Results showed that the standard deviation
of prediction is smaller (so the accuracy is higher) in regions of the input
space where more measurements were available. So, it is recommended to
add more measurements to the calibration process, especially in regions where
measurements are scarce.
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A systemic approach to part
load efficiency improvement
5.1
5.1.1

Introduction
The importance of part load efficiency

Load factors for GTCC plants (the time-averaged ratio of actual power to base
load power) are expected to decrease in the future. This is due to the increasing
share of wind and solar energy conversion systems on the electricity market.
Keeping in mind that many of the GTCC units have been designed for mainly
base load operation, a paradigm shift is necessary to ensure optimal deployment
of the units in future energy markets: part load efficiency, formerly considered
an accessory, is becoming a key aspect of plant operation.
To deploy its power units in an optimal way, it is important for the electricity
company to accurately quantify its requirements, objectives, degrees of freedom
and constraints in plant operation. Thermodynamic models in general are a
useful tool in achieving this. These models can be used to study the effects of
changes in process parameters, configuration and control settings. In this way,
it is possible to asses possibilities for efficiency improvement, which is not only
important from an economical, but also from an environmental point of view.
A selection out of the current chapter has been published in [7].

5.1.2

State of the art

Parametric studies
Wechsung et al. [118] assesses how part load efficiency can be improved
through various modifications to process parameters and equipment topology
(structure) and focuses on steam turbines. A central idea is to apply a modified
83
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sliding pressure control strategy so that the best efficiency is achieved at a part
load operating point, instead of base load. Some of the modification suggested
require severe changes to the existing equipment. Susta and Greth [98] provide
an overview of the long term efficiency improvement possibilities in GTCC
technology.
While the (re-)design of power plants is an interesting subject, it is also
worthwhile to assess how to improve the efficiency of existing plants that
are already in operation, by modifying process equipment and/or conditions.
Srinivas et al. [96] use thermodynamic models of existing plants to analyze
how changes in operating conditions would influence plant efficiency. The
proposed modifications require changes to existing equipment, and thus,
extra investments. Ibrahim and Rahman [39] study the influence of ambient
conditions and process settings on plant efficiency, showing that the turbine
inlet temperature is the most influential operating parameter affecting the
efficiency.
Variny and Mierka [107] present a study focused on increasing part load
efficiency of an existing GTCC plant, solely making use of available equipment
and adjusting operational parameters. They show that efficiency improvement
is possible by using ancillary equipment in a non-conventional way. For
example, they show that using the anti-icing installation at times when it is not
necessary can lead to higher boiler pressures and steam turbine power output,
while gas turbine efficiency is not affected significantly.
Mathematical optimization tools
Due to the complexity of practical energy systems in general, it is impossible
to evaluate all design and operational possibilities. Mathematical tools can aid
decision makers in the process of improving system performance. Frangopoulos
[25] describes this, along with other aspects of energy system optimization.
The optimization problem in general is mathematically formulated as follows:
optimize the objective function f (x) with respect to the independent variables
x, where f (x) can be subject to equality and/or inequality constraints.
Important aspects of energy system optimization are
• Formulation of the objective(s)
• Determining the degrees of freedom and extent of the optimization
• Specifying the constraints
• Choice of solution methods and algorithms
Firstly, adequately formulating the objective function is of paramount
importance in achieving the desired goal of optimization. The objective
function for the current study includes the net thermal efficiency of the plant,
and, at a later stage, a set point value for the plant power output or the outlet
temperature of the exhaust gases flowing through the boiler.
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The variables xi can be either fixed circumstances for the optimization
(such as ambient conditions), or decision variables: the variables that are to
be chosen optimally. In general, optimization can be performed at various
levels, depending on which features of the process are considered to be fixed,
and which are variable [25]. In the plant conceptual design phase, process
topology, equipment sizing and characteristics, and process parameters may all
be variable. After this, topology can be fixed to fine-tune other aspects.
When the improvement of an existing plant is considered, during the
operational phase, changes to process topology become difficult to consider,
while changes to equipment characteristics can be considered, if the available
budget allows this. If not, then only operational parameters are variables in
the optimization. In the current study, economics are not considered, cost
functions are not involved in the objective function, and changes to process
equipment are not part of the specified degrees of freedom.
Often, the optimization problem is subject to constraints, which can be
attributed to availability of equipment, safety and quality considerations, and
various other reasons. In addition, the decision variables are often bounded.
The mathematical solution strategies for optimization problems vary with
respect to the use of derivatives of the objective function, the underlying
philosophy, the capability of handling non-smooth functions, handling bounded
decision variables, and handling stochastic functions, among others. Frangopoulos [25] provides an overview of methods that are used in practice, while
Weise [119] describes global optimization, a particular group of methods for
which the result of optimizations does not depend greatly on the starting
point specified by the user, hence the term global instead of local optimization.
Rios and Sahinidis [84] compares practical implementations of derivative free
algorithms on various software platforms.
A particular type of optimization method is the genetic algorithm, a type
of evolutionary algorithm [37]. This is a global method aiming to simulate the
evolution of natural organisms by natural genetics and natural selections [25].
The value of the objective function, or ’fitness’, is evaluated for all members
of an initial set, or ’population’, of points in the decision variable space. New
populations are then created consecutively by inheriting from those members
of the previous population with better fitness values, and by crossover and/or
mutation of members from the old population. Holland [37] introduced these
methods as adaptive algorithms. The idea of adaptation can be applied to
power plant operation: the plant should perform well in an ever-changing
environment.
Finally, the optimization of (computationally) expensive simulation models
can be enhanced by applying meta-models or surrogates [12, 43, 117]. In
this approach, empirical models are created from a finite set of samples of
a simulation code. The optimization algorithm uses the surrogate for function
evaluations as much as possible. The accuracy of the surrogate plays an
important role in this approach, and it depends on the amount of samples used,
while the computational expense becomes larger with more samples. This is
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the trade-off between accuracy and computational expense.
Optimization studies in the design phase
Concerning the study of combined cycle performance optimization, many
studies have been reported in literature, ranging from conceptual design to
detailed engineering. In these studies, process structure or topology may or
may not be considered during optimization.
Woudstra et al. [121] conceptually optimize the boiler pressures of single,
double, and triple pressure boilers in GTCC configurations after performing
a second law analysis on the plant. The concept of internal exergy efficiency
is shown to be useful in this context. Koch et al. [49] demonstrates design
improvement of a GTCC, also considering variations in process structure by
starting the optimization procedure from a so called superstructure, which aims
to include as many (less intuitive) possibilities as possible in the prior structure.
The authors apply evolutionary algorithms for the optimizations, and analyze
the resulting optimum designs with respect to exergy losses of components to
discover the underlying reasons for efficiency improvement. Some studies focus
on one component of the plant, such as the heat recovery steam generator
[23, 24, 122], and gas turbine technology level is assumed to remain constant.
Ahmadi et al. [1] apply a broad perspective by considering the optimization
of a GTCC plant design, taking into account second law-thermodynamic,
economical, and environmental issues. They apply evolutionary algorithms for
the optimizations. Rovira et al. [86] considers thermo-economic optimization of
a plant design, focusing on the heat recovery steam generator, while accounting
for the fact that the plant will operate in part load for a certain amount of time.
In some cases, this leads to a different design than in case of considering only
base load operation in the objective function.
Pires et al. [75] present a thermo-economic optimization study for a (heat
and power) cogeneration system. They demonstrate that it is possible to speed
up plant design optimization by using a response surface in the optimization
loop: a surrogate for the (computationally expensive) thermodynamic simulation code. There is always a trade-off between computational speed and the
accuracy of the response surface. Various strategies and algorithms are applied
and their performance with respect to a benchmark problem is compared.
Optimization using the original code is compared to using the response surface
method combined with various optimization algorithms.
Optimization studies in the operational phase
In many cases, there is still room for improving the efficiency at various operational conditions after a plant has been built and commissioned. Consideration
of operational aspects in optimization power plants is more common in the
field of heat and power co-generation. Magnani and de Melo [62] apply a
task configuration system to thermo-economically optimize both the design and
operation of a cogeneration plant. Vieira et al. [110] economically optimizes
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a GTCC co-generation plant with respect to the operational parameters.
Thermodynamic models are run in off-design mode for the optimization. Gaing
[27] applies genetic and particle swarm algorithms for economically optimizing
the load dispatch of plants, considering relevant (non-smooth) constraints.
Optimization under uncertainties
Gelman et al. [28, Chapter 6] states that in stead of asking whether a model
is true or false, it is more realistic to ask whether the models deficiencies
have a notable effect on essential inferences. When optimization procedures
are applied to models, which are simplifications of reality and subject to
uncertainty, or when the input variables for the objective function of an
optimization are subject to uncertainties, the question arises whether the
calculated optimum inputs are reliable.
The optimization of power plant efficiency is not an exception to this. If
plant optimization would be applied during real time operation of a plant,
when a certain amount of power is demanded by the market, the uncertainties
occurring in this process would be:
• Unpredictable ambient conditions
• Unpredictable fuel composition
• Model uncertainties
The field of optimization under uncertainty (OUU) proposes methods
of dealing with these issues. Wang and Shan [117] discusses the use of
meta-models in design optimization and addresses the issue of probabilistic
optimization. Swiler et al. [99] provide an overview of methods and applications
in optimization under uncertainty. They distinguishe between notional OUU,
robust design OOU and reliability-based design OUU. Notional OOU denotes
optimization of an objective function which depends on uncertain parameters
that cannot be controlled. Robust optimization aims to optimize the expected
value of an objective function. When a low probability response (i.e., a risk) is
to be minimized the problem is formulated as a reliability-based optimization.
Sahinidis [87] discusses various mathematical formulations and solution
methods related to optimization under uncertainty, reviews the current state,
and addresses future challenges. He defines ’flexibility’ as the range of uncertain
parameters that can be dealt with by a specific design or operational plan.
Jin et al. [42] describes how surrogates can be used for the specific
situation of optimization under uncertainty. They apply three response surface
methods on a test problem taken from literature, and demonstrate that Kriging
surrogates give the best overall results, but are the most (computationally)
expensive. Boksteen et al. [4] have demonstrated that calibrated surrogate
models can be constructed using Bayesian inference. This is shown to be
effective for power plant efficiency prediction.
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Focus of the current study and chapter overview

To the best of the authors knowledge, no study has been presented in literature
yet where the operational parameter space of gas turbine combined cycles
is explored in a holistic way using off-design simulations to reveal potential
operational improvements. And no study has been found where operational
efficiency improvement is considered for these plants, taking into account
modeling uncertainties.
The present chapter presents a method for exploring the complete operational parameter space of energy systems to identify global clusters or
operational regimes. This can reveal possibilities for performance improvement.
Furthermore, the chapter describes a method of optimizing energy systems, taking into account modeling and operational uncertainties. Although operational
costs are not considered in the current study, the context of economic load
dispatch, as described in the introduction, is kept in mind.
Because the study involves sequential steps where certain choices depend
largely on results of previous steps, the chapter is not divided into one method
and one results section. Instead, each method is proposed and then applied to
the KA-26-1 GTCC case study in a separate section.
First, the chapter proposes a structured way to analyze the improvement
possibilities of an (existing) energy system. The operational parameters that
can be used as decision variables (i.e., degrees of freedom) should be found and
their effect on performance studied. They can then be used in optimization
strategies.
After this, a model built in the Thermoflex process simulation code is
optimized with respect to efficiency at part load operational settings, with
the decision variables that have been identified.
Next, a Gaussian process surrogate model is created from Thermoflex
simulator input-output data. The validity of optimization using the surrogate
model is assessed by comparing the results with those of the original Thermoflex
code optimization under the same circumstances.
Finally, the influence of model uncertainty on optimization is assessed by
using the calibrated emulators from Chapter 4 in the objective function for
calculating the plant efficiency. The expected value of the efficiency is then
optimized with respect to the decision variables.
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5.2

Assessment of efficiency improvement potential

5.2.1

A method for exploration of the operational parameter
space

Determining the degrees of freedom
Before attempting to optimize an energy system, the parameter space can be
explored to reveal the various degrees of freedom in the system, and to reveal
explicit and implicit causal relations between the parameters, the performance
of individual components, and overall system performance. In this section,
methods are proposed to achieve this, and applied to a practical case study.
When assessing the possibilities to improve system performance, the
adjustments necessary for this can be categorized into:
• Adjustments requiring changes to the equipment (hardware), and thus
requiring extra investment
• Adjustment of process parameters exceeding operational constraints
given by the manufacturer
• Adjustment of process parameters within the operational constraints,
utilizing available equipment in an alternative manner
To study the feasibility of adjustments that require extra investment, the
technical analysis can be combined with economic analysis. The field of
exergo-economics deals with the combination of economical and second-law
thermodynamic analysis.
In existing plants, the manufacturer specifies various constraints, based on
safety considerations, and based on an overall economic analysis, involving
a maintenance plan. For example, turbine inlet temperatures are fixed,
sometimes as a function of the power setting. With the given turbine inlet
temperatures, an expected deterioration rate is derived. The maximum amount
of equivalent operating hours before preventive maintenance depends on this.
After a guarantee period, the plant operator can choose to explore or even cross
these boundaries, in order to achieve higher performance, because the settings
have been optimized from the point of view of the manufacturer. Both the user
and manufacturer aim to maximize their revenues, but the way they calculate
revenues may differ significantly.
Finally, there are some operational parameters that can be freely adjusted
without compromising process constraints. Mostly, these are control settings
for valves used for specific situations, which can be creatively deployed by not
only using them for the situations for which they are originally intended. For
example, the anti-icing system uses steam to warm up gas turbine inlet air in
situations where the air humidity is above, and the ambient temperature is
below a threshold value. This should prevent ice formation at the compressor
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stage, which can cause damage downstream. Generally, various ancillary
equipment is installed to achieve specified operational objectives for a GTCC.
The current study considers changes in process parameters within OEMspecified constraints, as well as possibilities to cross these boundaries. Economics and hardware modifications are not considered.
First, all possible operational adjustments are listed, including all operational boundaries that may be exceeded. Then, the effect of exceeding
some OEM-specified constraints is explained in terms of implications for
process safety and maintenance. After this, one may choose which operational
parameters to use as variables when assessing system improvement possibilities.
Overall efficiency in relation to component exergy losses
In a previous chapter (Sec. 3.4.2), the operational parameters in the thermodynamic plant model have been varied randomly and simultaneously between
operating boundaries which can be expected to occur in The Netherlands.
For all samples taken from the code, the exergy destruction rates of major
components, as well as overall plant efficiency, have been calculated. The term
numerical experiment was used to denote a set of numerical simulations, where
the inputs are dictated by a design of experiment (DOE) method.
Despite the randomness of the operational conditions in this numerical
experiment, mutual plots of the exergy destruction rates in the components
revealed correlations (Fig. 3.8). After a global sensitivity analysis, this section
presents a method of exposing distinct operating regimes based on the exergy
loss data from the numerical experiment. This information can be used to
identify opportunities for efficiency improvement.
In a previous section, exergy losses in major components were compared
for a base load and part load operating point (Fig. 3.4). The attemperators
and the cold reheat steam bleed valves were shown to differ significantly going
from base to part load: these valves become necessary in part load, due to
the constraints in the process. Attemperators are used if steam turbine inlet
temperatures are to be kept constant, and the cold reheat bleed valve is used for
compensating the heat balance of the de-aerator; the stack outlet temperature
can be regulated with this bleed steam.
The individual components exergy loss data and the overall plant efficiency
data that have been recorded during the numerical experiment may exhibit a
causal relation. This is because the sum of exergy losses contributes to the
internal exergetic efficiency of a plant, and thermal efficiency is the product
of internal exergetic efficiency and theoretical Carnot efficiency [121]. The
components whose exergy losses show a strong correlation to plant efficiency,
under random variation of inputs, are the major contributors to overall system
irriversibility. This correlation can be quantified by calculating the correlation
coefficients between overall efficiency and component exergy losses, using the
data from the numerical experiment.
After the most influential component has been identified, a further analysis
can reveal which operational inputs are mainly responsible for the exergy
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losses in this particular component. Analysis of variance, also known as global
sensitivity analysis [93], can be applied, where the components exergy loss is
specified as the output, and operational parameters are inputs. This should
reveal the sensitivity of the exergy losses to process parameters. Furthermore,
the decision variables that are to be used in optimizations, can be ranked
with respect to their influence on irriversibilities in the process, which adds to
the understanding of the system. For the mathematical background of global
sensitivity analysis, see Appendix B.
Identification of operational regimes with clustering algorithm
The data from the numerical experiment may be further exploited. As a next
step, a scatter plot of the exergy losses of the most influential component(s)
against overall plant efficiency may reveal extra information about the causal
relation between the individual losses and the plant as a whole. This can be in
the form of visible operational regimes or data clusters. The approach is here
to first plot the data, and, if clusters can be visually identified, apply statistical
classification techniques to determine the most likely data clusters and assign
a cluster label to each data point.
The classification problem can be described as follows: categorize the
data in a set by assigning one of a specified amount of classes to each
member of the set [79, Chapter 3]. A convenient clustering algorithm for the
current application is the Gaussian mixtures model [73], a type of Bayesian
classification technique that does not require prior information with regard to
cluster sizes, cluster centers, and the form of the discriminant. The statistical
toolbox of the Matlab software [40] package contains an implementation of this
algorithm.
After determining appropriate clusters for the exergy loss versus plant
efficiency data, one may inspect how these clusters are reflected in the
operational inputs that were varied in the original set of simulations. By
selectively plotting the samples belonging to each cluster in the input parameter
space, regimes may be recognized, if present. For example, if the samples
belonging to cluster 1 are all found to correspond to ambient temperatures
above a certain value, then ambient temperature is one of the dominant inputs
that are responsible for the clustering. This method has been applied to a
practical case and the results are presented in the next section.

5.2.2

Application, results and discussion

The procedures described above have been applied to the KA-26 plant case
study. The controllable and uncontrollable parameters in the thermodynamic
model in Thermoflex have been listed in a previous chapter, in Table 3.1.
The gas turbine TIT settings are considered to be inflexible within the
current study. Assessing the effect of adjusting these would require detailed
information about blade cooling and temperature distribution, which is not
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available to the author, and is not likely to be accessible to plant operators in
general.
Table 5.1: Investments required for and effects of exceeding operational boundaries
(adjusting GT internal temperature controls not considered)
Decision variable

Investment necessary
for exceeding limit

Effect of exceeding limit

Cooling water mass
flow (continuous
variation)
HPS-ATT set point T

Variable speed pump

-

-

IPS-ATT set point T

-

Natural gas preheat set
point T
Gas turbine exhaust
set point T

Requires replacement
of gas pressure sensor
-

Exceeding steam turbine
inlet temperature may lead
to damage/extra
maintenance
Exceeding steam turbine
inlet temperature may lead
to damage/extra
maintenance
May lead to pressure sensor
damage
May lead to damage/extra
maintenance in HRSG

The parameters exceeding operational boundaries are listed in Table 5.1,
which also explains the effects of the excess of certain operational boundaries
given by the manufacturer in terms of implications for process safety and
maintenance. After this analysis, one may choose to use or not to use
these parameters as decision variables when assessing system improvement
possibilities. See Fig. 3.1 for a process flow scheme of the plant.
The amount of cooling water flowing through the condenser is determined
by the cooling water pump. In order to enable continuous variation of this mass
flow between an upper and lower bound, a variable speed pump is necessary,
which requires extra investment. The high and intermediate pressure steam
attemperators are there to control the entry temperatures of steam for these
turbines. Exceeding these temperatures may affect the structural integrity of
the turbines.
Before natural gas is led to the combustion chambers of the gas turbine, it is
preheated with hot water from the heat recovery steam generator. The set point
temperature for this is mostly fixed. Exceeding the maximum temperature may
have a positive effect on plant efficiency but there is a pressure sensor installed
after this pre-heater, which has a maximum operation temperature.
Gas turbine exhaust temperature affects the efficiency of the heat recovery
steam generator directly. This temperature is limited due to constraints of the
materials in the steam generator. The turbine inlet temperature and cooling
flow settings of the gas turbine are not mentioned in the table. Assessing the
effect of adjusting these would require detailed information about blade cooling
and temperature distribution, which is not available to the author, and is not
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likely to be accessible to plant operators.
For the remainder of this section, the gas preheat and the gas turbine
exhaust set point temperatures are considered to be inflexible. All controllable
parameters listed in Table 3.1 are treated as degrees of freedom. It should be
noted that although the de-aerator set point pressure is kept constant (at 0.199
bar) throughout normal operation, it is treated as a degree of freedom for the
current study. Exceeding this boundary is not expected to have a major effect
safety or maintenance, so it has not been listed in Table 5.1, where these effects
are presented.
Table 5.2: Normalized correlation coefficients of component exergy losses w.r.t. plant
efficiency

Component
LP steam turbine
Gas turbine
HP boiler
First HP super heater
HP attemperator
HP steam turbine
IP attemperator
Condenser
Stack
First IP super heater
IP steam turbine
De-aerator

Correlation
coefficient
-0.83
-0.72
-0.69
-0.68
-0.58
-0.57
-0.56
-0.54
-0.50
-0.45
-0.41
-0.26

To quantify the causal relation between plant overall thermal efficiency and
exergy losses in individual components, the correlation coefficients between
these two have been calculated with the available function in the Matlab
software environment [40]. In Table 5.2, plant components are listed in order
of magnitude of the correlation coefficients with respect to plant efficiency.
It appears that the variance in plant efficiency has a stronger relation to
the variance in low pressure exergy losses than the gas turbine exergy losses,
although the gas turbine always contributes to a larger fraction of the total
exergy loss in the plant (see Fig. 3.4). So, while the gas turbine contributes
the most to the mean value of plant efficiency, the low pressure steam turbine
contributes the most to the variance. This distinction contributes to the
understanding of (part load) operation.
After the low pressure steam turbine was identified to be the largest
contributor to the variance in plant efficiency, the sensitivity of this component
to the variances in operational parameters was studied. The method of
analysis of variance was used for this. Table 5.3 displays the sensitivity
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Table 5.3: Sensitivity indices of operational parameters w.r.t. LPST exergy loss

Uncontrollable parameter

Cooling water T
GT load setting
Ambient pressure
Ambient temperature
Ambient air humidity
Fuel methane content

Main Effect SI
w.r.t. LPST
exergy loss

Total Effect SI
w.r.t LPST
exergy loss

5.74E-01
5.97E-02
3.60E-03
2.86E-04
1.47E-05
8.48E-06

7.43E-01
1.05E-01
7.20E-03
9.26E-04
3.24E-04
2.08E-04

1.66E-01
5.92E-03
5.45E-04
1.59E-05
3.71E-05
2.90E-05
4.08E-05
1.37E-05
1.00E-05

3.41E-01
1.82E-02
1.15E-03
6.48E-04
3.66E-04
2.87E-04
2.83E-04
2.56E-04
1.59E-04

9.01E-06
1.67E-05
6.41E-06

1.07E-04
7.88E-05
4.32E-05

Controllable parameter
Cooling water mass flow
Cooling water bypass fraction
Steam flow GT air preheat
IPST inlet valve ∆p
Cold Reheat bleed
LPST inlet valve ∆p
IP attemperator set point T
HPST inlet valve ∆p
Fraction of IP steam for GT air
preheat
HP attemperator set point T
Feed water bypass flow
De-aerator pressure

indices of controllable and uncontrollable process parameters, ranked in order
of magnitude.
The fact that the cooling water temperature and mass flow have the largest
influence on the low pressure steam turbine is not surprising, because these
parameters affect the condenser pressure, and with this, the low pressure steam
turbine back pressure and exhaust losses.
The gas turbine load has the second largest sensitivity index. This is an
overall dominant parameter in plant operation.
The influence of the amount of steam used for gas turbine inlet pre-heating
is relatively large. This is because it influences the steam cycle in two ways
simultaneously: directly, due to the steam not being available for expansion in
the steam turbine, and indirectly via the gas turbine.
Having found that the low pressure steam turbine is the largest contributor
to the variations in plant efficiency, a scatter plot of the plant efficiency and
LPST exergy loss is calculated for each simulation for each simulation, see
Fig. 5.1. After doing this for the current case, it appeared that operational
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Figure 5.1: Scatter plot of the operational space of low pressure steam turbine exergy
loss and plant efficiency; contours of Gaussian mixtures clusters

clusters could be identified. The operational regimes have been quantified
using Gaussian mixture classification, resulting in the probability contours in
Fig. 5.1.
Three regions could be identified: a region of smaller losses in the LPST
(cluster 1), a region of higher plant efficiency (cluster 2), and a region where
plant efficiency is relatively low and LPST losses are relatively high (cluster
3). A careful conclusion is that in this last region, the lower plant efficiencies
are caused by high losses in the LPST.
After selectively plotting the samples of each particular cluster, the cooling
water temperature and the gas turbine load setting were found to be the
operating conditions that are responsible for the clustering: the cooling water
temperatures associated with the samples belonging to cluster 1 are shown in
Fig. 5.2. In the original numerical experiment, this parameter was uniformly
distributed between 0 and 25 ◦ C, while the members of cluster 1 have cooling
water temperatures mostly smaller than 15 ◦ C.
A similar analysis revealed operational regimes with respect to the gas
turbine exergy losses, see Fig. 5.3. The general trend here is that higher values
for the exergy loss correspond to higher gas turbine power settings (closer to
base load), and higher efficiencies. This result is not surprising: part load is
accompanied by efficiency degradation.
With this analysis, the dominant factors determining plant efficiency have
been revealed, and analyzed. This information can help the operator in decision
making and strategic operational planning.
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Figure 5.2: Cooling water temperatures associated with cluster 1 in Fig. 5.1
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Figure 5.3: Scatter plot of the operational space of the gas turbine exergy loss and
plant efficiency; contours of Gaussian mixtures clusters

5.3
5.3.1

Deterministic efficiency optimization
Method

Software platform
This section describes how optimization algorithms can be applied to assess the
possibilities of increasing plant efficiency under various operating conditions.
A Thermoflex model can be manipulated via Excel through the E-link add-on
included in the Thermoflex software. Data exchange between Matlab and Excel
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is also possible through component object model (COM) technology [40].
As a first approach, the objective function for optimization can be
formulated as the net efficiency calculated by the Thermoflex model. The
optimization variables and objective function value are exchanged through a
Matlab-Excel-Thermoflex software architecture, where Matlab is the platform
from which executions are directed. The optimizations are performed using
the genetic algorithm as implemented in the Global Optimization Toolbox in
Matlab software environment.
Optimization with power constraint
In all practical cases, the shaft power output of the plant is kept constant
during optimization, to mimic the situation of economic load dispatch, where
the output is demanded by the market, and the fuel consumption depends on
the process settings, which can be adjusted by the operator.
When an optimization has been performed, and the optimal settings of
decision variables have been found, it may not be clear what is the underlying
cause of efficiency improvement at those particular conditions. To further
analyze the effect of the optimization, an exergy calculation can be performed
for the base case compared to the optimum case. The exergy losses in major
components are then compared; the components with the largest change in
exergy loss are then the main reason for the optimization.
Optimization with a surrogate model
As surrogate models present an opportunity to speed-up the process of
optimization, the feasibility of using them for optimization is assessed. The
surrogate is built on a finite amount of uniformly distributed samples in the
operational input space. The algorithm used to build the surrogates is the
Gaussian process, which was also used in Chapter 4. The GPMSA code [35] in
the Matlab environment is once more used here.
Surrogate models are empirical models used as a substitute for (computationally) expensive simulation codes. A surrogate is created for the Thermoflex
plant model, because of the limited availability of the Thermoflex code, and to
assess the feasibility of plant optimization with surrogate models.
After optimizing the original Thermoflex code at specified operational
conditions, the surrogate model is evaluated at equal conditions using the
default parameter settings and then the optimized parameter settings, to check
that the surrogate gives the same results. Then, the surrogate model is used
for optimization under identical operational conditions for further validation.
The constraint of a specified power output is implemented differently
here. After the set point power has been specified, the absolute value of the
difference between actually produced power and set point power is included
in the objective function, so that this difference is minimized while efficiency
is maximized. This is possible through the multi-objective genetic algorithm
available in the Global Optimization Toolbox in Matlab. If proven accurate,
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the surrogate can be used for optimizing plant performance under a variety of
conditions.
For the current study, 3 strategically chosen operating points are optimized
with respect to efficiency, which is in accordance with the fact that 3 operational
regimes have been identified in Sec. 5.2.1. The optimizations are performed at
operating conditions corresponding to the epicenters of the clusters identified
in that section. It is expected that the optimal settings of decision variables
depend on the conditions of the chosen operating point.
If a plant has a discrete decision variable, this can be included in the
optimization. For example, an operator may have the choice of using one
or more cooling water pumps. In this case, there is a trade-off between the
amount of power required for the extra pumps and the exergy losses in the
low pressure steam turbine and condenser. A.3 explains how to estimate the
amount of power required for the cooling water pumps. Cooling water pump
power is subtracted from the shaft power produced by gas and steam turbines.
Furthermore,the amount of samples drawn for evaluating the surrogate in
the GPMSA code has a direct effect on speed and accuracy, and a trade-off can
be made. If more samples are drawn, the the evaluation becomes more accurate,
but also requires more time. If the required accuracy of the simulation outcome
is not crucial, as is the case for choosing the number of cooling water pumps
to be used, approximately 50-100 samples are sufficient.

5.3.2

Applications

In this section, deterministic optimizations of various operating points of the
KA-26 GTCC plant are presented. The case studies involve optimizations at
various operating conditions.
In the first case, the plant model used for the optimization is based on
heat balance sheets, as contracted between the supplier, Alstom and buyer,
Electrabel: the drawing-board layout. It is based on information typically
available at an early stage of plant operational history. Strategic decisions were
made (at an early stage) based on the results of this preliminary optimization.
The study also involves operating points based on a model of the actually
built plant. The differences in layout between the drawing board and actually
built plant are: some heat exchangers in the original design were omitted during
construction, and an extra feed water bypass was installed to cool the high
pressure boiler inlet water if necessary. The control settings in the actual
plant are also different from the specification in the heat balance sheets. In
the contracted flow sheets, the set point pressures of feed water pumps were
kept constant throughout part load, while in the actual plant, the boiler inlet
valves are constantly adjusted as the boiler pressure varies, so that the pressure
differences between feed water pumps and boilers are constant.
Furthermore, in the original heat balance sheets, the outlet temperature
at the stack is kept constant at 75 ◦ C (throughout part load) by bleeding
intermediate pressure steam to the de-aerator, which is explained in more detail
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in Sec. 3.3. In the most recent control settings of the actual plant however,
this temperature is not kept constant, and is allowed to drop below 75 ◦ C.
The KA-26 plant with drawing-board configuration and control settings
The configuration of the steam cycle of the drawing-board configuration can be
seen in Fig. 3.3. The procedures applied in this case are applicable to (future)
plant owners who which to gain an advantage at an early stage by optimizing
a plant model based on available information.
The ambient conditions used for this optimization are based on a normal
day, 13 ◦ C ambient temperature, and the GT load setting is approximately
60% of nominal load. Because this model has been built at an earlier stage
of plant operation, where less information was available, the decision variables
used in this preliminary case are limited to:
• The fraction of cooling water that is recirculated
• Fuel heating set point temperature
• GT inlet air preheat set point temperature
• Fraction of intermediate pressure steam used for the air preheater.
The effect of this optimization on the exergy losses in the steam cycle
components were analyzed by subtracting the losses in the original case and
the optimized case. Results are presented in Sec. 5.3.3
Optimization of operational parameters in the configuration as built
This section describes optimizations that were performed using plant models
based on the configuration as it was actually built by the supplier (see Fig.
3.1).
Table 5.4: Operational conditions for deterministic efficiency optimization of plant
as-built

Ambient temperature /◦ C
Ambient pressure /bar
Ambient air relative humidity /%
Cooling water T /◦ C
Volume percentage of methane in fuel %
Condenser cooling water mass flow /(kg/s)

0
1.011
70.86
5.0
85.2
6165

The first case involves optimization of the net plant efficiency calculated
in a Thermoflex model. Running the model is incorporated in the objective
function. The ambient conditions used for this case are shown in Table 5.4.
The net power output of the plant was specified as a constraint within the
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Thermoflex model to simulate the situation of economic load dispatch. For
this case, power output is fixed at 285.8 MW. The decision variables are listed
in Table 5.5 with their respective intervals for optimization.
Table 5.5: Decision variables for efficiency optimization with intervals

Decision variable

Range

Cold Reheat bleed mass flow
De-aerator set point pressure
HPST inlet valve pressure drop
IPST inlet valve pressure drop
LPST inlet valve pressure drop
Feedwater bypass mass flow /(kg/s)
Fraction of IP steam for anti icing
Fraction of cooling water not recirculated
Mass flow steam used for GT inlet air warming

0-3 kg/s
0.195-0.23 bar
0-10 bar
0-5 bar
0-1 bar
0-3 kg/s
0-1
0.7-1
0-5 kg/s

After optimization, exergy losses in major components are calculated for the
default settings of decision variables, and compared to the optimized settings
to find the underlying reasons for efficiency improvement.
In Fig. 5.1, three distinct operational regimes could be recognized based on
the clustering of data from a numerical experiment involving the exergy losses
of components. The operational conditions corresponding to the three centers
of these clusters are expected to represent significant differences with respect
to the exergy losses in the system.
Table 5.6: Operational conditions for operating points on 3 cluster centers

GT load setting
Ambient temperature /◦ C
Ambient pressure /bar
Ambient air relative humidity /%
Cooling water T /◦ C
Volume percentage of methane in fuel /%

Cl. 1

Cl.2

Cl.3

50.1
5.85
1.06
66.82
12.6
86.62

91.05
1.81
1.025
74.25
9.29
87.52

59.9
24.17
0.999
65.57
23.57
84.58

Three samples in the vicinity of these cluster centers were selected to
perform an optimization at the respective operational settings, see Table 5.6.
In the KA26 plant as built in Lelystad, the cooling water is circulated using
either one or two feed water pumps. For each of the three cases, a quick
analysis was done to determine whether one or two pumps are to be used, for
higher efficiencies. In all three cases, using two feed water pumps proved to
give higher efficiencies. If an algorithm is available that can handle discrete
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variables combined with multi-objective optimization, then the decision for
using one or two pumps can be incorporated in the optimization. However,
such an algorithm has not yet been encountered by the authors.

5.3.3

Results and discussion

Optimization with drawing-board control settings
As a preliminary study, a part load operating point was optimized, where the
constraints in the plant model were specified according to strategy outlined in
heat balance sheets provided by the manufacturer prior to construction of the
plant. Ambient temperature was 13 ◦ C.
Table 5.7: Optimum decision variables in preliminary optimization of drawing board
plant

Normal Day
part load

Cooling
water bypass
fraction

Fuel
preheat
T

Air
preheat
T

Fract. IP
steam for air
preheat

Upper Bound
Optimum input
Lower Bound

0.1
0.018
0

165
162.16
150

20
15.207
13.81

1
0.244
0

By optimally choosing the decision variables listed in Table 5.7, the
plant net efficiency could be increased from 57.04% to 57.07%, which is
small compared to the uncertainties that can be expected in the calculated
efficiencies. Nevertheless, the results can instruct the operator about the
potential of improvements that can be achieved when more decision variables
are involved in the optimization.
The resulting cooling water bypass fraction is small: approximately 200 of
the 12000 kg/s is bypassed. Fuel preheat set point temperature is higher, so
this feature is beneficial for overall plant efficiency. Despite these results, this
is not done in the actual plant. The reason for this is that some sensors may
be damaged at temperatures higher than 160 ◦ C. Furthermore, the gas turbine
inlet air is preheated to approximately 1.4 degrees above ambient, and for this,
1/4 fraction of intermediate pressure steam is used, while 3/4 of low pressure
steam is used.
Exergy losses for the base and optimum case were compared; the result is
shown in Fig. 5.4. Reducing the reheat steam bleed and stack losses are shown
to be the main reasons for efficiency improvement. This study was done shortly
after the commissioning of the plant. After this information became available,
control settings were adjusted to mitigate the need for the bleed steam, and
the requirement of a minimum stack temperature of 75 ◦ C was relaxed. With
the current settings, the steam bleed is hardly used.
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Figure 5.4: Effect of preliminary optimization on exergy losses of steam cycle
components in drawing-board plant

After optimizing the plant for a hot and a cold day, it was found that for
a hot day, only heating up the fuel was beneficial for plant efficiency: all other
settings were found to be equal to default settings after optimization. For a cold
day, the efficiency increase was larger and the main reason for the improvement
was found to be the reduction in reheat steam bleed.
Optimization with current control settings
The efficiency was optimized using a model that is in accordance with the KA26 plant, as it was built in Lelystad, The Netherlands, with decision variables
as listed in Table 5.5. Under ambient conditions as specified in Table 5.4,
the optimization result was an increase in efficiency from 57.7 to 57.8 %. If
this amount of increase in efficiency were to be achieved in practice, it would
mean a significant reduction in fuel cost. Figure 5.5 shows how the population
has evolved in the genetic algorithm. The algorithm used is a minimization
algorithm, so to maximize efficiency, the objective function was formulated
as a negative efficiency. As can be seen, further improvement may have been
possible. This could not be realized due to limited availability of the Thermoflex
code.
The optimum settings for decision variables are shown in figure 5.6. The
settings that differ significantly from default settings are: the amount of steam
used for inlet air warming, high pressure steam turbine inlet valve pressure
drop, and de-aerator pressure.
Analyzing the results of exergy calculations for the base and optimum case,
see Fig. 5.7, it appears that the losses in the gas turbine are reduced as a result
of the optimization. By heating the inlet air while turbine inlet temperature
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Best: −57.8164 Mean: −57.7031
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Figure 5.5: Plot of the best and mean values of populations in a genetic algorithm
applied to a model of the plant as built (negative efficiency objective because algorithm
minimizes)

settings remain constant, the required fuel flow is reduced. Stack losses are
reduced because the exhaust gas mass flow is reduced.
Optimization with current control settings using surrogate model
To assess the accuracy of the surrogate, the optimum inputs calculated with
the original model were used as inputs in the surrogate model. If accurate, the
surrogate should display the same difference in the efficiency values. With a
surrogate model based on 300 samples, the difference in efficiency between base
case and optimum settings was -1.2 %, while with a surrogate model based on
450 samples, the difference was +1 %. With the original code, the difference
was 1 %, so the surrogate based on 450 samples is accurate enough. Using 300
samples or less is not recommended.
Figure 5.8 shows the Pareto front of the optimization with two objective
functions: maximization of efficiency and minimization of deviation of power
from set point. As can be seen, there is a trade-off between these objectives.
0.02 % extra efficiency means a 5 MW larger deviation from the power set
point.
Figure 5.9 displays the optimal inputs for the reference case as calculated
with the surrogate model. The inputs for which the optimum values in the
reference case were very close to the upper or lower bounds, were not used
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Efficiency increase from 57.70 to 57.82%

Mass flow steam for GT inet air warming
Fraction of cooling water not recirculated
Feedwater bypass mass flow /(kg/s)
Fraction of IP steam for anti icing

Default setting
Optimized setting

LPST inlety valve pressure drop /bar
IPST inlety valve pressure drop /bar
HPST inlety valve pressure drop /bar
Deaerator pressure /bar
Cold Reheat bleed /(kg/s)

Figure 5.6: Result of reference case optimization; optimal inputs compared to default
inputs (normalized to [0 1] domain with 0 left)

as decision variables in the surrogate case. In stead, these inputs were fixed
according to the resulting optimum settings of the previous optimization.
It appears that the optimum inputs for the steam flow for inlet air warming
and the HPST inlet valve pressure drop settings are approximately equal for
both cases. However, the surrogate model predicts that adding feed water
bypass and increasing the fraction of intermediate pressure steam used for inlet
air heating are also beneficial for the efficiency. It is not clear if this is caused
by inaccuracy of the surrogate or by the fact that the original model was not
fully converged (see Fig. 5.5). This should be further investigated.
Figure 5.10 shows the optimal inputs calculated for the three operational
cluster centers (Table 5.6), using a genetic algorithm. As was expected, there is
a reasonable amount of difference between the three cases. Firstly, the amount
of steam to be used for inlet air warming, is only significant in cluster 1, which
corresponds to low load and lower ambient temperature (see Table 5.6). For
this case, the amount of cooling water to be bypassed is nihil, while in the
other cases, bypassing some is recommended. Using some intermediate pressure
steam for inlet air-heating is recommended for cluster 2 and 3, and not for
cluster 1. In all cases, some pressure drop over the steam turbine inlet valves is
recommended, de-aerator pressure is higher than the default setting, and some
cold reheat bleed is recommended.
This analysis has demonstrated that the clusters found in Fig. 5.1
correspond to different operational regimes and that the optimal input settings
are dependent on the regime of conditions that is considered. Clusters 2 and 3
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Figure 5.7: Effect of reference case optimization on exergy losses in components

are not as different as cluster 1 compared to those two.

5.4

Optimization under uncertainties with calibrated emulators

The current section describes a method of optimizing power plant efficiency
at arbitrary ambient conditions and load settings, while taking into account
model uncertainties.

5.4.1

Method

In Chapter 4, an integrated GTCC plant prediction model was developed,
taking into account uncertainties in the gas turbine and steam cycle models.
The model involves GPMSA response surfaces, and predicts plant performance
for a large variety of conditions. Uncertainties in model parameters are
taken into account by sampling from the posterior distribution of a Bayesian
calibration.
The same chapter proposed two methods for integrating gas turbine and
steam cycle models into a single calibrated GTCC plant predictor. By applying
both methods to a hold-out measurement set, it was shown that applying two
separately calibrated models of the gas turbine and steam cycle resulted in a
more accurate prediction, and was computationally faster. For optimizations
in the current chapter, this method is used for predicting plant efficiency.
The previous section has demonstrated that the number of original code

i

i
i

i

i

i
“thesis” — 2014/10/2 — 9:32 — page 106 — #122

i

106

A SYSTEMIC APPROACH TO EFFICIENCY IMPROVEMENT

i

5.4

−0.593
−0.594
−0.595

−Efficiency

−0.596
−0.597
−0.598
−0.599
−0.6
−0.601
−0.602

0

5000
10000
Deviation from Power setting /kW

15000

Figure 5.8: Pareto front of the surrogate model efficiency optimization with fixed
power setting (negative efficiency objective because algorithm minimizes)
Efficiency increase from 59.6 to 59.74%

Mass flow steam for GT inet air warming

Default (lower bound)
Optimized setting

Feedwater bypass mass flow /(kg/s)
Fraction of IP steam for anti icing
HPST inlety valve pressure drop /bar

Figure 5.9: Result of reference case optimization with surrogate (450 samples);
optimal inputs compared to default inputs (normalized to [0 1] domain with 0 left)

samples that are used to construct a surrogate model, influences the accuracy
of the surrogate. In case of a calibrated model that is also based on a response
surface, the amount of initial samples taken from the original code is just
as important. Fig. 4.3 and 4.6 in the previous chapter also demonstrated
the influence of the amount of original code samples on the accuracy of the
respective surrogate models. Based on these results, the predictors used for
optimization in the current chapter are built using 250 and 400 code samples
for the gas turbine and steam cycle models respectively.
It is also interesting to compare the resulting optimum operational settings
(calculated with the calibrated emulator) to optimum settings calculated with
the uncalibrated deterministic model presented in Sec. 5.3.1. Any differences
in results indicate that the calibration is necessary for accurate optimization
results.
For each prediction, unknown parameters are drawn from their posterior
distribution as calculated by the calibration process. The maximum amount
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Mass flow steam for GT inet air warming
Fraction of cooling water not recirculated
Feedwater bypass mass flow /(kg/s)
Fraction of IP steam for anti icing
LPST inlety valve pressure drop /bar

Optimized setting Cl. 3
Optimized setting Cl. 2
Optimized setting Cl. 1
Default setting

IPST inlety valve pressure drop /bar
HPST inlety valve pressure drop /bar
Deaerator pressure /bar
Cold Reheat bleed /(kg/s)

Figure 5.10: Optimal input settings for 3 cluster centers compared to default inputs
(normalized to [0 1] domain with 0 left); the effect of all three optimizations was an
efficiency increase of approx. 0.1%

of samples available for this application equals the amount of Monte Carlo
samples used for the calibration (excluding burn-in samples).
When applying the emulator to make predictions and optimize efficiency,
the amount of samples to be drawn for each prediction should be specified.
Using more samples results in more accurate predictions, but also in a longer
duration of the optimization. Figure 5.11 shows how the efficiency prediction
converges as the amount of samples is increased. For the current application,
700 samples were used for each prediction, because the accuracy does not
increase notably if more than 700 samples are used. The efficiency increase
due to optimization is expected to be in the order of 0.001%.
As in the previous cases, plant power output is added as a second objective
to the optimization, to simulate realistic conditions, where a power plant
dispatcher should comply to the power output that has been agreed to (with
the buyers). Just like plant efficiency, power output is also a predicted quantity
with a certain degree of uncertainty.

5.4.2

Application to the KA26 plant, results and discussion

Optimization results
The integrated plant performance predictor developed in Chapter 4 is used as
an objective function for optimizing plant efficiency, taking into account model
uncertainty. The operating point that was used as a hold-out measurement in
the previous chapter is used for the optimization.
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Figure 5.11: Convergence of the mean value of efficiency prediction

Table 5.8: Operational conditions for stochastic efficiency optimization of plant asbuilt

Approx. GT load setting
Ambient temperature /◦ C
Ambient pressure /bar
Ambient air relative humidity /%
Cooling water T /◦ C
Volume percentage of methane in fuel %

85%
7.87
1.022
68.22
12.03
85.4

The resulting calibrated plant performance predictor is computationally
expensive; a function evaluation takes approximately 5 minutes on a quadcore Intel machine. An optimization was performed where ambient conditions
and load setting were fixed (see Table 5.8 for the conditions), while the
decision variables listed in Table 5.5 were optimized. A genetic algorithm was
used, where the predictor was evaluated for every member in the consecutive
populations.
The Pareto front resulting from the optimization with two objectives
(efficiency and power deviation from set point) is shown in Fig. 5.12. Once
more, the trade-off between these objectives is illustrated by the front: 0.08 %
extra efficiency means 4 MW power deviation.
A Pareto member with a residual deviation smaller that 0.5 MW from power
set point is chosen, and the resulting optimal inputs are shown in Fig. 5.13.
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Figure 5.12: Pareto front of the efficiency optimization with calibrated performance
emulator (negative efficiency objective because algorithm minimizes)

Comparisson to deterministic optimization at similar conditions
A deterministic optimization was performed under the same circumstances as
the stochastic optimization (see Table 5.8). The resulting optimum settings are
shown in Fig. 5.14, which should be compared to Fig. 5.13. Note that in the
deterministic case, cooling water mass flow was not included as an optimization
variable, and the heat supply to the gas turbine inlet air preheater is represented
by a mass flow of steam to the preheater (shown above in the figure). Cooling
water mass flow was set equal to optimal settings calculated for the optimization
with the calibrated emulator.
Most decision variables show similar optimum settings for both cases:
fraction of cooling water not bypassed, feed water bypass mass flow, fraction
of IP steam bleed for anti-icing system, high and low pressure steam turbine
inlet valve pressure drops, de-aerator set point pressure, and cold reheat bleed
mass flow.
A difference is apparent in the optimum heat supply to the gas turbine
air preheater: the value is zero for the stochastic case, while some heating
is recommended in the deterministic case. It is important to note that the
influence of gas turbine inlet air preheating was modeled differently in the
original code of the calibrated model: a detailed performance model was
used, while in the other case, a built-in gas turbine model in the Thermoflex
software package was used. The latter is based on performance data from
the manufacturer and guarantees an accuracy of 5 %. The results from the
calibrated performance model are therefore more trustworthy.
Comparing the optimal input settings to the results found for the three
cluster centers in Fig. 5.10, it appears that the current operating point
resembles clusters 2 and 3 more than cluster 1: some cooling water is bypassed,
some intermediate pressure steam is bypassed, and heat supply to the gas
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Efficiency increase from 59.82 to 59.92%

Fraction of cooling water not recirculated
Feedwater bypass mass flow /(kg/s)
Fraction of IP steam for anti icing

Default setting
Optimized setting

LPST inlet valve pressure drop /bar
IPST inlet valve pressure drop /bar
HPST inlet valve pressure drop /bar
Cooling water mass flow
De−aerator pressure /bar
Cold Reheat bleed /(kg/s)
Heat supply to GT inlet air preheat

Figure 5.13: Result of part load optimization with calibrated emulator; optimal
inputs compared to default inputs (normalized to [0 1] domain with 0 left)

Mass flow steam for GT inet air warming

Default setting
Optimized setting

Fraction of cooling water not recirculated
Feedwater bypass mass flow /(kg/s)
Fraction of IP steam for anti icing
LPST inlety valve pressure drop /bar
IPST inlety valve pressure drop /bar
HPST inlety valve pressure drop /bar
Deaerator pressure /bar
Cold Reheat bleed /(kg/s)

Figure 5.14: Result of part load optimization with un-calibrated model under same
conditions as Fig. 5.13; optimal inputs compared to default inputs (normalized to
[0 1] domain with 0 left)

turbine air warming system is nihil.
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Conclusions and recommendations
Conclusions

The current chapter has demonstrated a methodology of power plant analysis
and optimization, which is especially but not restrictively applicable to the
study of existing plants. The following has been achieved:
Systemic exploration of the operational space A range of operational
conditions was explored by studying data from a numerical experiment.
Applying a Gaussian mixtures clustering algorithm to this data revealed
distinct operational regimes in terms of low pressure steam turbine exergy
losses.
Deterministic efficiency optimization with original code and surrogate Various part load operating points were optimized. This was done
first by directly optimizing the output of a Thermoflex model. After this, a
surrogate model was created and an optimization was performed under the
same conditions as the original code. It was found that the minimum amount
of samples necessary from the original code for an accurate surrogate is between
300 and 450.
Optimization with conditions corresponding to operational
clusters The surrogate model was used to optimize efficiency at conditions
corresponding to the epicenters of operational clusters found earlier. The
results indicated that the optimal inputs for cluster 1 were distinctly different
from the optimal inputs for the other clusters, proving that it corresponds
to a distinct operational regime. The efficiency increase compared to default
operational settings was approximately 0.1% for all 3 cases.
Stochastic part load efficiency optimization The influence of model
uncertainty on optimization was taken into account by applying a stochastic
function as the objective function. A calibrated plant performance predictor
created in Chapter 4 was used as the objective function for efficiency optimization. Similar to the deterministic cases, the efficiency increase compared to
default operational settings was approximately 0.1%.
Flexibility The optimization platform is flexible in the sense that the
user can decide the trade-off between accuracy and time required for the
optimizations by adjusting the amount of posterior samples drawn for the
surrogate prediction. Additionally, specifying less decision variables for the
optimization also reduces the required amount of function evaluations, and
thus, the computational time.

5.5.2

Recommendation

To reduce the computational cost of optimization under uncertainties (using a
calibrated surrogate model), and to make the method practically applicable for
plant operators, the following is recommended: when the operational conditions
have been fixed in the integrated plant predictor, a cheaper local model can be
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created, by only varying the relevant decision variables. The resulting cheaper
model can then be used for further optimization, thus reducing number of
times that the integrated plant predictor should be evaluated. Buche et al.
[12] and Huang et al. [38] propose methods for achieving this mathematically,
while Pires et al. [75] proposes a method for applying a response surface in the
optimization of a co-generation plant.
The procedure may be conducted as follows:
• Acquire samples from plant predictor in the vicinity of operating point
by varying decision variables and uncertain conditions such as ambient
temperature and fuel quality
• Build local meta-model (Kriging and radial basis function have been
proven to be well suited for this)
• Optimize based on the local meta-model, taking into account uncertain
conditions
• Evaluate the original plant predictor with optimized inputs as a check
In this way, the uncertainties involved in the operation of power plants under
load dispatch can be taken into account, along with model uncertainties, while
aiming to continually improve plant efficiency based on calibrated models.
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General conclusions and
recommendations
6.1

Conclusions

Within the context of current and future energy markets, the current thesis
has motivated the need for using accurate performance prediction methods
when making decisions in the field of thermal power production. Analyzing
the uncertainties of measurements, models, and the predictions based on these
is becoming increasingly important, as the reliability of information can make
an economical difference. The study has focused on steady state gas turbine
performance modeling, gas turbine combined cycle thermodynamic modeling,
and efficiency optimization. For detailed conclusions on the respective subjects,
the reader is referred to the relevant chapters in the thesis.
Gas turbine performance modeling can be enhanced by quantified (compressor) map speed line relabeling, which affects the accuracy of off-design
performance prediction, namely the effect of ambient temperature on gas
turbine performance. The accuracy of part load performance prediction with
constant map modification factors may decrease, moving away from base load.
In process models of (Rankine) steam cycles, uncertainty with respect to
the vapor content at the low pressure steam turbine outlet causes uncertainty
with respect to the base and part load efficiency of this steam turbine. This
can decrease the reliability of predicting plant power output and cycle efficiency
calculations.
Bayesian calibration of power plant models can enhance the quality of
predictions made with these models, and may increase the knowledge about
unknown model parameters. One specific framework, proposed by Kennedy &
O’Hagan, applies Bayesian calibration, including an estimate of the systematic
model bias. This framework is especially suitable for power plant modeling,
113
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taking into account the effect of various sources of uncertainty in the models of
these complex systems on predictive uncertainty. The result of applying this
method is a calibrated statistical model of the system.
An effective method for simultaneously analyzing interdependent (sub)
systems is to calibrate the models of these systems separately, and afterwards
combine the calibrated statistical models, by including all relevant mathematical dependencies between the systems in an integrated model. This goal can
also be achieved by including the inter dependencies before calibration, and
using the resulting data for an integrated calibration. Both methods have been
shown to be effective for the modeling of the KA-26 plant in the current thesis.
Understanding the mutual interaction between the thermodynamic irreversibilities of energy system components contributes to the understanding of how
to improve the efficiency of these systems. This interaction can be studied by
setting up a numerical experiment, in which a set of thermodynamic simulations
is performed, calculating the exergy destruction rates of (major) components
for a variety of ambient conditions and operational settings, and analyzing the
resulting set of data. From this data, it is possible to extract information
about the causal relation between the exergy destruction rates in individual
components and the overall plant efficiency.
Under varying conditions, operational regimes can be identified for a plant.
For the current plant, the variations in low pressure steam turbine exergy losses
were found to be the strongest influence on the variation in plant efficiency.
The performance of the low pressure steam turbine is mainly influenced by the
power setting of the plant, and the temperature and amount of cooling water
in the condenser.
For a specific plant, a set of operational parameters may be identified to
be adjustable, without compromising safety and increasing thermal loading
of plant components. If these parameters are included as variables in a
thermodynamic model of the plant, the model can be used to find optimal
(maximum efficiency) settings for these variables. The optimal values for these
parameters depend on the operational regime for which efficiency is maximized.

6.2

Recommendations and applicability of the research

The following discusses what can be done to enhance the applicability of the
methods presented in the current thesis, and how the methods can be applied
to other aspects of power plant operation and management. For specific
recommendations related to the subjects dealt with, the reader is once again
referred to the relevant chapters of the thesis.
To make the models more useful for assisting management processes, they
should be coupled to economic models, so that key performance indicators are
expressed in economical terms. For example, plant efficiency can be expressed
as the fuel cost per MW of electricity produced, which depends on the fuel price.
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If the uncertainties in physical quantities are translated to uncertainties in
economic quantities, the calibration and prediction methods can be integrated
into the business models of the electricity producing company. By doing so,
these companies are able to perform quantitative risk analyses.
Performance improvement studies may also be enhanced through the
addition of economic analysis. Possibilities for investment in the addition
of equipment and/or the adjustment of plant topology can be validated with
optimization techniques, applying (calibrated) process models.
The current study is mainly focused on the influence of various sources of
model uncertainties on the thermal efficiency of the plant. Chapter 4 presents a
method for the predicting plant efficiency, taking into these uncertainties. The
resulting predictor can be applied in a model predictive controller, which aims
to calculate and apply optimal actuator settings, not only based on current
sensor values, but also based on expected behavior of the process, which is
calculated with the help of the predictor.
However, the methodologies presented in the current thesis can also be
applied to the other quantities of interest mentioned in Section 1.1.2. In general,
a model predictive controller as described above, may also include, for example,
a stress predictor, flame stability predictor, and emissions predictor, besides
the plant efficiency predictor. These predictors can be regularly updated with
measured data using the methods presented in Chapter 4. In this way, the
controller, and the plant as such, become adaptive.
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A

Auxilliary calculations for gas
turbine and steam cycle
modeling
A.1

Gas turbine inlet mass flow calculation

To confirm the mass flow calculation from the OEM interface, a separate
inlet mass calculation is performed, based on chemical mass balance. Outlet
volumetric flow rate, outlet static pressure, natural gas composition and total
mass flow of natural gas to combustors are measured. Molar flow at gas turbine
outlet is calculated using the ideal gas law:
ṅout =

pout V̇out
Ru · Tout

(A.1)

The effect of the chemical reaction (combustion) can be described as follows:
the amount of moles at outlet equals the amount of moles at air inlet minus
the amount of moles oxygen used for combustion plus the amount of moles
combustion products (CO2 and H2 O):
ṅout = ṅair,in − ṅO2,combusted + ṅH2O,CO2products + ṅgas,unreacted

(A.2)

This mass balance can be used to calculate the molar flow entering the
engine. The unknowns, the amount of oxygen used for combustion and the
amount of combustion products, can be calculated from the chemical reaction
balance. The amount of un-reacted gas is known from the measured amount
of CO2 and N2 present in the gas. Because the fuel consists of various
hydrocarbons, a generalized reaction balance of a hydrocarbon Cl Hm is used:
117
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xCl Hm + x(l + m/4)O2 → x · lCO2 + x/2 · mH2 O,

(A.3)

where x 1 is the amount of Cl Hm present in the fuel. In this way, the
amount of reacted O2 can be calculated from x, so the total amount of reacted
O2 can be calculated from a summation over all hydrocarbons, i, with their
respective contribution in the fuel.
X
ṅO2,combusted = ṅf uel,combusted
xi (li + mi/4)
(A.4)
hydroc.

ṅCO2,produced = ṅf uel,combusted

X

x i · li

(A.5)

xi/ · mi
2

(A.6)

hydroc.

ṅH2O,produced = ṅf uel,combusted

X
hydroc.

The amount of moles fuel combusted can be calculated from the measured
fuel mass flow and the average molar mass of the fuel. Assuming that the
amount of un-reacted hydrocarbons is negligible, and with the molar fractions
of CO2 and N2 in the natural gas y1 and z, the amount of un-reacted gas is
ṅgas,unreacted = ṅf uel,combusted (y + z)

(A.7)

Finally, with the molar flows calculated, the air mass flow into the engine
can be calculated:
ṅair,in = ṅout + ṅO2,combusted − ṅH2O,CO2products − ṅgas,unreacted
ṁair,in = ṅair,in · M Wair

A.2

(A.8)
(A.9)

Gas turbine exhaust gas composition calculation

This section presents a method to calculate the composition of outlet gasses
from available measurements and OEM calculated values using a chemical mass
balance. The underlying assumption is that the concentrations of N Ox and CO
in the combustion products are small compared to the other constituents, and
can be disregarded.
Specific humidity of inlet air is calculated from the relative humidity
measurement with formulas F2.10 from Walsh and Fletcher [116]. With this,
inlet air composition is known. The other inputs to the calculation are the GT
inlet mass flow and the fuel mass flow and composition.
1 The use of the symbol x and y in this appendix is contrary to the use throughout the
rest of the thesis, and as mentioned in the nomenclature
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The effect of the chemical reaction (combustion) can be described as follows:
the amount of moles of a species at outlet equals the amount of moles at air inlet
minus the amount of O2 moles reacted plus the amount of moles combustion
products (CO2 and H2 O), plus the amount of moles in the form of un-reacted
fuel. This mass balance can be used to calculate the outlet molar flow of the
respective species.
The amount of un-reacted fuel is known from the measured amount of CO2
and N2 present in the fuel. The amount of oxygen used for combustion and the
amount of combustion products, can be calculated from the chemical reaction
balance. Because the fuel consists of various hydrocarbons, a generalized
reaction balance for x mole of a hydrocarbon Cl Hm is used. See Eq. A.3 A.6, which also calculate the amounts of moles O2 used, and CO2 and H2 O
produced due to combustion.
The amount of moles fuel combusted can be calculated from the measured
fuel mass flow and the average molar mass of the fuel, assuming that the amount
of un-reacted hydrocarbons is negligible:
ṁf uel
ṁf uel
=P
M Wf uel
M W i · xi
The amount of moles of species i flowing through the GT inlet is
ṅf uel,combusted =

(A.10)

ṁair
(A.11)
M Wair
If the measured molar fractions of CO2 and N2 in the natural gas are y and
z, then the amount of moles of the various species at GT outlet is:
ṅi,in = xi,in ·

X

ṅH2 O,out = ṅH2 O,in + ṅf uel,combusted ·

xi/ · mi
2

(A.12)

x i · li

(A.13)

hydrocarbons

X

ṅCO2 ,out = ṅCO2 ,in + y + ṅf uel,combusted ·

hydrocarbons

ṅN2 ,out = ṅN2 ,in + z
X

ṅO2 ,out = ṅO2 ,in − ṅf uel,combusted ·

(A.14)
xi · (li + mi/4)

(A.15)

hydrocarbons

ṅAr,out = ṅAr,in

(A.16)

ṅN e,out = ṅN e,in

(A.17)

And the respective components molar fractions at outlet is:
xi,out =

ṅ
P i,out
ṅi,out

(A.18)

species
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A.3

Determination of power required for cooling
water pumps

The present section describes how the amount of power required for pumping
a certain amount of water through a system can be calculated based on a
measurement of the pressure drop over, and the mass flow through the system.
The first law of thermodynamics [65, Ch. 4] is applied with with dV =
dQ = dEkin = 0, so
ṁ · (hout − hin ) = Wwater .

(A.19)

The enthalpy rise of a liquid due to elevated pressure can be calculated with
[65, Eq. 3.14]:
hT,p = hf (T ) + vf (T ) · (p − psat ) ⇒ ∆h ≈ vf · ∆p.

(A.20)

For present conditions, vf ≈ 1.00E − 3m3 /kg.
1.6
Measurements

1.5

Curve fit y = a*x

2

+c

Pressure drop /bar

1.4
1.3
1.2
1.1
1
0.9
0.8
3000

4000

5000

6000
7000
8000
9000 10000
Cooling water mass flow /(kg/s)

11000

12000

13000

Figure A.1: Fitting a second degree polynomial to cooling water pump measured data

Figure A.1 shows measurements of the pressure drop over the condenser,
along with a second degree polynomial that was fit to the data. The second
term of the polynomial was set to zero, so that the minimum value for the
pressure drop corresponds to a mass flow of 0 kg/s. With this polynomial,
the pressure drop, and thus the enthalpy rise of the fluid can be interpolated
for arbitrary values of mass flow through the system. The amount of pump
power required can be calculated by including the isentropic and mechanical
efficiencies of the pump in a singal estimate η :
Ẇpump =

ṁ · (hout − hin )
η

(A.21)
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Mathematical background of
global sensitivity analysis
This section explains the procedure followed to apply global sensitivity analysis
for analytical as well as non-analytical functions with output y and input x.
The material is largely based on [90].
Firstly, the input space is assumed to be of d dimensions. All inputs are
normalized to the [0,1] domain. A data set of input utput pairs is created where
the inputs are uniformly distributed over the input space.
The overall mean y0 or expectancy E[y(X)] of the output is defined as
1

Z
y0 ≡

Z
...

0

1

y(x1 , ..., xd )
0

d
Y

dxi

(B.1)

i=1

For any i ∈ 1, ..., d, the ith main effect function is defined to be the average
y(x), when xi is fixed :
Z

1

ui (xi ) =

Z
...

0

1

y(x1 , ..., xd )
0

Y

dxl = E[y(X)|Xi = xi ]

(B.2)

l6=i

For any non-empty subset Q of 1, ..., d, a joint effect function can be defined
for xi where i ∈ Q:
Z
uQ (xQ ) =

1

Z
...

0

1

y(x1 , ..., xd )
0

Y

dxl = E[y(X)|XQ = xQ ]

(B.3)

l∈Q
/

Essentially, global sensitivity analysis consists of (1) plots of the main
effect or joint effect functions uQ (xQ ), and (2) numerical approximations of
the variability of uQ as xQ varies uniformly over the [0,1] domain.
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The next step is to center the effect functions with so called ANOVAcentering (Analysis Of Variance centering). First define
yi (xi ) = ui (xi ) − y0 ,

(B.4)

the centered main effect function of input xi .
Then, define the centered interaction effect functions of xi and xj (with
i, j ∈ 1, ..., d)
yij (xi , xj ]) = uij (xi , xj ) − yi (xi ) − yj (xj ) − y0 .

(B.5)

This can be explained as the joint effect function of the subset i,j minus
the centered main effect functions of xi and xj , minus the overall mean. This
can be generalized to calculate the centered effect functions for any non-empty
subset Q of 1, ..., d.
The ANOVA-centered functions have mean zero with respect to any single
component of Q, and are also pairwise orthogonal (i.e. the mean of the product
of two ANOVA-centered functions is zero).
Now define the variance of y(x) to be

v = E (y(X) − y0 )2

(B.6)

For any subset Q, the variance of the centered effect function yQ (XQ ) is
 2
vQ = V ar(yQ (XQ )) = E yQ
(XQ ) ,

(B.7)

because yQ (XQ ) has mean zero.
For any subset Q, define the sensitivity index of y(x) with respect to the
set of inputs xi , with i ∈ Q:
vQ
(B.8)
v
If the subset Q contains only one element i, then SIi is the sensitivity index
of input xi , and represents the fraction of the variance in the output y that can
be explained by (or is due to) input xi . SIi is called the first order or main
effect sensitivity index.
SIij is called the second order sensitivity index, and represents the
proportion of v that is due to the joint effect of (or interaction between) xi
and xj .
The total sensitivity index T SIi of y(x) with respect to an input xi is meant
to include the individual effect of xi on y, combined with the interaction of xi
with all other inputs:
X
T SIi = SIi +
SIij + ... + SI1,2,....d .
(B.9)
SIQ =

j6=i
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Nomenclature
Abbreviation
Cl.
COMP1
COMP2
COND
CRP
DEAER
EV
EPC
GB
GPA
GPMSA
GT
GTCC
HP
HPB
HPOTC
HPS-ATT
HPSH
HPST
HPT
HRSG
IP
IPB
IPS-ATT
IPSH
IPST

Meaning
Cluster
First section of Compressor
Second section of Compressor
Condenser (water-cooled)
Cycle Reference Point
De-aerator
Environmental Vortex burner (first GT combustion chamber)
Electricity producing company
Great Britain
Gas Path Analysis
Gaussian process model simulation analysis
Gas Turbine
Gas Turbine Combined Cycle
High Pressure
High pressure boiler
High pressure once-through GT air cooler
High pressure steam attemperator
High pressure super heater
High pressure steam turbine
High pressure gas turbine
Heat Recovery steam Generator
Intermediate pressure
Intermediate pressure boiler
Intermediate pressure steam attemperator
Intermediate pressure super heater
Intermediate pressure steam turbine
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Abbreviation
LHS
LHV
LP
LPB
LPOTC
LPST
LPT
MCMC
MPC
NL
OEM
OUU
LHS
PDF
PTO
QOI
REH-BL-VLV
RBC
SI
ST
STEG
TAT1
TAT2
TIT1
TIT2
UQ
VIGV

Meaning
Latein Hypercube Sampling
Lower Heating Value
Low pressure
Low pressure boiler
Low pressure once-through GT air cooler
Low pressure steam turbine
Low pressure gas turbine
Markov Chain Monte Carlo
Model Predictive Control
The Netherlands
Original equipment manufacturer
Optimization Under Uncertainty
Latin Hypercube Sampling
probability density functions
Program Time Unit
Quantity Of Interest
Reheat steam bleed valve
Rankine Bottoming Cycle
Sensitivity Index
Steam Turbine
Stoom En Gasturbine (energiecentrale)
Temperature After first Turbine
Temperature After second Turbine
High pressure Turbine Inlet Temperature
Low pressure Turbine Inlet Temperature
Uncertainty Quantification
Variable Inlet Guide Vane
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Symbol
e
E
h
ṅout
m
MW
ṅ
N
Nc
Nr
p, P
Pr
PR
PT
Q
Ru
s
SI
T
TSI
TT
u
UA
v
V̇
W
Wc
Ẇ
x
y
β

η
ζ
θ
θ̂

Meaning
Specific exergy
Energy
Specific enthalpy
molar flow
Mass
Molar mass
Molar flow rate
Rotational speed
Corrected rotational speed
Amount of sth.
Pressure
Probability
Pressure ratio
Total pressure
heat
Universal gas constant
Specific entropy
Sensitivity Index
Temperature
Total Sensitivity Index
Total temperature
flow speed
Product of overall heat transfer coefficient U and area A
variance of a stochastic variable
volumetric flow rate
mass flow
Corrected mass flow
Power
explanatory variable (Bayesian analysis)
predicted variable (Bayesian analysis)
Buamann coefficient
Noise on process output measurement
model output
isentropic efficiency
Unknown model parameter
Hypothetical true value of unknown model parameter
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Unit
kJ/kg
J
kJ/kg
mol/s
kg
kg/mol
mol/s
rpm
rpm
bar
bar
J
J/(mol.K)
kJ/(kg.K)
K or ◦ C
K or ◦ C
m/s
kW/K
m3 /s
kg/s
kg/s
W
various
various
various
various
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i

NOMENCLATURE

Superscript
*
Subscript
0
D
f
GT
kin
Q
RBC
sat
W

Meaning
prediction at unobserved settings (Bayesian analysis)
Meaning
Standard conditions
Destruction
fluid
Gas Turbine
Kinetic
Heat
Rankine Bottoming Cycle
saturated conditions
Work
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