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ABSTRACT
In this paper, an automation system is being proposed to efficient operations of CCPPs using
Neuro-Fuzzy System and Hybrid Approach. Hybrid System has been applied for achieving
systems evolution according to continuous dynamics, discrete dynamics, and logic rules. The
possibility of turning on/off the gas and steam turbine, the operating constraints (minimum up
and down times) and the different types of start up of the turbines characterize the hybrid
behavior of a combined cycle power plant [1]. CCPPs are efficient and more power
generators than the single power plants. Application of CCPPs has become wide spread and
due to their advantages they are being accepted and implemented. Along with several
advantages CCPPs offer, they have certain troubles in operating them efficiently. The most
critical of these is operating the secondary Turbine on/off as per the heat generation by the
primary turbine. I am proposing a Neuro-Fuzzy based Hybrid Modeling System which will
produce the outputs on the basis of the historical data of the plant finding when to switch
on/off the secondary turbine. The outputs can be attached to an automatic system so that
manual operations of the turbine control can also be eliminated. Inclusion of Neuro-Fuzzy
not only makes the accurate and quick decision but also uses historical data of the plant to
make the decisions related with switch operations.
Keywords: Co-generation Power Plant, Neuro Fuzzy, Hybrid system, MLD.
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I. INTRODUCTION
A major problem of optimizing the short-term operation of a CCPP, i.e. to optimize the plant
on an hourly basis over a time horizon that may vary from few hours to one day [10]. A large
stream of research in the power systems area focused on this problem. The usual recipe is to
recast the economic optimization into the minimization of a cost functional and to account for
the physical model of the plant through suitably defined constraints. The results available in
the literature differ both in the features of the CCPP modeled and in the scope of
optimization.
The electric power industry has been subject to deep changes in structure and organization.
From the technological side, the use of combined cycle power plants (CCPP) became more
and more popular because of their high efficiency. A typical CCPP is composed of a gas
cycle and a steam cycle. The gas cycle is fed by fuel and produces electric power through the
expansion of the gas in the gas turbine; the steam cycle is supplied with the output exhaust
gas from the gas turbine and generates both electricity and steam for the industrial processes.
From the economic side, the liberalization of the energy market promoted the need of
operating CCPPs in the most efficient way, which is by maximizing the profits d ue to the
sales of steam and electricity and by minimizing the operating costs.
The concept and development of combined cycle originated from the utilization of waste heat
of a thermal power plant. The combined cycle as the name implies is a combination of two
cycles operating at different temperatures, each of which could operate independently. The
heat rejected by the higher temperature cycle is recovered and used by a lower temperature
cycle to produce additional power to realize an improved overall efficiency. For the
combination, the separate cycles must operate on separate fluids.
The heat rejected by Gas turbine is highly appreciable as the exhaust temperature varies from
4500 C to 650 0C depending upon pressure ratio and turbine inlet temperature. This energy
goes as waste if it is rejected to atmosphere. This waste heat energy may be utilized to
produce steam in a heat recovery steam generator (HRSG) and may be expanded in steam
turbine to develop additional power based on Rankine cycle. This combination is termed as
Gas/Steam combined cycle power plant. The Gas cycle and steam cycle may use separate
generator or a single generator. It is desirable that the exhaust temperature of Gas turbine
should be above 570 0C otherwise the steam cycle will be inefficient resulting in lower
combined cycle plant efficiency.
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Gas/Steam combined cycle efficiency ranges from 47% to 60% as compared to 35% to 40%
of conventional steam or gas turbine power plant.
The aim of my research is to show how both the tasks of modeling and optimization of
CCPPs can be efficiently solved by resorting to hybrid system methodologies. The research
focused on the investigation of basic properties such as stability, controllability and
observability. For achieving the goal, I have added a Neuro-Fuzzy system along with the
hybrid system, so that the better stability and control can be evaluated automatically on the
basis of the historical data.
I use discrete-time hybrid systems in the Mixed Logical Dynamical (MLD) form for two
reasons. First, they provide a general framework for modeling many discrete features of
CCPPs, including the coordination and prioritization between different devices; second, they
are suitable to be used in on-line optimization schemes.

II. LITERATURE REVIEW
Hybrid Systems in the MLD Form
The derivation of the MLD form of a hybrid system involves basically three steps. The first
one is to associate with a logical statement S, that can be either true or false, a binary variable
δ ∈ {0, 1} that is 1 if and only if the statement holds true. Then, the combination of
elementary statements S1, ..., Sq into a compound statement via the Boolean operators AND
(∧ ) , OR (∨ ) , NOT (~) can be represented as linear inequalities over the corresponding
binary variables
δi, i = 1, ..., q.
An example would be the condition aT x ≤ 0 :
aT x ≤ 0 ⇔[δ = 1]
where x ∈ X ⊆ Rn is a continuous variable and X is a compact set. If one defines m and M as
lower and upper bounds on aT x respectively, the inequalities
aT x ≤ M − Mδ
aT x ≥ ε + (m− ε) δ
assign the value δ = 1 if and only if the value of x satisfies the threshold condition.
Note that ε > 0 is a small tolerance (usually close to the machine precision) introduced to
replace the strict inequalities by non-strict ones.
The second step is to represent the product between linear functions and logic variables by
introducing an auxiliary variable z = δaT x. Equivalently, z is uniquely specified through the
mixed integer linear inequalities
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z ≤ Mδ
z ≥ mδ
z ≤ aT x − m(1 − δ)
z ≥ aT x −M (1 − δ)
The third step is to include binary and auxiliary variables in an LTI discrete time dynamic
system in order to describe in a unified model the evolution of the continuous and logic
components of the system.
Hybrid Features of the Plant
The features which suggest modeling the Island power plant as a hybrid system are the
following:
the presence of the binary inputs ul1 and ul2;
the turbines have different start up modes, depending on how long the turbines have
been kept off;
electric power, steam flow and fuel consumption are continuous valued quantities
evolving with time.
Furthermore, the following constraints have to be taken into account:
the operating constraints on the minimum amount of time for which the turbines must
be kept on/off (the so-called minimum up/down times);
The priority constraint (2). This condition, together with the previous one, leads to
constraints on the sequences of logic inputs which can be applied to the system;
The gas turbine load u1 and the steam mass flow u2 are bounded.
Neuro Fuzzy
The fuzzy logic controller is very attractive for ill-defined systems or systems with uncertain
parameters. With the help of fuzzy logic concepts, expert knowledge can be used directly to
design a controller. Fuzzy logic allows one to express the knowledge with subjective
concepts such as very large, too small, which are mapped to numeric ranges [11].
Similarities exist between the NNs and the FCs. Both techniques allow interpolate reasoning
which makes them free from the true/false restriction of conventional logic systems [12]. In a
multi- layer neural network of feed-forward type, input nodes record the features and pass
activation values to the output layer through a hidden layer. The addition of the hidden layers
to the two- layer perception networks allows these networks to represent any continuous
mapping from input to output [13]. An appropriate training technique, adjusts the connection
weights of the network to improve the match between the output of the network and the
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correct results. To design the FC some variables which can represent the dynamic
performance of the system should be chosen to be fed as the inputs.
The basic idea of combining fuzzy systems and neural networks is to design an architecture
that uses a fuzzy system to represent knowledge in an interpretable manner and the learning
ability of a neural network to optimize its parameters. The drawbacks of both of the
individual approaches - the black box behavior of neural networks, and the problems of
finding suitable membership values for fuzzy systems - could thus be avoided. A combination
can constitute an interpretable model that is capable of learning and can use problem-specific
prior knowledge. Therefore, Neuro-fuzzy methods are especially suited for applications,
where user interaction in model design or interpretation is desired.
A Neuro- fuzzy system can be viewed as a 3-layer feed forward neural network. The first
layer represents input variables, the middle (hidden) layer represents fuzzy rules and the third
layer represents output variables. Fuzzy sets are encoded as (fuzzy) connection weights. It is
not necessary to represent a fuzzy system like this to apply a learning algorithm to it.
However, it can be convenient, because it represents the data flow of input processing and
learning within the model.
The optimization of a combined cycle power plant is accomplished by exploiting hybrid
systems, i.e. systems evolving according to continuous dynamics, discrete dynamics, and
logic rules. The possibility of turning on/off the gas and steam turbine, the operating
constraints (minimum up and down times) and the different types of start up of the turbines
characterize the hybrid behavior of a combined cycle power plant. In order to model both the
continuous/discrete dynamics and the switching between different operating conditions we
use the framework of Mixed Logic Dynamical systems.
Neuro Fuzzy approach applied in modeling the co-generation power plant with hybrid system
in MLD form will produce a proper modeling of the CGPP for optimization and for
prioritization of the engines for best outputs.
ANFIS Model
Neuro- fuzzy modeling is concerned with the extraction of models from numerical data
representing the behavior of a system. The models in this case are rule-based and use the
formalism of fuzzy logic, i.e. they consists of sets of fuzzy "if - then" rules with possibly
several premises.
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III. PROPOSED ALGORITHM
The research is focused on use of Neuro-Fuzzy System applied with Hybrid System in a cogeneration Power Plant. I am proposing the following flow of the system to evaluate control
and stability of the plant:

ELECTRICITY
GENERATION

GAS TURBINE

ON/OFF SWITCH

STEAM TURBINE

Neuro-Fuz zy
Training Data

+

ELECTRICITY
GENERATION

Fuzzy Logic
Control

OUTPUT

I have collected the data for input of the fuzzy logic control [Table 1].
Efficiency of the Gas Turbine is used as input to on/off switch along with output of the fuzzy
logic controller which uses the industrial output o f the existing system to control on/off
switch. If the output of fuzzy is high then the switch remains on but when the output becomes
low, switch is set of off which will automatically stop the steam turbine.
The input of the fuzzy logic controller is historical data and current efficiency of the Gas
turbine, which are used to decide whether the steam turbine should be operated or not. I have
proposed the following rule set for the fuzzy logic controller for the purpose of simulation.
1. When Efficiency of Gas Turbine is low and historical input is low then output is off.
2. When Efficiency of Gas Turbine is moderate and historical input is medium then
output is on.
3. When Efficiency of Gas Turbine is High and historical input is high then output is on
Table 1. Data taken from a Running Cogeneration Powe r Plant at Surat, Gujrat.
EFFICIENCY

OUTPUT

00.00

0

30.00

0

43.87

0

44.30

1

44.29

1
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41.90

0

44.12

1

43.83

1

43.47

0

43.80

1

43.23

0

43.16

0

43.96

1

42.77

0

42.35

0

42.22

0

42.84

0

43.52

0

44.12

1

44.67

1

44.41

1

44.18

1

43.96

1

43.51

0

43.90

1

43.49

0

41.37

0

42.90

0

44.20

1

44.55

1

43.68

0

43.88

0

43.26

0

50.00

0

75.00

1

80.00

1

100.00

1
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Operation of the Gas Turbine and Steam Turbine are mapped using random generation
control of the MATLAB for simulation purposes, which generates the efficiency output of the
each turbine between the 0 to 50 for Gas Turbine and 0 to 35 for Steam Turbine. Gas Turbine
feeds Heat to Steam Turbine for its operations. An on/off switch is can be applied between
Gas and Steam Turbine which can be operated on the basis of the output of Fuzzy Logic
Control. Combined efficiency output of the Gas and Steam turbine is fed to the Fuzzy logic
controller which will provide the output between 0 and 1 i.e. high and low outputs which can
be used to control the on/off switch between Gas and Steam Turbines.

IV. RESULTS AND DISCUSSION
From the outputs of the simulation, we control the on/off switch which will provide the
automation of the system and hence the manual operations will be avoided. Output graph for
the results obtained indicates two states high and low, which is suitable for operating of the
system.
The proposed system after simulation indicates the following:
I have proposed and a Neuro-Fuzzy based mechanism to model the system and displayed
through simulation that we can get a good high and low outputs to control the secondary
power plant from using any binary circuit applied on the outputs. I have used the historical
data to evaluate the outputs which is another important feature of my Neuro-Fuzzy base d
model.
I have used discrete time hybrid system in the mixed logical dynamical (MLD) form for two
reasons:
First, they provide a general framework for modeling many discrete feature of
CCPP’s
Second, these are suitable to be used in on line optimization schemes
Nero -fuzzy approach applied in modeling of CGPP with hybrid system in MLD from will
produce a proper modeling of the CGPP for optimization and for prioritization of the engines
for best output.
In order to illustrate how the startup coefficients are assigned, we focus on the gas turbine,
being the procedure analogs for the steam turbine.
A curve showing the load demand (variations) of consumers with respect to time. The
load curve we use is monthly for industrial countries.
The load curve is usually divided in three parts namely base load, intermediate load
and peak load.
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The based load is the load below which the demand falls and is supplied 100% of the
time i.e. off time.
The peak loss occurs for small period (say 15% of the day time) on time.
The remaining load region represents the intermediate load.
The peak load plant could be gas turbine unit it is always desirable to allow the steam
plant to operate as a base load.

V. CONCLUSION
The main goal of this paper is to show that hybrid systems in the MLD form provide a
suitable framework for modeling CCPPs. In particular, many features like the possibility of
switching on/off the turbines, the presence of minimum up and down times, priority
constraints between turbines and different startup procedures can be captured by an MLD
model. We point out that also other characteristics, like ramp constra ints or nonlinear
input/output relations (approximated by piecewise affine functions), can be easily
incorporated in the MLD description.
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