
energies

Article

Maintenance Strategy Optimization of a Coal-Fired
Power Plant Cooling Tower through Generalized
Stochastic Petri Nets

Arthur H.A. Melani 1,* , Carlos A. Murad 1, Adherbal Caminada Netto 1, Gilberto F.M. Souza 1

and Silvio I. Nabeta 2

1 Mechatronics and Mechanical System Engineering Department, Polytechnic School of the University of
São Paulo, São Paulo 05508-030, Brazil; carlos.murad@usp.br (C.A.M.); adherbal@usp.br (A.C.N.);
gfmsouza@usp.br (G.F.M.S.)

2 Energy and Electrical Automation Department, Polytechnic School of the University of São Paulo,
São Paulo 05508-010, Brazil; nabeta@pea.usp.br

* Correspondence: melani@usp.br; Tel.: +55-11-30919847

Received: 11 April 2019; Accepted: 9 May 2019; Published: 21 May 2019
����������
�������

Abstract: Determining the ideal size of maintenance staff is a daunting task, especially in the operation
of large and complex mechanical systems such as thermal power plants. On the one hand, a significant
investment in maintenance is necessary to maintain the availability of the system. On the other hand,
it can significantly affect the profit of the plant. Several mathematical modeling techniques have
been used in many different ways to predict and improve the availability and reliability of such
systems. This work uses a modeling tool called generalized stochastic Petri net (GSPN) in a new
way, aiming to determine the effect that the number of maintenance teams has on the availability
and performance of a coal-fired power plant cooling tower. The results obtained through the model
are confronted with a thermodynamic analysis of the cooling tower that shows the influence of this
system’s performance on the efficiency of the power plant. Thus, it is possible to determine the
optimal size of the repair team in order to maximize the plant’s performance with the least possible
investment in maintenance personnel.

Keywords: generalized stochastic Petri net; GSPN; reliability; availability; maintenance; cooling tower

1. Introduction

Electricity generation from coal is one of the most important activities in fossil fuel-based economies
across the globe. Today, almost 40% of worldwide electricity production is based on conventional
coal-fired power plants [1], as shown in Figure 1. Coal-fired power plants have been in continuous
development for a long time with considerable efforts to improve their capacity and thermal efficiency,
since an increase in their efficiency can significantly reduce the overall cost of electricity production, as
well as reduce the environmental impact generated by the burning of coal [2,3].
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Figure 1. Worldwide electricity mix, 2016 (Data from [1]).

The main objective of any electric power generation system is to provide the energy demanded
by the market, as well as to comply with the regulatory requirements [4]. In order to do so, it is
necessary to ensure its availability, which is the percentage of time in which the system is able to
produce electricity at a specified admissible level. Many studies have been developed to predict not
only the availability of such power plants, but also the economic performance and the risks associated
with their operation [5,6].

The availability of a complex system is strongly associated with its components’ reliability, as
well as its maintenance policy. In order to avoid plant’s efficiency degradation, it is vital to develop an
adequate maintenance plan, which can also improve the system’s reliability and availability. Several
well-established maintenance philosophies have already been implemented in the thermal power plant
scenario, such as reliability centered maintenance (RCM) [7–9], risk-based maintenance (RBM) [10,11],
and condition-based maintenance (CBM) [12,13]. Recent studies also propose the integrated use of
some of these philosophies [14–16]. Although each of these philosophies proposes the development of
maintenance plans under different perspectives, it is important to note that they share the objective of
maintaining the integrity and functionality of the system. The main goal of those philosophies is to
define an efficient strategy for preventive maintenance planning, mainly focusing on monitoring the
condition of components and systems in order to determine a dynamic preventive schedule.

Since maintenance plans can directly improve performance and equipment operational life, several
mathematical models can be used to determine the real impact of such plans on the availability and
reliability of the system as a whole. A reliability block diagram (RBD), for example, is a technique
for system reliability and availability analysis that can be used for this purpose, using information
regarding the failure and repair rates of a system’s components [17,18]. A RBD resembles schematic
representation of systems where the connections indicate the interdependency and functioning of the
systems according to their configuration.

Although a RBD is able to identify the least reliable components in the system, requiring more
attention from the maintenance team, this diagrammatic method is unable to represent the behavior
of complex systems, especially those that are reconfigured in different operational contexts (such
as fault-tolerant systems), and therefore has limited use. In such cases, it is common to use state
machines for a more realistic analysis. The Markov chain method is frequently used to represent
system reliability and availability, since it is based on the description of all possible system states
(based on a combination of failures and operating states of its components), where the transitions
between states are associated with failures of components and repair rates. To represent and solve
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the Markov process, it is necessary to construct the appropriate state space diagram and to insert the
relevant transition rates. Sabouhi et al. [18] used this technique to model the reliability and availability
of a combined cycle power plant alongside with RBD analysis. Manesh et al. [19] used the Markov
method for the determination of availability and reliability of complex cogeneration systems.

In Markov process analysis, there are no basic restrictions on the number of states and transitions
used in the model, and the elaboration of the state space diagram, translate the analyst´s knowledge
about the system operation. However, the greater the number of components the greater is the difficulty
to model the state space. The model can, therefore, become unmanageable for large systems [20].

Dynamic and complex systems, which change their mode of operation or their performance due
to failures in their components, can be easily represented by a technique based on Markov chains
called Petri net (PN). PN is a modeling method that can represent a system’s structure and dynamic
behavior in a formal graph.

This work, which is an evolution of previous publications [21,22], uses a more complex type of PN,
namely the generalized stochastic Petri net (GSPN), in a new way, aiming at determining the effect that
a predictive maintenance policy can have on the availability, reliability and performance of a coal-fired
power plant cooling tower. Since the cooling tower under study is composed of several components
that can fail simultaneously, the proposed GSPN model is also able to determine the effect of an
expansion on the maintenance team in the system. Despite being a redundant subsystem, the cooling
towers may present degradation in their components that can reduce their heat transfer capacity in
comparison with design conditions, decreasing plant efficiency. So the maintenance planners should
give attention to the cooling towers subsystem aiming at avoiding its degradation.

The results obtained through the model are also confronted with a thermodynamic analysis
showing the influence of the cooling tower performance on the overall efficiency of the power plant.
As a result, it is possible to determine the optimal size of the repair work force in order to maximize
the plant’s performance with the least possible investment in maintenance personnel. The study was
carried out using actual operational data gathered in a coal-fired power plant in the northeast of Brazil.
The results obtained show that coal savings due to improved efficiency compensate the investment in
a better cooling tower maintenance strategy.

2. Generalized Stochastic Petri Nets (GSPN)

The original concept of PNs was developed by Carl Adam Petri back in 1962. Initially, it was
developed for modeling and analysis of computer hardware and software, but during the last few years
PN has been increasingly used in engineering areas such as automation, communication, chemistry, civil
engineering, and reliability systems [23]. The graphical representation of PN employs the following
notations: Places (described by circles), Transitions (described by boxes or bars), Arcs (described
by arrows that connect Places to Transitions and vice versa), and Tokens (described by a black dot).
The tokens located in a place are referred to as the marking of a place; the initial marking represents
the initial condition or state of the PN [24].

A basic model of a Petri net is shown in Figure 2. It shows the PN with two places (P1 and P2),
and between them an immediate transition (t1). Places can be occupied by one or more tokens [25].
The graphical construction of a PN involves the understanding of how the places, transitions, tokens
and arcs interact. The dynamic behavior of a PN is described by a sequence of transition firings. Firing
results in moving one token from one place to another place by a transition. Arcs determine the path
that tokens take throughout the model. They can either enable or inhibit movement in the model,
depending on their use.
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Figure 2. Graphical structure model of a simple Petri net.

A PN can be represented mathematically as a quintuple [26]:
PN = (P, T, Pre, Post, M0), where:

• P = {P1, P2, . . . Pm} is a finite set of places;
• T = {t1, t2, . . . , tm} is a finite set of transitions;
• Pre: P × T is the place application;
• Post: P × T is the following place application
• M0 = {0, 1, 2, 3, . . . , ith} is the initial marking of the PN, represents the number of tokens in the

ith place.

The original Petri net did not include the concept of time, i.e., transitions would fire immediately
if enabled. However, starting in the late 1970s, timed transitions specified by random variables, which
yield probabilistic models, were introduced and the stochastic Petri net (SPN) was created [27,28].
Later, PN models in which non-deterministic firing delays, associated with transitions, coexist with
immediate transitions were called the generalized stochastic Petri net (GSPN).

PN, SPN and GSPN have been used in several different areas of engineering. These modelling
techniques have produced interesting results in fault diagnosis, for example [29–31]. Availability
analysis, however, has shown to be one of the most prominent areas of application of Petri nets, given
its capability of modeling and analyzing of systems that include failure and repair processes, as well as
a variability of the operating times.

Beirong et al. [32] propose an availability modeling and analysis of equipment based on generalized
stochastic Petri nets. The proposed method addresses the problem of evaluating the performance of
equipment that is subject to both wear-out failures and random failures.

Thangamani [33] deals with the availability analysis of a lube oil system used in a combined cycle
power plant. The proposed method, which uses GSPN to model the system, takes into consideration
partial failures of their subsystems and common-cause failures. The author states that GSPN is a
promising tool that can be conveniently used to model and analyze any complex system.

Talebberrouane et al. [34] compare two techniques used for availability analysis of safety critical
systems, which are GSPN and fault tree-driven Markov process (FTDMP). An emergency flare system
including a knockout drum is used as case study for the comparison. The authors highlight that,
although FTDMP is a powerful formalism, it provides limited information. GSPN, on the other hand,
provides additional information such as frequencies of events at operating and failing modes and
expected occurrence timing and durations resulting from different complex sequences.

Leigh et al. [35] use Petri nets to model the maintenance of wind turbines. The method considers
three types of maintenance (periodic, conditional and corrective) as well as weather conditions, which
influence the wind turbine accessibility. The authors state that PN has been shown to be a good
modelling technique for maintenance processes because of its dynamic modelling and adaptability, as
well as its ability to test optimization techniques.

Long et al. [36] uses extended colored SPN for analyzing the productivity and availability of
production systems in Industry 4.0. The proposed model is able to simulate flexible production systems,
with diverse combinations of machines.

This paper proposes a methodology based on GSPN to evaluate the availability of power plants’
subsystems, with emphasis on coal-fired power plants, considering the limitations on the number
of maintenance teams available in the plant. The GSPN model also considers the application of the
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condition monitoring technique as the subsystems’ maintenance policy. Although that policy provides
a more efficient use of a piece of equipment, it may have its application jeopardized by the lack of
available maintenance teams.

The paper also proposes a method to evaluate the economic feasibility of the increase on the
number of maintenance teams aiming at reducing plant operational costs taking as an example the
cooling towers subsystem.

The application of the proposed method will help plant managers and reliability engineers to
understand the availability of complex systems as a function of maintenance policy and available
maintenance resources.

3. The Proposed Method

The proposed method, although implemented in a cooling tower in this article, can be extended to
any system whose machines predominant failure modes are wear-out failures whose progress can be
measured, and therefore can be subject to a predictive maintenance policy. Predictive maintenance is
one of three types of maintenance tasks that can be applied to a particular type of equipment, which are:

• Corrective maintenance: carried out only after a failure has occurred, aims only to correct faults
and return the equipment to its full operation;

• Preventive maintenance: it is intended to prevent breakages and the appearance of failures in
machines and components. The preventive tasks are carried out periodically, being fulfilled
as planned and before failures occur, ensuring that the machines maintain their functioning
effectively and reliably;

• Predictive maintenance: relies on monitoring and inspection of the equipment for the determination
of its operational condition, maintenance interventions will only be carried out if a deviation on
the equipment’s normal behavior is detected.

For predictive maintenance to be practiced, however, it is necessary to study and understand
the equipment’s behavior throughout its whole lifecycle, from the beginning of its operation to the
occurrence of a final failure. According to several authors [37,38], the lifecycle of some machines can be
divided into two zones (Figure 3): a first stable zone in which the condition monitoring measurement
varies slightly around a mean, and a second degradation zone in which the machine behavior deviates
significantly from the normal one [39].

Figure 3. Typical degradation pattern.
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In the proposed method, these two zones will be represented by two different places in the Petri
net. In fact, the network developed to represent the conditions of a machine (or piece of equipment)
will be composed of five places, as shown in Figure 4. It is worth noting that the Petri net of Figure 4
represents only one machine of a system, not the entire system. These five places are described below:

• P1: The machine is operating in the stable zone;
• P2: The machine is operating in the degradation zone and will soon fail;
• P3: The machine has failed and is no longer operable;
• P4: The machine is going through repair before it fails, because it has previously entered in the

degradation zone;
• P5: The machine is going through repair after it has failed.

Figure 4. Petri net for one macine.

The place where the token is represents the current condition of the machine. In Figure 4, for
example, the machine is currently operating in the stable zone. Its condition will change when
transition T1 fires, which makes the token move from P1 to P2. When in P2, the token can move to P3
or P4, depending on which transition, T2 or T3, fires. If T2 fires, the token goes to P3, which means
the machine has failed and will only go on repair (P5) if T4 fires. But, if T3 fires, the token goes to P4,
which means the machine goes on repair before it has failed. The machine goes back to operating in
the stable zone (P1) after repair occurs (firings of T5, if the token is in P4, or T6, if the token is in P5). It
is worth noting that the proposed Petri net can only represent machines whose degradation pattern is
represented in Figure 3. If the degradation pattern of the machine is different from the one presented
and can’t be divided into two zones, the Petri net model should be redesigned.

For a better understanding of how transition firings occur, a better description of each transition
is made below:

• T1: it is a timed transition that, if fired, makes the token go from P1 to P2, i. e., represents the
machine going from the stable zone to the degradation zone. The firing delay is random and
based on a probabilistic distribution that represents the time that the machine usually operates in
the stable zone;

• T2: it is a timed transition that, if fired, makes the token go from P2 to P3, i. e., represents the
machine going from the degradation zone to a failed state. The firing delay is random and based
on a probabilistic distribution that represents the time that the machine usually operates in the
degradation zone;
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• T3: it is an immediate transition that, if fired, makes the token go from P2 to P4, i. e., represents
the machine going from the degradation zone to repair before it fails. Since it is an immediate
transition, this means that as soon as the token arrives at P2, it would immediately go to P4, but
in the model proposed here, this will only happen if the maintenance team is available to repair
the machine;

• T4: it is an immediate transition that, if fired, makes the token go from P3 to P5, i. e., represents
the machine going from the failed state to repair. Since it is an immediate transition, this means
that as soon as the token arrives at P3, it would immediately go to P5, but in the model proposed
here, this will only happen if the maintenance team is available to repair the machine;

• T5: it is a timed transition that, if fired, makes the token go from P4 back to P1, i. e., represents
the machine going from repair back to operating in the stable zone. The firing delay is random
and based on a probabilistic distribution that represents the time that the machine usually stays
in repair;

• T6: it is a timed transition that, if fired, makes the token go from P4 back to P1, i. e., represents
the machine going from repair back to operating in the stable zone. The firing delay is random
and based on a probabilistic distribution that represents the time that the machine usually stays
in repair.

Considering the description of the network of Figure 4 above, particularly the descriptions of
transitions T3 and T4, it becomes clear that, in the proposed method, the Petri net should be able to
represent multiple machines, as well as the maintenance team activity. For a better understanding of
how the complete Petri net model works, let us consider an example of a system with four machines
and a maintenance team, as shown in Figure 5.

Figure 5. Petri net of a system with four machines and one maintenance team.
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In the Petri net of Figure 5, Places P6 and P7, as well as transitions T7 and T8, were added to
represent the maintenance team activities. Place P6 represents the maintenance team available to do a
repair job in one of the machines and P7 represents the maintenance team busy, working on a repair.
The immediate transition T7 fires only when there is one machine in the degradation zone or in the
failure state. The immediate transition T8 fires only when the machine goes from repair to operating in
the stable zone again.

It is possible to notice that Figure 5 is representing a specific state of the system, considering the
positions of the tokens. In it, machines 1 and 2 are still operating in the stable zone, machine 3 is being
repaired and machine 4 is operating in the degradation zone, while the maintenance team is working
(repairing machine 3). If the team was available, machine 4 would already be in maintenance, but in
this case it is forced to work in the degradation zone. If the team finishes the repair fast enough (when
the token of machine 3 returns to place P1), then machine 4 will be repaired, otherwise it may fail and
remain so until the team finishes its work.

Now, using the Petri net model that represents the system under study, it is possible to simulate
its operation for a given period of time and compute its availability and reliability, as well as other
characteristics of its functioning. But, to do so, it is important to define what availability and reliability
are for the system.

Reliability, according to Carazas and Souza [4], is defined as the probability that a system will
properly perform its functions during a specified period of time and under a given set of operating
conditions. Availability, on the other hand, is defined as the ability of a system (under combined
aspects of its reliability and maintenance support) to perform its required function over a period of time.
Availability can be expressed by an equation based on system’s uptime and downtime, as follows:

Availability =
Uptime

Uptime + Downtime
(1)

Both availability and reliability definitions are based on the system performing its function.
Therefore, in order to compute both of them through the Petri net, it is important to define how the
system loses the ability to fulfill its function. It is worth noting that the Petri net model was created with
redundant systems in mind. Redundant systems have components that perform the same function,
and if one of them fails, another prevents the whole system from stop working.

In the example of Figure 5, considering that the 4-machine system fulfills its function if only 2 of
them are operating, it will only have its reliability and availability compromised if 3 machines are in a
state of failure or in maintenance. In the Petri net model, it is possible to verify the number of machines
working by counting the number of tokens present in the places dedicated to represent the machine in
operation (both in stable and degradation zones). Therefore, in order to obtain the reliability of the
system in a given time interval, the Petri net software must, through stochastic simulation of the model,
compute the probability of only one of the four tokens stays in places P1 or P2 (i.e., the probability that
at some point within a time interval only one out of four machines is operating). To obtain availability,
the software must calculate the percentage of the total time interval at which such a scenario can occur.

With the reliability and availability results obtained through the Petri net, it is possible to evaluate
if these values satisfy the stakeholders’ needs and what can be done to optimize the operation and
maintenance of the system. For a system consisting of several machines that constantly fail, for
example, it is possible to evaluate what would be the effect of an increase in the maintenance team.
With a larger team, it is possible to perform the repair of more than one machine simultaneously. This
will avoid having inoperative units for a long time while waiting for repair. Of course, this increase in
maintenance staff comes at a price, and because of this a cost-benefit study is needed.

In the next section, the proposed Petri net will be implemented for a cooling tower of a coal-fired
power plant. The probabilistic distributions required for timed transitions will be based on real
values of the system under study. Reliability and availability will be calculated for different sizes of
maintenance teams (one, two or three machines will be considered to be repaired simultaneously).
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Finally, a cost-benefit analysis will be undertaken considering the effect that the cooling tower has on
the thermal cycle of the plant.

4. Maintenance Strategy Optimization of a Cooling Tower

Figure 6 shows, in a simplified way, how the coal-fired power plant under study generates energy.
In the plant, feed water enters the boiler and is transformed into saturated steam by absorbing heat
generated by coal burning. This steam is responsible for moving the turbine, which is divided into
three stages: low, intermediate and high pressure (LP, IP and HP). The turbine transmits movement to
the electric generator, responsible for transforming this movement into electrical power. The steam
leaving the LP turbine must be condensed and then fed back into the system. For this condensation to
occur, the steam exchanges heat with the cooling water from the cooling tower.

Figure 6. Coal-fired power plant process diagram.

As can be seen, the cooling towers are an integral part of the condensation process. This process,
as is well known, is vital to assure thermal power plant efficiency, and is strongly influenced by the
control of the inlet cooling water temperature and flow. The cooling water temperature control in turn
is achieved by controlling the amount of heat exchange promoted by the cooling tower fans. Because
of this, it is common for cooling towers to contain more fans than the minimum required, ensuring
that the necessary heat exchange occurs even if some of them fail to operate. However, if too many
fans fail at the same time interval, the system’s heat transfer capacity will inevitably be reduced in
comparison with design conditions, leading to a reduction in electric power generation. To prevent
this from happening, the plant operator will most certainly increase the burning of coal in the boiler.
Such a common decision will help meet the power output demand, but causes the decrease of plant
efficiency and an increase in CO2 emissions. Therefore, it seems advisable that maintenance planners
should give due attention to the cooling tower subsystem in two respects: prevent degradation, and
assure prompt restoration in case of failure.

Figure 7 shows the cooling tower studied in this article, highlighting its main components. As
can be seen, the tower has 16 cells, each consisting of a fan, gearbox and motor. According to the
original design of this system, only thirteen fans in operation are required to maintain acceptable heat
exchange, although a larger number in operation would optimize the thermal cycle. This means that if



Energies 2019, 12, 1951 10 of 28

three fans fail simultaneously, it is still considered that the cooling tower is performing its function
properly. If four or more fail, however, it is considered that the system is no longer performing its
function, seriously affecting the thermal cycle of the plant.

Figure 7. Cooling tower system.

Keeping cooling tower availability certainly requires an adequate amount of human and material
resources. However, determining the ideal size of the maintenance staff, or the right amount of tools,
spare parts, etc. is no easy task, particularly in the operation of a large and complex thermal power
plant. In addition, it means a significant trade-off between necessary investment on the one hand, and
operational profit on the other. In the next section, the developed Petri net model is implemented in
the cooling tower described.

4.1. GSPN Model for the Cooling Tower

After analyzing the failure records of the cooling tower’s components during one year of operation
of the plant, it was possible to perceive that the gearboxes are the most critical component, as shown
on the Pareto chart presented in Figure 8. The registered gearbox failures are related to excessive levels
of vibration, usually due to leakage or lack of oil, or some mechanical failure.
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Figure 8. Pareto chart of failure records.

Given the failures of this component, the gearboxes present in the cooling tower are already
equipped with a monitoring system that can detect the moment the component changes from stable
to degraded mode of operation, as shown in Figure 3, and sends a message, called an alarm, to the
maintenance team. These condition-based monitoring systems are commercially available and largely
described in literature [40–43], and thus will not be described here. By having this system already
installed, however, it was possible to gather information about the time between a cell going into
operation and the alarm message being sent, as well as the time between sending the alarm and the
gearbox failure and the repair time. Table 1 shows the values obtained from 21 well-recorded gearbox
failures. Although gearboxes had more failures during one year, only these 21 were still recorded in
the monitoring system database and also in the plant asset management system.

The data presented in Table 1 are used to obtain probabilistic distributions that are inserted into
the timed transitions of the Petri net (T1, T2, T5 and T6 of Figure 4). This was done by using maximum
likelihood estimation (MLE).

MLE is a widespread method used for parameter estimation and it is considered to be a robust
parameter estimation technique [44,45]. From a data set and given a statistical model, the estimation
by maximum likelihood estimates the best values for the different parameters of the model.

The objective of the MLE is to find the best parameters values of the chosen distribution for a
given data set, which is done by maximizing the likelihood function value. The likelihood function is
given by the following equation [46]:

L =
n∏

i=1

f(xi; θ1, θ2, . . . , θk) (2)

where f represents the probability density function for the distribution, n is the size of the data set, xi is
each data value from the data set and θ1, θ2, . . . θk are the parameters of the distribution that need to
be estimated.

The parameter values that maximize the value of the likelihood function are found by taking the
logarithm of this function and, then, setting the partial derivative of the log-linear equation for each
parameter equal to zero [46], as shown in the following equation:

∂(ln L)
∂θ j

= 0 , j = 1, 2, . . . , k (3)
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Table 1. Data gathered about the gearbox lifecycle.

Item Number Time to Alarm (h) Time between Alarm
and Failure (h) Time to Repair (h)

1 3288 39 139
2 2496 266 82
3 5688 377 189
4 168 1140 230
5 648 331 23
6 1752 341 78
7 3792 65 156
8 816 28 240
9 360 584 201

10 960 161 303
11 3384 142 48
12 1200 118 72
13 792 68 8
14 1152 641 122
15 912 72 187
16 2904 761 144
17 624 322 194
18 552 125 170
19 696 79 198
20 3192 147 205
21 504 123 157

The type of distribution that is used to represent a given phenomenon depends on the
phenomenon’s nature. In the field of reliability, the Weibull distribution is very popular for representing
asset lifetimes, as well as to model degradation processes [47,48]. A lognormal distribution, on the
other hand, is used to model continuous random quantities when the distribution is believed to be
skewed, such as the time to repair equipment and lifetime variables [49]. It was decided, therefore, that
the time for alarm and the time between alarm and fault will be represented by Weibull distributions
and that the time for repair would be represented by the lognormal distribution.

The two parameter Weibull probability density function is written as:

f (t) =
β

η

(
t
η

)β−1

e−(
t
η )

β

(4)

where β is the shape parameter and η is the scale parameter.
The lognormal distribution probability density function is written as:

f (t) =
1

tS
√

2π
e−

1
2 (

lnt−µln
S )

2

(5)

where µln is the mean of the natural logarithms of the times-to-failure and S is the standard deviation
of the natural logarithms of the times-to-failure.

Weibull++ software [50] was used to determine the distribution parameters through MLE. The
software can easily generate the log-likelihood function in a three-variable graph. In this graph,
the x-axis and the y-axis represent the parameters of the distribution and the z-axis represents the
log-likelihood value. The best values for the distribution parameters are found at the peak of the graph,
since it is there that the likelihood function has its value maximized. Figures 9–11 show the results
obtained through the MLE.
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Figure 9. Likelihood surface and distribution parameters (β and η) for “Time to Alarm”.

Figure 10. Likelihood surface and distribution parameters (β and η) for “Time from Alarm to Failure”.
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Figure 11. Likelihood surface and distribution parameters (Log-Mean is the value of µln and
log-standard deviation is the value of S) for “Time to Repair”.

From Figure 9, the obtained parameters of the Weibull distribution that best represent the “Time
to Alarm” are β = 1.24 and η = 1840. The value of β indicates that failures are typical of aging effects
and justify the application of predictive maintenance. From Figure 10, the obtained parameters of
the Weibull distribution that best represent the “Time between “Alarm and Repair” are β = 1.08 and
η = 292. From Figure 11, the obtained parameters of the Lognormal distribution that best represent the
“Time between Alarm and Repair” are µln = 4.78 and S = 0.87.

After determining the parameters of the distributions, it is possible to create the Petri net model
for the cooling tower shown in Figure 12. In order to represent the simultaneous repair of more than
one component, the figure model contains “three maintenance teams” (A, B and C). This does not
mean that three completely separate and independent teams would exist in the plant, but only that, if
necessary, the maintenance team would be large enough to repair up to three cells simultaneously. In
addition, the simulation was done for different scenarios, that is, considering that only one component
could be repaired at a time (one maintenance team), that two could be repaired (two maintenance
teams), and finally that three could be repaired simultaneously (three maintenance teams). GRIF [51],
a Petri net software, was used to run this model.
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Figure 12. Generalized stochastic Petri net (GSPN) model for the cooling tower.

It is important to make it clear, before presenting the results obtained by the software simulation,
that some simplifications and considerations have been made so that the results of the model are true
to reality but at the same time, the method is feasible to implement.

First, only failures in gearboxes are considered because they are the components that fail the most,
although the system is more complex. To insert different failure modes in the model, however, would
require data currently unavailable, which would make the analysis unfeasible.

Second, the time to repair of a component after it fails is usually greater than the time to repair
when it is detected while the component is in the degradation zone (but has still not failed yet).
Unfortunately, only the time to repair after a failure was available at the plant. It was considered,
therefore, that the repair time of the gearbox still in the degradation zone would be 20% lower on
average than the repair after the failure. This means that the Lognormal distribution for the repair still
in the degradation zone has parameters µln = 4.56 and S = 0.87.

Finally, when a component is repaired and returns to operation (in the stable zone), the Petri
net model considers it to be an “as good as new” component. In fact, a piece of equipment that
has undergone a repair will not necessarily behave as new and may have a greater probability of
failure. However, it is not possible to determine exactly how the equipment will behave after its repair,
although it is common practice to replace the broken equipment with a new one.

These considerations are important so that the limitations of the method become clear in the
analysis of results.

After implementing the Petri net developed in the software, the simulations for different
maintenance team sizes were performed. Considering, initially, the existence of a maintenance
team that can only repair one cell at a time, it was possible to obtain the availability and reliability of
the system during one year of operation (8760h). In addition, it was also possible to obtain the period
of time during which a given number of cells operate simultaneously. These results are shown in
Figure 13.
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Figure 13. Simulation results for the cooling tower operation considering one repair team.

By analyzing Figure 13, it is possible to see that the asymptotic availability of the cooling tower
during a year of operation is about 75%, while its reliability curve drops to less than 5%. It is also
possible to conclude that, over a year of operation, the 16 cells operated simultaneously at about 8%
of the time (738h), whereas in approximately 36% of the time (3122h) there were 15 cells operating
together, in 17 % of the time (1509h) there were 14 cells, and so on.

Considering the existence of a maintenance team large enough to repair two cells simultaneously,
the results of the simulation show a significant improvement in the performance of the cooling tower.
Its availability has increased to 96% and its reliability curve is above the 30% barrier. Figure 14 shows
the results of this simulation.

Figure 14. Simulation results for the cooling tower operation considering two repair teams.
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It can be seen from Figure 14 that, with “two maintenance teams”, the 16 cells are in operation
simultaneously for 25% of the time (2190h), a number considerably higher than that presented in the
simulation with only one maintenance team. It is also noted that the number of hours in operation
with a larger number of dead cells also decreased.

Finally, considering the existence of a maintenance team that is large enough to repair three cells
simultaneously, the results of the simulation show a more discrete improvement in the performance of
the cooling tower in relation to the previous simulation. Its availability has increased to 99% and its
reliability curve is above the 40% barrier. Figure 15 shows the results of this simulation.

Figure 15. Simulation results for the cooling tower operation considering three repair teams.

With the results obtained by the simulations, the next step of the method was to carry out a
cost–benefit analysis in order to verify if an investment for the increase in the maintenance team is
economically feasible. To do so, one must understand how the cooling tower affects coal-fired power
plant efficiency. In the next section, therefore, a thermodynamic analysis of the plant is carried out,
which will subsidize the proposed cost–benefit analysis.

4.2. Thermodynamic Analysis

In order to estimate now the influence of the temperature of the water leaving the cooling tower
on the increase of coal consumption, and therefore on its cost, an approximated analysis can be carried
out using actual design data applied to the theoretical cycle shown in Figure 16.

Condenser design characteristics are: two passes, single shell, single pressure, surface type,
transversal arrangement, with a 39,000 m3/h cooling water flow rate. Cooling water inlet and outlet
temperatures are, respectively, Tcin = 28.4 ◦C and Tcout = 38.7 ◦C.

The condenser effectiveness can be calculated using the following equation:

ε =
Tcout − Tcin

T6 − Tcin
=

10.3
42.7− 28.4

= 0.72028 (6)
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If this effectiveness value is further considered to be constant, as well as the temperature increase
of ∆Tc = 10.3 ◦C across the condenser, the value of T6 can be obtained, and consequently the vacuum
conditions inside the condenser, as Tcin and Tcout vary:

T6 = TCin +
(∆Tc

ε

)
= TCin + 14.3 (7)

Figure 16. Ideal Rankine cycle with reheating.

At the cooling tower, the inlet water temperature, Ti, can be considered to be equal to Tcout, and
the outlet water temperature, To, will depend on how well the equipment functions and is capable of
removing heat from the water. On the other hand, since the water leaving the tower is circulated back
into the condenser, plus a certain amount in order to make up for evaporation, it is clear that To will
have a direct bearing on Tcin, e.g., as To increases, Tcin and T6 are also expected to increase and cause a
loss of vacuum in the condenser. Values for To can be obtained using the following equation:

T0 = Ti − η(Ti − Twb) (8)

where η is the cooling tower efficiency and Twb is the local wet bulb temperature of air (in the present
case equal to 24.4 ◦C).

The common range of efficiency for this type of cooling tower is between 70%–75%, however, as
cells fail this value can be considerably reduced. The pressure increase inside the condenser (vacuum
loss) will affect the Rankine cycle efficiency, coal consumption and, therefore, the plant’s operational
cost. By assigning increasing values to p6 it is possible to calculate the decrease in Rankine efficiency
for a constant desired output, as well as the extra cost/hour incurred for any specific fuel calorific
power. On the other hand, it is also possible to assign decreasing values to ηT (cycle efficiency) and
calculate the corresponding values for To as both T6 and p6 increase.

Considering the Rankine cycle, the following processes can be evaluated:

qH = mc × Pc (9)

where qH represents the heat transfer to the fluid (heat exchange at constant pressure at the boiler), mc

is the mass of coal and Pc is the calorific value of mineral coal and qL is the heat transfer from the fluid
(heat exchanged with the cooling water entering the condenser which in turn will be further cooled at
the cooling tower):

qL = m × cp × (Ti − To) (10)

where m is the mass of cooling water, and cp is the specific heat for water.
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The network is written as:
qH = wnet + qL (11)

Equation (11) can now be written as follows:

qH = wnet + m × cp × (Ti − To) = wnet + m × cp × Ti − m × cp × To (12)

By combining Equations (8) and (12), the value of qH as a function of To is defined:

qH = wnet −
m·cp·η

1− η
·Twb +

m·cp·η

1− η
·To (13)

Therefore, the amount of coal to be burnt is:

mC =
qH

PC
(14)

It can easily be seen in Equations (13) and (14) that, for any Twb and a constant value of wnet, an
increase in To will cause an increase in both qH and mc. In other words, an increase in the temperature
of the cooling water leaving the cooling tower will cause an extra consumption of coal. Considering
the cost of coal, this extra consumption can also be expressed in monetary value:

Cost of fuel = mC × ($/unit mass of coal) (15)

Finally, it is possible to correlate To and the extra fuel consumption per hour as shown in Figure 17,
considering the net power generation of 360 MW.

Figure 17. Increase of fuel consumption with increasing cooling tower exit temperature.

Taking into account the characteristics of the cooling tower under study and knowing the results
of Figure 17, it is possible to predict the consumption of coal per hour depending on the number of
cells in operation. Figure 18 shows such results.
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Figure 18. Coal consumption and outlet water temperature depending on the number of operating
cooling tower cells.

It can be seen that the effect of a larger number of cells in operation has a direct impact on the
consumption of coal, and consequently on the thermal efficiency of the plant. However, given some
limitations in the design of the plant, the consumption of coal cannot exceed the limit of 130.5 tons per
hour. This limit exists for safety reasons and to maintain the integrity of the mills and the boiler. This
means that if a number greater than three cells fails, it will not be possible to increase the consumption
of coal to maintain power generation, as Figure 18 shows. Therefore, the power generated will be
compromised, as shown in Figure 19.

Figure 19. Generated power depending on the number of working cells.

Last but not least, since pressure and temperature are not independent variables along condensation
processes, it is always good to remember that reductions in condenser vacuum brought about by
the increase in condenser temperature can ultimately represent an explosion risk that should never
be overlooked.
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In the next section, a cost–benefit analysis, comparing the simulation results obtained by the Petri
net with the thermodynamic analysis of the plant, will be performed.

4.3. Cost–Benefit Analysis

Table 2 shows the performance of the tower according to the number of maintenance teams,
exposing how many hours, over a year, one has a certain number of cells operating simultaneously.
In addition, it also shows the total coal consumption in each of these situations. The calculation of
coal consumption took into account the results shown in Figure 18, as well as the plant limitations of
130.5 tons/h.

Table 2. Annual coal consumption by number of maintenance teams.

Number of
Operating

Cells

1 Repair Team 2 Repair Teams 3 Repair Teams

Working
Time (h)

Coal
Consumption

(tons)

Working
Time (h)

Coal
Consumption

(tons)

Working
Time (h)

Coal
Consumption

(tons)

16 Cells in
Operation 738 95,410 2190 282,948 2453 316,902

15 Cells in
Operation 3122 404,973 2716 352,250 3154 409,064

14 Cells in
Operation 1509 196,426 2803 364,807 2015 262,205

13 Cells in
Operation 1053 137,410 701 91,454 1051 137,182

12 Cells in
Operation 782 102,086 175 22,864 88 11,432

11 Cells in
Operation 569 74,307 88 11,432 0 0

10 Cells in
Operation 986 128,608 88 11,432 0 0

Total 8760 1,139,220 8760 1,137,187 8760 1,136,785

It can be seen from Table 2 that the total coal consumption in the plant when there is only one
maintenance crew for the cooling tower is 1,139,220 tons. When there are two teams, this consumption
is 2033 tons less (saving 0.17%). With three teams, consumption is 2435 tons lower (saving 0.21%). This
amount of coal that is saved is one of the main economic factors in determining whether an investment
in the size of the maintenance team will be rewarded. But it is worth remembering that in the situation
described, one also gains from the environmental factor, since a considerable amount of coal is no
longer being consumed.

It is possible to calculate how much savings the plant makes by increasing the number of
maintenance teams. Table 3 shows how much is saved, considering the price per ton of coal used in
the plant and the man-hour cost of maintenance technicians in the Brazilian context. It should also be
taken into account that, by contract, the plant must provide 358 MW of generated power. If the plant is
not able to generate enough energy, it must buy the missing energy in the free market to compensate
for its inefficiency. According to [52], the average price of MWh in the northeast region of Brazil in 2018
was US$73.83. This need to buy in the free market the extra energy that the plant cannot supply has a
considerable impact on the company’s budget. As Figure 19 shows, that situation can occur when 12
or fewer cells are in operation. It is important to remember that Table 1 shows only the costs related to
the operation of the cooling tower and those influenced by the size of the maintenance team. Other
operating costs of the plant that are not influenced by the operation of the cooling tower are not shown.
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Table 3. Total of savings with extra maintenance teams.

Costs Description 1 Repair Team 2 Repair Teams 3 Repair Teams

Total costs with
coal

Cost per ton (US$/ton) 83.44 83.44 83.44

Tons of coal consumed
(ton/year) 1,139,220 1,137,187 1,136,785

Total costs with (US$/year) 95,056,527 94,886,853 94,853,303

Costs for buying
energy on free

market

Average price of MWh on the
Brazilian free market (US$) 73.83 73.83 73.83

MWh bought on the free market 18,960.7 2311.1 290.4

Total costs with MWh bought
(US$/year) 1,399,868 170,629 21,440

Expenses with
maintenance

teams

Cost of man hour (US$/h) 16 16 16

Working hours per year of one
maintenance technician (h/year) 2080 2080 2080

Number of maintenance
technicians 3 6 9

Total of Expenses (US$/year) 99,840 199,680 299,520

Total Costs (US$/year) 96,556,236 95,257,162 95,174,263

In Table 3, three costs are taken into account when comparing the different sizes of the maintenance
team: coal costs, costs for the purchase of energy in the free market, and expenses with the maintenance
team. Coal costs are obtained by multiplying the cost and quantity of coal consumed (presented in
Table 2). The costs of purchasing energy in the free market are obtained by multiplying the average
price of this energy in MWh by the quantity that must be purchased (this value is obtained by analyzing
the time in which the cooling tower operates with 12 cells or less, in Table 2, and the amount of
energy that is no longer produced because of this, in Figure 19). Finally, maintenance team expenses
are obtained by multiplying the average man-hour cost of a maintenance technician in Brazil by the
number of technicians needed and the number of hours they will work in a year. The total costs are
obtained by the sum of the three costs described.

It can be concluded from the results shown in Table 3 that the existence of two or three maintenance
teams would result in savings of more than US$1 million, when compared with the results obtained
with only one maintenance team.

4.4. Sensitivity Analysis

Even though the timed transitions in the Petri net model were based on probabilistic distributions
developed with real data, it is important to note that the quality of the results is extremely dependent
on the accuracy of these data. Obtaining such values, in turn, depends on the quality of the information
collected by the plant, such as failure reports, sensor readings, etc., and can have an impact on the
simulation results.

Therefore, a sensitivity analysis was proposed just to highlight how a change in the probabilistic
distributions for the timed transitions can influence final results. Considering a 90% confidence interval
in the generation of the Weibull distribution of the time to alarm, for example, it is possible to compute
its contour plot, shown in Figure 20, which shows the joint region of the parameters at a specific
confidence level. In this chart, it can be seen that β goes from 0.84 to 1.73 and η goes from 1190 to 2770.
These represent the 2-sided 90% confidence limits on these parameters. Note that the maximum and
minimum β values do not necessarily correspond with the maximum and minimum η values.
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Figure 20. Contour plot, at 90% confidence interval, of the Weibull distribution parameters for the Time
to Alarm.

In order to perform the sensitivity analysis, several (β, η) pair values were implemented in the
Petri net model (instead of the original values from the MLE results, β = 1.24 and η = 1840). Figure 21
shows the variation in the results of availability and reliability when these new parameters were
used, considering the existence of only one repair team. It is possible to notice that the two metrics
suffer great variation, which means that the performance of the system is extremely dependent on
such parameters.
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Figure 21. Results of the sensitivity analysis considering one repair team.

Figures 22 and 23 show the same analysis described above, but now considering the existence of
two and three maintenance teams, respectively. It is possible to notice that, although the reliability
still suffers a certain variation, in both cases the availability is almost constant. This means that the
addition of maintenance teams makes the operation of the system more resilient, that is, the system
becomes tolerant to small variations in the distribution parameters.

Figure 22. Results of the sensitivity analysis considering two repair teams.
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Figure 23. Results of the sensitivity analysis considering three repair teams.

5. Conclusions

Since the trade-off between equipment availability and the size of maintenance teams constitutes
an important issue at large power plants, the authors decided to carry out an in-depth study in order
to assess the cost–benefit aspects involved in the operation of the steam-generation plant cooling tower.
Accordingly, it was decided to model the cooling tower system with its deterioration and repair team
availability characteristics using a GSPN. As with other dynamic systems, the cooling tower displays
a complex behavior involving variables of time, repairable components periodically tested, failure
to start, and random occurrences, that more accurately describe the systems in practice. The GSPN
method proved to be a very effective modeling tool for describing and analyzing the dynamic behavior
of the system under scrutiny.

The power of the GSPN model is the interactive mode which allows the observation and analysis
of the systems based on the pre-conditions set by the users. After showing the influence of cooling
water temperature in the Rankine cycle and the relation between cooling water temperature and coal
consumption, one important component of the cooling tower was modeled to test the method. Three
experiences were performed to evaluate the proposed approach, i.e., availability was estimated for
one, two, and three maintenance teams.

Engineering and maintenance scheduling personnel at power-generation plants need to have a
system to aid and support them to make reasonable decisions during critical situations, in order to
reduce the delay of restoration after a failure has occurred. The Petri net model presented in this study
deals with alarms on the cooling tower cells and allows an evaluation to determine the ideal number
of repair personnel available at the plant.

The proposed method can be applied to other systems in a power plant by building Petri net
models for each one of the systems. The proposed approach shows that SPNs can be successfully used
for availability analysis and that GSPNs are very useful in addressing problems that are difficult to
solve by standard approaches such as fault tree or reliability block diagrams analyses. This can help
engineers and planners to make decisions regarding solution feasibility, total maintenance time, and
system availability.
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