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Abstract

Of our days, the question of industrial competitiveness is of particular importance for the industries in all sectors of
activity. The next years will be marked by persistent pressures on the cost and the quality of the systems. Of this fact, an
analysis of the safety of operation constitutes a necessary approach for the improvement of the operation of the systems
by acting as soon as the primary phases of the design on the settings and the factors influencing the functioning of these
systems. In effect, the modeling is a critical phase in this kind of analysis and the literature presents several tools enabling
this modeling. In operational safety, there is often little information available. It is therefore generally impossible to
obtain the parameters describing the Act attached. That is why; modeling tools rely primarily on the judgment of experts,
surveys and databases of the manufacturers to build models structured. In this perspective, the Bayesian networks are a
powerful solution of modeling for complex systems to merge the knowledge of various natures within a same model. In
this logic, we will present a modeling by Bayesian networks of the two concepts of turbine namely direct and indirect in
the aim of constructing a decision of choice between the two concepts in the preliminary phase of design of wind turbines
while presenting the method, the calculation of the probability of state and the validation criteria of choice.
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1. Introduction

The uncertainty is a problem commonly encountered in real-
world applications. It can be described as an insufficient
amount of information. Nevertheless, the uncertainty may
also exist in situations which have a sufficient amount of
information. In addition, the uncertainty may be reduced or
abolished by the addition of new information. Adding more
information in complex processes can lead to the mining
limited knowledge. The uncertainty can be calculated
mathematically with the theory of probabilities. In uncertain
situations, there is an involvement of the possibility of states
of attributes. Therefore, the models established on
probabilistic inferences have the ability to assign a value
probabilistic according to a principle defined.

Accordingly, the prediction with a large number of states
in a model is complex. The question which arises is "how
the forecast is carried out in the presence of a large number
of States in a model?" a response to this question is the
employment of the Bayesian network (BN) with several
variables [1]. Bayesian networks also known as networks of

Belief, belong to the family in probabilistic graphical
models. These structures graphs correspond to the
knowledge about a domain uncertain. More specifically,
each node in the graphical structure represents a random
variable, while the edges / arcs between the nodes represent
conditional dependencies between the nodes. These
conditional dependencies are estimated using statistical
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methods and recognized it.

The application of the BN on reliability is a relatively
recent development, their popularity has grown up in the
field of reliability analyzes of the systems since the end of
the years 90 [2], [3].A set of 200 articles of applications of
BN in Reliability are referenced in an article of synthesis of
Weber and al [4]. This article illustrates the interest in the
modeling by BN in the field of the Reliability modeling, of
the analysis of the risks and the maintenance during these
last ten years and gives a synthesis of scientific locks
remaining to resolve.

The salient articles identified in this synthesis are
attached to demonstrate equivalency with the methods of
probabilistic assessments classically used in Reliability. We
find in the work of Torres Toledano [2] an analysis of the
benefits of BN by report to the formalism of reliability
diagrams (DF). The work of Bobbio [5], [6] Explain how a
tree of failure can be modelled by a BN. The work of
Boudali [7], [8] Describe the representation of trees of
dynamic failures by Bayesian Networks Dynamic. Finally,
[9]-[11] also explain how the DBN can be used to extend
the modeling techniques of the reliability of the systems by
Markov Chains. These articles present in the literature had
for objective to demonstrate the equivalence of the BN with
conventional tools however they have not always develop
the many benefits of BN.

In parallel to these articles that are focused on the
comparison of methods, new methods of modeling using the
real capacities of modeling of BN have emerged. One of the
first articles [12] proposes a methodology exploiting the
modeling by BN in the framework of the evaluation of the
reliability of an infrastructure. The publication of Bensi et al



Souad Nabdi, Hamid Zaghar and Brahim Herrou/Journal of Engineering Science and Technology Review 10 (4) (2017) 185-190

in 2013 [13] offers a method of construction of the structure
of the Model BN is defined in function of minimum links or
minimum slices, for the modeling of the performance of the
systems multi-states. This article shows a few real interests
in the use of in safety in operation compared to the methods
of conventional modeling.

Today we have at our disposal a number of articles of
synthesis [4], [14]-[16] which give a good view of the
maturity of the applicability of the RB to the reliability in the
broad sense. The Institute of the control of risks (IMdR) has
supported several projects to promote the modeling by BN:
The IMdR project P04-7 has helped to evaluate the
relevance of the modeling approach by BN in relation to the
problems of operational safety posed by industrial
companies. Unfortunately, this formalism of modeling is not
yet fully accepted in the industrial workplace. This lack of
acceptance comes from the fact the relative newness of the
tool, the possible lack of legibility at the model level, the
strong power of modeling that it must dominate and the
connotation of the word “Bayesian” in the spirit of a
specialist of reliability.

Bayesian Networks can provide effective support in
security modeling. Indeed, they have a powerful modeling
and analysis power. They provide a formal framework for
manipulating or processing probabilistic events into
representatives by discrete random variables, as well as the
relationships that bind them to the representatives by
conditional probabilities. The modeling by this method is
appreciated to be based on a powerful formalism of
expression of the dependencies and complex independences
between random variables. This formalism is therefore well
adapted to the representation and study of complex systems.
Of this fact, completely define the Bayesian networks
therefore requires in the first place to introduce the concepts
of graph theory on the one hand and concepts of
probabilistic the other part. In addition, understanding where
the Bayesian networks come involves doing return first on
the question of the treatment of uncertainty.

In this context, the present work is as the first party to
introduce the Bayesian networks with a quick overview on
the work presented in the literature as well the areas of
application. Then we will present this method as modeling
tools for the analysis of wind turbines direct and indirect.

2. Tools and Methods

2.1. History and Definitions

2.1.1. Bayesian approach

The term "Bayesian" refers to Thomas Bayes and is
supposed to be put in place for the first time in the 1950s.
A Generalized Version of the Bayes theorem was
demonstrated independently by Pierre-Simon and marquis
Laplace transform. As well, the Bayesian networks (BN)
have been presented in [17]In the emphasis on three
concepts. The first two concerning the subjective nature of
the input information and the second on the update of the
information. The last stroke is the distinction between the
connection mode and the evidence which has been taken into
account by Thomas Bayes mentioned in [18], [19]. Later
in [18], the authors have put the point on the benefits of BN
as a field of learning. Therefore, we can note several fields
of research that uses the BN such that the treatment of the
image, decision-making, the analysis of the operational
security of systems, the medicine and the analysis of data,
and other areas of additional knowledge.
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Bayesian networks rely on a theorem: The Bayes
theorem. This is a result of basic theory of probabilities,
resulting from the work of the Reverend Thomas Bayes
(1702-1761), presented posthumously in 1763. This theorem
defines the probabilities as follows: [20]

P (A\B) P (B)=P (AN B) =P (B\A) P (A)

P(4\B)= P(B;)f;;(A)

With:

=  P(A): The a priori probability of A or the probability of
marginal has, it is said "previous", in the sense that it
precedes any information on B

= P (A\B): The probability a posteriori knowing B, it
depends directly on B. It is also called the likelihood
function of A

= P(B): The a priori probability of B or the probability
marginal of B

Bayesian networks have emerged in the first half of the
1980s and in artificial intelligence. More specifically, they
have been introduced in this field as tools of treatment of
uncertainty. They are the couples composed of a directed
graph acyclic and a distribution of probabilities, defined on
the same set of variables, and who have a certain
relationship.[20]

A Bayesian network is a system representing the
knowledge and allowing calculating conditional probabilities
for solutions to different kinds of problems. [21]

The strength of the modeling by BN lies in its capacity
of calculation. A BN allows to calculating the marginal
distribution of each variable in a function of:

= The observation of the known variables or the likelihood
on the state of these variables

= The a priori knowledge of the laws of probabilities of the
variables not observed

= Laws of conditional probabilities between the variables.

Depending on the type of application, the practical use of
a Bayesian network may be considered in the same way as
that of other models [22]: network of neurons, expert
system, decision tree, model of data analysis, shaft
failures, and logic model. Naturally, the choice of the
method involves different criteria, such as the ease, cost and
the time limit for the implementation of a solution.
2.2. Study and modeling of a wind turbine system by
a Bayesian approach
2.2.1. Definition of variables

The variables of states xi of a component of a system of
variable y are defined as:

= The Component I is in operation for xi=0
=  The Component I is in a state of Defect operation for xi

= {1, ....(Li-1)}

= The Component I is in fault state for xi= {Li,...... ,ni}

= The system in a state of operation for y=0

= The system in a state of Defect operation for y= {1,...... ,
(-1)}

= The system in a state of malfunction for y= {L,....., n}
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With:

{1... (Li-1)}: shape the operating states of the degraded

of the component {Li... Ni): Shape the states of failure of
the components that led to a failure of the system.
Such a system is very difficult to submit by a shaft of failure
or by a conventional method known in the safety analysis.
However, the concepts of minimum slices and paths of
minimum success allow you to define fully the relations
between the states of the system and the states of the
components of where the interest of a structuring in
Bayesian network.

2.2.2. The modeling of scenarios of operation of a
wind turbine by a Bayesian network

A wind turbine has a role to convert the kinetic energy of
wind into electrical energy. Its different clements are
designed to maximize this energy conversion and, in
general, a good match between the torque
characteristic/speed of the turbine and the generator
energetic is indispensable. To achieve this objective, ideally,
a wind turbine must include:

= A system that allows the check mechanically namely:
system of orientation of the pale, and orientation of the
Nacelle

= A system that allows the electrically check namely:
Electrical machine associated with the control
electronics (A converter and a generator)

2.2.3.  The case of an indirect wind turbine

In this type of turbine, the turbine rotation speed is relatively
low, and mechanical torque is high on the output shaft of the
turbine. The electrical machines are sized in torque, and it
seeks to make them turn quickly to achieve mass powers
satisfactory.

That is why it interleaves a mechanical multiplier to
gears between the turbine and the generator; this last is often
a machine asynchronous to cage or then a machine to dual
power supply for a variable speed operation economic. [23]

The presentation of a wind turbine indirect is as follows:

]—[ Generator ] —

Converter

Fig. 1. Representation of an indirect wind turbine

2.2.4. The case of a direct wind turbine

The principle of the direct attack consists to couple the
generator directly on the propeller. This last operates at low
speed of the rotor, which allows you to delete the multiplier,
which is the seat of power loss and source of noise. This
type of generator must turn speeds between 18 and 15 rpm.
to produce electricity with this type of machine, it must be
that the generator has a large number of poles to obtain a
frequency of the order of 50 Hz. [24]

Pitch

‘multipolar

G
Blades ]—[ Converter completely nominal ] Synchronous

Fig. 2. Representation of direct wind turbine

2.2.5. The Bayesian network failure scenarios

Either the variables of the following state:

= Indirect wind turbine : x1, x2, x3, x4, x5, x6: The
variables of state respectively of the Pitch, Blades,
multiplier, converter, generator and the orientation

= Direct wind turbine : x1, x2, x3, x4, x5: The variables of
state respectively of the Pitch, Blades, converter totally
nominal, synchronous generator multipolar and the
orientation

= Xi=0: The component is in the normal operating state
» Xi=1: The component is in a degraded State
» Xi=2: The component is in the fault state

The three states of the system are defined as follows:

= "(0": a normal operating state
= "I": adegraded state
= "2": a fault status

For the state of the operation of the system i.e. (y=0 and
y=1), there is four scenarios Li as follows:

For the indirect wind turbine:

= LI={xi=0}

= L2={x1=2, x2,3,4,5=0, x6=0}
= L3={x1=2, x2,3,4,5=0, x6=2}
= L4={x1=0, x2,3,4,5=0, x6=2}

For the direct wind turbine:

= LI={xi=0}

= L2={x1=2, x2,3,4=0, x5=0}
= L3={x1=2, x2,3,4=0, x5=2}
= [4={x1=0, x2,3,4=0, x5=2}

The Bayesian network by the minimum links is as follows,
with Xp345~Xyie 10 the case of an indirect wind turbine, and
X234~ Xunit i0 the case of a direct wind turbine:

Fig. 3. Functioning Bayesian network of a wind turbine indirect/ direct

2.3. Probability calculation of state for the wind
turbine indirect /direct

2.3.1. Data to priori and probability calculation a
posteriori for the two types of wind turbine

Our study is based on EU surveys on the rate of failures and
repairs in a wind park containing direct wind turbines and
indirect wind turbines. [25]-[28]



Souad Nabdi, Hamid Zaghar and Brahim Herrou/Journal of Engineering Science and Technology Review 10 (4) (2017) 185-190

Table 1. Collects the data collected as follows:

Table 1. The rates of failures and repairs of systems
considered.

Vestas 39/500 Enercon E40
[
a, W, ™
(Failure/year) (repair/year) (Failure/year) | (repair/year)

The Blades 0.162 265.3 0.24 135
Gearbox 0.168 269.2 -- -
Generator 0.085 170.7 0.354 143.7
Converter 0.254 508.1 0317 430,7
Pitch 0.095 559.9 0,292 512
Orientation 0.097 436.7 0.116 348.3

Table 2. Technical specifications of the systems considered

Vestas V39/500 Enercon E40
Technology Indirect Direct
Power (KW) 500 500
Rotor diameter (m) 39 40
Rotation speed (rpm) 30 12 to 34
Technology to control Pitch active stall | Pitch variable speed
The Turbines considered 804 900

The calculation of the probability of state of the system
and its components for the two concepts based on the Bayes
theorem is as follows:

P(System in a state of running\pitch in failure) =

_ P(pitch in failure\system running)xP(system running)
P(Pitch in failure)

According to the operating scenarios presented above,
we have the two scenarios L2 and L3, which will
be considered in the calculation of this probability; these two
situations represent the degraded state of the system:

L2:{X]:2, X2,3’4,5:0, X6:0}
L3:{X]:2, X2,3’4,5:0, X6:2}

Of this fact, we can calculate all the probabilities of
conditional state of the system and components in operators
from the data in Table 1.

With:

* P (rumning)= &M

P (in failure) = ﬁ

A: rate of failure of the component
= w: rate of repair of the component

3. Results and Discussion

3.1. Calculation of
components

Below we presentthe results of the calculation of
probability to t= lyear and to t=10years in Table 3 and 4 as
follows:

probability of states of

Table 3. Calculation of probability of functioning and of failure of system components Vestas 39/500

Vestas 39/500
A, K, Unavailability R,(t) t=1 year | Ry(t) t=10 years | M,(t) t=1 year | My(t) t=10 years
(Failure/ year) | (repair/ year)
The Blades 0.162 265.3 0,000610 0,850 0.198 0.150 0.802
Gearbox 0.168 269.2 0,000624 0.845 0.186 0.155 0,814
Generator 0.085 170.7 0,000498 0918 0.427 0.081 0,573
Converter 0.254 508.1 0,000500 0.775 0.079 0,224 0,921
Pitch 0.095 559.9 0,000170 0.909 0,387 0.091 0.613
Orientation 0.097 436.7 0,000222 0.907 0,379 0.092 0.621

Table 4. Calculation of probability of functioning and of failure of system components Enercon E40

Enercon E40 Unavailability | Rg(t) t=1 year | Rg(t) t=10 years | Mg(t) t=1 year | Mg(t) t=10 years
Ag (Failure/ year) | Mg (repair/ year)

The Blades 0.24 135 0,569562 0,786 0.091 0.213 0.909
Gearbox - -- -- - - -- -
Generator 0.354 143.7 0,839875 0.701 0.029 0.298 0.971
Converter 0.317 430,7 0,260135 0.728 0.042 0.272 0,958
Pitch 0,292 512 0,810152 0.746 0.054 0.253 0.946
Orientation 0.116 348.3 0,803947 0,890 0.313 0.110 0.687
3.2. Calculation of conditional probabilities Representation of failure rate of the
The table 5 presents the table of conditional probability of components of the two types of wind turbines
the system knowing the probability of state of the "Vestas 39/500 and Enercon E40"
components in taking into account the representation of the 0.4
Bayesian network of the figure 3 and the different scenarios. 0'3
3.3. Discussion of Results 0.2
The purpose of our study is to apply the Bayesian approach 0.1
on a wind turbine system for the purpose of determining the 0
States of the system and the calculation of conditional S & $ < o &

s . . g N © & A& xS
probability in order to help designers to make the choice F @@ &@ \46‘ ¥ Q\fr}
between the two concepts. N © Iox o O‘&

As an interpretation of the different results, we will

present the findings as follows: ® Av (Failure/year)  ® AE (Failure/year)

Fig. 4. Representation of failure rates of the components of the two
systems considered
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Table 5. Table on the conditional probability of the two
systems considered

Node Parameters
X, L; Parents Y=0
X; Pi= (Xi=0)
L; X Py = (y=01Xi=0)
Y=1
Xonit T Py= (xunitzl)
LZ Xl’ Xuniv X6 PL2: (y:]\ x]:2, xunit:a )C6:0)
L; X1, Xuniv X5 | Prz= (v=1\x1= 2, xunité=0,
x6=2)
Ly X1, Xuniv X6 | Prg= (v=1\x1= 0, xunité=0,
x6=2)
Y=2
Xonit - P;= (xunit: 2)
Ls X1, Xuniv X6 Prs= (=21 x;= 2, Xynis=2, x5=0)
Lg X1, Xuniv X6 Prs= (=21 x;= 2, Xynis=2, X5=2)
Ly X1, Xuniv X6 Pr= =2\ x;= 0, Xynis=2, X5=2)
L8 Xl’ Xunio X6 PLé’: (y:2\ X1= 0: xunitzz» X6:0)
Table 6. Table of probability of the two systems considered
Psys | Psys Psys Psys walk | Psys Psys
walk | in defect | t=10 in defect
t=1 failure | t=1 years failure | t=10
year | t=1 years t=10 years
year years
Vestas 0.95 | 0.044 0.006 0.62 0.341 0.039
39/500
Enercon | 0.98 | 0.019 0.001 0.35 0.53 0.12
E40

Representation of rate of repair of the
components of the two types of wind turbines
"Vestas 39/500 and Enercon E40

600
500
400
300
200
100

;W

) & $ S N o
& & & & & ¢
& ¢ & & &
Mv (repair/year) ®ME (repair/year)

Fig. 5. Representation of rate of repair of components of Vestas39/500
and EnerconE40

Representation of unavailability of the components

m Vestas unavailability 39/500

m Unavailability Enercon E40

0,84 0.81

0,80

¥
2
3

Ny

Fig. 6. The unavailability of components of Vestas 39/500 and Enercon
E40
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Representation of probabilities of conditional status of
Vestas systems 39/500 and Enercon E40

M Vestas 39/500 ®Enercon E40

095 098

0040019 00060001

Psysmarche Psys panne Psys dégradé Psys marche Psys panne Psys dégradé

at=lans at=lans at=lans at=10ans at=10ans at=10ans

Fig. 7. The probabilities of conditional status of systems considered

According to the (Figures 4 and 5 and 6), the
components of the wind turbine Enercon E40 are the most
subject to failures that the components of the Vestas wind
turbine 39/500, as well as the components of the system
Enercon E40 is less available than the system Vestas 39/500
(Figure 6).

It adds as well as the availability of the Vestas system
39/500 is best through time than that of Enercon E40 (Figure
9), despite the fact that it has more components, and this is
explained by the wunavailability of remarkable the
generator (Figure 6).

4. Conclusion

We have presented in this work a modeling by Bayesian
networks of two wind turbines systems, the first to direct
drive and the second is to indirect drive, in the aim to help
the designer to make the choice between these two concepts
and to determine the anomalies of each concept to improve
them in the design phase.

As a conclusion of our work, the modeling has allowed
us to determine the states of the system and the scenarios of
operation in order to calculate the probabilities of States
conditional of the system in dependence of the components
and of the time. Of this fact, the results of the study showed
us that the wind turbine system to indirect drive is no longer
available as a system to direct drive and it is the most
suitable for a choice based on availability.

As the prospect of work, it is to qualify this choice while
taking into account other criteria of choice and to suggest
improvements for the optimization of the other system to
direct drive.

This is an Open Access article distributed under the terms of the
Creative Commons Attribution Licence
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