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In [5] [6] [7] raise the necessity and the importance of the
diagnosis of failures to maintain the processes in a state of
safe operation that they allow to preserve the production, the
human life and the ambient.

Abstract
Different methods for the recognition from patterns exist, in
article appears the recognition of patterns through the use of
fuzzy membership functions, elaborated for the case of study,
and elements of the fuzzy logic. The shown procedure
contains four steps that they initiate in the data collection, the
fuzzyfication, the calculation of the coincidence probability
and the desfuzzyfication step that defines the patterns of
failures in the analyzed motor of internal combustion. It was
possible to be verified that the variables Tf (temperature of the
fuel), Pf (pressure of the fuel) and Pai (pressure of the air), are
altered before the sprouting of the studied failures, modifying
his values and indicating different symptoms from incipient
failures and that the patterns of failures, for each one of the
three mentioned variables, settle down between the values
limits according to the characteristics of each variable and
following the behavior described by the developed functions
of property.

For the methods based on the data one is due to count with an
ample amount of historical data of the process. There are
different ways into that these data can be transformed and
process to obtain useful data that allows characterizing an
abnormal behavior or fails [8] [9] [10].
This process is known as extraction knowledge and can be
classified of general form in statistical methods multivariate
and automatic methods of recognition of patterns.
The great set of techniques and methodologies that allow
exploring set of data of automatic way, with the objective to
identify patterns, tendencies or rules, are grouped in a great
well-known area like the mining of data. Within the context of
the methods it dates-driven the mining from data offers to the
tools adapted for the processes of detection and isolation of
faults, which in their majority already have been evaluated
and proven successfully in another type of applications [9]
[11].

Keywords: pattern of failure, fuzzyfication, desfuzzyfication,
fuzzy logic.

I.

In [12] raise the following thing: the recognition of patterns is
a scientific discipline that classifies to the objects in categories
or classes. The recognition of the pattern is also an integral of
most of the intelligent systems, existing part in the machines,
constructed for the decision making.

INTRODUCTION

The use of techniques such as optimization, artificial
intelligence, fuzzy logic, computational arithmetic, among
others, allow the development of technologies and analysis
that contribute to the management of industrial maintenance,
so the detection and diagnosis of failures has a very important
role in many industrial areas in which engineering
intervenes[1] [2].

When a system presents deviation, that it prevents him to
work according to the intention for which it was designed, in
[13] said that has happened a failure. A general vision of the
techniques that have been developed to approach this
problematic one classifies in three great groups: the methods
based on qualitative models, the methods based on
quantitative models and the methods based on historical of the
process [14].

This complexity appears by the great number of variables that
take part in the industrial processes and that are due to take
into account at the time of their observation. Therefore it is a
challenging and difficult task, the power to identify the
variables that are outside the normal conditions of operation
within a process that is being observed [3] [4].

The approach based on recognition of patterns subdivides in
which they use the tools of the artificial intelligence (AI) and
those that make an analysis statistical of the historical data. Of
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general form, the methods that use this approach, AI, are easy
to implement, they do not need a mathematical model and
they require little a priori knowledge of the parameters of the
process. These characteristics constitute an advantage in very
complex systems, where the relations between variables are
nonlinear or strangers and where it is very difficult to
determine an analytical model that it describes to the
dynamics of the process of efficient form [13] [15].

II.

METHOD

In order to develop the investigation whose results are
exposed in this article they used theoretical methods of
investigation as they are: analysis and historical synthesis and
logical for the study of the object through the time and to
arrive at a logical analysis.
The techniques used in the harvesting of the data were:
participant observation, official documents of the company:
technical files, internal registries of maintenances, documents
and personal documents of preceding bibliographical
revisions. Passages for the recognition

According to [14], some of them can be: Nearest Neighbors
(NN), Partial Minimums (PM) and Artificial Neuronal
Networks (ANN). These authors conclude that the most
powerful tools and of great power of generalization to classify
the failures are the artificial neuronal networks. The authors
raising that the Nearest Neighbors and Partial the Square
Minimums have little power of generalization and low success
in the classification of the failures in the industrial processes.

1.

Data collection.

2.

Fuzzyfication of the real data:

According to [10], a pattern is an organization to which a
name can be given him like for example, an image of
fingerprint, a word, a signal of voice, a fault, among others.

2.a
To establish the fuzzy
membership functions for each
variable.

[17] it outlines that the recognition of patterns is a science that
descends from the branch of the artificial intelligence that is in
charge of the description and classification (recognition) of
objects, people, representations of everything what interacts
with the human being and who in the end can be represented
of digital form. The author continues raising who with the
aid of the recognition of patterns nowadays can be given a
guessed right diagnosis more.

2.b
To calculate the degrees
of property (DP) of the value of the
variable in the diffuse set.
3.

To calculate the probability of coincidence
(PC) of each variable with the occurrence of
the failures through. Equation (1).
__
N

Vi
PC   100
i 1 N

The investigator defines for the work as pattern of functional
failure to the value or interval of values that allows to know
the sprouting the possible failure in an equipment.

Where:
__

[18] show a system of recognition of patterns has one of the
following objectives: to identify the pattern like member of a
class or defined (supervised classification) and to assign the
pattern to a class still not defined (classification no supervised,
group or clustering).

Vi  1  DP
-Complement of the degrees property.
N-

amount of failures.

4. Defuzzyfication:
4.a
To look for the interval of
confidence for the set of values (numbers
fuzzy) of the variable of greater probability
of coincidence with the occurrence of the
failures.

The design of a system of recognition of patterns is normally
carried out in three phases: acquisition and preprocess of data,
extraction of characteristics and decision making or group.
[19] Show the fuzzy logic arises like alternative to the classic
logic, allowing to treat vague information with which many of
the phenomena of the daily life can be described. By means of
the fuzzy logic it is possible in addition to be fought with any
type of ambiguity and uncertainty and the systems that use
this tool usually are fast and cheap due to the simplicity of
their calculations. This theory allows to model processes
nonlinear.

4.b
To replace the interval in inverse of
the function of defined property variable it
and to calculate the pattern of failures.
IV. RESULTS
The variables of studied diagnosis of diagnosis are the
following ones: oil pressure, temperature of the oil,
temperature of the cooling liquid, pressure of the air,
temperature of the air of the turbo compressor, temperature of
the cooling liquid of the air of the turbo compressor, pressure
of the fuel and temperature of the fuel, these variables for the
study have been denoted with the first letters of the name of
the variable, for example oil pressure (Op). The harvesting of
the data is transformed in table 1.

The present article is organized of following way: section 2
discusses the materials, methods and the methodology to
follow together the mathematical formulations. Section 3
results and data processing. Section 4 talks about the main
conclusions of the work.
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The fuzzyfication of the data is made through the functions
that are described next. In figure 1 is to the fuzzy membership
functions of Left Triangular _ 1 for the variable pressures.

of the values of the variables is obtained in the diffuse set
when the variables take the normal values defined by the
owner, the smaller degree of property is taken when the values
of the variables arrive or pass the superior limit (SL) of each
one of them and when the values of the variables locate
between the superior limit and the greater value of the limit,
point m, defined by the owner as of normal work of the
variable degrees of property between 0 and 1 are obtained.
In table 2 the degrees of property of the values of the variables
in the established functions of property for each one of them
are located.
In figure 3 the probabilities of coincidence (PC) of the values
of the variable eight of diagnosis and the occurrence of the
failures in the equipment.

Figure 1: Membership function of Left Triangular_1
This function anticipates for the three variable pressures to
locate between m and b the normal values of work of each one
of them such receiving the maximum rank of property in each
diffuse set.
The minimum value or inferior limit (IL) of each variable will
be located in the point to and zero degree will always reach
the smaller degree of property of the diffuse set. The located
values of these variables of diagnosis that locate between the
inferior limit and the smaller value of the normal values, point
m, from the same ones will receive ranks of property between
0 and 1.

Figure 3: Probability of coincidence (PC %) of the variables
and the failures.
Of the calculation of the coincidence probability (PC) one
concludes:
1. The probability of coincidence of the variables Tf,
Pf and Pai with the occurrence of failures is high in
five occasions.
2. The probability of coincidence of the variables
temperature of the air (Tatc) and temperature of the
cooling liquid of the air (Tcltc) is always located below
20 %.
3. The variable temperature of the oil in three
occasions is located between (0, 5 and 3) % and at two
moments reaches 0 % of coincidence probability.
4. The variables Po (oil pressure) and Tcl (temperature
of the coolant) in the five occasions obtain 0 % of
coincidence probability.
5. That the values of three variables Tf, Pf and Pai are
related strongly, under the conditions of operation in
Cuba, with the sprouting of the failures in this
equipment.

Figure 2 represents the fuzzy membership functions
1_Triangular
Right for the variable temperatures.This membership
functions elaborated for the five variables of temperature has
the following characteristics: the maximum degree of property
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The inverse ones of the property functions,
x  DP(X)1/p   m  a   a

locate the pattern of failures for each one of the variables
previously analyzed (temperature and pressure of the fuel and
pressure of the air).

(1)

x  b- DP(X)1/p   b  m 

(2)

They allow to make the Defuzzyfication process and to know
the patterns failures for each one of the variables determined
like of greater probability of coincidence. In table 4 they
Table 1: Values of the variables.

Registry
1
2
3
4
5
6
7
8
9

Dates Failure Op To
29/01/2012 0 0,56 83,2
29/01/2012 0 0,55 85,4
29/01/2012 1 0,55 85,4
31/01/2012 0 0,54 85,4
01/02/2012 0 0,54 85,4
03/02/2012 1 0,54 85,4
08/02/2012 0 0,55 81,5
09/02/2012 0 0,55 82,4
10/02/2012 1
0
0

Tcl
77,9
78,9
79,0
78,6
79,0
79,0
76,9
77,9
0

Pai
0,26
0,26
0,26
0,27
0,27
0,26
0,25
0,25
0

Tatc
47,1
49,0
48,7
44,5
45,4
45,6
46,2
49,0
0

Tcltc
47,4
48,7
48,7
43,3
44,0
44,4
45,2
48,4
0

Pf
0,44
0,41
0,41
0,57
0,57
0,60
0,55
0,55
0

Tf
43,0
52,3
63,0
44,3
51,6
44,5
54,6
54,7
0

Table 2: Degrees of property of each one of the variables in the function
Registry

Date

Failure

Op

To

Tcl

Pai

Tatc

Tcltc

Pf

Tf

1

29/01/2012

0

1

1

1

1

0,76

0,82

0,03

1

2

29/01/2012

0

1

1

1

1

0,57

0,68

0,00

0,31

3

29/01/2012

1

1

1

1

1

0,60

0,68

0,00

0

4

31/01/2012

0

1

1

1

1

1

1

0,66

1

5

01/02/2012

0

1

1

1

0

0,95

1

0,66

0

6

03/02/2012

1

1

1

1

1

0,93

1

1

1

7

08/02/2012

0

1

1

1

1

0,85

1

0,49

0,00

8

09/02/2012

0

1

1

1

1

0,57

0,71

0,49

0,02

9

10/02/2012

1

0

0

0

0

0

1

0

1
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Table 3: Conclusions of the analysis.
Variables

Pattern of failures

Type of failure

Elements of the internal combustion engine

IL

SL

Temperature
fuel (Tf) (ºC)

47,6

52,5

Defective injector, low combustible,
loss of fuel and cooling liquid,
damaged radiator, high temperature of
the coolant

Injector, pump of high pressure of the fuel,
radiator, heat exchanger

Pressure fuel
(Pf) (MPa)

0,48

0,56

Low pressure of the air and obstruction
in the fuel filter

Fuel and air cleaner, lack of air tightness of
the fuel system

Pressure of the
air (Pai) (MPa)

0,24

0,25

Dirty air cleaner and black smoke

Air cleaner and turbo compressor

V. CONCLUSIONS
It was possible to be verified that the variables Tf
(temperature of the fuel), Pf (pressure of the fuel) and Pai
(pressure of the air), are altered before the sprouting of the
studied failures, modifying his values and indicating different
symptoms from failures, such as the black smoke-screening,
loss of fuels, low pressure of the air and the fuel, among
others.

[5]

[6].

The patterns of failures, for each one of the three mentioned
variables, settle down between the values limits according to
the characteristics of each variable and following the behavior
described by the developed and applied functions of property
in the present investigation, thus for temperature of the fuel
between (47, 6 and 52, 5) ºC, for the pressure of the fuel
between (0, 48 and 0, 56) MPa and for the pressure of the air
between (0, 24 and 0, 25) MPa.

[7].

The patrons of failures settled down for the variables, they
allow knowing the operator, technician and manager the
sprouting of failures process; this knowledge will allow
making opportune decisions in the correction from the failures.

[8]

[9]
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