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Abstract

The use of new technologies in modern industry improves productivity but induces complexity in the
industrial system. This complexity makes it vulnerable to faults, which requires significant expense in terms
of safety, reliability and availability. Indeed, a diagnostic operation is essential for the operational safety and
availability of these industrial systems. This diagnostic operation is based on two important functions which
are the detection and localization of anomalies, which consists to verifying the consistency of the data taken
in real time from the installation with a reliable model, to ensure the good performance of the monitoring
system. Hence, the diagnosis of gas turbines is a main component for making maintenance decisions for this
type of machine. In this paper, the faults detection approach based on fuzzy logic is applied for the vibrations
monitoring of a gas turbine, in order to monitor their operating state by including the detection and
occurrence of vibration faults, thus using determined fault indicators based on the input / output variables of
the examined gas turbine. In this work, the investigation results of fuzzy fault detection approach applied on
gas turbine vibration are presented, based on the actual data recorded in the different gas turbine operating
modes. However, analysis of the defect detection results was performed in order to determine the influence of
these vibration defects on the deferent operating modes of the examined machine. This makes it possible to
find the causes of failures and then to deduce the actions to follow the operational safety of the examined
turbine.
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INTRODUCTION

economic impact given by the diagnosis of this

Increasing the productivity, quality and
availability of industrial systems are major issues,
essentially linked to the safety and operational
safety of these industrial facilities (safety of people,
the environment and equipment). Indeed, several
modern approaches have been designed to control
the operational safety of industrial systems, and
which also aim to increase production rates while
reducing maintenance time. These methods focus
on carrying out an effective diagnosis of these
systems hampered by faults or malfunctions.

The objective of this work is to understand the
growing complexity of gas turbine systems and to
realize a fault detection approach based on fuzzy
concepts for the monitoring of vibrations in this
type of rotating machine. This, allows the reduction
of the maintenance cost in these gas turbine
installations, by a adequate monitoring approach,
using to the proposed fault detection indicators for
improving the efficiency of gas turbines. Therefore,

system in terms of availability and production.

Adel Alblawi in [1] proposed an approach to
diagnosing faults in an industrial gas turbine based
on the thermodynamic model coupled to an
artificial neural network. Ahmed Zohair Djeddi et
al. in [2] explored reliability algorithms using the
modified Weibull distribution applied to a gas
turbine for maintenance purposes. Also, Cristiano
Hora Fontes and Hector Budman in [5] carried out
a hybrid clustering approach for multivariate time
series for the analysis of failures in a gas turbine,
and Ehsan Mohammadi et al. in [7] identified the
failures of a gas turbine using a fuzzy logic-based
detection system for a deterioration in performance.

Mohamed Benrahmoune et al. in [18] proposed
a method for detecting and modeling the vibrational
behavior of a gas turbine with an approach of
dynamic neural networks and Marcin Adamowicz
and Grzegorz Zywica in [17] proposed an advanced
health monitoring system of gas turbines.
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Indeed, the detection of faults based on fuzzy
logic represents a scientific and industrial challenge
due to the industrial equipment complexity,
founded by the economic interest of the
effectiveness of these fuzzy diagnostic strategies.
Several works have dealt with the theme of
industrial supervision based on fuzzy concept for
the management of failures in different industrial
applications, thus accurately posing the interest of
these diagnostic strategies resulting from artificial
intelligences; Chuanlai Yuan et al in [4] have
proposed a fault diagnosis method for power
distribution networks applications based on Petri
nets and fuzzy logic and Toufik Berredjem et al in
[26] have performed a faults diagnosis strategy
applied to rolling using an expert fuzzy system.
Also, Imad Eddine Kaid et al in [13] carried out a
failure diagnostic strategy of a photovoltaic system
based on an adaptive neuro-fuzzy inference
approach applied to a solar power plant.

In this work, a failure detection approach based
on fuzzy logic is applied for monitoring the
vibrations of a gas turbine as well as their operating
state by including the detection and the appearance
of vibration faults using fault indicators developed
using turbine input / output variables. In this
context, we propose the use of fuzzy Takagi-
Sugeno models for the development of a fault
detection strategy for the studied system. This
strategy is based on a comparison of the estimated
error between the state of the faulty system and the
state of the reference system in order to estimate the
performance of the fuzzy diagnostic strategy.

Experimental results will be illustrated for each
type of fault using tests performed in real time, on
the gas turbine system at Hassi R’mel station in
south of Algeria, using the proposed fuzzy
diagnostic strategy. We will first analyze the
structure of the fuzzy approach; Then, we will give
the results of the tests carried out on the examined
gas turbine. Finally, we will draw the necessary

conclusions regarding the use of this fuzzy
diagnostic strategy on the tested industrial turbine.

2. FUZZY DIAGNOSTICS

The diagnosis of gas turbines is generally carried
out through knowledge of its normal behavior, total
control of the different operating modes is then
essential when considering an advanced diagnosis
of this type of machine [9, 11, 14, 16, 20, 27, 29].
Indeed, the application of fuzzy logic techniques
improves the reliability of the monitoring system
and the sensitivity of fault detection, it is also
capable of causing, in severe failures, a turbine stop
or allowing the system to continue to operate in
degraded mode in the event of a problem which
does not require an immediate stop [2, 6, 8, 10, 12,
22,24, 28, 30].

In this section, the steps for carrying out a fuzzy
diagnostic approach will be presented in the order
of formalizing a mechanism for exploiting them for
monitoring a gas turbine. For this, knowledge a
priori on the turbine is represented by a set of rules
and facts, which constitute what is called the
knowledge base, as it is shown in Figure 1. This
base is constructed using formalization assistance
tools strongly linked to turbine operation.

To apply this fuzzy concept to turbine
monitoring, the operating data of this machine will
then be fuzzified and analyzed by the rule base of
the fuzzy system. The ground rules will give us an
answer as the input data, which will be defuzzified
to generate the turbine diagnostic signals. To
characterize the operating mode of the turbine in
real time, a fuzzy Takagi-Sugeno type modeling is
proposed, recording information, recognizing and
indicating anomalies in the behavior of this rotating
machine.

Not fuzzy Not fuzzy
inputs outputs
Reasoning
v v
Fuzzification Fuzzy knowledge Defuzzification
base
Interface ¢ Interface
Not fuzzy / > > Fuzzy / Not
Fuzzy Fuzzy interference fuzzy
engine

Fig. 1. Fuzzy concept structure
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Fuzzy Takagi-Sugeno (TS) modeling is a
mathematical representation of non-linear systems
[61]. By restricting itself to a compact set of state
variables, a fuzzy TS model can represent exactly a
nonlinear system by a collection of linear sub-
models weighted through nonlinear functions called
“Membership Functions”. The activation of each
sub-model is governed by “If _ Then” rules in the
following form R; [21, 23]:

Rulei:
If (z,(t)is 120) and (z,(t)is 1) and....(z, (V) is 445,)
Then
{X(t) = A (X@®))x() + B; (x(t)u(t) 1)
y(t) = C; (x(D)x(t) + D; (x(t))u(t)

where R; are the fuzzy rules, ie{l,Z,...,r} is the
number of rules in the model, 4 are the
membership functions with je{LZ,...,p}, z,
represent the premise variables, A (x(t)) e R™™,
B, (x(t)) € R™™,C, (x(t)) e R™™ and
D, (x(t)) e R™™ are the system state matrices.

In order to interpret each rule R, the operator

(and) is defined as the multiplication operator, from
this consideration, each ith sub-model has its degree
of belonging to the global model given by:

P
w (2(t) = [ Ju(es) )
i=1
with u(z;) € [01] is the degree of belonging of the
premise z; (t) .

The global TS model is obtained using the
weighted sum given by [3, 15]:

D wi (2O (A (XX + B (xO)u(t)
x(t) == r
D wi(z(1)
: ®)
D wi (2()(CxO)X(R) + D; (xO)u(D)
y(t) == -
D w(z(t)
We get:
a())= 0 @
2 wiz(t)

i=1

The standard TS model for the system is given
in the following form:

)

O = 2y O (AXO + B ()
i =

(5)

)
YO = X By E(0)C; (X0 + By (WMD)
i=

Hence h, (z(t)) represent the activation function
of the ith rule of the fuzzy model, for i=12,...,r,

these functions verify the property of a convex sum
given by:

hi(2(t) 20V,

> (a1 ©
i=1

Finally, the defuzzification of the fuzzy model
makes it possible to obtain the state representation
of a nonlinear model by the interconnection of local
models’ invariant in time by nonlinear activation
functions [21, 25]. To estimate the parameters of
the turbine examined, an identification from input /
output data is proposed, based on the minimization
of a cost function calculated from the difference
between the estimated output of the fuzzy system
TS and the measured output y(t) of the system.

3. GAS TURBINE FAILURES DETECTION

The fuzzy logic makes it possible to take into
account the inaccuracies inherent in the data and to
account for the expression of the rules which make
it possible to formulate a diagnosis to determine the
monitoring actions for the turbine. In this paper, the
measurements were carried out on the bearings of a
gas turbine of the TORNADO type Siemens SGT-
200, installed in the south of Algeria, from mobile
accelerometers and the sensors mounted on this
turbine.

Forecasting is the prediction of performance
parameters and measured turbine values using a
diagnostic system capable of determining the
moments when an overshoot or decrease in nominal
operating values. This can be used to optimize the
maintenance planning of the turbine. However, the
determination of the maintenance functions based
on the planning of the actions makes it possible to
maintain and restore the state of good functioning
of the gas turbine and to ensure their availability for
production with preservation of the environment
and safety by optimal costs.

In this work, the vibration detection inductors
will be determined by the real-time diagnostic
function (turbine inspections in operation. This is to
have maximum productivity of gas turbine reviews,
these fault inductors allow rapid control of different
turbine system zones; Turbine section, axial
compressor section and combustion section.



70 DIAGNOSTYKA, Vol. 21, No. 4 (2020)
Alili B, Hafaifa A, Iratni A.: Faults detection based on fuzzy concepts for vibrations monitoring in gas turbine

Ambient Conditions
Compressor

Adaptation of turbine variables control

Turbine u'(t)
Inputs

Combustion
Chamber

I Bearings accelerometer

Exhaust
Temperature

Turbine

Speed rotor

I

Do
1 |
L
vy ¥
y'(t) Turbine
Outputs

R Turbine model
gl variables

Fault

A
Measured

indicator

variables

Fig. 2. Gas turbine failure detection strategy

These consist of continuous and general
monitoring of the unit and its auxiliaries with the
turbine running. It is advisable to record the main
parameters during the first start-ups and when the
turbine is running. Indeed, this operation is used to
have reference values on the performance
parameters, when the machine is new. This will
allow a better assessment of any change in the
operation of the gas turbine during its lifetime and
will help to discover the causes of the possible
faults and to choose the appropriate solution.

The operating data must be acquired in the
transient phases (starting, stopping) and under
steady state conditions. The main parameters of the
on-the-go inspection are; rotation speed, load,
number of starts, number of operating hours,
pressure and temperature at different turbine
operating points, ambient temperature and pressure,
oil and fuel pressure as well as the different filter
and vibration signals.

The purpose of the detection procedure is to
determine the appearance and the instant of
occurrence of a fault. To reach this objective, one
uses residues which are obtained by comparing the
behavior of the model of the system to that of the
real system. The residuals are representative of the
differences between the observed behavior of the
system and the reference behavior expected when
the system operates normally. These residues are
generally at zero average and have a variance
determined in the absence of malfunctions. A
generic way to construct a residue is to estimate the
output vector y()) of the system.

The estimate y() is then subtracted from the
output signal y() in order to form the following
residue vector [23, 26]:

r(k) = y(k) - y(k) ()

In the presence of faults, the signal r(.), thus

formed will deviate significantly from the value
zero and will be identical to zero when the system
is operating normally.

In practice, the residue does not have exactly a
zero value in the absence of defects because, during
the modeling phase, several simplifying hypotheses
are introduced leading to a model which does not
faithfully reflect the real system [6, 8]. In addition,
the measurements made on the system are most
often marred by measurement noises. The residue
vector is then written:

r(k) = Yo (k) - §(k) ®)
Where y,, (k) is the measured output of the system

which is composed, in addition to the actual output,
of noises of various natures relating to the
instrumentation and the modeling uncertainties. In
this situation, an elementary detection method
consists in comparing the value of the residue with
a predefined threshold & (function of modeling
errors). An alarm is triggered each time this
threshold is crossed [17-18]:

{:(k) <esdk)=0 ©)
(K) <& < d(k) %0

Where d(.) represents the vector of the defects.

We can also model the residue as a random
variable distributed according to a normal law.
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Statistical tests are thus used at this level making it
possible to detect changes in the statistical
characteristics of the residue.

3.1. Vibration measurement system

The vibration measurements allow a diagnosis
of sudden vibrations by the machines, in order to
identify their malfunctions and to repair them. In
fact, in most vibration measurement applications,
parameters, acceleration, speed and displacement
are information that it is essential to know with the
best possible precision, particularly for the design
of diagnostic and monitoring strategies for the
rotating machine.

The role of the sensors is to transform the
vibrations at the measuring points into an electrical
voltage. Hence, the sensitivity of the sensor gives
the ratio between the measured voltage and the
proper vibration, for the examined gas turbine
system in this work, three types of vibration sensors
are used, for predictive maintenance are the
displacement sensors, inductive speed sensors, and
accelerometers.

Displacement sensor

The proximity (displacement) sensor, shown in
Figure 3, measures the relative shaft vibrations of
the rotating machine. It is also used to measure
other parameters such as axial position and phase
reference. It provides a voltage proportional to the
distance between the sensor head and the target.
The main criteria for selecting a proximity sensor
are:

= Sensitivity,

=  The measurement distance.

Fig. 3. Proximity (displacement) sensor

Speed sensor (Velocimeter)

The speed sensor is a velocimeter type, as it is
shown in the Figure 4, this sensor makes it possible
to measure the vibration speeds of the bearings of a
rotating machine. The velocimeter has the
advantage of providing a direct velocity of the

vibration velocity without the use of a conditioner
or amplifier.

Fig. 4. Speed sensor (Velocimeter)

Acceleration sensor (accelerometer)

The acceleration sensor, shown in Figure 5, is
very often best suited for measuring vibration and
shock. Indeed, an acceleration measurement can
always make it possible to know the speed and the
displacement by simple or double integration, the
reverse path not being desirable, given the
degradation of the signal / noise ratio inherent in
the bypass operation. These acceleration sensors are
motion sensors that do not need a reference point.

Fig. 5. Acceleration sensor (accelerometer)

Other sensors such as the phase sensor that
can be used, these sensors find their application in
balancing, resonance research and monitoring of
rotating machines. The phase reference sensor, as
shown in Figure 6, is a photocell or non-contacting
sensor that detects one pulse per revolution.
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Fig. 6. Phase sensor
4. INVESTIGATIONS RESULTS

This section is devoted to the development of
fault detection tools applied to a gas turbine, which
will be used for their maintenance. We develop the
fault diagnosis approach caused by the vibrations of
this machine based on fuzzy logic, in order to
validate this method, to ensure a functional
availability of the examined system and to ensure a
reliable diagnostic function to avoid unforeseen
failures in this gas turbine system.

The role of supervision is to monitor the effect
of variations in turbine parameters in operation, it is
then a question of monitoring that the turbine is in
normal operation. If it is not, it acts at least to avoid
damage to the installation, to limit untimely stops
and at best to guarantee the continuity of operation
of this rotating machine. In this section, four turbine
operating situations are presented; the first situation
is in normal operation, the second situation is in
abnormal operation in the case of 1% alarm, the
third situation in abnormal operation in the case of
2" alarm with operation in degraded mode and the
last situation in abnormal operation in the case of
3" alarm before total turbine shutdown. In these
different situations, the vibrations variation and the
vibrations signal response and diagnostic function
associated with each situation are presented.

4.1. Fuzzy variables input / output of the
examined gas turbine

The gas turbines availability in gas
transportation facilities is crucial to ensure optimal
and reliable production and transportation. Hence,
premature failure can lead to substantial economic
losses, due to unplanned outages and possible
damage to these facilities. However, the operating
experience of operators of this type of machine
leads to the collection of acquired knowledge to the
monitoring of this equipment.

In this section, the variables thresholds was
determined using the feedback knowledge of the

operators of the turbine under consideration. By
adding the turbine manufacturer's recommendations
with the use of standards (ISO 7919-2-2001, ISO
10816-4, 1SO 10816-6), in order to propose
monitoring solutions adapted to the examined
turbine diagnostic strategy.

From the vibration levels, the functions of the
fuzzy system can be structured, with the
fuzzification of turbine wvariables. The fuzzy
linguistic variables are defined as follows:

For the vibration levels

= Low, vary in the interval [0.65, 6.11] um

= Medium, vary in the interval [6, 11-35.4]

pm

= High, vary in the interval of the values

greater than [15.4, 150] um
For temperature variation

= Low, vary in the range [25, 68]° C

= Averages, vary in the range [68, 75] ° C

= Raised, vary above the value 75 ° C
For the variation of the maintenance history

= Low, vary in the interval [0, 3]

= Average, vary in the interval [3, 7]

= High, vary in the interval of the values

greater than [7]
The input / output variables of the gas turbine
examined are presented as follows:
UD10X: Vibrations Input X of gas generator,
UD10Y: Vibrations Input Y of gas generator,
UD11X: Vibrations Output X of gas generator,
UD11Y: Vibrations Output Y of gas generator,
UD12X: Vibrations Input X of power turbine,
UD12Y: Vibrations Input Y of power turbine,
UD13X: Vibrations Output X of power turbine,
UD13Y: Vibrations Output Y of power turbine,
Average temperature,
History of maintenance.
The diagnostic variable output has the
following values associated with the speech
universe:

= Danger, vary in the range [0, 30],

= Maintenance, vary in the range [30, 50],

= Warning Alarm, vary in the range [50,

70],
= Normal, vary in the range [70, 100].

4.2. Operating situations of the examined
turbine

The gas turbine monitoring systems based on
the measured values of these variables allows the
detection functions of this machine to be generated.
Figure 7 shows the vibration signals of the turbine
in normal operation. These data and according to
the maintenance history of this equipment and the
relatively low number of interventions, ten
interventions over a period of two years, allowing
the maintenance history to be low as shown on the
variation of the diagnostic function output given in
Figure 8. Hence Figure 9 shows the variation of
turbine vibration output in the normal operation mode.

In Figures 7, 10, 13 and 16, the causes of the
sudden increases in the level of the measured
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signals is explained by that the first level is a
starting peak is due to the starting sequences of the
machine and the second level occurs due to the
opening of the recycling valve (reduction in the
quantity of gas in the machine), which may be
occur again if this recycling valve is closed.
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Figure 10 shows the vibration variations of the
turbine abnormal operation in the case of the 1°
alarm, the vibration levels are low but have 1* order
faults. Hence Figure 11 shows the variation of
turbine vibration signals in the abnormal operating
mode in this case of 1% alarm and Figure 12 shows
the variation of diagnostic function output for this
operating mode.
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With the increase in the speed of rotation of the
turbine, we see in Figure 13 the variation of
vibration signals from the turbine abnormal
operation 2" alarm in degraded mode operation. It
has been observed that with the increase in the
vibration levels shown in Figure 14, the diagnostic
function indicates the status of the 2" order alarm,
as shown in Figure 15.
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The last case presents a 3rd order danger
situation which forces the turbine to stop operating
as shown in Figure 16. Indeed, the vibration
variation is very high, as shown in Figure 17,
implies that the diagnostic function indicates this
danger situation, as shown in Figure 18.
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The analysis of the vibration data in the gas
turbine examined is used to collect the data and to
make the various treatments and its scaling. For our
application, the measurement points were made on
the gas turbine system, from mobile accelerometers
on the turbine bearings. The results obtained are
satisfactory, hence the rules of the fuzzy structure
succeed in expressing the knowledge of the experts
of maintenance of the turbine as regards the
detection of vibration level.
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5. CONCLUSION

The goal of a diagnostic strategy is to perceive
the appearance of a fault, to find the cause and then
to deduce the action to follow in order to ensure the
turbine's operational safety. Indeed, the use of
methods based on the modeling of turbine variables
makes it easier to identify their failures because the
definition of the states is directly related to the
turbine variables. For this purpose of fuzzy
modeling of turbine failures, we opted for the
interest in the use of Takagi-Sugeno models, which
allows to consider another solution for monitoring
vibrations using fuzzy techniques, emphasis on
information extraction to characterize the states of
this turbine. The findings are interesting and
provide valuable performance for the diagnosis of
the turbine examined.
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