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Abstract - In the modern aviation industry, gas turbine
engines play important role in in the aircraft design. However,
because of the complex nature of the design and operation of
such engines, there is need to constantly monitor and maintain
the engines to perform at its best. One of the most challenges
aspects of such engines is the detection of fault as it can occur
at any instance. Thus, detecting the fault and predicting it
occurrence is of paramount important. In this paper, a novel
technique of detecting and predicting faults in a gas turbine
engine using a robust Neuro-Fuzzy controller. The gas turbine
mathematical model is design and validated analytically. The
fault detection and prediction system are then designed using
the Neuro-fuzzy technique and validated through simulation
study. The results obtained shows that the Neuro-Fuzzy system
was able to predict when the gas turbine is in error by
checking with the train signal on the relay with a high
signifying the detection of fault and 0 otherwise. In addition,
the Neuro-Fuzzy controller outperformed the PID controller,
and this can be attributed to the fact the Neuro-fuzzy has the
ability to train and correct the error based on the previous
training results.

Key Words: Dynamic modelling, Gas turbine, Fault detection,
Mu-Law compressor, Neuro-fuzzy controller, PID controller.

1.INTRODUCTION

In our world today, gas turbine engines play important role
especially in the aviation industry, mechanical drivers, and
power generation [1]. Gas turbine engine also known as
combustion turbine is a type of combustion engine
consisting of a compressor, combustor, and turbine with a
basic operation based on the Brayton circle [2]. It has been in
existence since 1500 and continuous to evolve till today. The
basic operation of the gas turbine based on Brayton circle is
shown in Fig. 1 [3]. From the figure, the gas turbine normally
follows four thermodynamic processes namely compression
(isentropic), combustion (isobaric, constant pressure), and
isentropic expansion and heat rejection.

Based on the above description, different researchers have
been involved in designing gas turbine engines of recent due
to advancement in technology. This is done in order to
improve the system performance and reliability. Areas that
seen increase in research is mainly in the detection and
analyzing of faults from different aspects of the engine
processes.
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Fig -1: Gas turbine engine based on Brayton cycle [3].

The most notable works includes that of Waleligne et al
[3] where a general review on gas turbine condition-based
diagnosis was presented. They did by looking at different
diagnostics methods and their advantages and disadvantage
in the gas turbine engines. In [4], a stride in the engine
performance by altering the engine fuel control framework,
altering power turbine (PT) nozzle guide vane (NGV) and
compressor inlet guide vane (IGV) are keys qualities was
presented. Their technique was able to the turbine inlet
temperature thereby increasing the turbine efficiency. In [5],
a fault isolation technique in gas turbine engine based on
component qualification was presented. The approach was
able to determine which component (subsystem, system) is
failing or has failed, and which kind of fault mode existed.
Also there are other NDT and fault detection techniques
available which are well established and applicable in
multiple industrial sectors [6, 7, 8], however, their approach
needs to be correlated with watched reaction to a defective
condition which reduces the efficiency.

With the advancement in the use of neural network,
different techniques have been proposed to make the fault
detection intelligent by detecting and predicting the
occurrence and location of faults in the engine processes.
This can be seen in the work of Stephen et al [9] where the
use of neural network in detecting and predicting fault was
proposed. Their idea was based on a proof of concept which
was verified in [10] through simulation study. In [11], Gas
Turbine Fault Diagnosis Using Probabilistic Neural Networks
(PNN) was proposed using three different classification
methods compared with the PNN and the technique was able
to predict the future occurrence of faults in gas turbines. In
[12], a neural network-based scheme for fault detection of an
aircraft engine. using a set of dynamic neural networks
(DNN) was developed to detect fault occurrence in the
engine. Despite the advancement in the use of neural
network in detecting fault in gas turbine engine, majority of
the techniques so far are complex, expensive, and too slow to
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train the system. In this work, a novel technique using
neuro-fuzzy is presented that is robust, simple, and fast in
detecting and predicting fault in gas turbine engine. are
developed to learn the dynamics of the jet engine.

The remaining part of the paper is organized as follows:
Section 2 presents the fault detection technique used to
detect the fault at different stages in the gas turbine engine,
Section 3 deals with the results analysis and discussion, and
section 4 deals with the summary and conclusion of the
work.

2. FAULT DETECTION IN A GAS TURBINE

In this section, the research method adopted for the design
and simulation of the gas turbine system is discussed. The
model will be developed based on the Brayton cycle model.
The mathematical model of the system is designed first after
which the model will be verified analytically. Thereafter, the
model will be validated through numerical simulation. The
intelligent controller system using Neuro-fuzzy is then
designed after which the system will compared with PID
controller method to show the efficacy of the Neuro-fuzzy
controller in analyzing and predicting faults in a gas turbine
system. The summary of the methodology is shown in Fig. 2.

» CompHrison

Fig -2: Block diagram of the methodology adopted for this
work.

2.1 Gas Turbine Modelling

To model a gas turbine, the design is mostly based on Brayton
cycle design as shown in Fig. 1. From the figure, the gas
turbine consists of a compressor, combustor, and turbine.
The process starts by first taking an air through the air inlet
and the air get compressed at the compressor whose main
function is to increase the inlet air pressure. It then goes
through the Combustion Chamber where a fuel is then
sprayed in a continuous manner to ignite the air to make the
combustion to produce a High flow Temperature. The next
stage is sending the high pressure and high temperature gas
to enter the turbine section which in turn sends energy to the
turbine blades making them to rotate. Through this process,
an electricity can then be generated.

2.2 Simulink Design for Fault Detection System

Based on the above model, the relationship between the
compressor and the shaft can be expressed in terms of the
rotor dynamics using the energy balance equation given by
[13]

dE

— = NMmecWr —

dr I‘F{_‘

(1)

Where E is the energy, tis the time, mee is the efficiency,

and Wr and We are the work done in the turbine and the
compressor respectively.

In terms of the volume dynamics, the relationship
between the input and the output of the gas turbine can be
expressed using

s AT e .
P = ?{_Emi,! — Xty ) @
Where P is the pressure, T is the temperature, R is the gas
constant, V is the volume, and is the mass flow rate.

The above relationships can then be used to model the gas
turbine in Simulink as shown in Fig. 3 adopted from [14].

2.3 Simulink Design for Fault Detection System

After modelling the gas turbine, in real life, fault can occur in
the gas turbine and a system to detect and analyse it is
needed. In most gas turbine design, fault detection
mechanism/technique are added to know when the system is
operating normally or not. To do this, a method to detect the
fault is developed and then integrated into the gas turbine
model developed in Section 2.1. this is done to detect faults in
the system, and it is an important and effective tool when
operators want to change from preventive maintenance to
predictive maintenance with the goal of reducing the
maintenance cost. In this study, the Mu-law compressor and
the thermocouple function are used to model a technique of
detecting faultin a gas turbine. The design of this technique is
done in Simulink as shown in Fig. 4 (adopted from the work
in [15]). From the figure, the atmospheric air goes through
the engine through the air inlet modelled as step inputin the
Simulink. Thereafter, a reference filter is used to mitigate for
any error as a result of dust from the air. This is modelled
using a transfer function shown in the figure. The next stage
is the compressor design based on Mu-Law with internal
circuit design as shown in Fig. 5.

Air Properties

;
!

Fig -3: Simulink design of the gas turbine engine based on
Brayton cycle design.
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Fig -4: Simulink design of the fault detection technique in
gas turbine system.
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Fig -5: Simulink internal design of the Mu-Law compressor.

As shown in Fig. 4, the compressor is then connected to
the combustor and the exhaust using variable delay blocks as
shown. A summer is used to add the gas constant which is 0.5
for our case. Their output can then be viewed on a scope to
show the present operational stage of the gas turbine. The
combustor delay output is then connected to a temperature
transfer function which is then linked to a relay to be
switching between when a fault is detected. Once a fault is
detected, the information from the relay is then compared
with original message to know when there is a fault based on
a threshold set and for our case, the error should not go
beyond 0.271, else, a fault is detected.

From the above design a controller is needed to be design
that can be used to control the gas turbine system and the
design is presented in the next section.

2.4 Design of a Neuro-Fuzzy Controller System

For the controller design, due to advancement in the use
of gas turbine engine especially in the modern aircraft, an
intelligent controller is needed. In the literature, there are
different techniques of design intelligent controllers such as
the works in [16]. In this work, we adopted the Neuro-fuzzy
controller based on the Adaptive Nuero-fuzzy Inference
system (ANFIS) due to its simplicity and its ability to train the
system fast using the artificial neural network (ANN). In
addition, a PID controller is design to compare the ANFIS
design and the PID controller to show the efficacy of the
system. To model the controller using the ANFIS, there are
four stages involved namely Fuzzification, Rule evaluation
(inference), Aggregation of the rule outputs (composition),
and Defuzzification as shown in Fig. 6 [17].

Fuzzfication of the input
variables

Aggregation of the rule

" Defuzzification
outputs (composition) I

Rule evaluation (inference)

Fig -6: Stages in the design of the Neuro-fuzzy controller.

In the Fuzzification stage, the crisp inputs are defined. In the
gas turbine, faults occur based on three different scenarios
namely fuel flow rate fault F1, fault at the exit temperature
F2, and fault at the turbine output torque F3. These three
faults are used as the crisp input to create the membership
functions as shown by the fuzzy design in 7.
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Fig -7: Fuzzy design and its membership function.

The next stage is to add the rules governing the fault
detection and the fault can be detected based on the
conditions shown in Table 1. The table parameters are added
as rule governing the fuzzy design which can then be
imported in ANFIS. The rule is set to flag 1 whenever a faultis
detected with the position of the 1 indicating which fault is
detected. When there is no fault, the condition is 0.

Table -1: Rules Evaluation table.

Condition Residue Residue Residue
(R1) (R2) (R3)

Normal 0 0 0

Fault 1 1 0 0

Fault 2 0 1 0

Fault 3 0 0 1

Using the above table, the aggregation is done after
viewing the rule after which the output id defuzzied into the
ANFIS as shown in Fig. 8.

© 2022,IRJET | ImpactFactor value: 7.529

ISO 9001:2008 Certified Journal | Page 1098



’I/ International Research Journal of Engineering and Technology (IRJET)

JET Volume: 09 Issue: 02 | Feb 2022

www.irjet.net

e-ISSN: 2395-0056
p-ISSN: 2395-0072

Neuro-Fuzzy Designer: Untitled

File Edit View

, Demo Data — ANFISInfo.  —
o = o fale) . # of inputs: 1
1 O o o = # of outputs: 1
= o © o # of input mfs:
2glo c £
S . # of demo data
oo . pairs: 26
A4t ©_o¢ 4}
o o
2 Structure
[ 5 10 15 20 25 30 —
data set index
Load data Generate FIS Train FIS TestFIS
Type: From: Optim. Method.
O Training (O Load from file hybrid ~ || Piot against
@ = (®) file (C) Load from worksp. Error Tolerance: (@) Training data
Grid partiti Testing dat:
() Checking () worksp. @ Grid partiion Epachs O Testing data
@® Dema (T Sub. clustering 3 () Checking data
iLiadiEg Y clearData | Generate FIS | Train Now | Test Now |
demo data loaded | ‘ Help Close ‘

Fig -8: Neuro-Fuzzy design.

The neuro-fuzzy controller design is shown in Fig. 9 and
the Simulink design for the modified fault detection
technique including the neuro-fuzzy controller is shown in
Fig. 10.
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Fig -9: Neuro-Fuzzy controller block diagram.
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Fig -10: Overall design for the fault detection and
prediction using Neuro-Fuzzy controller.

The simulation results are presented in the next section.

3. RESULTS AND DISCUSSION

In this section, the simulation results based on the
methods described in section 2 are presented. The results
start by first validating the model developed for the gas
turbine through simulation in MATLAB/Simulink platform.
Thereafter, the model developed to detect the fault is
simulated and validated using performance measures such as

neuro-fuzzy controller results are then compared with the
conventional PID controller to show the efficacy of the
technique developed.

3.1 Simulation Set Up and Parameter Definitions

For the gas turbine, the simulation parameters were set
based on the Brayton Cycle settings with the following
configurations: Compressor, alternator, and turbine mass

flow rate of le™* 'i"rg*'{s, power of the turbine 100 kW, the
system inputs are configured based on the parameters shown
in the plot in Fig. 11. Based on these settings, the simulation
of the gas turbine can then be carried out with the results
presented in the next section.

6000 -

4000

I I I I I |
o 100 200 300 400 500 600 700 800 900 1000

Fig -11: System inputs configuration for the gas turbine.

3.2 Simulation Results of the Gas Turbine System

Using the model developed in section 2 for the gas
turbine, the simulation was carried out and the results are
presented as shown in Fig. 12. From the results, the
validation of the model is done by studying the output power
and the efficiency of the machine. From the results, it can be
seen that for the output power, the power was low signifying
the onset of the machine where the compressor is
compressing the air converting to high pressure, then to the
turbine to get high temperature before the power is being
generated at a time of around 500 seconds. The machine then
started generating power in a step sequence until it stabilises
at around 100 kW which is the maximum power of the
turbine. For the efficiency of the system, it is low at the
beginning before it also increases as the machine started
generating power although the efficiency needs to be
improved because it is a bitlow likely due to some faultin the
system. Thus, integrating the gas turbine with fault detection
and prediction capability is paramount.

roto speed, load angle and temperature entropy diagram. The
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Fig -12: Results for the output power and efficiency of the
gas turbine.

In addition, the turbine, and the auxiliary power unit
(APU) characteristic for the gas turbine are shown in Fig. 13.
From the results, it was observed that for the turbine, it can
be choked off at around 30% based on the operating line
while for the APU, it is choked at around 50%. This indicates
that the turbine needs improvement in the design.

Turbine Map

Isentropic Efficiency

(@  (b)
Fig -13: Results for the (a) Turbine and (b) APU.

3.3 Simulation Results of the Fault Detection and

Prediction using Neuro-Fuzzy System

Based on the simulation result of the gas turbine, to detect
the existence of any fault in the system, the modified neuro-
fuzzy controller system in Fig. 10 is used. The simulation was
run to test the operating condition of the gas turbine which
can be monitored by observing combustor and the exhaust
delays plot from the scope in Simulink and the results are
shown in Fig. 14. From the figure, it could be observed for
both the combustor and the exhaust delays, the step input
response can be clearly seen to be working with little ripples
at the edges when it is switching to high values.

Gas Turbine Conditions
T T T

— Combustor Delay1
—Sum
Exhaust Delay

0.4 7

0.2 b

Fig -14: Results for the exhaust and combustor delays of
the gas turbine engine.

For the fault detection and as shown by Fig. 10, a relay is
added to detect the fault by switching to high (1) when the
any of the 3 faults is detected and zero otherwise. The results
for the fault detection with fault and the corrected version
using Neuro-Fuzzy is shown in Fig. 15. From the results, it can
be seen that an error was detected by the relay which the
Neuro-fuzzy quickly detect and correct the output to the
closer value of the relay. The error can then be mitigated as
shown from the result. In addition, the intelligent system can
next predict whether in the turbine is in error by always
checking with the train signal which on the relay when it is
high signifying the detection of fault and 0 otherwise.

Result for the Fault Detection
T T T

Neuro-Fuzzy
Relay
Fault

—

0.5

-051 T

Fig -15: Results for the detection of fault using Neuro-fuzzy
controller.

3.3 Comparison between Neuro-Fuzzy and PID
Controller

To show the efficacy of the neuro-fuzzy controller, the results
obtained is compared with a conventional PID controller
having the Simulink design shown in Fig. 16 adopted from the
work in [18]. The controller is used to control the speed
regulator, temperature regulator, and surge margin regulator
as shown in the figure. It is incorporated in the gas turbine
model design and the simulation was run with the results
shown in Fig. 17.
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Fig -16: PID controller Simulink design for the gas turbine.
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Fig -17: PID controller simulation results for the gas
turbine.

Based on the PID controller design and the simulation
validation, the two controllers were simulated together for
the gas turbine fault detection and the results are shown in
Fig. 18. From the result, it can be seen that in terms detecting
and correcting the error, the Neuro-Fuzzy controller
outperform the PID controller, and this can be attributed to
the fact the Neuro-fuzzy has the ability to train and correct
the error based on the previous training results. Thus, it can
be concluded that using intelligent controllers such Neuro-
fuzzy offers better result in detecting and predicting fault in
gas turbine engine compared to the conventional PID
controller.

Comparison between PID and Neuro-Fuzzy Controllers
T T T T T T T

PID Controller
Neuro-Fuzzy Controller

Fig -18: results for the comparison between the Neuro-
Fuzzy and the PIC controller for the gas turbine.

4. CONCLUSIONS

In conclusion, this paper presented a novel technique of
detecting and predicting faults in a gas turbine engine using
arobust Neuro-Fuzzy controller. At first, the gas turbine was
modelled based on the components of compressor,
combustion, and turbine. The mathematical model was
developed based on this and verified analytically. Thereafter,
a Neuro-fuzzy controller and PID controller were designed
and used for comparison. Simulation results obtained
showed the efficacy of the Neuro-Fuzzy controller over the
conventional PID controller. From the results, From the
results, it was shown that an error was detected by the relay
which the Neuro-fuzzy quickly detect and correct it. The
intelligent system was able to predict whether in the turbine
isin error by always checking with the train signal which on
the relay when it is high signifying the detection of fault and
0 otherwise. In addition, the Neuro-Fuzzy controller
outperformed the PID controller, and this can be attributed
to the fact the Neuro-fuzzy has the ability to train and correct
the error based on the previous training results. Thus, it can
be concluded that using intelligent controllers such Neuro-
fuzzy offers better result in detecting and predicting fault in
gas turbine engine compared to the conventional PID
controller.
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