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ABSTRACT 

 

Steam turbines (ST) need to be protected from damaging faults in the event it ends up in a danger zone. 

Some examples of faults include vibration, thrust, and eccentricity. Vibration fault represents one of the 

challenges to designers, as it could cause massive damages and its fault signal is rather complex. 

Researches in the field intend to prevent or diagnose vibration faults early in order to reduce the cost of 

maintenance and improve the reliability of machine production. This work aims to diagnose and classify 

vibration faults by utilized many schemes of Artificial Intelligence (AI) technique and signal processing, 

such as Fuzzy logic-Sugeno FIS (FLS), Back Propagation Neural Network (BPNN) hybrid with FL-Sugeno 

(NFS), and BPNN hybrid with FL-Mamdani FIS (NFM). The signal of the fault and the design of the FL 

and NN were done using MATLB. The results will be compared based on its ability to feed the output 

signal to the control system without disturbing system behavior. The results showed that the NFS scheme is 

able to generate linear and stable signals that could be fed to modify the main demand of the ST protection 

system. This work concluded that the hybrid of more than one AI technique will improve the reliability of 

protection system and generate smooth signals that are proportional to the fault level, which can then be 

used to control the speed and generated power in order to prevent the increase of vibration faults.  

Keywords: Artificial Intelligent Technique, Signals Processing, Fuzzy Logic, Neural Network, Fault 

Identification.  

 

1. INTRODUCTION  

 

Vibration fault is a phenomenon that is 

mostly generated by rotating machines such as the 

induction motor, turbine, generator, and building. 

This fault will result in machine damage if it occurs 

frequently [1]. Turbine represents the core of a 

power plant. Vibration fault is generated on 

turbines due to factors such as elasticity, flexibility, 

and applied force [2]. Vibration fault signals 

display non-linear characteristics [3]. 

A vibration fault signal in the time domain is 

unsuitable for analysis, monitoring, and diagnosing 

faults, thus, the signal needs to be transferred to the 

frequency domain by FFT [4]. Once in the 

frequency domain, it can be analyzed in computer 

applications, such as  fuzzy logic (FL) and  NN [5]. 

The NN can identify faults by learning NN with the 

health case. FL is a generation signal that is a 

reflection of multi-input signals, which is 

representative of physical behaviors of system[6] 

[7]. The FL is made up of two types of FIS called 

the Sugeno and Mamdani FIS [8][9].   These 

techniques are related to AI, and can be used to 

identify, classify, and control the industrial 

environment for making decision [10]. researchers 

began to employ hybrid techniques for enhanced 

fault observation precision and augmenting the 

reliability of the controlling systems [11]–[13]. 

 

Many researchers used the Adaptive Neural Fuzzy 

Inference System (ANFIS) to monitor fault, 

analyze, and make decisions pertaining to control 

protection. (Zhang et al, 2008) introduced the 

Probability of Neural Networks (PNN) to identify 

and classify vibrations fault of turbine rotors[14]. 

While (M. lilo et al, 2016) utilized FL to identify 

the vibration faults in turbines [15]. Researchers 
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began experimenting with hybrids of two intelligent 

techniques, which leads to enhanced decision 

precision to detect faults. (Nguyen et al, 2015) 

proposed  a new algorithm that can change the 

Membership Function (MF) setting value of the FL 

based on the error result from the training (ANFIS) 

) [16]. (M. lilo et al, 2016) developed new 

algorithm  to describe the number of the bearing 

and the level of the vibration fault on gas turbine by 

designed multi-stage of the NN[17]. (Panda & 

Patro, 2013) designed a new controller system that 

is related to the temperature of dry gas. However, 

work increases the efficiency operations for boilers. 

Eventually, the investigators installed a new 

controller system in the power plant [18].  

 

On the other hand, AI utilized for fault 

detection based on hybrid tow technique enhances 

the decision precision and augmented the flexibility 

for fault identification and classification.  (Rosa et 

al 2013) presented a hybrid neural with fuzzy 

model to predict and model fault signals in the time 

domain [19]. (Rang, 2012) utilized the fuzzy-neural 

technique to improve the system’s stability with 

robot application[20]. (Xie et al, 2010) developed a 

new scheme that is a combination of FL and NN.  

The new scheme is simpler than the conventional 

method in hardware implementation [21].  (Fei et 

al, 2014) designed a multi-stage of NN and other 

fault detection techniques that are used to diagnose 

the faults of the steam turbine. [22]. (McKee et al 

2015) presented a procedure of detecting the 

vibration cavitation, which is based on the analysis 

vibration fault band and analysis statistical metrics. 

ISO 10816 is used with this work.  to classify the 

fault [6]. Eventually, (Marichal g. et al, 2010) 

designed multi-stage AI  technique to diagnose  the  

Vibration faults on  bearing,  and the result showed 

that the FFT signal related to vibration fault 

improve the identification and classification[5].  

(Huo-ching et al, 2013) was detected the vibration 

fault on steam turbine by utilized many algorithms, 

and compared between the neural and support 

vector classifier. The comparison was based on the 

training time and the algorithm accurate. The time 

of training of the radial basis function neural 

network (RBFNN), BPNN training by a steepest 

descent gradient algorithm (BPNN_GD), and 

BPNN training by a Levenberg-Marquardt 

algorithm (BPNN_LM) are 0.41s, 6.81s, and 0.72s, 

respectively [23].  

 

This study goals to compare between three 

schemes were designed to identify and classify the 

vibration fault on the steam turbine. The 

comparison was based on the linearity of the results 

to give the ability for effactting control signal with 

saving of system stablity. Morover, look for 

improvinge the precision of the identification and 

time training. The three schemes are related to 

utilize the Fuzzy logic and hybrid schemes which 

are contained fuzzy logic and neural network. The 

rest of this paper is structured as follows: Section 1 

presents the basic information and related works. 

Section 2 explains the methodological design. 

Section 3 presents the design of signal processing, 

fuzzy logic, and the neural network. Meanwhile, 

Section 4 displays the hybrid schemes design. The 

analysis results of the three schemes are discussed 

in Section 5. Section 6 concludes this work. 

 

2. METHODOLOGY DESIGN 

      

In this work, the vibration fault will be 

applied to three schemes after modeled in the first 

section, which are FL, NFM, and NFS. Their 

respective comparisons will depend on the linearity, 

and stability of the result to use with protection or 

control systems. The signal of the vibration fault 

will be generated to represent the output of the 

acceleration sensor, while the ISO 10816-2 is used 

as the standard to set the fuzzy MFs of these 

schemes, as shown in Figure 1.  
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Figure 1: Flowchart of the Work 
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3. STRUCTURE OF THE DESIGN   

 

This section will discuss the generation of 

the vibration fault model, FLS design, and NN 

design where the error back propagation algorithm 

is used to implement NN. 

 

3.1- Vibration fault signal model  

The vibration fault signal will be simulated 

as signals collected from the acceleration sensor. 

The signal will be in the time domain, while the 

corrupted error was added to the signal in order for 

it to be similar to the natural data, as shown in 

Figure 2(a). The vibration fault in time domain is 

unsuitable for the diagnosis or describing the 

situation of the fault, therefore, the signal will be 

transferred to the frequency domain by FFT after its 

noise is filtered. The resulted signal in the 

frequency domain is convenient to monitor the fault 

situation, but improper for controlling or protecting 

applications, as shown Figure 2(b).  Thus, the 

proposed schemes will process, identify, and 

classify the fault signal using intelligent techniques 

to generate signal proportional to the fault level.  

The signal will be classified based on the ISO 

18062-2, which is related to the description of the 

vibration fault of the ST, also, the frequency range 

of the signal is limited, depending on the speed of 

the turbine, where it is designed to travel between 

0-50 Hz). The vibration fault signal is simulated 

based on the acceleration form, as shown in 

Equation 1.   

    A=v sin wt         (Eq-1) 

  Where A is acceleration value in time 

domain, v represents velocity amplitude in time 

domain, ω=2πf, f is the machine frequency, t is the 

time travel of the signal.  

 

(a) 

 

(b) 

Figure 2:  Vibration Fault Signal (a) Time Domain (b) 

Frequency Domain   

 

3.2- Design Fuzzy System  

 FLS is utilized to enhance the control 

behavior or classification of the signal based on the 

inputs of the physical signals [24][25][26]. This 

technique can generate the linear signal represents 

the final decision which is reflected to the inputs 

signals. The inputs signals are collected from the 

industrial system or other applications to protect, 

control, or improve the system’s behavior based on 

the input datum. In this work, will use the Sugeno 

FIS due to its output function being able to generate 

constant value, and it is more convenient for the 

generated linear signal equivalent to the complex 

and nonlinear in a manner similar to the vibration 

fault data, the design of the FLS system [15]. The 

FL basically consists of the input MFs, rule, and 

output-MFs. The input MFs were built to describe 

the vibration fault, frequency of the machine, and 

the generated power, as shown in Figure 3. The 

vibration fault MF is set based on the ISO 1806-2 

[27] [6]. Actually, this work was discussed and 

centered on the vibration fault in alarm zone. 

Meanwhile, the speed of the machine is taken into 

account when designing the system, due to the 

vibration fault signal being affected by it and 

generated power. Speed is divided into two types; 

normal and critical as shown in Figure 3 [5] [6].   
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Figure 3: Sugeno input Member Ship function 

 

3.3 Neural Network Design systems (Back 

propagation Algorithm) 

 

NN is a technique utilized to distinguish 

between the healthy and faulty signal based on the 

heuristically analysis data which is saved during the 

learning the network. Generally, some kind of the 

NN algorithm need a teaching data called the 

supervisor type, while the second type is called the 

unsupervised NN, which does not need the learning 

data. In this work, the design of the NN was based 

on the Back Propagation Neural Network (BPNN) 

algorithm, which is one of the supervised NN 

algorithms. The fault signal generated in Section 

3.1 will be used as the teaching to learn NN. The 

data was mapped for utilizing with NN 

applications, while the design of the NN in this 

work is mapped the input data separately, relying 

on a new technique that increases the identification 

precision of the NN. Also, the NN selects with 4 

neurons for the input and output layers and 30 

neurons for the hidden layer. The bipolar function 

was selected to calculate the final output value after 

multiplying the input data by the weights and 

adding it to the biases [28][10]. Thus, based on the 

mean square error of  result which is produced from 

the subtracted teaching value from the result, the 

algorithm will propagate the error value to the 

output and hidden layers to correct the weights and 

biases of NN if the error more than the requested  

value [28][10][29]. The NN will be trained with 

four situational vibration faults. The training time 

of BPNN based on used the Fast-Momentum 

(BPNN_FM) is 0.316s, which is designed to this 

work. The training result showed the design code is 

superior to NNs algorithms were tested by (huo- 

ching-2013), as mentioned in the introduction. The 

results of the NN training are shown in the Figure 

4, while Figure 5 shows the MSE resulted from the 

learning NN. These results proved the success of 

the NN training algorithm was design in this work 

by MATLAB coding, and it is acceptable when 

compared to other results [17][30] .  
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Figure 4: Different Level  For Vibration Fault (a) First Level (b) Second Fault (c)  Third Level  (d) Fourth Lev El   For 

Learning NN 

 

 
Figure 5: MSE Values For (a) First Level (b) Second Level (c) Third Level (d) Fourth Level 

 

 

4. IMPLEMENTATION OF NEURAL -

FUZZY SYSTEM  
 

Recently, researchers have started 

hybridizing techniques to create systems that can 

improve the precision of decisions for complex 

systems. This process will also enhance fault 

detection and system control [31][12][5][32]. This 

stage will involve the design of the NFS and NFM. 

NN was implemented and trained in Section 3.3 for 

utilization at this stage, while the FL parameters 

design of the Sugeno and Mamdani FIS will be 

mention at this stage. The FLS was constructed 

based on three input MFs, the first will describe the 

vibration fault level, which sets based on the ISO 

1806-2. The second classifies the frequency of the 

machine (speed) into normal and critical 

frequencies. The last MF is implemented to classify 

of the generated power value. The last two item is 

utilized due to them influencing the vibration fault 

in the machine [30]. The output of the FLS was 

selected as a constant function, where represents 

two situations based on the machine speed and 
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generated power conditions operation. Thus, the 

output will be described the startup and generated 

power situations. The result will defuzzify the data 

using “wtaver”. These parameters and others that 

are used in the design of the FLS are shown in 

Table 1. 

 On the other hand, the Fuzzy logic-

Mamdani (FLM) was designed with similar 

parameters of the FLS shown in table 1, but it only 

have two differences that are related to the type of 

output. The MFs in FLM scheme will be utilized 

instead of the constant function in FLS, due to the 

fundamental difference between FLS and FLM 

based on the method to create the output, where the 

defuzzification is utilized in the FLM, while the 

weight average is used with FLS.   

Finally, in this stage, two different 

algorithms will be designed. The first is the NFS, 

while the second is the NFM. These two models 

will be tested by applied on them similar fault 

signals to generate constant value that is 

proportional to the vibration fault. The comparison 

between these algorithms will be based on the 

stability and actuality to represent the vibration 

fault if it arises on the machine.  Both schemes will 

apply the condition to put the neural network as 

functional part while, the FL will be in sleep mode 

until the occurrence of faults. This process will 

reduce the delay time process if applied on with 

experimental work.  

 
Table 1 Fuzzy design parameters of Sugeno and 

Mamdani FIS  

FIS Sugeno Mamdani 

Number of rules 28 28 

Number of input MFs 1 x 3 1x3 

Vibration fault MF type trapmf trapmf 

Frequency  MF type trapmf trapmf 

Generated power  MF 

type  

Zmf, smf Zmf, smf 

Number of output MFs 1 x 2 1x2 

Output during start up 

case  

constant  trapmf 

Output during 

generated power case  

constant  trapmf 

And method Prod Prod 

Or method max Max 

Implication Min Min 

Defuzzifiction  wtaver centroid  

 

5. FAULT DIAGNOSIS RESULT BASED ON 

MULTI-ALGORITHMS 

 

The signals were generated in the section 

of the model the fault signal will be applied on 

three schemes to determine which scheme is better 

for identifying and classifying the vibration fault 

based on generated stable output that can be used 

with protection and control system. These three 

schemes are FLS, NFM, and NFS. Thus, the fault 

signal is applied into FL, which is designed with 3-

input and 2-output, as mentioned in the previously 

Section 3.2. The result of fault identifying by the 

FLS showed that the scheme can classify the 

vibration fault level and generated signal 

proportional to the fault level, as shown in Figure 

6(a), which is related to the output during the 

startup case, while Figure 6(b) is related to the 

output during the generated power case. The FL 

output is suitable for monitoring the fault situation, 

but unsuitable for influencing ST control system 

without modification, due to this process will lead 

to disturbed system stability, therefore, this 

technique cannot use to improve or modify the 

control system of the power plant alone, that it is 

the disadvantage of this scheme.   
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Figure 6: Showed Output of NSFS Related Different Situations at (a) Start up Case (b) Generating Power Case 

 

The hybrid designs are related to mixing 

fuzzy with other techniques for the purpose of 

augmenting the precision of the protection system , 

depending on the environment of the applications 

[8][9][33]–[35]. The fault signal described in the 

modeling section was multiplied by four constant 

values to characterize the four situations of the 

vibration fault. These signals were used to train the 

NN in section of NN design. The results of NN 

training illustrated the successful learning based on 

the MSE result, as shown in Figure 5. Thus, the 

second scheme will consist of the NN and FLM, 

which will be utilized to discriminate and classify 

the fault during online cases based on the fault 

levels. The result proved that the fault was 

identified by the NN and classified by the FLM to  

generate signals proportional to the fault 

level cases, as shown in Figure 7. The outputs of 

the scheme were designed to take into account the 

effect of the speed and generated power, due to the 

fact that the vibration fault is affected by these 

values, as shown in Figure 7(a) and Figure 7(b), 

respectively. The result of this scheme is more 

linear compared to the results of the first scheme, 

but these data also needs to be processed to provide 

it with the ability to merge with control signals, 

which is the main goal of this work. The result 

showed when the fault situations were changed the 

output signal is transferred linearly to describe the 

new level of the fault, while in this work aspire to 

get sharp transaction of the fault situation, to 

improve the signal stability with time.   Because the 

sharp transaction with time mean the precision of 

decision is enhanced. Thus, the disadvantage of this 

scheme is output not described the fault 

instantaneously if the input level was changed.  

  

 

(a) (b) 

Figure 7: Showed Output Of NSFS Related To Four Different Situations During (A) Start Up Case  (B)  Generating 

Power Case 
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The last schemes that will be tested 

contain the NN hybrid with FLS. The NFS scheme 

used the NN to identify the fault and FLS to 

classify the fault’s level while simultaneously 

confirm or dismiss the decision of the NN based on 

situation of the speed of the ST. The first state is 

related to the plotted output of the fault, taking into 

account the effect of the speed situation of the 

machine, as shown in Figure 8(a), while the second 

state describes the output, taking into account the 

generated power value, as shown in Figure 8(b). 

The schemes designed the output based on the 

speed and generated power value due to these 

parameters affecting the vibration fault levels 

[30].The result of this scheme showed that it is 

superior to the first and second scheme, as shown in 

Figure 8, where the NFM output describe the fault 

level with constant   value to many training of same 

fault level, while the NFM gave linear signal arises 

to represented one level of the fault during multi-

training.  The result of the NFS is convenient for 

displaying the fault level while simultaneously 

utilizing to influence the main demand of the 

control system without disturbing the system’s 

control stability. This process will protect the 

system from vibration fault if it occurs on the 

machine due to it described the level fault 

immediately if the fault is changed.  Therefore this 

scheme has these advantages. firstly the NFS output 

is not needed to modify for influencing control 

signals or protection system, while the other 

schemes need more steps to processing the output 

to enhance the linearity of the result. Secondly, the 

training time of the neural network based on the 

back propagation error is less than time training of 

the RBFNN, BPNN_GD, and BPNN_LM. 

Therefore, the NFS is superior for identification, 

classification, and influencing the main demand to 

enhance the protection system’s properties. 

Eventually, all these schemes are needed training 

NN and reconstruct the membership functions of 

FL based on the machine parameters if applied on 

the others machine to diagnose the vibration fault 

only. While, the result will be changed if used with 

another fault type, which is represented weak points 

of these schemes.  

 

 

 

 

 
(a) (b) 

Figure 8: Showed Output of NFS Related to Four Different Situations during cases of  (a) start up  (b) Generating 

Power e 

 

 

6.  CONCLUSION  

 
-The NFS and NFM scheme will confirm 

the decision twice; first by the NN, which declares 

the occurrence of vibration faults on the machine, 

followed by the NN waking up the FL to confirm or 

dismiss the decision based on the speed situations. 

If the FL confirmed the faults, it will lead to the 

classification of the fault level and generated signal 

that is proportional to the fault situation, which can 

be used to protect the machine from damages 

- The result of the NFS scheme is superior 

to the NFM and FL, based on the smoothness 

stability of the generated signal. NFS produce 

linear and stable data based on the duration time of 

the same fault level, which can be utilized to 

influence the main demand of the ST control 

system. This process will reduce faults based on the 

reduction of speed and generated power of the ST.  

- The scheme diagnoses the fault in 

minimal time based on placing the FL in sleep 

mode and the NN in functional mode. This will 

provide the algorithm with the ability to be used for 

experimental work, due to the reduced delay time 

processing.   
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