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Abstract - In the process of aeroengine development and operation, fault monitoring is very 
important, especially for the core part, rotor. In this study, the Fourier separation method and 
support vector machine (SVM) were combined to realize the vibration monitoring of aeroengine 
rotor fault, and the independent component analysis (ICA) was used to improve the method for 
extracting vibration characteristics. After that, the two monitoring methods before and after the 
improvement were compared through experiment. The experimental results showed that the two 
feature extraction methods could extract fault vibration features from the original vibration signals, 
but the vibration features extracted by FDM could not effectively distinguish the fault vibration 
source, and ICA-FDM could effectively distinguish the fault vibration source after blind source 
separation; after training, SVM based on ICA-FDM could identify the single rotor outer ring fault of 
the simulation platform with higher accuracy and precision and lower false alarm rate  than the 
FDM based SVM. 
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1. Introduction 
 
In an aircraft, the engine [1] is its power source. In 
the process of operation, various parts of the engine 
will inevitably produce vibration due to the 
temperature, air pressure, rotation of rotating parts, 
etc. in the process of high-speed operation, and each 
part will have different vibration signals due to 
different materials, shapes, etc., that is to say, it has 
specific vibration characteristics [2]. The rotor is the 
core part of the aeroengine. The main vibration 
source of the whole engine and its components is 
caused by the rotation of rotor. For an engine, the 
most ideal state is that the rotor does not produce 
vibration when rotating, but it is impossible in the 
actual development and operation of the engine, 
because of the friction between components and the 
uneven distribution of rotor mass. With the 
continuous vibration, the rotor of the engine will 
gradually produce faults, so it is necessary to 
monitor the fault of the engine rotor in order to 
adjust the engine in time. Collecting vibration signals 
with sensors in the engine and analyzing its 
vibration characteristics can effectively monitor the 
state of aeroengine and obtain its fault type [3]. Ma 
et al. [4] established the dynamic model of the dual-
rotor-casing system by using the finite element 
method, verified the model, and found that the 
frequency components of different combinations in 
the frequency spectrum could be used as the 
diagnostic frequency of the dual-rotor aeroengine in 
the event of rub impact fault. Wang et al. [5] 

diagnosed the fault of the engine rotor using 1-D 
spectral analysis and tested the reliability of the 
diagnosis method using the actual experiment. Ding 
et al. [6] proposed a rotor fault diagnosis method 
based on ensemble empirical mode decomposition 
(EEMD) and neighborhood rough set (NRS) and 
verified the effectiveness of the method by 
simulation experiments. In this study, Fourier 
separation method was combined with support 
vector machine (SVM) to realize the vibration 
monitoring of aeroengine rotor fault, and the method 
of extracting vibration features was improved using 
independent component analysis (ICA). After that, 
the two monitoring methods before and after the 
improvement were compared. 
 

2. Feature Extraction of Vibration Signal 
of Aeroengine Fault Rotor 

 

 
Figure 1: Structural diagram of aeroengine 
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The original aeroengine is similar to the 
automobile engine, which uses the expansion thrust 
generated by the rapid combustion of fossil fuel in 
the confined space to push the piston to generate 
power; with the increasing demand for the flight 
speed of the aircraft, the turbojet engine appears, 
and its structure is shown in Figure 1, including the 
air inlet, compressor, combustion chamber, turbine 
and tail nozzle, in which the turbine is the main part 
of the whole jet engine. The structure of the turbine 
mainly includes rotating shaft, rotor and the working 
blades connected to the rotor. 

In the process of rotor rotation, the vibration 
source will be formed to drive other parts to vibrate, 
so that the engine vibration signal collected by the 
vibration sensor is an aliasing signal, including 
meaningless noise signal. The required fault signal 
either overlaps with other vibration signals or is 
covered by noise background, so that the effective 
fault information can not be obtained directly from 
the signal collected by the sensor. 

 

2.1 Feature extraction based on Fourier 
transform 

 
Fourier decomposition method (FDM) is an 

algorithm to decompose signals by using Fourier 
transform [7].  
 

In this study, the vibration signals collected by 
sensors are expressed as follows: 
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where )(tx  is the vibration signal collected by the 

sensor, )(tyi  is the i-th vibration sub-signal (the 

sub-signals are zero mean functions, they are 
orthogonal to each other, and the envelope 
amplitude and instantaneous frequency in the 
analytical function of the sub-signal 0 ), 

M indicates the number of sub-signals, and )(tr is 

the residual component. As the vibration of 
aeroengine is mechanical vibration and the 
mechanical vibration is often nonlinear and non-
stationary in a certain period of time, it is supposed 
that the vibration signal )(tx  collected has dirichlet 

condition in time ],[ 011 Ttt   [8], then )(tx  can be 

expressed as: 
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)(0 txT  in equation (2) is processed by Fourier 

expansion, then there is: 
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After transforming equation (3), there is: 
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The analytic Fourier intrinsic band functions 
(AFIBFs) of )(tx  can be obtained from equation (4): 
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The vibration signal sequence collected by the 

sensor is expanded to a limited number of AFIBFs 

using equation (5), from which the vibration 
characteristics of different components are obtained, 
i.e. frequency and envelope amplitude [9]. 

 

2.2 Blind source separation based on ICA 
 

In the process of decomposing the vibration 
signals to get AFIBFs of different components with 
FDM, the vibration sources of the mixed vibration 
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signals are separated, such as the background noise 
of vibration. Although FDM can decompose the 
mixed vibration signal simply and stably, which is 
suitable for the condition monitoring of aeroengine, 
this method can only get characteristics of the basic 
frequency and double frequency of the engine rotor 
vibration and can not distinguish the non-basic 
frequency and non-double frequency vibration 
sources, which will affect the subsequent fault 
monitoring. In order to solve this problem, the 
separation of aliasing signal is realized by ICA [10]. 

The aliasing signal of engine can be expressed as: 
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where x  is the set of observation signals, s  is a set 

of independent source signals, and H  is a mixed 
matrix.  

In this study, the separation matrix which is 1 after 
multiplying with the mixed matrix is calculated using 
signal to noise ratio, and the formula is as follows: 
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where )(yF is the signal-to-noise ratio between the 

separated signal and source signal and y~  is the 

moving average separation signal for replacing 

source signal s . As 
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Then the gradient of both sides of equation (8) is 

calculated using separation matrix W , and the zero 
point of the gradient is calculated, so as to obtain the 
extreme point of objective function (8) and 
separation matrix W . 

After obtaining the separation matrix through the 
above steps, the collected aliasing signal is 
separated, and then the separated signal is 
decomposed by FDM to obtain the vibration 
characteristics and judge whether the engine rotor 
has fault. 

 

3. SVM 
 

The vibration feature extraction method of engine 

rotor is as shown above, but in the actual rotor fault 

monitoring, even if the fault vibration feature is 

obtained by feature extraction, the efficiency of 

artificial judgment is still relatively low, so a 

classification algorithm is needed to quickly 

determine whether the engine rotor is faulty 

according to the fault vibration feature. 

SVM [12] is an intelligent algorithm that can learn 

by itself. Its basic principle is to project data into 

high-dimensional space using kernel function, then 

find the optimal classification boundary according to 

the linear division principle, and classify the 

detection data taking the classification boundary as 

the standard. 

 

 
Figure 2: The flow of engine rotor fault monitoring based on SVM and engine vibration characteristics 

 
The monitoring flow of aeroengine rotor failure is 

shown in Figure 2. 
① Firstly, vibration signals of engine are 

collected by sensors during operation, including 
vibration signals in normal operation and failure 
states. 

② The collected vibration signals are processed 

by blind source separation. 

③ Vibration features are extracted using FDM. 

④ The extracted vibration signal features are 

constructed as training sets and then input into SVM. 

Appropriate kernel functions and penalty 

parameters are selected. The decision function is 

obtained after calculation. The calculation formula of 

the decision function is: 

)),(sgn()(
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where a  stands for the set of ia , ia  is Lagrangian 

coefficient [14], l  stands for sample size, ),( ji xxK  

is the kernel function, and C  is the penalty 
parameter.  

SVM training finishes. 
⑤ When the fault of the engine rotor is 

monitored by the trained SVM, the first three steps 
are the same as ① ② ③: firstly, the vibration 
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information is collected by the sensor, the vibration 
signal collected based on the maximum signal-to-
noise ratio is processed by blind source separation, 
and features are extracted by FDM and input to the 
trained SVM to get the output result. 

 

4. Experimental Analysis 
4.1 Experimental environment 

 
In this study, the self built simulation engine 

rotor vibration platform was used to simulate the 
vibration of the aeroengine rotor and collect the 
vibration data.  

The structure of the simulation platform is shown 
in Figure 3. The simulation platform is mainly 
composed of direct current motor, transmission 
shaft, two rotors (simulation of double rotor engine), 
bracket and base. The self built simulation engine 
rotor vibration platform could set different rotor 
faults independently. The blind source separation 
algorithm, FDM algorithm and SVM algorithm were 
compiled by MATLAB software [15] to monitor the 
engine rotor fault. 

 
Figure 3: The structural diagram of self built 
simulation engine rotor vibration platform 

 

4.2 Experiment setup 
 

① An acceleration vibration sensor was fixed on 
the engine rotor case using a magnet. 

② The self built analog engine rotor was started. 
The speed of the rotor was 550 r/min, and three 
operating states were set respectively: normal 
rotation, No.1 rotor outer ring fault and No. 2 rotor 
outer ring fault. Then the vibration signals under 
three operating states were collected through the 
sensor: 10 s was taken as a sampling cycle, the 
sampling point of each cycle was set as 1024, and 
each state was sampled for 30 cycles. Two thirds of 
them were taken as the training set and one third 
was as the testing set. 

③ The training set was input into the SVM based 
on FDM and the SVM based on ICA-FDM respectively 
for training. The radial basis function was taken as  

),( ji xxK  of the two SVMs. C  was set as 0.01. 

④ After feature extraction, the vibration signals 
in the testing set were input into the trained SVM to 
obtain the recognition results. 

 

4.3 Experimental results 
 

In the simulation experiment, although the 

vibration signal of the engine rotor collected by the 

vibration sensor is periodic to some extent, the 

details are disorderly. It is difficult to see the 

difference between vibration signals of the rotor in 

different operating states as a whole. Limited to the 

space, this paper only shows the vibration signal of 

one cycle. As shown in Figure 4, it is difficult to see 

the obvious vibration characteristics. For the 

vibration signal features extracted by two methods, 

limited by space, only the vibration features 

extracted by FDM and ICA-FDM under the state of No. 

2 rotor outer ring fault are shown. The vibration 

features extracted by FDM are shown in Figure 5.  

It was seen from Figure 5 that the vibration 

features extracted by FDM contained fundamental 

frequency 0f , twofold frequency, threefold 

frequency, fourfold frequency and fivefold frequency 

of rotor speed. In addition to the prominent 

fundamental frequency, the fivefold frequency is also 

relatively prominent. The frequency corresponding 

to the fivefold frequency is very close to the 

theoretical frequency of 23.95 Hz when the rotor 

outer ring fails (the theoretical frequency of the 

rotor outer ring failure is related to the rotor 

platform, which can be calculated using the following 

formula: 

)cos1(2 Ddzff nc                                       (10) 

where cf  is the theoretical frequency when rotor 

outer ring fails, z  is an influence factor, nf  is the 

frequency of the axis of rotation, d  is the ball 

diameter, D  is the bearing raceway diameter, and 

  is contact angle), that is to say, features in Figure 

4 reflect that the outer ring of the rotor has failure, 

but it is difficult to judge from Figure 4 which one 

has failure, No. 1 or No. 2. 

The vibration features extracted by ICA-FDM are 

shown in Figure 5 and 6. In the method of ICA-FDM, 

blind source separation was carried out for the 

vibration signals, so the fault vibration features of No. 

1 and 2 rotors were separated, which are 

respectively shown in Figure 6 and 7. It was seen 

from the figures that the frequency of 23.51 Hz was 

the most prominent in the vibration features of No. 1 

rotor, and it was close to the theoretical frequency 

when the outer ring of rotor was in fault.  
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Considering that the frequency distribution in the 

vibration features of No. 2 rotor, it was inferred that 

No. 1 rotor had outer ring fault. 

 

 
Figure 4: The vibration signal collected by the 

vibration sensor 
 

 
Figure 5: The vibration feature of rotor fault after 

extraction by FDM 
 

 

Figure 6: The vibration feature of No. 1 rotor after 
ICA-FDM separation 

 
Figure 7: The vibration feature of No. 2 rotor after 

ICA-FDM separation 

 
Figure 8 shows the vibration signal of one cycle 

collected by the vibration sensor from the self built 

rotor platform when No. 2 fails.  

The signal had a rough vibration range, but the 

specific rules can not be seen directly by the naked 

eye. Compared with the vibration signal of No. 1 

rotor in Figure 4, there was little difference. Figure 9 

is the vibration feature after FDM extraction of the 

vibration signal in Figure 8. It was seen from Figure 

9 that it includes the fundamental frequency, twofold 

frequency, threefold frequency, fourfold frequency 

and fivefold frequency of rotor speed. In addition to 

the prominent fundamental frequency, the fivefold 

frequency is also relatively prominent. The 

frequency corresponding to the fivefold frequency is 

very close to the theoretical frequency of 23.95 Hz 

when the rotor outer ring fails. The comparison of 

Figure 5 and 9 shows that two vibration features 

were very close; although the details of the non-

feature frequency were different, they were basically 

the same in the fundamental frequency and fold 

frequency. Considering the two vibration feature 

figures corresponding to the outer ring faults of 

different rotors, it was seen that it was difficult to 

distinguish which rotor had faults although FDM 

could obtain vibration features effectively. Figure 10 

and 11 are the vibration features extracted from the 

vibration signal in Figure 8 by ICA-FDM. It was seen 

from Figure 8 that the frequency distribution in the 

vibration feature of No. 1 rotor was relatively stable, 

and there was no particularly prominent 

characteristic frequency; the frequency of 23.51 Hz 

in the vibration feature of No. 2 rotor was very 

prominent in the distribution, which was quite close 

to the vibration frequency when the outer ring of 

rotor failed. The comparison between Figure 6 and 7 

and between Figure 10 and 11 shows that the 

vibration feature obtained by ICA-FDM was very 

similar to the rotor with outer ring fault and which 

rotor has fault can be very intuitively determined 

through the blind source separation based on ICA. 

 

 
Figure 8: Vibration signal collected by vibration 

sensor  
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Figure 9: Vibration feature extracted by FDM 

 

 
Figure 10: Vibration feature of No. 1 rotor extracted 

by ICA-FDM  
 

 
Figure 11: Vibration feature of No. 2 rotor extracted 

by ICA-FDM 
 

It was seen from the above comparison that 
although the vibration features extracted by FDM 
could effectively separate the fundamental frequency 
and multiple frequency from the vibration signal, so 
as to effectively determine whether the rotor was in 
fault, it is difficult to determine which rotor was in 
fault; the vibration features extracted by ICA-FDM 
could also effectively determine the rotor fault 
frequency and restore the vibration source after 
blind source separation, so as to judge the rotor in 
fault easily. 

 

Figure 12: The performance of SVM for recognizing 
single rotor outer ring fault under two feature 

extraction methods 

After the two feature extraction methods were 

applied to obtain the vibration features of the engine 

rotor, SVM was trained, and then SVM was tested 

under the two feature extraction methods using the 

testing set. The results are shown in Figure 12. The 

accuracy of SVM based on FDM for recognition of 

single rotor outer ring fault was 75.3%, the false 

alarm rate was 12.4%, and the recognition precision 

was 74.8%; the accuracy of SVM based on ICA-FDM 

for recognition of single rotor outer ring fault was 

98.3%, the false alarm rate was 1.2%, and the 

recognition precision was 98.1%. It was seen 

intuitively from Figure 12 that the accuracy and 

precision of SVM which applied ICA-FDM to extract 

vibration features for engine rotor fault vibration 

recognition were significantly higher than those 

using FDM, while the false alarm rate of the SVM 

based on ICA-FDM was higher. The reason is as 

follows. Although the vibration source of the aliasing 

signal was separated by FDM, most of the separated 

features were concentrated on the fundamental 

frequency and multiple frequency, and although 

these features were obtained by decomposition, they 

were still based on the overall vibration features, so 

it was impossible to determine which rotor the 

features in the fundamental frequency and multiple 

frequency came from; when ICA-FDM extracted the 

vibration features, it first separated the blind source 

and restored the vibration signals of each vibration 

source as much as possible, which made the 

extracted vibration features closer to the actual 

features, and moreover it can determine which rotor 

the fault vibration came from. 

 

5. Conclusions 

 

In this study, Fourier separation method and SVM 

were combined to realize the vibration monitoring of 

aeroengine rotor fault, and ICA was used to improve 

the method used for extracting vibration features. 

After that, the two monitoring methods before and 

after the improvement were compared by 

experiments. The results are as follows: (1) the 

vibration signals of rotor under different operating 

states obtained by sensors were similar, and the 

vibration feature extracted by FDM contained the 

basic frequency and multiple frequency which 

reflected the fault features, but the vibration source 

of the fault vibration could not be distinguished; the 

feature extracted by ICA-FDM contained the feature 
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frequency of fault, and the fault vibration source 

could be distinguished; (2) after training, the 

recognition accuracy of SVM based on FDM was 

75.3%, the recognition false alarm rate was 12.4%, 

the recognition precision was 74.8%; the recognition 

accuracy of SVM based on ICA-FDM was 98.3%, the 

recognition false alarm rate was 1.2%, and the 

recognition precision was 98.1%. 
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