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Abstract 

Based on the disadvantages of the original LMD algorithm in terms of smoothing 

method and end effect, this paper puts forward a fault diagnosis method of rotor system 

based on the improved LMD and singular value decomposition. The PF (Product 

function) component obtained after applying the improved LMD method is able to 

separate the aliasing modes while maintaining the natures and features of the original PF 

component. Thus, the system’s real information can be grasped more effectively. 

According to the experimental analysis, this method can be applied to fault diagnosis of 

rotor system effectively. 
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1. Introduction 

It is unrealistic that power mechanical equipments are running without failure. To carry 

out research on mechanical fault diagnosis technology is of important practical 

significance and can greatly improve the competitiveness and sustainable development 

capacity of industrial enterprises. The rotor is one of the core components of power 

machinery. The rotor system fault diagnosis is essential in machinery and equipment 

manufacturing, installation and maintenance. 

This paper mainly takes rotor system fault diagnosis for example. It analyzes the 

structural characteristics and dynamics features of the rotor system. Based on the non-

stationary characteristics of the vibration signals of the rotor system faults, it proposes a 

method of rotor system fault diagnosis on a basis of the improved LMD (Local mean 

decomposition) and singular value decomposition [1]. Experimental results show that this 

method can be effectively applied to the rotor system fault diagnosis. 

 

2. The Rotor System Fault and Its Diagnosis 

Generally, the rotor system fault is the result of the coupling of a variety of faults. A 

machine often fails accompanied by abnormal vibrations and noises. This is an important 

characteristic. The vibration signals often reflect the fault information. Imbalance, 

misalignment, rubbing, oil whirl, etc. are the rotor system faults commonly.  

 

2.1. Common Rotor System Fault Types 

 

2.1.1. Rotor Imbalance: The rotor of the power machinery is often affected by 

processing, assembly errors and etc. Thus, the center of mass and the center of shape are 

eccentric. If the eccentricity is large, some point may keep being located under the rotor 

when the rotor restores to be level. If the eccentricity is small, then, it may generate a 

centrifugal force synchronizing with rotating frequency. Thus, the rotor is caused to 

vibrate. Rotor imbalance is the most common power machinery fault [2]. 
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2.1.2. Rotor Misalignment: The rotors of the machinery and equipments are connected 

by coupling and form the axis to transmit the motion and torque. Rotor misalignment may 

be often resulted from installation errors, casing deformation, uneven ground and other 

factors [3]. Rotor misalignment generally includes axis misalignment and bearing 

misalignment. Bearing misalignment may often only have an impact on the oil film 

morphology of the bearing and the distribution of loads and may not result in vibration. 

Thus, it is generally accepted that the rotor misalignment may refer to axis misalignment. 

 

2.1.3. Rotor Rubbing: Both the rotor misalignment and rotor imbalance are likely to 

enlarge the rotor vibration amplitude and thus the rotors rub with the fixed contacts 

mutually, causing abnormal vibration. The rubbing may have great impact on the motion 

of the rotor system and change the rotor’s rotating and even change the motion direction 

of the rotors [4]. Meanwhile, rubbing may cause the dynamic and static parts contact 

mutually and enlarge the system rigidity, resulting nonlinear vibration of the system. 

 

2.1.4. Rotor Oil Whirl and Oil Whip: Oil film instability (oil whirl and oil whip) is the 

self-excited vibration caused by the sliding bearing oil film mechanical characteristics. 

This is a common fault peculiar to high speed, light load and flexible rotor system. In the 

event of oil film instability, the axis vibration will be increased rapidly in a short time, 

causing serious damage to the rotor system [5]. Oil whip is the self-excited vibration of 

rotating shaft caused by oil film effect of the sliding bearing, oil whirl and oil whip belong 

to the same phenomenon, when conditions permit, oil whirl will develop into oil whip. 

 

2.2. Rotor System Fault Diagnosis Methods  

The fault characteristic extraction technologies commonly used in rotor system fault 

diagnosis include signal time-domain analysis, frequency-domain analysis and time-

frequency domain analysis [6]. Time-domain analysis can only roughly detect whether 

equipments fail, while the frequency-domain analysis is used to find out the fault sources 

through the analysis of each frequency component and has been widely used in fault 

diagnosis of mechanical equipments. 

 

2.2.1. Time-domain Diagnosis Method: Time domain waveform is the dynamic caused 

by constant changing transient value of rotor vibration amplitude with time changing [7]. 

For rotating machinery vibration signal, the signal amplitude is comparative intuitive 

feature information of rotating machinery vibration signal. Directly analysis and 

evaluation on the time course of the vibration signal is the most simple and most direct 

way to fault diagnosis. 

In the signal-based time sequence model analysis, the signal sampling value is deemed 

a time sequence to establish mathematic models. Then, model parameters are used for 

fault analysis. Assume x(t) (t =1, 2, …, N) is a set of stationary random sample data, then, 

the following equation can be created: 
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                                               (1) 

In Formula (1), φk (k = 1,2, ..., n) is an autoregressive parameter; n is an autoregressive 

order; e(t) is the residual of the model, which is a normal independently distributed 

random sequence with mean of zero and variance of
2

a
 . 

 

2.2.2. Frequency-domain Diagnosis Method: For the mechanical fault diagnosis, the 

time domain analysis can only provide very limited amount of information, it is 

commonly used in fault diagnosis for the simple diagnosis of equipment failure. 



International Journal of Advanced Science and Technology 

Vol.77 (2015) 

 

 

Copyright ⓒ 2015 SERSC   55 

Frequency domain analysis is to change the time domain signals with time as abscissa by 

the Fourier transformation into frequency domain signals with frequency as abscissa, 

thereby a kind of analysis method is obtained about the amplitude and phase information 

of the original time domain signal frequency components. Find the source of trouble 

through the analysis of the frequency components and referring to equipment run time 

frequency characteristics [8]. Frequency domain analysis method has been widely used in 

fault diagnosis of mechanical equipment. 

The Fourier transformation is an important tool for frequency structure analysis [9]. 

For a time-domain signal x (t), its Fourier transformation is: 

tetxfX
fti
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（                                          (2) 

Fourier transformation is performed as to the time-domain waveform of vibration. 

After Fourier spectrum analysis, amplitudes at each order harmonic frequency have been 

clearly extracted out, providing a basis for the discrimination of the fault. So, Fourier 

transformation is effective for extraction of fault feature of the rotor system. 

 
2.2.3. Time-frequency Analysis Diagnosis Method: Main characteristic of time-

frequency diagnosis is the time and frequency localization, through the phase plane 

constituted by two coordinates of time and frequency axis, frequency content of the 

overall signal can be obtained in local time domain, and distribution and arrangement for 

each frequency band of the overall signal can also be obtained in local time [10]. For rotor 

system, a large number of vibration signals are nonstationary and nonlinear when the 

failure occurs, therefore, time-frequency diagnosis method has been widely used in the 

rotor system fault diagnosis. 

In time-frequency diagnosis method, the wavelet transform is of isometric feature, with 

high time resolution in the high frequency and high frequency resolution in the low 

frequency, the "zoom" feature makes wavelet transformation very suitable for mutation 

signal processing, but this method does not have adaptability, to a certain extent, this 

restricts the application of wavelet analysis. Hilbert - Huang transformation [11] is a new 

method of adaptive time-frequency analysis, fundamentally getting rid of the bondage of 

the theory of Fourier transform and fully explaining the definition of instantaneous 

frequency, it can make adaptive time-frequency decomposition according to local time-

varying characteristics of the signal, it has very high signal-to-noise ratio, can get high 

time-frequency resolution, has good time-frequency aggregation, and it is very suitable 

for non-stationary and nonlinear process. 

 

3. Rotor System Fault Diagnosis based on Improved LMD and Singular 

Value Decomposition 
 

3.1. Local Mean Decomposition Method and its Disadvantages 

The rotor vibration signals are mostly non-stationary and non-linear dynamic signals. It 

is very difficult to make accurate analysis of signals in time domains and frequency 

domains by traditional rotor fault diagnosis methods. LMD a new self-adaptive time-

frequency analysis method proposed by JonathanS.Smith in 2005. This method is able to, 

based on the local characteristic time scale, decompose a complex non-stationary signal 

into a number of PF components [12], very suitable for processing of non-stationary and 

non-linear signals.  

LMD method is used to achieve the signal decomposition via iteration. During the 

decomposition process, moving average method is used for smoothing as to the initial 

local mean function and the local envelope function [13]. Thus, it generates end effect 

problems and smoothing problems unavoidably. The end effect may cause divergence on 



International Journal of Advanced Science and Technology 

Vol.77 (2015) 

 

 

56   Copyright ⓒ 2015 SERSC 

data ends of the local mean function line and the local envelope function line and finally 

lead to serious distortion of decomposition results. The moving average method may also 

directly affect the accuracy and rate of LMD decomposition. 

 

3.2. The Improved LMD Method 

Based on the disadvantages of LMD method mentioned above, this paper puts forward 

a method for rotor system fault diagnosis based on the improved LMD and singular value 

decomposition [14]. In this method, wavelet packet decomposition method is firstly used 

to decompose the signal into a number of wavelet components. Then, LMD 

decomposition is performed for each wavelet component. Eventually, the PF components 

are applied to form the initial feature vector matrix and the singular value of such initial 

feature vector matrix is extracted as an input to the neural network for identification of the 

rotor system working status and fault types. 

 

3.2.1. Decomposition of Wavelet Packets: The decomposition of wavelet packets [15] is 

able to perform multi-layer division of the frequency bands and select the appropriate 

frequency bands self-adaptively according to the signal features. Three-layer wavelet 

packet decomposition is as shown in Figure 1, in which, S refers to the original signal; A1 

represents the low frequencies after decomposition of one layer; D1 represents the high 

frequencies after decomposition of one layer; D2 refers to the high frequencies and A2 

refers to the low frequencies and so on. The decomposition relationship 

S=A3+D3+D2+D1 can be got. So, in this way, the signal can be decomposed to each 

frequency band. Some frequency bands can be deleted and some can be kept as necessary.  

 

 

 

 

 

 

 

 

 

Figure 1. Three-layer Wavelet Packet Decomposition Structure Diagram 

3.2.2. Improvement of LMD: LMD method can deal with the non-stationary signal as 

the stationary signal , and the inherent nature of signals is retained in the process of 

decomposition, actually the signal is decomposed into different scales of pure frequency 

modulated signal and envelope signal. For any signal x(t), the PF component can be 

obtained by the method as shown in Literature [12].Wavelet packet decomposition 

method can map signal to a primary function family formed by flexible wavelet, the 

amount of information is intact, through the decomposition and reconstruction of different 

scales, decomposition sequence distributing in different channel can be obtained, not only 

decomposing the low frequency part, but also decomposing the high frequency part, so as 

to improve the frequency resolution of the signal pass-band. Before LMD decomposition 

making wavelet packet decomposition for the signal data can improve the frequency 

resolution of LMD method [16]. The specific methods for LMD improvement are as 

follows: 

The specific methods for LMD improvement are as follows: 

(1) wavelet packet decomposition is performed as to the original signals to gain n 

wavelet packet components c1, c2, …, cn; 

(2) LMD decomposition is performed as to the component c1 of the wavelet packet to 

gain m1 PF components PF11, PFl2,…PFlm1 and margin ulm1;  
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(3) add the margin ulm1 containing a small amount of fault information to the low 

frequency component c2 to get 
'

2
c ; 

(4) LMD decomposition is performed as to 
'

2
c  to obtain m2 PF components PF21, PF22, 

PF2m2 and margin u2m2;  

(5) add the margin u2m2 to the next low frequency component and perform LMD 

decomposition as to the obtained results. Repeat this again and again until all wavelet 

components are decomposed and finally, m1+ m2+ …+mn PF components are obtained.  

 

3.3. Singular Value Decomposition  

SVD (Singular Value Decomposition) was first proposed in 1873 by Beltrami [17] to a 

real matrix, it is a special kind of matrix transformation. Set a matrix A of N rows M 

columns, and rank(A) = r, to do the following decomposition for it: 

                IVVIUUVUUSVA
TTTT













,,

00

0
                        (3) 

In this formula Σ = diag(σ1, σ2,…σr)，σ1≥ σ2…≥ σr＞0 is all r non-zero singular value 

of A, is the square root of the AA
T
 or A

T
A eigenvalue. Corresponding to σi the column 

vector of ui and vi, are respectively called the i singular vectors and the i right singular 

vectors. For any singular value σi, uiσivi
T
 is still a matrix of N rows M columns, except for 

co-dependent rows with equaling to, or just a scale factor difference [18]. 

Singular value of a matrix is its inherent attribute. It has good stabilities. When small 

perturbations occur to Matrix A, its singular value will change a little. This shows that as a 

kind of eigenvalue, the singular value is insensitive to the changes caused by the noise, 

pollution and etc. In addition, the singular value of a matrix also has such characteristics 

as scale invariance, rotational invariance and dimensionality reduction and compression. 

Thus, the singular value of a matrix meets the requirements for characteristic extraction in 

model identification and is able to effectively describe the characteristics of the initial 

matrix. 

 

3.4. Improved Rotor System Fault Diagnosis Method 

Figure 2 shows the specific flow chart of the rotor system fault diagnosis method based 

on the improved LMD and singular value decomposition. First, perform wavelet packet 

decomposition as to the original signals to gain a number of wavelet components and then 

perform LMD decomposition as to the obtained wavelet packet components to gain a 

series of PF components. Each PF component contains different frequency components 

and different frequencies contain different fault information. Therefore, these PF 

components can be applied to form the initial feature vector matrix A: 

 
n

nmm
PFPFPFPFA 

1
11211

                          (4) 

In formula (4), PFnm shows the m PF of the n wavelet component. So after wavelet 

packet decomposition and LMD decomposition, the characteristics of the original signal 

can be represented by the initial eigenvector matrix A, make singular value decomposition 

for the initial matrix A. Singular value can effectively describe the characteristics of the 

initial matrix A, namely the failure characteristics of vibration signals, thus the initial 

matrix singular value can be extract as fault feature vector, inputting neural network to 

identify working state and fault type for the rotor system. 
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Figure 2. Flow Chart of the Rotor System Fault Diagnosis Method based 
on the Improved LMD and Singular Value Decomposition 

The specific steps for rotor system fault diagnosis are as follows: 

(1) according to certain sampling frequency fs, four kinds of working state of the rotor 

system (normal, misalignment, imbalance and oil whirling) are respectively sampled for 

N times to get 4N samples; 

(2) make wavelet packet decomposition for the sample signal to get several wavelet 

components; 

(3) make further LMD decomposition for each wavelet component to get several PF 

component to form the initial feature vector matrix A; 

(4) make singular value decomposition for the initial feature vector matrix A to get the 

singular value matrix σj: 

 k

jjjj
 ， ,,

21
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In this formula 
1

j
 ≥ 2

j
 ≥…≥ k

j
 ，j = 1，2，3，4 stand for four different working 

conditions of normal, misalignment, imbalance and oil whirling; 

(5) input the singular value matrix σj as the feature vector into neural network to 

identify working state and fault type for the rotor. 

 

4. Experimental Simulation Analysis 

In order to verify the feasibility of this method, 20 sets of vibration signals are detected 

from the rotor fault test bench in normal, misalignment, imbalance and oil whirl 

conditions respectively. The sampling frequency is 2048 Hz and the rotation rate is 6000 

rpm. 10 sets of data are extracted randomly from such 4 types of data respectively to be 

sample data and the remaining data are used as test data. 

This paper applies ‘dbl0’ to perform 2-layer wavelet packet decomposition as to the 

signals and obtains 4 wavelet components. The first 2 PF components are selected to form 

the initial feature vector matrix. So, the initial feature vector matrix A consists of 8 PF 

components. Then, it performs singular value decomposition to such initial feature vector 

matrix A and works out the singular value matrix 
k

j
  (j=1,2,3,4) to be the neural network 

input. After comparison, the neural network’s structure is set as 8×10×4. In this 

experiment, the rotor vibration signals are gained in four conditions totally, so, the 

conditions codes of the output matrix are: normal (1,0,0,0), misalignment (0,1,0,0), 

imbalance (0,0,1,0), oil whirl (0,0,0,1). For each mode, 10 samples are applied for 

training. As of the end of the training, the error is 0.0001 and the learning rate is 0.25. 

Network training is performed until converge. The well trained neural network is used to 

classify the test samples. The results show that the neural network is able to identify all 

fault samples successfully. Table 1 shows the eight test sample characteristic vector and 

the corresponding network output value is presented in Table 2. 
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Table 1. Test Sample Feature Vector 

Status σ
1 σ

2 σ
3 σ

4 σ
5 σ

6 σ
7 σ

8 

Normal 164.16 95.852 80.117 32.303 20.532 3.0664 1.8711 0.9623 

Normal 157.86 87.002 74.479 42.207 20.636 6.9351 3.6367 2.1217 

Misalignment 213.41 130.20 108.57 73.952 18.313 2.0496 1.3544 0.9193 

Misalignment 208.93 88.117 79.516 51.261 18.538 6.0475 2.182 1.5913 

Imbalance 325.49 92.247 48.611 35.484 21.207 4.2132 2.1998 1.0997 

Imbalance 325.16 99.394 58.033 47.259 33.468 28.791 23.056 14.477 

Oil whirl 151.56 74.648 32.557 22.604 16.481 4.0626 2.1891 1.2423 

Oil whirl 153.98 67.556 31.151 17.935 16.117 1.3638 1.1085 0.7467 

Table 2. The Diagnosis Output Result 

Status Network Output 
Results 

Identification 

Normal 1.0318 -0.0067 -0.0006 -0.0237 
right 

Normal 1.0365 -0.0114 -0.0235 -0.0009 

Misalignment -0.0341 0.8726 0.0413 0.1218 
right 

Misalignment -0.0119 1.0376 -0.0407 0.0168 

Imbalance 0.0643 -0.0199 0.9033 -0.0476 
right 

Imbalance -0.0655 0.0151 1.0345 0.0159 

Oil whirl -0.0465 -0.0041 0.0040 1.0464 
right 

Oil whirl 0.0634 -0.0071 0.0028 0.8411 

 

5. Conclusions 

This paper uses a wavelet-LMD method to decompose the rotor signals to form an 

initial feature vector matrix and then performs singular value decomposition as to the 

vector matrix to work out the singular value matrix which is able to represent the rotor 

fault information characteristics and used the eigenvector to input to the neural network. 

Experimental analysis results show that the method of combination of wavelet-LMD and 

singular value decomposition can be effectively used in the rotor system fault diagnosis. 

In the future, it is required to further improve the function of the fault diagnosis software.  
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