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Abstract 
 

The vibration signal of the run-up or run-down process is more complex than that of the stationary process. A novel approach to fault 

diagnosis of roller bearing under run-up condition based on order tracking and Teager-Huang transform (THT) is presented. This method 

is based on order tracking, empirical mode decomposition (EMD) and Teager Kaiser energy operator (TKEO) technique. The non-

stationary vibration signals are transformed from the time domain transient signal to angle domain stationary one using order tracking. 

EMD can adaptively decompose the vibration signal into a series of zero mean amplitude modulation-frequency modulation (AM-FM) 

intrinsic mode functions (IMFs). TKEO can track the instantaneous amplitude and instantaneous frequency of the AM-FM component at 

any instant. Experimental examples are conducted to evaluate the effectiveness of the proposed approach. The experimental results pro-

vide strong evidence that the performance of the Teager-Huang transform approach is better to that of the Hilbert-Huang transform ap-

proach for bearing fault detection and diagnosis. The Teager-Huang transform has better resolution than that of Hilbert-Huang transform. 

Teager-Huang transform can effectively diagnose the faults of the bearing, thus providing a viable processing tool for gearbox defect 

monitoring. 
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1. Introduction 

Fault detection and diagnosis in rolling bearing have been 

the subject of intensive research. Vibration signal analysis has 

been widely used in the fault detection of rotation machinery. 

Many methods based on vibration signal analysis have been 

developed. These methods include power spectrum estimation, 

fast Fourier transform (FFT), cepstrum analysis and envelope 

spectrum analysis, which have been proved to be effective in 

bearing fault detection. However these methods are based on 

the assumption of stationary and linear vibration signal. 

Therefore, new techniques are needed to analyze vibration for 

fault detection and diagnosis in roller bearing. Bearing faults 

by their nature are time localized transient events. To deal 

with non-stationary and non-linearity signals, time-frequency 

analysis techniques such as the short time fourier transform 

(STFT) [1], wavelet transform (WT) [2-6], Wigner-Ville dis-

tribution (WVD) [7-10] and Hilbert-Huang transform (HHT) 

[11, 12] are widely used. However when the analyzed vibra-

tion signal is composed of many spectral components and 

with large changes of the machine speed such as run-up or 

run-down process, they become very difficult to analyze. If 

the machine operates under varying speed or load, its dynamic 

and vibration become non-stationary. Fixed time sampling 

cannot cope with the varying rotational frequency of the ma-

chine, resulting in increasing leakage error and spectral smear-

ing. Therefore, most of the conventional methods for signal 

processing become inappropriate when monitoring the vibra-

tions of varying speed machinery [13, 14]. The reason why we 

stress the run-up or run-down process is that non-stationary 

vibrations signals from varying speed machinery may include 

more abundant information about its condition. Some phe-

nomena, which are usually not obvious at constant speed op-

eration, may become more apparent under varying speed con-

ditions. Therefore, the behavior characteristics of the run-up or 

run-down process have a distinct diagnostic value, and the 

fault diagnosis of run-up or run-down process has owed its 

distinct standing in the fault diagnosis of rotating machinery. 

In the last decade vibration analysis and condition monitoring 

techniques for varying speed machinery have attracted the 

attention of scientists and engineers. Some progresses have 

been made in the theoretical analysis, the signal processing 
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methodology, measurements and practical applications of 

varying speed machinery monitoring. Lopatinskaia et al. [13, 

14] presented the application of recursive filtering and angle 

domain analysis to non-stationary vibration analysis. The ap-

proach is implemented and validated through computer simu-

lation and experiments. Meltzer [15, 16] dealt with the recog-

nition of faults in gear tooth during non-stationary start-up and 

run-down of planetary gear drives using the time-frequency 

approach. Wu et al. [17] presented the application of adaptive 

order tracking fault diagnosis technique based on recursive 

Kalman filtering algorithm to gear-set defect diagnosis and 

engine turbocharger wheel blades damaged under various 

conditions. Li et al. [18] presented the hidden Markov model-

based fault diagnosis method in speed-up and speed-down 

process for rotating machinery. 

Recently, order tracking has been become one of the impor-

tant methods for fault diagnosis in rotating machinery. Potter 

[19] as well as Potter and Gribler [20] presented the computed 

order tracking process in which the vibration and speed data is 

sampled at a constant sampling rate. Fyfe and Munck [21] 

investigated the factors, which have an effect on computed 

order tracking. It is indicated that the method is extremely 

sensitive to the timing accuracy of the key-phasor pulses rep-

resenting the shaft speed. Higher order interpolation functions 

were successfully utilized to estimate the rotational speed 

between key-phasor pulses in order to improve the accuracy 

of the order tracking process. Bossley et al. [22] evaluated 

various interpolation algorithms such as linear interpolation, 

B-spline interpolation, Lagrange interpolation and Fourier 

series interpolation. A hybrid computed order-tracking ap-

proach was proposed to overcome the key-phasor arrival time 

sensitivity problem of conventional computed order tracking. 

Vibration signals produced from rotating machinery are speed 

dependent and hence orders as opposed to absolute frequen-

cies are preferred as the frequency base. Orders represent the 

number of cycles per revolution and are thus ideal for repre-

senting speed-dependent vibrations. Therefore, order tracking 

normally exploits a vibration or a noise signal supplemented 

with the information of shaft speed for fault diagnosis of rotat-

ing machinery. The order spectrum gives the amplitude of 

signal as a function of harmonic order and shaft speed in rotat-

ing machinery [22]. 

In recent years, the Hilbert-Huang transform (HHT) has 

been applied to identification of damage time instant and loca-

tion in geophysics [23], image processing [24], structural test-

ing [25, fault diagnosis [26], nuclear physics [27] and so on. 

These applications have further demonstrated the effective-

ness of HHT in transient signal processing. The HHT esti-

mates the instantaneous frequency (IF) using Hilbert trans-

form (HT). However owing to the inevitable window effect of 

HT, the demodulation results present non-instantaneous re-

sponse characteristic. An alternative approach developed by 

Maragos et al. [28-30] and Boudraa [32, 33] uses a nonlinear 

energy tracking operator, Teager Kaiser energy operator 

(TKEO), to first estimate the energy required for generating an 

AM-FM signal and then separate it into its instantaneous fre-

quency (IF) and instantaneous amplitude (IA) components. 

Note that the Hilbert transform approach mainly involves a 

linear integral operator, whereas the TKEO approach uses a 

nonlinear differential operator. TKEO gives a good estimate 

of IF and has low computational complexity [30-33]. 

In this paper, we present a novel method to monitor bearing 

fault under run-up condition using order tracking, empirical 

mode decomposition (EMD) and nonlinear Teager Kaiser 

energy operator (TKEO), which is named as Teager-Huang 

transform (THT). This method is based on the re-sampling 

technique and Teager-Huang transform spectrum estimation 

of the re-sampled signal, which is a function of the angle of 

the input shaft of the gearbox. This re-sampling signal can be 

obtained by re-sampling of the vibration signal which has 

been previously sampled in the time domain. The Teager-

Huang transform spectrum is based on the signal processing 

of the angle domain signal, where the resample signal is in 

accordance with the shaft angle of the gearbox. EMD is a 

fundamentally new approach to the decomposition of non-

linear and non-stationary signal presented originally by Huang 

[11]. EMD can decompose multi-components signal into a 

series of intrinsic mode functions (IMFs), then accurate in-

stantaneous amplitude estimation can be acquired by TKEO. 

TKEO is a nonlinear operator that has been developed by 

Teager. It can track the energy and identify the instantaneous 

frequency and instantaneous amplitude of mono-component 

signal [28, 33]. In the end, time-frequency spectrum is ob-

tained by using Teager-Huang transform. The characteristic 

frequencies related to the bearing defect can be effectively 

extracted. The basic method is introduced in detail. This ap-

proach is applied in the research of the fault detection and 

diagnosis of the roller bearing. The experimental results show 

that this method can effectively monitor the roller bearing 

faults. 

To address the issues discussed above, this paper is organ-

ized as follows. Section 1 gives a brief introduction of the 

time-frequency analysis technology. Section 2 introduces the 

principles of computed order tracking. Section 3 gives a brief 

description of EMD and Hilbert-Huang transformation (HHT). 

Section 4 gives a brief introduction of Teager-Huang trans-

form (THT). Section 5 presents the method and procedure of 

the bearing fault detection based on order tracking and THT. 

Section 6 gives two simulation examples to show the effec-

tiveness and reliability of the proposed method. Section 7 

describes the experimental set-up. Section 8 gives the applica-

tion of the method based on order tracking and THT to fault 

detection and diagnosis of bearing. Section 9 gives the main 

conclusions of this paper. 

 

2. The principles of computed order tracking 

There are two popular techniques for producing synchro-

nously sampled data: the traditional approach that uses special 

hardware to dynamically adapt the sample rate, and a tech-
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nique where the vibration signals and a tachometer signal are 

synchronously sampled, that is, they are sampled convention-

ally at equal time increments. From the synchronously sam-

pled tachometer signal re-sample times required to produce 

synchronous sampled data are calculated. This process is re-

ferred to as computed order tracking and is particularly attrac-

tive, as it requires no special hardware. Also, this approach is 

more flexible than the traditional method, as for example dif-

ferent sample rates may be synthesized. The computed order 

tracking is considerably more flexible than the traditional ap-

proach. It may be organized to produce equally accurate or 

more accurate results than the traditional method. An added 

benefit is that computed order tracking requires no specialized 

hardware, which is an important factor in many condition 

monitoring applications. Therefore, computed order tracking 

techniques are introduced and applied in this paper.  

The objective of computed order tracking (COT) [21] is a 

calculation of the vibration signal sampled constant in angle 

from sampled constant in time. From the mathematical point 

of view, this task could be solved by interpolation theory. 

The computed order tracking (COT) method first records 

the data at constant t∆  increments, using conventional hard-

ware, and then re-samples this signal to provide the desired 

constant θ∆  data, based on a keyphasor signal.  

To determine the resample times, it will be assumed that the 

shaft is undergoing constant angular acceleration. With this 

basis, the shaft angle ( )tθ can be described by a quadratic 

equation of the following form [21]: 
 

2
0 1 2( )t b b t b tθ = + +   (1) 

 

The unknown coefficients 0b , 1b  and 2b  are found by fit-

ting three successive keyphasor arrival times ( 1t , 2t  and 3t ), 

which occur at known shaft angle increments φ∆ . This can 

be obtained by the following conditions: 
 

1

2

3

( ) 0

( )

( ) 2

t

t

t

θ
θ φ
θ φ

=⎧
⎪ = ∆⎨
⎪ = ∆⎩

  (2) 

 

The arrival times 1t , 2t  and 3t  are known from the sam-

pling of the keyphasor pulse signal. 

Substituting these conditions into Eq. (1) and arranging in a 

matrix format gives, 
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  (3) 

 

This set of equations is then solved for the unknown { }ib  

components. Once these values are known, Eq.1 may be 

solved for t , yielding 
 

2
2 0 1 1

2

1
4 ( )

2
t b k b b b

b
θ⎡ ⎤= ∆ − + −⎢ ⎥⎣ ⎦

  (4) 

where k is the interpolation coefficient that can be obtained 

as follow: 
 

kθ θ= ∆   (5) 
 

where θ  is the shaft angle and θ∆  is the desired angular 

spacing between resamples. 

Once the resample times are calculated, the corresponding 

amplitudes of the signal are calculated by interpolating be-

tween the sampled data. After the amplitudes are determined, 

the re-sample data are transformed from the angle domain to 

the order domain by means of an FFT. 

The order spectrum and Teager-Huang transform time-

frequency spectrum are based on the signal processing of the 

angle domain signal, where the resample signal is in 

accordance with the shaft angle of the gearbox. The order 

spectrum and Teager-Huang transform time-frequency spec-

trum are then evaluated for the resample signal. The 

usefulness of this approach will be shown with an 

experimental example in Section 8. 

 

3. Introduction of Hilbert-Huang transform (HHT) 

Hilbert-Huang transformation is an emerging novel tech-

nique of signal decomposition having many interesting prop-

erties. To facilitate the reading of this paper we will introduce 

in detail the Hilbert-Huang transformation, which is a rela-

tively novel technique. 

 

3.1 The concept of intrinsic mode function 

Huang et al. [11] have defined IMFs as a class of functions 

that satisfy two conditions:  

1) In the whole data set, the number of extrema and the 

number of zero-crossings must be either equal or differ at 

most by one;  

2) At any point, the mean value of the envelope defined by 

the local maxima and the envelope defined by the local min-

ima is zero. 
 

3.2 Empirical mode decomposition (EMD) 

Empirical mode decomposition (EMD) has been proposed 

recently [11] as an adaptive time-frequency data analysis 

method. It has proven to be quite versatile in a broad range of 

applications for extracting signals from data generated in 

noisy nonlinear and non-stationary processes. As useful as 

EMD has proven to be, it still leaves some annoying difficul-

ties unresolved. 

Empirical mode decomposition method is developed from 

the simple assumption that any signal consists of different 

simple intrinsic mode oscillations. The essence of the method 

is to identify the intrinsic oscillatory modes (IMFs) by their 

characteristic times scales in the signal and then decompose 

the signal accordingly. The characteristics time scale is de-

fined by the time lapse between the successive extremes. 

To extract the IMF from a given data set, the sifting process 
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is implemented as follows. First, identify all the local extrema, 

and then connect all of the local maxima by a cubic spline line 

as the upper envelope. Then, repeat the procedure for the local 

minima to produce the lower envelope. The upper and lower 

envelopes should cover all the data between them. Their mean 

is designated 1( )m t , and the difference between the data and 

1( )m t  is 1( )h t : 

 

1 1( ) ( ) ( )x t m t h t− =   (6) 

 

Ideally, 1( )h t  should be an IMF, for the construction of 

1( )h t  described above should have forced the result to satisfy 

all the definitions of an IMF by construction. To check if 

1( )h t  is an IMF, we demand the following conditions: 

(i) 1( )h t  should be free of riding waves, i.e., the first compo-

nent should not display under-shots or over-shots riding on the 

data and producing local extremes without zero crossing. (ii) 

To display symmetry of the upper and lower envelops with 

respect to zero. (iii) Obviously the number of zero crossing 

and extremes should be the same in both functions. 

The sifting process has to be repeated as many times as it is 

required to reduce the extracted signal to an IMF. In the sub-

sequent sifting process steps, 1( )h t  is treated as the data; 

then: 
 

1 11 11( ) ( ) ( )h t m t h t− =   (7) 
 

where 11( )m t is the mean of the upper and lower envelops of 

1( )h t .  

This process can be repeated up to k  times; 1 ( )kh t is then 

given by 

 

1( 1) 1 1( ) ( ) ( )k k kh t m t h t− − =   (8) 

 

After each processing step, checking must be done on whether 

the number of zero crossings equals the number of extrema. 

The resulting time series is the first IMF, and then it is des-

ignated as 1 1( ) ( )kc t h t= . The first IMF component from the 

data contains the highest oscillation frequencies found in the 

original data ( )x t . 

This first IMF is subtracted from the original data, and this 

difference, is called a residue 1( )r t  by: 

 

1 1( ) ( ) ( )x t c t r t− =   (9) 

 

The residue 1( )r t is taken as if it was the original data and 

we apply to it again the sifting process. The process of finding 

more intrinsic modes ( )ic t continues until the last mode is 

found. The final residue will be a constant or a monotonic 

function; in this last case it will be the general trend of the data. 
 

1

( ) ( ) ( )
n

j n

j

x t c t r t

=
= +∑   (10) 

 

Thus, one achieves a decomposition of the data into n-

empirical IMF modes, plus a residue, ( )nr t , which can be 

either the mean trend or a constant.  

 

3.3 The Hilbert-Huang transform (HHT) 

Having obtained the IMFs using EMD method, one applies 

the Hilbert transform to each IMF component. With this defi-

nition ( )ic t  and [ ( )]iH c t  form a complex conjugate pair, 

which defines an analytic signal ( )iz t : 
 

( ) ( )exp( ( ))i i iz t a t j tω=   (11) 

 

with amplitude ( )ia t  and phase ( )i tθ  defined by the ex-

pressions: 
 

2 2( ) ( ) [ ( )]i i ia t c t H c t= +   (12) 

[ ( )]
( ) arctan

( )

i
i

i

H c t
t

c t
θ

⎛ ⎞
= ⎜ ⎟

⎝ ⎠
  (13) 

 

Therefore the instantaneous frequency ( )i tω  can be given  

by: 
 

d ( )
( )

d

i
i

t
t

t

θ
ω =   (14) 

 

Thus the original data can be expressed in the following 

form: 
 

1

( ) Re ( )exp( ( ) )
n

i i

i

x t a t j t dtω
=

= ∑ ∫   (15) 

 

where the residue ( )nr t  has been left out. Re {.} denotes the 

real part of a complex quantity. 

Eq. (15) enables us to represent the amplitude and the 

instantaneous frequency, in a three-dimensional plot, in which 

the amplitude is the height in the time-frequency plane. This 

time-frequency distribution is designated as the Hilbert-Huang 

spectrum ( , )H tω : 
 

1

( , ) Re ( )exp( ( ) )
n

i i

i

H t a t j t dtω ω
=

= ∑ ∫   (16) 

 

4. Introduction of Teager-Huang transform (THT) 

4.1 Teager kKaiser Energy operator (TKEO) 

TKEO is a powerful nonlinear operator and has been 

successful used in many engineering application [32]. TKEO 

can track the modulation energy and identify the instantaneous 

frequency (IF) and the instantaneous amplitude (IA) of an 

amplitude modulation-frequency modulation (AM-FM) signal 

[29]. The TKEO, (.)ψ  is defined for continuous-time signal 

( )x t as follows[32,33]: 
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2[ ( )] [ ( )] ( ) ( )x t x t x t x tψ = −& &&   (17) 

 

where ( )x t&  and ( )x t&&  are the first and the second time 

derivatives of ( )x t  respectively. In the discrete case, the time 

derivatives may be approximated by time differences. In 

discrete-time domain, TKEO is given as follows[28, 33]: 
 

2[ ( )] ( ) ( 1) ( 1)x n x n x n x nψ = − + ⋅ −   (18) 

 

The instantaneous frequency ( )f n  and instantaneous 

amplitude ( )a n  at any time instant of the AM-FM signal 

( )x n  can respectinely be given as follows[28]: 
 

( ) ( ) ( 1)y n x n x n= − −   (19) 

[ ( )] [ ( 1)]
( ) cos 1

4 [ ( )]

y n y n
f n ar

x n

ψ ψ
ψ

⎛ ⎞+ +
= −⎜ ⎟

⎝ ⎠
  (20) 

2

[ ( )]
( )

sin [ ( )]

x n
a n

f n

ψ
=   (21) 

1 [ ( 1) ( 1)]
( ) arccos 1

2 2 [ ( )]

x n x n
f n

x n

ψ
ψ

⎛ ⎞+ − −
= −⎜ ⎟

⎝ ⎠
  (22)  

2 [ ( )]
( )

[ ( 1) ( 1)]

x n
a n

x n x n

ψ
ψ

=
+ − −

  (23) 

 

In general, the demodulation method given by Eq. (19), Eq. 

(20) and Eq. (21) is named as discrete energy separation 

algorithm-1 (DESA-1). The demodulation method given by 

Eq. (22) and Eq. (23) is called as discrete energy separation 

algorithm-2 (DESA-2). In this paper, we calculate the 

instantaneous frequency ( )f n  and instantaneous amplitude 

( )a n  by DESA-2. The DESA-2 algorithm only requires 

three samples for the energy computation at each time instant 

and is less computationally complex. Therefore, the DESA-2 

algorithm has an excellent time resolution and almost 

instantanous. This excellent time resolution provides us with 

the ability to capture the energy fluctuations of the AM-FM 

signal.  

 

4.2 The Teager-Huang transform (THT) 

In order to estimate the instantaneous frequency ( )f n  and 

instantaneous amplitude ( )a n  of ( )x t , the EMD is 

combined with the TKEO. TKEO can only be used to track 

the IF and IA of a monocomponent AM-FM signal. If ( )x t  

is a multi-component AM-FM signal, then bandpass filtering 

is needed to isolate each component before applying the 

discrete energy separation algorithm (DESA). Therefore, the 

EMD is used as a multiband filtering to separate the signal 

components in the time domain and hence reduce multi-

component demodulation to multicomponent one. The con-

junction of the EMD and the TKEO methods is called as 

Teager-Huang transform (THT) [33].  

According to Eq. (22) and Eq. (23) the original data can be 

expressed in the following form: 

 
 

Fig. 1. Block diagram of the THT. 

 

1

( ) ( ) exp( 2 ( ) )
n

i i

i

x t a t j f t dtπ
=

=∑ ∫   (24) 

 

Eq. (24) enables us to represent the amplitude and the 

instantaneous frequency, in a three-dimensional plot, in which 

the amplitude is the height in the time-frequency plane. This 

time-frequency distribution is designated as the Teager-Huang 

spectrum ( , )T f t : 
 

1

( , ) ( ) exp( 2 ( ) )
n

i i

i

T f t a t j f t dtπ
=

=∑ ∫   (25) 

 

The final presentation of the the IF and the IA results is an 

energy time frequency representation. The block diagram of 

Teager-Huang transform technique is illustrated in Fig.1. The 

original vibration signal can be decomposed into a series of 

monocomponent AM-FM signal named as IMFs. Then the IF 

and IA of the separated IMFs are calculated using the DESA-2 

algorithm. 

 

5. Proposed order tracking and THT method to fault  

detection of bearing 

The procedure of proposed THT spectrum method is given 

as follows: 

1) Non-stationary vibration signal under run-up condition is 

sampled using a constant time increment; 

2) Non-stationary vibration signal is re-sampled at a 

constant angle increment. Then the non-stationary vibration 

signal in time domain is transformed into stationary one in 

angle domain; 

3) To decompose the vibration signal ( )x θ  using EMD 

and to obtain IMFs; 

4) To calculate the THT spectrum according to Section 4; 

5) To draw a diagnostic conclusion according to the THT 

spectrum. 

 

6. Signal simulation of THT spectrum 

The performance of the proposed method has been assessed 

by means of tests on simulative signals. The multi-component 

signal, characterized by known instantaneous frequency 

trajectories, has been considered. The evolution versus time of 

the instantaneous frequency and amplitude of each component 

of the analyzed signal is finally showed. 

A significant example is shown in Fig. 2. The signal shown 
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in Fig. 2 is composed of two components according to 
 

1( ) cos[2 40 0.5sin(2 20 )]x t t tπ π= +   (26) 

2( ) sin(2 160 )x t tπ=   (27) 

1 2( ) ( ) ( )x t x t x t= +   (28) 

 

Signal ( )x t  is composed of a carrier frequency which is 40 

Hz, frequency-modulated is 20 Hz and constant or time-

independent frequency of 160 Hz sine wave. 

Fig. 2 displays a graphical sketch of the signal ( )x t , which 

was generated over a total time span T=0.2s with a sampling 

frequency 2560sf = Hz. Fig. 3 shows the empirical mode 

decomposition (EMD) in IMF of the signal ( )x t . With the 

help of the sifting algorithm explained in Section 3, we carried 

out this decomposition. The decomposition identifies two 

modes: 1c  represents the sine wave of 2( )x t , 2c represents 

the frequency modulated signal, 1( )x t , 3c  is the residue, re-

spectively. By virtue of EMD method, a signal can be 

decomposed into two complete and orthogonal intrinsic mode 

functions. Therefore, we can know not only the frequency 

components of the signal, but also the variation of the 

amplitude and period. These IMFs component can reflect the 

actual physical meaning of the signal. 

The THT spectrum of the simulative signal shown in Fig. 2 

is displayed in Fig. 4 (contour plot) and Fig. 5 (mesh plot). Fig. 

4 and Fig. 5 display the instantaneous frequency and the 

instantaneous amplitude estimation of multi-component signal 

( )x t  based on the ensemble empirical mode decomposition 
 

 
 

Fig. 2. Time domain signal of ( )x t . 

 

 
 

Fig. 3. The three IMFs component using EMD. 

and TKEO. The IF in Fig.4 shows a clear picture of temporal 

frequency distribution of the data, i.e., the linear response has 

constant frequency at 160 Hz, the non-linear response has 

frequency dependence modulated around 40Hz and bounded 

by 30 and 50 Hz, and the decaying energy of the non-linear 

response with the color changing from the white at the 

beginning to dark blue at the end of the record. Therefore, the 

instantaneous frequency and the instantaneous amplitude 

estimation based on the ensemble empirical mode 

decomposition and TKEO are better to describe the 

characteristics of the time-frequency distribution. 

To demonstrate the effectiveness of THT spectrum, let us 

compare how effective the Teager-Huang transform can be 

with the result from FFT, STFT, WVD, Morlet wavelet spec-

trum and HHT by considering the simulative signal shown in 

Fig. 2. The FFT of the simulative signal is given in Fig. 6. The 

Fourier spectrum should give the true frequency component, 

but it fails to give the true frequency distribution characteris-

tics of frequency-modulated for 1( )x t . With STFT analysis 

we get the STFT spectrum in Fig. 7. In the result, neither the 

energy density nor the frequency distribution of frequency 

modulated for 1( )x t  is well localized. With Morlet wavelet 

analysis we get the spectrum in Fig.8, in which the character-

istics of frequency-modulated for 1( )x t  are not well defined 

on the time frequency plane. In the result, neither the energy 

density nor the modulated frequency is well localized. Fig.9 

shows the Wigner-Ville distribution of the signal ( )x t , in 

which the cross terms are clearly evident as an oscillatory 

 

 
 

Fig. 4. THT spectrum of multi-components signal (contour plot). 

 

 
 

Fig. 5. THT spectrum of multi-components signal (mesh plot). 
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component midway between the two auto-terms. Moreover, 

the characteristic of frequency-modulating for 1( )x t  is not 

evident. When the same data are treated by the HHT spectral 

analysis, we have the result in Fig. 10, in which the energy is 

better localized in both frequency and time domains. However 

the frequency resolution of HHT is lower.  

This simple simulation example illustrates the unique prop-

erty of the THT spectrum in elimination of the spurious har-

monic components to represent the non-stationary data and to 

analyze the multi-components vibration signal. Therefore,  

 

 
 

Fig. 6. FFT spectrum of multi-components signal. 

 

 
 

Fig. 7. STFT spectrum of multi-components signal. 

 

 
 

Fig. 8. Morlet wavelet time-frequency spectrum of multi-components 

signal. 

THT spectrum provides a viable signal-processing tool for 

machine fault detection and diagnosis. 

 

7. Experimental set-up 

The test apparatus used in this paper is shown in Fig. 11. 

The experimental set-up consists of a single-stage gearbox, 

driven by a 4.5 kW AC governor motor. The driving gear has 

30 teeth and the driven gear has 50 teeth. Therefore, the 

transmission ratio is 50/30, which means that an decrease in 

rotation speed is achieved. The module of the gear is 2.5 mm. 

The monitoring and diagnostic system is composed of three 

accelerometers, amplifiers, a speed and torque transducer, 

B&K 3560 spectrum analyzer and a computer. The sampling 

span is 3.2 kHz, the sampling frequency is 8192 Hz, and the 

sampling time is 2 seconds. This time included one speed up 

of the gearbox from idle speed up to steady. After sampling, 

the measured vibration signals were loaded into MATLAB 

from data-files. Then, the vibration signals were re-sampled. 

For their re-sampling, the algorithm described in the previous 

section was used. As a result of experiment, the vibration sig-

nals generated by the tested gearbox were obtained sampled 

constant in time as well as sampled constant in angle. 

 

 

 
 

Fig. 9. Wigner-Ville distribution of multi-components signal. 

 

 

 
 

Fig. 10. HHT spectrum of multi-components signal. 
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Fig. 11. Experimental set-up. 

 

8. Bearing fault diagnosis based on order tracking and  

THT 

In this section, the THT spectrum will be applied to vibra-

tion signal measured from a gearbox during speed up process. 

Roller bearings are installed in many kinds of machinery. 

Many of the problems of those machines may be caused by 

ball bearing defects. Generally, localized defects may occur on 

inner race, outer race or rollers of bearing. A local fault may 

produce periodic impacts, the size and the repetition period 

which are determined by the shaft rotation speed, the type of 

fault and the geometry of the bearing. The successive impacts 

produce a series of impulse response, which maybe amplitude 

modulated because of the passage of fault through the load 

zone. The spectrum of such a signal would consist of a 

harmonics series of frequency components spaced at the 

component fault frequency with the highest amplitude around 

the resonance frequency. These frequency components are 

flanked by sidebands if there is an amplitude modulation due 

to the load zone. According to the period of the impulse, we 

can judge the location of the defect using characteristic 

frequency formulae. Because an inner race defect has more 

transfer segments when transmitting the impulse to the outer 

surface of the case, usually the impulse components are rather 

weak in the vibration signal. 

The tested bearing was used to study only one kind of 

surface failure: the bearing was damaged on the race. The ball 

bearing tested had a groove on the inner race or outer race. 

Localized defect was seed on the race by an electric-discharge 

machine to keep their size and depth under control. The size of 

the artificial defect was 1mm in depth and the width of the 

groove was 1.5 mm. The type of the ball bearing is 206. There 

are 9 balls (z=9) in a bearing and the contact angle 0α = ° , 

ball diameter d=9.5mm, bearing pitch diameter D=41.75mm. 

Then the characteristic frequency of the inner race or outer 

race defect can be calculated according to Eq. (29) and Eq. 

(30), respectively. 

 

11 cos
2

inner r

z d
f f

D
α⎛ ⎞= +⎜ ⎟

⎝ ⎠
  (29) 

11 cos
2

outer r

z d
f f

D
α⎛ ⎞= −⎜ ⎟

⎝ ⎠
  (30) 

 
 

Fig. 12. Rotating speed of the input shaft. 

 

 
 

Fig. 13. Time-domain vibration signal with inner race fault and FFT. 

 

where 1rf  is the rotating frequency of the input shaft. 

Therefore, according to Eq. (29) and Eq. (30), the character-

istic frequency of the inner race and outer race defect is given 

as follows: 
 

15.42inner rf f=   (31) 

13.58outer rf f=   (32) 

 

Then the characteristic order of the inner race and outer race 

is obtained: 

 

5.42innerO =   (33) 

3.58outerO =   (34) 

 

8.1 Application of order tracking and THT to fault detection 

of inner race 

The rotating speed signal of the input shaft for the tested 

gearbox is displayed in Fig. 12. Fig. 12(a) represents the sam-

pling pluses of the input shaft from the optical encoder (60 

pulses per rotational period). The encoder signals consist of 

16384 points and have a total duration of 2 seconds. To obtain 

approximate values of rotational speed for every data point, 

polynomial curve fitting was used. It was found that linear 

approximate was sufficient for this research. Polynomial coef-

ficients were determined for each data, and analytical descrip-

tions of the rotational speed were obtained. Fig. 12(b) is the 

calculated instantaneous rotating speed using interpolating  
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Fig. 14. Angular resample signal of Fig. 13(a). 

 

 
 

Fig. 15. Order spectrum of inner race fault. 

 

method. Fig. 12(b) clearly shows that the rotating speed of the 

input shaft runs up from idle to steady speed about 700 rpm. 

The original vibration signal with inner race fault is dis-

played in Fig. 13(a). Fig. 13(a) shows that the vibration signals 

are non-stationary, of which the amplitude of the vibration is 

increasing while the input shaft speeds up. The result of apply-

ing conventional spectral analysis (FFT) to the specified non-

stationary signal is given in Fig. 13(b). Fig. 13(b) displays the 

FFT of the vibration signals with inner race fault. It is clear 

that the resulting spectrum is significantly obscured by spec-

tral smearing. Besides, traditional spectral averaging cannot be 

applied to the non-stationary signal during the input shaft run 

up. Fig. 13(b) clearly shows that spectral smearing substan-

tially affects the result of conventional analysis based on time 

sampling. Therefore, classical Fourier analysis has some limi-

tation such as being unable to process non-stationary signals.  

The angular re-sample method is applied to the vibration 

signal of Fig. 13(a). Fig. 14 displays the re-sample vibration 

signal with uniform angular increment of 0.008722 rad. It is 

clear that there are periodic impacts in the angle domain vibra-

tion signal. There are significant fluctuations in the peak am-

plitude of the signal. However it is hardly possible to evaluate 

the bearing fault condition only through such angle domain 

vibration signal. Fig. 15 shows a high resolution order power 

spectrum of the re-sample vibration signal. The order power 

spectrum, as shown in Fig. 15, is dominated by the repetition 

order of the gear mesh order and its harmonics. It can be seen 

from Fig. 15, that the order power spectrum represents the 

complicated quantities. This complexity of the order power  

 
 

Fig. 16. IMFs of the resample signal shown in Fig. 14. 

 

 
 

Fig. 17. THT spectrum of vibration signal shown in Fig. 15. 

 

spectrum follows from the frequency smearing and modula-

tion effects. Therefore, the conventional order power spectrum 

was not capable of revealing the characteristic order of inner 

race fault that was corrupted by the modulation and noise. 

To the resample data of Fig. 14, the EMD algorithm is ap-

plied. Fig. 16 displays the empirical mode decomposition in 

eighteen IMFs of the resample vibration signal in Fig. 14. The 

decomposition identifies eighteen modes: 1c - 17c  represents 

the frequency components excited by the inner race defects, 

and 18c  is the residue, respectively. Mode 1c  contains the 

highest signal frequencies, mode 2c the next higher frequency 

band and so on. 

From Fig. 16, it can be easily proven that the EMD decom-

poses the resample vibration signal very effectively on an 

adaptive method. The Teager-Huang transform can be applied 

to each IMF ( )ic t , resulting in THT spectrum according to 

Eq. (25). The corresponding results of the THT analysis are 

illustrated in Fig.17. The presence of inner race fault results in 

a sudden increase of vibration energy. For the defective bear-

ing, transient vibrations caused by the rollers-defect interac-

tions are clearly seen in frequency range of 10-150 orders. In 

addition, these transient vibrations have shown a repetitive 

pattern with a innerT =1.1587rad ( ˆ2 /inner innerT xπ= ) interval, 

which corresponds to a repetitive the characteristic cycle of 

the inner race, resulting from the structural defect on the inner 

race. Such a repetitive cycle reflects degradation of the inner 

race health condition as the defect propagated through the 

bearing inner race. Physically, impacts generated by the roll-
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ing ball-defect interactions excite intrinsic modes of the bear-

ing system, giving rise to a train of transient vibrations at the 

mode-related resonant frequencies. The simplicity of the order 

quantity representation can be put down to the ability of the 

order signal processing method to eliminate undesirable spec-

tral smearing and modulation effects. Therefore, the THT has 

shown to provide an effective tool for bearing inner fault di-

agnosis. 
 

8.2 Application of order tracking and THT to fault detection 

of outer race 

Fig. 18(a) shows the original vibration signal with outer 

race fault while the input shaft speeds up. Fig. 18(b) displays 

the FFT of the vibration signal with outer race fault. It is clear 

that the resulting spectrum is the same as the inner race fault 

that is significantly obscured by spectral smearing.  

Fig. 19 displays the re-sample vibration signal with uniform 

angular increment. Fig. 20 is the order power spectrum of the 

re-sample vibration signal. The conventional order power 

spectrum was not capable of revealing the characteristic order 

of outer race fault in the same way. 

To the resample data of Fig. 19, the EMD algorithm is ap-

plied. Fig. 21 displays the empirical mode decomposition in 

eighteen IMFs of the resample vibration signal in Fig.19.The 

decomposition identifies eighteen modes: 1c - 17c  represents 

the frequency components excited by the outer race defects, 

and 18c  is the residue, respectively. Mode 1c  contains the 

highest signal frequencies, mode 2c the next higher frequency 

band and so on.  

 

 
 

Fig. 18. Time-domain vibration signal with outer race fault and FFT. 

 

 
 

Fig. 19. Angular resample signal of Fig. 18(a). 

The Teager-Huang transform can be applied to each IMF 

( )ic t , resulting in THT spectrum according to Eq. (25). The 

corresponding results of the THT analysis are illustrated in 

Fig.22. The presence of outer race fault results in a sudden 

increase of vibration energy. For the defective bearing, tran-

sient vibrations caused by the rollers-defect interactions are 

clearly seen in frequency range of 7-150 orders. In addition, 

these transient vibrations have shown a repetitive pattern with 

a outerT =1.7542rad ( ˆ2 /outer outerT xπ= ) interval, which cor-

responds to a repetitive characteristic cycle of the outer race, 

resulting from the structural defect on the outer race. Such 

repetitive cycle reflects degradation of the outer race health 

condition as the defect propagated through the bearing outer 

race. Physically, impacts generated by the rolling ball-defect 

interactions excite intrinsic modes of the bearing system, giv-

ing rise to a train of transient vibrations at the mode-related 

resonant frequencies. The simplicity of the order quantity  

 

 
 

Fig. 20. Order spectrum of outer race fault. 

 

 
Fig. 21. IMFs of the resample signal shown in Fig. 19. 

 

 
 

Fig. 22. THT spectrum of resample signal shown in Fig. 19. 
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representation can be put down to the ability of the order sig-

nal processing method to eliminate undesirable spectral 

smearing and modulation effects. Therefore, the THT has 

shown to provide an effective tool for bearing outer fault di-

agnosis. 

 

9. Conclusions 

A method for fault diagnosis of rolling bearing was pre-

sented based on a newly developed signal processing tech-

nique named as computed order tracking, empirical mode 

decomposition (EMD) and Teager Kaiser energy operator 

(TKEO). Using computed order-tracking, the non-stationary 

vibration signals during run-up of bearing faults in time do-

main can be transformed into stationary one in the angle do-

main. Using EMD method, the resample vibration signals of 

bearing faults can be decomposed into intrinsic modes. There-

fore, we can recognize the vibration modes that coexist in the 

system, and have a better understanding of the nature of the 

fault information contained in the vibration signal. According 

to the Teager-Huang transform spectrum, the characteristic 

period of the bearing faults can be easily recognized. Practical 

vibration signal monitored from a gearbox during running up 

with bearing fault is analyzed by the presented method. The 

experimental result has shown that the Teager-Huang trans-

form can be used as an effective diagnostic method for bear-

ing faults. Such a technique can be further applied to the 

health detection of other of dynamic systems, such as electri-

cal drives. Research is being continued to systematically in-

vestigate the suitability and constraints of the THT for non-

stationary signal analysis, using vibration signals from differ-

ent types of bearings. 
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