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A Bearing Outer Raceway Fault Detection Method in Induction Motors
Based on Instantaneous Frequency of the Stator Current
Xiangjin Song*,** , Non-member
Jingtao Hua *,** , Non-member
Hongyu Zhu*,** , Non-member
Jilong Zhang*,** , Non-member
Induction motors (IMs) are widely used in agricultural, industrial, and commercial applications. Bearing faults are one of the
most common causes of breakdown in IMs. Motor current signature analysis (MCSA) is becoming a popular tool for bearing
fault detection because of its cost effectiveness and noninvasiveness. However, when a motor operates under low-load and lower
load conditions, MCSA cannot be used to detect the bearing outer raceway fault because of the influence of the supply frequency
component spectrum leakage, eccentricity harmonics, and other noises. In this paper, a new method for the fault detection of
bearing outer raceway fault in IMs is proposed. The method is based on the analysis of the instantaneous frequency (IF) of the
IM stator current using Hilbert transform, and Fast Fourier Transform (FFT) spectrum analysis is used to detect the frequency
associated with the bearing outer raceway fault. The proposed method can significantly reduce the negative influence of the
supply frequency component spectrum leakage, and thus can enhance the fault features to detect bearing outer raceway fault
under low-load and lower load conditions, compared with the traditional MCSA method. Finally, the experimental results on an
IM with bearing outer raceway fault prove the effectiveness of the proposed method. © 2018 Institute of Electrical Engineers of
Japan. Published by John Wiley & Sons, Inc.
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1. Introduction
Induction motors (IMs) play a critical role in agricultural,
industrial, and commercial applications. This mainly because of
their simple organizational structure, easy maintenance, premium
power efficiency, and high reliability. Even though IMs are
reliable, unexpected failures may still occur under environmental
stresses, which could lead to production shutdown and extra
maintenance cost. Thus, the online monitoring and fault diagnosis
of IMs have been extensively studied to minimize financial loss
[1–3].
One of the most important fault types of the IM are the bearing
faults, which account for over 40% (large machines) to 90%
(small machines) of all motor failures [4]. Therefore, bearing fault
detection deserves serious attention.
Approaches based on vibration signal analysis have been widely
used for bearing fault detection [5–7]. In recent years, bearing
fault detection using motor current signature analysis (MCSA)
has received considerable attention because of its low cost and
noninvasive nature [1,3,8]. Several studies have been carried
out for IM bearing fault detection using the IM stator current
analysis. For example, Schoen et al. proposed a bearing fault
detection model in order to derive the relationship between bearing
vibration characteristics and current spectrum effects [9]. This
model was then improved by Blödt et al. taking into consideration
the radial rotor movement (amplitude modulations) and bearingfault-related load torque variations (phase modulations) [10]. Yang
a

Correspondence to: Jingtao Hu. E-mail: hujingtao@sia.cn

* Key

Laboratory of Networked Control System, Shenyang Institute of
Automation, Chinese Academy of Science, Shenyang 110016, China
** University of Chinese Academy of Sciences, Beijing 100039, China

et al. suggested independent component analysis (ICA) to detect
bearing faults [1]. An algorithm for the detection of localized
bearing fault, which used spectral kurtosis and envelope analysis
of the stator current, was proposed by Leite et al. [3]. PinedaSanchez et al. applied the Teager–Kaiser energy operator (TKEO)
to detect IM bearing fault under steady-state condition [11].
Wang et al. suggested the use of the stator current envelope via
Hilbert transform to detect fault in IMs [12]. Frosini and Bassi
utilized stator current analysis and IM efficiency for bearing fault
detection [13]. Enzo et al. applied wavelet packet decomposition
of the stator current to detect bearing faults [14]. Zarei and
Poshtan utilized an advanced Park’s vectors approach for bearing
fault detection based on three-phase stator current analysis [15].
Önel et al. employed the Concordia transform approach for the
detection of localized bearing fault in inverter-fed IMs [16].
The aforementioned technologies, however, only examine the
amplitude information in bearing fault diagnosis, while spectral
phase information for bearing fault detection is discarded.
In this paper, a novel method for bearing fault detection is
proposed. This method is based on the analysis of the instantaneous
frequency (IF) of the IM stator current using Hilbert transform,
and fast Fourier transform (FFT) spectrum analysis is used to
detect the frequency associated with the bearing outer raceway
fault. The target frequencies are detected in the spectrum of
the IF directly at their fault characteristic frequencies instead
of sideband components around the supply frequency as in the
traditional MCSA. Furthermore, IM speed is obtained from the
spectral estimation of principal slot harmonics (PSHs). Finally,
the effectiveness of the proposed method for IM bearing outer
raceway fault detection is verified experimentally by IMs under
different load conditions.
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The rest of the paper is organized as follows. Section 2 gives
a brief description of the fault modes of a rolling-element bearing
and models for fault detection using the stator current analysis. The
application of Hilbert transform to extract bearing outer raceway
fault characteristic frequencies from the stator current signal is
presented in Section 3. Section 4 reports the experiment setup and
the obtained results to verify the effectiveness of the proposed
method on a three-phase IM with one artificially faulted bearing
under different load conditions. Finally, some conclusions of this
paper are given in Section 5.
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the Stator Current Analysis
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Fig. 1. Typical structure of a rolling-element bearing with main
parameters

The typical geometric structure of a rolling-element bearing is
shown in Fig. 1. Such bearings are mainly composed of the outer
and inner raceway, the ball elements, and the cage that ensures
uniform distances between the ball elements. Under ordinary conditions, bearing faults can be separated into two types, i.e. singlepoint (also called localized or cyclic) and generalized-roughness
(also called distributed or noncyclic) faults [17]. Generalizedroughness faults greatly worsen the entire area of a bearing element
because of the absence of lubrication, erosion, or bearing pollution and are hard to represent by specific frequencies [17,18].
Unlike generalized-roughness faults, localized faults affect a localized region, which usually can be imagined as a small hole, a pit, or
a missing piece of material on the bearing surface, and they can be
characterized by specific fault-related frequencies [10,17]. When a
localized faulted bearing runs at a constant speed, a periodic impact
between the rolling elements and the raceway is produced [19,20].
The existence of such impulsive forces gives rise to an increase in
the vibrational level [13,19]. The frequencies of these vibrations
are predictable and rely on the fault location, bearing geometry,
and operating speed [13,15]. In this paper, only localized faults
are studied.
Localized faults can be usually divided into four categories
depending on the affected element, namely outer raceway fault,
inner raceway fault, ball fault, and cage fault. When the outer
raceway is stationary, the vibrational characteristic frequencies of
these faults can be expressed as [21]


Nb
Db
cos β
(1)
fr 1 −
fof =
2
Dc
fif =

fbf



Db
Nb
fr 1 +
cos β
2
Dc


2 

Db
Dc
=
fr 1 −
cos β
Db
Dc
fcf =



Db
1
fr 1 −
cos β
2
Dc

the rotor and the stator, which then changes the air gap flux density
and machine inductance like eccentricity faults; finally, these
anomalies result in the modulation of the stator current [1,15].
The relationship between bearing vibration frequencies and current
frequencies was first proposed by Schoen et al. based on the
generation of rotating eccentricities at bearing fault characteristic
frequencies. For example, for an outer raceway fault, the vibration
characteristic frequency f of is reflected in the current spectrum
as [9]
fco = f1 ± nf of

(3)

3. Proposed Bearing Outer Raceway Fault Detection
Scheme Based on Instantaneous Frequency

(4)

where f of is the outer raceway fault frequency, f if is the inner
raceway fault frequency, f bf is the ball fault frequency, f cf is
the cage fault frequency, f r is the rotor rotational frequency, N b
is the number of balls, D b is the ball diameter, D c is the ball
pitch diameter, and β is the contact angle between a ball and the
raceway.
For the bearings with 6–12 rolling elements, the outer and inner
raceway fault frequencies can be approximately computed as [22]
(5)

fif = 0.6Nb fr

(6)

(7)

where f co is the bearing fault current harmonic frequencies,
f 1 is the fundamental supply frequency, and n = 1, 2, 3 . . .
is the harmonic indexes. Another new mathematical model for
bearing fault detection was proposed by Blödt et al. taking into
consideration not only the radial motion between rotor and stator
but also the bearing-fault-related load-torque variations [10]. Blödt
considered the fault-related torque variations as phase modulations.
These phase modulations can also be used for bearing fault
detection.
In a rolling-element bearing, the stationary ring (outer raceway
in this case) fault happens first due to the fact that the stationary
ring material in the load area receives more dynamic load cycles
than other bearing components (e.g. the rotating ring and rolling
elements) [2]. Hence, the outer raceway fault detection is within
the scope of investigations.
From (5), we can see that the speed of the IM is needed in
order to determine the bearing outer raceway fault characteristic
frequency. In this paper, the IM speed f r = (f sh − f 1 )/R (R is
the number of rotor slots in IM) is obtained from the spectral
estimation of PSH, f sh .

(2)

fof = 0.4Nb fr

W

Cage

As mentioned, the spectral amplitude information of the stator
current has been fully applied in previous works for bearing
fault detection, whereas techniques relying on phase information
have been ignored. In this section, a new bearing outer raceway
fault detection method taking advantage of phase information is
introduced. First, the principal concept of IF is introduced, and
then its application to the stator current analysis of a faulty motor
is discussed. Finally, the bearing outer raceway fault detection
scheme is proposed.

3.1. Instantaneous frequency The notion of IF is
mostly used in communications, and a review of the theoretical
treatment of IF can be found in Boashash [23,24]. The IF of a real

Since the rotor is supported by the rolling-element bearings, any
vibrations due to bearing faults will cause a radial motion between
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continuous-time signal x (t) is defined as the time derivative of the
instantaneous phase of the analytic signal obtained from Hilbert
transform [24–26].
In order to obtain the instantaneous phase of the real signal x (t),
we need to perform the Hilbert transform of the signal x (t) first.
The Hilbert transform 
x (t) of a real signal x (t) is given by [26,27]

1
1 ∞ x (τ )

dτ = x (t) ∗
(8)
x (t) = H (x (t)) =
π −∞ t − τ
πt
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where H (·) means the Hilbert operator, and * represents the
convolution operator. By combining the x (t) and 
x (t), the analytic
signal of the real signal x (t) is obtained as
z (t) = x (t) + j
x (t) = a(t)e

j ϕ(t)

zmp (t) = imp(t) + jH(imp(t)) =I1ej(w2t+mcos(wof t))

1 dϕ(t)
2π dt

(9)

(10)

(11)

(12)

where p(t) = m cos(w of t), and w of = 2π f of . Here, p(t) means the
phase modulation caused by the fault-related torque variations, and
m denotes the modulation depth.
Then the Hilbert transform of (12) is constructed by changing
the cosine function to sine function:

(14)

= f1 – mfof sin(wof t)

4.1. Test rig A schematic diagram of the experimental test
rig used in this paper is shown in Fig. 3.
The rated data of the tested IM are given in Table I. The IM is
mechanically coupled to a DC machine, which feeds an external
resistor bank. The motor can be identically loaded at different
speeds from zero to the rated load by adjusting the field voltage
of the DC machine. Both machines are fixed on a steel plate test
bench resting on a cement floor. The National Instrument data
acquisition (NI DAQ 6216) card used in this test accepts only
voltage signal with maximum amplitudes of ±10 V. A JLB-21
Hall-effect current sensor is used to collect the current signal first,
and then the acquired current signal is converted to proportional
voltage signals by the conditioning circuit. A PC equipped with

(15)

The IF of the stator current in a faulty motor can be calculated
as the derivative of the instantaneous phase:
1 d ϕmp (t)
= f1 − mf of sin(wof t)
2π
dt

dt

This section is divided into two parts: first, an overview of the
experimental test rig is presented, and an artificially produced
bearing localized fault is introduced by drilling a hole in the
bearing outer raceway, which is similar to other well-known
studies [3,13,14]. Then the proposed bearing outer raceway fault
detection method is verified using the sampled stator current
signals.

From the analytical signal of z mp (t), we can get the instantaneous phase φ mp (t) of the stator current in a faulty motor as

fifmp (t) =

1 dφmp(t)

2π

4. Experimental Verification

(13)

By combing (12) and (13), we can get the analytical signal
relevant to i mp (t):

ϕmp (t) = w1 t + m cos(wof t)

IF determination
fifmp =

raceway fault detection diagram proposed in this paper is shown in
Fig. 2. This fault detection method has the following six components: signal acquisition, stator current demodulation, IF determination, characteristic frequency estimation, FFT spectral analysis,
and fault identification. The stator current in one of the three
phases in the IM is colleected by the signal acquisition component and sent to the stator current demodulation component, where
the obtained current signal is demodulated using Hilbert transform
and the instantaneous phase is extracted. In the IF determination
component, the IF can be calculated as the derivative of the instantaneous phase. The speed of the IM is estimated by PSH detection,
and then the bearing outer raceway characteristic frequency can be
obtained. Depending on whether the characteristic frequency can
be found in the FFT spectrum of IF, the conclusion of failure or
not can be drawn.

where I 1 is the fundamental value of the stator current, and
w 1 = 2π f 1 is the supply angular frequency.
If an IM with bearing outer raceway fault runs at a constant
speed, a single-phase stator current, which only contains phase
modulation, can be written as

zmp (t) = imp (t) + jH (imp (t)) = I1 e j (w1 t+m cos(wof t))

Stator current demodulation

3.3. Schematic diagram of the proposed bearing
outer raceway fault detection method The bearing outer

motor can be expressed by

H (imp (t)) = I1 sin(w1 t + m cos(wof t))

Signal acquisition

sideband component characteristic frequency |f 1 ± f of | to the fault
characteristic frequency f of . Therefore, the bearing outer raceway
fault characteristic frequency f of can be clearly identified in the
spectrum of IF of the sampled stator current in a faulty IM. In
this paper, the proposed method for bearing outer raceway fault
detection relies on the analysis of IF.

3.2. Instantaneous frequency of the stator current
in a faulty motor The single-phase stator current in an ideal

imp (t) = I1 cos(w1 t + p(t))

Instantaneous phase extraction

Fig. 2. Schematic diagram of the proposed bearing outer raceway
fault detection method

The technique for extracting the IF of a faulty motor current is
introduced in the next section.

ih (t) = I1 cos(w1 t) = I1 cos(2π f1 t)

N-1

n=0

A/D
converter

φmp (t) = w1t + m cos(wof t)


x 2 (t) is the instantaneous envelope of z (t),
where a(t) = x 2 (t) + 
which contains important information of the energy of x (t), and
ϕ(t) = arctan(
x (t)/x (t)) is the instantaneous phase of z (t).
From the instantaneous phase φ(t) of the analytic signal, we can
get the IF f if (t) of the real signal x (t) as
fif (t) =

FFT spectral analysis
(f, X (k)) = (f, ∑ x(n)e-j(2π/N)nk) k = 0.1,... N

(16)

By comparing of (15) and (16), we can see that the bearing
fault characteristic frequency w of is disturbed by the fundamental
supply frequency w 1 t in (15), so the instantaneous phase cannot be
directly used for bearing outer raceway fault detection. However,
the effect of the fundamental supply frequency is eliminated in
(16). Moreover, the demodulation procedure has transferred the
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Fig. 3. Schematic of the experimental test rig
Table I. Test induction motor rated parameters
Nominal power
Nominal rated voltage
Nominal rated current
Frequency
Pole pairs
Stator slots
Rotor slots
Stator winding connection

3 kW
380 V
6.8A
50 Hz
2
36
32
Y

(a)

(b)

Fig. 5. Tested bearings: (a) Healthy (b) outer raceway fault

and theoretical values of the sideband components associated with
the outer raceway fault.
In Table II, f 1 denotes the estimated fundamental supply frequency, f sh denotes the estimated PSH frequency, f r denotes the
estimated speed, f of = 3.6f r denotes the theoretical bearing outer
raceway characteristic frequency, and |f 1 ± f of | denotes the theoretical fault sideband components.

4.2. Experimental results To assess the effectiveness of
the proposed method for IM bearing outer raceway fault detection,
two types of spectra are presented for comparison in this paper:
(i) FFT of the stator current (the traditional MCSA method), and
(ii) FFT of f ifmp (t), the IF of the stator current’s analytic signal
(the proposed method).
Initially, the experimental stator current spectra (0–150 Hz)
corresponding to the healthy IM and the IM with the bearing outer
raceway fault are analyzed. We can see the frequency components
at f 1 ± f r from Fig. 6(a). These components are present in healthy
IM because of the inherent level of eccentricity. Comparisons of
Fig. 6(a) and (b) show that there has been an increase in the
number and the magnitude of eccentricity harmonics in Fig. 6(b),
which are caused by the fault in the bearing outer raceway.
Because of the spectral leakage of the supply frequency f 1 and
the influence of eccentricity harmonics and other noises, the
characteristic sideband frequency |f 1 − f of | is completely buried
and only f 1 + f of is visible. However, the frequency f 1 + f of is
also difficult to recognize because of the spectral leakage of the
supply frequency and the influence of eccentricity harmonics and
other noises as the level of load decreases. Demodulation of the
stator current is used to improve the spectral leakage and also to
monitor the characteristic frequency f of instead of the sideband
component around the supply frequency f 1 + f of . In order to
improve clarity of the figures (see below), linear plots instead of
logarithmic plots have been adopted.
The time-domain signals of instantaneous phase and IF of the
stator current in a faulty IM under high-load condition and their
FFT spectrum are illustrated in Figs 7 and 8, respectively. From
Fig. 7(a), we can see that the amplitude of the instantaneous
phase signal grows with time because of the influence of the
item w 1 t. Comparisons of Fig. 8(a) and (b) indicate that the
characteristic frequency f of is not present in the FFT spectrum
of instantaneous phase but is included in the FFT spectrum of

Fig. 4. Photograph of the experimental setup used for bearing fault
detection
a DAQ card through a USB cable is used to store the signals
in the memory. A picture of the experimental setup is shown in
Fig. 4.
The induction machine has two CU6206RZ-type bearings
(single-row, deep groove ball bearings) with width w = 16 mm,
outside diameter D = 62 mm, inside diameter d = 30 mm, and pitch
diameter D c = 46.0 mm. Each bearing has nine balls (N b = 9) with
a diameter of D b = 9.52 mm. The contact angle of the ball with
the race (β) is assumed to 0◦ . Two identical motors are prepared:
one motor carries healthy bearings and the other one carries a
faulty bearing, which are mounted on the load side of the mechanics. Here, a 6-mm-diameter hole is drilled through the outer race
of the bearing to simulate a localized fault. Figure 5 shows the
healthy and faulted bearings used in the experimental setup.
In the experiments, tests were performed with the faulty motor
under five different loads (higher, high, medium, low and lower)
by randomly adjusting the field voltage of the DC machine. For
the sake of spectral contrast analysis, a supplementary test was
performed with the healthy motor in high load condition. In
each case, 25 s of a phase stator current is sampled at 25 kHz.
Table II summarizes the load conditions of the six experimental
tests including the estimated speeds by means of PSH detection,
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Table II. Theoretical fault sideband components of the healthy and faulty motor
Load

f 1 (Hz)

f sh (Hz)

f r (Hz)

f of = 3.6f r (Hz)

|f 1 ± f of | (Hz)

(a) High
(b) Lower
(c) Low
(d) Medium
(e) High
(f) Higher

50.07
50.02
50.07
50.02
50.07
50.07

821.30
841.50
839.00
828.00
821.10
813.70

24.10
24.73
24.65
24.31
24.09
23.86

—
89.03
88.74
87.52
86.72
85.90

—
39.01,139.05
38.67,138.81
37.50,137.54
36.65,136.79
35.83,135.97

Motor condition
Healthy

Faulty (outer raceway fault)

Amplitude (V)

f1–fr

–40

f1
f1+fr

–60

5
0
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75
Frequency (Hz)
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Fig. 8. Frequency-domain signals (0–0.2 s) under high-load condition: (a) Instantaneous phase (b) IF of the stator current in a
faulty induction motor

f1+fof
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Frequency (Hz)

100

125
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(b)

by using the peak detection at the fault characteristic frequency
f of , which can be computed by (5) after the IM speed is obtained.
Figure 9 presents the FFT spectra of the stator current near
the characteristic sideband frequency f 1 + f of for the case of the
healthy motor under high-load condition and for the case of the
motor with bearing outer raceway fault under the five different load
conditions. As the level of load decreases, so does the amplitude
of the characteristic sideband frequency. In the case of the lower
load and low-load tests, the fault characteristic sideband frequency
f 1 + f of is completely buried under the spectral leakage of the
supply frequency, eccentricity harmonics, and other noises. In
these cases, the FFT spectrum of the stator current is unable to
correctly diagnose the bearing outer raceway fault.
In order to verify the effectiveness of the proposed method,
the same tested stator current of the IM that was analyzed using
the traditional MCSA was processed by the Hilbert transform
before performing FFT. Figure 10 shows the FFT spectrums of
the proposed signal f ifmp (t) near the characteristic frequency f of
for the case of the healthy motor under high-load condition and for
the case of the motor with bearing outer raceway fault under the
five different load conditions. Comparing the results of Figs 9 and
10, the desired frequency is detected in the spectra of the proposed
signal f ifmp (t) precisely at its characteristic frequency f of instead
of sideband component around the supply frequency f 1 + f of as in
the traditional MCSA. The leakage from the supply frequency has
been reduced from these spectra. Thus, the proposed method can be
used to detect the characteristic frequency f of directly associated
with the bearing outer raceway fault under these different load
conditions.

Amplitude (V)

Fig. 6. FFT spectra of the stator current (0–150 Hz) under highload condition: (a) Healthy IM (b) IM with bearing outer raceway
fault
100
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0
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0.12
Time (s)

(b)

Fig. 7. Time-domain signals (0–0.2 s) under high-load condition:
(a) Instantaneous phase (b) IF of the stator current in a faulty
induction motor

IF. These results are consistent with the theoretical derivation.
Therefore, the IF of the stator current can be used for bearing
fault detection. In this paper, the IF of the stator current is used to
detect bearing outer raceway fault and the spectral results of the
stator current and IF for bearing outer raceway fault detection are
compared.
From Fig. 7(b), we can see that the IF signals is no longer a pure
sine function. Therefore, other harmonics that have no connection
with the bearing outer raceway fault are able to show up in the
spectrum (Fig. 8(b)). Their appearance may be due to mechanical
resonances, supply harmonics, etc. However, they do not disturb
the bearing fault detection because of the diagnosis is carried out

5. Conclusion
A new method was proposed for bearing outer raceway fault
detection using IF of stator current signal based on the Hilbert
transform with FFT spectrum analysis. The Hilbert transform was
introduced to obtain the IF of the phase current, which contained
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Fig. 10. FFT spectra of the instantaneous frequency under six
different tests: high loaded healthy motor, and motor with outer
raceway fault under five different load conditions: (a) High loaded
healthy motor (b) lower load (c) low load (d) medium load (e)
high load (f) higher load

Fig. 9. FFT spectra of the stator current under six different tests:
high loaded healthy motor, and motor with outer raceway fault
under five different load conditions: (a) High loaded healthy motor
(b) lower load (c) low load (d) medium load (e) high load (f) higher
load
the bearing outer raceway characteristic frequency. The FFT
spectrum analysis was then performed to detect the characteristic
frequency. The proposed method could significantly reduce the
negative influence of supply frequency component spectral leakage
and thus enhance the fault features to detect bearing outer raceway
fault under low-load and lower load conditions, compared with
the traditional MCSA method. Finally, the effectiveness of the
proposed method was verified by using IM bearing outer raceway
fault detection. Experimental results showed that the IF is effective
for bearing outer raceway fault detection under different load
conditions.
Additional investigations are under way to find a suitable
combination method of Hilbert transform and high-resolution
techniques to detect bearing outer raceway fault, which will be
helpful to reduce computational expense. Furthermore, different
degrees of bearing faults should also be included in our study, so
that we can evaluate the severity of the bearing faults. Therefore,

this method will be feasible and effective to achieve the online
monitoring and diagnosis of bearing outer raceway fault.
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