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Online approach for bearing fault detection in induction motor
using stator current monitoring

ZHANG Hai-gang, YIN Yi-xin†, ZHU Qiao, YANG Yong-liang
(School of Automation and Electrical Engineering, University of Science and Technology Beijing, Beijing 100083, China)

Abstract: Condition monitoring of rolling element bearing faults in induction motors is a fast developing technology
during the past decades. Although many excellent technical approaches have been applied to the bearing fault detection,
there are two drawbacks: 1) The extracted fault signal is not sufficiently accurate; 2) The approaches are not able to meet
the demand of online implementation. This paper proposes a new online bearing fault detection method based on induction
motor current monitoring. In order to extract more accurate information from current spectrum, an improved time domain
average method is employed to isolate the fault signals. On the other hand, extreme learning machine as a classifier plays
an important role in identifying the bearing faults, providing an foundation for online fault detection because of its fast
training speed. The simulation results under three operation conditions clearly illustrate the effectiveness and stability of
this scheme.
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1 ÚÚÚóóó(Introduction)
aA>Å3ó�)�L§¥å�
Þv���

^,§�½5Ú��5[�´�EûÚö�óJ¦
��I[1–2]. 3L��A�c¥,>Å�5U��
é
��Jp. 3ó�y|,>Å�æ�ýÿÚ�ä��

�5�õ�'5. éuaA>Å�G�i�Ú�æ
�ä, SubhasisQuLL��nã[3]. ©Ù�Þ
>Å
¥�«�æu)�ªÇ,��ã1. lã1¥�±w�,
¶«�æ´>Å�æ¥�´u)�,��Ó�

40%∼50%�VÇ.

ã 1 >Å¥ØÓ�æu)�VÇ

Fig. 1 Probability of different induction motor faults
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3>å���o¥,¶«�G�i�´��¯�
,å!̄ �uÐ�1�.�8c��,®²Ñy
éõ
`D�¤J[4–8]. ¦^�Ä&Ò?1¶«�æ�äá
Ú
éõïÄö�'5,¿�JÑ
éõ�1�
{[4–5, 9]. ù«�{�Û�53u��¡I�3>Å�
�þSC�A�Daì,Ø|u¢Sy|�A^;,�
�¡,�Ä��æ&Ò~~'��f,²~��
l
ÑªÇD((~X5g¸Ó�D()¤ìv,ù
D(
¬À/ªÇã,Z6�æ&Ò�J�[10]. �X<ó 
²�ä(artificial neural networks, ANNs)�uÐ,<�
òÙA^3¶«�æ�3�iÿþ[11]. �´�XÛõ
!:�ê�O\, ²�ä�ÔöÑ�ã�,¿�é
N´Âñ�ÛÜ��:. Yazici�JÑ
�«g·A
ÚO�ª�©Û�{^u¶«�æ�ä[6]. duù«
�{I�éJ��A�?1�	�Ôö,ù«�{Ø
|u3��¢�.Ù¦iÿ�{,~Xéu�Ý[12]!

åÝ[13]!D([14]!>Åu9�¹[14]�©Û,ÑÃ{�
yuÿ�O(5,�Ju÷vy|�¢�I¦.

8c,éõïÄöuy¶«�æ¬K��½f>
6,�±ÏL©Û½f>6ªÌA�¢yé>Å�æ
�i�[7–8, 13]. �âé½f>6i�?1¶«�æ�
�ä�3X4�¡�J:: 1)J��A�&Ò�~J
f. ó�y|�$1�¸E,,J��&Ò  �D
(À/; 2)A�&ÒÅÄé�.A�&Ò�2Äì�,
Ø|uÏL<��½K�?1�æ£O; 3)¶«�æ
/ªéõ. Ó��Ø|u�éü��æ?1uÿ�Y
�O; 4)ØÓ>Å,ØÓ¶«�m�Oé�.©z[8]
òæ8��½f>6&Ò�D�,¦^ÚO��(sta-
tistical control)��{��¶«�æ£O�8�. ,
,Lõ�<óZý!�½K�¦�d�Y��zU
å'��. ©z[13]ò½f>6iÿ�»�=f$Ä
ÚK1=ÝCz(Ü3�å,ïá
��#�¶«�
æ�ä�.. ,ù«�ª�¢�E,,Ø|u3�
�A^. ù�´�öÑuïÄ�8�.

�©JÑ
�«#.¶«3��æ�ä�{. �

l½f>6¥J��\O(/�¹�æ&E�>

6&Ò,JÑ
�«U?���²þ�{ (time do-
main average method, TDA).d�{U
ò>6&Ò
©l,�á�¹�æA��>6&Ò,Ø=U
¦J
���ÿ&ÒüØD(�K�,��4�§Ýþ¦
�&Ò©Û�\k�é5. 3�æ£O�ã,4�Æ
SÅ(extreme learning machine, ELM)ò��©aì
?1�æ&Ò�uÿ. o�5`,#JÑ�¶«�æ
�ä�{k±e`::

1) �©>6&Ò¼��,Äk²LRTDA�{?
1�æ&Ò�J�,��éJ�&Ò?1ªÌ©Û.
dg´�é5r,�æA�²w.

2) �'Ù¦��æ©a�{,~X:|±�þÅ

(support vector machine, SVM),��DÂ(back propa-
gation, BP), ELM�{3¶«�æ£O�¡Ly
Ñ
Ú�©aUå.

3) �'©z[4, 11]�JÑ�l��æ�äg´,
d�{´¶«3��ä���]Ô,§Ø=�A×�,
�£O°(.

�©�(�Xe: 12Ü©0�
>Å�æéu½
f>6�K�;13Ü©JÑ
U?�RTDA�{. é
uELM��
Ä�nØò314Ü©?10�;15Ü
©´�©��ý(J;Ó�,16Ü©�Ñ
�©�o
(.

2 ¶¶¶«««���æææ���½½½fff>>>666AAA���(Stator current
characteristics of bearing faults)
�Ü©�ó�>Åæ^¥/½ö�/�¶«,d

S	ü�g�|¤. ��40%∼50%�>Å�æÑá
u¶«�æ,§�¬K��>Å�Ä&Ò�ªÇ.�
Ä�Â8Ú©Û�Ä&Ò�Ø�B5,ÏL©Û�Ä
ªÇ��{?1¶«�æ�ä�{ØBu¢�.�

Æö²L�[�ïÄuy,>Å��Ä&ÒÚ½f>
6ªÌ�m�3X�½�éX.>Å�ÄªÇ¬3½
f>6ªÌ¥k¤Ny,Ù'XXe:

fbng = |fe ±mfv|, (1)

Ù¥: m = 1, 2, · · · , fe´ø�>ªÇ, fv´�Ä&

Ò�A�ªÇ, fbng´�Ä&Ò3½f>6ªÌ¥N

y��æªÇ[7].

ØÓ�¶«�æ¬ÑyØÓ��ÄªÇ,Xe¤
«:

1) 	�¶«�æ:

fvo =
n

2
fr[1− bd

pd

cos β]. (2)

2) S�¶«�æ:

fvi =
n

2
fr[1 +

bd

pd

cos β], (3)

Ù¥: bdÚpd©O�¥��»Ú¶«må�»; fr�

¶«^=�Ý,ü �Hertz; n�¶«¥¥�êþ;
β´¥Ú¶«�ý��>�Ý.ã2���EÄ¶«�
ëêã~.

ã 2 ¥G¶«ã~

Fig. 2 The legend of ball bearing
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éuXþ�¶«�æ,©z[8]�Ñ
��O�ª:{
fvo = 0.4 · n · fr,

fvi = 0.6 · n · fr,
(4)

Ù¥nÚfr÷vXþ�½Â.

ã3´��44:aA>ÄÅ(NSK6208)Ñy�æ
��½f>6ªÌã. d>ÄÅ�¶«¥¹k9�¥,
¿�$131735 r/min(��ufr = 28.9 Hz)��½
=�e. e¡==©Û	Ü¶«�æ,�©SC
�
�3	�þk�«�¶«��½>Åþ. �âª(4),
�ö�±��O�¶«�æ���Ä&ÒªÇ�

104 Hz. dªÇ&Ò3½f>6ªÌ&Eþk¤N
y(A�:). 3¶«�æ�Ñy�½f>6ªÌ&Ò
¡�P{ªÌ&Ò(redundant spectrum signals, RSS).
ÏLéRSS&Ò�iÿU
£O¶«´Äu)
�
æ. ,�3¢S�ö�¥, RSS&Ò�~Jf,~~�
¶«�~$1e�½f>6ªÌ&E¤/ìv0. l
Ã{<���½K�,~~�¬Ñy�æØ�½ö
�´ò´y�.

(a) �~¶«

(b) �æ¶«

ã 3 ¢�aA>Å�½f>6ªÌ(fe = 60 Hz)

Fig. 3 Stator current spectrum of the experiment

induction motor (fe = 60 Hz)

��Y¥,�öæ^�«U?�&Ò?n�{é
¤¼��½f>6&Ò?1ý?n,l�yRSS&
ÒJ��O(5.

3 ���æææ&&&ÒÒÒJJJ������{{{(Fault signal extraction
algorithm)
��²þ�{gldBraunÚSethJÑ±5,�2

�A^�?n�¹±Ï¤©�&Ò¥. éulaA>
Å¼��½f>6&Ò, TDA�{U
¢y±Ï¤©
(periodic components)Úí�&Ò(redundant signals)
�©l. lí�&Ò¥J��RSS��O(Úk�.
,3TDA�{�¢�¥,  ¬du±Ï�äØ�
��3��&Ò©l��}. �d,�öJÑ
�«
U?�°�TDA(robust time domain average method,
RTDA)�{.

3.1 ���©©©TDA���{{{(The ordinary TDA algorithm)
��5`,l^=Å�¼���ÿ&ÒdüÜ©

|¤: ±Ï¤©(repetitive components)Úí�¤©
(residual components). ±Ï¤©��´^=ªÇ��
Å©þ. TDA�{�8�=�òùü«¤©?1©
l. ���ÿæ�&Ò�±L«�

X(t) = Xp(t) + n(t), (5)

Ù¥: Xp(t)L«±Ï¤©, n(t)L«í�¤©. 3
TDA�{¥,�ÿ&Òò¬�©¤eZã,zã��
Ý�ÄÅ&Ò�±ÏTp. ÏLé�ã&Ò�²þ?
n,±Ï¤©Xp(t)ò��3,í�&Ò¬�Åì³
�.±Ï¤©ÏLXeúªO�:

Xp(j) =
1
M

M−1∑
k=0

X(j + k ∗N) =

1
M

M−1∑
k=0

X(j + k ∗ round(
Tp

∆t
)), (6)

Ù¥: M�¤©ã�êþ, N�zã¥����ê,§
�±ÏLéTp/∆t��¼�, ∆t�æ�m�, j�l

0Cz�N ���. í�¤©�±L«�

n(t) = X(t)−Xp(t). (7)

���¹e,æ�ªÌ¿Ø´ÄÅªÇ��ê�,
Ïdí�m��3,¡Ù�±Ï�äØ�:

∆T = Tp −N ∗∆t = Tp − round(
Tp

∆t
) ∗∆t. (8)

±Ï�äØ���3~~¬éTDA�{�¢��
)ØlÐ�K�.lª(8)�±wÑ,3Ä��TDA�
{¥,±Ï�äØ�¥/\È50O�. �XTDA�
{�¢�,�ª¬��&Ò©)��}. LiuJÑ
�
«U?��{(DTDA)^5~�±Ï�äØ�[16]. Ù
é±Ï&Ò�O�úª�

Xp(j) =
1
M

M−1∑
k=0

X(j + round(
k ∗ Tp

∆t
)). (9)

�e5,�ö�Ñ�«�\U?���{^5O
�±Ï¤©,��3±Ï�äØ��¡é3«�{?
1'�,y²dU?��{�`�5Úk�5.
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3.2 °°°���TDA���{{{(The robust TDA algorithm)
RTDA�{�3�\k�/~�±Ï�äØ�.

3RTDA�{¥,�ÿ&ÒE,�©¤eZã,,z
ã��ÝC�l ∗ Tp, l´��Ü·���ê. Ïd±Ï
¤©�O�úª�

Xp(j) =
1
M

M−1∑
k=0

X(j + l ∗ k ∗N) =

1
M

M−1∑
k=0

X(j + round(
l ∗ k ∗ Tp

∆t
)), (10)

Ù¥��jl0Cz�l ∗N .

�
é3«�{?1'�,ÏLéª(6)(9)–(10)?
1ZC�(Z-transform)�,?©ÛÙªÌA�. �A
�D4¼êXe:

|H1(f)|= 1
M
|
M−1∑
k=0

exp(−j2π
f

fs

∗ k ∗ round(
fs

fp

))|,
(11)

|H2(f)|= 1
M
|
M−1∑
k=0

exp(−j2π
f

fs

∗ round(
k ∗ fs

fp

))|,
(12)

|H3(f)|= 1
M
|
M−1∑
k=0

exp(−j2π
f

fs

∗ round(
lk ∗ fs

fp

))|,
(13)

Ù¥: H(f)�TDA�{�D4¼ê, fp´±Ï¤©�

Äª, fs = 1/∆t�X�æ�ªÇ,Ù¦�ÎÒë�þ
¡�½Â. |H(fp)|¿�X±Ï©þ�P~§Ý.ã4
Ð«
^þ¡3«�{J�18.5 Hz·Ü&Ò��±Ï
&Ò�P~§Ý,Ù¥æ�ªÇ�100 Hz.

(a) TDA

(b) DTDA

(c) RTDA(l = 5)

ã 4 3«TDA�{�P~Xê(M = 20)
Fig. 4 The attenuation coefficients of three TDA

algorithms (M = 20)

�±lã4¼�ü�¡(Ø: 1)XJfp/fs��Ø

´�ê�,¿�X±Ï�äØ���3,§¬��±
Ï¤©k�½§Ý�P~. �X±Ï�äØ��O\,
&Ò�©)�U¬�}; 2)éuÓ���ÿ&Ò,�
©JÑ�RTDA�{�'Ù¦�{U
éÐ/��±
Ï�äØ�.

L1�Ñ
3«�{�éuØÓ²þm��±Ï�
äØ��(J.lL1¥�±wÑDTDAÚRTDA�{
�±Ï�äØ��ÅÑy,Ø´�«O��/ª.
,	,ÏLéDTDAÚRTDAü«�{�'�,�ö�
)�±Ï�äØ��\�,ù�kc�nØ©Û�¬
Ü.o�5`, RTDA�{±O\�äêþ��d~�

±Ï�äØ�. éu��¯�$=�Å�,ù«U
?U
÷v�A�I¦.

L 1 ØÓ²þ±Ï��äØ�
Table 1 The period cutting error with different

averaging periods

M ∆T1 ∆T2 ∆T3(l = 5)

3 0.810 0.189 0.054

5 1.600 0.378 0.108

12 4.460 0.459 0.297

15 6.890 0.108 0.459

22 8.505 0.486 0.142

4 ÄÄÄuuuELM���{{{������æææ£££OOO (Fault identifi-
cation based on ELM)
ELM�{´�«#.�üÛ� ²�ä[17–18]. g

lHuang32006cJÑ±5,duÙ¯��Ôö�Ý
ÚûÐ��z5U,3£8Ú©a¯Kþ��
2�
�A^. ELM�{�°�3u�Å��)Ûõ!:,
¿�æ^���¦{��O�ÑÑ�,l!�

�þ�Ôö�m,�y
3��¢�.�©¥, ELM�
{�^u?1>Å¶«�æ�£O.e¡éELM�{
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nØ?1{á�0�.

b��3N�?¿��(xi, ti),Ù¥: xi = (xi1,

xi2, · · ·, xin)T ∈ RnL«1i����n�A��m,
ti = (ti1, ti2, · · ·, tim) ∈ Rm�8I�þ. kÑ�Ûõ

!:�SLFNs�êÆ�.Xe:
Ñ∑

i=1

βigi(xk) =
Ñ∑

i=1

βig(wi · xk + bi) = tk,

k = 1, 2, · · ·, N, (14)

Ù¥: w´Ñ × nÑ\�Ý
,^5ë�Ñ\!:Ú
Ûõ!:; β´Ñ ×mÑÑ�Ý
,^5ë�Ûõ
!:ÚÑÑ!:; b´Ñ × 1Ûõ!:� �; wi · xk

�LXwiÚxk�SÈ; t�N × 13-¹¼êg(x)e
��.ÑÑÝ
.

ELM�{�3é����`)β,§Pk���
þ�Ø�(mean square error, MSE),Xe¤«:

Ñ∑
i=1

βig(wi · xk + bi) = tk, k = 1, 2, · · · , N,

s.t. MSE(
∧
β) =

1
Ñ

Ñ∑
i=1

(
∧
βi−β)2 → min, (15)

Ù¥β̂´β��O�.

þ¡�n��ª�¤Ý
/ª�Hβ = T,Ù¥

H(W,B, X) =


g(w1 · x1 + b1) · · · g(wÑ · x1 + bÑ)
...

...
g(w1 · xN + b1) · · · g(wÑ · xN + bÑ)




N×Ñ

,

T´d�þt1 ∼ tk|¤�Ý
.

�â���¦nØ,ÑÑ�β��O��

β̂ = (HTH +
I

c
)−1HTT, (16)

Ù¥I/c��K�Ïf[19].

�©ELM�{�$^��æ£O¥,ã5Ð«

ELM�{��.. ELM�.�Ñ\�¤J��½
f>6ªÇÌ�,ÑÑ�ü�I\�:I\1L«u)
�æ,I\0L«¶«$=�~.

ã 5 �é¶«�æ�ä�ELM�{�.

Fig. 5 The model of ELM for bearing fault detection

5 ���ýýý(((JJJ(Simulation results)
�!�Ñæ^þã�{?1¶«�æ�ä��ý

(J.�ý¢�òæ^12!�9�aA>ÄÅ.¢�
6§ãë�ã6.

ã 6 ¢�6§

Fig. 6 Schematic diagram of the work

5.1 êêêâââýýý???nnn(Data preparation)
¼���êâÏL�'M�?1�;.�Ä�p

ªD(�K�,$ÏÈÅìò�3Ü·ªÇ�&Ò.
�©��ý¢��9�3«>Å�$1G�: �~$
1!�K1$1!>ÄéÄ.3z«>Å$1G�Úz
«¶«G¹(/èx0½ö/�æ0)e©Oæ8500ê
â^uÔö ²�ä�., 500êâ^uÿÁÔöÐ
��.,Ùêâoê�

(500 + 500)× 2× 3 = 6000.

,	,¤æ8�êâÑk²L
IOz?n.

5.2 ELM���{{{���ëëëêêêÀÀÀJJJ(Parameter selection of
ELM)
4�ÆSÅ´��p5U�©aì,éuÄ��

��©a¯K,§�±×�����(J.â�ö¤
�,-¹¼ê3 ²�ä¥å����^,�«
aéõ. ã7¦^500�æ�êâ34��¡(Ôö�
m!ÿÁ�m!ÔöO(Ý!ÿÁO(Ý)�Ñ
ØÓ
-¹¼ê��ý(J.lã7¥�±wÑ, sig¼ê�'
Ù¦-¹¼ê5`,5U�\`�,Ø=¤I�m�,
�°Ýp.

ELM�{¥,Ûõ!:�ê�ÀJ���y3E
,´��úm�¯K.¦+Ñy
éõïÄ(Ø,�
´�õê�¢�(J==÷v¢�¿¥?1. Ûõ!
:�êþØÜ·ò¬��jÍÜ/LÍÜ�(Ø.�©
¥,�öæ^©z[20]¥Feng��{5ÀJÛõ!:
�ê. m©�â<�²�ÀJ��êþ�Ûõ!:,
Äu��Ø��n,ÅìO\!:êþ,��ÑÑØ
���NN���S.Ó�,ÑÑ��¬S��#.
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ã 7 ELM�{¥-¹¼ê�ÀJ

Fig. 7 The choice of active function in ELM algorithm

5.3 ÌÌÌ������ýýý(((ØØØ(Main simulation results)
��!�Ñ
Ì��¢��ý(J.ã8–9©O

Ð«
3�~ó¹e,u)	�ÚS�¶«�æ�
�½f>6&Ò.�Bu�Y?n,J�&Ò®²I
þz. ã10K�Ñ
�A�½f>6ªÌ&E.�
«����:��'X:,L«S	��¶«�æ
ò¬�pK�,ùÚ�ökc�¢�(J�±��.

(a) �~¶«

(b) �æ¶«

ã 8 �~ó¹e,	�¶«�æ�½f>6&Ò
Fig. 8 Stator current extraction of outer bearings race

defects under normal operation

(a) �~¶«

(b) �æ¶«

ã 9 �~ó¹e,S��¶«�æ�½f>6&Ò
Fig. 9 Stator current extraction of inner bearings race

defects under normal operation

ã 10 �~ó¹e,S	�¶«�æ�½f>6ªÌ&Ò
Fig. 10 Stator current spectrum feature of outer and inner

bearings race defects under normal operation

L2´ELM�{3ØÓó¹e��ý(J.l
L2¥�±w�, ELM�{U
3éá��mS�
�'�Ð�©a°Ý.éu3«ó¹e�êâ,��
{þÑU
O(/uÿÑ¶«��æ. L3��´
æ^R–TDA�{�'�,�
�Bå�,ùp��
Ä
�~ó¹. �öUC
&Ò����Ý,©O
�l = 10Úl = 20,¿��æ^RTDA�{?1¶«
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�æ�ä�(J�ë�
'�.

lL3¥�±wÑ,�©��{uÿ°Ýp,°
�5r,éu�ä�Ý�K�Ø´é�,��'
�æ^RTDA�{��ý(JLyÑR��`�5.
�
y²ELM�{`��©a5U,�©JÑ

�ELM�{òÚ²~¦^3©aA^¥�BPÚ
SVM[4]�{?1'�. Ó�¢�==¦^�~ó¹
e�êâ. lL4�±wÑ, ELM�{U
3é��
ÆS�mS��'�p�©a°Ý.ùU
÷v�
©3��æuÿ��¦.

L 2 �é¶«�æ�ELM©a�{�ý(J
Table 2 Simulation results of classification using ELM for bearing fault detection

$1 Ôö°Ý/% ÿÁ°Ý/%

�¸
¶«�æ

�~¶« �æ¶« oO �~¶« �æ¶« oO

	� 96.78 96.22 96.50 99.11 98.89 99.00
�~ó¹

S� 94.66 94.82 94.74 98.04 97.77 97.91

	� 96.41 96.28 96.35 98.22 97.00 97.61
�K1

S� 96.40 95.10 95.75 96.12 96.15 96.14

	� 93.01 92.54 92.78 97.55 95.47 96.51
éÄ

S� 90.94 93.55 92.25 94.99 93.45 94.22

L 3 �~ó¹eæ^R–TDA�{�'�
Table 3 Comparison results of RTDA under the normal operation condition

�~¶«/% �æ¶«/%
¶«�æ

RTDA1 RTDA2 ∗ RTDA1 RTDA2 ∗
�5

	� 99.11 99.12 96.73 98.89 98.90 97.00 l1 = 10

S� 98.04 98.04 95.27 97.77 98.02 95.98 l1 = 20

L 4 ØÓ©aì�'�(J
Table 4 Comparison results of different classifiers

Ô ö ÿ Á

�æ£OÇ/%s¤�m/s �æ£OÇ/%s¤�m/s

BP 91.42 10.8320 92.54 3.8355

SVM 94.21 3.2898 96.38 1.5527

ELM 96.50 0.0334 99.00 0.0086
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