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Abstract: This paper proposes a model which uses the greedy algorithm to select the optimal
intrinsic mode functions (IMFs) of the empirical mode decomposition (EMD), namely the greedy
empirical mode decomposition (GEMD) model. The optimal IMFs can more sufficiently represent the
characteristics of damage bearings since the proposed GEMD model effectively selects some IMFs
not affected by noise. To validate the superiority of the proposed GEMD model, various damage
types of motor bearings were shaped by electrical discharge machining (EDM) in this experiment.
The measured motor current signals of various types were decomposed to IMFs by using EMD.
Then the optimal IMFs can be obtained by using the proposed GEMD model. The results show that
the Hilbert-Huang transform (HHT) spectrums when using the optimal IMFs become easier in the
detection system than when using all IMFs. Simultaneously, the detection accuracy of motor bearing
damages is increased by using the features extracted from the lower complexity HHT spectrum. The
average detection accuracy can be also improved from 69.5% to 74.6% by using the features extracted
from the GEMD-HHT spectrum even in a noise interference 10dB

Keywords: greedy algorithm; empirical mode decomposition; intrinsic mode function; Hilbert transform

1. Introduction

Motors are widely applied as reliable pieces of equipment in many industries. However, unwarned
motor failure could happen due to several factors: improper operation, manufacturing defects and/or
mechanical wear [1,2]. According to literature [3,4], the most possible motor failure event is bearing
damages. Understanding the signals of bearing damages could prevent unwarned motor failure
events [5-7].

Classical signal analysis such as fast Fourier transforms (FFT) [8] and wavelet transform (WT) [9-11]
have been widely applied in realizing the problem of abnormal bearings. However, the disadvantages
include that FFT is constrained by limited basis, and WT encounters difficulty in mother wavelet
selection. These existing disadvantages of the two methods sometimes result in the distortion of signal
analysis results.

Recently, Hilbert-Huang transform (HHT) [12-14], composed of empirical mode decomposition
(EMD) [15,16], and Hilbert transform (HT) [17,18] have been widely applied to analyze nonlinear
and non-stationary signals. EMD decomposes measured signals to several layers of intrinsic mode
functions (IMFs), but EMD also decomposes noise signals into IMFs. Therefore, it is important to select
some IMFs not affected by noise to avoid the noise interference.

Particle swarm optimization (PSO), ant colony optimization (ACO), and bee colony optimization
(BCO) are discussed in search optimal solution [19-21]. However, dimensional search-spaces of these
algorithms are high for complicated problems. Using these optimization models for problems, the
convergence parameters need to be determined by specific empiricism, which need extra computational
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time to obtain the optimal solution. The superiority of the greedy algorithm (GA) [22,23] to select
optimal IMFs is simple and easy-to-implement to complicated or/and multi-step problems. Therefore,
the paper proposes a model which applies the GA to select the optimal IMFs of EMD, namely greedy
empirical mode decomposition (GEMD), to simplify the bearing damage detection system.

Compared to other artificial neural networks (ANNSs), such as feed-forward network [24,25] or
probabilistic neural network (PNN) [26,27], back propagation neural network (BPNN) [28,29] is a
supervised neural network in which signals will be trained in advance to obtain the network weight
parameters. The detection accuracy of BPNN is superior to that of other ANN models. Therefore, the
BPNN is adopted in the detection system based on the proposed GEMD model, and the detection
accuracy in noise interference environments will validate that the GEMD model is more suitable for
the application to detect bearing damages.

This paper first introduces the HHT and the proposed GEMD models, and then motors’ current
signals of different types of bearing damages were measured and analyzed. The modular structure
serves to detect the bearing damages as subjected to damaged bearings such as in Figure 1. EMD
decomposes the measured current signals to a number of layers of IMFs, and then the optimal IMFs
by using the proposed GEMD can be obtained. The HHT spectrum of the optimal IMFs transformed
by HT can be used to observe the damage characteristics for the alarm system. Compared with the
classical HHT method, the proposed GEMD model renders the current signal analysis as a refined
HHT spectrum. Alternatively, the features of various damage types can be extracted from the HHT
spectrums, and the superior recognition accuracy by using the BPNN model can be validated.

Current signal Decomposed
GEMDS

Alarm Qﬂ Observation <:, HHT spectrum
L L

Recognition Feature
BPNN .
accuracy l L__ extraction

Figure 1. Structure of bearing damage detection using the proposed greedy empirical mode
decomposition (GEMD).

measurement ( IMFs 0

2. Hilbert-Huang Transform

HHT mainly includes two models, EMD and HT models, whose brief review are as follows:

2.1. Empirical Mode Decomposition (EMD)
IMFs must satisfy the following definitions

(1) Inawhole data set, the number of zero-crossing must either equal or differ at most by one.
(2) Atany point, the mean value of the envelope defined by local maxima and minima is zero.

EMD decomposes the input signal x() to many IMFs, which help to eliminate noise and simplify
the whole detection of bearing damage. The method profits by removing noise to make the bearing
damage detection easier. The decompose process of IMFs is as follows, and the flowchart of EMD is
shown in Figure 2 [30].

Step 1. Identify all the local maxima and minima of x(t).

Step2. Obtain mean envelope m;j, by connecting upper and lower envelopes.

Step 3. x(t) subtracts m; to obtain a new signal hj.

Step4. Determine hj whether the IMF, such as the establishment of its deposit in the IMFs c;(t),
otherwise repeat Step 1 to Step 4.
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Step 5. Calculate the tendency r;(t) by r;(t) = x(t) — c;(t).
Step 6. Complete decomposition if the tendency is a monotonic function or constant. Otherwise, repeat
Step 1 to Step 6.

The decomposition will be complete if the tendency is a monotonic function or constant. Thus,
the signal x(t) consists of the IMFs and tendency, as shown in Equation (1).

n

x(t) = ) ci(t) +ralt) (1)

i=1

Input r,(t) = x(t);
i=Lk=0

k=k+1;
hi(k—l)(t) =r(0)

}';-+1([) :}’;(l),
k=0i=i+1

\ 4

Extract Maxima and
Minima of &, ,, (1)

Connect Extrema with
Cubic Splines
Determine Mean, m,
of Splines

hik (t) = hi(k—l)(t) —-m

Figure 2. Flowchart of empirical mode decomposition (EMD) decomposition.

2.2. Hilbert Transform (HT)

Hilbert transform 31 mends the previous problems on nonlinear and non-stationary signal analysis.
The conventional HT of a continuous signal c;(t) is computed, as shown in Equation (2).

o 1 « Ci(t,) ’

Hia() = = [ S @

Coupling the complex conjugate pair H|c;(t)] and c;(t), we can get the analytic signal z;(t), as
shown in Equation (3).

zi(t) = ci(t) + jHei(D)] = a;(t)el) ®)

where a;(t) and ¢(t) are the instantaneous amplitude and instantaneous phase respectively, as shown

in Equations (4) and (5).
ai(t) = yJei (1) + H2[ci(t)] @

®)
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The instantaneous frequency is defined as the time derivative of the instantaneous phase, as
shown in Equation (6).

an(t) = 20 ©

3. Greedy Algorithm Based on Empirical Mode Decomposition Selector

This study proposes the GEMD model to select the optimal IMFs and to make HHT spectrum
easier in the detection system.

3.1. Energy Distribution Model

The energy E; of the i-th layer of IMFs comes from a recognition accuracy estimated by the BPNN,
as shown in Figure 3. Average energy Egy, is calculated when it has each IMF energy of recognition, as
shown in Equation (7), where Nj; ¢ is the number of IMF layers. Average energy Eayg is applied as
the threshold to calculate the energy difference AE;, as shown in Equation (8). When the E; of IMF is
lower than Em,g of IMFs, which means AE; is negative, those E; have to be removed to avoid fuzzy the
HHT spectrum.

Nimf
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£ _ =l @
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AE; = Ei — Eqvg , i € Niys (8)
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IMFs layers

Figure 3. Energy distribution model.

3.2. Shortest Path Cost

The j-thnode j = (1,2, ..., 1,4} in which each node is AE; > 0 are selected in the i-th layer of
IMFs. Each initial j-th node produces different shortest path costs, as shown in Figure 4. A first node is
chosen to connect the other nodes to form its shortest path, and the corresponding/relative shortest
path cost can be calculated. Every shortest path and its shortest path cost can be calculated to each first
node. Consequently, the optimal first node can be obtained which is the minimal cost in the shortest
path costs. The optimal first node is the best IMF layer to sufficiently represent characteristics of the
signals. The flowchart of the GEMD model is shown as Figure 5.
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Figure 4. Shortest path cost.
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Figure 5. Optimization of intrinsic mode functions (IMFs) by using the proposed GEMD model.

4. Measurement and Analysis

4.1. Experimental Measurements

The study subjects are the bearing damages of a motor (BLDC 24VDC, 150W, 3000 rpm, Taiwan),
and the bearing specification is shown in Table 1. To analyze the bearing damages, eight bearing
types, including seven damage types, were tailor-made from the electrical discharge machining (EDM)
technique. The eight types are shown in Figure 6: (A) healthy bearing, (B) 1.0 mm holes on both inner
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and outer race, (C) one 1.0 mm hole on inner race, (D) one 1.0 mm hole on outer race, (E) 0.5 mm holes
on both inner and outer race, (F) one 0.5 mm hole on inner race, (G) one 0.5 mm hole on outer race, and
(H) seal damage.

Table 1. The bearing specification.

Bearing Model Bearing Size (mm)

Inner Outer Thickness

6001 12 28 8

(D)

(E) (F) @)

Figure 6. (A) Healthy bearing, (B) 1.0 mm holes on both inner and outer race, (C) one 1.0 mm hole on
inner race, (D) one 1.0 mm hole on outer race, (E) 0.5 mm holes on both inner and outer race, (F) one
0.5 mm hole on inner race, (G) one 0.5 mm hole on outer race, and (H) seal damage.

These current signals were recorded using National Instruments PXI-1033 data acquisition (sample
rate 1000 Hz, National Instruments, Austin, TX, USA.). The current signals were decomposed to layers
of IMFs by EMD. Then the optimal IMFs, which were selected using the proposed GEMD model, were
transformed by the HHT spectrum to observe the bearing damage condition. The detection system
diagram is shown in Figure 7.

Power supply I Controller

Current signals

Signal acquisition
NI PXI-1033

(1,000 samples/second)

Refined
HHT spectrum

Proposed
GEMD model

Figure 7. System diagram.
4.2. Signal Analysis

EMD decomposes the current signals to 10 layers of IMFs. Figure 8 illustrates the IMFs and the
tendency function of bearing damage signal by using the classical EMD model. The layers c; to cg
are IMFs from high frequency to low frequency, respectively, and the layer c;9 shows the tendency
function. The IMFs energy can be calculated to the corresponding detection accuracy by using the
BPNN, as shown in Table 2. The selected nodes AE; > 0 are E, E3, E4, E¢ and Eqg, asnodes A, B, C, D,
and E and the layers 1, 3, 4, 6, and 10, respectively, are shown in Figure 9. The distance between each
of these nodes are shown in Table 3.
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Figure 8. IMFs and the tendency function of bearing damage signal.

Table 2. The energy of each IMF of current signals.

IMF (i) 1 2 3 4 5
Energy (%) 58.8 12.5 41.9 34.4 28.9
IMF (i) 6 7 8 9 10
Energy (%) 33.1 23.8 184 13.8 33.88
607 o £ =58.8%
01 £, 41.9% )| Selet nodes |
40 - ® E =344% E,=338% /
&5 o ek -33.0%° " Threshold
530 ___ e | Threshold 1
S ® 5 =289% I E,, =29.9% |
20- ° L, =23.8% S )
, oE =184% [
104 ® E, =12.5% OE9 =13.8% Removed nodes }
: . . : ) N

0 2 4 6 8 10
IMFs layers

Figure 9. Selected nodes of AE;> 0.

Table 3. The distance between each of the nodes.

Node Number A B C D E
IMF Layer 1 3 4 6 10
Axis (X,Y) (1, 58.8) (3,41.9) (4,34.4) (6,33.1) (10, 33.8)

A 0 17.02 24.58 26.18 26.57
B 17.02 0 7.57 9.30 10.71
C 24.58 7.57 0 2.39 6.03
D 26.18 9.30 2.39 0 4.06
E 26.57 10.71 6.03 4.06 0

The shortest path costs are calculated for each selected node. Four rules of the GA are adopted,
which are:

(Rule 1) each node should be the start node,

(Rule 2) the start node connects to next nearest node,

(Rule 3) all remaining nodes should be sequentially connected by Rule 2,

(Rule 4) compare all costs of the shortest close paths formed by each start node in Rule 1.

For example, assuming node A is the start node, the nearest node will be connected with node A,
and the nearest node should be node B; the node distances are shown in Table 3. Then all remaining
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nodes should be sequentially connected to form a shortest close path, as shown in Figure 10. All the
paths of the start nodes B, C, D, and E can be illustrated by repeating the aforementioned way, as

shown in Figures 11-14.

60- ,\~\A A—->B—->C—>D—E
AB=17.02
307 BC=7.57
401 B CD=2.39
qc:o 20l e E DE=4.06
& EA=26.57
20
101
0 2 4 6 8 10
IMFs layers

Figure 10. Shortest path of start node A.

604 A B->C—->D—o>E—>A
50/ BC=7.57
CD=2.39
& 401 DE=4.06
5} E Tai_
2 EA=26.57
30 C =A
- b AB=17.02
20-
101
0 2 4 6 8 10
IMFs layers

Figure 11. Shortest path of start node B.
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CD=2.39

501 DE =4.06
2401 B EB=10.71
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0 2 4 6 8 10
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Figure 12. Shortest path of start node C.
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Figure 13. Shortest path of start node D.
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Figure 14. Shortest path of start node E.

The costs of the all paths with A, B, C, D, and E as start nodes are shown in Equation (9), in which
the lowest costs of the paths formed by the start nodes A, B, and E are obtained. That means the
optimal IMF layers 1, 3, and 10 can adequately illustrate the HHT spectrum of the damage type.

Cost(A) = 17.02 + 7.57 + 2.39 + 4.06 + 26.57 = 57.61

Cost(B) = 7.57 +2.39 + 4.06 + 26.57 + 17.02 = 57.61

Cost(C) = 2.39 +4.06 + 10.71 + 17.02 + 24.58 = 58.76 ©)
Cost(D) = 2.39 + 6.03 + 10.71 + 17.02 + 26.18 = 62.33

Cost(E) = 4.06 +2.39 + 7.57 + 17.02 + 26.57 = 57.61

5. Results and Discussion

5.1. HHT Spectrum and GEMD-HHT Spectrum

This research proposes the GEMD model to select the optimal IMFs. The HHT spectrum becomes
easier to observe the damage types by the proposed GEMD model, namely GEMD-HHT spectrum.
The HHT and GEMD-HHT spectrums of the various types of bearings are illustrated as follows.

5.1.1. Healthy

The classical HHT spectrum of the healthy bearing is shown in Figure 15a, in which the spectrum
contents all the IMFs layers of the original signal and is not significant to observe the characteristics of
the bearing. Therefore, we use the proposed GEMD model to obtain the optimal IMFs layers 1, 3, and
10. The refined spectrum is clearer, as shown in Figure 15b.

500 1 500

0.9 .
400 0.8 400 04

2 0.7 > main frequency 0.35
£300 2300 03
g 0.6 &

=3 0.5 g 0.25
;3200 0.4 © 200 0.2

0.1

sub-frequency

Pl

Figure 15. Healthy bearing (a) Hilbert-Huang transform (HHT) spectrum (b) GEMD-HHT spectrum.

5.1.2. Seal Damage

The type of damage is seal damage. The HHT and GEMD-HHT spectrums of the damage are
shown in Figure 16a,b, respectively, in which the main frequency bands of both types are almost the
same, around 340-350 Hz. Observing the GEMD-HHT spectrum of the damage type, two specific
damage characteristics are found: (1) the sub-frequency band is around 25-75 Hz, (2) the frequency in
1.7-th s is changed from 0 Hz to 5 Hz.
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Figure 16. Seal damage (a) HHT spectrum (b) GEMD-HHT spectrum.

5.1.3. Race Surface Damages
(1) Two 0.5 mm holes on both inner and outer race:

The type of damage is with two 0.5 mm holes on both the inner and outer race. The HHT and
GEMD-HHT spectrums of the damage are shown in Figure 17a,b, respectively, in which the main
frequency bands are around 240-250 Hz. Observing the GEMD-HHT spectrums of the damage type,
two specific damage characteristics are found: (1) the sub-frequency band is around 30-80 Hz, (2) the
frequency of 1.8-th s is changed from 0 Hz to 5 Hz.

500 0.7 500 0.7
0.6 0.6
400 400
> 0.5 0.5
Q .
§300 0.4 2300 main frequency 0.4
o T ]
220 0.3
= 0.2
1
09 » 0.1
0 0
0 0.5 1 1.5 2 00 0.5 1 1.5 2
Time Time

(@ (b)

Figure 17. Holes of 0.5 mm on both inner and outer race (a) HHT spectrum (b) GEMD-HHT spectrum.

(2) One 0.5 mm hole on inner race:

The type of damage is with one 0.5 mm hole on inner race. The HHT and GEMD-HHT spectrums
of the damage are shown in Figure 18a,b, respectively, in which the main frequency bands are
around 190-200 Hz. Observing the GEMD-HHT spectrums of the damage type, two specific damage
characteristics are found: (1) the sub-frequency band is around 25-75 Hz, (2) the frequency of 2nd s is
changed from 0 Hz to 5 Hz.

300 0.6 30 0.6
. 0.5
main frequency
z ] 1 0.4
=]
[}
=) 0.3
2
&2

sub-frequency 0.2
s WP

0 0.5 1 15 2 0 0.5 1 1.5 2
Time Time
(a) (b)

Figure 18. One 0.5 mm hole on inner race (a) HHT spectrum (b) GEMD-HHT spectrum.

(3) One 0.5 mm hole on outer race:

The type of damage is with one 0.5 mm hole on outer race. The HHT and GEMD-HHT spectrums
of the damage are shown in Figure 19a,b, respectively, in which the main frequency bands are
around 190-200 Hz. Observing the GEMD-HHT spectrum of the damage type, two specific damage
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characteristics are found: (1) the sub-frequency band is around 10-100 Hz, (2) the frequency of 2nd s is
changed from 0 Hz to 5 Hz, and its amplitude is weakened.

350

300 0.6
250 . 0.5
Iy main frequency
g 200 . 0.4
2 J
3150 0.3
= 100 {' . ‘Sub-fre?uer}cy 02

50

0.5 1
Time

(b)

1.5

Figure 19. One 0.5mm hole on outer race (a) HHT (b) GEMD-HHT spectrum.

Two 1.0 mm hole on both inner and outer Race

)

The type of damage is with two 1.0 mm holes on both inner and outer race. The HHT and
GEMD-HHT spectrums of the damage are shown in Figure 20a,b, respectively, in which the main
frequency bands are around 190-200 Hz. Observing the GEMD-HHT spectrum of the damage type,
two specific damage characteristics are found: (1) the sub-frequency band is around 10-90 Hz, (2) the
amplitude of the main frequency is weakened.

2504
3501 0.7 0.7
30 0.6 20d( & A A ] 0.6
2250 052 main frequency-weaken 0.5
=
2200 04
g .
E 150f; sub-frequency 03
100 0.2
50 0.1
0 0 0
0.5 1

0.5 15

5 2 .
Time

1 0
T

(ZIS ¢ (b)
Figure 20. Holes of 1.0 mm on both inner and outer race (a) HHT spectrum (b) GEMD-HHT spectrum.

One 1.0 mm hole on inner race

®)

The type of damage is with one 1.0 mm hole on inner race. The HHT and GEMD-HHT spectrums
of the damage are shown in Figure 21a,b, respectively, in which the main frequency bands are
around 190-200 Hz. Observing the GEMD-HHT spectrum of the damage type, two specific damage
characteristics are found: (1) the sub-frequency band is around 15-90 Hz, (2) the frequency of 2nd s
changed from 0 Hz to 5 Hz, and its amplitude is weakened.

250 0.8 250 0.8
0.7 main frequency 0.7
>\.20() st R 06 >\‘200 ks i Lt i 06
5 5

5150 05 5150 0.5
& 043 ) 04
L:_;'l 100 03 E 100 sub-treque\ncy 0.3
\ .2

501 i L g? 50 | ?)1

gy pao LR weaker) I

0 0.5 1 1.5 2 0 0.5 1 15 2

Figure 21. One 1.0 mm hole on inner race (a) HHT (b) GEMD-HHT spectrum.

(6)

The type of damage is with one 1.0 mm hole on outer race. The HHT and GEMD-HHT spectrums of
the damage are shown in Figure 22a,b, respectively, in which the main frequency bands are 190-200 Hz.

Time

(@)

One 1.0 mm hole on outer race

Time

(®)
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Observing the GEMD-HHT spectrum of the damage type, two specific damage characteristics are
found: (1) the sub-frequency band is around 10-85 Hz, (2) the amplitude of the main frequency
is strengthened.

200z R A A R 0.8 zoq A e e 0.8
0.7 main frequency-strengthen 0.7
0.6 160
z 058 3 56
g 5120
=3 04 3, o sub-frequency 0.4
5]
::) 0.3/ 80 v 0.3
0.2 i
401 0.2
0.1 0.1
0 0 0
035 T 1.5 2
Time

(®)
Figure 22. One 0.5 mm hole on outer race (a) HHT (b) GEMD-HHT spectrum.

5.2. Discussion

1. Simplify HHT spectrum: Comparing Figures 15a and 22a, the GEMD-HHT spectrums can be
used easily to observe the damage of the bearing.

2. Classify damage types: The paper focuses on three types of gearing which are healthy, seal
damage, and race surface damage. The main frequency of GEMD-HHT spectrums of the healthy,
seal damage, and race surface damage types are 400, 350, and 200 Hz, respectively. The specific
damage type can be detected easily by using the proposed GEMD model.

3.  Realize damage range/size: The proposed GEMD model can realize the size of the race surface
damage. We found that the sub-frequency bands of the 0.5 mm and 1.0 mm damage types are at
25-75 Hz and 20-100 Hz, respectively, no matter whether the damages are located on the inner,
outer, or both, of the race surface. Thus, by using the proposed GEMD model, the severity of the
damaged bearing can be realized by observing the sub-frequency signals.

5.3. Damage Detection

Based on the BPNN model, the average detection accuracy increased from 97.9% to 98.2% by using
the features extracted from the GEMD-HHT spectrum. The results show that the average detection
accuracy improved by using the proposed GEMD model. Furthermore, the average detection accuracy
improved from 69.5% to 74.6% by using the features extracted from the GEMD-HHT spectrum even in
a noise interference 10 dB, as shown in Table 4.

Table 4. The classification accuracy of bearing damages.

Model Accuracy %
SNR HHT GEMD-HHT
oo dB 97.9 98.2%
30 dB 97.4% 97.6%
20 dB 93.1% 93.9%
10 dB 69.5% 74.6%

6. Conclusions

This paper proposes the GEMD model to select the optimal IMFs, which can observe easily
the HHT spectrum in the detection damage system. The model not only improves the classical
HHT spectrum but also increases the detection damage accuracy based on the BPNN. Even in noise
interferences, the availability and superiority of the proposed GEMD model can be validated in the
damage detection system.
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