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Multiscale Symbolic Diversity Entropy: A Novel
Measurement Approach for Time-Series
Analysis and Its Application in Fault Diagnosis of
Planetary Gearboxes

Yongbo Li

Abstract—The health condition monitoring of planetary
gearboxes has drawn increasing attention due to the impor-
tance for safety operation and failure prevention. A novel
diagnosis methodology based on multiscale symbolic di-
versity entropy (SDivEN) is proposed in this article. Herein,
dynamical complexity of measured data is quantified by
SDivEn. Compare to other entropy-based descriptors, SDi-
VEn has advantages in its robustness and computation ef-
ficiency. To increase the feature representation capability
of entropy descriptors, multiscale analysis is performed,
where the measurement data in time series is decomposed
into multiple scaled series by using the coarse graining
process and then processed individually by using SDivEn
method. The proposed multiscale SDivEn method is applied
for fault recognition of planetary gearboxes. Experimen-
tal results indicate that the proposed method obtains the
highest accuracy in recognizing seven health conditions of
planetary gearboxes in comparison with three other exist-
ing entropy-based methods.

Index Terms—Entropy, fault diagnosis, feature extrac-
tion, multiscale analysis, planetary gearboxes.

[. INTRODUCTION

UE to their large power transmission capacity and strong

load-bearing capacity, the planetary gearboxes have been
widely utilized in the large and complicated mechanical equip-
ment, such as heavy trucks, aerospace, wind turbines, and other
transmission systems. However, during operation, the key com-
ponents of a planetary gearbox, including the ring gear, sun
gear, and plane gear are particularly prone to damages due to
heavy dynamic loading and highly rough and volatile operating
environment. Any abnormal behaviors in planetary gearboxes
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are very likely to decrease the machinery’s overall performance
and cause severe economic losses in real applications. Therefore,
health condition monitoring and fault diagnosis of planetary
gearboxes play significant roles in preventing catastrophic fail-
ure and ensuring reliable operations of machineries [1].

In the past decades, much research has been done on dynamic
modeling to study fault generation mechanism of gears [2], and
further development of effective fault detection and diagnosis
methods [3]. Moreover, the intelligent fault diagnosis based
on feature extraction and pattern recognition methodology is
a promising tool to accomplish the fault detection and fault di-
agnose [4]-[6]. Generally, the intelligent fault diagnosis method
can be summarized into following three stages: data acquisition;
feature extraction; and health condition pattern recognition.
Among the three stages, the most critical stage is to extract
representative features from the signals with strong background
noises. In compare with many traditional feature extraction
methods, entropy-based method has been demonstrated to be
more effective [7].

As a powerful nonlinear signal analysis technique, entropy
can quantify the regularity or orderliness for a given time
series. When faults occur, the vibration response will change
in its amplitude and frequency distributions, which can further
influence the entropy. Therefore, the entropy-based methods can
be utilized to detect the dynamic changes and further identify
abnormal operations of planetary gearboxes. Compared with
many other signal processing techniques, entropy-based meth-
ods are independent of manual experience and priori knowledge,
and easy to implement. In recent years, several entropy-based
methods have been developed and applied for the health condi-
tion monitoring and fault recognition, such as sample entropy
(SE) [8], fuzzy entropy (FE) [9], and permutation entropy (PE)
[10]. Zhang et al. [11] proposed a novel hybrid intelligent di-
agnosis method, which integrates PE, ensemble empirical mode
decomposition, and optimized support vector machine (SVM).
A fault diagnosis scheme is proposed by Cheng et al using
entropy feature fusion and ensemble empirical mode decom-
position [12]. Li et al. [13] proposed a new signal processing
method by combining adaptive multiscale morphological filter
and modified hierarchical PE for the diagnosis of planetary
gearboxes. Meanwhile, a novel signal processing methodology
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based on Vold—Kalman filter and multiscale SE was proposed
to accomplish diagnosis of planetary gearboxes. Unfortunately,
these existing entropy methods do not work well under strong
background noises without assistance of a denoising process.
In addition, these existing entropy methods have disadvantages
in the analysis of short time series and have low calculation
efficiency [14].

In this article, to solve the above deficiencies, a new entropy
algorithm called symbolic diversity entropy (SDivEn), based on
symbolic dynamic filtering (SDF) and distribution probability is
proposed. SDivEn is composed of the following three steps: first,
an SDF procedure is utilized to reduce measurement noise and
convert the measurement in time series to symbolic sequences,
Second, these symbolic sequences are further used to reconstruct
the phase information between states. Third, the cosine similar-
ity between successive states is calculated to represent the proba-
bility distribution of the state patterns. Due to its noise reduction
capability and data compression capability, SDivEn method
is robust and timesaving in performance. Multiple simulated
signals are applied to prove the more significant performance
of SDivEn in consistency, robustness to noises, and calculation
efficiency compared with SE, FE, and PE. Moreover, to increase
the feature representation capability of entropy descriptors, mul-
tiscale analysis is performed, where the measurement data in
time series is decomposed into multiple scaled series by using the
coarse graining process and then processed individually by using
SDivEn method. The proposed multiscale SDivEn (MSDivEn)
is applied in the condition recognition of planetary gearboxes,
and compared with multiscale SE (MSE) [15], multiscale FE
(MFE) [16], and multiscale PE (MPE) [11]. The comparison
diagnosis results indicate that the proposed MSDivEn performs
best in fault recognizing of planetary gearboxes and gets the
highest classification accuracy.

Overall, the proposed MSDivEn method provides an attrac-
tive avenue for the entropy-based method in noise cancelling
and calculation efficiency enhancement. First, SDivEn is first
developed to extract the fault information with strong back-
ground noises. Then, SDivEn is further extended into multiscale
analysis, namely MSDivEn, for rich fault symptom description.
Finally, we demonstrate that our proposed MSDivEn method
performs best in tracking changes of dynamical behavior and
recognizing different health conditions of planetary gearboxes
via both simulated and experimental data.

The rest of this article is organized as follows. Section II first
introduces the basic concepts and the procedure of proposed
method. In Section III, simulations are carried out to validate
the advantages of the proposed method. In Section IV, the ef-
fectiveness of the proposed method in fault condition recognition
is demonstrated by one case study. Finally, Section V concludes
this article.

[I. METHODOLOGY

A. Symbolic Diversity Entropy

SDivEn employs a three-step procedure to improve the com-
putation efficiency and robustness of existing entropy methods.
First, an SDF procedure is utilized to reduce measurement
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Fig. 2. Schematic diagram of resisting the noise and fluctuations.

noise and convert the measurement in time series to symbolic
sequences. Second, these symbolic sequences are further used
to reconstruct the phase information between states. Then,
the cosine similarity of adjacent states is utilized to measure
similarity and the concept of distribution is introduced, where
the probability distribution of pattern similarity is utilized to
describe the pattern changes.

For a time series S = {s,..., S;, ..., sy} with length N, the
detailed procedure of SDivEn can be calculated following five
steps and the schematic diagram is illustrated in Fig. 1.

Step 1: Encode the raw time-series Sinto the symbol time
series of & symbols y = {y1y2---yn}. As shown in
Fig. 1, the continuous state space is converted into the
discrete state space through SDF, so that the symbol
sequence can be obtained. In this article, maximum
entropy partitioning (MEP) is applied to symbolize the
raw time series. Because variations in data patterns are
more likely to be reflected in the symbol sequence,
which are obtained using MEP than other partition
approaches [17].

According to researches [17]-[20], the procedure of SDF is
robust to measurement noise and spurious disturbances. Parti-
tioning the continuous data into finite blocks and generation of
a symbol sequence can reduce measurement noise. An example
is provided to illustrate the noise with small fluctuations can be
effectively removed. As shown in Fig. 2, X| = {x;, 212,213}
represents the initial sequence, X, = {2y, 222, ¥23 }and X3 =
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Fig. 3. Advantages of SDF. (a) Reservation of amplitude characteris-
tics. (b) Enhancement of SNRs. (c) Reservation of frequency distribution
characteristics.

{x31,x32, 33} represent the sequence after noise interference.
As aresult of noise interference, the amplitude of the time series
will fluctuate around the true value. Through SDF procedure,
the sequences become the same, as {3, 8, 5}. Thus, SDF has
advantage of resisting the noise and fluctuations.

For a better understanding of the advantages of SDF, Fig. 3
gives aclear illustration. As shown in Fig. 3(a), it can be observed
that it works well in tracking the dynamic change of signals
using encoding strategy. Seen from Fig. 3(b), it can be seen that
the symbolization can directly enhance the signal-to-noise ratios
(SNRs) [21]. Through SDF procedure, the SNR of time series
are increased to 12 from 10.5 dB. In Fig. 3(c), the time series is
converted into a symbolic sequence and fast Fourier transform
(FFT) analysis is conducted. From Fig. 3(c), it can be observed
that the sideband of intrinsic frequency is not discarded and
the frequency distribution is well reserved. This phenomenon
indicates that the fault information can be reserved effectively
after symbolization process. Therefore, the symbolization of
time series has the merits in information reservation and SNR
enhancement.

Step 2: Based on Taken’s Embedding theorem, construct
the state vector X" = {y, Yitn,- - Yit(m-1)2} in a
phase space with a dimension of m and time lagged
variable of A as follows:

T
X(m)= X[ X X
Y1 Yi+a <o Yk (m-1a
= Yi Yita cos Yigk(m—1)a
YN—(m—Dr YN—(m—1)rdn - -+ YN

&)

As illustrated in the step 2 of Fig. 1, through phase-space
reconstruction, a series of vectors can be obtained.

Step 3: Measure the similarity between the adjacent symbol
sequences using cosine similarity. Then, a series of co-
sine similarities(Simy, ... Simg, ..., Simy_(m-1)2—1)
can be obtained. The cosine similarity between two
symbol sequences X" and X"} | is expressed as

Sim; = Sim(X;", X))

COS(Xim, Ln-&l-l)

XX
S Ml e 4 WY )
X X ]

As shown in the step 3 of Fig. 1, cosine similarity measures
the similarity between two symbol sequences of an inner product
space by the cosine of the angle between two vectors. Note
that since symbol sequence is positive after symbolization, the
range of the cosine similarity Sim; is [0, 1]. Obviously, a large
cosine similarity represents that there are dynamical changes of
similarity, predictability, or periodicity between two sequences.
On contrary, a small cosine similarity indicates a dynamical
phenomenon of diversity, stochasticity, or chaos.

Step 4: Partition the range [0, 1] of cosine similarity into €
intervals denoted by I, I, . .., I, as shown in the step
4 of Fig. 1. Next, we count the quantity of falling
into each interval /I and obtain the state probability
P, ..., P).

Step 5: Define the SDivEn value by the classical formula of
Shannon entropy, which can be expressed as

1 €
SDivEn(m, A, &) = —i Z P.InP.. (3)
k=1

The pseudocode of SDivEn can be seen in algorithm 1. Here,
the entropy is the measure of signal complexity. The larger
the entropy, the more complex the signal. Thus, the value of
SDivEn is monotone and increases in the range of [0, 1] as the
increasing of complexity. Physically speaking, SDivEn tending
to 0 indicates that the time series is with a low complexity, such
as a constant signal, sine signal, or periodic signal. In contrast,
a larger SDivEn value indicates that the time series is more
stochastic and irregular, which contains high complexity.

B. Multiscale Symbolic Diversity Entropy

However, SDivEn is a single-scale analysis approach, which
describes the characteristics at only one scale and contains
poor feature information. To increase the feature representation
capability of entropy, multiscale analysis is performed. Multi-
scale analysis is proposed by Costa, which can represent the
complexity of a time series over a range of scales. Therefore,
multiscale SDivEn (MSDivEn) is further proposed to describe
the fault characteristics over multiple scales. In this method, the
measurement data in time series is decomposed into multiple
scaled series by using the coarse graining process and then
processed individually by using SDivEn. The detailed procedure
is given as follows.
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Algorithm 1: Symbolic Diversity Entropy.

Algorithm 2: Multiscale Symbolic Diversity Entropy.

Input: Time series S = {s1,..., S;, ..., SN }, embedding
dimension m, and the number of symbols £, time
lagged variable A.

Output: SDivEn

1 Encode the time series S into symbol time series
y = {y1y2 - - - yn }with £ symbols.

2 M=N-(m-1)

3 fori=1:Mdo

4 forj = 1:m do

5 X (i) = yi + ( — D)
6 end for

7 end for

8 fori=1:M-1do

9 Sim; = Sim(X[™, X[",) = cos(X[™, XI",)
10 end for

11 [A] = histcounts(dist,0: 1 : 1)

12 P = A/sum(A)

€
13 SDivEn = —ﬁ El Pk lnPk

Step 1: Given a time series X = {x, 22, - , 2y}, divide it

into coarse-grained series y(k) = {y](k) . ,yz(,k')}, p=
[¥],1 < k < 7 according to
ik
(k1 N
A ’Lal <j<— 4
! L ml<i<y @
i=(j—1)k+1

where 1 < k£ < 7. To obtain the coarse-grained time series at

the scale factor of k, the original time series is divided into non-

overlapping windows of length & and the data points inside each

window are averaged. The original time series has a scale factor

of 7 = 1, and it can be represented by (1.

Step 2: Compute SDivEn value to quantify the stochasticity or
irregularity of the coarse-grained time series, which can
be expressed as:

MSDivEn(X, 7, m,e,1) = SDivEn(y*, m, ¢, 1), 1
<k<T (5

The pseudocode of MSDivEn can be seen in algorithm 2.

C. Fault Diagnosis of Planetary Gearboxes

The proposed fault diagnosis method using MSDivEn consists
of two stages. First, extract the fault information from vibration
signals of planetary gearboxes using MSDivEn. Next, SVM is
applied as a classifier to identify different health conditions since
SVM has a high computing efficiency, which is simple and easy
to be implemented. This two-stage method can be further broken
into the following four steps.

1) Collect the vibration signals of planetary gearboxes under
various conditions.

2) Extract fault features using MSDivEn.

3) Train SVM classifier using the obtained fault features.

Input: Time seriesX {z(n),n = 1,2,..., N}, embedding
dimension m, the number of symbols ¢, time lagged
variable A, and the scale factor 7.

Output: Multiscale symbolic diversity entropy (MSDivEn)

1 fork=12,...,7do
2 obtain the coarse-grained time series
K) (k k
y® = {yPu” Y = (3
3 Compute the SDivEn valve of y(*)

4 Augment the data MSDivEn;, =
{MSDivEn,.;_; SDivEn(y*, m,e, 1)}
5 end for.

4) Test the trained classifier and obtain the diagnosis results.

[ll. SIMULATION EVALUATION

The proposed SDivEn method has the following three advan-
tages: high consistent performance regardless of data length;
robustness to the noise; and high calculation efficiency. To
demonstrate these advantages, SDivEn is compared with other
three used commonly entropy methods, including SE, FE, and
PE by using some simulated signals. The corresponding pa-
rameters are selected following the in [11] and [16]. SDivEn:
dimension m = 3, time lagged variable A = 2, the number of
symbols e= 20, SE: dimension m = 2, the tolerance for accepting
matches r = 0.15, PE: dimension m = 5, and FE: dimension m
= 2, the tolerance for accepting matches r = 0.15.

A. Consistency

Consistency measures the influence of data length and its
complexity estimation value. Here, the white Gaussian noise
(WGN) and 1/f noise with different data points are utilized to
test the performance of four methods in consistency. The length
of two noises varies from 50 to 1000 with interval 50. To reduce
the effects of the randomness, 100 trials are carried out using
four methods: SDivEn; SE; FE; and PE, and the average values
with its corresponding error bars are calculated.

From the analysis results using 1/f noise and WGN as shown
in Fig. 4(a) and (b), respectively, it can be found that SE and
FE generate large error bars when analysis of short time series,
especially for data points N < 600. Moreover, the undefined
SE values may occur when the data points N < 100. This
phenomenon indicates SE and FE methods have restrict require-
ments for the data length. As suggested in[22], the length of the
time series is suggested to be in the range of 10 to 30 m to obtain a
reasonable SE and FE value, so that it will limits its applications
in analysis the short time series especially combination with the
multiscale analysis.

On the contrary, PE and our proposed SDivEn methods can
both generate smaller error bars, and thus be almost free of data
length influence. However, it can be observed that PE values
show an increasing trend with poor consistency for data points
N < 200, while our proposed SDivEn method approximates to
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Fig. 5. Performances of the four entropy statistics on distinguishing

Logistic systems at different SNR values. (a) Symbolic diversity entropy.
(b) Sample entropy. (c) Fuzzy entropy. (d) Permutation entropy.

a constant line as shown in Fig. 4. This phenomenon indicates
that SDivEn is less depended on the time series length so that
it is valid in analyzing short time series and SDivEn has strong
relative consistency of different data points.

B. Robustness

To investigate the noise robustness of SDivEn, logistic
datasets {x|z;+1 = Rx;(1 — x;)} (Where x; is set as 0.1) for R
=3.5,3.7,3.8,and 3.9 are applied. The time series are generated
after a transient period of 1000 points with data length N = 2000.
It should be noticed that R = 3.5 generates the periodic (period
four) dynamics with R = 3.7-3.9 produce chaotic dynamics with
increasing complexity. Here, the entropy, which is the measure
of stochasticity, should exhibit higher entropy values for chaotic
dynamics than periodic dynamics. Therefore, the entropy values
of four signals, theoretically, are listed as: Eng — 3.5 <Engp — 3.7
< Eng = 3.8 <Enpg = 3.9. Also, after adding the noise, the same
order of complexity should be kept. The noises with different
SNR are added into logistic datasets to test the robustness. Note
that the SNR of four signals varies from 40 to 10 dB with interval

(a) (b)

for i=1:N-m

" = for j=1:N-m
"

o [A max(rG ) G+ > 7
counter=counter+1 N

d = max {|(x(+ k) — 1, (1)
—(x(j + k) —uy (DI}
D=e

(©) (d)

rfor i=1:N-m+1
| | For i=1:N-(m-1)A-1

For j=1:m!

_ | N X" xm"
’ if Per(x(i)) = template Per( /) ‘ ;
_

counter=counter+1;

Fig. 6. Main calculation loop of four entropy methods. (a) Sample
entropy. (b) Fuzzy entropy. (c) Permutation entropy (per indicates per-
mutation). (d) Symbolic diversity entropy.

of 2 dB. Fig. 5 shows the performance results on distinguishing
Logistic systems with different SNR values.

From Fig. 5, when SNR = 40, only the PE curves are not con-
sistent with the complexity arrangement of different R values.
By contrast, SE, FE, and SDivEn all can correctly distinguish
the datasets of different parameter R. However, as noise is
superimposed and SNR decreases, the distinction between the
logistic systems turns out to be different. In Fig. 5(b), when the
noise level comes up to 36 dB, there is mixing phenomena for SE
method. Similarly, from Fig. 5(c), when the SNR decreases to
26 dB, FE fails in the system distinction. In Fig. 5(d), PE cannot
distinguish the logistic datasets of different R correctly from
40 to 10 dB. Among four methods, only the SDivEn statistics
can correctly distinguish the datasets over different noise levels,
as shown in Fig. 5(a). This comparison results visually verify
that the proposed SDivEn is the most robust than other entropy
methods, and it offers a more practical approach that will work
under conditions with high background noise.

C. Calculation Efficiency

To investigate the calculation efficiency of SDivEn, the time
complexity is calculated. For comparison, the time complexity
of SE, FE, and PE are also listed as O(N?), O(N?), and O(N),
respectively, as shown in Fig. 6. We assume that all elementary
operations take the same value of time. SDivEn has a temporal
complexity of O(N) according to the definition of SDivEn in
Algorithm 1, as shown in Fig. 6(d).

To compare intuitively the calculation efficiency, the running
time of Section III-B is counted. The computer configuration
is Core 17-6700HQ @2.6GHz and 16GB RAM with MATLAB
R2018a and the results for each method are given in Table I.
The obtained results visually show that our proposed SDivEn
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TABLE |
TIME COMPLEXITY AND CALCULATION TIME OF FOUR ENTROPY METHODS
Method SE FE PE SDivEn
Time complexity o) O(N?) O(N) o)
Calculation time (s) 39.59 95.80 3.19 0.59
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Fig. 7. Performances of four entropy statistics on impulse detection.
(a) Waveform of the synthetic gearbox signal. (b) Symbolic diversity
entropy. (c) Fuzzy entropy. (d) Permutation entropy. (e) Sample entropy.

consumes the least amount of time. It further confirms that
SDivEn has a desirable calculation efficiency and it can be used
in online condition monitoring of machinery.

D. Impulse Detection

To confirm the effectiveness of SDivEn in detecting gear fault
severities, the synthetic planetary gear faulty signals have been
constructed according to [23]. Here, the planetary gearbox with
normal condition and different cracked fault severities are con-
sidered in the simulated study. In addition, the white Gaussian
noise SNR = —5 dB is added to simulate the noisy environment.
The time-domain waveform of the simulated signal is illustrated
in Fig. 7(a). A comprehensive comparison analysis is conducted
between the SE, FE, PE, and SDivEn methods. Note that the
length of simulated signal is 51 000 and the signal is cut out
using the sliding windows of 2048 with a moving step length
of 512, which means a sliding window data with 25% overlap
moving along the signal.

Here, the absolute difference value between the average
entropy value of the first 10 samples (normal samples) and
entropy value of other samples is computed to assess the impulse
detection ability. The obtained results are illustrated in Fig. 7
(b)—(e). Seen from Fig. 7(b)—(e), it can be observed that only
SDivEn and FE are able to detect the impulses. However, the
proposed SDivEn shows better robustness for noise than FE
method, which can even clearly differentiate two fault severi-
ties. The fault detection performance of four methods is listed
as: SDivEn>FE>PE>SE. The comparison results indicate that
the proposed SDivEn method can greatly enhance the impulse
detecting ability.
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Fig. 8. Performance of SDivEn with different parameter e.

E. Parameter Selection Analysis

There are four parameters needed to be set before using
MSDivEn method including m, €, Aandr. Just like PE and SE,
the time delay A has little influence on the results [24], we
recommend to set A=2. The dimension m of SDivEn represents
the length of sequences to be compared. A larger m allows more
detailed reconstruction of the dynamic process. Conversely, if
the dimension m is too large, it requires long time series, which
cannot be realized in real-case application [25]. Following[26],
m is fixed to 3 in this article. The scale factor 7 relates to the
dimension of features. Because a smaller scale number will
eliminate the performance in feature extraction, while a larger
scale will result in dimension disaster and enhance the CPU
time [9]. Therefore, here, we recommend to set 7=10t020 in
this article.

The parameter ¢ is the number of symbols. To evaluate the
performance of SDivEn with different parametere, the Logistic
datasets {z|z;11 = Rx;(1 — x;)} (where xq is set as 0.1) for R
=3.5,3.7,3.8,and 3.9 are applied for parameter ¢ selection. The
time series are generated after a transient period of 200 points
and the datalength is N = 1000. Theoretically, the entropy values
of four signals are listed as: En p — 35< En g — 37< En p
— 3.8< En p = 3.9. The obtained entropy values with different ¢
values are shown in Fig. 8. When € = 2t07, the entropy curves
are not consistent with the complexity arrangement of different R
values. Moreover, there is mixing phenomena when € = 3and6.
When ¢ = 8, the SDivEn value with different R values are
in good agreement with the actual ones. In general, as more
symbols are incorporated, the antinoise ability can be reduced.
While, less symbols will result in SDivEn cannot extract enough
fault information. Hence, ¢ is suggested to set 10-20, and we
select € = 20 in this article.

V. EXPERIMENT EVALUATION

An experiment is carried out to evaluate the performance of
proposed method for health diagnosis of a planetary gearbox.

A. Test Rig

The experiment is conducted on an industrial planetary gear-
box system located at Shandong University, as shown in Fig. 9(a)
[27]. The planetary gearbox is composed of the driving motor,
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1% stage 2" stage
planetary gearbox  planetary gearbox

(b) (©)

(d) (e) ®

Fig. 10. (a) Broken tooth on sun gear of first stage (BTSG). (b) Broken
tooth on planet gear of second stage (BTPG). (c) Broken tooth on ring
gear of second stage (BTRG). (d) Broken tooth on sun gear of second
stage (BTSG). (e) Cracked tooth on sun gear of second stage (CTSG).
(f) Pitted tooth on sun gear of second stage (PTSG).

TABLE IlI
DETAILED ARRANGEMENTS OF THE EXPERIMENTAL DATA

Fig. 9. Planetary gearbox experiment system. (a) Experimental test —
rig. (b) Planetary gearboxes. (c) Second row of planetary gearbox [27]. Health conditions Class Number of Number of
First stage Second label training data testing data
stage
TABLE Il Normal Normal 1 75 25
PARAMETERS OF THE EXPERIMENTAL TEST RIG BTSG Normal 2 75 25
BTPG Normal 3 75 25
- - Normal BTPG 4 75 25
Gearbox First gear stage Second gear stage Carrier Normal BTRG 5 75 25
Gear Sun  Planet Ring Sun Meshed-planet Ring Normal BTSG 6 75 25
Normal CTSG 7 75 25
No. ofteeth 30 21 72 30 21 21 78 Normal PTSG 8 75 25
rotational
speed(HZ) 0 816 476 700 184 856 476 336 . 0
AT ey i
-5 —10‘ |
. . . () (b)
control unit, load device, cooling system, one fixed-speedup 2 E ‘
gearbox, and one test-planetary gearbox. Fig. 9(b) and (c) %‘)22“ ot} ‘ OJ bbbt
. . . . - -5
presents the industrial test-planetary gearbox. The industrial E (© (d)
test-planetary gearbox can accomplish three forward and back- g N N ISARTYTEUT TR
ward gear rotations via the five gear stages and clutches. We i S T (’ﬂ' AN
€

design the experiment on the first planetary gear and second
meshed-planet gear, which are connected via carrier. To mea-
sure the vibration signals, one three-axis vibration acceleration
sensor is mounted on the gearbox casing. The parameters of
these compound gears set is given in Table II. Note that the
transmission ratio is 2.08. In the case study, eight condition
types of compound planetary gear are considered. The damage
types consist of the broken tooth, cracked tooth and pitting tooth
occurring on both sun gear and planet gear of first and second
stages. Fig. 10 presents the photos of damaged gears, including
broken tooth on planet gear, broken tooth on ring gear, broken
tooth on sun gear, cracked tooth on sun gear, and pitted tooth
on sun gear. Here, the sampling frequency of data acquisition
system is set to be 5120 Hz. The 200 N-m load is designed to
simulate the real application scenario with rotation speed of 700
PRM.

For each working condition, the collected data are divided
into several overlapping samples. It is noticed that each health
condition has 100 samples. Each sample contains 2048 data

-5

002040608 1 12141618 2 7002040608 1 12141618 2

(@ (h)
Time(s)

Fig. 11.  The vibration signals of each health condition for planetary
gearbox. (a) Normal. (b) BTSG of first stage. (c) BTPG of first stage. (d)
BTPG of second stage. (e) BTRG of second stage. (f) BTSG of second
stage. (g) CTSG of second stage. (h) PTSG of second stage.

points and there are total 800 samples. These details are given
in Table III. Also, Figs. 11 and 12 illustrate the corresponding
time-domain waveforms and FFT spectra with eight health
conditions, respectively.

B. Experimental Results

For comparison purposes, MSE, MFE, and MPE are all
applied to extract fault features, and the obtained features are
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2 2 TABLE IV
1 ' { IMM CLASSIFICATION RESULTS OF PLANETARY GEARBOX
0 0
@ (b)
2 15 Method Mean testing Standard Average
1 0_]5 accuracy deviation time(s)
g0 o 0 e SDivEn-SVM 55.42% 2.71% 6.84
= ¢ ) SE-SVM 52.47% 2.68% 264.09
g2 L FE-SVM 69.80% 2.69% 1023
<1 il 05 PE-SVM 39.93% 2.35% 335
e L 0 MSDivEn-SVM 93.42% 1.30% 20.01
) s MSE-SVM 64.45% 3.63% 431.95
) MFE-SVM 87.83% 2.02% 1616
0 o il ounrbts o el MPE-SVM 76.10% 2.68% 110.06
0 500 1000 1500 2000 0 500 1000 1500 2000
o) (h)
Frequency (Hz)
Fig. 12. Spectra of eight health conditions. (a) Normal. (b) BTSG of than MSE because MFE has used the fuzzy set theory, which

first stage. (c) BTPG of first stage. (d) BTPG of second stage. (e) BTRG
of second stage. (f) BTSG of second stage. (g) CTSG of second stage.
(h) PTSG of second stage.
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Fig. 13.  Classification accuracies of four methods under eight working
conditions.

used as input in the SVMs for pattern identification. The pa-
rameter optimization of the SVM classifier is obtained by using
a grid-search technique with five-fold cross-validation so that
the optimal penalty parameter C and the kernel parameter -y of
radial-basis function kernel can be determined [28]. Note that
the scale factor 7 = 15 in the experiment and we can obtain 15
features. The diagnosis results are shown in Fig. 13.

It can be seen from Fig. 13 that the classification accuracy
of the MSDivEn-SVM has the highest classification accuracy
compared with MSE-SVM, MFE-SVM, and MPE-SVM in all
working conditions. The diagnostic performance of these four
methods follows a decreasing order of MSDivEn > MFE > MPE
> MSE. The comparison results can be explained in the fol-
lowing way. Compared with other entropy methods, MSDivEn
method has the advantage of resisting noises by using SDF while
maintaining the fault information of vibrations. Hence, the fault
information embedded in vibration signal can be extracted from
strong the background noises. Moreover, the utilization of cosine
similarity and distribution can describe the state distribution
using the statistical probability of pattern similarity with high
accuracy. This will enhance the generalization ability and fault
diagnosis performance of MSDivEn-SVM with low standard
deviation value. Meanwhile, the accuracy of MFE is higher

enhances the performance in dynamic detection with a more
accurate complexity estimation results.

To reduce the randomness effect, 20 trials are conducted
for each method, and then the average accuracy and elapsed
time of feature extraction is computed for each method. The
results are illustrated in Table IV. Seen from Table IV, it can be
found that MSDivEn-SVM, MPE-SVM, MFE-SVM, and MSE-
SVM obtain higher recognition accuracy than SDivEn-SVM,
PE-SVM, FE-SVM, and SE-SVM. The phenomenon indicates
that multiscale analysis can extract more feature information
over different scales, which can prove the effectiveness of the
multiscale analysis. Moreover, as given in Table IV, it can be
observed that among eight methods, MSDivEn-SVM method
obtains the highest classification accuracy with the smallest
standard deviation. It confirms the advantage of MSDivEn in
feature extraction. For the time consumption comparison, it can
be seen that MSDivEn has the highest calculation efficiency
among seven methods except SDivEn. It implies that MSDivEn
not only performs well in feature extraction, but also meets the
online detection requirements for real applications.

To facilitate visualization, t-SNE method is utilized to obtain
2-D visualization figures as illustrated in Fig. 14. Seen from
Fig. 14(a), for MSDivEn, it can observed that there is a distinct
class center for each class and few samples scatter from the class
center, which will make it easy for SVM classifier to classify. For
MFEFE, the class center of classes 2, 4, 7, and 8 is clear, but the class
center of classes 1 3, 5, and 8 are ambiguous. On the contrary,
each category is scattered and the boundary is indistinguishable
for MSE and MPE method. In summary, compare with MPE,
MFE, and MSE, there is a nice boundary and distinct class center
of each class for MSDivEn method, which further validate the
feature extraction ability of MSDivEn.

In order to test the robustness of our proposed method, we
continuously add white Gaussian noise into the experimental
signals. The SNR varies from 0 to —20 dB with the step of
1 dB. The effect of noise on the diagnosis results is conducted
between MSDivEn, MSE, MFE, and MPE methods. The com-
parison results are shown in Fig. 15. As can be seen from
Fig. 15, the testing accuracies of all methods decrease with the
decreasing of SNR. For MSE, MFE, and MPE methods, the
corresponding classification accuracies start decreasing around
—10 dB. For the proposed MSDivEn method, the classification
accuracies start decreasing around —15 dB. It can be observed
that the MSE method achieves the worst performance with
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()

Fig. 14. 2-D feature visualization using t-SNE for four methods. (a)
Multiscale symbolic diversity entropy. (b) Multiscale sample entropy. (c)
Multiscale fuzzy entropy. (d) Multiscale permutation entropy.
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Fig. 15.  Testing accuracies of MSDivEn, MSE, MFE, and MPE under
different SNR conditions.

the lowest mean testing accuracy among four methods. MPE
method benefits from the permutation process, which actually is
a kind of symbol dynamic filter, and MFE method benefits from
the noise-resistant ability of fuzzy set. Hence, MFE and MPE
methods perform better than that of MSE. Moreover, it can be
found that the proposed MSDivEn method achieves the highest
testing accuracy with smallest decreasing ratio. This indicates
the proposed MSDivEn has the best robustness ability to noise,
which coincides with the simulated result in Section III-B.

The FFT spectra before and after SDF for the broken tooth on
first-stage planet gear are shown in Fig. 16. According to[29],
the fundamental meshing frequencies are fi = 168 Hz for the
first gear stage and f, = 182 Hz for the second gear stage.
Note that the fault frequency f,, = 7.6 Hz, which is equal to
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Fig. 16. FFT spectra of the broken tooth on first-stage planet gear.
(a) Spectra without SDF. (b) Local amplification spectra without SDF. (c)
Spectra with SDF. (d) Local amplification spectra with SDF.

TABLE V
CFIC VALUES OF THESE EIGHT CONDITIONS BEFORE AND AFTER SDF
Condition 1 2 3 4 5 6 7 8
‘ﬁf}fuf‘;'g} 0.8 0.7 016 016 015 017 014 0.16
C;;tlg ‘S’?)l‘;"‘ 028 0.8 027 021 026 024 021 0.19

the sideband interval frequency. It can be observed that the
sidebands of original signal heavily masked by the background
noise without using the SDF. This is because the periodic impacts
caused by localized damage have low energy, which is buried
in the strong interference noises. By contrast, the fundamental
meshing frequencies and sidebands can be clearly observed after
SDF-based filtering process. Meanwhile, the FFT spectra after
SDF-based filtering process are smoother with fewer burrs.
Moreover, a characteristic frequency intensity coefficient
(CFIC) [30] is employed to quantify the performance of the
above analysis results, which can be expressed as follows:

M N
CFIC =Y Ais/ > Awg, (6)

k=1 j=1

where Ay, ¢ represents the amplitude of the kth harmonic of the
fault frequency, Ay, is amplitude of the frequency f;, M is the
number of harmonics of the fault frequency, and N is number of
frequency components in the frequency spectrum.

The CFIC represents the portion of the fault frequency am-
plitude to the overall frequency amplitude. Obviously, a larger
value of CFIC implies a better fault detection. The CFIC of eight
conditions before and after SDF are calculated. In this article,
M is set to be 4 and N is set to be 800. The CFIC values of
these eight conditions are given in Table V. Seen from Table V,
larger CFIC values can be obtained after SDF. The compared
results have demonstrated that the proposed method performs
best in resisting the noises. It can be concluded that SDF helps
to remove the noises and enhance the fault characteristics of
planetary gearboxes under the eight conditions in fault detection.

C. Parameter Sensitivity Analysis

The sensitivity analysis of four parameters, including scale
parameter 7, dimension m, time lagged variable A, and the
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Fig. 17. Diagnosis results using different scale factor 7.
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Fig. 18. Parameter sensitivity the dimension m, time lagged variable

A, and the number of symbolse.

number of symbols € are considered, and their effects on the final
diagnosis performance have been investigated in this article.

To investigate the effect of scale parameter 7 on multiscale
analysis, the diagnostic performance of MSDivEn with different
scale factor 7 is tested and the obtained results are shown in
Fig. 17. From Fig. 17, it can be observed that, with 7 increasing,
both the classification accuracy first presents an increasing trend
and levels off gradually for MPE, MFE, and MSDivEn method.
However, classification accuracy of MSE first increases and then
decreases gradually. This is because that the coarse-graining
process will reduce the length of a time series considerably at
large scales, and SE is thus invalid in analyzing short time series.
It is indicated that a too small value of 7 will lead to the loss
of fault information, while a too large value of 7 will lead to
information redundancy, which even degrade the classification
performance. Therefore, the scale parameter 7 is suggested to
take 10 to 20.

Next, we will discuss the effect of the dimension m, time
lagged variable A, and the number of symbols €. The results of
MSDivEn under different parameter combinations are illustrated
in Fig. 18. From Fig. 18(a), it can be observed that when the ¢
value is fixed, m = 3 obtains the highest classification accuracy.
A smaller m obtains less detailed reconstruction information of
the dynamic process. Conversely, if the dimension m is too large,
it may reduce the numbers of reconstruction vectors, which lead
to the loss of some information. Moreover, the valuee also relates
to the information reservation of time series. From Fig. 18(a)
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Fig. 19.  Effect of training sample size for MSDivEn, MSE, MFE, and
MPE methods.

and (b), it can be found that the classification accuracy seldom
changes with the increasing of  from 10 to 50. This phenomenon
indicates that the value ¢ makes little influence in the range
of 10-50. From Fig. 18(b), it can be observed that the time
lagged variable A has limited influence to the final classification
accuracy; thus, it thus has little effect on the performance of
MSDivEn.

We also tested the performance of our proposed method using
different percentages of samples as training samples (the remain-
ing samples will be considered as test samples). Six percentages
were tested: 15%, 30%, 45%, 60%, 75%, and 90%. To reduce
randomness, 20 trails were conducted for each percentage. The
averaging testing accuracies were calculated and illustrated in
Fig. 19. It can be observed that the testing accuracy increases
with the increase training samples for all entropy methods.
However, the proposed MSDivEn method can still obtain the
highest classification accuracy with different training sample
size among the four methods. The comparison results validate
the superiority of MSDivEn method in extracting weak charac-
teristics of planetary gearboxes.

V. CONCLUSION

In this article, a novel complexity analysis algorithm, namely
SDivEn, was proposed to measure the regularity or orderliness
of the time series. Compared to other entropy methods, SDF
and the concept of distribution are introduced for complexity
measurement. Multiple simulated signals were used to verify
the merits of SDivEn in consistency, robustness to noises, and
high calculation efficiency. Aside from that, to increase the fea-
ture representation capability of entropy descriptors, multiscale
analysis was performed, namely MSDivEn, which was applied
for condition recognizing of planetary gearboxes. The proposed
method achieves the highest average classification accuracy of
93.42% in recognizing seven fault types of a planetary gearbox
compared with MSE, MFE, and MPE methods. Moreover, we
proves that MSDivEn performs better than MPE, MFE, and MSE
methods in two categories: MSDivEn does a better job in remov-
ing environment noises while preserving information; and it has
a higher calculation efficiency. This implies that the proposed
method was used for online health condition monitoring and
diagnosis.

Authorized licensed use limited to: NORTHWESTERN POLYTECHNICAL UNIVERSITY. Downloaded on June 27,2023 at 00:08:13 UTC from IEEE Xplore. Restrictions apply.



LI et al.: MULTISCALE SYMBOLIC DIVERSITY ENTROPY: A NOVEL MEASUREMENT APPROACH FOR TIME-SERIES ANALYSIS

1131

In this article, the proposed MSDivEn method was tested
and demonstrated to be effective in diagnosing several faults
of constant load torque and speed. However, the effectiveness of
variable speed/variable load torque was unknown. In our future
work, we will test the effectiveness of MSDivEn in the variable
working conditions combined with order-tracking technique,
such as Vold—Kalman filter. Moreover, the fault mechanism
based entropy fault diagnosis method will be further studied
through dynamic equations and responses.
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