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Abstract

In order to effectively extract the weak fault feature of high-speed automaton (HSA) in the
environment with strong noises, a method of fault feature extraction was proposed based on wavelet
packet energy entropy and fuzzy clustering algorithm. In this paper, wavelet packet was utilized to denoise
the vibration signals of three working conditions of automaton, to decompose the signals and then to
obtain eight frequency band energy entropies of each signal. Through processing and analyzing the
features, the results show that there are obvious differences between three conditions, and the fuzzy
clustering algorithm can identify the fault pattern of HSA accurately. The feature proposed by this
extraction approach is proved to be able to effectively reflect the working state of the automaton, therefore
the wavelet packet energy entropy could be considered as the feature parameters of HAS for fault
identification and diagnosis. The fault feature extraction method can also provide a certain engineering
application value for real-time monitoring and early fault diagnosis of this type HSA.
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1. Introduction

High-speed automaton (HSA) is a key component of a gun system, as its working
environment is high temperature, high pressure and high speed, its working reliability and
components’ crack and wear gradually become the focus the gun system monitoring and
diagnosis field. The method of fault diagnosis through analyzing the vibration signal of the
complex mechanical equipment is an effective fault diagnosis method. However fault feature
extraction is the key to the fault diagnosis, it will be related to the reliability and the accuracy of
early fault diagnosis [1].

As the poor working environment of HSA, and its vibration response signal is short-time
and transient , in addition the cracks and wear of some members make the vibration response is
very weak [2-4], so it this is difficult to identify these weak signal. Many methods of processing
and analyzing vibration signals are generally for stationary signal, which often is not applicable
for short-time and transient signals [5]. So studying the method of processing and analyzing the
short-term and transient signal, which can combine with vibration response mechanism and
effectively extract the features seem to be extremely necessary.

The premise of the automaton fault diagnosis is the extraction of fault feature; it will
directly affect the reliability of early fault prediction and diagnostic accuracy of HSA. The
vibration signal generated in firing action is a short-time and transient and non-stationary signal,
so the traditional spectrum analysis method-fast Fourier transform (FFT) can not reflect the
change of response spectrum over time. Because the FFT can only be effective to the
stationary random signal, and it gives the statistical average results from the time domain or the
frequency domain, but cannot obtain the signal’s overall and local features both in time domain
and frequency domain. Even the short-time Fourier transform (STFT) [6] also cannot satisfy the
different requirements of high and low frequencies because of the fixed size and shape of time
window. But the wavelet packet transform (WPT) method can decompose any signal (smooth or
non-smooth) into a wavelet basis function family, which contains a large number of intact
information, and by decomposing and reconstructing the signal in different scales, the
distribution of detailed information of the original signal in different frequency bands can be
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obtained [7]. Currently the WPT has become an effective signal processing technology. In
addition, the information entropy is an effectual quantitative evaluation indicator for the
uncertainty degree of signal’s or system'’s state, which can effectively extract the signal features
in different transform space combined with different signal processing approaches [8].

Therefore, we present a fault feature extraction method based on wavelet packet
energy entropy and fuzzy clustering algorithm In this paper. First, processing the vibration
signals by wavelet packet decomposition and calculating each band’'s energy entropy and
establishing the feature vectors. Then analyzing and comparing the wavelet packet energy
entropies of three working conditions. Finally combining the fuzzy clustering algorithm to classify
the automaton’s working states and identify the fault pattern. By example, the method is proved
to be reasonable and effective.

2. Research Method
2.1. Principle of Wavelet Packet Transform

Wavelet packet transform (WPT) is based on the wavelet transform of further
development, and has more flexibility [9]. The structure of (WPT) is similar to discrete wavelet
transform (DWT). Both have the framework of multi-resolution analysis. We know that the main
difference in the two techniques is that wavelet transform just decompose the part of low
frequency rather than high frequency, so the resolution of the high frequency is low, but the
WPT not only can process orthogonal decomposition in the low frequency component but also
in the high frequency component [10]. Therefore, the WPT have the same frequency
bandwidths in each resolution and DWT does not have this property. The mode of
decomposition does not increase or lose the information within the original signals. Therefore,
the signal with great quantity of middle and high frequency signals can offer superior time-
frequency analysis. The WPT suits signal processing especially no stationary signals because
the same frequency bandwidths can provide good resolution regardless of high and low
frequencies [11-13].

2.2. Wavelet Packet Energy Entropy Extraction [14]

Firstly, getting the sequence Sj'k by wavelet packet decomposition of the original
signals, in which j is the decomposition level, andk =0,1, 2,---, 2 —1. Then according to the time
characteristic of the signal, the obtained sequence S;, is divided into N segments, and
calculating each segment’s energy.

Quw = [ IA®F dt (1)

Where A (t) (i=12,---,N) is the signal amplitude of sequences;, , i is the coefficients of the

subspace after wavelet packet decomposition, t;,_,, t, are respectively the beginning and the

ending time of the ith segment signal.
Then normalizing each segment’s energy, method is as follows:

e, () :M (2
;Qi(i,m

Information entropy is a measurement of information based on a positioning system
under a certain state, it is also a measure of the degree of system disorder, and is applied to the
signal analysis, which can be used to estimate the uniformity or complexity of stochastic signal.
According to the information entropy theory, wavelet packet energy entropy of the jth layer and
the kth frequency band after wavelet packet decomposition can be defined as follows [15, 16]:

Hy=-e, 0ge, () @
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2.3. Fuzzy Clustering Algorithm [17, 18]

The basic idea of clustering analysis is to measure the degree of closeness between
things by similarity, and then achieve the classification. The main steps of fuzzy clustering are
described below:

Step 1. The establishment of the original data matrix. Assume that U ={x,,X,,--, X, }is a
set which contains n objects to be classified, and each object has m elements
X ={Xg %2 X} 1=12,--,n, which are required to describe the classification object's
characteristics well.

Step 2. The standardization of the sample data. In this paper, range transformation
method is used as follows:

X —min{xf }
X ke LUK .

o max {x, | -min{x, }

1<i<n 1<i<n

(k:l, 2""7 m) (4)

After transformation, the value of X, ensures0<x, <1, and the impact of dimension can be

eliminated.
Step 3. Calibration. Calibration is to establish a fuzzy similarity matrix R, and in this
paper Euclidean distance calibration was used and is given by:

r :1—cd(xi—xj)=1—0\/m ©®)

Where c is a coefficient, and it should be appropriately selected in order to ensure0<r; <1.
Step 4 Cluster Analysis. For a finite set, supposeli:[rij]is a fuzzy similarity matrix

(FSM), if it satisfies reflexivity, symmetry and transitivity, the matrixR=[r]is a fuzzy

equivalence matrix (FEM), and then it can be used to classify. If the FSM does not meet the
transitivity, it needs to be transformed. The transform method as follows

[19]: R?=RoR=(S,)
(u=42---,mv=L,2---,n),“v". “A” means “choosing the bigger ", “ choosing the smaller”.
Once R* =R“=R", R'can be regardered as a FEM. For any truncated matrixR’, % e[0,1],

R*=R?0R?..., Where S = V(T AT N,

nxn ’

where R must also is a FEM, during classification each element value can be chosen like this:

the element which is greater than or equal to A should be changed to 1, else be changed to 0.
Then according to the arrangement of 1 and 0O, classification can be achieved.

3. Experimental Analysis
3.1. Experimental Method

In this paper two kinds of faults of high-speed automaton (HSA) were set, including fault
1 (scored atresia impact fillet fault) and fault 2 (scored rotary fillet fault). The three bursts fire
test was completed in the shooting experimental stage under three operating conditions of HSA
(normal, fault 1 and fault 2). Vibration signals of HAS under each working condition were
measured with triaxial acceleration sensor of type 44987 produced in PCB company. The
installation site of the measuring point and the corresponding coordinate is shown in Figure 1,
where the coordinate origin was set in the muzzle position, and the measuring point was located
in the top of the gun breech. The sampling frequency in this experiment was 51.2 KHz, and the
vibration signals in three states (normal, fault 1 and the fault 2) were obtained by DSP system.

This experiment is three bursts fire, and the time of commencing firing of the first bullet
was as the triggering time of data acquisition. The effective length of the signal is extracted from
the beginning of the first shot to the third shot is completed.
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Figure 1. The installation site of measuring point and corresponding coordinate

Figure 2 shows the time domain signals of three working states acquired in y direction of
measuring point. As can be clearly seen from Figure 2, there are obvious differences in
acceleration amplitude of three states. In order to distinguish automaton’s working state more
accurately, wavelet packet transform method was applied, and the energy entropy of each
vibration impulse signal was extracted as fault characteristic parameters, and combined with
fuzzy clustering algorithm, shock and vibration signals generated by HAS were analyzed and
compared.
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Figure 2. The original vibration acceleration signals of each working condition

3.2. Feature Extraction of Vibration Signals

Step 1. Denoising and decomposing the normal vibration signals and two fault signals
to the third level using wavelet packet with db10 wavelet, then obtain eight different frequency
band signals, plotted in figure 3.

Step 2. In accordance with the principle of energy balance, dividing each frequency
band signals into 10 sections. Then utilizing the formula (1), (2), (3) to obtain eight frequency
band wavelet packet energy entropies of the third layer, the calculation results are shown in
Table 1.

Step 3. Construct the feature vector. The feature vector T is composed of 8 wavelet
packet energy entropies sequence of the 3" layer and was shown by:

T =[HO,HLH2,H3,H4,H5H6,H7] 6)
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(c). Eight frequency bands of fault 2 signal

Figure 3. The wavelet packet decomposed results of three conditions
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Table 1. The features of different vibration signals

Samples HO H1 H2 H3 H4 H5 H6 H7

X1 2.8643 2.8888 2.9673 2.9269 3.0191 2.9339 3.0119 2.8014
Normal signals
X,  2.6334 2.8347 2.9681 2.8966 2.6735 2.8509 2.9055 2.6724

Xz  2.5096 2.4037 2.2504 2.3163 2.1314 2.0842 2.3279 2.2248
Fault 1 signals
Xq  2.5829 2.3235 2.4005 221 2.407 2.4608 2.4416 2.3337

Xs  2.6502 2.4139 2.7651 2.5313 2.5766 2.562 2.7644 2.6579
Fault 2 signals
Xs  3.2081 2.4722 2.6081 2.6038 2.5056 2.4823 2.7528 2.5551

Strange sample X7 3.1673 2.6537 2.7004 2.5732 2.7295 2.6114 2.6491 2.4844

Careful contrast of the wavelet packet energy entropy values of each frequency band in
three working conditions of HSA shows up some obviously differences. But in the same kind of
state, each group signal features are very close, and it exists similarities between them. The
characteristics of the normal state are distributed uniformly, and each group energy entropies of
fault 1 and fault 2 are clearly smaller than the normal state, and the distribution of them is more
scattered, which indicates the energy distribution of each frequency band at these two fault
states is interferenced by a certain degree. In addition, it also can be found energy entropy
values of fault 1 are generally less than the fault 2. Accordingly the description of table 1,
wavelet packet energy entropy can be used as the feature parameters of HAS for fault
identification and diagnosis.

Energy entropy

2

4
Working condition 3 1.5 Working condition

o 0.5

Figure 4. Three-dimensional histogram

Selecting any one group feature vector from each state in Table 1, and they are used to
plot a three-dimensional histogram, shown in Figure 4. Where "1", "2", "3" in the x-axis
respectively represents fault 1, fault 2 and normal state, digits 1-8 shown in the y-axis express
eight frequency bands after wavelet packet decomposition with three levels, and z-axis
represents corresponding energy entropy of each frequency band in each state. The differences
of energy entropy in three states are more intuitively seen from the figure 4. The energy
entropies in normal state are generally higher than other two fault states, especially in frequency
band 3, 4, 5 6, 7 i.e. corresponding H2, H3, H4, H5, H6, the differences are most significant,
and in another frequency bands it also has a little of differences. Thence the wavelet packet
energy entropy as the characteristic parameters of HSA for fault diagnosis is reasonable.
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3.3. Cluster Analysis and Results

According to the previously mentioned fuzzy clustering algorithm, the source code was
programmed with computer software. Then, the feature vectors extracted from the vibration
signals were constituted into a sample set of fuzzy clustering, as shown in Table 1. Finally,
processing the feature vectors using equation (4) and formula (5), then the fuzzy equivalent
matrix R"can be acquired under the reconstructed method of transitive closure and is given by:

[1.0000 0.8340 07127 0.7127 0.7127 0.7127 0.7127 |
0.8340 1.0000 0.7127 0.7127 0.7127 0.7127 0.7127
0.7127 0.7127 1.0000 0.7962 0.7143 0.7143 0.7143
R =[0.7127 0.7127 0.7962 1.0000 0.7143 0.7143 0.7143 (7)

0.7127 0.7127 0.7143 0.7143 1.0000 0.7583 0.7583

0.7127 0.7127 0.7143 0.7143 0.7583 1.0000 0.8609

| 0.7127 0.7127 0.7143 0.7143 0.7583 0.8609 1.0000 |

Then using the truncated matrix method to analyze the fuzzy equivalent matrix R, the
analysis results show that the classification result is accurate when A e(0.7143, 0.7583).
Moreover when A =0.7583, the classification result is most detailed, the corresponding sectional
matrix R”,_, .., IS as follows:

21=0.7583

(8)

O O O o o
O O o o o =k
O O © B B O O
O O O B -, O O©
~ B O O O o
R B P, O O ©O O
~ B O O O o

From R’,_, .. it can be seen that the samples are clearly divided into three categories:

{x1, X2}, {xa, X4} and {xs, X, X7}, where x;, X, belong to the normal state, x3 and x4 belong to
fault 1, x5, x6 and the strange sample x7 are all fault 2 signals, it is visibly that the standard
samples can been classified accurately into three categories by sectional matrix R*,_ ..., and
the strange sample can also be identified exactly.

The method of feature extraction and fuzzy cluster algorithm proposed above show that
the wavelet packet energy entropy can be used as the feature characteristic of HAS for fault
diagnoses and identification, and the clustering algorithm can identify the fault state effectively,
which further illustrate the wavelet packet energy entropy used as the characteristic parameters
of HAS for fault diagnosis is feasible. The integrated of the feature extraction method of energy
entropy and the data acquisition system, and the features extracted in this experiment are
established as a standard database sample, we can achieve real-time testing for early fault and
present a reference method of fault diagnose for HAS.

4. Conclusion

Firstly, the proposed feature extraction method of wavelet packet energy entropy is very
effective, and we can see that there are clear differences in energy entropies of three working
conditions of HAS. So it is reasonable to use wavelet packet energy entropy as feature values,
and which also provides a theoretical foundation for fault diagnose of HAS.
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5874 m ISSN: 2302-4046

Secondly, the sample set can be classified by selected threshold value A with fuzzy
cluster algorithm, and the strange sample can also be identified, which further indicates this
feature extraction method is valid.

Finally, the experimental results obtained in this study provide a reliable data for early
fault detection and diagnose of HSA. Meanwhile the proposed method could also supply a
certain reference value for fault feature extraction, faults diagnose and maintenance of other
type automaton.
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