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Abstract. Reliability analysis based on equipment's performance degradation characteristics is
one of important research areas for reliability engineering. Many researcher work on multi-sample
analysis, but it is limited for single equipment or small sample reliability prediction. Therefore,
the method of reliability prediction based on state space model (SSM) is investigated in this
research for small sample analysis. Firstly, signals about machine working conditions are collected
based on-line monitoring technology. Secondly, wavelet packet energy parameters are determined
based on the monitored signals. Frequency band energy is regarded as characteristic parameter.
Then, the degradation characteristics of signal to noise ratio is improved by moving average
filtering processing. In the end, SSM is established to predict degradation characteristics of
probability density distribution, and the degree of reliability is determined. Milling cutter is used
to demonstrate the rationality and effectiveness of this method. It can be concluded that this
method is effective for milling cutter reliability estimation based on the data analysis. It also
contributes to machine condition remaining useful life prediction.

Keywords: reliability prediction, state space model, feature extraction, moving average, milling
cutter.

1. Introduction

Reliability analysis based on equipment's performance degradation characteristics is one of the
important research areas for machine safety operation. The operation equipment reliability
estimation can let the operator accurately know equipment status, which is important to the safety
production. The traditional methods about reliability analysis rely on large sample experiment and
statistical approach. It is time-consuming and it can’t run for a small sample equipment, such as
gas turbine, centrifugal compressor, and so on. In the most cases, there is no two same machines
with identical condition. At the same time, the data is very changeable and difficult to collect.
Therefore, the traditional analysis method is not suitable for prediction. How to effectively
improve the small samples reliability estimation method is urgently needed, especially for single
equipment prediction. Milling cutter (MC) is the key component during production process, such
as centrifugal impeller, diesel engine cylinder head, and so on. It is important and keep in working
in normal condition and know the reliability of the milling cutter. In the most cases, degradation
is the main failure for MC.

Reliability reflects the health degree of equipment and provides important information for
equipment remaining life. There are many researchers investigating on reliability analysis in this
area. Chinnam et al. put the thrust and torque on-line monitored in the process of high-speed steel
drill for running status analysis. Polynomial regression models including Gaussian white noise are
investigated. Neural network is applied on life prediction process [1]. LU et al. uses quadratic
exponential smoothing time series forecasting model for real-time reliability estimation [2].
ZHANG et al. [3] extract the characteristic indicators of vibration signals in the bearing life
test-rig, such as RMS value, peak-peak value, and kurtosis. Combined with bearing temperature,
there are in total four indicators. The recursive Bayesian analysis method is used to estimate the
reliability. Gebraeelet al. [4] extract feature from the vibration signal of real-time monitoring
bearing as degradation indicators. Neural network is used to predict life distribution of bearing.
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FONG points out that degradation situation of each individual equipment is unique because of the
difference of operation environment and using conditions. Condition monitoring information in
running can be made reliability evaluation and prediction effectively for single equipment [5].
Cheng [6] conducts condition monitoring data to estimate reliability on individual equipment, the
lack of experience information and many uncertainty in equipment operation are considered.
Failure threshold and degradation model are difficult to be directly confirmed. Therefore, he
proposes a reliability prediction method by adaptive failure threshold. This method is applied to
bearing and high pressure cleaning pump successfully. Lin et al. [7] demonstrates a procedure to
extract useful condition indicators from vibration signals and use the proportional hazards model
(PHM) to develop optimal maintenance policies for the gearboxes. Lin and Tseng [8] combine the
Weibull PHMon vibration-based machine condition monitoring techniques to estimate several
machine reliability statistics. All above mentioned methods are helpful to the development of
reliability estimation. However, these methods require a specific mechanical knowledge and make
many assumptions about condition parameters degradation paths.

Heng [9] presents a prognostics approach using feed forward neural network on pump
vibration data. The model incorporated population characteristics and suspended condition
trending data of historical units into prognostics. Ding [10] extracts the degradation characteristics
from monitored bearing vibration signals and sets up two parameters Weibull Proportional Hazards
Model combined with the state information of bearing. The reliability of railway locomotive
bearing is evaluated by this method. Chen [11] extracts the relevant characteristic parameters from
vibration signals of the tool cutting process combined with the tool condition, evaluates reliability
and predicts the residual life of tools using Logistic regression model. The two methods need certain
historical failure data. But historical failure data for some large equipments are usually difficult to
get. He [12] proposes a variety of reliability evaluation methods based on mechanical equipment
state information. He comes up with a reliability assessment and life prediction of bearing based
on signal processing and feature extraction. These studies show that the degradation characteristic
extracted from monitored equipment signals can accurately reflect the dynamic characteristic of the
equipment performance degradation. It is reasonable and effective for reliability evaluation, and it
makes up for the deficiency of the traditional reliability evaluation.

State space model (SSM) is a special form of Hidden Markov Model. It can be used to describe
the dynamic process changing in time. In recent years, it is used on fault diagnosis and prediction
of mechanical equipment by many scholars. Orchard [13] uses SSM for equipment diagnosis and
forecast online. Remaining life distribution of planetary gear fault instance combined with particle
filtering technology is used to validate the rationality of the model. GASPERIN extracts the
degradation characteristics of gearbox and establishes the SSM of degradation characteristics to
predict the remaining service life of gear box combined with the Monte Carlo simulation [14].
SSM can describe the system state using the current and past minimum information form without
needing a lot of historical data. For single equipment reliability, it is difficult to be evaluated using
traditional reliability method. So this paper proposes a reliability prediction method based on
SSM. This method does not rely on historical failure data, and can realize the real-time prediction
of single equipment reliability. Kalman filter has good performance on on-line prediction. But it
is not suitable for nonlinear time series estimation. It is difficult for the real monitored data
analysis. Therefore, accurate feature extraction and improved Kalman filter is used in this research.

In this research, a new method for operational condition reliability estimation is developed by
combining SSM and feature extraction. Wavelet packet feature extraction is used to determine the
related parameter for reliability analysis. To improve the accuracy of reliability estimation,
moving average is used for the extracted data. A MC operational condition estimation is carried
out to verify the effectiveness of this method. The results show that this method can estimate to
the operational condition estimation for small sample, which has good accuracy for reliability
estimation. At the same time, it is simple and convenient for practical application. This paper is
structured as follows. Section 2 presents condition monitoring and feature extraction for MC
operational progress. Section 3 introduces theory of this state space model. Section 4 provides the
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data analysis by using this method for MC. Concluding remarks are given in Section 5.
2. Condition monitoring and feature extraction
2.1. Condition monitoring

Condition monitoring is of great importance in order to estimate the tool wear. Cutting force
is used on condition estimation as it is directly related to wearing process. Our research aims to
retrieve sufficient monitoring information of MC wear condition. It is in favour of cost reduction,
implementation feasibility, and so on. As well, it is also not easy to implement the on-the-fly
measurement of wearing capacity of MC in the actual production. Milling force, vibration signal,
acoustic emission (AE) signal have been investigated used on MC wearing process. At present,
the cutting force measurement is only used in the experimental study. But it is hard to be applied
to the actual production for MC condition monitoring. In this research, AE signal is investigated
on MC condition monitoring and fault diagnosis.

Milling test is conducted on the DONG YU JINGJI CMV- 850A machining center in Mold
Center, Dalian University of Technology and the material is FV520B. FV520B is a special
material for impeller production. Its high hardness keeps blade working in the designed condition.
Choose domestic APOLLS550 portable industrial PC and AEwin data acquisition software of PAC
company for the acoustic emission signal data acquisition. The MC life experiment is carried in
accelerated manner. The spindle speed is 1000 rpm, the cutting depth is 0.4 mm, and the feed rate
is 400 mm/min. The acoustic emission signal sampling length is 512000 points and the sampling
frequency F; is 2048 kHz. Samples are collected every 10 seconds and 240 sets of acoustic
emission signals are collected before the cutter tool coming to the stage of failure. Fig. 1 presents
the picture for the test-rig. In the experiment, cutting force and AE signal are monitored to
determine the parameter for condition classification. Fig. 2 gives the picture for the comparison
of MC in different working conditions. Which mean normal and wearing condition, respectively.
Cutting force and AE are determined based on the experiment for different working conditions.
Fig. 3 and Fig. 4 show the comparison for cutting force with time domain and frequency spectrum
in different conditions. It is obvious with cutting force amplitude increase with wearing conditions.
There is much difference between normal and serious wearing condition. It means that cutting
force is highly related with wearing process. But it is not convenient to monitor in practical
condition. AE signals are also obtained during the experiment. Fig. 5 and Fig.6 show the
comparison for AE with time domain and frequency spectrum in different conditions. It can also
determine that AE signal will increase with MC wearing process. Therefore, it can be used to
demonstrate the wearing process. But further investigation should be carried on as there is much
noise interference. Effectively feature extraction can improve the accuracy of pattern recognition.
Therefore, characteristic parameters are investigated to determine the best one to demonstrate the
wearing process.

Workpiece Milling cutter

Acoustic emission
sensor

Measuring cell

Fig. 1. Test rig
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a) Intact condition b) Wear condition
Fig. 2. Picture for cutting tools in different conditions
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Fig. 3. Signal analysis for cutting force in normal condition

2.2. Feature extraction

Root mean square (RMS) has been broadly used on machine condition estimation and
reliability prediction. But it is not sensitive to some signals and further extraction is urgently
needed. Many researchers have worked on the signal processing technology. Vibration signal
processing and feature extraction have been intensively investigated in the last two decades, such
as time domain analysis, frequency domain analysis, time-frequency domain analysis. With the
development of the wavelet analysis in last three decades, it has been broadly used to process
vibration signals and the effect is remarkable [15]. As the extension and development of wavelet
transform, Wavelet Packet Decomposition (WPD) is multi-dimension process. Therefore, it has
been investigated by many researchers.

Suppose there is a scaling space of limited energy signal UJ. Through wavelet packet
transformation [16], US is decomposed into several spaces in binary format. The iterative
formula is:

Uk, =U@UEY, jez keZ' 1
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In Eq. (1), j (j < 0) is decomposition level, @ expresses orthogonal decomposition, U}‘H,

U?¥*, and UZ**! three closure spaces respectively corresponding wavelet function are:

Yan(®) =VZ ) R (21 = K),

keZ

PYons1 () = ‘/Ez

keZ

9(K)Pn (2t — k).

2

3

When n = 0, ,(t) is a scaling function ¢(t) and ¥, (t) is a wavelet basis function P (t),
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h(k) and g(k) are discrete quadrature mirror filter coefficients. The signals in the space an—1 can

be obtained by wavelet packet function 1,[},{’" (t) reconstruction, which is shown in Eq. (4):

si(t) = Z le‘k }{'n(t), keZ. 4)

kezZ
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Fig. 6. Signal analysis for AE signal in seriously wearing condition

In Eq. (4), D,{'n is wavelet packet coefficient, and it can be obtained by the following equation:

DJ* = f_ FOWI™(t)dt. 6))

The wavelet packet function ;(t) is orthogonal basis function in L*(R), so the energy of
sTH(t) is:
j

WPE,, = Z |D]"|2. (6)
k

The normalized wavelet packet energy is:

WPE,

= SWpE, )

Ey

2.3. Correlation analysis for AE and force

Zhong [15] did the correlation analysis on the related characteristics of acoustic emission signals
and force signals with tool wear. The results show that acoustic emission characteristic is the same
as force signal characteristic and it is highly correlated with tool wear. Fig. 10 provides different
frequency energy bands distribution comparison at different conditions. The wearing condition is
obvious larger than normal condition in the second frequency band. It also means that the second
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frequency band energy increases with MC degradation process. Fig. 7 gives the development trend
for the wearing degradation with the second frequency band energy and cutting force. It is also the
same result with Fig. 8. It can demonstrate cutting force be highly associated with the second
frequency energy distribution. At the same time, the cutting force is also related with the wearing
condition process. Thus, the relationship is analyzed by Fig. 9. It is almost the linear relationship
for the cutting force and the second frequency band. Therefore, the second frequency band energy
distribution can replace the cutting force to characterize the wearing process for reliability
estimation.
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Fig. 7. Energy distribution comparison for different working conditions
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3. State space model
3.1. Instantaneous reliability

Reliability is an important quality index of mechanical equipment, and the degree of reliability
is one of the most important reliability evaluation indexes. The definition of reliability is that under
prescribed conditions and within the limited time, the probability of equipment completes the
required function without failure. However, in actual production the reliability based on
probability statistics solution can’t help much. For analyzing and evaluating dynamic performance
of the individual equipment, LU [2] firstly suggests the method to compute the reliability of
equipment using interval integral defined by the failure threshold and index observation to predict
the probability distribution of equipment performance degradation index. XU [16] uses the similar
concept of reliability prediction and evaluation method and apply it in the instance estimation. If
the instantaneous reliability of equipment at time t is the probability which the device
performance characteristics index y; is less than the failure threshold y,:

Yec
RO =Py:<y) = fe(ve)dy:. (®
0

In Eq. (8), f:(y:) is the probability density function of the state characteristic y;. As shown in
Fig. 13, the red line is the failure threshold set, the probability which the state characteristic is
greater than the failure threshold.

3.2. State space model

Estimation method is important for accurate analysis. The degradation process of equipment
has the property of first order Markov. It means that the device status next time is only related to
the device status this condition. The device status of different time is represented by x,. The state
characteristic extracted from monitored data is regarded as observed values, which is represented
by y,. Establishing equipment degradation SSM is as follows:

Xe = A X1+ Wy, )
Ve = C - x¢ + €.

Eq. (9a) is the state equation, A4 is the transformation matrix acting on the device status x,. The
future value of x; is only related to current condition, and is independent with the past status. It
also named as Markov property. Eq. (9b) is the observation equation, and the mapping relationship
between the system state and observation value is established. C is the transformation matrix, w;
is the process noise. Assuming the mean value is zero, the covariance for multivariate normal
distribution is w,~N (0, Q). e, is the observation noise, and e,~N (0, R).

Obviously, when the model parameters 8 = {4, C, @, R} and the device status x; , are known,
the mean value and variance of observed values y; at the moment t > t, can be directly calculated
by Eq. (9). Setting the equipment failure threshold y,., and the equipment reliability can be forecast

by Eq. (8).
3.3. Solution of SSM

SSM solving method [17] is the Expectation Maximization (EM) algorithm, and its core is
Kalman Filter. Kalman Filter is a recursive estimate, that is as long as the state estimation of last
moment and the observation of current state are known, the estimate of current state can be
calculated. If the system state vector X is known, the optimal value of the parameter
60 ={A,C,Q,R, 1y &} can be obtained through the Maximum Likelihood estimation (MLE).

© JVE INTERNATIONAL LTD. JOURNAL OF VIBROENGINEERING. NOV 2016, VOL. 18, ISSUE 7. ISSN 1392-8716 4319



2198. MILLING CUTTER CONDITION RELIABILITY PREDICTION BASED ON STATE SPACE MODEL.
HONGKUN L1, SHUAI ZHOU, HONGLONG KAN, MING CONG

MLE method is by means of the maximizing likelihood function Eq. (11). According to the nature
of the logarithmic function, when P(Y|X, 8) is a maximum value, the function L(6) is also a
maximum value. However, in fact state vector X is unknown, the condition of parameter
estimation is deficient:

L(®) =InP(Y|X,0). (10)

The sequence of observations at 1~n, y,_, is given, EM algorithm is estimating system
parameters by Step Expectation and Maximization iterative. It can be expressed as:

Onew = arg maX{EXIY.Bozd [InP(Y|X, 9)]}. (11)
3.3.1. Expectation calculation

The initial parameters 8, and y;., = {¥1, Y1, ---, ¥n} are given, the optimal value of state
vector X;, P(x¢|y1.n) is estimated by Rauch-Tung-Striebel (RTS) smoother. The steps of RTS
smoother are as follows: Initial state: x,~N(uo, Py), the observation sequence
Yim = V1, Y1, -, Y} is filtered along the positive direction by Kalman filter: For
t=12,..,n—1:

X1y = Axgpe) (12)

Pey1e = APt|tAT +0, (13)

Ky = PryqtCT(CPpyq)eCT + R)™ (14)
Updating:

Xe1jt+1 = Xew1pe T Ke(Veer — Cxt+1|t)' (15)

Pt+1|t+1 = Pt+1|t - KrCPc+1|c- (16)

Start from the state x, estimated by Kalman filter before, recursive smoothing: For
T=nn-1,..,L

Je = Pt|tA t_+11|t» (17)
Xt|r = Xe|t _]t(xt+1|T - Cxt+1|t)' (18)
Pt|T = Pt|t_]t(Pt+1|T_Pt+1|t)]tT- (19)

3.3.2. Maximum calculation

If the state is known, the likelihood function with Bayesian Criterion system output can be
written as:

P(Y|0) = P(Y|X,0)P(X|6). (20)

The process noise and observation noise of Model are Gaussian Distribution, and the
multivariate normal distribution exists as: x;~N(Ax;_q1, Q), y¢~N(Cx;, R). According to the
multivariate normal distribution density function Eq. (10) and Eq. (20), the complete likelihood
function can be written as:

-2 ln(L(H)) = In|go| + (o — po)'e5 " (X — Ho) + nIn|Q|
n n

21
+Z(xt — Axe_1) Q7 (x; — Ax¢—y) + nIn|R| + Z(Yt —Cxy)' Q71 (ye — Cxyp). @D
t=1 t=1
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The current parameters 8 and complete observation data Y are given, the expectations in
Eq. (21) are expressed as:

1(816,) = E{—21n(8]Y, 8,)}. 22)

At the moment, the RTS smooth results in Eq. (19) can be used to calculate the expectations
of the following:

Exiy.0, (XeXt) = XX + Pepns
EX|Y,9k(xt—1x£—1) = xt—1|nx£—1|n + P
Exiv0, (XeXt-1) = XepX(—an + Pee—1jns
Exiy0, (xt) = X¢jn-

(23)

Submitting Eq. (23) into Eq. (21) can get the following results:

[(Ok4116x) = trace {Eo_l[Pom + (o — Ho) (Xopm — Ho) ]} + In| Py |
+trace[Q1(I; — LA — ALy + AL AD] (24)
+1n|Q| + trace[R™*(Iy — I,C' — CI} + CI,C")] + nin|R|,

where:
n
_ li
I, = Z Xe-1nXe-1jn T Pe-1jnr
t=1
n
— !
I, = Z XenXe—1n T Pre-1jns
t=1
n
_ ’
Ty = > Zeuign + Pecin 25)

t=1
n

r, = Z YeVim
t=1
n

Iy = Z VeVi-
t=1

Take the partial derivatives of Eq. (24), that is:

al
- —R7T, + —R7ICT; = 0. (26)

It can be obtained:
Crew = F4F3_1 (27)

As well, it can also be obtained:

Anew = 1—‘21—‘1_1: (28)
Qnew = n—l([~3 - Fzrl_lrzl)' (29)
Rpew = n~1(Ts — [,I51T,), (30)
Honew = Xo|n» (31
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Eonew = P0|n- (32)

Through the iterative loop of Step Expectation and Maximum, when the difference value
between the former and later likelihood function value is less than the setting threshold value or
the cycle index reaches the setting value, iteration stops. The final parameter 8 = 6,,,,, is
determined, and the dynamic model is obtained. Based on this dynamic model, the equipment
reliability prediction evaluation is guided. Thus, the predicting maintenance of the equipment is
applied.

3.4. Binary classification logistic regression model

Logistic research aims to find statistical principles between objective variables based on
massive experiments and observations, which may be hidden in uncertain phenomenon. Logistic
studies interrelation between variables by statistical model. For example, normal, failure, mild
wear and severe wear in tool health monitoring research.

There are only two outputs in binary classification logistic regression model, output code
zero and output code zero, which present the only two independent results, t = 1,2, ...,n is
time coordinate of things. Element of parameter vector X (t) = {1, x; (t), x5 (t), ..., xn (£)} at time
t is called covariant of X (t), which influences occurrence of events, m is the number of covariant.
The conditional probability of the occurrence of y; can be expressed as:

exp(Bo + Bix1 () + -+ + Brxm (1))
1+ exp(Bo + Brxs(t) + -+ 4 Bnxim (1))’

P(ye = 11X(0)) = 33)

where By, f1, B2,-.., Bm are model coefficients.

Assuming that there are two stages at time t, y, equals to 1 means normal stage, y, equals to
0 means failure stage. Expect the first element of covariant X(t), other elements are different
characteristic parameters at time t. Obviously, there is a kind of relation between device stage y;
and X (t), it should be nonlinear according to the features of rotating components.

Suppose stage monitoring characteristic vector is (t), the ratio between the reliability function
R(t|X(t)) of rotating component and the cumulative failure distribution function
F(t|X(t)) =1 — R(t|X(t)) satisfies the following equation:

R(t|X(T))
e S e St S ) 34
Model coefficients Sy, 1, B2,- .-, Bm reflect the change of odds ratio, if §; is bigger than zero,
the possibility goes up with the increase of x;, otherwise, the opposite. If 5; equals to zero, it
doesn’t work in this model. After the estimation of By, 1, B,..., Bm, the reliability function
R(t|X(t)) can be expressed as:

R(@IX(T)) _  exp(B-X(1))

1—R(t|X(T)) 1+exp(B-X(t)) (35)
The confidence interval of 90 % is:
exp (,BX(t) — 1.645 /var(ﬂX(t))) exp (,B’X(t) + 1.645 ’var(ﬁX(t)))
(36)

1+ exp (ﬁX(t) — 1.645 /var(ﬁ’X(t))) ' 1+ exp (,BX(t) +1.645 /var(ﬁX(t))) |
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In this equation 8 = {f, $1, B2, ---» Bm}, var denotes variance:
var(BX (1)) = X()"Cov(B)X(¢), (37)
where Cov(f)X(t) denotes covariance matrix of coefficients
3.5. Flow chart for reliability estimation

In this paper, Wavelet packet feature extraction and SSM method are applied to the reliability
evaluation of rotating machine working condition. Firstly, signals about machine working
conditions are collected based on-line monitoring technology for equipment. Secondly, wavelet
packet energy is applied on characteristic extraction for the monitored signals. Frequency band
energy is determined to be as characteristic parameter. Then, the degradation characteristics of
signal to noise ratio is improved by moving average filtering processing. In the end, SSM is
established to predict. The parameters will update based on different working condition data. It is
more suitable for practical problem solution, which can be satisfied with prognostics. MC working
condition degradation process is used to verify the effectiveness of the method in this research.

4. Experimental verification
4.1. Experiment data analysis

To verify the effectiveness of the proposed method, a wearing experiment is carried on for MC.
It is an accelerated experiment. The monitored data process can be similarly determined as shown
in Fig. 4. To demonstrate the degradation process for MC wearing process, wavelet packet is used
for decomposition and normalization energy are used to determine the characteristic parameter to
estimate the wearing process. Based on the above investigation, the second frequency band is used
for feature extraction and reliability estimation. The wearing process for MC based on different
time is shown as Fig. 10. Obviously, the developing trend is the same with wearing time for this
accelerated experiment. It can also demonstrate that the second frequency band can be used to
estimate the wearing process. But it is obvious there is data fluctuation as noise interference for
monitored process.

0.9

Normalized energy

. . . .
50 100 150 200 250
Observation#

Fig. 10. The degradation process for MC based on the second frequency band energy normalization

The prediction analysis based on the 150th and 200th points acquisition data are carried on,
shown as Fig. 11 and Fig. 12 based on SSM. For the 150th point, the mean value based on the
prediction deviates from the degradation trend. The confidence interval can't reflect the prediction
accuracy. Although the mean value is not the same with the degradation process for 200th point
prediction, it is almost same with the degradation process. There is also difference for the
confidence interval. It is obviously the analysis result is not good for the prediction. It is important
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to improve the prediction accuracy. It also means that SSM depends on the degradation process.
The result has been greatly influenced by the data fluctuation shown as Fig. 11 and Fig. 12.
Prediction accuracy is influenced as the data fluctuation. Therefore, it is important to process the
data for accurate analysis. To improve the prediction accuracy, moving average is carried on for
the analysis.

1 : . . 1 ; . ‘ I
ool Mean of prediction data i ] Mean of prediction data H ’/
----- Confidence interval r 09k ===== Confidence interval H Y A
i | CDF]ﬁdmCE interval R S . Confidence interval i
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L 07h Prediction starting point 1 08 =--=== Prediction starting point
% B 1
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§0 S 07 1
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B N »
B T 06F -~ 7
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g ] -
z
o s i
0.2 :
0.4 1 N
0.1 1
1
1
0 L k . 03 . L . i .
50 100 150 200 250 120 140 160 180 200 220 240
Observation# Observation#
Fig. 11. Prediction data for the 150th step Fig. 12. Prediction data for the 200th step

4.2. Moving average

Moving average is a data pre-processing method with smoothing and filtering effect. It can
filter out the frequent stochastic fluctuant data [18]. At the same time, it can also conclude the
changing process of random error. Thus, the statistical characteristics can be estimated. As shown
in Fig. 13, let the length L sliding window move through the sequence {y(t),t = 1,2,...,N}.
Then, compute the mathematic average for all elements inside the window and put the average
value as one element of the new sequence, and the new sequence is moving average of y(t).
Mathematical expression is as follows:

2L+i-1

1
Yma () = 7 Z y(@©), i=012..,N—2L+1. (38)

t=L+i

Ymal) Yma(+l) Yuma(l+2)

The sliding window The mean value ﬁ ﬂ ﬁ

D w2 v3) v4) ¥(5) ...... ¥(L-1) L\ P(L+D|p(L+2)].....

Fig. 13. The moving average method

Based on the moving average process, taking 50 observed values for average. Fig. 14 presents
the comparison for original one and after moving average. It is obvious that the degradation data
trend is almost linear after moving average. It can effectively reduce the data fluctuation for the
effect of prediction. It is good to improve the accuracy for prediction. As it is almost linear,
Kalman filter is better for the SSM prediction. Initial parameters setting is as following for the
SSM prediction:

AZ[(l) (1)] Qz[é 2 Cz[g]' ﬂoz[g]' fo:[(l) (1) R =[1]. (39)
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Fig. 14. Comparison for original data and after moving average

Fig. 15 and Fig. 16 are the prediction results of SSM established by observed values of two
different time steps 150th and 200th point based on different confidence 90 % and 95 %. The
mean of prediction for the 200th point is almost the same with original data (characteristic
parameters after moving average) which is within the confidence interval. In this research, the
confidence is defined as 90 %. It is better compared with 150th point prediction. It is also obvious
that the prediction accuracy can be improved with time step increment based on comparison for
different working conditions. But it is much better compared with Fig. 11 and Fig. 12 for the data
without moving average. That also means it could effectively improve the accuracy with moving
average. Data preprocessing is important to assure the accuracy prediction. By using moving
average, the fluctuation from the characteristic parameters can be effectively removed. It is also
helpful to improve the prediction accuracy. As well, confidence also has effect on the analysis.
Based on the prediction, the development is within the confidence.

Fig. 17 is the reliability prediction results of the corresponding MC. The actual life of cutter is
236. Set the reliability threshold R = 0.5. The prediction nonfatal failure moment distribution of
cutter is 229 and 235, which is consistent with the actual situation. It is better for 150th though it
is a little far from the failure point. But it can also present accurate prediction result. It is much
better for 200th prediction compared with 150th. As well, it can significantly reduce the prediction
error and improve the prediction accuracy. Based on the parameters updated for every step
prediction, it can be obtained that the prediction will get more and more accurate with parameters
update. Therefore, this method is effectively verified to the analysis of practical problems. It can
be used on the prediction and reliability analysis for MC wearing condition as this is real
working machine.
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a) The 150th prediction for moving average data b) The 200th prediction for moving average data
Fig. 15. Prediction data of 90 % confidence

© JVE INTERNATIONAL LTD. JOURNAL OF VIBROENGINEERING. NOV 2016, VOL. 18, ISSUE 7. ISSN 1392-8716 4325



2198. MILLING CUTTER CONDITION RELIABILITY PREDICTION BASED ON STATE SPACE MODEL.
HONGKUN L1, SHUAI ZHOU, HONGLONG KAN, MING CONG

08 T T - 0.8
Mean of prediction data }/’ Mean of prediction data
===== Confidence interval Fi , 075 | ===== Confidence interval A
0.7F| ===-- Confidence interval P 1 |- Confidence interval /
—— Original data i y'd 0.7} | — Original data g
----- Prediction starting point /’ /" ===== Prediction starting point ¥
0.6} A _
Bo6st -
- 4 5
s
03 P4 I Y :
i E
3 055 1
04f .
05 1
03 1
0.45 b
02 i . 04 L L n "
50 100 150 200 250 120 140 160 180 200 220 240
Observation# Observation#
a) The 150th prediction for moving average data b) The 200th prediction for moving average data

Fig. 16. Prediction data of 95 % confidence
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Fig. 17. The reliability prediction results at different time

4.3. Discussions

Based on above analysis, it is clear the SSM has good performance on prediction analysis as
it is based on EM process. It is an iteration process which is just based on the current data for
prediction. Therefore, it is good for reliability analysis. At the same time, the prediction result is
also influenced by the data fluctuation if there is not moving average process. It also demonstrates
the degradation trend which is very important for the prediction and reliability analysis. How to
effectively determine the best suitable parameters for condition reliability analysis is the basis.

AE signal is good to demonstrate the wearing process for MC and failure process. It is good
for moving average process to reduce fluctuation effect for SSM analysis based on the feature
extraction. Actually, only a parameter is used in this investigation to verify the effectiveness of
SSM model on prediction. Condition monitoring is the dispersive for different data. At the same
time, it needs more information to estimate machine working conditions and reliability analysis.
It is better to use much data analysis for reliability analysis. But it depends on the monitoring
process and the degradation process for different parameters. The monitored data can be integrated
together for better demonstration of machine condition parameters. Then, a parameter is used for
reliability analysis. Otherwise, more monitored parameters can be input in Eq. (9). The prediction
process can be carried on for analysis. As the degradation process is not linear for more parameters
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prediction, improved Kalman filter can be used for analysis.
5. Conclusions

In this research, a new method for milling cutter reliability estimation method is put forward
based on feature extraction and SSM. Wavelet packet feature extraction, moving average, and
SSM are combined together for condition estimation and reliability analysis. Based on the
experimental analysis, the effectiveness of this method is demonstrated. The suitable parameter is
important for reliability analysis. As well, accuracy feature extraction is beneficial to determine
the degradation trend. The result shows that the moving average filtering can effectively improve
the signal noise ratio of the degradation characteristics and improve the accuracy of the prediction.
It is accorded with the time dynamic characteristics of the equipment performance degradation.
This method has good performance on reliability analysis. Further investigation should be carried
on the application of this method on practical question analysis.

Acknowledgements
The support from Chinese National Science Foundation (Grant No. 51575075 and 51175057).
References

[1] Chinnam R. B. On-line reliability estimation of individual components, using degradation signals.
IEEE Transactions on Reliability, Vol. 48, 1999, p. 403-412.

[2] Lu H., Kolarik W. J., Lu S. S. Real-time performance reliability prediction. IEEE Transactions on
Reliability, Vol. 50, 2001, p. 353-357.

[3]1 Zhang S., Ma L., Sun Y., Al E. Asset health reliability estimation based on condition data.
Proceedings of the 2nd WCEAM and the 4th ICCM, Harrogate, UK, 2007, p. 2195-2204.

[4] Gebraeel N. Z., Lawley M. A. A neural network degradation model for computing and updating
residual life distributions. IEEE Transactions on Automation Science and Engineering, Vol. 5, 2008,
p. 154-163.

[S] Fong B., Li C. K. Methods for Assessing Product Reliability: Looking for enhancements by adopting
condition-based monitoring. Consumer Electronics Magazine IEEE, Vol. 1, 2012, p. 43-48.

[6] Cheng H., Qing Z., Guanghua X., Yizhuo Z., Tao X. Performance reliability estimation method
based on adaptive failure threshold. Mechanical Systems and Signal Processing, Vol. 36, 2013,
p. 505-519.

[71 Lin D. M., Wiseman M., Banjevic D., Jardine A. K. S. An approach to signal processing and
condition-based maintenance for gearboxes subject to tooth failure. Mechanical Systems and Signal
Processing, Vol. 18, 2004, p. 993-1007.

[8] Lin C. C., Tseng H. Y. A neural network application for reliability modelling and condition-based
predictive maintenance. International Journal of Advanced Manufacturing Technology, Vol. 25, 2005,
p. 174-179.

[9] Heng A., Tan A. C. C., Mathew J., Montgomery N., Banjevic D., Jardine A. K. S. Intelligent
condition-based prediction of machinery reliability. Mechanical Systems and Signal Processing,
Vol. 23, 2009, p. 1600-1614.

[10] Ding F.,He Z., Zi Y., Chen X., Cao H., Tan J. Reliability assessment based on equipment condition
vibration feature using proportional hazards model. Chinese Journal of Mechanical Engineering,
Vol. 45, 2009, p. 89-94.

[11] Chen B., Chen X., B. L. 1., Cao H., Cai G., He Z. Reliability estimation for cutting tool based on
logistic regression model. Chinese Journal of Mechanical Engineering, Vol. 47, 2011, p. 158-164.

[12] He Z., Cao H., Zi Y., Li B. Developments and thoughts on operational reliability assessment of
mechanical equipment. Journal of Mechanical Engineering, Vol. 50, 2014, p. 171-186.

[13] Orchard M. E., Vachtsevanos G. J. A particle-filtering approach for on-line fault diagnosis and
failure prognosis. Transactions of the Institute of Measurement and Control, Vol. 31,2009, p. 221-246.

[14] Gasperin M., Juricic D., Boskoski P., Vizintin J. Model-based prognostics of gear health using
stochastic dynamical models. Mechanical Systems and Signal Processing, Vol. 25, 2011, p. 537-548.

© JVE INTERNATIONAL LTD. JOURNAL OF VIBROENGINEERING. NOV 2016, VOL. 18, ISSUE 7. ISSN 1392-8716 4327



2198. MILLING CUTTER CONDITION RELIABILITY PREDICTION BASED ON STATE SPACE MODEL.
HONGKUN L1, SHUAI ZHOU, HONGLONG KAN, MING CONG

[15] Zhong Z. W., Zhou J. H., Ye Nyi W. Correlation analysis of cutting force and acoustic emission
signals for tool condition monitoring. 9th Asian Control Conference (ASCC), 2013, p. 1-6.

[16] Xu Z., Ji Y., Zhou D. Real-time reliability prediction for a dynamic system based on the hidden
degradation process identification. IEEE Transactions on Reliability, Vol. 57, 2008, p. 230-242.

[17] Digalakis V., Rohlicek J. R., Ostendorf M. ML estimation of a stochastic linear system with the EM
algorithm and its application to speech recognition. IEEE Transactions on Speech and Audio
Processing, Vol. 1, 1993, p. 431-442.

[18] Pei Y., Guo M. The fundamental principle and application for sliding average method. Gun Launch
and Control Journal, Vol. 1, 2001, p. 21-23.

Hongkun Li (Professor) received doctor degree in Mechanical Electronics Engineering
from Dalian University of Technology, Dalian, China, in 2003. His current research
interests include signal processing, condition monitoring and fault diagnosis.

Shuai Zhou is studying for a Master’s degree at Dalian University of Technology, Dalian,
China. His current research interests include tool vibration, structural dynamics, fault
diagnosis, data processing.

Honglong Kan is studying for a Master’s degree at Dalian University of Technology,
Dalian, China. His current research interests include tool condition monitoring, fault
diagnosis, data processing.

Ming Cong (Professor) received his Ph.D. from Shanghai Jiao Tong University, China, in
1995. Since 2003, he joined the Faculty of the School of Mechanical Engineering at Dalian
University of Technology, China. His research interests include robotics and automation,
intelligent control, and mechanical vibration.

4328 © JVE INTERNATIONAL LTD. JOURNAL OF VIBROENGINEERING. NOV 2016, VOL. 18, ISSUE 7. ISSN 1392-8716




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles false
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.5
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.1000
  /ColorConversionStrategy /UseDeviceIndependentColor
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize false
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 600
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 600
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages true
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth 8
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages false
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV (Za stvaranje Adobe PDF dokumenata najpogodnijih za visokokvalitetni ispis prije tiskanja koristite ove postavke.  Stvoreni PDF dokumenti mogu se otvoriti Acrobat i Adobe Reader 5.0 i kasnijim verzijama.)
    /HUN <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [4000 4000]
  /PageSize [612.000 792.000]
>> setpagedevice


