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Abstract

It is important to specify the occurrence and cause of failure of machines without stopping the
machines because of increased use of various complex industrial systems. In this study, two new
diagnosis methods based on the correlation information between sound and vibration emitted
from the machine are derived. First, a diagnostic method which can detect the part of machine
with fault among the assumed several faults is proposed by measuring simultaneously the time
series data on sound and vibration. Next, a diagnosis method based on the estimation of the
changing information of correlation between sound and vibration is considered by using prior in-
formation in only normal situation. The effectiveness of the proposed theory is experimentally
confirmed by applying it to the observed data emitted from a rotational machine driven by an
electric motor.
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1. Introduction

Recently, various industrial systems have increased and become complicated. The estimation and prediction of
damage part in rotational machines without stopping these are required for cost reduction and improvement of
safety. Most of studies proposed up to now for the diagnosis have analyzed by use of either of sound or vibration
emitted from the machine in frequency domain [1]-[9]. These standard methods in frequency domain are useful
for analyzing each mechanical failure based on the internal mechanism. However, these methods require a lot of
procedures on signal processing for measured sound and vibration data.
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In the previous study, a faults diagnosis method was proposed by using correlation information between
sound and vibration emitted from a machine in time domain [10]. However, this method required correlation in-
formation of sound and vibration in both normal and failure situations in advance.

In this study, by utilizing correlation information between sound and vibration emitted from the machine
more effectively, a new faults diagnosis method is derived from two points of view. More specifically, a faults
diagnosis method based on the conditional probability distribution reflected liner and non-liner correlation in-
formation of lower or higher order between sound and vibration is proposed. When a specific failure occurs
among multiple faults established in advance, a diagnosis method able to detect the machine part with the failure
is proposed. By adopting expansion expression of conditional probability distribution based on the multinomial
distribution to evaluate several failure situations, a new faults diagnosis method of machine is first proposed.
Next, a faults diagnosis method to find change of correlation information between sound and vibration is consi-
dered by measuring simultaneously the sound and vibration only in normal situation as prior information. Final-
ly, the effectiveness of proposed theoretical method is experimentally confirmed by applying it to measurement
data of sound and vibration emitted from a rotational machine.

2. Theory
2.1. Estimation of Probability for Fault Occurrence (Summary [10])

First, let us introduce a random variable y with two exclusive values of 0 and 1 corresponding to normal situa-
tion without fault of machines and a failure situation with the fault. Furthermore, two kinds of variables on
sound and vibration are expressed as x, and X, . In the case of paying attention to the variables x,, x,,andy,
all the information on mutual correlations among x,, X,, and y is included in the conditional probability dis-
tribution P(y|x,X,). By using the well-known Bayes’ theorem:

P y)

P(Y|X1:Xz)—wa 1)

the probability of fault occurrence can be predicted in an expansion expression, as follows:
P(Y)=P(yIx.%),

s (EeE ) @

Yo cPom ) (%) (%)
Ane = (11 (V)0 (%) 92 (%)),

where, () denotes the averaging operation with respect to the random variables. As the fundamental probabil-
ity density function P, (y) , the generalized binomial distribution is adopted, and the orthonormal functions can

be determined as
N-M |
h ) y-M N-y
h
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with
N =1; the maximum value of y, M =0; the minimum value of y,
h =1, the level difference interval of y.
By use of a computer for the observed time series data on sound and vibration, on-line signal processing can

easily be carried out.
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2.2. Expression of Probability Distribution for Diagnosis Method of
a Specific Failure among Multiple Faults

Since the specific correlation relationship between sound and vibration emitted from an identical machine exists,
it is possible to diagnose faults of the machine by detecting the change of correlation characteristic between
sound and vibration. As examples of multiple faults of machine, y, and y, express the state variables cor-
responding to fault 1 and fault 2. In this section, when a specific failure occurs among multiple faults established
in advance, a diagnosis method able to detect the machine part with the failure is proposed.

First, the joint probability distributions P(X,,X,,¥;,Y,) and P(x,X,) are expanded into an orthonormal
polynomial series.

P(vazvyllyz):Po(Xi)Po()(Z)F)o(y1'y2)zml ozm2 oZﬁ Ozrz _0Pmmatr, P )(Xl)(/’r(nz)( X )b, (V1 ¥2), (B

2
P (%) =R ()P (%) X0, o0, - Brmooh, (%) (%), 6)
2
By, = (2% ()04 (%), (V1. 2)) ()
where, correlation information among variables with lower and higher orders is reflected in the expansion coef-
ficient B, .. . Here, go(l)(xl) and (p(z)(xz) are orthonormal polynomials with two weighing functions
12 my my

Py(X), Py(X,). respectively. As the fundamental probability density functions P,(x,), Py(X,), Gaussian
distribution is adopted.

1 _(u-m)® 1 (o)
P (%)= e 2 P(x,)= e 8)
o(%) \2no! o) \2no?
H =<X1>v 012 = <(X1 _/“1)2>' Ho =<X2>’ 022 = <(Xz —,uz)2>.
Thus, from Equation (8), the orthonormal functions can be determined as the Hermite polynomial [11].
O ()= H, [ BT @ ()= h, | X, 9
(Dml (Xl) ml! ml( o, J! q’mz ( 2) \/m_2| my o, ( )

Furthermore, a trinomial distribution is adopted as the standard distribution P, (yl, yz) expressing two kinds
faults states.

NI

phig¥ (1-p—q)" " (10)
Yy, (N =y, =y, )! ( )

P(ViY2)=

(ylvyz =0,l,---,N,(y1+y2 < N))

Two variables y, and vy, correspond to the following states.

Normal: (y;,y,)=(0,0), Fault1: (y,,y,)=(10), Fault2: (y,,y,)=(0.1),
where N =1, p is probability of fault 1 and q is probability of fault 2. Thus, from Equation (10), the orthonor-
mal function [11] can be determined as

S 2 -y h+i2
b Oe) = e S5 5% o0 pea)?

2 J1=0j=0

. zj2 (N - y1 - yz )rl_j1+r2_j2 ' (11)

Therefore, the arbitrary constants are determined as d, =1,d, =1, and y™ is a factorial function [11] of
nth order defined as

y" =y(y=h)(y-2h)--(y—(n-1)h),

y® =1, h=1; discrete level interval of y.
The coefficients D, are decided by the normalized condition for the probability.
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S P (Yo (i v)) =1 (12)

Furthermore, in the case of considering more than three kinds of failures, a multinomial distribution can be
adopted as the standard distribution of Equation (10). It is possible to derive the fault diagnosis in the same man-
ners as the present study by calculating orthogonal polynomial based on the preciously published method [11].

The following expression can be obtained from Equations ((5), (6)), using Bayes’ theorem on conditional
probability distribution.

P(Yir Y, [ %0%,) = %
Po(x1) ( ) (yvyz)Zrnl OZmz Zrl z: Brrhmzr1r2¢ml (X1)¢f("22)(x2)¢rlrz(y1,y2) (13)

Py () Po (%) 2o,y oBrumonh, (), (%)

Therefore, fault occurrence probability P(yl, y2) is predicted from observation data of sound and vibration
by considering the conditional expectation of Equation (13).

P(Y1¥2)=P(Yu Y2 1%0%), = Ro(¥¥2) 20 20 o, (Y11 ¥2), (14)
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2.3. Expression of Probability Distribution for Fault Diagnosis Based on
Only Prior Information

Since the specific correlation relationship between sound and vibration emitted from an identical machine exists,
it is possible to diagnose faults of the machine by detecting the change of correlation characteristic between
sound and vibration.

The fault diagnosis methods proposed in 2.1 and 2.2 require prior information in both situations before and
after a failure occurs. However, only the prior information before the failure occurs can be really obtained. In
this section, a faults diagnosis method is proposed based on only prior information in normal situation. The va-
riables x,, X, are sound and vibration emitted from rotational machine, respectively. The faults occurrence
can be diagnosed from changing information of the correlation of between sound and vibration.

First, the joint probability distribution P(x1 xz) is obtained in an orthonormal polynomial series.

P(%0%) = P (%) Py (%) X oD Bt (%) 017 (%), (15)
En = (2% ()" (x))- (16)

Gaussian distribution is used as the standard distributions P, (x, ), P, (X, ), and the Hermite polynomial is de-
termined as the orthonormal polynomials. Then, the probability distribution P(xl | xz) for sound can be pre-
dicted from the vibration data, as follows:

P(.%) _Pol) X oX ot ()" ) -

P (Xz ) z:;oEOnCDr(mz) (Xz ) |

ZE—W(X)> 0
X2

. 18
S Egt? (1) o0 (%) (18)

Since the correlation information between x, and x, change when a fault occurs, the prediction of
P(xi) becomes difficult from Equation (18). Therefore, it is possible to diagnose the faults occurrence by eva-
luating the prediction error.

In general, cumulative distribution is more suitable than probability distribution for evaluating the prediction error.

P(X1|Xz)=

P(X1)=Po(><1)2§_o<
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There, by using Equation (18) cumulative distribution Ql(x)(: _[_Xw P(xl)dxl) is given by the following equ-

ation.
a9-0[ ) T3 e 151

with
@(X;ﬂj:[;Jé%;eﬁﬁfdn (20)
N (X;%‘):%e(zﬁ)z, (21)
Fn = Ziﬁmi%Hn%&;fﬂ : (22)

@ 1 X, — Y2
Zn:oEOn ﬁ anl [2022]

Furthermore, the faults diagnosis based on the prediction error when evaluating the probability distribution of
vibration from sound data is also possible by exchanging the variable x,for x, in Equations ((18)-(22)).

2

3. Experiment

The proposed method was used to detect faults of a rotational machine by simultaneously observing the sound
and vibration emitted from the machine. The correlation relationship between the sound and vibration in the case of
failure situations changes from the correlation characteristic in the absence of a fault. Therefore, by detecting in-
formation on the change of the correlation characteristic between sound and vibration, it is possible in principle to
predict machine faults. The RMS values of the sound pressure level (dB) and the acceleration amplitude (m/s?)
emitted from a rotational machine driven by an electric motor were simultaneously measured, as shown in Figure 1.

As an example of fault, three weights were put on the lower part of the bearing and the distortion was made.
As the other example of fault, a cogwheel with a small scratch was adopted. The distortion of bearing and the
existence of a scratch on a cogwheel were considered for fault 1 and fault 2 as a trial. The 5000 data points were
measured for normal, fault 1 and fault 2. The observation data were transformed to the sound pressure level and
the acceleration amplitude by use of the following relation.

P
2x107°"

X, =\/x2+y2+22.[m/szJ (24)

P: sound pressure [Pa], x,y,z : acceleration amplitude in each axis [m/s].

X, = 20log

[dB] (23)

Figure 1. Experimental equipment.
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The scatter diagram between the sound and vibration in three cases before and after occurrence of the fault in
the machine is shown in Figure 2. Figure 2(a) shows the scatter diagram in normal situation without the fault.
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Figure 2. Scatter diagram between sound and vibration for the observed data in three situations. (a) Normal situation without
the fault; (b) Failure situation with the fault for a bearing; (c) Failure situation with the fault for a cogwheel.
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Furthermore, Figure 2(b) and Figure 2(c) show the scatter diagrams in failure situations with the fault on the
bearing and the cogwheel. It is obvious that the correlation relationship between the sound and vibration in the
cases of failure situations occurring of the fault changes from the correlation characteristic before the occurrence
of the fault. Therefore, by detecting the changing information of the correlation characteristic between the sound
and vibration, it is possible to predict the fault of the machine in principle.

3.1. Experimental Consideration for Diagnosis Method with Multiple Faults

First, two different time series data sets (Data Set 1 and Data Set 2) for sound and vibration in three different
time intervals were successively measured, in cases with and without fault occurrence. Using the 1500 data
points of Data Set 1, which contained both cases of faults occurrence (500 data points for each fault) and
fault-free cases (500 data points) as the learning data, the expansion coefficients of Equation (7) were first eva-
luated. Next, after dividing each data set into 30 sub-data sets consisting of 500 data points with 450 overlapping
points, the probability of fault occurrence P(y) was predicted by use of Equation (14) based on the 500 sam-
pled data in each sub-data set. The relationship between each Data Set and the sub-data sets is illustrated in
Figure 3.

The results of prediction of the probability for normal situation, failure situations with the fault 1 and 2 are
shown in Figure 4 for Data Set 1 and in Figure 5 for Data Set 2. From these results, we can find that the fault
probability clearly exhibits large values in the sub-data sets corresponding to the failure situation. More precise
prediction of the fault probability is possible by considering correlation information of lower and higher orders,
because the correlation characteristics (of lower and higher orders) between sound and vibration change after
failure. Thus, the proposed method to detect precisely the change of correlation information is useful in the de-
tection of machine failures.

3.2. Experimental Consideration for Fault Diagnosis Method with Less Prior Information

The fault diagnosis method with less prior information proposed in 2.3 was applied to real observation data.
First, the expansion coefficients in Equation (15) were calculated by using 1000 data points in normal situation.
Next, sub-data sets with 1000 data points were made from total 15,000 data points consisting of each 5000 data
points in normal, fault 1 and fault 2 situations. Furthermore, probability distribution of vibration (or sound) was
predicted by observing the data of sound (or vibration) by using sub-data sets. One of the prediction results is
shown in Figure 5 in a form of cumulative distribution. The differences between experimental values and pre-
dicted values are shown in Table 1. Prediction errors at the 50% level and average of the prediction errors eva-
luated at every 10% level from the 10% level value to the 90% level value are shown in Table 1. The prediction
errors were calculated from experimental values (L, (i)(i=12,,9)) and predicted values (L(i) at o
points, from the 10% level to the 90% level by using the following relationships.

Data Set | or Data Set 2

500 data points in normal 500 data points in failure 500 data points in failure
situation without the fault situation with the fault for situation with the fault for
bearing cogwheel

pa

h (1-500;a sub - data set)

b

~
(51-550;a sub - data set)
<

\(101-600;a sub - data set)

\ 4

v

A 4

............

& ~.

~
(1001-1500;a sub - data set)

Figure 3. Relationship between data sets and sub-data sets.
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When fault 1 and fault 2 occur, large prediction errors are obtained for the probability distribution of vibration
based on the observation of sound. As shown in Figure 6, the experimental values could not be predicted and
there are great discrepancy between the experimental values and the theoretical values. Table 1, a prediction er-
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ror is small for normal situation of data point from 1 to 5000. On the other hand, a prediction error becomes big
for abnormality situation including a fault of data point from 5001 to 15,000. The validity of the fault diagnosis
method based on the prediction error of the cumulative distribution has been confirmed numerically from the
experimental result.
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Figure 6. Prediction of the probability distribution for vibration based on the measurement data of sound. (a) Normal situa-
tion without the fault; (b) Failure situation with the fault for a bearing; (c) Failure situation with the fault for a cogwheel.

Table 1. Prediction errors for the probability distribution of vibration based on the measurement data of sound.

PR PRI CT S Prediction errors for 50 percentile levels

Data point/order for several percentile levels
1 2 3¢ 1 2 3¢

1-1000 0.17078 0.17078 0.17078 0.28333 0.05000 0.05000
=S 1001-2000 0.27538 0.28333 0.27538 0.36248 0.05000 0.05000
% § 2001-3000 0.21148 0.21148 0.21148 0.32702 0.15000 0.15000
Z% 3001-4000 0.39476 0.40311 0.39476 0.49917 0.25000 0.25000
4001-5000 0.15000 0.15723 0.15723 0.25000 0.05000 0.05000
5001 - 6000 0.84080 0.84869 0.84080 0.92391 0.65000 0.65000
g 6001 - 7000 1.12854 1.13541 1.14903 1.22395 0.95000 0.95000
§ 7001 - 8000 0.73352 0.74106 0.73352 0.81257 0.55000 0.55000
é g 8001 - 9000 0.80156 0.80709 0.80156 0.88459 0.55000 0.55000
.é 9001 - 10,000 0.85781 0.86426 0.85781 0.93705 0.65000 0.65000
g _ 10,001 - 11,000 1.52179 1.54209 1.53632 1.60078 1.25000 1.25000
& % 11,001 - 12,000 2.28236 2.30272 2.29740 2.35189 1.55000 1.55000
? 12,001 - 13,000 1.52834 1.53342 1.54353 1.60009 1.05000 1.05000
g 13,001 - 14,000 2.24456 2.26526 2.25985 2.30513 1.75000 1.75000
14,001 - 15,000 1.54281 1.54928 1.56356 1.63240 1.25000 1.25000

4. Conclusion

This paper has paid attention to the correlation information between sound and vibration emitted from rotational
machine, and a method based on the conditional probability distribution with linear or non-linear correlation in-
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formation of lower order or higher order has been proposed for the diagnosis of multiple faults and fault diagno-
sis with less prior information. Furthermore, the proposed method has been applied experimentally to observe
data emitted from a rotating equipment. The proposed method focuses on the observational data in time domain,
and the complicated preprocessing such as frequency analysis is unnecessary. Therefore, the proposed method is
suitable for on-line signal processing. More specifically, the proposed fault diagnosis method can specify the
fault part of machine by using fault probability. Furthermore, based on the information in only normal situation,
it is possible to diagnose the fault in a form of the estimated error of cumulative distribution. Both methods have
advantages to diagnose faults numerically. However, the proposed method is still at the early stage of study.
Thus, there are a great number of problems in the future. For example, 1) The practical method should be de-
veloped at the actual environment existing background noise, 2) The determination method for the most suitable
learning period to grasp correlation characteristic has to be proposed, and 3) It is necessary to extend the theory
to simultaneous generation of multiple faults.
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