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Abstract

This paper provides an overview of the method employed
to solve the problems introduced for the Second
International Competition of Data Analysis by Intelligent
Techniques organized by the Technology Transfer
Committee of ERUDIT. The method was awarded the first
Lpr'lze (out of 12 different techniques) in achieving the

minimum error for both categories of condition
monitoring and customer classification for business
application. The method employs fuzzy c-means
clustering algorithm coupled with an intelligent data
filtering technique for both applications. In this
contribution only the problem of vibration diagnosis
model for condition monitoring is addressed.

1. Introduction

The most important part in the realization of modern
concepts of predictive maintenance is to establish a
suitable diagnosis method for early detection of faults.
This method of maintenance is scheduled dependent on
the condition of the machine. It is essential that an
early warning of the development of a fault is provided
so that appropriate remedial actions are planned in
advance. If predictive maintenance systems are
carefully applied, industries will posses a powerful
maintenance tool that can anticipate and plan for most
machinery problems long before they reach the point
where catastrophic failure is imminent [1].

The ability to predict failure, sufficiently in advance
of the event is the fundamental premise upon which the
philosophy of condition monitoring is based. It describes
a range of equipment techniques used to acquire data
related to the mechanical and operational condition of a
machine. Subsequent analysis and interpretation of this
data can provide information to advise on current and
future maintenance.

Safety or production relevant plant components are
already subject to monitoring at present and the
analysis of vibrational signals has been established as a
suitable diagnosis method for the early detection of
faults. An initial vibration level taken from a machine
tends to remain unchanged for a long period of time. As
components start to wear or fail, the vibration level
rises.

However, most commercially available machine
monitoring systems are not sufficiently well suited for
performing diagnostic functions, because they use only
ane, or very few diagnostic parameters and are not able
to cope with severe fluctuations in measured signals. A
significant improvement in diagnostic reliability may be
achieved by simultaneous consideration of several
vibrational features and supplementary processing of as
many process parameters as possible, such as pressure,
temperature, power etc. No competitive alternative is
currently available for the application of classification
and forecasting methods for automatic estimation of a
technical quantity.

The process parameters and the vibration
characterization are related. Thus the development of a
model, vibration diagnosis model, relating these two
quantities can be used to predict the process fault in
advance. Establishing this model is not an easy task,
mainly because of high dimensional feature vectors and
a small data set. It is well known that these two
characteristics usually result in an organized model
with poor generalization power [2].

2. Problem Statement
To address the problem of data analysis for condition

monitoring, based on forecasting of vibration signals,
the Technology Transfer Committee of ERUDIT
(European Network of Excellence in Uncertainty
Techniques Developments for Use in Information
Technology), Aachen, Germany, on September 1998,
organized a competition (Second International
Competition of Data Analysis by Intelligent Techniques)
to compare different techniques. 2900 sets of vibration
data (1400 for training and 1500 for evaluation)were
given and they were collected from a turbine. Each data
set consists of 23 values where the first 11 values are
process parameters and the last 12 values are vibration
parameters measured at different parts of the turbine.

The objective is to provide a vibration diagnosis
model on the basis of the training data. The model is
then applied to the evaluation of data. In this paper, a
new way to cope with such tasks is presented, which
has already won the first prize in the above competition
by achieving the minimum error in the prediction of the
vibration parameters for the evaluation data.

3. Vibration Diagnosis Model

The vibration of a mechanical system v(¢) is a time
varying signal. It is a function of process parameters
p(t) and machine’s condition c¢(%). It is very likely that
the vibration parameters are affected by noise n(t). The
above expression can be formulated as follows [3]:

u(t) = f(p(t),e(t), n(t), t) (1)
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Figure 1: Framework for condition monitoring.
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Figure 2: Block diagram of vibration diagnosis
model.
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In general the function f7.) is unknown although in some
cases it may be possible to estimate it. For condition
monitoring purpose, the machine’s condition c(?) is
determined from the vibration signal v(¢) filtering out
the effect of noise. It should be noted that conditions
vary at a much slower rate than the vibration i.e. c¢(?)
corresponds to a large number of vibration data points,

Therefore, to obtain the predicted condition é(z), an
inverse of the function f{.) is required. This problem can
be split into feature extraction and classification phases
[3]. Figure 1 illustrates the relationship between the
condition signals, process parameters, vibration and
predicted condition.

In general, the process parameters and vibration
features are vectors of many elements. High
dimensional feature and process parameters, restrict
the use of a model representing their relationship.
Establishing a vibration diagnosis model would help to
predict the condition &(t). A block diagram of the
oroposed model is shown in Figure 2.

To predict the vibration features o(t), we need to
sstablish a model which represents the relationship
yetween the process parameters and the vibration
eatures from a set of training data, subject to
ninimizing the error e(?) defined below.

e(t)=(v(t)-o(t) ) (2)

fuzzy c-means (FCM) algorithm is employed to classify
he process parameters into M classes. The
lassification is preceded by filtering the training data
or any redundant information. The filtering technique
s explained in the next section followed by the fuzzy c-
neans classification [4].

L. Intelligent Historical Data Generation
Jonsider a set of process parameter vectors:

D =A{pi(t), ..., pr(t), ..., pN(t)}
mnd vibration features vector:
0 = {vi(t), ..., vr(t), ..., vN(D)}

re given., N is the total number of data sets for
raining. Individual vectors representing the process
iarameters and vibration features are:

pr)=[p}(t), pA¥), ..., pRAOT

nd
vk(t)=[vi(t), vi(L), ..., vEWT

espectively. Prior to establishing a model representing
he relationship between the process parameters and
ibration, the training data has been pre-filtered using
technique known as Intelligent Historical Data (IHD)
eneration method [5].

It is important to make sure that there are no
imilar process parameter vectors with different
ibration feature vectors, as contradiction in the
ecision made by two similar parameters can cause an
npredictable behaviour from the model. The first step
i to compare each process parameter vector with the
ast of the data set, If there is any similarity between
¥0 or more vectors, their vibration vectors need to be
ympared. The process parameters are presented as
4(t) and the vibration vector as v,(f) where k=1, 2,... N

for the training data where N is the total number of
training data.

The similarity between the process parameters can
be defined as the second norm of the process parameter
vectors. This expression can be presented in the
following form.

[lpe@®)-pr ®)|| 2 & h=1,2,..,N (3)

where £ is a small number specifying the acceptable
neighborhood for process parameters. If the above
condition is met, it means there is no redundant or
confusing data. If there are two similar process
parameter vectors with similar vibration vectors, then
there is redundant information in the data set and one
of the process parameter vectors must be removed from
the training data set. Otherwise, having two similar
process parameter vectors with different vibration
vectors can cause a problem.

If the condition (3) is not fulfilled for one of the data
say h = h*, which means there are two similar process
parameters, their vibration v,(¢) and the v,*(¢) must be
compared.

[l0x@®) - v*@)] <8 4)

The constant § is a small real number representing the
acceptable neighborhood of the vibration feature
vectors.

If the above condition is not satisfied, i.e. there are
two similar process parameter vectors with completely
different vibration vectors, only one of them should be
used (the choice is important). However, if a
combination of both is to be used, they could be
combined as follows:

PrE) = (1 - o) pp*(E) + op(t) (5)
v *(t) = (1 = o) v, ¥ () + cw,(t) (6)

The forgetting factor, 0 < 0. < 1, is introduced to give less
significance to the latest process parameters and
vibration feature vectors.

5. Fuzzy C-Means Clustering

The pioneering work of Bezdek [6] on clustering has
been shown to be a great success. The clustering
algorithm so called fuzzy c-means is briefly reviewed in
this section. For a good review of fuzzy c-means
clustring, the reader is referred to [6,7].

The clustering of p into M clusters is a process of
assigning a grade of membership to each object p, for
any cluster [6,8,9]. Fuzzy c-means assigns objects,
which are described by several features, to different
classes with different degrees of membership.

The fuzzy clusters can be characterized by a M x N
Class Membership Function (CMF) matrix U = [u]'],
whose enfries satisfy the following conditions:

M

up =1, k=1,2, ., N i

N
0< Zup <@, m=1,2,.., M )

where u" is the grade of membership for p;, object in the
mth cluster.
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In FCM, cluster centers are determined first at the
learning stage, and then the classification is made by
the comparison of distances between the incoming
feature and individual cluster centers. At the learning
stage, cluster centers are obtained by the minimization
of a cost function given below:

N M
JUD =k2121 (up) || pe - Cm} ]2 )

where C = {C1, Cq, ...., Cm,..., M} are M vectors of
cluster centers with Crn=[c,}, c 2, ..., ¢,2]" representing ¢
process parameters for the center of the mth cluster.

The following algorithm is used [10] to determine the
CMF's of each object to a cluster.

1. Estimate the CMF matrix /.

2. Calculate cluster centers {C1, C2, ...Cn, ..., CM}
using the following equation:
, i (u])m
Cm= —N 7 N2 = 1,27...,M 10
k=1 (u:?r )2 (10)
3. Update the CMF matrix, IJ to U* with:
up =
E = T 1y 2
M llpe—Crml 11
X ( pi—Crl ) av

where
k=1,2,....N;m=1,2, ... M

4. If control error, i.e. maxy ,, |uf™ - uf'|< n, stop.

Otherwise substitute U « [/* and return to step 2.

After a number of iterations, cluster centers satisfy the
minimization of the cost function, J( U/, C}, to a local
minimum.

6. Condition Monitoring Based on Forecasting of
Vibrational Signals

After pre-filtering the training data set, FCM algorithm
is employed to classify the process parameters into a
maximum number of inputs i.e. M=N. In this case the
class centers are identical with the data set itself. The
CMF for each data set is 1 for its own class and 0 for
other classes. The resulting CMF is a IV x NV identity
matrix.

On presentation of the evaluation data sets, the
CMF of each evaluation data set is calculated with
respect to the class centers produced from the training
data. Since the class centers are identical to the
training data set, the classification procedure explained
here is an attempt to find out the degree of closeness of
each evaluation data set to the training data set.

To predict the vibration feature vectors, §(¢) based on
the evaluation data, the weighted average of CMFs and
their corresponding vibration feature vectors from the
training data are calculated.

3 |
Doge1 Ui X vi(t)

Zle U4

where u; is the CMF of evaluation data to the ith
training data and is calculated using the following
equation.

1 #

M ( lIpevatzation—Ci )2 (13)
r=1 I|pevuluation_cf‘| i

After calculating the CMFs for evaluation data set,
they are sorted in accordance to their degree of
membership. It is found that using only a limited
number of CMFs can produce an optimum solution.
Hence, CMF's are sorted and, the vibration features for
each evaluation data set is calculated using only =156
procesga parameters with the highest values of CMF
from the training data. The methed presented here is a
very fast and accurate method for a small data set in
comparison with the number of inputs.

v (t)evaluatéon =

(12)

L2

7. Illustrative Example

Fo illustrate the method described in this paper, a
simple diagnosis moedel with two inputs p=[p', p*I" and
one output v=|v'] is considered. Five training data and
one evaluation data are considered. Training data are
given in Table 1 and they are depicted in Figure 3. The

m (volts) e (volts) v1 (volts)
0 0 0
0 1 1 !
1 0 1
1 1 0.02
1.05 0.95 0.2
Table 1: Training data for illustrative example.

&— @ Training data ]
1 p,

o
o@—

Figure 3: Training data for illustrative example.

first four rows of training data in Table 1 represents a
XOR gate. The fifth training data is slightly different
with the fourth row. Although they have more or less
the same input values. Employing the IHD method
explained in section 4 allows these two values to be
merged into a new single value. The new value can be
calculated using expressions (5) and (6) where =0.9.

—
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1.05

HEE N

0.02 = 0.1x02+09x0

Therefore, the training data is reduced to four values as
given in Table 2.

(14)

(15)

pilvolts) | polvolts) || wi(velts)
0 0 0
[ 1 1
1 0 1
1 1 0.02
Table 2: Training data after employing IHD

filtering.

The next stage is to classify the training data using
equations (12) and (13), the predicted value for the
vibration can then be calculated. For example, given
that pewatuation = [0.75, 0.8T, then u; = 0.06, u, = 0.10, uy
= 0.12, u; = 0.71. The predicted vibration {1 can be
calculated as follows when f=3. Figure 4 shows the
training and evaluation data. The predicted vibration
for the evaluation data is given in Table 3.

. P U X v

= , (16)
22:1 Ui
_ 0.71 x0.024010x14+0.12 x 1
N 0.71 + 0.10 + 0.12
= 0.25
P,
1%%'; """""""""" A
0127~ 4 071
7 5, :
Ve \ !
0.06,” v
7 0.10Y !
// - < Evaluation data
O@;/ ¥ ® Training data
4] 1 P

Figure 4: Training and evaluation data and their

CMF values.
p{volis) ‘ pa{volts) H 1 (volts)
075 | 080 || 025

Table 3: Training data after employing THD

filtering.

8. Competition Results

At a turbine, 2900 data sets were measured during a
period of time covering all relevant operational modes.
Each data set consists of 23 values. The firet 11 values
of each data set are process parameters and are
probably relevant for vibration monitoring purposes.

The last 12 values of each data set are vibration
parameters that were measured at different parts of the
turbine. The first 1400 complete data sets are used for
training the model and the last 1500 data sets
containing only the process parameters, are used for the
evaluation of the model.

The objective is to provide a vibration diagnosis
model on the basis of the training data. The evaluation
data is then applied to this model. The results obtained
in this way are then compared with the actual results of
the evaluation data {(which are known only to the
organizer of the competition). The criterion used to
evaluate the results is given below. :

12 2900

LYY i - do)

F=14=1401

Error = amn

The distribution of percentage error for the first and
twelfth sets of evaluation data are depicted in Figures 5
and 6. The maximum deviation is less than 12% for all
valuation data.
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Figure 5: Percentage error for the first set of
evaluaiion data.
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Figure 6: Percentage error for the twelfth set of
evaluation data.
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