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Abstract

The fault diagnosis on diesel engine is a difficult problem due to the complex structure of the engine and the presence of
multi-excite sources. Usually, one method of fault diagnosis can only inspect one corresponding fault category. In this paper,
a new method, Rough Sets Theory, is used to diagnose the valve fault for a multi-cylinder diesel engine. Through the
analysis of the final reducts generated using Rough Sets Theory, it is shown that this new method is effective for valve fault
diagnosis. Rough Sets analysis requires discretizing the fault condition attributes. However, in practice, some of the limits of
these attributes are unknown. A new discretization method has been created and the method is found to be suitable for

discretizing the attributes without a priori knowledge. © 2000 Elsevier Science B.V. All rights reserved.

Keywords: Fault diagnosis; Rough Sets Theory; Discretization

1. Introduction

Fault diagnosis on machinery has been well re-
searched [1]. There are many effective methods that
are used to diagnose accurately and quickly a certain
category of faults [2]. For instance, large-scale cen-
trifugal compressor can be diagnosed by holospec-
trum technique [3]. However, up to now, it is diffi-
cult to diagnose more than one category of faults.
This is especialy so in diagnosing the dynamic
characteristics of reciprocating machinery, such as
reciprocating compressor and diesel engine. This is
due to the complex structure of the reciprocating
machinery. Although many methods can be used to
determine specific fault category, such as broken

* Corresponding author. Tel.: +65-874-6818; fax: +65-779-
1459.
E-mail address: mpetayeh@nus.edu.sg (F.E.H. Tay).

valve and cracked crankshaft [4], the results obtained
from such fault specific method are not easy to
interpret. There is a need to have a method that can
diagnose more than one category of faults in a
generic manner. In this paper, a method based on
Rough Sets Theory is proposed and implemented.

Z. Pawlak (Poland) first proposed Rough Sets
Theory in 1982. This theory has been developed and
used in many domains, such as medical diagnosis
[5], stock market forecast [6], fault diagnosis in
engineering domain [7], decision making for bank
manager [8] and some other uses [21].

The advantage of Rough Sets Theory is that it
needs neither additional information about the data
nor is it necessary to correct the inconsistencies
manifested in data. Instead, rules generated are cate-
gorized into certain rules or possible rules.

In this paper, the Rough Sets Theory [9] is used to
analyze the decision table composed of attributes
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extracted from the vibration signals, which are col-
lected from a 4135 diesel engine. The remainder of
this paper is organized as follows. The characteristics
of vibration signal of diesel engine will be analyzed
in Section 2, then Rough Sets Theory is introduced
in Section 3. The attributes field is established in
Section 4, which is used to compose the decision
table. A new discretization method, more suitable to
discretize continuous attributes without a priori
knowledge, is proposed in Section 5. The diagnosis
results using Rough Sets Theory are discussed in
Section 6 and at the end of this paper, conclusions
based on the aforementioned analysis are given.

2. The Characteristics of vibration signals for a
4153 diesel engine

There are many surveillance methods [2,10] pro-
posed to monitor the condition for a diesel engine,
based on the processing of the vibration signals. Due
to the complex structure and multi-excite sources
that exist in diesel engine, the vibration signals
collated from the engine surface have the following
characteristics:

® Presence of a number of self-exciting vibration
and forced vibration in the diesal engine that is
running. Therefore, the width of spectrum in fre-
guency domain is very large.

e Thevibration signals in the time domain are more
complex compared to a large-scale rotational ma-
chinery, which is a pure sine curve.

Normal Signal of 1st Cylinder
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Fig. 1. Normal state (sample point 1).

Normal Signal of 2nd Cylinder
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Fig. 2. Normal state (sample point 2).

e Inadiesel engine, such as 4135 engine, the stroke
cycles are fixed. Therefore, the time series appear
periodical. However, in every period, there exist
many other periodical vibrations within the stroke
cycle.

In Figs. 1-12 some vibration signas, collected
from a 4135 engine surface, are presented. The
parameters of 4135 diesel engine are;

Rated Engine Power: 80 hp,

Rated Engine Speed: 1500 rpm,

Four states are studied in this paper. They are,
® Norma state

® Intake valve clearance is too small

normal signal of 2nd cyclinder
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Fig. 3. Normal state (sample point 3).
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Intake Valve Clearance is too large
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Fig. 4. Intake valve clearance is too large (sample point 1).

Intake Valve Clearance is too large
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Fig. 5. Intake valve clearance is too large (sample point 2).
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Fig. 6. Intake valve clearance is too large (sample point 3).

Intake Valve Clearance is too small
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e |ntake valve clearance is too large
® Exhaust valve clearance is too large.
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Among these four states, three fault types were

simulated in the intake valve and exhaust valve

on

the second cylinder head. In this process, three points
are selected to collect vibration signals. They are the
first cylinder head, the second cylinder head and
another one that is at the centre of the piston stroke,
on the surface of the cylinder block. In each figure,
the top portion represents the time series and the

Intake Valve Clearance is too small
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Intake Valve Clearance is too small
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Fig. 9. Intake valve clearance is too small (sample point 3).

bottom portion represents the corresponding FFT
(Fast Fourier Transformation) spectrum.

According to the diesel engine operating princi-
ple, when the clearance of valve increases, the en-
ergy distributed in frequency axis will move up to a
higher frequency [10]. Thus, theoretically, from the
state of small intake valve clearance to normal and to
large intake clearance, the center of frequency distri-
bution will move up the axis.

From the FFT spectrum in Figs. 1-12, it is diffi-
cult to differentiate the energy change corresponding
to the fault type change. The energy spectrum is

Exhaust Valve Clearance is too large
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Exhaust Valve Clearance is too large
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Fig. 11. Exhaust valve clearance is too large (sample point 2).

distributed in a wide range from 50 to 2000 Hz for
the vibration signals collected from the cylinder head.
The energy spectrum covers the entire frequency
axis for the vibration signals collected from the point
in the middle of piston stroke.

In the time domain, every waveform peak repre-
sents the uncontrolled burning or flame propagation
phase [11]. From the time series waveform, no con-
spicuous difference exists among the different fault
types. Therefore, due to the complex vibration sig-
nals, the different valve faults cannot be diagnosed
using conventional FFT spectrum.

Exhaust Valve Clearance is too large
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Fig. 12. Exhaust valve clearance is too large (sample point 3).
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3. Rough Sets Theory

Rough Sets Theory [9] is a new mathematical tool
to handle vagueness and uncertainty inherent in mak-
ing decisions. Rough Sets Theory finds applications
primarily in some branches of artificia intelligence
and cognitive sciences, such as machine learning,
knowledge discovery from databases, expert sys
tems, inductive reasoning, automatic classification,
pattern recognition and learning algorithm.

Since Z. Pawlak proposed the Rough Sets Theory
in 1982, this theory has been well studied by many
researchers and have made great progress.

Due to its advantage, which include the elimina
tion of the need for additional information about data
and the ability to extract rules directly from data
itself, this theory has been used in more and more
domains. In Section 3.1 the following section, the
fundamental knowledge about Rough Sets Theory is
introduced.

3.1. Information system and decision table

Information systems are used to represent knowl-
edge. The notion of an information system presented
in this paper is described in the works of Pawlak [12]
and Yasdi [13]. A summary is included here for
completeness.

An information system S= (U, 2, V,, f;,) con-
sists of: U — a nonempty, finite set called the
universe; {2 — a nonempty, finite set of attributes;
=CuUD, inwhich C is afinite set of condition
attributes and D is afinite set of decision attributes;
For each q € (2, V, is caled the domain of q; f,—
an information function f,: U — V.

There are various possible interpretations of ob-
jects in practical applications, for example, cases,
states, processes, patients and observations. At-
tributes can be interpreted as features, variables and
characteristic conditions. In this paper, a special case
of information systems called decision table or at-
tribute-value table, is applied into the following
analysis. In a decision table, the columns are labeled
by attributes, and rows are by objects (states, pro-
cesses, events, etc.). Example of a decision table
(attribute-value table) is given in Table 1.

InTable 1, U=(1, 2, 3, 4, 5}, 2={a, b, ¢, d,
.

Table 1

A decision table

u® a b c d e
1 1 0 2 1 0
2 0 0 1 2 1
3 2 0 2 1 0
4 0 0 2 2 2
5 1 2 2 1 0

3.2. Lower and upper approximation

In an Information System, to every subset of
attributes B C {2, a binary relation, denoted by
IND,(B) or IND(B), caled the B-indiscernibility
relation, is associated and defined as follows:

IND(B) ={(x,y) € U% foreverya€ B,
a(x) =a(y) (1)

where IND(B) is an equivalence relation and
IND(B) = () IND(a)
acB

Objects x, y satisfying relation IND(B) are indis-
cernible by attributes from B.
Consider the subset B={a, b, ¢} in Table 1, then

U/IND({a}) = {{1,5}.{24}.{3}};
U/IND(B) = {{1}.{2}.{3} {4} .{5}}.
Sets that unions of some classes of the indis-
cernibly relation IND(B) are called definable by B.
If S=(U, 2, Vs fq) is a decision table, Bc 2
and Xc U then B-lower and B-upper approxima-
tion of X is defined respectively as follows:

BX=U{Y€U/IND(B):YCX}; (2)
BX=U{Y€U/IND(B):YNX# )}, (3)

where U /IND(B) denotes the family of all equiva-
lence classes of B(classification of U).

The set BX is the set of al elements of U, which
can be certainly classified as elements of X, with
respect to the values of attributes from B; and the set
BX is those elements of U which can be possibly
defined as elements of X with respect of the value
of the attributes from B. Finaly, BNg(X) is the set
of elements which can be classified neither in X nor
in X on the basis of the values of attributes from B.
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The set BNg(X)=BX—BX is caled the B-
boundary of X. B

From Table 1, the subset of attribute B ={a, b}
and the subset of objects X ={2,3}, the following
approximations can be derived:

BX = {3};
BX ={2,3,4};
BNy( X) = (2.4}

3.3. Quality of approximation

Inexactness of a set (category) is due to the
existence of a boundary region. The following qual-
ity of the lower approximation of X by B on (2
were introduced in Pawlak [12]:

BX| § s |BX|

Thus, the quality of lower approximation of X by
B in  is the ratio of the number of all certainly
classified objects by attributes from B as being in X
to the number of al objects in the system. y, (X) is
intended to capture the degree of completeness of
our knowledge about the set X. It is a kind of
relative frequency. The quality of upper approxima-
tion of X by B in (2 isthe ratio of the number of
all possible classified objects by attributes from B as
being in X to the number of all objects in the
system. It is aso a kind of relative frequency.

Two mesasures to describe inexactness of approxi-
mation classifications have been defined; the first
measure is the accuracy of approximation of 2 by
B. It expresses the possible correct decisions when
classifying objects employing the attribute B.

Leard(BX;)

e p———— 5
Tcard( BX;) ®)
The second measure is caled the quality of ap-

proximation of (2 by B. It expresses the percentage

of objects, which can be correctly classified into

class 2 employing the attribute B:

_ Zcard(BX;)

ve({2) = “ead(U) (6)

Table 2

The discernibility matrix for decision Table 1

U 1 2 3 4 5
1

2 acde

3 a acde

4 a d e c e a d e

5 b abcde ab a b de

3.4. The discernibilty matrices and discernibility
function

The elements of a discernibility matrix [14] of B
is defined as follows:

(C;)={aeB:a(x) #a(x)}
fori,j=1,2...n (7)

and a discernibilty function f(B) is a Boolean func-
tion of n attributes defined as:

f(B)=I1 X &(xy)
(x,y)eu?
where ['T denotes products of partitions.
For the decision table as shown in Table 1, the

discernibility matrix is listed in Table 2.
The discernibilty function for this set is:

f(a,b,c,d,e)=(avcvdve)alavcvdyVe)
X(avdve)(cVve)
X(avdve)b(avbvcvdyVe)
X(avb)(avbvdvVe)
=ab(cVe)

In this paper, the discernibility matrix and the dis-
cernibility function are used to extract the minimal
reducts.

4. Specification of attributes field

Before using Rough Sets Theory, the attributes
field must be specified to compose the decision
table. In this paper, six attributes are extracted from
the vibration signal for each sampling point. These
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six attributes can be divided into two categories,
frequency domain and time domain. They are intro-
duced as follows:

4.1. Frequency domain attributes

(@ IF — Waveform Complexity in frequency
domain [15]

N/2

IF=— Y X(i)logX(i), (9)
i=1

where X(i) — the FFT spectrum.

From the Eqg. (9), it can be seen that IF is a
frequency domain entropy, reflecting the complexity
of FFT spectrum.

(b) CG — the center frequency of spectrum [16]

N/2

CG(X) = —u( X(K)), 10
(X) = L (XK (10)

where u(X(K)) = X(K)/Z/2X(j), X(K) — the

FFT spectrum, k=1,2,...,N.

4.2. Time domain attributes

(@ IT — Waveform Complexity in time domain
[15]

m
IT=— ) Aloga;, (11)
i=1
where A; — the singular value of a time series
according to its period; m — the number of periods
in atime series. The physical significance of IT isto
reflect the complexity of time series. It is time
domain entropy.
(b) o — Nonperiod complexity [16]

m m m
o=—— Y N[ Y A%, (12)
m-1;5 i=1
A, — the singular value of atime series according to

its period.
(c) D, — the variance of time series

=~ % [x(t) ~%]". (13)

i=1

n— length of a time series; X— mean value of the
whole series; x(t;) — time series.
(d) a, — Kurtosis of time series.

10 .
= I Ixw] (14)

The above six attributes present the information
contained in vibration signals both from the fre-
quency domain and time domain. For IT and o, they
reflect the time series periodical characteristic be-
cause the single fault type shows the periodicity in
time domain and the energy will increase in a certain
frequency in the spectrum, which is reflected by
attributes, IF and CG. Variance D, and Kurtosis «,
are the measures of the data distribution.

5. Discretization of attributes

Having established the attributes field, the crucial
problem now is how to discretize them because the
Rough Sets Theory cannot be used to deal with the
continuous attributes, which is the disadvantage of
this method.

Usually, the value of attribute changes monotoni-
cally with deterioration of the state. Boundary values
to divide its domain into intervals corresponding to
different state are selected by experience.

However, when experience to discretize the do-
main is not present, other discretization methods
have to be used.

There are many discretization methods, such as
equal-width-intervals, equal-frequency-intervals [17]
and Minimal Entropy Method [18]. Among these
methods, there are always some disadvantages that
make them impractical. In [7], four methods defining
attribute limit values were compared. They were
caled L-, W-, P- and C-method. For these four
methods, practical experience is needed to calculate
the limit value, so these four methods cannot be used
in our case.

In this paper, a new method is proposed to dis-
cretize the attributes extracted from vibration signals.
This method extracts the salient features from
ChiMerge algorithm [19] and e-indiscernibility rela-
tion algorithm [20]. The algorithm is presented be-
low:

Step 1. al the objects are sorted in ascending
order of the value of the attributes.
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Table 3

The quality of classification for different u

" Class0 Class 1

pn=0.1 lower approximation 25 3
upper approximation 44 22
accuracy of approximation 0.5682 0.1364
accuracy of classification 0.4242
quality of approximation 0.5091

n=0.2 lower approximation 25 4
upper approximation 43 22
accuracy of approximation 0.5814 0.1818
accuracy of classification 0.4462
quality of approximation 0.5273

n=0.3 lower approximation 32 14
upper approximation 40 22
accuracy of approximation 0.8000 0.6364
accuracy of classification 0.7419
quality of approximation 0.8364

w=0.4  lower approximation 34 21
upper approximation 34 21

n=0.9 accuracy of approximation 1 1
accuracy of classification 1
quality of approximation 1

Step 2 calculate the y? value between each
consecutive pair. At the beginning, every object
constitutes a separate cluster. The calculation of y?
value is defined in the following equation:

2
(Aij — Eij)
E

2k

X'- ¥ ¥

i—1j=1

(15)
i]

where k— number of classed(decision attributes);
A;; — number of objects in the ith interval, jth
class;, R — number of objects in the interval in the

ith interval, ijzlAij; C; — number of objectsin the
jthclass, ¥7_; A;;; N— total number of objects; E;;
— expected frequency of A;; = R,C;/N, if either R;
or C; isO, E issetto 0.1.

Step 3: The pair of clusters for which the com-
puted x? isminimal isfound, if the purity condition
described below is fulfilled, the selected clusters are
merged. If for a selected pair of consecutive clusters,
the purity condition is not fulfilled, the next pair
according to the x? is to be searched for. The
process is repeated until there is no pair of clusters
fulfilling the purity condition or, if the number of
clusters decreases to 2.

The purity condition is defined as follows. During
the entire process, the distribution of class frequen-
cies for each cluster (C;/N) is stored and updated
separately. When merging two clusters, their distri-
butions are summed. Based on that distribution, a
majority class, that is, the class with maximal share
in the cluster, may be easily computed. If the share
of majority class in the resulting cluster does not
drop below a fixed threshold u, the clusters consid-
ered as candidates for merging is deemed to fulfill
the purity condition.

In this paper, the quality of approximation yg(2)
is regarded as the standard to evaluate the final
discretization result. If the quality of classification
remains stable, the corresponding wis adopted.

Following the above algorithm, a case in Ref. [7]
is tested and compared with the L-method mentioned
in Ref. [7], the result is presented in Tables 3 and 4.

From the Table 3, when value of nis larger than
0.4, the quality of approximation reaches 1. For

Table 4

The quality of classification of every attribute for the different wvaue

13 S S, S3 Sy S5 S S7 Sg So S10 Si1 Si2
0.1 0.35 0.29 0.35 0 0.40 0.35 0 0.38 0 0.38 0.36 0.36
0.2 0.35 0.29 0.35 0 0.40 0.35 0 0.38 0 0.38 0.36 0
0.3 0.35 0 0.35 0 0.40 0.35 0 0.38 0.20 0.55 0.36 0
0.4 0.35 0.29 0.35 0 0.65 0.20 0.15 0.60 0.20 0.55 0.36 031
0.5 0.45 0.29 0.44 0 0.65 0.20 0.15 0.69 0.47 0.55 0.16 031

0.6 0.53 0.36 0.56 0.04 0.65 0.20
0.7 0.53 0.36 0.56 0.04 0.65 0.20
0.8 0.53 0.15 0.56 0.04 0.65 0.20
0.9 0.67 0.56 0.56 0.04 0.65 0.24
L 0 0.04 0.35 0.24 0.02 0.13

0.15 0.69 0.47 0.55 0.16 0.31
0.15 0.69 0.47 0.56 0.16 031
0.15 0.69 0.47 0.56 0.16 0.31
0.33 0.69 0.49 0.64 0.20 0.31
0.35 0.13 0.16 0.09 0.09 0.09
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every dtribute in Table 4, when the value of wis
larger than 0.4, the quality of approximation remain
stable. So in this example, 0.4 is assigned to .

In the entire calculation, no a priori knowledge is
needed. Only the purity condition is used to end its
discretization. This advantage overcomes the short-
coming of ChiMerge agorithm, which needs user-
defined parameters — to select the minimal and
maximal intervals. However, this new algorithm only
considers the relationship between a single continu-
ous valued attribute and its decision attribute.

6. Implementation and discussion

In this section, the decision table composed of 18
condition attributes (six attributes for each sampling
point) and four decision attributes. The decision
attributes correspond to the following:

normal,

intake valve clearance is too small,
intake valve clearance is too large,
exhaust valve clearance is too large.

The decision table constructed is shown in Table 5.

Having discretized the condition attributes, dis-
cernibility matrix and discernibility function are used
to get the fina reducts. Here the quick reducing
method [8] is used to choose the minimal reducts.
The procedure of the quick reducing method is de-
scribed as follows:

® The core or attributes with highest quality of
classification is calculated.

e The above core or attributes are augmented by
one of the remaining attributes. The pair with the
highest quality of classification is chosen.

e The process is repeated until the quality of classi-
fication is equal to one or equals to the quality of
classification for al the condition attributes.

According to the quick reducing method, the fol-
lowing results are presented in Table 6.

In Table 6, according to the minimal reducts, the
distribution of attributes belonging to different sam-
pling points can be calculated. From 0.2 to 0.5 of
pvalue, the attribute numbers appearing in the fina

Table 6

Final reducts according to different n value

“ Quality of Final reducts

classification

n=02 1 {a4, dg, 940, 813}: {6.5, a7};
{as, a0} {as, a3}

w=03 1 {as, ag); {as, ayo); (A, a)

w=04 1 {ay, as}; {ag, agy); {as, a);
{ay, a,}

w=05 1 {as, ayy); {ayg, a7}

Where a,, a;, a;3 — IF; @y, ag, &y, — IT; a3, 8, &5 — 0;
8y, 19, &g — CG; a5, &y, &7 — Dy 8, &y 315 — ay.

reducts of sampling point 1 (from a, to ag) — the
first cylinder head, is 11/28; the attribute numbers
of sampling point 2 (from a, to a,,) — the second
cylinder head is 14 /28, and the attributes appearing
in the final reducts of sampling point 3 (from a,; to
a;3) — the middle point in piston stroke of the
second cylinder is 3/28. That is to say that the
second sampling point, which corresponds to the
second cylinder, is more important than the other
points in the final decision.

This agrees well in practice. The second cylinder
was observed to be the most sensitive to the chang-
ing of vibration. Thus, the results obtained from the
Rough Sets Theory agrees well with the observation.

From the final reducts, the most important at-
tribute can be chosen according to their appearance
times in the final reducts. Attributes a; and a,, get
the highest value, which is equa to 6/28. Attribute
a5 is the variance value of the first sampling point
and attribute a,, is the spectrum center value of the
second sampling point.

7. Conclusions

In this paper, valve fault diagnosis using Rough
Sets Theory is presented. Summarizing the formula-
tion; first, the decision table is established. In this
process, the attributes field has to be specified ac-
cording to collected signals. Next, using a discretiza-
tion method, either with expert experience or not,
transform the continuous valued attributes to discrete
ones. Finaly, the Rough Sets Theory is used to get
the final reducts and to extract the rules. These rules
are used to distinguish the fault type or to inspect the
dynamic characteristic of the machinery.
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Through the implementation and results, the fol-
lowing observations and conclusions are made:

® The Rough Sets Theory used to diagnose the
valve fault of a 4135 diesel engine has been found
to be effective.

e The lack of a priori knowledge in practice for
fault diagnosis is very prevalent and therefore the
new discretization method proposed in this paper
will be very useful.
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