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An Efficient Expert System for Machine Fault Diagnosis
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An efficient expert system for machine fault diagnosis is
developed. A new search method is proposed in this system to
improve the efficiency of the diagnostic process. First of all,
a diagnostic tree (a decision tree) is built by domain experts
according to the functions of the devices in the machine. Then,
the diagnostic priorities of nodes (devices) in the tree are
determined based on a fuzzy group multiple attribute decision
making method. A meta knowledge base for fault diagnosis is
generated automatically based on the determined priorities to
guide the diagnostic process. After that, a domain knowledge
base that hypothesises possible faults for each device in the
tree is generated by domain experts and/or manuals. At last,
the inference process starts based on the meta knowledge base
and hypothesises which device is the possible cause of failure.
To validate the system performance, an illustrative example
(VCR troubleshooting) is presented for demonstration purposes.

Keywords: Domain knowledge base; Efficient expert system;
Fault diagnosis; Fuzzy group multiple attribute decision mak-
ing; Meta knowledge base

1. Introduction

A machine fault will cause economic losses and even human
casualties. Diagnosis can approach the problem from all angles
and find the cause with the least time, energy, and money
wasted. Hence, fault diagnosis is necessary when a machine is
malfunctioning [1]. Generally, an expert needs time to diagnose
the fault and determine its cause. However, there are very few
experienced mechanics in the market. Therefore, an expert
system with the expertise of experienced mechanics is
required [2].

In the past, various approaches have been used to produce
better diagnostic expert systems. Among them, the rule-based
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diagnostic expert system is the most mature and the most
promising [1,3,4]. However, many diagnostic rule-based expert
systems suffer from the diagnosis inefficiency problem [2]. To
guide the diagnosis, expert systems rely on an inference engine
to derive the conclusions from the knowledge base. The infer-
ence engine must check all heuristic rules in the knowledge
base based on backward chaining, forward chaining, or mixed
modes of chaining. If the inference engine finds that any
premise clause is unknown during the rule-checking process,
the inference engine generates a query to ask the user. In order
to answer these queries, the user may spend more time col-
lecting related information and responding. Therefore, the diag-
nosis time increases significantly when the number of queries
grows, and the diagnostic process slows down because of the
inefficient search of the knowledge base [5–7].

For improving search efficiency, Vranes et al. [8] proposed
a best-first search strategy based on fault probability infor-
mation. The nodes with high fault probability components are
generated and checked first, followed by those with lower fault
probability. However, fault probability information is not the
only criterion to determine the priority of each node. The other
criteria such as the difficulty of device fault diagnosis, and the
symptoms, should be considered. Liu and Liu [7] proposed a
new search strategy to enhance the efficiency of the diagnostic
process for air compressor troubleshooting. A diagnostic tree
is constructed based on the functions and connectivity of the
air compressor devices. A fuzzy multiple attribute decision
making method for a single user is used to determine the
priority of each node (device) in the tree. Then, the priorities
of devices control the diagnostic process. However, the expert
system for air compressor troubleshooting lacks generality. In
addition, there might be more than one fault diagnosis expert
and they may have different opinions about the importance of
each criterion. Hence, a fuzzy group multiple attribute decision
making method seems more appropriate for this problem [9,10].

The objective of this paper is to design and develop an
efficient machine fault diagnosis expert system (EMFDES) via
a fuzzy group multiple attribute decision making method to
overcome the diagnosis inefficiency problem mentioned above.
EMFDES is a hybrid expert system that combines an expert
system and a fuzzy group multiple attribute decision making
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method. This decision-making method is responsible for the
determination of the most efficient inference process.

2. An Efficient Machine Fault Diagnosis
Expert System (EMFDES)

To overcome the inefficient fault diagnosis problem, an
EMFDES including four modules: diagnostic tree, fuzzy group
multiple attribute decision making (fuzzy group MADM),
knowledge base, and inference engine, is proposed. The frame-
work of EMFDES is shown in Fig. 1. In the following sections,
the system overview is first presented, and the four modules
are described and discussed in that order.

2.1 System Overview

For developing EMFDES, users (domain experts) are asked to
build a diagnostic tree according to the functional relationship
of devices through the user interface. Each node on this
tree represents a physical device. According to some useful
information such as the fault probability, the diagnosis time,
the job complexity, etc., the priority of each device is determ-
ined based on a fuzzy group MADM method. Then, a meta
knowledge base is generated automatically based on the determ-
ined priority to guide the diagnostic process. In the meantime,
the domain knowledge base for hypothesising the possible
faults for each device is also created by domain experts. Then,
the inference engine begins to diagnose the device with the
highest priority and ends with the device with the lowest
priority. Based on this search, the inference engine usually
checks only part of the diagnostic tree and the knowledge
base. Hence, the diagnosis efficiency is improved since the
machine fault can be found without checking the whole knowl-
edge base.

2.2 Diagnostic Tree

A diagnostic tree derived from information about where each
component is located and how the components are connected
to one another can provide the fundamental knowledge for
fault diagnosis. In a diagnostic tree, the nodes represent the
components of the device, and the branch linking any two
nodes represents the parent–child relationship between these
two nodes. The diagnostic tree divides the device into several

Fig. 1. The framework of EMFDES.

smaller devices, and provides the foundation for rule construc-
tion. A device can be divided into several small components
based on the function and interrelation of these components,
and each component may represent one independent module
in the device. Similarly, these smaller components can be
decomposed into even smaller components according to their
specific functions and design objectives. This decomposition
process continues until all the smallest, independent, and repair-
able components are defined. The diagnostic tree is then com-
pletely generated [7]. However, the following situation may
occur during the hierarchical breakdown process. If two large
components at the same level have a functional relation with
the same smaller component at the next level, a “loop” may
be formed among these three components. For computation
purposes, a simple heuristic method is developed to break the
loop and keep the relation among these components. Specifi-
cally, the domain expert can just duplicate the same smaller
device and put each smaller device under both larger compo-
nents. Therefore, the nodes in the tree structure do not tangle
with one another, and the relation among these components
still holds.

2.3 Fuzzy Group Multiple Attribute Decision Making

After the structure is represented by the diagnostic tree men-
tioned above, the priority of the nodes in the diagnostic tree
should be determined. Since there is no certain criterion to
evaluate the priority of each node, it cannot be directly evalu-
ated by domain experts. According to the literature review
mentioned above, a fuzzy group MADM method seems feasible
to solve this problem. Generally, fuzzy group MADM methods
refer to selection from several alternatives in the presence of
multiple criteria, multiple people and fuzzy environments
[11,12]. In the past few years, many fuzzy group MADM
methods have been applied in different fields such as business,
decision making, and expert systems [9].

For machine fault diagnosis, one criterion seems to dominate
other criteria and the trade-off among criteria is non-compensa-
tory (the compensatory model can also be applied in this
proposed fuzzy group MADM method). Therefore, a fuzzy
group MADM method based on the lexicographic approach
(according to the order of importance of the criteria) is
developed to help domain experts to determine the priorities
of the nodes (devices) in the diagnostic tree. Before our fuzzy
group MADM method is discussed, some terminology and
formulae should be defined first.

Different types of fuzzy set have been proposed [13]. The
trapezoidal fuzzy number is one of the widely used fuzzy sets.
Since it has both the computational efficiency and the ease of
data acquisition, the trapezoidal fuzzy number is selected for
developing our fuzzy group MADM method. In addition, some
formulae needed in the proposed fuzzy group MADM
method are:

1. If the scale of a trapezoidal fuzzy number M is not within
the interval [0,1],

M = (a, b, c, d)
The normalisation process is applied as follows:
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(a) The attribute of M is a benefit type

M� = � a � a*
d* � a*

,
b � a*
d* � a*

,
c � a*

d* � a*
,

d � a*
d* � a*�

(b) The attribute of M is a cost type

M� = � d* � d
d* � a*

,
d* � c

d* � a*
,

d* � b
d* � a*

,
d* � a
d* � a*�

where a* is the smallest value for the specific criterion and
d* is the largest value for the specific criterion.

2. The following addition formula is used to combine two
fuzzy numbers:

If M1 = (a1, b1, c1, d1)
M2 = (a2, b2, c2, d2)

Then M1 + M2 = (a1 + a2, b1 + b2, c1 + c2, d1 + d2)

3. The conversion formula proposed by Chen and Hwang [9]
for a fuzzy number is listed below:

If a trapezoidal fuzzy number M,

M = (a, b, c, d)

the crisp number C for M is

C =
1
2 � d

1 � c + d
+

b
b � a + 1�

The detailed steps of the proposed fuzzy group MADM
method for machine fault diagnosis are as follows:

Step 1. Determine the criteria to judge the priorities of the
devices according to the opinions from domain
experts.

Step 2. Determine the degree of importance for these criteria
and what types (benefit or cost) of criteria they are.

Step 3. Define linguistic terms for each criterion. These
linguistic terms (e.g. high, average, low) should be
able to distinguish different degrees of importance
for that criterion.

Step 4. Define the fuzzy membership function for each
linguistic term with respect to each criterion for
each domain expert.

Step 5. Perform the normalisation process for any linguistic
term of the specific criterion if the scale of the
linguistic term for the criterion is not located in the
interval [0,1].

Step 6. Begin at the highest level of the diagnostic tree,
and each domain expert assigns suitable linguistic
terms to each criterion regarding all devices at
that level.

Step 7. Combine criteria by adding their corresponding
membership function values assigned by all domain
experts if several domain experts participate in
this evaluation.

Step 8. Compare all devices to consider the criterion with
the highest rank first. The membership function
values (a fuzzy number) for the criterion are con-
verted into a crisp number. The priorities of devices

are determined by their corresponding crisp number.
The larger the crisp number, the higher the priority.

Step 9. Combine these criteria by adding their corresponding
membership function values and go to step 8 if
several criteria possess the same ranking.

Step 10. Obtain the criterion (or criteria) with the next highest
rank and compare these tied devices by steps 7, 8,
and 9 if there are several devices tied with the same
crisp number.

Step 11. Proceed in this manner until the priorities of all
devices are determined.

Step 12. Go down to the next level of the diagnostic tree
and go back to step 6. This priority determination
process continues until the lowest level of the diag-
nostic tree is reached.

After the proposed fuzzy group MADM method is perfor-
med, a prioritised diagnostic tree is generated. The priorities
of these devices are in terms of the graphic location. The
higher the location of the device, the higher the priority. If
the trade-off among criteria is compensatory, some steps must
be modified in this procedure. Steps 8~11 combine these
criteria by adding their corresponding membership function
values and multiplying their relative importance of criteria.
The combined membership function values (a fuzzy number)
are converted into a crisp number. Compare all devices at the
specific level based on the crisp number. If ties occur, deter-
mine the priority of the device based on the criterion with the
highest rank. The other steps are the same in this procedure.

2.4 Knowledge Base

EMFDES includes two types of knowledge base: a meta
knowledge base and a domain knowledge base. The meta
knowledge base is generated automatically based on the pri-
orities determined by the proposed fuzzy group MADM
method. The purpose of the meta knowledge base is to guide
the diagnostic process efficiently. To guide the inference pro-
cess, a tree search method is helpful to develop the meta
knowledge base. Generally, there are two types of tree search
method: breadth-first search and depth-first search [14]. For
our problem, the depth-first search method seems more feasible
and efficient than the breadth-first search method since each
node contains several branches as its child nodes and the result
is located at the deepest (or lowest) level of the diagnostic
tree [7]. Therefore, the depth-first approach is selected for
developing our meta knowledge base. The rule generation
process will go right until the node is terminated. If a node
is terminated, the diagnostic process will back up one level,
go down, and then go right until another terminal node is
encountered. This process will last until the rightmost and
lowest level node is encountered.

The domain knowledge base is derived from experienced
experts (shallow knowledge) and/or repair manuals (deep
knowledge). The domain knowledge base gathers the associated
heuristic rules that can hypothesise the possible causes of
machine failures. Each device has its own domain knowledge
base, and each domain knowledge base is responsible for
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hypothesising the possible faults for that device. Figure 2
illustrates the relationship between domain knowledge base and
the machine components. The rule expression is as follows:

IF premise 1
AND premise 2
THEN conclusion (confidence factor = 0.7)

The confidence factor is used to represent uncertainty. It
reflects a subjective estimate of the confidence for the validity
of the rule.

2.5 Inference Engine

The inference engine searches for machine faults according to
the meta knowledge base to hypothesise which device is the
possible cause of failure and starts at the highest level. Once a
device is selected and hypothesised, the corresponding domain
knowledge base for that device is used to prove that the
hypothesised device is at fault. If the evidence confirms the
hypothesis, the inference engine moves down to the next level
under that device if the next lower level exists. If there is not
enough evidence, the inference engine will hypothesise another
device with lower priority at the same level as the hypothesised
device and find the associated domain knowledge base to
derive evidence for that device. The inference engine will find
the smallest responsible device. The detailed inference process
of EMFDES is shown in Fig. 3.

In this paper, enough evidence is defined as that in which
there are several rules supporting the hypothesis, and their
combined confidence factor is larger than a specified threshold
value (this confidence factor union method is selected since it
is widely employed [15]). The formula is given as:

C(cf) = cf1 + cf2 � cf1 � cf2 (1)

where C(cf) is the final combined confidence factor and cf1

and cf2 are the confidence factor of rules 1 and 2, respectively.
For example, if a device at fault is hypothesised, EMFDES
must check the domain knowledge base for the specific device.
If the threshold value is assigned to be 0.75, and rules 1 and

Fig. 2. The domain knowledge base for the diagnostic tree.

Fig. 3. The process for the inference engine.

2, with confidence factor 0.5 and 0.7, respectively, for support-
ing the specific device are triggered, the combined confidence
factor becomes 0.85 according to the confidence factor union
method (i.e. 0.5 + 0.7 � 0.5 � 0.7 = 0.85). This value is
higher than the threshold value. It concludes that the device
is at fault.

3. System Configuration

EMFDES has been successfully implemented in Visual Basic
on a PC. It provides a comfortable human–machine interface
for domain experts to define the diagnostic tree, determine
criteria, develop the knowledge base, and set experts’ evalu-
ation (Fig. 4).

EMFDES includes six functions: FILE, TREE, CRITERIA,
RULE, EXPERT EVALUATION, and RUN functions. The
FILE function allows users to maintain a machine fault diag-
nosis problem. The TREE function allows users to define a
diagnostic tree. The CRITERIA function allows users to deter-
mine which model (compensatory or non-compensatory) and
criteria should be considered. The RULE function allows users
to develop a domain knowledge base. The EXPERT EVALU-
ATION function allows users to evaluate the importance of
each device according to each criterion. Furthermore, a meta
knowledge base for the machine fault diagnosis is generated
automatically. The RUN function allows users to execute the
software and find the results.

4. An Illustrative Example

In order to illustrate the system of EMFDES, one sample
application description is presented for demonstration purposes.
Video cassette recorders (VCRs) are complex electronic and
mechanical devices. They rely on special proprietary integrated
circuits and zero tolerance mechanical alignment [16]. An
expert system for VCR fault diagnosis is developed based on
the structure of EMFDES. The detailed description is given in
the following section.
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Fig. 4. The main menu of EMFDES.

4.1 Diagnostic Tree

Based on the VCR repair manual and specifications [16–18]
the diagnostic tree of the VCR is constructed (Fig. 5). In Fig.
5, a VCR is divided into three major devices: tape control,
video board, and track control. Each device is also composed
of several smaller devices. For example, the tape control can
be broken down into three smaller devices: belt, mechanism,
and gear. This breakdown process continues until the smallest
repairable units have been defined.

4.2 Fuzzy Group Multiple Attribute Decision Making

Based on the proposed steps mentioned in Section 2.3, the
first step is to define the evaluation criteria (or attributes).
According to the opinions from domain experts, the following
three criteria are selected to determine the relative importance
of these components:

1. Fault probability.
2. Time for diagnosis.
3. Complexity of diagnosis.

Once the three criteria are defined, step 2 is to determine
the rank and the type of these three criteria. After we consult
with domain experts, the relative importance among these
criteria is determined. In addition, this model is non-compensa-
tory for criteria. Fault probability is the most important cri-
terion, time for diagnosis is the second most important one,
and complexity of diagnosis is the least important. In addition,
fault probability is a benefit type of factor. The other two
criteria, time for diagnosis and complexity of diagnosis, are
cost types of factor.

Step 3 is to define different linguistic terms to distinguish
the difference for each criterion according to the opinions from

Fig. 5. The diagnostic tree structure of the VCR.

domain experts (Table 1). In Table 1, the linguistic terms for
the criterion “time for diagnosis” from the highest degree to
the lowest degree are “very large”, “large”, “medium”, “small”,
and “very small”.

Step 4 is to define the membership functions of these
linguistic terms according to the opinions from domain experts.
For instance, if the linguistic term “large” of the criterion
“time for diagnosis” (Fig. 6) has the most probable value 1
between 20 and 22 min, and this value gradually decreases to
0 within 5 min, the membership function of this linguistic
term is written in (15, 20, 22, 27). Similarly, the rest of the
linguistic terms for the other criteria can be defined in the
same way (Figs 7 and 8).

Step 5 is to perform the normalisation process for any
linguistic terms in a specific criterion if it is required. For
example, since the scale of the “time for diagnosis” criterion
ranges from 0 to 30 and exceeds the interval [0,1], the normal-
isation process is required. A linguistic term “small” can be
used to demonstrate the normalisation process.

“small” = (3, 8, 10, 15).

Since this criterion is the cost type, the normalized fuzzy
number for the linguistic term “small” is

“small” = �30 � 15
30 � 0

,
30 � 10
30 � 0

,
30 � 8
30 � 0

,
30 � 3
30 � 0�

= (0.5, 0.667, 0.733, 0.9)

The other linguistic terms of the criterion “time for diag-
nosis” can be calculated in the same way. Figure 9 shows
new membership functions of all linguistic terms after the
normalisation process is performed.

According to step 6, the highest level of the diagnostic tree
contains three components: “tape control”, “video board”, and
“track control”. The appropriate linguistic terms are assigned
by a domain expert to each criterion for these three components
(Table 2).

According to step 7, since there are two experts in this
evaluation, the other expert assigns his weighting to each
component according to each criterion (Table 3).

Step 8 is to compare these components. Since “fault prob-
ability” is the most important criterion, it is the first one
selected for comparison. The linguistic terms of these three
components (Tables 2 and 3) are then converted into the crisp
values according to the conversion formula mentioned above.
The detailed computation is:

“Tape control” = (0.6, 0.75, 0.8, 0.95) + (0.6, 0.75, 0.8, 0.95)
= (1.2, 1.5, 1.6, 1.9)
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Table 1. The linguistic terms for the criteria.

Criteria Linguistic terms

Fault probability Very high High Average Low Very low
Time for diagnosis Very large Large Medium Small Very small
Complexity of diagnosis Very high High Average Low Very low

Fig. 6. The membership functions of the linguistic terms for “time for
diagnosis”.

Fig. 7. The membership functions of the linguistic terms for “fault
probability”.

Fig. 8. The membership functions of the linguistic terms for “com-
plexity of diagnosis”.

=
1
2 � 1.9

1 � 1.6 + 1.9
+

1.5
1.5 � 1.2 + 1� = 1.3

“Video board” = (0.35, 0.5, 0.5, 0.65) + (0.6, 0.75, 0.8, 0.95)
= (0.95, 1.25, 1.3, 1.6)

Fig. 9. The normalised fuzzy number for “time for diagnosis”.

Table 2. The assigned linguistic terms for these three components (the
first expert).

Criteria Tape Video Track
control board control

Fault probability High Average High
Time for diagnosis Medium Large Medium
Complexity of diagnosis High Average Average

Table 3. The assigned linguistic terms for these three components (the
other expert).

Criteria Tape Video Track
control board control

Fault probability High High High
Time for diagnosis Large Large Medium
Complexity of diagnosis High Average Average

=
1
2 � 1.6

1 � 1.3 + 1.6
+

1.25
1.25 � 0.95 + 1� = 1.1

“Track control” = (0.6, 0.75, 0.8, 0.95) + (0.6, 0.75, 0.8, 0.95)
= (1.2, 1.5, 1.6, 1.9)

=
1
2 � 1.9

1 � 1.6 + 1.9
+

1.5
1.5 � 1.2 + 1� = 1.3

The result shows that the priorities of the components “tape
control” and “track control” are the highest, and the “video
board” has the lowest priority. Notice that there is a tie between
“tape control” and “track control”. To distinguish the priorities
between these two components, the next important criterion
“time for diagnosis” must be used. Similarly, the crisp value
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of these two components for the “time for diagnosis” criterion
is calculated as follows:

“Tape control” = (0.333, 0.5, 0.5, 0.667) + (0.1, 0.266, 0.333,
0.5) = (0.433, 0.766, 0.833, 1.167) = 0.725

“Track control” = (0.333, 0.5, 0.5, 0.667) + (0.333, 0.5, 0.5,
0.667) = (0.666, 1.0, 1.0, 1.334) = 0.875

The final priority of the components at the first level has
now been determined. The priority of these components from
high to low is “track control”, “tape control”, and “video
board”. By repeating steps 6 to 12, the prioritised diagnostic
tree for VCR is built (Fig. 10). The higher the device is
located in Fig. 10, the higher priority it has.

4.3 Knowledge Base

There are 19 control rules generated automatically in the meta
knowledge base according to the prioritised result mentioned
above. The following rules are part of the meta knowledge
base:

RULE 1: IF VCR is bad;
THEN check track control.

RULE 2: IF track control is bad;
THEN check VCR board.

RULE 3: IF VCR board is bad;
THEN check brake.

RULE 4: IF brake is good;
THEN check reel drive.

RULE 5: IF reel drive is good;
THEN check guide.

RULE 6: IF VCR board is good;
THEN check tape.

RULE 7: IF track control is good;
THEN check tape control.

•

•

By guiding the diagnostic process, the meta knowledge base
allows domain experts to concentrate on hypothesising the
possible faults for one device at a given time.

Fig. 10. The prioritised diagnostic tree for VCR.

Now we begin to build the domain knowledge base for each
device. The heuristic rules in the domain knowledge base are
derived from the repair manual [16–18] and some experts, and
will be used to hypothesise the possible faults for that device.
For instance, the “brake” component in the knowledge base
consists of the following heuristic rules:

RULE: Brake 1
IF the video problem is from VCR itself;
AND the pad in reel brake is worn off;
AND the audio and video connection is in good con-

dition;
THEN jammed take-up brake (confidence factor = 0.5).
RULE: Brake 2
IF the video problem is from VCR itself;
AND the pad in reel brake is worn off;
AND the loading gears run irregularly;
AND some obstruction is found near record head;
THEN jammed take-up brake (confidence factor = 0.7).

•

•

4.4 Inference Engine

Use the previous meta knowledge base and Fig. 3 as an
example. Based on rule 1 of the meta knowledge base, the
inference engine first examines the device “track control” by
consulting the corresponding domain knowledge base. In this
case, rule track control 1, rule track control 2, etc., are investi-
gated. If those heuristic rules support enough evidence to prove
that the device “track control” is at fault, the diagnostic process
will go down to the next level. The inference engine examines
the device “VCR board” by consulting rule VCR board 1, rule
VCR board 2, etc. If there is not enough evidence to prove
that device “VCR board” is at fault, the inference engine will
check rule 6 in the meta knowledge base and test the device
“tape”. However, if the inference engine does not have evidence
to support the device “track control” being at fault, the infer-
ence engine will check rule 7 in the meta knowledge base and
examine the device “tape control” by consulting its domain
knowledge base. This examine-and-verify process lasts until
the smallest responsible device is found.

In order to validate the system performance of EMFDES,
an expert system for VCR troubleshooting, VTS, is developed
first. The knowledge base for VTS is directly extracted from
manuals [16–18] and two experts with 15 years’ experience in
VCR repair. There are 156 rules in its knowledge base. The
inference engine of VTS checks all heuristic rules in the
knowledge base, based on a backward chaining search. VTS
has been validated by actual failure cases and performs well
(100 actual faults in a maintenance department of a SAMPO
company were obtained from 1999 to 2000. The accuracy of
VTS is 80%. The accuracy of experts is 76%.).

One hundred faults in a maintenance department of a
SAMPO company from 1999 to 2000 were selected for compar-
ing the performance of both systems. These faults involve
three major symptoms: not thread tape; not play tape; and
snowy picture. (Since these three symptoms happen frequently
[16–18], this work will focus on these symptoms.) Two factors
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Table 4. The query number required for EMFDES and VTS via 100 cases.

Symptom Number of cases EMFDES VTS Query number reduced Improvement (%)

Not thread tape 56 338 374 36 10
Not play tape 24 142 166 24 14
Snowy picture 20 118 136 18 13
Total 100 598 676 78 12

are considered in comparing the performance of both systems.
The first factor is the accuracy of the diagnosis result. Since
the knowledge base of EMFDES is the same as VTS, the
accuracy of the diagnosis should be the same. The later
validation experiment also indicates that both systems reach
the same conclusions by testing the sample cases. The second
considered factor is the efficiency of diagnosis. This can be
evaluated by using the number of queries. The more questions
a system asks, the more time the user requests. That is, the
user may need more time to collect relevant information, to
conduct some tests, or to observe some device behaviour for
answering these questions. Therefore, the number of queries is
used to measure the diagnosis efficiency. Table 4 displays the
query number, the reduced query number, and the improvement
percentage using 100 sample cases. In this table, the improve-
ment for symptom “not play tape” is the highest of these three
symptoms and the improvement is about 14%. In addition, this
table shows that EMFDES can normally reduce by 12% the
number of queries required for VTS.

5. Conclusions

This paper proposes an efficient machine fault diagnosis expert
system via a fuzzy group multiple attribute decision making
method. Unlike many existing diagnostic expert systems which
must check all rules in the knowledge base, EMFDES conducts
an efficient search to find the possible causes. This expert
system has been validated by a VCR troubleshooting sample.
EMFDES can be implemented in the service shops and factories
for troubleshooting machine failures such as PC equipment
troubleshooting.

Although this system has been designed and developed
successfully, several further research directions can be followed
to enhance EMFDES:

1. The system may generate some questions that seem trivial
to an experienced user. An algorithm that can detect differ-
ent degrees of user background is recommended.

2. This system can only detect single faults. Diagnosis of
multiple faults may be considered.
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