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Abstract: Because of the lack or incompleteness of data, a number of maritime risk studies based on fuzzy rule-based approaches have
been proposed. However, two drawbacks can be identified in such approaches. The first is the low degree of discrimination of risk results
because of the membership function distribution of the linguistic terms describing inputs. The lack of discrimination becomes degenerative
in circumstances where the membership functions of linguistic terms are disproportionately distributed. The second is the lack of
consideration for different effects of risk results caused by input weights because of the loss of information from the inputs. By developing
a new mechanism for constructing rules and fuzzy conclusions, a risk modelling capable of overcoming such difficulties is proposed. The
methodology is validated using two case studies selected from the literature. It is concluded that the framework is able to provide better
discrimination of risk results. Risk outcomes can be generated with confidence regardless of the membership function shapes of linguistic
terms in both the antecedent and consequent parts. It also has the feature that enables risk results to be sensitive to the minor alterations
of input weights.
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1. Introduction

Maritime safety has evolved from a reactive manner towards
a risk-based regime since the 1990s. It has become an
important issue in the maritime industry because of the public
concern following several catastrophic accidents such as the
explosion of ‘Piper Alpha’, the total loss of ‘Derbyshire’ and
the capsize of ‘Herald of Free Enterprise’(Wang, 1997). Such
an evolvement implies that risk assessment nowadays needs to
be capable of producing reasonable results regardless of the
adequacy of data. A number of risk studies have been
developed to tackle the situations where the data or
information of inputs is absent or insufficient. Risk modelling
based on the fuzzy set theory is one of the studies attempting
to transform expert judgement with a qualitative nature into
the outcomes with a quantitative characteristic. The fuzzy
rule-based approach is a systematic technique that is often
applied in this domain to acquire results because of its
capability of transforming knowledge base into nonlinear
mapping. However, two drawbacks are identified in these
approaches. The first is the low degree of discrimination of risk
results resulting from the membership function distribution of
linguistic terms describing inputs. The problem deteriorates in
circumstances where the membership functions of linguistic
terms adopted in fuzzy rules are disproportionately distributed.
The second is the lack of consideration for different effects of
risk results caused by input weights because of the loss of the
fuzzy information from such inputs. Therefore, the objective
of this study is to propose a methodology that will be capable
of solving the aforementioned difficulties. It will be equipped
with the feature of providing better discrimination of risk
results taking into account the membership functions of
linguistic terms. It will also have the capability that enables risk

results to be sensitive to the minor alterations of input weights.
The model will be validated using two case studies selected
from the literature. The results will be compared with the
outcomes obtained from the original studies to illustrate that
the aforementioned difficulties have been solved.

2. Literature review

Nowadays, risk assessment is required to produce
quantitative meanwhile reasonable results irrespective of the
adequacy of data. When the data or information under
consideration is sufficient to a certain level, traditional
methods such as fault tree analysis, event tree analysis and
influence diagram, can be deployed to yield reliable outcomes
in the form of probability (Ezell et al., 2010; Merle et al.,
2010). However, such approaches may merely process
qualitative analysis when data are scarce or completely
absent. Approximate reasoning approaches based on the
fuzzy set theory are one of the solutions to provide
quantitative risk results in a scientific way (Wang et al.,
2004). Such methods enable experts to judge parameters of
an event using linguistic terms on a subjective basis, and such
evaluations can be subsequently synthesized in a rational
manner. Accordingly, a variety of risk assessment methods
based on the fuzzy set theory has been developed (Wang,
2001; Ung et al., 2006a; Wang, 2006; Elasyed, 2009; Ung
et al., 2009; Celik et al., 2010; Moharramnejad et al., 2010).

2.1. Fuzzy rule-based approaches

The fuzzy rule-based approach is one of the methods
often applied in risk assessment because of its strength
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of providing a systematic procedure for transforming a
knowledge base into nonlinear mapping (Pillay & Wang,
2002). Fuzzy rule-based systems are constructed from
human knowledge in the form of fuzzy IF/THEN rules.
The first part of an IF/THEN rule is an antecedent
containing input variables, whereas the second part of
the rule is the consequent describing the overall level of
the risk for the rule acquired based on the combination
of input parameters. In general, there are two different
categories of risk modelling dealing with the acquirement
of the consequent part. The first reaches the conclusion
utilizing the belief-degree approach, whereas the second
obtains the output of a rule based on the consensus of
linguistic terms from experts. The proposed models
categorized in the first group facilitate the risk modelling
process using Evidential and Bayesian reasoning
techniques to synthesize all relevant rules (Liu et al.,
2005; Yang et al., 2006; Yang et al., 2008). However,
because of the assumption that the linguistic terms in
the consequent part of the fuzzy rule-based approach
are evenly distributed, the risk results may be questioned
because of the lack of acquiring the consensual
membership functions of each term from experts. The
effects may become obvious under situations where the
appreciation of the level as to each linguistic term from
each expert varies significantly. The risk studies within the
second category, on the other hand, establish rule bases
based on the linguistic terms acquired from experts, thus,
do not have the aforementioned drawbacks (Klir et al.,
1997; Sii et al., 2001; Pillay & Wang, 2003a, 2003b; Ung
et al., 2009; Ung & Shen, 2011). However, the risk
outcomes generated from such studies may result in the
distortion of risk meanings from experts and failure of
considering input weights under certain circumstances.
The shortcomings are discussed in detail in the following
sections.

2.2. Low degree of the discrimination of risk results

The beauty of risk assessment is the capability of providing
a list priority for subject matters based on risk outcomes.
The risk studies with better discrimination of results are
more valuable for safety analysts. However, most rule-based
related literature does not consider the relative importance
of each input variable. In order to provide more sensible
results in circumstances where variables have different
weights, a different mechanism of developing fuzzy rule-
bases has been proposed recently (Ung et al., 2009; Ung &
Shen, 2011; Ung & Chung, 2012). This is achieved based
on the assumption that the relationship of each linguistic
term in antecedent and consequent parts of fuzzy rules is
linear. An index method is also proposed to determine the
level of the linguistic terms to be applied in the consequent
part. It is noted that, however, membership functions of
linguistic terms developed by experts in both parts of rules
may not always be evenly distributed in the universe of
discourse. This is because experts subjectively express the
preferences of the membership functions for each term
according to their knowledge. Thus, the discrimination
degree of risk results based on these two models may be
questioned in certain circumstances.

Figure 1 shows an extreme case where the membership
functions of a set of linguistic terms are
disproportionably distributed. For the purpose of
demonstrating the difficulty likely to be encountered, an
episode, Scenario 1, is established based on the Figure.
It is noted that L, M, FH, H and VH are the
abbreviations of low, moderate, fairly high, high and
very high. In the Scenario, Events A and B are
considered by two variables. The fuzzy information of
Event A for Variables X and Y are fairly high 1.0 and
high 1.0 and is represented by the chain lines in the
Figure. The data of Event B for the two variables are
moderate 1.0 and very high 1.0 and is denoted by the
dash lines. Based on the general perception of human
beings, the risk of Event A should be higher than that
of Event B.

According to the rule-based approach, the weights for
low, moderate, fairly high, high and very high in the
antecedent of each rule are set to 1, 2, 3, 4 and 5,
respectively. The threshold values for the second set of
the linguistic terms in the consequent that is, minor,
low, moderate, significant and very significant are 1, 2,
3, 4 and 5, respectively. In the Scenario, each event has
only one rule applied. The combinations and consequent
part for Events A and B are established and shown in
Table 1 provided that the relative importance of each
variable is equal.

It is noted that the linguistic terms ‘Moderate’ in the
consequent of the rules for Events A and B are determined
based on the values of 3.5 (0.5 × 3+ 0.5× 4) and 3.5

B A

1  2  3 4  5 6 7 8 9 10

1.

L M FH H VH

Figure 1: Fuzzy data for Scenario 1.

Table 1: Fuzzy rules for Events A and B

Events Variable X Variable Y Consequent

A If Fairly high
1.0

High
1.0

then Moderate

B If Moderate
1.0

Very high
1.0

then Moderate

Table 2: Fuzzy conclusion for Scenario 1

Events Fuzzy conclusions

A Moderate 1.0
B Moderate 1.0
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(0.5 × 2+ 0.5× 5). Table 2 contains the fuzzy conclusions
using the Min-Max approach for the two events.

It can be seen from the Table that the risk levels of Events
A and B are equal. This, however, violates the general
perception of human beings. Accordingly, the degree of
discrimination of risk results based on such models is low
in such circumstances. This is because the rule-based
methods are developed based on the assumption that the
relationships between each linguistic term in both
antecedent and consequent portions of each rule are linear,
whereas the membership functions of such terms are not
evenly distributed. That is, the assumption is not consistent
with the appreciation by experts with regard to the level of
each linguistic term. Thus, the rule-based mechanism based
on the aforementioned models is developed without the
consideration of membership functions of linguistic terms
in both the antecedent and consequent of rules.

2.3. Negligence of different effects of risk results caused by
input weights

In fuzzy rule-based approaches, the synthesis of rules is an
essential step to derive the fuzzy conclusions. Many methods
are available for such combinations and the Min-Max
technique is one of the mechanisms often utilized by
traditional studies. The method has been proven useful
and applied in a variety of domains such as geochemical,
ecological and mineralogical indicators in environment
science, machine behaviours in computer science, marine
safety modelling, port security assessment, human error
assessment and so on (Sii et al., 2001; Peeva & Zahariev,
2008; Ung et al., 2009; Valente & Gomes, 2009; Ung &
Shen, 2011; Ung & Chung, 2012). However, the Min-Max
approach may jeopardize the strengths of the rule-based
models in considering the relative importance of each input.
This is particularly true when considering the different
effects of risk results caused by input weights.

Suppose two variables (Variables 1 and 2) are under
consideration, each of which is equipped with five linguistic
terms (remote, low, moderate, high and very high) for
evaluating the variables. Thus, the number of the fuzzy rules
will be 25. Another set of linguistic terms (minor, low,
moderate, significant and very significant) is also proposed
in the consequent part to express the overall risk level of
each rule. The relationships between minor, low, moderate,
significant and very significant in the first set and minor,
low, moderate, significant and very significant are set to
linear, that is, 1, 2, 3, 4 and 5. Two episodes, Scenarios 2
and 3 are also established. For the purpose of demonstrating
the aforementioned shortcoming, the weights for Variables
1 and 2 for Scenarios 2 and 3 are 0.1 and 0.9; and 0.2 and
0.8, respectively. The fuzzy data and the membership
functions for the linguistic terms in the antecedent of the
rules are shown in Figure 2. In the Figure, V1 and V2 denote
the fuzzy information for Variables 1 and 2, respectively.

The Min-Max approach is subsequently applied to obtain
the fuzzy conclusion. Accordingly, Tables 3 and 4 show the
fuzzy rules applied and the fuzzy conclusion for Scenario 2
using the approach.

The fuzzy rules and the conclusion for Scenario 3 can be
acquired using the aforementioned pattern. Consequently,

the combination and the fuzzy conclusion for Scenario 3
are identical to Scenario 2.

It can be seen that using the Min-Max approach, although
the weights of each input for Scenarios 2 and 3 are different,
the two episodes have the identical fuzzy conclusions. This,
once again, violates the general perception of human beings
that the risk of Scenario 2 will be higher than that of Scenario
3. Thus, the use of the Min-Max approach impairs the
strengths of the rule-based models in considering the relative
importance of each input when investigating the effects of risk
results caused by the alteration of input weights.
Furthermore, it is worthwhile to note that risk assessment
often incorporates sensitivity analysis to determine crucial
factors. Accordingly, the results may be questioned if the
approach is applied under such circumstances.

2.4. Characteristics of the proposed framework

Risk modelling developed based on the aforementioned
rule-based mechanism and the Min-Max approach may
encounter the difficulties addressed in Sections 2.2 and 2.3.
There is a need to propose a new method different from
the rule-based techniques categorized in the first and second
groups. In other words, the approach proposed will be
equipped with the feature of providing better discrimination
of risk results taking into account the membership functions
of linguistic terms. It will also have the capability of
considering the relative importance of each input when the
effects of risk results induced by various input weights
are contemplated.

Remote  V1 Low      Moderate High V2 Very High
1.

1  2 3   4 5 6 7 8 9 10

Figure 2: Fuzzy data for Scenarios 2 and 3.

Table 3: Fuzzy rules for Scenario 2

Rules Variable 1 Variable 2 Consequent

1 If Low 0.5 Very high
0.7

then Significant
0.5

2 If Low 0.5 High 0.3 then Moderate
0.3

3 If Remote
0.5

Very high
0.7

then Moderate
0.5

4 If Remote
0.5

High 0.3 then Moderate
0.3

Table 4: Fuzzy conclusion for Scenario 2

Fuzzy conclusion

Scenario Significant 0.5 and Moderate 0.3
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3. Methodology

3.1. Establishment of the membership functions for the
linguistic terms adopted for each input variable

On this stage, firstly, the number of the input variables is
defined. Secondly, the number of the linguistic terms adopted
to evaluate risks for a specific event by the experts is judged. It
is noted that it is the extent of the information gathered that
decides the quantity of the linguistic terms to be applied. Once
the number of the linguistic terms is determined, the
membership functions associated can be established. A
variety of membership functions are available for fuzzy
modelling, the selection of appropriate membership functions
depends upon the data collected and the knowledge of experts
(Pillay & Wang, 2003b; Ung et al., 2006b; Ung et al., 2009;
Ung & Shen, 2011). It is noted that when establishing
membership functions, experts should be appropriately
selected so that any unrealistic or biassed membership
functions are avoided (Kuusela et al., 1998).

3.2. Construction of a fuzzy rule-based approach

It is in this step that fuzzy rule-based systems are
constructed. It enables human knowledge to be converted
into the form of fuzzy IF/THEN rules. In order to increase
the discrimination degree of risk results, a new approach for
the establishment of a fuzzy rule-based is proposed. The
objective of such a method is to acquire appropriate weights
for each linguistic term in the antecedent and identification
of suitable terms in the consequent. Accordingly, the effects
resulting from the membership functions of linguistic terms
established by experts can be reasonably considered.

In the approach, the weight for a linguistic term can be
determined by the identification of the corresponding abscissa
value enclosed by its fuzzy set when the membership reaches
1.0. The weight of the linguistic term, medium in Figure 3,
for example, can be set to 4 using the pattern described. In
cases where the abscissa values of a fuzzy set are formed as
an interval when its membership arrives at 1.0, the weight is
acquired by the arithmetic mean of the maximum and
minimum of the interval. The appropriate weight, for
example, remote in Figure 3 (the corresponding abscissa
values is within an interval between 0 and 1) is 0.5.

The linguistic terms in the consequent of each rule, on the
other hand, is determined first by the identification of the
corresponding interval in the abscissa for each fuzzy set.

This is achieved by obtaining it’s α cut values in the
intersection of the membership functions of linguistic terms.
Such an interval is defined by its minimum exclusive and
maximum inclusive in the abscissa. It yields the range for each
fuzzy set from which the suitable linguistic term can be
selected. Secondly, an index method based on the summation
of the product of the relative importance of each variable and
the weight of each linguistic term in the antecedent is
proposed. Finally, the appropriate linguistic term can be
judged by investigating the value of the index and examining
which interval the value belongs in the abscissa. If using the
linguistic terms in Figure 4 for demonstrating the idea
proposed, the intervals applied for the selection of minor,
low, moderate, significant and very significant are (0, 2.0),
(2.0, 3.5), (3.5, 5.0), (5.0, 7.0) and (7.0, 10.0). For an index
of which the value is 3.0, the appropriate linguistic term to
be selected will be ‘Low’ because its interval is (2.0, 3.5).
Accordingly, the level of each linguistic term jointly
appreciated and established by experts in both parts of rules
is able to reasonably cause the effects in the risk results.

3.3. Acquirement of fuzzy conclusions

It is in this step to obtain the fuzzy conclusions provided that
the input variables have been evaluated and combined based
on the rule-based method developed. The objective of this
step is to synthesize the fuzzy rules applied. For the purpose
of overcoming the problem addressed in Section 2.3, a new
approach, namely, the weighted membership (WM)
method, is proposed. Suppose a number of fuzzy sets is
applied to describe the status of m input variables in the
antecedent of a rule j, the combined membership in the
consequent is acquired based on the weighted memberships.
Also, suppose there are n rules of which the consequents are
described by the kth linguistic-term category, the synthesized
membership in the consequent among the rules within the
kth linguistic-term category can be determined based on
the arithmetic mean of the memberships in each consequent
using Equations 1 and 2.

μj xð Þ ¼ ∑
m

i¼1
μi;j xð Þ�wi (1)

μk xð Þ ¼
∑
n

j¼1
μk
j xð Þ

n
(2)

where

Remote  Low Medium High    Very High
1.

0 1  2 3   4 5 6 7 8 9 10

Figure 3: Determination of the weights for each linguistic
term in the antecedent.

Minor Low Moderate Significant Very Significant 
1

0 1  2 3   4 5 6 7 8 9 10

0.5

Figure 4: Determination of linguistic terms in the consequent.

© 2013 Wiley Publishing Ltd Expert Systems, November 2014, Vol. 31, No. 5 401



μj(x) is the weighted membership in the consequent of the jth

rule,
μi,j(x) denotes the membership of the fuzzy set applied to
describe the ith input in the jth rule,
wi(x) is the weight of the i

th input,
μk(x) represents the synthesized membership in the
consequent of n rules of which the consequents are within
the kth linguistic-term category and
μk
j xð Þ is the combined membership in the consequent of the

jth rule described by the kth linguistic term.

3.4. Defuzzification of fuzzy conclusions

The defuzzification process is capable of transforming the
fuzzy conclusions into quantitative characteristics. Several
defuzzification algorithms have been developed such as
weighted mean of maximums (WMOM), centre of area
method and centre average weighting method (Runkler &
Glesner, 1993; Ung & Shen, 2011). The one selected for this
study is the WMoM method because of its capability of
simplifying the calculating process. The algorithm averages
the points of maximum possibility of each linguistic term,
weighted by the degree of truth at which the membership
functions reach their maximum values (Andrew & Moss,
2002; Pillay &Wang, 2002; Pillay &Wang, 2003a). Suppose
a scenario l is considered, then its risk outcome can be
obtained based on the WMoM method using Equation 3:

Rl ¼
∑
k¼1

μk xð Þ�xk
∑
k¼1

μk xð Þ (3)

where

Rl represents the risk results for Scenario l,
μk(x) represents the synthesized membership in the
consequent of n rules of which the consequents are within
the kth linguistic-term category as aforementioned and
xk is the risk rank at maximum value in the abscissa of the
membership function of the kth linguistic term.

4. Validation

The methodology proposed in this paper is validated using
the case studies with regard to the port security risk
assessment and human error probability predictions selected
from the previous literature.

4.1. Validation of the research methodology in overcoming
the problem of low-discrimination degree on risk results

The proposed approach is validated by a port security risk
study (Ung et al., 2009). The parameters considered include
criticality, probability of occurrence, severity and vulnerability.
In order to demonstrate the problem of low-discrimination
degree of the aforementioned risk results, the membership
functions to be used for each input and output are established
based on the expert judgement applied in a risk study

(Pillay & Wang, 2003a). The fuzzy information for the
inputs and output is manipulated in the way as shown in
Figure 5 and Table 5. In addition, the relative importance
of each input is also set to equal. Also, R, L, M, H and
VH in the Figure are the abbreviations of remote, low,
moderate, high and very high, respectively. The risk results
generated based on the proposed methodology are
compared with the one acquired by the previous literature.

According to the general perception of human beings, the
port security risks of Scenario A should be lower than that of
Scenario B. In other words, the risk results of these two
scenarios should be discriminated from each other. Such
statements will be adopted as a yardstick to judge whether the
proposed method has a better discrimination of risk results.

4.1.1. Risk assessment using the rule-based method based on
the previous literature The framework starts with the
establishment of the membership functions for each
variable, followed by the construction of a fuzzy rule-based.
The combinations are derived and the fuzzy conclusions are
subsequently obtained using the Min-Max approach.
Finally, the outcomes are defuzzified to obtain the
quantitative results based on the WMOM method.

The membership functions of each variable have been
established as shown in Figure 5. A fuzzy rule-based is
constructed based on the assumption that the relationships
between each linguistic term in both antecedent and
consequent portions of the rules are linear.1 That is, the
weights for remote, low, moderate, high and very high are
set to 1, 2, 3, 4 and 5, respectively. Tables 6 and 7 contain
the rules applied for Scenarios A and B respectively
provided that the relative weight of each input is equal 0.25.

1   2   3 4 5 6   7  8 9 10

R L M   H         VH
1.0

B A

Figure 5: Fuzzy information and membership functions for
the inputs.

Table 5: Fuzzy data for each variable

C P S V

Scenario
A

Moderate
1.0

High 1.0 Moderate
1.0

High 1.0

Scenario
B

Low 1.0 Very high
1.0

Low 1.0 Very
high 1.0

1Because of the length of this paper, the rule-based established is not
given in this paper. However, the complete one is available from the
author.
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Therefore, the fuzzy conclusions for both scenarios derived
using the Min-Max approach are identical (High 1.0).
Accordingly, such two scenarios have the same quantitative
risk results using theWMoMmethod (2.0) as shown in Table 8.
This violates the general perception of human beings because
the membership functions of each term established by the
experts in Figure 5 cannot be considered. Thus, the risk results
of these two scenarios generated based on the previous
literature cannot be discriminated from each other.

4.1.2. Risk assessment based on the proposed methodology
The methodology is validated using the case study identical
to the one adopted by the port security risk study.
Therefore, the step of the establishment of membership
functions for each linguistic term is omitted. Thus, the
demonstration starts from the second stage, namely, the
construction of a fuzzy rule-based.

4.1.2.1. Construction of a fuzzy rule-based

The number of the fuzzy rules to be developed depends upon
the quantity of the variables under consideration and the
linguistic terms associated. Therefore, a rule base consisting
of 625 (54) combinations is established for this case study.2

According to the methodology, the weight of each linguistic
term in the antecedent is determined by the shape of its
membership function. That is, the magnitude for remote,
low, moderate, high and very high are 0.05, 0.5, 1, 2 and
8.5 based on Figure 5. The linguistic term in the consequent
of each rule can be selected by the index considering the
relative importance of each input and the weight of each
term in the antecedent and the range of the interval of each
term in the consequent. Table 9 contains the rule applied for
Scenario A and the linguistic term to be adopted in the
consequent. The value of the index based on the
combination is 1.5 (1 × 0.25+ 2× 0.25+ 1× 0.25+ 2×0.25).
This corresponds to the term, moderate, of which the
interval in the abscissa is (0.5, 1.5). The term to be assigned

for Scenario B can be also obtained using the same pattern
and is high as shown in Table 10.

4.1.2.2. Acquirement of fuzzy conclusions

It is in this step that the fuzzy rules applied for Scenarios A
and B are synthesized to acquire the fuzzy conclusions. This
will be achieved by the WM approach proposed in the
methodology using Equations 1 and 2. For Scenario A, there
are four input variables, which have the identical relative
importance. Therefore, the membership in the consequent of
the rule can be obtained as follows using Equation 1.
Accordingly, Table 11 contains the fuzzy rule equipped with
the membership in the consequent for Scenario A.

μj xð Þ ¼ ∑
m

i¼1
μi; j xð Þ�wi

¼ 1:0�0:25þ 1:0�0:25þ 1:0�0:25þ 1:0�0:25 ¼ 1:0

Because there is only one rule applied and one linguistic
category in the consequent, the fuzzy data shown in Table 11
can be treated as the fuzzy conclusion for Scenario A. The
fuzzy conclusion for Scenario B can be acquired using the
same aforementioned pattern and is shown in Table 12.

4.1.2.3. Defuzzification of fuzzy conclusions

The risk results for Scenarios A and B are obtained using the
WMOM method. For Scenario A, the outcome can be
achieved based on the membership functions established in
Figure 5 using Equation 3 and is shown as follows.

Rl ¼
∑
k¼1

μk xð Þ�xk
∑
k¼1

μk xð Þ ¼ 1:0�1:0
1:0

¼ 1:0

Likewise, the risk results for Scenario B can be
determined using the equation based on Figure 5. Table 13
shows the fuzzy conclusions and results for both Scenarios.

4.1.3. Discussion It can be seen from Tables 8–13 that the
methodology proposed in this study argues that the port
security risks of Scenario A are lower than that of Scenario
B, whereas the traditional studies advocate that the results
of the two scenarios are equal. It can be judged that risk
outcomes generated based on the framework developed in
this paper are consistent with the general perception of
human beings. In other words, the risk outcomes of the

Table 8: Fuzzy conclusions and risk results for Scenarios A
and B

Scenario Fuzzy conclusion Risk results

A High 1.0 2.0
B High 1.0 2.0

2Likewise, because of the length of this paper, the rule-based established
is not given in this paper. However, the complete one is also available
from the author.

Table 6: Fuzzy rules applied for Scenario A

Rule C P S V Consequent

1 If Moderate 1.0 High 1.0 Moderate 1.0 High 1.0 then High

Table 7: Fuzzy rules applied for Scenario B

Rule C P S V Consequent

1 If Low 1.0 Very high 1.0 Low 1.0 Very high 1.0 then High
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scenarios generated based on the proposed methodology
can be discriminated from each other. This is because the
level of each linguistic term used to describe the inputs and
outputs expressed by the experts in Figure 5 is appreciated
and incorporated into the fuzzy rule-based. Accordingly,
the rule-based method proposed has a better discrimination
of risk results in comparison with the previous research.

4.2. Validation of the methodology in considering different
effects of risk results caused by input weights

In this research, a human error probability (HEP) case study
based on (Ung & Shen, 2011) is selected to validate whether

the proposedmethodology is able to overcome the shortcoming
addressed in Section 2.3. In other words, the validation
examines the capability of the proposed framework in
consideringdifferent effects of risk results resulting fromvarious
input weights. This is performed by observing the existence of
the degree of the risk variations between the magnitudes of
inputs that are set to equal and diverse. For the purpose of
comparison, the evaluation of the HEPs using the rule-based
methods based on the previous literature is also presented.
Figure 6 contains a set of fuzzy data used to evaluate the human
error probability of the route deviation contributing to ship
grounding because of the fatigue or omissions of deck officers.
In the Figure, VL, L, FL, M, FH, H and VH are the
abbreviations for very low, low, fairly low, moderate, fairly
high, high and very high, respectively. Such linguistic terms
are applied to describe the inputs in the antecedent and the
out in the consequent portion of each rule. Four experts in this
case study are invited to provide the expert judgement as shown
in Table 14 with regard to the HEP predictions of a specific
route contributing to grounding. It is noted that the opinions
from the four experts are treated as the inputs for the case study.

Table 9: Fuzzy rule applied for Scenario A

Rule C P S V Consequent

1 If Moderate 1.0 High 1.0 Moderate 1.0 High 1.0 then Moderate

Table 10: Fuzzy rule applied for Scenario B

Rule C P S V Consequent

1 If Low 1.0 Very high 1.0 Low 1.0 Very high 1.0 then High

Table 11: Fuzzy rule with membership in the consequent for Scenario A

Rule C P S V Consequent

1 If Moderate 1.0 High 1.0 Moderate 1.0 High 1.0 then Moderate 1.0

Table 12: Fuzzy conclusion for Scenario B

Rule C P S V Consequent

1 If Low 1.0 Very high 1.0 Low 1.0 Very high 1.0 then High 1.0

Table 13: Fuzzy conclusions and risk results for Scenarios A
and B

Scenario Fuzzy conclusion Risk results

A Moderate 1.0 1.0
B High 1.0 2.0

1.0

0

M VHFHFLVL L H

0 .1 .2 .3 .4 .5 .6 .7 .8 .9 1.0

Figure 6: Fuzzy data for the human error assessment study.
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It can be seen from Table 14 that the HEP predictions
from Experts 2, 3 and 4 are higher than the one obtained
from Expert 1. Two episodes with different relative
importance of the experts are established, namely,
Scenarios C and D. The weights in Scenario C for each
expert are set to equal, whereas in Scenario D are 0.1
(Expert 1), 0.35 (Expert 2), 0.35 (Expert 3) and 0.2
(Expert 4). It can be inferred based on the human general
perceptions that the HEP generated from Scenario D will
be higher than that of Scenario C. This is because the
relative importance for Experts 2, 3 and 4 in Scenario
D becomes greater, whereas the weight for Expert 1 turns
into smaller in comparison with Scenario C. It is
therefore such inference is adopted as the criterion to
examine whether the proposed methodology has the
capability of considering different effects of risk results
caused by different input weights in comparison with
the traditional rule-based techniques.

4.2.1. Human error probability assessment based on the
traditional human error probability study The first step
of the method is the establishment of membership
functions for the linguistic terms for each input variable
when analyzing the opinions from each expert. This is
followed by the construction of a fuzzy rule-based. The
evaluations of each input variable will be combined
based on the fuzzy rules developed. The fuzzy conclusion
is subsequently acquired using the Min-Max approach.
The fourth step is the defuzzification process to obtain
the quantitative values known as fuzzy probability scores
(FPSs) for the combined outcome of each expert. Finally,
the FPS acquired will be transformed into probability
based on the normalization process and the fuzzy failure
rate method.

The weights for the linguistic terms of VL, L, FL, M,
FH, H and VH applied in the antecedent and the
threshold values utilized for the consequent of each rule
are set to 1, 2, 3, 4, 5, 6 and 7 respectively. The 16 rules
are applied for each Scenario. The fuzzy conclusions for
Scenarios C and D are obtained based on the Min-Max
approach. This is followed by the defuzzification process
for acquiring the quantitative outcomes, that is, FPSs.
The scores are subsequently normalized and transformed
into the HEP results. Such a conversion method is
developed based on a transformation function depicting
the nature that expert judgement is proportional to a
logarithmic value of physical quantity according to
Fechner’s Law (Onisawa, 1988; Lin & Wang, 1998;
Pan, 2006). Table 15 shows the fuzzy conclusions and
the HEP results for the Scenarios.

FFR ¼ 1=10K ;FPS≠0
0;FPS ¼ 0

( )
(4)

where K= [(1�FPS)/FPS]1/3 × 2.301
It can be seen from the Table that although the weights of

each expert for Scenarios C and D are different, the two
episodes have the identicalHEP results. Thus, the degree of risk
variations between these two scenarios based on the traditional
rule-based mechanisms does not exist. This, however, is
inconsistent with the general human perception that the risks
of Scenario D should be higher than that of Scenario D.

4.2.2. Human error probability assessment based on the
proposed methodology Because the methodology is
demonstrated using the case study based on the
aforementioned HEP study, the first step of the
methodology is skipped. The validation commences with
the construction of a fuzzy rule-based.

4.2.2.1. Construction of a fuzzy rule-based

There are seven linguistic terms adopted by four experts to
evaluate the HEP of a specific route contributing to grounding.
Thus, the number of the rules developed is 2401 (74).3

According to the methodology, the weights for the linguistic
terms of VL, L, FL, M, FH, H and VH applied in the
antecedent are 0.05, 0.2, 0.35, 0.5, 0.65, 0.8 and 0.95 based on
Figure 6. The intervals applied for the selection of VL, L, FL,
M, FH, H and VH applied in the consequent are (0, 0.15),
(0.15, 0.25), (0.25, 0.45), (0.45, 0.55), (0.55, 0.75), (0.75, 0.85)
and (0.85, 1.0). Table 16 contains the 16 combinations for
Scenario C. It is noted that E1, E2, E3 and E4 in the Table
denote Expert 1, Expert 2, Expert 3 and Expert 4, respectively.

In rule 1, for example, because the relative importance for
each expert is equal, the value of the index based on the
combination is 0.3125 (0.2 × 0.25+ 0.35× 0.25+ 0.35×
0.25+ 0.35× 0.25). This corresponds to the term, fairly
low, and its interval in the abscissa is (0.25, 0.45) based on
Figure 6. The other 15 combinations for Scenario C are
acquired based on the aforementioned process. Table 17
also shows the rules applied for Scenario D.

4.2.2.2. Acquirement of fuzzy conclusions

The fuzzy conclusions for the two Scenarios can be obtained
using Equations 1 and 2 according to the methodology. The
following calculation shows the combined membership in
the consequent of Rule 1 for Scenario C. Tables 18 and 19
contain the weighted membership of the consequent for
each rule applied in Scenarios C and D.

3Because of the length of this paper, the rule base established is not given
in this paper. However, the complete one is also available from the author.

Table 14: Expert judgement for the human error assessment
study

Experts Expert judgement

1 Low 0.1, Very low 0.9
2 Fairly low 0.1, Low 0.9
3 Fairly low 0.1, Low 0.9
4 Fairly low 0.1, Low 0.9

Table 15: Fuzzy conclusions and human error probability
results for Scenarios C and D

Scenario Fuzzy conclusion HEP results

C Low 0.1, Very low 0.9 2.57× 10-6

D Low 0.1, Very low 0.9 2.57× 10-6
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μj xð Þ ¼ ∑
m

i¼1
μi; j xð Þ�wi

¼ 0:1�0:25þ 0:1�0:25þ 0:1�0:25þ 0:1�0:25 ¼ 0:1

The fuzzy conclusions can, therefore, be acquired based on
Tables 16–19 using Equation 2. The calculation in the

succeeding text shows the synthesized membership in the
consequents of Rules 1, 2, 3, 5 and 9 within the linguistic-term
category of ‘Fairly Low’ for Scenario C. The combined
membership for the term, low, can also be obtained using the
same pattern. Tables 20 contains the fuzzy conclusions are
the two Scenarios.

Table 16: Fuzzy rules applied for Scenario C

Rules Evaluations

1 If E1=Low 0.1, E2=Fairly Low 0.1, E3=Fairly Low 0.1 and E4=Fairly Low 0.1, then the Consequent is Fairly Low
2 If E1=Low 0.1, E2=Fairly Low 0.1, E3=Fairly Low 0.1 and E4=Low 0.9, then the Consequent is Fairly Low
3 If E1=Low 0.1, E2=Fairly Low 0.1, E3=Low 0.9 and E4=Fairly Low 0.1, then the Consequent is Fairly Low
4 If E1=Low 0.1, E2=Fairly Low 0.1, E3=Low 0.9 and E4=Low 0.9, then the Consequent is Low
5 If E1=Low 0.1, E2=Low 0.9, E3=Fairly Low 0.1 and E4=Fairly Low 0.1, then the Consequent is Fairly Low
6 If E1=Low 0.1, E2=Low 0.9, E3=Fairly Low 0.1 and E4=Low 0.9, then the Consequent is Low
7 If E1=Low 0.1, E2=Low 0.9, E3=Low 0.9 and E4=Fairly Low 0.1, then the Consequent is Low
8 If E1=Low 0.1, E2=Low 0.9, E3=Low 0.9 and E4=Low 0.9, then the Consequent is Low
9 If E1=Very Low 0.9, E2=Fairly Low 0.1, E3=Fairly Low 0.1 and E4=Fairly Low 0.1, then the Consequent is Fairly Low
10 If E1=Very Low 0.9, E2=Fairly Low 0.1, E3=Fairly Low 0.1 and E4=Low 0.9, then the Consequent is Low
11 If E1=Very Low 0.9, E2=Fairly Low 0.1, E3=Low 0.9 and E4=Fairly Low 0.1, then the Consequent is Low
12 If E1=Very Low 0.9, E2=Fairly Low 0.1, E3=Low 0.9 and E4=Low 0.9, then the Consequent is Low
13 If E1=Very Low 0.9, E2=Low 0.9, E3=Fairly Low 0.1 and E4=Fairly Low 0.1, then the Consequent is Low
14 If E1=Very Low 0.9, E2=Low 0.9, E3=Fairly Low 0.1 and E4=Low 0.9, then the Consequent is Low
15 If E1=Very Low 0.9, E2=Low 0.9, E3=Low 0.9 and E4=Fairly Low 0.1, then the Consequent is Low
16 If E1=Very Low 0.9, E2=Low 0.9, E3=Low 0.9 and E4=Low 0.9, then the Consequent is Low

Table 17: Fuzzy rules applied for Scenario D

Rules Evaluations

1 If E1=Low 0.1, E2=Fairly Low 0.1, E3=Fairly Low 0.1 and E4=Fairly Low 0.1, then the Consequent is Fairly Low
2 If E1=Low 0.1, E2=Fairly Low 0.1, E3=Fairly Low 0.1 and E4=Low 0.9, then the Consequent is Fairly Low
3 If E1=Low 0.1, E2=Fairly Low 0.1, E3=Low 0.9 and E4=Fairly Low 0.1, then the Consequent is Fairly Low
4 If E1=Low 0.1, E2=Fairly Low 0.1, E3=Low 0.9 and E4=Low 0.9, then the Consequent is Fairly Low
5 If E1=Low 0.1, E2=Low 0.9, E3=Fairly Low 0.1 and E4=Fairly Low 0.1, then the Consequent is Fairly Low
6 If E1=Low 0.1, E2=Low 0.9, E3=Fairly Low 0.1 and E4=Low 0.9, then the Consequent is Fairly Low
7 If E1=Low 0.1, E2=Low 0.9, E3=Low 0.9 and E4=Fairly Low 0.1, then the Consequent is Low
8 If E1=Low 0.1, E2=Low 0.9, E3=Low 0.9 and E4=Low 0.9, then the Consequent is Low
9 If E1=Very Low 0.9, E2=Fairly Low 0.1, E3=Fairly Low 0.1 and E4=Fairly Low 0.1, then the Consequent is Fairly Low
10 If E1=Very Low 0.9, E2=Fairly Low 0.1, E3=Fairly Low 0.1 and E4=Low 0.9, then the Consequent is Fairly Low
11 If E1=Very Low 0.9, E2=Fairly Low 0.1, E3=Low 0.9 and E4=Fairly Low 0.1, then the Consequent is Fairly Low
12 If E1=Very Low 0.9, E2=Fairly Low 0.1, E3=Low 0.9 and E4=Low 0.9, then the Consequent is Low
13 If E1=Very Low 0.9, E2=Low 0.9, E3=Fairly Low 0.1 and E4=Fairly Low 0.1, then the Consequent is Fairly Low
14 If E1=Very Low 0.9, E2=Low 0.9, E3=Fairly Low 0.1 and E4=Low 0.9, then the Consequent is Low
15 If E1=Very Low 0.9, E2=Low 0.9, E3=Low 0.9 and E4=Fairly Low 0.1, then the Consequent is Low
16 If E1=Very Low 0.9, E2=Low 0.9, E3=Low 0.9 and E4=Low 0.9, then the Consequent is Fairly Low

Table 18: Weighted memberships of the consequent for each rule in Scenario C

Rules Memberships Rules Memberships Rules Memberships Rules Memberships

1 0.1 2 0.3 3 0.3 4 0.5
5 0.3 6 0.5 7 0.5 8 0.7
9 0.3 10 0.5 11 0.5 12 0.7
13 0.5 14 0.7 15 0.7 16 0.9

Table 19: Weighted memberships of the consequent for each rule in Scenario D

Rules Memberships Rules Memberships Rules Memberships Rules Memberships

1 0.1 2 0.26 3 0.38 4 0.54
5 0.38 6 0.54 7 0.66 8 0.82
9 0.18 10 0.34 11 0.46 12 0.62
13 0.46 14 0.62 15 0.74 16 0.9
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μk xð Þ ¼
∑
n

j¼1
μk
j xð Þ

n
¼ 0:1þ 0:3þ 0:3þ 0:3þ 0:3þ 0:3

5
¼ 0:26

4.2.2.3. Defuzzification of fuzzy conclusions

The defuzzified values for the Scenarios are obtained using
Equation 3. The following calculation demonstrates the
defuzzification process for Scenario C. The defuzzified value
(FPS) is finally transferred into the HEP results using
Equation 4. Table 21 contains the defuzzified values and
the HEP results for the two Scenarios.

Rc ¼
∑
k¼1

μk xð Þ�xk
∑
k¼1

μk xð Þ ¼ 0:26�0:35þ 0:61�0:2
0:26þ 0:61

≅0:24

4.2.3. Discussion It can be seen from Table 21 that the
HEP results of Scenario C are higher than the outcomes of
Scenario D. This is consistent with the general perceptions
of human beings and the degree of the risk variations of
the scenarios is 0.63 × 10-4(4.84 × 10-4�4.21× 10-4). This is
different from the HEP evaluation based on traditional
rule-based approaches in which the results of the two
scenarios are identical (2.57 × 10-6). It is also noted that the
HEP results in Table 21 are higher than that of Table 15.
This is because the traditional HEP study utilizes the Min-
Max approach. This however, does not consider the
memberships of each input and, therefore, leads to the loss
of information from the inputs. Thus, the HEP results
generated based on the previous studies may not
appropriately reflect the expert judgement and, in this case
study, the risk is underestimated. On the other hand, the
rule-based method proposed considers the status of each
input. Thus, it generates the results in a sensible way using
proposed the WM approach that takes into account the
memberships of each variable. This is achieved by acquiring
the weighted memberships for each rule and the synthesized
membership in the consequent among the rules within the
same linguistic-term category. Thus, the risk results
acquired has a higher degree of the consistency with the
expert judgement. Accordingly, the model proposed in this
study is capable of considering different effects of risk
results resulting from various input weights.

5. Conclusion

The fuzzy rule-based approach is one of the techniques often
utilized in risk assessment because of its advantage of
providing a systematic process for transforming a
knowledge base into nonlinear mapping. However, two
drawbacks are identified from such a method. The first is
the low degree of discrimination of risk results in
circumstances where the membership functions of linguistic
terms adopted in fuzzy rules are disproportionately
distributed. The second is the lack of consideration for
different effects of risk results caused by input weights. In
this paper, a novel methodology capable of solving such
drawbacks is proposed and is subsequently validated using
two case studies. There are two significant differences
between the proposed model and the traditional studies.
The first distinction is the establishment of a mechanism in
determining the weights of the linguistic terms describing
inputs and the selection of the terms in the consequents for
each rule. Such a feature provides better discrimination of
risk results as can be seen from the validation. Therefore,
risk outcomes can be generated with confidence regardless
of the shapes (distributions) of membership functions of
linguistic terms in both antecedent and consequent parts.
The second distinction is the development of the WM
approach for acquiring fuzzy conclusions with the ability
of considering the memberships of each input for each rule.
It can be seen from the validation that such feature enables
risk results to be sensitive to the minor alterations of each
input weight. Accordingly, the degree of the risk variations
resulting from various weights of each input can be
appreciated without the concern of losing the information
from the inputs. It is noted that, however, the development
of fuzzy rule-based and the evaluation process would be
time consuming once the numbers of inputs under
consideration and the linguistic terms associated are
considerable. Accordingly, risk assessment may become
impractical under such circumstances. Thus, such an
awkward situation is the issue that should be tackled for
further research.
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