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Abstract. The evolution of the current industrial context and the increasing of competition pressure led the companies to adopt new concepts of management. In this
context, we have recently proposed an integrated management system including
Quality, Environment and Safety management systems [1] using the risk management as an integration factor. This paper proposes an implementation of the most
important part of the plan phase, consisting in analyzing and selecting the most
critical risks regarding all QSE objectives. To this end we propose to adapt the
well known risk management approach Fuzzy Failure Mode and Effects Analysis
(FMEA) in order to define for each risk a multi-leveled Risk Priority Number relative to different QSE objectives. Then, to select the most critical risks we propose
to use a multicriteria approach which is the Analytic Hierarchical Process (AHP)
in order to take into consideration the different values relative to each risk.
Keywords. Integrated QSE management system, Risk management, Fuzzy FMEA,
Analytic Hierarchical Process.

Introduction
The risk management is defined as a set of principles and practices whose purpose is
to identify, analyze, evaluate and treat each eventual existing risk factor [2]. The risk
factors are seen as events hindering an organization to reach their objectives. The risk
management in projects is currently one of the main topics of interest for researchers and
practitioners working in the area of project management. In fact, it became an important
factor to ensure the integration of the three most known management systems namely the
Quality Management System (ISO 9001) [3], the Environmental Management System
(ISO 14001) [4] and the Occupational Health and Safety Management System standard
(OHSAS 18001) [5]. In fact, the same source of hazard can cause several risks relative to
the three management systems (QSE). For instance, an explosion in a plant (as the AZF
one) causes (i) a security problem since employees can be injured, (ii) an environmental
problem since it can blow out the windows of nearby residents and pollute the air, and
(iii) a quality problem since it can generate a supply disruption for customers.
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This means that the risk management can be seen as a common factor that can be
used to identify and evaluate different risk sources with a view to achieve different QSE
objectives. In this context, we have recently proposed a new process based approach for
integrating the Quality, Security and Environment (QSE) management system [1]. Our
approach, illustrated by figure 1 covers the whole PDCA (Plan, Do, Check, Act) scheme
also known as the Deming circle as detailed below:

Figure 1. Process-based approach for QSE-IMS

• Plan phase: this phase is composed of six steps: the first consists in setting up
all quality, security and environment objectives issued from the requirements and
the expectations of stakeholders (e.g. customers, employees, population, environment, etc.). In the second, we propose to deploy all these objectives on each process using the process cartography in order to identify the operational objectives
and their related risks. In the fourth step, each risk has to be analyzed according
to each related objective in order to evaluate the most critical of them in the fifth
step. In the sixth step we have to define a global management plan QSE to implement selected treatments as preventive and corrective actions, in order to reduce
levels of risks already identified and to improve the efficiency of the IMS. To
this end, we have to consider the interaction between the different management
areas; indeed some decisions can be beneficial for some management areas and
harmful for others. Finally, the sixth step is devoted to the definition of an appropriate monitoring plan, in order to ensure the well implementation of the global
management plan.

• Do phase: this phase has as input the global management plan QSE and the corresponding global monitoring plan generated from the plan phase and will implement the selected treatments. Note that we have to define the appropriate Scheduling to optimize the resources in order reach up the objectives more efficiently.
• Check and Act phase: once the do phase achieved, this phase will finalize the
process of integration by the measure of the effectiveness of different decisions
and their readjustments via three steps. In the first one, we have to measure all
the indicators already defined in order to evaluate the effectiveness of selected
treatments and to estimate the degree of achievement of objectives. For this reason, we have to aggregate the indicators of each objective. In the second step, a
readjustment of the management plan will be done in order to satisfy unreached
objectives. Although, some objectives may not be reached, that is why we should
revise some of the initial assigned objectives in order to make their satisfaction
possible, in this context we propose the third step (i.e. revision of objectives) in
order to contribute to sustainable development.
This paper proposes an implementation of the most important part of the plan phase,
consisting in analyzing and selecting the most critical risks regarding all QSE objectives.
In the literature several approaches for risk management have been proposed. They can
be divided into two categories:
• Qualitative risk analysis: The qualitative risk analysis aims to identify, analyze
and treat each identified risk. Several methods have been proposed in this direction. Within the most important ones we can mention preliminary risk analysis
(PRA) [6], the hazard and operability study (HAZOP) [7], and the failure mode
and effects analysis (FMEA)[8]. The common factor between these methods is
that they use a set of guide words (i.e. low, moderate, high etc.) to evaluate the
level of risk. Except the FMEA, remaining method can not be used in any context.
In fact, the PRA is mainly used as a prior conceptual phase, and the HAZOP is
especially performed in the chemical field.
• Tree-based risk analysis: These techniques are mainly used to represent the whole
scenario of a given risk in a graphical way. Within the most common ones, we
mention bow tie diagrams [9], Markov modeling [10], dynamic event logic analytical methodology [11] and event tree analysis method [10].
Within these methods, the Failure Mode and Effects Analysis (FMEA) [8,12] appears as one of the most popular and diffused risk management methods. Moreover, several researches have been carried out to enhance its performance by introducing fuzzy
logic concepts to evaluate the risk level in a more flexible way, such a new version is
called fuzzy FMEA [12,13,14,15]. The fuzzy FMEA was initially designed to assign to
each risk a unique Risk Priority Number (RPN) which is not adapted to our case since
each risk will have an impact on several management areas.
Thus, our idea in this paper is to extend the existing fuzzy FMEA by defining for
each risk a multi-leveled Risk Priority Number relative to different QSE objectives. Then,
to ensure the selection phase of the most critical risks regarding different QSE objectives,
we propose to use a multicriteria approach which is the Analytic Hierarchical Process
(AHP) [16].
The remainder of this paper is organized as follows: Section 1 recalls the principle
of the Fuzzy Failure Mode and Effects Analysis. Section 2 presents our new approach

to evaluate multi-leveled risks. Finally, Section 3 presents an illustrative example in the
petroleum field involving the selection of the most critical risks for TOTAL TUNISIA
company.

1. Fuzzy Failure Mode and Effects Analysis
Initially proposed by the US military in 1962 as a process tool, the Failure Mode and
Effects Analysis (FMEA) has became one of the most popular risk management tools to
identify, analysis and treat each identified risk in many industrials fields such as manufacturing, assembly processes, products and equipment. That is why it was easily spread
into industry and widely known within the quality community as a total quality management tool in the 1980s and as a six sigma tool in the 1990s [17]. The FMEA is based on
a ranking of different risks on the basis of their Risk Priority Number (RPN). In fact for
each risk Rj it associates a Risk Priority Number RP Nj = Oj ∗ Sj ∗ Dj such that:
• Occurrence Oj : is the rate at which Rj will occur before any additional process
controls are applied. This can be done by looking at similar products or processes
and the failure modes that have been documented for them.
• Severity Sj : evaluates the seriousness of an effect of Rj .
• Detection Dj : is relative to the likelihood that the detection methods will detect
Rj (A high detection number indicates that the chances of detection are low).
To evaluate these three parameters, linguistic scales should be defined in order to
convert their qualitative descriptions given by the expert to a quantitative one. Table 1
shows an example of a linguistic scale with five levels describing the occurrence (O),
severity (S) and detectability (D). For example if the expert evaluates the occurrence as
moderate then the variable (O) will be equal to 3.
Table 1. Linguistic scale
Rank
1
2
3
4
5

Description
Remote
Low
Moderate
High
Very high

Occurrence (O)
Unlikely
Relatively few
Occasional
Repeated
Almost inevitable

Severity(S)
No effect
Slight annoyance
Severus deterioration
Very severs deterioration
The whole system is affected

Detectability (D)
Certainly detected fail
Major defects are detected
Some defects are detected
Few defects are detected
Detection is impossible

The first problem with the classical FMEA consists in the parameters estimation
which is not an easy task since in real world problems O, S and D are pervaded with uncertainty which is not well described by qualitative linguistic scales. Moreover, to compute RPN values the FMEA neglects the relative importance among O, S and D since it
assumes that they are equally important (by aggregating them via a simple multiplication) which is not always true. For instance, in nuclear and chemical plants, the severity
is much more weighted than the occurrence and the detectability. To overcame this weaknesses several researchers propose to introduce fuzzy logic concepts [18] to evaluate the
risk level. The new version, called Fuzzy FMEA, has been widely used in many industrial
applications as in marine industry [19], engine system [20] and auxiliary feed water system in a nuclear power plant [15]. For each risk, Fuzzy FMEA, has as input a linguistic

description of its occurrence, severity and Detectability, then it proceeds through a fuzzy
logic system [18] with three main phases (i.e. Fuzzification, Fuzzy inference system and
Defuzzification) in order to compute its Risk Priority Number (RPN) [12,14,15]:
1. Fuzzification: in this phase, experts are invited to define membership functions
and the values in the universe of discourse using the interpretations of the linguistic terms. The shape of these functions can be diverse but the most used are
triangles and trapezoids. Note that linguistic terms describing inputs and output
(i.e. RPN) can be different. For example figure 5 shows a set of four triangular
membership functions defined by fuzzy number (a, b, c) expressing the proposition close to b [21], these functions describe the linguistic scale of table 1 relative
to O, S and D.

Figure 2. Set of four membership functions

2. Fuzzy inference system: Membership functions derived from experts are used
to generate a fuzzy rule base [22] where rules are in the form R1: IF (O is Low)
AND (S is Moderate) AND (D is Minor) THEN (RPN is moderate), R2:IF (O is
Moderate) AND (S is Low) AND (D is Minor) THEN (RPN is moderate), etc..
Thus, the parameters relative to each risk can be merged via an inference system
(e.g. max-min or max-prod [18]) into a fuzzy output. For instance, if O =Low, S =
Moderate and D=Minor, then the application of R1 generates the colored surface
in figure 5.
3. Defuzzification: in this last step, the aggregated fuzzy output is converted into a
crisp number. Defuzzification is defined as a function F −1 mapping a fuzzy set to
a certain element x of the support of the output. Several defuzzification methods
have been proposed as the centroid method, center of area, and maxima methods
[18] and the selection of the appropriate one should be based on the properties of
the defuzzification method and the requirements of the system.

Despite its success, fuzzy FMEA is restricted by the qualitative linguistic description
of the parameters and also by its restriction to a unique severity value regarding the whole
studied system. In fact, in our case we handle several QSE objectives so that any risk can
alter the realization of these objectives in different ways and the definition of its severity
by a single value is a real limitation. We show now how to adapt fuzzy FMEA to our
requirements.
2. Multi-leveled Fuzzy FMEA
In this section, we propose to extend the existing fuzzy FMEA in order to deal with
several QSE objectives. In fact, in accordance with our QSE integrated management
system (figure 1), we propose to evaluate the impact of each risk regarding different QSE
objective in order to select the most critical of them as shown in figure 3.

Figure 3. Risk identification phase

The principle of our approach, named multi-leveled Fuzzy FMEA (MLF-FMEA), is
outlined in figure 4. First we propose to overcome the problem related to the parameters
estimation by replacing the simple qualitative linguistic description to a quantitative one
in the unit interval. To this end, we propose to define indicators relative to the occurrence
(O), detectability (D) and also to exploit the severity parameters to quantify the impact
of each risk Rj on any QSE objective Oi (i.e. SRj /Oi ). Then an implementation of a
fuzzy system on the basis of the three main steps of F-FMEA described above (i.e. fuzzification, fuzzy inference system and defuzzification) is proposed in order to compute for
each risk Rj a Risk Priority Number related to each QSE objective Oi (i.e. RP Nji ).
Finally, these RPNs are used as input of multicriteria analysis, based on the Analytic
Hierarchical Process (AHP), in order to rank the different risks and to select the most
critical ones.

Figure 4. Overall view of MLF-FMEA

2.1. Parameters estimation
In this phase we propose to replace the simplest qualitative linguistic description of fuzzy
FMEA by a quantitative one using the unit interval [0 1]. Several indicators may relate to
our approach, we can retain the following basic ones:
• Occurrence: within the multiple indicators developed for the quantification of the
occurrence, we can mention the Mean Time Between Failure [23] which is a basic
measure of a system’s reliability.
• Detectability: this parameter can easily be computed by a ratio of the detecting
occurrence rate of the risk and its occurrence rate.
• Severity: to quantify the severity of each risk Rj on the objective Oi (i.e. SRj /Oi ),
we propose to compute a ratio between the measure of the objective Oi and the
measure of the risk Rj on Oi . In fact, from a formal point of view, an objective
can be seen through a set of expected values associated with a variable or factor
since the three management systems (ISO 9001, ISO 14001, OHSAS 18001) require that each objective should be quantified and expressed by numerical values
which can be expressed from customers requirement, standards or even regulations. Regarding the measure of the risk on the objective it can be provided by
physical sensors or by experts.
2.2. Fuzzy logic system
Thus given m risks and n QSE objectives, the parameters estimation phase will provide
Oj , Dj and SRj /Oi (i ∈ {1..n}, j ∈ {1..m},). These parameters will be handled via a
fuzzy logic system following the same principle than fuzzy FMEA:
• Fuzzification: In order to fuzzify different inputs, experts have first to define different membership functions (number, form) using the linguistic design. Since

we propose a quantitative description of different parameters in the unit interval
[0 1], membership functions should be defined on this interval. For example figure 5 shows a set of trapezoidal membership functions for a three level fuzzification relative to a linguistic scale with three levels (i.e. Low, Moderate and High)
that we suppose valid for input and output variables. Note that contrary to fuzzy
FMEA where the quantification is done via linguistic terms, the input values here
can be defined in [0 1] in a crisp or uncertain manner as illustrated by figure 5.

Figure 5. (a) Fuzzification of a crisp input (x=0.3): 0.5 Low, 0.5 Moderate, 0 High
(b) Fuzzification of uncertain input (x= [0.1 0.3]): 1 Low, 0.3 Moderate, 0 High

• Fuzzy inference system : in order to ensure this phase, experts should first define
the fuzzy rule base [22] and select the inference engine (i.e. max-min or maxprod) in order to get the fuzzy output. Figure 6 illustrates the application of the

max-min inference mechanism with two fuzzy rules R1: IF (O is Low) AND ( S
is Low ) THEN (RPN is Low) and R2=IF (O is Low) AND ( S is Moderate) THEN
(RPN is Moderate) with two inputs O = 0.1 and S = 0.25. From the fuzzification
phase we µO corresponds to 1 Low, 0 Moderate and 0 High and µS to 0.8 Low, 0.2
Moderate and 0 High. This means that using R1, we have RPN=min(1, 0.8)=0.8
Low (illustrated by (a)) and then using R2, we have RPN=min(1, 0.2)=0.2 Moderate (illustrated by (b)). Finally the max operator is applied to get the final output
illustrated by (c).

Figure 6. Example of the application of the max-min inference mechanism

• Defuzzification: the defuzzification process proposed in this work is the centroid
method based on the computation of the center of gravity (COG) of the area delimited by the membership function of the output set using the following equation:
R
µi (x)xdx
∗
(1)
x = R
µi (x), dx
where x∗ is the defuzzified output, µi (x) is the aggregated membership function
and x is the output variable. In figure 6 the COG of the area in (c) is equal to
x∗ = 0.36.
This final step allows the computation of different RPN values.

2.3. Multicriteria selection of the most critical risks
In order to select the most critical risks, we have to compare them regarding their impact
on the set of fixed QSE objectives. This is clearly a multiobjective problem. In the literature we can distinguish a variety of multicriteria approaches such as weighting methods, outranking methods and interactive methods. We propose here to use the standard
weighting method, which is the analytic hierarchical process (AHP) [16] since it can be
easily adapted to our requirements. The AHP is a tool for quantifying decision-making
processes with multiple criteria. It helps analysts to organize the critical aspects of a
problem by decomposing it into a multi-level hierarchical structure corresponding to a
tree structure where the first level (i.e root) corresponds to the objectives, the last one
(i.e the leaves) to the alternatives (i.e possible solutions) and the intermediate ones to the
different criteria and their sub-criteria. For each level of this tree (expect the root) we
should define one or several decision matrices (DM ) based on pairwise comparisons.
Thus, for each level l with n elements (criteria or alternatives) we should define m decision matrices (n ∗ n), where m is the number of elements (i.e criteria) of level l − 1. Each
value aij (i ∈ {1..n}, j ∈ {1..n}) of a matrix DM relative to the criteria Ci defines the
importance degree between i and j in the context of Ci . Such a value can be depicted
from Saaty’s scale of measurement given in table 2. Note that aij =aji which means that
all decision matrices are symmetric.
Table 2. Saaty’s scale of measurement [16]
Intensity of importance
1
3
5
7
9
2, 4, 6, 8

Significance
Equal importance
Moderate importance of one over another
Essential or strong importance
Very strong importance
Extreme importance
Intermediate values between the two adjacent judgments

The decision matrices are used to evaluate the global scores relative to different
elements in each level in a top-down manner until reaching the alternatives level. More
precisely, for each element i in a level l we should compute a global score Wi relative
to each criterion Ci (pertaining to level l − 1) using the DM relative to this criterion as
follows:
Wi =

1
1
1
1
P
P
. . . Pn
∗ ai1 ai2 . . . a0in
n nj=1 ai1 nj=1 ai2
a
i
j=1 n

(2)

It is important to note that we should ensure the coherence of each defined DM by
its consistency ratio expressed by:
CR =

CI
=
RI

λmax −K
K−1

RI

(3)

where K and λmax are respectively the number of compared elements and the maximum eigenvalue of the considered DM and where RI is the random index value defined
according to the number of criteria given in table 3 [16].

Table 3. Table of random index [16]
Number of criteria

2

3

4

5

6

7

8

9

RI

0

0.58

0.9

1.12

1.24

1.45

1.49

1.51

Values of CR <= 0.1 are typically considered acceptable, otherwise, the decision
matrix should be revised [16].
In order to select the most critical risks we propose to use a three-levels hierarchical
structure (see figure 7) having as a main objective the ranking of different risks. The second level relative to comparative criteria concerns QSE objectives (O1 . . . On ), and the
last one identified risks (R1 .. Rm ). Thus as a first step, we should compare the different
objectives in order to obtain their relative weights using Saaty’s scale measurement. Then
the different values of RP Nji , obtained from the previous step, will be calibrated in
Saaty’s scale by a pairwise comparisons. More precisely, for each pair of risks {Rj , Rk },
for each objective Oi , we propose to compute the impact of Rj on Oi w.r.t. Rk by dividing RP Nji on RP Nki (resp. RP Nki on RP Nji ) if RP Nji ≥ RP Nki (resp. otherwise)
and by rounding the obtained result by a value α in order to fit to the semantic of Saaty’s
scale.

Figure 7. The hierarchical model to select critical risks

3. Illustrative example
In order to illustrate our method, we will present in this section an application released in
the petroleum field involving a part of a decision problem faced during the identification
of the most critical risks in TOTAL TUNISIA company (certified for quality, security
and environment management systems). Due to the lack of space we will only consider
three QSE objectives (O1 (Quality) : Gain market share by providing superior all round
by decreasing the product of non conformity level service to the customer, O2 (Environement): Minimize the environmental waste by respecting the contamination rate of
the air, water and ground according to the requirements and international standards, and
O3 (Security) : Increase safety staff by decreasing the number of day off of employees)

and three risks (R1 : A major fire and explosion on tanker truck carrying hydrocarbon,
R2 : A fire in container and R3 : the passage of a product in the discharge circuit from the
separator to the sea). Note that O2 is deployed into two sub-objectives (i.e. O21 Carbon
concentration on the air <= 10000 ppm and O22 Fuel concentration on the sea <= 25000
ppm) but since R1 and R2 concern O21 and R3 concerns O22 ) we can use O2 instead of
O21 and O22 without any confusion.
Figure 8 illustrates the membership functions defined by experts and used for both
inputs and outputs (since they are defined by the same linguistic description and the same
universe of discourse). Regarding the fuzzy rule base, we have to define 43 = 64 rules for
each risk of the form (For the lack of space we cannot provide all of them):
IF (O1
IF (O1
IF (O1
IF (O1
...

is minor) AND (SR1 /O1 is minor ) AND (D1 is minor) THEN (RP N11 is minor)
is low) AND ( SR1 /O1 is minor ) AND (D1 is minor) THEN (RP N11 is minor)
is moderate) AND ( SR1 /O1 is minor ) AND (D1 is minor) THEN (RP N11 is low)
is high) AND ( SR1 /O1 is high ) AND (D1 is minor) THEN (RP N11 is low)

Note that we can reduce the number of fuzzy rules as described in [24].

Figure 8. Constructed membership functions

The quantification of different inputs is provided in tables 4,5 and 6 relative to the
occurrence, severities and detectability of each risk, respectively.
Table 4. Occurrence values
Risk occurence

∆t(Days)

Occurrence (Oj )

R1

[1 2]

3650 (10 years)

[0.0002 0.0005]

R2

3

3650 (10 years)

0.0008

R3

[1 2]

1825 (5 years)

[0.0005 0.0001]

Table 5. Severity values
Measure of risk on objective

Severity

O1 : Gain market share by providing superior all-round service
to the customer (Measure of objective : <= 10 hours work stoppage)
R1 /O1

2.5 hours work stoppage

SR1 /O1 = 0.25

R2 /O1

3.5 hours work stoppage

SR2 /O1 = 0.35

R3 /O1

6 hours work stoppage

SR3 /O1 = 0.6

» O21

O2 : Minimize the environmental waste (Measure of objective
Carbon concentration on the air <= 10000 ppm » O22 Fuel concentration on the sea <= 25000 ppm

R1 /O2

Carbon concentration on the air = 6500 ppm

SR1/O2 = 0.65

R2 /O2

Carbon concentration on the air = 6500 ppm

SR2 /O2 = 0.65

R3 /O2

Fuel concentration on the sea = 6250 ppm

SR3 /O2 = 0.25

O3 : Increase safety staff
(Measure of objective : A total of 15 days off))
R1 /O3

A total of 6 days off for injured staff

SR1 /O3 = 0.4

R2 /O3

A total of 4 days off for injured staff

SR2 /O3 = 0.26

R3 /O3

A total of 0 days off for injured staff

SR3 /O3 = 0

Table 6. Detectability values
Detecting risk number

Risk occurrence

Detectability (Dj )

R1

1

[1 2]

[0.5 1]

R2

2

3

0.66

R3

1

[1 2]

[0.5 1 ]

Then, for each risk Rj (j=1..3) and each objective Oi (i=1..3), we compute RP Nij
given in table 7 using the max-min inference method and the centroid method for the
defuzzification step.
Table 7. Different RP Nij values
O1

O2

O3

R1

0.65

0.38

0.71

R2

0.38

0.35

0.66

R3

0.29

0.74

0.18

Finally these values, are aggregated using the three-levels hierarchical structure of
figure 7 as described above. To this end, we use the decision matrix relative to QSE
objectives given in table 8. We can for instance note that O3 has a moderate importance
w.r.t O1 and a stronger importance w.r.t O2 etc. On the basis of these values, we can
define the relative weight concerning each objective. Thus, we can conclude that O2 is
the most important criteria followed by O1 , and finally O3 . Once the criteria’s weights are
defined, the different values of RP Nji will be re-scaled in Saaty’s scale by computing
for each couple {Rj , Rk }, for each objective Oi , RP Nji /RP Nki if RP Nji ≥ RP Nki
and RP Nji /RP Nki otherwise. Then the ratio values are rounded using a threshold α

(in what follows we use α = 0.3). Table 9 illustrates this transformation wich is used
to construct the decision matrices relative to different risks regarding each objective (see
table 10). Using these values, table 11 represents the different risk weights according to
each objective. For instance, regarding the objective O1 , the risk R1 is the most important
(W1 = 0.498), followed by R2 (W2 = 0.268) and R3 (W3 = 0.203).
Table 8. Decision matrix relative to QSE objectives
−

O1

O2

O3

Weights

O1

1

1/3

4

0.28

O2

3

1

5

0.63

O3

1/4

1/5

1

0.09

Table 9. Transformation of RP Nji values into Saaty’s scale
O1
Rj /Rk

O2

RP Nj1

Saaty

RP Nk1

value

R1 /R2

1.71

2

R1 /R3

2.24

R2 /R3

1.31

Rj /Rk

O3

RP Nj2

Saaty

RP Nk2

value

R1 /R3

1.94

2

2

R3 /R2

2.11

2

R1 /R2

1.08

Rj /Rk

RP Nj3

Saaty

RP Nk3

value

R1 /R2

1.07

1

2

R1 /R3

3.94

4

1

R2 /R3

3.66

4

Table 10. Decision matrices relative to risks
O1

O2

O3

−

R1

R2

R3

R1

R2

R3

R1

R2

R3

R1

1

2

2

1

2

2

1

1

4

R2

1/2

1

2

1/2

1

1

1

1

4

R3

1/2

1/2

1

1/2

1

1

1/4

1/4

1

Table 11. Risk weights
Ri

O1
(0.28)

O2
(0.63)

O3
(0.09)

Weights

R1

0.5

0.5

0.443

0.498

R2

0.25

0.025

0.443

0.268

R3

0.125

0.25

0.114

0.203

4. Conclusion
In this paper we have proposed an extension of the fuzzy FMEA risk analysis method in
order to ensure the implementation of the most important part of the plan phase relative
to the QSE integrated management system [1]. The basic idea is to estimate for each
identified risk its occurrence, several severities degrees relative to different QSE objectives and its detectability. The use of the fuzzy logic allows the manipulation of uncertain
values in a suitable way. The multi-leveled Risk Priority Numbers are then used in order
to select the most critical risks via a multicriteria analysis based on the analytic hierarchical process (AHP) [16]. The proposed method is illustrated on a real case study in the
petroleum field involving a part of a decision problem faced during the identification of
the most critical risks in TOTAL TUNISIA company and that obtained results were validated by their experts confirming its coherence and efficiency. It is important to note that
this method can be applied in other fields where many objectives should be considered.
As future work we propose to evaluate selected critical risk in order to assist the
decision maker to define the appropriate preventive and corrective actions. A first study
in this direction using a bayesian extension bow-ties diagrams as risk analysis tool is
proposed in [25].
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