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Abstract. The aim of this study is a quantification of public risk perception towards the nuclear field so as to be 

considered in decision making whenever the public involvement is sought. The proposed model includes both 

qualitative factors such as familiarity and voluntariness and numerical factors influencing risk perception, such 

as probability of occurrence and severity of consequence. Since part of these factors can be characterized only 

by qualitative expressions and the determination of them are linked with vagueness, imprecision and 

uncertainty, the most suitable method for the risk level assessment is Fuzzy Logic, which models qualitative 

aspects of knowledge and reasoning processes without employing precise quantitative analyses. This work, then, 

offers a Fuzzy-Logic based mean of representing the risk perception by a single numerical feature, which can be 

weighted and accounted for in decision making procedures. 
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1. Introduction: Elements of Risk Perception 

 

1.1. The definitions of risk perception 

 

There are some definitions of risk perception: 

• Risk perception is the act or faculty of apprehending risk by means of the senses or the mind 

[1]. It is concerned with the psychological land emotional factors that have enormous impact 

on our behavior and the way we manage the risk. 

• In implication for nuclear energy, risk perception refers to an individual's intuitive judgment 

of both aspects of risk: the probability of occurrence and severity of consequences [2]. 

 

1.2.  Models of risk perception 

 

One broad strategy for studying perceived risk is to develop taxonomy for hazards that can be used to 

understand and predict responses to their risks. A taxonomic scheme might explain, for example, 

people's extreme aversion to some hazards, their indifference to others, and the discrepancies between 

these reactions and the opinions of experts. Several approaches were employed, including 

psychometric [3], cultural [4] and others [5,6,7]. Detailed discussions on these factors are provided in 

many references sited by Bukh [8].  

 

Some other issues related to risk perception are mentioned below without details: Definition of risk, 

Definition of risk assessment, Decision making and risk perception, The influence of Chernobyl and 

TMI
 
accidents on risk perception and decision making, Benefits of nuclear energy, Difference in 

experts and laypeople perception of risk, Acceptable risk, Calculation of tolerable risk level, and Risk 

appraisal. A concise list of references related to these issues is provided by Bukh [8]. 

 

1.3. Factors that influence risk perception of nuclear energy 

The criteria that affect public perception of risk in the field of nuclear energy include [9]:  

• Complexity of a technology that is not well understood by ordinary people and requires 

specialists for its operation.  
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• Centralised rather than local control of the projects so that affected people cannot participate 

in operating decisions.  

• Potential for a high consequence accident as a result of a single failure, even if it is recognised 

that the probability of occurrence is very low.  

• No clear need, at least in most OECD countries where security of electricity supply is of no 

immediate concern, and no perceptible benefit.  

• Invisibility of the risk source (radioactivity). 

 

The goal of this work is to develop a fuzzy-logic based model and to demonstrate its implementation 

to the quantitative characterization of the public's opinion in relation to the risk associated with the 

nuclear industry. 

 

2. Fuzzy Logic model for risk perception 

 

2.1. Why Fuzzy Logic was chosen for the model making 

 

Unlike classical logic which requires a deep understanding of a system, exact equations, and precise 

numeric values, Fuzzy Logic allows expressing knowledge with subjective concepts such as very hot, 

bright red, and a long time which are mapped into exact numeric ranges. The choice of application 

fuzzy logic approach to the public risk assessment is based, then,  on the following reasons: It 

resemble human thinking and decision-making, It provides a means to quantify qualitative 

information, thereby the risk can be evaluated directly using the natural language, It is tolerant of 

imprecise data and ambiguous information, It gives a flexible structure for combining the qualitative 

as well as quantitative information.  

 

Many recent studies deal with different aspects of identifying, explaining and ranking different social 

and psychological factors that affect risk perception, however a very few attempts have been made to 

quantify it. A review of these studies is provided by Bukh [8]. 

 

2.2. Background of fuzzy logic approach 

Fuzzy logic system is knowledge-based or rule-based one constructed from human knowledge in the 

form of fuzzy IF–THEN rules. An important contribution of fuzzy system theory is that it provides a 

systematic procedure for transforming a knowledge base into a non-linear mapping. A fuzzy logic 

system consists of four components as shown in Figure 1 (based on [10]) : fuzzy rules, fuzzy 

inference engine, fuzzifier and defuzzifier. 

2.2.1. Fuzzification and Membership Function Determination 

 

The first step in every fuzzy system consists of converting the inputs from the traditional crisp 

universe to the fuzzy universe and known as fuzzification [11]. A membership function µA (x) 

determines the degree that input value x belongs to fuzzy set A. Its value varies between 0 and 1 

(inclusively) [12]. A membership value of zero indicates that the element is entirely outside the set, 

whereas a one indicates that the element lies entirely inside a given set. Any value between the two 

extremes indicates a degree of partial membership to the set. The most commonly used shapes for 

membership functions are triangular, trapezoidal, Gaussian, generalized bell. The simplest 

membership functions are formed using straight line is the triangular and trapezoidal membership 

functions. Both of these memberships are commonly used to describe risks in safety assessment [13]. 

 

2.2.2. Fuzzy rules, Fuzzy Inference Engine and Defuzzification 
  

Fuzzy rules are a set of rules that describe input-output relationship of the system in terms of 

fuzzy conditional statements [14]. Rules have a structure of the form: IF (antecedent) THEN 

(consequent). In the fuzzy inference engine fuzzy logic principles are used to combine fuzzy IF-
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THEN rules from the fuzzy rule base into a mapping from fuzzy input sets to fuzzy output sets [10]. If 

a given fuzzy rule has multiple antecedents, the fuzzy operator (AND or OR) is used to obtain a single 

number that represents the result of the antecedent evaluation. To evaluate the disjunction of the rule 

antecedents is used the "OR" fuzzy operation.  

 

The most commonly used fuzzy inference techniques are the Mamdani and the Sugeno methods. The 

main difference between the two is that the Mamdani method preserves the original shape of the 

membership function (e.g. trapezoid) while the Sugeno method yields either a linear membership 

function or a constant.  A typical rule in a Sugeno fuzzy model has the form: If Input 1 = x and Input 

2 = y, then Output is z = ax + by + c. For a zero-order Sugeno model, the output level z is a constant 

(a = b = 0). Both methods are included in the Fuzzy-Logic utilities of MatLab. The defuzzifier is 

defined as a converting the fuzzy values obtained from inference into a Crisp Output value. In this 

work we consider the Center of Gravity technique associated with the Mamdani inference method 

[15,16] and the Weighted Average Method associated with the Sugeno inference model.  

Figure 1.: The model for risk assessment using fuzzy logic based approach.  

 

3. Application of the model to the public risk perception 

3.1. The development of fuzzy linguistic variables and membership functions 

The parameters used in this work to assess the risk level (RL) on a subjective basis (the risk 

perception) are then:  

 

• Voluntariness (Vol) 

• Familiarity (F) 

• Severity of consequence (SC) 

• Probability of occurrence (PO) 

 

A scale from 0 to 10 for each linguistic variable was determined. This does not necessarily mean that 

a linguistic term has to be divided into 10 categories. For example, the variable "Voluntariness" is 

divided into four categories, while each category is assigned a range of scaling rather than a single 

sharp value. This is well demonstrated in Table 1 which provides the scaling of the fuzzy parameters 

used in this work. The "Severity of Consequences" values are based upon the IAEA definitions, the 

"Probability of Occurrence" are based upon DOE definitions and the "Risk Levels" upon the 

definitions made by the department of Environmental Health and Safety. Figure 2 provides a 

graphical presentation of the membership functions for the "Severity of Consequences" described in 

Table 1.   
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Table 1: The ranking of the parameters 

 

 Parameter 

Scale Voluntariness Familiarity Severity of 

Consequences 

Probability of 

Occurrence 

Risk 

Level 

1 absolute poor negligible Very low low 

2 absolute poor minor low low 

3 almost average minor low possible 

4 almost average moderate average possible 

5 almost average moderate average possible 

6 partly good moderate average substantial 

7 partly good severe high substantial 

8 partly good severe high substantial 

9 involuntary high catastrophic Very high high 

10 involuntary high catastrophic Very high high 

 

Figure 2: Membership function of fuzzy set Severity of Consequence                        

 

3.2. The development of the fuzzy rules  

The fuzzy rules listed below are based on the membership functions and scaling described in the 

previous section above.  

Rule 1: IF the Vol is absolutely voluntary THEN the RL is low 

Rule 2: IF the Vol is almost voluntary THEN the RL is possible 

Rule 3: IF the Vol is partly voluntary THEN the RL is substantial 

Rule 4: IF the Vol is involuntary THEN the RL is high 

Rule 5: IF the F is poor THEN the RL is high 

Rule 6: IF the F is average THEN the RL is substantial 

Rule 7: IF the F is good THEN the RL is possible 

Rule 8: IF the F is high THEN the RL is low 

Rule 9: IF the SC is negligible THEN the RL is low 

Rule 10: IF the SC is minor THEN the RL is low 

Rule 11: IF the SC is moderate THEN the RL is possible 
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Rule 12: IF the SC is severe THEN the RL is substantial 

Rule 13: IF the SC is catastrophic THEN the RL is high 

Rule 14: IF the PO is very low THEN the RL is low 

Rule 15: IF the PO is low THEN the RL is low 

Rule 16: IF the PO is average THEN the RL is possible 

Rule 17: IF the PO is high THEN the RL is substantial 

Rule 18: IF the PO is very high THEN the RL is high 

Rule 19: IF the PO is very low AND the SC is negligible THEN the RL is low 

Rule 20: IF the PO is very low AND the SC is minor THEN the RL is low 

Rule 21: IF the PO is very low AND the SC is moderate THEN the RL is possible 

Rule 22: IF the PO is very low AND the SC is severe THEN the RL is substantial 

Rule 23: IF the PO is very low AND the SC is catastrophic THEN the RL is substantial 

Rule 24: IF the PO is low AND the SC is negligible THEN the RL is low 

Rule 25: IF the PO is low AND the SC is minor THEN the RL is low 

Rule 26: IF the PO is low AND the SC is moderate THEN the RL is possible 

Rule 27: IF the PO is low AND the SC is severe THEN the RL is substantial 

Rule 28: IF the PO is low AND the SC is catastrophic THEN the RL is high 

Rule 29: IF the PO is average AND the SC is negligible THEN the RL is low 

Rule 30: IF the PO is average AND the SC is minor THEN the RL is possible 

Rule 31: IF the PO is average AND the SC is moderate THEN the RL is substantial 

Rule 32: IF the PO is average AND the SC is severe THEN the RL is high 

Rule 33: IF the PO is average AND the SC is catastrophic THEN the RL is high 

Rule 34: IF the PO is high AND the SC is negligible THEN the RL is possible 

Rule 35: IF the PO is high AND the SC is minor THEN the RL is substantial 

Rule 36: IF the PO is high AND the SC is moderate THEN the RL is substantial 

Rule 37: IF the PO is high AND the SC is severe THEN the RL is high 

Rule 38: IF the PO is high AND the SC is catastrophic THEN the RL is high 

Rule 39: IF the PO is very high AND the SC is negligible THEN the RL is substantial 

Rule 40: IF the PO is very high AND the SC is minor THEN the RL is substantial 

Rule 41: IF the PO is very high AND the SC is moderate THEN the RL is high 

Rule 42: IF the PO is very high AND the SC is severe THEN the RL is high 

Rule 43: IF the PO is very high AND the SC is catastrophic THEN the RL is high 

3.3. Fuzzification of input variables. 

The following risk calculations adopt first the scaling numbers from reference [3]: The numbers are 

later changed to demonstrate the influence of a change in a parameter on the overall risk perception. 

 

• The Voluntariness value is 9.3 (belongs to the  involuntary region) 

• The Severity of Consequence value is 8.54 (somewhere between severe and catastrophic) 

• The Familiarity value is 5.6 (somewhere between average and good) 

• The Probability of occurrence value is 3.6 (somewhere between low and average) 

 

Note, that the calculation of risk values is very easily performed by MatLab. The program permits to 

derive the result quickly: we mark the methods (Mamadani, Sugeno), insert the type and parameters 

of membership functions (trapezoid, Gaussian), introduce the rules and crisp Inputs, and the crisp 

Outputs are immediately obtained. The program makes use of the methodologies and concepts 

discussed above. 

 

Returning to the Input values listed above, we observe that not all the rules are relevant for assessing 

the overall risk level RL. We then choose only those rules that are needed for the case under study. 

These rules are: 4,6,7,12,13,15,16,27,28,32,33. 

For rule 4, Vol at 9.3 corresponds to µvol = 1 for the involuntary membership function 

For rule 6, F at 5.6 corresponds to µf = 0.4 for the average membership function 
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For rule 7, F at 5.6 corresponds to µf = 0.6 for the good membership function 

For rule 12,27,32 SC at 8.54 corresponds to µsc = 0.64 for the severe membership function 

For rule 13,28,33 SC at 8.54 corresponds to µsc = 0.54 for the catastrophic membership function 

For rule 15,27,28 PO at 3.6 corresponds to µpo = 0. 4 for the low membership function 

For rule 16,32,33 PO at 3.6 corresponds to µpo = 0.6 for the average membership function 

3.4. Fuzzy inference. 

The antecedent of rules 27, 28, 32, and 33 has two parts. The output is a single "truth value", therefore 

to produce this single value (degree of support for the rule) we need to apply the fuzzy operator. The 

application of the fuzzy operator generated the results, as shown in the Table 2, for rule 27, 28, 32, 

and 33. In summary, the membership values of the risk levels (µRL), related to four factors of risk 

under consideration are listed in Table 3. 

 

Table 2: the results of application fuzzy operator 

 

Rule 
Membership for 

antecedent PO , 

µpo 

Membership for 

antecedent SC , 

µsc 

Fuzzy AND operator, 

min [µ po, µ sc] 

Rule 27 0.4 0.64 0.4 

Rule 28 0.4 0.54 0.4 

Rule 32 0.6 0.64 0.6 

Rule 33 0.6 0.54 0.54 

 

Table 3: The membership values of the risk levels are related to four factors of risk 

 

Rule 

Membership for 

antecedent 

Consequence 

(RL expression) 

Membership value 

of output 

Rule 4 µvol = 1  high µRL_vol = 1 

Rule 6 µf  =  0.4 substantial µRL_f = 0.4 

Rule 7 µf = 0.6 possible µRL_f = 0.6 

Rule 12 µsc = 0.64 substantial µRL_sc = 0.64 

Rule 13 µsc = 0.54 high µRL_sc = 0.54 

Rule 15 µpo = 0.4 low µRL_po = 0.4 

Rule 16 µpo = 0.6 possible µRL_po = 0.6 

Rule 27 µsc&po = 0.4 substantial µRL_ sc&po =0.4 

Rule 28 µsc&po = 0.4 high µRL_ sc&po = 0.4 

Rule 32 µsc&po = 0.6 high µRL_ sc&po = 0.6 

Rule 33 µsc&po = 0.54 high µRL_ sc&po = 0.54 
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3.5. Aggregation of consequent across the rules 

From Table 8 it turns out that rules 28, 32 and 33 assign a risk level "high" associated with SC&PO. 

The RL associated with SC and PO is determined as follows: 

RL sc&po = {Max (0, low); Max (0, possible); Max (0. 4, substantial); Max (0.4, 0.6, 0.54, high)}.  

Therefore, RL sc&po = {(0, low); (0, possible) ;( 0.4, substantial); Max (0.6, high)} 

This means, that the output can be obtained as Substantial with a belief degree of 0.4 and High with a 

belief degree of 0.6. 

3.6. Defuzzification. 

Defuzzification process is the transformation of the fuzzy result into a crisp output. The input for the 

final step is a fuzzy set and output is a single number – crispness recovery from fuzziness. The 

process is demonstrated by giving an example of Voluntariness risk factor how the MatLab performs 

it (for Mamdani and Sugeno inference). Consider Figure 3: the input value of 9.3 results with a risk 

level of 9.25 under the Mamadani center of gravity methodology. The input value of 9.3 results in a 

risk level of 10 under the Sugeno methodology. If, for example, a different input value for 

voluntariness is introduced, e.g. 4, the risk level is immediately determined by the program to be 3.96 

under Mamadani. The input values are not the only ones that can be changed or modified: the 

program is flexible enough to allow for changes in the shape of the trapezoid. The overall risk level 

calculations are shown in Table 4. Note the differences when applying either the Mamdani or the 

Sugeno techniques. 

 

Table 4: Summary of risk values associated with four factors that influence risk perception  

 

Risk category 

associated with 
Inputs  

Mamdani 

method 
RL estimation 

Sugeno 

method 
RL estimation 

VOL 9.3 9.25 High, 100% (µ=1) 10 High, 100% (µ=1) 

F 5.6 5.16 

substantial 16% (µ=0.16) 

and possible 84% 

(µ=0.84) 

5.2 

substantial 20% (µ=0.2) 

and possible 80% (µ=0.8) 

SC 8.54 7.64 Substantial,100% (µ=1) 8.37 

substantial 63% (µ=0.63)                          

and high with 37% 

(µ=0.37) 

PO 3.6 3 

possible with 100% 

(µ=1) 
2.8 

low 20% (µ=0.2) and              

possible 80% (µ=0.8) 

PO&SC 
3.6 & 

8.54 
7.95 substantial 100% (µ=1) 9.35 high 100% (µ=1) 

 

3.9 Changes in the input parameters and the shape of membership functions 

Once the rules are inserted, it is very easy to change the input values and observe the influence that 

these changes may have on the risk perception quantification. The program is immediately adjusting 

to new input values and the corresponding new RL is provided.  
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For example, if the input parameter "Voluntaries" is changed from 9.3 to 4, (and the other parameters 

are kept unchanged) the overall risk level RL changes from 7 to 5.6. If VOL is changed to 1, RL 

changes to 4.8. If PO changes from 3.6 to 0.5 the resulting RL becomes 6.8. The relative effect of 

changes in input parameters is of course affected by the weights assigned to each parameter, which 

can also be changed easily. The program allows also simulation of changes in the input parameters, so 

as to decipher which are the parameters that are most affecting the public opinion. 

 

Figure 3a: Defuzzification process under Mamadani process 

 

 

 

Figure 3b: Defuzzification process under Sugeno inference 
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3.10.   The overall risk level estimation. 

If the decision making is based on both subjective and objective evaluation of risk toward nuclear 

energy, it may be done on this way: 

 

)1( WonRLperceptiWPOSCRisk −∗+∗∗=                               (1) 

Where: 

W - The weight that the decision maker assigns to the "objective" risk 

RLperception – the risk perception of the public.  

 

If only the objective measure of risk is used by the decision maker, he would choose W=1. 

 

4. Summary and discussion 

 

A fuzzy logic based model is suggested to allow for the quantitative evaluation of the public opinion 

towards the nuclear industry. The fuzzy logic methodology was chosen because it allows assigning 

non-Boolean values to the public's subjective attitudes expressed in linguistic terms. For example, 

dealing with subjective voluntariness, one doesn't necessarily be "involuntary", on the one hand, or 

"absolute voluntary", on the other hand. One can feel "almost voluntary", "partly voluntary", "quite 

voluntary", etc. 

 

The model developed in the frame of this work towards the quantitative assessment of the subjective 

public opinion is very flexible in that it allows for modular addition of the factors beyond those that 

were used in this work.  

 

The model is also flexible in that it allows a fast-computation of the subjective public opinion when 

one or several inputs factors change, following, for example, a nuclear accident or an aggressive 

public relation campaign by the nuclear industry. 

 

Under the methodology of this work, the assumptions used to demonstrate the model and the 

numerical values that was founded and adapted to this study, it is estimated that the public's opinion 

regarding the risk associated with the nuclear industry is "Substantial" which implies "fair" safety. 

These real numbers are the arithmetic mean rating of the risk characteristics Voluntariness and 

Severity of Consequence. It's clear, that the frame of work may be broadened through the addition of 

the public opinion variance; and it's may be the theme of following work. The assumptions were 

based on literature review of articles dealing with the psychology of risk; however one should bear in 

mind that this study is a demonstration of the model application, and its output is not necessarily a 

firm conclusion. 

 

The fuzzy logic model implemented in this work may help in observing the dynamics of public 

opinion, through the estimation of viewpoint of population in regard to risk level related to nuclear 

energy over the period of years. It's important because the public perception of risk is influenced by 

many dynamic factors. 

 

The model can be used to evaluate the public's opinion towards other industries and man-made 

potentially hazards activities, using the fuzzy logic methodology, to allow both a comparison with the 

experts' objective estimates, and to fuse the subjective and objective risk assessments in the decision 

making procedure. 
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