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Abstract. Risk decision matrix has widely been favoured by the researchers in the area of construction safety risk assess-
ment. Although it provides the construction safety professionals with the final illustration of the risks magnitude, it suffers 
from major shortcomings, including inability to considering the importance of probability and severity, impaired analy-
sis resulting from the use of raw numbers for ratings, and the limited range of classifications for assessing the risks. All 
these shortages give an impaired insight to the concerned parties, deteriorating the involved workers’ safety. As such, this 
paper aims to develop a novel Risk Assessment Model (RAM) through the integration of the Fuzzy Best Worst Method 
(FBWM) with the Interval-Valued Fuzzy Technique for Order of Preference by Similarity to Ideal Solution (IVFTOPSIS). 
Based on the application of RAM to a real-life case study, it was observed that the developed RAM contributes to the body 
of construction safety risk assessment in five unique ways: (1) computing the importance of the two risk parameters (i.e. 
probability and severity) using fuzzy-reference-based comparisons, (2) obviating the needs for having statistical data, (3) 
prioritizing the identified risks using the combination of interval-valued triangular fuzzy numbers with TOPSIS, (4) pro-
viding the safety analysts with wider ranges of classifications for conducting risk assessment, and (5) providing the safety 
professionals with appropriate evaluation strategies for controlling the analysed risks. The developed model in the study 
can be applied to any projects, giving a conclusive plan to the concerned safety professionals for adopting the further pru-
dent mitigation measurements.

Keywords: safety risk assessment, construction safety, interval-valued fuzzy number, multi-criteria decision-making meth-
od, fuzzy best-worst method, fuzzy TOPSIS, interval-valued fuzzy TOPSIS.

Introduction

Due to the frequent observation of lethal and non-lethal 
occupational injuries occurred in the construction sector, 
it has always been regarded as a notorious sector (Tam 
et al., 2004). Needless to say, the safety and health of the 
involved workers not only can be deteriorated, but also 
it significantly impairs the associated economics (Hinze 
et al., 2006). To make it more explicit, it is reported that 
the construction industry accounts for at least 60,000 of 
the fatal accidents occurred in the workplaces. Notably, 
this figure for the industrialized countries varies from 25% 

to 50% of the total fatal accidents occurred in workplaces 
(International Labour Organization, 2014). In light of this, 
conducting research on the area of safety risk assessment 
seems an undeniable fact, in order to reduce the occupa-
tional injuries and fatalities of the involved workers (Pinto 
et al., 2011). 

In order to improve the construction workers’ safety, 
some researchers have focused on the area of risk assess-
ment. Hallowell (2008) reported a safety risk assessment 
approach for assessing safety level of different construc-
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tion trades. In another study, Aneziris et al. (2010) pro-
posed a model using the assessment of occupational risks, 
with an emphasis on the quantification of a tunnel con-
struction. In the same year, Mitropoulos and Namboodiri 
(2010) presented the findings from the initial implemen-
tation of task demand assessment and demonstrates its 
feasibility and applicability on two different operations: a 
roofing activity and a concrete paving operation. Based 
on the utilization of Analytical Hierarchy Process (AHP), 
Aminbakhsh et  al. (2013) developed a safety model for 
assessing the risks that might happen on the construction 
sites. In their study, Papazoglou et al. (2017) proposed a 
model that quantifies relationship between the site condi-
tions and worker’s behaviour towards an accident. 

As cited by some researchers (Faber & Stewart, 2003; 
Nilsen & Aven, 2003), due to the uncertainty and incom-
pletion that are inherent in probabilistic-based or statisti-
cal-based assessment approaches, Fuzzy Inference System 
(FIS) has widely been taken into consideration as a ben-
eficial feature to cope with the afore-mentioned drawbacks 
(Amiri et al., 2017). In order to support construction com-
panies with their responsibilities to reduce occupational 
safety risks, Pinto (2014) presented the newly-developed 
fuzzy assessment model. Due to the incompletion of the 
data associated with the reportable accidents, Debnath 
et  al. (2016) fostered a safety risk assessment approach, 
considering the accidents happened to different parts of 
body, the associated safety measures, and the costs associ-
ated with the provision of those measurements.

To assess the safety risks that threaten the lives of dif-
ferent working trades involved in construction activities, 
Amiri et al. (2017) developed a fuzzy rule-based system. 
In another study, Gunduz et al. (2016) developed a fuzzy 
structural equation model for development of a safety 
performance index in construction sites. Mohandes and 
Zhang (2019) developed a comprehensive framework for 
making improvement in the assessment of risks in the 
construction sector, based on the exploitation of tradi-
tional risk matrix concept. 

With respect to the above-mentioned literature on the 
developed risk assessment models focused on the con-
struction workers, the current study aims to tackle the 
following research questions:

1) What is the significance level of the two essential 
risk parameters (i.e. probability and severity) while 
assessing construction safety risk? 

2) How can calculate the magnitude of the risks pos-
ing danger to the construction workers with respect 
to the consideration of the importance of two es-
sential risk parameters?

3) How can provide the safety analysts with wider 
ranges of classifications for conducting risk assess-
ment?

4) What should the evaluation strategy be for the ana-
lysed risks? Do they need to be controlled with the 
same level of consideration? Which one should be 
given more consideration? 

The unaddressed questions stated above leads to 
adopting flawed deeds by the concerned safety profession-
als, which in turn, this deteriorates the safety and health of 
the involved construction workers. As a result, this study 
aims to develop a RAM for improving the construction 
workers’ safety by the integration of FBWM and IVFTOP-
SIS. The developed RAM in the study can be applied to 
any construction projects, providing a prudent plan for 
the responsible safety professionals to tackle the identified 
risks based upon their calculated final rankings along with 
the provision of apposite evaluation strategies. 

The paper starts with various steps of the developed 
RAM, including a brief exposition on the fuzzy systems 
in Section 1. Section 2 provides the results of the appli-
cation of the developed model to a case study. Section 3 
discusses the findings obtained from the application of the 
developed model, while conclusion together with future 
research to be conducted and limitation of the research 
are provided at the end of paper.

1. Research methodology

This study develops a novel hybrid RAM for assessing 
safety risks of the workers involved in the construction 
activities. Figure 1 illustrates the fostered algorithm con-
taining three steps, namely the exploitation of FBWM to 
obtain the relative importance weights of the two essential 
risk parameters (i.e. severity and probability), the exploita-
tion of the IVFTOPSIS to attain the final ranking of the 
identified risks, and the proposal of appropriate evalua-
tion strategies with respect to the magnitude of the ana-
lysed risks. The major reason for the exploitation of the 
combined fuzzy approach in the study lies in two facts: 
the need for obtaining the real data (i.e. observed data as-
sociated with uncertainty and incompletion) is obviated, 
and more importantly, obtaining a precise final ranking 
of the risks based on the importance weights of two risk 
parameters concurrently through overcoming the human’s 
subjectivity. 

1.1. A brief introduction to fuzzy inference system

Prior to explaining the research framework developed in 
the study, a brief exposition on FIS together with its basic 
operations has been provided. Needless to say, FIS is sub-
sumed under the umbrella of a broader category named as 
artificial intelligence (Mohandes et al., 2019). Being intro-
duced by Zadeh (1965), FIS is a mathematical theory aims 
at modelling the imprecision or vagueness of human cog-
nitive processes. The point of fuzzy set theory, which was 
adopted in this study, is that the degree of membership for 
an element is within a certain interval that is usually [0,1] 
(Liou et al., 2008), where zero indicates that the element 
does not belong to the set. On the other hand, the mem-
bership value of one indicates that the element completely 
belongs to the set. Any value within the interval indicates 
that the element has a certain degree of membership or 
in other words, it has a partial belonging to the fuzzy set 
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(Armaghani et al., 2015; Bejarbaneh et al., 2018). A tilde 
will be placed above a symbol if the symbol represents a 
fuzzy set (e.g., A). A TFN is denoted simply as (l|m, m|u) 
or (l, m, u). Each TFN has linear representations on its left 
and right side such that its membership function can be 
defined as (Mikaeil et al., 2013):

0,           or ,

 ,    ,( | )

 ,   ,

x l x u
x l l x mx A m l
u x m x u
u m


 − ≤ ≤µ =  −
 −

≤ ≤
−



 

(1)

where l, m, u denote the lower bounds, the most likely 
value, and the upper bounds of the fuzzy number A . Fig-
ure 2 shows a TFN, including the lower bound, the most 
likely value, and the upper bound. The operational laws of 
TFNs 1 A  and 2A  are as follows (Sun, 2010). 

Addition of the two fuzzy numbers:
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Multiplication of the two fuzzy numbers:
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Subtraction of the two fuzzy numbers:
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Division of the two fuzzy numbers:
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Figure 1. The developed RAM framework
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The graded mean integration representation of TFN 
 A  (GMIR), i.e. the indicative of triangular fuzzy numbers 
ranking, can be calculated as below (Guo & Zhao, 2017):

( ) 4 .
6

l m uR A + +
=

 
(6)

It is noteworthy to point out that the interval-valued 
fuzzy numbers are special forms of generalized fuzzy 
numbers. Similar to generalized fuzzy numbers, these 
numbers can find a trapezoidal shape. For the sake of 
brevity, the readers could refer to Mondal (2016) for the 
operation laws and representations of interval-valued tri-
angular fuzzy numbers.

1.2. Background to risk assessment step

Risk assessment step includes the identification of the 
critical risks along with the assessment of the identified 
risks in terms of their calculated magnitudes (Djapan 
et al., 2018; Hatami-Marbini et al., 2013; Zhao et al., 2016). 
Based on the concept of common risk matrix, the likeli-
hood and intensity of each risk needs to be calculated, and 
subsequently they need to be multiplied by each other to 
give us the final magnitude (Mohandes & Zhang, 2019). 
Meanwhile, it goes without saying that the application of 
MCDM methods can bring about fruitful results in the 
area of construction risk assessment, due to the fact that 
the assessment stage deals with different criteria, param-
eters, and alternatives with respect to each other (Tzeng & 
Huang, 2011). To show the alignment of the application 
of MCDM methods to the construction risk assessment, 
the readers are referred to the following research used dif-
ferent techniques, such as the application of AHP (Zayed 
et al., 2008), the application of TOPSIS (Wang et al., 2008), 
and the application of ANP (Lu et al., 2008).

1.3. FBWM

The FBWM method, which is an integration of FIS into 
BWM (Guo & Zhao, 2017), was adopted to compute the 
weights of criteria. As can be seen from Figure 1, the 
FBWM is exploited in the current research to obtain the 
importance of the probability and severity weights that 
will be used as the inputs into the IVFTOPSIS for obtain-

ing the final orders of the identified risks endangering 
the involved workers. Due to the fact that FBWM utilizes 
reference-based comparison (Guo & Zhao, 2017), which is 
in contrast to other MCDM methods (AHP, FAHP, ANP 
and FANP), a smaller number of pair-wise comparisons 
is sufficient to make an accurate ranking produced by the 
IVFTOPSIS. It is worthwhile to assert here that although 
the original BWM is based on the precise mathematical 
formulations, it is tangled with ambiguity as stated by Mo-
handes and Zhang (2019) due to the fact that raw numbers 
(i.e. in the range of 1 to 9) are used in the BWM, which 
increase the vagueness of the produced results. As such, 
the current study used FBWM, in which the mentioned 
ambiguity has overcome through the exploitation of FIS. 
The detailed steps involved in the execution of the FBWM 
in obtaining the importance weights pertaining to the two 
essential risk parameters, namely probability and severity, 
are as below.

Step 1. Defining the more and the less important pa-
rameters. As the initial step, the decision maker needs 
to define whether the probability or severity is of higher 
importance in the area of construction safety risk assess-
ment. The more and less important parameters are named 
as B and W, respectively henceforth. 

Step 2. Executing the fuzzy reference comparisons. 
Once B has been identified, the decision maker has to de-
fine the extent to which B is more important than W using 
the linguistic variables listed in Table 1, contributing to 
the Fuzzy Best-to-Worst linguistic scale (known as aBW).

Table 1. Linguistic variables for comparing the importance  
of two risk parameters

Linguistic scales Membership function
They have the same importance (E) (1,1,1)
One parameter is weakly more 
important than the other one (W) (2/3,1,3/2)

One parameter is moderately more 
important than the other one (M) (3/2,2,5/2)

One parameter is strongly more 
important than the other one (S) (5/2,3,7/2)

One parameter is extremely more 
important than the other one (EX) (7/2,4,9/2)

Step 3. Finding the optimal weights ( *Bw  and *Ww ).

In order to obtain the optimal weights related to the 
two risk parameters, the maximum absolute difference 

B
BW

W

w
a

w
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needs to be minimized. Notably, wB and wW 

are both TFNs, and accordingly the fuzzy weights of either 
of the mentioned two parameters are represented as TFN 
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where ( ,  ,  )l m uξ ξ ξξ =   

 .
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Considering the operational laws of TFNs, we can 
achieve the following model:

min k*
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For solving the constrained optimization model built 
above, the optimal solution to k* should be reached as fol-
lows.

min k*
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Solving the problem, the relative optimal weights to 
the importance of the probability and severity, namely *Bw  
and *Ww  could be obtained. Obviously, since there is only 
one comparison that needs to be made, the model is of 
utmost consistency (i.e. Consistency Index equals 1). 

Step 4. Defuzzification. Once the *Bw  and *Ww  have 
been obtained, they need to be defuzzified as below.
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Step 5. Aggregating the computed weights. After the 
calculation of *Bw  and *Ww  by K experts, the computed 
weights of the probability and severity that were obtained 
from all the experts need to be aggregated as follows.

1 2

1  [   ], 1,2,
j kagg a a aW W W W j

K
= × + +…+ =

 
(14)

where Wa indicates the calculated weights related to the 
either severity or probability of the Kth expert’s appraisal. 
Notably, two aggregated weights for each risk need to be 
calculated; one for probability, and the other one for sever-
ity (i.e. because j = 1, 2).

1.4. IVFTOPSIS

The TOPSIS method  – introduced by Hwang and Yoon 
(1981) – was used to make a decision on the best alter-
native as per the concepts of compromised solution. The 
compromised solution can be defined as choosing a solu-
tion with respect to the shortest distance from the ideal 
solution and the farthest distance from the negative ideal 
solution. To avoid subjectivity of human’s judgement, who 
are using raw numbers, an extended TOPSIS with the ap-
plication of fuzzy numbers was developed, as recommend-
ed by Celik et al. (2012) and Tzeng and Huang (2011). 

This study exploits the IVFTOPSIS to systematically 
obtain a precise final ranking of the risks that were identi-
fied to be potentially influential on construction workers. 
Once the relative importance weights of the two risk pa-
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rameters have been determined using the FBWM in the 
previous step, the obtained weights need to be fed as the 
input to the IVFTOPSIS. This study adopts the IVFTOP-
SIS proposed by Ashtiani et  al. (2009), as IVTFNs cap-
tures more uncertainty than the commonly used TFNs. 
The detailed steps of the exploitation of the IVFTOPSIS 
in obtaining the final orders of the defined risks posing 
danger to the construction workers are as follows.

Step 1. Constructing the fuzzy decision matrix to 
choose the suitable linguistic variables for the identified 
risks regarding the two risk parameters (see Table 2). 
Based on the experts’ points of views, the fuzzy decision 
matrix that includes the two essential parameters of risk 
(i.e. probability and severity) and m number of risks could 
be formed as below:

11 12

1 2m m

x x
RDM

x x

 
 =
 
 

  .  (15)

It is noteworthy to mention that criteria and alter-
natives existing in the common TOPSIS method in this 
study are referred to as the risk parameters (i.e. probability 
and severity) and the different types of risks, respectively.

Step 2. Calculating the aggregated weights. Once the 
relative experienced decision makers’ views have been ob-
tained, the IVTFNs given to each risk with respect to the 
probability and severity need to be aggregated. To calcu-
late the aggregated value for each risk, the following steps 
need to be followed.

Assuming that ( ) ( )[ ,  ,  ,  ,   ] ijk ijkijk ijkx l l m u u= ′ ′
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fuzzy score of the risk i with regard to the risk parameter 
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1,  2j = , and 1,  2, ,k n= … . Then, the aggregated fuzzy 
weight of all the experts’ appraisal can be calculated as 
follows:
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Step 3. Obtaining the normalized fuzzy risk decision 
matrix (i.e. 
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  ). Using the below-mentioned equa-

tions, the aggregated matrix obtained in the previous step 
could be normalized: 
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where max   j iji

u u+ += and minj iji
l l− ′= . 

Step 4. Constructing the weighted normalized fuzzy 
decision matrix (i.e. 

2ij n
v

×
 
   where 

jij agg ijv W r= ×  ). Ac-
cording to the operational laws of IVTFNs, we have the 
following:
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Step 5. Finding ideal solutions. Fuzzy Positive Ideal 
Solution (FPIS) and Fuzzy Negative Ideal Solution (FNIS) 
can be defined as below:

( ) ( )1,1 ; 1; 1,1 ,    ;bFPIS j = ∈Ω   
(20)

( ) ( )0,0 ; 0; 0,0 ,    .cFNIS j = ∈Ω   
(21)

Step 6. Calculating the distance of each risk from FPIS 
and FNIS. At this stage, the distance of risks from the FPIS 
(known as 1iD+

 and 2iD+) need to be calculated as follows:
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Table 2. Linguistic scales for the evaluation of risks with respect to the two risk parameters

Variables for probability Description Variables for severity Description IVTFNs

Extremely low probable 
(ELP) Virtually impossible Extremely low severe 

(ELS) First aid [(0,0);0;(1,1.5)]

Very low probable (VLP) Practically impossible Very low severe (VLS) Minor injury [(0,0.5);1;(2.5,3.5)]
Medium low probable 
(MLP)

Conceivable but very 
unlikely

Medium low severe 
(MLS)

Temporary 
disability [(0,1.5);3;(4.5,5.5)]

Medium probable (MP) Only remotely possible Medium severe (MS) Serious injury [(2.5,3.5);5;(6.5,7.5)]
Medium highly probable 
(MHP) Unusual but possible Medium highly severe 

(MHS)
Permanent 
disability [(4.5,5.5);7;(8,9.5)]

Very highly probable 
(VHP) Quite possible Very highly severe (VHS) fatality [(5.5,7.5);9;(9.5,10)]

Extremely highly probable 
(EHP) Might well be expected Extremely highly severe 

(EHS) Many fatalities [(8.5,9.5);10;(10,10)]
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Similarly, the separation from the FNIS (known as 1iD− 
and 2iD− ) can be calculated as below:

( ) ( ) ( )
2 2 2 2

1
1

1 0 0 0
3i ij ij ij

j

D a b c−

=

 = − + − + −  ∑ ; (24)

( ) ( ) ( )
2 2 2 2

2
1

1 0 0 0
3i ij ij ij

j

D a b c−

=

 = − + − + − ′
′

∑ . (25)

Step 7. Obtaining the Relative Closeness. Using the be-
low-mentioned equations, the final values of the respective 
risks (known as *

iRC ) can be obtained:

2
1

2 2
 i

i i

D
RC

D D

−

+ −
=

+
; (26)

1
2

1 1
 i

i i

D
RC

D D

−

+ −
=

+
; (27)

1 2*  
2i

RC RC
RC

+
= . (28)

Step 8. Obtaining the order of risks. In the final step, 
the risks need to be ranked based on their calculated rela-
tive closeness. The higher the relative closeness, the riskier 
the relative risk.

1.5. Evaluation strategies

As one may notice, a proper assessment stage should end 
in the provision of the decisions on how to evaluate the 
risks ranked in the previous step (Rausand, 2013). In the 
current study, it is aimed to come up with a straightfor-
ward evaluation plan for the safety experts regarding the 
ranked risks. To do so, the linear interpolation technique 
is taken into consideration. Firstly, due to the fact that 
the risks magnitude according to the common risk ma-
trix are in the range of [1,25], the final risks weights that 
were computed by the developed RAM needs to be set 
out within this range. In doing so, the minimum and the 
maximum calculated weights need to be assigned 1 and 
25, respectively, and accordingly the remaining weights 
need to be set out within the mentioned range using the 
linear interpolation technique. Following the calculation 
of the new weights related to all the risks, the following 
rules should be followed:

Rule A: If 1 ≤ x ≤ 4, then the magnitude is low ⇒ the 
respective risk could be accepted;

Rule B: If 4 < x ≤ 10, then the magnitude is medium ⇒ 
the respective risk should be mitigated;

Rule C: If 10 < x ≤ 16, then the magnitude is high ⇒ the 
respective risk should be mitigated;

Rule D: If 16 < x ≤ 25, then the magnitude is very high ⇒ 
the respective risk should be mitigated,
where x is the newly-calculated weights of the respective 
risk using linear interpolation technique. It is notable to 
mention that the range of the numbers used within the 

range of common risk matrix are adopted from (Li et al., 
2018). Once the suitable evaluation strategies for all the 
risks have been determined, the safety experts handling 
the project need to consider the following issues:

Consideration 1. New types of risks posing danger to 
the involved construction workers need to be identified, 
and accordingly they need to be assessed using the devel-
oped RAM. The timespan for determining the period to 
identify new risks is dependent on the project manager’s 
sagacity. For instance, if the project manager decides on 
conducting the reassessment stage every six month, then 
the mentioned period for such identifications should be 
recurred every six months.

Consideration 2. The risks that are of low criticality 
(i.e. track-list risks) need to be reassessed periodically to 
be ensured regarding the fact that their magnitudes have 
not changed. However, the timespan for conducting the 
reassessment of the pertinent risks is less frequent as com-
pared to the riskier risks (i.e. the risks to be mitigated). 

Consideration 3. The risks needed to be mitigated 
(i.e. the risks which have medium, highly, or very highly 
magnitude) should be reassessed in order to be ensured 
regarding the fact that their magnitudes have decreased 
to the threshold level (i.e. low boundary). If the relative 
magnitude in the reassessment has not decreased to the 
satisfactory level, then the respective risks should go to 
the risk mitigation stage again. Otherwise, they need to 
be tracked periodically as discussed above. Notably, the 
reassessment of the critical risks to be mitigated needs to 
be conducted more frequently as against the low-criticality 
risks.

2. Case study

In this section, a real-life case study to show the practica-
bility of the developed RAM is considered. The selected 
case study is a medium-sized company performing the 
services related to the maintenance of the lifts in Hong 
Kong. In view of anonymity reasons, the mentioned com-
pany’s profile is not revealed. With this in mind, all the 
steps involved in the developed RAM are applied to the 
selected real-life case study henceforth.

2.1. Risk identification stage

As mentioned earlier, the first stage of risk assessment is 
the identification of the risks that may threaten the work-
ers. As such, in order to identify all the critical risks re-
lated to the involved lift maintenance workers, a compre-
hensive literature review (Lee & Lim, 2014; Mohandes & 
Zhang, 2019; Zarikas et al., 2013) along with interviewing 
the relevant experienced experts were conducted. It was 
observed that the crucial risks endangering the involved 
lift maintenance workers are as follows: electrocution (S1), 
fire (S2), trapping (S3), fall from height (S4), struck (S5), 
back injury (S6), tendinitis (S7), neck injury (S8), derma-
titis (S9), scald (S10), eye injury (S11). 
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2.2. Risk assessment stage

Following the identification of the critical risks, they are 
needed to be assessed in terms of their criticalities. Hence, 
the step-by-step application of the developed RAM to the 
chosen case study is followed henceforth. It is notable 
to mention that in order to conduct the risk assessment 
stage, three experts of the mentioned company were se-
lected, who had more than 15 years of working experi-
ence with respect to the safety of the workers performing 
the required maintenance services (see Table 3). Accord-
ing to the studies conducted by Yazdi (2018) and Abdel-
Basset et al. (2019), the limited numbers of experts used 
in MCDM-based methods (such AHP, ANP, or TOPSIS) 
should be three, and as such, the size of panel members for 
the current study is prudent enough. Additionally, Zhang 
et al. (2019) and Ren et al. (2017) asserted that when FIS 
has been integrated with MCDM methods, a size of panel 
consisting of three experts (decision makers) is enough to 
validate the applicability of any developed models, which 
results from a significant decrease in the involved decision 
makers’ subjectivity. 

Table 3. Experts’ profile

Expert’s 
NO

Area of specialization 
(degree) Years of experience

1 Civil Engineering 
(Undergrad) Between 15 and 20

2 Civil Engineering 
(Undergrad) Between 15 and 20

3 Construction Management 
(PhD) More than 20

2.2.1. The exploitation of FBWM 

As shown in Figure 1, the FBWM is used in this study to 
assess the importance of the two essential risk parameters. 
The selected experienced experts were asked to make a 
fuzzy-reference-based comparison between the impor-
tance of probability and severity in the area of construc-
tion safety risk assessment. Table 4 shows the comparison 
made by the invited experts, including the computation of 
the relative weights and the aggregated weights. To aid the 
readers’ understanding regarding the computation process 
of the FBWM exploitation, a sample questionnaire along 
with the relative computational processes are elaborated in 
the Appendixes A and B, respectively.

2.2.2. The exploitation of IVFTOPSIS

The relative experts were asked to determine the prob-
ability and severity of the identified risks using IVTFNs 
(Step 1), which is followed by the calculation of the aggre-
gated weights of the identified risks (Step 2). Appendix C 
summarizes the comparisons made by one of the relative 
experts. Table 5 shows all the assessment made by the in-
vited three experts for both probability and severity. Then, 
based on the steps 3 and 4 of the proposed IVFTOPSIS, 
the normalized fuzzy decision matrix together with the 
weighted normalized fuzzy decision matrix were calculat-
ed (see Table 6). Following this, in order to obtain the final 
ranking of the identified risks, steps 5–8 were conducted 
(see Table 7). Based on the obtained final ranking of the 
risks, the orders of the assessed risks regarding their criti-
cality level can be set out as follows; S3 > S4 > S6 > S1 > 
S5 > S2 > S11 > S8 > S7 > S9 = S10. 

Table 4. Comparisons of the importance of two risk parameters 

Expert NO E1 E2 E3
(The chosen more important parameter, the extent of importance) (S, M) (S, W) (S, W)
Computed weights [S,P] [0.6641,0.3358] [0.4994,0.5005] [0.4994,0.5005]
Wagg [S,P] [0.5543,0.4456]

Table 5. Evaluations of the risks with respect to the two risk parameters 

Risks
Probability Severity

E1 E2 E3  aggx E1 E2 E3  aggx

S1 VL VL ML [(0.00,0.83);1.67;(3.17,4.17)] VH EH VH [(6.50,8.17,9.33,9.67,10.00)]
S2 EL EL VL [(0.00,0.17,0.33,1.50,2.17)] VH EH VH [(6.50,8.17,9.33,9.67,10.00)]
S3 MH VH VH [(5.17,6.83,8.33,9.00,9.83)] MH MH MH [(4.50,5.50,7.00,8.00,9.50)]
S4 ML M M [(1.67,2.83,4.33,5.83,6.83)] VH EH EH [(6.50,8.17,9.33,9.67,10.00)]
S5 MH VH MH [(4.83,6.17,7.67,8.50,9.67)] ML VL M [(0.83,1.83,3.00,4.50,5.50)]
S6 VH VH VH [(5.50,7.50,9.00,9.50,10.00)] ML M M [(1.67,2.83,4.33,5.83,6.83)]
S7 ML ML EL [(0.00,1.00,2.00,3.33,4.17)] VL ML VL [(0.00,0.83,1.67,3.17,4.17)]
S8 MH M VL [(2.33,3.17,4.33,5.67,6.83)] VL ML VL [(0.00,0.83,1.67,3.17,4.17)]
S9 VL VL VL [(0.00,0.50,1.00,2.50,3.50)] VL ML VL [(0.00,0.83,1.67,3.17,4.17)]

S10 VL VL VL [(0.00,0.50,1.00,2.50,3.50)] VL ML VL [(0.00,0.83,1.67,3.17,4.17)]
S11 ML ML VL [(0.00,1.17,2.33,3.83,4.83)] M MH MH [(3.83,4.83,6.33,7.50,8.83)]
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2.3. Risk evaluation stage

As explained previously in the methodology section, after 
computing the final relative weights to the risks ( * iRC  ), 
they need to be set out in the range of 1 to 25 using lin-

ear interpolation technique. Table 8 illustrates the newly-
calculated weights related to all the risks along with the 
proposed evaluation strategies appertaining to them.

Table 6. Normalized fuzzy decision matrix and weighted normalized fuzzy decision matrix 

Risk
Normalized fuzzy decision matrix Weighted normalized fuzzy decision matrix 

Probability Severity Probability Severity

S1 [(0.00,0.08);0.17;(0.32,0.42)] [(0.65,0.82);0.93;(0.97,1.00)] [(0.00,0.04),0.07;(0.14,0.19)] [(0.36,0.45);0.52;(0.54,0.55)]

S2 [(0.00,0.02);0.03;(0.15,0.22)] [(0.65,0.82);0.93;(0.97,1.00)] [(0.00,0.01);0.01;(0.07,0.10)] [(0.36,0.45);0.52;(0.54,0.55)]

S3 [(0.52,0.68);0.83;(0.90,0.98)] [(0.45,0.55);0.70;(0.80,0.95)] [(0.23,0.30);0.37;(0.40,0.44)] [(0.25,0.30);0.39;(0.44,0.53)]

S4 [(0.17,0.28);0.43;(0.58,0.68)] [(0.65,0.82);0.93;(0.97,1.00)] [(0.07,0.13);0.19;(0.26,0.30)] [(0.36,0.45);0.52;(0.54,0.55)]

S5 [(0.48,0.62);0.77;(0.85,0.97)] [(0.08,0.18);0.30;(0.45,0.55)] [(0.22,0.27);0.34;(0.38,0.43)] [(0.05,0.10);0.17;(0.25,0.30)]

S6 [(0.55,0.75);0.90;(0.95,1.00)] [(0.17,0.28);0.43;(0.58,0.68)] [(0.25,0.33);0.40;(0.42,0.45)] [(0.09,0.16);0.24;(0.32,0.38)]

S7 [(0.00,0.10);0.20;(0.33,0.42)] [(0.00,0.08);0.17;(0.32,0.42)] [(0.00,0.04);0.09;(0.15,0.19)] [(0.00,0.05);0.09;(0.18,0.23)]

S8 [(0.23,0.32);0.43;(0.57,0.68)] [(0.00,0.08);0.17;(0.32,0.42)] [(0.10,0.14);0.19;(0.25,0.30)] [(0.00,0.05);0.09;(0.18,0.23)]

S9 [(0.00,0.05);0.10;(0.25,0.35)] [(0.00,0.08);0.17;(0.32,0.42)] [(0.00,0.02);0.04;(0.11,0.16)] [(0.00,0.05);0.09;(0.18,0.23)]

S10 [(0.00,0.05);0.10;(0.25,0.35)] [(0.00,0.08);0.17;(0.32,0.42)] [(0.00,0.02);0.04;(0.11,0.16)] [(0.00,0.05);0.09;(0.18,0.23)]

S11 [(0.00,0.12);0.23;(0.38,0.48)] [(0.38,0.48);0.63;(0.75,0.88)] [(0.00,0.05);0.10;(0.17,0.22)] [(0.21,0.27);0.35;(0.42,0.49)]

Table 7. Final ranking of the risk factors

Risk  
1 2[ , ]i iD D+ +  

2 1[ , ]i iD D− −
 1RC  2RC  

*
iRC Ranking

S1 [2.12,2.12] [0.95,0.99] 0.3095 0.3180 0.3137 4
S2 [2.21,2.21] [0.86,0.88] 0.2793 0.2857 0.2825 6
S3 [1.84,1.88] [1.19,1.26] 0.3879 0.4063 0.3971 1
S4 [1.95,1.95] [1.12,1.15] 0.3656 0.3714 0.3685 2
S5 [2.20,2.23] [0.84,0.91] 0.2732 0.2932 0.2832 5
S6 [2.04,2.04] [1.03,1.07] 0.3345 0.3438 0.3391 3
S7 [2.67,2.71] [0.38,0.45] 0.1217 0.1453 0.1335 9
S8 [2.51,2.55] [0.53,0.61] 0.1716 0.1968 0.1842 8
S9 [2.72,2.77] [0.32,0.41] 0.1039 0.1312 0.1176 10

S10 [2.72,2.77] [0.32,0.41] 0.1039 0.1312 0.1176 10
S11 [2.27,2.31] [0.77,0.85] 0.2496 0.2737 0.2617 7

Table 8. Proposed evaluations with respect to the analysed risks using interpolation technique

Risk  *
iRC New weights Criticality level Evaluation strategy

S1 0.3137 17.83 Very high Should go to mitigation stage
S2 0.2825 15.15 High Should go to mitigation stage
S3 0.3971 25 Very high Should go to mitigation stage
S4 0.3685 22.54 Very high Should go to mitigation stage
S5 0.2832 15.21 High Should go to mitigation stage
S6 0.3391 20.01 Very high Should go to mitigation stage
S7 0.1335 2.36 Low Should be tracked periodically
S8 0.1842 6.71 Medium Should go to mitigation stage
S9 0.1176 1 Low Should be tracked periodically

S10 0.1176 1 Low Should be tracked periodically
S11 0.2617 13.37 High Should go to mitigation stage
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2.4. Comparative analysis

In this sub-section, the results produced by the developed 
RAM are compared as against the observations from con-
ducting the practical risk assessment approach using tra-
ditional risk matrix. To do so, the involved experts in the 
study were asked to assign any numbers within the range 
of [1,5] (as proposed in the traditional risk matrix (Bay-
butt, 2018)) to the probability and severity of the identi-
fied risks. Table 9 illustrates the responses of the experts, 
the aggregated magnitude obtained from all the experts’ 
analyses, and the location of the analysed risks on the 
common risk matrix. Figure 3 also illustrates the obtained 
rankings of the analysed risks from the application of two 
methods.

Table 9. The results of practical risk assessment approach

Risks
P S Aggregated 

magnitude
Criticality 

levelE1 E2 E3 E1 E2 E3
S1 2 2 3 4 5 4 10.11 High
S2 1 1 2 4 5 4 5.77 Medium
S3 3 5 5 3 3 3 13 High
S4 2 3 3 4 5 5 12.44 High
S5 3 4 3 2 4 3 10 Medium
S6 4 4 4 2 3 3 10.66 High
S7 2 2 1 2 2 2 3.33 Low
S8 2 3 1 2 2 2 4 Low
S9 2 2 2 2 2 2 4 Low

S10 2 2 2 2 2 2 4 Low
S11 2 2 2 3 3 3 6 Medium

4. Discussion

Due to the fact that the traditional-based risk matrix ap-
proach is tangled with major shortcomings as mentioned 
previously, the current study develops RAM for overcom-
ing the afore-mentioned problems. To do so, FBWM and 
IVFTOPSIS with the aim of obtaining a precise final rank-
ing of the risks are coupled with each other. To show the 
practicability of the developed RAM, the case of workers 
involved in maintaining lifts was taken into consideration.

As regards the calculation of the importance of the two 
risk parameters in the area of construction safety risk as-
sessment using FBWM, severity was believed to be more 
precarious than probability to endanger the lives of the 
involved workers (see Table 4). On the other hand, it was 
shown that trapping (S3), fall from height (S4), back inju-
ry (S6), and electrocution (S1) made up the bulk of whole 
weights, and as such, the concerned safety experts need to 
give special consideration to control the mentioned risks 
at the next stage (see Table 7). It is also found out that 
struck by falling objects (S5), fire (S2), eye injury (S11), 
tension neck syndrome (S8), and tendinitis (S7) ranked 
from the fifth to the ninth place, respectively. By contrast, 
dermatitis (S9) and scald (S10) were perceived to be the 

least critical risks, which require less attention to be paid 
upon than the others. The application of the developed 
model to the chosen case study shows clearly the ranking 
of the identified risks in order of criticality, providing the 
concerned safety experts with the hindsight to give prior-
ity for the mitigation of those ranked at the top of the 
list. For instance, in the chosen case study, the priority for 
mitigation needs to be given to trapping (S3), followed by 
fall from height (S4), back injury (S6), electrocution (S1), 
struck by falling objects (S5), fire (S2), eye injury (S11), 
tension neck syndrome (S8), tendinitis (S7), dermatitis 
(S9) and scald (S10). 

Based on the comparisons made between the results 
produced by the application of RAM and conventional 
approach (see Figure 3), it can clearly be seen that the 
traditional risk matrix approach cannot bring about accu-
rate rankings of the analysed risks. In other words, some 
of the risks with different levels of criticality are plotted in 
the same region, which in turn impairs the perceptions of 
the concerned safety professionals in adopting the fruitful 
mitigation actions in risk management. For instance, the 
risks S2 and S5 were regarded as medium using traditional 
risk matrix approach, although the criticalities regarding 
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Figure 3. Analysis of the risks ranking with regard to final 
weights obtained from: (a) traditional risk matrix approach,  

(b) RAM approach
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these risks were high using the developed RAM. This indi-
cates that the developed RAM is stricter than the conven-
tional risk matrix assessment towards the classifications 
of the analysed risks, culminating in more circumspect 
decisions. The obtained rankings and classifications from 
the application of the RAM to the chosen case study are 
in line with the studies conducted by Lee and Lim (2014), 
McCann (2013), Mohandes and Zhang (2019), Zarikas 
et al. (2013), in which S1, S3, S4, and S6 were concluded as 
the most critical risks that endangered the lives of workers 
involved in maintaining lifts. All in all, the fallacy of the 
practical risk-matrix-based approach is due to the follow-
ing reasons:

1) Traditional risk matrix cannot differentiate the 
importance of the two essential risk parameters 
in assessing the respective risks related to the con-
struction workers. That is to say, the severity and 
probability parameters are viewed with the same 
level of importance, which leads to distorting the 
obtainment of prudent analyses (e.g. a risk with the 
probability and severity values of 2 and 3 respec-
tively has the same magnitude with a risk whose 
assigned probability and severity values are 3 and 
2 respectively); 

2) The ratings used in the traditional risk matrix can-
not overcome the human’s subjectivity in assessing 
the related risks to the construction workers, since 
the safety analysts should use only raw numbers;

3) Due to the limited range of the classifications used 
for analysing risks in the common risk matrix ap-
proach, the analysed risks could not be properly 
classified based on their criticalities. In other words, 
the respective safety analyst in assigning a value to 
the probability or severity of the risk has solely 5 
ranges of classifications (i.e. very low, low, medium, 
high, very high (Baybutt, 2018)). Consequently, this 
limitation leads to the fact that some risks, which 
have different magnitude, are plotted in the same 
location on the final risk matrix. Ultimately, this 
fact culminates in impairing the proposal of suitable 
mitigation actions in the subsequent step. 

Conclusions

In this study, a novel risk assessment model is developed 
to overcome the incompletion and uncertainty existing in 
the practical risk assessment approach using traditional 
risk matrix, including the overlooking the importance of 
the two essential risk parameters, inability to deal with the 
safety analysts’ subjectivity, and curbed range of classifica-
tions. To this end, the FIS is integrated with two MCDM 
methods to systematically obtain a precise final ranking 
of the risks threatening the involved workers’ lives. As 
the first part of the developed model, the FBWM is used 
to calculate the importance weights of the two risk pa-
rameters, which are used as the inputs to the proposed 
IVFTOPSIS. Through the proposed IVFTOPSIS, final 
rankings of the risks can be obtained. Finally, some rules 

along with a number of considerations are proposed for 
dealing with the analysed risks in the step of evaluation. 
With a view to showing the practicability of the integrated 
RAM, the case of workers involved in the maintenance-
related activities to the lifts was chosen. Based on the ap-
plication of the developed assessment model to the chosen 
case study, it is observed that the developed RAM contrib-
utes to the body of construction safety risk assessment in 
five ways as follows:

1) The importance of the two essential risk parameters, 
i.e. probability and severity, can precisely be com-
puted using fuzzy-reference-based comparisons;

2) There is no need for obtaining statistical data that 
are mostly associated with uncertainty and incom-
pletion;

3) The identified risks can systematically be prioritized 
using the combination of interval-valued triangular 
fuzzy numbers and TOPSIS approach; 

4) Providing the safety analysts with wider ranges of 
classifications for conducting risk assessment step 
related to the construction workers using 7-fuzzy-
based linguistic scales; and

5) Providing the concerned safety professionals with 
prudent evaluation strategies to control the ana-
lysed risks in order of criticality in the next step.

The developed model in the study can be applied to 
any project that gives the required hindsight to the safety 
experts to take the further prudent mitigation measure-
ments, improving the involved workers’ safety and health. 
As explained extensively, the developed model in the study 
leads to the provisions of more sparse and lucid ranking 
of the analysed risks, which is in striking contrast with 
the traditional-based-risk-matrix approach. The resultant 
diversified ranking improves the adoption of further miti-
gation measures, improving the workers’ safety and health. 
The future research can be conducted towards the integra-
tion of the other MCDM methods with FIS, and accord-
ingly the produced results can be compared as against the 
results of the assessment model developed in the current 
study. In addition to that, newly-developed FISs can be 
used as an extension to the TFNs used in the current study 
(such as Interval-valued fuzzy sets, Pythagorean fuzzy 
sets, Intuitionistic fuzzy sets, etc.), and subsequently the 
results could be compared to those if this study. Moreover, 
the future studies can focus on extending the dimensions 
of the traditional risk matrix. Moreover, software or mo-
bile application to support huge amount of mathematical 
operations could be another stream for conducting the 
future research.

Finally, this study used three experts for the validation 
of the developed assessment model, due to unavailabil-
ity or reluctance of more experts for involving in the re-
search. Although the practicability of the developed model 
in the study was shown using a panel of three experts, it 
is needed to apply the developed model to different case 
studies to be ensured regarding its efficacy in identifying, 
assessing, and evaluating the risks using different sizes of 
panel members. 
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APPENDIX

A. Designed questionnaire for FBWM 

Considering the calculation of the importance weights of 
the two risk parameters (i.e. probability and severity), se-
lect the MORE IMPORTANT parameter compared to the 
other one in the area of construction safety risk assessment 
(fill in the row highlighted in orange). Afterwards, you 
need to define the extent of the importance of the chosen 
MORE IMPORTANT parameter as against the other one 
using fuzzy variables (fill in the boxes highlighted in blue).

The MORE IMPORTANT parameter Probability Severity

Severity M E

B. Calculating the importance weights  
of probability and severity using FBWM 

Regarding one of the experts’ responses as illustrated in 
the previous Appendix, the computational steps required 
for calculating the importance weights of two risk param-
eters using FBWM are explained hereinafter.
Step 1. B = Severity (S), and W = Probability (P); 
Step 2. BWa M= ; 
Step 3. Based on the first and second step, we can achieve 
the following constrained optimization model:

min *ξ
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Replacing ( ), ,w w w
B S S Sw l m u=  and ( ), ,w w w

W P P Pw l m u=  
by ( )1 1 1 1, ,w l m u=  and ( )2 2 2 2, ,w l m u=  respectively, we 
can obtain the below-mentioned model demonstrated by 
concrete numbers.
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Considering the above-mentioned model, we 
have *

1  w  and *
2w  as ( )0.5854,  0.6626,  0.7489  and 

( )0.2995,  0.3313,  0.3903 , respectively. Afterwards, the 
crisp weights of the importance of probability and sever-
ity using GMIR can be obtained as follows; *

1  0.6641w =  
and *

2 0.3358w = . 

C. The sample questionnaire of IVFTOPSIS 
(evaluating the probability of risk factors)

Considering the obtainment of the risks ranking, evaluate 
the listed risk factors with respect to the two risk param-
eters (i.e. probability and severity). In other words, you 
are asked to define the extent of occurrence (i.e. probabil-
ity) and the extent of the criticality (i.e. severity) of all the 
listed risk factors using linguistic variables (fill the boxes 
highlighted in blue).

Factors Probability Severity

Electrocution VLP VHP
Fire ELP VHP
Trapping MHP MHP
Fall from height MLP VHP
Struck MHP MLP
Back injury VHP MLP
Tendinitis MLP VLP
Neck injury MHP VLP
Dermatitis VLP VLP
Scald VLP VLP
Eye injury MLP MP


