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Abstract: In order to effectively prevent the occurrence of risky accidents during bridge construction,
this study proposes a bridge construction risk assessment method based on variable weight theory
and the cloud model theory. Firstly, the fishbone diagram was used to identify risk factors in
constructing a bridge construction risk index system. Secondly, according to the cloud model theory,
the comment cloud model of each risk index was established by using the forward cloud generator.
Finally, the risk factor weights were quantified according to the intuitionistic fuzzy analytic hierarchy
process (IFAHP). Combined with the variable weight theory, a zoning variable weight function was
constructed and the weights were reallocated. Through the mutual aggregation of the comment cloud
model and weights, the risk level of construction bridges was obtained. The method takes full account
of the fuzziness and randomness existing in the evaluation process, optimizes the distribution of
weight values of indicators, and uses Delphi iteration to effectively eliminate the subjective defects
of individuals. A construction bridge in Changchun was used as an example for risk assessment,
and the advance of the method was well verified. The results demonstrate that the method is highly
feasible and effective after accuracy verification and sensitivity analysis.

Keywords: risk assessment; bridge construction; cloud model; intuitionistic fuzzy analytic hierarchy
process; variable weight theory

1. Introduction

The bridge construction process is characterized by a long construction period, many
construction personnel, complex construction environment, etc., creating a series of danger-
ous factors and making it very easy to cause dangerous accidents. Once a risky accident
occurs during the construction process, it will cause not only delays and property losses but
also serious risk loss such as casualties. On 13 August 2007, a significant collapse occurred
at the Tixi Tuojiang Bridge under construction in Fenghuang County, Hunan Province,
resulting in 64 deaths and 22 injuries. On 3 July 2014, an overpass under construction
collapsed in Belo Horizonte, Brazil, resulting in two deaths and 22 injuries. On 9 July of the
same year, an accident occurred on the Montgomery Highway overpass under construction,
resulting in the death of two workers on the spot. On 31 March 2016, an overpass bridge
under construction in Kolkata, India, collapsed, resulting in 27 people’s deaths and injuring
at least 80 others. On 9 April 2021, the Lingang Railway Bridge in Tianjin collapsed during
construction, killing eight workers and injuring six others. In India, two accidents on
bridges under construction occurred in August 2023 alone, resulting in the death of at
least 46 workers. Therefore, it is necessary to carry out a whole set of risk assessment
for bridges under construction. This involves determining the composition of risk factors
during bridge construction, obtaining the risk level using reasonable methods, and finally
proposing corresponding measures to avoid risky accidents.

In order to effectively prevent risky accidents, many risk assessment methods were
proposed. Mortazavi et al. [1] conducted a questionnaire survey of experts on bridge

Buildings 2024, 14, 576. https://doi.org/10.3390/buildings14030576 https://www.mdpi.com/journal/buildings

https://doi.org/10.3390/buildings14030576
https://doi.org/10.3390/buildings14030576
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/buildings
https://www.mdpi.com
https://doi.org/10.3390/buildings14030576
https://www.mdpi.com/journal/buildings
https://www.mdpi.com/article/10.3390/buildings14030576?type=check_update&version=2


Buildings 2024, 14, 576 2 of 22

construction risks to rank their importance and finally determined the impact of higher risk
indicators on bridge construction using Monte Carlo simulation. Nieto-Morote et al. [2]
proposed a risk assessment method based on fuzzy theory–analytic hierarchy process
(AHP) and applied it to bridge construction. Andric and Lu [3] combined the fuzzy analytic
hierarchy process with fuzzy logic to develop a basic framework for bridge risk assessment.
They showed that the model could effectively implement bridge risk assessment. Kim
et al. [4] proposed a risk assessment method of bridge construction combining an entropy
method and topology theory, and they used it to develop appropriate risk prevention mea-
sures. Wang and Niu [5] proposed an assessment method based on an improved analytic
network process and trapezoidal membership fuzzy comprehensive evaluation model,
which had the advantages of accuracy and applicability and could solve the problems
of incomplete information and data fluctuation. Peng [6] introduced the Delphi iterative
method into the cloud computing model, which largely eliminated the dispersion of expert
comments and ensured the accuracy of risk assessment. Liang et al. [7] constructed a risk
evaluation model by combining the entropy weight method with the cloud model. This
study used a fault tree to identify risk factors and constructed a risk indicator system. Li
et al. [8] proposed a dynamic risk analysis method based on Bayesian networks. Li et al. [9]
used the cloud entropy weight method to establish a risk evaluation model for highway
bridge construction and combined the cloud model to evaluate the risk level of bridge
construction. Ji et al. [10] used WBS-RBS to establish an evaluation index system and
introduced the Delphi method to improve FAHP to assess the construction safety risk of
large and complex bridges. He et al. [11] introduced the validation factor analysis into the
fuzzy theory, proposed a new bridge risk assessment model, and applied it to a real project
to verify the validity of the model. The research methodology of the relevant literature is
summarized using Table 1.

Table 1. Summary of research methods.

Literature Risk Analysis Methods Uncertainty Expression Methods Weight Determination Methods

Liang et al. [7] Fault Tree Analysis (FTA) Cloud model (CM) Entropy weight method
Dawood et al. [12] Risk index system Fuzzy set theory -
Wang and Niu [5] Risk index system Fuzzy set theory ANP

Wang et al. [13] Risk index system Fuzzy set theory AHP
Badida et al. [14] Fault Tree Analysis (FTA) Fuzzy set theory -
Huang et al. [15] Risk index system Cloud model (CM) AHP

Li et al. [16] Risk index system - Decision-making trial
and Evaluation

Wang et al. [17] Risk index system Cloud model (CM) AHP, Entropy weight method

From the above studies, the following can be seen: (1) All of the above studies have
adopted the theory of fixed weights in the assessment process, like AHP, in which the
weights of the indicators always remain the same no matter how the values of their at-
tributes change. This means that if an indicator is very risky but its weight is small, the
expressive power of this particular indicator will be suppressed, leading to unscientific re-
sults. (2) In expressing uncertainty in the assessment process, most studies have used fuzzy
set theories such as triangular fuzzy numbers, which utilize a certain interval to express
part of the uncertainty (fuzziness) in the assessment process but ignore its randomness.
(3) In determining the weights, all the above studies use the method of introducing the
membership function, such as AHP, to describe the uncertainty in the decision-making
process. In this process, the membership function is only a single-valued function, which
can only show the support or opposition of the experts to the evaluation of the indicators
but cannot reflect the hesitation characteristics of the experts.

To solve the above problems, this paper proposes a new method for risk assessment by
combining variable weight theory and the cloud model. The fishbone diagram is applied to
identify the risk factors and to establish a risk index system in this way. The cloud model is
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used to accurately translate the expert comments into indicator evaluation values. IFAHP
is applied to quantify the weight values of evaluation indicators, and the variable weight
theory is used to optimize their weight value distribution. The method utilizes the random
point set of the cloud model instead of the traditional membership function, expressing the
fuzziness and randomness of the expert comments. IFAHP is applied to accurately describe
the experts’ support, opposition, and hesitation for the evaluation of the indicators. The
Delphi iterative method is used to eliminate the subjective influence of individuals, and the
variable weight theory is used to emphasize indicators with a high degree of risk to obtain
more scientific results. Finally, a construction bridge in Changchun, China, is taken as an
example to derive its risk level and the important risk factors affecting the construction risk
of this bridge, providing a scientific and effective risk assessment method for the bridge
construction risk problem.

The remainder of this paper is structured as follows: Section 2 describes in detail the
theory applied in this study. Section 3 presents the specific steps of the proposed bridge
construction risk assessment method. Section 4 applies the method to conduct a study on
engineering examples. Section 5 performs accuracy verification and sensitivity analysis
on the results of the proposed method to verify its reasonableness. The last section is the
conclusion of the paper.

2. Research Theory
2.1. Variable Weight Theory

Let us start with an example [18]. Suppose we want to open a restaurant in China and
need to choose what restaurant to open based on feasibility and necessity. Then, we define
feasibility as X1 and necessity as X2, and open a Chinese restaurant as option A and open a
Western restaurant as option B. Assuming that feasibility and necessity have equal weights,
the selection function should be V = 0.5X1 + 0.5X2. There are many Chinese restaurants
in China but relatively few Western restaurants. Therefore, in terms of feasibility and
necessity, option A: X1 = 8, X2 = 2, option B: X1 = 5, X2 = 5, then VA = VB = 5. This is
clearly contrary to common sense because opening a Chinese restaurant (option A) has a
low necessity and is generally not selected. The reason for this is that after the applied fixed
weight calculation method assigns weights to the indicators, their weights do not change in
the following process, thus suppressing the expressiveness of some special but potentially
crucial indicators. In the actual risk assessment process, if the weight of an indicator is
small but its level of risk is high, the importance of the indicator is often neutralized,
leading to an overly optimistic result in the final assessment. The theory of variable weights
interconnects the weight vector and the state vector. The rationalization of the weight
assignment is achieved by dynamic adjustment of the state vector S. The following is the
definition of the variable weight model [19]:

Definition 1: W : (0, 1)m → (0, 1), W = (w1, w2, . . . , wm) , where wi(i = 1, 2, . . . , m) is
the variable weight of each factor and satisfies the normalization, continuity, and monotonic-
ity conditions.

Definition 2: S : (0, 1)m → (0, 1), S = (s1, s2, . . . , sm) , where si(i = 1, 2, . . . , m) is the state
variable weight of each factor, and the following conditions are satisfied:

(1) Let 0 ≤ γ ≤ 1, if 0 < xi ≤ γ, then wi(x) is monotonically decreasing. If γ ≤ xi ≤ 1, then
wi(x) is monotonically increasing.

(2) Let 0 ≤ α ≤ β ≤ 1, if 0 < xj ≤ α, then sj(x) is monotonically decreasing. If β ≤ xj ≤ 1,
then sj(x) is monotonically increasing and sj(x) satisfies the continuity condition.

(3) For any fixed weight vector W(0) = (w1
(0), w2

(0), . . . , wm
(0)), Equation (1) is satisfied.

W(x) =
w1

(0)Si(x)
m
∑

i=1
w1

(0)Si(x)
(1)
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In this study, the state variation weight function [19] is defined by the penalty-incentive
type variation weight theory, as shown in Equation (2). When the score of an indicator is
too low (too high risk), the function will increase its impact on the bridge construction risk
by appropriately increasing the weight of that indicator. Thus, the overall construction eval-
uation score is reduced. Conversely, when the indicator data show no risk, the evaluation
score is increased appropriately. This plays the effect of “punishment” and “incentive”.

Si(x) =



Mµ ln µ
xi
+ K 0 < xi ≤ µ

K µ < xi ≤ λ

K + c2−c1
2(β−α)(α−λ)

(1 − λ − xi)
2 λ < xi ≤ α

− c2−c1
β−α (1 − xi) +

c2(1−α)−c1(1−β)
β−α α < xi ≤ β

c2−c1
β−α (1 − β) ln 1−β

1−xi
+ c2 β < xi ≤ 1

(2)

where x is the indicator score value, Si(x) is the state variable weight vector, µ, λ, α and β
are the interval thresholds, and c1, c2, K, M are empirically determined constants.

2.2. Cloud Model

The cloud model is an uncertainty cognitive model based on probability and fuzzy
sets proposed by Li et al. [20]. It is defined as let U be a quantitative domain, and let T be
a qualitative concept of U. Suppose x is a random realization of T and x ∈ U; then, the
membership function µ(x) is represented by.

µ : U → [0, 1] ∀x ∈ U → µ(x) (3)

Then, the membership function µ(x) is called the cloud model, and (x, µ(x)) is called
the cloud droplet, as shown in Figure 1. The cloud model can be portrayed by the numerical
characteristics (Ex, En, He). Expectation (Ex) is the mathematical expectation of the cloud
model in space and is the most representative feature. Entropy (En) is the main parameter
reflecting the randomness of the qualitative concept. The hyper entropy (He) represents the
degree of dispersion between cloud droplets. The image meanings of Ex, En, and He are all
available in Figure 1.
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The forward cloud generator can determine three numerical features based on interval
boundary values and draw a visual cloud model. For the interval [Cimin, Cimax], the
numerical features are calculated using Equations (4)–(6), and Equation (7) generates the
cloud drops.

Exi =
Cimax + Cimin

2
(4)

Eni =
Exi+1 − Exi

3
(5)

He = k (6)

µC(x) = e
− (xi−Ex)2

2(Eni)
2 (7)

where He is taken as a constant of 0.05 to ensure the cloud model dispersity is in a control-
lable range [21].

In practical assessments, traditional risk assessment methods often translate expert
opinion into a precise number. However, this can lead to results that are skewed from
reality. This is because expert comments are inherently subjective, and their expression
is often full of uncertainty. For example, if an expert’s risk rating for Indicator A is 6, the
hidden meaning is that the expert’s rating for Indicator A is equally biased toward 5.9. The
difference is that the expert is 100% biased toward a score of 6 and 98% biased toward a
score of 5.9. Therefore, this study applies the cloud model, a probability distribution model,
to fully express the uncertainty contained in the experts’ comments. Its specific application
in the evaluation system of this paper is to quantify the experts’ evaluation of the indicator
(e.g., good, very good, etc.) into numerical intervals. Then, it is fuzzed by the forward
cloud generator and transformed into a cloud model of experts’ comments on the index.
Thus, the accuracy of experts’ opinions in the evaluation model is ensured.

2.3. IFAHP

The traditional analytic hierarchy process (AHP) is a method to make priority ranking
for complex systems that are difficult to fully quantify. However, it quantifies expert
comments as an exact number and ignores the uncertainty of expert comments. The fuzzy
analytic hierarchy process (FAHP), as an extension of AHP, describes the uncertainty in
the decision-making process by introducing the membership function. However, since
the membership function is only a single-valued function, it cannot accurately describe
the support, opposition, and hesitation of experts on the evaluation of indexes [22]. For
example, in the actual evaluation process, the experts are unable to clearly express how
much better the index is than the other indexes. Thus, they show hesitation in the process
of determining the priority ranking. To address this point, Atanassov K [23] extended
FAHP to IFAHP by introducing the membership function, non-membership function, and
hesitancy degree to describe the above-mentioned characteristics more comprehensively.
The definition of IFAHP axiomatization is as follows [24].

Let K be a fixed set and the intuitionistic fuzzy set A ⊂ K; then, A can be expressed in
the following form.

A = {(x, µA(x), vA(x))|x ∈ K} (8)

where µA(x) : K → [0, 1] and vA(x) : K → [0, 1] are the membership degree and non-
membership degree of element x ∈ K to set A, respectively. Let πA(x) = 1− µA(x)− vA(x)
and πA(x) ∈ [0, 1], where πA(x) is the degree of uncertainty about the membership degree
and non-membership degree, that is, the hesitancy degree. When πA(x) = 0, IFAHP
degenerates to FAHP.

In the actual evaluation process, µA(x) and vA(x) indicate the degree of importance
of indicator i to j and the degree of importance of j to i, respectively. πA(x) represents the
uncertainty of the degree of importance of indicator i to j.
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3. Bridge Construction Risk Assessment Model

The specific steps of the bridge construction risk assessment method proposed in this
paper are shown in Figure 2. Firstly, risk factors are identified, and a risk index system
with a three-level hierarchy is established. Secondly, the comment cloud model of each
three-level indicator is obtained by the standard cloud model. The fixed weights of each
three-level indicator are obtained by IFAHP. The comment cloud model and fixed weights of
the three-level indicators are aggregated to generate the second-level indicators’ comment
cloud model. Finally, the fixed weights of the second-level indicators determined by IFAHP
are introduced into the variable weight theory to obtain the variable weights. These are
then aggregated with the comment cloud model of the second-level indicators to finally
determine the overall risk level of bridge construction.
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3.1. Establish Risk Index System

In the actual construction process, many factors cause risky accidents, and the causes
are more complex. In this paper, combined with accident causation theory, we use the
fishbone diagram analysis method to analyze the causes of bridge construction risks, as
shown in Figure 3. The specific drawing steps are as follows. (1) Write the risk problem to be
identified to the head of the fishbone. (2) List the major causes of the risk problem (fishbone
backbone). From the major cause, continue to dig deeper and deeper into the minor causes
(fishbone branches) and so on, layer by layer, until the root cause is analyzed. Based on the
causes of construction risks obtained from the above fishbone diagram analysis, the risk
index system is categorized and obtained as shown in Figure 4.
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3.2. Build Standard Cloud Model

In this paper, each risk indicator is a qualitative indicator, and it needs to be assessed
by experts to determine the evaluation value of the indicator. Therefore, the evaluation
standard needs to be transformed into a cloud model. The total evaluation score is 10 points,
which is averaged into five parts. The evaluation standards are set as very low risk I (0–2),
low risk II (2–4), medium risk III (4–6), high risk IV (6–8), and very high risk V (8–10). The
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standard cloud model numerical features are calculated according to Equations (4)–(6) and
cloud model theory [25], and the results are shown in Table 2 and Figure 5.

Table 2. Standard cloud model digital features.

Risk Level Risk Description Score Range Digital Features

I Very low risk (0–2) (1.5, 0.5, 0.05)
II Low risk (2–4) (3, 0.66, 0.05)
III Medium risk (4–6) (5, 0.66, 0.05)
IV High risk (6–8) (7, 0.66, 0.05)
V Very high risk (8–10) (8.5, 0.5, 0.05)
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3.3. Build Comment Cloud Model

To overcome the uncertainty problem of expert comments, this paper invites several
experts to evaluate each index, and a corresponding comment cloud model is built for each
review. The fuzziness and randomness of the expert comments are transformed into Ex, En,
and He of the cloud model. For example, if an expert rated an indicator as high risk, the
comment was transformed into the corresponding cloud model (7, 0.66, 0.05) according to
Table 2. However, since different experts may have different experiences, knowledge, and
personal preferences, they tend to express different subjective feelings in the same situation.
Therefore, it is necessary to assign different weights to expert members to reflect their
relative importance in the risk assessment process. In this paper, we refer to Liu et al. [26]
to describe the relative importance of expert members in terms of work experience and
positional title, as shown in Table 3.
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Table 3. Expert weight distribution.

Aspects Classification Score

Work experience

Under 5 years 1
5–14 years 2

15–19 years 3
Over 20 years 4

Positional title
Junior 2

Intermediate 3
Senior 4

The expert weights and the comment cloud model are aggregated by the cloud model
calculation rules of Wu et al. [27] to obtain the group evaluation cloud model. When
there is a serious deviation between individual evaluation and group evaluation, it indi-
cates that there is a non-negligible problem with the evaluation data. At this time, the
Delphi iteration method is applied to compare the group evaluation cloud model with
the individual evaluation cloud model. In this method, researchers find the cloud model
where the individual evaluation seriously deviates from the group evaluation and provide
feedback to the corresponding experts for adjustment until the evaluation results have no
obvious dispersion.

3.4. Calculate the Fixed Weight of Indexes

IFAHP is a decision analysis method combining the analytic hierarchy process and
intuitionistic fuzzy sets. It helps to quantify fuzzy concepts and determine the relative
importance degree among indicators. In this paper, in order to quantitatively reflect the
impact of relevant indicators on construction risk, IFAHP is used to calculate the fixed
weights of each indicator within the risk index system, and the steps to achieve this are
as follows.

Step 1: The experts compare the factors two by two in turn according to the relative
importance scale (Table 4), measure the relative importance of each index, and construct an
intuitionistic fuzzy judgment matrix [28], as shown in Equation (9).

R = (rij)n×n = (µij, vij)n×n =


(µ11, v11) (µ12, v12) · · · (µ1n, v1n)
(µ21, v21) (µ22, v22) · · · (µ2n, v2n)

...
...

. . .
...

(µn1, vn1) (µn2, vn2) · · · (µnn, vnn)

 (9)

where n is the number of indicators. µij and vij, respectively, represent the membership
degree and non-membership degree of elements, and in this paper, they represent the
relative importance of indicator i to j and j to i, which can be determined by Table 4, and
µij + vij ∈ [0, 1]. Define the hesitancy degree πij = 1 − µij − vij.

Table 4. Quantification of relative importance.

Scale Relative Relationship of Indexes

0.9 Index i is absolutely more important than j
0.8 Index i is largely more important than j
0.7 Index i is essentially more important than j
0.6 Index i is slightly more important than j
0.5 Index i is as important as j
0.4 Index j is slightly more important than i
0.3 Index j is essentially more important than i
0.2 Index j is largely more important than i
0.1 Index j is absolutely more important than i
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Step 2: The consistency check of the intuitionistic fuzzy judgment matrix is conducted,
and the consistency judgment matrix R = (rij)n×n = (µij, vij)n×n

is constructed according
to Xu and Liao [22]. The specific calculation is as follows.

(1) If j > i + 1, rij = (µij, vij).

µij =

j−i−1

√
j−1
∏

t=i+1
µitµtj

j−i−1

√
j−1
∏

t=i+1
µitµtj +

j−i−1

√
j−1
∏

t=i+1
(1 − µit)(1 − µtj)

(10)

vij =

j−i−1

√
j−1
∏

t=i+1
vitvtj

j−i−1

√
j−1
∏

t=i+1
vitvtj +

j−i−1

√
j−1
∏

t=i+1
(1 − vit)(1 − vtj)

(11)

(2) If j = i + 1 or j = i, rij = rij = (µij, vij).
(3) If j < i, rij = (vij, µij).

The measured distance d(R, R) between the matrix R and R is calculated according to
Xu and Liao [22] and compared with the consistency threshold of 0.1. When d(R, R) < 0.1,
the matrix R is considered to pass the consistency check.

d(R, R) =
1

2(n − 1)(n − 2)

n

∑
i=1

n

∑
j=1

(|µij − µij|+ |vij − vij|+ |πij − πij|) (12)

If d(R, R) > 0.1, it means the evaluation data deviates too much, and the original
matrix R needs to be corrected. A correction factor γ ∈ [0, 1] is introduced to make it pass
the consistency check. The corrected matrix R′ = (µ′

ij, v′ ij)n×n
is shown below.

µ′
ij =

(µij)
1−γ(µij)

γ

(µij)
1−γ(µij)

γ + (1 − µij)
1−γ(1 − µij)

γ
(13)

v′ ij =
(vij)

1−γ(vij)
γ

(vij)
1−γ(vij)

γ + (1 − vij)
1−γ(1 − vij)

γ
(14)

Step 3: Calculate the fixed weights. Based on the judgment matrix satisfying the
consistency check requirements, Li et al. [29] calculate the intuitionistic fuzzy weights ω̂i.

ω̂i = (µ̂i, v̂i) =


n
∑

i=1
µij

n
∑

i=1

n
∑

j=1
(1 − vij)

, 1 −

n
∑

i=1
(1 − vij)

n
∑

i=1

n
∑

j=1
uij

 (15)

Then, fixed weights are calculated in Equations (16) and (17).

C(i) = µ̂i + π̂i

(
µ̂i

µ̂i + v̂i

)
(16)

wi =
C(i)

n
∑

i=1
C(i)

(17)
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where µ̂i represents the membership degree of weight ω̂i, v̂i represents the non-membership
degree of weight ω̂i, π̂i is the hesitancy degree of weight ω̂i, and π̂i = 1 − µ̂i − v̂i.

3.5. Calculate the Variable Weight of Indexes

To ensure the sensitivity of the indicator weights, the fixed weights of the indicators are
further transformed into variable weights. In this paper, a penalty-incentive-type variable
weight is adopted, and the zoning variable weight function is constructed as shown in
Equation (18) by reference to Chen et al. [21].

Si(x) =



0.2 ln 0.2
xi

+ 0.5 0 < xi ≤ 0.2

−xi + 0.7 0.2 < xi ≤ 0.4
0.2 + 2.5(0.6 − xi)

2 0.4 < xi ≤ 0.6
0.2 0.6 < xi ≤ 0.8
0.2 ln 0.2

1−xi
+ 0.2 0.8 < xi < 1

(18)

The image of the variable weight function is shown in Figure 6. To guarantee the
safety of the assessment results, the conditions for the indicators to play an “incentive” role
will be harsher. Therefore, the incentive interval is defined to be smaller than the penalty
interval. In this paper, the incentive interval of the variable weight function is 0–0.2 and
the penalty interval is 0.4–1. Among them, when xi ∈ (0, 0.2], the risk is small and the
construction risk needs to be given an appropriate incentive. When xi ∈ (0.2, 0.4], the slope
is 0, which means no “penalty” and no “incentive” at this time. When xi ∈ (0.4, 0.8], the
slope of the function gradually increases, and the penalty intensity also gradually increases.
When xi ∈ (0.8, 1), the slope of the function is large, meaning that the construction risk
is large, so it is necessary to increase the index weight to maximize the penalty intensity.
Finally, the variable weight of each indicator is calculated according to Equation (1).
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Based on the calculated weight values of each indicator (constant weight, variable
weight) and the comment cloud model, the overall risk cloud model is obtained by using
Equation (19) to aggregate upwards step by step according to the risk index system. Finally,
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the overall risk level of bridge construction is obtained by comparing it with the standard
cloud model.

Ci =
n
∑

j=1
wijCij

C =
n
∑

i=1
wiCi

(19)

where Ci and Cij are the comment cloud models for the secondary and tertiary indicators,
respectively, wij is the fixed weight for the tertiary indicator, wi is the variable weight for
the secondary indicator, and C is the overall risk cloud model.

4. Project Case
4.1. Project Overview

The proposed bridge is located within Changchun. There are significant tempera-
ture variations throughout the year and long winters. For five months of the year, the
average temperature is below 0 ◦C. The coldest month in winter, January, has an average
temperature of only −16.6 ◦C with a minimum temperature of −39.8 ◦C. There is not much
precipitation at this time and the climate is dry, with frequent snowstorms, making it prone
to disasters.

The bridge superstructure is (23 × 20 + 5 × 30 + 3 × 20) m prestressed concrete con-
tinuous box beams, and the lower part is column piers. The bridge mainly spans the river
valley and the terraces on both sides. The slopes of the river valley are steep and the terrain
is undulating with a maximum difference of 55 m. According to the survey, the bridge area
is covered with seasonal frozen soil to a depth of approximately 2 m. The strata are mainly
silty clay, medium sand, mudstone, and granite.

4.2. Calculate Three-Level Indexes Comment Cloud Model

Three on-site construction experts are invited to evaluate each three-level index in the
risk index system (Figure 4) according to the standard cloud model established in Table 2.
In order to more accurately reflect the relative importance of the expert members, weights
are assigned to the experts in terms of both positional title and work experience. The weight
values of a, b, and c (the three experts) are obtained according to the calculation in Table 3.

wDM = (wDMa, wDMb, wDMc) = (0.4, 0.3, 0.3)

Here, taking the three-level indexes C11, C12, C13, and C14 as examples, the results of
the evaluation by the three experts are shown in Table 5.

Table 5. Expert comments of C11, C12, C13, and C14.

Experts C11 C12 C13 C14

Expert a I (1.5, 0.5, 0.05) III (5, 0.66, 0.05) IV (7, 0.66, 0.05) I (5, 0.66, 0.05)
Expert b II (3, 0.66, 0.05) III (5, 0.66, 0.05) IV (7, 0.66, 0.05) II (3, 0.66, 0.05)
Expert c III (5, 0.66, 0.05) I (1.5, 0.5, 0.05) III (7, 0.66, 0.05) I (3, 0.66, 0.05)
Group (3, 0.60, 0.05) (3.95, 0.66, 0.05) (7, 0.66, 0.05) (3.8, 0.66, 0.05)

The expert weights and the expert comment cloud model are aggregated to obtain
the group comment cloud model. Comparing the group comment cloud model with
the individual comment cloud model, it is found that there are obvious differences in
the expert evaluations of C11 and C12 indicators (Figures 7a and 8a). Therefore, Delphi
iteration is performed. The corrected expert evaluations are shown in Table 6, and from
Figures 7b and 8b, it is obvious that the corrected results are more consistent. Similarly, the
group comment cloud model for the other three-level indexes after the Delphi iteration is
shown in Table 7.
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Table 6. Expert comments of C11, C12, C13, and C14 after correction.

Experts C11 C12 C13 C14

Expert a II (3, 0.66, 0.05) III (5, 0.66, 0.05) IV (7, 0.66, 0.05) I (5, 0.66, 0.05)
Expert b II (3, 0.66, 0.05) III (5, 0.66, 0.05) IV (7, 0.66, 0.05) II (3, 0.66, 0.05)
Expert c III (5, 0.66, 0.05) II (3, 0.66, 0.05) III (7, 0.66, 0.05) I (3, 0.66, 0.05)
Group (3.6, 0.66, 0.05) (4.4, 0.66, 0.05) (7, 0.66, 0.05) (3.8, 0.66, 0.05)

As can be seen from Table 7, the risk ratings for the tertiary indicators C13 (Natural
disaster), C12 (Geological condition), and C14 (Terrain condition) are all high, which
indicates that the experts agree that the construction bridge is of high risk in terms of
natural disaster, geology, and terrain. This also corresponds to the frequent snowstorms,
undulating terrain, and the seasonal frozen soil covered in the bridge area.
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Table 7. Three-level indexes group comment cloud model.

Three-Level Indexes Group Comment Cloud Model

C11 (3.6, 0.66, 0.05)
C12 (4.4, 0.66, 0.05)
C13 (7, 0.66, 0.05)
C14 (3.8, 0.66, 0.05)
C21 (2.55, 0.62, 0.05)
C22 (3.8, 0.66, 0.05)
C23 (4.4, 0.66, 0.05)
C31 (2.55, 0.62, 0.05)
C32 (3, 0.66, 0.05)
C33 (1.95, 0.55, 0.05)
C34 (2.4, 0.6, 0.05)
C41 (3, 0.66, 0.05)
C42 (2.55, 0.62, 0.05)
C43 (5.6, 0.66, 0.05)

4.3. Calculate Indexes Weight
4.3.1. Fixed Weight Calculation of Three-Level Indexes Based on IFAHP

Three experts were invited to measure the relative importance of each three-level
index according to Table 4 and construct an intuitionistic fuzzy judgment matrix according
to Equation (9). Meanwhile, according to the weight values of the three experts obtained
in the previous, the intuitionistic fuzzy judgment matrix of each expert is weighted to
obtain the group judgment matrix. At the same time, the Delphi iterative method is used
to feedback the individual opinions that seriously deviate from the group opinion to the
corresponding experts and reevaluate them until there is no obvious gap in the evaluation
results. Here, taking the second-level index C1 as an example, the fixed weights of its lower
three-level indexes C11, C12, C13, and C14 are calculated as follows.

The weighted group judgment matrix RC1 based on the evaluation of the three experts
is shown below.

RC1 =


(0.500, 0.500) (0.230, 0.670) (0.360, 0.540) (0.530, 0.370)
(0.670, 0.230) (0.500, 0.500) (0.500, 0.430) (0.700, 0.200)
(0.540, 0.360) (0.430, 0.500) (0.500, 0.500) (0.610, 0.330)
(0.370, 0.530) (0.200, 0.700) (0.330, 0.610) (0.500, 0.500)


The consistency check is performed on the judgment matrix. Then, RC1 is calculated

according to Equations (9) and (10) as shown below.

RC1 =


(0.500, 0.500) (0.230, 0.670) (0.230, 0.605) (0.439, 0.351)
(0.670, 0.230) (0.500, 0.500) (0.500, 0.430) (0.610, 0.271)
(0.605, 0.230) (0.430, 0.500) (0.500, 0.500) (0.610, 0.330)
(0.351, 0.439) (0.271, 0.610) (0.330, 0.610) (0.500, 0.500)


The measured distance d(RC1, RC1) = 0.110 > 0.1 between the matrix RC1 and RC1 is

calculated according to Equation (12), which means that RC1 cannot pass the consistency
check. Therefore, RC1 is corrected by Equations (12) and (13), and the correction factor
γ = 0.6. The correction matrix R′

C1 is shown below. At this time, d(R′
C1, R′

C1) = 0.065 < 0.1.

R′
C1 =


(0.500, 0.500) (0.230, 0.670) (0.278, 0.579) (0.475, 0.359)
(0.670, 0.230) (0.500, 0.500) (0.500, 0.430) (0.647, 0.241)
(0.579, 0.278) (0.430, 0.500) (0.500, 0.500) (0.610, 0.330)
(0.359, 0.475) (0.241, 0.647) (0.330, 0.610) (0.500, 0.500)


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The intuitionistic fuzzy weights are calculated according to Equation (15), as shown below.

ω̂C11 = (0.171, 0.743), ω̂C12 = (0.268, 0.646), ω̂C13 = (0.245, 0.675), ω̂C14 = (0.165, 0.760)

Finally, the fixed weights of the three-level indexes C11, C12, C13, and C14 are calcu-
lated according to Equations (15) and (16), as shown below.

(ωC11, ωC12, ωC13, ωC14) = (0.203, 0.317, 0.288, 0.192)

If only the membership degree is considered, the IFAHP degenerates to FAHP; that is,
the intuitionistic fuzzy judgment matrix R′

C1 is transformed into PC1, as shown below.

PC1 =


0.500 0.230 0.278 0.475
0.770 0.500 0.500 0.647
0.722 0.500 0.500 0.610
0.525 0.353 0.390 0.500


The FAHP calculates the weight values of the tertiary indicators as (ωC11, ωC12, ωC13,

ωC14) = (0.207, 0.285, 0.278, 0.231) with weights ranked as C12 > C13 > C14 > C11. This is
different from the IFAHP calculation of C12 > C13 > C11 > C14. This is because the IFAHP
considers not only membership degrees but also the influence of non-membership and
hesitancy degrees on the assessment results. Thus, compared to AHP and FAHP, IFAHP can
express the non-membership and hesitancy degrees that also represent expert preferences.
This ensures the integrity of expert opinion in the assessment model.

The calculation of fixed weight values for other tertiary indicators using IFAHP is
shown in Table 8.

Table 8. Three-level indexes fixed weight.

Three-Level Indexes Fixed Weight

C11 0.203
C12 0.317
C13 0.288
C14 0.192
C21 0.219
C22 0.318
C23 0.463
C31 0.186
C32 0.226
C33 0.324
C34 0.264
C41 0.396
C42 0.247
C43 0.357

4.3.2. Variable Weight Calculation of Second-Level Indexes Based on Variable
Weight Theory

First, applying the same steps in the previous section to calculate the fixed weights of
each second-level index, the results are shown in Table 9. After normalizing the Ex of the
second-level index comment cloud model, the state variable weight vector is calculated by
substituting it into Equation (18). Then, the variable weight values of each second-level
index are finally calculated based on Equation (1), as shown in Table 9.
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Table 9. Second-level indexes weight value.

Second-Level Indexes Fixed Weight Variable Weight

C1 0.297 0.310
C2 0.158 0.150
C3 0.251 0.239
C4 0.316 0.301

As can be seen from Table 9, the ranking of the fixed weight of the second-level indexes
is C4 (organizational management) > C1 (construction environment) > C3 (material and
equipment) > C2 (construction technology), but the variable weight is C1 > C4 > C3 > C2.
This is due to the actual bridge crossing a river valley where the terrain is undulating and
the geology is complex. And the temperature in this area is below 0 ◦C on average for five
months of the year. All of this makes construction significantly more difficult. Therefore, in
the variable weight calculation, the construction environment factor weights are increased,
presenting C1 > C4 weight results. It can be seen that sometimes, the weight of certain
factors is small, but the experts agree that the riskiness is large. Applying the variable
weight theory can reasonably increase the weight of that factor so that it can be expressed,
and the results can better reflect the actual engineering situation.

4.4. Aggregate to Obtain the Risk Level

The comment cloud model for each secondary indicator is obtained by aggregating the
comment cloud model (Table 7) and constant weights (Table 8) from the tertiary indicators
according to Equation (19), as shown in Table 10. Plotting its image and comparing with
the standard cloud model image, the risk level of each second-level index can be obtained,
as shown in Figure 9.

Table 10. Second-level indexes comment cloud model.

Second-Level Indexes Comment Cloud Model Risk Level

C1 (4.87, 0.66, 0.05) III
C2 (3.80, 0.65, 0.05) II
C3 (2.42, 0.60, 0.05) II
C4 (3.82, 0.65, 0.05) II

The secondary indicator comment cloud model (Table 10) and variable weights
(Table 9) were substituted into Equation (19) to obtain the final risk cloud model for this
bridge construction (3.81, 0.64, 0.05). Plotting its image and comparing it with the standard
cloud model image, the risk level of this bridge construction can be obtained as II (low
risk), as shown in Figure 10.

The ultimate purpose of bridge construction risk assessment is to obtain the overall
risk level of bridge construction and find the major risk sources by evaluating each risk
factor of bridge construction. Then, the next step is to propose scientific and reasonable
countermeasures and suggestions in order to effectively reduce construction risks and
avoid risky accidents as much as possible. The overall risk level of the construction bridge
evaluated in this paper is II, which indicates low risk, but the risk level of the construction
environment factor in the second-level index is III, which indicates medium risk. Therefore,
appropriate risk countermeasures need to be taken for this factor.
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5. Comparison and Discussion
5.1. Accuracy Verification

To ensure the accuracy of the risk assessment method in this paper, a traditional
fuzzy comprehensive evaluation method is used to evaluate this construction bridge in
Changchun. The second-level indexes and overall risk results calculated by different
assessment methods are shown in Tables 11 and 12.

Table 11. Evaluation results of second-level indexes for different evaluation methods.

Indexes This Paper’s Method Fuzzy Comprehensive
Evaluation Method

C1 III (4.87, 0.66, 0.05) III (4.25)
C2 II (3.80, 0.65, 0.05) II (3.25)
C3 II (2.42, 0.60, 0.05) II (2.87)
C4 II (3.82, 0.65, 0.05) II (3.67)

Table 12. Evaluation results of overall risk for different evaluation methods.

Evaluation Target This Paper’s Method Fuzzy Comprehensive
Evaluation Method

Overall risk cloud model (3.81, 0.64, 0.05) 3.59
Risk level II (low risk) II (low risk)

Comparing Tables 11 and 12, there is a high consistency between the assessment
results of this paper’s method and the fuzzy comprehensive evaluation method. The
approach in this paper takes the cloud as a calculated result rather than just a precise
number. This fully demonstrates the uncertainty associated with the assessment results
and enriches the dimensionality of the expression of the results. In addition, regarding the
calculation results of the high-risk key index C1 (construction environment), the risk score
(Ex in the cloud model) of this paper’s method is nearly 15% higher than that of the fuzzy
comprehensive evaluation method. In the evaluation results of the low-risk secondary
index C3 (material and equipment), the risk score of this paper’s method is lower. This
indicates that the calculation method of this paper not only has reasonable results but
also can highlight the high-risk index factors. This is very beneficial for the construction
company to effectively identify the high-risk indicators and develop corresponding risk
measures in the actual construction.

In order to further verify the accuracy and applicability of this paper’s method, we
collected another seven sets of actual bridge construction data (Table 13) and assessed
them by using the traditional fuzzy comprehensive evaluation method and this paper’s
method, respectively, and the assessment results are shown in Table 14. As can be seen from
Tables 13 and 14, the assessment results of this paper’s method and the traditional fuzzy
comprehensive evaluation method are basically the same. In addition, the risk score of
this paper’s method is higher than that of the traditional fuzzy comprehensive evaluation
method in higher risky projects, while the risk score of this paper’s method is lower in
lower risky projects. This indicates that this paper’s method is more able to highlight the
riskiness of the project in the actual engineering, and it has high feasibility and practicality.
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Table 13. Overview of the actual projects.

Case Location Project Overview

1 Zhejiang

The proposed bridge is a prestressed concrete continuous box-girder bridge with a span arrangement of
(25 × 30) m. The average annual temperature at the bridge site is 16.3 ◦C, and the climate is mild and humid.
The stratigraphic distribution at the bridge site is silty clay and limestone. The bridge site belongs to the low
mountains and hills area with a difference of 30 m in elevation.

2 Liaoning

The proposed bridge is a prestressed concrete box girder with a span arrangement of (55 + 80 + 5 × 30) m.
The bridge site has cold winters and warm summers with four distinct seasons, and the average annual
temperature is 8.5 ◦C. The bridge crosses an asymmetrical V-shaped valley with a relative height difference
of up to 50 m. The stratigraphic distribution is mainly silty clay and limestone.

3 Hubei

The proposed bridge is an assembled prestressed concrete continuous box-girder bridge with a span
arrangement of (11 × 30) m. The bridge site is hot in summer and cold in winter, humid and rainy, with an
average annual temperature of 16.7 ◦C. The bridge site belongs to the hilly and plain area with little
topographic relief. The stratigraphic distribution is mainly clay soil, fine sand, gravel, shaly sandstone, and
sandy mudstone.

4 Henan

The proposed bridge is an assembled prestressed concrete continuous T-beam bridge with a span
arrangement of (6 × 50) m. The climate at the bridge site is warm with four distinct seasons and an average
annual temperature of 14.2 ◦C. The bridge site area belongs to hilly topography with large relief, and the
ground elevation is around 352.5–386.4. Within the exploration depth, the stratigraphic distribution is
mainly loess, clay, and gravel.

5 Henan

The proposed bridge is an assembled prestressed concrete continuous box-girder bridge with a span
arrangement of (4 × 20 + 5 × 20) m. The bridge site has a temperate continental monsoon climate with four
distinct seasons and an average annual temperature of 12.9 ◦C. The bridge area is in the mountainous area of
the eastern extension of the Qinling Mountains with obvious terrain changes. The stratigraphic distribution
is mainly backfilling soil, sandy loess, gravelly soil, and sand conglomerate. The main special geotechnical
soil in the bridge site area is sandy loess, which is middle collapsible loess with a collapse coefficient of 0.048.

6 Henan

The proposed bridge is a continuous rigid frame bridge with a span arrangement of (4 × 40 + 85 + 5 × 40) m.
The bridge site has a temperate continental monsoon climate with low precipitation and an average annual
temperature of 13.8 ◦C. The bridge site is mainly farmland, and the terrain is relatively flat. The stratigraphic
distribution is mainly backfilling soil, silty clay, fine sand, and pebbles.

7 Jiangsu
The total length of the proposed bridge is 420 m, and the bridge site area belongs to the subtropical humid
climate zone with the average annual temperature ranging from 13 to 16 ◦C. The proposed site belongs to
the shallow plain area, and the stratigraphic structure mainly consists of clay and silt layers.

Table 14. Risk assessment results of different evaluation methods for each project.

Case Samples Name This Paper’s Method Fuzzy Comprehensive
Evaluation Method

1 Zhejiang II (2.54, 0.64, 0.05) II (2.67)
2 Liaoning II (3.62, 0.63, 0.05) II (3.44)
3 Hubei I (1.78, 0.62, 0.05) I (1.93)
4 Henan 1 II (3.18, 0.59, 0.05) II (3.23)
5 Henan 2 III (4.36, 0.63, 0.05) III (4.10)
6 Henan 3 I (1.14, 0.57, 0.05) I (1.53)
7 Jiangsu I (2.06, 0.66, 0.05) I (2.13)

5.2. Sensitivity Analysis

The purpose of sensitivity analysis is to determine the impact on the overall risk of
changes in the different sub-indicators. The sensitivity ranking of the sub-indicators is
derived and the indicator with the greater sensitivity (higher riskiness) is found. Indicator
sensitivity can be portrayed by the change in overall risk caused by the indicator from
risk level I to V [30]. Taking the secondary indicator C1 (construction environment) as an
example, C1 is set as risk level I, while the risk levels of the remaining secondary indicators
are randomly generated, and thus the overall risk score (Ex) is obtained. Subsequently,
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the impact on the overall risk of its different risk levels is calculated in turn, and the final
indicator sensitivity is calculated by Equation (20).

T(Ci) = RV − RI (20)

where T(Ci) is the sensitivity of indicator Ci; RI and RV are the overall risk scores when
indicator Ci is risk level I and risk level V, respectively. To ensure accuracy, 1000 sim-
ulations are conducted for each level of indicator Ci, and the results are averaged over
1000 simulations.

As can be seen in Figure 11, with the rising risk level of the indicators, the overall
risk score is also rising; that is, the level of risk is increasing. The sensitivity results for the
secondary indicators can be seen in Table 15. Based on Figure 11 and Table 15, comparing
the sensitivity of each secondary indicator for fixed and variable weights shows that after
optimization by the variable weight function, the sensitivity of indicator C1 (construction
environment) increases significantly, while the sensitivity of indicator C3 (material and
equipment) decreases significantly. This indicates that the application of the variable weight
function can bring out the high-risk indicator C1 while diminishing the performance of
the low-risk indicator C3. This sensitivity analysis result also corresponds to the accuracy
verification result, reflecting the accuracy of this paper’s method from the side.

Buildings 2024, 14, x FOR PEER REVIEW 21 of 23 
 

( )i V IT C R R= −
 (20) 

where ( )iT C   is the sensitivity of indicator Ci; 
IR   and 

VR   are the overall risk scores 

when indicator Ci is risk level I and risk level V, respectively. To ensure accuracy, 1000 

simulations are conducted for each level of indicator Ci, and the results are averaged over 

1000 simulations. 

As can be seen in Figure 11, with the rising risk level of the indicators, the overall risk 

score is also rising; that is, the level of risk is increasing. The sensitivity results for the 

secondary indicators can be seen in Table 15. Based on Figure 11 and Table 15, comparing 

the sensitivity of each secondary indicator for fixed and variable weights shows that after 

optimization by the variable weight function, the sensitivity of indicator C1 (construction 

environment) increases significantly, while the sensitivity of indicator C3 (material and 

equipment) decreases significantly. This indicates that the application of the variable 

weight function can bring out the high-risk indicator C1 while diminishing the perfor-

mance of the low-risk indicator C3. This sensitivity analysis result also corresponds to the 

accuracy verification result, reflecting the accuracy of this paper’s method from the side. 

Table 15. Sensitivity of secondary indicators. 

Second-Level 

Indexes 
Sensitivity under Fixed Weights Sensitivity under Variable Weights 

C1 0.6114  0.7864  

C2 0.3257  0.3401  

C3 0.4940  0.2354  

C4 0.6301  0.6002  

 

  
(a) (b) 

Figure 11. Sensitivity analysis of secondary indicators: (a) fixed weight; (b) variable weight. 

6. Conclusions 

In this paper, a new bridge construction risk assessment method was proposed, and 

according to the research results, the following conclusions were drawn. 

(1) In this paper, the fishbone diagram analysis method was adopted to analyze the 

causes of construction risks, and 14 risk factors that affect bridge construction safety 

were identified. A risk index system with a three-level structure was constructed, and 

the accuracy of the evaluation results was ensured through step-by-step calculations. 

(2) In this paper, the cloud model was used to construct the evaluation model to express 

the fuzziness and randomness of the expert comments. At the same time, the cloud 

Figure 11. Sensitivity analysis of secondary indicators: (a) fixed weight; (b) variable weight.

Table 15. Sensitivity of secondary indicators.

Second-Level Indexes Sensitivity under Fixed Weights Sensitivity under Variable Weights

C1 0.6114 0.7864
C2 0.3257 0.3401
C3 0.4940 0.2354
C4 0.6301 0.6002

6. Conclusions

In this paper, a new bridge construction risk assessment method was proposed, and
according to the research results, the following conclusions were drawn.

(1) In this paper, the fishbone diagram analysis method was adopted to analyze the
causes of construction risks, and 14 risk factors that affect bridge construction safety
were identified. A risk index system with a three-level structure was constructed, and
the accuracy of the evaluation results was ensured through step-by-step calculations.

(2) In this paper, the cloud model was used to construct the evaluation model to express
the fuzziness and randomness of the expert comments. At the same time, the cloud
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model was used throughout the evaluation process, expressing the uncertainty of the
evaluation process effectively. The Delphi iterative method was used to eliminate the
subjective bias of individual experts to a greater extent. IFAHP was used to calculate
index weights to solve the hesitancy arising from the experts’ decision-making process,
ensuring the integrity of the expert’s opinions in the assessment model. With the
variable weight theory applied and the zoning variable weight function constructed,
the weight distribution of the second-level index construction risk is optimized by
“penalty” and “incentive” to the index weights.

(3) In this paper, a whole bridge construction risk assessment system is constructed and
applied to the actual project of a bridge in Changchun. The advancement of the
assessment system in this paper is well verified by the results analysis of the interme-
diate process of the example calculation. Finally, accuracy verification and sensitivity
analysis are conducted to verify the validity and feasibility of the assessment system.

Bridge construction is a dynamic process, but the dynamic nature of risk is not con-
sidered in this paper and the dynamic changes in risk cannot be predicted. Therefore,
this study still has some limitations, and future research should start from these issues to
further ensure bridge construction safety.
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