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Abstract

As worldwide goals for sustainable development expand, numerous countries are investing in
renewable energy projects, particularly onshore and offshore wind farm projects, which have low
adverse environmental impacts. The relative novelty of onshore wind farm projects worldwide
means very few studies have been published and the literature lacks a comprehensive list of risks
that affect such projects, although effective risk management for construction project relies
heavily on successful risk identification. The first goal of this paper is to fill the research gap by
identifying the work-package—level risks that affect onshore wind farm construction projects and
developing a risk breakdown matrix suitable to these projects. However, the application of
existing risk identification techniques in these projects is usually hindered by the lack of
comprehensive research in the literature, scarcity of historical data, and high cost of acquiring
expert knowledge. Consequently, the second goal of this paper is developing a new risk
identification technique based on case-based reasoning and fuzzy logic suitable to onshore wind
farm projects. The proposed technique identifies the risks associated with the onshore wind farm
projects at the work-package level based on the similarities of these projects to the other types of
construction projects. The application of fuzzy logic in the proposed technique allows users to
assess the similarities between different types of projects using linguistic variables, and it
facilitates the capture of partial similarities between the different types of construction projects.

In addition to the novel risk identification technique, this paper presents a risk breakdown matrix
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of onshore wind farm projects representing 169 risk factors, which are mapped to 11
construction work packages of onshore wind farm projects. The results of this paper and the
proposed risk identification technique are compared with conventional techniques, confirming
that the proposed technique is suitable to novel types of construction projects like onshore wind
farms. The main contributions of this paper are twofold: (1) proposing a new risk identification
technique based on fuzzy case-based reasoning that suits novel types of construction projects
with limited or no pre-existing knowledge; and (2) developing a generic risk breakdown matrix

(RBM) for onshore wind farm projects to improve the risk management process.

Keywords: Risk identification; risk breakdown matrix (RBM); fuzzy case-based reasoning;

onshore wind farm; renewable energy project; work-package—level risk

1. Introduction

The number of wind farm projects has been significantly increasing worldwide because of
the ongoing trend toward developing infrastructure for renewable energy sources and the
technological advancements achieved in the production of highly efficient wind turbines (REN21
2018). The global wind power capacity increased by 45 GW annually on average from 2013 until
2018, which makes wind farms the fastest-growing type of renewable energy projects, ahead of
solar power, hydropower, and geothermal power projects (IRENA 2019). Despite its fast growth
in production capacity, wind farm projects only produced 24 percent of world renewable energy
in 2018 (IRENA 2019). To meet the global target of onshore wind power for 2030, the current
capacity needs to be tripled (IRENA 2018). However, challenges associated with developing
onshore wind farm projects, such as insufficient risk management practices, can cause a failure
to deliver projects within budget and schedule (Fera et al. 2017), and may prevent this 2030

global target. Therefore, improving the risk management practice of onshore wind farm projects
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can facilitate forecasted growth by promoting wind farm development and successful delivery of

projects within budget and on schedule.

According to the Project Management Institute (PMI 2016), the life cycle of construction
projects can be divided into five phases: conception, design, construction, commissioning, and
closeout. Among these, the construction phase consumes the largest portion of project budget
and time; thus, the implementation of risk management practices during the construction phase is
essential for the successful delivery of projects within budget and schedule, and failing to do so
can negatively impact project objectives (Fera et al. 2012; Siraj and Fayek 2019). Risk
identification is the first step in risk management, and successful risk identification results in the
accurate assessment of threats and opportunities in onshore wind farm projects during the
construction phase. According to Tchankova (2002), the risk identification step plays a leading
role in effective risk management, and unccessful risk identification is one of the main reasons
for risk management failure and, consequently, project cost overruns and delays. Thus, ample
research in the literature focuses on risk identification for different types of construction projects.
However, the relative novelty of onshore wind farm projects means they have not been
sufficiently investigated in terms of the risks affecting them. Furthermore, the few studies
conducted on these projects were primarily focused on project-level risks, and a research gap
exists for identifying the work-package-level risks that affect onshore wind farm projects.
Therefore, the first goal of this paper was to address the research gap by identifying the work-
package-level risks that affect onshore wind farm projects and, consequently, developing the risk
breakdown matrix (RBM) of such projects by relating each identified risk to the work-packages

affected by the risk.



69

70

71

72

73

74

75

76

77

78

79

80

81

82

83

84

85

86

87

88

89

90

91

Many tools and techniques have been proposed for identifying risks associated with
construction projects, including literature review (Siraj and Fayek 2019); the strengths,
weaknesses, opportunities, threats (SWOT) technique (Gao and Low 2014); checklist analysis
(Guo et al. 2019); and Delphi technique (Perrenoud 2018). While risk identification significantly
impacts the successful delivery of construction projects, in the case of onshore wind farm
projects, the application of traditional risk identification techniques is often hindered by the
incomprehensive research literature, lack of historical data, and high cost of acquiring expert
knowledge. Thus, the second goal of this paper is to address this challenge by developing a novel
risk identification technique based on case-based reasoning (CBR) that suits the needs of novel
types of construction projects, including onshore wind farm projects. CBR is an artificial
intelligence technique for identifying the characteristics (e.g., risks) of an unknown or less-
known phenomenon (e.g., onshore wind farm projects) based on its similarity to the other well-

known phenomena (e.g., other types of construction projects) (Watson 1999).

CBR is widely used in different domains to solve different types of problems, including
cyber security (Abutair et al. 2019), medical sciences (Marie et al. 2019; Ehtesham et al. 2019),
and engineering (Tan 2006). Despite its application in a wide range of engineering problems,
CBR lacks the capacity to capture the subjective uncertainty exhibited by different elements of
real-world systems. Such limitation becomes more prominent in construction risk identification,
where CBR cannot capture the subjectivity associated with assessing partial similarity between
two types of construction projects (projects that are neither identical nor fully dissimilar). To
address this challenge, CBR was integrated with fuzzy logic in this research, to develop fuzzy
case-based reasoning (FCBR). Fuzzy logic is an artificial intelligence technique for capturing the

subjective uncertainties of the real-world systems. The integration of CBR with fuzzy logic in
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the proposed risk identification technique enables the FCBR technique to capture the
linguistically expressed expert knowledge and assess the similarity between the different types of
construction projects, as well as capturing the partial similarities between different project types.
The proposed FCBR was then implemented to identify risks associated with the construction of
onshore wind farm projects at the work-package level and develop an RBM for such projects by
mapping each risk to the construction work packages (CWPs) affected by the risk. The
contributions of this paper are twofold: (1) proposing a new risk identification technique based
on case-based reasoning and fuzzy logic that suits novel types of construction projects with
limited or no pre-existing knowledge; and (2) developing a generic RBM for onshore wind farm

projects to improve the risk management process.

The rest of this paper is organized as follows. The second section provides a literature review
on risk identification for onshore wind farm projects and the applications of CBR and FCBR in
construction research. The third section presents the research proposed technique for risk
identification using FCBR. The fourth section presents risk identification of onshore wind farm
projects and research results in the form of RBM. The fifth section presents a discussion on

results, followed by the sixth section that presents conclusions and future research.

2. Literature Review

2.1. Risk identification of onshore wind farm projects

The International Organization for Standardization (ISO 2016) defines risk as “the effect of
uncertainty on objectives”, which includes opportunities with positive impact as well as threats
with negative impact. Construction projects are highly influenced by various risks because of

their complex nature and numerous external factors affecting them (Siraj and Fayek 2019).
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Therefore, researchers work to identify and assess risks that adversely affect construction

projects and determine appropriate risk management practices.

In the risk identification step, construction risks are traditionally represented in the form of
risk breakdown structure (RBS), which is a hierarchical structure of risks categorized based on
their potential sources. Hillson et al. (2006) introduced the RBM as a new format for identifying
and representing risks in construction projects. Although work breakdown structure (WBS) and
RBS are noticeably similar, they illustrate two different structure of projects, namely, risks and
activities. WBS constitutes the basic framework for the management of a project; likewise, RBS
is used as a powerful tool in the risk management process (Hillson 2003; PMI 2016). Thus, a
combined use of a project’s WBS and RBS allows the project team to control and monitor the
risk at a level of detail appropriate to the specific project context (Rafele et al. 2005). In an
RBM, the hierarchical structure of risks is presented as in an RBS, and each risk is mapped to
those work package(s) that are affected by the risk. An RBM can be presented in the form of
matrices or diagrams, which formats can guide researchers and practitioners to an in-depth

understanding of risks and their effects on CWPs, (Hillson et al. 2006) via the following:

¢ Identifying which activities have more associated risks
e Identifying the most important single risk with the highest severity
e Marking the most significant relationship between risks and their associated CWP (i.e.,
determine the most important risk associated with the CWP that has high contribution
to project risks)
In previous literature related to risk identification for onshore wind farm projects, researchers
and practitioners specifically focused on construction risk identification of wind farm projects at

the project-level. Fera et al. (2017) ranked 42 identified risks in wind farm projects based on
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their severity index determined using the analytic network process, which revealed that the
quality of concrete curing has the highest severity on project objectives. However, they did not
specify their risk identification technique. Enevoldsen (2016) did a comprehensive literature
review of onshore wind farm projects in forest areas that focused on the construction, operation,
and commissioning phases of onshore wind farm projects. The result revealed that construction
is the highest risk-prone phase because of risks associated with land use (e.g., land ownership
transferring, renting, etc.). Finlay-Jones (2007) conducted an extensive literature review to
identify the risks affecting wind farm projects focused primarily on risks that affect project cost.
He interviewed eight project managers in Australia who were experts in on- and offshore wind
farm projects to validate the list of identified risks. Study results showed that delay due to
weather conditions, transportation of large machinery and turbine components, and availability
of labor and resource are the most severe construction-phase risks. This review shows that most
prior research focused on onshore wind farm projects at the project-level and neglected the work-
package level in the risk identification step. Accordingly, this research aims to develop a new
risk identification technique based on FCBR that suits the challenges associated with risk
identification of onshore wind farm projects. This paper also aims to fill the research gap for
comprehensive risk identification for onshore wind farm projects by developing a generic RBM

using the introduced risk identification technique.

2.2. Risk identification techniques

Many tools and techniques have been proposed for identifying risks associated with
construction projects, including literature review (Siraj and Fayek 2019), the SWOT technique
(Gao and Low 2014), checklist analysis (Guo et al. 2019), and Delphi technique (Perrenoud

2018). According to Siraj and Fayek (2019), the information-gathering techniques (e.g., literature
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review, questionnaire survey, expert interview) were more widely used than diagramming
techniques (e.g., influence diagrams, cause-and-effect diagrams) because diagramming
techniques do not consider the root causes of risk and their interdependencies. Among the
information-gathering techniques, the literature review is the most commonly used technique,
since it is straightforward and easily helps researchers to assess historical data from specific
previous projects (Siraj and Fayek 2019). However, a lack of research makes it challenging to

implement a literature review on novel infrastructure (Alavi and Nadir 2020).

Another popular information-gathering technique is acquiring expert knowledge through
questionnaire surveys and expert interviews. Although expert knowledge is valuable as input for
the risk identification process, it has some limitations. Expert knowledge is predominately based
on experience, and according to Hubbard (2020) experience is a nonscientific sample of events
because it is based on selective memory over the course of one’s life, which results in bias.

Further, humans tend to be inconsistent in using their experience to make decisions.

Because information-gathering techniques rely on expert knowledge or prior knowledge of
projects acquired through the literature review or historical data, their application in risk
assessment for novel types of construction projects is limited. As a result, knowledge-based
techniques, such as artificial neural network and case-based reasoning, have gained popularity in
this context. Researchers can use data from other types of projects as inputs to generate output
for risk management for new types of construction projects. However, improper data
management can cause failure in the risk management process (Rodriguez and Edwards 2014),
and few studies have been conducted on the application of knowledge-based techniques for risk

identification in construction projects.
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To address the scarcity of data regarding knowledge-based techniques in risk identification
for novel types of construction projects, Somi et al. (2020) introduced a new risk identification
technique based on case-based reasoning and fuzzy sets. In their proposed technique, similarity
between the novel project type and the other types of construction projects is determined, and
then similarities that affect the novel construction type are identified. The proposed technique by
Somi et al. (2020) has the following shortcomings: (1) it lacks the capacity to capture the
subjective uncertainty involved in determining similarity between two projects (i.e., partial
similarity), and (2) it lacks the flexibility to be modified by the experts based on the application
context. The current paper addresses these research gaps by developing a new risk identification
technique using fuzzy case-based reasoning that captures the partial similarities between
different project types using fuzzy numbers, and experts can modify it using natural language.
Although the use of fuzzy numbers to represent similarity between different cases increases the
computational complexity of the proposed technique, the comparison of the results to the
existing FCBR technique (Somi et al. 2020) shows improvement in terms of performance (i.e.,

number of risks identified) and flexibility of the model.

2.3. The applications of CBR and FCBR in construction

Kolodner (1992) introduced CBR as a new technique for solving problems based on previous
knowledge about similar cases, which imitate the human reasoning process of applying
knowledge acquired through previous experiences to new situations. In a comprehensive
literature review of 91 papers from 1996-2015, Hu et al. (2016) found CBR applied to 17
construction areas and a high proportion of problems involving cost estimation and bidding. An
et al. (2007) combined the analytic hierarchy process (AHP) with CBR to determine the relative

importance of the characteristics used to compare construction projects, creating a hybrid CBR-
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AHP model for forecasting the construction cost of residential buildings. They defined 9
attributes for residential buildings: gross floor area, number of stories, total unit, unit area,
location, roof type, foundation type, usage of the basement, and finishing grades. Next, they used
these weights to calculate the similarity index in the CBR technique. The CBR-AHP model
needs expert opinions in order to define weights for each characteristics, which is a limitation for
problems with many characteristics. Jin et al. (2016) expanded the application of CBR in
estimating the duration of residential projects in the preliminary stage. In this model, similarity
indexes are first calculated based on the similarity between each characteristic of problem case
and previous cases (e.g., total floor area, foundation type, etc.) then used for calculating revised
duration. They concluded that compared to the regression model (i.e., a statistical regression
model developed to predict projects’ duration based on their characteristics), their CBR model

more accurately predicted actual duration.

Despite its numerous strengths for use in construction risk identification, CBR is not yet
widely used in the construction risk management context. Goh and Chua (2009) applied CBR for
construction hazard identification using a semantic taxonomy for representing each case to
systematically retrieve similar information from previous cases. Goh and Chua (2010) expanded
previous model using similarity indices to delete, add, and modify similar hazards from retrieved
cases. Forbes et al. (2010) developed a CBR model for selecting appropriate risk management
techniques in the built environment based on six characteristics of projects and the risks
associated with them, including project phase, involving risks, risk owner, and the fuzziness,
randomness, and incompleteness of the risk. Fan et al. (2015) broadened the application of CBR
to the area of construction risk management, generating risk response strategies and their cost of

implementation in subway construction projects. Given the above applications in construction,
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CBR shows great potential in solving construction problems. More importantly, CBR is not
considered a black-box model (Richter and Weber 2013), where the expert can find the logic
behind each reasoning made by the model. However, CBR does not have the capability to
capture the subjectivity of the information and consequently cannot consider subjective

information in the similarity calculation.

CBR has been combined with fuzzy set theory (Zadeh 1965) in order to capture the
subjectivity and imprecision that exists in real-world systems (Richter and Weber 2013). Zuo et
al. (2014) used fuzzy set theory in the retrieval phase of a CBR model for reinforced concrete
structures, in which the user assigns weights to the key characteristics of the problem case in
linguistic terms (“Very Important,” “Important,” “General,” “Not Important,” and “Not to Be
Considered”). Then, these fuzzy weights are used to calculate similarity between characteristics.
Zima (2015) developed an FCBR model for cost estimation that defines cases using 15
characteristics, next represents each by linguistic terms that are determined as triangular fuzzy
numbers, and then retrieves cases based on the defuzzified value of similarity indices. Lu et al.
(2016) combined fuzzy rule-based systems (FRBS) with CBR in modelling to forecast
precipitation. In their model, the most similar rule (i.e., the rule with the highest membership
degree) is only activated in the fuzzy rule-based system. They also compared the fuzzy CBR
with the stand-alone application of CBR and FRBS, which showed that FCBR is more accurate
in predicting the level of precipitation. There is a research gap in the existing variations of
FCBR, a technique that relies heavily on expert knowledge for capturing subjective uncertainty
involved in the real-world problems. This paper addresses the research gap by calculating the
similarity between the different cases based on fuzzy distance measures and using fuzzy numbers

to represent these values and capture the partial similarity between cases in the real-world
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problems. This paper also uses the proposed FCBR process and existing data about different

types of construction projects to identify the risks associated with novel construction project

types.

3. The Proposed FCBR Technique for Risk Identification

This section presents the methodology for implementing the proposed FCBR technique for

construction risk identification. CBR was introduced by Aamodt and Plaza (1994), and its

implementation consists of five steps: (1) case representation, (2) retrieve, (3) reuse, (4) revise,

and (5) retain. FCBR uses fuzzy logic in the retrieve step (Richter and Weber 2013). Figure 1

illustrates these five steps, which are further discussed in the following sub-sections.
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Fig. 1. Research methodology for implementing FCBR in risk identification.
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The following subsections further discuss the five steps of the methodology. It should also be
noted that prior to the implementation of the proposed risk identification technique, a database
was needed that comprised the characteristics of different types of construction projects, the
construction work-packages involved in their construction, and their associated risks at the work-
package-level. Moreover, the database is not limited to one type of construction project (e.g.,
hydropower projects), and it can cover all the different types of construction projects because the
application of fuzzy logic in the proposed technique allows the capture of partial similarities
between different project types. Fig. 2 presents the flow of information between the database and
the different steps of the methodology and illustrates how the proposed technique uses project

characteristics and previously identified risks for the novel type of construction project studied.

3.1. Case representation

Generally, in the CBR approach, different cases (i.e., construction projects in this paper) are
represented by a set of characteristics or attributes, which are selected based on the scope of the
problem. For representation of complex cases, which cannot be directly represented by a few
characteristics or attributes, the local-global principle is used, which is based on the
presumption that complex cases are built up hierarchically, starting from basic elements at the
bottom of the hierarchy to comprehensive elements at the top (Richter and Weber 2013). To
implement the local—global principle in case representation, each case is first decomposed into its
basic elements. For example, in this paper the characteristics of construction projects are
decomposed into project type and CWP involved in the project. Then, the similarity between the
basic elements of different cases, called local similarity, is calculated. Next, local similarities are

aggregated to calculate the overall similarity between the two cases, called global similarity.
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Fig. 2. Data flow diagram of the proposed risk identification technique.

Details of the calculations for local similarity indices and calculations of global similarity are
provided in Section 3.2. One aggregation method is the product method, which simply multiplies
the local similarities to determine the global similarity (Goh and Chua 2009). The product
method is a non-compensatory aggregation technique, in which a very low evaluation in one
criterion is not compensated by very high evaluations in other criteria. In this paper, a non-
compensatory aggregation technique is used, since very low similarity in one aspect of projects
can make them completely distinct; thus, the risks related to one project type may be irrelevant to

another project type.
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In the case study discussed in this paper, the local-global principle was applied for case
representation using two characteristics: project type, and CWPs of onshore wind farm projects.
The project type characteristic is represented using hierarchical representation, in which cases
are represented in the form of a taxonomy, and the similarity between cases is determined based
on their location in the taxonomy (Richter and Weber 2013). The taxonomy of construction
projects is developed using the Central Product Classification (United Nations 2015) and

presented in Figure 3.

This taxonomy starts with level 1 as all construction, level 2 is general concepts of
construction sectors (e.g., buildings and civil engineering works) and is broken down into three
more levels of categorization, with the lowest level being specific types of construction projects,
such as electrical generating plants, restaurants, and embankments. Details regarding the
calculations of the similarity between different types of construction projects using the taxonomy

are discussed in Section 3.2.1.

The proposed technique identifies construction risks at the work-package level, so CWPs are
used as the second characteristic of construction projects. In this technique, each CWP is
represented as the set of different construction activities that are included in its execution
(Richter and Weber 2013). While this technique is designed to develop a comprehensive list of
risks associated with a specific type of construction project, the context-specific characteristics
of projects, such as project location and work package cost and time, are not selected for case

representation.

3.2. Fuzzy Retrieve
In the case retrieval step, the project under study is compared to other construction project

types based on two local characteristics and similarity between types. Similarity functions are
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selected based on the type of information represented by each characteristic (e.g., numeric value,
text, image), and the similarity index may be O for distinct cases, 1 for identical cases, or a value
in the range of (0,1) for non-identical cases. Since determining the similarity between two types
of construction projects is a subjective assessment, crisp similarity indices are not appropriate
representation where the compared projects have partial similarity, and fuzzy numbers are used
instead. The application of fuzzy logic allows users to assess the similarities between different
types of projects using linguistic variables, and it also facilitates the capture of partial similarities

between the different types of construction projects.

In this study, five triangular fuzzy numbers are used to represent the similarity between
project types in linguistic terms. These fuzzy numbers are based on previous studies conducted
by Etemadinia and Tavakolan (2018) and Khatwani et al. (2015) and represented in Figure 4 and
Table 1. Using linguistic terms to represent similarity improves the performance of FCBR in this
study by (1) helping experts to more easily interpret the framework reasoning process (i.e.,
transparency) and (2) allowing experts to provide similarity between two cases using linguistic

terms, which results in greater flexibility of the model as needed.

Table 1. Triangular fuzzy numbers.

Linguistic Term Similarity
Very Low [0.0, 0.0, 0.25]
Low [0.0, 0.25,0.5]
Medium [0.25, 0.5, 0.75]
High [0.5,0.75, 1.0]
Very High [0.75,0.75, 1.0]
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3.2.1. Project type similarity

The structure-oriented similarity function is used for the project type characteristic; it is also
called “path-oriented similarity,” since the path between two project types in the hierarchy
determines their similarity. In addition to the position of projects in the taxonomy of construction
projects (Figure 3), the similarity between two project types is determined based on the deepest
common predecessor (DCP) between them. DCP has five possible similarity values represented
by fuzzy numbers, as shown in Table 1 and Figure 4: 1= “Very Poor,” 2 = “Poor,” 3 =

“Medium,” 4 = “High,” and 5 = “Very High.” The structure-oriented similarity function used for

determining the similarity between two types of construction projects is represented in Equation (1).

Very Poor DCP(pp,5p) =1
Poor DCP(pp, sp) =2
Peim(Dp, sp) = { Medium DCP(pp,sp) = 3 ey
High DCP(p,.sp) = 4
Very High DCP(pp, sp) =5
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where DCP(pp, sp) = 1 refers to two types of construction projects that share exactly one level of
taxonomy (i.e., the very highest level), such as “restaurant building” or “satellite launching
sites.” Similarly, DCP(pp, sp) =2, 3, 4, or 5 = can be defined for a pair of construction projects

that share 2, 3, 4, or 5 levels of taxonomy, respectively.

3.2.2. CWP similarity

The counting similarity function is used for the CWP characteristic; the number of common
elements between two sets determines the similarity of the two CWPs. To determine similarity,
each CWP of a wind farm project is decomposed into its constituent activities. Next, the
similarity function counts the number of construction activities in common between two CWPs
and the number of construction activities specific to each. In this paper, the well-known Tversky
similarity method is used to calculate the similarity between two CWPs, or sets P, and S, as

presented in Equation (2).

(snp)

Tsim (S, P) = (snp)+a(s—(snp))+pL@-(snp))

2

where S and P are the two CWPs for which similarity is being assessed; § M p is the number of
common activities between the two CWPs; and the parameters a, f are weights for defining the
importance of exclusive activities of S and exclusive activities of P. The value of the parameters
a, f are assumed to be « = f = 0.5 (Richter and Weber 2013). Next, in order to determine the
appropriate fuzzy number to represent the similarity between two CWPs, the distance between
Tsim (see Equation [2]) and the five triangular fuzzy numbers is calculated using the fuzzy
distance measure introduced by Xie et al. (2019). The distance between two trapezoidal fuzzy
numbers A = (ay, a,, as, a,; wz), B = (by, by, b3, by; wi) is calculated using Equation (3), where

wjz,ws € [0,1] stands for the height of the fuzzy numbers A and B, respectively.
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S(4,B) = se sw 3)

where

“)

se = {e_lal_bll' ay = a; and by = b,

g~ (ktzthtin)/w Otherwise

and £k is the support difference, z is the maximum distance between the two left or right endpoints
of A and B, h is the core difference between A and B, w is the maximum span of 4 and B, and /-

is the maximum distance between the boundaries of the cores of A and B, as shown below:
k =[(ay —a;) — (by — by)|
z = max(|la; — byl, lay — byl)
w = max (a4 — a4, by — by)
h =|(az — ay) — (b3 — by)|
l, = max(la; — by|,laz — bs|)
and

min(wz, wg)
SW=———"——".
max(wj, wg)

After the distance between the similarity index, Tsin, and the triangular fuzzy numbers is
calculated, the fuzzy number with the smallest distance is selected to represent the fuzzy
similarity, Csim, between the two CWPs. The fuzzy distance measure can then be applied to crisp
numbers — a; = a, = as = 4y, or Tsin in this case — as well as triangular fuzzy numbers — a; <

a, = a; < ay, the five fuzzy numbers that represent the fuzzy similarity indices.
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3.2.3. Global similarity
The global similarity is determined by aggregating the two local similarity indices, Csin, and
Psim, using the product aggregation method. Total similarity S is defined by Equation (5) (Richter

and Weber 2013):
S = Csim @ Psim (5)

Fuzzy multiplication (represented as @ in Equation [5]) uses one of two approaches. The a-
cut approach is widely used in many different applications because of its computational
simplicity, but it causes overestimation of uncertainties in the resulting fuzzy number (Gerami
Seresht and Fayek 2019). In recent applications, the extension principle approach is therefore
preferred, since it can eliminate the problem of overestimating uncertainty. Gerami Seresht and
Fayek (2019) developed a computational method for implementing fuzzy arithmetic operations
on a triangular fuzzy number using two t-norms: product t-norm and Lukasiewicz t-norm. Both
result in a fuzzy number with a lower level of uncertainty compared to the a-cut approach, and
the Lukasiewicz t-norm is more sensitive than the product t-norm to changes in the input fuzzy
numbers. Therefore, this study uses the product t-norm. Also, the computational method
proposed by Gerami Seresht and Fayek (2019) for implementing fuzzy multiplication on

triangular fuzzy numbers is used to determine the global similarity index.

Once the global similarity index for each identified risk is calculated, risks are retrieved that
have an index higher than a prespecified threshold, known as the retrieval threshold. In this
study, the retrieval threshold (RT) was set to “Medium” similarity, meaning that any risk with a
global similarity of “Medium” or higher is retrieved as a potential risk in onshore wind farm
construction. Equation (6) calculates the fuzzy distance between the global similarity index of

each risk S Y and the retrieval threshold RT.
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Di=lps () — ur(x;)| (6)

d(s;, T) = ,

where the universe of discourse of both fuzzy numbers X = {x;, x5, ..., x;,} is discretized to n
discrete points. A distance between the global similarity and the five triangular fuzzy numbers is
calculated. The fuzzy number with the smallest distance is then selected to represent the global
similarity in linguistic term. Finally, risks are retrieved that have an index higher than a RT

threshold.

3.3. Reuse

In the reuse step, retrieved cases are reused in one of two ways: (1) risks retrieved from
identical cases (i.e., with full similarity to the project being studied) are selected and transferred
to the retain step with no revisions; and (2) risks retrieved from partially similar cases are
reviewed and revised by the user/expert before being transferred to the retain step. In CBR,
determining cases with full similarity (i.e., identical cases) is straightforward, being indicated by
the full global similarity S = 1. However, determining full similarity between cases in FCBR is
challenging due to the characteristic of fuzzy multiplication, where x  x = x © x =
(1,1,1)o0r (0,0,0), as there are no fuzzy numbers, such as 1 and 0 in crisp numbers, where x? =
x. In FCBR, if the local similarity between two cases is assessed to be the maximum value,
“Very High” for both the project type and CWPs’ characteristics, the global similarity between
the two cases is not “Very High”. In the proposed technique, this challenge is addressed by

defining a threshold for full similarity between two cases, named identicality threshold (IT).

In the case study of the risk identification of onshore wind farm projects (see Section 4), IT
was set to “High” similarity, meaning that any risk with a global similarity of “High” or “Very

High” is directly transferred to the retain step. The value of the RT was selected through a trial-
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and-error process based on the following considerations: if more than 20% of the risks retrieved
are irrelevant to onshore wind farm projects, the value of the retrieval threshold needs to be
increased; and if very few risks (i.e., less than 10 risks per work package) retrieved and/or the list
of risks is not comprehensive, the value of the retrieval threshold needs to be decreased. In this
study, the retrieval threshold was set to “Medium” to retrieve any risk factor with the value of
local similarities equal to “High” or higher to onshore wind farm projects. Retrieved risks with a
global similarity less than “High” were revised before being considered as a risk that affects

onshore wind farm projects.

3.4. Revise

In the proposed technique, at the revise step, risks identified from partially similar cases are
investigated in more detail to reduce the inaccuracy of the model. The user/expert may conduct
revisions directly while considering the risk sources and/or project characteristics. For example,
in offshore wind farm projects, delay due to unstable sea conditions is a risk that affects the
installation of wind turbines, and the risk source is the project environment, or more specifically,
the sea conditions. According to high similarity between the two project types of off- and
onshore wind farm projects and the high similarity of the CWP “installation of wind turbines” in
the two projects, this risk may be retrieved by the proposed technique as a potential risk to
onshore wind farm projects. However, this risk cannot be applied to onshore wind farm projects,
since these projects are not developed in open bodies of water. Therefore, the user may remove
this risk in the revise step, and such adding/modifying increases the reliability of the results (i.e.,
the list of identified risks). In the case study presented in Section 4, the authors revised the risks

identified for the different CWPs of onshore wind farm projects.
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3.5 Retain

Finally, the list of identified risks is validated using expert knowledge. The retain step
provides dynamic learning capacity to the proposed risk identification technique, and the
validated list of risks can be used for risk identification in other types of construction projects in
the future. The retain step provides two advantages. First, the risk identification technique
utilizes expert knowledge and does not rely solely on computational algorithms to identify
construction risks; therefore, any errors recognized during the validation process can easily be
corrected by the experts. Second, expanding the technique’s database of construction risks makes
it more robust for identifying risks in new types of construction projects. For verification
purposes, the proposed risk identification technique was applied to a case study of onshore wind

farm projects.
4. Results, Case Study: Onshore Wind Farm Projects

4.1 Developing a database for the proposed risk identification technique

Through an extensive literature review, a database was developed in Microsoft Excel® to
store the risks associated with the target construction projects, which have one or more CWP(s)
in common with the onshore wind farm projects. For this purpose, first, the CWPs of onshore
wind farm projects were extracted from Hao et al. (2019), which identified the following 11
CWPs: pre-construction activities, surveying, turbine foundation, turbine assembly, electrical
collector line, electrical distribution substation, access road and parking lot, stormwater
management system, meteorological tower, dewatering, and operation and maintenance (O & M)
buildings. Next, two common scientific databases, Scopus® and Google Scholar®, were
searched. The name of each CWP was searched in Scopus® to find any journal articles,

conference papers, or technical/engineering reports that in its keywords, abstract, or title that
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include both the CWP name and at least one of the four following terms risk identification, risk
management, risk assessment, or construction risk. The same search methodology was used with
Google Scholar®, but it lacks advanced search options in Google Scholar® for searching within
specific sections of the documents, so the aforementioned terms were searched for within whole
documents. Searches in Scopus® and Google Scholar® were not limited to a specific time
frame, meaning the upper limit for the publication date is 2020 (i.e., the time of conducting this
research), and the earliest paper found was published in 1990. A total of 37 articles were found
that identify risks associated with the CWPs of onshore wind farm projects, yielding a database
inclusive of 347 risks collected from 15 different types of construction projects that have
common CWPs. Table 2 presents the list of 37 articles, the types of construction projects studied,
and risks identified by each article. This model can use risk data (e.g., identified risks, the
severity of risks) from different project types (e.g., subway, road, building, and hydropower
projects). However, in this study, a literature review is used to collect different project data as

input to the model.

Table 2. List of retrieved cases for each CWP.

CWP Type of Project (References)

Onshore wind farm project (Manwell et al. 2006); hydropower project (Baroudi and
Pre-construction McAnulty 2013); highway project (Diab et al. 2017; Vishwakarma et al. 2016); water

activities importation and pipeline project (Kershaw et al. 2009); electricity transmission project
(Sidawi 2012)
] Pipe jacking construction project (Cheng and Lu 2015); highway project (Diab et al. 2017);
Surveying o
electricity transmission project (Sidawi 2012)
Subway projects (Fan et al. 2015; Zhou and Zhang 2011; Zhou et al. 2017); onshore wind
Turbine farm project (Hassanzadeh 2012); road construction project (Amey Comsulting PLC 2016);
foundation bridge construction project (Issa and Ahmed 2014); infrastructure projects-general

(Hosny et al. 2018, Hussein and Goble 2000); hydropower project (Stantec 2017)
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Cwp Type of Project (References)
Onshore wind farm project (Chou and Tu 2011, Mustafa and Al-Mahadin 2018); windmill
Turbine construction project (Sanders and Shapira 2011); on- and offshore wind farm projects
assembly (Canada Wind Energy Association 2018); infrastructure projects-general (Marquez et al.
2014)
Electrical Transmission and distribution line construction (Albert and Hallowell 2013); highway

collector lines

project (Zayed et al. 2008)

Electrical Onshore wind farm project (Hassanzadeh 2012, Canada Wind Energy Association 2018);
distribution hydropower project (Stantec 2017); transmission and distribution line construction
substation (Albert and Hallowell 2013); UHV power transmission construction (Zhao and Guo 2014)

Access road

Highway project (Creedy et al. 2010; Tawalare 2019; Vishwakarma et al. 2016; Zayed et al.
2008)

Infrastructure projects-general (United States Environmental Protection Agency 1991,

Stormwater ) o

Government of Western Australia 2012, Infrastructure Health & Safety Association 2019);
management )

public utilities projects (Jannadi 2008)
Meteorological ~ Telecommunication tower project (Davies 2011, Rosu et al. 2018); modular construction
tower (Li et al. 2013); Infrastructure projects-general (Marquez et al. 2014)
Dewatering Infrastructure projects-general (Government of Western Australia 2012)

o Modular construction project (Li et al. 2013); building projects (Canadian Home Builders’

O & M building

Association 1988, Enshassi et al. 2008, Valipour et al. 2017)

4.2 Implementing the FCBR technique for risk identification

Following the methodology introduced for proposed risk identification technique, as discussed in
section 3.1, the local characteristic of project type was represented using the taxonomy of
construction project types (see Figure 3). Next, the WBS of onshore wind farm projects was
extracted from Hao et al. (2019) to identify the CWP involved in these projects and their relevant
activities. Then, the global similarity index was calculated as discussed in Section 3.2.3, thus
completing the case retrieval step. To automate the process of risk retrieval, a function is

developed in MATLAB® programming language. As noted in section 3.2, RT was set to
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499  “Medium”, and IT was set to “High”. For further clarification, Figure 5 and Figure 6 are
500 presented illustrating global fuzzy numbers for two different thresholds in the turbine foundation

501  work package.
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503 Fig. 5. Retrieved cases for high fuzzy threshold.

27



504
505

506

507

508

509

510

511

512

——Similarity of construction of shaft in subway underground station

~ - Similarity of construction of shaft in pipe jacking projects (pipeline)
Similarity of deep foundation in metro station

—+—Similarity of foundation in on-shore wind farm project

—&—Similarity of pile foundation in bridge projects

0.8 | ——Similarity of continuous flight auger (cfa) piling in infrastructure projects

—=—Similarity of foundation in access road

—4—Similarity of deep foundation in subway underground station

0.7 /= | ~+~-Similarity of substation construction in hydropower projects

--o--Medium similarity

0.9

0.6 —

05—

Membership degree

04—

03—

0.2

0.1

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

Crisp similarty
Fig. 6. Retrieved cases for high fuzzy threshold.

IT was set to “High”, and RT was set to “Medium,” which resulted in retrieving 2 identical
cases and 9 similar cases, respectively. It should be note that those 7 similar and non-identical
cases need to be revised according to the scope of the project; and all retrieved cases for turbine
foundation are related to foundation work packages in different projects, namely, subway,
bridge, road, industrial buildings, and onshore wind farm projects. Following the implementation
of the proposed risk identification technique, a total of 169 risks were identified for the 11 CWPs

of onshore wind farm projects as presented in Table 3.
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513  Table 3. List of risk factors associated with CWP in onshore wind farm projects.

CwWP
(No. of risks)

Risks
(* indicates risks retrieved from identical rather than partially

similar cases)

Pre- (1) *Delay due to public (environmental) protest against wind farm
construction development; (2) *Delay in obtaining permits / long regulatory
activities permitting process; (3) *Land ownership issues (transferring, renting
(15) claims); (4) *Lack of skilled workers; (5) *Delay in delivery times for
materials and equipment; (6) *Difficulty procuring materials and
equipment; (7) *Significant communication problem; (8) Error in
right-of-way; (9) Inadequate reviews of plans by designers and
contractors/design errors; (10) Increased utility relocation costs;
(11) Utility damages by contractors/subcontractors faults in
construction; (12) Presence of cultural/archaeological resources;
(13) Difficulty transferring construction waste and disposal,;
(14) Unavailability of owner engineers on the remote project's site
due to their workload; (15) Delay in the approval of contractor
submissions by the owner
Surveying (1) Inaccurate surveying and layout; (2) Late/erroneous surveys;
4) (3) Inaccuracy of existing utility locations / survey data; (4) Delay in
conducting of field survey by contractor
Turbine (1) *Poor material; (2) *Poor execution of work; (3) *Faulty
Foundation detailing; (4) Longitudinal instability due to rainfall, poor soil, etc.;
61) (5) Foundation deformation; (6) Gushing water and sand; (7) Creation

of preferential pathways through a low-permeability layer, to allow
potential contamination of underlying aquifer; (8) Creation of
preferential pathways, through a low-permeability surface layer, to
allow upward migration of land gas, soil gas, or contaminant vapors
to the surface; (9) Direct contact of site workers and others with

contaminated soil arisings brought to the surface; (10) Direct contact
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CwP
(No. of risks)

Risks
(* indicates risks retrieved from identical rather than partially

similar cases)

of piles or engineered structures with contaminated soil or leachate
causing degradation of pile materials; (11) Driving of solid
contaminants down into an aquifer during pile driving;

(12) Contamination of groundwater and surface waters by concrete,
cement paste, or grout; (13) Overexposure of soil / rainfall
immersion; (14) Leakiness of sealed drill holes; (15) Shallow inserted
depth of diaphragm wall; (16) Waterproof precaution failure;

(17) Poor subsoil; (18) Negative effects of soil reinforcement;

(19) Unsuitable operation; (20) Overloads; (21) Running on uneven
ground; (22) Gyrating too quickly; (23) Using inappropriate tools;
(24) No use for separation materials between piles during casting;
(25) Incorrect preparation / poor choice of casting/curing area;

(26) Poor curing of precast piles; (27) Weak connection between pile
reinforcement and pile edge; (28) Pile arrangement / number of piles
in casting/curing area; (29) Using inappropriate surveying devices to
steer piling machine; (30) Difficulties implementing marks to locate
pile over the water; (31) Poor system of fixing piling machine, e.g.,
using buoy or temporary timber piles; (32) Lack of specialized
laborers running machine; (33) Extreme weather conditions;

(34) Characteristics of waterway section, e.g., channel width, water
velocity; (35) Handling pile in an unsafe manner or from non-specific
lifting places; (36) Distance of transferring pile from casting/curing
area to specified pile location; (37) Inability of pile to bear stresses
resulting from handling process; (38) Differences between soil boring
report and soil nature; (39) Machine or pile not vertical; (40) Non-
suitability of hammer distance and driving rate for pile;

(41) Collapsing of pile head due to not using a cushion to absorb the
driving energy; (42) Stopping during driving a certain pile;
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CwP
(No. of risks)

Risks
(* indicates risks retrieved from identical rather than partially

similar cases)

(43) Environmental problems due to driving, e.g. noise or steam,;
(44) Problems due to site conditions, e.g., railway adjacent to site;
(45) Lack of follow-up / slow decision-making during driving
process; (46) Major events, e.g., earthquakes, wars, revolution;

(47) Improper/inadequate soil assessment; (48) Delay in designer’s
response; (49) Poor communication with project stakeholders;

(50) Insufficient organizational structure; (51) Poor qualification of
staff; (52) Delay in inspection/testing; (53) Delay in approval of
contractor’s submittals; (54) Ineffective decision-making; (55) Labor
mistakes, rework, and idle times; (56) Labor shortage; (57) Labor
conflicts/disputes; (58) Safety issues; (59) Labor cost fluctuations;
(60) Lack of managerial skills; (61) Low credibility

Turbine

assembly

(11)

(1) *Missing information / inconsistencies in installation document;
(2) *Bolt had insufficient strength due to bolt quality;

(3) *Insufficient torsion applied to bolt due to human error; (4) *Lack
of qualified labor; (5) *Inconstancies between parties’ documents
(e.g., torsion magnitude in owner’s and contractor’s inspection
documents); (6) *Transportation of wind turbine parts via public and
access roads; (7) *Slipping risk; (8) *Tripping risk; (9) *Falling risk;
(10) Reduction in crane capacity due to wind; (11) Improper ground

connection

Electrical

collector lines

(1) Electrocution; (2) Sub-contractor delays; (3) Weather / natural

causes of delay; (4) Rock encountered; (5) Extra cost due to remote

(5) location

Electrical (1) Poor material; (2) Poor execution of work; (3) Faulty detailing;
distribution (4) *Errors/omissions in construction documents; (5) *Issues with
substation

circuit switcher after long-term storage in substation; (6) *Moisture
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CwP
(No. of risks)

Risks
(* indicates risks retrieved from identical rather than partially

similar cases)

(12)

content in transformer oil after long-term storage in substation;

(7) *Electrical outage/failure construction; (8) *Delays due to
unforeseeable site conditions; (9) *Delays due to equipment
transportation; (10) Improper ground connection; (11) Environmental

risk of SF6 circuit breakers; (12) Electrocution risk

Access road

21)

(1) Lack of design quality; (2) Lack of expert human resources;

(3) Schedule delay due to rejection of unqualified materials;

(4) Schedule delay due to late delivery of materials; (5) Inadequate
labor/skill availability; (6) Changed orders due to political pressure;
(7) Delay due to lawsuits by landowner’s for higher compensation;
(8) Labor absenteeism; (9) Delay due to rain / weather causes;

(10) Uncertain construction market conditions; (11) Contractor
productivity issues; (12) Uncertainty in horizontal alignment;

(13) Improper basic parameters; (14) Construction in hilly region;
(15) Uncertainty in landscaping activities; (16) Uncertain land
acquisition cost; (17) Uncertain land acquisition schedule; (18) Fuel
availability/price; (19) Local disturbances; (20) Quality of
construction/product; (21) Access road closure due to weather

condition (spring and winter)

Stormwater (1) Collapsing trench wall due to rainy weather; (2) Failure/collapse

management of soil in trench due to material/equipment too near edge; (3) Damage

(5) to existing utilities during excavation; (4) Unskilled or untrained
equipment operators, workers, and foremen; (5) Insufficient,
improper, and/or non-existent shoring system

Meteorological (1) Missing information and inconsistencies in the installation

tower document; (2) Bolt had insufficient strength due to bolt quality;

(19) (3) Insufficient torsion applied to bolt due to human error; (4) Lack of

qualified labor; (5) Inconstancies between parties’ documents (e.g.,
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515

516

517

CwP
(No. of risks)

Risks
(* indicates risks retrieved from identical rather than partially

similar cases)

torsion magnitude in the owner’s and contractor’s inspection
documents); (6) Slipping risk; (7) Tripping risk; (8) Falling risk;

(9) Insufficient rigging plan; (10) Inadequate reinforcement for
construction loads; (11) Guy wire slippage; (12) Tower failure due to
ice / wind with ice; (13) Installation flaw; (14) Hurricanes, tornadoes,
straight-line winds; (15) Anchor failure; (16) Corrosion of anchor;
(17) Tower failure; (18) Delays due to wind; (19) Reduction in crane

capacity due to wind

Dewatering

)

(1) Loss of existing environmental value linked to receiving waters;
(2) Poses significant threat to aquatic fauna/flora, especially in
sensitive environments; (3) Soil erosion or local flooding; (4) Harm to
native vegetation (via flooding or toxicity); (5) Erosion of structures
or services; (6) Sediment build-up in drains, waterways, or wetlands;
(7) Significant change of PH in soil, surface water, or groundwater;
(8) Leaching of contaminant in concentrations likely to harm
downstream water values; (9) Settlement due to incorrect or

inappropriate dewatering

oO&M
building

(7)

(1) Rushed design; (2) Gaps between implementation and
specifications due to misinterpretation of drawings; (3) Lower work
quality due to time constraints; (4) Delayed dispute resolutions;

(5) Unmanaged cash flow; (6) Environmental factors; (7) New

governmental acts or legislations

The results of this study reveal that among the 11 CWPs of onshore wind farm projects, the
largest number of risks are associated with “turbine foundation” with 61 risks. Moreover, the
risks that are common among several CWPs are: “harsh weather conditions,” which affects 8

CWPs; and “lack of skilled workers,” which affects 6 CWPs.
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Piney (2003) suggested checking the risk factors against the scope of each CWP to validate
the list of risks identified per CWP. In this paper, the proposed method was used to validate the
risks identified for onshore wind farm projects; for illustrative purposes, two CWPs, “electrical
distribution substation” and “meteorological tower,” were used to demonstrate the validation

process of the RBM presented in Table 3.

The first CWP, is the electrical distribution substation, which is common between different
types of power plant projects since (in addition to generating power and transforming it into
electricity) it is required to distribute power within the power network. Five cases were retrieved
for the identification of risks affecting this CWP from different projects: onshore wind farm,
hydropower, transmission and distribution line construction, and UHV power transmission
construction projects. The onshore wind farm cases considered safety risks as well as risks
associated with the foundation of an electrical distribution substation. The hydropower case only
considered risks related to electrical equipment. The rest of the cases consider generic risks such
as poor material, faulty detailing, and poor execution. Some risks were common between all

cases, namely, electrocution risk and improper ground connection.

The second CWP investigated in this paper is the meteorological towers, which commonly
have a very high ratio of tower height to tower width (i.e., width measured at the very bottom of
the cross-section of towers). Therefore, these types of structures are prone to structural risks
caused by horizontal forces (i.e., wind force, earthquakes), and one of the few options available
for addressing these risks is to support the structures with structural cables connected to the
ground with anchors. The main function of this type of tower is carriage of measurement
instruments. Four cases were retrieved for the identification of risks affecting this CWP from

different projects: telecommunication towers, modular construction, and UHV power
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transmission construction project. A telecommunication tower project has the same functionality
and construction method as a meteorological tower. So, the risks retrieved from a
telecommunication tower are related to structural failure of the meteorological tower of onshore
wind farm projects. The rest of the cases for the CWP consider installation failure due to wind

and unqualified labor.

5. Discussion

The use of FCBR for developing the proposed risk identification technique enables the
user/expert to customize the linguistic terms and fuzzy numbers for different project types. It
also enables the user/expert to understand the reasoning behind the risk identification process
and to justify the selection of each risk. Table 4 presents a comparison of the proposed risk
identification technique with some other common risk identification techniques (noted in

section 1).

Table 4. Comparison of proposed FCBR risk identification technique to other techniques.

Q
=
=2
Method 5 z 5 - 2 o
8 i E *‘Q—' L
8 0] Q -
% = = = < g
b= = = L
5 g = o o | & 3
iteri R = o = 2] e <
Criterion 3 i A A O & O
Capturing subjective uncertainty - - — - — v
Low reliance on historical data - v v 4 v v
of the project
Quantitative analysis - - - - v v
Low reliance on expert - — - - v v
knowledge
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Less challenging process v v v 4

Flexibility to customize method v 4 v - — v
for different project types and

stages

Considering all identified risks - v v - v v
of other project types.

The proposed technique is less challenging than the literature review method, because once a
database is developed for FCBR, the same database can be re-used for other types of projects,
which is not the case for the literature review. Moreover, for the risk identification of novel
construction projects, the proposed technique is superior to the literature review method since it
deals with challenges associated with historical data scarcity by using historical data collected
from all different types of construction projects. Acquiring expert knowledge is time-consuming
and expensive, so the proposed technique’s low reliance on expert knowledge makes it faster and
cheaper to implement compared to methods that rely solely on expert knowledge, namely expert
interview, Delphi, and SWOT. The proposed technique also captures subjective uncertainty by
defining similarities between two cases using linguistic terms. As a result, FCBR can define the
partial similarity between projects, which means that it considers a wider range of projects and

generates more comprehensive results compared to CBR.

Compared to the FCBR risk identification technique introduced by Somi et al. (2020), the
proposed technique in this study first uses the extension principle to eliminate the problem of
overestimation of uncertainty in global similarity. Further, using fuzzy distance measures and
fuzzy thresholds of similarity and identicality rather than crisp ones enhances the model
performance, since it avoids information loss due to the defuzzification of fuzzy numbers

(Pedrycz 2017). Figure 6 illustrates that using fuzzy thresholds instead of crisp value results in
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retrieving cases that are more similar to the target case, such as the construction of shaft cases.
The cases graphically have defuzzifed values less than 0.5, but using fuzzy distances results in
retrieval of those cases. Moreover, fuzzy thresholds increase the flexibility of the model by

allowing the user/expert to use linguistic terms to modify the model.

For further investigation regarding the validity of the proposed risk identification technique
and to illustrate its flexibility, sensitivity analysis was performed to determine the sensitivity of
the results to the changes in the parameters of the Tversky similarity index, presented in
Equation (2) (see Section 3.2.2). The two parameters of the Tversky similarity index are a, § €
[0, 1]; to test the sensitivity of the proposed technique per these parameters, the values of & and
B were changed between the two extreme points: « = 0.0and f = 1.0;and ¢ = 1.0and =
0.0. Then, for each case, CWPs that were found to be similar to onshore wind farm projects were

retrieved from the database. The results are presented in Table 5.

Table 5. Different retrieved cases regarding a, B in Tversky similarity.

Tversky
Fuzzy CWP
parameters Retrieved CWPs o
similarity
values
Deep foundation in metro station Very High
Foundation in onshore wind farm project Very High
Pile foundation in bridge projects Very High
Scenario 1: ) . o . .
Continuous flight auger (CFA) piling construction in all Very High
a=20.0
infrastructure projects
g =1.0 )
Foundation in access road Very High

Excavation in electrical transmission and distribution projects Very High

Deep foundation in subway underground station Very High
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Substation construction in hydropower projects Very High

Construction of shaft in subway underground station Very High
Construction of shaft in pipe jacking projects (pipeline) Very High
Deep foundation in metro station Very High

Foundation in onshore wind farm project Very High

Scenario 2: .
Pile foundation in bridge projects Very High

a=1.0
Continuous flight auger (CFA) piling construction in all Very High
p=0.0 infrastructure projects
Foundation in access road Very High
Deep foundation in subway underground station Very High
High

Substation construction in hydropower projects

Per Section 3.2.2, to compare two CWPs S and P, a and f are the two parameters for defining
the importance of exclusive activities of § and exclusive activities of P, respectively. In other
words, for a = 0.0, f = 1.0, the Tversky similarity index ignores the exclusive activities involved
in CWP S and not involved in CWP P, which is the case when § is more general (i.e., of a higher
level in WBS) compared with CWP P. Conversely, for a = 1.0, f# = 0.0, the Tversky similarity
index ignores the exclusive activities involved in CWP P and not involved in CWP S. According
to the results presented in Table 5, a higher value for a results in retrieving more cases, where 9
cases were retrieved in scenario 1, and 8 cases were retrieved in scenario 2. However, a small
value for f§ can cause negligence regarding the characteristics of the CWPs involved in other
types of construction projects and would calculate a biased similarity value. Furthermore, using a
= 0.5, = 0.5 results in the same retrieved cases (refer to Table 3) but with lower similarity

values.
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In addition to the theoretical contributions of this paper, the proposed risk identification
technique provides a practical tool for risk identification practices in real-world construction
projects. For successful and efficient implementation of the proposed technique in practice, two
things need to be developed: a large database of construction projects with a structured hierarchy
of characteristics that determine the similarity of the projects, and a comprehensive risk list of
the construction projects included in the database. The development of such a database within an
organization facilitates the risk identification process for multiple projects, making the process
more efficient. Moreover, the development of an open-source, online database (e.g., a data
repository) is also recommended in order to enable different users to contribute to the database

and to develop the most comprehensive set of project types and construction risks.

6. Conclusions and Future Work

Risk identification is the first stage in risk management practice, and the successful delivery
of construction projects is highly dependent on the precise identification of the risks associated
with them. However, construction risk identification is challenging in novel types of construction
projects, since these projects are not comprehensively studied in the literature and limited
historical data are available for them. To address this challenge, a new risk identification
technique is introduced in this paper that uses FCBR to determine the similarity between novel
types of construction projects and projects that are well-studied in the literature and identifies the
risks associated with novel types of construction projects based on such similarities. To confirm
the applicability of the proposed technique, it was used to identify risks associated with the
construction of onshore wind farm projects. Despite the scarcity of historical data and lack of
ample research on these projects, an RBM consisting of 169 risk factors was developed for the

construction of onshore wind farm projects. Moreover, this paper advances the state-of-art of
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FCBR by using fuzzy numbers to define similarities between the different cases to: (1) improve
the interpretability of the model by using linguistic terms for the reasoning process; and (2)
increase the flexibility of the model by allowing the user/expert to use linguistic terms to modify
the model. The findings of this paper reveal that the capacity of FCBR for capturing partial
similarity between two cases improves the model’s accuracy and comprehensiveness compared

to CBR.

This study represented validation by comparing the scope of each CWP with identified risks.
In future research, a survey will be conducted with construction experts to validate the RBM
developed for onshore wind farm projects and assess the accuracy of the proposed technique
based on the construction experts’ opinions. Moreover, to further validate the proposed
technique, the results of this study will be compared with other types of information-based
techniques such as ontology-based risk identification. In this paper, the proposed risk
identification technique solely relied on two characteristics to determine similarities. In future
research, other characteristics of construction projects will be utilized and a hierarchy of project
characteristics will be developed for determining the similarities in the proposed risk
identification technique. Finally, the proposed risk identification technique will be extended by
implementing weighted aggregation methods for determining global similarity between different
types of construction projects. The application of weighted aggregation methods increases the
flexibility of the proposed technique by incorporating the relative importance of each local
characteristic in calculation of the global similarity index. Following the aforementioned
theoretical extensions to the proposed risk identification technique, it will be applied to other
kinds of renewable energy projects, including solar panel projects, and RBMs will be developed

for those projects.

40



643

644

645

646

647

648

649

650

651

652

653

654

655

656

657

658

659

660

661

662

663

664

7. Acknowledgments

As a part of the University of Alberta’s Future Energy Systems research initiative, this research
was made possible in part thanks to funding from the Canada First Research Excellence Fund,

grant number FES-T11-PO01, held by Dr. Aminah Robinson Fayek.

8. References

Aamodt, A., Plaza, E. 1994. Case-based reasoning : foundational issues, methodological
variations, and system approaches. Al Commun. 7(1), 39-59. https://doi.org/ 10.3233/AIC-

1994-7104.

Abutair, H., Belghith, A., AlAhmadi, S. 2019. CBR-PDS: a case-based reasoning phishing
detection system. J. Ambient Intell. Hum. Comput. 10(7), 2593-2606.

\https://doi.org/10.1007/s12652-018-0736-0.

Alavi, H., Nadir, S.L. 2020. Risk analysis in construction phase of oil and gas projects: a critical
literature review. Multidiscip. Asp. Prod. Eng. 3(1), 668—680. https://doi.org/10.2478/mape-

2020-0056.

Albert, A., Hallowell, M.R.. 2013. Safety risk management for electrical transmission and
distribution line construction. Saf. Sci. 51(1), 118-126.

https://isiarticles.com/bundles/Article/pre/pdf/801.pdf.

Amey Consulting, PLC. 2016. Foundation works risk assessment.

https://apps2.staffordshire.gov.uk/SCC/TrimDocProvider/?ID=003/07/06/04/65646

An, S., Kim, G., Kang, K. 2007. A case-based reasoning cost estimating model using experience
by analytic hierarchy process. Build. Env. 42(7), 2573-2579.

https://doi.org/10.1016/j.buildenv.2006.06.007.

41



665

666

667

668

669

670

671

672

673

674

675

676

677

678

679

680

681

682

683

684

685

686

Baroudi, B., McAnulty, S. 2013. Management of remote construction projects: The Australian
experience. Int. J. Constr. Manag. 13(2), 1-12.

https://doi.org/10.1080/15623599.2013.10773208.

Canada Wind Energy Association. 2018. Best practices for wind power facility electrical safety.
https://canwea.ca/wp-content/uploads/2018/10/CanWEA-Electrical-Safety-Best-Practices-

Web.pdf

Canadian Home Builders’ Association (CHBA). 1988. Concrete foundations.

http://publications.gc.ca/collections/collection_2016/schl-cmhc/NH17-73-1988-eng.pdf

Cheng, M., Lu, Y. 2015. Developing a risk assessment method for complex pipe jacking
construction projects. Autom. Const. 58, 48—59.

https://doi.org/10.1016/j.autcon.2015.07.011.

Chou, J.-S., Tu, W.-T. 2011. Failure analysis and risk management of a collapsed large wind
turbine tower. Eng. Fail. Anal. 18(1), 295-313.

https://doi.org/10.1016/j.engfailanal.2010.09.008.

Creedy, G.D., Skitmore, M. , Wong, J.K.W. 2010. Evaluation of risk factors leading to cost
overrun in delivery of highway construction projects. J. Constr. Eng. Manag. 136(5), 528—

537. https://doi.org/10.1061/(ASCE)C0.1943-7862.0000160.

Davies, D.K. 2011. North American tower failure: causes and cures. Upublished report by

Consolidated Engineering Inc., Evansville, Indiana.

Diab, M.F., Varma, A., Panthi, K. 2017. Modeling the construction risk ratings to estimate the
contingency in highway projects. J. Constr. Eng. Manag. 143(8), 04017041.

https://doi.org/10.1061/(ASCE)CO.1943-7862.0001334.

42



687

688

689

690

691

692

693

694

695

696

697

698

699

700

701

702

703

704

705

706

707

708

Ehtesham, H., Safdari, R., Mansourian, A., Tahmasebian, S., Mohammadzadeh, N., Pourshahidi,
S. 2019. Developing a new intelligent system for the diagnosis of oral medicine with case-
based reasoning approach. Oral Diseases 25(6), 1555-1563.

https://doi.org/10.1111/0di.13108.

Enevoldsen, P. 2016. Onshore wind energy in northern European forests: reviewing the risks.

Renew. Sust. Ener. Rev. 60, 1251-1262. https://doi.org/10.1016/j.rser.2016.02.027.

Enshassi, A., Mohamed, S., Mosa, J.A. 2008. Risk management in building projects in
Palestine : Contractors ’ perspective. Emirates J. Eng. Res. 13(1), 29-44.

http://hdl.handle.net/10072/23623.

Etemadinia, H., Tavakolan, M. 2018. Using a hybrid system dynamics and interpretive structural
modeling for risk analysis of design phase of the construction projects. Int. J. Constr.

Manag. 1-20. https://doi.org/10.1080/15623599.2018.1511235.

Fan, Z., Li, Y., Zhang, Y. 2015. Generating project risk response strategies based on CBR: a case

study. Expert Syst. Appl. 42(6), 2870—2883. https://doi.org/10.1016/j.eswa.2014.11.034.

Fera, M., Iannone, R., Macchiaroli, R., Miranda, S. 2012. Cost analysis in small wind projects. /n

8th International DAAAM Baltic Conference: Industrial Engineering.

Fera, M., Macchiaroli, R., Fruggiero, F., Lambiase, A. 2017. Risks prioritization in decision
making for wind energy investments using analytic network process (ANP). Int. J. App.

Eng. Res. 12(10), 2567-2573.

Finlay-Jones, R. 2007. Putting the spin on wind energy: risk management issues in the
development of wind energy projects in Australia. Australian J. Multi-Disciplinary Eng.

5(1), 61-68. https://doi.org/10.1080/14488388.2007.11464757.

43



709  Forbes, D., Smith, S., Horner, M., Forbes, D., Smith, S., Horner, M. 2010. Tools for selecting
710 appropriate risk management techniques in the built environment. Const. Manag. Econ.

711 https://doi.org/10.1080/01446190802468487.

712 Gao, S., Low, S.P. 2014. The last planner system in china’s construction industry — A SWOT
713 analysis on implementation. Int. J. Proj. Manag. 32(7), 1260-1272.

714 https://doi.org/10.1016/j.ijproman.2014.01.002.

715 Gerami Seresht, N., Fayek, A.R. 2019. Computational method for fuzzy arithmetic operations on
716 triangular fuzzy numbers by extension principle. Int. J. Approx. Reason. 106, 172—-193.

717 Elsevier. https://doi.org/10.1016/j.ijar.2019.01.005.

718  Goh, Y.M., Chua, D.K.H. 2009. Case-based reasoning for construction hazard identification:
719 case representation and retrieval. J. Const. Eng. Manag. 135(11), 1181-1190.

720 https://doi.org/10.1061/(ASCE)CO.1943-7862.0000093.

721  Goh, Y.M., and Chua, D.K.H. 2010. Case-based reasoning approach to construction safety
722 hazard identification: adaptation and utilization. J. Constr. Eng. Manage. 136(2), 170-178.

723 https://doi.org/10.1061/(ASCE)CO.1943-7862.0000116.

724 Government of Western Australia. 2012. Dewatering of soils at construction sites.

725 https://www.water.wa.gov.au/data/assets/pdf file/0010/4024/104029.pdf.

726  Guo, S., L1, J., Liang, K., Tang, B. 2019. Improved safety checklist analysis approach using
727 intelligent video surveillance in the construction industry: a case study. Int. J. Occup. Saf.

728 Ergon. 1-12. https://doi.org/10.1080/10803548.2019.168578]1.

729  Hao, Y., Kedir, N.S., Gerami Seresht, N., Pedrycz, W., and Fayek, A.R. 2019. Consensus

730 building in group decision-making for the risk assessment of wind farm projects, in: 2019

44



731

732

733

734

735

736

737

738

739

740

741

742

743

744

745

746

747

748

749

750

751

752

IEEE International Conference on Fuzzy Systems (FUZZ-1EEE), IEEE, pp. 1-7.

Hassanzadeh, M. 2012. Cracks in onshore wind power foundations: causes and consequences.

Unpublished report, submitted to Elforsk AB, January 2012.

Hillson, D. 2003. Using a risk breakdown structure in project management. J. Fac. Manag.

https://doi.org/10.1108/14725960410808131.

Hillson, D., Grimaldi, S., Rafele, C. 2006. Managing project risks using a cross risk breakdown

matrix. Risk Management 8(1), 61-76. https://doi.org/10.1057/palgrave.rm.8250004.

Hosny, H.E., Ibrahim, A.H., Fraig, R.F. 2018. Risk management framework for continuous flight
uuger piles construction in Egypt. Alexandria Engineering Journal 57(4), 2667-2677.

https://doi.org/10.1016/j.2ej.2017.10.003.

Hu, X., Xia, B., Skitmore, M., Chen, Q. 2016. The application of case-based reasoning in
construction management research: an overview. Autom. Constr. 72, 65-74.

https://doi.org/10.1016/j.autcon.2016.08.023.

Hubbard, D.W. 2020. The limits of expert knowledge,in: The Failure of Risk Management: Why

It's Broken and How to Fix It. Wiley, Hoboken, New Jersey, pp. 135-162.

Hussein, M.H., Goble, G.G. 2000. Structural failure of pile foundations during installation.
Construction Congress VI, February 20-22, 2000, Orlando, Florida, United States, 799—

807. https://doi.org/10.1061/40475(278)84.

Infrastructure Health & Safety Association (IHSA). 2019. Trenching, in: Construction Health

and Safety Manual. https://www.ihsa.ca/pdfs/safety manual/Trenching.pdf

IRENA (International Renewable Energy Agency). 2018. Global energy transformation: a

roadmap to 2050.
45



753  IRENA (International Renewable Energy Agency). 2019. Renewable energy capacity statistics

754 2019.

755  ISO (International Organization for Standardization). 2016. Risk management principles and

756 guideline (ISO 31000). International Standard Organization, Geneva, Switzerland.

757  Issa, U.H., Ahmed, A. 2014. On the quality of driven piles construction based on risk analysis.

758 Int. J. Civ. Eng. 12(2B), 88-96. http://ijjce.iust.ac.ir/article-1-861-en.html.

759  Jannadi, O.A. 2008. Risks associated with trenching works in Saudi Arabia. Build. Env. 43(5),

760 776-781. https://doi.org/10.1016/j.buildenv.2007.01.034.

761  Jin, R, Han, S., Hyun, C., Cha, Y. 2016. Application of case-based reasoning for estimating
762 preliminary duration of building projects. J. Constr. Eng. Manag. 142(2), 04015082.

763 https://doi.org/10.1061/(ASCE)CO.1943-7862.0001072.

764  Kershaw, D., Kotey, T., Johnson, R.. 2009. Challenges in the design and construction of water

765 importation projects. Pipelines Specialty Conference 2009, American Society of Civil
766 Engineers, August 15-19, 2009, San Diego, California, United States, 631-640.
767 https://doi.org/10.1061/41069(360)58.

768  Khatwani, G., Singh, S.P., Trivedi, A., Chauhan, A. 2015. Fuzzy-TISM: A fuzzy extension of
769 TISM for group decision making. Glob. J. Flex. Syst. Manag. 16(1), 97-112.

770 https://doi.org/10.1007/s40171-014-0087-4.

771  Kolodner, J.L. 1992. An Introduction to case-based reasoning. Artif. Intell. Rev. 6, 3-34.

772 https://doi.org/10.1136/bm;j.4.5576.398.

773  Li, H.X., Al-Hussein, M., Lei, Z., Ajweh, Z. 2013. Risk identification and assessment of modular

774 construction utilizing fuzzy analytic hierarchy process (AHP) and simulation. Can. J. Civ.

46



775

776

777

778

779

780

781

782

783

784

785

786

787

788

789

790

791

792

793

794

795

796

Eng. 40(12), 1184-1195. https://doi.org/10.1139/cjce-2013-0013.

Lu, J., Bai, D., Zhang, N., Yu, T., Zhang, X. 2016. Fuzzy case-based reasoning system. App. Sci.

6(7), 189. https://doi.org/10.3390/app6070189.

Manwell, J.F., MacLeod, J., Wright, S., DiTullio, L., McGowan, J.G. 2006. Hull Wind II: a case
study of the development of a second large wind turbine installation in the Town of Hull,

MA. American Wind Energy Association. Windpower 2006 Conference, June, 20 pages.

Marie, F., Corbat, L., Chaussy, Y., Delavelle, T., Henriet, J., Lapayre, J.C. 2019. Segmentation
of deformed kidneys and nephroblastoma using case-based reasoning and convolutional
neural network. Expert Syst. Appl. 127, 282-294.

https://doi.org/10.1016/j.eswa.2019.03.010.

Marquez, A.A., Venturino, P., Otegui, J.L. 2014. Common root causes in recent failures of

cranes. Eng. Fail. Anal. 39, 55-64. https://doi.org/10.1016/j.engfailanal.2014.01.012.

Mustafa, A.M., Al-Mahadin, A. 2018. Risk assessment of hazards due to the installation and
maintenance of onshore wind turbines, in: Proceedings, 2018 Advances in Science and
Engineering Technology International Conferences (ASET), 1-7. IEEE.

https://doi.org/10.1109/ICASET.2018.8376789.
Pedrycz, W. 2017. Granular computing: analysis and design of intelligent systems. CRC press.

Perrenoud, A.J. 2018. Delphi approach to identifying best practices for succession planning
within construction firms. Int. J. Constr. Educ. Res. 1-14.

https://doi.org/10.1080/15578771.2018.1544950.

Piney, C. 2003. Risk identification: combining the tools to deliver the goods. Paper presented at
PMI® Global Congress 2003—EMEA, The Hague, South Holland, The Netherlands.

47



797

798

799

800

801

802

803

804

805

806

807

808

809

810

811

812

813

814

815

816

817

818

Newtown Square, PA: Project Management Institute.
PMI. 2016. A guide to the project management body of knowledge. PMBOK Guide.

Rafele, C., Hillson, D., Grimalai, S. 2005. Understanding project risk exposure using the two-

dimensional risk breakdown matrix. 2005 Project Management Institution Global Congress.

REN21 (Renewable Energy Policy Network for the 21st Century). 2018. Renewable 2018 Global

Status Report.

Richter, M.M., Weber, R.O. 2013. Case-based reasoning. Springer Berlin Heidelberg, Berlin,

Heidelberg.

Rodriguez, E., Edwards, J.S. 2014. Knowledge management in support of enterprise risk
Management. Int. J. Knowl. Manag. 10(2), 43-61.

https://doi.org/10.4018/ijkm.2014040104.

Rosu, S.M., Rosu, L., Dragoi, G., Pavaloiu, I.B. 2018. Risk assessment of work accidents during
the installation and maintenance of telecommunication networks. Environ. Eng. Manag. J.

14(9), 2169-2176. https://doi.org/10.30638/eem;.2015.231.

Sanders, S.A., Shapira, A.. 2011. Windmill erection and maintenance: challenges for crane
design. J. Constr. Eng. Manag. 137(10), 777-784. https://doi.org/10.1061/(ASCE)CO.1943-

7862.0000337.

Sidawi, B. 2012. Management problems of remote construction projects and potential IT
solutions: the case of Kingdom of Saudi Arabia. Journal of Information Technology in

Construction (ITcon) 17, 103—120. https://www.itcon.org/2012/7.

Siraj, N.B., Fayek, A.R. 2019. Risk identification and common risks in construction: literature

review and content analysis.J. Constr. Eng. Manag. 145(9), 03119004.
48



819

820

821

822

823

824

825

826

827

828

829

830

831

832

833

834

835

836

837

838

839

840

https://doi.org/10.1061/(ASCE)CO.1943-7862.0001685.

Somi, S., Gerami Seresht, N., Fayek, A.R. 2020. Framework for risk identification of renewable
energy projects using fuzzy case-based reasoning. Sustainability 12(13), 5231.

https://doi.org/10.3390/su12135231.
Stantec. 2017. Hawkesbury Hydro 115kV Substation Budget and Construction Review.

Tan, Y. 2006. A case-based reasoning approach to improve risk identification in construction.

The University of Leeds School.

Tawalare, A. 2019. Identification of risks for Indian highway construction. IOP Conference
Series: Materials Science and Engineering, 471 (10).

https://iopscience.iop.org/article/10.1088/1757-899X/471/10/102003

United Nations. 2015. Central product classification. United Nations Statistics Division, New

York.

United States Environmental Protection Agency. 1991. Construction site stormwater discharge

control. https://www3.epa.gov/npdes/pubs/owmO017.pdf

Valipour, A., Yahaya, N., Md Noor, N., Antuchevicien¢, J., Tamosaitiene, J.. 2017. Hybrid
SWARA-COPRAS method for risk assessment in deep foundation excavation project: an
Iranian case study. J. Civ. Eng. Manag. 23(4), 524-532.

https://doi.org/10.3846/13923730.2017.1281842.

Vishwakarma, A., Thakur, A., Singh, S., Salunkhe, A.. 2016. Risk assessment in construction of
highway project. Int. J. Eng. Res. Technol. 5(2), 637-642. https://www.ijert.org/risk-

assessment-in-construction-of-highway-project.

Watson, I. 1999. Case-based reasoning is a methodology not a technology.Knowl. Based Syst.
49



841

842

843

844

845

846

847

848

849

850

851

852

853

854

855

856

857

858

859

860

861

862

12(5-6), 303-308. https://doi.org/10.1016/S0950-7051(99)00020-9.

Xie, J., Zeng, W., Li, J., Yin, Q. 2019. Similarity measures of generalized trapezoidal fuzzy
numbers for fault diagnosis. Soft Comput. 23(6), 1999-2014. Springer Berlin Heidelberg.

https://doi.org/10.1007/s00500-017-2914-y.

Zadeh, L. 1965. Fuzzy sets. Inf. Control. 8(3), 338-353. https://doi.org/10.1016/S0019-

9958(65)90241-X.

Zayed, T., Amer, M., Pan, J. 2008. Assessing risk and uncertainty inherent in Chinese highway
projects using AHP. Int. J. Proj. Manag. 26(4), 408-419.

https://doi.org/10.1016/j.ijproman.2007.05.012.

Zhao, H., Guo, S. 2014. Risk evaluation on UHV power transmission construction project based
on AHP and FCE method. Math. Probl. Eng. 2014, 14 pages.

https://doi.org/10.1155/2014/687568.

Zhou, H., Zhang, H. 2011. Risk assessment methodology for a deep foundation pit construction
project in Shanghai, China. J. Constr. Eng. Manag. 137(12), 1185-1194.

https://doi.org/10.1061/(ASCE)CO.1943-7862.0000391.

Zhou, Y., Su, W., Ding, L., Luo, H., Love, P.E.D. 2017. Predicting safety risks in deep
foundation pits in subway infrastructure projects: support vector machine approach. J.

Comput. Civ. Eng. 31(5), 04017052. https://doi.org/10.1061.

Zima, K. 2015. The use of fuzzy case-based reasoning in estimating costs in the early phase of
the construction project. AIP Conference Proceedings 1648, 600010.

https://doi.org/10.1063/1.4912842.

Zuo, Y.Z.,Sun, J.B., Lu, Q.Z., Teng, H.W., Zhang, T., Liu, H. 2014. Case fuzzy retrieval of

50



863 reinforced concrete structures accidents based on CBR. Appl. Mech. Mater. 501-504, 568—

864 573. https://doi.org/10.4028/www.scientific.net/ AMM.501-504.568.

51



