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Abstract: Selecting the appropriate temporary facilities is important for reducing cost and improving
the productivity and safety of craft professionals in construction projects. However, the manual
planning process for scaffolding systems is typically prone to inefficiencies. This paper aims to
develop a knowledge-based framework for a scaffolding decision support system for industry.
An integrated two-phase system was established, including a technical evaluation module and a
knowledge-based module. First, the system identifies feasible scaffolding alternatives from the
database through a rule-based algorithm. Second, a knowledge-based module was designed to
assess the alternative performance. The framework effectively generated the ranking of scaffolding
alternatives, and the top three influential factors were identified, including the site accessibility,
protection to workers and health risk. Thus, an application study of an industrial steel project
was proffered to validate the effectiveness of the framework. The proposed framework may help
decision-making regarding the implementation of temporary facility planning in industry practices.
It has wider applicability because it simultaneously considers site conditions, productivity, safety,
and financial benefits, and is designed and implemented through a computerized path. The paper
contributes to the industry by developing an integrated decision support system for temporary
facilities. Additionally, the practical contribution of this research is the provision of an optimized
scaffolding planning method that could be utilized as a guide when implementing the decision
support system.

Keywords: knowledge-based system; multi-criteria assessment; fuzzy theory; temporary facility;
decision support system

1. Introduction

The performance of construction projects is significantly influenced by labor crews
and related resources [1,2]. Among these resources, scaffolding systems are one of the most
critical temporary structures which provide essential workspace to assist task execution
and further improve the overall performance in construction projects [3,4]. Multiple types
of scaffolding systems, such as scissor lift, vertical lift, telescopic lift, and system scaffolding,
can be applied according to the complex job conditions. Meanwhile, onsite construction
activities, such as bolting and welding, require the appropriate type of scaffolding systems
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to support them [5]. However, selecting the optimal type and model of scaffolding is
a labor-intensive planning process, which requires the assessment of a set of different
quantitative and qualitative criteria. These criteria reflect construction productivity, safety,
cost and other performance goals [6-8]. To improve planning efficiency, there is a need for
an automated model to assist planners to select the appropriate type of scaffolding system.
However, current planning lacks effective approaches for evaluation of massive information
and data, such as technical data and knowledge. The industry still heavily relies on manual
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evaluation, which triggers the need for automatic decision models that would help planners
to evaluate the performance of different scaffolding systems for application.

A literature review shows that a limited amount of research has been conducted on
this problem. Akinci et al. [9] proposed a prototype system presenting spatial differences
of three types of temporary structures, i.e., scissor lift, swing stage and tube and coupler
scaffolding, considering safety and other performance objectives in order to assist scaffold-
ing planning. Fang et al. [10] proposed a method for comparison of safety performance
between two types of scaffolding: bamboo scaffolding and metal scaffolding. The results
are determined through the calculation of the average accidents risk criterion. Kim and
Ahn [11] developed a safety assessment system through a BIM-based approach, which was
capable of identifying different types of temporary facilities and determining the location
of scaffolds to enhance safety.

To consider more criteria and integrate expert knowledge into scaffolding decision
practices, more effective approaches have been developed. Kim and Fischer [12] formalized
a taxonomy for temporary structures and summarized the relationship between activity
features and scaffolding types. This research presented a heuristic scaffolding selection pro-
cess to help engineers with effective decisions. Kim et al. [13] classified scaffolding systems
into eight types, and further formalized a semiautomated system, called the scaffolding
planning generator (SPG), to select the appropriate type according to work conditions. The
system enables selection of scaffolding based on the geometric and action features of con-
struction activities. Considering multiple influential factors, Jackman et al. [14] compared
different types of scaffolding, including tube and coupler scaffolding, frame scaffolding
and system scaffolding. Factors include convenience for stock and transport, size, and
weight of the scaffolding modules. Jin et al. [5] presented an automated system to assist
scaffolding space planning, and multiple criteria are integrated in the planning, such as
productivity, number of supported tasks and cost. The authors claimed that qualitative
criteria should also be considered in scaffolding planning practices. A comprehensive
framework was proposed by Fang et al. [10] for assessing and selecting scaffolding. The
framework was based on the analytic hierarchy process that incorporated expert knowl-
edge into the selection process. In this study, the scaffoldings alternatives were limited
to two scaffolding types: metal scaffolding and bamboo scaffolding. Bannier et al. [15]
developed seven decision trees to describe scaffolding space requirements according to
in-depth interviews and developed a decision supporting model that could be applied to
planning and allocating scaffolding systems based on expert knowledge. Kim et al. [16]
developed a decision-making framework to create effective scaffolding plans regarding
safety, cost, and duration based on quantitative evaluation and expert judgment. With
supported scaffolding, tower scaffolding, suspended scaffolding and mast climber, the
framework was able to select the final scaffolding plan based on expert judgements to
enhance construction safety and reduce duration and cost.

As addressed previously, there are several studies in the literature that assist temporary
facility planners when evaluating the performance of different scaffolding systems for the
jobsite. However, decisions regarding scaffolding planning are limited to several influential
factors, and the decision-making process is currently mainly based on the knowledge
and experience of construction planners, rather than a systematic and automated path.
Therefore, the scaffolding planning process is completed without the assistance of automatic
approaches that consider a set of quantitative and qualitative criteria, so the solutions cannot
be directly generated. Therefore, there is a need to develop an effective framework and
robust model that can be used in actual industry practices.

Multi-criteria decision-making (MCDM) methods have been widely used in construc-
tion management [17-22]. Fayek [23] provided in-depth discussions on fuzzy hybrid
techniques applied in construction, including optimization problems, multicriteria decision
making, and simulation. Alshibani et al. [24] developed a methodology for the selection of
mobile cranes based on an integrated approach of the analytical hierarchy process (AHP)
and multi-attribute utility theory (MAUT). Mahamadu et al. [25] developed a fuzzy-TOPSIS
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framework for supplier selection, which can compare the competence and readiness of
different firms. Alireza et al. [26] proposed a TOPSIS-based framework for selection of the
construction material supply chain that enhances sustainability. Wang et al. [27] proposed
a supplier selection framework based on AHP and grey relational analysis for construc-
tion projects. Zhao et al. [28] presented an AHP-based supplier selection method for a
prefabrication project that prioritized the criteria and supplier alternatives. Ahmad and
Thaheem [29] developed a decision-making framework to assess sustainability for residen-
tial buildings based on AHP and BIM. Mathiyazhagan et al. [30] proposed a three-phase
assessment model to select material for construction through the Fuzzy Technique for
Order of Preference by Similarity to Ideal Solution (TOPSIS) approach. Ahmed et al. [31]
developed a TOPSIS-based framework for the selection of concrete mixture sustainability
design. Amorocho and Harmann [32] proposed a framework for the selection of renovation
solutions for residential buildings based on TOPSIS and applied the framework effectively
in two cases.

Based on the existing multi-criteria decision-making techniques for construction
projects, this paper proposes a novel framework for a knowledge-based decision-making
system of scaffolding selection through fuzzy multi-criteria decision-making analysis. The
main contributions to the body of knowledge are as follows: first, this study proposes a
knowledge-based scaffolding decision support system that integrates two-phase simulation
modules and algorithms. Two-phase simulation modules include a technical evaluation
module and an alternative ranking module; the algorithms include both rule-based algo-
rithms and the knowledge-based algorithms. Second, the developed framework compares
and assesses a set of scaffolding systems through the identified criteria. The criteria include
factors related to site conditions, productivity, safety, and financial factors. This enables the
selection of the most effective, efficient, and safe scaffolding. Third, the proposed frame-
work is easy to use and saves time via an automated path. Finally, the effectiveness and
efficiency of the developed framework are analyzed and validated through a hypothetical
steel structure project. Thus, a sensitivity analysis was conducted to validate the result
robustness.

The advantages of the developed scaffolding decision support system are: (1) effec-
tively assessing multiple scaffolding systems considering a simultaneous set of qualitative
and quantitative criteria through technical evaluation and expert investigation; (2) effi-
ciently searching among a range of scaffolding types and models stored in the database;
and (3) automating the identification process of the optimal scaffolding type. In terms
of a decision-making process, the developed system integrates an activity database, a
technical evaluation module, and an alternative ranking module. It analyzes and assesses
the performance of scaffolding systems on multiple quantitative and qualitative criteria and
identifies the most appropriate scaffolding model. The developed system contributes to
the body of knowledge by proposing a knowledge-based system that allows planners and
users to automate the scaffolding decision-making process, integrating technical evaluation
and human knowledge, reducing calculation errors, and improving the planning speed
through a computerized path.

The rest of the paper is organized as follows. The framework of the proposed decision
support system for scaffolding is described in Section 2. Section 3 presents a case study
implementing the proposed system. The results are further discussed in Section 4. Final
conclusions and future work are highlighted in Section 5.

2. Framework of an Integrated Decision Support System for Scaffolding in
Construction Projects

As shown in Figure 1, this study proposes a framework to fulfill a knowledge-based
decision support system to select the optimal scaffolding system type. This system consists
of two main parts: data processing and simulation modules. In the data processing part,
the authors establish a database to prepare and process the related construction data for
further evaluation, which includes the activity data, scaffolding configuration data and
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the project environmental characteristics. The simulation modules include two simulation
phases which were developed to select the most suitable scaffolding model based on the
data obtained from the databases, as shown in Figure 1. The two modules are the technical
evaluation module (Phase 1) and alternative ranking module (Phase 2), respectively. In
Phase 1, the technical evaluation module was developed to initially select and generate the
applicable scaffolding alternatives among the potential scaffolding types initially stored in
the database through a technical qualification process. In Phase 2, the alternative ranking
module further compared the feasible alternatives obtained from Phase 1 based on the
integrated method of FAHP analysis and TOPSIS evaluation. In this evaluation process, a
set of qualitative and quantitative criteria were taken into account, and an in-depth expert
investigation was conducted to further determine the priorities of various scaffolding types
and select the optimal type. Finally, a sensitivity analysis was developed to discuss the
robustness and stability of the ranking results influenced by the changes of weight values.
The detailed process is addressed as follows.
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Figure 1. Framework Architecture and data flow.

2.1. Data Processing

The system begins with the required data processing as shown in Figure 1. In this
process, the related data are classified into three types of databases: (1) activity database,
(2) scaffolding configuration database, and (3) environmental database.

The activity database stores the task data and workface information, such as workface
coordinates, workface orientation, activity frequency, spatial relationship among workfaces,
and geometric distances between structural components. Specifically, the workface coordi-
nate (x, y, z) represents the coordinate of the workface geometric center, which are extracted
from the 3D model. The workface orientation includes upward-type and forward-type.
Furthermore, the activity frequency features are defined as the representation of the activity
flow. Based on the action frequency, the activity features are classified into three types
as shown in Figure 2: once-type actions, intermittent-type actions, and consecutive-type
actions. The fourth type of data is the spatial relationship among task workfaces in the
same work package, which is classified into two main types: the one-plane type and the
multi-point type. In addition, the geometric distance between the structural components
can be obtained from the 3D construction model, as the minimum distance significantly
determines the feasible installation space of the scaffolding.
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Figure 2. Breakdown illustration of activity features.

The scaffolding configuration database includes the technical specification of the
scaffolding structures, such as the maximum working height (MWH), scaffolding platform
length (SPL), scaffolding platform width (SPW), raise/lower speed, drive speed-stowed,
lift capacity and horizontal reach. The values of the specifications for each scaffolding
type are constant, which are obtained from the technical specifications of the equipment
manufacturers. The essential equipment information has been stored in the database
for further rule checking, which compares the specification values of each scaffolding
alternative with the values calculated for completing the task.

The environmental database involves the construction environmental characteristics,
such as indoor and outdoor.

2.2. Simulation Modules
2.2.1. Technical Evaluation Module

The technical evaluation scaffolding selection module was designed and proposed
to evaluate key information, including activity data and scaffolding configuration data
related to multiple scaffolding types. This phase enables rule-based algorithms to select all
of the feasible scaffolding from the database, as shown in Figure 3.

Specifically, the system uses technical qualification rules to carry out a number of
calculations in the background, which are carried out automatically in the simulation.
The calculation process identifies the types of scaffolding that are technically capable of
assisting in the tasks. As illustrated in Figure 3, this involves obtaining the maximum
working height of scaffolding (MWH), scaffolding platform width (SPW), maximum height
of workfaces (MHW), and minimum distance of structural components (MDC). Based on
the comparisons between parameters above, the system searches its database and selects
technically qualified scaffolding. This searching process uses “if-then” checking rules to
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compare the scaffolding specification values with the required values for assisting in the
tasks. To simplify the searching process, this phase has four primary parameters applied to
verify the scaffolding applicability, which filters out inapplicable scaffolding. Scaffoldings
that go against the “if-then” rules are excluded before the subsequent step.
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Figure 3. Computation process of the selection system.
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In this module, applicable types of scaffolding are reviewed for their ability to effec-
tively assist in the tasks by applying the rules. If suitable, the selection module outputs the
technically feasible scaffoldings to Phase 2.

2.2.2. Phase 2: Alternative Ranking Module

In this phase, the user can compare the scaffolding alternatives obtained from Phase 1
if the number of applicable alternatives is more than two. The user manually selects the
types with the lowest cost within the same manufacturing series to avoid the type with the
higher performance and save operation cost.

In this phase, FAHP (Fuzzy Analytical Hierarchy Process) matrices enable the system
to generate a ranking list and weights for all of the selection criteria. Then the potential
alternatives are compared based on qualitative criteria, and the comparison process enables
the user to rank the alternatives against each criterion. Alternatives are compared with
one another using a score ranking from 1 to 10, with 1 being the lowest and 10 the highest
performance. After the user has inputted the scores for each alternative, they are normalized
into values ranging from 0 to 1. They are then multiplied by the weight of each criterion.
Finally, the scores of alternatives are compared, and therefore reveal the most suitable
scaffolding type.

Through this module, the user makes comparisons among the most applicable scaf-
folding systems generated from Phase 1. Phase 2 starts with the identification of influential
factors for decision making and gives a detailed description of the ranking process.

The Influential Factors for Scaffolding Decision Making in Phase 2

Based on an intensive review of the literature and interviews with field experts, the
scaffolding selection criteria were identified in this study. To collect data, an investigation
survey was designed, and the survey forms were given to the selected experts and practi-
tioners, who have rich working experience in the construction field. In the investigation,
each of the experts compared and assessed the relative importance of each two of the crite-
ria with a score from 1/9 (extreme vital unimportant) to 9 (extreme vital important). The
relative importance values were prepared to calculate the weights of criteria in subsequent
evaluations. The interviewed experts include two superintendents, two project managers,
two operation managers, a safety manager, a cost manager and two scaffolding installation
workers with rich working experience ranging from 8 to 16 years. The assessment criteria
were categorized into four main groups and fifteen sub-criteria as shown in Figure 4. Four
main criteria on the first level of hierarchy involve site conditions, productivity, safety,
and financial factors, and the second level of hierarchy includes fifteen corresponding
sub-criteria [10,12,16,33-35].

Analysis Method of Fuzzy Analytical Hierarchy Processing

The AHP (analytical hierarchy processing) method was proposed by Saaty, and is a
widely used approach for multi-criteria decision making problems [36,37]. In previous
studies, AHP is frequently applied to determine the weights through pair-wise comparisons.
The scale numbers interpret the relative importance for each pair of criteria from decision-
makers’ opinions regarding the given problem. However, the actual construction decision-
making process is often mixed with uncertain and ambiguous information, which AHP
cannot deal with. It can be seen from Figure 4 that this involves a mix of both qualitative and
quantitative criteria and sub-criteria. Under such evaluation circumstances, this research
employed the FAHP method for the scaffolding selection problem, which provides an
effective method to quantify parameters from imprecise and vague information [38—41].
The FAHP method is more powerful in handling the uncertainties and human judgement
subjectivity that significantly affect decision results.
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Figure 4. Hierarchy of criteria for scaffolding selection.

Therefore, the value of the criteria could be expressed through linguistic terms fol-
lowed by its conversion into corresponding fuzzy numbers, and finally can be translated
into crisp values. The pairwise comparison numbers can be scaled using the TEN (triangular
fuzzy number) to further obtain the accurate weight of each criterion.

In fuzzy logic theory, the TFN is used to represent the vagueness of descriptions or
statements in human language as real numbers that have a membership function ranging
from 0 to 1. The general triangular fuzzy number ji(x) is defined as follows:

Y Cy L M
c,’)/’ clﬁ’ CPSXSCV
~ u
p(x) =4 %% M u 1)
c,lffcﬁ/f’ C}‘ Sx < CP‘
0, otherwise

where cﬁ represents the left membership function of i(x) or the lowest boundary value of
#i(x), and cll;[ represents the right membership function of ji(x) or the highest boundary

value of ji(x). CQ/I is termed as the middle value of ji(x). TFN can be represented as
(cﬁ, C}A‘/I, C;{)

Based on the results of pairwise comparisons from the experts, the consistency check
was performed on the comparison results from each expert, which validated the reasonabil-
ity of the judgments. Then, the scores obtained from each respondent expert are averaged
for value determination of criteria weights. As shown in Table 1, the scores can be trans-
formed into triangular fuzzy numbers using the scale method in the research of Sen and
Cinar [42].

Table 1. Linguistic variables and fuzzy scales.

Linguistic Description Fuzzy Number Triangular Fuzzy Number (c’e,cz/[,c;f )

Equally important

Intermediate values between 1 and 3
Moderate important

Intermediate values between 3 and 5
Essential important

Intermediate values between 5 and 7

O\ U1 Y QU N =
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Table 1. Cont.
Linguistic Description Fuzzy Number Triangular Fuzzy Number (cﬁ,cy,c’lf )
Very vital important 7 6,7,8)
Intermediate values between 7 and 9 8 (7,8,9)
Extreme vital important 9 8,9, 10)
Steps to Proceed for FAHP-Based Module
(1) Construct the fuzzy pairwise comparison matrix.
1 Ay -+ -+ A1
a21 1 .. ... azn
A= 1 ... )
e 1
g G e e 1

(2) Calculate the weight matrix through normalization of the fuzzy matrix obtained
from step (1).

1 @, - - &,
114 14
~ iy 1 .- a5y
Ar — | .7 1 ... .. 6)
1
@A, e e 1

where a;; = yﬁf;-u +(1- y)ﬁ‘l?;-u and 0 < u <1, and the resultant normalized fuzzy matrix
is given as:

1 app -+ - a4y,
ay 1 e e
A=1... . 1 ..o .. (4)
: 1
T P |

(3) Perform the consistency check. The consistency of each matrix is checked by the
consistency ratio (CR). The consistency index (CI) and CR are calculated as follows:

Cl=(Amax —n)/(n — 1) 5)

CR = CI/RI )

where 1 represents the number of the elements in the matrix, A,y represents the principal
eigenvalue, and RI represents the random index.

Alternative Ranking

TOPSIS (Technique for Order Preference by Similarity to an Ideal Solution) was devel-
oped in 1981 [43]. The essential concept of the TOPSIS approach is that the alternative with
the shortest distance from the ideal solution and the farthest distance from the negative-
ideal solution is the best alternative [43,44]. In the TOPSIS implementation process, the
normalized decision matrix is firstly computed through Equation (7).

aij . .
tj=—,i=12,...,j=12,...,] (7)

It
AN
N
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where r;; represents the normalized decision matrix, 4;; represents the assessment value of
attribute j for alternative i, I indicates the total number of all potential alternatives, and |
indicates the total number of attributes in the decision-making problem.

Then the weighted normalized decision matrix vj; is calculated through Equation (8).

Ul']':w]'XTi]',i:1,2,...,I,j:1,2,...,] (8)

where w; is the normalized weight of attribute j obtained from FAHP as addressed in
Section 2.2.2, and r;; is the normalized decision matrix obtained from Equation (7).

The positive ideal solution (A*) and negative ideal solution (A™) are determined
through Equations (9) and (10).

AT = {0v],v3,03,...,0]} = {(maxvy|j € [), (min;viilj € ) [i=1,2,...,1} (9

A~ ={v,v5,05,...,07 } = {(min v;|j € J1), (max,vylj € ) [i=1,2,...,1} (10)

where A* and A™, respectively, denote the positive ideal solution and the negative ideal

solution, |1 represents the set of the benefits criteria, and ], represents the set of cost criteria.
Then the Euclidean distance from the positive ideal solution (A") and the negative

ideal solution (A™) for each alternative can be calculated through Equations (11) and (12).

i=1,2,...,1,j=12,...,]) (11)

=1,2,...,1,j=12,...,]) (12)

where S* represents the distance from the maximum ideal point, and S~ represents the
distance from the minimum ideal point.

Finally, the closeness coefficient (CC;) for each alternative can be determined through
Equation (13). The closeness coefficient reflects the relative distance of the alternative to
the ideal solution. Based on the values of CC;, the ranking results are determined. The
alternative with the maximum value of CC; achieves the best performance.

S
CCie — 2t o123, .1 13
T rs! (13)

3. Implementation of the Proposed Framework

In this section, the methodology is applied for scaffolding selection for a maintenance
jobsite relating to a steel structure. The jobsite is shown as a hypothetical 3D model as
a simulation implementation case as shown in Figure 5. The goal of the simulation was
to determine whether the developed framework would be effective in identifying an
optimal scaffolding solution. The hypothetical jobsite involves multiple activities, and
scaffolding systems are required to lift labor crews from a grade elevation to workface
position at different elevations. The length of the work area is approximately 25.0 m,
while the width is 20.0 m. The maximum height among all of the workfaces is 8.273 m.
The 3D coordinates’ property information of the 42 workfaces on the north elevation are
illustrated in Table 2. The following sections explain the application and implementation
of the proposed methodology in selecting the best scaffolding system for the construction
project.
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(b)
Figure 5. 3D model of the case study: (a) 3D model; (b) Side elevation.

Table 2. Workface coordinates and properties.

Workface
Workface ID X y z Orientation
001 200.3 10000.0 5959.7 upward
002 200.3 10069.9 6362.6 upward
003 200.3 10059.5 6902.6 upward
004 715.6 5105.0 6622.0 upward
039 11917.6 4981.6 7127.6 upward
040 11923.8 5005.7 7019.6 upward
041 1197.6 5018.4 6817.7 upward
042 11799.7 5105.0 5979.2 upward

The technical configuration of the scaffolding systems in the case study is shown in
Table 3. The specification parameters for each scaffolding type were obtained from the
technical information provided by the equipment manufacturers, which were stored in the
database for rule checking in the proposed system.

3.1. Step 1: Data Processing

According to the spatial data of the construction model in Table 2, it can be concluded
that the spatial relationship among activity workfaces is the multi-point type. Additional in-
formation regarding the activity frequency is extracted from the schedule and construction
model. In this case, the activity frequency is the once-type. Furthermore, the details and
specifications of 24 types of scaffolding systems to be used were stored in the database of the
simulation module, such as maximum platform height, capacity, and required parameters,
as shown in Table 3.

3.2. Step 2: Implementation of Phase 1

The selection procedure began with a checklist provided by the planners, including
the information about the project name, 3D model, workface data, and schedule, followed
by a work description. Based on the checking algorithms shown in Figure 3, the module
identified 13 candidate scaffolding systems that met the technical qualifications from
the database. However, they involve four main types of different manufacturers, which
are, respectively, Haulotte Compact, Genie GS™, Haulotte Quick-up and AMP series.
Specifically, these four types are scissor lift, scissor lift, vertical lift, and vertical lift. As
the rules and algorithms have been applied in Phase 1 to select the applicable types and
models of scaffolding, the factor of running and rental costs for scaffolding is considered
as a pre-assessment criterion within the models of the same scaffolding manufacturer for
further checking in Phase 2. For example, if the module outputs three scissor lift models
of the same manufacturer “Haulotte Compact” from Phase 1, the model with the lowest
running and rental cost will be selected for selection in Phase 2. Therefore, the equipment
models selected from the 13 identified candidate scaffoldings are Haulotte Compact 10DX,
Genie GS™-3390 RT, Haulotte Quick-up 8 and the AMP 26 model.
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Table 3. Scaffolding specification database.
. Drive Lift Horizontal
ID Manufacturer Mag:iiiturer Model Type N:I‘Z)H LIe,Latfﬁr(I:; ) ‘f’i:lttfl?:rn;) R;ls:gao(vs\'r)er Speed-Stowed Capacity Reach
y 8 P (km/h) (kg) (m)
1 Genie USA GSTM-1930 Scissor lift 7.79 1.63 0.74 16/25 4.0 227 -
2 Genie USA GSTM-2032 Scissor lift 8.10 2.26 0.81 30/34 35 363 -
3 Mantall China XE65N Scissor lift 6.50 1.64 0.75 16/22 3.8 270 -
10 Haulotte France Quick-up 7 Vertical lift 6.70 0.68 0.66 - - 200 -
11 Haulotte France Quick-up 8 Vertical lift 8.10 0.68 0.66 - - 159 -
12 Haulotte France Quick-up 8 Vertical lift 9.50 0.68 0.66 - - 159 -
22 JLG USA 600S Telescopic lift 18.36 2.44 0.91 - 6.8 227 15.09
23 JLG USA 600] Telescopic lift 20.36 2.44 0.91 - 6.8 227 17.30
24 SINOBOOM China GTZZ15] Telescopic lift 14.80 1.83 0.76 - 7.0 250 7.62
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3.3. Step 3: Implementation of Phase 2

Phase 2 (Alternative ranking module) enables the users to determine the weight for
each selected criterion. Ten respondents participated in the FAHP survey for the research.
In the survey, they were asked to make pairwise comparisons between the criteria. The
scaling rules for pairwise comparisons are presented in Table 1. The fuzzy evaluation
matrix of the main criteria is illustrated in Table 4.

Table 4. Fuzzy evaluation results of main criteria.

Criteria C1 C2 C3 C4
C1 1,11 (1,2,3) (1/3,1/2,1) (2,3,4)
2 (1/3,1/2,1) (1,1,1) (1/3,1/2,1) 1,2,3)
C3 1,2,3) 1,2,3) (1,1,1) (3,4,5)
C4 (1/4,1/3,1/2) (1/3,1/2,1) (1/5,1/4,1/3) 1,1,1)

After obtaining the pairwise comparison matrix, local weights for the main criteria
were calculated. As the procedure for obtaining local weights is the same for both the main
criteria and sub-criteria, a sample calculation is given below for the main criteria C1-C4.

(1) Generate the geometric mean. Firstly, convert the n X n matrix to n x 1 matrix
through the multiplication of A; ® A, as shown in Equation (13).

A1 ® Ay = (lh,my,uy) @ (Ip,mp, up) = (I3 X Ip, my X my, Uy X up) (14)

where A1 and Aj; are two fuzzy matrixes, [; and I, are, respectively, the lower value in the
first column of the corresponding matrix, m; and m;, are, respectively, the middle value in
the second column, and u1 and u; are, respectively, the upper value in the third column.

(2) Then the 1/nth root of each value in the resultant matrix is calculated. For the
matrix W obtained from Table 5, the root value of the first line is determined through
Equation (15).

=

1 1
14 1 4
7= ((1 X1 x2)",(1x2x 5 %3) ,(1x3x1x4) ) — (0.904,1.316,1.861) (15)

Table 5. Global weights and ranking of criteria.

Main Criteria Local Weight Sub-Criteria  Local Weight Global Weight Ranking

C11 0.2415 0.070 5
c1 0.2885 C12 0.6131 0.177 1
C13 0.1454 0.022 9
C21 0.2140 0.042 10
2 0.1870 0.037 11
2 0.1958 C23 0.1143 0.022 12
C24 0.2367 0.046 8
C25 0.2480 0.049 6
c3l 04211 0.175 2
c3 0.4145 C32 0.3707 0.154 3
C33 0.2082 0.086 4
ca1 0.4618 0.047 7
C42 0.2121 0.021 13
C4 0.1012 C43 0.1282 0.013 15
C44 0.1979 0.020 14

Similarly, the root value of the 2nd, 3rd and 4th line can be calculated and the results
are shown.
72 = (0.577,0.841,1.316) (16)
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73 = (1.316,2.000,2.590) (17)

74 = (0.359,0.452,0.639) (18)

The geometric mean for each line of matrix W is illustrated as Equations (15)-(18).
(3) Calculate the sum of each column and reciprocate the sum value.

Column_Sum(S;) = (3.156, 4.609, 6.406) (19)

Reciprocal of S; = (1/6.406,1/4.609, 1/3.156) = (0.156, 0.217, 0.317) (20)

(4) Determine the center of area (COA) for the fuzzy matrix W, and then calculate the
defuzzified value for matrix W.

C: (0.141,0.286,0.590)
. . |Cy (0.090,0.182,0.417)
Weighted Matrix = | - 4 505, 0.434,0.821) 1)
Cs (0.056,0.098,0.202)
Center of Area (COA) = (14—11;74%1) (22)
0.339
e 0.230
W1 = Defuzzified Value for W = 0.487 (23)
0.119

(5) Check the sum value (SV) of all columns. If the value of SV is larger than 1, the
weight values should be normalized. For the W1 matrix, the checking process is shown in
Equation (24).

SV =(0.339 + 0.230 + 0.487 + 0.119) = 1.174 > 1 (24)

As shown in Equation (8), the matrix should be normalized. Each value of matrix W
is divided by 1.174, and the final weighted matrix for fuzzy pair-wise comparison matrix is
generated as illustrated in Equation (25).

0.289
0.196
0.414
0.101

W; = Weighted Sum Value for W = (25)

Using the same step-by-step calculation procedure, the local weights for the sub-
criteria can be obtained. Then the global weight of each criterion was calculated by
multiplying its local weight and the weight of the corresponding main criterion, which is
summarized in Table 5.

In this phase, the respondent experts were asked to evaluate all the potential alter-
natives obtained from Phase 1 based on the numerical value (1-9) measurement among
the sub-criteria. Therefore, the weighted normalized decision matrix is generated through
Equation (7). Following the steps of the TOPSIS method, d;* (positive ideal solution) and
d;~ (negative ideal solution) are calculated, and the separation distance of each alternative
from d;* and d;™ is determined. The weighted normalized decision matrix and separation
distance are illustrated in Table 6. The closeness coefficient (CC;) of each alternative to the
ideal solution is evaluated. The results are shown in Table 7.
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Table 6. Weighted normalized decision matrix.

Alter-
natives

Separation

Selection Criteria .
Distances

C11

C12

C13

C21 C22 (C23 (C24 (C25 (C31 C32 (C33 C41 C42 C43 C44 d;* d;~

Al
A2
A3
A4

0.483
0.515
0.547
0.450

0.523
0.567
0.492
0.403

0.480
0.398
0.590
0.514

0.402 0.410 0580 0.535 0549 0496 0518 0478 0499 0.468 0.461 0.540 0.017 0.026
0570 0.526 0410 0484 0.492 0502 0489 0.527 0544 0493 0502 0.501 0.014 0.033
0494 0582 0479 0440 0481 0461 0535 0478 0.537 0525 0.496 0475 0.021 0.025
0.519 0465 0517 0535 0475 0537 0454 0515 0409 0512 0.538 0.482 0.034 0.016

0.800

0700 E—E—E—E-

0.600

Value of Pt

A1

G24 Griterion

-=-A2

-e-A3

Table 7. Closeness coefficient (CC;) and ranking of alternatives.

Alternatives CcG Ranking

Al 0.609418 2
A2 0.702759 1
A3 0.545311 3
A4 0.326086 4

According to the results from Table 7, A2 shows super qualities that meet the re-
quirements of assisting the tasks and ranks first. In addition, A1 and A3 have similar
performance, and rank second and third, respectively.

4. Discussion
4.1. Sensitivity Analysis of Weight Changes

Since the criteria weights significantly affect the ranking results, the change in the
weight value should be further evaluated. In this research, a sensitivity analysis was
conducted to reveal how the ranking of alternatives changes due to the variation of criteria
weights.

First, the weight value was adjusted from 1% to 500% decrease or increase. Results of
the sensitivity analysis for each criterion are compared in Figure 6. In order to fix the criteria
weight equal to 1, the remaining criteria must be proportionally reduced when a criterion
weight increases. Therefore, the corresponding values of parameter Pt are determined
through the methodology in this research. As shown in Figure 6, the results indicate that
the ranking results remain stable when the sub-criteria of C24, C33, C41, C42, C43 and
C44 are the main changing criteria. Meanwhile, A2 always achieves the best performance
among the four alternatives, and Al performs better than A3. Thus, A4 performs the worst
in these cases.

©33 Criterion C41 Criterion

A4 A1 --A2 A3 A4 A1 --—A2 A3 A4

0800 0.500

e
kA kA —h—h— kA 0500 | A—ak- e 0.700
oooo.oooo;ooooo..‘ o

’ ‘- R
g 0700 | @ —— 000 -
i a—a—a—a—a—a—a—a—a—
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A A A —h—h—A— A Ak
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000000 0000000000 o00
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Figure 6. Simulation results of sensitivity analysis of sub-criteria C24, C33, C41, C42, C43 and C44.
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As illustrated in Figure 7, when the sub-criteria of C11, C21, C22 and C31 become the
main changing criteria, respectively, the optimal alternative is still A2 in each condition.
However, the ranking of the other three alternatives may change as the values of the sub-
criteria change. In most cases, Al performs better than A3 and A4. However, when the
value of the main changing criterion (C11, C21 or C22) increases rapidly to 250% and with
more base weight, A3 tends to achieve better than Al. On the other hand, when the value
of the main changing criterion C31 increases to 200%, A3 performs worse than A4, which
leads to a changing ranking result compared to the original (A2 > Al > A3 > A4).

C11 Criterion €21 Criterion

A1 ---A2 *-A3 A4 ——A1 ---A2 *-A3 A4
0800 0500
o700 - . 0800 .
- N 070 | -
0 0 0 0 0000000000
0500
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nsnn..............' I\:\:.

0.400
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0.400

0300 a3
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S PP P PP NS ® N g SR PP PP S E DI Vg s b e
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Figure 7. Simulation results of sensitivity analysis of sub-criteria C11, C21, C22 and C31.

Figure 8 illustrates the simulation results when sub-criteria C12, C13, C25 and C32
becomes the main changing criterion, respectively. In these cases, the optimal alternative
may change. In the C12 weight changing conditions, A3 performs the best when the value
of the C12 criterion decreases to 1% and 10% of the base weight, and A2 is the optimal
alternative in the other conditions. However, in the C13 changing conditions, A3 performs
better than the other alternatives when the value of C13 increases to 250%, 300%, 400% and
500% of the base weight. Meanwhile, in the C23 changing conditions, Al is the optimal
alternative when the weight value of C23 increases to 400% and 500% of the base weight.
The results illustrates that the overall ranking results significantly rely on the weight values
of the sub-criteria, and therefore, the decision on optimal alternative should be determined
based on the accurate analysis of the criteria weights.
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Figure 8. Simulation results of sensitivity analysis of sub-criteria C12, C13, C25 and C23.

Therefore, the simulation results of the sensitivity analysis are summarized in Figure 9.
As shown in Figure 9, the dark green bars indicate that the ranking was not changed after
adjusting the criterion weight, and the light green bars indicate that the ranking has a slight
change. This indicates that criteria of C41, C42, C43 and C44 have the least sensitivity,
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which indicates in turn that the ranking result will not change when C41, C42, C43 or C44
becomes the main changing criterion. On the other hand, the ranking results will change
when the criteria weights fluctuate. Among the remaining sub-criteria, C22 has the most
sensitivity, as the ranking results change rapidly in different conditions. To summarize,
planners can select A3 as the optimal scaffolding plan in most conditions, and exclude A4,
as it performs worst in most cases. Decision makers can also consider Al and A3 based on
the weight evaluation and further analysis. The final simulation results of the developed
scaffolding planning system are proved to be effective and applicable.

085 090 095 099 1.00 1.01 105 110 1.15 120 150 2,00 250 | 3.00 /400"

Figure 9. Criteria sensitivity to the weight changes.

4.2. Comparisons of Different MCDM Methods

To compare the assessment results from different MCDM methods, another two meth-
ods, including the MAVT (Multi-Attribute Value Theory) and VIKOR (VIseKriterijumska
Optimizacija I Kompromisno Resenje), were applied.

First, the correlation coefficient values between different methods, which indicate the
degree of the ranking changes among the alternatives, were further compared. Table 8
illustrates the correlation coefficients of ranking results from each two methods. It can be
concluded that there is a high level of consistency among the ranking results from three
methods. Specifically, the correlation coefficient between TOPSIS and VIKOR achieved
the highest value of 1.0, which indicates that the ranking results from these two methods
are the same. Furthermore, TOPSIS and MAVT also achieved a high value of 0.900, which
means the ranking results from MAVT have a strong correlation with TOPSIS.

Table 8. Values of correlation coefficient.

FAHP-TOPSIS FAHP-MAVT FAHP-VIKOR
FAHP-TOPSIS 1.0 0.900 1.0
FAHP-MAVT 0.900 1.0 0.900
FAHP-VIKOR 1.0 0.900 1.0

Second, to compare the sensitivity results from three MCDM techniques, the sensitiv-
ity coefficients were also determined, which reflect the number of changes in the ranking
result (single, double or more changes) when the weight of one of the criteria increases
or decreases by 5 or 50%. If the ranking results are not changed, the sensitivity coefficient
equals 0. If the ranking of one alternative increases and the ranking of another alternative
decreases, the sensitivity coefficient equals 2. Table 9 shows the obtained values of sensi-
tivity coefficient (SC*) when adjusting one criteria weight in different MCDM methods.
Specifically, when the weight of each criterion increased or decreased by 5%, there were no
changes in the ranking results using different MCDM methods. Furthermore, when the
weight decreased by 50%, TOPSIS had the most significant change, and MAVT and VIKOR
had a slight change in the ranking. On the other hand, when the weight increased by 50%,
TOPSIS also had the most significant change and VIKOR had a slight change while MAVT
showed a relatively stable ranking result. This indicates that the results from the TOPSIS
method are more sensitive to the weight value changes of the criteria.
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Table 9. Sensitivity coefficient SC*.

MCDM method

Change criterion weight

FAHP-TOPSIS
FAHP-MAVT
FAHP-VIKOR

—5% +5% —50% +50%
Sensitivity coefficient SC*
0 2 >2 0 2 >2 0 2 >2 0 2 >2
Occurrence of sensitivity coefficient among 15 sub-criteria
15 0 0 15 0 0 13 0 2 10 3 2
15 0 0 15 0 0 13 2 0 15 0 0
15 0 0 15 0 0 14 1 0 13 2 0

To summarize, as there are a set of conflicting criteria in relation to site conditions, pro-
ductivity, safety and financial factors, the MCDM methods have the advantage in assessing
and ranking the performance of different alternatives. The results show that FAHP-TOPSIS,
as well as FAHP-MAVT and FAHP-VIKOR, are effective measurement techniques for rank-
ing the scaffolding systems. The ranking results and the sensitivity analysis from three
methods show a high level of similarity among each two methods, which indicates that
TOPSIS has a high accuracy in generating the optimal solution. Considering accuracy, sim-
plicity, capability of dealing with each kind of comparison judgment, and the flexibility of
the application, this paper adopted the FAHP-TOPSIS as a suitable method in the proposed
decision support system regarding the scaffolding type selection problem.

5. Conclusions

The proposed framework provides a systematic and knowledge-based system for
construction scaffolding decision-making problems. The developed framework not only
considers multiple conflicting criteria, but also utilizes the rich knowledge of experts. There-
fore, the framework presents an automated system that integrates a technical scaffolding
database, expert knowledge, and the assessment criteria.

Compared with current studies and industry practices, the proposed methodology
can assist construction managers and planners in selecting the optimal scaffolding type and
model with low cost and improving the efficiency of construction activities through the
consideration of multiple criteria, including support to activities, health risk, equipment
rental cost, running cost, etc. The model also allows users to explore different scaffolding
alternatives from the database to meet their needs. The system also assists planners and
managers in saving costs in the renting and running of scaffolding systems.

The results and analysis in this research provide some interesting findings as follows.
First, the proposed framework focuses on the decision making problem of scaffolding
type and model considering both expert knowledge and technical parameters. Compared
with planning practices in the industry, the developed model enables selection of the most
efficient scaffolding model and achieves various conflicting objectives. Second, the results
of the proposed model could achieve better performance compared with the traditional
practices through the integration of two phases: multiple modules and algorithms. Third,
the proposed model was also applied and validated to a case study, and the technical
database can provide various alternatives for scaffolding. The results generated the op-
timal scaffolding alternative effectively through a computerized system. Furthermore,
the developed system can be employed by project managers, scaffolding planners, engi-
neers, and labor crews, and could also be used by scaffolding rental companies for better
decision making.

In future research, the uncertainties in the expert knowledge could be further evaluated.
More MCDM methods can be applied to the system to determine the best alternative, such
as VIKOR and ELECTRE. With more criteria considered in the hierarchy, final decisions
will be more accurate and effective.
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