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A Fuzzy Clustering Algorithm for Developing Predictive Models in
Construction Applications
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Abstract

Fuzzy inference systems (FISs) are a predictive modeling technique based on fuzzy sets that utilize
approximate reasoning to mimic the decision-making process of human experts. There are several
expert- and data-driven methods for developing FISs, among which fuzzy clustering algorithms
are the most frequently used data-driven methods. This paper introduces a new fuzzy clustering
algorithm for developing FISs in construction applications that addresses two limitations of
existing fuzzy clustering algorithms: the lack of capacity to determine the number of clusters
automatically from the characteristics of the data, and the poor performance in predictive modeling
of highly dimensional problems. Existing fuzzy clustering algorithms are limited in construction
applications since determining the number of clusters based on subjective expert judgement
reduces the accuracy of the resulting FIS, and construction systems are often highly dimensional
with a large number of inputs affecting the system outputs. The fuzzy clustering algorithm
proposed in this paper determines the number of clusters automatically based on the characteristics

of the data, specifically the non-linearity observed within clusters, and assigns weights to the rules

! Postdoctoral fellow, Department of Civil & Environmental Engineering, 7-203 Donadeo Innovation Centre for
Engineering, 9211 116 St NW, University of Alberta, Edmonton AB T6G 1H9, Canada.

2 Postdoctoral fellow, Department of Civil & Environmental Engineering, 7-203 Donadeo Innovation Centre for
Engineering, 9211 116 St NW, University of Alberta, Edmonton AB T6G 1H9, Canada.

3 Director of the Construction Innovation Centre, Tier 1 Canada Research Chair in Fuzzy Hybrid Decision Support
Systems for Construction, NSERC Industrial Research Chair in Strategic Construction Modeling and Delivery, Ledcor
Professor in Construction Engineering, Professor, Department of Civil & Environmental Engineering, 7-287 Donadeo
Innovation Centre for Engineering, 9211 116 St NW, University of Alberta, Edmonton AB T6G 1H9, Canada.

1



19

20

21

22

23

24

25

26

27

28

29

30

31

32

33

34

35

36

37

38

39

40

41

of FISs to improve their accuracy in highly dimensional problems. This paper advances the state-
of-the-art of fuzzy clustering and contributes to construction modeling by providing a new data-

driven technique for developing FISs that suits the characteristics of construction problems.

Keywords: Predictive modeling; fuzzy inference systems; fuzzy clustering; machine learning;

construction modeling

1. Introduction

The introduction of fuzzy sets [1] provided an alternative way to address uncertainties originating
from the subjectivity, imprecision, or linguistic expression of information (i.e., non-probabilistic
uncertainties). Moreover, the introduction of fuzzy sets offered a means of addressing two
challenges involved with modeling construction systems. First, many variables influencing
construction systems exhibit non-probabilistic uncertainty (e.g., construction projects,
construction operations, etc.), including those variables assessed by linguistic terms (e.g., high
crew motivation). Second, the modeling of construction systems is hindered by limited data
availability in construction contexts. The application of fuzzy sets can address these challenges by
enabling modelers to acquire and process expert-knowledge where historical data is not available
for the system. One of the applications of fuzzy sets in construction problems is in the development
of fuzzy inference systems (FIS), which are a type of predictive modeling technique that map

inputs to outputs using a fuzzy rule-based system.

There are several expert- and data-driven techniques for developing FISs. Expert-driven
techniques rely on experts’ knowledge regarding the interactions between the input and output
variables, and data-driven techniques rely on historical data to map the input variables to the
outputs. Since experts need to understand the structure of the system prior to defining the

interactions between input and output variables by a set of rules (i.e., rule base), expert-driven
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methods can only be applied to those problems that have a small number of input and output
variables (i.e., low dimensionality) [2]. According to Zadeh’s principle of incompatibility [2], the
dimensionality of a system has an inverse relationship with experts’ understanding of system
structure. Therefore, in highly dimensional construction systems, where system outputs (e.g.,
productivity) are predicted by a large number of input variables (e.g., factors influencing
productivity), FISs developed by expert-driven methods may have poor predictive performance
[3,4]. In contrast, data-driven methods rely on historical data to identify a system’s structure, which
makes them preferable to expert-driven methods for developing FISs in highly dimensional

problems if historical data are available.

Among the different data-driven methods introduced in the literature for developing FISs [5-8],
fuzzy clustering algorithms are the most commonly used techniques in engineering applications
[9-13]. Various fuzzy clustering algorithms have been proposed in the literature for data
partitioning and developing FISs, including fuzzy c-means (FCM) clustering [14], Gustafson-
Kessel’s algorithm (GK algorithm) [15], and subtractive clustering [16]. Existing fuzzy clustering
algorithms have two limitations for developing FISs in construction applications. First, the
majority of these algorithms do not have the capacity to determine the number of clusters
automatically based on the characteristics of the data [4]. Accordingly, modelers need to decide
on the number of clusters subjectively, though information about the appropriate number of
clusters needed to represent a subjective variable may not be available in many applications of
FISs. FCM clustering and GK algorithm both rely on the subjective knowledge of the modeler to
specify the number of clusters and therefore disregard the characteristics of the data. Moreover,
subtractive clustering determines the number of clusters based on the subjective judgment of the

modeler regarding the minimum distance between two given cluster centers. Thus, subtractive
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clustering ignores the existence of non-linearity within each cluster, despite the fact that it is an
important characteristic of the data, which can reduce the accuracy of the resulting FIS. Second,
fuzzy clustering algorithms lack the capacity to assign weights to the rules of FISs, such that all
input and output variables are equally weighted in the resulting FISs [17]. This issue decreases the
accuracy of the resulting FISs in highly dimensional problems [17]. These two limitations are
addressed in the present work through the development of a new fuzzy clustering algorithm. The
proposed algorithm advances the state of the art of fuzzy clustering by determining the number of
clusters automatically based on the non-linearity observed within clusters and assigning weights
to the rules of FISs to improve their accuracy in highly dimensional problems. In the proposed
fuzzy clustering algorithm, the number of clusters is determined by a novel iterative algorithm that
increases the number of clusters by one in each iteration to reduce the amount of non-linearity
within each cluster below a prespecified threshold. Moreover, Adam optimization, a
gradient-based optimization algorithm with several applications in machine learning [18], is used
to assign weights to the rules of the FISs. This paper also contributes to the existing body of
knowledge on construction modeling by introducing a new data-driven method for developing

FISs that is appropriate for modeling highly dimensional construction systems.

The remainder of the paper is organized as follows: Section 2 presents a brief review of the
applications of fuzzy clustering algorithms in the construction domain, in addition to discussing
FCM clustering and GK algorithm. Section 3 presents the proposed fuzzy clustering algorithm for
developing predictive models in construction applications. Section 4 presents a numerical example
to illustrate the proposed fuzzy clustering algorithm, and Section 5 tests the applicability of the

proposed algorithm to construction problems by modeling construction labor productivity (CLP).
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Finally, Section 6 presents final remarks and explores areas for future research. To improve the

readability of this paper, the nomenclature of symbols used in the paper are presented in Table 1.

Table 1. Nomenclature of symbols.

Symbol

Description

U = [uy]

Partition matrix

vl = (v, ...,vl-p)

The centroid of cluster i

Norm-inducing matrix for cluster i

Ai=ladl,,

Pi

Volume constraints for norm-inducing matrix of cluster i

#1(,?4 ) Membership degree of a point z; in cluster i

h;(.) The link function of rule i

Q) The link function of FIS

A The percentage of the data points located in cluster tails
[.] Ceiling function

Bi First parameter for linear state function of cluster i
a Angle between two linear state functions

6 Intra-cluster non-linearity threshold

we(0,1) Step size

¢, 9, € (0,1] Exponential decay rates for momentum estimates
€ Numerical stabilization constant

m,v Momentum vectors

2. Related Work

There are two main types of FISs, Mamdani FISs (M-FIS) [19,20] and Takagi-Sugeno FISs (TS-

FIS) [21]. M-FISs use fuzzy membership functions to represent the input and the output variables

of the system, which results in prediction of system outputs as fuzzy sets rather than crisp numbers.

In the case of M-FISs, a defuzzification step is often required to determine the system output as a

crisp number, since decisions are often made in practice based on crisp numbers rather than fuzzy
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sets. Since there are a wide range of defuzzification operators, the selection of a proper operator
can significantly affect the accuracy of the system. In contrast, TS-FISs use a set of crisp functions
of inputs (i.e., state functions) to predict the output of the system. In the case of TS-FISs, it was
first assumed that the state functions were linear in nature [21]. Later, a general form of TS-FISs
was introduced, in which the state functions can be any non-linear local model. In current
applications of TS-FISs, state functions are often k-order polynomial functions [22]. By using a
set of local models, TS-FISs are able to capture the complexity of construction systems with high
accuracy and predict their behavior with robust calculation efficiency [3]. Moreover, since the
state functions of TS-FISs are crisp functions, their outputs are predicted as crisp numbers and no
defuzzification is required. Fuzzy clustering algorithms are capable of developing both M-FISs
and TK-FISs using historical data. Given the aforementioned advantages of TS-FISs over M-FISs,

the new fuzzy clustering algorithm introduced in this paper is focused on developing TS-FISs.

Clustering algorithms are traditionally used to create classes of data based on their similarities
[23]. Unlike crisp clustering algorithms, fuzzy clustering algorithms can also be used for
developing predictive models (i.e., FISs) by projecting fuzzy clusters into the input and output
spaces [24,25]. Fuzzy clustering algorithms for predictive modeling have been applied in a number
of engineering contexts, including civil engineering and construction engineering and
management. Examples include FISs for controlling pendulum cranes [26], aircraft motion control
models [27], stock trading forecasts [28], predicting the progress rate of road headers (i.e., an
automated tunneling machinery) in tunneling projects [3], predicting the penetration index of
tunnel boring machines (TBM) [29], and predicting CLP [4]. The use of fuzzy clustering
algorithms in these applications allows the modeler to capture the non-probabilistic uncertainty of

the system variables (i.e., input and output variables). These algorithms also enable the modeling
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of complex and non-linear relationships between the inputs and outputs effectively and accurately

using a number of local functions [3,4,29].

Despite the extended use of fuzzy clustering algorithms in engineering applications, the reliance
of these algorithms on user-defined parameters (e.g., number of clusters) can limit their
applications, since the optimum values for such parameters may not be known by the modeler. To
address this limitation, efforts have been made to determine the optimum value of user-defined
parameters, either manually [3,4,29-31], or automatically, by combining fuzzy clustering
algorithms with evolutionary optimization algorithms [32,33]. However, the manual optimization
of such parameters may not always lead to optimum value, since the optimization process relies
on the subjective judgment of modelers. Combining fuzzy clustering algorithms with evolutionary
algorithms can also add significant computational costs to the modeling process [25]. These
algorithms also have another shortcoming, in that fuzzy clustering algorithms often weight all
input and output variables of the system equally. As the dimensionality of the system increases,
the accuracy of the FISs developed by these algorithms decreases [17]. To remedy this issue,
weights need to be assigned to the rules of FISs [32]. Since the introduction of traditional fuzzy
clustering algorithms, such as FCM clustering in 1984 [14], GK algorithm in 1979 [15], and
subtractive clustering in 1994 [16], efforts have been made to remedy the limitations of these
algorithms and improve their accuracy. Some of the recent efforts are discussed in this section. For
a more comprehensive review of common fuzzy clustering algorithms, the reader may refer to

[34,35].

New fuzzy clustering algorithms to consider the data characteristics for developing FISs and
reducing the reliance of the algorithms on user-defined parameters have been recently proposed in

the literature [25,31,36-39]. Askari [25] introduced a fuzzy clustering algorithm based on FCM
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clustering technique that visualizes the data structure prior to clustering and locates the cluster
centers inside the dense areas of the input space, thus improving the interpretability of FISs and
avoiding redundancy in the rule base. Since the projections of clusters on each input/output space
are normal but non-convex and irregularly shaped fuzzy membership functions, Askari [25]
transforms the resulting membership functions to a Gaussian shape for improved interpretability
of the FISs. There are also a variety of fuzzy clustering algorithms based on FCM clustering and
possibilistic theory, which combine the concepts of entropy, typicality, and belongingness with
traditional FCM clustering to avoid the high impact of noisy data on the results. Generally, in
possibilistic fuzzy clustering algorithms, the impact of the noisy data on developing clusters is
reduced by changing the distance function in FCM clustering to help identify the noisy data points
and reduce their membership values in all clusters [37]. Examples of such fuzzy clustering
algorithms are possibilistic c-means (PCM) clustering [39], fuzzy possibilistic c-means (FPCM)
clustering [40], possibilistic fuzzy c-means (PFCM) clustering [38], and the generalized
possibilistic fuzzy c-means (GPFCM) clustering introduced by Askari et al [37]. Previous studies
show that considering the different characteristics of the data, such as the density of the data on
the input space or noise in the data, can improve the performance of fuzzy clustering algorithms.
In a similar manner, this paper introduces the use of another data characteristic, the non-linearity
of data, to improve the accuracy and efficiency of fuzzy clustering algorithms by automatically
detecting the number of clusters. The algorithm proposed in this paper can improve the accuracy
of fuzzy clustering algorithms, since the non-linearity of data is an important characteristic when
predicting the complex and non-linear behavior of systems using a set of linear state functions in

TS-FISs. Moreover, since fuzzy clustering algorithms are computationally expensive, especially
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in highly dimensional problems, determining the number of clusters automatically avoids multiple

runs of the algorithm and improves its efficiency.

Previous research has attempted to address the second limitation of fuzzy clustering algorithms,
assigning equal weights to all the rules of the resulting FISs, which leads to low accuracy of these
algorithms for predicting the behavior of highly dimensional systems. Various optimization
techniques have been used to determine the optimum rule weights for FISs, including heuristic
search methods [41], evolutionary and artificial swarm optimization algorithms [42], and gradient-
decent algorithms [43]. In this paper, Adam optimization is used to determine the optimum rule
weights of FISs. Due to its high computational efficiency, Adam optimization is well-suited for
handling highly dimensional problems (e.g., modeling construction systems) or problems with a
large number of data points [18]. Accordingly, the use of Adam optimization improves the
accuracy of FISs in highly dimensional problems and with less computational cost, as compared

to the use of evolutionary or artificial swarm optimization techniques [42].

Though there are a number of fuzzy clustering algorithms that have been introduced in the
literature, FCM clustering is among the most commonly used in engineering applications [44].
Similar to other fuzzy clustering algorithms, FCM clustering allows a point to simultaneously
belong to different clusters at different degrees of membership; therefore, clusters might have non-
sharp boundaries. The sharpness of the boundaries of clusters is determined by the modeler using
a parameter called the fuzzification coefficient m € (1, o), where the value of m has an inverse
correlation with the sharpness of the boundaries of a cluster [14]. Moreover, the modeler must
specify the number of clusters as an integer number C, where 2 < C < n and »n stands for the
sample size of the input data. Once the two aforementioned parameters are determined for the

sample of x = {xq, ..., x,}, where x] = (xil, wer Xip ), i = 1,...,n, where n represents the sample
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size and p stands for the dimension of the input data, the FCM clustering algorithm seeks to

minimize the objective function, which is presented below in Equation 1.

C n
min /,,(U,v) = 22 (x] vl-)TB(xj -v) 1

where B stands for a positive-definite matrix, which is fixed for all clusters; v = (vy, ..., v¢)
stands for the vector of the centroids; and v/ = (vil, . vl-p) is the centroid of cluster i. Finally,

U = [u;}] is the partition matrix satisfying the following three conditions.

€ [0,1], Vi=1,..,Candj =1,..,n;

O<Z;‘=1uij <n, Vi = 1,...,C.

By using a fixed positive-definite matrix for all clusters (referring to B in Equation 1), FCM
clustering ignores the fact that different clusters may have different structures (e.g., dispersion of
data within each cluster). In order to capture the variant of the structures of different clusters, the
GK algorithm, can be used. GK algorithm is the generalized form of the FCM clustering algorithm,
and it allows for the use of different norm-inducing matrices A; for different clusters. The objective

function of GK algorithm is defined as shown in Equation 2.

C n
mln]m(U v, A = Z (x] - Vl')TAl'(Xj - VL') 2
=1 j=1

i

where A = (A4, ..., Ac) is the vector of the norm-inducing matrices, and 4; = [a(l) is a
nxn

positive-definite matrix associated with cluster i. The fuzzy clustering algorithm proposed in this

10
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paper is based on GK algorithm, where the initial form of the clusters and the FIS is determined

by this algorithm. The cluster number and rule weights are determined using the algorithms

presented in Section 3.

3. Proposed Fuzzy Clustering Algorithm for Predictive Modeling

This section discusses the proposed fuzzy clustering algorithm for developing FISs in construction
applications. Figure 1 presents the flowchart of the proposed fuzzy clustering algorithm, which
consists of three major steps: (1) generating the FIS from data with GK algorithm; (2) determining

the number of clusters; and (3) assigning rule weights using Adam optimization. The three steps

of the methodology are further discussed in the following subsections.

Generating FIS from Data by GK
Algorithm

Determining Number of Clusters :
|

Assigning Rule Weights by Adam Optimization

Increase Number of
Clusters by One

Figure 1. Flowchart of the proposed methodology for developing the FIS.
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3.1.  Generating Fuzzy Inference System from Data Using Gustafson-Kessel’s Algorithm

The initial FIS was developed by clustering the sample data using GK algorithm [15], where the
number of clusters is set to its minimum, C = 2, and the fuzzification coefficient m € (1, ) is
specified by the modeler. It is notable that for modeling a linear system, in which the relationships
between the inputs and outputs are perfectly linear, the number of clusters needs to be set to C =
1. However, such linear systems can be modeled more efficiently using statistical regression. In
contrast, the fuzzy clustering algorithm proposed in this paper is suitable for modeling complex
systems with non-linear relationships between the inputs and outputs. Accordingly, the minimum
number of clusters is set to € = 2. Next, the clusters were projected into the input and output

spaces, and the initial FIS was developed.

To introduce the clustering steps, let z denote the sample data with » data points, which consist of
input data x € RP and output data y € RY, ie., z! = ((x1,y1), -, (Xn,¥n)). Let z; =
(X1, Y1) «» Zn, = (x5, Yn) be n sample data points with the dimension of p + q, where p is the
dimension of the inputs and q is the dimension of the outputs. The clustering of the sample data is

accomplished through the six following steps:

Step 1. Initialize the partition matrix U,

U=[w;], w;€l01], Vi=1..,Candj=1,..mn
Step 2. Update the cluster centers.

n m
_ Zj=1uijzj =1 c
Vi= < om o t=1..,
j=1Uij

Step 3. Update the fuzzy scatter matrices.

12
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n
Si = Z 'LLZ-L (Z] — Vi)(Zj — Vi)T

j=1

Step 4. Update the norm-inducing matrices.

1
A; = [p; det(S)]pras;t

where p; is the volume constraint for the norm-inducing matrix for cluster i. The volume
constraints for the norm-inducing matrices constrain the determinants to constant real numbers

(i.e., det(A;) = p;, p; € R).

Step 5. Update U, as shown in Equation 3:

- (S am™ 3

Step 6. Repeat Steps 2 through 5 until the stopping criteria are met. Examples of stopping criteria

are a maximum number of iterations and small changes in the objective function J.

T . .
Next, let dl-zj = (zj — vl-) Ai(zj - vl-). If3i,j: dizj = 0, then Equation 3 is undefined. In such cases,
an alternative approach is necessary to obtain the membership degrees, which must satisfy the

requirements presented in Equation 4 [14]:

4
Z uij=1

The two conditions presented in Equation 4 imply that if there is a point that perfectly matches one

or more cluster prototypes, the membership degree of this point is fully shared among these
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clusters, resulting in zero membership of the point in other clusters. Once GK algorithm converges,
the centroids of the final cluster v and the norm-inducing matrices A are used to calculate the
membership degree of any data point in the universe of discourse. For a given vector of centroid v
and norm-inducing matrices A, the membership degree of a point z; in cluster i is determined by

Equation 5.

1 -1

C ( (z —vi) Az —v) >m 5

(Zj - VC)TAC(ZJ' —vc)

u$(z) =

c=1

By implementing GK algorithm on the sample data z (i.e., considering both inputs and outputs),

C clusters will be developed, each of which represent the membership function of one rule.

Considering the rule represented by cluster i for a fixed input x*, the surface '“1(/?4 x*y) =

®

ty 4(z") as a function of y only, denoted by u(i

W)4 (ylx*), is the membership function of the output
for rule i and input x*, where z* = (xi", s Xy V1 e yq). In existing fuzzy clustering algorithms,
relationships between the output variables are often ignored, since during the development of rule
i, cluster i is projected onto each output axis independently. In the proposed algorithm, such
relationships between the outputs were considered, since cluster i is projected onto the whole

output space (i.e., all output axes) at once. Next, a monotone differentiable link function is applied

to the linear state function of each rule to obtain the rule output.

Once the output of the GK algorithm is produced, the state function value of rule i for an input x,
y is defined, such that the point (x, y) is the closest to the centroid of the i™ cluster, according to
the norm-inducing matrix A;, where the centroids and the norm-inducing matrices are provided by
the GK algorithm. Consider the partitioning of A; and v; as presented in Equations 6 and 7,
respectively.

14
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P i i 1[0 i 17
aii a; Aip || M1 p+1) A1 (p+q)

ap: Ay pp ) -a;(p+1) a;(p+q)- _l AL A;,yl 6
_aépfrl)l aépfrl)Z aépfrl)p- -aép+1?(p+1) aép+1')(p+q)- Uey)” 2y
a1 Wprarz = Fpraplllpramen * Wpraymral.
V§1 1 x1
v i
Vi = vi(pff—l) - lzzl Z= J}C’? - [;C/] !
-Ui(z;+q)- LYq

Then,

6;(x) = argymin (z- v)" 4; (z- v;)

= arg, min [(d) 40, + (4P)" (4D)" d, + (49) (4D, + ()" (49) a,]

= v~ (49)7 (49 (x =)
where d,(ci) = (x - v,(ci)); d;i) = (y - vj(,i)), and 6;(x) is the value of the linear state function of
rule i for input x. The outputs of rule i are given by Equation 8.

9y = hy(6:(x)) 8

where h;: R? - R?,i =1, ..., C, is a monotone differentiable function of any desired form. Once
the output of all rules for an input x are determined, the output of the FIS is calculated, as shown

in Equation 9.

15



277

278

279

280

281

282

283

284

285

286

287

288

289

290

291

292

293

294

295

Va :f< c (l) (x )Z A(l) l,uffij(x)> 9
Ax

i=1 Wl'uvx

where ,u (x) is the membership value of point x in cluster i, which is determined based on its

projection onto the input space (i.e., removing the coordinates of the output), and w; > 0 is the
weight of rule /, such that ¥.*_, w; = 1. The clustering of the sample data and projection of the
clusters onto the input and output spaces can be accomplished through the steps discussed in this
section. However, determining the optimum number of clusters C is still challenging, as the
optimum number of clusters need to be determined based on the characteristics of the sample data.

A methodology is presented in the next section, which will help to address this challenge.

3.2.  Determining the Number of Clusters

The proposed fuzzy clustering algorithm uses hierarchical clustering in order to determine the
optimum number of clusters [45]. Fuzzy clustering is initiated with the minimum number of
clusters C = 1, then those clusters where non-linearity is observed are divided into subclusters.
Hierarchical clustering [45] refers to those fuzzy clustering algorithms where clusters are

subdivided in order to improve a certain performance index. Let z,, z,, ..., Z,, be a set of training

data and let C be the number of clusters. For a specific cluster c, ¢ € {1,...,C}, let Z(C)

29, ..., szc) be all the training points that belong to cluster c, (i.e., max @ (zgc)) =

u© (zgc)), i =1,..,n.). Next, the points are ordered based on their distance to the cluster

© © 7(© (©)

centroid. Let Z(1y Zig) s Z(ny denote the training data ordered in such a way that ” Ziy — Vel >

5 —ve

oo ey

. The sample is then restricted by discarding the points that are

closest to the centroid of cluster ¢, such that the points in the tails of the cluster are retained. Let
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28, zg, s ZE[C%cD be the restricted sample for the cluster ¢ with [An_] points that have the lowest

membership degrees, where 4 € (0,1) is the percentage of the data points located in the tails of the
cluster, the value of which is specified by the user, and [.] is the ceiling function. Next, GK
algorithm is applied on the restricted sample data, where the number of clusters is fixed to C = 2
to obtain the clusters of the tails. The process of developing the restricted sample data and the
clustering of the data points located on the two tails of each cluster is further illustrated using a
numerical example presented by Ren & Irwin [9]. Let y = h(x) = sin(1.6x3 — 4x% + 1) be the
function to be approximated, and suppose a sample size of 41 is given as z; = (—1, h(—l)), Zy =
(—0.95, h(—0.95)), ., Z41 = (1, h(1)). Next, using the GK algorithm, a TS-FIS is developed to
approximate the function h(x) = sin(1.6x3 — 4x% + 1), where C = 4 and m = 2. Figure 2

presents the scatter plot of the sample data and the resulting FIS developed by the GK algorithm.

1.0

c2
0.5

0.0 -'-,Cl

- Points of other clusters
. --- Points of Cluster 3 discarded
-1.0 —— Points of Cluster 3 being considered

vy V3 vy Vg

Figure 2. Subdivision of cluster 3 for non-linearity (centroids of subclusters are shown in red).

Next, to determine if cluster Cs needed to be divided into two clusters, the non-linearity within this

cluster (i.e., C3) was tested by comparing the linear model of each subcluster to the linear model
of the parent cluster. Let Bl(c) and ﬁz(c) be the parameters of the linear models of the first and second

subcluster of cluster c, and let £(°) be the parameters of the linear model of the parent cluster,
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cluster c. The angle between the linear models of the parent clusters and the subclusters 1 and 2

(ai(c)) can be calculated using Equation 10.

@)’
cos (a-(c)) = M, i=1,2 10

e e

(o)

A large angle (e.g., a; ">45¢) between the linear models of the subclusters and the linear model of
the parent cluster indicates the presence of non-linearity within that cluster. Accordingly, the
parent cluster must be divided into two clusters by increasing the number of clusters C by one and
re-implementing GK algorithm (refer to Section 3.1). However, small angles between linear

models indicate that a low degree of non-linearity exists within the cluster, which can be modelled

by the smooth transition between the clusters. Therefore, if a\” > & and/or a'® > 6, where 6 is
the threshold, there is evidence of non-linearity, and the cluster must be divided into two. In special

cases, if the parameter vector of the subcluster is rotating towards the model in the closest

neighboring cluster, the cluster will not be divided, even if agc) > §, since the FIS is able to
smoothly transition between rules and is in turn able to model the non-linear region well. It is
worth noting that if the number of data points in a cluster is too small, the approach of dividing
clusters into subclusters becomes unstable, since the linear models are not representative of the
data points. Therefore, the number of points in each cluster should be monitored before the
subdivision to make sure that the two linear models of the subclusters are truly representative of
the data points in the tails of the cluster. Once the optimum number of clusters is determined using

the methodology presented in this section, rule weights must be adjusted.
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3.3.  Assigning Rule Weights by Adam Optimization

The adjustment of rule weights is critical to the development of FISs in construction applications,
since it can improve the accuracy of the system in highly dimensional problems. Fuzzy clustering
algorithms naturally weight all the input and output variables equally. In the case of multi-
dimensional problems, this equal weighting variables can decrease the accuracy of FISs, due to
the underweighting of the output variables. This problem can be remedied by assigning weights to
the rules of the FISs. Moreover, assigning weights to rules becomes especially critical in
applications of GK algorithm, due to the use of different norm-inducing matrices. The use of
different norm-inducing matrices for clusters allows the development of clusters with distinctive
structures that capture the characteristics of the sample data more accurately. However, these
structures result in issues when they are projected onto input and output spaces for the development
of FISs, as those clusters with the highest dispersion of data on the input space will dominate the
output function of the model. To illustrate this problem, consider the example discussed by Ren &
Irwin [9]. Let y = h(x) = sin(1.6x3 — 4x? + 1) be the function to be approximated, and suppose
we have a sample size of 41 given as z; = (—1, h(—l)), zZ, = (—0.95, h(—0.95)), v Za1 = (1,
h(1)). The results of GK algorithm for € = 4 and m = 2 are shown below in Tables 2 and 3.

Figure 3 shows the scatter plot of the sample and the clusters’ centers.

Table 2. Cluster centers obtained using the GK algorithm.

Cluster X y
v, | -0.8751 0.0168
v, | 0.0031 0.7939
vy | -0.4945 -0.2009
vy | 0.6628 -0.2565
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Table 3. Norm-inducing matrices obtained using the GK algorithm.

Ay A;
73.3151 8.7370 | 03572 -0.0128
8.7370 1.0548 | -0.0128 2.7996
A3 Ay
40.5957 -9.5978 | 25.5036 9.9792
-9.5978 2.2938 |9.9792 3.9440
Scatter plot of the sample Cluster centers
1001 1.00
075 o . "'""-_‘ 0.75 S
0501 . . 0.50
025 . *. 0.25
> 0,00 . ’ > 0.00 cl
-0.25 ] . . . -0.25 e c4
—0.50 1 ¢ ‘. -0.50
-0.75 ¢ . ‘. -0.75
-1.00 .’ " -1.00

Figure 3. Scatter plot of the sample (left) and centers of the clusters (right).

Figure 3 illustrates how the second cluster (i.e., C2) is more dispersed on the input space (x axis),
as compared to the other three clusters. Next, consider the sample point z; = (—0.7,—0.9981),
where the Euclidean distances of point z, to the four cluster centers C; to C, are 0.2292, 9.1341,
0.0274, and 69.7022. Since the sample point z; has the smallest distance to the cluster center Cs,
it also has the highest membership degree to cluster C3, where u; ; = 0.8905. Although the norm-
inducing matrices A; capture the behavior of the variables locally (i.e., the variation among
variables and the relation between variables in a region of the function), the level of activation of
each rule is solely determined by the input. Each rule is activated to the level equal to the
membership value of the data point in the input space. As shown in Table 2, when projecting the

cluster centers onto the input space (i.e., x-axis), cluster C; is penalized for its small dispersion of
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data. On the other hand, Cluster C, presents a higher variation of x, so the difference between the
dispersion of data in these two clusters is reflected in the distance measure (note that the coefficient
of x in A, is only 0.3572). When considering only the input spaces between clusters, cluster C,
presents a smaller distance to most of the data points in the universe of discourse; as a result, the
rule that corresponds to cluster €, will dominate the output function, except for those data points
that are very close to the other cluster centers. For example, consider x;, = —0.7, where the
distance of x; to the four cluster centers C; to C, are 2.2483, 0.1766, 1.7139, and 47.36. Thus,
the rule that corresponds to C, will be fired with the highest degree, as compared to the other rules.
In order to further clarify the dominance of C, on the input space, Figure 4 shows the membership

of cluster C, for any given value of x in the universe of discourse.

Membership of Cluster 2 using projected centroid on x-axis
LO1 e e

0.8

0.6 \
0.4

\
\

0.2 H Vo \

] l‘ i

0.0

V1 V3 %] Vg

Figure 4. Membership function of cluster C,.

Figure 4 further illustrates this phenomenon, where the cluster with the highest dispersion of data
on the input space dominates the output of the FIS. As shown in Figure 4, even a small deviation
from the other cluster centers (C;, C5, and C,) causes a rapid increment in the membership function
of cluster C,. Accordingly, the weights shown in Equation 9 determine the relative importance of
the rules and play a crucial role in counterbalancing the dominance of C,. These rules also help to

improve the accuracy of the FIS as a predictive model.
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The fuzzy clustering algorithm proposed in this paper is integrated with the Adam optimization
algorithm [18] in order to tune the link functions (referring to f in Equation 9) of the FISs by
assigning weights to their rules. Adam optimization is a first-order, stochastic, gradient-based
optimization algorithm with a wide application in different machine learning techniques [46—51].
The objective of optimization is to minimize the stochastic error of predictions made by the FIS,
where the stochastic nature of the error arises from the random selection of data points for training,
or from the inherent noise of the error of the outputs [18]. The naming of the “Adam” optimization
algorithm refers to “adaptive momentum”, indicating that the momentum parameters used in the
Adam algorithm are updated during the process of optimization [52]. The momentum parameters
were introduced to the iterative learning algorithms by Polyak [53] in order to increase the speed
of convergence. The adjustment of the rule weights W = [w;] for improving the accuracy of the

FIS using Adam optimization was completed through the following steps:

Step 1. Fix the optimization parameters, including step size we(0,1), exponential decay rates for
momentum estimates ¢4, ¢, € (0,1], and the numerical stabilization constant €. In this paper, the
values of the optimization parameters are set using the suggested default setting proposed by

Kingma and Ba [18] as follows: w = 0.001, ¢; = 0.9, ¢, = 0.999, and € = 1078,

Step 2. Initialize the rule weights matrix W = [w;], the first and second momentum vectors m,

and v, and the time step £, = 0.
Step 3. Create m samples from the training set randomly.

Step 4. Compute the gradient using Equation 11.

m Cc
1 1 ) .
gen « W ) L fle——=D 3wy @ )3, B
mo o ()=

=1 Willy 4,
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where V,,, stands for the gradient of function f based on w; f stands for the transfer function that
determines the output of the FIS (refer to Equation 9); y; stands for the actual output for data point

i; and L stands for any distance measure function.

Step 5. For the time step t + 1, update the first and second momentum:

Mepr < @m + (1 — 91)ge

Vo1 < @20 + (1 — 05)gf

where ¢! and @} denote the values of ¢, and ¢, to the power of ¢ respectively.

Step 6. Correct the bias in the first and second momentum:

~ my

T

Ve
1— ¢}

~

Ve &

Step 7. Update the weights using Equation 12.

wm;

U+ €

Step 8. Repeat Steps 3 through 7 until the stop criteria are met.

Wipq & W —

12

The use of the Adam optimization algorithm for adjusting the rule weights can counterbalance the
dominance of those clusters with a high dispersion of data on the input space; it also helps to
improve the accuracy of FISs in multi-dimensional problems. Once the rule weights are
determined by the Adam optimization algorithm, the development of the FIS is complete, and the

FIS can be used as a predictive model. This process is illustrated in the next section using a
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numerical example. The applicability of this algorithm for modeling construction systems is also

tested through the modeling of CLP.

3.4.  Numerical Example

To illustrate the process of developing FISs using the proposed algorithm, the numerical example
introduced by Ren & Irwin [9] is solved in this sub-section. Let y = h(x) = sin(1.6x3 — 4x2 +
1) be the function to be approximated, and suppose a sample size of 41 is given as z; =
(—1, h(—l)), zZ, = (—0.95, h(—0.95)), v Z41 = (1,h(1)). In the first step, the number of
clusters are fixed to one (C = 2), and a two-rule TS-FIS is developed to predict the function f (x).
Figure 5 presents the scatter plot of the input data, as well as the prediction made by the FIS with
one cluster and the cluster center. GK algorithm Figure 7 presents the scatter plot of the input data
points and the results of fuzzy clustering, including the cluster centers and the predictions made
by the TS-FIS for C = 2. The FIS developed at this stage has two rules, which are equally weighted

(w; =w, =0.5).
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\a e Scatter Plot-Cluster 1
e Scatter Plot-Cluster 2
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Figure 7. Scatter plot for input data and the two-cluster FIS predictive model.
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432  The data points located on the tails of the two clusters are used to form the subclusters, and the
433 angle between the linear predictors of the subclusters and their parent clusters are determined. This
434 process is implemented for the two clusters shown in Figure 7, and the results show that

435  non-linearity exists within cluster 1, as presented in Figure 8.

= Sub-Cluster 1 Linear Predictor

= Sub-Cluster 2 Linear Predictor

—— Core-Cluster Linear Predictor
Cluster 2

1.04

0.5

0.0 -

—0.5 -

—1.0

T T T T T T T T T
-1.00 —-0.75 —0.50 —0.25 0.00 0.25 0.50 0.75 1.00

436 x
437 Figure 8. Determining the angle between the linear predictors of the subclusters and
438 core clusters.

439  The angle between subcluster 1 and its parent cluster (Ci) is @; = 136.60°, while the angle
440  between subcluster 2 and its parent cluster (Ci) is @, = 11.31°. Accordingly, non-linearity exists
441  within cluster 1, where a; > 45°. In this case, the number of clusters must be increased by one
442  and GK algorithm is re-implemented. Figure 9 illustrates the resulting three-cluster FIS that has

443  been developed.
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Figure 9. Scatter plot for input data and the three-cluster FIS predictive model.

These results show that non-linearity is not present in any of the three clusters. The FIS presented

in Figure 9 has three rules, which are equally weighted (w; = w, = w3 = 0.33). Although the

inclusion of three rules in the FIS enables the model to predict the non-linearity of the transitions

between clusters, the accuracy of the FIS is not yet maximized, since the rules weights are not

adjusted. In order to improve the accuracy of the FIS, the rule weights are adjusted using Adam

optimization and the final FIS is developed, as presented graphically in Figure 10 and illustrated

in Table 4.
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Figure 10. Scatter plot for input data and the final three-cluster FIS predictive model.

Table 4. Parameters of final FIS developed using the proposed algorithm.

Cluster Center
Cluster Linear State Function | Rule Weight
X y
1 -0.87 | -0.02 | y = —-10.42x —9.10 0.23
2 -0.27 | 0.66 |y =190x+ 1.16 0.30
3 0.65 | -0.26 | y=—-291x + 1.62 0.47
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As show in Figure 10 and Table 4, implementing Adam optimization improves the accuracy of the

FIS by decreasing the rule weights for clusters 1 and 2 and increasing the rule weight for cluster 3.

4. Predictive Model of Construction Labor Productivity

In this section, the applicability of the proposed algorithm in construction problems was tested by
developing a TS-FIS to predict CLP. The accuracy of the FIS was then compared to predictive
models developed using the FCM clustering technique, as proposed by Tsehayae and Fayek [4].
Modeling CLP is a highly dimensional problem, since there are numerous factors that affect its

value. In addition, the optimum number of clusters for modeling CLP is unknown. Accordingly,
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the capacity of the proposed fuzzy clustering algorithm for determining the number of clusters
automatically and assigning weights to the rules of FISs can be tested by modeling CLP. The
accuracy of the results from the proposed algorithm can then be compared to that existing fuzzy

clustering algorithms, which lack the aforementioned two capabilities.

Modeling CLP has been a major research interest within the construction domain for the last few
decades. While the construction industry is labor intensive [54], CLP significantly impacts the cost
and time of construction projects. Therefore, construction researchers and practitioners are
constantly searching for ways to improve CLP outcomes. Predictive models can improve CLP by
helping construction practitioners to identify the most critical factors and practices affecting it in
order to facilitate improved project cost estimation, scheduling, and decision making [55,56]. A
number of different models have been developed for the purpose of predicting CLP; for example,
Tsehayae and Fayek [4] developed a M-FIS using FCM clustering algorithm to predict CLP for
concrete placing activities. Similarly, Heravi and Eslamdoost [57] implemented the artificial
neural network (ANN) algorithm to predict CLP in power plant construction projects, and El-

Gohary et al. [58] applied the ANN algorithm to predict the CLP of carpenters.

In this paper, the proposed fuzzy clustering algorithm is used to develop a TS-FIS for predicting
the CLP of concrete placing activities using the empirical data collected in a previous study by
Tsehayae and Fayek [4]. Next, an M-FIS and a TS-FIS were developed using the FCM clustering
algorithm. Three FISs were then compared based on their accuracy for predicting actual CLP field
data and the results of extreme condition analysis. The empirical data for concrete placing activities
were collected in Alberta, Canada on four different construction project contexts: industrial
buildings, residential and commercial warehouse buildings, residential and commercial high-rise

buildings, and institutional buildings. The data were collected by documenting the value of the
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factors influencing CLP and value of CLP on a daily basis at the construction site. A total of 93
data points are used for developing the predictive model of CLP in this paper; the details of the
data collection intervals and proportions of data collected from each construction project context
are provided in [4]. The input variables of the three FISs were selected based on the previous
research conducted by Tsehayae and Fayek [59], where 169 factors influencing CLP were
identified through an extensive literature review. Next, the number of input variables was reduced
by feature selection in order to increase the accuracy of the predictive model [60]. Feature selection
techniques search for a subset of input variables, which predict the output of the system with the
highest accuracy. There are various techniques available for feature selection, such as correlation-
based methods and wrapper methods. Ahmad and Pedrycz [60] propose the use of the wrapper
method in applications where the predictive model is developed in the form of an FIS. In this
problem, the wrapper method and the entire sample of 93 data points are used for feature selection
and 20 input variables were selected out of the 169 initial input variables for developing the FIS.

Table 5 presents the selected input variables.

Table S. Input factors for the FIS of CLP.

Input Factor Scale of Measure
Crew size Integer (total number of crew members)
Craftsperson on job training Real number (no. training sessions attended x duration
of training, hrs)
Crew composition Proportion (ratio journeyman to apprentice to helper)
Co-operation among craftspeople 1-5 predetermined rating
Craftsperson motivation 1-5 predetermined rating
Fairness of work assignment 1-5 predetermined rating
Location of work scope (distance) Real number (distance, m)
Location of work scope (elevation) Real number (elevation, m)
Congestion of work area Real number (ratio of actual peak manpower to actual

average manpower)
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Input Factor

Scale of Measure

Fairness in performance review of
crew by foreman

Site congestion

Treatment of foremen by
superintendent and project manager

Uniformity of work rules by
superintendent

Out-of-sequence inspection or survey
work

Safety training

Oil price fluctuation
Natural gas price

Concrete placement technique

Structural element

Safety inspections

1-5 predetermined rating

Real number (ratio free site space to total site area)

1-5 predetermined rating
1-5 predetermined rating
Real number (number of occurrences per week)

Real number (no. training sessions attended x duration
of training, hrs)

Real number (fluctuations of global oil price, $)
Real number ($/GJ)

Categorical: pump (1), crane and bucket (2), direct
chute (3)

Categorical: columns (1), footings (2), grade beams (3),
pile caps (4), slabs (5), walls (6)

Real number (number of inspections per month)

For the development of the two TS-FISs, the number of clusters is determined by the algorithm to
be equal to 3 (C = 3), where the threshold for the angle between the two linear models is § = 45
degrees. The outputs of the rules of M-FISs are not modeled as linear state models; thus, the cluster
number of the M-FIS cannot be determined automatically using the angle between such models.
Tsehayae and Fayek [4] suggest that the number of clusters of the M-FIS should be optimized
manually by changing the number of clusters within the range of C € [1,10] and selecting the
value of C that creates the M-FIS with the minimum RMSE. For the development of all FISs, the
fuzzification coefficient m was considered to be equal to m = 2, as suggested by Pedrycz and
Gomide [22]. Min and max fuzzy operators were used for AND and OR operations between the
input and output variables. The center of area (COA) defuzzification technique was used to

defuzzify the outputs of the M-FIS. Next, the accuracy of the three FISs was measured by
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comparing their predictions to the actual field data and calculating two error measures, which are
commonly used for evaluating predictive models (i.e., mean absolute error (MAE) and root mean
square error (RMSE)). For this purpose, the sample data are divided into training and testing sets
using the same approach utilized by Tsehayae and Fayek [4], in which 70% of the data are used

for training and 30% is used for testing. The results are presented below in Table 6.

Table 6. The accuracy for the three FISs for predicting CLP.

M-FIS TS-FIS TS-FIS
(FCM clustering) (FCM clustering) (Proposed Algorithm)
Testing Error MAE 1.94 MAE 0.79 MAE 0.07
RMSE 2.21 RMSE 0.98 RMSE 0.22
Training Error RMSE 2.00 RMSE 0.90 RMSE 0.06

According to these results, the TS-FIS developed by the proposed fuzzy clustering algorithm had
the highest accuracy among the three FISs, with an MAE and RMSE of 0.07 and 0.22. The second
most accurate algorithm was the TS-FIS developed by FCM clustering, with an MAE and RMSE
of 0.79 and 0.98. Finally, the third most accurate algorithm was the M-FIS developed by FCM
clustering, with an MAE and RMSE of 1.94 and 2.21. Accordingly, the results of comparison show
that the proposed algorithm can create more accurate FISs, as compared to the FCM clustering

technique.

Next, the performance of the three FISs for predicting the behavior of the model in extreme
conditions (i.e., where CLP is extremely low or extremely high) was tested. Predicting the behavior
of systems in extreme conditions is an important function of predictive models in engineering
applications and control systems, since decisions in these contexts are often made when the outputs
of a system surpass or fall below a pre-determined threshold. To visualize the behaviour of the
three FISs in the extreme conditions, a scatter plot of the results was developed by showing the

actual field data on the horizontal axis and the predictions of the three FISs on the vertical axis. As
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presented in Figure 11, the perfect prediction results (i.e., MAE = RMSE = 0) are located on the
straight line of y = x; thus, a smaller distance between the predictions of each FIS to the straight

line of y = x indicate more accurate predictions of the CLP. Due to confidentiality considerations,

xi—min(x)

the value of CLP was normalized using the following equation x}, = where x},

max(x)-min(x)’

stands for the normalized value of CLP for data point i and x* stands for the original value of CLP.
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Figure 11. Scatter plot of prediction results vs. actual field data.

The results presented in Figure 11 shows that among the three FISs tested, the TS-FIS developed
by the proposed algorithm has the closest predictions to the straight line of y = x in extreme
conditions. In order to further investigate the performance of the three FISs in predicting the value
of CLP in extreme conditions, the empirical data points were divided into 10 categories, based on
the region where the actual value of CLP was located on the x-axis in Figure 11. Next, the accuracy
of the three FISs was determined by calculating the MAE and RMSE for each category of the

results, as presented in Table 7.
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Table 7. Results of the analysis of extreme conditions.

M-FIS TS-FIS TS-FIS
Category ‘éitga;{zlagt: (FCM Clustering) (FCM Clustering) (Proposed Algorithm)

MAE RMSE MAE RMSE MAE RMSE
C [0,0.1) 0.427 0.428 0.027 0.027 0.009 0.012
C; [0.1,0.2) 0.300 0.306 0.099 0.115 0.005 0.007
Cs [0.2,0.3) 0.226 0.229 0.071 0.081 0.003 0.003
Cy [0.3,0.4) 0.093 0.105 0.095 0.114 0.003 0.004
Cs [0.4,0.5) 0.111 0.113 0.096 0.098 0.017 0.023
Cs [0.5,0.6) 0.151 0.160 0.105 0.115 0.060 0.065
Cy [0.6,0.7) NA NA NA NA NA NA
Cs [0.7,0.8) NA NA NA NA NA NA
Co [0.8,0.9) NA NA NA NA NA NA
Cio [0.9,10) 0.523 0.523 0.323 0.323 0.137 0.137

Note: No data points are located in those categories, for which the value of error measures is NA.

As shown in Table 7, the TS-FIS developed by the proposed algorithm has the highest accuracy
for predicting CLP in extreme conditions, with an MAE and RMSE of 0.009 and 0.012 for Ci, and
0.137 and 0.137 for Ci0. However, the accuracy significantly decreases in extreme conditions (i.e.,
Ci and Cio), as compared to conditions where CLP is closer to its median value (i.e., C3, Cs). This
phenomenon (i.e., reduction of accuracy in extreme conditions) can also be observed in the results

produced by the TS-FIS and the M-FIS developed using the FCM clustering technique.

The results of comparison of the three FISs confirms that use of Adam optimization to assign
weights to rules of FISs improves the accuracy of these models for predicting the behavior of
highly dimensional systems. Moreover, the algorithm proposed for automatic determination of
cluster numbers can improve the efficiency of the fuzzy clustering algorithms, where cluster
numbers are typically optimized manually. The extreme conditions test shows that the TS-FIS
developed using the proposed algorithm outperforms those FISs developed using the FCM
clustering algorithm. However, in extreme conditions, the accuracy of all the three FISs decreases,

as compared to conditions where the output is closer to its median value.
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5. Conclusions and Future Research

Fuzzy clustering algorithms are one of the most common techniques for developing data-driven
FISs in engineering applications. Despite their wide application in predictive modeling for
engineering problems, fuzzy clustering algorithms have two limitations in this area. First, the
majority of fuzzy clustering algorithms rely on the modeler’s judgment for determining the
appropriate number of clusters. Such knowledge may not be accessible to the modeler in many
engineering applications. Second, fuzzy clustering algorithms equally weight all the input and
output variables of the system being modeled; this approach can decrease the accuracy of these
algorithms for developing FISs in highly dimensional problems. In this paper, a new fuzzy
algorithm was introduced to address these limitations by integrating GK algorithm with Adam
optimization. A novel approach was developed to determine the number of clusters, based on the
non-linearity observed within each cluster. This new algorithm was then used to predict CLP for
concrete placing activities, and the results were compared to those of two FISs developed by the
FCM clustering algorithm. A comparison of the result showed that automatic determination of the
number of clusters improves the efficiency of fuzzy clustering algorithms, and helps to avoid
reliance on the subjective judgment of the modeler. Moreover, the use of Adam optimization for
assigning weights to the rules of the FIS significantly improves their accuracy in highly

dimensional problems.

Although the proposed algorithm outperformed the FCM clustering algorithm in predicting system
behavior in extreme conditions, the accuracy of the FIS developed using this algorithm
significantly decreased in extreme conditions, as compared to those conditions where the output
of the model was close to its median value. In future research, efforts will be made to address this

limitation by increasing the significance of the data points located on the two extremes of the
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universe of discourse for developing fuzzy clusters and/or for determining the rule weights.
Moreover, the proposed fuzzy clustering algorithm may provide non-convex membership
functions for rule activation, which makes it more difficult to interpret the reasoning process of
the FIS. Converting the membership functions in the input space to one of the widely used convex
shapes (e.g., trapezoidal, exponential, Gaussian) would increase the interpretability of the model.
Finally, in future research the proposed method will be used to develop predictive models for
different construction applications, such as modeling the production rate of construction
equipment, modeling organizational competency, and predicting the performance of construction

projects and organizations.
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FIS Fuzzy inference system

FCM clustering Fuzzy c-means clustering

GK algorithm Gustafson-Kessel’s algorithm
CLP Construction labor productivity
M-FIS Mamdani FIS

TS-FIS Takagi-Sugeno FIS

TBM Tunnel boring machines

PCM Possibilistic c-means

FPCM Fuzzy possibilistic c-means
PFCM Possibilistic fuzzy c-means
GPFCM Generalized possibilistic fuzzy c-means
ANN Artificial neural network

COA Center of area

MAE Mean absolute error

RMSE Root mean square error
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