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With a great pleasure, we introduce this special edition of the
Journal of Advances in Civil Engineering, the result of the
joint effort of authors, editors, and reviewers.

Artificial intelligence is to develop the machine elements
that analyze the human’s thinking system and reflect the
same to reality. In recent years, artificial intelligence ap-
plications have found a wide range of applications in civil
engineering and the other engineering branches. "e in-
crease in artificial intelligence studies with great acceleration
shows that the use of artificial intelligence in engineering
branches will increase in the coming years.

"e focus of this special issue is on applications of ar-
tificial intelligence approaches in civil engineering. Espe-
cially hybrid artificial intelligence studies in the fields of
structural engineering, construction management, hydrol-
ogy, hydraulic engineering, geotechnical engineering, en-
vironmental engineering, transportation engineering,
coastal and ocean engineering, and materials of construction
form the basis of this special issue. Besides, review articles
including applications of civil engineering using branches of
artificial intelligence techniques (ANN, fuzzy system, expert
system, and swarm intelligence) is covered by this special
issue.

During the call for submissions, more than 40 papers
were received, focusing on several aspects related to the
application of artificial intelligence in civil engineering.
Twelve of these papers were accepted by the referee and the
editor. "is rigorous revision process can be seen as an
indicative of the high quality of the accepted works. "e

details about the published papers are given in the
sequence.

"e first accepted paper prepared by Lu et al. presenting
a risk assessment method for cable system construction of
suspension bridges was based on the cloud model. "e
proposed model can combine randomness and fuzziness of
risk information effectively. At the end of their study, the
authors concluded that the risk assessment method can
provide safety assurance and technical support for cable
system construction of the long-span suspension bridge.

S. Petruseva et al. presented a hybrid method for pre-
dicting construction time in the early project phase. "ey
used many ANN techniques such as General Regression
Neural Network (GRNN), Backpropagation Neural Net-
work (BNN), and Radial Base Function Neural Network
(RBFNN). "eir study shows that the BNN technique is
better than the other techniques when they compared the
results obtained. But, their developed model is not suitable
for the higher, more intensive risk factors impact during the
construction period.

H. Ceylan and T. Ozcan presented a case study on the
optimization of headways and departure times in urban bus
networks. "e authors used the metaheuristic harmony
search optimization method to evaluate the user and op-
erator costs. "is study gives Pareto solutions in terms of the
user and operator benefits. At the end of the study, the
authors concluded that total travel time and total service km
could be reduced by 4.8% and 9.8%, respectively, compared
with the current bus network.
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E.-T. Lee and H.-C. Eun investigated damage detection
methods using the stress or stiffness variation rate of the
truss element before and after the damage. To predict
damaged elements depending on complete and incomplete
measurement, the authors of this study consider some
methods such as the substructuring method, damage de-
tection methods, and static-based and dynamic-based
substructuring method. "e detailed knowledge about
these methods can be found from the paper submitted to this
special issue.

G. B. Jumaa and A. R. Yousif proposed three prediction
models by using ANN. "ey are ANN, gene expression
programming (GEP), and nonlinear regression analysis
(NLR). "e authors used a large database including 269
shear test results and the genetic programming to predict the
shear capacity of FRP-reinforced concrete beams without
stirrups. "eir parametric study indicated that the ANN
model defines accurately the interaction of all parameters on
shear capacity prediction.

C.-Y. Kao et al. develops a two-step computer-aided
approach for pozzolanic concrete mix design."e first step is
establishing a dataset of pozzolanic concrete mixture pro-
portioning which conforms to American Concrete Institute
Code. In the first step, ANNs are employed to establish the
prediction models of compressive strength and the slump of
the concrete. Sensitivity analysis of the ANN is used to
evaluate the effect of inputs on the output of the ANN. "e
two ANN models are tested using data of experimental
specimens made in a laboratory for twelve different mix-
tures. "e second step is classifying the dataset of pozzolanic
concrete mixture proportioning. A classification method is
utilized to categorize the dataset into 360 classes based on
compressive strength, pozzolanic admixture replacement
rate, and material cost. "us, one can easily obtain mix
solutions based on these factors. "e results show that the
proposed computer-aided approach is convenient for poz-
zolanic concrete mix design and practical for engineering
applications.

N.-D. Hoang’s research establishes an automatic ap-
proach for asphalt pavement pothole detection. Image
processing techniques including Gaussian filter (GF),
steerable filter (SF), and integral projection (IP) are used
synergistically to extract features from pavement digital
images. Two levels of GF are utilized as an image denoising
technique. SF assisted by GF is used to generate a pothole
resilient map. IP analysis based on such map is performed to
numerically present the feature of an image with the par-
ticular interest in pothole recognition. A simple moving
average technique is put forward to reduce the number of the
extracted features from 300 to 60. Based on the image
features, two artificial intelligence (AI) approaches of ANN
and the least squares support vector machine (LS-SVM)
have been employed to construct classification models to
predict the existence of pothole on the pavement surface.
Experimental results with a repeated subsampling procedure
with 20 runs confirm that ANN and LS-SVM are capable AI
methods for pothole detection. It is because the classification
accuracy rates (CARs) of both methods are higher than 85%
and the area under the curve (AUC) values surpass 0.9.

Moreover, LS-SVM has been identified as the better ap-
proach for the task of pothole detection with a desired
accuracy of approximately 89%.

S. Golnaraghi et al. used four different ANN methods:
Backpropagation Neural Network (BNN), Radial Basis
Network (RBF), Generalized Regression Neural Network
(GRNN), and Adaptive Neuro-Fuzzy Inference System
(ANFIS) to model labour productivity. Weather (tempera-
ture, humidity, wind speed, and precipitation), crew (gang
size and labour percentage) and project (work type, floor
level, and work method) data were selected as inputs in the
models. According to R2 values, the best result in the models
was obtained from BNN with 0.98 for the training set and
from RBF with 0.85 for the test set. In the three methods
other than RBF, it was determined that temperature was the
most important parameter affecting labour productivity. It
was determined that the best model BNN obtained as a result
of this study can help save time and cost associated with
quantifying loss of productivity.

J. A. Álvarez et al. predicted energy performance of a
house using ANN models to evaluate building energy effi-
ciency. "e dataset obtained from 453 buildings located in
the northern area of Spain with a total usable area of
570,438.30m2 was used in the models."e data were divided
into two: 90% of them were training set, and 10% of them
were validation set. Together with this study, it is possible to
estimate the energy efficiency of a building in a certain
region by using some characteristics belonging to that
building with high accuracy without interfering with the
building or using any measuring device.

A. M. al-Swaidani and W. T. Khwies applied the ANN
and multilinear regression (MLR) models to estimate 2, 7,
28, 90, and 180 days compressive strength, water perme-
ability, and porosity of concretes containing volcanic scoria
as cement replacement. Cement content, volcanic scoria
content, water content, superplasticizer content, and curing
time were used as model inputs. "e data used in the ANN
models were divided into 70% training, 15% testing, and
15% validation pattern, respectively. Sensitivity analysis
showed that all parameters used as an input in this study
have significant effects on the properties of concrete con-
taining volcanic scoria as cement replacement. "e results
showed that ANN models were much more accurate than
MLR models and that ANN can be used successfully to
predict the investigated concrete properties.

X. Cao et al. developed a new dynamic multicriteria
decision-making approach for low-carbon supplier selection
in low-carbon building construction projects. "is approach
includes interval-valued triangular fuzzy numbers intui-
tionistic fuzzy. According to the demand from the con-
structors during the considered projects, 5 main criteria and
17 subcriteria were established for the selection of low-
carbon suppliers in the construction sector. In conclusion,
the authors revealed that the proposed model can be easily
extended to analyze other management decision problems as
a structural model.

N.-D. Hoang and Q.-L. Nguyen suggest a hybrid model
that includes image processing and machine learning ap-
proaches for automatic pavement crack recognition. "ey
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used advanced image processing techniques (fast local
Laplacian filter, Sobel filter, SF, and IP) to extract digital
properties from digital images. "ey benefited from the
adaptive boosting classification tree to perform pavement
crack recognition tasks. To generate and validate the per-
formance of the adaptive boosting classification tree, a set of
image samples consisting of five classes, crocodile cracks,
diagonal cracks, longitudinal cracks, no cracks, and cross
cracks, were collected. "e results of the study revealed that
the crack classification accuracy of the proposed approach
was approximately 90%. It is considered that the model can
be used in the assessment of the pavement condition of the
transportation agencies.
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Cable system construction is one of the most risky construction stages of long-span suspension bridges, and a reliable risk
assessment is an important means to ensure the construction safety. 1is study proposes a risk assessment method for cable
system construction of suspension bridges based on the cloud model, which can combine randomness and fuzziness of risk
information effectively. First, a multilevel evaluation index system is built by disassembling the process of cable system
construction. Next, the index weights are calculated by the uncertain analytic hierarchy process (AHP). 1en, according to the
cloud model, a risk assessment model for cable system construction of the suspension bridge is established by realizing the
mutual transformation between qualitative language and quantified data. Finally, an illustrative example concerning the risk of
cable system construction of Wuhan Yang-Si-Gang Yangtze River Bridge is provided to demonstrate the feasibility and
objectivity of the proposed method.

1. Introduction

Long-span suspension bridges are a construction project
with large investment, long cycle, and many uncertain
factors. 1e problem of safety accidents during construc-
tion is very prominent. Cable system construction is the
construction stage with the maximal risk of suspension
bridge construction. Once the accidents occur, it will cause
huge economic losses, even casualties and bad social im-
pact. 1erefore, it is important to propose an objective and
effective risk assessment theory of bridge construction and
to carry out risk management control on cable system
construction.

At present, many scholars have proposed different
evaluation methods in the risk assessment field of bridge
construction. Nieto-Morote and Ruz-Vila [1] combined
fuzzy theory with analytic hierarchy process to evaluate the
risk of a bridge during construction period. Based on neural
network finite element Monte Carlo simulation, Gong [2]
proposed a risk assessment method of long-span cable-
stayed bridge construction. Chen et al. [3] built a con-
struction risk assessment system for building bridges from

three aspects of occupational health, safety, and environ-
ment (HSE), and the work decomposition structure-risk
decomposition structure and the analytic hierarchy pro-
cess were used to establish and apply to the evaluation
model. Ding et al. [4] identified the main risk factors of the
bridge construction stage, constructed the evaluation index
system, and established the bridge construction risk as-
sessment model based on the Monte Carlo method. Liu et al.
[5] studied the construction risk of double-wall steel cof-
ferdam piers and applied fuzzy fault tree theory to propose a
fuzzy fault tree-based risk assessment method. To propose
the principal component analysis method of bridge open
caisson foundation construction risk, Liu et al. [6] studied
the construction risk of open caisson foundation by using
principal component analysis method. In summary, the
current risk assessment methods have been well applied in
the field of bridge construction risk assessment, but there are
still some shortcomings; for example, the evaluation steps
are cumbersome, and the analysis results are much more
subjective. How to determine the membership function of a
fuzzy concept accurately becomes the key problems in the
risk assessment.

Hindawi
Advances in Civil Engineering
Volume 2019, Article ID 5720637, 9 pages
https://doi.org/10.1155/2019/5720637

mailto:dengxiaoguang0825@163.com
http://orcid.org/0000-0001-9290-3351
http://orcid.org/0000-0003-2262-8950
http://orcid.org/0000-0001-5016-2540
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1155/2019/5720637


1e cloud model, which can represent the fuzziness and
randomness as well as their relations of uncertain concepts
well by giving the random determination of the sample
points [7], has been applied in the field of safety evaluation
and decision analysis in recent years. Wang et al. [8] applied
a synthetical cloud in the effectiveness evaluationmethod for
the shortcomings of the cloud gravity center method and
cloud model method and justified the capability through a
simple example. 1e research team of Wang and Liu [9, 10]
proposed a decision-making method based on cloud model
to solve the multicriteria group decision-making problems
and also applied the cloud model into the game problems,
online recommendation approach, and sustainable energy
crop selection problems [11–13]. 1e results were observed
to demonstrate the cloud model could combine the ran-
domness and fuzziness of an uncertain concept effectively.

In view of the above advantages, in order to provide an
objective and effective risk assessment for cable system
construction, this paper applies the cloudmodel into the risk
assessment and proposes a new risk assessment method for
cable system construction of suspension bridge based on the
cloud model.

2. The Index System of Cable
System Construction

2.1. Determination of Risk Index of Cable SystemConstruction
for Long-Span Suspension Bridge. According to the princi-
ples of scientificity, system, orientation, feasibility, and
relative independence between index, the characteristics and
actual conditions of cable system construction for large
suspension bridges are analyzed, and the risk factors of the
suspension bridge in the construction process are identified.
1e risk sources in the construction of the cable system are
identified to determine the construction risk indicators,
mainly including the following:

(1) Saddle installation risk: during the installation
process of the saddle, it is prone to hoisting damage,
falling from a high altitude, etc. 1e mounting
bracket is an important force structure when the
saddle is installed, and its instability is also likely to
cause serious safety accidents.

(2) Traction system installation and catwalks construc-
tion risks: during the installation of the traction
system and the catwalks construction process, fre-
quent high-altitude operations and water above
operations are prone to cause accidents such as
machine failure, drowning, and falling from high
altitude. Gale weather will also have a great impact
on catwalks construction.

(3) Main cable erection and cable tightening construc-
tion risk: one mistake in the erection of the cable can
cause safety accidents such as slipping, lifting
damage, and improper machine coordination.

(4) Cable clamp and sling installation risk: there are risks
such as sling high-altitude slings, cable clamp de-
formation, and cable strand extrusion.

2.2. Construction of Evaluation Index System. According to
the aforesaid established construction risk index, a multi-
level suspension bridge cable system construction risk
evaluation index system including 20 secondary evaluation
indicators such as “saddle installation risk” and 20 three-
level evaluation indicators such as “high-altitude falling
objects” is established in Figure 1, so the foundation for the
construction risk assessment is settled.

2.3. Cable System Construction Risk Assessment Criteria.
Combined with corresponding engineering data, on-site
investigation, expert experience, and standard [14, 15],
the risk assessment level standard for the cable system
construction of the long-span suspension bridge is estab-
lished and [7, 8] is used for all index. 1e evaluation value,
from large to small, is a trend in which the risk gradually
decreases. Five standard trust clouds are generated by the
expert opinion in the interval, corresponding to different
risk levels. 1e risk level of the comment set is {lower risk,
low risk, medium risk, high risk, higher risk}, use the golden
sectionmethod to calculate the cloudmodel parameters, and
set the superentropy He according to the golden section
method [8, 9]. Since the value of the domain is {0, 10}, the
value of the superentropy He of the cloud corresponding to
the intermediate value of “medium risk” is 0.05, and and the
calculation results of the values in the standard cloud moder
of each risk level are shown in Table 1, and the cloudmodel is
shown in Figure 2.

3. Construction Risk Assessment of Suspension
Bridge Cable System

In 1995, Li Deyi, an academician of the Chinese Academy of
Engineering, proposed the concept and theory of the cloud
and unified the randomness, ambiguity, and correlation
between these two by giving the random determination of
the sample points. Based on this research the cloud model
was proposed based on. It has been applied in the field of
safety evaluation and decision analysis.

3.1. Cable System Risk Assessment Cloud Model. 1e cloud
model theory is to establish the uncertainty conversion
model between a qualitative concept and its quantification
expressed by natural language values and fully express the
ambiguity and randomness of the qualitative concept
evaluation information expressed by experts in natural
language. It is also a group decision-making individual
preference representationmethod based on natural language
evaluation information.1e cloud model includes tools such
as virtual clouds, forward and reverse cloud generators, and
cloud uncertainty prediction. 1is paper mainly applies
forward and reverse cloud generators.

Let U be a domain expressed by exact numerical values.
For any element X in the domain, there is a stable random
number Y�U(X) as the degree of concept determination of
X, the distribution of X on the domain is called the cloud
model or simplified as cloud, and each (X, Y) is called a cloud
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drop. If the domain U is defined as an n-dimensional space,
it can be extended to an n-dimensional cloud.

1e cloud consists of a large number of cloud droplets,
each of which represents a specific implementation of this
qualitative concept in the number domain space with un-
certainty. Separate cloud droplets may not be trivial, but the
shape of a large number of cloud droplets can reflect the
basic characteristics of the qualitative concept [7].

1e digital characteristics of the cloud are mainly rep-
resented by Ex (expected value), En (entropy), and He
(hyper entropy). A schematic diagram of the one-
dimensional cloud model is shown in Figure 3 with
Ex� 5, En� 1, and He� 0.05.

Ex: the value that best represents this qualitative concept,
usually corresponding to the value of cloud center, reflecting
the information center value of the corresponding quali-
tative concept.

En: the measure of the ambiguity of the qualitative
concept. 1e number of elements that can be accepted of the
qualitative concept in the domain is directly affected by the
entropy value, which reflects the margin of the qualitative
concept.

He: entropy of entropy, reflecting the degree of dis-
persion of the cloud, that is, the thickness of the cloud. 1e
greater the thickness shows the greater the randomness of
the membership.

3.2. Weight Determination of Risk Indicator. By the interval
form, the two-two importance comparison of the indicators
is given. 1e interval scale is still the 9 scale of the analytic
hierarchy process, as shown in Table 2.

(1) It is assumed that there are n evaluation indicators in
a subindicator system of the cable construction risk
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Figure 1: Cable system construction risk evaluation index system of the suspension bridge.

Table 1: Value form of risk-level reliance cloud.

Risk level Ex En He
Lower risk 0 1.0302 0.1309
Low risk 3.0900 0.6367 0.0809
Medium risk 5.0000 0.3935 0.0500
High risk 6.9100 0.6367 0.0809
Higher risk 10.0000 1.0302 0.1309
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Figure 2: Cloud model of each risk level.
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Figure 3: Diagram of the cloud model.
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assessment system, which constitutes a set
U � U1, U2, . . . , Un , invites experts whose number
is q to compare the importance of the two pairs of
evaluation indicators in the set (according to the
scale of 1∼9), and gives a specific comparison in-
terval. 1en the judgment interval of the expert
whose sequence is k for the indicator Ui and the
indicator Uj is as follows:

Ak � aij 
n×n

� a
l
ij, a

u
ij . (1)

(2) 1e judgment matrix based on the uncertain AHP
method is

A �

[1, 1] al
12, au

12  · · · al
1n, au

1n 

1
au
12

,
1

al
12

  [1, 1] · · · al
2n, au

2n 

⋮ ⋮ ⋱ ⋮

1
au
1n

,
1

al
1n

 
1

au
2n

,
1

al
2n

  · · · [1, 1]

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

. (2)

1e derived vector of the definition matrix is as
follows:

vec Ak(  � a
l
11, . . . , a

l
n1, a

l
12, . . . , a

l
n2, . . . , a

l
1n, . . . ,

a
l
nn, . . . , a

u
11, . . . , a

u
n1, a

u
12, . . . , a

u
n2, . . . ,

a
u
1n, . . . , a

u
nn.

(3)

Calculate the angle cosine Vk of the derived vector
between matrices, and normalize Vk to obtain the
similarity between the two judgment matrices by
defining Vk � 

q

i≠k,i�1Vik:

λk �
Vk


q

i�1Vi

. (4)

(3) For the calculation of the difference between the
judgment matrices, first use ek to represent the sum
of the absolute values of the elements in the

evaluationmatrix of the kth expert and all the experts
and then normalize the ek to obtain the kth expert.
1e difference between the judgment and other
experts’ judgment is given as follows:

Wk �
ek


q
i�1ei

. (5)

1e similarity and difference of the judgment matrix
are taken as important parameters, and the expert
credibility rk is calculated:

rk �

λk, 

q

i�1
λi · Wi � 1,

λk 1−Wk( 

1−
q
i�1λi · Wi

, 

q

i�1
λi · Wi ≠ 1,

k � 1, 2, . . . , q.

⎧⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎩

(6)

(4) 1e calculation of weighted sorting interval is an
important part of the uncertain AHP method [16].
Firstly, the judgment matrix is uniformly approxi-
mated, and the matrix M� (mij)n×n is constructed:

mij �
2n

��������



n

k�1

al
jka

u
jk

al
jka

u
jk

.




(7)

Weight vector of matrixM is w � (w1, w2, . . . , wn)T:

wj �
1


n
i�1mij

�


n
k�1a

l
jkau

jk 
1/2n


n
i�1 

n
k�1a

l
ikau

ik 
1/2n

, j ∈ N (8)

Construct the level difference matrix ΔM1 andΔM2
and its matrix weight vector:

ΔM1 � mij − a
l
ij 

n×n
� Δ1mij,

ΔM2 � a
u
ij −mij 

n×n
� Δ2mij,

Δkwj 
2

�


n
i�1 Δkmij 

2


n
i�1mij 

4 , k � 1, 2.

(9)

1e weighting interval of the judgment matrix is

wj
′ � wj −Δ1wj, wj −Δ2wj  � u1, u2( . (10)

(5) 1e subjective weight wi1 based on the expert
credibility risk factor is determined by the expert’s
judgment matrix. 1e weighted interval of the de-
termined judgment matrix is processed by the fuzzy
set-valued statistical method to obtain the subjective
weight of the risk factor:

wi1 �
1
2

·


q

k�1rk uk
2( 

2 − uk
1( 

2
 


q

k�1rk uk
2( − uk

1(  
. (11)

Table 2: Implication of index evaluation scale.

Scale Implication
1 Indicator i is as important as indicator j
3 Indicator i is slightly more important than indicator j
5 Indicator i is more important than indicator j

7 Indicator i is significantly more
important than indicator j

9 Indicator i is far more important than indicator j

2, 4, 6, 8 1e intermediate values of two adjacent
judgments mentioned above

Reciprocal 1e comparison result between index i and index j is the
reciprocal of the comparison between index j and index i
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1e objective weight mainly reflects the degree of
grasp and objectivity of the expert on the risk factor.
1e objective weight wi2 is

wi2 �
bdi


n
i�1bdi

, i � 1, 2, . . . , n,

bdi �
1

1 + gi

,

gi �
1
3

· 

q

k�1

rk uk
2 −wi1 

3 − uk
1 −wi1 

3
 

uk
2 − uk

1
.

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

(12)

(6) Finally, the subjective weight wi1 and the objective
weight wi2 are combined to obtain the final weight of
the risk factor:

wi �
wi1 · wi2


q

i�1wi1 · wi2
, i � 1, 2, . . . , n. (13)

3.3. Risk Assessment of Cable System Construction Based on
CloudModel. According to the evaluation index system, the
uncertain analytic hierarchy process- (AHP-) based
weighting method is combined with the cloud model to
propose a suspension cable system construction risk as-
sessment model. 1e specific steps are as follows:

(1) Establish a risk assessment index system for cable
systems of long-span suspension bridges

(2) Identify the review set and generate a corre-
sponding standard cloud model for different levels
of reviews

(3) Calculate the weight wi of each indicator by using the
weighting method based on the uncertain AHP

(4) Collect the expert evaluation data, and the trust
attribute cloud of the evaluation index is calculated
by the undetermined reverse cloud algorithm
[17], and the three characteristic values of the
risk trust cloud are calculated by the indicator
weight:

Ex � 
n

i�1
Exi × wi( ,

En �

�����������



n

i�1
En2i × wi 




,

He � 
n

i�1
Hei × wi( .

(14)

(5) Calculate the similarity between the risk trust cloud
and the trust clouds of each level. 1e specific steps
are as follows:

(1) Enter the risk trust cloud STC1 and standard
trust cloud STC.

(2) Generate a normal random number Eni
′ �

NORM(Eni,He2i ) with Eni as the expectation
and He2i as the variance in the risk trust cloud
STC1.

(3) Generate a normal random number xi �

NORM(Exi,Eni
′2) with Ex1 as the expectation

and Eni
′2 as the variance in risk trust cloud STC1.

(4) Substitute the normal random number xi into the
expected equation of the standard trust cloud
STC, and calculate δi

′ � exp(−(xi −Ex)2/2(En)2).
(5) Repeat steps (1)∼(3) until δi

′ are generated with
number as n.

(6) Calculate δ � (1/n)
n
i�1δi
′ and δ is the similarity

sought.
(7) Determination of the level of risk. 1e calculated

risk trust cloud is sorted with the similarity
degree of the standard trust cloud of different
risk levels, and the risk level of the evaluation
index is obtained.

4. Case Analysis of Cable Construction Risk of
Suspension Bridge

4.1. Engineering Background. Wuhan Yang-Si-Gang Yang-
tze River Bridge is a double-layer suspension bridge
connecting Hanyang and Wuchang. 1e total length
of the bridge is 4134m, as shown in Figure 4. 1e length
of main span is 1700m, the side span is 465m, and the rise-
span ratio is 1/9. 1e design load is 47 tons per meter,
the main cable tension is 65,000 tons, and the sling
tension is 500 tons, which are the largest in the world. It is
necessary to carry out cable system construction risk
analysis and propose corresponding risk prevention
measures.

4.2. Cable System Risk Index System of the Suspension Bridge.
Based on the construction risk index of the cable system of
the long-span suspension bridge, the risk evaluation index
system for the cable system of the Yang-Si-Gang Yangtze
River Bridge in Wuhan is constructed, as shown in
Figure 1.

4.3. Determination of Indicator Weight. Five experts were
invited to compare the importance of each level
of the indicators, and the interval number was scored
to form the judgment matrix of each expert. 1e calcula-
tion was carried out by using Matlab software
programming.

Take the “main cable erection and tight cable entan-
glement construction risk U3” of the criterion layer as an
example. 1e six evaluation indicators are “hoist parts are
loose U31,” “winch and entanglement machine mismatch
U32,” “lifting accident U33,” “traction of the cable strand or
strapping damage U34,” “strand slip U35,” and “windy
weather during the process of erection processU36,” and five
experts compare their importance and get the judgment
matrix as follows:
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.

(15)

Calculate the similarity between each expert’s judgment
matrix according to equations (3) and (4):

λk � 0.2002, 0.2000, 0.2005, 0.2000, 0.1990{ }. (16)

1e degree of difference between the judgment matrices
is

Wk � 0.1889, 0.1956, 0.1719, 0.1973, 0.2463{ }. (17)

Expert credibility is

rk � 0.2030, 0.2012, 0.2076, 0.2007, 0.1875{ }. (18)

Based on the expert credibility, the weights of uncertain
AHP are calculated. Firstly, the judgment matrix is uni-
formly approximated, and the consistency matrix M is
constructed with calculating weight vector (each column
corresponds to the weight vector of each expert):

1700465
Hanyang

465
Wuchang

Figure 4: General arrangement diagram of main bridge.
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wj �

0.0929 0.1013 0.1033 0.1023 0.0934

0.0648 0.0615 0.0612 0.0586 0.0612

0.0448 0.0431 0.0432 0.0454 0.0420

0.1745 0.1846 0.1703 0.1876 0.1696

0.3604 0.3286 0.3402 0.3457 0.3690

0.2625 0.2809 0.2818 0.2604 0.2649

⎛⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎝
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. (19)

After constructing the level difference matrixes ΔM1
and ΔM2, calculate the weight vectors Δ1w and Δ2w
and determine the weight interval of the judgment matrix
as

wj
′ �

(0.0764, 0.1072) (0.0860, 0.1194) (0.0874, 0.1238) (0.0864, 0.1234) (0.0760, 0.1151)

(0.0587, 0.0724) (0.0577, 0.0712) (0.0570, 0.0665) (0.0541, 0.0660) (0.0563, 0.0721)

(0.0403, 0.0486) (0.0374, 0.0478) (0.0386, 0.0474) (0.0399, 0.0498) (0.0341, 0.0496)

(0.1573, 0.2490) (0.1635, 0.2789) (0.1495, 0.2413) (0.1709, 0.2338) (0.1513, 0.2609)

(0.3007, 0.4081) (0.2828, 0.3564) (0.2922, 0.3709) (0.3061, 0.3847) (0.3054, 0.4210)

(0.2273, 0.3773) (0.2448, 0.3528) (0.2531, 0.3523) (0.2316, 0.3106) (0.2280, 0.3811)

⎛⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎝
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. (20)

1e risk factor weights include the subjective weight wi1
and the objective weight wi2 of each element:

wi1 � (0.1004, 0.0634, 0.0432, 0.2066, 0.3451, 0.2980),

wi2 � (0.1668, 0.1668, 0.1668, 0.1666, 0.1665, 0.1663).

(21)

1rough the coupling of subjective weight and objective
weight by using equation (13), the final weights of the six risk
factors in the construction risk of main cable erection and
tight cable entanglement construction risk are as follows:

wi � (0.0952, 0.0601, 0.0409, 0.1956, 0.3266, 0.2817). (22)

Due to the limited space, the weight calculationmethods of
the other indicator layers and the criterion layer are the same
as above, and the calculation results are shown in Table 3.

4.4. Comprehensive Synthesis of Risk Trust Clouds. Based on
the actual situation of the Yang-Si-Gang Yangtze River
Bridge, and considering the risk occurrence probability and
the degree of risk impact comprehensively, the five experts
give a score to the indicators at the index level. According to
these score, the reversed cloud calculation is carried out, and
the index layer attributes are synthesized based on formula
(14). 1en, the characteristic value of the criterion layer
cloud model can be obtained, as shown as Table 4.

1e criterion layer is synthesized again to obtain the
characteristic value of the risk trust cloud of the target layer:

Ex � 4.8514,

En � 0.7258,

He � 0.3083.

(23)

4.5. Comprehensive Evaluation of Cable System Construction
Risk. According to the similarity calculation method be-
tween the cloudmodels in Section 2.3, the similarity between

the risk trust cloud and each standard trust clouds of every
level is calculated and sorted. 1e cloud model is shown in
Figure 5, and the calculation results are shown in Table 5.

Table 5 shows that the risk trust cloud has the greatest
similarity with the medium-risk standard trust cloud.
1erefore, the comprehensive judgment result of the cable
system construction risk of the Yang-Si-Gang Yangtze River
Bridge is “medium risk”. According to the construction risk
decision criteria, the risk level is subject to conditional ac-
ceptance, but further risk management measures are needed
to improve project safety.

4.6. Construction Risk Prevention Measures. According to
the calculation results of the characteristic values of each
attribute cloud in the criterion layer in Table 5, the corre-
sponding risk prevention measures are proposed for the
cable saddle construction, the traction system and catwalk
construction, the main cable erection and the cable tight-
ening construction. 1e risk of cable clamp and sling in-
stallation construction is low and no need to take
precautions.

4.6.1. Saddle Construction Safety Measures. 1e tower top
construction platform shall be provided with protective
railings and safety nets, and operators shall strictly wear safe
labor insurance products. Before the sling is lifted, a special
project should be formulated for demonstration.

4.6.2. Risk Prevention Measures for Catwalk Construction
and Traction System. Before construction, the quality of the
cable should be strictly checked. Wire breaking and rust is
strictly forbidden. 1e impact of bad weather should be
regarded. It is strictly forbidden to carry out the construction
of the catwalk and the main cable under high wind
conditions.
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4.6.3. Risk Prevention Measures of Main Cable Erection and
Cable Tightening Construction. Pay attention to monitoring
the displacement of the main tower during construction.1e

displacement should be adjusted in time and always within
the allowable range. 1e wire bundle should be tracked and
inspected during the traction process to prevent the wire

Table 3: Index weight of the cable system construction risk evaluation system.

Criteria layer Weights Indicator layer Weights Comprehensive
weight

Saddle installation risk U1 0.2734

Falling objects U11 0.0801 0.0219
Mounting bracket instability U12 0.2696 0.0737

Cable saddle falling U13 0.5004 0.1368
Lifting damage U14 0.1499 0.0410

Traction system installation and
catwalk construction risk U2

0.3678

Commander signal is not uniform U21 0.0413 0.0152
Catwalk load-bearing cable anchoring embedded

parts are not strong U22
0.0594 0.0218

Drowning accident U23 0.0967 0.0356
Traction system failure U24 0.2081 0.0765

Catwalk construction falls high U25 0.2660 0.0978
Catwalk construction encounters strong winds U26 0.3285 0.1208

Main cable erection and cable
tightening construction risk U3

0.2980

Hoist parts are loose U31 0.0952 0.0284
Winch and entanglement
machine mismatched U32

0.0601 0.0179

Lifting accident U33 0.0409 0.0122
Traction of the cable strand or

strapping damage U34
0.1956 0.0583

Strand slip U35 0.3266 0.0973
Windy weather during the erection process U36 0.2817 0.0839

Cable clamp and sling installation risk U4 0.0608

Wire strand extrusion U41 0.0660 0.0040
Cable clamp deformation U42 0.1277 0.0078

Sling installation is tilted and biased U43 0.3423 0.0208
Sling falling from high altitude U44 0.4640 0.0282

Table 4: Calculation results of the criterion layer attribute cloud characteristic value.

Criterion layer Ex En He
Saddle installation risk U1 5.0600 0.5738 0.2977
Traction system installation and catwalk construction risk U2 4.9907 0.7981 0.3483
Main cable erection and cable tightening construction risk U3 4.6661 0.7564 0.2771
Cable clamp and sling installation risk U4 3.9789 0.7252 0.2666

Table 5: Similarity between criterion reliance cloud of each risk level and risk reliance cloud.

Risk level Lower risk Low risk Medium risk High risk Higher risk
Connection number 2.3417×10−4 0.0841 0.5869 0.0389 8.5316×10−4
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Figure 5: Diagram of the risk reliance cloud and criterion reliance cloud of each risk level.
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bundle from twisting, wearing, bulging, or breaking the
bandage.

5. Conclusion

To solve the problems that the common risk assessment
methods have their limitations with complicated operation
and insufficient objectivity at present, this paper proposes a
risk assessment method for cable system construction of
suspension bridge based on the cloud model, and the re-
search results are as follows. First, through the de-
composition of the cable system construction and the
identity of risk sources, a multilevel evaluation index systems
including 4 secondary evaluation indicators and 20 three-
level evaluation indicators is established. Second, according
to the index weights determined by the uncertain AHP
weighting method, as well as the expert evaluation data, the
three characteristic values of risk trust cloud are calculated
by using the undetermined reverse cloud algorithm, con-
sequently the risk evaluation model based on cloud model is
obtained. Finally, an illustrative example concerning the risk
of cable system construction of Wuhan Yang-Si-Gang
Yangtze River Bridge is provided, and the results show
that the risk grade of the cable system is “medium risk”;
simultaneously, the preventive measures for each con-
struction risk are proposed accordingly. In conclusion, the
risk assessment method proposed in this study can provide
safety assurance and technical support for cable system
construction of long-span suspension bridge feasibly and
objectively.
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-e need of respecting the construction time as one of the construction contract elements points out that early prediction of
construction time is of crucial importance for the construction project participants’ business. -us, having a model for early
prediction of construction time is useful not only for the participants involved in the construction contracting process, but also for
other participants in the construction project realization. Regarding that, this paper aims to present a hybrid method for
predicting construction time in the early project phase, which is a combination of process-based and data-driven models. Five
hybrid models have been developed, and the most accurate one was the BTC-GRNN model, which uses Bromilow’s time-cost
(BTC) model as a process-based model and the general regression neural network (GRNN) as a data-driven model. For evaluating
the quality of the models, the 10-fold cross-validation method has been used. -e mean absolute percentage error (MAPE) of the
BTC-GRNN is 3.34% and the coefficient of determination R2, which reflects the global fit of the model, is 93.17%. -ese results
show a drastic improvement of the accuracy in comparison to the model when only data-driven model (GRNN) has been used,
where MAPE was 31.8% and R2 was 75.64%. -is model can be useful to the investors, the contractors, the project managers, and
other project participants for construction time prediction in the early project phases, especially in the phases of bidding and
contracting, when many factors, that can determine the construction project realization, are unknown.

1. Introduction

Construction time is one of the key elements at the early
phases of the construction project, particularly in bidding
and contracting processes [1]. -e problem arises precisely
from the need to make a more accurate estimation of
building time in those early phases of the project. -ere is,
then, a high degree of uncertainty and often a lack of
information required for a satisfactory accurate time as-
sessment. Two elements are important for solving prob-
lems, collecting and systematically storing information,
and developing new and improving existing models of time
estimates, which will use such information. -e accumu-
lated legacy information in the information systems could
improve decision-making [2]. Business decisions regarding
the duration of construction projects can be considered
among the most important because of the potential impact

on the final business results of the investor and the
contractor.

While the problem of systematic storage and use of
information can be solved by an appropriate information
system [2], the development and improvement of appro-
priate assessment models are the result of scientific research.
Moreover, addressing modern challenges and de-
velopmental trends in civil engineering [3–5], the in-
formation system should also include prediction time
models that would use data system resources and supply it
with new data. -e next step further is that this information
system time frame should be a segment of the unique
construction information management system. Watson [5]
classifies the “fragmented structure” into one of the “un-
derlying, inherent construction industry problems.” Solu-
tions that bring integrated management information
systems have a synergistic potential with the ability to
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enhance significantly the operational, functional, economic,
management, and quality dimensions of the construction.

Problem of construction time prediction is a very
complex and demanding task because the construction time
is influenced by numerous factors such as project sector,
building type, procurement route, construction materials,
machines, and equipment; resources that will be used;
methods used for work performance; project complexity and
cost; site conditions; and many other factors [1, 6]. As a
result, construction time prediction is a serious, difficult, and
complex process [7].

During the construction period, the construction time
is influenced by changes of its determining factors. -us,
many construction projects have not met the contracted
time and have been finished with significant construc-
tion time overrun [6, 8–17]. Consequently, reaching the
contracted construction time is an important problem
worldwide. Project closure in the contracted time has
become a project participant’s challenge and an impor-
tant factor that should be considered in each construction
project [8, 9, 18].

Regarding the above-mentioned, construction time
prediction is among the issues that are highly pronounced in
the construction practice [19, 20]. As stated by Kenley [21],
there are investigations focusing on predicting construction
duration and cost, mostly due to cash flow modelling.
However, there are also limited investigations that cover all
aspects of their relation. -us, Kenley [21] stated that the
focus of researcher investigations are relations between
project time and value in order to develop models for a rapid
prediction of project time (using budgeted cost and current
indices of cost as inputs). Additional investigations are re-
lated to exploiting and modelling time-cost relationship and
its impact on important industry issues such as productivity
improvement and industry efficiency.

As stated in [13], Bromilow, from Australia, was the first
who investigated time and financial execution for buildings
constructed in Australia between 1963 and 1967. Using
simple linear regression analysis as the mathematical
method, the research resulted in establishing the so-called
“time-cost” model or BTC model: Y� aXb, where Y is the
construction time, X is the construction price, and a and b
are constants. a is the coefficient that expresses the average
time needed for construction of a monetary value, and b is
the coefficient that indicates the sensitivity of the project
duration regarding its value. BTC model has been tested and
proven in additional investigations [17, 22].

-e study [22] tested the plausibility of BTC model on
construction projects realized in Australia in the period from
1991 to 1998. -e suitability of BTC model was tested and
proven with its implementation on different types of
structures. It was proven that different types of projects need
the explicit estimation of parameters. -e investigation has
also shown that the construction time for small industrial
structures is shorter than the construction time for small
educational and residential buildings. Two models were
developed: the first for industrial and the second for non-
industrial projects. It was concluded that different client
sectors, contractor selection methods, and contractual

arrangements did not have influence on parameter change.
At the same time, constants a and b were influenced by the
characteristics of the region, economic characteristics,
structure type, etc. Hence, the construction time prediction
is more accurate if the model is developed for structures with
similar characteristics, for a particular country or even a
region.

Regarding the above-mentioned, researchers worldwide
have developed regression models for different types of
structures for different countries and even regions
[17, 23–30]. ForMalaysia, Chan [23] developed a “time-cost”
model for building projects and proved its plausibility. Kaka
and Price [12] developed such models for buildings and road
construction in the UK, and the “time-cost” relation was
confirmed once again.

Kumaraswamy and Chan [31] proved that the model can
be applied in Hong Kong for buildings and construction
structures. Similarly, Car-Pušić and Radujković [14] proved
that the “time-cost” function can be used also in Croatia and
consequently developed respective models for buildings,
roads, and road structures.

-e relationship between the initial estimated and the
final achieved construction time was investigated by Ayodeji
et al. [32]. -e authors used linear regression analysis to
investigate the relationship between the initial and actual
construction time for public and private building projects in
South Africa. It was determined that approximately 35%
additional time needs to be added to the amount of the initial
contract time in order to estimate the final, real contract
time.

-e next stage of research was to develop models based
on the BTC, but with different predictors, as well as with two
predictors. -e main motivational factor was to obtain a
more accurate time prediction because the time is influenced
by numerous factors and not only by the project cost. Re-
garding this, Chan and Kumaraswamy [15] analyzed the
government and private buildings construction duration in
Hong Kong. Using BTC model as an initial model, they
developed and tested new construction time prediction
models as a function of one different independent variable,
i.e., the total gross floor area in m2 as well as the number of
floors. Additionally, they developed and tested a model with
two independent variables: the cost and the total gross floor
area.

Following further model development, an increase in
predictor numbers can be noticed. As stated by Car-Pušić
[17], one of the starting problems for developing more
variable models was the appropriate method selection.
Numerous studies have proven the suitability of multilinear
regression analysis. [12, 20, 29, 33, 34].

-e models described above can be grouped into two
main groups. -e first group consists of models oriented to
groups of activities, whereas the second group consists of
models oriented to project characteristics [17]. -us, in [10],
the developed regression model for time prediction is ori-
ented on groups of activities and their sequential start-start
lag times. In the model, 12 independent variables (i.e., gross
floor area, area of ground floor, approximate excavated
volume, building height, etc.) have been used. A similar
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model was developed by Chan and Kumaraswamy [15, 33]
for public housing projects in Hong Kong by modelling
work packages and their respective sequential start-start lag
times. Chan APC and Chan DWM [29] developed similar
benchmark time prognostic model for public housing
projects in Hong Kong. What is interesting to point out is
that the model was developed in order to formulate
“benchmark measures of industry norms for construction
period of public housing projects” in Hong Kong.

Regarding models oriented to project characteristics,
there are numerous useful studies worth attention. Khos-
rowshahi and Kaka [34] stated that the project time and cost
were influenced by different variables, separate or in com-
bination. -eir research was oriented on housing projects in
the UK.-e most influential variables were determined. -e
relationship between these variables and project duration, as
well as the total cost, was defined, and finally, prognostic
models developed.

Dissanayaka and Kumaraswamy [11] developed a time
index regression model for building projects in Hong Kong
considering a set of procurement and nonprocurement
variables. -ey concluded that the project complexity rep-
resentative value, programme duration, and client type,
i.e., nonprocurement variables, are more significant than the
procurement ones.

Žujo and Car-Pušić [35] developed regression models
for construction time overrun. -e construction time of
building projects was considered as the function of risk
factors based on the data for the buildings constructed in
Federation BiH. Models for two groups of buildings, new
construction and reconstruction, were established. It has
been concluded that for new buildings, the most significant
risk factors are weather conditions, technical documentation
disadvantages, and law aspects, which means local regula-
tions. Regarding reconstructions, the most significant risk
factors are contractual and also technical documentation
disadvantages. -ese models are applicable when an in-
creased influence of risk factors is expected.

Similarly, Abu Hammad et al. [36] developed prediction
models for construction duration for private and govern-
mental projects in Jordan, classified according to the type of
object. With 95% of probability, the proposed models
predict the project duration with a precision of ±0.35% of the
mean time.

Skitmore and Ng [27] developed several prediction
models for the actual construction time based on the data of
Australian construction projects. -e cross-validation re-
gression analysis was used to develop models when client
sector, contractor selection method, contractual arrange-
ment, project type, contract period, and contract sum are
known. -ey also investigated models with the estimated
contract period and contract cost.

Artificial neural networks (ANNs) are also used for time
prediction modelling. In fact, ANNs have the prediction
ability to solve numerous problems that appear in the
construction industry [37].

Vahdani et al. [38] developed ANNs prediction model
for construction project time prediction. -e model is based
on a new neuro-fuzzy algorithm. Furthermore, Petruseva

et al. [39] developed a multilayer perceptron (MLP) neural
network model for construction time prediction. -e model
is based on real data. Bromilow’s “time-cost” model was
implemented in two predictive models: linear regression
(LR) and MLP. -e results showed that using MLP signif-
icantly improves the accuracy of MLP model compared with
the LR model.

Naik and Radhika [37] developed ANNs models for
predicting the construction time duration for highway road
construction using two completed projects. -ey obtained
excellent results using the neural network fitting tool
(Nftool) and neural network data manager (Nntool) ap-
proaches with the software MATLAB R2013a. In addition,
they propose this approach to contractors for making much
easier decisions.

Attarzadeh and Ow [40] propose the ANN model that
improves the prediction accuracy of time by applying novel
soft computing model. -e model is characterized by good
generalization and adaptation capability. It was shown that
applying the good features of ANNs on algorithmic esti-
mation model results in improvement of time prediction
accuracy.

A model for construction time prediction using general
regression neural network is presented by Petruseva et al.
[41].-e coefficient of correlation between the predicted and
the actual time values is around 0.999, and the error of the
model is about 2.19%.

Neural networks have been used by Mensah et al. [42] to
develop a hybrid model for predicting the duration of bridge
construction projects in Ghana, using artificial neural net-
work (ANN) and multilayer perceptron (MLP). Data were
collected from the department of feeder roads for 18
completed bridge construction projects and included the
number of lanes of the bridge components, their weights,
and bridge span (20 to 54m). -e authors have shown that
bridge project duration strongly depends on the bridge span
and formwork used for reinforced in situ concrete. -ey
have obtained good accuracy of themodel withMAPE 4.05%
and coefficient of determination R2 � 0.998, making it
suitable for predicting the duration of bridge construction
projects.

Yousefi et al. [43] proposed a neural network model to
predict time and cost claims in construction projects. By
using the proposed model, the rate of possible claims in a
particular construction project can be obtained.

Gab Allah et al. [44] developed the ANN time predictive
model for building projects using MATLAB program as a
model development environment. -ey used data for 130
building projects constructed in Egypt. Obtained accuracy of
the model was with a maximum error of 14%.

Related to computing in civil and building engineering,
many authors [3–5] point out the importance of digital
information modelling as one of the guidelines and chal-
lenges for further research and development.

A relatively new predictive modelling research area is
hybrid modelling, which combines two or more techniques,
resulting in improvement in strength and performances of
the model. -e point is in using the good characteristics of
each technique involved.
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Regarding the above-mentioned, Roberts et al. [45]
compared predictions of a process-based crop model, a data-
driven model, and a hybrid model, i.e., a combination of
both models, and found that the hybrid model performs
much better than the other two models.

-e authors in [46] proposed a hybrid model combining
process-based and data-driven models in order to predict
system remaining useful life applied on lithium ion battery.
Drastically better accuracy was obtained when compared
with the classical particle filter method. -e conclusion was
that by using the strengths of the data-driven and process-
based methods together, the proposed hybrid prognostic
framework bridges the gap between data-driven and
process-based prognostics when abundant historical data
and knowledge about the physical degradation process are
available.

In this paper, a hybrid model, which includes process-
based and data-driven models, is presented. As the result, a
drastic improvement of the accuracy of the time prediction is
obtained.

Issues discussed above lead to the conclusion that fast
prediction of construction time, particularly at the early
project phase when accurate and adequate information is
limited, is not only difficult but also an important and
necessary process.

Considering the fact that the construction time is
influenced by a range of parameters that could not be ac-
curately predicted, it is impossible to acknowledge all of
them during the time prediction in early project phase [41].
-is results in little accuracy of construction time [40] and
points out the need and significance of future research in
early construction time prediction. For this reason, the
research has been carried out and its results are presented in
this paper. -e development of a more reliable model for
early and fast construction time prediction, which would be
used as a decision support tool at an early phase of the
project, was the focus of this research.

Regarding that, data about construction duration from
previous projects have been collected. Two methods, a
process-based model and a data-driven model, have been
used for predicting the construction duration. It should be
highlighted that this is a relatively new research approach,
demonstrating better results than using only one of these
methods. Bromilow’s time-cost model is used as a process-
based model because of its simplicity and worldwide usage
for time prediction. As the data-driven model, GRNN
(general regression neural network) is used. Hybrid models
usually combine the best characteristics of different tools in
order to improve the performance of the hybrid model.

2. Materials and Methods

2.1. Data Collection. A questionnaire was developed by the
authors of the paper to provide historical data relevant for
the purpose of the research. -e questionnaire was dis-
tributed in construction companies through personal visits
of authors, meetings with company representatives, and
construction site visits. Historical data, relevant for con-
struction time prediction, were collected for a total of 116

different types of structures built since 2000. Database
consists of road sections (27), petrol stations (4), bridges (7),
education facilities (5), business buildings (28), residential-
business buildings (10), sport halls (5), water tanks (4),
residential buildings (4), water supply system sections (7),
bridges (7), an overpass (1), a tunnel (1), traffic arteries (5),
and other (8). -e collected data refer to the structure
type—purpose, year of construction, region of its location,
contracted construction time and cost, and realized con-
struction time and cost.

2.2. Process-Based and Data-Driven Models. Process-based
models describe the process by examining two basic phases:
mathematical modelling (mathematical equations) and nu-
merical solution. In the mathematical modelling phase, the
process is described by mathematical equations. After that,
an accurate and efficient numerical solution of these equa-
tions follows. Process-based models have a wide range of
applications because they are based on the theoretical un-
derstanding of relevant process and offer explicitly stated
assumptions about the functioning of the process; therefore,
they are used to guide the management decision under
conditions of rapid global changes [47].

In order to develop process-based models, a very good
understanding of the process is needed, together with ac-
curate data that describe the process. In situations when
process-based models cannot be built due to the lack of
knowledge about the process which should be modelled,
then data-drivenmodels can be built. In such cases, some of
the variables, which characterize the process are measured,
and the data representing the input-output relationship
describing the process should be available. Data-driven
models (DDMs) can make it possible to predict some
output variables. DDMs do not require a priori knowledge
about the process and the laws under which the variables
included in the process are connected. -e only required
knowledge is the factors that influence the process in order
to identify which variables are relevant for the analysis.
DDMs can supply important information extracted from the
available data about the relationship of the variables in the
process.

Recent developments in artificial intelligence, particu-
larly computation intelligence and machine learning, have
widened the capabilities of data-driven (empirical) model-
ling. Other research fields, which have contributed very
much to improving conventional empirical (data-driven)
modelling, are soft computing, data mining, and intelligent
data analysis.

When process-based models are not adequate to model a
particular situation or when the estimation of the parameters
in the process-based models is difficult to obtain or is not
precise enough, and when there are not enough data to train
data-drivenmodels, then a combination ofmodels of different
types can be an efficient solution. -e research of hybrid
modelling is trying to develop algorithms to obtain an effi-
cient combination of data-driven and process-based models.
-is is a relatively new area of research, which has been
examined in the last several years, giving important results.
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Corzo et al. [48] have used a combination of process-
based and data-driven models. -ey have obtained model
performance improvement by reducing the error and in-
creasing the model efficiency in hydrology at river flow
simulation.

-e authors Zhou et al. [49] have made a comparison of
data-driven and process-basedmodels for simulating HVAC
(heating, ventilation, and air-conditioning) systems, ana-
lyzing their differences, and showing that the both models
perform almost equally well for energy efficient control.

Computational intelligence and machine learning
methods have developed the data-driven models, making
them suitable for complementing or replacing the process-
based models. -e authors in [50] have shown that the data-
drivenmethod can sometimes outperform the process-based
method because of the fact that in reality each process-based
model is an approximation of the reality. -e authors Rajabi
et al. [51] have also shown in their research that the data-
driven model RBFLN (based on RBFNN) has demonstrated
best predictive accuracy in comparison with two knowledge-
driven methods: Fuzzy AHP_OWA and Fuzzy GIS-based
method.

Machine learning algorithms are used to determine the
relationship between input and output of the system (pre-
dictors and target variable) using data set for training, which
should be most representative for the behavior of the system.
After training the model, it is tested on independent data set
for validating how well it will generalize to new unknown
data. -e most important way for providing generalization
to unknown data is choosing the most representative sample
from the data set, which will present the whole behavior of
the process [52]. In the last several years, the methods of
artificial intelligence modelling have been used for im-
proving and generating new and better process-based
models from empirical data [53]. -e combination of
process-based and data-driven models, used in this paper for
predicting construction time, is presented below.

2.2.1. Process-BasedModel. Bromilow’s “time-cost” model is
used as a process-based model, giving the relation between
the construction price and construction time (Eq. (1)) [54].

Y � a · X
b
, (1)

Y is a construction time, X is a construction price, a is a
parameter that expresses the average time needed for
construction of a monetary value, and b is a model pa-
rameter that expresses the dependence of the time on the
cost change [54].

-is model has been tested, verified, and confirmed by
many authors from many different countries around the
world [13–15, 25]. According to Žujo et al. [13], one of the
significant “time-cost” model limitations is that it can be
applied only in the area or country of its origin because of
specific economic characteristics, which are reflected on the
value of model constants. -erefore, the existing models are
not universally applicable and must be defined according to
structure categories for each country separately. Conse-
quently, similar studies have been conducted in many

countries in order to obtain adequate and corresponding
time assessment models [15, 18, 35, 55, 56].

-e most representative variables that influence the
construction duration are as follows: type of structure,
contracted time, real construction time, contracted price,
and real construction price; these were chosen for building
the model. Bromilow’s “time-cost” model (Eq. (1)) is applied
for contracted (planned) time and contracted (planned)
price (Eq. (2)), and also for real price and real time of
construction (Eq. (3)):

Y1 � a1 · X
b1
1 , (2)

Y2 � a2 · X
b2
2 , (3)

Y1 is the planned (contracted) time for construction and X1
is the contracted construction price, and Y2 and X2 are the
real construction time and real construction price,
respectively.

-ese equations ((2) and (3)) shall be logarithmized (Eq.
(4) and Eq. (5)):

ln Y1(  � ln a1(  + b1 ln X1( , (4)

ln Y2(  � ln a2(  + b2 ln X2( , (5)

and Y2 shall be expressed from Eqs. (4) and (5), by their
summing (Eq. (6)):

ln Y1(  + ln Y2(  � ln a1(  + b1 ln X1(  + ln a2(  + b2 ln X2( ,

(6)

ln Y2(  � ln a1(  + b1 ln X1(  + ln a2( 

+ b2 ln X2( − ln Y1( .
(7)

Eq. (7) was used as a basic idea for the implementation of
Bromilow’s model in this research because it is linear in
terms of the coefficients b1 and b2 and more suitable for the
implementation in comparison with equations (2) and (3).
Consequently, as input variables for the general regression
neural network (GRNN), lnY1, lnY2, lnX1, and lnX2 were
used, and not their actual values Y1, Y2, X1, and X2. In this
way, Bromilow’s time-cost model was implemented as input
in the GRNN.

-e importance of using Bromilow’s time-cost model as
a process-based model, which significantly improved the
accuracy of the new hybrid model, should once more be
pointed out.

2.2.2. Data-Driven Model. General regression neural net-
work (GRNN) is used as a data-driven model using the
process-based Bromilow model.

Neural networks (NN), as data-driven models, have
proven their applicability in civil engineering in the last
almost three decades, demonstrating very good solutions to
many problems of civil engineering. NN are computational,
biologically inspired models. Simulating the way of brain
functioning, they learn from the experience. Using inter-
connected neurons, they perform input-output mapping.
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-e data enter the network through the neurons from the
input layer. -en, they are fed forward through the middle
(hidden) layer to the last output layer. -e inputs are the
variables that are themost representative for the process. NN
capture the relationship between the actual input and output
variables. NN are successful in solving a specific problem or
modelling a particular process if substantial amount of data
that describes the problem is available. Moreover, there
should be no significant changes to the system or process
that is being modelled [54]. For solving any problem with
NN, the appropriate type of NN architecture should be
selected because for different types of problems and available
data, different types of NN architecture or data-driven
model will be applicable.

For our investigation, several NN and other data-driven
models were tried: linear regression, multilayer perceptron
(MLP), support vector machine (SVM), RBFNN (radial basis
NN), and GRNN. -e most appropriate for our data was
GRNN, performing the most accurate predicting.

General regression neural network (GRNN) can be
applied for solving control problems, prediction, mapping,
and any nonlinear regression problem [57]. -e main
characteristics that make it very applicable in practice are
that in most of the cases, it is very accurate and it needs only
several training samples to converge to the optimal solution.
However, to store the model, it takes quite a lot of memory
space. Some of the advantages of GRNN in comparison with
other nonlinear regression models are that GRNN can
generalize from the input data as soon as they are stored,
learning in one pass through the data. Simulation of the
GRNN algorithm is very simple, and because of the local
minima of the error criterion, GRNN can converge to good
solutions [58]. Figure 1 shows the architecture of GRNN.

-e input layer has the same number of neurons as the
number of predictors. -e values of the predictors from the
input neurons are fed to the neurons in the next pattern
layer. -e neurons from the pattern layer store the data for
the rows from the training data set, each neuron for one row
(case), and in this layer, for each new test case, Euclidean
distance from the neuron’s center is computed, RBF kernel
function is applied, and that value is fed to the summation
layer. -e summation layer has two neurons: numerator
summation unit and denominator summation unit. -e
numerator unit adds up the weight values multiplied by the
actual value of the dependent (target) variable from each
neuron from the pattern layer, and the denominator unit
adds up the weight values from the neurons from the pattern
layer. In the final decision layer (output unit), the predicted
value of the target variable is computed by dividing the value
from the numerator unit with the value from the de-
nominator unit [57, 59].

GRNN implements the following equation (Eq. (8)) [57]:

y(X) � E
y

X
  �


∞
−∞ yf(X, y) dy


∞
−∞ f(X, y) dy

. (8)

E[y/X] is the conditional expectation of the output
(target variable) y for the given input X and f(X, y) is the
joint probability density function (jpdf) of the input vectorX

and the output y. When the function f(X, y) is not known,
Parzen estimators [60] are used for its estimation from the
set of observations of X and y.

Specht [61], the author of GRNN, has made improve-
ment of his first GRNN version, applying hybrid combi-
nation of three techniques: clustering, kernel regression with
adaptive parameters, and the second level of clustering with
the formation of a binary decision tree. -ese techniques
have greatly improved the speed for training, the speed for
readout and testing, and also the accuracy. -ese im-
provements have contributed to making GRNN useful for
high-dimensional problems and for noisy data, too.

Hybrid modelling became very significant last several
years, demonstrating very good predictive results.

Xiaojun et al. [58] proposed the Tree-Structure Ensemble
GRNN (TSE GRNN), which consists of ensemble modelling
methods using GRNN for predicting molten steel temper-
ature in a ladle furnace, solving the larger scale issue. -ey
obtained very good predictive results in comparison with
other temperature models.

Lee et al. [62] present hybrid model developed for the
classification of noisy data. -e model, called GRNNFA,
unites GRNN and a fuzzy adaptive (FA) resonance theory. It
has been used for predicting the occurrence of the flashover
in compartment fires and has demonstrated a very accurate
prediction in comparison with other ANN models.

3. Results

Predicting modelling software DTREG [59, 63] has been
used for modelling and predicting the construction time.
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Figure 1: GRNN [57].
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For building the predictive models in this research,
among all available data, the purpose of structure, real time
of construction, planned time of construction, planned
price, and real price of construction have been chosen as the
most representative. “Purpose of structure” is the categorical
variable and the others are numerical ones.

At first, a data-driven model using only GRNN for
predicting real time of construction has been developed. -e
real time of construction has been used as a target variable
and the rest of the variables have been used as predictors.
-e accuracy of the model expressed by MAPE was around
30%.

After that, five new hybrid models implementing Bro-
milow’s TCM have been developed, and the most accurate
among them was BTC-GRNN, combining Bromilow’s TCM
and GRNN. According to the discussion in Section 2.2.1 (Eq.
(7)), for all these five hybrid models, as numerical variables
(predictors and target variable), logarithm of their values: ln
(real time), ln (planned time), ln (real costs), and ln (planned
costs) have been used, not their actual values. Equation (7) is
used because it is more appropriate for implementation than
Eqs. (2) and (3) because of its linearity in terms of the
coefficients b1 and b2 which express the dependency of the
time of construction (planned and real time, accordingly) on
cost change (planned and real cost, accordingly).

Target variable is ln (real time) and predictors are the
remaining variables. -e prices of all structures have been
converted into euros, and the planned and real construction
time for all structures has been expressed in working days.
DTREG software operates with categorical variables, con-
sidering them as strings.

Usually, the data should be normalized before making
the model and running the NN, but there was no need for
normalizing the input data because the software DTREG
does it for each predictive model.

DTREG software offers three methods for validation and
testing of the model: the standard V-fold cross-validation,
random percent validation, and “leave one out“ (LOO)
validation. DTREG also has an option for model optimi-
zation by removing unnecessary neurons from the NN. In
this research, the model BTC-GRNN has been tested by
three methods: first, by 10-fold cross validation, second, by
using the option of “reducing number of neurons” with
random percent, and third, by using LOO validation.

-e accuracy of the model BTC-GRNN for the training
and validation data using the 10-fold cross-validation
method is presented in Table 1. -e most frequently used
estimators of the accuracy are MAPE, i.e., mean absolute
percentage error and the coefficient of determination R2,
which reflects the global fit of the model. For the BTC-
GRNN model, MAPE is 3.34% and the coefficient of de-
termination R2 is 0.9317, which means that around 93.17%
of the variation of the predicted target variable can be
explained by the chosen predictors, whereas the remaining
around 7% can be ascribed by some unknown variables or
inherent variability. -e coefficient of correlation between
the actual and the predicted target values is 0.97.

-e dependence between the actual and the predicted
values for this model is presented in Figure 2 [63].

-e model BTC-GRNN has also been tested by using the
optimization option by reducing the number of neurons. In
this case, for validation, the model random percent (16%)
and the LOOmethod have been used.-e optimal model has
been obtained with only 70 neurons. -e results for the
estimators, i.e., MAPE and R2, using these 3 validation
methods are presented in Table 2.

-e accuracy of the other four hybrid models and the
data-driven GRNN model shall be discussed in the next
section.

For the numerical variables, DTREG computes their
minimal, maximal, mean value and their standard deviation
(Table 3) [63].

For each predictor, DTREG computes its importance for
the quality of the model (Table 4) [63].

DTREG computes the target mean value for each dif-
ferent value of the predictors. Table 5 [63] shows the mean
target values for only three different values of 4 predictors:
purpose of facility, ln(planned costs), ln(real costs), and
ln(planned time).-e first row for the predictor, “purpose of
facility,” means that 4 rows, which is 3.45% of all 116 rows,
have the samemean target value of 3.8491.-e target value is
ln(real time), and the mean value for the real time in days
can be easily computed. For the predictor ln(planned time),

Table 1: Model accuracy results for BTC-GRNN model for (a)
training data and (b) validating data (using 10-fold cross-valida-
tion) [63].

(a) Training data
Mean target value for input data 5.1452765
Mean target value for predicted values 5.1456292
Variance in input data 1.1319931
Residual (unexplained) variance after model fit 0.0031972

Proportion of variance explained by model (R2) 0.99718
(99.718%)

Coefficient of variation (CV) 0.010989
Normalized mean square error (NMSE) 0.002824
Correlation between actual and
predicted target values 0.998588

Maximum error 0.2234627
RMSE (root mean squared error) 0.0565438
MSE (mean squared error) 0.0031972
MAE (mean absolute error) 0.0310945
MAPE (mean absolute percentage error) 0.6133842

(b) Validation data
Mean target value for input data 5.1452765
Mean target value for predicted values 5.1156255
Variance in input data 1.1319931
Residual (unexplained) variance after model fit 0.0772845

Proportion of variance explained by model (R2) 0.93173
(93.173%)

Coefficient of variation (CV) 0.054030
Normalized mean square error (NMSE) 0.068273
Correlation between actual and
predicted target values 0.965664

Maximum error 1.2041075
RMSE (root mean squared error) 0.2780008
MSE (mean squared error) 0.0772845
MAE (mean absolute error) 0.1727287
MAPE (mean absolute percentage error) 3.34113
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the first row means that two rows, which is 1.72%, of all 116
rows, have the same value of 2.70805, and their mean target
value (ln(real time)) is 2.8519. For each predictor, only the
first three rows are shown.

DTREG has a separate file from which the predicted
values for the target variable can be read for each value of the
predictors.

4. Discussion

As other neural networks, the GRNN learns from the input
data, so their quality and quantity influence the prediction
error. In this paper, the emphasis is on the importance of
using the process-based Bromilow time-cost model com-
bined with the data-driven model (GRNN). -e reason is in
the accuracy of themodel that has been drastically improved.
Moreover, for the model BTC-GRNN proposed in this
paper, there was no need for computing the parameters of
Bromilow’s model.

Without using Bromilow’s model and using only the
actual values of the input variables: real time and planned
time of construction and real price and planned price of
construction as input data to GRNN, the model accuracy
was tested by using three validation methods. Using the 10-
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Figure 2: Dependence between actual and predicted values for the BTC-GRNN model.

Table 2: Accuracy results for the hybrid model BTC-GRNN using three validation methods.

Method for validation and testing MAPE (%) R2 (%) Coefficient of correlation between actual
and predicted target values

10-fold cross-validation 3.34 93.17 0.966
Random percent (16%) (when using the optimization
option by reducing the number of neurons) 3.76 93.72 0.970

LOO (when using the optimization option by
reducing the number of neurons) 2.596 95.70 0.979

Table 3: Minimal, maximal, mean value, and standard deviation of input numerical variables for the BTC-GRNN model.

Variable Rows Minimum Maximum Mean Standard deviation
ln(planned costs, euro) 116 9.05358 18.36511 13.27770 2.06661
ln(real costs, euro) 116 9.09459 18.51599 13.35837 2.11371
ln(planned time, days) 116 2.70805 6.81619 5.07076 1.04090
ln(real time, days) 116 2.70805 7.50934 5.14528 1.06395

Table 4: Overall Importance of variables for the BTC-GRNN
model [63].

Variable Importance
ln(planned time, days) 100.000
ln(real costs, euro) 28.396
Purpose of the facility 3.432
ln(planned costs, euro) 0.010
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fold cross-validation method, MAPE was 31.8, R2 � 75.64%,
and the coefficient of correlation was 0.879 (Table 6). -e
other two validation methods, random percent (16%) vali-
dation and LOO validation, were used when the option for
optimizing the model with reducing the number of neurons
was applied.-e results for the model accuracy, expressed by
the most used estimators MAPE and R2, obtained by using
these three validation methods are summarized in Table 7.

After developing the data-driven GRNN model, five
hybrid models which implement process-based and data-
driven models have been developed: BTC-SVM, BTC-LR,
BTC-RBFNN, BTC-MLPNN, and BTC-GRNN, which
combine Bromilow’s TCM and SVM (support vector ma-
chine), LR (linear regression, RBFNN (radial basis function
NN), MLPNN (multilayer perceptron NN), and GRNN,
respectively.

-e results for the obtained accuracy, expressed by
MAPE and R2, using 10-fold cross-validation, are presented
in Table 8. -e most accurate was the BTC-GRNNmodel, as
discussed in the previous section.

-e model proposed in this paper has some limitations.
Namely, the model is not applicable for higher, more in-
tensive risk factors impact during the construction period
(e.g., longer period with bad weather conditions, economic
crisis, and high inflation). -e project documentation is
expected to be completed and corrected before the con-
struction begins. It should be noted that some researches
[17, 25] have shown that the problems with technical
documentation (e.g., incompleteness and inaccuracy)
sometimes cause delays in the construction process. It can be
said that the model is applicable for the “normal” level of
expected risk factors.

5. Conclusion

Construction time is one of the key elements in the bidding
process and decision-making at the early phase of the
construction project. However, at the same time, in this
phase, the construction time prediction is a complex,

demanding task for project participants. Available project
information is limited. Hence, using data from previous
projects is of particular interest.

-is paper presents research results of hybrid model
development for early and fast construction time predicting
using historical data. -e model implements a combination
of process-based model (Bromilow’s time-cost model) and
data-driven model (GRNN). Using 10-fold cross-validation,
the mean absolute percentage error (MAPE) of the model is
3.34% and the coefficient of determination R2, which reflects
the global fit of the model, is 93.17%. -ese results point to
the drastic improvement of the accuracy when using only the
data-driven GRNN model when MAPE is 31.8% and R2 is
75.64%.

Such improved model can be successfully used at early
project phases for a preliminary prediction of project du-
ration with satisfactory accuracy. As such, it is not a sub-
stitution of detailed construction time planning.

For future researches, it is suggested to develop separate
models for different types of structures and different projects
characteristics (e.g., type of client, procurement character-
istics, and type of contract). Homogeneous database will
probably lead to improving the accuracy of the models.
Moreover, the latest research and achievements in the area of

Table 5: Target mean values for three different predictor values
[63].

Predictors Target variable: ln(real time, days)
Purpose of the facility Target mean
4 3.45% Petrol station 3.8491
5 4.31% Education 6.6249
7 6.03% Bridge 4.5354
ln(planned costs, euro) Target mean
1 0.86% 9.05358 3.6889
1 0.86% 9.35037 2.9957
1 0.86% 9.44293 2.8332
ln(real costs, euro) Target mean
1 0.86% 9.09459 3.6889
1 0.86% 9.35037 2.9957
1 0.86% 9.44293 2.8332
ln(planned time, days) Target mean
2 1.72% 2.708050 2.8519
2 1.72% 2.995732 2.8618
1 0.86% 3.218876 3.1355

Table 6: Model accuracy results for (a) training and (b) validating
data by using only data-driven GRNN model (using the 10-fold
cross-validation method) [63].

(a) Training data
Mean target value for input data 286.90647
Mean target value for predicted values 286.19978
Variance in input data 99430.392
Residual (unexplained) variance after model fit 2319.0624

Proportion of variance explained by model (R2) 0.97668
(97.668%)

Coefficient of variation (CV) 0.167848
Normalized mean square error (NMSE) 0.023323
Correlation between actual and predicted target
values 0.988279

Maximum error 300.05113
RMSE (root mean squared error) 48.156644
MSE (mean squared error) 2319.0624
MAE (mean absolute error) 21.681144
MAPE (mean absolute percentage error) 19.471364

(b) Validation data
Mean target value for input data 286.90647
Mean target value for predicted values 285.08662
Variance in input data 99430.392
Residual (unexplained) variance after model fit 24222.689

Proportion of variance explained by model (R2) 0.75639
(75.639%)

Coefficient of variation (CV) 0.542464
Normalized mean square error (NMSE) 0.243615
Correlation between actual and predicted target
values 0.879069

Maximum error 1002
RMSE (root mean squared error) 155.6364
MSE (mean squared error) 24222.689
MAE (mean absolute error) 74.291454
MAPE (mean absolute percentage error) 31.79981
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the artificial intelligence, obtained by combining the
process-based and data-driven models, can be of great
significance for improving the accuracy of the predictive
models.

Additionally, such models should be, in future research,
considered as the part of integral building management
information system. -e reason lies in their characteristics
and developmental potential. -is would significantly solve
the problems of wrong project decisions as the result of the
initial faulty project time estimation.
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proach for early cost estimation of structural systems of
buildings,” International Journal of Project Management,
vol. 22, no. 7, pp. 595–602, 2004.

[2] Z. Ma, N. Lu, and S. Wu, “Identification and representation of
information resources for construction firms,” Advanced
Engineering Informatics, vol. 25, no. 4, pp. 612–624, 2011.

[3] W. Tiziani and M. J. Mawdesley, “Advances and challenges in
computing in civil and building engineering,” Advanced
Engineering Informatics, vol. 25, no. 4, pp. 569–572, 2011.

[4] R. J. Scherer and S.-E. Schapke, “A distributed multi-model-
based Management Information System for simulation and
decision-making on construction projects,” Advanced Engi-
neering Informatics, vol. 25, no. 4, pp. 582–599, 2011.

[5] A. Watson, “Digital buildings—challenges and opportuni-
ties,” Advanced Engineering Informatics, vol. 25, no. 4,
pp. 573–581, 2011.

[6] M. Joe, T. B. Keoughan, and I. Pegg, “Predicting construction
duration of building projects,” in TS 28—Construction Eco-
nomics I, Shaping the Change, pp. 1–13, XXIII FIG Congress,
Munich, Germany, 2006.

[7] B. Dimitrov and V. Zileska-Pančovska, “Structure of price
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Productivity is described as the quantitative measure between the number of resources used and the output produced, generally
referred to man-hours required to produce the final product in comparison to planned man-hours. Productivity is a key element
in determining the success and failure of any construction project. Construction as a labour-driven industry is a major contributor
to the gross domestic product of an economy and variations in labour productivity have a significant impact on the economy.
Attaining a holistic view of labour productivity is not an easy task because productivity is a function of manageable and un-
manageable factors. Compound irregularity is a significant issue in modeling construction labour productivity. Artificial Neural
Network (ANN) techniques that use supervised learning algorithms have proved to be more useful than statistical regression
techniques considering factors like modeling ease and prediction accuracy. In this study, the expected productivity considering
environmental and operational variables was modeled. Various ANN techniques were used including General Regression Neural
Network (GRNN), Backpropagation Neural Network (BNN), Radial Base Function Neural Network (RBFNN), and Adaptive
Neuro-Fuzzy Inference System (ANFIS) to compare their respective results in order to choose the best method for estimating
expected productivity. Results show that BNN outperforms other techniques for modeling construction labour productivity.

1. Introduction

Artificial Intelligence (AI) has been a powerful tool in the
construction industry over the past decade. Several AI
modeling techniques have been employed in the con-
struction industry such as expert systems (ES) and Artificial
Neural Network (ANN). Modeling labour productivity is
challenging as it requires the quantification of substantial
factors that affect labour productivity and consideration of
influential factor interdependencies. Productivity is a deli-
cate aspect of any construction project. Unquestionably,
arriving at a definition of construction productivity can
cause confusion because of the various different ways at
defining it. Strictly speaking, productivity is a component of
cost and is not a method for estimating the cost of resources;
rather, it is a quantitative assessment of the correlation
among the number of resources used and the amount of
output made [1]. Productivity in construction is considered

as a measure of output achieved by a combination of inputs.
Considering this perspective, two concepts for measuring
productivity described in the literature are total factor
productivity and circulating capital [2]. Total factor pro-
ductivity is the most common construction productivity
measurement technique where the output is measured
against all inputs. Partial factor productivity is referred to as
single-factor productivity, in which the output is measured
against a single input or selected inputs. Partial factor
productivity is a cost-effective model and very advantageous
for developing strategy and assessing the state of the
economy; however, it is not beneficial for contractors [2].
Circulating capital is any kind of capital that will be depleted
during the course of a project, such asmaterial and operating
expenses, whereas fixed capital refers to any kind of capital
that is not exhausted during the course of a project.

Productivity modeling has been a topic of interest for
many researchers and the various models being developed
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today can be classified into two major groups: statistical and
AI. Regression analysis is the most common statistical
method for modeling labour productivity. +e main ad-
vantage to regression analysis is that a productivity model
can be developed to reach anticipated clarification or
forecasting levels with as few predictor variables as possible.
However, for regression methods, the degree of relationship
(linear and nonlinear) needs to be selected prior to model
development. In AI modeling, ANN models are the most
common for developing labour construction productivity.
Unlike regression methods, the degree of relationship is not
a concern in ANNmodeling.+ose studies that have applied
various ANN methods to predict different types of pro-
ductivity are discussed in the next section.

Lu et al. [3] estimated construction labour productivity
using real historical data from local construction companies.
+ey applied a Probability Inference Neural Network
(PINN) model and compared it to a feed-forward back-
propagation neural network model. AbouRizk et al. [4]
developed a two-stage ANN model for predicting labour
productivity rates. +ey stated that understanding input
factors and having a sufficient historical database are the
most important parts in productivity prediction. Later, [5]
introduced a neural network model for defining the impact
of a change order on labour productivity and found that the
ANN model shows better performance in comparison to
other techniques. Ezledin and Sharara [6] established an
ANN model for productivity prediction in formwork ac-
tivity, steel fixing, and concrete-pouring activities. Ok and
Sinha [7] applied ANN to estimate the daily productivity of
earthmoving equipment. Song and AbouRizk [8] presented a
productivity model for steel drafting and fabrication pro-
ductivity through ANN and discrete-event simulation using
actual data. Oral and Oral [9] utilized a Self Organizing Map
(SOM) to analyze the relationship between construction
crew productivity and different factors. +ey also predicted
productivity in given situations for ready-mixed concrete,
formwork, and reinforcement crew. Data were collected
randomly from a construction site in Turkey. +ey con-
cluded that SOM can predict productivity better than re-
gression methods due to its complexity. Muqeem et al. [10]
predicted production rate values for installation of beam
formwork using ANN. Meanwhile, Mohammed et al. [11]
predicted the productivity of ceramic wall construction
using data from general contractor companies. +ey applied
ANN since analysis required performing complex mapping
of environment and management factors to productivity.
AL-Zwainy et al. [12] developed a model for estimating
construction labour productivity in marble finishing works.
+ey used multilayer perceptron training through a BNN
algorithm. Moselhi and Khan [13] ranked labour
productivity-influencing parameters in construction using
Fuzzy Subtractive Clustering, Neural Network Modeling,
and Stepwise Variable Selection. +ey determined that work
type, floor level, and temperature were the parameters with a
larger effect on productivity. Heravi and Eslamdoost [14]
considered 15 important factors in the motivation of labour,
supervision sufficiency, and competency and suggested a
model for labour productivity rate estimation. Aswed [15]

applied ANN for estimating the bricklayer (builder) pro-
ductivity and modeled 13 productivity-influencing factors.
El-Gohary et al. [16] proposed a framework to document,
control, and predict contractor labour productivity using
ANN and hyperbolic tan function. +ey considered factors
at micro and macro/microlevels and applied the models to
construction crafts, carpentry, and fixing reinforcing steel
bars.

A considerable issue in the construction industry is that a
lot of problems such as last-minute bids, design under
pressure, and so on are analogy-based in form. +us, ANN
techniques as compared to other conventional practices are
more appropriate in modeling construction industry
problems that demand analogy-based resolutions [17].+ere
are four major steps for modeling analogy-based problems
using ANN: (i) gathering historical data, (ii) building and
configuring relevant network, (iii) initializing weights and
biases, and (iv) training and validation step. In this research,
four types of ANN were applied for modeling labour pro-
ductivity. +ese were Backpropagation Neural Network
(BNN), Radial Basis Network (RBF), Generalized Regression
Neural Network (GRNN), and Adaptive Neuro-Fuzzy In-
ference System (ANFIS). A detailed explanation of all the
applied modeling techniques will be discussed along with the
data collection procedure in the following sections.

2. ANN Model Development

Construction projects are highly dynamic with many
challenges in the areas of costs, delays and disruptions,
impaired productivity, quality issues, safety aspects, mate-
rials unavailability, and escalation among others. +ese
challenges are highly complicated in nature and information
related to these challenges is vague. +erefore, construction
projects are within the purview of ANN in which the given
ambiguous information can be effectively interpreted in
order to arrive at meaningful conclusions. In other words,
because of ANN’s capability to draw the relationships be-
tween input and output provided via a training dataset, ANN
is suitable for nonlinear problems where vague information,
subjective judgment, experience, and surrounding condi-
tions are key features, and traditional approaches are in-
sufficient to calculate the complex input-output relationship
necessary for predicting construction labour productivity.
+is paper reviews the application of various ANNs in
predicting construction labour productivity for formwork
assembly with a limited given dataset. Figure 1 shows the
overall flowchart of the research. +e first step in the model
development process was the choice of inputs from the
available data and appropriate model outputs.+en, the data
were processed through normalization and for handling
missing data.+e data were divided into training and testing,
and the BNN, RBF, ANFIS, and GRNN AI models were
applied to the datasets. +e models were calibrated via a
performance evaluation and were compared using a de-
termination coefficient (R-squared), Mean Squared Error
(MSE), and Mean Absolute Error (MAE). Ultimately, the
best AI model was selected. Development of each model and
their results is presented in the following sections.
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2.1. Data Collection. +e dataset used for modeling labour
productivity in this research was gathered by Khan [1] and
collected from field observations and data collection from
two high-rise buildings located in downtown Montreal over
a period of eighteen months. +e buildings were 17 and 16
floors. +e first building is a concrete, mainly flat slab
structure with Roller Compacted Concrete (RCC) con-
struction and several typical levels with a surface of
68,000m2. +e project was constructed over three years. +e
second building also has a similar structure system and is a
flat slab building. Two hundred and twenty-one data points
were collected from both projects for formwork activity. +e
collected data was classified into three groups of weather,
crew, and project. Data related to temperature, humidity,
wind speed, and precipitation were classified into weather
data while gang size and labour percentage as crew. Floor
level, work type, and method were the parameters used in
the project category. +ese variables were selected because
they cause variations in productivity on a daily basis [1].
Data of nine factors classified into three major categories
were available, as shown in Table 1, for performing the task.

+ese variables were chosen since they can cause dif-
ferences in productivity on a daily basis or in the short-term.
Short-term influence means that factors change value every
day and do not have a cumulated or ripple effect impact on
other activities. +us, it is worthwhile to consider the
abovementioned labour productivity factors for modeling
labour productivity. Table 2 shows the descriptive statistics
of the collected data which can provide a summary of the
dataset.

+e Pearson correlation coefficient is used to examine
the strength and direction of a linear relationship between
two variables in a database. A correlation coefficient ranges
between −1 and +1. A larger absolute coefficient value results
in a stronger relationship between variables. In the case of a

Pearson correlation, an absolute value of 1 specifies a perfect
linear relationship and a value of 0 indicates nonlinear re-
lationship between variables. Table 3 shows that the
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Figure 1: Overall flowchart of the study.

Table 1: Labour productivity factors.

Weather Crew Project
Temperature (T) Gang size (GS) Work type (WT)
Humidity (H) Labour percentage (LP) Floor level (FL)
Wind speed (WS) Work method (WM)
Precipitation (P)
Temperature: based on an average of eight working hours a day (°C).
Humidity: average humidity of eight working hours a day in percentage
form. Precipitation: includes four numerical value terms assigned as: no
precipitation � 0, light rain � 1, snow � 2, and rain � 3. Wind speed: average
wind speed for eight working hours a day and included in the calculation in
terms of km/h. Height: related to the floor being worked on and included in
terms of the number of floors. Work type: three different types of formwork
installation included as slabs � 1, walls � 2, and columns � 3. Work method:
covers two techniques built in place (BIP) and flying forms (FF). BIP was
coded as 1 and FF was coded as 2. Gang size: number of persons in a crew.
Labour percentage: the ratio of labour to gang size obtained from the
following equation: (labour% � labour size/gang size) × 100.

Table 2: Collected data descriptive statistics.

Variable Mean SE
mean

Std.
dev Min. Median Max.

Temperature 4.08 0.81 12.03 -26 3 25
Humidity 66.34 1.05 15.67 18 67 97
Precipitation 0.28 0.04 0.6 0 0 3
Wind speed 15.42 0.57 8.46 3 14 43
Gang size 16.03 0.34 5.07 8 18 24
Labour
percentage 35.49 0.26 3.79 29 36 47

Work type 1.43 0.03 0.51 1 1 3
Floor level 11.38 0.25 3.75 1 12 17
Work method 1.44 0.03 0.5 1 1 2
Productivity 1.57 0.02 0.35 0.82 1.51 2.53
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correlation between parameters most of the time is an ap-
proximate near 0. Consequently, none of the correlates very
much and there is no over-estimation phenomenon. +e
Pearson p-values and R-squared prove the same the inputs
and output behaviour.

2.2. Backpropagation Productivity Modeling. In this section,
BNN was applied to model labour productivity. BNN is
mostly used for unknown function approximation. As de-
scribed in the literature review, a key BNN feature is its
learning ability. It can be trained by historical datasets to find
the accurate relation between inputs and outputs as well as
predict the output(s) for new inputs. In this research, BNN
models were developed, trained, validated, and tested in
MATLAB 2017a with 221 data points. +e dataset was
randomly divided into 80% and 20% groups used for
training and testing results, respectively. Several BNN
models were developed which were different in three aspects:
number of neurons in hidden layer varied between five and
100, random groups of datasets, and the number of hidden
layers of one and two.

Bayesian Regularization (BR) algorithm was used for
data training. BR is commonly used in noisy and small
problems. +e algorithms attempted to minimize the sum of
the squared errors by updating the network’s bias and
weight. Training sets were used to adjust the network
structure based on the associated errors until the best
structure was reached. Validation sets were utilized to
measure network generalization capabilities and to pause
training when generalization stopped improvement. After
training, testing sets provided an independent network
performance index. For each BNN model, trials were per-
formed to reach lowest error. Model performance was
assessed based on R-squared and MSE developed through
MATLAB coding according to the following equations,
where “ti” is the target value while “oi” is the output value:

R
2

� 1−
i ti − oi( 

2

i ti −(1/n)iti( 
2, (1)

MSE �
1
n


i

ti − oi( 
2
. (2)

R-squared is often used in statistical analysis since it is
easy to calculate and understand. It fluctuates between [0, 1]

and evaluates the percentage of total differences between
estimated and target values with respect to the average.
Several BNN models with different numbers of neurons and
hidden layers were developed to find the best model for
identifying labour productivity. +e number of hidden
layers varied between one and two and the models were
trained by five, ten, . . ., 100 neurons. Considering the dif-
ferences in the number of neurons and the hidden layer, 32
different models were developed and their results compared.

Figures 2 and 3 display the effect the number of neurons
has on the R-squared for one and two hidden layers. As can
be seen from Figure 2, R-squared values are mostly between
90 and 100% for the training phase and 70–90% for the
testing phase. +e model with one hidden layer and 50
neurons shows maximum accuracy. For the two hidden
layers’ models, the model with 20 neurons in each layer
showed the best performance in predicting labour
productivity.

Increasing the number of hidden layers resulted in better
performance; however, this approach takes more compu-
tational time and does not change model accuracy in any
significant way. In this research, the maximum number of
neurons that could be considered in the ANNmodel was set
at 60 due to the extreme computational time needed for what
is an insignificant improvement tomodel accuracy. Figures 4
and 5 show that the MSE value was the smallest in the
models with two hidden layers and 20 neurons and one
hidden layer and 50 neurons.

It should be mentioned that no performance index was
available during the validation phase while the given datasets
were trained by the BR algorithm because the algorithm does
not validate data and the datasets were randomly divided
into trained and tested datasets only.

Model performances were assessed based on R2 and
MSE, as summarized in Table 4 for one hidden layer and
Table 5 for two hidden layers. As can be seen, the final model
was the one with two hidden layers and 20 neurons, which
showed the highest accuracy for identifying labour pro-
ductivity. +e model had MSE and R2 performance value
indices of 0.0054 and 0.949, respectively. +erefore, this
model was considered for comparison with the ANIFS
model in the next sections.

+e error histogram of the final model with two hidden
layers and 20 neurons demonstrates that most of the errors
oscillate between −0.55 and 0.75 in all training and testing

Table 3: Pearson correlation matrix for input and output parameters.

Variables T H P WS GS LP WT FL WM Productivity
T 1 0.151 −0.093 −0.122 0.390 −0.120 −0.122 0.358 0.078 0.589
H 0.151 1 0.338 0.026 −0.167 0.219 −0.110 0.048 0.176 0.090
P −0.093 0.338 1 0.076 0.065 −0.063 −0.037 −0.288 −0.057 −0.175
WS −0.122 0.026 0.076 1 −0.415 0.051 0.065 0.235 0.030 −0.202
GS 0.390 −0.167 0.065 −0.415 1 −0.310 −0.175 −0.352 −0.036 0.183
LP −0.120 0.219 −0.063 0.051 −0.310 1 −0.135 0.142 0.177 −0.053
WT −0.122 −0.110 −0.037 0.065 −0.175 −0.135 1 −0.052 −0.761 −0.353
FL 0.358 0.048 −0.288 0.235 −0.352 0.142 −0.052 1 0.225 0.301
WM 0.078 0.176 −0.057 0.030 −0.036 0.177 −0.761 0.225 1 0.328
Productivity 0.589 0.090 −0.175 −0.202 0.183 −0.053 −0.353 0.301 0.328 1
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phases. +e concentration of errors was 0.003, which is a
small error for prediction. +e R-squared in the selected
model shows the fitted line for all data as output � 0.97 ×

target + 0.099 and an R2 value of 97.68% in the training
dataset, demonstrating that the outputs are very close to
target values. +e R2 value for testing was 83.27%, proof that
the model is able to predict 83% of future outcomes accu-
rately.+e applied method is able to rank predictor variables

for the selected model as shown in Figure 6. +e model
shows that temperature and floor level are the most im-
portant factors in labour productivity.

2.3. RBFProductivityModeling. RBF is a three-layer forward
network applied for modeling science and engineering
problems fast and precisely. RBF is a branch of ANN first
introduced in the late eighties. RBFNN architecture is simple
and includes one hidden layer and output. +e RBF was
selected to model labour productivity because of its feed-
forward training done on a layer-by-layer basis in default of
having input signals going through convoluted and time
consuming multihidden layer developments. +us, as
compared to other ANN techniques, RBFNN is faster and
has application flexibility [18].

Because of the abovementioned advantages, an effort
was made in this research to model the nine predictor
variables’ convoluted relations and target based on actual
datasets gathered from two high-rise buildings using
RBFNN. +e RBFNN model was trained using a BP al-
gorithm to minimize MSE with selected predictor variables.
+e RBF neural network included three layers: input,
hidden, and summation.

In this model, there is one neuron in the input layer for
each predictor variable, where N is the number of categories
and N-1 the neurons used. Input neurons normalize a range
of the values by subtracting the median and dividing it by an
interquartile range. +e input neurons feed the values to
each of the neurons in the hidden layer.+e hidden layer has
a changing number of neurons (the optimal number is
determined by the training process). Each neuron contains a
radial basis function centered on a point with the di-
mensions equal to predictor variables. +e radius of a RBF
function is different for each dimension. Here, the training
process determined the centers and spreads. A hidden
neuron measured the Euclidean distance of the test case
from the neuron’s center point and then applied a RBF
kernel function to this distance using the spread values when
presented with the x vector of input values from the input
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Figure 2: R2 values of ANNmodels using BP algorithm with 1 HL.
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layer. +e resulting value was handed to the summation
layer. +e coming out value of a neuron in the hidden layer
was multiplied by a weight associated with the neuron (W1,
W2, . . ., Wn) and passed to the summation which added up
the weighted values and presented this sum as the output of
the network. A bias value of 1.0 was multiplied by a weight
(W0) and fed into the summation layer. For classification
reasons, there was one output along with a separate set of
weights and summation unit for each target category. +e
output value of a category equaled to the probability that the
evaluated case has that category.

In order to develop a reliable model, the dataset was
randomly divided into two separate training and testing
subsets. Eighty percent of the dataset was considered for
network training and 20% of data was used for network
reliability and to avoiding overfitting. It should be noted that
RBF was developed using DTREG predictive modeling
software. One of the key advantages of using DTREG for
RBF development is that DTREG uses an evolutionary
method called RepeatingWeighted Boosting Search (RWBS)
for building neural networks. In DTREG, a population of
candidate neurons is first built with random centers and
spreads which is limited by the minimum and maximum
specified radius.+e population size parameter controls how
many candidate neurons are created. If there are many

variables, increasing the population size is recommended.
Increasing the population size helps to prevent local minima
and find the optimal global solution. In addition, DTREG
lets the user modify the network and neuron parameters as
well as the testing and validation percentage, select how to
handle missing predictor variable values, and select one of
four options for target categories’ prior probabilities. An-
other interesting option available to the user is that the
software can compute predictor variables’ importance [19].

To train the DTREG algorithm, sequential orthogonal
training developed by [20] was used. +is algorithm uses an
evolutionary approach to determine the optimal center
points and spreads for each neuron. It also determines when
to stop adding neurons to the network by monitoring the
estimated Leave-One-Out (LOO) error and terminating
when the LOO error beings to increase due to overfitting.
Optimal weight computation between the neurons in the
hidden layer and the summation layer was done using ridge
regression. An iterative procedure was used to compute the
optimal regularization Lambda parameter that minimizes
generalized cross-validation (GCV) error [20]. During
training, it was found that model errors can be reduced
sufficiently to a lower level after incorporating 11 neurons
and the model reached a steady state with 47 neurons. +us,
47 neurons were used to model labour productivity.+e RBF
network with 47 neurons developed in this research has R-
squared values of 0.91 and 0.67 for training and testing,
respectively. Table 6 shows the developed model perfor-
mance indicators. +e RBF network algorithm ranked hu-
midity, floor level, and temperature as the most important
variables, as shown in Figure 7.

2.4. GRNN Productivity Modeling. GRNN, proposed by
Donald F. Specht in 1990, is often used for nonlinear
function approximation. It has a special linear and radial
basis layer which makes it different from radial basis net-
works. GRNN is a neural network model that mimics
nonlinear relations between a target variable and a set of

Table 4: Performance indices for models with one hidden layer.

Neurons 5 10 15 20 25 30 35 40 45 50 60
MSE 0.014 0.014 0.017 0.012 0.015 0.014 0.017 0.015 0.030 0.008 0.011
MSE train 0.010 0.004 0.002 0.002 0.001 0.002 0.002 0.002 0.001 0.005 0.003
MSE test 0.034 0.061 0.086 0.060 0.082 0.075 0.085 0.080 0.069 0.025 0.050
R2 0.94 0.94 0.93 0.95 0.94 0.94 0.94 0.94 0.91 0.97 0.96
R2 train 0.96 0.98 0.99 0.99 1 0.99 0.99 0.99 1 0.98 0.99
R2 test 0.88 0.77 0.69 0.72 0.68 0.79 0.5 0.77 0.75 0.89 0.77

Table 5: Performance indices for models with two hidden layers.

Neurons 5 10 15 20 25 30 35 40 45 50 60
MSE 0.0162 0.0096 0.1264 0.0215 0.0545 0.0384 0.0212 0.1264 0.0183 0.0184 0.0096
MSE train 0.0055 0.0022 0.1242 0.0200 0.0008 0.0000 0.0000 0.1267 0.0005 0.0008 0.0007
MSE test 0.0665 0.0446 0.1369 0.0230 0.1071 0.1193 0.1213 0.1251 0.1024 0.1010 0.0518
R2 0.935 0.942 0.499 0.949 0.813 0.872 0.929 0.512 0.927 0.932 0.962
R2 train 0.979 0.981 0.522 0.976 0.997 1 1 0.537 0.998 0.997 0.997
R2 test 0.693 0.693 0.403 0.832 0.335 0.482 0.733 0.395 0.714 0.694 0.785
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Figure 6: BNN model relative variable importance.

6 Advances in Civil Engineering



predictor variables. GRNN falls into the class of probabilistic
neural networks and requires less training samples in
comparison to a BNN. A GRNN’s main advantage is that
since available datasets for developing neural networks are
not usually sufficient, probabilistic neural networks are more
attractive for modeling. In other words, GRNN can solve any
function approximation problem in case sufficient data is
available in abbreviated time.

In GRNN, the target value of the predictor is achieved by
considering the weighted average of the values of its
neighbouring points. Target neighbour variable distance
plays a key role in predicting target value. Neighbouring
points close to target points have a greater impact on target
value; distant points, on the other hand, are not influential as
much as close neighbouring points. A radius base function is
used for calculating the neighbouring point influence level.
As mentioned, GRNN is able to build a model with a rel-
atively small dataset and has the capability to handle outliers
[21]. +ere are two main disadvantages associated with
GRNN; it needs considerable calculations to evaluate new
points and is not able to ignore unrelated inputs without
assistance and needs major algorithm modifications. Con-
sequently, this method is not a choice for problems with a
substantial number of predictor variables. A GRNN algo-
rithm can be enhanced by advancing GRNN in two ways:
using clustering versions of GRNN and applying parallel
calculations to take advantage of GRNN structure charac-
teristics [22].

In addition to the abovementioned drawbacks, GRNN
models can be large due to having one neuron for each
training row. In the developed GRNN model, DTREG was
utilized; thus, after the model was constructed, DTREG
provided an option for facilitating the removal of un-
necessary neurons from the model. By removing un-
necessary neurons, computational time was reduced and it
became possible to improve model accuracy. DTREG was
utilized in order to select the best possible model. +ree
criteria available for guiding the removal of neurons are

minimizing error, minimizing the number of neurons, and
limiting the number of neurons to a certain number.

+e developed GRNN model’s accuracy was compared
with other models’ using the same dataset. +erefore, 80% of
the dataset was selected randomly as the training set, which
corresponded to 177 input-output pairs. Twenty percent of
the data were kept unused for testing, which corresponds to
44 input-output pairs. Note that all techniques used for
modeling labour productivity in this study used the same
training and testing datasets for a proper comparison
approach.

In addition, a Gaussian kernel function type was selected
as it is the best function among other kernel functions, and a
single sigma for the whole model was selected to reduce
computational time. Using a trial and error approach to
select the best model, three models were developed based on
three options provided by the software: remove unnecessary
neurons, minimize error, and the constant number of
neuron. Table 7 summarizes various statistical indices for the
developed models.

+e models with 34 and 10 neurons had overfitting in
their training process since there was a large difference
between the R2 in the training and testing phases.
+erefore, the best GRNN model was found to have 107
nodes with the R2 value of 87.87%, which is higher than the
two other approaches. Like the RBF neural network,
GRNN is able to rank predictor variables for the selected
model as shown in Figure 8. Here, temperature and floor
levels were the significant factors found for modeling
productivity.

2.5. ANFIS Productivity Modeling. ANFIS is used in various
engineering fields such as environmental, civil, electrical, etc.
[23–25]. ANFIS utilizes a hybrid learning algorithm which
can model the relationship between predictor variables and
respond variables based on expert knowledge by using
neural network capabilities. It represents expert knowledge
in the form of fuzzy “if-then” rules with an approximation of
membership functions from given predictors and response
datasets. Fuzzy logic handles the vagueness and uncertainty
associated with the system being modeled, whereas the
neural network provides model adaptability. By combining
the learning abilities of a neural work with the reasoning
capacities of fuzzy logic into a unified platform, ANFIS can
be considered an enhanced prediction tool in comparison
with a single methodology one. ANFIS can adjust mem-
bership function (MF) parameters and linguistic rules di-
rectly from neural network training capabilities with respect
to refining model performance. ANFIS is able to capture
expert knowledge regarding a nonlinear system and its
behaviour in a qualitative model without quantitative de-
scriptions of the system. Fuzzy interference system (FIS) is a
knowledge interpretation technique based on the concept of
fuzzy set theory, fuzzy “if-then” rules, and fuzzy reasoning,
where each fuzzy rule characterizes a state of the system.
ANFIS uses a Sugeno FIS for a structured approach to
generate fuzzy rules by using a given dataset [26]. Training
and testing data are matrices with ten columns where the

Table 6: Performances indices for RBF.

Performance index R2 MSE RMSE MAE
Training 91.30% 0.0103 0.1026 0.0756
Testing 85.84% 0.0471 0.1531 0.1421
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Figure 7: Relative importance of variables in the RBFNN model.
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first nine columns contain data for each FIS predictor
variable and the last column contains the response data. It
should be noted that the same 177 data points were used for
training and the other 44 for testing purposes. +en, the FIS
model structure was generated by choosing the subtractive
clustering technique. Subtractive clustering technique is
faster than grid partitioning and with a satisfactory result for
justifying use. Based on the selected parameters of sub-
tractive clustering, 63 clusters were detected as the most
suitable MF number. Here, the number of clusters and MFs
were equal. +e hybrid method was selected for training the
MF because it generates better results rather than BP. +e
hybrid method includes BP and least squares for MF pa-
rameter estimation, BP for estimating input MF parameters,
and least square for MF parameters. ANFIS parameters were
selected to reach higher accuracy with less computational
time, as shown in Table 8.

Figure 9 shows the predicted daily productivity against
corresponding actual values, and Table 9 summarizes the
dataset various statistical indices using the developed ANFIS
model.

ANFIS is also able to rank predictor variables for the
selected model as shown in Figure 10. Temperature and floor
level are the important factors in modeling productivity.
Table 10 summarizes the performance indices of R2 Train, R2

Test, MSE Train, and MSE Test for the four models. BNN
shows the highest R-squared in the training phase followed
by RBF, ANFIS, and GRNN. Moreover, BNN shows the
highest R-squared in testing phases followed by RBF, ANFIS,
and GRNN. GRNN is the least accurate technique among all
the techniques for the given dataset in both training and
testing phases. BNN has the lowest MSE of the techniques in
the training phase followed by RBF. ANFIS and BNN show
the lowest MSE in the testing phase followed by RBF and
GRNN.

To recognize which algorithm is the best method to be
utilized in modeling construction labour productivity,
analysis of variance (ANOVA) was applied to demonstrate
the significant superiority of the BNN algorithm over other
algorithms, which had the lowest F-Value.

Furthermore, the results of the model were compared
with the SOM model developed by [9] and results show that
for formwork productivity prediction, BNN performs better
in comparison to SOM.+e correlation of coefficient and the
MSE for the available database were 94.9% and 0.0215 for
backpropagation method while it was 89.25% and 0.07 for
SOM.

Both regression and AI techniques have merits and
demerits. +ree statistical methods, namely, best subset,
stepwise, and Evolutionary Polynomial Regression (EPR),
were applied to the available database, and the coefficient of
correlation and MSE were calculated and are presented in
Table 11. EPR predicted the data better than best subset and
stepwise. However, BNN outperformed and achieved a better
fit and forecast with the given dataset than the regression
models due to the nonlinearity of the dataset in modeling
labour productivity for formwork. +e statistical perfor-
mance of those models is far behind BNN. +e analysis of
variance for different techniques is presented in Table 12.

3. Conclusions

One of the major strategic components in determining the
success or failure of a construction project is the productivity
rate, which has a relationship with different factors. +is
paper attempts to demonstrate a way to use AI models to
predict labour productivity. +ese are effective tools for
quantifying loss of productivity and can be used as a support
method for actual loss of productivity calculations. GRNN,
BNN, RBFNN, and ANFIS were tested against Khan’s

Table 7: Performances indices for GRNN.

Performance index Number of
neuron

R2 train
(%)

R2 test
(%)

MSE
train

MSE
test

RMSE
train

RMSE
test

MAE
train

MAE
test

Minimize error 107 87.87 75.32 0.0103 0.0475 0.1108 0.2219 0.0651 0.1421
Minimize number of neurons 34 85.84 48.70 0.0172 0.0716 0.1311 0.2676 0.0984 0.1785
Number of neurons 10 64.82 41.07 0.0427 0.0823 0.2067 0.2868 0.1471 0.2164
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Figure 8: Relative importance of variables in the selected GRNN
model.

Table 8: ANFIS parameters for modeling labour productivity.

ANFIS parameters
Number of input variables 9
Training data points 177
Testing data points 44
Number of layers 5
Operator Subtractive
Number of membership functions (MF) 63
MF type Bell shape
Transfer function of output layer Linear
Training algorithm Hybrid
Error tolerance 0
Number of epochs 1000
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datasets of two high-rise buildings related to formwork
operation. From the comparisons, BNN showed the best
performance among the techniques. However, BNN can be
considered a black box approach and is prone to overfitting,
which can be the result of network architecture

(i.e., decreasing the number of nodes), early training phase
stopping, or weight decay use. Furthermore, the dataset used
to develop the aforementioned models was a raw and un-
balanced dataset. Studying the behaviour of the given
datasets prior to feeding it to any AI techniques is required in
order to have a robust model for modeling labour
productivity.

Researchers have proved that supervised BNN models
are more successful in predicting construction crew pro-
ductivity in comparison to statistical methods like re-
gression. Furthermore, if the causal relationship between
input and output has a complex variability in areas other
than construction, in most cases, the learning task is easier
with unsupervised learning. +erefore, this study focuses on
the application of supervised methods in formwork crew
productivity data to compare the predicted results. +is
study focused on formwork installation operations since

0.00

0.10

0.20

0.30

0.40

0.50

0.60

0.70

0.80

0.90

1.00

1 3 5 7 9 11 13 15 17 19 21 23 25 27 29 31 33 35 37 39 41 43

N
or

m
. p

ro
du

ct
vi

ty

Data points

Actual
Predicted

Figure 9: Actual vs predicted value using ANFIS.

Table 9: Statistical indicators of the developed ANFIS model.

Performance index R (%) R2 train (%) R2 test (%) MSE train MSE test RMSE train RMSE test MAE train MAE test
Value 81.1 89.3 66.2 0.01 0.02 0.114 0.146 0.017 0.097
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Figure 10: Relative importance of variables in ANFIS Model.

Table 10: Performance results comparison.

R2 train R2 test MSE train MSE test
BNN 0.98 0.83 0.0023 0.020
RBF 0.91 0.85 0.0096 0.018
GRNN 0.88 0.75 0.0103 0.047
ANFIS 0.89 0.66 0.0100 0.020

Table 11: Statistical performance of the regression methods.

Technique R2 MSE Time (sec) Number of variables
Best subset 46.8 0.259 ∼2 8
Stepwise 48.61 0.259 ∼2 7
EPR 52.69 0.057 1140 8

Table 12: Analysis of variance for different techniques.

Source DF Adj. SS Adj. MS F-value P-value

BNN
Actual 37 2.14235 0.05790 4.42 0.034
Error 6 0.07864 0.01311
Total 42 2.22099

ANFIS
Actual 36 5.69202 0.15811 15.53 0.001
Error 6 0.06108 0.01018
Total 42 5.75310

RBF
Actual 34 3.4887 0.10261 6.67 0.004
Error 8 0.1231 0.01539
Total 42 3.6118

GRNN
Actual 37 5.59931 0.151333 31.89 0.002
Error 4 0.01898 0.004745
Total 42 5.61829
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they constitute a substantial part of the overall labour
component of concrete framing in building construction.
Results reveal that BNN shows superior performance in
comparison to RFBNN, ANFIS, and GRNN for formwork
productivity prediction in the following ways:

(1) Selected input variables are those that cause varia-
tions in productivity in the short-term or daily basis.
+e developed models were compared based on
statistical performances and BNN outperformed the
techniques of RBF, ANFIS, and GRNN. +e de-
veloped model of this research can be utilized in
different ways.

(2) +e model can help to estimate formwork pro-
ductivity by considering variables such as temper-
ature, humidity, gang size, labour percentages, work
type, etc. In addition, this study also found that
productivity is not significantly correlated with
precipitation, labour percentage, work method, and
humidity. Within the scope of the conducted study,
the number of parameters observed, and the range of
their values, this study found temperature to have the
most significant impact on productivity followed by
floor level.

(3) +e model can also be useful for quantifying loss of
productivity by considering the output of the de-
veloped model as the value for unimpacted pro-
ductivity period since the identifying unimpacted
period for quantifying loss of productivity is im-
possible to calculate sometimes. +erefore, BNN can
help save time and cost associated with quantifying
loss of productivity.

Ultimately, this study shows that the backpropagation
model can be an alternative tool to supervised learning-
based tools and can be used in various prediction applica-
tions. One limitation of this study is that the findings are
limited to the collected data range and parameters con-
sidered in the study. It should be noted that the developed
model does not involve any parameters that directly account
for management strategies and skills or any project-specific
conditions.

Data Availability

+e data used to support the findings of this study are
available from the corresponding author upon request.
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+e traffic congestion, which has become one of the major problems of developed and developing countries, has led to a shift in the
way public transport systems are viewed, and it has accelerated efforts to increase the efficiency of these systems. In recent studies,
several approaches, in which both user and operator benefits are evaluated together in order to increase the demand for public
transportation systems and to ensure the sustainability of these systems, are emphasized. In this study, a bilevel simulation/
optimization model is developed to optimize service headways and departure times of first buses from the beginning of the routes in
urban bus networks. At the upper level of the proposed model, a multiobjective function representing user and operator costs is
evaluated using the metaheuristic harmony search (HS) optimization technique. +e transit assignment problem, which represents
the distribution of transit users over the routes, is handled at the lower level. In the proposedmodel, the transit assignment problem is
solved by the timetable-based assignment approach with VISUM transport planning software. +e timetable-based transit as-
signment is an approach in which the perception errors within the users’ route choice are taken into consideration and the transfer
wait times can be precisely calculated.+e proposed model is applied to a real-life urban bus network of the Çorlu district (Tekirdağ,
Turkey), and the effectiveness of the model on a medium-sized urban bus system has been demonstrated. +e results show that the
user and operator benefits can be simultaneously increased by adding an initial departure offset parameter to the problem.

1. Introduction

Traffic congestion due to increasing demand for private car
use brings health and environmental problems, as well as
imposes a heavy burden on the economies of developing and
developed countries. Along with the increase in fuel con-
sumption of motor vehicles in the heavy traffic, the harmful
gases threaten human health by polluting the environment
and trigger global warming by increasing the effect of
greenhouse gases [1]. Behrens and Egenhofer [2] state that
the transportation sector is responsible for a quarter of all
greenhouse gas emissions in European countries. +erefore,
it is important to organize public transportation systems
which can be alternative to private cars in terms of safety,
reliability, comfort, and economy criteria in order to avoid
environmental and health problems and to minimize the
amount of energy required in the transport sector. Central

and local governments trying to reduce traffic congestion by
making public transportation services more attractive are
investing in public transport systems in the direction of
short- and long-term strategies as well as even taking
measures to limit individual car sales [3]. However, public
transportation systems, which are the most important so-
lution to the traffic congestion, cannot meet the increasing
travel demand due to poor planning, design, and manage-
ment. In studies evaluating the performance of public
transportation systems, it is revealed that the primary
problem related to the transit services in developing
countries is the lack of capacity during peak hours [4–6].
+is problem can be solved by increasing the fleet size and
service frequency during peak hours, which leads to an
increase in operating costs that reduces the operator profit
margins. However, in order to ensure the sustainability of
transit services, not only the users’ expectations but also the
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operator’s expectations must be met. In public trans-
portation, operators aim to achieve a certain profitability by
considering their limited budgets and available bus fleets,
while users generally expect a combination of high service
quality and minimum travel time. At this point, service
quality can be considered as a function of comfort level and
reliability, while travel time consists of in-vehicle time,
waiting time, and transfer time. +erefore, the trade-off
between user and operator objectives should carefully be
considered in public transport planning. Considering that
the conventional public transportation planning process
includes route design, timetable preparation based on the
available fleet of buses, and crew scheduling steps, accurately
determined that frequencies of bus lines play an important
role in this process. Oudheusden and Zhu [7] state that
poorly prepared timetables lead to an overloading of buses.
On the contrary, accurate timetables, which are determined
based on optimized frequencies, may reduce operating costs
and increase user benefits. In the relevant literature, several
studies concerning the optimization of service frequencies in
public transportation networks have focused on the transit
network design problem (TNDP) [8–20]. In the TNDP,
which is generally formulated as the minimization of the
sum of user and operator costs, the optimal transit routes
and associated frequencies are sought. On the contrary, there
are few studies that deal with the service frequencies for fixed
bus route configurations [7, 21, 22].

Baaj and Mahmassani [11] developed a Transit Routes
Analyst (TRUST) program in order to solve the TNDP. In
their study, the TNDP was formulated as the minimization
of an overall cost measure including operator costs and user
costs. +e former was considered as total trip time of all
services during the analysis period. On the contrary, user
costs were taken into consideration as the total travel time
for all transit users, which requires the assignment of the
origin-destination (O-D) matrix to the transit routes. At this
point, a lexicographic strategy, which was previously pre-
sented by Han and Wilson [23], was adopted in TRUST. In
this strategy, it was assumed that the users avoid transfers
when choosing their routes among competing ones between
their origins and destinations. From this point of view, the
number of transfers and trip times incurred on different
alternative choices were evaluated during the assignment
process. In this context, all travel demands were assigned to
the route with the least number of transfers, while a “fre-
quency share” rule, which was developed by Lampkin and
Saalmans [8], was applied if there is at least one alternative
whose trip time is within a threshold of the minimum trip
time. In TRUST, total travel time of a journey with one
transfer was calculated as the sum of waiting times for buses
in the first and second routes, in-vehicle travel times, and a
fixed transfer penalty. Note that the waiting time for a bus
route was assumed to be half of the headway on the route,
while the transfer penalty was 5 minutes of equivalent in-
vehicle travel time. In another study by Baaj and Mah-
massani [12], in which a route generation algorithm (RGA)
was developed based on the framework of artificial
intelligence/operations research hybrid solution approach,
was also built on TRUST and its assumptions on transit

assignment problem. Chakrobotry and Dwivedi [13] de-
veloped a genetic algorithm- (GA-) based solution technique
to the solution of the TNDP. In the study, it was stated that,
unlike previous studies concerning the route network de-
sign, an optimization tool was primarily used to minimize
the reliance on heuristics. At the end of the study, a brief
comparison with the results of the study by Mandl [9] and
Baaj and Mahmassani [24] was provided to show the ef-
fectiveness of the proposed methodology. Szeto andWu [14]
proposed a hybrid solution method, in which GA was
employed for the solution of the route design problem, while
a neighbourhood search heuristic was used to search for the
optimal set of frequencies. In the study, the average travel
time was calculated based on the assumptions of the transit
assignment in the study of Baaj and Mahmassani [11], and
the proposed method was applied to the Tin ShuiWai (Hong
Kong) bus network. +e results showed that the total travel
time could be reduced up to 23% in comparison with the
current status of the Tin Shui Wai bus network. Nikolic and
Teodorovic [15] solved the TNDP using the bee colony
optimization (BCO) algorithm. In the study, three objective
functions, which are total travel time, unsatisfied demand,
and total number of buses required to meet the demand,
were minimized.+e transit assignment problem was solved
based on the frequency share method, and the obtained
results were compared with the previous models concerning
the TNDP. Unlike the abovementioned studies, some re-
searches considered different assignment approaches.
Mumford [16] assumed that the transit demand assigned to
the routes with the shortest travel times and total travel time
includes a constant transfer penalty and in-vehicle travel
time. In the study, waiting times of users were ignored.
Additionally, vehicle frequencies were not considered, and it
was assumed that there were sufficient buses when solving
the TNDP. Afandizadeh et al. [17] developed a GA-based
model which is capable of optimizing bus assignment at
depots. In the study, TNDP was formulated as a combi-
nation of user and operator costs. User costs were repre-
sented by the combination of total travel time and
unsatisfied demand cost, while the operator cost included
empty seat costs, dead-head trip costs, and total travel time
cost. +e transit assignment problem was solved based on
the logit route choice model, in which waiting time was
assumed to be half of the headway on the corresponding bus
route. In a more recent study, Owais and Osman [18]
employed GAs for the solution of the TNDP. Recently, Buba
and Lee [19] applied the differential evolution approach to
the solution of TNDP. In the study, the sum of total travel
time and unmet demand is minimized. Ruano-Daza et al.
[20] developed a global-best harmony search-based solution
method for TNDP. +e proposed model is applied to a real
bus rapid transit system to minimize total network travel
time and waste bus capacities simultaneously. Although the
conventional TNDP has been considered as design of routes
and setting of frequencies on a transit system, some re-
searchers have handled the TNDP within the frequency
setting, namely, the “bus scheduling” perspective. Kidwai
et al. [21] presented a two-level method for vehicle sched-
uling. In the first level of the model, minimum service
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frequencies were determined regarding the load feasibility
constraint. On the contrary, the required fleet size was
minimized using GA in the second level. In the study, the
transit assignment problem was solved based on the pro-
cedure presented by Baaj and Mahmassani [11]. Ruisanchez
et al. [22] developed a bilevel solution method for optimal
bus sizes and frequencies in urban transit networks. At the
upper level, a cost function representing the costs of users
and operators was minimized. In the study, user cost
function was formulated as a weighted sum of total transfer
time, total access time, total in-vehicle time, and total
waiting time. On the contrary, the transit assignment
problem was solved using ESTRAUS™ traffic simulation
software.

As can be seen from the literature review, the TNDP has
been formulated as either both route design and frequency
setting or only frequency setting in urban transit networks.
Additionally, the frequency share method has widely been
accepted for the solution of the transit assignment problem.
It may be a reasonable approach to distribute the demand
regarding the service frequencies. However, considering the
exact waiting time at the origin, a transfer point may provide
more realistic results instead of considering it as half of the
headway since the passengers have better knowledge owing
to the intelligent transportation systems and mobile appli-
cations nowadays. Doğan and Özuysal [25] state that excess
waiting times in urban bus systems may lead to a change in
transit users’ route choice. Another widely accepted ap-
proach is the assumption of users’ choice of routes with the
shortest travel time. However, some users may choose some
routes with longer travel times considering the level of
service (i.e., comfort level and route environment), daily
habits, or incomplete information.+erefore, it may bemore
appropriate to take the stochastic nature of users’ route
choice behaviour into consideration.

In this study, a bilevel simulation/optimization method
is proposed to determine headways on bus routes and de-
parture times of first buses from the beginning of the routes
in urban bus networks. At the upper level, a multiobjective
function representing the weighted sum of user and operator
costs is minimized, while the transit assignment problem is
solved using VISUM® transportation planning software at
the lower level. Since headway and offset variables are in-
tegers, the TNDP is formulated as the integer programming
problem, and the harmony search (HS) optimization al-
gorithm is used for the solution. One of the novelties of our
approach is the use of timetable-based assignment in which
the actual transfer wait times, and the coordination of the
timetable is taken into account. Moreover, by adding the
offset parameter, which represents the departure time re-
lationship between bus operations, effects of the co-
ordination between bus operations are investigated.

Headway and departure offset optimization problem and
related notations are given in the next section. Subsequently,
the proposed model and the implementation of the HS
algorithm are provided in Section 3. Section 4 presents some
numerical applications on a medium-sized real bus network.
Results and future directions are presented in the last
section.

2. Problem Formulation

Effects of headways and departure times on transfer waiting
time and total travel time are illustrated in Figure 1.

As can be seen from Figure 1(a), a user, who travels from
the origin to destination, can directly complete his travel on
Bus Line 1 (BL1). However, he may transfer to Bus Line 2
(BL2) at Stop Point (SP) to reach the destination. It can be
seen in Figure 1(b) that the average speed of BL2 is higher
than that of BL1.+us, a user that boards on BL1 at 06:00 can
arrive to the destination at 06:40 if he transfers to BL2 at SP;
otherwise, he arrives at 06:55 via BL1. +erefore, it may be
possible to reduce total travel time by transferring a faster
transit line with a reasonable transfer waiting time, and each
travel alternative can be called a “connection” [26]. At the
second departure of BL1, there is not any transfer possibility.
+us, there is only one connection for a user who boards on
BL1 at 06:55. Changes on headways and departure times of
transit routes may lead to new connection alternatives or loss
of some connections. Reducing headways of BL1 and BL2
provide shorter travel times for transit users. However, this
leads to an undesirable situation from the operator’s per-
spective due to the increasing fleet requirement and oper-
ational costs. +erefore, investigating the trade-off between
user and operator costs is an important issue. In this section,
a multiobjective optimization problem, which takes this
issue into account, is proposed.

Considering the user and operator costs, the proposed
optimization problem is formulated as a biobjective mini-
mization problem as given in the following equations:
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+e objective of the proposed problem is to minimize the
weighted sum of the total passengers’ travel time (including
in-vehicle travel time and transfer wait time), total service
kilometres (service km) covered by transit vehicles and a
penalty term. Herein, Constraint (2) ensures that the head-
ways on each transit route should satisfy prespecified mini-
mum and maximum allowable values. Constraint (3) ensures
that the offset of the first departure on a particular route must
be less than the departure headway on the same route.
Constraint (4) ensures that the required fleet size cannot
exceed the available fleet size. +e third term on the right side
in equation (1) represents a penalty value arising from the
capacity violation on routes and it is formulated as follows:
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Pi �
ϕ ui −xi,max , if xi,max > ui,

0, otherwise.

⎧⎨

⎩ (5)

In order to calculate in-vehicle travel time, transfer wait
time, and the penalty term, which is a function of maximum
passenger loads on bus routes, in the objective function
given in equations (1)–(4), distribution of passengers on the
transit network must be calculated, which refers to the
solution of the transit assignment problem. +e general
assumption is that transit users choose the route with the
shortest travel time between O-D pairs. However, in reality,
some routes with longer travel times may be chosen by some
users based on their level of service expectations, daily
habits, or by incomplete information. Furthermore, some
travels with one transfer between a certain O-D pair may
take a shorter time than a travel with a zero transfer (or
direct) transit route serving between the same O-D pair.
+erefore, it may be useful to employ an approach which is
closer to reality than the lexicographic strategy represented
by Han andWilson [23]. In this study, the transit assignment
problem is solved based on the timetable-based assignment
approach of the VISUM transportation planning tool. +is
approach is similar to the stochastic traffic assignment that a
small part of the travel demand is assigned to suboptimal
routes based on the route choice model [26]. +e timetable-
based assignment consists of two parts. Possible connections
are investigated using the branch-and-bound algorithm at
the first stage, while the passenger assignment is carried out
based on a connection choice model at the second stage. +e
major advantages of using a timetable-based assignment are
that the coordination of the timetable is taken into account
by calculating the actual transfer wait times, and actual
decision of the passengers can be represented realistically.
Furthermore, by creating a root function, passengers can be
assumed to have better knowledge of timetables. +us, a
more factual origin wait time, which has widely been taken
into account as half of the mean headway in previous re-
search, can be determined. After completing the connection
search process (see [26] for details), the passenger assign-
ment can be carried out as explained below:

+e number of passengers using each bus route can be
calculated based on the following equation:

xi � 
i∈O


j∈D


k∈G

q
ij

R
ij

k δik. (6)

Choice probability of connection k between origin i and
destination j can be calculated based on the following
equation:

R
ij

k �
B

ij−β

k

k∈GB
ij−β

k

. (7)

Impedance of connection k in a time interval a is cal-
culated as follows:

B
a
k � OWTij

k + IVTij

k + TWTij

k + cv
ij

k . (8)

3. Model Development

In this study, a bilevel solution model is developed for
optimizing timetables in urban bus networks considering
the interaction between users and operators. In the last
decades, several optimization algorithms have been de-
veloped to deal with complex engineering optimization
problems. Among these algorithms, genetic algorithms,
simulated annealing, particle swarm optimization, ant col-
ony optimization, and harmony search are the most popular
optimization techniques [27]. In this context, the proposed
model is formulated within the solution framework of the
metaheuristic HS optimization technique, which has been
developed by Geem et al. [28] and has widely been used to
the solution of complex civil engineering optimization
problems [29–35]. +e HS algorithm inspires from a
spontaneous performance of a musical group. In an or-
chestra, each musician seeks for a note that leads to the most
pleasing harmony when playing together. Similarly, par-
ticular values of decision variables, which lead the objective
function to reach the global optimum solution, are sought in
an optimization process. According to the basic assumption
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DestinationSP (transfer station)
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BL1

BL1
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Figure 1: An example of (a) bus network and (b) graphical timetable.
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of the HS technique, a musician can improvise a note in
three different ways, which are as follows:

(i) Playing a completely random note
(ii) Reselecting any note that he has taken in his

memory by playing so far
(iii) Selecting a note from the neighbour of a note that he

has played so far

Similarly, the value of a decision variable can be de-
termined in three ways, which are as follows:

(i) Selecting a value chosen randomly from the possible
upper and lower bounds

(ii) Selecting a value from harmony memory
(iii) Assigning a value in a specific neighbourhood to a

value selected from harmony memory

As can be seen above, while an orchestra improvises new
harmonies during a musical performance, the HS algorithm
generates new solution vectors during the optimization
process. In this context, the general layout of the proposed
HS-based model is illustrated in Figure 2.

It can be seen in Figure 2 that the solution of the bio-
bjective optimization problem is carried out at the upper
level, while the transit assignment problem is solved at the
lower level of the proposed bilevel model. +e solution

procedure of the HS-based model consists of five steps, and
its stepwise flowchart is given in Figure 3.

As can be seen in Figure 3, travel demand between O-D
pairs, transit network characteristics (i.e., bus routes and
travel speeds), fleet characteristics (i.e., size and bus ca-
pacities), HS algorithm parameters, and a stopping criterion
are presented at Step 1. +ere are three HS parameters
governing the performance of the algorithm. +e first one is
harmony memory size (HMS) that represents the number of
solution vectors in harmony memory (HM). Secondly,
harmony memory consideration rate (HMCR) determines
the probability of considering the available solutions in the
HM while generating a new solution vector. +e third pa-
rameter is pitch adjustment rate (PAR), which is used when
the harmony memory consideration is realized and repre-
sents the probability of slightly adjusting by moving to
neighbouring values of a value selected from the HM. Values
of three HS parameters are also initialized at Step 1.

At Step 2, an initial harmony memory is created by
generating initial solution vectors with randomly generated
headway and offset values considering the preset upper and
lower limits. Subsequently, the transit assignment problem is
solved using VISUM for each initial solution vector to obtain
passenger loads on the bus routes. +ereafter, objective
function values of the initial solution vectors are calculated by
equations (1)–(4) and stored as given in the following equation:

h1
1 h1

2 ... h1
N−1 h1

N

h2
1 h2

2 ... h2
N−1 h2

N

⋮ ⋮ ⋮ ⋮ ⋮

hHMS−1
1 hHMS−1

2 ... hHMS−1
N−1 hHMS−1

N

hHMS
1 hHMS

2 ... hHMS
N−1 hHMS

N

√√√√√√√√√√√√√√√√√√√√√√√√√√√√√√√√
Headways

θ11 θ12 ... θ1N−1 θ1N
θ21 θ22 ... θ2N−1 θ2N
⋮ ⋮ ⋮ ⋮ ⋮

θHMS−1
1 θHMS−1

2 ... θHMS−1
N−1 θHMS−1

N

θHMS
1 θHMS
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N−1 θHMS

N

√√√√√√√√√√√√√√√√√√√√√√√√√√√√√√√√
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Solution vectors

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

⇒
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. (9)

At Step 3, a new solution vector, which includes
headway and offset variables, is generated based on HS
rules in a similar manner with the improvisation of a new
harmony with an orchestra. In this context, it is first de-
cided whether a decision variable value is selected from the
HM or not. +is procedure is illustrated for a headway
variable as follows:

hi
′ �

hi
′ ∈ hmin, hmax , with probability (1−HMCR),

hi
′ ∈ h1

i , h2
i , h3

i , · · ·, hHMS
i , with probability (HMCR).

⎧⎨

⎩

(10)

In equation (10), the value of the ith headway vari-
able in the new solution vector is either taken from the
harmony memory or randomly generated between the
possible value range with the probabilities of HMCR and
(1−HMCR), respectively. Similarly, the value of the ith

offset variable in the new solution vector is determined as
follows:

θi
′ �

θi
′ ∈ 0, hi − 1 , with probability(1−HMCR),

θi
′ ∈ θ1i , θ2i , θ3i , · · ·, θHMS

i , with probability(HMCR).

⎧⎨

⎩

(11)

Once the value of a decision variable is selected from the
harmony memory, it is decided whether a pitch adjustment
is required or not. Considering the discrete set of decision
variables (i.e., successive integers), the pitch adjusting
process may be performed for headway and offset variables
as given in the following equations:

hi
′ �

hi
′ ± int[Rand(0, 1) × μ], with probability PAR,

hi
′, with probability(1−PAR),

⎧⎨

⎩

(12)

Advances in Civil Engineering 5



θi
′ �

θi
′ ± int[Rand(0, 1) × μ], with probability PAR,

θi
′, with probability(1−PAR).

⎧⎨

⎩

(13)

Note that the procedure given in equations (10)–(13) is
applied to all decision variables in the newly created solution

vector. At the end of Step 3, the transit assignment is carried
out using VISUM for the new vector and its corresponding
objective value is calculated by equations (1)–(4). At Step 4, a
comparison is conducted between the worst solution vector
in the HM and the newly created solution vector in terms of
their objective function values. +e one with a better ob-
jective value is kept in the HM. At the last step, the solution

HS optimization technique

Headway and departure offset variables

Objective function evaluation

Termination criterion is met?

Optimal or near-optimal solution 

No
Yes

Lower level

Upper level

Network
model

Transit assignment using VISUM subject to
the headway and offset variables

Passenger loads on routes and connections

Figure 2: Layout of the proposed bilevel model.
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Figure 3: Flowchart of the HS-based model.
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process is terminated if the termination criterion is satisfied.
Otherwise, the computation is continued by iterating from
Step 3 to Step 5.

4. Numerical Application

In this section, a numerical application is carried out for the
bus system of the Çorlu district (Tekirdağ, Turkey) in order
to evaluate the performance of the proposed model. Çorlu,
located within the boundaries of Tekirdağ province, is one of
the largest settlement centres in the +race region of Turkey
after Istanbul in terms of its spatial size and trade volume.
Çorlu public transportation system consists of 12 bus routes
providing regular transit services. In 2017, monthly average
of 2.5 million passenger trips were made with a fleet size of
80 buses with capacities of 50, 70, and 100 passengers.
Layout and the lengths and vehicle capacities of the bus
routes are given in Figure 4 and Table 1, respectively.

During the model computations, penalty weight is set as
ϕ � 1, impedance sensitivity is set as β � 4, transfer penalty
is set as c � 5 mins, HS parameters are set as HMS � 100,
HMCR � 0.85, and PAR � 0.05, and band width is set as
μ � 5. +e model algorithm is terminated after 3×106 it-
erations. Since 15% of all trips are between 07:00 and 09:00 in
the morning in the Çorlu transit network, analyses are
conducted for this period. Lower and upper bounds for
headway variables are considered as 5 and 30 minutes, re-
spectively. Since the objective weights D1 and D2 govern the
trade-off between user and operator costs, the proposed
multiobjective problem is solved with different weights.
Owing to the vast search space of the proposed problem,
Pareto efficient solutions are investigated by ignoring the
offset variables, and only headway variables are taken into
account. +us, first buses on all bus routes departure at the
beginning of the analysis period (i.e., 07:00 a.m.). Com-
putational results for 11 cases with different objective
weights are given in Table 2.

It can be seen in Table 2 that the total travel time is about
2217 hours for Case 1 where objective weights are D1 � 0
and D2 � 1.0. In the consecutive cases, where objective

weight D1 gradually increases, total travel time decreases and
reaches to 2126 hours for Case 11 where D1 � 1.0 and
D2 � 0. Meanwhile, the total service km value increases from
1311 to 1423 kilometres. +is reveals that the planner fully
concentrates on total service km on the transit network for
D1 � 0, while only the total travel time is considered for
D1 � 1.0. When analysing the changes in both objective
values, it can be seen that the percentage decrease in total
travel time is relatively close to the percentage increase in
total service km values except for Case 9 where total travel
time decreases about 1.4% while total service km increases
about 4.1%.+is indicates that a small amount of gain in cost
saving for users leads to a sudden spike in operator cost.
+erefore, Case 8 can be considered as the optimal solution
to the proposed biobjective problem, and optimal values for
the objective weights D1 and D2 may be considered as 0.70
and 0.30, respectively. Figure 5 illustrates the Pareto efficient
solutions for both objective functions.

In Table 3, proposed headways, maximum passenger
loads, and capacities on bus routes are given for objective
weightsD1 � 0.70 andD2 � 0.30. It can be seen in Table 3 that
all headway values are between 5 and 30 minutes and there is
no capacity violation on the transit network.

In order to investigate the effects of departure offsets in
urban bus operations, the proposed problem was solved by

Bus routes
01
02
03
04
05
06
07
08
09
10
11
12

0 600 1200 1800 m

Figure 4: Layout of the studied bus network.

Table 1: Lengths and vehicle capacities of bus routes.

Route code Length (km) Bus capacity
01 25.46 100
02 30.31 50
03 15.58 50
04 17.17 50
05 20.52 50
06 19.29 50
07 16.75 70
08 21.95 70
09 16.92 50
10 14.04 50
11 13.10 50
12 27.62 50
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considering both headway and offset variables for objective
weights D1 � 0.70 and D2 � 0.30. Convergence history of
the solution process is illustrated in Figure 6.

It can be seen in Figure 6 that the model algorithm
achieves a steady convergence after about 1.2 × 106 iterations.

In order to illustrate the robustness of the proposed ap-
proach, the model was run 100 times with different initial
solutions and random seeds. After the analyses, minimum,
maximum, and average objective function values are ob-
tained as 1901.87, 1920.28, and 1904.45, respectively. While
the minimum objective function value was reached with
55% of all runs, standard deviation was calculated as 4.54.
Computational results for the proposed model are given in
Table 4.

It can be seen in Table 4 that the total travel time is
about 2287 hours for the current bus network of Çorlu. It
can also be seen that the headway optimization leads to a
decrease of about 4.8% while both headway and departure
offset optimization can reduce total travel time of about
5.4% in comparison with the current bus network. On the
contrary, total distance covered by buses can be reduced
about 9.8% by optimizing the headways on bus routes.
Moreover, considering different departure times for the
first buses on bus routes may reduce this value about
13.3%. In Table 5, comparison between the current and
proposed bus networks is provided in terms of headway
and capacity values. Additionally, departure offsets with

Table 2: Computational results for the proposed model without departure offsets.

Case
Objective
weights Total travel

time (hour) Total service km Objective value Change in the total
travel time (%)

Change in the total
service km (%)

D1 D2

1 0.00 1.00 2216.64 1310.88 1310.88 — —
2 0.10 0.90 2216.64 1310.88 1401.45 0.00 0.00
3 0.20 0.80 2216.64 1310.88 1492.03 0.00 0.00
4 0.30 0.70 2212.47 1314.80 1584.10 −0.19 0.30
5 0.40 0.60 2206.81 1319.79 1674.60 −0.26 0.38
6 0.50 0.50 2199.70 1325.25 1762.48 −0.32 0.41
7 0.60 0.40 2191.76 1330.84 1847.39 −0.36 0.42
8 0.70 0.30 2177.95 1344.00 1927.77 −0.63 0.99
9 0.80 0.20 2147.70 1402.21 1998.60 −1.39 4.33
10 0.90 0.10 2127.55 1421.45 2055.54 −1.02 1.52
11 1.00 0.00 2125.76 1423.48 2125.76 0.00 0.00
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Figure 5: Pareto efficient solutions for both objectives.

Table 3: Proposed headways and their corresponding maximum
load and capacity values.

Route code Headway
(minutes)

Maximum load
(no. of passengers) Capacity

01 21 413 500
02 14 439 450
03 29 217 250
04 24 299 300
05 19 337 350
06 23 276 300
07 16 489 490
08 26 234 250
09 30 194 200
10 29 97 200
11 30 108 200
12 30 72 200
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their corresponding maximum passenger loads on bus
routes are given for objective weights D1 � 0.70 and D2 �

0.30. It can be seen in Table 5 that all headway values are
between 5 and 30 minutes, all departure offset values are
between possible bounds, and there is no capacity violation on
the bus network according to the model outputs.

Number of trips observed for the current bus network
and those calculated based on the proposed model are given
in Table 6.

As can be seen in Table 6, 2934 and 169 trips are made
with one and two transfers, respectively, during the analysis
period on the current bus network of Çorlu. When optimal

headways are applied to the bus routes, the number of trips
with both one and two transfers can be reduced up to 2461
and 116 trips, respectively. +is reveals that the number of
users that can complete their travels on a particular bus route
can be increased by headway optimization. On the contrary,
when optimal departure offsets are considered, the number
of trips with one transfer increases in comparison to the bus
network only with optimal headways.+is increase indicates
that optimal departure offsets may provide a coordination
of bus services and shorter transfer wait times resulting in
a reasonable reduction in total travel time and total distance
covered by buses.
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Figure 6: Convergence history of the proposed model with headway and offset variables.

Table 4: Computational results in comparison with the current bus network of Çorlu.

Case
Total travel time Total service km

Value (hour) Improvement (%) Value (km) Improvement (%)
Current bus network 2286.64 — 1490 —
Bus routes with optimal headways 2177.95 4.75 1344 9.80
Bus routes with optimal headways and departure
offsets 2163.67 5.38 1291 13.36

Table 5: Model results.

Current bus network Model results

Route code Bus capacity
(no. of passengers)

Headway
(minutes)

Capacity (no. of
passengers)

Headway
(minutes)

Departure offset
(minutes)

Maximum load
(no. of passengers)

Capacity (no. of
passengers)

01 100 11 1100 21 0 413 600
02 50 11 550 14 0 430 450
03 50 15 400 27 16 200 200
04 50 13 500 22 7 298 300
05 50 15 400 17 1 354 400
06 50 17 400 23 0 291 300
07 70 15 560 18 9 477 490
08 70 24 350 25 23 249 280
09 50 24 250 30 12 184 200
10 50 30 200 30 13 94 200
11 50 30 200 25 5 137 250
12 50 30 200 30 24 49 200
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5. Conclusions

In this study, a multiobjective minimization problem, which
was formulated as a weighted sum of total travel time of
transit users and total distance covered by transit vehicles, was
proposed. Subsequently, a bilevel simulation/optimization
model was developed to optimize departure headway and
offset variables in urban bus networks. At the upper level of
the model, the proposed problem was solved based on the HS
optimization algorithm solution framework. On the contrary,
the transit assignment problem was solved using the
timetable-based assignment approach of VISUM transport
planning software at the lower level.

Owing to the multiobjective nature of the problem,
investigating the trade-off between user and operator
benefits is an important issue. In this context, the proposed
model was first applied to a real-life transit network with
different weights in order to analyse Pareto efficient so-
lutions and determine the optimal values of objective
weights. +ose computations were made by ignoring de-
parture offset values that require more computational ef-
forts due to the vast search space of the multiobjective
problem. It was found that the total travel time and total
service km could be reduced by 4.8% and 9.8%, re-
spectively, compared with the current bus network. Once
the optimal values of the objective weights were de-
termined, the proposed model was applied to the network
by considering both departure headway and offset vari-
ables. +e results showed that 5.4% and 13.3% improve-
ments could be achieved by including departure offset
variables in the model.

Fleet constraint considered in the proposed model ensures
that the number of buses required on particular routes does
not exceed the number of buses allocated to those routes. In
future, a bus allocation algorithm will be integrated into the
proposed model that can distribute a common fleet including
buses with different types and capacities. Integrating a route
construction algorithm into the proposed model is considered
as another future direction.

Abbreviations
Sets/indices
N: Set of routes in the transit network
O: Set of origins
V: Set of destinations
G: Set of connections
i, j, k: Indices

Parameters
IVTij

k : In-vehicle travel time on the connection k
between origin i and destination j

OWTij

k : Origin wait time on the connection k between
origin i and destination j

TWTij

k : Transfer wait time on the connection k between
origin i and destination j

li: Length of route i
Pi: Value of the penalty arising from the capacity

violation on route i
T: Length of the analysis period
hmin: Minimum headway
hmax: Maximum headway
ti: Single trip time of route i
W: Available bus fleet size
xi: Number of passengers on route i
xi,max: Maximum passenger load on route i
ui: Vehicle capacity of route i
ϕ: Penalty weight
R

ij

k : Choice probability of connection k between
origin i and destination j

δik: Element of route/connection incidence matrix
that δik � 1 if connection k uses route i, and
δik � 0 otherwise

β: Parameter for modelling the impedance
sensitivity

B
ij

k : Impedance of connection k between origin i
and destination j

Ba
k: Impedance of connection k in a time interval a

μ: Arbitrary band width
Rand(0, 1): Uniform random number between 0 and 1
v

ij

k : Number of transfers on connection k between
origin i and destination j

c: Transfer penalty
qij: Travel demand between origin i and

destination j
D1: Weight for the total travel time
D2: Weight for the total service km
Decision variable
hi: Departure headway on route i
θi: Departure offset for the first bus on route i.
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Structural damage can be detected by comparing the responses before and after the damage. /e responses are transformed into
curvature, strain, and stress, among others, which characterize the mechanical behavior of the structural members, and can be
utilized as damage indices for damage detection. /e damage of a truss structure can rarely be detected by the displacements only
at nodes. /is work investigates damage detection methods using the stress or stiffness variation rate of the truss element before
and after the damage. /is paper considers three different cases according to the number of measurement locations. If the
complete responses at a full set of degrees of freedom are measured, the stiffness variation rates of the elements are calculated
accurately, and the damage can be explicitly detected despite external noise. If the number of measured data points is fewer than
the system order, the displacements are estimated by the data expansion method, and the damage-expected regions are predicted
by the stiffness variation rates. Apart from the explicitly damaged elements, the substructuring approach is adopted for closer
damage detection with several measurement sensors despite external noise. It is illustrated by the examples that three cases are
compared numerically. /e numerical examples compare and analyze the numerical results of the three cases.

1. Introduction

Structural maintenance has received significant attention in
the construction industry. Existing structures have been
diagnosed, repaired, reformed, and remodeled for im-
proving the structural performance and durability. Struc-
tural health monitoring and nondestructive tests for
evaluating structural performance have been developed with
the advent of new measurement sensors and technologies,
and techniques for structural health monitoring have been
applied in the field.

/e health state of a structure is evaluated by the response,
internal strain, or internal stress, among others. Structural
defects are detected in the process by comparing the responses
before and after the structural performance deterioration./e
measured responses are transformed into curvature, strain,
and stress for damage detection./emeasured displacements
in the truss structure should be transformed into axial stresses
for evaluating the existence of damage.

It is impractical to collect the responses at a full set of
degrees of freedom (DOFs) because of the limited number of
sensors. /e number of measurement sensors is practically
fewer than the system order./us, incomplete measurement
data should be expanded, or the system order should be
reduced.

/e damage identification method has become a
prominent research field. /e identification of a global
structure requires a large number of sensors and unknowns;
however, the substructuring method needs only several
sensors for response measurement.

Blachowski et al. [1] presented a damage quantification
method for the truss structure without identifying modal
parameters or solving a global optimization problem. /e
method quantifies the damage in a given substructure with
only a small subset of sensors. Park and Reich [2] provided
two complementary methods for model-based struc-
tural damage detection, based on changes in the localized
flexibility and invariance properties of the elemental or
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substructural transmission zeros. Xing and Mita [3] proposed
a substructure approach for identifying localized damage on
each substructure using only three sensors. Ugalde et al. [4]
presented a substructuring approach to predict the health of
each substructure by means of the vector autoregressive
variation with the exogenous model. Hou et al. [5] proposed a
substructure damage identification method using local free
responses. Estimating additional unknown inputs by the al-
gorithm, without measurements of the substructure interface
DOFs, Lei et al. [6] applied the damage detection method by
means of the degradation of the identified substructural el-
ement stiffness values. Lee and Eun [7] presented a model-
based substructuring method for local damage detection
using the frequency response function measured at the in-
terfaces between the adjacent substructures. Li et al. [8]
proposed a substructural damage identification approach
based on dynamic response reconstruction and a dynamic
response sensitivity-based method.

An et al. [9] presented a stochastic damage-locating
vector method as a useful tool for damage localization in
steel truss bridges. An et al. [10] proposed a damage lo-
calization approach for truss structures using the curvature
difference method of strain waveform fractal dimensions.
Yang and Jin [11] presented a damage detection method for
truss structures using incompletely measured modes, with
the aid of the eigenvalue perturbation method. Kaven and
Zolghadr [12] proposed a damage detection method using
the differences between structure characteristics, such as
natural frequencies and mode shapes of truss structures. Xu
and Wu [13] developed a damage detection technique based
on strain data under ambient excitation using the envi-
ronmental excitation incomplete strain mode. Artar and
Daloğlu [14] presented a damage identification method to
update the numerical model and to predict damage location
and severity in the space frame using genetic algorithms.

/is study considers methods for predicting damaged
elements depending on complete and incomplete measure-
ment data, including the noise effect. /e measured and
estimated displacements are transformed into the internal
stress of the elements, and the stiffness variation rate is used as
a damage index. By dividing a full truss structure into several
damage-expected substructures, this work proposes the
substructuring method to estimate damaged elements. /is
method offers merits in reducing the model order and
number of measurement locations by the static-based and
dynamic-based data expansion method [15] and is insensitive
to external noise. /e damage detection methods using
complete and incomplete measurements are investigated in
numerical examples. /e validity of the proposed static-based
and dynamic-based substructuring method is illustrated in
examples, depending on external noise.

2. Substructuring Method for
Damage Detection

Structural diagnosis is conducted by means of the com-
parison of the response, strain, stress, and stiffness in healthy
and unhealthy states, or the measurement data only in the
damage-expected state without the baseline data. /is

method is performed by a response comparison in both
states./is work compares three damage detection methods,
depending on the number of measurement locations to be
causable in the structural performance evaluation. /e three
different cases are as follows: (1) damage detection using
complete measurement data; (2) damage detection using the
data to expand fewer measurement data than the model
order; and (3) damage detection by measurement data and
data expansion at the substructures to divide an entire
structure. Moreover, the effect of the noise contained in the
measurement data is examined. Figure 1 summarizes the
flow of this study to detect damaged elements.

2.1. Static Approach

2.1.1. Complete Measurement Data. /e equilibrium
equation of a finite element model with nDOFs in the intact
state can be expressed by

F � Ku, (1)

where K and u denote the n × n positive definite stiffness
matrix and n × 1 displacement vector in the healthy state,
respectively. Moreover, F is the n × 1 external force vector.
/e displacement data at a full set of DOFs may be measured
by measurement sensors or calculated by the finite element
model for damage detection.

/e truss structure is composed of axial members for
carrying the axial load, and each member has axial dis-
placement DOFs at both end nodes. /e measured dis-
placements are transformed into the axial stress related to
the axial stiffness, and the damage can be detected by
comparing the stresses or stiffness. /is complete method
exhibits the limitation of requiring the same number of
measurement sensors as the system order.

2.1.2. Incomplete Measurement Data. It is not practical to
measure the responses for the entire DOFs because of fewer
measurement sensors than the system order. /is indicates
that the full set of displacements should be estimated by
means of data expansion. Assuming that the static responses
are taken as m(m< n) DOFs, constraints must be imple-
mented to describe the static behavior of the entire system.
/ese can be written as

Au � b, (2)

where the m × n coefficient matrix A is a Boolean matrix
for defining the measurement locations and the vectors u
and b are the n × 1 actual displacement vector and m × 1
measured response vector, respectively.

Constraint forces for pulling the unconstrained path of
the initial system into the constrained path are required.
Combining equations (1) and (2), reference [15] derives the
constrained equilibrium equation as follows:

u � u + K−1/2 AK−1/2 
+

(b−Au), (3)

where “+” denotes the Moore–Penrose inverse. /e dis-
placements corresponding to the entire DOFs are estimated
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by using equation (3), satisfying the constraints of equation
(2). /e second term on the right-hand side of equation (3)
represents the displacement variation deviating from the
initially established trajectory. Moreover, by premultiplying
the second term on the right-hand side of equation (3) by K,
the constraint force vector Fc is obtained by

Fc � K1/2 AK−1/2 
+

(b−Au). (4)

/e internal stresses of the truss structure can be cal-
culated accurately by using the displacements and axial
stiffness. However, the displacements for expanding the
incomplete measurements rarely coincide with the accurate
displacements. Moreover, the calculated internal stresses of
the truss elements do not coincide with the exact values. /e
following example investigates the feasibility of the damage
detection by comparing the internal stresses estimated by the
expanded data with the initially established stresses.

Example 1. /e adequacy of the estimated responses using
equation (3) is investigated in the numerical example of a
plane truss structure, as illustrated in Figure 2. In the figure,
the nodal points and members are numbered. Each node has
two DOFs of the horizontal and vertical responses u and v,
respectively. /e truss is composed of six nodes, nine
members, and nine DOFs, except for boundary conditions.
All members have the same elastic modulus of 200GPa and
cross-sectional area of 2.5 ×10−3m2. /e simply supported
truss has a single span. Its length is 12m, its height is 3m,
and each bay is 4m long./e responses in the intact state can
be calculated by the finite element method under the action
of the external force of 10N in the downward direction of

node 4./e elemental stiffness matrices and responses in the
initial state should be saved for subsequent analysis.

/e truss exhibits a 20% section loss at element ④ and
30% section loss at element⑧./e vertical displacements v2,
v3, v4, and v5, numerically simulated in the damaged state,
were utilized as measurement data. Inserting the equilibrium
equation in the intact state and measurement data in the
damaged state into equation (3), the displacements for the
entire DOFs are estimated. /e truss structure is composed
of axial members and pin joints. /us, unlike the beam, the
truss structure represents discontinuous responses at the
element nodes. /e differences between the actual and es-
timated responses are displayed in Figure 3. /e plots il-
lustrate that the resulting responses coincide at measured
DOFs, but a discrepancy of a very small magnitude is evident
at the other DOFs. /e expansion method does not describe
the accurate responses, except for the constraint conditions.
/e utilization of inaccurately expanded data leads to in-
correct analysis.

Collect measurement data

Save baseline data
by numerical simulation or

experiment

Number of measurement data: model order

=

>

Calculate or measure
the internal stress

Calculate or
measure internal 

stress in substructures

Compare the baseline data
and the predicted data

Detect damaged elements

Expand
measurement

data

Substructuring the entire structure

Collect or expand measurement data

Figure 1: Flow chart of this work to detect damaged elements.
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Figure 2: A three-bay truss structure.
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/e stress variation rate α, defined as the stress variation
with respect to the stress on an element in the damage state,
can be calculated by

α �
σd − σu
σd

× 100(%), (5)

where σu and σd denote the axial stresses in the undamaged
and damaged states, respectively. Moreover, σd is calculated
using the cross-sectional area and axial stiffness in the intact
state and measurement data in the damaged state.

/e stress variation rates in Figures 4(a) and 4(b) are
obtained using the complete and incomplete measurement
data, respectively. It is observed that accurate stress variation
rates for the damaged elements can be obtained by using the
complete measurement data. However, the plot using the
incomplete measurement data exhibits very small variation
rates, regardless of the damaged elements, and the damaged
elements cannot be detected.

/is expansion method exhibits the drawbacks of in-
accurately estimating the expanded data and yielding in-
consistent results depending on the sensor location and
number. /us, this work considers the analytical method for
detecting the damage by dividing an entire structure into
substructures in order to reduce the sensor number and
detecting damage elements more reliably.

2.1.3. Substructuring Method. /e limited number of
sensors and unclearness of the damaged locations make a
more detailed diagnosis method necessary. One precise
diagnosis method may be the substructuring method,
whereby an entire structure is divided into several sub-
structures, as illustrated in Figure 5, and the damage is
detected by measurements on each substructure. /e
damage detection in the substructure is carried out by
means of a similar process to those of the previous

complete and incomplete methods, depending on the
number of measurement locations. /e measured or es-
timated displacement data are transformed into the stress
of the truss structure.

/e damage yields the variation in the element stress,
and it may be utilized as a damage index for evaluating the
structural performance. Assuming a constant mass before
and after the damage, the stress variation rate in equation (5)
can be applied for detecting the damage. /e stress variation
is related to the cross-sectional variation under a constant
axial force./e axial stiffness k is also related to the variation
in the cross-sectional area with the same elastic modulus and
member length. /us, equation (5) for the axial members
can be expressed by

α �
E Ad( /L( − E Au( /L( 

E Ad( /L( 
  × 100(%)

�
kd−ku

kd
  × 100(%),

(6)

where kd and ku represent the stiffness values in the damaged
and undamaged states, respectively, while Ad and Au are the
cross-sectional areas in the damaged and undamaged states,
respectively. It is observed that the stiffness variation of
equation (6) has the same meaning as the stress variation of
equation (5).

2.2. Dynamic Approach. In the dynamic approach, mode
shape data are utilized as measurement data as with the static
displacements. /e measurement data may be a full set of
displacement DOFs or the data expanded from incomplete
measurements. /e stress variation rates in the truss ele-
ments are calculated by equation (5), or the stiffness vari-
ation rate is predicted by equation (6). /e damage is
detected by the stiffness variation rate plots.

Example 2. /e above methods are examined in the nu-
merical example in order to detect the damaged elements
of the plane truss structure displayed in Figure 6. /e
numbering of nodes and members is indicated in the
figure. Each node has two DOFs of the horizontal and
vertical responses u and v, respectively. /e truss structure
of 12 bays is simply supported and is composed of 24 nodes
and 45 members. All members have the same elastic
modulus of 200 GPa, cross-sectional area of 2.5 ×10−3 m2,
and density of 7,860 kg/m3, as in the previous example./e
total length of the truss is 6m, its height is 0.6m, and each
bay is 0.5m long. /e truss is subjected to an external force
of 10 N in the downward direction of node 7. It has
multiple damages of 20% section loss at elements 4, 14, and
42. /e numerically simulated responses and stiffness
values in the intact state are saved as baseline data for
comparison with the numerical results in the damaged
state. /e above three static methods are compared, and
one dynamic method is presented in this example.
Moreover, each method evaluates the effect of the noise
contained in the measured data.
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Figure 3: Difference between actual and estimated responses of the
truss model.
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2.2.1. Complete Measurement Data. Figure 7 illustrates the
numerical results calculated from the complete noise-free
measurement data before and after the damage. Figure 7(a)
represents the horizontal and vertical displacement varia-
tions before and after the damage. /e plots display the
abrupt changes at the node to move from the lower to the
upper chords./e damage positions at the element represent
the abrupt displacement variation owing to the stiffness
deterioration. However, the continuous displacement plots

at the lower and upper chords do not provide any damage
information without any additional considerations, such as
flexural curvature. Figure 7(b) represents the stiffness var-
iation rates calculated by equation (6), respectively. It is
observed that abrupt stiffness variations are located at the
damaged elements, and the variation rate coincides with the
damage degree of 20%. /e application indicates that the
damage can be clearly detected if accurate information is
provided on the completely measured displacements.
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Figure 6: Numerical model of the truss structure for damage detection.
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Figure 4: Stress variation rate of the truss model: (a) complete measurement data; (b) incomplete measurement data.

Substructure 2

Substructure 1 Substructure 3

Figure 5: Substructuring of an entire structure.
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/e presence of external noise leads to a slight variation
in the displacements, deviating from the accurate trajectory.
/e measurement data contain errors contaminated by
external noise./e i-th simulated or measurement dataset ψi

is established as

ψi � ψ0,i 1 + cξi( , (7)

where c denotes the relative magnitude of the error, ξi is a
random number variant in the range of −1, 1 , and ψ0,i is
the i-th noise-free dataset. /e applicability of the proposed
method is investigated in the numerical example.

Figure 8(a) represents the displacement curves con-
taining 1% noise. In order to reduce the effect owing to
external noise, the mean values of 10 repeated numerical
results were utilized as the measurement data for evaluating
the validity of the method. It is observed that the plots in
Figure 8(a) represent the displacement variations, do not
indicate any peculiarity related to the damage, and exhibit
difficulties in detecting the damage. Figure 8(b) displays the
stiffness variation rate plot. /e noise leads to irregular
stiffness variations, unlike in the noise-free case. /e
damaged elements are clearly detected by the plots. /e
stiffness variation rates do not coincide with the actual
damage degree owing to the noise. /is example indicates
that accurate damage detection is possible when accurate
measurement data despite external noise are provided. It is
demonstrated that the stiffness variation rate plots are al-
most the same except for the irregularities owing to noise.

2.2.2. Incomplete Measurement Data. At this time, we
consider damage detection using measurement data with
fewer DOFs than the system order. /e vertical displace-
ments at 22 nodes, except for support nodes 1 and 13, were

measured, and the mean values of 10 repeated results were
recorded. By inserting the numerically simulated mea-
surement data and equilibrium equation in the intact state
into equation (3), the displacements for the entire DOFs are
estimated. Figure 9(a) illustrates the noise-free displacement
differences before and after the damage. It is observed that
the curve is nearly similar to that of Figure 7(a), using the
complete measurement data./e damage cannot be detected
from the plots. /e estimated displacements are used to
predict the internal stresses of the truss members.
Figures 9(b)–9(f ) illustrate the stiffness variation rates in the
lower and upper chord members, diagonal members, and
vertical members before and after the damage. Overall, the
plots exhibit very small variation rates, except for the lower
chord members and vertical members, as indicated in
Figure 9. /is is the reason that the expanded method rarely
describes accurate responses, and the lower chord members
are affected by the external load. /e slash lines in Figure 10
represent the elements with high stiffness variation rates by
the members. It is indicated that the damages are located at
the left half of the midspan rather than at the right half,
representing higher stiffness variation rates. Moreover,
higher internal stress rates are represented at the left half of
the midspan than at the right half. /e highest stiffness
variation rates are concentrated on the left-end support and
loading point. /e abrupt stiffness change in vertical
member 42 is also illustrated. It is expected that the damaged
members will be positioned at the left half region of the
midspan and at vertical member 42. /us, the plots are
merely used for estimation and do not clearly indicate the
damaged elements. It can be concluded that this approach
cannot detect the explicitly damaged elements.

/is example also considers the noise effects included in
the incomplete measurement data. /e measurement data
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Figure 7: Numerical results using the complete noise-free measurement data: (a) displacement variations; (b) stiffness variation rate. In (a),
the solid line indicates the horizontal displacement and the dashed line indicates the vertical displacement.
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Figure 8: Numerical results using the complete measurement data contaminated by 1% noise level: (a) displacement variations; (b) stiffness
variation rate. In (a), the solid line indicates the horizontal displacement and the dashed line indicates the vertical displacement.
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Figure 9: Continued.
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are contaminated by 1% noise at the same DOFs as before
and are expanded to the full set of DOFs. /e numerical
results are illustrated in Figure 11. /e plots are very similar
to those in Figure 9, and this method is not sensitive to
external noise. Damage detection should be conducted by
focusing on the region representing high stiffness variation
rates. /us, it is desirable to perform the analysis on the
damage-expected element group with several measurement
sensors, which constitutes the substructuring method.

2.2.3. Substructuring Method. We consider the damage de-
tection of a substructure to be isolated from the truss structure

illustrated in Figure 12. /e substructure in Figure 12 is
composed of 13 elements and eight nodes. Multiple damages
are located at elements 5, 17, and 29, with a 20% section loss.
Measurements were taken at nine of 16 DOFs, as indicated in
the figure. /e number of sensors was significantly reduced,
from 22 sensors in the previous test to nine in this test. /e
sensor locations are indicated in Figure 12. /e mean values
of the 10 repeated numerical experiments were taken for
reducing the noise effect contained in the measurement data.
/e number of measurement locations is fewer than the
substructure order, and data expansion is carried out.

Figure 13 displays the stiffness variation rate plots
corresponding to the noise-free and 5% noise cases. Both
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Figure 9: Damage detection using the expanded noise-free measurement data: (a) displacement variations; (b) stiffness variation rate at
lower chords; (c) stiffness variation rate at upper chords; (d) stiffness variation rate at “/”-type diagonal elements; (e) stiffness variation rate
at “\”-type diagonal elements; (f ) stiffness variation rate at vertical elements. In (a), the solid line indicates the horizontal displacement and
the dashed line indicates the vertical displacement.
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Figure 11: Continued.
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cases demonstrate that the damage at elements 5 and 17 of
the lower and upper chord members can be explicitly de-
tected. Moreover, the diagonal and vertical elements 28, 29,
and 30 display the same damage rate of 20%, and it is be-
lieved that the damage is located at one of these./e damage
of the diagonal and vertical members can be estimated by the
installation and measurement of additional sensors. It is
observed that the method is not sensitive to noise from the
plots. /e large stiffness variation rate at elements 33 and 34
is owing to the external load because these are adjacent to the
loading point.

2.2.4. Dynamic Substructuring Approach. /e dynamic
approach begins with themeasuredmode shape data, as with
the displacements in the static approach. /e stiffness
variation rate is calculated by the mode shape data. /is
work uses the complete or incomplete mode shape data
corresponding to the first natural frequency only. /e in-
complete mode shape data are expanded by equation (3)

with the stiffness matrix in the static approach. /e damage
detection on the truss structure in Figure 12 is performed by
means of the substructuring method. /e sensor locations
are the same as in the previous example. In the noise-free
case illustrated in Figure 14(a), the damage at the lower and
upper chord members of 5 and 17 can be explicitly detected
by the abrupt stiffness variation rate. /e stiffness variation
rates do not coincide with the damage rate because the
analysis considers the first mode only and neglects the
others. /e damage at diagonal member 29 is not definitely
detected because the adjacent members 28, 29, and 30 ex-
hibit similar stiffness variations. /e inadequacy of the
numerical results arises from the neglect of the other modes.
Similar results are indicated in the 5% noise case illustrated
in Figure 14(b). It is observed that the damage at the vertical
or diagonal members cannot be explicitly detected, but the
damage-expected region can be predicted. /e plots exhibit
large variation rates at the members adjacent to the loading
point. /e variation rates near the loading point should be
carefully investigated.
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Figure 11: Damage detection using the expanded data contaminated by 1% noise: (a) displacement variations; (b) stiffness variation rate at
lower chords; (c) stiffness variation rate at upper chords; (d) stiffness variation rate at diagonal elements; (e) stiffness variation rate at
diagonal elements; (f ) stiffness variation rate at vertical elements. In (a), the solid line indicates the horizontal displacement and the dashed
line indicates the vertical displacement.
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According to the static-based and dynamic-based ex-
amples, it is demonstrated that the stiffness variation rate
calculated by the complete and accurate displacement data
indicates the accurate damage locations, despite external
noise. In the case that the number of measurement sensors is
fewer than the system order, the expanded dataset provides
information for predicting the damage region, including the
damage-expected elements. /e static-based and dynamic-
based damage identification approaches by means of sub-
structuring can detect the damaged elements more clearly,
despite few measurement sensors and external noise.
However, the damage of the diagonal and vertical members
can be predicted by the member group. /e damage-

expected region should be investigated more thoroughly
by means of the installation and measurement of additional
sensors.

3. Conclusions

/is work has investigated damage detection methods
depending on the number of measurement locations to be
causable in the evaluation of structural performance. /is
study has considered three different damage detection ap-
proaches utilizing complete and incomplete measurement
data in an entire structure, and incomplete measurement
data in substructures were compared. Furthermore, the
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Figure 13: Damage detection by the substructuring method: (a) noise-free measurement data; (b) measurement data contaminated by 5%
noise.
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Figure 14: Dynamic substructuring approach: (a) noise-free measurement data; (b) measurement data contaminated by 5% noise.
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noise effect contained in the measurement data was in-
vestigated. /e measured and expanded displacements were
transformed into the internal stress of the elements, and the
stiffness variation rate was used as a damage index for
evaluating the damage. /e complete measurement data
method exhibits the drawback of requiring the same number
of sensors as the system order./e incomplete measurement
data method exhibits the disadvantage of unstable data
expansion depending on the number and installation lo-
cations of sensors. /e substructuring method offers merits
in reducing the system order and number of measurement
sensors and is insensitive to external noise. However, the
substructuring method needs to investigate the damage-
expected region more closely for accurate damage de-
tection by means of the installation and measurement of
additional sensors.
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Increasing the energy efficiency of buildings is a strategic objective in the European Union, and it is the main reason why
numerous studies have been carried out to evaluate and reduce energy consumption in the residential sector. .e process of
evaluation and qualification of the energy efficiency in existing buildings should contain an analysis of the thermal behavior of the
building envelope. To determine this thermal behavior and its representative parameters, we usually have to use destructive
auscultation techniques in order to determine the composition of the different layers of the envelope. In this work, we present a
nondestructive, fast, and cheap technique based on artificial neural network (ANN)models that predict the energy performance of
a house, given some of its characteristics. .e models were created using a dataset of buildings of different typologies and uses,
located in the northern area of Spain. In this dataset, the models are able to predict the U-opaque value of a building with a
correlation coefficient of 0.967 with the real U-opaque measured value for the same building.

1. Introduction

In the process of architectural design, the building needs to
adapt its interior environment to the adequate comfort
conditions. .erefore, the more adverse the weather con-
ditions, the more effort that will have to be made by the
passive and active systems of the building to maintain the
level of interior comfort [1]. .is circumstance generally
entails an increase in energy consumption and consequently
an increase in CO2 emissions affecting the environment
negatively [2].

According to the data provided by the Spanish Institute of
Diversification and Energy Saving, the Spanish building sector
destined for residential use consumes 17% of the total con-
sumed energy and 25% of the demand for electrical energy [3].
.is sector is subject to numerous initiatives of different ad-
ministrations, all aimed at reducing CO2 emissions and energy
consumption, especially in the housing stock of buildings built

before 2006, the year when the Technical Building Code
regulation in Spain started. .e Basic Document of Energy
Saving established the requirements that buildings and their
thermal systems must comply with [4]. .ese regulations and
requirements were the reason for the creation of a set of rules
[5] to evaluate the energy efficiency of buildings.

In order to meet the requirements established by the
regulation, we have to first evaluate the building energy
efficiency and, if necessary, apply energy saving measures.
Energy saving measures can be grouped into two categories:

(i) Passive measures, which act on the constructive
elements that make up the thermal envelope of the
building. .e intervention techniques in this cate-
gory have the objective of decreasing the thermal
transmittance value.

(ii) Active measures, whose objective is to reduce the
nonrenewable sources energy consumption,
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increasing the performance of thermal equipment
related to the conditioning of the indoor
environment.

Any technique created to evaluate building energy ef-
ficiency has to include some criteria to facilitate the ac-
quisition of knowledge about the enclosure thermal behavior
and the thermal equipment [6]. It also needs to create a
model, from datasets (databases) of evaluations in similar
buildings [7], which provides a method for estimating the
results of an evaluation. .ere are several approaches for
creating the estimation method [8], all of which can be
classified into three general categories [9]:

(i) White box models: it is the conventional approach
used in engineering

(ii) Black box models: it is the approach used in ma-
chine learning

(iii) Gray box models: it is a hybrid engineering/
machine learning approach.

White box models range from simple statistical tech-
niques, such as least squares or time series, to more complex
numerical models that model physical systems simulating the
physical laws that govern the system. .ese models do not
achieve good results when working with large datasets [10],
and the more complex the model is, the more time it takes to
obtain an estimation for the energy efficiency of a building.

Black box models are created automatically from data
that relate some system characteristics with the variable we
want to estimate. .is is called the training phase. Once the
model is trained, it can give an output for the variable we
want to estimate when given the system characteristics. .is
prediction is made quickly.

Black box models have been widely used for predicting
the energy performance of buildings. Some of these uses are
the prediction of heating [11], cooling [12], and electric
power consumption [13–16] of buildings.

Artificial neural networks (ANNs) are one of the most
widely used black box models, and they are achieving good
results in a great variety of problems, including the prediction
of energy consumption of a building. Some of the problems of
energy estimation solved with ANN are energy test bench in
buildings [17–20], electric power prediction [21–24], and
heating/cooling consumption prediction [25–28].

.e advantages ANNs provided with respect to more
traditional engineering solutions are as follows:

(i) .ey can easily create models with complex re-
lationships between data, other than linear.

(ii) .ey are fast making predictions: the process of
training is slow, but once trained, the predictions
are usually done in milliseconds.

(iii) .ey can generalize better than traditional models if
they have a class example for a region: they perform
well when evaluating buildings that the model has
never seen, given that we trained the model with an
example fairly similar to the one never seen.

(iv) .ey perform well with large datasets.

.is work focuses on developing a technique for evalu-
ating a building energy efficiency based on ANN. To achieve
it, we created a dataset by evaluating the energy efficiency of a
great number of buildings located in the north of Spain,
focusing on residential buildings. Using this dataset, we
trained and tested several different ANN architectures. .e
procedure is explained in the following sections.

2. Materials and Methods

ANNs need large datasets in order to function properly;
thus, the first step for creating an ANNmodel for predicting
the energy performance of a building is the generation of a
reliable dataset [4]. .e Spanish administration has not yet
released the results of energy efficiency evaluations carried
out since the end of 2013 in Spanish buildings [29]..ere are
other European Union countries where the energy certifi-
cation process of existing buildings has been implemented
for a longer period of time, such as Italy or Denmark. In
these countries, there are web applications available that
allow to query the results of the energy efficiency evaluation
for all the evaluated buildings.

Due to this lack of data for Spanish buildings, in this
work, we created the dataset that is used to train and evaluate
ANN-based models. .is dataset was generated from the
evaluation of the energy efficiency of a number of buildings
destined for different uses located in the north of Spain. .e
dataset is composed of data from 453 buildings, resulting in a
total usable area of 570,438.30m2. .e classification of the
buildings by destined use can be seen in Table 1. From those
buildings, our work focuses on those with residential use.

A dataset is composed of individual examples. Each
example consists of several input variables (features) and one
or more outputs. .e building energy efficiency evaluation
procedure established by the current regulations generates
two categories of data [30]:

(i) Data regarding the thermal envelope: the thermal
envelope affects the demand for heat energy, that is, the
amount of energy needed to condition the interior
environment in the building during the winter regime.

(ii) Data regarding the thermal equipment: the thermal
equipment affects the energy consumption, and it is
related to the CO2 emission level.

.ese data give us the input and output variables of our
training set. One of the difficulties a certified technician faces
when evaluating the energy efficiency of a building [31] is
determining the real thermal transmittance of the building
enclosure that is in contact with the air (U-opaque), in-
formation that allows to accurately estimate the losses of heat
energy. .e difficulty arises from the lack of information
regarding the different inner layers of the opaque zone of the
exterior enclosure. .is difficulty could be overcome with the
development of a model that allows the prediction of the
thermal transmittance value U (measured in W/°K·m2) from
other known building characteristics [32]..e objective of the
ANN created in this work is to calculate this value using some
easily obtained building characteristics.
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One of the officially recognized tools for energy effi-
ciency certification of existing buildings is named CE3X
[33]. .is tool consists of a user manual and a software that
allows to simulate the behavior of a building regarding
energy efficiency and calculate the impact of energy saving
measures in the building energy efficiency. Using this tool
with our ANN, we can obtain a value that indicates the
building energy efficiency in terms of a variable that ranges
from A+ to G.

2.1. Training the ANN Model. An ANN network consists of
several elementary units, called neurons, organized in layers.
.ere are three types of layers: input, hidden, and output
layers..e input layer consists of the same number of neurons
as the input variables we want to use. .e output layer has as
many neurons as output variables our dataset does. Between
the input and output layers, we can place as many hidden
layers as we desire with as many neurons per layer as we
choose. Usually, all the neurons in a layer are connected to all
the neurons of the following layer (feed forward and full
connected), where each connection has an associated weight.
.is is the architecture we chose for our models.

.e function of each neuron is to sum the results of
multiplying each of its inputs with the associated weight for
the input connection and apply a function to the result. .is
function is called the activation function.

.e process of creating an ANN-based model is divided
in the training and testing phases. .e training phase
consists in finding the best parameters that allow the model
to infer the output(s) given the inputs, with the minimal
overall error over the training set. .is phase includes the
selection of the architecture for the network. As said before,
the problem we try to solve determines the input and output
architectures of the network (as the input and output var-
iables are determined by the problem). .e selection of the
number of hidden layers, elements per hidden layer, and the
activation function of the elements is done manually.
Usually, several architectures are selected and the training
phase consists in training these different ANNs until we find
the one that provides the best result for the problem at hand.

During the training phase, the connection weights are
adjusted in an iterative manner in order to minimize the
error between the real output of the dataset and the output
the network provides. .is adjustment is repeated many
times (iterations or epochs) for all the training dataset until a

sufficient accuracy is achieved. In this work, we used the
gradient descent-based backpropagation method for train-
ing the networks [34]. .ese types of algorithms try to
minimize a value, usually the network error, propagating
back the error to the hidden layer and updating the con-
nections weights appropriately. .e value the back-
propagation method is trying to minimize is the error the
network has over all the training set examples. As the
network output variable is a real number, the error is set to
be the mean square error (MSE). .e backpropagation al-
gorithm we chose is the Levenberg–Marquardt variation.

One of the problems ANNs has is variance (overtraining):
if we train the network for a long time, with a converging
algorithm, the network is going to have a low, even near zero,
error over the training set but a much higher error over
examples the network has never seen. .ere are several
methods to minimize variance. We chose early stopping for
training our ANN..is technique consists in further dividing
the train set in a training and validation set. During the
training process, the network error is calculated in the
training set and the network weights are updated according to
this error. Once updated, we calculate the error in the vali-
dation set. In the early iterations, both the training and
validation errors decrease, up to a point where the training
error continues to decrease but the validation error increases.
.is indicates that the network is overtraining. Early stopping
consists in stopping when this point is reached.

3. Results and Discussion

As said before, the building dataset was created from a sample
of buildings in the north of Spain. .e thermal transmittance
and the average values of several energy efficiency parameters
for buildings in the dataset can be seen in Table 2.

As previously said, the objective of the ANN we created
is to be able to calculate the U-opaque value for a building
from a set of easily obtained variables..e variables we chose
to create the dataset are the year of manufacture of the
building, the area of the building, its two GPS coordinates,
and the thermal transmittance of the opaque area of the
envelope (U-opaque). .erefore, the ANN will have 4 inputs
and one output (U-opaque prediction).

.e northwest of Spain is made up of small andmedium-
sized towns, where there are few construction companies
available. Using the GPS coordinates was thought to po-
tentially capture this peculiarity: a company works in a close
region using the same techniques and materials for a given
period. .e period is captured in the year of construction.
.e area of the building was thought to be related to the heat
loss, so we also included this variable.

Although there may be other variables that could im-
prove the prediction of the U-value, the values for the chosen
variables are easily obtained and, almost always, publicly
available (for instance, we could use the model for predicting
the U-value for a house that is being advertised for sale).

For the design and training of ANN, we used the
software MATLAB with artificial neural networks toolbox.
Using this computer tool, we can train, validate, and test an
ANN.

Table 1: Buildings dataset by destined use.

Description Quantity
Single family home 124
Block housing 292
Complete residential block (residential building) 4
Commercial building (shopping centers) 10
Public building (administrative and teaching
buildings) 11

Residential group (hotels) 9
Hospital center (hospitals and health centers) 3
Total 453
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We used an iterative approach for creating the final
ANN. In each iteration, we improve upon the results ob-
tained in the previous iteration. We tested different ANN
architectures with different hidden layers, different number
of neurons in the hidden layer, and different activation
functions in the neurons..e ANNwas trained using 90% of
the examples for training and 10% for validation.

3.1. First Training Iterations: Hyperparameters Selection.
In order to check if ANNs could provide a good solution for
the problem at hand, the first tests were done using a small
train set consisting of 138 buildings (named as “in blocks”).
.ese tests were aimed at selecting the best hyperparameters
for the ANN: number of layers and elements per layer,
activation functions, and number of inputs.

.e first iteration intended to choose the best activation
function. We used two hidden layers, with 10 neurons and 5
neurons, respectively. With this configuration, after 10
training executions for the TANSIG function, the network
achieved an average correlation of 0.746. Training the same
initial ANN during 10 executions, changing the function to
LOGSIG, made the ANN achieve an average correlation
coefficient of 0.821..ese results indicate that the LOGSIG is
the best activation function for this problem, and it is the one
that we used in the following iterations (Figure 1).

In the next iteration, we tested a configuration with a
single hidden layer. We tested several architectures, ranging
from 10 to 100 neurons in the hidden layer. Using 10
neurons, the ANN achieved a correlation of 0.56. A cor-
relation of 0.82 resulted from using 50 neurons and a
correlation of 0.96 using 100 neurons in the hidden layer.
Although the best results were obtained using 100 neurons
in the hidden layer, this configuration is not recommended,
since we have almost the same neurons as training examples
and this can easily produce an overtraining and limit the
network generalization capacity.

In the next iteration, we carried out more tests using an
architecture with 2 hidden layers..e number of elements in
the first layer ranged from 5 to 30 and between 5 and 20 for
the second layer (for a maximum of 50 neurons between
both). We performed 10 equal executions for each resulting
combination of elements in order to avoid the randomness
of the training process. With an architecture of 5-5, the ANN

obtained an R � 0.656 and R � 0.749 for 10-5, R � 0.901 for
10-10, R � 0.949 for 15-1, R � 0.969 for 15-15, and R � 0.987
for 20-15.

Although the architectures with the highest number of
elements in the hidden layers achieved similar values, the
one with 20 elements in the first hidden layer and 15 in the
second achieved the best results. .is indicates that this
architecture is the most suitable to solve the problem at
hand. As previously explained, we chose the LOGSIG ac-
tivation function for all neurons because it gave the best
results in a previous iteration.

In Figure 2, we can see a comparison between the ANN
predictions and the U-opaque real measured values as well as
the correlation value obtained for the chosen 20-15
architecture.

In the next iteration, in order to analyze the ANN inputs
sensitivity and to select the most representative ones, we
trained several ANNs with the same architecture and dif-
ferent input combinations. In Figures 3–6 we can see the
results obtained when using only a subset of all the inputs.

As we can see in the graphs 4 to 6, the year of construction
and the usable area of a building are the variables that have
more prediction power, the usable area of the building
having a greater incidence in the prediction. In the next
iteration, we use these two variables as inputs for the
network.

3.2. Training Process: Parameters Search. Once these tests
have been carried out and the viability of ANNs to solve the
prediction of U-opaque has been confirmed, we created a
dataset with a greater number of training and validation
examples. We used this dataset to search for the best model

Table 2: Energy and environmental behavior summary for chosen building samples.

Description

Transmittance
(W/°K·m2) Energy efficiency average values

U-opaque U-gap CO2 emissivity (CO2 kg/m2·y) Heating demand (kWh/m2·y) Energy consumption
(kWh/m2·y)

Single family home 1.14 3.55 68.54 142.26 322.59
Block housing 1.21 3.64 62.22 114.22 270.8
Complete residential block 1.17 4.5 29.94 46.01 133.24
Commercial building 0.66 3.58 28.66 57.44 169.06
Public building 0.91 3.53 41.59 67.21 204.79
Residential group 0.76 3.24 34.14 31.77 178.28
Hospital 0.82 3.78 31.9 26.53 171.13

Log-Sigmoid transfer function

n

a = logsig(n)

a

–1

+1

0

Figure 1: Activation function that produces the best results.
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parameters (the network weights). .e dataset is divided
into 2 categories: block buildings (238 training examples) and
single-family buildings (94 training examples). For this
dataset, we used the same ANN architecture used in the
initial test. We carried out two training tests, training two
identical ANN, one in each category of the dataset, in order
to check the training degree and generalization capacity of
the ANN obtained in the initial test. For these tests, several
errors (10 in total over the U-opaque value of the training
file) were randomly introduced to verify the capacity of the
ANN to isolate these anomalous behaviors.

In Figure 7, we show the comparison of the 2 ANNs, one
of them using the data with errors (represented by the points
in blue).

As we can see, the results are very similar and the be-
haviors with the most amplitude values are also very similar.

A comparison between the ANN trained in the new
dataset and the real measured U-opaque values for the 238
block buildings of the dataset can be seen in Figure 8.

In Figure 9, we can see a case by case comparison be-
tween the same values in Figure 8 and the error the ANN has
for these examples.

A comparison between the ANN trained in the new
dataset and the real measured U-opaque values for the 94
single-family buildings of the dataset can be seen in
Figure 10.

In Figure 11, we can see a case by case comparison
between the same values in Figure 10 and the error the ANN
has for these examples.

.ese results indicate that the ANNs created are capable
of predicting the U-opaque with a high degree of correlation
for both types of buildings.

3.3. Training Process: Building a Single Model. In the next
iteration, we tried to obtain a single ANN that allowed the
prediction of U-opaque for both types of buildings. In order
to achieve this, we created a single training set combining
both types of buildings (with a total of 334 training ex-
amples). A comparison between the ANN trained in this
new dataset and the real measured U-opaque values for the
334 buildings of the dataset can be seen in Figure 12.

.ese results are not satisfactory. .e ANN is not ca-
pable of differentiating the U-opaque behaviors from similar
values due to the difference in the typology of the building, as
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Figure 3: U-opaque prediction using only the year of construction
of the building.
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Figure 7: ANN training results for the prediction of the U-opaque of block buildings.

3.5

3.5

3

3

2.5

2.5

2

2

1.5

1.5

1

1

0.5

0.5
0

0

y = 0.974x + 0.0329
R2 = 0.9745

Figure 8: ANN training results for the prediction of the U-opaque in block buildings.

3.5

3

2.5

2

1.5

1

0.5

0
U-opaque

Error
ANN

Figure 9: Comparison between measured and ANN predicted U-opaque values for block buildings.

3.5

3.5

3

3

2.5

2.5

2

2

1.5

1.5

1

1

0.5

0.5
0

0

y = 0.9796x + 0.0196
R2 = 0.9811

Figure 10: ANN training results for the prediction of the U-opaque in single-family buildings.

6 Advances in Civil Engineering



it can be observed, for example, around values of the 1.75
prediction of the U-Opaque.

To solve this lack of necessary information for the ANN,
we created an additional input variable indicating the type of
building, with value 0 for the single-family buildings and 1
for the block building..erefore, the ANNwill have 3 inputs
and 1 output.

A comparison between the ANN trained in this new
dataset and the real measured U-opaque values for the 334
buildings of the dataset can be seen in Figure 13, where we
can see that the ANN has a good modeling capacity for the
prediction of the U-opaque of both types of buildings.

In Figure 14, we can see a case by case comparison
between the same values in Figure 13 and the error the ANN
has for these examples.

Once the ANN for the different types of buildings was
made, a sensitivity analysis of the ANN was carried out. To
do so, we put some fictitious values in the dataset trying to
simulate all the possible inputs that the ANNmay have in the
variable range and we evaluate the network in this variable
grid. For this reason, all the buildings were analyzed. .e
years of construction of the building vary between 1900 and
2014, and the area of the building varies between 32.5m2 and
654m2. With these characteristics, regular intervals were

used for both inputs, for example, the values 1900, 1930,
1960, 1990, and 2015 have been used for the year, and the
area varying linearly in 20 square meters increments (30, 50,
70, . . ., 650).

It should be noted that the ranges of the inputs for single-
family buildings and block buildings are different (for ex-
ample, in relation to the area, for single-family buildings the
maximum is 654m2, and for block buildings, the maximum
area is 300m2); however, the same configuration has been
used to jointly analyze the results for both types of buildings.

.e result of the ANN for both types of building can be
seen in Figures 15–17.

We can see in Figure 15 a trend: newer buildings have
lower U-opaque values. We corroborate this trend in Fig-
ure 16, where the ANN behavior for both types of buildings
is similar: the older the building is, the higher the U-opaque
average values are.

It should be noted that in block buildings, in the 2015
tests, zero values are produced when the usable areas are
greater than 300m2, which can be understood as situations
in which ANN has not been trained, as the maximum values
are below 300m2.

We can see in Figure 17 that a downward trend in the
value of the U-Opaque is verified as the area of the building
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Figure 11: Comparison between measured and ANN predicted U-opaque values in single-family buildings.
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Figure 14: Comparison between measured and ANN predicted U-opaque values for all building types.
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Figure 16: Sensitivity analysis results: U-opaque value versus year of construction. (a) Single-family buildings. (b) Block buildings.
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Figure 17: Sensitivity analysis results: U-opaque value versus area of the building. (a) Single-family buildings. (b) Block buildings.
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increases for single-family buildings, while the opposite oc-
curs in block buildings. .is can be considered a coherent
behavior, since the buildings with greater usable area usually
correspond to a higher thermal quality standard in single-
family buildings; therefore, the materials and constructive
solutions used for the composition of the envelopment have a
lower transmittance value. As we said, the opposite trend
occurs in block buildings. A possible explanation of this
behavior could be the fact thatmodern block buildings tend to
be smaller, and thus more thermally efficient, but we need a
detailed analysis to find the cause of this behavior.

We also observe in Figure 17 an oscillatory behavior,
indicating that the network is not generalizing well for some
ranges. .is behavior could be mitigated by using a bigger
dataset or trying a more suitable weight initialization.

4. Conclusions and Future Developments

As the results indicate, ANNs are a good model for pre-
dicting the U-Opaque of a building using several of its
characteristics. .e outputs of the ANNs trained in our
dataset have a high correlation coefficient with the real
U-Opaque measured values for the same buildings.

We carried out several tests using different characteristics
of a building as the ANN input variables. .e building year of
construction and the area of the building are the variables that
have more prediction power for the U-opaque value, being the
constructed area the one with the highest prediction power.

Using a single ANN for predicting the U-opaque value for
both block buildings and single-family buildings and comparing
its outputs with the real U-Opaque measured values for the
same buildings, we obtained a correlation coefficient of 0.967
and a satisfactory generalization capacity as shown in the results.

.e results of this work indicate that it is possible to
estimate the energy efficiency of a building in a given geo-
graphic zone with a high degree of accuracy using some
building characteristics, without doing an intervention in the
building or using measurement devices. .is supposes a great
advance in the field of architecture, because the U-Opaque
measurement is a costly and time-consuming task.

However, as explained before, ANNs are considered a
black box system in the sense that we input some values to
the network and the ANN produces an output without being
able to know how these results are produced. But in the Civil
Engineering and Architecture fields, it is important to be
able to explain the processes that occur in a system or model,
so in order to be able to have an explanation of how a model
works for predicting the U-Opaque value of a building and
be able to extract some formula that explains the model
behavior, we plan to use another machine learning technique
called evolutionary computation. Using the genetic ex-
pressions algorithm, we would be able to extract the model
knowledge in the form of mathematical equations. .is
algorithm allows to obtain simple mathematical expressions,
but with a low correlation value or predictive capacity. Using
genetic programming algorithms and introducing trigono-
metric operators, we can obtain mathematical equations
with a higher correlation coefficient, although the obtained
equations can be more complex.
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-e shear strength prediction of fiber-reinforced polymer- (FRP-) reinforced concrete beams is one of the most complicated issues in
structural engineering applications. Developing accurate and reliable prediction models is necessary and cost saving. -is paper
proposes three new prediction models, utilizing artificial neural networks (ANNs) and gene expression programming (GEP), as
a recently developed artificial intelligent techniques, and nonlinear regression analysis (NLR) as a conventional technique. For this
purpose, a large database including 269 shear test results of FRP-reinforced concrete members was collected from the literature. -e
performance of the proposed models is compared with a large number of available codes and previously proposed equations. -e
comparative statistical analysis confirmed that the ANNs, GEP, and NLR models, in sequence, showed excellent performance, great
efficiency, and high level of accuracy over all other existingmodels.-eANNsmodel, and to a lower level the GEPmodel, showed the
superiority in accuracy and efficiency, while the NLR model showed that it is simple, rational, and yet accurate. Additionally, the
parametric study indicated that the ANNsmodel defines accurately the interaction of all parameters on shear capacity prediction and
have a great ability to predict the actual response of each parameter in spite of its complexity and fluctuation nature.

1. Introduction

Although the behavior of steel-reinforced concrete (RC)
members in shear has been extensively studied for more than
one hundred years, and after numerous research challenges
on shear behavior and on identification of the complex shear
resistance mechanism of RC members, still there is an ab-
sence of comprehension and agreement on the mechanisms
and behavior of shear resistance. While the behavior of steel-
RC members in shear is an area of concern, the behavior of
fiber-reinforced polymer-reinforced concrete (FRP-RC)
members has additional complications due to their different
mechanical properties [1]. Many important issues related
to shear problems of FRP-RC members still remain with-
out in-depth investigations and become open to discussion.
Moreover, past investigations [2–4] inferred that the present
shear design equations are exceptionally conservative in

predicting the shear capacity of FRP-RC beams. Conse-
quently, the extra amount of FRP used to resist shear could
be both costly and likely to create reinforcement congestion
problems, and therefore, this study was motivated.

-e shear strength of RC beams without web re-
inforcement was observed to be influenced by several var-
iables, such as concrete strength (fc′), shear span-to-depth
ratio (a/d), beam depth (d), longitudinal reinforcement ratio
(ρf ), and beam width (bw) [5, 6]. Additionally, for FRP-RC
members, the type of FRP rebar and their variable me-
chanical properties, like low elastic modulus (Ef ), high
tensile strength, and low transverse shear strength, are other
factors that should be taken into account.

Albeit many theoretical and empirical studies have been
conducted to predict the shear strength of FRP-RC members,
and to investigate the interaction between influencing pa-
rameters on shear strength mechanisms, up to date there is no
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general agreement on a specific model. -e vast majorities of
the existing shear design equations have different forms and do
not give a reliable factor of safety against shear failure; addi-
tionally, there is no general agreement between the existing
codes and equations on the parameters affecting the shear
capacity. -is controversy in predicting models may be at-
tributed to twomain reasons; firstly, there is no comprehension
theory on shear failure due to its complicated behavior and
failure typewhich is sudden and catastrophic, and secondly, the
existence wide variability in mechanical properties of FRP bars.
-erefore, some existing predicting models were developed
based on modifying the different theories which is originally
proposed for steel-RC members and others are empirical or
semiempirical models which were proposed based on a limited
data; for instance, the ACI 440 algorithm was calibrated based
on the test results from 326 steel-RC specimens and 44 FRP-RC
specimens and the latter having a maximum effective depth of
360mm. An alternative to classical and conventional methods
for the prediction of complicated problems in various disci-
plines, such as the shear strength of FRP-RC members, is the
utilization of artificial intelligence techniques like artificial
neural networks (ANNs), fuzzy inference system (FIS), and
genetic programming (GP). -roughout the most recent two
decades, these methodologies have been prominent and ef-
fectively utilized as a part in an extensive variety of scientific
applications particularly in civil engineering disciplines.

Recently, several studies have been performed on using
different artificial intelligence techniques for predicting the
shear capacity of FRP-RC members without stirrups. Kara [7]
utilized gene expression programming (GEP) to obtain
a simple model based on a set of 104 databases. Bashir and
Ashour [8] suggested a model based on ANN using a set of 128
databases. Nasrollahzadeh and Basiri [9] developed an FIS to
predict a model depending on a 128 database. Lee and Lee [10]
used a database of 110 samples to propose a theoretical model
utilizingANN.Golafshani andAshour [11] introduced amodel
using a new technique of biogeography-based programming
based on an experimental database of 138 test specimens. Most
of these studies proposed good models with a high level of
accuracy; however, they used relatively a small size of a data-
base. -e size of the database used for training and testing the
models plays a great role in the success of proposed models.

-e present research aims to propose three new models to
predict the shear strength, Vc, of FRP-RC slender beams
without stirrups based on utilizing ANNs and GEP as artificial
intelligence techniques and nonlinear regression analysis
(NLR) as a conventional technique. -ese techniques were
chosen due to the fact that the ANNs and GEP are powerful,
accurate, and highly efficient tools in the model prediction of
complicated problems, while the NLR is a classical tool which
can be used to derive a simple, rational, and yet accurate
model. -e main affected parameters on shear strength are
considered in modeling process which are fc′, d, bw, a/d, ρf ,
and Ef . -e three models are derived using the largest col-
lected database from the literature of (269) test specimens.-e
results of obtained models are compared to a large number of
codes and proposed equations from the literature to examine
their accuracy, validity, and efficiency. Additionally, a para-
metric study was conducted to indicate and compare the effect

of all parameters on shear capacity predicted by the proposed
models and different well-known codes.

2. Reviews of Available Shear Design Equations

-e last two decades witnessed development and rapid in-
crease of using FRP-reinforcement for concrete structures;
therefore, there are universal endeavors to create prediction
models. -ese endeavors have brought about distributing
a few codes and outline rules. However, there is no agreement
in regards to shear configuration models among all available
codes and guidelines. Table 1 provides a summary of the shear
design equations for FRP-RC members without stirrups.

Most of the available shear design equations of FRP-RC
members have been developed by modifying the existing
equations adopted by design codes for steel-RCmembers.-e
methods of modification tried to cover the major changes in
material properties by taking into account the effect of the
lower elastic modulus, higher tensile strength, lower trans-
verse shear strength, and no yielding criteria in the FRP rebar.
Nevertheless, the relatively large variations in mechanical
properties such as tensile strength, elastic modulus, bond
properties, and transverse shear strength between the dif-
ferent FRP types have made it hard to precisely predict the
shear capacity. Furthermore, the procedure that adopted by
various codes, manuals, and guidelines to predict the shear
strength are significantly different, and most of them are
empirical and based on a limited set of test results. Conse-
quently, some of the design models are quite conservative,
whereas others sometimes yield unconservative results [3, 22];
as well as these equations are differing from each other in
considered parameters. On the contrary, the design model
that does not consider the effect of known parameters would
lack generality, and its applicability to general design situa-
tions would be dubious [23]. -erefore, there is a need to
develop shear design equations which will consider the effect
of all parameters; as well as it will be accurate, consistent, and
simple to use for the general application.

3. Collected Databases

For the purpose of this study, an extensive survey of the
open literature was conducted and a large database con-
taining the test results of a large number of 269 FRP-RC
beams and one-way slabs were assembled. -e database of
the specimens were collected from 42 different references,
reinforced with FRP rebars without transverse re-
inforcement, and only those that failed in the shear mode
was compiled [1–3, 20, 22, 24–60]. Only slender beams and
one way slabs with a/d ≥ 2.5 were considered in this study.
-e specimens included 230 beams and 39 one way slabs; all
were simply supported and were tested either under three
points or four bending points. -e details of the specimens
that were used as a database are shown in Table 2.

4. Artificial Neural Networks (ANNs)

4.1. General Background. In its most broad frame, a neural
network is a machine that is intended to demonstrate the
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manner by which the brain plays out a specific errand or
function; the system is generally executed by utilizing
electronic parts or is mimicked in programming on an
advanced PC. -e ANNs perform helpful calculations and
simulate complex modeling through a procedure of learning
similar to that of the human brain. ANNs do not represent
the sophistication, complication, and multifaceted nature of
the brain, as the simulated neurons are substantially more
straightforward than natural neurons in the area of recog-
nition, efficiency, control, and learning. Nonetheless, ANNs
are similar to the brain in two main points; first, the building
squares of the two systems are straightforward computa-
tional tools which are exceedingly interconnected; second,
the connections between neurons decide the task of the
networks [61, 62].

ANNs are made out of numerous interconnected pro-
cessing units operating in parallel. Each processing unit
keeps some data locally, can play out some basic calculations,
can have numerous input data and, however, can send just
a single output.-e ANNs have the ability to react and create
the relating response and to adjust to the changing condition
by learning from experience [63].

Generally, ANNs are trained, with the goal that specific
input data prompt a particular target output. -e network is
balanced, in view of an examination of the output and the
target, until the networks yield the objective. Gradually
training the network modifies the weights and biases re-
quired after the introduction of every individual input
vector. ANNs have been prepared to perform complex
functions in different fields of application including bi-
ological, engineering, business, financial, manufacturing,
medical, andmilitary. Today ANNs can be prepared to tackle
issues that are troublesome for regular PCs or human beings
[64]. -e drawback of the ANNs modeling is that it is not as
simple as ordinary design provision, where it is consist of
regularly numerous small units; therefore, simple calcula-
tions of the ANNs models are excessively monotonous, and
usually, computers are needed for calculations.

4.2. Back Propagation ANNs. -e multilayer perceptron,
trained through the back-propagation algorithm, is nowa-
days the most broadly utilized neural networks. -e term
back propagation neural networks (BPNNs) alludes to

Table 1: Shear design equations for FRP-RC beams without stirrups.

Reference Provisions

[12] Vc � (2/5)

��

fc′


bwc, c � kd, k �

������������

2ρfnf + (ρfnf )
2



− ρfnf , ρf � Af /(bwd)

[13] Vc � βdβpβnfvcdbwd/cb; fvcd � 0.2(fc′)
1/3 ≤ 0.72 N/mm2; βd � (1000/d)1/4 ≤ 1.5; βp � ((100ρflEfl)/Es)

1/3 ≤ 1.5 βn � 1.0 for
sections without the axial force, cb � member safety factor, cb � 1.3

[14] Vc � 0.79(100ρw(Ef/Es))
1/3(400/d)1/4(fcu/25)1/3bwd (100ρw(Ef/Es)) should not be taken greater than 3, and (400/d)1/4

should not be taken if less than 1 for members with shear reinforcement

[15]
Vc � 2.5βφcfcrbwdv; β � (0.4/(1 + 1500εx))(1300/(1000 + Sze)); εx � (Mf/dv+Vf+0.5Nf

)/(2(EfAf)) � ≤ 0.003;
Sze � ((35Sz)/(15 + ag))≥ 0.85Sz, where fcr � 0.4

��
fc


fc ≤ 69 N/mm2

[16]

Vc � 0.2λφc

��

fc′


bwd
������
Efl/Es



For sections with an effective depth greater than 300mm, the concrete shear resistance, Vc, is taken as

Vc � (260/(1000 + d))λφc

��

fc′


bwd
�������
(Efl/Es)


≥ 0.1λφc

��

fc′


bwd
�������
(Efl/Es)


;

�������
(Efl/Es)


≤ 1.0

Where λ � modification factor for density of concrete and φc � resistance factor for concrete

[17]

VRd,ct � 1.3(Ef/Es)
1/2τRdk(1.2 + 40ρ1)bwd

Satisfying the limitation: 1.3(Ef/Es)
1/2 ≤ 1 VRd,max � 0.5vfcbw0.9dv � 0.7−fc/200≥ 0.5

Where τRd � design shear stress, MPa, defined as 0.25fct; fct � characteristic tensile strength of concrete (5% fractile),
MPa,fct � 0.33

��

fc′


; cc � is the strength safety factor f concrete, cc � 1.6; k � factor taken equal to |1| in members where more
than 50% of the bottom reinforcement is interrupted; if not, it will be k � |(1.6−d)≥ 1|; d � depth

in meters; ρ1 � (Af/bwd) which cannot be taken less than 0.01 and greater than 0.02

[18]

Vc � 0.05λφckmkr(fc′)
1/3bwdv, km �

�����������
((Vfd)/Mf)


≤ 1.0, kr � 1 + (Efρfw)1/3 Such that

0.11λφc

��

fc′


bwdv ≤Vc ≤ 0.22λφc

��

fc′


bwdv, for fc′ ≤ 60MPa
In members with effective depth greater than 300mm and with transverse reinforcement less than the minimum, Vc should

be multiplied by ks � (750/(450 + d))≤ 1.0
[4] Vc � 2.1(((fc′ρfd)/a)(Ef/Es))

0.3bwd

[7] Vc � c0/c2(
���
d/a3

√
100ρf(Ef/Es)fc

′(c21/c0))
1/3bwd, c0 � 7.696, c1 � 7.254, c2 � 7.718

[19]

Vc � 0.045kmkrkaks(fc′)
1/3bwd, km � ((Vd)/M)1/2, kr � 1 + (Efρf )

1/3, ka �
1 for (M/(Vd))≥ 2.5

2.5/(M/(Vd)) for (M/(Vd))< 2.5 ,

ks �
1 for d≤ 300

750/(450 + d) for d> 300

[1] Vc � ((0.2λ)/(a/d)2/3)((ρfEf )/d)1/3
��

fc′


bwd

[20] Vc � 2.76(ρfl(Efl/Es)(d/a)fc′)
1/3bwd d≤ 300 mm, Vc � 2.76(ρfl(Efl/Es)(d/a)fc′)

1/3(300/d)0.25bwd d> 300 mm

[21] Vc � vcbwd � ((0.134
��

fc′


)/(
�������������
1 + (d/(1.2dc))


))bwd, dc � (ρwE(da + 16))/(100(a/d)

��

fc′


)
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the way in which the gradient is processed for nonlinear
multilayer networks [64]. -e BPNNs algorithm follows
a technique to minimize the errors through the calibration of
the weights in each cycle by a small amount for a specific
training scheme.

BPNNs is one of the straightforward and most ap-
propriate networks being utilized in the prediction of civil
engineering problems [63, 65, 66], principally because of
that it can modify the weights of each layer in view of the
errors introduced at the output. A common structure of
BPNNs display comprises of an input layer, at least one
hidden layer and an output layer, and each layer comprises

of many neurons. Every neuron is a processing unit that
gets at least one source of input and produces an output
response through the transfer function. Related to every
connection is a weighting that communicates the impact
on the present procedure component of an information
set or another procedure component in the past layer, as
shown in Figure 1. -e connection weighting and bias
values are at first picked as arbitrary numbers and af-
terward settled by the consequences of the training pro-
cedure [67].

-e calculations that carried out inside the BPNNs in-
clude summation process of weighted input values with the

Table 2: Details of database.

Reference Number of members d (mm) a/d b (mm) ρf (%) fc′ (MPa) Ef (GPa) FRP type Vexp (kN)
[24] 4 250 3 150 0.55–2.2 27.5–35 94 C 38.3–59.1
[27] 2 250–500 2.5 150–300 1.04 29.5–34 100 C 38.4–142.8
[26] 2 150 4 300 1.34–1.8 22.7–28 29.4 G 33.7–37
[25] 3 250 3 150 1.51–3.0 34.3 105 C 41.2–47.6
[28] 1 260 2.69 200 1.36 34.7 130 C 62.9
[29] 2 210 3.65 150 1.36 32.9–38.1 45 G 22.8–27.3
[30] 1 222 3.15 154 1.36 39 34 G 39
[31] 2 104–154 8.44–12.5 1000 0.49–0.76 66 41.3 G 42.1–85.2
[32] 5 157.5 4.5–5.8 305 0.73 27–30.8 40 G 28–30.9
[33] 3 279–287 2.61–2.69 178 0.77–2.3 24.1 40 G 36.7–54
[2] 18 225 4.06 178–254 1.11–2.27 36.3 40.3 G 28.1–51.1
[34] 2 258 2.5 150 0.91 53.8–68.5 48 G 38.5–41.4
[35] 6 360 3.39 457 0.96–1.92 39.9–42.6 37.6–47.1 A, G 94.8–177
[36] 12 225 4.06 152–203 1.25–2.56 79.6 40.3 G 30.4–48.3
[37] 11 310–346 2.75–3.71 130–160 0.72–1.54 34.1–43.2 42–120 G, C 42.7–52.3
[38] 11 143 6.36 89–159 0.33–0.76 60.3–81.4 139 C 8.8–23.1
[3] 6 225 2.67–4.5 200 0.25–0.88 40.5 145 C 36.1–47.2
[39] 1 970 3.14 450 0.46 40 40 G 136
[40] 2 190 7.96 121 1.1–1.65 40–74.3 40 G 13.9–16.9
[41] 8 159–165 6.06–6.49 1000 0.39–2.63 40 40–114 G, C 118–195
[42] 11 78–83 3.61–6.41 420 0.61–2.61 61–93 42 G 22.1–55.6
[22] 6 326 3.07 250 0.87–1.72 43.6–50 39–134 G, C 63–127.5
[43] 4 326 3.07 250 1.71–2.2 63 42–135 G, C 90–177
[44] 6 163–263 2.54–4.09 150 0.45–1.39 28.9–50.2 32 G 13.1–30.9
[45] 1 150 3.35 224 1.28 43 45 G 27.9
[46] 9 75 6–6.16 420 0.68–1.16 48–92 42 G 24.6–34.3
[47] 3 404–441 3.02–3.71 300 3.25–3.98 43 44–63 G 118.4–154.3
[48] 2 262 6.68 600 0.77–1.53 68 48 G 91.2–118.2
[49] 4 170 4.12 150 0.92–1.54 20–26.6 46 G 12.7–15.4
[50] 4 170 5.88 150 1.33–2.22 20–26.6 113 C 19.3–27.7
[51] 6 194–937 3.26–3.93 450 0.51–2.54 35–46 37 G 74–232
[52] 6 200–500 3.5–6.5 300 0.28–0.35 52.3 114 C 54.1–71.2
[53] 6 291–594 2.5 250–300 0.42–1.37 65.3–74.2 46.3–144 G, C 71.6–155.2
[54] 13 146–883 3.13 114–457 0.6–1.17 29.5–59.7 41–43.2 G 17.9–264.8
[1] 8 305–744 2.5 250–300 0.42–0.91 34.5–44.7 47–144 G, C 61–138.5
[55] 9 140 6.2 1000 0.52–1.25 41.3–86.2 140–144 C 118.5–192
[56] 34 216 2.5–4.5 150–200 0.33–0.79 30 48–148 G, C 16.9–35.4
[57] 3 150 4–4.5 245–270 0.39–0.85 60 70 B 20.9–29.2
[20] 6 170–370 2.7–5.9 200 0.12–0.52 22.1–28.7 141.4 C 17.6–36.1
[58] 6 170 5.65–7 300 0.8–4.1 35.9 48–53 B 29.3–51.5
[59] 8 206–220 2.5–3.3 152 0.31–1.52 49 50 B 17–30
[60] 12 234–635 2.6 200 0.71–2.69 42.2–73.4 58 B 54–169.5
Mean 258.8 4.13 290.4 1.123 46.2 73.8 58.8
Standard deviation 157.2 1.51 220.5 0.7290 18.19 42.93 48.44
Minimum 73 2.5 89 0.12 20 29.4 8.8
Maximum 970 12.5 1000 4.121 93 147.9 232
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bias of the input layer, as in Equation (1), and then the results
passed into the hidden layer neurons. Inside neurons, the
process of sigmoid transformed function was performed by
using one of the transformed functions such as that in
Equation (2). Another linear process, using the purelin
function, was carried out by summing the weighted output
from the hidden layer neurons with the bias of the hidden
layer as in Equation (3):

netj � 
n

i�1
wijxi + biasj, (1)

yj � f netj  �
1

1 + exp− netj(  

,
(2)

yk � purelin 
m

j�1
wjkyj + biask

⎛⎝ ⎞⎠, (3)

where netj is the weighted sum generated at the jth
hidden neuron; xi is the input value from the ith input
neuron; wij and wjk are the weights added to the hidden
layer and the output layer neurons, respectively; biasj

and biask are the biases added to the hidden layer and the
output layer neurons, respectively; yj is the processed
output from the jth hidden neuron; yk is the processed
output from the kth output neuron; and n is the number
of input neurons, and m is the number of neurons in the
hidden layer.

4.3. BPNNs Model Used for the Prediction of Shear Capacity.
In this study, the BPNNs were utilized to produce a pre-
dictive model for shear strength of FRP-reinforced concrete
members without stirrups. -e key parameters affecting
the shear strength which considered in this study are fc′, d,
bw, a/d, ρf , and Ef . -e most important issue in BPNNs
modeling is selecting the number of hidden layers and the
number of neurons in each hidden layer, which depend on
several factors like type of problem of interest, the associ-
ation of input parameters with the output pattern, size of
instances, number of input parameters, and number of
outputs. However, there is no basic acknowledged criteria
to pick the number of hidden layers and the number of

neurons; therefore, a trial and error method was achieved
based on training and testing up to obtain a reasonable fit.
Consequently, a BPNNs training algorithm was utilized in
a feed-forward network trained using nonlinear hyperbolic
log-sigmoid transfer function in the hidden layer and
a linear purelin transfer function in the output layer, as in
Equations (1)–(3).

-e trial and error procedure resulted in that the best
fitting model was that obtained using thirteen neurons in
a single hidden layer (6-13-1), as demonstrated in Figure 2.
-e predictive model was trained through numerous iter-
ations to find the best epoch value, momentum rate, and
learning rate which give the optimum model for shear
strength prediction. -e data were divided arbitrarily into
“training” 70%, “validating” 15%, and “testing” 15%, and the
partitioning of data was chosen based on the results of model
performance after numerous trials.

It is recommended by many authors [11, 63, 68, 69]
to normalize the input and output data before using them to
predict the model. In this study, the data of input and target
were scaled by the linear normalization function in the range
of (0 to 1), as shown in the following equation:

xn � 0.6
x− xmin

xmin − xmax
+ 0.2, (4)

where x is the data sample, xn is the normalized data sample,
xmin and xmax is the minimum and maximum values of the
data for the interested parameter.

-e input layer weights (ILWs), the input layer biases
(ILBs), the hidden layer weights (HLWs), and the hidden
layer bias (HLB) of the (6-13-1) predictive BPNNsmodel are
shown below:

∑

∑

∑Xi

Input layer Hidden layer Output layer
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i,j

W1,1
j,k

y1
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netj
1
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j

biasj
1

bias2
j

biask

netk yk

y2
j

yj = logsig(Wi,jXi + biasj) yk = purlin(Wj,kyj + biask)

Figure 1: Typical architecture and log-sigmoid function of (1-2-1)
BPNNs.
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shear strength.

Advances in Civil Engineering 5



ILW �

−2.3567 0.27166 1.4696 −1.4038 0.99307 2.2234

2.3842 −2.2831 0.83159 2.2855 1.4806 −0.83455

2.8211 0.75441 −4.086 1.4427 1.7982 −1.0877

0.59955 −0.74937 2.0882 −2.6609 1.8418 −1.5433

1.4527 −1.7869 −1.0477 1.6872 −0.81981 −2.5634

3.5416 −1.9591 −0.34353 1.0741 −1.5276 2.2139

1.5643 −2.8231 2.6211 −1.6244 1.0879 1.7129

2.2825 −0.40079 0.48425 −2.312 0.07062 0.15858

−1.749 −0.25004 −0.45657 −2.2347 −1.0796 −1.0232

−0.78404 2.66 −2.8673 −1.0803 −0.86988 −1.6247

−0.25678 −3.2562 2.2726 1.6206 −1.2616 2.6619

−1.2662 −0.78168 −0.52983 −2.5791 1.0124 2.3284

−2.3043 0.55942 −1.2328 −2.8413 −1.3658 2.6415

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

⎫⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎬

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎭

,

ILB �

5.1888

−1.4396

−2.1773

−2.4823

−1.6444

−0.08813

0.12198

2.2041

−2.362

−1.9906

−0.52466

−3.7706

−2.6641

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

⎫⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎬

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎭

,

HLW �
⎧⎨

⎩ −0.7663 1.2834 −0.9729 −0.66761 −0.3835 −0.87847 1.2312 1.3464 −1.3058 1.206 1.169 −0.9465 −0.6511
⎫⎬

⎭,
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(5)

5. Genetic Programming

5.1. General Background. Genetic programming (GP) is
a naturally inspired machine learning (evolutionary) tech-
nique utilized for randomly reproducing a population of
computer programs in light of Darwin’s advancement hy-
pothesis. GP, which was developed by Koza [70], can be
regarded as a developed form of the genetic algorithm (GA),
which is an evolutionary optimization tool that depends on
the principles of genetics and normal determination. -e
systems of GA incorporate altering and changing the extent
of chromosomes by genetic operators to solve function
optimization problems. -e fundamental contrast amongst

GA and GP is that the solution of GA is a binary string of
fixed length utilized for parameters optimization of a specific
arrangement of model parameters, while the solution of GP
is a development program represented as a subset of parse
trees which use input variables and corresponding outputs
for generating optimized models [71–73].

-e GP techniques for modeling incorporate production
of an initial population of chromosomes (models) which
include an arrangement of functions and an arrangement of
terminals that selected and arranged randomly in the form of
the parse tree (computer model). -e models composed of
a root node, functional nodes, and terminals, as shown in
Figure 3.
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At that point, the produced population models are
assessed and the fitness of the models is evaluated using the
provided data of the particular problem. After that, other
generations of models are produced by primary genetic op-
erators: reproduction, crossover, and mutation, as shown in
Figure 4.-e evolutionary procedure of assessing the fitness of
the present population and producing new population is
continued until the point when an end termination criterion is
approached, which can be either a particular acceptable error
or a specified maximum number of generations. -e model
with the best solution which developed after each generation
assigns the outcome of the GP program [76].

5.2. Gene Expression Programming. -e most widely used
GP in civil engineering problems is gene expression
programming (GEP), which was developed by Ferreira
[71]. GEP utilizes development of numerical conditions
that is encoded linearly in chromosomes of a consistent
length and considered nonlinearly as expression trees
(ETs) with various shapes and sizes. -e chromosomes are
composed of several genes; each gene contains a smaller
subprogram or subexpression trees (Sub-ETs). Every gene
has a consistent length and comprises a head and a tail. -e
schematic of the GEP flowchart is shown in Figure 5. -e
implementation of GEP predictive modeling incorporates
five main components including function set, terminal set,
fitness function, control parameters, and termination
condition [7, 75].

-e preferred quality of GEP is that the genetic operators
work at the chromosome level and the production of genetic
diversity is to a great degree simplified. Another favorable
position is credited to the remarkable multigenetic nature of
GEP, which permits the advancement of all the more capable
models made out of a few subprograms [71].

5.3. GEPModel for Predicting Shear Capacity. For predicting
the shear strength of FRP-reinforced concrete beams
without stirrups by GEP-based formulation, six influencing
parameters were considered:fc′, d, b, a/d,Ef , and ρf , through
training and testing the experimental results. -e data are
evaluated on the GeneXproTools 5 [78] to develop the
empirical model which is the most widely used software for

GEP model prediction. Similar to the ANNs model, the data
are partitioned randomly to 70% for training and remaining
30% for testing such that both portions of data have balanced
statistical parameters like mean, standard deviation, and
max and min values.

To obtain the best GEP prediction model, many models
with a different number of genes were evolved throughout
a set of genetic operators (mutation, transposition, and
crossover). Initially, a model composed of two genes with
multiplication linking functions and head sizes of three was
selected and evolved many times. -en, the model param-
eters were changed, step by step, through increasing the
number of genes, head size, number of chromosomes, and
weights of function sets. -e program was evolved nu-
merous times for various models, and the outcome models
were monitored and compared to evaluate their perfor-
mance. Other parameters like mutation rate, inversion, and
points of recombination were chosen based on previous
works [7, 79–82] and then evaluated to get their optimum
effects. After many trials, the final mathematical model was
chosen, for which the utilized parameters, fitness function,
and function sets are given in Table 3. -e final model was
selected based on criteria of the best fitness and less com-
plicity of mathematical formulation; the expression trees are
shown in Figure 6 and themathematical formulation is given
in the following equation:

sqrt

x1 x2 x34

/

– +
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Root node

Figure 3: Typical example of a GP tree representation model
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Figure 4: Typical operations of crossover and mutation in GP [75].
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where: d0, d1, d2, d3, d4, and d5 refer to d, a/d, b,
ρf , fc′, and Ef respectively, c2 � 6.56723946184092, c3 �

−241413.053630399, c4 � −12.1479701959083, c6 �

3.07014791103389, and c8 � 22.0241396443835.

6. Nonlinear Regression Model (NLR)

Regression analysis is considered as an important tool
that can be used in the modeling process for solving
complicated problems of various engineering disciplines.

However, the proposed models based on nonlinear re-
gression (NLR) are less accurate than the ANN and GEP;
however, it is characterized by that it is simple and easy for
application without the need of computers for calculations.
A nonlinear regression model based on the experimental
database collected from the literature was suggested. -e
proposed equation was derived based on developing
a model similar to that proposed by Zsutty [83] which is the
most accurate and simple empirical equation that was
proposed for shear prediction of steel-RC members. In
order to predict the shear strength of FRP-RC beams more
accurately, considering the effect of all influencing pa-
rameters, the experimental shear strength was analyzed
with most common influencing parameters: fc′, d, b, a/d,
Ef , and ρf . Based on data fitting analysis, and after some
simplification, the following equation was proposed:

Vc � 0.32
1
d

 
1/3 Efρf

a/d
 

2/5
fc′( 

1/5
bwd. (7)

It can be observed that the equation is simple, rational,
and more generalized than most codes and proposed
equations from the literature as it considers the effect of all
the influencing parameters on the shear strength of FRP-RC
members without stirrups.

7. Results and Discussion

-e shear strength results of FRP-reinforced concrete
members for the three proposed models, the ANNs, GEP,
and NLR, are evaluated and compared with the common
design provisions (ACI 440-15, JSCE-97, CSA 806-12) and
seven proposed equations [1, 4, 7, 10, 19–21]. -e com-
parison was examined based on statistical terms such as

Start

Initial population creation

Chromosome expression as ET

ET execution

Fitness evaluation

Stop

Chromosome selection

Reproduction

Terminate?

New generation creation

Yes

No

Figure 5: Flowchart of GEP [77].

Table 3: Parameters used in the GEP Model.

Parameters Values
Number of chromosomes 30–500
Head size 3, 5, 8
Number of genes 2, 3, 4
Linking function Multiplication

Function set +, −, /, ∗, abs, tanh, x2, x1/2, x1/3, x1/5,
. . .

Generation without
changes 2000

Number of tries 12
Maximum complexity 10
Fitness function RMSE
Mutation 0.044
Inversion 0.1
One-point
recombination 0.3

Two-point
recombination 0.3

Gene recombination 0.1
Gene transposition 0.1
IS transposition 0.1
RIS transposition 0.1
Data type Floating point
Constants per gene 10
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mean, standard deviation (SD), and coefficient of variation
(COV) in addition to error values, such as mean absolute
error (MAE), root mean square error (RMSE), and R2, as
shown below:

RMSE �
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where ei and pi are the experimental and predicted shear
force in kN, respectively, e is the average of the experimental
values, and N is the total number of the considered samples.
-e model that minimized the error values (MAE and
RMSE) and maximized R2 is selected as the optimummodel.

Figure 7 presents the scatter of the experimental shear
force, Vexp, versus the predicted shear strength, Vpred, for the
proposed models, codes, and proposed equations from the
literature. It is clear that the best models for predicting the
shear strength are those suggested in this study, which in
a sequence are ANNs, GEP, and NLR, as these models
predict the shear strength very accurately with the optimum
statistical performance of R2, RMSE, and MAE. High cor-
relation coefficients with low error rates indicate that the
proposed three models are excellent models and exhibit
generalization performance in predicting shear strength of
FRP-reinforced concrete beams without stirrups. In con-
trast, the code design provisions and other proposed
equations from the literature yielded dispersion results with

lower R2 and larger error rates as given in the scatter
relationships.

Table 4 presents the statistical parameters (mean,
standard deviation (SD), coefficient of variation (COV),
minimum, maximum, range, RMSE, MAE, and R2) of the
ratio of experimental shear strength to the predicted shear
strength, Vexp/Vpred, for the proposed models in this
study, seven well-known codes, and seven proposed
equations from literature based on the (269) collected
database. It is clear that the proposed equations yielded
superior accuracy between all the codes and proposed
equation from the literature because their optimum
statistical parameters such as the mean, SD, range, RMSE,
and R2 are 0.998, 0.113, 0.72, 5.3, and 0.9877, respectively,
for ANNs; 1.007, 0.162, 0.88, 8.2, and 0.970, respectively,
for GEP; and 1.003, 0.174, 0.99, 10.7, and 0.95, re-
spectively, for NLR.

-e ANNs and GEP models are artificial intelligent
models derived based on soft computing; as verified above,
these models are accurate, superior, and highly efficient in
predicting the complicated problem such as shear strength.
However, the drawback of artificial intelligent models is that
it cannot be calculated manually and it needs computers for
calculation. Besides, it is considered as a powerful and ef-
ficient tool which can be used in soft programs specialized
for analysis and design of reinforced concrete structures. On
the contrary, the NLR model is simply accurate and rational
which can be used manually with sufficient accuracy more
than the design codes and previously proposed equations.
Nevertheless, the regression equations cannot properly
define, with the same level of efficiency of artificial intelligent
techniques, the interactions between the input and output
parameters due to that the regression models usually are
produced based only on a few predefined equations [79].
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Figure 6: Expression trees ETs for the GEP model. (a) Sub-ET 1. (b) Sub-ET 2. (c) Sub-ET 3. (d) Sub-ET 4.
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Finally, it can be said that all the three proposed equations
can be considered as accurate, efficient, and useful models,
which were trained on a largest collected database, for
predicting the shear strength of FRP-reinforced concrete
members.

8. Parametric Analyses

For further verification of the proposed ANNs, GEP, and
NLR prediction models, a parametric analysis was per-
formed in this study. -e main goal was to find the
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Figure 7: Scatter of Vexp versus Vpred for ANN, GEP, NLR, and different models from the literature.
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response of the three proposed models to predict the shear
strength for a set of input parameters which are selected
taking into account the average value of each parame-
ter in the collected database. For further showing the
performance of the proposed models and for comparison
purpose, the response of three well-known codes (ACI.1R
440-15, JSCE-97, and CSA S806-12) was also considered.
-e approach depends on keeping all input parameters at
their selected values, except that, in each time, a single
parameter value was changed incrementally within the
expected practical values. Consequently, an arrangement
of manufactured data for the single considered parameter
is produced; this procedure was repeated for all parameters
so that all models are examined for the entire input pa-
rameters. -e selected input parameters are fc′ � 46MPa,
bw � 200mm, d � 400mm, a/d � 4, ρf � 0.011, and Ef �

74 GPa. It is worthy to note that the ANNs model cannot
properly predict the shear strength for input parameters
outside the range of training data; therefore, it is only valid
for prediction within the range of input parameters of the
training data [8].

Figure 8 indicates the tendency of the predicted shear
strength by differentmodels to the varieties of themain design
parameters (d, fc′, ρf , Ef , a/d, and bw). Generally, it can be
observed that the proposed models, particularly the ANNs
model, yielded larger shear capacities for all parameters, while
ACI 440-15 yielded the lowest shear capacities which indicate
that the ACI 440-15 is very conservative.

-e relationship of beam depth with the predicted shear
strength showed that all the proposed models and codes
increased with the increase in the beam depth throughout
the range of 100–1000mm. -e ACI 440-15 considers the
effect of beam depth linearly, while all other models rep-
resent the effect of depth nonlinearly; the ANNs, GEP, and
NLR models consider the depth raised to a power of 0.83,
0.67, and 0.66 respectively. Also, it can be observed that the
GEP and NLR yield almost the same results. All the pro-
posed models and codes showed an increase in shear
strength with the increase in the concrete compressive

strength but in different rates. It was found that fc′ is raised
to a power of 0.66, 0.30, and 0.2 for ANNs, GEP, and NLR,
respectively.

-e effect of the flexure reinforcement ratio on shear
strength indicates a similar trend of the NLR model and the
design codes, but the ANNs and GEP models showed
a slightly decreased trend for reinforcement ratios greater
than 0.03; this is not in agreement with codes and previous
studies because of that only few data were available with ρf
larger than 0.03, and these data actually showed decreasing
shear capacity. Additionally, these models were derived
based only on the artificial technology of data training
without manually choosing the general mathematical shape
of the model, in contrary to the NLRmodel and design codes
which was derived based on the theoretical or semiempirical
criteria.

-e shear strength also increased with the increase in
the elastic modulus of the flexure reinforcement ratio. It
can be observed that all models showed a similar trend line
for the entire range of data, while the ANNs model showed
an increased rate up to about 110 GPa, and then the in-
crease rate reduced significantly; similar results also ob-
tained by Bashir and Ashour [8]. On the contrary, the
trend lines of the shear span to depth ratio are decreased
for GEP and NLR models for the entire range of data;
meanwhile for ANNs model, it decreases up to a/d of 5,
and then it started to increase slightly. -is behavior is in
agreement with the few available experimental results
[32, 52, 56] which were studied as a/d greater than 5.
However, other codes do not consider the effect of a/d as
the trend lines for ACI 440-15 and JSCE-97 are constant,
while the CSA S806 trend line remains constant beyond
the a/d value of 5. Finally, the effect of beam width on shear
strength is linear as indicated by trend lines for all models
except the ANNs model which showed a lower increase
rate beyond 700mm width.

To investigate how the proposed models consider the
size effect on shear capacity, the same parametric data used
for studying the beam depth are used. Figure 9 presents

Table 4: Statistical parameters of (Vexp/Vpred) for the proposed models and different design equations.

Design equations Mean (Vexp/Vpred) SD COV% Minimum Maximum Range RMSE MAE R2

[12] 1.813 0.416 23.06 1.13 3.74 2.61 31.5 24.2 0.575
[13] 1.302 0.282 21.63 0.46 2.51 2.05 22.0 14.9 0.792
[18] 1.091 0.227 20.85 0.47 1.85 1.37 22.5 11.7 0.783
[16] 1.193 0.386 32.49 0.44 2.48 2.03 26.33 17.58 0.703
[17] 0.948 0.265 27.99 0.39 1.74 1.34 22.57 14.03 0.782
[14] 1.072 0.247 23.1 0.54 1.92 1.38 14.70 9.80 0.908
[15] 1.393 0.254 18.35 0.70 2.48 1.78 24.56 16.61 0.742
[4] 1.113 0.219 19.67 0.55 1.92 1.36 21.3 12.1 0.805
[19] 1.305 0.235 18.01 0.84 2.14 1.29 23.1 18.4 0.772
[7] 1.025 0.205 20.03 0.54 1.91 1.36 19.6 11.0 0.835
[1] 1.148 0.227 19.81 0.59 1.72 1.13 17.7 10.9 0.865
[20] 0.965 0.174 18.06 0.63 1.68 1.05 16.4 10.2 0.885
[10] 1.015 0.229 22.51 0.53 1.96 1.43 15.1 9.6 0.905
[21] 1.096 0.283 25.87 0.56 2.12 1.56 19.15 11.80 0.843
NLR 1.003 0.174 17.32 0.62 1.61 0.99 10.7 7.3 0.950
GEP 1.007 0.162 16.08 0.66 1.55 0.88 8.2 5.9 0.9709
ANNs 0.998 0.113 11.31 0.71 1.44 0.72 5.3 3.9 0.9877
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Figure 8: Effect of the parameters (d, fc′, ρf , Ef , a/d, and bw) on shear capacity predicted by ANNs, GEP, NLR, and three design codes
(ACI.1R 440-06, JSCE-97, and CSA S806-12).
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the relationship between normalized shear strength as
(Vpred/bwd

��

fc′


) and beam depth. It is clear that the nor-
malized shear strength is decreased with the increase in the
beam depth for ANNs, GEP, and NLR showing that the size
effect is efficiently presented in these models. -e trends of
GEP and NLR are very close and compatible and decreased
from a depth of 100mm to 1000mm, while the ANNsmodel
seems to be more accurate as it shows an increase in the
trend up to the depth of 200mm, and then it decreased
similarly to that of GEP and NLR; after that, the trend starts
to increase slightly.

It can be summed up to that the artificial intelligent
models, due to their efficiency and powerful ability in rec-
ognizing the parameters interaction, demonstrate various
rates of change and fluctuation for the entire scope of input
parameters. -e ANNs and GEP models define accurately the
interaction of each parameter on shear strength prediction
and have a great ability to represent the actual response of
each parameter in spite of its complexity and fluctuation
nature. Furthermore, these models are evolved by training
numerous preliminary linear and nonlinear models without
any prior assumption regarding the shape and structure of the
mathematical model.

9. Conclusions

An experimental database including 269 shear test results of
FRP-reinforced concrete members without stirrups available
in the literature was established to propose three prediction
models to estimate the shear capacity of FRP-RC members
using three powerful tools which are ANNs, GEP, and NLR.
-e following conclusions can be drawn from this study:

(i) -e proposed models for predicting the shear ca-
pacity of FRP-RC members based on ANNs and
GEP techniques showed excellent performance,
great efficiency, and high level of accuracy and
yielded consistent results throughout a wide range
of influencing parameters; moreover, the ANNs
model is more superior than the GEP, as the SD and
R2 for ANNs are 0.113 and 0.9877 and for GEP are
0.162 and 0.97, respectively.

(ii) A simple, rational, and yet accurate empirical
equation was proposed for predicting shear
strength of FRP-RC members by NLR. -e equa-
tion considers all the important influencing pa-
rameters and simplified to be easy for use. In
addition, it gives consistent and accurate results
with SD and R2 of 0.173 and 0.95, respectively.

(iii) -rough a comparative statistical analysis for the
proposed models with seven shear design codes and
six proposed equations from the literature, it has
been found that the most accurate and efficient
models are ANNs and GEP and to a lower dgree
NLR. Among the codes and available proposals, the
CSA S806-12 and Ashour and Kara [20] equations
were appearing to be more accurate than the others.

(iv) From a parametric study considering all the influ-
encing parameters on shear capacity, it was found that
the ANNs model, and to a lower level GEP model,
defines accurately the interaction of each parameter
on shear capacity prediction and has a great ability to
represent the actual response of each parameter in
spite of its complexity and fluctuation nature.

(v) -e ANNs and GEP models demonstrate that the
effect of flexure reinforcement ratio on shear ca-
pacity decreased beyond 0.03, as a real response to
the available few data in this range; therefore, more
studies are needed to confirm this case.

(vi) -e ANNs model demonstrated that the effect of
a/d does not absolutely reduce the shear capacity,
while beyond the a/d value of 5, its effect could
become reverse and contribute to increase in the
shear capacity as confirmed by few previous studies.

(vii) -e size effect is considered properly by the pro-
posed models, particularly the ANNs model, which
yields more accurate shear capacity prediction to
the experimental results.
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Numerous volcanic scoria (VS) cones are found in many places worldwide. Many of them have not yet been investigated, although
few of which have been used as a supplementary cementitiousmaterial (SCM) for a long time..e use of natural pozzolans as cement
replacement could be considered as a common practice in the construction industry due to the related economic, ecologic, and
performance benefits. In the current paper, the effect of VS on the properties of concrete was investigated. Twenty-one concretemixes
with three w/b ratios (0.5, 0.6, and 0.7) and seven replacement levels of VS (0%, 10%, 15%, 20%, 25%, 30%, and 35%) were produced.
.e investigated concrete properties were the compressive strength, the water permeability, and the concrete porosity. Artificial
neural networks (ANNs) were used for prediction of the investigated properties. Feed-forward backpropagation neural networks
have been used. .e ANN models have been established by incorporation of the laboratory experimental data and by properly
choosing the network architecture and training processes. .is study shows that the use of ANN models provided a more accurate
tool to capture the effects of five parameters (cement content, volcanic scoria content, water content, superplasticizer content, and
curing time) on the investigated properties. .is prediction makes it possible to design VS-based concretes for a desired strength,
water impermeability, and porosity at any given age and replacement level. Some correlations between the investigated properties
were derived from the analysed data. Furthermore, the sensitivity analysis showed that all studied parameters have a strong effect on
the investigated properties. .e modification of the microstructure of VS-based cement paste has been observed, as well.

1. Introduction

Concrete is the most widely used building material around
the world because of the economic and widespread avail-
ability of its constituents, its versatility, its durability, and its
adaptability [1]. Ordinary Portland Cement (OPC) concrete
is a composite material, and its constituents are cement
mixed with water, fine-grained aggregate (sand), and coarse-
grained aggregate consisting of natural gravel or crushed
stones [2]. .e considerable amount of carbon dioxide
(CO2) liberated during the production of Portland cement,
the most commonly used hydraulic cement, is of a greater
concern. On average, about 1 tonne of CO2 is liberated per
tonne of Portland cement produced [1].

.e use of mineral admixtures such as pozzolans in
concrete is nowwidespread due tomany economic, ecological,

and performance-related benefits [3, 4]. .e term “pozzolan”
is originally from the town of Pozzuoli, northeast of Naples in
Italy, where pozzolanic deposits from Vesuvius’ volcano were
found [5].

Pozzolanic materials can be classified as natural and ar-
tificial pozzolans. Natural pozzolans could be considered the
first cementitiousmaterials used for the production of artificial
stones, ancient mortars, and concretes, 3000 years ago [6].
Natural pozzolans may be further subdivided into two main
groups: (i) those derived from volcanic rocks (volcanic scorias,
pumices, etc.); (ii) others derived from rocks and earths [7]. An
overview on the use of volcanic scoria as cement replacement
can be found in the paper recently published by the author [8].
Although there are numerous works on using natural poz-
zolan as a substitute for cement, few studies investigating on
volcanic scoria have been reported in the literature.
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Many new prediction methods were developed in the last
decades to investigate the compressive strength and durability
of concrete containing supplementary cementitious materials
(SCMs). However, there is no prediction model for concretes
containing volcanic scoria as cement replacement. Some
previous efforts to develop a predictive model for VS-based
concrete used statistical methods that did not seem sufficient
for different compositions of concrete. .e objective of this
work is to develop an empirical model to predict the com-
pressive strength, porosity, and water permeability of concrete
containing VS as cement replacement using ANNs. .is
prediction could be considered useful for concrete mix de-
signers. For this purpose, twenty-one concrete mixes have
been prepared with seven replacement levels and three dif-
ferent w/b ratios. Multiple linear regression (MLR) analysis
has been used for comparison. In addition, some relationships
among the investigated concrete properties have been estab-
lished. Some estimation equations have been derived, as well.

.e importance of this paper is to encourage countries
having ample sources of scoria to investigate their potential
use as cement replacement and thus making a greener
concrete. .e current paper focusses not only on one aspect
but also it deals with both strength and durability of concrete
containing VS as cement replacement. Moreover, technical
information on the Syrian pozzolan is scarce, and this paper
is part of the first comprehensive research that addresses the
investigation of Syrian volcanic scoria. Furthermore, the
paper might be particularly interesting for the regions where
volcanic scoria is abundant, such as Harrat al-Shaam, which
covers parts of Syria, Jordan, and KSA. Regions of similar
geology may also get benefits from this study.

2. Background

2.1. Artificial Neural Networks. Artificial neural networks
(ANNs) are algorithms simulating the human neurons. .ey
are forms of artificial intelligence, which attempts to simulate
the networks of the nerve cell (neurons) of the biological central
nervous system [9]. An artificial neuron, also called a unit or
a node, takes several input connections (dendrites in the bi-
ological neuron) which are assigned certain weights (analogous
to synapses). .e unit then computes the sum of the weighted
inputs and applies an activation function (analogous to the cell
body in the biological neuron). .e result of the unit is then
passed on using the output connection (axon function) [10].

In the recent year, such intelligent expert systems have
been successfully applied in many fields of engineering,
among which, they have been extensively used for predicting
the compressive strength of blended cement-based concrete
[11–27]. It was proved that the ANN-based strength pre-
diction model could be successfully used to predict the
strength of concrete for various mix ingredients and at
different curing times. Bilim et al. [15] concluded in their
study that ANNs can be an alternative approach for predicting
compressive strength of ground-granulated blast furnace slag-
(GGBFS-) based concrete. Saridemir [16] has established
ANN models for predicting the compressive strength of
concretes containing metakaolin and silica fume developed
up to 180 days of curing. .e results have shown that ANNs

have a great ability for predicting the compressive strength of
metakaolin and silica fume-based concretes. Udhayakumar
et al. [17] concluded also that a neural network-based strength
model could be used successfully to find out the strength
development of fly ash-based concrete with the curing time.
Chithra et al. [18] have carried out a comparative study
between ANN and MLR for predicting the compressive
strength of concretes containing nanosilica and copper slag.
.e results have revealed that, in terms of the regression
coefficient R2 and MSE, ANN models have provided better
results than MLR. Other studies have used ANNs for pre-
dicting some durability-related properties of concrete [28–
35]. .ey concluded that ANN models could be used effec-
tively in predicting the concrete durability properties.

ANNs are able to model nonlinear relations between
a set of inputs and corresponding outputs. .e data set used
to develop the ANN models are divided into subsets
(i.e., training set, testing set, and validation set). .e present
paper deals with the prediction of the compressive strength,
water permeability, and porosity of concrete using ANNs.
MLR analysis has been used for comparison. .e predicted
concrete properties have been plotted versus the experi-
mental results obtained in the laboratory.

.e neural network uses the backpropagation (BP)
procedure..e backpropagation learning algorithm, designed
to train a feed-forward network, is an effective learning
technique used to exploit the regularities and exceptions in
the training sample [36, 37]. Backpropagation neural network
(BPNN) which will be used in this research can be considered
the most fundamental and widely used method among the
ANN methods. It generally consists of multiple layers: an
input layer, one or more hidden layers, and an output layer
Hidden layers may contain a large number of hidden neurons
(processing units). Activation propagation is forwarded from
the input layer toward the output layer, and then the algo-
rithm compares the network outputs with known targets as it
is a supervised learning algorithm and propagates the error
backward. Weights and biases are updated based on calcu-
lated errors in order to meet the target.

.e most common activation function is the sigmoid
function, which is a continuously differentiable function that
satisfies the relation, as follows [9]:

f αi(  �
1

1 + exp(−ai)
, (1)

where α is a constant used to control the slope of the
semilinear region [16].

.e activation function is applied to bind the network
input and output of the different layers to a specific range
that the network can efficiently handle. .e logistic sigmoid
activation function with a scaling range between 0 and 1 was
found to be the best settings for the present application.

By repeating the procedure described above until the
error is acceptably small or no marked improvement is
noted, the final output can be obtained [38].

2.2. Multiple Linear Regression. Multiple linear regression
(MLR) is a statistical method whose general purpose is to
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generate relationship between several independent variables
and a dependent variable [39]. In MLR, the predicted value
of a single dependent variable Y is a linear transformation of
one or more independent variables X such that the sum of
squared deviations of the observed and predicted Y is
a minimum. With five independent variables, as in the
present paper, the prediction of Y is expressed by the fol-
lowing formula:

Y � b0 + b1X1 + b2X2 + b3X3 + b4X4 + b5X5, (2)

where bi values are called regression weights and are cal-
culated in a way that minimizes the sum of squared de-
viations and Xi are the independent variables.

3. Materials and Methods

3.1. Experimental Part. Twenty-one concrete mixtures have
been prepared using VS-based cements of seven replacement
levels (0, 10, 15, 20, 25, 30, and 35%) and three w/b ratios of
0.5, 0.6, and 0.7. .e volcanic scoria was quarried from
southeast of Damascus (Figure 1)..e investigated properties
(i.e., compressive strength, water permeability, and concrete
porosity) were obtained after five curing ages (i.e., 2, 7, 28, 90,
and 180 days). .e compression test was conducted on
150mm cubic concrete specimens (Figures 2(a) and 2(b)) in
accordance with ISO 4012. Water permeability measured in
terms of depth of water penetration was carried out as per
standard EN 12390-8 (Figure 2(c)). Porosity measurements
were conducted using the vacuum saturation method in
accordance with RILEM CPC 11.3 [40]. Table 1 and Figure 3
summarize the chemical composition of the materials used in
the concretemix and the aggregate grading with their physical
properties. All of the experimental results were employed in
the prediction process using ANNs.

3.2. Network Architecture. Artificial neural network is
a powerful data-modeling tool that is able to capture and
represent complex input and output relationships. .e
design of the ANN model requires identifying the network
architecture (i.e., number of input neurons, output neurons,
hidden layers, and neurons in each hidden layers) and the
network settings (activation function and learning rate).
Artificial neural networks consist of at least three layers,
i.e., an input layer, one or more hidden layer/layers, and an
output layer. .ree ANN models have been established:
ANN1 for predicting the concrete compressive strength,
ANN2 for predicting the concrete water permeability, and
ANN3 for predicting the concrete porosity. .e adopted
network architecture consists of the following:

(i) Five neurons (Ni � 5) in the input layer, which
represent the variables of cement content (CC: kg),
volcanic scoria content (VC; kg), water content (W;
kg), superplasticizer content (SP; kg), and curing
time (t; day)

(ii) One neuron in the output layer, which represents
the value of the corresponding compressive strength
(MPa), water permeability (mm), or concrete po-
rosity (%).

(iii) One hidden layer with 16 or 15 neurons in ANN1
and ANN3 models, respectively, and two hidden
layers with 9 and 7 neurons in the ANN2 model.

Determining the optimum number of the hidden layer
neurons is an important issue in order to predict accurately
a characteristic using ANNs. .e choice of one or two
hidden layers is a common practice because of the ability of
these networks to approximate any nonlinear function and
map any unknown relationships between the input and
output variables. Four-layer ANNs (i.e., two hidden layers)
have superior fitting capabilities over three-layer ANNs
(i.e., one hidden layer); however, three-layer ANNs are
computationally faster and have better generalization ca-
pabilities [41, 42]. .at is why three- or four-layer ANNs
were selected for the present application.

No reasonable theory on how many hidden layer neu-
rons need to be employed for a particular problem has been
established. .us, the best approach to find the optimum
number of hidden neurons is to start with a fewer number of
neurons and then slightly increase the number of neurons.
In the current work, the network models were developed as
follows:

(i) ANN1 was built for predicting the compressive
strength. .e number of hidden neurons that was
selected is 16 (∼3Ni) [43] in one hidden layer. .e
learning rate and momentum were 0.6 and 0.3,
respectively. .is selection was made upon exper-
imenting all the possibilities of increasing hidden
neurons from 10 to 22, learning rate from 0.1 to 0.9,
and momentum from 0.1 to 0.9 for each. .e ex-
perimental data sets are 525, 314, and 316 samples
for compressive strength, water permeability, and
concrete porosity, respectively.

(ii) ANN2 was built for predicting the concrete water
permeability. .e number of hidden neurons that
was selected is 9 in the first hidden layer and 7 in the
second layer. .e learning rate and momentum
were 0.5 and 0.9, respectively. .is selection was
made upon experimenting all the possibilities of
increasing hidden neurons from 7 to 30 in one
hidden layer, learning rate from 0.1 to 0.9, and
momentum from 0.1 to 0.9 for each. .e experi-
mental data set is 314 samples.

(iii) ANN3 was built for predicting the concrete po-
rosity. .e number of hidden neurons that was
selected is 15 (�3Ni) in one hidden layer. .e
learning rate and momentum were 0.3 and 0.4,
respectively. .is selection was made upon exper-
imenting all the possibilities of increasing hidden
neurons from 7 to 22, learning rate from 0.1 to 0.9,
and momentum from 0.1 to 0.9 for each. .e ex-
perimental data set is 316 samples.

.e architecture of the ANN models is shown in
Figures 4–6. Levenberg–Marquardt backpropagation was
used as a training function and hyperbolic tangent sigmoid
was used as a transfer function. .e learning rate, which
identifies the amount of adjustments to connection weights
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during training, was determined based on the network
performance. .e learning rate and momentum were ad-
justed for each ANN to get the best performance. .e data
set was divided into three subsets as follows: 70% for
training, 15% for testing, and 15% for validating. .e

correlation coefficient (R) obtained for training, testing,
validating, and overall data for each ANN are shown in
Table 2.

.e artificial neural networks have been established
using MATLAB software, Neural Network Toolbox. .e
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Figure 1: Macrograph of (a) the investigated volcanic scoria and (b) the EDX analysis.

(a) (b) (c)

Figure 2: Photos of (a) the cubic concrete specimens, (b) the compression test, and (c) the water permeability set-up.

Table 1: Chemical composition of the ingredients used in the concrete mix.

Chemical composition (mass, %)
Materials

VS Clinker Gypsum Dolomitic aggregate Natural sand
SiO2 46.52 21.30 0.90 0.42 93.39
Al2O3 13.00 4.84 0.07 0.38 0.57
Fe2O3 11.40 3.99 0.10 0.10 0.24
CaO 10.10 65.05 32.23 31.40 1.70
CaOf — 2.1 — — —
MgO 9.11 1.81 0.20 20.46 0.20
SO3 0.27 0.25 45.29 0.18 1.15
Loss on ignition 2.58 — 21.15 46.48 2.52
Na2O 2.14 0.60 — 0.06 0.06
K2O 0.77 0.28 — 0.30 0.05
Cl− <0.1 0.05 — 0.021 0.017
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Figure 4: ANN1 model for predicting the compressive strength of VS-based concrete.
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Figure 3: Particle-size distribution of the aggregates with some physical properties.
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Figure 5: ANN2 model for predicting the water permeability of VS-based concrete.
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regression analysis has also been carried out using MATLAB
software.

.e validity of the constructed models was evaluated
using the following criteria:

(i) Root mean squared error (RMSE): the error that
arose during the training, testing, and validating in
ANN models can be evaluated by the RMSE, which
can be calculated using the following function:

RMSE �

�������������������������������������

1
n



n

i�1
(experimental value− predicted value)2




.

(3)

(ii) .e RMSE is used in evaluating the average vertical
distance between the data points and the corre-
sponding points on the fitting straight. When the
RMSE value is smaller, the ANN model is better.

(iii) Mean absolute percentage error (MAPE): the av-
erage of the absolute percentage error can be cal-
culated using the following function:

MAPE �
1
n


n

i�1

experimental value− predicted value
experimental value




⎛⎝ ⎞⎠ × 100%.

(4)

(iv) R-square coefficient (R2): the R-square coefficient is
the absolute fraction of variance of a model. R2 can
be calculated using the following function:

R
2

� 1−
sum of squares of residuals

sum of squares of predicted values
. (5)

When R2 is closer to 1, this means, there is a closer
relationship between output and targeted output.

(v) Durbin–Watson statistic (DW): this statistic crite-
rion is used to verify the existence of multi-
collinearity. It varies between 0 and 4..e acceptable
range of 1.5 to 2.5 indicates that the established
models are unaffected by problems related to
multicollinearity.

4. Results and Discussion

4.1. Compressive Strength Development. Results of the
compressive strength development test are plotted in
Figures 7–9. As expected, all concretes showed an increase in
strength with curing time. Concretes specimens containing
VS0 had higher compressive strengths at any curing time
compared to VS-based binder concretes. In addition, the
compressive strength of VS-based concretes decreased with
the volcanic scoria replacement level for all curing times. .is
could be explained by (i) the reduction of cement content in
the mix with the increase of VS content; i.e., the dilution effect
and (ii) the slowness of the pozzolanic reaction [40]. However,
due to the continuation of this reaction and the formation of
a secondary C-S-H, a greater degree of hydration was
achieved resulting in strengths after 90 and 180 days which
were comparable to those of VS0-based specimens [40].
Furthermore, the compressive strength decreased signifi-
cantly with the increase in w/b ratio.

4.2. Water Permeability and Concrete Porosity. Results of
water penetration depth and porosity tests are illustrated in
Figures 10 and 11, respectively, for all binder types, curing
age, and w/b ratios. Water penetration depth can be con-
sidered as an indication of permeable and impermeable
concrete. A depth of less than 50mm classifies the concrete
as impermeable and a depth of less than 30mm as imper-
meable under aggressive conditions [44]. None of concretes
even with w/b � 0.5 was found to be impermeable before 28
days of curing. However, concretes containing VS20 to VS35
can be considered as impermeable after 28 days of curing
and as impermeable under aggressive environments after 90
days of curing, according to Neville [44]. In addition, none
of concretes with w/b � 0.7 was found to be impermeable
under aggressive environments even after 180 days curing.
Porosity of all mixes decreased with curing time. Further-
more, porosity of the concretes containing binders with high

t
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W
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Po

Figure 6: ANN3 model for predicting the porosity of VS-based
concrete.

Table 2: Correlation coefficients (R) of artificial neural network
models.

ANN model
Correlation coefficient (R)

Training Testing Validating Overall
data

ANN1 (compressive
strength) 0.99976 0.99937 0.99953 0.99968

ANN2 (water
permeability) 0.99927 0.99732 0.99864 0.99891

ANN3 (porosity) 0.99972 0.99951 0.99873 0.99954
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replacement levels of VS demonstrated much lower porosity
as compared to the VS0-based concrete.

.e reduction in the water permeability and porosity
could be attributed to the pozzolanic reaction between the
glassy phase in volcanic scoria and the CH liberated from
hydration of C3S and C2S [40]. .is was also confirmed by
the SEM and EDX analysis.

4.3. Correlations between Compressive Strength and
Permeability-Related Properties. Some correlations between
compressive strength and each of water permeability and
porosity of the investigated concretes are plotted in

Figures 12 and 13. .ese correlations were calculated for the
entire population of test results. As shown in Figures 12 and
13, there are no reasonable relationships between the
compressive strength and each of permeability-related
properties of VS-based binder concrete. .is supports the
fact that strong concrete does not always ensure durable
concrete. For instance, VS25-based binder concrete has
lower compressive strengths, but higher water imperme-
ability compared to VS0-based binder concrete at almost all
curing times.

4.4. Correlations between Water Permeability and Porosity.
.e relationship between the water permeability and po-
rosity is given in Figure 14. Definite correlations with a re-
gression coefficient (R2) of 0.92 were observed between the
water permeability and porosity, such that one can be
predicted from the knowledge of the other. .e correlation
between the fitted parameters can be graded excellent when
R2 ≥ 0.85 [45]. Such similar relationship may need to be
developed for other types of concrete aggregates, different
volcanic scoria types, and other curing conditions.

4.5. ANNandMLRAnalysis. Figures 4–6 show the structure
of ANN models developed to predict the values of com-
pressive strength, water permeability, and porosity of VS-
based concrete..e calculated statistical values are tabulated
in Table 3. .e training has been carried out with 70% of the
samples. RMSE values of 0.3066, 1.9783, and 0.3129, MAPE
values of 1.2106, 2.6357, and 1.4998, and R2 values of 0.9999,
0.9995, and 0.9998 were obtained for prediction of the
compressive strength, the water permeability, and the
concrete porosity, respectively. .e testing has been carried
out with 15% of the samples. RMSE values of 0.3931, 2.4439,
and 0.4050, MAPE values of 1.5470, 4.8220, and 2.0528, and
R2 values of 0.9998, 0.9990, and 0.9997 were obtained for
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Figure 7: Development of compressive strength of VS-based
binder concretes with curing ages at w/b � 0.5.
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Figure 10: Water penetration depths of VS-based binder concretes of various w/b ratios cured for different times: (a) w/b � 0.5; (b) w/b �
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Figure 11: Continued.
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Figure 11: Porosity values of VS-based binder concretes of various w/b ratios cured for different times: (a) w/b � 0.5; (b) w/b � 0.6; (c) w/b � 0.7.
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Figure 13: Correlation between porosity and compressive strength of VS-based concretes.
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prediction of the compressive strength, the water perme-
ability, and the concrete porosity, respectively. .e valida-
tion has been carried out with also 15% of the samples.
RMSE values of 0.3899, 4.3322, and 0.4859 and R2 values of
0.9998, 0.9981, and 0.9995 were obtained for prediction of
the compressive strength, the water permeability, and the
concrete porosity, respectively. .e results mentioned above
show that training has given the best performance by
providing a very low MSE and R2 value very close to one.
Furthermore, testing and validation have given an excellent
performance by providing a very low RMSE and R2 value
approximately equal to one. In contrast to the ANN results
(Table 4), RMSE values of 6.11, 4.39, and 17.5, MAPE values
of 20.922, 52.3229, and 59.212, and R2 values of 0.748, 0.82,
and 0.829 were obtained by the MLR analysis for predicting
the compressive strength, the water permeability, and
concrete porosity, respectively. Furthermore, the obtained
DW values for ANN models were between 1.5 and 2.5,
consistent with the ideal range of values. However, the MLR
models had very lowDW values, which ranged from 0.026 to
0.157. .e DW values signify the incidence of null and
positive autocorrelation for ANN and MLR models,
respectively.

Figures 15–17 clearly show that the goodness-of-fit of the
ANN models is superior when compared to the MLR
models. In addition, the statistical values shown above
demonstrate that the prediction of the compressive strength,
water permeability, and porosity of VS-based concrete with
ANN models is highly accurate. .e results related to
compressive strength are in well agreement with those
obtained by Chithra et al. [18], Ferhat Bingol et al. [46], and
Saridemir [47]. However, as no or very little investigations
on the prediction of water permeability and porosity of
concretes containing natural pozzolans were found in the
literature, the results could be comparable with other

concrete durability-related properties, such as chloride ion
permeability [31] and sulfate attack [30].

Furthermore, it is worth mentioning that the accuracy of
ANN models in terms of RMSE, MAPE, R2, and DW can be
arranged in the following order: compressive strength⟶
concrete porosity⟶ water permeability. .e sequence in
MLR models is different from that in ANNs and can be
written as follows when R2 is taken into account: concrete
porosity⟶ water permeability⟶ compressive strength
and can be written as follows when RMSE and MAPE are
taken into account: compressive strength⟶ water per-
meability⟶ concrete porosity.

.e equations obtained by MLR analysis are as follows:

fc(MPa) � 0.1311 × t + 0.1631 × CC + 0.0768

× VC− 0.1509 × W− 0.0164 × SP,

WPD(mm) � −0.4772 × t− 0.2582 × CC− 0.4815

× VC + 0.9757 × W + 4.7588 × SP,

Po(%) � −0.0884 × t− 0.292 × CC− 0.359

× VC + 0.5724 × W + 5.9841 × SP,

(6)

where fc is the compressive strength (MPa), WPD is the
water penetration depth (mm), Po is the concrete porosity
(%), t is the curing time (day), CC is the cement content (kg),

P (%) = 6.3422e0.0124WPD

R2 = 0.9217
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Figure 14: Correlation between water permeability and porosity of VS-based concretes.

Table 3: Results obtained for ANN models.

Model
Training Testing Validating

R2 RMSE MAPE DW R2 RMSE MAPE DW R2 RMSE MAPE DW
ANN1 0.9999 0.3066 1.2106 1.7605 0.9998 0.3931 1.5470 1.9505 0.9998 0.3899 1.7307 1.6328
ANN2 0.9995 1.9783 2.6357 1.7003 0.9990 2.4439 4.8220 1.8094 0.9981 4.3322 4.7976 1.7467
ANN3 0.9998 0.3129 1.4998 1.5035 0.9997 0.4050 2.0528 1.9018 0.9995 0.4859 2.6921 1.6489
ANN1: compressive strength; ANN2: water permeability; ANN3: concrete porosity.

Table 4: Results obtained for MLR models.

Models
Evaluation criteria Number of data set

samplesR2 DW RMSE MAPE
MLR1 0.748 0.0259 6.11 20.922 367
MLR2 0.82 0.1566 4.39 52.3229 222
MLR3 0.829 0.1423 17.5 59.212 220
MLR1: compressive strength; MLR2: water permeability; MLR3: concrete
porosity.
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VC is the volcanic scoria content (kg), W is the water
content, and SP is the superplasticizer content.

4.6. SensitivityAnalysis ofANNModels. In order to assess the
relative importance of the input variables, sensitivity analysis
was conducted based on the Garson equation [48]. Garson
[48] proposed an equation based on the partitioning of
connection weights:

Ij �


m�Nh
m�1 wih

jm



/
Ni
k�1 wih

km


  × who

mn


 


k�Ni
k�1 

m�Nh
m�1 wih

km


/Ni

k�1 wih
km


  × who

mn


  

, (7)

where Ij is the relative importance of the jth input parameter
on the output; Ni and Nh are the numbers of input and
hidden neurons, respectively; w is connection weights; the
superscripts i, h, and o refer to input, hidden, and output
layers, respectively; and the subscripts k, m, and n refer to
input, hidden, and output neurons, respectively.

Table 5 shows the weights between input and hidden
layers (W1) and weights between hidden and output layers
(W2). Table 6 shows the relative importance of the input
parameters (curing time, cement content, VS content, water
content, and superplasticizer content). It can be noted that
all parameters have a strong effect on the investigated
properties.

As clearly seen in Table 5, curing time was found to be the
most influential parameter with a relative importance of
32.2%, 33.52%, and 51.80% for compressive strength, concrete

porosity, and water permeability, respectively. .e higher
relative importance of curing time can be attributed to the
significant effect of this parameter on the permeability-related
properties of concretes containing volcanic scoria as cement
replacement. As mentioned earlier, a significant gradual
improvement in permeability-related properties can be ob-
tained with an increase in curing time, particularly at ages ≥
28 days [38]. In addition, it is to be noted that other pa-
rameters have also considerable effects on the output values,
particularly those forming the “w/b” ratio, i.e., cement con-
tent, VS content, and water content.

4.7. Microstructural Investigation. Scanning electron mi-
crographs (SEM) of 7 day-, 28 day-, and 90 day-cured VS30-
based pastes are shown in Figure 18. Figure 18(a) clearly
shows a porous and noncompacted structure in seven day-
cured VS30-based paste. However, a denser structure can be
clearly observed after 28 and 90 days of curing (Figures 18(b)
and 18(c)). .is can be attributed to the continuation of the
cement hydration, and formation of cementitious phases,
such as (C-S-H) and (C-A-S-H) through the pozzolanic
reaction between the glassy phase in volcanic scoria and CH
released during the hydration of calcium silicates (C3S and
C2S) [49].

5. Conclusion

In this study, artificial neural networks were used for the
prediction of 2, 7, 28, 90, and 180 days compressive strength,

ANN model
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Linear (ANN model)
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Figure 17: Predicted concrete porosity versus experimental concrete porosity for models ANN1 and MLR1.
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water permeability, and porosity of concretes containing
volcanic scoria as cement replacement. MLR was also used
for comparison. Based on the results obtained, the following
conclusions can be drawn:

(1) Volcanic scoria may be more efficient in terms of its
contribution to one property rather than another
one. For example, volcanic scoria makes a significant

contribution to reducing permeability of concrete
despite the lower compressive strength.

(2) In terms of concrete durability, the binders con-
taining ≥ 25% VS were better than the control binder
and globally gave the best performance among all the
replacement levels. Consequently, a significant re-
duction in OPC consumption and greenhouse gas

(a) (b) (c)

Figure 18: SEM of (a) 7 day-cured VS30-based paste, (b) 28 day-cured VS30-based paste, and (c) 90 day-cured VS30-based paste.

Table 5: Weight matrix and weights between input and hidden layers (W1) and between hidden and output layers (W2) for the ANN1
model.

Neuron
W1 W2
Input

Output
Time (day) Cement content (kg) VS content (kg) Water content (kg) SP

1 −2.105944022 1.075228351 1.255199036 0.438755839 −0.030683697 1.279718465
2 0.144053427 −0.972020695 0.742996724 1.753640631 −1.340918263 −1.208902522
3 1.732934016 0.61985474 −1.155641212 −1.283690471 3.243864115 0.460723363
4 0.903445767 0.372764295 1.572839487 −0.87906307 1.904073089 0.705296001
5 0.938501968 −1.091473696 −2.116933639 −0.459056052 1.573936415 1.53887134
6 0.344253977 −0.597794971 0.779210827 1.235683476 2.059459437 0.961634634
7 −1.024890536 −1.466697926 −1.591821924 −1.081779779 1.829483202 0.698867474
8 −0.064928174 −1.591852569 1.716382139 1.62579402 −2.437814145 −0.331804241
9 −1.498209432 0.875620108 −0.423664145 −1.895854904 2.039710262 0.545700344
10 −0.233072918 −1.362387421 1.333842112 −1.465558 1.098041189 −0.562090401
11 −0.936088182 2.726784678 −1.120598625 −2.150579249 −0.530783246 0.108067552
12 −11.888422 0.182734218 0.268691589 0.167278196 0.141190095 −4.372180414
13 −0.214986128 −1.611586142 1.972556139 −1.4704395 1.201024837 −0.399869245
14 1.564288124 0.63694431 1.050612614 −0.532653652 0.778724302 0.192780767
15 0.430315807 −0.418860675 0.04929488 −0.345348435 −1.723849754 2.899735928
16 −0.007106844 −1.904352783 −1.119167674 1.319502798 0.223633621 2.309346307

Table 6: .e relative importance of input parameters.

Concrete property
Relative importance of the input parameters

Time (day) Cement content (kg) VS content (kg) Water content (kg) SP
Compressive strength 32.2% 16.2% 14.8% 14.9% 21.9%
Water permeability 33.52% 18.97% 20.74% 12.86% 13.92%
Porosity 51.80% 8.59% 11.64% 12.16% 15.81%
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emissions can be obtained. .erefore, incorporation
of more than 25% VS can be adopted in the design of
ecoconcrete.

(3) Incorporation of volcanic scoria in concrete has
significant effects on the properties of concrete,
particularly durability-related properties. .e water
penetration depth and the porosity of VS-based
cement concrete demonstrated better performance
as compared to plain concrete, especially at curing
age of 28 days and longer.

(4) A comparison between ANN and MLR methods
depicts that ANNs can be used to predict the in-
vestigated concrete properties, effectively.

(5) .e values predicted by ANNmodels are close to the
experimental results. Statistical values, such as
RMSE, MAPE, R2, and DW which are used to
evaluate the feasibility of the ANN and MLRmodels,
have demonstrated that ANNmodels are all accurate
methods for predicting the compressive strength,
water permeability, and porosity of VS-based con-
crete. .eir higher accuracy and applicability have
made them a desirable substitute for the conven-
tional regression methods. MLR models are less
accurate than the ANN ones. .erefore, by adopting
ANN models, there is no need to go through time-
consuming and costly laboratory tests to obtain the
investigated properties of VS-based concrete.

(6) Results have indicated that ANNmodels are not only
practical for predicting the compressive strength but
also highly efficient for predicting the water per-
meability and porosity of VS-based concrete.
Comparison between ANNmodels andMLRmodels
in terms of RMSE, MAPE, R2, and DW statistics
showed that ANNs provide better results than those
of MLR in prediction of all investigated properties.
For instance, R2 values of 0.748, 0.82, and 0.829 were
obtained by the MLR analysis for predicting the
compressive strength, the water permeability, and
concrete porosity, respectively, while these values, by
contrast, were close to one in all ANNs models.

(7) Sensitivity analysis showed that all studied param-
eters in this work (curing time, cement content, VS
content, water content, and superplasticizer content)
have considerable effects on the properties of con-
crete containing VS as cement replacement. How-
ever, curing time was found to be themost influential
parameter with relative importance of more than
30%.

(8) Investigating the volcanic scoria cones that have not
been exploited yet is highly recommended. In ad-
dition, making more sustainable and durable con-
crete using volcanic scoria is highly encouraged.
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Due to the lack of natural resources and environmental problems which have been appearing increasingly, low-carbon buildings
are more andmore involved in the construction industry..e selection of low-carbon supplier is a significant part in the process of
low-carbon building construction projects. In this paper, we propose a novel dynamic multicriteria decision-making approach for
low-carbon supplier selection in the process of low-carbon building construction projects to deal with these problems. First, the
paper establishes 5 main criteria and 17 subcriteria for low-carbon supplier selection in the process of low-carbon building
construction projects. .en, a method considering interaction between criteria and the influence of constructors subjective
preference and objective criteria information is proposed. It uses the basic concept and properties of the interval-valued triangular
fuzzy number intuitionistic fuzzy weighted Bonferroni means (IVTFNIFWBM) operators and the objective information entropy
and TOPSIS-based Euclidean distance to calculate the comprehensive evaluation results of potential low-carbon suppliers. .e
proposed method is much easier for constructors to select low-carbon supplier and make the localization of low-carbon supplier
more practical and accurate in the process of building construction projects. Finally, a case study about a low-carbon building
project is given to verify practicality and effectiveness of the proposed approach.

1. Introduction

Low-carbon building has been a popular research topic from
academic and industrial sectors in recent years. Buildings
play a central part in causing greenhouse gas (GHG)
emissions and account for nearly 70% of GHG emissions in
Hong Kong and up to 40% of total energy consumption [1].
.ese facts show that low-carbon building plays an im-
portant role in reducing the amount of GHG emissions.
Many countries have launched a series of measures to reduce
GHG emissions in the construction industry [2]. To cope
with pressure, it is a vital factor to select their suitable low-
carbon suppliers. Many factors should be taken into account
in the process of low-carbon supplier selection as a complex
multicriteria decision-making (MCDM) problem [3].
.erefore, it is critically important and necessary to study
low-carbon supplier selection in the process of low-carbon
building construction projects.

Many scholars have stressed the importance of selecting
suitable criteria in the process of low-carbon supplier se-
lection. Lee et al. [4] proposed 5 main criteria for supplier
selection, such as quality, technology capability, pollution
control, green products, and green competencies. Hsu et al.
[5] established 13 criteria of supplier selection with three
main criteria, such as planning, implementation, and
management. Kannan et al. [6] and Tsui and Wen [7]
thought low-carbon supplier selection should consider low-
carbon criteria in environmental aspects, such as waste
reduction, green technologies, and the usage of ecodesign.
Gurel et al. [8] established 8 main criteria that include cost,
delivery, quality, service, strategic alliance, and pollution
control. Chen et al. [9] proposed 20 criteria for supplier
selection and evaluation criteria with two dimensions
(economic criteria and environmental criteria). Yu et al. [10]
took the economic criteria and environmental criteria into
consideration during low-carbon supplier selection.
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Govindan and Sivakumar [11] took economics, operational
factors, and environmental criteria into consideration. Pang
et al. [12] proposed 4 main criteria including production and
service. However, most of them focus on low-carbon supply
chain management, and the research on the low-carbon
supplier selection in the process of low-carbon building
construction projects is fairly rare. Moreover, comparing
with the traditional low-carbon supplier selection criteria,
constructors must pay special attention to the environ-
mental capabilities, low-carbon building technologies, and
social factors for low-carbon supplier selection criteria in the
process of low-carbon building construction projects [13].
.is research takes these aspects into consideration, which
have been ignored in many studies such as an evaluation
criterion.

In recent years, extensive MADM methods have been
proposed for supplier selection. Govindan et al. [14] con-
cluded that the most frequently used method is AHP
(27.78%), followed by ANP (16.6%), DEA (11.1%), LP
(8.76%), TOPSIS (5.56%), and multiobjective optimization
(2.77%). In addition, many methods have been developed to
select suitable low-carbon supplier based on specific
methods that include fuzzy set theory [9, 12, 15, 16, 19],
genetic algorithm [17–19], structural equation modeling and
fuzzy logic [20], and artificial neural network [21, 22]. Hu
et al. [23] proposed a multicriteria group decision-making
method with 2-tuple linguistic assessments for low-carbon
supplier selection under a fuzzy uncertain information
environment. Qin et al. [24] developed a new TODIM
technique to select low-carbon supplier within the context of
interval type-2 fuzzy sets. Bakeshlou et al. [25] presented
a multiobjective hybrid fuzzy linear programming model for
low-carbon supplier selection problem.

However, most of these methods, which do not consider
interaction between criteria, can lead to irrational decision-
making of low-carbon supplier selection in the process of
low-carbon building construction projects. In fact, there is
always an interactive relationship between criteria of low-
carbon supplier selection, such as complementarity between
criteria, the redundancy of criteria, and preference relation
of criteria.

.e Bonferroni mean (BM) is a mean type aggregation
technique, which considers interaction between attributes
that makes it very useful in decision-making [26, 27]. .en,
many scholars proposed BM operator [26, 27], IFBM op-
erator [27, 28], IFGBM operator [26, 29, 30], and WIFBM
operator [31, 32]. Unfortunately, there still is a lack of further
theory and method research on the TFNIFN based on BM
operator. .erefore, this paper focuses on a dynamic mul-
tiattribute decision-making method with interval-valued
triangular fuzzy number intuitionistic fuzzy that considers
interaction between attributes.

In real life, past and current information should also be
considered when conducting dynamic decision-making, and
how to solve the problem of time sequences weight has be-
come the key to solving the dynamic decision-making
problem. Scholars, such as Wei [33], Park et al. [34], and
Yin et al. [35], have designed dynamic intuitionistic fuzzy
decision models of time dimension. At present, some of the

commonly used time sequence weights are as follows: the
arithmetic progression and geometric progression method
[36], the binomial distribution method [37], the normal
distributionmethod [38], the exponential distributionmethod
[39], and the time sequence ideal solution method [40, 41].
.ese methods provide a reference for solving the time se-
quence weights in dynamic multiattribute decision-making
problems, but their weights fully based on objective assign-
ment methods or decision maker’s subjective preference, and
did not consider to combine objective assignment methods
with decision maker’s subjective preference. In our paper, we
construct a comprehensive time weight while considering the
objective assignment information as well as subjective pref-
erence. In addition, dynamic stochastic multiattribute
decision-making problems possess a time dimension and an
attribute dimension, so determining attribute weights is
a prerequisite for assembling the attribute information re-
quired for the final decision-making result. Relevant scholars
have developed a variety of methods for successfully de-
termining attribute weight, Wei [42] has designed a new
method based on maximizing deviation and two-tuple, Chen
et al. [43] have obtained attribute weights by solving the grey
relation function of attribute information per the grey cor-
relation model, and Wang et al. [44] have proposed a method
by using hesitant fuzzy entropy. Finally, we provide a new
method of calculating the attribute weight by objective in-
formation entropy and TOPSIS-based Euclidean distance.

.e main contribution of this paper is developing a new
dynamic MADM that considers interaction between criteria
under time sequence for low-carbon supplier selection in the
process of low-carbon building construction projects. .e
new dynamic multiattribute decision-making method is
proposed with the interval-valued triangular fuzzy number
intuitionistic fuzzy weighted Bonferroni means (IVTF-
NIFWBM) operator that considers interaction between at-
tributes under time-sequence. .is method puts forward
some concepts of IVTFNIFWBM operator and proves that.
To calculate attribute weights, we introduce the objective
information entropy and TOPSIS-based Euclidean distance
and present a new weight calculation method of IVTF-
NIFWBM. Also, the method constructs a comprehensive
time weight while considering the objective assignment
information as well as subjective preference and can reflect
the process of dynamic decision-making more compre-
hensively and reasonable. .e proposed method has been
successfully implemented in case construction projects to
select the best low-carbon supplier. Besides, the developed
method can be widely used as a structural model for low-
carbon supplier selection in other industries.

.e structure of this paper is organized as follows. .e
proposed methodological framework for low-carbon sup-
plier evaluation and selection is presented in Section 2.
Section 3 establishes the criteria for low-carbon supplier
selection in the process of low-carbon building construction
projects. Section 4 draws some related concepts of the
proposed approach for low-carbon supplier selection. Sec-
tion 5 proposes a method that considers interaction between
criteria under time sequence based on IVTFNIFWBM op-
erator and comprehensive time sequence weighted
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calculation model and a new method of attribute weighted
based on the objective information entropy and TOPSIS-
based Euclidean distance for low-carbon supplier selection.
Section 6 provides a real case study that concerns low-
carbon supplier selection in the process of low-carbon
building construction projects. In Section 7, we end the
paper by summarizing the conclusions.

2. Methodological Framework for Low-Carbon
Supplier Evaluation and Selection

.e proposed framework for low-carbon supplier evaluation
and selection of low-carbon buildings is illustrated in Figure 1,
and it mainly consists of three stages. First, the low-carbon
supplier selection criteria in the process of low-carbon
building construction projects are identified from the com-
prehensive literature review, on-site investigation, and the
policy analysis according to the triple bottom line principle.
Various realistic features in supplier selection of low-carbon
building construction projects are considered. Second, the
validity of low-carbon supplier selection criteria is assessed by
senior purchasing experts and project managers with rich civil
industry experience, and then, we further modify the low-
carbon supplier selection criteria until the validity of criteria is
satisfactory according to the feedbacks of experts and project
managers. .en the experts and project managers evaluate
alternative low-carbon supplier. .e best alternative is se-
lected via the interval-valued triangular fuzzy multicriteria
decision-making model, which is mainly made up of four
procedures, including calculating attribute weight based on
Entropy-TOPSIS, calculating time weight based on time
degree and ideal solution, calculating information contents by
IVTFIFWBM operator, and evaluating and selecting the best
low-carbon supplier. .ese procedures of the fuzzy multi-
criteria decision-making model will be introduced in Section
5 in detail.

3. Low-Carbon Supplier Evaluation Criteria

For most projects, in the process of low-carbon building
construction, the successful implementation of a project
requires selecting low-carbon supplier that contributes to
the project objective. Low-carbon supply chain in the
construction industry is a functional network structure
model, which consists of main parts of construction in-
dustry, with building units as the core and logistics, capital
flow, information flow, and knowledge flow as the support in
the whole life cycle of building projects. In this section, we
will introduce the proposed criteria for low-carbon supplier
selection based on above reviews and the identified criteria.
We establish 5 main criteria and 17 subcriteria for
low-carbon supplier selection in the process of low-carbon
building construction projects (Table 1).

Low-carbon materials information is the basic point for
low-carbon supplier selection in the process of low-carbon
building construction projects. In building’s construction
process, projects demand different product types, such as
different types of concrete, steel, and templet, and product
structure to guarantee the successful completion of

construction projects. .erefore, low-carbon supplier selec-
tion in the process of low-carbon building construction
projects should focus on materials flexibility, efficiency, in-
formation, and other aspects of building materials. It is
particularly important to provide constructors with high
quality and inexpensive building materials or service, such as
payment terms, to meet the needs of constructor. In addition,
the low-carbon degree of building materials reflects its ability
of saving resources and reducing energy consumption, and the
higher the low-carbon degree is, the more application po-
tential the building materials will have in the future. Mean-
while, it also needs to improve service quality and user
experience and strengthens after sales service support.
.erefore, building materials information is mainly reflected
from four aspects: materials cost, low-carbon degree of ma-
terials, materials quality, and materials flexibility.

In the complex and changing market environment, the
competitiveness of low-carbon supply chain in the con-
struction industry depends on rapid response to the needs of
different product types and product structure in building’s
construction process. High level of low-carbon business op-
eration can contribute to reducing carbon emissions which can
be reflected by the level of low-carbon information sharing, the
cost control of transportation, and the supply chain man-
agement of construction industry. In addition, constructors
need to consider the financial capability to reduce the risk of
cooperation between constructors and its suppliers’ protection
for the successful completion of construction projects. Here,
we use level of low-carbon information sharing, low-carbon
logistics, financial capability, and emergency response capa-
bility to measure the supplier’s low-carbon business operation.

In the construction industry, the main purpose of
establishing low-carbon supply chain is to establish co-
operative alliance of construction industry, which can
reduce building materials’ cost and obtain more income in
projects. Cooperation potential is the premise of estab-
lishing strategic alliance, and strong cooperation intention
and long-time cooperation are the foundation of estab-
lishing strategic alliance. If constructors want to maintain
the long-term stability of low-carbon supply chain co-
operation, they should choose those suppliers who have
advanced management and desire of low-carbon cooperation
for development. We can measure potential for sustainable
cooperation from these four aspects: compatibility of low-
carbon culture, desire of low-carbon cooperation, enterprise
reputation, and low-carbon image.

Low-carbon culture can promote the implementation of
enterprise strategic objectives of sustainable development
virtually. If the low-carbon culture between partners cannot
be integrated, it means that it will lead to different values
between constructors and suppliers. .en, it may lead to
dispute on both sides of the fierce confrontation and even
relationship broken. Ecodesign of building materials can
reduce environmental pollution in the production process
and reduce carbon emissions. In addition, low-carbon
certifications reflect the environmental management capa-
bility of low-carbon supplier.

Low-carbon technology capability, which is used to
evaluate whether the low-carbon supplier meets the
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requirements of low-carbon building, is increasingly crucial
to successfully implement low-carbon building and attain
sustainability goals. Low-carbon building technologies are
incorporated into building design and construction to make
the end product sustainable. Low-carbon R&D innovation
include new launch of building materials and low-carbon
building technologies, and there are many different

low-carbon building technologies applicable in the whole
process of delivering building projects.

4. Preliminaries

Here, we introduce some basic concepts and terminologies
of intuitionistic fuzzy set (IFS), which will be used in the
proposed method. Its definition is introduced as follows:

Table 1: Criteria for low-carbon supplier selection in the process of low-carbon building construction projects.

Criteria Main criteria Subcriteria

Low-carbon supplier selection in
the process of low-carbon building
construction projects

C1: low-carbon materials information

C11: materials cost
C12: low-carbon degree of materials

C13: materials quality
C14: materials flexibility

C2: low-carbon business operation

C21: level of low-carbon information sharing
C22: low-carbon logistics
C23: financial capability

C24: emergency response capability

C3: potential for sustainable cooperation
C31: desire of low-carbon cooperation

C32: enterprise reputation
C33: low-carbon image

C4: low-carbon potential
C41: low-carbon certifications

C42: ecodesign of materials
C43: compatibility of low-carbon culture

C5: low-carbon technology capability
C51: low-carbon production

C52: waste materials reclamation
C53: low-carbon R&D innovation

Evaluating and selecting the best
low carbon supplier

Calculating information contents
by IVTFIFWBM operator

Calculating attribute
weight based on entropy-

TOPSIS

Calculating time weight
based on time degree and

ideal solution

Interval-valued triangular fuzzy multicriteria
decision-making model

Low carbon supplier
selection criteria

Literature
review

On-site
investigation

Policy
analysis

Project managers and experts evaluate
alternative suppliers through interval-valued

triangular fuzzy numbers

Figure 1: Methodological framework for low-carbon supplier evaluation and selection.
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Definition 1. Let A as an intuitionistic fuzzy set (IFS),
and A � 〈x, uA(x), vA(x)〉 x ∈ X with the condition
that [45]

uA : X⟶ [0, 1], x ∈ X⟶ uA(x) ∈ [0, 1],

vA : X⟶ [0, 1], x ∈ X⟶ uA(x) ∈ [0, 1],

0≤ uA(x) + vA(x)≤ 1, x ∈ X.

(1)

We can find that an IFS is constructed by two
information functions, which not only describe the
membership degree uA(x), but also describe the non-
membership degree vA(x). Moreover, the hesitancy in-
formation of x ∈ X can be denoted by πA(x) � 1−
uA(x)− vA(x) which is called the hesitant index, and
therefore IFS can describe the uncertainty and fuzziness
more objectively than the usual fuzzy set.

Definition 2. Zadeh first proposed the concept of triangular
fuzzy number [43]. Let X as a nonempty finite set. A tri-
angular fuzzy number intuitionistic fuzzy set (TFNIFS) A in
X is defined as X � 〈x, uA(x), vA(x)〉|x ∈ X , where uA �

[ul
A(x), um

A (x), uu
A(x)] and vA � [vl

A(x), vm
A (x), vu

A(x)] de-
note, respectively, membership and nonmembership of the
element x in X to A, and

0≤ u
u
A(x) + v

u
A(x)≤ 1, u

l
A(x)≥ 0, v

l
A(x)≥ 0. (2)

.en, we call ([ul
A(x), um

A (x), uu
A(x)], [vl

A(x), vm
A (x),

vu
A(x)]) as an IVTFNIFN, and it is also called as ([a,

b, c], [d, e, f]) [46].

Definition 3. Let α1 � ([a1, b1, c1], [d1, e1, f1]) and α2 �

([a2, b2, c2], [d2, e2, f2]) are two random IVTFNIFN, then

α1 ⊕ α2 � ( a1 + a2 − a1a2, b1 + b2 − b1b2, c1 + c2 − c1c2 ,

d1d2, e1e2, f1f2 ,

(3)

α1 ⊗ α2 �  a1a2, b1b2, c1c2 , d1 + d2 − d1d2, e1 + e2 − e1e2,

f1 + f2 −f1f2,

(4)

λα1 �  1− 1− a1( 
λ
, 1− 1− b1( 

λ
, 1− 1− c1( 

λ
 ,

d
λ
1, e

λ
1, f

λ
1 ,

(5)

α
λ
1 �  a

λ
1, b

λ
1, c

λ
1 , 1− 1− d1( 

λ
, 1− 1− e1( 

λ
,

1− 1−f1( 
λ
.

(6)

Definition 4. For any IVTFNIFN α � ([a, b, c], [d, e, f]),
the score of α can be evaluated by the score function S as
follows [47]:

S(α) �
a + 2b + c

4
−

d + 2e + f

4
, (7)

where S(α) ∈ [−1, 1].
And, an accuracy function is shown below:

H(α) �
a + 2b + c

4
2−

a + 2b + c

4
−

d + 2e + f

4
 . (8)

Definition 5. Suppose α1 and α2 are two IVTFNIFN [48], where

(1) If S(α1)≺ S(α2), then α1 ≺ α2
(2) If S(α1) � S(α2), and when H(α1)≺H(α2), then

α1 ≺ α2; when H(α1) � H(α2), then α1 � α2

5. The Proposed Approach for Low-Carbon
Suppliers Selection

5.1. Low-Carbon Suppliers Problem Description. To the
low-carbon supplier selection problem in the process of
low-carbon building construction projects, for which Si �

S1, S2, . . . , Sm (m≥ 2) is a discrete and feasible alterna-
tive solution set of low-carbon suppliers, Cj � C1,

C2, . . . , Cn}(n≥ 2) is the finite set of criteria for low-carbon
supplier selection in the process of low-carbon building
construction projects; w � (w1, w2, . . . , wn)T is a weight
vector, which satisfies 0≤wj ≤ 1, 

n
j�1wj � 1; and η(tk) �

(η(t1), η(t2), . . . , η(tψ))T is the time weight vector, where
0≤ η(tk)≤ 1 and 

ψ
k�1η(tk) � 1. .e value of criteria Cj, to

which solution Si is subject at moment tk, is denoted as
Xij(tk), which is subject to an interval-valued triangular
intuitionistic fuzzy, denoted as Xij(tk) ∼ ηij(tk) �

([aij(tk), bij(tk), cij(tk)], [dij(tk), eij(tk), fij(tk)]), forming
a matrix DXij(tk) � ([aij(tk), bij(tk), cij(tk)], [dij(tk), eij(tk),

fij(tk)])m×n based on ψ moment of criteria for low-carbon
supplier selection in the process of low-carbon building
construction projects. Low-carbon supplier selection
problems consist of multiple dimensions, such as supplier,
criteria, and time. Integration operator and determining
time sequence weight are important technologies to re-
duce dimensionality and solve low-carbon supplier se-
lection problem under interval-valued intuitionistic fuzzy
environment.

5.2. Interval-Valued Triangular Fuzzy Number Intuitionistic
Fuzzy Bonferroni Means Operator

Definition 6. Let p, q≥ 0, and ai(i � 1, 2, . . . , n) be a collec-
tion of nonnegative numbers [48]. If

B
p,q

a1, a2, . . . , an(  �
1

n(n− 1)


n

i,j�1
i≠j

a
p
i a

q
j

⎛⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎝

⎞⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎠

1/p+q

, (9)

then, Bp,q is called the Bonferroni mean (BM).

Definition 7. Let αi � ([ai, bi, ci], [di, ei, fi]) as a collection of
IVTFNIFNs. For any p, q≻0, if
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IVTFNIFBMp,q
α1, α2, . . . , αn(  � ⎛⎝

1
n(n− 1)

 ⊕
n

i,j�1
i≠j

α
p

i ⊗ α
q

j ⎞⎠

1/p+q

.

(10)

Theorem 1. Let p, q≻ 0, and αi � ([ai, bi, ci], [di, ei, fi]) as
a collection of positive IVTFNIFN. ;en, by using the
IVTFNIFBM, is also an IVTFNIFN, and

IVTFNIFBMp,q
α1, α2, . . . , αn(  � ([a, b, c], [d, e, f]),

a � 1− 

n

i,j�1
i≠j

1− a
p
i a

q
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,
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n
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1− b
p

i b
q
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,
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i c
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Proof. By operations (4) and (6), we have

αp
i � a

p
i , b

p
i , c

p
i , 1− 1−di( 

p
, 1− 1− ei( 

p
, 1− 1−fi( 

p
  ,

αq
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q
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q
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q
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q
, 1− 1− ej 

q
, 1− 1−fj 

q
  ,
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and then

αp
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q
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i c

q
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As following, we first prove that
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 , 

n

i,j�1
i≠j

1− 1− ei( 
p 1− ej 

q
 , 

n

i,j�1
i≠j

1− 1−fi( 
p 1−fj 

q
 

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

⎞⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎠
,

(14)
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by using mathematical induction on n as follows: (1) For n � 2, we have

⊕
2

i,j�1
i≠j

α
p

i ⊗ α
q

j  � αp
1 ⊗ α

q
2  ⊕ αp

2 ⊗ αq
1 

� 1− 1− a
p
1a

q
2  1− a

p
2a

q
1 , 1− 1− b

p
1b

q
2  1− b

p
2b

q
1 , 1− 1− c

p
1 c

q
2  1− c

p
2 c

q
1 ,

 1− 1−d1( 
p 1−d2( 

q
  1− 1− d2( 

p 1− d1( 
q

 , 1− 1− e1( 
p 1− e2( 

q
  1− 1− e2( 

p 1− e1( 
q

 ,

1− 1−f1( 
p 1−f2( 

q
  1− 1−f2( 

p 1−f1( 
q

 .

(15)

(2) If (14) holds for n � k, i.e., then, when n � k + 1, we
have

⊕
k+1

i,j�1
i≠j

αp

i ⊗ αq

j  � ⊕
k

i,j�1
i≠j

αp

i ⊗ αq

j 
⎛⎜⎜⎜⎜⎜⎜⎜⎝

⎞⎟⎟⎟⎟⎟⎟⎟⎠ ⊕ ⊕
k

i�1
αp

i ⊗ αq

k+1   ⊕ ⊕
k

j�1
αp

k+1 ⊗ αq

j  . (16)

Now, we prove that

⊕
k

i�1
αp

i ⊗ αq

k+1  � 1−
k

i�1
1− a

p
i a

q

k+1 , 1−
k

i�1
1− b

p
i b

q

k+1 , 1−
k

i�1
1− c

p
i c

q

k+1 ⎡⎣ ⎤⎦⎛⎝ ,



k

i�1
1− 1−di( 

p 1− dk+1( 
q

 , 
k

i�1
1− 1− ei( 

p 1− ek+1( 
q

 , 
k

i�1
1− 1−fi( 

p 1−fk+1( 
q

 ⎡⎣ ⎤⎦⎞⎠,

(17)

by using mathematical induction on k as follows. (1) For k � 2, then by (17), we have

αp

i ⊗ αq
2+1 � a

p

i a
q
2+1, b

p

i b
q
2+1, c

p

i c
q
2+1  , 1− 1− di( 

p 1− d2+1( 
q
, 1− 1− ei( 

p 1− e2+1( 
q
, 1− 1−fi( 

p 1−f2+1( 
q
 i � 1, 2, (18)

and thus

⊕
2

i�1
αp

i ⊗ αq
2+1  � αp

1 ⊗ αq
2+1  ⊕ αp

2 ⊗ αq
2+1 

� 1− 1− a
p
1a

q
2+1  1− a

p
2a

q
2+1  , 1− 1− b

p
1b

q
2+1  1− b

p
2b

q
2+1 , 1− 1− c

p
1 c

q
2+1  1− c

p
2 c

q
2+1 ,

1− 1−d1( 
p 1−d2+1( 

q
  1− 1− d2( 

p 1− d2+1( 
q

  , 1− 1− e1( 
p 1− e2+1( 

q
  1− 1− e2( 

p 1− e2+1( 
q

 ,

1− 1−f1( 
p 1−f2+1( 

q
  1− 1−f2( 

p 1−f2+1( 
q

 .

(19)

(2) If (17) holds for k � k0, i.e., then, when k � k0 + 1, we
have

Advances in Civil Engineering 7



⊕
k0+1

i�1
αp

i ⊗ αq

k0+2  � ⊕
k0

i�1
αp

i ⊗ αq

k0+1  ⊕ αp

k0+1 ⊗ αq

k0+2 

� 1− 

k0

i�1
1− a

p
i a

q

k0+1 ⎛⎝ ⎞⎠ 1− a
p

k0+1a
q

k0+2 ⎡⎢⎢⎣⎛⎝ , 1− 

k0

i�1
1− b

p
i b

q

k0+1 ⎛⎝ ⎞⎠ 1− b
p

k0+1b
q

k0+2 , 1− 

k0

i�1
1− c

p
i c

q

k0+1 ⎛⎝ ⎞⎠ 1− c
p

k0+1c
q

k0+2 ⎤⎥⎥⎦,



k0

i�1
1− 1− di( 

p 1− dk0+1 
q

  1− 1− dk0+1 
p
1− dk0+2 

q
 ⎡⎢⎣ ,



k0

i�1
1− 1− ei( 

p 1− ek0+1 
q

  1− 1− ek0+1 
p
1− ek0+2 

q
 ,



k0

i�1
1− 1−fi( 

p 1−fk0+1 
q

  1− 1−fk0+1 
p
1−fk0+2 

q
 ⎤⎥⎦⎞⎠

� 1− 

k0+1

i�1
1− a

p
i a

q

k+1 , 1− 

k0+1

i�1
1− b

p
i b

q

k+1 , 1− 

k0+1

i�1
1− c

p
i c

q

k+1 ⎡⎢⎣ ⎤⎥⎦⎛⎝ ,



k0+1

i�1
1− 1− di( 

p 1− dk+1( 
q

 ⎡⎢⎣ , 

k0+1

i�1
1− 1− ei( 

p 1− ek+1( 
q

 , 

k0+1

i�1
1− 1−fi( 

p 1−fk+1( 
q

 ⎤⎥⎦⎞⎠,

(20)

i.e., (17) holds for k � k0 + 1; thus, (17) holds for all k. Similarly, we can Prove that

⊕
k

j�1
αp

k+1 ⊗ αq

j  � 1−
k

j�1
1− a

p

k+1a
q

j , 1−
k

j�1
1− b

p

k+1b
q

j , 1−
k

j�1
1− c

p

k+1c
q

j ⎡⎢⎢⎣ ⎤⎥⎥⎦⎛⎝ ,


k

j�1
1− 1−dk+1( 

p 1− dj 
q

 , 
k

j�1
1− 1− ek+1( 

p 1− ej 
q

 , 
k

j�1
1− 1−fk+1( 

p 1−fj 
q

 ⎡⎢⎢⎣ ⎤⎥⎥⎦⎞⎠.

(21)

.us, by (16), (17), and (21), we further transform (16) as

⊕
k+1

i,j�1
i≠j

αp

i ⊗ αq

j  � ⊕
k

i,j�1
i≠j

αp

i ⊗ αq

j 
⎛⎜⎜⎜⎜⎜⎜⎜⎝

⎞⎟⎟⎟⎟⎟⎟⎟⎠ ⊕ ⊕
k

i�1
αp

i ⊗ αq

k+1   ⊕ ⊕
k

j�1
αp

k+1 ⊗ αq

j  

� 1− 
k

i,j�1
i≠j

1− a
p
i a

q
j , 1− 

k

i,j�1
i≠j

1− b
p
i b

q
j , 1− 

k

i,j�1
i≠j

1− c
p
i c

q
j 

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

⎛⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎝
,



k

i,j�1
i≠j

1− 1− di( 
p 1− dj 

q
 , 

k

i,j�1
i≠j

1− 1− ei( 
p 1− ej 

q
 , 

k

i,j�1
i≠j

1− 1−fi( 
p 1−fj 

q
 

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

⎞⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎠

⊕ 1− 

k0+1

i�1
1− a

p

i a
q

k+1 ⎛⎝ ⎞⎠⎡⎢⎢⎣⎛⎝ , 1− 

k0+1

i�1
1− b

p

i b
q

k+1 ⎛⎝ ⎞⎠, 1− 

k0+1

i�1
1− c

p

i c
q

k+1 ⎛⎝ ⎞⎠⎤⎥⎥⎦,



k0+1

i�1
1− 1− di( 

p 1− dk+1( 
q

 ,⎡⎢⎣ 

k0+1

i�1
1− 1− ei( 

p 1− ek+1( 
q

 ,



k0+1

i�1
1− 1−fi( 

p 1−fk+1( 
q

 ⎤⎥⎦⎞⎠ ⊕ 1−

k

j�1
1− a

p

k+1a
q

j , 1−
k

j�1
1− b

p

k+1b
q

j , 1−
k

j�1
1− c

p

k+1c
q

j ⎡⎢⎢⎣ ⎤⎥⎥⎦⎛⎝ ,



k

j�1
1− 1− dk+1( 

p 1− dj 
q

 , 
k

j�1
1− 1− ek+1( 

p 1− ej 
q

 , 
k

j�1
1− 1−fk+1( 

p 1−fj 
q

 ⎡⎢⎢⎣ ⎤⎥⎥⎦⎞⎠

� 1− 
k+1

i,j�1
i≠j

1− a
p

i a
q

j 
⎛⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎝

⎞⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎠

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

⎛⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎝
, 1− 

k+1

i,j�1
i≠j

1− b
p

i b
q

j 
⎛⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎝

⎞⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎠
, 1− 

k+1

i,j�1
i≠j

1− c
p

i c
q

j 
⎛⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎝

⎞⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎠

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦
,



k+1

i,j�1
i≠j

1− 1− di( 
p 1− dj 

q
 ,

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣


k+1

i,j�1
i≠j

1− 1− ei( 
p 1− ej 

q
 , 

k+1

i,j�1
i≠j

1− 1−fi( 
p 1−fj 

q
 

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

⎞⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎠
,

(22)
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i.e., (14) holds for n � k + 1. .us, (14) holds for all n. .en, by operations (5) and (6), we get

1
n(n− 1)

⊕
n

i,j�1
i≠j

αp

i ⊗ α
q

j 
⎛⎜⎜⎜⎜⎜⎜⎜⎝

⎞⎟⎟⎟⎟⎟⎟⎟⎠

1/p+q

� ([a, b, c], [d, e, f]),

a � 1− 
n

i,j�1
i≠j

1− a
p
i a

q
j 

1/n(n−1)⎛⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎝

⎞⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎠

1/p+q

,

b � 1− 
n

i,j�1
i≠j

1− b
p
i b

q
j 

1/n(n−1)⎛⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎝

⎞⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎠

1/p+q

,

c � 1− 
n

i,j�1
i≠j

1− c
p

i c
q

j 
1/n(n−1)⎛⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎝

⎞⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎠

1/p+q

,

d � 1− 1− 

n

i,j�1
i≠j

1− 1− di( 
p 1− dj 

q
 

1/n(n−1)⎛⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎝

⎞⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎠

1/p+q

,

e � 1− 1− 
n

i,j�1
i≠j

1− 1− ei( 
p 1− ej 

q
 

1/n(n−1)⎛⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎝

⎞⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎠

1/p+q

,

f � 1− 1− 
n

i,j�1
i≠j

1− 1−fi( 
p 1−fj 

q
 

1/n(n−1)⎛⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎝

⎞⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎠

1/p+q

,

(23)

which completes the proof of .eorem 1.
Based on the studies above, we can look at some

properties of IVTFNIFBM as below:

(1) Idempotency: if αi � ([ai, bi, ci], [di, ei, fi]) � α �

([a, b, c], [d, e, f]), for all i, then

IVTFNIFNp,q
α1, α2, . . . , αn(  � IVTFNIFNp,q

(α, α, . . . , α) � α.

(24)

(2) Commutativity: let (α1, α2, . . . , αn) as a positive
collection of IVTFNIFN, then

IVTFNIFNp,q
α1, α2, . . . , αn(  � IVTFNIFNp,q

α.
1, α.

2, . . . , α.
n( ,

(25)

where (α.
1, α.

2, . . . , α.
n) is any permutation of

(α1, α2, . . . , αn).

(3) Monotonicity: let αi � ([ai, bi, ci], [di, ei, fi])(i �

1, 2, . . . , n) and αΔi � ([αi,
bi, ci], [di, ei,

fi]) are two
positive collections of IVTFNIFN; if, ai ≥ αi, bi ≥
bi, ci ≥ci, di ≤ di, ei ≤ ei, fi ≤ fi, for all i, then

IVTFNIFNp,q
α1, α2, . . . , αn( ≥ IVTFNIFNp,q

αΔ1 , αΔ2 , . . . , αΔn .

(26)

(4) Boundedness: let αi � ([ai, bi, ci], [di, ei, fi])(i � 1,

2, . . . , n) as a positive collection of IVTFNIFN, then

α− ≤ IVTFNIFBMp,q
α1, α2, . . . , αn( ≤ α+

,

α− � min ai
i

,min bi
i

,min ci
i

 , min di
i

,min ei
i

,minfi
i

  ,

α+
� max ai

i

,max bi
i

,max ci
i

 , max di
i

,max ei
i

,maxfi
i

  .

(27)

.e TFNIFWBM considers the interaction between
criteria for low-carbon supplier selection in the process
of low-carbon building construction projects, but they
have different levels of importance in low-carbon sup-
plier selection. .erefore, we first propose IVTFNIFBM
operator.
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In the aforementioned analysis, we consider the attribute
interrelationships, which are important. However, in many
practical situations, we should take into account the weights
of the data. So, we first define an IVTFNIFBM operator.

Definition 8. Let αi � ([ai, bi, ci], [di, ei, fi]) as a posi-
tive collection of IVTFNIFN. w � (w1, w2, . . . , wn)T is the
weight vector of αi(i � 1, 2, . . . , n), where wi ≥ 0 and


n
i�1wi � 1. If

IVTFNIFBMp,q
w α1, α2, . . . , αn(  �

1
n(n− 1)

⊕
n

i,j�1
i≠j

wiα
p
i  ⊗ wjαq

j  
⎛⎜⎜⎜⎜⎜⎜⎜⎝

⎞⎟⎟⎟⎟⎟⎟⎟⎠
⎛⎜⎜⎜⎜⎜⎜⎜⎝

⎞⎟⎟⎟⎟⎟⎟⎟⎠

1/p+q

. (28)

.en IVTFNIFNp,q
w is called the interval-valued tri-

angular fuzzy number intuitionistic fuzzy weighted Bon-
ferroni mean (IVTFNIFWBM).

Similar to .eorem 1, we have .eorem 2.

Theorem 2. Let αi � ([ai, bi, ci], [di, ei, fi])(i � 1, 2, . . . , n)

be a positive collection of IVTFNIFN. w � (w1, w2, . . . , wn)T

is the weight vector of αi(i � 1, 2, . . . , n), where wi ≥ 0 and


n
i�1wi � 1.;en, the aggregated value, by using the IVTF-

NIFWBM, is also an IVTFNIFN, and

IVTFNIFWBMp,q
α1, α2, . . . , αn(  � ( a

⌢
, b

⌢

, c
⌢

, d
⌢

, e
⌢

, f
⌢

.

(29)

;en

a
⌢

� 1− 
n

i,j�1
i≠j

1− wiai( 
p

wjaj 
q

 
1/n(n−1)⎛⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎝

⎞⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎠

1/p+q

,

b
⌢

� 1− 
n

i,j�1
i≠j

1− wibi( 
p

wjbj 
q

 
1/n(n−1)⎛⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎝

⎞⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎠

1/p+q

,

c
⌢

� 1− 
n

i,j�1
i≠j

1− wici( 
p

wjcj 
q

 
1/n(n−1)⎛⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎝

⎞⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎠

1/p+q

,

d
⌢

� 1− 1− 
n

i,j�1
i≠j

1− 1−widi( 
p 1−wjdj 

q
 

1/n(n−1)⎛⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎝

⎞⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎠

1/p+q

,

e
⌢

� 1− 1− 
n

i,j�1
i≠j

1− 1−wiei( 
p 1−wjej 

q
 

1/n(n−1)⎛⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎝

⎞⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎠

1/p+q

,

f
⌢

� 1− 1− 
n

i,j�1
i≠j

1− 1−wifi( 
p 1−wjfj 

q
 

1/n(n−1)⎛⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎝

⎞⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎠

1/p+q

.

(30)

;eorem 2 can be proved by mathematical induction; in
a similar way, we can prove that IVTFNIFWBM operator also
has idempotency, commutativity, monotonicity, and bounded-
ness features, and the detailed proof procedures are omitted here.

5.3. Time Weight Based on Time Degree and Ideal Solution

Definition 9. Supposing η(tk) � (η(t1), η(t2), . . . , η(tk))T

represents time sequence weight vector, where η(tk) rep-
resents the weight of kth time period, and η(tk) ∈ [0, 1],


ψ
k�1η(tk) � 1, time sequence weight indicates the attention-

attaching degree on different time periods in decision-
making process.

Information entropy can reflect the uptake degree of
time weight vector against information quantity; the greater
the entropy is, the less the information quantity it contains.
.erefore, based on maximum entropy principle, we solve
the time weight of time degree and information entropy and
set up a nonlinear programming model as follows:

max I � −

ψ

k�1
η tk( ln η tk( ,

s.t. λ � 

ψ

k�1

ψ − k

ψ − 1
η tk( , 

ψ

k�1
η tk(  � 1, η tk(  ∈ [0, 1].

⎧⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎩

(31)

When λ gets closer to 0, indicating decision-maker at-
taches more preference to recent information of time series;
when λ gets closer to 1, indicating decision-maker attaches
more preference to forward information of time series. We
solve this model by Lingo.11 software and acquire the time
sequence weight vector.

Definition 10. Based on the Definition 8, when we consider
the equilibrium of time preference of decision makers in
different time periods, we can determine time weight based
on an objective function of maximization closeness degree to
ideal solution with subjective time preference. We denote
η(tk)+ as positive ideal time weight, and negative ideal time
weight is denoted by η(tk)−.

Let the distance between the two time weight vectors
η( tk) �(η( t1),η( t2), . . . ,η( tψ))T and η( tk) �(η( t1),η( t2), . . . ,

η( tψ))T be

d η tk( , η tk( (  �

����������������



ψ

k�1
η tk( − η tk( ( 

2




. (32)

.en the distances between a time weight vector η(tk) �

(η(t1), η(t2), . . . , η(tk))T and positive and negative ideal
time weight vectors respectively are
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d η tk( , η tk( 
+

(  �

��������������������



ψ−1

k�1
η tk( 

2
+ 1− η tψ  

2




,

d η tk( , η tk( 
−

(  �

�������������������

1− η t1( ( 
2

+ 

ψ

k�2
η tk( 

2




.

(33)

.e relative closeness degree between time weight vector
η(tk) and ideal time weight vector η(tk)+ can be obtained:

c η tk( , η tk( 
+

(  �
d η tk( , η tk( 

−
( 

d η tk( , η tk( 
+

(  + d η tk( , η tk( 
−

( 
.

(34)

.en, based on time degree and ideal solution, con-
structing a nonlinear programming model is as follows:

max c η tk( , η tk( 
+

(  �

���������������������

1− η t1( ( 
2

+ 
ψ
k�2η tk( 

2


���������������������

1− η t1( ( 
2

+ 
ψ
k�2η tk( 

2


+

���������������������


ψ−1
k�1η tk( 

2
+ 1− η tψ  

2
 ,

s.t. λ � 

ψ

k�1

ψ − k

ψ − 1
η tk( , 

ψ

k�1
η tk(  � 1, η tk(  ∈ [0, 1], k � 1, 2, . . . ,ψ.

⎧⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎩

(35)

Based on the thought of “stress the present rather than
the past”, the more recent information can fully reflect the
characteristics of decision-making attributes, and it would
be more effective for decision-making evaluation results. We
solve this model by Lingo.11 software and acquire the time
sequence weight vector.

Based on (31) and (35), this paper constructs a com-
prehensive time weight while considering the uptake
ability of time weight against information as well as the
effectiveness of recent decision-making information, as
follows:

max R � l

���������������������

1− η t1( ( 
2

+ 
ψ
k�2η tk( 

2


���������������������

1− η t1( ( 
2

+ 
ψ
k�2η tk( 

2


+

���������������������


ψ−1
k�1η tk( 

2
+ 1− η tψ  

2
 +(1− l) −

ψ

k�1
η tk( ln η tk( ⎛⎝ ⎞⎠,

s.t. λ � 

ψ

k�1

ψ − k

ψ − 1
η tk( , 

ψ

k�1
η tk(  � 1, η tk(  ∈ [0, 1], k � 1, 2, . . . ,ψ,

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎩

(36)

where l is an adjustable coefficient, l ∈ [0, 1], if l is close to 0,
it is the sign that decision makers are more inclined to the
time weight based on objective information-driven, and
when the l is close to 1, the decision makers are more
emphasized on time weight based on subjective preference
information. We also solve this model by Lingo.11 software
and acquire the time sequence weight vector.

5.4. ;e Weight of Attribute Based on Entropy-TOPSIS

Definition 11. Let α � (ai, bi, ci) and β � (ai,
bi, ci) are two

collections of IVTFNIFNs, then the distances between α
and β is

D(α, β) �

�����������������������������
1
3

ai − ai( 
2

+ bi − bi 
2

+ ci −ci( 
2

 



. (37)

Based on the decision-making situations of uncertainty,
multicriteria, and finite case, we let. A � (A1, A2, . . . , An) as
n alternatives, C � (C1, C2, . . . , Cn) as a collection of attri-
butes. w � (w1, w2, . . . , wn)T is the weight vector of C, where
wi ≥ 0 and 

n
i�1wi � 1.

If the performance of the alternative Ai with respect to
the attributes Cj is measured by an IVTFNIFNs, all
IVTFNIFNs are contained in an intuitionistic fuzzy decision
D � (dij)n×m.

Definition 12. If d∗j � (dj,
dj, d

⌢

j) is an ideal performance
values of attributes, there are, generally, benefit criteria and
cost criteria.

When the performance values of the benefit type,
then dj � max

i

dij, dj � max
i

dij, d
⌢

j � max
i

d
⌢

ij.
When the performance values of the cost type, then

dj � min
i

dij, dj � min
i

dij, d
⌢

j � min
i

d
⌢

ij.
In general, the alternatives have a small difference in the

performance value of attributes, namely, the attributes have
a small influence on a multiple attribute decision-making
problem. Conversely, the more the difference, the more the
effect. .erefore, the larger the performance value of at-
tributes deviation, the larger the attributes weight. We can
learn from the entropy that the lower the entropy is, the
more the information quantity it contains.

Due to the limit of entropy, we need to acquire stan-
dardized decision-making matrix by (37) and get a distance
between the attributes and the ideal attributes.
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Steps of the weight of attribute are provided as follows:
First, constructing the ideal performance values of at-

tributes by Definition 11 based on the IVTFNIFN. Next,
calculating the distance from each attributes and ideal at-
tributes via Formula (37). .en, we can construct a distance
matrix R1 � (rij)n×m, R2 � (rij)n×m where we use
r∗ij � rij/

m
i�1rij, then conduct standardization on IVTF-

NIFN distance matrix R∗1 � (r∗ij)n×m and R∗2 � (r∗ij)n×m. Fi-
nally, calculating the weight of attributes
C � (C1, C2, . . . , Cn).

ej � −
n

i�1
r
∗
ij × ln r

∗
ij /ln n,

w
1
j �

1− e1j


m
j�1 1− e1j 

(j � 1, 2, . . . , m),

w
2
j �

1− e2j


m
j�1 1− e2j 

(j � 1, 2, . . . , m),

wj �
�����
w1

jw2
j


(j � 1, 2, . . . , m).

(38)

We can know the final comprehensive weight,
wj(j � 1, 2, 3, . . . , m).

5.5. Steps of Low-Carbon Supplier Selection in the Process of
Low-Carbon Building Construction Projects. According
to the calculation process of the above model for low-
carbon supplier selection in the process of low-carbon
building construction projects, the calculation steps are as
follows.

Step 1. .e original information matrix DXij(tk) � ([aij(tk),

bij(tk), cij(tk)], [dij(tk), eij(tk), fij(tk)])m×n of low-carbon
supplier selection is given by our project collaborators who
are construction project managers, practitioners, and in-
dustry experts, based on the different ψ moments.

Step 2. Based on the main criteria of low-carbon supplier
selection for constructor in Table 1, we form information
matrix for criteria and calculate the criteria weight set w �

(w1, w2, . . . , wn)T according to Formulas (37) and (38).
.en, we calculate the time sequence weight set η(tk) �

(η(t1), η(t2), . . . , η(tψ))T according to Formula (36) by
solving the model via Lingo 11.0 software.

Step 3. Utilizing the IVTFIFWBM operator to aggregate
the criteria information of low-carbon supplier selection
based on the criteria weight which is calculated in Step 2.
.en, we need to aggregate all individual criteria in-
formation Cj potential low-carbon suppliers into a col-
lective criteria information matrix DXij(tk)

′ � ([aij
′ (tk),

bij
′ (tk), cij
′ (tk)], [dij

′ (tk), eij
′ (tk), fij

′ (tk)])m×n according to
Formula (23).

Step 4. Gathering the information of time dimension of low-
carbon supplier selection based on the time sequence weight

set η(tk) � (η(t1), η(t2), . . . , η(tψ))T. .en, we create the
comprehensive decision information matrix D″Xi

� ([a″i ,

b″i , c″i ], [d″i , e″i , f″i ])m×1 via Formula (29) for the single di-
mension to potential low-carbon suppliers Si.

Step 5. Finally, selecting the best low-carbon supplier in the
process of low-carbon building construction projects
based on ranking value Li � (L1, L2, . . . , Li) and further
determining the priority sequence of low-carbon supplier
Si(i � 1, 2, . . . , m).

6. Case Study

6.1. Case Company Background. According to the above
analysis, the proposed method is applied on the case of the
housing construction project entity in the construction
industry to solve low-carbon supplier selection problem.

Company HFG, founded in 1986, is a builder enterprise,
which has special qualifications for construction, located in
Tai Yuan, a city of Shan Xi Province in China. HFG’s
business scope involves housing construction general con-
tracting, infrastructure construction, real estate investment,
engineering design, and other fields in the major cities. HFG
will be committed to green housing technology development
and practice, with product innovation and the provision of
low-carbon building products as the development goal. For
builder HFG, one of the important issues is how to reduce
carbon emissions of construction projects to enhance low-
carbon competitiveness and profit. In this circumstances,
HFG needs to select its low-carbon supplier from a large
number of suppliers in the process of low-carbon building
construction projects.

As builder HFG has some experience accumulation in
the supplier selection, it is still a difficult problem forHFG to
select its best low-carbon supplier from these potential
suppliers in the process of low-carbon building construction
projects. On the one hand, builder H has established a cri-
terion, which is not appropriate to use it to select low-carbon
supplier. It did not establish the criteria for the low-carbon
supplier selection in the process of low-carbon building
construction projects. On the other hand, builder HFG not
only has to nondimensionalize the criteria to previous
supplier selection, but alsomore focus on the single period of
decision criteria information, and even if HFG considers
multiple timings during supplier selection, it may still lead to
subjectivity and objectivity in the time weight. Moreover, the
selection method is very difficult for builder HFG to deal
with qualitative criteria in the process of low-carbon supplier
selection.

6.2. Application of the Proposed Criteria and Method. To
builder HFG, the proposed criteria and method is suitable
to be used to select low-carbon supplier in the process of
low-carbon building construction projects, because the
managers and practitioner’s understanding of the weights
of criteria for low-carbon supplier selection is in the fuzzy
state in builder HFG. In addition, expert scoring method
which is usually used to select traditional supplier in their
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construction projects makes the proposed criteria and
method more realistic and practical.

For the moment, builder HFG is required to purchase
a batch of rebar for a low-carbon building in Tai Yuan. After
the primary selection of steel production enterprises, there
are four enterprises Si � S1, S2, S3, S4  to enter the final
selection. Builder H needs to select its steel supplier from 4
main low-carbon suppliers by the proposed criteria and
method. .erefore, H’s 15 managers, practitioners, and
experts are asked to determine the criteria of low-carbon
supplier selection to construction projects based on the
preliminary list of criteria compiled including literature
review about low-carbon supplier selection and the builder
H’s actual situation. It can be seen in Table 1 including 5
main criteria and 17 subcriteria. Moreover, they select the
time sequence set of different historical periods for nearly
three years, tk � (t1, t2, t3), for the previously mentioned
potential low-carbon suppliers. For the sake of simplicity, we
only give out the calculation for the 5 main criteria. .e
evaluated values of 4 main suppliers which are given by 15
managers, practitioners, and experts are listed in Tables 2–4.

Based on the original evaluation criteria information
matrix of low-carbon supplier selection which only includes
supplier S1, supplier S2, supplier S3, and supplier S4 in the
process of low-carbon building construction projects, per
Step 2, according to Formulas (37) and (38), the criteria
weight is shown in Table 5. .e time degree parameter
λ � 0.3, and the discrete time weight vector is solved via
Step 2 and Lingo 11.0 software. η(tk) � (η(t1), η(t2),

η(t3))
T � (0.582, 0.236, 0.182).

Based on the criteria weight vector w � (w1, w2, w3,

w4, w5), per Step 3, the five criteria were assembled into
a collective the criteria information of low-carbon supplier
selection matrix from 3 periods of time. Comprehensive
criteria making information of each potential low-carbon
suppliers were assembled from different moment, per Step
4, forming comprehensive selection information matrix for
the target single dimension; in the end, the value of each
potentiallow-carbon suppliers for the construction project
was determined based on Step 5 and is shown in Tables 6–8.

.us, the low-carbon supplier, who will provide the
batch of rebar for the low-carbon building in Tai Yuan, is
determined to S1. Based on the evaluation and selection
above, supplier S1 is recommended as builder HFG’s best
low-carbon supplier. In fact, builder HFG has given priority
to supplier S1, who provides the batch of rebar for the low-
carbon building in Tai Yuan, according to the results. In

addition, supplier S3 is recommended as the reserved low-
carbon supplier. HFG’s low-carbon housing technology
development and practice will improve its competitiveness
and profitability in the construction industry based on the
concept of continuous improvement.

7. Conclusions

.ere has been broad consensus on carbon emissions re-
duction around the world. Low-carbon building not only
can bring a healthier and more comfortable living envi-
ronment, but also can reduce carbon emissions in the
construction industry. For constructors, using low-carbon
building materials for construction and sustainable devel-
opment of the environment is particularly important.
In addition, GSCM has become an inevitable choice for
constructors to cope with the pressure from the government
and the market. .erefore, it is one of the most important
factors to select low-carbon supplier in the process of low-
carbon building construction projects.

In this paper, we propose a dynamic multiattribute
decision-making approach with interval-valued triangular
fuzzy numbers intuitionistic fuzzy for low-carbon supplier
selection in the process of low-carbon building construction
projects. According to the demand of constructors in the
process of low-carbon building construction projects, 5
main criteria and 17 subcriteria are established for low-
carbon supplier selection in the construction industry. .e
proposed method considers interaction between criteria of
low-carbon supplier selection and the influence of con-
structors’ subjective preference and objective criteria in-
formation. .e evaluated values of potential low-carbon
suppliers are given by managers, practitioners, and experts.
.e proposed criteria andmethod are suitable to use to select
low-carbon supplier in the process of low-carbon building
construction projects because the managers and practi-
tioner’s understanding of the weights of criteria for low-
carbon supplier selection are in the intuitionistic fuzzy due
to the nature of unquantifiable and incomplete information
in low-carbon supplier selection. In addition, expert scoring
method, which is usually used to select traditional supplier in
their construction projects, makes the proposed criteria and
method more realistic and practical. .e proposed criteria
and method have been successfully implemented in a case
construction project to select the best low-carbon supplier. It
not only is much easier for constructors to select low-carbon
supplier, but also can make the localization of low-carbon

Table 2: Original evaluation criteria information matrix at the moment t1.

C1 C2 C3 C4 C5

S1
([0.6,0.7,0.8],
[0.1,0.2,0.3])

([0.5,0.6,0.6],
[0.2,0.2,0.2])

([0.1,0.1,0.4],
[0.2,0.2,0.5])

([0.6,0.7,0.7],
[0.1,0.2,0.3])

([0.7,0.8,0.9],
[0.1,0.1,0.1])

S2
([0.2,0.3,0.4],
[0.4,0.5,0.5])

([0.4,0.4,0.5],
[0.4,0.4,0.5])

([0.1,0.2,0.2],
[0.6,0.7,0.8])

([0.3,0.4,0.5],
[0.2,0.2,0.3])

([0.5,0.6,0.7],
[0.2,0.2,0.3])

S3
([0.4,0.5,0.6],
[0.1,0.2,0.2])

([0.3,0.4,0.5],
[0.3,0.4,0.4])

([0.2,0.3,0.4],
[0.5,0.6,0.6])

([0.6,0.7,0.8],
[0.1,0.2,0.2])

([0.7,0.7,0.7],
[0.1,0.2,0.2])

S4
([0.6,0.6,0.7],
[0.2,0.2,0.2])

([0.4,0.5,0.6],
[0.2,0.2,0.3])

([0.6,0.6,0.7],
[0.1,0.1,0.1])

([0.4,0.5,0.5],
[0.1,0.2,0.3])

([0.2,0.3,0.4],
[0.5,0.6,0.6])
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supplier more practical and more accurate in the con-
struction industry. Finally, low-carbon supplier selection of
builderHFG for a low-carbon building in Tai Yuan is studied
to verify the scientificity and feasibility of the proposed
criteria and method. .e result shows that this criteria and
method are of effectiveness and practicality of low-carbon
supplier selection in the process of low-carbon building
construction projects. Also, it can be mentioned that the

proposed model can be easily extended to analyze other
management decision problems as a structural model.

.is study has some limitations that warrant future re-
search attention. .e attribute weight method based on the
Entropy-TOPSIS model in this paper is only an objective as-
signment method. A comprehensive attribute weight method
considering the objective assignment information and sub-
jective preferences of decision makers should be studied in the
future. Moreover, evaluation criteria information cannot be

Table 3: Original evaluation criteria information matrix at the moment t2.

C1 C2 C3 C4 C5

S1
([0.2,0.3,0.4],
[0.3,0.4,0.4])

([0.5,0.6,0.7],
[0.2,0.2,0.2])

([0.5,0.5,0.6],
[0.1,0.2,0.5])

([0.6,0.7,0.7],
[0.1,0.2,0.3])

([0.4,0.5,0.6],
[0.1,0.1,0.1])

S2
([0.3,0.4,0.5],
[0.1,0.2,0.3])

([0.4,0.5,0.5],
[0.1,0.2,0.2])

([0.3,0.4,0.5],
[0.1,0.2,0.3])

([0.4,0.5,0.6],
[0.2,0.2,0.3])

([0.6,0.6,0.7],
[0.1,0.2,0.2])

S3
([0.4,0.5,0.6],
[0.1,0.2,0.2])

([0.7,0.7,0.7],
[0.1,0.1,0.1])

([0.4,0.5,0.5],
[0.1,0.2,0.3])

([0.6,0.7,0.8],
[0.1,0.2,0.2])

([0.3,0.4,0.5],
[0.2,0.3,0.3])

S4
([0.6,0.6,0.7],
[0.1,0.1,0.1])

([0.4,0.5,0.6],
[0.2,0.2,0.3])

([0.6,0.6,0.7],
[0.1,0.1,0.1])

([0.2,0.3,0.3],
[0.3,0.4,0.5])

([0.2,0.3,0.4],
[0.5,0.6,0.6])

Table 4: Original evaluation criteria information matrix at the moment t3.

C1 C2 C3 C4 C5

S1
([0.6,0.7,0.8],
[0.1,0.2,0.2])

([0.8,0.9,0.9],
[0.1,0.1,0.1])

([0.2,0.3,0.4],
[0.3,0.4,0.5])

([0.7,0.8,0.9],
[0.1,0.1,0.1])

([0.4,0.5,0.6],
[0.2,0.3,0.4])

S2
([0.8,0.8,0.9],
[0.1,0.1,0.1])

([0.7,0.7,0.8],
[0.2,0.2,0.2])

([0.7,0.7,0.8],
[0.1,0.2,0.2])

([0.4,0.5,0.6],
[0.2,0.2,0.3])

([0.5,0.6,0.7],
[0.1,0.2,0.2])

S3
([0.4,0.5,0.6],
[0.1,0.2,0.2])

([0.4,0.5,0.5],
[0.2,0.3,0.4])

([0.4,0.5,0.5],
[0.1,0.2,0.3])

([0.7,0.7,0.8],
[0.1,0.1,0.1])

([0.4,0.6,0.7],
[0.2,0.3,0.3])

S4
([0.3,0.4,0.5],
[0.1,0.1,0.3])

([0.4,0.5,0.6],
[0.2,0.2,0.3])

([0.6,0.6,0.7],
[0.1,0.1,0.1])

([0.4,0.5,0.7],
[0.1,0.2,0.3])

([0.1,0.2,0.3],
[0.5,0.6,0.6])

Table 5: .e criteria weight.

C1 C2 C3 C4 C5

t1 0.199 0.192 0.208 0.201 0.200
t2 0.217 0.225 0.162 0.185 0.211
t3 0.086 0.288 0.107 0.183 0.336

Table 6: .e comprehensive evaluation value under the different l.

Comprehensive evaluation value
l� 0.2
S1 ([0.008,0.185,0.213], [0.439,0.452,0.469])
S2 ([0.007,0.154,0.180], [0.458,0.471,0.482])
S3 ([0.008,0.177,0.199], [0.444,0.466,0.469])
S4 ([0.007,0.152,0.180], [0.457,0.465,0.475])
l� 0.5
S1 ([0.008,0.185,0.213], [0.438,0.451,0.468])
S2 ([0.007,0.153,0.179], [0.458,0.471,0.482])
S3 ([0.008,0.176,0.197], [0.444,0.466,0.469])
S4 ([0.007,0.150,0.179], [0.456,0.464,0.475])
l� 0.8
S1 ([0.008,0.181,0.208], [0.436,0.449,0.465])
S2 ([0.006,0.150,0.175], [0.458,0.470,0.480])
S3 ([0.007,0.170,0.190], [0.443,0.465,0.468])
S4 ([0.006,0.144,0.172], [0.453,0.462,0.473])

Table 7: .e comprehensive evaluation value under the fully
objective/subjective information.

Comprehensive evaluation value
l� 0
S1 ([0.008,0.189,0.215], [0.440,0.453,0.466])
S2 ([0.007,0.169,0.196], [0.444,0.459,0.468])
S3 ([0.008,0.180,0.200], [0.439,0.461,0.466])
S4 ([0.006,0.146,0.177], [0.456,0.465,0.477])
l� 1
S1 ([0.008,0.174,0.197], [0.436,0.449,0.461])
S2 ([0.007,0.158,0.183], [0.437,0.453,0.461])
S3 ([0.007,0.166,0.184], [0.434,0.455,0.461])
S4 ([0.006,0.132,0.161], [0.452,0.461,0.473])

Table 8: .e value of each potential low-carbon suppliers and the
rank results comparison for the construction project.

Si Ranking result
l� 0 (−0.303, −0.322, −0.315, −0.347) S1>S3>S2>S4
l� 1 (−0.311, −0.325, −0.321, −0.354) S1>S3>S2>S4
l� 0.2 (−0.305, −0.347, −0.321, −0.343) S1>S3>S4>S2
l� 0.5 (−0.304, −0.348, −0.322, −0.343) S1>S3>S4>S2
l� 0.8 (−0.305, −0.349, −0.326, −0.346) S1>S3>S4>S2
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effectively reflected by using IVTFNs under uncertain linguistic
environment. For further study, we will extend the proposed
method in this paper with linguistic intuitionistic fuzzy number
and prospect theory in other civil engineering fields.
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Pozzolanic concrete has superior properties, such as high strength and workability.-e precise proportioning andmodeling of the
concrete mixture are important when considering its applications. -ere have been many efforts to develop computer-aided
approaches for pozzolanic concrete mix design, such as artificial neural network- (ANN-) based approaches, but these approaches
have proven to be somewhat difficult in practical engineering applications. -is study develops a two-step computer-aided
approach for pozzolanic concrete mix design. -e first step is establishing a dataset of pozzolanic concrete mixture proportioning
which conforms to American Concrete Institute code, consisting of experimental data collected from the literature as well as
numerical data generated by computer program. In this step, ANNs are employed to establish the prediction models of
compressive strength and the slump of the concrete. Sensitivity analysis of the ANN is used to evaluate the effect of inputs on the
output of the ANN.-e two ANNmodels are tested using data of experimental specimens made in laboratory for twelve different
mixtures. -e second step is classifying the dataset of pozzolanic concrete mixture proportioning. A classification method is
utilized to categorize the dataset into 360 classes based on compressive strength, pozzolanic admixture replacement rate, and
material cost.-us, one can easily obtain mix solutions based on these factors.-e results show that the proposed computer-aided
approach is convenient for pozzolanic concrete mix design and practical for engineering applications.

1. Introduction

Concrete plays an important role in the growing con-
struction industry. Presently, various types of by-product
materials, such as fly ash, silica fume, rice husk ash, and
others have been widely used as pozzolanic materials in
concrete. Studies [1–4] have shown that utilization of
pozzolanic material not only improves concrete properties
(such as strength and durability) but also helps to preserve
the environment. Moreover, superplasticizers play a crucial
role in the development of high strength and high-
performance concrete. Superplasticizers are admixtures
which are added to concrete mixture in very small dosages.
-eir addition results in a significant increase in the

workability of the mixture, as well as a reduction of
water/cement ratio and of cement quantity [5].

Several researchers have looked into the characteristic
parameters that affect the compressive strength and slump
of conventional and high-strength concrete [6–8]. -ese
parameters typically include water, cement, coarse aggre-
gate, and fine aggregate. Conventional methods initially
involve constructing a mathematical model, which is fol-
lowed by a regression analysis using experimental data to
determine unknown coefficients in that model and es-
tablish correlations between these parameters and com-
pressive strength and slump. Conventional methods
generally include complex modeling and are inappropriate
where experimental data are imprecise and parameters
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affecting compressive strength and slump are incomplete in
the experimental data.

Artificial neural networks (ANNs) were originally de-
veloped to simulate the function of the human brain or
neural system. Subsequently, they have been widely applied
to diverse fields, ranging from biology to many engineering
fields. ANNs exhibit a number of desirable properties not
found in conventional symbolic computation systems, in-
cluding robust performance when dealing with noisy or
incomplete input patterns, a high degree of fault tolerance,
high parallel computation rates, the ability to generalize, and
adaptive learning [9–11]. ANNs are capable of modeling
input-output functional relations, even when mathemati-
cally explicit formulas are unavailable. -erefore, ANNs are
suitable for prediction of compressive strength and slump of
concrete. Accordingly, the feasibility of applying ANNs to
predict compressive strength and slump of concrete has
received considerable attention. Yeh [12] investigated the
potential of using design of experiments and ANNs to
determine the effect of fly ash replacements on early and late
compressive strength of low- and high-strength concrete.
Yeh [13] further demonstrated the possibilities of adapting
ANNs to predict the compressive strength of high-
performance concrete. Kasperkiewics et al. [14] applied
ANNs to predict the 28-day compressive strength of high-
performance concrete composed of six components (ce-
ment, silica, superplasticizer, water, fine aggregate, and
coarse aggregate). Lee [15] used ANNs to predict the
compressive strength development of concrete. Bai et al. [16]
developed neural network models to predict the workability
of concrete incorporating metakaolin and fly ash. Duan et al.
[17] applied ANNs to predict the compressive strength of
recycled aggregate concrete. Ni and Wang [18] developed
a method to predict 28-day compressive strength of concrete
by using ANNs based on the inadequacy of methods dealing
with multiple variable and nonlinear problems.

In light of the above developments, this study develops
a two-step computer-aided approach for pozzolanic con-
crete mix design. -e first step is establishing the dataset of
pozzolanic concrete mixture proportioning which conform
to American Concrete Institute (ACI) code. -e dataset
consists of experimental data collected from the literature
and numerical data generated by computer program. In this
step, ANNs are employed to establish the prediction models
of compressive strength and slump of concrete. Sensitivity
analysis of the ANN is used to evaluate the effect of inputs on
the output of the ANN. -e two ANN models are tested
using data of experimental specimens made in laboratory for
twelve different mixtures. -e second step is classifying the
dataset of pozzolanic concrete mixture proportioning. A
classification method is utilized to categorize the dataset into
360 classes based on compressive strength of concrete,
pozzolanic admixture replacement rate, and cost of the
concrete.

2. Artificial Neural Networks

ANNs form a class of systems that are inspired by biological
neural networks. -e topology of an ANN model consists of

a number of simple processing elements, called nodes, which
are interconnected to each other. Interconnection weights
that represent the information stored in the system are used
to quantify the strength of the interconnections; these
weights hold the key to the functioning of an ANN.

2.1. Back-Propagation Neural Networks. Among the many
different types of ANN, by far the most commonly applied
neural network learning model, due to its simplicity, is the
feedforward, multilayered, supervised neural network with
error back-propagation algorithm, the so-called back-
propagation (BP) network [11]. Before an ANN can be
used in an application, it must either learn or be trained from
an existing database consisting of pairs of input-output
patterns. -e topology of BP networks consists of an in-
put layer, one or more hidden layers, and an output layer.
-e training of a supervised neural network usually involves
three stages. -e first stage is the data feedforward. -e
output of each node is defined as follows:

netj � 
n

i�1
WijOi + θj,

Oj � f netj ,

(1)

where Wij is the weight associated with the ith node in the
preceding layer to the jth node in the current layer; Oi is the
output of ith node in the preceding layer; θj is the threshold
value of node j in the current layer; Oj is the output of node j
in the current layer; and function f is the activation function,
which has to be differentiable. Herein, the hyperbolic tan-
gent function is used as the activation function and is defined
as follows:

f(x) �
ex − e−x

ex + e−x
. (2)

-e second stage is error back-propagation and ad-
justment of the network weights. -e training process ap-
plies mean square error (E), the absolute fraction of variance
(R2), and sum of the squares error (SSE), to monitor the
learning performance of the network. E, R2, and SSE are
defined, respectively, as

E �
1
P



P

p�1


K

k�1
dpk − opk 

2
,

R
2

� 1−


P
p�1

K
k�1 dpk − opk 

2


P
p�1

K
k�1 opk 

2 ,

SSE � 
P

p�1


K

k�1
dpk − opk 

2
,

(3)

where P denotes the number of instances in the training set,
while dpk and opk represent the desired and calculated
output of the kth output node for the pth instance, re-
spectively. -e standard BP algorithm employs a gradient
descent approach with a constant step length (learning ratio)
to train the network.
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Wij,k+1 � Wij,k + ΔWij,

ΔWij � −η
zE

zWij

,
(4)

where η is the learning ratio, which is a constant in the
range of [0, 1]. -e suffix index k denotes the kth learning
iteration. Unfortunately, BP supervised neural network
learning models require a significant amount of time to
learn. Moreover, the convergence of a BP neural network is
highly dependent upon the use of a learning rate (η).
Consequently, several different approaches are developed
here to enhance the learning performance of the BP
learning algorithm [10].

Hung and Lin [19] developed a more effective adaptive
limited memory Broyden–Fletcher–Goldfarb–Shanno (L-
BFGS) learning algorithm based on the approach of
a L-BFGS quasi-Newton second-order method [20, 21] with
an inexact line search algorithm. -is algorithm achieved
a superior convergence rate to the BP learning algorithm by
using second-order derivatives of the system error function
with respect to the network weights. In the conventional
BFGS method, the approximation Hk+1 to the inverse
Hessian matrix of function E(W) is updated by

Hk+1 � I− ρksky
T
k Hk I− ρkyks

T
k  + ρksks

T
k

≡ VT
kHkVk + ρksks

T
k ,

(5)

where

ρk �
1

yT
k sk

,

Vk � I− ρkyks
T
k ,

sk � Wk+1 −Wk,

yk � gk+1 − gk,

gk �
zE

zW
.

(6)

Instead of forming the matrixHkwith the BFGSmethod,
the vectors sk and yk are saved. -ese vectors first define and
then implicitly and dynamically update the Hessian ap-
proximation using information from the last few iterations,
referred to here as m. -erefore, the final stage of the ad-
justment of the weights in a BP-based ANN is modified as
follows:

Wk+1 � Wk + αkdk. (7)

-e search direction is given by

dk � −Hkgk + βkdk−1, (8)

where

βk �
yT

(k− 1)H(k−1)g(k−1)

yT
(k− 1)d(k−1)

. (9)

-e step length, αk, is adapted during the learning
process through a mathematical approach: the inexact line
search algorithm. -is approach is used in the L-BFGS
learning algorithm instead of a constant learning ratio [19].
-e inexact line search algorithm is based on three se-
quential approaches: bracketing, sectioning, and in-
terpolation. -e bracketing approach brackets the potential
step length, α, between two points, through a series of
function evaluations. -e sectioning approach then uses the
two points of the bracket as the initial points, reducing the
step size, and locating the minimum between points, such as,
α1 and α2, to a specified degree of accuracy. Finally, the
quadratic interpolation approach uses the three points, α1,
α2, and (α1 + α2)/2, to fit a parabola to determine the step
length, αk. Consequently, the step length αk must satisfy the
following conditions in each iteration [19]:

E Wk + αkdk( ≤E Wk(  + βαk ∇E Wk( 
Tdk 

β ∈ (0, 1) and αk > 0,

∇E Wk + αkdk( 
Tdk ≥ θ ∇E Wk( 

Tdk 

θ ∈ (β, 1) and αk > 0,

∇E Wk + αkdk( 
Td(k+1) < 0.

(10)

-e problem of selecting a learning ratio through trial
and error in the BP algorithm is thus circumvented in the
adaptive L-BFGS learning algorithm.

2.2. Architectures of ANN Models. -e ANN models, com-
pressive strength prediction neural network (CSPNN) and
slump prediction neural network (SPNN), are used in this
study for prediction of the 28-day compressive strength
(abbreviated below as compressive strength) and slump of
pozzolanic concrete, respectively. -e architectures of the
CSPNN and SPNN are illustrated in Figure 1. Both CSPNN
and SPNN developed in this study have seven neurons in the
input layer and one neuron in the output layer.-e inputs of
both CSPNN and SPNN are water, cement, ground gran-
ulated blast furnace slag (GGBFS), fly ash, coarse aggregate
(CA), fine aggregate (FA), and superplasticizer (SP). -e
outputs of CSPNN and SPNN are compressive strength (fc′)
and slump (S), respectively. Table 1 shows the minimum and
maximum values of the seven input parameters used in
CSPNN and SPNN.

2.3. Sensitivity Analysis. Cybenko [22] and Funahashai [23]
rigorously demonstrated that even with only one hidden
layer, neural networks can uniformly approximate any
continuous function. Although neural networks can find
a relationship between the input and output values in-
ternally, it is not always easy to interpret the resulting weight
state.-us, the effect of one input parameter on the output is
difficult to analyze. Alternatively, it is possible to compute
the sensitivity of the output value with respect to one of its
inputs by taking the first-order partial derivative [24, 25].
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If there is a network with n hidden layers, the output of
the kth node in the output layer is defined as follows:

Ok � f netok( ,

netok � 
j

Whnj,okHnj + θok, (11)

where Hnj is the output of the jth node in the nth hidden
layer, θok is the threshold value of the kth node in the output
layer, Whnj,ok is the weight associated with the jth node in the
nth hidden layer to the kth node in the output layer, and
function f is the activation function.

-e first-order partial derivative of the kth output with
respect to ith input D1

ki can be derived as follows:

D
1
ki �

zOk

zXi

� 
jn

, . . . , 
j1

Whnjn,okf′ netok( , . . . , Wxi,h1j1f′ neth1j1 ,

(12)

where Wxi,h1j1 is the weight associated with the ith node in
the input layer to the j1th node in the first hidden layer and
Whnjn,ok is the weight associated with the jnth node in the
nth hidden layer to the kth node in the output layer.
Equation (12) indicates that D1

ki is a function of weights,
threshold value, and the first-order derivative of the acti-
vation function (or a function of weights, threshold values,
and training instances). Since D1

ki is a function of training
instances, generally, the mean of D1

ki for the entire training
instances can be used to describe the nominal value of the

sensitivity of the kth output parameter with respect to the
ith input parameter. -e mean of D1

ki for the entire training
instances is

D
1
ki �

1
P



P

p�1
D

1
ki,p, (13)

where D1
ki,p is the value of D1

ki of the pth training instance,
and P is the total number of training instances. In fact, D

1
ki

can represent the correlation between the kth output pa-
rameter and the ith input parameter. A positive (negative)
value of D

1
ki represents a positive (negative) correlation. -e

absolute value of D
1
ki represents the strength of the corre-

lation. A larger absolute value of D
1
ki represents a stronger

correlation. Absolute values of D
1
ki near zero indicate little or

no correlation.

3. Proposed Approach for Pozzolanic Concrete
Mix Design

-is study develops a computer-aided approach for poz-
zolanic concrete mix design. -is approach is suitable for
designing a mix of pozzolanic concrete with compressive
strength, fc′, from 210 kgf/cm2 to 980 kgf/cm2 and slump, S,
equal to 20 cm. As shown in Figure 2, this approach involves
two steps. -e first step is establishing the dataset of poz-
zolanic concrete mixture proportioning that conform to ACI
code, consisting of experimental data collected from liter-
ature and numerical data generated by computer program.
-e second step is classifying the dataset of pozzolanic
concrete mixture proportioning. A classification method is
utilized to categorize data into 360 clusters according to
compressive strength of concrete, pozzolanic admixtures
replacement rate, and material cost. -e following presents
the details of the proposed approach.

3.1. Establishing the Dataset of Pozzolanic Concrete Mixture
Proportioning. As shown in Figure 2, the process of
establishing the dataset of pozzolanic concrete mixture
proportioning is listed as follows:

(1) Collecting experimental data of pozzolanic concrete
mixture proportioning from the literature [3, 26–38].

Water

Cement

Ground granulated
blast furnace slag

Fly ash

Coarse aggregate

Fine aggregate

Superplasticizer

Compressive
strength

(a)

Water

Cement

Ground granulated
blast furnace slag

Fly ash

Coarse aggregate

Fine aggregate

Superplasticizer

Slump

(b)

Figure 1: -e architectures of (a) CSPNN and (b) SPNN.

Table 1: Range of input parameters of CSPNN and SPNN in
dataset.

Input parameters Range (kg/m3)
Water 125≤Water≤ 240
Cement 110≤Cement≤ 500
GGBFS 0≤GGBFS≤ 300
Fly ash 0≤ fly ash≤ 300
CA CA≥ 450
FA FA≥ 450
SP SP< 2% (cement + pozzolanic admixtures)
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(2) Generating numerical data of pozzolanic concrete
mixture proportioning since the collected experi-
mental data may be insufficient. Before generating
numerical data, the ranges of material contents (as
listed in Table 1) are set based on collected experi-
mental data of pozzolanic concrete mixture pro-
portioning and ACI code for pozzolanic concrete mix
design (as listed in Tables 2–8) [39]. Numerical data of
pozzolanic concrete mixture proportioning are then
generated randomly using the ACImix designmethod
for pozzolanic concrete (as shown in Figure 3).

(3) Using a portion of collected experimental data of
pozzolanic concrete mixture proportioning to train
CSPNN and SPNN. -e effect of input parameters
on the output is evaluated by sensitivity analysis. -e
prediction accuracy of CSPNN and SPNN is tested
using the remainder of the collected experimental

data and data from experimental specimens made in
our laboratory for twelve different mixtures.

(4) Using trained CSPNN and SPNN to predict com-
pressive strength and slump of experimental and
numerical data, respectively. Data that satisfy the
following conditions are kept in the dataset.

210 kgf/cm2 ≤fc,CSPNN′ ≤ 980 kgf/cm2
,

20 + 3.8 cm≤ SSPNN ≤ 20− 3.8 cm,
(14)

where fc,CSPNN′ and SSPNN are compressive strength and
slump predicted by CSPNN and SPNN, respectively. -e
reasons for this are (1) this approach is suitable for mixing
design of pozzolanic concrete with compressive strength, fc′,
from 210 kgf/cm2 to 980 kgf/cm2 and slump, S, equal to 20 cm,
and (2) the allowable data range width of slump in Taiwan is
set to be 3.8 cm when slump is larger than 10 cm [40].

3.2. Classifying the Dataset of Pozzolanic Concrete Mixture
Proportioning. To produce a dataset of pozzolanic concrete
mixture proportioning which is more feasible and conve-
nient for engineering applications, it is classified further.

In classification, a sampling unit (subject or object)
whose class membership is unknown is assigned to a class on
the basis of the vector, y, associated with the unit. To classify
the unit, we must have available a previously obtained
sample of observation vectors from each class. One approach
is to then compare y with the mean vectors y1, y2,. . ., yk of
the k classes and assign the unit to the class whose yi is
closest to y [41]. Many techniques use an index of similarity
or proximity between y and yi. A convenient measure of
proximity is the distance. -e distances used in classification
algorithms include Euclidean distance, Manhattan distance,
Chebyshev distance, Minkowski distance, and Mahalanobis
distance. Since Euclidean distance is the most well-known
distance, it is applied in this study. -e Euclidean distance
between two vectors (points) a and b is defined as

dis(a, b) �

�����������


j

aj − bj 
2



, (15)

where aj and bj are the jth element of a and b, respectively.
-e proposed classification of the dataset of pozzolanic

concrete mixture proportioning is according to compressive
strength, pozzolanic admixture replacement rate, and cost. As
shown in Figure 2, the classification method used in this study
involves three stages.-efirst stage is the classification of dataset
according to compressive strength and slump. -e number of
classes is set as twelve in this stage. -e mean (designed) values
of compressive strength of the twelve classes are increased from
210kgf/cm2 (20.6MPa) to 980kgf/cm2 (96.1MPa) every
70kgf/cm2 (6.8MPa). -e mean (designed) values of slump of
all twelve classes are the same and are equal to 20 cm.According
to the related code in Taiwan, the allowable data range width of
compressive strength and slump is 3.4MPa and 3.8 cm, re-
spectively. -us, the classification rule can be written as

Step 1: establishing the dataset of pozzolanic concrete
mixture proportioning

The first stage is the classification of dataset according to
compressive strength and slump. The number of class is set to

be twelve in this stage.

The second stage is the classification of dataset according to
pozzolanic admixtures replacement rate. Each class in the first

stage is divided into five smaller classes

Collecting experimental data of pozzolanic concrete mixture
proportioning from the literature.

Using collected experimental data and ACI code to calculate
numerical data of pozzolanic concrete mixture proportioning

by computer program.

Using trained CSPNN and SPNN to predict compressive
strength (f ′c,p) and slump (Sp) of experimental and numerical
data, respectively. Data with 210 kg/cm2 ≤ f ′c,p ≤ 980 kg/cm2

and Sp = 20±3.8 cm were kept in the dataset.

Using collected experimental data of pozzolanic concrete mixture
proportioning from the literature to train CSPNN and SPNN.

The third stage is the classification of dataset according to the
cost of pozzolanic concrete. Each class in the second stage is

divided into six smaller classes.

Step 2: classifying the dataset of pozzolanic concrete
mixture proportioning

Figure 2: Schematic diagram of the proposed approach for poz-
zolanic concrete mix design.
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Table 2: Cementitious materials requirements for concrete exposed to deicing chemicals “Table 2 is reproduced from Kosmatka et al. [39]
(under the creative commons attribution license/public domain).”

Cementitious materials Maximum percent of total cementitious
materials by mass

Fly ash and natural pozzolans 25
Slag 50
Silica fume 10
Total of fly ash, slag, silica fume, and natural pozzolans 50
Total of natural pozzolans and silica fume 35

Table 3: Approximate mixing water and target air content requirements for different slumps and nominal maximum sizes of aggregate
“Table 3 is reproduced from Kosmatka et al. [39] (under the creative commons attribution license/public domain).”

Slump (mm) or air content
Water, kilograms per cubic meter of concrete, for indicated sizes of aggregate

(kg/m3)
9.5mm 12.5mm 19mm 25mm 37.5mm 50mm 75mm 150mm

Non-air-entrained concrete
25 to 50 207 199 190 179 166 154 130 113
75 to 100 228 216 205 193 181 169 145 124
150 to 175 243 228 216 202 190 178 160 –
Approximate amount of entrapped air in non-air-
entrained concrete (%) 3 2.5 2 1.5 1 0.5 0.3 0.2

Air-entrained concrete
25 to 50 181 175 168 160 150 142 122 107
75 to 100 202 193 184 175 165 157 133 119
150 to 175 216 205 197 184 174 166 154 –
Recommended average total air content, percent, for
level of exposure:
Mild exposure 4.5 4.0 3.5 3.0 2.5 2.0 1.5 1.0
Moderate exposure 6.0 5.5 5.0 4.5 4.5 4.0 3.5 3.0
Severe exposure 7.5 7.0 6.0 6.0 5.5 5.0 4.5 4.0

Table 4: Bulk volume of coarse aggregate per unit volume of concrete “Table 4 is reproduced from Kosmatka et al. [39] (under the creative
commons attribution license/public domain).”

Nominal maximum size of aggregate (mm)
Bulk volume of dry-rodded coarse aggregate per unit volume of concrete

for different fineness moduli of fine aggregate
2.40 2.60 2.80 3.00

9.5 0.50 0.48 0.46 0.44
12.5 0.59 0.57 0.55 0.53
19 0.66 0.64 0.62 0.60
25 0.71 0.69 0.67 0.65
37.5 0.75 0.73 0.71 0.69
50 0.78 0.76 0.74 0.72
75 0.82 0.80 0.78 0.76
150 0.87 0.80 0.83 0.81

Table 5: Relationship between water to cementitious material ratio and compressive strength of concrete “Table 5 is reproduced from
Kosmatka et al. [39] (under the creative commons attribution license/public domain).”

Compressive strength at 28 days (MPa)
Water-cementitious materials ratio (by mass)

Non-air-entrained concrete Air-entrained concrete
45 0.38 0.30
40 0.42 0.34
35 0.47 0.39
30 0.54 0.45
25 0.61 0.52
20 0.69 0.60
15 0.79 0.70
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if disp,i �

��������������������

fc,p′ −fc,i′ 
2

+ Sp − Si 
2



≤ 5.10

then classp � i(i � 1, 2, . . . , 12),

else classp � null,

(16)

where fc,p′ and Sp are the compressive strength and slump of
the pth instance in the dataset, respectively; fc,i′ and Si are the
mean (designed) compressive strength and mean (designed)
slump of the ith class, respectively; dp,i is the Euclidean
distance between the vector associate to the pth instance in
the dataset, yp � (fc,p′ , Sp), and mean vector of class i,
yi � (fc,i′ , Si); and classp is the class the pth instance in the
database belongs to.

-e second stage is the classification of dataset according
to pozzolanic admixtures replacement rate. Pozzolanic ad-
mixtures may be used as a partial replacement of cement in

concrete. -e pozzolanic admixtures used in this study are
fly ash and ground granulated blast furnace slag. Pozzolanic
admixture replacement rate, RPA, is expressed as follows:

RPA �
PA

PA + cement
× 100%, (17)

where PA is pozzolanic admixtures. Each class in the first
stage is divided into five smaller classes.-e class intervals of
RPA are 0–≤10%, >10%–≤20%, >20%–≤30%, >30%–≤40%,
and >40%–≤50%.

-e third stage is the classification of dataset according
to the cost of pozzolanic concrete. Each class in the second
stage is divided into six smaller classes. -e class intervals of
the cost of pozzolanic concrete are 0 (NTD/m3)–≤2000
(NTD/m3), >2000 (NTD/m3)–≤2250 (NTD/m3), >2250
(NTD/m3)–≤2500 (NTD/m3), >2500 (NTD/m3)–≤2750
(NTD/m3), >2750 (NTD/m3)–≤3000 (NTD/m3), and >3000

Table 6: Maximum water-cementitious material ratios and minimum design strengths for various exposure conditions “Table 6 is
reproduced from Kosmatka et al. [39] (under the creative commons attribution license/public domain).”

Exposure condition Maximum water-cementitious material ratio
by mass for concrete

Minimum design compressive strength, fc′
(Mpa)

Concrete protected from exposure to freezing
and thawing, application of deicing
chemicals, or aggressive substances

Select water-cementitious material ratio on
basis of strength, workability, and finishing

needs

Select strength based on structural
requirements

Concrete intended to have low permeability
when exposed to water 0.50 28

Concrete exposed to freezing and thawing in
a moist condition or deicers 0.45 31

For corrosion protection for reinforced
concrete exposed to chlorides from deicing
salts, salt water, brackish water, sea water, or
spray from these sources

0.40 35

Table 7: Recommended slumps for various types of construction “Table 7 is reproduced from Kosmatka et al. [39] (under the creative
commons attribution license/public domain).”

Concrete construction
Slump (mm)

Maximum Minimum
Reinforced foundation walls and footings 75 25
Plain footings, caissons, and substructure walls 75 25
Beams and reinforced walls 100 25
Building columns 100 25
Pavements and slabs 75 25
Mass concrete 75 25

Table 8: Requirements for concrete exposed to sulfates in soil or water “Table 8 is reproduced from Kosmatka et al. [39] (under the creative
commons attribution license/public domain).”

Sulfate
exposure

Water-soluble sulfate
(SO4) in soil, percent by

mass

Sulfate (SO4)
in water, ppm Cement type

Maximum water-
cementitious material

ratio, by mass

Minimum design
compressive strength, fc′

(MPa)
Negligible Less than 0.10 Less than 150 No special type required – –

Moderate 0.10 to 0.20 150 to 1500
II, MS, IP(MS), IS(MS), P
(MS), I(PM) (MS), I(SM)

(MS)
0.50 28

Severe 0.20 to 2.00 1500 to
10,000 V, HS 0.45 31

Very
severe Over 2.00 Over 10,000 V, HS 0.40 35
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(NTD/m3). -ere are 360 classes overall in the dataset of
pozzolanic concrete mixture proportioning.

4. Results and Discussion

4.1. ANN-Based Compressive Strength Prediction
Model: CSPNN

4.1.1. Training and Testing of the CSPNN Using Collected
Experimental Data. All 482 samples collected were used to
train and test the CSPNN. Among the 482 samples, 462 and
20 samples were used to train and test CSPNN, respectively.
Here, the CSPNN is constructed with seven, fourteen, and
one nodes in input layer, hidden layer, and output layer,
respectively, and denoted as CSPNN(7-14-1). -e complete
offline training process took 47 cycles. -e E and R2 were
0.005988 and 0.92556, respectively. After the CSPNN was
trained on the 462 training samples, it was tested to observe
how accurately it would predict compression strength of
other samples. Table 9 and Figure 4 summarize the results of
these tests, indicating that the CSPNN can satisfactorily
predict the compression strength in all 20 testing samples.

4.1.2. Sensitivity Analysis of the CSPNN. Figure 5 shows the
distribution of compressive strength and water for the
training samples of the CSPNN. It shows that compressive
strength decreases with increasing amounts of water in the
concrete mixture. Compressive strength is inversely pro-
portional to water content, and the slope of the fitted simple

regression line is −0.123. Figure 6 shows the distribution of
water and the first-order partial derivative of compressive
strength with respect to water for the training samples of the
CSPNN, and its mean is −0.092. -e negative mean value of
the first-order partial derivative of compressive strength
with respect to water indicates a negative correlation be-
tween compressive strength and water, which is consistent
with the negative slope value of the fitted simple regression
line in Figure 5.

Figure 7 shows the distribution of compressive
strength and cement for the CSPNN training samples. It
shows that compressive strength increases with an in-
crease in the amount of cement in the concrete mixture.
Compressive strength is proportional to cement, and the
slope of the fitted simple regression line is 0.0764. Figure 8
shows the distribution of cement and the first-order
partial derivative of compressive strength with respect
to cement for the CSPNN training samples, where the
mean is found to be 0.037. -e positive mean value of the
first-order partial derivative of compressive strength with
respect to cement indicates a positive correlation between
compressive strength and cement, which is consistent
with the positive slope value of the fitted simple regression
line in Figure 7.

Figure 9 shows a similar distribution of compressive
strength and SP for the CSPNN training samples. Com-
pressive strength increases with an increase in the amount of
SP in the concrete mixture. Compressive strength is pro-
portional to SP, and the slope of the fitted simple regression
line is 1.6298. Figure 10 shows the distribution of SP and the
first-order partial derivative of compressive strength with
respect to SP for the CSPNN training samples. -e mean of
the first-order partial derivative of compressive strength

Selection of mixture
characteristics

Start

Selection of slump

Selection of nominal
maximum aggregate

size

Estimation of
water-cement ratio or

water-cementitious
material ratio

Estimation of mixing
water, air, and

superplasticize content

Selection of the
proportion of each

pozzolanic material to
total cementitious

materials

Estimation of cement
and pozzolanic

materials content

Estimation of coarse
aggregate content

Estimation of fine
aggregate content

Adjustment of mix
proportions for the field

conditions

End

Mixing

Figure 3: -e flow chart of ACI mix design method.

Table 9: Comparison of exact compressive strength with CSPNN-
predicted compressive strength for the 20 testing samples.

No. of
sample

Exact
compressive
strength (fc,e′ )

(MPa)

Predicted
compressive

strength (fc,CSPNN′ )
(MPa)

fc,e′ -fc,CSPNN′ (MPa)

1 57.67 54.93 2.74
2 67.06 58.74 8.32
3 54.90 51.92 2.98
4 41.67 41.12 0.54
5 57.45 58.72 −1.27
6 51.08 52.51 −1.43
7 60.70 62.97 −2.27
8 44.70 38.17 6.53
9 24.20 16.85 7.35
10 46.14 54.93 −8.79
11 44.62 40.39 4.23
12 40.80 44.19 −3.39
13 25.00 30.28 −5.28
14 57.00 59.32 −2.32
15 77.00 70.62 6.38
16 69.00 65.30 3.70
17 64.00 57.01 6.99
18 84.30 85.01 −0.71
19 78.10 75.91 2.19
20 59.00 59.52 −0.52
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with respect to SP for the training samples of the CSPNN is
0.087. -e positive mean value of the first-order partial
derivative of compressive strength with respect to SP in-
dicates positive correlation between compressive strength
and SP, which is again consistent with the positive slope
value of the fitted simple regression line in Figure 9. Sen-
sitivity analysis results of the CSPNN therefore indicate that
the CSPNN is a reasonable model representing the re-
lationship between the 7 input parameters and compressive
strength.

4.2. ANN-Based Slump Prediction Model: SPNN

4.2.1. Training and Testing of the SPNN Using Collected
Experimental Data. As mentioned, only 295 samples have
slump data among the total of 482 collected samples.
-erefore, 295 samples were used to train and test the SPNN.
Among the 295 samples, 285 and 10 samples were used to
train and test SPNN, respectively. Here, the SPNN is con-
structed with seven, six, and one nodes in the input layer,
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Figure 5: Distribution of compressive strength and water for the
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hidden layer, and output layer, respectively, and is denoted as

SPNN(7-6-1). -e complete offline training process took 31
cycles.-e E andR2 were 0.0079527 and 0.93996, respectively.
After the SPNN was trained on the 285 training samples, it
was tested to observe how accurately it would predict slump of
other samples. Table 10 and Figure 11 summarize the results
of these tests, indicating that the SPNN can satisfactorily
predict the slump in all 10 testing samples.

4.2.2. Sensitivity Analysis of the SPNN. Figure 12 shows the
distribution of slump and SP for the training samples of the
SPNN. It shows that slump increases with an increase in the
amount of SP in the concrete mixture. Slump is proportional
to SP, and the slope of the fitted simple regression line is
0.6246. Figure 13 shows the distribution of SP and the first-
order partial derivative of slump with respect to SP for the
SPNN training samples. -e mean of the first-order partial
derivative of slump with respect to SP for the training
samples of the SPNN is −0.146. -e negative mean value of
the first-order partial derivative of slump with respect to SP
indicates negative correlation between slump and SP, which
is inconsistent with the positive slope value of the fitted
simple regression line in Figure 12. -e reason may be that
SP is a material with larger variance, and the properties of
different brands of SP are different.

4.3. Experimental Program. Experimental specimens were
also made in the laboratory to study the prediction accuracy
of the CSPNN and SPNN in terms of pozzolanic concrete
conforming to the ACI concrete mixture code. Twelve
concrete mixtures (listed in Table 11) were generated ran-
domly by computer program according to the concrete
mixture in ACI code. Four experimental specimens were
made for each concrete mixture.

4.3.1. Prediction of Compressive Strength. Figure 14 shows
a comparison of exact compressive strength to CSPNN-
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Table 10: Comparison of exact slump with SPNN-predicted slump
for the 10 testing samples.

No. of
sample

Exact slump (Se)
(cm)

Predicted slump (Sp)
(cm)

Se-Sp
(cm)

1 23.0 19.9 3.1
2 20.0 17.6 2.4
3 23.5 24.6 −1.1
4 27.0 27.2 −0.2
5 13.5 16.1 −2.6
6 11.5 11.5 0.0
7 22.0 22.4 −0.4
8 26.5 25.9 0.6
9 26.0 22.8 3.2
10 19.0 21.1 −2.1
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predicted compressive strength for the 12 experimental
concrete mixtures. -e compressive strength of each con-
crete mixture is the average compressive strength of the four
specimens for each concrete mixture. Most exact compressive
strength values are larger than the CSPNN-predicted com-
pressive strength values. Possible reasons may be that (1)
coarse aggregates were crushed by machine; thus, the edges of
coarse aggregates are sharp, producing a good interlocking
effect which increases compressive strength or that (2) ex-
perimental specimens were kept submerged in lime water,
and the fine weather and relative humidity was sufficient
during the curing period to cause the concrete hydration to
occur more quickly such that the late compressive strength
was reached early. Although some predicted errors of com-
pressive strength are large, it is still acceptable.

4.3.2. Prediction of Slump. Figure 15 shows a comparison of
exact slump to SPNN-predicted slump for the 12 experimental
concrete mixtures. -e slump of each concrete mix is the
average slump of the four specimens for each concrete
mixture. Most predicted errors for slump are within the al-
lowable data range for width of slump (3.8 cm), with only one
being extreme (7.4 cm). -e predicted error of slump may be
mainly caused by SP, since SP is amaterial with larger variance
and the properties of different brands of SP are different.
Notably, CSPNN and SPNN were trained using experimental
data of pozzolanic concrete mixture proportioning collected
from the literature. It is believed that predicted error of
compressive strength and slump can be largely decreased if
a sufficient number of experimental specimens could be made
and used for training of CSPNN and SPNN.

-e trained and tested CSPNN and SPNN represent
accurate models for compressive strength and slump, re-
spectively, and they were used to predict compressive
strength and slump of experimental and numerical data.
Among 1500 experimental and numerical data, 278 data
satisfy Equation (14) and they were kept in the dataset.

4.4. Classification of Pozzolanic Concrete Mixture
Proportioning. After establishing the dataset of pozzolanic
concrete mixture proportioning, it was classified further
according to compressive strength, pozzolanic admixture re-
placement rate, and cost of concrete. Tables 12 and 13 give
some of the results. Table 12 lists concrete mixture pro-
portioning samples for compressive strength� 210 kgf/cm2 and
cost ≤2000 NTD/m3. Table 13 lists concrete mixture pro-
portioning samples for compressive strength� 700 kgf/cm2

and 2000NTD/m3≤ cost≤ 2250NTD/m3. Engineers can uti-
lize the classified dataset to easily predict mix proportioning
(solution) from required compressive strength of concrete,
pozzolanic admixture replacement rate, and cost of concrete.

5. Conclusions

-is study develops a two-step computer-aided approach for
pozzolanic concrete mix design. -e first step is to establish
a dataset of pozzolanic concrete mixture proportioning that
conforms to ACI code. In this step, ANNs are employed to

establish the prediction models of compressive strength and
slump of concrete.-e second step is to classify the dataset of
pozzolanic concrete mixture proportioning. A classification
method is utilized to categorize the dataset into 360 classes
based on compressive strength of concrete, pozzolanic ad-
mixture replacement rate, and material cost. -e following
important conclusions are drawn from the results:

(1) -e CSPNN and SPNN were trained using a portion
of collected experimental data. After training, the
CSPNN and SPNN were tested using the rest of
collected experimental data and data of experimental
specimens made in our laboratory for twelve different
mixtures. Results prove that CSPNN and SPNN can
satisfactorily predict compressive strength and slump,
respectively, from respective amounts of water, ce-
ment, ground granulated blast furnace slag, fly ash,
coarse aggregate, fine aggregate, and superplasticizer.

(2) Sensitivity analysis of the ANN can be used to explore
the cause and effect relationship between network
input and output. -erefore, sensitivity analysis of the
CSPNN and SPNN, respectively, can be used to
evaluate the effect of various concrete mix constitu-
ents (water, cement, ground granulated blast furnace
slag, fly ash, coarse aggregate, fine aggregate, and
superplasticizer) on the compressive strength and
slump of concrete.
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(3) -e distribution of slump and SP for the training
samples of the SPNN shows that slump increases
with an increase in the amount of SP in the concrete
mixture. Slump is proportional to SP, and the slope
of the fitted simple regression line is a positive value
(0.6246). However, the mean of the first-order partial
derivative of slumpwith respect to SP for the training
samples of the SPNN is a negative value (−0.146).-e
negative mean value of the first-order partial de-
rivative of slump with respect to SP indicates neg-
ative correlation between slump and SP, which is
inconsistent with the positive slope value of the fitted
simple regression line. -e reason for this may be
that SP is a material with larger variance and the
properties of different brands of SP are different.

(4) To construct a dataset of pozzolanic concrete mix-
ture proportioning which is practical and convenient
for engineering applications, it is classified further.
Engineers can utilize the classified dataset to easily
predict mix proportioning from required compres-
sive strength of concrete, pozzolanic admixture re-
placement rate, and the necessary cost of concrete.

Abbreviations

AAN: Artificial neural network
ACI: American Concrete Institute
BFGS method: Broyden–Fletcher–Goldfarb–Shanno

method
BP network: Back-propagation network
CA: Coarse aggregate
classp: -e class the pth instance in the

database belongs to
CSPNN: Compressive strength prediction neural

network
d: Search direction
D1

ki: -e first-order partial derivative of the
kth output with respect to ith input

D
1
ki: -e mean of D1

ki

dpk: -e desired output of the kth output
node for the pth instance

dis(a, b): -e Euclidean distance between two
vectors (points) a and b

disp,i: -e Euclidean distance between the
vector associate to the pth instance in
the dataset

E: Mean square error
f: -e activation function
FA: Fine aggregate
fc′: Compressive strength
fc,CSPNN′ : Compressive strength predicted by

CSPNN
fc,i′ : Mean (designed) compressive strength

of the ith class
fc,p′ : Compressive strength of the pth

instance in the dataset
GGBFS: Ground granulated blast furnace slag
H: -e inverse Hessian matrix
Hnj: -e output of the jth node in the nth

hidden layer
L-BFGS learning
algorithm:

Limited memory
Broyden–Fletcher–Goldfarb–Shanno

Oi: -e output of ith node
opk: -e calculated output of the kth output

node for the pth instance
P: -e number of instances in the training

set
PA: Pozzolanic admixtures
R2: -e absolute fraction of variance
RPA: Admixture replacement rate
S: Slump
Si: -e mean (designed) slump of the ith

class
Sp: -e slump of the pth instance in the

dataset
SSPNN: Slump predicted by SPNN
SP: Superplasticizer
SPNN: Slump prediction neural network

Table 12: Concrete mixture proportioning samples for compressive strength� 210 kg/cm2 and cost ≤2000NTD/m3.

Water-
binder ratio

Water
(kg/m3)

Cement
(kg/m3)

Fly ash
(kg/m3)

GGBFS
(kg/m3)

CA
(kg/m3)

FA
(kg/m3)

SP
(kg/m3) f′c,CSPNN(MPa) SSPNN

(cm)
Cost

(NTD/m3) RPA(%)

0.55 199 337 20 6 704 991 0.74 23.80 20.4 1952 7.16
0.55 192 244 65 41 1024 703 2.26 23.45 23.0 1858 30.29
0.48 177 221 39 106 1136 629 3.58 21.55 22.9 1971 39.62
0.52 186 195 72 92 1056 671 2.67 23.87 23.3 1826 45.68

Table 13: Concrete mixture proportioning samples for compressive strength� 700 kg/cm2 and 2000NTD/m3< cost≤ 2250NTD/m3.

Water-
binder ratio

Water
(kg/m3)

Cement
(kg/m3)

Fly ash
(kg/m3)

GGBFS
(kg/m3)

CA
(kg/m3)

FA
(kg/m3)

SP
(kg/m3) f′c,CSPNN(MPa) SSPNN

(cm)
Cost

(NTD/m3) RPA(%)

0.34 134 292 3 103 1104 763 2.43 71.16 22.2 2137 26.63
0.30 145 281 97 101 1056 673 0.90 71.17 22.5 2013 41.34
0.33 144 232 36 173 736 1009 3.56 68.25 23.4 2127 47.39
0.32 157 253 3 239 1056 648 0.73 65.67 21.5 2065 48.89
0.28 175 322 131 183 944 542 1.46 69.62 18.0 2213 49.37
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SSE: Sum of the squares error
Whnj,ok: -e weight associated with the jth node

in the nth hidden layer to the kth node
in the output layer

Whnjn,ok: -e weight associated with the jnth
node in the nth hidden layer to the kth
node in the output layer

Wij: -e weight associated with the ith node
in the preceding layer to the jth node in
the current layer

Wxi,h1j1: -e weight associated with the ith node
in the input layer to the j1th node in the
first hidden layer

θj: -e threshold value of node j in the
current layer

θok: -e threshold value of the kth node in
the output layer

η: Learning ratio
α: Step length.
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matériaux de génie civil,” Materials and Structures, vol. 20,
no. 2, pp. 117–126, 1987.

[9] H. Adeli and S. L. Hung,Machine Learning: Neural Networks,
Genetic Algorithms, and Fuzzy Systems, Wiley, New York, NY,
USA, 1995.

[10] J. Suykens, J. Vandewalle, and J. De Moor, Artificial Neural
Networks for Modeling and Control of Non-Linear Systems,
Kluwer Academic Publishers, Boston, MA, USA, 1996.

[11] D. E. Rumelhart, G. E. Hinton, and R. J. Williams, “Learning
international representation by error propagation,” in Parallel
Distributed Processing, D. E. Rumelhart, J. L. McClelland, and
-e PDP Research Group, Eds., pp. 318–362, -e MIT Press,
Cambridge, MA, USA, 1986.

[12] I. C. Yeh, “Analysis of strength of concrete using design of
experiments and neural networks,” Journal of Materials in
Civil Engineering, vol. 18, no. 4, pp. 597–604, 2006.

[13] I. C. Yeh, “Modeling of strength of high-performance con-
crete using artificial neural networks,” Cement and Concrete
Research, vol. 28, no. 12, pp. 1797–1808, 1998.

[14] J. Kasperkiewics, J. Racz, and A. Dubrawski, “HPC strength
prediction using ANN,” Journal of Computing in Civil En-
gineering, vol. 9, no. 4, pp. 279–284, 1995.

[15] S. C. Lee, “Prediction of concrete strength using artificial
neural networks,” Engineering Structures, vol. 25, no. 7,
pp. 849–857, 2003.

[16] J. Bai, S. Wild, J. A. Ware, and B. B. Sabir, “Using neural
networks to predict workability of concrete incorporating
metakaolin and fly ash,” Advances in Engineering Software,
vol. 34, no. 11-12, pp. 663–669, 2003.

[17] Z. H. Duan, S. C. Kou, and C. S. Poon, “Prediction of
compressive strength of recycled aggregate concrete using
artificial neural networks,” Construction and Building Mate-
rials, vol. 40, pp. 1200–1206, 2013.

[18] G. H. Ni and J. Z. Wang, “Prediction of compressive strength
of concrete by neural networks,” Cement and Concrete Re-
search, vol. 30, no. 8, pp. 1245–1250, 2000.

[19] S. L. Hung and Y. L. Lin, “Application of an L-BFGS neural
network learning algorithm in engineering analysis and de-
sign,” in Second National Conference on Structural
Engineering, pp. 221–230, Chinese Society of Structural En-
gineering, Nantou, Taiwan, 1994.

[20] J. Nocedal, “Updating quasi-Newton matrix with limited
storage,”Mathematics of Computation, vol. 35, no. 151, p. 773,
1980.

[21] T. F. Coleman and Y. Li, Large-Scale Numerical Optimization,
Society for Industrial and Applied Mathematics, Philadelphia,
PA, USA, 1990.

[22] G. Cybenko, “Approximations by superpositions of a sig-
moidal function,” Mathematics of Control, Signals, and Sys-
tems, vol. 2, no. 4, pp. 303–314, 1989.

[23] K. Funahashai, “On the approximate realization of contin-
uous mappings by neural networks,” Neural Networks, vol. 2,
no. 3, pp. 183–192, 1989.

[24] S. L. Hung and C. Y. Kao, “Structural damage detection using
the optimal weights of the approximating artificial neural
networks,” Earthquake Engineering and Structural Dynamics,
vol. 31, no. 2, pp. 217–234, 2002.

[25] C. Y. Kao and S. L. Hung, “Detection of structural damage via
free vibration responses generated by approximating artificial
neural networks,” Computers and Structures, vol. 81, no. 29,
pp. 2631–2644, 2003.

[26] I. C. Yeh and H. B. Zhang, “Comparisons of mixture design of
experiments for high performance concrete,” Journal of
Technology, vol. 22, pp. 179–185, 2007.

14 Advances in Civil Engineering



[27] A. S. Cheng, “Research on the microstructure and strength
prediction of pozzolanic concrete,” Dissertation, National
Chung Hsing University, 2011.

[28] M. Nehdi, M. Pardhan, and S. Koshowski, “Durability of self-
consolidating concrete incorporating high-volume re-
placement composite cements,” Cement and Concrete Re-
search, vol. 34, no. 11, pp. 2103–2112, 2004.

[29] M. A. Megat Johari, J. J. Brooks, S. Kabir, and P. Rivard,
“Influence of supplementary cementitious materials on en-
gineering properties of high strength concrete,” Construction
and Building Materials, vol. 25, no. 5, pp. 2639–2648, 2011.

[30] N. Su, K. C. Hsu, and H. W. Chai, “A simple mix design
method for self-compacting concrete,” Cement and Concrete
Research, vol. 31, no. 12, pp. 1799–1807, 2001.
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Effective road maintenance requires adequate periodic surveys of asphalt pavement condition. -e manual process of pavement
assessment is labor intensive and time-consuming. -is study proposes an alternative for automating the periodic surveys of
pavement condition by means of image processing and machine learning. Advanced image processing techniques including fast
local Laplacian filter, Sobel filter, steerable filter, and projection integral are employed for image enhancement and analysis to
extract useful features from digital images. Based on the features produced by these image processing techniques, adaptive
boosting classification tree is used to perform pavement crack recognition tasks. A dataset of image samples consisting of five
classes (alligator crack, diagonal crack, longitudinal crack, noncrack, and transverse crack) has been collected to construct and
verify the performance of the adaptive boosting classification tree. -e experimental results show that the proposed approach has
achieved a high crack classification accuracy which is roughly 90%. -erefore, the newly developed model is a promising al-
ternative to help transportation agencies in pavement condition evaluation.

1. Introduction

To ensure the safety and the serviceability of the road
network, periodic survey and assessment of the pavement
condition is a crucial task done by transportation agencies
around the world [1]. Based on such periodic surveys,
various pavement distresses can be identified and docu-
mented. -is information serves as important input in-
formation used in the task of determining pavement
rehabilitation methods and allocating resources for con-
currently demanding pavement maintenance projects.

Based on a recent statistics done by the Central In-
telligence Agency, the total length of road networks in the
world has amounted to 64,285,009 km; such length of roads
demands an enormous cost for maintenance and upgrading
tasks [2]. In Vietnam, according to the report of the General
Statistics Office of Vietnam in 2010, the total length of

asphalted roads has reached 93,535 km [3]. Due to a large
number of existing and road sections and the rapid ex-
tension of road networks per year, management and
maintenance of asphalt pavements become challenging
tasks.

-e aging and deterioration of pavements are mainly
caused by surface fatigue and shear development in the
subgrade, subbase, base, or surface layers [4].-emost easily
observable form of pavement deterioration is cracks. Cracks
are widely considered to be the most important indicator of
pavement condition because this type of distress directly
affects in pavement serviceability and structural integrity
[5, 6]. -erefore, timely detection of pavement cracks is
necessary to evaluate the pavement surface condition and to
develop appropriate mitigation measures in order to restore
the acceptable quality of roads. It is noted that besides cracks,
there are other forms of pavement deteriorations including
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potholes (small or medium bowl-shaped depressions), de-
pressions (depressed areas in the pavement surface), ruts
(channelized depressed areas), upheaval areas, and raveling
(disintegration of aggregate particles in the pavement sur-
face). However, the detection of these forms of pavement
damages is not within the scope of the current study.

In developing countries like Vietnam, the common
approach of the road surface condition is visual inspection
performed by human. -is method is only effective for
surveying a small quantity of road lengths. Nevertheless, the
manual process of road inspection is notorious for its low
productivity and variations in surveying outcomes due to
human subjectivity [7]. -erefore, a robust method for
automatic recognition of pavement cracks can help us to
expedite the pavement assessment process, enhance the
evaluation accuracy, and guarantee the consistency in the
assessment result. Such method is currently a pressing need
of transportation agencies in many countries.

Since images of pavements can provide a direct pre-
sentation of pavement defects related to cracks, two-
dimensional digital images have been the subject of in-
terest for many researchers and practitioners. It is because
the pavement cracks can be identified via the image pixel
intensities and the shape of the crack objects. However,
recognizing cracks from digital images is by no means an
easy task. -is fact is due to the noisy and complex back-
ground texture of the asphalt pavement, the heterogeneous
pixel intensity, and the inconsistency of the illumination
condition [7].

To overcome the aforementioned challenges, a large
proportion of the research works have been dedicated in
developing automatic pavement crack detection models
using image filtering methods. In image processing and
computer vision, filtering is a popular approach specifically
used to alter the presentation of images and enhance certain
features of images. Mahler et al. [8], Kirschke and Velinsky
[9], and Cheng et al. [10] proposed algorithms based on
intensity thresholding for crack detection; these models rely
on the assumption that cracks have a lower intensity value
than those of the pavement background. Lee and Kim [11]
proposed a simplified method for crack category realization
based on the concept of crack-type index; this method relies
on the image thresholding technique and information ob-
tained from neighboring pixels to determine the state of
crack and noncrack.

An improved Canny edge detection algorithm and an
edge preservation filtering algorithm for pavement edge
recognition had been proposed by Zhao et al. [12]. Zou et al.
[13] put forward a function to measure the difference of
image intensity and used this function to enhance the image
thresholding outcome. Zhang et al. [14] employed a set of
predesigned filters to extract cracks from the background.
Salman et al. [15] and Eduardo et al. [16] have proposed
automatic crack detection models based on the Gabor filter.
Li et al. [17] employed two techniques of steerable matched
filtering and active contour model for the task of crack
detection and segmentation.

It is noted that besides image filtering methods, there are
many other potential algorithms used for crack detection

investigated by various scholars; these algorithms include
wavelet transform [18], beamlet transform [19], wavelet-
morphology-based detection [20], weighted neighborhood
segmentation [21], deep learning [2, 22–24], fuzzy Hough
transform [25], probabilistic generative model [7], and
optimized minimal path selection [5]. However, these
aforementioned algorithms are not within the focus of the
current study.

In addition, recent literature reviews show an increasing
trend of combining image filtering and machine learning to
develop an intelligent model capable of not only detecting
cracks but also categorizing the types of cracks. Rababaah
[26] carried out a comparative work which investigated the
performance of multilayer perceptron neural network, ge-
netic algorithms, and self-organizing maps in pavement
crack classification. Mokhtari et al. [27] recently employed
neural network models to tackle the problem of interest; this
study concluded that neural network models are more ca-
pable than other learning strategies of decision tree and k-
nearest neighbor. Banharnsakun [28] combined the ad-
vantage of metaheuristic and neural network for pavement
surface distress detection and classification; the meta-
heuristic of artificial bee colony was used in the phase of
image segmentation, and the subsequent classification task
was performed by neural network.

Recently, an efficient approach which can perform both
detection and classification of pavement cracks was pro-
posed by Cubero-Fernandez et al. [29]; this study in-
corporated various image processing techniques of
logarithmic transformation, bilateral filter, Canny algo-
rithm, and a morphological filter in the feature extraction
phase; a classification tree is utilized to construct the crack
categorization model using the extracted features. Fujita
et al. [30] and Wang et al. [31] proposed crack classification
models that employed the support vector machine. Hoang
and Nguyen [32] relied on the steerable filter to extract
useful features from pavement images and employed ma-
chine learning algorithms including support vectormachine,
neural network, and random forest to classify the images
into categories of longitudinal, transverse, and alligator
cracks, as well as the status of the intact pavement.

Based on recent review works [33, 34], there is an in-
creasing trend of applying image filtering and machine
learning approaches in pavement crack classification.
However, due to the aforementioned challenges of crack
detection from noisy and complex background texture of
asphalt pavements, other advanced image processing tech-
niques should be investigated to improve the accuracy of the
automatic crack recognition process. -is study constructs
and compares the performances of four feature extraction
methods that rely on image filtering techniques of fast local
Laplacian filter (FLLF), Sobel filter (SBF) for edge detection,
and steerable filter (STF) as well as projection integral (PI).
-e fast local Laplacian filter (FLLF) is applied as a pre-
processing step to better smooth the image and highlight
edges in the image. SBF and STF are employed to create
crack prominent maps. PI finally utilizes these prominent
maps to produce a vector of features. -e adaptive boosting
classification tree (Adaboost CTree) is selected to use the
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feature vectors extracted from the image for categorizing the
pavement crack status. -e aforementioned hybrid filtering
approaches (FLLF-based SBF and FLLF-based STF) have
demonstrated positive effects on the classification perfor-
mance of Adaboost CTree.

-e rest of the study is organized as follows: Section 2
reviews the research methodology, followed by the section
that describes the collected dataset of asphalt pavement
images (Section 3). Section 4 describes the proposed ap-
proach of automatic pavement crack detection, followed by
the experimental results (Section 5). Section 6 summarizes
the current study with several remarks.

2. Research Methodology

2.1. Image Filtering Approaches

2.1.1. Fast Local Laplacian Filter (FLLF). FLLF is an edge-
preserving image filtering technique [35]. -is image pro-
cessing technique is an improved version of the standard
local Laplacian filter (LLF) which was developed by Paris
et al. [36]. LLF is the algorithm based on the Laplacian
pyramid which is widely employed in the tasks of decom-
posing images into multiple scales and image analysis. In
image processing field, pyramid representation is a form of
multiscale signal representation in which a digital image is
processed by repeated smoothing and subsampling. In FLLF,
the output image is obtained by collapsing the output
pyramid. To implement FLLF, one first needs to specify
a remapping function r and intensity threshold Sr. Ac-
cordingly, the process of FLLF can be divided into three
major steps [37]:

(i) First, FLLF uses point-wise nonlinearity function
r(.) which depends on the Gaussian pyramid co-
efficient g �Gl[I] (x, y) where l denotes the level of
the Gaussian pyramid and (x, y) represents the
position of the pixel to process input image I. For
various values of g, this approach obtains a large
number of intermediate images.

(ii) Second, FLLF integrates all of these intermediate
images, and computes each output coefficient Ll[O]
(x, y) of the Laplacian pyramid of the transformed
image.

(iii) -ird, the method collapsed the output pyramid
L(O) to obtain the output image O.

Paris et al. [36] proposed the remapping functions in the
following formula:

r(i) �

g + sign(i−g)Sr(|i−g|)α

Sr
if i≤ Sr,

g + sign(i−g) β|i−g|− Sr(  + Sr if i> Sr,

⎧⎪⎪⎪⎨

⎪⎪⎪⎩

(1)

where g denotes the coefficient of the Gaussian pyramid. α
determines the amount of detail increase (0≤ α< 1) or de-
crease (α> 1), β governs the dynamic range compression
(0≤ β< 1) or expansion (β> 1), and Sr represents the in-
tensity threshold to separate details in the image from edges.

Aubry et al. [35] stated a general form of the function r(.)
as follows:

r(i) � i−(i−g)f(i−g), (2)

where f denotes a continuous function. In fact, Equation (1)
is a special case of Equation (2) in which f(i) � (i− r(i))/
(i−g).

For the purpose of image enhancement and image
smoothing, Aubry et al. [35] defines the function f as

f(i−g) � −mfGSR
(i−g), (3)

where GSR
(i−g) denotes the Gaussian function expressed in

the following form:

GSR
(i−g) � exp

−(i−g)2

2S2r
 , (4)

where mf is a parameter denoting the amplitude magnifi-
cation factor.

In essence, mf affects the smoothing of details, and Sr
characterizes the amplitude of edges in I [38]. -e effects of
FLLF on asphalt pavement images with different scenarios of
the amplitude magnification factor mf and the intensity
threshold Sr are illustrated in Figure 1. It is noted that before
being analyzed by FLLF, the images are preprocessed by the
median filter to remove the dot noise. In this study, based on
several trial and error experiments, the median filter with
a window size of 5× 5 pixels has been selected for noise
suppression.

2.1.2. Steerable Filter. -e steerable filter (STF), proposed in
the previous work of Freeman and Adelson [39], is a popular
technique for image processing. -is technique relies on
orientation-selective convolution kernels to highlight edges
in digital images. STF is highly helpful for the task of an-
alyzing patterns existing on the surface of asphalt pave-
ments; this technique has been successfully employed in
crack classification [17, 29, 32] as well as other types of
pavement distress [40].

To implement the SF technique, a linear combination of
the Gaussian second derivatives is employed as the basic
filter. A 2D Gaussian at a certain pixel coordination (x, y)
within an image I is demonstrated in the following equation:

G(x, y, r) �
1
���
2πr

√ exp
− x2 + y2( 

2r2
 , (5)

where r is a free parameter which is the variance of the
Gaussian function.

Applying the STF technique with different values of the
angle θ, a set of different filters can be obtained as follows:

F(x, y, r, θ) � Gxx cos
2
(θ) + 2Gxy cos(θ) sin(θ)

+ Gyy sin
2
(θ),

(6)

where Gxx, Gxy, and Gyy denote the Gaussian second de-
rivatives. -e formulas of these derivatives are presented as
follows [32]:
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Gxx(x, y, r) �
x2 − r2(  exp − x2 + y2( /2r2( 

���
2π

√
r5

,

Gyy(x, y, r) �
y2 − r2(  exp − x2 + y2( /2r2( 

���
2π

√
r5

,

Gxy(x, y, r) � Gxy(x, y, r) �
xy exp − x2 + y2( /2r2( 

���
2π

√
r5

.

(7)

It is noted that the value of θ is often varied from 0° to
360°. Figure 2 provides examples of STF responses of
a pavement image with different selections of r. In this figure,
the original image has been preprocessed by the median
filter with the window size of 5× 5 pixels. As can be seen
from the examples, a too small value of r leads to very weak
signal of crack patterns. On the contrary, if r is too large
(e.g., r� 2.0), the background texture of the asphalt pave-
ment becomes more visible and this may hinder the crack
detection and classification process.

In addition, the resulting STF response of a digital image
I is calculated compactly in the following equation:

R(x, y) � F(x, y, σ, θ)∗I(x, y), (8)

where “∗” denotes the convolution operator.

2.1.3. Sobel Filter for Edge Detection. As described in the
previous work of Sobel [41], the Sobel filter (SBF) is a widely
used technique for detecting edges in digital images. -is
technique reveals edges in an image by smoothing the image
before computing the derivatives in the direction which is
perpendicular to the derivative. To implement SBF, the filter
hx is employed to smooth the image in the x direction:

hx �

1 1

2 2

1 1

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦. (9)

-e convolution and the smoothing operators are both
linear and can be combined in the following way:

hSobel,x �

1 0 −1

2 0 −2

1 0 −1

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦. (10)

In the same manner, the filter that computes the partial
derivative in the y direction is computed as follows:

hSobel,y �

1 2 1

0 0 0

−1 −2 −1

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦. (11)

At each pixel within a digital image, the resulting gra-
dient approximations are combined to yield the gradient
magnitude which is calculated in the following way:

hSobel �
��������������
hSobel,x2 + hSobel,y2


. (12)

It is worth noticing that a threshold value Ts must be
prespecified to obtain the image with detected edges. If the
Sobel gradient values of pixels are smaller than the threshold
value Ts, they are replaced by these threshold values [42].
Figure 3 presents the analysis results of edge detection using
the Sobel algorithm of a pavement image in which different
values of the threshold Ts are attempted. As can be seen from
the examples, if Ts � 0.01, the resulting image is filled with
edges detected from the background texture. On the con-
trary, if Ts> 0.1, virtually no signal of edges are captured by

Pavement image Sr = 0.10, mf = 1.00 Sr = 0.10, mf = 2.50 Sr = 0.10, mf = 5.00

(a)

Pavement image Sr = 0.01, mf = 1.50 Sr = 0.10, mf = 1.50 Sr = 0.50, mf = 1.50

(b)

Figure 1: Image processed by FLLF with different values of parameters.
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the algorithm. It deems that Ts � 0.05 is the right value
because the edges of the true crack existing in the image has
been revealed.

2.1.4. Projection Integral Technique. -e projection integral
technique (PIT) is an effective technique used in shape and
texture recognition [43]. -is image analysis technique has
been recently successfully employed in pavement crack
classification [29, 32]. Using this method, the image is first
converted from color image to grayscale image. -e average
value of gray intensity at each location of the image along an
axis is computed to obtain a projection integral (PI).
-erefore, PI is always associated with a certain axis. PIs
along the horizontal and vertical axes are often computed
and employed in object recognition. Horizontal PI (HPI)
and vertical PI (VPI) are calculated in the following way:

HPI(y) � 
i∈xy

I(i, y),

VPI(x) � 
j∈yx

I(x, j),
(13)

where HPI and VPI are the horizontal and vertical PIs,
respectively. xy and yx represents the set of horizontal pixels
at the vertical pixel y and the set of vertical pixels at the
horizontal pixel x of an image I(x, y), respectively.

Besides the two commonly employed HPI and VPI, the
diagonal PI (DPI) can also be helpful in the task of
pavement crack classification. It is noted that, for each
image of pavement, there are two DPIs. To compute these
two DPIs, the map of the SF response is rotated with the
angles of +45 and −45 to create two rotated SF maps. -e
two DPI1 and DPI2 are obtained by computing the HPIs
of the two rotated SF maps. -e illustrations of PIs of the
pavement images are provided in Figures 4 and 5. It is
noted that, in Figure 4, the four PIs of an image are
produced from the STF response. In Figure 5, the salient
crack map created by SBF is employed to compute the four
PIs.

2.2. Adaptive Boosting Classification Tree. Classification tree
(CTree), developed by Breiman et al. [44], is an effective data

(a) (b)

(c) (d)

(e) (f )

Figure 2: Examples of image enhancement with STF. (a) Pavement image. (b) Median filter enhancement. (c) GTF with r� 0.5. (d) GTF
with r� 1.0. (e) GTF with r� 1.5. (f ) GTF with r� 2.0.
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mining approach widely employed for data categorization
[45, 46]. -e CTree algorithm automatically reveals the
hidden structural patterns in data and expresses the dis-
covered patterns of the data as tree-like structures [47, 48].
CTree belongs to the group of supervised learning methods.
-erefore, a training phase that requires a set of labeled data
must be performed to construct the data categorization
model. During the training phase of CTree, the training
dataset is splitted into subsets using all predictor variables to
create two child nodes in the tree-like structure [44]. It is
noted that the most suitable predictor variables used for
splitting operation is chosen by computing the value of an
impurity function.

-e data splitting process occurred in the training phase
has the purpose of putting data into subsets that are as
homogeneous as possible for each data category. -e Gini
impurity function is widely used to quantify the data ho-
mogeneous property; the Gini impurity is shown in the
below equation [47]:

P � G1G2, (14)

where a Gini impurity index of data subset k is computed as
follows [49]:

Gk � 1− 

nkc

i�1
p
2
ki, (15)

where nkc represents the number of data categories and pki

denotes the ratio of present of class i in this set.
When the training phase is successfully accomplished,

a CTree model is represented by a root node, a set of internal
nodes, and a set of terminal nodes. It is noticed that each
node in the tree is essentially a binary decision that cate-
gorizes the predictor variable into either one of the two class
labels. -us, CTree carries out the data classification process
in a top-down manner from the root node to the terminal
node.

Moreover, in data mining, adaptive boosting [50], or
AdaBoost for short, is a well-known ensemble learning
strategy for enhancing the classification accuracy of
a classifier through the process of adaptive reweighting
and combining a set of individual models [51]. AdaBoost

(a) (b)

(c) (d)

(e) (f )

Figure 3: Examples of image enhancement with SBF. (a) Original image. (b) Median filter enhancement. (c) SBF: TS � 0.01. (d) SBF:
TS � 0.05. (e) SBF: TS � 0.10. (f ) SBF: TS � 0.50.
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Figure 4: PIs of an image yielded from the STF response. (a) Pavement image. (b) FLLF. (c) STF. (d) Projective integrals.
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Figure 5: PIs of an image yielded from the SBF response. (a) Pavement image. (b) FBF. (c) STF. (d) Projective integrals.
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ensemble of CTrees can be defined as a combination of
multiple CTrees in which the final prediction result is
obtained by combining the outputs of individual trees.
Based on previous works [52–56], ensemble models have
demonstrated better performance than individual models
in a wide range of applications. -e AdaBoost algorithm is
demonstrated in Figure 6.

3. The Dataset of Asphalt Pavement Images

Since Adaboost CTree is a supervised learning approach,
a dataset of pavement images with the prespecified ground
truth categories must be prepared for the model construction
and testing phases. To achieve this goal, the current study has
collected pavement images in Da Nang city (Vietnam). -e
images are acquiredwith the employment of the digital camera
held at the distance of about 1.2m above the road surface. To
speed up the phases of data processing and data classification,
the images are resized to be 100×100 pixels. -ere are five
classes of pavement conditions; they are alligator crack (AC),
diagonal crack (DC), longitudinal crack (LC), noncrack (NC),
and transverse crack (TC). Each group of images has 400
samples; hence, the total number of data samples in the
collected dataset set is 2000. -e image dataset are demon-
strated in Figure 7. It is noted that each pixel represents an area
of approximately 3.6× 3.6mm; therefore, the pavement area
contained in each image sample is about 360× 360mm.

4. Automatic Pavement Crack Recognition
Using Fast Local Laplacian-Based Steerable
and Sobel Filters Integrated with Adaptive
Boosting Classification Tree

-is section describes the structure of the proposed auto-
matic model for pavement crack categorization. -e pro-
posed model combines the advanced image processing
techniques and the machine learning method of Adaboost
CTree. Advanced image processing techniques consist of
FLLF, STF, SBF, and PIs. It is noted that the original
pavement images have been preprocessed by the commonly
used median filter to remove dot noise of the image back-
ground. FLLF is then used to concurrently smooth the image
and highlight the edges. After being processed by FLLF, the
enhanced image is either manipulated by STF or SBF to

create a salient map of cracks. Based on such salient map, PIs
of the image are computed to serve as input features used by
Adaboost CTree to classify the image into AC, DC, NC, LC,
and TC categories.-e overall picture of the proposedmodel
is presented in Figure 8.

-e model basically includes two modules: feature ex-
traction based on the image processing technique and data
classification based on Adaboost CTree. It is noted that the
proposed model including the two modules has been con-
structed in theMATLAB environment with the employment
of the Image Processing Toolbox [38] and the Statistics and
Machine Learning Toolbox [57].

It is noted that in the feature extraction step, the maps
created by the STF and SBF responses are used to compute
four PIs, namely, HPI, VPI, and two DPIs (DPI1 and DPI2).
-e PIs of the pavement images yielded from STF and SBF
are illustrated in Figures 9 and 10, respectively. Based on
these figures, it can be shown that an image with a longi-
tudinal crack generally produces a distinctive peak in its
VPI. On the contrary, an image with a transverse crack
yields a distinctive peak in its HPI. Moreover, the average
values of PIs of images containing alligator cracks are
higher than those of images containing no cracks. Notably,
the two DPIs are especially useful in recognizing diagonal
cracks. To compute these two DPIs, the maps of the STF
and SBF responses are rotated with the angles of +45 and
−45 to generate two rotated crack maps. -e two DPIs are
attained by calculating the HPIs of the two rotated crack
maps.

As mentioned earlier, with the image size of 100 ×100
pixels, the number of features generated by the four PIs is
400. With this size of features, the predictive capability of
the Adaboost CTree model may be hindered due to the
problem of the curse of dimensionality [58]. -us, it can be
of great usefulness if the feature size can be reduced. To do
so, this study employs a simple moving average approach
within which the average value of W consecutive values
along a PI is calculated to create PIs with sampled data
points. -is process of feature reduction is illustrated in
Figure 11. With W � 10, the total number of features in the
reduced PIs is reduced from 400 to 40. Compared with the
original PIs, the smoothed PIs have fewer data points and
most importantly still present essential features of the
original PIs.

Input data

CTree 1 CTree k CTree m

Result
aggregation

α1 αk αm

Predicted
class label 

AdaBoost classification tree
prediction phase

Training
data Initialize w Train

CTree k 

k = 1
Compute

model error e

Compute αUpdate w

Sample
training set 

k = k + 1

k < m

AdaBoost classification tree
training phase

Figure 6: Adaboost CTree training and prediction phases.
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(a) (b) (c) (d) (e)

Figure 7: -e collected dataset of pavement images. (a) AC, (b) DC, (c) LC, (d) NC, and (e) TC.
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Figure 8: -e proposed pavement crack classification model.
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Figure 9: Continued.
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Accordingly, the reduced PIs are employed to general
numerical features as input patterns which are used by
Adaboost CTree to recognize the types of cracks (AC, DC,
LC, and TC) as well as the condition of intact pavement
(NC). It is noted that, in this study, the Adaboost CTree
model has been used with the one-versus-one (OvO)
strategy [59] to cope with the multilabel data classifica-
tion. -e reason of selecting OvO is that this strategy
can deliver good prediction performance and can help us
to avoid the imbalanced data classification problem
[58, 60].

5. Experimental Results

To construct and verify Adaboost CTree, the collected image
dataset has been separated into two sets: the training set
(70%) and the testing set (30%). -e first set is used to

establish the learning model, and the second set is employed
to inspect the predictive performance of the Adaboost
CTree-based crack categorization model. Moreover, because
one time of training and testing may not express the true
predictive capability of the newly developed approach due to
the problem of randomness in the selecting data, a repetitive
data subsampling has been carried 20 times. -e Adaboost
CTree performance is assessed by averaging the prediction
results attained from the 20 times of training and testing
phases.

Moreover, the image processing techniques used in
the feature extraction phase require the specification of
several tuning parameters. In this study, these parame-
ters are selected via several trial and error experiments
with the collected pavement images. -e setting of
the parameter of the image processing techniques is as
follows:
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Figure 9: Projection integrals of asphalt pavement images using STF response: (a) alligator crack; (b) diagonal crack; (c) longitudinal crack;
(d) noncrack; (e) transverse crack.
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Figure 10: Continued.
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(i) -e window size of the median filter is 5× 5 pixels
(ii) -e amplitude magnification factor mf � 3 and the

intensity threshold Sr � 0.15
(iii) -e variance of the Gaussian function used in STF is

1.5
(iv) -e threshold value Ts of SBF is 0.02
(v) -e window size (W) used to smooth the PIs is 10

In addition, to express the predictive capability of the
Adaboost CTree-based crack recognition model, the
classification accuracy rate (CAR) for a class label i is
computed by the following equation:

CARi �
Ri
C

Ri
A

× 100(%), (16)

where Ri
C and Ri

A denote the number of data samples in the
class ith being correctly recognized and the total number of
data samples in the class ith, respectively.

-e overall classification accuracy rate (CAROverall) for
all the five class labels is calculated by the following equation:

CAROverall � 
5

i�1

CARi

5
. (17)

-e prediction accuracy of the Adaboost CTree models
with the two employed SBF and STF for creating the salient
crack maps is reported in Table 1. -ese two models are
denoted as Adaboost CTree-SBF and Adaboost CTree-STF.
As can be seen from this table, Adaboost CTree-STF has the
CARs of the AC class (93.17%), DC class (89.54%), LC class
(89.58%), NC (84.92%), and TC class (91.38%). -ese
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Figure 10: Projection integrals of asphalt pavement images using SBF response: (a) alligator crack; (b) diagonal crack; (c) longitudinal crack;
(d) noncrack; (e) transverse crack.
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outcomes are better than those yielded by the Adaboost
CTree-SBF with the CARs of the AC class (90.50%), DC
class (80.83%), LC class (83.71%), NC (79.38%), and TC
class (88.08%). -e overall CAR of Adaboost CTree-STF
(89.72%) is also higher than that of Adaboost CTree-SBF
(84.50%).

Furthermore, Figure 12 demonstrates the box plots of
prediction results of the Adaboost CTree-SBF and Ada-
boost CTree-STF classification approaches. To further
validate the statistical difference of the Adaboost CTree-
SBF and Adaboost CTree-STF, the Wilcoxon signed-rank
test (WSRT) is employed in this section. WSRT is a popular
nonparametric statistical hypothesis test which is often
employed for result comparison [61]. In this study, the
significance level of WSRT is chosen to be 0.05. If the p

value computed from the test is smaller than 0.05, it is able
to confirm that the pavement crack classification results of
the Adaboost CTree-SBF and Adaboost CTree-STF are
statistically different. With p value � 0.00008, it is confident
to state that Adaboost CTree-STF is significantly better
than Adaboost CTree-SBF.

6. Conclusion

-is study proposes an integration of image processing and
machine learning approaches for automatic pavement crack

recognition. Advanced image processing techniques in-
cluding FLLF, SBF, STF, and PI are employed to extract
numerical features from digital images. -e Adaboost CTree
utilizes the extracted features to perform crack recognition
tasks. A dataset of 2000 image samples with five classes of
asphalt pavement conditions (AC, DC, LC, NC, and TC) has
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Figure 11: Projection integrals (PIs) of a pavement image: (a) the original PIs; (b) the reduced PIs.

Table 1: Classification results of Adaboost CTree.

Image filtering approach Statistic
CAR of each class label

Overall CAR
AC DC LC NC TC

SBF Average 90.50 80.83 83.71 79.38 88.08 84.50
Std. 2.64 4.26 3.56 3.63 2.84 1.47

STF Average 93.17 89.54 89.58 84.92 91.38 89.72
Std. 3.03 2.64 4.14 4.02 3.28 1.32
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Figure 12: Box plots of prediction results of Adaboost CTree-SBF
and Adaboost CTree-STF.
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been collected to train and validate the proposed integrated
approach. An experiment using a random subsampling
process and WSRT points out that Adaboost CTree-STF is
significantly better than Adaboost CTree-SBF.

Since the current practice of pavement survey in Viet-
nam still heavily relies on the survey of human inspectors
and manual data analysis processes, the new approach based
on the Adaboost CTree classification model integrated with
STF can provide a helpful tool to accelerate the periodic
surveys of roads by boosting the productivity of the data
acquisition and analysis processes. -us, the newly con-
structed model can be highly useful for the local trans-
portation agencies and authorities to manage their road
sections effectively.

Based on the collected image samples, the smallest crack
opening that the Adaboost CTree-STF model can detect is
about 8mm. Since the ability to detect small cracks can be
essential for early warning of pavement deterioration, image
samples with thinner crack opening should be collected in
a future work to enhance the applicability of the current
model. Moreover, since the current stage of the study is
performing preliminary survey on pavement conditions.-e
details of crack length and opening have not yet been
available for analysis. -erefore, the current model can be
extended by employing image thresholding and image
segmentation techniques to separate the crack objects from
the pavement background. Accordingly, information re-
garding the length and the opening of cracks can be mea-
sured. In addition, other developments of the current study
may include the investigation of other novel machine
learning approaches in the task of asphalt pavement crack
recognition and the extension of the current dataset to
include other type of cracks (e.g., reflective cracks or block
cracks) as well as other forms of pavement defects (such as
potholes, ruts, depression, upheaval, and raveling) to en-
hance the applicability of the current prediction model.

Data Availability

-e dataset used in the study is provided in the supple-
mentary file.
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,is study establishes an artificial intelligence (AI) model for detecting pothole on asphalt pavement surface. Image processing
methods including Gaussian filter, steerable filter, and integral projection are utilized for extracting features from digital images.
A data set consisting of 200 image samples has been collected to train and validate the predictive performance of two machine
learning algorithms including the least squares support vector machine (LS-SVM) and the artificial neural network (ANN).
Experimental results obtained from a repeated subsampling process with 20 runs show that both LS-SVM and ANN are capable
methods for pothole detection with classification accuracy rate larger than 85%. In addition, the LS-SVM has achieved the highest
classification accuracy rate (roughly 89%) and the area under the curve (0.96). Accordingly, the proposed AI approach used with
LS-SVM can be very potential to assist transportation agencies and road inspectors in the task of pavement pothole detection.

1. Introduction

Roads are essential components of the national infrastructure.
Evaluating road condition is a crucial task of transportation
agencies that are responsible for establishing maintenance
schedules and allocating maintenance budgets [1]. ,e cor-
relation of road deterioration and the increasing number of
traffic accidents leads to the fact that road safety has become
a common concern in many countries [2]. ,e problem of
asphalt road degradation has a very negative impact on the
economic development for developing countries where fi-
nancial resource for pavement maintenance is often in-
sufficient. ,erefore, it is of practical need to improve the
effectiveness of the asphalt pavement maintenance process.

,e process of road safety survey generally consists of the
detection of the defects (e.g., cracks and potholes) existing
on the road section and evaluation of the magnitude of the
defects [3]. Among several forms of pavement distresses,
potholes are important indicators of the road defects, and
they should be detected in a timely manner for the tasks of
asphalt-surfaced pavement maintenance and rehabilitation

[4]. ,e reason is that this form of defect significantly delays
traffic and brings about a hazardous condition for drivers.

A pothole is commonly defined as a bowl-shaped de-
pression on the pavement surface with a minimum plane
diameter of 150mm [5]. Generally, structure aging, heavy
traffic condition, poor drainage, thin asphalt layer sub-
structure, and weak substructure can be the causes of
pothole appearance [6]. In developing countries, the pave-
ment pothole is often detected manually by inspectors of
local transportation agencies during periodical field surveys.
Although this conventional method can help to acquire
accurate evaluation of potholes, it also features low pro-
ductivity in both data collection and data processing. ,e
reason is that one pavement inspector can only inspect less
than 10 km per day [7]. With a large number of road sections
needed to be inspected routinely, the automation of the
pothole detection becomes a pressing need for trans-
portation agencies. Moreover, the productive pavement
surveying process significantly leads to economic gain. It is
because, if rehabilitation process is performed timely,
pavement restoration cost can be saved by up to 80% [8].
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In recent years, the advancement of image processing
techniques and the availability of low-cost visual sensing
equipment have paved the way for various methods of auto-
matic pothole detection. ,e feasibility of automatic pothole
detection approaches stems from the fact that the textures of
potholes are recognizably different from the background of the
pavement surface. Generally, computer-based pothole detection
can be divided into 3D reconstruction-based and 2D vision-
based approaches [3]. ,e 3D reconstruction-based methods
are established by 3D point clouds that are provided by ster-
eovision algorithms with the employment of a pair of video
cameras [9]. As stated by Koch et al. [3], the stereovision-based
methods require a complete 3D reconstruction of the asphalt
pavement surface. ,ese methods also necessitate expensive
equipment which is significant hindrances for researchers in
developing countries. Furthermore, irregular texture and color
of the asphalt pavement create a significant challenge to the
performance of 3D reconstruction-based approaches [3].

Accordingly, two-dimensional (2D) pavement images are
widely used in practice for pavement pothole detection.
Karuppuswamy et al. [10] proposed an integration of a vision
and motion system to detect simulated potholes. Koch and
Brilakis [11] relied on the elliptic shape, grain surface texture,
and image segmentation to identify potholes in 2D images.
Computer vision-based models that employ median filtering
and morphological operations have been put forward by
Lokeshwor et al. [12] and Radopoulou and Brilakis [13]. Koch
et al. [14] established a pothole detectionmodel that relies on the
techniques of texture extraction and comparison between
pothole pixels and healthy pavement pixels. Lokeshwor et al. [15]
proposed an adaptive thresholding technique for segmenting
distress pixels from the background pixels.,ehistogram shape-
based thresholding and maximum entropy method have been
employed in the previous works of Ryu et al. [6]. Ouma and
Hahn [16] rely on wavelet transform and fuzzy c-means clus-
tering to separate defect and nondefect pavement pixels.

Recent review works [3, 17, 18] have pointed out an in-
creasing trend of applying image processing technique and
artificial intelligence (AI) method for enhancing the accuracy
and productivity of the task of interest. Moreover, irregular
background illumination and complex pavement texture/color
are still major challenges that computer vision-based methods
have to overcome. Hence, other advanced approaches of image
processing and AI should be investigated to construct auto-
matic pothole recognition models.

,e current study is dedicated to establishing a new AI-
basedmodel for automatically recognizing pothole objects in
asphalt pavement images. ,e steerable filter is employed to
create a salient map for distress detection. In addition, the
Gaussian filter is utilized for image denoising, and the in-
tegral projection is employed to exhibit the characteristics of
the salient map constructed by the steerable filter. ,e
features extracted by the aforementioned image processing
techniques are used by the artificial neural network and the
least squares support vector machine. A data set of image
samples with two class labels (nonpothole and pothole) has
been collected and used to train and validate the perfor-
mance of the two supervised learning algorithms.

,e rest of the paper is organized in the following way:
,e second section presents the research methodology. ,e
next section describes the structure of the proposed model
for pavement pothole recognition. Experimental results and
performance comparison are reported in the fourth section,
followed by conclusions of the study in the final section.

2. Methodology

2.1. Image Processing Techniques

2.1.1. Gaussian Filter (GF). In image processing field, GF is
a widely used preprocessing technique to reduce image noise
and remove redundant details [19]. Particularly for the task
of pothole detection, GF can be helpful to blur the asphalt
background texture and facilitate further analysis of the
digital image. ,e GF is essentially a 2D convolution op-
erator that uses the kernel that represents the shape of
a Gaussian function. ,e formula of a Gaussian function in
a 2D space is given as follows:

G(x, y) �
1

2πσ2
exp −

x2 + y2

2σ2
 , (1)

where σ denotes the standard deviation of the GF.
Since the image is stored as a collection of discrete pixels,

it is necessary to employ a discrete approximation of the
Gaussian function before performing the convolution op-
erator on the image. For more details of the discrete ap-
proximation of the GF, readers are guided to the previous
works of Gonzalez et al. [19]. Figure 1 illustrates the effect of
image smoothing using the GF with different values of
standard deviation parameters.

Original image Image processed by GF σ = 1 Image processed by GF σ = 3 Image processed by GF σ = 5

Figure 1: Image smoothing with the Gaussian filter.
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2.1.2. Steerable Filter (SF). A SF is an orientation-selective
convolution kernel image processing algorithm put forward
by Adelson and Freeman [20]. SF is highly useful for the task
of image enhancement because this algorithm is able to
distinguish the objects of interest and the surrounding
background [21]. SF has been successfully employed in
various fields including recognition of object tracking, road
crack detection, and many computer vision problems
[22–26]. In this current study, a linear combination of
Gaussian second derivatives is used as a basic filter.

,e equation of the 2D Gaussian at coordination (x, y)

in the digital image is provided as follows:

G(x, y, σ) �
1
���
2πr

√ exp
− x2 + y2( 

2σ2
 , (2)

where r is the variance of the 2D Gaussian function.
,e second derivative of the function G is shown as

follows:

Gxx(x, y, r) �
x2 − r2( exp − x2 + y2( /2r2( 

���
2π

√
r5

,

Gyy(x, y, r) �
y2 − r2( exp − x2 + y2( /2r2( 

���
2π

√
r5

,

Gxy(x, y, r) � Gxy(x, y, r) �
xy exp − x2 + y2( /2r2( 

���
2π

√
r5

.

(3)

,e formulation of the steerable filter is given in the
following equation:

F(x, y, r, θ) � Gxx cos
2
(θ) + 2Gxycos(θ)sin(θ)

+ Gyy sin
2
(θ),

(4)

where θ denotes the orientation of the filter.
,e filter response for a whole digital image I is

graphically presented in Figure 2 with θ � [0 : 45 : 360] and
r � 1.0, 1.5, and 2.0. It is noted that the response at co-
ordination (x, y) is attained by the convolution operator as
follows:

R(x, y) � F(x, y, σ, θ)∗ I(x, y), (5)

where “∗” is the image convolution operator.

2.1.3. Integral Projection (IP). IP is a commonly used image
processing technique in the field of automatic face recog-
nition system [27]. Due to its simplicity and discriminative
power, this technique is very potential to be applied to the
task of pothole detection. Given a grayscale image I(x, y),
the horizontal and vertical IPs are defined as follows:

HP(y) � 
i∈xy

I(i, y),

VP(x) � 
j∈yx

I(x, j),
(6)

where HP and VP are the horizontal and vertical IPs, re-
spectively. xy and yx denote the set of horizontal pixels at

the vertical pixel y and the set of vertical pixels at the
horizontal pixel x, respectively.

,e results of IP analysis for several pavement images
with the size of 150 ×150 pixels are presented in Figure 3.
As can be observed from these images, a healthy pavement
image is characterized by recognizably stable signals of
both horizontal and vertical IPs. On the other hand, each
IP of an image containing a pothole features a peak;
moreover, the location of these two peaks should be rel-
atively close to each other. It is noted that if an image
contains a crack pattern, the IPs are not stable. In this case,
there should be a peak of intensity along one axis as shown
in Figure 3(b). Based on such observations, IP can be
effective in characterizing images with and without the
pothole.

2.2. Artificial Intelligence Approaches

2.2.1. Artificial Neural Network (ANN). ANN is a popular
AI approach for pattern recognition. ,is approach stems
from biological neural networks in the natural world [28].
,rough the supervised training process, an ANN model
is capable of making inference via a large aggregation
of neural units called artificial neurons. ANN is very
similar to the way a biological brain solves pattern rec-
ognition problems with a large number of connected
biological neurons [29]. An ANN model consists of multiple
nodes, which simulate biological neurons of the human
brain.

A neuron can process information and exchange in-
formation with other neurons through axons. Each link or
axon is featured by a weight value.,us, ANN is able to learn
a discrimination function by adapting the values of these
weights. An ANN model typically includes an input,
a hidden, and an output layer (Figure 4).

Providing that the learning task is to approximate
a classification function f: X ∈ RD→Y ∈ RC, where D

denotes the number of input attributes and C � 2 represents
the number of class labels, the ANN structure is shown in the
following equation [30]:

f(X) � b2 + W2 × fA b1 + W1 × X( ( , (7)

where W1 and W2 denote weight matrices of the
hidden layer and the output layer, respectively. b1 �

[b11, b12, . . . , b1N] represents a bias vector of the hidden
layer; b2 is a bias vector of the output layer; fA denotes
an activation function (e.g., log-sigmoid). Generally, the
weight matrices and the bias vectors of the ANN can
be effectively trained using the error backpropagation
framework [28, 31].

2.2.2. Least Squares Support Vector Machine (LS-SVM).
LS-SVM, proposed by Suykens et al. [32], is a least squares
version of the standard support vector machine (SVM)
algorithm. A notable advantage of LS-SVM is that the model
structure of LS-SVM is learned by solving a linear system
instead of a nonlinear optimization problem in SVM.
During the learning process, LS-SVM first maps the data
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Original image Image enhanced by SF: r = 1.0 Image enhanced by SF: r = 1.5 Image enhanced by SF: r = 2.0

Figure 2: Image enhancement using the steerable filter with different value of r.
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Figure 3: Continued.
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from the original space to a high-dimensional feature space
via a mapping function φ(.) [33, 34]. ,e LS-SVM method
then constructs an optimal separating hyperplane by
adapting the parameters of its normal vector and bias. A
typical learning process of a LS-SVM classifier is displayed in
Figure 5.

Given a training data set of xk, yk 
N

k�1 where N rep-
resents the number of training data points, n denotes the
data dimension, yk ∈ −1, +1{ } is the two class labels of
interest, the LS-SVM for a 2-class pattern recognition can be
stated as follows [35, 36]:

minimize Jp(w, e) �
1
2
w

T
w + c

1
2



N

k�1
e
2
k, (8)

subjected to yk w
Tφ xk(  + b  � 1− ek k � 1, . . . , N,

(9)

where w ∈ Rn denotes the normal vector to the classi-
fication hyperplane and b ∈ R is the bias; ek ∈ R repre-
sents error variables; c> 0 denotes a regularization
constant.

Accordingly, the Lagrangian is given by the following
equation [32]:

L(w, b, e; α) � Jp(w, e)

− 
N

k�1
αk yk w

Tφ xk(  + b − 1 + ek ,

(10)

where αk is a Lagrange multiplier; φ(xk) denotes a kernel
function.

After the KKT conditions for optimality are applied, the
optimization described in (9) corresponds to solving the
following linear system [32]:
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Figure 3: Integral projection of images: (a) pothole class and (b) nonpothole class.
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0 yT

y Ω + c−1I
⎡⎣ ⎤⎦

b

α
  �

0

1v
 , (11)

where y � y1, . . . , yN; 1v � [1; . . . ; 1]; and
α � [α1; . . . ; αN]. Additionally, the kernel function is
applied as follows:

Ω[i, j] � yiyjϕ xk( 
Tϕ xl(  � yiyjK xk, xl( . (12)

Finally, the LS-SVM classificationmodel can be obtained
as follows:

y(x) � sign 
N

k�1
αkyiK xk, xl(  + b⎛⎝ ⎞⎠, (13)

where αk and b denote the solution to the linear system
shown in (11). In addition, the kernel function that is
often used in LS-SVM is the radial basis function (RBF)
kernel [37].

2.3.>eCollectedDataSet ofPavement Images. Because ANN
and LS-SVM are supervised learning algorithms, a data set of
asphalt pavement images with ground truth conditions of
pothole and nonpothole has to be collected for model training
and validation. ,is study has collected images of asphalt
pavement using a digital camera during field surveys. ,e two
class labels of nonpothole and pothole are assigned by the
inspector. To facilitate the speed of image processing steps, the
image size of each sample is determined to be 150×150 pixels.
,us, image cropping and resizing are applied if necessary.

In total, 200 image samples are prepared within which
each class label has 100 samples. In order to establish and
verify the prediction models, the collected data set has been
divided into two subsets: the training set (80%) and the
testing set (20%). ,e training set is employed in the model
construction phase.,e testing set is reserved to examine the
predictive capability of the trained models. ,e collected
image data set is illustrated in Figure 6.
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Figure 4: ,e ANN model structure used for pothole detection.
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Figure 5: ,e LS-SVM classification model’s learning process.
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3. The Proposed Approach for Asphalt
Pavement Pothole Detection

,is section describes the overall structure of the proposed
approach (Figure 7) which is named as steerable filter and
artificial intelligence-based pothole detection model (SF-AI-
PDM). ,e model includes three main modules: (1) image
acquisition and feature extraction, (2) data set construction,
and (3) AI model training and prediction. SF is an essential
part of the first step.

Besides the SF algorithm, the GF is used as a method of
image denoising and IP is employed to extract the properties
of the salient map computed by the SF. It is noted that the GF
is applied to denoise both the original image (GF level 1) and
the SF-based salient map (GF level 2). ,e GF level 1 aims at
removing irregular texture on the asphalt pavement back-
ground. Meanwhile, the GF level 2 is dedicated to enhance
the SF-based salient map by reducing the noisy feature. In
the third module, ANN and LS-SVM are employed to
generalize a classification boundary used to recognize pot-
hole patterns. It is noted that SF-AI-PDM has been pro-
grammed in MATLAB environment with the support of the
MATLAB image processing toolbox [38].

At the first step of the first module, the proposed ap-
proach employs the GF to denoise the original digital image.
Herein, the parameter σ1 which is the standard deviation of
the GF used at level 1 should be selected. Based on several
trial-and-error runs with the collected image samples, the
value of σ1 � 3 is found to be the appropriate one. In the next
step, the SF is used to create a response map. With the
orientation of the filter θ � [0 : 45 : 360], the parameter r of
SF is experimentally set to be 2.,e parameter r � 2 is found
to sufficiently separate the pothole pattern out of the
pavement background.

To enhance the quality of the SF-based response map, GF
is applied. ,e value of the standard deviation of GF (σ2) at
the second level is also selected to be 3. Based on the

smoothed response map, the IPs of the image are calculated.
As stated earlier, the image size is 150×150 pixels. ,us, if
no simplification measure is employed, the number of IP-
based features can be quiet large (i.e., 300 features). To
reduce the number of features, a method which is similar to
the moving average technique is applied. In detail, the av-
erage value of 5 consecutive pixels along the horizontal and
vertical axes of an image is computed to establish the
contracted IP. ,is moving average technique can help to
alleviate local fluctuations in the original IPs. Another

(a)

(b)

Figure 6: ,e collected image data set.
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Feature extraction

Data set
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Model training

Model prediction

Pavement pothole
detection result

Steerable filterGaussian filter
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Integral
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ANN

LS-SVM

Gaussian filter
level 2

Training
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Testing
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Figure 7: ,e proposed pavement pothole detection model
(SF-AI-PDM).
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benefit of this technique is that the number of features is
reduced from 300 to 60. ,is reduction of the number of
features is very helpful for the machine learning algorithms
since they can avoid the curse of dimensionality [28].

,e whole process of feature extraction is illustrated in
Figure 8. It can be observed that the contracted IPs with 60
features (X1, X2, . . . , X60) still preserve the distinctive
characteristics of the original IPs with 300 features. Another
observation is that both GF level 1 and level 2 have critically
diminished the noisy patterns in the original digital image
and the SF-based response map. Particularly for the second
level of the GF, this technique helps to highlight the pattern
of the pothole. Consequently, the features extracted from the
IPs can have high discriminative power to distinguish
pothole and nonpothole classes.

After the feature set is determined, the data set of image
samples is established in the second module. Accordingly,
the data set is separated into two sets: training set (80%) and

testing set (20%). ,e training set is used for model es-
tablishment; the testing set is employed for model verifi-
cation. With the separated data sets, the AI methods of ANN
and LS-SVM are employed to generalize a decision
boundary that classifies the instances of nonpothole and
pothole classes. ,e training phases of ANN and LS-SVM
require the setting of several model parameters. In addition,
to quantify the classification performance of these two AI
approaches, evaluation metrics must be employed. ,ese
two issues are going to be addressed in the next section of the
study.

4. Experimental Result and Comparison

As aforementioned, the data set consists of 200 image
samples with the size of 150 ×150 pixels. ,e data set is
separated into the training set which occupies 80% of the
data and the testing set which contains 20% of the data.
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Figure 8: ,e feature extraction process of SF-AI-PDM.

8 Advances in Civil Engineering



,e first set is used to establish the model; the second set
is reserved for investigating the predictive performance
of the models. It is noted that a single run of the ex-
periment may not reliably reveal the model predictive
performance due to the problem of randomness in data
separation. Hence, the performances of the AI ap-
proaches (ANN and LS-SVM) are evaluated via a repeated
subsampling process which includes 20 runs. In each run,
20% of the data set is randomly taken out to form the
testing data set; the rest of the data set is used as the
training set.

It is also proper to note that, before the training and
predicting phase, the Z-score transformation has been
employed to normalize the whole data set. ,e data nor-
malization aims at fending off the situation in which input
variables with large magnitude dominate ones with small
values. Moreover, the implementations of the two AI
methods necessitate the specification of several tuning pa-
rameters. For the purpose of setting those parameters, the
original data set is divided into a training set (80%) and
a verification set (20%). ,e model’s tuning parameters
corresponding to the best predictive performance on the
verification set is selected as the optimal ones.

,e implementation of ANN requires determining the
number of neurons in the hidden layer and the learning rate.
As suggested by Heaton [39], the number of neurons is
roughly selected to be NL � (2/3)Di + Do. Herein, Di and
Do represent the number of neurons in the input and output
layers, respectively. In addition, the number of neurons in
the hidden layer should not larger than 1.5×NL since
overfitting often happens with an ANN with a surplus
number of neurons.,e second tuning parameter of ANN is
the learning rate in which values can be selected from a set of
[0.001, 0.01, 0.1, 1]. Other parameters of ANN including the
type of the activation function and the number training
epochs are selected to be log-sigmoid function and 3000,
respectively. For the case of LS-SVM, this AI method ne-
cessitates an appropriate determination of the penalty
constant and the kernel function parameters. In this study,
these two tuning parameters of LS-SVM are determined via
a grid search algorithm described in the previous research
work of Hoang and Tien Bui [40].

Moreover, to quantify the predictive capability of AI
models used for pothole detection, the classification accu-
racy rate (CAR) is calculated as follows:

CAR �
RC

RA
× 100(%), (14)

where RC and RA represent the number of image samples
being correctly classified and the total number of image
samples, respectively.

Besides CAR, the true positive rate (TPR) (the per-
centage of positive instances correctly classified), the false
positive rate (FPR) (the percentage of negative instances
misclassified), the false negative rate (FNR) (the percentage
of positive instances misclassified), and the true negative rate
(TNR) (the percentage of negative instances correctly
classified) should also be used [41]. ,e four indices are
computed in the following way:

TPR �
TP

TP + FN
,

FPR �
FP

FP + TN
,

FNR �
FN

TP + FN
,

TNR �
TN

TN + FP
,

(15)

where TP, TN, FP, and FN are the values of true positive,
true negative, false positive, and false negative, respectively.

Furthermore, the four rates of TP, FP, FN, and TN can be
graphically summarized in the form of a receiver operating
characteristic (ROC) curve. ,e ROC curve is drawn based
on the sensitivity (true positive rate) and the specificity (false
negative rate). Using the ROC curve, an index called the area
under the curve (AUC) can be calculated to express the
model classification capability. It is noted that AUC ranges
from 0.5 to 1. AUC� 1 indicates a perfect classification
model, and AUC� 0.5 indicates an incapable classifier with
random predictions [42].

Experiments with various settings of model parameters
indicate that ANN with the number of neurons of 40 and the
learning rate of 0.01 delivers the most desirable outcome. In
addition, the regularization parameter of 500 and the kernel
function parameter of 100 are found to be appropriate for the
LS-SVM model. With such parameter settings, the model
prediction performances obtained from 20 runs are summa-
rized in Table 1 with the average (mean) and standard deviation
(SD) values of each performance metric. It is observable that
LS-SVM (CAR� 88.75% and AUC� 0.96) has achieved
a better prediction accuracy than ANN (CAR� 85.25% and
AUC� 0.92).,eTPR andTNRof LS-SVM (0.82 and 0.96) are
also superior to those of the ANN (0.81 and 0.90). ,e pre-
diction capabilities of the two AI models in the form of ROCs
are graphically presented in Figure 9. Experimental results
indicate that LS-SVM is a more suitable AI approach for the
collected image data set of asphalt pavement.

5. Conclusion

,is research establishes an automatic approach for asphalt
pavement pothole detection. Image processing techniques
including GF, SF, and IP are used synergistically to extract
features from pavement digital images. Two levels of GF are

Table 1: Result comparison between ANN and LS-SVM.

Model BPANN LS-SVM

Phase Training Testing Training Testing
Statistics Mean SD Mean SD Mean SD Mean SD
CAR 95.33 7.49 85.25 9.10 94.63 0.68 88.75 3.49
AUC 0.99 0.03 0.92 0.08 0.99 0.00 0.96 0.02
TPR 0.95 0.02 0.81 0.11 0.90 0.01 0.82 0.07
FPR 0.04 0.14 0.10 0.15 0.01 0.01 0.04 0.03
FNR 0.05 0.02 0.20 0.02 0.10 0.01 0.19 0.01
TNR 0.96 0.14 0.90 0.15 0.99 0.01 0.96 0.03
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utilized as an image denoising technique. SF assisted by GF is
used to generate a pothole resilient map. IP analysis based on
such map is performed to numerically present the feature of
an image with the particular interest in pothole recognition.

A simple moving average technique is put forward to reduce
the number of the extracted features from 300 to 60. Based
on the image features, two AI approaches of ANN and
LS-SVM have been employed to construct classification
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Figure 9: ROC of the ANN and LS-SVM models: (a) ANN results and (b) LS-SVM results.
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models to predict the existence of pothole on the pavement
surface. Experimental results with a repeated subsampling
procedure with 20 runs confirm that ANN and LS-SVM are
capable AI methods for pothole detection. It is because the
CARs of both methods are higher than 85% and AUC values
surpass 0.9. Moreover, LS-SVM has been identified as the
better approach for the task of pothole detection with
a desired accuracy of approximately 89%.

With good predictive accuracy, the proposed AImodel is
very potential to be employed by transportation agencies
and road inspectors to enhance the productivity of pavement
inspection tasks with the specific focus on the pothole. ,e
first future direction of the current study may include the
evaluation of other advanced AImethods and their ensemble
learning strategy to meliorate the pothole detection accuracy
rate. ,e second future direction of the current model is to
utilize advanced image processing methods for estimating
the size of potholes. In addition, the integration of the
current AI model with other sophisticated image analysis
techniques to enhance the feature extraction stage is also
worth investigating.
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