
Research Article
Prediction of Skid Resistance Value of Glass Fiber-Reinforced
Tiling Materials

Sadik Alper Yildizel,1 Yesim Tuskan,2 and Gökhan Kaplan3

1Faculty of Engineering, Department of Civil Engineering, Karamanoglu MehmetBey University, Karaman, Turkey
2Faculty of Engineering, Department of Civil Engineering, Manisa Celal Bayar University, Manisa, Turkey
3Faculty of Engineering, Department of Civil Engineering, Kastamonu University, Kastamonu, Turkey

Correspondence should be addressed to Sadik Alper Yildizel; sayildizel@kmu.edu.tr

Received 3 July 2017; Revised 17 October 2017; Accepted 29 October 2017; Published 19 December 2017

Academic Editor: Cumaraswamy Vipulanandan

Copyright © 2017 Sadik Alper Yildizel et al. +is is an open access article distributed under the Creative Commons Attribution
License, which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is
properly cited.

+is research focuses on the use of adaptive arti/cial neural network system for evaluating the skid resistance value (British
Pendulum Number; BPN) of the glass /ber-reinforced tiling materials. During the creation of the neural model, four main factors
were considered: /ber, calcium carbonate content, sand blasting, and polishing properties of the specimens. +e model was
trained, tested, and compared with the on-site test results. As per the comparison of the outcomes of the study, the analysis and
on-site test results showed that there is a great potential for the prediction of BPN of glass /ber-reinforced tiling materials by using
developed neural system.

1. Introduction

Many researches have been focused on the skid and slip
resistance properties of the construction materials in
order to lessen accident rates in developed countries. +ese
countries, especially the USA, where severe environmental
conditions occur, have made huge expenses incurred
by slipping accidents. +e cost of the accidents in the USA
is 37.3 and 64.41 billion dollars in 1985 and 1994, re-
spectively [1]. Moreover, the estimated cost of the year 2020
is approximately 85 billion dollars [2]. Two hundred
thousand people are injured annually due to the falling-
caused accidents, and among them, close to one percent
lose their lives [3].

Nowadays, studies have been conducted on three main
objectives: (i) human foot wear and their standards, (ii)
construction materials and their standards, and (iii) the
environment [1]. Generally, in the construction materials
industry, all test equipment are produced and operated
based on rubber friction. +ose test tools basically consist of
a vertical load, a projected speed, and a friction measure-
ment wheel. On contrary to their simple structure, testing

via this equipment sometimes becomes complex and ex-
pensive, if large-size construction materials are planned for
testing. Besides, the test results vary depending on the dy-
namic factors such as temperature, test speed, rubber quality
and aging, and even material curviness [4]. +ese factors
directly aDect the skid resistance, and it is very problematic
to control them due to their nature.

Many approaches have been developed to determine
the skid resistance value of the materials. Some of them
depend on 2-dimensional or 3-dimensional data of thematerial
surface with the aid of laser sensors [5–7]. Depolarization-
based methods had been studied but not improved since
optical properties of the materials did not reFect the
interaction between the material and the impact source
[8, 9]. Prediction through the surface properties of the
material and relevant studies in the literature can include
some regression models, fuzzy logic, and arti/cial neural
networks [10–12].

Even though there is wide-ranging knowledge on the
interaction between the construction material and the
skid origin in recent years, a safe and stable method has
not been developed yet. +e most preferred and accredited
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material to produce test equipment is rubber. During the
skid resistance tests, it loses its internal dumping energy,
and this con/rms that the main factor aDecting the test
result is the surface of the material [13, 14].

Arti/cial neural networks (ANNs) are characteristic
methods to model the comportment of the brain func-
tions and human nervous system [15]. ANN is an in-
formation system that aims at providing capabilities such
as the human brain resembles systems of learning, as-
sociation, classi/cation, generalizing, estimation, and
optimization [16]. +e limitations of various numerical
modelling techniques and fails of many mathematical models
for highly nonlinear behaviour of soils are also consid-
ered to be complex, time-consuming, and not always
practical for civil engineering approaches. In construc-
tion material and geotechnical engineering problems, as

with many areas of civil engineering, ANN has been used
widely with high accuracy to predict and model the re-
sistance values [15–18].

+ere are some components of the system including ac-
tivation function, learning algorithm, and architecture struc-
ture taken into consideration depending on the performance
of an ANN. Generally, ANNs are divided into twomajor types:
namely, feed-forward (FF) and recurrent (R). One of the most
well-known FF-ANNs is the multilayer perception (MLP)
neural network. An ANN architecture can be consisted of an
input layer, an output layer, and one or more hidden layers
[19]. Back-propagation (BP) networks learn from continuing
existence, and its characterization gained wide application in
civil engineering [20]. +e accuracy of model prediction is
inFuenced by number of hidden layers and their neurons in
the BP network [19]. Determination of the optimal number of

Table 1: Alkali-resistant glass /ber properties.

Property Fiber values
Softening point 850°C
Chemical resistance High
Elasticity modulus 72,000 Mpa
Tensile strength 1700MPa
Dry density 2.65 g/cm3

Electrical conductivity Very low

Figure 1: Spraying process.

Table 2: +e chemical and physical properties of CEM I 52.5 R cement.

Chemical properties (%) Physical and mechanical properties
SiO2 21.6 Speci/c weight 3.06
Al2O3 4.05 Speci/c surface (cm2/g) 4600
Fe2O3 0.26 Whiteness (%) 85.5
CaO 65.7 Initial setting (min) 100
MgO 1.30 Final setting (min)s 130
Na2O 0.30 Water used for consistency (%) 30
K2O 0.35 Volume constancy (mm) 1.0
SO3 3.30 Remnants obtained using 0.045 sieve (%) 1.0
Free CaO 1.60 Remnants obtained using 0.090 sieve (%) 0.1
Chloride (Cl) 0.01 Compressive strength for 2 days (MPa) 37.0
Insoluble 0.18 Compressive strength for 7 days (MPa) 50.0
Loss on ignition 3.20 Compressive strength for 28 days (MPa) 60.0
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neurons in the hidden layer and the number of hidden layers
depending on the complexity of the problem and the size of the
database cannot be connected to a rule. +e most accurate
prediction is generally obtained with one hidden layer.
However, the selection of suOcient number of neurons is
presented under the feedback of these methods. +e input
variables are the main factors that aDect the answers of this
problem. And output variables corresponding to the number
of neurons in the output layer are the expected answers to the
problem. Neurons of the output layer communicate with
the system of external environment by the con/guration of
output. +e over rifting error on the training set can drive to
a very small number; however, when the date is applied to the

neural network, it becomes larger. +is situation can be the
cause of poor performance in machine learning [18, 21].
Training MLP-ANN can be performed by diDerent algo-
rithms. As reported by several researchers, training algo-
rithms are employed for the networks. At the end of the
training phase of the ANN, the network produces outputs for
the given inputs. +ese outputs are compared with the targets
which are the simulation results.

Within the scope of this study, the British pendulum tester
was preferred for the determination of the skid resistance
value of the materials for posing experimental results and the
comparison with the neural network analysis results. +e
prediction capability of the neural model has been studied.

Table 3: Details of the parameters used for the ANNs and MR models developed.

Data type Model parameters Minimum value Maximum value Mean Standard deviation

ANN-1 input

Calcium carbonate 3% 0.00 10.00 2.81 3.72
Calcium carbonate 5% 0.00 7.50 1.94 2.74
Calcium carbonate 10% 0.00 10.00 1.94 3.55

Fiber content 0.00 2.50 1.87 0.63
Sand blasting 0.00 1.00 0.38 0.49

ANN-2 input

Calcium carbonate 3% 0.00 10.00 2.81 3.72
Calcium carbonate 5% 0.00 7.50 1.94 2.74
Calcium carbonate 10% 0.00 10.00 1.94 3.55

Fiber content 0.00 2.50 1.87 0.63
Polishing 0.00 1.00 0.63 0.49

Output BPN 56.00 73.00 64.30 3.45

Figure 3: Polishing applied specimen.

(a) (b)

Figure 2: (a, b) Sand blasting applied specimens.
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2. Glass Fibre-Reinforced Tiling Materials and
Experimental Study

Reinforcing a tile material by glass /bers is an eOcient and
stable method to enhance the strength and durability
properties of tile materials [22]. Alkali-resistant glass /ber
was used to increase concrete Fooring materials’ Fexural
capabilities. +e physical and mechanical properties of the
/bers are shown in Table 1.

Spray-cast methodology was applied for production
line works (Figure 1). CEM I 52.5 R cement type was used

for the mixture design of on-site applications. +e chemical
and the physical properties of the cement are presented in
Table 2.

Alkali-resistant glass /bers were added to the mixes at
the rates of 1%, 1.5%, 2%, and 2.5% (maximum) in parallel
with the relevant literature research [23–26]. As a cement
replacement material, calcium carbonate was used at the
rates of 5%, 7.5%, 2%, and 10%.

Following spraying process and the hardening of the tile
material, polishing and sand blasting methods were applied
to the surface of the materials (Figures 2 and 3).
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Figure 4: Comparison of the measured BPN values with the predicted BPN values from the ANN-1 model for (a) training and (b) testing
samples under sand blasting condition.
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Figure 5: Comparison of the measured BPN values with the predicted BPN values from the ANN-2 model for (a) training and (b) testing
samples under polishing condition.
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+e British Pendulum Number of the all the specimens
was all recorded with the use of the British pendulum tester.

3. Artificial Neural Network Analysis

A three-layered feed-forward MLP-ANN has been
adopted for the skid resistance estimation. In this paper,
the ANN-1 and ANN-2 are designed just to estimate the
British Pendulum Number (BPN). In these models, the
additives, namely, calcium carbonate 3%, calcium car-
bonate (CC) 5%, calcium carbonate 10%, /ber content
(FC), and sand blasting (SB), are the input parameters for
ANN-1, and calcium carbonate 3%, calcium carbonate
(CC) 5%, calcium carbonate 10%, /ber content (FC), and

polishing (P) are the input parameters for ANN-2. +e
observed BPN value was the only output parameter for
both ANN models.

Data from several scenarios of similar problems have
identi/ed that, even by using just one hidden layer, any
complex function in a network can be solved. Consequently,
in this research, one hidden layer was chosen to make the
ANNmodels. Data classi/cation of ANNmodels was carried
out as proposed: 80% of the data for training and 20% for
testing [27–30]. In the model, log-sigmoid was utilized for
transfer function while LM algorithm was employed to
synthesize the ANN models. +e details of the parameters
considered during the BPN analysis in this study are given in
Table 3.

Table 4: Performance indices (R2, RMSE, MAE, and VAF) of the ANN and MR models.

Model Data R2 (%) RMSE MAE VAF

ANN-1 Training set 86.91 1.82 1.29 84.21
Testing set 84.31 1.25 1.56 85.84

ANN-2 Training set 88.92 0.92 1.21 84.21
Testing set 90.39 1.05 0.96 85.84

MR All data 65.34 2.37 1.59 53.45
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Figure 7: Scaled percent error of the BPN predicted from the ANN-1 model.
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Figure 6: +e comparison of the calculated BPN values with the predicted BPN values from the MR model for all samples.
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Based on di�erent scenarios of additive assessment,
polishing, and sand blasting, the BPN values modelled by
MLP-ANN are shown in Figures 4 and 5. An overall good
agreement between ANN models and experimental obser-
vation has been found.

BPN � 55.98 + 1.251 × FC + 0.853 × CC3% + 1.002

× CC5% + 1.010 × CC10%− 1.749 × P, R � 0.534.
(1)

It is noted from the results of the MR analysis that (1) has
the R value of 0.534. It can be seen that R value is not very
high but shows good correlation with the results of very high
R2 values. It is observed that ANN-predicted values are less
scattered and are close to on-site measurements. �ese
outcomes are in parallel with the results of the similar
prediction studies [29, 30]. Furthermore, in order to show
the relationship between measured and predicted BPN
values, BPN values predicted from (1) were compared with
the BPN values calculated from the experimental observa-
tion, as shown in Figure 6 for all samples.

Following these calculations and analysis, perfor-
mance of the ANN can be evaluated by four factors,
namely, the determination coe�cient (R2), variance ac-
count for (VAF), mean absolute error (MAE), and root
mean square error (RMSE) in Table 4. In the case of
determination coe�cient, when the R value is close to 1, it
can be concluded that the network can predict the data
properly while in other performance factors, the mini-
mum parameter is the best.

In addition to the performance indices, in order to gain
an insight into the capabilities of the proposed correlations,
a graph between the scaled percent error (SPE) (as given by (2))

and cumulative frequency is depicted in Figures 7–9, re-
spectively, for the ANN-1, ANN-2, and MR models con-
sidering the data employed in this study as studied in similar
literature researches [30–32].

SPE � BPNp −BPNm( )
BPNm( )max− BPNm( )min

, (2)

where BPNp and BPNm are the predicted and the measured
British Pendulum Number (BPN) and (BPNm)max and
(BPNm)min are the maximum and the minimum measured
BPNs, respectively.

About 91% of the BPN value predicted from the ANN-2
model fall into ±10% of the SPE, indicating a perfect estimate
for the BPN value. About 71% of the BPN value predicted
from the ANN-2 model fall into ±10% of the SPE, indicating
a close estimate for the BPN value. �ese results indicate
that ANNmodels developed were superior to the MRmodel
in predicting the BPN value. It can be concluded that the
ANN-2 model developed in this study can be used for the
estimation of the BPN value and so for the determination of
skid resistance and relevant measurements. �e polishing
property is found to be the most important input parameter
followed by sand blasting based on the weight and the biases
of the trained network.

4. Results and Discussion

In this study, the e�ciency of the ANN and MR models to
forecast the British Pendulum Number (BPN) has been
investigated and compared. To achieve this, the BPN values
were measured by changing the additive percentage, �ber
ratio, polishing, and sand blasting conditions and utilized in
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Figure 8: Scaled percent error of the BPN predicted from the ANN-2 model.
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Figure 9: Scaled percent error of the BPN predicted from the MR model.
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the simulation of the ANN and MR models. +e input
parameters used in the ANN and MR models are four
common additive percentages (CC 3%, CC 5%, CC 10%, and
/ber ratio) and two separate experiment conditions (polishing
and sand blasting). +e output parameter in both models is
the measured British Pendulum Number (BPN).

+e scatter plots of the calculated versus predicted BPN
for the ANN models are shown in the previous section.
Obviously, the plots approximate a straight line which
con/rms the high accuracy of the ANN-2 model for the
prediction of the BPN. +e R2 values were 88.92 and 90.39
for training and testing data, respectively.
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