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Abstract.

Flexural and splitting strength behavior of conventional concrete can significantly be improved by incorporating the

fibers in it. A significant number of research studies have been conducted on various types of fibers and their influence on the
tensile capacity of concrete. However, as an important property, tensile capacity of fiber reinforced concrete (FRC) is not
modelled properly. Therefore, this paper intends to formulate a model based on experiments that show the relationship between
the fiber properties such as the aspect ratio (length/diameter), fiber content, compressive strength, flexural strength and splitting
strength of FRC. For the purpose of modeling, various FRC mixes only with steel fiber are adopted from the existing research
papers. Automated neural network search (ANS) is then developed and used to investigate the effect of input parameters such as
fiber content, aspect ratio and compressive strength to the output parameters of flexural and splitting strength of FRC. It is found
that the ANS model can be used to predict the flexural and splitting strength of FRC in a sensible precision.
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1. Introduction

Since the 1980s, with the rapid development of
computer and information technology, artificial intelligence
has been gradually applied in various fields, and Artificial
Neural Network (ANN) is one of the most widely used.
ANNs provide a way to deal with complex and fuzzy
problems with incomplete and inaccurate knowledge. ANNs
are non-linear dynamic systems developed by simulating
the biological neural structure system, and it can establish
the implicit and complex relationship between input and
output through training and learning, which is suitable to
the problems difficult to solve by traditional calculation
methods (Adeli 2001). Due to its strong nonlinearity,
adaptability and fault tolerance, ANNs have been widely
used in the field of civil engineering, such as material
performance prediction, damage identification, bearing
capacity analysis, optimal design, prediction of structural
seismic response, construction management, etc. Adeli and
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Yeh (1989) published the first journal article on civil
engineering applications of neural networks and applied
perceptron to the design of steel beam with the length
member, the unbraced length, the maximum bending
moment, the maximum shear force and the ten times of
bending coefficient as the inputs to predict whether the
design of steel beam is acceptable. Stephens and
Vanluchene (1994) trained a neural network model with
three quantitative damage indexes as the inputs to assess the
safety condition of earthquake-damaged structures. The
results show that the neural network method is more
reliable than the linear regression method. Based on a large
number of test data, Buenfeld and Hassanein (1998)
developed several ANNs predicting chloride profiles,
chloride binding and carbonation depth to assist life
prediction of concrete structures with steel corrosion.
Georgy et al. (2005) applied neurofuzzy intelligent systems
to predict the engineering performance in a construction
project, and the neurofuzzy intelligent system combines
ANNSs and fuzzy control system, which offers the learning
capabilities of ANNs while maintaining the flexibility in
variable description of fuzzy-based modeling. Li et al.
(2011) proposed a damage identification method that
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compresses the pattern changes in frequency response
function (FRFs) to a few principal components as the input
of neural network model to estimate the structural damage.
Yi et al. (2013) proposed a multi-stage structural damage
diagnosis method based on the "energy-damage" theory,
where the wavelet packet component energies are adopted
as input into an improved back propagation neural network
model. Gholizadeh (2015) combined a modified firefly
algorithm and ANN to develop an efficient method for
performance-based optimum seismic design of steel
moment frames.

With the application of neural networks in the field of
civil engineering, many researchers try to use ANNs to
predict the mechanical properties of concrete.
Kasperkiewicz et al. (1995) utilized ANNs for predicting
strength properties of high-performance concrete with the
inputs as six components, and the results suggest that the
ANN can predict concrete performance effectively even
with data complexity, incompleteness, and incoherence.
Gupta et al. (2006) applied a neural network to predict
concrete strength based on several parameters like concrete
mix design, size and shape of specimen, curing technique
and period, and environmental conditions, and a neural-
expert system based on ANN was developed where the
update of the knowledge can be used for neural-expert
system enhancement. Saridemir (2009) developed an ANN
to predict the compressive strength of concrete containing
metakaolin and silica fume at different time points, and the
results show that the compressive strength of the concrete
can be predicted by ANN with tiny error rates. Duan et al.
(2013) used ANN to predict the compressive strength of
recycled aggregate concrete, where 14 inputs related to the
materials of concrete are adopted. Ziolkowski and
Niedostatkiewicz (2019) proposed the optimal ANN
architecture to predict the compressive strength of the
concrete resulting from a specific composition of concrete
mix ingredients and translated the ANN into a mathematical
equation that can be used in practical applications.

The application of ANNs in civil engineering has been
introduced there, especially in the prediction of concrete
performance, which indicates that ANNs can effectively
predict the performance of various types of concrete. This
study aims to develop a model that can predict the flexural
strength and splitting strength of FRC. To achieve the goal
of this study, a modeling tool automatic neural network
search (ANS) is developed and used. It is noticed in the
literature that, researchers have already made use of ANS to
predict the capacity of FRC beams in shear (Paul et al.
2018). In fact, the principle of ANS has been widely used
that find the optimum ANN by comparing the performance
of different ANNs (Duan et al. 2013). In ANS, the
relationships between input and output variables are
generated by the data themselves. Also, ANS can tolerate
relatively imprecise or incomplete tasks, approximate
results, and even less vulnerable to outliers (Al-Saleh and
Sundararaj 2011). For the inputs and outputs of ANS model,
a total of 79 mix designs for FRC with steel hooked typed
fibers were retrieved from the published papers and
summarized for modeling. The detailed outcomes from the
ANS model are discussed in the subsequent sections.

2. Properties of fiber reinforced concrete (FRC)

Various types of macro and micro synthesis and steel
fibers are available on the market which can serve for the
different purposes of concrete properties such as to control
creep and shrinkage, increase the initial first cracking
strength, preventing micro-cracks, etc. (Babafemi and
Boshoff 2015, Paul and van Zijl 2016, Olivito and
Zuccarello 2010). In the literature, many studies attempted
to evaluate the enhancement of the flexural and tensile
capacity of FRC associated with the types and contents of
steel fibers (Lee ef al. 2017, Alberti et al. 2017, Ganesan et
al. 2017). The superiority of FRC has already been
acknowledged by the researchers. Although, the overall
performance of concrete improves when fibers are used,
however, the dispersion of fiber and ease of handling also
known as the workability of FRC is the challenging tasks.
Typically, the workability of FRC reduces as the fiber
volume increases. Also, the size and shape (straight or
hooked) of fiber control the workability.

2.1 Assessment of fresh state of FRC properties

In order to characterize the fresh properties of FRC,
typically slump-flow/slump cone, V-funnel and L-Box tests
are performed. Generally, addition of fibers had more
influence on the flow properties with significant reduction
of the diameter of the patty. Using 0.33% steel fiber (1=35
mm, diameter=0.55 mm) in the mix, Alberti et al. (2017)
observed about 13% lower slump-flow value and 25%
higher time for V-funnel test in FRC than the control mix
without any fiber. Similar behavior of FRC was also
anticipated by other researchers (Nagananda et al. 2015,
Shende et al. 2012, Yoo et al. 2015, Frazdo et al. 2015).
Ponikiewski et al. (2015) stated that slump-flow value
reduces as the fiber volume increases. About 3% to 11%
lower slump-flow was measured in FRC with low carbon
crimped steel fiber (/=35 mm, width 2.6 mm) content 0.5%
to 1.5%. For the same fiber volume, but different aspect
ratios also influenced the flow behavior of FRC. Nagananda
et al. (2015) reported about 5% to 7% lower slump value
(slump cone test) with fiber volumes of 0.30% and 1.1% in
FRC when the aspect ratio of the same fiber was increased
from 65 to 80. The distribution of fibers in the matrix is
influenced by the workability or vice versa. Addition of too
long fibers tends to ball in the mix and create workability
problems.

2.2 Hardened properties of FRC

Lee et al. (2017) studied the influence of volume
fraction (0.25%, 0.375% and 0.50%) of steel fiber (hooked-
end type) content in the flexural strength and crack mouth
opening displacement (CMOD) in the different graded
FRC. It was found that the first-cracking strength increases
as the fiber volume increases in the mix. Similar behavior
was also seen in the residual flexural strengths (strength
after the first crack). Shende ef al. (2012) investigated the
compression and flexural strength behavior of FRC with
1%, 2% and 3% fiber volumes and 50, 60 and 67 fiber



Assessment of flexural and splitting strength of steel fiber reinforced concrete using automated neural network search 83

aspect ratios. Both strengths were increased as the fiber
volume increased. However, strengths were decreased for
higher fiber aspect ratio. Compressive strength of FRC was
reduced to about 4% and 6% when the fiber aspect ratio
increased to 60 and 67 from 50. Likewise, with the aspect
ratio of 50, increasing fiber volume from 1% to 3%, about
8% and 18% higher compressive and flexural strengths
were found in FRC (Shende et al. 2012). Yoo et al. (2015)
stated that increasing fiber volume in normal strength
concrete can negatively influence the compressive strength.
FRC specimens were made both for normal (below 50
MPa) and high strength (above 90 MPa) concrete with
different fiber volumes. About 17% lower compressive
strength was noticed in the normal strength FRC specimens
with 2% fiber content when compared with reference
concrete without any fiber in it. On the contrary, for the
same fiber volume, about 7% higher compressive strength
was noticed in high strength FRC specimens. This
difference in strength can be explained by the crack
initiation and air content in the normal and high strength
FRC. Typically, in lower strength concrete, crack initiation
starts early than in high strength concrete.

Like strength, the modulus of elasticity of FRC also
marginally affects by the fiber volume and fiber aspect
ratio. For both normal and high strength FRC, Yoo et al.
(2015) reported that modulus of elasticity reduces as the
fiber volume increases. The lower value of modulus of
elasticity was attributed by the stress-strain curve of FRC
during compression test. The slope of the stress-strain curve
was found to be lower for increased fiber volume. In
general, the deflection at the peak load was higher for
higher fiber volume. It is due to fact that the fibers have
superior crack-bridging capacity, and this leads to a higher
load-carrying capacity after the first cracks appear (Marar et
al. 2017, Shende et al. 2012, Yoo et al. 2015). Finally,
inclusions of steel fibers in concrete contribute to the
increase of residual strength in the post peak phase of the
material, with a satisfactory effect in terms of its energy
absorption capability (Frazdo ef al. 2015). Note that all the
experimental results reported here are for 28 days.

2.3 Durability of FRC

Generally speaking for concrete structures, structural
durability essentially unchanged during the first 10 years of
service, but then begins to deteriorate apparently (Zhang et
al. 2019, Zhang et al. 2020). Corrosion of steel bars inside
concrete is considered to be most crucial for the durability
of RC structures. However, it is reported in the literature
that the steel fiber corrosion is less severe than the steel bars
corrosion due to the large surface area to volume ratio.
Smaller surface area of steel fibers can easily be covered by
the rich lime film of binder paste than the large diameter of
conventional steel bars (Frazdo et al. 2015, Woo et al.
2014). Nonetheless, micro-spalling of concrete and
reduction of sectional area of steel fibers can be seen due to
the corrosion, which is a major fact for durability of FRC
elements (Fritih ef al. 2013).

Frazao et al. (2015) reported that adding 2.5% fibers
(/=35 mm, diameter is 0.50 mm) in the mix increased
slightly higher capillary water absorption of self-

Table 1 Sample of data collection for ANS modelling

Input Output
Authors Fiber Aspect Comp. Flexural Splitting
content ratio Strength strength strength
(%) (/d) (MPa) (MPa) (MPa)

025 80 9230 893 6.05
Afroughsabetand 56 gy 9380  9.97 6.41

OZbélkaglsglu 075 80 9500 1061 7.9
100 80 9870 1258 817
100 50 5200 880 330
She(g%‘ig“l' 200 50 5333 947 3.92
300 50 5630 1040 434

Soylev and
et Goiz) 050 64 3800 430 3.60
raimaag 02 S0 4083 43 3.55
Varghess 014y 050 S0 4673 520 3.96
075 50 5063  5.68 431
025 80 4039  3.78 278
050 80 4079  3.91 3.09
N 075 80  37.63 457 430
Sarggllf;”l' 1.00 80 3807 579 521
125 80 4668 681 6.41
150 80 4701  8.08 6.14

1.75 80 46.47 7.12 7.05

consolidating concrete (SCC) than the control mix of SSC.
It was concluded that the capillary pore size in the matrix
did not substantially alter due to addition of fibers.
Therefore, no significant difference in the water absorption
noticed in SSC with and without fibers. This phenomenon
was also proved by Yehia et al. (2016) when rapid chloride
penetration test performed in FRC. Though chloride
penetration was slightly higher in FRC, however, high
density of matrix did not show any significant difference in
chloride penetration in FRC and control specimens. To end,
research on durability of steel fibers is still scarce,
especially corrosion, where it is still not clear whether
corrosion of fibers really contributes to the cracking and
spalling of cover concrete. More research is required in this
field to come up with a solid conclusion.

From the discussion above, it is postulated that the
selection of proper fiber types, size, volume and mix
compositions are important for mechanical and durability
behavior of FRC. The character of FRC also changes with
varying concretes, fiber materials, geometries, distribution,
orientation and densities. Therefore, a proper understating is
required for the properties of fiber and the performance of
FRC. In this regard, this study aims to develop a model that
can predict the relationship between the fiber properties like
aspect ratio (length/diameter), fiber content, compressive
strength, flexural strength and splitting strength of FRC.
Note that the aspect ratio of fiber measure the slenderness
ratio of individual fiber typically computed as length
divided by the equivalent diameter and typically aspect ratio
varies from 30 to 150, and the amount of fibers added to a
concrete mix is measured as a percentage of the total
volume of the composite, and typically ranges from 0.1 to
3%.
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Fig. 1 Normal distributions of input and output data used for ANS model

3. Data preparation and automatic neural network
system (ANS)

3.1 Data collection for ANS model

For modeling ANS of FRC strength, a total of 79
different mix designs was selected (Afroughsabet and
Ozbakkaloglu 2015, Olivito and Zuccarello 2010, Lee ef al.
2017, Nagananda et al. 2015, Shende et al. 2012, Yoo et al.
2015, Séylev and Ozturan 2013, Fathima and Varghese
2014, Vairagade and Kene 2013, Sarbini et al. 2011) to train
and check the reliability of strength data. All the mix
designs were collected from the FRC where only hooked
steel fibers were used. Cubes and prisms (beam shape)
specimens were made and tested at 28 days for determining

the ultimate compressive, flexural and splitting strength of
FRC. A sample of data collections are shown in Table 1. A
total of three parameters were used as input for ANS model
as they are also defined in Table 1. The 28 day flexural and
splitting strengths were the output value considered in the
paper. Taking into account that different researchers used
different mix compositions for FRC, therefore, the
compressive strength was considered as an input parameter
for the ANS model. The following sections discussed the
ANS model preparation and outcome in detail.

Normal distributions of input and output data are shown
in Fig. 1. It can be seen that except for splitting strength
shown in Fig. 1(c), the shape of the normal distributions
shows perfect symmetry of the data. The center of a normal
distribution is located at its peak, and 50% of the data lies
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Fig. 2 Illustration of the ANS

above the mean, while 50% lies below. Normal distributions
are often represented in standard scores, or Z scores. Z
scores are numbers that tell us the distance between an
actual score and the mean in terms of standard deviations.
For any modeling, proper data collection and distribution of
data are very important. Therefore, it is necessary to have
the normal distribution in the data.

3.2 ANS model

ANS has the same principle as ANNs, but ANS
automates the selection of the number of units in the hidden
layer, the selection of the activation functions and the
selection of the training algorithm. Using too few units in
the hidden layer will result in underfitting. On the contrary,
using too many units may lead to overfitting. Obviously, it
is extremely important to choose a suitable number of units
in the hidden layer. There is no systematic way of
determining the optimal number of hidden units and the
best activation function, and the most common way to
optimize models is by educated trial and error (Buenfeld
and Hassanein 1998). In ANS, by setting the optional
network types and activation functions, as well as the
maximum and minimum number of hidden units, and
utilizing the data to train and detect different ANNs to find
the optimal ANN by comparing the correlation coefficient
automatically.

There are three types of units in an ANN: input unit,
output unit and hidden unit. The input units receive the
external input signal, the hidden units and the output units
process the signal received from the former layer, and the
final results are output by the output units. The connection
between each two units represents the weight of the signal
passing through the connection, which reflects the
connection strength between the two units. There is an
activation function in each hidden unit and output unit to
introduce nonlinear factors into the neural network.
Through the activation functions, the neural network can fit
various curves. Therefore, the output of the network
depends on the structure of network, weight values between
the units, and activation functions. Before training a neural
network, the structure of the network and the activation
functions of the units have been determined, so the learning
process of the neural network is the process of changing the

weight matrix (Haykin 1999). In this study, ANS consists of
the three layers, the input layer comprising of the three
design variables (fiber content, aspect ratio and compressive
strength), the hidden layer comprising of the unknown
number of neurons and the output layer comprising of the
two outputs (splitting strength and flexural strength)as
shown in Fig. 2.

There are two optional network types in ANS which are
Multi-layer Perceptron (MLP) and Radial Basis Functions
Neural Networks (RBF). Both MLP and PBF are non-linear
feedforward neural networks.

MLP is generally composed of one input layer, one
output layer and one or several hidden layers. There are
connections between the units of two adjacent layers, but
not between the units of the same layer. The outputs of the
former layer are the inputs of the next layer, and each layer
only receives the output signal of the former layer. Two
important characteristics of MLP are its non- linear
processing units which have a non-linear activation function
that must be smooth (the logistic function and the
hyperbolic tangent are the most widely used) and that any
unit of a given layer feeds all the units of the next layer
(Memarian and Balasundram 2012). The two common
activation functions used in MLP are Logistic and Tanh are
shown as follows

logistic(x) = 1
gistic(x) T (1)
eX _ e—X
tanh(X) = ﬁ (2)
e +e
and MLP with a single hidden layer can be expressed as
y = fQ wida, +692) 3)
=
a; =90 WX +6) “4)
i=1
where yy is the output of the k-th unit in the output layer;
f(g) is the activation function of output layer; Wj(,f) is the

weight from the j-th unit in hidden layer to the k-th unit in
output layer; 9,52) is the bais of the j-th unit in hidden
layer; a; is the output of the j-th unit in hidden layer; x; is
the input of the i-th unit in input layer; g(g)is the
activation function of hidden layer; wy is the weight from
the i-th unit in input layer to the j-th unit in hidden layer; 6;
is the bais of the j-th unit in hidden layer; m and n are the
number of units in the input layer and hidden layer
respectively. The illustration of MLP network with a single
hidden layer is shown in Fig. 3.

RBF is a three-layer neural network composed of one
input layer, one hidden layer and one output layer.
Compared with MLP, the hidden units of RBF take the
Euclidean distance between the input vector and the center
vector as the independent variable, and use radial basis
functions (usually as Gaussian function) as the activation
functions without connection weight. The transformation
from input layer to hidden layer is non-linear, but the
transformation from the hidden layer to the output layer is
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Input Layer Hidden Layer Output Layer

Fig. 3 Illustration of MLP with single hidden layer

linear (Chen et al. 1991). According to Cover's theorem, the
data that can't be divided in low-dimension space may be
divided in high-dimension space, which reveals that the
function of the hidden layer of RBF network is to map the
input of low-dimensional space to a high-dimensional space
through nonlinear functions, and carry out curve fitting in
the high-dimensional space. It is equivalent to finding a
surface that can best fit the training data in an implicit high-
dimensional space. The output layer then implements a
linear combiner on this new space (Chen ef al. 1991).

RBF network with Gaussian function as activation
function can be expressed as follows

Ve = 2. Wyd; 6, ©)

j=1

a, =9, (x)=exp(—M) (6)
20

where yy is the output of the k-th unit in the output layer; wj
is the weight from the j-th unit in hidden layer to the kth
unit in output layer; g; is the output of the j-th unit in hidden
layer; 6 is the bais of the £-th unit in output layer; x is input
vector; ¢; is the activation function of the j-th hidden unit; ¢;
is the RBF center of the j-th hidden unit; ||x—¢j|| is the
Euclidean distance between the sample and the RBF center;
o is known as wide value, usually as a constant; The
illustration of RBF network is shown in Fig. 4.

The data collected are divided into training and testing
in the standard range of 8:2 ratios and fed into the
framework of ANS. ANS is used for formulating the neural
networks with various configurations and settings while
requiring nominal specifications. It forms a number of
network models with algorithmic combinations (Garg et al.
2019), and tries to find the optimal ANN by comparing the
correlation coefficient. The experimental design on the
following settings was performed.

Training: 80%  testing:20% validation:0%

Network settings

1. Multi-Layer Perceptron (MLP)

min hidden units 3

max hidden units 100

Input Layer Hidden Layer Output Layer

input
vector

Fig. 4 Illustration of RBF

2. Radial-basis function (RBF)
min hidden units 12
max hidden units 50

Networks to train: 2000
Networks to retain: 10

MLP Activation Functions (for both hidden neurons and
output neurons):
Identity, Logistic, Tanh, Exponential, Sine

Weight decay (for both hidden layers and output layers):
Min 0.0001
Max 0.001

Fixed seed for network initialization
seed value 1000

The work conducts quantitative analysis on each neural
network to choose the settings that give the best
performance of ANS models on two outputs. The best
design RBF 3-13-2 was selected based on the minimum
correlation coefficient (R) on the training data.

4. Results and discussion

Tensile strength is one of the most important
characteristics of FRC where fibers play an important role
in reaching certain load-carrying capacity after the first
crack appears to the matrix, depending on fibers dispersion,
alignments and embedded length (Holschemacher et al.
2010). A strong mechanical interlocking force in FRC
specimens can be expected due to inclusion of fibers which
hold the matrix stronger and concrete remains intact even
after failure loading, whereas conventional concrete
(without any fibers) after failure splits into large pieces
(Tanoli et al. 2014).

For modeling part, after the network has been trained
well. The parametric studies are carried out focusing on the
effect of a particular variable and compared with similar
test results to study if the ANS is able to predict the
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(a) Flexural strength

Fig. 5 Influence of incorporating compressive strength and fiber content on flexural and splitting strength of FRC at 28 days
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Fig. 6 Influence of incorporating compressive strength and aspect ratio on flexural and splitting strength of FRC at 28 days
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Fig. 7 Influence of incorporating aspect ratio and fiber content on flexural and splitting strength of FRC at 28 days

experimental trend. These studies are carried out by simply
varying one input parameter and keeping the others
constant. This section describes the relationship between the
input and output parameters found in ANS.

4.1 Relationship between fiber properties and
strength of FRC

Crack propagations due to internal stress of concrete can
be protected by the shear transferability of fiber. Based on
geometry and content, fibers bear some stress that occurs in
the cement matrix themselves and transfer other portion of
stress to the stable cement matrix (Yazici et al. 2007). Thus,
the relative strength capacity of FRC continues even after
the crack appears to the matrix. The influence of
incorporating compressive strength, fiber content and fiber

aspect ratio on flexural and splitting strength of FRC is
shown in Figs. 5-7. The model data shows that the flexural
and splitting strength of FRC are not only related to its
compressive strength, it also influenced by the fiber content
and fiber aspect ratio. Fig. 5(a) shows that as the
compressive strength and fiber content increase, flexural
strength of FRC also increases. However, this phenomenon
is partially valid for splitting strength as it is illustrated in
Fig. 5(b). Although, splitting strength increases with the
increase of compressive strength, but it can reduce when
fiber volume reaches more than 2%. Similarly in Figs. 6(a)-
(b), it is shown that as the fiber aspect ratio increases, both
flexural and splitting strength reduce. Figs. 7(a)-(b) show
the influence of fiber content and fiber aspect ratio on both
flexural and splitting strength of FRC. It can be seen that
fiber content is more dominant parameter for FRC strength

87
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than the fiber aspect ratio. Too much fiber content creates
weak interface bonding between the matrix and fibers due
to possible congestions of fibers which create a barrier for
binder paste to cover the total fiber surface. Therefore, the
fiber and matrix interface adhesion strength reduce
significantly. Higher fiber content may also lead to higher
porosity in the matrix leading to lower strength.

The relationship between the independent variables of
input and output parameters are shown in Figs. 8-10. The
flexural and splitting strength of FRC increases
exponentially with the increase of compressive strength as
shown in Figs. 8(a)-(b). The effect of fiber content on FRC
strengths also studied as shown in Figs. 9(a)-(b). Typically,

higher modulus of elasticity of steel fibers in the matrix
(concrete or mortar binder) helps to carry the load by
increasing the tensile strength of the material. Increase in
the aspect ratio of the fiber usually segments the flexural
and splitting strengths as shown in Figs. 10(a)-(b). It is clear
from Figs. 10(a)-(b) that higher aspect ratio (60 onwards)
negatively influence on flexural strength.

4.2 Sensitivity analysis
Figs. 11(a)-(b) show the results of the sensitivity

analysis measuring the amount of impact of inputs
parameters on two response characteristics. This is done by
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finding the maximum and minimum of two response
characteristics from 2-D plots (Figs. 8-10) and counting the
number of peaks of two response characteristics from 3-D
plots (Figs. 6-8). It is found that, in flexural strength, fiber
content and compressive strength contributed about 45%
and 44%, respectively (see Fig. 11(a)). However, in splitting
strength, fiber content and compressive strength contributed
only about 17% and 37%. Interestingly, fiber content has
less contribution to the splitting strength than in flexural
strength. In splitting strength, fiber aspect ratio has more
contribution than two other parameters. This interpretation
from the sensitivity analysis is also in line with the findings
from the parametric analysis as reported in Figs. 5-10. Thus,
based on this analysis appropriate values of input
parameters can be selected that can result in higher flexural
and splitting strength of FRC.

From the discussion above and the research outcome
shown in Figs. 5-10, it can be said that the results obtained
using ANS model follow the experimental and real trends.
This is further proved in Figs. 12(a)-(b) where target
flexural and splitting strengths (these are obtained from
experiments) and ANS model output depth follows a linear
relationship. The prediction lies above or below of target
line (the line where experimental and predicted value is
equal). Prediction is considered to be better when the data
points lie nearer to the diagonal line and this is related to the
training of the data. However, in both cases, less scatter in
the data points are obtained which confirms the efficiency
of ANS as a predictor of FRC flexural and splitting
strength.

Table 2 Optimum set of input values for maximum flexural
strength and maximum splitting strength

Fiber content Aspect ratio  Compressive  Flexural strength
(%) I/d) strength (MPa) (MPa)

3.57 47.64 98.70 19.69
Fiber content Aspectratio ~ Compressive  Splitting strength
(%) {I/d) strength (MPa) (MPa)

1.50 79.66 46.46 6.87

4.3 Optimization results of the ANS model RBF 3-13-2

RBF 3-13-2 is optimized using the non-dominated
sorted genetic algorithm- I[I (NSGA-II') combined with the
simplex search algorithm to avoid any convergence in local
minima. The iteration number (3000) is fixed to obtain the
optimized value of flexural and splitting strengths of 19.69
MPa and 6.87 MPa. Figs. 13(a)-(b) show the desire value of
flexural strength of concrete achieved is 19.69 MPa for
iteration number 60 and 6.87 MPa splitting strength for the
iteration number 68. The optimum value of the inputs
required for achieving the desired strength is shown in
Table 2.

5. Conclusions

This work attempts to solve the research problem on
investigating the fiber properties (aspect ratio, fiber content
and compressive strength) on the flexural and splitting
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strength of concrete. Experiments are performed and the
automated neural networks search (ANS) model is
developed and optimized to determine the relationships
(between the fiber properties and strength of fiber
reinforced concrete (FRC)) and the optimum value of fiber
content. From the outcome of the research, flexural and
splitting strengths of FRC can be predicted from its
compressive strength, fiber content and aspect ratio at a
reasonable accuracy. However, the performance of ANS can
further be improved with more parameters in future studies.
It may be interesting to know whether the other parameters
such as type of binders, aggregates properties, addition of
admixtures, etc. can be modeled by ANS. Also, sufficient
number of data should be considered for ANS to be able to
model in an accurate manner. Further research should be
undertaken to improve the ANS generalization ability for
multiple variables.

The following conclusions and recommendations can be
drawn from the outcome of this research:

» Artificial neural network search has fairly high

accuracy on predicting the flexural and splitting

strengths of FRC.

* Flexural and splitting strength increases with the

increase of compressive strength and fiber content of the

FRC matrix.

* Higher fiber aspect ratio (above 60) has both positive

and negative influence on FRC strength. Flexural

strength of FRC decreases when aspect ratio is above

60. However, splitting strength found to be increased for

aspect ratio more than 60.

 Fiber content and compressive strength have much

more influence in flexural strength than fiber aspect

ratio. Aspect ratio and compressive strength have more

influence in splitting strength than fiber content.

* The performance of the neural network search model is

still to be improved by considering more parameters in

the further research.
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