Computers and Concrete, Jol. 24, No. 5 (2019) 469-488
DOI: https://doi.org/10.12989/cac.2019.24.5.469

Predicting the shear strength of reinforced concrete beams
using Artificial Neural Networks

Panagiotis G. Asteris*', Danial J. Armaghani?, George D. Hatzigeorgiou?®,
Chris G. Karayannis* and Kypros Pilakoutas®

"Computational Mechanics Laboratory, School of Pedagogical and Technological Education, Athens, Greece
2Institute of Research and Development, Duy Tan University, Da Nang 550000, Vietnam
3School of Science and Technology, Hellenic Open University, Parodos Aristotelous 18, GR-26335, Patras, Greece
“Department of Civil Engineering, Democritus University of Thrace, Xanthi, 67100, Greece
SDepartment of Civil and Structural Engineering, University of Sheffield, Sheffield, United Kingdom

(Received August 23, 2019, Revised October 13, 2019, Accepted October 22, 2019)

Abstract. In this research study, the artificial neural networks approach is used to estimate the ultimate shear capacity of
reinforced concrete beams with transverse reinforcement. More specifically, surrogate approaches, such as artificial neural
network models, have been examined for predicting the shear capacity of concrete beams, based on experimental test results
available in the pertinent literature. The comparison of the predicted values with the corresponding experimental ones, as well as
with available formulas from previous research studies or code provisions highlight the ability of artificial neural networks to
evaluate the shear capacity of reinforced concrete beams in a trustworthy and effective manner. Furthermore, for the first time,
the (quantitative) values of weights for the proposed neural network model, are provided, so that the proposed model can be
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readily implemented in a spreadsheet and accessible to everyone interested in the procedure of simulation.
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1. Introduction

Determination of shear capacity is a critical step in
structural element design of reinforced concrete structures.
Numerous mechanistic models have been proposed
researchers standardisation committees to evaluate the shear
capacity of reinforced concrete beams. Typically these
models are empirical and account for various parameters,
not always the same and often with quite different results.
This has led to  researchers to turn towards non-
deterministic techniques for wish an in-depth review and
critical literature examination can be found in the works of
Flood and Kartam (1994), Adeli (2001), Asteris and Plevris
(2013, 2017) and Asteris et al. (20164, b), Sarir et al. 2019.

Amongst the non-deterministic methods, the method of
Artificial Neural Networks (ANN) appears to be the most
attractive and reliable. ANNs have materialized as an
innovative simulation technique, with wide spectrum of
applications in a variety of technological disciplines. Over
the last two decades, there has been extensive use of ANNs
in predicting the behavior and evaluating the mechanical
properties of structural materials and in particular of
concrete (Waszczyszyn and Ziemianski 2001, Asteris and
Kolovos 2019, Asteris et al. 2017). The pertinent literature
includes studies on the application of ANNs in the
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determination of compressive strength and -elasticity
modulus of concrete (Dias and Pooliyadda 2001, Lee 2003,
Topcu and Saridemir 2008, Trtnik et al. 2009), for which
various other methods of artificial intelligence, such as the
fuzzy logic and genetic algorithms were also (Baykasoglu et
al. 2004, Akkurt et al. 2004, Ozcan et al. 2009, Asteris et al.
2019a). ANNs have also been used for the determination of
the shear strength of reinforced concrete structural elements
(Sanad and Saka 2001, Mansour et al. 2004, Seleemah
2005, 2012, E1-Chabib et al. 2006, Amani and Moeini 2012,
Mohammadhassani et al. 2014, 2015, Kotsovou et al. 2017,
Keskin 2017, Kaveh et al. 2018, Sarveghadi et al. 2019,
Yaseen et al. 2018, Yavuz 2016, 2019).

This paper examines the adoption of Artificial Neural
Networks for the estimation of shear strength of reinforced
concrete. In particular, a heuristic algorithm is proposed to
determine the optimal Artificial Neural Network
architecture for estimating shear resistance of reinforced
concrete members in terms of mean square error. For the
training of the network, a research database is used, which
includes the shear resistance of reinforced concrete beams
specimens with various dimensions, materials and
geometric properties. The backward propagation method is
examined in the procedure of neural network design and
development, while the well accepted Levenberg-Marquardt
algorithm (Lourakis 2005) is used as the training algorithm.
For the training, nine parameters concerning the mechanical
and geometric characteristics of the beams are used as input
parameters, while the experimental test shear capacity is
used as the output parameter. Comparisons are made with
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other models to determine accuracy and efficiency.

In addition to the architecture of the proposed optimum
neural system, a supplementary materials section is
included which provides a simple design/education tool
which can assist both in teaching, as well as the
interpretation of the behavior of reinforced concrete beams
under shear loading. The decision to include all the
necessary information for anyone to be able to test the
proposed model, in addition to the reliability it ensures, also
provides the means for other researchers, students or field
practitioners to further test the reliability of the proposed
model.

2. Research significance

Despite the abundance of research works, both
experimental and theoretical, conducted since the middle of
the previous century (Clark 1951) up to today, the
determination of the shear stress value still remains an open
issue of great interest in structural engineering. The need for
further research is indicated by the fact that the majority of
available models, use different parameter and lead to
different results with a high degree of variation. This may
be due to the many (more than ten) parameters which
influence the shear capacity estimation. Even though five
values for each parameter can be considered as a
satisfactory set to work with, that would demand the results
of 9765625 (5'°) experiments to comprehend and interpret
the ten-dimensional space underlying the specific problem.
An experimental endeavor of such magnitude is unfeasible;
hence, other approaches that can give results from fewer
results are necessary.

Non-deterministic techniques, such as soft computing
techniques, can contribute towards the solution of this
problem. To this end, a soft computing mathematical model
based on Artificial Neural Networks (ANNSs) is proposed
herein, aiming to predict shear strength of reinforced
concrete beams with or without stirrups.

3. Shear capacity of reinforced concrete beams

This section presents and discusses the experimental test
results and main empirical expressions proposed for the
determination of shear resistance. Typical geometrical
parameters for a beam test are shown in Fig. 1.

\Y \Y
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Fig. 1 Reinforced concrete beam under shear force

3.1 Experimental tests results

Since the early 1950s, a number of comprehensive
experimental works have been published on the shear
capacity of reinforced concrete beams with or without shear
reinforcement (stirrups). The widely utilised works by Clark
(1951), Placas and Regan (1971) and Fukuhara and
Kokusho (1982) are worth mentioning and these are
included in the baseline used in the present study as well as
the experimental results of another six studies, those of Xie
et al. (1994), Yoon et al. (1996), Angelakos et al. (2001),
Zararis et al. (2009), Ismail (2009), Londhe (2011), which
are presented in detail in the next section. These works
were selected to better cover all the ranges of values of the
parameters involved in the problem under consideration.

Fig. 2 shows the values of shear strength for the 300
experimental results (datasets) examined versus six of the
most important parameters that affect the shear resistance of
reinforced concrete beams. These are the shear ratio (a/d),
compressive strength of concrete (fc), percentage of
lateral/shear reinforcement, percentage of longitudinal
reinforcement (p/), (pw), and the yield strength of shear and
longitudinal reinforcement.

In fact, these three experimental databases are included
in the baseline used in the present study along with the
experimental results of the studies by Xie er al. (1994),
Yoon et al. (1996), Angelakos et al. (2001), Zararis et al.
(2009), Ismail (2009), Londhe (2011). Diagrams of Fig. 2
show the non-linear and complex behavior of the
aforementioned parameters which may explain the inability
of deterministic methods to formulate an analytical
relationship to evaluate the value of shear capacity of
reinforced concrete beams.

3.2 Shear strength according to building codes

In addition to transverse reinforcement, other
mechanisms as consider to contribute to the shear capacity
of a concrete member including: shear transfer in the
compressive region, dowel action of longitudinal
reinforcement and aggregate interlock. The total shear
resistance V), of a concrete member without axial force is
normally given as the summation of two contributions

o=V + Vg (1)

where V. is the concrete shear contribution and V; is the
transverse reinforcement contribution.

Different design codes propose different expressions for
both of these contributions, but vary much more in the
determination of the concrete shear contribution.

In the current study, four design codes are examined for
the estimation of the shear capacity of reinforced concrete
beams: the American ACI-318-14 (2015), the Canadian
CSA-A23.3-04 (2004), the New Zealand NZS-3101 (2006)
and the European Eurocode 2 (EN 1992-1 2004) as
presented below:

3.2.1 Eurocode 2 - EN 1992-1 (2004)

According to the Eurocode (EC2) concrete shear
contribution V, of members without shear reinforcement
and without axial force is given by the following expression
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Fig. 2 Experimental values of shear strength of reinforced concrete beams

V. = [Cre k (100 p,f)/3]b,,d = 0.035 k%/2,/f.b,d (2)

where f. (MPa) is the concrete compressive strength, b,
(mm) is the smallest width of the cross-section in the tensile
area, d (mm) is the effective depth of a cross-section,

Cre =018, k=1+ [*°

<20 (dinmm),p, = SIS

0.02 is the longitudinal reinforcement ratio and Ag; is the

area of the longitudinal reinforcement.
The transverse reinforcement
expressed as

contribution I, 1is

As

Vv, =—~ Z fyw cot 8 A3)

Where A, is the area of the shear reinforcement, s is
the spacing of the stirrups, z is the inner lever arm with an
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approximate value z=0.9d for members without axial force,
fyw (MPa) is the yield stress of the shear reinforcement, 0
is the angle between the concrete compression strut and the

beam axis perpendicular to the shear force, 1<cotf<2.5,
= Asw
Pw =737

The maximum value of the shear strength is equal to
fe
(cot B + tan 6)

fe
250]1"

the transverse reinforcement ratio.

“4)

Vmax = acwbw ZV
where a., = 1.0 and v; =v =0.6 [1 -

3.2.2 ACI building code - ACI 318-14(2015)

According to ACI 318-14 building code, the concrete
shear contribution, V, for members without axial force is
given by

V. = 0.174/f.b,d with /f, < 8.3 MPa (5)

where A=1.0 for normal weight concrete. The transverse
reinforcement contribution V; is expressed as

A
V= ;W d fyw < 0.66,/f.b,d (6)

3.2.3 Canadian Standard Code-CSA-A23.3-04

The Canadian Building Code (CSA-A23.3-04) in the
simplified method proposes the following expressions for
the calculation of the concrete shear contribution, V., of
elements without axial load. The expression of the shear
strength depends on the height of the cross-section and the
area of the transverse reinforcement.

For h <250 mm

Vv, = 0.21/fb,d (7)
If A, > 0.06,/fcbys
fyw
V. =0.18,/f.b,d (8)
If Ay < %‘/ﬁbws and h > 250 mm
yw
230
Ve = (1000 ¥ d,,) Viebwd ©)

where /f. < 8.0 VMPa and dv=max{0.9d,0.77h}
The transverse reinforcement contribution V; is given by

A
Vv, = %d,,fyw cot 0 < 0.66,/f.b,,d (10)

In the simplified method, the Canadian building code
proposes that the angle between the concrete compression
strut and the beam axis perpendicular to the shear force
should be taken equal to 42° for beams with height h <
250 mm or else to be taken equal to 35°.

3.2.4 New Zealand Standards - NZS 3101

The New Zealand code is valid for concrete with
compressive strength that does not exceed 100 MPa. The
nominal shear stress v, =V, /b,,d should be equal to or
less than the smaller of 0.2f. or 8 MPa.

According to that code, the concrete stress contribution
is equal to

> 0.08./f;

V. = k4(0.07 + 10p,)\/f-b,,d (11)
¢ Wbl o0 7
where f. <50MPa and for Ay, = Asymin = 1—2&?
yw
or d < 400 mm
ky = 1.0 (12)
If Ay < Agwumin = =T ? and d > 400 mm
yw
400 0.25
ky = (—) (13)
a d
If d <200 mm
k,(0.07 + 10 b,d
Vc — max{ d( pl) fc w (14)
0.17 \/f.b,d

For members with an effective depth between 200 mm
and 400 mm, the value of V. shall be found by linear
interpolation.

3.3 Shear strength according to previous research
studies

3.3.1 Gandomi et al. (2017)

Gandomi et al. (2017) gathered from the literature a
large database of experimental data, containing 466 RC
beams with shear reinforcement. Gene expression
programming was developed to predict the shear strength of
RC beams with stirrups and their model concluded to the
following expression

pi
pr—6

(Pl +pi+546) +

Veep (kN) =
(15)

4 2 a

\/pl(fcpwfywpl(d - b) - dplz) + SE + bw +8
where b,, (mm) is the smallest width of the cross-section
in the tensile area, d (mm) is the effective depth of a cross-
section, a/d is the shear span to depth ratio, f. (MPa) is the
concrete compressive strength, p; = Ag; /b, d (%) is the
longitudinal reinforcement ratio, pyfyw = Aswfyw/bws
(MPa) is the shear reinforcement contribution, Ag and
Ag, are the area of the Ilongitudinal and shear
reinforcement, respectively, s is the spacing of the stirrups
and f,, (MPa) is the yielding strength of the shear
reinforcement.

3.3.2 Russo et al. (2013)
According to Russo et al. (2013), the shear capacity of a
reinforced concrete beam is given by

a
-1.2-0.45 q

a
V, = 0.72 & |p04£039 + 0.5p083 £0.89 (_)

d (16)

+0.075 £25 (o )

where £ is a function that takes the size effect into
consideration.

Fig. 3 presents a comparison between some of the
aforementioned expressions for the evaluation of the
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Fig. 3 Comparison of equations for the evaluation of shear
strength of concrete beams

concrete beam shear strength in relation of transverse
reinforcement ratio p,,. It is obvious that the concrete beam
shear strength calculated based on these expressions shows
considerable variation, revealing the need for further
investigation and refinement of the proposals.

4. Artificial neural networks architectures
4.1 Back-propagation ANNs

The back-propagation neural network (BPNN) appears
to be the simplest and most applicable network for the
modeling of concrete structures. This has mainly to do with
its ability to regulate the weights of all layers based on the
inaccuracy present at the network results. A representative
arrangement of BPNN model contains an input layer, one or
more concealed layers and an output layer while every layer
is made of several neurons (Armaghani et al. 2017).

Through a variety of procedures, the error is being fed
through the network. On the basis of this information, the
algorithm regulates the weights of each connection in order
to reduce the error function value to a small percentage
value. Having resumed this process for a sufficiently large
number of training cycles, the network usually converges
with a fairly low computational error. In order to adjust
appropriately the weights, a generalized method for
nonlinear optimization, called gradient descent, is applied.
For the minimization of these errors, the derivative of the
error function is calculated as a function of the network
weights, while the weights are changed so as to reduce the
error (downward path on the surface of the error function).
For this reason, the backward algorithm is limited only to
networks with productive functions. The back-spreading
method of the error usually allows to achieve rapid
convergence to local minimum errors for the networks.

BPNN is a multi-level and feed-forward network with
specific structure where neurons are not connected within a
plane, but participate in the neuron of that plane with all the
neurons of the previous and subsequent levels. In this case,

Input Neuron with vector input

R

(n) (@)

—>

_

a=f(Wp+b)

Fig. 4 Simple neuron with a simple input vector R

the neural network has the following structure
N —H; —Hy = —Hyy, — M (17)

where N the number of input parameters, H, the number
of neurons in N-hidden level for v=1, ... , NHL where, NHL
is the number of the hidden layers, and M the number of
output parameters.

Based on the above a BPNN with a 5 entry neurons, two
hidden levels of 4 and 3 neurons, respectively, and 2 output
neurons is encoded as 5-4-3-2 BPNN.

Fig. 4 depicts the basic neural network architecture,
which consists of a single neuron with multiple inputs
(vector p). For each node, each value of the input vector p;,
P2, ..,pr is multiplied by the corresponding weight wy 4,
Wy 5, .., Wy, and the weighted values feed the summation
node. Then, the scalar product, wp, is computed by the
vector-line W = [Wl_l, Wiz, ) WLR] and the vector-
column p = [p;, Py, ...,pr|". This scalar product is added
to another input product, which is always equal to the unit
vector multiplied by its corresponding weight b. This last
input into the adder is called bias, which has the ability of
increasing or decreasing the input to the transfer function
when it is positive or negative, respectively. This sum is
described by the equation

N =W;iP; +WiPp + .t Wigbr +b=Wp+b (18)

This sum, n, has to do with the input of activation
function, which describes the output value of the network.
The selection of activation function mainly affects the
complexity and the effectiveness of neural networks. In this
study, the Logistic Sigmoid as well as the Hyperbolic
Tangent are adopted as transfer functions.

4.2 Optimal artificial neural network architecture

In order to find the optimal architecture of an ANN, it is
enough to calculate the number of hidden neurons, since the
number of input and output parameters is already known. At
this point, it is worth noting that the best solution should
avoid the problem that the optimal solution leads to over-
fitting. The phenomenon of over-fitting arises when a
model is too complex, e.g., when it has too many
parameters in relation to the number of observations.
Similarly, in the case where the training data do not cover
the whole range of the input parameters of the problem and
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Table 1 Database statistics

No Source Number of Beams Shear Strength Main Parameters
Authors Year Total ~ With Stirrups Without Stirrups MPa f: MPa a/d
1 Ismail 2009 22 13 9 2.78-11.33 30.50-88.10 0.91-1.67
2 Zararis et al. 2009 11 4 7 2.55-6.20 16.80-24.00 0.61-0.83
3 Yoon etal. 1996 12 9 3 1.01-2.94 36.00-87.00 3.28
4 Angelakos et al. 2001 21 6 15 0.59-1.63 21.00-99.00 2.92
5 Londhe 2011 21 8 13 1.60-8.80 24.44-36.67 1.07-1.78
6 Clark 1951 58 48 10 2.26-6.59 13.79-47.58 1.16-2.43
7 Placas and Regan 1971 22 17 5 1.08-4.63 12.76-48.13 3.36-5.05
8 Fukuhara and Kokusho 1982 43 41 2 1.56-8.35 18.54-30.19 1.18-2.35
9 Xieetal. 1994 15 9 6 1.34-12.85  37.73-103.23 1.00-4.00
10 Kani 1967 42 - 42 0.87-7.78 24.75-30.75 1.00-9.05
11 Ghannoum 1998 16 - 16 0.89-1.78 34.20-58.60 2.50
12 Feldman & Siess 1955 11 - 11 1.21-4.28 21.03-36.68 2.01-7.04
13 Tompos & Frosh 2002 6 5 1 0.98-2.84 35.85-42.75 3.00
Total 300 160 140 0.59-12.85 12.75-103.23 0.61-9.05

especially when the number of parameters is equal to or
exceeds the number of observations. On the other hand, a
simple model can predict training data by memorizing
them, but fails to predict new ones because it does not learn
to be generalized. In order to avoid the problem of over-
fitting, various techniques, algorithms and criteria have
been proposed (e.g., see Blum 1992, Boger and Guterman
1997, Berry and Linoff 1997, Papadopoulos et al. 2012,
Lamanna et al. 2012, Chen 2013, Giovanis and
Papadopoulos 2015, Asteris et al. 2016a, b, Cavaleri ef al.
2016, 2017, 2019, amongst others) .

In the present paper, a simple heuristic algorithm is
proposed which reliably leads to an optimal ANN
architecture. The steps of this algorithm are as follows:

Step 1. Development and training of many neural

networks: The development and training of NN takes

place for a series of hidden levels ranging from 1 to 2

and with a number of neurons ranging from 1 to 30.

Also, each neural network is trained for various

activation functions.

Step 2. Determining the mean square error (MSE): For

each of the above NN, the average square error for the

validation data that is not used during the training data
process of the ANNs.

Step 3. Determine upper and lower limits: Enter upper

and lower bounds for output parameter (shear capacity)

based on experimental or numerical data, as well as
reasonable estimates by users. For the work presented
herein a lower limit for all the values of shear strength
for the case of concrete beams with Shear span to
Effective depth of beam ratio greater or equal to 5.00

(a/d > 5.00) is proposed in a next section.

Step 4. Choose optimal architecture: The optimal
architecture is the one that gives the minimum average
square error.

The main advantage of ANN, in comparison with other
evaluation strategies based on computational methods, is
reduced computation effort (Plevris and Asteris 2014a, b,
2015, Giovanis and Papadopoulos 2015, Asteris and Plevris
2013, 2017, Asteris et al. 2016a, b, 2017, Cavaleri et al.
2016, 2017).

5. Materials and method
5.1 Database

The database examined here consists of the data and
results of 300 experiments on reinforced concrete beams
with stirrups (synthesized from data published in thirteen
(13) pertinent research studies as shown in Table 1. Despite
the fact that a large number of databases are available in
relevant literature, it was decided to compile a new
database, in contrast to complementing an existing
database. This decision was made for the following reasons:
(i) the existing databases took into account different input
parameters than the current research, (ii) quite frequently
different values are given for the same experiments
(incorrect transliteration of the original experimental data),
but above all, because (iii) the datasets are not distributed as
to cover the full range of input parameter values, but only a
certain area of the whole range. It is worth noting that the
number of a database’s datasets is not enough to ensure its
reliability; the distribution of input parameter values taken
into account, however, plays a crucial role in this procedure.
That is, if the model can represent and manage the
knowledge available through experiments for the totality of
parameters and, if possible, for the whole range of their
values.

In light of the above, the database used herein, was
compiled, abiding by the following principles:

 Datasets include experimental data from reinforced

concrete beams both with and without stirrups (160 and

140 datasets respectively). This selection was

intentional, despite the fact that the majority of

researchers, in the field of soft computing technique,
investigate concrete beams only with stirrups (Sanad
and Saka 2001, Cladera and Mari 2004b) or without
stirrups (Oreta 2004, Cladera and Mari 2004a, Seleemah

2005, 2012, Iruansi et al. 2010). By studying both cases

the database is more complete and, furthermore, the

values of shear strength of the beams with stirrups serve
as the upper limit of the shear strength of the beams
without stirrups, while the opposite is also true; the
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shear stress of the beams without stirrups serves as the
lower limit of beams with stirrups. Thus, the
aforementioned selection assists the neural network to
reveal the natural laws by which the phenomenon under
examination abides by, as will be illustrated in the
following sections.
* It has been decided not to include beams with inclined
stirrups in the compiled database, but only beams with
vertical stirrups. Despite the fact that shear strength is
largely affected by the angle of inclination of web
reinforcement (Robinson 1968, Placas and Regan 1971),
the number of available experimental data in relevant
research dealing with inclined stirrups is too scarce to
allow them to be included.
* All the datasets included in the database are referred to
reinforced concrete beams with rectangular cross
section.
* Only experimental data based on beams under
concentrated loads have been used.
* For data which corresponded to the same experiment,
with the same mechanical and geometric characteristics,
however with different strength values, the average of
the measured mechanical strength of the different
experiments was used as output value for the respective
dataset.

Suitable collection of participation features is vital for
precise evaluation of shear capacity of reinforced concrete
beams using ANN models. Nine parameters (Table 2) are
selected for the training of the neural network based on
experience from past experimental studies and which are
also generally acknowledged as crucial variables in
determining shear capacity of reinforced concrete beams.
These relate to the mechanical and geometric characteristics
of the beams, while the output parameter is the value of
their experimental shear strength. Table 2 shows these
parameters and their distributions, i.e., the minimum,
maximum, average and standard deviation.

Table 2 Parameters of database

Data used in NN models
Min Average Max STD
mm 80.00 195.12 612.14 97.49

Code Variable Unit

01 Width of beam (b)

op Effective d(eal;‘h ofbeam 132,08 414.64 1097.28221.57
03  Cylinder compressive p 15 76 3699 10323 19.99

strength of concrete (fc)
Yield stress of
04 longitudinal
reinforcement (f)
Yield stress of transverse

MPa 0.00 418.18 910.11 135.54

05 . MPa 0.00 284.72 1414.17365.18
reinforcement (fyw)
Shear span /Effective
06 depth of beam (a/d) 0.61 239 9.05 133
Longitudinal o
07 reinforcement ratio (p/) (%) 0.00 241 454 110
08 Transverse. reinforcement (%) 000 028 225 038
ratio (pw)
g9  Effective span/depth 122 586 2001 3.19

(L/d) of beam

10 Shear strength (/)  MPa 0.59 346 1285 227

5.2 Training algorithms

Numerous training back-propagation neural network
algorithms have been proposed in the past, such as: quasi-
Newton, Resilient, One-step secant, Gradient descent with
momentum and adaptive learning rate, and Levenberg-
Marquardt. Perhaps, the best prediction algorithm for non-
linear behavior of shear capacity of reinforced concrete
beams with stirrups appears to be the Levenberg-Marquardt
(Lourakis 2005), which seems to be the fastest one for
medium-sized neural network training with feed forward (
up to several hundreds of weights) as well as for non-linear
problems.

5.3 Normalization of data

The normalization of data is a pre-processing phase
which has been proved to be a crucial step in the field of
soft computing techniques such as the artificial neural
networks techniques. In the present study, during the pre-
processing stage, the Min-Max (Delen et al. 2006) and the
ZScore normalization methods are used. In particular, the
nine input parameters (Table 2) as well as the single output
parameter have been normalized using the Min-Max
normalization method. As stated in Iruansi et al. 2010, in
order to avoid problems associated with low learning rates
of the ANN, the normalization of the data should be made
within a range defined by appropriate upper and lower limit
values of the corresponding parameter. In this work, the
input and output parameters have been normalized in the
range [0.10, 0.90]. Detailed and in-depth reports on
normalization techniques can be found in works by Asteris
et al. (2019b), Asteris and Nikoo (2019) and Cavaleri et al.
(2017).

5.4 Lower limit of shear strength

As already mentioned in Step 3 of the proposed
heuristic algorithm, which was presented in the previous
section for the development and selection of the optimum
ANN, it is recommended, when possible, to implement
upper and lower limits in order to control the value of the
parameter which the ANN model is requested to predict.
Specifically, it is proposed to select the optimum neural
network, not only through the use and evaluation of
statistical indexes, but also based on whether the predicted
values fulfill additional criteria, based on conditions,
benchmarks and principles relating to the natural
phenomenon under investigation.

To this end, an effort is made to formulate such criteria
in the current section, relating to the lowest value of shear
stress of reinforced concrete beam for specific cases of
different beam geometries and location of concentrated load
(Fig. 5). In particular, based on the fact that flexural failure
occurs for a/d values equal or higher than 5.00, it can be
stated that a beam’s resistance capability is based solely on
the flexural capacity provided by its longitudinal bars.

Based on equilibrium of internal forces (Fig. 5) the
following equation applies:

M —zF, =0 (19)
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Fig. 5 Simply supported reinforced concrete beam under
concentrated loads

where
M is the maximum applied bending moment due to
external forces defined as

M=aP (20)

P is the applied concentrated load

a is the is the distance between the concentrated
load and the support (shear span)

z is the lever arm of internal forces, approximately
equal to 0.9d

d is the effective depth of the beam

F, is the yield force of the reinforcement defined by
the equation

Fy =fyAsl 21

fy is the yield strength of reinforcement
Ag is the tensile reinforcement area defined by

ASl = plbd (22)

p; is the ratio of the longitudinal reinforcement

b is the width of the cross section

Based on the above equations the shear strength at
failure can be calculated with the following equation in
stress terms

v=L =090y (23)
bd "4/

The proposed equation above, consists a criterion (limit)
regarding the value of shear stress. This limit will be used
during the evaluation and selection of the optimum NN
among the trained and developed NN models for the
prediction of the value of shear strength of reinforced
concrete beams.

5.5 Performance evaluation
For the assessment of the developed NN models the

following four performance statistical indices have been
used (Johnsson 2018)

» The Pearson’s correlation coefficient R

2
_ Z?Ll(Ximes _Xipred) (24)
B T I Knes —

i=1 mes

* Root Mean Square Error (RMSE)
1V 2
RMSE = NZ 1(Xipred _Ximes) (25)
i=

* Mean Absolute Percentage Error (MAPE)
100 N |Xipred _Ximesl

MAPE = — (26)
N i=1 Ximes
* Variance Account For (VAF)
var(X; —X;
VAF = [1 _ var (Ximes ””"“"”)] x 100 27)
Var(Ximes)

where the parameters Xines, Xiprea and X represent
measured, predicted and mean values, respectively. N
denotes the total number of data. In theory, the lower the
RMSE, the more accurate is the evaluation. The Pearson’s
correlation coefficient R measures the variance that is
interpreted by the model, which is the reduction of variance
when using the model. R values ranges from 0 to 1 while
the model has healthy predictive ability when it is near to 1
and is not analyzing whatever when it is near to 0. These
performance metrics are a good measure of the overall
predictive accuracy.

Furthermore, the following new engineering index, the
a20-inex, has been recently proposed for the reliability
assessment of the developed ANN models (Apostolopoulou
et al. 2019, Armaghani et al. 2019, Chen et al. 2019, Asteris
et al. 2019c¢, Asteris et al. 2019d, Xu et al. 2019)

m20
a20 — index = Y (28)

where M is the number of dataset sample and m20 is the
number of samples with value of rate Experimental
value/Predicted value between 0.80 and 1.20. Note that for
a perfect predictive model, the values of a20-index values
are expected to be unity. The proposed a20-index has the
advantage that their value has a physical engineering
meaning. It declares the amount of the samples that satisfies
predicted values with a deviation +20% compared to
experimental values.

6. Results and discussion
6.1 Development of artificial neural networks

Based on the above mentioned algorithm as well as on
the parameters presented in Table 3, 982800 models of
back-propagation neural networks were designed and
trained. Namely, NNs architectures for the following four
cases have been trained and developed

Case I: 5400 architectures of NN models with one

hidden layer and without any preprocess,

Case II: 5400 architectures of NN models with one
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Table 3 Training parameters of ANN models hidden layer and with preprocess based on minmax
Parameter Value normalization technique (the input and output
Training Algorithm Levenberg-Marquardt Algorithm parameters have been normalized in the range [0.10,
Normalization Minmax in the range 0.10 - 0.90 0.501), . .
Number of Hidden Layers 12 Case III: 486000 architectures of NN models with two

Number of Neurons per hidden layers and without any preprocess,

Hidden Layer 1 to 30 by step 1 Case IV: 486000 architectures of NN models with two
Control random number rand (seed, generator) where generator hldden. la}{er and Wlth preprocess b.ased on minmax
generation range from 1 to 10 by step 1 normalization technique (also the input and output
Training Goal 0 parameters have been normalized in the range [0.10,
Epochs 250 0.90]).
Cost Function MSE; SSE Each model was trained through 180 data (out of a total
Transfer Functions Tansig (T); Logsig (L); Purelin (P) of 300, i.e., 60%) and the reliability of the results was
Note: validated via 60 data values (20%) and tested against the
MSE: Mean Square Error; SSE: Sum Square Error remaining 60 data values (20 % of the total).
Tansig (T): Hyperbolic Tangent Sigmoid transfer function A.ll the 982800 developed ANN models have.been
Logsig (L): Log-sigmoid transfer function classified based on the RMSE index and the optimum

Purelin (P): Linear transfer function
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Fig. 6 Architecture of the optimum BPNN 9-30-4-1
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Fig. 7 Comparison of experimental values of shear strength with those predicted by the optimum BPNN 9-30-4-1

Table 4 Statistical Indexes of the optimum BPNN models

Statistical Indices

Case Model Normalization DataSet 220-index R RMSE MAPE VAF

| 9-23-1 NoPreprocess 1.0000 0.9984 0.1304 0.0375 99.6726
1 9-21-1 MinMax [0.10, 0.90] Training 0.9722 0.9964 0.1930 0.0589 99.2839
11 9-27-7-1 NoPreprocess 0.9944 0.9985 0.1265 0.0411 99.6974
v 9-30-4-1 MinMax [0.10, 0.90] 1.0000 0.9988 0.1125 0.0307 99.7566
| 9-23-1 NoPreprocess 0.8500 0.9788 0.4534 0.1109 95.7530
I 9-21-1 MinMax [0.10, 0.90] Test 0.8167 0.9838 0.3968 0.1106 96.7576
11 9-27-7-1 NoPreprocess 0.9167 0.9849 0.3907 0.0953 96.8833
v 9-30-4-1 MinMax [0.10, 0.90] 0.9333 0.9884 0.3340 0.0792 97.6924

architecture for each one from the four cases are shown in
Table 4. Based on these results, the optimal model of neural
networks appears to be the 9-30-4-1 (see also Fig. 6) with a
RMSE value equal to 0.3340 for the case of test datasets.
This network represents the case of architectural neural
networks with two hidden levels and without the use of any
normalization technique. Furthermore, as it is presented in
Fig. 6 the transfer functions are the Hyperbolic Tangent
Sigmoid transfer function (tansig) for the first and second
hidden layer and the Linear transfer function (purelin) for
the output layer.

Fig. 7 depicts the experimental values of shear strength
relative to those predicted by the optimum neural network
9-30-4-1. It is observed that the neural network evaluates
adequately the shear capacity of the reinforced concrete
beams.

6.2 Neural network results assessment
In order to assess the results of the neural network, a

detailed comparison between the shear capacity values
predicted by the neural network with those provided by
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Fig. 8 Comparison of experimental test results of shear capacity with those provided by the Artificial Neural Network and

previous studies from the pertinent literature

code regulations and other researchers is shown in Table 5
as well in the following figures, examining the total gamut
of 300 experimental data.

Fig. 8 depicts the experimental values of shear capacity
predicted by both the ANN method and the pertinent

regulations of codes. This figure demonstrates the wide
dispersion of the values provided by the regulations as well
as the much better evaluation by the proposed neural
network approach. Furthermore, the Pearson correction
factors - alpha factors - are provided.



480 Panagiotis G. Asteris, Danial J. Armaghani, George D. Hatzigeorgiou, Chris G. Karayannis and Kypros Pilakoutas

4.00
Model: BPNN 9-30-4-1
Datasets : All Data
R=0.9944
RMSE=0 2397
300 || 820-index=0.9667 (96.67%)
o
z
L=
2
o
g 2.00
(7]
£
o .
|53 .
1
-
100 -—Wﬂf.—f——t——w——l——w——
.
0.00 T T T T 1
0.00 2.00 4.00 6.00 8.00 10.00
Shear span /Effective depth of beam (a/d)
4.00
o Te Model: Canadian Code
* Datasets : All Data
b R=0.6832
ot RMSE=1.9753
200 oY a20-index=0.3500 (35.00%) |
- . .
2 .
2
i
o
g 2.00
@
E
5] . .
o L ]
] ’ % ! “ 5
1.00
0.00 T T T T 1
0.00 2.00 4.00 6.00 8.00 10.00
Shear span /Effective depth of beam (a/d)
4.00 v e
., Model: NZ Code
. Datasets : All Data
- ] R=0.6931
*e s Lo RMSE=2.0795
200 $ a20-index=02833 (28333%) | |
! - P
B
=g .
=] .' .
B N,
o . .
T 200 "!! :
b .;. *
@
E [} il §
@ s Dl »
& °.i§ » &3
T, ¢ &
) 4
1.00 . 1 . . ~
..
L]
0.00 T T T T 1
0.00 2.00 4.00 6.00 8.00 10.00

Shear span /Effective depth of beam (a/d)

4.00 . w
Model: EC8
L4 . Datasets : All Data
o R=0.6824
RMSE=1.8384
200 a20-index=0 4833 (49.33%) |
pe]
o}
(=)
s
L
o
g 200
L)
E
©
o
i
®
100 1 . e _.__-T__._ T T4 1]
.
0.00 ! ! I I !
0.00 2.00 4.00 6.00 8.00 10.00
Shear span (Effective depth of beam (a/d)
4.00
. Model: Gandomi
s Datasets : All Data
L] R=0 5797
RMSE=2.6227
500 | 2. a20-index=0.3000 (30.00%)
he]
o
= o’ b
3 «e * i "
o . £ ]
= ! .
@ 2.00 -y
B ek
-
= -
g = % of
= of., °
1.00 +—— .l .08
’ ]
] [ - . :
%, :
'z .3 . -
0.00 T T T T 1
0.00 2.00 4.00 5.00 8.00 10.00
Shear span /Effective depth of beam (a/d)
4.00
0
o Wl Model: ACI
L L Datasets - All Data
LAEN ] R=0.5862
-3 RMSE=2 3534
200 220-index=0.1900 (19.00%)
o ]
_‘g S, -
g 4 .
o *a gt
E 200 ..g.". . t
£ -, e o.; :‘ .
RS, ¥ 7 SRR
o { H D . hd
. . . Py
100 +——, — r+—f————1—+—4——
1 S
e @ hJ
*e o
. -
0.00 T T T T 1
0.00 2.00 4.00 B6.00 8.00 10.00

Shear span /Effective depth of beam (a/d)

Fig. 9 Variation in the experimental tests values of shear capacity to those predicted by the Artificial Neural Network and by

previous research studies, based on the ratio a/d

Figs. 9 and 10 show the ratio of the predicted shear
capacity versus the shear span/effective depth of beam (a/d)
and shear reinforcement ratio (pw), respectively. It is
obvious that the neural network approach provides much
better predictions than the other methods. Their accuracy
in descending order is: Proposed Neural Network method,
EC2, Canadian Code, Gandomi ef al. (2017), New Zealand

Code and ACI. It is worth noting that EC2 for a/d ratios
greater than 2.0 provides very good estimated values for the
shear capacity.

6.3 Weights for FF-NN model

In most of previous research studies that examined
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Fig. 10 Variation in the experimental tests values of shear capacity to those predicted by the Artificial Neural Network and by

previous research studies, based on the ratio pw

artificial neural networks, information concerning the
values of ANN weights is missing while the main topic of
the studies has to do with the proposed architecture of the
optimum NN model. In such cases, the proposed methods
have limited applicability as it is difficult for other
researchers and practicing engineers to reproduce the

results. To address this issue, the (quantitative) values of
weights are given so that the proposed ANN scheme can be
readily implemented in a spreadsheet and be accessible to
everyone interested in the procedure of simulation. More
specifically, in this paper, the final weights’ values and
biases for the optimal with two hidden layers BPNN 9-30-
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Fig. 11 Weights and Bias values of the optimum with two hidden layers BPNN 9-30-4-1 for the evaluation of shear capacity

of concrete beams (The values are presented in Table 6)

Table 5 Statistical Indexes of the optimum BPNN models

Ranking Based on Statistical Indices

a20-index R VOUel a20- o oo MAPE VAR
index
1 1 9-30-4-10.9667 0.9944 0.2397 0.0519 98.8798
2 4 EC8 0.49330.6824 1.8384 0.6259 42.9313
3 3 Caé‘ggéa” 0.3500 0.6832 1.9753 0.8064 43.8300
Gandomi i
4 6  etal. 0300005799 2.6227 0.9071 5 o
2017
5 2 NZS 0.2833 0.6931 2.0795 0.8612 47.9592
6 5  ACI 0.1900 0.5862 2.3534 0.9600 15.1939

4-1 for the prediction of shear capacity of concrete beams
are explicitly reported in Fig. 11 and in the Table 6.
Adopting the provided values of weights and biases an
ANN-based estimator can be straightforwardly constructed
for the shear capacity of concrete beams.

6.4 Sensitivity analysis

Based on the proposed optimum neural network, a
sensitivity analysis has been performed in order to further
assess its reliability as well as to reveal the dependence of
shear strength on the mechanical and geometrical
parameters of concrete beams. More specifically, in
addition to the aforementioned standard neural network
reliability test performed above, and based on the capability
for the neural network to predict reliably the shear strength
for 60 experimental tests (out of a total of 300 databases),
three additional investigations have been conducted.

Investigation 1:

Using the proposed neural network, the behavior of
eight beams, which were experimentally tested by Lodhe
(2011) are investigated. These experimental results have
been used toward the neural network training. The data for
these beams, the corresponding experimental values, and
the values predicted by the neural network are shown in
Table 7 and in Fig. 12. It is evident that the proposed neural
network predicts accurately the experimental values
(R=0.9993). Moreover, the proposed neural network
identifies the engineering laws that apply to intermediate
values of the percentage of longitudinal reinforcement,
especially for values between pl=1.20 and p1=1.80%. In
addition, the smoothness of the curvatures of the respective
curves indicate that the proposed heuristic algorithm
successfully addresses the frequently encountered over-
fitting problem during the training and development of
ANN models.

Investigation 2:

In the second investigation, the behavior of 6 beams that
were experimentally tested by Wafa et al. (1994) are
examined. These experimental results, unlike the first
investigation, have not been used in neural network training
(i.e., they were not included in the database). The data for
these beams, the corresponding experimental results, and
the values predicted by the neural network are shown in
Table 8 and Fig. 13. The neural network predicts well the
experimental values (R=9954). As in the case of the first
investigation, the neural network reveals the engineering
laws that apply to shear strength. The smoothness of the
curvatures is an indication that the proposed heuristic
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Table 6 Final values of weights and bias of the optimum NN model 9-30-4-1
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IW {1,1} (30x9) LWT{2,1} (30x4) B{1,1} (30x1)
127 -039 -0.10 035 -103 044 -101 000 005 011 0.0 -0.05 0.9 2.04
034 063 -031 031 -009 131 012 120 -052 -007 -029 -0.20 0.19 -1.90
041 062 077 022 -077 -069 -119 -039 057 -028 -0.38 027 042 -1.76
080 024 -0.88 058 087 -046 080 -0.69 -051 019 013 023 0.8 -1.62
049  -083 -004 102 -061 012 -021 -116 -0.65 035 -043 -0.11 -0.43 1.48
136 -111 -0.86 049 003 -006 -011 012 029 020 003 -0.18 -0.34 1.34
096 110 -0.34 021 074 022 -019 079 -078 -025 015 -0.44 -0.10 -1.20
006 -046 072 065 -0.70 -0.98 093 -0.70 046 -0.02 -043 007 -0.12 1.06
090 -056 -0.40 082 048 108 053 -0.60 042 016 -044 032 021 -0.92
031 -001 105 -061 -028 089 -1.02 067 -049 -039 030 -0.35 -0.18 0.77
159 036 087 -002 -0.70 049 001 -016 -008 -032 -015 019 0.39 0.63
026 092 010 067 -0.85 062 054 093 -074 025 027 006 0.02 0.49
059 016 101 050 -0.77 029 072 012 -115 038 033 014 -0.43 0.35
075 -054 -026 -0.80 -0.94 048 -009 -1.22 -004 -023 -018 017 0.25 0.21
093 -039 085 -096 071 014 -088 -005 -046 043 -0.20 -0.27 0.40 0.07
025 033 032 030 -062 104 095 -112 -041 028 004 003 -0.05 -0.07
089 022 093 -021 035 -071 103 028 08l 000 -031 -0.47 0.40 -0.21
052  -013 053 -0.74 -0.83 -097 030 -084 079 035 -031 -0.02 0.22 0.35
081  -117 082 085 023 -068 037 -024 -020 -028 031 031 006 0.49
027 -005 001 109 -020 -048 -080 -094 -106 037 031 -0.39 031 -0.63
057 001 082 -1.02 -102 054 077 -040 020 011 -014 -0.35 0.27 0.77
088 004 -040 008 -026 085 021 114 105 035 -0.14 -0.02 0.30 -0.92
020 017 013 089 100 -055 -052 087 -0.98 022 026 012 006 -1.06
077  -075 105 -030 052 -057 028 105 020 019 -029 -0.02 0.44 -1.20
059 103 043 035 085 -060 -078 006 -087 038 -021 -0.36 0.28 1.34
029 077 -049 002 -0.84 067 -1.08 -064 072 -001 008 -0.36 -0.37 1.48
011 -075 111 041 010 071 066 -0.62 093 -025 036 -045 -0.13 -1.62
103 -033 025 -056 058 052 101 -1.00 -013 020 035 025 -0.06 -1.76
050 108 -0.86 033 079 -051 -038 083 044 -002 -021 013 018 1.90
050 090 -0.34 08l 060 108 032 071 047 043 -013 -0.44 -0.04 -2.04
LW{3,2} (1x4) BT{2,1} (1x4) B{3,1} (1x1)
082 057 -0.73 047 147 049 049 147 -0.63
Note

IW {1,1}=Weights values for Input Layer
LW {2,1}=Weights values for

1%t hidden Layer , LW {3,2}=Weights values for 2" hidden Layer

B{1,1}= Bias values for 1% hidden layer, B{2,1}= Bias values for 2" hidden layer, B{3,1}= Bias values for output layer

T denotes the transpose of a matrix.

algorithm successfully addresses the frequently encountered
over-fitting problem during the training and development of
ANN models.

Investigation 3:

In this investigation, unlike the two previous
investigations, the behavior of a number of beams has been
studied; for these beams, the corresponding experimental
results are not available, but they are estimated by the
proposed neural network to investigate the a/d ratio for
values from 1 to 7 and for 5 different concrete compressive
strengths (20, 30, 40 50 and 60 MPa).

The geometrical and mechanical characteristics of the
beams are shown in Table 9. These values correspond to
330 different cases of beams for which the proposed neural
network 9-30-4-1 predicts the corresponding values of shear
strength as shown in Fig. 14. The results confirm the fact
that the shear strength changes with respect to both the a/d
parameter and the compressive strength of the concrete. It
should be mentioned that this diagram is a first indication of

the fact that the shear strength varies with respect to two of
the most important parameters involved in the problem. It is
worth noticing that the number of experimental data with
a/d ratio values greater than 4.00 is relatively small and a
larger number of experimental data is required. Toward this
direction, an extensive database of experimental data has
already begun to be developed for the training and
development of a new neural network that will cover a
larger range of data.

7. Limitations

The proposed neural network is applied in the ten-
dimensional space defined by the ten parameters which
influence the development of shear strength of reinforced
concrete beams with or without stirrups. In fact, the neural
network is applicable for parameter values ranging between
the lowest and highest values of each parameter, as
presented in Table 2. Taking into account that included
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Table 7 Experimental datasets by Lodhe (2011)
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Input Parameters Output Parameter  Vexp / R
No b d fe fy fyow a/d o1 Pw L/d  Vexp Vpred Vpred
(mm) (mm) (MPa) (MPa) (MPa) - (%) (%) - (MPa) (MPa) - -
(O] (6) (@) (8) (9 @0 @1 (@12 (33 (35 (36 (171 (18
1 100 375.00 3214 4450 4454 107 060 050 2.67 2.80 2.75 1.02
2 100 375.00 3219 4450 4454 107 060 075 2.67 3.33 3.40 0.98
3 100 375.00 3220 4450 4454 107 060 125 267 4.00 4.18 0.96
4 100 375.00 32.16 4450 4454 107 060 225 2.67 4.27 4.34 0.98 (é)
5 100 375.00 32.14 446.0 4453 107 240 050 2.67 7.79 7.76 1.00 g
6 100 375.00 3219 446.0 4453 107 240 075 2.67 8.40 8.37 1.00
7 100 375.00 3220 446.0 4453 1.07 240 125 267 8.53 8.74 0.98
8 100 375.00 32.16 446.0 4453 107 240 225 2.67 8.80 8.79 1.00
Table 8 Experimental datasets by Wafa et al. (1994)
Input Parameters Output Parameter  Vexp /
No b d f. fy fyow a/d o Puw L/d Vexp  Vpred Vpred
(mm) (mm) (MPa) (MPa) (MPa) - (%) (%) - (MPa) (MPa) - -
(OEENE) (0) ) (®) €] ay dn a2  ds  3ds 16) an  (ay)
1 125 215 94.8 460 0 1.00 2.84 0.00 4.33 7.10 9.50 0.75
2 125 215 94.9 460 0 2.00 284 0.00 6.33 3.35 3.63 0.92
3 125 215 93.7 460 0 250 2.84 0.00 7.33 2.07 2.47 0.84 §
4 125 215 91.5 460 0 3.00 2.84 0.00 8.33 2.05 1.90 1.08 2
5 125 215 923 460 0 4.00 2.84 000 10.33 1.90 1.48 1.28
6 125 215 92.0 460 0 6.00 2.84 000 14.33 1.49 1.43 1.05
Table 9 Parameters of beams 10.00
No. Variable Valuet _ P o
1 Width of beam (b) 200 mm é 8.00 240 ¢
2 Effective depth of beam (d) 400 mm =
3 Cylinder compressive strength 20 to 60 MPa 2 500 .
of concrete (fc) by step 10 MPa B 180 1 L
Yield stress of longitudinal g ——
4 reinforcement (f;) 500 MPa B 400 /// —
i i b 1.20
5 Yield stress of transverse reinforcement 500 MPa 3 /,,/
(fiw) S 060"+
6 Shear span /Effective depth 0.5 to 7.00 & 200 — Predicted by ANN 8-30-4-1
of beam (a/d) by step 0.10 o Exoerimontal by Lodhe (2011
7 Longitudinal reinforcement ratio (p:) 3.00 (%) ‘xPe”mlen i yl e i : ‘
8 Transverse reinforcement ratio (pw) 0.50 (%) n'nng,gg 050 100 ‘ 150 I 200 ‘ 250
9 Effective span / depth (L/d) of beam 8.00 Transverse reinforcement ratio (%)

experimental datasets for a/d ratios over 4.00 are sparse, it
is proposed to limit the use of the NN model only for a/d
ratios between 0.61 and 4.00.

8. Conclusions

In this paper, Artificial Neural Networks are developed
to evaluate the shear capacity of reinforced concrete beams
with shear reinforcement - stirrups. More specifically, a new
algorithm is proposed for finding the optimal neural
network architecture. The main conclusions of this study
are the following:

« Artificial Neural Networks can be used to evaluate the

shear capacity of reinforced concrete beams with the

minimum computational effort, in comparison with

Fig. 12 Sensitivity of the shear strength to the transverse
reinforcement ratio of beams based on the optimum BPNN
9-30-4-1 as well as comparisons with experimental data by
Lodhe (2011)

other computational/numerical methods

* the proposed heuristic algorithm contributes to finding
the optimal architecture of Artificial Neural Networks

* the proposed method gives the most reliable estimation
for the shear capacity of reinforced concrete beams in
the dataset, in comparison with available semi-empirical
and/or analytical relations proposed others or used in
international standards.

* Using the architecture of the proposed optimum neural
network and the resulting values of final weights of the
parameters (see supplementary materials) a useful tool is
developed for researchers, engineers, and for supporting
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12.00 T ‘

i I i I i I '
——Predicted by ANN 9-30-4-1 F---

10.00 e Experimental by Wafa etal (1994) |——

co

=1

=1
L

6.00

4.00 \

Prediced Shear Strength (MPa)

0.00
0.00 1.00 2.00 3.00 4.00 5.00 6.00 7.00

Shear Span /Effective Depth of Beam (a/d)

Fig. 13 Sensitivity of the shear strength to the effective
depth of beam based on the optimum BPNN 9-30-4-1 as
well as comparisons with experimental data by Wafa et al.
(1994)

the teaching and interpretation of the behavior of
reinforced concrete beams under shear loading.

Acknowledgements

The authors would like to thank Dr. Andreas Stavridis,
Professor at the Department of Civil, Structural and
Environmental Engineering, University at Buffalo, NY,
USA, and Dr. Ghassan K. Al-Chaar, Researcher at US Army
Construction Engineering Research Lab, Des Plaines, USA,
for their valuable contributions to the construction of the
database used in the work presented herein. The authors
would also like to thank Dr. Robert J. Frosch, Prof. at Lyles
School of Civil Engineering, Purdue University, West
Lafayette, United States, for providing us clarifications on
his experimental data included in the developed database.

References

ACI Committee 318 (2015), Building Code Requirements for
Reinforced Concrete, ACI 318M-14 and Commentary-ACI
318RM-14, American Concrete Institute, Farmington Hills,
Michigan.

Adeli, H. (2001), “Neural networks in civil engineering: 1989-
20007, Compu. Aid. Civil Infrastr Eng., 16(2), 126-142.
https://doi.org/10.1111/0885-9507.00219.

Akkurt, S., Tayfur, G. and Can, S. (2004), “Fuzzy logic model for
the prediction of cement compressive strength”, Cement
Concrete Res., 34(8), 1429-1433.
https://doi.org/10.1016/j.cemconres.2004.01.020.

Amani, J. and Moeini, R. (2012), “Prediction of shear strength of
reinforced concrete beams using adaptive neuro-fuzzy inference
system and artificial neural network”, Scientia lranica, 19(2),
242-248.

Angelakos, D., Bentz, E.C. and Collins, M.P. (2001), “Effect of
concrete strength and minimum stirrups on shear strength of
large members”, ACI Struct. J., 98(3), 290-300.

Apostolopoulou, M., Armaghani, D.J., Bakolas, A., Douvika,
M.G., Moropoulou, A. and Asteris, P.G. (2019), “Compressive

16.00

14.00 60

12.00

10.00

\
§.00 43\
6.00 \ \
N
—

74

&h

e~

400 1929

Prediced Shear Strength (MPa)

2.00

Shear Flexural
Failure Failure

0.00
0.00 1.00 200 3.00 4.00 500 6.00 7.00

Shear Span/Effective Depth of Beam (a/d)

Fig. 14 Sensitivity of the shear strength to the shear span to
effective depth of beam ratio as well to the compressive
strength of concrete (20:60:10) based on the optimum
BPNN 9-30-4-1

strength of natural hydraulic lime mortars using soft computing
techniques”,  Procedia  Struct. Integ., 17, 914-923.
https://doi.org/10.1016/j.prostr.2019.08.122.

Armaghani, D.J., Hatzigeorgiou, G.D., Karamani, Ch., Skentou,
A., Zoumpoulaki, I. and Asteris, P.G. (2019), “Soft computing-
based techniques for concrete beams shear strength”, Procedia
Struct. Integ., 17, 924-933.
https://doi.org/10.1016/j.prostr.2019.08.123.

Armaghani, D.J., Mohamad, E.T., Narayanasamy, M.S., Narita, N.
and Yagiz, S. (2017), “Development of hybrid intelligent
models for predicting TBM penetration rate in hard rock
condition”, Tunnel. Underg. Space Technol., 63, 29-43.
https://doi.org/10.1016/j.tust.2016.12.0009.

Asteris, P.G. and Kolovos, K.G. (2019), “Self-compacting
concrete strength prediction using surrogate models”, Neur.
Comput. Appl., 31(1), 409-424. https://doi.org/10.1007/s00521-
017-3007-7.

Asteris, P.G. and Nikoo, M. (2019), “Artificial bee colony-based
neural network for the prediction of the fundamental period of
infilled frame structures”, Neur. Comput. Appl., 1-11.
https://doi.org/10.1007/s00521-018-03965-1.

Asteris, P.G. and Plevris, V. (2013), “Neural network
approximation of the masonry failure under biaxial compressive
stress”, ECCOMAS Special Interest Conference-SEECCM
2013: 3rd South-East European Conference on Computational
Mechanics, Proceedings-An IACM Special Interest Conference,
584-598.

Asteris, P.G. and Plevris, V. (2017), “Anisotropic Masonry failure
criterion using artificial neural networks”, Neur. Comput. Appl.,
28(8), 2207-2229. https://doi.org/10.1007/s00521-016-2181-3.

Asteris, P.G., Apostolopoulou, M., Skentou, A.D. and Antonia
Moropoulou, A. (2019d), “Application of artificial neural
networks for the prediction of the compressive strength of
cement-based mortars”, Comput. Concrete, 24(4), 329-345.
https://doi.org/10.12989/cac.2019.24.4.329.

Asteris, P.G., Ashrafian, A. and Rezaie-Balf, M. (2019a),
“Prediction of the compressive strength of self-compacting
concrete using surrogate models”, Comput. Concrete, 24(2),
137-150. https://doi.org/10.12989/cac.2019.24.2.137.

Asteris, P.G., Kolovos, K.G., Douvika, M.G. and Roinos, K.
(2016a), “Prediction of self-compacting concrete strength using
artificial neural networks”, Eur. J. Environ. Civil Eng., 20,
5102-s122. https://doi.org/10.1080/19648189.2016.1246693.



486 Panagiotis G. Asteris, Danial J. Armaghani, George D. Hatzigeorgiou, Chris G. Karayannis and Kypros Pilakoutas

Asteris, P.G., Moropoulou, A., Skentou, A.D., Apostolopoulou,
M., Mohebkhah, A., Cavaleri, L., Rodrigues, H. and Varum, H.
(2019c), “Stochastic vulnerability assessment of masonry
structures: Concepts, modeling and restoration aspects”, Appl.
Sci., 9(2), 243. https://doi.org/10.3390/app9020243.

Asteris, P.G., Nozhati, S., Nikoo, M., Cavaleri, L. and Nikoo, M.
(2019b), “Krill herd algorithm-based neural network in
structural seismic reliability evaluation”, Mech. Adv. Mater.
Struct., 26(13), 1146-1153.
https://doi.org/10.1080/15376494.2018.1430874.

Asteris, P.G., Roussis, P.C. and Douvika, M.G. (2017), “Feed-
forward neural network prediction of the mechanical properties
of  sandcrete  materials”, Sensor., 17(6), 1344,
https://doi.org/10.3390/s17061344.

Asteris, P.G., Tsaris, A.K., Cavaleri, L., Repapis, C.C., Papalou,
A., Di Trapani, F. and Karypidis, D.F. (2016b), “Prediction of
the fundamental period of infilled RC frame structures using
artificial neural networks”, Comput. Intel. Neurosci., 2016,
5104907. https://doi.org/10.1155/2016/5104907

Baykasoglu, A., Dereli, T.U. and Tanis, S. (2004), “Prediction of
cement strength using soft computing techniques”, Cement
Concrete Res., 34(11), 2083-2090.
https://doi.org/10.1016/j.cemconres.2004.03.028.

Berry, M.J.A. and Linoff, G. (1997), Data Mining Techniques,
John Wiley & Sons, NY.

Blum, A. (1992), Neural Networks in C++, Wiley, NY.

Boger, Z. and Guterman, H. (1997), “Knowledge extraction from
artificial neural network models”, IEEE Systems, Man, and
Cybernetics Conference, Orlando, FL, USA.

Cavaleri, L. Chatzarakis, G.E., DiTrapani, F., Douvika, M.G.,
Foskolos, F.M., Fotos, A., Giovanis, D.G., Karypidis, D.F.,
Livieratos, S., Roinos, K., Tsaris, A.K., Vaxevanidis, N.M.,
Vougioukas, E. and Asteris, P.G. (2016), “Surface roughness
prediction of electro-discharge machined components using
artificial neural networks”, 5th International Conference on
Integrity, Reliability and Failure, Faculty of Engineering, Porto,
July.

Cavaleri, L., Asteris, P.G., Psyllaki, P.P., Douvika, M.G., Skentou,
A.D. and Vaxevanidis, N.M. (2019), “Prediction of surface
treatment effects on the tribological performance of tool steels
using artificial neural networks”, Appl. Sci., 9(14), 2788.
https://doi.org/10.3390/app9142788.

Cavaleri, L., Chatzarakis, G.E., Di Trapani, F., Douvika, M.G.,
Roinos, K., Vaxevanidis, N.M. and Asteris, P.G. (2017),
“Modeling of surface roughness in electro-discharge machining
using artificial neural networks”, Adv. Mater. Res., 6(2), 169-
184. https://doi.org/10.12989/amr.2017.6.2.169.

Chen, H., Asteris, P.G., Armaghani, D.J., Gordan, B. and Pham,
B.T. (2019), “Assessing dynamic conditions of the retaining
wall using two hybrid intelligent models”, Appl. Sci., 9(6),
1042. https://doi.org/10.3390/app9061042.

Chen, Z. (2013), “An overview of Bayesian methods for neural
spike train analysis”, Comput. Intel. Neurosci., 2013, 251905.
https://doi.org/10.1155/2013/251905.

Cladera, A. and Mari, A.R. (2004a), “Shear design procedure for
reinforced normal and high-strength concrete beams using
artificial neural networks. Part |: Beams without stirrups”, Eng.
Struct., 26(7), 917-926.
https://doi.org/10.1016/j.engstruct.2004.02.010.

Cladera, A. and Mari, A.R. (2004b), “Shear design procedure for
reinforced normal and high-strength concrete beams using
artificial neural networks. Part 1I: Beams with stirrups”, Eng.
Struct., 26(7), 927-936.
https://doi.org/10.1016/j.engstruct.2004.02.011.

Clark, A.P. (1951), “Diagonal tension in reinforced concrete
beams”, ACI J., 48(2), 145-156.

CSA (2004), Design of Concrete Structures A23.3-04, Canadian

Standards Association, Rexdale, Ontario.

Delen, D., Sharda, R. and Bessonov, M. (2006), “Identifying
significant predictors of injury severity in traffic accidents using
a series of artificial neural networks”, Accid. Anal. Prev., 38,
434-444, https://doi.org/10.1016/j.aap.2005.06.024.

Dias, W.P.S. and Pooliyadda, S.P. (2001), “Neural networks for
predicting properties of concretes with admixtures”, Constr.
Build. Mater., 15(7), 371-379. https://doi.org/10.1016/S0950-
0618(01)00006-X.

El Chabib, H., Nehdi, M. and Sa®, A. (2006), “Predicting the
effect of stirrups on shear strength of reinforced normal-strength
concrete (NSC) and high-strength concrete (HSC) slender
beams using artificial intelligence”, Can. J. Civil Eng., 33(8),
933-944. https://doi.org/10.1139/106-033.

European Committee for Standardization CEN (2004), Eurocode
2: Design of concrete structures - Part 1-1: General Rules and
Rules for Buildings, European Standard EN 1992-1-1.

Feldman, A. and Siess, C.P. (1955), “Effect of moment shear ratio
on diagonal tension cracking and strength in shear of reinforced
concrete beams”, Univ. of Illinois Civil Eng. Studies, Struct.
Research Series No. 107.

Flood, I. and Kartam, N. (1994), “Neural networks in civil
engineering. I: Principles and understanding”, J. Comput. Civil
Eng., 8(2), 131-148. https://doi.org/10.1061/(ASCE)0887-
3801(1994)8:2(131).

Fukuhara, M. and Kokusho, S. (1982), “Effectiveness of high
tension shear reinforcement in reinforcedconcrete members”, J.
Struct. Constr. Eng., AlJ 320, 12-20.

Gandomi, A.H., Alavi, A.H., Gandomi, M. and Kazemi, S. (2017),
“Formulation of shear strength of slender RC beams using gene
expression programming, part II: With shear reinforcement”,
Measure., 95, 367-376.
https://doi.org/10.1016/j.measurement.2016.10.024.

Ghannoum, WM. (1998), “Size effect on shear strength of
reinforced concrete beams”, Master Thesis, Department of Civil
Engineering and Applied Mechanics, McGill University,
Montréal, Canada.

Giovanis, D.G. and Papadopoulos, V. (2015), “Spectral
representation-based neural network assisted stochastic
structural ~ mechanics”, Eng.  Struct., 84, 382-394.
https://doi.org/10.1016/j.engstruct.2014.11.044.

Iruansi, O., Guadagnini, M., Pilakoutas, K. and Neocleous, K.
(2010), “Predicting the shear strength of RC beams without
stirrups using Bayesian neural network”, Proceedings of the 4th
International Workshop on Reliable Engineering Computing,
Robust Design-Coping with Hazards, Risk and Uncertainty,
Singapore, March.

Ismail, K.S. (2009), “Strength prediction of struts in high-strength
reinforced concrete deep beams by strut-and-tie model”, Master
Thesis, University of Salahaddin, Hawler, Iraqg.

Kani, G.N.J. (1967), “How safe are our large reinforced concrete
beams?”, ACI J., 64(3), 128-141.

Kaveh, A., Bakhshpoori, T. and Hamze-Ziabari, S.M. (2018),
“GMDH-based prediction of shear strength of FRP-RC beams
with and without stirrups”, Comput. Concrete, 22(2), 197-207.
https://doi.org/10.12989/cac.2018.22.2.197.

Keskin, R.S.0. (2017), “Predicting Shear strength of SFRC
slender beams without stirrups using an ANN model”, Struct.
Eng. Mech., 61(5), 605-615.
https://doi.org/10.12989/sem.2017.61.5.605.

Kotsovou, G.M., Cotsovos, D.M. and Lagaros, N.D. (2017),
“Assessment of RC exterior beam-column Joints based on
artificial neural networks and other methods”, Eng. Struct., 144,
1-18. https://doi.org/10.1016/j.engstruct.2017.04.048.

Lamanna, J., Malgaroli, A., Cerutti, S. and Signorini, M.G. (2012),
“Detection of fractal behavior in temporal series of synaptic
quantal release events: A feasibility study”, Comput. Intel.



Predicting the shear strength of reinforced concrete beams using Artificial Neural Networks 487

Neurosci., 2012, 704673. https://doi.org/10.1155/2012/704673.
Lee, S.C. (2003), “Prediction of concrete strength using artificial

neural networks”, Eng. Struct., 25(7), 849-857.

https://doi.org/10.1016/S0141-0296(03)00004-X.

Londhe, R.S. (2011), “Shear strength analysis and prediction of
reinforced concrete transfer beams in high-rise buildings”,
Struct. Eng. Mech., 37(), 39-59.
https://doi.org/10.12989/sem.2011.37.1.039.

Lourakis, M.ILA. (2005), “A brief description of the Levenberg-
Marquardt algorithm implemented by levmar”, Institute of
Computer Science Foundation for Research and Technology -
Hellas (FORTH),
http://www.ics.forth.gr/~lourakis/levmar/levmar.pdf.

Mansour, M.Y., Dicleli, M., Lee, J.Y. and Zhang, J. (2004),
“Predicting the shear strength of reinforced concrete beams
using artificial neural networks”, Eng. Struct., 26(6), 781-799.
https://doi.org/10.1016/j.engstruct.2004.01.011.

Mohammadhassani, M., Nezamabadi-pour, H., Suhatril, M. and
Shariati, M. (2014), “An evolutionary fuzzy modelling approach
and comparison of different methods for shear strength
prediction of high-strength concrete beams without stirrups”,
Smart Struct. Syst., 14(5), 785-8009.
http://dx.doi.org/10.12989/ss5.2014.14.5.785.

Mohammadhassani, M., Saleh, A.M.D., Suhatril, M. and Safa, M.
(2015), “Fuzzy modelling approach for shear strength prediction
of RC deep beams”, Smart Struct. Syst., 16(3), 497-519.
https://doi.org/10.12989/ss5.2015.16.3.497.

NZS 3101 (2006), Concrete Structures Standard, Part 1 - The
Design of Concrete Structures, New Zealand Standards,
Wellington.

Oreta, A.W.C. (2004), “Simulating size effect on shear strength of
RC beams without stirrups using neural networks”, Eng. Struct.,
26(5), 681-691. https://doi.org/10.1016/j.engstruct.2004.01.009.

Ozcan, F., Atis, C.D., Karahan, O., Uncuoglu, E. and Tanyildizi,
H. (2009), “Comparison of artificial neural network and fuzzy
logic models for prediction of long-term compressive strength
of silica fume concrete”, Adv. Eng. Softw., 40(9), 856-863.
https://doi.org/10.1016/j.advengsoft.2009.01.005.

Papadopoulos, V., Giovanis, D.G., Lagaros, N.D. and
Papadrakakis, M. (2012), “Accelerated subset simulation with
neural networks for reliability analysis”, Comput. Meth. Appl.
Mech. Eng., 223-224, 70-80.
https://doi.org/10.1016/j.cma.2012.02.013.

Placas, A. and Regan, P.E. (1971), “Shear failure of reinforced
concrete beams”, ACI J., 68(10), 763-773.

Plevris, V. and Asteris, P. (2015), “Anisotropic failure criterion for
brittle materials using Artificial Neural Networks”, COMPDYN
2015 - 5th ECCOMAS Thematic Conference on Computational
Methods in Structural Dynamics and Earthquake Engineering,
2259-2272.

Plevris, V. and Asteris, P.G. (2014a), “Modeling of masonry
compressive failure using Neural Networks”, OPT-i 2014 - 1st
International Conference on Engineering and Applied Sciences
Optimization, 2843-2861.

Plevris, V. and Asteris, P.G. (2014b), “Modeling of masonry
failure surface under biaxial compressive stress using Neural
Networks”,  Constr.  Build.  Mater., 55, 447-461.
https://doi.org/10.1016/j.conbuildmat.2014.01.041.

Robinson, J.R. (1968), “Internal CEB (Comlt~ Europeen du
Beton) correspondence”, 12th Plenary Session, Lausanne, April.

Russo, G., Mitri, D. and Pauletta, M. (2013). “Shear strength
design formula for RC beams with stirrups”, Eng. Struct., 51,
226-235.

Sanad, A. and Saka, M.P. (2001), “Prediction of ultimate shear
strength of reinforced-concrete deep beams using neural
networks”, J. Struct. Eng., 127(7), 818-828.
https://doi.org/10.1061/(ASCE)0733-9445(2001)127:7(818).

Sarir, P., Chen, J., Asteris, P.G., Armaghani, D.J. and Tahir, M.M.
(2019), “Developing GEP tree-based, neuro-swarm, and whale
optimization models for evaluation of bearing capacity of
concrete-filled steel tube columns”, Eng. Comput., 1-19.
https://doi.org/10.1007/s00366-019-00808-y.

Sarveghadi, M., Gandomi, A.H., Bolandi, H. and Alavi, A.H.
(2019), “Development of prediction models for shear strength
of SFRCB using a machine learning approach”, Neur. Comput.
Appl., 31(7), 2085-2094. https://doi.org/10.1007/s00521-015-
1997-6.

Seleemah, A.A. (2005), “A neural network model for predicting
maximum shear capacity of concrete beams without transverse
reinforcement”, Can. J. Civil Eng., 32(4), 644-657.
https://doi.org/10.1139/105-003.

Seleemah, A.A. (2012), “A multilayer perceptron for predicting
the ultimate”, J. Civil Eng. Constr. Technol., 3(2), 64-79.
https://doi.org/10.5897/JCECT11.098.

Tompos, E.J. and Frosch, R.J. (2002), “Influence of beam size,
longitudinal reinforcement, and stirrup effectiveness on
concrete shear strength”, ACI J., 99(5), 559-567.

Topgu, 1.B. and Saridemir, M. (2008), “Prediction of compressive
strength of concrete containing fly ash using artificial neural
networks and fuzzy logic”, Comput. Mater. Sci., 41(3), 305-
311. https://doi.org/10.1016/j.commatsci.2007.04.009.

Trtnik, G., Kavéic, F. and Turk, G. (2009), “Prediction of concrete
strength using ultrasonic pulse velocity and artificial neural
networks”, Ultrasonics, 49(1), 53-60.
https://doi.org/10.1016/j.ultras.2008.05.001.

Waszczyszyn, Z. and Ziemianski, L. (2001), “Neural networks in
mechanics of structures and materials-New results and
prospects of applications”, Comput. Struct., 79(22-25), 2261-
2276. https://doi.org/10.1016/S0045-7949(01)00083-9.

Xie, Y., Ahmad, S.H., Yu, T., Hino, S. and Chung, W. (1994),
“Shear ductility of reinforced concrete beams of normal and
high-strength concrete”, ACI J., 91(2), 140-149.

Xu, H., Zhou, J., Asteris, P.G., Armaghani, D.J. and Tahir, M.Md.
(2019), “Supervised machine learning techniques to the
prediction of tunnel boring machine penetration rate”, Appl.
Sci., 9(18), 3715. https://doi.org/10.3390/app9183715.

Yaseen, Z.M., Tran, M.T., Kim, S., Bakhshpoori, T. and Deo, R.C.
(2018), “Shear strength prediction of steel fiber reinforced
concrete beam using hybrid intelligence models: A new
approach”, Eng. Struct., 177, 244-255,
https://doi.org/10.1016/j.engstruct.2018.09.074.

Yavuz, G. (2016), “Shear strength estimation of RC deep beams
using the ANN and strut-and-tie approaches”, Struct. Eng.
Mech., 57(4), 657-680.
https://doi.org/10.12989/sem.2016.57.4.657.

Yavuz, G. (2019), “Determining the shear strength of FRP-RC
beams using soft computing and code methods”, Comput.
Concrete, 23(1), 49-60.
https://doi.org/10.12989/cac.2019.23.1.049.

Yoon, Y.S., Cook, W.D. and Mitchell, D. (1996), ‘“Minimum
shear reinforcement in normal, medium and high-strength
concrete beams”, ACI J., 93(5), 576-584.

Zararis, P.D., Karaveziroglou, M.K., Zararis, I.P., Pnevmatikos, G.
and Sfika, M. (2009), “Shear strength of very short over
reinforced concrete beams”, 16th Concrete Conference, Paphos,
Cyprus, October. (in Greek)

cc


https://doi.org/10.1007/s00366-019-00808-y

488 Panagiotis G. Asteris, Danial J. Armaghani, George D. Hatzigeorgiou, Chris G. Karayannis and Kypros Pilakoutas

Notations

The following symbols and abbreviations are used in

this paper:
Latin letters
a Shear span
ANNs  Artificial Neural Networks
A, area of concrete
Ag is the area of the longitudinal reinforcement
Agy is the area of the shear reinforcement
b width of beam
b the smallest width of the cross-section in the
w tensile area
B vector of bias values
BP Back Propagation
d effective depth of beam
fe cylinder compressive strength of concrete
fy yield stress of longitudinal reinforcement
fow yield stress of transverse reinforcement
F, concrete compressive force
E, longitudinal reinforcement tensile force
h height of beam
w matrix of weights values for Input Layer
L effective span of beam
Lw matrix of weights values for hidden Layer
M bending moment

NZS New Zealand Standards
s is the spacing of the stirrups
V shear force at section

= — shear stress at section

the concrete shear contribution
the transverse reinforcement shear contribution
is the inner lever arm

Hellenic letters
D1 longitudinal reinforcement ratio
Pw transverse reinforcement ratio

dimensionless shear stress at section

T =

bdf,





