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)e present research work aims to compare the results for predicting the ultimate response of Reinforced Concrete (RC) members
using Current Design Codes (CDCs), an alternative method based on the Compressive Force Path (CFP) method, and Artificial
Neural Network (ANN). For this purpose, the database of 145 samples of RC Flat Slab with the simple supported condition under
concentrated load is developed from the latest published work. All the cases studied were Square Concrete Slabs (SCS).)e critical
parameters used as input for the study were column dimension, cs, depth of the slab, ds, shear span ratio, avs/d, longitudinal
percentage steel ratio, ρls, yield strength of longitudinal steel, fyls, the compressive strength of concrete, fcs, and ultimate load-
carrying capacity, Vus. Seven ANN models were trained using different combinations of input parameters and different points of
hidden neurons with different activation functions. )e results exhibited that SCS-4 was the most optimized ANN model, having
the maximum value of R (89%) with the least values of MSE (0.62%) and MAE (6.2%). It did not only reduce the error but also
predicted accurate results with the least quantity of input parameters. )e predictions obtained from the studied models (i.e.,
CDCs, CFP, and ANN) exhibited that results obtained using the ANNs model correlated well with the experimental data.
Furthermore, the FEM results for the selected cases show the closer result to the ANN predictions.

1. Introduction

)e practice of Reinforced Concrete (RC) flat slabs or flat
plate or waffle slabs in which the RC slab is placed directly
over the RC members (as explained in Figure 1) is very
common in the construction industry. It improves the
structural flexibility and reduces the overall height of the
structure, facilitating the provision of an additional number
of floors (as illustrated in Figure 2). It also makes con-
struction easier by reducing the shuttering time and relevant
costs. However, due to the direct placement of RC slab over
columns and because of its simple shape, the flat slabs are
more vulnerable to a sudden or punching failure [1].
Hentschel [1] provided a detailed explanation of the work
done in the year 2001–2005 about the problem of punching

failure of RC flat under monotonic uploads. )e other re-
searchers also worked on the validity of these methods by
comparing their results with the experimental values and
developed a database with the important information of all
critical parameters that accounted for the punching failure
[2, 3].

)e actual construction of slab-column connection is an
important problem in the construction of RC flat slab
structures due to difficulties related to operating services and
higher concentration of structural load in the slab-column
region (as shown in Figure 3(a)). Such load concentration in
the vicinity of slab-column joint may result in shear failure
especially on the 2D members [2, 3]. )is type of concrete-
based failure causes a rapid failure without noteworthy
warning (as illustrated in Figure 3(b)), indicating the
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succeeding collapse of the part of the car parking building at
Wolverhampton [4, 5].

In current design practice, there are certain doubts re-
garding the use of flat slabs in earthquake-resistant RC
structures. )e requirements of Eurocode 8 [2, 3] do not
include the case of flat slab or flat plate supported on RC
members as part of the resisting system against the lateral
loading. On the contrary, ACI 318 [2, 3] includes guidelines

for the analysis and assessment of RC flat slabs as part of an
“intermediate moment frame” but excludes them from use
in “special moment frames” [2, 3]. )e results of insufficient
predicting behavior by current design codes were experi-
enced in different earthquake events [2, 3]. In an attempt to
satisfy the above need, the alternative new design meth-
odology known as the Compressive Force Path (CFP)
methodology [6] is used in this comparative study. In

(a) (b) (c) (d)

(e)

Figure 1: (a) Slab on RC beam. (b) Flat slab on column. (c) Flat slab on capital. (d) Flat slab on drop panel. (e) Waffle slab on RC ribs [4].

(a) (b) (c)

(d)

Figure 2: (a) Building 3D view with RC beam slab with (b) front elevation. (c) Building 3D view with RC flat slab with (d) front elevation.
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comparison with the CDCs, the CFP methodology is based
on the use of simple failure criteria. Although the latter
criteria are developed from primary assumptions while
excluding the requirement of the test data, their efficiency for
evaluating shear capacity based on lab data is less than that of
CDCs but they provide a reasonable indication for the causes
and location of punching initiation. Moreover, the experi-
mental verification of the method has shown that, in
comparison with CDCs, it is capable of providing design
results that fully satisfy the routine requirements of CDCs
for the design of earthquake-resistant RC structures [2, 3].

Artificial Neural Network (ANN) is inconsistent and
inclined to develop strange connections among system
variables, even if they are unaware of the type of inter-
action [7–11], which do not depend on the underlying
mechanism assumptions [12–15]. In the last two decades,
the use of Soft Computing (SC) methods to solve complex
problems has been proposed by many researchers [16–35].
In this work, response of both complex and simple
reinforced concrete members at ULR has been assessed by
using CDC, CFP, and ANN techniques. In previous
studies, ANNs have been used to estimate material be-
havior [36–39] as well as response of RC members
[11, 40–48]. ANNs have achieved the advanced attention
of the researcher for solving the problems, especially for
estimating the ULR of composite concrete members
(CCM) [49–51]. Also, load-carrying capacity of advance
materials has been predicted using ANNs as discussed in
the articles [52–75]. )e other technique to determine the
ultimate response of the RC members with FRP rebars is
finite element analysis (FEA). )e literature showed that
many researchers worked on the FEM studies [76–80].
Also, load-carrying capacity of some advance materials
has been predicted using FEM [81, 82].

)e present work aims to compare the results obtained
by using Compressive Force Path method (CFP), Current
Design Codes (CDCs), and Artificial Neural Network

(ANN) for estimating the response of the reinforced con-
crete (RC) Members at ULR. )e comparative study
exhibited that these codes predicted the underestimated
values [11, 40–48]. )erefore, in this study, ANN models
have been developed for predicting real load-carrying ca-
pacity of reinforced concrete flat slab. For this purpose, data
for 145 samples of Square Concrete Slabs (SCSs) tested
under concentric loading was collected from previous
studies. )e data included all the detailed information of
column dimension, cs, depth of the slab, ds, shear span ratio,
avs/d, longitudinal percentage steel ratio, ρls, yield strength of
longitudinal steel, fyls, compressive strength of concrete, fcs,
and ultimate load-carrying capacity,Vus. Seven ANNmodels
were developed and an optimized model was selected based
onmaximumR value, higher prediction level, andminimum
MSE, MAE, and error values. (i.e., SCS-4 cs/ds,avs/d, ρls, and
fcs/fys). Also, the predicted best model (i.e., SCS-4) exhibited
reasonable accurate results to the lab values as compared to
other counterparts i.e., CDCs. Furthermore, finite element
modeling (FEM) is also carried out for the validation of the
ANN prediction, for the selected cases. )e FEA results are
within reasonable limits with the experimental values and
ANN results.

2. Physical Models for RC Flat Slab

)e theory providing the base for load transfer at the ul-
timate limit response (ULR) of SCS, as available in current
design handbooks, is constructed on the mechanics “Truss
Analogy” models [40]. )e equations of these design codes
EC2 and ACI [2, 3] are empirical in nature, which varies to
the data fitting and may result in failure such as the collapse
of structures [5] (as shown in Figures 3(a) and 3(b)).
However, the calculations of the CDCs appear to be sig-
nificantly different from their counterpart experimental
values.)emajor reason for this is the different nature of the
analysis formulas used in the CDCs. However, these CDCs

Load Load

Flat Slab Flat Slab

Column

Punching Shear

[2, 3]

(a) (b)

Figure 3: Formation of (a) failure cone and (b) example of Wolverhampton car parking slab.
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are used by professionals in engineering to test the capability
of the flat slab-column connection at the ULR due to the ease
of construction.

)e CDCs assumptions [2, 3] have been based so far on
the discussion of various models and their application to
predict the response of the SCS at ULR. )ese models are
based on a few important parameters i.e., column dimen-
sion, cs, depth of the slab, ds, shear span ratio, avs/d, lon-
gitudinal percentage steel ratio, ρls, yield strength of
longitudinal steel, fyls, compressive strength of concrete, fcs,
and ultimate load-carrying capacity, Vus, accounted for the
punching failure of SCS. )e equation used in the ACI 318
[3] for predicting the SCS response as shown in Figure 4(a) is

Vrc �
1
3
∗ u2s ∗ ds ∗

��

fc
′



, (1)

where

u2s � 4(c + d). (2)

And, the equation used in the EC2 [2] for predicting the
SCS response as shown in Figure 4(b) is

Vrc � 0.18∗ u1 ∗d∗ 1 +

���
200
d



 ∗
�����������

100∗fc
′ ∗ ρs

3


, (3)

where

ρs �
����ρxρy


, and ρx, ρy, (4)

where ρx is the steel ratio along the x-direction of slab and
ρy is the steel ratio along the y-direction of slab.

Beside the Truss Analogy (TA) methodology for the
CDCs, the other counterpart theory is the CFP method [6]
based on the an arch-like frame structure response at ULR
[6] and illustrated in Figure 5, which is described by fol-
lowing equations:

wII,2 � WC + 2λcd( , (5)

λc
� 2 −

100ρlfy

500
  1 + 0.01 fc − 60(  . (6)

3. Artificial Neural Network (ANN)

Neural networks simulate the human and animal nervous
systems functioning on important information in the brain
[8, 83, 84]. )ese networks are performed to assess the
purposes based on extensive given information. ANNs can
acquire, classify, summarize, and guess the assigned task
because they can keep the information presented to them
during the training process into their memory and also be-
cause of their adaptability. )ey are composed of numerous
connected layers, each of which contains the interconnected
neuron system. )ere is a tie (having numerical value) be-
tween every two neurons in continuous layers, as shown in
Figure 6. )e prediction made by the neuron is multiplied by
these weights. In this latter process, the prediction of the
neuron is passed through the link and is added to the bias, as
shown in Figure 6. An ANN created on the experience of the

Multilayer Feedforward ANN (MLFNN) is considered to be
the most suitable for these types of problems. MLFNN has an
input (information) layer, an output (target) layer, and one or
more hidden layer(s) [85, 86]. Interestingly, these neurons are
not interlinked within the same layer but are linked with the
other neurons of the other layers [85, 86]. During many
training cycles to reduce error values, different techniques
were used, changing the weight of each link [9–13]. To reduce
the error, the cross-validation technique is used by dividing
the input data into three subsets data as discussed in the
previous work of the author [9–13]. In this case, it can be said
that the network has learned the function of a particular goal.
As the name of the algorithm suggests, errors are propagated
back from the output node to the input node. ANN’s chosen
architecture describes the quantity of hidden layer(s) and the
quantity of neuron(s) in each layer(s), as illustrated in Fig-
ure 6. Equation (7) describes the mathematical function of the
artificial neuron as

O � f  xz wz + b , (7)

where O value is predicted using ANN, xz represents
assigned input values, wz corresponds to link values, and
extraparametric values are represented by b.

As shown in Figure 6, the results of the activation are
then transferred to the next layer. )en, based on available
information, final selected weights are calculated. In the
present and past studies, the authors used ANNs
[42, 45, 48, 87, 88] to estimate the load-bearing capacity of
the materials and individual RCmembers [42, 45, 48, 87, 88].
In the current study, tanh and hyperbolic activation func-
tions are used between input and intermediate layers, while
hyperbolic functions have been used between intermediate
and output layers. )e inaccuracy occurring during the
process can be counted using equation (8). Once ANN is
trained, equation (8) is used to compare the results obtained
with already known target values:

E(w) �
1
2


i

[T − O]
2
, (8)

where T and O are target predicted values, respectively.

3.1.DatabaseofSCS forANNModelling. To predict punching
strength of RC flat slabs (SCS), the database was comprised
of 145 SCS samples, as shown in Figure 7.)e data regarding
critical parameters, i.e., column dimension, cs, depth of the
slab, ds, shear span ratio, avs/d, longitudinal percentage steel
ratio, ρls, longitudinal steel yield strength, fyls, concrete
compressive strength, fcs,, and ultimate load-carrying ca-
pacity, Vus, is provided in Table 1. Out of 145 samples, 99%
were failed in the shear manner and remaining in flexure.
)e histogram for critical parameters has been described in
Figure 8(a). )e figure described different parametric fre-
quencies for certain sample values. It also defined limitations
for ANN models that were to predict against limits of
different parameters.)e sensitivity analysis is carried out by
using the correlation of the critical parameters as exhibited
in Figure 8(b).
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Figure 5: CFP assumption for the punching failure of SCS [6].
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3.2. Preprocessing Phase. ANN training gets significantly
affected by standard data points because regardless of the
unit system followed, all the different inputs at this point
become common among the same values [44, 45].)erefore,
by using equation (9), all the critical parameters used in this
work are eventually normalized between 0.1 and 0.9:

X �
ΔX
Δx

x + Xmax −
ΔX
Δx

xmax , (9)

where x is the current value, X is the normalized/uniform
value, and Δ is the difference of limits.

In the present case, the value of the Xmax � 0.9 and
ΔX� 0.8 are used against the new limits of 0.1 to 0.9.
Pearson’s correlation coefficient (R), as given by equation
(10), was used to make different combinations of parameters
[42, 45, 48, 87, 88]. Importance of the output parameter is
determined based on difference of |R| values for input and
output parameters:

R �


n
i�1 Ti − T(  Oi − O(  

��������������������������


n
i�1 Ti − T( 

2
· 

n
i�1 Oi − O( 

2
 . (10)

For the modeling and training of ANN models, the
author used the same procedures and guidelines as suggested

in his own work [42, 45, 48, 87, 88]. For this purpose, a total
of 7 different ANN models (as described in Table 2) with
different combinations of the designed parameters for the
SCS were used. )e choice of these critical input parameters
was built on the physical models i.e., CDCs which describe
the machines under the SCS at ULR.

3.3. Optimized ANN Model. A multilayer ANN model was
used to carry out the main features for the learning process
of ANN. )e MLFNN method of Levenberg–Marquardt was
used by the authors for coding of the ANN model in the
MATLAB environment [46]. )e main ANN architecture as
used by the authors was obtained from previous work of
authors [11, 43]. )e optimized ANN model was selected
based on (i) error calculation using Pearson’s correlation for
coefficient (R), (ii) mean absolute error (MAE), and (iii)
mean squared error (MSE) [47, 48] which are analytically
expressed by equations (10), (12) and (13), respectively:

MSE �


n
i�1 Ti − Oi( 

2

n
, (11)

MAE �


n
i�1 Ti − Oi




n
, (12)

Cross section

h dAsb
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c

Figure 7: Typical lab setup for SCS.

Table 1: Parameters details in the database for SCS.

cs (mm) ds (mm) av/d ρls (%) fyls (MPa) fcs (MPa) Mfs (kN-mm) Vus (kN)

Min 54 64 4.5 0.3 294 9.52 39000 105
Max 600 275 14.02 6.9 749 118.7 1951000 2450
Avg. 206.34 122.32 7.81 1.31 496.88 41.3 252655 458.7
St. dev 87 44.82 2.4 0.89 117.68 24.85 292121 436.88
COV 0.42 0.37 0.31 0.68 0.24 0.6 1.16 0.95
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where Oi are the given target results, Ti are predicted results
from ANN, and the number of all samples in the databank is
represented by n [9–13].

Optimized ANN model is the one with lowest MSE and
MAE values and highest R values [9–13].

Based on Figures 9 and 10, the SCS� 4 (ρls, fcs/fyls,cs/ds,
and avs/ds) is the best model fulfilling abovementioned
criteria. However, like every other ANN model, this model
was also used between the statistical information as dis-
cussed in Table 1. As the future work, more samples will be

included from the available database to cover all the realistic
sizes and material strength of the flat slab.

4. Comparative Studies of Flat Slab

In this section, the ANN-based predicted models, as dis-
cussed above, have been compared with the CFP method
[52, 53] and with CDCs [1, 2], and the resulting data have
been presented in Figures 11–13. Figure 11 presented the
prediction results as the ANN, CFP, and CDCs against the
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Figure 8: (a) Histogram for critical parameters and (b) correlation of critical parameters for reinforced concrete flat slab.

Table 2: Combination of parameters of ANN models for SCS.

Sr. no. ANN Combination of parameters Inputs L1-2 A L3-4 Hidden Output
1 SCS� 1 ρls, fyls, fcs, cs, ds, and avs/ds 06 SDF THF 12, 12 Vu, 1
2 SCS� 2 Mfs, fc,cs, ds, and avs/ds 05 SDF THF 10, 10 Vu, 1
3 SCS� 3 Mfs/fcsbds2,cs/ds, and avs/ds 03 SDF THF 6, 6 Vu, 1
4 SCS� 4 ρls, fcs/fyls,cs/ds, and avs/ds 04 SDF THF 8, 8 Vu, 1
5 SCS� 5 Mfs/bds2, fcs,ds, and avs/ds 04 SDF THF 8, 8 Vu, 1
6 SCS� 6 Mfs/fcsbds2,ds, cs/ds, and avs/ds 04 SDF THF 8, 8 Vu, 1
7 SCS� 7 Mfs/fcsbds2, fsc,ds, cs/ds, and avs/ds 05 SDF THF 10, 10 Vu, 1
SDF� sigmoid; THF� tanghn
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experimental values (EXP). )e results exhibited that, as
compared with CDCs, the ANN and CFP are closer to the
EXP results.

Figure 12 illustrates the normal distribution (ND) of the
VEXP/VPRED ratios, for ANN (calculated as VEXP/VANN)
presenting the least standard deviation of 1.05 and was
followed by CFP. After that, GD curves for CDCs (i.e., EC2
and ACI) have a wide range from 0 to 2 on the x-axis and a
peak value smaller than 1.0 on the y-axis.

Overestimated and underestimated values for ULR have
been presented in Figure 13. As observed before, the results
obtained by using CDCs were lower than the provided ones,
and 90% results against nonconventional models were

ranged into the accurate region i.e.; between 0.755 and 1.255.
)e values obtained by other physical models were mostly
underestimated compared to the ones obtained using ANN
and CFP methods.

5. Parametric Studies of Flat Slab

)is part is very important as it highlights the effect of the
parametric studies against the prediction of CDCs (ACI and
EC2) [2, 3], the CFP method [6], and the selected ANN
model. )e parametric investigation is done against the ratio
of VEXP/VPRED for necessary design parameters only, i.e.,
parameters considered are column dimension, cs, depth of
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Figure 9: ANN models’ predictions for the SCS.
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the slab, ds, shear span ratio, avs/ds, longitudinal percentage
steel ratio, ρls, longitudinal steel yield strength, fyls, concrete
compressive strength, fcs, and ultimate load-carrying ca-
pacity, Vus.

5.1. Effective Depth (ds) and Shear-to-Depth against Ratios
(avs/ds). )e two most important geometric parameters for
predicting the response of punching failure of the SCS are
depth (ds) and shear-to-depth against ratios (avs/ds), as
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Figure 11: Comparison of predictions from ANN, CFP, ACI, and EC2 for SCS.
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illustrated in Figures 14 and 15, respectively, for the case of
the SCS. It is worth noting that, during the comparative
study of the effect of (ds) and (avs/ds) against the suggested
ratio of VEXP/VPRED, the results of ANN (VANN) are close to
the experimental ratio, as illustrated in Figures 14 and 15.
)e scatter of the point for the other ratio (CDCs and CFP)
VEXP/VANN are far away from the line of unity. Furthermore,
for the samples having a value between 75mm< d< 135mm
and for the 5 <av/d< 10 showed the extensive deviation from
the line of unity for the ratio VEXP/VPRED, as illustrated in
Figures 14 and 15. )erefore, there is an urgent need to
revise the CDC especially for the mentioned limits of the
depth (d) and shear-to-depth against ratios (av/d).

5.2. Compressive Strength (fc) and Longitudinal Steel Ratio ρl
(%). )e two most important material parameters for
predicting the response of punching failure of SCS are
compressive strength (fc) and longitudinal steel ratio ρl (%),
as illustrated in Figures 16 and 17, respectively for the case of
the SCS. It is worth noting to note that, during the com-
parative study of the effect of (fc) and ρl (%) against the
suggested ratio of VEXP/VPRED, the results of ANN (VANN)
are close to the experimental ratio and the line of unity, as
illustrated in Figures 16 and 17. )e scatter of the points for
other ratios (CDCs and the CFP) VEXP/VANN are far away
from the line of unity. Furthermore, the samples having a
value between 20MPa< fc< 4 0MPa and for 1.5%< ρl< 2.5%
showed the extensive deviation from the line of unity for the
ratio VEXP/VPRED, as illustrated in Figures 16 and 17.
)erefore, there is an urgent need to revise the CDC es-
pecially for the mentioned limits of depth, compressive
strength (fc), and longitudinal steel ratio ρl (%)

6. Assessment of RC Flat Slab through NLFEA

Mostly the smeared crack and concrete-damaged plasticity
(CDP) model are used for studying the nonlinear behavior of
concrete in ABAQUS. In the smeared crack concrete mod-
eling as the failure, the cracking phenomenon starts appearing
at the failure surface either in biaxial tension or at the tension
and compression region [89]. )is model is used where
concrete cracking occurs due to tension and crushing failure
occurs due to compression.When a uniaxial loading testing of
concrete is done in tension, it behaves as an elastic material up
to 7.5%–11% of final compressive stress after which the
specimen starts to crack. )is crack formation and propa-
gation occur so quickly that it is very challenging to observe
the actual response. As the loss of elastic stiffness gives rise to
crack opening and crack is considered as damage to the
structure, the model also takes the cracking phenomenon as
damage. It is also supposed that there is no permanent sign of
the strain associated with the cracking phenomenon which is
why crack will be considered as completely close when
stresses across the crack become compressive [90].

6.1. ConcreteDamage Plasticity (CDP)Model. In the inelastic
range, the material behavior of concrete is defined by using
the concrete-damaged plasticity model (CDPM) in Abaqus.

)is model was developed by Lee and Han in 1998. Concrete
behavior under low confining pressure is brittle, and using
this model, its failure mechanism is based upon stress and
inelastic strain [91]. Kc is a ratio of distances between the
hydrostatic axis to the corresponding compression and ten-
sion meridians. In a deviatory cross section, its value is always
higher than 0.5, and when it turns into 1, the failure surface
becomes a circle in the deviatory cross section (Druck-
er–Prager). Similarly, eccentricity is a ratio of tensile strength
to compressive strength and according to the Drucker–Prager
strength hypothesis, and when eccentricity is zero, the surface
becomes a straight line in a meridional plane. To describe the
state of the material in the CDP model, another parameter is
stress ratio σbo/σcowhich may be defined as the ratio of biaxial
to uniaxial strength. )e dilation angle also affects the per-
formance of concrete under compound stress, which may be
defined as the failure of concrete [92].)e default values of the
above-discussed parameters are given in Table 3.

To study the nonlinear behavior of slab elements, well-
known commercial software ABAQUS was used. First of all,
the full-scale sample of the slab was analyzed but it was
taking too much time to complete the analysis. To reduce the
analysis time, a quarter slab sample was generated and
boundary condition was defined to fulfill the continuity
condition, as shown in Figure 6. )is quarter slab was
calibrated against the geometric and material parameters,
such as dilation angle, mesh size, viscosity, eccentricity, a
ratio of uniaxial stress to biaxial stress, and different element
types of steel and concrete. By using the load-displacement
technique, the specimen was analyzed and the result was
extracted to plot the load-deflection curve. After calibrating
the control model, this calibrated model was employed for
the remaining specimens and load-deflection curves were
plotted with help of MATLAB.

)e stiffness degradation of concrete on the strain-
softening portion of the stress-strain curve is defined by the
two different variables, dt and dc, whose values may vary
from zero to one. Zero shows that there is no damage to the
material, and one shows a total loss of strength [93]. Eo is the
elastic stiffness of the material initially, and ε ∼ in

c , ε ∼ in
t , ε ∼ pl

c ,
and ε ∼ pl

t are compressive inelastic strain, tensile inelastic
strain, compressive plastic strain, and tensile plastic strain,
respectively. )e relationship between stress and strain
under uniaxial tension and compression is considered as
given in following equations:

σt � 1 − dt( Eo ε ∼ in
t − ε ∼pl

t , (13)

σc � 1 − dc( Eo ε ∼ in
c − ε ∼pl

c . (14)

)e strain-softening behaviour of the cracked concrete
can be simulated using tension stiffening.)us, it is required
to define the tension stiffening behaviour in the DPMO
model. In ABAQUS, we can specify the tension stiffening by
the post-failure stress-strain relationship of the concrete or
by applying a fracture energy cracking criterion [93].

)e variable ε ∼pl
t is associated with crushing and

microcracking process within the concrete, and it represents
tensile or compressive equivalent plastic strains. Important

10 Mathematical Problems in Engineering



parameters that need to be defined in the plastic behaviour of
concrete using CDPM are the dilation angle ψs, viscosity
parameter vs, uniaxial stress to biaxial stress ratio (σbo/σco),
load eccentricity (εs), and shape factor of the yielding surface
(Kc), as discussed in Table 4. )e accurate simulation of the
tensile behaviour of concrete for the flexural members is very
important to achieve accurate results. )is model presents a
stress-strain model at postfailure conditions of concrete by
taking into consideration the tension stiffening behaviour,
strain-softening behaviour, and interactions between the
concrete and steel bars, as illustrated in Figure 18.

6.2. Simulations of Steel Reinforcing Bars. In the FEA, steel
bars were taken as the elastoplastic material and their in-
teraction with concrete was defined as an embedded region.

Similarly, concrete was taken as a host region. A perfect bond
between steel and concrete was assumed. Material properties
of steel bars used in the present work are yield strength of
420MPa, Poisson’s ratio of 0.3, and modulus of elasticity as
200GPa, as illustrated in Figure 19. To simulate the steel bars,
a truss element having two nodes and three translations at
every node (T3D2) was considered.

For the validation purposes of ANN, selected cases of RC
flat slab from the database are modeled in ABAQUS [93],
and the information of these cases is summarized in Table 3.
Figure 20 described the comparative study of CDCs, ANN,
CFP, and ABAQUS [93].

Figure 21(a) illustrates that ABAQUS load-deflection
(LD) curves (shown in dotted lines) are in reasonable relation
with the experimental curves (shown in solid lines).
Figure 21(b) explains the transfer of principal stress, i.e., S33,
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Table 3: Selected samples for SCS.

Source Name ds cs avs/ds
fcs fys ρls

(mm) (mm) (MPa) (MPa) (%)
Kotsovos et al. [6] S1 205 255 6.2 24.25 655 0.085
Kotsovos et al. [6] S3 205 255 6.2 24.25 665 0.345
Caldentey et al. [94] C1 255 455 5.6 33.95 555 1.075
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Table 4: CDP calibration summary.

Sr. no. Descriptions of parameter Ranges of values Optimized value
1 Dilation angle, ψs 15, 25, 35, 45, 55 35
2 Eccentricity, εs 0.0015, 0.055, 0.15, 0.25, 0.45 0.15
3 Stress ratio, σb0/σco 1.165 1.165
4 Shape factor, Kc 0.15, 0.35, 0.65, 0.95, 1.25 0.65
5 Viscosity parameter, vs 0.0015, 0.0025, 0.0035, 0.0045, 0.0055 0.0035
6 Mesh size (mm) 15, 25, 55, 95, 115 55
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which is similar to the CFP arch-like frame, as shown in
Figure 5, and Figure 21(c) illustrates the plastic strain mag-
nitude (i.e., PEMAG) along the “critical lengths.”

7. Conclusions

In the current study, capability of ANN modeling is de-
scribed for RC flat slab with the simply-supported con-
dition under punching load, while the parameters
considered are column dimension, cs, depth of the slab, ds,
shear span ratio, avs/ds, longitudinal percentage steel ratio,
ρls, yield strength of longitudinal steel, fyls, compressive
strength of concrete, fcs, and ultimate load-carrying ca-
pacity, Vus.. Following are the main conclusions of the
present work:

(1) As a result of the comparative study, it has been
revealed that nonconventional ANN models pre-
dicted the experimental values well compared to
conventional models i.e., CDCs and CFP. Similar
results have been provided by other researchers
using different databases [11, 40–48]. )erefore,
behavior of reinforced concrete members with dif-
ferent geometry and loading conditions can better be
estimated using ANN models.

(2) After training ANNs using a certain database, cor-
responding structural response can accurately be
predicted at ULR irrespective of material behavior
and response. From the comparative study, it was
revealed that ultimate response of RC members as
predicted by ANN models was quite close to the one
obtained from EC-2 and CFP and accurate compared
to the one obtained from ACI Code.

(3) Among the different ANNs proposed, the optimized
model was selected based on the R value. For op-
timized ANN, the R value was found to be 98% and
SCS as 4 (c/d, av/d, ρl, and fc/fy).

(4) )e estimation obtained from ABAQUS (e.g.,
NLFEA) of selected case studies shows positive
consensus with the experimental results and values
provided by ANN. In addition, the numerical pre-
dictions obtained seem to support the fact that basic
equipment of the RC flat slab specimens investigated
is consistent with the visual model adopted by the
CFP method.
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