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Abstract. This article deals with the application of reliability analysis for determining the safety of simply supported beam
under the uniformly distributed load. The uncertainties of the existing methods were taken into account and hence reliability
analysis has been adopted. To accomplish this aim, Generalized Regression Neural Network (GRNN), Extreme Learning
Machine (ELM) and Gaussian Process Regression (GPR) models are developed. Reliability analysis is the probabilistic style to
determine the possibility of failure free operation of a structure. The application of probabilistic mathematics into the
quantitative aspects of a structure and improve the qualitative aspects of a structure. In order to construct the GRNN, ELM and
GPR models, the dataset contains Modulus of Elasticity (E), Load intensity (w) and performance function (8) in which E and w
are inputs and & is the output. The achievement of the developed models was weighed by various statistical parameters; one
among the most primitive parameter is Coefficient of Determination (R?) which has 0.998 for training and 0.989 for testing. The
GRNN outperforms the other ELM and GPR models. Other different statistical computations have been carried out, which

speaks out the errors and prediction performance in order to justify the capability of the developed models.
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1. Introduction

Over Building structures are constructed wherever the
normal landscape should be modified to empower the
fulfillment of framework ventures. Additional requesting
basic prerequisites, generally fluctuating landscape and
dynamic urban improvement make building structures of
different sorts important. Structures are presented to
exceptional dimensions of worry from traffic and various
natural variables. Generally, every civil engineering designs
and structures has its own uncertainties, extensively in
loading, material strength and in the adopted analyzing
techniques. The concept factor of safety was employed in
order to assess the uncertainty in characteristic load and
strength which has the criteria that load should be lesser
than the material strength. In regarding to the designing and
analyzing techniques appropriate methods should be
adopted as it has to yield not only safety but also economic
designs.

Beam is an inevitable element of any structure that
resists loads applied laterally along its axis. The load
applied on the beam generates shear forces and bending
moments, which in turn create stress, strain and deflections.
Beams are characterized by their support, length, size and
material. The application of soft computing techniques has
widely scattered on the issues on beams, columns, also
beams and column joints. The demeanor of the joint shear
beam-column is eminently problematic and non-linear,
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especially when disparate variables influenced the joint
shear strength. Yaseen et al. (2018) utilized the deep
learning neural network (DLNN) for forecasting the joint
shear strength of RC beam-column connections. The
optimal input combination attributes were accomplished in
their model 6 and model 14 with better regression values
0.88 and 0.92. The new hybrid artificial intelligence
technique which merged the regression and optimization,
Support Vector Regression with Firefly Optimization
Algorithm (SVR-FFA) had benefitted the prediction of
shear strength of Steel Fiber Reinforced Concrete Beam
(SFRCB) (Abeer et al. 2018). The data was collected from
different researchers which comprises of various concrete
beam dimensional properties and the characteristics of
concrete. This practiced technique exposed the best possible
outcome in terms of forecasting accuracy with R?=0.96.
This article considered the simply supported reinforced
concrete beams with various grades. The upcoming figure 1
provides the details of the beam.

Theoretically, the performance function (&) can be
computed by the following equation

4
L 5wL

§=— (1)
325 384El

where L is the length of the beam; w is the load applied
per unit length; E is the modulus of elasticity and I is the
moment of inertia. Also EI is called flexural rigidity and it
is inversely proportional to the deflection. When the value
of o < Othen it will be considered as unsafe and when
o > Othen it is safe.

In general the term ‘reliability’ is utilized to raise the
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Fig. 1 Schematic diagram of simply supported beam.

Fig. 2 Cornell reliability index, probability of failure

limit of a framework to continue playing out its proposed
capacity. The application of reliability theory to geometric
design can allow designers to determine the probability of
non-compliance (P.) as well as providing a measure of

safety, called reliability index (B) (Navin 1992).
Mathematically, reliability can be expressed as
Reliability=1-P(f) 2)

where P(f) is the probability of failure.

Cornell (1969) utilized typical couple of variables
approach (mean (pu) and variance (o)), in which he
presumed the resulting probability of G is a normal
dissemination. Then he delineated the reliability index ()
is the absolute value of the ordinate of the point
corresponding to G =0 on the standard normalized
probability plots. This was depicted in the upcoming figure
(2) (Selmi et al. 2010). The equation (3) provides the
formula for determining the reliability index

_HG _HR " Hs
Pe= 2= 5", (3)
O

When the value of B¢ is more, the probability of failure
is less.
Reliability analysis forecasts the deterioration rate of

elements and completes
predictions are utilized to

e assess the design possibility

e compare the design alternatives

o identify and diagnose the promising failure

e compromise system design aspects and

e track reliability enhancement.

Reliability analyses of deteriorating reinforced concrete
structures affected by reinforcement corrosion due to crack
width, strength of rebar, etc. Pipelines are one of the most
secured and cost effective structures for transporting the
crude oil and natural gas. The deformity due to corrosion is
one of the major menaces to burst out the oil and gas. The
deterministic mechanisms declined to estimate the failure
probability, hence reliability analysis, CHL-RF algorithm
was adopted to compute the burst pressure of intact pipes
and the strength left out due to corrosion. The outcome
conveyed that the adopted probabilistic model provided
promising outcome with minor errors (Behrooz and Miri,
2014). Hua and Nan (2015) provided the numerical sample
by utilizing the Weibull model for demonstrating the
performance of the concrete structures with respect to
reinforcement corrosion. Chaotic Conjugate Stability
Transformation Method (CCSTM) was the technique
utilized to revamp the efficiency and robustness of eight
distinct structural or mechanical issues (Keshtegar, 2016).
One among the issue was the cantilever beam with external
forces, moments and loads had two different limit state
functions. CCSTM provided the reliability index of
3.468414 and 3.048462 within 6 and 7 iterations which is
least when compared with other reliability methods.
Likewise, CCSTM had outperformed other reliability
models on other instances based on the speed convergence
and efficiency. Jesna and Anjaneyulu (2016) has developed
safety evaluation criterion for the horizontal curves on two
lane highways. They implied that the curves with higher
reliability indices are secured than those with inferior
values. Gunner (2016) utilized ANN and predicted the shear
strength of RCC deep beams with high precision. The

system reliability. These
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adopted model forecasted the ultimate shear strength with
more accuracy of R?=0.97. Wei et al. (2017) made a
quantitative study in paratransit service reliability under
different zoning strategies with the real time data from
Houston, Los Angeles and Boston. Olmati et al. (2017) has
utilized reliability analysis of punching in the reinforced
concrete flat slabs. They also derived the safety factors for
computing the probability of punching under accidental
loads. They concluded that falling of slab is more
pernicious than removal of column. Longitudinal reinforced
concrete beams were designed according to the Eurocode 2
and the shear failure was identified and diagnosed with the
help of reliability analysis (Slowik et al. 2017). The shear
strength prediction of the steel fibre reinforced concrete
(SFRC) was determined in an optimum manner for in order
to use in vast applications. Riza (2017) adopted ANN for
predicting the shear strength and ductility of RC beams. The
flexural behavior of RCC beams and ultra-high
performance fiber-reinforced concrete (UHPFRC) was
predicted by using various analytical models. The models
predicted the strength of the RC beams after pre-loadings
and also subjected to fatigue loading. It was found that the
forecasted values are in the vicinity of the measured values
(Ramachandra et al. 2018). Many researchers and scientists
have successfully utilized this reliability analysis in
disparate fields (Wei et al. 2011, Ignacio et al. 2012, Zhang
and Jiang 2012, Yinghe et al. 2013, Wang et al. 2014,
Jeffrey et al. 2015, Abdelouafi et al. 2015, Arvydas and
John 2016, Zhou et al. 2016, Jahani et al. 2016, Baoyu et al.
2017, Yaseen and Keshtegar 2018).

Generalized Regression Neural Network (GRNN) was
originally proposed by Specht (1991) It is a variation of the
radial basis neural networks which is based on kernel
regression networks (Kim ez al. 2004, Cigizoglu and Alp
2005, Celikoglu and Cigizoglu 2007) frequently used for
function approximation. GRNN recommended a new
calibration procedure for travel mode choice analysis in a
transportation modeling framework (Celikoglu, 2006).
GRNN outperforms other models like RBFNN, FFBPNN,
MVLR by consuming least time and root mean square error
(1154) with more coefficient of determination (0.975). In
order to iron out the dynamic network loading at an
unsignalized highway node Celikoglu (2007) adopted three
different Neural Networks and GRNN was one among that.
After calibrating the Neural Network components with
conical delay function formulation, the delays forming were
computed this was the outcome of capacity, capability and
flow competition. GRNN provided better result compared
with other models when it underwent statistical evaluation
(R?=0.998 and RMSE=0.298). Hilmi and Hitmet (2007)
took advantage of GRNN in the area of transportation
engineering, prediction of daily trip flows. GRNN
accomplished by yielding positive values and adjacent
values. This would be supportive for the advanced traffic
management systems. Gaurav and Hasmat (2016) had
predicted the wind speed in the western region of India by
the GRNN model. In order to elevate the efficiency and
accuracy of the classroom teaching, GRNN was utilized and
yield the output with minimal error percentage (Cheng and
Xiong, 2017). Application of GRNN has outstanding

records in diverse fields (Shaikh e al. 2010, Schaffer et al.
2012, Walker et al. 2012, Campbell ef al. 2013, Harish et al.
2014, Chen et al. 2015, Divya et al. 2016).

Extreme Learning Machine (ELM) was framed by
Huang et al. (2006). Kindie ef al. (2016) has utilized ELM
in classifying the heart diseases and its severity namely low,
average, high and serious with an encouraging accuracy
level. ELM has been effectively used by Cheng and Xiong
(2017) for the prediction of dam displacement. By depicting
the minimal error percentages, they justified the efficiency
of ELM. Fatigue is the foundational procedure that
outcomes in the crack of the material when exposed to
fluctuating stress with a tensile strength less than that of the
material itself. Hence, the fatigue performance has to be
under consideration before implementing the material under
loads. Yaseen et al. (2019) had foreseen the fatigue failure
with the help of modern data-intelligence model ELM by
considering the input variables such as the geometry
dimension, the stress, and the orientations of the fiber glass
reinforced material. ELM model showed its capability with
promising accuracy in prediction and satisfactory range of
residual errors. Thus ELM has proved its capability not only
in prediction but also in classifying the data. Various
applications used ELM in different fields (Lahouariet al
2013, Peng et al. 2014, Lei et al. 2015, Zvo et al. 2015,
Yara and Awad, 2015, Bartosz 2016).

Gaussian Process Regression (GPR), a supervised
learning algorithm framed to figure out the regression and
classification obstacles (Rasmussen and Williams, 1996).
For prediction in smart grid, Mori and Nakona (2014)
proposed the new method for Locational Marginal Pricing
(LMP). LMP is vital for maintaining the economic
efficiency in power market where they do maximize the
profit with lesser risks. They adopted GPR for forecasting
the LMP and succeeded with encouraging accuracy
comparatively. Fei et al. (2015) utilized GPR for evaluating
the stability of soil slopes. Latin hypercube adopted for
generating the samples and the dataset was then
incorporated to GPR for determining the failure probability
of slopes. The application of GPR was in numerous fields
with wide range (Ma and Yan 2014, Douglas and Kwang
2016, Robert ef al. 2017, Milica et al. 2017).

This article determines the performance function of
simply supported beam by utilizing the GRNN, ELM and
GPR models. The details of the beam are depicted in the fig
1. MATLAB is used develop these models. The following
flowchart represents the algorithm of the proposed models.

2. Details of GRNN

GRNN, a variation to radial basis neural networks
typically utilized for functional approximation. It can be
applicable for the classification, regression and prediction.
The essential objective of this GRNN is to attain the
flawless mapping between the input and the target vector
with least errors. GRNN has two different layers: radial
basis layer and the linear layer. The radial basis layers
encompass the concealed neuron which was proportionate
to number of inputs. The net input to each neuron is the
product of the weighted input with its bias. The concealed
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Fig. 3 Proposed Algorithm of the adopted model

neurons compute the Euclidean distance from midpoint of n - dl?
neuron to the test case. This is linked up with the linear kz—lyk exp 2
layer which is also called summation layer. GRNN is not in - 2
need of any repetitive training procedure (Gaurav and Y X): 2 Q)
Hasmat 2016). g exp B dk
Normal distribution has been utilized in GRNN as the — 20_2

probability density function. The general equation for
GRNN is as follows (Specht 1991)
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where Y(x) is the output; ¢ is the smoothness parameter or
standard deviation

dk is the length between the training sample and the
point of prediction and it can be calculated as

d¢ =(x=%) (x=x) s)

X is the training sample; T is transpose.

The equation (4) can predict the performance of systems
based on training samples; forecast the smooth multi-
dimensional curves and interpolate between training
samples. GRNN has various pros like no need of back
propagation, high veracity and adjustment of noises in the
inputs. The preeminent benefit of GRNN are expeditious
learning and merging to the ideal relapse surface as the
number of tests gets to be exceptionally high (Specht 1991).
Also GRNN provides specific convenience with sparse data
in the real time environment, because the surface of the
regression is directly exemplified everywhere. If one
predicted value is similar to the observed value, then the
second value will bisect hyperspace into maximum and
minimum halves with glossy progression between them, so
that the surface becomes more complex when there are
more data has been added. Also, this method grasps from
the data and generalizes from the instances as soon as they
are stocked. The leading con of this technique specifies the
gob of reckoning required for the trained system to forecast
the new output. But this disadvantage can be visibly moved
by the cluster version of GRNN (Specht 1991).

GRNN adopts 80 datasets which consists of Modulus of
Elasticity (E) and Load intensity (w) as the input and yield
the failure probability of the reinforced concrete simply
supported beam. In order to develop the GRNN model, the
dataset has been cleaved into two: training dataset and
testing dataset.

Training dataset is helps to construct the model whereas
the testing dataset is used to evaluate the developed model.
For the data segregation there is no thumb rule as it was the
trial and error approach. Sitharam et al., (2008) had utilized
90% of the available data for the training dataset and the
remaining for the testing dataset. Therefore, 70% of data
say 56 datasets were considered as training dataset and the
remaining 30% say 24 as testing dataset. As mentioned
previously, GRNN was constructed by the MATLAB. The
data has been normalized between 0 and 1 by using the
formula (6)

X - _ X *min
normalized = (©)
maX — "min
where x is the value, Xmin 1S the minimum value and Xmax 1S

the maximum value.

3. Details of ELM

The conventional learning algorithm based on ANN
which adopts the empirical risk minimization principle may
exact the non-linear function of the input to output data.
ELM is an adequate learning algorithm for single hidden-
layer feedforward neural networks (SLFN) projected by

Huang et al. (2004, 2006). ELM arbitrarily chooses the
input weight matrix and hidden layer biases and the output
weights of SLFN’s can be resolved analytically through
uncomplicated generalized contrary action of the hidden-
layer output matrices (Lei et al. 2015).

Let wus consider N random distinct samples

N T
D:{(Xi’yi)izl} where X :(Xil’xi27"'xim) eR™ and

T n
Yi= (yil' Yia ""yin) € R Also with P hidden nodes and
activation function k(x) can approximate these N samples
with no error, there exist i, wi and b; such that

P
fP(Xj)ziélaiK(Wi'bi’xj)z yJ @)
where j=1,2,3,...N.

The above equation can be rewritten as the following
equation (8)

Ha =Y (3
Where
k(Wl-X1+b1)--~k(WP~X1+bP)
T
bzr-bpvxlv XZY”XP P .
k(Wl'XN +bl)...k(wp.xN *bP)
T T 9
o v ©
a=| Y =
a'T T
PIPxm 444 YP INxm

- R
where Wi = Wi Wj2-Wim ) € is the weight connects
the i" hidden node to the input nodes,

\r m
aj = (ail’“iz'““im) €R"is the weight links the i"
hidden node to the output nodes, biis the threshold, H is the
hidden layer output matrix. Therefore the output weights
can be computed by determining the minimum least square
solution for the given linear system and it is given by the
upcoming equation (10)

o =H"Y (10)

where @ is the predicted value of o and H* is the Mooree
Penrose generalized inverse of matrix H.

This technique elevates the training speed and the
generalization performance which is considered as the pros
of ELM (Kheon et al. 2015). Also it dwindles the
computation burden without immolating the prediction
veracity by figuring out the befitting activation function.
The main disadvantage is that it can classify linearly
separable problems.

ELM adopts the same training and testing dataset as
utilized by GRNN. Training dataset used for developing the
model and the testing dataset is utilized for verifying the
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developed model. MATLAB was used to construct the ELM
model

4. Details of GPR

Gaussian Process is a Bayesian technique which
indicates earlier dissemination over the uncharted function
and then given some information forecasts the posterior
(Rasmussen and Williams 2005). GPR contains mean
function in which is what we anticipate the uncharted
function to glimpse like previously we have seen any
information. Also it has the kernel function which point out
the prior information of the correlation of function values
for divergent parts of input space. For every input point the
kernel function define where the function value lie and
therefore defines the correlation between the known and the
unknown function values. By this process the known
function values give great impact on the places where the
data was missing. Also, for every input point the Gaussian
process defines a Gaussian distribution over possible
function values with mean and variance (Milica et al.
2016). Let us consider the stochastic variable Y was
disseminated as

Y ~ N(,u,az) (11)

where [ is mean and o is covariance. This means the
observation Y we would forecast the value is not too far off
p and if the series of observation we would hope around
68% of the values would fall in the range (u—o, u+o).

A Gaussian process extends the concept of a stochastic
variable to a stochastic function f{x). Therefore the
stochastic function is distributed as

f(x)~ GP(m(x), k(x, x)) (12)

where m(x) is the mean function and A(x,x") is the
covariance function.

In order to comprehend the Gaussian processes let us
consider p dimensional stochastic variable spread as

Y ~ N, () (13)

where p x 1 is the mean vector p whereas p x pis the
covariance matrix X as per the character of multivariate
normal distribution.

For instance if we take one sample from Y we could
predict that sample is close enough to u and if we take more
samples we could strongly believe that it would lie on the
contours produced by X as its role is to explain how variable
the distinct samples of Y are. In order to determine the f(x)
where f is dependent variable and x is the independent
variable and any unobserved pair (x*, f*) as (Jesper and
Stamatios 2015)

*
f K(x,Xx) k{X,x
x [~ N0 M ' (14)
{f } n+l Lé(*,xg kx*,x*}

where K(X,X) is an n X n matrix of covariance between all

the points in the training data, &(X, x*) is an n x 1 vector of
covariance between the unobserved point x* and training
data, k(x*, x*) is the variance. In the typical regression the
mean (f) from f and then it integrates to /*

k(x*, X)K(X,X)_l
p(f*|x*,x, f): N f,k(x*,x*)—k(x*,x) (15)

K(X,X)_lk(x,x*)

The above equation (15) expressed X and f by
maximizing the joint probability of f*conditional on x* in
order to determine the f*.

Thus the forecasting equation (15) assumes the training
data is flawless (no uncertainty in the dependent variable f).
The covariance function k(x,x") does not model any fault in
the data, but the variability of the function itself. For all
values of x*, the output plots passed exactly all of the
training points (x;, f}) when we calculate k(x* X)K(X,X)".
Hence for utilizing our noisy data the model has to be
accompanied by measurement error. Therefore the equation
(14) was converted into (Jesper and Stamatios 2015)

f K(X.X)+o?1 klx,x"
l:f*:l'*NrH_l 0,|: ( ( )+O- *X*:| (16)

kx*,X) kix ,x

where the conditional likelihood and the variance change to

A\

()= b x k(x0T (17)

ol )
(K(X,X)+02I)_lk(x,x*)

where ¢ is the variance of the observed error and I is the
identity matrix.

The equation (17) gives an approach to make forecasts
for both observed and imperceptibly points x* given few
scrutiny x and f, provided we know the function A(x,x’).
Genton (2001) explained that for a function k(x,x") to work
as a covariance function it requires to deliver a positive
definite matrix K(X,X) for any set of X of points in the
domain f{x).

The memory requirement and problem complexity of
GPR has greatly developed, which are considered as the pro
of this method. It learns the regularization parameter and
the kernel function quickly. The issue of this method
includes the efficiency loss due to high dimensional spaces;
not dealing with the discontinuous data. GPR chose the
same training and testing dataset as utilized by GRNN and
ELM. Training dataset used to build the model and the
testing dataset was utilized for scrutinizing the built model.
MATLAB was used to evolve the GPR model.

The performance of the developed models can be
assessed by Coefficient of Determination (R?) value as it
has the capacity to discover the probability of future

and

(18)
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occasions falling inside the anticipated results. If the R?
value is near to 1, then it was said to be the good model.
The formula for determining this R? value is as follows

n n

El(dt —dmean )2 —El(dt - yt)
RS =5 n > (19)
tél(dt ~dmean)

where n is the number of training and testing samples

d¢ is the measured value; dmean 1S the mean of actual
value; y: is the predicted value

There are other statistical parameters for justifying the
performance of the developed model (Yagiz et al. 2012,
Nurichan 2014, Chandwani et al. 2015, Yaseen et al. 2018,
Khestegar et al. 2019). The parameter comprised of Mean
Absolute Percentage Error (MAPE) correlate the enduring
error for each data point with respect to the measured or
predicted value. Minimum values of MAPE express the
exceptional performance of the model and maximum value
depicts the incapability of the model. Coefficient of
Efficiency (E) is the ratio of residual error variance to
measured variance in observed data, in which the value
closes to unity; point out the veracity of the model. Root
Mean Square Error (RMSE) analyzes the measured values
to the forecasted values and reckons the square root of the
average residual error. The least values of RMSE justifies
positively about the prediction performance of the model.
Normalized Mean Biased Error (NMBE) weighs the
potential of the model to forecast a value which is situated
away from the average value. The positive values of NMBE
point out over-prediction whereas the negative value
considered as under-prediction of the model. Weighted
Mean Absolute Percentage Error (WMAPE) computes the
weighted mean absolute percentage error of the prediction.
Root mean square error to observation’s standard deviation
ratio (RSR) joins the advantages of mistake list
measurements and incorporates a scaling/standardization
factor, with the goal that the subsequent measurement
revealed qualities can apply to different constituents.
Variance Account Factor (VAF) describes the ratio of error
variance to the observed variance. Performance Index (PI)
was used to scrutinize the veracity of the statistical
techniques; however RMSE, VAF and R? are not high
caliber. Instead of R2, Adjusted Determination of

10
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Fig. 5 Performance of GRNN model.

Coefficient (Adj R?) was used to determine the PI. The
formula for determining those statistical parameters were
listed below

nld, —
= td e
WMAPE=— ! (20)
>d
> Ot
(21)
(22)
(23)
(24)
RMSE
RSR = >
\/N (di ‘dmean) (25)
Z—
i N
1 N
ﬁ%(yt ~dy)
NMBE = = — X100 (26)
*Zdt
N T
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VAF = (l— MJ x100

27
var(dt) @7
Pl = Adj R? 4 0.01VAF — RMSE (28)

These statistical parameters will justify the capability
and prediction accuracy of the developed models and the
values are tabulated in the upcoming section.

5. Results and discussion

GRNN generates a plot between the spread value (o)
and Root Mean Square Error (RMSE) in which the value of
o should be the one with minimum RMSE.

The figure (4) depicted the optimum spread value as
0.0449 which has the least RMSE. Thus the tuning
parameter has been determined and the performance of the
GRNN model was exposed in the upcoming figure (5)

The above figure 5 depicts the training and testing

performance of the GRNN model with the value of R?
nearby one and hence GRNN proved its efficiency in
determining the performance function (8). For the ELM
model, the number of hidden nodes was found out by the
trail an error approach and for this data ELM provides the
best performance with 7 numbers of hidden nodes. The
following figure (6) establishes the performance of ELM
model with the value of R? close to one.
Thus the capability of ELM model was depicted clearly in
the above figure 6. Even though the R? value of ELM is
comparatively less than the GRNN model, ELM also has its
better figure in determining the performance function (5).
GPR has two different designing parameters € and width (o)
of radial basis function and the values are purely based on
trial and error approach. GPR provides the best result when
g€ =0.001 and o = 0.3. The performance of GPR was
assessed by the coefficient of correlation. The following
figure (7) explores the capability of GPR. Thus the
developed GPR also has shown its efficiency in determining
3.
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The training and the testing performance were clearly
depicted that the other two developed model outperforms
the GPR model. The upcoming figure (8) delivers the
efficiency of the developed GRNN, ELM and GPR model
based on the R? value of training and testing dataset. In the
figure 8 the value of R? of GRNN model is preeminent than
the other two models. This proves that the developed
GRNN model has superlative capability in determining 5.



Reliability analysis of simply supported beam using GRNN, ELM and GPR 747

Table 1 Statistical parameters of the developed models

GRNN ELM GPR

Training Testing Training Testing Training Testing

WMAPE 0.024 0.067 0.041 0.041 0.038 0.059
NS 0.999 0997 0997 0997 0996 0.988
RMSE  0.125 0271 0.238 0.251 0.297 0.562
R? 0.998 0989 0992 0991 0.987 0.954
AdjR? 0998 0.998 0991 0.991 0987 095
MAPE(%) 0.329 14.148 11.107 11.872 8.247 15.288
RSR 0.048 0.103 0.091 0.095 0.114 0.214
NMBE(%) 0.005 0.115 -0.004 0.745 -2.455 -3.501
VAF(%) 99.681 89.24 99.299 99516 97.1 91.161
PI 1.869 1.707 1746 1.734 1.661 1.3

Now the reliability index was computed using the
equation (3) and the comparison of the measured and the
predicted models has plotted and depicted in the upcoming
figure (9).

The reliability index values were compared in which the
values computed by the models GRNN and ELM were
close to the measured reliability indices. The following
table 1 describes the various statistical parameters and its
values.

The above table 1 expose that developed models
performed well in predicting the performance functions.
The values of NMBE clarifies that the GRNN model was
neither over nor under predicted the performance function.
Comparing with the developed models, the values of
GRNN in each statistical parameter have depicted the
superior capability and justified its potential.

6. Conclusions

This article expected to build up a specialist framework
to anticipate the performance function of the simply
supported beam by considering the modulus of elasticity
and load. It also interprets how the adopted GRNN, ELM
and GPR utilized the 80 data from experiments in order to
expose its capability of determining the performance
function of simply supported beam. The flow chart explains
the technical procedure for developing and determining the
performance function. The developed models have been
evaluated by the reliability analysis and other statistical
investigations. In this, GRNN has only one tuning
parameter whereas the GPR and ELM has 2 and 3 tuning
parameters. Furthermore, GRNN is consistent and the time
consumption was also relatively lesser. GRNN
approximates any discretionary function among input and
yield vectors, drawing the function gauge straightforwardly
from the training data. Three different methods came with
better outcome; however GRNN exhibits very acceptable
giving close or once in a while even prevalent performance
when looked at other built ELM and GPR models. The
other statistical criteria’s also justifies the capacity of
GRNN for this specific problem. Thus GRNN is considered

as an authoritative and reliable tool for determining the
performance function of the simply supported beam for the
futuristic purposes. Users can use the

References

Aaron, S.C., Walker, H.L., Dan, M., Ravi, M. and David, S.
(2013), “Investigating the GRNN oracle as a method for
combining multiple predictive models of colon cancer
recurrence from gene microarrays”, Procedia Comput. Sci., 20,
374-378. https://doi.org/10.1016/j.procs.2013.09.289.

Abeer, A.A., Afrah, A.H.A., Sinan, Q.S., Zainab, H.A., Minh, T.T.
and Yaseen, Z.M. (2018), “Shear strength of SFRCB without
stirrups  simulation: implementation of hybrid artificial
intelligence model”, Eng. Comput., 1-11.
https://doi.org/10.1007/s00366-018-0681-8.

Arvydas, B. and John, D.S. (2016), “Reliability analysis of fatigue
fracture of wind turbine drivetrain components”, Energy
Procedia, 94, 146-154.
https://doi.org/10.1016/j.egypro.2016.09.209.

Bartosz, K. (2016), “GPU-accelerated extreme learning machines
for imbalanced data streams with concept drift”, Procedia
Comput. Sci., 80, 1692-1701.
https://doi.org/10.1016/j.procs.2016.05.509.

Behrooz, K. (2016), “Chaotic conjugate stability transformation
method for structural reliability analysis”, Comput. Method.
Appl. Mech. Eng., 310, 866-885.
https://doi.org/10.1016/j.cma.2016.07.046.

Behrooz, K. and Miri, M. (2014), “Reliability analysis of corroded
pipes using conjugate HL-RF algorithm based on average shear
stress yield criterion”, Eng. Failure Anal., 46, 104-117.
https://doi.org/10.1016/j.engfailanal.2014.08.005.

Celikoglu, H.B. and Cigizoglu, H.K. (2007), “Public
transportation trip flow modeling with generalized regression
neural networks”, Adv. Eng.  Software, 38, 71-79.
https://doi.org/10.1016/j.advengsoft.2006.08.003.

Celikoglu, H.B. (2006), “Application of radial basis function and
generalized regression neural networks in non-linear utility
function specification for travel mode choice modeling”, Math.
Comput. Model., 44(7-8), 640-658.
https://doi.org/10.1016/j.mcm.2006.02.002.

Celikoglu, H.B. (2007), “A dynamic network loading process with
explicit delay modeling”, Transport. Res. Part C, 15(5), 279-
299. https://doi.org/10.1016/j.trc.2007.04.003.

Celikoglu, H.B., and Celikogluy, H.M. (2007), “Public
transportation trip flow modeling with generalized regression
neural networks”, Adv. FEng. Software, 38(2), 71-79.
https://doi.org/10.1016/j.advengsoft.2006.08.003.

Chandwani, V., Agrawal, V. and Ravindra, N. (2015), “Modeling
slump of ready mix concrete using genetic algorithms assisted
training of Artificial Neural Network”, Expert Syst. Appl., 42,
885-893. https://doi.org/10.1016/j.eswa.2014.08.048.

Cigizoglu, HK. and Alp, M. (2005), “Generalized regression
neural network in modelling river sediment yield”, Adv. Eng.
Software, 37, 63-68.
https://doi.org/10.1016/j.advengsoft.2005.05.002.

Cornell, C.A. (1969), “A probability-based structural code”, ACI-
Journal, 66, 974-985.

David, S.J., Park, J.W., Erin, B., Qiyi, L., Xingye, Q., Youping, D.,
Yan, L. and Walker, H.L. (2012), “GRNN ensemble classifier
for lung cancer prognosis using only demographic and tnm
features”, Procedia Comput. Sci., 12, 450-455.
https://doi.org/10.1016/j.procs.2012.09.103.

Dhivya, S., Jagan, J., Yildinm, D. and Pijush, S. (2016),
“Reliability analysis of slope using MPMR, GRNN and GPR”,
Civil Environ. Eng. Concepts, Methodologies, Tools Appl., 712-



748 Jagan J, Pijush Samui and Dookie Kim

726.

Douglas, A.F. and Kwang, [.A. (2016), “Implicit treatment of
technical specification and thermal hydraulic parameter
uncertainties in gaussian process model to estimate safety
margin”,  Nuclear  Eng. Technol., 48(3), 684-701.
https://doi.org/10.1016/j.net.2016.01.016.

El Ghoulbzouri, A., Kissi, B. and Khamlichi, A. (2015),
“Reliability analysis of reinforced concrete buildings:
comparison between FORM and ISM”, Procedia Eng., 114,
650-657. https://doi.org/10.1016/j.proeng.2015.08.006.

Elahe, J., Mousavi, S.J., Navid, A.Z. and Joong, H.K. (2016),
“Assessing the role of foresight on future stream flows in
storage yield reliability analysis of surface water reservoirs”,
Procedia Eng., 154, 1163-1168.
https://doi.org/10.1016/j.proeng.2016.07.530.

Fudi, C., Hao, L., Zhihan, X., Shixia, H. and Dazuo, Y. (2015),
“User-friendly optimization approach of fed-batch fermentation
conditions for the production of iturinA using artificial neural
networks and support vector machine”, Electronic J.
Biotechnol., 18(4), 273-280.
http://dx.doi.org/10.1016/j.ejbt.2015.05.001.

Gaurav, K. and Hasmat, M. (2016), “Generalized regression neural
network based wind speed prediction model for western region
of india”, 6th International Conference On Advances In
Computing & Communications, ICACC 2016, Cochin, India,
September.

Genton, M.G. (2001), “Classes of kernels for machine learning: a
statistics perspective”, J. Mach. Learn. Res., 2,299-312.

Gunnur, Y. (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.

Harish, N., Anand, K. and Osman, A. (2014), “Neural network
modelling, simulation and prediction of innovation growth in
united arab emirates (UAE)”, Procedia Comput. Sci., 2014, 36,
269-275. https://doi.org/10.1016/j.procs.2014.09.092.

Hiroyuki, M. and Kaoru, N. (2014), “Application of gaussian
process to locational marginal pricing forecasting”, Procedia
Comput. Sci., 36, 220-226.
https://doi.org/10.1016/j.procs.2014.09.083.

Hua, P.C., and Nan, X. (2015), “Symptom-based reliability
analyses and performance assessment of corroded reinforced
concrete structures”, Struct. Eng. Mech., 53(6), 1183-1200.
http://dx.doi.org/10.12989/sem.2015.53.6.1183.

Huang, G.B., Zhu, Q.Y. and Siew, C.K. (2004), “Extreme learning
machine: a new learning scheme of feedforward neural
networks”, Proceedings of 2004 IEEE international joint
conference on neural networks (IJCNN'2004), Budapest,
Hungary.

Huang, G.B., Zhu, Q.Y. and Siew, C.K. (2006). “Extreme learning
machine: theory and applications”, Neurocomputing, 70(1),
489-501. https://doi.org/10.1016/j.neucom.2005.12.126.

Jeffrey, C.J., Rachel, B.S., Diego, M., Ronald, L.B. and Curtis,
L.S. (2015), “The development of dynamic human reliability
analysis simulations for inclusion in risk informed safety margin
characterization frameworks”, Procedia Manufacturing, 3,
1305-1311. https://doi.org/10.1016/j.promfg.2015.07.278.

Jesna, N.M. and Anjaneyulu, M.V.L.R. (2016), “Reliability
analysis of horizontal curves on two lane highways”, Transport.
Res. Procedia, 17, 107-115.
https://doi.org/10.1016/j.trpro.2016.11.066.

Jesper, L.R.A and Stamatios, N.S. (2015), “Non-parametric
representation and prediction of single- and multi-shell
diffusion-weighted MRI data using Gaussian processes”, Neuro
Image, 122, 166-176.
https://doi.org/10.1016/j.neuroimage.2015.07.067.

Jiatang, C. and Xiong, Y. (2017), “Application of extreme learning

machine combination model for dam displacement prediction”,
Procedia Comput. Sci., 373-378.
https://doi.org/10.1016/j.procs.2017.03.120.

Jiatang, C. and Yan, X. (2017), “The quality evaluation of
classroom teaching based on FOA-GRNN”, Procedia Comput.
Sci., 107, 355-360. https://doi.org/10.1016/j.procs.2017.03.117.

Jing, L., Salim, R.D., Aldlemy, M.S., Abdullah, J.M. and Yaseen,
ZM. (2019), “Fiberglass-Reinforced Polyester Composites
Fatigue Prediction Using Novel Data-Intelligence Model”,
Arabian J Sci. Eng., 44(4), 3343-3356.
https://doi.org/10.1007/s13369-018-3508-4.

Kang, F., Han, S., Salgado, R. and Li, J. (2015), “System
probabilistic stability analysis of soil slopes using gaussian
process regression with latin hypercube sampling”, Comput.
Geotech., 13-25.
https://doi.org/10.1016/j.compgeo.2014.08.010.

Keshtegar, B., Mansour, B. and Yaseen Z.M. (2019), “Shear
strength of steel fiber-unconfined reinforced concrete beam
simulation: Application of novel intelligent model”, Compos.
Struct., 212, 230-242.
https://doi.org/10.1016/j.compstruct.2019.01.004.

Kheon, H.L., Miso, J., Keun, P., Dong, C.P., Yong, M.J. and Soo,
Y.M. (2015), “An efficient learning scheme for extreme learning
machine and its application”, J. Comput. Sci. Electronics Eng.,
3(4),212-221.

Kim, B., Lee, D.W., Parka, K.Y., Choi, S.R. and Choi, S. (2004),
“Prediction of plasma etching using a randomized generalized
regression  neural  network”, Vacuum, 76, 37-43.
https://doi.org/10.1016/j.vacuum.2004.05.018.

Kindie, B.N., Khanna, H.N. and Kannan, A. (2016), “Hybrid
approach using fuzzy sets and extreme learning machine for
classifying clinical datasets”, Info. Medicine Unlocked, 2, 1-11.
https://doi.org/10.1016/j.imu.2016.01.001.

Lahouari, G., Tarek, R.S. and Khaled, S.A. (2013), “Mobility
prediction in mobile ad hoc networks using extreme learning
machines”,  Procedia ~ Comput.  Sci., 19, 305-312.
https://doi.org/10.1016/j.procs.2013.06.043.

Lu, M. and Xuedong, Y. (2014), “Modeling zonal traffic accident
counts with the regression under zero-adjusted inverse gaussian
distribution”, Procedia Social Behavioral Sci., 138, 452-459.
https://doi.org/10.1016/j.sbspro.2014.07.224.

Marta, S., Izabela, S., Kotyniac, R. and Kaszubskac, M. (2017),
“The application of a probabilistic method to the reliability
analysis of longitudinally reinforced concrete beams”,
International Conference on Analytical Models and New
Concepts in Concrete and Masonry Structures AMCM 2017,
273-280. https://doi.org/10.1016/j.proeng.2017.06.214.

Mbarka, S., Julien, B., Mounir, L., Hedi, H. and Felix, D. (2010),
“Reliability analyses of slope stability: homogeneous slope with
circular failure”, Europe. J. Environ. Civil Eng., 14, 1227-1257.
https://doi.org/10.1080/19648189.2010.9693293.

Milica, G., Nikola, M., Lina, M.R.B., Pei, H.S., Stefan, U., David,
V., Tsung, HW. and Steve, Y. (2016), “Dialogue manager
domain adaptation using gaussian process reinforcement
learning”, Comput.  Speech  Language, 45, 552-569.
https://doi.org/10.1016/j.cs1.2016.09.003.

Navin, P.D. (1992), “Reliability indices for road geometric
design”,  Canadian J. Civil Eng, 19, 760-766.
https://doi.org/10.1139/192-087.

Nurichan, C. (2014), “Application of support vector machines and
relevance vector machines in predicting uniaxial compressive
strength of volcanic rocks”, J. African Earth Sci., 100, 634—644.
https://doi.org/10.1016/j.jafrearsci.2014.08.006.

Olmati, P., Sagaseta, J., Cormie, P. and Jones, A.E.K. (2017),
“Simplified reliability analysis of punching in reinforced
concrete flat slab buildings under accidental actions”, Eng.
Struct., 130, 83-98.



Reliability analysis of simply supported beam using GRNN, ELM and GPR 749

https://doi.org/10.1016/j.engstruct.2016.09.061.

Peng, T., Xia, J., Cheng, Z., Qingyan, F. and Gang, C. (2014),
“Modeling and optimization of nox emission in a coal-fired
power plant using advanced machine learning methods”, Energy
Procedia, 61, 377-380.
https://doi.org/10.1016/j.egypro.2014.11.1129.

Ramachandra, M.A., Aravindan, M., and Ganesh, P. (2018),
“Prediction of flexural behaviour of RC beams strengthened
with ultra high performance fiber reinforced concrete”, Struct.
Eng. Mech., 65(3), 315-325.
https://doi.org/10.12989/sem.2018.65.3.315.

Rasmussen, C.E. and Williams, C.K.I. (2005), Gaussian Process
for Machine Learning. MIT Press, Cambridge, Massachusetts,
USA.

Riza, S.0.K. (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.

Robert, R.R., Michael, A.O. and David, A.H. “Gaussian process
regression for forecasting battery state of health”, J. Power
Sources, 357, 209-219.
https://doi.org/10.1016/j.jpowsour.2017.05.004.

Shaikh, A.H., Manza, R.R. and Ramteke, R.J. (2010) “Generalized
regression neural network and radial basis function for heart
disease diagnosis”, J. Comput. Appl., 7(13), 7-13.

Sitharam, T.G., Pijush, S. and Anbazhagan, P. (2008), “Spatial
variability of rock depth in Bangalore using geostatistical,
neural network and support vector machine models”, Geotech.
Geological Eng., 26(5), 503-517.
https://doi.org/10.1007/s10706-008-9185-4.

Specht, D.F. (1991), “A general regression neural network”, /EEE
Transactions on Neural Networks, 2(6), 68-576.

Villanueva, 1., Lazaro, I. and Anzurez, J. (2012), “Reliability
analysis of LED-based electronic devices”, Procedia Eng., 35,
260-269. https://doi.org/10.1016/j.proeng.2012.04.189.

Walker, H.L.Jr., Xinpei, M., Erin, B., Xingye, Q., John, H.,
Timothy, M. and Park, J.W. (2012), “PNN/GRNN ensemble
processor design for early screening of breast cancer”, Procedia
Comput. Sci., 12, 438-443.
https://doi.org/10.1016/j.procs.2012.09.101.

Wei, L., Quadrifoglio, L. and Petrelli, M. (2017), “Reliability
analysis of centralized versus decentralized zoning strategies for
paratransit services”, Transport. Res. Procedia, 25C, 4100-
4113. https://doi.org/10.1016/j.trpro.2017.05.340.

Yagiz, S., Sezer, E.A. and Gokceoglu, C. (2012), “Artificial neural
networks and nonlinear regression techniques to assess the
influence of slake durability cycles on the prediction of uniaxial
compressive strength and modulus of elasticity for carbonate
rocks”, Int. J. Numer. Anal. Meth. Geomech. 36, 1636-1650.
https://doi.org/10.1002/nag.1066.

Yan-lei, W., Ming-min, C. and Hui-jie, S. (2014), “Time-
dependent reliability analysis of circular CFST stub columns
under environmental corrosion”, Pacific Sci. Rev., 16(3), 201-
206. https://doi.org/10.1016/j.pscr.2015.04.002.

Yara, R. and Mariette, A. (2015), “On the distributed
implementation of unsupervised extreme learning machines for
big data”, Procedia  Comput. Sci., 53, 167-174.
https://doi.org/10.1016/j.procs.2015.07.291.

Yaseen, Z.M. and Keshtegar, B. (2018), “Limited descent-based
mean value method for inverse reliability analysis”, Eng.
Comput., 1-13. https://doi.org/10.1007/s00366-018-0661-z.

Yaseen, Z.M., Haitham, A.A. and Tran, M.T. (2018), “Beam-
column joint shear prediction using hybridized deep learning
neural network with genetic algorithm”, JOP Conference Series:
Earth and Environmental Science, 143.
https://doi.org/10.1088/1755-1315/143/1/012025.

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.

Ying, W., Libo, W. and Ming, Q.W. (2011), “Software reliability
analysis of Hierarchical architecture based on Markov model”,
Procedia Eng., 15, 2857-2861.
https://doi.org/10.1016/j.proeng.2011.08.538.

Yinghe, W., Xinyi, Z. and Baotian, W. (2013), “LS-SVM and
monte carlo methods based reliability analysis for settlement of
soft clayey foundation”, J. Rock Mech. Geotech. Eng., 5(4),
312-317. https://doi.org/10.1016/j.jrmge.2012.06.003.

Youchen, Z. and Zongbo, J. (2012), “Reliability analysis of main
steam pipe containing defects”, Procedia Eng., 43, 150-155.
https://doi.org/10.1016/j.proeng.2012.08.026.

Yu, L., Danning, Z. and Hongbing, C. (2015), “Prediction of
length-of-day using extreme learning machine”, Geodesy
Geodynam., 6(2), 151-159.
https://doi.org/10.1016/j.ge0g.2014.12.007.

Zhou, X.Y., Gosling, X.Y., Ullah, Z., Kaczmarczyk, L. and Pearce,
C.J. (2016), “Exploiting the benefits of multi-scale analysis in
reliability analysis for Compos. Struct.”, Compos. Struct., 158,
197-212. https://doi.org/10.1016/j.compstruct.2016.08.015.

Zuo, B., Liyanaarachchi, L.C.K. and Guang, B.H. (2015),
“Generic object recognition with local receptive fields based
extreme learning machine”, Procedia Comput. Sci., 53, 391-
399. https://doi.org/10.1016/j.procs.2015.07.316.

cC





