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ABSTRACT

Considering the complexity. of shear mechanisms of reinforced concrete beams and the effects of various
parameters, creating a general maodel for the accurate estimation of the shear capacity is difficult. In addition,
most guidelines for the determination of the shear capacity of reinforced concrete beams in empirical design
codes have been obtained expérimentally. Artificial intelligence algorithms have been widely used in this area in
recent years. In this study, SVR, PANFIS‘and GANFIS algorithms were used to predict the shear capacity of
reinforced concrete beams. In‘this regard, the data of 175 experimental RC beam samples was collected. In these
algorithms, values the of nine parameters affecting shear capacity were used as the input parameter and the
shear capacity of the reinforced concrete beams as the output parameter. Using Kfold validation method,
training and test data were defined, and the predictions were performed accordingly. The results of predictions
showed that the neuro-fuzzy inference system‘model with the genetic optimization algorithm had a higher
accuracy than other algorithms with second foot mean square error of 0.06634 and the correlation coefficient of
0.996. Also, the grey system theory was used to determinethe parametric sensitivity of the study variables on
shear capacity of reinforced concrete beams. The results showed that the mean coefficient of sensitivity analysis
of the longitudinal rebar percentage parameter is greater than®©ther parameters, indicating that the longitudinal

rebar percentage parameter had more effects on shear capacity
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1. Introduction

Since shear mechanisms of reinforced concrete beams
(RCs) are very complex, it is difficult to develop a
general model capable of estimating the shear capacity
accurately. Improving prediction performance is
significantly important when designing reinforced
concrete beams. Recently, artificial intelligence (Al)
algorithms_were proposed as one of the key strategies
that can provide an acceptable model for this purpose
[1]4 Accordingly, many emphasized the successful
application of artificial intelligence in civil engineering
including the work of Dao et al., Moshiri and Ala,
Sogana et alg”And Naderpour and Mirshid [2-5]. In the
present paper, first, we studied the parameter sensitivity
analysis and then, the performances of three different
artificial intelligenceralgorithms (SVR, PANFIS, and
GANFIS) wereinvestigated. Finally, we analyzed the
results obtained about the prediction performance of
these algorithms and compared_the results with each
other.

2. Experimental data

The experiment data are applied.@s mput and output
data to conduct the sensitivity” analysis:eon the given
parameters using GST algorithm and predict the shear
capacity of reinforced concrete beams_sing SVR,
PANFIS and GANFIS algorithms. Experimental data
obtained from 175 reinforced concrete beams with shear
reinforcement have been used for this purposes[6].

3. Sensitivity analysis using GST (Grey:System
Theory)

The process of analyzing a particular relationship or a
particular model and also examining the.mpact of
changes on each parameter in the model output is called
sensitivity analysis. In this section, a numerical model
of GST theory [7] is used to determine the parametric
sensitivity of variables investigated to determinecthe
shear capacity of reinforced concrete beams. In this
theory, A is used as an indicator of the relationship
between independent and dependent variables. The
closer the value gets to 1, the stronger the correlation
between the two variables. According to the above
explanation, the diagram of correlations between each
independent parameter and the shear capacity was
indicated in "Figure 1. It can be seen that the
maximum value is related to the percentage of
longitudinal reinforcement (pi).

4. Predicting the shear capacity of reinforced
concrete beams with SVR, PANFIS and GANFIS
algorithms

4.1. Support vector regression (SVR)

Support vector regression is a machine learning
algorithm that works based on statistical training theory.
This algorithm is one of the supervised training
algorithms and connects the input data to the dependent
parameter values through minimizing the structural risk.
A kernel function is used to solve the operating issue of
this algorithm in high dimensional space. The purpose
of SVR is to estimate the weights and the slopes

parameters of the function that have the best
compatibility with the data [8].
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Figure 1. Parametric sensitivity analysis for key variables
of shear capacity

4.2. An adaptive neuro-fuzzy inference system
The fuzzy inference system (FIS) is introduced as a
nonlinear mapping of the input space to the output
space. The mapping mechanism is based on converting
input parameters from the numerical scale to fuzzy scale
using three functional components including (1) a set of
rules that consisting of fuzzy rules; (2) a database
defining the membership functions (MFs) used in fuzzy
rules; and (3) a reasoning mechanism that use the
inference method based on the rules to obtain an output.
The ANFIS algorithm was applied based on the
adaptive network's framework [9]. The ANFIS
algorithm uses the advantages of neural networks and
fuzzy systems. In this algorithm, data training is
considered as a major challenge. Hence, meta-heuristic
algorithms with a random search nature may be used as
an alternative and useful choice of algorithms. The
weights obtained from the previous fuzzy parameters
and the linear parameters C; are adjusted through the
héuristic algorithms to solve the optimization problem
caused by using PSO and GA algorithms.

4,37 Particle swarm optimization Algorithm (PSO)
Particle swarm optimization Algorithm is considered as
one’ of the most important algorithms in the field of
swarm’intelligence. This algorithm was introduced by
Kennedy<€t al. (1995) and was designed by inspiring
from ghe social behavior of animals such as fish and
birds that live in"small and large groups. This algorithm
works based on the fact that in every moment, each
particle adjusts its location on the search space by
comparing the best location it has positioned into and
the best location inzall its neighborhoods [10].

4.4. Genetic algorithm (GA)

The genetic algorithm is one of the first evolutionary
algorithms, which|was defined based on the genetic
process of individuals,[11]. To.solve the problems, the
genetic algorithms simulatesthe, “survival of the fittest”
principal among members of. a.<population over
successive generations. Each (generationc<consists of a
string of characters that their functions aressimilar to
DNA chromosomes. Each persan represénts a point in
the search space and a possible solation. Members of
each generation also go through a process similar to'that
of living things.



5. Prediction algorithms analysis
5.1. Validation method

In“the present study, the dataset was divided randomly
for training and testing purposes with the use of k-fold
cross-validation (k = 10). In each iteration, one subset
was used.for.the validation process, while the other nine
subsets were used for the training process. In total, 157
data were randomly selected for the training part and the
rest of the data were used for testing.

5.2. Results analysis

In this section, we>compare the results obtained on the
prediction performance of SVR, PANFIS, and GANFIS
algorithms with_the shear capacity defined in the ACI
[12] and CSA"[13] construction regulation. The root
mean square error (RMSE) and the coefficient of
determination (R2) is presented in\""table 1™ for 175
reinforced concrete beam® specimens obtained from
SVR, PANFIS, GANFIS, ANN algorithms based on
ACI-318-02 and CSA regulations. According to results,
the accuracy of predictions of GANFIS algorithm on the
shear strength parameter of reinforced concrete beams is
higher than other developed algorithms: According to
the results, the GANFIS algorithm with RMSE = 0.0634
(the second root mean square error) and R2¢= 0.996
(coefficient of determination) have theshighest accuracy
when predicting shear capacity in reinforced concrete
beams among all the algorithms used in this study:

Table 1. Comparison of results obtained by using SVR,
PANFIS, GANFIS, ANN algorithms and ACI-318-02 and
CSA regulations

Method Reference RMSE R?
SVR Present study 0.0994 0.925

PANFIS Present study 0.07541 0.986

GANFIS Present study 0.06634 0.996
ACI [6] 0.14 0.87
CSA [6] 0.114 0.82
ANN [6] 0.097 0.96

6. Conclusion

The present study suggests that the PANFIS and
GANFIS artificial intelligence algorithms can be used to
predict the ultimate shear capacity of reinforced
concrete beams. The results indicate that the GANFIS
algorithm has better and stronger prediction power

compared to SVR, PANFIS, ANN algorithms, and ACI-
318-02 and CSA regulations. In another part of the
study, the sensitivity analysis of parameters was
investigated with the use of GST theory. The results of
this analysis indicate that the average value of the
correlation index between shear capacity and effective
parameters are higher for the percentage of longitudinal
reinforcement (pr) compared to other parameters.

7. Reference

[1] Danglade, F., Pernot, J.P., Véron, P., and Fine, L.,
2017. “evaluation of simulation models preparation
processes using artificial intelligence techniques”,
Computers in Industry, 91,45-61.

[2] Dao, D. V., Ly, H. B., Trinh, S. H., Le, T. T., and
Pham, B.T., 2019. “Artificial intelligence
approaches for prediction of compressive strength
of geopolymer concrete” Materials, 12(6), 983-990.

[3] Mashrei, M. A., and Mahdi, A. M., 2019. “An
Adaptive Neuro-Fuzzy Inference Model to Predict
Punching Shear Strength of Flat Concrete Slabs”
Journal of Applied Sciences, 9(4), 809-829.

[4] Naderpour, H., and Mirrashid, M., 2018. “Shear
Strength Prediction of RC Beams Usin Adaptive
Neuro-Fuzzy Inference System” Scientia Iranica.

[5] Suguna, K., Raghunath, P. N., Karthick, J., and Uma
Maheswari, R., 2018. “ANN based modeling for
high strength concrete beams with surface mounted
FRP  laminates” International  Jornal  of
Optimization in Civil Engineering.

[6] Mansour, M. Y., Dicleli, M., Lee, J. Y., and Zhang,
J., 2004. “Predicting the shear strength of
reinforced concrete beams using artificial neural
networks” Engineering Structures, 26(6), 781-799.

[7] Liu, S., Zhang, H., and Yang, Y. 2017.
“Explanation of terms of grey incidence analysis
models” Grey Systems: Theory and
Application, 7(1), 136-142.

[8] AYu, K., and Kim, S., 2012.SVM tutorial:
classification, regression, and ranking Handbook of
Natural” Computing, Springer Berlin Heidelberg,
479-506.

[9] Guan, J., Zurada, J., and Levitan, A., 2008. “An
Adaptive’ Neuroy, fuzzy inference system based
approach to/ real \estate property assessment”
Journal‘of Real Estate Research, 30(4), 395-422.

[10] Eberhart, R. C., Shi, Y., and Kennedy, J., 2001,
intelligence, Morgan'Kaufmann Publishers.

[11] Holland, J. H,41992. “Adaptation in natural and
artificial systems: an introductory analysis with
applications to . biology, control, and artificial
intelligence” MIT press.

[12] American Concrete Institute (ACI), 2011.
“Committee 318-11: Building-€ode Requirements
for Structural Concrete and «<Commentary”,
American Concrete Institute, USA.

[13] Canadian, C. S. A., 1994. #Building Code, Design
of Concrete Structures: Structures (Design)-A
National Standard of Canada (CAN-A23. 3:94)”
Clausel1.1.2, Toronto.


https://www.ncbi.nlm.nih.gov/pmc/articles/PMC6471228/

