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Abstract

Shear failure of concrete elements reinforced with Fiber Reinforced Polymer (FRP) bars is generally brittle,
requiring accurate predictions to avoid it. In the last decade, a variety of artificial intelligence based approaches have
been successfully applied to predict the shear capacity of FRP Reinforced Concrete (FRP-RC). In this paper, a new
approach, namely, biogeography-based programming (BBP) is introduced for predicting the shear capacity of FRP-
RC beams based on test results available in the literature. The performance of the BBP model is compared with
several shear design equations, two previously developed artificial intelligence models and experimental results. It
was found that the proposed model provides the most accurate results in calculating the shear capacity of FRP-RC
beams among the considered shear capacity models. The proposed BBP model can also correctly predict the trend of
different influencing variables on the shear capacity of FRP-RC beams.

Keywords: Shear capacity; FRP reinforced concrete; Biogeography-based programming; Evolutionary Computation.
1. Introduction

The deterioration of reinforced concrete (RC) structures due to corrosion of steel reinforcement
has become a serious and costly problem in recent decades [1-5, 8, 9]. In order to avoid such
problem, the use of fiber reinforced polymer (FRP) bars as internal longitudinal flexural
reinforcement has emerged as an alternative solution for structural members subjected to severe
environmental exposure [4,8,10]. FRPs are non-corrodible materials with the potential of
reducing life-cycle costs in applications where corrosion of steel reinforcements causes costly
maintenance. The use of FRP bars, however, is not only limited to cases where corrosion is the
main concern. FRP bars have remarkable properties, such as durability, high strength to weight
ratio, non-magnetism and good fatigue properties making them attractive as reinforcement for
RC structures [5, 11]. They are most common in applications such as parking garages and bridge
decks subject to severe corrosion from deicing salts, or in hospital magnetic resonance imaging
(MRI) units where non-ferromagnetic systems are required. They have also been introduced in
integrally insulated sandwich walls where low thermal conductivity is desired [12].

Direct substitution of steel reinforcement with FRP materials is not possible without
consideration of their structural performance [9]. Shear failure in RC beams is one of the most
undesirable modes of failure due to its rapid progression. Consequently, for safe design, a
number of guidelines and standards provide methods for shear design of FRP-RC members [13].
It is commonly accepted that the shear transfer in RC elements without transverse reinforcement
is composed of several shear mechanisms including shear resisted by un-cracked concrete
compressive zone, friction forces developed along the concrete crack length (aggregate
interlock) and shear from dowel action of longitudinal reinforcement. The relative contribution
of each mechanism changes as the load increases. In the case of FRP-RC beams without stirrups,
FRP modulus of elasticity is significantly lower than that of steel bars. Consequently, crack



widths are larger and shear stiffness of FRP reinforcement is lower, thus reducing both aggregate
interlock and dowel action mechanisms [10].

Several artificial intelligence (AI) methods are increasingly used as alternatives to more classical
or conventional techniques. Al techniques have been used to solve complicated, practical
problems in different sectors, such as engineering, economics, medicine, military, marine, etc.,
and are becoming more popular nowadays [14]. Symbolic regression (SR) is a relatively new
branch of Al. It is a process of evolving summary expressions for available data by analyzing
and modeling numerical multivariate data sets, when some data of unknown process are
obtained. Unlike traditional linear and nonlinear regression methods that fit parameters to an
equation of a given form, SR tries to form mathematical equations by searching the parameters
and the form of equations [15, 16]. In other words, SR searches nonlinear equation form and its
parameters simultaneously for an addressed modeling problem. It attempts to derive a
mathematical function to describe the relation between dependent and independent variables.
The problem of SR is an optimization problem the purpose of which is finding the best
combination of variables, symbols, and coefficients to develop an optimum model satisfying a
set of fitness cases [16]. Depending on the type of optimization strategy applied for SR, different
branches of SR have been introduced, such as Genetic programming (GP) [17], Immune
programming (IP) [18], Dynamic ant programming (DAP) [19], Clone selection programming
(CSP) [20] and artificial bee colony programming (ABCP) [16]. Various types of GP have been
applied successfully in different areas of civil engineering. However, IP, DAP, CSP and ABCP
are new branches of SR that need to be applied to a variety of real world problems and their
performance should be investigated.

Biogeography-Based Optimization (BBO) is one of the recent metaheuristic algorithms proposed
by Simon, which is inspired by the geographical distribution and migration of species in an
ecosystem [21]. In recent years, BBO has been comprehensively developed to the extent that it
performs better than other widely used heuristic algorithms like genetic algorithms, ant colony
optimization, particle swarm optimization, differential evolution, and simulated annealing for
some well-known benchmarks [22-24]. BBO has successfully applied to several practical
problems, such as sensor selection problems for aircraft engine health diagnostics [21],
groundwater possibility retrieval systems [25] and power flow problems [26].

In this paper, Biogeography-Based Programming (BBP), inspired by BBO, is proposed as a new
type of machine learning method for SR for predicting the shear capacity of FRP-RC beams.
Moreover, a qualitative analysis of the influencing parameters using the proposed model is also
carried out. The rest of this paper is organized as follows: Section 2 presents a literature review
on different equations of several building codes and various Al methods for simulating the shear
capacity of FRP-RC beams. Section 3 describes basic concepts of BBO, Section 4 introduces the
proposed BBP model as a new machine learning approach. Section 5 describes the data and the
parameter settings used in this work. In section 6, the analysis of the results and the sensitivity
analysis are presented, whereas Section 7 summarizes the main conclusions and achievements of
the investigation.



2. Overview of shear capacity prediction models of FRP-RC beams

Because of the rapid increase of using FRP materials as internal reinforcement for concrete
structures, there are international efforts to develop design guidelines. Therefore, several design
equations have been proposed for predicting the shear capacity of FRP-RC beams without
stirrups with varying success. These design equations address the unique characteristics of FRP
reinforcement affecting the shear behavior of flexural members. Most of the shear design
equations incorporated in these codes and guidelines have focused on modifying existing shear
design equations for steel-RC beams to account for the substantial differences between FRP and
steel reinforcement. For example, JSCE [27], BISE [28], CNR DT 203/2006 [29], ISIS-M03-07
[30], Tottori and Wakui [31] apply a correction factor E¢/E that takes into account the difference
in the elastic moduli between FRP, E¢, and steel reinforcement, Es. However, this modification
factor EfEs is raised to different powers in these guidelines [32]. On the other hand, the
modification proposed by ACI-440.1R-06 [33], CAN/ CSA-S806-02 [34], Razaqpur and Isgor
[35] and El-Sayed et al. [36] only includes the FRP reinforcement axial rigidity E:As. Some of
the shear design equations for shear capacity of FRP-RC beams are summarized in Table 1. Note
that all strength reduction design factors used in these shear design equations are set equal to one
for comparison purposes.

Few researchers have applied several Al methods for predicting the shear capacity of FRP-RC
beams. Kara [37] presented a simple improved model to calculate the concrete shear capacity of
FRP-RC slender beams without stirrups based on the gene expression programming (GEP)
approach. Bashir and Ashour [32] investigated the feasibility of using artificial neural networks
(ANNSs) to predict the shear capacity of FRP-RC beams without any shear reinforcement.
Nasrollahzadeh and Basiri [38] developed an Al-based method using fuzzy inference system
(FIS) to predict the shear capacity of FRP-RC beams. Lee and Lee [39] presented a theoretical
model based on an artificial neural network (ANN) for predicting the shear capacity of slender
FRP-RC flexural members without stirrups. All the above mentioned investigations concluded
that their proposed models could predict to a high level of accuracy the shear capacity of FRP-
RC beams without any shear reinforcement.



Table 1
Summary of the shear design formulations used in this paper.
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Note: vgr: shear capacity; f;: concrete compressive strength; by, and d: beam's width and effective depth, respectively;
pr. longitudinal reinforcement ratio, E;, Es and E; elastic modulus of concrete, steel and longitudinal bars,
respectively; Mrand V¢ moment and shear force at critical section, respectively; B,.: factor of axial force, respectively;
A: concrete density factor; fc,: cube compressive strength of concrete (1.25f;); fuxo0s: characteristic concrete tensile
strength (5% fractile).



3. Biogeography- Based Optimization (BBO)

Biogeography science is defined as the study of the distribution of species and ecosystems over
the surface of the earth, in both space and time [40-43]. The distribution of species across the
surface of the earth usually depends on a combination of environmental reasons. In the natural
world, species tend to explore more suitable environments. A good habitat, tend to have a large
number of species, has a high suitability index (HSI) and vice versa. During the progress of
evolution, habitats with a high HSI have a low species immigration rate because they are already
nearly saturated with species. Over time, the habitats with high HSI will have more species,
while those with low HIS come to have fewer. Inspired by this idea, Dan Simon [21] proposed a
new evolutionary algorithm named Biogeography-Based Optimization (BBO). Mathematically
speaking, a habitat presents a possible solution for the optimization problem. BBO utilizes
mathematical models to describe the biogeographical behavior using migration, mutation and the
distribution of species [43]. In the following, the main components of BBO are explained.

Migration is a probabilistic operator. The migration rates of each solution are used to modify
existing solution by sharing features within the population. For each feature of a given solution
Yk, the immigration rate A of yy determines the probability of immigration of current solution. If
the solution y is selected for immigration, then the emigrating solution y; is probabilistically
chosen based on the emigration rate ;. Migration is written as [44]:

yk(s) < y;i(s)

where s is a solution feature. Immigration and emigration rates are functions of the number of
species in the habitat, such as the linear migration curves in Fig. 1.

Mutation is a probabilistic operator that randomly modifies a solution feature. The purpose of
mutation is to enhance the diversity of the population which helps to decrease the chances of
getting trapped in local optima [44].

Rate *
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Immigration rate A
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Number of species
Fig. 1. The relationship between the number of species and the migration rates [21].



4. Biogeography- Based Programming (BBP)

Similar to other automatic programming algorithms, the proposed BBP aims at developing to a
mathematical expression. This, basically, is an explicit relation between one or more inputs and
an output using mathematical “symbols” functions, variables and constants. The process of
programming is a subset of symbolic function identification and it differs from conventional
regression in that it does not calculate the coefficients/functions. The way it finds equations is by
carrying out an extensive, continuously improving guided search in an evolving search space.
The proposed BBP continues the trend of dealing with the problem of representation in BBO by
increasing the complexity of the structures undergoing adaptation. In particular, the structures
undergoing adaptation in BBP are general, hierarchical computer programs of dynamically
varying size and shape. The proposed BBP is based on mathematical models of biogeography
describing natural ways of distributing species, i.e., how species migrate, how they arise and
become extinct. The BBP serves to provide a platform with operators such as random generation,
mutation and migration that produce, alter and select habitats in population. This is facilitated by
storing expression in tree data structures in the computer memory. Tree structures are easy to
swap parts of the program and append or remove parts, which are operations carried out by
habitation operators. A habitat consists of one or more sub-habitats and the performance of sub-
habitats determines the efficiency of the corresponding habitat. Each sub-habitat has
mathematically an expression tree and the aggregation of sub-habitats constitute a habitat. Fig. 2
illustrates tree structure of a sub-habitat and the corresponding habitat.

(- +
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a) The expression tree of a sub-habitat Subl  b) A habitat with four sub-habitats linked by addition

Fig. 2. Expression tree structure illustration of a sub-habitat and corresponding habitat.

The flowchart of BBP is shown in Fig. 3 and the main steps of this proposed metaheuristic
programming are explained in detail below.
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Fig. 3. The flowchart of BBP algorithm.

Create initial population (Po): It consists of n initial habitats that are generated with a
randomized selection procedure. Each habitat consists of one or more sub-habitats and
presents a possible solution of the regression problem. Aggregation of sub-habitats by
summation operator constructs habitat which has mathematically an expression tree
consisting of variables, functions and constants.

Evaluate the solutions: The goal of BBP is to find a habitat that performs well for all
patterns in the database with low error. In the BBP, habitat suitability index (HSI) is used
for evaluating each solution. In the proposed algorithm, the term HSI is the root mean
squared error (RMSE) defined in Eq. 3 below, which must be minimized. Habitat with a
high HSI has a low RMSE and tends to have a large number of species. RMSE
minimization results in "better" expressions over the generations. The best expression is
chosen as the expression with greatest HSI or least RMSE.



Determination of emigration and immigration rates: the immigration rate A is
assigned to control habitat immigration. The maximum immigration rate in a single
habitat (I) occurs when there are no species in this habitat. As the number of species in a
habitat increases, it will become crowded and, consequently, fewer species would be able
to survive in this habitat and the immigration will subsequently decrease. Emigration rate
M is another attribute of a habitat in BBP that controls habitat emigration. If there are no
species in a habitat, its emigration is null. As the number of species increases, species are
capable to leave their habitat in order to explore other and maybe better residences. The
maximum emigration rate (E) occurs in a single habitat when containing the maximum
number of species it can support.

Create and evaluate new solutions using migration operator (P1): The migration
operator is used to migrate species between two habitats according to their immigration
and emigration rates. The migration from one habitat to another one is done by swapping
a part of a sub-habitat of one habitat with a part of a sub-habitat of the other. The
migration operator used for the BBP proceeds by the following steps:

- Choose two habitats based on their immigration and emigration rates. The habitat with
high HSI is more probable to be selected for emigration and the chance of habitat with
low HSI being selected for immigration is high; indeed, the migration from a habitat with
high HSI to a habitat with low HSI is more probable. The candidate habitats for
emigration and immigration are named emigrated and immigrated habitats, respectively.

- Select separately two random sub-habitats from the emigrated and immigrated habitats.
- Choose separately two random subtrees from the above selected sub-habitats.

- Migrate the selected subtree from the chosen sub-habitat of the emigrated habitat to the
selected subtree from the chosen sub-habitat of the immigrated habitat. The resulting tree
is a new habitat that its depth should be checked.

The process of migration operator is shown, using two arbitrary simple expressions as
selected sub-habitats of emigrated and immigrated habitats, in Fig. 4. After the new
habitat was created, its HSI is evaluated and saved in migrated population P;.
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Create and evaluate new solutions using mutation operator (P;): The mutation
operator introduces random changes in the structures of the habitats in the population Py.
In this regard, a random sub-habitat from one random habitat is selected and a random
point within its tree structure is chosen. Then, mutation operator removes whatever is
currently at the selected point and whatever is below the selected point and inserts a
randomly generated subtree at that point. This operator is controlled by a parameter that
specifies the maximum size of tree depth for the newly created subtree that is to be
inserted. This process is shown in Fig. 5, where an arbitrary simple sub-habitat from a
random selected habitat is mutated by replacing one of its subtrees with a random tree.
After applying the mutation operator, the performance of the created habitat is evaluated
and saved in mutated population Ps.
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Fig. 5. Example of mutation operator.
- Greedy selection among Py, P1 and P, and overwrite the n best solutions on Py:

In this section, the populations Py, P1 and P, are merged and the n best habitats based on
greedy selection of habitats in the merged population are selected. Then, the old
population Py is replaced with a new population.

- Investigation of the stopping criteria:

Termination is the criterion by which the BBP decides whether to continue searching or
stop the search. Each of the enabled termination criterion is checked after each generation
to see whether it is time to stop the process. Different types of stopping criteria may be
implemented, for example generation number, time period, fitness threshold, the number
of node evaluations, etc.

5. Modeling the shear capacity of FRP-RC beams
5.1. Experimental data

The model’s success in predicting the shear capacity of FRP-RC beams depends on
comprehensiveness of the training data. Availability of large variety of experimental data was
required to develop the relationship between the effective parameters on shear capacity and its
measured properties. Based on the previous research studies, the basic effective parameters that
affecting the shear capacity of FRP-RC beams are the width of web (by,), effective depth of beam
(d), shear span to depth ratio (a/d), concrete compressive strength (fl), longitudinal
reinforcement ratio (ps) and elastic modulus of FRP bars (Ef) [35, 45-49]. An experimental
database of 138 test specimens failed in shear was obtained from different previous
investigations [31, 36, 45, 47, 49-65]. During the collection stage, specimens with shear span to
depth ratios between 2.4 and 6.5 were included but deeper and slender beams were omitted from
the database. In order to reduce the noise in the database collected, the output values of
specimens with the same input values were averaged and included in database as a single entry.
Of the 87 test specimens in the refined database, 77 were beams and the other 10 were one way
slabs. All test specimens in the database have no transverse shear reinforcement and were simply
supported tested under either one or two point loads acting symmetrically with respect to the
centerline of the beam span as depicted schematically in Fig. 6. The limit values of input and
output variables are listed in Table 2. Also, the complete list of data is given in Table A.1, where
the name and the source of each specimen are referenced.

Table 2

Ranges of inputs and output variables in database.

Variables Min Max Average  Standard deviation
by (Mm) 89.00 1000.00  304.57 242.07

d (mm) 141.00 970 276.40 155.22

a/d 2.50 6.50 3.85 1.20

f. (MPa) 22.70 81.40 43.05 14.19

pr (%) 0.25 3.02 1.24 0.62

Es (GPa) 29.00 192.00 71.78 53.62

V¢ (KN) 9.80 220.70 71.78 53.62
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Fig. 6. Geometry of shear capacity test using two-point loading system (One-point loading system: a=L/2).

In order to investigate the generalization capability of the BBP model, the experimental database
is divided into two sets, namely training and testing data sets. The formulation is based on the
training sets and is further tested by test set values to measure its generalization capability. The
patterns used in test and training sets are randomly selected. However, the distribution of each
influencing parameters across its range in training data set was manually examined to ensure that
it covers a good spread within the range considered. Of the 87 specimens in database, 70
specimens were taken for training process and the remaining 17 specimens were used for testing
of the proposed model.

The scaling of the data samples is always recommended in system modeling. In this study, data
samples were scaled in the range -1 and 1 using the following linear equation:

_ Z(X_Xmin) _
Xn - Xmax—Xmin 1 (1)
where Xmin, Xmax and X, denote the minimum, maximum and scaled value of the X data sample,
respectively. It should be noted that any new input data should be normalized before simulated
by the BBP and the corresponding predicted values should be un-normalized before use.

5.2. Performance measures

In order to evaluate the model results, it is important to define the criteria by which the
performance of the model and its prediction accuracy are assessed. The best model was chosen
on the basis of a multi-objective strategy as follows [66, 67]:

I. Selecting the simplest model, although this is not a predominant factor.
ii. Providing the best fitness value on the training data.
iii. Providing the best fitness value on the validation data.

The first objective can be controlled by the user through the parameter settings (e.g., tree depth
or the number of habitats). For the other two objectives, the following objective function (OBJ)
is used as a measure of how well the model predicted output agrees with the experimentally
measured output. The selection of the best BBP model is based on the minimization of the
objective function (OBJ) below [68]:

11



OB] — (NO-Train_NO-Test) RMSETrain+MAETrain 2NoO.Test % RMSErest+MAETest (2)
NO.Train +NO.Test Rraint1 NO.Train+NO.Test Rrest+1

where NO.1rin and No.1es: are the number of training and testing data, respectively. RMSE, MAE
and R are, respectively, the root mean squared error, mean absolute error and correlation
coefficient and calculated using the following equations [68]:

Z{l=1(hiz _tiz)
RMSE = Y- 1 17 ©)
n

MAE = M 4
n

R = Zi=1(h_i—hi)(ti—ti) - (5)
J2?=1<hi—hi)2 n(4-t)2

In which h; and t; are, respectively, actual and calculated outputs for ith output, h; and t; are the
average of actual and predicted outputs, respectively, and n is the number of samples. The
constructed objective function simultaneously takes into account the changes of R, RMSE and
MAE. Higher R and lower RMSE, MAE values result in lowering OBJ, and hence indicate a
more precise model. In addition, the above function considers the effects of different data
divisions for the training and testing data sets [68]. Another statistical parameter, namely, mean
absolute percentage error (MAPE) for training and testing data was also used as defined below:

MAPE =231, Biztil 100 (6)

5.3. Development of empirical models using BBP

Six input parameters, by, d, a/d, f!, pr and Es, were used to create the BBP model. The parameter
selection affects the model generalization capacity of BBP. Several runs were conducted to come
up with a parameterization of BBP that provided enough robustness and generalization for the
prediction of shear capacity of FRP reinforced concrete elements. Table 3 presents the parameter
settings for the BBP algorithm. As shown in this table, four basic arithmetic operators (+, —, x, /)

and basic mathematical functions (log(|x|), [x”, X3, x3, x*, x°, \/m W W and i/m) were
utilized to get the optimum BBP model. In this problem, each habitat is a nonlinear formula for
predicting the shear capacity of FRP-RC beams which is stated according to the above defined
functions. The number of habitats in the population, that BBP will evolve, is set by the
population size. Indeed, each population consists of different candidate formulas for predicting
the shear capacity of FRP-RC beams. A run will take longer with a larger population size as
more number of candidate formulas should be evaluated. The maximum generation sets the
stopping criteria of a run. The proper number of population and generation depends on the
number of possible solutions and complexity of problem. Three levels were set for the
population size. The habitat architectures of the models evolved by BBP include initial tree size,
maximum tree size and the number of sub-habitats. The initial tree size parameter sets the size of
the candidate shear capacity formula in the first population at the start of each run and the
maximum tree size parameter determines its complexity in the evolved model during each run.

12



The number of terms in the model is determined by the number of sub-habitats. Increasing the
number of sub-habitats produces more complicated formula for shear capacity of FRP-RC beams
and significantly increases the computational time. In the current modelling, three and two levels
were considered for the maximum tree size and the number of sub-habitats, respectively. The
addition linking function was used to link the mathematical terms encoded in each sub-habitat.
Different combinations of the parameters are considered, namely three levels for the population
size, three levels for the maximum tree size and two levels for the number of sub-habitats, giving
a total of 18 different combinations. All of these combinations were tested and ten replications
for each combination were carried out. Therefore, the overall number of BBP runs was equal to
18 x 10 = 180. Moreover, the total number of 540,000,000 candidate formulas for predicting the
shear capacity of FRP-RC beams was evaluated. The success of the BBP algorithm usually
increases with increasing the population size, maximum tree size and the number of sub-habitats.
In this case, the complexity of the evolved functions and subsequently the shear capacity formula
of FRP-RC beams increases and the speed of the algorithm decreases.

Table 3

The main parameters of BBP model.

Parameters Values

Functions” +, -, %, [, log(x]), X", X%, X%, X%, X2,
\/El i/mv Ww i/m

Population size 100-300-500

Maximum generation 10000

Selection Tournament

Tournament size 3

Initial tree size 6

Maximum tree size 5-7-9

The number of sub-habitats 3-4

Constants [-1,1]

Migration probability 0.90

Mutation probability 0.10

Probability of constant selection 0.2

Raw fitness Root mean squared error

*x and y can be each of input variables.
6. Results and discussion

After running different BBP models, the final model was obtained. The population size,
maximum tree size and the number of sub-habitats of the best BBP model are 500, 9 and 4,
respectively. The formulation of the best BBP model for predicting the shear capacity of FRP-
RC beams is presented in Table 4. The convergence rate of the best BBP model for training and
testing data is also plotted in Fig. 7. As expected, the RMSE for both training and testing data
significantly decreases in the initial generations and, then, the rate of error reduction becomes
less. In addition, the mean error value of habitats in population decreases gradually and it
becomes close to the error value of the best habitat in the final generations.

13



Table 4
The optimum BBP equations in LISP programming language format for predicting the shear capacity of FRP-RC

beams (note: Fy,..., F1, represent +, -, x, /, log(|x|), [x, X%, %, x*, x°, J/1x|, ¥/1xl, */1x| and 3/|x], respectively.).

Subl = Fa(Fia(Fa(bu,Fe(F13(Fe(Fi1(Fia(Er)),F(F2([-0.9129],p1)))), Fo(Fa(Fa(Espr),Fa(Fe(pe,bw),Falpsbw))))))),
Fa(bu,F12 (Fs(F7(bw), F1(Fe(d,Fa(Fa(Dw.pe),pe),Fa(pr,Fa(Fe(Er),F2([0.3703], by))))))))

Sub2 = Fe(Fa(Fua(Fa(Fe(buw,Fe(F([-0.9129],pe),F1o(F2([0.3703],  by)))),  Fa(bw))),  Fa(Fis(d),[-0.0258])),
Fi(Fio(F10(d)),  Fa(Fa(Fu(Fio(d)), Fe(Fe(Fii(Ee), Fe(Fa(a/d,d), Fs(ErEr)), Fe(Fa(bw,[-0.3288]), Fs(Era/d)))),
FGEFl;)()F)l)gl):G(FlO(d)’bw)a Fi(prFa(bw,d)))),  Fa(Fs(Fa(Fo(fé)),  Fa(bw,pr)).Fa(Fa(bw,d).pr)),  Fi(Fa(Fs(Es),[0.3703]),
Fe(Es

Sub3 = Fs(d,Fra(Fa(Fra(Fi(Fe(Er), Fa(F4([0.5331],d), Fii(Fa(Era/d))))), Fia(Fe(Fe(Fi2(Fo(bw)), Fe(Fi([-0.3287],E),

Fa(Dw.pe))), Fe(F1(Fo([0.9072]),p), Fs(c)))))))
ch = SUbl + SUb2 + SUb3
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Fig. 7. Convergence graphic for training and testing data and mean value of RMSE in population.

The predicted shear capacity of FRP-RC beams versus experimental results for training and
testing datasets is given in Fig. 8. The coefficient of the determination of the predicted vs.

experimental values (according to the fit line equation as Predicted = a x Observed) and analysis
of the residuals were calculated for training and testing data. According to the fit line equation in

Fig. 8, it can be seen that the coefficient for the training and testing data is very close to 1,

indicating that the proposed BBP model has successfully learnt the nonlinear model for the shear

capacity prediction of FRP-RC beams. Fig. 9 shows a comparison between the experimental

results and the estimates of shear capacity of FRP-RC beams obtained using the proposed BBP

model. The test specimen number as listed in Table A.1 (Appendix A) is shown as the horizontal

axis in Fig. 9. It can be seen that the results from BBP method are in good agreement with the

experimental results.
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Fig. 9. Comparison between the experimental results and BBP predictions for training and testing data

The statistical parameters of training and testing data of the proposed BBP, Artificial Neural
Network (ANN) model proposed by Bashir and Ashour [32], Gene Expression Programming
(GEP) model proposed by Kara [37] and design equations are presented in Table 5. It is obvious
from this table that BBP and ANN models present better predictions than GEP and other existing
design equations. Table 5 also indicates that the shear capacity equations provided by ACI and
ISIS overestimate the shear capacity of FRP-RC beams. Furthermore, the results demonstrate
that the proposed BBP model is slightly better than ANN model in predicting the shear capacity
of beams in the training dataset, whereas the performance of ANN is better than BBP model in
predicting the experimental results in the testing dataset. Comparing the OBJ values that include
the training and testing data simultaneously as defined by Eg. (2) for BBP and ANN models
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indicates that the proposed BBP model is, overall, superior to ANN model. However, these
comparisons are not conclusive as they are based on only comparison of statistical parameters
for the ratio between the predicted and experimental shear capacities of limited test specimens.

Table 5
Statistical parameters of different shear capacity prediction models of FRP-RC beams.
Statistical parameters

Models  Da@sel —yiae—MAPE  RMSE R OBJ
Training 5.2424 12.5060 7.1646 0.9909

BBP Testing 74801 117689  9.9081  0.9879 71558
on ThES fhs mDm ot 0mE g
GE  Tesing oo 1oo1a4 1500  ooars 17344
ACL  Tiding 300  4roas  417o ooy 3770
ow T WS R
igig  Training 218716 300845 309046  0.8952 27 4987

Testing 21.8970  30.3112  30.4961 0.9437

A qualitative study of the influencing parameters using the proposed BBP model was performed.
All input parameters were set at the average value of the experimental specimens in the database
while the chosen parameter to be studied was varied into the range of values specified in Table 2.
In calculations, the average input parameters are taken as b,=200 mm, d=300 mm, a/d=3.5,
f;=40 MPa, p=1.5% and E=40 GPa. Fig. 10 presents the trend of the shear capacity predictions
of FRP-RC beams to the variations of various design parameters, by, d, a/d, f/, ps, Er. It can be
clearly seen from these figures that the influence of different input parameters on the shear
capacity of FRP-RC beams is different. However, the effect of by, d, pr and E; on the shear
capacity of FRP-RC beams is very important. In general, the shear capacity continuously
increases with the increase of by, d, pf, f{ and Es and decreases due to increasing in a/d.
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Fig. 10. Effect of different input parameters on the shear capacity of FRP-RC beams.

7. Conclusions

An empirical formulation using the Biogeographical-Based Programming (BBP) algorithm for
predicting the shear capacity of FRP-RC beams based on test results available in the literature
has been developed. The BBP model uses the web width (by,), effective depth (d), shear span to
depth ratio (a/d), concrete compressive strength (f!), longitudinal FRP reinforcement ratio (ps)
and elastic modulus of FRP bars (Ef) as the main parameters affecting the shear capacity.
Different BBP models were executed and the best BBP model was chosen for further
investigation and qualitative study. The final BBP model has population, sub-habitat and
maximum tree sizes of 500, 3 and 9, respectively. Overall, the performance of the BBP model
showed a slightly better comparison with experimental results than the artificial neural network
(ANN), Genetic expression programming (GEP) and existing shear design equations. This study
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has shown that the feasibility of the potential use of BBP model in predicting the shear capacity
of FRP-RC beams. The proposed BBP algorithm has also correctly predicted the trend of
different influencing parameters on the shear capacity of FRP-RC beams.

Appendix A
Table A.1. Experimental database used for training and testing the BBP model.
bw d f! p = Vs ANN GEP BBP
RW  om) om0 vpa) o) (@GP (KN)  (KN) (KN) (KN)  Rererences
Training data
1 1000.00 165.30 6.00 40.00 0.39 114.00 140.00 144.33 11258 143.14 [50]
2 1000.00 165.30 6.00 40.00 0.78 114.00 167.00 165.35 141.85 166.06
3 1000.00 162.10 6.20 40.00 0.86 40.00 113.00 114.14 100.99 11851
4 1000.00 159.00 6.30 40.00 1.70 40.00 142.00 137.86 124.10 143.10
5 1000.00 159.00 6.30 40.00 244 40.00 163.00 166.33 139.98 163.32
6 1000.00 154.10 6.50 40.00 2.63 40.00 168.00 168.00 138.62 167.80
7 250.00 326.00 3.10 50.00 0.87 128.00 7750 106.16 87.39 80.39 [45]
8 250.00 326.00 3.10 50.00 0.87 39.00 70.50 59.24 58.80 60.53
9 250.00 326.00 3.10 4460 1.22 42.00 60.00 74.07 64.94 70.64
10 250.00 326.00 3.10 43.60 1.71 42.00 77.50 87.08 72.13 84.34
11 250.00 326.00 3.10 63.00 1.71 135.00 130.00 138.30 120.35 135.18 [36]
12 250.00 326.00 3.10 63.00 1.71 42.00 87.00 88.78 81.55 84.91
13 250.00 326.00 3.10 63.00 220 135.00 174.00 162.62 130.89 173.69
14 250.00 326.00 3.10 63.00 220 42.00 11550 106.94 88.69 109.12
15 200.00 225.00 270 4050 0.25 14500 36.10 44.02 31.42 34.23 [51]
16 200.00 225.00 2.70 49.00 0.50 145.00 47.00 46.08 42.18 39.81
17 200.00 225.00 2.70 4050 0.88 145.00 42.70 47.44 47.79 45.57
18 200.00 225.00 3.60 4050 0.50 145.00 49.70 44.77 38.34 41.57
19 200.00 225.00 4.20 4050 0.50 145.00 38.50 44.77 37.69 43.62
20 159.00 141.00 6.50 61.80 0.58 139.00 19.97 17.83 21.33 25.39 [52]
21 89.00 143.00 6.40 8140 0.47 139.00 9.80 9.70 12.40 13.82
22 121.00 14100 6.50 81.40 0.76 139.00 15.40 17.11 19.48 14.66
23 160.00 346.00 2.80 37.30 0.72 42.00 59.10 49.25 35.26 58.26 [53]
24 160.00 325.00 350 34.10 154 42.00 46.80 52.00 40.40 52.75
25 130.00 310.00 3.10 37.30 0.72 120.00 47.50 60.13 36.01 44.30
26 130.00 310.00 3.70 43.20 1.10 120.00 50.15 63.48 42.71 44.76
27 130.00 310.00 3.70 34.10 154 120.00 57.10 54.38 44.15 51.49
28 152.00 225.00 4.10 7960 166 40.30 32.50 29.55 35.02 26.57 [54]
29 165.00 224.00 4.10 79.60 210 40.30 35.77 36.13 40.94 31.11
30 203.00 22400 4.10 79.60 256 40.30 46.40 49.89 53.80 45.94
31 457.00 360.00 3.40 39.70 0.96 40.50 108.10 10495 113.85 104.68 [49]
32 457.00 360.00 3.40 39.70 0.96 37.60 94,70 100.74 111.06 91.76
33 457.00 360.00 3.40 4030 096 47.10 11480 113.66 120.32 125.23
34 457.00 360.00 3.40 4230 192 4050 137.00 150.55 146.50 148.24
35 457.00 360.00 340 42,60 192 47.10 177.00 160.91 154.43 154.92
36 229.00 225.00 4.10 36.30 1.11 40.30 38.10 37.72 35.562 36.64 [55]
37 178.00 225.00 4.10 36.30 142 40.30 31.73 29.38 29.97 29.50
38 229.00 225.00 4.10 36.30 1.66 40.30 44.43 41.14 40.62 41.88
39 279.00 225.00 4.10 36.30 1.81 40.30 45.27 53.89 50.93 52.82
40 229.00 22400 4.10 36.30 227 40.30 42.20 46.37 44.88 49.45
41 178.00 279.00 2.70 24.10 230 40.00 53.40 56.81 39.78 60.94 [56]
42 178.00 287.00 2.60 24.10 0.77 40.00 36.10 35.74 28.53 41.45
43 305.00 15750 450 28.60 0.73 40.00 26.80 33.09 26.26 35.70 [47]
44 305.00 15750 5.80 30.10 0.73 40.00 28.30 27.48 25.97 30.54
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45 305.00 15750 5.80 27.00 0.73 40.00 2920 2835 25.04 30.49
46 305.00 15750 5.80 30.80 0.73 40.00 2760 2733 26.16 30.54

47 200.00 260.00 270 34.70 130 130.00 62.20 6158 57.61 61.85 [57]
48 150.00 210.00 3.70 3290 131 45.00 22.00 2292 2330  23.62 [58]
49 254.00 222.00 3.20 39.00 155 34.00 19.50 4535 4322  37.56 [59]
50 150.00 250.00 3.00 34.30 3.02 105.00 46.00 51.69 5045 47.74 [60]
51 150.00 250.00 3.00 34.30 227 105.00 40.50 44.02 4587 39.88

52 450.00 970.00 3.10 40.00 0.46 40.00 136.00 140.21 238.41 136.53 [61]
53 150.00 171.00 3.90 34.00 045 38.00 12.50 11.36 12.62 8.85 [62]

54 150.00 218.00 3.10 34.00 0.71 32.00 17.50 1458 1815 16.44

55 150.00 268.00 250 34.00 0.86 32.00 25.00 26.32 2436 22.44

56 150.00 168.00 4.00 59.00 1.39 32.00 17.50 9.26 20.44 8.50

57 150.00 268.00 250 59.00 1.15 32.00 30.00 3297 3225 23.85

58 200.00 325.00 3.20 4460 0.70 137.00 11050 87.01 63.60 113.15 [31]
59 200.00 325.00 3.20 4500 0.70 137.00 118.00 8741 63.79 113.14

60 200.00 325.00 3.20 46.90 090 192.00 106.00 107.07 78.71 102.93

61 200.00 325.00 3.20 4690 090 58.00 87.00 7131 5281 73.02

62 250.00 265.00 3.10 34.10 190 56.00 113.00 76.87 6158 87.13 [63]
63 300.00 150.00 4.00 2270 130 29.00 33.00 28.70 2512  28.15 [64]
64 300.00 150.00 4.00 2780 180 29.00 36.00 3273 29.96 27.66

65 457.00 883.00 310 2950 059 40.70 154.10 157.24 21761 151.93 [65]
66 457.00 880.00 3.10 2950 118 40.70 220.70 216.37 273.25 217.07

67 456.00 880.00 3.10 30.70 1.18 4140 216.20 216.20 277.87 218.17

68 11400 29400 3.10 59.70 059 40.80 1520 2533 22.88 2454

69 11400 29400 3.10 3210 059 4080 18.70 26.34 18.61  24.56

70 229.00 14700 3.10 3210 059 4080 3155 2390 18,69 33.01

Testing data

1 1000.00 160.50 6.20 40.00 1.18 114.00 190.00 180.95 157.53 160.72 [50]
2 1000.00 162.10 6.20 40.00 1.71 40.00 163.00 141.74 126.99 144.33

3 250.00 326.00 3.10 44.60 124 13400 104.00 11556 96.12 101.01 [45]
4 250.00 326.00 3.10 43.60 172 134.00 12450 127.04 106.39 129.75

5 200.00 225.00 2.70 40.50 0.63 145.00 47.20 4453 42776  43.72 [51]
6 127.00 14300 6.40 60.30 0.33 139.00 13.97 14.55 14.23 13.21 [52]
7 160.00 346.00 3.30 43.20 1.10 42.00 4410 55.82 4187 48.44 [53]
8 203.00 22500 4.10 7960 125 4030 38.03 3365 4256 3598 [54]
9 457.00 360.00 3.40 4250 192 3760 152.60 14533 143.14 14459 [49]
10 254.00 22400 4.10 3630 205 4030 4510 50.11 4812 51.72 [55]
11 178.00 287.00 260 24.10 1.34 40.00 40.10 4221 3432 4844 [56]
12 305.00 15750 5.80 28.20 0.73 40.00 28.50 2794 2541 3051 [47]
13 150.00 210.00 3.70 38.10 131 45.00 26.50 2431 2447 2351 [58]
14 150.00 250.00 3.00 34.30 151 105.00 45.00 40.54 40.04 3381 [60]
15 150.00 218.00 3.10 59.00 106 3200 27.50 19.93 2493 16.35 [62]
16 250.00 265.00 3.10 2290 190 56.00 83.00 70.94 5393  89.46 [63]
17 229.00 147.00 3.10 59.70 0.59 40.80 28.60 19.07 2298 33.01 [65]
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