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Abstract - Fiber-reinforced polymer (FRP)-reinforced concrete
beams have increasingly applied in construction. Accurate
prediction of shear strength in FRP-reinforced concrete beams
with FRP stirrups is essential for safe and efficient structural
design. This study aims to improve prediction accuracy by
developing an enhanced support vector regression (SVR) model
with the aid of an optimization algorithm, and a reliable dataset
was evaluated using a 10-fold cross-validation approach. The
proposed model achieved strong predictive capability with low
error values. The enhanced SVR model with 200 wolves and 100
iterations provides the best performance, with RMSE, MAE, and
MAPE values of 28.14kN, 19.27kN, and 15.40%, respectively,
along with a correlation coefficient of 0.955. Furthermore, the
optimized models outperformed conventional SVR models with
different kernel functions. These findings indicate that the
enhanced SVR approach is a reliable and effective tool for
predicting shear strength, thereby supporting improved structural
analysis and design in engineering practice.

Key words - Fiber-reinforced polymer; support vector regression;
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1. Introduction

Fiber-reinforced polymer (FRP) bars have increasingly
been utilized in concrete members as an alternative to
conventional steel reinforcement to mitigate corrosion-
induced deterioration [1]. Beyond their superior durability
in corrosive environments, FRP bars exhibit lower self-
weight, high tensile capacity, and non-magnetic behavior
when compared with traditional steel reinforcement [2, 3].
Nevertheless, concrete beams reinforced with FRP tend to
be more prone to shear failure than those reinforced with
steel reinforcement [4]. The shear capacity of FRP-
reinforced concrete (FRP-RC) beams is influenced by both
concrete mechanical properties and the contribution
provided by transverse FRP stirrups [1]. Therefore, a
thorough understanding of shear strength mechanism is
essential at the preliminary design stage of reinforced
concrete structures.

Empirical equations and design codes, such as CSA S8-
06, CSA S6-09, and ACI 440.11-22 have been commonly
employed to estimate the shear capacity of concrete beams
[5, 6]. For example, Di et al. [5] evaluated a comprehensive
database of FRP-RC beams subjected to shear failure using
several existing design codes. Results indicated that CSA
S806—12 exhibited the most accurate predictions.
However, these empirical methods and existing codes do
not sufficiently account for the influences of varying

failure mechanisms and the ultimate strain distribution in
the stirrups when estimating the shear strength of FRP-
reinforced beams. Most of these methods adopt
conservative assumptions, which tend to underestimate the
contribution of FRP stirrups and, consequently, the total
shear capacity of the beam. Accordingly, the application of
such design approaches in engineering practice may result
in the use of an excessive amount of FRP stirrups, leading
to increased construction costs and additional labor
requirements [2].

Although traditional empirical methods have been
widely employed to estimate the shear capacity of FRP-
RC beams, their notable limitations in capturing complex
and nonlinear behaviors of various parameters (e.g.,
concrete strength, effective depth, shear span-to-depth
ratio, FRP material properties, reinforcement ratio,
transverse stirrups) [6]. In the past years, the development
of artificial intelligence (AI) has enabled researchers to
address such nonlinearities more effectively in civil
engineering. Al models like artificial neural networks
(ANNSs), random forest (RF), support vector regression
(SVR) have demonstrated superior predictive
performance compared with traditional empirical
equations and existing design codes in predicting the
shear strength of FRP-reinforced structural members [1,
7-9]. For instance, Alam et al. [8] adopted a generalized
regression neural network for predicting the shear
strength of FRP-RC members without transverse
reinforcement. Analytical results showed that the
proposed model exhibited higher prediction accuracy
than existing design codes and guidelines, including ACI
440.1R, CSA S806, JSCE, and BISE.

Jumaa and Yousif [7] employed ANNSs, gene
expression programming (GEP), and nonlinear
regression analysis (NLR) to predict the shear strength
of FRP-RC elements without stirrups. Results indicated
that both ANNs and the GEP models provided higher
predictive accuracy and computational efficiency
compared with available codes and formulas. Similarly,
Ebid and Deifalla [10] developed a novel equation using
the genetic programming technique to predict the
capacity of FRP reinforced beam with and without
stirrups. Findings revealed that the proposed method
yielded more reliable and accurate predictions than those
obtained from conventional design codes reported in the
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literature. In the study conducted by Yaseen [1], three
ML models, including MS5-Tree, extreme learning
machine (ELM), and RF, were used for investigating the
shear strength prediction capability of FRP-RC beams
incorporating  transverse reinforcement.  Results
indicated that the M5-Tree with nine inputs exhibited the
highest predictive accuracy, followed by the ELM and
RF models.

Although AI models achieve higher prediction
accuracy than conventional empirical equations and
design codes, the effectiveness of these standalone
learners remains heavily dependent on the appropriate
selection of their hyperparameters. Failing to optimize
these parameters can significantly compromise model
stability and generalization capability. Among Al
algorithms, SVR is one of the most widely used models
[11]. Accordingly, this study proposes an SVR model
optimized by a metaheuristic algorithm to enhance the
precision of shear strength predictions for FRP-
reinforced concrete beams with stirrups. The
performance of the proposed hybrid SVR model is
compared with that of various single Al techniques. By
leveraging advanced Al methodologies, this study offers
structural designers a promising tool for addressing
practical design challenges associated with FRP-
reinforced concrete members.

2. Research methodology
2.1. Enhanced SVR and standalone SVR models

Regression difficulties are addressed by the supervised
learning model known as the SVR model [12]. The non-
linear relationship between the predictors and dependent
variables can be effectively captured by the SVR. An SVR
model is trained using a least-squares cost function to
produce linear equations in a dual space that speeds up
computation. In particular, solving Eq. (1) is used to teach
SVR models.

. 1 1
minj(w,b,e) = = ||lw||? +=C X}, e?;
w,b,e 2 2

subject to y, = (w, @(x )Y + b+ e, k=1,...n (1)

where J(@,b,e) is an objective function; @ is a linear
approximator's parameter; ex is errors; C > 0is a
regularization parameter; x; is predictors; yxis dependent; b
is bias; and # is the dataset size.

This problem is solved by using Lagrange multipliers
(ax), which leads to Eq. (2). Equation (3) describes a kernel
function. The Gaussian radial basis functions (RBF) kernel
is a potent kernel function that is used in this work and is
shown in Eq. (4).

f(x) = Y=g K (x, %) + b (2)
K(x, %) = Xk=1 9 () gre (xx) 3)
K(x,x) = exp( = |lx — x,[|/20?) “4)

where are a; is Lagrange multipliers; K(x,x) is the kernel
function; o is the RBF width.
The enhanced SVR model in this study was proposed

by integrating with a meta-heuristic namely grey wolf
optimizer (GWO). Introduced by Mirjalili et al. [13], the

GWO algorithm draws inspiration from the natural social
hierarchy and predatory behaviors of grey wolves. The
GWO optimized the standalone SVR’s hyperparameters,
including RBF width (o) and the regularization
parameter (C).

Two standalone SVR models was also used in this
study, including SVR with the Pearson VII function-based
universal kerne.SVR (SVR Puk) and SVR with the
polynomial kernel (SVR_Poly).

2.2. Dataset

To assess the predictive performance of the proposed
optimized SVR model, a real-world dataset was
prepared, which was collected from previous work. The
dataset involved 161 samples of FRP-reinforced concrete
beams with FRP stirrups [14-46]. Outliers were removed
before training and testing the proposed model, resulting
135 samples in the dataset. Aramid fiber-reinforced
polymer (AFRP), Basalt fiber-reinforced polymer
(BFRP), Carbon fiber-reinforced polymer (CFRP), and
Glass fiber-reinforced polymer (GFRP) were used as
longitudinal reinforcement and stirrups in the dataset.
Table 1 details data attributes of FRP-reinforced concrete
beams with FRP stirrups in this study. It describes the
range values of data attributes, which include the
information for the specimen size attributes, the
compressive concrete  strength, the longitudinal
reinforcement attributes, the stirrups attributes, and the
ultimate shear capacity of beams. Figure 1 visualizes
histograms for data attributes.

Table 1. Data attributes of FRP-RC beams with FRP stirrups

Attribute

Variables Unit [Min — max] Average
groups
) Web width (b) mm 120 - 300 182.61
Ssi;;amen Effective depth (d) mm 170 - 412 252.65
Shear span ratio (a/d) n/a 1.11-4.49 2.55
Concrete COMPressive concrete . 19.60-73.40 3833
strength (")
Type of longitudinal / GFRP, BFRP,
reinforcement wa AFRP, CFRP
Longitudinal
reinforcement  ratio % 0.39-3.98 1.63
Longitudi ()
113{1 Elastic modules of
reinforcemfFRPp longitudinal ~ GPa 29.00 - 105.00  57.04
ent reinforcements (Ej)
Ultimate tensile
strength  of - shear —y1n 480 00 - 1308.00 1016.00
reinforcement  from
coupon tests (f)
Type of stirrups n/a GFRP, BFRP,
ype of stirrup CFRP, AFRP
Sh§ar reinforcement % 011 -1.50 055
ratio (pp)
Stirrups Elastic modules of
FRP shear GPa 26.50-115.00  53.16
reinforcements (Ej)
Effective stress of
shear reinforcement at MPa 524.00 - 1700.00 964.01
failure (f4,)

Ultimate shear capacity

of beams (V) kN 20.45 - 459.00

Predictor 138.61
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Figure 1. Histograms for data attributes of FRP-RC beams with
FRP stirrups

3. Evaluation results

The proposed model was trained and tested using the
mentioned dataset of FRP-RC beams with FRP stirrups. In
this study, a 10-fold cross-validation was utilized to
separate the dataset to the training part and the test part for
evaluation purposes. Figure 2 visualizes the process of
random generation for ten folds. Statistical measures were
used to evaluate the performance of the model, which
consists of correlation coefficient (R), root mean square
error (RMSE), mean absolute error (MAE), and mean
absolute percentage error (MAPE).
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Figure 2. A process of 10-fold cross-validation approach

Table 2 presents settings of the optimized SVR model
and evaluation scenarios to optimize and evaluate the SVR
model. The 10-fold cross-validation method was applied.
Two scenarios with different settings of GWO algorithms
were used. The first scenario was set with 100 grey wolves
and 50 iterations, while the second scenario was set with
200 grey wolves and 100 iterations.

Table. 2. Parameters for the optimized SVR model

Model Parameter Value

?:iﬁiﬁffg‘m 0.001 - 1000

SVRmodel  ppE widih o 0.001 - 1000
Kernel function Radial basis function

Grey wolf Number of grey 100

optimizer with ~ wolves

the scenario 1~ Maximum iteration >0

Grey ' w91f Number of grey 200

optimizer with ~ wolves

the scenario 2 Maximum iteration 100

Table 3 presents the evaluation results of the optimized
SVR model with the scenario 1 (100 grey wolves and
50 iterations) for inferring the shear strength of FRP-RC
beams with FRP stirrups. Overall, the model demonstrated
satisfactory generalization capability, with average RMSE
values of 24.49 kN for the training data and 29.99 kN for
the test data. Similarly, the MAE showed a moderate
increase in prediction error when moving from training to
testing data, with the average MAE_Tr and MAE_Te being
15.90 kN and 21.46 kN, respectively. The correlation
coefficient confirmed strong predictive performance and
the robustness of the model, with values of 0.959 (R Tr)
and 0.942 (R_Te).
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Table 3. Prediction accuracy of enhanced SVR model with
scenario 1 (number of grey wolves = 100 and iteration = 50

Evaluation indices

Fold IEWTi RMSE TMAE TMAE T R Tr R_Te MAPE_MAPE_
(I:N) e(kN) r(kN) e(kN) (kN) (kN) Tr(%) Te(%)
Foldl 2797 17.81 17.97 15.12 0.950 0.974 15.18 11.47
Fold2 21.26 56.86 1492 3571 0.967 0.891 12.80 26.98
Fold3 17.85 58.71 11.79 38.09 0.977 0.867 10.90 20.21
Fold4 23.54 29.77 1528 20.90 0.963 0.949 12.85 20.89
Folds 2475 2296 1578 17.81 0.960 0.940 13.26 12.62
Fold6 2829 3922 18.06 28.72 0.945 0937 1550 25.14
Fold7 2798 15.45 18.11 1299 0.949 0.978 14.87 16.26
Fold8 2734 16.62 1742 13.40 0.951 0.969 14.11 14.16
Fold9 2739 1945 17.56 1438 0.951 0972 14.55 11.80
Fold10 18.53 23.04 12.12 17.50 0.978 0.940 10.52 13.98
Ave. 2449 29.99 1590 2146 0959 0942 1345 17.35
Min.  17.85 1545 11.79 1299 0945 0.867 10.52 11.47
Max. 2829 5871 18.11 38.09 0978 0978 15.50 26.98
Std. 4.03 16.26 2.39 936 0.012 0.037 1.72 5.62
Prediction accuracy in MAPE: scenario 1
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Figure 3. Prediction accuarcy via MAPE and MAE for
scenario 1

In addition, the average MAPE values of 13.45% for
training and 17.35% for testing suggested acceptable
relative error levels for engineering applications. Notably,
Fold 7 exhibited superior performance, with the lowest
RMSE Te and MAE Te, and the highest R_Te, reflecting
the variability in data distribution among the folds. The
standard deviation values further indicated that, although

the model was generally stable, some dispersion in testing
performance still existed, particularly for RMSE Te and
MAPE Te.

To further illustrate the model performance, Figure 3
presents the variation of MAPE and MAE across the 10
folds for scenario 1. Consistent with the results in Table 3,
the testing errors (MAPE Te and MAE Te) were
generally higher than the training errors, with some folds
(e.g., Fold 2 and Fold 6) showing relatively larger
deviations due to data variability. In addition, Figure 4
demonstrated that the predicted values closely follow the
actual shear strength in both training and testing phases,
thereby confirming the reliability and generalization
capability of the proposed model.
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Figure 4. Plot of actual and predicted values of shear strength
for fold 7 — scenario 1

Table 4 presents the predictive performance of the
optimized SVR model under scenario 2 (200 grey wolves
and 100 iterations) based on a 10-fold cross-validation
scheme. Overall, the model demonstrated improved
prediction accuracy compared to scenario 1 across all
evaluation metrics. The average RMSE values were 23.54
kN for the training set and 28.14 kN for the test set.
Notably, Fold 3 exhibited the lowest prediction errors in
the testing phase across all performance measures, with
MAE and MAPE values of only 8.97 kN and 7.61%,
respectively. The correlation coefficient remained high and
showed slight improvement, with average values of 0.962
for training and 0.955 for testing, confirming the
robustness of the model. In terms of relative error, the
average MAPE values decreased to 12.90% (training) and
15.40% (testing), further demonstrating the enhanced
performance of scenario 2. Moreover, the standard
deviation values indicated that although some variability in
testing performance persisted, it was generally lower than
that observed in scenario 1.
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Table 4. Prediction accuracy of optimized SVR model with
scenario 2 (number of grey wolves = 200 and iteration = 100)

Evaluation indices
RMSE RMSE T MAE MAE

MAPE_MAPE T

Fold Tr e Tr Te l({k*;)r l({l:;; Tr e

&N) (kN) (&N) (kN) (%) (%)

Fold1 2694 29.12 17.47 2198 0.9530.928 14.66 20.41
Fold2 26.64 24.07 17.14 17.650.9540.943 1437 1431
Fold3 2797 11.28 18.26 8.97 0.9500.987 15.22 7.61
Fold4 2636 42.66 16.65 23.170.9510.946 14.06 12.75
Fold5 23.19 27.55 1473 18.850.9640.965 12.06 13.64
Fold6 20.22 54.85 14.07 342409690912 1222 21.69
Fold7 2691 20.00 17.34 14.62 0.9540.966 14.45 11.90
Fold8 14.73 3539 958 27.190.9850.952 8.50 28.75
Fold9 1634 1747 10.89 13.22 0.9830.968 9.53 12.27
Fold 10 26.10 19.04 16.88 12.850.9550.982 13.96 10.61
Average 23.54 28.14 1530 19.27 0.9620.955 12.90 15.40
Min. 1473 11.28 9.58 8.97 0.9500.912 8.50 7.61
Max. 2797 5485 1826 34.240.9850.987 1522  28.75
Std. 480 13.09 297 7.58 0.0130.023 2.29 6.32

Figure 5 illustrates the performance of MAPE and
MAE across 10 folds for scenario 2. It can be seen that
lower errors were achieved compared to scenario 1, despite
some fluctuations in fold 6 and fold 8. This pattern is
consistent with the reduced average error metrics and
highlights the enhanced predictive stability of the model.
Furthermore, Figure 6 demonstrates a strong agreement
between actual and predicted shear strength values in both
training and test data, thereby confirming the reliability and
generalization capability of the optimized SVR model
under scenario 2.
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Figure 5. Prediction accuarcy via MAPE and MAE for
scenario 2
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Figure 6. Plot of actual and predicted values of
shear strength for fold 3 — scenario 2

Table 5 compares the predictive performance of two
optimized SVR models with three standalone SVR models
using different kernel functions. The results indicated that
both optimized SVR models outperformed the
conventional SVR approaches across all evaluation
metrics. In particular, the optimized SVR under scenario 2
achieved the lowest prediction errors, with MAE and
MAPE values of 19.27 kN and 15.40%, respectively, along
with a higher correlation coefficient (R = 0.955).

Table 5. Prediction accuracy of optimized SVR models and
standalone SVR models

RMSE_Te MAE_Te MAPE_Te

Model (kN) (kN) R Te %)
Optimized SVR with =4 59 5146 0042 1735
scenario 1

Optimized SVR with — »¢ 14 1927 0955 1540
scenario 2

SVR_RBF 4783 3102 0865 2438
SVR_Puk 3896 2135 0892 1662
SVR_Poly 3750 2473 0899  26.65

Note: SVR_RBF is SVR with RBF function, SVR_Puk is SVR with
the Pearson VII function-based universal kernel. SVR_Poly is
SVR with the polynomial kernel.

In contrast, the standalone models, especially
SVR_RBF, exhibited significantly higher prediction errors
and lower correlation coefficients, indicating limited
generalization capability. Although SVR Puk and
SVR_ Poly showed relatively better performance among
the baseline models, they still fell short compared to the
optimized approaches. Figure 7 plot of actual and predicted
values of shear strength by SVR Puk, SVR Poly, and
SVR RBF models. These findings confirm that the
integration of GWO significantly enhanced the prediction
accuracy and robustness of the SVR model, particularly
under the more intensive optimization configuration of
scenario 2.
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4. Conclusions

This study proposed an optimized SVR model
integrated with the GWO to improve the prediction
accuracy of shear strength in FRP-RC beams with
transverse FRP stirrups. The results demonstrate that the
proposed approach achieves high predictive performance,
characterized by strong correlation coefficients and low
error metrics across the cross-validation process. Among
the two optimization configurations, the second scenario,
which adopts 200 wolves and 100 iterations consistently
yields superior accuracy, highlighting the effectiveness of
a more intensive optimization strategy.

Compared with conventional SVR models employing
different kernel functions, the optimized SVR approach
exhibits clear improvements in both accuracy and stability.
This enhancement underscores the capability of the GWO
algorithm to effectively identify optimal hyperparameters

and to better capture the complex nonlinear relationships
inherent in the data. Overall, the proposed GWO-SVR
model provides a robust and reliable tool for practical
engineering applications. To facilitate real-world
implementation, the developed GWO-SVR framework can
be integrated into a standalone spreadsheet tool or a user-
friendly Graphical User Interface. By simply inputting
standard geometric and material design parameters,
practicing engineers can instantaneously obtain exact
estimations of the ultimate shear capacity without the need
for time-consuming finite element modeling or cost-
intensive experimental testing. Therefore, the proposed
model serves as a rapid decision-support system during the
early design phase, enabling the optimization of FRP
reinforcement layouts and the efficient validation of
structural safety margins in construction practice.

Future research should investigate the effect of input
variables on the shear strength and rank these influential
factors. Furthermore, the study needs focusing on
expanding the dataset, incorporating additional influencing
parameters, and exploring hybrid or alternative
optimization techniques to further improve model
performance and generalizability. The influence of varying
fiber types and reinforcement arrangements on model
performance should be investigated in future studies.
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