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Abstract. Fiber-reinforced polymer (FRP) bars have garnered increasing attention in recent years
due to their superior corrosion resistance, offering a potential solution to the significant drawback of
steel corrosion in concrete. For the widespread utilization of FRP bars in concrete structures,
determining the bond strength between FRP bars and concrete is a crucial topic. This study seeks to
develop a prediction model to estimate the bond strength of FRP bars in concrete, utilizing an
extended dataset from 1010 pull-out tests. Initially, the study evaluates the applicability of several
bond strength formulas from existing codes. Subsequently, two prediction models, namely a
multivariate linear regression model and an artificial neural network (ANN) model, are introduced
for estimating the bond strength of FRP bars in concrete. The results indicate that the correlation
between the evaluation values of existing formulas and the experimental value is very low. This is
because these formulas have not yet been updated to encompass the expanded usage scopes of FRP
bars with various surface processing methods and types of concrete. While the multivariate linear
regression model outperforms these formulas, its accuracy is still relatively low; in contrast, the ANN
demonstrates superior performance, achieving an R? value for both the validation and test set of more
than 0.92. The findings highlight that, when considering a broader range of applications, the ANN
serves as a robust tool for accurately predicting the bond strength of FRP bars in concrete, in
comparison to traditional formulas and linear regression models. This assessment approach provides
engineers with a convenient, high-precision tool for designs utilizing various forms of FRP bars and
diverse types of concrete in practical design scenarios.

Keywords: fiber-reinforced polymer bar; pull-out test; bond strength; ANN model; machine learning
technique.
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1. INTRODUCTION

FRP (fiber-reinforced polymer) composites are crafted by integrating Carbon (C), Glass
(G), or Basalt (B) fibers into polymer resins, namely polyester, vinylester, or epoxy, which
serve as the matrix binding the fibers into cohesive composites. These synthetic materials
exhibit remarkable properties, including corrosion resistance, high tensile strength, elevated
fatigue resistance, a weight advantage of approximately 25% compared to steel reinforcement,
and ease of processing. Consequently, this material is increasingly gaining prominence in both
Vietnam and globally [1].

While the predominant applications currently involve FRP panels reinforcing steel or
concrete structures [1, 2], there is a recent shift towards exploring FRP bars as a potential
solution for either complete or partial replacement of steel reinforcement within reinforced
concrete structures. This alternative aligns with durability requirements and proves suitable for
construction projects in regions characterized by harsh environmental conditions and
heightened steel corrosion rates [3-6]. To facilitate the widespread development of FRP bar-
reinforced concrete structures, beyond optimizing the production process to minimize the cost
of FRP materials, it is imperative to accurately determine the fundamental characteristics of
FRP bars, particularly when utilized within concrete applications.

In FRP-reinforced concrete structures, a critical parameter to ascertain is the bond strength
between FRP reinforcement and concrete. While RC structures exhibit near-rigid integration
between steel bars and concrete [7], the bond strength between the FRP bar and concrete in
FRP-reinforced concrete structures is usually lower, and the slip between the two materials
cannot be ignored during the design calculation. This bond behavior depends on various
parameters such as fiber type, surface treatment, diameter and strength of the FRP bar, strength
of concrete, structural component size, and boundary and loading conditions [8-10]. Thus, a
precise assessment of the bond strength between FRP bars and concrete is essential, aiding
engineers in enhancing the accuracy of calculations for FRP bar-reinforced concrete structures,
while considering the slip behavior of bars in concrete [11-14].

Many studies are focusing on evaluating the bond behavior between FRP bars and concrete.
Empirical formulas have been proposed in previous studies [15, 16], and design codes such as
ACI [17], CSA [18, 19], JSCE [20], and FIB [21] have been established to evaluate FRP bar
bond strength in concrete. Each formula is constructed based on a specific set of experimental
data and with a certain range of parameters such as fiber type, surface treatment method, FRP
bar diameter, and concrete strength. Meanwhile, machine learning techniques are also utilized
to train optimal models for evaluating FRP-concrete bond strength based on experimental
databases. Notably, Nolan et al. [22] introduced a method to estimate FRP bond strength in
concrete through artificial neural networks, achieving an impressive R-value of 0.982 based on
184 experimental specimens; however, it considered only seven input variables. In a similar
vein, Bogachan et al. [23] compared bond strength evaluations derived from different design
formulas and machine learning techniques, encompassing artificial neural networks, support
vector methods, and multivariate linear regression models. However, these studies focused on
a limited range of FRP bar diameter, concrete strength, FRP fiber type, and particularly surface
treatment methods for specific types of FRP bars.

In recent years, advancements in FRP composite material technology have led to the
development of various surface treatment techniques for bonding FRP bars with concrete,
including fine sand coated, rough sand coated, helically wrapped, braided, grooved, and smooth
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surfaces [24-29]. Some studies have also combined two or more of these surface treatments.
The surface treatment of FRP bars significantly affects the stress transfer ability between the
FRP bars and concrete, thereby influencing the bond behavior between the two materials.
However, most previous studies have only evaluated the bond strength of FRP bars with one or
a small number of surface types [15-18, 20-23]. Therefore, in the preliminary design process of
FRP bar-reinforced concrete structures, engineers need to consult multiple models or evaluation
formulas while understanding the conditions and scope of each. In many cases, engineers need
to compare the correlation between experimental models and real-world usage conditions. This
can be a challenge as information must be gathered from numerous studies and models.
Therefore, developing a comprehensive model that evaluates the bond strength of various types
of FRP bars in concrete, including multiple surface treatment methods and a broad application
range of fiber type, concrete strength, and FRP bar diameter, can help engineers save time in
the preliminary design stages.

This study seeks to introduce a more comprehensive assessment method than previous
endeavors, particularly concerning the bond strength of FRP bars with various surface types
within concrete, spanning normal, high-strength, and ultra-high-strength concrete. To achieve
this objective, regression models, including multivariate linear regression (MLR) and artificial
neural networks (ANN), are employed to evaluate bonding strength based on datasets derived
from related experiments, totaling 1010 samples encompassing different types of FRP bars [15,
16, 30-60]. The dataset used in the model incorporates parameters such as FRP bar type, bar
covering surface, bar diameter, elastic modulus, buried length of FRP bar, and compressive
strength of concrete, with the output parameter being bond strength. Comparative results from
the ANN model and multivariate regression against experimental outcomes allow for a nuanced
assessment of the applicability of each model.

2. STRUCTURE OF DATASET

A dataset comprising 1010 specimens, sourced from 32 studies, was chosen [15, 16, 30-
60]. There are numerous experimental methods to evaluate the bond strength of FRP bars in
concrete; however, to limit the influence of experimental methods, the collected dataset focused
solely on the pull-out test, which is a commonly used method for evaluating the bond strength
between FRP bars and concrete. In this experimental setup, the FRP bar is embedded in
concrete, with the concrete size adjusted according to the diameter of the FRP bar. To mitigate
the influence of the uneven stress distribution phenomenon along the entire length of the bar, a
part of the bar's surface undergoes treatment to omit the bond between the concrete and FRP
bar. The bond strength between the FRP bar and concrete is quantified as the maximum tensile
force divided by the contact surface area of the FRP bar in contact with the concrete.

The dataset consists of 9 input variables and the corresponding output, representing bond
strength. Figure 1 visually depicts the data distribution for each numeric variable through
histograms, highlighting key statistical measures such as the maximum, minimum, mean, and
standard deviation (std). Meanwhile, Figure 2 provides an overview of the dataset's structure,
focusing on labeled variables like FRP fiber type, surface treatment method, and observed
failure modes in pull-out tests.

Examining the figures, it is evident that the typical application range for concrete
compressive strengths spans from 30 MPa to 60 MPa, while bar diameters vary from 8 to 20
mm. The elastic modulus of bars falls between 40 to 60 GPa, with tensile strength ranging from
600 to 800 MPa and 1000 to 1200 MPa. However, the dataset displays an uneven distribution
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for certain parameters, such as fiber type, resin type, surface treatment, and failure modes.
Notably, GFRP-type FRP bars constitute the majority, making up 69% of the experimental data,

surpassing other types of bars.
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Figure 1. lllustation of the numeric input variables.
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Figure 2. lllustration of the labeled input variables.
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Additionally, the dataset reveals that the epoxy and vinylester resins account for more than
83%, and surface treatment methods, including sand-coated (SC) machining, helically wrapped
(HW), and the combination of both (HW and SC), are commonly employed. Moreover, pull-
out failure predominates in the dataset, accounting for 83% of cases compared to concrete
splitting failure.

3. APPLICABILITY OF EXISTING FORMULAS FOR BOND STRENGTH OF FRP
BARS IN CONCRETE

3.1. Existing formulas of bond strength

Before constructing the prediction model, an analysis comparing the correlation between
the experimental results from the dataset and the proposed experimental formulas in design
codes was conducted. Table 1 presents five such formulas specified in existing codes. The
formulas specified in the FIB code [21] have a simple structure, primarily evaluating the bond
strength of FRP bars in concrete based on the compressive strength of the concrete. On the other
hand, the formulas specified in the design codes of ACI [17], CSA [18, 19], and JSCE [20] are
more complex. The ACI 440.1R-06 formula takes into consideration factors such as the size of
the concrete cover block and the length of the embedded part of the FRP bar in concrete. The
CSA-S806 formulas also consider similar factors along with other variables like the relative
position of the FRP bar arrangement inside the concrete block, the type of fiber, and surface
treatment methods through influencing coefficients. The JSCE formula considers a coefficient
that reflects the confined effect of the surrounding concrete.

Table 1. Previous empirical formulas for the bond strength of FRP bars and concrete.

References Formula
T C d
ACI 440.1R-06 b =40 + 0.3 —+ 1002
[17] 0.083./f. dp la
CSA-S806 [18] T, = CVfe
1.15(K,K,K;K,K:)md,
CSA S6-06 [19] 0.4C,/f;

' = 0451d,K,K,

— fbod _ 0,28 fc2/3

T =
b ay 13 a4

JSCE [20] a, depends on k. = <4 15At, in detail:

db Sdb
a; = 1.0whenk, <1.0;2; =09when1.0< k. <15;a; =
0.8when 1.5 < k. <2.0;a; =0.7when 2.0 < k. < 2.5;a; =
0.6 when 2.5 < k.

FIB [21] Ty, =V [e

Notes: 7,,: Bond strength (MPa); f.: Concrete compressive strength (MPa); C: Smallest
cover to the bar or one-half of the center-on-center spacing of the bars (mm); d,: Bar diameter
(mm); l;: Embedded length of the bar in concrete (mm); K;: Bar location factor (1.3 for
horizontal bar placed more than 300 mm of fresh concrete is cast below the bar, 1.0 for all other
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cases); K,: Concrete density factor (1.3 for low-density concrete, 1.2 for semi-low-density
concrete, 1.0 for normal-density concrete); K5: Bar size factor (0.8 for 4, <300 mm?, 1.0 for
Ap, > 300 mm?, with A, Bar cross-section area (mm?)); K,: Bar fiber factor (1.0 for CFRP and
GFRP); Ks: Bar surface factor (1.0 for SC surfaces, 1.05 for HW surfaces); Ergzp: Modulus of
elasticity for FRP bar (MPa); A,: Area of transverse bars (mm?); s, n: Spacing and number of
transverse bars (mm); E;: Modulus of elasticity for transverse bars (MPa); E,: Elasticity
modulus of steel; y: Failure mode factor (2.5 for concrete cracking failure, 1.25 for pull-out
failure).

Each formula’s application range is determined based on the variation range of parameters
in the underlying dataset used to formulate the respective equation. The formula specified in
the ACI-440 provides a clear regulation on the scope of use. However, this clarity is lacking in
the formulations of CSA, JSCE, or FIB. Despite this, to address the initial goal of studying the
applicability of formulas across various FRP bars, as well as high and ultra-high-strength
concrete, a wide range of experimental data has been considered in the comparison of calculated
values and experimental results.

3.2. Correlation between formulas and experimental results

Figure 3 illustrates the relationship between the experimental bond strength values of FRP
bars in concrete and the calculated bond strength values from the formulas proposed in Table 1
using a box plot. The blue box in Figure 3 represents the interquartile range, with the red line
denoting the median value. The first percentile (Q1), encompassing 25% of values below the
median, and the third percentile (Q3), encapsulating 75% of values above the median, form the
top and bottom of the box, respectively. The whiskers outside the box extend to the minimum
and maximum values of the dataset, while outliers beyond the whiskers are denoted by a red
‘+’ symbol.

7—callTexp

N w

b —-

b
}—H]» it -

Figure 3. Correlation between experimental values and values of existing formulas.

In addition, Table 2 shows the results of regression analysis between calculated values of
existing formulas and experimental data, which are measured in terms of RMSE and R?,
1 ~ L i-9)?
RMSE = VMSE = ;Z?zl(yi - yl)z andR?> = 1 — m, (l)
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where n is the number of observations, ¥, is the predicted value of y;, and y is the mean
value of y;.

Observing Figure 3 and Table 2, a substantial number of outliers are evident, indicating a
weak correlation between the experimental values and the assessment results derived from the
seven formulas in Table 1. This discrepancy is expected, as each formula is constructed on a
limited dataset with a specific application scope. In this study, a dataset comprising 1010
specimens, inclusive of high and ultra-high strength concrete types, diverse bar diameters, and
varied machined surfaces, was utilized. This diversity leads to out-of-range results for many of
the proposed formulas. Most formulas in Table 1 yield an average value of less than 1,
suggesting an underestimation of the bond strength compared to experimental values. Notably,
the JSCE formula exhibits the smallest average value and standard deviation among the
formulas, with a substantial difference from the value of 1.0. This is attributed to the JSCE
formula primarily relying on concrete strength for bond strength calculation, neglecting other
influential parameters.

Table 2. Regression analysis results between calculated values of existing formulas and
experimental data.

Formulas R? RMSE
ACI 440 1R - 06 0.382 5.747
CSA S806 0.125 8.621
CSA S6 - 06 0.190 7.432
JSCE 0.181 12.963

FIB 0.100 8.865

In conclusion, the analysis results indicate limitations in the currently proposed formulas
in Table 1 when applied to evaluate the overall bond strength of FRP bars in concrete within a
complex and diverse dataset. Consequently, there is a pressing need for the development of a
more comprehensive model capable of considering the intricate influence of various parameters
across a broad spectrum.

4. PREDICTION MODELS FOR BOND STRENGTH OF FRP BARS IN
CONCRETE

4.1. Feature importance

Before constructing predictive models, an essential preliminary step involves evaluating
the importance of each feature within the dataset.

The chosen method for feature selection is the F-test, where the F-statistic is computed by
contrasting the variability between the means of distinct features against the variability within
each feature. Despite the relatively modest scores assigned to FRP type and block length, their
inclusion is deemed valuable. The outcomes indicate that even with a limited impact, these
variables still play a role in influencing bond strength. To underscore the holistic nature of the
prediction model, all 12 input variables have been retained for model development. This
comprehensive approach ensures that the model accounts for all potential contributors, thereby
enhancing its overall predictive capability.
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Figure 4. Feature selection results based on F-Test.

4.2. Multivariate linear regression model

MLR is a statistical modeling technique that enables the estimation of a dependent variable
by considering two or more independent variables associated with the dependent variable. The
form of the multivariate linear regression model is expressed as

Y=ﬁ0 +ﬁ1X1+ﬁ2X2+"'+ﬁpo+€, (1)

in which, Y is the dependent variable, S, is the intercept term, By, f,, ..., B, are the coefficients

of the independent variables X;, X,, ..., X;,, representing the strength and direction of their
influence on the dependent variable.

To assess the multivariate linear regression model, the experimental dataset incorporates
parameters such as bar type and polymer type, which are then digitized for thorough analysis
and evaluation of the model. Within this model, the input independent variables encompass
concrete compressive strength parameters, FRP reinforcement type, polymer resin type, bar
diameter, bar durability limit, concrete block size, bar embedded length in concrete, and the
ratio of bar embedded length and bar diameter. Moreover, the dependent variable in this context
is the bond strength parameter derived from the experimental data.

The resulting equation uses an MLR model from MATLAB software given as

BS = 2.3870 + 0.1128f. + 1.8008FRP +0.2946RE + 0.0235SF — 0.0322D,, — 2)
0.002003, + 0.0304E +0.0259BL — 0.0671BW; + 0.0909 — 0.0691L,; +

0.0171 %2,
Dp

where, f. represents the compressive strength of concrete (MPa), type of FRP bar (1: CFRP,
2: GFRP, and 3: BFRP), RE is type of polymeric resin (1: Vinylester, 2: Polyester, 3: Polyvinyl
chloride, and 4: Epoxy), SF is the type of surface treatment method (1 is HW, 2 is SC, 3 is HW
and SC), Dy, is the bar diameter, gy, is the durability limit of the bar (MPa), E is the elastic
modulus (GPa), BL, BW; , BW, are the concrete specimen sizes (mm), L, is the embedded
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length of FRP bar in concrete (mm), L;/D, is the ratio of bar embedded length and bar
diameter.
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Figure 5. Predicted results compared with experimental results according to the multivariate
regression model.

Figure 5 illustrates the accuracy of the MLR prediction results with the observed response
from the dataset. The R? coefficient is calculated to be 0.521 and an RMSE value of 4.712,
indicating a relatively low correlation. This might be attributed to the fact that the linear
regression model, as represented, does not capture the nuanced and complex influence of the
parameters on the bond strength between FRP bars and concrete. In essence, the current model
treats the effects of parameters as entirely independent variables. However, interactions
between parameters can manifest. For instance, the impact of bar diameter or the elastic
modulus of FRP bars may vary across different types of concrete, and the effect of FRP bar
burial length may differ for various test specimen sizes. Hence, there is a need for a more
intricate model that can account for these interrelationships.

4.3. Artificial neural network model
4.3.1. ANN architecture

The ANN is a sophisticated mathematical model for information processing, inspired by
the functioning of the biological nervous system, employing numerous interconnected neurons.
An ANN network can be conceptualized as a highly parallel and distributed structure for
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information processing. The performance of an ANN is contingent on various factors, including
the neural network architecture, the input and output characteristics of each neuron, the training
algorithm, and the learning data [61]. Consequently, the architecture of the neural network
stands out as a crucial determinant of the learning capacity of the ANN network. Typically, the
ANN architecture comprises three fundamental components: the input layer, hidden layer, and
output layer, as illustrated in Figure 6.

Similarly, 12 parameters of the dataset in Section 4.1 are selected as input layer neurons.
Only one node in the output layer is used to represent the bond strength between FRP
reinforcement and concrete. In addition, feedforward neural network (FFNN) and cascade-
forward neural network (CFNN) are deployed in this machine learning method. Among them,
FFNN is widely used owing to its simple architecture and is easy to train.

Based on this architecture, a MATLAB-based program is developed. For the activation
function, the hyperbolic tangent sigmoid function (tansig) is used. The Levenberg-Marquardt
backpropagation is used as a train function, the maximum number of epochs is set as 1000, the
performance function is MSE with a goal of 0, and the minimum gradient is 1.0x10’.
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Figure 6. ANN network architecture.

1. 7 \
/ \ /

4.3.2. Training and validation of ANN model

To construct a model for evaluating the bond strength of FRP bars in concrete, the dataset
comprising 1010 test specimens is partitioned into three subsets with a ratio of 0.70:0.15:0.15,
representing the training set, testing set, and validation set, respectively. Throughout the
development of the ANN model, exploration is conducted on the number of neurons in a hidden
layer and the number of hidden layers to ascertain the optimal ANN architecture that yields the
best results. To evaluate this, the RMSE and R? values are adopted.
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Table 3. Performance results of the parameter analysis.

Number No. of Trainin Validati Testi
Total neurons g alidation esting
la time (s)  hidden R?* RMSE R? RMSE R? RMSE
yers layer
1 66.0 20 0.905 2.124 0.920 1.758 0.887 2.315
FFNN 2 75.7 20 0900 2.135 0934 1.746 0.915  2.043
3 93.8 18 0907 2.066 0927 1.711 0.911 2.181
1 70.9 20 0.904 2.085 0933 1.811 0.890  2.280
CFNN 2 88.2 10 0913 1.995 0932 1.735 0.926 1.947
3 202.7 10 0901 2.140 0.940 1.503 0.932 1.916

The implementation of the ANN model to assess the bond strength between the FRP bar
and concrete involves training with both FFNN and CFNN. The architecture of these networks
is configured with varying numbers of hidden layers, specifically 1, 2, and 3 hidden layers.
Iterations are conducted for each case with the number of neurons in each hidden layer ranging
from 2 to 20. Performance results as well as the total training time for each case are documented
in Table 3. Examples of the performance comparison concerning the validation set of two
networks are shown in Figure 7. Since the total training times are not much different, the
validation of the models is mainly based on their performance measured by R? and RMSE. It
is observed that the optimal number of neurons in a hidden layer for the FFNN in the three cases
is determined to be 20, 20, and 18, respectively, while the CFNN has optimal neuron numbers
20, 10, and 10, respectively for 1, 2, and 3 hidden layers. It is noticed that the optimal network
architecture is chosen based on the performance measured by the validation and test sets.

451 1r

Optimal Rz\‘.
4+ =
09+ - N ;
35} - S A W <>
w 3r 0.8 )
() o~
= o —+— 1 hidden layer, FFNN
E28] , 07 —&—2 hidden layers, FFNN
5 \ 3 hidden layers, FFNN
—&8—1 hidden layer, CFNN
| 0.6 2 hidden layers, CFNN
’ P 3 hidden layers, CFNN
Optimal RMSE 05 '
2 4 6 8 10 12 14 16 18 20 2 4 6 8 10 12 14 16 18 20
Number of neurons per hidden layer Number of neurons per hidden layer
(@) R? value (b) RMSE value

Figure 7. Performance of the FFNN and CFNN models according to the number of hidden layers
and number of neurons per hidden layer.

Based on the insights gleaned from the analysis presented in Table 3, it becomes evident
that the FFNN model, characterized by two hidden layers, each housing 20 neurons, outshines
the others in performance metrics. It achieves the highest R? value and the smallest RMSE
value for both the validation and test sets, highlighted in bold, underscoring its superior
predictive accuracy. On the other side, the CFNN featuring the configurations of two and three
hidden layers, each with 10 neurons, also emerges as a strong performer. They yield notable R?
values more than 0.92 and RMSE values less than 1.95, showcasing commendable predictive
capabilities.
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The consistently elevated performance across both validation and test sets attests to the
robustness of the models, emphasizing their superiority when compared to the above MLR
model and the existing formulas in terms R? and RMSE. This underscores the efficacy and
reliability of the proposed models in predicting bond strength, making them a valuable
advancement in the field.

5. CONCLUSIONS

In this study, a large dataset comprising 1010 pull-out test specimens of FRP bars in
concrete considering various experimental parameters was collected from 32 studies with the
aims of evaluating existing formulas in the codes and developing more accurate models, based
on MLR and ANN models, for the bond strength of FRP bars in concrete. The findings from
the study are summarized as follows:

- The study results reveal a low correlation between the existing formulas and the extensive
experimental dataset collected. This is attributed to each formulation being constructed on a
limited dataset, whereas the dataset used in this study comprises 1010 specimens, encompassing
high and ultra-high strength concretes, diverse types of FRP bars, and various machined
surfaces. These factors contribute to out-of-range predictions in many of the proposed formulas.

- The multivariate linear regression model demonstrates relatively low accuracy in
predicting the bond strength of FRP bars in concrete. This inadequacy is attributed to the linear
regression model's failure to capture the complex interplay of parameters influencing the bond
strength between FRP bars and concrete.

- Two different ANN models were developed, FFNN and CFNN. A parametric study was
also conducted to achieve the optimal architecture of the models. It is concluded that both FFNN
and CFNN models yield high performance compared with the MLR model and the existing
formulas, featuring optimized architectures with 2 hidden layers with 20 neurons in each hidden
layer for the FFNN and 2 and 3 hidden layers with 10 neurons per hidden layer for the CFNN.

- It is a highlight that, when considering a broader range of applications, the ANN serves
as a robust tool for accurately predicting the bond strength of FRP bars in concrete, in
comparison to traditional formulas and linear regression models. This assessment approach
provides engineers with a convenient, high-precision tool for designs utilizing various forms of
FRP bars and diverse types of concrete in practical design scenarios.
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