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Abstract: Fiber-reinforced polymer (FRP) bars have recently been introduced to the market as an
alternative to steel for internal reinforcement for concrete construction exposed to situations that
could cause corrosion. The bond behavior of FRP bars varies from that of steel bars, mostly due to
variations in material properties and surface textures. Because of the unexpected nature of the crucial
FRP–concrete interfacial (FCI) bond strength, the bond strength between FRP bars and concrete
cannot be exactly determined. Numerous experimental investigations have been conducted with
related empirical models established in an attempt to resolve this problem. These models were found
to have a restricted capacity for generalization due to the small sample sizes of the experiments.
Therefore, a more powerful numerical technique capable of processing large data sets with all possible
parameters that may affect the relationship and considering the nonlinearity of data tendency is
needed. In this study, the artificial neural networks technique and adaptive neuro-fuzzy inference
system were utilized to predict the FRP–concrete bond behavior based on 238 data points collected
from different studies in the literature. The performance of the ANN and ANFIS models in predicting
the bonding strength was compared to other models published in the literature and codes. The results
showed that the ANN and ANFIS models gave higher prediction performance than other models,
with a slight advantage for the ANN model. For instance, the R-squared values of the proposed ANN
and ANFIS were 0.94 and 0.92, respectively, for 20 data points that were not used to develop the ANN
and ANFIS models. Based on the sensitivity analysis, the FRP diameter and compressive strength of
concrete were found to be the most effective parameters on the bond strength in both the ANN and
ANFIS models. In contrast, the bar position and surface texture had a lower importance index.

Keywords: adaptive neuro fuzzy inference system; artificial neural network; fiber-reinforced polymer
(FRP); bond strength; sensitivity analysis

1. Introduction

A fiber-reinforced polymer (FRP) is a composite material that consists of a resin matrix
reinforced with fibers. The fibers provide strength and load-bearing capacity, while the
matrix protects and joins the fibers together and transfers stress from fiber to fiber through
shear stresses. Three main types of fibers are used in construction: carbon, glass, and
aramid. The polymer is usually epoxy, vinyl ester, or polyester thermosetting plastic [1]. In
recent decades, FRP composites have been commonly used in structural applications to
strengthen existing structures and rehabilitate concrete structures due to their high tensile
strength, light weight, nonmagnetic electrical properties, resistance to corrosion, and ease
of application [2,3].

FRP can be attached to structures as a sheet or plate externally bonded from the
outside or as a thin, narrow strip glued into a groove on the member. Although it has been
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demonstrated that externally bonded FRP is useful for reinforcing and mending concrete
elements, debonding failure is a significant issue for externally bonded FRP repairing
materials [4]. Despite the advantages of FRP over steel reinforcement, a direct replacement
of FRP for the steel rebar is not possible or practical because of the differences in mechanical
and physical properties [1,5]. Reinforcing concrete structures with FRP bars has some
limitations, such as FRP being more expensive than steel and FRP behaving in a linear
elastic manner up to failure, which means it does not have a yield point [6]. The non-ductile
nature of FRP is particularly a concern in seismic strengthening applications. Moreover, the
debonding of FRP due to its non-isotropic characteristics and high-stress concentrations at
the concrete–FRP bond interface presents additional challenges [7].

The relatively lower debonding strength of FRP rebars to concrete is an obstacle
researchers have faced for its implementation as an alternative material to steel [8–11]. Con-
sequently, significant experimental studies were performed to determine the bond strength
between FRP rebars and concrete. The experiments involve testing beam and pullout
specimens using various types and sizes [12–14]. The results from the studies referenced
reveal numerous factors that influence bond behavior, including concrete compressive
strength, bond length, fiber type, fiber diameter, concrete cover, transverse reinforcement,
bar position, and surface forms of FRP rebar. These factors have been employed in devel-
oping fracture mechanics and empirical models to evaluate the bond strength of FRP and
concrete [15,16]. There are numerous studies in the literature that attempt to estimate the
FRP bars-to-concrete bond strength, but their accuracy is low and their basis is restricted
to small experimental data sets. A summary of available empirical formulas in the liter-
ature and various codes for FRP to concrete bond strength ( m) are presented in Table 1.
Most of these theoretical models are based on small data sets and only account for certain
parameters while neglecting others, limiting their applications. The bond’s behavior is
complicated and needs a more powerful numerical technique capable of processing large
data sets, with all possible parameters that may affect the relationship and considering the
nonlinearity of data tendency.

As computer technology develops, new strategies have been proposed for solving
engineering problems more efficiently and accurately. Two of them are artificial neural
networks (ANN) and adaptive neuro-fuzzy inference systems (ANFIS). ANN is based
on schematic procedures performed inside a computer system that mimics the human
nervous system [17]. The Takagi–Sugeno fuzzy inference approach is the basis for the
artificial neural network known as the ANFIS, which combines fuzzy logic with neural
networks [18]. Soft computing approaches (ANN and ANFIS) can perform prediction
models without wasting time and materials on laboratory tests and without conducting
sophisticated analyses. Furthermore, the model can be easily improved, retrained, and
updated with new data from recent studies to produce more accurate predictions.

Civil engineering is a complex discipline with several issues, much like other engineering
applications. It is rather challenging to analyze complex problems using conventional methods.
Thus, more and more applications connected to civil engineering are being modeled using
artificial intelligence methodologies. Over the last two decades, neural networks have been
used to solve many problems related to the analysis and design of structural engineering
systems. Adeli and Park used them [19] to predict the failure and maximum moments
of simply supported rectangular plates subjected to concentrated loads. Mukherjee and
Deshpande [20] used ANNs to provide an optimal design of rectangular reinforced concrete
beams considering cost and size parameters, whereas Jia and Davalos [21] used them to
study the fatigue behavior of bonded FRP–wood interfaces and to predict the crack growth
rate. ANNs have been used to predict the mechanical properties of building materials, such
as concrete’s compressive strength [22,23]. Barham et al. [24] used ANN and multivariate
regression to predict rock’s unconfined compressive strength (UCS).

Haj-Ali and Kim [25] proposed a non-linear ANN constitutive model for fiber-reinforced
polymeric (FRP) composites. Golafshani et al. [26] used a neural network with genetic
programming to predict the bond strength of GFRP bars in concrete. Mansouri and Kisi [27]
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have predicted the debonding strength for masonry elements retrofitted with FRP com-
posites using neuro-fuzzy and neural networks. Their results indicated that the ANN and
neuro-fuzzy models performed better than the other models. Refs. [28–30] used databases
from several previous experiments to create a novel artificial neural network (ANN) bond
strength prediction model for FRP-reinforced concrete. Ref. [31] presented and analyzed
a new empirical model for predicting the ultimate bond retention load between an FRP
plate/strip and a rigid concrete substrate. It is based on an artificial neural network
(ANN) approach applied to a large database with 368 accessible experimental findings.
The proposed formulation was found to be beneficial in terms of precision and accuracy.
Ref. [32] utilized the back propagation neural network (BPNN) technique to predict the
bond strength of the FRP-concrete interface considering the impacts of concrete compres-
sive strength, width, FRP elastic modulus, FRP thickness, FRP width, and FRP bond length.
Based on the trained ANN model, an explicit user-friendly formula was created.

One of the significant drawbacks of ANNs is the absence of an explanation for the
weight values that the model generates. Ref. [18] invented the ANFIS technique, which
is a hybrid of ANN and fuzzy logic (FL). The ANFIS uses the ANN’s learning algorithm
and fuzzy logic’s decision-making capacity. ANFIS is applicable to all sciences. By using
ANFIS’s fuzzy inference approach, ANN drawbacks can be avoided. The predictability
of ANFIS is dependent on the number of rules, the kind of membership function, and the
learning mechanism used.

Recently, ANFIS has been used to model non-linear and complicated behaviors for
many features of building materials in civil engineering. Using the ant colony optimization
(ACO) algorithm and fuzzy c-means (FCM) clustering method, a hybrid model was devel-
oped by [33] and integrated into the adaptive neuro-fuzzy inference system (ANFIS) to
predict the bond strength between fiber-reinforced polymer (FRP) sheets and the concrete
surface under direct tension. Ref. [34] used ANFIS to investigate the relationship between
concrete strength and mixing percentage. Ref. [35] used 935 data sets to create curve-fitting
(CF) and adaptive neuro-fuzzy inference system (ANFIS) models to forecast the FRP-CBS.
When the ANFIS model was compared to various analytical models and standard guide-
lines like ACI, TR-55 fib, CNR, and JCI, it fared better than the CF model. Ref. [36] studied
the applicability of using the ANFIS technique to predict the shear strength of RC beams
with steel stirrups. Nguyen et al. [37] presented ANFIS and particle swarm optimization
(PSO) algorithms to evaluate the FRP–concrete bond strength.

Table 1. Summary of the existing models for bond strength between FRP and concrete.

Model Reference Expression

ACI440.1R-06 [1] τ√
f ′c
= 0.33 + 0.025 c

db
+ 8.3 db

ld

CSA S806-06 [8] τ√
f ′c
= dcs

1.15(K1K2K3K4K5)πdb

Okelo and Yuan [38] τ = 14.7
√

f ′c
db

Lee et al. [39] τ = 3.3( f ′c)
0.3

Here, f′c = the compressive strength of concrete (MPa); c = the concrete cover (mm); db = the diameter of FRP bars
(mm); ld = the embedment length of FRP bar in concrete (mm); dcs = the smaller of two-thirds of the c-c spacing
between the bars being formed or the distance between the center of the developing bar and the closest concrete
surface (mm); K1 = bar location factor; K2 = concrete density factor; K3 = bar size factor; K4 = bar fiber factor; and
K5 = bar surface profile factor.

The parameters presented in Table 1 are described in Figure 1, below.
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The literature review reveals that several studies created empirical models for pre-
dicting the bond strength between FRP and concrete, but they relied on a small sample
size of data points or evaluated a small set of critical factors [38,39]. Hence, there have
been discrepancies in bond strength predictions and trend behaviors regarding the effect
of certain essential parameters. This work mainly focuses on utilizing ANN and ANFIS
to predict the bond strength of FRP bars using all possible factors that may affect FRP
bond strength. ANFIS and ANNs are used to build and test a model using 238 data points
collected from the technical literature. These points represent different ranges of experi-
mental data and are arranged in a six-input and one-target format. The developed models
were validated using twenty points from the data set that were not used in the model’s
construction. Furthermore, a parametric or sensitivity analysis was conducted on different
key parameters to detect their influence on the FRP–concrete bond strength.

2. Materials and Methods
2.1. Data Description

The data set used in this study consists of 238 input–output sets gathered from various
experimental research studies. The data mainly include the most critical parameters expected to
affect the FRP–concrete bond strength. Table 2 shows the input ranges by numbers and their
statistical parameters related to the collected data (where (a) Bar Position (1 = top, 2 = bottom);
(b) Bar Surface Type (1 = helical lugged, 2 = spiral wrapped, 3 = sand coated bar)).
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Table 2. Descriptive statistics of parameters.

Parameters Min. Max. Average Std.
Deviation Variance

Inputs

FRP Bar Position (a) 1 2 - - -

FRP Bar Surface Type (b) 1 3 - - -

Square root of concrete Compressive
Strength, (

√
fc′), MPa 4.84 8.08 5.93 0.62 0.38

Concrete cover to FRP bar diameter
ratio, (c/db) 1 9.34 3.07 1.5 2.26

FRP bar diameter to embedment
length ratio, (db/ld) 0.009 0.28 0.086 0.067 0.004

Transverse Reinforcement (Atr/sndb) 0 0.39 0.057 0.103 0.011

Output FRP bond strength (τ), MPa 0.802 25.5 8.15 5.18 26.82

There are six inputs to be considered, with one targeted output; ultimate bond strength,
as seen in Table 3. The data were divided into training data (218 points) and testing data
(20 points), randomly selected using Statistical Package for Social Sciences (SPSS) software
R2021a. The training process generally starts by dividing the training cases into two
matrices: inputs and targeted outputs. After separating the data, a normalization process
must be carried out to reduce the variance of the inputs and confine them to a small range
that the network can handle. A flow chart of the training process is shown in Figure 2.

Table 3. Sample data set.

No.

Inputs Output

Bar
Position

Bar
Surface

√
fc′

(MPa) c/db db/ld Atr/sndb
τm

(MPa)
Failure
Mode

1 2 1 5.57 3.44 0.10 0.082 10.61 Pullout

2 2 1 5.25 2 0.25 0 17.09 Pullout

3 1 1 6.26 2 0.063 0 5.20 Pullout

4 2 2 6.22 2 0.096 0 7.89 Splitting

5 2 1 5.56 2.6 0.099 0 7.28 Pullout

6 2 2 6.6 3 0.052 0 5.79 Splitting

7 1 1 6.37 2.4 0.052 0.022 2.78 Splitting

8 2 2 5.38 4.4 0.2 0.015 20.11 Pullout

9 2 3 6.56 2.52 0.016 0.026 4.71 Splitting

10 2 3 6.4 1.68 0.024 0.018 3.30 Splitting

Normalization is essential for proper network performance because it compresses all
the inputs from different types and ranges into a single range between 0 and 1, making the
network more stable in predicting and handling the outputs of different input values. In
this study, normalization is accomplished through the formula in the equation below:

zi =
xi − Min(x)

Max(x)− Min(x)

where zi is the normalized value of the input xi.
Min (x) and Max (x) are the minimum and maximum values for variables, respectively.
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2.2. Construction of Artificial Neural Networks

The input layer, the intermediate or hidden layer(s), and the output layer are the three
main components of the ANN design that may be separated based on their biological
foundation. The heart of the ANN is the “hidden layer”, whereas the “input layer” is a
vector of inputs. It is made up of many neurons. Each neuron performs mathematical
operations on the input to produce the output. Links connect these neurons so that they may
receive and deliver values. Each connection has a weight, determining how received values
differ from sending ones. The weight means the value that is multiplied by the carried value
before the result is passed to the next neuron. The weight value is changeable according to
the intended task; it is decided by learning and memorizing the task. The neuron weights
are design variables that may be changed in an ANN, which is an unrestricted optimization
problem. Another element that might improve the neural network’s performance is a bias
term built into each neuron in the hidden and output layers [40]. The backpropagation
algorithm is one of the most used in building ANN models. It is a supervised learning
algorithm for training multi-layer perceptron, and it looks for the minimum error function
in weight space using the gradient descent method [17].

Therefore, constructing suitable architecture is the key to succeeding in ANN modeling.
There are three primary steps in building a network, as outlined in the research:

1. Defining the problem’s input and output sets.
2. Training the network using the training sets to simulate the targeted task.
3. Checking the network’s performance before deciding whether to use it by testing data.

2.3. Construction of the Adaptive Neuro-Fuzzy Inference System (ANFIS)

The ANFIS is a soft computing technique that combines adaptive neural network (ANN)
rules and fuzzy logic (FL) theories within an adaptive network framework to make a logical
connection between inputs and outputs [41]. An optimization approach is used to determine
the parameters of the ANFIS during the training process, and there are two main optimization
approaches: hybrid and backpropagation algorithms. In the backpropagation method, all
parameters are evaluated only by the gradient descent method, whereas the hybrid training
method proposes parameters using the least square estimation (LSE) and gradient descent
(GD) methods. The ANFIS process includes five layers: the fuzzification layer, the ule layer, the
normalization layer, the defuzzification layer, and the summation layer. Each layer contains a
unique set of nodes (adaptive nodes) that can either represent a square for factors that can be
changed or a circle for factors that cannot, as shown in Figure 3.
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The current work used the MATLAB MathWorks tool (https://www.mathworks.com/
products/matlab.html, accessed on 16 January 2024) for neuro-fuzzy design to build and
test the ANFIS model. The subtraction clustering technique was chosen to generate the
fuzzy inference system. A hybrid learning technique was used for training, which chooses
the type and number of membership functions alone. A trial-and-error method was used
to find the best ANFIS architecture.

3. Results and Discussion
3.1. Development of the ANN Model

In this study, a backpropagation feed-forward neural network is determined to be the
best form of network for input–output fitting issues. A Levenberg–Marquardt optimization-
based Bayesian regularization method was utilized to adjust the weight and bias values
for training. The network with the lowest MSE and highest R-value was determined to be
the optimum ANN design after a process of trial and error. The final network considered,
shown in Figure 4, consists of one input layer with six input parameters, one hidden layer
with fourteen neurons, and one output layer for a single targeted output. A logistic sigmoid
function was considered as an activation function in the hidden layer and a hyperbolic
tangent sigmoid function for the output layer.
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Figure 5 shows the convergence of the network into a solution at epoch 495, consider-
ing the 1000 epochs used to produce the network. As shown, the Mean Square Error (MSE)
for training data was found to be 3.4 × 10−3, whereas that for testing data was 1.2 × 10−3.
For the first few epochs, the ANN converged quite rapidly before remaining flat with a
minimal change in the MSE. Figure 6 illustrates the fitting and predicting of the network’s
performance utilizing the training and test data, with correlation factors (R) of around
0.96 and 0.93, respectively. The overall correlation was about 0.95 when both training and
testing data were fit against real values. Figure 7 shows the validation carried out using
the 20 experimental points not used in training. The figure illustrates high accuracy with a
correlation (R) equal to 0.937.
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3.2. Development of the ANFIS Model

The current work uses the subtraction clustering technique to generate the fuzzy inference
system. A hybrid learning technique was used for training, which chooses the type and num-
ber of membership functions alone and combines the least-squares method and gradient de-
scent to determine a feasible set of subsequent and antecedent parameters. This rapid learning
strategy was used to create the ANFIS model in the current prediction work, together with the
Fuzzy Logic Toolbox and MATLAB (https://www.mathworks.com/products/matlab.html,
accessed on 16 January 2024). A trial-and-error method was used to find the best ANFIS
architecture. The model with the lowest RMSE was chosen, with 217 membership func-
tions, as shown in Figure 8. During the training process, 10 epochs were used to produce
the smallest error possible. According to the training results, the model obtains the small-
est error possible after 3 epochs, and 10 epochs confirm the final probable convergence.
Figures 9 and 10 compare the projected FRP bond strength from training and testing data with
the actual FRP bond strength values. Both figures show that the ANFIS model closely predicts
the bond strength of FRP. The correlation for training data is 0.97, and for the 20 testing data
points is 0.92 percent, whereas the expected values and experimental values are quite close
based on the training error size. According to the analysis of results, most test findings align
with projected values.
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3.3. Comparison by Validation Points

A comparison between ANN and ANFIS models and the previous literature models [1,7,37,38]
after the ANN and ANFIS models had been developed and validated by testing points is
discussed in this section. The prediction capabilities, MSE and R-squared, of the proposed
ANN and ANFIS were compared to those of the other published analytical models, using
the 20 testing points that were not used to develop the models.

Table 4 and Figure 11 illustrate that the ANN and ANFIS have the lowest MSE and
highest R-squared values. The previous models have been suggested to explain the bonding
behavior of FRP rebars in concrete based on small data sets and only account for certain
parameters while neglecting others or are based on specific experimental coefficients. In
contrast, the proposed models can fully simulate the bond’s behavior while accounting
for all critical factors that cannot be accommodated in a single available practical model.
On the other hand, soft computing approaches (ANN and ANFIS) can perform prediction
models without wasting time and materials on laboratory tests and without conducting
sophisticated analyses. Furthermore, the model can be easily improved, retrained, and
updated with new data from recent studies to produce more accurate predictions.
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Table 4. Comparison of validation data.

Model
Lee et al. Okelo and

Yuan CSA-S6-06 ACI 440.1
R-06 ANFIS ANN

[39] [38] [42] [1]

MSE 23.86 8.9 10.77 2.8 1.15 0.68
R2 0.007 0.26 0.33 0.76 0.92 0.94Buildings 2024, 14, x FOR PEER REVIEW 12 of 21 
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3.4. Comparisons for a Typical Reference Data Set

Predictions of bond strength from the proposed ANN and ANFIS models are compared
to those from different models in the literature using a typical reference data set. It is
beneficial to see how the bond strength outputs change as a function of a single varying
input when all the others are fixed. Table 4 displays typical reference data that was used
for bond strength predictions.

These values fall inside the experimental database’s ranges. Other parameters were
maintained at a constant to produce bond strength while considering the spectrum of one
particular parameter, except for situations when two or more parameters are connected.
Figures 12–18 show the relationships between bond strength and input parameters obtained
from the proposed models and literature equations. The following is a detailed discussion
of the trend behavior of ultimate bond strength versus some key parameters.
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3.4.1. Compressive Strength of Concrete

Several published studies investigated the effect of concrete compressive strength
on the strength of the FRP–concrete bond. In this situation, Quayyum [43] noticed that
when the strength of the concrete increases, the bond strength also increases, which makes
it less likely that the reinforcement will slip. According to Baena et al. [44], changes in
the compressive strength of the concrete cause a shift in the failure mode. In addition,
ACI 440.1R-06 [1], CSA S6-06 [42], Okelo and Yuan [38], and Lee et al. [39] stated that the
bond strength of FRP increases as the compressive strength of concrete increases. Figure 12
shows that the ANFIS model’s estimates are much more in line with the results found in
the literature. The estimated results from the ANN model have small validation values
(MSE and R2) that prove that ANN was able to capture the complex behavior of the bond
strength between FPR bars and concrete.

3.4.2. FRP Bar Diameter

Many studies have shown that the bar diameter significantly affects the bonding
performance of FRP bars to concrete [41,43]. Previous studies indicate that bar diameter
affects the bond strength of FRP bars in the same way that it affects the bonding strength
of steel bars, i.e., the bond strength increases as the diameter of the bar decreases. Many
researchers have pointed out that bleeding water accumulates beneath the bar as the
diameter increases. As a result, there is a greater chance of voids forming around the bar
during curing, leading to a reduced contact area between the concrete and the rebar [13].
As shown in Figure 13, the ANFIS and ANN plots show that the bond strength decreases
as the bar diameter increases. Also, Okelo and Yuan [38] and the CSA-S6-06 [42] equations
indicate that bond strength decreases for larger diameters. In contrast, as seen in the ACI
440.1R-06 [1] plot, bond strength improves as the bar diameter rises.

3.4.3. Concrete Cover

Another critical factor affecting bond behavior and the failure mode is the concrete
cover, which confines the rebars and therefore improves the bond strength [45]. The
splitting capacity of peripheral concrete around the bar increases as the concrete cover
thickness increases, thereby maximizing the bond. Aly et al. [46] found that the bond
strength improved by 27% when the concrete cover dimension rose from one to four
bar diameters. Okelo and Yuan [38] state that mechanical interlocking forces also rise
when cover thickness increases, improving the bond strength between concrete and FRP
reinforcement. As shown in Figure 14, the CSA S6-06 [42] noticeably captures the increase
in the bond strength of FRP as the concrete cover increases. However, the equations in ACI
440.1 R-06 [1] result in a minimal increase in bond strength with the increased concrete cover.
The trends of the outputs from the ANN and ANFIS models are evident in Figure 14. There
is a direct correlation between the cover size and FRP–concrete bond strength, consistent
with the literature results.

3.4.4. Embedment Length of FRP

Figure 15 depicts the relationship between bond strength and embedment length.
Similar to previous investigations [16,47], the experiments demonstrate that bond strength
diminishes as embedment length increases. This is attributable primarily to the non-linear
distribution of the bond stress along the reinforcing bar, as shown schematically in an
inserted plot in Figure 15. As the embedment length increases, the stress is unequally
distributed across a longer length, reducing the average bond stress. The specimens
with an embedment length of 2.5 db developed the highest bond strength, whereas after
Ld = 200 the curves became a plateau for all models. The ANN and ANFIS models reflect
a positive impact of increasing the bond width ratio, supporting and consistent with the
predictions by ACI 440.1R-06 [1].
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3.4.5. Transverse Reinforcement

The transverse rebar stitches surfaces may potentially split together and increase
the concrete’s confinement around the rebar. Several studies have demonstrated that
transverse reinforcement significantly increases the bond strength of the steel bars. As
the bond strength increases with the addition of transverse reinforcement, the failure
mode converts from splitting to pullout [8,47]. Quayyum [7] showed that transverse
reinforcement enhanced the bond strength by about 10–15%. The ANN and ANFIS models
demonstrated that transverse reinforcement enhances the FRP-to-concrete bond strength,
as shown in Figure 16. This parameter is not considered in the equations provided in the
current standards and previous research [1,6,38,39]

3.4.6. Bar Cast Position

Based on the previous findings of [14], top-cast bars had a bond strength of roughly
66% less than bottom-cast bars. When concrete is poured, air, water, and small particles
rise through it and become trapped beneath the rebar as it hardens. As a result of this
phenomenon, the bond strength of top-cast bars decreases significantly. The ACI guide [1]
proposed a modification factor for the top bar cast position of 1.3 based on Tighiouart
et al.’s results [12]. Wambeke and Shield [48] revised this modification factor, which is now
1.5 in ACI 440.1R-06 [1] for top-cast bars and 1.3 in CSA S806-02 [42]. In Figure 17, the
ANN and ANFIS model outputs matched code values and previous observations. All have
greater FRP bond strength at the bottom than at the top.

3.4.7. FRP Bar Surface Texture Type

Deformed bars are preferred over plain bars because the roughness of the rebar surface
improves concrete–FRP bonding. The effect of FRP bar texture on the development length
is considered by using varying adjustment factors for different types in CSA S806-12 [49]
(1.0 for rough, sand-coated, or braided surfaces; 1.05 for the spiral pattern or ribbed surfaces;
and 1.8 for indented surfaces). ACI 440.1R-06 [1] ignores the rebar surface texture type.
Ref. [48] suggested that FRP texture type did not affect the concrete bond strength. Baena
et al. [44] pulled out 88 FRP bars and found that the rebar surface texture does not make a
difference to the bond strength when the FRP bar fails. Figure 18 shows the FRP–concrete
bond strength variation corresponding to the rebar texture type. It was observed that
the output of the ANFIS model is not affected by texture type, while ANN showed that
spiral-wrapped and helical-lugged have the same value, which agrees with the CSA code,
which gives them the same modification factors.

4. Sensitivity Analysis of the ANN and ANFIS Models
4.1. Sensitivity Analysis of the ANN Model using Garson’s Formula

A parametric or sensitivity analysis is carried out to identify each critical parameter’s
unique impact on the bond strength using the relative importance (RI) factor. Garson’s
approach [50], which depends on the weights from the input layer to the hidden nodes in
the hidden layer to the output layer, is utilized for this purpose. These variables are then
used to calculate the proportion of the output prediction related to each input variable.
When there is only one layer of hidden units, the equation is as follows:

RIx=
m

∑
y=1

∣∣WxyWyz
∣∣

∑m
y=1

∣∣WxyWyz
∣∣

where Wxy is the weight between the input neuron and the hidden unit, Wyz is the weight
between the hidden unit and the output neuron, m is the total number of hidden neural
nodes, and z is the output neuron. It is important to note that this technique calculates
variable contributions using the absolute values of the final connection weights.

It is clear from Figure 19 and Table 5 that the key factors, such as concrete compressive
strength and diameter-to-embedment length ratio, significantly impact the bond strength.
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In contrast, other parameters, such as the bar position and surface texture, have a lower
importance index, which is consistent with published literature equations [1,38,39,42].
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Table 5. Typical reference data.

Parameter Value

FRP bar position 2

FRP bar surface type 1

Square root of concrete compressive strength, (
√

fc′) 5.48

Concrete cover to FRP diameter ratio, (c/db) 4

FRP diameter to embedment length ratio, (db/ld) 0.1

Transverse reinforcement (Atr/sndb) 0

4.2. Sensitivity Analysis of the ANFIS Model

A similar analysis was conducted for the ANFIS model to determine which input
parameter significantly impacts the output. The root-mean-square error (RMSE) is used to
determine which parameters are most likely to affect the bond strength. The low values
of the RMSE indicate that the ANFIS model is more accurate in predicting the output [51].
Therefore, the input parameter with the lowest RMSE influences the output parameter the
most, as shown in Figure 20.
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Comparing the RMSE values in Tables 6 and 7 shows that the FRP bar diameter and
compressive strength of concrete are the most influential parameters on the bond strength
between frp bars and concrete for both the ANN and ANFIS models which is consistent
with the sensitivity analysis from previous analytical models [1,38,39,42].

Table 6. Relative importance using Garson’s method.

Variable Bar
Position

Bar
Surface

√
fc′ c/db db/Ld Atr/(sndb)

RI (%) 9.95 15.58 17.11 16.979 24.47 15.91
Rank 6 5 2 3 1 4

Table 7. RMSE values in the testing and training ANFIS models.

Variable Bar
Position

Bar
Surface

√
fc′ c/db db/Ld Atr/(sndb)

RMSE Training 0.213 0.212 0.1256 0.142 0.0984 0.175
RMSE Testing 0.156 0.156 0.156 0.156 0.156 0.156

Rank 6 5 2 3 1 4

5. Conclusions

This work aims to predict the bond strength between FRP composites and concrete
utilizing ANN and ANFIS modeling capabilities. The models considered the various
parameters that may control bond behavior while employing 238 experimental data points
in the training and testing of the program. The database was collected from bond test
results that had accumulated over the past twenty years or so. MATLAB software was used
to build, train, and test the network with one target output and six input variables. Then, a
comparison was made between the machine learning methods (ANN and ANFIS) and the
equations of two different international FRP-reinforced concrete codes, ACI 440.1R-06 [1]
and CSA S6-06 [42], as well as previous equations from the literature (Okelo and Yuan [38],
Lee et al. [39]). The conclusions of the study are summarized below:

1. Forecasting the bond strength of FRP bars is difficult since it is affected by many
variables. The ANN and ANFIS models were shown to be robust computational
techniques that can handle large databases, a wide range of essential parameters, and
the nonlinearity of variables.

2. The network’s fitting and prediction capabilities were evaluated using training and test
data representing approximately 90% and 10% of the total database, respectively. The
correlation coefficients (R) were determined to be 0.96 and 0.93 for the two techniques.
When both training and testing data were fitted against actual experimental values,
the overall correlation was 0.937.

3. Within the first few epochs, the ANN converged rapidly, and the mean square error
(MSE) mainly remained flat, determined to be 3.4 × 10−3 for training data and
1.2 × 10−3 for testing data.

4. Similar to ANN, the ANFIS model was constructed using training data and subse-
quently validated using testing data. The root mean square error (RMSE) was found
to be 0.036 for training data and 0.0615 for testing data, while the correlation factor
was determined to be 0.97 and 0.92 for training and testing data, respectively.

5. The sensitivity analysis conducted for the ANN and ANFIS models indicated that the
FRP db/Ld and compressive strength of concrete are the most important parameters
for evaluating the bond strength of FRP.

6. The ANN and ANFIS models give greater FRP bond strength for the bottom bars than
the top bars, matching the recommendations in the standards and observations in
previous studies.

7. The results demonstrate that FRP bond strength diminishes as embedment length increases.
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8. The rate of increase in bond strength reduces as the concrete cover increases.
A minimum thickness is always required when using fiber and steel reinforcements
in concrete pours.

9. The ANN model discovered that when transverse reinforcement increases, bond
strength increases.
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