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Abstract: The current study offers a data-driven methodology to predict the ultimate strain and
compressive strength of concrete reinforced by aramid FRP wraps. An experimental database was
collected from the literature, on which seven different machine learning (ML) models were trained.
The diameter and length of the cylindrical specimens, the compressive strength of unconfined
concrete, the thickness, elasticity modulus and ultimate tensile strength of the FRP wrap were used
as the input features of the machine learning models, to predict the ultimate strength and strain of
the specimens. The experimental dataset was further enhanced with synthetic data using the tabular
generative adversarial network (TGAN) approach. The machine learning models’ performances
were compared to the predictions of the existing strain capacity and compressive strength prediction
equations for aramid FRP-confined concrete. The accuracy of the predictive models was measured
using state-of-the-art statistical metrics such as the coefficient of determination, mean absolute error
and root mean squared error. On average, the machine learning models were found to perform
better than the available equations in the literature. In particular, the extra trees regressor, XGBoost
and K-nearest neighbors algorithms performed significantly better than the remaining algorithms,
with R2 scores greater than 0.98. Furthermore, the SHapley Additive exPlanations (SHAP) method
and individual conditional expectation (ICE) plots were used to visualize the effects of various
input parameters on the predicted ultimate strain and strength values. The unconfined compressive
strength of concrete and the ultimate tensile strength of the FRP wrap were found to have the greatest
impact on the machine learning model outputs.

Keywords: aramid fiber reinforced polymers; machine learning; compressive strength; concrete
confinement; XGBoost; SHAP; TGAN

1. Introduction

Concrete confinement using fiber-reinforced polymer (FRP) jackets is widely applied
in structural retrofitting. FRP confinement can strengthen reinforced concrete columns
by increasing the axial load carrying capacity, the shear and flexural strengths and the
performance under seismic loads [1]. Their resistance to corrosion, light weight and ease
of construction are further benefits of using FRP materials instead of concrete or steel
jackets [2]. As reinforcement materials, carbon fibers are mostly used. However, carbon
fibers are known to have less ductility compared to materials such as steel or glass. Aramid
fiber reinforcement has attracted attention in recent years, due to its favorable combi-
nation of ductility and strength. It is reported that aramid fibers have better strength
properties than glass fibers and better ductility than carbon fibers [3]. The performance
of FRP-wrapped concrete columns and composite structures in general, such as lami-
nated composite plates, has been extensively studied under various loading conditions.
Shih et al. [4] investigated the application of aramid fiber-reinforced polymers (AFRP) in
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soft body armor systems. The impact resistance, energy absorption and deformation prop-
erties of these systems have been tested using ballistics tests. It was reported that polyurea
elastomer processing of Kevlar plates reduces the weight and thickness of multilayered
soft body armors and improves the impact resistance. Alkhatib et al. [5] compared the
performances of Kevlar, date palm, carbon, and hybrid fibers used in armor plates in
terms of energy absorption with finite element analysis. The hybrid composite plates were
found to perform best in terms of energy absorption. The usage of shear thickening fluid
impregnation to enhance the penetration resistance of AFRP armor plates was proposed by
Lee et al. [6]. The addition of shear thickening fluid was shown to improve the flexibility,
reduce the thickness and enhance the impact resistance of the armor plates. Wang et al. [7]
tested the impact resistance, flexibility and single yarn pull-out resistance of aramid fabrics
impregnated with shear thickening fluid and adhesive polyurethane. The aramid fabrics
impregnated with both shear thickening fluid and polyurethane were shown to perform
better in terms of impact resistance. Another study with hybrid composites was carried
out by Meliande et al. [8], who demonstrated the application of natural curaua fibers, in
combination with aramid fibers in laminated composite plates. Increasing the number of
curaua-reinforced layers was shown to reduce the flexural strength, energy absorption, and
stiffness. Fiber-reinforced polymers have also found applications in the area of pile splicing.
Khedmatgozar Dolati and Mehrabi [9,10] implemented FRP materials in the splicing of
prestressed precast concrete piles. A new FRP-based splicing method has been proposed as
an economical and corrosion-resistant splicing technique which satisfies the established
design requirements.

The application of FRP wraps to increase the load-carrying capacity of reinforced
concrete structures has certain advantages, such as corrosion resistance, a light weight, high
stiffness and easy adaptability to the shape of the structure [11]. Choi et al. [12] investigated
the effect of using FRP wire wraps on the structural behavior of concrete. The application of
FRP wire wraps was found to increase the peak strength and reduce volumetric expansion.
Iacobucci et al. [13] carried out experiments with full scale reinforced concrete columns
with insufficient transverse steel reinforcement, retrofitted with carbon fiber- and glass
fiber-reinforced polymer wraps. The specimens were tested under lateral cyclic loading.
During cyclic loading, it was observed that adding more FRP layers enhances the stiffness
and strength. It was also shown that deficient columns properly retrofitted with CFRP can
perform better than sufficiently reinforced columns without CFRP wraps. Yang et al. [14]
tested AFRP-confined concrete specimens under high strain rate compression. The effect of
changing the confinement layer thicknesses was also investigated. The AFRP confinement
was shown to improve the dynamic strength, ultimate strain and impact resistance of
the tested specimens. Xie et al. [15] conducted axial compression experiments on square
reinforced concrete columns confined with basalt FRP wraps. The basalt–FRP confinement
was shown to improve the compressive strength and ductility.

It is known that FRP wraps have greater effectiveness in circular columns compared
to rectangular columns. In rectangular columns, the effectiveness of confinement is limited
to the areas surrounding the corners [2]. Sharma et al. [16] investigated the effect of
changing the corner radius on the structural behavior of rectangular columns confined
with glass fiber-reinforced polymer (GFRP) wraps. It was concluded that columns with a
corner radius equal to concrete cover have better results, in terms of axial load carrying
capacity, compared to columns with a corner radius less than the concrete cover. Due to
the differences in the confinement of rectangular and circular columns, different sets of
equations have been proposed in the literature for the prediction of the compressive strength
and ultimate strain of FRP-wrapped columns with circular and rectangular cross-sections.
Some of these equations do not distinguish between different fiber materials [17–20],
whereas others are developed specifically for FRP wraps made of aramid fibers [21–24].

In recent years, machine learning techniques have been increasingly applied in the
field of predicting the mechanical properties of concrete structures. In particular, the
effects of different ingredients such as fly ash, silica, or ceramic waste powder on the com-
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pressive strength of concrete have been investigated, using techniques such as ensemble
machine learning, artificial neural networks and gene expression programming [25–27].
Ahmad et al. [28] investigated fly ash-based geopolymer concrete with respect to its com-
pressive strength using the AdaBoost, bagging regressor and decision tree algorithms. The
bagging regressor was found to be the most accurate among these algorithms in predicting
the compressive strength. Shang et al. [29] used decision tree and AdaBoost algorithms to
predict the compressive strength and splitting tensile strength of recycled coarse aggregate-
based concrete. A coefficient of determination of 0.95 could be achieved from the AdaBoost
algorithm. The applicability of the gene expression programming algorithm in compressive
strength prediction was shown by Ahmad et al. [30] and Farooq et al. [31] for recycled
aggregate concrete and high strength concrete, respectively. The splitting tensile strength
of recycled aggregate-based concrete was also investigated by Amin et al. [32]. Decision
tree, random forest and artificial neural network techniques were applied. It was shown
that the random forest algorithm outperformed the decision tree and artificial neural
network algorithms.

In this study, the performances of the equations from the literature developed for
aramid fiber-reinforced polymer (AFRP)-wrapped circular columns were compared to the
predictions of the machine learning (ML) algorithms. A dataset of 225 samples with circular
cross-sections was collected from the literature [3,21,22,24,33–49] which can be found in
Supplementary Materials (under the GitHub link https://github.com/ccakiroglu/AFRP
(accessed on 27 October 2023)). A 159-sample subset of this dataset was used for the
training of ML models for the prediction of ultimate strain. The experimental datasets were
further enhanced using the tabular generative adversarial network (TGAN) methodology.
It was shown that the currently available predictive equations in the literature can be
significantly inaccurate when applied to new datasets. As an alternative approach to
predictive equations, ML models were presented as a means of making accurate predictions
about structural behavior. The impacts of different input features on the model predictions
were quantified using the SHapley Additive exPlanations (SHAP) method, and the input
features were ranked according to their impacts on the model predictions. Furthermore,
the changes in the model predictions, with respect to the most impactful input features,
were visualized using individual conditional expectation (ICE) plots. Due to the favorable
mechanical properties of aramid fiber-reinforced polymers (AFRP), these materials are
finding applications in various areas of structural engineering. Therefore, the availability of
reliable and accurate prediction methods for the mechanical properties of AFRP-confined
concrete structures is crucial.

The current study presents a novel approach to predicting structural behavior, with
the help of explainable ensemble ML models. The effect of different parameters on the
mechanical behavior of AFRP-confined concrete is visualized using the SHAP algorithm.
Furthermore, an alternative approach is proposed for generating large synthetic datasets,
which could be utilized to train predictive models. The study is distinctive in that it aims to
prepare big datasets, with the help of tabular generative adversarial networks, for appli-
cations in the prediction of the mechanical properties of composite materials. In the case
of FRP wraps, the identification of mechanical properties necessitates costly experimental
procedures or finite element modelling. Therefore, generative machine learning techniques
present a valuable alternative to these traditional techniques for generating large datasets.
The availability of large datasets is vital for the application of ML techniques. Therefore, the
study makes a significant contribution towards the adoption of ML techniques in modelling
engineering systems.

2. Predictive Equations and Machine Learning Models
2.1. Predictive Equations for the Compressive Strength and Ultimate Strain

For circular columns wrapped with an AFRP jacket, the following equations in
Tables 1 and 2 provide a list of some of the available predictive equations for the prediction
of confined compressive strength and ultimate strain, respectively.

https://github.com/ccakiroglu/AFRP
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Table 1. Equations for the predictions of the compressive strength fcc.

Model Reference

fcc = fco + 6.4 fftf
D Wu et al. [21]

fcc = fco

 (
1+5.54 2fftf

Dfco

)
√

1+ L−D
353

(
1−1.49 2fftf

Dfco

)
 Wang and Wu [22]

fcc = fco

(
1 + 1.2

(
2fftf
Dfco

)1.25( 2Eftf
Dfco

)0.37
)

Djafar-Henni and Kassoul [23]

fcc = fco + 6.2 fftf
D Lobo et al. [24]

Table 2. Equations for the predictions of the ultimate strain εcu.

Model Reference

εcu = εco

(
1 + 19 fftf

Dfco

)
Wu et al. [21]

εcu = εco + 0.152 fftf
Dfco

Lobo et al. [24]

In Table 1, fco, fcc, ff, tf, Ef, and D stand for the unconfined compressive strength, con-
fined compressive strength, the ultimate tensile strength of AFRP, the total thickness of the
AFRP jacket, the elastic modulus of AFRP and the diameter of the specimens, respectively.
In the case of confined ultimate strain prediction, the equations in Table 2 were investigated,
where εcu and εco stand for the ultimate strain of confined concrete and the axial strain
of unconfined concrete at fco, respectively. For the equations in Tables 1 and 2, the units
of the stress variables fco, fcc, ff and the elastic modulus Ef are in MPa, while the length
parameters tf and D use the unit of mm.

2.2. Training of the Machine Learning Models

The datasets used to train the machine learning (ML) models include both synthetic
and real data points. Due to the differences in the availability of data points for strain
and stress prediction, different datasets were used as the base dataset for the generation
of synthetic data points. The base dataset for the confined compressive strength model
consists of 225 data points whereas the base dataset for the ultimate strain prediction
consists of 159 data points. The datasets contain information about the unconfined concrete
strength (fco), diameter of the circular column being tested (d), height of the column (L),
ultimate tensile strength of the AFRP material (ff), elastic modulus of the AFRP (Ef), and
the thickness of the AFRP jacket (tf) as input variables. The confined compressive strength
(fcc) and the ultimate strain of confined concrete (εcu) are the output variables predicted by
the ML models.

Figure 1 shows the Pearson correlation between all the input features and the com-
pressive strength of the confined concrete (fcc). The Pearson correlation values between the
variables are shown inside the boxes in the upper right triangle of the correlation diagram.
Equation (1) illustrates the calculation of the Pearson correlation values (rxy), where x and y
denote two variables. An rxy value close to 1 denotes strong linear proportionality between
two variables, whereas an rxy value close to −1 denotes strong inverse proportionality
between two variables.

In the upper right triangular part of the diagram, the number of stars denotes the
strength of correlation between two variables. The frequency distribution histogram of
each variable is shown in the diagonal of the diagram. The lower left triangular part of
the correlation diagram displays the bivariate scatter plots of the variables with regression
lines. According to Figure 1, the strongest correlation in the dataset between any two
variables can be observed between the confined compressive strength of concrete (fcc) and
the unconfined compressive strength of concrete (fco), with an rxy value of 0.24. The second
strongest correlation is between the AFRP elastic modulus (Ef) and the ultimate tensile
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strength of AFRP (ff). On the other hand, there is a relatively strong inverse proportionality
between the AFRP elastic modulus (Ef) and the total thickness of the AFRP jacket (tf).

rxy =
n∑n

i=1 xiyi −∑n
i=1 xi∑n

i=1 yi√
n∑n

i=1 x2
i − (∑n

i=1 xi)
2
√

n∑n
i=1 y2

i − (∑n
i=1 yi)

2
(1)
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Figure 1. Correlation plot of the features.

The statistical properties of the input and output variables are listed in Table 3. A visual
representation of the input and output feature ranges in the database are displayed in
Figure 2. Each feature was separated into four subranges, such that the lower and upper
bounds of a subrange correspond to a quarter of the entire range of a feature. Furthermore,
the size of each subgroup in the horizontal direction is in proportion to the number of
data samples belonging to that subgroup. The number of data points in every subgroup
is written inside the horizontal bar of that subgroup. The lower and upper bounds of the
groups are written above their boundaries. According to Figure 2, the unconfined (fco) and
confined ( fcc) compressive strength values of concrete were relatively evenly distributed.
On the other hand, in the case of the AFRP wrap thickness (tf), the thickness value was less
than 1.4 mm in 84% of the entire dataset. Also, in the case of the AFRP elasticity modulus
(Ef), 82% of the data samples had an elasticity modulus greater than 71.1 GPa. The lengths
of the specimens were less than 457 mm in 75% of the samples and less than 610 mm in
85% of the samples. Due to missing data, the enhanced dataset for the prediction of the
ultimate confined concrete strain (εcu) consisted of 477 samples, whereas the models for
the prediction of fcc were trained on a dataset consisting of 675 samples. In both datasets,
the number of synthetically generated data points was twice as big as the number of real
data points.
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Table 3. Statistical properties of the input and output variables.

Variable Min. Max. Mean Standard Dev. Skewness Kurtosis

fco [MPa] 18.9 119.3 67.55 29.24 0.191 −1.344
d [mm] 70 200 130.9 40.07 0.118 −1.062
L [mm] 152 762 368.3 190.3 1.124 −0.055
ff [MPa] 230 3732 2318 859.8 −0.934 0.513
Ef [GPa] 13.6 128.5 101.5 32.35 −1.575 1.222
tf [mm] 0.057 5.21 0.919 1.115 2.252 4.613

fcc [MPa] 35.16 244.6 114.3 49.20 0.601 −0.373
εcu [%] 0.24 4.78 1.924 1.016 0.328 −0.645
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2.3. Machine Learning Methodologies

A brief theoretical overview of the machine learning models used to predict the
compressive strength and ultimate tensile strain of AFRP-confined concrete is given in
this section. A novel approach was proposed for generating large datasets, using tabular
generative adversarial networks (TGAN), which is explained in Section 2.3.2. In order to
quantify the impacts of different input features on the machine learning model output, the
SHapley Additive exPlanations (SHAP) approach was employed. The SHAP algorithm is
introduced in Section 2.3.3. A flowchart of the entire machine learning model generation
process is given in Figure 3.
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2.3.1. Gradient Boosting Methods

Gradient boosting algorithms, such as XGBoost, CatBoost, LightGBM and extra trees
regressor, are based on the combination of individual decision tree predictions to generate
a strong learning algorithm. The algorithms produce a sequence of decision trees, with the
goal of every new decision tree being a correction for the prediction errors made by the
preceding decision trees. The combination of decision tree predictions to generate a strong
learner is described in Equation (2), where x is a data point, N is the predictive model’s
total number of decision trees, fi(x) is the prediction of an individual decision tree with
index i and f(x) = ŷ is the model output:

ŷ = f(x) =
N

∑
i=1

fi(x) (2)

L =
n

∑
k=1

d(ŷk, yk) (3)

During each tree iteration, the gradient boosting method aims to minimize the loss
function L, given in Equation (3), where d is a function measuring the distance between
the target value yk and the prediction ŷk and n is the total number of data points in the
training set.

2.3.2. Tabular Generative Adversarial Networks (TGAN)

The availability of large and high-quality datasets is necessary for the use of machine
learning techniques in the area of engineering systems modeling. However, the generation
of statistically significant amounts of data points using traditional experimental methods
can be a costly process. Generative adversarial networks (GANs) have been proposed
recently as an alternative approach for generating large synthetic datasets on which state-
of-the-art ML models can be trained [50,51]. GANs consist of two components called the
generative model and the discriminator model. These two components are trained at
the same time, whereby the generative model constantly generates data samples which
increasingly resemble the data points from the real dataset, and the discriminator model
classifies the newly generated points as real or synthetic. The aim of this training process
is to bring the generative model to the point where the newly generated data points are
indistinguishable by the discriminator model from real data [52]. In this study, the synthetic
dataset was generated using the CTGAN software library for the Python programming
language [53]. The synthetic data points were generated in such a way that the features
had a similar probability distribution to the original data and the same upper and lower
bounds. The process of generative model training is described in Equation (4).

min
G

max
D

V(D, G) = Ex∼pdata(x)[log D(x)] + Ez∼pz(z)[log(1− D(G(z)))] (4)

In Equation (4), x, pdata(x), z, pz(z), D(x), and G(x) denote a data point, the probability
distribution of the real dataset, a random noise vector, the prior probability distribution of
z, the discriminator model and the generator model, respectively. Equation (4) describes
a mini-max game between the generator (G) and the discriminator (D) with the value
function V(D, G) [52].

2.3.3. SHapley Additive exPlanations (SHAP)

SHapley Additive exPlanations (SHAP) summary plots are visual depictions of the
influence each input variable has on the predicted quantity. In recent years, the SHAP
approach has been frequently applied in order to explain ML models [54–59]. In SHAP
summary plots, each data sample is represented by a dot, the color of which is determined
by the feature value. The horizontal position of each dot in the SHAP summary plots gives
information about the impact of the input feature on the model output, such that features
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with an increasing impact on the model output are placed on the right-hand side of the
summary plot, and those with a decreasing impact are placed on the left-hand side. The
farther a dot is positioned to the right- or left-hand side of the zero point, the greater impact
this feature has on the model output. The dots colored in the shades of red indicate the
high value of an input feature whereas dots colored in the shades of blue indicate the low
value of an input feature. The changes in the prediction when a feature is removed from
the model provide the basis for the SHAP values φi, which control a sample’s location
along a horizontal direction. The computation formulas of these values are expressed in
Equations (5) and (6):

g(x’) = φ0 +
M

∑
i=1
φix’ (5)

φi = ∑
S⊆F{i}

|S|!(|F| − |S| − 1)!
|F|!

[
fS∪{i}

(
xS∪{i}

)
− fS(xS)

]
(6)

In Equation (5), M is the total number of input features and g is an explanation function,
which linearly combines the simplified input features x′, which only take values from the
set {0, 1}. The Shapley values, φi, are the coefficients of this linear combination. These
simplified input features are related to the actual input values by a mapping function, h,
with x = h(x′). The computation of φi values is shown in Equation (6), where F denotes the
set of all input features, S denotes a subset of F which does not include the input feature
with index I, and f represents the predictive model. Further explanations of the SHAP
methodology can be found in [60].

3. Results

This section presents the results of various machine learning techniques in predicting
the ultimate strain capacity and the compressive strength of AFRP-confined concrete. The
performances of the ML models have been compared to some of the predictive equations
available in the literature.

3.1. Performances of the Predictive Equations

The equations investigated in this section are listed in Tables 1 and 2. For each one of
these equations, the predicted fcc and εcu values are plotted against the actual experimental
measurements. The coefficient of determination (R2), mean absolute error (MAE), and root
mean squared error (RMSE) metrics are utilized in order to quantify the accuracies of these
predictions. The deviations of the predicted values from the measurements are shown with
dotted lines in Figures 4 and 5. The relationships between the equation predictions are also
visualized using Taylor diagrams and the Pearson correlation coefficient.

The performances of the equations in predicting the confined ultimate strength of
concrete are listed in Table 4. According to the error metrics in Table 4, the equations were
far from accurate. In particular, the negative values of the R2 score are an indicator of
low prediction accuracy. Also, the plotted predictions in Figure 4 show that the predicted
values can be more than 120% lower or more than 60% greater than the actual values.
The equations proposed by Wu et al. [21], Wang and Wu [22] and Lobo et al. [24] tend to
overestimate the ultimate strength and, for some of the specimens, this overestimation is
nearly 60%. On the other hand, the equations proposed by Djafar-Henni and Kassoul [23]
tend to underestimate the ultimate strength, and this underestimation can exceed 120%
for some of the data samples. A similarly low accuracy of prediction was also observed
in the equations for the prediction of the ultimate strain. Figure 5 displays the plot of the
experimental ultimate strain values against the predicted values. The equations developed
by both Wu et al. [21] and Lobo et al. [24] tend to underestimate the ultimate strain,
although, for some of the data samples, these equations can also overestimate the ultimate
strain by more than 60%. The accuracy of these two models have been determined by error
metrics and listed in Table 5. Again, the negative values of the R2 scores in Table 5 indicate
the poor performance of these predictive equations.



Appl. Sci. 2023, 13, 11991 9 of 22
Appl. Sci. 2023, 13, x FOR PEER REVIEW  9  of  24 
 

 

   

(a)  (b) 

 
 

(c)  (d) 

Figure 4. Equation predictions for the confined compressive strength, according to (a) Wu et al. [21], 

(b) Wang and Wu [22], (c) Djafar-Henni and Kassoul [23] and (d) Lobo et al. [24]. Figure 4. Equation predictions for the confined compressive strength, according to (a) Wu et al. [21],
(b) Wang and Wu [22], (c) Djafar-Henni and Kassoul [23] and (d) Lobo et al. [24].

Appl. Sci. 2023, 13, x FOR PEER REVIEW  10  of  24 
 

 

   

(a)  (b) 

Figure 5. Equation predictions for the confined compressive strength, according to (a) Wu et al. [21] 

and (b) Lobo et al. [24]. 

The performances of  the equations  in predicting  the confined ultimate strength of 

concrete are listed in Table 4. According to the error metrics in Table 4, the equations were 

far from accurate. In particular, the negative values of the  R   score are an indicator of low 

prediction accuracy. Also, the plotted predictions in Figure 4 show that the predicted val-

ues can be more than 120% lower or more than 60% greater than the actual values. The 

equations proposed by Wu et al. [21], Wang and Wu [22] and Lobo et al. [24] tend to over-

estimate  the  ultimate  strength  and,  for  some  of  the  specimens,  this  overestimation  is 

nearly 60%. On the other hand, the equations proposed by Djafar-Henni and Kassoul [23] 

tend to underestimate the ultimate strength, and this underestimation can exceed 120% 

for some of the data samples. A similarly low accuracy of prediction was also observed in 

the equations for the prediction of the ultimate strain. Figure 5 displays the plot of the 

experimental ultimate strain values against the predicted values. The equations developed 

by both Wu et al. [21] and Lobo et al. [24] tend to underestimate the ultimate strain, alt-

hough, for some of the data samples, these equations can also overestimate the ultimate 

strain by more than 60%. The accuracy of these two models have been determined by error 

metrics and listed in Table 5. Again, the negative values of the  R   scores in Table 5 indicate 

the poor performance of these predictive equations. 

Table 4. Equation performances for compressive strength prediction. 

Equation  𝐑𝟐  MAE [MPa]  RMSE [MPa] 

Wu et al. [21]  0.7610  31.34  43.17 

Wang and Wu [22]  0.6592  72.44  104.8 

Djafar-Henni and Kassoul [23]  0.6527  41.79  51.48 

Lobo et al. [24]  0.7647  29.56  41.05 

Table 5. Equation performances for ultimate strain prediction. 

Equation  𝐑𝟐  MAE [%]  RMSE [%] 

Wu et al. [21]  0.1869  0.9622  1.186 

Lobo et al. [24]  0.0030  1.638  1.909 

 

Figure 5. Equation predictions for the confined compressive strength, according to (a) Wu et al. [21]
and (b) Lobo et al. [24].



Appl. Sci. 2023, 13, 11991 10 of 22

Table 4. Equation performances for compressive strength prediction.

Equation R2 MAE [MPa] RMSE [MPa]

Wu et al. [21] 0.7610 31.34 43.17
Wang and Wu [22] 0.6592 72.44 104.8

Djafar-Henni and Kassoul [23] 0.6527 41.79 51.48
Lobo et al. [24] 0.7647 29.56 41.05

Table 5. Equation performances for ultimate strain prediction.

Equation R2 MAE [%] RMSE [%]

Wu et al. [21] 0.1869 0.9622 1.186
Lobo et al. [24] 0.0030 1.638 1.909

3.2. Performances of the ML Models

The confined compressive strength values predicted by the ML models are plotted
against the experimental measurements in Figure 6. The predictions on the training set
and the test set are plotted in different colors in each plot. Also, the ±10% deviation lines
from a perfect match between the actual and predicted values are shown on each plot.
The performances of these ML models have been quantified using the same four error
metrics used to determine the accuracy of the equations in Tables 4 and 5. Among these
four metrics, a R2 score value close to one indicates high prediction accuracy. In addition to
their accuracy of prediction, the ML models have also been investigated with respect to
their computational speed. According to the listed values in Table 6, the extra trees model
performed best on the test set, in terms of all error metrics. In terms of computational speed,
the support vector regressor (SVR) model was the fastest, although this model performed
significantly worse than the remaining models in terms of prediction accuracy. Among
the five ensemble learning models listed in Table 6, LightGBM was the worst-performing
model in terms of all error metrics.

Figure 7 shows the first of the 100 decision trees constituting the XGBoost model
developed for the prediction of fcc. In Figure 7, the root node tests the value of the
unconfined ultimate strength (fco). It should be mentioned that the values in Figure 7 are
scaled values, except for the values in the leaf nodes. If the condition inside the root node or
an internal node is true, or the feature value is missing in a particular data sample, then the
node branches towards the left-hand side; otherwise, it branches towards the right-hand
side. The tree consists of 27 internal nodes, splitting at different levels of AFRP jacket
thickness (tf), unconfined ultimate strength (fco), elasticity modulus of the AFRP wrap (Ef),
specimen diameter (D), specimen length (L) and AFRP ultimate tensile strength (ff). There
are 29 green colored leaf nodes, one of which is selected as the tree output, depending
on the outputs of the previous internal nodes and the root node. By adding up all of the
decision tree outputs, the XGBoost model’s output is determined.

Table 6. Model performances on compressive strength prediction.

Algorithm
R2 MAE [MPa] RMSE [MPa] Duration

[s]Train Test Train Test Train Test

XGBoost 0.9792 0.9371 2.530 6.135 7.080 12.16 5.24
CatBoost 0.9232 0.9064 9.965 10.01 13.61 14.84 12.62

Random Forest 0.8729 0.9228 13.17 8.343 17.52 13.47 6.47
LightGBM 0.7894 0.8837 17.10 11.65 22.55 16.54 9.59
Extra trees 0.9799 0.9383 1.812 5.438 6.958 12.05 7.26

KNN 0.9510 0.9090 3.091 6.182 10.35 14.63 4.70
SVR 0.2849 0.3063 30.74 34.70 40.29 43.16 0.01
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Figure 8 and Table 7 present the performances of the ML models in predicting the
ultimate strain of AFRP-confined concrete specimens. Due to the data availability limi-
tations, a reduced dataset, consisting of 159 samples, was used in the generation of the
synthetic dataset. This dataset reduction was caused by missing values for the unconfined
concrete ultimate strain. For the training and testing of the ML models, a dataset consisting
of 477 samples was used, which consisted of both synthetic and real data points. Clearly,
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the predictions for most of the specimens in the database with 477 samples lie within 10%
distance from the target values. Also, Table 7 shows that the R2 score for all of the ML
models was greater than 0.7 on the test set. Furthermore, excluding the SVR algorithm,
minimum R2 scores of 0.8837 and 0.8155 can be observed for compressive strength and
ultimate strain, respectively. In terms of the mean absolute error metric, the most accu-
rate predictions on the test set were made by the extra trees regressor, followed by the
K-nearest-neighbors (KNN) algorithm. In terms of R2 score, the XGBoost model was the
second-best-performing model in the prediction of the ultimate strain.

The performances of the different ML models and the equations are also presented,
with Taylor diagrams for both ultimate strength and ultimate strain cases, in Figure 9,
where each set of predictions is represented with a dot of different color. In Figure 9, the
standard deviations of each set of predictions are shown on the horizontal and vertical axes.
The standard deviation value, corresponding to a particular prediction set, can be found
with the help of circular arcs. In each Taylor diagram, the original dataset is represented
with a blank dot. The Pearson correlation values for each prediction set are shown on the
radial axis.
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3.3. SHAP Interpretation of the ML Models

The SHAP summary plot presented in Figure 10 indicates that the predicted value of
the confined concrete ultimate strength is most significantly influenced by the unconfined
concrete ultimate strength, followed by the total thickness of the AFRP jacket and the length
of the specimen. On the other hand, the elasticity modulus of the AFRP has the least impact
on the model output. Since the dots representing fco have red colors to the right-hand
side of the diagram, increasing the value of fco also increases the impact of fco. A similar
relationship also exists between tf and fcc. However, the opposite is true for the length and
diameter of the specimen, such that increasing these two quantities has a decreasing effect
on the predicted fcc values.
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The feature dependence plots in Figure 11 further elaborate on the change in the model
predictions, with regard to the four factors that have the largest effect, as demonstrated by
the SHAP summary plot. Each feature dependence plot in Figure 11 contains information
about two input features. The feature represented with the color bar to the right-hand side
of the plot is the input feature most dependent on the feature represented on the horizontal
axis. The values of the dependent feature affect the colors of the dots in Figure 11, and
each one of these dots represents one of the samples from the dataset. Figure 11a illustrates
how the SHAP value of fco rises in tandem with the value of fco. For values of fco less than
80 MPa, the addition of fco into the model has a decreasing effect on the model output,
whereas, for values of fco greater than 80 MPa, the addition of fco increases the model
predictions. Similar trends can also be observed for Ef and ff, whereas the opposite trend
can be observed for the specimen length L. For values of L less than 300 mm, the addition
of this parameter into the model increases the predictions, whereas, for L values greater
than 300 mm, the length of the specimen has a decreasing effect on the model outputs.

A SHAP summary plot is shown in Figure 12 for the CatBoost model, which predicts
the confined ultimate strain. The ultimate tensile strength of AFRP (ff) was found to have
the greatest impact on the model predictions, followed by the unconfined ultimate strength
and the AFRP jacket thickness. It was observed that the specimens’ diameter had the least
influence on the model predictions. Figure 13 shows the feature dependence plots for the
four parameters with the greatest impact, according to Figure 12. According to Figure 13a,
the increase in the value of ff also increases the SHAP value of this feature. Particularly at
values greater than 2500 MPa, ff has an increasing effect on the model output. A similar
trend can also be observed between tf and its impact on the model output in Figure 13d.
Up to a thickness of 0.3 mm, the confining jacket thickness has a decreasing effect on
the predictions, whereas, at greater thickness values, the addition of the jacket thickness
increases the model predictions. The effect of the specimen length on the predicted εcu
values is similar to the case of the fcc prediction, such that, at higher levels of specimen
length, the addition of this variable into the models decreases the predicted εcu values.
Figure 13b shows that, up to 80 MPa, an increase in fco leads to lower SHAP values of
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this variable, which indicates a decreasing effect on the ultimate strain predictions. For fco
values greater than 80 MPa, the SHAP values of fco are spread in a wider range.
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3.4. Individual Conditional Expectation (ICE) Interpretation of the ML Models

The ICE plots in Figures 14 and 15 show how the model predictions vary in relation
to a certain input feature while all other features have fixed values. The input features
for the generation of the ICE plots have been selected based on their impacts on the
model outputs. The ICE curves are generated for each data sample separately, which
clarifies the differences between the data samples, in terms of their interaction with the
predictive model. In each ICE plot, the average of all curves is represented with a thick
blue line. In the ICE plots, all of the curves being close to one another indicates a similar
variation of the predicted quantity in all samples. Curves that lie farther away from the
average indicate a larger deviation of the predictions from the average. For instance, in
the ICE plots of Figures 14a and 15b, all of the generated curves lie relatively close to the
average curve, whereas, in Figures 14c and 15a, the curves are further apart from each
other, indicating a larger variation of the predictions. According to Figure 14a, the confined
ultimate strength fcc, which is denoted with f(x) in Figure 14, continuously increases
with fco. The largest increase in fcc occurs in the interval 75 MPa ≤ fco ≤ 100 MPa. A
similar trend is also observed in f(x)|tf , and the largest increase happens for tf ≤ 2 mm.
Figure 15 shows the variation of the predicted εcu denoted with f(x). The adverse effect of
increasing the column length on the ultimate strain can be seen in Figure 14c. Although
fco has, overall, an increasing effect on the ultimate strength according to Figure 13a, a
different trend can be observed in Figure 15b, where increasing the value of fco in the range
20 MPa ≤ fco ≤ 80 MPa is shown to have a decreasing effect on the ultimate strain.
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4. Discussion

FRP materials are finding increasing numbers of applications in many areas of engi-
neering in recent years. Particularly in structural retrofitting, the application of FRP jackets
is a widely used alternative to steel confinement. As an alternative to carbon and glass
fibers, aramid fibers are also finding applications in this area, due to their favorable ductility
and strength properties. However, the lack of reliable equations can be a significant hurdle
in the way of wide-scale applications of these materials in engineering design.

The current study showed the application of state-of-the-art ensemble learning tech-
niques in mechanical properties predictions of AFRP-confined concrete. A dataset gathered
from the literature served as the basis for training the machine learning models. The
reliability and accuracy of machine learning models can be increased in proportion to
the size of their training dataset. Based on this assumption, the current study proposes a
novel technique of generating additional data points using generative adversarial networks
(GANs). These models consist of a generator and a discriminator component, where the
performance of the generator component iteratively improves, such that the newly gen-
erated data points are indistinguishable from the original data points. It was shown that
the predictive models trained on the dataset enhanced with the synthetic data points can
significantly outperform the predictive equations currently available in the literature. One
of the major reasons for the inaccuracy of the equations is that most of the equations in the
literature are developed based on regression techniques fine-tuned towards a particular
dataset and therefore cannot be generalized sufficiently. Therefore, it is crucial to train any
statistical model on a large enough dataset.

In the next stage of the study, the machine learning models have been further inves-
tigated using the SHapley Additive exPlanations (SHAP) approach. The SHAP results
provide explanations for the predictive models by measuring the contribution of different
input features to the model output. Using the SHAP technique, the input features have been
ranked with respect to their impact on the model predictions for the confined compressive
strength and ultimate strain. The unconfined compressive strength of concrete and the
ultimate tensile strength of the AFRP wrap have been found to be the most impactful input
features in the prediction of the confined compressive strength and ultimate tensile strain,
respectively. Finally, the variations of the confined compressive strength and ultimate strain,
with respect to different input features, have been visualized using individual conditional
expectations plots.

5. Conclusions

This study demonstrated the usage of modern ensemble learning and data enhance-
ment techniques for data-driven predictions of the structural capacity of columns confined
by AFRP material. The datasets have been enhanced using synthetic data points created by
generative adversarial networks (GANs). The major points of this paper can be summarized
as follows:

• To predict the ultimate strength and strain of AFRP-wrapped concrete columns, seven
different predictive models were developed on datasets of 225 and 159 data points,
respectively. The sizes of these datasets have been further increased using data points
synthetically generated by generative adversarial networks.

• The machine learning techniques performed significantly better than the predictive
equations adopted from the literature. Particularly, the extra trees, XGBoost, and KNN
models were the best performing models in the prediction of the ultimate strength
and ultimate strain.

• The unconfined ultimate strength of concrete and the elasticity modulus of AFRP were
found to have the greatest and least impact on the predicted fcc values, respectively.
Plots of individual conditional expectations (ICE) and feature dependency were used
to illustrate the increasing impact of unconfined ultimate strength on confined ultimate
strength. In certain ranges the unconfined ultimate strength was shown to have a
decreasing effect on the ultimate strain of the specimens.



Appl. Sci. 2023, 13, 11991 20 of 22

• The ultimate tensile strength of AFRP and the column diameter were found to have
the greatest and least impact on the predicted εcu values, respectively.

• The variations of the predicted ultimate strength and ultimate strain values, with
respect to the most impactful input features, were visualized using ICE plots.

• It was shown that the equations in the literature can significantly overestimate the
compressive strength and ultimate strain of confined concrete.

This study presented the possibility of increasing the dataset sizes used in predic-
tive model training. Although promising results could be obtained through these ML
techniques, the proposed methodology is not recommended to be adopted in practical
applications until further validation is undertaken on significantly larger experimental
datasets. In particular, in the development of predictive models for the ultimate strain, a
reduced dataset has been employed as a base model for the GAN due to the missing values
for the ultimate strain values. Future studies in this field should be carried out with larger
datasets for both ultimate strength and ultimate strain predictions. Also, predictive models
for rectangular columns can be developed in future studies.

Supplementary Materials: The following supporting information can be downloaded at GitHub
link: https://github.com/ccakiroglu/AFRP (accessed on 27 October 2023). A dataset of 225 samples
with circular cross-sections was collected from the literature [3,21,22,24,33–49].
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Data Availability Statement: The dataset used in this paper is available under the GitHub link
https://github.com/ccakiroglu/AFRP (accessed on 27 October 2023).
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