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A B S T R A C T

Nowadays, elliptical sections are among the geometric shapes that are becoming more and more popular in the
architecture world. Finite element analysis (FEA) software, such as ABAQUS, is used to simulate elliptical
concrete columns confined with fiber reinforced polymer (FRP) jackets based on experimental data published in
the literature. The validity of the finite element modeling (FEM) approach was confirmed by comparing it to
experimental data obtained from 45 specimens in existing studies, demonstrating a favorable agreement.
Additionally, a parametric study was also carried out, which included simulating 40 more specimens, resulting in
a total of 85 specimens for analysis. The effect of various test variables such as sectional aspect ratio, the amount
of FRP layers, and concrete strength on the elliptical column’s behavior is investigated. The axial compressive
strength is predicted using current models from the literature. The outcomes revealed that the higher unconfined
concrete strength decreased FRP confinement efficacy. Insufficient confinement with post-peak softening is more
likely in FRP-confined high strength concrete columns, especially if the confinement was not stiff enough. Also,
by adding more FRP layers, the stress and strain capabilities of elliptical concrete columns confined with FRP
composites are improved. Physical experiments require a significant investment of time and resources, but they
can produce valuable results. Finite element analysis, on the other hand, depends heavily on the modeler’s
competence and can minimize the number of experiments required by employing computer simulation, but it
also requires high computer settings. In recent years, there has been a major advancement in the usage of ma-
chine learning (ML) algorithms in the applications of FRP composites with different concrete components. Taking
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this into consideration, this investigation is extended to estimate the compressive strength of elliptical FRP-
confined columns using four tree-based ML algorithms including Decision Tree, Random Forest, Gradient
Boosting and XGBoost. The XGBoost model achieved the highest predictive accuracy with the R2 values of 0.95
for both the compressive strength and axial strain targets.

1. Introduction

Compared to circular columns, elliptical columns offer the advantage
of having different bending capacities in the major and minor axes,
making it easier to tailor them to specific design needs [1]. Moreover,
the elegant shape of elliptical columns adds aesthetic value to structures
[2]. An additional benefit of elliptical columns is that, in contrast to
rectangular columns, the concrete in them is better confined because of a
more uniform confining stress distribution [3] The compressive
behavior of elliptical columns has been the subject of numerous in-
vestigations [4]. Several variables have been well investigated and
documented, such as sectional aspect ratio, concrete strength, and load
pattern [5–10]. Even though it is difficult to analytically estimate the
axial performance of elliptical FRP-confined columns, a number of
important design-oriented models have been proposed for use in design
practice. A design-oriented method for forecasting the stress-strain re-
sponses of FRP-confined elliptical columns was presented by Campione
and Cucchiara [7]. The laboratory findings of eight elliptical columns
(peak strength of unconfined concrete fco range: 36.6 to 39.0 MPa)
published by Teng and Lam [11] were used to validate the model’s
performance. A reliable and straightforward stress-strain model for
circular columns confined with FRP jackets has been developed by Teng
et al. [12], which may be used in design practice. Their previous model
[13] 13 was utilized as a reference for circular-shaped columns wrapped
with FRP layers. Their model was calibrated using numerical analysis in
conjunction with the outcomes of their own experiments. Subsequent
research 12 have addressed and corrected certain shortcomings in their
earlier work 11. Then, using previously published research by Wei and
Wu [14]on various concrete shapes such as square, rectangular, circular,
and elliptical concrete columns that were significantly wrapped by FRP
layers, Cao et al. [15] established a stress-strain model of columns
wrapped with FRP jackets with cross-sectional unification. The
elliptical-shaped columns were regarded as rectangular-shaped columns
with distinct corner radii. Chen et al. [3] established a novel
design-oriented model featuring a strain shape factor. This model can
accurately forecast the stress and strain capacities of FRP-confined col-
umns in elliptical sections across a significantly wider range of peak
strengths of unconfined concrete (32.6 to 72.4 MPa). They were able to
reduce their model to a well-known model for FRP-confined columns
with circular shapes with greater ease than the previous models
mentioned above.

Concrete undergoes notable improvements in compressive strength
and ductility when it is subjected to lateral confinement, which can
involve active, passive, or hybrid confinement processes. Because of
this, confined concrete has been used in columns much more frequently
in the last few decades, particularly in buildings intended to withstand
seismic loads. Lateral confinement to concrete in columns has been
accomplished by a variety of methods, including FRP jackets and
transverse steel bars [16–21]. In recent several years, FRP jacketing
technique has been applied to both elliptical and rectangular concrete
columns to improve their load-carrying capacity and provide excellent
resistance against deformation and failure [22–25]. Elliptical concrete
columns have been found to exhibit superior strength and ductility when
subjected to FRP confinement. By minimizing the possibility of an early
failure from axial compression loads, the application of FRP confine-
ment increases the concrete strength in the columns [26–28]. Because
FRP confinement lessens the possibility of collapse during earthquakes
and other disasters, which can also boost the safety of elliptical concrete
columns. For instance, the circular/elliptical geometry of the FRP

composites allows for uniform distribution of lateral stress, which
effectively increases the confinement efficiency of the concrete core and
improves the overall performance of columns [29–32]. Twenty-four
elliptical-shaped FRP-confined columns were subjected to axial
compressive tests by Chen et al. [3]. There was discussion of the im-
plications of high-strength concrete, cross-sectional aspect ratio, and
FRP jacket. The results of the tests demonstrated that confined concrete
stress and strain capacities increased with increasing FRP jacket
confinement. Because high-strength concrete was employed and the
aspect ratio increased, the FRP confining pressure was not distributed
uniformly, which affected the axial performance of the inner concrete.
Furthermore, based on an experimental and FE analysis, Teng et al. [12]
developed a stress-strain model for elliptical concrete columns wrapped
with FRP layers. The accuracy of a FEA modeling for elliptical columns
was validated with their own test results. The ultimate axial stress, ul-
timate axial strain, and jacket hoop rupture strain of FRP-confined
elliptical columns are significantly influenced by the aspect ratio and
thickness of FRP layers. Furthermore, they concluded that as the
cross-sectional aspect ratio and jacket thickness decreased, the
confinement effectiveness of FRP jackets decreased as well.

The FEA approach is widely recognized for its ability to forecast the
performance of structural components with great versatility. It is also a
highly effective tool for modeling the overall behavior of confined
concrete. Because this process can record complex stress variations in
the concrete, it is capable of accurately imitating the performance of
confined concrete [30,33]. The application of finite element analysis on
concrete columns in elliptical sections subjected to external loading is
reported by Isleem et al. [34,35]. They examined the impact on axial
load-carrying capacity of elliptical shapes of confined concrete columns
confined with steel tube and carbon fiber reinforced polymer (CFRP)
layers. It has been concluded that the section should definitely be
wrapped with CFRP jackets if the aspect ratio is larger. Chen et al. [36]
studied the compressive strength of an elliptical FRP-concrete-steel
double skin tubular column (DSTC). Two sets of reference specimens,
FRP-confined solid concrete (FCSC) and FRP-confined hollow concrete
(FCHC) specimens, were used to compare the outcomes. The DSTC’s
confined concrete strength increases by 20 % to 55 %when compared to
the equivalent elliptical FCSC with the same column diameters and FRP
confinement level. One explanation could be that a hollow steel tube
was used in place of the elliptical FCSC’s less efficient confinement zone.
With high-strength concrete, the behavior of elliptical DSTC could not
be directly predicted by the current model. Combining FE analysis with
plasticity-based models has proven to be an efficient way to capture the
deformation and strength properties of both typical and
high-performance concrete members [17,37–39]. Accurate material
parameter calibration is a prerequisite for accurate FEM results [33,40].
A key element of a plasticity model is the dilation property of the con-
crete, or the relationship between lateral and axial strain. In the case of
non-uniform confinement, where an "effective" value is used to represent
uniform confinement, or of uniform confinement, where the confine-
ment pressures in the two lateral directions are equal, a correlation of
this kind has been found for passively confined concrete, such as
FRP-confined columns [41].

Compressive strength is the main mechanical property of an elliptical
CFRP/glass fiber reinforced polymer (GFRP)-confined concrete column.
It is important for the precise design of elliptical columns to guarantee
structural stability. Researchers frequently employ experimental and FE
approaches to assess the overall performance of elliptical columns
confined with FRP layers under loads in order to better understand how
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these columns behave [2,3,12,42]. Although physical experiments need
a lot of resources and time, they can yield insightful results. However,
finite element analysis, which relies significantly on the modeler’s skill,
might decrease the number of tests needed by using computer simula-
tion; however, it also necessitates high computer settings [43]. In the
last several years, there has been a significant increase in the use of ML
techniques in the field of FRP composites with different concrete com-
ponents. Machine learning-based models, which are data-driven and
able to capture deeper correlations and patterns in the data, may be
more reliable than design-oriented models for complex and nonlinear
systems. Because ML approaches can learn from any data and generate
predictions, they are very adaptable to a wide range of materials, ge-
ometries, and stress conditions. In general, ML is used to increase esti-
mation accuracy by giving the computer enormous amounts of datasets
in an effort to maximize accuracy. Several studies have utilized various
models such as artificial neural networks (ANN), back propagation ANN
(BP-ANN), generalized regression neural network (GRNN), CAT boost
algorithm, and XG boost algorithm to estimate the compressive stress of
FRP-confined concrete. For instance, Naderpour et al. [44] investigated
the ANN model’s performance in predicting FRP concrete’s compressive
strength. Similarly, Huang et al. [45] developed a hybrid model of
BP-ANN to forecast the compressive stress of FRP-reinforced concrete
exposed to various temperatures. Alam and Gazder [46] developed a
GRNN model to predict FRP-reinforced concrete shear strength. In
another study, Kim et al. [47]presented a CAT boost algorithm model
that accurately predicts the interfacial bonding of the FRP-reinforced
concrete using experimental results. Moreover, the XG boost algorithm
predicts the interfacial bonding of the FRP-reinforced concrete. Addi-
tionally, Sangeetha and Shanmugapriya [48] estimated the axial
compressive strength of circular-shaped concrete columns that were
externally confined using various GFRP materials using ANN. The
number of GFRP sheets, the type of GFRP jacket, and the curing time
were among the variables. Tests were conducted on twenty-one cylin-
drical specimens under compression until they failed. They came to the
conclusion that the concrete columns with GFRP confinement increased
the compressive strength by 30 %. More applications of ML algorithms
in concrete structures can be found in literary works [49–51].

Notably, no prior research has used ML techniques to predict the
compressive stress of elliptical-shaped concrete columns wrapped with
CFRP/GFRP jackets. Using FEA and ML modeling with the assistance of
previously published experimental data from the literature, the effect of
aspect ratio, concrete strength (normal strength concrete (NSC) and high
strength concrete (HSC)), and thickness of FRP layers is investigated in
the current study. Therefore, the primary aim of this research included
three objectives: (a) to compare the simulated stress and strain data
generated by ABAQUS software with the test data of the elliptical FRP-
confined concrete columns reported in the literature (b) to conduct a
numerical investigation into how the aspect ratio, amount of CFRP/
GFRP layers, and concrete strength affect the compressive behavior of
elliptical FRP-confined concrete columns; (c) to develop ML models to
predict the compressive strength of elliptical-shaped columns wrapped
with CFRP/GFRP layers. It is to be noted that these tests did not consider
the effect of internal steel reinforcing bars or tubes. Both circular and
elliptical concrete columns confined with FRP wraps are considered in
this investigation (see Fig. 1.).

2. Research significance

FRP composites have been extensively utilized in engineering prac-
tices, particularly in FRP wrapping or tubes, as external confinement
systems for concrete columns with various cross-sectional shapes and
load conditions. Previous works, including experimental and numerical
studies, have provided valuable insights into the mechanism of FRP-
confined concrete columns. The majority of research in the literature
focuses on experimental investigations with concrete columns that are
square, circular, and rectangular and are confined with FRP jackets;
theoretical and simulation studies are carried out independently.

Previous research on FRP composite columns has focused on strength
and numerical modeling; more research must be done on forecasting the
strength characteristic of elliptical and rectangular FRP-confined col-
umns. Machine Learning approaches are now adopted widely in various
applications of engineering fields. However, ML methods still require
elaborate studies to forecast the strength characteristics of elliptical-
shaped columns wrapped with FRP sheets (CFRP and GFRP). The

Fig. 1. Numerically simulated column specimens in the present study.
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models that have taken into account FRP’s simultaneous influence when
estimating the compressive stress of FRP-confined columns are
described in this work. Additionally, eight input variables, including
peak strength of unconfined concrete, the total thickness of FRP, Ef , 2a,
2b, H, Ag, and fcc as a target variable, were used to develop four tree-
based models based on 85 validated experimental and finite element
data in order to estimate the axial performance of concrete columns
confined with FRP layers. The eight input variables used in our study
were chosen based on an in-depth investigation of the literature as well
as the specific criteria necessary to fully describe the behavior of ellip-
tical FRP-confined concrete columns. These variables were selected
based on their significance in influencing the axial compressive behavior

of such columns. The research methodology adopted for this investiga-
tion is depicted in Fig. 2.

The criteria used to choose parameters for the 40 column specimens
in the finite element parametric study required a careful review of
previous literature to pinpoint important factors that were frequently
looked at in studies that investigated elliptical FRP-confined concrete
columns. In order to guarantee that these variables had a substantial
impact on the axial compressive behavior of elliptical FRP-confined
concrete columns, priority was given to parameters that have been
extensively studied in the field. The selection procedure took into ac-
count factors that directly affect the behavior of these columns, high-
lighting their importance from an engineering perspective as well as

Fig. 2. Flowchart of research methodology.
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their connection to the objectives of the study. Parameters were selected
in such a way as to enable the development of a cohesive dataset useful
for ML and FEA modeling while preserving consistency between
experimental and numerical data.

3. Experimental database

Engineers and architects find elliptical concrete columns particularly
appealing due to their distinct benefits. Additionally, CFRP/GFRP
jacketing can improve the peak strength and ultimate axial strain of
concrete columns in elliptical shapes. The FEM approach is verified
through a comparison with the results of 45 experimental specimens
from four previously published works available in the literature [3,12,
42,52] via ABAQUS software. To expand the investigation, forty more
simulated specimens are considered as a parametric study. In total, 85
specimens are collected for further studies using Machine Learning
methods with eight variables: peak strength of unconfined concrete
(MPa), height of the specimens (mm), cross-sectional area of the speci-
mens (mm2), Young’s modulus of the FRP (MPa), thickness of the FRP
layer (mm), elliptical size (longer direction (mm), shorter direction
(mm)), and peak strength of elliptical FRP-confined concrete columns
(MPa). The details of 85 experimental and simulated data are reported in
Annexure I.

4. Finite element simulations

4.1. General description

Numerical models were developed and analyzed utilizing ABAQUS
[53]. In this investigation, the chosen elements for the representation of
concrete and FRP ply were C3D8R and S4R, respectively. The top and
bottom of the column were coupled kinematically. The boundary

conditions at both ends of the column were established through two
reference points (RP1, RP2). To ensure a consistent transfer of axial load,
these reference points were positioned at the midpoint of each end of the
column, as depicted in Fig. 3-c and d. To achieve uniform compression,
RP1 was linked to the upper surface of the top end of column, where an
axial displacement force was applied along the Z-axis. In this configu-
ration, all degrees of freedom were constrained except for Uz, which
denotes axial displacements in the Z direction. This setup enabled ac-
curate measurement of the axial load in relation to the displacement
responses of the specimens. In the other hand, the fixed-end conditions
at the bottom reference point (RP2) ensured stability and eliminated any
lateral movement, thereby maintaining the columns remained in place
during testing. To mitigate velocity and lower kinetic energy levels, step
smoothing was implemented during the use of Abaqus/Explicit for
simulating the dynamic problem, aligning with static analysis recom-
mendations. Mesh convergence studies were conducted for the model.
Hexagonal elements with a structured mesh technique were used for the
concrete elements, while quadrangle shapes were used for the FRP
wrapping to strike a good balance between solution accuracy and
computational time. A perfect connection between the FRP jacket and
the concrete was achieved by employing the "surface-to-surface" tie
interaction contact model option in ABAQUS software, which simulated
a no-slip condition. The master surface for the tie constraint was
designated for the FRP jacket, while the slave surface was designated for
concrete.

4.2. Material Modeling

4.2.1. FRP modeling
The elastic properties of FRP sheets can be defined in ABAQUS using

the "Engineering Constants" material type. This allows for the specifi-
cation of the longitudinal and transverse elastic moduli, the rigidity

Fig. 3. Finite element type of elements, meshing and applied loads.
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moduli, and the Poisson coefficients. In the case of unidirectional fibers,
it is possible to specify only E1 and assign very small values to the other
elastic parameters to minimize interaction with other directions. The
mechanical characteristics and plasticity parameters of the confining
CFRP and GFRP materials used in the numerical analysis verification
[54] are reported in Table 1. The thicknesses of CFRP used in this study
are 0.167 mm and 0.171 mm, while the thicknesses of GFRP used are
0.167 mm, 0.354 mm, 2.840 mm, 2.890 mm, 3.140 mm, 3.150 mm,
4.260 mm, 4.410 mm, 4.430 mm, and 4.850 mm, respectively.

4.2.2. Concrete modeling
The modeling of concrete to assess the confinement effects provided

by FRP wrapping represents a critical phase in the finite element method
(FEM) definition process, directly influencing the precision of the out-
comes. Within the Abaqus software, two types models are available for
characterizing concrete behavior: the Drucker-Prager (D-P) plasticity
model [55]and the Concrete Damaged Plasticity model (CDP) [56]. In
recent decades, numerous investigations have been conducted to
explore the impact of material parameter definitions. To achieve a closer
alignment with experimental data, various formulations for calibrating
the parameters related to concrete properties under FRP confinement
have been proposed [17,38,39]. In this study, the CDP model is pro-
posed for simulating confined concrete within the Abaqus framework. It
considers both tensile cracking and compressive crushing of concrete
under axial stress conditions. The response of concrete is characterized
by the damage variable, yield criterion, flow rule, and the rules gov-
erning hardening and softening. By defining the plasticity parameters,
including the dilation angle ψ, the ratio

(
fbo/fco

)
, the flow potential

eccentricity e, the viscosity parameter μ, and the ratio Kc relevant to
the yield function [57]. While the flow potential eccentricity (e) remains
constant at the default value (e = 0.1) [58], other parameters can
significantly impact analysis results. The viscosity parameter μ charac-
terizes damage propagation and affects tensile strength. A value of μ
equal zero is suggested [37]. An empirical equation for the

(
fbo/fco

)

factor fits various cases [59], including confined specimens with
different concrete strengths and confinement ratios. This equation was
proposed by Hany et al. [37] and Tao et al. [60] to characterize the
behavior of concrete with FRP-confinement. Based on the results of a
regression analysis performed for a large number of specimens, an
empirical relationship to obtain Kc is defined in [30]. The dilation angle
(ψ) is crucial as it affects lateral confinement pressure and strength
properties. Various formulations are available [37,60] for approxi-
mating the dilation angle, such as the equation proposed by Hany et al.
[37] for circular cross-section which considers the unconfined concrete
strength fco and the radial stiffness (Kl = 2Ef tf

D ) of the FRP sheets and can
be calculated as follow:

ψ = − 1.4587
Kl
fco

+ 57.296For0 ≤
Kl
fco

≤ 40 (1)

Based on similar studies by Isleem et al. [27,61,62] on non-circular
concrete columns confined by FRP and steel tubes, new models to pre-
dict the values of dilation angle were proposed, i.e., elliptical and rect-
angular sectioned columns confined by FRP. Additionally, the thickness
of FRP tubes can vary based on the number of fiber layers, which makes
it difficult to control resin volume during manufacturing. This results in
significant differences in elastic modulus across different thickness

categories. Increasing the number of FRP layers and the cross-sectional
aspect ratio applies more pressure on the concrete core, causing it to
change from dilation to contraction behavior, which needs to be
considered in modeling.

Through a statistical analysis, the following Eq. (2) is obtained with
the coefficient of determination (R2) of 85 %.

RF = 1.28213× (
2a
2b

)
− 0.6849

×

(

0.001
tf × Ef
fco

)− 0.6849

(2)

where, RF is a reduction factor of Ef , 2a (mm) is the longer side of the
elliptical cross section, 2b (mm) is the shorter side of the elliptical cross
section, as shown in Fig. 1, tf is the thickness of FRP layer (mm),
Ef (MPa) is the elastic modulus of FRP jacket, and fco (MPa) is the peak
strength of unconfined concrete.

It is evident from the above equation that an increase in the
confinement stiffness offered by the FRP leads to a decrease in the
dilation angle. Similarly, an increase in the aspect ratio results in a
significant reduction of the dilation angle, which corresponds to the
pronounced decrease in confinement observed in the elliptical cross-
section.

A theoretical stress-strain model has been developed to enhance the
comprehension of the behavior of FRP- confined concrete columns. The
stress-strain relationship of confined concrete is not solely determined
by the concrete strength grade and confinement stress. The development
of strain in the confining material, concrete strength, concrete compo-
sition, microstructure, and wet packing density all influence the stress-
strain relationship of confined concrete. This model is based on
various studies referenced in Ref [63–70]. It consists of four main ele-
ments: the interaction between the steel tube and concrete, accounting
for the debonding effect; a precise equation for the hoop strain; a model
for the behavior of confined concrete accounting for stress-path de-
pendency; and a three-dimensional stress-strain model for the steel tube.

The compression stress response of concrete (σc) was determined by
Eq. (1) [35,52]. The elastic response of the confined or unconfined
concrete in the current FE simulation begins at a stress value of 50 %,
and the stress-strain response that is achieved terminates at the

Table 1
Properties of CFRP and GFRP tested by [54].

Thickness of one layer Elasticity properties Poisson’s ratio Shear modulus properties

(mm) (MPa) (MPa)

​ E1 E2 E3 μ12 μ13 μ23 G12 G13 G23
CFRP 0.167 − 0.171 235,000 23,500 23,500 0.3 0.3 0.3 5405 5405 5405
GFRP 0.167 − 4.85 90,000 900 900 0.3 0.3 0.3 3270 3270 3270

Fig. 4. Stress-strain curve for both confined and unconfined concrete.
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unconfined concrete’s compressive strain at failure, which is repre-
sented by the ultimate strain (εcu).

σc =
2fco × (εcu

εco)

1+ (εcu
εco)

2 (3)

where, fco is the peak strength of unconfined concrete (MPa), εco (mm/
mm) is the strain corresponding to fco, and εcu is the ultimate compres-
sive strain. Therefore, εco and εcu are calculated using Eqs. (2) and (3),
respectively. Fig. 5 illustrates the mathematical models for generating
the compressive stress-strain response of unconfined concrete [71,72].

εco = 0.0014 [2 − e(− 0.024fcm) − e(− 0.140fcm)] (4)

εcu = 0.004 − 0.0011[1 − e(− 0.0215fcm)] (5)

5. Results and discussion

5.1. Comparison of experimental and FEM results

The verification of FEM approach is done through the comparisons
with 45 experimental results available in the literature [3,12,42,52].
There are various benefits to these comparisons, including lower ex-
penses, less use of resources, preservation of natural resources for later
use, etc. (Fig. 6.a, b) compares experimental and FEM results from [3,
52]. It can be noted that 8 experimental results were collected from [3],
divided into two batches, and arranged from higher to lower axial load
and axial strain, while one experimental result was obtained from [52].
Additionally, Fig. (6.c) presents the experimental and FEM data of 4
specimens, that were gathered from [12]. Lastly, the comparison of
experimental and FEM results of 8 specimens collected from [42] is
depicted in Fig. 7.d.

The majority of axial load-axial strain curves in Fig. 6 exhibit a
monotonically ascending response (i.e., without a descending trend)
with two-segment behavior which can be classified as being heavily
confined, except for specimens D8, in Fig. (6.d). In heavy confinement
scenario, peak and ultimate stress states closely align. In semi-heavy
confinement, some curves show a gradual response increase with a
slight axial load reduction, indicating that the FRP jacket lacks the ri-
gidity to prevent brittle concrete cracking. Conversely, some specimens
display a decline after peak stress, indicating insufficient confinement
when unconfined concrete strength exceeds ultimate strength. Such
confinement levels should be avoided in design. Additionally, higher
unconfined concrete strength reduces confinement effectiveness at a
given FRP level, making high-strength concrete (HSC) columns more
prone to insufficient confinement and post-peak softening if the FRP
lacks adequate stiffness [3,73,74]. Overall, there is a strong correlation

between experimental and numerical relationships of axial load and
strain.

5.2. Stress-strain behavior

Fig. 7 depicts stress and strain values at different positions for the 45
experimental results obtained from the aforementioned published works
in the literature [3,12,42,52]. The literature reports similar effects for
stress and strain results [75,76]. The ultimate axial stress and corre-
sponding axial strain increase with increase number of the FRP. How-
ever, the non-uniform distribution of FRP confining pressure negatively
impacts the axial behavior of elliptical FRP-confined concrete columns.
High-strength concrete is stiffer and has less extensive concrete crack
development, resulting in a longer lag between the development of axial
strain and confining strain and stress.

5.3. Effects of test variables

The impacts of different test variables including three main param-
eters such as concrete strength, number of FRP layers, and sectional
aspect ratio on the strength and strain enhancements for a total of 85
experimental and simulated specimens are presented in the following
subsections.

5.3.1. Effect of variation in concrete strength
Fig. 8 illustrates the relationship between concrete strength and the

strength enhancement ratio for experimental specimens (A1 to A16)
with a strength of 72.4 MPa and simulated specimens (A17 to A32) with
a strength of 50 MPa, categorized by aspect ratios of 1.0, 1.3, 1.7, and
2.0. The data shows an inverse correlation: higher concrete strength
correlates with a lower strength enhancement ratio, and vice versa. For
example, specimen A17 (50 MPa) has a strength enhancement ratio
about 50 % greater than A1 (72.4 MPa) at an aspect ratio of 1.0
(Fig. 9A). This effect is less pronounced at an aspect ratio of 1.3, where
A18’s ratio is 38 % higher than A2 (Fig. 9B). This trend continues for
aspect ratios of 1.7 and 2.0. As aspect ratios increase, the strength
enhancement ratio decreases due to reduced uniformity of FRP
confining pressure. A similar trend is observed in the strain enhance-
ment ratio, with A17’s ratio being 47 % greater than A1’s at an aspect
ratio of 1.0 (Fig. 9).

Moreover, as it is depicted in Fig. 9(c), the strain enhancement ratio
of the A19 specimen is 85 % higher than that of the A3 specimen when
the aspect ratio is 1.7. By comparing Figs. 10A and 10D, it is feasible to
determine that the influence of the strain enhancement ratio is less
significant when the aspect ratio is increased from 1.0 to 2.0.

Fig. 10 (E, F) shows the relationship between concrete strength and
the strength enhancement ratio for specimens D1-D8 and D13-D16, with
concrete strengths of 41.2, 53.6, and 75.7 MPa (Liu et al. [42]). The data
indicates that an increase in aspect ratio leads to a decrease in the
strength enhancement ratio. For example, specimen D1 (41.2 MPa) has a
strength enhancement ratio 66 % greater than D13 (75.7 MPa) at an
aspect ratio of 1.0 and FRP thickness of 2.89 mm.

The impact of concrete strength on the strength enhancement ratio is
shown in Fig. 11 (A, B), using two different FRP thicknesses: 0.171 mm
(one layer) and 0.342 mm (two layers). The data includes experimental
specimens from Teng et al. [12] and simulated models. When the FRP
thickness is increased from 0.171 mm (one layer) to 0.342 mm (two
layers), there is an increase in the strength enhancement ratio, as shown
in Fig. 15B. From Teng et al. [12], the impact of concrete strength on the
strain enhancement ratio for both one layer of FRP (0.171 mm) and two
layers of FRP (0.342 mm) is reported in Fig. 11(A, B). Fig. 11(C, D)
shows no direct relationship between the strain enhancement ratio and
concrete strength for a single layer of FRP wrap. However, for two layers
of FRP wrap, there is no relationship between the strain enhancement
ratio and the increase in concrete strength, as reported in Fig. 11(C, D).

Fig. 5. Stress-strain curve of unconfined concrete under compression.
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5.3.2. Effect of variation in the number of FRP layers
The impact of changing the number of layers of CFRP and GFRP on

the strain enhancement ratio is shown in Fig. 12. The data includes
experimental results from Chen et al. [3] and numerical data from a
parametric study. In general, GFRP layers show a better strain
enhancement ratio compared to CFRP layers. According to Chen et al.
[3], increasing the level of confinement could offset any decrease in
effectiveness due to the opposing effects of the increasing sectional
aspect ratio.

Fig. 13 depicts the influence of the number of CFRP/GFRP jackets on
the strength enhancement ratio, utilizing both experimental results from

Chen et al. [3] and numerical data from a parametric study. Conversely,
as compared to Fig. 12, Fig. 13A reveals that the strength enhancement
ratio does not increase significantly as the number of CFRP layers in-
creases. With the increase in the aspect ratio, the rate of strength
enhancement ratio is slow, whereas, for the lower aspect ratio, the rate
of strength enhancement ratio is more observed for CFRP layers. In
contrast to CFRP, GFRP layers exhibit a higher strength enhancement
ratio at aspect ratios of 1.0 and 1.3, respectively. With the increase in the
aspect ratio to 2.0, the rate of strength enhancement ratio is lower, as
shown in Fig. 13B.

Fig. 6. Comparison between experimental and FEM results from Chen et al. [3], Wang et al. [52], Teng et al. [12], and Liu et al. [42].
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Fig. 7. Stress and strain behavior for simulated specimens.
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Fig. 8. Impact of concrete strength on strength enhancement ratio for experimental specimens taken from Chen et al. [3] and Liu et al. [42] and simulated specimens.
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5.3.3. Effect of variation in sectional aspect ratio
It is clear from Fig. 14, for different aspect ratios and thickness of FRP

layers, that the axial load and axial strain is decreasing with increasing
the sectional aspect ratio. Increasing the number of FRP layers for the
same aspect ratio leads to an increase in the axial load and axial strain
capacities.

Fig. 15 demonstrates the influence of the aspect ratio on the axial
load and axial strain capacities using both simulated results from a
thorough parametric study and experimental results from Teng et al.
[12]. Similar to the observations in Fig. 14, a descending pattern can be
seen in the axial load and axial strain values with increasing the aspect
ratio. Meanwhile, with the increase in the unconfined concrete strength
from 32.6 to 46.4 MPa, there is an increase in the axial load and axial
strain capacitates for various aspect ratios and single layer of FRP wrap
as presented in Figs. 15A and 15B, respectively. As shown in Figs. 15C
and 15D, with an increase in the concrete strength from 35.8 to
40.2 MPa and number of FRP layers from one to two, a significant in-
crease in the axial load and strain values can be observed as compared to
Figs. 15A and 15B, respectively. A similar behavior is noted for speci-
mens derived from Wang et al. [52] and Liu et al. [42].

6. Machine learning modeling

6.1. Dataset construction

Before delving into the application of machine learning models, a
comprehensive exploration of the dataset was conducted to gain insights
into its characteristics and relationships between variables. Table 3
provides a summary of descriptive statistics for the dataset. This
included key metrics such as mean, standard deviation, minimum,
maximum, and quartile values for each numerical feature, offering an
overview of the central tendency and variability within the data. A pair
plot offered a visual representation depicted in Fig. 16 pairwise re-
lationships between different features in the dataset. This exploratory
visualization facilitated the identification of potential patterns, trends,
and outliers, aiding in the initial assessment of data distribution and
correlation. The correlation heatmap, demonstrated in Fig. 17, provides
insights into the strength and direction of linear relationships between
variables. By visualizing the correlation coefficients, it was possible to
identify features that exhibited significant correlations with each other
and with the target variable. Upon analysis, it was observed that the

Fig. 9. Impact of concrete strength on strength and strain enhancement ratio for experimental specimens taken from Liu et al. [42].
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Fig. 10. Impact of concrete strength on strain enhancement ratio for experimental specimens taken from Chen et al. [3] and Liu et al. [42] simulated specimens.
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feature named 2b (mm), which stands on width of cross section gave the
highest correlation with the fcc (MPa) target, indicating a potentially
influential role in predicting the target outcome. Conversely, the feature
2b (mm), depth stands on depth of cross section displayed the lowest
correlation coefficient with the target variable, suggesting a weaker
association compared to other features. It should be noticed that the
high or low correlation with the target does not guarantee high or low
contribution to the model’s prediction. In Fig. 18, Histograms were
utilized to visualize the distribution of data within each feature, offering
insights into the spread and concentration of values.

6.2. Overview of machine learning

Tree-based machine learning models have been pivotal in the pre-
dictive tasks, which widely use in engineering problems, offering ver-
satile tools for both classification and regression tasks. These models
leverage hierarchical decision structures to partition the feature space
andmake predictions based on the characteristics of the data. Over time,
tree-based algorithms have evolved from simple decision trees to more
complex ensemble methods, each with its own distinct advantages and
capabilities.

Decision tree model can be considered as foundation of these models,
which recursively split the feature space based on the values of input
features. The features with lowest Gini Impurity (GI), which calculated

using Eq. (4), will be placed at the top nodes of tree [77–79].

GI =
∑k

j=1
P̂i,j(1 − P̂i,j) (6)

Despite Decision tree’s simplicity and interpretability, it suffers from
overfitting, particularly when dealing with complex datasets with high-
dimensional feature spaces, which currently utilize in engineering. To
solve the mentioned drawbacks, Random Forest (RF) model is devel-
oped, which multiple decision trees using bootstrapped samples from
the dataset and random subsets of features at each node, as shown in
Fig. 19.

Another notable advancement in tree-based modeling is Gradient
Boosting, which sequentially builds a series of decision trees to correct
the errors of the preceding models. Unlike Random Forest, Gradient
Boosting focuses on minimizing the residuals of the ensemble by fitting
new trees to the negative gradient of the loss function. Through this
iterative process, Gradient Boosting gradually improves predictive ac-
curacy and can capture complex relationships within the data.

XGBoost (Extreme Gradient Boosting) represents a further refine-
ment of Gradient Boosting algorithms, introducing enhancements such
as regularization techniques and advanced optimization algorithms.
XGBoost optimizes a more complex objective function that incorporates
regularization terms to prevent overfitting and improve model robust-
ness. Additionally, XGBoost offers efficient distributed computing

Fig. 11. Impact of concrete strength on strength and strain.
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Fig. 12. Impact of the number of FRP layers on the strain.
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Fig. 13. Impact of the number of FRP layers on strength.
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capabilities, making it suitable for handling large-scale datasets with
millions of samples and features [79].

For evaluating performance of the developed models on prediction,
three keymetrics were utilized: the coefficient of determination (R2), the
root mean squared error (RMSE), and the mean absolute error (MAE).

The R2 value is a measure of the proportion of the variance in the
dependent variable that is predictable from the independent variables,
defined in Eq. (5).

Fig. 14. Effect of sectional aspect ratio on axial load and axial strain relationships for experimental specimens taken from Chen et al. [3] and simulated specimens
derived from a parametric study.
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Fig. 15. Effect of sectional aspect ratio on axial load and axial strain relationships.
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Table 3
Statistical properties of dataset.

fco (MPa) tf × Ef (MPa) 2a (mm) 2b (mm) fcc (MPa) εcc (mm/mm)

Count 130.00 130.00 130.00 130.00 130.00 130.00
Mean 50.17 141,833.35 254.69 173.00 68.63 0.01
Std 16.32 72,652.13 39.74 60.42 28.08 0.01
Min 24.50 49,590.00 200.00 80.00 25.20 0.00
25 % 35.80 99,180.00 200.00 125.00 49.19 0.01
50 % 50.00 127,440.00 250.00 151.15 61.90 0.01
75 % 72.40 178,416.00 295.90 199.00 87.54 0.02
Max 75.70 349,200.00 305.00 305.00 173.40 0.03

Fig. 16. Scatter plot of dataset.
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Fig. 17. Correlation heatmap between output and input variables.

Fig. 18. Histograms of output and input variables.
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R2 = 1 −
SSres
SStot

(7)

Where SSres is the residual sum of squares and SStot is the total sum of
squares. It quantifies the goodness of fit of the model, with values closer
to 1 indicating a better fit. The RMSE and MAE, expressed in Eq. (6),
measures the average magnitude of the errors between predicted and
actual values, providing insight into the model’s accuracy. In Eq. (7),
MAE represents the average absolute difference between the predicted
and actual values, offering a precise measure of prediction accuracy that
is less sensitive to outliers.

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑

(ŷtest,i − ytest,i)2

N

√

(8)

MAE =
1
n
∑n

i=1
|yi − ŷi| (9)

6.3. Hyperparameters tuning using Randomized Search CV

Machine learning algorithms often have hyperparameters, which are
settings that control the learning process but are not learned from the
data. For assessing to best performance of MLmodels, it is crucial to tune
their hyperparameters. Grid search method can be considered as an
effective way for hyperparameters tuning. As illustrated in Fig. 20, this
method systematically searches through a specified grid of hyper-
parameters for a model and return the best values of hyperparameters.
The desired hyperparameters and their possible ranges and values for
hyperparameter tuning, using grid search, are listed in Tables 4 to 6.

Fig. 19. Schematic of Random Forest model.

Fig. 20. Grid search method flowchart.

Table 4
DT grid search parameters.

Max depth Min samples leaf Min samples split Max features

None 1 2 ’auto’
3 2 5 ’sqrt’
5 4 10 ’log2’
7 8 20 None
10 - - -

Table 5
RF grid search parameters.

N estimators Max
depth

Min samples
leaf

Min samples
split

Max
features

50 None 1 2 ’auto’
100 10 2 5 ’sqrt’
200 20 4 10 ’log2’
300 30 8 20 None

Table 6
GB and XGB grid search parameters.

Learning rate N estimators Max depth

0.01 50 3
0.1 100 5
0.2 200 7
0.3 300 9
0.5 ​ 12
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Fig. 21. ML models result with the target of fcc (MPa): (a) DT, (b) RF, (c) GB, and (d) XGB.
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Fig. 22. ML models results with the target of εcc (mm/mm): (a) DT, (b) RF, (c) GB, and (d) XGB.

C. Yue et al. Structures 70 (2024) 107681 

22 



7. Machine learning results

In this study, four tree-based ML models, including DT, RF, GB, XGB
were implemented. The result of mentioned models with the target of fcc

(MPa) and εcc (mm/mm) are indicated in Figs. 21 and 22, before and
after applying grid search for hyperparameters, respectively. It can be
seen as a mild growth in the scores of the ML models’ results, which
obviously exhibits the efficiency of grid search. Among the models with

Table 7
Best hyperparameters resulting from grid search: fcc (MPa).

Model N estimators Max depth Learning rate Min sample leaf Min sample split Max features Random state

DT - 10 - 1 2 sqrt 0
RF 200 None - 1 2 sqrt 0
GB 200 3 0.5 - - - 0
XGB 300 3 0.3 - - - 0
Train_Test_split 0 ​ ​ ​ ​ ​ ​

Table 8
Best hyperparameters resulting from grid search: εcc (mm/mm).

Model N estimators Max depth Learning rate Min sample leaf Min sample split Max features Random state

DT - 5 - 2 2 auto 0
RF 50 None - 1 2 auto 0
GB 50 3 0.2 - - - 0
XGB 100 3 0.1 - - - 0
Train_Test_split 10 ​ ​ ​ ​ ​ ​

Fig. 23. Impact of grid search on ML models’ results.
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the target of εcc (mm/mm), XGB and GB models achieve the highest
score, accounting for 0.95. Additionally, the XGB model with a score of
0.95 is assumed to be the best model for the target of fcc (MPa).

The best values for most important hyperparameters, which resulted
from grid search are shown in Tables 7 and 8 with both targets, fcc (MPa)
and εcc (mm/mm). Moreover, the impact of hyperparameters tuning,
implemented by grid search can be observed in Fig. 23.

To make it easier for users to access and utilize these ML models, the
GUI of the models is designed as illustrated in Fig. 24. Additionally, the
open-source code for the GUI is available on GitHub.

7.1. Features importance

In order to interpreting the black box of ML models, SHapley value
are used in this study. SHapley values, originating from cooperative
game theory, offer a powerful framework for interpreting the contri-
butions of individual features within machine learning models [80]
(Fig. 25). As Eq. (8) demonstrates, the Shapley value ∅i for feature i is
calculated as the average marginal contribution of that feature across all
possible permutations of features, where N is the set of all features, S
designates a subset of features excluding feature i, |S| denotes the car-
dinality of set S, v(S) is the model’s prediction when only features in set S
are considered, and v(S ∪ {i}) is the model’s prediction when feature i is
added to set S [81,82].

ϕi =
∑

S⊊N{i}

|s|!(|N| − |S| − 1 )!
|N|!

[v(S ∪ {i} ) − v(S) ] (10)

The SHapley values for each record on test data separately are pre-
sented in Fig. 26, while Fig. 27 indicates the mean SHapley values of
each feature on the model’s prediction on test data. Also, the rank of
each feature’s importance is visible in both Fig. 26 and Fig. 27. As a
general trend, it can be seen that 2a (mm) and tf (mm) × Ef (MPa) ach-
ieved the last rank in the feature importance of the XGBoost model with
the target fcc (MPa) and the target εcc (mm) respectively. The fco feature
can be considered as most important feature in both models.

7.1.1. Genetic expression programming proposed model
In an effort to propose an explicit formula to calculate Confined

concrete strength, genetic expression programming (GEP) is used. In
GEP, chromosomes are constructed with linear sequences containing
genes representing features, targets, or operators. Each gene consists of a
head and a tail section, where operators are not allowed in the tail
section. The length of the head section is defined by user, while the tail
section’s length depends on the maximum number of operator argu-
ments and the head length. After constructing chromosomes, their
fitness is determined by expressing them as expression trees (ETs) and
evaluating their predicted values against real targets in a given dataset
[77,83]. This process helps measure the accuracy of the chromosome’s

Fig. 24. GUI of ML models.

Fig. 25. Workflow of Shapley values method.
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Fig. 26. SHapley values of XGB model: (a) with the target of fcc (MPa), (b) with the target of εcc (mm/mm).
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Fig. 27. Mean SHapley values of each feature of XGB model: (a) with the target of fcc (MPa), (b) with the target of εcc (mm/mm).

C. Yue et al. Structures 70 (2024) 107681 

26 



predictions. Based on this method, a formula presented in Eq. (9) and
Fig. 28 for calculating confined concrete strength is proposed and the
parameters, which used in this model are outlined in Table 9. It should
be noted that the inputs should be normalized using standard scaler (Eq.
(10)). The result of proposed formula in this dataset are given in Fig. 29.

FGEP = F1 + F2 + F3 (11)

F1 = Arctan(max(d0, (d1 − m)))

m = d1 − min(d0 − 1.19) −
(
d2 + d3

2

)

F2 = sin(max(d3, k) − 0.18 )

k = Arctan(min( − 0.89 − d1), d0)

F3 = tanh(d2(max(d1, d2) ) ∗ (d3 − 6.65) ∗ exp(d3))

Ffinal =
FGEP − Fave

Fstd
∗ Targetstdev+Targetave

Fave = 0.00253 , Fstd = 0.93

Targetave = 68.46 , Targetstdev = 28.85

Z =
xi − xmean

xstd
(12)

d0 : fco (MPa) : xmean = 49.5, xstd = 16.29

d1 : t f (mm) ∗ E f (MPa) : xmean = 140964.4, xstd = 71691.91

d2 : 2a (mm) : xmean = 256.09, xstd = 40.62

d3 : 2b (mm) : xmean = 177.74, xstd = 61.42

8. Conclusions

The current study investigates 85 elliptical concrete columns wrap-
ped with FRP (CFRP and GFRP) jacket subjected to axial compressive
strength. The FE modeling was developed and validated with the
experimental data mentioned earlier. Regression analysis is performed
to establish the model, and ML techniques validate it. The following
conclusions can most properly be drawn:

• The ultimate axial stress and corresponding axial strain increase with
more FRP layers, but non-uniform FRP distribution negatively affects
the axial behavior of elliptical FRP-confined concrete columns. High-
strength concrete is stiffer and experiences less cracking, resulting in
a longer delay between axial strain and confining stress.

• For different aspect ratios and thicknesses of FRP layers, it was
observed that the axial load and axial strain decrease with increasing
sectional aspect ratio. Additionally, increasing the number of FRP
layers for the same aspect ratio leads to an increase in the axial load
and axial strain capacities.

• Comparing GFRP to CFRP layers, the former often exhibit a greater
ratio of enhanced strain. This suggests that GFRP layers have a
generally higher capacity to increase deformation under stress than
CFRP layers. The unique qualities of the materials, their interactions
with the matrix, or the production techniques used could all be
contributing factors to this superiority.

• In general, the FEM technique provided a good prediction of the axial
performance of elliptical CFRP/GFRP-confined concrete columns.

• With the R2 values of 0.95, XGB outperformed the other four tree-
based machine learning models in terms of predictive accuracy for
both the fcc and εcc targets.

• Grid search hyperparameter tuning produced better results for all
models, indicating its significance in optimizing ML model
capabilities.

• The fco feature was found to have the greatest influence on SHapley
value analysis for predicting confined concrete strength across tar-
gets, whereas the 2a parameter had the least effect.

• Using the raw input features, the proposed GEP formula offers a clear
and simple method for directly determining the strength of elliptical
concrete columns.

To provide a more comprehensive understanding of the research
context and to acknowledge potential constraints or challenges in the
findings, it is essential to list out the limitations of the current study.
Some limitations include:

• The study uses the assumption that FRP materials have uniform
characteristics; it ignores possible differences in manufacture or use
that can affect how successful these materials are at confining
concrete.

• The axial compressive behavior under static loading situations is the
main emphasis of the model. It might not be as reliable in forecasting
dynamic responses or other loading modes, including lateral loads.

• Although the article’s primary focus is on elliptical cross-sections, it
may not fully depict the range of geometric changes found in real-
world buildings.

• Numerous studies, including this one, simplify by assuming perfect
bonding between the concrete and FRP strips. This assumption
simplifies modeling and analysis, but complete bonding is difficult in
real-world applications. Therefore, it is crucial to recognize this
assumption as a limitation of the study.

• The model could potentially ignore certain localized impacts or flaws
in the FRP-confined column structure. The model might not fully
account for discrepancies, site-specific factors, or construction
techniques.
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Annexure A
Experimental (from literature) and simulated (from parametric study) database of elliptical FRP-confined concrete columns.

Group
No.

No. Source Specimen Peak strength of
unconfined concrete,
fco (MPa)

FRP properties Geometrical properties Test results FEM results

Material
type

No. of
layers

Thickness of
layers (mm/
mm)

Total
thickness, tf
(mm)

Young’s
modulus, Ef
(MPa)

2a
(mm)

2b
(mm)

H
(mm)

fcc
(MPa)

εcc (mm/
mm)

fcc
(MPa)

εcc (mm/
mm)

A 1 Chen et al.3 A1 72.4 CFRP 3 0.167 0.501 210000 250 250 500 104.850 0.0180 105.848 0.0190
2 Chen et al.3 A2 72.4 CFRP 3 0.167 0.501 210000 250 192 500 88.750 0.0163 87.518 0.0147
3 Chen et al.3 A3 72.4 CFRP 3 0.167 0.501 210000 250 147 500 79.000 0.0118 79.881 0.0133
4 Chen et al.3 A4 72.4 CFRP 3 0.167 0.501 210000 250 125 500 76.650 0.0105 73.929 0.0112
5 Chen et al.3 A5 72.4 GFRP 5 0.354 1.770 72000 250 250 500 108.450 0.0152 107.528 0.0154
6 Chen et al.3 A6 72.4 GFRP 5 0.354 1.770 72000 250 192 500 93.900 0.0124 91.331 0.0118
7 Chen et al.3 A7 72.4 GFRP 5 0.354 1.770 72000 250 147 500 83.100 0.0099 82.628 0.0105
8 Chen et al.3 A8 72.4 GFRP 5 0.354 1.770 72000 250 125 500 77.250 0.0088 75.856 0.0091
9 Chen et al.3 A9 72.4 GFRP 7 0.354 2.478 72000 250 250 500 136.550 0.0216 138.002 0.0208

10 Chen et al.3 A10 72.4 GFRP 7 0.354 2.478 72000 250 192 500 112.250 0.0155 114.645 0.0159
11 Chen et al.3 A11 72.4 GFRP 7 0.354 2.478 72000 250 147 500 96.200 0.0114 97.672 0.0122
12 Chen et al.3 A12 72.4 GFRP 7 0.354 2.478 72000 250 125 500 88.050 0.0105 87.543 0.0106
13 Parametric A13 72.4 GFRP 6 0.354 2.124 72000 250 250 500 - - 116.056 0.0160
14 Parametric A14 72.4 GFRP 6 0.354 2.124 72000 250 192 500 - - 105.509 0.0143
15 Parametric A15 72.4 GFRP 6 0.354 2.124 72000 250 147 500 - - 91.963 0.0121
16 Parametric A16 72.4 GFRP 6 0.354 2.124 72000 250 125 500 - - 82.662 0.0106
17 Parametric A17 50.0 CFRP 3 0.167 0.501 210000 250 250 500 - - 108.808 0.0278
18 Parametric A18 50.0 CFRP 3 0.167 0.501 210000 250 192 500 - - 83.682 0.0225
19 Parametric A19 50.0 CFRP 3 0.167 0.501 210000 250 147 500 - - 75.492 0.0239
20 Parametric A20 50.0 CFRP 3 0.167 0.501 210000 250 125 500 - - 63.112 0.0159
21 Parametric A21 50.0 GFRP 5 0.354 1.770 72000 250 250 500 - - 101.631 0.0189
22 Parametric A22 50.0 GFRP 5 0.354 1.770 72000 250 192 500 - - 81.262 0.0160
23 Parametric A23 50.0 GFRP 5 0.354 1.770 72000 250 147 500 - - 65.574 0.0117
24 Parametric A24 50.0 GFRP 5 0.354 1.770 72000 250 125 500 - - 62.090 0.0111
25 Parametric A25 50.0 GFRP 7 0.354 2.478 72000 250 250 500 - - 173.400 0.0266
26 Parametric A26 50.0 GFRP 7 0.354 2.478 72000 250 192 500 - - 130.713 0.238
27 Parametric A27 50.0 GFRP 7 0.354 2.478 72000 250 147 500 - - 90.910 0.0173
28 Parametric A28 50.0 GFRP 7 0.354 2.478 72000 250 125 500 - - 76.543 0.0141
29 Parametric A29 50.0 GFRP 6 0.354 2.124 72000 250 250 500 - - 133.321 0.0227
30 Parametric A30 50.0 GFRP 6 0.354 2.124 72000 250 192 500 - - 104.111 0.0204
31 Parametric A31 50.0 GFRP 6 0.354 2.124 72000 250 147 500 - - 75.233 0.0141
32 Parametric A32 50.0 GFRP 6 0.354 2.124 72000 250 125 500 - - 72.098 0.145

B 33 Teng
et al.12

B1 32.6 CFRP 1 0.171 0.171 290000 200 200 400 43.450 0.0083 42.789 0.0079

34 Teng
et al.12

B2 32.6 CFRP 1 0.171 0.171 290000 200 155 400 41.550 0.0078 41.780 0.0071

35 Teng
et al.12

B3 32.6 CFRP 1 0.171 0.171 290000 200 120 400 37.800 0.0049 39.138 0.0058

36 Teng
et al.12

B4 32.6 CFRP 1 0.171 0.171 290000 200 100 400 35.500 0.0037 36.770 0.0037

37 Parametric B5 32.6 CFRP 1 0.171 0.171 290000 200 80 400 - - 32.252 0.0017
38 Teng

et al.12
B6 46.4 CFRP 1 0.171 0.171 290000 200 200 400 52.600 0.0064 52.929 0.0069

39 Teng
et al.12

B7 46.4 CFRP 1 0.171 0.171 290000 200 155 400 51.800 0.0072 55.459 0.0087

40 Teng
et al.12

B8 46.4 CFRP 1 0.171 0.171 290000 200 120 400 50.400 0.0064 52.714 0.0064

41 Teng
et al.12

B9 46.4 CFRP 1 0.171 0.171 290000 200 100 400 47.450 0.0043 51.668 0.0054

42 Parametric B10 46.4 CFRP 1 0.171 0.171 290000 200 80 400 - - 48.787 0.0032

(continued on next page)
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Annexure A (continued )

Group
No.

No. Source Specimen Peak strength of
unconfined concrete,
fco (MPa)

FRP properties Geometrical properties Test results FEM results

Material
type

No. of
layers

Thickness of
layers (mm/
mm)

Total
thickness, tf
(mm)

Young’s
modulus, Ef
(MPa)

2a
(mm)

2b
(mm)

H
(mm)

fcc
(MPa)

εcc (mm/
mm)

fcc
(MPa)

εcc (mm/
mm)

43 Teng
et al.12

B11 35.8 CFRP 2 0.171 0.342 290000 200 200 400 56.100 0.0119 65.191 0.0156

44 Teng
et al.12

B12 35.8 CFRP 2 0.171 0.342 290000 200 155 400 52.100 0.0099 57.643 0.0117

45 Teng
et al.12

B13 35.8 CFRP 2 0.171 0.342 290000 200 120 400 58.300 0.0130 59.814 0.0129

46 Teng
et al.12

B14 35.8 CFRP 2 0.171 0.342 290000 200 100 400 45.250 0.0086 51.580 0.0089

47 Parametric B15 35.8 CFRP 2 0.171 0.342 290000 200 80 400 - - 45.894 0.0061
48 Teng

et al.12
B16 40.2 CFRP 2 0.171 0.342 290000 200 200 400 60.900 0.0091 64.167 0.0103

49 Teng
et al.12

B17 40.2 CFRP 2 0.171 0.342 290000 200 155 400 59.350 0.0094 61.738 0.0099

50 Teng
et al.12

B18 40.2 CFRP 2 0.171 0.342 290000 200 120 400 56.650 0.0096 62.054 0.0120

51 Teng
et al.12

B19 40.2 CFRP 2 0.171 0.342 290000 200 100 400 51.400 0.0082 56.089 0.0098

52 Parametric B20 40.2 CFRP 2 0.171 0.342 290000 200 80 400 - - 48.324 0.0066
C 53 Wang

et al.62
C1 24.5 CFRP 1 0.171 0.171 290000 305 305 915 35.000 0.0185 35.164 0.0178

54 Parametric C2 24.5 CFRP 1 0.171 0.171 290000 305 235 915 - - 32.873 0.0147
55 Parametric C3 24.5 CFRP 1 0.171 0.171 290000 305 180 915 - - 31.367 0.0115
56 Parametric C4 24.5 CFRP 1 0.171 0.171 290000 305 152 915 - - 28.078 0.0087
57 Parametric C5 24.5 CFRP 1 0.171 0.171 290000 305 122 915 - - 25.974 0.0040

D 58 Liu et al.49 D1 41.2 GFRP 6 0.482 2.890 72000 299.5 299.5 600 85.600 0.0273 83.969 0.0267
59 Liu et al.49 D2 41.2 GFRP 6 0.473 2.840 72000 295.9 196.0 600 73.400 0.0244 75.295 0.0244
60 Liu et al.49 D3 41.2 GFRP 6 0.523 3.140 72000 297.9 150.3 600 52.000 0.0199 51.707 0.0201
61 Liu et al.49 D4 41.2 GFRP 6 0.525 3.150 72000 295.8 119.4 600 43.700 0.0215 44.752 0.0216
62 Liu et al.49 D5 53.6 GFRP 6 0.482 2.890 72000 299.5 299.5 600 89.800 0.0219 89.025 0.0218
63 Liu et al.49 D6 53.6 GFRP 6 0.473 2.840 72000 295.9 196.0 600 77.200 0.0206 78.743 0.0206
64 Liu et al.49 D7 53.6 GFRP 6 0.523 3.140 72000 297.9 150.3 600 57.200 0.0166 56.862 0.0169
65 Liu et al.49 D8 53.6 GFRP 6 0.525 3.150 72000 295.8 119.4 600 50.500 0.0149 46.783 0.0148
66 Liu et al.49 D9 53.6 GFRP 10 0.485 4.850 72000 299.5 299.5 600 112.200 0.0241 112.366 0.0238
67 Liu et al.49 D10 53.6 GFRP 10 0.443 4.430 72000 295.9 196.0 600 102.500 0.0256 103.554 0.0256
68 Liu et al.49 D11 53.6 GFRP 10 0.426 4.260 72000 297.9 150.3 600 66.500 0.0158 65.858 0.0157
69 Liu et al.49 D12 53.6 GFRP 10 0.441 4.410 72000 295.8 119.4 600 60.300 0.0148 60.251 0.0148
70 Liu et al.49 D13 75.7 GFRP 1 2.890 2.890 72000 299.5 299.5 600 95.900 0.0084 91.485 0.0085
71 Liu et al.49 D14 75.7 GFRP 1 2.840 2.840 72000 295.9 196.0 600 74.500 0.0102 71.635 0.0103
72 Liu et al.49 D15 75.7 GFRP 1 3.140 3.140 72000 297.9 150.3 600 55.100 0.0096 55.868 0.0092
73 Liu et al.49 D16 75.7 GFRP 1 3.150 3.150 72000 295.8 119.4 600 55.300 0.0086 53.264 0.0094
74 Parametric D17 30 GFRP 4 0.354 1.416 72000 299.5 299.5 600 - - 51.438 0.0214
75 Parametric D18 30 GFRP 4 0.354 1.416 72000 295.9 196.0 600 - - 34.005 0.0142
76 Parametric D19 30 GFRP 4 0.354 1.416 72000 297.9 150.3 600 - - 28.535 0.0138
77 Parametric D20 30 GFRP 4 0.354 1.416 72000 295.8 119.4 600 - - 25.196 0.0122
78 Parametric D21 30 GFRP 5 0.354 1.770 72000 299.5 299.5 600 - - 51.980 0.0201
79 Parametric D22 30 GFRP 5 0.354 1.770 72000 295.9 196.0 600 - - 38.254 0.0172
80 Parametric D23 30 GFRP 5 0.354 1.770 72000 297.9 150.3 600 - - 30.563 0.0140
81 Parametric D24 30 GFRP 5 0.354 1.770 72000 295.8 119.4 600 - - 28.355 0.0130
82 Parametric D25 30 GFRP 6 0.354 2.124 72000 299.5 299.5 600 - - 38.658 0.0236
83 Parametric D26 30 GFRP 6 0.354 2.124 72000 295.9 196.0 600 - - 41.430 0.0189
84 Parametric D27 30 GFRP 6 0.354 2.124 72000 297.9 150.3 600 - - 33.300 0.0156
85 Parametric D28 30 GFRP 6 0.354 2.124 72000 295.8 119.4 600 - - 30.220 0.0136

2a = Longer side of elliptical section (mm); 2b = Shorter side of elliptical section (mm); H = Height of concrete column (mm); fco = Peak strength of unconfined concrete column (MPa); fcc = Peak strength of confined
concrete column (MPa); εcc = Peak strain of confined concrete column (mm/mm); FRP = Fiber reinforced polymer; tf = Total thickness of FRP layers; Ef = Young’s modulus of FRP.
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Data Availability

Data associated with the present study will be available on request
from the corresponding author.
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