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Modeling the compressive behavior of fiber-reinforced polymer (FRP)-confined recycled aggregate concrete
(RAQ) is essential for practical engineering applications. Existing models often overlook the nonlinear effects of
recycled aggregate content on concrete strength, limiting their accuracy. To address this gap and promote sus-
tainable construction, this study proposes a novel approach for predicting the stress-strain behavior of FRP-
confined RAC under compression. T'he method integrates clustering techniques and singular value decomposi-
tion (SVD) to extract nonlinear relationships between key system parameters and stress-strain curves. The least
squares method is then used to optimize unknown system parameters. A dataset comprising 81 stress-strain
curves from eight references, totaling 2452 digitized data points at a strain rate of 0.0005, was used to train
the model. The proposed approach is validated against experimental results, demonstrating high accuracy in
capturing the mechanical behavior of FRP-confined RAC. These findings provide a more reliable predictive tool
for structural engineers and contribute to the advancement of sustainable concrete technologies.
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E; Initial elastic modulus of FRP-confined concrete
E, Slope of the asymptotic line in the hardening phase of the curve Ujj Belongness of j™ data to the i cluster
E, Concrete elastic modulus [} Basis vector
Efp FRP Elastic modulus T Membership degree
R Replacement percentage
D Specimen diameter
fee FRP-confined concrete ultimate strength
S FRP ultimate tensile strength 1. Introduction
fo Stress at the intersection of the back-extended asymptotic line
feo Unconfined concrete compressive strength With the increasing population and the push for urbanization,
n Curve shape parameter . . .
e Axial peak strain numerous structures currently need extensive repairs or may require

l . . . . .
o Ultimate strain of FRP-confined concrete replacement. This situation arises because these structures have either
Ep FRP ultimate strain reached or are approaching the end of their service life, were not built to
G FRP thickness the required specifications, or have not been properly maintained
Zf‘ IS\I“a“‘ efficiency factor of FRP throughout their use. Additionally, even structures that have not yet

orm matrix P .

e . e completed their intended lifespan may need to be taken down to adhere

h Coefficient of fuzzification X i
_ Cluster centers to updated zoning laws and contemporary urban planning standards

k= { K (Chen et al., 2019). These repair and replacement processes produce
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significant quantities of waste concrete that need to be disposed of
properly (Ho et al., 2021).
Data gathered from several countries across 6 continents indicates
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that the total generation of demolition and construction waste surpassed
3 billion tons for a year by 2012, and this trend is on the rise (Akhtar
etal., 2018). In 2020, Japan generated approximately 78.21 million tons
of demolition and construction waste (Zhao et al., 2023). Concrete
debris is often sent to distant landfills, resulting in transportation ex-
penses, heightened greenhouse gas emissions, the consumption of
valuable landfill space, and contributing to environmental pollution
(Chen et al., 2016a).

The buildup of construction and demolition waste poses significant
environmental challenges. Firstly, the accumulation of urban construc-
tion waste occupies significant land, alters the physical, chemical
properties and composition of the soil, degrades soil structure, and re-
duces fertility. Secondly, during the accumulation process, construction
waste releases harmful gases and odors. Bacteria, dust, and lightweight
debris from the waste can be blown into the atmosphere, contributing to
air pollution. Thirdly, as waste is piled and landfilled, it generates
leachate containing a variety of metal and non-metal pollutants, which
can severely contaminate surface and groundwater sources. Finally,
when construction waste is haphazardly piled and not cleared promptly,
it consumes vast urban space (Chen et al., 2019).

To mitigate the negative impacts of handling deconstruction waste, it
is worth investigating the utilization of this demolished concrete as
aggregate in concrete. Recycled Aggregate Concrete (RAC) has been
considered as a sustainable and eco-friendly construction material,
attracting the interest of many studies (Fathifazl et al., 2011; Topcu
et al., 2008; Gholampour et al., 2018; Ozbakkaloglu et al., 2018; Chen
et al., 2014; Kang et al., 2014). In this type of concrete, natural aggre-
gates are either partially or fully substituted with recycled aggregates,
which are created by grading, washing, and crushing waste concrete.
The benefits of recycling aggregates include: (i) the chance to repurpose
a widely used construction material, (ii) reducing environmental
pollution, (iii) conserving valuable landfill space, and (iv) conserving
natural resources (Xu et al., 2017a, 2017b; Chen et al., 2016b; Wu et al.,
2013).

Despite these environmental benefits, RAC exhibits the properties
that differ related to the natural aggregates, which may limit its wide-
spread use. Research has shown that old mortar adhered to the surface of
RCA leads to increased water absorption and higher porosity (Padmini
et al., 2009; Corinaldesi, 2010; Tam et al., 2005; Ferreira et al., 2011;
Silva et al., 2015). Additionally, the crushing process of RCA forms
cracks that can reduce compressive strength in comparison to the nat-
ural aggregates (Olorunsogo et al., 2002; Nagataki et al., 2004; Xiao
et al., 2012; Pedro et al., 2015).

It has been widely demonstrated that FRP confinement significantly
enhances the compressive strength and ductility of concrete, particu-
larly for materials with inherently brittle behavior such as ultra-high
performance concrete (UHPC). Numerous studies have explored the
key parameters influencing the behavior of FRP-confined concrete,
including the effects of fiber type, confinement ratio, and specimen
geometry. For instance, recent investigations on FRP-confined UHPC
have highlighted the positive effects of steel fibers, FRP thickness, and
confinement uniformity on improving both strength and ductility, while
also identifying the limitations of existing models in capturing post-peak
behavior (Liao et al., 2021). Additionally, new design-oriented models
have been proposed to describe the axial stress-strain response of
FRP-confined UHPC, accommodating both typical bilinear behavior and
cases where stress reduction-recovery phenomena occur (Liao et al.,
2022). These findings align with broader research showing that
FRP-confined concrete can exhibit complex three-stage behavior
(hardening-softening-rehardening) under axial compression, governed
by factors such as brittleness, shrinkage, and non-uniform confinement
(Liao et al., 2023).

Zhao et al. (2015) presented the findings from 18 axial compression
tests on FRP-confined RAC. Key conclusions include: i) RAC with a 20 %
replacement ratio performs similarly to natural aggregate concrete
(NAQ), both with and without FRP confinement; ii) Teng et al.’s model
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(Teng et al., 2009) and Jiang and Teng’s model (Jiang et al., 2007) are
accurate for prediction of the ultimate axial stress and tend to over-
estimate the ultimate strain, particularly for FRP-confined RAC; and iii)
notable discrepancies exist between the test results and the predictions
of these two stress-strain models. Chen et al. (2016a) presented the re-
sults of numerous compression tests on CFRP-confined RAC cylinders,
focusing on two key test parameters: the coarse aggregate replacement
ratio and the stiffness of the CFRP jacket. Chen et al. (2018) reported
axial compression tests on FRP-confined NAC and RAC specimens in 3
scales, diameters change between 150 mm and 300 mm. Specimens of
varying sizes were designed with identical FRP confinement stiffness to
investigate potential size effects in FRP-confined RAC for the first time.
The results show no significant size effect in either FRP-confined NAC or
RAC within the tested size range. Additionally, the effectiveness of FRP
confinement was found to be only slightly impacted by the recycled
aggregates. Wang et al. (2024) proposed a model for FRP-confined RAC
under compression load by using the confining stress path. The model
introduces an effect index to represent the effect of the confining stress
path on the concrete compressive strength. Relationships between the
confinement ratio and the effect index, as well as between the confine-
ment ratio and the lateral stress index, are established. Validation of the
model through comparing result of it with prior experimental results and
previous models shows that the FRP-confined RAC compressive strength
is influenced by the confinement path at low ratios (below 0.43) but it is
independent at higher ratios (above 0.43).

Several studies have utilized machine learning (ML) techniques and
artificial intelligence (AI) methods to predict the compressive strength
(CS) of FRP-confined concrete cylinders, addressing the challenges
associated with the complexity and variability of concrete behavior
under confinement. Cevik and Guzelbey (Cevik et al., 2008) applied a
neural network (NN) model to predict the confined CS of CFRP-wrapped
cylinders. They used 101 data points from seven different studies,
incorporating input parameters like the cylinder’s diameter, unconfined
CS, FRP tensile strength, and FRP thickness. The NN model’s results
demonstrated high accuracy with an R-value of 0.98 when compared to
experimental data. Their approach outperformed existing models in
terms of prediction accuracy. Elsanadedy et al. (2012) predicted the CS
and strain of FRP-confined cylinders using both regression and ANN
models. They trained a single hidden-layer NN and found that the ANN
model provided more accurate predictions compared to existing math-
ematical relationships. Jalal and Ramezanianpour (Jalal et al., 2012)
also employed ANN to enhance the prediction of the CS of FRP-confined
concrete cylinders. By using a dataset of 128 specimens, their model
showed a mean error of around 10 %, demonstrating better accuracy
compared to five existing models. Pham and Hadi (Pham et al., 2014)
applied ANN to predict the CS and strain of FRP-confined square and
rectangular columns, using 104 datasets for rectangular columns and 69
for square columns. Their model achieved high accuracy, with the cor-
relation factor reaching 96 % for rectangular columns and 98 % for
square columns. Their results indicated the potential of ANN in pre-
dicting the behavior of FRP-confined concrete columns with different
cross-sectional shapes. Moreover, Kamgar et al. (2020) investigated the
ultimate FRP-confined CS of cylinders using the feed-forward back-
propagation neural network (FFBPNN). They proposed a new model that
achieved an R-value of 0.9809 and a low error percentage of 3.49 %.
Their results were more accurate and precise compared to existing
models. Keshtegar et al. (2021)combined support vector regression
(SVR) and response surface modeling (RSM) to predict the CS of
FRP-confined cylinders. Their hybrid model showed robust behavior
with low mean absolute error (MAE) and root mean square error (RMSE)
values, outperforming other models. Kumar et al. (2022)used various
machine learning models, including GPR, SVM, and ensemble learning
(EL), to predict the CS of lightweight concrete (LWC). They optimized
these models and found that the optimized GPR model outperformed
others with an R-value of 0.9803. Their study also highlighted the effi-
ciency of SVMR and EL models. In another study, Kumar et al. (2023)
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Fig. 1. The effect of confinement on the compressive behavior of concrete.

evaluated the CS of fly-ash-based geopolymer concrete using optimized
SVM, GPR, and EL models, achieving an R-value of 0.9590 with the
optimized GPR model, outperforming other models in terms of accuracy.
Jamali et al. (2022) used machine learning models, such as multi-layer
perceptron (MLP), SVR, and a combination of ANFIS with particle
swarm optimization (PSO), to predict the CS. Their study also employed
the Kriging interpolation method for CS prediction. Among the models
tested, the Kriging method showed the highest accuracy with an R-value
of 0.985, outperforming the SVR and MLP models. In conclusion, these
studies demonstrate the effectiveness of machine learning techniques,
particularly ANN, genetic programming, and support vector regression,
in accurately predicting the CS of FRP-confined concrete cylinders.
These models not only offer higher accuracy compared to traditional
methods but also provide valuable tools for optimizing concrete designs
in construction engineering. Duan et al. (2013a) implemented an ANN
using 168 data sets, highlighting its effectiveness for this purpose.
Similarly, Younis and Pilakoutas (Younis et al., 2013) applied multiple
linear regression (MLR) and nonlinear regression analysis for CS esti-
mation, while also highlighting the positive impact of incorporating
steel fibers from recycled tires into RAC. Khademi et al. (2016a) assessed
the predictive capabilities of Al techniques, including ANN, ANFIS, and
MLR, in estimating CS. Their findings indicated that ANN demonstrated
the highest accuracy, with an R? value of 0.919 and a mean squared
error (MSE) of 19.768. However, ANFIS posed challenges related to
weight assignment in the membership function, necessitating the
application of optimization or metaheuristic algorithms to refine its
accuracy (Khosravi et al., 2018a, 2018b). Beyond ANN and ANFIS, other
Al-based approaches, such as support vector machines (SVM) and
extreme learning machines (ELM), have also been employed. These
methods, however, come with challenges such as high computational
demands for large datasets, slow learning rates, and scalability issues
(Zhang et al., 2005, 2008; Huang et al., 2011). In a separate study,
Abdollahzadeh et al. (2016) explored gene expression programming
(GEP) as a predictive tool for CS, particularly for RAC incorporating
silica fume. While their results were promising, their study did not
incorporate optimization techniques or comparative analyses with
benchmark models. Deep learning methods, such as convolutional
neural networks (CNNs), have also been explored for CS prediction.
Deng et al. (2018) examined the use of CNNs on 74 concrete block
samples, concluding that CNNs offered superior generalization ability,
efficiency, and precision compared to conventional techniques. Further
research on Al-based CS prediction models can be found in (Dantas et al.,
2013; Omran et al., 2016; Khademi et al., 2016b; Naderpour et al.,
2018), with an extensive review of related methodologies available in
(Asteris et al., 2019a, 2019b; Liu et al., 2020).

Although sustainable construction materials have gained increasing
attention, there is still a notable lack of research on the behavior of RAC
under confined conditions. While several studies have examined the
mechanical properties of RAC without confinement, its behavior when
confined has not been sufficiently explored. This is particularly impor-
tant given the growing application of recycled aggregates in structural

elements subjected to high confinement, such as columns and shear
walls. Confined concrete behavior plays a crucial role in determining the
material’s strength, ductility, and failure patterns, making accurate
modeling essential for safe structural design. To advance the use of RAC
in structural engineering and enhance sustainability in construction,
further investigation is necessary to develop more reliable models,
particularly for predicting stress-strain curves, which is the primary
motivation for this study. The key innovations of this contribution is
summarized as follows.

e A new method for modeling the behavior of FRP-confined RAC is
offered.

o o The structure of the proposed model is such that it facilitates the
use of the least squares method to optimize the model parameters.

e The SVD decomposition is utilized to calculate the basis vectors of
the experimental stress-strain curves, which are incorporated into
the structure of the proposed method.

e 81 experimental curves from 8 previous studies was extracted that is
used for training the proposed method’s parameters.

e A comparison is made between the results of the proposed method
and those obtained from experiments and other previous models.

e A simple empirical stress-strain model is proposed.

The remaining of this study is organized as follows.

Section 2 highlights the significance of the research conducted in this
study. Section 3 introduces a novel ML-driven framework for modeling
the behavior of FRP-confined RAC under compressive load. Section 4
provides detailed test results and an assessment of the proposed method.
Section 5 reports the results and discusses them. Section 6 is dedicated to
presenting a simple empirical stress-strain model. Section 7 addresses
limitations and outlines future work. Finally, Section 8 provides a
summary of the findings.

2. Research significant

It is well known that applying lateral confinement to concrete
significantly improves its strength and ductility. With the advent of FRP-
composites in the construction industry, their use as a confinement
material has gained considerable attention. Over the past two decades,
numerous experimental and analytical studies have been carried out to
investigate and model the compressive behavior of FRP-confined con-
crete. In circular concrete sections confined with FRP, the lateral
confining pressure (o;) exerted by the FRP shell can be considered uni-
formly distributed around the circumference (Fig. 1). This confinement
mechanism is passive, meaning the pressure develops in response to the
lateral expansion of concrete under axial compression. As the FRP shell
undergoes tensile stress in the hoop direction, the confining pressure (o;)
increases in proportion to this expansion until the system ultimately fails
due to the rupture of the FRP shell. As shown in Fig. 1, as the lateral
confining pressure increases, the specimen is able to withstand higher
compressive forces, causing the stress-strain curve to shift toward higher
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Fig. 2. Graphical abstract of this study.

values.

The growing emphasis on sustainable construction practices has led
to an increased interest in the application of RAC. As a viable alternative
to conventional concrete, RAC not only helps reduce waste but also
minimizes the environmental impact of extracting and processing nat-
ural aggregate (Chen et al., 2019; Ho et al., 2021). Despite its potential
benefits, the mechanical behavior of RAC, particularly when subjected
to confinement under compressive loads, remains poorly understood.
This gap in knowledge poses significant challenges for practical appli-
cations, as existing modeling techniques often do not adequately capture
the unique properties of RAC.

The primary concern lies in the inherent variability of recycled ag-
gregates, which are derived from demolished concrete structures. These
aggregates can exhibit differences in shape, size, composition, etc.,
which can lead to unpredictable mechanical behavior. In the existing
body of research on confined recycled aggregate concrete (RAC), a sig-
nificant limitation is the reliance on a narrow set of experimental data,
often derived from limited studies by a single researcher or group. Many
of the available models for predicting the behavior of confined RAC
under compression have been developed based on experimental data
that do not account for the diversity of RAC compositions or environ-
mental factors (Chen et al., 2016a) (Zhou et al., 2016) (Chen et al.,
2018) (Zhao et al., 2015). As a result, these models may fail to capture
the full range of mechanical behaviors that may arise when using
recycled aggregates from different sources or with varying characteris-
tics. Thus, there is an urgent need for a comprehensive approach that not
only considers experimental data from a wider range of studies but also
develops models that precisely reflect the behavior of FRP-confined
RAC.

In recent years, the application of artificial intelligence methods in
modeling the behavior of recycled materials has gained significant
attention (Armaghani et al., 2024; Asteris et al., 2024; Hosseini et al.,
2024; Rezaei et al., 2024; Saberi et al., 2022; Fattahi et al., 2024).
Techniques such as neural networks and fuzzy systems have been uti-
lized to predict properties like compressive strength (Topcu et al., 2008;
Duan et al., 2013a, 2021; Khademi et al., 2016a; Deng et al., 2018;
Dantas et al., 2013), tensile strength (Topcu et al., 2008; Xu et al., 2019),
and modulus of elasticity of concrete (Xu et al., 2019; Duan et al.,
2013b).

The application of ML-based methods in predicting the behavior of
FRP-confined recycled aggregate concrete (RAC) under compression is
still quite limited. Most existing machine learning approaches in this
domain have primarily focused on predicting specific parameters, such
as peak stress or strain, rather than capturing the complete stress-strain
response. However, none of these methods have been applied to the
prediction of stress-strain curves of RAC. This study presents a novel
approach by focusing on stress-strain curve prediction of FRP-confined
concrete containing recycled aggregates under compressive loading
for the first time. The graphical abstract of this study is illustrated in
Fig. 2.

3. Methodology

Fuzzy systems, particularly the Mamdani and Sugeno models, are
well-known in the field of fuzzy logic for their effectiveness in handling
complex decision-making, control systems, and pattern recognition
tasks. A newer fuzzy system, introduced by the author in 2017 (Saberi
etal., 2017), is based on the clustering of the input data and serves as the
basis for the method proposed in this study. Similar to the Sugeno sys-
tem, this approach generates crisp outputs directly from its rules.
However, unlike both the Mamdani and Sugeno systems, the member-
ship functions in this method are defined based on clusters across mul-
tiple dimensions, depending on the problem’s complexity. This design
allows for the direct calculation of membership degrees to combine
rules, eliminating the need for T-norm or S-norm operations. As a result,
the system’s unknown parameters can be optimized more easily, effi-
ciently, and stably using the least squares method. In this study, since
the primary focus is predicting stress-strain curves, the output of each
rule consists of basis curves, which are derived from the singular value
decomposition (SVD) of existing FRP-confined RAC curves. The math-
ematical details of the proposed method are outlined as follows.

The purpose of clustering approaches, for instance Fuzzy C-means

. ele 1 N .
(FCM), is to partition a dataset X = { X;.,, ..., X1, ¢ CR" into subgroups
1xr 1xr g

based on feature similarity. This similarity is measured through the
distance between cluster centers and data points. A shorter distance
indicates greater similarity. Consequently, the FCM algorithm seeks to
minimize a cost function, which represents the sum of the weighted
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distances between cluster centers and their corresponding data points,
defined as:
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and the norm matrix as A,,,. The term h > 1 represents the coefficient of
fuzzification, and the number of clusters is determined by c. The weights
u; indicate the degree to which the j* data belongs to the i* fuzzy

The distance, denoted as ST

cluster. These weights and the centers y = {71, T }, are computed

iteratively using the following procedure (Askari et al., 2017):

N —
—
Zlul j c xj7l41
— J A
Hi=—x—— U= 2 . (2)
Z k=1 — —
c Xj— Mk

A combination of the above-mentioned FCM and SVD decomposition
of experimental stress-strain curves, serves as a basis function for each
rule output, is applied to model the behavior of FRP-confined RAC.

. . . 1 n
Consider n input curves with r features X = {?1”7 e ?lx,} and

. . 1
their corresponding data { ( Z 1ty ?un) ..... < 71, £ Vix [n> }, where

t; denotes the number of data at the A" curve. The approximation j&
curve can be expressed as:

w c r
Ollq)lll:,' = Z (I)mj X ZTji X meiq X Xgj,

m=0 i=1 q=0 (3)
X=[1 xy o x4,

where @, is basis vector calculated by SVD decomposition of stress-
strain curve matrix, and w is the number of basis vectors that is
extracted from SVD method. The membership degree 7;; (j** input data in
i cluster) is calculated as follows:

Tji:ciz,l» C))

k=1

The optimization problem can be formulated as:
n w 2
J= Z (output; - y,) +aPP=3" ( 3 Foy®uy — y,-) + PP,
=1 \\m=0
m = Z Tjj mequqp

i=1

(5)

Derivative of Eq. (5) respect to the unknown coefficients pp is set to
zero, and a set of equations is achieved as follows.

J=(8P-Y)"(BP - Y) + AP'P,

oJ o (6)
P =0->(E"E+A)P=E"Y

m

where Z is defined as follows:

711 P01 711 P 71 P01 7@ 711Porx11 Te1 Py1X11 711 Po1X71 71 D1 X1
712®@12 712Pro 7212 T2@r2  712P12X12 T2 DPy2X12 T12P 12X T2 Pu2Xr2
= : : : : : : : : @)
lecplj le(ij chq>lj e Tgj (ij Tyj ‘D]jxlj chlbwjxlj ‘rljlbljx,l Tgj d)wjx,j
71NN TINPiy TN Pin TN Prv  TINPiINXIN TN PunX1n TINP1NXeN TN DunXrn



H. Saberi and H. Saberi

Cleaner Engineering and Technology 29 (2025) 101090

Table 1
A summary of research on FRP-confined RAC under compressive load.
Ref. Total number of Replacement Applied model Results
specimens” ratios
Zhao et al. (Zhao 18 0, 20 1. Teng et al.’s model 1. Similarity of compressive behavior of NAC and RAC with low replacement ratio
et al., 2015) (Teng et al., 2009) 2. Precise predictions for ultimate axial stress by both models
2. Jiang and Teng’s 3. Notable discrepancies between the test results and those of both models
model (Jiang et al.,
2007)
Chen et al. (Chen 24 0, 100 1. Wu and Wei’s model 1. Similarity of compressive behavior of NAC and RAC
et al., 2018) (Wu et al., 2016) 2. Underestimating the strength and overestimating the ultimate axial strain with lower
2. Jiang and Teng’s confinement by Jiang and Teng’s (2007) model
model (Jiang et al., 3. Accurately predicting post-peak deformation but moderately overestimating
2007) compressive strength by Wu and Wei’s model
Zhouetal. (Zhou 48 0, 30, 50, 100 1. Zhou and Wu’s (Zhou 1. Significant depending compressive behavior of NAC and RAC on the confinement
et al., 2016) et al., 2012) ratio rather than FRP type

2. Jiang and Teng’s
model (Jiang et al.,
2007)

Chen et al. (Chen 60
et al., 2016a)

0,25,50,75,100 1. Teng et al.’s model
(Teng et al., 2009)
2. Jiang and Teng’s
model (Jiang et al.,
2007)

2. Slight influence RA replacement ratio on the FRP-confined RAC behavior.

3. Reasonable accuracy in prediction stress-strain curves of FRP-confined RAC along
with the ultimate strain and ultimate strength by and Jiang Teng’s model and Zhou
and Wu’s model

1. The possible need to revise these models with more experimental data

2. Underestimation of compressive strength by both models

3. Overestimation of ultimate strain of FRP confined concrete regardless of replacement
ratio by the mentioned models

4. A higher replacement ratio corresponds to lower strength and increased ultimate
strain

@ Similar and duplicate samples have also been counted.

Table 2

Well-known models proposed for FRP-confined concrete under compressive load.

Strength model Strain model

Model Stress-strain model
Teng et al.’s model (Teng et al., 2009) E. —E,)?
& 5 fo =B~ BBV s
4o
if 0 <& <o,
*fm + Eoe,
if (f /a ) >0.0land e < & < €, fo =
co/ £c0
if (f /s <001 and e < & < gqy
col ©cO
Jiang and Teng’s model (Jiang et al., 2007) f - ch (ea/s;)r
e =———F—5~F
r—1+ (e/e)"
EC
r= o x
—fe /Scc
Wu and Wei’s model (Wu et al., 2016) _ & <
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The proposed model flowchart is depicted in Fig. 3.
4. Modeling

81 experimental test results on FRP-confined concrete with and
without recycle aggregates under monotonic axial compression have
been collected from eight studies, including those by Zhao et al., 2015)
(Zhao et al., 2015), Chen et al., 2018 (Chen et al., 2018), Chen 2016
(Chen et al., 2016a), zhou2016 (Zhou et al., 2016), Lam et al., 2004
(Lam et al., 2004), Lam et al., 2006 (Lam et al., 2006), Teng et al., 2007
(Teng et al., 2007), Jiang et al., 2007 (Jiang et al., 2007). Zhou et al.
(2016) investigated RCA derived from local construction concrete
waste, with a particle size range of 5-31.5 mm. The apparent density
was reported as 2476.9 kg/m®, while the stacking density was 1158.2

kg/m®. The water absorption rate was relatively high at 6.31 %, and the
crushing index was 18.6 %. Zhao et al. (2015)studied RCA sourced from
a local recycling plant, specifically aggregates of 10 mm and 20 mm in
size. However, only the water absorption rate was reported, which was
5.34 %, with no additional details on density or crushing properties.
Chen et al. (2016a)examined RCA provided by a professional local
company, where the original concrete was obtained from a single
source. The particle size ranged from 4 mm to 20 mm, with a recorded
water absorption rate of 4.4 %. However, no data on density or crushing
index was available. Chen et al. (2018)analyzed RCA supplied by a
commercial supplier in Shenzhen (Lvfar Group), with a particle size
range of 5-20 mm. The water absorption rate was found to be 3.19 %,
and the oven-dry density was 1459 kg/m>. Other parameters were not
reported. Tables 1 and 2 summary details of some well-known models.

The experiments focused on specimens with fibers oriented in the
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Table 3
Experimental database of FRP-confined ARC.

Ref. Label D(mm) H(mm) Efp(GPa) errp (%) trrp (mm) feo (MPa) R(%)

J. L. Zhao et al., 2015 S1 153 305 - - - 45 0

S2 153 305 98.7 1.720 0.17 45 0

S3 153 305 98.7 1.720 0.34 45 0

S4 153 305 98.7 1.720 0.51 45 0

S5 153 305 98.7 1.720 0 44.9 20

S6 153 305 98.7 1.720 0.17 44.9 20

S7 153 305 98.7 1.720 0.34 44.9 20

S8 153 305 98.7 1.720 0.51 44.9 20

S9 153 305 98.7 1.720 0 37.3 100

S10 153 305 98.7 1.720 0.17 37.3 100

S11 153 305 98.7 1.720 0.34 37.3 100

S12 153 305 98.7 1.720 0.51 37.3 100

Chen et al., 2018 S13 150 300 244 4.104 0.111 45.8 0

S14 150 300 244 4.104 0.222 45.8 0

S15 150 300 244 4.104 0.333 45.8 0

S16 200 400 244 4.104 0.111 44.3 0

S17 200 400 244 4.104 0.222 44.3 0

S18 200 400 244 4.104 0.333 44.3 0

S19 300 600 244 4.104 0.111 43.6 0

S.20 300 600 244 4.104 0.222 43.6 0

S21 300 600 244 4.104 0.333 43.6 0

S22 150 300 244 4.104 0.111 41.6 100

S23 150 300 244 4.104 0.222 41.6 100

S24 150 300 244 4.104 0.333 41.6 100

S25 200 400 244 4.104 0.111 41.5 100

S26 200 400 244 4.104 0.222 41.5 100

S27 200 400 244 4.104 0.333 41.5 100

S28 300 600 244 4.104 0.111 38.8 100

S29 300 600 244 4.104 0.222 38.8 100

S30 300 600 244 4.104 0.333 38.8 100

Chen 2016 S31 150 300 - - - 44.44 0

S32 150 300 250 3.450 0.111 44.44 0

S33 150 300 250 3.225 0.222 44.44 0

S34 150 300 250 3.183 0.333 44.44 0

S35 150 300 0 0.000 0 40.75 25

S36 150 300 250 3.167 0.111 40.75 25

S37 150 300 250 3.383 0.222 40.75 25

S38 150 300 250 2.858 0.333 40.75 25

S39 150 300 0 0.000 0 37.03 50

S40 150 300 250 3.317 0.111 37.03 50

S41 150 300 250 3.258 0.222 37.03 50

S42 150 300 250 3.050 0.333 37.03 50

S43 150 300 0 0.000 0 37.48 75

S44 150 300 250 3.533 0.111 37.48 75

S45 150 300 250 3.592 0.222 37.48 75

S46 150 300 250 2.767 0.333 37.48 75

S47 150 300 0 0.000 0 32.87 100

S48 150 300 250 3.333 0.111 32.87 100

S49 150 300 250 3.383 0.222 32.87 100

S50 150 300 250 2.883 0.333 32.87 100

zhou2016 S51 150 300 272.73 3.930 0.167 48.41 0

S52 150 300 272.73 3.930 0.501 48.41 0

S53 150 300 272.73 3.930 0.167 42.74 30

S54 150 300 272.73 3.930 0.501 42.74 30

S55 150 300 272.73 3.930 0.167 43.06 50

S56 150 300 272.73 3.930 0.501 43.06 50

S57 150 300 272.73 3.930 0.501 37.21 100

S58 150 300 272.73 3.930 0.167 40.54 100

S59 150 300 272.73 3.930 0.501 40.54 100

S60 150 300 272.73 3.930 0.501 56.34 100

Lam and Teng 2004 S61 152 305 250.5 2.586 0.165 35.9 0

S62 152 305 250.5 2.453 0.33 35.9 0

S63 152 305 250.5 2.214 0.495 34.3 0

S64 152 305 21.8 0.363 1.27 38.5 0

S65 152 305 21.8 0.374 2.54 38.5 0

Lam et al., 2006 S66 152 305 250 2.467 0.165 41.1 0

S67 152 305 247 2.454 0.33 38.9 0

Teng et al., 2007 S68 152 305 80.1 1.393 0.17 39.6 0

S69 152 305 80.1 1.642 0.34 39.6 0

0

S70 152 305 80.1 1.451 0.51 39.6

(continued on next page)



H. Saberi and H. Saberi

Table 3 (continued)
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Ref. Label D(mm) H(mm) Efp(GPa) errp (%) trrp(mm) feo (MPa) R(%)
T. Jiang et al., 2007 S71 152 305 80.1 1.537 0.17 33.1 0
S72 152 305 80.1 1.377 0.17 45.9 0
S73 152 305 80.1 1.377 0.34 45.9 0
S74 152 305 80.1 1.415 0.51 45.9 0
S75 152 305 240.7 2.337 0.68 38 0
S76 152 305 240.7 2.189 1.02 38 0
S77 152 305 240.7 2.105 1.36 38 0
S78 152 305 260 2.635 0.11 37.7 0
S79 152 305 260 2.214 0.11 44.2 0
S80 152 305 260 2.759 0.22 44.2 0
S81 152 305 250.5 2.585 0.33 47.6 0
Table 4
Summary of databases of FRP-confined ARC.
D(mm) H(mm) Efp (GPa) errp(%) tepp (mim) feo(MPa) R(%)
Min 150 300 0 0 0 32.87 0
Max 300 600 272.73 4.1040 2.54 56.34 100
Average 165.7778 331.6667 193.3222 2.7212 0.3135 41.0952 36.2963
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Fig. 4. The boxplots of f., R, and

hoop direction. Table 3 provides the parameters of experimental test
used to develop the proposed models. The parameter D represents the
diameter (in mm), H is the height (in mm), Epgp denotes the FRP elas-

ticity modulus (in GPa), eggp is the ultimate strain of the FRP, fco refers to
the concrete strength (in MPa), and R indicates the percentage of
aggregate replacement with recycled materials.

Table 4 tabulates the range of gathered input parameters for FRP-
confined RAC under compression load.

The curves are digitized, converting the graphical diagrams into
numerical values. A consistent strain increment of 0.0005 was applied
across all curves to maintain uniformity in data sampling. This process
resulted in the collection of 2452 data points, which were then used for
further analysis. 400 data points are randomly selected for testing, and
the remaining data are used to train the system. The coefficient 4 is set to
the value of 0.05. The number of clusters and basis vectors were both set
to a value of 3 for the analysis.

In existing models developed for confined concrete, compressive

strength and the confinement pressure applied by the composite jacket
have been identified as the most critical parameters influencing the
stress-strain diagram. Nearly all previous models have incorporated
these two parameters, either directly or indirectly. Additionally, in the
present study, we aim to investigate the effect of the percentage of
recycled aggregates on the prediction of stress-strain curves. While other
parameters could also be considered, our objective was to develop and
train the model with a minimal number of input parameters. Thus, the
system input parameters are f,, R, and the parameter w is defined as
follows.
» :Ef,p X €prp X tpgp @)
D

The box plot of the system’s input parameters is shown in Fig. 4.
Three clusters and three basis vectors are considered to structure the
proposed method, as shown in Fig. 5a and b, respectively. Cluster cen-
ters are as follows.
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Fig. 5. a) Basis vectors, b) Cluster centers (marked with a red cross).

W1 =[38.7677 942308 1.2210)
Wy =[42.2302 85417 0.6988]
Ws=[41.9571 11.4286 3.3638)

The cross plot comparing predicted and experimental stress values in
Fig. 6, indicates strong predictive performance, supported by key sta-
tistical metrics. An R2 value of (training = 0.975, testing = 0.960)
suggests a robust correlation between predicted and observed data. The
model’s accuracy is further reflected in an A-20 score of (training =
0.973, testing = 0.968) and a Variance Accounted For (VAF) of (training
= 97.54 %, testing = 95.96 %). With an RMSE of (training = 4.066,
testing = 4.404), the prediction error remains low, confirming that the
model aligns closely with the experimental data.

In Fig. 7, both a) the frequency analysis and b) the error distribution
of stresses are illustrated based on 2452 data points. It can be observed
that the error distribution follows a normal pattern, with the majority of
the data points having errors close to zero.

250 : : :
a) y_ =12y
200F  R*=0.9754 pre ~act
- A-20=0.9732
S 150 VAF=97.5388
3 RMSE=4.066
2 100
ypre_o'gyact
50
0 n n
0 50 100 150 200
Actual
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5. Results and discussion

Although the proposed model demonstrates good predictive perfor-
mance, it remains a ’black-box’ model due to its lack of transparency
and interpretability. To address this, we apply an interpretable method
called Shapley Additive Explanations (SHAP) to better understand the
inner workings of the XGBoost model and identify the most important
features. SHAP, based on game theory, quantifies the contribution of
each variable to the model’s predictions. It uses Shapley values to assign
credit to individual features, which are calculated by considering all
possible combinations of features. A coalition is a subset of features
involved in generating a prediction. The Shapley value shows the
average contribution of a feature across all coalitions. In Fig. 8, a SHAP
summary plot is utilized to illustrate the impact of each feature on stress
value at low and high strain based on the provided data samples. Each
point on the summary plot corresponds to an individual instance (i.e., a
data sample), along with its associated SHAP value and the relevant
feature. The color gradient represents the feature values, transitioning
from the lowest (blue) to the highest (yellow). Fig. 8 illustrates that the
unconfined concrete compressive strength is the most significant factor

250
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Frequency
&
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Fig. 7. a) Frequency analysis and b) error distribution of stresses.
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Fig. 6. Scatter plot of predicted stress values versus experimental laboratory values; a) train dataset, b) test dataset.
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Fig. 8. A summary of SHAP results for different features. Stress at a) low strain and b) high strain.

affecting stress levels at low strains. Additionally, at high strains,
confinement has a substantial impact on the stress level at a given strain.
Moreover, the proportion of recycled materials has a lesser effect
compared to the other two parameters in both low and high strain
ranges.

Fig. 9 illustrates a comparison between the experimental curves with
the results from some popular existing models. The results of previous
models extracted from related literature mentioned in Table 3. It can be
observed that the differences between the stress-strain curves of previ-
ous models and the experimental data are sometimes significant. How-
ever, the results of the proposed method are more precise and closely
match the experimental curves, demonstrating its accuracy in repre-
senting the behavior of concrete confined with composite sheets con-
taining RA.

Gray correlation coefficient analysis is a technique used to evaluate
the relation between variables and quantify their correlation. The main
steps of this method with considering two normalized sequences X; =

(x:(1),%:(2), ..., x;(m)) and Y; = (yj(l),yj(z), ...,yj(m)> . The procedures

employed to determine the gray correlation degree are as follows (Zhu
et al., 2021; Yu et al., 2024):

1. Computing the sequence of differences:

Ai(k) = Y(k) 7X;(k)|a (k: 1,2, m)

J

9

2. Determining the maximum and minimum differences between two
poles:

M= maxmlgle,»(k),N = m_inmkinAi(k) (10)
3. Computing the correlation coefficients:

N+&M
}'ji(k)zmﬁfe (0,1) an

where ¢ € (0,1) is typically assigned a value between 0.3 and 0.7.

4. Computing the gray correlation degree:

6= (ao+ affc*fc + ag* R+ a,*0) @,

13 .
yji:_ Z}/ji(k)s(l:1$27“'7n)7 (12)
m k=1

Where m represents the number of samples, and n denotes the number of
related factor sequences.

Gray correlation coefficient between inputs (f,, R, ») and the
maximum stress is 0.7348, 0.6157, and 0.8718, respectively. Based on
the calculated these coefficients, it can be observed that the third input
exhibits the strongest correlation with the output, with a value of
0.8718. This indicates a very strong relationship between the third input
and the output, suggesting that this input plays a crucial role in pre-
dicting or determining the output. The first input also shows a relatively
strong correlation (0.7348), indicating its significant influence. How-
ever, the second input, with a correlation of 0.6157, demonstrates a
moderate relationship with the output.

6. A simple empirical stress-strain model

In this study, a simple empirical relationship is also developed to
predict the stress-strain curves of FRP-confined recycled aggregate
concrete under compression loading. Initially, the principal vector was
extracted from experimental stress-strain curves using Singular Value
Decomposition (SVD). This principal vector captured the key features of
the material’s behavior under compression and was subsequently
approximated using a sixth-degree polynomial function to model the
nonlinear stress-strain relationship. Typically, the stress—strain response
of confined concrete exhibits a bilinear trend: an initial ascending
branch with a relatively steep slope, followed by a strain-hardening
stage with a more moderate slope. These two regions are smoothly
connected, reflecting the progressive transition from unconfined-like
response to confinement-dominated behavior. The shape of the pri-
mary basis vector captures this bilinear yet continuous pattern, thereby
representing the fundamental compressive mechanism of FRP-confined
RAC. Fig. 10 demonstrates the accuracy of the proposed polynomial
equation in approximating this basis vector. It should be noted that,
since the model primarily exhibits a bilinear form with an ascending
second branch, prediction errors may increase under low confinement
conditions. For such cases, incorporating the second basis vector is
recommended to capture the response more accurately.

Then, a linear relationship between the compressive strength of
concrete, lateral confinement pressure, and the percentage of recycled
materials is established according to the following equation.

(13)

@, = —2.7672x10° x €° 4 3.3223x10% x &% — 1.561x10” x e* + 3.6283x10° x €% — 4.3456x10° x &> 4 28.374 x ¢,£ < 0.035

10
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Fig. 9. Comparison of the experimental curves with the results from some previous models.

The condition € < 0.035 is imposed because all experimental datasets
used in this study showed maximum compressive strains below this
threshold. Since the polynomial fitting is highly nonlinear and was only
trained within this range, extrapolation beyond &€ = 0.035 would not be
reliable. Moreover, since the optimization of the coefficients was

conducted on datasets covering RAC replacement rates from 0 % to 100
%, the proposed model is applicable across the full range of RAC
replacement rates.

The unknown parameters of empirical relationship is optimized
using the least squares method, minimizing the discrepancy between the
predicted and experimental stress-strain curves. The optimized param-

11
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nomial function.

— 0.167,a, = 91.1. As can be
observed, the negative coefficient of the recycled material substitution
percentage indicates the negative impact of this parameter on the stress-
strain curves.

The performance of the proposed model was further validated by
comparing it with two widely used models (Teng et al.’s model (Teng
et al., 2009) and Zhou and Wu’s model (Zhou et al., 2012)) through
cross-plots, as illustrated in Fig. 11. In both models, E. = 4700+/f,, was
adopted as the initial elastic modulus. In the Zhou and Wu’s model
(Zhou et al., 2012), the parameter n = 3 was assumed as the shape
factor. The comparison was conducted over the entire dataset
comprising 81 experimental stress—strain curves discretized into 2452
data points. Quantitative evaluation was based on the coefficient of
determination (R?) and the Root Mean Square Error (RMSE). The results

eters are qp = 118.3,% =1181,0r =
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reveal that the proposed model consistently outperforms the existing
models, achieving the highest accuracy (R2 = 0.925) and the lowest
prediction error (RMSE = 6.07), despite relying on only four unknown
parameters. These findings provide strong evidence for the robustness
and efficiency of the proposed model, as well as its superiority over the
competing approaches.

Fig. 12 presents a comparison between the predicted and experi-
mental stress-strain curves for specimens with low, medium, and high
RAC replacement ratios.

7. Limitations and future works

Although this research aimed to incorporate a more diverse range of
experimental tests compared to previous studies, there is still a pressing
need for additional experimental data to enhance the robustness of the
model. The variability in recycled aggregate properties, including fac-
tors such as type, size, and composition, may significantly reduce the
output scatter and lead to more accurate model predictions. Addressing
these factors would likely refine the model and increase its precision.

The model developed in this study specifically targets confined
recycled aggregate concrete, yet the proposed technique has broader
potential. It can be adapted to predict other experimental behaviors
across various fields, offering a flexible approach for different material
systems. The general applicability of this methodology makes it useful
for extending beyond the scope of this study, contributing to advance-
ments in predictive modeling for a wide range of engineering and ma-
terial sciences.

8. Conclusions
Given the importance of applying recycled aggregates in concrete

and the lack of accuracy in previous methods for modeling the behavior
of FRP-confined ARC, we were motivated to introduce, for the first time,
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Fig. 11. Scatter plot of predicted stress values versus experimental laboratory values.
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Fig. 12. Performance of the proposed model for low, medium, and high RAC replacement ratios.

an ML-based method for this type of concrete. A collection of 81 stress-
strain curves was gathered from eight distinct sources, resulting in the
digitization of 2452 data points at a strain rate of 0.0005 for training the
proposed model. The effectiveness of the approach was verified through
comparison with various experimental datasets, allowing for a
comprehensive analysis of how different parameters affect the stress-
strain behavior. Based on this research, following conclusion can be
drawn.

e At low strain levels, the unconfined compressive concrete strength
has the most significant effect on the stress at the same strain.

e At higher strains, confinement becomes the dominant factor, with
increasing confinement leading to higher stress at corresponding
strain levels.

e The addition of recycled aggregates in very high percentages can
reduce the stress sustained at equivalent strain levels.

e The model developed in this research has successfully predicted the
behavior of FRP-confined concrete with recycled aggregates under
compression, demonstrating its effectiveness in capturing the unique
mechanical properties of this material.
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