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ARTICLE INFO ABSTRACT

In the recent decades, researchers have shown an increased interest in the reusing recycled concrete aggregate
generated by buildings’ demolitions because of the undeniable economic and environmental benefits. The main
objective of this research is therefore to evaluate the influence of replacing natural fine and coarse aggregate on
the 3-, 7- and 28-day compressive strength of concrete using machine learning-based approaches. To this aim,
the paper is presented in two parts. Firstly, linear, nonlinear regression and Random Forest methods are used to
propose prediction models for estimating compressive strength of concrete with recycled aggregate. Then, the
results are compared to those of Artificial Neural Network and M5P models available in the literature in terms
of performance metrics parameters and Taylor diagram. Consequently, the most accurate model is introduced
and used in the second part for assessing the effect of using recycled aggregates on the concrete compressive
strength. To this end, three 10-set databases are generated by replacing natural fine, coarse and both of them
with recycled fine, coarse and both of them, respectively, by the portions of 0-90% with the step of 10%. The
compressive strength predicted by the ML-based model are evaluated in three different testing ages (3, 7 and
28 days). The results proved the high accuracy of the proposed prediction models and Random Forest model
which was developed in this study was the most accurate model. Moreover, it was concluded that incorporating
recycled aggregate could decrease compressive strength insignificantly. Finally, reduction in long-term
strength of the concrete containing recycled fine aggregate is less than those containing coarse aggregate or
both fine and coarse aggregate.
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assessed in several studies (Dabiri et al., 2018; Dabiri and
Kheyroddin, 2017; Gravina et al., 2021; Kaish et al., 2021; Steyn

1. Introduction

Concrete is undoubtedly one of the most widely used materials in
construction because of its undeniable benefits in terms of strength,
durability in corrosive environments, inexpensive cost, application,
etc. On the other hand, since natural aggregate (NA) are one of the
main components of concrete mixtures, concrete is claimed to raise
significant environmental complications by (a) using natural resources
of aggregate, (b) CO, emission, (c) deposition of concrete buildings’
demolition and landfill saturation (Manzi et al., 2013; Yang et al.,
2011; Kazmi et al., 2020). As a result, application of innovative mate-
rials (e.g., elastomeric material), supplementary cementitious materi-
als (SCMs), alkali-activated materials (AAMs) or recycled materials
(e.g., glass particles) as a replacement for natural aggregate has been

* Corresponding author.
E-mail address: hamed.dabiri@unicam.it (H. Dabiri).

https://doi.org/10.1016/j.clema.2022.100044

Received 18 October 2021; Revised 11 December 2021; Accepted 5 January 2022

2772-3976/© 2022 The Author(s). Published by Elsevier Ltd.

et al., 2021; Xiao et al., 2020; Xiao et al., 2021; Rahla et al., 2019).
Among several proposed materials, recycled concrete aggregate
generated from reinforced concrete (RC) buildings’ demolition has
attracted researchers’ attention because of reusing wasted concrete
aggregate released in the nature which leads to remarkable advantages
including: (a) reducing CO, emission, (b) preserving natural resources,
(c) reducing waste deposition, (d) decreasing areas required for land-
fill disposal and overall (e) eliminating harmful influences of wasted
concrete on environment (Manzi et al.,, 2013; Yang et al., 2011;
Kazmi et al., 2020; Matar and Barhoun, 2020; Vieira et al., 2020).
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Nomenclature

AbbreviationsAl
Artificial intelligent
ANN Artificial neural network
ANNGA ANN with Genetic Algorithm
ANNGOA ANN with Grasshopper Optimization Algorithm
ANNSSA ANN with Slap Swarm Algorithm

CA Coarse aggregate

CNA Concrete containing natural aggregate

CNN Convolutional neural network

CR Concrete containing recycled aggregate

CRA Recycled coarse aggregate to total coarse aggregate
CS Compressive strength

FA Fine aggregate

FCA Fine and coarse aggregate

FRA Recycled fine aggregate to total fine aggregate
GBRT Gradient boosting regression tree

LR Linear regression

MAE Mean absolute error

MAPE  Mean absolute percentage error

ML Machine learning

NA Natural aggregate

NCA Natural coarse aggregate
NFA Natural fine aggregate

NFCA  Natural fine and coarse aggregate
NLR Nonlinear regression

OPC Ordinary Portland cement

PCC Pearson correlation coefficient
R2 Coefficient of determination

RA Recycled aggregate

RC Reinforced concrete

RCA Recycled coarse aggregate

RF Random forest

RFA Recycled fine aggregate

RFCA Recycled fine and coarse aggregate
RMSE Root mean square error

S Sand

SP/C Superplasticizer to cement ratio
std Standard deviation

w/C Water to cement ratio

1.1. Brief literature on the application of RCA

Several studies have been carried out to evaluate the effect of
replacing natural aggregate (NA) with recycled aggregate (RA) on
mechanical and physical properties of concrete (Tam et al., 2018;
Bai et al., 2020; Thomas et al., 2020; Cantero et al., 2020; Mi et al.,
2020). A major portion of research assessing compressive strength
(CS) of concrete containing recycled aggregate (CR) has proved that
compressive strength of CR is insignificantly lower than that of con-
crete with natural aggregate (CNA). It should be taken into account
that the reduction in compressive strength is considerably affected
by testing age (Matar and Barhoun, 2020; Bai et al., 2020; Xiao
et al., 2005; Kou et al., 2012; Rahal, 2007). As an instance, the 28-
day compressive strength of CR is reported approximately 90% lower
than that of CNA (Matar and Barhoun, 2020; Rahal, 2007). Compres-
sive strength of CR could be significantly enhanced by using water-
proofing admixture (Matar and Barhoun, 2020). The effect of
recycled aggregate size has been also studied by researchers. Abid
et al. concluded that splitting tensile strength decreases by 35%,
33% and 39% while flexural strength reduces by 33%, 28% and
41% for the concrete containing fine, coarse and mixed recycled aggre-
gate, respectively (Abid et al., 2018). Vo et al. have also confirmed the
reduction in both workability and unit weight of concrete incorporat-
ing fine aggregate (Vo et al., 2021). Kang and Weibin claimed that
compressive strength of concrete with recycled aggregate increases
by increasing the size of recycled aggregate size because of the
adhered old mortar: the smaller aggregate adhere to more old mortar
which affect mechanical property of concrete negatively (Kang and
Weibin, 2018). Aliabdo et al., however, concluded that the compres-
sive strength reduction of concrete incorporating fine recycled aggre-
gate is neglectable while in the case of replacing coarse aggregate
with recycled aggregate, concrete strength decreases significantly
(Aliabdo et al., 2014). Concrete with treated recycled aggregate has
claimed to exhibit higher compressive strength than that with non-
treated RA. Treatment could also reduce water absorption of CR by
7.27-12.17%. It is worth explaining that treatment is a process which
aims at removing loose particles and old mortars attached to the con-
crete aggregates emerged from buildings demolition. Several tech-
niques have been introduced by researchers for treating recycled
aggregate namely microwave heating method, thermal or heating

method, ultrasonic bath method, heating then rubbing method and
acid method. In the last method, which is known as the simplest
one, the recycled concrete aggregate is soaked in different acid types
(hydrochloric acid, sulphuric acid, and phosphoric acid) for 24 h. Acid
treatment could enhance compressive strength, flexural strength and
elasticity modulus of concrete containing treated recycled aggregate
compared to those with untreated recycled aggregate (Ismail and
Ramli, 2013; Tam et al., 2007). The age of RA could also have a
remarkable effect on compressive strength. It is claimed that the recy-
cled aggregate utilized within 48 h after its production might lead to
acceptable results due to reduction in the extra cement consumption
(Vieira et al., 2020). The sample testing age could affect mechanical
properties of concrete with RA remarkably. For instance, the 28-day
tensile strength of a sample with RA is lower than that of CNA, while
the 90-day tensile strength of CR is reported higher than that of CNA at
28 days (Kou et al., 2012).

The results of examinations of CR could be found in the literature
and the interested readers are referred to (Tam et al.,, 2018; Bai
et al., 2020; Kou et al., 2011; Evangelista and de Brito, 2007; Wang
et al., 2021). Briefly noted: (a) the influence of incorporating recycled
aggregate on ductility and pumpability could be notable, the reduced
ductility due to incorporating recycled aggregate could be enhanced
by using steel fibers and fiber reinforced polymer (FRP) (Chaboki
et al., 2018; Gao et al., 2019) (b) the air content (porosity) in freshly
mixed CR is higher than that of CNA (Matar and Barhoun, 2020; Vieira
et al., 2020; Sadeghi-Nik et al., 2019), (c) elastic modulus and density
of CR is lower than that of CNA while peak strain of CR is higher than
that of CNA (Thomas et al., 2020; Xiao et al., 2005) and (d) water
absorption of CR is higher than that of CNA because of higher porosity
and lower density (Kazmi et al., 2020; Sadeghi-Nik et al., 2019).

1.2. The application of ML in assessing CS of CR

The application of machine learning- (ML) and regression-based
methods in different fields of science has increased in the recent dec-
ades because of their simplicity and accuracy. In civil engineering, ML
and regression models have been also attracted researchers’ concern
for proposing prediction models in different aspects such as structural
performance, structural health monitoring and material properties
(Salehi and Burgueiio, 2018; Flah et al., 2021; Sun et al.,, 2021;
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Ramkumar et al., 2020; Kioumarsi et al., 2020; Ahmadi et al., 2020;
Bypour et al., 2021).

Several ML-based prediction models have been proposed by
researchers in order to predict mechanical and physical properties of
concrete with recycled aggregate (Chaabene et al., 2020). The pro-
posed methods are confirmed to be a reliable alternative approach
for costly and time-consuming experimental tests conducted in order
to determine concrete properties.

Deng et al. (Deng et al., 2018) proposed a convolutional neural net-
work (CNN) model for predicting strength of CR considering input
variables including water-cement ratio, recycled coarse aggregate
(RCA) ratio, recycled fine aggregate (RFA) ratio and their combina-
tion. Several artificial neural network (ANN) prediction models have
been developed and discussed by Duan et al. (Duan et al., 2021) for
obtaining CS of CR. It was revealed that ICA-XGBoost model might
result in more accurate values in comparison to other ANN methods
including ICA-ANN, ICA-SVR and ICA-ANFIS. An ensemble ML model
was proposed by Han et al. (Han et al., 2020) to predict elastic modu-
lus of CR. Performance metrics of the proposed models was compared
to those of other ML models (e.g., linear regression, gaussian process
regression, support vector machine, Random Forest and multilayer
perceptron ANN) and it was concluded that the accuracy of the ensem-
ble ML models was remarkably higher than other approaches. A gradi-
ent boosting regression tree (GBRT) model was introduced by Nunez
and Nehdi (Nunez and Nehdi, 2021) to predict carbonation depth of
CR incorporating different mineral additions. Xu et al. (Xu et al.,
2019) applied a mathematical approach called gray system theory in
order to evaluate parametric sensitivity for mechanical properties of
CR. Furthermore, multiple linear regression- and ANN-based
approaches were used to predict mechanical properties of CR mixes
identified by the gray system theory. The optimal CR mixture was
designed by Zhang et al. (Zhang et al., 2020) using a hybrid intelligent
system based on artificial intelligence (AI) and metaheuristic algo-
rithm. In the research, a multi objective optimization model based
on Al algorithm and a multi-objective firefly algorithm were used to
obtain the optimal CR mixture and it was figured out that Random For-
est (RF) and Backpropagation neural network might lead to the most
accurate outcomes.

2. Research significance, novelty and methodology

As mentioned in the previous section, the application of recycled
aggregate as a replacement for natural aggregate could be environ-
mentally and economically beneficial. Meanwhile, it should be taken
into consideration that the compressive strength of concrete with recy-
cled aggregate is slightly lower than that of concrete with natural
aggregate. Strength of concrete incorporating recycled aggregate,
however, could be enhanced by considering some simple solutions
offered in the literature such as replacing the optimal percentage of
natural aggregate by recycled aggregate. Finding the most effective
RA replacement (fine aggregate, FA; coarse aggregate, CA; or both,
FCA) by experimental tests is clearly costly and time-consuming. On
the other hand, high-accurate ML-based methods are proved as a reli-
able alternative simple and quick approach to this aim. To the best
knowledge of the authors, however, no previous research has assessed
compressive strength of concrete containing different portions of recy-
cled fine aggregate (RFA), recycled coarse aggregate (RCA) or both
(RFCA) in different testing ages using AL

In the present study, therefore, RF, linear regression (LR) and non-
linear regression (NLR) models are proposed for predicting compres-
sive strength of concrete containing recycled aggregate. The
accuracy of the models proposed in this study and those proposed in
the previous study (Kandiri et al., 2021) is compared and discussed
using common performance metrics and Taylor diagram. The most
reliable and appropriate model is introduced and used for the second
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part of the study. In order to investigate the influence of incorporating
recycled aggregate on concrete strength, a concrete mixture is selected
from the peer-reviewed international publication (Poon et al., 2004)
and the natural aggregate (FA, CA and FCA) are replaced with recycled
aggregate (RFA, RCA and RFCA) by the step of 10% (0, 10%, 20%, ...,
90%). The predicted compressive strength of concrete with recycled
aggregate in different testing ages (3, 7 and 28 days) is assessed and
eventually the optimal percentage of NA to be replaced with RA is pre-
sented. Briefly noted, the accuracy of different ML- and regression-
based methods are compared together in the first part, while the influ-
ence of recycled aggregate on concrete compressive strength is evalu-
ated in the second part. It is also worth noting in that the previous
study (Kandiri et al., 2020), compressive strength of concrete incorpo-
rating recycled aggregate was predicted using M5P and ANN-based
techniques. In this study, however, regression-based (linear and non-
linear regression) and ML-based (RF) models are proposed. Further-
more, the optimum percentage of recycled aggregate which could be
used in concrete mixture is suggested in the present study which
was not considered in the previous research. Fig. 1 demonstrated the
methodology of the present research schematically.

3. Datasets

It is well-understood that ML- and regression-based methods should
be applied to a compressive dataset which reflects the characteristics
of the samples perfectly. The database is typically divided in two main
sub-datasets: (i) training: which trains the model to find out the rela-
tionship between inputs and output and hence to predict the target
output, (ii) testing dataset which is used to evaluate the accuracy of
the proposed model.

The dataset collected from peer-reviewed international publica-
tions and used in the previous study (Kandiri et al., 2021) is consid-
ered for developing the prediction models. The references
considered for collecting the databases, the statistical properties and
histograms of the inputs and output are presented and explained
extensively in the former study. Representing the above-mentioned
data is avoided for the sake of shortness and the readers are referred
to (Kandiri et al., 2021). It is worth mentioning that the input variables
are ordinary Portland cement (OPC, kg/mS), Sand (S, kg/mS), coarse

Evaluating the influence of incorporating recycled aggregate on
compressive strength of concrete using ML- and regression- based methods
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aggregate (CA, kg/m>), Fine aggregate (FA, kg/m>), water to cement
ratio (W/C), superplasticizer to cement ratio (SP/C, %), recycled
coarse aggregate to total coarse aggregate (CRA), testing age (days)
and recycled fine aggregate to total fine aggregate (FRA) while the tar-
get output is concrete compressive strength (CS, MPa).

Understanding the correlation between each input and the output
could be undoubtedly a remarkable help for proposing a proper predic-
tion model. Among various correlation coefficients introduced so far,
Pearson approach has become more common. As given in Eq. (1), Pear-
son correlation coefficient (PCC) is the covariance of two parameters
divided by the product of their standard deviation. pxy=1 reflects
the high dependency of two variables while pxy=0 stands for inde-
pendent linear relationship of X and Y. Table 1 reports the obtained
Pearson correlation coefficients for the variable inputs and the target
output.

Pxy =— M

The values provided in Table 1 obviously reveals that concrete age
and W/C have the highest influence on the CS while CRA/CA and SP/
C affect the output insignificantly. The same dependency between the
mentioned parameters and CS is observed and reported in the similar
experimental studies (Poon et al., 2004; Kisku et al., 2017; Zheng
et al., 2018).

4. Prediction models: Background and adjustments

In the previous study, the compressive strength of concrete contain-
ing recycled aggregate was predicted by M5P tree and ANN-based
models using tree optimization algorithms: Genetic algorithm
(ANNGA), Slap Swarm Algorithm (ANNSSA) and Grasshopper Opti-
mization Algorithm (ANNGOA). It should be noted that all the dataset
was utilized for training and testing the models. The explanation on
the proposed models could be found in the reference (Kandiri et al.,
2021) and only the obtained results are used in this study. It is worth
mentioning that all the parameters named in section 3 were consid-
ered as the input variables for all the models (the previous and the pre-
sent study).

In the current research, an attempt has been made to use other
methods of predicting compressive strength of concrete containing
recycled aggregate: linear regression (LR), nonlinear regression
(NLR) and Random Forest (RF). It should be explained that in all the
methods considered in this study 85% and 15% of the database is used
for training and testing the models, respectively.

4.1. Linear and nonlinear

Regression method could be formulated as Eq. (2), which is based
on the relationship between the input variables (x;) and the target out-
put (y). ¢ reflects a random variable (error with zero mean and varia-
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tion of ¢2) due to inherent variability of the system which could not be
controlled by the analyzer (Abouzari et al., 2021; Huang et al., 2010).

y=f(x;0)+¢ @)

Where 0 are the parameters and f(x;6) is a function showing the rela-
tion between inputs and output; when f is linear in 0, the output could
be predicted using linear regression, a widely used inferential
approach. On the other hand, nonlinear regression, which is an exten-
sion of linear regression, is utilized when a curvilinear line is used for
representing the relation between inputs and outputs (nonlinear rela-
tion between f and 6) (Zhang et al., 2021; Shams et al., 2021).

4.2. Random forest

This method was proposed and introduced by Ho for the first time
in 1995 by providing an algorithm for random decision forest
(Fawagreh et al., 2014). Breiman (Breiman, 2001), then, used the Brei-
man’s bagging idea and random selection of features (the method pro-
posed by Ho and Amit and Geman (Fawagreh et al., 2014; Amit and
Geman, 1997)) to develop the algorithm. The bagging method is an
ensemble training method consisting of two steps; (a) bootstrap: iden-
tically distributed and independent datasets are generated by ran-
domly resampling the original dataset, (b) aggregation: the
generated datasets are considered for training the base predictors inde-
pendently. Eventually, the predictions of each tree are averaged by an
aggregation method and the result is considered as the target output
(Chaabene et al., 2020). It is worth noting that RF is a fast, simple
and high-accuracy method which could be used for both regression
and classification problems (Biau, 2012).

The optimal number of trees in a forest could affect the prediction
accuracy noticeably. Fig. 2 illustrates the R? values against the number
of trees in a trial-and-error process. As could be observed in this figure,
84 trees led to the highest R? value.

5. Results

In this section, the results of the proposed models in this study are
presented and discussed first. Then, the models’ outcomes are com-
pared to the results of the methods developed in the previous study
(Kandiri et al., 2021).

5.1. Performance comparison of the LR, NLR and RF models

The predicted values obtained by LR, NLR and RF are compared to
the actual values reported in the experimental tests in this section.
Fig. 3 demonstrates the correlation between predicted and actual val-
ues while Fig. 4 compares the predicted compressive strength with the
corresponding actual values.

The graphical comparison made and exhibited in Figs. 3 and 4
reveals that all the methods have an acceptable ability to predict com-
pressive strength of concrete with recycled aggregate with reliable

Table 1
Pearson correlation coefficients for variable inputs and the target output.
OPC (kg/m®) w/C CA (kg/m®) FA (kg/m®) CRA FRA Sand (kg/m>) SP/C (%) Age (day) CS (MPa)
OPC (kg/m®) 1
w/C —0.6545 1
CA (kg/m®) 0.2786 —0.4095 1
FA (kg/m®) —0.1688 0.4244 —0.9236 1
CRA 0.0413 —0.006 —-0.0277 —0.0836 1
FRA —0.135 0.3212 —0.6684 0.5944 0.4911 1
Sand (kg/m°) —-0.2579 —0.046 0.1817 —0.4564 0.0152 —0.2044 1
SP/C (%) —0.2628 0.1636 0.1089 —0.1526 —0.0568 —0.0988 0.1847 1
Age (day) —0.1321 —0.1014 0.041 —0.0781 0.0214 —0.0505 —0.0477 0.0597 1
CS (MPa) —0.1041 —0.4467 0.1705 —0.2524 —0.0507 —0.1863 0.3065 0.0907 0.4105
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Fig. 2. R? score value against number of trees in the RF model.

accuracy. The model proposed based on the RF method, however,
shows more accurate predicted values.

In order to discuss the results more properly, the models are quan-
titatively compared in terms of performance metric parameters includ-
ing root mean square error (RMSE), mean absolute error (MAE),
coefficient of determination (R%) and mean absolute percentage error
(MAPE) as given in Egs. (3)-(6). Table 2 also provides the calculated
performance metrics obtained using Egs. (3)-(6).

RMSE = %Ej;(yi—yi)z 3)

MAE = 315, -y @

g2 -1 -2 7{1)2 (5)
20—y

MAPE:%? yl;iyi‘ (6)
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As could be figured out from Table 2, the NLR model led to the
most accurate predicted values with R*> = 98%. The RF model exhib-
ited slightly lower accuracy in comparison to the NLR model with
R? = 88%. The LR model, on the other hand, possessed the lowest
R? score (=80%). It should be taken into consideration that the
reported performance metrics prove the reliability of ML- and
regression-based models proposed for predicting compressive strength
of concrete incorporating recycled aggregate with R? values higher
than 80%.

For a deeper discussion on the results, the model outcomes are
compared in the Taylor diagram shown in Fig. 5.

It is worth explaining that Taylor diagram is known as a powerful
tool which has the ability to show the accuracy of prediction models
by comparing standard deviation (vertical and horizontal axis), corre-
lation coefficient (radial lines) and RMSE (gray circular lines). The
closest model to the actual value, shown herein by a red star, is intro-
duced as the most accurate model with the similar standard deviation,
higher correlation and smaller RMSE considering the actual values
(Kandiri et al., 2020; Shariati et al., 2020).

As depicted in Fig. 5, the NLR model (R* = 0.98, std = 23.03,
RMSE = 14.41) is positioned closer to the star point (actual values)
compared to the other methods which confirms the accuracy of this
method. Although LR and RF exhibited approximately the same std,
the higher R? score of the RF made it more reliable than the LR
method.

5.2. Performance comparison of the models proposed in both studies

In this section, the prediction models proposed in the present study
are compared to those of the previous research (Kandiri et al., 2021). It
is worth recalling that three ANN-based methods with different opti-
mization methods and one M5P tree method were proposed in the for-
mer study while LR, NLR and RF approaches are utilized in this study.
The dataset and the variable inputs are considered the same in both
groups of the models. It should be stated that as the models of the pre-
vious study are trained and tested by all the dataset, the results of the
present models are represented using all the data in the database

Predicted values
Predicted values

Predicted values

Actual values

Actual values

(b)

Actual values

Predicted values
Predicted values

Predicted values

80 100 20 40 60 80 100
Actual values

20 40 60
Actual values

Actual values

(d) (e) €3]

Fig. 3. Correlation between predicted and actual compressive strength in training dataset using (a) LR, (b) NLR, (c) RF and testing dataset using (d) LR, (e) NLR,
() RF.
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(Figs. 3-4 and Table 2, provide the results on 85% and 15% of the
dataset used for respectively training and testing).

The correlation between predicted and actual CS for all the models
are illustrated in Fig. 6. The comparison between the actual CS and the
corresponding CS predicted by each model is also made in Fig. 7.

The performance metrics for all the models considering all the data-
bases are provided in Table 3.

Taking Figs. 6-7 into account and considering the values reported
in Table 3, it could be stated that ANN models and RF with almost sim-
ilar performance (R?~98%) are the most accurate models. NLR and
M5P models with an insignificantly lower accuracy resulted in
R? = 97% and 90%, respectively. Finally, the LR model had the lowest
R? score (59.31%) which reflects less reliability of this model in com-
parison to other models.

Table 2
Performance metrics of the proposed models.
R? RMSE (MPa) MAE (MPa) MAPE (%)
LR 0.80 11.17 8.68 25.78
NLR 0.98 3.14 2.18 7.41
RF 0.88 8.92 5.81 18.99
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Fig. 8 compares the models’ performance using Taylor diagram.
Thanks to the visual comparison provided by Taylor diagram, it is
clearly observed that the models RF, ANNGA, ANNSSA and ANNGOA
are the closest models to the star point. A deeper consideration of
Fig. 8 and the results reported in Table 3 clarifies that the RF model
is slightly more accurate than ANN models, hence it is introduced as
the best ML-based model for predicting compressive strength of CR
and is used for evaluating the optimal percentage of RA in the next sec-
tion. Whereas LR and M5P models exhibited less reliability in compar-
ison to ANN and RF models, they showed still acceptable accuracy for
predicting compressive strength of CR.

6. The influence of RA on concrete compressive strength

In order to evaluate the effect of RA on the compressive strength of
CR, three sub-datasets, each of which containing 30 datasets are gen-
erated. A concrete mixture available in the literature (Poon et al.,
2004) is chosen and natural fine aggregate, natural coarse aggregate
and both natural fine and coarse aggregate are replaced with recycled
fine aggregate, recycled coarse aggregate and recycled fine and coarse
aggregate, respectively in a range of 0-90% with the step of 10% (O,
10%, 20%, ..., 90%). The 3-day, 7-day and 28-day compressive
strength of the generated data is predicted by the RF model which
showed the highest prediction accuracy in the previous section.

The influence of replacing NA with RA in three different testing
ages is graphically compared in Fig. 9 and the quantitative results
are reported in Table 4. It should be explained that
ACS; = (CS; — CSy)/CS, where i represents the RA replacement.

Taking Fig. 9 into account, it could be claimed that regardless of
the RA type (RFA, RCA or RFCA), replacing natural aggregate with
recycled aggregate reduces concrete compressive strength. The same
results reported in the experimental examinations on the behavior of
concrete incorporating RA (Tam et al., 2018; Wang et al., 2021;
Kisku et al., 2017; Zheng et al., 2018), proves the high accuracy of
the values predicted by RF model. Furthermore, based on the graphical
comparison made in Fig. 8, replacing NA with RA up to almost 30%,
reduces CS noticeably. Then, the CS reduces slightly for replacement
proportions of 30-90%. The rate of strength reduction is heavily
dependent on many factors such as aggregate type and testing age.
The results of similar studies confirm slight changes of compressive
strength for replacement portion larger than 30% (Abid et al., 2018;
Vo et al., 2021; Sadeghi-Nik et al., 2019; Poon et al., 2004).

As far as aggregate type is concerned, it could be claimed that
replacing natural coarse aggregate by recycled coarse aggregate could
affect concrete strength more than fine or both fine and coarse replace-
ment. As also provided in Table 4 (28-day testing age), strength reduc-
tion reported for concrete containing RCA is in the range of
9.88-35.68% while those of concrete with RFA and RFCA are respec-
tively 4.98-16.15% and 9.83-34.06%. As a result, replacing natural
coarse aggregate by recycled coarse aggregate could lead to remark-
able decrease in CS which might affect structural applicability of con-
crete negatively. On the other hand, the influence of replacing FA by
RA on concrete strength is limited. The same results have been
reported in similar experimental study (Aliabdo et al., 2014).

Taking the effect of testing age into account, it could be stated that
for the concrete containing coarse or both fine and coarse recycled
aggregate, the changes of 3-day and 7-day compressive strength is less
than 28-day compressive strength. Considering the numerical com-
pressive strength reported in Table 4, the 3- and 7-day strength values
vary in the range of 4.76-16.90% and 6.47-13.26, respectively, while
28-day strength alters in the range of and 9.83-34.06%. On the other
hand, for the concrete with fine recycled aggregate the reduction in
compressive strength of 3-day testing (3.15-29.27) is higher than 7-
(3.76-6.28) and 28-day testing (4.98-16.15). For easier comparison
of the CS changes in different ages, Fig. 10 is presented.
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compressive strength using ML-based methods. To this aim, the paper
is organized in two main parts: (a) LR, NLR and RF prediction models
are proposed in the present study, and their results are compared to
those of ANNGA, ANNGOA, ANNSSA and M5P models developed in
the previous study (Kandiri et al., 2021). Otherwise stated, random
forest and regression-based (linear and nonlinear) models are devel-
oped in this study while M5P and ANN-based techniques were utilized
in the previous study (Kandiri et al., 2021). The most accurate model
(RF which was proposed in this study) is introduced through perfor-
mance metrics and Taylor diagram to be used in the second part; (b)
a concrete mixture is selected from the literature for generating 90
0 s e datasets by replacing NFA, NCA and NFCA with RFA, RCA and RFCA,
Standard deviation respectively, each of which in three different testing ages (3, 7 and
. . . 28 days). The concrete compressive strength of the dataset is predicted
Fig. 5. Taylor diagram for comparing LR, NLR and RF models. by the high-accuracy proposed RF model. The final remarks are:

Standard deviation

e Regression- and ML- based methods have an acceptable ability to
learn the relationship between concrete mixture parameters and
compressive strength. They could be considered as a simple, quick
and reliable alternative approach for costly and time-consuming
experimental tests carried out to determine compressive strength
of concrete containing recycled aggregate.

The nonlinear regression, random forest and ANN- based models

It should be taken into consideration that the 28-day compressive
strength is generally considered for structural design purposes and
hence is of importance. Based on the results of this study, replacing
NFA with RFA could be suggested because of the limiter concrete
strength reduction in comparison to those of RCA and RFCA.

7. Summery and conclusions exhibited higher accuracy in comparison to linear regression and
MS5P models.

Nowadays, replacing natural aggregate with recycled aggregate has e Replacing natural aggregate with recycled aggregate, regardless of
been increasingly interesting because of its economic and environmen- the aggregate type and concrete age, decreases concrete compres-
tal assets. In this research, therefore, an attempt has been made to sive strength. Aggregate type and concrete age, however, affect
assess the effect of incorporating recycled fine aggregate, recycled the concrete strength significantly.

coarse aggregate and recycled fine and coarse aggregate on concrete
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Fig. 6. Correlation between predicted and actual compressive strength obtained by (a) ANNGA, (b) ANNSSA, (c) ANNGOA, (d) M5P, (e) LR, (f) NLR and (g) RF.
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Fig. 7. Comparing the predicted and actual compressive strength obtained by (a) ANNGA, (b) ANNSSA, (c) ANNGOA, (d) M5P, (e) LR, (f) NLR and (g) RF.

e In terms of aggregate type (size), replacing coarse aggregate with
recycled aggregate led to more reduction of compressive strength
rather than fine aggregate or both fine and coarse aggregate
replacement.

e Taking concrete testing age into account, for the concrete with fine
recycled aggregate the reduction in 3-day compressive strength is
higher than 7- and 28-day compressive strength while for the con-

crete incorporating coarse or both fine and coarse recycled con-
crete, the decrease in 28-day compressive strength is higher than
that of 3- and 7-day.

e Replacing natural aggregate with recycled aggregate up to 30%,
reduces concrete compressive strength noticeably and then it
decreases slightly for replacement proportions of 30-90%.
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Table 3
Performance metrics of all the proposed models.
R? (%) RMSE (MPa) MAE (MPa) MAPE (%)

ANNGA 98.01 2.94 2.09 6.80
ANNSSA 98.41 2.73 1.89 6.22
ANNGOA 98.01 3.02 223 7.79
M5P 89.68 7.10 5.50 21.46
LR 59.31 13.59 10.30 36.75
NLR 96.75 3.84 2.73 10.46
RF 98.48 2.63 1.83 7.16

Standard deviation

0 4 8 12 16

20 24

Standard deviation

28

Fig. 8. Taylor diagram for comparing all the models proposed in the present

and previous study.

8. Recommendations and limitations

Since the 28-day compressive strength is generally used for design-
ing structures and taking the reported value in Table 4 into account,

following recommendations could be made:

45
40

Nim=N

Compressive strength (MPa)
8

15

Compressive strength (MPa)

10

02 03 04

05

06

RFA/FA ratio

(a)

07

08
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e Replacing both of fine and coarse natural aggregate with recycled
aggregate might reduce concrete compressive strength significantly
and hence is not recommended.

Incorporating recycled fine aggregate could decrease concrete com-
pressive strength slightly and is preferred than coarse or both fine
and coarse aggregate.

Because of the environmental and economical benefits of using
recycled aggregate, and considering the last bullet of conclusions,
using RFA up to 90% in concrete mixtures does not cause any issues
if the compressive strength reduction is taken into consideration in
structural design and concrete application. However, disadvantages
of incorporating recycled aggregate namely reduction in modulus
of elasticity, ductility, density, durability and its remarkable influ-
ence on workability, shrinkage, water absorption and air content of
concrete should be given especial attention in the case of replacing
natural aggregate with recycled aggregate.

Finally, it should be noted that other parameters (e.g., flexural

strength, splitting tensile strength, water absorption, modulus of elas-

ticity) might be affected noticeably by replacing NA with RA. Further-
more, factors such as old mortar content and old mortar property of

recycled coarse aggregate which have an undeniable influence of com-
pressive strength of concrete incorporating RA are not considered in

See
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Fig. 9. Compressive strength of concrete with different replacement portion of (a) RFA, (b) RCA and (c) RFCA in different ages.

Table 4

Compressive strength of concrete containing different portions of RFA, RCA and RFCA.

RA Portion 3-day CS (MPa)

7-day CS (MPa)

28-day CS (MPa)

(%)

RFA RCA RFCA RFA RCA RFCA RFA RCA RFCA

cs ACS; cs ACS; cs ACS; cs ACS; Ccs ACS; (& ACS; cs ACS; (& ACS; CcSs ACS;

(MPa) (%) (MPa) (%) (MPa) (%) (MPa) (%) (MPa) (%) (MPa) (%) (MPa) (%) (MPa) (%) (MPa) (%)
0 23.99  x** 23.99  xxx 23.99  xx* 33.15 *** 33.15 *** 33.15  *** 46.62  *** 46.62  *** 46.62  ***
10 2324 —315 2299 —418 2285 —-476 3191 -376 3091 -—6.77 31.01 —647 4430 -—498 4202 -—-9.88 42.04 -—9.83
20 2285 —4.77 21.54 —1021 21.24 —11.49 31.50 —498 29.72 —10.36 30.11 —9.19 4347 —6.77 40.16 —1387 40.24 —13.70
30 17.29 —27.93 21.20 -—11.64 20.98 —12.57 31.10 —-6.20 28.70 —13.43 29.28 —11.68 40.95 —12.18 30.03 —3558 31.17 -33.14
40 1730 —-27.90 21.31 —11.20 20.99 —12.53 31.07 —6.28 2864 —13.61 2898 —12.60 40.66 —12.78 29.99 —3568 31.12 -33.25
50 17.31 -—27.88 20.80 —1332 20.50 —14.57 31.11 —6.18 2859 —13.77 2885 —1299 39.99 —14.22 30.03 -—3559 30.74 —34.06
60 1744 —27.30 20.80 —13.32 20.52 —14.50 31.22 -—-585 2857 —13.82 29.02 —1246 39.10 -—16.15 3275 —29.75 35.06 —24.80
70 16.97 —29.27 20.59 —14.20 20.19 —15.85 31.61 —4.67 28.03 —1547 2879 —13.17 39.10 —16.15 32.75 —29.75 34.97 —24.99
80 16.97 —29.27 20.50 —14.54 20.02 —16.57 31.61 —4.67 28.06 —1537 2876 —1326 39.15 —16.02 32.75 —29.75 3525 —24.39
90 16.97 —29.27 20.52 —14.47 19.94 —16.90 31.61 —4.67 2840 —14.34 29.14 —12.12 39.17 —1598 3281 —29.62 36.01 -22.77
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Fig. 10. Compressive strength changes in different ages: (a) 3 days, (b) 7 days and (c) 28 days.

this research. Thus, further studies evaluating the influence of the
above-mentioned parameters are needed in order to reach more reli-
able and practical conclusions on the optimal percentage of RA.
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