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Abstract: Replacing natural aggregates with recycled coarse aggregates (RCAs) can reduce the burden
on natural resources from the environment and limit the landfill of RCA. Chloride ions ingress into concrete
is one of the crucial chemical attacks that a concrete structure can experience during its service life. Different
standards have proposed several time-consuming and expensive rapid chloride penetration tests to model
the behaviour of concrete against chloride ions. Machine learning techniques can help have a reasonable
estimation of the results of rapid chloride penetration tests. A comprehensive database of the rapid chloride
penetration test (RCPT) of recycled aggregate concrete (RAC) was gathered from the literature in this study.
Two machine learning models, i.e., random forest (RF) and eXtreme Gradient Boosting (XGBoost) models,
were developed and assessed in this study to model chloride penetration of RAC. In addition, SHapley
Additive exPlanations (SHAP) was served to find the most crucial factors affecting the chloride penetration
of RAC. The results show that the developed XGBoost model performs better than the RF model by 33.6%
for unknown data. In addition, the most critical factors affecting the chloride penetration of RAC are water
and testing age.

Keywords: Recycled aggregate concrete; Chloride penetration; XGBoost; Random forest; SHAP
analysis.

1. Introduction

The consumption reduction of virgin materials for producing concrete on one hand and decreasing the
landfilling of recycled concrete aggregate (RCA) on the other hand has caused the growing use of RCA in
concrete mixtures. RCAs are obtained from the demolition of concrete structures and used as a partial or
full replacement of natural coarse aggregates in concrete mixtures (1). The presence of residual mortar in
RCA causes the density and water absorption of RCAs to be lower than those of natural aggregates which
causes the mechanical properties and durability performance of recycled aggregate concrete (RAC) to be
inferior to normal concretes. A considerable number of studies have investigated the mechanical properties
and durability performance of RACs and there is a unanimous agreement on the negative impact of RCAs
on the mechanical properties and durability of RACs (2).

Chloride-induced damage accounts for the most critical damage to concrete structures worldwide which
reduces the service life of structures and increases maintenance costs. The corrosion caused by chloride
penetration into a concrete element is a long-term process. To examine the performance of concrete against
chloride penetration, a few short-term experiments have been standardized and used extensively so far.
Rapid chloride penetration test (RCPT) as per ASTM C1202 (3) is one of the well-established short-term
chloride penetration resistance tests of concrete. In this test, the charge passed from a standard concrete
specimen exposed to a 3.0% NaCl solution on one side and a 0.3 M NaOH solution on another side, under
a 60 V applied voltage for 6 hours, is an indication of concrete quality against chloride ions ingress (3).
Although this experiment provides valuable information on concrete resistance against chloride penetration,
the preparation process of concrete samples and carrying out the experiments are expensive and time-
intensive and require skillful operators.

In the past few years, several types of machine learning (ML) techniques have been used to model the
mechanical properties and durability of RACs (4) in which the ensemble methods have shown superior
predictability compared to other individual ML techniques. Table 1 gives the ensemble models developed
for predicting the mechanical properties and durability of RACs. Liu et al. (5) developed several ML models
to predict the passed charge of RAC samples by collecting 226 experimental RCPT data from the literature
and concluded the gradient-boosting model has the best performance. The database they used in their
study did not include silica fume and the effect of some hyperparameters such as tree depth on the model
precision was ignored. Tran (6) used several ML methods to model the chloride diffusion coefficient of
concrete with supplementary cementitious materials (SCMs) by gathering 127 data from past experimental
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studies. Using the default values of hyperparameters in the sklearn library of Python, he concluded that the
gradient boosting model possesses better predictability compared to other developed ML models.

Table 1. The application of ensemble techniques in modeling the mechanical properties and durability of

RAC.
Concrete type Measured properties Database size  Refs
RAC without SCMs Compressive strength 393 (7)
Self-compacting RAC ~ Compressive strength 515 (8)
RAC with SCMs RCPT 226 (5)
RAC with SCMs Modulus of elasticity 526 (9)
RAC Creep 233 (10)
RAC without SCMs Sulfate resistance 143 (11)
RAC with SCMs Carbonation depth 713 (12)

Although several experimental studies have been conducted to investigate the chloride penetration of RAC
using RCPT, there is a lack of a unanimous model for predicting the chloride penetration of RAC. In this
study, a comprehensive database regarding the RCPT of RAC was gathered from the literature. Two well-
established ensemble models were developed, compared, and verified using the gathered database. The
proposed models benefit from the high generalization capability compared to the limited investigations in
individual experimental studies. The best-developed ensemble model was then used for sensitivity analysis
and the influence of different factors on the passed charge of RAC was determined.

2. Data gathering

An extensive database of the experimental observations of RCPT of RAC, including 534 samples, was
gathered from 15 scientific studies (13—27). The amounts of cement (C), silica fume (SF), slag (SI), fly ash-
type F (FIA), water (W), natural coarse aggregate (NCA), natural fine aggregate (NFA), recycled coarse
aggregate (RCA), superplasticizer (SP), as well as, recycled coarse aggregate water absorption (RWA),
compressive strength at 28 days (CS), and the testing age (TA) were selected as the initial predictors of the
ML models. The Pearson correlation coefficients of the initial predictors are depicted in Fig. 1(a) showing
that NCA and RCA are highly correlated which can increase the multi-collinearity risk. Therefore, the RCA
ratio (RAR) replaces these two predictors defined as the ratio of RCA to total aggregate. The correlation
coefficients of the final predictors are illustrated in Fig. 1(b) showing that the bivariate correlations of the
final predictors are less than 0.7. The output of the model is the charge passed(CP) from the standard RAC
specimen. The negative Pearson correlation of SCMs with output indicates the positive influence of these
constituents in increasing the chloride penetration of RAC against chloride ions. Moreover, the positive
Pearson correlations of RAR and RWA with CP indicate their unpleasant effect on the chloride penetration
of RAC.

Table 2 gives the statistical parameters of the input and output variables of the RCPT system. More than
80% of samples include RCA in the gathered database. In addition, almost 33%, 20%, and 26% of samples
encompass silica fume, slag, and fly ash, respectively, indicating the importance of SCMs in concrete
mixtures for the chloride penetration reduction of RAC in past studies.



Fig. 1. The correlation coefficients of a) the initial predictors and b) the final predictors of the

Table 2. Statistical parameters of the input and output variables of the RCPT system.

RCPT system.

Databases Input features Mean Std Min 25% 50% 75% Max
d;;;tl)aa-l;e C (kg/m3) 361.71 10202 78 300 390 420 530
SF (kg/m3) 8.97 13.79 0 0 0 19.75 39
Sl (kg/m3) 24.31 62.53 0 0 0 0 315
FIA (kg/m3) 31.79 54.14 0 0 0 100 143.50
W (kg/m3) 171.43 30.66 105 156.4 175 193.5 225
NFA (kg/m3) 704.82 127.18 389 659 680 708 1031
RAR 0.53 0.39 0 0.2 0.49 1 1
RWA (%) 3.22 2.09 0 1.47 3.89 4.8 7.20
SP (kg/m3) 3.61 3.06 0 3.61 5.92 10.41
CS (MPa) 49.24 14.63 25 38.32 45.02 59.62 92.39
TA (Days) 54.94 30.57 7 28 28 90 91
CP (Coulombs) 3143.43 147281 421  2140.28 2904.12 3866.25 10506

2. Ensemble model development

Before developing ML models, the database was randomly divided into two main datasets: 1) the
development dataset and 2) the testing dataset. The development dataset is used to develop the ML model
and to find the hyperparameters of ensemble models. For the development stage, the hyperparameters
were set first and then the k-fold cross-validation technique was used to develop the model. For this, the
development dataset was randomly divided into k folds with almost equal sizes. In each iteration, (k-7) folds



were used for training the model while the remaining dataset was served for the validation of the trained
model. By changing the folds, k models were developed and the average performance of k models
determined the quality of the preassumed hyperparameters. The generality of the developed ML models is
determined using the unknown samples in the testing stage.

The random forest (RF) and eXtreme Gradient Boosting (XGBoost) techniques are two ensemble models
used in this study on behalf of the bagging and boosting techniques. Both techniques include several base
ML models built gradually over iterations. The number of estimators (base ML models) is one of the
hyperparameters of ensemble models which should be tuned. A decision tree (DT) is usually used as the
base ML model of ensemble models because of its simplicity and interpretability, non-multi-collinearity, and
relatively inexpensive computations. There are some hyperparameters related to the DTs, including the
maximum tree depth, the maximum number of variables used for nodes’ breaking, the minimum number of
samples used for nodes’ breaking, and the minimum number of samples in the newly generated nodes. In
each iteration of RF, a DT is constructed using sampling with replacement from the database and the
average performance of all DTs determines the accuracy of the developed RF. The sequential training
procedure is served in the XGBoost technique in which the samples with high errors in each iteration are
boosted in the consequent iterations. This algorithm benefits from an advanced regularized formalization,
named L1 and L2 regularization terms on weights, which can improve the ensemble model’s generalization.
The L1 term can reduce the algorithm's run time in problems with a high dimensionality while the L2 term
carries out the regularization section of the model.

4. Results and discussion

To examine the performance of the developed ensemble models, several error measures were used in this
study, including root mean squared deviation (RMSD), relative RMSD (RRMSD), mean absolute deviation
(MAD), and R-squared (R?), formulated as follows:
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where O; and P; are the observation and predicted values of the ith sample, respectively; O is the average
value of observations in the database; N is the number of samples. The lower RMSD, RRMSD, and MAD
values and upper R? value of an ML model indicate its higher prediction capability.

The RF and XGBoost ensemble techniques were used in this study to model the chloride penetration
resistance of RAC using the RCMT database. 80% of the collected database were chosen randomly for the
development stage while the remaining were used in the testing stage. the 5-fold cross-validation technique
was used in the development stage. Table 3 gives the optimal hyperparameters of the RF and XGBoost
models based on the try and error. The results indicate that the XGBoost model needs a considerably
smaller tree depth compared to the RF model for CP prediction. In addition, a considerable number of
estimators is required for the XGBoost model development compared to the RF model.

Table 3. Optimal hyperparameters values for all developed ensemble models.

Models Hyperparameters

RF Max depth = 14, Min samples split = 2, Min samples leaf = 1, Max number of features

= 6, Number of estimators = 61
XGBoost Max depth = 4, Subsample ratio of the training instance = 0.89, Subsample ratio of
columns for constructing trees = 0.8, L1 regularization term = 0, L2 regularization term

= 0.7, Learning rate = 0.1, Number of estimators = 995

Table 4 gives the error measures of the developed RF and XGBoost models for different stages in which
the best error measures are bolded. The performance of the XGBoost model outperforms the RF model in
all stages. For the testing stage, the RMSE value of the XGBoost model is 33.6% lower than the RF model.
The RRMSD values of both RF and XGBoost models are between 0.1 and 0.2 in the validation and testing



stages, denoting the “Good” efficiency of the developed models. The R? values of the RF model in all stages
are more than 0.84 indicating a good harmony between the model predictions and experimental
observations. However, the developed XGBoost model with the R? values of 0.92 in all stages has a better
performance than the RF model.

Table 4. Error indices of the developed ensemble models.

Models Stages RMSD (Coulombs-m?/s) RRMSD MAD (Coulombs- m?/s) R?
RF Validation 591.56 0.18 380.93 0.84
Training-validation 283.04 0.09 202.77 0.96
Testing 485.33 0.17 340.81 0.87
XGBL  Validation 414.85 0.13 266.97 0.92
Training-validation 164.09 0.05 126.38 0.99
Testing 322.50 0.11 219.26 0.94

Fig. 2(a) and (b) depict the scatter plots of the CP predicted by the RF and XGBoost models against the
experimental CP, respectively, for the testing stage. The closer the data points of an ML model around the
45-degree line, the better the prediction capability of the model. The developed XGBoost model has higher
efficiency in comparison with the RF model in predicting the CP of RAC. In addition, the £20% lines in the
subfigures show the data points in the prediction range of +20%, and the data points outside this range are
specified in red color. The XGBoost model with less than almost 10% of data points outside the +20%
prediction range has lower numbers of weak prediction points compared to more than 20% of out-of-range
data points for the RF model.
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Fig. 2. The CP predictions by a) the RF model and b) the XGBoost model against the

experimental CP observations.
The developed XGBoost model was used for the sensitivity analysis. The SHAP technique was served to
specify the importance of input variables in the RCPT prediction. The average impact of each input variable
on the charge passed was measured according to the mean absolute SHAP values, depicted in Fig. 3.
Water is by far the most influential factor, followed by the testing age and natural fine aggregate. The
compressive strength and cement with almost the same mean SHAP values are in the next rank. In addition,
the importance of the slag in the passed charge reduction is higher than fly ash and silica fume. Recycled
coarse aggregate water absorption has slightly more impact on the charge passed compared to the recycled
coarse aggregate ratio.
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Fig. 3. The SHAP sensitivity analysis of the XGBoost model for the RCPT system.
To investigate the effects of the input variables on the CP, a parametric study was carried out for SCMs and
RCA variables, as depicted in Fig. 4. The RAR and RWA increment raises the CP of RCMT which is
attributed to the weaker interfacial transition zone of concrete because of the higher range of RCA in the
concrete mixture and the more porous structure of RCA with higher RWA compared to normal concrete.
The use of silica fume, slag, and fly ash can compensate for the negative impacts of the RAR and RWA in
the concrete mixture by enhancing the interfacial transition zone through the pozzolanic hydraulic reaction
of SCMs with the calcium hydroxide solutions obtained from the hydration process of cement.
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Fig. 4. Parametric study of a) SF, b) S, c) FIA, d) RCAR, €) RCAWA of the RCPT system
For comparison purposes, the errors obtained by the XGBoost model were compared with the errors of ML
models reported by other researchers for different types of concrete, as given in Table 5. In general, the
database gathered from the literature in this study has a remarkably larger size than the databases in other
studies. the XGBoost model developed in this study is 11.3% more accurate than the GBoost model
developed by Liu et al. [11]. The developed ensemble model in this study can deal with RAC containing SF,
SI, and FIA and it was built using 136.3% more data samples compared to the one used by Liu et al. (5).
Using a 165.7% larger database, the XGBoost model developed in this study performs similarly to the light
GBoost model developed by Alabdullah et al. (28). However, the accuracy of the XGBoost model in this



study is weaker than the ML model proposed by Naijimi et al. (29), considering the size of the data used in
this study is five times bigger, and the behavior of the RAC differs from the concrete with usual components.

Table 5. Comparison of different ML models for modeling the RCMT.

developed
variable

ML model
Data number
Reported errors

Best

Concrete type
Input

number

N
o
(&)

Artificial neural network+ Self-compacting concrete 6 RMSD=175.90 (Coulombs), (29)
Artificial bee colony algorithm with SF and FIA MAD=116.17 (Coulombs)
GBoost model RCA with Sl and FIA 8 226 RMSD=360.93 (Coulombs), (5)
R?=0.96,
RRMSD=0.12
Light GBoost model Concrete with metakaolin 7 201 RMSD=320.1 (Coulombs), (28)
MAD=225.4 (Coulombs),
R?=0.95
Developed XGBoost model in RCA with SF, Sl and FIA 11 534 RMSD=322.50 (Coulombs), -
this study MAD=219.26 (Coulombs),
R?=0.94
RRMSD=0.11

5. Conclusions
Rapid chloride penetration test (RCPT) of recycled aggregate concrete (RAC) can provide precious
information on the resistance of RAC against chloride ions penetration. In this study, a comprehensive
database of the RCPT results carried out on RACs was collected from the literature. Two ensemble models,
including random forest (RF) and eXtreme Gradient Boosting (XGBoost) models, were developed to model
the charge passed of RAC in the RCPT. The conclusions of this study are listed in the following.
¢ Both RF and XGBoost models developed in this study possess “good performance” in the testing
stage indicating the acceptable generalization of the ensemble models in modeling the charge passed
of RAC in the RCPT.
¢ To generate accurate ensemble models, the XGBoost method needs less tree depth and a higher
number of estimators compared to the RF technique.
e The root mean squared error of the charge passed of RAC using the XGBoost and RF models are
322.50 and 485.33 Coulombs for the testing stage, respectively.
e Water content and testing age are two crucial variables affecting the charge passed of RAC in the
RCPT test.
¢ Using supplementary cementitious materials in RAC can alleviate the unpleasant effects of recycled
concrete aggregate in concrete mixture and reduce the charge passed of RAC effectively.
¢ Increasing the recycled coarse aggregate ratio and water absorption have negative effects on the
durability performance of RAC. The impact of recycled coarse aggregate water absorption is slightly
more than the influence of the recycled coarse aggregate ratio.
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