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Abstract: This paper aims to investigate the effect of fine recycled concrete powder (FRCP) on the
strength of self-compacting concrete (SCC). For this purpose, a numerical artificial neural network
(ANN) model was developed for strength prediction of SCC incorporating FRCP. At first, 240 experi-
mental data sets were selected from the literature to develop the model. Approximately 60% of the
database was used for training, 20% for testing, and the remaining 20% for the validation step. Model
inputs included binder content, water/binder ratio, recycled concrete aggregates’ (RCA) content,
percentage of supplementary cementitious materials (fly ash), amount of FRCP, and curing time. The
model provided reliable results with mean square error (MSE) and regression values of 0.01 and 0.97,
respectively. Additionally, to further validate the model, four experimental recycled self-compacting
concrete (RSCC) samples were tested experimentally, and their properties were used as unseen data
to the model. The results showed that the developed model can predict the compressive strength of
RSCC with high accuracy.

Keywords: artificial neural network; self-compacting concrete; compressive strength; fine recycled
concrete powder; fly ash

1. Introduction

Concrete is the most used material worldwide and its production has drastically
increased during the last decades. Over the past years, this situation has been thoroughly
noted in the construction section and initiatives have been made to change what is known
as conventional practice in many examples, to search for ways to improve the construction
materials performance and lower the impacts, and to produce environmentally friendly
materials [1,2]. In recent years, some researchers have tried to evaluate the potential of
using recycled concrete aggregates (RCA) as a replacement for natural aggregates (NA) in
the concrete [3,4]. Self-compacting concrete (SCC), as one of the most significant advances
in the concrete industry, exhibits a better performance than that of conventional concrete [5].
This may be attributed to the association of supplementary cementitious materials (SCM)
and filler materials that are considered at nuclear sites and to refine the porosity of the
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cement paste and reduce permeability. In fact, filler materials are commonly used as
additives in SCC to enhance strength and long-term properties [6,7]. Recycled aggregates
have been successfully used and their performance was extensively investigated by several
researchers to develop self-compacting concrete [8–10].

Efforts have been made to develop an efficient numerical or analytical model to predict
concrete compressive strength as one of the critical parameters of SCC. In the literature,
quite a few linear and nonlinear regression equations for prediction of compressive strength
can be found [11,12]. The majority of these soft computing techniques have rarely been
used beyond classic problems. Some developed models depended on Feret’s law and
Bolomey’s equation [13], to predict the 28-days cured-compressive strength without ac-
counting for any strength gain beyond 28 days [14,15]. Alternatively, other sophisticated
models have applied soft computing techniques such as function optimization or approxi-
mation by genetic algorithms [11] or neural networks [12,16,17]. Among these techniques,
artificial neural networks (ANN) became quite popular by many researchers to estimate
the performance of conventional concrete [16–18], the performance of recycled aggregate
concrete [3,17], and the performance of high-performance concrete [19,20]. Also, few stud-
ies have been done on self-compacting concrete incorporating recycled aggregates [21–23].
Lee et al. (2009) proposed a new methodology based mainly on an artificial neural network
as a predictive tool to optimize the material properties of an optimum concrete mixture [24].
The computational power of ANN comes from its ability to learn straight from examples,
find relationships between input and output parameters, and tolerate relatively imprecise
or incomplete tasks, and approximate results, and be even less vulnerable to outliers [18,25].
To the best of the authors’ knowledge, there is very little research in literature and lack of
a model that predicts SCC compressive strength produced with the combination of RCA
and FRCP. Simultaneously, Boudali et al. (2016) had experimentally proven the significant
role of FRCP while producing sustainable self-compacting concrete. An addition of 40%
of fine recycled concrete improves the strength development of SCC and self-compacting
sand concrete [26]. The potential of using FRCP in producing sustainable self-compacted
concrete has not been addressed enough in the literature. This study aimed at evaluating
the feasibility of using the ANN method for the prediction of the compressive behavior
of recycled self-compacting concrete (RSCC). The model developed in this study was
designed using MATLAB neural network toolbox functions. In addition to the validation
of the present model, new experiments were designed to evaluate the accuracy of the
designed ANN model by a separate, unseen experimental database. Then, a parametric
study was conducted to evaluate the effect of different inputs, with different percentages,
on the compressive strength of RSCC.

2. Neural Network Approach

A neural network model was developed for this paper. The model was developed
based on the experimental work conducted by the authors. The model incorporated also
several experimental results from the literature used for analysis and verification. The
following explains the basic principles used to build the ANN model and the details about
the experimental data sets.

2.1. Basic Principles

Similar to the biological brain, ANN processes, and information from input data [27],
the neural network modeling can classify data, recognize the pattern, find approximation
function, generalize, and simulate complex operations. Such an approach is specifically
suitable to predict the characteristics of complicated mixtures [28]. The structure of the
ANN model could have multiple, parallel layers of nonlinear and linear processing seg-
ments, called neurons. These multiple, parallel layers include the input layer, hidden layers,
and the output layer. Each layer is comprised of sets of parallel nerves [29].

Experimental data (xi) is introduced in the input layer. Then, it is adjusted by parame-
ter connection weights (wij) and biases (b), as weights are the links between neurons and
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layers. Adjusted inputs go through a summation process for formation of a single input (Ij)
(Equation (1)) [30]:

Ij =
n

∑
i=1

wijxi + b (1)

After that, an activation function f(x) is applied to the single input to create an output
value of the processing element over hidden layers [30]. The difference between network
outputs and satisfied targets represents the error value, which is propagated back to the
network through a learning algorithm. This back-propagation network could be considered
as the most popular learning/training algorithm since it performs better for predicting
multiple targets compared to complex and multilayer networks [28,31]. This algorithm
updates the network weights and biases, which allow the model to converge rapidly.
Through this training process, ANN synthesizes and memorizes correlations between
inputs and outputs. Hence, sufficient and representative data are a must during the
training process to permit the network to diagnose the basic structure of the information
involved. When the model is well trained, it could have the ability to predict targets for
any unseen input set of data within the range of the training data with a satisfying degree
of accuracy [29]. Extensive sensitivity studies are performed on various networks using a
trial-and-error method to evaluate their performance [32].

2.2. Collected Experimental Data Set

A total of 240 data sets have been collected in the literature from previous experimental
works on the compressive strength of RSCC. All collected data were normalized based on
the compressive strength results for control specimens made with natural aggregate at the
same testing age. In addition, shape correction factors for the collected data were applied
to eliminate specimen shape effects on the achieved strength following the Eurocode 2 [33]
and recommendations from a previous study [34]. The data sets are presented in Table 1
and Appendix A. These data were divided into three parts for designing the model as
follows: training (60%), testing (20%), and validation (20%). This division helped the
model to show a good generalization capability [35]. The training set data were used to
train the NN models, the entire validation data were used to stop the training process,
and all test data were used to assess the performance of the mode after completion of the
training process.

Table 1. Statistical characteristics of the experimental database.

Parameters (Unit) Min Max Mean Standard Deviation

Inputs

Binder content (B) (kg/m3) 208 460 363.22 72.33

Water/binder ratio (W/B) 0.4 0.65 0.49 0.08

Natural aggregates (NA) (kg/m3) 0 1290 504.89 454.11

Recycled concrete aggregates (RCA) (kg/m3) 0 1215 396.78 398.34

Natural pozzolana (NP) (kg/m3) 0 140 7 30.51

Fly ash (FA) (kg/m3) 0 185 30.12 61.23

Fine recycled concrete powder (FRCP) (kg/m3) 0 140 5.83 27.98

Natural sand (NS) (kg/m3) 0 1050 600.03 230.25

Recycled sand (RS) (kg/m3) 0 1050 90.1 218.85

Curing time (days) 3 180 35.04 38.61

Output Compressive strength of RSCC (MPa) 12 65 37.81 12.22
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For making data consistent with the tangent sigmoid transfer function limits in both layers,
the data were normalized between−1 and +1 using the following equation (Equation (2)):

Xn =

(
1− (−1)

X− Xmin

Xmax − Xmin

)
− 1 (2)

where Xmin, Xmax, and Xn are the minimum, maximum, and the normalized value of the X
data sample, respectively.

2.3. Proposed ANN Model

Ten input parameters were chosen based on their demonstrated effect on the compres-
sive strength, namely, the binder content (B), water/binder (W/B) ratio, natural aggregates
(NA), recycled concrete aggregates (RCA), natural pozzolana (NP), fly ash (FA), fine recy-
cled concrete powder (FRCP), natural sand (NS), recycled sand (RS), and time of curing (T).
The target parameter was the compressive strength of RSCC at different curing ages.

The appropriate architecture of the proposed ANN model is described in Figure 1. The
optimal values of the neural network parameters and the description of input parameters
are given in Tables 2 and 3, respectively.
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Table 2. Values of the neural network parameters used in the ANN model.

Parameters Values

Number of input layer units 10

Number of hidden layers 1

Number of hidden layer units 10

Number of output layer units 1

Learning rate 0.01

Performance goal 10−5

Table 3. List of the input parameters.

Parameter Description

B (kg/m3) Binder Content

W/B Water/binder Ratio

NA (kg/m3) Natural Aggregate

RCA (kg/m3) Recycled Concrete Aggregates

NP (kg/m3) Natural Pozzolana

FA (kg/m3) Fly Ash

FRCP (kg/m3) Fine Recycled Aggregate Powder

NS (kg/m3) Natural Sand

RS (kg/m3) Recycled Sand

CT (days) Curing Time

The performance of the best network is evaluated by extensive sensitivity studies
performed on various networks using a trial-and-error method. No specific theory has
been established for computing the suitable number of neurons in hidden layers and it can
be calculated by the following equation (Equation (3)):

n =
√

ni + n0 + a (3)

where n is the number of neurons of the hidden layer, ni is the number of neurons of the
input layer, n0 is the number of the neurons of the output layer, and a is a fixed amount,
which ranges between 0 and 10. Based on this formula, the number of neurons of hidden
layers ranged from 3 to 13. After so many trials, the highest regression value and the least
model error were achieved by 10 neurons. Figure 2 illustrates step by step the flowchart
used to select the best ANN model.

The model was designed using MATLAB neural network toolbox functions. For all
the networks, the Levenberg–Marquardt algorithm was used to train the network with
the log-sigmoid transfer function between the input and hidden layers and the linear
transfer function between the second and output layers. This is recognized to be the fastest
approach for training networks of moderate size [36].
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3. Results and Discussion
3.1. Model Performance

The performance of any ANN model relies on the success of the training process.
A well-designed, trained model should provide accurate output results as prediction, not
only for input data used in the training process but also for new experimental data unfamil-
iar to the designed network within the same range of the training data sets. Additionally,
perfect ANN models usually have only slight differences between their validation and
testing errors [27]. For this purpose, five essential parameters were chosen to examine the
designed model performance and its reliability, including mean square error (MSE), root
mean square error (RMSE), mean absolute error (MAE), normalized mean absolute error
(NMAE), and linear correlation coefficient (R). Equations (4)–(8) present the formulation
for each parameter, and their values are given in Table 4.

MSE =
1
n

n

∑
i=1

(CS(model) − CS(actual))
2

(4)

RMSE =

√
1
n

n

∑
i=1

(CS(model) − CS(actual))
2 (5)

MAE =
1
n

n

∑
i=1

∣∣∣CS(model) − CS(actual)

∣∣∣ (6)
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NMAE =

1
n

n
∑

i=1

∣∣∣CS(model) − SC(actual)

∣∣∣
CSmax(actual) − CSmin(actual)

(7)

R2 = 1−

n
∑

i=1

(
CS(actual) − CS(model)

)2

n
∑

i=1

(
CS(actual) − CS(actual)

)2 (8)

where CSactual is the experimental value of compressive strength and CSmodel is its predicted
value by the ANN model.

Table 4. Performance of the designed ANN model.

Evaluation Parameters R R2 MSE RMSE MAE NMAE

Training 0.97 0.93 0.01 0.1 0.043 2.49

Testing 0.96 0.92 0.01 0.1 0.066 4.61

R values greater than 0.8 showed a good connection between the actual and the
modeled values [37]. R values for training and testing the ANN model were 0.97 and 0.96,
respectively. Figure 3 illustrates the experimental against normalized compressive strength.

Results indicated that the designed ANN model could be a desirable approach for
predicting the compressive strength of RSCC. As shown in Figure 4, the experimental and
predicted compressive strength values were very close to each other.
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3.2. Experimental Study for Validation of the Model

To fully validate the developed ANN model, an experimental program was carried
out. The completion of this program involved the collection of experimental results on the
compressive strength at 7, 28, 60, 90, and 180 days from different mixtures made of recycled
concrete at a water-binder ratio of 0.36. Four types of self-compacting sand concrete (SCSC),
which is considered as a kind of SCC that contains aggregates with size of less than 5 mm,
were prepared by replacing 100% of natural aggregates (NA) and 40% of natural pozzolana
(NP) by 100% of recycled aggregates (RA) and 40% fine recycled aggregates powder (FRCP),
respectively. The constituent materials of concrete and their proportions were the same for
different mixtures. The mixture compositions are given in Table 5.

Table 5. Mix proportions of concrete mixtures for 1 m3.

Sample Fine Aggregates
(kg/m3) Coarse Aggregates (kg/m3) Additives

Binder
(kg/m3) W W/B S (kg/m3) NA(kg/m3) RCA (kg/m3) FRCP (kg/m3) NP (kg/m3)

SCSC1 620 225 0.36 1213 303 0 0 170

RSCSC2 620 225 0.36 1213 0 303 170 0

RSCSC3 620 225 0.36 1213 303 0 0 170

RSCSC4 620 225 0.36 1213 0 303 170 0

The used materials for the experimental part are described in Boudali et al. [38]. In
all mixtures, Portland cement CEMII 42.5 B from local areas in Algeria was used to satisfy
the requirements of EN 197 [39]. In terms of additives, natural pozzolana (NP) and fine
recycled concrete powder (FRCP) were utilized. The NP was obtained from the deposit
of Bouhamidi in the northwest of Algeria, in the Beni-Saf area, and FRCP was extracted
by grinding the waste concrete. For superplasticizer, polycarboxylate-based, high-range,
water-reducing admixture (HRWR) according to ASTM C494 [40] type F was used as an
additive to the composite. The solids’ content and specific gravity of the HRWR were 42%
and 1.05, respectively. Siliceous sand with a specific gravity of 2.56 and 0.4% of water
absorption was considered as a fine aggregate.

Coarse aggregates, either natural or recycled, remained within the size range of 3 to
5 mm. By crushing the construction waste, the used recycled aggregates were extracted in
the West Algeria Public Works Laboratory. The compressive strength of recycled aggregates
has an average of 40 MPa and had specific gravity and water absorption of 2.54 and 2.5%,
respectively. Moreover, the average specific gravity and water absorption of natural aggre-
gates were 2.58 and 1.3%, respectively. Air entraining admixture (AEA) was considered in
the order of 35–65 mL/100 kg binder aiming at a fresh air content of 5 ± 1%. Tap water
was utilized throughout the experimental tests.

Mixtures’ ingredients were mixed in a mechanical mixer in accordance with ASTM
C 192 [41] (Standard Practice for Making and Curing Concrete Test Specimens in the
Laboratory). The slump test, according to ASTM C 143, was conducted to evaluate the
workability of the fresh concrete. Cube specimens (7 cm × 7 cm × 7 cm) were used for
each specimen to conduct a compressive strength test. All compressive strength data were
normalized based on the compressive strength results for control specimens made with
natural aggregate at the same testing age. In addition, shape correction factors for the
collected data were applied to eliminate specimen shape effects on the achieved strength
following the Eurocode 2 [33] and recommendations from a previous study [34]. Specimens
were produced according to NF P 18-400 [42]. The compressive strength of the samples
was investigated after 7, 28, 60, 90, and 180 days of curing. Each reported compressive
strength value represented the average of three identical samples.

The experimental results were used as unseen inputs to further validate the
model (Table 6). The same 10 input parameters including binder content, water/binder
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ratio, natural aggregate, recycled concrete aggregate, natural pozzolana, fly ash, fine re-
cycled aggregate powder, natural sand, recycled sand, and curing time were given to the
developed ANN model and the compressive strength of RSCC as the target predicted by
the model. For validating the model, the experimental compressive strengths of RSCC,
i.e., the actual ones, were compared to the ones predicted by the model. It showed a
good correlation, since the R2 value between the experimental and predicted compressive
strength values was higher than 0.87 (Figure 5).

Table 6. Compressive strength values of mixtures were used as unseen inputs to further validate
the model.

CS (MPa)

Times (Days) SCSC1 RSCSC2 RSCSC3 RSCSC4

7 24.25 25.22 26.19 27.16

28 38.8 37.83 38.8 45.6

60 43.65 43.65 47.53 53.35

90 45.6 46.56 50.44 54.32

180 47.53 49.5 53.35 55.94
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3.3. Parametric Analysis

The developed model presented desirable performance and showed its capability for
prediction of the compressive strength for different kinds of SCC mixture designs with
various sizes of recycled aggregates. This section focuses on utilizing the capabilities of
the model in capturing the effect of individual input variables on compressive strength
progress. For the analysis, randomly selected concrete mixtures were introduced to the
model as new mixtures with different levels within the range of training data of the
parameter of interest. Out of the model inputs, the percentage of FRCP, RCA content,
and FA were selected to highlight their effects on compressive strength development.
Generally, obtained results were in agreement with previous findings by researchers [18],
indicating the potential and high capability of the developed ANN model in predicting
the performance.
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3.3.1. Effect of Recycled Fine Aggregate Powder on Strength

After validating the developed ANN model (i.e., R2 and MAE values were 0.92% and
1.68%, respectively), the model was used to evaluate the effect of incorporating different
percentages of FRCP. Mixtures incorporating 20%, 30%, 35%, and 40% FRCP were intro-
duced to the developed ANN model. The simulation results obtained for the recycled
concrete compressive strength produced with different replacement levels of FRCP at
curing days (7, 28, 60, 90, and 180 days) are displayed in Figure 6. In general, the compres-
sive strength increased with time regardless of the amount of FRCP. Moreover, all tested
mixtures exhibited compressive strengths above 32 MPa, which is the minimum decent
concrete strength exposed to sulfate environment according to American Concrete Institute
ACI Committee 318 [43]. One interesting point, the strength development rate differed
as the FRCP amount exceeded 30%. Hence, similar to conventional concrete behavior,
mixtures incorporating more than 30% FRCP exhibited slightly low early strength at seven
days, while exhibiting high strength later at 180 days. For mixtures incorporating 20%
FRCP, the compressive strengths at ages 7 and 180 days were 38.43 MPa and 46.31 MPa,
respectively, indicating an increase of 28.3%. For mixtures incorporating 40% FRCP, the
compressive strengths at ages 7 and 180 days were 34.29 MPa and 56.05 MPa, respectively,
indicating an increase of 63.4%. It should be noted that an increase in the FRCP content
considerably increased the gain of compressive strength for concrete at ages 7 days to
180 days. In summary, a compressive strength increase of 28.3% (strengths at age 7 days
vs. 180 days) was reported for concrete with 20% FRCP, while a more significant increase
of 63.4% (strengths at age 7 days vs. 180 days) was reported for concrete with 40% FRCP.
Adding such fine materials was expected to modify the particle size distribution and, conse-
quently, the initial porosity of the mixture. It was noticed that the more added fine materials,
the denser the microstructure. However, increasing the fine materials was going to increase
the surface area and, consequently, the amount of absorbed water, leaving less free water
for hydration during the early period. At later ages, mixtures with a higher amount of fine
materials will possess a lower number of voids that need to be filled by hydration products.
Hence, any slight continuation in hydration will have a higher impact on strengthening the
microstructure. Moreover, FRCP has old, hydrated cement, i.e., calcium hydroxide (C.H.).
This highlights the potential of having a pozzolanic reaction that directly contributes to
strength development through enhancing interfacial transition zone (ITZ), which is re-
sponsible for the higher bond between aggregate/cement paste [44,45]. Therefore, the
higher the added FRCP, the more the C.H. and pozzolanic reaction leading to higher
later strength.

3.3.2. Effect of Recycled Aggregate at Different FRAP Contents

The influence of recycled aggregate content was quantified for a concrete mixture
with 350 kg cement and a water cement ratio W/C of 0.5. Three groups of mixtures were
developed based on the FRCP content, which varied from 20% up to 35%. In each group,
RCA content was varied from 0% up to 100% of the total aggregate as a replacement
for natural aggregates. Regardless of RCA content, the compressive strength of recycled
concrete increased as curing time increased (Figure 7a–c). Also, increasing the percentage
of RCA resulted in higher compressive strength. For instance, for the group of mixtures
with 20% FRCP at 28 days, replacing NA with 50% and 100% RCA resulted in 14.7% and
38% increase in the achieved strength. This strength development was due to concrete
hardening and probably the strong bond between the recycled coarse aggregates and the
cement paste in addition to the good quality of recycled aggregates used. This behavior
was following the results observed by previous works [44–48].
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The combination of RCA and FRCP significantly affected the compressive strength of
the concrete mixture. There were small differences in the percentage of reduction of the
compressive strength between the experimental results and the predicted ones provided
by the ANN model. The difference in compressive strength values was about 0.95% (less
than 1%) for each age.

3.3.3. Combined Effect between FRAP and Fly Ash

Figure 8 shows the variations with the curing age of concrete compressive strengths
for different contents of additives (fly ash contents and FRCP) at the same w/c ratio of 0.5.
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Generally, compressive strength increases with increasing curing age. For example, at
28 days, the compressive strength of concrete produced with 20 to 35% FRCP and 100%
RCA remained above 32 MPa. Further, using fly ash as a partial replacement of cement
caused a decrease in the compressive strength. Looking more closely at the simulated
results for the strength development between the 28- and 180-day results shows that the
mixtures prepared with 5, 10, and 20% fly ash exhibited reductions in the compressive
strength of 11%, 28%, and 45.46% compared to the reference sample (i.e., 0% FA). On the
other side, the combination of FRCP and fly ash significantly affected the compressive
strength, as shown in Figure 8. In addition, the results from literature indicate that, with an
increase in the FA content in recycled concrete produced with 100% RCA, the compressive
strength decreases [26]. The existence of fly ash caused a decrease in the recycled concrete
compressive strength, but the reductions were not critical in the long term (less than 11%
at the curing age of 180 days) for the optimal mixture (100% RCA, 35% FRCP, and 10% FA).
These results are consistent with previous findings showing that recycled aggregates (fine,
powder) possess a particular self-cementing capacity [49].

Figure 9 depicts the influence of the fly ash percentage on the compressive strength of
recycled concrete. As fly ash replacement level increased, the strength of concrete decreased.
Using fly ash as a 5% substitution of ordinary cement and 40% FRCP substitution of natural
pozzolanic influenced the strength. Its effect was marginal compared with 10, 15, and
20% FA. The presence of fly ash of less than 20% caused only a small decrease in the
recycled concrete compressive strength compared to the conventional ones. A polynomial
relationship between the additive contents (FRCP and/or FA) used and the compressive
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strength of RSCC was proposed to evaluate the properties over a wider set of curing days,
more than 180 days (Figure 9).
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4. Conclusions

In the current study, the influence of fine, recycled concrete powder on the compressive
strength of recycled self-compacting concrete was investigated using an artificial neural
network. The main results may be summarized as follows:

• The proposed ANN model provided good accuracy for the prediction of the compres-
sive strength of RSCC in the data used for training. The regression values obtained
for the training, testing, and validation steps were entirely satisfactory, namely, 0.97,
0.96, and 0.96, respectively. The MSE of the model was 0.01. During the experimental
validation, the regression value remained high (0.88). It can be expanded beyond
the existing domain. Future experimental data are, however, required for such an
extension.

• For validating the model, the actual experimental compressive strengths of RSCC
were compared to the compressive strengths predicted by the model, showing a very
good correlation (R2- value of 0.88). Therefore, the results showed that the developed
model can predict the compressive strength of RSCC with high accuracy.

• The type of aggregates, water absorption values, replacement level of RA and FRCP,
and curing age can generally affect the properties of recycled concrete.

• The recycled self-compacting concrete compressive strength with any level of recycled
aggregates can be significantly improved by using at least 40% of FRCP as cement
replacement.

• The combination of fine, recycled concrete powder and recycled aggregates can have
a positive effect on the mechanical properties of RSCC.

Incorporating fly ash ratio of less than 20% with recycled aggregates and fine, recycled
aggregates did not show any significant effect on the compressive strength of RSCC.
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Appendix A

Table A1. Details of the experimental database [3,26,44,49–59].

No
(kg/m3)

B
(kg/m3) W/B

NA
(kg/m3)

NS
(kg/m3)

RS RCA
(kg/m3)

FRCP
(kg/m3)

NP
(kg/m3)

FA
(kg/m3)

CT
(days)

Sample
Size (mm) CS (MPa) Shape

Correction
CS of Cubes

(MPa)
Normalized
Strength * Refs

1 449 0.35 898 898 0 0 0 0 0 7

(cylinder)
100 × 200

48.06 0.88 54.61 1.00

[50]

2 449 0.35 898 673 247.25 199 0 0 0 7 46.66 0.84 55.55 1.02

3 449 0.35 898 449 494.5 379 0 0 0 7 38.19 0.78 48.96 0.90

4 449 0.35 898 0 898 794 0 0 0 7 30.91 0.78 39.63 0.73

5 449 0.35 898 673 247.25 203 0 0 0 7 47.53 0.84 56.58 1.04

6 449 0.35 898 449 494.5 406 0 0 0 7 42.86 0.78 54.95 1.01

7 449 0.35 898 822 898 813 0 0 0 7 41.12 0.78 52.72 0.97

8 411 0.55 822 822 0 0 0 0 0 7 26.11 0.77 33.91 1.00

9 411 0.55 822 616 102.75 182 0 0 0 7 22.03 0.76 28.99 0.85

10 411 0.55 822 411 411 363 0 0 0 7 17.71 0.76 23.30 0.69

11 411 0.55 822 0 411 727 0 0 0 7 12.75 0.76 16.78 0.49

12 411 0.55 822 616 154 186 0 0 0 7 23.76 0.74 32.11 0.95

13 411 0.55 822 411 205.5 372 0 0 0 7 22.77 0.74 30.77 0.91

14 411 0.55 822 0 822 744 0 0 0 7 20.66 0.74 27.92 0.82

15 449 0.35 898 898 0 0 0 0 0 14 53.12 0.88 60.36 1.00

16 449 0.35 898 673 247.25 199 0 0 0 14 48.34 0.84 57.55 0.95

17 449 0.35 898 449 494.5 379 0 0 0 14 41.97 0.78 53.81 0.89

18 449 0.35 898 0 898 794 0 0 0 14 34.75 0.78 44.55 0.74

19 449 0.35 898 673 247.25 203 0 0 0 14 49.64 0.84 59.10 0.98

20 449 0.35 898 449 494.5 406 0 0 0 14 48.52 0.84 57.76 0.96

21 449 0.35 898 822 898 813 0 0 0 14 46.73 0.84 55.63 0.92

22 411 0.55 822 822 0 0 0 0 0 14 29 0.77 37.66 1.00

23 411 0.55 822 616 102.75 182 0 0 0 14 24.72 0.74 33.41 0.89
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Table A1. Cont.

No
(kg/m3)

B
(kg/m3) W/B

NA
(kg/m3)

NS
(kg/m3)

RS RCA
(kg/m3)

FRCP
(kg/m3)

NP
(kg/m3)

FA
(kg/m3)

CT
(days)

Sample
Size (mm) CS (MPa) Shape

Correction
CS of Cubes

(MPa)
Normalized
Strength * Refs

24 411 0.55 822 411 411 363 0 0 0 14 21.51 0.74 29.07 0.77

25 411 0.55 822 0 411 727 0 0 0 14 15.64 0.76 20.58 0.55

26 411 0.55 822 616 154 186 0 0 0 14 26.71 0.74 36.09 0.96

27 411 0.55 822 411 205.5 372 0 0 0 14 25.32 0.74 34.22 0.91

28 411 0.55 822 0 822 744 0 0 0 14 23.78 0.74 32.14 0.85

29 449 0.35 898 898 0 0 0 0 0 28 56.28 0.88 63.95 1.00

30 449 0.35 898 673 247.25 199 0 0 0 28 51.44 0.84 61.24 0.96

31 449 0.35 898 449 494.5 379 0 0 0 28 47.44 0.84 56.48 0.88

32 449 0.35 898 0 898 794 0 0 0 28 37.77 0.78 48.42 0.76

33 449 0.35 898 673 247.25 203 0 0 0 28 53.27 0.84 63.42 0.99

34 449 0.35 898 449 494.5 406 0 0 0 28 51.34 0.84 61.12 0.96

35 449 0.35 898 822 898 813 0 0 0 28 49.63 0.84 59.08 0.92

36 411 0.55 822 822 0 0 0 0 0 28 34.1 0.82 41.59 1.00

37 411 0.55 822 616 102.75 182 0 0 0 28 28.58 0.74 38.62 0.93

38 411 0.55 822 411 411 363 0 0 0 28 24.6 0.74 33.24 0.80

39 411 0.55 822 0 411 727 0 0 0 28 17.76 0.76 23.37 0.56

40 411 0.55 822 616 154 186 0 0 0 28 31.31 0.78 40.14 0.97

41 411 0.55 822 411 205.5 372 0 0 0 28 29.09 0.74 39.31 0.95

42 411 0.55 822 0 822 744 0 0 0 28 27.26 0.74 36.84 0.89

43 379 0.5 1171 379 0 0 0 0 0 7 (cube)100
× 100 ×

100

26.2 1 26.2 1
[44]

44 379 0.5 0 379 0 1171 0 0 0 7 29.9 1 29.9 1.14
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Table A1. Cont.

No
(kg/m3)

B
(kg/m3) W/B

NA
(kg/m3)

NS
(kg/m3)

RS RCA
(kg/m3)

FRCP
(kg/m3)

NP
(kg/m3)

FA
(kg/m3)

CT
(days)

Sample
Size (mm) CS (MPa) Shape

Correction
CS of Cubes

(MPa)
Normalized
Strength * Refs

45 379 0.5 1171 379 0 0 0 0 0 28 (cube)100
× 100 ×

100

32.6 1 32.6 1
[44]

46 379 0.5 0 379 0 1171 0 0 0 28 38.7 1 38.7 1.19

47 379 0.5 1171 379 0 0 0 0 0 90
(cube)100
× 100 ×

100

46.5 1 46.5 1

[44]
48 379 0.5 0 379 0 1171 0 0 0 90 55 1 55 1.18

49 208 0.72 1040.7 807.6 0 0 0 0 52 7

(Cylinder)
100 × 200

12 0.84 14.29 1.00

[51]

50 208 0.72 728.5 807.6 0 312.2 0 0 52 7 13.4 0.76 17.63 1.23

51 208 0.72 624.4 807.6 0 416.3 0 0 52 7 9.6 0.76 12.63 0.88

52 208 0.72 520.4 807.6 0 520.4 0 0 52 7 10.1 0.76 13.29 0.93

53 208 0.72 780.5 807.6 0 780.5 0 0 52 7 8.7 0.76 11.45 0.80

54 208 0.72 1070.7 807.6 0 1040.7 0 0 52 7 8.9 0.76 11.71 0.82

55 208 0.72 1040.7 807.6 0 0 0 0 52 28 17.1 0.81 21.11 1.00

56 208 0.72 728.5 807.6 0 312.2 0 0 52 28 16.5 0.76 21.71 1.03

57 208 0.72 624.4 807.6 0 416.3 0 0 52 28 16.3 0.76 21.45 1.02

58 208 0.72 520.4 807.6 0 520.4 0 0 52 28 14.7 0.76 19.34 0.92

59 208 0.72 780.5 807.6 0 780.5 0 0 52 28 15.1 0.76 19.87 0.94

60 208 0.72 1070.7 807.6 0 1040.7 0 0 52 28 13.7 0.76 18.03 0.85

61 208 0.72 1040.7 807.6 0 0 0 0 52 56 23 0.74 31.08 1.00

62 208 0.72 728.5 807.6 0 312.2 0 0 52 56 22 0.76 28.95 0.93

63 208 0.72 624.4 807.6 0 416.3 0 0 52 56 18 0.76 23.68 0.76

64 208 0.72 520.4 807.6 0 520.4 0 0 52 56 18.9 0.76 24.87 0.80

65 208 0.72 780.5 807.6 0 780.5 0 0 52 56 17.7 0.76 23.29 0.75

66 208 0.72 1070.7 807.6 0 1040.7 0 0 52 56 16.6 0.76 21.84 0.70

67 208 0.72 1040.7 807.6 0 0 0 0 52 148 24.1 0.77 31.30 1.00

68 208 0.72 728.5 807.6 0 312.2 0 0 52 148 25.5 0.74 34.46 1.10

69 208 0.72 624.4 807.6 0 416.3 0 0 52 148 19.9 0.76 26.18 0.84
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Table A1. Cont.

No
(kg/m3)

B
(kg/m3) W/B

NA
(kg/m3)

NS
(kg/m3)

RS RCA
(kg/m3)

FRCP
(kg/m3)

NP
(kg/m3)

FA
(kg/m3)

CT
(days)

Sample
Size (mm) CS (MPa) Shape

Correction
CS of Cubes

(MPa)
Normalized
Strength * Refs

70 208 0.72 520.4 807.6 0 520.4 0 0 52 148 19.8 0.76 26.05 0.83

71 208 0.72 780.5 807.6 0 780.5 0 0 52 148 21 0.76 27.63 0.88

72 208 0.72 1070.7 807.6 0 1040.7 0 0 52 148 20.6 0.76 27.11 0.87

73 430 0.64 602 846 0 0 0 0 185 7

(Cube)100
× 100 ×

100

26 1 26 1

[53]

74 430 0.64 301 846 0 278 0 0 185 7 23.5 1 23.5 0.90

75 430 0.64 301 635 193 278 0 0 185 7 24 1 24 0.92

76 430 0.64 301 423 386 278 0 0 185 7 24 1 24 0.92

77 430 0.64 0 846 0 556 0 0 185 7 24 1 24 0.92

78 430 0.64 0 556 193 556 0 0 185 7 25 1 25 0.96

79 430 0.64 0 423 386 556 0 0 185 7 25 1 25 0.96

80 430 0.64 602 846 0 0 0 0 185 28 37.5 1 37.5 1.00

81 430 0.64 301 846 0 278 0 0 185 28 34 1 34 0.91

82 430 0.64 301 635 193 278 0 0 185 28 35.5 1 35.5 0.95

83 430 0.64 301 423 386 278 0 0 185 28 35 1 35 0.93

84 430 0.64 0 846 0 556 0 0 185 28 36 1 36 0.96

85 430 0.64 0 556 193 556 0 0 185 28 36.5 1 36.5 0.97

86 430 0.64 0 423 386 556 0 0 185 28 35.5 1 35.5 0.95

87 430 0.64 602 846 0 0 0 0 185 56 40 1 40 1.00

88 430 0.64 301 846 0 278 0 0 185 56 35 1 35 0.88

89 430 0.64 301 635 193 278 0 0 185 56 37 1 37 0.93

90 430 0.64 301 423 386 278 0 0 185 56 36 1 36 0.90

91 430 0.64 0 846 0 556 0 0 185 56 38 1 38 0.95

92 430 0.64 0 556 193 556 0 0 185 56 39 1 39 0.98

93 430 0.64 0 423 386 556 0 0 185 56 38 1 38 0.95

94 430 0.64 602 846 0 0 0 0 185 120 47 1 47 1.00
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Table A1. Cont.

No
(kg/m3)

B
(kg/m3) W/B

NA
(kg/m3)

NS
(kg/m3)

RS RCA
(kg/m3)

FRCP
(kg/m3)

NP
(kg/m3)

FA
(kg/m3)

CT
(days)

Sample
Size (mm) CS (MPa) Shape

Correction
CS of Cubes

(MPa)
Normalized
Strength * Refs

95 430 0.64 301 846 0 278 0 0 185 120 41 1 41 0.87

96 430 0.64 301 635 193 278 0 0 185 120 44 1 44 0.94

97 430 0.64 301 423 386 278 0 0 185 120 42 1 42 0.89

98 430 0.64 0 846 0 556 0 0 185 120 45 1 45 0.96

99 430 0.64 0 556 193 556 0 0 185 120 47 1 47 1.00

100 430 0.64 0 423 386 556 0 0 185 120 46 1 46 0.98

101 310 0.4 1200 650 0 0 0 0 0 28

(Cube)100
× 100 ×

100

50 1 50 1.00

[54]

102 310 0.4 920 650 0 140 0 0 0 28 49 1 49 0.98

103 310 0.4 840 645 0 360 0 0 0 28 49 1 49 0.98

104 310 0.4 590 640 0 590 0 0 0 28 45 1 45 0.90

105 310 0.4 0 625 0 1170 0 0 0 28 42 1 42 0.84

106 370 0.45 1215 650 0 0 0 0 0 7

(Cube)100
× 100 ×

100

19 1 19 1

[55]

107 370 0.45 850.5 650 0 364.5 0 0 0 7 19 1 19 1

108 370 0.45 607.5 650 0 607.5 0 0 0 7 19 1 19 1

109 370 0.45 0 650 0 1215 0 0 0 7 19 1 19 1

110 370 0.45 1215 650 0 0 0 0 0 28 41 1 41 1

111 370 0.45 850.5 650 0 364.5 0 0 0 28 40 1 40 0.98

112 370 0.45 607.5 650 0 607.5 0 0 0 28 41 1 41 1.00

113 370 0.45 0 650 0 1215 0 0 0 28 40 1 40 0.98

114 370 0.45 1215 650 0 0 0 0 0 90 64 1 64 1

115 370 0.45 850.5 650 0 364.5 0 0 0 90 65 1 65 1.02

116 370 0.45 607.5 650 0 607.5 0 0 0 90 64 1 64 1

117 370 0.45 0 650 0 1215 0 0 0 90 65 1 65 1.02
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Table A1. Cont.

No
(kg/m3)

B
(kg/m3) W/B

NA
(kg/m3)

NS
(kg/m3)

RS RCA
(kg/m3)

FRCP
(kg/m3)

NP
(kg/m3)

FA
(kg/m3)

CT
(days)

Sample
Size (mm) CS (MPa) Shape

Correction
CS of Cubes

(MPa)
Normalized
Strength * Refs

118 400 0.48 1290 523 0 0 0 0 0 28

(cylinder)
160 × 300

42.6 0.78 54.62 1

[56]

119 400 0.43 1140 685 0 0 0 0 0 28 54.8 0.88 62.27 1

120 400 0.5 0 787 0 824 0 0 0 28 43.3 0.82 52.80 1

121 400 0.65 0 0 629 878 0 0 0 28 31.5 0.78 40.38 0.74

122 400 0.6 0 0 659 746 0 0 0 28 35.4 0.78 45.38 0.83

123 400 0.66 0 0 675 865 0 0 0 28 39.4 0.78 50.51 0.92

124 360 0.65 1100 705 0 0 0 0 0 7

(Cube)100
× 100 ×

100

17 1 17 1

[3]

125 360 0.65 0 705 0 1100 0 0 0 7 15 1 15 0.89

126 380 0.5 1100 705 0 0 0 0 0 7 21.2 1 21.2 1

127 380 0.5 0 705 0 1100 0 0 0 7 18.9 1 18.9 1.10

128 400 0.48 1100 705 0 0 0 0 0 7 24.7 1 24.7 1

129 400 0.48 0 705 0 1100 0 0 0 7 22.7 1 22.7 0.92

130 420 0.43 1100 705 0 0 0 0 0 7 32.5 1 32.5 1

131 420 0.43 0 705 0 1100 0 0 0 7 26.5 1 26.5 0.82

132 460 0.4 1100 705 0 0 0 0 0 7 37.3 1 37.3 1

133 460 0.4 0 705 0 1100 0 0 0 7 27.8 1 27.8 0.76

134 360 0.65 1100 705 0 0 0 0 0 28 22.7 1 22.7 1

135 360 0.65 0 705 0 1100 0 0 0 28 20.3 1 20.3 0.90

136 380 0.5 1100 705 0 0 0 0 0 28 32.3 1 32.3 1.00

137 380 0.5 0 705 0 1100 0 0 0 28 29.2 1 29.2 0.91

138 400 0.48 1100 705 0 0 0 0 0 28 36 1 36 1

139 400 0.48 0 705 0 1100 0 0 0 28 32.2 1 32.3 0.90

140 420 0.43 1100 705 0 0 0 0 0 28 46 1 46 1
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Table A1. Cont.

No
(kg/m3)

B
(kg/m3) W/B

NA
(kg/m3)

NS
(kg/m3)

RS RCA
(kg/m3)

FRCP
(kg/m3)

NP
(kg/m3)

FA
(kg/m3)

CT
(days)

Sample
Size (mm) CS (MPa) Shape

Correction
CS of Cubes

(MPa)
Normalized
Strength * Refs

141 420 0.43 0 705 0 1100 0 0 0 28 39.4 1 39.4 0.86

142 460 0.4 1100 705 0 0 0 0 0 28 53.5 1 53.5 1.34

143 460 0.4 0 705 0 1100 0 0 0 28 46.5 1 46.5 0.87

144 325 0.5 1206.4 710.5 0 0 0 0 0 7

(Cube)100
× 100 ×

100

50 1 50 1.00

[57]

145 325 0.5 0 660.7 0 1106.8 0 0 0 7 40 1 40 0.81

146 345 0.43 0 613.9 0 1109.4 0 0 0 7 45 1 45 0.90

147 365 0.4 0 586.8 0 1126.8 0 0 0 7 50 1 50 1

148 365 0.4 0 586.5 0 1126.8 0 0 0 7 50 1 50 1

149 325 0.5 0 660 0 1106.8 0 0 0 7 35 1 35 0.71

150 325 0.5 1206.4 710.5 0 0 0 0 0 28 60 1 60 1.00

151 325 0.5 0 660.7 0 1106.8 0 0 0 28 45 1 45 0.76

152 345 0.43 0 613.9 0 1109.4 0 0 0 28 51 1 51 0.85

153 365 0.4 0 586.8 0 1126.8 0 0 0 28 55 1 55 0.92

154 365 0.4 0 586.5 0 1126.8 0 0 0 28 55 1 55 0.92

155 325 0.5 0 660 0 1106.8 0 0 0 28 40 1 40 0.68

156 250 0.6 1188 795 0 0 0 0 0 7

(Cylinder)
100 × 200

35.9 0.82 43.78 1.00

[58]

157 250 0.6 0 795 0 1021 0 0 0 7 30 0.74 40.54 0.93

158 350 0.45 1148 696 0 0 0 0 0 7 53.6 0.88 60.91 1.00

159 350 0.45 0 696 0 1016 0 0 0 7 43.8 0.82 53.41 0.88

160 450 0.35 1170 596 0 0 0 0 0 7 66.6 0.88 75.68 1.00

161 450 0.35 0 596 0 1027 0 0 0 7 52.7 0.84 62.74 0.83

162 350.25 0.45 861 696 0 254 0 0 0 7 52 0.84 61.90 1.02

163 350.5 0.45 574 696 0 507 0 0 0 7 49.4 0.84 58.81 0.97

164 250 0.6 1188 795 0 0 0 0 0 28 43.5 0.82 53.05 1.00
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Table A1. Cont.

No
(kg/m3)

B
(kg/m3) W/B

NA
(kg/m3)

NS
(kg/m3)

RS RCA
(kg/m3)

FRCP
(kg/m3)

NP
(kg/m3)

FA
(kg/m3)

CT
(days)

Sample
Size (mm) CS (MPa) Shape

Correction
CS of Cubes

(MPa)
Normalized
Strength * Refs

165 250 0.6 0 795 0 1021 0 0 0 28 38.2 0.82 46.59 0.88

166 350 0.45 1148 696 0 0 0 0 0 28 61.7 0.88 70.11 1.00

167 350 0.45 0 696 0 1016 0 0 0 28 52.8 0.84 62.86 0.90

168 450 0.35 1170 596 0 0 0 0 0 28 74.4 0.88 84.55 1.00

169 450 0.35 0 596 0 1027 0 0 0 28 62.8 0.84 74.76 0.88

170 350.25 0.45 861 696 0 254 0 0 0 28 60.7 0.84 72.26 1.00

171 350.5 0.45 574 696 0 507 0 0 0 28 59.4 0.84 70.71 1.01

172 350 0.5 791 627.81 0 0 0 140 0 7

(Cube) 70
× 70 × 70

25 0.97 24.25 1.00

[26]

173 350 0.5 0 627.81 0 791 0 140 0 7 27 0.97 26.19 1.08

174 350 0.5 791 627.81 0 0 140 0 0 7 28 0.97 27.16 1.12

175 350 0.5 0 627.81 0 791 140 0 0 7 26 0.97 25.22 1.04

176 350 0.5 791 627.81 0 0 0 140 0 28 40.33 0.97 39.12 1.00

177 350 0.5 0 627.81 0 791 0 140 0 28 39.33 0.97 38.15 0.98

178 350 0.5 791 627.81 0 0 140 0 0 28 45.67 0.97 44.3 1.13

179 350 0.5 0 627.81 0 791 140 0 0 28 44 0.97 42.68 1.09

180 350 0.5 791 627.81 0 0 0 140 0 90 46.83 0.97 45.43 1.00

181 350 0.5 0 627.81 0 791 0 140 0 90 47.67 0.97 46.24 1.02

182 350 0.5 791 627.81 0 0 0 140 0 28 38 0.97 36.86 1.00

183 350 0.5 0 627.81 0 791 0 140 0 28 40 0.97 38.8 1.05

184 350 0.5 791 627.81 0 0 140 0 0 28 37 0.97 35.89 0.97

185 350 0.5 0 627.81 0 791 140 0 0 28 42 0.97 40.74 1.11

186 350 0.5 791 627.81 0 0 0 140 0 90 43 0.97 41.71 1.00

187 350 0.5 0 627.81 0 791 0 140 0 90 45 0.97 43.65 1.05

188 350 0.5 791 627.81 0 0 140 0 0 90 58 0.97 56.26 1.35
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Table A1. Cont.

No
(kg/m3)

B
(kg/m3) W/B

NA
(kg/m3)

NS
(kg/m3)

RS RCA
(kg/m3)

FRCP
(kg/m3)

NP
(kg/m3)

FA
(kg/m3)

CT
(days)

Sample
Size (mm) CS (MPa) Shape

Correction
CS of Cubes

(MPa)
Normalized
Strength * Refs

189 350 0.5 0 627.81 0 791 140 0 0 90 48 0.97 46.56 1.12

190 350 0.5 791 627.81 0 0 0 140 0 180 48 0.97 46.56 1.00

191 350 0.5 0 627.81 0 791 0 140 0 180 50.5 0.97 48.99 1.05

192 350 0.5 791 627.81 0 0 140 0 0 180 60.17 0.97 58.36 1.25

193 350 0.5 0 627.81 0 791 140 0 0 180 52 0.97 50.44 1.08

194 325 0.5 0 710.5 0 1206.5 0 0 0 7

(cylinder)
100 × 200

49.5 0.84 58.93 1.00

[49]

195 325 0.2 0 660.7 0 1106.8 0 0 0 7 40.5 0.78 51.92 0.88

196 345 0.43 0 613.9 0 1109.4 0 0 0 7 45.4 0.84 54.05 0.92

197 365 0.4 0 586.8 0 1126.8 0 0 0 7 49 0.84 58.33 0.99

198 365 0.4 0 586.8 0 1126.8 0 0 0 7 49.5 0.84 58.93 1.00

199 325 0.52 0 660.7 0 1106.8 0 0 0 7 34.7 0.78 44.49 0.75

200 325 0.5 0 710.5 0 1206.5 0 0 0 28 60.3 0.88 68.52 1.16

201 325 0.2 0 660.7 0 1106.8 0 0 0 28 46.5 0.84 55.36 0.94

202 345 0.43 0 613.9 0 1109.4 0 0 0 28 51.3 0.84 61.07 1.04

203 365 0.4 0 586.8 0 1126.8 0 0 0 28 56.1 0.84 66.79 1.13

204 365 0.4 0 586.8 0 1126.8 0 0 0 28 55.6 0.84 66.19 1.12

205 325 0.52 0 660.7 0 1106.8 0 0 0 28 40.3 0.78 51.67 0.88

206 300 0.55 1206.97 765.13 0 0 0 0 0 7 37.13 0.82 45.28 1.00

207 300 0.55 787.4 765.1 0 1042.6 0 0 0 7 40.5 0.78 51.92 1.1

208 318 0.52 1145.3 739 0 888.7 0 0 0 7 37.5 0.78 48.08 1.1

209 325 0.5 1806.6 683.2 0 1123.4 0 0 0 7 40.4 0.78 51.79 1.1

210 300 0.55 1206.97 765.13 0 0 0 0 0 28 44.3 0.82 54.02 1

211 300 0.55 787.4 765.1 0 1042.6 0 0 0 28 46 0.84 54.76 1.01

212 318 0.52 1145.3 739 0 888.7 0 0 0 28 43 0.78 55.13 1.01
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Table A1. Cont.

No
(kg/m3)

B
(kg/m3) W/B

NA
(kg/m3)

NS
(kg/m3)

RS RCA
(kg/m3)

FRCP
(kg/m3)

NP
(kg/m3)

FA
(kg/m3)

CT
(days)

Sample
Size (mm) CS (MPa) Shape

Correction
CS of Cubes

(MPa)
Normalized
Strength * Refs

213 325 0.5 1806.6 683.2 0 1123.4 0 0 0 28 46.13 0.84 54.92 1.02

214 282.8 0.41 1050.5 757.6 0 0 0 0 70.7 3

(cylinder)
100 × 200

22.7 0.74 30.68 1.00

[52]

215 280 0.41 322.5 750 0 728 0 0 70 3 21.8 0.82 26.59 0.87

216 277.2 0.41 432.7 742.6 0 617.8 0 0 69.3 3 21.7 0.82 26.46 0.86

217 277.2 0.41 535.6 742.6 0 514.9 0 0 69.3 3 17.6 0.76 23.16 0.75

218 282.8 0.41 1050.5 757.6 0 0 0 0 70.7 7 27.5 0.77 35.71 1.00

219 280 0.41 322.5 750 0 728 0 0 70 7 26.8 0.74 36.22 1.01

220 277.2 0.41 432.7 742.6 0 617.8 0 0 69.3 7 28.2 0.74 38.11 1.07

221 277.2 0.41 535.6 742.6 0 514.9 0 0 69.3 7 24.9 0.74 33.65 0.94

222 282.8 0.41 1050.5 757.6 0 0 0 0 70.7 28 35.5 0.82 43.29 1.00

223 280 0.41 322.5 750 0 728 0 0 70 28 35.6 0.78 45.64 1.05

224 277.2 0.41 432.7 742.6 0 617.8 0 0 69.3 28 33.1 0.78 42.44 0.98

225 277.2 0.41 535.6 742.6 0 514.9 0 0 69.3 28 30.4 0.78 38.97 0.9

226 282.8 0.41 1050.5 757.6 0 0 0 0 70.7 56 36.8 0.82 44.88 1.00

227 280 0.41 322.5 750 0 728 0 0 70 56 37.2 0.78 47.69 1.06

228 277.2 0.41 432.7 742.6 0 617.8 0 0 69.3 56 35.3 0.78 45.26 1.00

229 277.2 0.41 535.6 742.6 0 514.9 0 0 69.3 56 35.9 0.78 46.03 1.02

230 282.8 0.41 1050.5 757.6 0 0 0 0 70.7 120 49.8 0.88 56.59 1.00

231 280 0.41 322.5 750 0 728 0 0 70 120 48.1 0.84 57.26 1.01

232 277.2 0.41 432.7 742.6 0 617.8 0 0 69.3 120 47.6 0.84 56.67 1.00

233 277.2 0.41 535.6 742.6 0 514.9 0 0 69.3 120 43.8 0.78 56.15 0.99
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Table A1. Cont.

No
(kg/m3)

B
(kg/m3) W/B

NA
(kg/m3)

NS
(kg/m3)

RS RCA
(kg/m3)

FRCP
(kg/m3)

NP
(kg/m3)

FA
(kg/m3)

CT
(days)

Sample
Size (mm) CS (MPa) Shape

Correction
CS of Cubes

(MPa)
Normalized
Strength * Refs

234 350 0.53 860 1050 0 0 0 0 0 28

(Cube)100
× 100 ×

100

44.1 1 44.1 1.00

[59]

235 350 0.53 860 946 105 0 0 0 0 28 43 1 43 0.98

236 350 0.53 860 840 210 0 0 0 0 28 42 1 42 0.95

237 350 0.53 860 735 315 0 0 0 0 28 39 1 39 0.88

238 350 0.53 860 630 420 0 0 0 0 28 35 1 35 0.79

239 350 0.53 860 525 525 0 0 0 0 28 36 1 36 0.82

240 350 0.53 860 0 1050 0 0 0 0 28 28.5 1 28.5 0.65

B: binder. W/B: water-binder ratio. NA: natural aggregate. NS: natural sand. RS: recycled sand. RCA: recycled concrete aggregate. FRCP: fine recycled concrete powder. NP: natural pouzolana. FA: fly ash.
CT: curing time. CS: compressive strength. Shape correction: shape conversion factor the cylindrical samples to cubic. * These values were normalized based on the 28 days strength for mixtures without recycled aggregate.
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