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Abstract. Lightweight Aggregate Concrete (LWAC) is a composite comprising cement-based mortar
and Lightweight Aggregates (LWA) widely employed around the world. Due to the particularities of
the LWA properties, which are difficult to measure experimentally, the design of LWAC mixtures is a
rather complicated task. This fact justifies the search for analytical and/or numerical methods evaluate
the LWAC’s properties. Thus, the present work aims to compare the performances of two strategies
to predict the compressive strength of LWAC’s samples: Finite Element models and Artificial Neural
Network. To this end, both strategies use the Young’s modulus and compressive strength of the mortar
and the LWA obtained from an experimental program in the literature. The results for both methods
show good agreement with the validation data, and encourage further studies towards the development
of a numerical tool, which may assist engineers for practical purposes.
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1 INTRODUCTION

Lightweight Aggregate Concrete (LWAC) is a versatile material that has been used in civil
and naval construction worldwide for decades. Some of its main advantages over Normal-
weight Aggregate Concrete (NWAC) are: reduced dead load due to low specific weight, better
thermal and acoustic insulation, and improved fire resistance, which may lead to a reduction in
the overall cost of project (Cousins et al., 2013). The use of LWAC allows for reduced sections
on structural elements, larger spans, decreased amount of required steel, and therefore can be
economically and efficiently applied to several types of buildings (Go et al., 2012).

Differently from NWACs, where the aggregate is more resistant than the mortar and cracking
begins in the interfacial transition zone (ITZ), in LWACs, the weakest phase is the aggregate —
which has a strong influence on the concrete’s properties (Ke et al., 2009). Figure 1 shows the
aspect of expanded clay grains, the lightweight aggregate (LWA).

Figure 1: Lightweight Aggregate - Expanded Clay (picture: public domain).

Prediction models of the mechanical properties of concrete can assist reduce the time and
cost of projects by providing essential data for the structural calculations. Concerning LWAC's,
though, this is a rather complex task, because the mechanical properties of LWA are not easily
measured through experimental techniques. Nowadays, the compressive strength of LWAs is
commonly evaluated through experimental methods and empirical correlations. The standard
experimental method for mechanical strength of aggregates is the crushing test, which records
the required pressure for the sample to reach a 20mm or 50mm displacement (BS EN 13055-1,
2002)(British Standards Institute Staff, 2002). The resultant compressive strength of the aggre-
gate from the crushing test, however, does not accurately reflect the failure mode of the LWA
in the concrete (Ke et al., 2014). This issue impairs the prediction of the LWAC compressive
strength.

In a previous work, Ke et al. (2014) employed an analytical inverse method for estimating the
compressive strength of LWAs ( f,). Through a micromechanical scheme, the authors managed
to calculate that property from the experimental compressive strengths of LWAC samples. The
adopted input parameters were: compressive strength (f,,) and Young modulus (F,,) of the
mortar matrix (experimentally obtained), volume fraction of lightweight aggregate adopted in
the concrete’s mixture, compressive strength measured on hardened LWAC samples (f. czp),
Young modulus of the LWAC samples (F ¢.;), and Young modulus of the lightweight aggregate
(E,), obtained empirically, based on its dry density. By adopting the aggregate and the mortar
properties - f,, E,, f, and E,, - experimentally and/or analytically measured - the present study
simulates the behavior of LWAC samples when subjected to compressive load.

Additionally, it is also possible to predict concrete’s mechanical properties by applying com-
putational intelligence technics, such as Artificial Neural Network (ANN), Support Vector Ma-
chine with Regression (Smola and Scholkopf, 2004) or Genetic Algorithms. Those kinds of
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methods require a set of experimental data in order to calibrate a computational based predictor
and another set of laboratory results is applied to validate the quality of the adjusted numeri-
cal model. Several authors in the literature use this strategy in order to predict the concrete’s
mechanical properties (Bilgehan, 2011).

Therefore, the main goal of this study is to create models in Finite Element Method (FEM)
and computational intelligence via ANN to estimate the compressive strength (f.) and modulus
of elasticity (£,.) of the LWAC. Thus, this work presents a comparison between the methods by
evaluating their results, and analyzes if these methods are able to predict efficiently the material
properties.

2 METHODOLOGY
2.1 Experimental Data

The experimental data were obtained from a laboratorial study with cylindrical samples of
LWAC. The tests were performed by Ke et al. (2014), which analyzed compressive strength
and modulus of elasticity of LWAC samples at 28 days, varying mortar strength, water/cement
ratio and the type and relative volume of aggregates. The summary of the material properties is
shown in Table 1, and the particle size distribution of each LWA is shown in Table 2.

Parameter Description Unit Mean Std.Dev. Min Max
E, LWA’s Young’s modulus GPa 12.53 6.83 5.89  29.70
E,. Mortar’s Young’s modulus GPa 32.39 347 2859 3540
fa LWA’s compressive strength MPa 29.88 1526 14.80 75.90
fm Mortar’s compressive strength ~ MPa 63.44 2290 40.18 85.96
Da LWA’s tensile strength (! MPa 11.34 7.31 445 33.13
Dm Mortar’s tensile strength (?) MPa 8.39 4.26 3.52 1146

- Water/Cement Factor - 0.36 0.06 0.29 0.45
- Quantity of Cement kg/m®  598.53 85.32 471.19 723.14
- Volume of Aggregate % 2491 10.26  12.50  37.50

-~ Density of Aggregate (x10%)  kg?/m®  11.10 12.80  3.18  36.00
Eecxp Sample’s Young’s modulus GPa 25.73 460 1644 35.07
fe.eap Sample’s compressive strength ~ MPa 46.79 1424  26.50 83.60

@ p, = fa * (Pat/De,it=), where pe it is tensile strength of the ITZ and pg is tensile strength
of LWA (Ke et al., 2009, 2014);

@) if £, > 50 then p, = 2.12 % (2.3026 * (In(1 + 0.11 % f,,))) else py, = 0.3 % I/ f2
(Carvalho and de Figueiredo Filho, 2010).

Table 1: Experimental parameters obtained through the methodology developed by Ke et al.
(2014) and used in the present work.

Overall, three types of mortars were used: normal (40 MPa), high performance (64 MPa),
and very high performance (86 MPa). Regarding the aggregates, five types were used: 0/4
650 A, 4/10 550 A, 4/10 430 A, 4/10 520 S and 4/8 750 S, where each name matches the
characteristic diameters - smaller and larger (d/D, in mm), the bulk density (kg/m?), and the type
of aggregate (A - expanded clay, S - expanded shale), respectively. The combination of these
materials in proportions of 12.5%, 25.0% and 37.5% of LWA in volume generated 45 different
formulations and over 135 specimens were tested. Each LWAC sample is also characterized
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by a water/cement factor, a quantity of cement, aggregate volume, aggregate density, Young’s
modulus and compressive strength.

LWA 12.5 10.0 8.0 6.3 5.0 4.0 2.5 1.25 Pan
0/4650A 0.00 0.00 0.10 0.17 1.17 18.16 81.25 94.26 100.00
4/10550 A 0.00 4.68 67.13 8544 9484 97.85 99.79 99.94 100.00
4/10430 A 0.00 1.70 31.46 7739 77.39 98.35 100.00 100.00 100.00
4/10520S 0.00 1.72 29.46 67.89 67.89 98.02 9995 99.95 100.00
4/8750S 0.00 0.14 395 31.20 7037 8948 97.35 98.67 100.00

Table 2: Particle size distribution of each LWA - % Cumulative Retained - Sieve Size (mm)
(Ke, 2008).

2.2 Prediction of the Mechanical Properties via FEM

The numerical program developed was produced in the Cast3M solver platform (Le Fichoux,
2011). Cast3M is developed in a language named Gibiane, consisting of a series of operators
allowing the user to manipulate the data and the results in the form of objects, and has built-in
pre-processing and post-processing tools.

The algorithm of the FEM model considers a section of a standard cylindrical sample with
16 cm of diameter and 32 cm high, as shown in Figure 2a and Figure 2b. The model comprises
2 phases: mortar and aggregate, with the aggregate consisting of the relative fraction of 12.5%,
25.0% or 37.5% in the total volume of the sample. The FEM model assumed the LWA as
spheres randomly distributed through the mortar matrix, with the same particle size distribution
as the experimental program, as shown in Table 2. In order to account for the dispersion of
results via FEM, 3 models were generated from the same synthetic sample, each one presenting
a different random aggregate distribution in the mortar. The materials properties adopted for
validation of these models are shown in Table 1: E,, E,,, fa, fms Da> Pms Eecap a0d fe cap.
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Figure 2: Numerical representation of a LWAC sample: (a) geometry of the numerical sam-
ple; (b) longitudinal section AA’ showing the mortar in white and the aggregates in black; (c)
Modeled section with boundary conditions and loading (Bonifécio et al., 2015).

Figure 2b represents a 2D model of the central section of a concrete sample, its loading and
boundary conditions, subjected to a compressive test. For efficiency, 1/4 of the section was used
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in this work, taking into account the boundary conditions of geometric symmetry of the sample,
shown in Figure 2c. Figure 3 illustrates a typical plane stress mesh of linear triangle finite
elements, where the two considered phases — mortar and lightweight aggregate - are identified.
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Figure 3: Typical FE mesh; mortar in grey and aggregate in green (Bonificio et al., 2015).

In order to evaluate the mechanical properties of the specimens, a downward linear displace-
ment of 0.5 mm/s was imposed to the upper surface. The rate of 100 computational steps per
0.1 second was adopted. The compressive stress values were obtained from the support con-
ditions at the base of the sample. The concrete is considered to reach failure at a 3.0%o strain
(Sussekind, 1985).

The material behavior adopted in the present study was the elastoplasticity, with Drucker-
Prager yield criterion, by assuming limits for compressive and tensile strength for each material
and perfect plastic yield. Such behavior is described by the following formula in Cast3M (Com-
missariat a I’Energie Atomic, 2003):

a x Trace(a) + S,
— <1 1
% < (1)

where ¢ is the stress tensor; S, is the equivalent Von Mises stress; o and K are constants based
the compressive and tensile strength of the materials:

|fsl — pg

_ Wpl P 2
% = 15 ¥ ps @)

2% [ fa] * ps
Kp=__U°21_TF 3
5= T+ s )

where f; is the compressive strength, ps is the tensile strength; and the index s indicates the
phase of the i-th finite element: m for mortar and a for LWA.

2.3 Prediction of the Mechanical Properties via ANN

According to Akande et al. (2014) and Yuvaraj et al. (2013), ANN and SVR are efficient
methods to predict mechanical properties of concrete and rocks. This is mainly due to the fol-
lowing two advantages (Topcu and Saridemir, 2007): (1) ANN has the ability to learn directly
from examples, i.e. the relationships between input and output variables are generated by the
data themselves; and (2) ANN can tolerate relatively imprecise or incomplete tasks, approxi-
mate results, and is even less vulnerable to outliers.
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The ANN models created from supervised learning method in this study were developed
using Matlab®. These models, for f. and F., are a neural network MLP (Multilayer Perceptron)
with a hidden layer built using Neural Network Toolbox available in Matlab®. The number of
neurons in the input layer corresponds to the four variables of mixture’s material: water/cement
factor, quantity of cement, volume of aggregate and density of aggregate, and the output is the
predicting value for f. or E,.. The Figure 4 shows a diagram example of the network architecture
proposed in this paper.

- HA

- H2

Water.Cement.Factor H3

Cement.Quantity H4
01  Strength

Aggregate Volume H5

Output Layer

Aggregate Density HE

Input Layer He

Hidden Layer

Figure 4: Sample of system used in an ANN model for f,, with 8 neurons in hidden layer (B1
and B2 are the bias term).

In the present study, Mean Absolute Percentage Error (MAPE) statistical parameter was em-
ployed to evaluating the performance results, which are mathematically defined by Equations 4.

) »

where n is the amount of samples, y; is the observed value and p; is the predicted value.

The MAPE statistical metric is dimensionless and provides an effective means of residual
error compared to each observed value with their respective predicted value; smaller values of
MAPE indicate better performance of the model.

The models based on ANN method were applied to the set of experimental results sum-
marized in Table 1: water/cement factor, quantity of cement, density of aggregate, volume of
aggregate, sample’s Young’s modulus and sample’s compressive strength. These data resulted
in a total of 135 mixtures of LWAC, with six continuous quantitative attributes, among which
four are input variables and two are output variables.

In order to assess the ability of generalization of a model from a set of data, cross validation
was applied by the k-folding technique to minimize bias associated with random data samples
for training and testing (Kohavi, 1995). The k-fold method divides the total set of data into
k mutually exclusive subsets of the same size and, subsequently, a subset is used for testing
and the remaining k-1 are employed to the parameters estimation, which allows evaluating the
accuracy of the model. This process is performed k times alternating the test subsets. In another
words, this technique accesses the model performance when subjected to a new data set. It is

n

1
MAPE:EZ<

i=1

Yi — Di
Yi
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widely used in modeling problems concerning values prediction, such as the concrete properties
(Wang et al., 2009; Chou et al., 2010; Ceryan et al., 2013).

The prediction methods were applied herein according to 10-fold technique, where nine
folds were used for training and the last one for testing. This procedure was repeated 30 times
with a different test set in each experiment, aiming to obtain dispersion results. The parame-
ters used for ANN in the execution of the output variables f. and E,. were: neurons in hidden
layer = 8, training function = Levenberg-Marquardt optimization, training ratio = 80%, valida-
tion ratio = 10%), testing ratio = 10% and performance function = MSE (Mean Squared Error).

3 ANALYSIS OF THE RESULTS OBTAINED VIA FEM AND ANN
3.1 FEM Prediction Results

In the FEM simulations, the compressive strength and Young’s modulus were computed from
135 models (45 for each percentage of aggregate volume — 12.5%, 25.0% and 37.5%) using data
shown in Table 1 and Table 2.

Every step of computing time, the imposed displacement generates an increase in stress
in the component elements of the sample for each phase. Thus, the stress developed in the
elements can be placed in levels from O to 1, with 1 representing the element at the yield point,
relative to the compressive and tensile stress of each material. This evolution can be followed
in Figure 5, which represents the tension levels regarding deformations of 0.065%o , 0.34%o ,
0.81%o0 , 1.10%0 , 1.50%¢ and 3.00%o .

- Y

(@) 0.065%0;  (b) 0.34%o ; (e) 1.50%0;  (f) 3.00%o ;
1.5 MPa 8.3 MPa 19.6 MPa 26.9 MPa 33.8 MPa 36.9 MPa

o.o .10 .20 0.20 0.40 O_.50 O.60 O0.70 O.80 0O.50 1.0

Figure 5: Evolution of the stress levels related to imposed displacement. Each material is
standardized in accordance with their respective tensile and compressive strength (Mendes,
2014).

The stress-strain curves of a LWAC sample with 12.5% of LWA type 4/10 550 A, mortar and
aggregate are shown in Figure 6. In the present analysis, the LWAC sample is considered to fail
at a 3.0%o strain (Sussekind, 1985).

It can be seen from Figure 6 that for strains up to 1.3%o, approximately, the LWAC be-
havior is elastic, and Figures 5a, 5b, 5¢ and 5d show the evolution of the stress levels in this
phase. At strains 1.3%o to 2.5%o, approximately, there is a transitional phase (Figure 5e) and

Copyright © 2016 Asociacion Argentina de Mecénica Computacional http://www.amcaonline.org.ar



2322 A.L. BONIFACIO, J.C. MENDES, M.C.R. FARAGE, F.D.S. BARBOSA, C.D.B. BARBOSA

after 2.5%o, the specimen has reached the yield point that remains constant until the end of im-
posed displacement. Finally, Figure 5f shows the final configuration assumed for the imposed

displacement.
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Figure 6: Stress-strain curve of a sample with 12.5% of LWA type 4/10 550 A, mortar and
aggregate.

The simulation results are summarized in Table 3, which includes minimum e maximum
values, mean values, and the mean of relative variations from reference for each parameter
assessed. It can be seen that these results are close to the experimental reference: the mean
deviation of f. of the samples was below 7,25% and for E,., lower than 3,27%.

Parameter Volume of Aggregate Unit Mean Std. Dev. Min Max MAPE
12.5% MPa 54.37 1590 3330 84.39 5.70%

fe 25.0% MPa 47.05 14.52 28359 81.50 7.25%
37.5% MPa 41.16 14.15 2425 78.84 7.05%

12.5% GPa 28.34 3.10 23.83 34.62 2.77%

E. 25.0% GPa 25.11 375 20.09 3385 2.30%
37.5% GPa 21.78 4.65 16.03 3292 3.27%

Table 3: Results of compressive strength (f.) and Young’s modulus (E.) of the 135 samples
obtained from FEM, and relative variation (MAPE) to the experimental reference.

3.2 ANN Prediction Results

The result of analysis number of neurons in hidden layer obtained from 30 runs of 10-fold
technique with all experimental data, can be seen in Tables 4 and 5, along with the ANN results
for the output variables f. and E, respectively.

It can be observed that the values obtained by 8 neurons were better for both output vari-
ables, since the lower the MAPE, the better the result. Therefore, from these results it can be
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Neurons Mean Std. Dev. Min Max
4 6.30% 232% 2.714% 21.74%

5 5.78% 1.82% 2.33% 17.28%

6 5.63% 1.61% 196% 13.65%

7 5.59% 1.70% 2.06% 12.54%

8 5.29% 1.92% 1.69% 23.08%

9 545% 231% 2.00% 23.32%

10 5.63% 336% 1.70% 40.82%

Table 4: Results of the statistical MAPE of ANN by neurons number in hidden layer for f..

Neurons Mean Std. Dev. Min Max
4 2.80% 1.17% 1.30% 14.78%

5 2.65% 094% 1.35% 10.80%

6 2.53% 0.58% 1.15% 5.53%

7 2.58% 061% 139% 5.08%

8 2.52% 0.73% 1.05% 7.40%

9 2.57% 071% 127% 7.86%

10 2.55% 0.79% 1.17% 7.38%

Table 5: Results of the statistical MAPE of ANN by neurons number in hidden layer for E..

concluded that good prediction models will be created with 8 neurons in hidden layer. Addi-
tionally, Figure 7 shows the distributions of the best ANN model with the predicted data and

the observed data for each output variable.
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Figure 7: Predicted values via the ANN method; the better fold compared to the observed

values.

It can be seen in Table 6 that the minimum and maximum values of residual errors of pre-
diction have some discrepancy values, but there are few values, and no bias for both output
variables. Outlier values, over 3 times standard deviation, represent only 1.32% for compres-
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sive strength and 1.36% for Young’s modulus. Furthermore, Figure 8 shows a high degree of
symmetry of the residual errors for each output variable, indicating that they are similar to a
noise. Outlier values were excluded to draw these histograms.

Parameter Unit Mean Std. Dev. Min Max

Compressive Strength (f.) MPa -0.1244 3.8151 -38.2087 28.2743
Young’s modulus (E,) GPa -0.0607 0.8866  -7.4640  6.2239

Table 6: Residual errors of prediction values for 100 runs with 10-fold.

800 T T T T T 600
700 m
500 | /\
600
P 400 B
500 L L\
iy /
400 1 300
300
200
o .dﬁ% |
100 |
100 4
0 . 0 L
-10.8 5.4 0 5.4 10.8 2.7 -1.8 -0.9 0 0.9 1.8 2.7
(a) Compressive Strength ( f. - MPa) (b) Young’s Modulus (E,. - GPa)

Figure 8: Residual errors histogram of prediction values for 100 runs with 10-fold.

The ANN prediction results from 1/3 of data, and the complement 2/3 were used to train and
validate the ANN model. Predictions are summarized in Table 7, which includes minimum e
maximum values, mean values, and the mean of relative variations from reference for each pa-
rameter evaluated. It can be seen that these results are also close to the experimental reference:
the mean deviation of f, of the sample with 12.5% LWA was below 6,76% and for E., lower
than 2,96%.

3.3 Comparisons between FEM and ANN

Table 7 summarizes the results of each stage of this study, by FEM and ANN models.

Both techniques FEM computer modeling and ANN computational intelligence showed
good results. ANN models with 12.5% aggregate obtained the best prediction of the f., only
5.23% of average error. As for the £, the best result was obtained by FEM, only 2.30% of the
average error in models with 25.0% aggregate.

Overall, comparing average errors, the ANN technique shows better results than FEM, as
can be seen in Table 7. The deviations of up to 7.25% for f. in the FEM model can be justified
by the simplifications assumed in the modeling of the sample. Alternatively, the deviations
up to 6.76% on the ANN analysis are possibly due to minor adjustments issues regarding the
prediction model and the data used.

4 CONCLUSION

In this study, two techniques for predicting the mechanical properties of Lightweight Ag-
gregate Concrete (LWAC) have been analyzed and compared. The FEM technique sought to
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Parameter Volume of Aggregate Method MAPE Std. Dev.
FEM  5.70% 4.07%

1% ANN  523%  3.14%
S
5% NN 676%  20a%
5% AN asen oo
E. 25.0% i% % (1):2232
37.5% FEM  327%  197%

ANN  2.95% 1.27%

Table 7: Results of compressive strength (f.) and Young’s modulus (E.) of the 135 samples
obtained from FEM, and relative variation (MAPE) to the experimental reference.

reproduce computationally, through a 2-phase model, laboratory tests for the mechanical prop-
erties of LWAC. In turn, the ANN technique is based on parameter settings to a set of experi-
mental results, i.e. the application of a supervised learning technique to predict the mechanical
properties of LWAC.

The results of FEM computational modeling (Section 3.1), show a satisfactory approxima-
tion of LWAC’s properties with its experimental counterpart. An average of only 5.70% dif-
ference was found between the results of experimental and numerical compressive strength of
LWACs with 12.5% LWA, 7.25% for those with 25.0% LWA and 7.05% for those with 37.5%
LWA. The difference between experimental and predicted results of Modulus of Elasticity was
even smaller: 2.77% for 12.5% LWA, 2.30% for 25.0% LWA and 3.27% for 37.5% LWA. These
results indicate a good correlation between the model and the real specimen.

Similarly, the results of ANN computational intelligence (Section 3.2), also produce a satis-
factory approximation of LWAC’s properties compared with experimental results. An average
of just 5.23% difference between the results of numerical compressive strength and experimen-
tal counterpart of LWACs with 12.5% LWA, 6.65% for those with 25.0% LWA and 6.76% for
those with 37.5% LWA. The difference between predicted results of Modulus of Elasticity and
experimental counterpart was even smaller: 2.96% for 12.5% LWA, 2.64% for 25.0% LWA
and 2.95% for 37.5% LWA. These results shown for ANN computational intelligence indicate
small error when the predicted mechanical properties of LWAC are compared to those obtained
in laboratory tests.

Despite the simplifying assumptions, the numerical results obtained showed good agreement
with the experimental reference. This fact encourages new applications with greater complexity
related to geometric and mechanical aspects, in order to better reproduce the studied problem.
This technique also allows the extrapolation of these concrete models to more complex struc-
tures such as beams, slabs, sealing elements, among others.

The MAPE statistical parameter yielded a comprehensive comparison of the prediction meth-
ods employed — ANN and FEM. According to the methodology adopted, both computational
methods can be used to predict the mechanical properties of LWAC, but with a slight advantage
for ANN, due to smaller percentage errors. Also, when considering the processing time to pre-
dict the mechanical properties, ANN is faster than FEM. In this case, the use of FEM technique
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is recommended for more complex problems.

Therefore, both FEM computer modeling and ANN computational intelligence techniques
were proven feasible to estimate the compressive strength and modulus of elasticity of LWAC,
with minor deviations. Thus, these methods can be competently employed in the design of mix-
tures and elements of LWAC, improving the efficiency and reliability of engineering structures.
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