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Abstract
E——

This study aims the possibility of using the pull-out test results — bond tests steel-concrete, that has been successfully carried out by the research
group APULOT since 2008 [1]. This research demonstrates that the correlation between bond stress and concrete compressive strength allows
estimate concrete compressive strength. However to obtain adequate answers testing of bond steel-concrete is necessary to control the settings
test. This paper aims to correlate the results of bond tests of type pull-out with its variables by using Artificial Neural Networks (ANN). Though an
ANN is possible to correlate the known input data (age rupture, anchorage length, covering and compressive strength of concrete) with control
parameters (bond stress steel-concrete). To generate the model it is necessary to train the neural network using a database with known input and
output parameters. This allows estimating the correlation between the neurons in each layer. This paper shows the modeling of an ANN capable
of performing a nonlinear approach to estimate the concrete compressive strength using the results of steel-concrete bond tests.

Keywords: bond steel-concrete, artificial neural networks, pull-out test, concrete strength, APULOT test.

Resumo
[

O estudo visa avaliar a possibilidade de se usar os resultados do ensaio de arrancamento “pull-out test” — ensaio de aderéncia ago-concreto para
estimativa da resisténcia a compressao do concreto, este método vem sendo utilizado com sucesso pelo grupo de pesquisa APULOT, desde
2008 [1]. A pesquisa ora realizada evidencia a existéncia da correlagdo entre essas duas variaveis, aderéncia e resisténcia a compressao do
concreto, o que permite determinar estimativas apropriadas da resisténcia a compresséo do concreto, melhorando deste modo a capacidade do
controle tecnoldgico “in situ” do concreto. Entretanto para se obter respostas adequadas dos ensaios de aderéncia ago-concreto é necessario
controlar as configuracdes de ensaio, dado que existem diversos formatos de corpos de prova para estes tipos de ensaios na literatura. Deste
modo, este trabalho tem por objetivo correlacionar os resultados obtidos em ensaios de aderéncia do tipo pull-out a suas variaveis por meio da
utilizagéo de Redes Neurais Artificiais (RNA). Com a utilizacdo de uma RNA, pode-se correlacionar, de forma néo linear, dados de entrada conhe-
cidos (idade de ruptura, comprimento de ancoragem, cobrimento e resisténcia a compressédo) com parametros de controle (tensdo de aderéncia
acgo-concreto). Para gerar o modelo neural € necessario treinar a rede, expondo-a a uma série de dados com parametros de entrada e de saida
conhecidos. Isto permite estimar os coeficientes de correlagéo entre os neurdnios de cada camada. O presente trabalho apresenta a modelagem
de uma RNA capaz de realizar uma aproximagao nao linear, visando estimar a resisténcia a compresséao do concreto a partir dos resultados de
ensaios de aderéncia ago-concreto.

Palavras-chave: aderéncia ago-concreto, redes neuriais artificiais, ensaio pull-out, resisténcia a compressao do concreto, ensaio APULOT.
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Artificial neural networks application to predict bond steel-concrete in pull-out tests

1. Introducgao

[

The use of Atrtificial Intelligence (Al), which enables the develop-
ment of templates to aid in the diagnosis and decision-making.
There are several modeling techniques of data and production of
information that seek to simulate human intelligence, fundamental
strategy to enable them to solve complex problems, such as Hy-
pothesis Testing, Nebula Logic, Expert Systems, Artificial Neural
Networks, among others. One of the most promising techniques of
Al uses Artificial Neural Networks (ANNs). It is a suggested meth-
od to solve complex problems, based on the construction of a com-
putational template made of circuits that simulate the functioning of
the human brain. This is the case of the interpretation of results of
a pull-out steel-concrete bond test, which demands special knowl-
edge and can be simulated using these tools.

Throughout the use of ANNSs, it is possible to correlate, in a non-
linear way, known input parameters, such as age, length of an-
choring, spreading and compressive strength with desired control
parameters, as the tension of steel-concrete bond, as an output to
neural model.

The ANNs can be generated using multiple layers’ perceptron
(MLP) and trained with an error back propagation algorithm, for
example, the ones that are submitted to a big number of input and
output data, allowing it to make an appropriate estimate of the cor-
relation coefficients in each layer.

The research group LEME (Structural Models and Testing Laborato-
ry) has sought in recent years to implement features to improve the
analysis of reinforced concrete structures. The work developed by
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Figure 1
Model of non-linear neuron [6]

LORENZI (2009) [2] showed that the ANNs can be used to generate
numerical methods possibly applicable for estimation of compres-
sive strength from tests of propagation of ultrasonic pulse velocity
(UPV). The research group APULOT has been working hard in stud-
ies to check the possibility of using the results of the testing of bond
steel-concrete for estimating compressive strength of concrete. The
authors Silva (2010) [3]; Lorrain et al. (2011) [4] show that the cor-
relation between these variables is valid and it is possible to make
appropriate estimates of compressive strength. However, to get ap-
propriate responses of steel-concrete bond tests it is necessary to
control the settings, considering, among other parameters, the exis-
tence of various shapes of specimens for these types of tests.
Processing various data can be a complex task and demand a lot
of time. Among the existing numerical methods of data process-
ing, the ANNs, which bills itself as a proposed numerical method
to solve problems, determines the correlation between the com-
pressive strength of concrete and bond stress of steel-concrete on
certain tests.

In this work, the results of some studies developed by the group of
researchers LEME/APULOT are presented. They are aimed to the
modeling of an ANN if it is efficient to represent the non-linear rela-
tion between a dataset of compressive strength and steel-concrete
bond stress.

In this way, the aim of this study is to evaluate the potential of ANNs
for interpretation of data to present the modeling of an ANN able to
perform a non-linear approach. It focuses to estimate compressive
strength of concrete from the results of the testing of steel-concrete
bond and to demonstrate the accuracy of the estimate of the ANNs
in front of multiple regression statistical models.
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2. Artificial Neural Networks

EE

How SRIRAM (1997) [5] explains, the ANNs are computational
techniques that generate models inspired by the neural structure
of intelligent organisms and acquire knowledge through analysis
of previous experiences. In its most general form, ANN is a struc-
ture designed to work similarly to how the brain performs a certain
task of interest. To achieve a good performance, the ANNs adopt a
strategy of massive interconnection of simple computational cells,
called neurons, or processing units (HAYKIN, 2001) [6].

ANNSs are a different computer system from the conventional para-
digm, which is based on a central processor element controlling
the system. The neural paradigm processing is done through dis-
tributed artificial neurons. The elements of the ANNs processors
operate in a parallel way, interacting with each other. The network
learns to solve a task that is assigned through a training algorithm.
The operation of the model depends on the dynamics of neurons
and how they are connected, which will determine the type of task
that will be performed over the network. As networks are based on
an analogy of functioning of the brain, next item discusses, briefly,
some aspects related to the way it operates. (CORREA, 2004 [7]).
The functioning of ANNs is based on the relation established be-
tween stimuli input and output of a system, and have the advan-
tage that, for this purpose, it is not necessary to establish a previ-
ous mathematical model that defines the forms of these relations.
The networks learn these relations of the data themselves, from a
training process, similar to the learning of the human brain.
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Figure 2
Representation of an ANN with two hidden layers [6]
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The network structure resembles the brain in two aspects: the
knowledge is acquired by the network from records of the entry
and exit conditions of any proceedings, through a learning pro-
cess, which can be driven or stand-alone. Synaptic weights, which
represent the connection strengths between neurons that form the
network, are used to store learned knowledge.

A typical network consists of an input layer, composed of as many
neurons as it is necessary to encode the information; one or more
hidden layers, which allow the transformation of information ac-
cording to a structure of weights that was established when the
network was trained; and an output layer, which records the result
of the processing performed. Each unit or neuron saves only one
value that changes depending on the stimuli received from all neu-
rons that precede and are linked.

Figure 1 illustrates the basic operation of a neuron. As shown in
the figure, the neuron receives a series of input signals or stimuli,
each activated with a specific weight. The stimuli are combined
through an additive function, which can be influenced by a trend (or
bias) introduced in the system. The result is filtered by an activation
function. This generates an output signal with a certain intensity,
which will serve as a stimulus for the next neuron.

The relation between neurons are called connections and are charac-
terized by having different intensities. These intensities are represent-
ed by the synaptic weights, which are existing correlation coefficients
between neurons. An ANN works through the dissemination of stimuli
between its layers, while the array of synaptic weights modifies these
stimuli, generating different responses to different stimuli.

(Output Signals)

Output Layers
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To implement ANN, it is used networks of neurons that are struc-
tures able to represent more complex surfaces. The use of a set of
well-articulated neurons allows the network “reason,” establishing
a non-linear relation between stimulus and result. This structure
allows the known multilayer perceptron (MLP). Figure 2 shows a
schematic model of a perceptron of 4 layers, which contains two
hidden intermediate layers.

According to Haykin (2001) [6], the training is supervised us-
ing an Error Back Propagation algorithm - EBP. This algorithm
is based on the use of interaction, changing synaptic weights,
backward, seeking to reduce the error at the end of the train-
ing. The same involves two steps: the propagation and back-
propagation. During propagation, a vector of input is applied to
sensory network nodes and its effect is multiplied through the
network, to produce a set of stimuli, output that characterize
the response from the network.

Comparing the response generated with the expected, it's checked
if it is necessary to adjust the synaptic weights. This occurs during
back-propagation, in which synaptic weights are adjusted according
to a rule of error correction. The synaptic weight adjustment causes
the actual response of the network moves closer to the desired re-
sponse, in a statistical sense.

One of the most important properties of ANNs is the ability to
simulate the learning, that is, to use new data to adjust the
model and improve performance. Learning is a process by
which the free parameters of ANN are adjusted, through a
process of stimulation, the environment in which it is insert-
ed. Depending on the way the modification of parameters oc-
curs it is determined which is the learning strategy (HAYKIN,
2001) [6].
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Figure 3

Scheme of pullout fest showing ANN control variables

3. Estimation of the bond stress
steel-concrete from pull-out tests
EE
The bond between steel and concrete is a determinant factor for
the good behavior of reinforced concrete structural. The FIB (2000)
[8] stresses that the knowledge of the behavior of the bond is es-
sential for the correct understanding of the rules to calculate the
length of anchoring and amendments by armor bars crossover, for
the calculation of displacements considering the stiffening effect by
traction control, cracking and the minimum amount of armor. There
are several factors that influence in adherence steel-concrete. ACI
408R/2003 [9] emphasizes the following: type of ribbed bar con-
figuration, the diameter of the bar, the situation of the bar’s surface
(deterioration), the layout of the bar at the time of the launch of
concrete (horizontal or vertical), the water-cement ratio (w/c), the
mechanical strength of concrete, mineral additions, as well as the
pozzolanic materials, the physicochemical characteristics of mate-
rials used in concrete, the density and age, among others.
There are several test methods described in the literature (FIB, 2000)
[8], to measure the steel-concrete bond. The most used are the pull-
out test (pull-out test) suggested by the technical recommendation of
RILEM CEB/FIP/83 [10]. With the completion of the test, which schema
is shown in Figure 3, it is possible to get the intensities of the forces in
kilonewtons in function of the offset. With this value of force divided by
the area of the bar anchoring the bond stress (1b), as shown in Equation
1. In this equation «F» is the force of pullout, «@» is the diameter of the
steel bar, «lex is the anchoring length of the test and «c» is the concrete
coverings. It is noteworthy that the maximum bond stress (b, max) is
calculated based on the maximum pullout force obtained in the tests.

= (1)

Many variables, as described above affects the results of maximum
bond stress. To improve the efficiency of the method it is necessary
to develop more sophisticated models, which is the subject of on-
going research. Given the synergy effects and lack of knowledge
about each one of them, it is possible to say that this is a problem
that requires a non-linear modeling of unstructured knowledge,
which justifies the use of modeling technique via ANNs.

4. Model

EE

To achieve the objective proposed for this work, it is used ANN with
four layers, implemented with the use of the software MATLAB 6.0,
suitable for interpretation of data from tests of steel-concrete bond,
to produce estimates of concrete compressive strength.
It was settled the number of layers in 4 because of the initial num-
ber of samples of this database at the beginning. For the database
used (562 samples) it is considered that this amount of correlations
allows us to provide a good flexibility and interpretation capacity
to the network, as preliminary studies conducted by the research
group LEME [11], [12], [13] and [14]. In these studies, it is con-
cluded that this type of network can produce an adequate simula-
tion and consistent with the objective of the research. The input
data were normalized using for this purpose the function premnmx,
which pre-processes the network training through the normaliza-
tion of entries and targets within the range [-1 1].
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To analyze how the structure of the network affects the accuracy
of performance, the characteristics of the network standard were
modified, being varied the number of neurons and the control pa-
rameters, to find out how these changes affected the result.

The source data used in this study to train and test the ANNs en-
compassed results of tests of steel-concrete bond of pull-out tests,
in three different searches. Table 1 shows the data removed and

its authors.

The data used in this study to train and test the ANNs encom-
passed results of pull-out tests, with the maximum bond stress be-
tween values of 4.0 to 50.2 MPa. Figure 4 shows the distribution
of the data used (steel bar diameter @ x compressive strength “fc”
x bond stress “1b”). Figure 5 shows the number of observations in
each maximum bond stress range for the results used to form ANN.

Table 1
Experimental data
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Distribution of bond tests data pull-out,
used to compose ANNvariables
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Concrete compressive

References strength
(mm) (mm) (mm) (days) f._ (MPa)
Castro (2000) [16] 16 80 52/92 | 15/18 83,04 / 86,14
Fernandes (2000) [17] 10/20 | 50/100 45 / 90 28 27.47 / 27,99
Barbosa (2002) [18] 16/20 | 80/100 52 /90 90 33,63/54,77/63,31/
Franca (2004) [19] 16 80 92 28 / 90 32,97 / 35,21
Almeida Filho (2006) [20] | 10/16 50 / 80 45/ 72 7/14 30 / 60
Graeff (2007) [21] 8/12,5 40/62,5 36/56,2 21 25
Caetano (2008) [15] 125 62,5 61,8 63 25 / 45 / 65
- 6,3/8/10/ | 18.9/24/30/ | 96,9/96/95/ 40/35,9/41,4/34/37,4/39.4
Simplicio (2008)[22] 12.5/16 | 37.5/48 93,8/92 %0 /40/39,6/28/29,1/29.3
Reis (2009)[23] 10/16 50/80 45/72 28 23,6/ 37.2
Siva (2010) [31: 8/10 /12,5 | 40/50/62,5 | 96/95/93,7 | 3/7/28 |16,7/21,1/28/33.1/40,5/49,9
Silva ef al. (2013) [24] : ' ' 7121, 1/40,5/49,
Lorrain et al. (2010) [25] 12,5 62,5 56,2 28 20
Lorrain et al. (2011) [4] 8 80/135 36 3/7/14 | OB/8NIS0T/28.54126.75]
Ferreira ef al. (2011)[26] | 6,3/8/10 | 31,5/40/50 46 7 38,2/45,3
Tojal (2011)[27] 10/16 50/ 80 45/ 72 28 345
Silva Filho et al. (2012) [28] 125 62,5 56,2 28 27.4
Franca (2012)[29] 6,3/8/10 | 31,5/40/50 | 96,9/96/95 | 21 25/40
Baiochi et al. (2013) [30]
Tomines ot 5 013 a1 10 63 46 7/28 49,56/59,63
Godoy et al. 2012)[32]
sty s 8 110 46 14/ 28 23,54/38,27/43,27
Lovera e Frutos (2013)[34]
et of o1 0141551 8 91/80/70/63 46 3/5/7/28 20/25/30/35
Silva (2010) [31]; 80/100/125/
Sivar o1 ol (20141 36] 810125 | 0 0 2! | 467454375 | 3/7/28 | 16.7/21,1/28/33,1/405/49.9
Martins et al. (2014)[37] 8 95/47/39,6 45 7 23,15/45,40/50,61
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N=562 tests; Mean=18,61 MPa; 5.0.=7,99 MPa;
Min=4,2 MPa; Max= 50,2 MPa
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Maximum bond stress (MPa)

Figure 5
Distribution of the results of maximum lbond stress
used in ANN

Figure 6 shows the direct relation between compressive strength
and maximum bond stress, evidencing an R? equal to 0.5821.
The relation between the data was estimated using multiple con-
figurations of an ANN, trained with an error back propagation al-
gorithm. It was controlled the estimation error and the number of
training moments (steps of interaction), and registered the com-
putational time spent to proceed with this train. To accomplish the
approach it was used the format suggested by Caetano (2008)
[15], shown in equation 2 :

1
Tomix = 1034 X 55 X Ner’? x fc2® x
0

1 1 03+ GC, (2)

f 0,5 X f 0,5 1,4
Te S g fe 0,3 + GC;

Thmax = 0,3297f:+ 6,2936 (R?=0,5821)
60

50

40

30

Maximum Bond Stress - 1, ;. (MPa)

0 20 40 60 80 100 120
Compressive Strength - f, (MPa)

Figure 6

Relation between compressive strength and

maximum adherence of pull-out fests used to

compose the ANN

Where:
Tomax = Maximum bond stress in MPa. En = type of test (0.5 for
simple pullout; 1,5 for eccentric pullout). Ner = type of rib (0.5 for

‘N’ type; 1.5 for ‘n’ type). fcc = encoded concrete’s compressive

fc
strength, in MPa; fe, = % . Tec = encoded exposure temperature,

in °C; Te, =1, for Te<350°C. &, = steel bar diameter,

16 ; GCC = degree of corrosion, encoded in
GC

percentage; GC, = 5

in mm. 9.

5. Results and discussions
E——

All the data taken from the literature were with En = 0.5; NER = 0.5,
room temperature, in other words, without high temperatures and
no degree of corrosion.

Figure 7 illustrates the Neural Network Matlab Training Toolbox
that was used to carry out the simulations through the software
Matlab R2012.

Figures 8, 9 and 10 illustrate three of training simulations used
for modeling the results obtained experimentally, to estimate the

4\ Neural Network Training (nntraintool) - X

Neural Network

SR Jai s JgEs In

Algorithms

Training:
Performance: Mean Squared Error (mse)

Levenberg-Marquardt (trainim)

Derivative: Default (defaultderiv)
Progress
Epoch: o [ 1497 iterations 10000
Time: 0:00:20
Performance: 0723 | ES6es12R | 0.00
Gradient: 373 9.98e-08 | 1.00e-07
Mu: 0.0100 1.00e-08 1.00e+10
Validation Checks: 0 0 6
Plots
erforance (plotperform)
Training State (plottrainstate)
Regression (plotregression)
Plot Interval: ' 10 epochs
v Minimum gradient reached.
@ Stop Training @ Cancel

Figure 7
Matlab Neural Network Training Toollbox
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Best Training Performance is 8.9571e-12 at epoch 1497

- Ilif\-é
.1

Kean Squared Error (mse)

0" 1 L I ] 1 I 1
1497 Epochs

Figure 8
Evolution of Arfificial Neural Network training - ANN 20x40x40x1

Best Training Performance Is 2.1997e-11 at epoch 800

Mean Squared Error (mse)

10* —

100 200 300 400 500 600 00
800 Epochs

Figure 9
Evolution of Artificial Neural Network fraining - ANN 10x30x30x1
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Best Tralning Performance is 3.9546e-12 at epoch 1320
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Evolution of Artificial Neural Network fraining - ANN 10x40x80x1
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Artificial Neural Network modeling - ANN 20x40x40x1
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compressive strength of concrete from the results of the testing of
steel-concrete bond using ANNs. The line in blue represents the
calculated error at each step of the network. By seeking the maxi-
mum training as possible, the allowable value for error average
established for the network was zero.

Figures 11, 12 and 13 illustrate the results of three of ANNs that
were tested in this study. Both simulations generated similar re-
sults. As it can be seen in those figures, the obtained results in-
dicate that the power estimated from ANNs is effective. In those
figures, the original data of 200 cases (red diamond), an estimate
based on traditional statistical processes (blue cross) and the re-
sults of ANN (green circle) are represented.

Figure 11 shows the result obtained with the best perceptron stud-
ied, which had 20 neurons in the second layer, 40 in the third layer,
40 in the fourth and 1 in the output layer. In the first, the function
of transfer used was the hyperbolic tangent sigmoid, while in the
output layer the function adopted was linear.

Figure 12 shows the result obtained with the best perceptron stud-
ied, which had ten neurons in the second layer, 30 in the third layer,
30 in the fourth and 1 in the output layer. In the first, the function
of transfer used was the hyperbolic tangent sigmoid, while in the
output layer the function adopted was linear.

Figure 13 shows the result obtained with the perceptron studied,
which had ten neurons in the second layer, 80 in the third layer, 80
in the fourth and one layer in the output layer. In the first, the func-
tion of transfer used was the hyperbolic tangent sigmoid, while in
the output layer the function adopted was linear.

Although this study database is still small, it can be observed that,
throughout the use of ANNSs, the data obtained in experiments in
relation to traditional statistical templates can be better adjusted.

B0

Based on these first experiments, the permanence of this search
will focus on increasing the database used in the simulation and
use other training algorithms to performe this simulation.

6. Conclusions

EE

This work sought to evaluate the possibility of using the steel-con-
crete bond tests to estimate the compressive strength of concrete
(fc), a complicated initiative given the fact that the concrete is a
very heterogeneous material and that changed through time.

The results show that it is possible to perform a non-linear mapping
of the relation between the compressive strength of concrete x bond
stress steel/concrete, considering parameters such as the length
of the diameter of the bar anchoring, the age of rupture and the
spreading of concrete around the steel bar (confinement). The news
consisted in the employment of neural templates. Given the synergy
of effects and lack of knowledge about each of the parameters that
affect the estimation of the “fc,” it can be concluded that the problem
requires a non-linear modeling of unstructured knowledge.

The modeling technique using ANNs presented itself as an ef-
fective tool for the treatment of the data proposed, given the
ability of learning and generalization of acquired knowledge of
ANN. However, it must be used a database that contains a sig-
nificant amount of previous results, with a good variation of the
parameters considered important for the assessment of the per-
formance of the structure.

From the analysis of the results obtained, it can be inferred that
the use of ANNs has the potential to produce robust and flexible
numerical methods for interpretation of the testing of bond stress
steel/concrete.
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Artificial Neural Network modeling - ANN T0x30x30x1
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Artificial Neural Network modeling - ANN 10x40x80x1

These tests reinforce the idea that the use of the trial could be
useful in the analysis of structures, confirming the idea that this
test has great potential for use in the case of inspection of struc-
tures. The templates generated can be considered as dynamic as
the networks can be improved when new data are collected. The
results obtained indicate that ANNs has the potential to be used
to obtain estimates of the compressive strength from data of bond
stress steel/concrete, for inspection of structures.
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