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Â ìåñòàõ ðàçðóøåíèÿ áåòîííûõ êîíñòðóêöèé ÷àñòî îáíàðóæèâàþò ìàêðî- è ìèêðîòðåùèíû,
ïðè÷åì íà ìåõàíèçì èõ ðàçðóøåíèÿ ñóùåñòâåííî âëèÿåò õàðàêòåð ñëèÿíèÿ òðåùèí, âûðîñøèõ
èç èñõîäíûõ äåôåêòîâ. Îöåíêà õàðàêòåðà ðàçðóøåíèÿ íåóñòîé÷èâûõ ñâÿçåé ÿâëÿåòñÿ îäíîé èç
èíæåíåðíûõ çàäà÷, êîòîðàÿ ó÷èòûâàåò ðÿä ïàðàìåòðîâ, âêëþ÷àÿ ìåõàíè÷åñêèå õàðàêòåðèñòèêè áåòîíà, óðîâåíü íîðìàëüíûõ íàïðÿæåíèé è ñîîòíîøåíèå ìåæäó ïëîùàäÿìè ïîâåðõíîñòè
äåôåêòîâ è îáùåé ïîâåðõíîñòè ñäâèãà. Âëèÿíèå ýòèõ ïàðàìåòðîâ íà ñëèÿíèå òðåùèí îöåíèâàåòñÿ ñ ïîìîùüþ ðàñ÷åòíîé ìåòîäèêè íåéðîííûõ ñåòåé. Âûïîëíåíî òåñòèðîâàíèå íåñêîëüêèõ ñåòåé ñ ïîðîãîâûìè ëîãè÷åñêèìè ýëåìåíòàìè è âàðüèðóåìûìè âåñîâûìè êîýôôèöèåíòàìè. Èñïîëüçîâàëñÿ îáó÷àþùèé àëãîðèòì îáðàòíîãî ðàñïðîñòðàíåíèÿ. Â êà÷åñòâå âõîäíûõ
äàííûõ ïî ñëèÿíèþ òðåùèí èñïîëüçîâàëèñü ãåîòåõíè÷åñêèå è ãåîìåòðè÷åñêèå ïàðàìåòðû, à â
êà÷åñòâå âûõîäíûõ äàííûõ íåéðîííàÿ ñåòü âûïîëíÿëà îöåíêó òèïà ìåõàíèçìà ñëèÿíèÿ òðåùèí (îòðûâà, ñäâèãà èëè ñìåøàííîé ìîäû), êîòîðûé ñëåäîâàëî èñïîëüçîâàòü ïðè àíàëèçå
ñòàáèëüíîñòè áåòîííûõ êîíñòðóêöèé. Âûïîëíåíà âåðèôèêàöèÿ ðàñ÷åòíûõ ðåçóëüòàòîâ ñ
ïîìîùüþ èìåþùèõñÿ ýêñïåðèìåíòàëüíûõ äàííûõ.

Êëþ÷åâûå ñëîâà: îáó÷àþùèé àëãîðèòì îáðàòíîãî ðàñïðîñòðàíåíèÿ, ñëèÿíèå òðåùèí,
ïðîìåæóòîê ìåæäó òðåùèíàìè, íåóñòîé÷èâàÿ ñâÿçü.
Introduction. It is well-known that the lower strength of concrete mass is mainly
induced by the presence of joints. In some rare cases, it is possible that the failure in the
concrete is limited to a single discontinuity. Generally, several discontinuities exist in
various sizes, which constitute a combined shear surface. In this sense, the areas which are
located between the neighboring discontinuities are called the bridges area (see the
definition in Fig. 1) and have the greatest importance for the shear resistance of the failure
surface [1–3]. Understanding of the initiation, propagation and coalescence of cracks is an
important aspect in fracure mechanics. Crack propagation and coalescence processes may
contribute to concrete failure in dams, foundations, and tunnels.
The pattern of coalescence between two parallel crack in both modeling materials
have been done in direct shear boxes [4–8]. Also, a number of experimental studies have
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been carried out to investigate the crack initiation, propagation and coalescence in the axial
or biaxial test conditions [9–25].
Two types of crack patterns have been observed in bridges by those researchers: wing
cracks and secondary cracks. Wing cracks appear first; they are tensile cracks, which
initiate at the tips of the joint and propagate steadily in a curvilinear path in the direction of
the applied axial load. Secondary cracks appear later and are generally described as shear
cracks or shear zones (Fig. 2).

Fig. 1. Bridges in discontinuously-cracked concrete.

Fig. 2. Crack pattern observed in pre-cracked specimens of concrete in uniaxial compression [11].

Most of the previous studies are focused on the effect of configuration, length
considering, orientation of bridge, orientation of joint segment and spacing between the
joint rows on the mechanisms of crack initiation, propagation and coalescence in the bridge
area; While the simultaneous effects of normal stresses, mechanical properties of model
material and the ratio of joint length to bridge length on the pattern of crack coalescence is
not inspected. Whereas the using of experimental tests is difficult for considering the
simultaneous effects of normal stresses, mechanical properties of model material and the
ratio of joint length to bridge length on crack coalescence, the neural network tool is used
for this purpose.
Since their introduction, research into the area of artificial neural networks and their
applications continue to captivate scientists and engineers from a variety of disciplines.
This growing interest among researchers is stemming from the fact that these learning
machines have an excellent performance in the issues of nonlinear function approximation,
data classification, clustering and nonparametric regression or as simulations of the
behavior biological neurons and pattern recognition. This paper investigates the validity of
utilizing artificial neural networks in the prediction of the crack coalescence mode [i.e.,
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tensile mode (type I), the shear mode (type II) and the mixed mode (type III)] that can be
used for stability analysis of concrete structures.
According to [26, 27], all numerical modeling methods (analytical methods, basic
numerical methods, finite element method, boundary element method, distinct element
method, hybrid methods, extended numerical methods and fully coupled models) attempt to
achieve one-to-one mechanism mapping in the model. In other words, a one-to-one
mechanism occurring in reality is modeled directly such as a clear stress–strain relationship.
The term ‘one-to-one mapping’ refers to the direct modeling of geometry and physical
mechanisms, either specifically or through equivalent properties. The neural network
approach is a ‘non one-to-one mapping’ method. In such a model, mechanism mapping is
not totally direct. This model provides predicting capabilities; this is why it has been used
for concrete parameter identification and prediction.
The neural network modeling approach has already been applied to a variety of
subjects in geotechnical engineering [28–36]. The approach to the problem of crack
coalescence from the perspective of artificial neural networks is not an easy task and
requires sophisticated modeling techniques, experience, deep knowledge of engineering
and a vast amount of experimental data.
In this article, the neural network and direct shear test results are used to predict the
simultaneous effects of normal stresses, mechanical properties of model material and the
ratio of joint length to bridge length on the pattern of crack coalescence in the nonpersistent joints. For this purpose, 450 direct shear tests have been done on the plaster of
Paris specimens consisting of non-persistent joints. The uniaxial strength of material varies
from 40 to 100 kg/cm2 with increments of 20 kg/cm2. The normal stress varies from 3 to
s c 2 kg/cm2 with increments of 3 kg/cm2 and the jointing coefficient (JC is the ratio of
joint surface to total shear surface) varies from 0.05 to 0.95 with increments of 0.1. The
shear test results are used for training, validation and testing of neural network.
1. Artificial Neural Networks (ANN). ANNs seek to simulate human brain behavior
by processing data on a trial-and-error basis and learning how to avoid repeating an error
the next time a similar situation occurs. Numerous advances have been made in recent years
in developing intelligent systems, particularly those in which functioning is based on
biological neural networks. Researchers from a wide range of disciplines have been using
ANNs to find solutions to many different types of problems. Highlights among them are
those involving control of complex systems when rigorous knowledge of their behavior is
lacking. During the 1970s, the progress in the use of ANNs was very limited. Current
models were unable to handle many problems proposed. Research was resumed after the
work presented by Hopfield [37], showing the relationship between physical systems and
auto associative recurrent neural networks. The multiple layer perceptron (MLP) model
was proposed by Rumelhart [38] and was based on enhancing the perceptron (proposed by
Rosenblatt [39]). MLP neurons are organized in layers, including data input, output, and
hidden layers as shown in Fig. 3. Hidden layers are important because mathematical
adjustment operations are largely performed in them. Flood and Kartan [40] stated that
MLPs with at least two hidden layers provide the extra flexibility required for modeling
complex systems.
During training, inputs are inserted, outputs determined and error between predicted
and actual values calculated. Next, on the basis of this error, weights are adjusted starting
from the output layer until the input layer is reached. This process is known as back
propagation.
Common practice nowadays is the use of an independent term in the sum of the
weights and inputs to each neuron in order to lend more stability to the network and
particularly to enhance its generalization. A constant 1 enters each neuron as an input and is
multiplied by a scalar bias. The bias is similar to a weight for this input. It is modified, as
are the other weights [41].
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Fig. 3. Diagram showing typical MLP.

Certain tools are used to accelerate the back-propagation algorithm and reduce the
incidence of local minima. One of the main points here is that much more effective results
may be obtained by treating MLP network input and output data. Data normalization in
order to obtain values with uniform amplitudes considerably enhances network performance.
This is due to more homogeneous distribution of data as shown in Fig. 4. This procedure
has been used by many researches (e.g., Flood and Kartan [40]).
a

b

Fig. 4. Influence of data normalization on the distribution homogeneity [40].

2. Experimental Program. In order to forecast the crack coalescence mode in the
case of non-persistent discontinuity under direct shearing conditions, the factors that
influence fracture mode have to be determined. The material used for this investigation was
cement/gypsum; the same material was used by Reyes and Einstein [10], Takeuchi [42],
Shen et al. [11], Ghazvinian et al. [43], and Bobet and Einstein [12]. Totally, 450 direct
shear tests have been done on the specimens consisting non-persistent joints with dimension
of 15´15´15 cm. Figure 5 shows the tested specimens for his study.
Four various admixtures having different mechanical properties are used for this
study. The mechanical properties of the material are summarized in Table 1.
For each type of specimen the normal stress varies from 3 to s c 2 kg/cm2 with
increments of 3 kg/cm2 and the jointing coefficient JC varies from 0.05 to 0.95 with
increments of 0.1 under fixed normal stress.
The tests were performed in such a way that the normal load was applied to the
specimen and then shear load was adopted. Loading is carried out using displacement
control at a rate of the 0.002 mm/s.
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T a b l e 1
Mechanical Properties of Four Various Admixtures
Specimens

Uniaxial strength
s c , kg/cm2

Tensile strength
s t , kg/cm2

Young modulus
E, kg/cm2

Poisson’s ratio
u

Type I

40

5.0

6895

0.14

Type II

60

7.5

10295

0.15

Type III

80

9.7

13695

0.16

Type IV

100

12.0

17095

0.17

Fig. 5. Direct shear testing equipment, general set-up.

The shear experimental results showed that mechanical properties of material, normal
stress and jointing coefficient JC are the factors that influence crack coalescence mode.
3. Discussion on the Experimental Results. The influence of the mechanical
properties of material, normal stress and the Joint Coefficient on crack coalescence mode is
quite evident. In general, three main modes of crack coalescence were observed. They are
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the wing tensile mode (type I), the shear mode (type II) and the mixed mode (shear/tensile)
(type III). With the increase in the jointing coefficient JC, the shear failure mode in the
bridge changes to the tensile failure mode. Also with the increase in the normal stress, the
tensile failure mode in the bridge changes to the shear failure mode. The description of
crack coalescence modes and percentage amount for each compounding of JC, s n , and s c
given in Table 2. The shear test results are used for training, validation and testing of neural
network.
T a b l e 2
The Amounts of Crack Coalescence Modes for Each Compounding of JC, s n , and s c
JC
0.05

sn £

sc
6

III (100%)

sc
s
£ sn £ c
6
4

sc
s
£ sn £ c
4
2

III (75%)

II (100%)

II (25%)
0.15

III (100%)

III (87.5%)

II (100%)

II (12.5%)
0.25

0.35

I (28.57%)

III (87.5%)

III (4.54%)

III (71.43%)

II (12.5%)

II (95.46%)

I (50%)

III (100%)

III (9.09%)

II (50%)
0.45

I (78.5%)

II (90.91%)
III (100%)

III (21.5%)
0.55

0.65

I (100%)

I (100%)

III (9.09%)
II (90.91%)

I (37.5%)

III (13.64%)

III (62.5%)

II (86.36%)

I (100%)

I (22.72%)
III (4.55%)
II (72.73%)

0.75

I (100%)

I (100%)

I (36.36%)
III (63.64%)

0.85

I (100%)

I (100%)

I (54.54%)
III (45.45%)

0.95

I (100%)

I (100%)

I (95.45%)
III (4.55%)

4. ANN Architecture. The main scope of this work is to implement the ANN
architecture in the problem of crack coalescence pattern prediction. A brief analysis of the
results obtained through the direct shear tests described in the previous sections helps to
identify the suitable input parameters to the ANN for training and then to test the ANN
once it is trained. The experimental results discussed in the previous section clearly show
that there exists a strong dependence of mechanical properties of material, normal stress
( s n ) and the jointing coefficient on crack coalescence mode. Therefore the ANN model
consists of six input parameters, i.e., uniaxial strength (s c ), tensile strength (s t ), the Young
modulus (E), Poisson’s ratio (u), normal stress (s n ), and joint coefficient (JC).
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These data’s are divided into training, validation, and test sets. The validation set is
used to ensure that there is no overfitting in the final result. The test set provides an
independent measure of how well the network can be expected to perform on data not used
to train it. 20% of the data was used for the validation set and 20% was used for the test set,
leaving 60% for the training set. The sets are picked randomly from the original data.
The well known feed forward neural network learning by BP algorithm written in
MATLAB has been used and its ability to predict the crack coalescence mode has been
studied by training and testing the ANN for various cases of inputs and comparing its
performance for various input conditions.
Trying to achieve the best network’s performance, several networks with different
architectures were developed using all the possible variations of the back-propagation
algorithms available in MATLAB v.7.0. The specifications of the artificial neural network
that gave the best performance are used in this study are as follows:
The input layer data consists of six input parameters.
Number of input nodes in the input layer: 6.
Number of output nodes in the output layer: 1.
No of hidden layers: 3 with 29, 20, and 15 nodes, respectively.
Training algorithm used: back propagation.
Transfer Function of layers: tansig.
Back propagation network training function: traingdm.
Back propagation weight/bias learning function: learngdm.
Performance function: MSE.
The learning rate was set to lr= 0.005 and the error goal was set to EG = 4×10-4 .
The output of the neural network is the crack coalescence mode.
In this work, the crack coalescence mode is considered as discrete values 0, 1, or -1.
The values of 0, 1, or -1 are the mark of the mix mode, the shear mode or the tensile mode
of failure respectively.
In Fig. 6, the simulation of the network architecture using the SIMULINK module of
MATLAB v. 7.0 is presented.
5. The Network’s Analysis. Plot of the training, validation, and test errors for ANN
model of crack coalescence mode is given in Fig. 7 to check the progress of training. The
result for the model is reasonable, since the test set errors and the validation set errors have
similar characteristics, and it does not appear that any significant overfitting has occurred.
The network outputs for 62 new data of test sets and corresponding targets are also
drawn as shown in Fig. 8 in order to have a better understanding about the prediction
capabilities of the employed ANN model. The horizontal scale is the specimen number,
whereas the vertical scale is crack coalescence mode. Solid points on this plot show the
output of the neural net, whereas the hollow points represent the actual crack coalescence
mode (the values of 0, 1, or -1 are the representing of the mix mode, the shear mode or
the tensile mode of failure respectively). As it can be seen from Fig. 8 the network has
given predicted values close to the measured ones.
Finally, in order to compare experimental and ANN model, the correlation coefficients
between the respective values of observations and prediction values for crack coalescence
mode based on ANN model were also calculated and found to be 0.99 for network. These
outcomes and scatter plots (Fig. 9) exhibit the superior performance of ANN models with
reference to regression analyses.
6. Sensitivity Analysis. Sensitivity analyses were performed varying the desired
parameter and maintaining fixed values for the other parameters. The parameters to be
analyzed varied between its minimum and maximum values of the dataset. The network
topology used was the one that yielded the best results. Figures 10–15 show the graphs
obtained from the sensitivity analyses of the following parameters: uniaxial strength of
ISSN 0556-171X. Ïðîáëåìû ïðî÷íîñòè, 2016, ¹ 6
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Fig. 6. Neural network architecture visualized by SIMULINK.

Fig. 7. Network errors vs number of iterations/epochs.
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Fig. 8

Fig. 9

Fig. 8. The network output and corresponding target for 62 new data.
Fig. 9. Scatter diagrams for crack coalescence mode.

Fig. 10

Fig. 11

Fig. 10. Sensitivity analysis – uniaxial strength (s c ).
Fig. 11. Sensitivity analysis – tensile strength (s t ).

material, tensile strength of material, the Young modulus, Poisson’s ratio, normal stress,
and joint coefficient. Figure 10 shows the effect of uniaxial strength of material on failure
pattern of non-persistent joint with JC = 0.45 under 9 kg/cm2 of normal load. 4 equidistant
points (s c = 40–100 kg/cm2 with increments of 20 kg/cm2) were used to predict the crack
coalescence mode.
The mix mode coalescence appears for all of the uniaxial strength values. This result
shows that the crack coalescence mode is not sensitive to uniaxial strength of material in
this data range.
Figure 11 shows the effect of tensile strength of material on failure pattern of nonpersistent joint with JC = 0.45 under 9 kg/cm2 of normal load. 4 equidistant points were
used to predict the crack coalescence mode (s t = 5, 7.5, 9.7, and 12 kg/cm2). The mix
mode coalescence appears for all of the tensile strength values. These results show that the
crack coalescence mode is not sensitive to tensile strength of material in this data range.
The similar results gained from Figs. 12 and 13 shows that the crack coalescence
mode is not sensitive to the Young modulus and Poisson’s ratio of material too.
Figure 14 portrays the results for crack coalescence mode variation with joint
coefficient JC. 10 equidistant points (JC = 0.05–0.95 with increments of 0.1) were used to
predict the crack coalescence mode under follow condition: s n = 9 kg/cm2, s c = 40 kg/cm2,
s t = 5 kg/cm2, E = 6895 kg/cm2, and Poisson’s ratio u= 0.15.
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Fig. 12

Fig. 13

Fig. 12. Sensitivity analysis – the Young modulus (E).
Fig. 13. Sensitivity analysis – Poisson’s ratio (u).

Fig. 14

Fig. 15

Fig. 14. Sensitivity analysis – joint coefficient (JC).
Fig. 15. Sensitivity analysis – normal stress (s n ).

The results show that the crack coalescence mode is sensitive to JC so that increasing
in JC change mix mode of failure to tensile failure.
Finally, Fig. 15 shows the crack coalescence mode with respect to the normal stress
s n . 6 equidistant points (s n = 3–18 kg/cm2 with increments of 3 kg/cm2) were used to
predict the failure pattern of non-persistent joint with JC = 0.45, s c = 40 kg/cm2,
s t = 5 kg/cm2, E = 6895 kg/cm2, and Poisson’s ratio u= 0.15. Figure 15 shows that the
crack coalescence mode is sensitive to normal stress so that increasing in normal stress
changes mix mode of failure to shear mode of failure (it is to be note that the values of 0,
1, or -1 are the represents of the mix mode, the shear mode or the tensile mode of failure,
respectively).
Therefore, the analyses showed that the most influencing parameters on the crack
coalescence are the joint coefficient JC and normal stress s n .
Conclusions. A neural network is a good approach for engineering problems in which
the mechanism is complex. Many factors influence the process and the result and current
methods are from perfect. In this study, the ANN model that can be used for determining
the crack coalescence mode has been developed. For this purpose, experimental results
have been used. The ANN model consists of six input parameters (uniaxial strength, tensile
strength, the Young modulus, Poisson’s ratio, normal stress, and joint coefficient).
The best adjustment was obtained from a network topology of three hidden layers,
with 29 neurons in the first layer, 20 in the second layer, and 15 neurons in the third layer.
The learning rate was 0.005. The correlation coefficients between the respective values of
148
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observations and prediction values for crack coalescence mode based on ANN model were
calculated and found to be 0.99 for networks; thus showing a significant improvement in
adjustments and results.
The sensitivity analyses were appropriate and enabled to verify the effect of certain
parameters on the crack coalescence mode. A highlight here was the JC and normal stress
s n . The results show that these parameters have significant effects on the crack coalescence
mode.
Ðåçþìå
Ó ì³ñöÿõ ðóéíóâàííÿ áåòîííèõ êîíñòðóêö³é ÷àñòî âèÿâëÿþòü ìàêðî- ³ ì³êðîòð³ùèíè,
ïðè öüîìó íà ìåõàí³çì ¿õ ðóéíóâàííÿ ñóòòºâî âïëèâàº õàðàêòåð çëèòòÿ òð³ùèí, ùî
âèðîñëè ç ïî÷àòêîâèõ äåôåêò³â. Îö³íêà õàðàêòåðà ðóéíóâàííÿ íåñò³éêèõ çâ’ÿçê³â º
îäí³ºþ ç ³íæåíåðíèõ çàäà÷, ÿêà âðàõîâóº ðÿä ïàðàìåòð³â, âêëþ÷àþ÷è ìåõàí³÷í³
õàðàêòåðèñòèêè áåòîíó, ð³âåíü íîðìàëüíèõ íàïðóæåíü ³ ñï³ââ³äíîøåííÿ ì³æ ïëîùàìè ïîâåðõí³ äåôåêò³â ³ çàãàëüíîþ ïîâåðõíåþ çñóâó. Âïëèâ öèõ ïàðàìåòð³â íà
çëèòòÿ òð³ùèí âèçíà÷àºòüñÿ çà äîïîìîãîþ ðîçðàõóíêîâî¿ ìåòîäèêè íåéðîííèõ ñ³òîê.
Âèêîíàíî òåñòóâàííÿ äåê³ëüêîõ ñ³òîê ³ç ïîðîãîâèìè ëîã³÷íèìè åëåìåíòàìè ³ âàð³éîâàíèìè âàãîâèìè êîåô³ö³ºíòàìè. Âèêîðèñòîâóâàâñÿ íàâ÷àëüíèé àëãîðèòì çâîðîòíîãî
ðîçïîâñþäæåííÿ. Âõ³äíèìè äàíèìè ïî çëèòòþ òð³ùèí ñëóãóâàëè ãåîòåõí³÷í³ ³ ãåîìåòðè÷í³ ïàðàìåòðè, à âèõ³äíèìè – íåéðîííà ñ³òêà, çà äîïîìîãîþ ÿêî¿ îö³íþâàâñÿ
òèï ìåõàí³çìó çëèòòÿ òð³ùèí (â³äðèâ, çñóâ àáî çì³øàíà ìîäà), ÿêèé âèêîðèñòîâóâàâñÿ
ïðè àíàë³ç³ ñòàá³ëüíîñò³ áåòîííèõ êîíñòðóêö³é. Âèêîíàíî âåðèô³êàö³þ ðîçðàõóíêîâèõ ðåçóëüòàò³â çà äîïîìîãîþ â³äîìèõ åêñïåðèìåíòàëüíèõ äàíèõ.
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