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Abstract. In recent years, the finite element method has been widely used as a
powerful tool in the analysis of engineering problems. In the simulation of deformable
objects using the finite element method, a complex system of nodes which make a mesh
grid is used. The FEM model includes material and structural properties, which
altogether determine the model’s response to certain loading conditions. A reliable
simulation is supposed to provide for an easier, faster and less expensive development
of structures. The real-time simulation of shell-type deformable objects using the finite
element method for a non-linear analysis is a challenging task because of the need for
fast systems that do not demand high computational cost. In this paper, we present an
efficient method based on neural networks for simulating the real-time behavior of a
thin walled structure modeled by the finite element method in the commercial FE
software. Using the finite element method, the structures displacements are computed
offline, by applying forces in the specified range. In the online application mode, a
trained neural network is used for obtaining required results for specified loads.
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1. INTRODUCTION

The finite element method (FEM) rapidly grew as the most useful numerical analysis
tool in the mechanical engineering disciplines (such as aeronautical, biomechanical, and
automotive industries). The FEM provides for detailed visualization of where structures
deform and indicates the distribution of stresses and displacements. Continuous
development of new structural materials leads to ever increasingly complex structural
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designs that require a careful analysis [1]. The utilization of numerical methods to solve
shell mathematical models of complex structures has become an essential component in
the design process [2]. Thus, the finite element method has been widely used as the
fundamental numerical procedure for the analysis of shells [3]. In order to improve the
performance and for optimization purposes, which play an important role in design
process and modeling, integration of the finite element method and the neural networks
has been considered by some authors. Such integration enables a simulating real-time
behavior of the structure; it allows the response of a structure in real or nearly real time to
external stimuli to be observed. To illustrate the computational methodology Javadi et al.
[4] have presented three numerical examples of application of the developed intelligent
finite element code (named NeuroFE program) to engineering problems. A neural
network is trained using data representing the mechanical response of the material to
applied load; the trained network is then used in the finite element analysis to estimate
the stress and displacement. An application of the Artificial Neural Networks for
definition of the effective constitutive law for a composite is considered in [5]. First, a
classical homogenization procedure is directly interpreted with the use of this numerical
tool. Next, a self-learning Finite Element code (FE with ANN inside) is used in the case
when the effective constitutive law is deduced from a numerical experiment (substituting
here a purely phenomenological approach). In [6], a combination of the nonlinear contact
finite element analysis and the artificial neural network has been applied to explore the
possibility of material property execution with automatic ball indentation.

This paper addresses the need for a fast system that simulates real-time behavior of shell
structures. The main idea in this paper is to combine available tools, namely the finite
element method and the neural networks in order to provide for a new quality. In the
proposed methodology, the neural network is used for faster and easier obtaining of
required results for specified loads. It is trained by using the raw numerical data obtained by
the finite element method, representing the displacement of the structure to applied load.

2. MODELING OF SHELL STRUCTURE

The recognition of the nature of the global behavior of thin-walled structures allows
condensation of the complex 3D-field to the essential ingredients of the structural
response described by a 2D approach, and thereby an efficient modeling of such
structures is achieved. A general shape implies arbitrarily curved structures.
Irrespectively of the applied loads, both the membrane and the flexural strains are
induced in such a structure. Furthermore, the thin-walled structures made of composite
laminates require 2D-theories with transverse shear strains and stresses included for
adequate modeling. The simplest and most frequently used theory is the First-order Shear
Deformation Theory (FSDT), which is based on the Mindlin-Reissner kinematical
assumptions that imply constant transverse shear strains and stresses across the thickness of
the structure [7].

Within the framework of the FEM, the strain field of a shell element based on the
aforementioned kinematical assumptions is given in the following general form:
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where {¢,} and {g} are membrane-flexural (in-plane) and transverse shear strains,
respectively, [B,,] and [B;] are corresponding strain-displacement matrices and can be
summarized into element strain-displacement matrix [B,], and, finally, {d.} are element
nodal displacements. For more details on the definition of the strain field, an interested
reader is referred to [8].

3. MODELING AND ANALYSIS OF CYLINDRICAL ARCH STRUCTURE

Fig. 1 shows a shell that is analyzed in this paper. A simply supported cylindrical arch
with radius R=360 mm, central angle 112.5°, and width b=700 mm is considered. The
thickness of shell is 30 mm. A uniform mesh is used in this solution. Number of elements
is 196 (14x14), while type of elements is a quadrilateral shell element with 8 nodes.

The type of analysis performed to determine displacements of this structure in the
shape of cylindrical arc is non-linear. This type of analysis provides for more accurate
results, but it increases computation time, even for this simple shape structure.

The considered structure is exposed to rather large loads and, hence, the induced
deformations exceed the realm of linear analysis. Therefore, the geometrically nonlinear
FEM analysis is applied to determine the structural response with adequate accuracy.
This, furthermore, implies increased computational time because the structural stiffness
continuously changes over the course of deformation as a consequence of the change in
structural configuration and stress state. The incremental solution procedure based on the
iterative Newton-Raphson method is used to obtain the solution.

a) b)
Fig. 1 a) Cylindrical arch with boundary conditions, b) meshed shell

The excitation is modeled as a concentrated force with components in x- and y-
directions. The range of applied forces is 0.3 MN to 4.6 MN in x-direction, and 0.6 MN
to 9 MN in y-direction, which results in structural deformation.

Fig. 4 depicts the shell deformations at different loads obtained in the ABAQUS. The
deformations are given with the scaling factor equal to 1, i.e., the real deformation is
depicted. The lower part of the figure shows rather large deformations that definitely
require nonlinear computation.
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Fig. 2 The shell displacements at different loads

4. A REAL TIME NEURAL NETWORK-BASED FINITE ELEMENT ANALYSIS

A standard feed-forward, back propagation neural network is used in this study. To
provide for an efficient solution, the artificial neural network (ANN) [9] has three layers:
an input layer, a single hidden layer and an output layer. As network input variables,
forces in x and y directions are selected, while selected output network variables are
displacements in X, y, and z directions, respectively.

Using custom script for Matlab, the ANN model is defined. The model’s input layer
consists of two neurons, the hidden one of ten neurons, while the output one has 3
neurons (Fig. 3). Using a trial and error process, the number of neurons in the hidden
layer is determined, while the Levenberg—Marquardt back propagation algorithm is used
for network training [10]. The algorithm uses the approximation

X, =x, 2[J T +ull'J e, 2)

where J denotes Jacobian matrix that contains first derivatives of the network errors with
respect to weights and biases, and e is a vector of network errors. As a performance
measure during training, the mean squared error is used [11].

The dataset consists of 224 samples. Each set consists of 5 variables. These variables
are applied forces in x and y directions and measured displacements (in ABAQUY) in x,
y and z directions. To be able to import these variables into the ANN, the dataset has to
be split into two matrices. One matrix consisting of applied forces in x and y directions is
called “input”. The second one consisting of displacements in x, y, and z directions is
called “target”. Based on “input” and “target” data, the ANN searches for a linear regression
function and calculates the “output” data. The network performance is measured via
“correlation coefficient R (Fig. 4)”. A value R = 1 implies that a linear equation describes
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the relationship between “target” and “output” perfectly, with all data points lying on the
line for which “output” increases as “target” increases.

When matrices are imported, training, validation and testing sets are randomly
generated from the dataset. The network is trained using the training set (comprising 156
of 224 samples), and is adjusted according to its error. To measure network
generalization the validation set (34 samples) is used. Also, this set is used to halt
training when generalization stops improving. Finally, the independent test set (34
samples) with no influence on the training is used to measure network performance. This
can be observed in Fig. 4, which shows the network performance for the training,
validation and test set. Also, in Fig. 4 it can be observed that the total network
performance is 0.99999, which is recognized as a fairly satisfying result.

Force Displacement

X-direction x-direction
Force Dis_placgment
y-direction y-direction

Displacement
z-direction

Hidden layer
(10 neurons)

Fig. 3 Artificial neural network with 2 input variables, 1 hidden layer with 10 neurons,
and 3 output variables

Fig. 4 Results of network performance for training, validation and test set
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5. CONCLUSION

The paper takes into consideration the artificial neural network implementation in the
analysis of a cylindrical arch shell structure, that is initially modeled in the ABAQUS
software. The obtained results from the ABAQUS are used for training the artificial
neural network, which is supposed to enable real-time simulation of the shell structure.
This property is based on massive parallelism in neural networks which provides for an
extremely efficient computational speed by means of suitable hardware and software
implementation [12].

In this paper it is proposed that the need for a fast system that simulates real-time
behavior of shell structures can be satisfied by using a neural network which is trained by
using the raw experimental data obtained by the finite element method, representing the
displacements of the structure to the various applied loads. In the second application
phase, the trained neural network is capable of fast real-time approximation of shell
displacements for the range of loads it is trained for.

The differences between the simulated values obtained from the FEM analysis and
the predicted values from the ANN (value obtained by FEM / value obtained by ANN x
100%) are within the range of 0.0001%, which shows good agreement which is obtained
with a relatively modest network structure and, thus, with a modest training effort and
moderate dataset.

Further research aims at providing an analysis of piezoelectric active structures. In the
future, active/adaptive structures are expected to become more of a standard solution in
many areas of application. This requires reliable and efficient modeling tools [1], which
makes the prospective of combining the FEM modeling of piezoelectric active structures
with artificial neural networks implementation potentially interesting. Also, an interesting
future research direction could lead to the creation of a real time neural network based
finite element analysis of shell structure that provides for the results in a much larger
number of points and, possibly, in every node of the mesh. In the latter case, network
parallelism could provide for an extremely efficient computation regardless of the
possibly large FEM models.

Acknowledgements. The paper is part of the research performed within the bilateral German-
Serbian project “ICOSS - Intelligent Control of Smart Structures”.
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ANALIZA LJUSKE U REALNOM VREMENU METODOM
KONACNIH ELEMENATA ZASNOVANOJ
NA NEURONSKOJ MREZI

U poslednjih nekoliko godina, metoda konacnih elemenata je Siroko koriséena kao mocéno
sredstvo u analizi inZenjerskih problema. Prilikom simulacije deformabilnih objekata metodom
konacnih elemenata, koristi se kompleksan sistem cvorova koji formiraju mrezu tacaka. FEM
model ukljucuje svojstva materijala i same strukture koja definisu kako ée struktura reagovati na
odredena opterecenja. Pouzdana simulacija treba da obezbedi laksi, brzi i jeftiniji razvoj struktura.
Simulacija deformabilnih objekata tipa ljuske u realnom vremenu koriséenjem metode konacnih
elemenata je veliki izazov zbog potrebe za brzim sistemima, koji ne zahtevaju velike racunarske
resurse. U ovom radu smo prikazali efikasan metod zasnovan na neuronskim mrezama za
simulaciju u realnom vremenu ponasanja tankozidne ljuske modelirane metodom konacnih
elemenata u komercijalnom FE softveru. Koris¢enjem metode konacnih elemenata, u reZimu
obucavanja neuro mreZe sracunate su deformacije za primenjena opterecenja u odredenom
opsegu. U rezimu aplikacije, koris¢enjem obucene neuronske mreze dobijaju se potrebni rezultati
za navedena opterecenja u realnom vremenu.

Kljucne reci: metod konacnih elemenata, neuronska mreza, simulacija, tankozidna struktura, ljuska
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