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Abstract

Inverse analysis, which uses artificial neural networks as direct problem models, is gaining popularity. To improve
robustness of the metamodel the idea of clustering of the networks based on their output was considered in the paper. This
idea splits data by the output values, which in the inverse analysis are known as a part of the objective function. The indi-
vidual networks are trained at small ranges of output values and they are supported by general networks trained on a wide
range of data using special maps. The maps indicate which small network should be used to obtain more precise results.
Possibility of using the general wide trained network for checking after the inverse analysis, whether the network for
small range was correctly selected, is the main advantage of this method. The basic principles of this approach are de-
scribed in the paper. Case study for identification of material flow stress model confirmed very good capabilities of this

technique.
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1. INTRODUCTION

The inverse approach is a very useful tool for
identification of various models, including material
models used in simulations of materials processing.
The inverse algorithm proposed by Szeliga et al.
(2006) and validated for various materials by Szeliga
and Pietrzyk (2012) gave very good results in vari-
ous applications. Since in this algorithm finite ele-
ment (FE) method was used to simulate experi-
ments, long computing times were an important
limitation for its wide applications, in particular in
the industrial practice. Extensive research on possi-
ble decrease of the computing times led to a proposi-
tion of substituting the FE model by the metamodel.
Quite good results were obtained when Artificial
Neural Network (ANN) was applied as the meta-
model of the compression test for cylindrical sam-
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ples (Sztangret et al., 2012). However, reasonably
simple Hensel and Spittel (1979) equation was used
as a material model in that paper. Beyond this, com-
pression of cylindrical samples (Uniaxial Compres-
sion — UC) is the simplest plastometric tests and FE
simulation of this test does not require long compu-
ting times, therefore, a lot of data could be generated
to train the network. Attempts to apply this tech-
nique to more complex material models or other
tests (Ring Compression — RC; Plane Strain Com-
pression — PSC) resulted in larger errors of training
the networks.

Inverse analysis, which uses ANNs as direct
problem models, is gaining popularity. This ap-
proach begins with obtaining the data and training
the network, which is the metamodel of the experi-
ment. Data obtained from the FE program was used
by Sztangret et al. (2012) to train the metamodel. In
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the inverse analysis a few control points were need-
ed to determine the model coefficients properly.
Therefore, in the discussed case the metamodel re-
turns in control points output values (forces), which
are related to selected specific displacements of the
tool during the test. To improve robustness of the
metamodel in the first approach, instead of using one
network the problem was split into few networks.
After this was done, the accuracy of the networks
has improved noticeably. On the other hand, applica-
tion of the networks to the inverse solution showed
that metamodel based optimization may still create
problems and the accuracy of the networks requires
further improvement. It is due to the fact that the
shape of multidimensional objective function is too
complicated and small errors of the metamodel may
cause stacking the solution in a local minimum. It
inspired the Authors to review various methods of
improvement of quality of neural networks and to
search for a possibility of avoiding problems occur-
ring in application of metamodelling to the inverse
analysis.

Research in neural science is currently focused
on looking for new kinds of neural network architec-
tures or combinations of existing ones. Many pro-
posed solutions are based on natural biological inspi-
rations. Data preparation before training is a com-
monly known approach. Data sets can be divided by
different algorithms from A-means family like in
Lazarevic and Obradovic (2001) or neural networks.
Kohonen networks are useful for this kind of cluster-
ing what was presented by Bezdek et al. (1992). This
allowed focusing on networks working with smaller
space in solving problems. Many investigations
proved that the small domain problems are easier in
modelling than the whole space, what was presented
by Kuncheva (2005). In that case a specific network
realizes only its own part of features. To obtain this
effect groups called clusters should be made by us-
ing either one of clustering algorithms or a specific
neural network. Next good approach is training mul-
tiple networks with different architectures at once,
sometimes with aid of genetic algorithms, and then
selecting the most effective network structures or
data sets for specific case, as presented by Kermani
et al. (1995). This approach requires predefined
groups what could be problematic for some prob-
lems.

Regularization is another method to improve
quality of neural networks as presented by MacKay
(1992). Example approach for this method was im-
plemented in Matlab software and was based on

additional information supplied from weight values.
Instead of typically used mean square error, a com-
bination of MSE and mean square weights (MSW)
was used. In that application regularization was au-
tomated, so training ANNs did not require manual
specification of combination of MSE and MSW.
Beyond this, common solution to avoid overfitting is
early stopping. In this approach extra data set is used
to monitor possible overfitting and to stop training
process in the most appropriate moment.

Another approach to improve quality of neural
networks involves multiple network training using
the same training set. The output is the average of all
networks’ output. This solution frequently gives
better results than the multiple network training with
the best network selection.

Ahmad et al. (2010) proposed solution based on
neural networks assembly and genetic algorithms.
This assembly is used in both data processing and
training, while the genetic algorithm is used to im-
prove training process. The main idea of this method
is introduction of separate neural networks, which
return value with an acceptable error. The outputs of
these networks are combined using weighted aver-
age method. Another approach is network retraining,
in which existing trained ANNs are again trained
using additional training set, which may be a subset
of original training set what has presented Parvin et
al. (2008).

The objective of this work was formulated hav-
ing in mind presented review. The fact that in the
inverse analysis the approximate location of the
output of the metamodel is known was the main
motivation. At the final stage of the optimization
procedure this output has to be located in the vicinity
of the measured output of the experiment. This ob-
servation inspired the Authors to apply clustering of
the ANN with respect to its output.

2. INVERSE ANALYSIS WITH
METAMODELLING

Inverse approach has proved to be a very useful
tool for identification of various material models,
see for example extensive research in the field of
identification of rheological models of materials
subjected to plastic deformation (Gelin & Ghouati,
1994; Gavrus et al., 1996; Khoddam et al., 1996;
Forestier et al., 2002; Szeliga et al, 2006). The in-
verse algorithm proposed by Szeliga et al. (2006)
and validated for various materials by Szeliga and
Pietrzyk (2012) was used in the present work as
areference identification method. This algorithm
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was described in details by Szeliga et al. (20006).
Briefly, a mathematical model of an arbitrary pro-
cess or physical phenomenon can be described by a
set of equations:

d=F(a,p), F:R" SR (1)
where: d = {d, ..., d.} - vector of output variables of
the model (forces, shape of the sample after the
tests), a = {ay, ..., a5} - vector of coefficients of the

model, p = {p1, ..., pi} - vector of the known pro-
cess parameters (temperatures, strain rates).

When vectors p and a are known, the solution of
the problem (1) is called a direct solution. Inverse
solution of the problem (1) called identification is
defined as determination of the components of the
vector a for known vector d (from the test) and vec-
tor p:

a=F'(d,p), F'":R" >R ()

When the problem is liner, the inverse function
can be usually found and the problem can be solved
analytically. In the investigated problems of materi-
als processing this relation is nonlinear and the prob-
lem is transformed into the optimization task. Thus,
the objective of the inverse analysis is determination
of the optimum components of vector a by searching
for the minimum of the objective function, with
respect to the components of this vector. The objec-
tive function is defined as a square root error be-
tween measured and calculated components of the
vector d:

D@p)=Y Ald@p)-dT O

where: d"* - vector containing forces measured in
the tests, it can also contain shape of the sample after
the test (Szeliga et al., 2006), df - vector containing
these parameters calculated by the model, S —
weights of the points, (i = 1 .. n), n — number of
measurements.

Thus, inverse analysis is composed of three
steps: experiment, FE simulation of the experiment
and optimization. Flow chart of this algorithm is
shown in figure 1. It is well known that connection
of the FE model with optimization techniques in-
volves very long computing times. To avoid these
extreme times two step inverse analysis was pro-
posed by Szeliga et al. (2006). In the first step each
test is investigated separately and stress-strain curve
in a tabular form is obtained. Simplified corrections
for variations of the temperature and strain rate dur-
ing the test are introduced. These tabular data are

approximated using selected flow stress function and
coefficients obtained in the approximation are used
as a starting point for the second step of the inverse
analysis. This starting point is usually close to the
minimum and the solution can be obtained in a rea-
sonable time, in particular when non-gradient opti-
mization methods are used.

The two-step inverse algorithm was applied to
identification of material model on the basis of vari-
ous experimental tests. It was shown that obtained
model parameters were independent of the test
which was used or of sample dimensions, see publi-
cations (Szeliga et al., 2002; Gawad et al., 2005).
This two-step algorithm has been successively used
to solve problems of identification of material rheo-
logical model in many practical applications, see for
example papers for steels for automotive industry
(Hadasik et al., 2006) and steels used for manufac-
turing heavy crank shafts (Sztangret et al., 2011a).
The weak points of the two-step solution are well
known. All drawbacks of the non-gradient optimiza-
tion methods could not be avoided. There was no
proof whether the global minimum was found. There
was no proof of the uniqueness of the solution ei-
ther. Some improvement of the reliability of this
approach was obtained when the sensitivity analysis
was applied in parallel with the inverse solution and
regularization of this solution was introduced (Szeli-
ga, 2013). Nevertheless, due to long computing
times application of the modern optimization meth-
ods based on observations of the nature (Genetic
Algorithms, Evolutionary Algorithms, Immune Sys-
tems, Aunt Algorithm, etc.) was still not possible.

All these observations inspired Authors to search
for a substitution of the FE direct problem model in
the inverse solution by much faster model. Applica-
tion of the metamodel based on the Artificial Neural
Network gave promising results (Sztangret et al.,
2012). This substitution is marked schematically in
figure 1. The general idea of metamodelling relates
to a postulation that metamodel approximates the
model of considered process. Metamodel must cor-
rectly correspond to the model and the metamodel
output value has to be evaluated with a radically
lower computing time than using the original model.
Thus, metamodelling is a process of construction of
an approximation of the analysed model, on the ba-
sis of different techniques. In other words, the met-
amodel is a model of the model (Kusiak et al.,
2014). The accuracy of the metamodel usually de-
pends on the used metamodelling technique and on
the number of the input data points. Usually, the
higher number of points gives the better metamodel
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accuracy. The metamodelling technique based on
artificial neural network (ANN) was used in this
paper. Examples of successful application of the
ANN in optimization can be found in (Sztangret et
al., 2012; Kusiak et al., 2014).

2. SOLVING PROBLEM

Currently many problems can be solved by using
metamodelling. The goal of research for this paper
was to identify properly coefficients in the material
model using inverse solution with the metamodel for

Inputs: | Compression test model
test conditions g

test

simulation
direct problem

model

Calculation of
the goal function
@(a)

EVAEIES

of model

coefficients a

Minimization
of @ (a) with

respect to a

optimization

measured
loads in the
test

direct
The goal function: _
Minimum distance d=F(a p)
beetwen measured
and calculated loads
inverse
a=F(d,p)

l Design variables:

a* - optimal coefficients
of the model

> a - coefficients in the material
reological model

Fig. 1. Flow chart of the inverse algorithm with the FE model and the ANN metamodel used alternatively as the direct problem models.

ANN is an information processing system com-
posed of a given number of artificial neurons (Tade-
usiewicz et al., 2010 and 2014). Analysis of research
described in (Sztangret et al., 2012; Kusiak et al.,
2014) has shown, that ANN metamodel is efficient
in the inverse analysis only for simpler material
models, with a number of coefficients not exceeding
five. An increase of the number of coefficients re-
sulted in an increase of the error of the ANN, which
further involved much larger increase of the error of
the inverse analysis. Moreover, in the case of com-
plex experiments, simulation of which is time con-
suming, generation of a satisfactory training data set
is laborious. Therefore, the main objective of the
present work was investigation of a possibility of
improvement of the ANN accuracy by clustering of
the ANN with respect to the value of the output
(compression load). This objective was motivated
and justified by the fact that, as it has already been
mentioned in Introduction, at the final stage of the
optimization in the inverse analysis the approximate
location of the output of the ANN has to be close to
the value obtained from measurements. The idea of
clustering of the ANN for plastometric tests is pre-
sented in the following sections of the paper.

the compression tests. Many different equations can
be used to describe behaviour of material during
forming. Equation proposed by Gavrus et al. (1996)
was considered:

o, =3 [Wpls”3 exp (p—z) +

14
(1 —Wps exp (22)] (v3&)™ @)
W = exp(—p7¢)
where: 0, — flow stress, €— strain, & — strain rate, T
— temperature.

Equation (4) contains 7 coefficients (pi-p7),
which have to be identified on the basis of experi-
ment, which in this case was uniaxial compression
test (UC). This problem has indirect nature so the
inverse analysis was required to find the best fit. FE
simulations of the UC test were performed to gener-
ate the data needed for training the metamodel of
this test. To reproduce shape of the flow curve by
the metamodel, few control points included in this
metamodel were needed. During simulations ten
forces were calculated for different displacements.
Example of selection of displacements and forces
obtained for these displacements are shown in figure
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2. Values of forces for each selected displacement
(x1 — x10) may move along the vertical lines, depend-
ing on the resistance to deformation of the material.
All forces gathered together and compared with the
measured forces allowed identification of the mate-
rial flow stress model. Since dimensions of the sam-
ple are standardized, the metamodel input contained:
friction coefficient, temperature, strain rate and 7
coefficients in the material flow stress model — equa-
tion (4).

force [kN]
»+ F1

F2

Measurement points  :

‘I ereﬁt process-conditions :

these need to be separated into smaller parts as fol-
lows: Fi(X) =y, Fo(X) = Vs, ..., Fu(X) =y, (R"OR,,
R'DR,, ..., R">R,). Separation of rows by output
values is shown in figure 3.

b) Quantization of the data sets

In this step each data set is split into small rang-
es of the output values using specific criteria:

Nos .

where: i — index of the specific
quant (equal to quantized value),
F — value of force, for which the
quant is searched, F,;, — minimal
value of force for the data set, d —
quantization step size (constant
for specific data set).

After this step the data should
not be further separable in all
following steps of the process, so
they can be called as quants of the
data. It is important to remember

X X2 Xz Xz X5 X Xr

Fig. 2. Relation between forces and displacements for different conditions.

Xg X9 Xio the order of consecutive quants,
displacement [mm]

which will be needed for future
association Force>Network. The
quants are proposed only to make
the specific association possible

TTTI® 1T T . . mput  Output without increasing computational
W\\T V& [py 1Pz - 1By [ costs. In a very small scope case

2 Sy, M P
5 Data set 1 of values for quants, some quants
K . can be empty. Introduction of the
specific quantization criterion is
- B required to make the quantization

U T & pr P2 Py B )
_ Output i process possible.
G Frn

. L1 11 B L Data set 2 For presented approach all
2 Data set /m k quants have the same size what is

k

Fig. 3. Grid of the data separation process based on the output values of the model.

3. DESCRIPTION OF THE METHOD

The most important aspect of the designed
method is dividing all the data into smaller ranges
classified by the output values. The following steps
are needed to make this process possible:

a) Creation of separated data sets

If the data are available from the process, which
is described by relation F(x) =y (R">R", where n
represents numer of input variables and m represents
number of output variables of solving problem),

presented in figure 5. Blue vertical
lines separate quants. Red arrows
describe direction of growth of
forces. Smaller values are associ-
ated to the left side quants while larger values are
associated to the right side along the arrow. This
process must be performed separately for each out-
put value (Fy, F>, ..., F,)). For different data sets it is
possible to use other quantization criteria, which
should be defined by the user of the system.
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force [kN]
r

/- continuous force values
_~ - quantized force values

F - floating point number
/ - integer number

i I— d d - quantization step size

displacement [mm]

Fig. 4. Visualization for force value quantization process according to equation (5). Dashed horizontal lines represent possible quanti-
zation levels for force values. The values are casted onto related integer value which indicates indexes used with map to find expected

network. It will be described more precisely in steps c) and d).

[ i+1 i+4

oo ] [ ‘
wmsaimss.m—~@ ||| TITTA] Dataset T
ameme-m-a ||| [|[[TETTTTTT]]]] Data set 2

min max
"_ data quants with same size

F min

F max

1
1}

H T & py pselpn =y

Fig. 5. Data quantization on the basis of the output values.

¢) Grouping of data into the quants

The quants have to contain values with similar
features according to the general clustering idea. The
simplest approach is selecting small sizes of quants,
what means that all quants will contain about one
output value related to a specific row and many
quants can have similar features. Next step is group-
ing process in which the values are assigned into
specific groups. These groups are used in the next
step for neural networks training. Quantitative crite-
ria were used to create groups. It means that starting
from the smallest values the quants were put sequen-
tially into groups to obtain about 1200 rows in each
group. The selected criteria were based on the fol-
lowing relations observed during numerical tests:

— Neural networks trained at small data ranges
learned more effectively in the case analysed in
this paper, therefore, it is advised to get values
from neighbourhood.

[ AN
LFTEEECELLLLTTTTTTTTTTTTT data set a2

— Majority of data rows in the training data file
contains small values of outputs (forces), there-
fore, for larger forces larger sizes of quants were
required to obtain large enough number of data,

— For small groups efficiency of training de-
creased.

— For too big groups error of the network in-
creased what caused returning to a classical ap-
proach.

Selected data groups will be used in the future to
retrain the networks. The general idea of the algo-
rithm of the model is shown in figure 6. Example of
the process of grouping of quants is presented in
figure 7.
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® - optimal
O - General ANN
@ - Retrained / Clustered ANN

NN

Fig. 6. The general idea of the algorithm for identification based on clustered networks, F,, is the measured force in the objective

function (1). Details about using map are presented in the next steps.

/.: n Group2 | Group 3 Group 4 Fmax .
AL TTTTETTT Y pata set 1
CLEPEEEEPTTTTTTTETTTTTTTTTTY pata set 2
F min G1| Group 2 Group 3 Group 4 F max
o“
Fm/'n Fma):
15ata set m
Group 1| Group 2 Group 3 Group 4

Fig. 7. Grouping of data quants using quantitative criteria.

|Grou31
IC Group 2 Group 3 Group 4 'Emax
wd 244440000000 404(000040404040440)
1 | EEENIIEEEEENIIEEEEEEEEN] (€
L) L »

T TEETETTTTTT Data set 1

Data set i

=

I
1
v

<=

'
i
v

DY -
-
G) G

1
|
v

e m—

' 1y
i | | i
v vy v

s
ot My

S

' }
|| ||
v v
G 3

| |
v v
Group roup /‘ roup Enax
.
~ projection of data quants to data groups
Fm/'n Fmax
lllIll’lllllllllllllllllllllllllll Datasetm
rrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrd
\AAAINALRAINLAAALARAINAAAAAAAAAALAALAAA
Group 1| Group 2 Group 3 Group 4

Fig. 8. Creation of maps containing key indexes of quants and values of indexes of
groups.
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d) Creation of maps

This step should be made in paral-
lel with the grouping of the data into
the quants (step c). Special maps are
required to enable assessment, which
network should be related with a spe-
cific force. This map allows determi-
nation which group includes the spe-
cific force and then which network
was retrained to work with that force
returning better results. Map is realized
as simple one dimensional array. In the
simplest way the values of array con-
tain indexes of groups. The indexes of
values have to represent indexes of
data quants. This relation can be writ-
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ten as index_of_group = MAP (l(F_};—mm)J) re-

membering that each data set can have its own map.
Figure 8 shows the idea of mapping.

e) Network training

In the first step of training it is required to train
each of the networks using data sets (Fi(x) = yj,
Fr(x) =y ..., Fu(X) =y, (R">Ry, R'OR,, ...,
R">R,)). Good practice is to retrain existing net-
works. Before retraining networks are copied in
amount of the number of groups. In consequence,
the copied networks could be retrained on the data
from the appropriate group. This approach allowed
decreasing of the time for the whole process and
improvement of the training effectiveness.

Before training a few new quants from the clos-
est neighbourhood were additionally added into the
training data to guarantee better results around the
boundaries between the ranges. Figure 9 shows the
idea of training of networks for different data
sources.

4. IDEA OF THE MODEL

Schema of a simple clustered metamodel is
shown in figure 10. All networks inside the meta-
model use the same set of input parameters. At the
beginning of each step of the identification meta-
model uses networks trained for all data sets. Results
from the first level are quantized and forwarded to
the MAPs, which return indexes for more precise
networks. These networks further return results for
the whole metamodel. It means that to obtain the
results during optimization it is necessary to com-
pute ANN twice. The time needed for these opera-
tions is very short in comparison to the FE calcula-
tions. Since it does not require any calculations, the
MAP uses simple relations inside. The complexity
of this approach is O(1). For carried out tests the
MAP is a vector. During optimization active precise
networks are changed to focus at the end on the one,
which is correct. Possibility of verification of results
by comparing working range of the target network
with expected forces is an important advantage of

this method.

‘\ AN NFl, copied in amount of the number > BENCHMARK
] T FENCHO
ANNg;(0) || ANNg(1) || ANN;2) ANNg(3)

3 3 t 1 4 Proposed method was tested
M at two-parameter Rastrigin func-
|Gr°u°{ tion what was presented at equa-

ALl L= Goed | o TR, “F max tion (6). This function returns
RRRRRRRRRRRARARRRRRRAR > only one value, so first step in the
Data set 1 described earlier method was

*

Data set m

avoided. To obtain data for pa-
rameter, values have been gener-
ated stochastically in range [-5,
5] for each parameter. To train

28] . .
LZ) Fig. 9. Relation between data groups and networks. Backpropagation Algorithm with
O inertia was used. Different struc-
n % ANN(0)
0 ANNe: (1) = tures of neural network was test-
2 ANN MAP;, | WD) =eeeo -
é F1 ™ quantization Fl ed. As result the following net-
i < AN (p) = work architecture was used: 2-
s : % ANNG(0) < & 10-10-1, where 10-10 are hidden
z ; L ANN;, —_— G \,._’ : layers with sigmoid functions and
- uantization - . .
@ % q . € input(2-)/oputput(-1) layer with
% ~ & linear function. Trained chart was
E = I presented on figure below.
F, “~~~ _ 2
< L ANN MAP. > ANNE(1) eoros. f(x1,x3) =20+ x7 —
L — - ol
5 Fm quantization Fm)* ] / 10cos(2mx;) + x% —
s ANNe,(P) 10cos(2mx,) (6)
8 Fig. 10. Schematic illustration of the clustered metamodel.
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During training 11 thousand samples was used.
Additionally for theoretical verification new set of
values was computed using Rastrigin function (40
thousand samples). The absolute error graph for
verification set for neural network was presented on
figure bellow.

The goal of this example is focused to show how
clustering can improve results. So to improve this
metamodel neural network was clustered by output
values according to presented in this paper approach.
Training data was splitted into 11 data groups. Val-
ues at bounds of data groups were assigned to each
neighbour groups to improve switching clustered
networks. For this way prepared metamodel - con-

6. RESULTS

The first approach before clustering focused on
classic inverse with metamodel approach. Ten artifi-
cial neural networks were trained. Those results
were not satisfactory, what prompted to introduce
clustering of the networks. Three networks were
stored during training. The first network was a cur-
rently trained network. The second network was that
with a minimal validation error (the network was
validated after each of epochs) and the third network
was that with the minimal error for training data (it
was similar to the second one but it was updated
after each of the epochs). Table 1 shows the sum-

mary of the obtained results.
The following error formula was used:

taining clustered networks inside - error graph was
prepared too, what was showed on below figure.

For presented approaches (figure 11 and 12)
Root Mean Square Error (RMSE) was used too for
clear comparision. Returned errors are equal to
1.1309 for first case and 0.5486 for clustered case —
what looks sense looking for error graphs.

P 2
PrvsE = % <Z? 2? (1 - FFTLL]]) > 6)

where: n — number of tests, /' — number of forces in
one test, F; — current force value (from the meta-
model), F’; — expected force value (from FE).

Table 1. Comparison of results of classic approach and clustering, where @ is defined by equation (7) and represents the error of the
metamodel in comparison to the FE results.

Classic metamodeling approach
Test number P ruse
total F F, F, F, F F, F, Fy Fo Flo

1 0.0963 0.1645 0.0668 0.071 0.0792 | 0.0873 0.0853 0.0824 [ 0.0951 | 0.0771 0.1153

2 0.0963 0.165 0.0667 | 0.0705 | 0.0788 | 0.0872 | 0.0853 | 0.0826 | 0.0953 | 0.0765 | 0.1155

3 0.0964 | 0.1653 | 0.0668 | 0.0697 [ 0.0761 | 0.0878 | 0.0857 | 0.0812 | 0.0972 | 0.0771 | 0.1158

4 0.0964 0.1649 0.0637 | 0.0701 [ 0.0785 | 0.0876 0.0863 0.0819 [ 0.0965 | 0.0774 0.1157

5 0.0964 0.1635 0.0673 0.0713 | 0.0787 | 0.0877 0.0863 0.0817 | 0.0952 | 0.0779 0.1155

6 0.0963 0.165 0.0668 | 0.0702 | 0.0786 | 0.0872 | 0.0853 | 0.0825 | 0.0956 | 0.0764 | 0.1155

7 0.0964 | 0.1646 | 0.0658 | 0.0701 [ 0.077 | 0.0873 | 0.0846 | 0.0835 | 0.0979 | 0.076 0.1161

8 0.0963 0.165 0.0668 | 0.0702 | 0.0786 | 0.0872 0.0853 0.0825 | 0.0956 | 0.0764 0.1155
i 9 0.0964 0.1662 0.0692 | 0.0697 | 0.0776 | 0.0869 0.0846 | 0.0823 | 0.0958 0.075 0.1152
LZ) 10 0.0963 0.165 0.0668 | 0.0702 | 0.0786 | 0.0872 | 0.0853 | 0.0825 | 0.0956 | 0.0764 | 0.1155
=) Mean 0.0963 | 0.1649 | 0.0667 | 0.0703 [ 0.0782 | 0.0873 | 0.0854 | 0.0823 | 0.096 | 0.0766 | 0.1156
A
g Clustered metamodeling approach
g Test number P ruse
< total F F, F, F, Fs F, F, Fy Fo Flo
2 1 0.0813 0.0729 0.1029 0.072 0.0724 | 0.057 0.0982 0.0993 | 0.0866 | 0.0975 0.1297
Z 2 0.0809 | 0.1112 | 0.0776 | 0.0853 [ 0.0706 | 0.0669 | 0.0949 | 0.0812 | 0.0825 | 0.0893 | 0.0767
! 3 0.0886 0.146 0.0888 | 0.0667 | 0.0662 | 0.0716 [ 0.1004 | 0.0866 [ 0.1089 | 0.0769 | 0.1462
@) 4 0.0792 0.1261 0.0595 | 0.0744 | 0.0563 | 0.0587 0.0772 0.0912 | 0.1104 | 0.0681 0.1455
E 5 0.0833 0.1562 0.0529 | 0.0931 | 0.0701 | 0.0721 0.0756 0.0711 | 0.0893 | 0.0683 0.0908
§ 6 0.0865 | 0.1437 | 0.0484 | 0.0885 [ 0.0633 | 0.0787 | 0.0842 | 0.0685 | 0.1128 [ 0.0961 0.1892
~ 7 0.0846 | 0.1507 | 0.0705 | 0.0743 [ 0.0705 | 0.0816 | 0.0908 | 0.0734 | 0.0871 [ 0.0738 | 0.1181
= 8 0.0825 0.0903 0.0673 0.0806 0.081 0.0707 0.0856 0.1034 | 0.1184 | 0.0733 0.2246
E 9 0.0826 0.0899 0.0659 | 0.0793 | 0.0808 | 0.0712 0.0864 [ 0.1041 | 0.1197 [ 0.0728 0.2234
g 10 0.0835 | 0.1542 | 0.0536 | 0.0802 [ 0.0692 | 0.075 0.0827 | 0.0659 [ 0.0986 | 0.0733 | 0.0952
@) Mean 0.0833 | 0.1241 | 0.0687 | 0.0794 0.07 0.0704 | 0.0876 | 0.0845 | 0.1014 | 0.0789 | 0.1439
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Comparison of force value errors for each has
been presented below.

enough samples to make training effective. Going
into this side we coming back first approach (one big
training set).

Additionally clustering
was verified with practical
0,2 problem. Compression tests

| for the DP steel containing
F1 F2 F3 F4 F5 F6 F7 F8 F9  F10

0.11% C, 1.45% Mn, 0.19%
force for displacement

Force value error in specific displacement

0,15

0,

[N

Si, 0.27% Cr, 0.04% Cu,
0.042% Al, 0.013% Ti,
0.004% N were performed.
This steel has been widely
investigated by the Authors as
far as manufacturing of auto-
motive parts is considered. See
papers (Pietrzyk et al., 2009;
Kuziak & Pietrzyk, 2011,
Sztangret et al., 2011b) for
details. Effectiveness of clus-
tering method was compared

0,0

(93]

force value error

o

M Classic metamodeling approach B Clustered metamodeling approach

Fig. 14. Force error values comparison for classic and clustering approach. Error has been
computed with @pysp formula (6) with appropriate j-index value. As we can see the most big-
gest errors are for F1 and F10.

120 — with the conventional inverse
o approach based on the FE
100 model. Coefficients in equa-
tion (4) calculated using the
I three methods are given in

80 — table 2.
- The coefficients obtained
60 — from inverse analysis and in-

troduced to equation (4) al-
lowed to obtain plots of the
flow stress, which are present-
ed in figure 14. The error of
approximation obtained by
using classic and clustering-
based approaches were evalu-
ated as Mean Square Errors
(MSE) between these curves
and results obtained by using
FEM. The values are also pre-
sented in figure 15.

40 —

20

flow stress, MPa

e—e—e EM

A—A—A classic (9=14.91%)

B—— clustered (D=8.41%)
— 1T v T 1 v 1 ' 1
0 0.2 0.4 0.6 0.8 1
strain

Fig. 15. The comparison of material models for three different approaches applied in the in-
verse analysis.

Table 2. The results of inverse analysis with different approaches

Approach D 12 D3 D4 Ds Ds D7
FEM (©=0.075) 2.423 4517.1 0.208 0.122 0.00519 10956 0.534
Classic ANN (©=0.114) 2.980 4733.3 0.392 0.103 0.234 3042.4 0.589
Clustered ANN (©=0.062) 1.509 5104.5 0.217 0.112 3.339 929.46 0.211

Final values of the objective function defined by
equation (3) are given in figure 14. These values
represent the accuracy of the inverse solution. The

As we can see the most biggest errors are for F1
and F10. In F1 case it can be determined by very
small forces values and working ranges of clustered
networks. For more bigger forces number of samples plots in figure 11 show comparison of experimental
growing down so ranges must to be bigger to get results (filled points) and the results of the inverse
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analysis with metamodel (dashed lines) and the re-
sults of the conventional inverse analysis with FE
(solid lines). It can be concluded that very good
agreement between the results based on the two in-
verse approaches was obtained. Some discrepancies
between numerical calculations and experimental
data are due to the lack of the capability of equation
(4) to describe material response in a wide range of
temperatures and strain rates.

35

— - — - -metamodel
conventional

load, kN

¢ ¢ ¢ 1100°C
H E N 1000°C
® @
1

strain rate 1 s @® 900°C
I | T l I
0 2 4 6 8

die displacement, mm

curacy of the inverse analysis with the meta-
model was better than that for the classical ap-
proach.

An advantage can be made from the fact that in
the inverse analysis the location of the optimal
value of the model output is known — it has to be
equal to the experimental value. It allows clus-
tering of the networks with respect to the value
of the output. Significant increase of the accura-
cy of predictions was obtained due to clustering.

35__ — - — - - metamodel .
—— conventional }

die displacement, mm

Fig. 16. Verification of the clustering of the network in the inverse analysis. Filled points represent experiment, lines represent FE
simulations of the tests with equation (4) used as the flow stress model in the constitutive law. Coefficients in equation (4) were deter-
mined using inverse analysis with the FE direct model (solid lines) and inverse analysis with metamodel (dashed lines).

7. CONCLUSIONS

The use of metamodelling approach allows sig-
nificant reduction of computational time of the in-
verse analysis. Moreover, performed analysis
showed that for reasonably simple material models
results obtained from the inverse solution with the
metamodel are very close to those obtained from the
inverse solution with the FE model. The difference
between the two solutions is negligible. Clustering
of the ANN was proposed for the more complex
material models. Analysis of results obtained for
clustered networks allowed drawing the following
conclusions:

— Computing times of the inverse analysis with
metamodel are few orders of magnitude shorter
comparing to the classical inverse with the FE
model. In consequence, advanced optimization
techniques could be used in the former ap-
proach. Much better search through the domain
of variables was possible and, in some cases, ac-
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Clustering of the networks could be useful for
solving more complex identification problems.
Beyond this, the following detailed conclusions
were drawn on the basis of numerical tests,
which were performed:

Networks trained at smaller ranges are more
effective during training and they give smaller
errors.

Computing times of the inverse analysis are still
short despite two times more calls of the direct
model (the ANN), because the time of one met-
amodel computation is in the order of 0.1 ms.
More effective approach is retrain clustered
network from existing one in comparison to
network with new architecture or weights.
Clustering is based on similar known approaches
— divide problem into smaller problems.
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PROGRAMOWANIE GENETYCZNE W STEROWANIU
OTWIERANIEM DYSZY KADZI

Streszczenie

Analiza odwrotna, w ktorej wykorzystuje si¢ metamodele sta-
j¢ sie coraz bardziej popularna. Aby poprawi¢ jako§¢ metamodeli
w przedstawianej publikacji zaproponowano klasteryzacje, w
ktorej do podziatu sieci neuronowych na mniejsze wykorzystano
warto$ci wyjsciowe badanego problemu. Przedstawiona idea
bazuje na rozbiciu danych wykorzystujac informacje o warto-
sciach wyjsciowych odwzorowywanej funkcji, ktore w przypadku
analizy odwrotnej sa znane jako cze§¢ wartosci wyjsciowych
funkcji celu. Dla kazdego wydzielonego w ten sposdb zestawu
danych wyuczono osobng sie¢ neuronowsa. Aby mozliwa byla
wspolpraca takich sieci wytrenowano takze sie¢ na catym zakresie
danych oraz stworzono specjalne mapy, dzigki ktorym mozliwe
byto jednoznaczne okreslenie, ktora z sieci wytrenowana na wa-
skim zakresie danych powinna zosta¢ uzyta w specyficznych
sytuacjach. Dzigki takiemu podejsciu mozliwe jest zweryfikowa-
nie czy sie¢ wytrenowana na waskim zakresie danych, ktora
zostata ostatecznie wykorzystana do obliczenia warto$ci wyjscio-
wej zostata poprawnie wybrana, co stanowi duza zalet¢ dla tego
podejscia. Przeprowadzone testy dla identyfikacji naprezenia
uplastyczniajacego potwierdzity bardzo dobra jakos¢ wynikow dla
zaproponowanego podejscia.

Received: July 31, 2014
Received in a revised form: October 23, 2014
Accepted: November 12, 2014

-179 -

58]
O
Z
=
O
%]
%]
-
<
&2
=
<
=
Z
%)
[a)
)
I
B
=
o
28]
=
2
<=
=
o}
&)





<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /CMYK
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV (Za stvaranje Adobe PDF dokumenata najpogodnijih za visokokvalitetni ispis prije tiskanja koristite ove postavke.  Stvoreni PDF dokumenti mogu se otvoriti Acrobat i Adobe Reader 5.0 i kasnijim verzijama.)
    /HUN <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


