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ABSTRACT : The use of neural networks techniques to model spmating is
explored in this paper. Both the back-propagati8®i) and General Regression Neural
Networks (GRNN) are used to associate the weldinggss parameters with the features
of the tensile shear strength. A comparison betw&enback-propagation and general
regression neural networks in the modeling of that svelding process is given. It is shown
that both the back-propagation and general regm@ssieural networks can model the spot
welding process with reasonable accuracy. Howegeneral regression neural network
has better learning ability for the spot weldingopess than the back-propagation network,
although the back-propagation network has bettenegalization ability for the spot
welding process than does the general regressianaheetwork.

DIRENG KAYNA GININ MODELLENMES INDE GERI YAYILMALI VE GENEL
REGRESYONLU SINIR AGLARININ KAR SILA STIRILMASI

OZET : Bu calsmada direng kaynanin modellenmesinde geri yayiimali (BPN) ve
genel regresyonlu (GRNN) yapay singlar1 metodu kullaniingtir. Cekme mukavemeti
her iki modelleme tekgii ile modellenerek sonuglar birbiri ile kiyaslarngtar. Bu calyma
ile diren¢ kaynginin modellenmesinde her iki modelleme yonteminittarklabilecesi
kanitlanmytir. Elde edilen sonuglar, genel regresyonlu sirdglari metodunun bu
yontemde daha kesin ve sdid hata ile sonuc¢ vergini gostermjtir. Bu calima ayni
zamanda, geri yayllmali yapay sinirglarinin direng kayngin da parametre
genellgtirmesinde geri yayilmali yapay sinirglarinin genel regresyonlu modellemeden
daha etkin oldgu nu gosterngtir.
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1. INTRODUCTION

In recent years, neural networks have become ausaful tool in the modeling of the
input—output relationships of complicated system@][ This is because neural networks
have an excellent ability to learn and to geneeal{@nterpolate) the complicated
relationships between input and output variablesegal applications of neural networks to
the welding process have been reported in theatitez [3-5]. In this paper, the use of
neural network techniques to model the Spot welgirecess is studied. In general, the
back-propagation network (BPN) seems to be the nmiigted neural network [1,6]. This
is primarily because the back-propagation netwsrla imulti-layer neural network. The
multi-layer network has a greater representatipoater for dealing with highly non-linear,
strongly coupled, multi-variable systems. In th&per, both the back-propagation and
general regression networks are used to modelpbeveelding process. In what follows,
the back-propagation and general regression nesnami described first. The use of the
back propagation and general regression networkbanmodeling of the spot welding
process is studied.

2. NEURAL NETWORKS

It is well known that modeling the relationshipsvieeen the input and output variables
for non-linear, coupled, multi-variable systemsvery difficult. In recent years, neural
networks have demonstrated great potential in thedelimg of the input—output
relationships of complicated systems [1-2]. Consittat X={x1,X2,..., Xm} IS the input
vector of the system whera is the number of input variables aNMa{yi, ¥-..., yn} IS the
corresponding output vector of the system whers the number of output variables as
shown in Figure 1. In this section, the use of badpagation and general regression
networks to construct the relationships betweeniripat vectorX and output vectoX of
the system will be explored.
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Figure 1. A non-linear, coupled, and multi-variable systelh [
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2.1. Back-Propagation Networks (BPN)

The back-propagation network is composed of maigréonnected neurons that are
often grouped into input, hidden and output lay@&fe neurons of the input layer are used
to receive the input vectof of the system and the neurons of the output lageuaed to
generate the corresponding output vedtaf the system. The back-propagation network
used in this study is shown in Figure 2. For easlron (shown in Figure 2), a summation
function for all the weighted inputs is calculatex

netf =% whof !

i

1)

where né‘; is the summation function for all the inputs of fié& neuron in thé-th layer,
WK is the weight from thé-th neuron to thé¢-th neuron ana “* is the output of thé-th
neuron in thek-1)-th layer.
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Figure 2. Back Propagation Neural network used for predictensile strength

As shown in Eg. (1), the neuron evaluates the mpuid determines the strength of
each one through its weighting factor, i.e. thgdarthe weight between two neurons, the
stronger is the influence of the connection [1]eTasult of the summation function can be
treated as an input to an activation function framich the output of the neuron is
determined. The output of the neuron is then tramsdialong the weighted outgoing
connections to serve as an input to subsequenvmeufo modify the connection weights
properly, a supervised learning algorithm [6] inkng two phases is employed. The first is
the forward phase which occurs when an input vegtds presented and propagated
forward through the network to compute an output dach neuron. Hence, an error
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between the desired outpytand actual output; of the neural network is computed. The
summation of the square of the erocan be expressed as:

E—

Pt | =

i (¥, — o)
i=1

(2)

The second is the backward phase which is aniiteratror reduction performed in a
backward direction. To minimize the error betweka tlesired and actual outputs of the
neural network as rapidly as possible, the gradimstent method, adding a momentum
term [6], is used. The new incremental change dgm%\/\)(ji(n+1) can be expressed as:

iE .
Awlin+1)= —y = AW ()
g 3

where 7is the learning rateg is the momentum coefficient amds the index of iteration.

Through this learning process, the network memerittee relationships between input
vectorX and output vectoY of the system through the connection weights.

2.2. General Regression Neural Networks (GRNN)

The GRNN introduced by Donald Specht in 1990 is emory-based feed forward
neural network based on the approximate estimatfothe probability density function
(pdf) from observed samples using Parzen-windownmesion [7]. It approximates any
arbitrary function between input and output vectditss approach removes the necessity to
specify a functional form of estimation.

The method utilizes a probabilistic model betweeniredependent random vectr
(input) and a dependent scalar random variab(eutput). Letx andy be the particular
measured values of andY, respectively, ang (X, Y) be the joint continuous probability
density function oX andY. A good choice for a non-parametric estimate efglobability
density functiorg is the Parzen window estimator as proposed byelRaamd performed for
multidimensional cases by Cacoullos [8]. Given m@a ofn realD dimensionak; vectors
and corresponding scalgr values, the estimate of joint probability densityGRNN is
given by;

3% Y= (Zﬂ)(dﬂ},z & rlé{ex{—(x‘ x;(zx- >.<)] ex{_( 3;?2 ]

whereco is the window width of a sample probability, cdllthe smoothing factor of the
kernel [9]. The expected value ¥fgivenx (the regression of onx) is given by;

(4)
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TY.g(x,Y) dy
E[Y/{=2— )
_[g(x,Y)dY

Using Eqg. (4), Eq. (5) becomes;

A > [y exp(d)]
y(x)= E[Y/ = ———— o)
20 ©)

wheredi is the distance between the input vector andthexining vector, and is given by:;

OI2:_(X->4)T(2><- X)

‘ 20 (7)

The estimatgi(x) is thus a weighted average of all the obsegye@lues where each
weight is exponentially proportional to its Euclatedistance from.
As shown in Figure 3, the structure of the GRNNststs of 4 layers; the input layer, the
hidden (pattern) layer, the summation layer andoilnput layer. As a preprocessing step,
all input variables of the training data are scalHten, they are copied as the weights into
the pattern units.
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Figure 3. Constructed GRNN network
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As a preprocessing step, all input variables ofttaming data are scaled. Then, they
are copied as the weights into the pattern unhge. ummation layer has two units that can
be denoted as the numerator and the denominateq.of6). The output layer gives the
estimate of the expected valuey@f). If y andy are the vector variables, the results above
are generalized by adding with one summation wmiebch component gfin the output
layer.

The only adjustable parameter of the netword,ishe smoothing factor for the kernel
function. It is critical to decide an optimum valter 0. The larger values of this factor
cause the density to be smooth, #0d then converges to the sample mean of the observed
yi. On the other hand, whem is chosen very small, the density is forced toehawn-
gaussian shapes. Then, the oscillatory points havad effect on the estimate. All values
of y; are taken into account where the points closer doe given heavier weights, if the
optimum value ob is selected [10].

The main advantage of GRNN according to other teglas is fast learning. It is a one-
pass training algorithm, and does not require @mtive process. The training time is just
the loading time of the training matrix. Also, &rchandle both linear and non-linear data
because the regression surface is instantly destelerywhere, even just one sample is
enough for this. Thus, other existing pattern notldsrate faulty samples. Another
advantage is the fact that adding new samples dotrtiining set does not require re-
calibration of the model. As the sample size insesathe estimate surface converges to the
optimal regression surface. Thus, it requires ntaaining samples to span the variation in
the data and all these to be stored for the futise Solely, this causes a trouble of an
increase in the amount of the computation to evalnaw points. In the course of time,
highly improvements in the speed of the computerteessing power prevent this being a
major problem. Furthermore, this also can be ovaecby applying the various clustering
techniques for grouping samples that each centepiesented by this group of samples
[10]. However, there is only one disadvantage thette is no intuitive method for choosing
the optimal smoothing factor.

3. EXPERIMENTAL RESULTS
3.1. Modeling of Spot Welding Process Using Neuraletworks

Modeling of the spot welding process with neurdlvaeks is composed of two phases:
training and testing of the neural networks wittpesxmental welding data. To properly
train and test the neural networks, experimentédivg data listed in Table 1 is normalized
in the range between 0 and 1. The convergenceiontéor the developed networks is
determined by the average root-mean square (R.Mi®0y Erus between the desired

output valuey; and predicted output valuey,'j i.e.:
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| | -
Epms == E = E D — V)
Pi=aiNy j=1 (8)

wherep is the number of training or testing data ang the number of variables in the
output vectorY. As given in Table 2, the error sums for BPN arfNBl were found as
5.07 with error average of 0.140 for back propagatietwork and 2.17 with error average
of 0.06 for general regression neural network madelso, another comparison parameter
for both modeling technique is CPU time. The CPdetior elapsed times for BPN and
GRNN networks were found to be as 1.50 min and @& respectively. As shown in
Figure 4, close agreement with very small sum afrerwere obtained between actual and
predicted results obtained from back propagatiahgeneral regression networks.
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Figure 4. Graphical representation of comparison of theipted and actual results
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Table 1. Experimental results used for testing and tragnrtéural network models

Electrode force Welding current Electrode diameter

Experiment Tensile Strength
No F ! d (kN)
(kN) (A) (mm)

1 4.9 14.40 9.5 1.30
2 4.9 16.20 9.5 1.50
3 4.9 17.00 9.5 1.30
4 4.9 14.40 11 11.75
5 4.9 16.20 11 14.23
6 4.9 17.50 11 13.75
7 4.9 14.40 13 1.10
8 4.9 16.20 13 1.25
9 4.9 17.00 13 1.40
10 4.9 17.50 13 1.30
11 7.85 14.40 9.5 1.10
12 7.85 16.20 9.5 1.20
13 7.85 17.00 9.5 0.95
14 7.85 17.50 9.5 0.88
15 7.85 14.40 11 13.75
16 7.85 17.00 11 16.70
17 7.85 17.50 11 16.20
18 7.85 14.40 13 1.00
19 7.85 16.20 13 1.10
20 7.85 17.00 13 1.30
21 8.83 16.20 9.5 1.00
22 8.83 17.00 9.5 0.90
23 8.83 17.50 9.5 0.80
24 8.83 14.40 11 11.25
25 8.83 16.20 11 13.25
26 8.83 17.00 11 10.75
27 8.83 17.50 11 9.80
28 8.83 14.40 13 1.10
29 8.83 16.20 13 1.25
30 8.83 17.00 13 1.35
31 4.9 17.50 9.5 1.15
32 4.9 17.00 11 14.46
33 7.85 16.20 11 16.03
34 7.85 17.50 13 1.20
35 8.83 14.40 9.5 0.95

36 8.83 17.50 13 1.20
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Table 2. Comparison of BPN and GRNN results

Back Propagation Neural General Regression Neural
Experiment Actual Tensile Network Results (BPN) Network Results (GRNN)
No Strength (kN) predicted error predicted error
1 1.30 1.37 -0.07 1.30 0.00
2 1.50 1.31 0.19 1.49 0.01
3 1.30 1.43 -0.13 1.31 -0.01
4 11.75 11.75 0.00 11.75 0.00
5 14.23 14.22 0.01 14.23 0.00
6 13.75 13.75 0.00 13.75 0.00
7 1.10 0.89 0.21 1.10 0.00
8 1.25 1.24 0.01 1.26 -0.01
9 1.40 1.35 0.05 1.37 0.03
10 1.30 1.39 -0.09 1.32 -0.02
11 1.10 0.80 0.30 1.10 0.00
12 1.20 0.81 0.39 1.19 0.01
13 0.95 0.84 0.11 0.94 0.01
E 14 0.88 0.95 -0.08 0.90 -0.02
a 15 13.75 13.73 0.02 13.72 0.03
£ 16 16.70 16.43 0.27 16.52 0.18
x 17 16.20 16.32 -0.12 16.25 -0.05
18 1.00 0.97 0.03 1.00 0.00
19 1.10 1.21 -0.11 1.11 -0.01
20 1.30 1.32 -0.02 1.29 0.01
21 1.00 0.81 0.19 1.00 0.00
22 0.90 0.84 0.06 0.88 0.02
23 0.80 0.92 -0.12 0.82 -0.02
24 11.25 11.25 0.00 11.28 -0.03
25 13.25 13.03 0.22 13.13 0.12
26 10.75 11.09 -0.34 10.69 0.06
27 9.80 9.58 0.22 10.09 -0.29
28 1.10 1.13 -0.03 1.10 0.00
29 1.25 1.21 0.04 1.25 0.00
30 1.35 1.31 0.04 1.34 0.01
31 1.15 1.57 -0.42 1.30 -0.15
= 32 14.46 14.16 0.30 13.81 0.65
3 33 16.03 16.42 -0.39 16.03 0.00
5 34 1.20 1.37 -0.17 1.30 -0.10
= 35 0.95 0.80 0.15 1.12 -0.17
36 1.20 1.37 -0.17 1.35 -0.15
ERROR SUM=5.07 ERROR SUM=2.17
Average=0.140 Average=0.06
CPU time=1.5 min CPU time=0.40 sec

65



ESME, ERSOZ, OZBEK, KAHRAMAN andG@3WS

4. CONCLUSIONS

This paper has described a neural network appraawh comparison of Back
Propagation Networks (BPN) and General Regresseurd Networks (GRNN) networks
for the modeling of spot welding process. BothBRN and GRNN networks were used to
construct the complicated relationships betweenwibkling process parameters and the
tensile strength. Various network configurations foe modeling of the spot welding
process have been studied. The experimental resitte that the GRNN network has
better learning ability (with error sum of 2.17) fine spot welding process than the BPN
(with error sum of 5.07) network. In addition tdagshBPN network consumed more CPU
time (elapsed time 1.5 min) than the GRNN (elapg®e 0.40 sec). However, the back-
propagation network has better generalization tgtfitir the spot welding process than the
general regression neural network modeling.
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