SRBEIAAR] 2004 FHUELR =R pp.170~174

A Study on Prediction for Top Bead Width using Radial Basis Function Network

Joon-Sik Son*, In-Ju Kim', Ill-Soo Kim", Hak-Hyeng Kim

|[ Abstract }

Despite the widespread use in the various manufacturing industries, the full automation of the robotic CO; welding has
not yet been achieved partly because the mathematical model for the process parameters of a given welding task is not
fully understood and quantified. Several mathematical models to control welding quality, productivity, microstructure and
weld properties in arc welding processes have been studied. However, it is not an easy task to apply them to the various
practical situations because the relationship between the process parameters and the bead geometry is non-linear and also
they are usually dependent on the specific experimental results. Practically, it is difficult, but important to know how to
establish a mathematical model that can predict the result of the actual welding process and how to select the optimum
welding condition under a certain constraint.

In this paper, an attempt has been made to develop an Radial basis function network model to predict the weld top-bead
width as a function of key process parameters in the robotic CO; welding. and to compare the developed model and a
simple neural network model using two different training algorithms in order to verify performance. of the developed model.
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Table 1 Welding parameters and limits

Parameter Symbol Unit Limits
Tip gap T mm 10, 12
Gas flow rate G s 10, 15
Welding speed S mm/min | 180, 300
Arc current I Amp 150, 200
Welding voltage \Y Volt 20, 25
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Table 2 Experiment results for verification of the
neural network estimator

Gas
Trial| Tip Welding|Welding| Arc
flow Wr
No. | gap speed | current | voltage
rate
1 10 14 20 160 21 [10.04
2 110 11 20 180 24 |13.27
3 110 11 26 160 24 11023
4 |10 14 26 180 21 9.58
5 |12 11 20 160 24 (1134
6 | 12 14 20 180 21 | 10.66
7 112 14 26 160 21 9.07
8 | 12 11 26 180 24 [10.31
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Table 3 Training condition for each neural network

Neural network Training condition

Number of neurons : 16
Activation Function :

MLP(LM) Tangential Sigmoid Function
Goal error : le-8
Iteration : 400
Number of neurons : 16
Activation Function :

Tangential Sigmoid Function

MLP(BP) Goal error : le-8
Iteration : 400
Learning rate : 0.05
Increase in leaning rate : 1.05
Number of neurons : 16
Width of radial basis function : 18
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Fig. 1. Comparison of measured and predicted
top-bead width using a neuralnetwork(LM)
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Fig. 4 Comparison of error in prediction for
top-bead width each neural network

Table 4 Performance of each neural network for
prediction of top-bead width

Neural Network Mean Square Error

Predicted top-bead width (mm)
° = =

oo
oo

10

12

Levenberg-Marquardt 0473
Back-propagation 0.605
Radial Basis Function 0.468

Measured top-bead width (mm)

Fig. 2. Comparison of measured and predicted
top-bead width using a neural network(BP)
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Fig. 3. Comparison of measured and predicted
top-bead width using a neural network(RBF)
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