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Abstract

A neural network model was developed to predict the weld pool shape £ . sulsed-l: »r 2lum™>um
welds. Several different network architectures were examined and the optimum architecture wa:
identified. The neural network was then trained and, in spite of the small size of the training data set,
the network accurately predicted the weld pool shape profiles. The neural network output was in the
form of four weld pool shape parameters (depth, width, half-width, and area) and these were
converted into predicted weld pool profiles with the use of the actual experimental pool profiles as
templates. It was also shown that the neural network model could reliably predict the change from
conduction-mode type shapes to keyhole-mode shapes.

Introduction

Weld pool shape is critically important in terms of determining the quality of a weld. For example,
the depth of penetration is often the most important feature that determines whether a weld is
acceptable or not. Over the last two decades, many fundamental studies have tried to develop models
that predict the weld pool shape from first principles'®. These models have become increasingly
sophisticated over the years and have been very useful in providing a better, more fundamental
understanding of the factors that affect the weld pool shape. However, as the models have become
more advanced, they have also become more cumbersome to use and require ever-increasing
computational times. Thus, they are often not suitable for simple parametric studies or for providing
guidelines for determining appropriate process parameters. Furthermore, they are not particularly
amenable to in-process applications such as control loops where simplicity and rapid response time
are required. For the use of models in real-time process applications, the ability to make
instantaneous predictions is desirable and often essential.

One solution for providing real-time predictions of weld pool shape (as well as other weld
attributes such as cracking propensity or weld properties) is the utilization of neural network models.
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These models are empirically based but they can be quite sophisticated while still maintaining the
essential features of ease of use and rapid response time. Several recent papers have addressed the
issue of predicting weld shape with neural networks in arc-welding®"! and laser spot-welding'". The
present paper describes the application of neural network modeling to the problem of predicting weld
pool shape in pulsed Nd:YAG laser aluminum welds. It is demonstrated that neural network
predictions can be quite accurate, even if limited data to train the network are available. The use of
neural networks in predicting weld pool shape (or weld properties) is quite general and can be applied
to any welding process, provided the proper data for training the neural network are available.

Recently, a neural network model for the prediction of weld pool shape as a function of welding
parameters in pulsed Nd:YAG laser aluminum welds was developed. In that study, the neural
network was trained on an initial set of data and was tested on welds that were produced in a second
round of welds. However, welds made in the two rounds were very different in character in that the
first-round welds exhibited characteristics of conduction-mode welds (broad, less penetration) while
the second-round welds were more like keyhole welds (narrower and deeper). Not surprisingly, the
reliability of the neural network predictions was limited because the network was trained on one type
of weld and tested on another. In the present study, the neural network was trained on the combined
data from both weld rounds. In this way, the ability of the neural network to predict significantly
different weld pool profiles was more meaningfully evaluated.

Neural Networks - Backeground

Neural networks are based on a simple scheme in which inputs are related to outputs by a system
of interconnected nodes. A very simple description of the concept behind neural networks is given
below. There is extensive literature on the theory behind neural networks. The reader is referred to
other publications for more details!*'®, A network structure consists of three layers of nodes: input
nodes, hidden nodes, and output nodes. These nodes are “connected” to each other so that the value
of one node will affect the value of another. The relative influence that one node has on another one
is specified by the “weight” that is assigned to each connection. A schematic diagram of a simple
neural network is shown in Figure 1. The three layers are marked in the diagram. In principle, the
hidden layer can consist of multiple sub-layers but in this study only one hidden layer was considered.
In the schematic example of Figure
1, the input layer has three nodes,
representing three input variables,
while the output layer consists of
two nodes, corresponding to two
output variables. In addition, the
hidden layer has four nodes, as
shown in the diagram. The
different weights for the node
connections are depicted by
different line thicknesses.

Output Layer

Hidden Layer

Input Layer

Figure 1: Schematic diagram showing the multiple layer The network is based on the
structure of a neural network and the inter-connectivity  mathematical relationships that
between the nodes of the network.




follow. With input node values, /,, for all i input nodes, the sum Sj.’ at hidden node j is given by
S; =2 Iiws +1, )

where 1w, are the weights for the connections between all input nodes / and hidden nodes j, and J; is
a constant known as the bias. This sum is calculated for each of the j hidden nodes. The value of the
hidden node is then calculated from the sums with the use of a transfer function. Inthe current study,
sigmoid transfer functions were used. Therefore, the value of each hidden node, H;, is given by
1
Hy= —— @)
1+e ™

where 5% is given by Equation (1). The same procedure is used to sum the contributions from each
of the hidden nodes to obtain a sum for each output node & as given by

SO =Y Hjywi + H, | 3)
J

where w, are the weights connecting hidden nodes j with output nodes . The values for H; are given
by Equation (2) while 4, is a constant bias. Finally, the sums at the output nodes are converted in
output values, U, , by means of another (sigmoid) transfer function

1
Or = ——%
‘ 1+ e

4)

Once again, the values for §¢ are obtained from Equation(3). In addition, the actual input and output
data are usually normalized so that a conversion to /; values and from O, values is also needed.

Neural network training is carried out with the use of a training data set that contains sets of
inputs and corresponding outputs. By means of an optimization scheme, the neural network is
developed by comparing the predicted output values with the actual outputs and adjusting the weights
to minimize the prediction error. For example, when applied to weld shape modeling, the input nodes
may correspond to weld process conditions such as welding speed, power, and material thickness
while the output nodes may represent weld pool shape parameters such as width and penetration
depth. Through the learning process, which involves thousands of iterations, a complicated set of
empirical relationships between input and output variables is developed. Eventually, with minimal
user influence, the network “learns” a scheme in which outputs are associated with the inputs. Inthe
present analysis, a feed-forward network with a back-propagation learning scheme was utilized'.

Experimental Conditions

Autogenous, pulsed Nd:YAG laser welds were made on 3-mm-thick sheet of aluminum alloy
5754. A range of welding conditions was examined and the parameters are listed in Table 1. The ten
conditions on the left of Table 1 were from the first round of welds (and were used to train the earlier
neural network'*) while the thirteen conditions on the right were from the second round of welds.
In the present study, all 23 conditions were used to train the neural network. All welds were made
at approximately 4 pulses/mm in order to insure sufficient overlap of the pulses. The average power




was varied from 50 to 244 W to include a wide range of power levels and corresponding pool shapes
and sizes without reaching full penetration. The aim was to cover typical welding conditions used
in practice. In all cases, the laser beam was focused on the top surface. The welds were sectioned
and five transverse cross-sections were examined metallographically from each weld. Average shape
parameters from the five transverse views were used to compensate for the variation in weld profile
shape due to the pulsed nature of the welding process.

Weld Pool Shape Characterization

In order to predict weld pool profiles, it was first necessary to identify parameters that characterize
the weld pool shape. One approach is to describe the cross-section profile in terms of an analytical
function. However, this has several drawbacks. First, the experimental cross-sections included a
wide range of shapes and therefore a simple geometric function would be inappropriate. Second, the
number of parameters in an analytical description would have to be limited since the limited amount
of data available for training does not justify a model with a large number of adjustable parameters.
Finally, the use of an analytical function to describe the weld pool shape would introduce a bias based
on the choice of the analytical function. Therefore, four physical parameters relating to the actual
weld pool shape were used instead of an analytical function.

The four parameters describing the actual shape of the weld pool cross-section were penetration
depth, width (at the top of the weld), width at half penetration (referred to as “half-width™), and total
area. These four parameters were evaluated from the experimental weld pool cross-sections, as
shown schematically in Figure 2. The top surface of the welds was often irregular (see Figure 2).
This presented a problem when ascertaining the area of the welds. It was decided to use the actual

Table 1: Laser welding conditions for alloy 5754.

ID Weld Pulse  Average Pulse [[ID Weld Pulse  Average Pulse
Speed  Energy Power Duration Speed Energy Power Duration
(mm/s) (Joules) (Watts) (msec) (mm/s) (Joules) (Watts) (msec)
1 6.38 2 51 2.2 11 3 4.17 50 2.2
2 6.38 2.9 74 22 12 3 6.25 75 2.2
3 6.38 4.1 101 22 13 3 8.33 100 2.2
4 10.2 3 125 2.2 14 5 5 100 2.2
5 10.2 3.5 158 2.2 15 5 7.5 150 2.2
6 10.2 4.1 165 2.2 16 5 9.05 181 2.2
7. 102 5.5 203 2.2 17 6.38 4.0 100 2.2
8 2.55 11.3 123 7.5 18  7.65 3.33 100 22
9 3.83 9.5 190 7.5 19 7.65 5 150 2.2
10 3.83 13.2 196 7.5 20  7.65 6.67 200 22
21 7.65 8.13 244 2.2
22 10.2 3.95 158 2.2
23 10.2 5.0 200 2.2




weld cross-section areas, without arbitrarily ignoring protuberances or depressions on the top surface.
However, when using the output from the neural network model to construct a predicted weld pool
cross-section, a flat top surface was imposed.

Finally, it was necessary to relate the four shape parameters to an actual weld profile. This was
accomplished by using the experimental weld profiles as templates. The output shape parameters
from the neural network were compared to the entire set of experimentally measured profile
parameters and the closest match was identified. Then, the corresponding experimental weld profile
was scaled appropriately so that the final profile depth and width corresponded to the predicted
values. Inthis way, the predicted weld shape resembled the actual experimental weld cross-sections
and there was no need to impose an arbitrary analytical function to describe the complex profiles.
The weld profile template library was relatively extensive because all five cross-sections that were
taken from each weld were utilized.

Network Development

The calculations were carried out with the use of a commercial software package, Neural Works
Professional II/PLUS™ V7| The development of the network was broken down into four stages.
First, the input and output parameters were identified. In principle, it is desirable to choose input
parameters that relate directly to the weld process conditions. Therefore, four process variables
(speed, average power, pulse energy, pulse duration) were chosen as input nodes. However, there
was another, unknown variable that changed from the first round of welds to the second and led to
the change in weld shape character from conduction type to keyhole type. A fifth input node was
added to distinguish the two rounds and account for the unknown process condition that changed.
The output nodes corresponded to the four weld pool parameters, as explained earlier.

The second step was to determine the optimum network architecture, and specifically the optimum
number of hidden nodes. As the number of hidden nodes is increased, the network is better able to
identify a pattern between the inputs and outputs in the learning data set. However, if the number
of hidden nodes is too large, then the
network tends to memorize the input-output
pairings in the learning data set rather than
identify relationships and, as a result, the
network is less accurate in predicting weld
pool shapes for new data. The optimum
number of hidden nodes is controlled to a
large extent by the size of the learning data
set. Ifan extensive learning set is available,
then many hidden nodes can be utilized
effectively. To determine the optimum
architecture, the complete 23-point data set
was subdivided into pairs of training and
testing sets, with 20 and 3 points,

respectively. Five such pairs were created,
Figure 2: Micrograph of typical weld pool protile and using randomly chosen data points, and
parameters measured for each weld.
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networks were developed for each training subset. The learnability and predictability of the networks
were measured by the root mean square (RMS) error of the network output for the learning and
testing data sets, respectively. A lower RMS corresponds to better learnability or predictability.
Average RMS values for the network output for the five pairs of learning and testing data sets were
calculated for each network configuration. Network configurations with one to six hidden nodes
were examined. A plot of the RMS error as a function of the number of hidden nodes is given in
Figure 3. The learning RMS error decreases monotonically with increasing number of hidden nodes,
as expected. However, the prediction RMS error is a minimum with two hidden nodes. For all other
configurations that were examined, the RMS error was greater and the network’s ability to predict
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Figure 3: Plot of the average RMS error as a function of

the number of hidden nodes for the learnability and
predictability of the network. :
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Figure 4: Final neural network architecture.

behavior was diminished. This same -
behavior, i.e., the minimum prediction
RMS for two nodes, was also found
for a second set of calculations with
different starting weights for the
network development. Therefore, it
was concluded that a network
architecture with two hidden nodes
was optimal. The final network
architecture is shown in Figure 4.

With the optimum network
configuration identified, the next step
was to develop the “best” network.
For this stage, the entire data set of
23 points was used. Different starting
values for the network weights were
used and the networks were trained
until further training did not yield any
improvement in the RMS error.
Eighty different sets of starting
weight values were tested and the
best of the resultant networks was
found. It should be noted that
additional testing with different
starting weights would likely yield an
even better network since the nature
of neural network analysis is such that -
an absolute best network is never
found. However, the differences in
RMS error between the top five
networks was minimal and this was
taken as an indication that further
training was not likely to yield any
significant improvement.




_ The final step was to assess the ability of the best network to predict weld pool shape for new
process conditions. This was accomplished in the following manner. One data point was removed
from the total of 23 and a new network was taught with the remaining 22 points, using the optimal
architecture and starting weight values identified earlier. Then, the network was tested on the one
point that was omitted. In this way, a true prediction was obtained since the test point was new to
the network. This procedure was repeated twenty three times, to test each data point separately.

Results and Discussion

As discussed in detail above, the optimum neural network architecture was found to include two
hidden nodes. With this configuration, the results of the predictability testing provide a quantitative
measure of the accuracy with which the network predicts the weld pool shape parameters. In the
predictability test, the neural nets that are developed are basically the same as the best network, with
the only difference being that each net is trained on a different combination of 22 of the total 23 data
points. The predictability test results for all 23 data points are summarized in Table 2. Prediction
errors are given in terms of both absolute and relative values. From the table, it can be concluded that
the predicted shape parameters are in relatively good agreement with the experimental values. The
absolute errors are less than 0.15 mm, 0.25 mm, and 0.15 mm? for depth, width, and area,
respectively, in nearly all cases. Percent errors are 20% or less in most cases, except for the smallest
weld pool sizes where the percent errors tend to be large even if the absolute errors are small.

A visual comparison of predicted pool shapes vs experimental shapes .. . = 7 = e s e
conditions 9, 13, and 20 in Table 2. The predicted pool shape is bold while the five corresponding
experimental cross-sections are shown by the fainter lines. It can be seen that the predicted pool
shapes agree very well with the experimental pool shapes. For condition 9, the prediction errors in
Table 2 are greater than the average errors and yet the prediction falls well within the range of pool
shapes that was found experimentally. While condition 9 in Figures 5 is from the first set of laser
runs, conditions 13 and 20 in Figure 5 are from the second set of welds. The different weld
characteristics, namely the wider and broader shapes from the first round and the deeper, more
keyhole-like shape in the second round, are reproduced by the neural network model. For
comparison, predictions from the earlier neural network model™ for conditions 13 and 20 are shown
in Figure 6. It can be seen that the earlier model predicted the weld pool shape reasonably well for
condition 20 but the prediction for condition 13 was not very good. The inaccuracy in the prediction
was due to the fact that the earlier neural network was trained on only the first set of welds. In the
present case, the neural network accuracy is outstanding for both types of welds. This is attributable
to the fact that this newer network was trained on data that included both the wide weld shapes as
well as the keyhole-type shapes.

The objective of this study was two-fold. The first objective was to demonstrate the ability of
neural network models to predict weld pool shapes. The results in Figure 5 show that reliable
predictions are possible for a wide range of pool shapes and weld conditions. This was achieved in
spite of the fact that the data set was relatively small in size, containing only 23 different weld process
conditions. The second objective was to show that the shortcomings of the earlier neural network
model were due to the fact that the weld pool shapes in the training data set were of an entirely
different nature than the shapes in the test set. In the present study, where both types of pool profiles




Table 2: Experimental and predicted laser pool shape dimensions for conditions in Table 1.
D = depth (mm), W = width (mm), A = area (mm?). Half-width omitted due to space

limitations.
Experimental | Predicted | % Error Absolute Error

ID| D W A | D w A D W A D W A
11010 061 006021 08 0.10 110 41 67 | 011 025 004
2020 087 0.13 019 082 0.09 | 5 6 31 | 001 005 0.04
31041 098 023 |027 104 0.18 | 34 6 22 | 0.14 0.06 0.05
41017 089 012 | 023 088 0.12 | 35 1 0 | 006 001 000
51016 094 0.13 027 098 017 |69 4 31 | 011 004 004
6024 103 017 | 028 106 019 17 3 12 | 0,04 003 0.02
71036 122 028 | 046 119 035 | 28 3 25 | 0.10 0.03 0.07
81066 135 0501069 124 0.51 3 8 2 0.03 0.11 001
91043 118 032 ;051 136 041 19 15 28 | 008 0.18 009
10/ 097 157 076 088 128 062 9 18 18 | 0.09 029 0.14
11{ 081 100 040 | 067 075 038 | 17 25 5 0.14 025 0.02
121 131 106 088 | 1.16 100 0.70 [ 11 6 20 | 0.15 0.06 0.18
13 .51 1.03 103 | 149 122 0.96 1 18 7 002 0.19 0.07
14 065 092 034 | 079 093 047 | 22 1 38 | 0.14 001 013
15y 1L.22  1.25 071 § 135 113 090 | 11 10 27 | 013 012 0.19
161 143 1.14 103 | 1.54 134 1.02 8 18 1 0.11 020 0.01
17| 046 090 025|045 086 025 | 2 4 0 | 001 004 0.00
181 028 085 0.18 | 029 082 0.14 | 4 4 22 001 003 004
191055 106 033|052 09 031 ] 5 11 6 | 003 012 0.02
201 081 126 051 ]092 111 060 | 14 12 18 | 011 015 0.09
21| 132 L.16 088 | 1.02 133 072 | 23 15 18 | 030 0.17 0.16
221 031 088 021 {029 097 018} 6 10 14 002 009 003
231045 100 028 | 037 1.11 027 |18 11 4 |008 011 00l

Average |21 1118 1009 011 006

were combined in the training data set, the change in weld pool shape could be treated in a more
accurate fashion. These results show that neural networks provide a suitable means for modeling
weld pool shapes as a function of weld process parameters. Neural network models have the added
advantage that they are rapid, providing virtually instantaneous results, and therefore they may be
ideally suited for integration into process control routines.

Summary

A neural network model has beeﬁ'dé;/eibrpéd that reliably predicts the weld pool profile in pulsed-
laser aluminum welds. The present model is an improvement over an earlier one in that the change
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Figure 5: Predicted weld pool shapes (bold) superimposed over experimental pool profiles. The
identification numbers refer to Table 2.

13, Early Model 20, Early Model

M&V

Figure 6: Predicted weld pool profiles from earlier neural network model".

in nature from conduction-mode to keyhole-mode weld pool shapes is taken into account. The neural
network model is accurate over a wide range of process conditions, in spite of the fact that the
training data set is relatively small.
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