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A Neural Network Applied to the Estimation of Processing Time

Fumio Matsunari

oooo

CADOCAMOOOCMOOODOOOODOOOODO
gooooooooocoooooocaMoooooOon
goooooOoooooooooOooboOoOoOooon
gooooooooooooboOoOOOOO0OO0O0O0O0O

gboobooboooobooobooboobooog
gbooobooooooboobooobooboooboobobo
gooooobbboooooooobobbobooooo
gobooooooooooobooooooooooboo
goooooooooboooboooooOoooooboo
gooooooooooooooboooooooboon

gboobooboooobooboobobooog
gbooooooobooboooboboooobooo
gboooooooboobooobobooooobooo

goobooooobooooobooooobobooooo
ooooooooooooooooooocooooon
oooooooooooooooOoooboOooooo
ooooooOooooooooooooboOooooo
gbobooooboouoboooboobooboooboobooo
gbooooooboooooboooooooboooogon
gooobbbooooooobboooooooo
ooooooooooooooooooboooooo
ooo0000boo0o0O000o0bo0@uoooooono
00000000000 00000000000@)O0
gbooboooboooboobobooboboboooobooo
gbooooooboooooboooooooboooogon
goboobooboooooboooooboooo

Abstract

Scheduling many tasks properly is an important problem
to construct CIM. In solving this problem, precise
calculation of the time required for each task is essential.

In this article, we take up the problem of estimating the
time required for processing resin molds. In thisfield, rapid
technology progress necessitates processing molds by the
state-of-the-art technology, resulting in so many kinds of
molds needed. Therefore, the estimation of the processing
time has been difficult for acomputer system and had to be
done by processing experts.

We applied a neural network to this estimation. We
defined the processing time to include not only the time for
processing molds with machines but also the time before
and after processing. Also, we introduced 2 types of input

variables for the network; dimensional variables for mold
design and processing variables.

In applying a neura network to the solution of such a
problem, it has previously been criticized that the network
looks like the black box and that the value estimated by the
network is sometimes very different from the expected
value. Therefore, the network has not been used with full
confidence.

To solve this problem, we added the weight-decay term
to the learning criterion and introduced a selective layer
into the network configuration method. Asaresult, we
obtained an estimation system whose qualitative meaning
can be easily understood and whose quantitative precision
satisfies the requirements.
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Fig. 1

The flow of information in afactory. Single-arrow () represents the flow from a global

upper task to adetailed lower task. Double-arrow (O ) represents the input and/or output
data of the estimated task when a neural network is applied to this system.
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Fig. 2

O : Training, @ : Testing
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An example of training curve which shows over-learning. The error for the training data (- ) decreases
asthetraining proceeds. On the other hand, the error for the testing data (» ), which is used to confirm
the validity, decreases only at the begining of the training and increases as the training proceeds. The
processing timeis normalized to [0, 1], and the same normalization is done in the following figures.
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Fig. 3  Anexample of the effect of over-learning. After amillion training stepsin
Fig. 2, the estimated values against actua results lie on a45° line for the
training data (o ), but for the testing data (» ), no good correlation is obtained.
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Fig. 4  Neura network with 3 layers. Thistype
of network, which has Input layer, Hidden

layer and Output layer, is popularly used.
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Training, @ : Testing
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Fig. 5 Anexample of training curve when the weight decay term is applied to the
learning criterion of the network. The error becomes constant in the training
process after about 200 thousand steps not only for the training data (- ) but also

for the testing data (e ).
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Fig. 6  Estimated values against actual results after amillion training steps
in Fig. 5. Asthe effect of using the weight decay term the
correlation between the two becomes larger for the testing data (e ),
while the correlation becomes smaller for the training data (o ).
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Fig. 7 Thedistribution of weight coefficients. Black
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The distribution becomes so clear by the effect of
the weight decay term that the contribution of the
input design variable to the output processing time
can be presumed from the corresponding value in

the lower block multiplied by the corresponding
value in the upper block.
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Fig. 8 A network with aselective layer. A layer
above the hidden layer is added and it
receives itsinput from two sources. Oneis
the hidden layer and the other is the signal
input. The summed value of the hidden layer
unitsis multiplied by the signal and becomes
theinput to the selective layer unit. The
value of the signal iseither 0 or 1, so we can
select the path of the flow in the network by
controlling the signal. The figure showsthe
case when theright side path is selected.
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The distribution of weight coefficients for selective layers. Two selective layers are

added; oneis a parts-selective layer and the other is a machine-selective layer. The
distribution is composed of 4 blocks. The input starts from the | eft-lower block and
the calculation proceeds clockwise to the right-lower block. From this distribution,
we can obtain much information about the contribution of not only the input design
variables but also parts and machine variables to the output processing time.
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Fig. 10 Estimated values against actual results for
selective layers, after amillion training steps.
The degree of the correlation between the
estimated values and the actual resultsis
nearly the same asthat shown in Fig. 6.
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