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Abstract: This study was aimed to provide cost effective solution for the prediction of changes during the

thermo mechamecal process like rolling as well as to provide accurate and optimized mformation about the
product properties such as grain size. The primary goal of neuro computing for micro structural analysis was
to assists the metallurgist. A proper optimization of this process normally depends upen a combination of
experience and expensive trials. The final microstructure was dependant on many parameters such as alloy

composition, working temperature, local compression rate. Multi layer neural network was used with error back
propagation as a learmng algorithm. By using this technique it gave us optimized results.

Key words: Back propagation, feed forward neural network, metallurgy, rolling, grain size

INTRODUCTION

The problem i the medeling of Neuro Computing for
Micro Structural Analysis can be broadly stated as
follows: Given a certain material which undergoes a
specified Rolling process, what are the final properties of
this material? Typical final properties in which we are
interested are the micro structural properties, such as the
mean grain size. A trial-and-emror approach for solving this
problem has often been taken in the materials industry,
with different conditions attempted to achieve a given
final product. The obvious drawback of this approach is
that it takes very high financial cost and time. Another
method is to develop a parameterized, physically
motivated model and to solve for the parameters using
empirical data’!. However, the limitation with this
approach is that in terms of the physical theory the
micro structural depends upon several
mtermediate microscopic variables, which have to be

evolution

measured in order to apply the model. Some of these
are difficult
and time-consuming to measure, making it impracticable
to apply such an approach to large-scale mdustrial
processes. Owr approach to the prediction of rolled
microstructure is therefore to develop an empirical

variables, such as dislocation density,

model in which we define a parameterized, non-linear
relationship between the micro structural variables of
interest. For a given problem we use error back
propagation neural network with momentum term.

This model 1s capable of producing good results.

SAMPLE PREPARATION FOR
TRAINING DATA SET

The Thermo-mechanical™ process in which we are
interested is rolling process to carry out rolling process
we need a specimen. Metallographic specimen often has
to cut out of large piece into manageable size and shape.
Tt is important that no deformation of the material occurs
during this process, so that the specimen can be directly
grounded. Normally an abrasive cutting techmque 1s used
for a material sectioning because it gives less deformation.
Metals require good cooling to prevent alteration of
microstructure due to heat. In order to obtain smoothness
the surface is usually subjected to grinding operation.
Gnnding bring down the roughness to approx 0.1 pm. Like
grinding and polishing™ is essential for smoothing the
specimen surface. The process is carried out till mirror like
surface 15 produced. In all metallographic preparatory
work, cleanliness 13 1mportant requirement. Before
grinding and polishing impurities originally sticking to the
specimen such as oil, grease and dust. Which must be
removed, cleanliness 15 required after each step in
preparation but it 1s especially applied on polishing stage.
If we do not apply cleanliness than it will not give the
true interpretation during the examination. Almost all
polished surface reflect light equally. Therefore it 1s very
difficult to distinguish visually. Thus it is necessary to
develop a contrast. So to provide a contrast to a
sample we use etching. After etching sample is ready
for microstructure examination under a microscope. Grain
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Substitute the Value of Eq. 8 in Eq. 4 we get
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Equation 9 15 used to change the weight for output layer.
The rate of convergence towards the mimimum of E
can be improved by addition of a momentum term. This
term is simply the previous weight update and forces the
present weight update to continue in the general direction
of a negative gradient. Rather than respond only to
individual updates of w which may leave the function
trapped in a local minimum. In this sense the term adds
'mertia’' to the gradient descent. Although the use of a
momentum term 1s not the most efficient means of
converging on the global mimmum in the shortest
possible traimng time, it nonetheless mmproves traming
times over pure gradient descent 1s quite robust and helps
toavoid local mimma in the error minimization surface. A
faster approach is to search for mimma along the
conjugate gradients”.
prone to becoming stuck in local minima!™. So the weight
update equation for output layer is
-nex!” WM
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But this method i1s even more
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The constants 1 and o determme the relative
contribution of the update momentum terms as well as the
overall magmtude of the weight updates.

Now consider the weight updating for hidden layer of
the Artificial Neural Network. In this case error calculation
15 not as simple as in the output layer because ludden
layer error depends upon output layer errors whereas the
output error 18 calculated as the mean square of the
expected and the calculated output of the neuron.

Awl? = il (an

Whereas O, 13 the output of the previous layer and

mput to the current layer
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Apply chain rule agam on Eq. 12
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First consider the term - 3 from Eq. 14 and apply
chain rule °
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Equation 15 can also be written as:
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By Eq. 5
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So substitute the value of Eq. 17 in Eq. 16
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So the error for hidden layer by substituting the Eq. 18 in
Eq. 14
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We get weight update formula for lndden layer. it 1s
unlike that the network weights would converge exactly
on their optimal value in a finite number of iteration.
Although with sufficient training they may become
arbitrarily close®™. For the software implementation of
neuro computing medel we are using Eq. 10 and 20M"
software implementation takes three steps:

Step 1: Initalize the network weight
Step 2: Calculate the output of each neuron

Step 3: Compare the actual output with the desired
output and calculate the & for all layers.

RESULTS

The model was trained using a set of 8§ data pairs with
reduction ratio from 10 to 80% as shown in Table 1.

Once the model is trained it is used to produce
prediction of grain sizes for unknown parameters as
well. A plot 1s drawn for the companson between the
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Table 1: Training vector collected during experimental waork

Compression Temperature (C°) Grain size
10 450 48
20 450 49
30 450 50
40 450 49
50 450 51
60 450 65
70 450 75
80 450 83

Fig. 4: Result of the prediction model

experimental results and the predicted results. As the
Fig. 4 shows that the prediction of the model is very
close to produce experimental values. The average error
between predicted and experimental values 15 6-7%,
which 15 much less than the noise in experimental
measurement of gram size. This model 13 very flexible
for the industry where frequent microstructure analysis
18 carried out.

We have tested our model for the prediction of
known as well as unknown vector it gives us an
optimized results (Fig. 4).
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