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ABSTRACT

In this chapter, an attempt has been made to design suitable knowledge bases (KBs) for carrying out
forward and reverse mappings of a Tungsten inert gas (TIG) welding process. In forward mapping, the
outputs (also known as the responses) are expressed as the functions of the input variables (also called
the factors), whereas in reverse mapping, the factors are represented as the functions of the responses.
Both the forward as well as reverse mappings are required to conduct, for an effective online control of a
process. Conventional statistical regression analysis is able to carry out the forward mapping efficiently
but it may not be always able to solve the problem of reverse mapping. It is a novel attempt to conduct
the forward and reverse mappings of a TIG welding process using fuzzy logic (FL)-based approaches
and these are found to solve the said problem efficiently.

INTRODUCTION relationships beforehand. Forward mapping aims

to determine the outputs as the functions of the
We have a natural quest to know the input-output inputs, whereas the inputs are expressed as the
relationships of a process. To control the process functions of the outputs in reverse mapping.
efficiently, it might be required to know the said Both the forward as well as reverse mappings of
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a process are to be carried out, to automate the
same. It may be difficult to determine the input-
output relationships for most of the processes
mathematically, due to inherent complexity of
their physics. Realizing this, several attempts
were made by various investigators to express the
said relationships through conventional statistical
regression analysis. It is carried out based on the
data collected experimentally, which may not be
precise in nature. Forward mapping can be done
easily but reverse mapping may sometimes offer
difficulty. Ithappens, when the transformation ma-
trix relating the outputs with the inputs becomes
singular. In such cases, particularly when the
transformation matrix becomes non-square, some
investigators tried to determine the pseudo-inverse
of the matrix. However, it may be far from being
the true inverse of the transformation matrix and
as a result of which, the deviation in predictions
of the inputs for a set of desired outputs could be
more. To ensure a square transformation matrix
between the outputs and inputs of a process, the
number of outputs should be equal to that of inputs.
In order to make the reverse mapping possible,
the interaction terms of linear regression model
are to be neglected. It is important to mention
that reverse mapping cannot be implemented
accurately for the nonlinear regression model.
Forward mapping can be carried out through the
linear and non-linear regression models, if the ex-
perimental data are collected as per some standard

Table 1. Requirements for forward and reverse
mappings

Mappings Requirements

Forward . Linearregressionanalysis based ontwo-level

designs of experiments like full-factorial,

fractional factorial.

. Non-linear regression analysis based on
three-level designs of experiments, namely
central composite design, Box-Behnken

design, and so on.

Reverse . Linear regression analysis involving main
factors only for a process having the same

number of inputs and outputs.
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two-level and three-level designs of experiments,
respectively. On the other hand, reverse mapping
can be implemented using the conventional linear
regression analysis involving main factors only,
for a process having equal number of inputs and
outputs (see Table 1.).

Inconventional statistical regression analysis,
only one output parameter is tackled at a time and
consequently, it may not be able to capture the dy-
namics of the process completely. Soft computing
isafamily consists of the techniques—fuzzy logic
(FL), neural networks (NN), genetic algorithms
(GAs), and their different combinations, in which
the precision is traded for tractability, robustness,
and a low cost solution. It may provide with some
feasible solutions to the said problem.

The present chapter deals with the issues related
to determination of the input-output relationships
of a TIG welding process. Suitable knowledge
bases (KBs) of the fuzzy logic Controller (FLC)
have been designed and developed for carrying out
the forward and reverse mappings of the process.
The performance of an FLC depends on its KB,
which consists of the data base (DB) (carrying
information of the membership function distribu-
tions of the variables) and Rule Base (RB), that
is, KB=DB+RB. A rule of an FLC is expressed
with the help of the DB and represents the input-
output relationship of a process. A RB consisting
of a number of rules indicates the transformation
matrix of the input-output relationships. A manu-
ally designed FLC may not work in an optimal
sense and it may be required to train its KB with
the help of a number of known scenarios. A large
number of training cases are generally required
for the said purpose. It may be difficult to gather
such a huge training data through experiments.
Thus, a less amount of data compared to that
required for the training is collected according
to the statistical designs of experiments (namely
full-factorial design, fractional-factorial design,
central composite design and others) and the
regression equations are determined. [fthe devel-
opedregression models are found to be statistically
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