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Abstract -The objective of this paper is to present a tool
and a comparison of techniques that can help in the material
selection process based on pattern recognition and using
dimensionless parameters from Il theorem. It is known that
the main disadvantage in materials selection is that a huge
database is needed to make the selection and also to make
clusters of materials with some characteristics, so we need an
easier and automatic way to cluster materials with respect to
their physical and mechanical properties, and particularly for
material machinability. This paper also shows a possible
application related to material selection using this approach
to complement the conceptual design of a part coding system
using neural network techniques.

Index Terms - Materials selection, II theorem,
dimensionless numbers, physical and mechanical properties,
neural networks, pattern recognition.

[. INTRODUCTION

Group technology is a technique and a philosophy that
improves the efficiency in production by means of
grouping a great variety of parts using information of their
shape, dimensions and working process routing [1, 2].

The main requirement of group technology is to have a
coding system and a part classification that describes part
characteristics, as well as their geometrical form, material
and working process routing to produce these parts with a
code number, gathering this way the parts with similar
codes in a specific manufacturing cell or group of
machines [3-5].

Parts grouped into families are widely used in
manufacturing in order to get profit from their similarities
[6]. Grouping parts into families can make easier
manufacturing, process planning and production [7].

IT theorem or Buckingham theorem is a tool that helps
us to take into account various properties which can be
used to give material characteristics such as machinability.
As the units are dimensionless, they can assist in the design
of a Flexible Manufacturing System (FMS) [8]. It is known
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that artificial intelligence techniques [9] like pattern
recognition can help a lot in problems where there is a
missing mathematical model or information about the case
of study, so in problems like machinability [10] and
materials selection we can use these techniques working
with dimensionless numbers to make clusters of materials
with the same characteristics of machinability to have an
enormous database containing materials and their
properties [11]. This enables us to generate material
working parameters form only a limited selection of
physical and mechanical properties.

2. METHODOLOGY

Pattern recognition was selected as an intelligent tool
for classification and recognition of groups or clusters with
similar characteristics of machinability. The algorithms
studied for this job were K-means, Fisher’s, lambda
classification, expectation maximization and Isodata
algorithms. All of them use statistical tools to separate
clusters of points from different groups in different ways,
one of them will be selected for the present application
[12-17].

Materials selection process was the issue which
initiated this work [18]. There are many ways of selecting a
material, but the most used is the Ashby map [8], where
material clusters are made considering two properties of
the materials. The information defining these clusters is
held within a large database (image 1). The aim of this
thesis is to process this clustering without the need of a
database and to include more properties in one
representation.

As we need to have a many properties in one graph
and we want to have dimensionless points in the graph we
need to use dimensionless numbers theory that helps when
developing experimental techniques.

Fluid Mechanics uses dimensional analysis which does
not give a complete solution. The success of this analysis
depends on the skill to define parameters that would be
applied. If one of the variables is omitted, the result will be
incomplete and incorrect conclusions will be generated.



The IT Buckingham theorem can be extrapolated to
machining and metal-cutting applications, which can be
applied to Group Technology (GT) directly [19-21].
Machining relationships are a good example showing how
easily IT Buckingham theorem can be applied.
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The relationship argued by F.W. Taylor defined by
equation (1), where cutting rate and tool life equals a
constant makes it possible to establish a link with FLT
system (force-length-time) Eq.(2):

VT"=C (1)
C =f(LT) )

A large version from the Taylor equation, defined by
Eq. (3) exists, where variables such as: feed, cutting depth
and the material hardness are involved:

C=VT"d*f’ (3)
VT "dPHg = KT" (ref)f "(ref)d P(ref)H %(ref)  (4)

Where f is the feed rate, d is cutting depth and H is the
hardness of the material as you can see in equation (4).

Exponents X, y, m, p and q can be determined
experimentally. K is a constant value analogous to C.

We focused on the variables of the Taylor equation for
making dimensionless numbers using the following
mechanical and physical properties: Yield Strength,
Vickers Hardness, Cutting Speed, Cutting depth, Tool life,
Linear expansion, Thermal conductivity, and Density.

Now we used the IT theorem by means of making a
dimensional analysis of each property and decompose them
in their basic units that are length (m), weight (kg), time (S)
and temperature (K) according to international units system.

2.1 THE BUCKINGHAM’S IT (P1) THEOREM

The Buckingham’s Pi theorem [22] establishes that with a
physically meaningful equation which involves a certain
number of physical variables ( n) expressible in terms of
k independent fundamental physical quantities. We can
obtain an equation with a set of p = n — k dimensionless
variables. This is made up from the original variables and
the original expression. For the purposes of this paper, we
want a system of physical properties which share the same
description in terms of these dimensionless numbers.

In mathematical terms, we are looking to have a physically
meaningful equation such as:

f(a,,9,--9,) =0

where the Q; are the n physical variables expressed in
terms of k independent physical units. This equation can
then be expressed by,

F(z,,7y,,w,)=0

where the m; are dimensionless parameters constructed
from the g; with p=n —Kk equations like,

— ™M m
T =4 qz A qn !
where the exponents m; are constants.

The Buckingham m theorem provides a method for
computing sets of dimensionless parameters from the given
variables, even when the form of the equation is still
known. However, the choice of dimensionless parameters
is not unique, for purposes of this work we are looking
after non dimensional numbers using a combination of
physical and mechanical properties of materials;
Buckingham's theorem only shows up a way of generating
sets of dimensionless parameters. We are giving a meaning
to each number generated related to materials selection in
mechanical design and their easiness to their machining
processes.

Two systems for which these parameters coincide are
called similars; they are equivalent for the purposes of the
equation, and we can choose the most convenient one for
the purposes of this job.

From this theorem we obtain the following two
dimensionless numbers:

4 =*fV,.T,.P,HV,0,)

=1 (Ct’p’at’vc’ PC’GY)

Where

Yield Strength (cy)

Vickers Hardness (HV)

Cutting Speed (V)

Cutting Depth (P)

Tool Life (Ty)

Linear expansion (o)

Thermal Conductivity (C,)

Density (p)



Through some mathematical procedures we combine these
properties [23] so we obtain the following expressions.

VT
g =c,| Yl | Y
P oy T,
C
‘92 =C2 t3 GYz
patVC PC pVC

With this number we make a graph with 43 of the most
common materials with different properties to view how
the materials are spread over a two dimensional graph, as
present below (graph 1).
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Over all the pattern recognition algorithms studied we
compared K-means [13, 24, 25] and Isodata [26]
algorithms due to a good separation over our groups of
points and they are unsupervised algorithms that make
clusters using Euclidean distances between each point.

Graph 2 shows how materials are grouped together
according the material type, the group with more density
corresponds to metals, the one with red points corresponds
to polymers, and ceramics are represented in two groups
with different properties indicated by blue points. These
four clusters in this graph represent applications for
different industries, not their machinability.
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Graph 2
General clusters according to their machinability

K-means, was the first method we tested, by definition
is a nonhierarchical method that initially takes the number

of components of the population equal to the final required
number of clusters. In this step the final required number of
clusters is chosen such that the points are mutually furthest
apart. Next, it examines each component in the population
and assigns it to one of the clusters depending on the
minimum distance. The centroid’s position is recalculated
every time a component is added to the cluster and this
continues until all the components are grouped into the
final required number of clusters [13]. We have developed
a tool with C# programming language to demonstrate
graphically how these two methods are used for this
specific application, and also to compare how good the
results against their machining properties are.
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Graph 3
Dimensionless numbers after k-means algorithm for four clusters

The results match expectations as we have 4 clusters in
which there are two clusters of ceramics, one cluster of
polymers and one cluster for all metallic materials that
have similar characteristics of machinability.

For K-means method, the Graph above shows the C#
output of four clusters generated with this dimensionless
numbers (graph 3).

Graph 4
Dimensionless numbers after k-means algorithm for three clusters



In Graph 4, the three groups are not consistent with
machinability expectations, so it is not able to model the
representation that we are looking for. For accuracy using
this method it is important to know how many clusters are
required, however this information will not be known.
Therefore this method does not provide acceptable results.

As we needed to compare these results with other
methods, we tested the Isodata algorithm, which has some
further refinements by splitting and merging of clusters.
Clusters are merged solving if either the number of
members in a cluster is less than a certain threshold or if
the centers of two clusters are closer than a certain
threshold. Clusters are spitted into two different clusters if
the cluster standard deviation exceeds a predefined value
and the number of members (points) is twice the threshold
for the minimum number of members.

Isodata algorithm is similar to the K-means algorithm
with the distinctive difference that Isodata makes it
possible to work with different numbers of clusters while
the K-means assumes that the number of clusters is known
at priori. Also, Isodata algorithm can vary the number of
clusters even when we put a desired certain number of
clusters before the first iteration of the algorithm, thanks to
the statistical tools used in this algorithm during its process
[27, 28].

In graph 5, we tested the Isodata algorithm defining
five clusters to be made, it consistently ended to three
clusters. So we had different clusters of the same materials.
In this same graph we can see that one ceramic material is
merged to the metallic materials. As we know this material
has similar machinability coefficients so we could say that
the results of this method are better than the results with
the K-means algorithm.
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Graph 5
Dimensionless numbers after Isodata algorithm

As we have only 43 materials [29] in our sample, we
do not want too many clusters. As we can see, in graph 6
we have obtained 7 clusters, which give a good
representation of expected results. However, at this stage

we are not looking for this level of detail. Further proving
of this technique can be conducted at a later stage.
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Graph 6
Dimensionless numbers after Isodata algorithm for twenty clusters

After this process, this program assigns a number for
each cluster that has the input data to a Support Vector
Machine (SVM) [30, 31] that is trained for entering new
material data and assigning a group to the new point added
to this system, all of this for purposes of integrate a pair of
positions into a parts coding system for giving information
about mechanical and physical properties, as well their
machinability rate.

In the image 2 it is shown how the SVM gives the
output to the new data that we entered to the developed
software using the SVM™"® program that is simulator of
multiclass SVM’s of Cornell University [32].
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3. CONCLUSIONS

In the present paper we can see how the union of
techniques like I1 theorem and dimensional analysis, in
conjunction with artificial intelligence can be a powerful
tool for automation in manufacturing processes. It is
demonstrated that cluster separation via K-means algorithm
helped spread out the main groups in this job, but the



Isodata algorithm gives more suitable results with less
clusters in machinability manner.

The II theorem can be extrapolated to machining and
metal-cutting applications which can be applied to GT
directly, where neural networks where implemented for
information processing. Training the network with this
input data was a straight forward task, so extracting
information and testing new materials after using these
pattern recognition techniques will also be a manageable
task.
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