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Abstract—Machining of Metal Matrix Composites (MMCs) is
very significant process and has been a main problem that draws many
researchers to investigate the characteristics of MMCs during different
machining process. The poor machining properties of hard particles
reinforced MMCs make drilling process a rather interesting task.
Unlike drilling of conventional materials, many problems can be
seriously encountered during drilling of MMCs, such as tool wear and
cutting forces. Cutting tool wear is a very significant concern in
industries. Cutting tool wear not only influences the quality of the
drilled hole, but also affects the cutting tool life. Prediction the cutting
tool life during drilling is essential for optimizing the cutting
conditions. However, the relationship between tool life and cutting
conditions, tool geometrical factors and workpiece material properties
has not yet been established by any machining theory. In this research
work, fuzzy subtractive clustering system has been used to model the
cutting tool life in drilling of Al2O3 particle reinforced aluminum alloy
composite to investigate of the effect of cutting conditions on cutting
tool life. This investigation can help in controlling and optimizing of
cutting conditions when the process parameters are adjusted. The built
model for prediction the tool life is identified by using drill diameter,
cutting speed, and cutting feed rate as input data. The validity of the
model was confirmed by the examinations under various cutting
conditions. Experimental results have shown the efficiency of the
model to predict cutting tool life.
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1. INTRODUCTION

ETAL-Matrix Composites (MMCs) have been widely

used in industry due to their improved properties over
those of other alloys. MMCs are multiphase materials with hard
reinforcing material in metallic matrices. The reinforcement in
MMCs has three different forms: continuous fibers,
discontinuous fibers, or particulates, with volume percentages
in the range of a few percent to 60% [1].

Among the several types of MMCs, Aluminum Matrix
Composites (AMCs) have been used for many advanced
automotive and aerospace applications [1], [2]. AMCs become
the potential engineering materials providing a good
combination of properties such as strength, thermal
conductivities, low thermal expansion coefficient, and
enhanced wear resistance [3]-[7].

A small amount of reinforcement could be added into
aluminum or its alloy to improve its modulus and strength.
Many ceramic particles can be used as reinforcements including
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alumina (Al,O3) and silicon carbide (SiC). These particles are
appropriate for aluminum alloy matrix due to the fact that
unwanted reaction does not take place between the matrix and
these particles, which may lead to degradation [8].

Although particulate composites have several advantages as
shown above, they have not been utilized widely in commercial
applications due to the fact that hard particles implanted in the
matrix lead to severe problems in machining [6]-[8]. AMCs
reinforced with (ALO3) or (SiC) particles are very hard to
machine because of their extreme abrasive properties [3], [4],
[8]-[10].

Although significant effort has been devoted to manufacture
the near-net shape parts by forging or casting, there will be
always a need for machining and it cannot be eliminated
completely. In addition, machining will have to be used to finish
the resulting near-net-shape parts to the designed dimension
and shape. Consequently, for assembly and joining, secondary
machining processes are needed. One of these machining
processes is drilling. These processes are normally done on the
part at the last stage of the production cycle before being
assembled.

Because of poor machining properties of AMCs, research has
focused on improvement of the machinability of AMCs in two
main directions. The first one is to discover new composites
with improved machinability [11]. The second one is to
investigate the influence of machining parameters on these
matrixes [6]-[8], [10].

Machinability of AMCs has received significant care
because of the high tool wear accompanying with machining.
Cutting tool wear is an essential key issue in manufacturing
industries. Cutting tool wear impacts the surface roughness of
the hole. In addition, it affects the life of the cutting tool.

The reasons behind that are due to the fact that machining
process is complex and necessary data is lacking. Moreover,
cutting tool life depends on several variables [12].

While machining with cutting tools is one of the oldest
approaches of forming parts, the most key characteristics of this
process can be found out only by the experiments. Accordingly,
a series of experimental studies is needed to verify further
modifications of the tool, machine, and process design.
Therefore, the accurate test approach and modeling along with
its verification are key issues in such studies [13].

In the view of the above-mentioned machining problems, the
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present work will investigate the influence of different cutting
conditions on the cutting tool life of the drill bits during drilling
of reinforced aluminum alloy composite with AL,Oj3 particles.

The scope of this research will introduce a new alternative
technique for modeling of complex cutting processes. In recent
years, fuzzy systems, which are based on fuzzy logic [17], have
attracted the growing attention in different topics. The use of
fuzzy techniques for modeling of these processes might be
justified due to the ability of this new method to tackle
uncertainty and fuzziness that are common in [8], [14]-[16].

The proposal of fuzzy set theory and the applications of
considering fuzzy data to the regression models have been
suggested in the literature [18].

Other researchers developed many suitable methods in fuzzy
modeling [19]-[26] that added more objectivity in the process
of models building. These methods are mainly based on the use
of input-output data to improve human understanding. The
process of building models from input-output data consists of
two major steps: structure identification and parameter
identification [8], [14], [16].

This research study will address studying the influence of
cutting conditions on the cutting tool life in drilling of Al,O3
particle reinforced aluminum alloy composite. Additionally, a
subtractive clustering fuzzy system will be used to model the
effect of cutting conditions on the cutting tool life in the drilling
processes. The input data for the cutting tool life model are:
cutting speed, feed rate, and drill diameter, whereas, the output
data is represented by the cutting tool life [27].

It is anticipated that the results of this research work will
illustrate the capability of fuzzy modeling as prediction
technique to estimate the cutting tool life in drilling of ALO3
particle reinforced aluminum alloy composite.

II. FUZZY SUBTRACTIVE CLUSTERING

The key idea of clustering is to extract accepted groupings of
data from a large data set. Therefore, clustering can be an actual
procedure to deal with large sets of data. In subtractive
clustering technique proposed by Chiu [19], all data points are
considered as nominees for cluster centers. Each data point is
given a potential Pj according to its locus with respect to all
other data points:

P/. :iexp(—a z[—zkHz) (1
k=1
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_4 )
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a

N is the total number of data points, 7, is a constant called
hypersphere cluster radius that defines the neighborhood. Data
points outside 7, have small effect on the potential, and "”
represents the Euclidean distance.

The data point with the highest potential, denoted by P1* is

selected as the first cluster center ¢, =(d,,e,) . The potential of

each data point is revised using the formula
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with 7, is the hypersphere penalty radius constant greater than
7, . Thus, an amount representing the potential of each data

point is subtracted as a function of its distance fromc,;. 7,
outlines the effective subtractive range and aids in avoiding
closely spaced cluster centers and is given by 7, = njr,, , where
1 is a positive constant greater than 1 and is called the squash

factor. Again, the data point with the highest potential P; is

considered to be the next cluster centerC,, if P} - gP” where

& is the accept ratio. If this is not the case but the condition (

—min 4
B

a 1

duin | B > 1) holds with dmin the minimal distance between

¢, and all previously found cluster centers, the data point is still
accepted as the next cluster center C,. Further iterations can

then be executed to find new cluster centers C, . If a possible

cluster center does not fulfill the above defined conditions, it is
rejected as a cluster center and its potential is set to 0. The data

point with the next highest potential Pk* is selected as the new
possible cluster center and re-tested. The clustering ends if the
condition (p: > EPI*) is satisfied with & the reject ratio.

After subtraction, the second cluster center is designated
based on its new potential in relation to an upper acceptance

threshold, € (acceptance ratio), a lower rejection threshold &

(reject ratio), and relative distance criterion [20], [28].
Subtractive clustering has four weight parameters, the

acceptance ratio & , reject ratio &, cluster radius 7, and squash

factorn. The degree to which a rule i is fulfilled is defined in
terms of the distance to the defined cluster centers:

w;(x) = exp(— aHx—dl. 2) (5

There are two common types of fuzzy models: Mamdani type
[29] and Sugeno types [30]. In the Sugeno model the system
with ““m’” inputs can be represented as a set of “‘n’’ rules of the
following format:

R,:IFx, = A/ ANDx, = 4;,....ANDx, = 4, THEN ¢

Vi=a,tayx, +....+a,x

im*m
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where  d,),a; 5. .. ,a, ;i=12,.... , are regression

parameters.

III. EXPERIMENTAL PROCEDURES

The matrix material used in this study was aluminum alloy
and AL,Os particles were used in the manufacturing the cast bars
studied in this investigation.

The processing of Al-10 Vol.% AlOs composite has been
attained by insertion the aluminum in a crucible inside an
electrical furnace. The temperature of the melt was observed by
the K-type thermocouple. The furnace was switched off, and an
appropriate quantity of the Al,Os particles was added. Directly,
the stirrer at a speed of 600 rpm was implanted inside the melt
to blend the added reinforcing particles. At the end of the
mixing period, the metal inside the crucible was poured into a
metallic mould.

Experiments have been carried out to examine the influences
of the cutting conditions on the tool life in drilling of Al,O;
particle reinforced aluminum alloy composite. To examine the
effect of machining parameters on the tool life, three main
cutting parameters were used: drill diameter (D), cutting speed
(V), and cutting feed rate (f).

To construct the fuzzy model for predicting the drilling tool
life, training and testing data with regard to process cutting
factors and cutting tool life have been established. A number of
experiments were performed on radial bench drilling machine
OPTI RB 35 using high speed steel twist drills for drilling the
produced composites. Standard, two-flutes, 118-degree point
angle twist drills were used. The holes were drilled dry without
the use of bushing. The drilling cutting factors were selected by
changing the drill diameter in the range of 612 mm (6, 9, 12
mm), cutting speed in the range of 824 m/min (8, 16, 24
m/min), and cutting feed rate in the range of 0.05-0.15 mm/rev
(0.05, 0.10, 0.15 mm/rev). Therefore, 27 (3(D) x 3(V) x 3(f))
drilling experiments were carried out to measure the cutting tool
life, T.

Tool life is defined as the cutting time required reaching a
tool life criterion. This criterion to define the effective tool life
for HSS tools is recommended by the International Standards
Organization (ISO) [31]. The criterion recommended by ISO to
define the effective tool life for HSS tools is regularly worn
average flank wear of 0.3 mm or maximum flank wear of 0.6
mm. The tool life used in this study is defined as the period of
drilling time that the average flank wear land is equal to
V, =0.3mm. In the experiments, the width of flank wear land

was measured by using the tool makers’ microscope. Tool wear
was measured with a microscope after each workpiece. The
drilling was ended after each workpiece, and the drill was taken
out of the machine for measurement of the tool wear. The
average flank wear is used as the criterion to describe the drill
condition, and is attained by measuring the wear at different
points on either of the cutting edges [32]. The average flank
wear land p, is calculated by averaging two positions of the

flank wear land on the cutting edges. The evaluation of VB was

obtained using two measurements as shown in Fig. 1, and
considering their average:

_ Vs Vs,
2

v, ™

Fig. 1 Flank wear land on the drill

IV. RESULTS AND DISCUSSION

A complete set of experiments has been performed. Three
drill diameters D, (6, 9, 12 mm), three cutting speeds, V, (8, 16,
24 m/min), and three cutting feed rates (0.05, 0.10, 0.15
mm/rev) have been used.

TABLE I
EFFECT OF MACHINING PARAMETERS ON THE CUTTING TOOL LIFE (TRAINING
SET)
Drilling . . .
Test No. diameter Cutting Speed Cutting feed rate Tool Life
D (mm) V (m/min) f (mm/rev) T (s)

1 12 8 0.05 323
2 9 8 0.15 57
3 6 8 0.05 502
5 9 24 0.05 179
4 6 8 0.15 45
6 12 8 0.15 46
7 9 8 0.05 893
8 12 24 0.05 162
9 9 16 0.05 268
10 12 16 0.05 269
11 6 24 0.10 38
12 9 16 0.15 56
13 6 16 0.05 215
14 9 24 0.10 60
15 6 8 0.10 49
16 12 8 0.10 129
17 6 24 0.05 167
18 9 16 0.10 71
19 12 24 0.10 57
20 6 24 0.15 29
21 12 16 0.15 41

In this work, flank wear value y, = 0.3mm was used as a tool

life criterion. The number of possible combinations is 3 Drill
diameters x 3 Cutting speeds x 3 Cutting feed rates. The tool
life database was collected randomly for each of the 27 drilling
experiments defined by the levels of independent variables. The
original 27 databases were arbitrarily separated into two data
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sets, training set and a testing set. The training set involved 21
records, which were used to construct the fuzzy model, and the
testing set encompassed six records, which were used to test the
validity of the fuzzy model as shown in Tables I and II,
respectively.

The model for the output (i.e. the cutting tool life) was
identified by using the input parameters. Fuzzy logic toolbox
was used to construct the fuzzy model.

TABLE II
EFFECT OF MACHINING PARAMETERS ON THE CUTTING TOOL LIFE (TESTING
SET)
]?rlllmg Cutting Cutting feed Tool Life
Test No. diameter Speed rate T (s)
D (mm) V (m/min) f (mm/rev)
1 12 16 0.10 172
2 9 8 0.10 275
3 6 16 0.15 219
4 12 24 0.15 214
5 6 16 0.10 21
6 9 24 0.15 388

The process of constructing the fuzzy model was performed
by creating of clusters in the data space. The clusters were
projected into each dimension in the input space, and each
projection outlines an antecedent of a rule. The identified first
order Sugeno fuzzy model [22] is as follows:

R :TFx, = A4 and x, = 4} and x, = 4;
THEN

Vi =y tayX, Hapx, a5, (3)

R, :IFx, = Af and x, = 45 and x, = A}
THEN

Vi =l T apX, +a5,X, +a,,%,

where the three input variables x;, x> and x3, are the drill
diameters, cutting speed and cutting feed rate, respectively.
While the output variable y;for k= 1,2, ....., k is the cutting tool
life for rule &, and aw, ax, ar, and ax were the regression
parameters [33].

The optimization of the system modeling, however, can be
determined by finding the optimum range of the clustering
parameters. Therefore, several searches were carried out on
parameters such as the squash factor (), cluster radius (ra),

acceptance ratio (&) and reject ratio (&) as. Backpropagation
optimization method was used to train the FIS [26].

Fig. 2 shows the backpropagation error versus the number of
rules. Fig. 2 displays that the value of error is nearly fixed after
the number of rules equal 9. Numerous searches are carried out
on parameters such as the cluster radius, reject ratio, acceptance
ratio and squash factor to optimize the system modeling.

The found fuzzy model is able of predicting the tool life for
a given set of inputs. Therefore, the operator can predict the

cutting tool life for a certain set of cutting parameters as seen in
Fig. 3.
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Fig. 2 Number of rules versus backpropagation error

The model is verified by comparing the fuzzy output with
testing set and with the training set used to construct the fuzzy
model. The results of these tests are in good agreement with
those forecasted using the fuzzy model as shown in Figs. 4 and
5. Fig. 4 shows a comparison of the fuzzy model output with
the training data, while Fig. 5 compares the fuzzy model output
with the testing data for the tool life. As it can be seen in Figs.
4 and 5, the average training error is about 0.0018416 s, while
the average testing error is about 5.9696 s, respectively.

V.CONCLUSIONS

In the present study, a subtractive clustering fuzzy
identification method and a Sugeno-type fuzzy inference
system were used to model and predict the tool life in drilling
of reinforced aluminum alloy composite. The following
conclusions can be drawn from the present investigation:

1. This study establishes relationship between the input and
output parameters in drilling of AlO; particle reinforced
aluminum alloy composite.

2. A subtractive clustering based fuzzy identification method
and a sugeno type fuzzy inference system are used for
modeling and predicting the cutting tool life. The model for
the cutting tool is identified by using the drill diameter,
cutting speed and cutting feed rate as input data and cutting
tool life as the output data.

3. The results of this research work illustrated the capability
of fuzzy modeling as prediction technique to estimate the
cutting tool life in drilling of ALOs particle reinforced
aluminum alloy composite. The ability to forecast the
cutting tool life during drilling is essential for the
optimizing of cutting conditions. Fuzzy modeling of the
cutting tool life will introduce a better knowledge of the
influence of process parameters on cutting tool life. This
knowledge can help in optimizing of cutting conditions and
controlling tool change strategies when the process
parameters are adjusted.
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Fig. 4 Comparison of fuzzy model output with training data for the cutting tool life
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Fig. 5 Comparison of fuzzy model output with testing data for the cutting tool life
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