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Abstract Economic globalization, together with height-
ened market competition and increasingly short product life
cycles are motivating companies to use advanced manufac-
turing technologies. Use of high speed machining is increas-
ingly widespread; however, as the technology is relatively
new, it lacks a deep-rooted knowledge base which would
facilitate implementation. One of the most frequent prob-
lems facing companies wishing to adopt this technology is
selecting the most appropriate machine tool for the product
in question and own enterprise characteristics. This paper
presents a decision support system for high speed milling
machine tool selection based on machine characteristics and
performance tests. Profile machining tests are designed and
conducted in participating machining centers. The decision
support system is based on product dimension accuracy, pro-
cess parameters such as feed rate and interpolation scheme
used by CNC and machine characteristics such as machine
accuracy and cost. Experimental data for process error and
cycle operation time are obtained from profile machining
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tests with different geometrical feature zones that are often
used in manufacturing of discrete parts or die/moulds. All
those input parameters have direct impact on productivity
and manufacturing cost. Artificial neural network models are
utilized for decision support system with reasonable predic-
tion capability.

Keywords Decision support system · High speed
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List of symbols

MT Machine tool
SG Machine guide system
E Machine configuration
TC Temperature control
G Geometrical feature
A Machine tool acceleration
V Volume
V f Feed rate
I Interpolation scheme used by CNC
T Tool holding system
Em Machine tool accuracy/error
E p Process error
tc Process time
C p Process cost
CMT Machine tool cost

Introduction

To be competitive, today’s companies need to create added
value, producing high quality products and services rapidly,
at a cost which is compatible with demand, while contin-
uously striving to improve efficiency. Companies need to
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emphasize rapid product development together with short
manufacturing cycles and delivery times.

In recent years, many companies have invested substan-
tially in advanced manufacturing technologies. Foremost
among these has been high speed machining (HSM) tech-
nologies (Aspinwall et al. 2001). Although HSM is similar
to traditional machining in conceptual terms, it differs in that
it employs much higher cutting and feed rates, while reducing
pass depth.

Companies have invested in high speed machining tools
in the hope of achieving a significant reduction in product
manufacturing time, together with improved product quality
and reduced costs (Jung 2002). However, the return on these
investments has, in general, been difficult to evaluate.

The decision to invest in high speed machining tools
requires detailed analysis of its advantages and disadvan-
tages. This analysis must also consider the use of the tech-
nology in a given production context and the requirements
of the products to be manufactured. Here the problem is the
scarcity of available data to inform this evaluation, since the
technology is relatively new. Sufficient studies have not yet
been carried out on benefits of high speed machining, and
many aspects of the technology remain unstudied or have
yet to be optimized (López de Lacalle et al. 2004).

There exists a very wide range of machine tools, machin-
ing centers and numerical control devices on the market,
all with a range of configurations, and capable of accom-
modating additional functions and applications. Faced with
such variety, choosing the most appropriate machine tool and
numerical control is anything but easy.

A review of the literature reveals several papers describ-
ing decision support systems in the realm of machine tools,
although most are focused on process and material selection.
Of most interest among these articles are those of Brown
and Wright (1998) and Smith et al. (2003), who developed
an Internet-based Manufacturing Analysis Service (MAS).
This tool determines the most appropriate manufacturing
processes for production of a given workpiece on the basis
of design parameters. Also of interest is MAMPS (Giachetti
1998), a system for process and material selection which per-
mits calculation of a compatibility ratio between the product
requirements and alternative manufacturing configurations.
It permits selection of a range of manufacturing processes
and materials ranked according to compatibility. Kaschka
and Auerbach (2000) presented a decision support method-
ology for production chain processes based on prototype
and model production. Keung et al. (2001) presented an
approach machine tool selection problem using genetic algo-
rithm. Önüt et al. (2008) has used fuzzy logic to solve also
machine tool selection problem. Chan and Swarnkar (2006)
has used other genetic algorithms such as ant colony optimi-
zation to carry out machine tool selection and Baskar et al.
(2006) describes development and utilization of an optimiza-

tion system, which determines optimum machining parame-
ters for milling operations optimization procedures based on
the genetic algorithm, hill climbing algorithm and memet-
ic algorithm. And finally, Bock (1991) described CAMPS
(computer aided material and process selector).

Although the issue of selecting the most appropriate
machine tool has been widely dealt with in the literature
(Ayağ and Özdemir 2006), it must be borne in mind that
much of this work concerns selection of a single machine
from among sets of machines available in a given produc-
tion plant. These papers, including those by Tabucanon et al.
(1994); Lin and Yang (1996); Chung and Peng (2004) and
Chtourou et al. (2005) are mainly applicable to flexible man-
ufacturing cells as a component of Computer Aided Process
Planning. Therefore, their objective is different to that of this
article. However, all machine tool selection processes depend
to some extent on product characteristics, and in this light,
these papers do serve to provide a frame of reference for our
purposes here.

In addition to the above-mentioned articles, work has also
been done on machine selection from the perspective of pur-
chasing new equipment, a subject area which is closer to that
of this article. However, these papers are much fewer in num-
ber. Chief among them are articles by Yurdakul (2004), Duran
and Aguilo (2008) and Arslan et al. (2004). The former devel-
oped an analytic hierarchy process (AHP) tool for selection
of a machine tool bearing in mind the strategic implications
for the company. The latter, in contrast, was based on the
multi-criteria weighted average, and considers the implica-
tions of machine choice in terms of company flexibility and
production capacity. Yurdakul and Tansel (2009) improves
work by using Spearman’s test, which evaluates the similar-
ity of the outcomes (rankings of the machine tools for various
cases) of the TOPSIS approach.

The main objective of this article is to present a system-
atic methodology for selecting the most efficient high speed
machining center for a given product to be manufactured
by considering machine tool’s characteristics. This method-
ology will be utilized in decision making by incorporating
the main issues to be borne in mind when investing in such
machine tools.

To achieve this objective, the precision and accuracy of the
parts machined must be modeled in relation to the settings
of the machine tools used in their manufacture.

The paper focuses on the optimum decision tool structure
to facilitate selection of most efficient high speed machining
center. The function of a decision tool is to assist non-special-
ists in a given area to make decisions, providing maximum
reliability and ease of use. However, it is important to empha-
size that these systems are not designed to substitute human
experience, rather they are intended to facilitate human deci-
sion making by reducing the number of factors to be taken
into account.
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The paper also proposes use of artificial neural networks in
modeling the relations between desired part geometry to the
characteristics of the high speed machining centers in terms
of accuracy and machining time. In addition, new test pro-
files are added obtained from additional HSM centers than
those considered in other works (Albertí 2007).

Experimental procedure

Unlike traditional machining, data facilitating choice of high
speed machining tools for particular applications are scarce.
The selection process is not easy, given that final product
quality and production cost is determined by numerous dif-
ferent factors (Vivancos et al. 2004; Albertí 2007): the mate-
rial to be machined, the type of tool and tool-head, the cutting
conditions, the tool’s dynamic characteristics, the numerical
control device, the type of interpolation employed for curved
sections, etc. From operator skill to quality of the CAD model
(which serves as the basis for the NC program) or the quality
of machine maintenance, are all factors which may have a
determining effect on the final product.

The combination of these factors determines the final val-
ues of two especially important parameters for HSM man-
ufacturing processes: cycle time and dimensional accuracy
(Altan et al. 2001; Albertí 2007). These parameters have a
major bearing on productivity and dimensional error, respec-
tively.

Clearly, exhaustive analysis of all the factors influenc-
ing these parameters would require an enormous volume of
experimental work. Several studies (Dagiloke et al. 1995;
Raj Aggarwal 1995) have shown how some of these factors
are more influential than others. Therefore, in this paper, the
analysis will only consider the most important factors, these
being:

• Machine configuration, which determines dynamic
behavior.

• Cutting conditions, specifically programmed feed, since
this determines whether the work can be classified as high
speed or not.

• Whether linear or circular interpolation is employed in
NC programs.

• Whether tool-holding is by mechanical or thermal means.
This factor does not influence cycle time but does have a
bearing on dimensional accuracy.

Experimental set up

For the purpose of analysis, a full factorial 23 experimen-
tal design was employed as shown in Table 1. This trial
entailed machining a given test part or geometrical form with

Table 1 Experimental design matrix applied to each machine tool

Test Tool-holding Interpolation scheme Feed rate
(m/min)

1 Mechanical Linear 3.5

2 Mechanical Linear 5

3 Mechanical Circular 3.5

4 Mechanical Circular 5

5 Thermal Linear 3.5

6 Thermal Linear 5

7 Thermal Circular 3.5

8 Thermal Circular 5

variations in fabrication conditions (cutting, tool-holding sys-
tem, and interpolation) and repetition with various machine
tools.

The results of these trials demonstrate the variations in
cycle time and dimensional error parameters under different
manufacturing conditions and in different machine tools
(i.e. machine MT1-MT5). Cycle time is obtained directly
from the numerical control device timer, while dimensional
error requires measurement of the finished product of each
trial by means of a coordinate measuring machine. This
approach permits quantification of deviation from ideal sur-
face measurements.

These tests only concerned with milling of aluminum
alloys, a widespread application in the moulds and form-
ing tools industry such as the moulds used in blow forming.
Machined aluminum test piece that was originally proposed
by a machine tool manufacturer for testing purposes is shown
in Fig. 1. The data obtained from these tests will provide the
input for the decision support system (DSS).

The tool used was especially designed for machining alu-
minium with a silicon content of less than 12%. It is a long
carbide milling cutter, with a TiAlN multilayered coating and
12% Co/CCm-2 micrograin material, with a spherical head,
a helix angle of 30◦ and two cutting edges. The tool and its
dimensions are shown in Fig. 2.

Determining the acceleration of each machine tools

In order to determine acceleration in each of the high speed
machining centers a simple blank test was performed (see
Fig. 3). This comprised measuring the total time taken by
the tool to complete the path corresponding to a square of
known side with length (l) at a given feed rate (V f ). Use
of mathematical models based on equations of motion under
uniform acceleration and constant velocity enable calculation
of acceleration, bearing in mind that at the moment when the
tool changes direction, feed rate is zero. The tests were per-
formed at two different feed rates, 3.5 and 5 m/min. Although
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Fig. 1 Machined workpiece with the test profiles

acceleration is independent of feed rate, this replication per-
mitted confirmation of results obtained.

In this study, a sufficient number of tests have been carried
out to proposed decision support tool for machine tool selec-
tion. Future tests are also planned to enhance the proposed
system usability, gradually working towards construction of
a complete system.

Process error

Test workpiece profile was divided into geometrical sections
with several zones (i.e. zones A1, A2, B1, B2, C) aiming to
obtain more specific analysis of the test results. Each zone
contains points in which measurements were taken and error
value was calculated by comparison with theoretical values
extracted from the CAD and tolerance rankings are estab-
lished for each point. The dimensional accuracy data have
been entered into the Reproducibility Test© software to ana-
lyze the results obtained in each zone of the profile measured.
This software allows upper or lower tolerance intervals to be
assigned, and for each case determines which of the measured
points are found outside this interval then by difference the
error can be calculated. Table 2 and Fig. 4 show classification

(0,0) (20,0)

(0,20) (20,20)

Fig. 3 Experimental tool path to determine machine acceleration
(units are in mm)

Table 2 Geometrical features on the test workpiece profile

Zone Geometrical feature Points

From To

A1 Open convex curve 1 11

A2 Open concave curve 13 25

B1 Narrow convex curve 35 38

B2 Narrow concave curve 40 42

C Vertex 48 50

zone considered and points evaluated along the test profile.
Figure 4 shows how each zone is called, and their area is
shown with a red circle.

Experimental results

Results obtained in the experimental work were divided into
two groups: (1) those concerning with the machine tool char-
acteristics and (2) those concerning with the machined pro-
cess parameters.

Table 3 shows results for machine tool characteristics
mainly obtained from the catalogue information of the
machine tool manufacturers. However there is the Acceler-
ation parameter (A) which was analyzed by conducting the
experiments described in Section “Determining the acceler-
ation of each machine tools”.

By utilizing the three factor–two level factorial design
explained in Section “Experimental set up” experimental
results were obtained for different feed rate, tool holding
and interpolation scheme used by the CNC unit as shown in
Table 4. In this table, the experimental results are given for
each geometrical feature zone as well as each machine tool.
Process error values given in Table 4 are measured and cal-
culated differences between upper and lower tolerance levels

Fig. 2 Tool used in the
experiment

l1 80
l2 16
l3 35
d1 f8 8
d2 h6 8
d3 7.4
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Fig. 4 Geometrical feature
zones
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Table 3 Machine tool characteristics

Machine
tool
number

TC, tem-
perature
control

Em ,
machine
accuracy
(mm)

A1,
acceleration
(mm/s2)
V f = 3.5 m/min

A2,
acceleration
(mm/s2)
V f = 5.0 m/min

V, volume
(m3)

CMT , machine
tool cost
(euros)

MT1 No 0.001 198.993 456.650 0.306 92.700

MT2 Yes 0.005 – – 0.080 190.080

MT3 Yes 0.008 934.936 757.576 0.470 236.737

MT4 Yes 0.007 500.00 600.00 0.385 170.000

MT5 Yes 0.010 1035.811 986.553 0.192 118.835

in corresponding zones along the machined test profile for
each machine tool.

The experiments were not replicated because the full fac-
torial design of experiments takes long time and significant
cost, even with a single run. In addition, tool wear becomes
an additional factor during the replications making the results
more complicated to be analyzed. Since the experiments are
not replicated there is some level of uncertainty in the results
presented.

Analysis of the experimental results

Experimental results are discussed in this section. First exper-
imental process errors given in Table 4 are presented in sev-
eral charts with respect to each machine tool. Each chart is
based on a set of fixed feed rate, interpolation scheme and tool
holding conditions. Process error values for thermal holding
are in average lower than that of mechanical tool holding,
indicating that thermal tool holding method produces better
precision.

The effect of feed rate on process error can be analyzed
from Fig. 5. The first two rows of Fig. 5 concern with the feed
rate of 3.5 m/min whereas the last two rows are with 5 m/min.
In general higher feed rate produced lower process error. This
could be due to climb milling strategy adopted in these tests
(see Fig. 1). Climb (or down) milling tends to generate better
surface finish and smaller process error. Its influence on the

precision is greater at higher feed rate condition of 5 m/min
as evident from these charts.

At last, a comparison between circular and linear inter-
polation schemes that are used by CNC unit can be made
using the results presented in Fig. 5. Lines 1 and 3 corre-
spond to a circular interpolation scheme, while lines 2 and
4 refer to a linear interpolation scheme. It can be seen that
in average values for the circular interpolation scheme are
lower whereas values for the linear interpolation scheme are
higher. There are some machines for which such difference
is more difficult to check, but in general values for a cir-
cular interpolation scheme are lower. It could be concluded
that circular interpolation is better than linear interpolation
scheme because process error values in average are lower
when only circular interpolation is used to machine the test
profile.

Figure 6 is a 3D plot of geometrical feature zone and
machine tool effects on process error. All five machine tools
have similar trends for process error as it is shown in this fig-
ure. In general, the process error is smaller in Zone B1 than
others. Also geometrical features Zones A1, A2, B1, B2 and
C have similar trend for process error where Zones B1 and
C have almost the same process error value for all different
machine tools. Male or core geometrical features in moulds
and dies such as Zones B1 and C are rather easily machined
than female or cavities geometrical features such as Zone
A2 or B2, which maybe the reason why process error val-
ues in Zone B1 and C are more stationary than others. This
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Table 4 Process error for each machine used in the experiments

Test Feedrate Interpolation Tool-holding Zone MT1 MT2 MT3 MT4 MT5
(m/min) (mm) (mm) (mm) (mm) (mm)

1 3.5 Circular Mechanical A1 0.060 0.065 0.220 0.045 0.120

2 3.5 Circular Thermal A1 0.145 0.065 0.140 0.040 0.095

3 3.5 Linear Mechanical A1 0.115 0.070 0.240 0.135 0.085

4 3.5 Linear Thermal A1 0.090 0.065 0.175 0.065 0.065

5 5 Circular Mechanical A1 0.130 0.070 0.180 0.055 0.045

6 5 Circular Thermal A1 0.165 0.070 0.120 0.045 0.170

7 5 Linear Mechanical A1 0.090 0.075 0.205 0.145 0.135

8 5 Linear Thermal A1 0.130 0.070 0.155 0.065 0.080

9 3.5 Circular Mechanical A2 0.050 0.075 0.175 0.060 0.315

10 3.5 Circular Thermal A2 0.100 0.070 0.110 0.045 0.120

11 3.5 Linear Mechanical A2 0.085 0.070 0.195 0.190 0.080

12 3.5 Linear Thermal A2 0.065 0.075 0.135 0.045 0.075

13 5 Circular Mechanical A2 0.100 0.080 0.140 0.050 0.060

14 5 Circular Thermal A2 0.115 0.075 0.060 0.060 0.270

15 5 Linear Mechanical A2 0.070 0.075 0.160 0.245 0.140

16 5 Linear Thermal A2 0.095 0.070 0.125 0.055 0.070

17 3.5 Circular Mechanical B1 0.025 0.015 0.055 0.045 0.055

18 3.5 Circular Thermal B1 0.045 0.010 0.060 0.040 0.065

19 3.5 Linear Mechanical B1 0.035 0.015 0.065 0.155 0.040

20 3.5 Linear Thermal B1 0.025 0.025 0.040 0.035 0.035

21 5 Circular Mechanical B1 0.040 0.015 0.035 0.050 0.040

22 5 Circular Thermal B1 0.055 0.015 0.055 0.025 0.045

23 5 Linear Mechanical B1 0.030 0.015 0.045 0.165 0.060

24 5 Linear Thermal B1 0.035 0.030 0.040 0.035 0.040

25 3.5 Circular Mechanical B2 0.020 0.035 0.090 0.020 0.295

26 3.5 Circular Thermal B2 0.105 0.035 0.100 0.020 0.560

27 3.5 Linear Mechanical B2 0.065 0.020 0.095 0.140 0.080

28 3.5 Linear Thermal B2 0.060 0.020 0.120 0.015 0.050

29 5 Circular Mechanical B2 0.085 0.035 0.110 0.025 0.045

30 5 Circular Thermal B2 0.125 0.035 0.095 0.020 0.515

31 5 Linear Mechanical B2 0.060 0.020 0.115 0.150 0.135

32 5 Linear Thermal B2 0.100 0.020 0.110 0.025 0.050

33 3.5 Circular Mechanical C 0.120 0.130 0.160 0.125 0.095

34 3.5 Circular Thermal C 0.140 0.130 0.130 0.130 0.080

35 3.5 Linear Mechanical C 0.145 0.135 0.160 0.130 0.130

36 3.5 Linear Thermal C 0.130 0.130 0.135 0.115 0.125

37 5 Circular Mechanical C 0.150 0.130 0.140 0.115 0.120

38 5 Circular Thermal C 0.150 0.135 0.120 0.120 0.135

39 5 Linear Mechanical C 0.135 0.115 0.150 0.110 0.160

40 5 Linear Thermal C 0.145 0.130 0.145 0.110 0.120

machining effect is also seen in geometrical feature zone A2
which in average has the highest process error value. Highest
process accuracy, based on the input parameters used in this
work, seems to be reached by machine tool MT2.

Figures 7, 8, 9, 10, 11 show effects of five different input
factors used in this work on process error data by using

notched Box plots. Box plots have several graphic elements.
Lower and upper lines of the “box” are the 25th and 75th per-
centiles of the process error samples. The distance between
the top and the bottom of the box is the interquartile range.
The line in the middle of the box is the sample median. The
“whiskers” are lines extending above and below the box. They
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Fig. 5 Process error versus
zones for each machine tool
conditions
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show the extent of the rest of the sample (without the out-
liers). “Whiskers” are defined as 2 times of the interquartile
range lengths. The plus sign at the top of the plot is an indi-
cation of an outlier in the data. This point may be the result
of a data error such as a poor measurement or a change in the
system that generated the data. Experimental data presented

in Table 4 is directly utilized in a Matlab code to generate
box plots shown in Figs. 7, 8, 9, 10, 11.

Specifically, Fig. 7 shows machine tool effect on mean and
variation of the process error. It also reveals how machines
perform differently than each other for machining the very
same profile. The “box” plot is more normal for machine
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tools MT1 and MT3 where mean value is well centered in
the interquartile range. However, best accuracy is obtained
with machine tool MT4 where mean process error value is
the lowest. While machine tool MT2 provides the lowest pro-
cess error “box”. Machine tool MT5 has an outlier identified
in zone A2 which is related to cavity geometrical feature
as a difficult machining zone. Indeed, larger process error
variation is seen for the machine tool MT5.

This figure also raises an important issue about the general
machine tool accuracies. Machine tool manufacturers claim
accuracies usually between 5 and 15 microns whereas pro-
cess errors measured in this particular study show significant
difference ranging between 50 and 100 microns as shown in
Fig. 7. This difference may be due to the quasi-static tests
mostly performed by machine tool manufacturers.

Figure 8 shows feed rate box plot, in which effect of
feed rate values of 3.5 and 5.0 m/min on process error can
be compared. Both feed rate inputs give similar mean pro-
cess error values and location of 50% of the data. There is
only one little difference between feed rate inputs concern-
ing to higher process error variation when feed rate is low
level.

Figure 9 shows machining zone effect on mean and varia-
tion process error. Machining zones B1 and C which are con-
sidered core/male geometrical feature zones have the lowest
process error variation. Although zone B1 has the lowest
mean process error, there exist two outliers. Geometrical fea-
ture zones A1, A2 and B2 give highest process error values
with large range of box, whiskers and outliers.

Figure 10 shows interpolation scheme used by the CNC
unit and its effect on process error mean and variation. Cir-
cular interpolation scheme seems slightly better than linear
interpolation. However there are two outliers for circular
interpolation scheme.

Figure 11 shows tool holding effect on process error mean
and variation. It is evident that thermal tool holding provides
significantly better accuracy than mechanical tool holding.
This result is well known because thermal tool holding used
to provide better accuracy in high speed milling operations.

Figure 12 shows how all machines tools have similar
behavior when feed rate and interpolation scheme effect on
cycle (machining) time is considered. All the machine tools
have better cycle operation time when circular interpolation
scheme is used. As it is expected all machine tools resulted
in less cycle operation time when high level of feed rate is
used.

Decision support model for machine tool selection

The aim of this work is to develop a multi-attribute decision-
making program, although in this case the decision support
tool mainly will be used for selection of the most suitable high

speed machining tool. Selections of the process and machine
tool conditions were also based on the artificial neural net-
work (ANN) models as describe in Section “Neural network
modeling”. The core of the decision model is the neural net-
work models that are developed by using the experimental
results.

Decision support model architecture

The machine tool selection decision model accommodates
three types of variables:

• Product variables: product specifications, both design
and production. Dimensional accuracy is a key factor but
also material, shape and size of product are important.

• Machine variables: It is related to machine configuration.
At this stage of the model development the only machine
variable accommodated is acceleration, although the
structure (vertical or horizontal, column or arch-shaped,
etc.) and the table guidance system are also important
factors but they are fixed depending on machine tool
selected.

• Process variables: This is related to how manufacturing
is carried out. Interpolation scheme used by the CNC
unit such as linear or circular and feed rate are the main
factors considered in this work. Another factor used in
experimental work is tool holding type employed such as
mechanical o thermal, which could either be considered
a process or machine variable, since it forms part of the
tool-workpiece interface. In this case, it has been consid-
ered a process variable, since a single machining centre
can use various types of tool holding in line with process
requirements.

The flow chart of the decision model is shown in Fig. 13.
It comprises two main decision engines, each with artificial
neural network models.

The machine tool selection decision model is supported
by analyzing machine tool accuracy/error and process errors.
Each error is a result of a set of variables. Those variables are
classified by their nature (i.e. machine or process related) as
follows:

• Machine tool accuracy/error (Em): Machine tool accu-
racy is a result of machine tool structure and configuration
(including structural errors, misalignments, assembly
errors, thermal errors etc.) That means the variables which
contain portions of this error are those which provided by
the machine tool manufacturer such as, machine guiding
system related (SG), machine configuration related (E),
temperature control related (TC), acceleration related (A)
and volume capability related (V ).
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Fig. 12 Effect of feed rate and
interpolation scheme on cycle
operation time distributed by
machines tools
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• Process error (E p): This error is produced by those
machining parameters utilized when process is carried
out, such as, feed rate (V f ), interpolation scheme used by
the CNC unit (I ), tool-holding system (T ) and geometri-
cal feature to be machined (G).

In addition, three more decision criteria are considered in
the decision model that are related to the processing time
during machining and machine tool cost.

• Process time (tc): This is the time used to carry out
machining operation based on operational parameters
selected such as feed rate (V f ), interpolation scheme used
by the CNC unit (I ) and acceleration (A) characteristics
of the machine tool.

• Process cost (C p): This is the cost associated with the
machining process cycle time.

• Machine tool cost (CMT ): This is actual price of the
machine tool with the configuration tested in the experi-
ments.

Neural network modeling

Neural networks are non-linear mapping systems consisting
of neurons and weighted connection links, which consist of
user-defined inputs and produce an output that reflects the
information stored in connections during training. A multi-
layer neural network consists of at least three layers: input,
hidden and output layer where inputs, pi, applied at the input
layer and outputs, ai, are obtained at the output layer and
learning is achieved when the associations between a speci-
fied set of input–output (target) pairs {(p1, a1), (p2, a2), . . .,
(pQ, aQ)}. Learning is achieved by minimizing the sum of
square error between the predicted output of the neural net-
work and the actual output (target) over a number of available
training data, by continuously adjusting and finally determin-
ing the weights connecting neurons in adjacent layers.

Backpropagation is the most commonly used training
method where the weights are adjusted according to the cal-
culated error term using steepest descent method. Properly
trained backpropagation networks tend to give reasonable
predictions when presented with inputs that are not used in
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Fig. 13 Flow chart for the machine tool selection model

training data set. Typically, a new input leads to an output
similar to the correct output for input vectors used in train-
ing that are similar to the new input being presented. This
generalization property makes it possible to train a network
on a representative set input/target pairs and provides good
predictions without training the networks with all possible
input/output pairs (Malakooti and Raman 2000; Özel and
Karpat 2005).

In this study, we have tested several backpropagation train-
ing algorithms including gradient descent with momentum
and adaptive learning method, resilient backpropagation
algorithm, and Levenberg-Marquardt algorithm (Matlab
User’s Guide 2002). The basic assumption in Bayesian
regularization is that the true underliyng function between
input-output pairs should be smooth and this smoothness can
be obtained by keeping network weights small and well dis-
tributed within the neural network. This is achived by con-

straining the size of the network weights which is referred to
as regularization which adds additional terms to the objective
function. In addition, the non-linear tanh activation functions
are used in the hidden layer and input data are normalized
in the range of [−1, 1]. Linear activation functions are used
in the output layer. The weights and biases of the network
are initialized to small random values to avoid immediate
saturation in the activation functions.

The data set is divided into two sets as training and test
sets. Neural networks are trained by using training data set
and their generalization capacity is examined by using test
sets. The training data are never used in test data. Matlab’s
neural network toolbox is used to train neural networks. Sim-
ulations with test data repeated many times with different
weight and bias initializations.

The aim of this work is to develop a multi-attribute deci-
sion-making program, although in this case the decision sup-
port tool is mainly used for selection of the most suitable high
speed machining tool. The decision support tool will be based
in two neural network models explained below in helping the
machine tool selection.

Process error neural network model

First neural network model predicts process error for given
inputs such as feed rate (V f ), interpolation scheme used by
the CNC unit (I ), tool holding system (T ), geometrical fea-
ture to be machined (G) and machine tool (MT) as shown in
Fig. 14. This neural network model is trained with 160 data
sets without including 40 data sets randomly selected from
the data given in Table 4. They are tested on 40 data sets
which are not used in training.

Training algorithms and network architectures are selected
by using a training procedure that identifies the best minimum
square error (mse) and R2 combination. Selection process
also includes identifying the most optimum training algo-
rithm and optimum number of hidden layer neurons for best
mse and R2 values. The results of this selection procedure
are summarized in Table 5.

Geometrical feature

Tool holding

Interpolation

Feedrate

Ei process 

Input layer Hidden layer Output layer

Machine tool

Fig. 14 Architecture of multilayer feed-forward neural network used
for predicting process error
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Table 5 Selection of ANN
architecture and training
algorithms for error process
prediction

Gradient descent
w/ momentum &
adaptive learning

Resilient
back-propagation

Levenberg-
Marquart

Bayesian regular-
ization

mse R2 mse R2 mse R2 mse R2

Structure 5-3-1 0.0044 0.250 0.0043 0.566 0.0034 0.677 0.0028 0.724

Structure 5-4-1 0.0038 0.446 0.0035 0.809 0.0035 0.785 0.0039 0.588

Structure 5-5-1 0.0031 0.557 0.0035 0.781 0.0038 0.841 0.0034 0.860

Structure 5-6-1 0.0032 0.562 0.0038 0.799 0.0043 0.791 0.0042 0.820

The Levenberg Marquart algorithm is found most opti-
mum for training neural networks and a network structure of
5-5-1 is found sufficient for the neural network design in pre-
dicting process error. Goal parameters utilized to design and
train the artificial neural network were to reach 0.001 up to
3000 epochs. Also 0.05 for variable learning rate parameter
were utilized.

The data set presented in Table 4 is found adequate to
train the ANN for modeling the relationships between the
machine and process variables and the process error in the
profile machining tests. Prediction simulations are arranged
with respect to feed rate, interpolation scheme, tool hold-
ing, geometrical feature zone and machine tool number by
using trained neural network models. Measured and pre-
dicted process error values using the ANN are given in
Figs. 15, 16 for Levenberg Marquart algorithm with net-
work structure of 5-5-1. These figures indicate the goodness
of predictions when the neural network models are utilized.
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Fig. 15 Comparison of process error predictions by using the network
structure of 5-5-1 with Levenberg Marquart training algorithm
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Fig. 16 Network training set by performing a linear regression for
process error by using the network structure of 5-5-1 with Levenberg
Marquart training algorithm

Process time neural network model

Second neural network model predicts process time by using
inputs such as feed rate (V f ), interpolation scheme used by
the CNC unit (I ), and acceleration (A) as shown in Fig. 17.
This neural network model is trained with 20 data sets with-
out including 5 data sets from the data in Table 6. They are
tested on 5 data sets which are not used in training.

Similar to the previous ANN model, training algorithms
and network architectures are selected for most admissible
minimum square error (mse) and R2 combination using a
training procedure. Selection process also includes identify-
ing the most optimum training algorithm and optimum num-
ber of hidden layer neurons for the best set of mse and R2

values. The results of these tests are summarized in Table 7.
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Fig. 17 Architecture of multilayer feed-forward neural network used
for time process prediction

In this case, the resilient backpropagation algorithm is
found most optimum for training neural networks and a
network structure of 3-5-1 is found sufficient for the neural
network design in predicting process time. Goal parameters
utilized to design and train the artificial neural network were
to reach 0.00001 up to 3000 epochs. Also 0.05 for variable
learning rate parameter were utilized.

The data set presented in Table 6 is very limited. However,
it is assumed adequate to train neural networks for modeling
the relationships between the machine and process variables
and process (cycle operation) time. Prediction simulations
are arranged with respect to feed rate, interpolation scheme
and machine tool number by using trained neural network
models. Measured and predicted process time values using
the ANN are given in Figs. 18, 19 for resilient propaga-
tion algorithm with network structure of 3-5-1. These fig-
ures indicate that the goodness of predictions is marginal
when the data in Table 6 is utilized. Additional process (cycle
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Fig. 18 Comparison of cycle time predictions by using the network
structure of 3-5-1 with resilient propagation training algorithm

operation) time data may be beneficial to increase the confi-
dence in predictions with the ANNs.

Conclusions

Economic globalization, along with heightened competition
among markets and increasingly short product life cycles
with high precision requirements are motivating companies
to use advanced manufacturing technologies. It is increas-
ingly important to be able to select the equipment for use
in each case swiftly and reliably, since machine tool and

Table 6 Machining time
for each profile used in the
experiments

Trial Feedrate,
(m/min)

Interpolation MT1
Time
(min)

MT2
Time
(min)

MT3
Time
(min)

MT4
Time
(min)

MT5
Time
(min)

1 3.5 Circular 17.000 14.417 14.125 15.083 17.917

2 3.5 Linear 17.266 14.867 14.708 19.800 29.538

3 5.0 Circular 14.342 12.233 11.225 12.450 14.550

4 5.0 Linear 14.700 13.133 11.550 18.817 27.991

Table 7 Selection of ANN
architecture and
backpropagation training
algorithms for time process
prediction

Gradient descent
w/ momentum &
adaptive learning

Resilient
back-propagation

Levenberg–
Marquart

Bayesian
regularization

mse R2 mse R2 mse R2 mse R2

Structure 3-2-1 3.8526 0.976 1.4737 0.993 1.6857 0.983 3.404 0.933

Structure 3-3-1 2.2548 0.983 1.3078 0.988 4.0088 0.999 6.643 0.994

Structure 3-4-1 3.2259 0.993 6.8157 0.998 81.2730 0.999 5.737 0.999

Structure 3-5-1 10.7191 0.988 1.1235 1.000 7.4645 1.000 20.900 0.999

Structure 3-6-1 6.0890 0.997 9.6143 0.999 7.6524 0.999 22.456 0.999
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Fig. 19 Network training set by performing a linear regression for
cycle time by using the network structure of 3-5-1 with resilient prop-
agation training algorithm

process induced errors can have negative impacts on pro-
ductivity and the manufacturers’ ability to capture a good
market share and sustain manufacturing of high precision
products. This trend highlights the need for decision support
systems which permit production engineers to achieve rapid
responses to machine tool and process selection issues and
determine outcomes that will arise from variations in pro-
duction parameters.

The major contribution of this work is to introduce a test
workpiece profile in order to evaluate machine tool perfor-
mance for high speed machining centers. A decision sup-
port system is also proposed by utilizing the data collected
from the implementation of the proposed methodology in
five different machining center participants. The approach
also employs artificial neural networks as a built-in intelli-
gence tool in order to be able to enhance the effectiveness
of the decision support system as more and more machining
centers participate to the tests in the future.

Some of the specific conclusions can be drawn from this
study includes:

• Process error values obtained from the machining tests
indicate that the machining accuracy could be much worse
than the machine tool manufacturer claimed accuracy val-
ues. This difference may be due to the quasi-static tests
mostly performed by machine tool manufacturers.

• As expected process error values for thermal holding
are in average lower than that of mechanical tool hold-

ing, indicating that thermal tool holding method produces
better precision.

• It is also found that process error is lower when circular
interpolation only scheme is adopted by the CNC unit.

• In general, the cavity geometrical features produced larger
process errors when compared to protrusion (core/male)
geometrical features during profile machining tests.

• Although the proposed methodology is applied in machin-
ing of aluminum alloys, it could be expanded for other
machining systems including die/mould manufacturing.

Finally, the artificial neural network was designed to select
machine tools. A more suitable ANN designed to predict
process error was through the use of the Levenberg Marqu-
art algorithm with a network structure of 5-5-1 and learn-
ing variable rate of 0.001, while ANN designed to predict
process time was using resilient backpropagation algorithm
with a network structure of 3-5-1 and learning variable rate
of 0.00001. Those proposed ANN provided a good quality
of predictions.
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