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Current technology trends in medical device industry calls for fabrication of massive arrays of microfeatures such as microchannels on to
nonsilicon material substrates with high accuracy, superior precision, and high throughput. Microchannels are typical features used in medical
devices for medication dosing into the human body, analyzing DNA arrays or cell cultures. In this study, the capabilities of machining systems
for micro-end milling have been evaluated by conducting experiments, regression modeling, and response surface methodology. In machining
experiments by using micromilling, arrays of microchannels are fabricated on aluminium and titanium plates, and the feature size and accuracy
(width and depth) and surface roughness are measured. Multicriteria decision making for material and process parameters selection for desired
accuracy is investigated by using particle swarm optimization (PSO) method, which is an evolutionary computation method inspired by genetic
algorithms (GA). Appropriate regression models are utilized within the PSO and optimum selection of micromilling parameters; microchannel
feature accuracy and surface roughness are performed. An analysis for optimal micromachining parameters in decision variable space is also
conducted. This study demonstrates the advantages of evolutionary computing algorithms in micromilling decision making and process optimization
investigations and can be expanded to other applications.

Keywords Medical device; Microchannels; Micro-end milling; Particle swarm optimization.

Introduction

The current trends in development of microproducts
require integration of design, manufacturing processes, and
assembly at a micrometric scale [1]. Taking into account
that one of the emerging opportunities in manufacturing
is the field of biomedicine (or medical devices), there
is a growing need to work with close tolerances, fine
features and certain textures. According to Robinson
et al. [2], mechanical micromachining has the potential to
become a successful small scale manufacturing process.
Mechanical micromachining is defined as mechanical
cutting of features with tool engagement less than 1 mmwith
geometrically defined cutting edges. This technology has
numerous characteristics similar to traditional machining;
however, mechanical micromachining poses a great number
of challenges mainly due to size or scale effects [3].
Productivity, dimensions, topography and quality surface
finishing of micromachining are affected by several factors
such as microstructure, chip formation, tool wear, cutting
forces, etc. The analysis of these factors has generated
numerous research studies over the past several decades.
Work material microstructure effects play a critical role

in micromachining. Furuwaka and Moronuki [4] suggested
setting the depth of cut at about ten times the grain size of the
specific material in order to avoid crystallographic influence
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of grains and obtain a good quality finish. Shimada et al.
[5] studied the interaction between tool edge and workpiece
material. Using molecular dynamics, they found that the
kinetic energy imparted to the workpiece is far greater than
the cohesive energy of the workpiece; the simulations were
conducted with cutting speeds at 2000m/s. Vogler et al.
[6] also recognize the tool edge and workpiece material
grains become comparable in size. Additionally Vogler
et al. [7, 8] studied the microstructure effects of single
and multiphase materials on surface generation and cutting
force in a micro-end milling process. They confirmed
that the edge radius effect contributes significantly to
surface generation due to a minimum chip thickness,
particularly for single phase materials. Popov et al. [9]
investigates the effects of material microstructure on part
quality in micromilling. They modified an aluminium
alloy mechanically and metallurgically in order to observe
the response of machining in microscale with these
conditions. The investigation has shown that, through
refinement of material microstructure, it is possible to
improve considerably the surface integrity of the machined
microfeatures. Respectively, roughness of microfeatures is
highly dependent on the material grain size. In the case of
steel mold fabrication, Schmidt et al. [10] propose that the
material has to be heat-treated before microcutting to obtain
reasonable surface finish.
Other research works on minimum chip thickness find that

both isotropic and anisotropic cutting are greatly influenced
by the ratio of the depth of cut to the effective cutting
edge radius of the tool. In micromachining, the edge radius
of the tool tends to be in the same order-of-magnitude as
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404 E. VÁZQUEZ ET AL.

the chip thickness. Son et al. [11] propose a cutting model
in which the tool edge radius and the friction coefficient
are the principal factors determining the minimum cutting
thickness with a continuous chip. According to the model,
a smaller edge radius and a higher friction coefficient make
the cutting depth thinner. The study by Weule et al. [12]
found that minimum chip thickness (or minimum cutting
depth) depends on two variables: primarily, on sharpness
of the tool and, secondarily, on material properties. Kim
et al. [13] observed that if the feed rate is too low, a chip
is not necessarily formed by each revolution of the tool.
Additionally, they concluded that a tool rotation without the
formation of a chip is due to the combined effects between
the ratio of cutting edge radius to feed per tooth and the
lack of tool rigidity.
In micromachining, burr formation is another critical

factor on surface finish. According to Mian et al. [14]
the defect depends principally on the workpiece material
in terms of ductility, cutter geometry, cutting parameters,
tool wear, and shape of workpiece. Burrs frequently occur
when micromachining hard materials due to increased tool
wear [12]. Lee and Dornfeld [15] found that up-milling
commonly creates smaller burrs than down milling. Chern
et al. [16] studied burr formation in micromachining using
microtools fabricated by micro-EDM. In order to avoid
severe burr formation, they suggested keeping both the axial
engagement and the feed at a minimum. Aramcharoen and
Mativenga [17] investigated the influence of the size effect
on product quality in micromilling of H13 hardened tool
steel. They conclude that the burr size decreases with an
increase in the ratio of undeformed chip thickness to the
cutting edge radius.
The small depth of cuts in micromachining significantly

increases friction between the tool and the workpiece,
resulting in thermal growth and wear [18]. This
phenomenon has been studied with neural networks. Tansel
et al. [19] trained artificial neural networks (ANNs) in order
to predict tool wear using cutting force and wear data. The
aim of the ANNs was to estimate tool condition in the
micromachining of steel and aluminium. The limitation of
this approach is that it requires ample experimental data to
train the ANNs and is generally inconsistent with different
material and cutting conditions. Weule et al. [12] reported
similar observations about tool wear in micro-milling for
cutting soft and hard workpiece.
One of the obstacles in mechanical micromachining is

the tool deflection by the cutting force generated during
machining. Some researchers such as Dow et al. [20] studied
the tool deflection and bending stress. They conclude that
the forces generated during micromilling with a miniature
ball-end cutter are relatively small (less than 10N) due to
small chip load, limited size, and strength of the tool edge.
However, tool deflections can be a significant source of
profile error because of low tool stiffness. Bao and Tansel
[21] investigated the cutting force characteristics of micro-
end milling operation with tool run-out. They developed
an analytical cutting force model in order to estimate the
cutting force characteristics. Similarly, previous work [22]
related to an experimental analysis of process parameters in
order to fabricate metallic microchannels by micromilling

exhibit that one potential explanation for the rounding of
the microchannel bottom is the tool deflection.
Özel and Liu [23] proposed a process planning guideline

for successful microend milling of cavities on metal molds.
Interrelation between process parameters (feed per tooth,
axial depth of cut, radial depth of cut, spindle speed)
and achieved process performance has been analyzed for
a variety of cutting tool edge radii. They introduced
a sequential process planning consisting of roughing
and finishing operations to achieve prescribed process
performance specifications.
Jauregui et al. [24] have compared different

manufacturing processes which included an evaluation that
consists of a comprehensive study of surface quality and
topography, conducted with the help of advanced contact
and noncontact profilometers over each prototype that was
evaluated. Also economical considerations have been taken
into account in order to choose the most appropriate
manufacturing process for the prototyping of microfluidic
devices.
Finally, there are research studies such as the work by

Ciurana et al. [25] related to laser micromilling, specifically
addressing the relation between process parameters and
quality characteristics. They used a pulsed Nd:YAG laser
system and AISI H13 hardened tool steel as work material.
Multiple linear regression and ANN models were developed
for predicting surface roughness and geometrical and
dimensional features. In addition, multiobjective particle
swarm optimization of process parameters for obtaining
minimum surface roughness and minimum volume error
was carried out.
The work presented in this article provides much

needed insight for improving the micromilling as a viable
micromanufacturing process. Selection of machining system
and process parameters for the most desired accuracy,
geometry shape, surface finish, and cost are optimized by
using experimental models and the PSO method. It is highly
useful to capture the influence of milling process parameters
such as spindle speed �N �, depth of cut per pass �ap�, axial
depth of cut �d�, feed per tooth (fz�, and coolant application
on desired dimensions and surface roughness and develop
a predictive system which identifies the optimum set of
process parameters.

Experimental setup

The milling center used to perform the experimentation
was a Deckel-Maho© 64V Linear (3-axis, vertical spindle,
and FANUC 180i controller). In order to minimize errors,
heat-shrink fit toolholders were used in all experiments
(see Fig. 1). The workpiece material tested in this study
was an aluminium alloy (AL-7075) and titanium (Ti-6Al-
4V) alloy with hardness values of 21 HRB and 107 HRB
(32 HRC), respectively. The material was selected in order
to produce microparts based on replication technologies
using micromoulds for medical device fabrications. The
experiments were carried out machining microchannels
of 200�m in width and 50�m or 100�m in depth
(Fig. 2). A micro-end mill cutting tool of 200�m diameter
(Mitsubishi© MS2SSD0020) was tested (see Fig. 3). Table 1
shows the geometric characteristics of this micro-end mill
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SWARM INTELLIGENT SELECTION 405

Figure 1.—Micro-end mill tool, tool holder, and milling center experimental
setup.

Figure 2.—Microchannel design.

Figure 3.—Micro-end mill cutter represented schematically.

cutter. A conventional coolant based on mineral-oil was
used (CUTTINSOL 5 by COLGESA©�. Table 2 shows the
technical data for this coolant.
Dimensional measurements were performed with an

optical microscope (LEICA DMR-XA) attached to camera
bodies (NIKON F90 and RICOH X-RX3000) and digital
video with a SONY DXC950-P of 3CCD camera for the
collection of digital images. These images were numerically
processed using the Quartz PCI© software, version 5. Other
measurements for channel cross-sections were done with
destructive tests. The measurement of surface roughness
parameter �Ra� on the microchannel bottom surface was
conducted with a stylus instrument (Mitutoyo SV2000
Surftest equipment), with a cut-off of 0.8mm, in accordance
to ISO/DIS 4287/1E. The ability to obtain the most

Table 1.—Geometric characteristics of the micro-end mill cutter.

Corner geometry S: Gashed land edge
Coating MS: (Al, Ti)N
Tool interference corner (B2) [�] 15
Cutting diameter (D1) [mm] 0.2
Shank diameter (D4) [mm] 4
Overall length (L1) [mm] 40
Under shank length (L2) [mm] 7.8
Neck length (L3) [mm] 0.7
Length of cut (ap) [mm] 0.3
Number of flutes 2

Table 2.—Technical data for the coolant.

Theoretical
content of
mineral oil %

Corrosion protection
DIN 51,360, Part 2
0% oxide to � � � %

concentration
PF value at 5%
of concentration

Refractometer
correction
value

50 6 9.2 2

Figure 4.—Mitutoyo SV2000 Surftest equipment with lamp and magnifying
glass.

precise and rapid surface measurements by profilometer is
affected due to the reduced scale of microchannels. As a
consequence, the profilometer stylus inside microchannel
cannot be seen with the naked eye. In order to compensate
this difficulty, measurements required a magnifying glass
and intense illumination in the direction of workpiece.
Figure 4 illustrates the process of measuring the surface
finish at microchannel bottom surface.
The variable factors of interest in this study are shown

in Table 3 (according to tool supplier’s suggestion for
the workpiece). The design of experiments was defined
as full factorial with five variable factors and two levels
per variable factor. The response variables are the surface
roughness, Ra [�m] at the bottom of the microchannel,
microchannel width dimension, w [mm], microchannel
depth dimension, d [mm], angle A, angle B (desired
dimensions are Ad = 90� and Bd = 90�), and microchannel
shape as indicated in Fig. 5. The experimental results
obtained in micromilling of aluminium alloy AL7075 and
titanium alloy Ti-6Al-4V are given in Tables 4 and 7,
respectively. The experiments are run at dry micromilling
and wet micromilling conditions. The images of the cross-
sections of channels machined are also given in Tables 5
and 6 for aluminium alloy AL7075, and Tables 8 and 9 for
titanium alloy Ti-6Al-4V.

Table 3.—Variable factors and factor levels of micromilling of channels.

Factor levels

Aluminium Titanium

Variable factors L1 L2 L1 L2

Spindle speed, N [min-1] 10,000 12,000 10,000 12,000
Depth of cut per pass, ap [�m] 2 10 20 50
Channel depth, d [�m] 50 100 50 100
Feed per tooth, fz [�m/tooth] 1.25 1.90 0.625 1.25
Coolant Dry Wet Dry Wet
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406 E. VÁZQUEZ ET AL.

Figure 5.—Target (desired) dimensions for microchannel geometry.

In order to evaluate the geometrical accuracy with a single
measure, an error in fabricated cross-sectional geometry was
defined. The cross-sectional geometry error (E� is calculated
based on the measured geometrical dimension of the channel
cross-section: width, depth, angle A, and angle B:

E = �1�wa − wd� + �2�da − dd� + �3�Aa − Ad�
+ �4�Ba − Bd�� (1)

where wa and wd are actual and desired width in �m (wd =
200�m), da and dd are actual and desired depth in �m
(dd = 50 or 100�m), Aa and Ad are actual and desired
angle in degrees (Ad = 90�), Ba and Bd are actual and
desired angle in degrees (Bd = 90�), respectively, and �i

(I = 1� 2� 3� 4) are the weighting factors �
∑

�i = 1�. By
using the data obtained from the experiments and setting all
weighting factors the same ��i = 0�25�, the cross-sectional
geometry errors are calculated as shown in Tables 4 and 7.

Experimental modeling

In this study, a second order model is used to establish
input–output relationship between response and controllable
variables efficiently that takes the generic form:

y = �0 +
k∑

i=1

�ixi +
k∑

i=1

�ijxixj +
k∑

i=1

�iix
2
i + �� (2)

where � is the residual error.
We developed experimental models by using the generic

regression form in Eq. (2) for responses of surface
roughness Ra [�m] and cross-sectional geometry error E
	−
 separately in terms of process variables N [min−1], ap

[�m], d [�m], and fz [�m/z] with and without considering
coolant condition (dry or wet) as the fifth factor by using the
experimental test data and establish the effect of variables
on the outputs.
In the case of not considering coolant as a factor,

responses (Ra [�m] or error, E� can be related with the four
controllable process variables, x1 = N , x2 = ap, x3 = d,
and x4 = fz by including the variable interaction terms but
excluding the second order terms as follows:

Ra or E = �0 + �1N + �2ap + �3d + �4fz

+ �12N ∗ ap + �13N ∗ d + �14N ∗ fz
+ �23ap ∗ d + �24ap ∗ fz + �34d ∗ fz + �� (3)

When the coolant is considered as an additional factor (x5 =
coolant), the following regression model can be utilized for
responses (Ra [�m] or E 	−
).

Ra or E = �0 + �1N + �2ap + �3d

+ �4fz + �5 Coolant+ �12N ∗ ap + �13N ∗ d

Table 4.—Experimental results in micromilling of aluminium alloy (AL7075).

Variable factors Response

Dry conditions Wet conditions

Spindle
speed

Depth
per
pass

Axial
depth
of cut

Feed
per
tooth

Actual
width

Actual
depth

Actual
angle

Surface
roughness

Geometric
error

Actual
width

Actual
depth

Actual
angle

Surface
roughness

Geometric
error

N ap dd fz wa da Aa Ba Ra E wa da Aa Ba Ra E
Test [min−1] [�m] [�m] [�m/z] [�m] [�m] [�] [�] [�m] [−] [�m] [�m] [�] [�] [�m] [−]

1 10,000 2 50 1.25 189.40 85.70 108.28 132.71 1.607 26.822 187.37 73.60 118.48 111.30 0.489 21.503
2 10,000 10 50 1.25 149.27 46.50 74.55 53.01 2.214 26.667 185.57 77.70 90.00 126.19 0.544 19.580
3 10,000 2 100 1.25 179.33 124.90 106.89 144.64 2.606 29.275 190.83 131.10 90.00 128.42 0.725 19.673
4 10,000 10 100 1.25 181.87 127.20 116.14 95.41 3.347 19.220 188.7 120.70 90.00 125.33 0.732 16.833
5 10,000 2 50 1.90 202.80 93.90 136.21 133.11 1.429 34.005 201.33 85.80 123.58 128.18 0.474 27.223
6 10,000 10 50 1.90 210.17 97.70 135.39 134.41 1.056 36.917 200.07 90.20 128.23 118.86 0.593 26.840
7 10,000 2 100 1.90 204.47 141.20 141.30 130.24 1.796 34.302 198.87 136.30 111.79 121.48 0.724 22.675
8 10,000 10 100 1.90 210.20 147.10 109.25 128.67 0.864 28.805 195.00 141.70 126.41 119.64 0.735 28.188
9 12,000 2 50 1.25 186.37 76.70 100.08 121.36 1.525 20.442 188.27 81.30 130.55 119.32 0.630 28.225
10 12,000 10 50 1.25 182.93 80.90 137.21 122.59 1.535 31.942 188.33 83.70 130.71 127.16 0.597 30.810
11 12,000 2 100 1.25 171.20 104.70 118.76 51.62 1.227 25.160 192.13 137.20 90.00 126.75 0.834 20.455
12 12,000 10 100 1.25 174.07 119.70 136.13 95.55 3.916 24.327 190.27 127.00 90.00 125.58 0.806 18.078
13 12,000 2 50 1.90 204.77 102.30 133.92 137.95 1.445 37.235 203.07 83.90 128.16 139.85 0.666 31.245
14 12,000 10 50 1.90 196.63 103.50 131.80 142.24 1.021 37.727 201.60 88.70 138.37 119.27 0.455 29.485
15 12,000 2 100 1.90 208.73 151.10 137.55 141.56 0.722 39.735 208.20 145.30 126.51 133.80 0.838 33.453
16 12,000 10 100 1.90 214.43 151.80 146.89 122.97 1.140 39.022 208.43 145.00 141.76 126.03 0.910 35.305
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SWARM INTELLIGENT SELECTION 407

Table 5.—Microchannel images in aluminium alloy (AL7075) machined at
dry conditions.

+ �14N ∗ fz + �15N ∗ Coolant+ �23ap ∗ d
+ �24ap ∗ fz + �25ap ∗ Coolant+ �34d ∗ fz
+ �35d ∗ Coolant+ �45fz ∗ Coolant+ �� (4)

The statistical analysis resulted in the estimated
experimental model parameters for Eqs. (3) and (4) as
given in Tables 10 and 11, respectively. As it can be seen
that high R-sq values are usually obtained in regression
models for surface roughness Ra and in wet conditions of
micromillingfor both aluminium and titanium alloys.

Table 6.—Microchannel images in aluminium alloy (AL7075) machined at
wet conditions.

PSO

In this study, PSO as an evolutionary computation (EC)
method inspired by GAs and social behavior of bird flocking
is utilized. This population-based stochastic optimization
technique was developed [26] and applied to many different
systems including machining [27].
PSO is initialized with a population of random solutions,

and this initial population evolves over generations to
find optima. However, in PSO, each particle in population
has a velocity, which enables them to fly through the
problem space instead of dying and mutations. Therefore,
each particle is represented by a position and a velocity.
Modification of the position of a particle is performed
by using its previous position information and its current
velocity. Each particle knows its best position (personal
best) so far and the best position achieved in the group
(group best) among all personal bests. These principles can
be formulated as follows:

vk+1
i = �vki + c1random1�pbesti − xk

i �

+ c2random21�gbesti − xk
i � (5)

xk+1
i = xk

i + vk+1
i � (6)

where

vki : velocity of agent i at iteration k

xk
i : current position of agent i at iteration k

pbesti: personal best of agent i

gbest: best position in the neighborhood

random: random number generator between 0 and 1

�: weighting function

cj : learning rate j = 1� 2�

The first term on the right-hand side of Eq. (5) is the
previous velocity of the particle. Weighting function � is set
at a large value at the beginning of the search and decreased
to a smaller value over the iterations to confine the search
in a smaller region in later iterations, or it could be selected
randomly. The second and third terms are used to change the
velocity of the particle according to pbest and gbest values.
The random numbers used in the velocity update step give
the PSO a stochastic behavior. The iterative approach of
PSO can be described as follows.

Step 1. First a population size is specified. Initial
positions and velocities of agents are generated randomly.
Then, objective function values for each agent (or particle)
are calculated. For the first iteration, pbest is set as the
current position of each particle. The pbest with best
objective function value among the agents is set as gbest,
and this value is stored.

Step 2. In the next iteration, the new position of the agents
(particles) in the solution space is determined by using Eqs.
(5) and (6). Therefore, the particles begin to move towards
the particle with best objective function value, gbest.
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Table 7.—Experimental results in micromilling of titanium alloy (Ti-6Al-4V).

Variable factors Response

Dry conditions Wet conditions

Spindle
speed

Depth
per
pass

Axial
depth
of cut

Feed
per
tooth

Actual
width

Actual
depth

Actual
angle

Surface
roughness

Geometric
error

Actual
width

Actual
depth

Actual
angle

Surface
roughness

Geometric
error

N ap dd fz wa da Aa Ba Ra E wa da Aa Ba Ra E
Test [min−1] [�m] [�m] [�m/z] [�m] [�m] [�] [�] [�m] [−] [�m] [�m] [�] [�] [�m] [−]

1 10,000 20 50 0.625 224.53 32.60 135.00 110.95 1.600 26.970 224.67 34.20 123.06 118.37 0.330 25.475
2 10,000 20 50 1.25 205.80 32.90 160.65 92.29 1.731 23.960 225.30 34.20 103.61 113.15 0.362 19.465
3 10,000 50 50 0.625 193.07 29.00 33.08 54.71 1.368 30.035 220.63 34.80 108.97 110.29 0.492 18.773
4 10,000 50 50 1.25 187.00 32.30 123.69 98.95 0.837 18.335 218.37 35.80 121.23 126.87 1.185 25.168
5 10,000 20 100 0.625 210.23 84.70 134.34 105.26 0.970 21.283 221.47 86.30 112.25 126.55 1.368 23.493
6 10,000 20 100 1.25 211.10 86.90 130.36 128.96 9.179 25.880 221.03 92.20 149.27 135.31 3.179 33.353
7 10,000 50 100 0.625 206.83 84.70 99.41 150.45 9.264 22.998 219.77 89.90 146.24 96.31 0.743 23.105
8 10,000 50 100 1.25 188.57 86.70 101.59 92.99 7.380 9.828 213.10 90.60 142.35 119.87 0.433 26.180
9 12,000 20 50 0.625 207.27 37.20 124.01 76.11 11.158 16.993 218.27 42.00 121.61 121.92 0.189 22.450
10 12,000 20 50 1.25 197.13 40.70 112.07 54.01 10.432 17.558 213.33 43.00 127.63 128.98 0.479 24.235
11 12,000 50 50 0.625 209.53 43.00 119.62 88.26 1.885 11.973 211.33 43.70 110.84 125.69 0.183 18.540
12 12,000 50 50 1.25 204.27 33.50 118.47 80.43 3.783 14.703 203.43 43.00 111.19 107.21 0.458 12.208
13 12,000 20 100 0.625 205.63 90.30 99.41 116.79 12.473 12.883 215.20 93.90 110.24 102.09 8.573 13.408
14 12,000 20 100 1.25 203.17 88.90 115.15 134.68 14.674 21.025 214.33 94.80 104.49 137.53 9.219 20.388
15 12,000 50 100 0.625 186.73 92.50 120.96 122.47 11.183 21.050 209.10 94.80 104.95 96.80 7.785 9.013
16 12,000 50 100 1.25 169.62 95.80 125.22 114.15 12.170 23.488 205.43 93.50 107.55 117.98 4.915 14.365

Step 3. The objective function value is calculated for
new positions of each particle. If an agent achieves a better
position, the pbest value is replaced by the current value.
As in Step 1, gbest value is selected among pbest values. If
the new gbest value is better than the previous gbest value,
the gbest value is replaced by the current gbest value and
stored.

Step 4. Steps 1, 2, and 3 are repeated until the iteration
number reaches a predetermined iteration number.

Table 8.—Microchannels images in titanium alloy (Ti-6Al-4V) machined at
dry conditions.

It should be noted that recently Chakraborti and his
collaborators [28, 29] have pointed out that PSO is actually
a real-coded GA and not a new paradigm. They have
also shown how the basic equations in PSO may be
dimensionally inaccurate and suggested some better form
to be used in the future.
The velocity update step in the PSO is stochastic due

to the random numbers generated, which may cause an
uncontrolled increase in velocity and, therefore, instability
in the search algorithm. In order to prevent this, velocities
are limited to the dynamic range of the particle on each

Table 9.—Microchannel images in titanium alloy (Ti-6Al-4V) machined at
wet conditions.
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Table 10.—Model parameters for the response in micromilling of aluminium and titanium alloy at dry and wet conditions.

Coefficient

Al 7075 aluminium alloy Ti-6Al-4V titanium alloy

Dry condition Wet condition Dry condition Wet condition

Term E Ra E Ra E Ra E Ra

Constant 105.603826 2.720596 18.913134 −0.039331 232.266458 −62.437437 −39.203188 14.518604
N −0.009523 −0.000470 0.002282 0.000050 −0.019158 0.006419 0.006891 −0.002234
ap −2.291343 −0.152129 −0.888497 0.061819 −0.668792 0.959900 0.734725 0.274142
d −0.334192 0.076888 −0.297403 −0.004220 −1.149717 −0.124100 0.809342 −0.558902
fz −27.049711 0.994423 −18.373557 −0.022884 −77.684267 4.616400 0.665600 12.197333
N ∗ap 0.000363 0.000041 −0.000001 −0.000006 0.000082 −0.000105 −0.000074 −0.000011
N ∗d 0.000034 −0.000002 −0.000011 0.000000 0.000091 0.000005 −0.000094 0.000065
N ∗fz 0.003808 0.000145 0.000881 −0.000006 0.007432 −0.000313 −0.001107 −0.000777
ap∗d −0.019904 0.001935 0.002268 0.000082 0.001121 0.003292 −0.000174 −0.001570
ap∗fz −0.156875 −0.257596 0.470048 −0.000480 −0.399947 −0.124600 −0.055000 −0.066547
d∗fz 0.029776 −0.035723 0.230053 0.001400 0.107376 0.069928 0.235432 −0.016104
R-Sq 93.22% 87.58% 86.15% 90.54% 77.85% 93.31% 86.70% 97.74%
R-Sq(adj) 79.65% 62.75% 58.46% 71.64% 33.56% 79.92% 60.09% 93.22%

dimension. The formulation of the PSO given with Eqs. (5)
and (6) corresponds to the global version of the PSO. In
addition, a local version of the PSO algorithm also exists.
In the local version, particles have information only of their
own and their nearest neighbour best (lbest). gbest is then
replaced by lbest in the algorithm.
For a single objective problem, the result of the

optimization problem will be the position vector of
gbest at final iteration. The above given PSO procedure
is not suitable for solving multiobjective optimization
problems since there is no absolute global minimum (or
maximum).

Multiobjective PSO (MOPSO)

Genetic and evolutionary multiobjective optimization can
be applied to materials processing field successfully as

outlined by Coello Coello and Becerra [30]. Particularly,
PSO can be used for real-world multiobjective optimization
problems, since it provides fast convergence as depicted
in single objective optimization problems. However, the
PSO algorithm needs more modifications to locate the
Pareto front in multiobjective optimization problems.
Many researchers offered algorithms and methods for
multiobjective PSO (MOPSO) in literature [31–36]. In the
method by Coello et al. [32], the results are benchmarked
against three highly competitive optimization algorithms:
NSAG II, PAES, and micro-GA. Agrawal et al. [33]
presented an interactive PSO algorithm (IPSO), similar to
Coello’s MOPSO method [34]. Other attempts have been
made by adaptively optimizing the PSO parameters during
the optimization process [35, 36].

Table 11.—Model parameters for the response in micromilling of aluminium and titanium alloy including coolant as an
additional factor.

Coefficient

Al Ti

Term E Ra E Ra

Constant 69�031923076924 3�914877403846 90�312312500000 −30�765708333333
N −0�004400478365 −0�000307507212 −0�005484281250 0�002771083333
ap −1�613483173077 −0�023717548077 0�076243750000 0�602766666667
d −0�305372980769 0�038746923077 −0�169041250000 −0�326548333333
fz −20�342788461539 −0�335576923077 −41�560633333333 9�378666666667
Coolant −13�546884615385 −5�148490384615 12�438645833333 13�612583333333
N ∗ ap 0�000181046875 0�000017640625 0�000003868750 −0�000057954167
N ∗ d 0�000011262500 −0�000000755000 −0�000001223750 0�000034767500
N ∗ fz 0�002344807692 0�000069230769 0�003162300000 −0�000545000000
N ∗ coolant 0�001560250000 0�000194250000 −0�001299312500 −0�001357500000
ap ∗ d −0�008818125000 0�001008750000 0�000473750000 0�000860666667
ap ∗ fz 0�156586538462 −0�129038461538 −0�227473333333 −0�095573333333
ap ∗ coolant 0�047125000000 −0�042875000000 −0�086554166667 0�028508333333
d ∗ fz 0�129915384615 −0�017161538462 0�171404000000 0�026912000000
d ∗ coolant −0�020850000000 −0�004825000000 −0�002292500000 −0�029905000000
fz ∗ coolant −4�737692307692 1�642692307692 6�102600000000 −1�943600000000
R-Sq 84.29% 82.11% 54.28% 86.44%
R-Sq(adj) 66.57% 65.34% 11.41% 73.72%
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In this article, the dynamic neighborhood–PSO (DN-
PSO) method proposed by Hu and Eberhart [31] is used.
In this approach, instead of defining one global best
for the whole population, neighborhoods are defined for
each particle, and local gbests are found within these
neighborhoods. If a two-dimensional objective function
space in a min-min problem is considered, the Pareto front
is the boundary of the objective value region, which is the
lower left side of the objective function space for min-min
problems. The objective of the proposed algorithm is to
drop those solutions onto the boundary line indicated by
a solid line. For this purpose, the first objective function
is fixed to define neighborhoods, and the second objective
function is used in optimization. According to the DN-PSO
algorithm: (1) the distances between the current particle
and other particles are calculated in terms of the first
objective function; (2) based on these distances, the nearest
m (neighborhood size) particles are found; and (3) the local
best particle among neighbors is selected in terms of the
second objective function. In order to handle constraints, a
simple modification to the PSO algorithm is sufficient. DN-
PSO algorithm combined with constraints was converted
into a code in MATLAB software. A flow chart describing
the MOPSO procedure utilizing DN-PSO method is given
in Fig. 6. This procedure is also explained in detail in the
previous works [25, 27].
We conducted multicriteria optimization to investigate the

surface roughness and feature accuracy in micromilling of

Figure 6.—Flow chart of multiobjective PSO.

aluminium and titanium alloys for microchannel fabrication
on medical devices. Optimal selection of process parameters
of micromilling can be formulated and solved as an
optimization problem. The experimental results obtained
in this work indicate that micromilling of microchannels
operation requires simultaneous consideration of multiple
objectives, including achieving a minimum surface
roughness (Ra� and minimum error in cross-sectional
geometry �E�. Usually, process parameters selected for one
objective function may not be suitable for the other objective
function presenting conflicting objectives. This presents
a challenge for the optimization problem, since selection
of the parameter settings (decision variables) for given
multiple choices which may be in conflict to each other.
For this purpose, two objective functions are considered
separately:

minimize �f �x�� g�x��
(7)

s.t. f �x� ≤ b1 and g�x� ≤ b2� where x ∈ X�

In the optimization problem formulation, in Eq. (7) f �x�
represents the objective function for surface roughness, and
g�x� represents the objective function for cross-sectional
geometry error with a set of process parameters (x = x1 +· · · + xn� n = 1� 2� 3� 4 or 5). X is the solution space with
all feasible values for the process parameters.
In the above-given formulation, the objective is to

simultaneously minimize both objective functions. The
constraints are related to limits of depth of cut per
pass, spindle speed, and feed per tooth. In solving this
optimization problem, a general approach based on Pareto-
optimal set of nondominated decision variables settings is
considered. The selection of a Pareto-optimal set avoids
the problem of a single combined objective function with
weights which often leads to a unique solution but offers no
other solution to the decision maker for optimum parameter
selection.
In the case of micromilling process, the optimization

problem is defined for micromilling process parameters
with multiple objectives. Decision variables such as spindle
speed (N ), depth of cut per pass (ap), and feed per tooth
(fz) are constrained within the ranges of the experiments
(see Table 3).
The simulations are run by using a population of 200

for the particle swarm and a maximum number of 200
iterations with varying learning rates of c1 and c2 given
in Eq. (5). After obtaining the best particle values in each
iteration of the simulation, the particles are plotted in a two-
dimensional objective space for viewing. This procedure is
repeated until a clear Pareto frontier forms. The simulations
usually take less than 10 minutes in a PC with Intel Pentium
Dual 2.40GHz processor. Therefore, the Pareto frontiers
of the nondominated solution sets are obtained by using
MOPSO method as shown in Figs. 7–12.
In Fig. 7, micromilling aluminium alloy in dry conditions,

minimum surface roughness of 0.75�m has occurred at a
cost of cross-sectional geometry error value of 35. If a lower
geometry error is desired, some higher value for surface
roughness should be accepted.
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Figure 7.—Pareto frontier of optimal micromilling parameters of Aluminium
alloy with dry conditions.

Figure 8 for micromilling titanium alloy in dry conditions
a higher surface roughness will result for a lower
cross-sectional geometry error. Figure 9 for micromilling
aluminium alloy in wet conditions provides a Pareto frontier
of a minimum surface roughness of 1.1�m with geometry
error value of 29.

Figure 8.—Pareto frontier of optimal micromilling parameters of Titanium
alloy with dry conditions.

Figure 9.—Pareto frontier of optimal micromilling parameters of Aluminium
alloy with wet conditions.

Figure 10.—Pareto frontier of optimal micromilling parameters of Titanium
alloy with wet conditions.

Figure 10, micromilling of titanium alloy in wet
conditions, shows a convex surfaced Pareto frontier and
achieving both objectives simultaneously is more difficult.
However, reasonable surface roughness values can be
obtained with lower geometry error. Figures 11 and 12 show
a typical Pareto frontier with concave surface when effects

Figure 11.—Pareto frontier of optimal micromilling parameters of Aluminium
alloy (with coolant effect).

Figure 12.—Pareto frontier of optimal micromilling parameters of Titanium
alloy (with coolant effect).
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Figure 13.—Decision variable space for optimal micromilling parameters of
Aluminium alloy (with coolant effect).

of coolant included in experimental models as an additional
factor as in Eq. (4).
As a result of these investigations, it can be claimed that

the best surface roughness and cross-sectional geometry
error can be obtained in the case of micromilling titanium
alloy with wet conditions (see Fig. 10). In addition, when
coolant effect is included, a set of machining parameters
can be obtained to achieve better surface roughness and
cross-sectional geometry error in the case of micromilling
of aluminium alloy.
Furthermore, nondominated optimal solutions that form

the Pareto front in objective function space are analyzed
in decision variable space (x1 = N , x2 = ap, x3 =
d, and x4 = fz� as shown in Figs. 13 and 14 for
micromilling of aluminium alloy and titanium alloy with
coolant, respectively. In micromilling of aluminium alloy
with coolant, the particles (circles in the figure) representing
optimal set of decision variables given in Fig. 11 are mapped
into the decision variable space as shown in Fig. 13. As

Figure 14.—Decision variable space for optimal micromilling parameters of
Titanium alloy (with coolant effect).

it can be seen from this figure, the optimal micromilling
parameters occur along the boundaries of the decision
variable space, i.e., around feed per tooth fz = 1�25�m and
axial depth of cut of dd = 100�m for all spindle speeds
between 10,000 and 12,000min−1, or around spindle speed
of 12,000min−1 and at feed per tooth of fz = 1�25�m for
all depth of cuts.
Similarly, optimal decision variables for micromilling of

aluminium alloy with coolant are mapped from objective
space in Fig. 12 into the decision variable space as
shown in Fig. 14. In that case, the optimal micromilling
parameters firmly align along the boundaries of the decision
variable space at the feed per tooth value of fz = 1�25�m
and at spindle speed N = 10�000min−1 for all depth
of cuts. Consequently, the decision maker is provided
with these results for selection of optimal micromilling
parameters for aluminium and titanium alloys for fabrication
of microchannels with best surface roughness and cross-
sectional geometric error.

Conclusions

In this study, surface finishing and geometrical and
dimensional features of microchannels fabricated on
aluminium alloy AL7075 and titanium alloy Ti-6Al-4V
with micromilling have been investigated. Experimental
models based on quadratic regression are developed for
surface roughness and cross-sectional geometry error. An
evolutionary computational approach is applied to the
decision making problem in micromachining parameters.
The results indicate that the proposed PSO approach
for solving the multicriteria optimization problem with
conflicting objectives is resourceful in decision making and
can support the user in process design. Furthermore, an
analysis of optimal solutions that form the Pareto front in
objective function space is provided in decision variable
space. Some specific conclusions can be drawn, as follows:

1. Experimental results indicate large variations in
dimensional microchannel accuracy and quality;

2. The use of coolant has been found to be an important
factor in microchannel accuracy and quality, whereas
other machining parameters are found to be less
significant;

3. The best surface roughness and cross-sectional geometry
error can be obtained in the case of micromilling titanium
alloy with wet conditions (using coolant);

4. Analyses of optimal solutions in decision variable
space shows that the particular optimal micromilling
parameters are along the boundaries of the objective
function space;

5. A feed per tooth of fz = 1�25�m with spindle speed
of N = 10�000min−1 seems optimal for micromilling of
titanium alloy, whereas it is optimal to micromachine
titanium alloy at a spindle speed of N = 12� 000min−1;

6. MOPSO provides Pareto frontiers of nondominated
solution sets for optimum micromilling process
parameters, providing a resourceful and efficient means
to the decision maker.
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