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Abstract

Machining processes encompass both conventional and non-conventional techniques and optimizing
machining parameters is crucial for achieving high-quality outcomes. However, simplifying these
processes remains a significant challenge. This study focuses on determining the optimal machining
parameters—cutting speed, feed rate, and depth-of-cut to enhance performance characteristics in
Al6351 alloy plates. The parameters evaluated include surface roughness (Ra), material removal rate
(MRR), resultant forces (RF), and temperature at the tool- workpiece interface (Temp). A modified
Taguchi method was used to statistically analyze experimental results and develop equations
correlating machining parameters with performance outcomes. These equations were validated through
experimentation. Additionally, corrections were calculated to estimate each performance characteristic
minimum and maximum values under varying conditions. The optimal parameter combination were
cutting speed of 1130 rpm, feed rate of 400 mm/min, and depth-of-cut of 0.15 mm, which was found to
simultaneously achieve low Ra, high MRR, low RF, and low Temp. All analyses were performed using
Microsoft Excel. The results from the modified Taguchi approach were comparable to those obtained
from heuristic intelligence algorithms. These studies will be easily extended to AA6351/A1203 metal
matrix composites through stir casting methods useful in automotive and other sectors.
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Machining, a subtractive manufacturing process,
achieves desired part shapes by precisely removing
material from a workpiece. The challenge lies in
simultaneously  optimizing  several  factors:
maintaining tight dimensional tolerances, ensuring
desired surface integrity and roughness, and
maximizing material removal rate (MRR), all while
adhering to machine tool capabilities and dynamic
constraints. Economic efficiency in machining
heavily depends on minimizing production costs by
increasing production rate, which is inversely
proportional to production time. Various
techniques, including CNC milling, end milling,
high-speed machining, plunge milling, and
cryogenic  machining, each offer specific
advantages, based on part complexity, surface
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finish requirements, and production volume. Achieving high-quality results requires balancing
conventional and non-conventional methods and strategically optimizing key parameters [1]. A solid
understanding of material properties and the impact of different machining strategies is therefore
essential for effective processing. Industries like aerospace, automotive, medical device manufacturing,
electronics, and defense significantly benefit from advanced machining techniques, leveraging their
ability to deliver precision, efficiency, and complex geometries to meet modern manufacturing
demands.

Key machining parameters include spindle speed (cutting tool rotation), feed rate (workpiece
movement speed), depth of cut (material removed per pass), and tool geometry (rake angle, clearance
angle, material). Techniques like Response Surface Methodology (RSM) model and optimize these
parameters to minimize cutting force and surface roughness [2]. The Taguchi Method identifies optimal
parameters by analyzing their influence on surface roughness and other responses [3, 4]. Grey
Relational Analysis (GRA) enables multi-response optimization by combining multiple performance
characteristics into a single metric [5-11]. Finite Element Simulations predict the impact of machining
parameters on cutting forces, temperature, and stress distribution [12, 13]. Typical parameter ranges [4,
13, 14] include spindle speeds (1500-6000 rpm), feed rates (0.08-0.5 mm/rev), and depths of cut (0.2—
4.99 mm), varying based on alloy and desired outcomes. Effective tool geometry may incorporate a
17.95° rake angle and 2° clearance angle [13]. Minimizing surface roughness (Ra) is a primary
objective, achieved through careful parameter selection [2, 3, 15]. A high MRR is desirable for
efficiency but requires a balanced optimization of speed, feed, and depth of cut [5, 16]. Lower cutting
forces and temperatures are also beneficial, as they reduce tool wear and workpiece deformation [13,
15]. Optimizing machining parameters for aerospace aluminum alloys can lead to significant reductions
in production costs and improved part quality [4, 14]. This process is complex, involving consideration
of various key parameters, challenges, and advanced optimization techniques [16, 17]. The selection of
tool material is crucial for optimizing machining parameters, directly affecting tool wear [18],
machining efficiency [19, 20], surface quality, and energy consumption [21].

Milling of Al6351 Alloy Plates

A significant amount of research focuses on multi-objective optimization and incorporating
environmental impact assessments to improve manufacturing efficiency and quality. Aluminum alloy
6351 (Al 6351) is a widely used material in applications like pressure vessel cylinders, aerospace
components, automotive parts, boat hulls, structural columns, chimneys, rods, molds, pipes, and tubes.
Its popularity stems from its low weight, high strength, excellent corrosion resistance, toughness,
resistance to low-ductility fracture, and good fabricability. Hema et al. [22] experimentally investigated
the milling of Al 6351 alloy plates to identify optimal machining parameters. They employed a Hybrid
Acrtificial Bee Colony (HABC) algorithm to minimize process responses and compared its performance
to the Harmony Search Algorithm (HSA), Particle Swarm Optimization (PSO), and Genetic Algorithm
(GA). The results demonstrated that the HABC algorithm achieved superior solution quality. Multi-
objective optimization was accomplished using a composite objective function with equal weights
assigned to each objective. The HABC algorithm was then used to determine the optimized milling
parameters. Confirmatory experiments showed good agreement between predicted and experimentally
obtained results.

Objective of the Present Study

This study optimizes machining parameters (cutting speed, feed rate, and depth-of-cut) for Al6351
alloy plates to achieve desired surface roughness (Ra), material removal rate (MRR), resultant forces
(RF), and tool-workpiece interface temperature (Temp). A modified Taguchi method is used to develop
empirical relationships between these performance characteristics and input variables, validated against
experimental data. These relationships are then used to predict the upper and lower bounds of Ra, MRR,
RF, and Temp. Excel-based computations demonstrate that the modified Taguchi method outperforms
heuristic intelligence algorithms like HSA, PSO, GA, and HABC.
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MATERIALS AND METHODS

In their investigation, Hema et al. [22] experimentally examined the milling process of Al6351 alloy
plates, aiming to find the ideal machining parameters. They used a plate with dimensions of 200 mm in
length, 50 mm in width, and 32 mm in thickness. The objective was to optimize cutting speed, feed rate,
and depth-of-cut to achieve desired performance characteristics. These characteristics included surface
roughness (Ra), material removal rate (MRR), resultant forces (RF), and temperature (Temp). The
Al6351 alloy used in their study has a specific chemical composition: 97.51% aluminum (Al), 0.8%
silicon (Si), 0.75% magnesium (Mg), 0.52% manganese (Mn), 0.12% iron (Fe), 0.017% titanium (Ti),
0.006% zinc (Zn), 0.05% copper (Cu), and 0.14% other elements. They used a Horizontal Milling
Machine (Model: HMT FN-U) for the milling operations (see Figure 1).

A milling tool dynamometer was integrated with the milling machine to measure the forces generated
during the machining process (see Figure-2). The cutting tool had a diameter of 75 mm, and the high-
speed steel (HSS) cutter diameter was 65 mm. Kerosene was used as the coolant during the machining.
Surface roughness was measured using a Talysurf instrument. To calculate the material removal rate
(MRR), the workpiece was weighed before (w;) and after (wy) the cutting operations. MRR was
calculated using the formula:

pXt

where w; and wy are the initial and final weights in grams, p is the density of the die steel (0.00271
g/mm3), and t is the machining time in seconds. A temperature gun was used to monitor the temperature
at the tool- workpiece contact point during the milling operations.

Milling machine (model: HMT FN-U) Performance characteristics

Machining

Cutting Surface roughness

speed feed material removal
rate depth- rate resultant forces
of-cut temperature

Figure 2. Instruments for measuring performance characteristics in milling of Al6351 alloy plates.
(@) HSS cutter and al6351 workplace with milling too; (b) Dynamometer; (c)Tal surf — surface
roughness measurement meter; (d) Temperature gun [22].

© STM Journals 2026. All Rights Reserved S1465



Experimental Investigation and Optimization of Machining Lokesh et al.

Table 1. Levels of input parameters.

Input parameters Designation Level: 1 Level: 2 Level: 3
Cutting Speed (rpm) S 730 900 1130
Feed Rate (mm/min) F 400 630 800

Depth-of-cut (mm) DOC 0.15 0.25 0.35

Dummy DP & &2 £3

Table 2. Levels and sets of input variables as per the Taguchi’s L9 OA.

Levels of Input Variables Sets of Input Variables
SetNo.| S | F | DOC | DP |CuttingSpeed,| FeedRate, Depthofcut, | Dummy,

S (rpm) F(mm/min) DOC (mm) DP
1 1 1 1 1 730 400 0.15 &
2 1|2 2 2 730 630 0.25 &
3 1| 3 3 3 730 800 0.35 &3
4 2 |1 2 3 900 400 0.25 &3
5 2 | 2 3 1 900 630 0.35 &1
6 2 |3 1 2 900 800 0.15 &
7 311 3 2 1130 400 0.35 &
8 312 1 3 1130 630 0.15 &3
9 313 2 1 1130 800 0.25 &1

To achieve high-performance machining, a modified Taguchi method along with a reliable multi-
objective optimization technique is utilized in the optimal solution, whose details are as follows.

To perform the milling process of Al6351 alloy plates, each input parameter in Table 1 is assigned
with 3 levels. Taguchi’ L9 OA (orthogonal array) is considered for conducting fewer experiments and
set the input parameters for each test run. For n; = 3 levels to each input parameter, the number of input
parameters (np) according to the Taguchi’s L9 OA can be found from [23]

N =1+4n (n—1)=>n =§NTag_12=(9—1)_§_4 (2)
Tag p ! P (1) G- 2

For N7q4 =9 tests, 4 input parameters can be accommaodated. In this case, only 3 input parameters (i.e.
S, F, and DOC) were set and hence, a dummy (fictitious) parameter is introduced i.e. DP in Table-1 to
assess the error in estimates for output responses. This aspect was thoroughly discussed in [24].
Measured data of milling process for the 9 sets of input parameters are tabulated in Table 2.

An analysis of variance (ANOVA) was performed on the performance characteristic data (Table 3),
and the summarized results are presented in Table 3. The ANOVA results (Table 3) reveal the dominant
factors influencing each performance characteristic. Specifically, feed rate (F) accounts for the largest
portion of variance in surface roughness (Ra) at 45.45%. Depth-of-cut (DOC) has the most significant
impact on material removal rate (MRR), contributing 48.3%. Cutting speed (S) is the primary influencer
of resultant forces (RF), explaining 42.7% of the variance. Finally, DOC contributes the most to the
temperature at the tool-workpiece contact point (Temp), with a contribution of 78.7%.

The contributions of the other parameters are as follows: For Ra, cutting speed (S) and DOC
contribute 13.3% and 40%, respectively. Regarding MRR, cutting speed (S) and feed rate (F) contribute
14.7% and 36.8%, respectively. For RF, feed rate (F) and DOC contribute 18.1% and 37.8%,
respectively. The proportions of S and F on Temp are 17.9% and 3.2%, respectively. The contributions
from the three process variables (S, F, and DOC) and a fictitious parameter (DP) sum to 100% for each
performance characteristic (Ra, MRR, RF, and Temp). This fictitious parameter, DP, accounts for 1.3%
of the variance in Ra, 0.2% in MRR, 1.3% in RF, and 0.2% in Temp.
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Table 3. Performance characteristics including surface roughness (Ra), material removal rate (MRR),
resultant forces (RF) and temperature (temp) in milling of AL6351 for the sets of input variables as

er the Taguchi’s L9 OA.
Set No. Performance Characteristics [22]
Ra (um) MRR (mm3/sec) RF (N) Temp (°C)

1 0.1 39.07 13.74 30.1
2 0.155 45.005 15.78 34.95
3 0.22 49.2 18.78 40.6
4 0.127 43.211 13.43 359
5 0.21 47.97 15.74 416
6 0.17 451 13.6 331
7 0.13 47.75 13.34 42.6
8 0.1 44.28 12.08 353
9 0.17 50.225 13.98 40.2

Experimentation is often essential in manufacturing to observe phenomena before developing
mathematical models. Unidentified influences, including measurement errors, can lead to performance
variations in repeated tests. Although Taguchi's L9 orthogonal array (OA) is designed for four
parameters at three levels, this study used only three parameters at three levels. To maintain the
applicability of ANOVA, a fictitious fourth parameter (DP) was introduced, allowing for the calculation
of percentage contributions. The DP parameter can be interpreted as an unidentified influencing factor,
or even measurement errors affecting the performance characteristics.

Experimentation is often essential in manufacturing to observe phenomena before developing
mathematical models. Unidentified influences, including measurement errors, can lead to performance
variations in repeated tests. Although Taguchi's L9 orthogonal array (OA) is designed for four
parameters at three levels, this study used only three parameters at three levels. To maintain the
applicability of ANOVA, afictitious fourth parameter (DP) was introduced, allowing for the calculation
of percentage contributions. The DP parameter can be interpreted as an unidentified influencing factor,
or even measurement errors affecting the performance characteristics.

The modified Taguchi method, as detailed in references [25-33], allows for the determination of the
expected range of performance characteristics, specifically Ra, MRR, RF, and Temp, within a defined
operational space. By considering the designated process parameters (S, F, and DOC), this method
facilitates process design by providing insight into the anticipated variability one might observe in
repeated experiments. Using either Ra or MRR or RF or Temp, as the performance measure (¢), and
applying the additive law [23], Equation (3) enables the estimation of the performance measure (¢¢)
based on the levels of the input variables.

m np m m o m

(P - (Pg + Zl 1(<pzl — Qg ) = Zizl Qi — (nl’ - 1)‘pg (3)

Equation (3)'s components can be obtained from ANOVA Table 4. The subscript 'i' combined withi =
1,2,3,4 refers to the milling process parameters (S, F, DOC, and DP), while 'l' combined withl = 1,2,3
represents the 1-, 2-, or 3-mean of Ra or MRR or RF or Temp at the corresponding levels of those

parameters, @mis the grand mean of the performance measure across all nine test runs. For example
when considefing Ra as the performance measure, q)m-Ram-O 1536um and <pm = Ram =0.1550um
22

(as seen in ANOVA Table 4. This 0.1550um value corresponds to the 2-mean of Ra at level 2 of the
milling process parameter F. The estimated Ra, MRR, RF, and Temp values from Table 4 are used for
comparison with the experimentally obtained results from the Taguchi LOOA. Whenn, =4 andn,, =3
are applied in Equation (3), the performance characteristics are estimated both with and without the
influence of parameter DP, respectively. It is clear from Tables 5-8 that a discrepancy exists in the
estimates when n,,=3. However, when n, =4, the estimates match the test data.
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Table 4. ANOVA results showing the significance of input variables on the performance
characteristics (such as Ra, MRR, RF, and temp).

Input 1tmean | 2™ mean | 3" mean SOS (Sum of %Contribution
variables squares)
Surface roughness (Ra): Grand mean, Ra;lz 0.1536um
S 0.1583 0.1690 0.1333 2.011E-03 133
F 0.1190 0.1550 0.1867 6.877E-03 454
DOC 0.1233 0.1507 0.1867 6.054E-03 40.0
DP 0.1583 0.1690 0.1333 1.975E-04 13
Material Removal Rate (MRR): Grand mean, MRR;: 45,7568 mma3/sec
S 44.4250 45.4269 47.4183 13.930 14.7
F 43.3436 45.7517 48.1750 35.014 36.8
DOC 42.8167 46.1469 48.3067 45.895 48.3
DP 45.7550 45.9517 45.5636 0.226 0.2
Resultant forces (RF): Grand mean, RF;n: 14.4967 N
S 16.1000 14.2567 13.1333 1.346E+01 42.7
F 13.5033 14.5333 15.4533 5.710E+00 18.1
DOC 13.1400 14.3967 15.9533 1.192E+01 37.8
DP 14.4867 14.2400 14.7633 4.113E-01 13
Temperature (Temp): Grand mean, Temp;"= 37.1500°C
S 35.2167 36.8667 39.3667 26.195 17.9
F 36.2000 37.2833 37.9667 4.762 32
DOC 32.8333 37.0167 41.6000 115.362 78.7
DP 37.3000 36.8833 37.2667 0.322 0.2

Table 5. Estimates of surface roughness, Ra (um).

Set No. Test [22] Estimate Eq. (3) Estimated range

np =3 R.E (%) ny =4 From To
1 0.1 0.0936 6.4 0.100 0.0890 0.1000
2 0.155 0.1569 -1.2 0.155 0.1523 0.1633
3 0.22 0.2246 -2.1 0.220 0.2200 0.2310
4 0.127 0.1316 -3.6 0.127 0.1270 0.1380
5 0.21 0.2036 3.0 0.210 0.1990 0.2100
6 0.17 0.1719 -11 0.170 0.1673 0.1783
7 0.13 0.1319 -15 0.130 0.1273 0.1383
8 0.1 0.1046 -4.6 0.100 0.1000 0.1110
9 0.17 0.1636 38 0.170 0.1590 0.1700

Table 6. Estimates of material removal rate, MRR (mm3/sec).

Set No. Test [22] Estimate Eq. (3) Estimated range

np =3 R.E (%) ny =4 From To
1 39.07 39.072 0.0 39.070 38.879 39.267
2 45,005 44,810 04 45,005 44,617 45,005
3 49.2 49.393 -04 49.200 49.200 49.588
4 43.211 43.404 -04 43.211 43.211 43.599
5 47.97 47.972 0.0 47.970 47.779 48.167
6 451 44.905 04 45.100 44712 45.100
7 47.75 47.555 04 47.750 47.362 47.750
8 44.28 44.473 -04 44.280 44.280 44.668
9 50.225 50.227 0.0 50.225 50.034 50.422
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Table 7. Estimates of resultant forces, RF (N).

Set No. Test [22] Estimate Eq. (3) Estimated range

np =3 R.E (%) n =4 From To
1 13.74 13.750 -0.1 13.740 13.493 14.017
2 15.78 16.037 -16 15.780 15.780 16.303
3 18.78 18.513 14 18.780 18.257 18.780
4 13.43 13.163 20 13.430 12.907 13.430
5 15.74 15.750 -0.1 15.740 15.493 16.017
6 136 13.857 -19 13.600 13.600 14.123
7 13.34 13.597 -19 13.340 13.340 13.863
8 12.08 11.813 2.2 12.080 11.557 12.080
9 13.98 13.990 -0.1 13.980 13.733 14.257

Table 8. Estimates of temperature, Temp (°C).

Set No. Test [22] Estimate Eq. (3) Estimated range

np =3 R.E (%) ny =4 From To
1 30.1 29.950 05 30.100 29.683 30.100
2 34.95 35.217 -0.8 34.950 34.950 35.367
3 40.6 40.483 0.3 40.600 40.216 40.633
4 359 35.783 0.3 35.900 35.516 35.933
5 416 41.450 04 41.600 41.183 41.600
6 331 33.367 -0.8 33.100 33.100 33.517
7 42,6 42.867 -0.6 42.600 42.600 43.017
8 35.3 35.183 0.3 35.300 34.916 35.333
9 40.2 40.050 04 40.200 39.783 40.200

Corrections are applied to the n,=3 estimates by determining the minimum and maximum deviations
of the mean values, related to the dummy parameter DP, from the overall grand mean. Applying these
corrections to the estimates allows for the determination of the estimated range of performance
characteristics. By applying the respective corrections of -0.0046 um, -0.1932 mm3/sec, -0.2567 N, and
-0.2667 °C to the estimates of Ra, MRR, RF, and Temp, the lower bound values are obtained.
Conversely, upper bound values for Ra, MRR, RF, and Temp are obtained by applying the respective
corrections of 0.0064 um, 0.1949 mm3/sec, 0.2667N, and -0.1500 °C, to their corresponding estimates.

To show how straightforward this analysis is, the Ra estimates from Test Run-1 in Table-5 are

detalleld below. | dﬂTest Rug % the levels for fact "SS F, DOC, DP Were setto 1%1 1,1,1). The ayerage
Ra values, as determined from ANOVA Table-4,were: ¢m = Ram = 3um, @m = Ram

0.1190um,; o= Ram = 0.1233um; and o= Ram = 0 1600;m111 The overall avezrlage (grand
mean), (pm =Ram= 0.1 6um.
g

First, let us calculate Ra for Test Run-1 excluding factor DP (i.e., n, = 3). Using Equation (3), one

g &%ae = Ram + Ram + Raﬂ;l— 2 X Ram =0.1583+0.1190+0.1233-2x0.1536=0.0936um
9

Next, let us calculate Ra for Test Run-1 including factor .e.. n,=4). Using Eg. (3), one gets:
Rae = Ra’ln1 + Ra’;1+ Ra";1+ Ra’zl— 3% amg—O 58 { 8047-1(5’.12%% .1%00q ) g
g

3x0.1536=0.1um

The corrections applied to the Ra estimates (when factor DP is excluded) are based on the minimum
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P from the overall average:

and m |mum deV|at|on of the mean vaI 888C|8t]e.g Wwith fact 5 1ot

min{R Ram = min 17, 0.149
g
=0.1490-0.1536= -0.0046um

max{Ram,Ram,Ra™} — Ram = max{0.1600, 0.1517, 0.1490}-0.1536
41 42 43 g

=0.1600-0.1536= -0.0064m

Applying these corrections to the Ra estimate obtained excluding factor DP, we determine the

minimum and maximum Ra estimates for Test Run-1: 0.0890 (=0.0936-0.0046) and 0.1
(=0.0936+0.0064).

For the specific combinations of input parameter levels (SF, and DOC) defined by the Taguchi L9
OA, Ra, MRR, RF, and Temp are evaluated using Equation (3). Appropriate corrections are then applied

to establish the lower and upper limits for Ra, MRR, RF, and Temp. The results from Test data [22] in
Table 4 fall within this estimated range.

Using this additive law (3), it is possible to estimate the performance characteristics for all
combinations of the three levels across the three milling process parameters. A full factorial
experimental design was implemented with three input parameters (S, F, and DOC). Three levels were
assigned to each parameter resulting 27 distinct experimental conditions (32). Each condition identified
by its specific parameter level combination. These are (((Si, Fj, DOCx), k =1 < to3),j =1to3),i =1to3)
in which subscripts to parameters (S, F, DOC) are the levels. Equation (3) was used to calculate Ra,
MRR, RF, and Temp values for all 27 combinations. Figures 3(a)—(d) graphically represent the full
factorial design results along with the measured data [22]. Specifically, the parameter combinations
corresponding to sequence numbers 1,5, 9, 11, 15, 16, 21, 22, and 26 were selected to align with the nine

runs of Taguchi’s L9 OA. The measured data shown in Figures 3(a)—(d) fell within or close to the
specified lower and upper limits.

The levels of each process parameter were transformed into coded values (-1 to 1) to create quadratic
polynomials representing the mean performance indicator values for Ra, MRR, RF, and Temp
(ANOVA Table 4. Applying these polynomials within the additive law framework (equation 3), we
derived empirical relationships between Ra, MRR, RF, and Temp and the input variables S, F, and DOC.

0.28 +—— " L
0.21 4 /‘
— ) 4 '/‘ A / s =
S A § {
3 /3 A “
& AN Ll A
> 0.14 Sl Y AP ‘ N, Y
[%2] . ‘A ’ ’ y i ’ ’
17} - ) ! N/ / 5
& 3 7-Nvy l( 1»/ o “ S ; \v/
v B ) 4 7
é_, , Y./ } '/’\.»,'/
e o ¥ s w v
[«5 . /
8 *  Measured V7
5  EtlEhetctedc s i o Upper bound | *
%) -~ Lower bound
0

1234567 8 910111213141516171819 202122 23242526 27
Sequence number (full factorial design of experiments)
Figure 3. (a) Comparison between measured [22] and Ra estimates.

© STM Journals 2026. All Rights Reserved S1470



Journal of Polymer & Composites
Volume 14, Special Issue 2
ISSN: 2321-2810 (Online), ISSN: 2321-8525 (Print)

55

*  Measured -
Upper bound
-——Lower bound

3

Material removal rate , MRR (mm /sec)

S al
(83} o

o
o

w
a1

12 345 67 8910 11 12 13 14 1516 17 1819 2021 22 23 24 25 26 27
Sequence number (full factorial design of experiments)
Figure 3. (b) Comparison between measured [22] and MRR estimates.

20
18 + Measured
w Upper bound
x ~—~—Lower bound
8 16
o
5
s 14
8
x
12
10

1234567 8 910111213141516 171819 20212223242526 27
Sequence number (full factorial design of experiments)
Figure 3. (c). Comparison between measured [22] and RF estimates.

Temperature

« Measured
~~ "Upper bound
~ " “Lowe ]

.1 23456 7 8 910111213141516 171819 20212223242526 27
Sequence number (full factorial design of experiments)
Figure 3. (d) Comparison between measured [22] and Temp estimates.
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The codled parameters used Werel:

The following relationships were established using the mean values of Ra, MRR, RF, and Temp from
ANOVA Table 4.

Ra = 0.1610 — 0.0125¢; — 0.02179¢> + 0.0338¢ + 0.00298¢2 + 0.0317¢; + 0.00433¢2 (4)
MRR = 45.6594 + 14967¢, + 0.27646¢2 + 2.4157¢, + 0.3785¢2 + 2.7450¢5 — 0.58526£%(5)
RF = 13.8091 — 1.4833¢&, + 0.59591&2 + 0.9750&, + 0.09335&2 + 1.4067&5 + 0.1582  (6)
Temp = 37.0444 + 2.0750&, + 0.116317Ei +0.8833&, — 0.0695%522 +4.3833&; + 0.2522 @

In order to illustrate the utility of Equations (4) through (7), we will analyze Test Run-1, which
consists of three levels and the parameter values: rotational speed (S) = 730 rpm, feed rate (F) = 400
mm/min, and depth of cut (DOC) = 0.15 mm. The transformed parameters for this particular set are

(1=-1,&=1,&=-1).

Upon substituting these transformed parameters into Equations (4) to (7), we obtain the following
results:

Ra =0.1610 — 0.0125 x (~1) — 0.02179 x (—1)? + 0.0338 x (~1) + 0.00298 x (—1)2+ 0.0317 x (—1) +
0.00433 x (—1)2= 0.1610 + 0.0125 — 0.02179 — 0.0338 + 0.00298 — 0.0317 + 0.00433 =~ 0.0935um

MRR = 45.6504 + 1.4967 x (—1) + 0.27646 x (1) + 2.4157 x (~1) + 0.3785 x (—1)?+2.7450 x (—1)
— 0.58526 x (—1)2 = 45.6594 — 1.4967 + 0.27646 — 2.4157 + 0.3785 — 2.7450 — 0.58526 =
39.072mm?/sec

RF = 13.8091 — 1.4833 x (—1) + 0.59591 x (—1)2 + 0.9750 x (~1) +0.09335 x (~1)2+ 1.4067 x (—1)
+0.15 x (~1)2 = 13.8091 + 1.4833 + 0.59591 — 0.9750 + 0.09335 — 1.4067 + 0.15 ~ 13.750N

Temp = 37.0444 + 2.0750 x (~1) + 0.11637 x (=1)? + 0.8833 x (~1) — 0.0695 x (—1)2+ 4.3833 x
(—1)+ 0.2 x (~1)2= 37.0444 — 2.0750 + 0.11637 — 0.8833 + —0.0695 — 4.3833 + 0.2 = 29.950°C

Applying corrections of -0.0046 um and 0.0064 um to the Ra values resulted in a range of 0.0889
pum to 0.0999 um, which aligns well with the data presented in Table 4. Similarly, adjusting the predicted
MRR values with corrections of -0.1932 mmg/sec and +0.1949 mm3/sec produced a lower bound of
38.879 mma/sec and an upper bound of 39.267 mm3/sec, demonstrating good agreement with Table 4.
For the predicted RF values, applying corrections of -0.2567 N and +0.2667 N yielded a range of
13.493 N to 14.017 N, again closely matching the results in Table 4. Finally, correcting the predicted
Temp values using -0.26670C and +0.150C gave a range of 29.6830C to 30.1000C, showing favorable
comparison with the findings in Table 4. This overall consistency validates the empirical relationships
developed for Ra, MRR, RF, and Temp, as modelled in equations (4) through (7). Furthermore, the
results obtained from equations (4) through (7) show a stronger correlation with those calculated using
the additive law, represented by equation (3).

RESULTS AND DISCUSSION

Analyzing ANOVA Table 4 enables us to pinpoint particular levels of input variables denoted with
subscripts: S3F1DOC1 to the lowest surface roughness (Ra); SsFsDOCj3 to the highest material removal
rate (MRR); S3F1DOC1 to the lowest resultant forces (RF), and S1F1DOC: to the lowest temperature at
the tool- workpiece interface (Temp). These combinations of input variables correspond to sequence
number 19 in Figure 3(a), sequence number 27 in Figure-3(b), sequence number 19 in Figure 3(c), and
sequence number 1 in Figure 3(d) of the full factorial design of experiments. It is important to note that
the parameter sets required to attain these optimal values for Ra, MRR, RF, and Temp are different. To
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derive a cohesive set of parameters that effectively minimizes Ra, while maximizing MRR, and
minimizes both RF and Temp, we apply a method previously discussed in research [24-30]:
transforming the multi-objective optimization issue into a single-objective problem. This process entails
normalizing the values of Ra, MRR, RF, and Temp from ANOVA Table 3 against their respective

maximums(Ra) ;=  0.2363um;  (MRR)pa= 524651 mmd/sec; (RF)pmar= 18.78 N;
and(Temp) max= 44.8330C.

fe . — — Temp
By minimizing, {1 (= (Ra) G2 (E1- (MRR) rr, )53 B (RF) oand &y (= 7225,

it is possible to find the minimizes Ra, maximizes MRR, minimize RF, and minimize Temp. Using
positive weightsw,w;, w3, andw,that sumto 1 (wq + w; + w3z + wys = 1) as detailed in [24-33], we
establish a unified objective function aimed at concurrently minimizing Ra; maximizing MRR; and
minimizing both RF and Temp:

{ = w101 + w20 + w3{3 + w4{y 8)

The unified multi-objective function ({)in equation (8) is a linear combination of
Temp )

G E (Ra) )(2 =1 ——(MRR) ), §3 ( (RF) ——)and {4, (= Tompymas?

We divide each level of the mean value of Ra in ANOVA Table-4 with (Ra)mat0 obtain the
corresponding level of the mean value of;. Each level of the mean value of MRR in ANOVA
Table 4 is divided with (MRR)ma and then subtract the resultant value from 1 to obtain the
corresponding level of the mean value of,. Similarly, each level of the mean value of RF in ANOVA
Table 4 is divided with (RF)mato obtain the corresponding level of the mean values of {s. Also, each
level of the mean value of Temp in ANOVA Table 4 is divided with (Temp)ma, to obtain the
corresponding level of the mean values of (4. Table 9 displays the mean values of a unified objective

function (¢) based on various sets of weighing factors (w1,wz, ws,ws).

Table 9. Mean values of the single objective function(¢) in Eqg. (8) with different sets of weighing
factors (wl,wz,ws,w4).

Input variables| 15'Mean | 2"Mean | 3rdMean | Optimal Solution
(Ra)min: w1 =1, w2 = w3 = w4 =0
S 0.6551 0.6992 0.5516
F 0.4924 0.6413 0.7723 S3F1D0OC1
DOC 0.5103 0.6234 0.7723
(MRR)max: w1 =0, w2 =1, w3 =ws4 =0
S 0.1551 0.1361 0.0982
F 0.1757 0.1299 0.0838 S3F3D0C3
DOC 0.1857 0.1224 0.0813
(RF)min: w1 =0,w2 =0,w3 =1, w4 =0
S 0.8573 0.7591 0.6993
F 0.7190 0.7739 0.8229 S3F1D0OC1
DOC 0.6997 0.7666 0.8495
(Temp)min: w1 =0,w2 =0,w3 =0,ws =1
S 0.7864 0.8232 0.8791
F 0.8083 0.8325 0.8478 S1F1D0C1
DOC 0.7332 0.8266 0.9289
(Ra) ,(MRR) (FN) and(Temp) 1w =w =w =w =
min max min min 1 2 3 4 4
S 0.6135 0.6044 0.5571
F 0.5489 0.5944 0.6317 S3F1D0C1
DOC 0.5322 0.5847 0.6580
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Minimum Ra is obtained by minimizing ¢ with weighting factors w; = 1, wy; = w3 = w4 = 0.
Maximum MRR is similarly obtained by minimizing ¢ with w; = 0, w, = 1, wz = w4 = 0. Minimum
RF is obtained by minimizing ¢ with w; = 0, w; = 0, w3 = 1, wg = 0. Minimum Temp is obtained by
minimizing ¢ with w; = 0, wy; = 0, w3 = 0, wy = 1. These four cases were indicated with bold
numerals in ANOVA Table-9. The optimal solution for these four cases confirms the data in ANOVA
Table-14. To achieve a unified process optimization, the equal weighting factors (w1 = w2 = w3 =
Wy = ;) are utilized. Table 10 offers a comprehensive list of specific input variables along with the

estimates of the performance characteristics (Ra, MRR, RF, and Temp) for each condition. The
measured performance characteristics for each specific condition in Table-10 are within or close to the
estimated range.

Hema et al. [22], similar to this study, employed multi-objective optimization, creating a composite
objective function where each objective was weighted equally. Using 18 different combinations of input
variables (S, F, and DOC), they developed regression model (9) based on measured performance
characteristics: Ra, MRR, RF, and Temp.

% R 0.0328877  —0.00006450.0001481390.371667

It } _ (239621 3 4+ [0:007171990.012538431.1141 | x {F } 9)
RF 14.2701 —0.006650740.0046179514.0344 DoC
Temp 13.1982 0.0111330.0047146443

They then used the HABC algorithm to optimize milling parameters and asserted its superiority by
comparing its performance against HSA, PSO, and GA (Table 11). Notably, the optimal milling
parameter set identified in this study aligns precisely with the results obtained by Hema et al. [22] using
HABC algorithm (Tables 6 and 7). Furthermore, the measured performance characteristics reported in
[22], along with their estimates derived from regression model (9) for the optimal parameter set, fall
within or near to the predicted range. The performance characteristics (Ra, MRR, RF, and Temp) were
measured and compared with estimates from the regression model (9), as shown in Figures 4(a)—(d).
The regression model (9) provides accurate estimations, with its results falling within or close to the
predicted range derived from the empirical relationships (4) to (7).

Table 10. Input variables (such as S, F, and DOC) and the predictions of the performance characteristics
(such as Ra, MRR, RF, and Temp) under particular conditions.

Optimal set of input variables Performance characteristics
S (rpm) ‘F (mm/min)‘ DOC (mm) Ra (um) ‘ MRR (mm3/sec) ‘ FN (N) ‘ Temp (°C)
Single objective optimization — (Ra)min
1130 400 0.15 0.0639-0.0749 | 41.872-42.260 | 10.527-11.050 | 33.833-34.250
(0.07) + (41.51) (10.95) (34.6)
Single objective optimization - (MRR)axn:
1130 800 0.35 0.1949-0.2059 52.193-52.581 | 15.290-15.813 | 44.367-44.783
(0.21) (55.35) (14.96) (44.5)
Single objective optimization - (RF)min
1130 400 0.15 0.0639-0.0749 41.872-42.260 | 10.527-11.050 | 33.833-34.250
(0.07) (41.51) (10.95) (34.6)
Single objective optimization - (Temp)min
730 400 0.15 0.0889- 38.879-39.267 | 13.493-14.017 | 29.683-30.100
0.0999(0.1) (39.07) (13.74) (30.1)
Multi-objective optimization — (Ra)min,(MRR)max,(RF)minand (Temp)min
1130 400 0.15 0.0639-0.0749 41.872-42.260 | 10.527-11.050 | 33.833-34.250
(0.07) (41.51) (10.95) (34.6)
+ Test data [22] in parenthesis
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Table 11. Comparison of milling parameters and performance characteristics adopting different
heuristic intelligence algorithms (HSA, PSO, GA, HABC) in the multi-objective optimization.

Heuristic Optimal set of input variables Performance characteristics (Eq. 9)

intelligence

Algorgi’thm S (rpm) F (mm/min) | DOC (mm) |Ra (um)| MRR (mm3/sec) | FN (N) | Temp (°C)
GA 1057.52 400 0.15 0.080 41.229 11.189 33.307
HSA 1096.11 400 0.15 0.077 41.506 10.932 33.737
PSO 1035.14 406.1 0.16 0.086 41.456 11.507 33.517

HABC 1130 400 0.15 0.075 41.749 10.707 34.114
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0.20 () Lower bound
A Regression model

0.15

0.10

Surface roughness , Ra (um) - Estimated

0.05

005 0.10 0.15 0.20 0.25
Surface roughness , Ra (um) - Measured
Figure 4. (a) Comparison of measured and estimated surface roughness (Ra) from regression model
(9) and the empirical relationship (4).
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Figure 4. (b) Comparison of measured and estimated material removal rate (MRR) from regression
model (9) and the empirical relationship (5).
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Figure 4. (c) Comparison of measured and estimated resultant forces (RF) from regression model (9)
and the empirical relationship (6).
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Figure 4. (d) Comparison of measured and estimated temperature (Temp) from regression model (9)

and the empirical relationship (7).

Figures 5(a)—(d) illustrate the relationship between cutting speed (S) and several performance
characteristics: surface roughness (Ra), material removal rate (MRR), resulting forces (RF), and
temperature at the tool-workpiece interface (Temp). These Figures present data collected while
maintaining a constant feed rate (F1 = 400 mm/min) and depth-of-cut (DOC1 = 0.15 mm). As cutting
speed (S) increases, surface roughness (Ra) initially rises before subsequently declining (Figure 5(a)).
In contrast, material removal rate (MRR) (Figure 5(b)) and temperature (Temp) (Figure 5(d)) both
demonstrate a consistent increase with increasing cutting speed (S). The resulting forces (RF) (Figure
5(c)) show the opposite trend, decreasing consistently as cutting speed (S) increases. These curves in
Figures 5(a) through 5(d) were generated using empirical equations (4) to (7), which were adjusted to
account for the upper and lower bounds of the developed empirical relationships.
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The industrial sector demands simple, reliable, and easily implemented solutions for optimization
problems. This study addresses this need by employing a modified Taguchi method for process
optimization, identifying optimal ranges for performance characteristics based on specific process
variables. Furthermore, we developed and validated empirical models for Ra, MRR, RF, and Temp
using experimental data. Statistical analysis was performed using Excel, offering an alternative to
specialized software like Minitab or Design Expert. Importantly, our identified optimal milling parameter
set coincides with the findings of Hema et al. [22], who utilized the HABC algorithm and demonstrated
its effectiveness over other optimization algorithms, such as HSA, PSO, and GA.

0.12 - ¥ L 2

A measured
..... Upper bound |
. _Lowerbound

0.10

0.08

Surface roughness, Ra (um)

0.06470 800 900 1000 1100 1200

Cutting speed, S (rom)
Figure 5 (a) Variation of surface roughness (Ra) with the cutting speed (S) for a given feed rate,
F1=400 mm/min and depth-of-cut, DOC1=0.15 mm

measured
Upper bound
——— Lower bound

Material removal rate, MRR (mm /sec)

700 800 900 1000 1100 1200
Cutting speed, S (rpm)
Figure 5. (b) Variation of material removal rate (MRR) with the cutting speed (S) for a given feed
rate, F1=400 mm/min and depth-of-cut, DOC1=0.15 mm
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Figure 5. (c) Variation of resulting forces (RF) with the cutting speed (S) for a given feed rate,

F1=400 mm/min and depth-of-cut, DOC1=0.15 mm
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Figure 5. (d) Variation of temperature at the tool-workpiece interface (Temp) with the cutting speed

(S) for a given feed rate, F1=400 mm/min and depth-of-cut, DOC1=0.15 mm.

CONCLUDING REMARKS

This paper aims to determine the optimal machining parameters for Al6351 alloy plates, considering
four key performance indicators: surface roughness (Ra), material removal rate (MRR), resulting forces
(RF), and the temperature at the tool-workpiece interface (Temp). A Taguchi L9OA (orthogonal array)
was implemented to analyze the effects of three machining parameters — cutting speed (S), feed rate

(F), and depth-of-cut (DOC) — each at three distinct levels.
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A modified Taguchi method was used to statistically analyze the experimental data. This analysis
resulted in empirical equations linking the machining parameters to the performance characteristics.
The validity of these models was confirmed through experimental verification.

These validated equations were then used to predict the range of each performance characteristic
based on different machining parameter combinations. Multi-objective optimization was employed to
simultaneously minimize Ra, RF, and Temp, while maximizing MRR. The optimal parameter
combination was identified as a cutting speed of 1130 rpm, a feed rate of 400 mm/min, and a depth-of-
cut of 0.15 mm. All calculations were carried out using Excel.

The performance of the modified Taguchi method was compared against several heuristic
optimization algorithms: Harmony Search Algorithm (HSA), Particle Swarm Optimization (PSO),
Genetic Algorithm (GA), and Hybrid Artificial Bee Colony (HABC) algorithm. The results indicate that
the modified Taguchi method provides significantly better performance for optimizing conventional
milling operations.

Future work is directed towards the development and characterization of AA6351 reinforced with
Al203 in different weight proportions using stir casting method.
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