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Abstract
Laser Beam Cutting (LBC) is one of the largest applications of lasers 
in metal working industry using thermal energy based non-contact 
type of machining offering advantages such as high speeds, high 
quality edges, low-heat input, and minimal work piece distortion 
successfully used for the cutting of conductive and nonconductive 
difficult-to-cut advanced engineering materials such as reflective 
metals, plastics, rubbers, ceramics and composites. The pursuit 
any machining process is established by determining the equitable 
aggregate of input parameters. This paper presents modeling and 
optimization of cut quality during pulsed Nd: YAG laser cutting of 
Al7075/10%/SiCp metal matrix composite. In the present study, 
four input process variables such as laser power, pulse frequency, 
gas pressure and pulse width and cut quality attributes like Heat 
Affected Zone (HAZ) and surface roughness (Ra) are considered. 
In view of the effects of machining parameters on the HAZ and 
Ra, the problem is systematized as a multi objective optimization 
problem and a mathematical predictive model for each of the 
performance attributes was developed using response surface 
methodology and, thereupon, the developed mathematical models 
are applied for optimization applying an effective evolutionary 
optimization algorithm, non dominated sorting genetic algorithm-
II to obtain the Pareto optimal set of solutions.
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I. Introduction
Lasers are well established and a very flexible tool for producing 
various micro-structures in this modern era, especially in 
amelioration of engineering materials [1]. Laser Beam Laser 
Beam Machining (LBM) is one of the advanced non-conventional 
machining process that being contemporarily used for shaping 
almost whole range of engineering materials where complex 
contours demand precise, fast and force-free processing. Besides 
marking, drilling, and welding applications, cutting is the most 
intermittently applied LBM process. The big benefit of Laser Beam 
Cutting (LBC) is the localized laser energy input providing small 
focal diameters, small kerf widths, high feed rate and minimal 
heat input
Laser beam cutting is a non contact type; thermal energy based 
advanced machining process in which a high intensity laser beam 
is focused at a spot and material gets melted or vaporized at that 
spot (Fig.1). A high pressure co-axial assist gas is supplied with 
the nozzle to remove the molten metal from the melting pool. 
The effectiveness of the laser cutting process depends upon the 
thermal properties and to some extent optical properties, rather 
than mechanical properties of the material to be cut. Therefore, 
materials which exhibit a high degree of brittleness or hardness and 
have favorable thermal properties such as low thermal diffusivity 
and conductivity are well suited for laser cutting. 
The most important performance measures in LBC are Heat 
Affected Zone (HAZ) and surface roughness (Ra). HAZ is an 
indication of the extent of structural changes and appears near 

cutting surface due to thermal conduction of work piece, resulting 
in energy loss and lowering cutting quality while Ra is a measure of 
work quality and can be caused by unstable flow of the melt. These 
performance measures are governed by input cutting variables 
such as laser power, pulse frequency, type of assist gas and gas 
pressure. Laser cutting is a highly entangled schema at which point 
an ample number of parameters need to be literally controlled in 
unison, hence empirical optimization of the process is exorbitant 
and time expending. Therefore, an efficacious  method is needed 
to arbitrate the optimal machining parameters.

Fig. 1: Principle of Laser Beam Cutting Process

The material used for experiments is silicon carbide (SiCp) 
reinforced aluminum metal matrix composite which are  the most 
advantageous engineering materials due to their properties such 
as low weight, heat-resistant, wear-resistant and low cost [2]. 
However, the full potential of this composite material is hindered by 
the high manufacturing cost together with the problems undergone 
in machining SiCp reinforced aluminum MMCs using conventional 
processes resulting in excessive tool wear owing to the hard, 
brittle and abrasive nature of this material [3]. Different aspects 
of machining of this composite are investigated by researchers 
[4]. Very sparse research work is available in the field of LBC of 
this composite. Therefore it is imperative to develop a suitable 
technology guideline for optimum and effective machining of 
Al/SiCp MMC.
Process modeling and optimization is one of the most benchmarked 
areas of machining as this result in depletion of production cost and 
enhancement of product quality. However, wherefore the intricate, 
fused, and non-linear nature of the input–output variables of 
machining processes, experimental optimization of any machining 
process is inflated and time devouring. Abruptly, existing cogent 
models and analyses cannot impart judicious process foresight for 
better quality control and higher throughput owing to the highly 
convoluted interactions between process parameters.

The present work formulates LBC explicitly as a multiobjective 
optimization problem for the determination of the optimal 
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machining conditions involving the minimization of HAZ and 
Ra. The mathematical models for the HAZ and Ra are developed 
through the response surface methodology (RSM). Later, a popular 
evolutionary algorithm, non-dominated sorting genetic algorithm 
II (NSGA-II), was used to retrieve the multiple optimal sets of 
input variables.

II. Literature Survey
The most primarily used lasers are Continuous Wave (CW), CO2 
and pulsed Nd: YAG [5]. Various researchers [6-7] have put up 
the efforts for cutting of composite by CO2 laser/ND: YAG laser 
approaches. Pulsed Nd: YAG laser cutting becomes an exemplary 
cutting process because of high laser beam potential, low mean 
beam power, good focusing features, and narrow HAZ [8]. Many 
researchers have investigated the effect of different input process 
parameters on the performance measures for different category 
of materials such as metals, super alloys, ceramics, polymers and 
composites to set an optimum process regime for better quality 
cuts [9-10]. Also the foresaid quality characteristic Ra is affected 
explicitly by the power requirement, followed by tip distance and 
cutting speed when laser beam cutting on acrylic sheets [11].
The effects of the cutting parameters on the surface roughness, 
the striation formation and the microstructure of the cut section of 
Inconel718 sheet using Nd: YAG laser with the maximum power 
of 2.8 kW was studied [12]. Their results show that alteration of 
the surface roughness of the cut section is affected mainly by 
the cutting speed. The effect of the processing parameters (laser 
power and cutting velocity) under the quality of the cut for several 
polymeric materials was graded [13].
The optimal operating parameters are very difficult controlled and 
greatly complicated from the influence of operating parameters on 
the performance characteristics, In such complex and multi-variate 
systems, the relationship between factors is unclear. For modeling 
and optimization of laser cutting process [14] have used ANN and 
found that model developed by the ANN is more suitable for the 
predicting the surface roughness in laser cutting. 
For optimum process planning for compound laser cutting [15] 
had used Genetic Algorithms (GA).It has been shown that the 
experimental results of the proposed GA is able to find efficient 
machining path. For laser cutting in order to analyze the effect of 
input process parameters such as standoff distance, focal distance, 
gas pressure, laser power, cutting speed, frequency and duty cycle 
on the output parameters kerf width and surface roughness [16] 
have used Adaptive Neuro-Fuzzy Inference System (ANFIS) 
modeling and they found that the ANFIS model developed is 
acceptable for presuming the surface roughness and kerf width. 
To interpret and optimize the process parameters to the extent 
of achieving better qualities during LBC, some researchers have 
applied the Taguchi methodology (TM). The applications of TM 
to optimize the laser cutting parameters are reported [17-19]. 
Their reports show a considerable enrichment in cut features of 
different work piece materials at optimum parameter grades. For 
optimization of the laser cutting process, [20] analyzed seven 
different control parameters using a Taguchi design methodology 
for the metal matrix composite of Al/SiCp. They arbitrated cutting 
speed, surface roughness, material removal rate, and spark gap as 
qualities of the process pursuit.

III.Critique on the Literature Survey
The literature outline affirms that the potential of the laser cutting 
of Ra rely upon mainly on the laser power, pulse frequency, cutting 
speed and focus positions and HAZ increases in relation with power 

and speed of beam. Also literature validitates that appropriate efforts 
were dedicated to evaluate the most proven models for HAZ and 
Ra. These feasible models were employed as objective functions 
and were optimized to obtain the manufacturing conditions for the 
required HAZ and Ra. Also the literature shows that the imperious 
modeling and optimization tools exerted up to now have been 
are primarily Taguchi- based regression analysis, ANFIS, GA 
and ANNs. To assert the objective function and constraints as 
functions of the decision variables, the consistency and liability 
of ascertaining the planetary optimum solution confide in the type 
of modeling technique used [21]. Therefore, effective, efficient, 
and profitable implementation of the LBC process coerces an 
authentic modeling and optimization method.
In the utmost accustomed deterministic applications such as 
multiple regressions, a prediction model has to be determined in 
earlier and a set of coefficients has to be found. Although ANNs 
have also been used effectively in the literature for modeling, 
they have the detriment of not being able to assess the analogy 
between inputs and outputs. Also predicting system modeled by 
ANFIS cannot be used for real trade practices as large amount of 
training data might be required to develop an accurate system, 
depending always on the research study.

IV. Proposed Methodology
In this paper, a unique means of modeling Heat affected Zone 
(HAZ) and surface roughness (Ra) using RSM is perceived. 
RSM is selected to map the experiments with a reduced number 
of trial runs to effectuate optimum responses. The discrete 
feature of RSM used extensively in the industrial world used 
to examine and characterize problems in which input variables 
influence some performance aspect of the product or process. 
This performance measure, or sometimes quality characteristic, is 
called the response. More details of this methodology are discussed 
in Section V. The models developed by RSM were subsequently 
used for optimization.
In the existing work, the optimization problem of LBM was 
undeniably framed as a multi-objective optimization problem for 
the determination of the optimal machining conditions between 
Heat Affected Zone and surface roughness. It can be noted that 
the classical optimization methods (weighted sum methods, goal 
programming, min-max methods, etc.) are not efficacious for 
handling multi-objective optimization problems because they do 
not find multiple solutions in a single run, and therefore it is 
necessary for them to be applied as many times as the number 
of desired Pareto-optimal solutions [22]. The above-mentioned 
difficulty of classical optimization methods is eliminated in 
evolutionary algorithms, as they can find the multiple solutions 
in a single run. As a result, the most commonly used evolutionary 
approach, NSGA-II is proposed in this paper for multi-objective 
optimization of LBC. Response surface Methodology (RSM) 
based multi-objective optimization methodologies have been 
widely used in the literature to find Pareto-optimal solutions 
[23-24]. In particular, NSGA-II has proven its effectiveness and 
efficiency in finding well-distributed and well-converged sets of 
near Pareto-optimal solutions [25]. The proposed methodology 
of integrating RSM and NSGA-II is depicted in fig. 2.
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Fig. 2: Proposed Methodology

V. Modelling Using RSM
RSM consists of a collation of statistical and mathematical 
techniques useful to the development and interpretation of 
polynomial equations [26-27]. In general, relationship between a 
response of interest,y, and a number of associated control (or input) 
variables denoted by x1, x2,∙∙∙ ∙∙∙, xn. In general, the relationship 
can be approximated by a low-degree polynomial model v(x) to 
find the levels which maximize the response is of the form     
y = v(x1,x,∙∙∙ ∙∙∙, xn)+γ    (1)
where γ represents the noise or error observed in the response y.
Then the surface is represented by μ = v(x1, x,∙∙∙ ∙∙∙, xn) called 
a response surface. This is conditioned on the belief that Eq. 
(1) provides an adequate representation of the response. Two 
important models are commonly used in RSM which includes 
the first-degree model,

   (2)

and the second degree model as:

  (3)

where βj represents the linear effect of  xj, βjj represents the 
quadratic effect of xj and βji reveals the linear-by-linear interaction 
between yj and yi. The second term under the summation sign 
of the polynomial equation attributes to linear effects, where as 
the third term of the above equation represents the higher order 
effects and finally the fourth term of the above equation includes 
the interactive effects of the process parameters. In the response 
surface methodology each variable was coded in a manner so that 
the upper level was taken as +2 and lower level as −2 for designing 
the experiment and the test observations in an optimized way.

VI. Optimization Using NSGA-II
In the literary works, the pertinence of Evolutionary Algorithms 
(EAs) for interpreting multi-objective optimization problems has 
been analyzed over a extensive period .In the midst of  these, the 
NSGA-II, [28], is a prominent and typically employed algorithm 
that has been adapted flourishingly to distinct nonlinear complex 
optimization problems. NSGA-II has proved to be more exemplary 
over its antecessor Non-dominated Sorting Genetic Algorithm 

(NSGA), mainly in the below aspects [29]:
It uses an elitist selection• 
It uses an explicit diversity preserving mechanism.• 
It emphasizes the non-dominated solutions• 

The steps of this algorithm are as follows [25]:
Create a random parent population (I1. n) of size P initially.
Sort the random parent population based on non 2. 
domination.
For each non dominated solution, assign a fitness (rank) equal 3. 
to its non domination level (1 is the best level, 2 is the next 
best level, and so on).
Create a child population (J4. n ) of size P using binary tournament 
selection, recombination, and mutation operators.
From the first generation onwards, creation of each new 5. 
generation constitutes the following steps:
Create the mating pool (K• t)  of size 2P by combining the 
parent population (It) and the child population (Jt).
Sort the combined population  (K• t) according to the fast non 
dominated sorting procedure to identify all non dominated 
fronts (S1, S2,….Sl).
Generate the new parent population (I• t+1) of size P by adding 
non dominated solutions starting from the first ranked non 
dominated front (S1)   and proceeding with the subsequently 
ranked non dominated fronts (S1, S2,….Sl) , till the size 
exceeds P (Fig. 3).
This means that the total count of the non dominated solutions • 
from the fronts (S1, S2,….Sl) exceeds the population size P. 
Now, in order to make the total count of the non dominated 
solutions equal to P, it is required to reject some of the lower 
ranked non dominated solutions from the last (Sl

th ) front. 
This is achieved through a sorting done according to the 
crowded comparison operator (>=p) based on the crowding 
distance assigned to each solution contained in the (Sl

th ) non 
dominated front. Thus, the new parent population (It+1)  of 
size P is constructed.
Perform the selection, crossover and mutation operations on • 
the newly generated parent population (It+1)  to create the new 
child population (Jt+1)  of size P (Fig. 3).

6.    Repeat Step 5 until the maximum number of generations is  
       reached. 

VII. Experimental Details
The investigation of experiments was enforced with an optical 
fibre delivered pulsed Nd: YAG laser beam system (Model: 
JK300D) fabricated by GSI Lumonics and delivering maximum 
peak power of 16 kW. The laser beam was restationed via a 300-
μm diameter step-indexed optical fibre to the cutting head, which 
was mounted over a six-axis robot. The cutting head was furnished 
with an automatic standoff adjusting servomotor and electrostatic 
sensor. The experimental set up of robotic laser cutting process 
was shown in fig. 4. The output laser beam was focused by a 
BK7 plano-convex lens whose focal distance is 116 mm. The 
fixed conditions at which the experiments were conducted are 
listed in Table 1.
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Fig. 3: Schematic of NSGA-II Algorithm

Table 1: Cutting Conditions
1 Work piece material               Al 7075/10%SiCp

2 Material  Dimensions          90X 30X 2mm3

3 Power of laser            16W
4 Max frequency        1000 Hz
5 Nozzle diameter     1.2 mm
6 Nozzle standoff   0.5 mm
7 Focal lens       120 mm
8 Focal Spot size 180 µm

Economic grade Aluminum alloy 7075 and SiC granulars of 
particle size 50µm are selected for the present work and the 
chemical composition was given in Table 2. The work material 
used for the current analysis was Al7075/10%SiCp composite 
with dimensions of 90 mm in length and 2 mm in thickness and 
the composite is fabricated by the stir casting method. 
Because of the large number of independent parameters that 
control the laser cutting process, some preliminary experiments 
were conducted in order to determine which parameters should be 
considered for optimization. The four control variables, viz. Pulse 
Power (PP), Pulse Frequency (PF), Assist Gas Pressure (GP) and 
Pulse width (PW) each at five levels, were chosen. The different 
levels of the parameters used in the experimentation are shown in 
Table 3. It was decided to use five-level test for each factor since 
the determined factors were multi-level variables whose outcome 
effects were not linearly related. The levels were fixed based on 
detailed preliminary experiments. The two quality characteristics 
analyzed were Heat Affected Zone (HAZ) and surface roughness 
(Ra) (Fig. 5).

Table 2: Chemical Composition of  Al7075
Element Weight%

Si 0.4
Fe 0.5
Cu 1.6
Mn 0.3
Mg 2.5
Cr 0.15
Zn 5.5
Ti 0.2
Al 88.85

The width of each cut was measured at three different places for 
accurate evaluation The Heat Affected zone was measured using 
optical measuring microscope, OLYMPUS STM6. The Surface 
roughness of laser cut surfaces was measured from centerline of 
the cut edge using a Mitutoyo Surftest SJ-201P. The experiments 
were planned implementing second-order central Composite 
Rotatable Design (CCD) for the Design Of Experiments (DOE), 
which helps to minimize the number of experiments. The results 
for 30 experiments after laser beam cutting which were evaluated 
as stated earlier on two performance measures were shown in 
Table 4.
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Table 3:Control factors and their levels 

Control 
factors

Levels

-2 -1 0 1 2 Units

 Pulse-power 
(X1)

210 220 230 240 250 W

Pulse-
Frequency 
(X2)

210 220 230 240 250 Hz

Assist gas 
Pressure (X3)

8 9 10 11 12 Kg/cm2

Pulse-width 
(X4)

0.2 0.3 0.4 0.5 0.6 ms

VIII. Development of Empirical Models Based on RSM
Based on the CCD, experiments were executed to develop empirical 
models for Ra and HAZ in terms of the four input variables. Using 

CCD it is liable to fit models up to the second order along with the 
quadratic terms. Design Expert 7.1, [30] software was used for 
analyzing the experimental results. Values of various regression 
statistics were compared to identify the best fit model. The need 
in developing the mathematical relationships was to correlate the 
machining responses to the cutting parameters thereby facilitating 
the optimization of the machining process.

Measurement of Ra

HAZ

Fig. 5: Measurement of Responses

The statistical models based on the second-order polynomial 
equations formulated for Ra and HAZ using the experimental 
details were given below:

Ra=+0.051657-0.00033*PP-0.0001257*PF-0.002425*GP+0.065
*PW+0.00000090*PP*PF+0.0000192*PP*GP-0.0002*PP*PW-
0.000011*PF*GP-0.0000775*PF*PW+0.00067*GP*PW+0.000
00012*PP*PP+0.0000001*PF*PF+0.0000105*GP*GP+0.0032*
PW*PW       (4)

H A Z = + 0 . 5 8 2 9 9 - 0 . 0 0 2 4 6 8 * P P - 0 . 0 0 0 1 * P F -
0 .00097*GP-0 .051810*PW+0.0000001*PP*PF+0.0
0020465*PP*GP-0.0019*PP*PW-0.000008*PF*GP-
0.0008*PF*PW+0.00243*GP*PW+0.0000027*PP*PP+0.0000
03*PF*PF+0.000279*GP*GP+0.0204*PW*PW   
      (5)
where PP,PF, GP and PW represent  pulse-power (PP), pulse-
frequency (PF), assist gas pressure (GP) and pulse-width (PW) 
respectively.

Table 4: Experimental Dataset
NO PP(W) PF(HZ) GP(kg/cm2) PW(ms) Ra (mm) HAZ (mm)
1 240 220 11 0.5 0.003100 0.068500
2 220 220 9 0.5 0.003070 0.069700
3 230 230 10 0.4 0.002902 0.064800
4 220 240 11 0.5 0.002616 0.064100
5 220 220 11 0.3 0.001550 0.058300
6 230 230 10 0.4 0.002817 0.065130
7 240 220 9 0.3 0.002980 0.065780
8 240 240 11 0.3 0.003550 0.070800
9 220 240 9 0.3 0.002910 0.065500
10 240 240 9 0.5 0.002500 0.063240
11 220 240 11 0.3 0.002140 0.060800
12 220 240 9 0.5 0.003340 0.068500
13 220 220 9 0.3 0.002620 0.063450
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14 230 230 10 0.4 0.002817 0.064700
15 240 240 11 0.5 0.003160 0.067500
16 240 220 9 0.5 0.002560 0.064300
17 230 230 10 0.4 0.002815 0.064300
18 240 240 9 0.3 0.003260 0.067800
19 220 220 11 0.5 0.002660 0.066400
20 240 220 11 0.3 0.003240 0.069500
21 230 230 10 0.4 0.002770 0.064900
22 250 230 10 0.4 0.003390 0.067900
23 230 250 10 0.4 0.003090 0.066670
24 230 230 10 0.2 0.002630 0.065000
25 230 230 12 0.4 0.002590 0.066100
26 230 230 8 0.4 0.003120 0.065900
27 230 230 10 0.4 0.002790 0.065220
28 210 230 10 0.4 0.002460 0.064100
29 230 230 10 0.6 0.003092 0.066400
30 230 210 10 0.4 0.002650 0.065500
PP-Pulse-power, PF-Pulse-frequency, GP-Assist gas pressure ,PW-Pulse-width, 
Ra-Surface roughness, HAZ-Heat affected zone

The analysis of variance (ANOVA) was used to substantiate the 
adequacy of the developed models. Table 5 demonstrates the 
ANOVA for the HAZ. The P (significance) value for the model 
was lower than 0.05 (i.e. at 95% confidence level) indicates that the 
model is considered to be statistically significant i.e. the differences 
among the means were meaningful and not the result of random 
chance [31]. Similar analysis was carried out for the Ra and is 
given in Table 6. The normal probability plots of the residuals for 
the output responses were shown in figs. 6 and 7. An analysis on 
these plots affirms that the residuals were positioned on a straight 
line, which means that the errors were distributed consistently 

and the regression models were proportionately well fitted with 
the observed values. To check whether the fitted models actually 
interpret the experimental data, the multiple regression coefficients 
(R2) were computed. The multiple regression coefficients (R2) for 
Ra and HAZ were found to be 0.9748 and 0.9852 respectively. 
This shows that the second- order model can justify the variation 
in the Ra and HAZ up to the measure of 97.48% and 98.52%, 
respectively. It can be said that the second-order models were 
adequate in representing the process on the basis of these values 
of the multiple regression coefficients.

Table 5:Analysis of Variance for HAZ

Source Degrees of 
freedom (df)

Sum of squares 
(SS)

Mean square 
(MS) F P-Value

Regression 14 0.000186 0.000013 71.327 0.000
Linear terms 4 0.000010 0.000002 13.393 0.000
Square terms 4 0.000023 0.000001 20.536 0.005
Interaction terms 6 0.000002 0.000001 2.591 0.003
Residual error 15 0.000002 0.000000   
Total 29     

Table 6: Analysis of Variance for Ra

Source Degrees of 
freedom (df)

Sum of squares 
(SS)

Mean square 
(MS) F P-Value

Regression 14 0.000004 0.00000 27.89 0.000
Linear terms 4 0.0000002 0.00000 34.30 0.000
Square terms 4 0.000004 0.00000 26.30 0.001
Interaction terms 6 0.000006 0.00000 24.67 0.000
Residual error 15 0.000001 0.00000   
Total 29     
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Fig. 7: Normal Probability Plot for HAZ

A. Effect of Process Parameters on Surface Rough-
ness

1. Direct Effects
Fig. 8(a) shows that an increase of power lead to an increase in 
Ra. An increase of laser power normally leads to reduction of cut 
quality, consequently higher surface roughness result. At higher 
range if gas pressure is not increased, more molten material is 
ejected towards the top of the interaction zone and is melting 
additional material resulting in large Ra. The average cut width 
increases as the laser cutting power increases. 
As shown in fig. 8(b) at low pulse frequency, there is enough 
time between the pulses for the material to substantially cool 
down. This helps extinguish the exothermic oxidation reaction 
thereby reducing the overall process efficiency. Furthermore as the 
material cools down between pulses at low pulse frequencies, the 
resulting lower average temperature increases the surface tension 
or viscosity of the molten material making it more difficult to flow 
out of the reaction zone, thus increasing Ra. These findings are in 
agreement with the previously reported results [32]. 
The average Ra generally decreases with increasing the gas 
pressure as shown in fig. 8(c). The faster the cutting, the smaller 
the energy density supplied to the material and lesser time there 
is for the heat to diffuse sideways and hence the narrower the Ra. 
The Ra varies from lower to higher values as shown in fig. 8(d) 
due to different material removal mechanisms. At lower levels 
of pulse width due to lower pulse-to-pulse overlap, individual 
laser pulses affect Ra.
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Fig. 8: Direct Effects of Process Parameters on Surface Roughness, 
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2. Surface Effects
In fig. 9(a), the pulse width and assist gas pressure are kept constant 
at 0.40ms and 10kg/cm2 respectively. An increase in pulse power 
and pulse frequency results in higher Ra. Moreover the effect 
of changing pulse power on Ra is more assertive than pulse 
frequency. The aggressive melting, vaporization coupled with 
exothermic reaction of reaction gas produces a wider thickness 
of Ra at high pulse power and frequency. 
Fig 9. (b) depicts the effect of pulse width and pulse power on 
Ra. Pulse width being the duration of laser pulse controls the 
incidental heat input into the part. At low values of pulse width 
and pulse power, the variation in Ra is minimal.  As the pulse 
width and pulse power increases, they cause more metal removal 
which increases the Ra.

Fig.  9(c) exhibits the effect of assist gas pressure and pulse power 
on the surface roughness.
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Fig. 9(a): Interaction Effect of Pulse-power and Pulse-frequency 
on Surface Roughness

Fig. 9(c) exhibits the effect of assist gas pressure and pulse power 
on the surface roughness. The plot reveals that assist gas pressure 
has almost linear effect on width of Ra at different pulse power 
values. At lower cutting speeds and low energy levels, there is less 
time for heat diffusion and melting and hence low Ra.
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B. Effect of Process Parameters on Heat Affected 
Zone

1. Direct Effects
Fig. 10(a) reveals there is a noticeable increase in HAZ with an 
increase in pulse power. This is due to the increase of thermal 
energy that is absorbed in material as the laser power increases. 
Also at higher power levels, the ignition zone is expected to be 
wider because of the higher heat input as well as the limited thermal 
conductivity of the material. From fig. 10(b), it is observed that 
as the laser repetition rate increases from minimum to maximum, 
HAZ also increases. As pulse frequency goes on increasing, pulse 
irradiance level is high enough to reach vaporization temperature, 
hence heat affected zone increases.  As shown in fig.10(c) with 
an increase in the gas pressure the width of HAZ increases 
linearly. 
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Fig. 10: Direct Effects of Process Parameters on HAZ, (a) Pulse-
Power, (c) Gas-pressure

As the gas pressure is increased, the interaction time between 
laser beam and material is increased and hence the width of HAZ 
increases. These findings are in agreement with the previously 
reported results [33-34]. From fig.10 (d), it is observed that as 
the pulse width increases from minimum to maximum, HAZ 
decreases. As pulse width goes on increasing, pulse irradiance 
level is low enough to reach vaporization temperature, hence heat 
affected zone decreases.

2. Surface Effects
Fig. 11 shows the 3D surface plots for HAZ. In Fig. 11 (a), the 
gas pressure and pulse width values are kept constant at 10kg/cm2 
and 0.4ms. In general, HAZ is directly proportional to the pulse 
power. An increase in pulse power and pulse frequency results 
in higher HAZ. High laser power generates high thermal energy 
which produces HAZ thickness. At low pulse frequency, peak 
power of the laser beam is higher. Keeping frequency at low level, 
the increase in power results in excessive removal of material. 
As a result, HAZ thickness increases with pulse power at a faster 
rate. But at the higher pulse frequency as power of laser beam is 
lower, the amount of variation in HAZ thickness due to increase 
in pulse power is comparatively lower.
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Combined effects of the pulse power and gas pressure on HAZ 
thickness are exhibited in fig. 11(b). Pulse frequency and pulse 
width are taken as constant value of 230 Hz and 0.4ms, respectively. 

Surface plot reflects that assisted gas pressure has an almost linear 
relationship with HAZ thickness at constant pulse power. Low 
gas pressure is unable to remove the excess heat generated at the 
cutting zone as
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Fig . 11(b): Interaction Effect of Pulse-power and Assist Gas 
Pressure on HAZ

well as unable to assist the removal of ejected material. This 
phenomenon causes high HAZ.. Variation in HAZ thickness 
with air pressure at low power is very low due to low heat 
generation. 
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Fig. 11(c): Interaction Effect of Pulse-power and Pulse-Width 
on HAZ

Fig. 11(c) exhibits variation of HAZ thickness with pulse power 
and pulse width, while gas pressure and pulse frequency are 
considered as fixed at 230Hz and 10kg/cm2, respectively. At 
low pulse width, highly concentrated laser beam causes easy 
penetration into the material compared with the high pulse width; 
as a result less heat affected zone is generated. In the lower range 
of the pulse width, HAZ thickness increases rapidly with pulse 
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power as higher pulse power produces high energy of laser beam 
incident on the material. It is evident from figs. 8, 9, 10 and 11, 
pulse power has profound effect on both the responses among the 
chosen four control factors.

IX. Formulation of Multi Objective Optimization 
Problem
In the process of optimization, the objective is to minimize heat 
affected zone and surface roughness, which forms the multi 
objective optimization problem. HAZ and Ra represented by Eqs. 
4 and 5 respectively where X1, X2, X3, and X4 represents the 
logarithmic transformations of PP, PF, GP and PW respectively 
and were given below:

    (6)

with the parameter feasible ranges

   (7)

The above relations were obtained from the following 
transformation equation:

   (8)
where Xn is the coded value of any factor corresponding to its 
natural value subject to the feasible bounds of the control variables 
An; An1 is the natural value of the factor at the + level and An0 is 
the natural value of the factor corresponding to the base level or 
zero level. The objective functions were optimized subject to the 
feasible bounds of the control variables

X. Results and Discussions
A Pentium IV processor using Microsoft VC++ programming   
language on a Windows XP platform was availed to run the 
source code of the contemplated optimization algorithm. Table 
7 formulates the control parameters required for implementation 
of the algorithm. 

Table 7: Parameters for NSGA II Algorithm
Population size 100
Number of  generations 500
Crossover Probability 0.85
Mutation Probability 0.35
Distribution Index For Crossover Operator 90
Distribution Index For Mutation Operator 30

The algorithm constituted the Pareto optimal front of the objective 
functions with acceptable distinctiveness of the solutions, as shown 
in fig. 12. The optimal input variables and their corresponding 
objective function values are presented in Table 8. By the 
interpretation from the Pareto front, some conclusions could be 
taken, subjected to unique requirements of the process. 
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Fig. 12: Pareto Optimal Front

As ascertained from the graph (Fig. 12), no solution in the front is 
better than any other as they are non-dominated solutions.  Based 
on production requirements, the choice of a solution has to be 
made. For example, if a manufacturing engineer wants to make a 
selection to machine a component with surface quality of 0.00298 
mm, the set of input variables may be selected from the 7th row 
of Table 4. Correspondingly, the HAZ of 0.065780 mm would 
be concluded. The microscopic photographs of the samples that 
correspond to the best values of Ra and HAZ are shown in Fig. 
13(a)-(b). Those values of Ra and HAZ correspond to the extreme 
positions (point 1 and point 2) of the Pareto optimal set shown in 
Fig. 12.  As can be observed from the photographs, the variation of 
Ra and resultant striations is apparent with respect to the different 
optimal sets of input variables.

Fig. 13(a): Microscopic Photograph at the Initial Parameter Level 
of Optimal Solutions; PP = 239.3571W, PF = 250Hz, GP = 10.6 
kg/cm2, PW=0.6ms, Ra=0.0070mm, HAZ=0.4268mm

Fig. 13(b): Microscopic photograph at the final parameter level 
of optimal solutions; PP=210W, PF=250 Hz, GP=12kg/cm2, PW 
= 0.3ms, Ra=0.0093mm, HAZ=0.6696mm
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IX. Conclusion
The Laser Beam Cutting Process (LBC) was significant and 
effectively used nontraditional machining technology profoundly 
used for the cutting of conductive and non conductive difficult-to-
cut advanced engineering materials yielding excellent flexibility 
and quality. Yet, the selection of pertinent combination of input 
parameters in LBC was challenging as the approach necessitates 
a significant number of control parameters. 
The enduring analysis contemplated a methodology for LBC based 
on the integration of two evolutionary approaches, namely, RSM 
and NSGA II to evaluate the optimal machining parameters and to 
accomplish magnificent production machined components. RSM 
was a powerful mathematical model widely used to examine and 
optimize the operational variables for experiment designing and 

model developing whereas NSGA-II was absolute and extensively 
ascertained tool for multi-objective optimization. 
In this analysis, the most prominent performances of LBC, namely 
HAZ and Ra were enumerated. Primarily, from the experimental 
details, RSM was used to model the mathematical equations for the 
selected performance responses. The central composite rotatable 
factorial design was used extensively to diminish the number of 
experimental values. Subsequently, the validated mathematical 
models of RSM were used by NSGA-II to find the multiple sets 
of optimal solutions so as to empower a manufacturing engineer 
to determine an appropriate optimal accomplishing set of input 
variables according to the specific requisitions. Accordingly, 
the process could be automated based on the chosen optimal 
values.

Table 8 : Optimal Combination of Parameters Obtained Through NSGA-II
NO PP (W) PF (HZ) GP(kg/cm2) PW(ms) Ra (mm) HAZ (mm)
1 239.3345 248.5206 8.0004 0.6000 0.0068 0.2848
2 210.0227 249.9914 11.9469 0.3307 0.0092 0.6592
3 210.0291 249.9185 11.4090 0.3399 0.0088 0.6279
4 210.0062 249.8633 11.1903 0.6000 0.0073 0.4558
5 239.3354 230.3615 8.0012 0.6000 0.0060 0.2708
6 210.0291 249.9923 11.7689 0.5010 0.0082 0.5447
7 210.0129 249.9879 11.5484 0.3370 0.0089 0.6364
8 210.0172 249.9923 11.6510 0.5005 0.0082 0.5394
9 210.0090 249.4906 11.9049 0.3109 0.0092 0.6691
10 240.0171 240.2468 8.0002 0.5991 0.0065 0.2783
11 210.0021 249.9917 11.0796 0.5770 0.0074 0.4649
12 210.0400 249.9294 10.8046 0.5796 0.0072 0.4501
13 210.0014 249.9875 11.2118 0.3306 0.0087 0.6246
14 210.0229 249.9914 10.8220 0.5999 0.0071 0.4385
15 210.0073 249.9903 11.7660 0.5985 0.0077 0.4844
16 239.3571 249.9902 10.6756 0.6000 0.0070 0.4268
17 210.0015 249.9901 11.8984 0.3374 0.0092 0.6527
18 210.0022 249.9902 11.7768 0.4669 0.0084 0.5663
19 210.0130 249.9923 11.4144 0.5010 0.0080 0.5278
20 210.0741 249.8513 10.7144 0.6000 0.0070 0.4332
21 210.0015 249.9923 11.8945 0.5999 0.0077 0.4897
22 210.0291 249.9923 11.9934 0.5010 0.0084 0.5555
23 210.0425 249.9902 10.7480 0.5999 0.0071 0.4350
24 210.0062 249.9970 11.9049 0.3109 0.0093 0.6696
25 210.0291 249.9923 11.7689 0.3316 0.0091 0.6502
26 210.0421 249.9901 11.9001 0.5812 0.0078 0.5015
27 210.0291 249.9923 11.7691 0.5010 0.0082 0.5447
28 210.0059 249.9930 11.6429 0.3323 0.0090 0.6438
29 210.0021 249.9917 11.0787 0.5999 0.0073 0.4506
30 210.0249 249.9695 10.8819 0.5952 0.0072 0.4442
31 210.0289 249.9969 11.9739 0.5775 0.0079 0.5073
32 210.0060 249.7293 11.6424 0.3337 0.0090 0.6426
33 210.0062 249.9976 11.1903 0.5986 0.0073 0.4568
34 210.0128 249.8573 11.5402 0.5992 0.0075 0.4730
35 210.1353 249.9879 11.5790 0.3370 0.0089 0.6379
36 210.0073 249.9902 11.1417 05012 0.0080 0.5275
37 210.0291 249.9974 11.7594 0.4706 0.0083 0.5630
38 210.0021 249.9917 11.9441 0.5998 0.0077 0.4920
39 210.0014 249.7654 11.0806 0.3317 0.0085 0.6174
40 210.0290 249.9969 11.9869 0.5743 0.0079 0.5098

PP-Pulse-power, PF-Pulse-frequency, GP-Assist gas pressure, PW-Pulse-width,

 Ra-Surface roughness, HAZ-Heat affected zone
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