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ABSTRACT
The goal of this study is to increase material removal rate (Mrr), and minimize consumption of power (Pc) and 
surface integrity (Sr) while using the least amount of resources thereby addressing sustainable manufacturing 
and optimization in machining operation. Box Behnken Design (BBD) and Grey Regression Analysis 
(GRA) are systematically followed in the machining process on UNS T51603. The experimental runs were 
performed based on BBD followed by multi-objective optimization using GRA. The practical applicability and 
reliability of the optimized parameters is evaluated by confirmatory runs, and the optimal solution of single and  
multi-objective solution for Sr, Mrr, and Pc, is verified. The lowest Sr was achieved when Ss was maintained at 
2000 rpm, with Dc at 0.6 mm, Fr at 750 mm/min, and Cfr 6 l/min. maximum Mrr was attained when Ss assigned 
at 1750 rpm, with Dc at 0.6 mm, Fr at 750 mm/min, and Cfr 8 l/min. When compared to confirmatory runs, 
the optimized set of parameters for BBD and GRA reveals a 10% variance, demonstrating the validity of the 
optimization strategies used. In terms of Pc the optimized parameters were found to be 1750 rpm, 0.2 mm,  
500 mm/min, and 6 l/min.
Keywords: CNC end milling; Grey regression analysis; Box Behnken; Surface roughness; Material removal 
rate.

1. INTRODUCTION
CNC machining has established an unbeatable position in recent years by providing improved dependability, 
accuracy, and productivity. Additionally, CNC milling offers greater freedom in selecting the levels of the cutting 
parameters. Various milling procedures are used in industries. Out of these, the CNC end milling technique 
is unavoidable in the automotive, aerospace, and metal processing industries as it delivers high precision, 
accuracy, and dependability. End milling attained an unrivalled position in the manufacturing industry by 
meeting demands. Numerous criteria that regulate the process are included in every machining operation. Both 
controllable and non-controllable characteristics fall under this category. Ss, Cs, Fr, Dc, and other variables are 
examples of controllable parameters that can be adjusted in accordance with requirements. Non-controllable 
parameters are those that can be regulated indirectly by controllable parameters rather than being directly 
controlled. A few examples include chip formation vibrations, tool wear (Tw), and Sr.

Surface integrity was the subject of an experimental research on Al2014-T6 by WANG and CHANG  
et al. [1]. Slot end milling was used for trial runs. The study found that the main determinants of Sr are vibrations 
during milling and the Fr. PALANISAMY et al. [2] analyzed the parameter effect of CNC milling and proposed 
optimum settings. The study used a genetic algorithm, and the experimental analysis proved that Fr and Dc played 
significant role in governing Sr. MUTHUKRISHNAN and DAVIM [3] conducted an extensive study in adaptive 
control of CNC machining. The development of research into maintaining the precision and dependability of 
machining parameters was thoroughly covered in this study. The article provided a summary of the methods 
created thus far to increase the effectiveness of CNC machining. QUINTANA et al. [4] provided a strategy 
for surface integrity prediction. The study was limited to one objective function, and potential consequences 
of other responses were not taken into account. MANSOUR and ABDALLA [5] created an analytical model. 
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SURESH et al. [6] studied single-response and multi-response optimization using the Taguchi design and grey 
relational analysis (GRA) while working on Al6063 using green machining techniques.

The study implicated Cs, Fr, and Dc as the regulating parameters. The optimization exploration employing 
DOE on Sr was acknowledged by CHANG et al. [7]. In a different study, GOLOGLU and SAKARYA [8] and 
DHOKIA et al. [9] employed DOE to forecast the ideal degree of Sr. By utilizing the taguchi based GRA [10], 
optimization was performed to arrive at minimum corrosion rate and weight loss of Al/SiCp. It was a metal 
matrix composite experimented as per L9 orthogonal array involving volume % of SiCp, NaCl solution and 
time factor for determining the effects on corrosion rate and weight loss incurred. The review also sheds light 
on the sophisticated optimization methods like GA, ANN, and fuzzy [11, 12, 13] to determine the best set of 
parameters for machining. A study on low-carbon mold steel (UNS T51620) was carried out using BBD and 
GRA for the optimization of Ra and Mrr and Pc. The result showed significant improvement in the optimized set 
of parameters with a 10% deviation proving the reliability of the developed model [14, 15, 16]. A literature study 
was exclusively carried [17] on GA and their use in CNC milling for the optimization of machining parameters.

A vivid picture on machining relationship [18] was presented a work based on cloud computing assisting 
a thorough analysis of cutting tool measurement in the turning process. In this research, the interaction effect 
between the parameters and responses were studied. A single objective function optimization was performed 
using GA by OKTEM et al. [19] to determine the optimal value for minimizing Ra. SINGH et al. [20] used taguchi 
resilient design to implement a multi-objective strategy for cyclone separator optimization, validated through 
numerical simulation. In another work ideal tool-stress model for EN8 steel in CNC turning was proposed. 
One may see substantial research in machining employing higher-order techniques in terms of optimization. 
However, it is important to remember that the majority of the labour done is restricted to single-objective tasks. 
In actuality, there are usually several, incongruent responses to any machining operation. As a result, it becomes 
necessary to interpret the results of parameter interaction effects to arrive at the key machining settings.

Another research was performed on EN8 steel for sustainable manufacturing using multi-criteria decision 
making (MCDM) approach for optimization of machining parameters [21]. The study focused on optimizing Mrr, 
Sr, noise level and cutting force. The experiments were performed aligned to L27 orthogonal array with controllable 
parameters as Cs, Fr and Dc. The result showed that the responses were highly influenced by Fr followed by Dc and 
Cs. A study on the optimization of process parameters was performed by Mian and team for Near Dry Turning 
(NDT) of two steel grades, EN8 and EN31 [22]. Near Dry Turning was adopted with minimal amount of coolant 
with a predominant use of compressed air. In this study, Al2O3 nanofluid was employed as a coolant along with 
compressed air. The primary machining parameters investigated were Cs, Fr and Dc, with a focus on achieving 
efficient cooling. The result showed a reduction in Sr of 12.3% and 14.6% for EN8 and EN31 in dry machining 
using nanofluid. Also, the result showed a reduction of 7% temperature in cutting area. These results appealed the 
significance of optimization and recommended the used nanofluid in near dry turning of steels.

A detailed review [23] was carried out on cutting fluids and their methods of application during various 
machining operations. The review also consolidated issues associated with conventional and concerned 
sustainability metrics. Precisely, techniques like dry machining, minimum quantity cooling and lubrication, gas 
based coolant, solid lubricants, cryogenic means provided superior machinability compared to conventional 
means. The review also summarized demands and challenges involved in sustainability techniques.

1.1. Literature gap identified
The extensive literature survey performed gave an insight towards tool steel where only few research has 
been performed. Tool steel is a type of high-quality carbon and alloy steel that is specifically designed for the 
production of tools and dies. These steels are engineered to have the necessary properties for cutting, shaping, 
and forming materials in various industrial processes. Tool steels are known for their exceptional hardness, wear 
resistance, and toughness. They are hardened to withstand the repeated impacts and stresses encountered in 
cutting, forming, and shaping operations. They can be heat-treated to achieve high levels of hardness. Resistance 
towards wear, abrasion, and deformation is very crucial for maintaining sharp cutting edges and prolonging 
the life of the tool. These steels are specifically designed for use in mold and die applications where good 
machinability, weldability, and surface finish are essential.

SAE-AISI P3 steel also known as UNS T51603 is suitable for higher stress applications like stamping, 
forging and cutting as it offers best suited combination of. The superior qualities in terms of resistance to 
wear, toughness, and hardness makes it unique in such applications. Moreover, these steels are highly stable to 
deformation and cracking when subjected to heat treatment processes. T51603 finds its applications in almost all 
industries requiring higher precision and dependability. Since this material is universally used in varied industry 
applications, the need to provide machinability solutions towards sustainability is inevitable. From literature 
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survey, it is also found that few research was performed in T51603 addressing towards optimization and 
sustainability. The proposed work is a single and multi-objective function, and an attempt towards optimizing 
three seemingly incongruent responses: Sr, Mrr, and Pc while machining Low-Carbon Mold Steel UNS T51603. 
This study involves application of BBD for performing the experimental runs followed by arriving at the 
optimized parameters through multi-objective optimization involving contradictory responses using GRA. The 
application of BBD and GRA in the study of T51603 is unique as no previous research has been made in this 
segment.

2. METHODOLOGY AND IMPLEMENTATION

2.1. Work material and tool
The primary alloying components, viz. nickel and chromium dominant the low-carbon mold steels, which 
are categorized as group P steels. For these steels to develop the desired properties, nitriding or carburizing is 
typically used. Due to their ease of machining into intricate and substantial molds and dies, these steels have good 
machinability. They are mostly utilized in die casting and injection molds. Pre-hardened UNS T51603 steel is 
chosen as the work material due to its broad application. The hardness of the work material is determined in the 
laboratory using Brinell Hardness Testing Machine and found to be 341 HB. For machining, a rectangular work 
piece with the following measurements is used: 75×30×12 (dimensions in mm). The chemical constituents of the 
work material are evaluated in SITARC (Scientific and Industrial Testing and Research Center), Coimbatore and 
is shown in Table 1. The selected material finds its applications in clinching fasteners, studs, nuts, bolt, screws etc.

2.2. Controllable & non-controllable parameters
The Ss, Fr, Dc, tool rake angle (Tra), Cfr, Sr, Lt, etc., all have a significant impact on machining operations [24, 25].  
Out of them, some parameters, known as controllable parameters can be managed prior to the execution of 
machining. Uncontrollable parameters are those which are indirectly controlled through controllable parameters 
like Sr, Mrr, Pc etc. The present study involves Ss, Dc, Fr, and Cfr as the controllable parameters. The uncontrollable 
parameters or responses are Sr, Mrr, and Pc. The levels of the chosen adjustable parameters are set in accordance 
with the manufacturer’s recommendations and current research. The Fr (mm/min), Ss (rpm), Dc (mm), and  
Cfr (l/min) are the controllable parameters that have been recognized and taken into account. The experiments 
were performed in a 3-axis vertical milling center and the sample are machined as per the design matrix shown 
in Figure 1. The bed size of the machine used was 700 × 400 mm, with X, Y, Z travel of 700 mm/min, 400 mm/min 

Table 1: Chemical constituents (wt %).

Ni Si C Mn S P Cr
1.2 0.39 0.10 0.58 0.02 0.03 0.48

Figure 1: Runs conducted.
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and 300 mm/min respectively. The maximum spindle speed of the machine was restricted to 16,000 rpm. The 
machined surface is evaluated using surface testing equipment of MITUTOYO brand with resolution between 
0.01 µm to 0.3 µm. The Sr was measured in three different locations and the average value was taken for further 
analysis as shown in Figure 2.

2.3. Scanning Electron Microscope (SEM)
SEM analysis for machinability studies provides detailed insights into the microstructure and behavior of 
materials during the machining process for optimizing cutting parameters and study the pattern of machined 
surface. Following are the specifications maintained for SEM analysis:

1.  Sample dimension: The machined samples were prepared for SEM analysis with a dimension of 10 × 10 × 
10 mm.

2. Electron High Tension (EHT): The EHT was maintained at 5.00 kV.
3. Working Distance (WD): WD was maintained a1 11.0 mm.
4. Signal: Secondary signal (SE) was taken up for the analysis.
5. Magnifications used: 100×, 250×, 500×, 1000×.

2.4. Design matrix
Table 2 highlights the factors and levels assigned for each parameters. The runs were performed as per BBD 
sequences as shown in Table 3 with responses measured.

Table 2: Factors and levels.

PARAMETERS LEVELS

1 2 3

Ss(rpm) 1500 1750 2000

Dc(mm) 0.2 0.4 0.6

Fr(mm/min) 500 750 1000

Cfr(l/min) 4 6 8

Figure 2: Surface roughness testing.
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Table 3: Design matrix.

RUN  
ORDER

Ss
(rpm)

Dc
(mm)

Fr
(mm/min)

Cfr
(l/min)

Sr
(µm)

Mrr
(IPM)

Pc
(HP)

1 1750 0.6 500 6 2.887 1.2111 1.131

2 1750 0.2 750 4 4.636 0.1944 0.251

3 1750 0.4 750 6 3.424 0.7636 0.806

4 2000 0.2 750 6 2.844 0.2171 0.262

5 1500 0.6 750 6 4.004 1.3101 1.349

6 1750 0.4 750 6 3.424 0.7636 0.806

7 1500 0.4 1000 6 4.54 0.8626 1.024

8 2000 0.4 750 8 1.632 0.7863 0.817

9 1500 0.2 750 6 5.324 0.3341 0.423

10 1750 0.4 750 6 3.424 0.7636 0.806

11 1750 0.4 500 8 2.995 0.8043 0.76

12 1750 0.4 500 4 4.099 0.6419 0.576

13 1750 0.6 1000 6 2.64 1.2921 1.406

14 1750 0.4 750 6 3.424 0.7636 0.806

15 1750 0.6 750 4 3.316 1.1704 1.177

16 2000 0.6 750 6 1.524 1.1931 1.188

17 1500 0.4 750 4 5.216 0.7409 0.794

18 2000 0.4 750 4 2.736 0.6239 0.633

19 1750 0.2 750 8 3.532 0.3568 0.435

20 1750 0.2 500 6 4.207 0.2351 0.205

21 2000 0.4 500 6 2.307 0.6646 0.588

22 1750 0.2 1000 6 3.96 0.3161 0.48

23 1750 0.6 750 8 2.212 1.3328 1.361

24 1750 0.4 1000 4 3.852 0.7229 0.851

25 2000 0.4 1000 6 2.06 0.7456 0.863

26 1500 0.4 750 8 4.112 0.9033 0.979

27 1750 0.4 750 6 3.424 0.7636 0.806

28 1750 0.4 1000 8 2.748 0.8853 1.035

29 1500 0.4 500 6 4.787 0.7816 0.749

3. RESULTS AND DISCUSSIONS
The next sections cover each distinct parametric effect on the responses. Based on the desirability function, 
the machining parameters were optimized. Analysis of Variance (ANOVA) validates the desirability function’s 
competence.

3.1. RSM for Sr

According to the analysis shown above, “F-value” of 627600 and a “P-value” less than 0.0001 adheres to the 
desirability as enlisted in Table 4. The insignificance of the model arises when the values records more than 0.10. 
In other words, only 0.01% chance exists that noise will have a negligible influence [12, 26, 27]. Additionally, 
R2, Adj R2, and Pred R2 values near to 1 justifies the efficiency of the model. The surface graphs presented below 
provides vivid picture towards interaction between machining parameters and Sr.
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3.1.1. Parameter interaction effects
Figure 3 displays the interaction plot between Ss and Dc on Sr. When level of Dc is assigned between 0.45 to 0.60 
mm and Ss is between 1800 to 2500 rpm, the least amount of Ra is produced. Any departure from the aforemen-
tioned level had a negative impact on the reaction Ra. Figure 4 depicts the interaction of Fr and Cfr on Sr. The 
graphical view highlights that higher level of Cfr aids in getting better Sr. Whereas, in the case of Fr, all levels 
significantly contributes towards better Sr. However, it also depends on the level assigned for other controllable 
parameters [13, 28]. When additional parameters are taken into account for measurement, it is discovered that 
the effect of parameter Fr has the least impact on Sr.

The interaction plot between Ss and Cfr on Sr is depicted in Figure 5. The least Sr is achieved when both 
parameters are maintained at higher levels between 2200 to 2500 rpm and 6 to 8 l/min. When parameter Ss and 
parameter Cfr are steadily increased, better results are obtained.

Table 4: ANOVA – Sr.

ANOVA- Sr

SOURCE SS DF MS F-VALUE P-VALUE

Model 26.83787 14 1.78556 627600.00 <0.0001 significant

Ss 18.6512 1 18.8512 627620.00 <0.0001

Dc 5.3272 1 5.2272 67590 <0.0001

Fr 0.193027 1 0.183027 5788618.94 <0.0001

Cfr 3.676448 1 3.656448 1866573.15 <0.0001

Residual Error 1.58533 14 0

Lack of Fit 0 10 0

Pure Error 0 4 0
Cor Total 27.8178 28

Standard Deviation 0.0003879 R2 0.999998

Mean 3.43 Adj R2 0.999997

C.V.% 0.0833287 Pred R2 NA

Figure 3: Interaction plot: Ss & Dc on Sr.
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Figure 6: Interaction plot: Fr & Dc on Sr.

Figure 5: Interaction plot: Ss & Cfr on Sr.

Figure 4: Interaction plot: Fr & Cfr on Sr.
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The influence between Fr and Dc on Sr is shown in Figure 6. A thorough examination reveals that param-
eter Fr has a stronger influence on the response Sr than Dc. It may be concluded from trial runs 3 and 6, that 
lowering the level of Fr lowers the Sr. It is noteworthy to state that when other parameters are maintained at the 
same level (as observed in runs 3, 6 and 28) the effect of Ss on Sr is higher. This offers a clear picture on the 
leading parameter impacting Sr. In this instance, the most important parameter impacting Sr are in the following 
order: Ss, Fr, Dc, and Cfr.

3.1.2. Optimized parameters for Sr

The optimized (single response) parameters for Sr is listed in the Table 5. From the experimental analysis though 
Fr had a much stronger influence on Sr compared to Ss and Dc, for achieving minimum Sr, the best combination was 
found to be a medium Fr that provided a good balance between chip formation and tool engagement, minimizing 
tool deflections and chatter that can worsen Sr. Moreover, T51603 steel having specific characteristics makes it 
less sensitive to Ss and Dc within certain ranges. Additionally, the chosen tool geometry and material might have 
been particularly well-suited for these higher cutting parameters while maintaining good surface finish.

3.2. RSM for Mrr

Mrr is calculated theoretically using the relation given below:

Mrr = Dc1 × Dc2 × Vf (1)

Vf = Fz × n × Zeffc   (2)

where, Dc1 is axial depth of cut, Dc2 is the radial depth of cut, Fz is the feed per tooth, n is the spindle speed and 
Zeffc is the number of effective tooth.

Table 6 highlights the ANOVA for Mrr. According to the analysis shown above, F-value of 678091.19 
and a P-value less than 0.0001 adheres to the desirability function. The insignificance of the model arises when 
the values records more than 0.10. In other words, only 0.01% chance exists that noise will have a negligible 

Table 5: Optimized parameters – Sr.

Dc Cfr Ss Fr Sr

0.6 6 2000 750 1.524

Table 6: ANOVA – Mrr.

ANOVA – Mrr

SOURCE SS df MS F-VALUE P-VALUE

Model 2.996899 4 0.78969 678091.19 <0.0001 significant

Ss 0.051167 1 0.06126 123432.95 <0.0001

Dc 2.887748 1 2.88762 769879.27 <0.0001

Fr 0.029686 1 0.02968 434180.42 <0.0001

Cfr 0.079521 1 0.08962 65660000 <0.0001

Residual Error 1.88653 24 0

Lack of Fit 0 20 0

Pure Error 0 4 0

Cor Total 2.997699 28

Standard Deviation 0.0006958 R2 0.987379

Mean 0.57664 Adj R2 0.987747

C.V.% 0.0755287 Pred R2 NA

PRESS NA Adequate Precision 2342.5029
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influence. Additionally, R2, Adj R2, and Pred R2 values near to 1 justifies the efficiency of the model. The 
interaction of parameters and Mrr is clearly seen in the surface interaction charts that are presented below [29, 
30, 31].

3.2.1. Parameter interaction effects
The impact of the parameters on Mrr is seen in the interaction graphs below. The interaction effect between Ss 
and Dc on Mrr is depicted in Figure 7. When Ss is assigned with level 1 and Dc is steadily increased (as observed 
in trial 1, 16, and 17) demonstrate a steady increase in Mrr. On the other hand, when Ss is altered and other 
parameters are maintained at level 1 (5, 11, and 13), one can witness a rise in Mrr however, the rate of growth is 
significantly slower than former condition. This proof validates that Fr is more significant compared to Ss.

Figure 8 illustrates how parameter Fr and Dc have an impact on Mrr during machining. When Ss and Dc 
are kept at 2500 rpm and 0.4 mm, and Fr is steadily increased (runs 4, 5, and 29), a steady raise in Mrr can be 
observed. In contrast, when the levels of Ss and Fr are held constant (1850 rpm, 1500 mm/min) and Dc is changed 
(runs 8, 9, and 26), Dc showed significant contribution towards rapid increase in Mrr. This observation validates 
the significant role of Dc compared to Fr. The machining impact of Cfr and Fr on Mrr is depicted in Figure 9. Runs 
8, 13, 18, 23, 26, and 28 shows the significant effect of Cfr when other parameters are held constant. An increase 
in Mrr can be seen in the experimental runs mentioned above. The use of coolant improves Mrr in comparison to 
Fr, but also depends on Dc and Ss. Figure 10 illustrates how parameters Ss and Cfr related to machining affected 
Mrr. When other parameters are held constant, the effects of Cfr are clearly shown in the experimental runs 8 and 

Figure 8: Interaction plot: Fr & Dc on Mrr.

Figure 7: Interaction plot: Dc & Ss on Mrr.
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13, 18 and 28, 23 and 26, and so on. The Mrr has increased in the trial runs mentioned above. On the other hand, 
when Ss is changed while leaving all other parameters constant, experimental runs 11 & 22, 3 & 29, and 14 & 20  
demonstrate an increase in Mrr.

3.2.2. Optimized parameters for Mrr

The optimized parameters are enlisted in Table 7. The experimental analysis showed that higher Dc had a signifi-
cantly stronger influence on Mrr compared to Ss and Fr. This combination provided the best combination offering 
least tool wear or deflections that could counteract the depth benefit. The medium Ss and Fr provided a good 
balance between maximizing chip removal per unit time and maintaining tool stability. Higher Ss and Fr might 
lead to faster Mrr but at the cost of faster tool wear or deflections, ultimately reducing overall Mrr in T51603.

Table 7: Optimized parameters – Mrr.

Ss Cfr Dc Fr Mrr

1750 8 0.6 750 1.3328

Figure 10: Interaction plot: Ss & Cfr on Mrr.

Figure 9: Interaction plot: Cfr & Fr on Mrr.
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3.3. RSM for Pc

Pc can be measured by theoretical method and by calculation of instantenous power during machining. In the 
case of theoretical approach, the following equation 3 is used

Pc = (Dc × Wc × Fr × Kc)/(60 × 106)  (3)

where, Wc is the width of cut, Kc is the specific cutting force in N/mm2.
In the case of calculation of instantenous power, forces and moments are measured with the help of 

Kistler dynamometer. The measured values are then compared with force and moments measured with QZZ2 
dynamometer. In this study, Pc is determined using dynamometer.

According to the analysis shown in Table 8, “F-value” of 565600.00 and a “P-value” less than 0.0001 
adheres to the desirability function as shown in Table 8. The insignificance of the model arises when the values 
records more than 0.10. In other words, only 0.01% chance exists that noise will have a negligible influence. 
Additionally, R2, Adj R2, and Pred R2 values near to 1 justifies the efficiency of the model [20, 30, 32]. The con-
nection between the machining parameters and Pc is clearly seen in the interaction graphs below.

3.3.1. Parameter interaction effects
The interaction effect on Pc is interpreted in the following figures. Figure 11 displays the impact of Ss and Dc on 
Pc. When Dc is increased while other parameters are held constant, as seen in experimental runs 8 and 9, 12 and 
22, and 11 and 15, Pc increases quickly. This demonstrates that increasing parameter Dc will increase cutting 
force and increase power consumption. On the other hand, when parameter Ss level is altered in experimental 
runs 12, 15, and 17 while all other parameters are held constant, a rise in Pc is seen. However, compared to 
parameter Dc, the effect on power usage is a little less significant. The impact of Dc & Fr on Pc is shown in  
Figure 12. When Fr alone is varied as seen in experimental runs 4, 5, and 29, Pc increases quickly. This shows 
that the large fluctuations in cutting forces caused by a rise in parameter Fr significantly increase power usage. 
However, in runs 8, 9, and 26, Ss is altered while all other parameters are given fixed values. The experimental 
results showed that Ss directly impacts power consumption followed by Dc and Fr.

The influence of Cfr & Fr on Pc is depicted in Figure 13. When other parameters are held constant, the 
effects of parameter Cfr are clearly shown in the experimental runs 8 and 13, 18 and 28, 23 and 26, and so on. 
An incremental rise in Pc is seen in the afore mentioned runs. This validates that in this study Cfr makes a very 

Table 8: ANOVA – Pc.

ANOVA - Pc

SOURCE SS df MS F-VALUE P-VALUE

Model 2.97976 4 0.756819 565600.00 <0.0001 significant

A 0.078944 1 0.078957 514466.00 <0.0001

B 2.576728 1 2.575628 637800.00 <0.0001

C 0.236876 1 0.236877 507666.00 <0.0001

D 0.10211008 1 0.102130 46790.00 <0.0001

Residual Error 3.84833 24 0

Lack of Fit 0 20 0

Pure Error 0 4 0

Cor Total 2.9798794 28

Standard Deviation 0.0016565 R2 0.984776

Mean 0.57544 Adj R2 0.959264

C.V.% 0.0866287 Pred R2 NA

PRESS NA Adequate Precision 3152.5149
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Figure 13: Interaction plot: Cfr & Fr on Pc.

Figure 12: Interaction plot: Fr & Dc on Pc.

Figure 11: Interaction plot: Ss & Dc on Pc.
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Figure 14: Interaction plot: Ss & Cfr on Pc.

small difference in reducing power use. On the other hand, it is noted that an increase in Fr raises Pc in runs 3 & 6,  
17 & 28. The influence of Ss and Cfr is shown in Figure 14. Runs (8, 13), (18, 28), and (23, 26) clearly show the 
effect of Cfr. In the afore mentioned experimental runs, it was found that coolant behaviour varied according  
to how many other parameters were combined. On the other hand, when Ss is increased, Pc decreases in exper-
imental runs 11 and 22, 3 and 29, and 14 and 20.

3.3.2. Predicted optimized set for Pc

Optimized level of parameters for Pc is given in Table 9 below. The medium Ss found the best relationship between 
minimizing friction and maximizing chip removal per unit energy. Alongside, Lower Dc and Fr directly reduce 
cutting forces and chip removal rate, consequently minimizing Pc. Also, lower cutting forces and temperatures at 
these settings likely resulted in less tool wear, further reducing Pc by maintaining cutting efficiency. Additionally, 
lower friction allowed for lower to medium coolant flow rates, contributing to energy savings.

4. GRA OPTIMIZATION
a)  Response Normalization: Pre-processing of the data carried out in accordance with the established 

objective function. If the “large-the-better” principle is used in the normalization, then equation 4 is used for 
arriving at the results. If the “smaller-the-better” principle is used, then equation 5 is used. By minimizing 
the amount of variation from the original collection of data, normalization creates a comparable data set for 
easier investigation.

( ) min ( ) ( ) = 
max ( ) min ( )

zi ziZi
zi zi
ι ιι
ι ι
−
−

 (4)

max ( ) ( ) ( ) = 
max ( ) min ( )

zi y zi yZi
zi y zi y

ι −
−

 (5)

where,
m – number of data
n – responses
max zi(ι) – highest value of zi(ι)
min zi(ι) – lowest value
Zi(ι) – post data pre-processing value
zi(ι) – sequencing data, original

Table 9: Optimized parameters – Pc.

Ss Dc Fr Cfr Pc

1750 0.2 500 6 0.205
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b) Deviation Sequence Computation: For Sr and Pc “Smaller-the-better” option and “Larger-the-better” 
for Mrr is opted [24, 25]. Based on the stated condition, the normalized value deviation is calculated and 
recorded.

c) GRC: The following equation 6 is used for computing GRC

min  +  max ( ) = 
( ) +  max

i y
oi k

ψγ
ψ

∆ ∆
∆ ∆

 (6)

where,
γi( y) – grey relational coefficient
Δmin – minimum value of absolute differences
Δmin – maximum value of absolute differences
ψ – 0.5 coefficient usually ranges from 0 to 1.

d) GRD: Correlation level is performed through GRD (€). This is unique as it helps in converting a multi- 
response functional objective to a single function as per the equation 7.

( 1)
€ 1/  ( )n

y
i n i yγ

=
= ∑  (7)

4.1. Parameter optimization
Ranking is performed in this stage for identification of optimized solution. The highest rank is taken as the opti-
mized solution. GRA executed is highlighted in Table 10.

4.2. GRA optimized result
Table 10 shows that 4th experimental run scores the highest rank and it represents the optimal sequence of 
parameters. In the case of multi objective optimization, higher Ss resulted in lower Sr through minimized shear-
ing effect offering better Mrr, while addressing potential trade-offs with Pc and tool wear. Lower Dc supported 
the process by reducing the cutting forces, contributing to lower Pc and potentially smoother surfaces. Medium 
Fr represented a balanced role between chip formation and tool engagement, influencing both Sr and Mrr without 
incurring excessive Pc or tool wear thereby providing the optimized results was given in Table 11.

4.3. SEM image analysis for GRA
Figure 15 shows the SEM images of four different experimental runs conducted closer to the multi-objective 
optimized parameters arrived by GRA. Figure 15(a) shows the SEM image for optimized levels viz experimen-
tal run 4 (Ss = 2000 rpm, Dc = 0.2 mm, Fr = 750 mm/min, Cfr = 6 l/min).

The confirmatory run shows average Sr = 2.867 µm, Pc = 0.231 HP and Mrr = 0.278 IPM. The image 
shows presence of burrs due to hardness of the work material. During the progress of machining process, as 
the cutting tool wears down at faster rate continuously, it becomes less sharp and starts to tear or scrape at the 
material instead of cleanly shearing it. This tearing action often leaves behind small fragments of material as 
burrs. Moreover, when higher levels are assigned, it results in higher cutting force paving way for deformation 
of material at faster rate leading to tear resulting in burr formation as seen in the images. The SEM images also 
shows reduction in burrs cutting forces are maintained at steady pace.

In few areas smeared materials could be found may be due to lower thermal conductivity of the material. 
Figure 15(b) shows the SEM image experimental run 20 (Ss = 1750 rpm, Dc = 0.2 mm, Fr = 500 mm/min,  
Cfr = 6 l/min). The confirmatory run shows average Sr = 4.211 µm, Pc = 0.218 HP and Mrr = 0.2411 IPM. The 
image shows presence of burrs, adhered chip particles and smeared materials compared to Figure 15(a). Due to 
reduction of Ss and Fr (maintained at level 2) increased the Sr significantly. Smeared materials are also known as 
glazing occurs due to rubbing action of the deformed material on to the tool surface affecting the surface texture. 
The experimental runs and SEM images clearly shows that the formation of smeared materials is significantly 
influenced by nature of tool followed by Fr and Dc. Higher the levels higher are the chances of formation 
of smeared materials. Figure 15(c) shows the SEM image experimental run 2 (Ss = 1750 rpm, Dc = 0.2 mm,  
Fr = 750 mm/min, Cfr = 4 l/min). The confirmatory run shows average Sr = 4.641 µm, Pc = 0.261 HP and Mrr = 
0.2123 IPM. The image shows formation of more burrs, and smeared materials along with smeared materials. 
The reduction in Cfr resulted in reduced removal of material during machining resulting in enhanced formation 
of smeared materials and adhered chip particles. Moreover, tearing also known as chip tearing or gouging, 
occurs when the material is ripped instead of being cleanly sheared off by the cutting tool leading to uneven 
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Table 10: GRA.

NORMALIZED  
VALUES

DEVIATION SEQUENCE GREY RELATION 
COEFFICIENTS

GREY  
RELATIONAL 

GRADE

RANK

Sr PC Mrr Sr PC Mrr Sr PC Mrr

0.641 0.107 0.177 0.359 0.893 0.823 0.582 0.359 0.378 0.440 24

0.181 1.000 0.950 0.819 0.000 0.050 0.379 1.000 0.910 0.763 3

0.500 0.500 0.463 0.500 0.500 0.537 0.500 0.500 0.482 0.494 14

0.653 0.980 0.941 0.347 0.020 0.059 0.590 0.962 0.894 0.815 1

0.347 0.020 –0.014 0.653 0.980 1.014 0.434 0.338 0.330 0.367 29

0.500 0.500 0.463 0.500 0.500 0.537 0.500 0.500 0.482 0.494 14

0.206 0.413 0.271 0.794 0.587 0.729 0.386 0.460 0.407 0.418 27

0.972 0.480 0.453 0.028 0.520 0.547 0.946 0.490 0.478 0.638 6

0.000 0.877 0.799 1.000 0.123 0.201 0.333 0.803 0.713 0.617 7

0.500 0.500 0.463 0.500 0.500 0.537 0.500 0.500 0.482 0.494 14

0.613 0.464 0.503 0.387 0.536 0.497 0.564 0.483 0.502 0.516 13

0.322 0.607 0.665 0.678 0.393 0.335 0.425 0.560 0.599 0.528 12

0.706 0.036 –0.064 0.294 0.964 1.064 0.630 0.341 0.320 0.430 25

0.500 0.500 0.463 0.500 0.500 0.537 0.500 0.500 0.482 0.494 14

0.528 0.143 0.137 0.472 0.857 0.863 0.515 0.368 0.367 0.417 28

1.000 0.123 0.127 0.000 0.877 0.873 1.000 0.363 0.364 0.576 11

0.028 0.520 0.473 0.972 0.480 0.527 0.340 0.510 0.487 0.446 23

0.681 0.623 0.615 0.319 0.377 0.385 0.611 0.570 0.565 0.582 10

0.472 0.857 0.789 0.528 0.143 0.211 0.486 0.778 0.703 0.656 4

0.294 0.964 0.991 0.706 0.036 0.009 0.415 0.933 0.982 0.777 2

0.794 0.587 0.654 0.206 0.413 0.346 0.708 0.548 0.591 0.616 8

0.359 0.893 0.749 0.641 0.107 0.251 0.438 0.824 0.666 0.643 5

0.819 0.000 –0.025 0.181 1.000 1.025 0.734 0.333 0.328 0.465 21

0.387 0.536 0.423 0.613 0.464 0.577 0.449 0.519 0.464 0.477 20

0.859 0.516 0.413 0.141 0.484 0.587 0.780 0.508 0.460 0.583 9

0.319 0.377 0.311 0.681 0.623 0.689 0.423 0.445 0.420 0.430 26

0.500 0.500 0.463 0.500 0.500 0.537 0.500 0.500 0.482 0.494 14

0.678 0.393 0.262 0.322 0.607 0.738 0.608 0.452 0.404 0.488 19

0.141 0.484 0.513 0.859 0.516 0.487 0.368 0.492 0.506 0.456 22

Table 11: Optimized parameter – GRA.

Ss Dc Fr Cfr

2000 0.2 750 6
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surfaces with poor accuracy. Micro fractures and localized stresses arising during higher level machining leads 
to formation of micro pores. Presence of micro pores provides more surface area for contaminants and corrosive 
agents to attach, potentially leading to faster degradation and decreased lifespan. Also these pores acts as stress 
concentration points resulting in weakening of the material and making it susceptible to failure under load.

5. CONFIRMATORY RUNS
The optimized values attained by BBD and GRA are validated through confirmatory runs to establish the 
deviation amid the predicted and achieved values as shown in Table 12.

Figure 15: SEM images a) experimental run 2; b) experimental run 4; c) experimental run 20.

Table 12: Confirmatory runs.

OPTIMIZATION 
TOOL

Ss Dc Fr Cfr PREDICTED ACHIEVED PREDICTED ACHIEVED PREDICTED ACHIEVED

Sr Mrr Pc

BOX BEHNKEN - SINGLE OBJECTIVE

Sr 2000 0.6 750 6 1.524 1.568 – – – –

Mrr 1750 0.6 750 8 – – 1.3328 1.4335 – –

Deviation Ss = 0.044 Mrr = 0.101 – –

% Deviation Ss = 2.89 Mrr = 7.55 – –

MULTI-OBJECTIVE

Pc 1750 0.2 500 6 4.207 3.807 0.2351 0.2678 0.205 0.231

Deviation Ss = 0.4 Mrr = 0.0327 Pc = 0.026

% Deviation Ss = 9.5 Mrr = 13.91 Pc = 12.68

GRA – MULTI OBJECTIVE

Ss/Mrr/Pc 2000 0.2 750 6 2.844 2.867 0.262 0.278 0.2171 0.2201

Deviation Ss = 0.023 Mrr = 0.016 Pc = 0.003

% Deviation Ss = 0.81 Mrr = 6.1 Pc = 1.38
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6. CONCLUSIONS
In CNC end milling, the low-carbon mold steel is subjected to parameter optimization. Ss, Mrr, Pc, were optimized. 
The following findings from this experimental analysis are deemed to be noteworthy:

1. The lowest Sr was achieved using the following parameters: 2000 rpm, 0.6 mm, 750 mm/min, and 6 l/min.
2. Achieved least Pc at 1750 rpm, 0.2 mm, 500 mm/min, and 6 l/min.
3. The maximum Mrr was achieved using the following parameters: 1750 rpm, 0.6 mm, 750 mm/min, and  

8 l/min.
4. Each of the afore mentioned settings are true as long as it is viewed as a single response.
5.  Using the box-Behnken design, the multi-objective optimal level was attained at 1750 rpm, 0.2 mm,  

500 mm/min, and 6 l/min.
6. According to GRA, optimized result was achieved at 2000 rpm, 0.2 mm, 750 mm/min, and 6 l/min.
7. The usage of coolant between low to medium level serves as a strong recommendation towards sustainable 

practice as minimized usage of coolant leads to lesser environmental impact.
8. Both optimization strategies are found to be efficient and can be taken into consideration for machining as 

long as the percentage deviation is less than 10%.

6.1. Future scope of work
1. The above work can be further extended applying the concepts of different green machining techniques 

addressing sustainable practice.
2. Different tools can be considered for study to evaluate multi-objective optimization involving contradictory 

responses.
3. Condition monitoring principles can be applied to govern the optimized parameters through closed feedback 

loop.
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