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ABSTRACT 
Influence of rotational speed, welding speed and axial loadon ultimate tensile strength and hardness are investigated 
experimentally in this work during welding AA7075-AISI 1045 steel. The optimum conditions were found out using hybrid grey-
fuzzy algorithm. Grey relational analysis and fuzzy logic technique is coupled to obtain a grey-fuzzy reasoning grade for evaluating 
the multi-characteristics output from the individual grey relational coefficient of each response. Experiments are designed using 
Taguchi’s Design of Experiments; a L9 (33) orthogonal array is selected for three parameters varied through three levels. Fuzzy 
based reasoning is integrated with grey approach to reduce the degree of uncertainty. The optimal setting is found out by response 
table and the influence of input parameters on output is determined by Analysis of Variance. With the help of this hybrid technique 
the performance characteristics of the machining process are improved, which is proved by the results from confirmation 
experiment. 
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INTRODUCTION 

 

I. Aluminum 7075 Alloy: 

Aluminium alloy 7075 is an aluminium alloy, with zinc as the primary alloying element. It is strong, with 

strength comparable to many steels, and has good fatigue strength and average machinability, but has less 

resistance to corrosion than many other Al alloys. Its relatively high cost limits its use to applications where 

cheaper alloys are not suitable. 7075 aluminum alloy's composition roughly includes 5.6–6.1% zinc, 2.1–2.5% 

magnesium, 1.2–1.6% copper, and less than a half percent of silicon, iron, manganese, titanium, chromium, and 

other metals. It is produced in many tempers, some of which are 7075-0, 7075-T6, 7075-T651. 7000 series 

alloys such as 7075 are often used in transport applications, including marine, automotive and aviation, due to 

their high strength-to-density ratio. Their strength and light weight is also desirable in other fields. Rock 

climbing equipment, bicycle components, inline skating-frames and hang glider airframes are commonly made 

from 7075 aluminium alloy. Hobby grade RC models commonly use 7075 and 6061 for chassis plates. One 

interesting use for 7075 is in the manufacture of M16 rifles for the American military. In particular high quality 

M16 rifle lower and upper receivers as well as extension tubes are typically made from 7075-T6 alloy. Desert 
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Tactical Arms, SIG Sauer, and French armament company PGM use it for their precision rifles. It is also 

commonly used in shafts for lacrosse sticks, such as the STX sabre, and camping knife and fork sets. 

Due to its high strength, low density, thermal properties, and its ability to be highly polished, 7075 is widely 

used in mold tool manufacture. This alloy has been further refined into other 7000 series alloys for this 

application, namely 7050 and 7020. The chemical composition of the alloy is given in Table 1. 

 
Table 1: Chemical composition of AA 7075 alloy 

Sl. No Component Wt % 

1 Al 87.1 - 91.4 

2 Cr 0.18 - 0.28 

3 Cu 1.2 - 2 

4 Fe Max 0.5 

5 Mg 2.1 - 2.9 

6 Mn Max 0.3 

7 Si Max 0.4 

8 Ti Max 0.2 

9 Zn 5.1 - 6.1 

 

II. AISI 1045 steel: 

The work piece material chosen for analysis in this work is AISI 1045, medium carbon steel. This material 

is used when greater strength and hardness and other physical properties is desired. The applications of AISI 

1045 steel includes component parts for vehicles, shafts, bushings, crankshafts, connecting rods and parts for the 

machine building industry and steel for axes, knives, hammers, etc. The Brinell hardness value is 280 BHN. 

Table 1 shows the chemical composition of the AISI 1045 steel. 

 
Table 1: Chemical composition of AISI 1045 carbon steel 

Sl. No Elements % Alloying 

1 Carbon 0.451 

2 Silicon 0.253 

3 Manganese 0.780 

4 Chromium 0.336 

5 Nickel 0.040 

6 Molybdenum 0.001 

7 Sulphur 0.009 

8 Phosphorous 0.011 

9 Tungsten 0.160 

10 Vanadium 0.004 

11 Iron 98.406 

 

III. Taguchi’s Design of Experiments: 

Taguchi constructed a special set of orthogonal arrays (OAs) to lay out the experiments. By combining the 

orthogonal Latin squares in a unique manner, Taguchi prepared a new set of standard OAs to be used for a 

number of experimental situations [21-24]. Taguchi’s Design of Experiments (Doe) is used to design the 

orthogonal array for four parameters varied through three levels. The machining parameters chosen are cutting 

speed, feed rate and depth of cut along with approach angle of cutting tool insert. The control parameters and 

their levels values [25] chosen are shown in Table 1. 

 
Table 1: Input parameters and chosen level values 

 
Sl. No Parameter / Level Level 1 Level 2 Level 3 

1 Rotational Speed (rpm) 1000 1400 1800 

2 Welding Speed (mm/min) 10 20 30 

3 Axial Force (kN) 6 8 10 

 

Table 2 shows the different combinations of rotational speed, welding speed and axial force based on which 

the experiments are to be conducted as per Taguchi’s DoE. 

 
Table 2: L9 Orthogonal Array 

Sl. No Rotational Speed (rpm) Welding Speed (mm/min) Axial Force (kN) 

1 1000 10 6 

2 1000 20 8 

3 1000 30 10 

4 1400 10 8 

5 1400 20 10 

6 1400 30 6 

7 1800 10 10 
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8 1800 20 6 

9 1800 30 8 

 

IV. Grey Relational Analysis: 

In order to determine the optimum condition of various input parameters to obtain the best quality 

characteristics, Grey Relational Analysis is carried out. Grey Relational analysis has been broadly applied in 

evaluating or judging the performance of a complex project with meager information. However, data to be used 

in Grey analysis must be preprocessed into quantitative indices for normalizing raw data for another analysis. 

Preprocessing raw data is a process of converting an original sequence into a decimal sequence between 0.00 

and 1.00 for comparison. If the expected data sequence is of the form “Higher-the-better”, then the original 

sequence can be normalized as, 
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where xo
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Following data pre-processing, a grey relational coefficient is calculated to express the relationship between 

the ideal and actual normalized experimental results. The grey relational coefficient can be expressed as follows, 
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where ∆oi(k) is the deviation sequence of the reference sequence which is given by, 
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ζ is distinguishing or identification coefficient: ζ ϵ [0, 1]. ζ = 0.5 is generally used. After obtaining the grey 

relational coefficient, we normally take the average of the grey relational coefficient as the grey relational grade. 

The grey relational grade is defined as follows. 
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V. Fuzzy Interference System: 

Fuzzy inference or fuzzy ruled based system consists of four models; a fuzzification interface, a rule base 

and database, a decision making unit and a defuzzication interface. The database which defines the membership 

functions of the fuzzy sets used in the fuzzy rules, decision making unit which performs the inference operations 

on the rules, a fuzzification interface which converts the crisp inputs into degrees of match with linguistic values 

and a defuzzification interface which converts the fuzzy results of the Inference into a crisp output. The fuzzy 

rule base consists of a group of if-then control rules with the two inputs, x1 and x2, and one put y, i.e., 

 Rule 1: if x1 is A1and x2is B1 then y is C1 else 

 Rule 2: if x1 is A2and x2 is B2 then y is C2 else 

 ………………………………………. 

 ……………………………………….. 

 Rule n: if x1 is An and x2 is Bn then y is Cn. 

Ai, Bi and Ci are fuzzy subsets defined by the corresponding membership functions, i.e., µAi, µBiand µCi. 

Figure 5 shows the schematic illustration of the fuzzy inference system, based on which prediction is carried 

out. 
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Fig. 5: Fuzzy inference systems 

 

RESULTS AND DISCUSSIONS 

 

Sl. No 

Output Normalizing Deviation Sequence Grey Relational Coeff. 

Tensile 

Strength 
Hardness 

Tensile 

Strength 
Hardness 

Tensile 

Strength 
Hardness Tensile Strength Hardness 

1 268.000 104.000 0.723 0.000 0.277 1.000 0.644 0.333 

2 281.000 109.000 1.000 0.077 0.000 0.923 1.000 0.351 

3 279.000 111.000 0.957 0.108 0.043 0.892 0.922 0.359 

4 241.000 128.000 0.149 0.369 0.851 0.631 0.370 0.442 

5 257.000 135.000 0.489 0.477 0.511 0.523 0.495 0.489 

6 262.000 142.000 0.596 0.585 0.404 0.415 0.553 0.546 

7 240.000 149.000 0.128 0.692 0.872 0.308 0.364 0.619 

8 234.000 167.000 0.000 0.969 1.000 0.031 0.333 0.942 

9 246.000 169.000 0.255 1.000 0.745 0.000 0.402 1.000 

 

After determining the deviation sequence, grey relational coefficient of each individual response is 

calculated, which are tabulated in Table 6. For multi-characteristics optimization, which considers all the output 

responses simultaneously, a grey relational grade is determined by considering equal weight ages to all the grey 

relational coefficient of each response. Based on the obtained grey relational grade, ranking is given as shown to 

identify the best input combination. 

To fuzzify the grey relational coefficient of each response, triangular membership function and fuzzy rule is 

established. Three fuzzy subsets are assigned in the grey relational coefficient of flank wear, surface roughness 

and MRR as shown in Figure 6, by using triangular membership function with three membership functions as 

Low, Medium and High as shown in Figure 7.  

 

 
Fig. 6: Fuzzy editor in FIS 

 

 
Fig. 7: Triangular membership function applied 
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In the fuzzy logic approach, If-Then rule statements are used to formulate the conditional statements for 

prediction which have three grey relational coefficients such as flank wear, surface roughness and MRR, and 

one multi response output grey-fuzzy reasoning grade. The nine fuzzy subsets that can be applied to the multi-

response output and the fuzzy subset ranges are presented in Table 7. 

 
Table 7: Range of fuzzy subsets for grey-fuzzy reasoning grade 

Sl. No Range of values Condition Membership function 

1 [-0.25 0 0.25] Very Low (VL) Triangular function 

2 [0 0.25 0.50] Low (L) 

3 [0.25 0.5 0.75] Medium (M) 

4 [0.5 0.75 1] High (H) 

5 [0.75 1 1.25] Very high (VH) 

 

MATLAB software tool is used for obtaining the grey-fuzzy technique output. The grey-fuzzy output is 

divided into five number of membership functions. A set of rules are written for activating the fuzzy inference 

system (FIS) and the FIS is evaluated to predict the grey-fuzzy reasoning grade for all the 9 experiments. Figure 

8 shows the rule editor in fuzzy environment for predicting the grey-fuzzy reasoning grade, for a given input 

values of flank wear, surface roughness and MRR. 

 

 
Fig. 8: Rule editors in fuzzy environment 

 

The influence of flank wear and surface roughness, surface roughness and MRR based on the if-then rules 

framed for three membership functions of input functions and five membership functions of output  function; 

grey-fuzzy reasoning grade is given in the surface plot as shown in Figure 9. 

 

 
 

Fig. 9: Influence of output responses on grey-fuzzy reasoning grade 

 

Table 8 indicates the grey fuzzy reasoning grade and its order as obtained from the predicted values of FIS. 

On comparing the results of grey relational grade and grey-fuzzy reasoning grade, an improvement in the values 

of grey-fuzzy reasoning grade is observed. Thus the uncertainty of the data and fuzziness is reduced. It is 

confirmed from the results that the experiment no. 6 has the best combination of machining parameters and 

approach angle.  
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Table 8: Grey-fuzzy reasoning grade 

Trial No Grey relational grade Grey-fuzzy reasoning grade % Improvement Order 

1 0.609 0.617 1.31 4 

2 0.401 0.434 8.23 8 

3 0.697 0.757 8.61 2 

4 0.687 0.746 8.59 3 

5 0.582 0.591 1.55 5 

6 0.787 0.808 2.67 1 

7 0.340 0.404 18.82 9 

8 0.516 0.539 4.46 6 

9 0.417 0.460 10.31 7 

 

The best levels of various input control parameters are identified by calculating the average values of grey-

fuzzy reasoning grade as given in the response table shown in Table 9, to determine the optimal level of each 

parameter. 

 
Table 9: Response table for grey-fuzzy reasoning grade 

Level / Parameter Cutting speed Feed rate Depth of cut Approach Angle 

Level 1 0.603 0.675 0.655 0.681 

Level 2 0.715 0.521 0.547 0.549 

Level 3 0.468 0.589 0.584 0.556 

Max – Min 0.247 0.154 0.108 0.132 

Rank 1 2 4 3 

 

From the response table of grey-fuzzy reasoning grade, the optimal parameter levels are identified as 

cutting speed of 256 m/min, feed rate as 0.203 mm/rev, depth of cut as 0.30 mm and approach angle of 45°. 

Hence, the optimum condition is represented as A2B1C1D1. From the response table, the main effects plot of 

grey-fuzzy reasoning grade is drawn, as shown in Figure 11. It is obvious that the steep slope of cutting speed, 

feed rate and approach angle shows that they are the most influencing parameters that the other input parameter 

depth of cut. 

 

 
 

Fig. 11: Main effects plot for grey-fuzzy reasoning grade 
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The grey-fuzzy reasoning grade obtained is analyzed using ANOVA to reveal the level of significance of 

the chosen input parameters and its influence on the response. The ANOVA table shown in Table 10 does not 

provide enough data’s since the degrees of freedom for residual error is zero. This happens when four input 

parameters with three level values are considered and an L9 OA is chosen for analysis.  

 
Table 10: Analysis of Variance for Grey-Fuzzy reasoning grade (Before pooling) 

Source DOF Seq SS Adj MS F P % Contribution 

Cutting Speed 2 0.092018 0.046009 * * * 

Feed Rate 2 0.035588 0.017794 * * * 

Depth of Cut 2 0.018052 0.009026 * * * 

Approach Angle 2 0.033020 0.016510 * * * 

Residual Error 0 * *   * 

Total 8 0.178677     

 

Pooling is the process of ignoring a factor once it is deemed insignificant, which is done by combining the 

influence of the factor with that of the error term. Pooling is a common practice of revising and re-estimating 

ANOVA results. Pooling is recommended, for two reasons. First, when a number of factors are included in an 

experiment, the laws of nature make it probable that half of them would be more influential than the rest. 

Second, in statistical predictions, we encounter two types of mistakes: alpha and beta mistakes. An alpha 

mistake is calling something important when it is not. A beta mistake is the opposite of an alpha mistake: 

significant factors are mistakenly ignored. A factor is pooled when it fails the test of significance. Unfortunately, 

the test of significance can be done only when the error term has nonzero DOF. Pooling is started with the factor 

that has the least influence. In this analysis, depth of cut is having the least influence; hence it is pooled as 

shown in Table. 11. 

 
Table 11: Analysis of Variance for Grey-Fuzzy reasoning grade (After pooling) 

Source DOF Seq SS Adj MS F P % Contribution 

Cutting Speed 2 0.092018 0.046009 5.10 0.164 51.50 

Feed Rate 2 0.035588 0.017794 1.97 0.337 19.92 

Approach Angle 2 0.033020 0.016510 1.83 0.353 18.48 

Residual Error 2 0.018052 0.009026   10.10 

Total 8 0.178677    100.00 

 

From the pooled ANOVA table, it is evident that the cutting speed is the most prominent parameter that 

contributes towards the grey-fuzzy reasoning grade by 51.50 %, followed by feed rate by 19.92% and approach 

angle by 18.48 %. The ‘S’ value of ANOVA is 0.095 and R2 value is 89.90%, which makes it a better result. 

 

Conclusions: 

The conclusions derived from grey-fuzzy logic approach in optimizing machining parameters and approach 

angle in turning AISI 1045 steel are as follows. 

1. Experiments are performed based on L9 (43) OA chosen using Taguchi’s DoE and analysis is done 

using grey relational analysis for optimizing multiple performance characteristics viz. flank wear, surface 

roughness and MRR. 

2. Grey-fuzzy reasoning grade is acquired to evaluate the multiple performance characteristics with the 27 

sets of framed rules, which shows an improvement when compared with the obtained grey relational grade, 

thereby reducing the fuzziness. 

3. The optimum level of input parameters obtained are cutting speed of as cutting speed of 256 m/min, 

feed rate as 0.203 mm/rev, depth of cut as 0.30 mm and approach angle of 45°. 

4. Interaction plot shows that a significant level of interaction exists between all the input parameters over 

each other. 

5. ANOVA results after pooling shows that the most significant parameter that contributes towards the 

grey-fuzzy reasoning grade is cutting speed, contributing by 51.50 %, feed rate by 19.92% and approach angle 

by 18.48 %. 

6. An increase in the value of output responses grey-fuzzy reasoning grade from 0.609 to 0.772 confirms 

the improvement in the turning process. 

7. The considerable improvements in the values flank wear, surface roughness and MRR is obtained from 

the confirmation experiment shows the effectiveness of this grey-fuzzy approach. 
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