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Abstract. EN23 is one of the most commonly used materials to fabricate forging 

die in Indian industries. The dies are manufactured through machining process and 

the parameters of the machining process have considerable impact on the roughness 
value of the material's surface. While forging, it was found that die life varies with 

the change in the machining parametric value and this took my interest to investigate 

the area. Speed in rpm, feed in mm/rev, and depth of cut in mm were chosen as the 
process parameters for the investigation of the machining. Design of experiment was 

used to know the number of specimen required for proper investigation. Specimens 

were prepared using a L9 orthogonal array and a full factorial design. The optimal 
machining parameters were obtained using the Taguchi method. The optimal surface 

roughness value acquired using the L9 orthogonal array is fairly similar to the value 

obtained using the full factorial technique, according to a comparison of the results. 
Additionally, a mathematical tool called ANFIS was used to simulate the 

optimization process and anticipate the surface roughness values. 
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1. Introduction 

Manufacturing through turning, is one of the most commonly used fabricating process 

to shape metallic materials. While shaping material the quality of the product can be 

identified mostly due to its dimensional accuracy as well as its surface roughness. In 

traditional methods, dimensional accuracies were achieved usually due to machine 

capabilities and operators’ skills. With extensive use of CNC machine this limitations 

has been taken care in modern industries. The surface roughness depends on the 

machining parametric values and analysis of the process needs a well-defined method. 

There are various machining parameters that toggles the surface roughness of the 

machined products and found that the life of the die get affected significantly. So 

different machining parametric values were opted to machine materials to get a desired 

surface roughness value. Surface roughness of high and medium carbon steels is least 

affected by other factors, such as cutting fluid and cutting tool, etc. [1]. The same can be 

modelled in ANFIS, which can also be used to find the surface roughness before 

performing machining. 

In order to perform analysis, there is a need to design the experiment to incorporate 

the variation in the input parameters to obtain the output parametric values. In the current 

study, the experiment was designed using a full factorial as well as a L9 orthogonal array. 

A method is necessary to optimise the process since it is highly challenging to determine 



the ideal combination of input parametric values for which a desired output parametric 

value can be attained. Taguchi supports to reduce the number of experiment for 

determining the optimum cutting parameters [2]. Taguchi approach obtaining the 

optimized cutting parameter gives very close results to full factorial [3]. 

The orthogonal experiment design and Taguchi approach was used to reduce the 

variation in the input parameters and enhance the product quality economically [4]. 

Further research revealed that the effects of speed, feed and depth of cut on the rate of 

machining are all highly significant [5].  

The improvement in the surface finish and force of cutting was obtained through 

grey-relational analysis (GRA). The experiment was planned using the Taguchi L27 

array, and ANOVA was performed to know the significance of the input factors. It was 

discovered that the interaction between the input parameters did not significantly affect 

the output parameters, with feed rate, cutting depth, cutting speed, and chrome ratio being 

the most important input parameters that significantly affected the machining output 

parameters. [6]. 

High strength and temperature resistance (HSTR) material's electric discharge 

machining process's characteristics were optimized using the Taguchi method. The 

experiment was planned using a L9 orthogonal array, and trials were carried out as a 

result. Using MINITAB software, the trial data were further examined to get the 

optimized input parameter values for a better machining rate and good surface finish [7]. 

Investigations were done into how the surface roughness of pockets affected the 

machining parameters (speed, feed, Depth of cut, and tool path). The experiment's design 

made use of the Taguchi L27 orthogonal array. On a vertical milling machine with three 

axes, trails were done. The MINITAB programme was used to calculate the Taguchi 

function (Smaller is Better), and it was discovered that tool path has little to no impact 

on surface roughness. Additionally, it was discovered that optimum levels of the input 

parameter produce up to 95% accurate results [8]. 

Additionally, the procedure can be modelled to forecast the outcomes of the 

optimization process for machining a component. An approach is the adaptive neuro-

fuzzy inference system (ANFIS). In a machining operation, the surface roughness value 

and tool profile were estimated using ANFIS. RSM was used to model the system, and 

the composite desirability approach was then used to further optimize it (CDA). It was 

discovered that the result generated by RSM is more distant from the experimental value 

than the result anticipated using ANFIS. The parameters influencing the surface finish, 

temperature, and force of cutting were identified using the ANOVA. Feed rate affects 

surface roughness, while cutting speed affects cutting force, temperature, and feed rate 

[9]. The roughness of surface and temperature while turning AISI304 stainless steel were 

predicted using ANFIS based PSO (partial swarm optimization). Fuzzification layer, 

product layer, normalized layer, rule layer, and output layer are the five layers that make 

up ANFIS. The ANFIS training technique makes use of the Gaussian membership 

function. It was discovered that employing ANFIS-based PSO to forecast results is a 

very effective and potent tool for industrial companies [10]. In order to estimate the brass 

surface roughness value using the ANFIS model, the milling parametric values of speed, 

feed, and depth of cut were examined. It was discovered that these values were in good 

agreement with the measured values, with an average error of 2.75 percent [11]. Using 

ANFIS, a model was created to obtain the roughness, tool wear ratio, and metal cutting 

rate of the micro-machining process. Speed, feed, depth of cut, and average grey level 

were utilized to determine all three outputs with respect to the model's four input 

parameters. It was discovered that the mathematical tool may be used to get the 



experimental results [12]. For a cryogenically treated stainless steel insert with other 

inserts, a relationship between input parameters (feed, DoC, speed) and output 

parameters (roughness of surface and force of cutting) was established using the ANFIS 

tool. It was discovered that the predicted results are very close to the experimental data 

[13]. Studying the impact of various turning factors on the material removing rate and 

surface roughness of stainless steel 202 revealed that the ANFIS model accurately 

predicts the output value to within 98 percent of the actual value. [14]. 

2. Work Methodology 

In this study, EN23 was selected for investigation since it is preferred, to 

manufacture gears, bolts, nuts, spindles, etc. It was difficult to find the circular bar in the 

market therefore 200mm square cross section was purchased. The 200mm square cross 

section was further converted into 17mm square bar with the extensive use of band saw 

machine. Further it was converted into circular cross section of 15.5 mm diameter using 

conventional lathe machine. Further specimens were machined using CNC machine as 

per the DoE. To verify the material, a tensile test and spectro analysis were performed. 

Speed, feed and depth of cut were the three parameters chosen for analysis. The L9 array 

was used to design trials with three levels for each parameter. 

As illustrated in figure 1, machined surfaces were examined using a surface 

roughness testing device (SJ-210 Model), and the results are listed in Table 4. To 

determine the chemical composition of the substance EN23, spectro analysis was 

performed (as Ti-0.02, Cr-0.02, Si-0.45, Fe-0.22, Cu-0.02, Mn-0.03, Mg-0.5, Zn-0.02, 

and Al). 

 
Figure 1. Digital surface roughness tester-sj-210 model (Mitutoyo). 

 

Table 1. Selected Machining Parameters 

Symbol Parameters Unit 
Levels 

1 2 3 

X1 Speed Rpm 1300 1500 1700 
X2 Feed mm/rev 0.02 0.06 0.1 

X3 Depth of Cut Mm 0.3 0.6 0.9 

 

Experiment was designed to know the minimum number of specimen that were 

required for analysis of optimization process. Since it is difficult to improve the machine 

capability, the quality of product can be improved by selecting proper process parametric 

values [4]. The selection of input parametric values controls the output parametric results 

by the selection of significant level of controlling factors [15]. The full factorial as well 

as orthogonal array were used for designing of experiments. The selected input process 

parameters, levels, and relationship between parameters are required for the design of 

experiment [16]. Speed, feed, and depth of cut—three levels of each—were considered 

as the three input parameters for the current experiment. 



It has been discovered that practically all potential combinations of the elements and 

their levels are taken into account in full factorial analysis. In order to consider variation 

in the surface roughness three readings were taken on each specimen and recorded. The 

three readings were averaged and used as output results for further analysis. These were 

contrasted with those of the fractional factorial experiment, which was carried out using 

the Taguchi method. 

Table 3. S/N ratios (smaller is better) 

Level A B C 

1 -35.89 -32.27 -34.98 

2 -32.53 -34.95 -31.71 

3 -35.13 -36.32 -36.86 

Delta 3.36 4.05 5.16 

Rank 3 2 1 

Table 4. Optimum Value of Factor and their Level 

Parameters Optimal value Values 

Speed (v, rpm) 2 1500 
Feed (f, mm/rev) 1 0.02 

Depth of Cut (t, mm) 2 0.6 

The S/N ratio was calculated using a smaller-is-better type of control function, and 

the procedure was optimized for an objective function (Surface Roughness). 

Tables 3 and 4 make it clear that the best surface roughness value from the Taguchi 

analysis was reached at a cutting speed of 1500 rpm, a cut depth of 0.6 mm, and a feed 

rate of 0.02 mm/rev, which is extremely near to the full factorial result. The comparison 

demonstrates that the Taguchi approach produces excellent outcomes. 

 
Figure 2. Response of SN Ratios. 

3. Adaptive Neuro-Fuzzy Interference System 

In the current work, a tool for investigation is named the adaptive neuro-fuzzy inference 

system (ANFIS) [17]. ANFIS combines a fuzzy inference system with a neural network 

and forms a hybrid mathematical tool. The neural network gives the system a sense of 

flexibility, whereas the fuzzy logic manages its unpredictability. The hybrid system 

generates a fuzzy rules from the given input and develop a model to predict the output 

values. 

ANFIS was employed in the current study to simulate the machining parameters and 

forecast surface roughness. The input file for creating the fuzzy interference system (FIS) 

is the experimental data gathered using the full-factorial technique. This FIS system 

includes a hybrid optimization method that generated the FIS using 50 epochs with a 



tolerance of 0.00001. Trapezoidal input and linear output were the two types of 

membership functions. ANFIS is developed using the FIS output, and experimental data 

(full-factorial random sample) is used to further test and validate the model. To observe 

the characteristics with modification in the input parametric values, the ANFIS model 

was created, model structure was obtained, and a surface plot was generated. There were 

27 fuzzy rules, and training was finished at epoch 2 with a training error of 0.0000657. 

Testing was done when training was finished. The 30% of experimental data that was 

utilized served the intended objective. An average testing error of 0.0000590 was 

discovered. Figure 5a depicts the plot of surface roughness against feed rate and DoC. 

Figure 5b depicts the relationship between feed rate and spindle speed and surface 

roughness. Figure 5c displays the plot of surface roughness against DoC and spindle 

speed. 

   

              a                  b                    c 

Figure 5. Variation of Ra using ANFIS Model with variation in (a) Feed & DoC, (b) Feed & Speed and (c) 

DoC & Speed. 

4. Result and Discussion 

The experiments were conducted using full factorial data and surface roughness (in 

microinch) were measured. The surface roughness value varies from 124.02 to 16.40 

microinch. The process was optimized using taguchi method to minimize the number of 

samples required to test. It was found that the optimized surface roughness value was 

18.95 and very close to the roughness value obtained through full factorial. 

 ANFIS tool was used to validate the data obtained from full factorial and L9 

orthogonal array. It was found that the roughness value predicted using ANFIS model is 

16.40 (for 1300 rpm, 0.02 mm/rev, 0.9 mm) and 19 (for 1500 rpm, 0.02 mm/rev, 0.6 

mm) respectively for full factorial and Taguchi method. 

5. Conclusion 

It was found that the reduced number of specimens are required to perform the Taguchi 

analysis. The obtained surface roughness value using Taguchi analysis is very close to 

the minimum surface roughness value obtained using full factorial method. The surface 

roughness value obtained through Taguchi analysis differs by 2.55 approximately 

(within 15%) from that obtained using full factorial method. The roughness value 

predicted using ANFIS tool is quite close to that obtained through Taguchi analysis and 

lie within 0.26%. Therefore, the Taguchi method can be used to obtain the optimized 

parametric roughness value and ANFIS tool can be used to predict the roughness values 

very close to the optimized results. 
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