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Abstract - This paper presents the experimental investigation of machining hot work tool steel (AISI H11) with ceramic 
tools. This work has been performed in order to quantify the effect of various cutting parameters i.e. cutting speed, feed, 
depth of cut and nose radius on residual stress, surface roughness and tool wear.   Two models have been proposed, the first 
model is regression based and the second one is adaptive neuro-fuzzy inference system based. The results obtained by both 
the models are compared with the actual experimental results and presented.   
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I. INTRODUCTION   
 
Hard turning is defined as the process of single point 
cutting of parts that have hardness values over 45 
HRC, more specifically in the 58- 68 HRC range 
(Huddle, 2001). In a  conventional  machining 
process,  first the part is rough machined and then  it 
is heat  treated finally  finished  using  grinding 
operation.  The grinding process takes about three 
times the normal processing time compared to hard 
turning.  In addition, for the hard materials, before 
rough machining can take place, the part must be 
annealed to allow the soft turning of the part. Thus, 
finish hard turning eliminates the two complex 
process steps i.e. annealing prior to rough machining 
and hardening after rough machining,  thereby 
shortening  the processing time of the part. A study 
estimated that resulting reduction in machining time 
could be as high as 60% (Tonshoff et al, 1995).   
After machining processes, the part is released of the 
thermo mechanical load on top of it due to the 
machining, but not all of the energy can be retrieved. 
Some of it is spent to plastic deformation, which 
causes the material to exhibit some stresses, 
especially at its free ends: the surface. These stresses 
that remain in the material after the loading is 
removed are called residual stresses (Guo et al, 2009). 
The residual stresses remain embedded in a body that 
is not subjected to external loads or thermal gradients. 
These stresses affect the performance of the final 
parts such as the fatigue life of the part. So, residual 
stresses must be taken into account in part designed, 
as the combined effect of internal and applied stress 
could lead to unexpected failure of a component 
during its service life.  
Moreover, residual stresses are considered a key 
factor in surface integrity of machined parts due to 
their critical role in component life and corrosion 
resistance  (Saini et al, 2012). Some work pertaining 
to  influences of turning parameters in surface 
residual stresses in AISI 4340 steel have been 

reported by Coto et al (2010).    Further on the 
modelling side  Sharma et al. (2008)  demonstrated 
ANFIS could be a very useful tool for prediction of 
tool wear. Shinn et al. (2002) have predicted surface 
roughness in turning operations using ANFIS. They 
confirm that the proposed ANFIS based method 
outperforms the existing polynomial network based 
method in terms of modeling and predicting accuracy.  
Buragohain and Mahanta (2008) have inferred that 
ANFIS is a useful neural network approach for the 
solution of function approximation problems. Gill 
and Singh (2009, 2010) have inferred that the ANFIS 
approach is a more accurate and adaptive approach 
for problems  associated with machining operations.  
Agustin,    et al. (2010) presented two model-based 
approaches for tool wear monitoring on the basis of 
neuro-fuzzy techniques. Cutting  time, cutting forces, 
vibrations and acoustic emissions signals were used 
as input parameters where as tool wear rate was the 
output parameter.  As per the best knowledge of the 
authors very few of the researchers have  reported 
comparison of ANFIS with regression especially for 
axial residual stress (σa), surface roughness (Ra) and 
tool wear (VB) taken all together. This paper presents 
the experimental work, followed by two modeling 
approaches and their comparison in prediction. This 
article should provide insight about the factors 
influencing the residual stress, surface roughness and 
tool wear, as these three aspects are handled together. 
Moreover in the current work the two modeling 
techniques i.e. ANFIS and regression have been 
proposed and tested for their predication ability for 
these factors.  
 
II. EXPERIMENTATION  
 
In hard turning, the material AISI H11 was used in 
fully annealed condition, having a diameter of 35 mm 
and a length of 100 mm. The ceramic inserts of 
SANDVIK  company ,TNGA 160404S01525,TNGA 
160408S01525 and TNGA 160412S01525 (with an 
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ISO designation), having  nose radius 0.4 mm ,0.8 
mm and 1.2 mm respectively were employed with  
tool holder DTJNL 525M16 during hard turning. The 
turning was performed on CNC turning centre. The 
total 29 experiments were conducted and were based 
on response surface methodology (RSM) and the Box 
Behnken  design of experiments  approach  (Design 
Expert software). Experiments were performed using 
parameters indicated in Table 1 and the residual 
stresses, surface roughness and tool wear was 
measured for each experiment. The results obtained 
are shown in Table 2. The analysis of the data is done 
in the subsequent paragraphs; first ANFIS approach 
is used followed by regression.  
  
III. ADAPTIVE NEURO-FUZZY INFERENCE 
SYSTEM (ANFIS) MODELING   
 
The implementation of the ANFIS modeling was 
achieved using  MATLAB version 7.9.0 (R2009b). 
The 23 runs were used to construct the models out of 
total 29 runs and 6  runs were used to test the model. 
The  run  numbers  for training and testing the models 
are shown in the Table 1. The run number marked as 
(*) were used to test the model. In oder to compare 
the prediction ability of the models, the same  set of 
runs are  used  for regression models. Analysis of 
variance was performed (ANOVA) and the results 
obtained for axial residual stress, surface roughness 
and tool wear. The ANFIS architecture used in the 
present study was based on the first order Takagi and 
Sugeno model and is schematically presented in 
Figure  1  for  axial residual stress (σa). The 
parameters like cutting speed (Vc), feed (f) depth of 
cut ( ) and nose radius (r) are considered as the input 
parameters,  The other two output parameters i.e.  
surface roughness (Ra) and tool wear (VB) are also 
treated in a similar fashion. Each output is 
individually treated single at a time, assuming there is 
no correlation between them. The Figure 2 (a, b, c, d) 
show various membership functions of cutting speed, 
feed and depth of cut and nose radius for the 
proposed axial residual stress estimation model. 
These membership functions are computed based on 
the input and output  data, which  is used to train the 
system.   
 

 
Figure 1 ANFIS model for axial residual stress (σa) 

 

Input variable ‘cutting speed’ Vc (m/min) 
 (a) 

 
Input variable ‘feed’ f (mm/rev.) 

(b) 
 

 
Input variable ‘depth of cut’   (mm) 

(c) 
 

 
Input variable ‘nose radius’ r (mm) 

(d) 
Figure 2 MF—membership function for axial 

residual stress estimation model, a: MF (Vc), b: 
MF (f), c: MF ( ), d: MF (r) 

  
The training patterns have been selected from a 
population of patterns such that they represent all 
possible output values in the population. These  are 
tuned using a hybrid system that contains the 
combination of back propagation and least squares 
type method. The  Rules Network for axial residual  
is shown in Figure  3  and the manner in which 
defuzzification occurs is shown in Figure  4. 
Corresponding to each rule there is one output 
membership function.    Subtractive clustering has 
been  used for estimating the number of clusters and 
the cluster centers in a set of data. This algorithm is 
single pass and fast. Here 5 cluster  centers were 
located and for each cluster separate membership 
function and rule is created. The above discussed 
procedure was repeated for  constructing the surface 
roughness and tool wear models as well.   
  

Figure 3 Rules Network for axial residual stress estimation 
model 
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Figure 4 ANFIS Defuzzifier for axial residual stress estimation 

model 
 
IV. REGRESSION MODELING  
 
Regression analysis is a statistical tool for the 
investigation of relationships between variables. 
Usually, the investigator seeks to ascertain the causal 
effect of one variable upon another. In this paper the 
regression analysis was done to ascertain the effect of 
cutting speed, feed, depth of cut and nose radius on 
axial residual stress, surface roughness and tool wear.  
Furthermore the regression equations were obtained 
which  could estimate various outputs when inputs 
are given to it. Design expert software was used for 
statistical analysis.  
Analysis of variance (ANOVA) was conducted for 
the input and output data, in order to  determine 
factors  and factor interactions  that  are  statistically 
significant in affecting the output. The ANOVA table 
also indicates the significance of the model obtained. 
The regression equation obtained for the axial 
residual stress in terms of cutting parameter is given 
in Table 4(eq 1). 
 

A: cutting speed = 130 m/min, B: feed = 0.13 mm/rev, C: depth of 
cut = 0.30 mm, D: nose radius = 0.80 mm. 

Figure 5 Effect of cutting parameters on a: axial 
residual stress σa, b: surface roughness Ra, c: tool 
wear (VB) 

The  Figure  5  shows the effect of the all cutting 
parameters i.e. cutting speed, feed  and depth  of cut 
and nose radius  on axial residual stress  σa, surface 
roughness Ra and tool wear VB. This graph  (Figure 
5 a)  indicates that as feed is increased, the 
compressive axial residual  stresses  are  reduced and 
shifts towards tensile residual stresses where as 
becomes more compressive with the increase in depth 
of cut. The cutting speed and nose radius have mild 
impact on cutting forces axial residual stress.  The 
regression equation obtained for the surface  
roughness  in terms of cutting parameter is  indicated 
in Table  4 (eq2).  Next the Figure 5b indicates that as 
feed increases the surface roughness Ra  increases 
and is the most influential cutting parameter. The 
cutting speed and nose radius are other influential 
factor and having less impact than feed where as 
depth of cut is having least effect on surface 
roughness Ra.  The regression equation obtained for 
the tool wear in terms of cutting parameter is given in 
Table 2. The Figure 5c indicates that the cutting 
speed and nose radius are most significant factor 
where as feed and depth of cut having mild effect on 
tool wear.   
 
V. COMPARISON OF ANFIS AND 
REGRESSION MODELS 
 
The experimental and predicted results obtained for 
axial residual stress (σa), surface roughness (Ra) and 
tool wear (VB) from regression and ANFIS models 
are indicated in Table 2 for all the 29 experiments. 
These models gave good estimation capabilities as 
compared to the actual values. Thus it can be 
concluded that there is close relation between the 
simulated results and the practical results obtained at 
similar cutting conditions for predicting outputs. The 
accuracy of the models depends upon the data point 
selection used for creating the model. Figures  
6(a,b,c)  shows  the comparison of models for axial 
residual stress, surface roughness and the tool wear 
estimation by using regression model and ANFIS 
model with actual experimental values.  In order to 
check the effectiveness of both the modeling 
techniques a Chi-Square (χ2) test for goodness of fit 
was conducted on the data as per Table 2  and the 
values  for individual outputs are tabulated in Table 3. 
The larger the value of Chi-Square (χ2), the greater is 
the discrepancy between observed and expected 
frequencies. So from Chi-Square (χ2) tests for 
goodness of fit it is clear that the value of Chi-Square 
(χ2) in the case of ANFIS model for axial residual 
test is low  -3512.81 as compared with regression 
model -2664.93. Thus it can be deduced that the axial 
residual stress values of ANFIS model are close to 
the experimental values. Hence the model prepared 
through ANFIS outperforms marginally the 
regression model. In case of surface roughness and 
tool wear the values of Chi-Square (χ2) for regression 
model is less as comparedto ANFIS model so 
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regression model is more close the experimental 
values.  
  

 
(a) 

 

 
(b) 

 

 
(c) 

Figure 6 Comparison of models for a: axial residual stress (σa), 
b: surface roughness (Ra), c: tool wear (VB) 

  
CONCLUSIONS  
 
On the basis of experimental results, two models 
were developed for axial residual stress (σa), surface 
roughness (Ra) and tool wear (VB) estimation in hard 
turning operations. The first model was regression 
based and the second one is ANFIS based. The results 
obtained by both the models were compared with the 
actual experimental results and to check the 
effectiveness of both the modeling techniques a Chi-
Square (χ2) test for goodness of fit was conducted on 
the data and the values for individual outputs were 
tabulated. The larger the value of Chi-Square (χ2), the 
greater is the discrepancy between observed and 
expected frequencies. Some of the important features 
of the research are listed below.  
As feed is increased, the compressive axial residual 
stresses are reduced and shift towards tensile residual 
stresses whereas become more compressive with the 
increase in depth of cut. The cutting speed and nose 
radius have mild impact on cutting forces axial 
residual stress.  As feed increases the surface 
roughness Ra increases and isthe most influential 
cutting parameter. The cutting speed and nose radius 
are other influential factor and having lessimpact than 
feed where as depth of cut is having least effect on 

surface roughness Ra. Cutting speed and nose radius 
are most significant factor where as feed and depth of 
cut having mild effect on tool wear.   
Chi-Square (χ2) tests for goodness of fit it is clear 
that thevalue of Chi-Square (χ2) in the case of ANFIS 
model for axial residual test was low as compared 
with regression model. Thus it can be deduced that 
the axial residual stress values of ANFIS model are 
close to the experimental values. Hence the model 
prepared through ANFIS outperforms marginally the 
regression model.   
In case of surface roughness and tool wear the values 
of Chi-Square (χ2) for regression model is less as 
compared to ANFIS model so regression model is 
more close to the experimental values.  
 
Table 1: Experiments/Run numbers used for training 

and testing models 
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Table 2 Experimental and predicted values of 
regression and ANFIS models 

 

Table 3 Chi-Square (χ2) test for Axial Residual 
Stress (σa), Surface Roughness (Ra), Tool Wear (VB) 

 
 

Table 4: Regression equations for Axial Residual 
Stress (σa), Surface Roughness (Ra), Tool Wear (VB) 
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