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Abstract. The studies of tool life and formation of cutting burrs in roughing machining field are core issues in
high speed milling of compacted graphite iron (CGI). Changing any one of the cutting parameters like cutting
speed or feed rate can result in varied tool life and different height of the cutting burrs. In this work in order to
study the relationship between cutting parameters and tool life and height of the cutting burrs, a new differential
evolution algorithm based on adaptive neuro fuzzy inference system (DE-ANFIS) as a multi-input and multi-
output (MIMO) prediction model is introduced to estimate the tool life and height of the cutting burrs. In this
model, the inputs are cutting speed, feed rate and exit angle, and the outputs are tool life and height of the cutting
burrs. There are 12 fuzzy rules in DE-ANFIS architecture. Gaussian membership function is adopted during
the training process of the DE-ANFIS. The proposed DE-ANFIS model has been compared with PSO-ANFIS,
Artificial Neural Network (ANN) and Support Vector Machines (SVM) models. To construct the predictive
models, 25 cutting data were obtained through the experiments. Compared with PSO-ANFIS, ANN and SVM
models, the results indicate that DE-ANFIS can provide a better prediction accuracy of tool life and height of
the cutting burrs, and achieve the required product and productivity. Finally, the analysis of variance (ANOVA)
shows that the cutting speed and feed rate have the most effects on the tool life and height of cutting burrs,
respectively.

1 Introduction

The demand for high productivity and quality of heavy duty
engines has been the driving force in the manufacturing field.
Materials with better characteristics and performances than
traditional grey iron are demanded for heavy duty engine.
The compacted graphite iron (CGI), as one of the most im-
portant irons, plays an indispensable role in the machin-
ery manufacturing industry. Compared with grey iron, CGI
has a longer fatigue life (about twice as long), better tensile

strength and a 40 % increase in elastic modulus. It is believed
that CGI is the ideal metal for heavy duty engine material
(Chuang et al., 2018; Varun et al., 2013; Qiu et al., 2018).

With the development of manufacturing technology, high
speed machining (HSM) can have anywhere from 3–50 times
higher efficiency than traditional machining. Relatively, CGI
is a typically difficult-to-machine material, so studies of tool
life become the focus of research in the rough machining
CGI field. Ming et al. (2011) found that coated tools pro-
duce better surface quality and with better processing effi-
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ciency than non-coated tools in the milling process of CGI.
Similarly, Gabaldo et al. (2010) studied the effect of cutting
speed on the amount of material removed in milling of CGI.
It turned out that with the cutting speed increased from 420
to 850 m min−1, tool life would decrease. In other work, Su
et al. (2018) studied the effect of cutting parameters on the
workpiece material removal volume in high speed milling of
CGI. It was found that the tool life decrease, but the mate-
rial removal volume increased when the cutting speed and
feed rate increased. However, the estimation of tool life un-
der multiple factors is still unclear for CGI.

As the CGI has outstanding ductility, the cutting burrs will
appear on edges of the machined surface during the milling
process of CGI. The cutting burrs formed on the workpiece
can decrease the dimensional accuracy and surface integrity,
meaning extra time would be expended to deburr. Hence, the
economic benefit is reduced at the same time. Another fac-
tor to be considered is the implication of the exit angle. It
is known that the cutting burr changes along the exit angle.
Olvera and Barrow (1998) came to a conclusion that the exit
angle and the tool nose geometry have a significant influence
on the formation and characteristics of the burr that created
on the exit edge. In other work, Chern (2006) found that as
the exit angle increased from 0 to 180, different shapes of cut-
ting burr appeared in milling, including knife-type and wave-
type in face milling of alloys using cutter, and the exit angle
also has a great influence on the height of the cutting burrs.

While more attention is focused on the nonlinear model,
ANFIS model which combines neural network and fuzzy
logic shows its advantages, because of its self-adaptive and
high prediction accuracy ability. Mehmet et al. (2015) esti-
mated the surface quality and cutting temperature in turning
processes of noncorrosive steel using ANFIS with particle
swarm optimization (PSO) learning. The results showed the
predicting ability is 95.8 % for the surface quality and 97.4 %
for cutting temperature. Gill et al. (2010) used ANFIS to es-
tablish the model of AISI M2 turning tools for estimating of
the tool life, and the results showed the prediction agrees well
with the testing data with the correlation coefficients of 0.99
and the mean absolute error of 2.4 %. In other work, Dong
and Wang (2011) used ANFIS with leave one out-cross vali-
dation (LOO-CV) approach to predict the surface roughness
in end milling process. Compared with the opponent meth-
ods, the prediction accuracy of ANFIS with LOO-CV ap-
proach can be improved to 96.4 %.

In recent years, group based heuristic search algorithm has
attracted more and more attention which can be applied to
solve machining problems. Differential evolution algorithm
(DE) is an efficient global optimization algorithm. Yang et
al. (2010) proposed DE based artificial neural network for the
prediction of surface roughness in turning operations. The
result shows that the convergence speed for the DE-based
ANN is higher than the backpropagation-based ANN. Lee
et al. (2016) proposed the Taguchi-sliding-based differential
evolution algorithm (TSBDEA) to solve the problem of op-

Figure 1. Process of obtaining training and testing data.

timization for the surface grinding process. The results show
the TSBDEA can be statistically sound and quickly conver-
gent and obtain accurate results well for the surface grinding
process. Wang et al. (2017) proposed the support vector ma-
chine and differential evolution for tool condition monitoring
system. The results show that the classification accuracy of
differential evolution-support vector machine is higher than
the empirical selection-support vector machine.

It can be seen from the literature reviews above that lots
of studies focus on predictions of the surface roughness of
metallic materials. The studies seldom involve the predic-
tions of tool life, especially for estimation of both tool life
and cutting burr. Estimation of both tool life and cutting burr
under different cutting parameters for CGI is quite important
in process of high speed milling operations. In this work, a
novel DE-ANFIS system is employed to effectively predict
both tool life and height of the cutting burrs is proposed.

2 Experimental setup

2.1 Equipment, cutting tool and workpiece materials

The high speed milling experiments without the aid of lu-
bricating fluid have been carried out on a DAEWOO ACE-
V500 South Korea) CNC machining center with speeds rang-
ing from 80 to 10 000 rpm. The set-up of milling operation is
shown in Fig. 1.

In the experiments, the grade of the workpiece material is
GJV450 with pearlite main base structure, and the vermic-
ular graphite rate is 90 %. The block size of workpiece is
200 mm (length) by 60 mm (width) by 80 mm (height). The
adopted cutting tool is KENNMENTALHNGX090516-MR
coated with Al2O3+Ti(C,N)+TiN, and the matrix mate-

Mech. Sci., 10, 243–254, 2019 www.mech-sci.net/10/243/2019/



L. Xu et al.: Estimation of tool life and cutting burr using DE-ANFIS model 245

Table 1. Detailed parameters of the coated tool for CGI.

Nose radius 0.1 mm
Tool clearance angle (x) 0◦

Tool rake angle (γ ) 17◦

Tool cutting edge angle 45◦

Coating of tools Al2O3-TiAlN-TiN
Diameter of cutting tool 100 mm

Figure 2. The surface morphologies of tool insert with tool flank
wear 0.3 mm.

rial is cemented carbide substrate. Table 1 shows the detailed
parameters of coated tool.

2.2 Measurement of tool life

The face milling is an intermittent cutting process in the ex-
periments. International standard ISO uniformly stipulates
that if the tool flank wear exceeds 0.3 mm, the tool will reach
its service life. Figure 2 is the surface morphologies of tool
flank wear which has been up to 0.3 mm. By calculating the
removal volume of the material after tool flank wear reached
to 0.3 mm, the tool life can be obtained. The tool life is ob-
tained through the following formula:

Tlife = VCGI/[(v/πD) · fz ·w · d] (1)

where, Tlife is the tool life, and VCGI is the amount of material
removed. V , D, fz, w and d denote the cutting speed, diam-
eter of cutting plate, feed rate, workpiece width and depth of
cut, respectively.

2.3 Measurement of cutting burr

In the process of milling CGI, the height of the cutting burrs
which appeared on the exit side was measured at the end of
the tool life with the help of the toolmaker’s microscope. The
form of cutting burrs is plural form in this work. Figure 3 is
the morphologies of cutting burrs. Due to the irregular shape
of the cutting burr, the measurements have been repeated four
times and the average value is determined for the final value.

Figure 3. The morphologies of cutting burrs.

3 Experimental parameters design

It is proved by experiment that the coated tool is the first
choice in the cutting process of CGI in dry cutting condi-
tions. During the high speed milling, three parameters need
to be considered: cutting speed, feed rate and exit angle. As
can be seen in Table 2, the cutting speed, feed rate and exit
angle are set as four levels for training data, 400, 600, 800
and 1000 m min−1 for the cutting speed, 0.1, 0.15, 0.2 and
0.25 mm per tooth for feed rate and 30, 45, 60 and 75◦ for
exit angle, respectively. For testing of the data set, the cut-
ting speed and feed rate have nine and four different lev-
els, respectively. Different exit angles put the cutting plate
in a different position relative to the workpiece material, as
shown in Fig. 4. The exit angle is obtained by Eq. (2),

Ea= arcsin((0.5M − d)/R) (2)

where, Ea is the exit angle, M is the width of the workpiece
material;R is the radius of the cutter, and d is the distance be-
tween the milling cutter axis and the workpiece central line.

4 Model of tool life and cutting burr based on
DE-ANFIS

4.1 ANFIS

ANFIS, which combines fuzzy inference system and neural
network, is proposed by Jang (1993), and the architecture of
the ANFIS system is shown in Fig. 5. There are five layers
in this inference system. The number of the nodes in each
layer is determined according to the research requirement.
Each node means a special function which accepts the previ-
ous layer signals and manipulates them to the output signals.
Meantime, the ANFIS model has the rule base which is clar-
ified as follows.
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Table 2. Milling conditions in high speed cutting.

Cutting parameters Training data set Testing data set

Cutting speed (V ), m min−1 400, 600, 800, 1000 550, 600, 650, 700, 750, 800, 850, 900
Feed rate (fz), mm per tooth 0.1, 0.15, 0.2, 0.25 0.13, 0.16, 18, 0.23
Exit angle (Ea), ◦ 30, 45, 60, 75
Cutting fluid dry

Figure 4. The distribution circumstance of the cutting speed, the feed rate and the exit angle in the process of milling

Rule 1: if x is the cutting speed A1, y is the feed rate B1
and z is the exit angle C1, then tool life and height of cutting
burrs = p1x+ q1y+ r1.

Rule 2: if x is the cutting speed A2, y is the feed rate B2
and z is the exit angle C2, then tool life and height of cutting
burrs = p2x+ q2y+ r2.

Then, the meaning of each layer in the ANFIS is described
below.

Layer 1: The membership grade of a linguistic label is gen-
erated by each node “l” in this layer. These input numbers are
real numbers and the output numbers are values of member-
ship functions. The node function is,

O1,l = µAl (x) , l = 1,2 (3)

where, x is called input value of the node, and Al is called
linguistic variables.

The membership functions have many different forms, like
triangular, bell-shaped, Gaussian, and so on. The Gaussian
membership functions (MFs), adapted with minimum and
maximum equal to 0 and 1, respectively, has the following
formula:

µZ,i (X)= exp

[
−

(
Z− cX,i

σX,i

)2
]
, i = 1, 2, 3, . . ., m (4)

Figure 5. An ANFIS architecture.

where, the value of Xε{V,fz,Ea} is the input, and cX,i , σX,i
are the center parameter and standard deviation of Gaussian
MF, respectively. These parameters are named as premise pa-
rameters. If these parameters’ values are changed, the form
of membership functions will be changed synchronously. In
this layer, O1

i denotes the input of Layer 2.
Layer 2: This layer can calculate the firing strength for the

third layer through multiplication. The function is shown as
follows:

O2
l = wl = µAl (x)× µBl (y) l = 1,2 (5)
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Figure 6. An improved ANFIS.

Layer 3: This layer is called the normalized layer where
the normalized firing strengths are acquired through Eq. (6);

O3
l = wl = wl

/∑2
m=1

wm l = 1,2 (6)

Layer 4: This layer is named as the adaptive layer. The
formula is described bellow:

O4
l = wlpl = wl (slx+ fly+ nl) l = 1,2 (7)

The parameters sl , fl , nl in this layer are called consequent
parameters.

Layer 5: This layer is named as the output or defuzzifica-
tion layer. The output is the final outcome, with the outcome
defined as below:

O5
l = p =

3∑
l=1

wlpl l = 1,2,3 (8)

4.2 Improved ANFIS

The standard ANFIS mainly supports multiple inputs and
single output mode. In order to make the ANFIS support
multiple inputs multiple outputs mode, the structure of the
ANFIS is modified as shown in Fig. 6. In this model, the in-
puts are cutting speed (V ), feed rate (fz) and exit angle (Ea),
and the outputs are tool life and height of cutting burr. There
are 12 rules in this ANFIS and the number of membership
function is 6.

4.3 ANFIS with optimization model

Based on Eqs. (3)–(8), ANFIS can predict the right output
value when the premise parameters and the consequent pa-
rameters are optimized well. The optimization model can ob-
tain the right parameters where the Root Mean Square Error
(RMSE) is chosen for the fitness function. The equation can
be expressed as follows,

RMSE=

[
m∑
r=1

((
s(r)
−p(r)

)2/
m

)]1/2

(9)

where m denotes the number of training data, s(r)denotes the
rth tool life, and p(r) is the rth prediction of ANFIS.

As can be seen from the ANFIS, through the RMSE and
self-learning strategy, the premise parameters (cX,i , σX,i),
and the consequent parameters (s, f , d , n) are determined.
Also it can be seen that if the number of the membership
functions is l and the number of rules is h, the total number
of variables is (2l+ 4h) in this model.

Because the premise parameters and consequent parame-
ters are unknown in ANFIS architecture, the aim of the self-
learning method is to change the above parameters to match
the training data. There are lots of self-learning ways intro-
duced to optimize and establish the premise parameters and
consequent parameters of ANFIS. The right learning meth-
ods should maintain the balance between prediction accuracy
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and computing power. After the specified number of itera-
tions, the premise parameters and the consequent parameters
can be optimized and stabilized. In this work, DE is proposed
for its efficient, robust and easy to implement in finding the
optimal premise parameters and consequent parameters of
ANFIS.

4.4 Differential evolution algorithm

DE, proposed by Storn and Price (1995), is a heuristic ran-
dom search algorithm based on group difference. Figure 7
shows the flowchart of the differential evolution algorithm.
It can generate new different candidate solutions using the
operators of mutation and crossover. By the selection opera-
tor, the best candidate solution is selected and enters the next
loop operation up until the maximum iteration. Each candi-
date solution, as a vector defined as Xi,g , has many variables
to solve the problem. At the beginning stage, the size of can-
didate solutions is determined and these candidate solutions
form a population, symbolized by PX,g . The population is
defined as:

PX,g =
(
Xi,g

)
,i = 1, 2, 3, . . ., N,
g = 1, 2, 3, . . ., gmax (10)

Xi,g =
(
xj,i,g

)
,j = 1, 2, 3, . . .,D (11)

where N denotes the number of candidate solutions, and i
denotes the population index parameters of Xi,g . The index
g represents the generation counter.

Each variable in the candidate solutions is randomly deter-
mined within a reasonable initial range. The values of Xi,g
are determined as:

Xi,g = bi,L+ rand(0,1) · (bi,U − bi,L) (12)

where the bi,L and bi,U are the lower and upper bounds of
the i th value of the Xi,g . Rand (0, 1) means a uniformly
distributed random number between 0 and 1.

After the initialization of the population, the next step is
the mutation operator. The mutation operator forms an inter-
mediary population, Pv,g of N mutant vectors, Vi,g .

Pv,g =
(
Vi,g

)
,i = 1, 2, 3, . . .,N,
g = 1, 2, 3, . . .,gmax (13)

Vi,g =
(
vj,i,g

)
,j = 1, 2, 3, . . .,D (14)

Different mutation strategies are defined in determining Vi,g
and it mainly depends on the choice of the three different
individuals Xa,g , Xc,g , and Xb,g . These strategies are shown
in the follows:

S = exp
(

1−
gmax

gmax+ 1− g

)
(15)

F = 0.5 · 2S (16)
Vi,g =Xa,g +F · (Xc,g −Xb,g) (17)

where, S denotes the different degree of variation iterating
from g to the maximum number of iterations gmax. a, b and

Figure 7. Flowchart of the Differential evolution algorithm.

c belong to index parameters of D dimensions and they are
not equal to each other. F is a scale factor. The value of F is
changed with increase of the number of iterations which can
maintain the diversity of the population.

In order to further improve the diversity of the population,
the crossover operator is used to form the trial population,
PU,g of N trial vectors, Ui,g .

PU,g =
(
Ui,g

)
, i = 1, 2, . . .,N, g = 1, . . .,gmax (18)

Ui,g =
(
uj,i,g

)
, j = 1, 2, . . .,D (19)

Binomial and exponential are two kinds of crossover scheme.
In this study, the binomial crossover is adopted due to being
widely used. The binomial crossover operator is shown as
follows:

Ui,g = uj,i,g =


vj,i,g if randj (0,1)≤ Cr
or j = jrand
xj,i,g otherwise

(20)

where, Cr belongs to the range (0, 1), is the crossover rate
and its value can control parts of parameter values that it in-
herits from the value of the mutant. Rand j (0, 1) is a random
number that generate with the j th parameter. jrand is a ran-
domly distributed integer in the range [1, D]. If Ui,g is out-
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Figure 8. The relationship between number of iteration and fitness
function.

side the boundary, its value will be re-restricted within the
allowable range.

The last step is the selection operator and it determines
which vector, Xi,g or Ui,g , can enter the next generation. As
the vectors Xi,g and Ui,g have the objective function, the
vector with the lower value of the objection function is se-
lected through the selection operator. The selection operator
is given as:

Xi,G+1 =

{
Ui,G,f (Ui,G)≤ f (Xi,G)
Xi,G, else (21)

The settings of the scale factor F and the crossover rate Cr
determine the performance of the DE. In order to choose
the right F and Cr values, Liu and Lampinen (2002) sug-
gested F = Cr = 0.9, while Zielinski et al. (2006) demon-
strated that in many cases, values of F (0.6, 1) and Cr (0.6,
1) can make DE yield a better performance. Zaharie (2002)
modified the DE by multiplying F by a standardized random
variable. Based on these studies, Cr = 0.9 was selected for
the DE, and F was limited between 0 and 1 while changing
with an increase in the number of iterations.

After high speed milling process on CGI, the training data
set and the testing data set are collected and shown in the
Tables 3 and 4. Before training the DE-ANFIS model, all of
the experimental data needed to be normalized in the range
(0, 4) with the formula shown below:

Yi = 4 ·Xi/Xmax (22)

where, Xi and Yi are the raw data and the normalized data
respectively.

5 Results and discussion

5.1 Prediction ability of DE-ANFIS

The DE-ANFIS is programed and running in the MATLAB
software. Meanwhile, training error goal is set as 0. During
DE learning stage, each randomly distributed candidate so-
lution is self-mutated and crossed with each other to achieve

Figure 9. Gaussian MFs of input V .

the optimal solution of fitness function. The Gaussian mem-
bership functions (GMFs) which calculate the membership
degree for the inputs are used and labeled as A1, A2, B1,
B2, C1, C2 regions for each input. After DE learning, the
premise parameters and consequent parameters of ANFIS
tend towards stability. Figure 8 shows the relationship be-
tween fitness function and iterations. It is obvious that the
fitness function gradually converges to 0 with an increase
of iterations. The final GMFs of V , fz and Ea are shown in
Figs. 9, 10, and 11.

The comparison of the measured and predicted values of
tool life and height of the cutting burrs for training data are
shown in Table 3. After the training, the predictive capability
of the DE-ANFIS system is tested using a testing data set. Ta-
ble 5 shows the predicted values of tool life and cutting burr
by the developed DE-ANFIS system. To evaluate the perfor-
mance of DE-ANFIS model, the Root Mean Squared Error
(RMSE), the mean absolute error (MAE) and coefficient of
correlation (R2) were calculated using Eqs. (23)–(26).

RMSE=

[(
n∑
i=1

(
xi − xp

)2)/
m

]1/2

(23)

MAE= 1/n
n∑
i=1

∣∣∣∣xi − xpxi

∣∣∣∣ i = 1,2, . . .,n (24)

R2
=

[∑n
i=1(xi − xmean)2]

−
[∑n

i=1(xi − xp)2][∑n
i=1(xi − xmean)2

] (25)

where, n, xi and xp are number of datasets, the value of the
ith measured and predicted output.

The MAE, RMES and R2 of the predicted tool life shown
in Table 4 are 6.24, 0.85 and 0.98, respectively. As for cutting
burrs, the MAE, RMSE and R2 are found as 11.43, 0.08 and
0.92, respectively. It can be seen that the training of ANFIS
with DE learning algorithm can provide pretty high predic-
tion accuracy for tool life and height of the cutting burrs.
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Table 3. Experimental data set used for training.

Experiment No. Cutting parameters Tool life (min) Cutting blur (mm)

V (m min−1) fz (mm per tooth) Ea (◦)

1 400 0.1 30 27.45 1.80
2 400 0.15 45 21.74 1.43
3 400 0.2 60 21.67 0.09
4 400 0.25 75 18.61 0
5 600 0.1 45 27.56 1.68
6 600 0.15 30 26.86 1.62
7 600 0.2 75 9.81 0.71
8 600 0.25 60 15.04 0.09
9 800 0.1 60 16.88 1.62
10 800 0.15 75 10.3 1.02
11 800 0.2 30 12.27 0.69
12 800 0.25 45 10.42 0.18
13 1000 0.1 75 8.84 1.79
14 1000 0.15 60 10.91 0.37
15 1000 0.2 45 9.53 1.68
16 1000 0.25 30 7.05 0.78

Table 4. Experimental data set used for testing.

Experiment No. Cutting parameters Tool life (min) Cutting blur (mm)

V (m min−1) fz (mm per tooth) Ea (◦)

1 500 0.13 45 24.23 1.59
2 550 0.13 75 19.12 1.10
3 600 0.18 75 12.07 1.1
4 650 0.16 75 11.48 1.2
5 700 0.16 45 18.99 1.39
6 750 0.13 30 22.07 1.2
7 800 0.18 60 10.99 0.41
8 850 0.23 60 7.56 0.25
9 900 0.23 30 7.59 0.5

The relationship between the predicted values and mea-
sured values of tool life and cutting burrs for testing data
is shown in Figs. 12 and 13 in forms of scatter diagrams.
Figure 12 shows the predicted values of tool life are uni-
formly distributed near the line. That means the predicted
values of tool life are not far from the actual values. The er-
rors between the predicted values and the measured values
may be predominately attributed to the typical randomness
of the milling process. In addition, the violent vibration of
CNC machine also affects the accuracy of predicted tool life.
In Fig. 13, the cutting burr distribution is more scattered than
that of the distribution in Fig. 12. It can be seen from Table 6
and Fig. 13, the prediction of cutting burr is not as accurate as
the prediction of tool life. The prediction error of an individ-
ual cutting burr can even reach up to 20 %. The emergence
of this phenomenon is mainly related to the wear state of the
cutting tool. With the increasing cutting speed, the generation
of hot cracks on tool flack can increase the probability of tool

tipping. The occurrence of tool tipping on tool flack makes
the deformation of cutting burr more serious than a normal
wear tool. Generally, the DE-based ANFIS model still gains
a satisfactory performance aiming at the prediction of height
of the cutting burrs.

Figures 14 and 15 compare the predicted values and mea-
sured values of tool life and cutting burr for a testing data set.
As can be seen from Figs. 14 and 15, it can be seen that the
predicted and measured values are close to each other and
show the same trend. The analysis of Figs. 12, 13, 14 and 15
indicate that the DE-based ANFIS system can provide an ad-
equately accuracy rate when milling CGI with high cutting
speed.

5.2 Comparison with other prediction models

In this work, DE-ANFIS model is proposed to estimate tool
life and cutting burr. For comparison aims, ANFIS with par-
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Table 5. The measured and predicted values of tool life and heights of cutting burr for training data set.

Experiment No. V (m min−1) fz (mm per tooth) Ea (◦) Tool life (min) Cutting burr (mm)

Measured Predicted Error Measured Predicted Error
(yi,e) (yi,p) (%) (yi,e) (yi,p) (%)

1 400 0.1 30 27.45 27.4 5 1.80 1.80 0
2 400 0.15 45 21.74 22.11 1.7 1.43 1.45 1.4
3 400 0.2 60 21.67 21.67 0 0.09 0.09 0
4 400 0.25 75 18.61 18.61 0 0 0 0
5 600 0.1 45 27.56 25.8 6.4 1.68 1.68 0
6 600 0.15 30 26.86 25.71 4.3 1.62 1.62 0
7 600 0.2 75 9.81 10.4 6 0.71 0.76 7
8 600 0.25 60 15.04 14.23 5.4 0.09 0.10 10
9 800 0.1 60 16.88 16.88 0 1.62 1.53 5.6
10 800 0.15 75 10.3 8.55 9.71 1.02 1.20 17
11 800 0.2 30 12.27 13.28 8.3 0.69 0.71 3
12 800 0.25 45 10.42 10.42 0 0.18 0.18 0
13 1000 0.1 75 8.84 10.84 11.3 1.79 1.57 15.9
14 1000 0.15 60 10.91 10.11 12.8 0.37 0.40 8.1
15 1000 0.2 45 9.53 8.79 7.8 1.68 1.68 0
16 1000 0.25 30 7.05 7.05 0 0.78 0.77 1

Table 6. The measured and predicted values of tool life and heights of cutting burr for testing data set.

Experiment No. V (m min−1) fz (mm per tooth) Ea (◦) Tool life (min) Cutting burr (mm)

Measured Predicted Error Measured Predicted Error
(yi,e) (yi,p) (%) (yi,e) (yi,p) (%)

1 500 0.13 45 24.23. 25.03 3.3 1.59 1.62 1.9
2 550 0.13 75 19.12 18.20 4.8 1.10 1.16 5.5
3 600 0.18 75 13.07 14.46 10.6 1.1 1.0 9
4 650 0.16 75 12.98 13.50 4.0 1.2 1.13 5.8
5 700 0.16 45 18.99 18.53 2.4 1.39 1.41 14.3
6 750 0.13 30 22.07 22.65 2.6 1.59 1.73 8.8
7 800 0.18 60 10.99 9.63 12.4 0.51 0.60 17.6
8 850 0.23 60 4.01 3.52 12.2 0.25 0.21 16
9 900 0.23 30 9.59 9.96 3.9 0.5 0.38 24

ticle swarm optimization (PSO-ANFIS), artificial neural net-
work (ANN) and support vector machines (SVM) models
were also proposed. PSO-ANFIS is a model that its param-
eters are optimized with PSO algorithm. To obtain a good
PSO-ANFIS model, the parameters of PSO algorithm are
adjusted with a trial-and error procedure. The structure of
PSO-ANFIS model is the same as the DE-ANFIS model
where there are 12 rules and the number of GMFs is 6. In
order to develop the PSO-ANFIS, ANN and SVM models in
this work, the same training and testing datasets considering
in DE-ANFIS was used. It should be mentioned that MAT-
LAB 2015 was used to construct the PSO-ANFIS model.
Apart from the PSO-ANFIS and DE-ANFIS models, ANN
and SVM models which are widely used methods for solv-
ing different engineering problems were utilized for predic-
tion of tool life and height of cutting burrs.

In the second step, for checking the performance capacity
of the models, the RMSE, MAE and R2 were used. It can be
shown from Table 7 that the DE-ANFIS model can predict
tool life and cutting burr better than PSO-ANFIS, ANN and
SVM models. The results demonstrate that predictive capa-
bility of DE-ANFIS model is more accurate in comparison
with PSO-ANFIS, ANN and SVM models.

5.3 Sensitivity analysis

In order to obtain the most influential factors on the tool life
and cutting burr, Analysis of Variance (ANOVA) was per-
formed in this paper. Table 8 shows the tool life is sensitive
to, in descendent order, cutting speed, feed rate and exit an-
gle, and cutting burr is sensitive to feed rate, exit angle and
cutting speed. During the milling process, cutting speed is the
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Table 7. Results of statistical criteria in this study.

Model Statistical criteria

R2 RMSE MAE

Tool life Height of cutting burrs Tool life Height of cutting burrs Tool life Heights of cutting burrs

SVR 0.90 0.90 4.36 3.77 15.1 13.2
ANN 0.86 0.79 3.51 0.11 11.6 14.2
PSO-ANFIS 0.93 0.88 3.21 1.3 9.1 12.3
DE-ANFIS 0.98 0.92 0.85 0.08 6.24 11.43

Table 8. Analysis of variance results for tool life and height of cutting burrs.

Cutting parameter Degrees of freedom Sum of square Mean square F ratio Contribution (%)

Tool life

Cutting speed 7 482.00 68.86 7.45 58.0
Feed rate 4 159.04 39.76 4.30 19.4
Exit angle 3 111.98 37.33 4.04 13.7

Total 21

Height of cutting burrs

Cutting speed 7 0.438 0.063 0.418 6.0
Feed rate 4 4.478 1.119 7.464 60.9
Exit angle 3 1.419 0.473 3.154 19.3

Total 21

Figure 10. Gaussian MFs of input fz.

main factor that affects the tool life. High cutting speed can
generate a massive of cutting heat, and meantime increase the
cutting force which can accelerate tool flank wear. The rapid
tool flank wear reduces tool life. Feed rate and exit angle have
little effect on tool life. Hence, it’s better to adopt low cutting
speed, high feed rate and small exit angle to prolong tool
life and enhance cutting efficiency. As for cutting burrs, feed

Figure 11. Gaussian MFs of input Ea.

fate is the main factor that affects the height of cutting burrs
as can be seen from Tables 3 and 8. In order to reduce the
height of cutting burrs, the high feed rate and small exit an-
gle were adopted in this work. In Table 8, Cutting speed has
little effect on the height of cutting burrs, and its value can be
determined according to process requirements. Therefore, to
prolong tool life and reduce the height of cutting burrs, low
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Figure 12. Scatter diagram of measured tool life and predicted tool
life for the testing data set.

Figure 13. Scatter diagram of measured cutting burr and predicted
cutting burr for the testing data set.

cutting speed, high feed rate and small exit angle is necessary
in milling process of CGI in the present research work.

6 Conclusions

In this paper, a new DE-ANFIS system was proposed to
accurately predict tool life and height of the cutting burrs
in high speed milling of CGI. The DE-ANFIS model is an
MIMO system where the inputs are cutting speed, feed rate,
and exit angle, and the outputs are tool life and height of
the cutting burrs. DE can determine the right premise and
consequent parameters of ANFIS. After training the ANFIS
stage, the testing data is used to validate the performance
of DE-ANFIS. In order to examine the accuracy of tool life
and height of cutting burr predictions by DE-ANFIS, PSO-

Figure 14. The diagram of measured tool life and predicted tool
life for the testing data set.

Figure 15. The diagram of measured cutting burr and predicted
cutting burrs for the testing data set.

ANFIS, ANN and SVM models, three statistical indices in-
cluding R2, RMSE and MAE have been used. Comparing
the values predicted by the models indicated that the perfor-
mance of the DE-ANFIS model was better than the PSO-
ANFIS, ANN, and SVM models. Results showed that MAE
values in the DE-ANFIS, PSO-ANFIS, ANN and SVM mod-
els were 6.24, 9.1, 11.6 and 15.1 for tool life, and the MAE
values of height of cutting burrs are 11.43, 12.3, 14.2 and
13.2 respectively. Based on the ANOVA, the results show
that the most effect on the tool life and height of cutting burrs
are cutting speed and feed rate respectively.

The prediction ability makes DE-ANFIS a powerful tool
for the milling process, and thus the estimation of tool life
and height of the cutting burrs under different cutting param-
eters can be known in advance. Consequently, efficient pro-
cessing has been improved accordingly through the proposed
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approach. The DE learning algorithm, a global optimization
algorithm, can considerably reduce the computational time
and manufacturing cost for milling. Traditional selecting of
cutting parameters by trial is replaced by the DE learning al-
gorithm. Thus, a better product quality or high productivity
with a low cost can be obtained through DE-ANFIS model.
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