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A B S T R A C T   

Honing processes are usually employed to manufacture combustion engine cylinders and hydraulic cylinders. 
Honing provides a crosshatch pattern that favors the oil flow. In this paper, Adaptive Neural Fuzzy Inference 
System (ANFIS) models were obtained for tool wear, average roughness Ra, cylindricity and material removal 
rate in finishing honing processes. In addition, multi-objective optimization with the desirability function 
method was applied, in order to determine the process parameters that allow minimizing roughness, cylindricity 
error and tool wear, while maximizing material removal rate. The results showed that grain size and tangential 
velocity should be at their minimum levels, while density, pressure and linear velocity should be at their 
maximum levels. If only roughness, cylindricity error and tool wear are considered, then low grain size, low 
pressure and low linear velocity are recommended, while density and tangential velocity vary, depending on the 
optimization algorithm employed. This work will help to select appropriate process parameters in finishing 
honing processes, when roughness, cylindricity error and tool wear are to be minimized.   

1. Introduction 

Honing processes are commonly employed in finishing operations of 
internal cylinders of combustion engines and of hydraulic cylinders [1]. 
In this process, a honing head is used, which is provided with abrasive 
stones. The combination of a reciprocating linear movement and a 
rotation movement provides a crosshatch pattern with oil channels [2]. 
These channels have a profound effect on the tribological performance 
of the equipment, because they can be used to retain oil or grease to 
ensure proper lubrication and minimize wear of the different compo-
nents [3]. 

In the past, several authors have studied roughness and material 
removal rate in honing processes. As a general trend, roughness in-
creases with grain size [4,5]. It is also important to choose a tool with 
proper density, because this will influence both surface roughness and 
the level of wear of the abrasive stone [6]. Pressure is known to decrease 
roughness [7]. As described by Tripathi et al. [8], other factors 

influencing roughness are honing speed and machining time. As for 
productivity, Kadyrov [9] found that the honing efficiency depends on 
the pressure of the honing stone against the part, the honing time, the 
cylinder shape deviation and the roughness value of the surface. Mez-
ghani et al. [10] observed that greater material loss is observed for 
higher number of strokes. Vrac et al. [11] observed that, when using 
D181 abrasive stones, machining speed had the greatest impact on the 
honing performance, while when using D151 pressure was most influ-
ential factor. The same authors found a correlation between surface 
roughness and material removal rate [4]. They reported specific mate-
rial removal rate values up to 0.02016 mm/s (0.12 cm/min). On the 
other hand, Szabo [12] found greater material removal rate for cBN 
stones than for Al2O3 ones. Another work showed that material removal 
rate is directly related totangential speed and linear speed, but it in-
creases to a greater extent when both speeds take high values [12]. 

However, there is less information on tool wear and cylindricity error 
in honing processes. For instance, Cabanettes et al. [13] found a 
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correlation between surface roughness of cylinder liners and tool wear in 
motor blocks. Specifically, areal roughness parameters Spk (reduced 
peak height) and Ssc (arithmetic mean summit curvature) have a high 
correlation with wear. As for cylindricity, Zhang et al. [14] developed a 
methodology to reduce this kind or form error in engine cylinder bores. 

It consists of simulating the motion trajectory, improving the structure 
of the head, coordinating the honing operation with the previous boring 
operation and optimizing the honing parameters. Xi et al. [15] found 
that the stroke length is an important factor influencing cylindricity of 
the inner hole, as well as the honing pressure. On the other hand, El 
Mansori et al. found that low acceleration values in the stroke movement 
reduce the cylindricity error [16]. 

Fuzzy Inference Systems (FIS) and Adaptive Neural Fuzzy Inference 
System (ANFIS) have been widely employed for modelling 
manufacturing processes variables, where Takagi-Sugeno [17] and 
Mamdani [18,19] are the most used [20]. A large amount of research 
studies dealing with the application of soft computing and design of 
experiments can be found in the literature where hybrid learning pro-
cedures that combine artificial neural networks (ANNs) and fuzzy 
inference systems (FIS) stand out. From the initial research study of Jang 
[21], several studies using ANFIS have been developed, as shown in 
Shihabudheen and Pillai [22]. 

In regard with tool wear, material removal rate and roughness, 
several studies can be found where neural networks as well as FIS and 
ANFIS are combined with design of experiments in order to model these 
output variables [23]. For example, in the research study of Marani et al. 
[24] an ANFIS was employed for modeling the flank wear in the turning 
process of a cold-finished steel bar. In another study Abbas et al. [25] 
analyzed the influence of depth of cut, cutting length, feed rate, and 
cutting speed on surface roughness, flank wear, power consumption and 
material removal rate (MRR) in the high-speed turning of Ti-6Al-4V. A 
fuzzy comprehensive evaluation model was developed in Li et al. [26] in 
order to evaluate the tribological properties of friction materials. In 
Sudheer et al. [27] ANFIS and neural networks combined with design of 
experiments were employed to predict surface roughness and metal 
removal rate in grinding process where the input parameters analyzed 
were speed, depth of cut and feed rate. Further examples are the study of 
Feng et al. [28], who studied the Rk-family roughness parameters and 
that of Buj et al. [29], who analyzed the application of an adaptive 
neural network to predict average roughness Ra in honing processes. In 
addition, Sharma et al. [30] employed ANN and a Taguchi Design of 
Experiments (DOE), and Valǐs et al. [31] carried out an analysis of oil 
contaminants by using a fuzzy inference system (FIS) and multilayer 
perceptron neural networks. 

The main aim of this present study is to analyze the effect of Grain 
size (GS), Density (DE), Pressure (PR) and both Tangential speed (TV) 
and Linear speed (LV) on surface fnish, tool wear, material removal rate 
and form error in finishing honing processes by using adaptive neural 

Table 1 
Levels of the input variables.  

Input Variables Low Center High 

GS: Grain Size (ISO 6106[32]) 15 20 30 
DE: Density (ISO 6104[33]) 10 15 20 
PR: Pressure (N/cm2) 400 500 600 
TV: Tangential Speed (m/min) 20 30 40 
LV: Linear Speed (m/min) 20 30 40  

Table 2 
Output variables.  

Ra: Average roughness (µm) 
Cilt: Total cylindricity (µm) 
Qp: Tool wear (cm3/min) 
Qm: Material removal rate (cm/min)  

Fig. 1. Honing test machine from Honingtec S.A.  

Fig. 2. St-52 steel cylinders.  

Fig. 3. cBN abrasive stones with metallic bond.  
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fuzzy inference systems and a multi-optimization process from the 
previously obtained models. The output variables to be analyzed are: 
average roughness Ra (μm), tool wear, Qp (cm3/min) and material 
removal rate Qm (cm/min) Likewise, cylindricity error, Cilt (μm) is also 
studied. In addition, multi-objective optimization is carried out by 
means of the desirability function, in order to minimize roughness, 
cylindricity error and tool wear, while maximizing material removal 
rate. 

2. Materials and methods 

The experiments were defined according to a fractional factorial 
design 25-1 with two levels of the variables and three center points as 
shown in Table 1 and Table 2. 

The levels of the different variables correspond to the final honing 
phase or finishing honing phase, in which the final surface texture is 
obtained. This phase is usually carried out after the rough and the semi- 
finishing phases. For example, grain size between 91 and 181 is 
commonly employed in rough honing, grain size between 46 and 64 in 

semi-finishing honing, and grain size below 46 is used in semi-finishing 
operations. As for density, it is directly related to grain size, i.e., lower 
grain size requires lower density as a general trend. In this case, density 
values between 10 and 20 were recommended. Pressure values are 
limited to 1000 N/cm2 in the machine that was used in the present work 
(Section 2.1). Finally, in this work the same ranges for tangential and 
linear speed were chosen, between 20 and 40 m/min. Due to the design 
of the machine, it is advisable to use linear speed values of 40 m/min or 
lower, while tangential speed could take higher values. 

2.1. Set-up of the honing experiments 

A test honing machine from Honingtec S.A. was used (Fig. 1). Unlike 
usual industrial machines, it has a horizontal configuration, and the 
rotation movement is provided by the rotation of the part, not of the 
honing head. 

St-52 steel cylinders were used of 50 mm in internal diameter and 
150 mm in length (Fig. 2). 

Cubic boron nitride (cBN) stones were employed of 3 × 3×20 mm 
(Fig. 3). The honing head has three abrasive stones. 

The stones were fixed to the tool holder with glue, and the tool 
holders were mechanically fixed to the honing head. 

2.2. Surface roughness measurements 

Surface roughness was measured in a Taylor Hobson Talysurf 2 
roughness meter. A Gaussian filter was employed with a cut-off value of 
0.8 mm and a measuring length of 4.8 mm. Three measurements were 
carried out along generatrices of the internal surface of the cylinders, 
which were separated 120◦. The area where the measurements were 
performed is approximately in the middle of the part, in order to avoid 
both ends of the cylinder, corresponding to acceleration/deceleration of 
the honing head. 

Average roughness parameter Ra was considered, which is 
commonly employed in industry to compare different machined 
surfaces. 

Fig. 4. Membership functions for fuzzification of the inputs.  

Fig. 5. Schematics of the ANFIS model for Qm.  
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2.3. Cylindricity measurements 

Total cylindricity of the internal surface of the cylinders was 
measured in a Taylor Hobson Talyrond roundness measurement ma-
chine. Roundness was measured on 4 different planes at different 
heights of the part. From the 4 different circumferences, the cylindricity 
error was determined. 

2.4. Tool wear and material removal rate measurements 

Tool wear Qp was determined from the measurement of the initial 
and final height of the abrasive stones by means of a Mitutoyo digital 
dial indicator. 

Material removal rate Qm was calculated from the initial and final 
diameter of the cylinders, which was measured with a Mitutoyo internal 
dial indicator. 

Fig. 6. Membership functions after the ANFIS for modelling Qm.  

Table 3 
Results of the honing tests.  

Run GS DE PR (N/cm2) TV (m/min) LV (m/min) Ra (µm) Cylt (µm) Qp (cm3/min) Qm (cm/min) 

1 15 20 400 20 20  0.07  10.19  0.004  0.016 
2 15 20 600 40 20  0.10  27.30  0.003  0.062 
3 15 20 600 20 40  0.05  19.46  0.002  0.131 
4 15 20 400 40 40  0.11  28.65  0.001  0.041 
5 15 10 600 20 20  0.10  21.70  0.002  0.015 
6 15 10 400 40 20  0.08  26.89  0.001  0.007 
7 15 10 400 20 40  0.09  26.56  0.002  0.015 
8 15 10 600 40 40  0.09  25.15  0.003  0.025 
9 30 20 600 20 20  0.51  71.70  0.009  0.221 
10 30 20 400 40 20  0.20  15.93  0.003  0.111 
11 30 20 400 20 40  0.34  81.45  0.007  0.163 
12 30 20 600 40 40  0.57  76.90  0.016  0.301 
13 30 10 400 20 20  0.26  19.52  0.004  0.059 
14 30 10 600 40 20  0.54  20.51  0.004  0.048 
15 30 10 600 20 40  0.53  22.41  0.003  0.053 
16 30 10 400 40 40  0.24  17.20  0.004  0.080 
17 20 15 500 30 30  0.18  26.65  0.019  0.182 
18 20 15 500 30 30  0.25  23.91  0.014  0.220 
19 20 15 500 30 30  0.25  19.80  0.018  0.211  
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Fig. 7. Examples of roughness profiles for: a) grain size 15, b) grain size 20, c) grain size 30.  
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Fig. 8. Response surface for Ra (µm) versus each pair of input variables while the rest are kept at their central values, using the ANFIS developed for Ra: a) DE vs GS, 
b) PR vs GS, c) TV vs GS, d) LV vs GS, e) PR vs DE, f) TV vs DE, g) LV vs DE, h) TV vs PR, i) LV vs PR, j) LV vs TV. 
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2.5. ANFIS modeling 

A zero-order Sugeno FIS was developed by using the Fuzzy Logic 
Toolbox™ of Matlab™2020a [34]. This FIS was employed because the 
de-fuzzification process is computationally more efficient compared to 
that of a Mamdani system [34–36]. As can be observed in Fig. 4 the 
membership functions employed in this study are of the Gaussian type, 
as shown in Eq. (1), where two membership functions were employed 
for each of the input variables shown in Table 1. 

μx = e
− (x− c)2

2σ2 (1) 

In the Sugeno FIS developed for each of the outputs, the aggregation 
method employed is the sum of fuzzy sets, and the aggregated output is 
obtained from the weighted average of all output rules. Eq. (2) shows the 
implication method and Eq. (3) shows the output of the Sugeno system 
[34–37]. 

wj(x) = AndMethod{μ1(x1),…, μn(xn) } (2)  

outputj =

∑Numberof rules

j=1
wj ∗ zj

∑Numberof rules

j=1
wj

(3) 

As previously mentioned, zero-order Sugeno FISs were developed for 
each of the output variables. Where output corresponds to Ra, Cylin-
dricity, Qp and Qm. Each of the FISs have a set of n rules of the form 
shown by Eq. (4): 

if
( (

x1 is x1,i1
)

and
(
x2 is x2,i2

)
and … and

(
x5 is x5,i5

))
then outputj is zj

(4) 

Once the initial Sugeno FIS were developed, then an ANFIS was 
employed to tune the parameters of the membership functions using the 
Fuzzy Logic Toolbox™ of Matlab™2020a [34]. Finally, these tuned FIS 
were employed for modeling the behavior of the output variables shown 
in Table 2. Fig. 5 shows the schematics of the ANFIS model for Qm. A 
similar scheme is employed, for the rest of outputs. 

Fig. 6 shows the membership functions after the ANFIS for the case of 
Qm. 

2.6. Multi-objective optimization 

In order to carry out a multi-objective optimization of the outputs, a 
desirability function can be employed. In this study two desirability 
functions are considered: the one proposed by Luis-Perez [38] and the 
one proposed by Derringer&Suich [39]. As is known, the desirability 

function transforms a multi-variable optimization problem into a 
one-dimensional optimization problem [39]. 

The main objective of this present study is to minimize the surface 
roughness, which is characterized by the average surface roughness (Ra 
(µm)), because it is one of the most used parameters in the industry, 
although, any other roughness parameter could have been used. Like-
wise, a shape parameter is also minimized, which in this study is the 
total cylindricity (µm). In addition, two important parameters with 
opposite behavior have been considered in the present optimization. The 
first one is tool wear (Qp (cm3/min)) and the material removal rate (Qm 
(cm/min)), so that tool wear should be minimized, and material removal 
rate should be maximized. 

D = (ft1 ∗ ft2 ∗ ft3 ∗ ft4)
1
4 (5) 

Although other means could be used such as the harmonic one, in 
this present study the geometric mean will be used, as Eq. (5) shows, 
where fj is the variable transformed using the desirability function 
mentioned above. 

3. Results and discussion 

Table 3 contains the results for roughness (Ra), cylindricity (Cylt), 
material removal rate (Qm) and tool wear (Qp). 

Highest Ra value of 0.57 µm corresponds to experiment 12, obtained 
with high grain size of 30, high density of 20, high pressure of 400 N/ 
cm2, high linear speed of 40 m/min and high tangential speed of 40 m/ 
min. These conditions lead to high material removal rate of 0.301 cm/ 
min but also to high cylindricity error of 76.90 µm and high tool wear of 
0.016 cm3/min. For these reasons, this combination is not recom-
mended in finishing honing operations. Experiments 9 and 12 also 
showed high material removal rate, and experiment 2 lead to medium 
values of material removal rate, suggesting that the combination of high 
density of 20 and high pressure of 600 N/cm2 is not appropriate in 
finishing honing. 

As a general trend, the experiments in which low grain size was used 
(experiments 1–8) lead to low roughness values equal or lower than 
0.11 µm. Higher grain size leads to higher roughness values of up to 
0.57 µm, which are similar to those reported previously [40]. 

Fig. 7 corresponds to three different roughness profiles obtained with 
grain size 15, 20 and 30 respectively: 

The three profiles in Fig. 7 are irregular, as is usual in abrasive 
machining processes. As expected, the higher grain size, the higher 
roughness is. In Fig. 7(a) (grain size 15), total roughness value Rt value is 
lower than 1 µm, in Fig. 7(b) (grain size 20) it is lower than 3 µm and in 
Fig. 7(c) (grain size 30) it is lower than 4 µm. 

In the production of cylinder liners, El-Mansori et al. reported 

Fig. 9. (a) Main effects plot and (b) interaction effects plot for Ra (µm).  
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Fig. 10. Response surface for Cylindricity (µm) versus each pair of input variables while the rest are kept at their central values, using the ANFIS developed for the 
cylindricity: a) DE vs GS, b) PR vs GS, c) TV vs GS, d) LV vs GS, e) PR vs DE, f) TV vs DE, g) LV vs DE, h) TV vs PR, i) LV vs PR, j) LV vs TV. 
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cylindricity errors of up to 15.3 µm [41], which are similar to those 
reported in this work when low grain size is employed. On the contrary, 
high grain size leads to higher cylindricity error. 

The use of low grain size (experiments 1–8) also led to low tool wear 
below 0.005 cm3/min. Higher grain size lead to higher tool wear values 
of 0.019 cm3/min. In rough honing processes with cBN (cubic boron 
nitride) stones, higher tool wear values of up to 0.122 cm3/min were 
obtained [42]. 

In general, low material removal rate values were reported, except 
for experiment 3 with 0.131 cm/min. Similar material removal rates of 
0.12 cm/min were reported by Vrac et al. [4] for diamond stones in 
rough honing. Buj-Corral and Sivatte-Adroer [42] reported material 
removal rates of more than 0.50 cm/min in rough honing with cBN 
stones. 

3.1. Roughness 

Fig. 8 depicts the response surface for the case of Ra using the ANFIS 
models. 

Fig. 9(a) shows the main effects plot and Fig. 9(b) contains the 
interaction effects plots for Ra, using the ANFIS models. In the case of 
the main effects plot, each variable is varied within its minimum and 
maximum levels, while the rest of the factors are kept at their central 
level. In the case of the interaction effect plots one variable is set at its 
minimum and maximum level, respectively, and the other one is varied 
within the minimum and maximum values while the rest of the variables 
are kept at their central values. In Fig. 9(b), corresponding to the 
interaction between grain size and pressure, it can be observed that, in 
order to obtain low roughness, the combination of high grain size and 
high pressure should be avoided. The reason for this is that, in this case, 
grains will dig deeper into the material, leaving deeper marks and 
leading to higher average roughness values. 

As can be observed in Fig. 9(a) the most influential parameter on the 
average surface roughness (Ra) is the grain size (GS), followed by the 
pressure (PR), so that the larger the grain size or pressure, the higher the 
Ra values obtained. Grain size and pressure are known to influence 
roughness in honing processes [40,43]. The same behavior is observed 
for the rest of the variables. Therefore, from the point of view of 
reducing the Ra values, all input parameters should be kept at their 
minimum levels, which can also be observed in the interaction plots in 
Fig. 9(b). 

3.2. Cylindricity 

Fig. 10 shows the response surface for the case of the cylindricity 
(Cylt) using the ANFIS models. 

Fig. 10(a) shows the interaction between grain size and density. It 

can be observed that, in order to obtain low cylindricity, high density 
withhigh grain size should be avoided. This combination can lead to 
clogging in the honing stone because the chip can fill in the gaps on the 
stones’ surface [6]. 

Fig. 11(a) corresponds to the main effects plots and Fig. 11(b) to the 
interaction plots for the cylindricity (Cylt). As can be observed in Fig. 11 
(a) the most influential parameter on cylindricity is density (DE), fol-
lowed by lineal velocity (LV) grain size (GS), so that the higher the 
density or grain size, the higher the cylindricity values obtained. The 
same behavior is observed for the rest of the variables. Therefore, from 
the point of view of reducing the cylindricity values, all input parame-
ters should be kept at their minimum levels. This can also be observed in 
the interaction plots shown in Fig. 10(b). Lu et al. [44] reported lower 
cylindricity error when low pressure was used. The cylindricity error 
also depends on the stroke length. 

3.3. Tool wear Qp / Material removal rate Qm 

Fig. 12 shows the response surface for the case of the tool wear (Qp), 
using the ANFIS models. 

Fig. 12 corresponds to the interaction between grain size and density. 
In order to minimize tool wear, low grain size and/or low density should 
be chosen. 

Fig. 13(a) depicts to the main effects plots and Fig. 13(b) the inter-
action plots for tool wear (Qp). 

As observed with the two previous output parameters (Ra and 
Cylindricity), to reduce tool wear all input parameters should be kept at 
their minimum levels. As can be seen in Fig. 13(a) the most influential 
parameter in order to reduce tool wear is grain size (GS) and density 
(DE), followed by linear velocity (LV), so the higher the values of these 
input parameters, the higher the tool wear. The same behavior is 
observed for the rest of the variables. Therefore, from the point of view 
of reducing tool wear, all input parameters should be kept at their 
minimum levels. This can also be seen in the interaction plots shown in 
Fig. 13(b). 

Fig. 14 shows the response surface for the case of the material 
removal rate (Qm) using the ANFIS models. 

Fig. 14(a), corresponding to the interaction between grain size and 
density, shows that, in order to obtain high material removal rate, the 
combination of high grain size and high density is expected, which is 
opposite to the recommendations to decrease cylindricity error and tool 
wear. 

Fig. 15(a) shows to the main effects plots and Figure 13(b) the 
interaction plots for material removal rate (Qm). 

As can be seen in Fig. 15(a) all input variables should be kept at their 
maximum levels, in order to obtain the highest material removal rate 
(Qm). As expected, this is opposite behavior to that observed for Ra, 

Fig. 11. (a) Main effects plot and (b) interaction effects plot for Cylindricity (µm).  
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Fig. 12. Response surface for Qp (cm3/min) versus each pair of input variables while the rest are kept at their central values, using the ANFIS developed for Qp: a) 
DE vs GS, b) PR vs GS, c) TV vs GS, d) LV vs GS, e) PR vs DE, f) TV vs DE, g) LV vs DE, h) TV vs PR, i) LV vs PR, j) LV vs TV. 
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cylindricity and tool wear. The most influential parameters on the ma-
terial removal rate are DE and GS, followed by PR, LV and TV, to a lesser 
extent. 

3.4. Multi-objective optimization 

In honing processes, usually roughness and material removal rate 
have an opposite behavior. As a general trend, in order to obtain high 
material removal rate, high grain size is employed, but this worsens 
surface finish and, in addition, increases tool wear. In this work, in a first 
optimization approach, the four responses were considered. Two kinds 
of desirability functions were employed: Luis-Pérez [38] and Derrin-
ger&Suich [39]. 

Fig. 16 shows the transformation employed in order to carry out the 
multi-objective optimization using the Luis-Pérez desirability function, 
where the codification is as follows: 1 Ra, 2 Cilindricity, 3 Qp and 4 Qm 
and “t” corresponds to the transformation employing the desirability 
function of Luis-Pérez [38]. In this case, more weighting was given to 
roughness and tool wear than to the other responses. 

Likewise, Fig. 17 shows the transformation employed in order to 
carry out the multi-objective optimization, when the Derringer&Suich 
desirability function is employed, with an r factor equal to three. Simi-
larly, the codification is as follows: 1 Ra, 2 Cilindricity, 3 Qp and 4 Qm 
and “d” corresponds to the transformation employing the desirability 
function of Derringer&Suich [39]. In this case, the same weighting value 
was used for all the responses analyzed, in order to compare the results 
obtained with both desirability functions. 

The same results were found for the two different desirability func-
tions. They are presented in Table 4. 

It should be noted that the output values correspond to those pre-
dicted by the ANFIS models. However, as can be seen, the optimum 
value found by the multi-objective optimization corresponds to an 
experimental point (run number 3). Therefore, in this case, the actual 
values of the output variables could be used, and the optimal results 
would be those shown in Table 5. 

Results obtained by both desirability functions suggest that the range 
of values of the design factors could be widened to improve the obtained 
results, so that both the tangential velocity and the grain size could be 
reduced, while density, pressure and linear velocity could be higher in 
another design of experiments in order to analyze if there is an optimum 
solution within these new range of values. 

On the other hand, multi-objective optimization could lead to 
different values that are close to the optimum and could be selected 
instead. Therefore, an increment of 0.1% in relation to the optimum 
value is selected to find the predicted values by the multi-objective 
optimization. That is, the predicted values (yj) that are within 

(optimum value ∗ (1 − 0.001) ≤ yj ≤ optimum value) are selected. These 
results are shown in Table 6 for the desirability function of Luis-Pérez 
[38] and in Table 7 for the desirability function of Derringer&Suich 
[39]. It should be mentioned that any other increment could have been 
used. 

Table 6 shows the values that satisfy that the 
optimum value ∗ (1 − 0.001) ≤ yj ≤ optimum value for the case of the 
Luis-Pérez desirability function [38] and Table 7 shows the values ob-
tained for the Derringer&Suich desirability function [39]. If the incre-
ment is enlarged, more than 0.1%, other values could be found that 
could be of technological interest, depending on the characteristics of 
the finishing process. 

As was observed in Table 4, the preferred values to simultaneously 
optimize roughness, cylindricity, tool wear and material removal rate 
are those where GS and TV are kept at their lowest levels, while the 
preferred levels for DE, PR and LV are the highest. 

Since in this work finishing honing operations are considered, in 
which low material removal rate is expected, it may be of industrial 
interest to optimize surface roughness as well as cylindricity and tool 
wear rather than material removal rate. Therefore, a similar optimiza-
tion process is carried out in a second approach. The results obtained are 
shown in Table 8 and in Table 9 for both desirability functions. It is 
worth mentioning that, depending on the transformation used, it is 
possible to obtain different values in the optimization using a desir-
ability function, which justify the difference in the values obtained when 
using the two desirability functions considered in this present study. 

In Tables 8 and 9 it can be observed that, in order to simultaneously 
minimize surface roughness, cylindricity error and tool wear, low grain 
size of 15 (ISO 6106), low pressure of 400 N/cm2 and low linear velocity 
of 20 m/min are recommended. Different density and tangential ve-
locity values should be employed depending on the desirability function 
that is employed. If the Derrigner&Suich function is selected (Table 8), 
then the combination of high density of 20 (ISO 6104) and low 
tangential velocity of 20 m/min is recommended. If the Luis-Pérez 
function is considered (Table 9), then the combination of low density of 
20 (ISO 6104) and high tangential velocity of 40 m/min is 
recommended. 

4. Conclusions 

In this work experimental finishing honing tests were carried out. 
Average roughness Ra, cylindricity Cylt, material removal rate Qm and 
tool wear Qp were measured. 

The combination of high grain size, high density, high pressure, high 
tangential speed and high linear speed is not recommended, because it 
provides high roughness, high cylindricity error and high tool wear. 

Fig. 13. (a) Main effects plot and (b) interaction effects plot for Qp (cm3/min).  
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Fig. 14. Response surface for Qm (cm/min) versus each pair of input variables while the rest are kept at their central values, using the ANFIS developed for Qm: a) 
DE vs GS, b) PR vs GS, c) TV vs GS, d) LV vs GS, e) PR vs DE, f) TV vs DE, g) LV vs DE, h) TV vs PR, i) LV vs PR, j) LV vs TV. 

I. Buj-Corral et al.                                                                                                                                                                                                                              



Tribology International 182 (2023) 108354

13

ANFIS models are presented for the studied responses. Moreover, 
two desirability functions are employed in order to perform a multi- 
objective optimization. 

From the point of view of minimizing the surface roughness, as well 
as the cylindricity and the tool wear it has been obtained that all inputs 
(GS, DE, PR, LV and TV) should be kept at their minimum levels. This is 
an opposite behavior of that for material removal rate, where all inputs 
should be at their highest values. 

When the objective is to minimize roughness, cylindricity and tool 
wear and, at the same time, increase the material removal rate, it was 
observed that grain size and tangential velocity should be at their 
minimum levels, while density, pressure and linear velocity should be at 
their maximum levels. Therefore, results obtained suggest that the range 

of values of the design factors could be widened in order to improve the 
obtained results, so that both tangential velocity and grain size could be 
reduced, while density, pressure and linear velocity could be higher, in 
order to analyze if there is an optimum solution within these new range 
of values. This could be done in a future study. 

On the other hand, when the objective is to minimize tool wear, as 
well as roughness and cylindricity, but material removal rate is not 
considered, then grain size, pressure and linear velocity should be kept 
at their minimum levels, while the recommended value for density and 
tangential velocity depend on the desirability function employed. 
However, from the results it has been observed that, if density is kept at 
its maximum level and tangential velocity at its minimum level, then 
cylindricity improves more than tool wear and, on the other hand, if 

Fig. 15. (a) Main effects plot and (b) interaction effects plot for Qm (cm/min).  

Fig. 16. Transformation of the values of the response functions obtained by using the ANFIS and the desirability function proposed by Luis-Pérez [38].  
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density is kept at its minimum level and tangential velocity at its 
maximum level, then tool wear improves more than cylindricity, 
without significant modifications of roughness in both cases. 
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Fig. 17. Transformation of the values of the response functions obtained by using the ANFIS and the desirability function proposed by Derringer&Suich [39].  

Table 4 
Results of the multi-objective optimization (values predicted by the ANFIS 
models).  

GS DE PR 
(N/ 
cm2) 

TV 
(m/ 
min) 

LV 
(m/ 
min) 

Ra 
(µm) 

Cylt 
(µm) 

Qp 
(cm3/ 
min) 

Qm 
(cm/ 
min) 

15 20 600 20 40 0.054 19.459 0.002 0.131  

Table 5 
Results of the multi-objective optimization (experimental values).  

run GS DE PR (N/cm2) TV (m/min) LV (m/min) Ra (µm) Cylt (µm) Qm (cm/min) Qp (cm3/min) 

3 15 20 600 20 40 0.05 19.46 0.002 0.131  

Table 6 
Results (yj) of the multi-objective optimization where (optimum value ∗ (1 − 0.001) ≤ yj ≤ optimum value) using the Luis-Pérez desirability function [38].  

GS DE PR (N/cm2) TV (m/min) LV (m/min) Ra (µm) Cylt (µm) Qp (cm3/min) Qm (cm/min) 

15.000  19.286  600.000  20.000  35.714  0.055  19.515  0.002  0.131 
15.000  18.571  600.000  20.000  37.143  0.055  19.518  0.002  0.131 
15.000  19.286  600.000  20.000  37.143  0.055  19.492  0.002  0.131 
15.000  20.000  600.000  20.000  37.143  0.054  19.476  0.002  0.131 
15.000  17.857  600.000  20.000  38.571  0.055  19.545  0.002  0.131 
15.000  18.571  600.000  20.000  38.571  0.055  19.504  0.002  0.131 
15.000  19.286  600.000  20.000  38.571  0.054  19.480  0.002  0.131 
15.000  20.000  600.000  20.000  38.571  0.054  19.465  0.002  0.131 
15.000  17.857  600.000  20.000  40.000  0.055  19.536  0.002  0.131 
15.000  18.571  600.000  20.000  40.000  0.055  19.497  0.002  0.131 
15.000  19.286  600.000  20.000  40.000  0.054  19.474  0.002  0.131 
15.000  20.000  600.000  20.000  40.000  0.054  19.459  0.002  0.131  
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