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APPLICATION OF TOPSIS AND PIV METHODS FOR MULTI-CRITERIA 

DECISION MAKING IN HARD TURNING PROCESS 

In this study, TOPSIS and PIV methods were applied for multi-criteria decision making in hard turning process. 

Experiments have been conducted in accordance with an experimental matrix designed by the Taguchi method 

with a total of twenty-seven experiments. At each experiment, the values of coolant concentration, nose radius, 

coolant flow, cutting velocity, feed rate and depth of cut have been changed. Surface roughness, flank wear and 

roundness error have been selected as output criteria. The weights of criteria have been determined by three 

methods, inclusive of Equal weight, ROC weight and Entropy weight. The combination of multi-criteria decision-

making methods with three weighting methods gives six ranking options of the experiments. The purpose  

of ranking the experiments is to find the experiment at which the three output parameters are ensured to have the 

minimum value simultaneously.   

1. INTRODUCTION 

Turning is the most common machining method among cutting and machining methods 

[1]. There are many criteria to evaluate turning process such as surface roughness, roundness 

error, cylindrical error, cutting force, tool wear, cutting power, etc. [2]. However, for a certain 

technology system, sometimes it is impossible to achieve the set objectives for all the criteria 

to be evaluated. In this case, consideration must be given to choosing a solution to harmonize 

the criteria simultaneously. This problem is known as multi-criteria decision-making.  

There are many multi-criteria decision-making methods such as VIKOR [3], TOPSIS 

[4], PIV [5], etc. Among the decision-making methods having been just listed, TOPSIS is one 

of the most used methods, which has been used by many scientists to solve criteria-making 

in many different fields [6]. Several studies were performed using the TOPSIS method for 

multi-criteria decision making to select the machining parameters with simultaneously 

ensuring several criteria of machining processes. A study with aim is to select the cutting 

parameters (cutting speed, feed rate, and depth of cut) to simultaneously ensure that the six 

surface roughness parameters (including Rq, Ra, Rt, Rku, Rz, and Rsm) having the smallest 
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values. In this study, the weights of the criteria were determined by the Standard deviation 

method (SDM) [7]. Selecting the cutting parameters to simultaneously ensure the minimum 

surface roughness and the maximum material removal rate (MRR), where the weights of the 

parameters have been chosen by the decision-maker [8]. Selecting the cutting parameters to 

simultaneously ensure that the two parameters of the minimum values of the surface 

roughness (Ra and Rz) and maximum value of MRR, where the weights of the criteria were 

determined by the entropy method [9]. Study [10] determined the cutting parameters to 

simultaneously ensure the minimum value of surface roughness, the minimum values of flank 

wear, and the maximum value of MRR, where the weights of the criteria were determined by 

the Analytic hierarchy process method (AHP).  

Selecting the cutting parameters to simultaneously ensure the minimum values  

of surface roughness, cutting force, flank wear, and heat of shear, and the maximum value  

of MRR, where weights of parameters were chosen by decision-makers [11]. Selecting  

the cutting parameters to simultaneously ensure the minimum values of surface roughness, 

cutting forces, flank wear, where weights of parameters were determined by decision-makers 

[12].  

Study [13] was performed to determine the cutting parameters to simultaneously ensure 

the minimum values of surface roughness, cutting forces, flank wear, and cutting temperature, 

where the weights of the criteria were determined by the AHP method. Selecting the cutting 

parameters to simultaneously ensure the minimum value of surface roughness and maximum 

value of MRR, where weights of parameters were determined by decision-makers [12].  

The decision of the cutting parameters to simultaneously ensure the minimum value of surface 

roughness and maximum value of MRR, where weights of parameters were determined by 

the Entropy method [15], and so on. From the above studies, some problems were drawn as 

follows: 

Firstly, surface roughness and flank wear are often selected as criteria for evaluation  

of turning process. This is also easily explained because surface roughness directly affects 

workability and service life of the product, and flank wear affects not only tool durability but 

also machining accuracy (especially diameter error). However, there have not been any 

published studies having selected roundness error as a criterion for evaluation of turning 

process, while it is an important parameter to evaluate the workpiece surface of round 

cylinder. This parameter has a great effect on workability of machine parts [16]. 

Secondly, cutting velocity, feed rate, and depth of cut are often selected as input 

parameters during the experiment. This is also understandable because the adjustment of these 

parameters can be done easily by machine operator. However, the parameters of cooling and 

lubrication modes have not been mentioned in the above studies, while these parameters have 

a great effect on durability of cutting tool [17].  

Thirdly, the analysed results from the above references showed that the Taguchi method 

is used to design the experimental matrix in most of the studies. This problem is also 

understandable because Taguchi is a method enabling to design a matrix with many input 

parameters, but the number of experiments is minimal (compared to other experimental 

design methods). Moreover, when designing the experimental matrix by the Taguchi method, 

it is unnecessary for the input parameter values to follow any certain rules, even the input 

parameters can be qualitative parameters [18]. 



D.D. Trung/Journal of Machine Engineering, 2021, Vol. 21, No. 4, 57–71 59 

 

 

Fourthly, many weighting methods for criteria have been. However, it must also be said 

that the determination of weights made by the decision of decision maker is an unreliable 

work, because then the weight of criteria depends heavily on the knowledge of decision 

maker. Even if the weights are determined by expert opinion, those weights depend on  

the design of questionnaire, the knowledge of expert and the number of asked experts. And 

this is a very time-consuming, even cost-intensive work [19]. 

Fifthly, in each published study, only one weighting method has been used, so the ran-

king results of options will depend heavily on the weighting method [19]. In order to ensure 

the reliability of the ranking results of options, it is necessary to rank the options in a number 

of ways, in each of which several different weighting methods should be used. Then, compare 

the raking of options by such methods, so that the ranking results of options have the neces-

sary reliability. 

The two simple weighting methods including Equal-weight method and Rank Order 

Centroid (ROC) weight method are considered to be the simplest methods, each using only 

one formula. Details on these two methods will be described in detail in the next part of this 

article. However, so far, there have been no studies applying these two methods to determine 

the weights for multi-criteria decision-making in turning process. 

Multi-criteria ranking by the PIV method was first proposed in 2018 [5]. This method 

has been applied for multi-criteria decision-making in some cases such as in the ranking and 

selection of e-learning websites [20], in the selection of materials for the manufacture  

of several automotive parts [21], in the selection of elements of freight operations between 

EU countries [22], in the selection of additives for a manufacturing process [23]. However, 

so far, there have not been any studies applying this method to make multi-criteria decision 

for turning process.   

From the detailed analysis above, on the basis of inheriting the previous studies as well 

as adding to the gap of problems that the previous studies have not carried out, both methods 

of TOPSIS and PIV for multi-criteria decision-making in turning process will be applied in 

this study. The criteria include surface roughness, flank wear and roundness error.  

The weights of criteria are determined by the three methods including Equal weight, ROC 

weight and Entropy weight. The experimental matrix has been designed by the Taguchi 

method with six input parameters including coolant concentration, nose radius, coolant flow, 

cutting velocity, feed rate and depth of cut. The purpose of this study is to simultaneously 

ensure that all the criteria are of small value. 

2. WEIGHT METHODS 

2.1. EQUAL WEIGHT METHOD 

Equal weight is a method of selecting weights for equal criteria [24]. 

𝑤𝑗 =
1

𝑛
 (1) 

In which, n is the number of criteria. 
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2.2. RANH ORDER CENTROID WEIGHT METHOD (ROC WEIGHT METHOD) 

ROC weight method is used to calculate the weight in accordance with the following 

formula [25]. 

𝑤𝑗 =
1

𝑛
∑

1

𝑘

𝑛

𝑘=𝑖

 (2) 

In which, n is the number of criteria. 

2.3. ENTROPY WEIGHT METHOD 

The determination of the weights of criteria by Entropy weight method shall be 

conducted in accordance with the following steps [26]. 

Step 1. Determine the normalized value for the criteria. 

𝑝ij =
𝑦ij

𝑚 + ∑ 𝑦ij
2

𝑚

𝑖=1

 
(3) 

Where yij is the value of criterion j corresponding to option i; m is the number of options 

(number of experiments). 

Step 2. Calculate the value of Entropy determine for each criterion. 

   j ij ij ij ij1 1 1
ln(p ) 1 ln 1

m m m

i i i
e p p p

  
            (4) 

Step 3. Calculate the weight for each criterion. 

𝑤𝑗 =
1 − 𝑒𝑗

∑ (1 − 𝑒𝑗)𝑚
𝑗=1

 (5) 

3. TWO MULTI CRITERIA DECISION MAKING METHODS 

3.1. TOPSIS METHOD 

The steps to follow the TOPSIS method are described as follows [4]. 

Step 1: Determine the conversion values in accordance with the formula. 

𝑦𝑖𝑗
′ =  

𝑦𝑖𝑗

√∑ 𝑦𝑖𝑗
2𝑛

𝑖=1

 

(6) 
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Step 2: Calculate the normalized value in accordance with the formula. 

𝑌 =  𝑤𝑗 . 𝑦𝑖𝑗
′  (7) 

In which wj is the weight of the criterion j. 

Step 3: Determine the best solution A+ and the worst solution A- for the criteria in 

accordance with the following two formulas. 

𝐴+ =  {𝑦1
+, 𝑦2

+, … , 𝑦𝑗
+, … , 𝑦𝑛

+} (8) 

𝐴− =  {𝑦1
−, 𝑦2

−, … , 𝑦𝑗
−, … , 𝑦𝑛

−} (9) 

Where 𝑦𝑗
+ and 𝑦𝑗

−are the best and the worst values of criterion j, respectively. 

Step 4: Determine the values of 𝑆𝑖
+ and 𝑆𝑖

− in accordance with the following two 

formulas. 

𝑆𝑖
+ =  √∑ (𝑦𝑖𝑗 −  𝑦𝑗

+)
2𝑛

𝑗=1             i = 1, 2, …, m (10) 

𝑆𝑖
− =  √∑ (𝑦𝑖𝑗 −  𝑦𝑗

−)
2𝑛

𝑗=1           i = 1, 2, …, m (11) 

Step 5: Determine the values of 𝐶𝑖
∗ in accordance with the formula. 

𝐶𝑖
∗ =  

𝑆𝑖
−

𝑆𝑖
++ 𝑆𝑖

−        i = 1, 2, …, m; 0 ≤ 𝐶𝑖
∗ ≤ 1 (12) 

Step 6: Rank the options based on the principle that the option with the largest 𝐶𝑖
∗ is the 

best one. 

3.2. PIV METHOD 

The steps to follow the PIV method are as follows [5]:  

Step 1, 2: Same as steps 1 & 2 of the TOPSIS method. 

Step 3: Evaluate the weighted proximity index in accordance with the following 

formula. 

𝑢𝑖 = {
𝑌max − 𝑌𝑖 for 𝐶1, 𝐶2, . . . , 𝐶𝑛 ∈ 𝐵
𝑌𝑖 − 𝑌min for 𝐶1, 𝐶2, . . . , 𝐶𝑛 ∈ 𝐶

 (13) 

Where, B represents the criterion as large as possible, and C represents the criterion as small 

as possible. 

Step 4. Determine the overall proximity value in accordance with the formula. 

1

n

i i

j

d u


  (14) 

Step 5. Rank the options based on the principle that the option with the smallest di is the best 

one. 
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4. TURNING PROCESS EXPERIMENT 

In recent years, when cutting tools with high hardness and high heat resistance are 

manufactured more and more, hard turning is a fairly popular machining method for 

processing heat-treated parts with high hardness such as bearings, pins, shafts, mounting 

surfaces with bearings, etc. Hard turning is used not only for machining new products of these 

parts but also in the process of repairing (restoring) these ones. In the past, the grinding 

method was often used to machine the surfaces with high hardness. However, the grinding 

method has the disadvantage of limited machining productivity, on the other hand, the treat-

ment of generated wastes by the grinding method is often quite expensive. Application of the 

hard turning method in this case not only overcomes the above limitations of the grinding 

method, but the surface roughness when turning hard is also equivalent, even smaller than 

that one by grinding method [27]. Besides, the residual stress on the surface layer of the part 

after turning is the compressive residual stress, which is especially better than that one by 

grinding, because when grinding, the residual stress on the surface layer is usually tensile 

residual stress [28]. 

In this study, the hard turning process of 9XC steel was conducted. This is a low alloy 

steel, but this steel has high hardness, while retaining good toughness, and being less defor-

med during heat treatment, thanks to the silicon and chromium content. This type of steel is 

often used to manufacture parts such as drill bits, reamers, forging dies, gears, and threading 

toolds. The steel stample has a diameter of 30 mm and a length of 280 mm. The preparation 

of the experimental workpieces was carried out in a sequence of steps including rough turning, 

center hole drilling, and heat treatment to reach a hardness of 610.5 HRC). 

A CNC lather of DOOSAN (Korea) has been used to conduct the experiments.  

The Taguchi method has been used to design the experimental matrix with six parameters 

having been selected as input parameters for each experiment including coolant 

concentration, nose radius, coolant flow, cutting velocity, feed rate and depth of cut. Each 

parameter has been selected with three values corresponding to three encoding levels 1, 2 and 

3. The type of cooling oil used in this study is the N60 industrial oil made in Vietnam.  

The flow rate and concentration of this oil have been selected in accordance with the instruct-

tions of manufacturer [29].  

The used insert is the TiN coated type, with the three different radius values of 0.3 mm, 

0.5 mm and 0.8 mm respectively. This type of insert is very suitable for machining steels with 

high hardness and high heat resistance [30]. Each insert has been only used for a signle 

experiment. The values of cutting parameters have been selected based on reference to several 

documents when using TiN coated cutting piece [31, 32]. The values of input parameters 

corresponding to the three encoding levels are shown in Table 1. Twenty-seven experiments 

of the experimental matrix are shown in Table 2.   

Surface roughness has been measured by SJ-201 machine (Mitutoyo -Japan), measuring 

head has a radius of 0.005 mm, the accuracy of this measurement is 0.001 m. The standard 

length of the measurement has been set to 0.8 (mm). The surface roughness (Ra) value at each 

experiment is the average value of at least three consecutive measurements. Flank wear 

(VVBmax) has been measured using a VHX-600 digital microscope. The tool wear that was 
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measured in each cutter insert was the largest value. Roundness error (RE) has been measured 

with a Crysta-Plus M544 contact type 3D coordinate measuring device. The roundness error 

at each experiment has been also calculated as the average value of three measurements on 

each sample at the three different cross sections of the workpiece. All workpieces and insert 

have been washed with alcohol and left to dry before taking measurements. 

Table 1. Values of input parameters at levels 

Parameter Symbol Unit 
Value at level 

1 2 3 

Coolant concentration Cc % 0 5 10 

Nose radius r mm 0.3 0.5 0.8 

Coolant flow Cf l/min 0 8 16 

Cutting speed vc m/min 80 120 160 

Feed rate fd mm/rev 0.09 0.13 0.17 

Depth of cut ap mm 0.25 0.4 0.55 

Table 2. Experimental matrix and responses 

Trial. 

Code value Real value Response 

Cc r C vc fd ap 
Cc 

(%) 

r 

(mm) 

Cf 

(l/min) 

vc 

(m/min) 

fd
 

(mm/rev) 

ap 

(mm) 

Ra 

(m) 

VVBmax 

(m) 

RE 

(m) 

1 1 1 1 1 1 1 0 0.3 0 80 0.09 0.25 0.338 2.131 1.250 

2 1 1 1 1 2 2 0 0.3 0 80 0.13 0.4 1.072 2.513 2.889 

3 1 1 1 1 3 3 0 0.3 0 80 0.17 0.55 1.805 2.898 5.194 

4 1 2 2 2 1 1 0 0.5 8 120 0.09 0.25 0.207 1.734 1.875 

5 1 2 2 2 2 2 0 0.5 8 120 0.13 0.4 0.627 2.113 4.333 

6 1 2 2 2 3 3 0 0.5 8 120 0.17 0.55 1.360 2.495 6.222 

7 1 3 3 3 1 1 0 0.8 16 160 0.09 0.25 0.552 1.332 2.500 

8 1 3 3 3 2 2 0 0.8 16 160 0.13 0.4 0.182 1.712 5.778 

9 1 3 3 3 3 3 0 0.8 16 160 0.17 0.55 0.915 2.094 7.106 

10 2 1 2 3 1 2 5 0.3 8 160 0.09 0.4 0.457 1.863 4.000 

11 2 1 2 3 2 3 5 0.3 8 160 0.13 0.55 1.190 2.241 6.378 

12 2 1 2 3 3 1 5 0.3 8 160 0.17 0.25 1.523 2.385 4.722 

13 2 2 3 1 1 2 5 0.5 16 80 0.09 0.4 0.318 0.718 2.000 

14 2 2 3 1 2 3 5 0.5 16 80 0.13 0.55 0.405 1.093 3.972 

15 2 2 3 1 3 1 5 0.5 16 80 0.17 0.25 0.738 1.234 2.361 

16 2 3 1 2 1 2 5 0.8 0 120 0.09 0.4 0.438 1.811 3.000 

17 2 3 1 2 2 3 5 0.8 0 120 0.13 0.55 0.385 2.193 5.958 

18 2 3 1 2 3 1 5 0.8 0 120 0.17 0.25 0.718 2.333 3.542 

19 3 1 3 2 1 3 10 0.3 16 120 0.09 0.55 0.235 0.845 4.125 

20 3 1 3 2 2 1 10 0.3 16 120 0.13 0.25 0.568 0.987 2.708 

21 3 1 3 2 3 2 10 0.3 16 120 0.17 0.4 1.302 1.362 5.667 

22 3 2 1 3 1 3 10 0.5 0 160 0.09 0.55 0.215 1.945 5.500 

23 3 2 1 3 2 1 10 0.5 0 160 0.13 0.25 0.548 1.082 3.611 

24 3 2 1 3 3 2 10 0.5 0 160 0.17 0.4 1.282 2.462 8.211 

25 3 3 2 1 1 3 10 0.8 8 80 0.09 0.55 0.570 0.793 2.750 

26 3 3 2 1 2 1 10 0.8 8 80 0.13 0.25 0.236 0.934 1.806 

27 3 3 2 1 3 2 10 0.8 8 80 0.17 0.4 0.497 1.315 3.778 
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5. RESULTS AND DISCUSSION 

The results of measuring output parameters (Ra, VVBmax and RE) have been also included 

in Table 2. Minitab 16 statistical software has been used to analyze the experimental results. 

In accordance with the documents [33], the significance level should be chosen as 0.05. From 

there, we get the Pareto chart of the effect of input parameters on output parameters in Figure 

1. The red line is the limiting line of the chart, the grey rectangles represent input parameters. 

The rectangle exceeding the red line corresponds to the input parameter having a significant 

effect on output parameters [33]. Accordingly, we have the following observations: 

 Among the six input parameters, only feed rate and nose radius have a significant 

effect on surface roughness (Figure 1a), in which the effect of feed rate on surface 

roughness is greater than that of nose radius. This result is also consistent with many 

confirmed theretical studies, i.e. surface roughness can be calculated through two 

parameters of feed rate and depth of cut such as 𝑅𝑎 = 1000 × 0.0321 𝑓𝑑
2 𝑟⁄  [34]. In 

this formula, the feed rate is much larger than the nose radius, so it is understandable 

that the effect of feed rate on surface roughness is greater than that of depth of cut. 

  
a) for surface roughness b) for flank wear 

 
c) for roundness error 

Fig 1. Effects Parato for responses 

 All six input parameters have a significant effect on flank wear (figure 1b). This is 

explained by the fact that when changing the concentration and flow of the coolant, 

it will lead to a change in the heat transfer to the cutting tool, which in turn affects 

the flank wear [35]. Changing the cutting parameters will change both the machining 

time as well as the material removal rate, which in turn affects the degree of tool wear 

[36]. Figure 1b also shows the effect of parameters on tool wear increasing gradually 
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in the order of depth of cut, nose radius, cutting velocity, feed rate, coolant 

concentration, and coolant flow is the parameter having the greatest effect on tool 

wear.  

 Depth of cut is the parameter having the strongest effect on roundness error, followed 

by the effect of cutting velocity. The effect of feed rate on roundness error is at  

the third position, while the remaining three parameters have a negligible effect on 

roundness error (Figure 1c). Depth of cut is the factor directly affecting the compo-

nent of radial foce acting on the workpiece, while cutting velocity and feed rate are 

the factors affecting the acting duration of this force component impacting on the 

workpiece surface [37]. This is the reason why these three cutting parameters 

significantly affect roundness error. 

Thus, we see that the effect of input variables on output parameters is not the same, for 

example, depth of cut is the parameter having the greatest effect on roundness error. It is also 

the parameter significantly affecting tool wear, but it is the parameter negligibly affecting 

surface roughness. In another case, the concentration and flow of coolant have a significant 

effect on tool wear, but they have a negligible effect on surface roughness and roundness 

error. Nose radius has a negligible effect on roundness error but has a significant effect on 

surface roughness and tool wear, etc. From these observations, it can be seen that the values 

of input parameters will not be determined to ensure the minimum value of all three output 

parameters if only observing the charts in Figs. 1a to 1c. In accordance with the data in Table 

2, the surface roughness is the smallest in the experiment #8, the tool wear is the smallest in 

the experiment #13, and the roundness error is the smallest in the experiment #1. This also 

clearly shows that it is impossible to exist an experiment (out of twenty-seven conducted 

experiments) where all three output parameters are ensured to be minimum. What we can do 

is to find an experiment where all three parameters are considred “minimum”, which will be 

considered the best. And obviously, it is also impossible to find that best experiment through 

observing the data in Table 2 or the chart (Fig. 1), but we have to make the multi-criteria 

decision based on determining the weights for criteria as well as using tools to make the multi-

criteria decision, these tools must be based on solid foundations of mathematics. 

6. MULTI CRITERIA DECISION MAKING IN TURNING IN TURNING PROCESS 

6.1. DETERMINATION OF THE WEIGHTS FOR THE CRITERIA 

In this part, the weights of surface roughness, flank wear and roundness error will be 

determined by three different methods. Using the formula (1) to calculate the weights for  

the criteria by the Equal weight method with the weights for the criteria of Ra, VVBmax and RE 

being all equal to 0.3333. Using the formula (2) to calculate the weights for the criteria by  

the ROC weight with the weights for the criteria of Ra, VVBmax and RE being equal to 0.6111, 

0.2778 and 0.1111, respectively. 

In order to calculate the weight of criteria by the Entropy weight method, we follow  

the following steps: 



66 D.D. Trung/Journal of Machine Engineering, 2021, Vol. 21, No. 4, 57–71 

 

 

– Determine the value of pij in accordance with the formula (3).  

– Applying the formula (4) to calculate the ej values for the criteria of Ra, VVBmax and 

RE being 1.9574, 1.9493 and 1.1210, respectively. 

– Applying the formula (5) to calculate the ej values for the criteria of Ra, VVBmax and 

RE being 0.4277, 0.4682 and 0.0597, respectively. 

Thus, the weights of the criteria determined by the three methods above are summarized 

in Table 3. 

Table 3. Weight of criteria 

Method 
Weight of criteria 

Ra VVBmax RE 

Equal weight 0.3333 0.3333 0.3333 

ROC weight 0.6111 0.2778 0.1111 

Entropy weight 0.4277 0.4682 0.0597 

6.2. MAKING THE MULTI CRITERIA DECISION USING THE TOPSIS METHOD 

Applying the formula (6) to calculate the y’ij values for each criterion in each 

experiment.  

Applying the formula (7) to calculate the Yij normalized values. This work has been 

performed three times for three sets of values of the weights having been calculated by the 

three methods.  

Applying the formulas (8) and (9), determine the A+ and A- for each criterion. The results 

are shown in Table 4. 

Applying the formulas (10) and (11) to determine the Si
+ and Si

- values for each criterion 

in each experiment. This work has been also performed three times corresponding to the three 

sets of weights of the criteria. 

Applying the formula (12) to determine the Ci
*

 value for the criteria at each experiment.  

Table 4. A+ and A– values of each criterion  

 Criterion 

 Ra VVBmax RE 

A+ 0.1820 0.7180 1.2500 

A- 1.8050 2.8980 8.2110 

6.3. MAKING THE MULTI CRITERIA DECISION USING PIV METHOD 

The results have been obtained according to the method PIV with y’i and normalised Yij 

values calculated similarly to the TOPSIS method. 

Applying the formula (13) to calculate the ui values for the criteria at each experiment. 

This work has been also performed three times corresponding to the three sets of weights  

of the criteria.  
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Applying the formula (14) to determine the di value for the criteria at each experiment. 

This work has been also performed three times corresponding to the three sets of weights  

of the criteria. The ranking of options has also been carried out.  

Thus, the ranking of options has been completed. For the convenience of comparison 

between methods, the summarization has been carried out and shown in Table 5. 

For convenience of observation process, we briefly call the combination of multi-criteria 

decision-making method with weighting method in the following form: For example, when 

using a multi-criteria decision-making method as TOPSIS, with the weights calculated by  

the Equal weight method, we refer to as TOPSIS-Equal method. Similarly, we have the me-

thods of TOPSIS-Entropy, PIV-Equal, PIV-ROC, and PIV-Entropy. 

Table 5. Ranking of options by methods 

 Ranking of options by methods 

Trial. 
TOPSIS method PIV method 

Equal weight ROC weight Entropy weight Equal weight ROC weight Entropy weight 

1 22 17 13 7 8 14 

2 13 8 6 20 21 22 

3 5 5 1 27 27 27 

4 23 21 17 3 4 6 

5 11 10 10 17 18 18 

6 3 2 3 25 25 25 

7 20 20 19 8 13 11 

8 9 12 14 14 5 8 

9 2 3 7 22 20 20 

10 14 14 12 15 15 16 

11 4 4 4 23 23 23 

12 7 7 5 24 26 26 

13 27 27 27 2 2 1 

14 17 18 22 9 6 4 

15 21 22 20 11 17 15 

16 16 15 15 13 14 13 

17 6 6 9 19 16 17 

18 12 9 8 18 19 19 

19 19 23 24 4 3 3 

20 24 24 23 6 10 7 

21 10 13 16 21 22 21 

22 8 11 11 16 7 12 

23 18 19 21 10 11 9 

24 1 1 2 26 24 24 

25 25 25 25 5 9 5 

26 26 26 26 1 1 2 

27 15 16 18 12 12 10 

From the ranking results of options by the six methods as shown in Table 5, we have 

comments:  

– The TOPSIS-Entropy method shows that experiment #3 is the best one. Meanwhile, 

the methods of PIV-Equal, PIV-ROC, and PIV-Entropy show that experiment #3 is 
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the worst one. This makes us review the data in Table 2. In experiment #3, Ra = 1.805 

m, VVBmax = 2.898 m, and RE = 5.194 m. We see that all three of these values 

are relatively large compared with the values of corresponding parameters in other 

experiments. Just comparing experiment #3 with its two neighbors, experiment #2 

and experiment #4, it also shows that experiment #3 is worse than both of these 

experiments. Specifically, in experiment #2, Ra = 1.072 m, VVBmax = 2.513 m, and 

RE = 2.889 m. So obviously experiment #3 is worse than experiment #2. For 

experiment #4, Ra = 0.207 m, VVBmax = 1.734 m, RE = 1.875 m. Thus, 

experiment #3 is also worse than experiment #2. Since then, it shows that the TOPSIS-

Entropy method have not identified the best experiment among the twenty-seven 

conducted experiments. 

– The two methods of TOPSIS-Equal and TOPSIS-ROC show that experiment #24 is 

the best one, while PIV-Equal method shows that experiment #24 ranks twenty-sixth, 

and the two methods of PIV-ROC and PIV-Entropy show that experiment #24 ranks 

twenty-fourth. This problem also requires us to review the data in Table 2. In 

experiment #24, Ra = 1.282 m, VVBmax = 2.462 m, RE = 8.211 m. When 

comparing these values with the values of corresponding parameters in experiment 

#23 and experiment #25, it shows that experiment #24 is worse than experiment #23 

and experiment #25. Since then, it shows that the two methods of TOPSIS-Equal and 

TOPSIS-ROC have also failed to identify the best experiment among the twenty-

seven conducted experiments. 

– The two methods of PIV-Equal and PIV-ROC show that experiment #26 is the best 

one, while PIV-Entropy shows that experiment #26 ranks at the second position. PIV-

Entropy shows that experiment #13 is the best one, while the two methods of PIV-

Equal and PIV-ROC show that experiment #13 ranks at the second position. Thus, 

we see that among these three methods (PIV-Equal, PIV-ROC, and PIV-Entropy), 

there is an interchange in terms of first position and second position in the ranking of 

experiments. The interchange of first and second order of experiments makes us 

difficult to determine which experiment is the best one. In experiment #13, Ra = 0.318 

m, VVBmax = 0.718 m, RE = 2.000 m, and in experiment #26, Ra = 0.236 m, VB 

= 0.934 m, RE = 1.806 m. Thus, Ra and RE in experiment #13 are 34.74% and 

10.74% higher than the values of the parameters in experiment #26, respectively. 

However, VVBmax in experiment #26 is about 30.08% higher than that in experiment 

#13. This also makes us difficult to decide which experiment is better between 

experiment #13 and experiment #26. In fact, Ra, VVBmax and RE values in experiment 

#13 and experiment #26 are not much different. Since then, in the opinion of the 

authors of this article, experiment #13 and experiment #26 are similar. Thence, it can 

be said that both of these experiements are considered as “the best”. The data in Table 

2 also show that there is no better experiment than these two. In this study, the 

TOPSIS method did not determine the best solution because, main weak points in 

TOPSIS method are ranked based on the closeness coefficient values that solves the 

multi-response problem by establishing the Euclidean distance function which 

measures the distance from the ideal solution and also methodology fails to relate the 

machining characteristics [38]. 
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Thus, in order to simultaneously ensure the minimum values of all three parameters  

(Ra, VVBmax and RE), we can choose experiment #13 or experiment #26. Correspondingly, we 

can choose two sets of values of input parameters: Cc = 5%, r = 0.5 mm, Cf = 16 l/min,  

Vc = 80 m/min, fd = 0.09 mm/rev, ap = 0.4 mm, or Cc = 10%, r = 0.8 mm, Cf = 8 l/min,  

Vc = 80 m/min, fd = 0.13 mm/rev, ap = 0.24 mm. 

7. CONCLUSION 

The experimental process of hard turning 9XC steel has been carried out in this study. 

The experimental matrix has been designed by the Taguchi method with a total of twenty-

seven experiments. Six selected parameters are variations in each experiment including 

coolant concentration, nose radius, coolant flow, cutting velocity, feed rate and depth of cut. 

Surface roughness, tool wear and roundness error have been selected as output parameters. 

The three methods of Equal weight, ROC weight and Entropy weight have been used to 

determine the weights for criteria. The two multi-criteria decision-making methods  

of TOPSIS and PIV have been used. A number of conclusions are drawn as follows: 

1. Feed rate is the parameter having the greatest effect on surface roughness, followed 

by the effect of nose radius, while the remaining four input parameters have a negligible effect 

on surface roughness.  

2. All six input parameters significantly affect tool wear, in which coolant flow is  

the parameter having the strongest effect on tool wear, followed by the effect of coolant 

concentration, feed rate, cutting velocity, nose radius and finally depth of cut. 

3. All three cutting parameters have a significant effect on roundness error, in which 

depth of cut is the parameter having the strongest effect on roundness error, followed by  

the effect of cutting velocity and feed rate. The remaining three input parameters have  

a negligible effect on roundness error.  

4. In all three cases using three different weighting methods, if using the TOPSIS 

method, it is impossible to determine the best experiment among the twenty-seven conducted 

experiments. 

5. Comparison between PIV and TOPSIS shows the advantage of PIV over TOPSIS 

method in optimizing the output responses in the present experimental environment. 

6. In order to simultaneously ensure the small values of surface roughness, tool wear 

and roundness error, two sets of input parameters can be used as follows: Cc = 5%,  

r = 0.5 mm, Cf = 16 l/min, Vc = 80 m/min, fd = 0.09 mm/rev, ap = 0.4 mm, or Cc = 10%,  

r = 0.8 mm, Cf = 8 l/min, Vc = 80 m/min, fd = 0.13 mm/rev, ap = 0.24 mm. 

REFERENCES 

[1] TRUNG D.D., NGUYEN N.–T., DUC D.V., 2021, Study on Multi-Objective Optimization of the Turning Process 

of EN 10503 Steel by Combination of Teguchi Method and Moora Technique, EUREKA, Physics and Engineering, 

2021/2, 52–65. 

[2] DENKENA B., BERGMANN B., HANDRUP M., WITT M., 2020, Material Identification During Turning by 

Neural Network, Journal of Machine Engineering, 20/2, 65–76. 

http://jmacheng.not.pl/Material-identification-during-turning-by-neural-network,119677,0,2.html
http://jmacheng.not.pl/Material-identification-during-turning-by-neural-network,119677,0,2.html


70 D.D. Trung/Journal of Machine Engineering, 2021, Vol. 21, No. 4, 57–71 

 

 

[3] OPRICOVIC S., TZENG G.–H., 2004, Compromise Solution by MCDM Methods: A Comparative Analysis 

of VIKOR and TOPSIS, European Journal of Operational Research, 156/2, 445–455. 

[4] HWANG C.–L., LAI Y.–J., LIU T.-Y., 1993, A New Approach for Multiple Objective Decision Making, Computers 

& Operations Research, 20/8, 889–899. 

[5] MUFAZZAL S., MUZAKKIR S.M., 2018, A New Multi-Criterion Decision Making (MCDM) Method Based on 

Proximity Indexed Value for Minimizing Rank Reversals, Computers & Industrial Engineering, 1–38. 

[6] YAKUP C., FATIH T., 2020, An in-Depth Review of Theory of The TOPSIS Method: An Experimental Analysis, 

Journal of Management Analytics, 7/2, 1–21. 

[7] SINGH A., DATTA S., MAHAPATRA S.S., 2011, Application of TOPSIS in the Taguchi Method for Optimal 

Machining Parameter Selection, Journal for Manufacturing Science & Production, 11, 49-60. 

[8] PARIDA A.K., ROUTARA B.C., 2014, Multiresponse Optimization of Process Parameters in Turning of GFRP 

Using TOPSIS Method, International Scholarly Research Notices, 2014, 1–10. 

[9] RAO C.M., RAO K.J., RAO K.L., 2016, Multi-Objective Optimization of MRR, Ra and Rz Using Topsis, 

International Journal of Engineering Sciences & Research Technology, 5/9, 376–384. 

[10] PRAKASH D.B., KRISHNAIAH G., SHANKAR N.V.S., 2016, Optimization of Process Parameters Udding AHP 

and TOPSIS when Turning 1040 Steel with Coated Tools, International Journal of Mechanical Engineering and 

Technology, 7/6, 483–492. 

[11] MAITY K., KHAN A., 2017, Application of MCDM-Based TOPSIS Method for the Selection of Optimal Process 

Parameter in Turning of Pure Titanium, Benchmarking: An International Journal, 24/7, 2009–2021. 

[12] KHAN A., MAITY K., 2019, Application Potential Of Combined Fuzzy-TOPSIS Approach in Minimization 

of Surface Roughness, Cutting Force and Tool Wear During Machining of CP-Ti Grade II, Soft Computing, 23, 

6667–6678. 

[13] SINGH R., DUREJA J.S., DOGRA M., RANDHAWA J.S., 2019, Optimization of Machining Parameters Under 

MQL Turning of Ti-6Al-4V Alloy with Textured Tool Using Multi-Attribute Decision-Making Methods, World 

Journal of Engineering, 6/5, 648–659. 

[14] MANE S.S., MULLA A.M., 2020, Relevant Optimization Method Selection in Turning of AISI D2 STEEL Steel 

Using Cryogenic Cooling, International Journal of Creative Research Thoughts, 8/10, 803–812. 

[15] RAO S.R., JEELANI S.A.K., SWAMULU V., 2021, Multi-Objective Optimization Using TOPSIS in Turning of Al 

6351 Alloy, IOP Conf. Series, Materials Science and Engineering, 1112/012010, 1–10. 

[16] DICH T.V., BINH N.T., DAT N.T., TIEP N.V., VIET T.X., 2003, Manufacturing Technology, Science and Technics 

Publishing House, Hanoi. 

[17] TANABE I., YAMAGAMI Y., HOSHINO H., 2020, Development of a New High-Pressure Cooling System for 

Machining of Difficult-to-Machine Materials, Journal of Machine Engineering, 20/1, 82–97. 

[18] PHADKE M.S., 1989, Quality Engineering Using Robust Design, Printice Hall. 

[19] ROSZKOWSKA E., 2013, Rank Ordering Criteria Weighting Methods – A Comparative Overview, Journal 

Dedicated to the Needs of Science and Practice, 5/65, 1–168. 

[20] KHAN N.Z., ANSARI T.S.A., SIDDIQUEE A.N., KHAN Z.A., 2019, Selection of E Learning Websites Using 

a Novel Proximity Indexed Value (PIV) MCDM Method, Journal of Computers in Education, 6, 241–256. 

[21] WAKEEL S., BINGOL S., BASIR M.N., AHMAD S., 2020, Selection of Sustainable Material for the Manufac-

turing of Complex Automotive Products Using a New Hybrid Goal Programming Model For Best Worst Method–

Proximity Indexed Value Method, Proceedings of the Institution of Mechanical Engineers, Part L: Journal of Ma-

terials: Design and Applications, 235/2, 1-15. 

[22] ULUTAS A., KARAKOY C., 2019, An Analysis of the Logistics Performance Index of EU Countries with an 

Integrated MCDM Model, Economics and Business Review, 5/4, 49–69. 

[23] RAIGAR J., SHARMA V.S., SRIVASTAVA S., CHAND R., SINGH J.,  2020, A Decision Support System for the 

Selection of an Additive Manufacturing Process Using a New Hybrid MCDM Technique, Sadhana, 45/101, 1–14. 

[24] DAWES R.M., COORIGAN B., 1974, Linear Models in Decision Malking, Psychological Bulletin, 81/2, 95–106. 

[25] EINHORN H.J., MCCOACH W., 1997, A Symble Multiattribute Utility Procedure for Evaluation, Behavioral 

Scicence, 22/4, 270–282. 

[26] YUXIN Z., DAZUO T., FENG Y., 2020, Effectiveness of Entropy Weight Method in Decision-Making, 

Mathematical Problems in Engineering, 2020, 1–5. 

[27] KLOCKE F., BRINKSMEIER E., WEINERT K., 2005, Capability Profile of Hard Cutting and Grinding Processes, 

CIRP Annals – Manufacturing Technology, 54/2, 22–45. 

[28] KO T.J., KIM H.S., 2001, Surface Integrity and Machineability in Intermittent Hard Turning, The International 

Journal of Advanced Manufacturing Technology, 18, 168–175. 

[29] https://tanphuhieu.com/dau-cat-got/. 

[30] UYEN V.T.N., SON N.H., 2020, Improving Accuracy of Surface Roughness Model While Turning 9XC Steel Using 

a Titanium Nitride-Coated Cutting Tool with Johnson and Box-Cox Transformation, AIMS Mat. Scien., 8/1, 1–17. 



D.D. Trung/Journal of Machine Engineering, 2021, Vol. 21, No. 4, 57–71 71 

 

 

[31] RPADEEP A.V., SURYAM L.V., PRASAS S.V.S., VAHINI K., 2018, Experimental Investigation and Comparison 

of Flank Wear and Surface Roughness in Turning of AISI 4340 Steel Using Ceramic Coated and Uncoated Carbide 

Inserts, International Journal of Mechanical and Production Engineering Research and Development, 8/5, 337–346. 

[32] GUPTA D.V.K., SHARMA V.S., DOGRA M., 2010, Wear Mechanisms of Tin-Coated CBN Tool During Finish 

Hard Turning of Hot Tool Die Steel, Proceedings of the Institution of Mechanical Engineers, Part B: Journal 

of Engineering Manufacture, 224/4, 553–566. 

[33] TRUNG D.D., 2021, Influence of Cutting Parameters on Surface Roughness in Grinding of 65G Steel, Tribology in 

Industry, 43/1, 167–176. 

[34] GROOVER M.P., 1996, Fundamentals of Modern Manufacturing, Prentice Hall, Upper Saddle River, NJ. 

[35] SILVA R.B.D., MACHADO A.R., EZUGWU E.O., BONNEY J., SALES W.F., 2013, Tool Life and Wear 

Mechanisms in High Speed Machining of Ti–6Al–4V Alloy with PCD Tools Under Various Coolant Pressures, 

Journal of Materials Processing Technology, 213/8, 1459–1464. 

[36] GONZALEZ L.W.H., AHMED Y.S., RODRIGUEZ R.P., RODLEDO P.D.C.Z., MATA M.P.G., 2018, Selection 

of Machining Parameters Using a Correlative Study of Cutting Tool Wear in High-Speed Turning of AISI 1045 

Steel, Journal of Manufacturing and Materials Processing, 2/66, 1–14. 

[37] XU W., WU Y., SATO T., LIN W., 2010, Effects of Process Parameters on Workpiece Roundness in Tangential-

Feed Centerless Grinding Using A Surface Grinder, Journal of Materials Processing Technology, 210/5, 759–766. 

[38] MAJUMDER H., SAHA A., 2018, Application of MCDM Based Hybrid Optimization Tool During Turning 

of ASTM A588, Decision Science Letters, 7, 143–156. 

 


