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Abstract 

The article presents minimum quantity lubrication (MQL) machining of Ti-6Al-4V in a 

collective framework of multiple objectives - quality (surface roughness), 

environmental friendliness (specific cutting energy, tool wear, and oil consumption), 

and production (material removal rate and tool wear). In one of the first of its kind, the 

proposed approach uses cutting fluid parameters (oil quantity in the oil+air mixture, air 

pressure, and proportion of oil at the rake and flank face) along with machining 

parameters in multi-objective meta-heuristic optimization. The investigation reveals 

that the three objectives are distinct functions of process inputs. Thus, focus on one of 

the objectives - quality, production, and environmental aspects - hampers the others. A 

reasonable balance between the three aspects can be achieved through simultaneous 

optimization. Precise control over cutting fluid parameters, especially the oil proportion 

at rake and flank face, is a major factor that helps in improving environmental 
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friendliness and productivity. The findings of the investigation will be useful for 

preparing a guideline for simultaneous selection of machining and cutting fluid 

parameters for economic and environmental viable manufacture of quality products.    

 

Keywords: Minimum quantity lubrication; Metaheuristic optimization; Quality; 

Environmental friendly machining; Sustainable manufacturing  

 

1 Introduction 

Minimum quantity lubrication (MQL) has evolved as an alternative to wet machining in 

many tool and workpiece combination scenarios. Lower consumption of cutting fluid s 

results in reduced occupational health hazards on the shop floor, without compromising 

the machined surface quality (Ghosh and Rao, 2015). This has made MQL an 

environmentally friendly machining process (Sharma et al., 2015a). With the constantly 

increasing demands of difficult-to-machine materials, such as titanium and nickel-based 

alloys, further improvements in this technique are required. When machining titanium 

alloys, heat is accumulated at the tool-workpiece interface because of lower thermal 

conductivity. Conventionally, machining of these alloys is done using a large amount of 

coolant. To successfully introduce MQL for the machining of titanium alloys, its 

effectiveness must be understood (Debnath at al., 2014). Several ambiguities in the MQL 

technique still exist, which limit its widespread use in industrial scenarios. For example, 

in a single-point metal cutting operation, as shown in Fig. 1, since the rake and flank 

faces of the tool, are most affected by heat, distributing the cutting fluid in proportion to 

heating at these two locations might be more beneficial compared to an individual 

supply at these two locations in equal proportion. 
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Fig. 1: Schematic representation of single point metal cutting operation with 

multiple nozzle (A = Nozzle at the rake face; B = Nozzle at the flank face)  

 

Vazquez et al. (2015) have demonstrated the effectiveness of MQL in reducing 

tool wear and burr formation while micro milling Ti-6Al-4V alloy. These authors also 

found that the surface finish could be improved by adjusting the spraying direction of 

the MQL fluid, as well as reducing tool wear compared to conventional coolant 

application and dry machining. Compared to conventional flood coolant supply, 

localized cooling using a through-tool coolant supply has been reported more efficient 

in reducing the surface roughness. Specifically, focused cutting fluid can result in the 

more optimal usage of the cutting fluid; however, the location of the supply and the 

amount of oil in the aerosol are additional parameters that need to be controlled in 

MQL. 

Recently, investigators have attempted to quantify the effects of operating 

parameters on the efficacy of the MQL process through process modeling and 

optimization. To obtain lower surface roughness, Simunovic et al. (2015) used the 

response surface method to optimize the machining parameters of speed, feed, and 

depth of cut, as well as different cooling and lubricating conditions for a face -milling 

process. Shokoohi et al. (2015) investigated the effectiveness of wet, dry, and minimum 

quantity cooling and lubrication machining on workpieces that were either pre-cooled 

or not. The power consumption and surface roughness were analyzed through 

regression models. Jiang et al. (2015) developed an optimization model to reduce the 

cutting fluid consumption and process cost for a turning operation. The machining 

parameters (speed, feed, and depth of cut) were considered as process variables. 

Process cost was defined in terms of product operation cost and cutting tool cost, while 

the cutting fluid consumption was defined in terms of reusable cutting fluid and non-

reusable cutting fluid. The multi-objective optimization model developed from this 

work was effective in reducing the consumption of cutting fluid by 17%. Pusavec et al. 

(2014) developed predictive models for surface roughness, cutting force , and tool wear, 

where cutting speed, feed rate, depth of cut, and different cooling and lubrication 

conditions were used as input variables. Coolant was mainly focused on the rake and 
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flank face of the tool, either individually or in combination. When the MQL aerosol was 

supplied at the rake and flank face simultaneously, favorable surface integrity 

characteristics were achieved with lower power consumption. In a subsequent study 

(Pusavec et al., 2015), the developed models were further used to optimize pr ocess 

parameters for better tool life, surface quality, and lower power consumption. Davoodi 

and Tazehkandi (2014) developed a regression model to show the effect of cutting 

speed and undeformed chip thickness on cutting force, feed force, and tool tip 

temperature. These authors found that the lowest undeformed chip thickness, when 

accompanied by the highest cutting speed, could result in lower cutting forces and tool 

tip temperature for dry machining condition; the performance was comparable to that 

of conventional wet machining. Liu et al. (2013) used a coupled response surface design 

to analyze the effect of cutting speed, feed rate, and depth of cut on the cutting force and 

surface roughness under dry, wet, and MQL conditions. The effect of feed rate was  more 

prominent on the surface roughness and cutting force, followed by cutting speed and 

depth of cut. MQL showed better performance compared to dry and wet machining. 

Saini et al. (2014) optimized the effect of cutting speed, feed rate, and approach angle on 

main cutting force and tool tip temperature under dry and MQL conditions. Zhang et al. 

(2015) optimized speed, feed, depth of cut, and lubrication conditions for 

environmentally friendly machining austenitic stainless steel with high efficiency and 

less energy consumption. Chirita et al. (2015) statistically analyzed the effect of MQL, 

compressed air cooling, and dry cutting on surface quality generated while milling 

magnesium alloy.  

From the analysis of literature, it is observed that process modelling and 

optimization investigations regarding MQL have been conducted with a limited number 

of machining process parameters, with primary focus on the surface finish of the 

machined sample (e.g., Gaitonde et al. 2008; Jiang et al., 2010; Fratila and Caizar, 2011; 

Rabiei et al., 2015; Liu et al. 2013; Kuram et al., 2013; Sarıkaya and Güllü, 2014; Davoodi 

and Tazehkandi 2014; Dureja et al., 2015; Sarıkaya and Güllü, 2015). Other objectives, 

such as specific cutting energy (Gaitonde et al. 2008, Liu et al. 2013, Kuram et al., 2013), 

flank wear (Dureja et al., 2015), cutting forces (Nam et al., 2015, Davoodi and 

Tazehkandi 2014), material removal rate (Nam et al., 2015), and power consumption 
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(Kuram et al., 2013), are rarely optimized. Few investigations have attempted to 

optimize MQL process for the productivity and cutting fluid consumption (Jiang et al., 

2015, Pusavec et al., 2015). However, an environmentally friendly machining process 

should have lower energy consumption, lower material usage, and cutting fluid 

consumption. On the other hand, from the industrial point of view, a profitable 

production process should maximize the production rate (maximizing the material 

removal rate and simultaneously minimizing the tool wear, because tool wear leads to 

change in tool geometry that causes a delay in production).  With new developments in 

MQL process, such as controlled supply of cutting fluid at localized places (e.g., rake and 

flank) (Banerjee and Sharma, 2015); MQL parameters, such as fluid supply rate, as well 

as its pressure and distribution at rake and flank faces, should be included in the 

process model, together with machining parameters (e.g., cutting speed, tool feed rate, 

and depth of cut). Moreover, process models for responses of various types, which 

represent quality, production rate, and environmentally friendliness, need to be 

developed. 

The broader objective of this investigation is to present the underlying dynamics 

of MQL from quality, production rate, and environmentally friendliness perspectives, 

given the latest developments in the process. The investigation seeks to develop a new 

process model for responses such as surface roughness, specific cutting energy, oil 

consumption rate, tool wear, and material removal rate, as functions of MQL 

parameters, in addition to conventionally investigated machining parameters. 

Consequently, through selection and aggregation of appropriate process models, the 

article develops assessment approaches of the MQL process focused on quality, 

production or environmental friendliness. The aim is to evaluate the inherent system 

trade-offs that occur when the process is optimized from the individual perspectives of 

quality, production or environmentally friendliness and, thus, offer a guideline for  

parameter selection for better utilization of the process capability.  

 The following section presents a mathematical formulation of the problem 

under consideration. A detailed experimental investigation is presented next wherein 

machining parameters (i.e., cutting speed, depth of cut, and tool feed rate) along with 

MQL parameters (i.e., the proportion of oil at rake and flank face, amount of oil rate and 
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pressure of aerosol) are varied following a design of experiments. The process 

outcomes, namely, surface roughness, cutting force (used for computing specific cutting 

energy), material removal rate, tool wear rate, and oil consumption rate, are recorded 

for machining of Ti-6Al-4V as a candidate material. Subsequently, development of 

process models and multi-objective optimization are presented, followed by a 

discussion on the results and conclusions. 

 

2 Mathematical formulation 

The MQL optimization problem under consideration is a multi-input multi-output 

(MIMO) system where there are n input variables (x) that affect the process responses. 

The quality objective y can be defined as follows: 

𝒚𝒋  = 𝒇𝒋(𝒙𝒊)                      𝒊 = 𝟏,… , 𝒏  𝒂𝒏𝒅  𝒋 =  𝟏,… . ,𝒎    (1) 

The MIMO system can be converted in to a multi-input single-output (MISO) system 

through aggregation of different responses that leads to 

𝒀 = 𝑨(𝒚𝒋) = 𝒈(𝒙𝒊)         (2) 

where Y is an aggregate objective, A is an aggregation function that eventually be 

expressed as g, a function of input xi.  The aggregate function, known as an aggregate 

index, developed by Swamee and Tyagi (2000) and subsequently used by Sharma et al. 

(2015 b, c) in the optimization of manufacturing problems, is used in the present 

investigation.  The aggregate index is given as follows: 

𝒀 = (𝟏 − 𝒎+ ∑ 𝒔
𝒋

−
𝟏

𝜷𝒎
𝒋=𝟏 )

−𝜷

                 (3) 

 

where ‘β’ is a positive constant. At β = 0.4, the aggregation most satisfactorily overcomes 

the problem of ‘ambiguity’ and ‘eclipsing’. sj are sub-indices that are responses 

normalized between 0 and 1. If the response is expected to be ‘higher-the-better', the 

sub-index is given as follows: 

𝒔𝒋 =
𝒚𝒋− 𝒚𝒋

𝒎𝒊𝒏

𝒚𝒋
𝒎𝒂𝒙−𝒚𝒋

𝒎𝒊𝒏                  (4) 
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where yjmax and yjmin represent the maximum and minimum value of yj over the total 

domain of process parameters, respectively. For the ‘lower -the-better’ type of 

responses, the sub-index is given as: 

𝒔𝒋 = 𝟏 −
𝒚𝒋− 𝒚𝒋

𝒎𝒊𝒏

𝒚𝒋
𝒎𝒂𝒙−𝒚𝒋

𝒎𝒊𝒏            (5) 

In case of a constrained optimization, wherein an output feature is expected to 

be good in a lower to upper range between yjL and yjU, respectively, the sub-index can be 

defined as: 

 𝒔𝒋 = {
𝟏 −

𝒚𝒋− 𝒚𝒋
𝑳

𝒚𝒋
𝑼−𝒚𝒋

𝑳 , 𝒚𝒋
𝑳 ≤ 𝒚𝒋 ≤ 𝒚𝒋

𝑼

𝟎, 𝒆𝒍𝒔𝒆

         (6) 

The responses are clubbed as per optimization aspect (quality, production, and 

environmental), as shown in Table 1.  A given aspect, while optimized, includes multi-

responses, marked as () (e.g., while optimizing the process from an environmental 

aspect, specific cutting energy, oil consumption rate, and tool wear rate are 

simultaneously minimized). Similarly, when the process is optimized from a production 

aspect, tool wear is minimized, and material removal rate is maximized. In addition to 

the three aspects, another aspect termed as ‘all-inclusive’ is considered, in which all the 

responses are optimized. This aspect tests the trade-offs that the system offers when the 

optimization exercise intends to achieve all of the responses simultaneously.      

 

Table 1: Process Reponses and optimization aspects 

j Response Aspects 
  Quality Environment Production  All-inclusive 
1 Surface roughness (Ra)     

2 Specific cutting energy (S)     

3 Oil consumption rate (Os)     

4 Tool wear (Tw)     

5 Material removal rate (M)     

 

The five responses are surface roughness (Ra), specific cutting energy (S), oil 

consumption rate (Os), tool wear (Tw), and material removal rate (M), and these are 

aggregated for optimization of quality, environmental, production, and all-inclusive 

aspects (Table 1). The material removal rate is the higher-the-better type and follows 

Eq. 4 for sub-index formation. The surface roughness is the better-in-a-range type and 
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sub-indexed using Eq. 6. The remaining three responses are the lower-the-better type 

and thus follow Eq. 5 for sub-indexing.  

  The definition of objective functions for the four aspects are given below:  

𝒎𝒂𝒙       𝒀𝑸𝒖𝒂𝒍𝒊𝒕𝒚 = (𝟏 − 𝟏 +∑ 𝒔
𝒋

−
𝟏

𝜷𝟏
𝒋=𝟏 )

−𝜷

= 𝒔𝟏                (7) 

𝒎𝒂𝒙       𝒀𝑬𝒏𝒗𝒊𝒐𝒓𝒏𝒎𝒆𝒏𝒕𝒂𝒍 = (𝟏 − 𝟑 + ∑ 𝒔
𝒋

−
𝟏

𝜷𝟒
𝒋=𝟐 )

−𝜷

= (−𝟐 + ∑ 𝒔
𝒋

−
𝟏

𝜷𝟒
𝒋=𝟐 )

−𝜷

  (8) 

𝒎𝒂𝒙       𝒀𝑷𝒓𝒐𝒅𝒖𝒄𝒕𝒊𝒐𝒏 = (𝟏 − 𝟐 +∑ 𝒔
𝒋

−
𝟏

𝜷𝟓
𝒋=𝟑 )

−𝜷

= (−𝟏 +∑ 𝒔
𝒋

−
𝟏

𝜷𝟓
𝒋=𝟑 )

−𝜷

  (9) 

𝒎𝒂𝒙       𝒀𝑨𝒍𝒍−𝒊𝒏𝒄𝒍𝒖𝒔𝒊𝒗𝒆 = (𝟏 − 𝟓 + ∑ 𝒔
𝒋

−
𝟏

𝜷𝟓
𝒋=𝟏 )

−𝜷

= (−𝟒 + ∑ 𝒔
𝒋

−
𝟏

𝜷𝟓
𝒋=𝟏 )

−𝜷

  (10)  

subject to 

{
 
 

 
 

𝒙𝒊
𝒎𝒊𝒏 ≤ 𝒙𝒊 ≤ 𝒙𝒊

𝒎𝒂𝒙

 𝑺, 𝑶𝒔 ,𝑻,𝑴 ≥  𝟎

𝑹𝒂 ≥  𝟎.𝟎𝟑𝟐𝟏
𝒇𝒎𝒊𝒏

𝟐

𝒓
(𝐨𝐧𝐞 𝐬𝐢𝐝𝐞 𝐜𝐨𝐧𝐬𝐭𝐫𝐚𝐢𝐧𝐞𝐝 𝐫𝐨𝐮𝐠𝐡𝐧𝐞𝐬𝐬 𝐟𝐨𝐫 𝐫𝐨𝐮𝐠𝐡 𝐜𝐮𝐭)

𝟎.𝟎𝟑𝟐𝟏
𝒇𝟐

𝒓
≤ 𝑹𝒂 ≤ 𝟐𝝁𝒎 (𝐛𝐨𝐭𝐡 𝐬𝐢𝐝𝐞 𝐜𝐨𝐧𝐬𝐭𝐫𝐚𝐢𝐧𝐞𝐝 𝐫𝐨𝐮𝐠𝐡𝐧𝐞𝐬𝐬 𝐟𝐨𝐫 𝐟𝐢𝐧𝐢𝐬𝐡 𝐜𝐮𝐭)

  

where fmin is the minimum tool feed rate, and r is the tool edge radius.  

Two types of constraints on surface roughness are evaluated. The rough cuts are 

constrained from only one side by setting the lower limit as idle surface roughness (i.e.,  

𝑹𝒂 = 𝟎.𝟎𝟑𝟐𝟏
𝒇𝒎𝒊𝒏

𝟐

𝒓
) but the finish cut is also constrained by an upper limit specified in 

the product specifications (e.g., 2 μm). The sub-indices (sj) are functions of the product 

model yi. The product models are obtained by a stepwise regression analysis. In this 

method, the regression starts with an empty model (i.e., no term) and the covariate (e.g., 

single, quadratic, interaction) is chosen that has the smallest p-value when it is the only 

covariate in the regression model. The p-value of each term tests the null hypothesis 

that the coefficient of the covariate is equal to zero. A low p-value signifies that the null 

hypothesis is rejected (the covariate is significant). In order to calculate the p-value, the 

F-statistic is calculated, that is, the square of the t-statistic of the estimated coefficient of 

the covariate is compared with the tabulated F-statistic for the same degrees of freedom 

(Sharma et al., 2009). In the next steps, covariates are added and removed. At every 
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step, the F-statistic of each covariate is cheeked. The covariate is removed if its F -

statistic is less than the user defined "F-to-remove" statistic, and a new covariate is 

added if its F-statistic is highest among the available covariates and more than the user 

defined "F-to-enter" statistic. When no covariate is left to enter, and all covariates clear 

the "F-to-enter" statistic limit, the iteration is stopped, and a final model is obtained. For 

optimization of objective functions (Eqs. 7–11), the genetic algorithm is used. The 

genetic algorithm is an evolutionary technique of optimization that is inspired by 

biological evolution (i.e., natural selection). Like biological evaluation, a group of 

feasible solutions (population), each represented by a string of numbers 

(chromosomes), produces new solutions (offspring) through some perturbations. A 

random change in string (mutation in chromosomes) leads to a new solution with 

improved objective function (characteristics). The algorithm is applied for predefined 

number of iterations (generations) or allowed to converge if further improvement in 

the objective function is less than the desired.  The genetic algorithm parameters are set 

using a mutation rate of 0.075, a population size of 100, and a convergence of 10 -8.  

 

3 Experimental Plan 

Experiments were conducted on cylindrical bars of the Ti-6Al-4V alloy. Each bar was 

initially machined from its raw form to a diameter of 28.5 mm. The material and process 

details are given in Table 2. Experiments were conducted on a high precision lathe 

(NH22, HMT). A Dropsa MQL system was used that can digitally control the flow rate by 

changing stroke frequency. Two independently controlled MQL systems were used to 

supply the aerosol at the rake and the flank face of the tool. Each MQL system consists of 

an oil tank, reciprocating pneumatic-controlled piston pump, air pressure regulator, and 

electronic controller. The stroke volume of the pump could be adjusted manually, by 

which the quantity of oil injected per stroke of the pump in the supply line can be 

controlled. Air pressure in the supply line could be regulated through an air pressure 

regulator. An electronic controller was used to control the stroke frequency of the 

pneumatic pump (i.e., the number of strokes per second the pneumatic pump would 

operate). The oil from the pneumatic pump is mixed with the pressurized air and then 

supplied at the rake and the flank face of the tool. The MQL parameters used for 
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investigation were air pressure, stroke volume, stroke frequency, and oil distribution 

factor (Qd). Qd varies between 0 and 1 and refers to the proportion of oil supplied at the 

rake and flank face. For total oil consumption rate Os, the rake and flank faces are 

supplied with Qd* Os and (1-Qd)* Os amounts of oil, respectively. In extreme cases, Qd = 0 

represents that no oil is supplied at rake face (i.e., all oil is supplied at flank face), and Qd 

= 1 represents that oil is only supplied at rake face. The machining parameters used 

were cutting speed, feed rate, and depth of cut. In total, seven input parameters were 

considered for investigation. The output parameters considered for investigation were 

specific cutting energy, surface roughness, material removal rate, and oil consumption 

rate. An L50 orthogonal array was used to conduct the experiments, as shown in Table 

3.  

 

Table 2: Material and process details 

Machine tool High precision Lathe NH22 

Work specimen Ti-6Al-4V alloy 
Material 
dimension 

28.5mm diameter and 110mm length 

Tool holder PSSNR 2525 M12 
Cutting tool insert S-grade, TS2500 

Cutting fluid LRT 30 (Drops mfd. MQL fluid) 
 Level -2 -1 0 1 2 
Machining 
parameters 
 

Depth of cut (mm) 0.5 1 1.5 2 2.5 
Cutting speed (m/min) 49.21 63.98 75.17 83.72 127.97 

Feed (mm/rev) 0.04 0.14 0.28 0.4 0.56 
MQL parameters 
and supply 
 

Pressure (bar) 3.5 4.5 5.5 6.5 7.5 
Stroke volume (cm3) 0.01 0.015 0.02 0.025 0.03 

Stroke frequency (Hz) 1 2 3 4 5 
Oil distribution factor (Qd) 0 0.25 0.5 0.75 1 

 

Table 3:  L50 experimental design 

S. No. Depth 
of cut 
(mm) 

Speed 
(m/min) 

Feed 
(mm/rev) 

Pressure 
(bar) 

Stroke 
Volume 
(cc) 

Stroke 
frequency 
(Hz) 

Oil 
distribution 
factor (Qd) 

1 0.5 49.21 0.04 3.5 0.010 1 0.00 
2 0.5 63.98 0.14 4.5 0.015 2 0.25 
3 0.5 75.17 0.28 5.5 0.020 3 0.50 

4 0.5 83.72 0.40 6.5 0.025 4 0.75 
5 0.5 127.97 0.56 7.5 0.030 5 1.00 
6 1.0 49.21 0.14 5.5 0.025 5 0.00 

7 1.0 63.98 0.28 6.5 0.030 1 0.25 
8 1.0 75.17 0.40 7.5 0.010 2 0.50 
9 1.0 83.72 0.56 3.5 0.015 3 0.75 
10 1.0 127.97 0.04 4.5 0.020 4 1.00 
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11 1.5 49.21 0.28 7.5 0.015 4 0.75 
12 1.5 63.98 0.40 3.5 0.020 5 1.00 
13 1.5 75.17 0.56 4.5 0.025 1 0.00 

14 1.5 83.72 0.04 5.5 0.030 2 0.25 
15 1.5 127.97 0.14 6.5 0.010 3 0.50 
16 2.0 49.21 0.40 4.5 0.030 3 1.00 
17 2.0 63.98 0.56 5.5 0.010 4 0.00 

18 2.0 75.17 0.04 6.5 0.015 5 0.25 
19 2.0 83.72 0.14 7.5 0.02 1 0.50 
20 2.0 127.97 0.28 3.5 0.025 2 0.75 

21 2.5 49.21 0.56 6.5 0.020 2 0.75 
22 2.5 63.98 0.04 7.5 0.025 3 1.00 
23 2.5 75.17 0.14 3.5 0.030 4 0.00 

24 2.5 83.72 0.28 4.5 0.010 5 0.25 
25 2.5 127.97 0.40 5.5 0.015 1 0.50 
26 0.5 49.21 0.04 6.5 0.030 4 0.50 
27 0.5 63.98 0.14 7.5 0.010 5 0.75 

28 0.5 75.17 0.28 3.5 0.015 1 1.00 
29 0.5 83.72 0.40 4.5 0.020 2 0.00 
30 0.5 127.97 0.56 5.5 0.025 3 0.25 

31 1.0 49.21 0.14 3.5 0.020 3 0.25 
32 1.0 63.98 0.28 4.5 0.025 4 0.50 
33 1.0 75.17 0.40 5.5 0.030 5 0.75 

34 1.0 83.72 0.56 6.5 0.010 1 1.00 
35 1.0 127.97 0.04 7.5 0.015 2 0.00 
36 1.5 49.21 0.28 5.5 0.010 2 1.00 
37 1.5 49.21 0.28 5.5 0.010 2 1.00 

38 1.5 75.17 0.56 7.5 0.020 4 0.25 
39 1.5 83.72 0.04 3.5 0.025 5 0.50 
40 1.5 127.97 0.14 4.5 0.030 1 0.75 

41 2.0 49.21 0.40 7.5 0.025 1 0.25 
42 2.0 63.98 0.56 3.5 0.030 2 0.50 
43 2.0 75.17 0.04 4.5 0.010 3 0.75 

44 2.0 83.72 0.14 5.5 0.015 4 1.00 
45 2.0 127.97 0.28 6.5 0.020 5 0.00 
46 2.5 49.21 0.56 4.5 0.015 5 0.50 
47 2.5 63.98 0.04 5.5 0.020 1 0.75 

48 2.5 75.17 0.14 6.5 0.025 2 1.00 
49 2.5 83.72 0.28 7.5 0.030 3 0.00 
50 2.5 127.97 0.40 3.5 0.010 4 0.25 

 

The single-point cutting tool was mounted on the piezo-electric based 

dynamometer to measure the cutting forces that were used to calculate the specific 

cutting energy. The following relations were used to calculate the specific cutting 

energy, material removal rate, and oil consumption rate: 

𝒔𝒑𝒆𝒄𝒊𝒇𝒊𝒄 𝒄𝒖𝒕𝒕𝒊𝒏𝒈 𝒆𝒏𝒆𝒓𝒈𝒚 =
𝒄𝒖𝒕𝒕𝒊𝒏𝒈 𝒇𝒐𝒓𝒄𝒆

𝒇𝒆𝒆𝒅 ×𝒅𝒆𝒑𝒕𝒉 𝒐𝒇 𝒄𝒖𝒕
                   (11) 

𝑴𝒂𝒕𝒆𝒓𝒊𝒂𝒍 𝒓𝒆𝒎𝒐𝒗𝒂𝒍 𝒓𝒂𝒕𝒆 = 𝒇𝒆𝒆𝒅 × 𝒅𝒆𝒑𝒕𝒉 𝒐𝒇 𝒄𝒖𝒕× 𝒄𝒖𝒕𝒕𝒊𝒏𝒈 𝒔𝒑𝒆𝒆𝒅  (12) 

𝑶𝒊𝒍 𝒄𝒐𝒏𝒔𝒖𝒎𝒑𝒕𝒊𝒐𝒏 𝒓𝒂𝒕𝒆 = 𝑺𝒕𝒓𝒐𝒌𝒆 𝒇𝒓𝒆𝒒𝒖𝒆𝒏𝒄𝒚× 𝒔𝒕𝒓𝒐𝒌𝒆 𝒗𝒐𝒍𝒖𝒎𝒆  (13) 
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Surface roughness was measured using the MarSurf XT20 surface roughness 

tester. The tool wear (VBmax) was measured on the flank face. Each experiment was 

repeated three times, and the average values of the output responses were used for 

further investigation. Figure 2 (a, b, c) shows the typical results for the cutting force, 

surface roughness, and tool wear. 

  

 
(a) Cutting force  

 
(b) Surface roughness  

 
(c) Tool wear  

Fig. 2 Typical experimental results (sample no. 18)  

 

0.71 mm 
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4 Results and Discussion 

4.1 Parametric effect  

The output results obtained from the L50 experiments are shown in Fig. 3. There exists 

an interrelation between process responses. The relationship between the material 

removal rate and specific cutting energy follows the expected trend; that an increase in 

specific cutting energy leads to a reduction in material removal rate (Fig. 3a). The 

slower removal rate represents smaller particle size or a thinner chip, which increases 

the surface area generated during machining, which in turn increases the surface 

energy. However, a smaller volume of removal generates a finer surface. Thus, a smaller 

value of surface roughness is associated with larger specific cutting energy (Fig. 3b).  

The higher specific cutting energy (vis-à-vis, a slower removal rate) was associated with 

lesser tool wear (Fig. 3c). Figure 3(d) shows that the surface roughness can be reduced 

when the material removal rate is kept minimal.  

  
(a) (b) 

  
(c) (d) 

 

Fig. 3:  Graphical representation of experimental results 

ACCEPTED MANUSCRIPT



AC
C

EP
TE

D
 M

AN
U

SC
R

IP
T

 

 

*Corresponding Author  

 
 

In industrial scenarios, when a higher production rate is needed, the material 

removal rate must be increased. Hence, a trade-off between surface roughness, tool 

wear, and material removal rate must be considered. On close examination of Fig. 3(d), 

there are two regimes, termed as general and optimal. In the optimal regime, a 

considerably lower surface roughness can be achieved, even at higher material removal 

rates. This suggests that the different oil application methods, which are achieved by 

changing the MQL parameters, can significantly influence the outcome of a turning 

process. This creates a need for systematically optimizing the process parameters to 

achieve the desired output. The process responses are associated with individual sets of 

process inputs that need not be the same. The regression models described below 

depict this dissimilarity. 

 

4.2 Regression model 

The regression models were obtained using a stepwise regression method, wherein 

insignificant covariates (parameters or their interactions) are eliminated. The 

regression models of surface roughness, cutting force, and tool wear are given in Eqs. 

14–16, respectively. Fitting a model with a cutting force (Fz) and using Eq. 11 to 

compute the specific cutting energy gives a better fit compared to converting Fz to a 

specific cutting energy and then fitting a model to the specific cutting energy.  

 

𝑹𝒂 (µ𝒎) = 𝟎. 𝟐𝟓𝟑× 𝑷 +𝟏𝟎𝟖× 𝑽 + 𝟎.𝟑𝟎𝟓 × 𝑭− 𝟑.𝟖𝟒 × 𝑸𝒅 −𝟎. 𝟔𝟏𝟒× 𝒅𝟐 +

𝟎. 𝟎𝟎𝟎𝟑𝟒𝟐× 𝑪𝟐 +𝟐𝟒.𝟓𝟏 × 𝒇𝟐 −𝟎. 𝟎𝟗𝟔𝟖× 𝑷𝟐 +𝟑𝟔𝟗𝟐× 𝑽𝟐 + 𝟎.𝟐𝟔𝟕𝟑× 𝒅 × 𝑷 −

𝟎. 𝟎𝟔𝟑𝟖× 𝑪 × 𝒇− 𝟐. 𝟐𝟒𝟐× 𝑪× 𝑽 + 𝟎.𝟎𝟑𝟏𝟏× 𝑪 × 𝑸𝒅 +𝟎. 𝟖𝟕𝟎× 𝒇 × 𝑷+ 𝟎.𝟎𝟖𝟕𝟕×

𝒇 × 𝑭+ 𝟎.𝟑𝟐𝟓 × 𝑷× 𝑸𝒅 − 𝟐𝟖.𝟒 × 𝑽 × 𝑭      (14)                                                                         

 

𝑭𝒛 (𝑵) = 𝟏𝟒.𝟎𝟖 × 𝒅𝟐 + 𝟑𝟗𝟔.𝟔 × 𝒅× 𝒇 + 𝟐𝟐𝟔𝟓× 𝒅 × 𝑽   (15) 

 

𝑽𝑩𝒎𝒂𝒙 (𝒎𝒎) = 𝟎. 𝟎𝟖𝟖𝟓𝟖× 𝒅 + 𝟎.𝟎𝟔𝟒𝟑× 𝑸𝒅− 𝟎.𝟎𝟐𝟏𝟏𝟑× 𝒅𝟐 + 𝟎.𝟏𝟗𝟔𝟕× 𝒇𝟐 −

𝟎. 𝟎𝟎𝟓𝟓𝟓× 𝒅 × 𝑭 +𝟎. 𝟎𝟎𝟎𝟒𝟗𝟎 × 𝑪× 𝒇 −𝟎. 𝟎𝟎𝟔𝟕𝟓× 𝑪 × 𝑭− 𝟎.𝟎𝟗𝟎𝟗× 𝒇 × 𝑸𝒅 +

𝟎. 𝟎𝟎𝟏𝟐𝟐𝟓× 𝑷 × 𝑭 −𝟎. 𝟎𝟏𝟎𝟔𝟕× 𝑷 × 𝑸𝒅        (16)                
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where d is the depth of cut (mm), C is cutting speed (m/min), f is feed (mm/rev), P is 

pressure (bar), V is stroke volume (cc), F is stroke frequency (Hz), and Qd is the oil 

distribution factor. Figure 4 shows that the predicted values are in good agreement with 

the experimental results. The models were validated using experimental data that are 

different from that used to develop the models. The coefficients of determination (R2) of 

the regressions (Eqs. 14–16) are 0.98, 0.94, and 0.98, respectively, which demonstrate 

good fits. Not all the covariates appearing in the three regression models are identical. 

Different responses are affected by different sets of parameters, which leads to complex 

multivariable relations that affect the optimization objectives that are functions of one 

or more process outcomes. The complexity in relations reflects on the optimization 

outcome, as discussed next. 

  
(a) Surface roughness (b)Cutting force 

 

 

(c) Tool wear  
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Fig. 4: Comparison of actual and predicted data 

 

4.3 Process optimization 

The results of the various process optimizations are shown in Fig. 5a and b for one-side-

constrained and both-sides-constrained roughness, respectively. The value of sub-index 

between 0 and 1 shows the worst and best possible situations for an individual 

response, respectively.  

 

(a) One side constrained roughness for rough cut      (𝑅𝑎 ≥  0.0321
𝑓𝑚𝑖𝑛

2

𝑟
) 

0.000

0.200

0.400

0.600

0.800

1.000
Surface roughness

Specific cutting energy

Tool wearOil consumption rate

Material removal rate

Quality Environmental Production rate All-inclusive

Note: 0 and 1 on sub-

index scale show worst 
and best possible situation 
for an individual feature, 

respectively.
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(b) Both side constrained roughness       ( 0.0321
𝑓𝑚𝑖𝑛

2

𝑟
≤ 𝑅𝑎 ≤ 2𝜇𝑚 ) 

Fig. 5: Optimization results 

 

Figure 5a shows that optimization with an objective of maximizing quality results in a 

surface roughness sub-index close to 1 (i.e., minimum surface roughness). This happens 

at the cost of the material removal rate, which is severely affected, along with moderate 

tool wear, oil consumption rate, and specific cutting energy. The values for the different 

process outcomes are shown in Table 4. However, the tool wear, oil consumption rate, 

and specific cutting energy are near optimal when the objective of optimization is 

environmental. However, this happens at the cost of the material removal rate and 

surface roughness that have sub-indices that are close to zero. With production rate as 

an objective, oil and specific energy are consumed more, and the surface produce is 

relatively rough, as indicated by their close to zero sub-indices. If all the objectives are 

simultaneously optimized, a balanced solution can be achieved, wherein moderate 

surface finish and material removal rate can be obtained with less consumption of tool, 

oil, and energy. Further pushing optimization towards the product specification by 

constraining surface roughness to a maximum of 2 μm leads to a bettering of the surface 

roughness with only a small reduction in the material removal rate and increase in tool 

0.000

0.200

0.400

0.600

0.800

1.000
Surface roughness

Specific cutting energy

Tool wearOil consumption rate

Material removal rate

Quality Environmental Production rate All-inclusive

Note: 0 and 1 on sub-

index scale show worst 
and best possible situation 
for an individual feature, 

respectively.
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wear (Fig. 5b); however, oil and energy consumption can be kept minimal, as shown in 

Table 4. It is important to note that the oil consumption rate in the all-inclusive 

optimization is like the minimum obtained during environmental optimization. The 

production rate obtained with the all-inclusive optimization is second-best, below that 

obtained when solely production is considered. In this way, all-inclusive optimization is 

an acceptable solution, wherein a balance of several objectives can be achieved.  

 

Table 4: Optimum results 

Response 
Individual 
minimum 

Individual 
maximum 

Optimization objectives 
Quality Environmental Production rate All-inclusive  

One side constrained roughness for rough cut      (𝑹𝒂 ≥  𝟎. 𝟎𝟑𝟐𝟏
𝒇𝒎𝒊𝒏

𝟐

𝒓
) 

Surface roughness 
(Ra) 

0.06 14.17 0.06 1.16 9.52 5.92 

Specific cutting 
energy (S) 

4.50X102 2.98X103 1.69X103 5.17X102 5.89X102 6.66X102 

Tool wear (T) 0.00 0.18 0.07 0.02 0.07 0.06 
Oil consumption rate 
(Os) 

0.01 0.15 0.07 0.01 0.15 0.03 

Material removal 
rate (M) 

9.84X102 1.81X105 2.19X103 6.06X103 1.71X105 1.11X105 

Both side constrained roughness       ( 𝟎. 𝟎𝟑𝟐𝟏
𝒇𝒎𝒊𝒏

𝟐

𝒓
≤ 𝑹𝒂 ≤ 𝟐𝝁𝒎 ) 

Surface roughness 
(Ra) in  

0.06 14.17 0.06 1.16 2.00 2.00 

Specific cutting 
energy (S) 

4.50X102 2.98X103 1.70X103 5.17X102 6.83X102 8.22X102 

Tool wear (T) 0.00 0.18 0.07 0.02 0.06 0.08 
Oil consumption rate 
(Oc) 

0.01 0.15 0.07 0.01 0.15 0.03 

Material removal 
rate (M) 

9.84X102 1.81X105 2.19X103 6.06X103 1.15X105 7.14X104 

 

4.4 Parameter selection strategies  

The findings presented here provide important insights into parameter selection for the 

MQL machining, particularly the introduction of an oil distribution factor.  For better 

quality (i.e., surface roughness), the oil should be distributed between the rake and 

flank faces such that between 15–20% is supplied at the rake face (i.e., Qd = 0.16). When 

cutting speed and feed rates are kept low, such judicious use of oil provides a good 

surface finish (Table 5). From an environmental perspective, it would be more 

beneficial if oil is supplied totally at the rake face (Qd = 1), where the maximum heat is 

generated. This prevents overconsumption of energy in cutting, with the minimum 
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possible consumption of oil. However, from environmental perspectives, the cutting 

speed and depth of cut need to be kept at a minimum (Table 5). This severely hampers 

the production rate. The production rate, without any constraint on surface roughness, 

can be maximized by pushing the cutting speed, feed rate, and depth of cut to their 

maximum, and supplying oil at the rake face (Qd = 1). However, when the production 

rate is constrained by the maximum surface roughness, the feed rate needs to be kept 

moderate, and oil should be supplied at low pressure with Qd = 0.05 (i.e., 95% of oil at 

the flank face, thus reducing tool wear so that the production rate is not affected by 

delay due to tool change). It should also be noted that the maximum production rate 

comes at a cost of high oil consumption rate. 

For the all-inclusive aspect, the objective can be best achieved when the cutting 

speed and depth of cut are at their maximum, and the feed rate and oil consumption 

rate are controlled. Higher cutting speeds and depths of cut help to produce a higher 

production rate and controlling the feed rate helps to attain a good surface finish. 

Controlling the oil consumption rate is required from an environmental perspective. 

The oil can be supplied entirely to the rake face (Qd=1) if there is no constraint on the 

maximum surface roughness; however, if the maximum surface roughness is limited, 

the feed rate needs to be further reduced, and more oil should be supplied at the flank 

face (Qd = 0.12, i.e. 88 % at the flank face). Hence, in short, it can be seen that the 

multiple nozzle position is useful when quality is considered and also for the cases of 

production rate and all-inclusive under constrained surface roughness conditions.  

 

Table 5: Optimized process parameters 

 

Speed 
(m/min) 

Feed 
(mm/rev) 

Depth of 
cut (mm) 

Pressure 
(bar) 

Stroke 
Volume 

(cc) 

Stroke 
frequency 

(Hz) 

Oil 
distribution 
factor (Qd) 

 
One side constrained roughness for rough cut      (𝑹𝒂 ≥  𝟎.𝟎𝟑𝟐𝟏

𝒇𝒎𝒊𝒏
𝟐

𝒓
) 

Quality 61.12 0.04 0.90 6.45 0.02 4.00 0.16 
Environmental 49.21 0.25 0.50 7.50 0.01 1.00 1.00 
Production rate 127.97 0.54 2.50 7.50 0.03 5.00 1.00 
All-inclusive  127.97 0.35 2.50 7.50 0.03 1.00 1.00 

  
Both side constrained roughness       ( 𝟎.𝟎𝟑𝟐𝟏

𝒇𝒎𝒊𝒏
𝟐

𝒓
≤ 𝑹𝒂 ≤ 𝟐𝝁𝒎 ) 

Quality 61.13 0.04 0.90 6.45 0.02 4.00 0.16 
Environmental 49.21 0.25 0.50 7.50 0.01 1.00 1.00 
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Production rate 127.97 0.36 2.50 3.50 0.03 5.00 0.05 
All-inclusive  127.97 0.22 2.50 7.50 0.03 1.00 0.12 

 

The Table 5 elucidate the role played by the multiple jets. The jet at the flank face is 

essential to have desired finish as it can be seen from the results of the rough cut (Qd 

=0.16) . Without the need of surface finish, the total oil can be supplied from the jet at 

the rack face [Qd=1 (entire oil supplied on rack face) when purely environmental and 

production rate are considered]. When quality is desired, which is an essential part of a 

finish cut (i.e., roughness constrained from both sides) both the jets are required as oil 

supplied at flank face ensures the surface roughness.  

The results of the optimization exercise give insight into MQL machining from different 

perspectives that might be useful on the shop floor. It is important to note that no such 

comprehensive investigation of MQL has been previously reported. The results of this 

investigation will help to develop a better understanding of the role of oil distribution at 

the flank and rake face, which is important in the successful process design for MQL 

machining of a variety of materials. Moreover, the introduction of an oil distribution 

factor adds a predictor to the process model, which helps to capture process response 

with greater accuracy and, thereby, improves the possibility of attaining optimal 

conditions with different sets of objective and constraints.  

 

4.5 Enhancement in sustainability 

An appropriate use of modelling and optimization helps quantify and thereby enhance 

sustainability. An analysis of the amount of oil consumed per unit material removal, - 

calculated for various objectives from the data given in Table 3 - gives a conclusive 

evidence of improvement in sustainability.  In both the cases of rough and finish cut, 

minimum oil per unit material removal is obtained with the parameters obtained by all-

inclusive optimization, i.e., all-inclusive optimization for rough cut leads to a reduction 

in oil consumption by 6 and 3 times when compared with purely environmental or 

production rate, respectively. The same reduction in finish cut is 4 and 3 times, 

respectively. Purely environmental aspect in optimization though minimizes the 

absolute consumption of the oil, but so obtained parameters more severely reduce the 

material removal rate that leads to increase in use of oil per unit materials processed.  
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The results of the investigation present a way to improve the sustainability of the 

machining process, wherein, a judicious distribution of oil at the rake and flank face 

reduces the unnecessary wastage of oil by systematically channelizing only the required 

quantity at the proper location depending on the final objective.   

 

5. Conclusions 

MQL machining is collectively optimized for quality, production, and environmental 

perspectives. An experimental study of the effect of machining and MQL parameters was 

made to understand the effects on surface roughness, specific cutting energy, tool wear, oil 

consumption rate, and material removal rate. A new parameter – an oil distribution factor that 

quantifies the proportion of oil at the rake and flank face – was introduced during the 

optimization. The effects were quantified by developing process models. The following are 

the major conclusions that are drawn from the present work: 

1. The MQL is a multi-parameter operation that needs precise control over the oil 

consumption rate parameters, such as oil quantity and air pressure in an aerosol. 

Attention must be given to oil quantities at the rake and flank face. This investigation 

introduces quantitative assessment of the effect of the proportion of oil at the rake 

and the flank face on surface roughness, specific cutting energy, and tool wear.  

2. The process outcomes are distinct functions of process inputs; surface roughness 

and tool wear are affected by all the input process parameters, while the specific 

cutting energy is a function of mainly feed, depth of cut, and oil consumption rate. 

3. A good surface finish can be obtained by supplying a large amount of oil at the flank 

face at low cutting speed and feed rate, and a minimum depth of cut; however, this 

hampers the material removal rate. Similarly, environmental objectives can be 

obtained at the cost of material removal rate. Optimizing production rate by 

improving the material removal rate leads to a poor surface finish, even when the oil 

consumption rate is maximized.  

4. The comprehensive, simultaneous optimization, that includes quality, 

environmental, and production, offers a reasonable balance. The inclusion of MQL 

parameters in modeling increases the number of process parameters, which 

increases the possibility of obtaining a feasible and optimal solution. 
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5. Parameters should be separately selected for rough and finish cuts. The rough -cut 

offers relaxation in quality that allows improvement in environmental performance. 

The judicious distribution of oil in-between the rake and flank face offer options for 

the end-user to adjust the process when operating with various objectives and 

under different constraints.  
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