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Abstract. Metal turning is a form of machining. It is used to create circular areas by cutting objects. The 

turning process requires a machine or lathe, a working tool, a fixture, and a cutting tool. A preformed 
piece of metal is secured to a device. A common process for turning a part includes rotating it while moving 

a single-point cutting tool parallel to the axis of rotation. This cutting tool works on both the outer and 
inner surfaces of the part. Factors such as cutting speed, cutting tool, depth of cut, and work-piece are 

considered in the turning process. In the assessment, the options are Cu, Si, Mn, Mg, and Zn. The results 
show that Zn ranks first, while Si has the lowest rank. The dataset's value for the Range of Turning process 
in the WSM (Weighted Sum Model) Method indicates that zinc (Zn) achieves the top ranking. 

Keywords: MCDM.  

 

1. Introduction  

A common process for turning a part includes rotating a single-point cutting tool parallel to the axis. It works 

on both the outer and inner surfaces of the part to remove material. Turning is a form of machining that requires 

a turning machine or lathe, a work piece, a device, and a cutting tool. It is used to create cylindrical parts, where 

the cutting tool moves linearly while the work piece rotates, reducing the diameter of the work piece to a specific 

dimension and creating a smooth surface finish. Metal turning is a machining process that involves removing 

unwanted material to create circular sections. It requires a machine or lathe, tooling, a fixture, and a cutting tool. 

The work piece is a preformed piece of metal secured to a fixture. Turning achieves the desired shape of the object 

by removing material, resulting in high machining accuracy with controlled axis movement. However, the 

production cost is high, and the processing speed is slow. Additionally, the task often follows a conservative design 

approach, disregarding the variation of loads and resulting in more affected water tanks. The water level in the 

tank varies continuously, causing a variation in the pressure inside. Based on the design results, the study 

concluded that LSM (likely referring to a specific method) offers a 13% economic advantage over WSM (likely 

referring to another method) in terms of material cost savings. It also confirmed that LSM is currently the only 

method used in the design of major structures worldwide. 

2. Turning Process 

The cost per part, production time per part, and tool life, as well as cutting parameters and surface quality 

issues, are discussed in the context of the multi-pass turning process aimed at achieving minimum unit production 

costs. An optimization problem approach is utilized through simulation to solve this problem [1]. The optimization 

of the turning process involves the use of various numerical methods, analytical techniques, and testing 

investigations. The accuracy of cutting parameter limits is defined to enhance surface quality [2]. The Taguchi 

technique and the application of response surface methods have been proven effective in optimizing the turning 

process for machining titanium materials [3]. This technological advancement in cutting tools for machining hard 

materials allows for improved process performance in metal cutting industries [4]. To prepare the semi-standard 

compression test specimen, a 6 mm diameter and 7 mm length is achieved through a low-speed turning process, 

followed by manual grinding to reduce the hardness of the affected layer [5]. The turning process involves 

converting raw materials into products using a traditional method, but CNC machining improves efficiency, and 

both manual and semi-automatic modes are compared as parameters [6]. Although the advantages of micro-

textured tools have been studied in terms of cutting forces, cutting temperature, and tool wear, a performance 

study on surface roughening tools has not yet been conducted [7]. The turning process induces vibrations due to 
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variations in machine structure, cutting tools, and steel samples. The interaction between the vibrating tool and 

the steel specimen results in wear and tear, leading to a reduction in surface quality [8]. When studying the effect 

of cutting tool nose radius on the cutting process, it is essential to consider the impact of the radius. Therefore, at 

least two methods of cutting metal are processed to determine the uncut chip thickness: plowing or shearing [9]. 

Further research is needed to optimize parameters in turning processes to thoroughly analyze the trade-off between 

quality and performance improvement, including reduced processing time and carbon emissions associated with 

surface roughness reduction [10]. Twisting, as a machining procedure, is one of the various production methods 

that can benefit significantly from the Fourth Industrial Revolution. In various manufacturing processes, twisting 

is commonly used as one of the four metal cutting processes [11]. Further research proposes a comparison of 

genetic algorithms with other optimization methods, such as etc. However, before proceeding, the objective 

function and all controls must be established to utilize a real example of the process [12]. In the dry turning 

process, cutting parameters depend on various factors, including the selection of steel materials, different heat 

processes, the type of cutting tool, and machining conditions [13]. The ability to suppress chatter at different 

spindle speeds varies due to fluctuations in the conversational frequency during the turning process. Future work 

will investigate the effectiveness of specific speed regions in suppressing chatter or enhancing performance [14]. 

A significant focus of research has been on predicting measurements. Sensors, such as strain gauges, are utilized 

to measure shear forces during twisting operations [15]. The aim is to test cooling strategies and determine the 

most effective fluid flow direction for improving tool life and workpiece surface roughness [16]. In this study, a 

detailed 3-degree-of-freedom model of the turning process is established, considering the feed speed factor [17]. 

To explore how Bayesian optimization can enhance the process, controlled and unconstrained Bayesian 

optimization mechanisms are compared in terms of turning process parameters [18]. The presence of multiple-

volatile partial co-rotational processes has revealed that these processes are spread across the depth area, both in 

low-cut and high-cut regions. Accurately identifying the model parameters or machining dynamics can lead to 

predictable outcomes and help suppress chatter during the turning process [19]. Interestingly, their model does 

not include feed speed, which is considered to be the most important factor affecting the turning process. 

Additionally, the effect of feed rate on cutting dynamics and process properties should be explored [20]. 

Considering the advantages of vibration machining, such as improved dimensional precision and surface 

roughness of workpieces, it is scientifically and experimentally recommended to incorporate vibration machining 

in the turning process [21]. 

3. Wight Sum Method 

WSM scenes application enables independent static monitoring capabilities from different angle observation 

ranges. A universal and robust method is essential, especially for activity monitoring applications where intense 

observations will be made from various angles also used [22]. WSM is one of the suppliers selected by VTC and 

included in this plan. Currently, WSM adheres to very high VTC quality standards [23]. The algorithm was 

programmed using a system model multi-objective DE to achieve the desired simulation results. A multi-objective 

optimization is developed as an expressed weighted sum model, with two objective functions and 'w' representing 

the weighting function [24]. A study of the weighted sum ratio scaling problem is conducted for interference 

power control in a perceptual multiple access channel, where each SU communicates with a base station having 

a single transmit antenna and multiple receive antennas [25]. It will be shown later that a weighted sum is not 

unusual. Intuitively, the importance for both attributes follows the Pareto border by successively changing the 

weights from one end to the other [26]. The problem is constructed by adding objectives of objective function, 

two in the case of two criteria and three in the case of three objectives, with one of them multiplied by the 

parameter β [27]. The objective of reducing the sum of weighted completion times when the machine is not 

available is to minimize the global cost of stocking [28]. This is a valid objective because it calculates the stocking 

cost per unit time of the product, and the weighted sum represents the overall cost of stocking Due to the high 

computational effort associated with band models, the Weighted Ash Gases (WSGG) model with multiple global 

correlations has been developed [29]. This model allows for the weighted estimation of stocking costs, as gases 

such as CO2 and H2O are replaced with equivalently limited ash gases, simplifying the calculations [30]. In order 

to improve awareness of investment risks and reduce risk through hedging, we solve the multi-objective model 

empirically based on portfolio VAR by conducting research sampling under the assumption of a normal 

distribution, and then compare the results [31]. The use of various contextual information is essential in these 

models [32]. However, the computational tasks involved in performing the weighted sum or multiplication and 

accumulation functions are technically intensive. Therefore, efforts are made to achieve low power consumption 

in these computational tasks [33]. Two MCDM (Multiple Criteria Decision Making) methods were employed: the 

weighted sum method, chosen for its simplicity despite containing inaccurate and vague information, and the 

fuzzy logic method, used for performance assessment. The assessment includes five vehicle types, each with 
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different modes of stock displays [34]. Inverse problems under distance have also received attention. The weighty 

sum-type is a count that indicates weighted transitions. It focuses on whether a parameter of an arc is changed, 

which corresponds to a situation of concern [35]. In our approach, we account for type mismatch or incomplete 

channel sum-rate loss due to prediction and other factors. We derive sum-ratio expressions for weighted sum-ratio 

to address mismatches and ensure robustness in the design [36]. From a user-centered perspective, the NOMA 

(Non-Orthogonal Multiple Access) system does not have PC (Personal Computer) functions. Two proposed 

methods are used to solve this problem. The first method involves the Dinkelbach ellipsoidal pattern, and the 

second method follows an epigraphical pattern combined with a convex approximation [37]. 

4. Analysis And Discussion  

TABLE 1. Turning process in Data Set 

 Cutting speed Cutting tool Depth of cut Work-piece 

Cu 67.080 439.530 43.150 36.050 

Si 76.120 365.970 42.690 37.300 

Mn 65.080 543.580 35.180 43.100 

Mg 74.170 432.280 32.600 41.590 

Zn 72.330 563.410 37.960 35.890 

 

Table 1 show the Turning process shows the Cutting speed it is seen that Si the highest value for Mn is showing 

the lowest value. Cutting tool, it is seen that Zn is showing the highest value for Si is showing the lowest value. 

Depth of cut it is seen that Cu is showing the highest value for Mg is showing the lowest value. Work-piece it is 

seen that the Mn is showing the highest value for Zn is showing the lowest value. Alternative: Cutting speed, 

cutting tool, depth of cut, work-piece. Assessment Option: Cu, Si, Mn, Mg, Zn. It is solved by using the WSM 

method. It is the data set of this paper. 

 

 

 
FIGURE 1. Turning process in Data Set 

 

Figure 1 shows the graphical representation turning process Data Set value of Alternative: Cutting speed, cutting 

tool, depth of cut, work-piece. Assessment Option: Cu, Si, Mn, Mg, Zn. 

 
TABLE 2. Turning process in Normalized Data 

 Normalized 

Cu 0.88124 0.78012 0.75550 0.99556 

Si 1.00000 0.64956 0.76364 0.96220 

Mn 0.85497 0.96480 0.92666 0.83271 

Mg 0.97438 0.76726 1.00000 0.86295 

Zn 0.95021 1.00000 0.85880 1.00000 
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Table 2 Shows the Normalized Data Matrix of Alternative: Cutting speed, cutting tool, depth of cut, work-piece. 

Assessment Option: Cu, Si, Mn, Mg, Zn. 

 
TABLE 3. Turning process in Weight age 

Weight 

0.25 0.25 0.25 0.25 

0.25 0.25 0.25 0.25 

0.25 0.25 0.25 0.25 

0.25 0.25 0.25 0.25 

0.25 0.25 0.25 0.25 

 

Table 3 Shows the Turning process in Weight age of Alternative: Cutting speed, cutting tool, depth of cut, work-

piece. Assessment Option: Cu, Si, Mn, Mg, Zn. 

 
TABLE 4. Turning process in weighted normalized decision matrix 

 Weighted normalized decision matrix 

Cu 0.22031 0.19503 0.18888 0.24889 

Si 0.25000 0.16239 0.19091 0.24055 

Mn 0.21374 0.24120 0.23167 0.20818 

Mg 0.24360 0.19181 0.25000 0.21574 

Zn 0.23755 0.25000 0.21470 0.25000 

 

Table 4 Shows the Turning process in weighted normalized decision matrix of Alternative: Cutting speed, cutting 

tool, depth of cut, work-piece. Assessment Option: Cu, Si, Mn, Mg, Zn. 

 

TABLE 5. Turning process in Preference Score 

 Preference Score 

Cu 0.85311 

Si 0.84385 

Mn 0.89479 

Mg 0.90115 

Zn 0.95225 

 

Table 5 shows the Turning process in Preference Score value of the Cu 4th value 0.85311, Si 5th value 0.84385, 

Mn 3rd value 0.89479, Mg 2nd value 0.90115, and Zn 1st value 0.95225. 

 

 
FIGURE 2. Turning process in Preference Score 

 

Figure 2 shows the graphical representation Discordance Turning process in Preference Score value of the Cu 4th 

value 0.85311, Si 5th value 0.84385, Mn 3rd value 0.89479, Mg 2nd value 0.90115, and Zn 1st value 0.95225. 
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TABLE 6. Turning process in Rank 

 Rank 

Cu 4 

Si 5 

Mn 3 

Mg 2 

Zn 1 

 

This table 6 shows that from the result it is seen that Cu 4th rank 0.85311, Si 5th rank 0.84385, Mn 3rd rank 0.89479, 

Mg 2nd rank 0.90115, and Zn 1st rank 0.95225. 

 

 
FIGURE 3. Turning process in Rank 

 

Figure 3 shows the graphical representation Discordance Turning process in that from the result it is seen that Cu 

4th rank 0.85311, Si 5th rank 0.84385, Mn 3rd rank 0.89479, Mg 2nd rank 0.90115, and Zn 1st rank 0.95225. 

 

5. Conclusion  

The optimization of the turning process involved research that utilized several numerical methods, analytical 

techniques, and testing investigations. The Taguchi technique and the application of response surface methods 

were employed to improve accuracy and increase the quality of the surface. This optimization process focused on 

turning machining of titanium material, and the effect of the cutting tool's nose radius on the process was studied. 

In order to analyze the effect, at least two methods of cutting metal were considered in relation to the uncut chip 

thickness: plowing and among other common product gases such as CO2 and H2O, ash gas. The weighted sum 

method was used, where non-ash gases were replaced with equally limited ash gases, simplifying the analysis. 

The functionality of weighted sum, multiplication, and accumulation was found to be essential but 

computationally intensive in these models, requiring technical expertise. Significant efforts were made to achieve 

low power consumption in these computational tasks, aiming to optimize energy consumption functions. Based 

on the results, Zn received the highest rank, whereas Si obtained the lowest rank. 

 

References  

[1]. Appel, Florian, and Heike Bach. "Refined incidence angle correction for operational soil moisture 

retrieval from ENVISAT ASAR WSM observations." In 2012 IEEE International Geoscience and 

Remote Sensing Symposium, pp. 746-749. IEEE, 2012. 
[2]. Białek, Zdzisław, Józef Gruszka, Tadeusz Karolczak, and Tomasz Koch. "Distributed Enterprise from 

the supplier point of view on the example of WSM Krotoszyn." Human Systems Management 18, no. 3-

4 (1999): 225-231. 
[3]. Madathil, Deepthisree, Manjula G. Nair, Tooraj Jamasb, and Tripta Thakur. "Consumer-focused solar-

grid net zero energy buildings: A multi-objective weighted sum optimization and application for 

India." Sustainable Production and Consumption 27 (2021): 2101-2111. 

0.00000
1.00000
2.00000
3.00000
4.00000
5.00000

Cu

Si

MnMg

Zn

Rank

Rank



 Suresh.et.al /REST Journal on Emerging trends in Modelling and Manufacturing 8(4), March 2023, 34-40 

Copyright@2023REST Publisher                                                                                                                                         39  

 

[4]. Zhang, Lan, Yan Xin, Y-C. Liang, and H. Vincent Poor. "Cognitive multiple access channels: optimal 

power allocation for weighted sum rate maximization." IEEE Transactions on Communications 57, no. 

9 (2009): 2754-2762. 
[5]. Scott, Michael J., and Erik K. Antonsson. "Compensation and weights for trade-offs in engineering 

design: beyond the weighted sum." (2005): 1045-1055. 
[6]. Sawik, Bartosz. "Weighted-sum approach to health care optimization." In Applications of management 

science. Emerald Group Publishing Limited, 2015. 
[7]. Kacem, Imed, Chengbin Chu, and Ahmed Souissi. "Single-machine scheduling with an availability 

constraint to minimize the weighted sum of the completion times." Computers & operations research 35, 

no. 3 (2008): 827-844. 
[8]. Rehfeldt, Sebastian, Christian Kuhr, Martin Ehmann, and Christian Bergins. "Modeling of radiative 

properties of an oxyfuel atmosphere with a weighted sum of gray gases for variable carbon dioxide and 

water vapor concentrations." Energy Procedia 4 (2011): 980-987. 
[9]. Yu, Xing, Yuling Tan, Liang Liu, and Wenfeng Huang. "The optimal portfolio model based on mean-

CvaR with linear weighted sum method." In 2012 Fifth International Joint Conference on Computational 

Sciences and Optimization, pp. 82-84. IEEE, 2012. 
[10]. Hwang, Young-Sook, Hoojung Chung, and Hae-Chang Rim. "Weighted probabilistic sum model based 

on decision tree decomposition for text chunking." International Journal of Computer Processing of 

Oriental Languages 16, no. 01 (2003): 1-20. 
[11]. Baek, Seung Wook, Han Seok Kim, Myoung Jong Yu, Shin Jae Kang, and Man Young Kim. 

"Application of the extended weighted sum of gray gases modelto light fuel oil spray 

combustion." Combustion science and technology 174, no. 7 (2002): 37-70. 
[12]. Tohara, Takashi, Haichao Liang, Hirofumi Tanaka, Makoto Igarashi, Seiji Samukawa, Kazuhiko Endo, 

Yasuo Takahashi, and Takashi Morie. "Silicon nanodisk array with a fin field-effect transistor for time-

domain weighted sum calculation toward massively parallel spiking neural networks." Applied Physics 

Express 9, no. 3 (2016): 034201. 
[13]. Liu, Longcheng, and Enyu Yao. "Inverse min-max spanning tree problem under the weighted sum-type 

Hamming distance." In International Symposium on Combinatorics, Algorithms, Probabilistic and 

Experimental Methodologies, pp. 375-383. Springer, Berlin, Heidelberg, 2007. 
[14]. Mitropoulos, Lambros K., and Panos D. Prevedouros. "Urban transportation vehicle sustainability 

assessment with a comparative study of weighted sum and fuzzy methods." Journal of Urban Planning 

and Development 142, no. 4 (2016): 04016013. 
[15]. Helmy, Ahmed G., Ahmad Reza Hedayat, and Naofal Al-Dhahir. "Robust weighted sum-rate 

maximization for the multi-stream MIMO interference channel with sparse equalization." IEEE 

Transactions on Communications 63, no. 10 (2015): 3645-3659. 
[16]. Zamani, Mohammad Reza, Mohsen Eslami, Mostafa Khorramizadeh, Hojatollah Zamani, and Zhiguo 

Ding. "Optimizing weighted-sum energy efficiency in downlink and uplink NOMA systems." IEEE 

Transactions on Vehicular Technology 69, no. 10 (2020): 11112-11127. 
[17]. Bagaber, Salem Abdullah, and Ahmad Razlan Yusoff. "Energy and cost integration for multi-objective 

optimisation in a sustainable turning process." Measurement 136 (2019): 795-810. 
[18]. Vukelic, Djordje, Katica Simunovic, Goran Simunovic, Tomislav Saric, Zeljko Kanovic, Igor Budak, 

and Boris Agarski. "Evaluation of an environment-friendly turning process of Inconel 601 in dry 

conditions." Journal of cleaner production 266 (2020): 121919. 
[19]. Thirumalai, R., Kuaanan Techato, M. Chandrasekaran, K. Venkatapathy, and M. Seenivasan. 

"Experimental investigation during turning process of titanium material for surface 

roughness." Materials Today: Proceedings 45 (2021): 1423-1426. 
[20]. Sivaiah, P., Venkata Ajay Kumar G, Muralidhar Singh M, and Harinandan Kumar. "Effect of novel 

hybrid texture tool on turning process performance in MQL machining of Inconel 718 

superalloy." Materials and Manufacturing Processes 35, no. 1 (2020): 61-71. 
[21]. Liu, Guoliang, Chuanzhen Huang, Rui Su, Tuğrul Özel, Yue Liu, and Longhua Xu. "3D FEM simulation 

of the turning process of stainless steel 17-4PH with differently texturized cutting tools." International 

Journal of Mechanical Sciences 155 (2019): 417-429. 
[22]. Krishnan, B. Radha, and M. Ramesh. "Optimization of machining process parameters in CNC turning 

process of IS2062 E250 Steel using coated carbide cutting tool." Materials Today: Proceedings 21 

(2020): 346-350. 
[23]. Khani, Salman, Mohammad Reza Razfar, Seyedhamidreza Shahabi Haghighi, and Masoud 

Farahnakian. "Optimization of microtextured tools parameters in thread turning process of aluminum 

7075 aerospace alloy." Materials and Manufacturing Processes 35, no. 12 (2020): 1330-1338. 



 Suresh.et.al /REST Journal on Emerging trends in Modelling and Manufacturing 8(4), March 2023, 34-40 

Copyright@2023REST Publisher                                                                                                                                         40  

 

[24]. Kam, Menderes, and Mustafa Demirtaş. "Analysis of tool vibration and surface roughness during 

turning process of tempered steel samples using Taguchi method." Proceedings of the Institution of 

Mechanical Engineers, Part E: Journal of Process Mechanical Engineering 235, no. 5 (2021): 1429-1438. 
[25]. Abdellaoui, Lefi, Hassen Khlifi, Wassila Bouzid Sai, and Hedi Hamdi. "Tool nose radius effects in 

turning process." Machining Science and Technology 25, no. 1 (2020): 1-30. 
[26]. Ic, Yusuf Tansel, Ebru Saraloğlu Güler, Ceren Cabbaroğlu, Ezgi Dilan Yüksel, and Huri Maide Sağlam. 

"Optimisation of cutting parameters for minimizing carbon emission and maximising cutting quality in 

turning process." International Journal of Production Research 56, no. 11 (2018): 4035-4055. 
[27]. AlAlaween, Wafa’H., Abdallah H. AlAlawin, Lamees Al-Durgham, and Nibal T. Albashabsheh. "A 

new integrated modelling architecture based on the concept of the fuzzy logic for the turning 

process." Journal of Intelligent & Fuzzy Systems Preprint (2021): 1-13. 
[28]. Mavliutov, A. R., and E. G. Zlotnikov. "Optimization of cutting parameters for machining time in 

turning process." In IOP Conference Series: Materials Science and Engineering, vol. 327, no. 4, p. 

042069. IOP Publishing, 2018. 
[29]. Kam, Menderes. "Effects of deep cryogenic treatment on machinability, hardness and microstructure in 

dry turning process of tempered steels." Proceedings of the Institution of Mechanical Engineers, Part E: 

Journal of Process Mechanical Engineering 235, no. 4 (2021): 927-936. 
[30]. Liu, Yang, Zhanqiang Liu, Qinghua Song, and Bing Wang. "Analysis and implementation of chatter 

frequency dependent constrained layer damping tool holder for stability improvement in turning 

process." Journal of Materials Processing Technology 266 (2019): 687-695. 
[31]. Thangarasu, S. K., Subramaniam Shankar, and R. Navin Prasath. "Experimental study and optimisation 

in turning process of EN8 steel using RSM with hybrid algorithm approach." International Journal of 

Bio-Inspired Computation 13, no. 4 (2019): 242-256. 
[32]. Magri, Aristides, Anselmo Eduardo Diniz, and Daniel Iwao Suyama. "Evaluating the use of high-

pressure coolant in turning process of Inconel 625 nickel-based alloy." Proceedings of the Institution of 

Mechanical Engineers, Part B: Journal of Engineering Manufacture 232, no. 7 (2018): 1182-1192. 
[33]. Wang, An, Wuyin Jin, Wenke Chen, Ruicheng Feng, and Chuangwen Xu. "Bifurcation and chaotic 

vibration of frictional chatter in turning process." Advances in Mechanical Engineering 10, no. 4 (2018): 

1687814018771262. 
[34]. Maier, Markus, Alisa Rupenyan, Mansur Akbari, Ruben Zwicker, and Konrad Wegener. "Turning: 

Autonomous process set-up through Bayesian optimization and Gaussian process models." Procedia 

CIRP 88 (2020): 306-311. 
[35]. Yamato, Shuntaro, Takayuki Hirano, Yuki Yamada, Ryo Koike, and Yasuhiro Kakinuma. "Sensor-less 

on-line chatter detection in turning process based on phase monitoring using power factor 

theory." Precision Engineering 51 (2018): 103-116. 
[36]. Wang, An, and Wuyin Jin. "Influence of Feed Velocity on Nonlinear Dynamics of Turning 

Process." International Journal of Precision Engineering and Manufacturing 22, no. 6 (2021): 1069-1079. 
[37]. Bayat, Masuod, Saied Amini, and Mohsen Hadidi. "Effect of ultrasonic-assisted turning on geometrical 

tolerances in Al 2024-T6." Materials and Manufacturing Processes 36, no. 16 (2021): 1875-1886. 
 


