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Abstract

:

Laser cutting parameters synergistically affect, although in different quantitative and qualitative manners, multiple process performances, such as the resulting cut quality characteristics, material removal rate, cutting time, and costs, and the determination of the most appropriate laser cutting conditions for a given application is of prime importance. Given the existence of multiple mutually opposite performances, assessment and laser cutting conditions and performance can be considered a multiple-criteria decision-making (MCDM) problem. In order to overcome the possible inconsistency of rankings determined by different MCDM methods while solving the same decision-making problem, the present study promotes a novel methodology for the assessment and selection of laser cutting conditions by developing a robust decision-making rule (RDMR) that combines different decision-making rules from six MCDM methods and Taguchi’s principles of robust design. In order to illustrate the application of the proposed methodology, CO2 laser cutting in a stainless-steel experiment, based on the use of the Box–Behnken design, was conducted. On the basis of the experimental results, a comprehensive laser cutting MCDM model was developed with seven criteria related to cut quality (i.e., kerf geometry and cut surface), productivity, variable costs, and environmental aspects. It was observed that there was no laser cutting condition that could be considered as the best regime with respect to the different laser cutting process performances. Kendall’s and Spearman’s rank correlation coefficients indicated a certain level of disagreement among the resulting rankings of the laser cutting conditions produced by the considered MCDM methods, whereas the application of the proposed RDMR ensured the highest level of ranking consistency. Some possibilities for modeling of RDMR and its further use for the assessment of arbitrarily chosen laser cutting conditions and the use of the derived model to perform sensitivity analysis for determining the most influential laser cutting parameters are also discussed and addressed. It was observed that laser cutting parameters in different laser cutting conditions may have a variable effect on the resulting overall process performances. The comparison of the obtained results and the results determined by classical desirability-based multi-objective optimization revealed that there exists substantial agreement between the most preferable and least preferable laser cutting conditions, thus justifying the applied methodology.
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1. Introduction


Due to the growing need for increased product quality, productivity, economic sustainability, and specialized requirements with respect to geometric accuracy, micro-size, and shape, modern manufacturing industries are increasingly turning to the application of non-conventional machining technologies [1]. Among these, laser cutting technology occupies a special place for contour cutting of a wide variety of engineering materials due to the fact of its competitive advantages and possibilities. The laser cutting process itself is a very complex technology, since multiple and interdependent physical phenomena take place in the interaction of the laser beam, workpiece material, and assisting gas [2]. In order to better understand the underlying physical phenomena and, ultimately, increase the technological efficiency of the laser cutting technology for a given laser cutting method and workpiece (material and thickness), a number of research studies have been conducted. Numerous recent experimental investigations have focused on the analysis of the resulting kerf geometrical characteristics including kerf width [3], kerf perpendicularity [4], kerf deviation [5], kerf angle [6], dimensional accuracy [7], and dross formation [8]. The analyses of cut surface quality characteristics, such as surface roughness [1,3], striations [9], pittings [10], and boundary layer separation [11], have attracted the attention of numerous researchers. The physical–chemical characteristics of the material in the surface layer of the cut, such as the width of heat-affected zone [8] and micro-hardness [12], have also been studied. Economical aspects of laser cutting technology have motivated a few studies in the direction of the analysis and optimization of the material removal rate [13], laser cutting path [14], and cutting costs [15]. The analyses of environmental aspects of the laser cutting technology [16] and cutting process efficiency [17] have also been considered. Likewise, some specific physical process phenomena, which take place during the actual cutting process, have also been addressed by researchers including melt film characteristics on the cutting front [18], optimal laser beam configurations [19], laser beam absorption [20], multiple laser beam reflections [21], aerodynamic interactions between the workpiece material and assisting gas [22], melt flow dynamics [23], material removal efficiency [24], laser beam oscillation techniques for quality improvements [25], and temperature distribution in the cutting region [26].



In order to broaden both theoretical and practical knowledge, numerous laser cutting research studies have proposed analytical models and applied different experimental and modeling designs and optimization methods and techniques. However, for the majority of researchers, it is common to focus on the analysis of a single laser cutting performance. Consideration of a number of aspects and different laser cutting performances is basically addressed by the application of the Taguchi method and its integration with grey relational analysis [27], principal component analysis [28], grey-fuzzy methodology [29], desirability function approach (DFA) [8,30], integration of empirical models (polynomials, artificial neural networks, genetic programming, and adaptive-network-based fuzzy inference system) and metaheuristics [31,32,33,34,35,36] and by using a modeless approach based on the application of multiple-criteria decision-making (MCDM) methods [37,38,39]. All of the aforementioned methods ensure the determination of laser cutting conditions (regimes), i.e., particular combinations of laser cutting parameter values that represent the best possible trade-off solutions for yielding the desired performances (i.e., goals). This is an important issue in laser cutting given that the selection of the main process parameters significantly affects the cut quality and performances of laser cutting [28,40,41,42] and the fact that improper selection may cause process inefficiency, which may result in the formation of dross, heat-affected zone, erosions along the cut surface, striations, etc. [13].



From the aforementioned groups of applied approaches, there is a very limited number of studies related to the application of MCDM methods [37], although these methods are widely accepted in the engineering domain for solving different decision-making problems. Previous laser cutting optimization studies have considered the application of the preference selection index (PSI) method, the weighted aggregated sum product assessment (WASPAS) method, and the superiority and inferiority (SIR) method. Given the limited number of studies on this topic as well as the certain limitations of MCDM methods, which are reflected in the fact that each MCDM method has a different functionality that affects the decision-making process and the resulting final ranking of alternatives [43,44], this study promotes a novel methodology for the assessment and selection of laser cutting conditions in the presence of a number of conflicting criteria by the development and application of a robust decision-making rule (RDMR) [45]. The development of an RDMR, which is based on the integration of different MCDM method decision rules and Taguchi’s signal-to-noise (S/N) ratios, is believed to be justified since different decision-making rules even for the same problem may yield a different ranking of alternatives. The applied approach combines the theoretical foundations of different MCDM methods, thus enabling a more robust and objective solving of laser cutting decision-making problems, i.e., assessment and selection of the most preferable laser cutting conditions for a given application.



In order to illustrate the application of the proposed methodology for the assessment of different laser cutting conditions and performances, a Box–Behnken experimental design was conducted with different combinations of four laser cutting parameters (i.e., laser power, cutting speed, nitrogen pressure, and focus position). Based on the obtained experimental results, a comprehensive laser cutting MCDM model was developed with seven performances, i.e., criteria related to cut quality (kerf geometry and cut surface), productivity, variable costs, and environmental aspects.



In order to avoid potential ranking inconsistency obtained by different MCDM methods, which can be expected due to the existence of a number of alternative laser cutting conditions and process performances (of which some are opposite), and to facilitate the decision-making process, regarding the assessment and selection of the most suitable laser cutting conditions, the present study promotes the application of the RDMR. Moreover, it surpasses the classical application of MCDM methods for alternative assessment and selection, i.e., discrete optimization given the finite set of previously known alternatives (solutions) by developing an explicit representation of the RDMR using a second-order nonlinear mathematical model that enables: (i) assessment of arbitrarily chosen laser cutting conditions; (ii) application of sensitivity analysis in order to determine the most influential laser cutting parameters for given conditions; (iii) the usage of the derived mathematical model as an objective function in the formulation of different laser cutting optimization problems.



The application of the RDMR was demonstrated and analyzed in five case studies while solving the developed MCDM model for different scenarios when the considered performances had different levels of priority. The justification of the applied approach and some possibilities for modeling of an RDMR and its further use as well as a comparison of the obtained results with the results obtained using the classical multi-objective optimization approach were also discussed and addressed.




2. Experimental Procedure and Details


An AISI 304 stainless-steel plate with a thickness of 3 mm was used in the experiment conducted using the Bystronic 3015 CO2 laser cutting system with 2.2 kW maximal output power (Figure 1).



Prior to the selection of the experimental design for the present laser cutting experiment, pilot trials with different combinations of laser cutting parameter values were performed so as to define the experimental hyper-space and to establish the complete experimental procedure. The actual laser cutting regime (i.e., the unique combination of laser cutting parameter values), which is used in real manufacturing conditions for cutting of stainless-steel plates, was considered for the definition of the experimental hyper-space. In addition, the estimation of the severance energy (i.e., the energy input per unit length) related to the sheet thickness needed to melt the material of the kerf volume was considered [17].



Among different response surface methodology (RSM)-based designs, this study applied the Box–Behnken design, as it enables the development of full quadratic models for describing the process being investigated [29]. This design is rotatable and, in comparison to central composite designs, requires only three levels of variation for each parameter. Moreover, given that laser cutting parameters and their interactions have a key role in affecting cut quality [8] and given that the ratio of laser power to cutting speed directly defines the available laser beam energy needed to make a desired full cut, the application of the Box–Behnken design was justified considering that experimental trials, corresponding to extreme parameter values at the same time, were not conducted in this design. During experimentation, some parameters were considered as controllable and were varied at three levels, while certain parameters were considered as constants and their values were did not change throughout the experiment. Table 1 gives the levels of laser cutting parameters varied in the Box–Behnken design and lists the constant parameters. In total, 25 unique combinations of laser cutting parameter levels and five replicates in the central point were conducted in the experiment.



Specimens were cut from the steel plate for each laser cutting condition. The design of the specimen shape was chosen so as to ease the kerf measurements (Figure 2).



The cut quality of the specimens, which were produced in different experimental trials under specific laser cutting conditions, was evaluated in accordance with the EN ISO 9013 standard [46]. This standard defines the appropriate measurement procedures and classifies thermal cuts into several categories with respect to the orthogonality of the cut and surface roughness (mean height of the profile, Rz5). Moreover, the geometrical characteristics of the cut, such as the average kerf width and dross height, were also considered as criteria for cut quality assessment. Based on the measurements of the top and bottom kerf widths at three different locations along the length of the cut, performed using the optical coordinate measuring system Mitutoyo (QSL-200Z), data for kerf width and orthogonality of the cut were obtained. The MahrSurf-XR1 measuring instrument was used for the assessment of the surface profile. Sampling length and evaluation length were set to 0.80 and 4 mm, respectively. An example of the surface roughness profile is given in Figure 3. Dross assessment in laser cutting is not straightforward because of the fact that along the cut section, dross attachment was generally intermittent and of variable height and shape. For the assessment of dross formation, side cut profiles for each specimen at three equally distanced intervals, approximately in the middle of the specimen’s length, were examined using the optical coordinate measuring system Mitutoyo (QSL-200Z) and QSPAK software. In Figure 4, an example of a laser cut edge is depicted.



In addition to the criteria related to cut quality, for the definition of the laser cutting MCDM model, the performances (i.e., criteria related to the productivity, variable costs, and environmental aspects) were also considered.




3. Development of a Laser Cutting MCDM Model and Solution Approach


3.1. Assessment Criteria


The laser cutting MCDM model was developed to assess 25 different experimental trials performed under different laser cutting conditions (regimes), defined with a unique combination of laser parameter levels with respect to the performances related to cut quality (kerf geometry and cut surface), productivity, variable costs, and environmental aspects of the laser cutting process. In defining the laser cutting MCDM model, four cut quality criteria were considered: kerf width, surface roughness, orthogonality of the cut, and dross formation.



Kerf width: In laser cutting, the formation of kerf is usually characterized by a somewhat greater kerf width in the upper cut edge, which narrows down towards the lower cut edge. However, by altering the main laser cutting parameters, such as focal length, focus position, cutting speed, and laser power as well as workpiece material thickness, the size of the kerf width, and its uniformity along the cut thickness, may change significantly. The resulting mean kerf width characterizes the laser cutting accuracy, which is known to be advantageous in comparison to other technologies for contour cutting. In laser cutting, the goal is to either achieve as small a possible kerf width, because of material savings, or to achieve a pre-specified kerf width since part programming would be simplified [13]. The quantification and assessment of kerf width is also beneficial, since it allows the estimation of process performances, among others, MRR, amount of wasted material, specific cutting energy, and energy balance.



Surface roughness: Considering that surface roughness influences various laser cut part characteristics, including the appearance of cut surface, friction and wear, corrosion resistance, and fatigue life [47,48], it represents one of the main criteria for the assessment of cut surface morphology. Depending on the applied laser cutting method and interaction effects of the laser beam, workpiece material, and main process parameters, the surface roughness of the cut can be variously affected.



Orthogonality of the cut: Since the laser beam has a converging–diverging shape, there always exists, to a certain level, an orthogonality deviation between the cut surface and plate surface. With an appropriate selection of the lens’ focal length, focus position, laser beam polarization, and cutting speed [49], high cut quality levels, as defined in the EN ISO 9013 standard [46], with respect to the orthogonality of the cut can be achieved for a variety of workpiece material thicknesses. This is particularly important given that some laser cut parts proceed to further processing such as bending and/or welding.



Dross: Dross represents resolidified molten material that has not been fully removed from the kerf but adheres to the lower cutting edge. The formation of dross is a very complex process dependent on a number of process parameters and their interactions, but it is primarily affected by the viscosity and surface tension of the molten material [23,50] and threshold assist gas pressure [22]. Since it increases the width of the heat-affected zone by causing the release of energy back into the workpiece material, determines whether a post-processing operation is needed, and represents a health and safety risk factor because of sharp edges [51], dross can be considered as one of the most important criteria in laser cutting.



Variable costs: Variable costs constitute a significant share in total laser cutting costs and are primarily related to the costs of electricity and assist gas consumption. These costs are particularly influenced by the selection of the laser cutting method as well as the workpiece material type and its thickness, which in the planning process comes down to the selection of the assist gas type and pressure, laser power, cutting speed, and nozzle diameter. Given that the aforementioned parameters have broad recommended ranges, variable costs in laser cutting may vary considerably. Thus, it would be beneficial to gain an estimate of the variable costs with respect to the selected laser cutting conditions.



The laser electrical power cost can be estimated as a function of the CO2 laser cutting machine input power and electricity price for a given country in the following form [52]:


Ce = [Pb + D/(100%)·(P0 − Pb + k·P)] ce,



(1)




where Ce (EUR/h) stands for the costs of electricity, ce (EUR/kWh) is the electricity price (0.07 EUR/kWh), P (kW) is the laser power used in the actual cutting process, D (%) is the duty cycle, and Pb, P0, and k are the electrical standby power, electrical power, and power consumption factors, respectively, which have values for different CO2 laser cutting machines that can be empirically determined [52].



For high-pressure CO2 laser fusion cutting, based on the tabular data provided by Bystronic, assist gas consumption can be estimated using the following model:


Qag = 13.68 − 20.23·d − 0.96·p + 6.14·d2 − 0.01·p2 + 1.639·p·d,



(2)




where Qag (m3/h) is the assist gas consumption, d (mm) is the nozzle diameter, and p (bar) is the nitrogen pressure.



Therefore, the assist gas costs as a function of the assist gas consumption and the price of the assist gas on a particular market can be modeled as:


Cag = (13.68 − 20.23·d − 0.96·p + 6.14·d2 − 0.01·p2 + 1.639·p·d)·cag,



(3)




where Cag (EUR/h) is the assist gas costs and cag (EUR/m3) is the price of the assist gas (3.23 EUR/m3).



With the use of Equations (1) and (3), one can estimate the total variable costs (C) for each experimental trial, which enables a comparison of the different laser cutting conditions with respect to this important laser cutting performance (criterion).



MRR: In addition to surface MRR and cutting time, volumetric MRR represents one of the most widely used productivity performances in laser cutting [13]. It represents the volume of molten material removed in the unit time and can be determined as:


MRR = 1000·s·Kw·v,



(4)




where MRR (mm3/min) is the volumetric MRR, s (mm) is the plate thickness, Kw (mm) is the average kerf width, and v (m/min) is the cutting speed.



Eco-indicator: A contribution to the environmental impact, with respect to the selected laser cutting conditions from the experimental matrix, was assessed in terms of electric energy consumption, generated recyclable waste material, and assist gas (nitrogen) consumption for one hour of the laser cutting production mode. Process emissions, laser optics, laser gases, compressed air, and other consumables have a rather limited contribution to the environmental impact [52].



For the assessment of the environmental impact, which is being generated by a particular set of laser cutting parameters, the Eco-Indicator 99 life cycle impact assessment (LCIA) method [53] was chosen. An average value of 27 mPts/kWh, as an estimate of the electrical voltage grid in Europe, was used for the assessment of the impact of the electric energy consumption. For the calculation of the environmental impact of the recyclable waste material, the measured kerf width in each trial, workpiece material thickness, and workpiece material density were considered, while a nesting efficiency of approximately 85% was assumed. Finally, based on the derived mathematical model for the estimation of assist gas consumption (Equation (2)) and an Eco-Indicator 99 value of 14.19 mPts/m3 for the production of N2, as given by Duflou et al. [54], one can obtain the environmental impact contributions arising from the nitrogen consumption.



The applied method as well as other LCIA methods are well-established analytical methods for the assessment of the environmental impacts of products, production processes, or services [55]. Estimating the final result in a single Eco-Score enables the assessment of different laser cutting conditions and its proper adjustment, aiming at a more efficient use of resources and a decrease in the generation of wastes and emissions, which represents one of the main goals of environmentally cleaner production processes [56,57].




3.2. Development of a Comprehensive Laser Cutting MCDM Model


Based on the experimentally measured cut quality characteristics and estimated volumetric MRR, variable costs and environmental impact for each combination of laser cutting parameters from the experimental matrix, a comprehensive laser cutting MCDM model was developed (Table 2).



Combinations of unique laser cutting parameter values, representing laser cutting conditions, are called alternatives in the language of decision making and are provided in columns 2–5 in Table 2, where the designation of each laser cutting condition (experimental trial) is given in column 1. In the remaining columns to the right, for each alternative, measured or estimated attribute values are given with respect to the seven criteria (i.e., Kw, Rz5, u, b, C, MRR, and Eco-Score). Here, it should be noted that except for the volumetric MRR, all criteria belonged to the criteria of minimization type, where the most preferred are the minimal attribute values.



In the covered spherical experimental hyper-space by the Box–Behnken design, it was observed that the kerf width ranged from Kwmin = 0.3 to Kwmax = 0.52 mm (average: 0.4 mm); surface roughness from Rz5min = 5.57 to Rz5max = 11.42 μm (average: 8.52 μm); orthogonality of the cut from umin = 0.003 to umax = 0.367 mm (average: 0.18 mm); dross height from bmin = 0 (no dross) to bmax = 1.5 mm (sharp dross); variable costs from Cmin = 59.7 to Cmax = 80.4 EUR/h (average: 70.1 EUR/h); volumetric MRR from MRRmin = 2060 to MRRmax = 4290 mm3/min (average: 2988 mm3/min); Eco-Score from 1440 to 1588 mPts (average: 1509 mPts). Moreover, the most preferred attribute values with respect to all the considered criteria did not exist in a single alternative. In other words, there was no combination of laser cutting parameter values (laser cutting conditions) that was the best choice with respect to all the considered criteria (i.e., Kw, Rz5, u, b, C, MRR, and Eco-Score). Therefore, in order to determine the best compromise alternatives, a decision rule was needed in order to make an objective assessment and ranking of all alternative laser cutting conditions with respect to all the considered criteria and associated criteria weights that defined the relative significance of criteria.




3.3. Solution Approach


In order to overcome the non-consistency of the final rankings that may be produced with different MCDM methods when applied to solving the same MCDM model, this study proposed the use of our previously developed approach for the generation of an RDMR [45] for the assessment of laser cutting conditions. The basic idea behind the RDMR is the ranking of competitive alternatives on the basis of the S/N ratio, of a “smaller-the-better” type, which is estimated with respect to the utility function values of each considered MCDM method. In the application of the RDMR for solving the proposed comprehensive laser cutting MCDM model, six MCDM methods were selected: the additive ratio assessment (ARAS); the complex proportional assessment (COPRAS); the multi-objective optimization by ratio analysis (MOORA); VIšekriterijumska optimizacija i KOmpromisno Rešenje (the Serbian abbreviation VIKOR); the technique for the order preference by similarity to ideal solution (TOPSIS); the weighted aggregated sum product assessment (WASPAS). The main computational procedures of the considered MCDM methods consist of several steps and are given in detail elsewhere [43,58,59,60,61,62,63,64]





4. Results and Discussion


4.1. Application of RDMR for Assessment of Laser Cutting Conditions


In this section, RDMR was applied for the assessment of laser cutting conditions for different scenarios: case studies when the considered criteria had different levels of priority, i.e., weighting coefficients.



4.1.1. Case Study 1


In this case study, the criteria related to cut quality, costs, productivity, and environmental aspects were assumed to be of equal importance, thus a weighting coefficient of 0.25 was assigned to each category. The weighting coefficient of 0.25 for the cut quality, however, should include four weighting coefficients, since cut quality assessment is based on the use of four criteria (i.e., kerf width, surface roughness, perpendicularity of cut, and dross), which have different levels of importance. The weighting coefficients used in case study 1 are given in Table 3. As can be observed from this table, the criterion related to dross formation is given the highest weighting coefficient, as dross-free cutting is a very important issue in the application of the laser cutting technology.



The rankings of the three best and three worst assessed laser cutting conditions, represented by different experimental trials and obtained using the proposed RDMR methodology, are given in Table 4.



The RDMR results from Table 4 show that the laser cutting condition (regime), corresponding to experimental trial 22 (P = 1.8 kW, v = 3 m/min, p = 10.5 bar, and f = −2.5 mm), was determined to be the best combination of laser cutting parameter values; moreover, these conditions coincided well with general recommendations for fusion cutting of the laser cutting machine manufacturer as well as with industrial gas suppliers [65]. On the other hand, the laser cutting condition, which is realized in experimental trial 15 (P = 1.8 kW, v = 2 m/min, p = 12 bar, and f = −1.5 mm), was determined to be the least preferred combination of laser cutting parameter values. This result was expected since the cut was performed using an inappropriate focus position and a combination of the lowest cutting speed and highest assist gas consumption, which ultimately results in dross formation, lower MRR, and higher costs, respectively.




4.1.2. Case Study 2


In this case study, the criteria related to the cut quality were given the highest priority; thus, a weighting coefficient of 0.7 was assigned to this category. The weighting coefficients used in case study 2 are given in Table 5.



The rankings of the three best and three worst assessed laser cutting conditions obtained using the proposed RDMR methodology for this case study are given in Table 6.



Although focusing the laser beam near the lower part of the plate (f = −2.5 mm) enlarged the kerf width, it significantly contributed to efficient melt ejection that resulted in a smooth and flat cut surface without dross attachment on the lower cutting edge, which was not the case in the worst-ranked laser cutting conditions (trials 2, 15, and 8). Thus, it can be argued that the focus position was the most significant factor when the cut quality was of the highest priority. Borkmann et al. [11] also concluded that the focus position has decisive importance for the structure of the cutting edge and the entire laser cutting process.




4.1.3. Case Study 3


In this case study, the variable cost was given the highest priority; thus, a weighting coefficient of 0.7 was assigned to this criterion. The weighting coefficients used in case study 3 are given in Table 7.



The rankings of the three best and three worst assessed laser cutting conditions obtained using the proposed RDMR methodology for this case study are given in Table 8.



As can be observed from Table 8, the laser cutting condition realized in experimental trial 5 was determined as the most favorable. In this case, there was a complete agreement of all the considered MCDM methods, yielding an S/N value of 0, which is the ideal value for the category of “smaller the better”. In the laser cutting condition that corresponded to experimental trial 5, the assist gas pressure had the minimal value, which considerably lowers the variable costs. It should be noted here that the effect of laser power on variable costs was much less pronounced. An experimental investigation by Eltawahni et al. [66] confirmed the decisive role of the nozzle diameter, cutting speed, and nitrogen pressure on operational costs in CO2 laser cutting of AISI 316L stainless steel.




4.1.4. Case Study 4


In this case study, the productivity was given the highest priority; thus, a weighting coefficient of 0.7 was assigned to this criterion. The weighting coefficients used in case study 4 are given in Table 9.



The rankings of the three best and three worst assessed laser cutting conditions obtained using the proposed RDMR methodology for this case study are given in Table 10.



When the productivity was given the highest priority, experimental trial 22 once again turned out to be the most favorable. As previously discussed, this laser cutting condition promoted the formation of enlarged kerf and, in combination with the highest level of cutting speed, ensured high productivity. Again, as in the previous case study, absolute agreement for the best laser cutting condition was achieved by all the considered MCDM methods.




4.1.5. Case Study 5


In this case study, the environmental aspect was given the highest priority; thus, a weighting coefficient of 0.7 was assigned to Eco-Score. The weighting coefficients used in scenario 5 are given in Table 11.



The rankings of the three best and three worst assessed laser cutting conditions obtained using the proposed RDMR methodology for this case study are given in Table 12.



As can be observed from Table 12, the laser cutting conditions realized in experimental trials 5 and 22 once again turned out to be the most favorable, while the laser cutting conditions realized in experimental trials 13, 8, and 15 were ranked as the least preferred. Based on the analysis of the laser cutting conditions, one can observe that the cutting speed, assist gas pressure, and focus position were the determining factors with regards to the environmental impact, while the impact of laser power was less pronounced. As analyzed and discussed by Kellens et al. [67], there exists a linear relationship between the input power levels in the cutting mode and laser output power. Thus, the change in the laser power level, less than 0.5 kW in the present analysis, resulted in small differences with respect to the total environmental impact. Here, it should be noted that for the total Eco-Score, which was on average 1509 mPts, 749 mPts (49%) counted for energy consumption, 461 mPts (31%) counted for consumed assist gasses, and 299 mPts (20%) counted for generated waste. The results of Duflou et al. [54], related to the assessment of the environmental impact of 1 h of cutting on a 5 kW CO2 laser machine, reported an impact score of 1991 mPts with similar shares of perceived contributors.





4.2. Justification of the Applied Approach


The practical reason for proposing the RDMR methodology for the assessment and selection of laser cutting conditions is demonstrated in the example of case study 1 by comparing the full final rankings of alternatives (experimental trials) obtained by the application of all the considered MCDM methods. It has to been noted that the same observations could also be shown for other case studies.



In order to compare and assess the extent of agreement among the obtained final ranking lists, a statistical ranking comparison based on Kendall’s (τ) and Spearman’s (ρ) rank correlation coefficients [68] was performed. Kendall’s and Spearman’s rank correlation coefficients can have values in the range −1 to +1, where higher values indicate a stronger negative or positive correlation, respectively. The statistical ranking comparison of the final rankings obtained using all the considered MCDM methods and the applied RDMR methodology is given in Table 13.



The results from Table 13 clearly indicate that when applied to the same laser cutting decision-making problem, in this case of the assessment of 25 different laser cutting conditions, the considered MCDM methods produced different rankings, i.e., there were no values of τ and ρ statistics equal to 1 for any pair of MDCM methods. Actually, since there were no identical rankings of all of the laser cutting conditions, it means that the results of the application of a certain MCDM method for ranking a competitive set of laser cutting conditions may not necessarily be in agreement with another MCDM method. It is believed that such uncertainty, regarding the possible inconsistency of rankings and subsequent adjustment of laser cutting conditions based on the ranking results can be overcome with the application of the proposed RDMR. If one considers the summary values of the τ and ρ statistics, for each considered MCDM method and the proposed methodology, it can be observed that the decision-making process, based on the application of the RDMR methodology, ensured the highest level of ranking consistency.




4.3. Modeling of the RDMR


The final ranking list in all case studies was based on the use of S/N values, taking into account six decision rules of the considered MCDM methods and attributed values of different cutting conditions with regard to the selected criteria. For practical application of the RDMR, it is of utmost importance to predict the S/N value that corresponds to an arbitrarily chosen laser cutting condition, i.e., a particular combination of the laser cutting parameter values. For example, for case study 1, one can derive the following mathematical model:


S/N = −56.959 − 185.939·P − 90.908·v + 27.311·p − 25.537·f + 45.604·P2 + 10.956·v2 − 0.199·p2 + 3.862·f2 + 42.042·P·v − 7.103·P·p − 1.947·P·f − 3.651·v·p − 13.955·v·f + 5.919·p·f,



(5)







From the ANOVA analysis, the low probability value (p = 0) of the derived model, the coefficient of multiple determination of R2 = 0.952, and the lack of fit value of 0.303 confirmed the statistical validity of the model [69]. Thus, by using the developed mathematical model, one can evaluate certain alternative laser cutting conditions, i.e., particular combinations of laser power, cutting speed, assist gas pressure, and focus position. Moreover, with the optimization of the developed mathematical model one can determine the most desirable laser cutting conditions within the covered experimental hyper-space. Thus, in contrast to the classical use of MCDM methods for the assessment of alternative solutions and the selection of the best solution, from the initial set of pre-known solutions contained in the decision matrix, modeling and optimization of S/N allows for searching for the best solution within the entire covered experimental hyper-space. It is believed that the possibility to model the decision-making rule, in this case RDMR, is of great practical importance, since once the decision-making mathematical model is available, one can use it as an objective function in the formulation of different single- and multi-objective optimization problems with or without constraints.




4.4. Sensitivity Analysis


Sensitivity analysis is a method based on the determination of partial derivatives of a mathematical model with respect to independent variables [70,71]. Upon the definition of the mathematical model for the approximation of the RDMR, the sensitivity analysis method was then applied in order to determine the most influential laser cutting parameters with respect to the resulting S/N value. In other words, the goal was to identify which parameters, for pre-defined conditions, determine the final ranking to the greatest extent. In this regard, the sensitivity models for S/N with respect to laser power, cutting speed, assist gas pressure, and focus position were obtained as follows:


(∂S/N)/∂P = −185.939 + 91.208·P + 42.042·v−7.103·p−1.947·f,



(6)






(∂S/N)/∂v = −90.908 + 21.912·v + 42.042·P−3.651·p−13.955·f,



(7)






(∂S/N)/∂p = 27.311−0.398·p−7.103·P−3.651·v + 5.919·f,



(8)






(∂S/N)/∂f = −25.537 + 7.724·f−1.947·P−13.955·v + 5.919·p,



(9)







With respect to laser cutting conditions corresponding to each experimental trial, the sensitivities for laser cutting parameters were estimated using Equations (6)–(9). The results of the conducted sensitivity analysis are given in Figure 5.



As can be observed from Figure 5, the resulting S/N values were highly sensitive to cutting speed, laser power, and focus position, whereas there was a limited sensitivity with respect to the assist gas pressure. For all laser cutting conditions, the sensitivities of cutting speed were positive and the sensitivities of the assist gas pressure were negative. This indicates that the resulting S/N value increases with an increase in the cutting speed and decreases with an increase in the assist gas pressure. In the case of the focus position, the sensitivities were mostly negative, whereas in the case of laser power, the sensitivity values were partially negative and positive. This indicates that for most laser cutting conditions, the resulting S/N value will increase with the decrease in the focus position. The changing nature of the effect of laser power on the resulting S/N value indicates the complexity of the laser cutting process in which the effect of a particular parameter on the selected performance may vary considerably with respect to the settings of other process parameters. Thus, for a given focus position and combination of assist gas pressure and cutting speed, one should use lower laser power levels, while for some other cutting conditions, it would be beneficial to use higher laser power levels. Thus, it turns out that modeling and optimization studies are inevitable in laser cutting so as to perceive the synergistic and interaction effects of process parameters on a number of process performances that describe the laser cutting process. As previously noted by Russo Spena [8], laser cut quality characteristics are predominantly affected by the interactions of process parameters.



It should be noted that the conducted sensitivity analyses were performed for case study 1 and that the observed relations and sensitivities may change upon using a different set of criteria weights.




4.5. Comparison with the Classical Multi-Objective Optimization


In the present study, an additional attempt was also made to compare the results of the proposed RDMR methodology and classical multi-objective optimization based on the use of the desirability function approach (DFA) [72]. For comparison purposes, the results from case study 1 were considered. It can be shown that using DFA-based multi-objective optimization leads to the laser cutting conditions realized in experimental trials 22 and 5, having composite desirability values of 0.78 and 0.74. On the other hand, the laser cutting condition realized in experimental trial 15 had the composite desirability value of 0. In deriving these optimization results in the DFA, the shapes of the individual desirability functions were determined using criteria weights in accordance with Table 3. Therefore, these results indicate good agreement of the optimization results with respect to the differentiation of the best and worst alternative laser cutting conditions.





5. Conclusions


The present study introduced a novel methodology for the comprehensive assessment of multiple cutting performances and selection of laser cutting conditions by the development of an RDMR through the integration of multiple decision rules from different MCDM methods and by using Taguchi’s S/N ratios. Based on the analysis of results obtained while solving the comprehensive laser cutting MCDM model with five different sets of criteria weights, conducted sensitivity analyses and comparison with the results of classical desirability-based multi-objective optimization, the following observations and conclusions can be summarized:




	
The resulting Kendall’s and Spearman’s rank correlation coefficients indicate that different MCDM methods, when applied to the same laser cutting decision-making problem, produce different rankings and that the application of RDMR ensures the highest overall summary values, which justified the proposed methodology for ensuring the determination of the laser cutting conditions with the highest level of consistency with the majority of the considered MCDM methods;



	
Laser cutting parameters in different laser cutting conditions may have variable effect on the resulting S/N values, indicating the complexity of the laser cutting process in which the effect of a particular parameter on the selected performance may vary considerably with respect to the settings of other process parameters;



	
For the example of case study 1, the possibility of an explicit representation of the RDMR using a second-order nonlinear mathematical model was demonstrated. This subsequently enabled the assessment of arbitrarily chosen laser cutting conditions, i.e., a particular set of laser cutting parameter values with respect to different performances. With respect to the partial derivatives of the developed RDMR mathematical model, the possibility of the application of sensitivity analysis was illustrated in order to determine the most influential laser cutting parameters. Moreover, the explicit representation of the RDMR mathematical model for comprehensive assessment of laser cutting conditions enabled its use as an objective function in the formulation of different laser cutting optimization problems with practical constraints;



	
It is worth noting that, in comparison with classical multi-objective optimization of the laser cutting process, the proposed methodology can be efficiently used for the assessment of laser cutting conditions and performance in situations when there are both quantitative and qualitative assessments of laser cutting results;



	
The generality of the proposed methodology allows for its application in the comprehensive assessment of multiple performances in machining and selection of the most appropriate cutting regimes and mechanical cutting tools.








One of the main future research scopes is the use of fuzzy MCDM methods for the development of RDMR, since these methods enable the consideration of qualitative assessments or linguistic attributes, thus further allowing for a more convenient handling of imprecise and uncertain data.
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Figure 1. CO2 laser cutting machine used in the experiment. 
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Figure 2. AISI 304 stainless-steel specimen obtained after laser cutting: (a) top view; (b) side view. 
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Figure 3. An example of a surface roughness profile obtained in an experimental trial. 
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Figure 4. Laser cut edge corresponding to the following laser cutting conditions: P = 1.8 kW; v = 2.5 m/min; p = 12 bar; and f = −2.5 mm. 
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Figure 5. The resulting S/N sensitivities of the different process parameters. 
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Table 1. Details of controllable and constant parameters used in the experiment.
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Controllable Parameters

	
Unit

	
Level




	
−1

	
0

	
1






	
Laser power, P

	
kW

	
1.6

	
1.8

	
2




	
Cutting speed, v

	
m/min

	
2

	
2.5

	
3




	
Nitrogen pressure, p

	
bar

	
9

	
10.5

	
12




	
Focus position, f

	
mm

	
−2.5

	
−1.5

	
−0.5




	
Constant Parameters

	

	

	

	




	
Nozzle stand-off distance

	
mm

	
1




	
Nozzle type

	
-

	
High pressure




	
Nozzle diameter

	
mm

	
2




	
Focal length

	
mm

	
127




	
Nitrogen purity

	
%

	
99.95
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Table 2. Developed comprehensive laser cutting MCDM model.
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	Trial
	P

(kW)
	v

(m/min)
	p

(bar)
	f

(mm)
	Kw

(mm)
	Rz5

(μm)
	u

(mm)
	b

(mm)
	C

(EUR/h)
	MRR

(mm3/min)
	Eco-Score

(mPts)





	1
	1.6
	2
	10.5
	−1.5
	0.40
	8.43
	0.032
	1.5
	70.07
	2400
	1509



	2
	2
	2
	10.5
	−1.5
	0.44
	5.57
	0.315
	1.25
	70.18
	2620
	1544



	3
	1.6
	3
	10.5
	−1.5
	0.36
	7.72
	0.262
	1.1
	70.07
	3240
	1478



	…
	…
	…
	…
	…
	…
	…
	…
	…
	…
	…
	…



	9
	1.6
	2.5
	10.5
	−2.5
	0.48
	9.12
	0.063
	0
	70.07
	3575
	1466



	10
	2
	2.5
	10.5
	−2.5
	0.49
	6.97
	0.062
	0
	70.18
	3650
	1507



	11
	1.6
	2.5
	10.5
	−0.5
	0.37
	8.36
	0.200
	1.3
	70.07
	2750
	1496



	…
	…
	…
	…
	…
	…
	…
	…
	…
	…
	…
	…



	17
	1.6
	2.5
	9
	−1.5
	0.39
	11.42
	0.043
	1.4
	59.70
	2900
	1445



	18
	2
	2.5
	9
	−1.5
	0.44
	7.70
	0.288
	1.4
	59.82
	3300
	1474



	19
	1.6
	2.5
	12
	−1.5
	0.35
	9.04
	0.097
	1.1
	80.30
	2625
	1546



	…
	…
	…
	…
	…
	…
	…
	…
	…
	…
	…
	…



	27
	1.8
	2.5
	10.5
	−1.5
	0.41
	9.20
	0.212
	1.5
	70.12
	3050
	1507



	28
	1.8
	2.5
	10.5
	−1.5
	0.37
	10.10
	0.263
	1
	70.12
	2750
	1518



	29
	1.8
	2.5
	10.5
	−1.5
	0.40
	7.80
	0.290
	1.25
	70.12
	2975
	1510
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Table 3. Relative importance of the considered criteria in case study 1.






Table 3. Relative importance of the considered criteria in case study 1.





	Criterion
	Kw
	Rz
	u
	b
	C
	MRR
	Eco-Score





	Relative importance, wj
	0.03125
	0.03125
	0.0625
	0.125
	0.25
	0.25
	0.25
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Table 4. Rankings of the alternative laser cutting conditions according to different MCDM methods and RDMR—case study 1.






Table 4. Rankings of the alternative laser cutting conditions according to different MCDM methods and RDMR—case study 1.





	Trial
	P (kW)
	v (m/min)
	p (bar)
	f (mm)
	ARAS
	COPRAS
	MOORA
	VIKOR
	TOPSIS
	WASPAS
	S/N
	RDMR





	22
	1.8
	3
	10.5
	−2.5
	1
	1
	1
	4
	1
	2
	−13.84
	1



	5
	1.8
	2.5
	9
	−2.5
	3
	2
	2
	1
	3
	1
	−15.4
	2



	4
	2
	3
	10.5
	−1.5
	2
	3
	3
	6
	2
	3
	−24.71
	3



	…
	…
	…
	…
	…
	…
	…
	…
	…
	…
	…
	…
	…



	23
	1.8
	2
	10.5
	−0.5
	28
	27
	27
	24
	27
	27
	−65.69
	27



	8
	1.8
	2.5
	12
	−0.5
	27
	28
	28
	28
	28
	28
	−66.53
	28



	15
	1.8
	2
	12
	−1.5
	29
	29
	29
	29
	29
	29
	−67.35
	29
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Table 5. Relative importance of the considered criteria in case study 2.






Table 5. Relative importance of the considered criteria in case study 2.





	Criterion
	Kw
	Rz
	u
	b
	C
	MRR
	Eco-Score





	Relative importance, wj
	0.0875
	0.0875
	0.175
	0.35
	0.1
	0.1
	0.1
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Table 6. Rankings of the alternative laser cutting conditions according to different MCDM methods and RDMR—case study 2.






Table 6. Rankings of the alternative laser cutting conditions according to different MCDM methods and RDMR—case study 2.





	Trial
	P (kW)
	v (m/min)
	p (bar)
	f (mm)
	ARAS
	COPRAS
	MOORA
	VIKOR
	TOPSIS
	WASPAS
	S/N
	RDMR





	5
	1.8
	2.5
	9
	−2.5
	1
	1
	1
	1
	2
	1
	−4.05
	1



	10
	2
	2.5
	10.5
	−2.5
	3
	3
	3
	3
	3
	3
	−21.97
	2



	22
	1.8
	3
	10.5
	−2.5
	2
	4
	2
	2
	4
	4
	−23.03
	3



	…
	…
	…
	…
	…
	…
	…
	…
	…
	…
	…
	…
	…



	2
	2
	2
	10.5
	−1.5
	24
	28
	25
	17
	26
	18
	−63.02
	27



	15
	1.8
	2
	12
	−1.5
	29
	23
	24
	29
	18
	29
	−64.9
	28



	8
	1.8
	2.5
	12
	−0.5
	27
	29
	29
	28
	29
	28
	−66.89
	29
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Table 7. Relative importance of considered criteria in case study 3.






Table 7. Relative importance of considered criteria in case study 3.





	Criterion
	Kw
	Rz
	u
	b
	C
	MRR
	Eco-Score





	Relative importance, wj
	0.0125
	0.0125
	0.025
	0.05
	0.7
	0.1
	0.1
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Table 8. Rankings of the alternative laser cutting conditions according to different MCDM methods and RDMR—case study 3.






Table 8. Rankings of the alternative laser cutting conditions according to different MCDM methods and RDMR—case study 3.





	Trial
	P (kW)
	v (m/min)
	p (bar)
	f (mm)
	ARAS
	COPRAS
	MOORA
	VIKOR
	TOPSIS
	WASPAS
	S/N
	RDMR





	5
	1.8
	2.5
	9
	−2.5
	1
	1
	1
	1
	1
	1
	0
	1



	14
	1.8
	3
	9
	−1.5
	6
	2
	2
	2
	2
	5
	−25.52
	2



	22
	1.8
	3
	10.5
	−2.5
	2
	4
	3
	7
	7
	2
	−30.83
	3



	…
	…
	…
	…
	…
	…
	…
	…
	…
	…
	…
	…
	…



	19
	1.6
	2.5
	12
	−1.5
	25
	27
	27
	26
	27
	27
	−65.55
	27



	8
	1.8
	2.5
	12
	−0.5
	27
	29
	29
	28
	29
	28
	−66.89
	28



	15
	1.8
	2
	12
	−1.5
	29
	28
	28
	29
	28
	29
	−67
	29
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Table 9. Relative importance of the considered criteria in case study 4.






Table 9. Relative importance of the considered criteria in case study 4.





	Criterion
	Kw
	Rz
	u
	b
	C
	MRR
	Eco-Score





	Relative importance, wj
	0.0125
	0.0125
	0.025
	0.05
	0.1
	0.7
	0.1
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Table 10. Rankings of the alternative laser cutting conditions according to different MCDM methods and RDMR—case study 4.






Table 10. Rankings of the alternative laser cutting conditions according to different MCDM methods and RDMR—case study 4.





	Trial
	P (kW)
	v (m/min)
	p (bar)
	f (mm)
	ARAS
	COPRAS
	MOORA
	VIKOR
	TOPSIS
	WASPAS
	S/N
	RDMR





	22
	1.8
	3
	10.5
	−2.5
	1
	1
	1
	1
	1
	1
	0
	1



	4
	2
	3
	10.5
	−1.5
	2
	2
	2
	2
	2
	5
	−20.15
	2



	5
	1.8
	2.5
	9
	−2.5
	3
	3
	3
	3
	3
	2
	−21
	3



	…
	…
	…
	…
	…
	…
	…
	…
	…
	…
	…
	…
	…



	8
	1.8
	2.5
	12
	−0.5
	27
	27
	27
	27
	27
	27
	−65.92
	27



	23
	1.8
	2
	10.5
	−0.5
	28
	28
	28
	28
	28
	28
	−66.64
	28



	15
	1.8
	2
	12
	−1.5
	29
	29
	29
	29
	29
	29
	−67.35
	29
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Table 11. Relative importance of considered criteria in case study 5.






Table 11. Relative importance of considered criteria in case study 5.





	Criterion
	Kw
	Rz
	u
	b
	C
	MRR
	Eco-Score





	Relative importance, wj
	0.0125
	0.0125
	0.025
	0.05
	0.1
	0.1
	0.7
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Table 12. Rankings of the alternative laser cutting conditions according to different MCDM methods and RDMR—case study 5.






Table 12. Rankings of the alternative laser cutting conditions according to different MCDM methods and RDMR—case study 5.





	Trial
	P (kW)
	v (m/min)
	p (bar)
	f (mm)
	ARAS
	COPRAS
	MOORA
	VIKOR
	TOPSIS
	WASPAS
	S/N
	RDMR





	5
	1.8
	2.5
	9
	−2.5
	2
	1
	1
	1
	2
	1
	−6.93
	1



	22
	1.8
	3
	10.5
	−2.5
	1
	2
	2
	4
	1
	2
	−16.1
	2



	9
	1.6
	2.5
	10.5
	−2.5
	5
	3
	3
	5
	3
	3
	−26.63
	3



	…
	…
	…
	…
	…
	…
	…
	…
	…
	…
	…
	…
	…



	23
	1.8
	2
	10.5
	−0.5
	28
	27
	27
	22
	27
	27
	−65.47
	27



	8
	1.8
	2.5
	12
	−0.5
	27
	29
	29
	28
	29
	28
	−66.89
	28



	15
	1.8
	2
	12
	−1.5
	29
	28
	28
	29
	28
	29
	−67
	29
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Table 13. Kendall’s and Spearman’s rank correlation coefficients for case study 1.






Table 13. Kendall’s and Spearman’s rank correlation coefficients for case study 1.





	

	
Rank Correlation Coefficients

	
ARAS

	
COPRAS

	
MOORA

	
VIKOR

	
TOPSIS

	
WASPAS

	
RDMR






	
ARAS

	
τ

	
1.000

	
0.695

	
0.700

	
0.626

	
0.749

	
0.778

	
0.773




	
ρ

	
1.000

	
0.867

	
0.865

	
0.726

	
0.900

	
0.899

	
0.926




	
COPRAS

	
τ

	
0.695

	
1.000

	
0.956

	
0.478

	
0.906

	
0.759

	
0.833




	
ρ

	
0.867

	
1.000

	
0.994

	
0.633

	
0.975

	
0.897

	
0.952




	
MOORA

	
τ

	
0.700

	
0.956

	
1.000

	
0.483

	
0.892

	
0.764

	
0.847




	
ρ

	
0.865

	
0.994

	
1.000

	
0.648

	
0.962

	
0.908

	
0.958




	
VIKOR

	
τ

	
0.626

	
0.478

	
0.483

	
1.000

	
0.502

	
0.650

	
0.635




	
ρ

	
0.726

	
0.633

	
0.648

	
1.000

	
0.630

	
0.771

	
0.787




	
TOPSIS

	
τ

	
0.749

	
0.906

	
0.892

	
0.502

	
1.000

	
0.754

	
0.818




	
ρ

	
0.900

	
0.975

	
0.962

	
0.630

	
1.000

	
0.890

	
0.948




	
WASPAS

	
τ

	
0.778

	
0.759

	
0.764

	
0.650

	
0.754

	
1.000

	
0.867




	
ρ

	
0.899

	
0.897

	
0.908

	
0.771

	
0.890

	
1.000

	
0.960




	
RDMR

	
τ

	
0.773

	
0.833

	
0.847

	
0.635

	
0.818

	
0.867

	
1.000




	
ρ

	
0.926

	
0.952

	
0.958

	
0.787

	
0.948

	
0.960

	
1.000




	
Sum

	
τ

	
5.320

	
5.626

	
5.640

	
4.374

	
5.621

	
5.571

	
5.773




	
Ρ

	
6.181

	
6.318

	
6.335

	
5.195

	
6.303

	
6.324

	
6.530
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