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Abstract 

Excellent characteristics of multi-walled carbon nanotubes (MWCNTs), such as higher 

toughness and stiffness, enlarged strength, and high thermal conductivity, make them an 

attractive choice to improve surface characteristics and machining performance. In the current 

study, MWCNTs mixed with dielectric fluid in the wire electrical discharge machining 

(WEDM) process was used to enhance the machining performance of Nitinol shape memory 

alloy (SMA). Significance of WEDM machining variables such as current, pulse-on time (Ton), 

pulse-off time (Toff), and variation in powder concentration of MWCNTs are studied on 

material removal rate (MRR) and surface roughness (SR). The addition of MWCNTs 

substantially improves the machining performance by increasing MRR and simultaneously 

reducing the SR. Improvement in the MRR of 75.42% and SR of 19.15% is achieved with the 

use of MWCNTs at 1 g/L in comparison to the conventional WEDM process. An advanced 

parameterless TLBO algorithm is used for simultaneous optimization of multiple responses. 

An advanced parameterless TLBO algorithm is used to find the optimal solution of multiple 

responses. Single objective optimization result has yielded maximum MRR of 0.5262 g/min at 

a current of 5 A, Ton 110 µs, Toff 1 µs and MWCNTs amount of 1 g/L while minimum SR of 

1.27 µm at a current of 1 A, Ton 1 µs, Toff 24 µs and MWCNTs amount of 1 g/L. MOTLBO 

algorithm is used for simultaneous optimization of MRR and SR. Lastly, the surface integrity 

of machined surfaces using a field emission scanning electron microscope (FESEM) is also 
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studied to evaluate the effect of MWCNTs on recast layer thickness (RLT) and other surface 

defects. The incorporation of MWCNTs has shown a substantial reduction in RLT and other 

surface defects such as reduction in globules of debris, melted material deposition, micro-

crack-free, and micro-pores-free surfaces.  

Keywords: Multi-walled carbon nanotubes (MWCNTs), Wire electrical discharge machining 

(WEDM), Teaching-learning based optimization (TLBO), Analysis of variance (ANOVA), 

NITINOL, Shape memory alloy (SMA)  

1. Introduction 

In recent times, various new material systems have been developed, among all metals 

and bimetallic materials have played a crucial role in various fields like dye synthesized solar 

cells [1, 2], SERS [3, 4], water splitting and sensing, etc [5-7]. Various metals show different 

surface, catalytic, and magnetic properties. In the case of bimetallic alloy, if the alloy or solid 

preparation is tuned, their properties can be utilized more efficiently for the sensing application. 

Furthermore, if the size of the alloy is brought to the nanometre scale, they possess unique 

physicochemical properties [8]. Modifying one of the alloy’s metals changes the thermal, 

catalytic, and electrochemical properties [9]. Semiconductor developed over such bimetallic 

alloy’s configuration can be efficacious for electrochemical sensors and energy harvesting 

applications [8-10]. Shape memory alloys (SMAs) are one such bimetallic material, memorizes 

their initial shape even after plastic deformation when heated at a particular temperature [11, 

12]. SMAs can be imparted to remember various shapes over different temperatures. SMAs 

memorize their initial shape through deformation at high temperatures. Material deformed in 

the martensite phase can return to its original shape when heated to a temperature above 

austenite finish temperature [13, 14]. The important characteristics of SMAs such as shape 

memory effect and pseudoelasticity have resulted in a vast range in advanced implementations 

majorly in the area of medical science [15-18]. Apart from the medical field, SMAs were used 

in various fields, such as aerospace, automotive, robotics, sensors, actuators, manufacturing 

industries, etc. [19-21]. A Swedish scientist Arne Ölander firstly discovered this material in 

1962 [22]. He found shape memory effect (SME) in Au-Cd alloy. Over the years, SME was 

discovered in some of the other alloys as well such as Co-Al, Cu-Sn, Fe-Mn-Si, Zr-Cu, Cu-Al-

Ni, etc [23, 24]. However, the instability and poor thermo-mechanic performance of these 

copper and iron-based SMAs have restricted their applications in certain areas [24]. Nickel-

titanium-based SMAs are more suitable for most applications, such as automotive sensors, air 
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conditioning vents, structural elements, electronic cable connectors, valves, aerospace, 

actuators, oil industries, automobile, robotics, and MEMS devices [25-28]. Nitinol is one of 

the most significant intermetal binary combinations of SMA. Nitinol is a binary alloy that has 

a nearly equal composition of nickel-titanium. Nitinol is known for its astonishing property of 

SME, biocompatibility and superelasticity [29]. Characteristics of Nitinol alloy give an insight 

into the processes that the SMA undergoes during machining. Nickel-based alloys have an 

austenitic matrix due to which they harden rapidly during machining. The other factors and 

properties that provide hindrance in the machining of SMA are pseudoelasticity and high 

ductility of Nitinol. Multiple reasons that impede the conventional machining of SMA include 

the amount of time needed for operation, a reduction in cutting efficiency, increased tool wear 

and poor surface quality [30-32]. Its high hardness, ductility and chemical reactivity make it 

challenging to process with traditional methods [33, 34]. Thus, non-traditional techniques are 

highly suitable for SMAs and, in particular, Nitinol. To achieve geometrical accuracy and a 

high production rate with good surface integrity of the machined surface is essential for SMA 

components for the manufacturing of biomedical instruments, aircraft, and robotics 

components. Researchers must find a different way to achieve them. 

WEDM is an advanced non-traditional thermal manufacturing technique that is 

efficient in producing different parts with great accuracy and on materials having varying 

hardness and complex shapes, which is strenuous to operate using traditional machining 

methods [35-39]. For multiple response variables, conflicting situations arise between the 

selected responses. For example, pulse-on time (Ton) increases MRR considerably and, 

simultaneously, it also increases SR. An increase in SR of the machined surfaces is not 

desirable. One approach to finding a solution for multi-objective optimization involving 

conflicting objectives is to convert them into a single-objective optimization [15, 36]. However, 

the weighted approach cannot be considered as a global solution, as the selection of the weights 

assigned to the objective function is dependent on designers and application and is susceptive 

to variations. To counter this, it has been proposed to probe a set of solutions that suffice the 

objective function. Also, these sets of solutions are non-dominated by other solutions and can 

hence be termed as non-dominated solutions. This non-dominated set of solutions is termed the 

Pareto front. These fronts are a trade-off between two conflicting objectives. Such problems 

can be solved by using meta-heuristics-based optimization techniques. Researchers have 

developed various efficient advanced optimization techniques, which have shown their 

effectiveness in optimizing process parameters for EDM processes. Some of these techniques 
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include simulated annealing (SA), genetic algorithm (GA) and its variants for multi-objective 

optimization, particle swarm optimization (PSO), artificial ant colony optimization (AACO), 

artificial bee colony optimization (ABCO), etc. These are nature-based optimization 

techniques. These algorithm techniques work beneath algorithm-specific assigned values. 

Specific control of these parameters will dictate the performance of those algorithms for 

optimization. To solve this, researchers have developed some advanced algorithms which do 

not require the tuning of algorithm-specific parameters. TLBO is one such algorithm that is 

found to be easy to implement. TLBO algorithm was found to be useful for solving complex 

[40]. TLBO works on the principle of teaching and learning activities in a classroom.  

WEDM technique has numerous process variables which needed to be controlled to 

acquire a better surface [41-44]. Along with better surface integrity, higher productivity is also 

a key requirement of any industry that can be obtained by increasing MRR and simultaneously 

decreasing SR. Machined components using WEDM process usually forms micro-cracks, heat-

affected zone and also consist of the formation of recast layer thickness (RLT) [45, 46]. This 

in turn alters the microstructure and leads to the poor surface finish of the machined component 

[46]. These machining difficulties can be solved by using appropriate nano-powder in the 

dielectric fluid. Process capabilities of the WEDM process can be significantly improved by 

using nano-powder-mixed dielectric fluid [47]. The inclusion of the particle in dielectric fluid 

decreases the breakdown strength and improves the ignition mechanism by improving spark 

discharge [48]. This in turn increases the cutting ability of the process. The conductive nature 

of the powders, on the other hand, increases the spark difference, resulting in a better surface 

finish after lowering the heat energy [48]. The addition of optimal particles into the dielectric 

plays an essential role, and the excess addition may cause machining instability as well as an 

arcing problem [46]. Overabundance powder in the fluid, on the other hand, causes a bridging 

effect and deterioration of the machined surface [47, 49].  

To obtain higher productivity and good surface characteristics, use of nano-powder 

concentration has become popular amongst the researcher in recent times. Researchers have 

used various powder concentrations such Ti, Al, Si, SiC, Mo, Cu, W, Cr, Cr, TiC, CNT, and 

Gr for the EDM process [24, 48, 50-52]. Powder size, powder concentration, powder density, 

the thermal and electrical conductivity of powder play a very important role to have a 

significant effect on process characteristics [53]. Excellent characteristics of carbon nanotubes 

(CNTs), such as high thermal conductivity, excellent mechanical and electrical properties, 

lower specific gravity, higher toughness and stiffness, and enlarged strength, make them useful 
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to increase machining performance and surface quality [49, 54, 55]. This ensures the uniform 

dispersion of CNTs into the dielectric fluid. The electrical and thermal properties of the 

dielectric fluid can be effectively enhanced by using the unique properties of CNTs [56, 57]. 

This in turn will improve the performance of the output variables. The carbon nanomaterial 

with a helix structure can be categorized into single-walled CNTs and multi-walled CNTs. 

MWCNTs are more preferable as it has multiple concentric graphene layers, due to which it 

leads to the enhanced chemical and thermal stability in comparison to SWCNTs [49]. 

Additional benefits of MWCNTs include higher corrosion resistance and higher strength. 

Moreover, the processing cost of MWCNTs is as they are produced on a mass production basis 

[49].    

Sari et al. [58] used MWCNTs for improving the capabilities of the EDM process for AISI 

H13 tool steel. Their obtained results have shown that the use of MWCNTs amount improves 

the machining performance in comparison to the conventional EDM process. Improved TWR 

and MRR, lower recast layer, and a better surface finish have been observed after adding 

MWCNTs in dielectric fluid and keeping machining parameter settings at low discharge 

energies. M Patel et al. [59] used hybrid Taguchi-CRITIC-utility and Taguchi-PCA-utility 

methods as an optimization technique for the performance of HcHcr steel by using different 

electrodes and dielectric fluids. Higher MRR, lower SR, and TWR have been observed with 

graphite electrodes after the implementation of the optimization technique. Kumar et al. [60] 

analyzed the machining of Inconel 825 based on NPMEDM and conventional EDM processes. 

As compared to the conventional dielectric, PMEDM had a superior surface condition and an 

improved rate of material removal. MRR raised from 32.75 to 47 mg/min, while SR value 

lowered to 1.487 μm from 2.245 μm. A review study conducted by Gupta et al. [61]  showed 

that powder mixed dielectric fluid has shown better machining of titanium alloys. Md Al-Amin 

et al. [54] reported multi-response optimization of EDM variables using MWCNTs amount for 

the machining of 316L steel. Taguchi’s design has been employed by considering current, Ton, 

duty cycle, and powder concentration as variables and MRR, SR, and RLT as output responses. 

Obtained results show that MRR was increased and SR was decreased with an increase in 

MWCNTs concentration. The highest MRR of 42.25 mg/min was obtained at Ton of 16 μs, 

current of 10 A, MWCNTs concentration of 1 g/L and duty cycle of 45%. Lowest SR and RLT 

of 1.58 μm and 5.243 μm were observed at Ton of 8 μs, current of 5 A, MWCNTs concentration 

of 0.7 g/L, and duty cycle of 45%, respectively. A thin RLT with shallow craters was obtained 

with the use of MWCNTs. In another study conducted by Shabgard et al. [62], the influence of 
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CNTs PMEDM on MRR and TWR was studied for Ti6Al4V. SEM analysis has revealed that 

the length and size micro-cracks on machined part has been greatly reduced after the addition 

of CNsT powder concentrations. An increase in MRR and reduction in TWR were also 

observed due to the addition of CNTs in dielectric fluid. Jadam et al. [49] analyzed the effect 

of PMEDM of Inconel 718 on TWR, MRR, and surface integrity of the machined surfaces. 

MWCNTs powder concentration along with discharge current was considered as input 

variables. Exceptional thermos-physical properties of CNTs have shown a reduction in surface 

defects such as recast layer, surface cracks, globules of debris, and melted material deposition. 

Izman et al. [63] used MWCNTs into dielectric fluid during the EDM machining of Ti6Al4V. 

Ton, Toff, and current were considered as machining parameters for the output response variables 

of MRR and SR. Experimental performances of Ti6Al4V with and without adding MWCNTs 

were compared and a significant improvement of 7% and 9 % was observed in the value of 

MRR and SR respectively. RLT of the machined component was also observed to be reduced 

after the addition of MWCNTs into the dielectric fluid. From the past literature, the effect of 

MWCNTs mixed with dielectric fluid has been explored more on steels and other familiar 

alloys. However, to the best of authors’ knowledge, multi-response optimization of MWCNTs 

mixed dielectric fluid for WEDM process parameters using TLBO technique has not yet been 

reported for Nitinol SMA. 

In the current study, a comprehensive study of MWCNTs into the dielectric fluid for the 

machining of Nitinol SMA has been reported by considering current, Ton, Toff, and powder 

concentration as machining variables. The effect of these machining variables has been studied 

in detail on output variables such as MRR and SR. Taguchi’s 4 levels L16 array was selected 

to perform the experiments. ANOVA technique was employed to know the adequacy and 

influence of input parameters on output responses. An advanced parameterless TLBO 

algorithm was used to obtain the optimal solution of multiple responses. In addition, the surface 

integrity of machined surfaces was accomplished by FESEM to know the effect of MWCNTs 

on RLT and other surface defects. 

2. Materials and methods 

2.1 Preparation of MWCNTs 

Polyethylene glycol, ethanol (C2H5OH), and sodium hydroxide (NaOH) were purchased from 

Merck Inc. and 18.2 mΩ cm distilled water was used throughout the experiments without any 

modification. To synthesize multiwall carbon nanotubes (MWCNTs), 1 g polyethylene glycol, 
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40 ml ethanol, 4 g sodium hydroxide, and 5 ml distilled water were added and vigorously stirred 

in a 100 ml flask for 60 min. The mixture was then transferred to a 100 ml sealed autoclave 

and kept at several temperatures from 120 °C-200 °C with an interval of 40 °C for 24 h in a 

furnace and cooled naturally. The resultant product was centrifuged and washed 5-6 times with 

distilled water and ethyl alcohol till the pH = 7 was achieved and dried in a vacuum oven at 75 

°C for overnight (12 h). The morphological and structural studies of synthesized MWCNTs 

were carried out using FESEM (ULTRA 55 Carl Zeiss), TEM (JEOL 2100), and powder XRD 

(Panalytical Xpert Pro), Raman spectroscopy (Renishaw with 532 nm Ar laser). The average 

length and diameter of as-prepared MWCNTs were observed around 5-10 μm and 10-20 nm, 

respectively. 

2.2 Experimental setup and process  

In the current study, Concord makes DK7732 WEDM machine is used to conduct the trials 

using Nitinol rod of diameter 6 mm as work material and molybdenum wire of 0.18 mm 

diameter as an electrode wire. Figure 1 shows the experimental setup used in the present study. 

The chemical composition of Nitinol is shown in Table 1. MWCNTs were added into the 

dielectric fluid in various concentrations during the experiments. In the machined zone, 

MWCNTs mixed dielectric fluid was sprayed through nozzles. Based on recent literature, 

current, Ton, Toff, and MWCNTs powder concentrations were selected as input process 

variables. The vital output parameters such as MRR and SR were considered as output 

responses. Taguchi’s 4 levels L16 array was selected to design the experimental matrix. Table 

2 shows the machining variables at 4 selected levels. The Taguchi-based design offers a robust 

design of experiment (DOE) with the minimum experimental trials to achieve the desired 

responses. Minimum possible trials save experimental time and cost. Minitab 17 software was 

used to develop Taguchi’s L16 (4^4) approach. Table 3 shows the experimental design matrix 

as per Taguchi’s L16 orthogonal array design. To check the repeatability of the experimental 

trials, each trial was repeated 3 times and average values were selected for the analysis purpose. 

Effect of machining variables on response variables, ANOVA, and generation of mathematical 

models was carried out by Minitab software. 
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Figure 1 Experimental setup used in current study [24]. 

Table 1 Chemical composition of Nitinol SMA [24]. 

Element Ti Ni Co Cu Cr Fe Nb C H O N 

Wt (%) Balance 55.78 0.005 0.005 0.005 0.012 0.005 0.039 0.001 0.0344 0.001 

Table 2 Machining variables at various levels. 

Factors Process parameters Unit Levels 

A Current A 2; 3; 4; 5 

B Pulse on time (Ton) µs 20; 40; 60; 80 

C Pulse off time (Toff) µs 5; 10; 15; 20 

D MWCNTs conc. g/L 0; 0.33; 0.66; 1 

Table 3 Taguchi’s L16 OA along with results of output responses of MRR and SR. 

Exp. 

No. 

Current 

(A) 

Ton 

(µs) 

Toff 

(µs) 

MWCNTs conc. 

(g/L) 

MRR 

(g/min) 

SR 

(µm) 

1 2 20 5 0 0.0963 2.53 

2 2 40 10 0.33 0.1756 2.59 

3 2 60 15 0.66 0.2237 2.74 

4 2 80 20 1 0.2351 2.53 

5 3 20 10 0.66 0.1186 2.37 

6 3 40 5 1 0.2890 2.58 
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7 3 60 20 0 0.1175 2.8 

8 3 80 15 0.33 0.2774 3.17 

9 4 20 15 1 0.1445 2.22 

10 4 40 20 0.66 0.1632 2.7 

11 4 60 5 0.33 0.2951 3.22 

12 4 80 10 0 0.2101 3.65 

13 5 20 20 0.33 0.1166 2.33 

14 5 40 15 0 0.1651 3.46 

15 5 60 10 1 0.3650 3.12 

16 5 80 5 0.66 0.3749 3.48 

 

2.3 Measurement of response variables and surface analysis 

MRR was calculated by using the difference in the mass of the work material before and after 

the machining. MRR was evaluated by using equation 1: 

MRR = (ΔM) / Machining time in min.   (1) 

where ΔM is the difference in the mass of the work material before and after the machining.  

SR of the machined surface was analyzed by taking average values of 3 measurements. 

Surface roughness is characterized by the arithmetic mean of packs and valleys of the cut edge 

known as the Ra value. SR value of the machined surface was determined by using Mitutoyo 

make Surftest SJ-410 model. The evaluation length of 5 mm was considered during the 

measurement of SR.  

FESEM was employed to measure the RLT and the surface morphology of the machined 

surface. The machined samples were initially mechanically polished and then chemically 

etched (14 mL HNO3 + 4 mL HF + 82 mL H2O) to avoid burrs. Specimens were then explored 

for the measurement of RLT through the SEM technique. Surface morphology of the machined 

surfaces was carried out to explore the presence of micro-cracks, globules of debris, pores, and 

melted material deposition through the SEM technique.   

2.4 Multi-objective optimization using TLBO algorithm  

TLBO algorithm operates on the principle of teaching and learning activities between a 

teacher and students in a classroom. In TLBO, the population of the solutions is used to find 

the global optimal solution. The population of TLBO is nothing, but the student of the class 
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and the constraints are the various subjects offered to students. The marks gained by the 

students are considered fitness values. Maximum marks secured by a student in the class are 

considered as a teacher. By shifting the mean of the marks obtained by the students, the teacher 

tries to bring the results of the other students to his/her level. TLBO algorithm mainly consists 

of two parts such as teacher phase and the student phase. Learning from the teacher is known 

as the teacher phase while learning using the interaction among the learners is known as the 

student phase. Figure 2 shows the flowchart of the TLBO algorithm. 

The solution is updated in the teacher phase with the reference of the change in the present 

and the new mean 𝐷𝑀𝑗  as: 

𝐷𝑀𝑗 = 𝑟𝑗(𝑀𝑛𝑒𝑤 − 𝑇𝐹𝑀𝑗) (2) 

𝑋𝑛𝑒𝑤,𝑗 = 𝑋𝑜𝑙𝑑,𝑗 + 𝐷𝑀𝑗 (3) 

𝑇𝐹 = 𝑟𝑜𝑢𝑛𝑑[1 + 𝑟𝑎𝑛𝑑(0,1){2 − 1}] (4) 

In Equation 2, 𝑀𝑗 is the mean of the marks at iteration j, 𝑀𝑛𝑒𝑤 is the new mean obtained as 

a teacher at iteration j 𝑇𝑗 moves 𝑀𝑗 to its level, 𝑟𝑗 is any random number from the close interval 

between 0 and 1. Here 𝑇𝐹 is the teaching factor which determines the change in the mean and 

is computed from Equation 4. Equation 3 shows how 𝐷𝑀𝑗  improves the existing solution at 

iteration j denoted by 𝑋𝑜𝑙𝑑,𝑗. 

The student phase is the second phase of the TLBO algorithm. Solutions are improved in 

the student phase by a random interaction between other solutions. Firstly any two random 

solutions from the population say 𝑋𝑗 and 𝑋𝑘 are compared for improving the existing solution 

from 𝑋𝑜𝑙𝑑,𝑗 to 𝑋𝑛𝑒𝑤,𝑗. Then, this procedure is repeated for the entire population as follows: 

𝐼𝑓 𝑓(𝑋𝑗) < 𝑓(𝑋𝑘)  

𝑋𝑛𝑒𝑤,𝑗 = 𝑋𝑜𝑙𝑑,𝑗 + 𝑟𝑗(𝑋𝑗 − 𝑋𝑘) (5) 

Else  

𝑋𝑛𝑒𝑤,𝑗 = 𝑋𝑜𝑙𝑑,𝑗 + 𝑟𝑗(𝑋𝑘 − 𝑋𝑗) (6) 

End  
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Figure 2 Flowchart of TLBO algorithm [64]. 

3. Results and discussion 

3.1 Structural and morphological studies 

The structural analysis of as-synthesized MWCNTs at different temperatures was performed 

using X-ray diffraction profiles as shown in Figure 3(a). The diffraction peaks at 25.2° 43.2°, 

55.4°, and 78.2° correspond to (002), (100), (004) and (101) plane, which can be attributed to 

the interlayer spacing between the graphite layers which are adjacent to each other, respectively 

(JCPDS No. 23-64), having P63/mmc and lattice constant a = 5.66 A˚, c = 6.73 A˚ as a crystallized 

structure. The diffraction peaks observed for various samples indicated that on increasing the 

hydrothermal temperature the formation of nanotubes occurs. On further, increasing the 

temperature above 160 °C, more disordered phases of MWCNTs were observed, which lowers 

the intensity and boarding of the peak. Thus, the pattern confirms the formation of a cylindrical 

shape carbon tube with having wurtzite structure. In addition, Raman spectra were recorded 
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for various samples of MWCNTs, as shown in Figure 3(b). The characteristic peak of graphitic 

bands at 1593 cm-1 with a shoulder peak at 1763 cm-1 was observed for prepared MWCNTs 

samples, which is attributed to the C–C bond in-plane vibration known as (G band) [65, 66]. 

Also, a peak at 1359 cm-1 was observed, which indicates defects in graphitic structure or 

materials due to the presence of disorders in carbon systems (D band). The peak at 2698 cm-1 

is attributed to the G band, which is the overtone of the D band. The maximum intensity was 

observed for the sample at 160 °C, indicating the complete formation of MWCNTs as 

compared to other temperatures. Hence, the optimized temperature for the growth of MWCNT 

was considered as 160 °C for 24 h and was used for further characterization and treatment. 

Further, the topography of the as-prepared MWCNTs was analyzed using FESEM and 

transmission electron microscopy (TEM) as shown in Figure 3(c,d). The micrograph confirms 

the long and smooth surface tubular nanostructure of carbon. The average length and diameter 

of as-prepared MWCNTs were observed around 5-10 μm and 10-20 nm, respectively. The 

TEM micrographs reveal the transparency of the formed nanotubes and complement the 

FESEM micrographs. The fragmented surface of long tubular MWCNTs was also observed 

from TEM micrographs, which can be due to the ultra-sonication process done before loading 

the sample for TEM analysis. The above characterization confirms the formation of a long 

carbon nanotube at optimized conditions (160 °C for 24 h), which were used in the further 

WEDM process. 
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Figure 3. (a) X-ray diffraction profile, (b) Raman spectrum of MWCNTs synthesizes at 

various temperatures for 24 h. (c) FESEM and (d) TEM of optimized MWCNTs at 160 °C. 

3.2  Mathematical model generation through regression analysis 

The recorded values of MRR and SR along with their input machining variables as per 

Taguchi’s L16 OA design are shown in Table 3. The values indicated for analysis purposes are 

the average values of three trials taken at that parameter setting as per Taguchi’s L16 OA 

design. For higher productivity to save cost and time required during machining, a higher value 

of MRR is always preferred. On the other hand, lower SR is desired as it gives a better surface 

finish, which is a key requirement in most of the applications requiring aesthetic features or 

part matching. Table 3 shows the largest MRR value of 0.3749 g/min and the lowest SR value 

of 2.22 µm. However, the machining parameters for both the desired values of largest MRR 

and lowest SR were observed to be different. For obtaining the optimal condition of machining 

variables, optimization of these multiple responses is essential. According to this, Minitab 

software was employed for analyzing the values of MRR and SR. Non-linear mathematical 

models were developed for MRR and SR to generate interrelationship between the machining 
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variables and output responses by employing the regression analysis. Equation 2 and 3 shows 

the mathematical model for MRR and SR, respectively.    

MRR = 0.0362 + 0.02208 ∙ x1 + 0.002592 ∙ x2 − 0.00664 ∙ x3 + 0.1012 ∙ x4 (2) 

SR = 2.078 + 0.1717 ∙ x1 + 0.01336 ∙ x2 − 0.02245 ∙ x3 − 0.45 ∙ x4 (3) 

where x1 is current, x2 is Ton, x3 is Toff, and x4 is MWCNTs concentration. 

3.3 Analysis of output response variables  

ANOVA analysis was employed to examine the effect of input variables on MRR and SR. 

Statistical analysis of MRR and SR was carried out by generating the ANOVA table. The 

significance, non-significance, and contribution of all the machining variables have been 

evaluated through the ANOVA table. Further, R-square and R-square adjusted values were 

also evaluated to know the significance of data fitness.  

3.3.1 Effect of machining variables on MRR 

Statistical analysis was accomplished for MRR by utilizing the ANOVA table as shown 

in table 4. F-value and P-value were used to check the influence of the machining parameters. 

A confidence level of 95 % was used for ANOVA analysis [67]. At the 95% confidence level, 

P-value should not be more than 0.05 for a vital effect on the selected response [68]. Table 4 

shows that all machining parameters have a significant impact on MRR as P-values for the 

current, Ton, Toff, and MWCNTs concentration were observed as 0.05, 0.006, 0.021, and 0.018, 

respectively. The least P-value and highest F value of Ton indicated that Ton is the most vital 

variable for MRR with a contribution of 48%. The concentration of MWCNTs has been 

observed as the second most influencing input variable for MRR with a contribution of 21.69%. 

Toff and Current have shown the contribution of 19.27% and 9.95% respectively. A negligible 

error contribution of 1.09% was observed which means the present data can be used for 

forthcoming estimates with the least error. Table 5 shows the R-squared and Adjusted (Adj.) 

R-squared values as 98.89% and 94.44%. The difference between both values of R-sq. and 

Adjusted (Adj.) R-sq. of less than 20% shows that the existing model to be suitable [69]. Least 

difference between the R-sq. and Adj. R-sq. values and R-sq. a value close to 1 for MRR 

suggests that the model is best fitted for the existing data and future predictions [70]. The 

standard deviation for MRR was observed to be 0.020937. This shows that the maximum 

deviation from the mean value of MRR can be only 0.020937.   
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Table 4. ANOVA for MRR. 

Source DF SS MS F P Contribution (%) 

Current 3 0.011762 0.003921 8.94 0.050 9.95 

 Ton 3 0.056797 0.018932 43.19 0.006 48 

 Toff  3 0.022793 0.007598 17.33 0.021 19.27 

 MWCNTs conc. 3 0.025658 0.008553 19.51 0.018 21.69 

 Error 3 0.001315 0.000438   1.09 

 Total 15 0.118326     

S = 0.020937, R-Sq = 98.89%, R-Sq (Adj) = 94.44% 

 

The influence of input variables on MRR is depicted in Figure 4. A rise in MRR was 

observed with an increase in current and Ton value. The reason for this can be attributed to the 

fact that as Ton and current increase, discharge energy, and spark intensity also increase [71]. 

This causes a rise in the melting and vaporization of the material from the workpiece at the 

machining zone which results in increasing the MRR [41]. In addition, with the increase in Toff, 

MRR decreases. This is because, as Toff increases, discharge energy and spark intensity decline 

and as MRR is unswervingly proportional to the discharge energy, it also decreases [29]. As 

Ton is increased, the period for which the pulse will take place in a single duty cycle will 

increase leading to a boost in discharge energy. As Toff is increased, the period for which the 

pulse will remain off in a single duty cycle will increase, leading to a fall in discharge energy. 

Figure 4 also shows that the MRR value increases with the rise in the concentration of 

MWCNTs. Thermo-electrical characteristics of MWCNTs acts as a good conductor in the 

inter-electrode gap, which enables more transfer of ions from the work material [72-74]. Due 

to this reason, an increase in MRR can be observed with an increase in the concentration of 

MWCNTs. Also, with the incorporation of MWCNTs into the dielectric, the amount of 

sparking and thermal conductivity increases, leading to a rise in the rate of erosion from the 

work surface [46, 62]. As a result, the higher erosion rate then further improves MRR. From 

Figure 4, MRR values at level 1 (0 g/L MWCNTs conc.) and level 4 (1 g/L MWCNTs conc.) 

were found to be 0.1473 g/min and 0.2584 g/min, respectively. This means a 75.42% increase 

in MRR has been achieved with the use of MWCNTs at 1 g/L in comparison to the conventional 

WEDM process (without the use of MWCNTs in dielectric fluid).  
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Figure 4. Impact of machining variables on MRR. 

The normal probability plot for MRR can be seen in Figure 5. The normal probability 

plot for MRR shows that all the residuals are laying on a straight line, which indicates the 

fitness of the existing model. It can be concluded that there is no residual clustering and errors 

are all distributed normally [29]. This indicates that all selected variables in the current study 

play a key role in the model [54].  

 

Figure 5. Normal probability plot for MRR. 

2D representation of two input machining variables using contour plot is represented in 

Figure 6a-c for the output response of MRR. The X-axis represents MWCNTs concentration 

as an input variable, while Ton, Toff, and current were represented on Y-axis for Figure 6a, 
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Figure 6b, and Figure 6c, respectively. Figure 6a shows that the highest MRR (>0.35 g/min) 

can be obtained at the highest Ton (80 µs) and MWCNTs concentration (1 g/L). On the other 

hand, the lowest MRR value (<0.10 g/min) will be at the lowest Ton (20 µs) and MWCNTs 

concentration (0 g/L). MRR value was observed to increase with an increase in Ton and 

MWCNTs amount. This also verifies the significance of Ton and MWCNTs concentration on 

MRR. From Figure 6b, the maximum value of MRR of >0.35 g/min was obtained at the lowest 

value of Toff (5 µs) and in the range of 7.5-10 µs for the given MWCNTs concentration of 0.6-

0.8 g/L and 1 g/L respectively. As shown in Figure 6c, the highest MRR was observed at the 

highest value of current (5A) and MWCNTs amount ranging from 0.6 to 1 g/L, while the lowest 

MRR of <0.10 g/min was obtained at the lowest current (2 A) and without MWCNTs amount 

(0 g/L). For obtaining the higher MRR, higher Ton, lower Ton, higher current, and MWCNTs 

amount in the range of 0.6-1 g/L is recommended from the contour plot. 

 

Figure 6. Contour plot of MRR: (a) Ton vs. MWCNTs conc., (b) Toff vs. MWCNTs conc., (c) 

Current vs. MWCNTs conc. 

3.3.2 Effect of machining variables on SR 

Statistical analysis of SR with the help of ANOVA is shown in Table 5. Table 5 shows 

that all machining parameters also have a significant impact on SR as P-values for all input 

variables were less than 0.05. P values for current, Ton, Toff, and MWCNTs concentration were 
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observed as 0.024, 0.006, 0.05, and 0.031, respectively. Similar to that of MRR, Ton was 

observed to be the most vital machining variable for SR having a contribution of 50.66%. 

Current, MWCNTs concentration and Toff have shown contributions of 19.83%, 16.68%, and 

11.59% respectively. A negligible error contribution of 1.24% was observed, which means the 

present data can be used for forthcoming estimates with the least error. Table 5 shows the R-

squared and adjusted (Adj.) R-squared values as 98.75% and 93.76%. As the difference 

between both values of R-sq. and adjusted (Adj.) R-sq. was found to be very less, this suggests 

the fitness of the present model. The standard deviation for SR was observed to be 0.1117. This 

shows that the maximum deviation from the mean value of SR can be only 0.1117. 

Table 5. ANOVA for SR. 

Source DF SS MS F P Contribution (%) 

Current 3 0.59492 0.19831 15.88 0.024 19.83 

 Ton 3 1.51992 0.50664 40.56 0.006 50.66 

 Toff  3 0.34792 0.11597 9.29 0.050 11.59 

 MWCNTs conc. 3 0.50032 0.16677 13.35 0.031 16.68 

 Error 3 0.03747 0.0129   1.24 

 Total 15 3.00054     

S = 0.1117, R-Sq. = 98.75%, R-Sq. (Adj.) = 93.76% 

 

The influence of input parameters on SR is given in Figure 7. SR of the machined 

component rises with a rise in the values of current and Ton. The reason for this is that, as Ton 

increases, the discharge energy also increases. Due to this reason, there is an ascent in the 

melting rate of the metal [31]. This upswing in the melting rate induces crater proliferations of 

larger size [31]. Hence, the SR of the machined surface increases. The surge of SR with a rise 

in current can be attributed to the fact that greater currents cause ionization of the deionized 

water, which also contributes to the inflation of crater size [34]. The SR is found to decrease 

with the rise in Toff as discharge energy decreases with the increase in Toff, leading to plunging 

off the crater dimensions and also a reduction of the number of active sparks [36]. This results 

in decreased value of the SR. After incorporating MWCNTs into dielectric fluid, the fluid’s 

insulation strength drops, expanding the inter-electrode gap [62]. This results in the formation 

of small craters as electrical intensity over the machining spot due to expansion of the discharge 

channel [46, 47]. So, SR decreases due to the formation of small craters. In addition to this, 

MWCNTs concentration also provides the uniform sparking distribution as well as improves 
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the flushing of debris to a larger extent [75].  Thus, with the increment in the MWCNTs 

concentration, the SR values decrease significantly, showing a favorable response. Thus, it can 

be observed that the addition of MWCNT concentration also plays a significant role as an input 

parameter for MRR and SR. From Figure 7, SR value at level 1 (0 g/L MWCNTs conc.) and 

level 4 (1 g/L MWCNTs conc.) were found to be 3.11 µm and 2.61 µm, respectively. This 

means that a 19.15% improvement in SR has been achieved with the use of MWCNTs at 1 g/L 

in comparison to the conventional WEDM process (without the use of MWCNTs in dielectric 

fluid).  

 

Figure 7. Impact of machining variables on SR. 

Figure 8 shows the normal probability plot for SR. All the residuals are on a straight line, which 

shows that there is no residual clustering and errors are all distributed normally. So, the 

proposed model for SR confirms a satisfactory future outcome.  
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Figure 8. Normal probability plot for SR. 

Figure 9a-c represents the contour plots of two input machining variables for the output 

response of SR. The X-axis represents MWCNTs concentration as input variable while Ton, 

Toff, and current were represented on Y-axis for Figure 9a, Figure 9b, and Figure 9c, 

respectively. As shown in Figure 9a, the least value of SR (<2.4 µs) was obtained at the lowest 

Ton (20 µs) and MWCNTs amount in the range of 0.2-1 g/L. Maximum SR was observed at 

least MWCNTs amount (0 g/L) and highest Ton value (80 µs). SR value was observed to 

decrease with a decrement in the value Ton and MWCNTs amount in the range of 0.2-1 g/L. In 

Figure 9b, the least SR was obtained at Toff of 10 µs and also in the range of 12.5-18 µs for the 

given MWCNTs concentration of 0.5-0.7 g/L and 1 g/L, respectively. The maximum value of 

SR was achieved without the MWCNTs amount. From Figure 9c, minimum SR was observed 

at current and MWCNTs amounts ranging from 2.5-4.5 A and 0.6 to 1 g/L, respectively.  
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Figure 9. Contour plot of SR: (a) Ton vs. MWCNTs conc., (b) Toff vs. MWCNTs conc., (c) 

Current vs MWCNTs conc. 

It can be observed from Figures 4, 6, 7, and 9 that the values of the machining 

parameters for both the desired values of largest MRR and lowest SR were observed to be 

different. For obtaining the optimal condition of machining variables, multi-objective 

optimization of these multiple responses is essential.  

3.4 Optimization using TLBO algorithm  

Multi-response optimization of MRR and SR was employed with the TLBO technique. 

TLBO is one such algorithm that is found to be easy to implement. The maximization of MRR 

and minimization SR was considered during the implementation of the TLBO algorithm. For 

each of the objective functions considered in different case studies, the TLBO algorithm was 

executed with 10000 function evaluation. All the response variables were considered to be 

positive integers during the implementation of the TLBO algorithm. The machining range 

considered in the TLBO algorithm for all case studies is as follows: 

Current: 1 A ≤ current ≥ 6 A 

Ton: 1 µs ≤ Ton ≥ 110 µs 

Toff: 1 µs ≤ Toff ≥ 32 µs 
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MWCNTs conc.: 0 g/L ≤ MWCNTs conc. ≥ 1 g/L 

Single objective optimization using the TLBO algorithm for the response variable of 

MRR and SR is shown in Table 6. The maximum value of MRR was observed to be 0.5262 

g/min at the input process parameters of current of 5 A, Ton 110 µs, Toff 1 µs, and MWCNTs 

amount of 1 g/L, while SR at these parameters was 3.93 µm, which is not at the optimal level. 

A similar situation can be observed for the minimization of SR, where MRR was not at the 

optimal level. The least value of SR was observed to be 1.27 µm at the input process parameters 

such as a current of 1 A, Ton 1 µs, Toff 24 µs, and MWCNTs amount of 1 g/L, while MRR at 

these parameters was 0.0027 g/min. Levels of input machining parameters for both the 

responses are conflicting, except MWCNTs concentration. This can be efficiently resolved by 

generating non-dominated optimum solutions using Pareto points.  

Table 6. Single objective optimization using TLBO. 

 

 

Objective 

function 

Design variables Objective function  

Current 

 

(A) 

Ton 

 

(µs) 

Toff 

 

(µs) 

MWCNTs 

conc. 

(g/L)  

MRR 

 

(g/min) 

SR 

 

(µm) 

Maximum MRR 5 110 1 1 0.5262 3.93 

Minimum SR 1 1 24 1 0.0027 1.27 

 

Multi-objective optimization along with non-dominated optimal solutions was 

generated for simultaneous optimization of multiple responses (MRR and SR). The multi-

objective teaching learning-based optimization (MOTLBO) technique was implemented for 

multi-objective optimization. MOTLBO is a multi-objective form of the TLBO algorithm.  It 

can handle two or more two output responses and creates non-dominant solutions for input 

variables. MOTLBO algorithm was used to generate 48 non-dominant Pareto optimal points 

for the output response variables, which are shown in Table 7. Each optimal solution shown in 

Table 7 is independent and unique. Figure 10 shows the Pareto curve of these non-dominant 

solutions for a better understanding of the nature of the response values. It can be observed that 

both the responses are contradicting to each other by considering the desired response values. 

For the highest MRR, the SR value is also higher and for obtaining the least SR, MRR is also 

on the lower side. So, as per the requirement of the output response values, users can select 

levels of the corresponding input variable for getting the desired values of MRR and SR. For 

all the unique solutions, the MWCNTs amount of 1 g/L was observed to be constant, which 
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shows that the addition of MWCNTs into the dielectric fluid enhances the machining 

performance to a larger extent. Validation studies were conducted by randomly selecting 5 

Pareto optimal points to verify the adequacy of the MOTLBO algorithm. Table 8 shows the 

confirmatory trials conducted for five Pareto optimal points along with experimentally 

measured values for all the response variables. A negligible difference can be observed 

between experimentally measured values and predicted values of the TLBO algorithm. The 

marginal deviation in the experimental and predicted values is because four input parameters 

were considered for study purposes which are highly influential to results. However, several 

uncontrollable parameters during the experimental trials were not considered. These 

parameters do not contribute highly to the results and hence can be ignored. This verifies that 

the existing TLBO algorithm along with the proposed model is highly capable and suitable for 

WEDM machining of Nitinol SMA.  

Table 7. Pareto optimal point obtained from TLBO algorithm. 

Sr. 

No. 

Current 

(A) 

Ton 

(µs) 

Toff 

(µs) 

MWCNTs 

conc. 

(g/L)  

MRR 

 

(g/min) 

SR 

 

(µm) 

1 5 110 1 1 0.5262 3.93 

2 1 1 24 1 0.0027 1.27 

3 1 25 1 1 0.2176 2.11 

4 5 102 1 1 0.5055 3.82 

5 1 18 1 1 0.1994 2.01 

6 3 110 1 1 0.4821 3.59 

7 1 47 1 1 0.2746 2.40 

8 1 71 1 1 0.3368 2.72 

9 1 40 1 1 0.2565 2.31 

10 1 110 1 1 0.4379 3.24 

11 1 3 15 1 0.0676 1.50 

12 1 2 11 1 0.0916 1.57 

13 1 1 4 1 0.1355 1.72 

14 3 106 2 1 0.4651 3.51 

15 2 110 1 1 0.4600 3.41 

16 4 103 1 1 0.4860 3.66 
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17 1 3 2 1 0.1539 1.79 

18 1 1 12 1 0.0823 1.54 

19 1 1 8 1 0.1089 1.63 

20 1 5 1 1 0.1658 1.84 

21 1 15 1 1 0.1917 1.97 

22 1 43 1 1 0.2642 2.35 

23 1 64 1 1 0.3187 2.63 

24 1 34 1 1 0.2409 2.23 

25 1 1 18 1 0.0425 1.40 

26 1 2 7 1 0.1181 1.66 

27 1 1 22 1 0.0159 1.31 

28 1 6 5 1 0.1418 1.76 

29 2 105 1 1 0.4470 3.35 

30 1 106 1 1 0.4275 3.19 

31 1 52 1 1 0.2876 2.47 

32 1 1 18 1 0.0425 1.40 

33 2 104 1 1 0.4444 3.33 

34 1 1 22 1 0.0159 1.31 

35 1 13 2 1 0.1798 1.92 

36 4 107 1 1 0.4964 3.72 

37 1 57 1 1 0.3005 2.53 

38 1 53 1 1 0.2902 2.48 

39 1 94 1 1 0.3964 3.03 

40 1 88 1 1 0.3809 2.95 

41 1 29 1 1 0.2280 2.16 

42 4 110 1 1 0.5042 3.76 

43 1 8 1 1 0.1735 1.88 

44 3 102 1 1 0.4613 3.48 

45 1 1 16 1 0.0558 1.45 

46 1 2 24 1 0.0053 1.28 

47 1 80 1 1 0.3602 2.84 

48 1 97 1 1 0.4042 3.07 
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Figure 10. Pareto curve of MRR vs. SR. 

Table 8. Confirmatory trials.  

Sr. 

No. 

Current 

(A) 

Ton 

(µs) 

Toff 

(µs) 

MWCNTs 

conc. 

(g/L)  

Predicted values by 

TLBO 

Experimental 

values 

% deviation  

 
 

  
 

MRR SR MRR SR MRR SR 

1 5 110 1 1 0.5262 3.93 0.5202 3.89 1.15 1.02 

2 1 1 24 1 0.0027 1.27 0.0028 1.31 3.57 3.05 

14 3 106 2 1 0.4651 3.51 0.4593 3.45 1.26 1.73 

23 1 64 1 1 0.3187 2.63 0.3212 2.57 0.78 2.28 

48 1 97 1 1 0.4042 3.07 0.3988 3.14 1.35 2.22 

3.5 Surface morphology of the machined surface 

The influence of MWCNTs concentration on the machined surface was studied with the help 

of RLT and surface morphology. FESEM was used to measure the RLT and the surface 

morphology of the machined surface. From Table 7 and Figure 10 of Pareto optimal points, 

trial 23 was selected as it gives a moderate optimal solution of both MRR and SR. For the 

analysis of these results, current, Ton, and Toff were kept at a constant level of 1 A, 64 µs, and 

1 µs, respectively while the concentration of MWCNTs was varied at three levels. Figure 11 

a-c shows the RLT of the machined surface at 0 g/L, 0.5 g/L, and 1 g/L. It can be observed that 

RLT decreases with an increase in the MWCNTs amount. Improvement in RCL of % has been 

observed by the addition of MWCNTs amount of 1 g/L than conventional WEDM (0 g/L 
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MWCNTs amount). This is due to the fact insulation strength of dielectric drops and the inter-

electrode gap increases with the addition of MWCNTs amount [49]. This generated the 

extensive plasma channel, which in turn reduces energy density. In addition to this, enlarging 

inter-electrode gas also improves the flushing efficiency. Thus, the re-deposition of debris on 

the machined surface gets eliminated by a larger extent, which produces a very thin RLT in the 

powder mixed WEDM process [76]. The quality of the surface finish increases and the 

thickness of RLT reduces due to the thermal properties of MWCNT’s which absorb a large 

amount of heat during the machining [47, 48, 77, 78]. Another reason for producing a thin 

recast layer due to the MWCNTs amount is that debris spread over machined surface uniformly 

due to discharge which covers a wider volume uniformly [49]. Figure 12 a-c shows the surface 

morphology of the machined Nitinol at 0 g/L, 0.5 g/L, and 1 g/L. A large number of globules 

of debris, micro-pores, melted material deposition, and micro-crack were observed in Figure 

12a for the conventional WEDM process. Figure 12b shows a somewhat improved surface in 

comparison to the surface obtained in Figure 12a. Figure 12c shows a micro-crack-free and 

micro-pores-free surface and a negligible number of globules of debris and melted material 

deposition. Amount of heat dissipation into the dielectric fluid increases due to the high thermal 

conductivity of MWCNTs [79]. This further reduces the plasma heat flux into electrodes and 

thus reduces the melted material, micro-pores, and micro-cracks of the machine surface [80]. 

Expansion of inter-electrode gap due to increase in MWCNTs amount leads to the formation 

of small craters as electrical intensity over the machining spot decreases due to expansion of 

the discharge channel [47, 55]. These small carters reduce the surface defects. In addition to 

this, MWCNTs concentration also provides the uniform sparking distribution as well as 

improves the flushing of debris to a larger extent [46]. This clearly shows that the addition of 

MWCNTs into the dielectric fluid at 1 g/L enhances the machined surface largely by reducing 

the surface defects. 
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Figure 11. Measured RLT at a current of 1 A, Ton of 64 µs, Toff of 1 µs, and (a) MWCNTs 

concentration of 0 g/L, (b) MWCNTs concentration of 0.5 g/L, and (c) MWCNTs 

concentration of 1 g/L. 
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Figure 12. Surface morphology of machined surface at a current of 1 A, Ton of 64 µs, Toff of 

1 µs and (a) MWCNTs concentration of 0 g/L, (b) MWCNTs concentration of 0.5 g/L, and 

(c) MWCNTs concentration of 1 g/L. 

Conclusion 

In the present study, the effect of MWCNTs amount mixed with dielectric fluid and WEDM 

machining variables such as current, Ton, and Toff were explored on MRR and SR during the 

machining of Nitinol SMA. Following conclusions can be drawn through analyses such as 

ANOVA technique, main effect plots, contour plots, optimization, and surface morphology 

using SEM: 

 All machining parameters have a significant impact on MRR as P-values for the current, 

Ton, Toff, and MWCNTs concentration were observed to be lower than 0.05 for the 95% 

confidence level. Ton was obtained as the most significant factor for MRR with a 

contribution of 48%, followed by MWCNTs amount with a contribution of 21.69%, 

Toff with a contribution of 19.27%, and current with a contribution of 9.95%.  

 All the machining parameters were also observed to have a significant impact on SR. 

Ton was observed as the most vital variable for SR as well with a contribution of 

50.66%, followed by the current with a contribution of 19.83%, MWCNT amount with 

a contribution of 16.68% and Toff with a contribution of 11.59%.  

 Main effect plots for MRR show that the highest MRR can be achieved by increasing 

the values of Ton, current, and MWCNTs concentration and by decreasing Toff value, 

whereas the main effect plot of SR shows that SR decreases with a decrease in Ton, 

current, increase in Toff and MWCNTs concentration. 

 The addition of MWCNTs into dielectric fluid has a positive impact on both the 

responses, i.e. MRR and SR. The addition of MWCNTs has increased MRR due to a 

higher erosion rate and decrement in SR due to uniform sparking distribution and 

uniform flushing of debris.  

 Improvement in the MRR of 75.42% and SR of 19.15% was achieved with the use of 

MWCNTs at 1 g/L in comparison to the conventional WEDM process. 

 Mathematical models were generated using regression analysis for both MRR and SR. 

Validation and prediction abilities of generated models were verified by ANOVA, R-

sq. values and normality plots. 
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 Negligible error contribution of ANOVA for both MRR and SR suggests that the 

present data can be used for forthcoming estimates with the least error. Least difference 

between the R-sq. and Adj. R-sq. values and R-sq. a value close to 1 for MRR and SR 

suggests that the model is best fitted for the existing data and future predictions. In a 

normal probability plot of MRR and SR, all the errors are normally distributed, which 

indicates the fitness of the existing model. 

 An advanced parameterless TLBO algorithm was used to find the optimal solution of 

multiple responses. Single objective optimization result has yielded maximum MRR of 

0.5262 g/min at a current of 5 A, Ton 110 µs, Toff 1 µs and MWCNTs amount of 1 g/L, 

while minimum SR of 1.27 µm at a current of 1 A, Ton 1 µs, Toff 24 µs, and MWCNTs 

amount of 1 g/L.  

 MOTLBO technique was implemented for simultaneous optimization of MRR and SR. 

Non-dominant Pareto optimal points and Pareto curve generated using MOTLBO 

provides independent and unique solutions. For all the unique solutions, the MWCNTs 

amount of 1 g/L was observed to be constant, which shows that the addition of 

MWCNTs into the dielectric fluid enhances the machining performance to a larger 

extent. 

 The addition of MWCNTs amount at 1 g/L has shown a large reduction in RLT due to 

expansion in the inter-electrode gap of dielectric fluid and due to thermal properties of 

MWCNTs which absorb a large amount of heat during the machining. 

 Surface morphology of machined surface at MWCNTs amount of 1 g/L has revealed in 

reduction of globules of debris, melted material deposition, micro-pores, and micro-

crack free surface  

Nomenclature  

ANOVA Analysis of variance 

CNTs Carbon nanotubes 

DCB Dichlorobenzene 

DF Degree of freedom 

DOE Design of experiments 

EDM Electrical discharge machining 

FESEM Field emission scanning electron microscope 

MRR Material removal rate (g/min) 
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MOTLBO Multi-objective teaching-learning based optimization 

MWCNTs Multi-walled carbon nanotubes 

NPMWEDM Nano-powder mixed wire electrical discharge machining 

PMEDM Powder mixed electrical discharge machining 

RLT Recast layer thickness 

SEM Scanning electron microscope 

SMA Shape memory alloy 

SMAs Shape memory alloys 

SR Surface roughness (µm) 

TEM Transmission electron microscope 

TLBO Teaching-learning based optimization 

Ton Pulse on time (µs) 

Toff Pulse off time (µs) 

WEDM Wire electric discharge machine 
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