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The WEDM process consists of multiple process variables and these variables are 

inherently nonlinear and the required machining outputs are primarily dependent on 

them. Due to the conflicting nature of output characteristics, it is critical to set 

appropriate WEDM process parameters. Because incorrect process parameter values 

produce poor surface roughness, higher recast layer thickness, and reduce the 

effectiveness of the wire EDM process. Thus, cutting speed, surface roughness, and 

recast layer were selected as performance measures for the varying input parameters, 

viz., pulse-on-time, pulse-off-time, servo-gape voltage, peak current, and wire feed. 

Therefore, to get appropriate values for the process parameter and response value, 

process parameter optimization was needed.  

The relationship between the input parameters and process performances was modeled 

using an artificial neural network (ANN) and used as finding the objective function. 

This is because of its ability to form non-linear relations between various inputs and 

output parameters. Further, it can be easily applied for modeling complex problems 

owing to its powerful data-driven, self-adaptive, flexible computational capabilities. 

Consequently, optimization and improved quality of the bio-implants have become the 

area of interest for the research community. Thus, to determine the optimum process 

parameter multi-objective optimization is required. Out of the multi-optimization 

algorithm the Jaya algorithm best convergency rate than others. The research aimed to 

determine optimum process parameters of the WEDM process during machining of 

316L stainless steel using ANN with a multi-objective Jaya algorithm. Initially, the 

Taguchi design of the experiment was used to develop the experimental plan. Then, 

based on the experimental results, the ANN model was established and the machining 

characteristics were evaluated. Finally, the multi-objective Jaya algorithm was applied 

for optimization of WEDM process performance. 
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1.2 Reason for interest in the study  

The inspiration for this research came from the patient visit, particularly in the 

orthopedics class, where the bone was replaced with SS 316L materials. The 

patient repairs his leg bone 10 years ago; however, the replaced implant failure 

occurs, and came to Bahir Dar Felege Hiwot hospital for secondary surgery. 

When machining the material, the surgery uses bench cutter and files to cut the 

material. All of these factors contributed to poor surface quality. As a result, the 

majority of patients were confronted with a variety of causes. This study 

attempted to contribute a specific point of interest in machine of implant material 

to get an acceptable surface roughness, recast layer thickness with out affecting 

its production rate. 

1.3 Problem statement   
Parts of the human body, such as bones, are cracked, fractured, or exposed to various 

hazards and it was completely or partially replaced by implants to extend human life. 

For the replacement of broken or damaged leg bones, various hospitals use stainless 

steel 316L material. When using this material, the material is machined with a 

conventional machining method by files and bench cutters, resulting in a surface crack, 

and poor surface roughness. All of these cause stress shielding, implant-related 

infection, and implant filler, resulting in revision surgery, an increase in the patient's 

financial burden, and it increases in the patient's risk of death. Thus, developing quality 

surface of is needed. However, the standard surface of leg implant material was 1 to 

7µm.  Therefore, to address these, an alternative machining technique was desired and 

need to be adopted to prevent failure of the implanted material caused by the machining 

method. Thus, machined using wire EDM technique and optimize the process was 

providing to achieve a list surface and recast layer of the implant material.  
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1.9 Selection criteria  
The methodology used in this literature review consists of three steps, namely data 

collection, results in analysis, and results in synthesis. There is a lot of optimization 

research for optimizing the wire EDM process for machining their AISI 316L bio-

implant material. A detailed search has been done by Google Scholar for the 

identification of research papers related to wire EDM on the machining of bio-implant 

material, and important research work was also added to this paper using a manual 

search.  The search resulted in a lot of publications. However, after using various 

screening methods and excluding irrelevant and duplicated research based on relevance 

and quality, it was chosen for review in the current study. The relevance of research is 

decided through some criteria, which are mentioned in Table 1.1 

Table 1-1 Selection and rejection criteria for shortlisted research paper 

No Parameter Selection Criteria Elimination Criteria 

1 Application  Research focuses on bio-implant 

material 

Research involves other materials 

2 Duration A research paper from 2010 to 2022  A research paper published before 

2010 

3 Analysis 

(Process) 

The research includes optimization of 

the non-traditional machining 

process 

The research includes operators 

other than these machining 

4 Study  The research includes mathematical 

modeling, experimental 

investigation, and optimization result 

The research includes patents, 

accepted manuscripts, papers 

having a language other than 

English  

 

1.10  Age specification  
This study was useful for peoples who break their legs, because the majority of 

peoples have been injured in car accidents, war, fractures and others mostly their 

leg. In addition, the material was 3 mm thickness. So, it was used from 15 to 45 

years. 
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CHAPTER TWO 

2. LITERATURE REVIEW 
The objectives of the literature review were to highlight the relevance and effectiveness 

of the techniques utilized in current trends and to identify research gaps. This chapter 

provides an overview of different studies on wire EDM of bio-implant materials and 

their machining process. The literature focuses especially on non-conventional 

machining of bio-implant materials, particularly bone plates. It also reviews the 

literature on WEDM process parameters, machining performance measurements, and 

surface characteristics. This chapter comprises bio-implant materials, WEDM of bio-

implant materials, experimental design, and optimization techniques. 

2.1 Bio-implant material and its function 

Titanium, specifically the Ti-6Al 4V alloy, is used as a candidate material for 

orthopedic implants due to its unique combination of properties, which includes good 

surface stability in corrosive environments, high fatigue resistance, strength, and 

toughness. However, their raw material cost and elastic modulus are very high, and was 

susceptible to stress shielding, restricting their widespread application (Demir et al., 

2014; Hsu et al., 2020; Popov et al., 2018). In the 1900s, vanadium steel was the first 

metal used as a metallic implant. But surgeons found problems with the material and 

its design that caused a premature loss of implant due to early mechanical failure, 

corrosion, and biocompatibility. In comparison, in the 1920s stainless steel was 

introduced and is considered stronger and more corrosion resistant than vanadium steel. 

This leads to the rapid use and development of stainless steel in medical devices due to 

its good mechanical properties with reasonable biocompatibility (C.-W. Kang & F.-Z. 

J. A. i. M. Fang, 2018; Zaman et al., 2015). As shown in Figure 2.1 those materials are 

used in different parts of the body. 

 

Figure 2. 1 Biomedical devices a) joint replacement b) titanium scaffold c) pacemaker, 

d) bone plate, e) dental implant, f) hearing aid  (Jain & Parashar, 2021; Shiwaku et al., 

2020; Yazdimamaghani et al., 2017)  







 

12 
 

5, 3, 3, wire offset µm 0, 140, 135, cutting speed, mm/min, 1.85, 14.35, 8.75, 

respectively (Singh et al., 2020). 

A process parameter considered by the researchers (Prasad Arikatla et al., 2017; 

Rahman et al., 2017) considers a Ton of (µs) 100, 110, 120; Toff (µs) 40, 50, 60; SV 

(V) 40, 50, 60; input power (m/c units) 10, 11, 12, and WT (kg) 1.1, 1.3, 1.5. An alloy 

based on titanium (Ti-6Al-4V) was chosen as the material used in an experiment using 

wire EDM. As a result, the uniformity of surface roughness (Ra) of five zones along 

the thickness direction can be up to 1.25µm.  For high-uniformity surface quality, a 

short pulse on time, a long pulse off time, a high gap reference voltage, and an 

appropriate wire speed are recommended.  Surface roughness in the micro-scale is 

estimated to be between 1.76033 µm and 4.35 µm, indicating that it is within the 

optimal range (0.4 to 7.4 µm) proposed for biomedical applications, which can improve 

protein adsorption, osseointegration, and cell adhesion. The best value of SR for all the 

researchers and applying the best-predicted combination settings is 2.186 µm and RLT 

of 6.915 µm, respectively, which satisfy the optimal conditions for biomedical 

applications (Wandra et al., 2022). 

Increasing the pulse on time and discharge energy resulted in large surface craters, a 

higher density of micro-cracks, and micro-pores, resulting in higher surface roughness 

and an accelerated corrosion rate. Foreign material was found on the surface; however, 

the SR value decreased for each increment in toff. Additionally, CS increases as the 

duration of the pulse on and wire feed rate increases. Various studies (Matos, 2021; 

Raffa et al., 2021) look at the development of biomaterials technology, qualities of bone 

material and implant surface roughness, and osseointegration. Due to the different 

material propriety between bone and the implant shear forces result in stress-shielding 

effects. The research concludes surface roughness of approximately below Ra 4.5m is 

reached adhering to bacteria drops in accordance 

A more closely related to this paper, (Gervais et al., 2016; "Optimizing Process 

Parameters of Spark and Wire-Cut Edm through Anova using Stainless Steel Aisi 316 

Material," 2019; P. Raju et al., 2014; S. Sivakumar et al., 2020; Zahoor et al., 2019b), 

conducted on optimization of process parameters on wire EDM on the surface quality 

aspects of austenite stainless steel AISI 316L in the context of bio implant material and 

was investigated. The variable parameters for the machining process are current (9-12 
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Amps), Ton (5 µs -35 µs) and WFR (40, 60, and 80 mm/sec), SV (5-80 V), Toff (10, 

8, 10 µs), WT (5, 12) on surface roughness, kerf width and material removal rate. The 

investigation result indicated that wire EDM shows SV and Ton are the influencing 

parameters for the life of products, and Ton is the most significant factor in surface 

roughness. Because of the increased surface roughness, biocompatibility has been lost; 

it is strongly due to the oxide formation with pores and micro-cracks. 



 

14 
 

Table 2-1 Summary of selected recently published articles based on optimization of WEDM process parameters on implant material 

Material Input parameter Obj. Fun. Summary of Analysis Ref. 

SS 316L Ton, Toff, WT, 

Vol. Current, 

Ra =1.9.  

 RL =5.65 

The higher the pulse on time affects both surface and recast layer and 

it is the most important factor. 

(Choudhuri et al., 

2018) 

316L 

stainless 

Ton, Toff, Voltage, 

WFR 

RL=10.52   The most significant influences on multi-performance features are 

SVG, wire feed rate, Ton, and Toff time followed by servo feed rate. 

(A. K. Sahu et al., 

2020) 

AISI 316L Ton, Toff, WFR 

Vol, Current,  

SR=1.76   

KW= 0.07  

Surface roughness and kerf width are influenced by wire feed rate, 

pulse on time, and peak current. 

(kumar et al., 2022) 

ZM21 Mg 

alloy 

Ton, Toff, WFR 

Voltage  

CS= 2.21  

SR= 2.682  

Higher Ton and voltage values result in more spark energy, resulting 

in higher CS but poor surface integrity with large micro cracks. 

(Ahuja, Batra, 

Kumar, et al., 2020) 

Nitinol 

(Ni5.8Ti) 

Ton, Toff, and 

Current 

SR=1.28  

MRR =1.95 

Double sparking and localized sparking become more frequent as the 

Ton increases. Ton and current most influential parameters for SR. 

(Chaudhari et al., 

2019) 

NiTi 

SMA 

Voltage, Ton, Toff, 

and WFR 

Cs=2.96 

mm/min 

The increase in WFR, a fresh part of the wire, The CR is favored by a 

low Toff value, a high SV, and Ton. 

(Sharma & Gupta, 

2019) 

Ti49.4-

Ni50.6 

WFR, WT, Voltage MRR=0.86 

SR=0.33,  

For orthopedic implants, the best MRR and smallest SR, KW, and DD 

come from a combination of higher voltage, capacitance, WF 

(A. M. Takale et al., 

2018) 

Ni49Ti51 

(SMA) 

Ton, Toff, IP, 

WFR, WT 

MRR=0.3 

RLT=26.44 

The discharge energy increased, and the thickness of the RLT rises, 

resulting in a layer of debris recast on the specimen. 

(Goyal, Rahman, et 

al., 2021b) 
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Ti6Al4V Ton, Toff, IP, and 

PC 

SR = 1.31  Ton and current are the most important parameters, however, Toff, and 

voltage is the least effective factor. 

(Chakraborty et al., 

2021) 

SS 310 L Toff, Ton, WFR, 

WT, Voltage  

MRR=0.05

3 SR=2.46 

Ton has the most influence on the metal removal rate and the surface 

roughness. 

(M. Ali & A. 

Ibrahim, 2022) 

SS 316L  Ton, WT, Voltage, 

Current, 

SR =2.69  

CS =1.29  

The thickness of the white layer increases with the increase in the 

product of Ton and peak current. 

(Prathipati et al., 

2019b) 

AISI 316L  Ton, Toff, WFR 

Voltage, WT,  

SR =1.85 

CS=3.18  

For CS, Toff is more influential and Ton is a more significant parameter 

than current and wire feed rate to obtain a better surface finish. 

(Manohar et al., 

2019) 

stainless 

steel 

Ton, Toff, SFR, 

and Current  

OC= 0.042 

 

Because of the larger energy and longer duration of the spark, MRR 

and OC increase as current and Ton increase. 

(Debnath & 

Patowari, 2019) 

SSL 

107.12 SS  

Voltage, Ton, Toff SR=2.003 When SR increased, bio-compatibility was lost due to oxide formation 

with holes and micro cracks. 

(S. Sivakumar et al., 

2020) 

AISI 316 Ton, Toff, WT, 

Current, Voltage 

RL= 9.1 

 

As Ton rises and voltage decreases, a thicker RL is produced, also low 

carbon content and micro-cracks are not visible on the surface 

(Choudhuri et al., 

2019) 

AISI  

316 SS 

Ton, Toff, WFR, 

WT, Current  

SR=2.2 

MRR =9.8 

Ton and IP are major parameters that affect both MRR and Ra (Bose et al., 2020) 

   

Where; - CS= mm/ min, SR=µm MRR=mm3/min, KW in mm, RLT in mm, and corrosion rate mm/year 
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 2.3 Overview of design of experiment, and modeling technique  

 2.3.1 Design of experiment 

Design of Experiment (DOE) is an effective statistical method proposed by R. A. Fisher 

in the UK in the 1920s and it is a powerful tool for experimentation widely used by 

researchers and engineers in all fields of study to establish the association between 

process-influencing factors and process output.  

Several statistical techniques that utilize DOE, such as full factorial, Fractional 

Factorial Design (FFD), Taguchi method, and Response Surface Methodology (RSM) 

are the most common and popular design strategies commonly utilized to experiment.  

A full factorial DOE considers all of the major possible interactions for a given set of 

factors and their levels. This leads to a large number of experimental runs having to be 

carried out, which are inconvenient, too complex, time-consuming, and expensive. The 

alternative is fractional factorial DOE, in which only a small set of experimental runs 

are selected from a full factorial design. However, it is problematic as there are no 

guidelines for its application and subsequent analysis. Also, RSM consists of different 

optimization techniques which are known as central composite design, and Box-

Bekhen, commonly used for experimental modeling. However, this technique has 

serious drawbacks such as being incapable of solving nonlinear problems, unable to 

perform with a large number of decision variables and offering a large number of 

experiments, which leads to an increased cost in terms of both money and effort if 

multiple process parameters are selected for the optimization, which limits the 

applications of RSM (Al-Amin, Abdul-Rani, Ahmed, et al., 2021; Asghar et al., 2014; 

Pantula et al., 2017).  

Taguchi design of experiment 
To overcome this, Dr. Genichi Taguchi developed the Taguchi approach, which has 

attracted more attention in the literature because the methodology utilizes the 

orthogonal array (OA) for the DOE. The Taguchi orthogonal array is a very powerful 

statistical approach, which not only reduces the number of experiments but is also the 

perfect option to reduce experimental time and costs and seek out significant factors in 

a shorter period of time without losing valuable information. It is more efficient than 

other DOES since it lowers manufacturing, cycle time, and rework costs. It provides a 

simple, efficient, and systematic method for enhancing the effectiveness and quality of 

processes.  
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Additionally, as compared to other DOE techniques, the Taguchi technique, which 

images the optimum combinations of parameters within a discrete field, is popular 

among researchers and scientists  (Asghar et al., 2014; Patel et al., 2015; Sayyad et al., 

2014; Adik Takale & Nagesh Chougule, 2019) 

2.3.2 Modeling technique 

ANN, Fuzzy, and RSM were used for modeling and analysis of responses to predict 

and find out the influence of machining parameters (Ahuja, Batra, & Kumar, 2020; 

Balasubramaniyan et al., 2021; A. Goyal & H. Ur Rahman, 2021b; Goyal, Ur Rahman, 

et al., 2021; Imad et al., 2019; V. N. Kulkarni et al., 2020). Based on the experimental 

results done by (El-Bahloul, 2020; Manoj et al., 2022), the ANN and RSM models were 

established and their predictions have an error percentage lesser than 6%, whereas the 

RSM predictions yielded an error percentage ranging from 0.58 to 13.95%. Thus, ANN 

is the most commonly utilized approach and fast and accurate tool for solving complex 

problems in the field of engineering, science, and manufacturing but it needs a great 

amount of data (A. Goyal & H. Ur Rahman, 2021b; Goyal, Ur Rahman, et al., 2021). 

2.3.3 Artificial neural networks  

Humans can perform a wide range of complex tasks more easily. As a result, 

researchers are looking for ways to incorporate human intelligence into machines. ANN 

is an intelligence computation tool that is inspired by the biological neurons of the brain. 

It was developed as a generalization of the mathematical model of human cognition or 

neural biology. ANN is a model which works based on the principles of the human 

brain, consisting of the interconnection of elementary computational units called 

neurons by synapses (links) consecutively placed in multiple parallel layers. In more 

detail, the input, hidden, and output layers are the three divisions of the network 

architecture, and the neurons of an ANN are the nodes of an oriented network (G 

Ugrasen et al., 2014). ANN is capable of learning from examples, generalizing the 

knowledge learned, and apply to new data, and above all, they can capture complex 

relationships in a relatively easier way than other computational methods.  
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2.4 Research trends and optimization techniques in WEDM  
Among these recent soft computing searches, advanced optimization techniques that 

seek the attention of researchers are GA, SA, PSO, Jaya, TOPSIS, Fuzzy logic, and 

PCA which are utilized in the multi-response optimization of the wire EDM process 

(Balasubramaniyan et al., 2021; Vinayak N Kulkarni, VN Gaitonde, SR Karnik, M 

Manjaiah, & J Paulo Davim, 2020; Sarkar et al., 2008; Sureban et al., 2019a; AM 

Takale & NK Chougule, 2019; Zahoor et al., 2019a). Out of this, it is clear that these 

evolutionary approaches have been severely used by scholars to determine satisfactory 

machining conditions. Specifically, literature shows that NSGA-II has been most 

widely applied for optimization in the advanced machining process. is a well-known, 

fast-sorting, elite, and one of the best MOGAs that can meet the requirements of the 

advanced machining process for wire-cut EDM (Goyal, Rahman, et al., 2021a; A. 

Goyal & H. Ur Rahman, 2021a; Magabe et al., 2019b). This is due to the availability 

of the GA toolbox in MATLAB software which is easy to comprehend and implement.  

However, the problem associated with such strategies is that they function under the 

algorithm-specific set of assigned settings. addition, the method has problems in 

selecting the optimal parameter from the sharing parameters, it needs several 

parameters, deficiency of elitism, and is computationally complex (Shukla et al., 2017; 

Sureban et al., 2019b). Therefore, it becomes a matter of concern for a scholar to have 

a defined control on algorithm-specific assigned settings.  

To eliminate such glitches, TLBO (based on the concept of the classroom), showed 

better performance than evolutionary algorithms. It is a population-based optimization 

algorithm implemented in two phases, the teacher phase and the learner phase that 

mimics the teaching-learning process in a class that is superior over the other in terms 

of results and convergence. It is simple and easy to implement and has no algorithm-

specific parameters. Due to this, the algorithms had better accuracy and speed than 

others, and it is a powerful tool for non-traditional machining processes especially in 

the WEDM process (Debroy & Chakraborty, 2013; D Devarasiddappa, M 

Chandrasekaran, & R Arunachalam, 2020; D Devarasiddappa, M Chandrasekaran, R 

%J Journal of the Brazilian Society of Mechanical Sciences Arunachalam, et al., 2020; 

Rao et al., 2012).  
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Table 2-2 Optimization techniques and influencing parameters related to wire EDM of SS 316L  

No Control 

Parameters 

Optimization 

Tech. 

Obj. Fn. Analyses Refs 

1 Ton, WT, IP, 

Voltage  

Taguchi   SR The assumption of ANOVA is tested and found to be 

valid, Ton is a more significant parameter  

(P. Raju et al., 

2014) 

2 IP, Ton, Toff, 

bead speed 

Taguchi and ANN  SR, 

Accuracy  

NN trained with 70% of the data in the training set gives 

good prediction results compared to the 50% and 60%. 

(G. Ugrasen et 

al., 2014) 

3 Ton, Toff, IP, 

WFR, WT 

RSM and GFA Ra, 

MRR,  

RSM successfully predicts the SR, MRR, and WWC. GF 

analysis converts multi-response into a single output.  

(Choudhuri et 

al., 2015) 

4 Ton, Toff, IP, 

WT, Voltage,  

ANN-PSO SR,  

RLT 

ANN-PSO multi-response consideration can effectively 

assist engineers in modeling and optimizing for WEDM. 

(Choudhuri et 

al., 2018) 

5 Ton, Toff, SFR, 

WFR, Voltage  

Taguchi - GRA   

ANN, GRA-COV 

RL, 

MRR,  

GRA-COV approach is almost close in agreement with 

GRA. However, ANN is an effective tool. 

(A. K. Sahu et 

al., 2020) 

7 Ton, Toff, WT Taguchi and GRA MR., SR, 

KW 

Optimal parameters for all the three process parameters 

performed on GA 

(P. Hema & K. 

Aparna, 2021) 

8 Ton, Toff, IP Taguchi  SR,  

MRR 

The regression analysis method was used to predict the 

values of MRR and Ra for the input parameters.  

(Suthan et al., 

2018) 

9 Ton, Toff, IP Taguchi and GRA SR,  

MRR 

The GRG increased by 30% and also MRR and SR 

increased greatly  

(Reddy et al., 

2017b) 

 

Note: WT=wire tension, PSO= particle swarm optimization, GRA= gray relation analysis, RSM=response surface methodology
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Figure 2. 4 Frequency of optimization technique for wire EDM of AISI 316L stainless steel 

2.5 Jaya optimization algorithm  

A posteriori version of Jaya called the MO-Jaya algorithm was presented by (Barakat et al., 2019; 

S. Kumar et al., 2021; R. Rao et al., 2017; Rao et al., 2019; R Venkata Rao, Dhiraj P Rai, & Joze 

%J Materials Today: Proceedings Balic, 2018; Ravipudi Venkata Rao et al., 2018; Sen et al., 2018; 

Venkata Rao, 2019b) proposed for solving the multi-objective problem. The comparison of results 

of optimization showed that the performance of the result of the Jaya algorithm and MO-Jaya 

algorithms was found to be 65% better in terms of computational effort, solution quality, speed of 

convergence, and function evaluations than the results reported in previous researchers using GA, 

SA, NSGA-II, TOPOSIS, PSO, and NSTLBO algorithms (R. Rao, 2016; R. J. I. J. o. I. E. C. Rao, 

2016; Rao, Rai, Ramkumar, Balic, et al., 2016; R. V. Rao, D. P. Rai, & J. J. S. I. Balic, 2017; R. 

V. Rao, A. J. S. Saroj, et al., 2017; Syafruddin et al., 2018). To address these aforesaid issues, in 

this present work a newly proposed MO- Jaya approach was proposed based on the Jaya 

optimization algorithm to find the best suitable optimal features and to improve the performance 

of the model. This proposed approach does not depend on any algorithmic-specific controlling 

parameters and works based on the concept that the solution obtained for a given problem should 

move towards the best solution by updating the worst features that take the strength of the Jaya 

optimization algorithm Finally, the optimization result was validated with a conformation test. 
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The Jaya algorithm is a simple yet powerful optimization algorithm that does not require any 

algorithm-specific parameters for its working. In the Jaya algorithm, a candidate solution always 

tries to move toward the solution which has the best objective function value and at the same time 

tries to avoid the solution which has the worst objective function value. The most important feature 

of the Jaya algorithm is that it does not burden the user with the task of tuning the algorithm-

specific parameters. This concept of the algorithm is one of the attracting features in addition to 

its simplicity, robustness, fast, convenience, and the ability to provide global or near global 

optimum solutions in a comparatively less, number of function evaluations (Rao & Rai, 2017a, 

2017b; Venkata Rao, 2019a). Encouraged by the accomplishment of TLBO and its implementation 

suggested a second parameter-free algorithm, called Jaya. Unlike other similar techniques such as 

PSO, GA, and TLBO, the Jaya algorithm has only one phase and it does not require tuning of any 

algorithm-specific control parameter for its work.  It requires only population size and the 

maximum number of iterations and only population size is the tunable parameter for the Jaya 

algorithm. it is comparatively much simpler to apply than other algorithms (R. V. Rao, 2016; Tilva 

& Dhodiya, 2022; Yadav et al., 2021; Zitar et al., 2021b).   
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2.7 Literature gape  

Studying machining parameters on wire electric discharge machines such as pulse on time, pulse 

off time, pack current, servo gape voltage, and wire feed rate that affects the desired outputs like 

surface roughness, recast layer thickness, cutting speed, and micro-structure for stainless. 

However, an additional in-depth study was required to optimize the machining settings and 

characterize the machining surface roughness, recast layer thickness and surface topography in the 

wire electric discharge machining process to reduce the failure of implant material after being 

implant on the human body. Moreover, optimization of multiple, correlated responses (surface 

roughness, recast layer thickness, and cutting speed) was discovered to be insufficient in published 

studies for obtaining the optimum surface of implants following a thorough review of the literature. 

The study's novelty is the use of a hybrid optimization methodology integrating Taguchi DOE and 

ANN with MO-Jaya optimization algorithms to determine multiple response output in the WEDM 

of SS 316L. Therefore, the objective of the present work was to study the effect of input parameters 

on the machining characteristics of stainless steel AISI 316L bio-implant materials that were 

machined by WEDM using molybdenum wire and distilled water as the dielectric fluid. In addition 

to this, the machining parameters were optimized to get the best machining condition in terms of 

surface roughness, recast layer thickness, and cutting speed. Initially, the experimental design was 

accomplished by orthogonal arrays based on the Taguchi method. Then, based on the experimental 

results, the output responses have been analyzed, and the performance of an experiment was 

modeled by ANN, and their performances were compared with the experimental results. Finally, 

the MO-Jaya optimization technique was applied for the optimization of WEDM process 

performance, and the optimal result was validated using a conformation test. 
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Figure 3. 1 Flow chart showing methodology of the study 
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3.1 Workpiece material  
Surgical grade SS 316L has widespread acceptance as a material for biodegradable implant 

applications due to the presence of chromium, nickel, and molybdenum, which increase overall 

corrosion resistance and strength at elevated temperatures. In addition, a low carbon content 

reduces the presence of harmful carbide as a result of machining (Müller et al., 2015). 

3.1.1 Reasons for selecting 316L stainless steel 

AISI 316L stainless steel is widely used for bone screws, bone plates, hip stents, and other 

transitory fixation devices due to its properties like good biocompatibility, excellent corrosion 

resistance, and wear resistance  (Bae et al., 2015; Kaya & Kahraman, 2013). In addition, austenite's 

face-centered cubic structure (g-phase) provides ease of manufacture, and corrosion resistance, 

high density packed and is good for ferromagnetic activity (Pawelec et al., 2019; Saraf & Yadav, 

2018; Zahoor et al., 2019a). The standard dimensions (30×10×3mm) of the plate material are 

bought from standard suppliers in Addis Ababa at Droga Pharma Plc., with 5 predrilled holes, each 

measuring 3 mm in diameter, as depicted in Figure 3.2(a). 

Material Properties 

The elemental composition and microstructure of the purchased SS 316L were determined using 

a spectrometer and SEM analysis and are presented in Table 3.1 and Figure. 3.2 b and c. Figure. 

3.2c shows a defect-free surface of the purchased 316L steel. Figure. 3.2b depicts the existence of 

Cr, Fe, Ni, and Mo with the desired Wt%, which confirms the 316L stainless-steel bio-implant. 

 Table 3-1 Chemical composition of AISI SS 316L  

Chemical composition from reviewed  Measured chemical composition 

Element  Weight % Element  Wight (%) Element  Weight  Element Weight 

C 0.03- 0.05 P 0.01-0.045 Nb 0.042  Fe 68.5 

Mn 0-2.1 S 0.01-0.03 Mn 1.69 Cu 0.63 

Si 0.34- 0.75 Fe 68.31 Cr 16.23 C  Na  

Cr 16-19 Cu  0.00-0.75 Ni 10.08 P  Na  

Ni 10-15 Mo 2-3 Mo  1.95 S  Na  
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3.1.3 Selection of dielectric medium 

The dielectric fluid was made of de-ionized water due to its low viscosity, rapid cooling rate, 

generous temperature stabilization, and efficient flushing. Water does not ionize and performs 

additional functions such as solidifying and flushing away the debris, as well as keeping the wire 

and workpiece cool. The minimum available dielectric pressure is maintained throughout so that 

it may not damage the micro-features of the cut surface. 

3.1.4 Wire electric discharge machine  

As shown in Figure 3.3. the experiment was conducted on DK 7735C wire electric discharge 

machine. 

 

Figure 3.3 DK 7735C wire electric discharge machine 

The machine has an operating current range, a power supply, wire tension, and flushing pressure 

are kept constant during the machining process. The details are shown below in Table3.3. 

Table 3-3 Machine specifications of the DK 7732C Wire EDM (From manual) 

No  Parameter  Specification  No  Parameter  Specification  

1 Model   DK7732C 14 Power supply 3N-380V/50Hz 

2 Worktable size (L× W) 635× 415 

mm 

15 Max. machining 

speed 

120 mm² /min 

3 Max. taper angle/plate 

thickness  

± 3° /100 

degree/mm  

16 Machine dimensions  

(L× W× H) 

1450× 1000× 

1550 mm 
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Figure 3.4 Pareto chart for knowing process parameter contribution 

The Pareto principle asserts that 20% of the problems in the manufacturing or service 

processes produce 80% of the quality problems in the product or service. Pulse on time, 

peak current, wire feed rate, servo gape voltage, and pulse off time give a cumulative 

percentage of 83.8%. From the Pareto chart in Figure 3.4, the significant parameters of the 

wire EDM process were pulse time, pulse off time, servo gaped voltage, wire feed rate, and 

peak current, which were selected as controlled parameters for the present work. However, 

other parameters such as wire tension, flushing pressure, the thickness of the workpiece, 

dielectric fluid, the type of wire, and its diameter were considered fixed parameters. 

Furthermore, a combination of two parameters (Ton×Toff and Ton×I) would not have been 

taken into account because a pair of parameters did not constitute a single parameter. 

These were input-controllable machining parameters that specify the machining condition 

and directly affect the machining productivity and performance parameters.  To sort out 

and indicate the possible root causes of the parameters, an Ishikawa (cause and effect) 

diagram was developed using a fishbone diagram, as shown in Figure 3. 5. 
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Figure 3.5 Cause and effect diagram of the study 

3.2.3 Determination of working limits of process parameters 

The selected process parameter values were varied within a range, and their respective 

working levels were shorted out and determined based on the frequency of the optimal 

level used in the literature, machine specifications, and optimum response parameters. The 

appropriate levels of Ton, Toff, IP, SGV, and WFR were determined based on their 

frequencies used in the literature i.e., which level extents are researchers more than 

utilizing, machine specification, and their diploma sizes that conferred the most response 

respect.  

1. Level determination of pulse on time (Ton)  

The magnitude of pulse on-time levels was also reviewed from previous similar studies 

and selected based on scholars' highly or repeatedly used, effects of the response for SS 

316L and machine specification.  The range of the process parameters was chosen from 

the different works of literature. 
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Table 3-5 Level determination of pulse on time  

No Title Initial  

Ton 

Opti 

mized 

Result Ref. 

1 Influence of Process Parameters on Wire EDM process for AISI 316L 

SS 

4, 5,6 6 MRR=27.23, 

SR=3.44 

(Padmavathi et al., 

2018) 

2 Wire EDM Characteristics of Biomedical Alloy AISI 316 L 11,16, 21 16 SR=2.18,   (Pawade et al., 2020) 

3 Optimization and measurement of surface roughness of AISI 316L 7,8,9 9 SR=2.12,  (kumar et al., 2022) 

4 Electrochemical behavior of human implant material after WEDM 

machining process (SS- L107.12) 

3, 5, 6 5 CR =1.86,  

SR= 2.413  

(S. Sivakumar et al., 

2020) 

5 Fabrication of an array of micro-fins using WEDM and its parametric 

analysis 

5,10, 

15, 20 

5 OC= 42.7 (Debnath & 

Patowari, 2019) 

6 Optimization of WEDM parameter for surface roughness on 316L 

stainless steel using full factorial experimental design 

15,25 15 SR=2.1 µm (P. Raju et al., 2014) 

7 Corrosion behavior of surface induced by wire EDM on 316L 

stainless steel: an experimental investigation 

15,25 15 SR=2.22 µm (Prathipati et al., 

2019b) 

8 A comparison of the effects of WEDM parameters on the processing 

of traditionally manufactured and additively manufactured 316l SS.  

6, 12, 18 6 SR=2.26 (Bicknell & 

Manogharan, 2018) 

9 Effect of Machining Parameters on Surface Roughness and Metal 

Removal Rate for AISI 310 L Stainless Steel in WEDM 

15,2, 

25,30 

30 SR=1.56 

MRR=0.052  

(Ali et al., 2022) 
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10 Optimization of WEDM using statistical methods coupled 

with artificial intelligence techniques and soft computing 

25,35,45 25 SR=2.788 

MRR=15.45 

(El-Bahloul, 2019) 

11 Effect of different dielectric fluids on material removal rate, surface 

roughness, kerf width, and microhardness 

15 15 KW= 0.23 (Chaudhary et al., 

2019) 

12 MCDM Optimization of Parameters for Wire-EDM Machined 

Stainless Steel using Hybrid RSM-TOPSIS, GA, and SA 

6,7,8 8 KW=0.21 

SR=4.09 

(Bagal* et al., 2019) 

13 Analysis of Process Parameters in WEDM with SS using Single 

Objective Taguchi Method with Grey Relational Grade 

4,6,8, 

10 

4 SR=2.56 

KW=0.299 

(Durairaj et al., 

2013) 
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2. Level determination of Pulse off time (Toff) 

Table 3-6 Optimized pulse off time and its response 

No  Title Initial Toff  Opti Result Ref. 

1 WEDM drilling of 316L Stainless steel orthopedic implant 10,20,30,40 30 RL=10.52  (A. K. Sahu et al., 2020) 

2 Experimental analysis optimization of process parameters of 

wire EDM on SS 316L 

5,6,7 5 MRR=0.22 (Suthan et al., 2018) 

3 Influence of Process Parameters on WEDM process for 316l SS 4,5,6 5 SR=3.44 (Padmavathi et al., 2018) 

4 Optimization and measurement of kerf width and surface 

roughness of AISI 316L 

10, 11, 12 12 SR= 2.125,  

KW= 0.084  

(kumar et al., 2022) 

5 Electrochemical behavior of human implant material after 

WEDM machining process (SS- L107.12) 

10, 8 10  SR= 2.003  (S. Sivakumar et al., 2020) 

6 Comparative machinability characterization of wire electrical 

discharge machining on different specialized AISI steels 

10, 20, 30 20 RL=9.1,  

SR=2.9  

(Choudhuri et al., 2019) 

7 Study of surface integrity and recast surface machined by 

WEDM 

15,20,25,30 25 SR=1.925,  

RL=5.652 

(Choudhuri et al., 2018) 

8 Optimization of WEDM using statistical methods coupled 

with artificial intelligence techniques and soft computing 

5,10,15 5 MRR=15 

SR=2.788 

(El-Bahloul, 2019) 
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Figure 3. 7 Effect of pulse off time (a) Ra, and (b) RLT 

Table 3. 6 and Figure 3. 7 show that different researchers used Toff ranging from 5 to 36 

µs for the machining of stainless steel 316L bio-implant material. In addition, Toff at 5 µs 

was used more frequently than others and the machine usually use a pulse-off time range 

of 1 to 30 µs. Most scholars attain the minimum Ra at a pulse-off time of 8 µs and achieve 

the maximum material removal rate at a pulse-off time of 5 µs and 11µs. By considering 

this phenomenon, three levels of pulse-off time were used (5, 10, and 15 µs) to conduct the 

experiment
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3. Level determination of Peak Current (IP) 

Table 3-7 Optimized Current and its response 

No  Title Initial  

Current  

Opti 

mized  

Result Ref. 

1 A Comparative Study on the Structure and Quality of SLM and 

Cast AISI 316L Samples Subjected to WEDM Processing 

8, 24, 40,  

56; 72 

40  

 

SR=7.88  

SR=7.85µm 

(Machno et al., 

2022) 

2 Optimization and measurement of kerf width and SR of AISI 316L 2, 3, 4 3 SR= 2.12 (kumar et al., 2022) 

3 Fabrication of an array of micro-fins using Wire EDM and its 

parametric analysis 

1,2,3,4 4 OC= 42.7 µm (Debnath & 

Patowari, 2019) 

4 Optimization of WED parameter for surface roughness on 316L 

stainless steel using full factorial experimental design 

9,12 9 SR=2.1 µm 

 

(P. Raju et al., 

2014) 

5 Corrosion behavior of surface induced by wire EDM on 316L 

stainless steel: an experimental investigation 

9,12 9 SR=2.22 (Prathipati et al., 

2019b) 

6 Optimization of WEDM using statistical methods coupled 

with artificial intelligence techniques and soft computing 

1,3,6 6 SR=2.788 

MRR=17.45 

(El-Bahloul, 2019) 

7 Effect of different dielectric fluids on material removal rate, 

surface roughness, kerf width, and microhardness 

2 2 KW= 0.23 

SR=0.49 

(Chaudhary et al., 

2019) 

8 MCDM Optimization of Parameters for Wire-EDM Machined SS 

using Hybrid RSM-TOPSIS, GA, and Simulated Annealing 

1,1.5, 2 1.5 SR=4.09 (Bagal* et al., 

2019) 
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3. 8 Effect of peak current on surface roughness 

From Table 3.7 and Figure 3.8, different scholars used different peak currents ranging from 

1.5 to 40 A. The peak current at 9 A had a higher frequency than others, and the magnitude 

was different, but most scholars used the same range. The machine usually uses a peak 

current range of 1 to 6 A. Most scholars were attaining the minimum SR at a peak current 

of 2 to 6 A and the maximum material removal rate at a pulse-off time of 6 A. Therefore, 

by considering this phenomenon, three levels of peak current were selected as 2, 4, and 6 

A to conduct the experiments because, between these ranges, good values of response 

parameters were obtained.
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Table 3-9 Controllable process parameters with their respective levels 

No  Control Factors 
(Code) 

Unit 
 (Machine 
unit) 

Machine 
Working 
Range 

Selected value (Machine unit)  
Level I LEVEL II LEVEL III  

1 Servo voltage (SV) V(Volt) 1-150 10 80  
2 Pulse of time (Toff) µsec(mu) 1-30 5 10 15 
3 Current (IP) A (Ampere) 1-6 2 4 6 
4 Pulse on time (Ton) µsec(mu) 0.5-250 5 10 15 
5 Wire feed (WF) mm/s 1-200 10 20 30 

Design Summary 

 

 

 
Table 3-10 Design of Experiment 

No  Servo gape 
voltage 

Pulse on time Pules off 
time 

Peak Current Wire feed  

1  10 5 5 2 10 
2 10 5 10 4 20 
3 10 5 15 6 30 
4 10 10 5 2 20 
5 10 10 10 4 30 
6 10 10 15 6 10 
7 10 15 5 4 10 
8 10 15 10 6 20 
9 10 15 15 2 30 
10 80 5 5 6 30 
11 80 5 10 2 10 
12 80 5 15 4 20 
13 80 10 5 4 30 
14 80 10 10 6 10 
15 80 10 15 2 20 
16 80 15 5 6 20 
17 80 15 10 2 30 
18 80 15 15 4 10 

 

Taguchi Array  (2^1 X 3^4)     
Factors: 5 
Runs:    18 
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3.3 Experimental Machine and Setup 
As shown in Figure 3.10 b and c, the experiment was conducted on a 2-axis CNC WEDM 

machine (Model-DK 7732C, installed at AMIAID, Kombolcha, Ethiopia), and the 

schematic diagram of wire EDM was shown in Figure 3.10 a. A molybdenum wire with a 

diameter of 0.18 mm was used as a wire electrode material with negative polarity, and de-

ionized water was used as the dielectric fluid. 
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Figure 3.10 WEDM processes (a) Schematic diagram (Saini, Sharma, Abhinav, Mangla, 

& Sethi, 2016) (b) WED machine, and (c) Experimental setup  
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  `  

Figure 3.13 Zeta 20 microscope for recast layer 

3.4.4 Surface microstructure analysis 

A scanning electron microscope (SEM) was used to inspect the surface topography and 

surface quality of specimens. The machined samples microstructure was evaluated using 

SEM (Model: JEOL JMS-6480LV, -Adama Science and Technology University, Ethiopia) 

as shown in Figure 3.14. The JOEL is a high-resolution and magnification scale SEM that 

produces images with a large depth of field. It is advantageous in simplicity and fast 

operation to imaging in a vacuum in less than three minutes.  It also enables the acquisition 

of topography together with image information from the specimen surface. 

 
Figure 3. 14 JEOL SEM machine 
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3.5 Optimization technique   
To achieve this goal, optimization is one of the most successful techniques applied for 

manufacturing processes, followed by analytical models. It is the technique of finding the 

optimum values of variables that gives the best result for the defined objective function. 

On the other hand, optimization refers to improving the performance of the system, 

process, or product by applying several levels of multiple variables in different 

combinations to acquire the best possible results. It maximizes the desired benefits and 

minimizes the effort required (A. Goyal & H. Ur Rahman, 2021a; Jawade et al., 2021; 

Sureban et al., 2019b). 

Optimization using non-conventional optimization techniques frequently needs tuning of 

algorithmic parameters to obtain a near-optimal solution in a reasonable computational 

time. Tuning algorithmic parameters is a tedious task and time-consuming process because 

hardly any guideline is available for tuning the parameters which may result in increased 

computational cost and trapping in local optimal. Likewise, due to the conflicting nature 

of the objective function and nonlinear properties of input variables, which result in the 

possibility of being trapped at the local optimum and initial guesses about the starting point 

that do not guarantee the achievement of the global optimum value, traditional optimization 

approaches miserably fail. For this reason, the non-conventional soft computing search and 

optimization approach can deliver a global optimum solution that could satisfy both 

requirements, such as quality and productivity, and is still an interesting research area in 

wire EDM of bio implant material but more difficult and tedious compared to single 

objective optimization (D Devarasiddappa, M Chandrasekaran, R %J Journal of the 

Brazilian Society of Mechanical Sciences Arunachalam, et al., 2020; Saini, Sharma, 

Abhinav, Mangla, Sethi, et al., 2016).  

3.5.1 Artificial neural networking 

It was found that it is very difficult to create a mathematical relationship between the input 

process parameters and the output responses because the wire EDM is an inherently non-

linear process. To determine the answers for a certain set of process parameters and to 

optimize them, the input-output and in-process parameter interactions must be established 

(Conde et al., 2018). 
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The artificial neuron evaluates the inputs and determines the strength of each by its 

weighting factor. The result of the summation function for all the weighted inputs can be 

treated as an input to an activation function from which the output of the neuron is 

evaluated. Then the output of the neuron is transmitted to subsequent neurons along the 

outgoing connections to serve as an input to them. When an input is presented and 

propagated forward through the neural network to compute an output for each neuron. 

After the learning process is finished, the neural network memorizes all the adjusted 

weights and is ready to predict the machining performances based on the knowledge 

obtained from the learning process. 

 
Figure 3. 15 ANN flow chart 
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