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Abstract: Electrical discharge machining (EDM) is an effective method to process micro-hole for 

electrically conductive materials regardless of the hardness. However, the machining accuracy and 

cost are greatly affected by EDM parameters, which are of slight fluctuations in actual machining 

process. In view of this, reliability-based design optimization (RBDO) method is introduced to 

balance the electrode wear and aperture gap when unavoidable uncertainties are considered. Kriging 

model trained by inherited Latin hypercube design (ILHD) and expected feasibility function with 

objective function (OEFF) criterion is applied to model the influences of peak current, pulse on time 

and pulse off time on electrode wear and aperture gap. By calling the Kriging model, the probability 

and corresponding gradient of aperture gap less than the requirement are calculated using Monte 

Carlo simulation (MCS) and the EDM process parameters are optimized using sequential 

approximation programming (SAP) algorithm. Using the optimal EDM parameters to perform 

verification experiments, the feasibility of proposed method is demonstrated, where smaller electrode 

wear as low as 174.2 m  is obtained with the reliability satisfaction ( =3.02 ) of aperture gap. 
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1. Introduction  

With high specific strength and good wear resistance, Al 7075 is widely used in die & mould, 

automobile and aerospace industries. To machine the micro-hole in Al 7075 plate, traditional drilling 

method can be used. However, due to the weak stiffnesses of drill, the machining precision cannot be 

guaranteed for some high demanding products. Electrical discharge machining (EDM) is a 

non-contacting special machining method, which can achieve high precision in processing various 

shapes in all electrically conductive materials regardless of the hardness [1,2]. Therefore, electrical 

discharge machining (EDM) becomes a promising method in micro-hole machining of Al 7075 plate. 

In EDM, the tool electrode is submerged in the dielectric fluid, where the rapid and repetitive spark 

discharges is conducted [3]. Finally, the workpiece material is removed and the finial surface is 

formed. 

Due to the erosion when sparking occurs from the sides of the electrodes to the workpiece, a 

gap is observed between the tool electrode and the workpiece, which results in the dimension error of 

machined workpiece. Moreover, using the least possible tool electrode to machine the most possible 

workpiece is an effective strategy to reduce the machining cost. Therefore, many researches focus on 

the methods to improve the EDM machining accuracy and reduce the EDM machining cost. There 

are many factors affecting the machining performance of EDM, which can be divided into electrical 

parameters and non-electrical parameters. In literatures, pulse current, pulse on time, pulse off time, 

corner servo voltage, wire feed rate, wire tension, servo feed, spark gap voltage and dielectric flow 

rate are all found to have some influence on EDM machining performance such as machining 

efficiency, machining accuracy, surface integrity, surface roughness (SR), electrode wear rate (EWR) 

and material removal rate (MRR) [2,4–9]. To construct the relationship between EDM parameters 

and machining performance, many surrogate model and corresponding design of experiment (DOE) 

methods are introduced. Commonly used surrogate models in EDM are quadratic response surface 

model (RSM) [4,9], radial basis function (RBF) [10] and support vector regression (SVR) model [7], 

which are usually built by the central composite design (CCD) [4,9] and Taguchi method [3,6]. 

Furthermore, to obtain the optimal machining performance, various optimization methods are used in 

EDM, including particle swarm optimization (PSO) algorithm [5] and genetic algorithm (GA) [7,11].  

Great achievements have been made on EDM parameters optimization, but most researches are 

limited to the multi-objective optimization fields, where Taguchi method is always used to conduct 

the design of experiment and the grey relational analysis is used to convert the multi-objective 

optimization problem into single-objective optimization problem [12]. Using Taguchi method to 

generate the orthogonal array is a viable method, but the sampling efficiency is not so high. 

Furthermore, possible lack of samples in important regions affects the approximation accuracy of 

surrogate model. Therefore, more efficient DOE method should be considered in EDM process 

parameter optimization. Moreover, the slight fluctuations of EDM parameters are unavoidable during 

the machining process, which are not considered in existing researches. To address this issue, a novel 

reliability-based EDM process parameter optimization method is proposed. In this paper, the 

modeling of relationship between EDM parameters and machining performances, the DOE strategy 

and sequential sampling strategy are considered. 

The rest of this paper is framed in the following manner. Section 2 describes the Kriging-based 

RBDO methods and the sampling criterions used in this paper. Following this, the proposed method 

including the EDM experiment details and reliability-based EDM optimization flowchart is detailed 

in Section 3. The optimization process and experimental confirmation are performed in Section 4. 

Finally, a summary of this new EDM parameter optimization method is concluded. 



7423 

Mathematical Biosciences and Engineering  Volume 16, Issue 6, 7421–7432. 

2. Background 

2.1. Kriging-based RBDO method 

Different from deterministic optimization methods, Reliability-based design optimization 

(RBDO) methods are defined as special optimization problems with probabilistic constraints [13]. 

Generally, RBDO can be formulated as Eq 1 [14]: 

find :

min : ost( )

s.t.: ( ( ) 0) ( ) 0, 1,2, ,

, ( )
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d
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d d d d X
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i i
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To evaluate the probability of constraint ( ) 0Xig  , reliability analysis is needed, where the 

analytical methods and simulation methods are generally used [15]. The analytical methods such as 

first order reliability analysis method (FORM) [16,17] are always very efficient, but the potential 

high error stemming from the performance function approximation make them inapplicable for 

practical engineering problems. The simulation methods such as MCS [18] and importance sampling 

(IS) method [19] are more accurate but the computational cost is unbearable if the performance 

function evaluations are directly called. However, if the surrogate model of implicit performance 

function is built first and then the simulation methods are conducted by calling the surrogate model, 

the computation cost can be significantly reduced. 

On the other hand, the solution of Eq 1 involves reliability analysis phase and iterative design 

optimization phase. To handle the coupled relationship between these two phases, double-loop 

methods, single-loop methods and decoupling methods can be used [20]. Usually, the double-loop 

methods [21] and the single-loop methods [22] are confronted with efficiency or accuracy problem, 

thus decoupling methods [23] are preferred in various researches. Among all decoupling methods, 

SAP has a good performance when combining with surrogate model, thus it’s selected in this paper. 

Moreover, to reduce the high computational cost in performance function evaluation and 

iterative design point calculation, various surrogate models including RSM [24], ANN (artificial 

neural network) [20], SVR [25], RBF [26] and Kriging [27,28] are introduced to solve RBDO 

problems. Kriging is used in this paper because it can provide an indicator of a priori uncertainty 

prediction [14].  

Kriging is composed of a regression model and stochastic process as Eq 2 [15]:  

^ ( ) ( )x x x
Tg f            (2) 

Where ( )xf  is the polynomial regression model with coefficient vector  . The mean of Gaussion 

stochastic process x   is zero and the covariance between two different points is expressed as 

follows [29]: 

2[ ( ), ( )] ( , )x w x wZCov Z Z R  
       (3) 

Where 
2

Z  is the process variance and ( , )x wR   is the correlation function. Because the EDM 

parameters are of different natures, the anisotropic Gaussian model (squared-exponential function) is 
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selected in this paper, which is formulated as Eq 4 [29]: 

2

1
( , , ) [ ( ) ]x w

n

i i iR exp x w         (4) 

Where ix  and iw  are the thi  coordinate of vector x  and w , i  denotes the multiplicative 

inverse of the correlation length [29]. 

2.2.  Sampling Criterion 

Design of experiment and active learning strategy are very important for the Kriging-based 

RBDO [30]. To construct the Kriging model in RBDO, one-stage sampling based methods and 

sequential sampling based methods can be used [14]. Compared to one-stage sampling, the sampling 

process of sequential sampling can be controlled, which generally leads to a more accurate surrogate 

model with fewer samples [14]. There, the sequential sampling method is used in this paper.  

In Kriging-based methods, expected feasibility function (EFF) [31] criterion is a promising 

sequential sampling method, which selects points on constraint boundaries and points with large 

uncertainty. Therefore, EFF is a viable method for improving the accuracy of Kriging model. 

Moreover, the selection of initial design point has substantial influence on the efficiency of 

reliability-based design optimization. In this paper, Inherited Latin Hypercube Sampling (ILHS) is 

used as the initial sampling method and Expected Feasibility Function (EFF) criterion is considered 

to add new samples in proposed method. 

ILHS is a special DOE method which maintains the uniform distribution property of LHS [32] 

and contains the specified points [33,34]. To describe the sampling process of ILHS method, a 2-D 

example with 6 samples is shown in Figure 1. Firstly, every dimensionality ( 1x  and 2x ) is divided 

into 6 intervals, which is equal to the sample number. Then the position of the inherited samples 

(black squares) is determined and the design space containing samples is removed. After that, 3 LHS 

samples (black dots in Figure 1b) are generated in reduced design space. Finally, 3 new generated 

samples are mapped to the original design space, then the ILHS sample set is constructed using the 

inherited 3 samples (black squares) and the new mapped 3 samples (black dots). 

 

(a) Inherited Latin Hypercube Samples (b) Latin Hypercube Samples 

Figure 1. The process of inherited latin hypercube sampling method. 
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After initial sampling, sequential samples are added to update the Kriging model. EFF sampling 

criterion has proved its effectiveness [14], thus it’s selected in this paper. Moreover, to take the 

influence of samples on optimization process into consideration, the objective function value is 

applied to select sequential samples. Therefore, a new sequential sampling criterion is formulated as 

Eq 5: 

2 2
( ) [2 ( ) ( ) ( )]

2 2
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Where Gu  and G  are the performance function prediction value and prediction variance at x  

respectively. ( )c x  is the objective function prediction value of x . Because the objective function 

value is combined with the expected feasibility function, the proposed sampling method is termed as 

the OEFF criterion. Using OEFF, the samples with smaller objective function value, prediction error 

and distance to constraint boundary will be the priority to update the Kriging model. 

3. Reliability-based EDM process parameters optimization  

3.1. Details of EDM experiment 

According to the research of Gopalakannan [3] and Jia [35], peak current, pulse on time and 

pulse off time have statistical significance on material removal rete, electrode wear ratio and 

electrode zoom value (the dimension difference between the electrode and finished workpiece) [3,34]. 

Therefore, these processing parameters are selected as the design variables in this paper. The unites 

of these EDM parameters are A, s  and s , respectively. 

Dimension of the finished workpiece is greater than that of the electrode, the reason is that the 

erosion is caused by sparking from the sides of the electrodes to the workpiece [2]. But the 

dimension difference (aperture gap) must be controlled in a reasonable range to ensure the size 

accuracy of the finished hole. Therefore, the aperture gap is selected as the probabilistic constraint in 

this paper. The unit of the aperture gap is mm. 

Besides aperture gap, electrode wear is also considered for evaluating the machining 

performance, which is termed as the optimization objective to reduce the machining cost as much as 

possible. As mentioned above, these two performance characteristics correlated with input machining 

parameters such as peak current, pulse on time and pulse off time. Electrode wear w  is termed as 

the wear in electrode length, which can be calculated by the difference before and after processing. 

The unit of the electrode wear is m . The aperture gap is calculated by ( ) / 2h ed d   , where 
hd  

is the diameter of machined hole and 
ed  is the diameter of electrode. 

The experiments were conducted on EDM-350 machine. A hollow red copper pipe with 0.6 mm 

in diameter was used as the electrode and Al 7075 plates with 10mm in depth were selected as the 

workpiece material. The chemical composition details of the aluminum alloy plate can be seen in 

Table 1. 
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Table 1. Chemical composition of aluminum alloy plate (Wt. %). 

Mg Cr Zn Cu Si Mn Fe Ti 

2.1–2.9 0.18–0.28 5.1–6.1 1.2–2.0 0.4 0.3 0.5 0.2 

Negative polarity processing is performed in this study, which means the workpiece is 

connected with the negative electrode and the tool electrode is connected with the positive electrode. 

Kerosene is selected as the working fluid. 

3.2. RBDO model construction 

As mentioned above, the aperture gap should be smaller than a given value to ensure the EDM 

processing quality. Moreover, the electrode wear should be as small as possible to reduce the 

machining cost and energy consumption. Therefore, aperture gap is defined as the optimization 

constraint and electrode wear is regarded as the optimization objective. To further take the slight 

uncertainties of the EDM process parameters into consideration, the optimization model is 

formulated using reliability based method. The detailed mathematical model is defined as Eq 6: 
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Where, the peak current, pulse on time and pulse off time are considered as random parameters 

which are assumed to be statistically independent and follow a normal distribution with the mean 

I ,
onT and 

offT . The standard deviation vector of all random variables is  
T

,0.50 2 ,0.5. . The 

probabilistic constraint of aperture gap must not be less than 99.87% ( 3t  ). Aperture gap 

limitation of 0.03 is imposed on the finished small hole. 

3.3. Flowchart of Reliability-based EDM Parameters Optimization 

To optimize the electrode wear with probabilistic constraint of aperture gap less than a given 

value, reliability-based optimization method using Kriging model and sequential sampling is used in 

this paper. The flowchart of proposed method is described in Figure 2. 
0

d  is the initial design point 

and 
0

s  is the initial sample set. 
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Figure 2. Flowchart of proposed EDM parameter optimization method. 
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corresponding gradient of performance response at current EDM parameter combination are 

calculated using MCS with 106 samples. Then the optimization model in Section 3.2 is solved by 

SAP. SAP is selected here because its good performance in surrogate model-based design 

optimization [14].  

4. Optimization process and experimental confirmation 

4.1. Initial EDM parameters combinations 

To ensure the Kriging model accuracy around the initial EDM parameter design point, ILHD is 

used to generate 15 samples, as shown in Table 2. Then EDM experiments are conducted to obtain 

corresponding electrode wear and aperture gap. The initial samples are shown as follows: 

Table 2. Initial EDM process parameter combinations. 

No. I  onT  offT  No. I  onT  offT  No. I  onT  offT  

1 6.0 15.0 25.0 6 5.5 20.0 17.2 11 2.3 24.0 46.5 

2 8.5 22.0 30.6 7 6.6 18.4 11.4 12 7.6 10.9 27.1 

3 2.9 17.4 33.4 8 9.8 28.4 35.9 13 4.4 27.3 22.4 

4 4.9 14.5 49.6 9 3.8 26.0 15.0 14 8.1 13.5 43.0 

5 9.2 12.1 40.1 10 3.2 29.8 18.0 15 7.0 22.6 37.5 

In Table 2, I  means the peak current, 
onT  is the pulse on time and 

offT  is the pulse off time. 

4.2. Optimization process 

After initial sampling, sequential samples are selected using OEFF criterion to update Kriging 

model, which is shown in Table 3. 

Table 3. Sequential samples of reliability-based EDM parameters optimization. 

No. I  onT  offT  No. I  onT  offT  No. I  onT  offT  

16 2.0 10.0 10.0 20 2.1 20.0 12.2 24 2.1 28.9 12.2 

17 2.1 10.4 49.3 21 2.1 11.1 30.0 25 2.1 13.3 12.2 

18 2.4 29.6 47.8 22 3.3 10.4 12.2 26 2.1 13.3 47.8 

19 9.9 11.1 12.2 23 2.1 28.9 12.2 27 2.1 15.6 12.2 

After accurate Kriging approximations of the relationship between EDM parameters and 

machining performance are constructed, reliability-based EDM parameter optimization model is 

solved using MCS and SAP. The detailed iteration design points are shown in Table 4. w  is the 

electrode wear value at current EDM design point and   is corresponding reliability index. 
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Table 4. Iteration design point of reliability-based EDM parameters optimization. 

No. I  onT  offT  w    

0 6.0 15.0 25.0 258.12 Inf. 

1 6.8 13 21 221.33 Inf. 

2 7.6 11 17 193.71 5.76 

3 8.0 10 13 178.778 4.22 

4 8.1 10 10 174.10 3.02 

5 8.2 10 10 174.08 3.01 

As can be seen from Table 4, with optimization iteration progressing, the objective function 

value decreases and optimal electrode wear is observed at [8.2  10  10] . Though higher reliability 

indexes are observed at former five iterations, higher objective functions are also observed, which 

means waste of electrode material. Therefore, the proposed method has an economic electrode wear 

with acceptable aperture gap reliability requirement. 

4.3. Experimental confirmation 

In order to further verify the feasibility of optimal EDM parameter combination, additional 

experiments are conducted. The comparative results of the confirmation experiments (CE) and the 

Kriging based method (KRG) are shown in Table 5. Where, = /w CE KRG CEE w w w  and 

= /CE KRG CEE    . As can be seen in Table 5, the electrode wear is 174.2, and the reliability that 

the aperture gap smaller than the requirement is 3.02, which coincide with the Kriging based process 

parameter optimization results. Therefore, the Kriging model used to approximate the relationship 

between EDM parameters and machining performance is accurate and the proposed sequential 

sampling method is feasible. The proposed method is an effective method to conduct EDM 

parameter optimization, which leads to an economic electrode wear and a reasonable aperture gap. 

Table 5. Comparative results of confirmation experiments and Kriging based method. 

CEw  
KRGw  

wE  
CE  KRG  E

 

174.08 174.2 0.07% 3.01 3.02 0.33% 

5. Conclusion 

To overcome the issues in machining accuracy and machining cost of Al 7075 plate, 

reliability-based EDM process parameters optimization method is developed to handle the 

uncertainties of process parameters in this paper. The effect of peak current, pulse on time and pulse 

off time on electrode wear, termed as the design objective, and on the aperture gap, termed as the 

performance function, is approximated using Kriging model. To build the Kriging model, ILHD with 

the initial EDM design as inherited point is applied to generate 15 process parameters combinations. 

Different from existing sequential methods, the OEFF criterion is developed to update the Kriging 

model, which leads to a high global accuracy for parameter optimization. EDM experiments with 
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aforementioned process parameter combinations are performed to obtain corresponding electrode 

wear and aperture gap. The probability of aperture gap smaller than a given value, which is termed as 

the constraint function in reliability-based EDM process parameters optimization model, is 

calculated by MCS. Based on it, the optimal EDM parameter combination is obtained by SAP.  

Using the optimal EDM parameters to perform Al 7075 verification experiments, the feasibility 

of proposed method is demonstrated, where smaller electrode wear as low as 174.2 m  is obtained 

with the reliability satisfaction ( =3.02 ) of aperture gap. Therefore, the Kriging model used to 

approximate the relationship between EDM parameters and machining performance is accurate and 

the sampling method is feasible. It’s worth noting that, the proposed method is a prevalent method, 

which can be used in EDM of other materials. Besides EDM machining accuracy and machining cost, 

the machining efficiency and low carbon manufacturing will be considered in future study. 
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