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Abstract

In this paper, a feed-forward neural network is used to estimate the workpiece height and distinguish the machining condition in wire

electrical discharge machining (WEDM). Some experiments have been carried out to verify the effectiveness of this approach. Based on the

on-line estimated workpiece height, a rule-based strategy is proposed to maintain optimal and stable machining. According to the rule-based

strategy, servo voltage and power settings can be adjusted correctly to suit the workpiece profile. Experimental results demonstrate that high

machining efficiency and stable machining can be achieved by means of the rule-based control strategy. # 2002 Elsevier Science B.V. All

rights reserved.
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1. Introduction

Wire breakage and unstable machining are the largest

factors in the reduction of machining efficiency for the wire

electrical discharge machining (WEDM) process, particularly

when cutting a workpiece with a step shape. A conservative

machining setting suitable for the thickness of the thinnest

portion of a workpiece is often used to reduce the possibility of

wire rupture and maintain a stable machining. However, the

machining speed is greatly reduced. Therefore, there occurs a

problem in that it is difficult to obtain the thickness of a

workpiece real-time as machining progresses and set correct

machining parameters to suit the workpiece profile with an

unmanned operation system. Several approximate mathema-

tical modeshavebeen addressed in WEDM patents to estimate

the thickness of the workpiece [1–3]. In essence, these math-

ematical equations represent the relationship between spark-

ing energy and material removal rate, and the models’

parameters are obtained by a large amount of experimental

study. However, these static mathematical models are only

suitable for the condition of cutting a workpiecewith a gradual

change in thickness. Due to the slow response speed, they may

not adapt for the conditions of cutting a workpiece with a

sudden decrease and increase in height. A multi-input model

has been proposed to describe the dynamic and stochastic

relationships between average gap feedback voltage and

sparking frequency and machine table feed rate [4,5]. The

proposed model can correctly and promptly estimate the

workpieceheightforaniso-frequencypowergenerator.Never-

theless, the model’s parameters rely heavily on the machining

conditions, a great number of experiments and statistical

techniques being required to derive the explicit mathematical

model. However, the WEDM process involves a complex and

time-varyingprocessdue toa largenumberofvariablesandthe

stochastic nature of the discharge mechanisms. Noisy elec-

trode–workpiece gap voltage and gap current signals with

some degree of uncertainty and vagueness are unavoidable. As

a result, it is still not easy to describe the WEDM process by an

explicit mathematical model. In this paper, a feed-forward

neural network has been proposed to provide an on-line

estimate of the workpiece height. Artificial neural networks

havebeenimplementedinvariousmanufacturingfieldssuchas

tool breakage monitoring, inverse modeling of the cutting

process and monitoring of the machining process [6,7].

Recently, the neural network approach has also been success-

fullyapplied to themodelingof theWEDMprocessandtheon-

line monitoring of the EDM process [8–10].

In Section 2 of this paper, a brief review of feed-forward

neural networks with the back-propagation learning algo-

rithm is described. The hardware set-up of a WEDM spark-

ing frequency monitoring and control system is described in
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Section 3. A neural network approach for estimating the

thickness of a workpiece is introduced briefly in Section 4.

Experimental verification of the developed network and a

strategy for optimal machining settings are discussed in

Section 5. In Section 6, the paper concludes with a summary

of this study.

2. Description of a feed-forward neural network

A feed-forward neural network is adopted here to estimate

the thickness of a workpiece. The feed-forward neural net-

work is composed of many inter-connected processing ele-

ments, called neurons or nodes, which operate in parallel,

and can be grouped into input, hidden and output layers. The

outputs of nodes in one layer are transmitted to nodes in

another layer through connections that amplify or attenuate

the outputs through weight factors. As shown in Fig. 1, an

artificial neuron is divided into two parts: a summation

function and an activation function. The summation function

for all of the inputs is calculated by:

netn
j ¼

X

i

WjiO
n�1
i � yn

j (1)

where netn
j is the summation function of the jth neuron in the

nth layer, Wji the weight from the ith neuron in the ðn � 1Þth
layer, On�1

i the output of the ith neuron in the ðn � 1Þth layer

and yn
j the threshold value of the jth neuron in the nth layer.

The neuron performs non-linear mapping of the result of the

summation function through its activation function and then

determines the output. The output of the neuron is trans-

mitted along the outgoing connections to serve as an input to

subsequent neurons. In the present study, a sigmoid function

is used as the activation function. The output of the jth

neuron for the nth layer can be expressed as

On
j ¼ f ðnetn

j Þ ¼
1

1 þ enetn
j

(2)

Before the input signals are transmitted to the input layer of

the neural network, a scale mapping is performed to transfer

the range of values of input variables into a corresponding

universe of discourse. The scaling process prevents large

value of input variables from dominating the training of the

networks. As a result, all the input variables are equally

important in the training of the networks. The universe of

discourse ranges from �1 to 1. Based on statistical techni-

ques, the scale mapping is described by:

Vi
n ¼ Vi

0 � m
Ks

(3)

where Vi
n represents the scaled input variable, Vi

0 stands for

the input variable, m the mean value of the input variable, s
the standard deviation of the input variable and K a constant

gain and its value being 1.96. On the other hand, a scale

mapping is also performed to transfer the range of values of

output variables into corresponding real values. The scaling

mapping is performed such that the maximum and minimum

values of the output variables are mapped into the expected

maximum and minimum values. The connection weights are

adapted properly using the back-propagation learning algo-

rithm [11], which uses a gradient-descent technique to

minimize the summation of the squared error between the

calculated output of the network and the desired output.

Thus, the weights in the nth layer are modified by an amount

DWn
ji given by:

DWn
jiðkÞ ¼ �Z

@E

@Wn
ji

þ aDWk
jiðk � 1Þ (4)

where E represents the squared error, Z the learning rate, a
the momentum coefficient and k the number of the current

iteration. In a multi-layer neural network, the weights of the

nodal connection are set and modified randomly. A large

number of iterations are required to back-propagate the error

until an acceptable error tolerance level is achieved through

the training process. The training of the network is carried

out off-line.

3. Hardware set-up of the WEDM sparking frequency
monitoring and control system

Fig. 2 illustrates the hardware set-up of the WEDM

sparking frequency monitoring and control system [12].

The system consists of a flushing-type WEDM machine,

Fig. 1. An artificial neuron.

Fig. 2. Hardware set-up-of the WEDM sparking frequency monitoring and

control system.
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a WEDM sparking frequency monitor (composed of a

photocouple circuit and an AX5216 counter card), a PC

computer and an interface card for communication between

the PC and the CNC unit of the machine. The WEDM

machine is a 5-axis CNC machine with transistor-controlled

power generator. The power generator of the WEDM

machine is composed of a low and a high power circuit,

whilst a pulse generator is an iso-energy power supply

system. Normal sparks and arc sparks can be discriminated

by the pulse generator according to the ignition delay time

and the voltage level of each spark. Based on the discrimi-

nation of gap status, the sparking time of normal sparks and

arc sparks are controlled and specified by means of on-time

and arc on-time settings, respectively. Similarly, the pulse

intervals time of normal sparks and arc sparks are controlled

by off- and arc off-time settings, respectively. The photo-

couple circuit is used to reduce the high frequency noise

resulting from electromagnetic interference (EMI). By the

AX5216 counter card, total sparks (Nt), normal sparks (Nn)

and abnormal sparks (Na) (composed of arc discharge and

short circuit) in a specific time interval (Dt) are detected.

Thus, the total sparking frequency and the proportion of

abnormal sparks can be computed as Nt/Dt and Nn/Nt,

respectively. The discharge current of this power supply

system has a triangular waveform with a current rise of

400 A/ms. The flushing pressure can be tuned by a hand

valve. The adjustable parameters of this machine includes

on-time, off-time, arc on-time, arc off-time, servo voltage,

feed rate over-ride, wire speed and wire tension, and their

working ranges being listed in Table 1. Servo voltage and

feed rate over-ride settings represent the reference value and

the servo gain of the gap voltage control system provided by

this machine, respectively. Clearly, a higher value of servo

gain may result in a fast response and unstable conditions. A

PC/AT-586 is used for calculation and implementation of an

learning algorithm and control strategy. The sampling inter-

val is adjustable within the range 2–65 535 ms. A RS485

interface card is employed to handle the I/O (input/output)

data and communicate with the CNC unit through an RS232

port. Through the interface, all controllable parameters

including power settings and servo voltage can be updated

and machining results including average gap voltage and

real machining feed rate can be accessed in real-time.

4. A feed-forward neural network for on-line estimation
of the workpiece height

In this section, an attempt at estimating the workpiece

height of WEDM through an artificial neural network is

reported. In order to obtain correct information for the input

signals of the neural network and distinguish the machining

condition, a few experiments have been carried out under the

conditions of cutting a workpiece with a sudden increase and

decrease in height. Fig. 3 shows the on-line recorded data

with gap voltage control system when cutting a workpiece

with a sudden increase in height. As shown in Fig. 3(a), the

machining feed rate decreases with the increase of work-

piece height. Since the average gap voltage is controlled at a

pre-determined value by means of the servo feed function

provided by the WEDM machine, an average ignition delay

time approximately proportional to the average gap voltage

can be maintained at a fixed level. Therefore, the total

Table 1

Adjustable parameters of the WEDM machine

Items Range

On-time 0.1–0.9 ms (9 steps)

Off-time 8–50 ms (43 steps)

Arc on-time 0.1–0.5 ms (5 steps)

Arc off-time 9–50 ms (42 steps)

Servo voltage 30–70 V

Feed rate over-ride 0-310%

Wire speed 1–15 mm/min (15 steps)

Wire tension 500–2500 gf (15 steps)

Fig. 3. (a) Real feed rate, (b) average gap voltage and (c) total sparking

frequency with a gap voltage control system when cutting a workpiece

with a sudden increase in height.
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sparking frequency determined by the average ignition delay

time, the pule on-time and the pule off-time is kept at the

same level, as illustrated in Fig. 3(c). Fig. 4 shows the on-

line recorded data with gap voltage control system when

cutting a workpiece with a sudden decrease in height.

Fig. 4(a) demonstrates that the machining condition

becomes unstable when the thickness of the workpiece

changes suddenly. As shown in Fig. 4(b), the average gap

voltage cannot be controlled at a fixed level when a work-

piece of 30 mm height is machined. Thus, correct machining

parameters should be set to suit the workpiece profile so as to

avoid wire rupture and maintain stable machining.

In this study, the total sparking frequency, the normal

sparking frequency, the arc sparking frequency, the abnor-

mal ratio, the average gap voltage, the real feed rate, the

variation of average gap voltage and the variation of the

feed rate are employed as input signals for the input layer

of the neurons. The variation of gap voltage is specified as

the difference between the mean value of 10 successive

sampling gap voltages and the current sampling gap vol-

tage. Similarly, the variation of the feed rate is specified as

the difference between the mean value of 10 successive

sampling feed rates and the current sampling feed rate. The

average gap voltage and real feed rate change drastically

when the machining plate thickness is varied. Therefore,

the variation of the average gap voltage and the variation of

the feed rate can be used as the input signals of the neural

network to distinguish a stable machining status between a

transient machining status when machining a workpiece

with variable height. Hence, the output layer of the neural

networks has two nodes which represent the workpiece

height and machining status. The estimated value of the

machining status ranges between zero and unity. Target

values of stable machining status and transient machining

status are specified as zero and unity, respectively, during

the training of the neural networks. The number of neurons

in the hidden layer is determined by trial-and-error experi-

mentation. To summarize, a feed-forward neural network

of 8–9–2 type with back-propagation learning is adopted

here to estimate the workpiece height and distinguish the

machining condition. Fig. 5 presents a schematic diagram

of the neural network for the estimation of the workpiece

height.

5. Experimental verification and analysis

The developed neural network is implemented in a PC/AT

using the C language. To evaluate the developed network, a

number of WEDM experiments have been made under the

conditions of cutting a workpiece with a sudden decrease

and increase in height. Based on the on-line estimated

workpiece height and the machining status of the gap

condition, a rule-based strategy for adaptive parameters

setting is proposed to maintain on stable machining and

improve the machining efficiency. Estimation results of the

developed network and experimental verification of the rule-

based strategy are shown in the following.

Fig. 6 demonstrates the on-line estimation results of the

neural network when cutting a workpiece with a sudden

decrease in height. As shown in this figure, the average error

of the workpiece height estimation is 1.2 mm and the

response to changes in workpiece height is 16 s. The

machining status can respond also to the change of the

average gap voltage and thus its value can reflect the

machining condition. The nearer that the value of machining

status approaches unity, the more unstable the gap condition

becomes. Fig. 7 shows the on-line estimation results of the

neural network when cutting a workpiece with a sudden

increase in height. The developed network can correctly

estimate the workpiece height with an average error of

1 mm. The machining status also properly depicts the

machining condition.

Fig. 4. (a) Real feed rate, (b) average gap voltage and (c) total sparking

frequency with a gap voltage control system when cutting a workpiece

with a sudden decrease in height.
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Based on the on-line estimated workpiece height and the

working status, a rule-based strategy is proposed to achieve

optimal and stable machining. The rule-based strategy is

designed according to the following: if the value of the

machining status is higher than 0.8, the off-time setting is

increased by 6 ms to improve the machining condition. If the

value of the machining status is lower than 0.4, a look-up

table for adaptive parameters setting is performed in

response to the change in workpiece thickness. Table 2

depicts a look-up table for the adaptive parameters setting

used in the experiments. Fig. 8 demonstrates the machining

results with adaptive parameters setting when cutting a

workpiece with a step decrease in height. According to

the rule-based strategy, the servo voltage and power settings

can be correctly adjusted to suit the workpiece profile. By

comparing Fig. 3 with Fig. 8, the machining stability and

machining efficiency can be improved greatly with the rule-

based strategy. Fig. 9 shows the machining results with

adaptive parameters setting when cutting a workpiece with

a step increase in height. In comparison with Fig. 4, the

Fig. 5. Schematic diagram of the neural network for the estimation of the workpiece height.

Fig. 6. On-line estimation results of the neural network when cutting a

workpiece with a sudden decrease in height: (a) estimated workpiece

height and working status; (b) average gap voltage.

Fig. 7. On-line estimation results of the neural network when cutting a

workpiece with a sudden increase in height: (a) estimated workpiece height

and working status; (b) average gap voltage.
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developed system can automatically optimize machining

even at difficult locations where the workpiece thickness

changes suddenly.

In order to enhance the attractiveness for practical appli-

cation, two approaches in applying the neural networks to

the WEDM process are addressed. For the first approach, the

neural networks are trained under constant power settings

and the corresponding weighting factors are recorded and

stored in a memory space. Thus, networks can be applied to

different machining conditions through the memory-based

weighting factors. For the second approach, the networks

have power condition information by incorporating power

Table 2

A look-up table for the adaptive parameters setting used in the experiments (workpiece: SKD11 tool steel; wire electrode: brass, f0.25 mm; wire feed: 7 m/

min; wire tension: 1000 gf; upper water pressure: 6.5 bar; lower water pressure: 11 bar)

Workpiece height (mm) On-time (ms) Off-time (ms) Arc on-time (ms) Arc off-time (ms) Servo voltage (V)

28–33 0.9 12 0.4 18 50

33–38 0.9 12 0.4 18 48

38–43 0.9 12 0.5 18 45

43–48 0.9 12 0.5 18 42

48–53 0.9 12 0.5 18 40

Fig. 8. (a) Real feed rate, (b) average gap voltage and (c) total sparking

frequency with adaptive parameters setting when cutting a workpiece with

a step decrease in height.

Fig. 9. (a) Real feed rate, (b) average gap voltage and (c) total sparking

frequency with adaptive parameters setting when cutting a workpiece with

a step increase in height.
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settings as input signals. Since the process parameters are

incorporated into the learning process, the networks are

expected to operate well for a wide variety of machining

conditions.

6. Conclusions

This paper describes a neural network approach for the

on-line estimation of the workpiece height in WEDM. A

feed-forward neural network with back-propagation learn-

ing algorithm is used to construct the on-line estimation

model. The developed network can successfully estimate the

workpiece height with an accuracy of 1.6 mm. Based on the

on-line estimated workpiece height, a rule-based strategy for

adaptive parameters setting is proposed to maintain a stable

machining and improve the machining efficiency.
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