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Wire breakage and unstable machining drastically reduce the
machining efficiency and accuracy in wire electrical discharge
machining (WEDM). When a stair-shaped workpiece is
machined, poor electrolyte flow around the steps leads to wire
rupture or unstable machining. This paper presents a WEDM
adaptive control system that maintains optimal machining and
improves the stability of machining at the stair section where
workpiece thickness changes. A three-layer back propagation
neural network is used to estimate the thickness of a workpiece.
The developed adaptive control system is executed in the
hierarchical structure of three control loops, using fuzzy control
strategy. In the first control loop, the total sparking frequency
is controlled within a safe level for wire rupture suppression.
In the second control loop, the proportion of abnormal sparks
is maintained at a pre-determined level for process control
purposes. Based on the estimated thickness of a workpiece,
adaptive parameter optimisation is carried out to determine
the optimal machining settings and to provide the reference
targets for the other two control loops. Experimental results
demonstrate that the workpiece height can be estimated by
using a feed-forward neural network. The developed adaptive
control system results in faster machining and better machining
stability than does the commonly used gap voltage control
system.

Keywords: Adaptive control; Fuzzy control strategy; Neural
networks; WEDM

1. Introduction

Wire breakage and unstable machining drastically reduce the
machining efficiency and accuracy in wire electrical discharge
machining (WEDM). When a stair-shaped workpiece is
machined, poor electrolyte flow around the steps and workpiece
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edges leads to wire rupture or unstable machining. In order to
carry out the processing of such a workpiece, a conservative
machining setting is commonly used, but, the machining speed
is greatly reduced. Many on-line monitoring and control sys-
tems have been developed for the improvement of WEDM
performance that includes wire rupture prevention, machining
efficiency, and stability. Some adaptive control systems
employed short sparks and sparking frequency as sensing para-
meters to monitor and control wire rupture suppression [1–3].
Higher-power density along the wire electrode resulting from
a great number of short sparks or the sudden increase of
sparking frequency, contributes to wire rupture. Based on the
detection of spark locations on-line, an adaptive control system
has been developed to reduce the concentration of discharges
at any point and thus to reduce wire breakage [4]. A control
system has been developed to reduce the risk of wire rupture
based on a thermal model. The model is used to perform an
on-line calculation of the temperature distribution over the wire
electrode [5]. Wire breakage can be avoided by these control
systems, but they do not guarantee optimal and high-speed
machining. An expert system for control of the WEDM process
has been developed [6]. However, a large amount of compu-
tation is required because of the slow learning speed, so it
does not work satisfactorily for on-line control purposes. An
adaptive control system has therefore been developed to optim-
ise the on-line sparking frequency by estimating the workpiece
height with a multi-input model [7,8]. Since the parameters of
the proposed model rely heavily on machining conditions, a
great number of experiments and statistical techniques are
required to derive the explicit mathematical model.

The WEDM metal removal process is characterised by non-
linear, stochastic and time-varying characteristics. Moreover,
the process features change drastically with machining para-
meters. A precise mathematical model describing the WEDM
process is difficult to obtain. Hence, classical control strategy
and modern control technology based on a well-defined math-
ematical model are not applicable for a wide variety of machin-
ing conditions. Since a fuzzy control strategy does not need a
mathematical model and its control structure is insensitive to
variations of process dynamics and noise disturbance, this
control strategy has proved to be successful in various complex



On-line Estimation of Workpiece Height 885

processes where mathematical models are unknown or ill-
defined [9]. Fuzzy control strategy has been applied to the
adaptive control of the WEDM process in our previous studies
[10,11]. However, lack of on-line estimation of the workpiece
height may cause the system not to run properly when a stair-
shaped workpiece is machined. Artificial neural networks have
been implemented in various manufacturing fields such as tool
breakage monitoring, inverse modelling of the cutting process
and monitoring machining processes [12]. The neural network
approach has also been applied to modelling and on-line
monitoring of the EDM process [13,14]. This paper presents
a WEDM adaptive control system that maintains optimal mach-
ining conditions and improves the stability of machining at
stair sections where the workpiece thickness changes. A three-
layer back-propagation neural network is used to estimate the
thickness of the workpiece. The developed adaptive control
system is executed in a hierarchical structure of three control
loops by using a fuzzy control strategy. In the first control
loop, the total sparking frequency is monitored and controlled
within a safe level for wire rupture suppression. The proportion
of abnormal sparks is maintained at a pre-determined level for
process control purposes in the second control loop. In the
third control loop, adaptive parameter optimisation is carried
out to determine the optimal machining settings and to provide
the reference targets for the other two control loops. Experi-
ments demonstrate that the proposed adaptive control system
can achieve better machining results than the commonly used
gap voltage control system.

2. Hardware Set-up of the WEDM
Adaptive Control System

Figure 1 shows the hardware set-up of the WEDM adaptive
control system [3,11]. The control system consists of a flushing-
type WEDM machine, a WEDM sparking frequency monitor
(composed of a photocouple circuit and an AX5216 counter
card), a PC, and an interface for communication between the
PC and the CNC unit of the machine. The WEDM machine
is a 5-axis CNC machine with a transistor-controlled power
generator. The power generator (composed of a lower-power
circuit, a high-power circuit, and 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 discrimination of gap status, the discharge durations of
normal sparks and arc sparks are controlled and specified by

Fig. 1. Hardware set-up of the WEDM adaptive control system.

means of on-time and arc on-time settings, respectively. Simi-
larly, the pulse intervals of normal sparks and arc sparks are
controlled by off-time and arc off-time settings, respectively.
The discharge current of this power supply system has a
triangular waveform with a current rise of 400 A �s�1. Flush-
ing pressure can be tuned by a hand valve. The adjustable
parameters of this machine include on-time, off-time, arc on-
time, arc off-time, servo reference voltage, feedrate override,
wire speed, and wire tension, and their working ranges are
given in Table 1. Servo reference voltage and feedrate override
represent the reference value and the servo gain, respectively,
for the gap voltage control system with which this machine is
equipped. It is clear that a higher value of servo gain may
result in a fast transient response and unstable conditions in
the steady state. By using the sparking frequency monitor, total
sparks (Nt), normal sparks (Nn) and abnormal sparks (Na)
(composed of arc discharge and short circuit) in a specific
time interval (�t) are detected and counted. A PC/AT-586 is
used for calculation and implementation of the control algor-
ithm. The sampling interval is adjustable within the range of
2–65535 ms. Thus, the total sparking frequency (Ft) and the
proportion of abnormal sparks (na, referred as the abnormal
ratio) can be computed as Nt/�t and Na/Nt, respectively. An
RS485 interface card is employed to handle the I/O
(input/output) data and to communicate with the CNC unit
through an RS232 port. Through the interface, all machining
parameters including power settings and servo reference voltage
can be updated, and machining results including average gap
voltage and machining feedrate can be accessed in real-time.

3. On-line Estimation of Workpiece Height
by Using Neural Network

Because of the stochastic nature of the discharge mechanism,
it is still not easy to describe the WEDM process by an
explicit mathematical model. In order to reduce the complexity
and difficulty in deriving the workpiece height based on a
mathematical model, a feedforward neural network is adopted
here to estimate the workpiece height. The feedforward neural
network is composed of many interconnected processing
elements, 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. An artificial neuron is divided

Table 1. Adjustable parameter of the WEDM machine.

Items Range

On-time 0.1–0.9 �s (9 steps)
Off-time 8–50 �s (43 steps)
Arc on-time 0.1–0.5 �s (5 steps)
Arc off-time 9–50 �s (42 steps)
Servo reference voltage 30–70 V
Feedrate override 0–310%
Wire speed 1–15 mm min�1 (15 steps)
Wire tension 500–2500 gf (15 steps)
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into two parts: a summation function and an activation function.
The summation function for all of the inputs is calculated by

netn
j � �

i

WjiOn�1
i � �n

j (1)

where netnj is the summation function of the jth neuron in the
nth layer, Wji is the weight from the ith neuron in the (n�1)th
layer. On�1

i is the output of the ith neuron in the (n�1)th
layer. �n

j is the threshold value of the jth neuron in the nth
layer. The neuron performs nonlinear mapping of the result of
the summation function through its activation function and
then determines the output. The output of the neuron is then
transmitted 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 � f(netn

j ) �
1

1 � netnj
(2)

The connection weights are adapted properly using the back-
propagation learning algorithm [15], which uses a gradient-
descent technique to minimise 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 �Wn

ji, given by

�Wn
ji(k) � ��

�E
�Wn

ji

� 	�Wk
ji (k � 1) (3)

where E represents the squared error, � is the learning rate,
	 is the momentum coefficient, and k is the number of the
current iteration. In a multilayer neural network, the weights
of the nodal connection are randomly set and modified. 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.

In this study, total sparking frequency, normal sparking
frequency, arc sparking frequency, abnormal ratio, average gap
voltage, real feedrate, variation of average gap voltage, and
variation of feedrate 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 ten
successive sampling gap voltages and the current sampling gap
voltage. Similarly, the variation of feedrate is specified as the
difference between the mean value of ten successive sampling
feedrates and the current sampling feedrate. Average gap volt-
age and feedrate change drastically when the machining plate
thickness is varied. Thus, change of average gap voltage and
change of feedrate can be used as input signals to the neuron to
distinguish a stable machining status from a transient machining
status. Hence, the output layer of the neural network has two
nodes, which represent the workpiece height and the machining
status, respectively. The output value of the machining status
ranges between zero and one. Stable machining status and
transient machining status are specified as zero and one,
respectively, during the training of the neural networks. In our
case, a feedforward neural network of the 8-9-2 type with
back-propagation learning is used here to estimate the work-
piece height and distinguish the machining status. The sampling

Fig. 2. Schematic diagram of the neural network for the estimation of
the workpiece height.

interval for data acquisition is 200 ms. Figure 2 shows a net
schematic diagram of the neural work for the estimation of
the workpiece height.

4. Hierarchical Adaptive Control of WEDM

Figure 3 shows a schematic diagram of the hierarchical adapt-
ive control system. The developed adaptive control system is
executed in a hierarchical structure of three control loops by
using fuzzy control strategy. In the first control loop, the total
sparking frequency is controlled within a safe level for wire
rupture suppression. In the second control loop, the proportion

Fig. 3. Schematic diagram of the hierarchical adaptive control system.
to, pulse interval time; te, discharge duration; f, feedrate; Vs, servo
reference voltage; Vg, average gap voltage; Ft, total sparking fre-
quency; Fn, normal sparking frequency; Fa, arc sparking frequency;
Yr, reference frequency; nr, reference ratio; H, estimated workpiece
height; Ms, machining status.
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of abnormal sparks is maintained at a pre-determined level by
regulating the servo reference voltage for process control pur-
poses. Based on the estimated thickness of the workpiece
through the feedforward neural network, adaptive parameter
optimisation is implemented for the third loop by determining
the optimal machining settings and providing the reference
targets for the other two control loops during machining. A
fuzzy controller uses a set of linguistic control rules related
by the dual concepts of fuzzy implication and the composition
rule of inference. In essence, the fuzzy controller provides a
useful tool for converting heuristic control rules based on an
expert’s knowledge or an operator’s experience into an auto-
matic control strategy. The rule-based control strategy is often
designed to simulate human experience and human intelligence.
A typical fuzzy logic controller consists of four major parts:
a fuzzifiation interface, a knowledge base, decision-making
logic, and a defuzzification interface. A detailed discussion on
the design of fuzzy controllers for adaptive control of the
WEDM process is presented in the following subsections.

4.1 Adaptive Control for Wire Rupture Suppression

When a stair-shaped workpiece is machined, poor electrolyte
flow around step shapes leads to a sudden rise of sparking
frequency, which causes wire rupture or unstable machining.
Therefore, the sparking frequency should be controlled within
a safe level in order to suppress wire breaking and unstable
machining [3]. In response to the sudden rise of sparking
frequency, a fuzzy controller is provided by adjusting the pulse
interval time (to) and discharge duration (te). Once the sparking
frequency is controlled within a safe level, the control para-
meters are restored to their initial values to maintain an optimal
machining speed. Error and change of error are two variables
commonly adopted for the input of a fuzzy logic controller.
A scale mapping is carried out beforehand that transfers the
range of values of the input variables into the corresponding
universe of discourse. The linguistic variables to be used in
the premise of control rules are defined as follows:

e1 � sparking frequency error

� (reference frequency � sparking frequency) 
 GE1

and

ce1 � change of sparking frequency error

� (current frequency error �

previous frequency error) 
 GCE1

where GE1 and GCE1 are scaling factors and their values are
found to be 15 and 10, respectively. Five linguistic sets for
the domains of definition denoted by NB, NS, ZO, PS and PB
are specified, where P, B, S, N and ZO correspond, respect-
ively, to positive, big, small, negative and zero. An isosceles
triangle-shaped function is chosen as the membership function
of each linguistic set for the input and output of the controller.
Twenty-five control rules are formulated, as shown in Table
2. The max–min inference method and the mean of maximum
method are used to perform fuzzy reasoning and defuzz-

Table 2. Rule base of the fuzzy controller for wire rupture prevention.

�u1

e1/ce1 PB PS ZO NS NB

PB PB PB PS ZO NS
PS PS PS PS NS NS
ZO PS NS ZO NS NB
NS NS NS NB NB NB
NB NB NB NB NB NB

�u2

PB ZO ZO ZO ZO ZO
PS ZO ZO ZO ZO ZO
ZO ZO ZO ZO ZO ZO
NS NS NS NS NS NS
NB NB NB NB NB NB

ification, respectively [16]. The real control parameters applied
to the pulse generator are calculated from,

uto(k) � uto(k � 1) � �u1(k) (4)

ute(k) � ui � �u2(k) (5)

where uto(k) represents the control signal at the kth sampling
instance, and it is defined as the reciprocal of pulse interval
time (to), i.e. to�1/uoff, ute(k) represents the discharge duration
(te) at the kth sampling instance, ui stands for the initial value
of discharge duration, �u1 and �u2 are the output of the
fuzzy controller.

4.2 Adaptive Process Control

The objective of adaptive process control of WEDM is to
maintain a high metal removal rate during roughing, and
optimal and stable machining during finishing. A fuzzy control-
ler is designed for adaptive process control by means of
controlling the proportion of abnormal sparks at an optimal
level. The optimal value of the abnormal ratio is 40%–60%,
as shown in our previous study [10]. The linguistic variables
used in the premise of the fuzzy controller are abnormal ratio
error (e2) and change of the abnormal ratio error (ce2). The
functional relationship represented by such a fuzzy controller
can be described as

�us � F(e2,ce2) (6)

where �us represents the output of the controller, and F (·)
stands for the nonlinear relationship of the fuzzy controller.
The domain of the input variables and the output variable are
divided into seven fuzzy subsets, “Negative big”, “Negative
medium”, “Negative small”, “Zero”, “Positive small”, “Positive
medium”, “Positive big” and their domain ranges from �3 to
3. An isosceles triangle-shaped function is also chosen as the
membership function of each linguistic set. Forty-nine fuzzy
rules are designed according to the following concept. If the
abnormal ratio is larger than the reference value, the servo
reference voltage should be increased to improve the poor gap
condition. If the abnormal ratio is lower than the pre-determ-
ined level, the servo reference voltage should be decreased to
maintain an optimal machining speed. The fuzzy control rules
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Table 3. Rule base of the fuzzy controller for adaptive process control.

�us

e2/ce2 PB PM PS ZO NS NM NB

PB NB NB NB NB NM NM NM
PM NB NB NM NM NM NM NM
PS NM NM NM NS NS NS NS
ZO NM NS NS ZO NS PS PS
NS PS PS PS PS PS PS PS
NM PM PM PM PM PM PM PM
NB PB PB PB PB PB PB PB

are given in Table 3. The max–min inference method and the
mean of maximum method are also used to carry out fuzzy
reasoning and defuzzification, respectively. The servo reference
voltage applied to the gap voltage control system is calcu-
lated by

us(k) � us(k � 1) � �us(k) (7)

where us(k) represents the servo reference voltage setting at
the kth sampling instance, and �us is the output of the fuzzy
controller.

4.3 Adaptive Parameter Optimisation

The control loop for adaptive parameter optimisation aims to
select the machining setting and to adjust the reference values
for the other two control loops. The decision to carry out the
control loop of parameter optimisation or not depends on the
stability of machining conditions and the machining status from
the neural network. A stability percentage (SP) is defined as
the performance index to evaluate the machining condition,
and it is expressed as

SP � � 1 �
na(k) � na(k � 1)

nr
� 
 100% (8)

where na (k) represents the proportion of abnormal sparks at
the kth sampling instance, and nr stands for the abnormal ratio
reference. The machining condition is referred to as stable
machining if the stability percentage is greater than 95%, and
vice versa. If stable machining is maintained for 150 sampling
intervals (200 ms) and the machining status is less than 0.2, a
rule-based control strategy is carried out to control the machin-
ing parameters at the optimal setting. As shown in Table 4, a
specific rule is selected according to the on-line estimated

Table 4. Rule base for the control loop of adaptive parameter optimis-
ation.

Workpiece Machining Reference Reference
height setting ratio frequency

0–H1 S1 R1 F1

H1–H2 S2 R2 F2

H2–H3 S3 R3 F3

% % % %

Hn�1–Hn Sn Rn Fn

workpiece height. For example, if the estimated workpiece
height ranges from Hn�1 to Hn, the machining parameters, the
abnormal ratio reference and the reference sparking frequency
are set to Sn, Rn, and Fn, respectively.

5. Experimental Results

The developed neural networks and adaptive control strategies
are implemented in a PC/AT using the C language. The
sampling intervals for adaptive control for wire rupture sup-
pression, adaptive process control and adaptive parameter
optimisation are 200 ms, 2 s, and 30 s, respectively. Some
experiments are conducted under the conditions of machining
a workpiece with a sudden increase in height, a sudden decrease
in height, or with a constant slope, to verify the applicability
of the proposed adaptive control system. Machining settings
and reference values used in the experiments is given in Table
5. The experimental results are presented compared with those
of a gap voltage control system commonly used in commercial-
ised WEDM machines.

Fig. 4. (a) Estimated workpiece height and real feedrate, (b) sparking
frequency and pulse interval time, and (c) abnormal ratio and servo
reference voltage with adaptive control system when a workpiece with
a sudden decrease in height is machined.
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Table 5. Machining setting and reference values used in the experiments
Workpiece: SKD11 tool steel
Wire electrode: Brass 0.25 mm diameter
Wire feed: 7 m min�1; Wire tension: 1000 gf
Upper water pressure: 6.5 bar; Lower water pressure: 11 bar

Workpiece On Off Arc on Arc off Reference Reference
height time time time time ratio frequency
(mm) (�s) (�s) (�s) (�s) (%) (kHz)

28–33 0.9 12 0.4 18 48 36
33–38 0.9 12 0.4 18 50 38
38–43 0.9 12 0.5 18 52 40
43–48 0.9 12 0.5 18 53 42
48–53 0.9 12 0.5 18 54 45

Figure 4 shows the machining results with an adaptive
control system when a workpiece with a sudden decrease in
height is machined. As shown in Fig. 4(a), the estimated
workpiece height can follow the real workpiece thickness
during machining. Figure 4(b) demonstrates that the adaptive
control system can control the sparking frequency within a
reference level by adjusting the pulse interval time. Figure 4(c)
demonstrates that the abnormal ratio can be controlled to a

Fig. 5. (a) Real feedrate, (b) sparking frequency, and (c) average gap
voltage with gap voltage control system when a workpiece with a
sudden decrease in height is machined.

pre-determined level by adjusting the servo reference voltage.
Figure 5 shows the machining results with the gap voltage
control system under the same conditions as Fig. 4. As illus-
trated in Fig. 5, poor flushing conditions lead to unstable
machining at the stair section where the workpiece thickness
changes. The adaptive control system enables the stability of
machining conditions and the machining speed to improve by

Fig. 6. (a) Estimated workpiece height and real feedrate, (b) sparking
frequency and pulse interval time, and (c) abnormal ratio and servo
reference voltage with adaptive control system when a workpiece with
a sudden increase in height machined.
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15% compared with the commonly used gap voltage control
system. Figure 6 shows the machining results using an adaptive
control system when a workpiece with a sudden increase in
height is machined. For comparison purposes, the same test
with gap voltage control system is conducted and the recorded
data is shown in Fig. 7. By comparing Figs 6 and 7, it can
be seen that the adaptive control system is capable of improving
the machining speed and properly estimating the workpiece
height within an acceptable accuracy of 1.6 mm. Figure 8
shows the experimental results of the adaptive control system
when a workpiece with a constant slope height is machined.
This figure indicates that the estimated workpiece height is
similar to the real workpiece profile. The developed adaptive
control system can adapt suitable machining parameters to the
gradual decrease in workpiece height.

6. Discussion

Having described the experiments on the hierarchical adaptive
control system for the WEDM process, some issues when
applying the neural network to the developed adapative control
system for wire rupture prevention are addressed in the follow-

Fig. 7. (a) Real feedrate, (b) sparking frequency, and (c) average gap
voltage with gap voltage control system when a workpiece with a
sudden increase in height is machined.

ing discussion. In order to enhance the potential of a practical
application, two approaches to applying the neural networks
to the WEDM process are considered. 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 using the memory-based weighting fac-
tors. For the second approach, the networks have power con-
dition information by incorporating power 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.

Two types of wire-breaking phenomenon have been found
and identified from our previous investigation [3,17]. The first
type is a sudden rise of total sparking frequency, and the
duration of deterioration ranges from 50 ms to 2 s. This type
of wire rupture often occurs when the machining conditions,
particularly the discharge duration or the flushing pressure, are
changed during the machining process. In the second type of
wire breaking, the sparking frequency increases slightly and
the duration of the premonitory symptoms lasts for 10 s or
more. This kind of wire breaking often takes place when a

Fig. 8. (a) Estimated workpiece height and real feedrate, (b) sparking
frequency and pulse interval time, and (c) abnormal ratio and servo
reference voltage with adaptive control system when a workpiece with
a constant slope height is machined.
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stair-shaped workpiece is machined or a workpiece is machined
under poor flushing conditions. Some workers have also shown
that wire rupture may happen in a short time (5–40 ms) [1,2].
Thus, the developed adaptive control system may not respond
promptly and properly to some poor machining conditions in
a short time (5 ms) because of the bottleneck caused by
communication delays and real-time control in a PC. Neverthe-
less, the developed system can reduce the possibility of wire
rupture and improve the stability of machining at some difficult
machining conditions that include some of the first and second
types of wire breaking processes. To enhance the potential of
avoiding wire rupture in all machining conditions, the
developed adaptive control system should be implemented
using a DSP-based control card or a hardware control module
which is directly linked to the power supply system of a
WEDM machine. Such an adaptive control system will increase
the hardware cost. Development of a DSP-based machining
process monitoring and control system is under way.

7. Conclusion

A feedforward neural network is presented using a back-
propagation learning algorithm for the estimation of the work-
piece height in WEDM. The average error of workpiece height
estimation is 1.6 mm, and the transient response to change in
workpiece height is reasonably satisfactory. The developed
adaptive control system is carried out in three hierarchical
levels using a fuzzy control strategy. The sparking frequency
is controlled within a safe level for wire rupture suppression,
and the abnormal ratio is also controlled at the optimal level
when a workpiece with variable height is machined. Experi-
mental results also show that the neural network approach and
fuzzy control strategy are suitable for such an uncertain and
complicated process. The developed hierarchical adaptive
control system enables the machining stability and the machin-
ing speed to be improved by 15% compared with a commonly
used gap voltage control system.
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