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Analysis and compensation of workpiece errors in turning

XIAOLI LI{ and R. DU{*

A new method for workpiece error analysis and compensation in turning is
introduced. It is known that the workpiece error consists of two parts: machine
tool error (including the geometric error and thermal-induced error) and cutting-
induced error. The geometric error of the machine tool is independent on machin-
ing operation and, hence, can be measured o� -line using a ®ne-touch sensor with
a Q-setter (FTS-Q) (also called quick touch setter). The thermal error of the
machine tool is dependent on cutting speed, feed, machining time and environ-
mental temperature. It can be estimated using a radius basis function (RBF)
arti®cial neural network (ANN). The cutting-induced error plays a dominant
role and can be estimated based on the cutting condition (speed, feed and
depth of cut) and the motor currents (main spindle motor current and feed spindle
motor current) using a two-stage RBF ANN. Based on the estimated error, the
compensation can be done by overwriting the CNC code on-line. Experimental
results indicate that the new method can reduce the workpiece error by as much as
75% (average workpiece error is reduced to 8 mm from 14 mm). The new method
is also easy to implement in the shop ¯oor.

1. Introduction

In recent years, a great progress has been made in precision machining.

Nowadays, it is possible to make precision parts with submicron or even nanometre
accuracy, which paves the way for many applications in biomedical, electronic or

aerospace engineering. However, a number of problems remain unsolved. For
instance, the hardness of the cutting tools (e.g. diamond or diamond-coated carbide

tools) and the workpiece (e.g. titanium alloys, metal-matrix composites, etc.) pose a

major limitation on the accuracy of the machined parts and tool life (Asao et al.

1992). More importantly, to achieve high accuracy, ultra-precision machine tools are

needed, which are very expensive. To improve the machining accuracy further with-
out signi®cant capital investment, real-time error compensation based on sensing

and control techniques have been studied (Veldhuis and Elbestawi 1995, Yuan and

Ni 1998, Liu and Venuvinod 1999).

It is known that a machining process consists of four parts: (1) the machine tool

structure including the motor and spindle, (2) the tables of the machine tool and the

driving system, (3) the workpiece, and (4) the cutting process. During the machining

operations, various errors may occur including (Chen et al. 1998), as follows.
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. Machine tool movement errors such as the errors caused by the dynamics of
the driving system and the numerical truncation of the CNC.

. Machine tool structural errors such as thermal expansion errors and geometric
errors.

. Cutting force-induced errors, such as machine tool de¯ection, cutter de¯ection,
workpiece de¯ection, thermal expansion, tool wear and chatter.

These errors combined cause the dimensional error of the machined workpiece,
called the workpiece error. In the present study, the workpiece error (¯), is decom-
posed into three parts: the geometric error of the machine tool (¯G), the thermal-
induced error of the machine tool (¯T) and the cutting force-induced error (¯F). The
®rst two errors are related to the machine tool while the last one is dependent mainly
on the cutting.

The geometric error of the machine tool is attributed to the inaccuracy of the
machine tool and the cutter. In modern machine tools, this can be limited to the micron
level or less. In general, the thermal error may result from the mechanical friction as the
machine tool moves, and the heat generated by the cutting process. In Veldhuis and
Elbestawi (1995), the distribution of the thermal errors is estimated using an arti®cial
neural network (ANN). Bryan (1990) proposed that the spindle thermal drift is the
dominant source of thermal-induced errors.

The cutting force-induced error is the dominant error source when turning small
workpieces or in hard turning. Yang et al. (1997) decomposed this error into ten
di� erent components. They subsequently developed a real-time error compensation
system on a CNC turning centre using an independent computer controller. In Kops
et al. (1993, 1994), the cutting force-induced error was converted to workpiece
de¯ection. Then, an analytical formula was developed to correlate the de¯ection
and the depth of cut. However, only the radial component of the cutting force
was considered. In Phan et al. (1999), a new model was proposed for bar turning
that included all cutting force components (radial, axial and tangential), but the
model was rather complicated. It is interesting to note that all the existing methods
require cutting force measurement. Consequently, their implementations could be
costly.

This paper introduces a new method for workpiece error analysis, measurement,
prediction and compensation. The paper consists of ®ve sections. Section 2 describes
the experimental set-up for measuring the workpiece error. In particular, it presents
a workpiece error measurement system using a ®ne touch sensor and a Q-setter
(FTS-Q) (also called quick touch setter). In Section 3, the sources of the workpiece
errors are studied and these errors are estimated using various means including
hybrid radius based function (RBF) ANN. Section 4 presents the experiment results.
Finally, Section 5 has conclusions.

2. Measurement set-up
The measurement set-up was established on a CNC turning centre (model

HITEC TURN 20SII by Seiki-Seicos). According to the literature, to measure the
workpiece dimension, a number of contact sensors have been developed, such as the
touch trigger probe MP3 (Phan et al. 1999). While these contact sensors are accurate,
their applications have been limited because of their complexity, manufacturing cost
and maintenance cost. Recently, Osta®ev et al. (1991) and Osta®ev and Venuvinod
(1997) developed a sensing system called ®ne touch sensor (FTS). One of the most
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important features of FTS is that it uses the cutting tool tip as a contact probe. As

shown in ®gure 1, the principle of FTS is rather simple. When the tool touches the

workpiece, a closed-loop electric circuit is formed changing the electromagnetic ®eld.

Consequently, an impulse signal is generated. FTS is capable of achieving the meas-
urement accuracy comparable with that of the best touch trigger probes (about

0.01 mm). Yet, its construction and operation are relatively simple, and its manu-

facturing cost and maintenance cost are relatively low. Here, such a FTS was used to

measure the workpiece diameter on-line.

Figure 2 illustrates the set-up for measuring the workpiece diameter. As shown,

an FTS is mounted on the CNC turning centre. Like many modern turning machin-
ing centres, the HITECT TURN 20SII machine is equipped with a `Quick Tool
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Setter’ or `Q-setter’, which is designed to facilitate the tool changing. When the cutter
touches it, an impulse is generated and sent to the CNC controller. This impulse
signal can be used to program an o� set corresponding to the workpiece. In our
measurement set-up, it is used together with FTS forming the FTS-Q sensing
system. During the measurement, ®rst the cutter is moved to touch the Q-setter,
at which time a tool o� set, XT-Q, is obtained. Then, when the cutting tool touches the
workpiece, another signal is generated that stops the machine tool. At the same time,
a tool o� set, XT-W, is generated. From ®gure 2, it is seen that the diameter of the
workpiece, Dom, is:

Dom ˆ 2 £ …H ‡ XT-Q

­­ ­­¡ XT-Wj j†; …1†

where H is the distance from the centre of the Q-setter to the centre of the spindle in
the x-axis, which is provided by the machine tool manufacturer. For the HITECT
TURN 20SII machine, H ˆ 85:356 mm.

3. Workpiece error analysis and compensation
As pointed out above, the workpiece errors may be attributed to various sources.

For convenience, the following notations are used.

Ddes desired (or designed) dimension of the workpiece,
Domw dimension measured using the on-machine measurement device (FTS-Q)

immediately after the machining operation (the subscript `omw’ in-
dicates it is on the machine and warm),

Domc dimension measured using FTS-Q after the machine has cooled down
(the subscript `omc’ indicates it is on the machine and cold), and

Dpp dimension measured using a coordinate measurement machine (CMM)
(post-process measurement).

Note that the desired dimension of the workpiece, Ddes , is known before cutting and
the measurement error of the CMM, Dpp, is very smaller. Hence, the total workpiece
error is approximately:

¯Tot ˆ
Dpp ¡ Ddes

2
º ¯G ‡ ¯F ‡ ¯T: …2†

3.1. Geometry errors
The geometric error of the machine tool can be obtained based on the meas-

urements from the FTS-Q. First, the diameters of a precision ground test artefact
were measured at 10 di� erent positions, 20 mm apart from each other, by a CMM,
and their readings were denoted as Dpp…i†, i ˆ 1, 2, . . . , 10. Second, the test artefact
was mounted on the machine tool and its diameters were measured in the same
manner by using the FTS-Q, and their readings were denoted as Domc…i†,
i ˆ 1; 2; . . . ; 10. Accordingly, the geometric error was found using:

¯G…i† ˆ
…Dpp…i† ¡ Domc…i††

2
: …3†

Figure 3 summarizes the experimental results. It is seen that the average geometric
error ranges from 7 to 14 mm depending on the diameter of the workpiece. In general,
the larger the workpiece, the larger the geometry error. This is perhaps attributed to
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the linear error of the table in the x-direction. The measurement error may also play
a role. Furthermore, applying linear regression, it was found that the geometric error
can be modelled using:

¯G…¿† ˆ ¡0:121¿ ¡ 3:519; …4†

where ¿ is the diameter of the workpiece (mm).

3.2. Thermal-induced errors
In general, thermal error may result from the mechanical friction as the machine

tool moves as well as the heat generated by the cutting process. This paper focuses on
the former since the latter can be considered as a part of the cutting force-induced
error, which will be dealt with below. A machine tool has a number of moving parts
and the corresponding thermal errors can be decomposed into radial, axial and tilt
components. In bar turning, however, the dimensional deviation of the workpiece is
mainly e� ected by the radial thermal drift and, hence, the radial thermal drift is
considered as the main source of the error.

The radial thermal drift (dradial) can be obtained based on the measurements from
the FTS-Q. The schematic set-up for the measurement is depicted in ®gure 4. First,
the diameters of the workpiece at points A and B were measured using the FTS-Q
sensing system immediately after the machining operation (at the worm state), their
readings are denoted as Domw(A) and Domw(B) respectively. Next, the diameter of the
workpiece at the same points was measured using the FTS-Q sensing system when
the workpiece cooled down and the readings were denoted as Domc(A) and Domc(B)
respectively. Accordingly, the radial thermal drift can be found using:

dradial…A† ˆ Domw…A† ¡ Domc…A†
2

and dradial…B† ˆ Domw…B† ¡ Domc…B†
2

: …5†

To measure the thermal-induced error without waiting for the machine to cool down
is much more di� cult. It is known that the thermal-induced error is dependent on a
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Figure 3. The geometric errors of the workpiece of a CNC turning center.



number of factors such as the spindle speed, the machine tool operating time and the
environmental temperature. To estimate the thermal-induced error, a hybrid RBF
ANN (see appendix A) was used. As shown in ®gure 5, the inputs to the ANN
include the following.

. Spindle speed: based on the fact that as the spindle rotates, the temperature at
the bearings raises owing to friction, Also, the spindle motor generates heat.

. Feed: as the machine tool table moves, the friction between guide-ways and
ball screw generates heat.

. Elapsed time since the machine tool started: in general, the temperature
increases as the machining time increases. However, it usually stabilizes at a
steady-state after some time.

. Environmental temperature of the machine tool.

The output of the network is the radial thermal drift. The model was trained o� -line
from the experiment data, and then used for on-line prediction of thermal-induced
error. For the details of the model, see Li (2000).

3.3. Cutting force-induced errors
Cutting force-induced error plays a dominant role. In practice, this error may

result from various sources, such as the de¯ection of the machine tool (including the
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cutter), the de¯ection of the workpiece and the thermal expansion of the workpiece
due to the cutting. It is rather di� cult to measure the cutting force-induced error.
However, based on equations (2) and (4), it can be computed as follows:

¯F ˆ
Dpp ¡ Ddes

2
¡ ¯G ¡ ¯T: …6†

Unfortunately, equation (6) cannot be used for on-line measurement because Dpp

will not be available.
In general, the cutting force-induced error is di� cult to compute since it is

dependent on many factors such as the sti� ness of the machine tool and the
cutter, the cutting forces, and the cutter geometry, to name just a few. However, it
is generally believed that the error is proportional to the de¯ection of the workpiece,
which is determined by the cutting forces and the length from the chuck, z. Here, the
cutting force-induced error is estimated by using a hybrid RBF ANN (see appendix
A). As shown in ®gure 6, the inputs of the ANN include the three cutting forces (the
tangential force, Ft, the axial force, Fa, and the radial force, Fr), as well as the length
from the chuck. To simplify the calculation, the tangential cutting force, Ft, and the
part diameter, D, are combined into a single variable: the spindle torque T ˆ FtD.
The outputs of the network are the cutting force-induced error.

It is well known that cutting forces can be measured using dynamometers.
However, dynamometers are usually rather expensive. Moreover, the use of dynam-
ometers may reduce the sti� ness of machine tools leading to chatter and/or addi-
tional dimensional errors (Stein and Huh 1991). Hence, many attempts have been
made to estimate the cutting forces using the motor current (Stein et al. 1986,
Altintas 1992, Lee et al. 1995, Chang et al. 1995, Kim and Kim 1996, Haber et al.
1998). Here, a new method is developed to estimate the cutting forces based on the
motor current as described below.

3.3.1. Tangential force, Ft

The tangential force is related to the power consumption of the main spindle
motor. Consider the main spindle and motor as a system. In this system, the follow-
ing equation holds (Li 2001):

Js _!!s ˆ KsIs ¡ Bs!s ¡ …Tsf0 ‡ ¢Tsf ‡ ¢Tsv ‡ Ts†; …7†
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where Js is the total equivalent inertia of spindle drive system; !s is the spindle speed;
Ks is the constant of the spindle motor; Is is the armature current; Ts is the cutting
torque due to tangential cutting force; Bs is the damping coe� cient; Tsf is the dry
friction of the spindle drive system; Tsf0 is the coulomb friction torque at the idle
state of the spindle system; and DTsf is additional coulomb friction torque of the
spindle system due to cutting load. Note that the spindle speed, !s, can be calculated
based on the frequency of the current signal (Li 2001):

!s ˆ 2:8 £ fs; …8†

where fs is the frequency of current signal (in one of the three phases). On the other
hand, the torque (Ts) is equal to the direct current (DC) current (Is) multiplied by the
motor torque constant (Ks) for the DC servo motor systems. For the alternative
current (AC) servo motor systems with three-phase synchronous motors, the equiva-
lent DC current can be found by converting the three-phase AC current using the
following equation:

Is ˆ

����������������������������
I2
U ‡ I2

V ‡ I2
W

3

s

: …9†

Furthermore, the current consumption can be divided into three terms:

Is ˆ Is0 ‡ ¢Isf ‡ ¢Is; …10†

where Is0 is the idling current consumption, ¢Isf is the current consumed by the
friction of spindle drive system and ¢Is is the current consumption due to cutting. In
practice, Iso and ¢Isf can be measured without cutting. The cutting force-induced
current, ¢Is, is related to the cutting force, Ft, the additional friction due to the
cutting load and the angle acceleration of spindle system _!!s. In summary, the follow-
ing relationship exists:

Ft ˆ F…¢Is; !s; _!!s†: …11†

Equation (11) is a non-linear function and, hence, is di� cult to solve. Here, a hybrid
RBF neural network (see appendix A) is used to model this function. The inputs to
the network include the cutting force-induced current ¢Is, the spindle speed !s and
the spindle acceleration _!!s. The output of the network is the estimated tangential
cutting force, Ft. This is illustrated in ®gure 7.

3.3.2. Axial force, Fa

The axial force is related to the feed system. In a CNC lathe, a typical feed system
with an AC servo motor consists of several components: the cutting tool, the tool
holder, the slide, the bearings, the ball screw, the feed box, and the AC motor. The
inertia of the motor armature, feed box, ball screw and slide can be lumped together
to form an equivalent inertia, Ja. On the other hand, the damping of the feed box, the
bearings, the ball screw and the slide can be lumped together to form an equivalent
viscous damping, Ba. The dry or Coulomb friction of the slide and other friction
components can also be combined to form an equivalent friction torque Taf . Finally,
the axial cutting force component is related to the torque, Ta, of the feed motor. If
the e� ect of viscous and friction can be separated, the axial cutting force Fa can be
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estimated based on the axial motor current. In the steady cutting states, namely

_!!a ˆ 0, the following equation holds:

KaIa ˆ Bawa ‡ Ta ‡ Taf0 ‡ ¢Taf ‡ ¢Tav; …12†

where Ka is the constant of the axial feed motor; !a is the velocity of the axial feed
motor; Taf0 is the Coulomb friction torque of axial feed system at the idle states;

¢Taf is the additional coulomb friction torque of axial feed system due to cutting;

¢Tav is the additional viscous friction torque of axial feed system due to cutting
load. The motor current, Ia, consists of two parts: Ia ˆ Ia0 ‡ ¢Ia, Ia0 is the idling
current and ¢Ia is called the cutting current. The idling current is the current con-
sumed at the idle state. It is independent of the cutting and hence, can be measured
before cutting. The cutting current is used to overcome the axial cutting force, the
additional friction caused by the cutting load, as well as the damping of the axial
feed drive system (Ba). Since the additional friction is directly related to the axial feed
cutting force and the damping of the feed drive system is dependant on the feed
speed, fas, the relationship of the axial cutting force can be expressed as follows:

Fa ˆ F…¢Ia; fas†: …13†

Note that the feed speed, fas, is related to the frequency of the motor, fa (Li 2001):

fas ˆ 0:3586 £ fa: …14†

Similar to tangential force, a hybrid RBF ANN is used to estimate the axial cutting
force de®ned in equation (13). The inputs of the network include ¢Ia and fas, and the
output of the network is the axial cutting force. This is shown in ®gure 8.

It should be pointed out that for the machine tools that use step motors, a similar
RBF ANN may be used.
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3.3.3. Radial cutting force
In bar turning, the radial drive motor is not used. Hence, the radial cutting force

cannot be estimated from the radial feed motor current. To overcome this problem,
in this study, the radial cutting force was estimated using a semi-empirical mechan-
istic model. First, according to Endres et al. (1992) and Zhang et al. (1991), cutting
forces are equal to the product of cutting pressures and uncut chip area. Hence, the
speci®c normal cutting force, Kn, and the speci®c friction cutting force, Kf , can be
determined as follows:

Kn ˆ N=Ac …15a†

Kf ˆ P=N ; …15b†

where N and P are the force components normal and parallel to the rake face of
the tool, and Ac is the uncut chip area. Following Nair et al. (1999), after the ®rst
revolution the uncut chip area the uncut chip area, Ac, can be found using:

Ac ˆ fd ¡ f …rn ¡
��������������������
r2
n ¡ f 2=4

q
†=2; rn ¶ f =2 …16a†

Ac ˆ fd ; rn < f =2; …16b†

where f is the feed rate, d is the depth of cut and rn is the tool nose radius. On the
other hand, according to Stephenson and Bandyopadhyay (1995), in bar turning,
the tangential, axial and radial cutting force are given as follows:

Ft ˆ KnAc‰cos ¬b cos ¬ ‡ Kf…cos ®Le sin ¬ ‡ sin ®Le sin ¬b†Š …17†

Fa ˆ KnAc…¡ cos ¬b sin ¬ ‡ Kf cos ®Le cos ¬† …18†

Fr ˆ KnAc…¡ sin ¬b ‡ Kf sin ®Le cos ¬b†; …19†
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where ¬b is the back rake angle; ¬ is the normal rake angle, ®Le is the e� ective lead
angle. In particular, the e� ective lead angle, ®Le, determines the direction of the
friction force. For relatively deep cuts in which the ratio of the depth of cut to the
tool nose radius is large (e.g. > 5), the e� ective lead angle is approximately equal
to the lead angle ®L. When ¡5 < ®L < 458, 0:5 < d < 5:0 mm, 0:1 < f < 1:0 mm,
0:4 < rn < 4:4 mm and rn > f , the e� ective lead angle ®Le satis®es the following
equation:

tan ®Le ˆ 0:5053 tan ®L ‡ 1:0473
f

rn

‡ 0:4654
rn

d
: …20†

Based on the tangential force, the radial force and the tool geometry parameters ¬,

¬b, ®LE, and Ac, the speci®c cutting force coe� cients, Kn and Kf , can be estimated
using equations (17) and (18). Furthermore, using equation (19), the radial force, Fr,
can then be found.

In summary, the cutting force-induced error is estimated in two stages. In the
®rst stage, the cutting forces are estimated based on the cutting conditions and the
motor currents using two RBF ANNs. Note that equations (15±20) are never used
explicitly as they are approximated by the ANNs. In the second stage, the cutting
force-induced error is estimated based on the cutting forces using another RBF
ANN. This is shown in ®gure 9.

3.4. Workpiece error compensation
According to the literature, from an implementation point of view, there are two

ways to compensate the workpiece errors. One is the hardware approach, which uses
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additional hardware such as a hydraulic actuator. The other uses only the software
by overwriting the CNC codes. From a control point of view, the compensation
methods include open-loop compensation and closed-loop compensation. The
former uses a predetermined compensation strategy while the later depends on the
on-line measurement. Here, a software closed-loop compensation method is used.

The workpiece error compensation is done in two steps. First, a number of
experiments were conducted to acquire data for training the RBF ANNs. Note
that during the training, both the motor currents and the cutting forces are
needed to train the RBF ANNs. With the trained RBF ANNs, given a set of tool
geometry and cutting condition, the workpiece error can be estimated. Accordingly,
the CNC codes are modi®ed to compensate the error. The modi®cation has a resolu-
tion of 1 mm in the direction of the depth of cut. The experimental results are
presented below.

4. Experimental results and discussions
During the experiments, various sensors and measurement devices were used.

First, the spindle and feed motor currents were measured using a pair of PCB
Hall e� ect current transducers. The signals were ®rst passed through a low-pass
®lter, and then recorded by a tape recorder. The cutting forces were measured
using a Kistler dynamometer. Note that the cutting forces were used only as the
mean to train the ANNs and were not needed after the training.

A total of 26 cutting tests were conducted under various cutting conditions as
shown in table 1. The variations of the cutting conditions include the following.

. Cutting speed v, two levels: 2.5 and 4.0 mm/s.

. Feed rate f , three levels: 0.1, 0.15 and 2.0 mm/rev.

. Depth of cut d , two levels: 0.5 and 1.0 mm.

. Workpiece diameter D, three levels: 30, 40 and 50 mm.

. Tool nose radius R, two levels: 0.4 and 0.8 mm.

. Coolant, two levels: with (D) and without coolant (F).

. Workpiece material: two levels: mild steel (S) and aluminium (A).

The ®rst 21 cutting tests were used to establish the models for thermal-induced error
and cutting force-induced error (i.e., training the hybrid RBF neural networks). The
rest of the cutting tests were used to verify the presented method.

Figure 10 shows a comparison between the measured cutting force and the
estimated cutting force. It is seen that the di� erence between the measured and the
estimated tangential cutting forces is < 10% in all cases. The di� erence between
the measured and the estimated axial cutting forces is < 5% in all cases. For the
radial forces, however, the di� erence is signi®cant ranging from 10 to 25%. This may
be attributed to the fact that the estimated radial force depends strongly on the lead
angle, which is dependent on the tool wear and the workpiece material. As men-
tioned earlier, the use of motor current to estimate the cutting force is advantageous .
In fact, a typical current sensor costs only about US$65 and requires little additional
hardware. In addition, it is durable, ¯exible and easy to install. Therefore, the
current sensors have a great potential for shop ¯oor applications.

Using the presented workpiece error prediction model to compensate the work-
piece error results in a signi®cant improvement on dimension accuracy. Figure 11
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shows ®ve sets of experiment results (experiment nos T1, T2, T3, T4 and T5 in table

1). From ®gure 11, following observations can be made.

. The thermal-induced error is a constant independent on the workpiece length
and its e� ect is usually small.

. The cutting force-induced error increases with respect to the increase of the

length of the workpiece. This is because during the cutting tests, the tailstock
was not used. Hence, there were larger de¯ections when the cutting

approached the end of the workpiece. Incidentally, the cutting force-induced

error was in the opposite direction of the geometry in the experiment, and

hence resulted in reduced total workpiece error. In practice, however, it is

possible that all the three error components could be in the same direction

resulting large total workpiece error.

. The estimated workpiece error is very close to the actual workpiece error

obtained from FTS-Q sensing. In fact, the average error between the estimated

workpiece error and the actual workpiece error is < 5%. This indicates that the
presented model is very e� ective.

. The compensation can reduce the workpiece error to within § 8 mm. In com-

parison, without the compensation, the workpiece errors were about § 14 mm.
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Cutting condition
Experiment

no. ¸ (m/s) f (mm/rev) d (mm) D (mm) Tool nose Coolant Material

1 2.50 0.10 0.50 50 0.4 D S
2 4.00 0.10 0.50 40 0.4 D S
3 4.00 0.20 1.00 30 0.4 D S
4 2.50 0.10 0.50 50 0.8 F S
5 4.00 0.15 1.00 40 0.8 F S
6 2.50 0.20 1.00 30 0.8 F S
7 2.50 0.10 1.00 50 0.4 F A
8 4.00 0.15 1.00 40 0.4 F A
9 2.50 0.20 1.00 30 0.4 F A

10 4.00 0.20 1.00 50 0.8 F A
11 2.50 0.15 1.00 40 0.8 F A
12 2.50 0.10 0.50 30 0.8 F A
13 4.00 0.20 1.00 50 0.4 D A
14 2.50 0.15 1.00 40 0.4 D A
15 2.50 0.10 1.00 30 0.4 D A
16 4.00 0.20 1.00 50 0.8 D A
17 2.50 0.15 1.00 40 0.8 D A
18 2.50 0.10 1.00 30 0.8 D A
19 4.00 0.20 1.00 50 0.8 D S
20 2.50 0.15 1.00 40 0.8 D S
21 2.50 0.20 0.50 30 0.8 D S
T1 2.50 0.10 1.00 45 0.4 F S
T2 4.00 0.20 1.00 35 0.8 D S
T3 4.00 0.15 1.00 45 0.8 F S
T4 4.00 0.15 0.50 35 0.4 D A
T5 2.50 0.15 1.00 45 0.4 F A

Table 1. Training and test examples.
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Figure 10. Comparison of actual and estimated cutting forces. Cutting speed: 2.5, 4 (m/s);
feed rate: 0.1, 0.15, 0.2 (mm/rev.); the depth of cut: 0.5, 1 (mm); tool geometry: ®L ˆ ¡38,
¬ ˆ ¡3:58, ¬b ˆ ¡78; nose radius of tools: rn ˆ 0:4, 0.8 mm; workpiece: mild steel.
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(c) Test 3 
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11

11



This indicates that the presented error compensation method is indeed very
e� ective.

5. Conclusions
Based on the experimental results and discussions above, following conclusions

can be drawn.

. In turning, the workpiece errors may consist of two parts: the error related
to the machine tool (including geometric error of the machine tool and the
thermal-induced error of the machine tool), and the error related to the
cutting.

. The workpiece error can be accurately measured using the presented FTS-Q
sensing system. Its measurement error is < 5%.

. To measure and, hence, compensate the workpiece error on-line, it is necessary
to develop models for each error component. The geometric error can be
modelled using a simple linear regression model based on the experimental
data without machining. The thermal-induced error is dependent on cutting
conditions and machining time. It can be predicted by a RBF ANN. The
cutting force-induced error is dependent on the cutting forces and it can be
predicted using a two-stage RBF ANN based on the spindle motor current and
the feed motor current. In the ®rst stage, two RBF ANNs and an analytical
model are used to estimate the cutting forces. Based on the estimated cutting
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Figure 11 Ð concluded. Experimental results.



forces, in the second stage, another RBF neural network is used to model the
cutting force-induced error.

. The workpiece error can be compensated for by simply modifying the CNC
codes (software compensation). Based on the experimental testing, the pre-
sented model can reduce the workpiece error to within § 5 mm from § 14 mm.

. The presented error compensation method uses only the spindle motor current
and the feed motor current, as well as software implementation. Hence, its cost
would be low and has a great potential for shop ¯oor applications.
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Appendix A: Brief description of the hybrid RBF neural network
The radial basis function (RBF) neural network is one of the most commonly

used arti®cial neural networks (ANNs). Its theory and applications can be found in
several monographs and papers, such as Haykin (1994). Brie¯y, a RBF neural net-
work is a non-linear mapping function that transforms a set of n-dimensional inputs
to a set of m-dimensional outputs (®gure 5). The non-linear transformation is con-
trolled by a set of m base functions. Each base function is characterized by a centre
vector, cj ˆ ‰cj1; cj2; . . . ; cjmŠ, and a radius vector rj ˆ ‰rj1; rj2; . . . ; rjmŠ. A typical base
function is:

hj…x† ˆ exp ¡
Xn

kˆ1

…xk ¡ cjk†2

r2
jk

" #

; …A:1†

where x ˆ ‰x1; x2; . . . ; xnŠ represents a training sample. From equation (A.1), it is
seen that the output of the base functions will have the largest responds to the inputs
nearest to the centre cj . In addition, the radius rj can be considered as a weighting
function. Based on the base functions, the output of the RBF neural network, f …x†,
is determined by a linear regression:

f …x† ˆ
Xm

jˆ1

wj hj…x†; …A:2†

where wj are weighting factors.
To build a RBF neural network is to determine: (1) the number of nodes of the

network; (2) the Gaussian centre cj; (3) the radius rj; and (4) the output-layer weight-
ing factors wj . The ®rst three problems are often solved together since the number of
nodes are correlated to the Gaussion centre cj and the radius rj. According to the
literature, various algorithms have been developed (Broomhead and Lowe 1988,
Poggio and Girosi 1990, Chen et al. 1991, Cheng and Lin 1994). To determine the
weighting factor wj is relatively easy. It can be done using conventional statistical
approaches such as the least mean squares and pseudo-inverse matrix.

In the presented research, the method by Kubat (1998) and Orr (2000) is used.
Kubat (1998) ®rst proposed using a decision tree to build a RBF neural network.
First, a decision tree is built using algorithms. Then, each node of the decision tree is
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converted to a node of the RBF neural network. In this way, the structure of RBF
can be determined and consequently the RBF network can be built. Orr (2000)
modi®ed this approach by combining a regression decision tree and RBF neural
network with a complexity control parameter. It consists of the following steps.

. Generating a regression tree. Given a set of training data, fxigp
iˆ1, a decision

tree can be obtained by the regression tree building methods. Note that each
node of the tree represents a hyper-rectangle in the sample space. The centres
of these hyper-rectangles , c, can also be calculated.

. Transforming the nodes of the decision tree into RBFs. To transform a hyper-
rectangle into a Gaussian RBF, the centre of the hyper-rectangle, c, is taken as
the RBF centre, and its size (half-width), scaled by a control parameter ¬, is
used to form the RBF radius, r.

. Selecting a subset of RBFs. In general, if a RBF contains all the nodes of the
decision tree, the RBF could become oversensitive. To minimize the e� ect of
this problem, it is necessary to use a backward elimination. The backward
elimination is based on how many training samples that a node is associated
to. The nodes that associate only a few training samples would be eliminated.

. Calculating the weighting factors. Using the same training data fxig
p
iˆ1, the

weighting factor, wj, can be determined by:

w ˆ …HTH†¡1HTy;

where H ˆ fhj…xi†g and y ˆ ‰ y1 y2 ¢ ¢ ¢ ypŠT are the outputs of the training
data.

. Evaluating the RBFs. To determine when the training of the RBF is completed,
two criteria can be used. These are the generalized cross-validation (GCV) and
Bayesian information criterion (BIC).

It should be pointed out that in the Orr method, there are two important control
parameters: one is used to control the depth of the regression tree and the other is
used to control the ratio of the number of hyper-rectangles and the number of nodes
in the RBF. Additional calculations are needed to acquire these parameters.
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