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EVOLUTIONARY-BASED VIRTUAL TRAINING IN EXTRACTING

FUZZY KNOWLEDGE FOR DEBURRING TASKS

Shun-Feng Su*, Tar-Jyh Horng, and Kuu-Young Young

ABSTRACT

In this research, the problems of how to teach a robot to execute skilled opera-
tions are studied.  Human workers usually accumulate their experience after execut-
ing the same task repetitively.  In the process of training, a worker needs to find ways
of adjusting his/her execution.  In our system, the parameters for an impedance con-
trol scheme are considered as the targets for adjustment in the training process.  The
way to make adjustments is represented as a set of fuzzy rules in our research.
Furthermore, a training scheme, called the evolutionary-based virtual training scheme,
is proposed to extract knowledge (a set of fuzzy rules) for robotic deburring tasks.  In
this approach, an evolutionary algorithm is employed to find the best set of fuzzy
rules and a simulation system is built to evaluate the execution performances of
candidates.  This learning scheme has been applied in finding a set of fuzzy rules that
can adjust the parameters of impedance controllers required in deburring operations
with satisfactory performance in deburring tasks.

Key Words: virtual training, evolutionary algorithms, fuzzy rule extracting, deburring
tasks.
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1. INTRODUCTION

Recently, industry has successfully employed
robots to execute various tasks in which the working
environment is harmful to human beings or opera-
tions are repetitive and/or require high accuracy.
Usually, those tasks can be programmed into opera-
tions of robots because those tasks do not interact with
the environment frequently and then human skill may
not be necessary for the operations of the tasks.  There
may also exist tasks, such as deburring, grinding, mill-
ing, assembly, etc., which need interactions with the
environment and thus, require decision-making while
facing those interactions.  Such tasks are very diffi-
cult to satisfactorily program into robot operations.

Several researchers have tried to discover rela-
tionships between human experts’ intentions and

operational strategies for tasks so that skills needed
for accomplishing those tasks could be modeled and
then possibly transferred into operations of robots.
Asada et al. have employed neural networks (Asada
and Liu, 1991a; Asada and Liu, 1993), adaptive con-
trol (Asada and Liu, 1991b), and fuzzy rules (Asada
and Yang, 1992) to model and to transfer human skills
into operations of robots.  In (Guan, 1995), human
skills are considered as the desired position com-
mands to the controller of a robot manipulator dur-
ing the execution of a compliant task.  Other
parameters, such as the parameters required in im-
pedance control, are chosen as constants.  The results
in our simulation showed that the performance could
be improved by changing those parameters.  In order
to acquire human skills, in (Asada et al., 1991), the
joints of a robot manipulator are relaxed and then a
human expert worker is asked to take the end-effec-
tor of the robot to accomplish a compliant task, for
instance, deburring.  The data of the deburring
process, such as angles and torques of all joints are
recorded.  The approach then extracts useful rules or
strategies for representing skills from the collected
data.  However, there are problems in that approach.
First, the obtained rules or strategies based on this
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set of data may not be able to represent the skills
sufficiently.  Secondly, the rules or strategies ex-
tracted from the data are rather primitive and are sen-
sitive to operational conditions.  Thus, it may be de-
sired to further generalize the obtained knowledge to
cope with the variation of tasks.

In this research, we propose a novel idea of
recoding knowledge for skilled tasks.  The consid-
ered task is the deburring operation.  The recorded
knowledge in our research is the impedance control-
ler characterized by a set of fuzzy rules.  We attempt
to use the parameters required in impedance to rep-
resent the operational skills for deburring to overcome
various problems mentioned above.  However, it is
difficult to obtain these kinds of rules from expert
knowledge or a set of training data.  This paper then
presents an approach using evolutionary algorithms
in finding the best set of fuzzy rules for the imped-
ance controller through simulation.  It is called evo-
lutionary-based virtual training in the paper.  The
simulation results have demonstrated good perfor-
mance from the proposed approach in deburring
operations.

The organization of the paper is as follows.
Section II describes the concept of virtual training.
In section III, the robotic impedance control is
presented.  The fuzzy rules used in coding knowl-
edge for deburring tasks are proposed in section IV.
In section V, the evolutionary algorithm used is
described.  We employed those mechanisms in our
simulations. The detailed implementation environ-
ment and simulation results are presented in section
VI.  Finally, section VII concludes the paper.

II. THE CONCEPT OF EVOLUTIONARY-
BASED VIRTUAL TRAINING

The idea of virtual training is to train operational
schemes in a virtual environment, which is a simula-
tion system that can truly model the considered
environment.  In such a system, when simulation re-
sults are not acceptable, operational schemes are
modified, and then another simulation is conducted.
Hopefully, after a period of training, an operational
scheme yielding acceptable performance can be
obtained.  The name “virtual training” is adopted from
an often-used terminology - virtual reality, which is
also a simulation system for emulating scenarios in
the real world.

In our research, a virtual robot environment is
built.  The performance of a deburring operation is
evaluated by using results obtained from the virtual
environment.  From the training viewpoint, the sys-
t em i s  t r a ined  to  execu te  debu r r ing  t a sks
satisfactorily, and such knowledge is accumulated
through practice.  One advantage of this approach is

that there is no cost for repetitive operations, and a
mass amount of training becomes possible.  Another
advantage is that it is possible to capture all kinds of
information or states that may be difficult or impos-
sible to get in real world operations.  Finally, due to
the rapid growth of the techniques in virtual reality,
to model a real world system accurately will eventu-
ally come true.  Then, the concept of virtual training
may become actually applicable.

Roughly speaking, there are two subsystems in
our training system, the compliance controller and the
learning module to record knowledge through
training.  The compliance controller used is an im-
pedance control scheme.  In this research, the knowl-
edge to be learned is the rules for determining the
parameters required in an impedance control scheme.
Nevertheless, the representation of knowledge by
using rules is discrete in nature, but the data obtained
are for continuous variables.  Thus, in order to soften
the boundary between rules, the fuzzy set theorem
(Zadeh, 1965) is adopted for rule reasoning in this
research.  The structure of fuzzy rules used for the
operational skills is introduced in Section IV.

In the process of training, the system must find
ways of adjusting its execution.  In our system, the
parameters for an impedance control scheme are used
as the targets for adjustment.  In our system, the per-
formance of the current set of rules is evaluated
through simulation.  In a training paradigm, various
patterns (sets of rules) must be used to explore all
possibilities to search for the pattern that can yield
the best performance.  However, if the training pat-
terns are tried in a random manner, the search for find-
ing the best candidate may take lots of time.  For our
case, the number of possible sets of rules is extremely
large, and the exhaustive search for all sets is
impossible.  Therefore, it is natural to think about the
use of evolutionary algorithms to provide an effec-
tive way of finding the best candidate. Such an ap-
proach is called evolutionary-based virtual training
in our research.  The evolutionary algorithm used will
be described in Section V.

III. ROBOTIC IMPEDANCE CONTROL

In this research, deburring tasks are used as the
skilled operations for training.  Various control
schemes (Kazerooni et al., 1986; Kazerooni and Her,
1991) can be used as the compliance controller for
deburring tasks.  Impedance control was first pro-
posed in (Hogan, 1985) and was proved to be stable
in contact tasks in (Hogan, 1987; Hogan, 1988).  The
impedance control has been proven to be feasible for
deburring operations.  In this research, the impedance
controller is used as the control scheme due to its flex-
ibility and simplicity.

D
ow

nl
oa

de
d 

by
 [

N
at

io
na

l C
hi

ao
 T

un
g 

U
ni

ve
rs

ity
 ]

 a
t 1

7:
36

 2
7 

A
pr

il 
20

14
 



S. F. Su et al.: Evolutionary-Based Virtual Training in Extracting Fuzzy Knowledge for Deburring Tasks 195

The control strategy of impedance control is to
allow the end-effector of a robot manipulator to re-
spond to an environmental force with desired target
impedance.  With simple physics, the following equa-
tion is obtained

MdX+BdX+Kd(X−Xd)=Fext (1)

where Md, Bd and Kd are the inertial, the damping
and the stiffness matrices, respectively, in the Carte-
sian space specified by the designer.  X, X , and X
are the end-effector’s position, velocity and accelera-
tion vectors in the Cartesian space, respectively.  Xd

is the goal position vector in the Cartesian space, and
Fext is the external force caused by the environment.

The impedance in Eq. (1) is a decoupled form
in the Cartesian space.  Since the control of a robot
manipulator is always considered in the joint space,
the above equation must be transformed into the joint
space to derive the required control torque.  Let L be
the transformation between the joint space and the
Cartesian space and denoted X=L(q), where X is the
position vector in the Cartesian space and q is the
angle vector in the joint space.  From the robot dy-
namics (Fu et al., 1989):

H(q)q +V(q,q )+G(q)=ττ act−JTFext (2)

where ττ act is the generalized torque vector applied at
joints, q is the vector of the joint variables, q  is the
vector of the joint velocity, q  is the vector of the joint
acceleration, H(q) is the inertial acceleration-related
symmetric matrix, V(q,q ) is the nonlinear Coriolis and
centrifugal vector, G(q) is the gravity loading force
vector, and J is the Jacobian matrix and is defined as
X=Jq .  With simple manipulation (Horng, 1996) and
defining W=JH−1JT, the acting torque for robot joints
is

ττ act=JTFext+V+G+JTW−1
        Md
– 1(Fext−BdX−

Kd(X−Xd))−JTW−1     Jq (3)

In the use of impedance control, one major is-
sue is to select Md, Bd and Kd properly.  In the work
of (Guan, 1995), those parameters are chosen as con-
stants in his work of transferring human skills.  The
results in later simulations showed that the perfor-
mance could be improved by changing the parameters
required in the impedance control mechanism.  Thus,
in order to obtain a better result for deburring
operations, a way of determining when and how to
change those parameters must be defined.

IV. FUZZY RULES FOR DEBURRING TASKS

Since Zadeh proposed the concept of fuzzy sets

in (Zadeh, 1965), many applications of using fuzzy
systems have demonstrated good performance (Kim
et al., 1994; Lin and Lee, 1996; Chen, 1998).  Com-
pared to the use of classical rules, fuzzy rules together
with approximate reasoning mechanisms can provide
various advantages.

In our implementation, the used fuzzy rules for
adjusting the parameters of impedance controllers are
of the form:

Ri: IF (current-state∈ Api) THEN ∆P=θi

i=1, ..., n (4)

where Api is the fuzzy label for the parameter P in the
i-th rule, ∆P is the variable of the increment for the
parameter P, θi is the incremental value assigned by
this rule.  This rule form is similar to that used in
(Asada and Yang, 1992) except that their rules are
identified from a human expert and then categorized
based on expert linguistic information.  It should be
noted that in our rule form, θi is a crisp value.  Thus,
the fuzzy models used can be considered as a TSK
fuzzy model (Takagi and Sugeno, 1985) and then the
TSK fuzzy reasoning approach (Takagi and Sugeno,
1985; Lin and Lee, 1996; Jang et al., 1997) is used
for the reasoning process.

In this research, only line deburring tasks are
discussed, and then the considered dimension is 2.
In those rules, we either used the error on the burr
axis (denoted as x1) or the speed on the moving axis
(denoted as x2) as the current state to determine how
to adjust those parameters.  In our implementation,
those parameters used for adjusting are Md, Bd, Kd,
and Xd, in Eq. (1).  For simplicity, all variables are
considered independently in our system.  Thus, there
are 8 groups of fuzzy rules and the fuzzy member-
ship functions used are all triangular shapes with over-
lap ratios all 1 (Lin and Lee, 1996; Jang et al., 1997).
In this study, these fuzzy membership functions are
selected as long as they are feasible.  Since evolu-
tionary algorithms are used in tuning rules, in order
to have inheritance between generations the fuzzy
membership functions are kept fixed in our study.
Fig. 1 shows the membership functions for the rules
of adjusting Md on the x1 axis and the other member-
ship functions are similar and their center values are
listed in Table 1.  In the table, Api’s are fuzzy labels
for the error on the x1 axis and Vpi’s are fuzzy labels
for the speed on the x2 axis.

For the consequence parts of fuzzy rules, θi’s,
they are tuned in the training process.  Various ap-
proaches (Takagi and Sugeno, 1985; Lin and Lee,
1996; Jang et al., 1997; Juang and Lin, 1998) have
been proposed to train parameters in fuzzy rules.
However, those approaches are to tune the parameters
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in a supervised and off-line manner.  In other words,
there must exist a subsystem that can tell the learn-
ing system what is correct and the training data must
be available in a batch.  In this research, due to the
lack of a supervising block that can tell which one is
desired, an evolutionary algorithm is used to search
for θi’s in the rules.

V. EVOLUTIONARY ALGORITHMS

Evolutionary algorithms are ways of finding a
set of parameters that can optimize a fitness function
and are traditionally referred to as genetic algorithms
(Back et al., 1997), which are defined for the prob-
lems of finding the best combination of genes (binary)
(Goldberg, 1989; Holland, 1975).  Various applica-
tions can be found in robotics, such as solving in-
verse kinematics of redundant robots (Parker et al.,

1989), motion planning and obstacle avoidance
(Shibata and Fukuda, 1993), or navigation of mobile
robot (Hashimoto et al., 1995).  Evolutionary algo-
rithms can also cooperate with fuzzy systems or neu-
ral networks to search for optimal solutions (Fukuda
and Shimojima, 1995; Ishibuchi et al., 1995; Park et
al., 1994).  In (Ishibuchi et al., 1995), genetic algo-
rithms are used to select fuzzy rules for classifica-
tion problems.  In (Park et al., 1994), a genetic-based
method is proposed to look for an optimal fuzzy rela-
tion matrix in the New Fuzzy Reasoning Method
(NFRM) (Cao et al., 1990) and to tune membership
functions such that the obtained fuzzy rules can gen-
erate outputs as close to the actual data as possible.
In this study, we also employed evolutionary algo-
rithms to define fuzzy rules under the proposed vir-
tual training system.  We believe that other ways of
combining fuzzy and evolutionary algorithms might
have better learning performance than the one used
here.  However, this is not important in our problem
because i t  can only reduce the learning t ime
(generations) and has nothing to do with the deburring
performance.

Due to the nature of adaptation to the problem
in evolutionary algorithms, we proposed to build an
evolutionary-based virtual training system to extract
knowledge for robotic deburring tasks.  Generally
speaking, evolutionary algorithms are to search for
better alternatives based on a given fitness function
through the evolution of chromosomes.  Chromo-
somes encode solutions to the problem and a fitness
function is used to evaluate those chromosomes.  At

AM11
AM12

AM13
AM14

AM15
AM16

-7.5×10−4 -2.5×10−4 1.5×10−4 2.5×10−3 3.5×10−3

0.5×10−4

Table 1  The center values for all used fuzzy labels for parameters in our impedance control scheme

Parameter Fuzzy label Center values Parameter Fuzzy label Center values

AM11  -7.5 ×10−4 Ak11  -1.5×10−3

AM12  -2.5 ×10−4 Ak12  -5.0×10−4

AM13   5.0 ×10−4 Ak13   5.0×10−5

M1 K1AM14   1.5 ×10−3 Ak14   2.0×10−3

AM15   2.5 ×10−3 Ak15   4.0×10−3

AM16   3.5 ×10−3 Ak16   6.0×10−3

VM21 0.0 Vk21   1.0×10−2

M2 VM22   2.0 ×10−2 K2 Vk22   2.0×10−2

VM23   4.0 ×10−2 Vk23   3.0×10−2

AB11  -1.25 ×10−3 AX11  -1.0×10−3

AB12  -7.5 ×10−4 AX12  -3.0×10−4

AB13  -2.5 ×10−4 AX13  -5.0×10−5

B1 X1dAB14  4.0 ×10−4 AX14   5.0×10−5

AB15     1.15 ×10−3

AB16     1.85 ×10−3

VB21 -2.5 ×10−3 AX21 0.0
B2 VB22     1.25 ×10−2 X2d AX22   2.0×10−2

VB23     2.75 ×10−2 AX23   4.0×10−2

Fig. 1  The fuzzy membership functions for M1
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first, an initial population is selected.  Each chromo-
some in the population is evaluated in terms of its
fitness.  If given stopping criteria (for example,
achieving a desired fitness value, no change in the
old and new population for a long time, or reaching a
specified computing time) are not met, evolutionary
ope ra t ions  a re  pe r fo rmed  to  gene ra t e  new
chromosomes.  In the generation process, chromo-
somes are selected from the population with probabili-
t ies  propor t ional  to  thei r  f i tness  values  for
reproduction.  The whole process is repeated until the
given stopping criteria are met.  The solution is the
best chromosome in the final population.

In this work, those θi’s for 8 groups of fuzzy
rules are ∆M1, ∆M2, ∆B1, ∆B2, ∆K1, ∆K2, ∆X1d, and
∆X2d, respectively, and are to be determined in the
training process.  By referring to Table 1, there are
34 attributes in each chromosome.  The initial popu-
lation (10 chromosomes) used is listed in Table 2.
Those values are selected only because they are
feasible.  Since those attributes are real numbers,
floating evolutionary operators are used. Consider two
chromosomes ζ=<ζ1, ζ2, ..., ζn> and η=<η1, η2, ...,
η n>. In our example, n=34.  For the crossover
operations, new chromosomes are obtained as <ζ1+
(η1−ζ 1)/a1, ζ 2+(η2−ζ 2)/a2, ..., ζ n+(ηn−ζ n)/an> and
<η1+(ζ1−η1)/b1, η2+(ζ2−η2)/b2, ..., ηn+(ζn−ηn)/bn>,
where ai and bi are selected randomly in the interval
[2, 5].  This interval is heuristically determined.  For
the mutation operation, the deviation value should
be limited to a given range; otherwise the robotic

operation might become unstable.  When ζ i is chosen
for mutation, ζ=<ζ1, ..., ζ i, ..., ζn> is changed to ζ *=
<ζ 1, ..., ζ i+δ, ..., ζn>, where δ is within the region
[-3,3].  In our implementation, each attribute has its
mutation probability, and there may exist more than
one mutation in a chromosome.  The mutation prob-
ability of each attribute is 0.03.

VI. SYSTEM IMPLEMENTATION AND
SIMULATION RESULTS

The idea of our approach is to operate a robot
simulator to execute a deburring task and when the
execution is not acceptable, the rules for adjusting
Md, Bd, Kd, and Xd of each dimension are then
modified.  Fig. 2 shows the block diagram of our
system.  First, a set of rules enters into the system.
Then, the impedance controller uses those parameters
during the task execution.   After  the task is
accomplished, the fitness of the results is evaluated.
The evolutionary algorithm is then used to produce
new sets of rules for evaluation.  Hopefully, with the
evolutionary based training mechanism, a set of rules
that can achieve satisfactory results is acquired.

There are several different forms of dynamics
(Guan, 1995; Kazerooni and Her, 1991; Bone and
Elbestawi, 1994; Kuan and Young, 1998) that can be
used to describe the interaction between the robot end-
effector and the working environment.  A simple dy-
namic model used in (Guan, 1995) is adopted in this
simulation.  The deburring model used is shown in

Table 2  The initial population used in the simulation (10 chromosomes)

Corresponding Corresponding
fuzzy labels 1~10 chromosomes fuzzy labels 1~10 chromosomes

(scale) (scale)

AM11 (×5.0×10−4) -2 -2 -3 -3 -3 -2 -2 -2 -5 -5 AK11 -5 -5 -5 -5 -4 -4 -5 -5 -5 -5
AM12 (×5.0×10−4) -1 -1 -1 -2 -2 -2 -2 -2 -2 -2 AK12 -4 -4 -4 -4 -3 -3 -4 -4 -4 -4
AM13 (×5.0×10−4) 1 1 1 1 1 1 1 1 1 1 AK13 1 1 1 1 1 1 1 1 1 1
AM14 (×5.0×10−4) 10 8 7 9 9 8 8 6 6 6 AK14 5 3 3 3 3 3 5 3 3 2
AM15 (×5.0×10−4) 20 12 15 11 11 15 15 14 14 12 AK15 10 8 8 8 7 9 10 7 7 6
AM16 (×5.0×10−4) 20 13 20 16 16 18 18 20 20 15 AK16 13 10 10 10 9 9 13 9 9 7

VM21 (×10−3) -3 -1 -2 -3 -2 -2 -2 -2 -3 -3 VK21 (×10−4) -1 -2 -3 -4 -1 -1 -1 -1 -3 -3
VM22 (×10−3) 5 3 3 5 5 4 3 3 5 5 VK22 (×10−4) 20 15 12 10 8 6 16 18 18 15
VM23 (×10−3) 10 8 7 7 6 6 5 10 7 7 VK23 (×10−4) 30 25 20 15 10 12 22 20 20 30

AB11 (×3.0×10−2) -8 -6 -5 -5 -5 -5 -10 -10 -10 -8 AX11 (×10−3) -5 -5 -3 -4 -4 -2 -2 -2 -2 -2
AB12 (×3.0×10−2) -5 -4 -3 -4 -4 -4 -4 -4 -4 -5 AX12 (×10−3) -3 -3 -2 -2 -2 -2 -1 -1 -1 -1
AB13 (×3.0×10−2) -2 -1 -1 -2 -2 -2 -1 -1 -1 -2 AX13 (×10−3) -1 -1 -1 -1 -1 -1 -1 -1 -1 -1
AB14 (×3.0×10−2) 1 1 1 1 1 1 1 1 1 1 AX14 (×10−3) 0 0 0 0 0 0 0 0 0 0
AB15 (×3.0×10−2) 2 2 2 3 3 2 2 2 2 2
AB16 (×3.0×10−2) 13 10 10 9 9 8 5 5 6 8

VB21 (×10−1) -1 -1 -2 -2 -2 -2 -1 -2 -3 -1 AX21 (×5.0×10−4) 2 2 2 2 2 2 2 2 2 2
VB22 (×10−1) 5 3 3 3 4 4 5 5 7 5 AX22 (×5.0×10−4) 0 0 0 0 0 0 0 0 0 0
VB23 (×10−1) 20 15 12 12 10 10 20 18 11 20 AX23 (×5.0×10−4) -5 -4 -6 -6 -6 -5 -5 -5 -5 -5
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Fig. 3.  The environment can be modeled as (Guan,
1995):

−Fext=MeX+BeX+Ke(X−Xe) (5)

where Me, Be and Ke are the inertial, the damping and
the  s t i f fness  mat r ices ,  respec t ive ly ,  o f  the
environment, and Xe is the position vector of the
environment.  This external force is caused by the
deformation of the workpiece.  Usually, this type of
dynamics of environment is adequate.  The deburring
behavior is characterized by:

   Xe1 = – k b
Fext1

x2 + σ
(6)

where   Xe1 is the deburring effect, which is the change
of the position vector on the x1 axis, Fext1 is the ex-
ternal force on the x1 axis, kb and σ are positive
constants.  kb represents the efficiency of deburring.
When kb is large, the efficiency of deburring is high.
A small constant σ is to avoid dividing by zero in Eq.
(6).

The requirements of deburring tasks in our train-
ing are described as follows.  First, when the end-
effector of the robot manipulator is in contact with
the working environment, big impact should be
avoided.  Secondly, the line after deburring is asked
to be as close to the desired line as possible, and then
the position error is one index of the performance
measure.  Thirdly, the stability during the execution
of the task needs to be assured.  Finally, the execu-
tion time should not exceed a prescribed value.
Besides, the weight of the position performance in
the evaluation function is larger than that of the time
consumption and of the force exertion.

According to the above task requirements, the
fitness function used to evaluate the performance of
a deburring operation is defined as:

score=    W1 × score1
2 × count +    W2 × score2

2 × count +(100−W1−W2)

×exp(−p2×count) (7)

score1=    [sgn(0.4 – X01i)Σ
i = 0

n
×exp(−p3×(0.4−X01i))]

(8)

score2=    [exp( – p1 × (Fext1 – Flmt)
2)Σ

i = 0

n

×exp(−p1×(Fext2−Flmt)
2)] (9)

where W1 and W2 are the weights for the position and
for the force performances, respectively.  Flmt is the
desired force.  p1, p2, and p3 are the multipliers in
different scores.  0.4 is the desired position and X01i

is the position after deburring for the ith point.
count=n is the number of points needed to accom-
plish a deburring task.  Thus, score1 is to evaluate
the performance of X01i (position) and score2 is to
evaluate the performance of external force.  count is
the measure of the execution time.  In this simulation,
the counting number cannot exceed a desired number.
If it exceeds this desired number, the evaluation score
is set as zero.  In other words, if the speed of the
deburring operation is too slow, the deburring opera-
tion will be regarded as a failed operation.  In the
same way, if the external force exceeds a tolerable
force, the robot simulator alerts the user and also the
evaluation score is set as zero.  The values of robot
simulator’s parameters and other parameters used in
our implementation are shown in Table 3.

First, the simulation result using the initial rules
is shown in Fig. 4.  In the figure, the horizontal axis
is x1, the vertical axis is x2, and besides the original
burr profile and the desired line (at x1=0.4), the re-
sultant positions (X01i) for all points are shown.  It is
clearly evident that the performance is not good.  Our

Fuzzy
logic

module

Adjusting
M, B, k and

Xd

GA operation
(crossover and

mutation

Evaluation function
(depending on

position and force
error)

Impedance
controller

Impedance
controller
module

interaction

Virtual compliant environment

Evolutionary algorithm module

Acquire position
and force data

Virtual
robot

manipulator
Working

environment
Initial
fuzzy
rules

Produce next
generation of

fuzzy
rules

Fig. 2 The diagram of the evolutionary based virtual training
system

x2

x1

x1=0.4
Desired contour
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Bur
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X1d:
X2d:
K1:
K2:

M1:
M2:
B1:
B2:

Start point=(0.4,0.2)

Fig. 3  The used virtual robot simulator
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system is then trained by using the evolutionary al-
gorithm with the maximal allowed points = 3000 to
find a set of suitable rules.  The deburring result by
using the obtained fuzzy rules is shown in Fig. 5.  It

can be found that our approach indeed can train the
fuzzy rules to perform deburring tasks nicely.  Fig.
6 is another training result by using another burr
profile. Again, the training is effective.  Now, let the

Table 3  The values for various parameters used in our implementation

Entities Symbols Description Values

l1 The length of the first link 0.3m
l2 The length of the second link 0.32m

Parameters for
m1 The mass of the first link 2.815kg

the robot
m2 The mass of the second link 1.640kg

manipulator
I1 The inertial of the first link 0.0234kg-m2

I2 The inertial of the second link 0.0234kg-m2

Me1 The environment mass on the x1-axis 0.0
Me2 The environment mass on the x2-axis 0.0

Parameters for Be1 The environment damping on the x1-axis 0.5
the virtual Be2 The environment damping on the x2-axis 0.5

environment Ke1 The environment stiffness on the x1-axis 100000
Ke2 The environment stiffness on the x2-axis 10000
Cfri The friction force coefficient on the x2-axis 0.2
kb The deburring coefficient 5

Md1 The desired mass on the x1-axis 1.0
Md2 The desired mass on the x2-axis 1.0

Parameters for
Bd1 The desired damping on the x1-axis 50

the initial
Bd2 The desired damping on the x2-axis 8

target impedance
Kd1 The desired stiffness on the x1-axis 625
Kd2 The desired stiffness on the x2-axis 16

W1 The weight for the error score 50
W2 The weight for the external force 30

Parameters for p1 The multiplier for the external force on the x1-axis 0.005
the fitness p2 The multiplier for the external force on the x2-axis 0.005
function p3 The multiplier for the error (if (0.4-X01n)>0.0) 500

p3 The multiplier for the error (if (0.4-X01n)≤0.0) 200
Flim it The desired force -15 NT

Fig. 4  The results by using the initial rule
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Fig. 5 The results of using the obtained rules (workpiece 1 and
max=3000 points) with score 39.313

0.45

0.4

0.35

0.3

0.25

0.2
0.39 0.395 0.4 0.405

Result line

Burr

x1

X01n

x 2

D
ow

nl
oa

de
d 

by
 [

N
at

io
na

l C
hi

ao
 T

un
g 

U
ni

ve
rs

ity
 ]

 a
t 1

7:
36

 2
7 

A
pr

il 
20

14
 



200 Journal of the Chinese Institute of Engineers, Vol. 27, No. 2 (2004)

maximal allowed points become 4000; that is, a longer
deburring process is allowed.  The results are shown
in Figs. 7 and 8.  It can be found that the evaluated
score are both higher than the former ones.  For
comparison, the results in (Guan, 1995) are also cited
and shown in Fig. 9.  It is evident that our results are
much better than those in (Guan, 1995).  It can be
concluded that this approach can indeed achieve the
purpose of training.  In order to show that the idea of
using the parameters in impedance controllers as
knowledge is feasible, the obtained rules are applied
to the workpieces with the same environmental pa-
rameters but different burr profiles.  The set of rules
obtained from the first case is used to debur the
workpiece of the second case and the result is shown
in Fig. 10.  Similarly, the set of the rules obtained
from the second case is also used to debur the
workpiece of the first case and the result is shown in
Fig. 11.  It is evident that both cases are successfully
performed.

Fig. 6 The results of using the obtained rules (workpiece 2 and
max=3000 points) with score 40.715

Fig. 7 The results of using the obtained rules (workpiece 1 and
max=4000 points) with score 41.725

Fig. 8 The results of using the obtained rules (workpiece 2 and
max=4000 points) with score 41.165
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Fig. 9  The results reported in (Guan, 1995)

VII. CONCLUSIONS

In this research, the problems of how to teach a
robot to execute skilled operations are studied.  The
method of transferring human skills to robot opera-
tions is different from those proposed in the literature.
Human workers usually accumulate their experience
after executing the same task repetitively.  Thus, in
this work, we proposed an evolutionary-based sys-
tem to extract knowledge for robotic deburring tasks
through virtual training.  This learning scheme has
been successfully applied in finding ways of adjust-
ing the parameters of impedance controllers required
in deburring operations.  Thus, the main focus of this
paper is the idea of the proposed evolutionary-based
virtual training scheme.  Another focus is to trans-
form the experience for skilled operations into
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parameters in fuzzy systems.  Such a numerical ap-
proach makes experience accumulation possible.
From simulation, it is evident that our approach shows
much better performance than previous work (Guan,
1995).  We believe that the proposed mechanism can
be used in training any skilled operations performed
by robots.
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NOMENCLATURE

Api the fuzzy labels for the error on the x1 axis
Bd the damping matrices in the Cartesian space
Fext the external force caused by the environ-

ment
G(q) the gravity loading force vector
H(q) the inertial acceleration-related symmetric

matrix
J the Jacobian matrix
Kd the stiffness matrices in the Cartesian space
Md the inertial matrices in the Cartesian space
∆P the variable of the increment for the param-

eter P
q the vector of the joint variables
V(q, q ) the nonlinear Coriolis and centrifugal vec-

tor
Vpi the fuzzy labels for the speed on the x2 axis
X the end-effector’s position vector in the

Cartesian space
Xd the goal position vector in the Cartesian

space

ττ act the generalized torque vector applied at
joints

θi the incremental value assigned by a fuzzy
rule
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