


models to control the new trajectory. The idea of using
a resonance parameter is based on the working principle
of the human mind in recalling only the close or relevant
experiences, given a new situation [17],[18],[19)].

The proposed method has been implemented using a
seven-link industrial manipulator called PA-10, manufac-
tured by Mitsubishi Heavy Industries Ltd. The reference
input of joint angle, its velocity, and their output data ob-
tained from the experiments are used for the system iden-
tification studies. Promising results have been obtained to
prove the ability of the proposed method in capturing non-
linear dynamics of a multi-link manipulator in an effective
manner.

II. MODEL CONSTRUCTION AND CONTROLLER DESIGN

In the case of model based manipulator control, the
global identification of dynamics with a finite number of
RBFs is a formidable task for a complex manipulator such
as PA-10. Therefore identifying local nonlinear dynam-
ics using a reduced number of activation functions in the
NNs for a fairly complex trajectory in the workspace saves
computation time and usage of computer resources. For
a complex trajectory, it is best to identify several nonlin-
ear primitive models rather than a set of linear primitive
models. Therefore the approach tries to keep a set of pre-
identified nonlinear dynamic models in the workspace of
the manipulator to fuse them in an effective manner.

The proposed method attempts to identify the dynam-
ics involving only the reference input of the joint angle, its
velocity, and their output information, using the RKGNNs
trained by an evolutionary algorithm. This needs rearrang-
ing of the dynamic equation of a manipulator to form an
ODE of the form & = f(x). Given the dynamics of the
manipulator as in equation (1), the state vector & can be
defined by = = [@ 6]T. Then the ODE given by (2) can
be formed using @ and the dynamics defined by equation
(1) as :

where

fo(0) = M~H(@){r - V(6,8) - GO - F(O) (1)
The right-hand side of the above ODE gives the rate of
change of the states given by the left-hand side. Therefore
for this family of ODEs, RKGNNs may very accurately
identify the right hand side.

For a given trajectory, the input reference angle, its ve-
locity and their output data of all seven joints were ex-
perimentally obtained. Then these experimental data were
used to train the RKGNNs to identify the dynamics of the
manipulator. The weights of the RKGNN and the RBF
parameters, ¥, and o;, were found using the evolutionary
algorithm described in references [14] and [15], with the ob-
jective function subjected to constraints. The constrained

objective function is given by

in
o= 3 (1046 - 060+ 10) - b

i=1

+ 23 (g @r) @

where t is the total time span of the trajectory, gj(ﬂ) =
max{0, g;(@)} is the additional penalty function for the jth
constraint satisfaction and s; is a log penalty parameter
such that s, = 10 + log(k + 1), k is the number of genera-
tions, and ¢y is the number of constraints.

One constraint was considered: which is given by

91(6) : -T'(6) <0 3)
where I'(8) is the minimum principle minor of the inertia
matrix.

In this application, the dynamics were identified for two
given trajectories for simplicity and due to time constraints.
The two trajectories marked ”1” and ”2” in Fig. 1 were
used for the dynamics identification of the PA-10 manip-
ulator using RKGNNs. Moreover, the new trajectory for
which the proposed control concept is tested is shown in
solid lines. In Fig. 1, the trajectories are presented in
end effector coordinates of position (z,y,z) and orienta-
tion (Yaw, Pitch, Roll). It is important to notice from
Fig. 1, that all end-effector position and orientation of the
two trajectories used for dynamics identification are fairly
different specially in position y and pitch orientation. Fur-
thermore, it is clear that the new trajectory used for test-.
ing has a fair membership in both the trajectories 1, and
2. The parameters of the RKGNNs were trained using an
evolutionary algorithm proposed by the authors in [14]-[15]
to identify the dynamics of the PA-10 manipulator around
the trajectories 1 and 2.

III. COMPARISON OF A NEW SITUATION WITH EXISTING
REPRESENTATIONS

The objective of this process is to assign fuzzy confi-
dences to each stored trajectory for which dynamic models
were identified in the form of NNs, with respect to the new
objective trajectory O:-(84,84). This is the first step to
assess the relevance of each pre-learnt model to the new
trajectory’s work-space.

In general humans associate experiences with situations,
and the confidence with which a particular experience is ap-
plied to a given situation is interpreted in linguistic terms,
such as “highly related,” “weakly related,” etc. Therefore,
the objective trajectory Oy-(84,04) is taken as input to as-
sign fuzzy confidences to each stored trajectory for which
models are identified. The trajectories in this case cor-
respond to the situations and the dynamic models to the
specific experiences in human mind. The joint angles and
their velocity data are fuzzified using radial basis function
fuzzy sets (RBFFS) with the joint angles and their veloc-
ity data of each stored trajectory as the center of each
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Fig. 1. Comparison of the new trajectory with the ones used for training in end-effector coordinates.

RBFFS. The reason behind using RBFFSs is that it en-
ables direct comparison between the vectors of joint angles
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and their velocity of the objective trajectory, and those of
any of the trajectories for which the dynamics are already
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Fig. 2. The basic concept of using the resonance parameter.

identified. This approach is advantageous over taking the
burden of comparing each joint angle and its velocity sep-
arately. Moreover the usage of RBFFSs has the advantage
of reduced computation of confidences.

The fuzzy confidences assigned to Oy by each stored
trajectory are given in the vector,

[p‘lyotr H2,0:r H3,0¢, """ /"‘P,Orr]T'
ues are calculated by

These confidence val-

Hj,0ur = exp{_[(v - vj)T(v - 1)1)/0']2]}“7 = 17.27" *yPm (4)

where p,, is the number of trajectories, for which the ma-
nipulator dynamics have been identified previously, v =
[0 6]T, and o; is the standard deviation of the jth RBFFS.
This process works as the sub-conscious part of the pro-
posed controller.

IV. CONFIDENCE BASED MODEL SELECTION AND
EXECUTION

The sub-conscious process of assigning confidences to
the situations in which existing experiences were acquired,
leads to generating resonance signals to the memory to re-
trieve the specific experiences relevant to the given situa-
tion. The important fact is that at last, only a few expe-
riences that are highly related to the new situation are re-
minded for detailed consideration, from among a vast base
of experiences gathered during one’s whole life. Here in
this method, a resonance parameter ¢ is used to mimic this
human cognitive process of experience mining. Therefore
the resonance parameter € screens the appropriate mod-
els to be used to control the new trajectory O:r(04,64)
such that model j of trajectory j is selected if uj0,, > €.
This approach guarantees stability by selecting the non-
linear models only in the neighborhood of the objective
trajectory. Moreover it reduces computation time by ne-
glecting ineffective dynamic models. The designer should
select a value for e after considering the range of state space
covered by each local nonlinear model, computation time

for each model, accuracy needed, etc. In this case € = 0.3.
The basic idea of using the resonance parameter is depicted
in Fig. 2 for a two dimensional case, where z;, z2 are the
characteristic variables of the trajectory, t is time, i is the
sampling step, h is sampling time width. It can be seen

-that at ¢ = ih, only the € cut of the RBFFS of stored tra-

jectory 2 encircles the new trajectory. Therefore in this
case the dynamic model identified for the stored trajectory
2 is taken to control the new trajectory. In another case
more than one € cuts of the RBFFSs can encircle the given
trajectory at any given time. For the PA-10 case, the vector
of the characteristic variables of the trajectories consists of
14 variables for the joint angles and their velocity.

The selected models are used to generate joint velocity
commands by using each nonlinear model as given by

8. = M;1(0) ['rau +{er+Kué+K1/e}+€3(9,é)+Gj(9)

where écj is the manipulated joint acceleration; M j‘l is the
estimated inertia matrix; 74 is the torque command esti-
mated by the torque network; K,, K,; and K are the
proportional; derivative and integral gains respectively; e
is the vector of joint angle errors; V;(8, 0) is the estimated
velocity force matrix; and G '1(0) is the estimated gravita-
tional force matrix. In this case, j denotes the jth model
trained using RKGNNs.

V. Fuzzy EVALUATION OF FINAL JOINT VELOCITY
COMMAND

A very complex cognitive process in human mind is the
fusion of isolated experiences to work in a given environ-
ment. It is hard to shrink this idea down to a comprehen-
sive mathematical model. Yet the advent of fuzzy linguistic
reasoning opens a fair basis to establish a simple mathe-
matical process to fuse isolated mathematical models. This
fusion process is carried out using the fuzzy confidences al-
ready assigned to each dvnamic model.

First the selected models were used to generate joint
space acceleration commands to control the given trajec-
tory. Then the joint space acceleration commands assigned
to the given trajectory by each model is taken and a def-
fuzzified final control command is calculated by

b = / (2?:1 ﬂj,O"oqi
= ]
j=1 H#5,0¢r

where @, is the vector of final manipulated joint velocity
commands, ¢ is the number of models selected for control
the objective trajectory O (04, 84), and Q(e, €) is the cor-
rection factor to compensate for the unmodeled dynamics
and the uncertain friction forces. In this case it is calcu-
lated as

+ Qe é)) dt 6)

Qe,é) = Kye + Koé 7

where Kg and K are proportional and derivative gains,
respectively. In this application,
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Kp = 2I7x7’
Kv = 7.5I7x7,
K; = 0.0017; 47,
K = 2I1yq,
K% =2I1,7.

According to equation (6), the calculation of the vector
of final manipulated joint velocity commands involves two
operations. The major contribution comes from the fuzzy
fusion of the joint space acceleration commands given inde-
pendently by the stored models. This is performed by first
calculating the vectors of independent joint space accelera-
tion commands calculated based on the stored models given
by equation (5), and then calculating a vector of final joint
space acceleration commands using the fuzzy confidences
assigned to the given trajectory by the stored trajectories.
Note that out of p number of stored models, only a ¢ num-
ber of models that are deemed to be closely related to the
given trajectory, are selected at a given time. This screen-
ing is performed using a cognitive resonance parameter.

The second operation in equation (6) to calculate the
vector of final manipulated joint acceleration comnmands is
given in equation (7). This is intended to compensate for
the unmodeled dynamics and the uncertain friction forces.
Of course one could argue that the integral control part
shown in equation (5) compensates the unmodeled dynam-
ics. Yet in this case, RBFNNs are adopted to identify the
dynamics of a manipulator. Suppose a situation arises
where the input to the NNs is far away from the region
covered in the input space by the RBFs. In this case, there
can be a possibility that the activation of the RBF's is weak.
Therefore, in such a situation, no matter how effective the
integral controller is, multiplication by the RBFNN based
estimated inverse of the inertia matrix as shown in equa-
tion (5) to calculate the joint space acceleration command,
would result in weak control performance. The second op-
eration given by equation (7) strategically covers this kind
of situations.

Next consider the tuning of gains in equations (5) and
(7). Obtaining a set of theoretically optimum gains in equa-
tions (5) and (7) could be very much easier if the dynamic
model was exactly the same as the actual dynamics of the
manipulator. The fact that this is not the case in estimated
dynamics, the mismatch between actual and modelled dy-
namics may cause servo errors to be excited. Therefore,
care should be taken in selecting the values for K, ~ K Yin
equations (6) and (7). Therefore, in this case the gain tun-
ing was done using an experimental trial and error method
to ensure reliable performance. For simplicity, the gain vec-
tors of proportional, derivative and integral control parts
were designed to have the same gain value for all the joints.
Of course selecting special gain values for each joint could
be better than selecting the same value for all joints, yet it
is not considered worthwhile here, because gain tuning is
not a major purpose of this study.

VI. EXPERIMENTAL RESULTS ON PA-10 MANIPULATOR

The experiments were carried out using an actual PA-10
manipulator manufactured by Mitsubishi Heavy Industries

Ltd. A simple visual C** program was written as a con-
sole application to access the ports for data communication
between the servo controller and the computer. Further-
more, the main advantage of the proposed method here, is
that even if the sampling time width is changed, the NNs
do not have to be trained again because the sampling time
width is external to the function NNs in the RKGNNs.
One other approach to reduce the sampling period is to set
the resonance parameter in the proposed method so that
the number of models selected at any given time-out of the
stored models is fixed to be a small number, resulting in
less calculations of a PC based controller.

For the purpose of comparison, experiments were car-
ried out with the conventional method widely adopted in
the industry for applications such as arc welding and laser
cutting [20]. In industrial mechatronic servo applications,
servo systems are connected to each axis of the manip-
ulator and they are controlled independently. The servo
controllers control the angle and the angular velocity of the
motors, not the position and orientation of the end-effector.
In the conventional method, the nonlinear dynamic effects
of the composite manipulator system is ignored and the dy-
namics of the mechatronic servo systems are assumed to be
those of the servo controllers and the motors without any
concern of the mechanisms. Therefore the conventional
method considers the robot manipulator as a completely
decoupled system and the control performance mainly de-
pends on the servo controllers for each motor. This type
of controllers is commonly known as semi-closed-loop con-
troliers. To implement the conventional method to control
the manipulator for a given desired trajectory, the position
and orientation data should be transformed to the joint an-
gles and angular velocities. Then the joint space data are
given as a teaching signal to the servo controller as input,
without any modification to compensate for the dynam-
ics of the manipulator. Therefore, the control performance
deteriorates in high-speed servo applications due to the dy-
namics of the manipulator becoming prominent at elevated
speeds. This drawback has forced industrial mechatronic
servo controllers using the conventional method to adopt
a slow working speed that has a direct adverse impact on
the production efficiency. In the case of redundant ma-
nipulators where the effect of the dynamics of the manip-
ulator mechanism is significant especially at high speeds,
the conventional method is expected to give very poor re-
sults. Therefore effective compensation of dynamics is the
solution given in the proposed method. The accuracy of
the dynamics identified using the RKGNNs is important
to validate the effectiveness of the proposed method. As
stated earlier, the proposed method attempts to improve
the accuracy and the information processing capacity of the
RBFNNs by several methods. One is the structuring of the
NNs to clearly represent the structure of the dynamics of
robotic manipulators. This effective structuring of the NN
results in higher accuracy and higher information process-
ing capacity. The most important feature here is the sym-
metry and positive definiteness of the inertia matrix. To
ensure that the inertia matrix evolves to be a positive def-
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inite matrix, a special constrained optimization technique
was adopted where the log penalty parameter s; given in
equation (2). In addition, s; was scaled based on the im-
portance of the constraints. Therefore the log penalty pa-
rameter is large enough to cxert pressure on the individuals
of the evolutionary algorithm to survive only if the resul-
tant inertia matrix is positive definite. The angular space
norm error is shown in Fig. 3, calculated by [|0,4 — 8.,
where, 0,4 is the rth reference joint angle, and 8,. is the rth
followed angle by the manipulator. It can be clearly seen
in Fig. 3 that the performance of the proposed method
is superior to that of the conventional method. Note that
in the conventional method, the error increases in the lat-
ter part as the angular velocities of the manipulator joints
increase. This is exactly what is expected in the conven-
tional method due to the drawback of poor performance at
elevated speeds, resulting from poor compensation of me-
chanical dynamics as explained above. The conventional
method seems very simple though, imposes constraints on
the production speed, reducing the working efficiency. The
proposed method has been able to reduce the error as the
joint angular speeds increase, due to better compensation
of dynamics. Therefore the proposed method provides a
promising solution to the current industrial problem of in-
creasing production efficiency with a good product quality
due to good control performance.
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