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This is the final report for the AFOSR grant #890010 which was
granted for a period of two years starting on November 1988 and
expiring on November 1990. It contributed to the publication of 26 !/
articles of which 7 are archival and referred journals. For further
details please refer to the annual report [AR1] and the attached
publications.

Accomplishments

The main accomplishments of the project are summarized as
follows:

- Presenting and demonstrating the new concept of exploratory
schedules. ([1],[5],[7-12],[17],[22],[27-29]).

- Demostrating that even the preliminary version of HNN has

benefits not available to presently employed conventional
methods.  ([1],[2],[5-7]).

- A new theorem states constructive conditions for stable
learning in closed loop. ([51,[7]).

- Guaranteed stability in closed loop of HNN for a class of
nonlinear systems linear in control [35-36].

- Application of the approach to several decision making
problems: Robotics, Pattern Recognition, and Control. ([3-4],(7-
91,[13-16],[18-21],[23-26],[30-34])

Summary

The objectives of the project were to design and evaluate a
hierarchical neural network (HNN) capable of real time learning and
decision making in closed loop.

In the initial stages of the project the problem was defined and
the relating state of the art methods were surveyed. Later control of
a robotiic system was used as the prototypical task and a HNN was
designed and compared with the state of the art adaptive control
techniques.




During this project the concept of exploratory schedules (ES)
was developed [51,{7-12],(17],[22],[27-29]. ES is defined as system
trajectories internally generated by the HNN for the purpose of
efficient learning. This concept was implemented in an open-loop
fashion for the control of robotic manipulators. A theorem was
proved that gives constructive conditions for ctable learing in closed
loop [1-2],[5-7]. This technique yielded improved transients in
tracking desired trajectories in comparison with adaptive control
methods. HNN architecture was applied as a controller for a class of
nonlinear systems linear in control. It was shown to have
guaranteed asymptotic stability [35,36]. HNN architecture was
employed with partial success in areas of pattern recognition and
control [3,4,13,14,18-21,23-26],[30-34].
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Current Perspectives on Neural Networks

’i‘he Application of Neural Networks to Robotics

Ziauddin Ahmad  John Selineky  Allos Gues

Drexel University, Department of Electrical and Computer Engineering
Commonwealth Building, Philadeiphia, PA 19104

We report on the application of Neural Networks (NN) architectare s two important problems in robotics. A
hybrid architecture is used to solve the inverse kinematics problem with performance superior to0 the that.of the
classical approach. We also utilize a hierarchical NN architecture for leaming rigid robot dynamics for the purpose of
real time control,

List of Terms
NN : Neural Network(s), IKP : Inverse Kinematic Problem, LMS : Least Mean Square, FF : FeedForward, DOF
: Degree(s) Of Freedom,

1. Introduction

In this chapter we summarize the results of (Guez 89b] and [Guez 90} in applying NN architecture to problems
in robot control. Section 2 describes a hybrid architecture used to solve the inverse kinematics problem-with
performance superior to the that of the classical approach. In Section 3 we utilize 2 hierarchical NN architecture for
learning rigid robot dynamics for the purpose of real time control.

2. The loverse Ki ic Problem in Roboti

The purpose of a robot is to manipulate objects with its end-effector. The end-effector is at one end of a chain of
links, connected with joints, the other endis fixed. The motion of the robot is linked with the transformations
between the joints and the end-effector. The actuation of the joints result in a motion of the end-effector. In order
for the end-effector, carrying an object, to follow a desired path in the world space it is required to actuate the joints
in a manner that will male the end-effactorto track the desired trajsctory.

Solution to the inverse kinematics-exist in closed form for some robots or may be obtained by iterative
methods. However, the procedure to obtain-a closed form soluton, if it exists, is tedious and the iterative methods
have a tendency to diverge when the initial guess to the is far from the actual solution,




2.1 Problem statement

The inverse kinematic problem (IKP) deals with finding the ‘n' joint angle values 'q' of the robot that will
position meend-eﬂ‘eéﬁin a desired position and crientation X' i the 'm' dimensional world space, This may be
expressed as: *

q=£1®) @.1)

However, in general this solution is not unique. Tn many cases (e.g. redundant manipulators) there may result
infinite number of solutions. In these cases additional! constraints [Yoshikawa) in terms of the: allowed
configurations or performance function minimization are used to reduse the number of legitimate joint conf*qurations
or to single out a unique preferable one.

2.2 The proposed method

The formation of the proposed method starts with the robotic manipulasor for which the IKP is to be solved and
a ‘blank’ (untrained) multilayered feedforward neural network of suitable size. Then, waining data in the form of pairs
of the end-effector position and orientation X = {9 8 v x y z]T, and the corresponding joint values q = (q; @2
... qu)7T, are generated. These data are used for training the NN via the back error propagation algorithm
(Rumelhart]. The position and orientation vector is the input and the corresponding juint values are the desired
outputs of the network. After the training is completed the trained NN is coupled with the iterative method, as
shown in the Fig. 1, for the purpose of operation. During the operation phase the desired position and orientasion X
of the end-2ffector is provided to the NN. The NN gives the approximate solution q based on the leamed
connection weights, This ajproximate solution is taken as the initial guess by ths iterative method to give the final
solution within the specified tolerance. We consider that the type of solutirn out of the finitely many solutions is
pre-specified to us and therefore training of the NN is restricted to the s=t of examples that pertain to this specific
solution only.

| ot =3
: Array of MFN :
' 1 1S '
==l=t ' 4
! 3 Lerative !
X : cl qp| Prooedms  qf Multilayered .
e . t | —p! Feedfozward Iterative R
¢ LR 9 | X, Nework | @y Procedure pg
: \ L S
g Cod Inverse Kinematics Block ;
@ ®)
Fig. 1 Schematics of the proposed method employing the NN to provide
the initial guess q o the iterative procedure,
2.3 Examples

The back error propagation (BEP) algorithm simulating a three layer perceptron was employed to tackle the

2
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problems described below. Continuous inputs and outputs were assumed. The nodes assumed the symmetric
sigmoidal nonlinearity (Scott]. Parameters of the NN are as given in reference (Guez-90]. Training was terminated
when it was seen that the errors were not improving.

2.3-1 The Human Armm

Here we show an attempt to capture the criteria that a human being allegedly optimizes in manipulating different
objects by training the NN by a data set corresponding to some specified task. Planar motion, parallel to the ground
was the considered task. The subject was asked to movz an object in free space, in a plane parallel to the ground.
Knowing the actual distances between the joints the data set was filtered to achieve a 10.0% tolerance about the
respective actual values. The data set thus obtained contained only 43 words out of a total of 78 words. The
network for this case constituted of 2 inputs and 3 output nodes and two hidden layers, each containing 10 nodes.

Fig. 4(a) shows the plot of the error in the positioning of the hand resulting for the trained data set, while Fig.
4(b) shows the same for a different data set obtained separately from the data set on which the network was trained.
The two figures have similar errors indicating that the neural network has generalized on the trained data set. Large
errors near X = 0.5 m are perhaps due to the singularity reasons or insufficient data near that region. Further, it was
observed that the values for the elbow joint's were learned much better than those for the wrist jcint and the shoulder
joint.

As seen earlier, the filtered data set was only 55% of the total data gathered with 10% tolerance which indicates
that the precision of the training data may not be adequate. However, it is observed that the NN is able to generalize
upoa the training data giving similar results for the untrained data to that of the trained data implying that implicit
performance indices can be captured via NNs and perhaps identified via weight pruning and analysis.

3
@. %

0

0.3

-0.2 -0.3 O
0.0 X-Axis 0.5 0.0 X-Axis 0.5
(a) Hand positioning error for the training (b) Hand positioning error for other than the
data. training data.

Fig.4: Results of single MFN trained on human arm data in a plane
perpendicular to the gravity, Shoulder is located at (0,0).
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2.3-2 PUMA 560

The PUMA 560 parameters were taken from (Fu], page 37. 'This manipulator, which is a 6-DOF robot, was
chosen for ease of genq:auon of data and verification of results since it has a closed form solution. PUMA 560 has
eight solutions for a ggrcn position ard orientation signified by Right/Left - Shoulder, Above/Below - Elbow, and ;
Up/Down - Wrist. In our simulations the trainu.g data corresponds to: LEFT Arm, BELOW Elbow and UP Wrist
configuration. In the simulations the joint limits used for the 6th joint were -180° to 130° instead of -266° to
266V,

The network in this case consisted of 6 input nodes, one output node each for the 6 joints and two hidden layers
for each joint consisting of 32 ncdes in the first layer and 8 nodes in the second layer. The average error in the
solution given by the NN for each joint taken over 100 samples ranged from 0.16° to 6.02° while the standard
deviation of the error ranged from 11.5° to 36.8°. This solution was seen to be more scattered for Joints 4 10 6 as
compared with the joints 1 to 3.

Next, the proposed method was compared by giving a fixed estimate to the iterative procedure. This Fixed
Estimate was taken as: 01 =0, 69 =0, 03 = /4,04 =0, 05 = x/4, and 85 = 0, which is a configuration
corresponding to which the NN was trained, as indicated in the beginning of this section. In the simulations the
equations were solved by Gauss Elimination method and partial pivoting. The maximum number of iterations
allowed for the iterative method were 100. The iterative method was successfully wrminated when the norm of the
differerce between the desired and actual end-effector position and orientation was less than 1.0E-4. The average and
standard deviation for the number of iterations for the proposed method and the Fixed Estimator, in a run of 100 data
points 1s given in Table 1. From this table we can see that the proposed method achieves more than a two-fold
efficiency in computing on the average with better consistency. Moreover, it was observed that the time taken by
the NN equals two time unuts of the iterative procedure, which amounts to less than 10% of the time required to get
the solution by the Fixed Estimator method.,

Table. 1
Comparison of the proposed solution with the Fixed
initial guess Newton Raphson Method, for PUMA-
560 manipulator. The data corresponds to 100

samples.
Initial guess for Number of Iterations
Newton-Raphson Standard
Method Average Deviation
Neural solution 9.96 12.95
Fized 21.09 18.90

24 Conclusion
The proposed hybrid method which takes the solution given by the trained NN as an iniual guess to an iterative
procedure (Newton-Raphson in our case) combunes the advantages of the NN and iterauve methods, these being (1)

pry .
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independent of the type of the manipulator, (2) simple to implement. Only forward kinematics is required for this
method and as shown by our simulations this combination resuits in an inciease in computational efficiency by 2-

fold for the PUMA Sg (6-DOF) robot. This results in minimal processing within each control cycle and impmm%

real time control pezfi A

Adaptation, in control, is the process of adjusting the controller io comply with the regulation and tracking
requirements of the closed loop system. During operation, the controller is gives & trajectory by a path planner in
order to accomplish sozne useful task. The controller then adapts the parameters, on line, so as to satisfy the
tracking requirements. If the parameters are not kncwn exactly, there wilt be a transient period of tracking error
while adaptation occurs. So that identification of the true parameters is desirable for increased tracking precision.

Inverse dynamics based control algorithms are computationally intensive, and may result in prohibitively slow
control rates if implemented on serial computers. A parallel implementation of the above adaptive controller is
proposed. The proposed implementation utilizes a :nerarchical neural network architecture, which wouid ideally
provide very fast control.

3.1 Dynamic Model
A rigid robot is defined as an open kinemazi. Lhain of rigid links, which are joined by linear or revolute jeints.
The dynamic model of a rigid robot manipulat.r can be written as

T(t) = X(q) 4O + H@,a.09 + Ba® + G (3.1)

where
q(t) is the n x 1 vector of joint linear or angular positions,
I{(q.t) isthe n x n matrix of terms related to inertial forces,
H(q,q.t) is the n x 1 vector of terms related to centripetal and coriolis forces,
B is the n x n diagonal matrix of viscous friction terms,
G(q.t) isthenx 1 vectorof terms related to gravitatonal forces,
T(t) isthe nx 1 vector of driving forces or torques
and n 1s the number of degrees of freedom (DOF) of the maripulator, (for further details see [Paul],[Fu)).

The representation (equation (2.2}) 1s not unique. Different choices of @ result in different structures of the
known function matrix Y[q,q,q,q). In this work, it will be assumed that the parameter vector & will represent the p
parameters to be identified.

3.2 Proposed Learning Method

The manipulator's dynamics can be represented by a weighted linear combination of suitable basis functions.
The hasis functions for a general class of manipulators are known apriori and may be trained 1nto a senes of three.
layer feedforward network modules prior to use and then combined online in a fourth layer using a suitable weight
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adjustment rule such as LMS (See [Widrow]).

We use a hinear control law with added nonlinear compensation to control the manipulator. During an initial
purely learning phase and whenever the manipulator is not needed for production, Exploratory Schedules (ES) are
used to isolate and ldalufy the nonlinear compensaton terms. ES are trajectories specifically designed for efficnem
learmngofmcsystendynmmcs. A block diagram of the closed loop system is shown in figure 2.

Path Planner ¥
™~ () \
. Network T Rob 14
and +* ¥,
Feedbeck|
Control W(q.2),
] HG@
I ing Netwi
ES | Algorithm and
#{ ES Planner |«

Fig. 2 Block diagram of the closed loop system

Learning of the nonlinear compensation terms is as follows. Let Go(q), Wo(q,9 and Io(q) be the outputs of the
G(q), W(q,q) and I(q) compensation networks respectively, where W(q,Q= H(q,G,1)q + BG After receiving the desired
trajectory, the control that 1s to be applied to the robot 1s calculated using the feedback control (FB) from the linear
controller and the feedforward control (FF) from the leamed nonlinear compensation terms.

Learning of the G(q) terms 1s accomplished during positioning control phases of the trajectory. A the steady
state of positioning control, { = =0. Then from (3.1) 1t can be seen that T = G(q). The applied torque at steady
state can be used to learn the G(q) compensation network.

Learming of the W(q,q) compensauon terms 1s performed during constart velocity portions of the trajectory. To
isolate the W(q,§) terms, notice that at q = constant, § =0 and T = W(q,g) + G(q). But G(q) has already been
identified and is available as Go(q), so that we may isolate W(q,q) to be used in learning.

The nerna related terms I(q) may be conunuously evaluated using the aprion krown relationshup ( see [Slounej)
di(g/at = H(a,q) + H@.T,

After the dynamic equations of the manipulator are known, a feedback lineanzation or inverse dynamus based
controller (see [Guez 82], [Fu], of the form

T=lokpe+k &+ d 9+ Wola.Q) + Go(@ (3.2)

where € = qq(t) - q(t), and qgit) 15 the posiuon reference signal 1s then employed. The closed loop system is then
equivalent to

4@ = kpe+kye+4qn 33)
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Which when kp and ky are appropriately chosen results in an asymptotically stable system. Note that this process
does not presuppose 'Lhc existence of an omaipotent controller that is capable of accurately tracking arbitrary*
trajectories. But mthqk it starts out with a simple controller capable of performing a limited task and uses learned #
knowledge of the manipulators dynamics to build a controller capable of controlling the manipulator at high speeds
over the entire work space.

3.3 Simulation Results
The learning algorithm was tested on a sitnulated two planar DOF manipulator (see figure 3). Note that in thess
results exactly cor:puted basis functions were used.

Fig. 3 Two degree of freedom planar manipulator,

The dynamic equations for this mamipulator can be represented as linearly separable nonlinear subsystems
. ' * . hd 2 .
Ty = (311+312C)01 + (213+214C)D) + 215520197 + 2165297 +a1 701 + 21852 + 219512
[1) *e * 2 .
Ty = {ag] +a2C)M1 + 223 P + 22452 D1 + a5 +226512

where C, = cos(@,), S, = sin(@),), Cyy = cos(D, + By), Sy = sin(P, + By), and the a,; terms are weighting constants
to be ideniified.

Uulization of the ES for a 2 DOF manipulator result in small tracking errors may lead to small errors 1n the
parameter idenufication. As can be seen in table 2, the learning algorithm was able to idenufy the a,, terms to a
very.close approximation of their true values. The companison of the 2 DOF manipulator controller before and after
learning via ES showed that the controller performance is .ignificantly improved. Further details of the method and
results can be found in [Guez 89b].
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& Table. 2

z Performance results of the learning algorithm

&

Weight True Estimated
Number | Value Value

all 30.0 29,51
azl 10.0 10,06
aje 20.0 19,28
agza2 10.0 10,20
al3 10.0 9.79
223 10.0 10,12
alq 10.0 9.47
az4 10.0 10,22
als -20.0 -19,28
azs 5.0 5,01
alg -10.0 -9 .97
aze 98.1 98,10
217 5.0 4,61
alg 196.2 196,19
ais 98.1 98.10

3.4 Conclusion

The exploratory schedules have been specified as a desired trajectory that is to be followed to do learning while
the manipulator is not doing other useful tasks. The simulation results of the ES for a 2 DOF manipulator showed
how small tracking errors may lead to small errors in the parameter identification. The comparison of the 2 DOF
manipulator controller before and after learning via ES showed that the controller performance is significantly
improved.
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NEUROCONTROLLERS
Abstra

Neural network architectures possess computational features that
may be useful in the construction of complex aynamical system
controllers. In this article we review, define and classify such
controllers, named neurocontrollers. The various neurocontroller
classes, namely the supervised, unsupervised, fixed architecture
and neurocontrollers with a critic are shown to differ mainly in
the extent of apriori (teacher) knowledge which is mechanized in
the neurocontroller architecture itself, rather than be made
externally available. We discuss the neurocontroller's role as
nonlinear, learning - Yd adaptive controllers.

Key Words: Neural Network, Supervised learning, Unsupervised
Learning, Neurocontrol
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A neural network is a network of a large number of neuronlike
subsystems which are dynamically coupled and exhibit via their
collective behavior useful computational features. These networks
were extensively studied by many researchers over the past 40
years.

Many different models have been suggested for neural networks.
When all the neuron subsystems update their state simultaneously
the network is called synchronous, otherwise, we have an
asynchronous network. If the state of each neuron is represented
with finite resolution we denote it a finite state neural network;
else it is a continuous network.

Neural networks may also be classified by their principal
operation phases. The "production" phase is the one in which the
time evolution of the network's state manifests the useful
computational properties sought for. For instance, when a neural
network is used in an "associative memory" (i.e., retrieval of
information by content), then the convergence of the network state
to a stable attractor is the useful activity which, accordingly, is
called the "production" phase. The learning/adaptation/design
phase of a neural network, is the stage in which the network
"learns”, modifies, or designs its internal architecture as a result
of its interaction with the environment (external input) and
according to "metarules” which are inherent to the global context
within which the network is to be useful. Early neural networks
models separate between these operational phases. First the
network is operated in a learning mode, where the network state is
not allowed to change, but the neuron interconnections
(architecture) are modified (designed), then learning ceases and

A N N O TS BN B B I BN O D B EaE
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"production” is initiated by exposing the network to external
excitation, which yields "useful" (converging) state trajectories.

In other models, the two phases are intermixed, allowing the
network architecture and state to concurrently evolve, i.e., the
network is simultaneously adaptive and productive.

Understanding of the structure and functionality of the Central
Nervous System (CNS) of higher animals is important not only to

_ neuroscientists, but also to the practitioners and theorists of the

reemerging field of "BioMorphic Engineering" (BME). The latter
includes Neuroengineering as a specific field.

These disciplines adopt the theory of evolution as their underlying
axiom. It is believed that the solution to many complex engineering
problems may be found by duplicating the hardware ard functional
structure of their (biological) analogous problem. The resulting
solution is accepted as optimal one since evolution is regarded,
albeit slow, as a recursive optimization procedure via the
selection of new biological hardware and functional structure. The
literature on BME, bionics, and cybernetics is very rich, we shall
only mention ([Albus 75], [Arbib 85], {Rosenblat 61]. [Tsypkin71]
,[Grossberg and Kuperstein 86], [Berkenblit et al 86]) as their
context is closest to our focus: neurocontrol.

Even if evolution is not accepted as an optimization process, an
gnigineer may "borrow" biological engineering principles by
practicing the so called "learning analogy" paradigm, which is now
widely accepted in the Artificial Intelligence (Al) community as
complex engineering issues frequently posses an observable
biological counterpart.

Thus, the principle of adopting algorithms, hardware architectures

T
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and functional structures observed in nature, to the solution of
engineering problems, without necessarily possessing an apriori
rigorous understanding of their roles, is becoming an acceptable
practice in the reemerging fiela of BME.

The design of neurocontrollers is a specific application of BME, and
is the focus of this paper. Although neurocontrollers demonstrate
adaptation and learning capabilities, they are distinct from both
adaptive and learning controllers. In the next section, we define
the class of neurocontroliers, compare them to adaptive and
learning controllers and show how neurocontrollers are related to
adaptive and learning controllers. Then in section Il we review
several neurocontroller architectures, and classify them according
to the underlying learning algorithms and neural net architectures
being employed. We propose and demonstrate a generalizing
principle for all neurocontrollers architectures. This generalizing
principle may allow for the natural incorporation of apriori
knowledge in both the neural network architecture and learning
algorithm selection for the neurocontroller design.

. i rning. Nonlinear an

In this section, we defre the class of neurocontrollers, compare it
to the adaptive and I2arning controllers and demonstrate their
relation to adaptive ard learmirg controllers.

The problem of systers control can be defined as follows. Given
the system S where

S: x = f(x,ut.p);  x(tg) = xg y =g(x,utp) (2.1)
where the time t € R, the initial time is tg, the state X € Sy € Ry,
the control input u € Sy € RM, the parameters vector p € Sp € Rl, the
sets Sy, Sy and Sp are admissive .tate, control and parameter
sets respectively, which account for general equality and
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inequality constraints, and where n,m and | are appropriate
integers. Find the control input u(t)=c[v(t), z,z] (open loop control)
or u(t)=c[v(t), x,z,2] (closed loop control, such that certain
terminal and optimality conditions are¢ satisfied, where v(t) is a
reference input vector and z(t) is a vector describing the
controller state variables.

Under the above general definition, it is easy to classify the
various controller classes according to the type of control
function ¢ which they are able to provide. If ¢ is independent of z
and z, it defines the class of static controllers, in particular if ¢
is also linear in x and v. we obtain the class of linear state
feedback controliers. When ¢ 1s a function of z and z, we obtain a
dynamic controller, where z(t) describe the controller's state
variables. If z is a function of all or some of the system
parameters, p, we obtain the class of adaptive controliers. (As
there is no unique definition of adaptive control ([Astrom 87],
[Landau 79]), the one given above represents the author's choice.)

An important feature of most adaptive controllers, including Model
Reference Adaptive Ccntrollers (MRAC), Self Tuning Regulators
(STR) and Gain Schedulers (GS), is that they are model based, that
is the control law ¢ varies according to the best estimate of some
system model paramaiers. p. Usually an estimation or
identification scheme c¢f -~cre 2r ' of the system parameters is
directly or indirectly emgiz,-:c  ‘Asirom 87], [Landau 79]). The
parameters estimates are t~2n .sed in modifying the structure of
the control law, ¢ in an ;~ ~e fashion, automating in the process
some control design ruies A s2neral block diagram is depicted in
Figure 1.

In contrast, the class of '2ar~ ~3 atroller, ([Arimoto et al

85][Bondi et al 88], {Kawamura et al 84]) also called repetitive
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control, or betterment controi, (to be distinguished however from
learning automata as described in [Narendra and Thatachar
74)[Tsypkin 71][Fu 87] assume that the reference signal v(t) is

riodic, the structure of the controller (i.e. the function c¢) is
fixed, and learning is exhibited through the lterative modification
of the (open loop) time function u(l). Its general block diagram is

described in Figure 2.

| > SYSTEM S >

/
o /

CONTROL C le——
>— S

A
K; parameter estimates

v(t)

- | ADAPTATION MECHANISHM |
o |t

Figure 1: General block diagram for adaptive controller
]
|



Neurocontrollers, pg.8

Uy xx
MEMORY > SYSTEM S
Uge1

+
BETTERMENT
+ )¢ PROCESS -
desired
response
MEMORY

Figure 2: General block diagram for learning controller

Based upon the review of many works which are described below
Table 1), the class of neurocontrollers is hereby defined as the
set of all controllers whose structure (control Ilaw)
c(x,v,2,2) is based on some neural network model
architecture and learning paradigm. It must be emphasized
that the neural network model and the learning algorithm are
defined independently from any specific process to be controlled
(S), and is wusually contributed by CNS anatomists and
psychphsiologists. Neurocontrollers are, therefore, not model
based, in the sense associated usually with adaptive controllers.
Moreover, since the Iearning algorithm employed by
neurocontrollers do not require periodic input, but rather can learn
from arbitrary example sets, the class of learning controllers is a
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proper subset of the neurocontroller set.

Although neurocontrollers are different from the model based
adaptive controllers described above, they do perform real time
adaptation through their online learning capabilities. The
robustness of neurocontrollers stems from the fact that they are
not model based. It is expected, however, that when compared with
classical controllers with the same throughput (processing power)
their accuracy will be inferior.

Finally when some or all of the nodes of the neural network
employed in the neurocontroller are specifically allocated for the
estimation and storage of all or a subset of the system
parameters, p, we obtain a neuromorphic realization of model
based adaptive controllers. In that sense one may regard the set -of
adaptive controllers as being contained in the class of
neurocontrollers.

Il Neurocontrollers

Having defined the class of neurocontrollers in the previous
section, we shall now focus our discussion on the various
architectures and neurocontroller structures found in the
literature. Neurocontrollers are classified according to: 1) the
neural network model employed, 2) the learning algorithm
employed, 3) their mode of operation, i.e., whether the
learning/adaptation phase is done offline, prior to the engagement
of the controller, or whether learning and adaptation are
continuously present in the neurocontroller performance.

Vast amounts of literature, which deal with sensory motor
control, understanding anthropomorphic motion, robot control,
locomotion control, etc. is available today. Our focus has been on
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teports that specifically aim at emploving neural network
hitegtures | learni \qorit in_the desi |
constryction of controllers for artificial dynamic systems. The

criterion implied that many reports on the use of neural networks
in understanding sensory motor control, (in the biological sense)
and in learning static ‘mapping, with or without feedback, as well
as reports on learning automata which do not employ neural
networks, were outside the scope of our study.

Table 1 below provides a classification of many neurccontroller
design examples. For the readers convenience we shall briefly
introduce the relevant terminology and algorithms.
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Sypervised Neurocontrolier

Back Error Propagation - (BEP)

This is probably the most commonly used learning algorithm Its
employment presumes a feedforward multilayer perception architecture
as described in Figure 3.

[/

Output Layer

Second Hidden Layer

2“:

>
/

- First Hidden Layer

Figure 3: Three layer network

The network I:inzis's of several iavers, with only feedforwarg
interconnects. The<e are N. nodes «» the i=th 1ayer. The output, of
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aach node 15 usually a sigmoidal activatton function of the form
k |
%= Nga1 ,
- Z Wikt e whp) (3.1)
|+ !

where Woi 15 a bias weight that 1s assumed to be connected to a unit that
i3 permanently on, WKjj 15 the connection weight between the ith unit in
the (k-1)th layer and the jth unit in the kth layer, Xj 1s the output of the
Jth umit in the kth layer.

Tre Back-Propagation learning algorithm is defined as follows. For the
output layer the error 15 qivan by

K [k N 4k
—si ’{.\‘:G]‘\(J)(l "":;} .‘.il‘ (32)

whigre £d 13 the d25med cutput of the network. For il other layers the
error is
"r\*l
k K K kel kel
8i = XJ‘l ‘XJ,) 2‘81 ‘vV;j . ] (3.3)
b '

Tie rule ior changing tha weignts is

; k k-l
w{j(nﬂ) = Wi+ g, ;(7 ¢y W'fj(n) - W?j(n-l)) {2J4)

where hand g are i2arniag -212 ang mormantum factors raspectively.

CMAC (Cerebellar Model Aritometic Cempyter) Developed by [Albus 75),
CMAC s bazically a table loox up rechnique for repraducing v2greral
functions, with a novel Pziping method. Based on ihesries of orain
structure and functions, Albus deveieped wn architecture which consists
of an ascending "3ensery orelising hisrarcny” coupled to 2 gescending
"goal decomposition hierarcny” v1a "world models” at each level. Within

e |
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the goal decomposition hierarchy, sensory feedback variables and control
qoals are transformed into control outputs using a "CMAC" module. Albus
implemented a controller for a-seven-deqree of freedom master-siave arm
using the CMAC module. However, in general, the CMAC approach requires
tuo much memory to produce control transformations with sufficient

accuracy for practical application.

LS (Least Mean Square) or Widrow Hoff and Adaline

The following LMS algorithm summary has been adopted from (Barto 83].
Figure 4 shows a functional diagram and schematic symbol for an adaptive
linear threshold logic element (sometimes called "Adaline") [Widrow 8S),
(Widrow Smith 64). The diagram indicates the terminology used and the
input-output relationships. The zeroth input-signal comronent is always
+1. Thus the zeroth weight Wo controls the threshold partitioning level.
Before adaptation, an error e (defined as the difference between the
output y and the desired racoonse-d) exists for each input pattern. The jth
pattern would have an error of -

ej=dj-yy =dj - Twy (3.3)

where Xj is the jth input pattern vector and Wj is the jth weight vector. It
Is assumed here fhat the weight vector IS adapted with each new input
vector Xj. ’

If the Inputs Xj and dj are statistically stationary, then the mean-square
grror (m32) 15 a guadratic function of the weights and there exists zn
optimal Weiner waight vacter who minimizes {t. Learning or updating of
the weights can be dor= by 2 ranant-descent technique The least-maan-
square (LMS) algorithe develrc2dte Widrow and Hoff uses the error 23 an
estimate of the gradisnt. Tnis 122¢5 to the weight iteration rule

Wisl =Wj+(a/(nrl))ej ¥ (3 8)

where n + | is the to%at number of weights and a is a coefficient
determining the fraction of the error ej corrected with each adaptation.
The parameter a contrcis the stability of the adaptive process and the
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rate of convergence. The adaptive process has been shown to be stable
(convergent) if a is within the range 2> 3 »>0. Choosing a in this ranqge
ensures that ej Is reduced by the jtn adaptation.

The "learning curve” plot of mse versus the number of adaptation cycies is
anoisy exponential whose time constant can be shown to be
tmse = (n+1)/2a adaptions. 3.7)

Formula (3.7) is exact when all eigenvalues of the input correlation matrix
R = EIXjXjT] are identical. Even when the eigenvalues differ substantially
and the learning curve is not simply a single exponential plus noise, but is
asumof expe  tials plus-noise, experience has shown that in most cases
the learning cu. . 2 can-be well approximated by a single-exponential having
the time censtant given by-(3.7).
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VEIGHRT VECTOR
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s ADAPTATION-MACHINERY

 DESIRED RESPONSE

Figure 4:Automatically adapted threshold logic element (Adaline)

S0 far the BEP, CMAC, and LMS desrmibed neural nefwork ronifsafurss
which required &xphcit specifications of the desired r2zgonse of each
output unit at all times Mamely some kind of @ superviser or a f2acher 15
required for their operatiii

The amployment of EER, CMAC, LMS or any other supervised lzaming
algorithrn with its wrasriying neural network structure (muitiiayer
perception for BEP, lirear threshold umits for LMS or simple compurer
memory for CMAC) may ¢y wmped together under ore ategory, nereby
defined as the supervised nayrocontr>t'= 2 23 follows
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Figure S5 describes the general architecture of 2 :upervizedq
neurocontroller architecture. It consists of a teacher, the iranabis
controller and the process to be controlled. The teacher may oe aursmarzq
as a linear or ncnlinear control law, or 1t may be 2 human evpert in the
case of training with an automated control iaw, the system enqineer
provides knowledge of the system dynamics through analysis of the
controlled process. when the teacher 15 a human, we use knowledge of the
system acquired througn direct experience. The controller consists of one
of the neural network architectures, e.g. LMS, BEP, or CMAC, that is
suitable for supervised iearning. Supervised learning is used in this
architecture to provide control over the control law being learned. The
state of the controlled process 1s provided to both the teacher and the
network. The teacher defines the desired performance of the controller by
providing.examples Of now fnie arac2ss 1S to be controlled. During training,
the teacher controls the :stem ov aoplication of the continuously valued
control signal u. After trnnirg the network controls the process and the
teacher is removed.

M Teacher : .'
—7
[}
Controlled
Process i—-,
. ' b
SN N Fod P
/ Controiler E— oo
s "f : [
’ |
Fredl» £ From otate Var 3 's Serisurs E

Figure S: Supervised neurocontroller architecture

The class of supervised neurocon*sollers is most popular. An
overwhelming majority of (ne r-cor =2 - —ur2controller designs emoloyed
an architecture similar to “he on2 given In Figure S. CMAC 1s employed by
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[Albus 81] and [Miller 38). BEP 1s employed by many including i{Psaltis 37],
(Pao 88), (Guez Selinsky 88a), [Guez Ahmad 87], [Josin 28)), LMS (Adai're
arrays) is used by ([(Widrow 87], {Kawato 87), (Guez Selinsky 38b), {'wittzn
77), (Widrow Stearns 35), [Tolat ‘Widrow 88)).

ith a Critic ang Lnst 1 ntrollers

In many situations the asaumptions made in the supervised
neurocontroller design, reqarding the availability of an expert knowledge
to "quide” the neurocontroller «uring learning phases may be false. in
particular, in neurocontrolier design, the desired neurocontroller output
(i.e. the plant's input) for a specific plant response is often unavailable,
even theoretically, due to ignorance about the environment and the piant's
dynamics. Under these <ircumstances, it is  essential for the
neurocontrotier to possess some ‘self improving" or “self organizing”
capabilities.

W
N

We-distinguish between tws sizuations The first i3 nained neurocontrolier
with a critic (Widrow 37, ang .3 depicted in Figur2 6. The taacher in
Figure S is replaced with a critic The ky difference =Ing that, while the
teacher is able to proviaz 3 3pecCific desired response for 22¢h ang uery
output unit or effector 1n w2 nauyral netwark, the Critic ¢an anby upndy
scalar function which ‘edicates how  well the reuriigniryiter @3
performing 1t s lefr *a rwe fearning algorithm - tiwesg ot e
neurocontrotler to make uss * 77T ICHAC CRINLIC 3IgNEL TILETngr T T
systems response in aredifymmre o nantirober St T = noian, e
of neurocontrol has sew=rz. varzigrs Jtis ¢a'led "bootz--2n "raniat s
“punish/reward” In [Widrow ¢ 3 37) g ‘reinforced lexning o Tae
et al 81). It has been =-opipy=n = v irow 87) with Acai-r2s, - "Zarts 27
al 82) and in (Barto Sut-on 81] v "t 72 ass0Ciative S2ar 2t v ire

ud

LS
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CRITIC a

scalar evaluation
function

input
NEURO CONTROLLER M+ CONTROLLED PROCESS ——»

Figure 6: Neurocontroiler with a critic

Another class of neurocontreoliers named, unsupervised neyrocontrollers 13
employed whenever no external information, other than the system's
response, 1s avallable in real time to the neurocontroller, regarding 1ts
performance. Then In a manner similar to adaptive or iearning contraliers,
the neurocontroller rmplements some internal  cerfurmance  index
(specified through the selection of the neural network and !2arning mode!;
minimization as 1ts adaptabion =17 3015

Several neural network maceis e iearning algorithms neleng o that
class. The Adaptive Resonance “reory (ART) based sets of models of
Grossberq, Carpenter, Conen v t-2ir colleaques ([Carpantar Grosaberq
87), [Conen Grossberq 57} [r- 110277 420), as well as the self organizing
maps by Kohonen [Koncner - The latter model was apphed to
neurocontrol by [Graf La Londe 28]




Neurocontrollers, pg.22

Furthermore, several workers attempted to modify supervised iearning
aigorithm and employ them in an unsupervised mode. Widrow [Widrow
Stearns87) utilizes his LMS algorithm in what he names adaptive inverse
control.

This technique is illustrated in Figure 7. The plant input is as before. The
plant output is the input to the adaptive filter, which is implemented with
an Adaline. The desired response for the adaptive filter is the plant input
in this case. Minimizing mean square error causes the adaptive filter p-i
to be a best least squares inverse to the plant p for the given input
spectrum and for the given set of weights of the adaptive filter. The
adaptive aigorithm attempts to make the cascade of plant and adaptive
inverse behave like a unit gain.
Y

' T A
PLANT | PLANT\INVERSE

Figure 7: Adaptive inverse control

The Adaptive Inverie _.ntro) has been employed in various forms and
modinICations n g &y W Stearns 85), [Eisley 88), [Psaltis el al 37))
where it i3 called "ing=2ct learning” and (Kawato et al 37] when it 1S
called "fesdback error izariing”.

[f the BEP algorithim 15 apphied to configurations which lack access to the
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dezired neurocontrolier response, we may use the output of the ynkeown -
system-operator to propagateback the-error as follows. Figure 8 descrioes
the neural network (multilayer feedforward type with L layers) and na
unknown map-q to which it is connecied.

. - L 4 0
1 x:—T-J __,.X' : —1—b U
. i | MULTILAYER | —\ | UNKNOWN
i | FEED FORWARD| MAP T
P | |BEP P gxty ™,
y | | NETWORK : Iy
1 E | L —-b" v
X B T

Figure 8: BEP through unknown system

et xieRNL, XL e N 3 =% - 2y = gexL) as in Figure 8. Also let dj be
the desired value of v, .nan sne sector x1 s an input, let ey = yj - & e
the ith error. Mote that 2z ss3ired value for XL i§ seecified or available,
which is usually the ciz2 » controller design. It ¢onv be shown that i
iearning equations (correar= 1o 2quation (3.4)) are, starting at i ‘
(output) fayer connecticr.:

L - .L _ ¥ -t :';‘ i !. { . !'-
WP e 1) = W) -0 # X {&}9: fj 'Y{WJ K = WyyinetE n g
i=

where w}" (N 13 the Copnectior o= 7% an the Lime step n fisi the 20 s
in fayerL-1 to the-x=th unit m the [ast Taver L, where {7 13 me feri, afive

. I §
of f the node update w.sualiy st zal) fupction, Jy = 2y,/24e 23turatad

-

N . L S : (32N
vig AyiZaXk and XN the cutiut e JHhounit in the MR layar Tren
proceeding with the n=xt (L-1)
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- - -7 - - 1
Wi ] e 1) = Wi ) + 2—1—l whm] 1 x3 2 - ylwh e = Wi ﬁ:n-n}
K Xj

(&
Ye)

This process 1s repeated for ali layers. The modified BEP makes use of the

usually available data about the desired systems output to direct learning.
Fixed Architecture Neurocontroliers

So far we only discussed neurccontrollers, which allow through some
online or offline training or l2arming, for the modification of their
architectures. Another class of reurocontrotler which we denote as fixed

hi re neurocontroiiers are oased upon neural network models with
fixed arcmitectures suih =3 -lofieid binary and continuous models
[Hopfield 82], [Hopfield 3} =<amples of neurocontrollers in this class are
given in [Tsutsumi Matsuncto 371 and (Guez et al 88] Tae architecture for
these neuroconiroller 13 z2'ectad according 1o a cho 22 of parameters of
an energy cost functioin to w2 minimized as in (Hopfie @ Tank 85, or use of
the "outer product” ruls =2 binary model case) {~.ofield 82l Another
method for the selection [ e nguraconirolier architacturs to 9089233 3
prescribed steady stats tirology i3 described in [Guez Protopopescu
Barhen 88]. It transfors: =2 tsawin peoblem to the asturisn af 3 ar of
plecewise linear inequa’i~ -

Based on the neurocor--ollers discussion ¢givan above, 5 "3 233y *) M
the following observation Compares the o,k diagrams >n Frurzs 035, 7
and 8) The_ gifference beiwegn ire  supervised neuracpiriizes
neurocontrollers witr a Cryti¢, Ynsuo=rs¥5ed peurgcentediisrg, ang 1.2
architecture neurocor:rollers mainly ‘ies in che wiiouch of  apers

knowledqge (teacher's or Critics Know l+3gel that 13 imp 2ianted 21 {72
neyrocontroller model For example, 1t is ¢iear from Figuras S thraugh §
that if the teacher or ¢ritic functions of 2 supervised neurocontrolier are
implemented via neura network ~-ae2l, they could be included in the
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“neurocontrolier box™ and result in an unsupervised neurocontroller.
V. Symmary

Neural network architectures pessess computational features that may be
useful in the construction of complex dynamical system controllers. In
this article we reviewed, defined and classified such controllers, named
neurccontrollers. The various neurocontroller classes, namely the
supervised, unsupervised, fixed architecture and neurocontrollers with a
Critic have been shown to differ mainly 1n the extent of apriori (teacher)
knowledge which is mechanized in the neurocontrollier architecture itself,
rather than made externally available. We also discussed the
neurocontroller’s role as a nonlinear, learning and adaptive controller,
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ART BASED ADAPTIVE POLE PLACEMENT
FOR
NEUROCONTROLLERS

Sanjay S. Kumar and Allon Guez
Dept. of Electrical & Computer Engineering,
Drexel University, Philadelphia, PA 19104

ABSTRACT

/

Indirect adaptive control of low order plants that are subjected to parametric
variations arising from changes in operating environment requires real time dynamic system
identification. In this paper we propose a control scheme that utilizes a nearest neighbor
search type of classifier capable of learning to dynamically identify these variations in plant
parameters. The neural network architecture employed is based on the Adaptive Resonance
Theory (ART-II) proposed by Stephen Grossberg and Gail Carpenter, 1987. An adaptive

pole placement controller for a slow time varying linear second order system is

implemented based upon this architecture to assess the performance of the network and the
overall control scheme with the neural network in the control loop. The control strategy is
based upon identification of changes in the time response characteristics of the system to
standard test signals which are assessed by the network. A pole placement algorithm is
utilized to relocate the poles of the overall closed loop system by altering the gains of the
process controller to obtain desired system response. Experimental studies on a simulated
system, employing a Proportional Derivative controller are encouraging.

Key Words : Adaptive control; System identification; Feature extraction; Pole placement;

‘Learning; Supervised learning mode; Parametric variation.

1 INTRODUCTION AND BACKGROUND

The most significant advantage in applying neural networks lies in the parallel
distributed nature of processing (PDP) that can be realized through their implementation in
hardware [Rumelhart & McClelland,1986; Lippmann,1987]. In addition to PDP, artificial

" This work was partially suppdrted by a grant from AFOSR, grant # 890010,




neural networks demonstrate the ability to learn a task either through training by example,
(supervised learning) or on their own, by means of heuristic mechanisms buiit into their
architectures (Unsupervised learning). The necessity of specifying explicit instructions in
the form of programs or algorithms is thereby eliminated. For instance, it is possible to
model the dynamics of an unknown process by imposing on a neural network the process
inputs and outputs to enable it to learn the transfer function in the form of a mapping from
an input to output space, [Psaltis, 1987; Guez & Selinsky,1988; Guez 1988]. Fast
association and recall is another attribute of massively interconnected networks wherein the
time required for association and recall of information after training remains independent of
the past learning history or the size of the network. The ability of a neural network to
generalize from insufficient or partial information is found to be especially useful when the

input is corrupted by noise and would enable it to be a succesful computing architecture for
adaptive controllers.

Adaptive Control : The starting point in any adaptive control scheme is a feedback
control loop within the process and a controller with adjustable parameters. The main issue
is-to find a method for changing the controller parameters in response to changes in the
plant parameters resulting from changes in the environment. Of the many schemes for
adaptive control, Model Reference Adaptive Control [Astrom,1983,84; Landau,1979], Self
Tuning Regulation [Astrom,1983,84; Ortega & Kelly,1984; Cameroon & Seborg,1982]
and Gain Scheduling are most popular. All of the above control schemes involve a system
identification component. They differ only in the techniques they employ to accomplish the
task of system identification and tuning of the controller. Adaptive Control schemes can be

‘broadly classified into two categories, namely, Direct Adaptive Control, (DAC) and
Indirect Adaptive Control, (IDAC). In the former, the controller parameters are directly

adjusted on-line such that the error between the plant output and the output of an assumed
model asymptotically tends to zero. [n IDAC, the parameters of the unknown plant are first
estimated using an estimation technique and these are in turn used to adjust the parameters

-of the process controller. See figure 1 for a block diagram a generic indirect adaptive

control system.
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Figure 1 Block diagram of a generic indirect adaptive control scheme
J)loymg a system ndenuﬁer. an adjustment mechanism
a process controller.

System Identification : System identification is the experimental approach to process
modeling. It includes, experimental planning, selection of model structure, parameter °
estimation and validation. The underlying purpose of system identification in control
systems is to design control strategies or to alter existing strategies-to-obtain desired
performance in response-to.changes in the system's environment characterized by changes
in the system's disturbance-dynamics. System identification is also used-to analyze the
properties of a particular system. Literature survey on system identification [Astrom &
Eykhoff,1971; Astrom & Wittenmark,1971,1984; Goodwin and Payne,1977] showed that
in automatic control:the-knowledge about a system and its environment, which-is required
in the design of a control system, is seldom available a priori. Even if the equations
governing the system are-known in principle or it is possible to obtain them-by performing
experiments on the system, it often happens that knowledge of a particular parameter is
missing or the system is:too-complex to model. Hence the need for approximating system
behavior through assumed: models and estimating their parameters through system
identification techniques. Identification problems can be formulated using different
frameworks. Most identification problems are modelled as optimization:problems where
the main objective is-the:formulation of different process models that minimize a functional
of the process-and model:outputs-called the loss function.

In this paper, we report on an attempt to formulate the system:identification
problem, for the purpose of adaptive control, in an identification framework that exploits




the computational features of an Adaptive Resonance Theory based neural network, We
have chosen the ART-II model with the hope that the network would learn on a single
presentation of an input pattern and that it would be self organizing, with-the clustering of
input patterns being done without an explicit specification of the classification desired. The
additional advantages of using the ART-II that we expected were: a) Elimination of the need
to retrain the network when there is a change in the prototype set of input pattems or when
more patterns are added to it; b) Better control over the classification in-terms of fine and
coarse categorization via the attentional vigilance parameter of the network and c) The
network's capability of unsupervised learning.

2 DESCRIPTION OF THE PROBLEM

We are given a slow time varying linear dynamical system ( Plant ), Gp,-modeled,
say as a second order system, with plant constant Ky and o , B as the unknown-constant
or time varying parameters and a process controller G, say a Proportional Derivative
controller with gains Kp and Kq. Our goal is to implement an adaptive pole placement
control scheme using a neural network architecture that would identify-current plant
parameters in order to estimate and tune arbitrarily assigned initial gains of the controller
such that overall system poles can be relocated via a pole placement module to obtain-a
system response that matches the one given by an assumed ideal model. It should be noted
that although the plant and the controller are linear the process is overall nonlinear.

R(s) U(s) Km Y(s)
— C I3 Gp (8)=

A 4

s2+uS+|3

Y{(s)

Gc(s)st +Kd s

Figure 2 Block diagram of a process depicting a second order plant, G (s)
and a PD feed back controller, G¢(s). C is a constant gain amplifier.

Let the plant transfer function be represented as




- Km
Cp ()= strars+ P (1)

Let the reference inpus be a known periodic function of the type:

r@)=r¢+T) ,forallt >0 Q)
We seek to find online, the Proportional-and Derivative (PD) gains, Kp, K4 and the D.C.
bias C (see Figure 2), such that the control law given by:

u=Cr-K,y-Kgsy = Cr-G.y A3)
will result in the ideal closed loop transfer function of the form:

.2
Go(S) = E% =K’ On_

~

@)

. 2
s2+28 wps +wp

where, K*,§" ", are respectively the-desired D.C. gain, damping coefficient and the
natural frequency of the system.

3 CONTROLLER DESIGN

We describe in this section, the design aspects of the proposed controller
highlighting details of the various functioning-modules involved in the process. We first
provide an explaination of our approach-followed by the underlying methodology.

Approach : The general block diagram-of-the overall control scheme is shown in figure
3. The common a priori assumption in the design of controllers for partially known
processes is adopted with the design-procedure being divided into two steps: identification
and control (indirect adaptive control:strategy) [Astrom & Eykhoff,1971].
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Figure 3 Block diagram of-the neuromorphic adaptive contro! scheme, Parameters
that correspond to the desired location oP the overall system poles are input

‘to the pole placement module along with the current estimates of th&})lant
parameters provided by the neural network. The pole g!acemem module
computes the required controller gains and the D.C. adjust parameter
to modify the original system response shown at the output of the plant.

Methodology : Identification of plant parameters is achieved by extracting the features of
the system's closed-loop transient time response to a step-input. The neural network in the
Lioop which is mained ceatures.of ,

glves the current parameter estimates of the-plant in the closed toop Process snown 1n

3. The pole placement algorithm incorpofated utilizes the eétimates provided by the network
to compute new controller gains in order to modify the resulting system response to suit the
one obtained by the assumed ideal model. A D.C. adjustment mechanism-is incorporated

to compensate for any D.C. bias that might be associated with the original system.
response..

‘The control scheme proposed therefore comprises of the following
fundamental processing modules: (a) Plant; (b) System Identifier incorporating a Feature
Extractor, a neural network and a pole placement module and (c) Controller with the DC
gain adjust mechanism. The purpose of the system identifier is to identify the plant
parameters-in response to changes within its environment. The time response of the system.
is characterized by its features or performance indices which are nonlinear-functions of the
system parameters. The feature extractor incorporated in the control loop determines the
performance indices associated with the response to enable system identification via the
neural network. It must be-noted that identification is dependent on the features of the time




response rather than the response per se. This is done in order to compress the information
contained in the response such that the input vector to the neural network remains compact
[Kumar & Guez,1989]. This procedure restricts the dimension of the neural network to a
minimum thereby increasing its computational speed and overall efficiency of the process.

Pole Placement : The overall transfer function is obtained from equations (1),(2) and (3)
as explained by the following input output relations. Refer to the appendix for a state space
description of the proposed adaptive control scheme. The output of the process is given
by:

Y(S) =GpB)UE)=Gp(S)[CR(S)-Gc(S) Y (S)] ®

while the overall transfer function of the process is :

Go9 = 1O = _0e® Ko ©
RGS)  14+G,()Ge(8)  §24 (a4 KpKg) s + (B+KpKp)
or
CK; (B+KnKp)
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In order to achieve the-ideal transfer function, we set Go(S) = 'G’z) (S) to obtain

CKpi _ (B+KpKp) el o'
(B+KnKp) ~552+*( 04 KuK) s + (B+KnK,) 20 Cotns+ w'g
®)
The desired parameters-expressed in terms of the process parameters-are then
(B+KKp,)= o'n ©)
(0 +K K =280 (10)
K*= CK;1 (1)
@ n

from which the new controller-gains are computed as:
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Equations (12) through (14) constitute the pole placement algorithm used in the pole
placement module shown in figure 3.

The Feature Extractor :

FEATURE EXTRACTOR MODULE |

|  FEATURE = -

TIME RESPONBE—M |  pyTRAGTION :> FEATURE VECTOR )
FEATURE
ENHANCEMENT |

Figure 4 Block diagram of-the feature extractor module.

The feature extractor in the adaptive control scheme, illustrated-in the figure 4, is-used to
determine the performance indices or features of a particular time response during its

transient state. The feature extractor is implemented in software and the performance
indices given by itare-passed to the identifier which is implemented in the form of a neural
-network. The performance indices used to characterize the time response are: a) Delay-time,
‘which is a measure of the time required by-the response to reach-50% of the final value.in

the first attempt; b) Rise time, which measures the time required-by the response to-rise
from 10% to 90% of the final value; ¢) Settling time, which. is a measure of the time

required by the response-to reach and stay-within a specified tolerance band (usually 2% to

5%)-of its final value; d) Peak, which is-the maximum value -of the response (For the
overdamped case and‘the critically damped:case the peak value-is assumed to be unit); €)
Peak time, which is the time required for the response to reach its peak value and f)
Maximum Overshoot, which is the largest deviation of the output over the step input during
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the transient state (% maximum overshoot = (Maximum overshoot / final value ) x 100).
The feature extractor keeps track of the response values and the time at each sampling
instant over an adaptive time window for the step input and-a prespecified time window for
the square function and the square wave. Since the majority of the performance indices
depend on the transient part of the response, it seems valid to fix the size of the underlying
time window. The sampling frequency is chosen to be well over the Nyquist frequency of

the response. This enables the feature extractor to compute the various performance indices
with a desirable accuracy.

Neural Network : The system identifier in the control loop is impiemented in the form
of the ART-II neural network,[Grossberg & Carpenter, 1987(a),87(c),87(d);
Grossberg,1988]. The ART-II is a member of the class of Adaptive Resonance
architectures that is designed to handle both binary and analog patterns and is a
modification over the first proposed ART architecture called ART-I [Grossberg &
Carpenter,1987(b)). See appendix for the mathematical model of the neural network.

Training : The ART-II neural network is implemented on a digital computer. The
network is used in-the supervised learning mode and is trained off line before its inclusion
into the control loop. The training data for the net is provided-by a training data module
also implemented digitally on a computer. It is also possible to train the network on line if
the system emulator is included in the overall control scheme shown in figure 3. The
training data module comprises of a data generator whose inputs form the approximate
ranges of the system parameters which, in the present application, are the natural frequency
and the damping ratio of the generalized second order system given by:

o

G(s) =

s2+2 Lo s + 0F

A typical range of the natural frequency is estimated from the knowledge the plant time
constant used in the process. The damping factor is assumed to vary between 0 <{ <2.0.

The ranges selected thereof cover approximately the entire gamut of the systems time
response to maximum deviation in the plant parameters.

The system emulator consisting of the process model (the generalised transfer
function of the system, which in our case is second order )-generates the simulated system
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response to the various input signals using different settings of the parameters § and wn
selected from respective parametric ranges specified.

Cawgory | NEURAL FEEEER
swucture ¢ NETWORK ro——

T ) vector

TRAINING

SYSTEM Simulated LOOP iy -
Perameters—- EMULATOR | sysem k.__ FEATURE
Step input response ¥ CONTROL EXTRACTOR
) : LOOP
from actual system
Figure § Block diagram of network training module comprising of the system emulator

the feature extractor and the neural network.

To start data generation, parameters { and wy, are set at their-initial'values-and the standard
input signal (the step input ) is applied. The input to the feature-extractor is the simulated
system response and its output is a feature vector comprising of the response’s
performance indices. These along with the respective system parameters { and wp form the
training data set or the prototype set of patterns for the neural network. See-table 1 for a
cross section of typical network training data, generated by-the data generator.
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CROSS SECTION OF NETWORK TRAINING DATA
PARAMETERS FEATURE VYECTOR
s W peak pesk time | overshoot | rise time [setling time]delay tme|
0.30 1.50 1.37 2_.20 0.37 1.31 8.80 0.80
0.40 1.50 1.25 2.28 0.25 1.44 6.67 0.84
0.50 1.50 1.16 2.40 0.16 1.61 S.41 0.89
[ 0.60 1.50 109 260 | 009 185 439 0.9¢ |
[ 070 | 1350 | 109 292 003 2.19 403 1.00
0.80 1.50 1.02 3.48 0.02 - 2.78 3.69 1.08
1090 | 1350 1.00 480 0.00 412 __3.91 1.11
1.00 1.50 1.00 0.00 0.00 1.88 19.96 0.52
L 1.10 1.50 1.00 0.00 0.00 292 19.96 0.80 |
1.20 1.50 1.00 0.00 0.00 3.52 19.96 0.96
070 | 200 1.05 220 005 1.64 303 075 |
0.80 2.00 1.02 2.60 0.02 2.08 2.76 0.79
0.90 2.00 1.00 3.60 -0.00 3.09 2.63 0.83
1.00 2.00 1.00 0.00 0.00 1.40 19.96 0.36
[ 1,10 | 2.00 1.00 0.00 _0.00 2:20 19.96 060 |
1.20 2.00 1.00 0.00 0.00 2.64 19.96 0.72
1.30 2.00 1.00 0.00 0.00 3.00 19.96 0.84
Table 1 A cross section of typical training data generated by the network training

module for 0.30 <§ <1.30, A {=0.10 and 1.50 < wp < 2.00, A wp =0.50.
The feature vector corresponding to different settings of {and wy, represents

the performance indices of the response that are obtained from the feature
extractor, )

Once the training data is available, the-network is configured (see appendix for details on
the network architecture) such that the number of nodes in the feature representation field
F1, corresponds to the dimension of the input feature vector, which in the present
application is fixed at six. The-number of processing nodes in the category representation
field F2, is generally greater than total number of input patterns in the prototype set. Each
pattern in the prototype set is sequentially-presented to the network once. A second cyclic
presentation of the prototype set may be made for a stable category confirmation.
Subsequent presentations do-not alter the resulting category structure. The category
structure represents the state space partitioning of the neural network depending on the
number of stable categories e¢stablished during training and the different feature vectors that
were classifed into these categories. During-training, the attentional vigilance parameter is
set at its highest value (0.99) to ensure-a-high resolution of the resulting category structure.
The network associates-with each-new. category established the system parameters { and wn
that were responsible for the generation of the corresponding feature fector.
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When the network is presented with a feature vector for the first time, it is

-encoded in the LTM through modification of the LTM connection weights. A node is

allocated in the networks category representation field F2 to represent the pattern. The
parameters associated with the feature vector now get assigned to this allocated F2 node.
On presentation of subsequent feature vectors, the network's orienting subsystem:first
determines closeness of match between the pattern currently imposed on-the network and
any of the patterns that have previously been seen. Since the vigilance parameter is set high
a new node is allocated for the pattern. However, if the-current pattern happens to-be
closely matched to the one the network has already seen, it is clustered into-the same
category. It is therefore possible to partition the networks state space such that each
partition serves as an attractor for a particular type of response characterized by its feature
vector. The vigilance parameter helps to control the coarseness or fineness of classification
desired. After completion of training the fop down and the bottom up connection weights of
the network along with the network parameters are saved into the computer memory. Thc
above process is repeated for different sets of values for { and-wn taken from- their

respective ranges. Increments in the parameteric values of the system during training

depend upon the trade off between accuracy of identification desired and the size
constraints on the network design.

Testing : When the network is introduced in the control loop, identification-proceeds
almost instantly, Search for the category associated with the right parameters is achieved by
dynamically altering the attentional vigilance parameter until an "optimal vigilance" is

- found. The testing procedure is depicted through the flow diagram infigure 6.
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‘Figure 6 The optimal vigilance category search procedure

4 EXPERIMENTAL RESULTS

In-this section we-report the various experimental results obtained from computer
simulations of the-process-described:in sections 2 and 3 of the paper. We have described
the-simulation procedure and provided an explaination of the various results ootained.

The-time response of the-system was obtained using a Runge-Kutta fourth order
differential equation solver (RK-4). Athough the simulations carried out on the sequential
computer were slow, the results obtained suggest that a hardware implementation of the
system identification module would lead to much faster identification owing to the parallel
distributed nature-of information-processing within-the neural network. Throughout the
simulations-sensor-and plant noise were assumed negligible.

L, | . T L L | | | L SR RO [ | i L |
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The-neural network employed is trained off-line on the features of the response
obtained from the generalized second order system with the following parameteric
variations:

0.16<1.50, A{=0.10
0.5s O)nS 2.50, AO)n= 0.50 (15)

These parameters are not made available to the system identifier but are
estimated through the neural network in the control loop, based upon the
features of the system time response to the standard test signals. The only
available information to the feature extractor module is the discrete time instant and the
value of the system response at these time instants.

We have assumed our-ideal system to have the following parameters :
Desired damping, {* =0.70
Desired frequency, on* = 1.50

Plant constant, Km = 1.00
Plant parameter, & =2.10
Plant parameter, 3 = 1.50

Specification of plant-parameters o. and B determines the desired-location of the system
closed loop poles within-the left half of the S- plane and enables:inthe computation of the
desired damping , {* and-the desired natural frequency, wn* of-the system response.The
responses of a system with the-above set of parameters to a unit-step input and the square
input are depicted in figures 7 and 8 respectively. We call these responses " nominal
responses of the assumed ideal model ".

14




24 ~ 'NOMINAL RESPONSE OF
" - ASSUMED IDEAL MODEL
o 1 TO UNIT STEP INPUT

et desired nominal response
Plant constant, Km  :1.00
unit-step | Plant parameter, 0Lg: 2,10

1 P Plant parameter, [0 :1.50

| RESPONSE CHARACTERICTICS
- desired damping :0.70
desired freq. 11.50

v

[ } ] J J i
! L 1 1 1 -

0 4 ‘S

time, seconds

Figure 7 The desired system response of the assumed ideal model to a unit step input, shown in bold.  The
damping coefficient of the response, § = 0.70 and the natural frequency, o =-1.50.

| ‘NOMINAL RESPONSE OF

Pr——————) i i =
desired nominal response * ASSUMED IDEAL MODEL

;- | 0 squaRE FuncTION
7 Plant constant, Km  :1.00
| ‘Plant parameter, og: 2.10
Cross Over : !
ross Bver | Plant parameter, 30 :1.50
o —H—+—+—+———t—t+—t—t ————— ;;f "RESPONSE CHARACTERICTICS
5 10 15 0]. desired damping 10.70
time, seconds | desired freq. 11.50
4———— Feature Extraction —————»
-1} —

Figure 8 The desired system response of the assumed ideal model to a-square-function input, shown
in bold, The damping coetficient of the response, § = 0.70 and:the natural frequency,
on = 1.50. Feature extracuon to this type of input is restricted to the-first 12 seconds of the
input profile befoee the cross over.

The transient response of a system that has been disturbed by an iristaitaneous
change in the reference input, like the unit step, constitutes the-most-interesting and most
significant part of the dynamic behavior of the system. In the-present application, for the
unit step input, the information contained in entire transient response was-captured for .

.
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feature extraction by making the time window variable depending upon the duration of the
transient. In the case of the square function and the square wave, feature extraction was

restricted to the step portion of the response (12 seconds).

Two time varying functions are-considered to represent the variation in the plant

parameters o and B. The plant parameter Km is kept constant. Figure 9 shows a linear
variation while a slow periodic variation is-depicted in figure 10. It should be noted that
since.parameter estimation takes place only during the step portions of the input signal and
that no restrictions are placed on the control signal u(t), it is possible to add a 'probing'
signal to the input at fixed time intervals to enable system identification when the input
profile is arbitrary. The performance of the control scheme to inputs of this kind is

-currently under investigation,
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Figure 9

Linear time vanaton of plant parametens-« and B,
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Figure 10 Periodic sinusoidal time variation of plant parameters & and .

Since the components of the feature vector are not all independent and since no
effort is made to determine whether a particular prototype training set forms a complete
basis for all input vectors encountered by the controller in a particular situation, a network
sensitivity study was carried out. The objective of this study was to determine which
components of the feature vector influenced the network most in terms of the number of
categories established. Figure 11 shows the sensitivity of an ART-II neural network to the
different components of the feature vector. Seventeen prototype feature vectors were
presented to the network at a vigilance of 0.995. The graphs depict variation of the different
performance indices for the feature vectors versus the categories established. The
sensitivity plots indicate that the network was not uniformly sensitive to all components of
the feature vector, especially in the overdamped case (§ > 1) when most responses look
very much alike. The network was found to be most sensitive to the delay time, rise time
and the peak time of the response as shown in the figure. To enhance the feature vector
uniformly it was passed through a nonlinear function given by:

fi(x)=e"* where, y= 0.05 (16)
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Figure 11 The above plots indicate the sensitivity of the neural network to changes in

the various performance indices of the system time response at a constant
attentional vigilance of 0.995. The input pattern set comprised if 17 different
input pattens (number of points plotted on the graphs) which are presented to
the network once cyclically. The abscissa represents the identification number
of the category established while the ordinate shows the actual value of the

performance index under consideration.
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Figures 12 through 18, each depict two plots. (a) The time response of the actual system to
the unit step input signal with arbitrary initial parameters a, , and Km, and (b) the final
system response with the D.C. bias or the steady-state error compensated through the
parameter C. The uncompensated final response with only the controller paraineters Kp and
Kd adjusted after the system identification and pole placement is completed is not shown in
the plots.
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| PLANT
+ alpha -1
beta -]
" plant constant . 4
RESPONSE CHARACTERICTICS
2 desired damping  : .7
. -|-desired-freq. 1.5
= —t ﬁn.al' response B | initial damping ©1.30
2—; original system response | initial fireq. 1.00
| final damping ¢ 0.70
_ final freq, ¢ 1.50
unitstepi sampling frequency @ 20.18
1 ‘time step .05
| total time $.550
-+ CONTROLLER
I intial Kp : 5
1 intialKd=  : 2.1
o- , , : - |-intisl gainC @
{ 1 1 1 { +— | final Kp . 1.750
0 1 2 3 4 S 1 fina] Kd : 1.600
time, seconds | final gainC:: 2.250
Figure 12 An overdamped system response with arbitrary initial plant parameters, o= 0.5, B = 0.5

and Km = 1.00 and initial controlker gains p = 0.50, K¢ = 2.10. The response-has-an initial damping

coefficient § = 1.30 and an imstial natural frequency wp = 1.00.The final:controller parameters are those

obtained after the plant parameters are cstimated by the neural network-system identifier and after the
relocation of the overall closed loop system poles by the pole placement module, The final controller gains
correspond to Ky, = 1.750 and Ky = 1,60 and the D.C. bias, C = 2.250. The final response has the desired

damping coefficient § = 0.7 and the desired natural frequency wn = 1.50 corresponding to the-ideal-system

response. The time scale shown in the figure is that of the final se'stem response. The time scale incorporated
in the simulation is adaptive for the unit step input and depends upon-the duratior of the system transient
rc_sponsc_.The sampling frequency selected Is commion to-botii-the response -samipling rat€ and-the RK-4
difterential equation solver and is wet weli above the Nyquist frequency of the sysiem.
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PLANT
& alpha : S
beta 'S
plant constant . 5
RESPONSE CHARACTERICTICS -
24 desired damping N
desired freq. c 1.5
o ——————— final response initial damping *1.20
o ——— original system response initial freq. * 1.50
final damping P 0.70
final freq. ¢ 150
unit step | Sampling frequency : 20.18
1 — time step . 05
total time ¢ 5.550
= CONTROLLER
intial Kp ¢ 9
intialkd= : 2.1’
. ) ; — ' 5 » | intialgainC : !
' | L, - . : final Kp : 0.500
o) 1 2 3 4 S fina] Kd : -0.900
time, seconds final gainC: 4.500
Figure 13 An example of an overdamped:system response with arbitrary initial plant parameters, o =

0.5, B = 0.5 and Ky = 0.5 and iniual controller gains Kp = 0.50, Kd = 2.10. The response has an initial
damping coefficient { = 1.20 and an initial natural frequency wp, = 1.50.The final controller gains are Kp=
0.50 and Kq = -0.900 and the D.C. bias, C = 4.50. The final response has the desired damping coefficient ¢
=0.7 and the desired natural frequency wp =-1.50 corresponding to the ideal system response.
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PLANT
4 | alpha : S
beta )
plant constant . 25
RESPONSE CHARACTERICTICS
2. desired damping 7
desired freq. 15
2 » final response initial damping © 1.20
o initial freq. 150
— original system respons final damping + 080
9 i response final freq. ©1.00
sampling frequency : 20.18
1 - ——— | time step 05
umt step total time 5.550
CONTROLLER
— intial Kp . S
| intialkd= 21
. , —> | intialgainC : !
- 1 1 T final Kp . 0.500
0 L 2 3 4 S final Kd ': 598:
time, seconds final gainC: 4.
Figure 14 An'example where the identification provided by the network is not accurate owing to the

discrete nature of partitioning provided by the neural network identiier, A finer resolution can be obtained if
the size of the neural network is increased by increasing the number of nodes at the cat?oxy representation
field F2. This would eliminate the possibility of incorrect classification by the network as demonstrated in this

example. The arbitrary initial plant parameters are o = 0.5, B = 0.5 and Ky = 0.25 and initial controller gains
Kp =0.50, Kg = 2.10. The response has an initial damping coefficient { = 1.20 and an initial natural
frequency wp = 1.50.The final controller gains are Kp = 0.50 and K4 = -0.900 and the D.C. bias, C = 4.50.
The final response has a-damping coefficient { = 0.8 and a natural frequency wp = 1.00. The desired
damping and natural frequency corresponding to the ideal system response are { =0.7 and wp = 1.50.
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PLANT
4 alpha 102
beta 125
plant constant : 10
RESPONSE CHARACTERICTICS
24 desired damping N
desired freq. t 15
o) 3 final response initial damping © 02
o [~ original system response initial freq. © 20
final damping ¢ 0.70
final freq. 150
sampling frequency : 20.18
) time step : .05
, total time . 5.550
unit step
CONTROLLER
e intial Kp : 30
intialkd= : 0S5
. ; — . — | intialqainC : 1-0
! \ ' ) T | final Kp : 1.250
0 2 3 4 S final Kd : 1:80
time, seconds final gainC: 2.23
Figures 15 figure depicting the-ability-of the proposed adaptive controller to modify an underdamped

system response. The arbitrary initial-plant parameters are o = 0.2, B = 2.5 and K = 1.00 and.initial
controller gains Kp = 0.30, Kg.= 0.5. The response has an initial damping coefficient § = 0.20 and an initial
natural frequency n = 2.00. It should be noted that parameter identification of an underdamped response is
easier when compared to the overdamped and critically damped cases in which the system responses-look
alike, In the underdamped case, the overshoot makes one of the feature vector com
The final controller gains are Kp =-1.25°and Kq = 1.80 and the D.C. bias, C = 2.25. The final response has

a damping coefficient { = 0.7 and a natural frequency wn = 1.50 corresponding to the ideal system response.

nents more significant.
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PLANT
S - alpha © 0.20
beta 120

- plantconstant . 10

RESPONSE CHARACTERICTICS

2- “desired damping  : .7

- desired freq. ' 1LS
i~ — .y final response initial damping 10
o —— original system response initial freq. + 2.0

“ final damping * 070

: - final freq. 2 1.50
7 Unit Step sampling frequency : 20.18
1 time step : 05
E total time ! 5550
CONTROLLER

o ~——————e intial Kp ; 20
_intialkd= : 02
—= —> | intialgainC : 1.0
B ) finad Kp @ 025
3 4 S * final Kd . 1.90°
final g3inC: 2.25

time, seconds

Figures 16 Example of a-highly oscillatory underdamped system response with arbitrary initial plant

parameters are & = 0.2, § =2.0 and Ky = 1.00 and initial controller gains Kp-= 2.00, K4 = 0.2. The
response has an initial damping coefficient { = 0.10 and an initial natural frequency wp = 2.00. The final

-controller gains are Kp = 0.25:and Kq = 1.90 and the D.C. bias, C = 2.25. The final response has a damping

coefficient £ = 0.7 and a natural frequency wn = 1.50 corresponding to the ideal-system response.
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Figure:17

B=0:5 and K= 0.50 and initial controller gains K

.50,

System response to a-square-input funric.a with arbitrary initial plant parameters are o = 0.5,
K{ = 2.10. The initial response of the system

1s first obtained and the portion ol the response correspunding to the first 12 seconds (upto the cross over) is
selected for feature extraction and system identification.It has an initial damping coefficient { = 1.20 and an

-initial natural frequency wp = 1.50. The response after the controller gains have been adjusted by the pole
‘placement module is depicted as the final system response. The final controller gains are Kp=0.50and Kq =

-0.90.and the D.C. bias, C = 4.50. The final response matches the desired response given by the assumed

‘ideal model which has-a damping coefficient { = 0.7 and-a natural frequency wp = 1.50 . Note that the
‘parameter K is negative implying negative derivative feedback.
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i PLANT .
. 0.20
[ final system response — ;‘&2‘ . 250
initial system response | plant constant . 1.00
1 e RESPONSE CHARACTERICTICS
/ desired damping -
desired freq. 18
initial damping © 0.20
[~ initial freq. *2.00
0 Kot | fal dameing £ 070
5 10 1 20} sampling frequency : 20.18
time step 1 .05
total time ¢ 20.00
-14
~— CONTROLLER
intial Kp : 3.00
intiaikd= : 1:.00
intial gainc  : 1

final Kp 1—;250
finat Kd : 230
final gainC: 2:250

Figure 18 An-underdamped system response to a square- input function with arbitrary -initial plant
parameters are o = 0.2, f = 2.5 and Ky = 1.00 and initial controller gains Kp=3.00, K4 = 1.00. The: initial
damping coefficient { = 0.20 and the initial natural frequency-wp = 2.00. The final controller gains are Kp
1.25 and K = 2.30'and the D.C. bias, C = 2.25. The final response has a damping coefficient { =0.7:and a
natural frequency.wn, = 1:50 corresponding to the ideal model.
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6 12 18 24 30 36 42 48 54 60 66 72 78 84 90 96 102 108
time, seconds

|:CONSTANT PLANT
--alpha : 05

|beta :210

‘I plant constant : 1.00

Figure'19 Response of the system to a square wave input. The plant parameters are kept constant

throughout with-o = 0.50, #=2.10 and K, = 1.00. Parameter estimation takes place once after the first 24

-seconds elapse. This conslitutes the parameter estimation interval of the response. The response shown during
the-first 24 seconds is the unregulated response of the system during which no feature extraction or system
-identification takes place. The rest of the output J)roﬁle corresponds to._the desired response with the controller
-parameters tuned and the D.C. bias compensated.
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{
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TIME VARYING PLANT PARAMETERS

x(t) =g (1+nsin (wt)) f= 'R = 6.366E -4

plant constant, Km :1.00 (1 in (1)) 2n
= + wt)) . tAn
®g : hominal value (1.50) B(t)=po nsin n +1.00
B : Nominal value (2.10) ou(t) :plant parameter w 0004
B(t) : plant parameter
Figure 20 Response of the system to a square wave with a sinusoidal variation of plant parameters as

e

depicted in Figure 11. Since there'is no probing signal, parameter estimation takes place discretely-at a-time
intervals of 24 seconds, Here again feature extraction is restricted to the step portion of-every-pulse. The
response shown in the first 24 scconds is the unregulated response of the system during which no feature
extraction or system identification takes place. The rest of the response profile corresponds to the desired-
ges&onse with the controller parameters tuned and the D.C. bias compensated every 24 seconds, The change
in the system parameters are not quite apparent due to the fact that variation in parameter 1$ small:with respect
to the resolution of the parametric space of the neural network.
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Figure 21 System response (0 linear time variation in one of the parameters, o while-Km and B are held

constant. It should be noted that-the response should settle to zero before the next pulse is applied to ensure

proper identification.




5 CONCLUSION AND FUTURE WORK

A new approach for dynamic system identification has been attempted that involves
the application of a neural network architecture based on the Adaptive Resonance Theory. It
has been shown that it is possible to train the ART neural net offline (supervised learning
mode) to identify the parameters of a simple second order system based upon attributes of
its response to standard test signals. A simple indirect adaptive control scheme was
formulated, implemented and tested to assess the performance of the network that was
incorporated as the online system identifier in the control loop. Experimental results
suggest that identification provided by the network is accurate within the resolution of the
training data. The off line training of the network was found to be fast with the training
experimental data set being presented to the network only once. During testing when the
network is included in the control loop, the search procedure adopted helps to improve the
identification provided by the network. The application of the proposed scheme based-upon
the ART architecture has to be-studied further by-applying it to other higher order systems.
Future work also includes a critical comparison between the identification techniques
adopted in this work and the-other conventional methods such as the method-of Least
Squares on the same set of problems. Such an exercise would bring into sharper focus the
relative merits and demerits of the-proposed neural network based identifier. It would also
be useful to study the possibility-ofiimplementing the network such that it is made capable
of learning online. Future work-also-includes an evaluation of the proposed scheme to-input
signal profiles that are not regular via overriding probing signals.
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APPENDICES
The ART-II Mathematical model :

Figure 22 The ART-II Network structure

The equations presented in this section are taken from reference [Grossberg &
Carpenter,1987(a)). For the convinience of the reader we present the equations used-in-the
our simulations in the form of the ART-II mathematical model. Figure 22 depicts-the: ART-
II network architecture while figure 23 the network topology used in the simulations.

The global network parameters and constants are:
M : number of F] input channels

N : number of STM nodes at stage Fp

a: network parameter (a = 10.00)

b: network parameter (b = 10.00)




wsoc‘;-o

: network parameter (c = 0.10)

: network parameter (d = 0.9 (0 <d<1))

: ‘network parameter (¢ = 0.0)

+ noise tolerance parameter ( ¢ = 1/ VM)
ETP:-error tolerance parameter ( ETP = 0.05)

p: attentional vigilance parameter (0<p <1)

Figure 23 The ART-II Network topology

Network-Equations:

Refer:to-ART-II-network topology-in-figure 23. The local STM activities pi, i, uj, wi and

xi-computed at the STM stage F| (All- equations expressed in dimensionless form) are :

Fori=1,..,.Mand j=M+l...N:

P, =uj+ ng (Yj')zji

P
e+
Vi

4;=

i
U=
1" e+ 1V)

vi=Tf(xj) +bf(q; )
wi=1j +auj

Wi
C +iwl

x|=

(17)
(18)

(19)
20)
@D

(22)
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| V| represents the L norm of the vector V.

2
t?(x)—:—z—g—x—z—- fO<x<0
(x2+0%)
= X l.f x2 0 (23)
where, f(x) is the thresholding function.
The local STM activity, Tj computed at the STM stage F7 is given by:

Tj=, Z:'Pizi'j

(24
where Zijj are the bottom up connection weights (F1 — F2).
The LTM Equations :
d (ZJI) - 2
Top Down (F2 = Fl): —4r— = 8(j) [py- il 25)
d@Z;).
Bottom U —F5): et MR S0 ]
pE ~F 5 = 80 [py-Zj @6
where,
Zji: Top down connection—weigtht(Fz - F1)
Zij : Bottom up connection ,wcightsﬁ:(F,l - F)
g(yj )=d {if Ty =Max Tj:’thefjm F»-node that has not been reset on current trial} 27

0 otherwise

when F5 makes a choiCc,andi—*thQJth’iEz node is selected during contrast enhancement

process (winner take all-or on.center-off surround selection procedure), equations.25-and
26 can be modified as:

Top Down (F2 — F1): ‘_i%ﬁ_ = glyp)[pi-2Z5il = d(1°d){1£_i—d’ZJ i}
, (28)

Bottom Up (F1 — F2): d‘%‘[?-) = glyp) [p;-Ziy] = d(l-d){%-zil}
y . (29)
forj#J: ‘_1_(%.4,). =0 and d(i{‘) =0 30).




34

. d(Zi3) d(Z;y) .
fori#J: 1) = —————J 1

J R 0 and n (30)
The orienting subsystem consisting of the reset mechanisn: se<ts Fp whenever the input

pattern is active and

=0

P 1
e+r (31
where,
- Ui +C pi
e+ wi+cp (32)

r: the attentional vigilance parameter

The network initialization involves setting all the network parameters at typical values
indicated in the section on network equations. The top-down connection weights are-all
initially set equal to 0. The bottom-up connection weights are initialized at:

Zj = ————— 1
20-0M (33).

ART-II Learning algorithm:

The ART-II learning algorithm used-in-all the simulations that were carried-out
is presented in-the form of a simulation flow diagram shown in figure 24. The flow
diagram is self explanatory and represents a compléte cycle of events within the network
during a single-iteration. The major features of the-algorithm are the STM stabilization-loop
and the search-loop. The STM stabilization loop-ensures that all STM activities at Fy
stabilize (no longer changes) before a bottom-up input pattern can be transferred fromF - to-
Fy through the LTM. The search loop- comprises of the bottom-up and top-down
processing mechanisms and the vigilance test that-determines the appropriate recognition
category corresponding to an input pattern.
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Figure 24 Flow diagram of the ART-II algorithm
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Time Optimal Robot Navigation via the
. Slack Set Method

STEVEN C. ZAHARAKIS ano ALLON GUEZ

Abstract —The minimum-time obstacle avoidance trajectory for a robot
has been a long standing problem of considerable interest. The slack set
technique, an algorithm for determining a minimum-time obstacle
avoidance trajectory for a robot in a known environment, is presented.
For time optimal trajectories with constrained acceleration and velocity,
the shortest time of motion may be different for each joint or axis of the
system. Thus some delay of a joint other than the slowest will not
necessarily affect the time of motion for the entire system. This natural
reduridancy for obstacle avoidance in order to simplify the trajectory
search algorithm by at least one order of magnitude (one DOF less) is
exploited. By neglecting the presence of ali obstacles and assigning to
each actuator maximum control (bang-bang), a lower-bound estimate of
the time needed to complete a task (Ttask) is calculated. The A4*
heuristic search is used to search what we call the slack set; a subset of
the stade space that contains only those states that are members of a
trajectory with a task time equal to T task. If no trajectory is found
during the initial search, the subset of the state space being examined is
sequentially increased until a valid trajectory is found. The slack set
technique is guaranteed to find a feasible monotonic trajectory if such a
trajectory exists in the slack set. Since, in general, the minimum-time
obstacle avoidance trajectory is not unique, secondary constraints such
as minimum distance, minimum distance i1n the state space, and others
can also be satisfied. The method is demonstrated via a planar mobile
robot.

I. INTRODUCTION

OBOTS have been applied in manufacturing for

many years. Today robotics has found applications
in such diverse fields as medicine and space exploration.
The most important capability of a robot 1s its ability to
move in and modify its environment. After almost three
decades of worldwide research in the area of robot mo-
tion control, the state of art offers rather simplistic con-
trol and motion planning methods which are employed in
the most advanced systems of industrial robots. The cur-
rent state of knowledge indicates that the problem of time
optimal obstacle avoidance robot trajectory derivation is
still unsolved. Dynamic constraints imposed by the robot’s
mechanical structure, and actuators have yet to be incor-
porated in the process of trajectory planning. The impor-
tance of inclusion of robot dynamics in the process of
path planning has been recognized by many [1], [10], [28].
No practical technique has been developed due to the
complexity of the problem, the sevenity of the computa-
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tional requirements and the current approach to the
problem. Motion planning and executton 1s heuristically
decoupled mainly into two independently solved subprob-
lems: path planning and path following. This artificial
separation of the control and planning tasks degrades the
overall performance of the system. It is expected with the
continuous enhancement of speed and power per unit
cost of processors, the advent of new computers, architec-
tures and computational algorithms, that a global simulta-
neous solution of some of the mentioned subproblems
may become feasible.

The main objective of this work is 1o develop a unified
strategy of path planning and control. Qur approach to
time-optimal obstacle avoidance trajectory planning uni-
fies several problems which are usually considered sepa-
rately. path planning, minimum time control, real-time
controller structure, and obstacle avoidance. We believe
that such unification gives a number of theoretical bene-
fits and helps in solving problems proven to be difficult
when approached separately. The objective is to develop
a real-time robot motion controller that will simultane-
ously generate, based on static and dynamic constraints
(including parameters of the system, location of obstacles
and task constraints), the time optimal obstacle avoidance
control and trajectory. Qur approach is based on the
observation that optimal path planning cannot be achieved
without accounting for robot dynamics, especially in an
obstacle strewn environment [1], [7). This dynamic path
planning and execution 1s feasible by exploiting modern
control methods such as global linearization and decou-
pling via state feedback and the Maximum Prnnciple (5],
(7). This approach allows us to treat the position con-
straints as a part of the overall dynamic constraints on the
state variables of the system. Other benefits of this ap-
proach are the ability to derive time optimal obstacle
avoidance trajectories that also display secondary opti-
mizations by exploiting the fact that the time optimal
trajectory for robot manipulators satisfying inequality con-
straints on the jerks, accelerations and velocities of the
joints is not unique [29]. This “redundancy” in the selec-
tion of a time optimal trajectory creates a *“slack set”
which will be used in selecting the trajectory that is
optimal with respect to some prespecified criterion. The
following paragraphs describe results related to our work.

The area of path planning among obstacles has been
studied mainly during the last ten years. Lozano-Perez

0018-9472/90,'1100-1396801.00 ©1990 IEEE
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and Wesley {20} proposed a method for finding the mini-
mum distance path through a polygonal obstacle infested
workspace. A visibility graph (VGraph) consisting of ver-
tices of the polygonal obstacles, the initial position, and
the goal position are used {18). Two vertices are con-

nected with edges when the connecting edge does not

intersect any obstacle. A cost is assigned to each edge
according to its length. A searching aigorithm is then
employed to determine the set of these edges, which,

-when combined, lead us from the initial position to the
-goal position with the minimal total cost (minimum dis-

tance). This technique will be used as a comparison to the
slack set technique introduced in this paper.

‘Pieper and Widdoes [27] used planes, cylinders, and
spheres to represent obstacles. This approach has the
advantage of eliminating the orientation problem, but
introduced the problem of path elimination due to obsta-
cle modification. The enlargement of the obstacle in some
cases eliminates feasible paths. Additionally, the intersec-
tion: functions are often nonlinear and involve square
roots or transcendental furctions. Udupa (27}, Lozano-
Perez and Wesley [19] and Brooks [4] adopted the polyhe-
dra as the models that result in linear intersection func-
tions, but the orientation problem must be handled with
care. Udupa discretized the space into sectroids and
passes that were labeled as free if not occupied by obsta-
cles and objects. Lists of free passes are joined together to
form a collision-free path. To allow for arbitrary orienta-
tion, obstacles are enlarged. This in turn, reduces the
number and size of the free passes. Lozano-Perez de-
scribed linked polyhedra using swept volumes. Free space
is then represented as overlapping generalized cones. In
these methods, some determine the free space inside
which the point robot may move freely without collision,
while others determine the forbidden region so that a
collision-free path may be traced along the boundaries of
the region. Luh [21] modifies the environment by inclu-
sion-of pseudo-obstacles that are generated by real obsta-
cles’ edges and faces. This process allows the robot itself
to be represented by a point specifying the robot’s tip
location in space.

In order to derive the control required to traverse the
derived path, a trajectory must be found for the path.
This is generally accomplished by scarching the state

-space for the velocity profiles that will allow for the

traversability of the given path [2], (26], [27). Using this
technique, one can derive the velocity profile that allows
for the minimum time traversal of a path. Note that
traversing a minimum distance path in minimum time
does not, in general, produce a minimum time trajectory.
This subject will be discussed in detail later in this paper.
None of these works, however, accounts for manipulator
dynamics in the planning process. As a result, the
traversability of such paths is questionable due to the
dynamic and mechanical constraints of the manipulator.
Paul et al. [23] present a linear programming algorithm
for finding the near minimum time path of the manipula-
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tor end effector. [t-deals-with path planning by designing
a set of time intervals:for-the transition among a sequence
of preassigned points.in-the Cartesian space. The motion
between each pair of points is-assumed along a straight
lien segment -with -constant velocity. The total traveling
time is minimized while observing velocity and accelera-
tion inequality constraints. The manipulator dynamics are
not included since the -path is assigned a priori. This
technique cannot, in_general, produce the time optimal
traversal-of a given-path-due to the fact that it deals with
local and not global-optimization. -Later this method was
extended by Lin-et al: to-fitting of cubic polynomials with
velocity, acceleration- and jerk constraints in planning a
minimum time trajectory-for-a given sequence of points.
Lynch [17] derives a-sequential mode (one axis at a time)
minimum time -for-two axis manipulator. In a sequential
mode, coupling bétween the various axes is significantly
reduced; the execution-time, however, is much larger than
in the one obtained in-simultaneous motion of all axes.

The following techniques incorporate some dynamics of
the robot during their planning. The idea of artificial
potentials-[13),_[15], [22] is to allow to move about space
while under the-influence of the forces of attraction and
repulsion. The-attractive:force-would stem from the goal
point, while -all-obstacles would-exert repulsive forces on
the robot. All forces-would-be directly proportional to the
velocity-by which-the source is approached and inversely
proportional_to the distance from-it, thus partial inclusion
of robot dynamics-is-achieved. Loeff and Soni added to
destination and gave -the joints repulsive velocities from
the obstacles. Similarly, ‘Khatib and Le Maitre [13] used
an-attractive force-on-the end effector attracting it to its
desired position-and-orientation. Okutomi and Mori [22]
took a more elaborate-approach and-used artificial poten-
tials-in the joint coordinate space. Repulsive forces were
exerted from-all-forbidden:regions in-this space.

The -minimum=time-path for a -robot has been a long-
standing-and unsolved: problem -of considerable interest.
For-problems of -nontrivial dynamics. the derivation of a
time-optimal- solution: cannot be -guaranteed. This is true
primarily due -to-the -unavailability of an analytical solu-
tion and-the fimitations-of today’s computers which do
not-allow for the verification-of-a-nontrivial *"time-optimal
obstacle avoidance :trajectory.” Though the optimal con-
trol- theory -of--dynamic. systems is well established, it is
rarely -used in practice -due to the highly nonlinear and
highly coupled- form- of -the differential equations that
govern- the system. The -need to -incorporate heuristic
knowledge aboutzplausible solutions..along with_the abil-
ity to make tradeoffs-concerning the optimality of.the
solution, as-well:as:the-computational cost of the deriva-
tion. have been-outlined-in-=(7], (8].

One category-of=trajectory planning techniques uses a
bang-coast-bung approach. One of the first attempts of
time-optimal trajectory:derivation was made by Kahn and
Roth [12). His technique assumed all trajectories to follow
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a-bang-bang trajectory with-multiple switching times. Luh
and Lin [20] chose to subdivide the problem -into the
derivation of time optimal trajectories-connecting various
points along a predefined path. Position, velocity and
acceleration constraints of the-weakest actuator are im-
posed on the whole system, thus severely-degrading per-
formance. Kornhauser and Brown [14]-developed a tech-
nique based on state space-tessellation and a graph-search.
In_this-technique they assume_a bang-coast-bang solution
with fixed switching points. Successors of a. state are
generated by-using nine torque patterns. Through the use
of a heuristic search technique the fastest trajectory .is
found. )

The time-scaling technique-is used in the-derivation of
a trajectory which will.traverse a-given-path in-minimum
time [1}. The equations of motion-are expressed-in terms
of the distance along the predetermined cartesian path. A
finite distance-velocity state space is derived using the
torques /forces specifications of the motors. A set of

switching points is then found that -moves the-arm as close-

as-possible to the limits of-the state space. The-optimality
-of this algorithm was proven by Bobrow in his Ph.D.
paper. He found that one actuator -is always. saturated,
and-that-the.others adjust=their-torques. Other-time-scal-
ing-implementations (11],-[17):use-polynomial -splines for
the-initial path-definition. Iterative-modification_of -these
paths is-attempted :untilzconvergence of-a-local-minima-is
achieved.

II. -PROBLEM:-STATEMENT

Given:the-dynamic-model of>the N degree-of freedom
(NDOF):robot with.its N DC Servo- actuators- driving:

joints:

X, =X,

X, =g(X,t)

Xy=F Xy 4+ FXy+ L™V )
-‘where

V- T
X=Xy, X1z Xyn) A
is théijoint:displacementszvé'ctor
X, =(Xs, X0, Xap) is thesjoint-velocities vector
- : T
Xy=(Xy, X.\p o Xaw)
4{s:the-rotor currénts-of the:actuators-vector
{1l - F\T
V=V Vy, - Vy)
{is:the vector.of applied input voltages.

-Given:the -initial_configuration

X(1y) = (Xi(t)s Xa(tp), Xa(1y) )VT (2

-the:desirable final-configuration

X(e) ={(Xile,), Xa(t)), Xolep))” 3)

the-inequality constraints
lX 3," €w,,
dei
dt
d’x 2
dt
where w_,,a,,,A; are the maximum allowed- velocity,
acceleration-and jerk-respectively for the ith:joint.

The sets-of-forbidden regions-are- assumed to be given
in-the joint space(X,)-as time varying intervals which-may
or may not be connected. These are obtained from-the
kinematic translation of -the obstacle’s configuration in

the workspace, thus Given also -the -sets of forbidden.
regions (obstacle) for each joint S;(¢)

where S;(t) € R, forall-t€(¢,,¢/), i=1,2,3,--,N
and-the-joints-hard limits-
Giminrg Xli < eimgx! (5)

From among all the state trajectories -that satisfy (1)
through-(5),.(i.e.,feasible-trajectories), and minimize the
travei time (6)-

<a,

<4, (4)

b=ty = f::, ldt (6)
L
find the trajectory X *(¢)-that-maximizes/minimizes the
sécondary:functional:
JCX(),V(e). ¢y
The problem stated previously is relevant -for both
industrial and mobile robots. In-the -case -of point ‘mass
-mobile robot-models,-however, coupling between-the vari-
-ous :DOFs occurs through:the state-inequality-constraints-
and:obstacles, rather-than-in-the-robot dynamics.
This-paper will-describe-an: algorithm for-finding-a-time
optimal-or near time optimal-obstacle -avoidance -trajec-
tory for a-robot.of known dynamics, if such.a-monotonic
trajectory-exists. For reasons of simplicity, the algorithm
will be:illustrated:-by-applying it:to an-autonomous vehicle
with--motion- being constrained: to the two-dimensional-
(2:D) XY plane, as-follows. However, -the algorithm-can
-be -generalized to- a- robot with an arbitrary number of
-degrees-of-freedom.

IIL. Srack SET METHOD-

The slack set -method-is outlined- in -this section. The
method introduces a-new concept for severely reducing
the search: space, .thus-minimizing- the computational-cost:
of -deriving such- a trajectory. Details- of the technique
follow, as-do-explanations -of -relevant terms. The algo-
-rithm -attempts to-derive a time optimal -obstacle -avoid-
ance trajectory- for a-robot -of known-dynamic -capability.
Through-out-this-paper -it-is- assumed that:the-robot and
‘the robot’s environment are completely known. As a
‘result, the-maximal-distance, velocity-and acceleration-of

|
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iF’iig. ‘1, Flowchart of the slack set technique.

‘the vehicle is- known. Position, size and shape of all
-obstacles-are-also considered known.

For reasons -of simplicity the slack set-method will be
applied. -to- -an- autonomous vehicle with -motion being
constrained ‘to the XY plane, ‘with bounded distance,
velocity-and:acceleration. However, the-algorithm can be
generalized-to-a robot with an arbitrary number of de-
-grees of freedom.. All-obstacles are rectangular with ran-
-dom-size -and-position.in the workspace. When-overlap-
ping, they produce obstacles of random size and shape.
All obstacles- are considered- static. The slack set tech-
nique:is:outlined by the flowchart- of Fig. 1.

Decoupling-the-System

‘Let:the dynamic model of a planar point-mass robot in-

a-two-dimensional plane be
1X
| =fXY VY, T,.T)) (8)

-o‘ 4<L<
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x

robot velocity, and T,,T, denote torque along the X and
Y axis correspondingly.

In general, (8) is a coupled nonlinear four-dimensional
(2-D) differential equation describing the coupling and
nonlinearities of the robot. It is well known that when the
robot dynamics are known, it is possible to employ the
Feedback Linearizing-and Decoupling Transformation to
achieve global decoupling of an N-DOF system into N
linear subsystems without disregarding robot dynamics. (6]
As a result, we can assume that the motion along the axes
has independent dynamics, however cross axis coupling
still exist through the presence of obstacles as will be
described -below.

In the case of our 2DOF system, let V¥, .0V mauos
@, maxr Xymax D€ the maximum velocity and acceleration
along the X and Y axis respectively. We assume total
knowledge of the static environment, position and size of
all obstacles. The robot’s state is described by
S(X,Y,V,,V,). Given an initial position (x,,v,) and a
goal position (x, y,), we-are to derive a trajectory which
would take the robot from rest at (x,,y,) to rest at

where X.Y denote the robot’s position, V,,V, denote

(x,,y,) while avoiding all obstacles and do so in the least

-amount of time.
Applying. FLDT, the dynamics (8) can be expressed as
the-equations:for two double-integral plants:

X=V,
Ve=a,
Y=V,
Vy=a, (9)

where-the admissible set (3) is:

laxl LAy myg lavl < Qy max ( 10)

-the-inequality constraints (4)-are:

I/\/ls Xm;n IYISY,““
W< Vi W<V, (11}

The -cost functional which we choose to minimize is the
time needed to complete the task (task time), of taking
the robot from its rest at its initial state §,,, to rest at its
goal state S, while avoiding all obstacles. It is assumed
that_the task is started at time ¢, = 0 thus (2) becomes

G=t,—-1t,=t,. (12)

Static obstacles can be axpressed as functions of position
only

O,(X,Y) ={All (x,y) points within the ith
obstacle region} (13)

where i-=1,2,-++d, d being the number of obstacles in

the-robots-workspace.

The goal state expresses the position and velocity which

‘the:robot is to achieve by the end of the task time (¢,). If

the goal velocities are both equal to zero, then the goal
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Fig. 2. Example task with no obstacle.
state is
=(X,,Y,,0,0). (14)

Using the previous defmmons the problem can be stated
as follows.

Find the input a*(¢), t €(0,¢;], which globally mini-
mizes the cost functional (12) while satisfying (10), and
for which the resulting state trajectory S*(¢) satisfies (9)
and (11), avoiding the union of all obstacles (13) and
reaching §, at time ¢,.

Before any computer algorithm can be implemented,
we must first discretize time. For simplicity and without
loss of generality, let the fixed sampling rate AT =1.
After appropriate scaling, the equations of motion of the
robot will be

X(k +1) = X(k)+ Vi(k)
Y(k +1) = Y(k)+ W(k)
V.(k+1)=V(k)+a (k)
Vi(k +1) =V (k) + a,(k) (15)

where k =0---k,  and k, is such that ¢+, =1, + k AT.

The problem to be solved is therefore to find the
sequence (a,(k).a,(k)), where k =0--- k,, which takes
the robot from rest at position (X,.Y,) at k=0 and
moves it to position (x,.y,) at k =k, while avoiding all
obstacles for the minimum value of . satisfying all state
and input inequality constraints. Coupling still exists
through the presence of obstacles.

Critical Axis Handling

Depicted in Fig. 2 is an example of a time optimal
trajectory planning problem in the absence of obstacles.
leen that Vr max l/) max and arm.u = a\ mdx = amux’ we
wish to reach state Sg from state So in minimum time. By
neglecting the presence of all obstacles and assigning to
each actuator maximum control (bang-bang) a lower
bound estimate of the time needed to complete a task (T
task) can be calculated. When the maximum principle is
applied to the problem described in Fig. 2 the time
optimal trajectories of Fig. 3 are obtained (6], [9).

Trajectories displaying a monotonically decreasing dis-
tance to the goal, along at least one of the axis are
denoted as monotonic. Let us assume here that, T, >

ax Ly
) i
Qxmax L___l Qymax .
T ° :1:1_* ;
Vx Vy
) )
Vxmax [+« - - Vymax| * *
t > T
X {
| )
1Xg=Xol| e oo oo cn . ' 1Yg=Yol| « v vwme s
1] L}
Lt L et
Txtask TYzask

Fig. 3. Bang-bang profiles.

-y

Fig. 4. Possible paths in the slack set.

T, ..« (Fig. 3). The task is complete when subtasks along
both axis are complete, thus T, = max(T, g T wu)-
The axis with the maximal task time is called the critical
actuator (CA) while all others are called slack actuators
(SA) (Fig. 3). Inputs of the slack actuator (Y axis here)
can be modified as long as at time T, we have y =yg
and Vy =0; ail these trajectories have 1) T, =
max(T, task? }lu\k) and 2) T, Ltk R Tr(u\k'

We name the set containing all such trajectories the
slack set. Note that the slack set contains a set of mini-
mum-time trajectories of a specified task.

This multiplicity of trajectories motivates us for a ciuser
examination of the slack set (Fig. 4). If valid trajectories
exist in the presence of obstacles (traversable paths), then
all these trajectories will be tinie optimal obstacle avoid-
ance trajectories.

By neglecting the presence of all obstacles and assign-
ing the maximum control torque to each actuz.or we can
determine which actuator’s task time is greatest (7,,,,).
This actuator, called the critical actua.or (CA), exerts a
time constraint on the completion of the *.sk. The CA
retains its bang-bang profile while a search will determine
the profiles of the other actuators. We assume here, with
no loss of generality, that T, =T, > T,. thus we will
have a fixed bang-bang profile along the X axis.
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Fig. 5. Transforming the problem. (a) Original task. (b) Control actuator distance profile. (¢) Transformed task.

Transformation from N-DOF to (N-1)-DOF

We can take advantage of the a priori knowledge of the
CA profile by transforming the problem from the XYV, V,
state space to the slack state space YV,. This is done by
using the Critical Actuator distance profile in conjunction
with the knowledge of all obstacle positions.

Let Ox1,0x2 be the projections of an obstacle’s bound-
ary along the X axis and Oyl,0Oy2 be the projections of
the obstacle’s boundary along the Y axis (Fig. 5). Using
the Critical Actuator’s distance profile and the distances
Ox1,0x2 one can determine during what times ¢, and
ty, the robot will be in the projection of the obstacle
along the X axis (Fig. 5). If (xn, yn) defines a position of
the robot in the XY plane then:

{Robot in Obstacle} = {x €[Ox1 - 0x2] and
e[oyl---0Y2)).

The obstacle is avoided if during this time period
[£0, -+ ty;] the robot’s y coordinate of position is not in
the region [Oyl---Oy2] (Fig. 5). By transforming all
obstacles from the XYV, V, to YVy slack state space we
severely reduce the state space size.

Note that our definition of an obstacle is tndependent
of velocity. As a result, all states with a positional vector
located in an obstacle are illegal and rs such can not
beleug to the Slack Set. Thus, the size of the slack set is
inversely proportic, .al to the area occupicu by obstacles.
Secondly, we can model complex obstacles such as mud,
by including velocity in our definition of an obstacle. For
exanple we may allow the robot to movc through a
certain position ‘f its velocity exceeds some defined
“escape wwlocity.” Work has already begun to include
moving obstacles.

Searching the Slack Set

In oider to derive the profile along the slack axis (Y)
we search in a si'bset of the YV, state space called the
Glack Set. A state (y,t) belongs in the Slack Set 1t tie
following two copditons are sausfied: 1) |y — Yei<
VX Tk — t)—goal position is reachable, and 2) je] <
¥ ma(Frask — 1)—goal velocity is attainable. The clack set
is searched using an A* heuristic search [24]). As men-
tioned previously, any trajectory found-in the slack set will
be a time-optimal tré;ectory. Fug this re ~son we ne=d not
choose to use heuristics that focus on minimizing time.
Dependent upon *he heuristic A(n) being used in the

evaluation of each state, the minimum-time trajectory
may further optimize criteria such as minimum distance,
smoothness of the trajectory, safety, etc. For example:

1) f(n) =|Dx(n)| min. distance
2) f(n) =/ k,Dx?] +[k,Dv?] +[ky( Da?)]

min. dist. in State Space.

We can guarantee that any trajectory found in the Slack
Set will be a minimum-time trajectory because we have
restricted the task time to Tx.

Unsuccessful search of the Slack Set — Modified Slack Set

Obviously, the task time of the time optimal trajectory
in the presence of obstacles-may exceed the task time of
the time optimal trajectory in the absence of obstacles. If
in the presence of obstacles all trajectories of the Slack
Set are blocked, no trajectory will be found during the
search of the Slack Set.

In the case where a time-optimal trajectory is not found
by searching the slack set, the task time is increased and
each actuator is sequentially defined to be the temporary
CA. The task time-may be arbitrarily increased or it may
be increased through constraints imposed on the CA, e.g.,
through a restriction of the maximum allowable accelera-
tior;, or velocity. Ve define the modified slack set as the
Slack Set which is created through an increase of the task
time. Tue task time of any trajectory belonging to a
modified slack set is larger than the task time of any
trajectory of the slack set.

Consecutive modified slack sets are generated and
searched until a valid trajectory is found. Solutions found
using the modified slack set are not guaranteed t¢ be
minimum-time trajectories. The maximum error is bound
though, and is equal to the increase of the original task
time. A sufficient condition for the convergence of the
slack set technique is that there cxists a monotonic solu-
tion. If no solution is found after the first time increment
and the scquential assignment of all Vv — 1 axis, in turn, as
critrcal axis, the time is incremented again and the entire
process is repeated.

IV. ExampLE

This paper presents examples that highlight the perfor-
mance of the slack set technique. The algorithm attempts
to derive a time optimal obstacle avoidance trajectory for
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Fig. 6. Slack set Example 1.

a robot of known dynamic capability. Here it is applied to
an autonomous vehicle with motion: being constrained to
the XY plane, with bounded distance, velocity and accel-
eration. However, the algorithm can be generalized to a
robot with an arbitrary number of degrees of ‘reedom. All
obstacles are rectangular with random size and position in
the workspace. When overlapping, they produce obstacles
of random size and shape.

We are in search of the inputs needed to take the
vehicle from rest at an initial state to rest at a goal state
and do so in minimum time while avoiding all obstacles.
The Slack Set method was implemented on a MAC Il
computer using Turbo Pascal.

A heuristic search is used in searching the slack set.
Nodes expanded, are those nodes that are examined
during the search. Nodes generated are those nodes which
appear as successors of the nodes expanded. The size of
the state space and the number of nodes examined in
order to find a solution are indicative to the performance
of the algorithm. We define the efficiency of the search as
the ratio of the depth of the search (which in our case is
equal to the task time), divided by the number of nodes
expanded:

Depth of Search

100% .
Number of Nodes Expanded | * 00%

(16)

In the first four examples, depicted in Figs. 6 through 9,
we are looking for a time-optimal obstacle avoidance
solution to the task of starting from rest at location
(=75, —40) and ending at rest at (81,6). Variations of the
robots maximum velocity and/or acceleration result in
drastic changes in the trajectory derived by the Slack Set
technique. The ability of the technique to accommodate
secondary constraints is illustrated in Figs. 10 and 11. A

Efficiency =

Fig. 7. Slack set Example 2.
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Fig. 8. Slack set Example 3.

trajectory obtained by searching the modified slack set,
after unsuccessful searches of the Slack Set, is illustrated
in Fig. 12. Trajectories derived through the Slack Set
technique are compared with those derived using a path
derived by the Vgraph technique in Figs. 13 and 14.
Finally, Figs. 15 through L6 illustrate the performance of
the slack set technique.

A. Effects of Robot Dyramics

Slack Set's depenc.fize °n zobot dyr.amics is illustrated
in Figs. 6-9. In the thesc cxamples we are looking for a
time-optimal obstacle avoidance solution to the task of
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Example Vima V. o Almn Almn #Nodes in Task #Exp. Nodes CeEff

1 6 6 3 l 3277908 194 14.1

2 6 6 3 2 6555816 225 12.2

3 6 6 2 K) 6555816 34 9.1

4 6 4 3 3 6555816 164 17.1
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Fig. 9. Slack set Example 4. Fig. 1. Time opumal obstacle avoidance trajectory with secondary
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Fig 10 Time optimal obstacle avoidance trajectory with secondary
constraint on distance.

(

constraint on acceleration.

starting from rest at location (—75, —40) and ending at
rest at (81,6). Variations of the robots maximum velocity
and/or acceleration result in drastic changes in the tra-
jectory derived by the Slack Set technique. Results of
variations in maximum acceleration are depicted in Ex-
amples 1, 2 and 3. while example 4 show results of
variation in maximum velocity.

The obstacle avoidance paths illustrate the paths de-
rived by the slack set technique. Velocity Profiles illus-
trate the profiles of the critical and slack axes. All obsta-
cles are rectangular and are assumed fixed. In every
example shown the critical axis in the X axis and the
Slack Axis is the Y axis. The critical axis velocity profile is
always trapezoidal as desired by the Slack Set technique.
The slack axis velocity profile is drawn with the thicker
line. No secondary constraints are imposed.

Dependence of the Slack Set technique on robot dy-
namics is illustrated in Table I where four variations of
the robots dynamics resulted in four different trajectories.
It is important to notice the difference which exists be-
tween trajectories which are derived with accommodation
of robot dynamics and those which rely purely on the
geometry of a particular task. One can see that although
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Fig. 12. Trajectory found by searching modified slack set. (a) Denwved
trajectory. (b) Unsuccesstul search. (¢) Successful search.

Examples 1 through 4 display the same geometric proper-
ties, each trajectory displays differen: velocity and dis-
tance profiles. On the other hand. all examples would be
seen as the same problem by the I'graph technique which
relies purely on task geometry.

System dynamics affects the size of the state space.
Using the Slack Set technique one sever:ly reduces the
number. of nodes generated and examined. From Table [,
we can see that the Slack Set technique examines less
than 0.006% of the state space. The efficiency of the
search is expressed by the ratio of the number of nodes
expanded divided by the depth of the search. In these
examples since we set the sampling rate to umty, the
depth of the search is equal to the task time.
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NN UELOCITY PROFILES MV
3 T rrrrrrrTTITTT
Vslack \ 34 t

v:o

9

39

— Vxmax= 6 ™ Vymax=

B

Fig. 13. Companson between a slack set derived minimum time « . c-
tory and a Vgraph dernived ninimum distance trajectory.
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B. Multobjective Optimal Navigation via Slack Se:

In the following paragraphs we illustrate the capability
of the slack s2t techaique to derive time optimal trajecto-
ries which opuimize secondary constraints. This is possible
becai,se the Slack Set usually contains more than one
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time optimal trajectory. As a result the slack set may be
searched using heuristic functions that optimize con-
straints other than time constraints e.g., maximum safety
by maximizing the minimum distance from the closest
obstacle, smoothness via minimization of jerk, accelera-
tion, velocity, etc.

Figs. 10 and-11 depict minimum-time trajectories of the
same -task with secondary constraints of minimum-dis-
tance and minimum-acceleration respectively. One can

-see -how each trajectory differs significaintly from the

other. The trajectory of Fig. 10 has a secondary constraint
on distance. As a result the path derived in Fig. 10 is
shorter than the path derived in Fig. 11. By maintaining a

-constant velocity as long as possible the acceleration is
-equal-to zero as long as possible (Fig. i1).

C. -Unsuccessful Slack Set Searches — Madified Slack Set
Trajectories

Not every search of the siack sec is successful. When
such a situation presents itself, the siack set algorithm
searches the modified slack sat, which is gencrated by
increasing the task time along the critical axis of motion

-by a- fixed amount. Thss fived increase of the task time

along the critical axis provides us with an upper bound on

-the timc difference between the derived task time ar i the

actual -minimum task time. Sequenual sw.tching of the

-critical axis amo.g the axis of the rmbot guarantecs the

derivation of a ‘easible monotonic path, if .uch a path
Sxists.

A-task is depicted in Fig. IZ. Initiakly Ax,,,, = 3. Exami-
nation of all states in the Slack Set does not produce a
time optimal obstacle avoidance trajectory. The maximum
acceleration along the Critical Axis i5s decremented
{Ax, = 2), thus producing a longer task time, and the
Modified Slack Set Is examined. Once again the slack sct
is searched without producing a trajectory (Fig. 12()).
For reasons of simplicity, sequentiai switching of the
critical-axis will no: be illustrated in this exampie.

Once again the maxir~um acceleration aleng the ¢nitical
axis is reduced and the Modified Siack Set is searched. A
wrajectery is found (Fig. 12(c)) and we can guarantee that
the-maximum ervor is smaller than the difference between
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Fig. 16. Processing time comparigon,f\;r slack set.and Vgraph trajecto-
ries.

the initial task time and the derived task-time.. As a result

we can guarantee that the trajectory-found-in-Fig. 12 has
a maximum error of 12%. If a solution has :not been
found for a maximum acceleration-.of the critical axis
equal to the minimum-acceleration:of-the. axis, we would
restore the maximum acceleration to its-initial value and
decrement the maximum velocity of_the-critical-axis.

D. Performance Comparison of the-Slack.-Set-and Vgraph
Techniques

Fig. 13 depicts the results.of a comparison-between the
trajectory found using the Slack Set algorithm and the
Vgraph algorithm. Ir order to derive the-minimum time
trajectory which would-follow the minimum-distance path
we did the following. First, we determined-the=minimum
distance path using the Vgraph téchnique. Next, we de-
fine a XYVxVy state spacc with position-on or-close to-the
minimum distance path and valid velocity. The-minimum
time trajectories corresponding to the Vgraph:pathy were
determined using A*.

Fig. 13, emphasizes the distinction. between the mini-
mum-time trajectory and the minimum-distance trajec-
tory, showing the minimum-time trajectory -to have d
smaller task time than the minimum-distance trajectory.
The task times are shown to be 34.and 39 s-for-the slack
set and the Vgraph techniques- correspondingly.-One can
also see how the paths derived using -the slack sct are
smooth curves compared to the paths obtained using
Vgraph that are straight line segments with sharp turns,
requiring complex velocity profiles. The velocity protiles
required by Vgraph can be simplified by smoothing the
derived path, but this would require additional computu-
tion. The velocity profiles show that slack set produces
smoother results, alve,s having one aais (the X axis n
these examples) foilowing a bang-bang profile.:It 15 inter-
esling to note here that it seems that Fgraph also tries o
follow a ban,:-bang proflie at lzast alone one-axis.

Fig. 14 depicts another example were the trajectury
derived using the slack set techniyue has a smaller tusk
time than the trajectory derived using the Vgraph tech-
nique. This example alsc -illustrates slack set’s ability to
utilize system dynamics to its fullest. For example the
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slack set trajectory reaches and maintains the maximum
velocity along the slack axis during the initial stage of the
trajectory. This allows the velocity profile along the slack
axis to terminate 21 units of time into the task, On the
contrary, the Vgraph trajectory is in motion along both
trajectory until the completion of the task. The X axis of
the graph denotes the percentage of the critical area that
is covered by obstacles. The various shades of each col-
umn denotes size of the determined task time with re-
spect to the ume optimal tash time (T*) in the absence of
obstacles. As the area occluded by obstacles increases
from 5% to 35% we see the percentage of irajectoties
derived with time optimal task time decreases. One very
interesting result of this experiment was that the slack set
technique never failed to tind a feasible monotonic trajec-
tory.

Fig. 16 was obtained by comparing the processing times
needed in deriving a trajectory for a given task using the
slack set technique and the Vgraph technigue. Both tech-
niques seem to require more computations as the number
of obstacles is increased, though the scarch space of the
slack set is inversely proportionai o the ~ize of the
occluded area and the size of the ! yraph technique is
proportional to the number of obstacles ins the workspace.,

Though implementations of each technique may not be
optimal, it seems that the computativnal complexity of
the Vgraph technique increases faster than the slack set
techniyue.

ViI. ConcLusios

The slack set technique was introduced in this paper.
This technique exploits the natural redundandy of 4 robot
system, the fact that a time optimal tryjectory tor a given
task is not in general unique, optimal control theory
(Pontryagin’s maximum principle) and hnearization and
decoupling techniques (FLDT), to reduce the wize of the
search space.

The slack set technique is able to Jurive o ime-optimal
obstacle avoidance trajectory for & robot when such a
monotonic trajectory exists in the shiuk ot Otherwise 2
feasible trajectory will be found it <uch a4 monotonie
trajectory exists.

Time optimal trajectories derived . v wiser salinty et
ondary constraints by searching the N Wk St usng
heuristic functions that optimize criter.on vther than tme,
e.g. maximum safety by maximizing the nurunum distapee
from the closest obstacle, smoothness v 4 munimization of
jerk, acceleration and velocity, etc.

Trajectories derived using the slack ot fochmiyue ae-
commodate robot dynamics and as a resuit Jisplay smooth
velocity and distance profiles. On the other hand. tech.
niques that rely purely on the geometry of the tsk
generate paths which in most casen have sharp tuens
(unless a smoothing algorithm is employed) and selocty
profiles which are hard to follow.

For the slack set technique, the number of legal states
in the state space decreases as the number of obstacles in

the workspace increases. Thus, the size of the search
space 1s inversely proportional to the number of obstacles.
In Vgraph, the size of the state space is proportional to
the number of obstacles in the workspace. Task times
derived using the slack set technique also seem to have a
linear relationship with respect to the density of the
occluded area of the workspace. The percentage of trajec-
tories derived with time optimal task times decreases as
the area occluded by obstacles is increased.

Though implementations of each technique may not be
optimal, it seems that the computational complexity of
the Vgraph technique seems to increase faster than the
slack set technique.

it was shown in the examples of Section [V, that
trajectories comprised of the minimum distance path and
velocity profiles required for the minimum-time traversal
of the minimum distance path are not guaranteed to be
time optimal trajectories. It is important to notice the
difference which exists between trajectories which are
derived with accommodation of robot dynamics and those
which rely purely on the geometry of a particular task.
One can see that although Examples 1 through 4 display
the same geometric properties, each trajectory displays
different velocity and distance profiles. On the other hand
all four examples would be seen as the same problem by
the Vgraph technique which relies purely on task geone-
try.

Not every search of the slack set is successful. Wlen
such a situation presents itself the sluck set algorithm
searches the modifie s slack set, which is generated by
increasing the task time along the critical axis of motion
by a fixed amount. This fixed increase of the task time
provides us with an upper bound on the time difference
between the derived task time and the actual minimum
task time.

All trajectories derived via the slack set itechnique are
monotonic. Degradation of the task time performance of
the derived trajectory will occur when the critical axis
velocity profile is forced to have a very small value.

Obstac.cs moving dlong ¢ known trajector. can easily
be included by the slack set method. This may be accom-
plished using swept volumes ur through the inclusion of
nme in the transformation of the N-DOF problem to the
t\-1) DOF problem. Accommodation ot moving obstacles
has begun and will be presented in future work.

The slack set technigue was implemented using Turbo
Pascal on 4 Mac Il. time performance of the technique
seldomly exceeded a few minutes. which ircludes some
quite intense graphics. The size of the state space was in
the range of 107 states. the tree structure being searched
was in the range of (0" nodes.
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Abstract

In this article, we explore the relationship of learning and adaptation in robot control.
Learning, in this context, is the process of identifying the robot dynamics and its interaction with
the environment for the purpose of improved tracking over an infinite horizon. Whereas,
adaptation is the process of adjusting the controller to comply with the stabilization (regulation and
tracking) needs of the closed loop system for the present finite horizon problem. We thus
demonstrate that learning conflicts with adaptation in its tendency to increase the present tracking
error, due to the minimization of different criteria (Dual control principle).

Exploratory Schedules (ES) are reference trajectories which are specifically designed to provide
efficient closed loop learning. We show how the design of ES is an essential aspect of learning
which has been neglected. We relate ES design to the issue of input richness (or persistent
excitation). Our ES represents a weaker criteria than persistent excitation

The robot model parameters are viewed as state variables. They are used to form the
augmented state space in which asymptotic stability of the origin implies both asymptotic learning
and adaptation A theorem regarding constructive sufficient conditions for asymptotically stable

closed loop learning is proved, and examples of learning in 1 and 2 degree of freedom (DOF)
manipulators are given.




Adaptive control of robot manipulators has been the subject of much research in recent years ( .
see [Hsia]). Adaptation, in: control, is the process of adjusting the controller to comply with the
regulation and tracking requirements of the closed loop system. Direct adaptive controllers, e.g.
(Li-Slotine 88], use tracking errors of the joint motion to direct the robot model parameter
adjustment. The direct adaptive controllers are based on the full dynamic model of the robot.
Learning, in this context is the identification of the true values of the manipulator parameters in
closed loop operation.

In operation, the controller is given a trajectory by a path planner in order to accomplish some
useful task. The controller then adapts the parameters, on line, so as to satisfy the tracking
requirements. If the parameters are not known exactly, there will be a transient period of tracking
error while adaptation occurs. So that identification of the true parameters is desirable for
increased tracking precision.

Present robot adaptive controllers (see for example [Slotine-Li 87 ], [Craig], [Ortega-Spong])
use robot parameter update laws which rely on the assumption that the parameters are constants.
Also, to guarantee learning, a trajectory which is “rich" enough to expose all the dynamics of the
manipulator is required for convergence of the parameter estimates to their true values. Richness
of input refers to trajectories such that the internal signals of the parameter adjustment mechanism
is persistently exciting (see (Narendra-Annaswamy]). If the trajectory is not persistently exciting,
stability is assured but not learning. Thus future tasks are performed with the same transient
tracking errors.

We propose (see figure 1.1) that whenever it is possible to modify the input e.g. prior to putting
the manipulator to work doing useful tasks or periodically when parameters change and the path
planner is not demanding a new path, that there will be a learning period where the controller learns
the true values of the parameters by tracking artificially designed Exploratory Schedules (ES). ES
are trajectories specifically designed for asymptotic learning of the system dynamics. Any
trajectory that is persistently exciting could be used as an exploratory schedule, However, the
synthesis of persistently exciting trajectories is generally not straightforward. In this article, we
show how to construct Exploratory Schedules which guarantee closed loop learning. Our ES are
not necessarily persistently excitng.

The rest of the article is formatted as follows. Section 2 presents the general structure and
properties of a rigid robot. Section 3 defines the adaptive control structure used, and presents
sufficient conditions for global asymptotic learning of parameters which is not explicitly based on
persistent excitation. Section 4 describes simulation results of learning with | and 2 degree of
freedom (DOF) manipulators. Section 5 concludes the article.
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figure 1.1: Block diagram of the proposed system.
2. Rigid Robot D :

2.1 Lagrange-Euler Representation of Rigid Robot Dynamics

A rigid robot is defined as an open kinematic chain of rigid links,
or revolute joints,

which are joined by prismatic

The Lagrange-Euler formulation of robot dynamics results in a closed form solution (the
Lagrange-Euler formulation is well known in robotics literature, for a detailed derivation of the
closed form solution see references (Fu et al.], [Paul 81],
requires an understanding of the spatial relationship between the links of the robot. This
relationship is commonly represented by 4 x 4 homogeneous transformation matrices (see

reference [Paul 81)), which relate the position and orientation of the ith link coordinate system to
the (i-1)th coordinate system.

The closed form solution obtained by the La

grange-Euler formulation has the general matrix
form of

D@4 + C(q.9)q + G(q) =1 (2.1)

where

D(@ isan n x n matrix of terms related to inertial forces acting on the robot,
C(q,9) is an n x n matrix of terms related to coriollis and centrifugal forces

G(q) isannx 1 vector related to gravitational forces,

q is an n x 1 vector of generalized joint coordinates,

[Asada-Slotine]). The formulation
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T is an n x 1 vector of generalized forces/torques,
n is the number of degrees of freedom.

The formulation results in n second-order, coupled differential equations. If permanent-
magnet-actuator dyrdamics are included in the formulation, another n first order differential
equations are needed to describe the robot. Typically, a robot has 6 DOF, which results in an 18th
order system which is coupled, time-varying, and highly nonlinear. Furthermore, the dynamics

are dependent on the mass distribution of the robot, the exact values of which are rarely known at
the time of controller desigr, and may change during use.

2.2P ies of Robot D :

It has been pointed out by a number of authors (see for example [Ortega-Spong]), that there are
properties of the dynamics (2.1) that can be exploited for robot control. Three of the properties are
repeated here, as they will be used in other sections.

Property 1:  D(q) is symmetric and positive definite V q = D-1(q) exists V¥ q.
Property 2:  IXq) - 2C(q.q) is skew symmetric = 4T(IXq) - 2C(q,) )4 =0 V q.
Property 3:  t=D(q)§ + C(q.9)4 + G(q) = Y(q.4,4,§)D

where Y(q,4,4,q) is an n x r matrix of known functions and @ is an r x 1 vector of constant

parameters. Property 3 implies that the robot dynamics may be viewed as a linear operator from
the parameters to the joint torques.

Vi i v S

3,1, Controller Structure

In (Slotine-Li], an adaptive controller which guarantees global asymptotic tracking was
formulated. The controller is based on knowledge of the robot dynamics structure and the use of
sliding surface control. A major advantage of this controller is that there is no need to measure the
joint acceleration. The convergence of the parameter estimates to their true values, however is not
guaranteed. In this work, the same control structure is uscd. However, we synthesize, whenever
possible, the reference input to guarantee both tracking and learning.

For the system of equation (2.1). define the virtual reference trajectory

‘L
g =qq-AJoedt (.1
qr": qd ) 'l\c
&il'-_;‘id. \ ©

where q is an n x1 vector of devired joint coordinates. e =q - qq, and A is a positive definite
matrix with constant coefficients. Define the sliding surface




s=ér=c'1-dr= é+Ae

(3.2)
§=§r=&-ﬁr= e+ Ae .
Let the control inpu_t_ tze
t= D@, + Cq.0)4, + 5(0) - Kgs = (04,4493 - Kgs (3.3)
where () is the estimate of (.), and Ky is an n x n positive definite matrix.
The parameter adaptation law is
3=0=-K! YT(q4.4pdps (3.4)

~ o~

where the estimation error is defined as (.) =(.) - (.), and K, is an r x r positive definite matrix
with constant elements.

3.2. Sufficient Conditions to Guarantee Learning of Rigid Robot Dynamics

ta ac
Define the augmented staie space
< X 1
X = 'é = [XZ]
ol %3 (3.9)
Then the augmented system is
Xy X2
f( = '(2 = é
X
3
6 (3.6)
Where 6 is as defined as in eq (3.4). To find &, combine equations (2.3) and (3.3),
D@) + C(a.)q + G(q) = D(@)d, + C(q.9)4, + G(a) - Kgs - (3.7

Rewrite (3.7) in terms of
€=q-qy= q=¢€+qq,
€=q-Qu= q=¢+4qq,
g=-lg= =g +ds.
S= &+ Ae,
élr=c.Id"’\e’

q; = &id -A¢ ’
D( e+qq )(&+dg )+C(e+qq ,é+qq ) e+qq)+G(e+qy) =

5
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=D(erqy X qrAé )+C( e+qq,é +qq X dd-Ae'*)+G( e+qq) - Ky(é - Ae).

Then
D( e+qq )é = X c:a; Yig+C( e+qq & +4q)44+C(e+qq) - ﬁ(:;e+qdf)’A'é - C(e+qq.6 +4q)Ae
- Cle+qq ,é+4q)6- Ky( &+ Ae ). (3.8)

Note that Y(q,c'l,dd,'q'd)a ﬁq)ﬁd + ’é(q,cl)dd +G(q),
B e+ )g+C( e+aq 6 + 49045+ e+aq),

Y( e"l“Qd )é +Qd )dd )ad)a »

Y(@4.4,808 = Bla), + Cla.9)4, + 8(g),
DX e+qq )( GAe J+T( e+qq,6 +dg)(g-Ae 4T ( e+qq),
Y( ¢+Cld )é + c.ld 9dd,'Ac )ad'Aé)a *

and
D(@>0Vq = D(e+qy>0 V e+qq.

Then (3.8) can be written as

D(e+qq)E = Y(e+qq & + dy .y 9D - D e+qq)Aé - Cletqye+q)Ae
- Cletyy.é+qq)e - Kg( & + Ae ), (3.9)

and & is
& =D(e+qq)![Y(e+qy ¢ + 4y .dq 49D - D(e+qq)Aé - Cle+qq,é +d4)Ae

- Clewqq.é+qq)e - Ky( &+ Ae)). (3.10)
Then the augmented system is




X = D(x _,_qd) X Y(x1+quz+qdqdq3x3 -D(x 1+q3Ax2-C(x 1+qd'x”+qd)Axl :
| : - Clx 1+qd»X2+q3x2 'Kd(XZQ'AXI)

- K;‘ Yix 1+ gXa+d4d4-AXp §4-Axp) (X54AX )

o

(3.11)
Equation (3.11) describes the closed loop dynamics of the augmented system. We emphasize that

asymptotic stability of its origin implies both asymptotic tracking and asymptotic learning.

Ifr<n,and if

| Y(q,048,4) |
Rank { lim t-> e =r

then the origin of system(3.11) is globally asymptotically stable
Proof

Wnte system dynamics-¢ eq. (2.3)) in terms of- q = s + 4, § = § +-; and substitute for Tusing eq
(3:Dto(3.4)

D(Q)( § +dp) + C@(s + 4 ) + G(q) = D@)g, +Cla.9)g, +C(@ - Kys,
D% = D@, - D, = Cq.9)4, - C@:d)ge+ G(q) - G@) --Cla.ds - Kgs,
D(@)s = D(q)dr + Ca.¢) = G(q) - Clads - Kys .

(3.12)
Define the Lyapunov candid.’ 2 :.:nesion
= 1/2 sTD(q)s + 1/2:07K,0 . (3.13)
whjé,h;is positive definite. The . jenvatve of Vis
V=1/25TD(q)s + 1/25TDu s + 172 5TDes - 1, 2 OTK,D + 1/28TK,D . (3.14)




The terms in (3.14) are scalars and therefore symmetric, then V can be written as

V= sTD(q)$ + 172 sTIXq)s + W'Ka@ . | (3.15)

Substituting for D_é_ _fgom (3.12)
V= sT( D@ + &a.d)d + 8(@) - C@d)s- Kas 1 + 1/2sTXQ)s + BTKD .
Combining and rearranging terms and using the property sT(D(q)-- 2C(q,9)]s =0,

V= ST Bl + Clq.d) dr + B(q) } - sTKa s + 1/2 sT(iXq) - 2C(q.d)) s + BTKD .
V= - sTKgs + sT[ B(qdr + C(q.4) & + G(@1 + TTKD . (3.16)

Which can be written as

V= - sTKys + BTYT(q,4,4,.8)s + BTK D .

(3.17)
Substituting for @ from (3.4)

V= - sTKgs + BTYT(q.4,0,.8)s - BTK, Kot YT(q4, 4 8))ss.

V= - sTKgs 0. (3.18)

VeOVs#0=s->0,

When s = C, X; =-Ax|; = x| and x_ approach the origin exponentially-on the:sliding surface s.
This in turn from eq. (3.11) implies that X3 ->0.
Then :

O -
X 2] D)MW, odad)x -9
mt->o0 — qd) 1({ qd’qd‘qd "3 = O
0
i (3.19)

which when the condition
Rank { V(4848447
lim

=T

J

t-> oo

holds implies that x3 -> 0.
QED




An implication of the theorem is that if r > n, a sufficient condition for k <n parameters to be
identified is that th€y are are not in the null space of
Y( qaddoddr&i}
im t-> oo
Which implies that a desired trajectory may be chosen such that columns corresponding to the k <n
parameters are linearly independent, which will guarantee that the parameters are identified. So

that different time sections of the Exploratory Schedule (which specifies 4,44,y ) may be
designed to learn differsnt components of the vector x4 it its dimension exceeds n.




4.1 Examples
4.1,1 Manipulator witht1 DOF

The first simulation was done for a single link manipulator as shown in figure 4.1

figure 4.1: Simulated 1 DOF manipulator.

The dynamics of the manipulator are

t=md2§+mgdsin(g), (4.1
where,d =1, g=10,and m=2. The matrix of known functions is

Y(q,4)=[d>§ + g dsin(q)), (3.2):
with m as the single parameter to be estimated. The control law as specified by eq(3.3)s

t=[d2 G, +gd sin(@))f - ky( g - 4y), (4.3

‘where G, =qq - (9 - qg), kd = 1, and the parameter adaptation law as defined by (3.4)-was-used:to
estimate m, where the estimate is denoted as i .
In experiment 1a,

\'( "
Qd=o-0, Qd=0.0=$Rank( qdqd) ) =0

Limt->
*

which is less than r = n = 1. Notice in figure 4.2, that even though the tracking -error does

‘converge to zero, the estimate o 1 does not converge to its true value of 2.0 .
In experiment 1b,

Yiq {id)
Qa= = Rc ' d = 1
44=0.0,q4=1.0= "m\(Lim t-> 00 )

‘which equals n. In the second experiment, shown in fi

gure 4.3, the estimate of m does converge
to its true value. Thus closed loop learning is obtained.
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figure 4.4: Simulated 2 DOF manipulator.
Thc dynamics of the 2 DOF manipulator are

rl Duql +D1f) q2+2quq2 +Cq22+Gl (4.4)
7, =Dy d; +Dp G- C ;% +G,

where
Dyy =myl 2+ myd 2 + my 152 + 2my 1y 1, cos(y),
D=, 1,2 + my 1 15 cos(qy),
Dy =myly?,
C=my1, l,sin(qy)
G, =g(m, +my)l, sin(q)) + g m, 1, sin(q; +qy)
Gy =g my Iy sin(q; +q3),

withm; =m, = 10.0;1; =1, =10, g=9.81.

The parameters are-defined as

B, ={m+my) 1% =20.0 D, =g(my +m,)l; =196.2
Q2,=:m231—22 =10.0 (/)5 =gm, 1, =98.1

Which leads to.the reparametenz ition

ql qlﬂlw LOS(q2)(7ql+q2) sm(q2)(7qlq2+q2) sin(q) sin(q,+q,)

Y(q,4,4,8) =
L 0§+, cos(qz)ql+sm(q2)ql 0 sin(q qu)

(4.6)

12




The control law as specified by eq (3.3) is

1=Y(q, ¢ 4nd)3 - Ky s, (4.7)

where s = diag( ép+ey, é3+¢2), K4 = diag(1000, 500), and the parameter adaptation law as defined
by (3.4) was used to update the parameter-estimates @, with K,*! = diag( 1000, 1000) . The
dimension of Y(q, 4, g,.d;) in'the 2 DOF case is 2 x 5 so that r >n, and at most 2 parameters can

be guaranteed to be learned simultaneously. The initial conditions for both experiments (2a and
2b) are at

q1(0) = q2(0) = 4;(0) = G(0) = 0,
and the desired velocities for both-experiments is
Gq1(0) = G442(0) = 0.

In experiment 2a,

[ Y@,dy
0. =0 Rank|] — dd 3 =
Qa1 =03, qq2 =-0.5 = Ra (Lim:t->i°°

which is less than min(r, n) = 2. Notice:in figure 4.4, that even though the tracking error (which is
not shown) does converge to zero, the-estimates of @4-and @5 do not converge to the true values .

In experiment 2b,
4 Y(a..q:) \
Qa1 =0.5,q42=05= Rank( , @9 _ P

Limt->oc0f

1

which equals n. The linearly independent-columns for experiment 2b correspond to parameters
@4 and Ps. As shown in figure 4.5, the.estimates of @4 and @5 do converge to the true values .
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4.2, Exploratory scneauwie 10f the 2 UUF manpulator
Selection of the ¢xploratory schedule for the 2 DOF manipulator was accomplished by noting
that columns 4 and 5 of (4.7) are functions only of position, therefore selecting .

41=4az=41=442=0.0, and qq1, qqo such that columns 4 and 5 are nonzero as ey, €3, €1, &--> 0
will ensure that parameters @, and @s are identified. Next, selecting q1=G42=0.0, and q47, 942,

441, Gag such that column 3 is nonzero in the limit ensures identification of parameter @3. Then
selecting dq1, Gqp such that columns 1 and 2 are nonzero ensures the identification of parameters
@4 and @5 . The actual exploratory schedule is as shown in figures 4.6 to 4.8 . Theoretically, a
parameter is guaranteed to be identified when e;=e;=¢,=é,= 0.0. However, in practice, due to
noise and disturbances, exact tracking may not occur and small tracking errors may lead to small
errors in the parameter identification. In this simulation, a parameter is said to be-identified when
Maximum(leyl, lepl 1é; 1, 1851) < eyo), Where e = 0.01, and a further stipulation that attempted
identification of each parameter is to last at least 3 seconds. The time period corresponding to
identification of @4 and B is 0 <t <4.2. As can be seen in figures 4.9 and 4.11, the parameter
estimation error for @4 and @5 approaches zero as all joint errors fall below 0.01 at t=4:2. The
time period corresponding to identification of @y is 4.2 St < 7.3. The parameter estimation error

for @3 approaches zero as all joint errors approach zero at t=7.3 . Parameters @4 and @5 are
identified during the time period 7.3 <t <10.3 .
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4.3. Comparison of controller performance before and after learning
A set of experiments was 7 *rformed to compare the performance of the adaptive controiler in

tracking a test trajectory for two experiments: 3a)-without prior learning of the parameters through
tracking of the exptoratory schedule, and 3b) with prior tracking of the exploratory schedule. The
test trajectory is shown in figures 4.13 to 4.15. In-experiment 3a, tracking of the test trajectory
was attempted by the controller. Two attempts were made by the controller to traci this trajectory.
In experiment 3b, the controller first followed the exploratory schedule as detailed in section 4.2,
then the same test trajectory as used in experiment 3a was-attempted. Figures 4.16 to 4.18 show
the sampled Cartesian path of the end effector (i.e. the tip of link 2) as the controller attempts the
trajectory. Although there is improvement in performance in the two attempts without learning via
the exploratory schedule (figures 4.16 and 4.17), figure 4.18 shows that the tracking error is

greatly reduced after the controller first learns the parameters by tracking the exploratory schedule.

The increase in performance is more apparent when-viewed in the joint space, as shown by the
graphs of joint position and velocity errors in figures 4.19t0 4.22 .
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2Lonclusion

In:this article, we explored the relationship of learning and adaptation in robot control. We
have shown how the design of ES is an essential aspect of learning. We have related ES design to-
the issue of persistént excitation. The Exploratory Schedule represents a weaker criteria than
persistent excitation

The robot model parameters were viewed as state variables. They were used to form the
augmented state space in which the asymptotic stability of the origin implies both asymptotic
learning and asymptotic tracking. A theorem regarding constructive sufficient conditions for
asymptotically stable closed loop leaming was proved, and examples of learning in 1 and 2 degree
of freedom (DOF) manipulators were given.

The simulation results of the ES for a 2 DOF manipulator (section 4.2), showed how in
practice, due to noise and disturbances, exact tracking may not occur and small tracking errors may
lead to small errors in the parameter identification. The comparison of controller performance
before and after leaming (section 4.3) demonstrated how the tracking error can be greatly reduced
after the controller learns the parameters via an Exploratory Schedule.

We have demonstrated a method for the selection of exploratory schedules for rigid robot
manipulators employing inverse dynamics controllers with direct parameter adaptation. A natural
extension to this work is to generalize the concept to a broader class of systems. Immediate
extensions may be to other adaptive control laws e.g. that of [Sadegh-Horowitz].

We have specified the exploratory schedule as a desired trajectory that is to be followed to do
learning while the manipulator is not doing other useful tasks. However, a more appealing idea
would-be to integrate the exploratory schedule into any trajectory that is specified by the path
planner. The exploratory schedule would take the form of an exploratory (or probing) signal into
the desired trajectory to cause asymptotic learning. The injection of exploratory schedules in this
manner would be similar to the concept of dual control-(see Ref. [Stengel]) in that the probing
signal ES is combined with the so-called cautious signal.
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Improving the Solution of the
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Inverse Kinematic Problem in
Robotics Using Neural Networks

Allon Guez and Ziauddin Ahmad

A method for solving the inverse kinematic problem
(IKP) for robotic manipulators is presented in this
article. The IKP finds the joint angle values of the
robot that will place the robet’s end-effector in

a desired position and orientation. There is more
thar one solution to this problem. The problem-
solving method presented is a hybrid approach in
which a neural network is trained to provide an
approximate solution. The approximate solution is
then used as an initial guess to an iterative proce-
dure that provides a final solution within some
specified tolerance in the robot’s work space. The
proposed hybrid method achieves about a twofold
increase in computational efficiency for an indus-
trial manipulator with more consistency in the
time required to obtain the solution to the robotic
manipulator. This article was accepted for publi-
cation August 1989.

robot consists of a serial chain

of rigid links connected to each

other by actuated joints. In robot

kinematics, the motion of the

robot links is studied in terms
of the robot's mechanical geometry and struc-
ture. The forward kinematic problem is that
of finding the end-effector, or gnpper, position-
and-orientation m-dimensicnal vector in a
Cartesian space, X, as a function of the
n-dimensional joint vector, g. This can be
expressed as

X = f(q) (1)
where f is a nonlinear, continuous, and differ-
ential function determined by the robot’s
geometry.

The inverse kinematic problem 1s defined as.

given the vector X, find the vector q. That is
to say, solve equation 1 for g,

q = f7'(X). (2)

The IKP usually does not have a unique solu-
tion. (The IKP is also referred to as the arm
solution.) The significance of the inverse kine-
matic problem is depicted in Exhibit 1. This
exhibit shows the command level that gener-
ates a task K, which is passed to the path
planner. The path planner gencrates a feasible
path in the work space (i.e., the Cartesian
space) to accomplish the task. In order to fol-
low this path, the joints m*st be actuated, so
the joint values that will make the end-effector
follow the Cartesian path are needed. The
inverse kinematics block in the diagram makes
the desired transformation and provides the
controller with the joint values for q to be
followed. The controller then generates the
control signal, C, that drives the joints to follow
the desired path. Additional information con-
cerning the current state of the robot comes
from the sensors.

A robot's task is usually specified in a Cartesian
space, so the inverse kinematics solutions are
the ones most frequently used. The solutions
can be split into two categories: closed form
and iterative. Closed-form solutions include
matrix algebraic or geometric methods.! In
general, closed-form solutions are impossible
because f(q) in equation 1 is highly nonlinear.
However, because of the importance of a fast
solution to the IKP, robots are frequently
designed to have simplified inverse kinematics
(e.g., the last three joint axes intersect in a
point). Thus, many existing industrial manip-
ulators possess closed-form solutions to the
IKP, Of course, whenevar closed-form solu-

Allon Guez and Ziauddin Ahmad are both profes-
sors of electrical engineering and computer science
at Drexel University, Philadelphia PA.
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I Exhibit 1. Block Diagram of Inverse Kinematic Control
K X q c
Commang . Path _ inverse _
' Levetsy [~  Planner inematics []  Controlier
l tions are available, they can be rapidly and In many cases, there are an infinite number of
precisely implemented; however, such solu- configurations for q that place the end-effector
tions are customized to the robot and require  in the prespecified position and orientation
accurate knowledge of all geometric parame-  (i.e., the IKP has an infinite number of solu-
. ters, such as link lengths and joint axes tions). In these cases, additional constraints
geometry. on the allowed configurations or performance
Iterative solutions are used for mampulaters ~ functions are introduced to reduce the number
l that do not have a closed-form solution, which of legitimate joint configurations or to single
include nonredundant and redundant manip- out a unique, preferable configuration.® In that
ulators. These methods start with an initial way, the IKP is modified to have a finite num-
guess for the solution and use Newton- ber of sol.utlons. Motnoq heuristics are thfan
Raphson or gradient-descent algorithms to used during path planning to select a unique
find the correction vector to be added to make Cconfiguration.
I the error small.? These methods are simple to  Conventional methods for solving the IKP
_ implement and are indenendent of the type have the disadvantage of being culplex and
of manipulator. However, they require knowl- restricted to only a class of nonredundant
edge of forward kinernatics, they are compu-  robots or being slow in converging to a solu-
tationally intensive, they may have slow con-  tion. These problems are addressed in this
- vergence, and their performance depends on article and a combination of a neural network
the quality of the initial guess. with a conventional method is suggested as
-
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Inverse Kinematic Problem

a workable alternative to conventional meth-
ods alone.

The hybrid method

This approach to the solution of IKP of robots
is an iterative procedure for which the initial
guess is given by trained neural networks.
Exhibit 2 shows the schematics of the proposed
method. Exhibit 2a shows an array of neural
networks. Each of the networks, when pro-
vided with the desired position and orienta-
tion, X, gives the type of solution (in terms of
configuration) that nearly matches its training
data. The selector block, shown in the exhibit,
chooses one of the solutions and passes it to
the iterative procedure as the initial guess, q,.
The iterative procedure picks up the initial
guess and iterates until an acceptable solution
is obtained.

Implementing the proposed method starts with
the robotic manipulator for which the IKP is
to be solved and an untrained neural network
of suitable size. Data pairs of the end-effector
position and orientation and the corresponding
joint values are generated. This data is used
for training the neural network, with the posi-
tion and orientation vectors as the input and
the corresponding joint values as the desired
output. After the training is completed, the
trained neural network is coupled with the
iterative method, as shown in Exhibit 2b, for
system operation. During system operation,
the desired position and orientation of the
end-effector are provided to the neural net-
work. The neural network gives the approxi-
mate solution based on the learned connection
weights. This approximate solution is taken
as the initial guess by the iterative method to
yield the final solution.

Exhibit 2. Diagram of the Proposed Method

Itsrative

Wi
~O0~00—0W

Procedure
99

Inverse Kinematics Block

--------------------------------------------------------------

a. The selector biock chooses an Initial guess from solutions provided by the
multilayered teed-forward neural network array

Multilayered

Iterative

Feed-Forward
X Network

9

Procedure

[

b. Trained network is coupled with the iterative procedure
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The multilayered feed-forward network used
consists of the supervised back-propagation
algorithm used to train the output nodes that
correspond to the jeint values, given by

9=1{q 9. a7 (3)
related to the desired position and orientation
of the end-effector, Xy, which is provided to
the input-layer nodes. The position specifica-
tion consists of the displacement of the origin
of the coordinate system (x, y, z) attached to
the end-effector with respect to the base frame.
The orientation specification consists of the
Eulerian angles (i.e., ¢.6,4).

Xg=[¢0yxyzlT (4)
where ¢ is the rotation around the OZ axis,

6 is the rotation around the OU axis, and ¢ is
the rotation around the OW axis in the given
sequence and in the end-effector’s frame of
reference. The data pair can be generated using
only the forward kinematics of the robot, as
discussed in the following paragraph.

A problem with this arbitrary set of data points
is that there is more than one solution to the
inverse kinematic problem. By nature, feed-
forward neural networks can learn only a
single transformation, which requires the se-
lection of one type of solution as the training
data set. Each type of solution is bounded by
singular regions (defined in the inset), which
correspond to the rank deficiency of the Jaco-
bian (also defined in the inset) of the manipu-
lator.® Thus the data set corresponding to one
type of solution can be generated by starting
with any configuration and joint values, storing
the relevant data while incrementing in joint
space, and at each step ensuring that the Jaco-
bian is not near rank deficiency. The rank
deficiency of the Jacobian can be easily verified
by taking the determinant of the Jacobian (/),
or that of (J/T) in case of an under- or over-
determined manipulator and comparing the
result with zero. However, it is desirable to
obtain data that is sufficiently rich in the
configuration space. Two methods that may
be used to achieve this are:
» Following the isocline of a function of the
joint variahleg
¢ Taking all the combinations by varying one
joint at a time.®

Another problem encountered is in the range
of the joint angles. For a particular type of
solution, the entire joint range for each joint
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may not be covered; thus only disjoint portions
of the maximum joint range can be used. This
problem of disjoint regions can be handled

in two ways:

o Modifying the network architecture.

¢ Making the regions continuous.”

Case studies

The back-propagation (BP) algorithm simulat-
ing a three-layer perceptron was employed

to tackle the problems described in the fol-
lowing case studies. Continuous input and
output were assumed. The nodes assumed
symmetric sigmoidal nonlinearity.® The learn-
ing rate and the momentum term assumed
the values of 0.1 and 0.4, respectively. Also,
the desired outputs were normalized between
-0.9 and +0.9. Training was terminated when
the error rates were not improving.

Example 1: A three-degrees-of-freedom
planar manipulator

A three-degrees-of-freedom (DOF) planar
manipulator is shown in Exhibit 3. Before
describing the simulations and results,
redundance as specific to a 3-DOF planar
manipulator must be defined. In a plane, two
DOFs are sufficient for the purpose of posi-
tioning, therefore a 3-DOF planar manipulator
has one redundant DOF. (A detailed definition
is given in the Definitions section.j This extra
DOF introduces a problem of an infinite num- !
ber of joint configurations that result in the

same end-effector position. The problem

can be resolved by adding an additional in-

dependent constraint to be fulfilled in addition

to finding the best position for the end-

effector.

Exhibit 3. A Three-Degrees-of-Freedom
Planar Manipulator
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Definitions

Denavit-Haribmberg transformation The
Denavit-Harténberg matrix, shown in Exhibit
A, is a representation of the general displace-
ment of one frame with respect to the other.
It consists of the rotation matrix and the
translation vector. In addition to thess, the
matrix also contains the information concern-
ing perspective transformation and a scaling
factor.

Jacobian The Jacobian (of a manipulator)
specifies a mapping from velocities in joint
space to velocities in Cartesian space.'!
Therefore, the Jacobian J(x,q) of a manipulator
is a matrix as defined below:

Jxq) = [6x/9q) ; i=1t.m:j=1.n (A)

where m equals the number of independent
Cartesian variables, and n equals the number
of joints. The columns of the Jacobian matrix
show the change in the position and orienta-
tion of the end-effector due to the change of
the individual joints.

Singularities A singularity corresponds to a
configuration of the manipulator for which
the end-effector motion is constrained in
some directions. Also. at a singularity, the
Jacobiap 1s rank deficient.

Jh=o0 (B)

There are two types of singularities. One
corresponds to the boundary of the work space
where the singularity means that the manipu-
lator cannot cross this boundary. The other
singularity corresponds to the situation where
the axes of two or more similar joints are
aligned, and a motion in one of these joints

Exhibit A. A Denavit-Hartenberg Matrix

a. Matrix representation of the
displacement of one frame

r Oatntinn 1 Teanalabinn a
bptertrery Tl vonaaus

Matnix I Vector
Perspective Scaling
Transformation Factor

b. Submatrices and Factors

can be canceled by 2 counter-motion in any
one of the other aligned joints.

Degrees of Freedom (DOF) Thse number of
degrees of freedom that a manipulator pos-
sesses is the number of independent position
variables that would hava {0 be specified in
order to locate all parts of the mechanism.?
For a robot, which is an open kinematic chain,
the degrees of freedom equal the number of
joints: eech joint corresponds to one variable.

Redundant BOF The number of DOF in
excess of the minimum number of DOF re-
quired to arbitrarily position and orient an
object in the Cartesian space is called the
redundant DOF,

An Iteiative Procedure The schematics of
the iterative method is shown in Exhibit B.
This procedure, commonly called the Newton-

Raphson method, uses the linear
approximation
Qer = Gk + dgp (€

where g, is the joint variable vector at the

Exhibit B. Flow Diagram for the Iterative
Procedure to Find the Joint Values

( Start )

%

Find:
G, s(q)

Yes
q No @
Solve:
85+ Géy=0
'
qk+1) =
qlk) + 5,k

(cont)
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Definitions (Cont)

kth iteration and dg, is the solution to the

linear system
X

that is,

Therefore Equation C becomes
difference formula

kinematics in the hand Cartesian space

(m = 6 for a general manipulator) (i.e.,
{(fla) — X,), where f(q) is the forward kine-
matics and X, is the desired end-effector
position and orientation vector). The n-m

optimized and correspond to

where

where
Jm = asquare matrix corresponding
to any m columns of the Jaco-
bian matrix.

Jo-m = transpose of the matrix con-
sisting of columns not
included in J,, matrix.

L, » = an identity matrix of order
n-m

where H defines the criteria function to be
optimized.
Here it may be noted that
s(q) = [(f(g) = X)T: (ZH)T)T
and
Glq) = (J™(q): (d(Zh)/d(q)} "] ",

where J(q) is the Jacobian of the manipulator
and d is the differential operator.

residuals correspond to the constraints to be

Z = []n—mlr;ll: _In—m] (I)

h, = 9H/3q, ; i=1.n )

5(qx) % Gx dgq, = 0, (D)
dgy = -G s(qy) (E)

Qrv1 = Qi = Gl:, S(Q;J» (F)
where G, is found numerically by the central

Gy= (s - s7)/2dq, ; ij=1.n (G)
Hers m residuals result because of the forward

Zh=0 (H)

The performance criterion optimized tor the

3-DOF planar manipulator was the manipula-

bility index, defined as
H =V

where ] is the Jacobian of the manipulator.
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(3)

The forward kinematics of this manipulator is

given by

f,(6,.8,) = X = L, sin(8,) - L, sin (8, + 8,) (6)
—Lysin(6, + 8, + 8,) = 0

£(8,8,) = Y = L,cos (9,) - L,cos (8, + 8,) (7)
-Lycos(8, - 8,+86;) =0

where L,, L,, and L, are the link lengths. By

the iterative procedure (described in the inset)

the m (= 2) residuals correspond to the
equations

f1(6,.02) — X4 = 0 (8
f,(6,,0)) - Y4 = 0 (9)

and the n—m (= 1) residual corresponds to
Zh =0 (10)

= 911203
= 2U°V¥(S23833 — €235%)
+ uv3(28255233 = 35225355)
+ 20%v3s,5,; + utv¥{(Cyy — Cpl)
+ 2uv(SyS3933 — Co53;) — UPVS,S,
- 2u*vis,s,
where

sy = sin(6, + 8)

s'lk = Sin(ex + 9’ + Bk)

Sl/kl = Sin(e, + 6, + Ok + 91)
c cos(6, + 6)

U

The network for this case consists of two input
nodes and three output nodes and two hidden
layers. each containing 10 nodes. The network
was trained on a data set giving the X,Y coor-
dinates for the end-effector and the three
joint angles that optimized the manipulability
criterion. This data set contained 121 input/
output pairs that were obtained by dividing
the work space into 10 angular and 10 radial
regions and taking the data points at the
corners of the intersection of these regions.
The program that generated this data set em-
ployed the Newton-Raphson method for solv-
ing the equations, and the Jacobian of the
manipulator was found by the central differ-
ence formula.® In addition, the single inverse
was ascertained by taking the initial condition
as the current configuration for the arm solu-
tion to a subsequent nearby end-effector posi-
tion. The link lengths were 0.5m, 0.4m, and
0.1m for links 1. 2. and 3 respertively, so that
the maximum reach was 1.0m.

The result of this training is shown in Exhibit
4. Exhibit 4a shows that the error begins to
increase as the manipulator moves nearer to
the singularity. In this case, singularity occurs
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Exhibit 4. Results of a Neural Network Trained to Give a Manipulability
Index Optimiized Solution for a 3-DOF Planar Manipulator

0.9 -

Y-axis

L -] P ]
0.0 \'.Ancmn_n_n\

&H

0.0 X-axis 0.9
a.
0

R g
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E 8
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"3 M T T T Y
-3 -2 -1 0

02-desired (radians)

c.

Note:

3

§1-actual (radians)

@1-desired (radlans)
b.

-0.0

-0.2 4 @
a
a

-0.4

08 OxETm

-0.6 1

@3-actual (radians)
Oxrirn

-0.8 4 E

-1.0 —— 77T

-10 -08 -06 ~-04 -02 -0.0
03-desired (radians)

d.

a shows the error in end-etfector posioring at the center of the crcle and the magnitude s depicted by the
diameter of the circles b through d show 'he eialionship between the desired joint angles and these given by

the neural network.

at 8, = 8, = 0 radians and  urrespunds to a
circle of radius of 1m around the puint of
origin in the Cartesian space Exhibits 4b
through 4d show the desired joint values and
ihose given by the neutal 1etwork The neural
network learned the solution tairly well

When the neural network sulution was coupled
with Newton-Raphson iterative procedure. it

resulted in nearly a five-fold increase in com-
putational efficiency. Exhibit 5 gives a detailed

description of the number of operations re-
quited for the iterative method and the sulution
given by the neural network. It was found
that, on the average. the iterative method alone
with random 1nttial guess required 12 itera-
tions to give the solution. whereas the 1terative
method that used the solution given by the
ural network as the initial guess required.
un the average. only two iterations. This in-
formation is taken into account 1n the last two
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Exhibit 5. Number of Operations Required for the 3-DOF

Manipulator Solution

Iterative
Method
One Initial as Initial
Constant{ iteration | Neural Net Guess Guess
(a) {b) Solutlon (A ™12B) | (A~2B~C)
A B C D E
Assignment
Statements 27 419 434 5055 1299
Structured :
Statements 61 193 732 315
Multiplications 15 885 219 10275 1944
Additions 16 787 242 9460 1832
Function 13 34 30 421 mnm
Calls
Total 71 2156 1118 (—2594:0 ( 5491 J
Note:

MFN  Multilayerad feed-forward network

columns of Exhibit 5 so that the corresponding
numbers in the last row give an indication

of the difference in time required for the final
solution using both the conventional method
and the neural network augmented iterative
method.

Example 2: PUMA 560 robetic
arm positioning

The PUMA 560 consists of 6 revolving joints
(This is a 6-DOF robot.) The first three joints,
which correspond to the waist. shoulder. and
elbow motions, contribute mainly to position-
ing the end-effector. The last three juints cur-
respond to the wrist motion and cuntribute
mainiy to orienting the end-effector The
PUMA 560 parameters were taken from Ro-
botics, Control, Sensing, Vision. and Intelli-
gence.'® These parameters are given in Exhibit
6. This manipulator was chosen for its ease-
of-use. Generation of data and verification of
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results are simplified because the manipulator
has a closed-form solution. PUMA has eight
solutions for a given position and o. :ntation.
which are signified by rgrt shouider or 'eft
shoulder. above elbow or ce'ow etow, and .o
~fist or down wrist.

The training data used in this case corresponds
to a ‘eft arm, below elbow and up wrist configu-
ration In the simulations. the joint limits used
tor the sixth joint were - 180 degrees and

~ 180 degrees, instead of - 260 degrees and

~ 260 degrees.

As mentioned in the previous section, there
may be more than one disjoint region 1n which
th» solution for a particular configuration lies.
in the case of PULMA 360 with the wonsideted
configuration, the values for joint number 6
lie in two disjoint regions. One corresponds to
the rexion between — /2 and -, and the
other corresponds to the region between /2
and 7. These need to be trained separately or

MFN
Random Solution
|



(-

Inverse Kinematic Problem

Exhibit 6. PUMA Robot Arm Link Coordinate Parameters

6, @
Joint/  Variable (degrees) (degrees)
1 8, 90 -90
2 6, 0 0
3 6y 99 90
4 0, 0 ~90
5 A 0 90
6 6 0 0

Lowaer Upper
a; d, Limit Limit
(mm) (mm)  (degrees) (degrees)

0 [¢] -160 160
4318 14309 -225 45
-2032 0 -45 225
0 433.07 -110 170
0 0 -100 100
0 56.25 - 266 266

else combined by transforming these two re-
gions by = and -, respectively. In this case,
they were combined so that the two regions
lie in the first and the fourth quadrant instead
of the third and second quadrants and then
trained with a single network.

The network in this case consisted of six input
nodes, one output node each for the six joints
and two hidden layers for each joint consisting
of 32 nodes in the first laver and eight nodes
in the second layer. The standard back-propa-
gation algorithm was used with the learning
rate of 0.1 and the momentum term of 0.2.
The training was done for 138 presentations
of the 800-sample data set.

The average error and the standard deviation
of the error in the solution given by the neural
network for each joint taken over 100 samples
is charted in Exhibit 7. This exhibit shows
that the solution given by neural networks is
more scattered for joints 4 to 6 as compared
with joints 1 to 3.

To compare the results of a random initial
guess to the initial guess provided by the
neural network, the initial guess was presented
as the actual solution uniformly perturbed

Exhibit 7. Statistics of the Neural
Network’s Solution

Error In Degrees
Jolnt |— Standard_|
Na Avorane  Daviatlon

406 13 428
-016 30 492
564 1152

3.66 61236
-370 24912
-602 36 828

DO aWN -

randomly between a fraction of joint limuts to
the iterative method alone for 100 samples
that corresponded to each fraction. The average
number of iterations for the 100 samples pre-
sented for each fraction of perturbation of this
informed Newton-Raphson method (INRM) is
plotted in Exhibit 8. For these same samples,
requiring the positioning and orientating of
the end-effector, the guess given by the neural
network was also presented to the i‘erative
method as the initial guess. The corresponding
average of the 100 samples for the solution to
the initial guess provided by the neural net-
work is also included in this exhibit. The
average number of iterations for the neural
network method corresponds to less than 20%
perturbation with respect to the joint limits
acound the actual solution for the INRM. In

Exhibit 8. Comparison of the Neural Network
Hybrid Method with the Informed
Newton-Raphson Method

30
e Av@rage INRM
——~—  Average Neural Net
25
20 R
a 15
s g
g 0 A |
= \qk / ‘. £
2~ \E',/'
5
(] ~—r—t—v T r vy

c0 01 02 03 04 05 06 07 08 09 10

Per Unit ot Joint Limits

Spring 1990 29




JOURNAL OF NEURAL NETWORK COMPUTING

Exhibit 9. Jomparison of the Neural Hybrid
Method with the Fixed Estimate
Newton-Baphson Method,
for 100 Samples

——— No of lterations
[ Standard I
Method Average Deviation
Proposed 996 1295
Newton- 21.09 18.90
Raphson

simulations, equation D in the Definitions
section was solved by the Gaussian elimination
method and partial pivoting. The maximum
number of iterations allowed for the i’ -rative
method was 100. The iterative met>~d was
successfully terminated when the nci n of the
difference between the desired and actual
end-effector position and orientation was less
than 1.0E-4.

Next, the neural hybrid method was evaluated
by giving a fixed estimate to the iterative pro-
cedure. This fixed estimate was taken as:

8, =0,0,=0,6, =7/4,0, =0,0;, = 7w/°
and 85 = 0, which is a configuration corre-
sponding to the one on which the neural net-
work was trained. The average and standard
deviation for the number of iterations for the
proposed method and the fixed estimator, in a
run of 100 data points, are given in Exhibit 9.

The neural hybrid method achieves more than
a twofold efficiency in computing with more

consistency. Moreover, the time taken by the
neural network equals two time units of the
iterative procedure, which is less than 10% of
the time required to get the solution by the
fixed estimator method.

Exhibit 10 shows the comparison plots for
two cases indicating the sequence of Newton-
Raphson iterations for the fixed initial guess.
and the guess given by the neural network.
Here. the error along the ordinate axis corre-
sponds te the norm of the error, defined as:

Erroi = vel + el +~ €;+ €l + €5 ~ €l
where ¢ is the difference between the desired
and the actual values, and the subscripts indi-
cate the vanable for which this difference is
taken. Exhibit 11 shows the initial guesses by
the fixed estimator and the neural network
corresponding to Exhibits 10a and 10b respec-
tively. Also, these tables show the actual de-
sired solution and the number of iterations
taken for each ot the two types of initial
guesses. The allowed end-effector position
and orientation error in this case was 1.0E-7.

Conclusion

Neural networks were trained to learn the
inverse kinematic problem of a manipulability
optimized solution of a 3-DOF robot and a
6-DOF robot. It was tound that e neural net-
works were able to learn the transformations
fairly well and results using untrained data
indicated that the neural networks are able to
generaiize these transformations.

Exhibit 10. Sequence of Newton-Rapksun Iterations for the
Neural Network's Guess and the Fixed Initial Guess

K oerme{~—— NN ¢« NRM
———yp— NRM

A

Error
(3,
/-r*
e

(/R aa s e o e B e e e, L TV O
0 2 4 6 8 10 12 14 16 18 20 22 24 26
Iterations

a Case 1. For 26 {terations
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Exhibit 11. Initial Guess and Solution
Corresponding to Examples
Displayed in Exhibit 10

Fixed Initlal Initlal Guess

Estimate by NN
(26 iterations) (6 iterations)  Solution
Jont-1 000 105.50 89 02
Joint-2 000 2474 682
Joint-3 4500 63 46 54 19
Joint-4 G Q0 -717 3772
Joint-5 4500 56 48 45 21
Jont-6 000 170 32 173 46
Case 1

Fixed Initlal Initial Guess

Estimate by NN
(10 iterations) (8 iteratlons)  Solution
Joint-1 000 -43.25 -1276
Jont-2 000 - 4057 -6126
Jont-3 4500 69 54 82.56
Joint-4 0.00 -1237 -85.25
Jomnt-5 4500 -5834 -8276
Joint-6 000 160 80 11335
Case 2

With the increase in the complexity of the
transformation. which occurs with the increase
in the number of DOFs, the size of the network
needs to be increased. This means that the
number of hidden nodes must be increased.
But an increase in the number of nodes by
one increases the number of weights by the
sum of the nodes in the two adjacent layers.
Therefore. the training time per 1teration cycle
of training increases. and so does the overall
training time required to train the network.
Therefore, for larger manipulators the training
time may 1ncrease exponentially

The proposed hybrid method. which takes the
solution given by the trained neural network
as an initial guess to an iterative procedure
(Newton-Raphson in this cas<e). combines the
advantages of the neural network and iterative
methods; the neural network 15 independent
of the type of manipulator and simple to
implement. Only forward khinematics 1s re-
quhud fur thiy wethod and this comboatiun
results in a fivefold increase 1n computational
efficiency for a 3-DOF planar marupulator
and a twofold increase for the PUMA 560 (6-
DOF) robot. The decrease 1n «omputational
efficiency for the 6-DOF case 15 due to the
trade-off between the size ot the network and

the training time. and the accuracy of the
solution given by the neural network. The
training time is decreased with a decrease in
the size of the network at the expense of the
accuracy of the solution.

Where otherwise the number of 1terations may
be unacceptable for real-time operation. an
initial good guess given by the neural network
cuts the number of iterations to only a very
few. which allows a better operation of the
manipulator. In such cases, minimal process-
ing is required within each control cycle,
and real-time control performance

improves. A
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Neurocontroller Design Via Supervised and
Unsupervised Learning

ALLON GUEZ and JOHN SELINSKY
ECE Department Drexel Unwersuy, Philadelphia. P4 19104, U'S A4

(Recerved: 3 May 1989)

Abstract. In this paper we study the role of supervised and unsupervised neural learning schemes in the
adapuive control of nonlinear dynamic systems. We suggest and demonstrate that the teacher s knowledge
in the supervised learmng mode includes a-prion plant sturctural knowledge which may be employed in
the design of exploratory schedules duning learning that results 1n an unsupervised learming scheme. We
further demonstrate that neurocontrollers may realize both linear and nonlinear controi laws that are given
explicitly 1n an automated teacher or implicitly through a human operator and that their robustness may
be supenor to that of a model based controller Examples of both learning schemes are provided in the
adapuve control of robot manipulators and a cart-pole system

Key words Nonlinear control, neurocomputi 1g, global lineanzation, supervised learming. unsupervised
learning. robot control. manual tracking.

1. Introduction

The recent revival in neuroengineering rescarch, which started in 1982, has focused
mainly 1n the field of pattern recognition and signal processing. Only a few efforts
have dealt with applications to control engineering.

The massive parallelism, natural fault tolerance and implicit programming of
neural network computing architectures suggest that they may be good candidates
for implementing real-time adaptive controllers for large-scale nonhinear dynamic
systems.

Several neural network models and neural learning schemes were applied to system
controller design during the last three decades. Widrow and Smith (1964) utilized the
ADALINE (Adaptive LInear Neuron)and MADALINE (Many ADALINES) archt-
tectures and the*Widrow-Hoff (LMS) algornithm to provide a “bang-bang” (control
where the applied force 1s constant in the + or — direction) type of control through
duphcation of & known switching surface, for the linearized dynamics of a cart-pole
system Barto, Anderson and Sutton (1983) developed the ASE (Adapuive Search
Element) to perform unsupervised learning and “bang-bang’ control of a cart-pole
system  The dynamics were assumed to be totally unknown. Psalus. Sideris and
Yamamura (1987) proposed using the Back Error Propagation algorithm (BEP) (see
Rumelhart ez ul (1986)) and “specialized learning’ to reduce the total error of the
controlled process in specific regions of interest Kawato. Furukawa and Suzuki
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(1987) used the LMS algerithm and a linear combination of specific nonlinear
subsystems to perform ‘feedback learning’ of robot control. Guez. Eilbert and Kam
(1988) proposed a ‘neural estimator’ with a steady-state topology that corresponds to
optimal control laws. Guez and Selinsky (1988) applied BEP in the design of trainable
adaptive controllers (TACs).

In all of the works cited above, the learning schemes were totally independent from
the control task. We believe that some, however small, a-priori knowledge of the plant
dynamics is always available. We expect that utilizing the a-priori knowledge in the
fearning phase will improve the neurocontroller performance.

In this paper, we report preliminary results in neurocontroller design which we
found encouraging. In Section 2. we describe how a-priori structural knowledge of
robot dynamics may be employed in an unsupervised learning routine for the auto-
mated design of a nonlinear robot controller. In Section 3, we employ supervised
learning with various teaching modes and teacher models, and compare the neurocon-

troller robustness to that of a model based controller. Section 4 provides a discussion
and conclusion.

2. Unsupervised Learning of Control

In supervised learning, we assume the existence of some teacher that is capable of
demonstrating the required control performance. That is, in order to train a neuro-
controller to control some dynamic system, we must have a controtller already capable
of controlling the system (see Psaltis et af; 1987; Widrow, 1987; Guez and Selinsky.
1988). This 1s not a detriment in the case of a human trained controller as it can be
used to automate a previously human controlled process. In the case of automated
linear and nonlinear teachers, the dynamics of the controlled system must be known
a-priori for the design of the teacher. We now present the preliminary results of a
neurocontroller learning to control a dynamic system where only a general knowledge
of the dynamic’s structure is known and no external teacher is available. The system
under consideration is a robot manipulator. This problem is of particular interest as
the full dynamics of a robot are rarely known. Furthermore, the advent of new direct

drive robots requires a controller capable of compensating for all of the nonlinearities
of the robot.

21 ROBOT DYNAMICS

For a robotic manipulator consisting of an open kinemauc chain of ngid hnks the
dynamics can be described by

ftg. gty + H(gq. ¢, 1) + Bg(t) + G(q, 1) = TQ). (n
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where ¢(1) = the n x | vector of joint linear or angular positions,
G(t) = then x 1 vector of joint linear or angular velocities,
G(ry = then x 1 vector of joint linear or anguiar accelerations.
I(g, t) = the n x n matrix of terms related to inertial forces.
H(g, ¢, 1) = then x 1 vector of terms related to centripetal and coriolis forces.
B = the n x n disgonal matrix of viscous friction terms.
G(g. 1) = then « I vecte: of terms related to gravitational forces.
T(r) = then x 1 vector of driving forces or torques. and
n = the number of degress of freedom (DOF) of the manipulator.

More details on the derivation of the dynamics can be found in Paul (1981). The
dynamics of the robor are highly nonlinear, coupled, time varying and configuration
dependent. Conventional control of robots has relied on PID control of each joint
individually. These controllers have been relatively effective because the slow speed
and high gear reduction of the robots reduce the nonlinearities introduced by the
inertial, centripetal and Coriolis forces. However, for high speed operation and
accurate trajectory following, controllers, which compensate for the nonlinearities of
the robot’s dynamics are required.

2.2. FEEDBACK LINEARIZED AND DECOUPLED CONTROL FOR A MANIPULATOR

In feedback linearization or the computed torque method (see Guez. 1982: Fu,
Gonzalez and Li. 1987), nonlinear feedback described by a Feedback Lineanzing and
Decoupling Transform (FLDT) is used to ‘cancel’ the nonlinearities of the system and
transform it to a linear controllable one as shown in Figure 1. The dynamics of the
resulting system appear linear and may be controlled using linear control theory. A
major advantage of this type of control is that the poles of the transformed system
may be arbitrarily assigned using state feedback.

kg | Block diagram of transformed system
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The FLDT for an n degree of freedom (DOF) manipulator can be formed as
follows. The dynamic equations (1) may be rewritten in the form

gty = I(g, =\ [T(1) - W(g, 4, 1) — G(g. 1), ()

where
W(g. ¢, 1) = H(q. 4, 1) + B4). 3)

The control law is
T( = W, ¢ 1) + Glg, 1) + I(g, (ke + k.e + G,(1)). 4

wheree = ¢,(1) — q(o).
Here, g,(t) is the position reference signal and k,, k, are appropriately chosen for pole

placement of the system, the transformed system is then equivalent to one described
by

§(0 = kpe + ke + G (%)

which, when k, and &, are appropriately chosen, results in an asymptotically stable
system.

23 UNSUPERVISED LEARNING OF ROBOT MANIPULATOR DYNAMICS USING
HIERARCHICAL NN

We present a method for the control of robot manipulators based only on a-priori
knowledge of the number of degrees of freedom and the assumption that the
maripulator is an open serial linkage of rigid links. We employ a hierarchical neural
network computing architecture for the automated design of an adaptive controller.
A closer examination of the manipulators’ dynamics reveals that they can be rep-
resented by a weighted linear combination of suitablé functions. Note that the
functions for a general class of manipulators are a-priori known. We propose that
the nonlinear functions may be trained into a series of three-layer feedforward
network modules prior to use and then combined online in a fourth layer. Thus,
information available prior to use is utilized in one level of the hierarchy. while
information that can only be obtained online is learned in another level. The general
architecture is shown in Fig. 2(a), (b)

We will use a linear control law with added nonlinear compensation to control the
mantpulator. During initial purely learning phase and whenever the mampulator is
not needed for production, we will generate appropriate exploratory schedules to
isolate and 1dentily the nonlinear compensation terms. During the purely learning
phase. the desired trinectory for the manipulator is provided by the exploratory
schedule planner (ESP). In the learning-production phase. the path planner (PP)
produces the trajectory for the production task and the nonlinear compensation terms
are learned during suitable parts of the trajectory.
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Fig. 2. (a) Unsupervised learning architecture, functional block diagram and (b) neurocontroller
architecture.

In either the purely learning or learning-production phase, a simple expert system
is used to identify the appropriate conditions for learning the nonlinear compensation
terms as follows. Let Go(q), W,(q, §) and Iy(¢) be the outputs of the G(g). W(q. ¢) and
I(g) compensation networks, respectively. After receiving the desired trajectory, the
control that is to be applied to the robot is calculated using the feedback ¢ <}
from the linear controller and the control from the learned nonlinear comper-=
terms. The network first learns the G(g) compensation terms. Then the
compensation can be learned.

Learning of the G(q) terms is accomplished during positioning control phases of the

trajectory. At the steady state of positioning control.§ = ¢ = 0. Then from (l)itcan
be seen that

T = G(g). (6)

The applied torque at steady state can be used to learn the G(g) compensation
network. Learning of the W(q. §) compensation terms is performed during the
velocity control phases of the trajectory. To isolate the W(q. ¢) terms. notice that at
¢ = constant, § = 0 and

T = W(q.q9) + Glg. (7
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But G(g) has already been identified and is available as Gy(g). so that we may isolate
W(q, §) to be used in learning. The inertia related terms /(q) may be continuously
evaluated using the a-priori known relationship (see Slotine and Li, 1987)

di(g, n/dt = H,(q, 9) + Hulq, 9" ®)

where H,.(q. ¢) is an.n x n matrix such that in (1) H(q. ¢) = H,(q. §)q.
After sufficient learning time, the dynamic equations of the manipulator are known.
A controller of the form

T = Io(kpe + kv.e + ‘id) + Wo(q, q) + Go(‘l) (9)

Y

select functions, train appropriate NN structure,
and setinitial weight values for the 4th layer

i

getq,,43,4¢from PP or ESP

v

apply control
T = Thetworks * Treedback

v

evaluate phase of the trajectory using ¢

no Jes
Y

| lsam W(q,q) terms | | leam G(q) terms ]
Y

evaluate inerta terms
t=H(q,4) + Hp(q.0)T

> .

Fig. 3. Flowchart of unsupervised learning algorithm.
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may then be employed and the resulting system is equivalent to
§ = ke + keé + g, (10

Note that this process does not resuppose the existence of an omnipotent controller
that is capable of accurately tracking a trajectory. but rather it starts out with a simple
controller capable of performing a limited task and uses learned knowledge of the
manipulators dynamics to build a controller capable of controlling the manipulator
at high speeds over the entire work space. The unsupervised learning algorithm can
be summarized as shown in Figure 3.

2.4, SIMULATION RESULTS

The unsupervised learning algorithm is tested via a simulated two DOF manipulator.
The algorithm used for these results differs from the one presented in the discussion
in that the external path planner for the learning-production phase was not
implemented. Only the exploratory schedule planner for the purely learning phase was
used. Also, in this example we assume the presence of a suitable joint acceleration
sensor so that we may identify the inertial compensation terms. The two DOF planar
manipulator shown in Fig. 4, consists of two links of length d,, d, and mass m, , m,.
The mass of each link is assumed to be concentrated at the end of the link.
The dynamic equations for this manipulator are

T, = L& + la@: + HQS.B: + &) + b + Gy, (I

Ty = 1o + 1@, - B} + by + G, (12)
where [, = (m + m)d} + myd} + 2msd,d; cos (@), (13)
Ly = my(d} + d\d, cos (&), (14)

Ly = md}, (15)

H, = — mydd,sin (&), (16)

Gy = (m + mygd,sin (&) + mygds sin (B, + D), (n

Gy = mgd,sin (&, + J), (18)

”r

F1g. 3. Two degrees of freedom planar manipulator.
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which may be rewritten to provide general forms of linearly separable nonlinear
subsystems as

T\ = Wy@ + W, cos (@), + Wals + W cos ()P, +
+ Wissin (@00, D, + Wi sin ()03 + WD) +

+ W sin (&) + Wy sin (&) + Ts). (19
T, = Wyd + Wa, cos (Q:)@l + W:J@z + Wi sin (Z,)J; +
+ W@, + Wy sin (), + &) (20)

Note that for convenience we are employing the exactly computed values of the
functions rather than network modules which have learned the functions. In a
similar way to that used by Kawato et al. (1987), we employ a network consisting of
a linear combiner of the subsystems. However, in contrast to Kawato et al. (1987),
we use a-priori knowledge of the manipulator’s dynamics to excite only specific
subsystems of the dynamics. Isolating a subset of the manipulator’s dynamics
decreases the dimension of the weight space to be searched, which reduces learning
time and increases the likelihood of a convergence of the weight vector to the
optimum. We have found this to be supported by our simulations.

The optimal values for the weights as calculated from the dynamic equations using
the values

my = my = 100kg, d = dy=10m, b, = b, = 5.0kgss.

are
W, = 30.0, W, = 200, W, = 100, W, = 10.0.
Ws = —20.0, We = —100, W, = 50, Ws = 196.2,
W, = 98.1, W, = 10.0. Wn = 10.0, Wiy = 10.0,
Wy = 10.0, Wy = 5.0, W, = 98.1.

The final weights arrived at by application of the learning algorithm are
W, = 29.51, W, = 19.28, W, = 9.79, W, = 947,
W = —19.28, We = —9.97, W, = 4.6, Wi = 196.19,
We = 98.10, Wy = 10.06. W, = 10.20, Wa = 10.12.
W, = 1022, W, = 5.0l Wy, = 98.0.

In total, 240 390 iterations of the LMS algorithm were used for taining. In determin-
ing G(¢). 300 presentations of a 115 example training set was needed. Identification
of W(qg) required 171 presentations of a 590 example training set.

Figures 5 to 8 shows the performance of the controller as the identified compen-
sation terms C(Q. &) are added to the linear controller

T = K(D ~ @) + KD = D) + C(D. D).
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. Fig. 5. Controller with C(&. &) = 0.

where K, K, are 2 x 2 diagonal matrices with elements k,, = 400.0. k,, = 100.0 and
k. = 40.0, k,, = 20.0, respectively. The figures show the desired angular position
(D,). desired angular velocity (&), actual angular position (&) and actual angular
velocity () of the manipulator's joints as the controller attempts to track the given
trajectory. Figure 5 depicts the performance before any learning has occurred. The
compensation term C(Q. &) is zero. Figure 6 shows the performance of the con-
troller when the gravitational compensation terms have been found and applied. The
compensation term is C(J, &) = G,(), where G,() is the output of the G(J)
compensation network. Figure 7 shows the performance of the controller when the

€/ = L wnar
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Fig. 6. Controller with C(J. &) = Go(D).

gravitational, centripetal, Coriollis and viscous friction compensation term is
C(D. &) = WD, &) + Go(&), where Wy(J., &) is the output of the
W(J. &) compensation network. Figure 8 depicts the performance of the con-
troller when all compensation terms have been found and applied. The controller
is now

T = Lk(D = D) + k(D = B) + Wo(D. &) + G(D).

where /,(.) is the output of the /(¢¥) compensation network and Koo ke« kppand ki,
are as previously defined.
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3. Supervised Neurocontroller (SNC)

We now describe the architecture of a supervised neurocontroller. The SNC archi-
tecture, as shown in Figure 9, consists of a teacher. the trainable controller and the
controlled process.

The controlled process is. in general, a nonlinear dynamic system with unknown or
partially known dynamics. The variables describing the state of the system (i.e.
position, velocity, etc) are obtained through suitable sensors and are provided to both
the teacher and trainable controller. The teacher describes the desired performance of
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dg/dt

the SNC by providing examples of the control commands () required to successfully
control the process. Note that the teacher may be another automated process or a
human that is capable of generating the correct control commands. The trainable
controller is a neural aetwork architecture suitable for supervised learning. prior to
. training. as the teacher controls the process, the control signals as well as the state of
the process are sampled and stored for use in training the network. During training.
the stored process state samples are used as the input to the network and the
corresponding stored control signal is used as the desired output of the network. After
successful completion of training, the network has discovered the basis for the
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Fig. 9. SNC's architecture.

mapping from the input to the output and will respond with the correct control
command. The teacher is then removed and the network controls the process.

3.1. EXAMPLE: CONTROL OF A CART-POLE SYSTEM

We have tested the SNC architecture on a simulated four-dimensional nonlinear
dynamic system. The system chosen is the cart-pole system (or broom balancer) which
has been the subject of previous research by Widrow and Smith (1964), Widrow
(1987) and Barto, Anderson and Sutton (1983). In contrast to the previous work, we
provide continuous rather than binary outputs (see Guez and Selinsky (1988) for
additional details and experiments with the cart-pole system). The system. as shown
in Figure 10, consists of an inverted pendulum of length 2L and mass /m mounted on
a cart of mass M.

The system operates in the vertical plane and is controlled by the force u. Assuming
the pole is a narrow rod of uniform composition, no actuator dynamics or friction at
the pivot, the dynamics of the system are described by

. 3 .
G = glesing - X cos @), @n

m(L sin @ — 3gsin 2Q) — fX + u

X = .
M+ m(l - 2cos® @)

The state variables of the system are the cart’s position. the cart’s velocity. the pole’s
angular position and the pole’s angular velocity, respectively

Z = [X. X o 9. (23)

We choose a feedforward network with two hidden layers for the controller. The
network contains 4 neurons in the input layer. 16 in the first hidden layer. 4 in the
second hidden layer and 1 output. The activation of the input layer neurons are linear,
all others use a sigmoidal activation function.
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M=t (kg
m=0.1 (Xg)
L2t (m
(=5 (kg/3)

g =9.81(m/32)

Fig. 10. Cart.pole system.

The state variables of the cart-pole system were used as inputs to the network. The
output of the network was scaled to reflect a continuous value of from +1to —1
which is designated to be the normalized control signal u,. The normalized control
signal represents the signed fraction of the total force £, (where F, is constant) that
is to be applied to the carts as the control signal », in other words u = u,F,. We note
that the inputs and outputs are continucusly valued, not binary. Only the dynamic
range of the output has been limited, any real value was allowed for the inputs.

The training data consists of periodic samples of the cart-pole system’s state and
the normalized control signal from the teacher. The training samples are recorded as
the teacher returns the cart-pole system to the origin of the state space from some
nonzero initial state. Training data is typically recorded over a | to 2 minute period
of operation. The network is trained offline using the Back Error Propagation (BEP)

algorithm (see Rumelhart, Hinton and Williams (1986)) and the recorded training
data.

3.2, SUPERVISED LEARNING WITH A LINEAR TEACHER

An automated teacher consisting of a linear control law is first used to train the SNC.
Although a linear combiner could have been used to duplicate the control law., we
have included this example to show that a multilayer network can be trained using a
wide range of control laws. The cart-pole system (Equations (21) and (22)) were

linearized about & = 0 (see Kwakernaak and Sivan, 1972). The linearized dynamics
used to formulate the control law are

" l .
= - ), %
Rt i (v — /X) 24)

L3 ,
g = .-‘—[:(gQ X). (25)

|
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Fig. 11, Comparison of linear teacher and corresponding SNC.
The linear control law that was used as the teacher is
u = l'ClX + k:(\., + k_;@ + k;z. (26)

where k, -: 11.0L ky = 19.68, ky = 96.49 and &k, = 35.57. The network was able to
learn the linear control law after 20 000 iterations of the BEP algorithm. Figure 11
compares the performance of the linear teacher with the corresponding linear trained
SNC (LSNCQ).

From the initial state Z = (2. 0, —0.2, 0). both the linear teacher and the LSNC
follow nearly identical trajectories as they generate stable control to the origin of the
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state-control space. Thus we conclude that a multilayer feedforward network

can be used to generate linear control in a local neighborhood of the state space
origin.

3.3. SUPERVISED LEARNING WITH A NONLINEAR TEACHER

The linear teacher used in the previous section was derived by linearizing the curt-pole
system's dynamics about & = 0, thus it is only applicable around the state space
origin. An automated teacher that is stabilizing in the entire state space for the
nonlinear system Equations (21) and (22), can be obtained by the use of a Feedback
Linearizing and Decoupling Transform (FLDT) as used previously in Section 2.
Rewrite the system Equations (21) and (22) in the form

& = h - hX, 7

X = f'fﬂ (28)
where

h = ;zg sin ¥, (29)

hy = ;zcos g, ] (30

fi = m(Lsin g@* ~ g sin 2g) - fX, ' @3

f = M+ m(l - }cos’Q). (32)

Tuen the FLDT control law that is to be used as the automated teacher is

u = é[h, (D - @)+ kP X~ X)+ Xl =S (3)

with &, = 25, k, = 10, ¢, = l and ¢; = 26.

Examples generated by the above FLDT control law (17) were used to train
a SNC. Figure 12 compares the performance of the FLDT teacher and its
corresponding SNC. The SNC used was trained for 80000 iterations of the BEP
algorithm,

Although the nonlinear teacher and corresponding trained SNC do not follow
trajectories that match as closely as in the case of the linear teacher. they both exhibit
the same characteristic transient and steady state behavior. Subsequent tests also
show similar performance. We conclude that the SNC was able to fearn and generate
stable control from the nonlinear teacher.
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Fig. 12. Compz;rison of nonlinear teacher and corresponding SNC.

3.4, SUPERVISED LEARNING WITH A HUMAN AS THE TEACHER

In the previous sections, the exact form of the control law that was used as the teacher
was a-priori known, In this section, we used examples generated by the responses of
a human. In training with a human teacher, the exact form of the control law is not
known as it has been acquired by the teacher though direct interaction with the system
rather than through formal analysis of the system’s dynamics. To generate the
training data the teacher observes the cart-pole system on the computer screen and

o
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returns the system to the state space origin by application of the control signal via an
input device. The results reported are for Human Trained Supervised Neurocontrollers
(HSNC) that have been trained for 40 000 iterations of the BEP algorithm. Figure 13
depicts the angle of the pendulum (& in radians). the position of the cart (X in meters)
and the normalized control signal (u,) as a trained HSNC stabilizes the system trom
the initial state Z = (2,0, —0.4, 0)7.

Figure 13 demonstrates that the HSNC was able to learn to generate stable control
from the examples of the humans response.
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Fig. 13. Resuits of training HSNC
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3.5. SUPERVISED LEARNING WITH A HUMAN AS THE TEACHER USING FILTERED
DATA

When training a network using examples that have been generated by a human
teacher, we have to take into account that the teacher performs some processing of

.the information before applying the control signal. State information is obtained by

the teacher through the image on the computer screen. then the control signal that is
applied is shaped not only by the teachers intention, but also by physiological
characteristics. Characteristics such as response delay (reaction time) and hand
tremor can be a limiting factor in a human’s ability to perform manual tracking tasks
(see Guez and Boykin, 1982). In our studies, the response delay has been shown to
play a significant role in the ability of a network to learn from a human. To correct
this problem we have filtered the training data to account for the simplest model of
the human transfer function

G(jWhuman = €7/ e, (34)

which is a time delay. The filtering consists of shifting the sampled normalized control
signal by the estimated reaction time of the teacher. In our experiments, the samples
are recorded every 50 ms. The ith sample of the state variables was paired with the
(i + 2)th sample of the normalized control signal, to produce a total shift of 100 ms.
Figure 14 shows the performance of an HSNC that was trained using the same data
as in the previous section, only the data was filtered as described above. The initial
state is the same as in Figure 13.

By comparing Figures 13 and 14, we see that the performance of the network that
was trained using the filtered data is much improved.

Furthermore, as can be seen in Figure 15, the performance of the network surpasses
that of the teacher. This is reasonable in that a teacher with an inherent time delay
would have to have perfect knowledge of the cart’s dynamics to compensate for the
delay. By, shifting the data, we allow the network to learn the intent of the teacher
rather than what physiological limitations allow. Also, note that the network was able
to learn the control from very noisy training data as would be expected in a realistic
situation,

In these experiments, the object is to return the cart-pole system to the origin of the

“state space. The controller trained with the human teacher and the filtered data has

learned to stabilize the system, but it has not learned to return the cart to the origin
(X = 0). We attribute this to the examples not providing a representative of all aspects
of the control problem. This problem was manifested only in the controller trained
with the filtered human examples. To correct this problem, a - 0.33 meter bias has
been added to the cart position input of the HSNC's reported in the rest of this article.

Comparison of HSNC and FLDT Controllers

We now compare the performance of the FLDT teacher and the human trained
controller. Note that in this comparison the FLDT control law was derived using the
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Fig. 14. Results of training HSNC using tiltered data.

full knowledge of the cart-pole system’s dynamics. The HSNC. on the other hand was
trained using only the knowledge that the human teacher acquired through inter-
action with the cart-pole system. Figures 16 to 19 compare the performance of the
HSNC and FLDT controllers for various initial states.

The performance of the HSNC is comparable to FLDT when the region of
operation is within the region that the training examples represented. Note that

e ——————————
- o o ———————NEE
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Fig. 15. Training data provided by the human teacher.

even though the performance is degraded in Figure 19 the network shows some
generalization of its learning and is able to stabilize the system.

Comparison of Robustness of HSNC and FLDT

We compare the sensitivity of the HSNC and FLDT controllers to parameter vari-
avons. Figures 20 to 24 shows the angle of the pendulum as each controller returns
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the cart-pole system to the state space origin from the initial state Z = (15, 0. —0.5.
0)". Each figure corresponds to one of the parameters being varied.

From Figures 20 to 24, we see that for variations in cart mass, pole mass, force gain
and friction the HSNC is more robust than the model based FLDT controller.

4. Conclusions

We have outlined a method whereby the use of a-priori knowledge has resulted in a
previously supervised learning algorithm to be made into an unsupervised one. The
use of a hierarchical neural network, one where there are three layer network modules
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0.1
0.0
g -0t
-0.2 ~==== FLOT
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-O-S LERRARARAE S ARERAREE IR M { M T L B L) LML |
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—<e== FLOT
HSNC

LB T T T Ty

S [ 7 8 9 10
time (sec)

~e=e- FLOT

HSNC
S —
s 6 7 8 9 10

time (sec)
Fig. 16. Comparison of performance of HSNC and FLDT. Z = (2. 0. = 0.4, 0).




SUPERVISED AND UNSUPERVISED NEURAL LEARNING 329
0.4 9 '

4

0.3 1

——== FLOT

0.2 HSNG

0.1 4

0.04

4 <

S
1
4

]
1

]
1
4
]
1
4

X
~==== FLOT
HSNC
“2 T MR ML Rad BAAASAA SN SR ELMN BAAMELARSE NAAMEMEN S0t Ty
s} 1 2 3 4 S 6 7 8 9 10
time (sec)
Un
~e==~ FLDT
HSNC
T o R e A
2 3 4 S 6 7 8 9 10
time (sec)

Fig. 17. Comparison of performance of HSNC and FLDT. Z = (~1.5,0.0.3. )7

which are combined in a fourth layer and which allows selective attention to learn-
ing, has the potential to provide natural fault tolerance. robustness, flexibility
of programming and high speed operation when implemented 1. nardware. We
» note that there will be a tradeoff between robustness and accuracy when using
the network modules as functions rather than the exactly calculated functions.
The networks can learn to approximate the functions but will not reproduce them
exactly.
We have also shown that a neural network can be taught, using a supervised
learning paradigm, to generate stable control for a nonlinear dynamic system. The

- -
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Fig. 18. Comparison of performance of HSNC and FLDT. Z = (= 1.5, 0. ~0.3. 0)’.

results of training with a human teather demonstrate that stable control can be
learned even when the exact form of the control law is not known. Furthermore, the
human trained adaptive controller was shown to be more robust with respect to
parameter variations than a model based controller.

We conclude from these results that neural networks using both supervised and

/T - T aNIg
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Fig. 19. Comparison of performance of HSNC and FLDT. Z = (1. 0. —0.65. 0)'.

. unsupervised learning paradigms can be a basis for robust. realtime. adaptive con-
trollers. Moreover, we conclude that a-priori knowlege of the controlled process and
control environment, no matter how little, can contribute to the structural design of
neurocontrollers. Continuing research is directed towards issues of neurocontroller
stability. ES design, and suitable network architectures (see Selinsky. 1989).




- 332 ALLON GUEZ AND JOHN SELINSKY

0.4 - HSNC m=C.10kg
cm=w= m=0.05kg
smaee @ .00 kg

g

T R ) DY
1 1S
S time (sec) °
0.4 - FLDT ~————— m=0.10kg
~==~= m=0.0Skg
.................. m=1.00 kq
. _ .
—e T — T——————
1S
time (sec)
Fig. 20. Comparison of sensitivities of HSNC and FLDT 1o mass of the pole.
0.4 HsSNc Me = 1.0 k¢
. we==e Mc=0S5kg
0.2 N s Me = 2,0 kg
0.0 A
B d
-0.2 4 ¢
-0.4
~0.6 ———r——r—r - o g
o . 10 15
tine (sec)
ELD_'[ Me=1.0kg
“=~-= Mc=0S5kg
.................. Mc=220 kg
a K '..\-\ ......... - T—
{ K o
-‘.
T M v S T 1
s ] 1S
time (sec)

Fig. 21. Comparison of sensivites of HSNC and FLDT to mass of the cart,
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Fig. 24. Comparison of sensitivities of HSNC and FLDT to lengtit of the pole.
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TWO DEGREE OF FREEDOM NEUROCONTROLLER

Allon Guez and lzhak Bar-Kana
ECE Dept.,, Drexel University, Philadelphia, PA 19104
Summary

In this paper we combine the simple technique for adaptive robot control proposed by
[3ar-Kana and Guez 1989] and the exploratory learning schedule proposed by [Selinsky and
Guez 1989] into a unified two degrees of freedom (DOF) robot controller, thereby improving
the performance of both approaches. Both approaches are first summmarized then the 2 DOF
controller is presented and the motivation for its design is explained.
Keywords:Neurocontrol; Learning; Tracking. .
In [Bar kana and Guez 1989) an unsupervised distributed parallel computing architecture is
proposed for the adaptive control of nonlinear dynamic systems of the class

X () = A(XX(t) + B(X)u.b) (1)
y(t) = C(x)x(t) + D(x)u(t) (2)

with some degree or other of uncertainty, where xt) R™ is the plant state vector, y(t) RMis
P

the output vector, and u(t) R™ is the input commanu vector, and where A(x). 8(x), C.x), and
D(x) are uniformly bounded matrices of corresponding dimensions.

The proposed controller consists of a teacher model which incorporates the knowledge
regarding the desired inputioutput plant response as well as the repertoire of reference
commands that the system may be subjected to.

The teacher dynamic model is assumed to have the following representation:

X () = Afxp)xp(t) + By(xp)uy(t) (3)

yi{t) = Ci(xp)x¢(t) + Dy(xpur(t) (4)

where xy(t) RM is the state vector, yy(t) RM is the output vector, and uy(t) R™ is the input
command vector, and where A(xy), By(x), Cy(xy), and Dy(x{) are uniformly bounded

matrices of corresponding dimensions. It is emphasized that the dimension of the model is
unrestricted, except that dim(y;) = dim{y) = m.

The parallel distributed adaptive controller receives the input 'features' vector f(ug, 1.

y) and generates as an output the process control vector u, where
u(t) = K(tif(ut, xt, y) (5}

where K(t) is the adaptive gain matrix of appropriate dimension. Each Kij gain monitors the
sensitivity of the i-th control loop, namely uj, fo the j-ih feaiure of the system, namely fl(u[,
Xt, ¥) and may be viewed as the state of the ji-th neuron.

The Kij gain adjusts its value independently of, and simultaneously with all other gains,
according to:




o

Kij(t)
M j(t)
%T Nij( = - biiN i+ aij(yy - vi ) (8)

Mijty + Nijj(t)  (6)
ajjlyy, -vi )y (7)

where ajj, bjj and gj are positive constants.

Bar-Kana and Guez show that perfect regulation of the plant may be obtained in the
purely deterministic case. Notice however that, while reducing the amount of prior knowledge
required to guarantee stability of the adaptive systems, this simple adaptive controller does
not take into account any valid knowledge on the specific plant to be controlled. No learning is
used to improve performance in future trials or to make the control assignment easier. The
initial adaptive gains are always zero, as no better initial value is available, and also the range
of the adaptive gains may me unnecessarily large. Indeed the main purpose of this simple
algorithm is first of all to reduce the necessary condition to merg stabilizability.

The system proposed by [Selinsky and Guez 1989} for robot manipulator control
consists of the Exploratory Schedule Generator, Neurocontroller and associated Learning
Algorithm, the Robot, and a mechanism which allows selecting beiween the User / Path Planner
and ES Generator as the originator of the desired trajectory (qg).

The neurocontroller implements the control law

p
ti=ZYij[q,fl,drﬁr]@j*‘Kdﬁéri i=12 n (9)
i=1 ' o

where @ denotes the estimate of the robot parameters O, and the Kd;; are constant

weights for the servo portion of the controller . Selinsky and Guez indeed use learning in the
adaptation process. Their exploratory schedules also guarantee ...at along with tracking, the
unknown plant parameters are finally identified. Yet, in order to get satisfactory results for
both tracking and learning, the supplementary gains Kdii are needed in (9). The resuits of both

tracking and learning are strongly affected by the right selection of these parameters , and in
practice they are fixed by trial and error procedures. Furthermore, if one selects high fixed
gains to get small tracking errors, one then also gets high noise amplification and possibly high
cost of control even when not necessarily needed. An adaptive procedure for Kdii like in Bar-

Kana and Guez, will fix the gains as a function of the tracking errors. It thus results in large

gains only if the tracking error (in our case represented by ér) tends to increase, and decrease
afterwards, fitting thus the right control gains to the right situation.

Instead ( see [Bar Kana and Guez 1989-b] for details) we propose the 2 DOF controller
shown in Figure 1.
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q
Identification and
q, Linearization
i ROBOT >
Neurocontroller
(following [2])
Kd Adaptive Servo
Neurocontroller
(following [1])

Fig. 1: Two Degrees of Freedom NeuroController.

The identification and linearization neurocontroller algorithm is given by equations (9),
and (10) and the adaptive servo neurocontroller algorithm has the form of equations (5), (6),
(7) and (8) Main Result. It can be shown [Bar-Kana and Guez 1989-b] that glcbal
asymptotic tracking and identification as in [Selinsky and Guez 1989] still holds even for the 2
DOF controller, i. e., when the servo gain is time varying. That is, global asymptotic tracking as
well as global asymptotic identification of up to n robot parameters can be guaranteed with our
2 DOF robot controller if

 Am, [Rank (Y(q, q. dg- ag))] = p.
. REFERENCES

|. Bar-Kana and A. Guez, 1989 "Neuromerphic Adaptive Control," Proc. 28th Conference on
Decision and Control, Tampa, Flonda, 1989, pp. 1739-1743.

|. Bar-Kana and A. Guez, 1989 b A Two Degree Cf Freedom Adaptive Controller, Technical
Report, Drexel University.

J. W. Selinsky and A. Guez, 1239 "The Role of Apriori Knowledge of Plant Dynamics in
Neurocontroller Design,” Proc 28th Conference on Decision and Control, Tampa, Florida,
1989, pp. 1754-1758.

J. J. E. Slotine and W. Li., 1928 "Adapuive Manipulator Control: A Case Study," /EEE
Transactions on Automatic Cerirol, Vol. 33, No. 11, pp. 995-1003, 1988.




|IEEE

TWO-DEGREE-OF-FREEDOM ROBOT NEUROCONTROLLER

Allon Guez and Izhak Bar-Kana

@ ON DECISION AND CONTROL

. @ Hiiton Hawaiian Village
Honolulu, Hawaii

December 5-7, 1990

9]

ECE Dept., Drexel University, Philadelphia, PA 19104

ABSTRACT
This paper describes the performance of a two-degree-of-freedom
(2 DOF) robot neurocontroller. The main theorem suggests that
global asymptotic stability is guarantced despite the highly nonlincar
nature of the closed-loop dynamics. Examples demonstraung the
applicability of the neurocontroller are provided.

1. INTRODUCTION
The neuroc ontroller proposed here is based on a combination of
the architectures proposed in [11,{ 2), (3], and (4] and demonstrates
some useful features. In section 2 we describe the controller
architecture. Scction 3 presents the main results. In section 4 we
provide a two-links rigid manipulator example.

2. THE ADAPTIVE CONTROLLERS
The proposed 2 DOF neurocontroller is described in Figure 1.

. NS
NS | SERVO
V!
NIt
‘ORWARD|"N E

Deglrﬁ i T o
Respons &ekl%at] PLANT -
P : y CONTROtL QUTPUT

Figure 1. 2 DOF Ncurocontroller

We shall develop the ncurocontroller and describe 1ts performance
for a nigid n DOF robot manipulator. The marhematical notations and
the underlying component algorithms follow closely the references
(1] and (3].

The robot dynamic model is assumed as follows:

D(@)d + C(q.9)d + G(q) == (1
where
D(q) is an n x n matrix of inertial terms,
C(q.9) is an n x n matrix of coriollis and centnfugal
terms ,
G(q) isan n x 1 vector of gravitauonal tenms,
q is an n x 1 vector of joint coordinates,
T is an n x 1 vector of forces/torqucs,
n is the number of degrees of freedom,

Equation (1) can also be expressed as
©=D@q+ C(@,9) 4+ G(Q) = Y(@,d, 4. PO @

where Y(q,q, q, 9 is an nxp matrix of known fuactions and © 1s
an px1 vector of weighting constants (Stotine and Li { 3]). When (2)
1s written 1n terms of the individual torques at cach joint, it can be
viewed as a single layer linear network, where the 1nputs to the

network are the Yij(.) and the weights are the GJ (Fig. 2). Notice

that the Yij(°) are transcendental aigebraic functions of the
manipulators states that arc a priori known and may be realized via
feedforward neural networks that are trained offline with a suitable
learning algorithm .

Let qq, g, G designate the desired trajectory. We define
i) = qt)-qg(t) the joint coordinate crror, and following [ 3], we

define the virtual reference trajectory qp, dr» G and the virtual
wajectory velocity error s =¢

F=q-Ac, G=q-Ae s=q-g=ctAc (3)
where A 15 a positive defintie matrix with constant coefficicnts.

The neurocontroller provides the control command T = Typ+ Tns,

where Ty is the output of the servo neural net (NS) and tnp is the
output of the forward neural net (NF).
We choose the architecture of NF to implement the control law

v e e A R

tNF= i Yij(qvqr Qe qf)ej y 1 =1.2. ....... i (4)
j=1

where & denotes the estimate of ©, and is implemented as a synaptic

weight in NF with the Slotine and Li [3] leaming (adaptation) rule:

n

A 1 e .

©,=- E l—(:i;YU(q,q.q,.q.) Sp =1,2,c0000sp 5
i=1

Notice in equation (5), the similarity to the LMS learning rule
(see Widrow and Stearn [5]) where the weight change is proportional
to the crror € and the input features X. In equation (5) the input
features are the Yijj(.) functions and theerror is s, .

Figure 2 shows the internal structure of the neurocontroller for
joint i. Each feedforward network module is trained to provide onc of

the Y; (2,4, d,» @) functions.

The Yu(q,d,d,,'d,) are implemented by ncqr?l
networks providing the opportunity to capture nonrigid

dynamics effects when their number overestimates n.

e O g
——tan () —

K=}

o

—t O,
i f§2§}°

a —T 0L

AR

Figure 2: Neural implementation of NF.

The servo neurocontroller NS implements the Bar-Kana
adaptative rule (1], (2]

: T -
Kdla,(‘)= o, s 'Bindxi,-(‘) )




L1

KdPij(‘) = ‘{i;ssr 3)
™Ns = Kgs )

Notice that without the dynamic NS and without the neural
implementation of the NF, the neurocontroller reduces to the adaptive
controller of Slotine and Li {3). For constant servo feedback
(constant K;) they proved global stability. We shall extend their
result and prove that global stability is maintained with our adaptive
servo (6)-(9), and with added benefit.

In [2] an unsupervised distributed parallel architecture is
pl:'op?scd for the adaptive control of nonlinear dynamic systems of
the class

X (1) = A(X)x(t) + B(x)u(t) (10)
y{8) = C(x)x(t) + D(x)u(t) (1)
with some degree or other of uncertainty, where x(t)e R" is the plant
state vector, y(t)e R™ is the output vector, and u(t)e R™ is the input

command vector, and where A(x), B(x), C(x), and D(x) are
uniformly bounded matrices of corresponding dimensions.

The controller proposed in [2] is shown in Figure 3 below: It
consists of a teacher model which incorporates the knowledge
regarding the desired input/output plant response.

> NEURO- hl
TEACHER | CONTROLLER
u| Egs. Eqs. 11 |FROCESY y
——L o (12-134 Lo(15-17) |—» Ly

CONTROL OuTPUT

REFERENCE
Figure 3: Neurocontroller Proposed in [2).

The teacher dynamic model is assumed to have the following
representation:

(1) = A(x)x,(1) + By(xuy(t) (12)
y (1) = Ci(xx,(t) + Dxpu ) (13)

It is emphasized that the dimension of the model is unrestricted,
except that dim(y,) = dim(y) =m.

The parallel distributed adaptive controller (Fig. 4) receives the
input 'features' vector f(u,, x,, ¥) and generates as an output the
process control vector u(t), where

u(t) = K (uy, x,, ¥) (14)

where K(1) is the adaptive gain matrix of appropriate dimension.
Each K gain adjusts its value independently of, and simultancously

with all other gains, according to:

K;)(t) = M,)(() + N,)(l) 3
M0 = o5(yy, - i )f; (16)
gd‘[ Ny = - ByNyO+ ¥y, - 93, an

where oy, f;; and ¥;; are positive constants. Notice in equations (17)
the similarity to the LMS leaming rule (sce Widrow and Steamn [ 5])
where the weight change is proportional to the error € and the input
features X. in equation (17) the input featurcs a-c the { functions
an. “he error is y. - ;. The ﬁjterm in (17) is added to avoid
divergence of the integral adaptive gains in the presence of
disturbances and uncertainties [1].

3. MAIN RESULT
Theorem: The dynamic system described by equations (1)-(9)
and represented in figure 1 provides global asymptotic tracking for all

positive o, B, ¥, and for all twice differentiable trajectories qy(t).

R

£roofs Let us select the posiive gelinie quadratic L~ .=
function of the parameters s, @, Ky

1 ! .
=5 TD(q)s + 5 87k,® + 3 trace [y 'K (0] (18)
Using the fact that for rigid robots x'[ D - 2CJx=0 V'x, we

obtain after some manipulations (7)

V= -alisi’? - BTrace [Kyno KD)]) <0 V 520, Ky#0.

Therefore lim itsll = 0 implying q(t) = q,(0).
{00

’

M >
or
u, Generat Neural u
—
= Net
Tracki
ke

1j-th
Neuron

Figure 4 - Neurocontroller Architecture
a) General Block Diagram  b)ij-th Neuron Architecture.

4. ROBOTIC EXAMPLE

We simulated the exact system as in [4] with our new controller.
‘The equations of motion are:

”» e .2 ..
Ty =D1q) + D12qy + D(4y +24,9;) + Dy
T =Dygd; + Dady - Dqf +D,
where
Ly=L,=1.0m, my = my = 10 kg, g=9.81 nvs™,
Dyj = (m+ mm_zl +m2L§ +2myL Lycosq,
D12 = mng + mleLzCOS(h.
2
Dy=ml3,
D =-m,L,Lasing,,
Dy=(my+ my)gLsingy +maglysin(q; +4y),
D, = myglasin(qy+ qy).
With the above numerical values, the plant parameters have the

values ©,=20, ©,=10, ©,=10, ©,=196.2, ©4=98 i The
performance of the two-degree-of-freedom robolic control system is

2
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-represented in Figure 5 with identification coc:ticients Ky, =0 001

and-with adaptation coefficients a=100000. =0 1, v=1k}). ‘The

-parameters ‘adjustment is only as good as the iruacking system s

affected. We do not introduce any persistant exuitation, that 1s usually
used-to guarantee convergence of the parameters. However, at idle

‘times between production times, the robot can ¢xecute exploratory

schedules {4) in order to bring the identified paramcters as close as

‘possible to the actual values. Afterwards, iz robot performs uny
desired assignment, and then NF and NS work :n tundem 10 execute

it. Figure 5a shows the acceleration process . Figure 5b
represents the desired qy) and the actual q,. waich st this scaling
appear to be identical. During this experiment we kept g4, = 0.
Figure 5S¢ represents the small tracking errors with a more appropriate
scaling, Figure 5d shows the behavior of the aduptive gains-K,it)
and Kx(t). It can be seen how the adaptive gains move up-and-down
and maintain small tracking errors. They may even vanish, if they are
not needed any more.

= it e 5

The-performance-of-the robotic conirol system with constant
«ervo-gains is:strongly- affected-by-the selection of the constant
wntrol gainSi;K;g“.jWit’h,idémiﬁgation coefficients Kﬂii=0'001
and wixh‘low:ggibjs%lid“;;-; 100., Kgz4-= 50.,-both the identification
and the:tracking errors-are-bad-{6). ‘With high constant gains Kd; 1=
1000., Ky5, =500, the-results-improve and-are very similar to the
results presented-in Fig..5. However, the servo gains remain always
high, even:if they are not needed.

We wanted-the-servo_gains-to drop when they are not needed
any-more, because we expected the controllér withhigh gains to-be-
strongly effected by disturbances, even after the plant parameters are
actually identified. Figure 6-shows-indeed that the identification is
*+-ribly disturbed:by-noise,-and tracking is bad- when high servo
«ns Ky = 1000..:1(422 = 500 are used with measurement
disturbances-of-0;1 sin-20t and 0.25in30t, correspondingly. The
surprize came" when:the-adaptive contro! gave also similar (bad)
results. This-result-can<be-explained-by the deterioration of the
identification due to the disturbance, which introduces a noisy control

signal Tyg to the robot,

L



' | !
\-‘ - '

L
‘-
!
I

T ORI T : ™
L, W T o , IR
. ! .
! I
N—— . B rasmras PRy TR

R
?}.n P lag o T 5.0 m.0

AdDl

11111 L1 )

1S4

AD3

£.00

-15.0

i

'qmﬁ 1.0 16.0 0.0

2
o
o4

a \
=

R \

B

i

R _AdD

AT (o ""?me

120 8.0 10.0

Fig. 6. Constant Gains with disturbance; (a) Tracking Errors
e‘(l). (1) (b) A¢l(t). AD,(t), AD;(1); (c) Ad4(t), ADs(1);

Therefore, we slowed the rate of identification to K;,“=0.l
and:the results shown in figure 7 with adapuve servo gains show
good.identification and reasonable tracking in sptte of the unknown
disturbance, The adaptive gains K;;(t) and Ki:it) move up-and-
down-in order to maintain small tracking errors. The system thus
combines a slow long-term memory which is not affected by
temporary disturbances, and a fast short ter:: . capuve controlier 1o
overcome transients and uncertainties. If the .o, turbance vamishes,
the adaptive gains also eventually decrease or v.anish, and the control
signal- will-be-given almost entirely by the correctly identified
parameters,

5. CONCLUSION
A two-degrees-of-freedom robot ncur. controller provides
opportunities for noise filtering and disiu=> nce rejection not
available with constant gain servo neurocontro,cr
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ABSTRACT

We apply neural networks computing architecture to the solution of the
Inverse Kinematic Problem (IKP), and to the adaptive and learning on line
control of robotic manipulators. Our results are encouraging. We obtained
a twofold saving in the computaional load of the IKP for a PUMA 560 arm.
We also fouid that global asymptotic tracking and parameters closed loop

learning are attainable with neurocontrollers.
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. ABSTRACT

This paper combines the simple technique for adaptive
robot control proposed by Bar-Kana and Guez and the
erploratory leming schedule proposed by Selinsky and Guez
into a unified two degrees of freedom (DOF) robot
controller, thereby improving the performance of both
approaches. We first briefly summarize both approaches.
We then propose our new 2 DOF controller and explain our
motivation for its design. Next we present the main theorem
ar.d conclude with a two-joints rigid manipulator example,

1. INTRODUCTION

In this paper we combine the simple technique for
acaptive robot control proposed by Bar-Kana and Guez and
th : exploratory learning schedule proposed by Selinsky and
Guez into a unified two degrees of freedom (DOF) robot
controller, thereby improving the performance of both
approaches, Both approaches are first summmarized in
Chapter 2. The new 2 DOF controller is presented and the
motivation for its design is explained in Chapter 3, Chapter 4
presents the main theorem and Chapter 6 conclude with a
two-joints rigid manipulator example,

2. THE ADAPTIVE CONTROLLERS
In [1]) an unsupervised distributed parallel computing
architecture is proposed for the adaptive control of nonlinear
dynamic systems of the class

(1) = A(x)x(t) + BE)u() (1

() = C(x)x(t) + D(x)u(t) )
with some degree or other of uncertainty, where x(t)e R™is
the plant state vector, y(t)e R™ is the output vector, and

u(t)eR™ is the input command vector, and where A(x),
B(x), C(x), and D(x) are uniformly bounded matrices of
corresponding dimensions.

The proposed controlier is depicted in Fizure | below: It
c-nsists of a teacher model which ircorporates the
k owledge regarding the desired input/output plant
ciponse as well as the repertoire of refersnce commmands
th :t the system mav be subjected to.

The teacher dynamic model is assumed 5 ~ave the
fc lowing representation:

(1) = Ax)x, (0 + Byx)u(t) (3)
¥i®) = Cilxpx (1) + Dixpuy(t) 4

w iere x,()e R™ is the state vector, y()e?™  ae output
v.ctor, and u(t)e R™ is the input command vector, and
where A(x), Bi(xp), C(x,), and Dy(x.} 2r2 unirommly

bounded matrices of corresponding d:.nensions. It is
emphasized that the dimension of the mocel is unrestricied,

. _except that dim(y,) = dim(y) = m. .. .-

........

This paper is based on research supported in part by AFOSR
Grant No, 890010 and by Drexel University's Stein
Fellowship Foundation,
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Fig. 1: Neurocontroller Proposed by‘ Bar-Kana
and Guez [1]

The paraliel distributed adaptive controller receives the
input 'features’ vector f(u, x,, ) and generates as an output
the process control vector u, where

u(t) = K@), %, ¥) T G

where K(t) is the adaptive gain matrix cf appropriate
dimension. Each K;; gain monitors the sensitivity of the i-th
control loop, namcfy uj, to the j-th feature of the system,
namely f,-(uu Xp ¥) and may be viewed as the state of the ij-

th neuron,
The Kij gain adjusts its value independently of, and

sirultaneously with all other gains, according to:

K50 = My(0) + Ny() (6)

M) = o5y, - %3 )

LN = - BN+ 10 - 1 ®
where o, B;; and +; are positive constants,

Bar-Kana and Guez show that perfect regulation of the

plant may be obtained in the purely deterministic case.
Notice however that, while reducing the amount of prior
knowledge required to guarantee stability of the adaptive
systems, this simple adaptive controller do¢s not take into
account any valid knowledge on the specific plant to be
controlled. No learning is used to improve performance in
future trials or to make the control assignment easier. The

iairial adantive gning are alwavs zero. as no better initial -

value is avauaole, ana a1so ine¢ range of we adaptive gains
may me unnecessarily large., Indeed the main purpose of this
simpic algorithm is firet of all 10 raduce the necessary
condition to mere stabilizability,

A general block diagram of the system proposed by
Selinsky and Guez (2] for a robot manipuiator is shown in
figure 2, It consists of the Exploratory Schedule Generator,
.Jeurocontroller and associated Leoarning Algorithm, the
Robot, and 2 mechanism which allows selecting between the
User/ Path Planner and ES Generator as the originator of the
desired trajectory (qq).
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Figure 2: Block diagram of the system proposed
by Selinsky and Guez (2]

The robot dynamic model is assumed as follows:

D(@){ + C(q. 04 +G@ =+ ©®

where .

D() is an n x n matrix of inertial terms,

C(q.Q is an n x n matrix of coriollis and
centrifugal terms , .

G(q) isannx § vector of gravitational
terms, . )

q isannx 1 vector of joint coordinates,

T isan nx 1 vector of forces/torques,

n is the number of degrees of freedom.

Equation (9) can also be expressed as

=D + C(q,94 + G(@) = Y(q.9,0.9)D (10)
where Y(q,9,4,&) is an n x p matrix of known functions
and @ is an p x 1 vector of weighting constants (see Slotine
and Li [ 3)).

When (10) is written in terms of the individual torques at
each joint, it can be viewed as a single layer linear network,
where the inputs to the network are the Yj;(.) and the
weights are the @; ( See Figure 3).

Note that the Yj;(,) are transcendental algebraic functions
of the manipulators states that are a priori known and may be
realized via feedforward neural networks that are trained
offline with a suitable learning algorithm ,

Let qq, dq, Gg designate the desired trajectory.
Following Slotine and Li ( 3} define the virtual reference

wajectory y, Gp, and the virtal trajectory velocity error &

ér=6d'A°o ar=ad'Aé’ ér=é'qf=é+Ac(ll)
where e(t] = q[t)-qq[t] is the joint coordinate ervor, and A isa
positive definite matrix with constant coefficients.

, The output of the neurocontroller implements the control
aw

P
= 2 Yi;9.4.9, 4, B+ Ky °4, i=12..n (12)

where @ denotes the estimate of @, and the Ky,, are

constant weights for the servo portion of the controller ,
Equation (12) has been shown to be asymptotically stable
when the learning rule

n B
1 o * " » N
63=-Z—xaﬁ Yijlad 4,08, j=12.,p(13)

is uscszIotine andLi{3)). ..

Notice in equation (13) the similarity to the LMS learning
rule (see Widrow and Steam [ 4]) where the weight change

is proportional to the error € and the input features X. In
equation (13) the input features are the Yj;(.) functions and
the error is é‘i .

Figure 3 shows the internal structure of the
neurocontroller for joint i, Each feedforward network

module is trained to provide one of the Yi;{q.4,drdr)
functions. This training can be done offline since

the Yi;{q,9,9¢,9¢] functions are known a priori and
are the same for all rigid robots of the same
kinematics and number of degrees of freedom, The
inputs to the neurocontroller are the components of the
trajectories as required. The outputs of the neurocontroller
are the control torques to be applied at each joint of the
manipulator,

Kyit &y

Figure 3: Neurocontroller structure for joint i.

The main resultin (2] is that Ifp $n, and if

(q (‘] ’q ’&3
R Y drdid =
ank { P

t=> oo

then the controller (eq. (12), (13)) guarantees global
asymptotic tracking of the desired trajectory and
identification of the weights,

3. THE TWO DEGREE OF FREEDOM ADAPTIVE
] CONTROLLER
Selinsky and Guez indeed use leaming in the adaptation
process, Their exploratory schedules also guarantee that
along with tracking, the unknown plant parameters are
finally identified. Yet, in order to get satisfuctory results for
both tracking and leaming, the supplementary gains Ky;; are

needed in (12). The results of both tracking and learning are
strongly affected by the right selection of these parameters
{3), and in practice thcy are fixed by trial and error
procedures. Furthermore, if one selects high fixed gains to
get small tracking errors, one then also gets high noise
amplification and possibly high cost of control even when
not necessarily needed. An adaptive procedure for Kai like

in Bar-Kana and Guez, will fix the gains as a function of the *

- - -

Eracking error (in our case represented by ¢ ) tends to

increase, and decrease afiervwards, fitiag thus the right

control gains to the right situation.

F.In tgis article we propose the 2 DOF controller shown in
ig. 4.

The robot dynamic model is given by equation (9), the
identification and linearization neurocontroller algorithm is
given by equations (11), (}2) and (13) and the adaptive
servo neurocontroller algorithm has the form of equations

" (5), (6), (7) and (8) but for not_ation comp:ﬁibility it is
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redefinedas . Main Result. It can be shown {S] that global asymptotic
Ko ) = Kt )+ Ky ) (14) tracking and identification as in [2) still holds even for the 2
d;,'(‘) = Rt~ Bpy DOF controller, i, €., when the servo gain is time varying
according to equation (14). That is, global asymptotic

Kdmj(.‘) = Gi%er (15) tracking as well as global asymptotic identification of up ton
. ‘e robot parameters can be guaranteed with our 2 DOF robot
Kg. (0 = - BN+ Y&y (16) controller if .
‘ Jim, (Rank (Y(q, 9, 94 )] = p. (17)
C¢ . 4, ROBOTIC EXAMPLE
! We simulated the exact system as in {2] with the new 2
voe ae - DOF controller as follows:
Identification !
gi and . | i
Linearization ROBOT >
Neurocontroiler
{following 121

I% Adaptive Servo
Neuroccntroller g—

(following [1]

Vig. 4: Two Degrees of Freedom Robot

Controller, Figure 5 - Double link Manipulator
a a) . b)
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Figure 6. Fixed Gains: (a) ACD‘(t), AD,(1), AD5(1); (b) AD4(1), ADs(0);
(c) Tracking Errors ¢,(t), e5(t); (d) Controller Gaing Kdyy Kdgy Kdyy (0 Ky, Q).
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Figure § describes the double link system configuration. Dp=myls,
The equations of motion are: g ’('mli'lh.)s"[“%g Lintartas
“ " . “ =(m,+ my)gLysing,+myglasin "
7 =Dy @ + D&y + (3} £ 25,0 + 1, D; = mlzglqzsin(qlﬁ 35 i
7 =D;3G +Dpt - D4t +D, - and where g is gravity, t; and t; are torques at the first and
where second joints, m, and m, are masses, and L; and L are
L, =Ly=1.0m,m; = m;=10kg, g=9.81 m/s?, lengths of the first and second link correspondingly.

Dyy = (my+ mL F +myL3 +2m,L, Lycosqs,
Dyy=milg +myLyLycosay,
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mentioned, the performance of the adaptive
;}::zl;::r%yl system is strongly affected by the sclccdg.n of
constant control gains Kg;;. Results of simulations
\ constant gains Kd;y = 100., Kdy, = 50., are shown in
ure 6. Figure 6a shows the identification ervor for the
¢ three parameters, figure 6b shows the error for the
aining parameters, and figure 6c represents the tracking
s, Tt can be seen that neither the parameters are very
{ identified, nor the tracking is very good, In parallel with
closedl-loop system we compute (in open-_loor() and show
igure &d, for illustration, the constant gains Kq,, = 100,
., = S0, and the corresponding adaptive gains K4,,(t) and
15() that would result from these wacking errors. It can
seen that adaptive gains corresponding to such errors
11d be very large. We can expect that in closed-loop, the
«er adaptive gains would actually reduce the tracking
s, .

Results of simulatiorfs with a better selection of constant

i as Kgyy = 1000., Kdyp = 500., are shown in Figure 7.
-
) :
-l o Mol a)
‘ N‘ "‘
: kY —|
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Figure 7a shows the identification error for the first three
-parameters, and figure 7b shows the error for the remaining
parameters. It can be seen that all parameters are eventually
identified -within & Sm, Figure 7c represents the tracking
errors, and in 7d and 7¢ we show the desired and the actual
trajectories, correspondingly, It can be seen that results of
both identification and tracking are satisfactory. Figute 7f
shows the constant gains Kq;, = 1000, K4,, = 500, and the
corresponding adaptive gains Kq;,(t) and Kgp5(0). It is
interesting to see that the adaptive gains reach similar values
with the "good" constant gains, in order to maintain small
tracking errors,

Results of simulations with adaptive control gains in
closed-loop are shown in Figure 8, Figure 8a shows the
identification error for the first three parameters, and figure
8b-shows the error for the remaining parameters. It can be
seen again that all parameters are eventually identified within
£ 5m, Figure 8c represents the small tracking errors, and
figure 8d shows the behavior of the adaptive gains Ky (1)
and Kjo(t). It can be seen how the adaptive gain moves up-
and-down in order to maintain small tracking errors.
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Figwe 8, Example: (a) 80 (1), 3@(1), A&5(t); (b) AD4(1), ADs(t);
(c) Tracking Erons e (1), ¢,(1); (d) Adaptive Controller Gai.ns K10, Kdn(t)._ .
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5, CONCLUSION
This paper combines a simple technique for adaptive
robot control proposed and an exploratory leaming schedule
into a unified two degrees of freedom (DOF) robot
controller, thereby improving the performance of both
approaches, The power of the new controller is tested with a
two-joints rigid manipulator example,
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" APPLICATION OF NEURAL NETWORKS TO ROBOTICS"
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ABSTRACT

We apply neural networks computing architecture to the solution of the
Inverse Kinematic Problem (IKP), and to the adaptive and learning on line
control of robotic manipulators. Our results arg enicouraging. We obtained
a twofold saving in the computaional load of the IKP for a PUMA 560 arm.
We also found that global asymptotic tracking and parameters closed loop

learning are attainable with neurocontrollers.
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On the Solution to the Inverse Kinematic Problem

Ziauddin Ahmad

Allon Guez

Department of Electrical and Computer Engineering
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Abstract

A nonalgorithmic method is presented for the solution to
the inverse kinematic problem of a robot. The method is robot
independent and involves a hybrid approach, whereby a neural
solution is augumented with an iterative procedure which
provides the final solution within some specified rolerance.
Essentially the neural solution is similar to a lookup table in
providing a good initial guess to a classical iterative search. It
has been found that for the industrial manipulator PUMA 560
the proposed hybrid method achieves about 2-fold increase in
computational efficiency with better uniformity of the time
required to obtain the solution to the robotic manipulator.

1. Introduction and Background
The inverse kinematic problem (IKP) deals with finding
the 'n' joint angle values 'q' of the robot that will position the
end-effector in a desired position and orientation X' in the 'm’

dimensional workspace. This may be expressed as:
q=£1%) m
However, in general this solution is not unique. In many cases
(e.g. redundant manipulators) there may result infinite number
of solutions. In these cases, additional constraints {15] in terms
of the allowed configurations or performance-function
minimization are used to reduce the number of legitimate joint
configurations or to single out a unique preferable one (see
example 1 below). Therefore, where redundancy provides us
with more flexibility it also requires elaborate solution
techniques which are time consuming and generally impractical.
The conventional methods consist of closed form methods and
iterative methods. These are either limited to only a class of
simple non-redundant robots or are time consuming and the

Work Partially supported by AFOSR grant 890100,

CH2876-1/90/0000/1692$01.00 © 1990 IEEE

solution may diverge due to bad initial guess [3).

In a class of neural networks (NN) called Feedforward
Networks the processing elemeants, termed as nodes indicated by
circles in Fig. 1, are connected in layers through links, termed
as weights indicated by arrows in Fig, 1.

Fig. 1: Feedfoward Neural Network.

The output of the node is a function of the inputs, which are
weighted outputs of the nodss of the previous layer, and the
threshold of the node. The:learning takes place through the
modification of the weights and the thresholds as specified by
the training algorithm that acts on the supplied input and output
data pairs as the training set. The trzining algorithm used in our
simulations is the Back Error Propagation (BEP) Algorithm
{12). The nodes to which the input is applied are called as the
input nodes and the nodes from which the output is taken are
called as the output nodes. The remauning nodes are termed as
hidden nodes.

The solution to the IKP has been attempted by different
approaches .y a number of researchers including
(21,07),[81,[9),{10]. Here we address the problems in
conventional methods and-suggest a combination of the neural
network with a conventional method to aid in eradicating them.
Previous work by us in this direction employing neural
networks only (7] yielded good results but were not accurate
enough to be practically utilized. However, these results
encouraged us to extend this approach, as presented here, which
is nonalgorithmic and, therefore, not specific to any single
manipulator.
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Fig. 2 Schematics of the proposed method employing the NN to provide the inuial guess qg 1o the 1terative

procedure.

2. The Hybrid Method

The formation of proposed method starts with the robotic
manipulator for which the IKP is to be solved and a 'blank'
(untrained) NN of suitable size. The selection of the size is
empirical in nature. Then training data in the form of pairs of the
end-effector position and orientation and the corresponding joint
values is generated. This data is used for training the NN with
the- position and orientation vector as the input and the
corresponding joint values as the desired output. After the
training is completed the trained NN is coupled with the iterative
method, as shown in the Fig. 2(b), for the purpose of operation.
During the operation phase the desired position and orientation
of the end-effector is provided to the NN. The NN gives the
approximate solution based on the learned connection weights,
This approximate solution is taken as the initial guess by the
iterative method to give the final solution within the specified
tolerance. We consider that the type of solution out of the finitely
many solutions is pre-specified to us and therefore training of

the NN is restricted to the set of examples that pertain to this

specific solution only.

3. Examples
The back error propagation (BEP) algorithm simulating a
three layer perceptron was employed to tackle the problems

-described below. Continuous inputs and outputs were assumed.

The nodes assumed the symmetric sigmoidal nonlinearity {13].
Parameters of the NN are as given in reference {1]. Training was
terminated when it was seen that the errors were not improving,.
A 3-DOF Planar Robot

In a plane it is clear that, for the purpose of positioning
only, two DOF arc sufficicnt. Therefore, a 3-DOF planar
manipulator, for this purpose, has one redundant DOF, see Fig,
(3). This extra DOF introduccs a problem of infinitely many
joint configurations resulting in the same end-effector position.
This problem can be resolved by adding an additional
independent constraint to be fulfilled in addition to the
positioning of the end-effector.

X-ans

Fig 3: A three DOF planar Manipulator

The performance criterion optimized for the 3-DOF
planar manipulator was the "Manipulability Index” [15), defined
as:

H =117 @
where J is the Jacobian of the manipulator. Solution of this
manipulator was obtained by iteratively solving, by Newton-
Raphson method, the equations obtained by the procedure
outilined in reference [4].

The network for this case constituted of 2 inputs and 3
output nodes and two hidden layers, each containing 10 nodes.
The network was trained on a data set giving the X-Y
coordinates for the end-effector and the three joint angles that
optimized the manipulability criterion. Single inverse in the
training set was ascertained by taking the initial condition as the
current configuration for the arm solution to a subsequent nearby
end-effector position,

The result of this training is shown in Fig. 4. This figure
shows the positioning error in the cylindrical coordinate
workspace. It is scen that the error begins to increasc as the
manipulator moves nearer to the singularity. In this case
singularity occurs at 8 = 83 =0 radians.

When the NN solution was coupled with the Newton-
Raphson iterative procedure, with a tolerance of 106 meter in
the end-effector positioning, it resulted in nearly a 2-fold
increase in computational efficiency. Table 1 gives a comparison
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Fig. 4: Result of a NN trained to give a
manipulability index optimized solution
for a 3-DOF planar manipulator. The
verticle axis corresponds to error in
positioning of the end-effector.
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Table 1: Comparison of the proposed solution
with the Fixed initial guess Newton
Raphson Method, for a 3-DOF
manipulator, The data corresponds to

100 Samples.
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Fig. 5 lteration sequences showing a comparison for the convergence of the Newton-Raphson method for the
initial guess given by the neural network and the fixed initial guess,

between the number of iterations required for the iterative
method with fixed initial guess and the initial guess given by the
NN. The fixed initial guess was taken as 81=00, 82=90°,
83=59. It'was found that, on the average, the iterative method
alone with-fixed initial guess required 6.0 iterations to give the
arm solution, whereas the iterative method that utilized the
solution given by the NN as the initial guess required on the
average 2.9 iterations. Moreover, the standard deviation of the
number of iterations for the fixed initial guess is 10 times that for
the NN initial guess. Fig. 5 shows the iteration sequences for
the fixed initial guess and the initial guess given by the NN for
two situations, Fig. 5(a) is one of the most typical situations.
From Fig 5(b) we see that sometimes the number of iterations
may become large for the fixed initial guess
The Human Am

Here we show an attempt to capture the criteria that a
human being allegedly optimizes in- manipulating different
objects by training the NN by a data set corresponding to some
specified task. Planar motion, parallel to the ground was the

-

considered task. The subject was asked to move an object in free

space, in a plane parallel to the ground. Knowing the actual-

distances between the joints the data set was filtered to achieve a
10.0% tolerance about the respective actual values. The data set
thus obtained contained only 43 words out of a total of 78
words, A NN similar to that for the 3-DOF case was trained on
this data set,

Fig. 6(a) shows the plot of the error in the positioning of
the hand resulting for the trained data set, while Fig. 6(b) shows
the same for a different data set obtained separately from the data
set on which the network was trained. The diameter of the
circles indicate the magnitude of error occured at their center.
The two figures have similar errors indicating that the neural
network has generalized on the trained data set. Large errors
near X = 0.5 m are perhaps due to the singularity reasons or
insufficient data near that region. Further, it was observed that
the values for the elbow joint's were learned much better than
those for the wrist joint and the shoulder joint.

———
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Fig.6: Results of single MFN trained on human arm data in a plane perpendicular to the gravity. Shoulder is

located at (0,0).

As seen earlier, the filtered data set was only 55% of the
total data gathered with 10% tolerance which indicates that the
precision of the training data may not be adequate. However, it
is observed that the NN is able to generalize upon the training
data giving similar results for the untrained data to that of the
trained data implying that implicit performance indices can be
captured via NNs and perhaps identified via weight pruning and
analysis.

The PUMA 560

The PUMA 560-parameters were taken from-[6], page
37. This manipulator, which is a 6-DOF robot, was chosen for
ease of generation of data and verification of results since it has a
closed form solution. PUMA 560 has eight solutions for a given
position and orientation signified by Right/Left - Shoulder,
Above/Below - Elbow, and Up/Down - Wrist. In our
simulations the training data corresponds to: LEFT Arm,
BELOW Elbow and UP Wrist configuration. In the simulations
the joint limits used for the 6th joint were -1800 to 1800 instead
of -266° to 266°.

The network in this case consisted of 6 input nodes, one
output node each for the 6 joints and two hidden layers for each
joint consisting of 32 nodes in the first layer and 8 nodes in the
second layer. The average error and the standard deviation of the
error in the solution given by the NN for each joint taken over

100 samples is given in table 2, From table 2 it is seen that the
solution given by NNs is more scattered for Joints 4 to 6 as
compared with the joints 1 to 3.

Next, the proposed method was compared by giving a
fixed estimate to the iterative procedure. This Fixed Estimate
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was taken as: 0] =0,82 =0, 03 =n/4,04 =0, 85 = n/4, and
8¢ = 0, which is a configuration corresponding to which the NN
was trained, as indicated in the beginning of this section. In the
simulations the equations were solved by Gauss Elimination
method and partial pivoting. The maximum number of iterations
allowed for the iterative method were 100. The iterative method
was successfully terminated when the norm of the difference
between the desired and actual end-effector position and
orientation was less than 1.0E-4. The average and standard
deviation for the number of iterations for the proposed method
and the Fixed Estimator, in a run of 100 data points is given in
Table 3. From this table we can see that the proposed method
achieves more than a two-fold efficiency in computing with
more consistency. Moreover, it was observed that the time taken
by the NN equals two time units of the iterative procedure,
which amounts to less than 10% of the time required to get the
solution by the Fixed Estimator method.

Fig. 7 shows the comparison plots for two cases
indicating the sequence of Newton Raphson iterations for the
fixed initial guess and the guess given by the NN, Here the error
along the ordinate axis corresponds to the norm of the error,
defined as:

3

where ¢ is the difference between the desired and the actual
values and the subscripts indicate the variable for which this
difference is taken. The allowed end-effector position and
orientation error in this case was 10-7. These are typical cases
and we can see form these that the number of iterations required
for the proposed method has been decreased by two-fold.

2.2 2 2 2 2
Error = 4f Ex*E +EFEQHEFEY
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Table 3: Comparison of the proposed solution
with the Fixed initial guess Newton
Raphson Method, for PUMA-560
manipulator. The data corresponds to

100 Samples.
Initial guess for Number of Iterations
Newton-Raphson
Method Average | pundard
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3
|=——0— NN.NRM
——  NAM

2|
NN

an‘as’ -
01 2 3 4 5 6 7 8 9 1011
Tr2rations

®)

Fig. 7 : Sequence of Newton Raphson iterations for the guess given by the NN and the fixed initial yuess.

4. Discussion

The proposed hybrid method, which takes the solution
given by the trained NN as an initial guess to an iterative
procedure (Newton-Raphson in our case) combines the
advantages of the NN and iterative methods, these being (1)
independent of the type of the manipulator, (2) simple to
implement. Only forward kinematics is required for this method
and, as shown by our simulations this combination resuits in an
increase in computational efficiency by 2-fold for a 3-DOF

planar manipulator and the PUMA 560 (6-DOF) robot. It is
observed that the efficiency increases with the increase in the

size (the number of nodes in the hidden layers) of the network
for that manipulator, Therefore, a trade-off between the size of
the network / the training time and the accuracy of the solution
given by the NN exists and can be emplcyed in order to increase
the efficiency of the method or decrease the training time. Where
otherwise the number of iterations may be unacceptable for real
time operation, an initial good guess given by the neural network
consistently cuts the number of iterations to only a very few
allowing a better operation of the manipulator. This results in
minimal processing within each control cycle and improves real
time control performance. Basically the NN operates as a lookup
table in providing a good initial guess to an iterative procedure.
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However, when the NN is implemented in hardware, after the
initial off-line training, the adaption of the weights and therefore
the learning of the inverse kinematics can be continued on-line.
This will continue to decrease the error of the solution given by
the NN. Therefore, the number of iterations required by the
iterative method would approach zero.
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ADAPTIVE POLE PLACEMENT FOR NEUROCONTROL

Sanjay S. Kumar and Allon Guez ~
Dept. of Elsctrical & Computer Engineering,
Drexel University, Philadelphia, PA 19104

Abstract : In this paper we deal with the study of a self organizing neural network architecture
called the Adaptive Resonance Theory (ART-II) [Grossberg and Carpenter 1987(a)), in its
application to a simple problem of adaptive control, thicugh real time dynamic system
identification. An adaptive pole placement controller for a linear second order system is
implemented based upon this architecture to assess the performance of the network and the overall
control scheme with the neural network in the control loop. The network employed demonstrates
the capabilities of fast classificarion and learning. These attributes of the architecture are exploited
to train a network to dynamically identify paramefric variations of a plant in response to changes in
its environment. The control strategy is based upon identification of changes in the time response
characteristics of the system to standard test signals which are assessed by the neural network. A
pole placement algorithm is utilized to relocate the poles of the overall closed loop system by
altering the gains of the process controller to obtain desired system response. Experimental studies
on a simulated second order system, employing a Proportional Derivative controller show that the
neural network considered is indeed capable of system identification and simple indirect adaptive

‘control of low order plants that are subjected to parametric variations reflected by changes in their

operating environments.

Problem Statement : Our goal is to implement an adaptive pole placement algorithm using a
neural network architecture, Let the possibly slow time varying linear dynamical system (Plant)
Gp, be given as in equation (1).

R(s) Uls) _— Kn T(s)
— s} = »
¥ ? 82408+ p

Ws)

Ge(s) = K + K¢ [¢——r

Figure 1 Process block diagram

Plant wansfer function : - Km__

) nction’: Gp (9 = 7 78 )
L.t the reference inpuc be a known perindic function
Reference inp-i: r@®=r(+T, forallt>0 (2)

Find online, the Proportional and Derivative (PD) gains, (Kp, Kd) and the D.CC. hias (C)
(sce Figure 1), such that the control law give by equaticn (3),

-Control law : u=Cr-Kpy-Kgsy = Cr-Gey 3
will-result in the ideal closed loop transfer function
02
" Y (s) . ; (x)n
GoS) =57~ =K |- =G
R & o .2 °
© \sz+2cmns+®n “)

where, K*, {,w*n are respectively the desired D.C. gain, damping coefficient and the natral
frequency of the system.
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Neuromorphic approach to the controller -design : The general block diagram of the
overall control scheme is depicted in figure 3. The common a priori assumption in the design of
controllers for-partially known processes is.adopted with the design procedure being divided into
two steps: identification and control (indirect adaptive control strategy) [Astrom &
Eyklioff,1971].
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Figure 2 Block diagram of the neuromorphic adaptive control:scheme

Objective : Given a second order plant with-unknown constant or time varying parameters, the
objective of the control scheme is to tune the-controller by modifying its arbitrarily assigned initial
gains-such that:the overall closed-loop system-response matches the-one-given by the assumed
ideal model,-based-upon parameter identification provided by the neural:network in the control
loolii Tt should:be noted that although the plant.and the controller are linear-the-process is overall
nonlinear. '

Methodology-: When the input is a unit step function, identification of:the plant parameters is
achieved by extracting the features of the system's closed-loop transient time-response via a feature
extractor. In the case of the square function and the square wave function, identification is
restricted to-the-step portion of the input signal. The neural network in the-control loop which is
trained to map the features of a system’s time response to its parameters, gives the current
parameter estimates-of the closed-loop proceéss. The pole placement-algorithm-in the loop utilizes
the estimates-provided by the network to-compute-new controller gains-to-suit the desired response
specified by the ideal model. A D.C. adjustment mechanism is incorporated-to compensate for any
D.C. bias that-might be associated with the-response. The system- identifier comprises of the
fcatugc extractor, -the neural network and the pole placement algorithm: The purpose of the
identifier is-to-determine the plant parametess-inresponse to changes within:the plant enviror ..
The time response of the system is characterized:by its features or performance indices W' are
nonlinear functions of the system parameters. These include the rise time, the settli  ime,
overshoot and-the delay time of e response. A feature extractor incorporated in the co, .ol loop
determines the-performance indices associated-with the response to enable systern-identification via
the neural-network. It must be noted that identification is dependent on the features of the time
response rather than the response per se. This is done in orderto compress the information
contained-in the response such that the input:vector to the neural network-remains compact [Kumar
&. Gucg,1989]; This procedure restricts the dimension of the neural network:to a- minimum thereby
increasing -its-computational speed and overall efficiency of the process. The overall transfer
function is obtained.by using equations (1),(2) and (3) as follows:

Y (8) =Gp(S)US)=Gp(S) [CR (S) - Gc (S) Y (S)) (3)

6ot = £ o —CC0 __CK ©®

RO T T+G,66.0 “5% (wrk kS + (P+KKy)
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multiplying and dividing the numerator by (+ Km Kp),
CKm ( ﬁ + Kpr) (7)
(B+KeKy) {524 (24 KK S+ (BeKK,)

Go(s) =

In order to obtain the ideal transfer function, we set Go(S) = G(‘)(S) which implies:
K., (B+K.X,) ]3 i 0
(B+K’J<P) Sz+(Q+Knxd)S+ (B+Km}(?) 524‘2(.0).“5-}-&‘; (8)

‘the new controller gains obtained from the above equatons are then given by:

- . . . .2
[} C\)..r. . ‘().). - . K B+K K 0')
k,-2nf Kdgé_k_n___ o KL : Ke) _ —
. m m m ) s
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Training: The network employed is used in the supervised learning mode and is trained off line
before its.inclusion into the control loop.The training data module comprises of a data generator
whose inputs form the approximate ranges of the system parameters which, in the present
application, are the natural frequency and the damping ratio of the generalized second-order
system. A typical range of the natural frequency is estimated from the knowledge the plant time

constant used in the process.The ranges selected thereof cover approximately the entire gamut of

the-systems time response to maximum deviation in the plant parameters. A system emularor that
consists of the process model generates the actual system time response to the various input signals
using different settings of the parameters within the parameter ranges specified. The parameters are
incriminated in discrete steps according to a prescribed resolution that is dependent upon the trade
off-between accuracy of identification desired and the size of the network. The time responses of

the-assumed system model are then passed on to the feature extractor that determines-the various
features or.performance indices of the response. The performance indices along with the respective
system-parameters form the training data set for the neural network. Once the ‘training data is

available, the network is configured such that the number of nodes in the feature representation
field-corresponds to the dimension of the input feature vector,while the number of processing

nodes in the category representation field are generally set greater than total number of input
patterns-in the prototype set. Each pattern in the prototype set is sequentially presented to the

network-once. A second cyclic presentation of the prototype set may be made for a stable category
confirmation. During training, the attentional vigilance parameter is set at its highest value (0.999)
toensure a-high resolution of the resulting category structure. The category structure represents the
state space partitioning of the neural network depending on the number of stable categories
established-during training. When the network is presented with a feature vector for the first time, it
is encoded in-the LTM through modification of the LTM connection weights. The parameters
associated with the feature vector now get assigned to this allocated node in the category
representation field. On presentation of the subsequent feature vectors, the network’s orienting
subsystem first determines closeness of match between the pattern currently imposed on the

network and any of the patterns that have previously been seen. Since the vigilance parameter is

set-so-high-a new node is allocated for the pattern. However, if the current pattern happens to be
exactly similar to the one the network has seen before it is clustered into the same category. It is
therefore possible to partion the networks state space such that each partition serves as an attractor
for-a particular type of response characterized by its feature vector. After completion of training the
top-down and the bottom up connection weights of the network along with the netwark parameters
are-saved. To make the network uniformly sensitive to all components of the feature vector, the

feature vector components were enhanced by passing the feature vector through a nonlinear
function given by:

oy \=alX
'fli( X) e’ where ¥-= 0.05




Testing: When the network is introduced in the control loop, identification proceeds almost
instantly. Search for the category associated with the right parameters:is achieved by dynamically
altering the attentional vigilance parameter until an “"optimal vigilance" is found, (Kumar & Guez,
1989].
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Experimental Results : The time response of the system is obtained using a Runge-Kutta
fourth order differential equation solver (RK-4).Each of the following-figures.depict two plots. (a)

The response of the actual system to the unit step input signal with-arbitrary initial parameters a, f,
and Km, and (b) the final system response with the D.C, bias-or-the steady-state error
compensated through the parameter C. The neural network-employed:-is trained off-line on the
features of the response obtained using the generalized-second order-equation with:the following
parameter variations:

0.158<1.50, 40=0.10

0.55©,82,50, 40,=0.50 *(‘9,)
These parameters are not made available to the system-identifier but-are estimated through the
neural network in the control loop, based upon the features of the:system- time response to the
standard test signals. The only available information tothe feature-extractor module which precedes
the neural network in the overall process block diagram-is the:time:and:the value of the system

response at that time instant, Specification of the parameters ao-and:Bo enable in the computation

of the desired damping and the desired natural frequency of the system-response based upon the
desired location of the system closed loop poles within-the left-half-of the S- plane. In the case of
the square function and the square wave, it should be noted that feature-extraction:was restricted to
the step portion of the response (12 seconds). Figure (a)-and:(b)-represent the nominal responses
of the assumed ideal model to the unit step and the square function. Figures:(c)-and(d) depict the
time variation of the plant parameters during the identification process.-Figures-(e)-and (f) s..ow the
ability of the proposed neurocontroller to modify an: overdamped:and:an-underdamped system
response respectively, with the input being a-unit step function; It'should:be noted-that the original
system response indicated refers.to arbitrarily assigned-initial-plant-parameters. The final controller
parameters are those obtained after the plant parameters are estimated-by-the neural network systeia
identifier and the relocation of the overaii closed loop:sy/stem poles:by:the pole placement mocule.
Figures (g) and (h) refer to the square input function. In Figures-(i):and:(j) are-shown the cutput
responses of the plant when the square wave is imposed. at the input. The-time scale incorporated in
the simulation is adaptive for the unit step input and-depends upon:-the Juration.of the system
transient response, The sampling frequency selected is common to-both:-the response sampling rate
and the RK-4 differential equation solver, It is well above the Nyquist-frequency of the systetn.




Conclusion.: A new approach for dynamic system identification has been attempted that involves
the application of a neural network architecture based on the Adaptive Resonance Theory. It has
been_shown:that it is possible to train the ART neural net offline {supervised learning modé) to
identify the parameters of a systern based upon attributes of its response to standard test signals. A
simple indirect adaptive control scheme was formulated, implemented and tested to assess the
performance of the network that was incorporated as the online system identifier in the control
loop. Experimental results suggest that identification provided by the network is accurate within the
resolution of the training data, and its is possible to control a low order plant whose parameters are
either unknown or are ime varying. The off line training of the network was found to be fast with
the training experimental data set being presented to the network only once.
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A Neurocontroller with Guaranteed Performance for Rigid Robots
Allon Guez J.W. Selinsky

Drexel University, ECE Department
32nd and Chestnut St., Philadelphia, PA 19104

Summary

In this article, we propose and-evaluate a neural network based adaptive controller for rigid
robots. The proposed neurocontroller incorporates a priori knowledge of the robot's dynamic
structure so as to provide proven trajectory tracking and parameter identification. A theorem
regarding constructive sufficient conditions for asymptotically stable closed loop learning is stated
and used in the design of Exploratory Schedules (ES). ES are reference trajectories which are
specifically designed to provide efficient learning. In neurocomputing, ES are the training
samples/examples that are used to modify the network architecture during learning. We specify the
ES as a desired trajectory that is to be followed to do learning while the-manipulator is not doing
other useful tasks.

Simulation results of a 2 degrees of freedom (DOF) manipulator are given.
Rigid Robot Dynami

The Lagrange-Euler formulation of rigid robot dynamics [1], has the form

1= Y[q,9,9,4]9 9]
where Y(q,4,4,4) is-an n x p time varying matrix of known and generally-nonlinear functions, @ is

ap x 1 vector of constant parameters. T isan n x 1 vector of joint torques, q is an n x 1 vector of
joint coordinates, and n is the number-of degrees of freedom.

\

~ When (1) is written in terms of the individual torques at each joint, it.can be viewed as-a-single

layer linear network, where the inputs to the network-are the Y; [] and the weights are the Q
12103). TheY; [] are-transcendentil.algebraic functions-of the manipulators states -and-may be

realized via fcedforward neural retworks that are trained with a suitable learning algorithm.

Let qd, qd G4 designate the iesired trajectory. Following [4] define the virtual reference
trajectory g, 4, and the virtual tra-ectory velocity error:é,

4, =q4-Ace, Ge=qq-Ad, 6 =4-9 =¢-Ac (2)
where e[t] = q[t]-qq[t] is the jo:r: eordinate error, and'A is a positive definite matrix with constant
coefficients. ’

The output of the neurocon:-olier mplements the control law

p
= I VGled G0y by, 3

where @ denotes the estimate of () Equation 131> 3+ + ~en shown to be asymptotically stable when
the learning rule




n
A 1 1] . [ X3 . .
®j=.-21-K_ai;Yij[q’ q, qr'qr'] eri ' i=12,..,p. )
1=
is-used [4].
Notice in equation (4) the similarity to the LMS learning rule (see [S]) where the weight change

is proportional to-the error € and the input features X. In equation (4)-the input features are the
Yij[.] functions and the error is é,.i .

Figure 1 shows the internal structure of the proposed neurocontroller for joint i. Each
feedforward network module is trained to provide one of the Yj;{q,q,4,dr] functions. This
training can be done offline since the Yj;[q,d,qr,d;] functions are known a priori
and are the same for all rigid robots of the same kinematics and number of
degrees of freedom. The inputs to the neurocontroller are the components of the trajectories as

required. The outputs of the neurocontroller are the control torques to be applied at each joint of
the manipulator.

Y s - . \]c E l I S l :“Il E s
Theorem 1 [6]: Ifp <n, and if

lim t-> oo , )

then the controller specified by equations (3) and (4) guarantees global asymptotic tracking and

parameter identification i.e. q(t)-> qy(t), and B(t) ->-B(t).
Lemma 1[7); @->0 V @Rk, k<n, such that @s not containediin

N

Y—[fqddd,dd,fw )

lim t-> o (6)

where N(.) denotes the null space of the matrix (.), and denotes the parameter estimation error
vector. The implication of lemma 1 is that if, k<n parameters are not:in the null space-of equation

(6) then the components of the parameter estimation-error vector corresponding to the k parameters
are-zero.

Design of Exploratory Schedules

Lemma 1 implies desired trajectosies (which specify q4,04,d4 ) can be designed such that k<n
specific columns-of Y[ q dqd,qd.zg J will be linearly independent in the limit. The exploratory
schedule then consists of a sequence of desired trajectories which-are designed to-leam different
components of the parameter estimation vector 3, where the number of desired trajectories is such

that all p components of B are identified.

Simulation Resuits; 2 DOF Manipulator

The simulation-results reported were obtzined using exactly computed values of the Yl
functions, rather than the three-layer neural network form. This simulation provides experimental

verification of lemma 1. The dimension of Y(q, 4, 4;,q;] in the 2 DOF case is 2 x 5 so that p>n,




and at most 2 parameters can be-guaranteed to be learned simultaneously.

The Exploratory Schedulefor the 2 DOF manipulator (see figure 2) consists of a sequence-of
three desired trajectories so chosen as to guarantee learning of different parameters. In xajectory 1,
@4 and @5 are leamned. The time period corresponding to trajectory 1is 0 £t < 4.2, In trajectory
2, @y is learned. The time period corresponding to trajectory 2 is 4.2 St < 7.3. In trajectory 3,
@) and @; are learned. Trajectory 3 corresponds to the time period 7.3 <t < 10.3.

The time period corresponding to identification of @4 and @5 is 0 St <4.2. As can be seen in
figures 3 to 6, the parameter estimation error for @, and @ approaches zero-as all joint errors
approach zero at t= 4.2, The:time period corresponding to-identification of @3 is 4.2 <t < 7.3.
The parameter estimation error for @3 approaches zero as all joint errors approach zero at t=7.3.
Parameters 2, and @, are identified during the time pericd 7.3 <t < 10.3.

figure 3: Joint position error during ES.
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figure 4: Joint velocity error during ES.
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Abstract

Distributed detection and estimation, and sensor
fusion, are at present topics of intensive research due o
the variety of systems which employ different sensing
devices at geographically separated sites for tasks such
as- target detection and tracking, diversity in
communications and threat classification. In this study,
we demonstrate a simple distributed-detection scheme
whose probability of emror can be calculated analytically,
and show that it corresponds 1o a two-layer network of
binary threshold elements. We proceed to assume that
the sensors and the fusion center are subject to sudden
unpredictable changes in the enviroament that they
survey, and show how learning algorithms can be used
in order to maintain good performance, in spite of these
changes. We conclude with an example, involving five
unequal sensors which distinguish between two
time-varying Gaussian populations of different means.

LIntoducsion and statement of the problem

The term sensor fusion is used to describe the
mechanism for combining data from distributed sensors.
The fusion is usually performed for purposes of
detection or estimation, with applications such as: target
detection and estimation in radar systems, diversity in

digital communications systems and crime
countermeasures, For relevant references sce
Bar-Shalom and Fortmann (1988), Thomcpoulos et al,
(1987) and Riebman and Nolte (1987). In the present
Paper we concentrate on the distribuwed parallel detection
problem with binary local decisions, depicted in figure
1b. We consider a system which observes a
phenomenon H, through a set of sensors which may
have different operating principles, and may be located at
different sites. An example of the former casc is a
combination of radar active sensors, operating at
different frequencies (e.g. infrared and RF sensors); an
exaraple of the latter is an amray of receiving antennae,
located a different physical sites - for sparial diversity.

Each one of the front-end sensors, also called local
d:firor:, observes the phenomenon H, and makes a

Research supported in part by NSF grant IRI 8810186

local decision as to the existence (um+1) or
non-existence ( uy~ -1) of a target withia its volume of
coverage. This decision can be arrived at on the basis of
a single, multiple or sequential observations at the locai
detector's site. Typically, a likelihood ratio test will be
performed, with a decision threshold determined by the
objective function (usuaily a Bayesian risk or a
Neyman-Pearson criterion.) The caiculation of the
threshold typically involves ihe solution of a set of
coupled nonlinear algebraic equations, a task which can
become computationally untractable even for 2 moderate
number of sensors (e.g. Tsitsiklis and Athans (1985},
Reibmaa and Nolte (1988).)

The decisions of tnc local detectors are
transmitted to 2 global detector (the Data Fusion Center,
DFC) aver communication channels that are practically
noiseless. The DFC is to make a global decision about
the existence of the target (u=1: decide Hy, or u=-1:
decide H. )

Figure 1 depicts two sensor fusion sysiems
whici: differ in terms of the capability to transmit local
decisions to the DFC, The first case (figure 1a) is
applicable when all sensors are located at the same site,

or when the sensors are distributed, and the capacity of
the channels between the sensors and the DFC allows
practicaily error-free transmittal of the sensor
observations (z) to the central processing site. The DFC
obtains a vector of real observations, and its decision is
based on classical multiple-observation
hypothesis-testing theory (¢.g. Sage and Melsa (1971).)

When the sensors are distributed, and capacity
constraints do not allow the transmittal of the observation
(or when the sensors are at the same site - but central
processing capabilities are limited,) there is a need to
make partial decisions at the sensors’ sites, and transmit
those vartial decisions to the DFC. The extreme case
{(fully decentralized decision-making) is depicted in
Figure 1b. Here each sensor makes a local decision:
u,=1 if a target ic detected, and u;= -1 otherwise. Only
this binary decision is availabie at the DFC as the
contribution of the ith sensor to the decision process. The
DFC has to map the binary vector of local decisions into
the global decision,
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Figure 1: Multiple-observation hypothesis-testing
a) centralized system
b) fully-decentralized system

The basic questions that arise from the described
situation are:

1) What are the (oprimal and sub-optimal) configurations
that could be employed for the local sensors and for the
DFC when the system is fully informed: By fully
informed we mean that the statistics of the environment
are known to the local detectors and the DFC; and the
reliability of each local decision is known to the DFC in
terms of local probability of missed detection and the
probability of false alarm.

2) What is the performance that the fully-informed
decision maker achieves?

3) How can learning techniques be incorporated in the
decision-making schemes, such that unknown or
time-varying properties of the environment could be
extracted from available data, and used for adaptive
decision making?

The present paper contributes to the study of the
second and third problems. We are interested in
exploiting the ability of neural networks to leamn, in order
to maintain performance of the ‘ignorant’ distributed
configuration, which is close to that of the
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fully-informed system: such performance is to be
maintained, in spite of unpredictable changes in the
a-priori probabilities of the hypotheses and in the
signal-to-noise ratios at the individual sensor sites. We
develop, analyze and simuiate a parallel architecture with
local and global binary neurons as the decision-making
clements. These neurons adapt their weights and
thresholds to track the (unknown) parameters of the
environment which supplies them with data for decision
making.

Section II presents the distributed sensor configuration
that we study - which considers two hypotheses in the
observed environment, and non-communicating sensors.
The configuration is relatively casy to implement, but is
suboptimal with respect to a minimum probability of
error performance criterion, In section I we assume that
the individual sensors do not have access to the exact
statistics of the hypotheses that they examine, and that
the data fusion center does not have access 1o the cxact
performance of the individual sensors (their probabilites
of false alarms and missed-detections.) We present 2
stochastic-approximation rule which is used for leaming,
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in order to allow the system to achieve asymptotically the
performance of a system which is fully informed of the
pecessary probabilities. Finally, we present in section IV
the results of numerical studies of the performance of a
five-sensor target detection radar system, with unequal
and time-varying signal-to-noise ratios and a priori
pmb&bﬂiﬁc&

1. The distributed: T

The design of a distributud-sensor configuration
for minimizing the probability of error, a Bayesian cost
performance index, or a Neyman-Pearson criterion has
been the subject of many studies (sec Thomopoulos et al.

1987) and Reibman and Nolte (1987) for a list of
references.) The minimum probability of error critericn
which we are using kere is

on the local level

P =P(Ho) P, (uy= 1| Hy) + P(H) P, (wy=-1| H))

(12)
and on the global level
Peg = PHo) Py (u = 1] Ho) + P,(H,) P, (a = -1 Hy)
(1b)

The optimal local decision that is necessary in order to
minimize P.g does not minimize Py, in general. It has
been shown that the optimal local decision involves a
maximum-likelihood test with a2 threshold whose
calculation is coupled to that of the calculation of
thresholds for all other local detectors. We are using here
a simpler, and hence sub-optimal, configuration, where
¢ach detector makes its own local ninimum probability
of error detection, rather than the decision which
corresponds to the global minimum probability of error
decision,

We assume that the decision problem corresponds to
choosing one of two Gaussian populations with dufferent
means, In other words the detection system has to decide
whether its i observation z is

=y ] (2a)
or k=12,...,K
Zy=m+ vy (2b)

where the v, 's are independent with the probsbuty density

K
1
(27:01)2 26" yai

and K observations are used before a decision is made.
The local minimum probability of error decision is

Pv(a)=

11-59

s

““-‘O Pr(HG) Km
0'\(—2 wEEtz o @

In this case one can express analytically the local
probability of error, as well as the local probability of a
missed detection and the local probability of false alanm
(Sage and Melsa {1971), p. 130):

YKn
1 1< 1 _S
23T~ 7 —ch 2 ds (4a2)
% V
X
g om 1 __S:
Py= —‘ITR.C 2 ds (4b)
r s
Pp = L‘f_._e T ds )

Assuming now that each local detector (with its ow » o,
Py and Pgp) makes a decision according to cquition ?),
the global minimum-probability-of-error decision, given
the local decision rules is (Chair and Varshney (1986)):

-]

Decide uy =1 if ao+2aiu, >0
i=]

Decide y; = -1 otherwise 5)

where
P(H
3= logPEH;; (62)
= Py - Pry
-=-log P (ui+1)+ log ” (I-y)

(6b)
The overall probabilities of missed detection and false
alarm can be calculated for this sysiem as well - appendix
A gives the details. When the noise variances at the local
detectors are equal, the answer is

Q
Pug=1- Z(])(I"PM)J P’ Ul Ag+a 2 -m) (72)
0

Prs = i() PL (1-Pp)" U[ Ag+a (2 ~ )] ()
0

where

P(H,) n_ Py(1-Py

- n 7
Ao=In 5y * 710 B (P (e
I Py(l=Py)
=L Pu-Py) 7
3=7 B P A
U(.) is the unit step function,

and Py and Pghave been defined in equation (4).
From examination of equations (4) and (€), we note that
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the distributed decision system is a two-layer binary
ncural network. The local detectors have K real inputs
and one binary output each (K = number of observations
per decision,) and the data fusion center: n binary inputs
and one binary global decision output (n= number of
sensors.) Figure 2 depicts the overall system.

1L On-line Leami

So far we have assumed that the local detectors and the
DFC know the a priori probability (P(Hg)), and that the
DFC knows the probabilities of missed detection and
false alarm (Pyy; and Pg;) of each of the sensors which
feed it with information. When these probabilities are not
availzble, we use simple stochastic approximation rules
in order to estimate them. These rules have been
successfully used in other neural network learning
applications (e.g. Kohonen (1988), Kam et al. (1988)).

Appraasnation of the & priori probabilities
At the local detector level
1- A
B =B+ (2 -Bra®) e

a @ . . K1Y
where P;(Hq)™ is the estimate of P(Hp) at the i” local

detector at the X time step; and a is the learning constant

atthat detector, 0 < a; < 1.

At the DFC level
Prrc(H ™" = Bore(He)® +
L PN
e | =3 pec(Ho) &)

where Pope(H™ is the estimate of P(Ho) at the DFC
atthe K time step; and dtpp- is the leaming constant

O<am<1.

Approximation of the error probabilities

At the DFC level
§m ®D 2 §Mi ®
~ugtl A u+l
pore (S5 - Faa®) (421) 3)
%n =+ = ﬁp{ ®) +
u+l —u+l
ﬂD*’C( 5~ Pr m)( 3 ) (%)

where ?’W ® and f’,.«, ® are the estimates of Py; and
P g at the i local detector at the k™ time step;

and Bppc is the corresponding learning constant
atthe DFC, 0 < Bppc < 1.
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"} while thesc approximation rules do exhibit a.s. 10

. coavergence, they nevertheless are very useful in many LI

i applications that call for on-line parameter estimation. The L oec

esgmated values in equations (8) and (9) are used in the 034

decision rules (3) and (5) - to yield the global decision,
u.
.\ . ﬁ . l . [ .

! We consider a fusion system for target detection using
7 five unequal detectors. The system has been simulated

: Sersor $
S on an IBM-AT using Turbo PASCAL 5.0. The MM/\/\A/

presented results were obtained via Monte-Carlo Y
simulations.
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Probabllity al Correct Oecislon
“%

20 40 (1] 80 100
Time Step

CASE [ Static environment lz"igumd?: The probability of correct decision for: sensors
We have studied 'a system ?f ﬁvc. sensors in Gaussian r&u';-r;n o n;*; mn;:goiagnfgl&'cg%o(LDFC): and the
white noiss with signal to noise ratios:

Sensor 1 50 dB 10
Sensor 2: 3.0 dB F1 OFC
Sensor 3 0.0 dB
3 Sensor 4: -3.0 dB
Sensor 3: -5.0 dB

Figures 3a,b show the probability of correct decision P,

LTy~
o

g Pad 2 f o el Y,

094 LORe
= |-P,) versus time, for sensors 2,3, and 5, along with
3 the results for the fully-informed DFC' and the learning
{ DFC.

We observe that both DFC's .serform on average better
than each sensor alone. Morcover, the learning DIC o8 : . ' .
gradually approaches the performance of the 0 20 40 60 90 100
fully-informed DEC, Time Ste

Figures 4 b show the DFC weights (g; in equation (6)) Figure 3b: The probability of correct decision for the learning
for sensors 2,3, and §. Weights are shown for the case data fusion center (L.DFC) and the fully informed data fusion

Prodabllily of Correct Declslon

l- - - — N s
6 eyl s : .

of a present target (figure 42) and the case of no target in center (F.LDFC).
sight (figure 4b.) The horizontal lines are the weights for 2
2 fully-informed DFC, the other curves cormrespond to the . 2 FIORC2
leaming DFC, g 28,
We observe that, as expected, unreliable sensors (like 5) _:. 3 241 Sersor 2
have tower weights than more reliable sensors (like 2). 5‘-: ’5 zz:
1 Moreover, the learned weights converge to the values of ;5 f 20 A
¥ thefullyinformed DFC, PR b S
3 CASEI: Time-varying environment - varving SNR TN
We now introduce an abrupt change (from -5.0 dB to 2 ] _FIpecs Sensor s
% 50 dBY in the signai 1o noise ratio at sensor five, f By i
A2 halfway into the simulation (after 50 time steps.) In 121
% figure 52 we show one 100-step run for the probability 10 r v R g
l of correct decision for sensor 5, the learning and ° 2 ‘:ms‘ e s 100
X fully-informed DEC's. We observe the expected ”
3 improvement in the probability of correct decision for _
l bot.h the sensor and the DFC's. Figure 5b shows the fc’,%;’;fs ;?3 aT,,'&"s'fx';%g'fﬁcﬁ?cia,’f%&iég, ‘hiefrc:&sil%’;su?:
: weights for sensors 2,3 and 5. The weights of (the data fusion center (L. DFC) and fixed for the fully informed
i : data fusion center (F.LDFC).
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Figure 4b: The weights, associated with the decisions of
sensors 2,3 and 5 when the target is not present - leamed
weights by the data fusion center (L. DFC) and fixed weights
for the fully-informed data fusion center (F.I.DFC).
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Figure 5a: The probability of correct decision for sensor S, the
leamning data fusion center (L.DFC) and the fully informed data
fusion center (F.LDFC). A step change in the SNR of sensor
5, from -5dB to $dB, is introduced after SO ume steps,

resulting in an improvement of the performance of sensor S and
the DFC's,

0
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Figure 5b: The weights, associated with the decisions of
sensors 2,3 and S when a target is not present, leamed by the
data fusion center (L. DFC) and fixed for the fully informed
data fusion center (F.LDFC). A step change in the SNR of
sensor 5, from -5dB to 5dB, is introduced at 50 time steps.
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learning) sensor 5 are shown to converge asymptoticaily
to the optimal a; weights of equation (6) (the horizonta}

lines.)
bl

We now change the a priori probability of }‘-{o from 0.3
to 0.7 halfway into the simulation (after 50 time steps.)
In figure 6a we show one 100-step run for the
probability of correct decision using th= leamirg DFC
and the fully-informed DFC. We observe that the
iearning system experiences a performance degradation
after the probability change, but is able to recover,
through leaming, in a short period. The recovery is due
to the restoration of correct estimates for the a-priori
probabilitics, as shown for the sensors in figure 6b. In
figures 6¢,d we show convergence to the optimal
weights both before and after the a priori probability
change.

10

Probabllity of Cotrect Declslon

08
a pnod
probabibly change
07 v pr— R L AR S
° 20 ¢ 80 80 100
Time Step

Figure 6a: The probability of correct decision for the leamning
data fusion center (L.DFC) and the fully-informed data fusion
center (F.I.DFC). A step change in the probability of a target
being present from 0.7 to 0.3 is introduced after 50 time steps,
resulting in a temporary degradation in performance of the
leaming DFC (L. DFC.)

Conclusion

We have considered a distributed detection system
whose performance, in terms of probability of error, can
be calculated analytically. We have shown that the
systemn can be realized as a iwo-layer network of binary
threshold elements, and that the weights of these
clements can be estimated, using on-line stochastic-
approximation rules to form an adaptive detection
system, The results are applicable to systems which use
a variety of sensors located in separated geographical
locations for decision making. Further research is
aecessary in order (¢ determine an adaptation scheme for
the leaming constants: high leaming constants encourage
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Figure 6b: The probability of 2 target not being present, leamed
locally by sensors 2,3 and S5, compared with the actual value
known to the fully-informed data fusion center (F.LDFC). A
step change in the the probability of a target being present, from
0.7 10 0.3, is introduced after 50 time steps.
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Figure 6d: The weights, associated with the decisions of
sensors 2,3 and 5 when a target is present - leamed by the data
fusion center (L. DFC) and fixed for the fully-informed data
fusion center (F.LDFC). A step change in the probability of a

target being present, from 0.7 to 0.3, is introduced after 50

30 time steps.
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Figure 6¢: The weights, associated with the decisions of
sensors 2,3 and 5 when a target is not present - leamed by the
data fusion center (L. DFC) and fixed for the fully-informed
data fusion center (F.1LDFC). A step change in the probability

of a target being present, from 0.7 to 0.3, is introduced after 50
ume steps.

We consider first the case of equal noise variances at the local
detector. All detectors use the same detection scheme, have the
same threshold and the same probabilities of missed detections and

the quick leaming of changes, but suffer from high false alarms.

variance in the estimates. Small learning constants

requirz long settling times. The solution - adaptive

learning constants - should imitate adaptation Let
mechanisms in similar systems, ¢.g. delta modulation in

digital communications.

sosadia 4 Pt e disarbued feums

The overall expression for the sufficient statistic of the Chair and
Varshney's (u 1986) DFC is

]
1
k=ao+zaiui ) X= 2 [hzluﬁnJ

" 1 ( « is the number of 1's in the observation vector at the DFC.)
€r¢ 24 and a; have baen defined in equation (6). This expression Clearly,

can be re-wri
re-written as P(x=j|H,) = (;‘) ph oo (A4)

Prmi=Pyp=...=2Pyy, =Py

P

Ppy=Pp=...=Py, =P

S

P(up=+1[Hp) = py

P(yj=-1|Hy) =1-p, = q
where k = 0,1
Let x be the random variable

U ATV A PR S )
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ji=0L..,n
Equal variances We assume now that the noise variance is the
same for all sensors. .

Under this condition, a* coefficients of u; are the same and equal
to

1, Py (1-Py)

R TS =) “)

A now has the probability density
Paln A Hy =

i (‘-')PL%"" S~ (Ag+2(2f-n])) (A6)

=

waere &) is the Diruc delta function.
Vhe global probabilities of missed detection and false alarm can
now be found by integrating:
0
Puo= LPA L, (MH, ) dA

= Z(}‘)(l - Py P UL a(n-2i) ~ Aq)
=0

Ppg = J:PAluo(llHo)dl

a
- 2(?)?}(1 -Pp) T UL a(2j-n) + Ag)

j=0

(A7-1)

(A7-2)

Equation A7 can also be written as

Pro= g‘,(}‘)ml -pY

P(H,) 1-Pg
i ‘"(P(Hl))”’"("ﬁ}‘)
1-p 1-P,
() 5)
1

Py=1- Z(;‘) (1= Py)'@™

=0

P(Ho) 1-Pp)
“‘(P"(Hl))*“’“ ('ﬁ?)

- 1-Py 1-Pg
o))

Non-equal vardances We present an algonthm to find the error
probabilities for the case of non-equal noise variances of the
detectors. We consider first the second terin in equation A-1:

9 o
1
ll= ‘E(Al + Bi) )ui = Z Y%
=l

i=}

(A8-1)

(A8-2)

with

A#Bl)

pring(t o) = Py 8 (2021 4

(1-Pr) 85 +22)

due to statistical indeper *ence of the terms,
Pa, LM | Hol= pri(n) * pra( * = ¢ pra(? (A1)

We consider the set of 29 binary tuples that can appear as an inpyg

vector to the DFC, We use the index kn G, 1, .. ., 29.1 1o

distinguish between the diffcrent tuples. The probability

(A9)

distribution of 4, under assumption Hy is

21
Pl M Ho) = 2 Wy 8z - ) (ALD)

om0

where

8 1+u =n
Weliy = ITWFOTE (1- PFi)“fE'
i=1

Lhuy
- ~r( Py YT
[Ta-reo [1(255)
] =l
and uy is the i bit of the k™ tuple,

and
a
A+By
b =Z“'"'2""“u
=l

To find the probability of false a'a m, we shall sum all weights

(Al2)

(A13)

Wy such that their corresponding @, > -Aq. The calculation of the
probability of missed detections follows a similar path.
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A neuromorphic unsupervised parallel distributed adaptive
controller for a class of nonlinear systems is proposed. It is shown to
provide bounded tracking and asymptotic regulation following a class
of 'teacher models." A double:link planar manipulator example is
provided for a simulative illustration of the properties of the

1. PROBLEM FORMULATION
An unsupervised distributed parallel computing architecture is
proposed for the adaptive control of nonlinear dynamic systems of

the class
X (1) = A()X(t) + B(x)u(t) m
(1) = C(x)x(t) + D(x)ult) ()

with some degree or other of uncertainty, where x(t)e R" is the plant

state vector. y(t)e R™ is the output vector, and u(t)e R™ is the input
command vector, and where A(x), B(x), C(x), and D(x) are
uniformly bounded matrices of corresponding dimensions. This
representation includes the linear time invariant systems and allows
for extentions of the following-presentation to certain classes of
nonlinear systems like manipulators.

Figure 1 presents a scnematic illustration of a common problem

in modern control. If perfect knowledge on the parameters © of the
linear plant 1s available, one has many ways to design his "best”
controller represented here by the fixed gains K. Since pcx;\fect

knowledge is not available, in general, one uses some estimate © of
the parameters of the plant to design the "best" controller f(. based
on this estimate. The controller K must control the real-world plant
©, and it is not necessarily a good contro'ler for this real plant. Still,

A
there is some domain where any fixed gains K would guarantee, at
least, stability of the control system. However, 1n order to achieve
better performance, modern control usually employs time-varying
nonlinear, adaptive, or intelligent algorithms to compute dvnamic

» A >
estimates of the parameters ©(t) of the plant, or directly the
parameters of the controller, which are thus nonstationary or

A

nonlinear functions K(t). But before mentioning performance, how
can we guarantee stability of these nonstationary systems. Intuitively,
one may assume that if the nonstationary gains leave-the stability
region that was established for the fixed gains, one might get into
troubles. Unfortunately, stability with nonstationary gains is not
guaranteed, in general, even if one 1s cautious and does impose upon
the variable gains the bounds of stability that were established for the
fixed-gains K {1].

Therefore, nonstationary or-nonlinear controllers-must usually
assume slow variation of the estimated parameters and of the control
gains (which then makes them "almost” fixed). Most adaptive
methods, in particular, require external persistent excitation (to
guarantee convergence of the parameters), and assume the prior

This-paper is based upon research supported in-part by
Drexel University's Stein Fellowship Foundation.and by
AFOSR grant No. 890010

IEEE
NEUROMORPHIC ADAPTIVE CONTROL [ I 9J
Izhak Bar-Kana and Allon Guez
ECE Dept.,, Drexel University, Philadelphia, PA 19104
knowiedge or an upper bound on the order of the unknown controlled
ABSTRACT plant. Prior knowledge on the pole-excess in the plant is also needed.

This knowledge is needed for design and then used to implement
obs_ervcr~based controllers of the same order as the plant (2].

BOUNDARY OF
STABILITY WITH
FIXED GAINS

Figure 1: The modem control problem.

"We propose a nonlinear neuromorphic adaptive controller that
maintains stability under the same bounds that would guarantee
stability with fixed linear controllers. The proposed controller is
depicted in Figure 2 below: It consists of a teacher mode! which
incorporates the knowledge regarding the desired input/output
plant response as well as *he repertoir of reference commands that
the system may be subjected to.

>-

NEURO-
TEACHER ONTROLLER

PROCESS

Egs. - Eqs. Eqgs.
| 6@ @ | Y mof 1)

REFERENCE

CONTROL OUTPUT

Figure 2: Proposed Neurocontrotler

The teacher dynamic model is assumed to have the following
representation:

X(1) = Axx, (1) + By(xpu,t) 3)
¥(0) = Cyxx(1) + D(xu(r) 10))

where x,(t)e R™ is the state vector, y,(t)e R™ is the output vector, and

u,()e R™ is the input command vector, and where A (x,), Bi(x)),
C\(x)), and Dy(x,) are uniformly bounded matrices of corresponding
dimensions. It is emphasized that the dimension of the model is
unrestricted, except that dim(y,) = dim(y) = m.




The parallel distributed adapave controller has structure similar to
the LMS adapuve layer (3], and to many other neurocontroller
architectures [4]. It receives the input ‘features' vector f(u,, x,, ¥)
and generates as an output the process control vector

u(t) = K, x, ¥) (5)

where K(t) is the adaptive gain matrix of appropriate dimension.
Each K;; gain monitors the sensitivity of the i-th control, namely u;.
10 the j-th feature of the system, namely f;(u,, x,, ¥) and may be
viewed as the state of the ij-th neuron (Fig. 3).

a)
y
; Feature
\ f
u, [Generaton Neural u’
Net
Teacking
f,
J
e .3y -y
ilt,
1j-th
Neuron

Figure 3 - Neurocontroller Architecture
a) General Block Diagram b)ij-th Neuron Architecture.

The Kjj gain adjusts 1ts value independently of, and
simultaneosly with all other gains, according to the adapuve rule:

K‘J(t) = Mi’(l) + Ni)(l) (6)
,\lli,([) = aij()'q - )fj (7
BNy = - BN+ Tyly - %06 @®)

where ay, B;; and v, are positive constants. We emphasize that the
adaptation law (6)-(8) is similar in swructure to the Widrow-Hoff rule
(3] modified with a momentum term. We will show later that the
modified structure also includes a supplementary term which takes
care of the stabilization of unstable-systems. [he adaptation is
performed in parallel and in a distributed fashion. that is. the K;
gain only needs data from the j-th feature and i-th output
components. Thus, very large scale dynamic systems may be
considered for this controller. The adaptive gans consist of (wo
terms: a "proportional” term, M; (1), and-an "integral” term. N;(0).
Notice that the role of the teacher (3)-(4) is to demonstrate to the
adaptive controller what should be the appropriate and desxrc}i
response y, for any specified reference input up. Since the teacher's

model is incorporated in the controller structure (Figure 2), it yields
the so-cailed "unsupervised' learning or adaptation.

For the above described control architecture we use recent results
by Bar-Kana [5, 6] to show that, under some realistic assumptions,
large classes of nonlinear plants of the form (1)-(2) with adaptive
controllers of the form (5)-(8) can perform good trajectory wacking
and also guarantee robust adaptive stabilization in the presence of any
bounded input commands and input or output diswurbances.
Furthermore. this adaptive controller has ben shown to have good
graceful degradation ( or fault resistant ) properties with control
failure or fast changes of plant parameters {7].

MAIN RESULTS
We describe below a summary of our main results regarding the
performance of the controller in (6), (7), and (8). We will assume
that if a plant is stabilizable, the resulting stable configuration is
"exponentially stable" as defined below:
DEFINITION 1 (Hahn) {8): Let the general nonlinear system

be represented by the n th-order vectorial equation x (1) = f(x,t) and
let x=0 be an equilibrium point. The equilibrium point is called
“exponentially stable” if all sotutions x(t) satisfy the relation Ix(t)!

<o ixO) e™ for some scalars o > 0and f > 0.
THEOREM 1 (8): Let the right hand of the equation x (1) =
f(x.t) have bounded continuous first order partial derivatives. Let the

equilibrium be exponentially stable. Then there exists a
Lyapunov function V(x,t) which satisfies estimates of the form

1.1 oy Ix( < V(x, 1) S & Ix()I
1.2 Ux, 0 < - o Ix(P

IV(x.t) 2
1.3 ITIS X, i=1,2,00n,
x; ag XN, i n

for &y, a5, a3, and e, positive constants.
Because we deal with nonlinear systems we cannot expect 10
show, like in linear ume-invariant systems, existence of1p051t1ve

definite quadratic Lyapunov functions of the form V(x) = x (t)Px(t)
where P is constant and positive definite. However, after some
experience with specific nonlinear systems like robots, and because
we testrict our discussion to nonlinear systems linear in control of the
form (1)-(2). we assume that exponental stability of the autonomous

system (1), with u(t) = 0, implies existence of Lyapunov functions
V(x) which are not explicit functions of time. Also, since then we can
always write V(xr:—xT(t)P(x)x(t) and thus Mx) = xT(t)l'Rx) +

PEOAXIFATRP)Ix() or Mx) = - X (OQX)x(t), we will use in
the subsequent discution the following assumption:
ASSUMPTION 1: Exponential stability of the autonomous

sysiem (1) (with u(t) = 0) implies existence of Lyapunov functions
of the form V(x) = meP(x)x(() and denvative of the form Mx) = -

xT(nQ(x)x(t). where-P(x) and Q(x) are positive definite for all x €
After establishing-the basic definitions and facts. we can start
presenung the properties of the neuromorphic adaptive controiler, A

first result will illuszrate the stabilizing properties of the main term of
the nonhinear adaptive controller that we propose. To this end. et us
awume that the plant

X0 = AX)X()-+ Blxu(t) 9
v(t) = Clx)x(t) (10)
can be stabilized by some constant output feedback. K, [n other

words, t'he resulting (fictitious) closed-loop siystem s
exponentialiy stable according to assumption 1. Let us detine the

¥,(0) 2 y(t) + Du(v (h
where D = K; and use the adaptive algorithm

u(t) = - K()y,(t) (12)
with the integral adaptivc gain K(t) = N(t) given by

N = v, 0y, OF (13)




Fn——

(where I is a selected positive definite scaling matrix) or (for each
scalar gain)

d N =y (14)

dt i YI)YIinj

THEOREM 2: The simpde aigorithm (12)-(14) guarantees
boundedness of all values ingolved in the adaptation process,

namely, states, outputs, and sdaptive gains, and asymptotically
perfect regulation for the augmensed system

X (1) = AG)x(1) + Bx)u(t) (15)
y(t) = C(x)x(t) (16)
¥4(t) = y(1) + Du(t) = C(x)x(t) + Du(?) an

such that y(t) = 0 and y,(t) = 0 ast — . The gains are bounded
and ultimately reach constant values (Appendix A). It is worth
mentioning that Ky can be any stabilizing constant gaimn. Actually,
some esumate of the maximal admissible gan 1s sufficient to
guarantee stability of the adaptive controller, with no dependence on
the rate of variation of the gains.

We want to use the stabilizing nonlinear algorithm (12), in
combination with other adaptive terms tn order to implement a stable
trajectory-following adaptive algorithm. Let the teacher generate the
desired trajectories that the plant must follow. Let the feature vector

fup %o 1) =[G T Koy ' (18)
where f(u,, X, y) uses all values that can be measured, like the input
commands, the teacher’s states, and the tracking errors. We could try
to use the adaptive algorithm

Kij(t) = Mu(t) + Nij(t) (19)
Mi](') = al,(yli -Yi )fj (20)
SN0 =104 %), @h

for perfect tracking in idealistic environments. However, we are
aware that (19)-(21) must further be adjusted to be applicable in
realistic environments. It is clear that the perfect integrator in (21)
increases without bound whenever perfect tracking is not possible.
Since the nonlinear system includes uncertainnes that we do not
assume to know or identify, and since moreover, input and output
disturbances may usually be present, we do not try to proof perfect
wacking, which could be obtained 1n some 1deal situanon, but rather
concentrate onrobust stability under nonideal conditions. By “robust
stabiliry” we mean boundness of all values involved in the
adaptation process like states, adaptive gains and errors, and tracking
with arbitrarily small tracking errors. Perfect tracking in dealistic
conditions is a particular case of the general robust tracking under
nonideal conditions. The only modification of (19)-(21) needed to
guarantee robustness of the adaptive system 1s the addion of the by-

pass term -BiiNu(t) to the right term of (21), which gives the
complete adaptive algorithm (5)-(8). It can be shown that under the
assumptions of theorem 2, the adaptive algonithm (5)-(8) guarantees
robust stability of the system (15)-(17) [9].

It is also worth mentioning that we assumed output stabilizability
via constant feedback only for a simple introduction of parallel
feedforward . Let us assume now that the plant nceds some general
dynamuc configuration ¢0 reach stability. Specifically, if G() 1s some
nonlinear system of the form (9)-(10) and if H: { Ay By, Cp.o D) fis
a stabilizing controller, the adaptive algorithm (5)-(8) guarantees
robust seability of the augmented system G,(-) = G{:) + H! [9).
More important, when nonphysical improper linear controllers H are
desireded to control the nonlinear plant, we can use thewr proper
inverse in parallel with the plant. This way, we only use the
knowledge on the exiszence of an improper controller and actually
use a proper configuration in parallel with our plant. Specifically, as
in the case of nonlinear robotic manipulators, PD controllers of the
form H(s) = K(14qs) can stabilize the manipulators, and if K is very

large, we can get very good tracking in ideal situation. However, in
practice we do not want to employ either differentiators or high gains
in control loops and indeed, the adaptive controller only uses the
knowledge on their mere existence, to implement simple first order

poles of the form H'(s)= T%{ in parallel with the plant, where Dee

K"canbcavcrysmallgain.
Notice that we do not guarantee any more that the t is
perfectly tracking, because the best we can obtain is y,(t) = y(t) +

Du(t) - y(t), although we actually want y(t) - y,(t). Still, if the
maximal admissible gain Kp,,, is large compared with the gain of
the plant, then we can use D=K,,,L and get y,(t) = y(t) + Du(t) = y(t).
For a quite common example, assume that the gain of the plant is 10
and the maximal stabilizing gain K, = 100. Then we use D =
1/100 = 0.01 in parallel with 10 and, as the illustrations bellow and
the references show, y,(t) = y(t) for all practical purposes.

ROBOTIC EXAMPLE
In this section we apply the proposed neurocontroller (5)-(8) to
position control of a double link planar manipulator [10). This
example contains all major dynamical components such as gravity,
Coriolis and centripetal terms.

Figure 4 - Double link Manipulator

Figure 4 describes the double link system configuration. The
equations of motion are:

u = D”él + Dlzéz + D(ezz + 28]8» + D]
U = Dlzél + Dnez - Delz + Dz

(22)
(23

where
L;=0.1m, Ly=0.1m, m, =0.6kg my=06kg g=10 m/s%,
Dy; = (my+ my)L{ +myL3 +2myLyLycos®,,
Dj2 = myL} + myL,Lycos®,,
Dap= mylJ,
D = -myL,Lsin8,,
D, =(my+ my)gL,sinB,+m,gL,sin(8,+86,),
D2 = nglqsin(el'*' 82).
and wheie g 1s gravity, u; and u; are torques at the first and second

joints, m, and m,are masses, and L, and L, are lengths of the first
and second link correspondingly.

We only employ posiion measurements and the outputs of the
plant are

=6 (24)
v:=6, (25)
For the teacher we used the simple decoupled model:
25 0 1 0
X(t) = }wu[ ]m (26)
0 -25 01




1 0
y‘(t)=[0 1}!‘(1) 2N

and the adaptive control system was tested with demanding square-
wave input commands. In paralel with the plant (22)-(25) we employ
the supplementary feedforward QS. 11}

001 0

y8) = "= u(s) (28)

and the adaptation coefficients were
oy = 1, = 100000.; B;;=0.01 (29)

Results of simulations are shown in Figure 5. Figure Sa
compares the first plant and model output, and figure 5b shows the
secord output. Figure 5S¢ shows, for ilustration, the behavior of the
adaptive gains K;;(t) and Ko,(t). It can be seen how the adaptive gain
moves up-and-down in accord with the specific operational needs.
Figure 5d represents the norm of all plant states, to show that no
hidden state diverges. All values remained bounded while the plant
tracked with small errors, although we used only position (no
velocity and no acceleration) output measurements.
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(d) Norm of all plant states.
CONCLUSIONS
This paper presents a newromorphic computing architecture for

adapuve control. Starting with some prior assumptions about
stabilizability of the plants it results in a stable unsupervized
architecture. The feasibility of the method is demonstrated on an
example of robotic manipulator.

APPENDIX A - PROOF OF THEOREM 2

It is easy to see that by using the controlier

0(0) = Koy () + upelt) (A1)

with (15)-(17), we get the closed-loop system (Figs. 6 and 7

X1) = A(X)X(t) + B,(x)u(t) (A.2)
Yo(t) = C(x)x(t) + Dou(t) (A.3)
where '
A(x) = A(x) - B(x)K(x)C(x) (A.9)
Kee(x) =K {1+DK, )" =1+ KD 'K, (A.5)
B.(x) = Bx)[ 1+ KD J-! (A.6)
C.(x)=[1+DK,]1C(x) (A7)
D.={1+DK,}"D=D[1+K.D (A.8)

where D > 0 and D, > 0, which means that D and D, are positive

definite.

B(x)

A(x) ]

K¢
N

PLANT

Figure 6: The closed-loop configuration.

Figure 7: The equivalent closed-loop system.

DECINITION 3. The closed-loop system (A.2) - (A3) is

ansar e S1 g L0 0 ¢

called ”smcll.y assive” (SP) if 1t sausfies the following relations

P(x) + P()A(X) + AT(x)P(x) = -Q(x) - LT(x)L(x) (A9)
P(x)B(x) = CT(x) - LT(x)W (A.10)
D, + DT = WTW (A.11)

for some uniformly bounded positive definite matrices, P(x) and
Q(x), and some matrices L(x)e R™® and We R™*™, and where




dP(x) dx
=S G

DEFINITIg?‘J 3: The augmented open-loop system (15) - (17)
is called “almost strictly passive” (ASP) if there exists a posiuve
definite static feedback matnx K, (unknown and not needed for any
implementation) such that the resulting closed-loop system (A.2)-
(A.3) is strictly passive (SP).

LEMMA 1: If K, stabilizes (9)-(10), then the augmented open-
loop (15)-(17) is "almost strictly passive” (ASP) (6.

The lemma and the various definitions will be used for the proof of
Theorem 2. The adaptive control system of (15)-(17) with the
adaptive controler (12)-(13) is

¥.(8) = C(x)x(2) + Du(t) = C(x)x(t) - DN(1)y () (A.12)
¥4(1) = C(x)x(1) - D[N(1) - KJy,(t) - DK,y,(1) (A.13)
¥a(t) = [ 1+ DK, J1C(x)x(t) - [ 1+ DK, J'D[N(1) - Kly,(1)(A.14)

¥a(t) = Co(x)x(1) - DIN() - Ky (®) (A.15)

x(t) = A(x)x(t) - Bx)N(®)y, (1
= AX)X(t) - BOOKY (1) + B(X)K.y (1) - BX)N(1)y,(1)
= A(%)x(t) - BR)K.C.(x)x(2) + Bx)K.D[N(t) - K ]y,(t)
- BOOIN( - K.y (0
=[A(x) - BX)KC(x)Ix(1) -B(x)[N(1)-KcJy, (1)
= Ac(x)x(t) - BL(x)[N(1)-K,]y,(®) (A.16)

We must prove stability of all the values involved in the adaptation
process, like states, outputs, gains. Let us select the quadratic
Lyapunov function

V(@) = XOPCIX() + 1IN - KT (N@ - K] (A7)

where ir denotes trace and where K, denotes the unknown 1deal gan
that makes the plant stnctly passtve.. Notice that the second term 1n
(A.17) is only a short notaton for the sum of all terms of the form

[N,(0) - K1,]2/Yi). Therefore, (A.17) is a positive definite quadratic
function of all states and adaptive gains. The derivauve of the
Lyapunov function along the trajectorics of (13) and (A 16) is

V() = X7 POx() + xTOPX) X1 +X (O)PH)X()
+{(NE) - KT NI+ NOT TN - K)T)

= XD P () + PEOALX) + ATPR)X()
- X OPX)BR)INO-KJy,(0)
- yTOINOD-KJTBI)P()X(1)
+ u{(NQ) - KO Ty, 0y )
+ trfy,OysOIT N - K]

By using (A.9)-(A.11) we get
(1) = - xT(DQEX() - X OLTR)L()X()
-xTCTOING-K Iy, - aOIND-K ) TC(0x(0)
- XTOLTROWING)-K Iy, - i (ON@D-K ] WTLeOx)
+XTOCTRMNO-K Iy, + yLONO-K. 1 Coloxt)
- y}r(oer-KfDI[Nm - Klya®
- YA OIN-KJ DN - Kly,(0
= xT(OQM)X(®) - x OLTELX)X(1)
- OLTOOWING)-K 1y (0) - yHOINE-K)TWTL (0w
- JROIN®-KJTWIWNG) - K ly,(0)
= X (HQXX()

- (LEOX() - WING) - K Jya@ 1T LGOX) - WINQ) - Ky, )
<0 (A.19)

(A.18)

Notice that we only claim that the derivative of the Lyapunov

function in (A.19) is positive semidefinite, namely M1) < 0. The
selected positive definite quadratic form of V(t) then guarantees that
all states and adaptive gains are bounded. The trajectones of the

adaptive control system finally reach the region defined by V (1) = 0

(13]. It is easy to see that V(1) = 0 implies x(t) = 0. Therefore, 1f
we ignore the adaptive gains, the adaptive control system 1s
asymptotically perfect regulator, but what about the gains? First, we

proved already that the gains are bounded. Second, x(t) = O implies

y(t) = 0 and y,(1) = 0, which implies N(t) = 0 and then N®) =
constant. Therefore, N(t) ultimately reaches some constant value
such that the plant is pertect regulator, as the theorem claims.
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ARSTRACT

In classical model-based techniques, construction of a control
architecture capable of accuratcly tracking a desired trajectory
throughout the state.space requires a detailed knowledge .of the
controlled system's dynamics, However, the system dyna‘rmcs are
rarely fully known at the time of controller design. In this paper,
we modify our earlier ncurocontroller architecture (1} so as‘ to
guarantee the performance of the neurocontroller. An innovative
aspect of this architecture is in the use of a priori knowledge of the
general structure of the system's dynamics. The knowledge is
utilized for the selection of Exploratory Schedules (ES) to excite
selected subsets of the dynamics. The controller does not require a
priori knowledge of the exact systemn dynamics, as they are learned
online. Nor does-it assume the existence of an explicit external
teacher. The developed control architecture i_s also not limitqi to
tracking of a prespecified trujectory. The archnc.cture is developed
through application to the control of a robot manipulator.

1 INFRODUCTION

‘A number of different neural network models and neurat
leamning schemes have been applivd to system c§nuollcr design
with varying degrees of success I2l.[31.[41.(5],[5]‘!7]:[8].[9]). In
general,-the work surveyed assumed very lim? a priori knowledge
of the structure of the open loop system and in none of the cases
was there proof of stability of the closed loop system, In systc{x\
controller design, proof- of stability of the closed loop system is
essential. Furthermore, il neurocontrollers are to successfully
compete with currently availuble controllers, {hcy must b:: shown t.o
have performance that is at least comparable if not superior. 131 th'xs
work we incorporate a priori rnowledge of the 7plam's dynamics in
the-neurocontroller design. It is shown that assuming a dynamic
model:-for-the-plant allows the design.of a neurocontrolier with
-guaranteed- pesformance. The dynumic model usc.d for the
-development of the neurocontrollcr is that of a rigid robot
manipulator,

Selection-of training-cxamples to provide efficient learing is
also an:issue which is rarely addressed. In this article, training
cgampiei selection for ncuroconlrollcr; ‘is provided with the
-introduction-of Exploratory Schedules-(ES). ES-are-trajectories
whichsarc,de;igned so as to produce examples which allow thev

-neurocontroller architecture to learn efficiently by exciting selected
subsets of the dynamics.

Research supported in part by AFOSR grant # 890010

A general block diagram of the proposed system for a robot
manipulator is shown in figure 1.1. It consists of the Exploratory
Schedule Generator, Neurocontroller and associated Learning
Algorithm, the Robot, and a mechanism which allows selecting
between the User / Path Planner and ES Generator as the originator
of the desired trajectory (qd).

User!
Path !
ath Planner Leand -
selact / Algorithm
¢
Neuro- 4
Controller Robot B
+ vd
ES
Genentorf¢

figure 1.1: Block diagram of the proposed system,

In section-2, a priori knowledge of the incompletely known plant
dynamics are utilized such that the closed loop system consisting of
the Neurocontroiler, Learning Algorithm, and Robot can be shown
to asymptotically track a desired trajectory. Furthermore, a priori
knowledge is also used to select exploratory schedules which can
be shown to provide asymptotic identification of the dynamics that
are not a priori known. Section 3 gives results of simulations for a
2 DOF manipulator, Section 4 concludes the article,

2 Netirocantroller Desion for g Rieid Rabot

Manipuiator

Rnbpt Dynamic Mode]
The closed form dynamics obtained by the Lagrange-Euler
formulation has the general matrix form of (10}

D()§ + C(q,4)4 + G(g) = © @.1)

where

D(q) isannxn matrix of inertial terms,
C(q,q) is an n x n matrix of coriollis and centrifugal terms ,
G(q) isannx 1 vector of gravitational terms,

q isannx 1 vector of joint coordinates,
T isannx 1 vector of forcesitorques,
n is the number of degrees of freedom.,
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‘The formulation results in n second-order, coupled differential
equations. (2.1) can also be expressed as

t= D(Q)q + C(q,9)q + G(q) = Y(3.4,4.9)0 (22)

where Y(q,4,4.49) is an n x p matrix of known functions and @ is
an p x 1 vector of weighting constants.

Neurocontroller Architecturs

When (2.2) is written in terms of the individual torques at each
joint, it can be viewed as a single layer linear network, where the
inputs to the network are the Y;(.) and the weights are the @,
(1,1).

Note that the Y,j(.) are transcendental algebraic functions of the
manipulators states that are a prion known and may be realized via
feedforward neural networks that are trained offiine with a suitable
learning algorithm (i.e. BEP [12]).

Let qq, 44, 84 designate the desired trajectery. Following {13)
define the virtual reference trajectory 4., §,, and the virtual
trajectory velocity error &,

§mdy-Ae, §mi-Al, Emg-ge=isae (2.3)

where e[t] = q(t]-qqlt] is the-joint coordinzte eszer, and A s a
positive definite matrix with constan: coefficients.
The output of the neurocontroller implemes:s :he control law

P
tiﬂ z \'ij[%él,“l( ar]@j+Kdd éri ,

, £ 1 e 0 ,(24)
je1

where B denotes the estimate of-©, and=tt: X1, 2re constant
weights for the servo portion of the controller . Ii.auen (2.4) has
been shown to be asymptolically stable when=! s ls.oming rele

n
6j..2R1—Y“[q,Q,q,a,1e,i ,

iel Ji

el p.S)

is used (13].

Notice in equation (2.5) the similarty to the-LMS Li.mung rule
(see {14)) where the weight change is propertioml 1o the errer €
and the input features X, In equation (2:5)-the-mput *13* .85 *r2
the Yj;(.) functions and the error is éri .

Figure 2.1 shows the intemnal structure o fhe-neurceintc.ler
for joint i, Each feedforward network moduie [s-traned 13 provide
one of the Y;;{q,4,45,d,) functions, This=traineng wan be done
offline since the Yj;(q,q i, functions ure known a
priori and are the same for al} rigid robois - [ the same
kinematics and number of degrees :f freslnm, The
inputs to the neurocontroller are the comporznts o! t-2 *r2;2210mes
as required. The outputs of the neurocontrotler -2 ts 210470l
lorques to be applied at each joint of-the manizulatcs.

|
-

o
L

LOD* 0 OO0

o

i

Kt &4

figure 2.1: Neurocontrolier structure for joint 1.

Theorsm [15)
Ifp<n, andif

Rank { V(4848409 },_p
lim te> oo

then the controller (eq. (2.4), (2:5)) guarantees global asymptotic
tracking of the desired trajectory-and identification of the weights.
An implication of the-theorem is-that-if p > n, a sufficient
condition for k sn weights to be identified isthat they are are not
in the null space of
Y(q444.44:89
lim t-> oo

.

Which implies that a desired trajectory may be chosen such that
columns corresponding to the 'k € n weights are linearly
independent, which will guarantee.that-the weights are identified.
The exploratory schedule then-consists-of a sequence of desired
trajectories which are designed to-leam different components of the
parameter estimation vector-@; where the number of desired
trajectories is such that all p components of B are identified.

3, SIMULATION RESULTS
Dynamic _Model for Manipulator with 2 DOFE

The 2 DOF manipulator is shown in figure 3.1

E 3

’UQ

figure 3.1 Simulated-2-DOF manipulator.
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Assuming- + the link mass to be concentrated at-the tip of each link,
the dvn.umcs of the 2 DCF munipulator are

a‘)“ql #DRQQi-chqu +Cq22+01 @3.1)
12-13|"Ql"‘D22q2 Csz +Gy

where
Dy =™ 12 +mp1 2+ myl? £ 2mylylycos(y)y
D)3~ ™M2 12~ +my 1y 15 cos(qa),
D.z - mz lz ’
C « 1119}y l3-sin(gy)
G, = K(my+my )y sin(qy) + g my 15 5in(q) +q7)
Gy - 8 M2z sin(q; +Q2)

withm) = Mmy= 10.0, ll = lz =10,g=9.81.

\Vhich cin be written as the

[tj [Yn Yy2 Yi3 Yig Yis

T
™ Y2| Y st Yz‘ st [gl gz Q}Q‘ 05] .

(3.2)

where
Yy =4
Y =0,
le" Ya=d+ds,
Y,y = c0s(q2)(2d;+42)- sxn(Qﬂ)(quz*' &2
Y, = cos(qa)iy+ sin(qa) 4%
Y4 = sin@y),
Yy =0
Y5 = Yag-m sin(q1+q2).

“he true values-of the weights are
@, = (my+my) ;2200

() = ny 132 = 10.0
g; =Ny l,;lz = 10.0.

Q‘ -,g(mr+zm2—)l| = 196-2
Dg=gmyly = 98.1

‘Iie control-law-as specified by ¢q. (2.4) is

= Eyu[q'q Ge 80 By+Key & (33)
jel

2nd the leaming

algorithm as= :defined by (2.5) was used o ,,—da'e the weight
estimutes @i-with the adaptation constants- l\, = 0.001.

where éq =-&j4e), Kd“ = 1000, K,dzz = 539,

Nonlinenr ft.edforwud network modules uere rroaned offline using
ihe BEP-leaming algorithm (12] to approximate-sin(x).and x*y,
where x and-y-denote the inputs to the network, These modules
were then combined to implement the Y;; 0,4, 3, §, functions
in (3:3).

S St P

D 3 - Y - e i Ny

In the 2 DOF case, p>n, and at most 2 weiihgs can be-
guaranteed to be lcamed simultancdusly. An exploratory schedule
was:selected such that different portions of-the schéduis would
provide for learning different weights,

The selection of the exploratory schedule manipulator was
accomplished by noting that columns 4 and 5 of the Y matrix ia
(3.2) are functions only of position, therefore selecting

dg1=d40=q41=442=0.0, and qqy, qa2-5uch that columns 4 and S are
nonzero as ¢, ez, &1, & -> 0 will-ensure that weights @4 and Qg
are identified. Next, selecting dq1=G42=0.0,-and a4y, 942, 441: S0
such-that column 3 is nonzero-in-the-limit ensures identification of
weight @3, Then selecting &4y, dqz-such that columns 1 and 2 are
nonzero-ensures the identification-of weights @4 and @5 . The
actuab-exploratory schedule is as shown in figures 3.2 t0 3.4,
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figure 3.2: Desired joint coordinates.
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figure 3.4: Desired joint accelerations.

iheoretically, a weight is-guaranteed to be identified when
¢y=eyuéné =0,0. However, in practice, due to noise,
disturbances or the inability to-wait.until all transients have died
out,-exact tracking may not occur-and small tracking errors-may




lead to smail-crrors-in-the identitication of the weights. Ia-this
simulation, a weight is-suid to be identified when Maximum(e],
teal 111, 82D) S eyop, where eo; = 0,01, and a further stipulation that
attempted identification of each weight is to last at least-3 seconds,
Furthermore, errors in weight identification may occur due tothe
feedforward network modules only approximating the Yij(.)
functions.

The time period corresponding to identitication of @4 and D is
0t <42, Ascan be seen in figures 3.5 to 3.8, the weight
estimation error for @4 and D¢ tends to zero as all jointerrors fall
below 0.01 at.t=d.2, but-does not reach zero. The time period
corresponding to identification-of @3 is 4.2 St < 8.3. Again, the
weight estimation error-for @4 approaches 2ero as all jointerrors
approach zero at tw8:3 . weights @ and @, are identified during
the time period 8.3 <t 10,
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figure 3.5: Joint coordinate error.
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figure 3.7: Estimation error for weights 1,2, and 3,
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We have shown that-assuming a dynamic model for-the-plant
allows the design of a neurocontroller with guaranteed
performance, A-neurocontroller has been proposed which-utilizes
available a priori knowledge of the plant dynamics.to-train a
number of feedforward-network modules, The output-ofthese
medules were combined-online in an output layer to-provide-the
control torques for a-robot manipulator.

A procedure for:the-design of exploratory-schedules=for a 2
DOF manipulator-was:presented, Theoretically, the exploratory
schedule, when used in conjunction with the proposed
neurocontroller would guarantee identification of the dynamics that
are not known a-priori. However, as shown by the-results-of the
simulations, some ervor.in-the identification does occur. This-eror
is mainly attributed- to the approximations provided by the
feedforward networks. In previous work [13], the control
.**~1scture was employed using exactly computsd-values-of the
%1,(.) functions-rather-than-the approximations provided:-by the
network modules. In-that case, identification of thezunknown
dynamics was accomplished using the same exploratory:schedule
as presented here.
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ABSTRACT

The application of a neural network approach to solution of the EMG-torque
relation in the ankle joint under isometric, supine conditions is addressed in this
study. The backpropagation neural network model was used in this analysis to
simulate a_multilayer perceptron for solution to the muscle EMG - joint torque
mapping. Measurements from 6 muscle sites are entered into the model as the input,
while the torque is entered into the model as the ideal output, to which the model
output is compared. The incoming muscle signals may be considered the "intent" of
the system, while joint torque is the "controlled" variable. It is expected that the
results of this study will enable the application of neural network models as the
adapter (processor, controller) for intent recognition systems in modelling intact
human motor control about one joint and potentially, for applications, such as in
multi-joint control of robotic manipulators, myoelectric control of prosthetic devices,
and control of functional electrical stimulators.

A, INTRODUCTION

In biological organisms, movement is controlled through an amalagam of voluntary, stereotypic,
and reflex actions. The particular mixture for any specific movement appears to be based on the
functional task (goal) to be performed or the intent desired. Basic movement patterns (strategies)
appear to be the result of a complex control system that interacts with sensory feedback mechanisms to
produce movement which adapts to perform the functional task at hand. Biological organisms are real
time, highly parallel and distributed systems which have adaptive ability, leaming capability, and are
governed by organizing principles.
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The development of devices in both robotics and in prosthetics for amputees have been similarly
constrained by a lack of understanding of movements performed by biological organisms. The human
amputee and paraplegic offer an important test bed from which an understanding of the human control
of limbs can be studied. It is clear in the case of prosthetic and orthotic devices that movements must be
anthropomorphic; however, for robotic systems, anthropomorphic operation is not necessary, although
it is usually assumed since the function of robaots is seen to be a substitution for the human operator. If
a device (either biological or robotic), is to function in other than a pre-programmed mode, the
communication between the user and the device must be accurate and reliable.

The problems that exist in achieving well designed, functional limbs are therefore related to our
primitive knowledge of how human limbs operate. In both cases, the question arises concemning the
basis upon which to build the controller of the limb mudon. The need exists to develop a control
scheme for a multi-joint limb based upon anthropomorphic mechanisms.

B._BACKGROUND

During the past 20 years, several prosthetic limbs have been developed which utilize spatial
patterns of signals from muscles which remain after a limb amputation. In addition, the employment of
electromyographic (EMG) signatures for controlling functional electrical stimulation (FES) in
paraplegics in a manner that recognizes and executes the patient's intended limb functions and
compensates for muscle fatigue is currently being developed. The control concept is that by sensing
the activity of the muscles which would have supported the movement of the missing or paralyzed
limb, the character of the intended movement of the prosthesis or orthosis can be determined. Sensing
of muscle activity is achieved by recording the appropriate muscle (EMG) signals. This scheme has
resulted in some partial success in devices such as the "Temple Am"(32), the "Swedish Hand" (2),
the"Case Western Reserve Arm" (23) and the "Utah Arm". In each case, the pattern of EMG activity
was used to classify an intended limb movement. Later developments have included the "Drexel/Moss
Knee" (27,33), Graupe's model of EMG as a scalar time series (8,9), and Hogan and Mann's model
of muscle activity using maximum likelihood methods (15,16). Also, Saridis has developed an upper
limb prosthesis based on pattern recognition (29).

In each of these developments, assumptions have been made conceming the relationship between
EMG activity and force developed about a particular joint, Either implicitly (15,16) or explicitly
(25,19), it is assumed that a surface EMG signal can be modelled as band limited white noise
modulated by the level of muscle contraction. According to this assumption, using the EMG signal as
an indirect measure of muscle force requires processing the raw EMG signal to extract the level of
contraction from the band limited white noise.

Under the limited condition of isometric contraction (i.e., muscle contraction without movement),
there are disputes among investigators conceming the dependency of muscle force on processed EMG.
Some investigators have suggested a linear relationship (19,25,31), while others have reported relations
of higher order (24, 34, 36,37). Moreover, in some previous work, we have shown that most of the
variability in reported results comes from the variability in isometric muscle contraction under identical
conditions rather than from the type of signal processing used in analysis (30). The question of the
proper relationship between EMG and force becomes even more complicated when non-isometric
contractions are allowed.

C.NEURAL NETWORK MODELLING BACKGROUND

Neural network models derive their principles from neural systems and seek to attain similar
capabilities in artificial devices such as VLSI collective decision circuits. These models have parallel
inputs, outputs, and intemal computations. The models are composed of computational elements or
nodes that are connected by weights and are adapted or trained during use to improve performance. An
underlying theme of the neural network concept is that the functional units that govern behavioral
adaptation are distributed pattems across a network of cells, In distributed models, the strength of

pattems of activity over many units determines the degree of participation of these entities in functional
events,




Neural net models are commonly used as pattem classifiers for extracting and classifying features.
These models can generate spontaneously useful global computational functions such as classification,
optimization, and control. The ability of these models to capture non-linear mappings has been
documented (28). The computational properties of NN have been successfully applied to applications
such as sensory/ motor control (7,20,21),robot control (4,10,12,26), associative retrieval of
information (3,17,22,); process control (12,35),feature detection (6), combinatorial optimization (18);
and adaptive pattem recognition (5,12,14).

The promising features of a neural based approach to adaptive control of myoelectric prosthesis,
orthotic devices or robotic manipulators include 1. control laws that are not explicitly stated since
leaming occurs by showing examples; 2. fault tolerance provided by massive parallelism; 3
robustess to unmodelled parameters due to the network's Seneralization properties; and 4. abundance
of local minima in the networks state space used for contunt addressability and retrieval of information
under noise and uncertainty (11,12,13).

In this study, we address the feasibility of designing a "neural network" which will obviate the
need to specify the EMG-force relationship apriori, If the neural network succeeds in classifying the
force output from a general set of EMG input signals, then we will have a solid basis for our
expectation that a complete multi-joint limb can be controlled using a reural network approach. The
outcome will be a more anthropomorphic limb which will benefit the fields of prosthetics, electrical
stimulation, and robotics.

. D THE BACKPROPAGATION NEURAL NETWORK MODEL

The neural network backpropagation model (NN model) was used in this analysis. The
backpropagation model simulated a multilayer perceptron for solution of the muscle EMG-joint torque
mapping under isometric supine conditions. Measurements from 6 muscle sites are entered into the
model as the input, while the torque is entered into the model as the ideal output, to which the model
output is compared (Figure 1). Data from an architecture composed of 6 inputs, two hidden layers,
with six nodes per hidden layer , and one output was implemented. Symmetric sigmoid nonlinearities
were used in this model. Continuous analog inputs and outputs were assumed. The leaming rate and
momentum, two parameters of the model, were initially 0.4 and 0.8, respectively. The desured output
torque ranged from -1200 (sub-maximal plantarflexion ) through +1000 (maximal dorsiflexion) N-m.
The calculated and desired outputs were normalized between -0.9 and +0.9. The inputs were not
scaled; however, these values all ranged from 0.0 through +8.0 volts (rectified, filtered EMG signals).

During training, each presentation to the NN model was composed of 6 input values (muscle
signals) and 1 output value (joint torque) at 0 degree. One sweep of the data of the network represented
4000 presentations (training signal), The 4000 presentations were repeatedly presented to the NN
inodel until the weights stabilized and the error (i.¢., measured joint torque output-calculated (model)
joint torque output) reached a minimum. Within the training signal there are represented all levels of
torque. The data presented during training is composed of a data file that is pre-sorted by joint torque
levels. The NN is trained by being shown all input combinations under isometric, supine conditions.
The relation between the EMG signals and torque is embedded within the network; i.e., the hidden
units, and connections (or weights). If the architecture is large enough to store the EMG -joint torque
relations and if training has occurred for an adequate amount of time , then it can be expected that test
signals composed of muscle EMG that are presented to the network will predict the corresponding joint
torque. Successful prediction of joint torque during operation from any set of EMG inputs under
isometric supine conditions is expected. Therefore, it is predicted that a successful training method can
be implemented in training the EMG- joint torque mapping with the use of this NN approach. During
the prediction (or retrieval) stage, signals are presented to the trained network. They are presented to
the NN only once for prediction, since no type of training occurs during this stage of the analysis.
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FIGURE 1. NEURAL NETWORK ARCHITECTURE 6-6-6-1

E. EXPERIMENTAL METHOD

The experiment was performed in the FNS Laboratory of the Philadeiphia Unit of Shriners
Hospitals. A KinCom Robotic Dynamometer, 6 surface Electromyography (EMG) electrodes and
EMG amplifier system, MicroVax II minicomputer and MicroVax laboratory system for data acquisition
were utilized. Data analysis was performed with the use of a PDP 11-73 minicomputer.

The KinCom II Robotic Dynamometer (Chattecx Corp) is a microcomputer-based system which
records the joint angular position and torque developed about the joint upon muscular contraction.
With the use of the KinCom computer monitor, subjects visually monitored to the requested torque
level. The torque output and muscle signals were collected on the MicroVax II computer for each
torque level. The data presented is with the ankle joint set to 0 degree.

Six sites of muscle activity, monitoring the agonist/antagonist muscle activity about the ankle
joint, were recorded on the subject's right leg using surface EMG electrodes. The muscle sites were
tibialis anterior, peroneous longus, flexor digitorum longus, gastrocnemius-medial,
gastrocnemius-lateral, and soleus. The EMG electrodes (Motion Control) contain a preamplifier
(gain-200). The signals were full wave rectified and filtered appropriately (Band-pass 100-1000 Hz).
Sampling rate was 100 Hz, The signals were amplified to allow minimum and maximum range (across
all conditions) to fall within the computer limits of +10 V.

A MicroVax IT minicomputer was used for data acquisition. Sampling rate for all channels (joint
?ngle, g'loint torque, . muscle sites) was 100 Hz. Data were transferred to a PDP - 11/73 minicomputer
or analysis,




E_EXPERIMENTAL PROCEDURE

This experiment was designed to measure the isometric ankle EMG-torque relations at the
measured range of torque output ( -1200 to 1000 N-m) during isometric, supine conditions. The
subject was instructed to lie supine on the clinical bed. The right knee was braced and the foot was
securely fit into a boot which was attached to the KinCom II device. The thigh was securely strapped

down so that body motion was prevented during the tasks. The rotational axis of the system was
aligned to the lateral malleolus of the subject's foot.

Under the control of the KinCom II system, torque levels in both plantarflexion and dorsiflexion
at 0,50,100,200,400,6C90, 800, 10(x),1200 M-m were measured (note that the maximum dorsiflexion
torque was 1000 N-m and -1200 N-m was sub-maximal plantarflexion torque). The subject was
instructed to generate the designated plantarflexion or dorsiflexion torque. Subjects started from a
relaxed position before every muscle contraction. The subjects maintained the muscle contraction for 5
seconds and then relaxed again. Adequate rest was provided between each contraction as well as
between each data set. The subject was provided visual information of the designated torque output by
the KinCom II system monitor.

G. RESULTS

The NN was trained by being shown all possible examples of the EMG-torque relation of the
ankle joint under isometric, supine conditions with respect to torque levels (for both dorsiflexion and
plantarflexion torques). Trials of dorsiflexion and plantarflexion signals were windowed and 100
samples (representing 1 sec of data) of each EMG signal from each torque level were extracted for the
training set. The total number of samples (presentations) in the training set was 4000.  The training
set is sufficiently sorted with respect to torque level that good training did result.

The results that follow describe a NN implementation with an architecture of 6 inputs (EMG
signals), 2 hidden layers (each 6 nodes), and 1 output (joint torque). The number of iterations during
training was 120,000. This represents 30 sweeps of the full training set to the network. The leaming -
rate and momentum were 0.4 and 0.8, respectively. Once learning has begun to occur at approximately
16000 presentations (see Figure 2), these parameters were decremented to achieve a more finer
leaming, Figure 2 depicts the error, i.e., actual joint torque (0) - calculated torque (+), as a function of
the number of presentations. Note that by 16000 iterations, learning has clearly begun, as evidenced by
the reduction in the error to less than 6 percent.
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Figure 2 represents the error during the training phase of the
backpropagation model.




lfigures 3a and 3b, represent the same 100 presentations (of 4000) of the sorted training set at 1000
(during the 1st sweep of the training set ) and 117,000 (during the 30th sweep of the training set)
iterations. The activity of the 6 muscle sites represent the input, while the torque represents the output.
For the output, the actual torque levels are symbolized by o, while the calculated torque levels (during
training) are symbolized by +. When the NN has adequately learned the EMG-torque relation (at
117,000), the actual and calculated (via the NN) torque levels are similar, Comparing Figures 3a and
3b, note that at 1000 presentations, the actual and calculated torque levels are quite dissimilar - leaming
had not yet begun to occur.
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FIGURE 3. Figures 3a and 3b represent 100 presentations of the sorted training
data at 1000 (during the 1st sweep of the training set) and at 117,000 (during the
30th sweep of the training set) presentations.

Figures 4a and 4b, represent some typical presentations during operation to the previously trained
network. Essentially, the muscle signals are input feedforward to the network. Accuracy is determined
by comparing the calculated torque (+) (via the NN) which may be compared with the actual torque (0).
Figure 4a represents random input during operation, while Figure 4b represents a signal input ,
composed of three torque levels.
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H._CONCLUSION

The model requirements based on the current approaches to multi-joint (as well as single joint)
motion are complex, computationally overtaxing, require apriori constraints and simplifications and are
not predictive in all cases. It appears that through evolution and in development that the CNS has
learned solutions (whether via inverse kinematics, inverse dynamics, trajectory planning , or task
dependent strategies) for the control of multi-joint limb and trunk motion to achieve goal-directed
movements in an organized, efficient and adaptive manner. Economy of control would suggest that
stereotypic movement pattemns should be available from a library of goal-directed solutions to motor
problems to accomplish a specific task. These leamed solutions may decrease the computations
required by the CNS for optimal achievement of the intended movement goal.

The application of the perceptron as an adaptive system for robotic manipulator control was first
suggested by Albus (1) in the CMAC (Cerebellar Model Articulation Controller), a model based on
neurophysiological theory of cerebellum function. This theory suggests that an input to the cerebellum
will compute an address, in which the contents of the address are the appropriate muscle control signals
required to carry out the intended movement. In the CMAC model, control functions for many degrees
of freedom of a manipulator operating simuitaneously are computed by referring to a table rather than
by mathematical solutions of simultaneous equations. In perceptron based controller models (such as
CMAC and backpropagation), the memory management technques take advantage of the continuous
nature of a control function by allowing similar inputs only to generalize to produce similar outputs and
dissimilar inputs to produce dissimilar (independent) outputs.  For this application, the neural
network backpropagation model may be described as a multilayer perceptron feedforward type of
controller. The incoming muscle signals may be considered the "intent" of the system, while joint
torque is the "controlled" variable. Embedded within the trained NN are the mapping of the

EMG-torque relationship over the full range of torque levels. Essentially this mapping may be.

considered the library of learned solutions of the EMG-torque relations of the ankle joint under
isometric, supine conditions (at 0 deg) (Figure 5). As the incoming muscle signals are applied to the
trained network, the library of soludons (i.e., via the look-up table of weights) is addressed for the
corresponding output variable (torque).

EMG

TORQUE

(!NTENT) (CONTROLLED VARIABLE)

flearned solutions

iy,

Figure 5. Neural network modelling for EMG to Torque
relation.
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_ Effective understanding and modelling of biological motor control will aid in achieving similar
characteristics for real-time control of complex systems. The application of neural learning algorithms
in the controller for intent recognition systems such as robotic manipulators, myoelectric prostheses and
functional electrical stimulators may be appropriate. In fact, for applications such as these, it is desirable
to have an adaptive controller that leamns to control the system while in operation. This is achieved
through heirarchy of cortrol and through variations of the learning procedure of the neural net
backpropagation model which desires state information rather than error gradients (26). Based on the
results obtained above, specific recommendations will be made concerning the design of adaptive
controllers for multijoint prostheses, orthoses, and anthropomorphic automata.
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ABSTRACT

In this article, we explore the relationship of learning and
adaptation in robot control. Leaming, in this context, is the
process of identifying the robot dynamics and its interaction with
the environment for the purpose of improved tracking over an
infinite horizon. Whereas, adaptation is the process of adjusting
the controller to comply with the regulation and tracking needs
of the closed loop system. We thus demonstrate that learning
conflicts with adaptation in its tendency to increase the present
racking error, due to the minimization of different criteria (Dual
control principle).

Exploratory Schedules (ES) are reference trajectories which
are specifically designed to provide efficient closed loop
learning. We relate ES design to the issue of input richness (or
persistent excitation). Our ES represents a weaker criteria than
persistent excitation

A theorem regarding constructive sufficient conditions for
asymptotically stable closed loop learning is stated, and
examples of learning in 1 and 2 degree of freedom manipulators
are given. )

LINTRODUCTION

Adaptive control of robot manipulators has been the subject
of much research in recent years ( see Ref. (1]). Adaptation, in
control, is the process of adjusting the controller to comply with
the regulation and tracking requirements of the closed loop
system. Direct adaptive controllers, e.g. {2] (see also Ref.[3]),
use tracking errors of the joint motion to direct the robot model
parameter adjustment. The direct adaptive controllers are based
on the full dynamic model of the robot. Learning, in this context
is the identification of the true values of the manipulater
parameters in closed loop operation.

In operation, the controller is given a trajectory by a path
planner in order to accomplish some useful task. The controller
then adapts the parameters, on line, so as to sausty the racking
requirements. If the parameters are not known exactly, there
will be a transient period of tracking error while adaptation
occurs. So that identification of the true parameters is desirable
for increased tracking precision.

Research supported in part by AFOSR grant # 890010

TH0282-4/89/0000/0576301.00 © 1989 IEEE
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Present robot adaptive controllers (see for example {2, ()
[S]) use robot parameter update laws which tely on th;
assumption that the parameters are constants. Also, to guaranyse
learning, a trajectory which is "rich" enough to expose all e
dynamics of the manipulator is required for convergence of the
parameter estimates (o their true values. Richness of input refery
to trajectories such that the internal signals of the parameter
adjustment mechanism is persistently exciting (see [6]). If e
trajectory is not persistently exciting, stability is assured byt oo
learning. Thus future tasks are performed with the same
transient tracking errors.

We propose (see figure 1.1) that whenever it is possible 1
modify the input, €.g. prior to putting the manipulator to work
doing useful tasks or periodically when parameters change and
the path planner is not demanding a new path, that there will be 3
leaming period where the controller tearns the true values of the
parameters by tracking artificially designed Exploratory
Schedules (ES).

ES are trajectories specifically designed for asymptone
learning of the system dynamics. Any trajectory that 1s
persistently exciting could be used as an exploratory schedule,
However, the synthesis of persistently exciting trajectories 1s
generally not straightforward. In this article, we show how to
construct Exploratory Schedules which guarantee closed loop
learning. Our ES are not necessarily persistently exciting.

User /Path Planner
Adaptation
Desired Mechanism ‘—Ac'Ui‘
Rabat Robot
Trajectory Trajectory
| Controller r——& Robot
+ b
, Teploratory
|- _iedule £S
Generator

figure 1.1: Block diagram of the proposed sysiem.
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The rest of the article is formatted as follows, Section 2
presents the general structure and properties of a rigid tobot.
Section 3 defines the adaptive control structure used, and
presents sufficient conditions for global asymptotic leamning of
parameters which is not explicitly based on persistent excitation.
Section 4 describes simulation results of learning with 1 and 2
degree of freedom (DOF) manipulators, Section S concludes the
article.

2. Rigid Robot D .
The closed form dynamics obtained by the Lagrange-Euler
formulation has the general marrix form of {7]

D@} + C(qq)g+G(Q) =t @1
where

D(Q isan n x n matrix of inertial terms,

C(q.q) is an n x n matrix of coriollis and centrifugal terms ,
G(q) isannx 1 vector of gravitational terms,

q is an n x 1 vector of joint coordinates,

T is an n x 1 vector of forces/torques,

n is the number of degrees of freedom.

The. formulation results in n second-order, coupled
differential equations.

Reparameterization Property of Robot Dynamics

It has been pointed out by a number of authors (e.g. (5)),
that there are properties of the dynamics that can be exploited for
robot control. The reparameterization property is repeated here,
as it will be used in other sections. The property states that

t=D(@)] + C(q,d) + G@ = Y(qd4.4.90

where Y(q,4,4;§) is an n x r matrix of known functions and @ is
an r x 1 vector of constant parameters. This property implies
that the robot dynamics may be viewed as a linear operator from
a suitably chosen set of parameters to the joint torques.

3 Closed I I ing Via Exol Schedul

In [2], an adaptive-controller which guarantees global
-asymptotic tracking was formulated. ‘The controller is based on
knowledge of the robot dynamics structure and the use of sliding
surface control. A major advantage of this controller is that there
is no need to measure the'jointacceleration. The convergence of
the_parameter estimates to their true values, however is not
guaranteed. In this work, the same control structure is used.
However, we synthesize, whenever possible, the reference input
to guarantee both tracking and leaming.
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Controller Structure

For the system of equation (2.1), define the virual reference
trajeciory
t
qtsqd-AJ'oedt b
q,=dy-Ac
Ge=Gq-Ad

where q4 is an n x| vector of desired jownt coordinates. e= 4-qq.
and A is a positive definite matrix with constant coefficients.
Define the sliding surface

s:éfaé-dta €+ Ae 3.2)
Let the control input be
t = D), + C(q.9)4, + G(@) - Kgs (3.3)
= Y(Q.C'l.ﬁ,.ﬁ,)a e de

where D(q), C(q.9), G(q) and B are estimates of D(q), D(q.§).
D(q) and O respectively, and Ky is an n x n positive definite
matrix. The parameter adaptation law is

B=B=- K,! YT(q,4,4,.dp)s (3.4)

where the estimation error is defined as ()= () - (), and K,
is an r x r positive definite matrix with constant elements.

Theorem [8)
Ifr<n,andif

Y( qddd.dd.ﬁ }_
Rank { m o> v ! =T

then the controller (eq. (3.3), (3.4)) guarantees global
asymptotic tracking and idendfication.

Selection of Exploratory Schedules

An implication of the theorem is that if r > n, a sufficient
condition for k <n parameters t0 be identified is that they are are
not in the null space of

Yagdadady
im t->

Which implies that a desired trajectory may be chosen such that
columns corresponding to the k <i parameters are lincarly
independent, which will guarantee that the parameters are
identified. So that different time sections of the Exploratory
Schedule (which specifies q4,q4.44 ) may be designed to learn
different components of the vector & it its dimension exceeds n.




]

The first simulation was done for a single link manipulator
as shown in figure 4.1 1

[ 4
figure 4.1: Simulated 1} DOF manipulator.
The dynamics of the manipulator are
t=md”§ +m gd sin(q), (4.1)

where, d = 1, g = 10, and m = 2 . The matrix of known
functions is

Y(q,§) =(d2q+ gdsin(Q), (42)

with m as the single parameter to be estimated. The control law
as specified by eq (3.3} is

1=[d2§, +gd sin(QI - ke(§ - 4p), 4.3)
where g, = d4 - (q - qq), kd = 1, and the parameter adaptation law

as defined by (3.4) was used to estimate m, where the estimate
is denoted as i .

In experiment 1a,

@449
44 = 0.0, q¢-00=>Rank{hm!_$”

which iz less than r = n = 1. Notice in figure 4.2, that cven
though the tracking error does converge 1o zero, the estimate of
m does not converge to its true value of 2.0.

In experiment 1b,
@449
Qg =00, qd=10=°Rﬂ-ﬂk{m‘_>“

which equals n. In the second experiment, shown in figure 4.3,
the estimate of m does converge to its true value. Thus closed
loop learning is obtained.
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figure 4.2: Experiment ia.
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figure 4.3: Experiment 1b.
Manipulat ith 2 DOF

The second simulation was done for 2 2 DOF manipulator as
shown in figure 4.4

r

figure 4.4: Simulated 2 DOF manipulator.

The dynamics of the 2 DOF manipulator are
T =Dyd) +D;3§+2C G, +C§2+G, 4.4)
u=Dpdi+Dnd;-C4? +G,

AU L
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where
Dyy =my ly2 +my 12+ my 2 +2m, Iy 1, cos(ay),
Dy =mp L2 + my Iy 1, cos(qy),
Dpp =my 2,
sz‘n'z“‘%) 3
Gy = g(my +my )l sin(q,) + g m, L, sin(q, +q,)
Gz'ﬂmzlzﬁn(ql'“l?)-

with m; =m, = 10.0,1) =1, = 1.0, g =9.81 .
The parameters and their true values are

gl = (ml+m2) 112 =20.0 ¢4 = g(ml + mz )ll = 196.2
Dy =my L2 =100 Ds=gmyl, =98.1
@y =m, 1, L, = 100, @.5)

Which leads to the reparameterization matrix

Yy le Y3 Yo Yy

Y(a.4 4D = | Yy Yy Yy Yg Yos | “.6)

where
Yy =q.
Y21 = 0.
Yip=Yn=41+q,
Y3 = cos(q2)(2q ;1 +jp)-sin(q2X24; 4y, 4o2),
Y23 = cos(@)y+ sin(qa) &2,
YM = sm(‘h)-
Yi4=0,
YIJ = st = s1n(q1+q2)

The control law as specified by eq. (3.3) is

.

T= Y( q' (.lv qnax)a h ch s, (4'7)

where
s = (€14¢y, bp3ep)T
Kg4 = diag(1000, 500).

The parameter adaptaticn law as defined tv (3.4) was us;d to
update the parameter estimates 3, with
K,'! = diag( 1000, 1000).

The dimension of Y(q, §, §,.d;) in the 2 DOF case is 2 x 5
so that r >n, nd at most 2 parameters can be guaranteed to be
icurned simuitaneousiy.

The inidal conditions for both experiments (22 and 25) are at
41(0)%= q2(0)= 4,(0)= G5(0)= 0. The desired velocities for both
experiments is 44 (0)= 44,(0)= 0.

In experiment 2a,

Y@Q,q9
qq1 =0.5, %7—-05:““"{14,“‘{),.

which is less than minimum(r, n) = 2. Notice in figure 4.4, that
even though the tracking error (which is not shown) does
converge to zero, the estimates of @4 and @5 do not converge to
the wue values .

In experiment 2b,

Y@q,49
qdl :05 qd2-05=’Rank{Lm[->“

which cquals n. The linearly independent columns for
experiment 2b correspond to parameters @4 and @5 . As shown
in figure 4.5, the estimates of @4 and @ do converge to the true
values.

200
190 4

180 \//
170 4

160 3
1350 4
140 4
130 4
120 3 g
110 4

100 1

0 1 2 3 4 S 6
dme (sec)

figure 4.4: Experiment 2a.
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Selection of the exploratory schedule for the 2 DOF
manipulator was accomplished by noting that columns 4 and §
of (4.7) are functions only of position, therefore selecting
44179427441 =442=0.0. and qq1, Q42 such that columns 4 and 5
are Nonzero as ¢, €. €1, é; -> 0 will ensure that parameters @
and @s are idendfied. Next, selecting Gy;=G4=0.0, and qq;.
agp. dap» Agz such that column 3 is nonzeto in the limit ensures
identification of parameter @3. Then selecting dy;, gy such that
columns 1 and 2 are nonzero ensures the identification of
parameters @4 and @5 . The actual exploratory schedule is as
shown in figures 4.6 10 4.8 .
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' /
F 27 ;
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figure 4.6: Desired joint positions during ES.
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figure 4.7: Desired joint velocities during ES.
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figure 4.8: Desired joint acceleranons dunng ES.

Theoretically, a parameter is guaranteed 0 be identfied
when

e1=¢=¢1=¢7= 0.0.
However, in practice, due to noise and disturbances, exact
tracking may not occur and small tracking errors may lead to

small errors in the parameter idennficanon. In this sumulagon, a
parameter is said to be identified when

Maximum(lcll, leql ,léll, |.&zl) S €l
where ¢,5; = 0.0, and a further stipulation that attempted
identification of each parameter is to last at least 3 seconds.

The time period corresponding to identificadon of @4 and Os
is 0 St <42, Ascan be seen in figures 4.9 and 4.11, the
parameter estimation error for @4 and @ approaches zeto as all
joint errors fall below 0.01 at 1=4.2,

The time period corresponding to identification of @ is
4.2 St <7.3. The parameter estimation error for @4 approaches
zero as all joint errors approach zero at t=7.3,

Parameters @y and @, are identified during the time period
73<t<10.3.
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figure 4.9: Joint position error during ES.
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figure 4.10: Joint velocity error dunng ES.
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figure 4.11: Estimation error for parameters 1,2 and 3.
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figure 4.12: Estimation error for parameters 4 and 5.

&, Conclusion

In this ariicle, we explored the relationship of leaming and
adaptation in robot control. We have shown how the design of
ES is an essential aspect of learning. We have related ES design
to the issue of persistent excitation. The ES represents a weaker
criteria than persistent excitation

A theorem regarding constructive sufficient conditions for

asymptotically stable closed loop learning was stated, and
examples of leaming in 1 and 2 DOF manipulators were given.

The simulation results of the ES for a 2 DOF manipulator
(section 4.2), showed how in pracuce, due to notse and
disturbances, exact tracking may not occur and small tracking
errors may lead to small errors in the parameter idendfication.

We have demonstrated a method for the selection of
exploratory schedules for rigid robot manipulators employing
inverse dynamics controllers with direct parameter adaptation.
A natural extension to this work is to generalize the concept to a
broader class of systems.
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We have specified the ES as a desired trajectory that s to be
followed to do learning while the manipulator is not doing other
useful tasks. However, a more appealing 1dea would be 0
integrate the exploratory schedule 1nto any trajectory that 1s
specified by the path planner. The ES would take the torm of an
exploratory (or probing) signal into the desired Tajectory t0
cause asymptotic learning. The injection of exploratory
schedules in this manner would be simular to the concept of dual
control (sec Ref.[9)) in that the probing signal ES is combined
with the so called cautious signal.
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UNSUPERVISED PARALLEL DISTRIBUTED COMPUTING ARCHITECTURE
FOR ADAPTIVE CONTROL

Izhak Bar-Kanz and Allon Guez

ECE Dept.,

) ABSTRACT
An unsupervised parallel distributed adaptive controller for
nonlinear systems is proposed. It is shown to provide bounded
tracking and asymptotic regulation following an arbitrary
‘teacher’. A two degrees of freedom robotic simulation example
is provided.

1. PROBLEM FORMULATION
_ Anunsupervised distributed parallel computing architecture
is proposed for the adaptive control of nonlinear dynamic
systems of the class

x (1) = A(X)x(t) + B(x)u(t) ()
y(t) = C(x)x(t) + D(x)u(t) (2

where x(t)e R" is the plant state vector, y(t)e R™ is the output

vector, and u(t)e R™ is the input command vector, anid where
A(x), B(x), C(x), and D(x) are uniformly bounded matrices of
corresponding dimensions.

The proposed controller is depicted in Figure 1 below: It
consists of a teacher model which contains apriori knowledge
regarding the desired input/output plant response as well
as the repertoir of reference commands that the system may be
subjected to.

Adepuve
4 Teacher Cantroler 9 Procais Y
Relerece | ES% (0K Ea6 () [ g | E® (14D
Fig. 1: Proposed Adaptive Controller

The teacher dynamic model is assumed to have the following
representation:
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(1) = Adx)x, () + By(x)ui(t) 3)
() = Cxx() + Di(x)uy(t) C))

where x,(t)e R"™ is the state vector, y(t)e R™ is the output

vector, and y,(t)e R™ is the input command vector, and wt}erc
A((x), By(x)), C(xy), and Di(x,) are uniformly bounded matrices
of corresponding dimensions. It is emphasized that the
dimension of the model is unrestricted, except that dim(y,) =
dim(y) = m. o i

The parallel distributed adaptive controller has structure
similar to the LMS adaptive layer [Widrow, 85], and to many
other neurocontroller architectures [Guez, 88]. It receives the
input 'features’ vector f(u,, x,, y) and generates as an output the
process contorl vector u, where

u(t) = K(O)f(uy Xy, ¥) &)

where K(t) is the adaptive gain matrix of appropriate
dimension. Each K;; gain monitors the sensitivity of the i-th
control loop, namcﬂy uj, to the j-th feawu= of the system,
namely fi(u, X ¥). The Kjj gain adjusts its value
independently of, and simultancosly with all other gains,
according to:

K (t) = M;(1) + Nj;(0) (6)
My () = ay(yy, - i O 0
?,—,N;,-(t) = - BNy O+ ¥y, - i 8

where o, B;; and ¥;; are positive constants. We emphasize that
the adaptation law (6)-(8) is performed in parallel and in 4
distributed fashion, that is, the Kj; gain only needs data
from the j-th feature and i-th output components.
Thus, very large scale dynamic systems may be considered for
this controller. The adaptive gains consist of two terms: a
"proportional” term, M;(t), and an "integral” term, Nyt
Notice that the role of the teacher (3)-(4) is to demonstrate to
the adaptive coatroller what should be the appropriate and
desired response yy for any specified reference input ug. Since
the teacher’s model is incorporated in the controller structure
(Figure 1), it yields the so-called ‘unsupervised’ learmng or
adaptation.

For the above described control architecture we use revent
results by [Bar-Kana, 87, 89b] 10 show that, under some
realistic assumptions, large classes of nonlinear plants of the
form (1)-(2) with adaptive controliers of the form (5)-(8s van
perform good trajectory tracking and also guarantee robust
adapuve stabilization in the presence of any bounded nput
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-ommands and input or output disturbances. Furthermore, this
;3':;,'3\”: controller has ben shown to have good graceful
1sgradation ( or fault resistant ) properties with control failure
of fast changes of plant parameters {Morse and Ossman, 1989},

MAIN RESULTS
We describe below a summary of our main results
regarding the performance of the controller in (6), (7). and (8).
We will assume that if the plant is stabilizable the resulting
stable configuration is “"exponentially stable" as defined

bdo[\)wl:-:FINrfION 1 (Hahn, 1967]: Let the general nonlinpar
system be represented by the a th-order vectorial equation

x (1) = f(x.t) and let x=0 be an equilibdum point The
equilibrium point is called "exponentially stable” if all

solutions x(t) satisfy the relation Ix(t)l < o Ix(0)| e'al for some

scalars x> 0and B > 0.
THEOREM 1 [Hahn, 1967): Let the right hand of the

equation x (t) = f(x,t) have bounded continuous first order
partial derivatives. Let the equilibrium be exponentially
stable. Then there exists a Lyapunov function V(x.t) which
sadsfies estimates of the form

11 ay IX(H S V(x, 1) S & Ix(0?
1.2 Ux, 1) < - ay Ix(@o)”
13 YR o kR, il2en

for ay, a,, a3, and a, positive coastants,

Because we deal, with nonlinear systems we cannot expect
to be able to find or even show, like in linear time-invariant
systems, existence of positive definite quadratic Lyapunov
function of the form V(x) = xT(t)Px(t) where P is constant and
positive definite. However, after some experience with specific
nonlinear systems like robots, and because we restrict our
discussion to nonlinear systems linear in control of the form
(1)-(2), we assume that exponential stability of the

autonomous system (1), with u(t) = 0, implies existence of
Lyapunov functions V(x) which are not explicit functions of
time. Also, since we can always write V(x) = xT(t)P(x)x(t)

and then Wx) = x"(t)(Rx) + P(x)A(x)+AT(X)P(x)]x(t)

or Wx) =- xT(t)Q(x)x(t). we will use in the subsequent
discution the following assumption:

ASSUMPTION 1: Exponential stability of the
autonomous system (1) ,with u(t) = 0, implies existence of

Lyapunov functions of the form V(x) = xT(t)P(x)x(t) and

derivative of the form Yx) = . xT(t)Q(x)x(t). where P(x) and
Q(x) are positive definite for all x € R",

After establishing the basic definitions and facts, we can
start presenting the properties of the adaptive controller. The
following result shows the stabilizing properties of the main
part of the adaptive controller that we propose.

RESULT 1: Let us assume that the plant

x (1) = AR)X() + B(x)u(t) )
(1) = Clx)x(t) (10)
can be stabilized by some constant output feedback, K,. In

other words the fictiticus closed-loop system is
exponentially stable according to assumption 1. Let us
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define y, (1) E y(t) + K'y'u(t). and use the adaptive algorithm
u(t) = - K()y,(1) 1y
with the integral adaptive gain K(t) = N(t) given by
S = voyiar 112)

(where " is a selected posinve definute scaling mamx) or (for
each scalar gain)

d
d—tNij =Y|JYAiYIj (13

The simple algorithm (11)-(13) guarantees boundedness of
all values involved in the adaptation prorass, namely, states,
outputs, and adaptive gains, and asymptotically perfect
regulation for the augmented system (Fig. 2)

AUGMENTED -

®

Fig. 2. The closed-loop control system.

X () = A)X(t) + B(x)u(t) (14)
¥ = Cx)x() (15)
Yalt} = y(O) + K u(® = Cx)x() + K u(o) (16)

such that y(t) = O and y,(1) = 0ast = o. The gains
ultimately reach some constant values which allow pertect
regulation.(Appendix A).

We want to use the stabilizing nonlinear algorithm (12), n
combination with other adaptive terms in order to implement a
stable trajectory-following adaptive algorithm. Let the teacner
generate the desired trajectories that the plant must follow Let

fup X ¥) = [(y,- 9 xoul I

a7
where the feature vector f(u,, x,. ¥) uses all values that can be
measured, like the input commands, the teacher's states. ind
the tracking errors. We could try to use the adaptive algonthm

Kiy(1) = M (1) + Ny () (18)
M0 = oYy, - Vi ) (19
%;N;,(t) =Yy - Vi )y 0




ino in idealistic environments. 1, wever, we
for Pev’f:f: '::::“ ?1‘3;?(5%) must further be adjusted to be
:re li:::ablc in realistic environments. It is clear that the perfect
i:t?:grator in (20) increases without bound whenever perfect
wracking is not possible. Since the nonlinear system includes
uncertainties that we do not assume to know or identify, and
since moreover, input and output disturbances may usually be
present, we do not start with the proof of perfect tracking,
which could be obtained in some ideal situation, but concentrate
on the proof of robust stability under nonideal conditions, By
"robust stability” we mean boundness of all values involved in
the adapuation process like states, adaptive gains and errors,
and tracking with arbitrarily small tracking errors. Perfect
tracking in idealistic conditions is a particular case of the
general robust tracking under nonideal conditions, The only
change needed to guarantee robustness of the adaptive system
is the addition of the by-pass term - B;:N:(t) to the right term of
(20), and get the complete algorithm (3)._(8).
RESULT 2 : Under the assumptions of result 1, the
adaptive algorithm (5)-(8) guarantees robust stability of the
system (14)-(16) [Guez and Bar-Kana, 1989].

Let us assume that the plant needs some general dynamic
configuration to reach stability. Specifically, let H: {Aq, By,
C¢» Dp) be some LTI dynamic feedback controller that
guarantees that the closed loop system is exponentially stable
acc:lrding to assumption 1. Then we can state the following
result:

RESULT 3 : Let G(*) be some nonlinear system of the
form (9)-(10) and let H: (Aq, By, Cy,, Dy} be a stabilizing
controller under assumption 1. Then, the adaptive algorithm

* (5)-(8) guarantees robust stability of the augmented system

G,(") = G() + H" {Guez and Bar-Kana, 1989).

More important, when improper linear controllers H are
needed to stabilize the nonlinear plant, we can use their proper
inverse in parallel with the plant. This way, we only use the
knowledge on the existence of an improper controller and
actually use a proper configuration in parallel with our plant.
Specifically, as in the case of nonlinear robotic manipulators,
PD controllers of the form H(s) = K(1+qs) can stabilize the
manipulators, and if K is very large, we can get very good
tracking in ideal situation. However, in practice we do not want
to use differentiators or high gains in control loops. In our
approach we only use the knowledge on their mere existence to

implement simple first order polcs of the form H'\(s)= T»%'s' in
parallel with the plant, where D= K} can be a very small gain.

Notice that we do not guarantee any more that the plant is
perfectly tracking, because the best we can obtain is
Yao(t) = y(©) + Du(t) — y(t), although we actually want
y(t) = y,(0). Still, if the maximal admissible gun K, is large
compared with the gain of the plant. then
¥a(t) = y(t) + Du(t) = y(1). For a quite common example,
assume that the gain of the plant is 10 and the maximal
stabilizing gain K,; = 100. Then we use D = 1,100 = 0.01 in
parallel with 10 and, as the references show. v,(t) = ytt) for all
practical purposes.

ROBOTIC EXAMPLE
The proposed controtler (5)-(8) was applied to the nonlinear
robotic system [Desa and Roth, 1985]:

Xy =X 2D

Xy = D" {u; + xx4(B, - By)sin2xy)] + d; (1) (22)

X3=x (23)

X4 = (U3 + (x32)(B, - By)sin(2xy))/Ba + d. (1) 124)
where

D=A+m Lz, + B,cos_2x3 + §3sin2x3.
Ly=0.1m", A, =0.01 kgm®, mg =0.6 kg, R
B, =0.06 kgm?, B, = 0.01 kgm?, B, = 0.05 kgm".

The output measurements are
yi=x +do, () (25)
Y2 =Xz +do,(t) (26)

where dj and dg are the input and output disturbances. The
teacher was given by the simple decoupled model:

. -25 0 1 0
x (1) = [ ]xt(t) + [ }\(t) &)
0o -25 0 1
[1 0}“
t)= t 28
(1) 01 ® (28)

and it was tested with demanding square-wave input
commands.

In paralel with the plant (21)-(24) we employ the
supplementary feedforward (Bar-Kana, 87, 89a)

[0.01 0]
7, = i ) @9

Supplementary disturbances were added to check robustness

5 0.1
d =[ :l: do(t) = [ ] (30)
10 sin(100¢) 0.2 sin{1201)

and the adaptation coefficients were

ay == 100,; Bi_‘=0-l (31

Results of simulations are shown 1n Figure 3, Figure 3a
compares the first plant and model output, and figure 3b “ows
the second output. Figure 3¢ shows, for ilustration, the
behavior of the adaptive gain Kaa(t). It can be seen how the
adaptive gain moves up-and-down n order to maintain small
tracking errors. Figure 3d represents the norm of all plant
states, to show that no hidden state diverges. The input
disturbances were inroduced from the start and their effect 15
hardly felt at the output. The output disturbances were then
introduced at t; = 0.16sec and t5 = 0.23 5. All values remained
hew:aded while the plant tracked with small errors, although we




“used only position (no velocity and no acceleration) output
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_ CONCLUSIONS .
This paper presents a paralle! distributed computing architecture
for adaptive conwol. Starting with-some prior assumptions

about stabilizability of the plants it results in a stable

unsupervized architecture. The feasibility of the method is

demonstrated on an example of robotic manipulator.

NDIX A - PROOF OF RESULT 1
The co:trr;)il’ls;y‘stem with the adaptive controler (18)-(20) is

x(t) = A(X)x(t) - BOON(t)y (1) )
=A(X)x(t) -B(x)K.C(x)x(t) +B(x)K . C(x)x(t) -B(X)N(t)C(x)x(t)
={A(x) - B(X)K,C(x)]x(t) -B(x)[N(1)-KJC(x)x(t)
=A,(x)x(1) -Bx)N()-KJCx)x(t) (A.])

y(t) = C(x)x(t) (A2)

We must prove stability of all the values involved in the
adaptation process, like states, outputs, gains. Let us select the
quadratic Lyapunov function

V@) = xTOPX() + t{(N) - Ko N -K)") (A3)

where tr  denotes trace. Notice that the second term in (A.3) is
only a short notation for the sum of all terms of the form

(N - l(;,-]zlyix. Therefore, (A.3) is a positive definite quadratic
function of all states and adaptive gains. The-derivative of the
Lyapunov function is

V() = x Q) POx@) + X (OP(x) x(t) +X (YPX)x(1)-
+ [N - KT NT @)t NOr (NG - KT)
=X O[P(1) + PA,() + AT(RP(x)]x()
- X" (OPEIBIN(-KJC(x)X()
- X" (OCTRMNO-KJ BT ®PR)x()
+{(N() - KO Ty)y (1))
+ulyQy OIT NG - KT (Ad)

By using (14)-(15) we get

Yt = - X" OQUOX() - 28T MCTR)IND-K,ICHRx(1)
+2xT OCTIN(O-KJCxE) = -xT(0Q(x)x() SO(A.S)

Notice that-because t) in (A.5) is not a function of the
adaptive gains, we only claim in (A.5) that the derivative of the

Lyapunov function is positive semidefinite, namely V (1) S 0.
The-selected positive definite quadrauc form of V(t) then
guarantees that all states and- adaptive gamns are bounded. The
trajectories of the adaptve control system tinally reach the region

defined by V(t) = 0 (LaSalle, 1981).
Itis easy to see that V(t) = 0 implies xtt» = 0. Therefore, if

we ignore the adaptive gains, the plant- 15 asymptotically perfect
regulator, but what about the gains? First of all. we proved

already that the gains are bounded. Second, x(t) = 0 implies y(t)

= 0, which implies N(t) = 0 and then N(1) = constant.
Therefore, N(t) ultimately reaches some constant value such that
the plant is perfect regulator, as the theorem claims,
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Abstragt

This article reports on results of experiments in-object
recognition with a combined neural network / expert system
architecture (Neuro-Expert). The Neuro-Expert architecture is
outlined with a description of the experimental object recognition
system. Results are reported for the recognition of a 20 pattem
prototype set of synthesized binary images placed at-arbitrary
rotations. A 100% recognition rate was obtained under
noiseless conditions. Addition of 1% and 2% random pixel
noise resulted in recognition rates of 95.2% and- 89.5%
respectively.
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A NEURAL NETWORK APPROACH TO TARGET RECOGNITION

Sanjay S. Kumar and Allon Guez
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ABSTRACT

In this paper, an approach for distortion invariant target
identification and target classification based on the Adaptive
Resonance Theory-II (ART-I) is presented. The neural network
employed <emonstrates fast unsupervised leaming coupled with
stable retention and retrieval of information. To keep the
dimensions of the network to a bare minimum and to speed up
the computational process as well as to achieve invariance, six
distortion invariant features ars extracted from each target image
and are used as network inputs. These continuous valued
features are derived from the geometrical moments of the image.
The ART based target recognition system, (ATRS) can be used
in two different modes a) as a target classifier and b) as a target
recognition system. Several parameters associated with the
network itself, allow for greater flexibility in feature
wmanipulation. The performance of the ATRS is compared with a
similar systsm empioying the Multi Layer Perceptron, (MLP)
with the Back Error Propagation leamning algorithm, The ATRS
is found to perform better on three major counts: Speed of
processing, flexibility in feature manipulation and noise
tolerance. Determination of critical settings of the various
parameters associated with the network is crucial in tuning the
ATRS to ensure stable and consistent performance.

1. INTRODUCTION

The problem of recognition and image interpretation is an old

one. It involves two major components: a) preliminary
processing, involving extrapolation of information from given

sensory data leading to an intrinsic image and b) knowledge
based interpretation of the intrinsic image yielding information
about its contents{11]{12]. What is new is the deployment of
varied associative neural network models that attempt to solve
the problems associated with area b) mentioned above,

This research was partially supported by a grant from the Air
Force, Grant No. AFOSR 890010,

Associative neural networks operate by correlating input data
with intemally stored templates to determine best match. This
correlation is performed almost instantly with essentially no
searching or sequential testing and is in the form of an
association between the vast array of information that describes
the current situation and its approximate context. Such networks
process more information and exhibit a higher degree of fault
tolerance.

Most associative neural network models that are employed in
feature extraction and object recognition involve an explicit
learning or training session. During training they have to be
specifically familiarized with the objects in the problem domain
they are expected to identify. This training procedure is usually
lengthy and restricts the process of recognition to only those
features that have been learnt by the network, To circumvent
these drawbacks, we have considered a neural network
architecture based on the Adaptive Resonance Theory-II to solve
the problem of on line target recogaition. We have shown in
this paper that this network gives an improved performance that
reflects significantly upon the processing power and speed of
computation.

2. PROBLEM STATEMENT

Fast image identification and interpretation is crucial for any
intelligent, real time, target recognition system. Accuracy of
target identification, noise tolerance and the capaciry to handle
image distortions are aspects that play an equally important role
in their design. We have proposed an implcmemable.' yet
simplistic scheme for target classificadon and target recognition
in the form of the ATRS, that has associated with it, some of
the attributes mentioned above. The ATRS treats a target as a
collection of sensory data describing the object represented inthe
form of an image or simply a scanner photograph of tite same,
detached from its background. Given a set of tasget images the
recognition system, as a target classifier, is expected 10 classify
the target images into appropriate target categories without any
external supervision or prior leaming. No restrictions are placed
on scaling, translation and orientation of the target image and the
amount of admissible noise.




ZOVHI

In the recognition mode, the set of all possible prowtype targes
images encountered in the problem dornain. cslled the prototype
set, is presented to the ATRS prior to any testing. This
supervised mode of operation enables us to associate with cach
prototype category estsl a target name or idenufication
number. Learning of therototype features is expected to take
placconasmgkpxmﬂiﬁouofthepmmtypcmOneeﬂw
prototype categories are established. the ATRS is called upon
cotrectly idennfy any given targes image that may be a distorted
or noise prone version of the prototype.

3. MPLEMENTATION OF THE ATRS
In this section we present our approach to the solution of the

problem stated in section 2. Figure 1. is a general schematic
diagram for the Art based Target Recognition System :

QA
3 >
- __N| ART-IL a
PREPROCRSSOR
Q —— /| CLASSIFIER an
i 3
THE ATRS
Figure 1. Schemauc of the ATRS.
Eunctioning of the ATRS :

When used in the target classificanon mode, the ATRS is
presented with a stream of differently oriented, scaled and
manslated binary images of targets. These images are quickly
encoded by the systems moment generating preprocessor and are
passed down to the ART-1U classifier that instandy classifies the
images into appropniate target categones. The output of the
ATRS is a category structure that describes which of the input
target images belong to which category and the number of
different target categories established thereof. In the recognution
mode, the ATRS is first presented wath the prototypes before it
is called upon to identify an arbiwrary target image. It should be
noted that the ATRS is sensinve 10 novelty. If a particular target
image hat not heen seen hefors, dunng the nrototvpe
presentations, a new target category is established. The output of
the ATRS in this mode is the identification name or idenafication
number of the input target image. The vanous components of the
ATRS are described in the following sections:

The rooment generating preprocessor :

One of the primary issues involved with the problem of image
interpretation is that of coding information contained in the
wmnsic unage. Coding reflects directly upon the size of e
network, its storage capacity and the speed of computation. We
have 1atricted ourselves (o the use of features of the intrinsic
target image instead of the image per se. The moment generaung
preprocessor takes 2 two dimensional M X M image of the
target ardd encodes 1t into a compact feature vector comprising of
six components. This feature vector is derived using a set of
nonlinear moment invariant functions defined on the geometrical
moments of the target image(1]{4](13). These features arc
wranslation. onentation and scale invariant. They were introduced
by Hu and were fater applied in aircraft idenuficaton by Dudani
et.al.(3][5]. The moment generating preprocessor used in the
ARTS is different from the one used by Stephen Grossberg and
Gail Carpenter (9], that employs the Fourier Mellon invariant

filter to achieve 2-D spatial invariant image coding. However, in
cither case, the target image has to be isolated from the image
background before it can be input to the moment generatng
preprocessor. On the other hand, this problem can be
curcumvented by determining critical settings of the vigilance
and noise tolerance parameters associated with the network
uself,

Given a two dimensional M X M image g(x.y). (8(x.y) X,y =

Wi Wl

M= ZZ xPyg(xy) p.g=0,1.2..

100 yeo
Scale invariance is achieved if the M X M target image is
mapped on to a square defined by X and Y belonging to {-1,+1].
The grid locations will no longer be integers but will have real
values in the range (-1,+1}.
ol e
M= 22 xMyig(xy) p.q=0,1.2...

el yool

To make the moments tranclanon invariant, the central moments
are defined as:

b= 22 0y Dgry)  pa=0.12..

te-lyel
= _ Mo s - Bo
X = and y = i
Scale invariance can also be achieved by taking into account the
central moments with:

Q :Esand B:.p..-t_9-+l
ms 2
Ho




A set of nonlinear functions defined on qu that are invariant
to rotation translation and scale changes have been derived in
(1).The first six functions are:

f1=Qy+ Qg

fr=(Qyp Qm)z*’ 40"2_";

1= (Qy3 Q)% 0 By Op)?
fu= (At Q)% (g O’

fo= (Qg30)( Qg Q) [( Dy Q)33 Qr QT+
(3 Q) Qg+ Qg) [3( Qg A 25+ Q]

fo= (2 Q) (A Q) Ay QI+
40,( Dy Q)N Ot Q)

The feature vector representing the target image is given by:

Log &y, i=1......6

The ARX-II classiffer :

A neural network based on the Adaptive Resonance Theory-I is
adopted as the primary classifier in the ATRS. The Adaptive
Resonance Theory-II is a neural network architecture that is
capable of learning recognition categories. Recognition
categories are described as subsets of environmental input
patterns, continuous valued in the case of ART-II, that share
invariant properties. The network extracts and learns to
recognize these invariants to enable self organizanon and seif
stabilization of its recognition codes in response to an arbirary
sequence pattems. Recognition codes are represented as stable
states and their spontaneous emergence through the systems
interaction with the environment i1s descnbed as self
organization[6]{7][8].

The network used comprises of six input channels at the STM
stage designated as Fy. These input channels are directly linked
to the ATRS moment generating preprocessor. The number of
nodes at the STM stage F5 is kept as a vanable depending upon
the the number of prototype target categones that are to be
established. An important aspect of the network dennficanon
process is the determination of critical settings of the various

parameters associated with the network. One such parameter is
the associative vigilance parameter that determunes how fine or

coarse the learned categories will be. Another parameter
associated with the network is the noise tolerance parameter that
determines the level of noise tolerated by the system. The ART-

-II network topology used in (7)[6], is shown n figure 2:

Figure 2. ART-II network topology.

For the convenience of the reader, we present the network
equations as in (6], below:

The local STM activities pj, Qj,uj,wj and x; computed at stage Fq
are as follows: Fori = i,....M and j = M+1,...N where,
M: number of Fy input channels and N: number of STM nodes
at stage Fp

p,=u gz(y)zﬁ q;= P

e+ pi
v-
Sy v, = flx,) + bf(q,)
w.
wi= [ +au; e

(All equations are expressed in a dimensioniess form)

v. represents the Lonorm of the vector v, Vector norms are
shown as large filled circles in figure 2, while the transfer of

information within the network is represented by the
corresponding arrows.

fx)=0if0<x<p
lifx>@

STM parameters: a = 10.00 b=1000 c=0.1 d=09 (0<
d <l)

noise tolerance parameter, o =1/ VM.

I; : Input vector component

Zy,: Top down connection weights

Z;; : Bottom up connection weights

The STM Equations at stage F:
Tj=2 P; Zj Ty= max [Tj:j=M+L.N]
i

g(yJ) =d if Ty= max [ Tj: the jth F) node has not been reset
on the current trial]
0 otherwise




The order of presentation is unimportant, Target images also
include noise upto 3%. See figure 5.
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Figure 5. Examples of target images (rotation and noise)

The ATRS is capable of identifying all these target images with a
near 100% accuracy. When a new target image, one that has not
been seen by the network before, is input, the ATRS establishes
4 new target category to represent it. In the on line case, when
the prototype pattem set is not deterministic and 1s not presented
before testing, It shouid be noted that the category structure
established by the ATRS for a given set of target images is
different from the one established when the order of presentation
is altered. In this situation, the ATRS establishes a separate
target category for the first target image presented. If the
following target image is the same as the Sirst or is a distorted
variation of it, the ATRS groups it with the aiready established
target category associated with the image. {a the default case,
when the following target tmage is  different from the one
seen before, a new target category 15 established.

A disadvantage in employing the ART-11 as the major classifier
in the recognition system, as 1t 1s used in the proposed model, s
the its incapacity to handle noise beyond a tixed percentage. Thus
problem is related to fixing the antentional vigilance and the notse
parameters during the recognition process,

The vigilance parameter associated with the network allows for
feature manipulation. It defines how coarse or fine the
recognition categories will be. If the vigilance pasameter is kept
too low there is a possibility of false grouping. However, this
feature allows for dealing with noisy feature vectors apart from
the noise tolerance parameter of the network. Determination of
on line critical vigilance tuning to obtaining a desired
categorization of target images is the subject of ongoing
research. In the simulaton carried out all parameters are kept
constant.

. A crossection of the sample data relating to Figures 4,5 and 6,

showing the different moments, the noise associated with the
images, the rotations, the actual target category and the category
¢established by the ATRS are shown in Table 1.1,

A comparison of the ATRS with the Multlayer Percepoon
using the Back Error Propagaticn Learning Algorithm is
summarized in Table 1.2(14]). The data set used in the
comparison is kept the same. Seveaty two target images with
variable percentages of noise and distordons are prcsente&. The
various parameters of the network are kept fixed during the
presentations.

C 0O MP?P ARI1 B8 ON T A B L E
ol werzons Kol yatteras | X of [alse
NETVORK poor )u‘nn ® 20154 of paiterag classifiad classifieation
0 72 100 0.00
3000 1 72 97.8 48
BEP 2 72 95 S 0.5
3 72 912 19.7
0 72 100 0.20
ART-lI 1 { 72 100 0.90
2 72 100 2.64
3 72 100 8.87

Table 1.2: Performance companson of the ART-II with the BEP
5. DISCUSSION

We have shown in this paper a new technique for the
implementation of a neural network based approach to on line
target recognition and target classificanon employing a neural
network model that is capable of seif organization and fast
unsupervised leamning. A comparison with another popular ’
model, the BEP, has brought into sharper focus some of its
atributes. The approach taken is straight forward and simple.
Future work in this direction includes integrating the ATRS with




(1]

(2]

{31

(4]

(5]

M O M E N T TARGETS
FEATURE VYECTOR CONDITIONS _
11 2 ) 14 ® | (6 | owwa| Mbt | ACTUAL| ATRS
3.035 | 2513 | -2.685| -1.146| -3.061] o0.110] 0O 0 1.1 | 11
3028 | 4815 | 3746 | o.25] 2.061] 2532] o0 0 1.2 | 1.2
2051 | 4622 | 2345 | -2.027] -2.138| o0.104| 0 0 1.3 1.3
2.256 | 2122 | 1510 -2.0m| -12.39] 273 o 0 2.1 2.1
2784 | L7170 | 0119 | -2.316] -3.414) 1431 © 0 2.2 2.2 |
2626 | 1.954 | 0092 | -3.476| s.167] -2.499| © 0 2.3 2.3
3.013 | 2502 ] -2605| -0.960] 2.984| 0.291} 2§ ] 1.1 1.1
2805 | 4850 | 3.727 | o0.046 | 1.930] 24| 25 0 1.2 1,2
3.013 | 4526 | 2344 | -2.135| -2.038| 0.122] ‘25 0 1.3 1.3
2.266 | 21479 | -1.705 | -7.206 | -12.33| -8.986] 25 0 2.1 2.1
2781 | 1.679 | 0.149 | -2.386 | -3.505 | -1.547] 25 0 2.2 2.2
2622 | 2003 | 0.182 | -2.893) -4.250| -1.895| 25 0 23 | 23
3826 | 2535 | 3302 | 2721 | 2.009( 3854] 0 1.0 .t |11
3425 | 3279 | 0140 | 2.992 | ass8 | 4623] o 1.0 1.4 |1t
3956 | 4422 | 4541 | o.181 | 1.388 | 2.365] o 1.0 1.2 | 1.2
3.296 | 3.952 | 3.841 | 3299 | 6206 | s262| o 1.0 21 | 21
3.450 | 2.061 | 3.409 | 3459 | 3264 2715] o 1.0 22 | 22
3.460 | 2.496 | 2715 | 0294 | 1.439 | 1438 | 25 1.0 22 | 2.2

Table 1.1: A crossection of simulation data

a segmentation module that does a dynamic scene analysis,
isolates the images from the scene and presents it to the
recognition system. We also propose an on line adaptive tuning
of the attentional vigilance parameter based on some measur. of
confidence, to further improve recognition in the ATRS.
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ACCELERATED CONVERGENCE IN THE INVERSE KINEMATICS
VIA MULTILAYER FEEDFORWARD NETWORKS

% Allon Guez and uz:wdmm *
Department ectri

. Drexel University, Phxhdelphn. PA 15“’04

Abstract A variety of procedures for solving the inverse kinematics of

A hybrid approach to the iterative solution of robotic
manipulators has been presentzd. In this method a Muliilayer
Feedforward Network (MFN) is trained to provide an approximate
solution to the inverse kinematic problem of a robot. This
approximate solution is then utilized as the initial guess to the
iterative procedure which provides the solution within some
specified tolerance. Examples involving the PUMA 560 robot are
given. Since the time taken by the MFN to provide the initiat
estimate is only a fraction of the time taken by the iterative
procedure to reach 2 solution, this combination can be usefuly
employed in order to decrease the time for obtaining the solution to
the inverse kinemetic problem in robotics.

L. Introduction

Among the methods of controlling a mbot the inverse
kinematic method of control when fully utilized requires a total
knowledge of the kinematics of the robot. A robot is composed of
links' connected in the form of a chain with the so called ‘joints’
also known as the degrees of freedom (DOF). The determination of
the position of these links in space, given the joint displacements is
called the 'forward kinematics'. The problem of finding the joint
displacements from a specification of the desired endeffector's
position and orientation is called the inverse kinematic problem
(IKp),

The task of a robot requires it to manipulate different objects.
These objects are represented in a single coordinate system or
multiple coordinate systems related to each other with a single
(global) coordinate system. The handling of the objects is done by
the hand or the ‘endeffector’ of the manipulator. The necessity of the
inverse kinematics is thus a natural consequence. Unlike the forward
kinematics problem the IKP usually does not have a unique
solution. Moreover if the system is underdetermined it will have
infinite number of solutions. This later type constitutes the
redundant class of robots {4],[13].

Research Partially supported by grant No. AFOSR890010.

these robots have been developed (2],(10). Robots having finite
number of solutions have been usefully employed. The limitations to
successfully operate only such robots is largely due to real time
controllability. The class of robots that do not have a closed form
solution, also called unsclvable manipulatore, require iterative
procedures in order to obtain the joint values that will position the
endeffector in the desired position and orientation.

A robot with 6-DOF is required in order to arbitrarily place
an object in a 3D space. The class of 6-DOF robots for which
closed form solution to their inverse kinematics exists is small.
Moreover, the inverse kirematic solution of these robots is usaally
very involved and requires some intuition into the kinematic
structure. The 6-DOF robots that do not have 4 closed form solution
are usually solved by iterative procedures such as Newton Raphson
and gradient descent methods [4). Robots having greater than
minimum number of DOF necessary for their task are called
redundant robots. These robots are solved either by ﬁxing the
redundant DOF and solving the remaining joints in a closed form

manner, or by using iterative methods so as to obtain & solution.

This paper discusses problems in using Multilayers
Feedforward Networks (MFNs) to learn the inverse kinematic
solution of robots. Also shown is the computational efficiency
achieved when MFNs are used as an initial guess for the inverse
kinematic solution by iterative methods. An example involving
PUMA 560 robot illustrates this procedure,

. Problem Statement

The forward kinematic problem may be defined as: given 'q'
the n dimentional joint variables vector, find ‘X' the m dimentional
endeffector position and orientation specificaton vector in the Work
Space. This can be expressed as

=f(q) 10))
where f is a nonlinear, continuous and differentiable function
relating the joint variables to the work space coordinates. In these
terms the inverse kinematic problem is defined as: given X' the m
dimentional endeffector position and orientation vector, find 'q' the
n dimentional joint variable vector, That is to say to solve Eq. (1) for
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q:given the vector X.

q=f1(X) 16}
-Contrary to'the forward kinematic problem the IKP in general does
-not have:a:unique-solution. In-the method proposed in-this-paper
only the forward kinematics is utilized to solve the-inverse
kinematics of a robot,

d.Proposed Method
Our-approach to the solution of IKP of robots involves an

iterative:procedure for which the initial guess-is-given by trained
MFNs. Fig. 1-shows that the iterative method using the initial guess

Fig. 1:-Schematics of the proposed method employing the
"MEN 10 provide the initial guess 4o the iterative
_procedure.

- given:by:the-MFN. The-MFN"is_provided-with-the-desired
:position-and orientation-'Xy' of-the endeffector of-the robot-and-it
-provides the estimate qq of the joint angles. This estimate is utilized
-by.the iterative procedure to provide with a solution q that satisfies a.
,sbfgiéiﬁgﬂzfigl;rince for -the -position and orientation -of the
:endeffector.

The ‘MFN is trained ‘in a supervised manner using
:multilayered BEP.Algorithm: The training data constitutes the f5(q).
wvector:as the input and the corresponding 'qy’ vector.as the desired-
-output of-the network, where the subscripts sigrify the dimension of
:the vector,-This pair of data can be generated using only the forward:
‘kinematics of the robot. The problem related to arhierasy- data points
-issthat-in:general:there-are-more-than-one:sc..l1on to_the inverse
Ekingmaﬁcijpf,a robot, which requires us to se:zct-oaly one-"type-of
-solutionzout:of -all-the-possibilities as-the ran.ng-LJataset. Each
'type'-of=solution:is-bounded-by-the-so-ter~+d . ~u.lar regions
-which-correspond-to_the mk'deﬁcienc'y of *=¢ _s.ohuan:of the
i@;nipg!gt@g—flS]. Thus the data set corresporying :o-cne type of
'@lg[ic}g;@anébeégenerated}byfsta;u'ng at-any . cnfiguration/joint
-values,-and:storing-the-relevant-data while ;~.r2menting injoint
-space:zand:at:each:step ensuring that-the jacor-ia :a-not:acar rank
deficiency. The rank deficiency §f the jacobiasi.. aa & 2asiy-vénfied
by taking the determinant of the jacobian (J) or :~at of *JJTr1n case
-of-under /-over-determined manipulator-and vomparing-the result
‘with zero-Where the superscript indicates the an<pose operaton.

angles. For a-particular type of solution the entire joint range for
-each joint may not be covered. Thus only portions of the maximum
joint range may be utilized. These portions if disjoiﬁt—need to be
trained by separate networks. This problem will be further clarified
-in the next section,

The Netwark Architecture

The pr{:posed MEN architecture, shown in Fig. 2, consists
of n (= number of joints) cluster of networks each cluster consisting
of K; networks, Where K; is the number of disjoint regions in the
solution of the i th joint, where { varies from 1 to n. There is a pair
of output nodes for each Kjth network, one of which is-trained to
give the solution to the joint variable 'i' and the other is trained to
-indicate the validity of the solution given by the first node. This
validity may be taught by making the 2nd node to give a ‘high' if the
solution lies in the domain of the corresponding 1st node and a
‘Low' otherwise, The input nodes are equal to the dimension of the

f(q) vector, Also two layers of hidden units are employed. All nodes .

have a symmetric sigmoidal activation function [12]. In order to
have the solution to all the possible types we would require L such
networks, where L is the number of types of solutions.

1: 2 Xy n

Hidden Layers

: Pair of Nodes
+ Multiple Layers
: Single Layer

'Fig. 2! The Architecture of the Network.

The training of the network consists of the supervised Back

-Error Propagation (BEP) algorithm used to train the output nodes

comresponding to the joint values, given by:

Q=09 a@.. @
for :he.disjoint region of solution related to the position and’
orientation specification of the endeffector-X4 which is provided 10
the-input layer.nodes. The position specification consists of the
(x.y.z) displacement of the origin of the coordinate system attached
to-the endeffector with respect to the work space frame. The.
orientation specification consists of (¢,8,), the Eulerian angles (2).

Xg=(00yxy2T “

A =+~-3 is the rotation about the OZ axis, 6is the rotation about the

-OU-axis, and-V is the rotation about the OW axis, in the gives

Another. problem encountered is-in"the-range-of the-joint
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sequence, in endeffector's frame of reference.
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© The schematics of the iterative method is shown inFig. 3.
This procedure, commonly. called the Newton Raphson method
utilizes the linearized approximation as given below,
d(flqy) + JlagX) dqgy =0 &)
Eq, (5) is snlved for dqqy, which is the change in the qy required to
give a better estimate for the joint values, The joint variables are
updated as follows

Qeee1) ™ Q) +dqq) )]

Fig. 3: ‘Flow diagram for the iterative procedre 10 find-
the joint values.

Here, d(f(Q(g))) is the 6 dimensional -differe~::al jpasition &
orientation:vector, J(qq) X)) is-the (6 x n) jac ~an Taneof e
manipulator signifying the rates of-each eleme=rs ot fq s with
Fespect 10 q(). Where 'n' is the number.of joints vy, «orresponds
 the incremental change required in-the joirt « :~1=les fo sausfy
equation (5) for & ‘better' solution. The subscriyt £ ¢ rmesponds 1o
ume sieps. Here it may be mentioned thatonly the ireuiedge-of:the

forward kjp}mtics of the robot is sufficient for 1-¢ -.~rytation.of
Q- andJ(qx),

. The solution 10 the inverse kinematics has Seen pr- siously
. f“zu‘d3 DOF manipulators [5]. The Kinematic S* scrure of
560 robot by Unimation was used for the proposed method.

Sl --~.i .- i-‘ l’“’ ““

Also the results thus obtained were compared with the conventional
method of Iterative method alone. The PUMA 560 robot consists of
'6' revolute-joints. The first three-joints, that correspond to-the
Waist, Sholder and Elbow motion, contribute mainly in positioning
of the endeffctor. While the last three joints correspond to the- Wrist
motion and contribute mainly in orienting the endeffector, This
manipulator-was chosen for ease- of generation of data- and
verification of results since it has a closed form solution, It has eight
solution for a given positon and orientation signified by Right/Left -
Shoulder, Above/Below - Elbow, and Up/Down - Wrist. The
training data cerresponded to: LEFT Arm, BEIOW Elbow and UP
Wrist configuration. The PUMA 560 parameters were taken from
reference (2], page 37. However, in the simulations the joint limits
used for the 6th joint were -180° to 1809 instesd of -2660 to 2660,

As mentioned in the previous section that there may be more
than one-disjoint region in whichfth_e '_soludgq _{o:: 4 particuler
configuration_lies. In the case of PUMA 560 with the above
considered configuration the values for joint number 6 lie in‘two
disjoint regions.-One corresponds-to=(-/2 to -x) and the other
corresponds to (x/2 to x). These need to be trained separately.-But
in our case we were able to combine the two by transforming these
two regions by xt and -x respectively.so that now they lie in the:Ist
and the 4th:quadrant instead of 3rd:and 2nd quadrants and then
trained them with a single network.

The=network-in this case consisted of 6 input nodes one
output node each for the 6 joints and two hidden layers for each joint
consisting of-32-nodes in the first layer-and 8 nodes in the second.
layer. The standard Back Error Propagation algorithm was-used
with leaming:rate of 0.1 and the_momentum term as 0.2. The
training was:done for 138 persentation: of the data set-which-
consisted-0f>800-samples. The average-error and the standard
deviation of the error in the solution given'by the MFN for each joint
taken over-100_samples is given in-table:1. From table 1 it is seen
that the soluzion given by MFNs is more-scattered for Joints 4to 6
as compared with the joints 1 to 3.

Table 1: Statistics of the solution-given by The MFN.

| Joine Erroriiq Degrees
: # | Average | Standard Deviation
R Y 13.428
2 | .06 30492
S 3 ] s 11:52
4 | ae6 | 6r23s
-5 | 370 | 24912
6 | -602 - 36.828
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For the purpose of comparison as to how good is the initial
guess provided by the MEN, we presented the initial guess as the
actual solution uniformly perturbed randomly between a fraction of
joint limits to the iterative method alone for 100 samples
corresponding to each fraction. The average number of iterations for
the 100 samples presented for each fraction of perturbation of this
Informed Newton Raphson Method (INRM), indicated by INRM;-is
plotted in Fig. 4. For these same samples, requiring the positioning
and orientating of the endeffector, the guess given by the MFN was
also presented to the iterative method as the initial guess, The
corresponding average of the 100 samples for the solution to the
initial guess provided by the MFN is also included in this Figure
which is indicated by MFNNRM. From Fig. 4 it is seen that the
average number of iterations for MENNRM correspond to less that
20% perturbation with tespect to the joint limits about the actual
solution for INRM. In the simulations Eq. (5) was solved by Gauss
Elimination method and partial pivoting. The maximum number of
iterations allowed for the iterative method were 100; The iterative
method was successfully teminated when the norm of the difference
between the desired and actual endeffector position and orientation-
was less than 1.,0E#£.

30

J~—e~—— Avenge NRM
g Average MENNRM

yu 8\.]4056012 + 55.488x - 49.953xA2 + 14,4793

—.::‘\ /7 A
» %

0 vt S S . i
0.4 0.2 0.3 0.4 0.5 0.6 0,7 0.8 0.9 1.0
Per Unit of Joint Limits
Fig. 4: Comparison of the proposed method with informed
Newton Raphson Method.
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Lastly, the proposed method was compared by giving-a
fixed estimate to the iterative procedure. This Fixed Estimate was

taken as: ) =0,8, =0,8; =n/4,0, =0, 85 = n/+, and 85-= 0,
which is a configuration corresponding to which the MEN-was-
trained, as indicated in the begining of this section. The average and-
standard deviation for the number of iterations for the proposed-
method and the Fixed Estimator, in a run of 100 data points is-given
in Table 2. From this table we can see that the proposed method:
achieves more than a two fold efficiency in computing-with-more
consistency. Moreover, it was observed that the time taken-by-the
MFN equals two time units of the iterative procedure, *vhich
amounts to less than 10% of the time required to get the solution by.

] the Fixed Estimator method.

Table 2
# of Iterations
Method Average | Standard Deviation
Proposed  9.96 12.95
Raphean|  21.09 18.90

€ Discussi

A new approach to the iterative solution of robotic
manipulators has been presented. This approach makes use of the
trained MFN to provide the initial guess to the iterative procedure, It
has been shown through examples with the PUMA 560 robot that
the proposed method achieves at least two fold computational
efficiency, where the time taken by the MFN to provide the initial
estimate is only.a fraction of the total time to reach a solution. Future
efforts will be directed toward achieving better estimates by the

MFN .and to the leaming of the solution to the IKP of redundant
robots,
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‘On Learning in Neurocontrollers

A. Guez, Z. Ahmad
ECE Depi. Derexel University

Exploratory schedules (ES) are reference input trajectories designed to enhance the learning
of system parameters. Such trajectories in general may-not be the desired trajectories, resulting in
larger tracking errors. However, ES offer faster convergence to the system parameters and
therefore yield smaller long term tracking errors. The automation for the design of ES requires
online modification of the desired trajectory to enhance learning at the expense of poorer initial
tracking. We discuss this closed loop mode of generation of ES, and give an example of the
benefits achieved by the utilization of ES in the context of controller design.
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On- Learning in Neurocontrollers

A. Guez, Z. Ahmad
ECE Dept. Derexel University

Exploratory schedules-(ES) are reference input trajectories designed to enhance the learning
of system parameters. Such-trajectories in general may not be the desired trajectories, resulting in
larger tracking errors. However, ES offer faster convergence to the system parameters and
therefore yield smaller long term-tracking errors. The automation for the design of ES requires
online modification of the desired trajectory to enhance learning at the expenseof poorer initial
tracking. We discuss this closed loop mode of generation of ES, and give an example of the
benefits achieved by the utilization of ES in the context of controller design.
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On Generation of Exploratory Schedules in Closed Loop for
Enhanced Machine Learning

A. Guez, Z. Ahmad
ECE Dept. Drexel University

Exploratory schedures-(ES} are reference input trajectories designed to enhance the learning
of system parameters. Such trajectories in general may not be the desired trajectories, resulting in
larger tracking errors. However, ES offer faster convergence to the system parameters and
therefore yield smaller long term tracking errors. The automation for the design of ES requires
online modification of the desired trajectory to enhance-learning at the expense of poorer initial
tracking. We discuss this closed loop mode of generation of ES, and give an example of the
benefits achieved by the utilization of ES in the context of controller design.
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HYBRID EXPERT-NEURO CONTROLLER FOR ROBOTS

I. Bar-Kana, A. Guez, and=l.Rusnak
ECE Dept.. Drexel University, Philadelphia, PA 19104

ABSTRACT

A hybrid nzural network and expert system based controller is designed for the
control of rigid robot manipulators. The composition of neural net and expert system
technologies-is used to combine the strength-of both, The neural network based -module
deals well with.continuous adaptation to small and-contintous parameter perturbations in
the robot-dynamics [1. and with improved parameter identification. The expert system-is
capable of handling a low-order. discontinuous and-complex set of model and-environment
parameter changes via o set of prestored rules realizing informed sequential décision
making expertise.

The combination of these modules has-the-potential of improving the-perforntance
of adaptive:robot-controllers under complex task-requirements in changing environments,
when various-ovjectives. sach as pertormance, stability. identitication, error reduction,
noise robustness. task vurnion, oL become dontinant. The final product is an Expert

System that-coordinates the JMiticrent obiectnves-of the tasks of a robot during its life cycle.

[T} A. Guez and-1. Bar-K.: + "Tag decree-of-freedom Robot Nevrocontroller.” Cont. on
Decision-and:Control. Hene © Ha v, Tou,

[2) . W. Selinsky and A. Geez " The Reie of Apriori Knowledye of Plant Dynamics in
Neurocontroller Design.” Con’. o Decision and Control, Tampa. Florida. l—‘)SQ. pp-

1754-1758.
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VITAL FUNCTION STATUS - A Parameter To Facilitate Decision Making In Anesthesia

I. Nevo, MD, J. V. Roth, MD, F. Ahmed*, A. Guez, Ph.D*
Dept. of Anesthesiology, Albert Einstein Medical Center, Philadelphia, PA;
* Dept. of E.C.E, Drexel University, Philadelphia, PA.

The anesthesia environment is a dynamic environment where the anesthesiologist has to make,
with a degree of uncertainty, prompt decision in order to prevent disastrous outcomes to the
patient. The anesthesia envircnment often consists of 7 to 8 monitors displaying multiple numbers
and waveforms in different formats at different locations. Anesthesia accidents are typically
caused by more than one factor including human errors, equipment failure, surgical events, or
alteration in physiology caused by patient's disease. Whereas equipment failure is still a
component of accidents, the greatest number of anesthetic mishaps can be attributed to human
error (1,2). There is a need for simplification and improvement of the information made
available to the anesthesiologist.

We propose a new parameter, the Vital Function Status (VFS), as part of our overall project to
develop an expert system in anesthesia. The VFS is a semi-quantitative value which summarizes
the patient's physiologic condition and depicts at what level of danger the patient is in.

Exploiting recent developments in the fields of anesthesia, perception and cognition, expert
systems, artificial intelligence, distributed sensing, adaptive signal processing, machine learning,
and man machine interface technologies, a prototype has been partially developed. An IBM AT-
286 with an 80287 coprecessor samples, from physiologic monitors, analog signals at rates up to
500 Hz and digital signals every second. Turbo C is the development environment. The system
contains two major subunits, the Vital Function Unit (VFU) and the Inference Unit (IU). The
physiologic monitors are interfaced into the VFU. The values are validated, the signals are
filtered, and derivative parameters are computed. Any derivative parameter (e.g. lung
compliance, systemic and pulmonary vascular resistance, left and right-ventricular stroke work
index, oxygen delivery, arterial-venous oxygen difference) for which there is sufficient
information is calculated every second. Each value is compared to reference values residing in the
Reference Value Unit (RVU) and assigned one of six levels of danger ranging from 0 (no danger) to
5 (immediate critical danger). All of the assigned values are grouped by threshold into one
parameter VFS having a value from 0 to 5.

On the screen two graphs are displayed. The VFS evolved within the last three minutes (actual
VFS) and the trend during the last 30 minutes (trend VFS) with scroll back option. Once a change
is detected, the system displays the parameter that first deviated. The the causal event can than be
more easily identified.

We believe that more frequent analysis of monitoring data and earlier detection will facilitate
decision making in anesthesia. It may reduce the anesthesiologist's response time which may
prevent further detgrioration in the patient's condition.
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It is estimated that between 2,000 and 10,000 patients die in
the USA each year from causes at least partially related to
anesthesia. The morbidity rates related to anesthesia are higher.
Whereas equipment failure is still a component of accidents, the
greatest number of anesthetic mishaps can be attributed to human
error. The anesthesia environment is a dynamic environment where
the anesthesiologist has to make, with a degree of uncertainty,
prompt decisions in order to prevent disastrous outcomes to the
patient. The anesthesia environment often consists of 7 to 8
monitors displaying multiple numbers and waveforms in different
formats at different locations. The human brain is capable of
perceiving concomitantly seven informational inputs and of
processing efficiently only 2 or 3 at the same time. Fatigue,
inexperience and stress further decrease efficiency, may cause one
to fixate on a specific idea, and increase the probability of human
error. There is a need for the simplification and improvement of
the information made available to the anesthesiologist.

We propose a new parameter, the Vital Function Status (VFS),
as part of our overall project to develop an expert system in
anesthesia. The VFS is a semi-quantitative value which summarizes
the patient's physiologic condition and depicts at what level of
danger the patient is in.

Exploiting recent developments in the fields of anesthesia,
perception and cognition, expert systems, artificial intelligence,
distributed sensing, data acquisition, adaptive signal processing,
machine learning, and man-machine interface technologies, a
prototype has been partially developed. An IBM AT-286 with an
80287 co-processor samples from the physiologic monitors analog
signals at 500 Hz and digital signals every second. Turbo C is the
development environment. The system contains two major subunits,
the Vital Function Unit (VFU) and the Inference Unit (IU). The
physiologic monitors are interfaced into the VFU. The values are
validated, the signals are filtered, and derivative parameters for
which there is sufficient information are calculated every second.
Each value is compared to reference values residing in the
Reference Value Unit (RVU) and assigned one of six levels of danger
ranging from 0 (no danger) to 5 (immediate critical danger). All
of the assigned values are grouped by threshold into one parameter,
VFS, having a value from 0 to 5.

On a screen, two graphs are displayed: the VFS evolved within
the last three minutes (actual VFS) and the trend over the last 30
minutes (trend VFS). Once a chuange is detected, the system
displays the parameter that first deviated. This allows for the
causal event to be more easily identified. This will assist the
anesthesiologlst in responding to the causal effector and not just
to an event in a cascade.

We believe that more frequent analysis of monitoring data and
earlier detection of deviations will facilitate decision making in
anesthesia. It may reduce the anesthesiologist's response time
which may prevent further deterioration in the patient's condition.
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ANESTHESIOLOGIST'S ADAPTIVE ASSOCIATE (ANAA)
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ABSTRACT

The anesthesia environment is a dynamic and stochastic
system where an overwhelming amount of data is constantly
displayed. Nevertheless, prompt decisions ought to be made and
subsequent treament should be applied. We propose the ANAA
(ANesthesiologist's Adaptive Associate) which is an adaptive
real dme expert system.

INTRODUCTION

The anesthesia environment is a dynamic and stochastic
system in which the anesthesiologist has to make decisions
promptly to prevent dicastrous outcomes (1]. Throughout the
surgical procedure, the anesthesiologist has to maintain the
patients vital functions stable and withiy normal ranges, and to
prevent a change in any vital function which usually propels a
deterioration of other vital functions¢

The human brain is capable of perceiving on the order of
seven informational inputs concomitantly and processing
effectively only 2 or 3 at one time {2]. Moreover, sharing the
attention reduces the efficacy of such performance (3). The
anesthesia workstation often consists of seven to eight monitors
cach one displaying multiple numbers and waveforms in
different formats. The physicians task is further complicated by
the scattered information and the responsibility of watching the
patient as well as the surgical field. As a result, too often times
the physician performing his duties reacts, remotely in time, not
to a cause of an initial problem but rather to its consequence.

To enhance the anesthesiologist performance and to
improve the patient's outcome we are developing
ANesthesiologist's Adaptive Associate (ANAA), an adapuve
knowledge based, real time expert system (Sce figure below),
that will work in association with the anesthesiologist.

ANAA DESCRIPTION

The system 1s described 1n the figure below. [t consists of
monitors, data acquisition hardware, signal interfaces. PC,
expert system software, feedback loops for knowledge base
refinement and an elaborate display. The hardware consists of
IBM-PC AT (w/ Intel 80286) interfaced with seven monitors
through analog I/O board (Analog Devices) and three RS232

serial communication ports. The expert system consists of two
units: Padent Status Unit (PSU) and Inference Unit (IU).

ANAA OPERATION

The system contains a set of Reference Values (RV).
These consists of normal ranges (matched for the patient's age
group) and five different levels of danger for each vital sign
(from none to severe danger) [1]. Prior to the begining of the
anesthesia the PSU incorporates into the RV the patient’s basal
vital signs values. During the anesthesia new data, as well as
computed values (e.g. compliance, resistance etc.), are
compared to the RV and to previous values. Subsequently,
individual danger level for each vital sign is computed; all the
danger levels are condensed to give a single display
parameter. The displayed new parameter is a real ime pagieat's
Vita] Function Stats (VES).

This unit contains the anesthesiologist's expertise.The
danger levels of each vital sign will be sent to this unit, Once a
deviation from normal is detected TU will display the following:
a) the first parameter that changed, b) a list of differential
diagnosis (ranked according to their life threat potential, and ¢) a
list of proposed actions to correct the deviation.

The U will be adaptive in nature, i.c., it will suggest
course of actions drawn from a knowledge base, which can be
updated and refined through a learning loop based on real time
performance criteria. The [U will compare its suggested actions
to the action taken by the anesthesiologist. If they are different
and the anesthesiologist's action brings the patient to a more
desirable state, then the knowledge base gets updated.

This system will not use any probabilisic or statistical
methodology, rather it will be based on correlation analyses. [t
will reduce the informational overload from the anesthesiologist,
by providing a composite and concise display of information on
one screen. It will detect the first change that took place and the
VFS will provide an holistic information regarding the patient
situation. By suggesting differential diagnosis and actions, it
will give the physician a wider choice of options, which he,
otherwise, may overlook. The adaptive leaming loop will make
it more flexible. Overall, it will enhance the quality assurance
and will improve patient outcome.
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Simple adaptive control for a class of non-linear systems with
application to robotics

IZHAK BAR-KANAt and ALLON GUEZt

Simple adaptive control techniques have recently been developed fo: continuous
stationary and non-stationary linear systems, based on the fact that the output
stabilizability property of systems can be used to realize *almost passive’ coufipur-
ations that may facilitate the implementation of simple robust adaptive controiiers.
This paper extends these concepts to a class of non-linear systems that are linear
in the control; this includes manipulators and similar systems. Since it has recently
been shown that non-linear systems that can be stabilized via static or dynamic
output feedback become ‘almost passive’ via some corresponding parallel feedfor-
ward, a rigorous proof of the robust stability of the simple adaptive control of non-
stationary almost passive systems is presented.

1. Introduction

Most adaptive control techniques (Landau 1979, Astrdm 1983) assume prior
knowledge of the order (or an upper bound on the order) of the unknown coatrolled
plant. Prior knowledge of the pole-excess in the plant is also needed. This prior
knowledge is used to implement observer-based controllers of the same order as the
plant. Since these assumptions may not be satisfied in realistic large systems, a simpli-
fied adaptive control approach was developed by Sobel et al. (1979, 1982) and Bar-
Kana and Kaufman (1982 a, b). The developers of this approach were influenced by
the progress of adaptive control methods in the late 70s, especially the model reference
and stability analysis approach of Landau (1979), Monopoli (1974), and Narendra
and Valavani (1979). However, they were also interested in the simple adaptive control
methods of the 60s (Whitaker 1959, Osburn et al. 1961, Donaldson and Leondes
1963, Parks 1966). Since from the very beginning they had to deal with real-world
large scale systems, Kaufman et al. (1981)—the developers of this approach—were
forced to consider real world constraints, which had recently been considered realisti-
cally in adaptive and general control design under the topic ‘robustness’, as follows.

(a) The order of real world plants is large and generally unknown, and the models
available for the control design are only low-order approximations of the real
plant. Even if the order is known, it is normally too large to allow using
controllers of the same (or a larger) order as the plant

(b) The same applies for the pole-excess, or, in the general multivariable c¢~~~, for
the MacMillan degree of the plant.

{¢) Although the algebraic conditions for the minimum order of stabilizing con-
trollers are an outstanding unsolved problem, most real-world systems can
easily be stabilized with simple controllers. Many plants are even stable at the
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start. However, stability is the first and necessary condition but is not sufficient;
the control designer is interested in performance.

The question that arises from the constraints and assumptions above is: can the
basic stabilizability of the controlled plants, combined with specific non-linear adaptive
control techniques, fit the right gains to the right operational situation so that perform-
ance is obtained while stability is guaranteed? The answer is not necessarily positive
when non-stationary or non-linear controllers are used. Yet, starting with modest re-
sults (Sobel et al. 1982), which only presented the first conditions needed for the stable
behaviour of a basic simplified adaptive control algorithm, this approach was devel-
oped and extended to result in a simple, robust, and well-performing algorithm (Bar-
Kana 1989 d) whose implementation is feasible for most real-world applications.

The first motivation and representative examples of this approach are large flexible
structures. Whether we treat them as finite systems or as infinite dimensional sytems,
their-order is very large and unknown. Still, they may be stabilizable via low-order
controllers. Fixed low-order controllers may not be able, however, to guarantee the
desired performance, and this job we leave for non-linear adaptive controllers. Al-
though one can find examples of plants that cannot be stabilized by controllers of lesser
order than the plant, these are not common where processes, planes, missiles, manip-
ulators, etc. are concerned, rather than the ‘general model’. Root-locus or Bode

analysis shows when the information on the plant permits such an analysis. High.

order of a plant and ‘unmodelled dynamics’ do not necessarily justify problems that
some adaptive control algorithms are expected to solve in the well-known examples
due to Rohrs ¢f al. (1982, 1985) which are both stable and minimum-phase, and could
have been controlled even by a controller of zero order (constant).

Recently. 1t has been shown for stationary and non-stationary muitivariable linear
systems ( Bar-Kana and Kaufman 1985 a, Bar-Kana 1986 a, 1987 a, 1988 ¢, 1989 b) that
stable, simple adaptive controllers (SACs) can be implemented using some vague
prior knowledge or assumptions about the basic stabilizability properties-of the plant
to be controlled. In fact, the simple result states that if a plant can be stabilized by
some simple configuration, the adaptive controller can adaptively compute the de-
sired controller gains without using any real initial knowledge. The stability of a
non-linear adaptive control system is guaranteed if the inverse of some stabilizing
configuration is used as parallel feedforward to augment the plant-to-be controlled
{Bar-Kana 1987 a, b, 1989 ¢). The (multivariable) augmented controlled system is now
called ‘almost strictly passive’ (ASP), because it has been shown that there exists some
positive definite static (unknown) output feedback, such that the fictitious resulting
closed-loop ~ystem 1s strictly passive (also strictly positive real. in linear time-invariant
systems). and stpet passivity is characterized by some relations which guarantee the
robust staubility of non-linear controllers.

In other words, the passivity (or positive realness in stationary linear systems)
conditions required to guarantee the stability of a non-lincar adaptive control system
are in fact a Juferent and equivalent formulation of the basic stabilizability properties
of the plant v be controlled. The result is a simple and robust direct model reference
adaptive control (MRAC) algorithm, and its applications now include non-minimum-
phase and unstable, non-stationary or non-linear examples of missiles. flexible struc-
tures, motors. helicopters. manipulators, and other servo systems. In fact. the appli-
cations people are now trying to collect the most difficult examples that can befound.
The simplivity of implementation may make it attractive for engineers with practical
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applications on their mind, although theoretically one can ask: ‘How do you know
that the system is stabilizabie?’ This question is not so serious when one tries to
control a process, plane or manipulator, rather than the general control model. The
adaptive control designer must take into consideration that most control designs and
even robust control designs are not adaptive. The problem of the control designer is
the performance, rather than the stability, of the control system. However, without
guaranteeing stability, performance cannot even be discussed. When called to select
the fixed gains of the controller, the designer must trade-off his various choices. High
gains imply high manoeuvrability, but they also imply high cost of control, high noise
amplification and a ‘nervous’ response even if these are not necessarily needed. Low-
gains imply smooth response and low control cost, but they do not provide the
needed manoeuvrability when it is required. ‘Optimal’ gains may sometimes provide
a suitable compromise, but again may not be satisfactory for any of these cases.
Changing the gains ‘adaptively’, or in accordance with the specific situation in oder
to maintain performance in various operational environments is an attractive idea.
However, when we use non-stationary control, stability is not necessarily guaranteed
in general, even if the corresponding linear system was guaranteed stable. In the past
it has been shown for linear systems, that SAC guarantees stability with non-linear
adaptive controllers over the entire region that could have been used by fixed gains
one at a time. This paper extends this result for a class of non-linear systems that are
linear in the control. While it does not attempt to present a general solution to the
general problem, this approach may still offer a simple and robust adaptive solution
for many difficult realistic problems, and the completion of preliminary linear designs
based on only vague knowledge about the plant to be controlled.

If a controlled system is ASP, then simple adaptive control procedures find the
necessary gains that can stabilize and control the system without having to know or
use this fictitious static feedback or any prior knowledge about the plant. This prop-
erty can be very useful if one attempts to present a solution when the order of the
plant is very large and unknown, because in this case very low-order adaptive control-
lers may control even large flexible structures that are passive under idealistic assump-
tions, or can be made passive in realistic environments (Bar-Kana et al. 1983, Bar-
Kana and Kaufman 1984, Balas et al. 1984, h et al. 1987).

While a reader with the ‘general problem’ in mind may still wonder about the basic
assumption of the prior availability of some stabilizing configuration, this result is use-
ful in particular control designs, when some prior knowledge on the piant to be con-
trolled is sufficient to stabilize the plant, even though not necessarily sufficient to obtain
the desired performance. (It is usually enough to know that the plant is a motor, a
manipulator or a flexible structure.) In many cases, proper controllers may not necess-
arily be desired, like the PD controllers with the general (matrix) transfer function
H(s) = K(l ~5:5) (Kidd 1985, Slotine and Li 1988, Bar-Kana et al. 1989). However,
while Kidd (1985)does not use this desired controller because of the need for derivatives,
and while Slotine and Li (1988) try to cope with a noisy tachometer, we only exploit the
assumed existence of the fictitious improper controller and actually use its proper in-
verse 1n parallel with the plant. This way, although we only use position measurement
sensors. we still get the effect of the desired differentiators without really differentiating
(Bar-Kana 19874, 1988 2, d). Since it was proven that global stability and robustness of
the non-linear adaptive controller operating on the augmented plant is guaranteed, the
adaptive controller 1s now called to fit the right gains to the right situation in order to
minimize the tracking errors (Bar-Kana 1987 b),
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An objective evaluation of this approach as compared with others, although still
based on its first results, can be found in the paper of Mattern and Shoureshi (1987).
Meanwhile, new papers and reports may better explain some aspects that were not
clear enough in the past. Along with new developments in the theory and applications,
attempts are made to write some explanation that would intuitively give the motiv-
ation behind our approach. Section-4 of Bar-Kana (1987 a) may be the best introduc-
tion to this approach. It is mainly concerned with SISO systems. One may also note
the non-linear manipulator application of that paper. A new tutorial (Bar-Kana
1989 d) which may be the most complete presentation of the theory and applications
so far, gives the necessary explanation and motivation for the various steps and parts
of SAC in multivariable systems, using the minimal amount of mathematics possible.

A good challenge to this simple adaptive control algorithm in difficult practical
applications is offered by the adaptive control of robots, missiles, or planes. Missiles
(Guez 1980), manipulators (Guez and Dritsas 1987), and planes (Morse and Ossman
1989), like flexible structures, are in fact stable, or easily stabilizable, configurations.
However, they are difficult control objects because stability does not necessarily imply
performance. In various operational environments the control parameters (angles,
loads, inputs, disturbances) change quite a bit and fixed controllers may have a
difficult task trying to maintain good performance. Here, SAC may provide a solution:
the necessary gains are computed automatically such that the performance (small
tracking errors) is maintained because the adaptive controller may use the entire
domain of admissible gains, the right gain at the right time. We mention, in particular,
flight control reconfiguration after multiple control-surface failure. (Morse and Oss-
man). The adaptive controllers move rapidly from some value of the adaptive gains
to a new value more fitting to the new situation after failure, thus maintaining a
stable flight instead of what could have been total catastrophe. This approach is
therefore quite different from other mainstream adaptive control methodologies that
try to use adaptation in order to reach some fixed ‘optimal’ controller, SAC may.-be
considered a first, modest, or even-primitive example of intelligent control, because
it only uses a single control configuration, yet attempts to fit the right controller
gains to the right environmental and operational condition in order to maintain the
required performance (represented by small tracking errors).

However, although SAC has been successfully applied in non-stationary and
non-linear systems, proofs of stability only cover linear systems. The state-space
representation of the systems and the Lyapunov stability analysis of the adaptive
algorithms allowed in the past for a unified presentation of SISO and multivariable
systems (Bar-Kana 1987 b, 1989 c), the the first attempts at non-linear systems snow
that the techniques can be rigorously extended to the classes of non-linear systems
that include, for example, robots and missiles.

This paper extends these concepts to non-linear multivariable systems. The robust
model reference adaptive control algorithm for almost passive systems is presented
in § 2, and 15 shown to be based on the basic sabilizability of the plants. A robot
manipulator application is then presented in § 3, and some conclusions in § 4.

2. Preliminaries and basic definitions
Let us consider a dynamic non-linear plant given in the following state-space
representation

(1) = Ap(x,)x,(t) + By(xp)u,(t) (N
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Ya(t) = Cy(x,)%,(t) + Dy (x,)u,(¢) &)

where x,(t)eR", y,(t)eR", u,(t)eR™ and where the matrices A,(x,), B,(x,),
C,(xp), Dy(x,) are uniformly bounded. We use the not necessarily strictly causal form
{Ap(x,), By(x,), C,p(x,), D,(x,)} only for the sake of completion of the treatment, and
the following results remain perfectly valid if the systems are strictly causal (D,(x,) =
0).

Definition |

The system (1), (2) is said to be almost strictly passive (ASP) if there exists a positive
definite static feedback matrix K, such that the resulting closed-loop system is strictly
passive (SP) (Fig. 1).

u pf:‘)

Figure I. First strictly passive configuration.

It is easy to see that by using the controller

Up(t) = — K yalt) + upe(t) )

we get the following closed-loop system (Fig..2)
X,(8) = Ape(xp)x,p(t) + Bpe(xp)upe(t) @)
Yalt) = Cpe)X, (1) + Dyl et (5)

where

Ape(xp) = Ap(x,) = By(x,) K o (x,) Cplx,) (6)
Ko(x,) =K. [+ D,(x,)K. ] ' =[I + K.D,(x,)] 'K, )]
Bye(xp) = By(x,)[I + K Dplx,)] ™" (8)
Cpelxp) =1 + Dy(x,)K.]7' Cplx,) 9
Dpe(x,) =1 + Dy(x,) K11 Dplx,) = Dpl(x,) [ + K, Dp(x,)] " (10)

where Dy(x,)>0 and D,.(x,) 0, which means that D,(x,) and D,(x,) are non-
singular and positive definite for all x, e R".
The strictly passive system (4), (5) satisfies the following relations (Willems 1972)

P(x,) + P(x,) Ape(x,) + AR(x,) P(x,) = = Q(x,) = LT(x,)L(x,) (1)
P(x,)Bpe(x,) = CL(x,) ~ LT(x,) W(x,) (12)
D,e(xp) + Dpex,) = WT(x,) W(x,) (13)
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Figure 2. Second equivalent strictly passive system.

for some uniformly bounded positive definite matrices, P(x,) and Q(x,), and some
matrices L(x,) € R™*" and W(x,) € R**™ and where

dt ox, dt

It is easy to sece (Willems 1972) that relations (11)~(13) are equivalent to the
following Riccati equation:

P(xp) + P(X,) ApelXp) + AR (x,) P(x,) + [P(X,)Bpelx,) — CL(x,)]

X [Dpelxp) + D3clx,)] " [BR(X,) P(x,) — Cpelx,)] + Q(x,) =0 (14)
In strictly causal systems, when D,(x,) =0, the strict passivity relations are:
P(xp) + P(x,)[4,(x,) — B,(x,)K.C,(x,)]

+[Ap(xp) = By(x,) Ko Cplxp)] Plx,) = = Q(x,) <0 (19).

P(x,)B,(x,) = C}(x,) (16)

Relations (15), (16) can be obtained directly from (14) which, when D,(x,) is singu-
lar, cannot hold unless (16) holds, and then (15) follows immediately. Let us also
assume that B,(x,) is of maximal rank. In this case, (16) requircs that C,(x,) also be
of maximal rank and that

BY(x,)CE(x,) = BY(x,) P(x,) B,(x,) > 0 (17)

which is the equivalent of the relative conditions of linear time-invariant systems,
which requires that strictly causal ASP systems have n—m minimum-phase finite
zeros and n arbitrary poles (Shaked 1977, Bar-Kana 1987 a),

The reader may find different definitions of passivity in the literature, but the
forms above were selected because they are direct results of the basic stabilizability
properties of the plant (Bar-Kana 1989 a), and also because they are very convenient
in the subsequent proofs of stability. ASP systems are also high gain stabilizable (Bar-
Kana 1989 a), a property that is essential for the robustness of the non-linear adaptive
controllers. We base our development on exponential stability as defined by Hahn
(1967) with application to our specific structures. We assume that if the plant is
stabilizable, the resulting stable configurations is exponentially stable as defined
below.

Definition 2 (Hahn 1967)
Let the general non-linear system be represented by the n-order vectorial equation
X(1)=f(x,1) and let x =0 be an equilibrium point. The equilibrium point is called
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exponentially stable if all solutions x(¢) satisfy the relation |x(¢)] < aix(0) exp (— ft) for
some scalars «>0 and §> 0. .

Theorem | (Hahn 1967)

Let the right-hand side of x(t) =f(x, t) have bounded continuous first-order partial
derivatives. Let the equilibrium be exponentially stable. Then there exists a Lyapunov
function V(x, t) that satisfies estimates of the form

(a) 1 xOF < V(x, ) S lx(E)?
(b) V(x, 1) < a3lx(0)?
© ova(:,' D canx®lf, i=1,2.n

Because this paper deals with non-linear systems of the form (1), (2) rather than
linear time-invariant systems, we cannot expect to find, or even show the existence
of a positive definite quadratic Lyapunov function of the form ¥(x,) = x}(t) Px,(z)
where P is constant and positive definite. However, after some experience with specific
non-linear systems, such as robots, and because we restrict our discussion to non-
linear systems that are linear in the control of the form (1),(2), we assume that
exponential stability of the autonomous system (1), with u,(t) = 0, implies the existence
of non-linear Lyapunov functions V(x) which are not explicit functions of time.
Furthermore, since we can always write V(x,) = x;(t)P(x,)x,(t), and because then
V(x,) XpOLP(x,) + P(x,) A(x,) + AT(x,) P(x,)] x,(8) = = x(Q(x,)%,(t), we re-
strict the subsequent discussion to system that satisfy the following assumption.

Assumption

Exponential stability of the autonomous system (1), -with u,(t) =0, implies the
existence of Lyapunov functions of the form V(x,) = xp(t) P(x,)x,(t) and a derivative
of the form V(x,,) = x}()Q(x,)x,(t), where P(x,) and Q(x,) are positive definite for
all x, € R". By using the same Lyapunov function with the non-autonomous equation
(1), it is easy to see that exponential stability implies BIBO stability.

Lemma: Almost passivity

Let G, be any non-linear system of the form (15), (16). Let H be some stabilizing
linear controller for G,, and assume that we use the inverse of H in parallel with G,,

. so that the augmented system G,=G,+ H™! has the form G,={A,(x,), B,(x,)

C,(x,), D,y(x,)}. Then G, is ‘almost strictly passive’ (ASP). In other words, the aug-
mented system G, satisfies almost strict passivity relations of the form (11)~(13) (Bar-
Kana 1989 a).

The most attractive and direct applications of the almost passivity lemma can be
implemented if some raw prior information about the controlled plant is given and
some estimate of the maximal stabilizing output feedback, K,,,,, is known. If it can
be evaluated, then by using the parallel feedforward D, = K\, we obtain an aug-
mented system that can easily and reliably be controlled by almost any reasonable
control method. Since instead of controlling the plant output y,(r) = C,(x,)x,(t) we
now control the augmented output y,(t) = y,(t) + D,u,(t), the lemma is especially
useful in systems that maintain stability with high feedback gains. In this case, the
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supplementary gain may be very small and may not essentially affect the controlled
plant output. For example, in very common cases, if the gain of the plant is ten and
the largest admissible gain is evaluated to be about 100, then we only add /130 =
0:01 in parallel with the plant. It is amazing how such a small parallel term changes
the stability properties of the plant (Bar-Kana and Kaufman 1987).

To end these remarks, we note that K., (or H in general), is indeed required to
guarantee the stability of the fictitious closed-loop system, and thus the aimost passiv-
ity of the augmented open-loop system (15), (16), but only in a very weak sense. The
fictitious stable system is by no means required to be good. Thus, stability is only a
sufficient condition that enables the subsequent non-linear control to impose the
desired behaviour of, for example, a well designed low-order reference model upon
the (large) plant.

The proof of stability of the subsequent multivariable adaptive control systems
extends the applicability of simple adaptive controllers to non-linear systems, and
some references at the end of this paper may give a good illustration about what
can be done in stationary, non-stationary, or non-linear systems when appropriate
feedforward can be selected a priori (Bar-Kana and Kaufman 1983, 1984, 1985 a, b,
1988, Bar-Kana et al. 1983, Bar-Kana 1987 a, b) or if it must also be computed
adaptively (Bar-Kana 1986 b, 1987 b).

3. Model following problem for non-linear ASP systems

In § 4 we show how to select the necessary parallel configurations in practical
design. This section assumes that the adaptive control is applied to the augmented
ASP system. [n realistic environments we must take into consideration the input and
output disturbances, and therefore our augmented ASP controlled plant has the
following representation

%5(0) = Aplz,) X, (1) + By, )ty (1) + di(x,, 1) (18)
.Va(t) = Cp(xp)xp(t) + D_n(xp)“p(t) + do(xp, t) (19)

where the matrices A,(x,), B,(x,), C,(x,), and D,(x,) are uniformly bounded. We
assume that d,(x,, t) and dy(x,, t) are bounded input and output disturbances that
can also represent some inaccuracies of the representation of the real plant. The plant
is assumed to be ASP; however, it may also be very large and basically unknown.
The output of the plant is required to follow the output of the (possibly) very low-
order model

Xm(t) = An(Xm) Xm(t) + B(Xm) 1 (1) (20)
Ym(t) = Con(Xm) Xm(t) + Din{Xm) (1) 2h

The model represents the desired behaviour of the plant, but is otherwise free and
does not have to be the result of some prior modelling of the plant. It is also allowed
to be of any arbitrarily high or low order. It will usually be a linear time-invariant
model, and we represent it in the general, non-linear form only for the sake of the
generality of the solution.

We now detine the output tracking error

ey(t) = ym(t) - yp(t) (22)

and use the foilowing simple multivariable adaptive control algorithm (Fig. 3)
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(Bar-Kana and Kaufman 1983, 1985 b, Bar-Kana 1987 a)

up(t) = K, (t)e,(t) + K, () xm(t) + K, (Jum(t) = K(O)r(t) ~ (23)
K@e)=[K. (0 K. 0O K, 0] (24)
rT)=[ej(t) xm(®) un(t)] (25)

where the adaptive gains are computed as a combination of ‘proportional’ and
‘integral’ gains:

K, () =[e,0e5()F,, e, (0xn(0l,. e@un®T, J=e, (0 (OF (26)
K () =e,(0)rT(OT — oK, (2) (27)
K@) =K, () + Ki(t) (28)

where " and I are selected positive definite scaling matrices.

Figure 3. Complete adaptive control system,

The basic algorithm (23)-(28), without the o-term in (27), was introduced by Sobel
et al. (1979, 1982) and extended by Bar-Kana anc. Kaufman (1983, 1984, 1985 a). The
gain K, (1) takes care of the stability of the controlled plant, while K, (t) and
K, (t) help improve the performance of the adaptive model-following system and
even achieve perfect following in ideal clean environments (Bar-Kana and Kaufman
1985 a).

The o-term is a ‘forgetting’ factor (Ioannou and Kokotovic 1983) that avoids
divergence of the integral gain in the presence of disturbances. Since it is only a low-
pass filtering of e, (¢)rT ()T, this gain will not diverge unless the output tracking error
diverges. Furthermore, the adaptive gain now moves up and down according to the
specific situation (errors), as adaptive gains should do. The proportional gain K,(¢)
is added for its immediate action. Owing to this action, it heavily punishes high
tracking errors and quickly brings the system towards tracking with small errors
(Landau 1979),

The cfficiency of the integral term K, (1) was also recently demonstrated
{Nussbaum 1983, Willems and Byrnes 1984, Morse 1984, Bar-Kana 1989 d) with
respect to the problem of the unknown sign of the high frequency gain.

The subsequent theorem of robust adaptive stability extends the applicability of
this simple adaptive algorithm to ‘almost passive’ multivariable non-linear systems,
and gives the necessary theoretical background for the successful applications of the
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algorithm in non-linear or non-stationary systems (Bar-Kana 1987 a, b, 1988 ¢, Bar-
Kana and Kaufman 1988).

Theorem 2

The model reference adaptive controller (23)-(28) guarantees robust adaptive
stabilization of the ASP plant (18)-(19) in the presence of any bounded input com-
mands and input or output disturbances.

Proof
For the proof, see Appendix A for causal and Appendix B for strictly causal ASP
systems. .

‘Robust adaptive stabilization’ means that all values involved in the adaptation
process, namely states, gains and errors, are bounded in the presence of any bounded
input commands and input or output disturbances. It should be mentioned that this
is a very general result because we do not assume any prior knowledge on the plant,
and because a perfect tracking solution may not exist since the model reference
represents only some desired behaviour of an ideal plant. However, because stability
of the non-linear adaptive controller with ASP plants is guaranteed, the non-linear
controller gains are called to make the tracking errors arbitrarily small, as a trade-
off between large gains and large errors. Asymptotic perfect following or asymptotic
perfect regulation are obtained in idealistic conditions. Note that we do not need the
usual assumptions that the dynamics (Seraji 1989) or the adaptation (Ortega and
Spong 1988) are slow in order to guarantee stability of this adaptive control system.

Although Theorem 2 guarantees the boundness of all dynamic values involved in
the adaptation process, some undesired phenomena were observed in the adaptive
algorithms with forgetting factors (Astrom 1983, Anderson 1985, Bar-Kana 1988 b,
1989 ¢, Fortesque et al. 1981, Hsu and Costa 1987) when no external excitation is
present. In our configuration, these effects are apparent in particular if the controlled
plant is unstable (Hsu and Costa 1987, Bar-Kana 1988 b). In this case, the adaptive
gain may initially increase due to the initial errors. and reach some stabilizing value.
As a resuit, the states and outputs move towards their zero value, and a decrease of
the output leads to a decrease of the gains towards their zero value. However, since
the equilibrium point (v,(t) =0, K() = 0) is unstable, and since on the other hand all
values are bounded, we can expect that the system will reach some other limiting
trajectories or equilibrium points (Willems 1971).

Since the gain initially has a stabilizing effect, the states and outputs come very
close to their zero value. Therefore, the gains must go well into the unstable region
before their destabilizing effect is felt. We therefore have a sudden ‘burst’ of error that
brings the gains into the stable region again, and so on (Mareels and Bitmead 1986,
Bar-Kana 1988 b, 1989 c). If we use fast adaptation, which in our case means using
high adaptation coefficients I and T, the adaptive gains increase immediately to such
values that the tracking errors can be reduced to less than noticeable dimensions
(Bar-Kana 1988 b). However, when the phenomenon appears, it finally settles at, or
about, the minimum stabilizing gain K,;,. As shown below, we can use this value to
totally eliminate the bursts,

If we replace K, (1) in (24) by

Ke,(0)+ Ko (29)
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where K, is any stabilizing gain
KO 2 Kmln ' (30)

then the bursting phenomena are eliminated, because if either ||y (), [K()] or
| K()y.(t)|l become small, the adaptive system enters the domain of attraction of the
equilibrium point (y,(t) =0, K(t) = K,) (Appendix C). Since it can be shown that the
equilibrium point (x,(f) = 0, K(t) = K,) is both asymptotically stable (attractive) and
unique, the eventual existence of other equilibrium points is excluded (Appendix D).

In conclusion, although in general prior knowledge of the bounds of stability,
K min=K max» Which is admissible with fixed controllers, does not guarantee stability
with non-linear controllers (Aizerman and Gantmacher 1964), stability is guaranteed
in the specific case of this particular non-linear adaptive algorithm.

4. Adaptive control of manipulators
A state space representation of the manipulator is (Slotine and Li 1988):

%p(t) = Ap(x,)X,(8) + Bp(x,)up(t) + d(x,) (3N
®=x0=|"" (2)
Ve e x,(t)

where x, e R?", y, e R?", u, e R", and where x,(¢) is the n position-state vector-and
x,(t) is the n velocity-state vector. The various matrices of corresponding dimensions
in (31), (32) are:

.—0 I '
i 33
Aol LO —H“(m)ﬂxvxz)] "
B(xp):-r 0 (34)
4 _H-l(x!)
™ 0
d(x,) = >
_—H_l(xl)g(xl)]

where d(x,) is considered to be a state-dependent disturbance generated by the gravity

g(xy).
We first neglect the gravity term in order to establish some basic relations and
show that the ideal system can be stabilized by a feedback controller of the form

up(t) = — K(x; + 2x;) (36)

for any positive definite matrix K and positive coefficient a. In other words, the
closed-loop system

£5(0) = Aca (%)%, (0 (37

where

I
) _ 38
cL(%p) [_H-x(xl)x —H“(x,)[C(xl.Xz)+aK]:] ()
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is uniformly asymptotically stable. To this end we select the positive definite
Lyapunov function

V(x,) = x3(8) P(x,)x,(t) 39)
where

Py=| O (40)
=10 Hex)

and therefore, the derivative of the Lyapunov function along the trajectories of
(37 is

l'/(-xp) - xp(t) [P(xp) + P(xp)ACL(xp) + ACL(xp)P(xp)] xp(t)
K-KT

=x5(t) . x,(t 41
’ [KT—K H(xy) = C(xy, x2) = CT(xy, x;) —a(K + KT)jl A @D
and where we use (Slotine and Li 1988) the manipulator property that H(x,) is
positive definite and that H(x,) = C(x,, x,) + C(x,, x,), to obtain finally

V(x,) = —2ax3 () Kx,(2) 42)

Although l"(x,) is only negative semidefinite rather than negative definite, uniform
asymptotic stability of (37) is guaranteed by the following theorems, which we formu-
late in a form that fits our specific problem.

Theorem 3 (Lyapunov: see Vidyasagar 1978)

Let ¥(x,) be a positive definite Lyapunov function of x,(t). Then, the system (37)
is globally asymptotically stable if and only if the derivative of the Lyapunov function
along the trajectories of (37) is a negative definite function of x,(t) (Vidyasagar 1978).

Theorem 4 (LaSalle 1981)

Under the assumptions of Theorem 3, the system (37) is stable if the derivative of
the Lyapunov function along its trajectories is negative semidefinite. The trajectories
of the system finally reach the region defined by ¥(x,) = 0 (LaSalle 1981). The system
(37) is still asymptotically stable if the negative semidefinite derivative V(x,,) is not
identically zero along any non-trivial solution of (37).

In our case, since V(x,,) is quadratic, the limiting trajectories condition V(x,)=0
is equivalent to x,(t) = x,(t) = 0, which implies x, () =0, and therefore x,(t) =0.

Although stabilizability of the robotic manipulator through some PD controller
was established using a negative semidefinite derivative of the Lyapunov function,
the passivity relations needed for the convergence of the non-linear adaptive control-
ler require that the underlying V(x,) be negative definite, or have a negative definite
upper bound with respect to x,(t). Now, since for any x,(t) #0 we have V(x,)>0
(strictly positive) and V(x,) <0 (smctly negative), which implies that V(x,) is smctly
decreasing, then V(t,,)/ V(x,) < —B, for some scalar B> 0, sufficiently small. Then
V(x,,) < —fV(x,) and

V(x,) = —20x3(1)Kx(t) S = Bxp(0) P(x,)x,(0) = — BV (x,) (43)
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and therefore all passivity lemmas and the proofs of the robust stability of the adaptive
systems are valid in the case of robot manipulators.

The stabilizability of a robot via PD controllers is only needed as underlymg
knowledge. The implementation of the simplified adaptive controller does not actu-
ally make use of the derivative of the output and we can only use position sensors.
Instead of the fictitious stabilizing PD controlier H{(s) given by (36) we use the
configuration H~!(s) given by

1

K e % u,(s) (44)

ys(s) =

in parallel with the controiled plant (Bar-Kana 1987 a), where K ., is some reasonable
evaluation of the maximal admissible gain K in (36), which theoretically may be
arbitrarily large. Since we treat the gravity term as some unknown and unmeasured
bounded disturbance, and since we do not use any identification algorithm, the
adaptive controller can only guarantee stability with respect to the boundness of all
states, gains, and tracking errors, in general. However, since the adaptive algorithm
moves the gains up and down in order to reduce the errors, this residual error may
be negligible (Bar-Kana 1987 a, Laniado et al. 1989). The ideal perfect tracking is
thus given up to obviate the need for more complex algorithms using identifiers in
the closed-loop.

S. Conciusions

In this paper the basic stabilizability properties of systems have been used to
achieve ‘almost passive’ configurations for a class of non-linear continuous-time sys-
tems. It has also been shown that the ‘almost passivity’ property of systems can be
used to extend the applicability of simple non-linear adaptive algorithms to non-
linear systems, since it guarantees the global stability and robustness of the adaptive
control systems in realistic environments. Other prior knowledge and conditions,
usually needed, such as the order of the plant, the relative degree, inverse stability,
stationarity, external excitation, etc. are immaterial in this context. The paper suggests
a simple and robust adaptive controller for non-linear systems with unknown par-
ameters, with particular application for robot manipulators.
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Appendix A
Proof of stability of the adaptive control algorithm (23)~(28)

The adaptive controller is desired to bring the control system to that ideal situ-
ation where perfect output tracking is performed. Therefore, we shall first guestion
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the possible existence of some ‘ideal’ bounded trajectories x3(¢) and ‘ideal’ control
xp(t) that satisfy some unknown differential equation

£3(0) = A2(3)x3(0) + BE(x)u3(0) Al
Yp(t)=Cplx,)xp () + Dp(x,)up(t) (A2)

where the matrices A3(x3), Bj(x3), C,(x,), and D,(x,) are uniformly bounded. Note
that the ideal system (A 1) may be entirely different from the plant to be controlled,
and that only their output equations (A 2) are assumed to be equal.

We now try to represent x7(¢) and u3(t) as linear combinations (Bar-Kana and
Kauiman 1985 a) of x,(t) and u,(t)

X3() = Xxp(t) + Unn(0) (A3)
us(t) = K., xnlt) + K, n(0) (Ad4)

If the plant states reach the ideal trajectories, x,(t) = x3(t) we require that
Y5 (1) = Cp(x3)xp (1) + Dp(x3)up (1) = ym(t) (A5)
Substituting (A 2)-(A 4) and (22) into (A 5) gives

Cox3) Xxm(t) + Co(x2) Uttn(t) + D, (x*) R, Xm(t) + Dp(x3) K, tin(t)
= Cop(Xm) Xm(t) + Dp(X ) Um(2) (A 6)

or

[CP(X:)X + Dp(x:)K.-x,.. - Cm(xm)] X,,,(t)
+[Co(x3)U + Dp(x¥)R,,, — Dp(xXpm)]un() =0 (A7)

It is clear, of course, that if the meauring matrices, C,, Cp, D,, and D,, are all
constant, (A 7) usually has a solution (at least) for the unknown matrices X, U,
K,m, and If,,m, because it has many more variables than equations, In the general
non-linear case, we may think that these unknown matrices are functions of x;. In
reality, x} is any bounded trajectory that may satisfy (A 7) and is free otherwise.
Therefore, we can assume that (A 7) is satisfied, in general.

Notice that even if (A 7) assumes that the ideal trajectories exist, perfect tracking
by the real plant may not be possible, in the most general case, when the model and
the plant are totally different. We leave this result in its most general form, to show
that even in this case, when perfect tracking is not possible, the tracking ertors can
be reduced arbitrarily as a trade-off between large adaptive gains and large errors.
Notice also that none of the solutions that were discussed above are needed for
implementation of the adaptive algorithm (23)-(28). The conditions of existence that
were established for the idealistic perfect following solution will subsequently be used
for the proof of stability.

Since we want plant states to reach the ‘ideal’ states that allow perfect tracking,
we define the state error as

ex(t) = x3(t) — x,(t) (A8)
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and the output error as

&,(8) = ym(t) = ¥,(8) = ¥ () — [C,(x3) — C,(x,)1 x3 ()
— [D,(x}) = Dplx,Jup(t) = y,(t)
e,(t) = Cp(x,)x3 (1) + Dp(x,)up () — Cp(xp)x,p(t) = Dp(x,)up(t)
= [Cp(x¥) = Cplx, )] x5 () — do(t)
e,(1) = Cp(xp)ex(t) + Dp(x,) [K, Xn(t) + K, um(0)]
+ Dy(x,) K., & (8) — Dy(x,) K, (1)
= Dp(x, ) K()r(t) — [C,lx3) — Cplx,)1x3 (1)
— [D,(x3) = Dplx,)]up(t) — do(?)
ey(t) = Cplx,)ex(t) — D,(x,)[K(8) = K1r(t) — D,(x,) K., (1)
= [Cy(x3) = Colx,)]x5(t) = [Dyp(x5) ~ Dyplxp)]up(t) — dof?)

Denote
dy (1) = [C,(x§) — Cplx,)1x3(0) + [D,(x3) = Dplx,)]up () + dolt)
Then
T+ Dy(x,)R., Jey(6) = Cylx,)ex(t) — Dyl )[K (1) ~ R1r(t) — s 0)
and finally
ey(t) = CpelXp)ec(t) = Dpe(x,) [K()) = KIr(t) — [ + D,(x,)R,, 17 dy ()
where
R=[R,, K., K.,]

and where C,.(x,) and D,(x,)-were defined in (9)-(10).
Differentiating e,(t) in (A 8) gives

é(8) = X7 (1) = X, (8) = X3 (8) — A, (xp) x5 () + A,(x,) x5 (1) — X, (1)

E.(t) = AX(x2)x2(1) + B (xD)us(8) — Ay(x,)x2 ()
+ A (x,)x2(8) = A, (x,)x,{t) = B,(x,)K(D)r(t) — di(t)

Eet) = A,(xp)ex(t) — By(xp) K(OF (1) + By(xp) K, Xm(®) + By(x,) Ky, tim(2)
= B,(x,) K. e,() + By(x,)Ke, 2, () + [AF(x5) — Ap(x,)] X (1)
+ [A(x3) — Ap(x,)] Uy () — di(t)

&4(0) = Ay(x,)ex(t) = By(x,) Ko (1) = B,(x,)[K(0) - R1r(r)
+{[A(x3) = Ay(x,)]X + [B3(x3) — By(x,)]1K.,,} Xm(r)
+{[AS(x3) = A,(x,)]U + [B3(x3) = B,(x,)] K., } um(t) — di(1)
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(A9)

(A 10)

(A 11)

(A1%

(A13)

(A 14)

(A 15)

(A 16)

A17

(A18)

(A19)

(A 20)
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Substituting e,(t) from (A 15) gives
éx(t) = Ay(x,)ex(t) — By(x,) K, [I + D,y(x,)R,, 171 Cy(x,)
— By(x,)K, [ + Dy(x,)R., 17" D,lx,) [K(8) ~ Kr(t)
= By(x,) K., U + Dyl(x,)Re, 17 do(t) = By(x,) [K(1) = RIr(0)
+{[A3(x3) = A,(x,)1 X + [B3(x3) — B,(x,)] K., } xm(t)
+{[A3(x3) — Ap(x,)]U + [B3(x3) — B,(x,)IR.,, ) un(t) — di(t) (A 21)
Since
= B,(x,)K, [l + D,(x,) K, 17 Dy(x,) + B,(x,)
' = B,(x,){I + K., [1 + D,(x,)R,, 1™ D, (x,)}
(using the matrix inversion lemma)
= B,(x,)[[ + D,y(x,)K,, 17" = Bpe(x,) (A 22)
we get
€x(0) = Ape(x,)ex(t) = Buelx,) [K () — K1r(0) + F (1) (A23)

where A,.(x,), By(x,), K.c(x,) were defined in (4)-(10) and where F(t) is the residual
uniformly bounded term

F(0) = {[AJ(x2) — A,(x,)] X + [BE(x2) — Bp(x,)1 K.} xn(t)
+{[43(x3) = Ay(x,)1U + [B3(x3) — By(x,)] K.,  um(t)
= By{x,)Red, (1) — di(2) (A 29).

The following quadratic Lyapunov function will be used for the proof of stability
of the adaptive system (A 22) and (27):

V(1) = el P(x,)e(t) + tr {[K(0) = KIT ™ [K, () — R]") (A25)

where P(x,) is the positive definite matrix defined in (11)-(13) and [ is the positive
definite scaling factor defined in (27). The derivative of V(t) ‘along the trajectories’ of
(A 22) and (27) gives:

V(0) = e1(t) P(x,)ex(t) + EX (D) P(x,)ex(t) + eX(8) P(x,)é4(0)
~2tr {[K, ()= KIT KT (o)} (A 26)

Substituting é,(t) from (A 23) and K, (1) from (27) gives
V(1) = () P(x,)ex(t) + EX(0) AR(x,) P(x,)ex(t)

~ I (0[K (1) — KT BR(x,) P(t)ex(t) + FT(1) P(t)e.(0)

+ eX(0) P(x,) Ape(X,)ex(8) — eX(0) P(x,) Bye(x,) [K (1) = K1r (1)

~ el P(x,) F(O) + 2 tr {[K () — KIT ™ [e,()r" ()] = oK, (]}} (A27)
V(1) = el([PLx,) + P(x,) Ayelx,) + AR(x,) P(x,)]ex(t)

= el(0) P(x,) B,e(x,) [K(0) = KIr(t) = rT()[K (D) — KT B(x,) P(t)es(1)

+ 2e(0) P(x,)F (1)

—ef(N[K, (0 = KD + rT(0[K (1) = K TTe,(0)

~ 25 tri[K, () - KT 'K ()} (A 28)
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Substituting
K/()=K({)—K,(t)=K(t) - e,(t)r' )l o (A29)
gives
V(1) = eL(OLP(x,) + P(xp) Ape(p) + Ap(xp) Plxp)] (1)

— €T(0) P(x,) Bpe(xp) [K () = R1r(t) — r*()[K (1) = K17 Be(x,) P(ex(t)

+ 2eX(t) P(x,)F(t)

— (LK @) = RIr() + I OLK () - KTTe, (1)

~2el (t)e, (DT ()7 ()

— 20 tr {{K, () — RIT ' [Ky() - K1}

—20tr {[K,(t)—K]l"‘IZT} (A 30)

Using (11)-(13) and (A 15) gives

V() = —el(0)Q(x,)ex(t) — eX (LT (xp) L(x,)ex(t)
— N CL(x,)[K(0) — KIr() - rT(O[K () - RITCr(x,)ex()
— el LT (x,) W(x,)[K() - R]r(t)
+ () [K(6) — KTTWT(x,)L(x,)e,(t)
+eX(NCL(x,) [K(H) — K1r()
— (LK () — RITDL(x,) [K() — R1r(0)
—~dT(O[1 + D,(x,)K,, ] [K() - K1r(®
+ T (O[K () = K17 Cpelx,)ex()
— (LK) ~ RITD el ) (K () — R1r(2)
—~ (LK (®) = KITLT + Dylxp) K, 171 i (0)
=2l (t)e,()rT (OTr (1)
~ 20 tr {[K (1) — RIT ' [K () — KT7)
—20ir {[K, () - RIr K"}
+ 2eI(t)P(x,)F ) (A 31)

Rearranging and using (13) gives

V()= —eX(Q(x,)ex(t)
—{L(x,)ex(t) = W(x,)[K(®) = KIr(0)}
x {L(x,)es(t) = W(x,)[K (1) — K1r(®)}
=27 (0)e, ()T (O Tr(r)
=20t {[K, () — RIT ' [K (0 - K™}
—2etr{[K,(t) - KJT'K"}
27 (K () = RIT[! + D,(x,)K,, 17 i ()
+2eT(0)P(x,)F (1) (A 32)
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It is easy to see that some positive coefficients ,-2,4 exist such that
V() < = lle I — 2, ITR() = RIr@I12 = a3 lle, (011 — x4 lley (0 Ixm(®)l2
= aglle, (> lun(O)* — 260 1K, (0) = RI2 + 270K (1) = K|
+ 2g ILK(8) = KTt ()l + % llex(t)lf + ayo llex ()] * lley (0l (A 33)

If either lle.()ll, ILK(t)— K1r(0)ll, or [K,(t) - K|l increase beyond some bound,
the negative definite quadratic terms in (A 33) become dominant, and thus V(r) be-
comes negative. The quadratic form of the Lyapunov function V(¢) then guarantees
that all the dynamic values, namely e, (1), K,(t), and e,(t) are bounded. In idealistic
situations with d,(t) = 0 and dy(t) = 0, F(t) may vanish and thus allow perfect following
(Bar-Kana and Kaufman 1985 a). [f, however, the o-term were missing in (27), then
the adaptive controller could not have avoided those situations when ||K (1) — K|
might increase without bound in spite of |[K(t) — K]r(t)|| being small. As shown in
§ 2, the properties of ASP systems guarantee that theoretically, the adaptive system
remains stable, even if the gains increase without bound. Therefore, on one hand one
can use very high adaptation scaling factors such that the weighting of the negative
terms is dominant and the tracking errors become very (arbitrarily) small. However,
the gains may also reach unnecessarily or unrealistically large values. The negative
quadratic o-term in (A 32) shows that such a situation is not possible and ail values
are therefore bounded. Moreover, the adaptive gains now move up and down accord-
ing to the required performance (small tracking errors), as a practical implementation
of the adaptive control aim to fitting the right gains to the right operational situation.
This way, on one hand one can have smooth tracking with small adaptive gains (and
low cost of control and low noise amplification) when the tracking problem is easy.
On the other hand, the adaptive gains increase to any large desired value when
required by the transient mode or the desired manoeuvrability, so that the tracking
errors remain small. This property of the adaptive algorithm may give it an advantage
over fixed linear controllers, even if the plants (not the operational environment) were
perfectly known.

As already mentioned, only the K, (t) terms are needed for the stability of the
adaptive control system. The effect of the other terms, like the proportional adaptive
gains or the gains multiplying x,(t) and u,(t) is expressed by the corresponding
supplementary negative terms in (A 32) and (A 33), which increase the rate of con-
vergence and also reduce the bounds of the final bounded error (where V(r) is not
necessarily negative) thus improving the performance of the adaptive controller.
Notice that without external disturbances, the smaller the tracking error, the closer
x,(t) is to the ideal trajectory and, in turn, the smaller the residual term F(). Although
in general, the adaptive controller does not promise perfect tracking, in most situ-
ations the tracking errors are very small and sometimes negligible. At the price of
bounded rather than vanishing errors, the adaptive controller maintains the stability
of the adaptive control system in most practical non-idealistic and ever changing
situations (Bar-Kana 1988 c, 1989 d, Bar-Kana and Kaufman 1988, Morse and Oss-
man 1989),

Appendix B
Adaptive control of strictly causal almost passive systems

The adaptive controller (37)-(42) can also be applied to strictly causal ASP sys-
tems, that satisfy relations (15), (16).
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The proof of stability in such a case follows immediately from the proof of
Appendix A, if we substitute D,(x,) =0, L(x,) =0, W(x,)=0.
Then
V() = —ep()Q(x,)ex(t)
—2e] (e, ()T () r(e)
=20 tr {[K,()) - KIT " [K(0) - K1}
=2 tr {{[K,(t)- RIr-' KT}
—2rT(O[K(©) - K174, ()
+ 2e1 () P(x,) F(t) (B1)

and the stability results folowing (A 32)-(A 33) are also perfectly valid here.

Appendix C
Role of the stabilizing gain K,
Let us assume that we used the fixed gain K, and control the plant

Xp(t) = Ao(x,)x,(t) + By(x,)u,(t) ch
,V.,(t) = Cp(xp)xp(t) +fD,(x,)x,(t) (C 2)

where
AO(xp) = Ap(xp) - Bp(xp)KO Cp(xp) (C 3)

Since (C 1) is, by assumption, uniformly asymptotically stable, then it can be seen
(Bar-Kana 1989 a) that there exist some positive definite matrices Py(x,) and
Qo(x,), and some matrices Lo(x,), Wy, and D, such that the following relations are
satisfied:

Po(xp) + Po(x,) Ao(x,) + AY(x,) Po(x,) = = Qolx,) — LE(x,) Lo(x,)  (C4)
Py(x,)By(x,) = Cp(x,) — Li(x,) Wo (C5)
Do+ Dg = Wi W, (C6)

Let us assume that no external input command or disturbance is present, and

that therefore u,(t) =0, xu(t) =0, yu(t) =0, K.(t) =0, K,(t) = 0, and for convenience,

Kp(t)": 0' Kl(t) = Ke,(t) = Ke,l(t)'
We use the following Lyapunov function:

V1(0) = x5 (8) Polxp) (1) (o))
and the derivative of ¥|(t) along the trajectories of (C 1)-(C 2) is

V1(0) = xT(O0Po(x,) + Po(x,) Ao(x,) + AS(x,) Polx,)]x,(t)
+ XT(0) Po (%) By(x,)up(t) + ul(6) BT (x,) Po () %,(0) (C8)
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Substituting u,(t) from (23) and using (C 4)-(C 6) gives

Vi(0) = ~x3(51Qo(xp)xp(t) = O LT(x,) Lo () x, (1)

— xp(OCT(x,) K1 (0)yalt) = IO KT(©)Cplx,)%,(0)

+ X (O LY(x,) Wo K1 (6) (1) + yI (VKT Q) WE Lo(x,)x,(0) (€9
(0) = —x3(0)Qo(xp)%p(t) — X3 (OLF(x,) Lo(X,)X,(¢)

+ 23(0) L§(xp) Wo K (£ ya(t) + yI(O KT () WE Lo(x,)x,(t)

— YI(OKT(©)(Do + DY) K (1) y4(t)

- Y2 (K[ (0)(Do + D) K (1) ya(t)

— 1 (KT () [Dy(x,) + Dy (x,)1K, (1) ya(t)

- Y (O[K(0) + KT (0] ya(®) (C10)
i) = = X3 (1) Qo(p)x,L1)

= [Lo(x,)x,(8) = Wo Ky (8)ya(®)] T [Lo(x,)%,(t) — Wo K (1) ()]

— ¥ (LK (1) + KT (D1 y4(2) _

+ YO KT(©)[Do + D§ — D,(x,) — D} (x,)1 K1 () yalt) (C11)

Because only the last term in (C 11) is not negative, then if either |y, (), 1K (Ol
or ||K(t)y,(1)]| becomes-small, the adaptive system enters the domain of attraction
of the equilibrium point (y,(¢) =0, K(t)= K,). Because boundness of all values is
guaranteed (Appendixes A and B), the conclusions that follow (30) are immediate.

We now show that for any Ko 2 K, the point (x, =0, K,(t)=0) or (x,=0,
K(t) = Ky) is also the only equilibrium poir. of the system, if we restrict the discussion
to those non-linear systems.for which uniform asymptotic stability guarantees that
the system matrix is non-singular.

We then assume that -before applying the adaptive controller, we used some
preliminary constant matrix K, such that the system represented by

Ao(xp) = Ap(xp) = Bp(xp)KO Cp(xp) (C12)

is uniformly asymptotically stable.
The maximal admissible (supplementary) feedback gain is then

Ko — Ko (C13)
and therefore
Dy=[Kna—Kol™" (C14)
From (C 1) we get
Xp(t) = Ax(x,)x,(t) (C15)
where
Axl%p) = Aolp) = Bplx,) Ke(t)Cplx,) (C16)
uy(t) = = Ky (t)ya(t) = — K1 () Cplx,)x,(t) — K (1) Dpx,(t) (C17)
up(t) = =K () Cp(x,)x,(t) (C18)
Ko =TI+ K ()D,17 K () (C19)

F
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Form (C 19) it can be seen again that

0<K;(t)<co implies 0<K(t)<D,'=Knx—Ko - (C 20)

The equilibrium points of (C 15) and (27) are obtained from
Ax(x,)%,() =0 (C21)
aKi(t) = y{t)ya () =0 (C22

If Ky > Koy, then Ag(x,) is stable for any value of K. (1) and it is, therefore, non-
singular. In this case (C 21) has only the unique solution x,(t)=0. and then, from
(C 22) we get K,(t)=0.

In conclusion, if Ko > Kumia, then the equilibrium point (x,(t) =0, K,(t) =0) or
(x,() =0, K(t) = Ko) is both stable (attractive) and unique.
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