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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 [ARI] and the attached3 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. ([5],[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-
9],[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 of1a robotiic system was used as the prototypical task and a HNN was
designed and compared with the state of the art adaptive control

*1 techniques.
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During this 'project the concept of exploratory schedules (ES)
was developed [5],[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 stable 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].I
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[1] Current Pepectives on Neul Networks

I Application of Neural Networks to Robotics

I Ziaudin Ahmnad John Selizuky Allm Gun

Dmeel University, Depwunent of Electrical miCapue Engineeing
Commonwealth Building, Philaddpbia, PA 19104

I
We report on the application of Neural Networks (NN) archimctam w two impmnn problems in robotics. A

hybrid architecture is used to solve the inverse kinematics problem with performance superior to the that.of the
classical approach. We also utilize a hierarchical NN architecture for Imning rigid robot dynamics for the purpose of
real time control.

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

I.noduction

In this chapter we summarize the results of [Guez 89b] and [Guez 901 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 a hierarchical NN architecture for
learning rigid robot dynamics for the purpose of real time control.

2. The Inverse Kinemratic Problem in Robotics

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 end is 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 mann.er that wilL make the end-eff,-,t- ,to track the desired trajectory.
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.

I'I
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2.1 P sm ent

The inverse kineaitic problem (IKP) deals with finding the 'n' joint angle values 'q' of the robot that will 0
position the end-effec4 in a desired psitior and orientatim 'X I d '' dimensional world space. This may be
expressed.a:qf(X(21I q = '~)(2.1) +

However, in general this solution is not unique. In many cases (e.g. redundant manipulators) there may result
infinite number of solutions. In these caes additional constraints [Yoshikawa] in terms of the, allowed

configurations or peformane function minimization ae used to nede the number o( legitimate joint contIf~uaow
or to single out a unique preferable one.

22 The .2sed method

The formation of the proposed method starts with the robotic manipulator for which the IKP is to be solved and
a 'blank' (untrained) multilayered feedforward neural network of suitable si. Then, training data in the form of pair

of the end-effector position and orientation X - [ # 0 # x y z]T, and the coesponding joint values q wd ql q2

... qnT , 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 joint values are the deired
outputs of the network. After the training is completed the trained NN is coupled with the iterative method, as

I I shown in the Fig. 1, for the purpose of operation. During the operation phase the desired position and orientation X
of the end-effector is provided to the NN. The NN gives the approximate solution qo based on the learned
connection weights. This a-proximate solution is taken as the initial guess by th., 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 9-t of examples that pertain to this specific

solution only.

I-I
-~~ ["Mtine'"

c P ro c e d tuqr et l a e e
' '--0 Feedfoiward-... P..m,,t.r-.re

X Network q, q

& oa wms Kinematics Block

(a) (b)

Fig. 1 Schematics of the proposed method employing the NN to provide
the jfliiall gLess q0 to the itmive pro-cedu re.

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

*2
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I 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 TheHumau-nn
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 u object in free space, in a plane parallel to the ground.

Knowing the actual distances between the joints the datm 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. The3 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.I'he two figures have similar errors indicating that the neural network has generalized on the trained data set. Lax
errors near X = 0.5 m are perhaps due to the singularity reasons or insufficient data near that region. Further, it was3 observed that the values for the elbow joint's were learned much better than those for the wrist joint 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
upo.i the training data giving similar results for the untrained data to that of the trained data implying that implicit3 performance indices can be captured via NNs and perhaps identified via weight pruning and analysis.

I 0.30.3

I
I 0

-0.2 -0.3
0.0 X-Axis 0 0.0 X-Axis 0.5

(a) Hand positioning error for the training (b) Hand positioning error for other than the
i 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).

13
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2.3-2 PUM5
The PUMA 560 parameters were taken from (Ful, page 37. 'Iis manipulator, which is a 6-DOF robot, was

chosen for ease of genation of data and verification of results since it has a closed form solution. PUMA 560 has

eight solutions for a g4en position aitd orientation signified by Right/Left - Shoulder, Above/Below . Elbow, and +

Up/Down - Wrist. In mr simulations the train,,g 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 -2660 to

266".
The network in this case consisted of 6 input nodes, one output node each for th6 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 in the

solution given by the NN for each joint taken over 100 samples ranged from 0.160 to 6.020 while the standard3 deviation of the error ranged from 11.5 0 to 36.80. This solution was seen to be more scattered for Joints 4 to 6 as

compared with the joints I 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, 02 = 0, 03 = ir/4, 04 = 0, 05 = x/4, and 06 = 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 tcrminated when the norm of the
difference between the desired and actual end-effector position and orientation was less than 1.OE-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 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 units of the iterative procedure, which amounts to less than 10% of the time required to get
the solution by the Fixed Estimator method.

Tabe,

I
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

Fixed 21.09 18.90

2.4 Conclusion

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)

*4
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indpendent of the type of the manipulbor, (2) simple to impleem. Only forward kinematics is required fix this

method and as shown by our simulatio s i combination results in a icease in computational efficiency by 2-

fold for the PUMA 561 (6-DOF) robot. This results in minimal processing within each control cycle and improve

real time control perfcdAance.

3. Leamiof Robot Dynmigs Using Hie phQtew1Nto

Adaptation, in control, is the process of adjusting the controller to comply with the regulation and tracking
requirements of the closed loop system. During operation, the controller is gim a vijectory by a path planier in

order to accomplish sene useful task. The controller then adapts the psmimeres on line, so as to satisfy the

tracking requirements. If the parameters are not kncwn exactly, there will be a trmsient 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 prohibicively slow

control rates if implemented on serial computers. A parallel implementation of the above adaptive controller is
proposed. The proposed implementation utilizes a uerarchical neural netwok architecture, which would ideally

provide very fast control.

3.1 Dynamic Model
A rigid robot is defined as an open kinema*". ihain of rigid links, which are joined by linear or revolute joints.

The dynamic model of a rigid robot manipulatxr can be written as

T(t) = I(q,t) 4(t) + H(q,4,t)4 + B3(t) + G(q,) (3.1)

I
q(t) is the n x 1 vector of joint linear or angular positions,
I(q,t) is the n x n matrix of terms related to inertial forces,

H(q,4,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) is the n x 1 vector of terms related to gravitational forces,
T(t) is the n x 1 vector of driving forces or torques

and n is the number of degrees of freedom (DOF) of the maripulator, (for further details see [Paul],[Fu]).

The representation (equation (2.2)) is not unique. Different choices of 0 result in different structures of the

known function matrix Y[q,4,4,j]. In this work, it will be assumed that the parameter vector 0 will represent the p
parameters to be identified.

3.2 ed Learningz MethqdThe manipulator's dynamics can be represented by a weighted linear combination of suitable basis functions.

The basis functions for a general class of manipulators are known apriori and may be trained into a series of three
layer feedfokward network modules prior to use and then combined online in a fourth layer using a suitable weight

*5
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adjustment rule such as LMS (See [Wiiow]).
We use a linear control law with added nonlinear compensation to control the manipulator. During an initial

purely lerming phase and whenever the manipulator is not needed for production, Exploratory Schedules (ES) are

used to isolate and idemify the nonlinear compensaton terms. ES are trajectories specifically designed for efficient

learning of the system dynamics. A block diaram of the closed loop system is shown in figure 2.

I "Path Planner

I Network I Ro
.+ and + +

Fig. 2 Block diagram of the closed loop systemI
Learning of the nonlinear compensation terms is as follows. Let Go(q), Wo(q,6) and Io(q) be the outputs of the

G(q), W(q,) and I(q) compensation networks respectively, where W(q,b)= H(q,4t)4 + B4. After receiving the desired

trajectory, the control that is to be applied to the robot is calculated using the feedback control (FB) from the linear

controller and the feedforward control (FF) from the learned nonlinear compensation terms.

Learning of the G(q) terms is accomplished during positioning control phases of the trajectory. A' the steady

state of positioning control, qj = 4 = 0. Then from (3.1) it can be seen that T = G(q). The applied torque at steady

state can be used to learn the G(q) compensation network.

Learning of the W(q,4) compensation terms is performed during constant velocity portions of the trajectory. To

isolate the W(q, terms, notice that at 4 = constant, 4 = 0 and T = W(q,6) + G(q). But G(q) has already been

identified and is available as Go(q), so that we may isolate W(q,4) to be used in learning.
The inertia related terms I(q) may be conunuously evaluated using the aprion k.ovn relationship ( see [Slotne])

dI(q,t)/ut = H(q,4) + H(q,4)T .

After the dynamic equations of the manipulator are known, a feedback linearization or inverse d)namis based
controller (see [Guez 82], [Fu], of the form

T = Io(kp e + k v + qjo) + Wo(q.4) + Go(q) (3.2)

where e = qdkt) - q(t), and qd(t) is the posiuon reference signal is then employed. The closed loop system is then

equivalent to

q(t) = kp e + '*Jt) (3.3)

I ~ ~ +~j ~6
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Which when kp and kv are appropriately chosen results in an asymptAlly stable system. Note that this process

does not presuppose the existence of an omnipotent controller that is capable of accurately tracking arbitrary

trajectories. But raih* it starts out with a simple controller capable of performing a limited task and uses learned 4

knowledge of the manipulators dynamics to build a controller capable of controlling the manipulator at high speeds

over the entire work space.

3.3 Sinb:iogQDRes
The learning algorithm was tested on a sbiulated two planar DOF manipuLau (see figure 3). Note that in these

results exactly computed basis functions were used.

I

T2 
00

The dynamic equations for this manipulator can be represented as linearly separable nonlinear subsystems

II
*_62T= (a1 1 -ia 2 C90 + (al 3 +a1 4 C2 )02 + a 5 S2 )0 10 2 +al 6S2 2+al1 61~+ a1 8 S2 +aS2

T2 = (a21 + a22C2)0 1 + a23 02 + a24S2 01 + a2502 + a26S 12

where C1 = cos(O), S1 = sin(0 1), C i = cos(O, + 0 1), $11 = sin(0 1 + 0k), and the a I terms are weighting constants

to be idenified.
Utilization of the ES for a 2 DOF manipulator result in small tracking errors may lead to small errors in the

parameter identification. As can be seen in table 2, the learning algorithm was able to identify the a,, terms to a

very close approximation of their true values. The Lompanson of the 2 DOF manipulator controller before and after

learning via ES showed that the controller performante is ignificanfly improved. Further details of the method and

results can be found in [Guez 89b].I

I
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Performu-ce results of the learning algorithm

Weight True Estimated
Number Value Value
all 30.0 29.51
a21 10.0 10.06
a12 20.0 19,28
a22 10.0
a13 1 0.0 9,79

.a23 10.0 10.12all 10.0 9.47
a24 10.0 10.22

ia15 ,-20.0 -I9,2_8_
a25 5.0 5,01
a16 -10.0 1-9.97
a26 98.1 98.10

Sa17 5.0 4.61
a1 196.2 196.19
a19 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

AbstractI
Neural network architectures possess computational features that

I may be useful in the construction of complex oynamical system

controllers. In this article we review, define and classify such

I 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 . d adaptive controllers.

Key Words: Neural Network, Supervised learning, Unsupervised

Learning, Neurocontrol

I
I
I
I
I
I
I
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I, Introduction

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
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S "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.

I 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]. [Tsypkin7l]

,[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
c-igineer 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
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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 neurocontrollers, compare them to adaptive and
learning controllers and show how neurocontrollers are related to

adaptive and learning controllers. Then in section III we review
several neurocontroller architectures, and classify them according

I to the underlying learning algorithms and neural net architectures

being employed. We propose and demonstrate a generalizing
I principle for all neurocontrollers architectures. This generalizing

principle may allow for the natural incorporation of apriori

I knowledge in both the neural network architecture and learning

algorithm selection for the neurocontroller design.

I1 II. Adaptive. Learning. Nonlinear and Neurocontrollers

In this section, we defr'e the class of neurocontrollers, compare it
to the adaptive and I.-arning controllers and demonstrate their

relation to adaptive ard learnirg controllers.

I The problem of systers control can be defined as follows. Given

the system S where
S x = f(x,u,t,p); x(t0 ) = xo  y = g(x,u,t,p) (2.1)

where the time t E R. the initial time is to, the state X - Sx E Rn,

the control input u E Su E Rm. the parameters vector p I Sp C RI, the

sets Sx , Su and Sp are admisso e :.:e, control and parameter

sets respectively, which account for general equality and
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inequality constraints, and where n,m and I are appropriate
integers. Find the control input u(t)=c(v(t), z,i] (open loop control)
or u(t)=c[v(t),x,z,i] (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.

I= Under the above general definition, it is easy to classify the
various controller classes according to the type of control

_ function c which they are able to provide. If c is independent of z

and i, it defines the class of static controllers, in particular if c
I is also linear in x and v. we obtain the class of l

feedback controllers. When c is a function of z and i, we obtain a
I dnai controller, where z(t) describe the controller's state

variables. If i is a function of all or some of the system
I parameters, p, we obtain the class of adaptive controllers. (As

there is no unique definition of adaptive control ([Astrom 87],
I [Landau 79]), the one given above represents the auhor's choice.)

i An important feature of most adaptive controllers, including Model
Reference Adaptive Controllers (MRAC), Self Tuning Regulators
(STR) and Gain Schedulers (GS), is that they are model based, that
is the control law c varies according to the best estimate of some
system model parame.,ers. p. Usually an estimation or
identification scheme c' crre cr -ill of the system parameters is
directly or indirectly emph:,.-c :Astrom 87], [Landau 79]). The
parameters estimates are i-e-n .sed in modifying the structure of
the control law, c in an ;.- -e fashion, automating in the process

I some control design rules A -ereral block diagram is depicted in
Figure 1.

I In contrast, the class of 'ear" " . iltroller. ([Arimoto et al

I 85][Bondi et al 88], [Kawamura et al 84)) also called repetitive

I
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Icontrol, or betterment control, (to be distinguished however from
learning automata as described in [Narendra and Thatachar

i 74](Tsypkin 71][Fu 87] assume that the reference signal v(t) is
periodic, the structure of the controller (i.e. the function c) is
fixed, and learning is exhibited through the Iterative modification
of the (open loop) time function u(t). Its general block diagram is
described in Figure 2.

U X

SYSTEM S

I
I /

I v(t) CONTROL C

P :parameter estimates

1I  ADAPTATION MECHANISM

Figure 1: General block diagram for adaptive controller
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I i_ __i_ _

3 MEMORY k SYSTEM S

IUk+l

I BETTERMENT

I desired
response

I 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 law)
c(x,v,z,i) 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

I defined independently from any specific process to be controlled
(S), and is usually contributed by CNS anatomists and

I psychphsiologists. Neurocontrollers are, therefore, n.ot...m.o.de
I based, in the sense associated usually with adaptive controllers.

Moreover, since the learning 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.

I Although neurocontrollers are different from the model based
adaptive controllers described above, they do perform real time

i adaptation through their online learning capabilities. The
robustness of neurocontrollers stems from the fact that they are

I 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

I parameters, p, we obtain a neuromorphic realization of model
based adaptive controllers. In that sense one may regard the set of

I adaptive controllers as being contained in the class of
neurocontrollers.

I I1. Neurocontrollers

I 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

I neural network model employed, 2) the learning algorithm
employed, 3) their mode of operation, i.e., whether the

I learning/adaptation phase is done offline, prior to the engagement
of the controller, or whether learning and adaptation are

I 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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I reports that soecifically aim at emoIloying neural network
architectures and learning algorithms in the design and
construction 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

I networks, were outside the scope of our study.
Table 1 below provides a classification of many neurccontroller

I design examples. For the readers convenience we shall briefly
introduce the relevant terminology and algorithms.I

i

I
I
I
I
I

I
I
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Stmervised Neurocontrol lerI Back Error Propagation - (BEP)
This is probably the most commonly used learning algorithm Its3 employment presumes a feedforward multilayer perception architecture
as described in Figure 3.

3 output

1 } Output Layer

I x 2 2
2 2 Second Hidden Layer

W W IFirst Hidden Layer

* x 0

Input

Figure 3: Three layer network

The networ , : so spv. :, -.. 'yers, wlth only feedforwaraoI interconrnects. These )re N. iiode5 in rhe i-th I-yer. The output of
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Ie.ch node IS usually a sigmoldal activation function of the form

Nkf i K 1 k Wkl

I

I where Wol is a bias weight that is assumed to be connected to a unit that
is permanently on, Wkji is the connection weight between the Ith unit in
the (k-I)th layer and the jth unit in the kth layer, xj Is the output of the

Jth unit in the kth layer.

The Back-Propagation learnmrg algorithm is defined as follows. For the

output layer the error is mrven by

al ..x  k - . (3.2)

wiere Xd is te idI .... red '.utput or the network. For dlI other layers the
error is

k 2 , (x1, x k~ Wk;"
2 "~{ : j , (3.3)

I
The rule for.chanqing ,h ,verts is

I~ k t-I ~~ ~ WV-nn) +.f n4 rI +~ Y Wi (n) - Wj i(r- I ' 7

where h and g are I ar'in ":e , m;renum factors respectively.

CHAC (Cerebellar mode! 1r i-r,ti,: Comouter) Developed by (A bu s 71,
CMAC is bak...Sically a tabI6 look uD technique for reproducing ,,,.-c.r .t

,unctorS, With a novel h . mehod. Based on theories ,' br'1n
structure and functior,-.. AIhj.; ,evei : .n architecture which consistS
ofr an ascending "sens{,ry crc.. :e.;r,. herarcny" coupled to a descendlng

"goal decomposition NIerarcry" via "world models" at each level. Within
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the goal decomposition hierarchy, sensory feedback variables and control

goals are transformed into control outputs using a "CMAC" module. Albus
implemented a controller for a-seven-degree of freedom master-slave irm

using the CMAC module. However, in general, the CMAC approach requires
I too much memory to produce control transformations with sufficient
I accuracy for practical application.

LMS (Least Mean Sauare) or Widrow Hoff and Adaline
S The following LMS algorithm summary has been adopted from (Barto 831.

Figure 4 shows a functional diagram and schematic symbol for an adaptive
3 linear threshold logic element (sometimes called "Adallne") [Wldrow 85],

[WIdrow Smith 64. The diagram indicates the terminology used and the
input-output relationshios. 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 resoonse-d) exists for each Input pattern. The jth
pattern would have an error of

ej - dj - yj -dj -:;jTw (3.5)

I where Xj Is the jth input ,attern vector and Wj is the jth weight vector. it
Is assumed here that the weight vector is adapted with each new input
vector Xj.

If the Inputs Xj and dj are statistically stationary, then the mean-square
error (mse) is a quadra.lric function of the weights and there exists ,n
optimal Welier welh, v!::" ,, ..:, mrnimi.es It. Learninq or updatlrng of
the weights can be dorz by 1 ;r.:ent-d'escent technique The !east-mern-Isquare (LfIS) algoritir. devz-I ,ced-be-Widrow and Hoff uses the error a a
estimate of the gradient. Th.IS 1.rie sto the weight iteration rule

Wj.. = Wj + ( a/ (no I ) Yej X (36)

where n + I is the to.at ,,urber _o weights and a is a coefficient
determining the fraction oe" the error ej corrected with each adaptation.
The parameter a control. te stability of the adaptive process and the
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r;ate of convergence, The adaptive process has been shown to be stable
I (convergent) if a is within the range 2% a >0. Choosing a in this r3nge

ensures that ej is reduced by the jth adap'tation.

The "learning curve" plot of mse versus the number of adaptation cycles is
a noisy exponential whose time constant can be shown to be

tmse -(n+l)/2a adaptions. (3.7)

I Formula (3.7) is exact when all eigenvalues of the Input correlation matrix
R - E[XJXjT] are identical. Even when the eigenvalues differ substantially

I and the learning curve is not simply a single exponential plus noise, but is
a sum of expo tials plus noise, experience has shown that in most cases

I the learning cu. e can-be well approximated by a single -exponential having
the time constant given by (3.7).

I
I
I

I
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Figure 5 describes the general architecture of a uerv1zed
neurocontroller architec-ture. It consists of a teacher, the '.rainab"e
controller and the process to be controlled. The teacher may oe aut-Nm-teo
as a linear or nonlinear control law, or it may be a human expert :n .he
case of training with an automated control law, the system enaineer
provides knowledge of the system dynamics through analysis of tre

controlled process. When the teacher is a human, we use knowledge of the
system acquired through direct exoerience. The controller consists of one
of the neural network architectures, e.g. LMS, BEP, or CMAC, that is
suitable for supervised learning. Supervised learning is used in this
architecture to provide control over the control law being learned. The
state of the controlled process is provided to both the teacher and the

I network. The teacher defines the desired performance of the controller by
providing examples of now ,re irocess is to be controlled. During training,
the teacher controls the -,,stem oy aopl ication of the continuously valuea
control signal u. After tr.:,,wrg [.he network controls the orocess and the
-teacher is removed.

ITeacher '

' + 1
I ~~r,' '

-.. ...... ,,_ Controlled

Prccess
-Y TI I

Controller
I / _ _ _ _

I
Figure 5: Suoeryised neurocontroller architecture

The class of supervised neurocon'rolhiErs is most popular. An
overwhelming majority of (ne r-or " 7,J, )controller designs emoloyeo,

an architecture similar To r,'e n,:.e iven in Figure 5. CMAC Is employed by



Neurocontroliers, pg.20

(Albus 81-] and [Miller 88]. BEP is employed by many including ([Psaitis 37),I(Pao 88], (Guez Selinsky 88a), (Guez Ahmad 87], (Josin 88]), -LN -- i , ire
arrays) is used by ([Widrow 871, (Kawato 87], (Guez Selinskv 8810], ~iI 771, (Widrow Stearns 851, (Tolat Widrow 881).

Neuroconitrollers Witrh a Critic and Lnsuoervised Neurocontro-le-rsIIn many situations the assumptions made In tne supervisedI neurocontroller design, regaraing the availability of an expert knowledge
to "guide" the neurocontrollepr d*1uring learning phases may be false. InI particular, in neurocontrofler 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 plant'sIdynamics. Under these ci~r~urnstances, it is essential for the
neurocontroller to possess 5ome 'self improving" or "s~elf organizing"
capabilities.

We-distinguish between t'.vo sot'Jations The first i-s r.:rIned neurocontroller
wit aWiti drow 871. ii 5 depicted in Figure 6. The teacrier in3Figure 5 is replaced with .) :jrjti 71e key difference -ling tlhat, while "he
teacher is able to orovi,',e 3 szpeciflc desired response.: for each and i evry
output unit or eff'ector in re 'na.ural network, the criti 1cn 'yv~'gr

scalar 'function which r,.41.atecs hOW well the e.rco:ir
performing it is,, itir! .s -,a e1rn g orithrn-'m~

neurocontroi ler to rnal.e kii: :- :,;ar crit,,c 3igna3 -

systems response in ir..'cifyin. - rtoie stir..: .

of neurocontrol has ver-,Lr5 ti 15 ca'ed 'boot---,,~~:
- "punish/reward" in c-<~w~ ~', r~ *einforced r>

et al 8-1]. It has been eo-y' v' ijrcw 871 w Ith Aaa i', - rc
a 182] and i n (Barto Suto r !n 1 '. :er as-Doc ia tive £e r .1
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jscalar evaluation
function

I ~Input

I NEURO CONTROLLER CONTROLLED PROCESS

I
I

I Figure 6: Neurocontroller with a critic

Another class of neurocontrollers named, unsupervised neurocontrollers is

employed whenever no external information, other than the system's
response, is ivalable in real time to the neurocontroller, regarding its
performance. Then in a manner si.-lar to adaptive or ie'-m", c"rt". I-ie-c-
the neurocontroller iniplements some internal cerrfvrmance ')idex
(specifled rhrough the so lectlon of the neural network and !earning model:

II minimization as its adapt r,--- ,

Several neural network ,c.:y; r.: learning algortnms Delong to trt-r
class. The Adaptive Resonance -!Teory (ART) based sets of models of

Il Grossberg, Carpenter, C: ,,ez i 'elr colleagues ([Carpenter Grossberg
87), (Cohen Grossberg -r 2]), as well as the se'f organizing
maps by Kohorer [Korer " The latter model was applied to
neurocontrol by [Graf La -,-de 88!I
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Furthermore, several workers attempted to modify supervised learning
algorithm and employ them in an unsupervised mode. Widrow [Widrow
Stearns87] utilizes his LMS algorithm in what he names adaptive inverse
control.

I 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-1
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 algorithm attempts to make the cascade of plant and adaptive
inverse behave like a unit gain.

I
PLANT RSE

Figure 7: Adaptive Inverse control

The Adaptive ,e,.cse .,r.trol has been employed in varous forms and
modlf 'catflos in , N ,dr *, ..,nd 5tearns 851, [Eisley 88), [Psaltis el. al 87])
where it is ca!led "ld'"ect !earning" and (Kawato et al 37 when it is

called "feedback error "nqY.

Ir the SEP algor-rthm is .".*lied to configurations which lack access to the
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desired neurocontroifler response, we may use the output of the unknovn

system operator to propagate back the error as follows. Figure 8 descrioes

the neural network (multilayer feedforward type with L layers) ar t,"e

unknown map g to which it is connected.

X: 1-7-0 .. uX
lMULTILAER UNKNOWN

FEED FORWARD "1MAP T

P DBEP : / ( XL)  pu NETWORK , /Yu

T X i _,i- XL T

Figure 8: BEP through unknown system

Let Xi - pNL, XL RNL ",, y - . J(XL) as in Figure 8. Also let di be
the desired value of , '., .ector .t is an inpd,, let el = Yi - d be

the ith error. Note that :z:rd value for XL is scicified or available,

which is usually the c c,' , .ntrofler design. It c., be shown that ;.,

learning equations (C rr,.,, to .. ouation (3.4)) are, st..irtn g at tre 7-.

(output) layer connectic.r".

I L .L h-fL, F LW- k(n+ I-) = \W kxn -j kk 'XJ (n) - W) n ' :-.:,

Where Wjk& ) is the c,-nnecto. .,.%e t"me.st ep r 'r- t e e .,r:
in layer L-l to the k-th u i ,n che last lav' ," L, where r ',e .;r e r r .

of f the node update ",asaii, si':" .a1) RInction, Jk -Y1i>' est::.e
L

via Ayi/Axk and l ,  - v.ut UL r.' e 1tn unit in the Nth 1 ..

proceeding with the r.xt cL- )
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Il_ L-1 =-L-l() W wL) L<- 1 y (n) - L,-I I(.

5 (3.).

This process is repeated for all layers. The modifled-BEP makes use of the
i usually available data about the desired systems output to direct learning.

Fixed Architecture Neurocontrollers
So far we only discussed reurocontrollers, which allow through some
online or offline training :or lezrning, for the modification of their
architectures. Another cass ,if ,reurocontroller which we denote as fLixed
architecture neurocontroller: .re oased upon neural network models withI fixed arcrntectures s 7., ;tj -:of eld binary and continuous models
[Hopfield 821, [Hopfield E arnples of neurocontrollers in this class are

I given in [Tsutsumi Iatsuirioto 371 and [Guez et al 881 7he architecture I'or
these neurocontroller 1s -e 1,ccording to a cho' :e of parameters of
an energy cost function .., ne mmmi7ed as in [Hopfie Tank 851, or use of
the "outer product" rule, n r".e binary model case) H ,pfield 821. Another
method for the selection *- neur-oconrrol-r archltecture to ,oosse. a
prescribed steady state ::,,louy is described in [Guez Protopopescu

Barhen 88]. It transfl'r' i., rcht~m tO the < , Me -
plecewise linear , • '

1 Based on the neuroc,,r"'ouers discussion ,en bov1e, ,
the following observation Compare thW khagrama -)n F:.... ui-

1I and 8.) The dlfferen.ebe.e-" rAC supervised : ,,r'-

neurocontrollers wtr~ a cnt.(,nurer':3.1 ne'.tro."nr:- 'r'. , -
1I architecture nurocc, -rollers on . ires_ -t, tre r*.:, ,f am%:r

knowledQe (teacher's or critc s Nnov. I -e that IS irr r

neurocontroller model Por example, t i-s c'!ear from Fqurai- 5 ,hr,.uqh k
that if the teacher or cnicic tncions uf P .-,.uervised neurocontrolier are
implemented via neural netv;ork .,.oe., they could be included in the

U
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"neurocontroller box" and result in an unsupervised neurocontroller.

IV. Summary

I Neural network architectures possess computational features that may be

useful in the construction of complex dynamical system controllers. In
Ithis article we reviewed, defined and classified such controllers, named

neurocontrollers. The various neurocontroller classes, namely the
supervlsed, unsupervised, fixed architecture and neurocontrollers with a

critic have been shown to differ mainly in the extent of apriori (teacher)

knowledge which is mechanized in the neurocontroller architecture itself,

rather than made externally available. We also discussed the
3 neurocontroller's role as a nonlinear, learning and adaptive controller.

I

I

I

I
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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 supported by a grant from AFOSR, grant # 890010.
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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 built 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 19881. 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.

I 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

I 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

I adaptive control, Model Reference Adaptive Control [Astrom, 1983,84; Landau, 1979], Self
Tuning Regulation [Astrom,1983,84; Ortega & Kelly,1984; Cameroon & Seborg,1982]3 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

Ii adjusted on-line such that the error between the plant output and the output of an assumed
model asymptotically tends to zero. In IDAC, the parameters of the unknown plant are first3- estimated using an estimation technique and these are in turn used to adjust the parameters
of the process controller. See figure I for a block diagram a generic indirect adaptive

3 control system.

I!

I
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Controller ADAMTMNTa
pm~c~mrs ECI4ANXM

SYSTEM
IDENTIFIER

-Comumand Coto - -output
Irspons

ON RLLE PROCESS

i | Feed back

Figure I Block diagmm of a generic indirect adaptive control scheme

employing a system identifier, an adjustment mechanism
and 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 usedto analyze the3 properties of a particular system. Literature survey on system identification [Astrom &
Eykhoff, 1971; Astrom-& Wittenmark, 1971,1984; Goodwin and Payne, 1977] showed that3 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 different3 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 lossfunction.

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

I
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the computational features of an Adaptive Resonance Theory based neural network. We
have chosen the ART-I 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 patterns 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 Km and at, P as the unknown constant
or time varying parameters and a process controller Gc, say a Proportional DerivativeIcontroller with gains Kp and Kd. Our goal is to implement an adaptive pole placement
control scheme using a neural network architecture that would identify current plant

i 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 a3 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.I

IR(s) ___s___Km Y(3)

3 'iV(s)

Gc (s)KpK + Kd S
II

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

Let the plant transfer function be represented asI



Gp (s)= K(1

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

r(t= r(t+T)- ,forall t > 0 (2)

I We seek to find online, the Proportional and Derivative (PD) gains, Kp, Kd and the D.C.
bias C (see Figure 2), such that the control law given by:

u=Cr-Kpy-Kdsy = Cr-Gy (3)

3 will result in the ideal closed loop transferfunction of the form:

G;()= v (s) = n2

Rs) s2+ 2 nos + .2] (4)

where, K*, ',*n are respectively the-desired D.C. gain, damping coefficient and the

natural frequency of the system.

1 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 figure3 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: identification3 and control (indirect adaptive control-strategy) [Astrom & Eykhoff,1971].

I
I
U
I
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Desired POLE 4 FEATURE
parameters PLACEMENT Pc NETWORK Fee. -EXTRACTOR

AParmetersre r

Input Parameters Systemsigunl , resporise

-D.C
C-D.Corm-l signal U Y LN

Figure 3 Block diagram of-the neuromorphic adaptive contrc! scheme. Parametersthat correspond to the desired location of" the overall system poles are input
to the pole placement module along with the current estimates of the plant
parameters provided by the neural network. The pole placement 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

control loop which is trained to map features of a system's time response tO its parameters.

gives the current parameter estimates of the-plant in the closed loop process shown in figure

2. The pole placement algorithm incorporated utilizes the estimates 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

I 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 timeII!_ _ _ _ _ _
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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.

I 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) = Gp (S) U (S) = Gp (S) [ C R (S)- Gc (S) Y (S)] (5)

while the overall transfer function of the process is:

= Y (s) C Gp(s) CKm (6)
R(s) 1 +-Gp(s)Gc(s) = S2+(a+KmKd)S + (P+KmKp)

or

G 0(s) = ...~ 1+KmKp) I (7)P m p S2 + (a+ KmKd) S + ( 3+ KmKp)-.

In order to achieve the-ideal-transferfunction, we set Go(S) = Go(S) to obtain

i (13+ KmKp) F ( 3 + KmKd) S + (03 + KmKp) K + ,2

P) -2 2 ¢O n s+ W n.

(8)

The desired parameters expressed in terms of the process parameters are then
*2

S(13 +KmKp) o n (9)
(a + KmKd)= 2 (O*n (10)

K C(11

from which the new controller-gains are computed as:

I
-!
I
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*2_K _ n-_ (12)

I 2 d 2 *n -o (13)
Km

C fK* (A +KmKp) K on (14)

Km KmI
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

* T RUPO3E EXTRACTION 12 FE0~O

.. IFEATURE
t ~ENHANCEIENT

Figure 4 Block diagram of the feature extractor module.

I 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 it are-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 ofthe-time required-by-the response to reach50% of the final value-in
the first attempt; b) Rise titne, which measures the time required by the response to rise

from 10% to 90% of the final value; c) 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); e)
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 duringI
I _______________
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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.

3 Neural Network : The system identifier in the control loop is implemented 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.

I 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:

G(s) = n

A typical range of the natural frequency is estimated from the knowledge the plant time

Sconstant 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.

3l 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 systemI
I
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3 response to the various input signals using different settings of the parameters and Wn
selected from respective parametric ranges specified.

SUturu _ NETWORK Featur
vctor

3 TRAINING
SYSTEM Simuad LOP FEATURE

Pararvs EMULATOR systm EXTRACTOR
Slap in~put -- 4response CONTROL -XRCOII

I iPom atal system

Figure 5 Block diagram of network training module comprising of the system emulator
the feature extractor and the neurai network.

3 To start data generation, parameters and wn 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 -a 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.

I
I
I

I
I
I

I
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l_ _ CROSS SECTION OF NETWORK TRAINING DATA
PARAMETERS FEATURE VECTOR

I (a... peak peak Ur. overshoot rise Urn settling ir,.e delay Urn

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 5.41 0.89
0.60 I1.50 1.0 -)2.60 -0.09 1 .85 4.59 0.94

0.70 1 1.50 1.05 2.92 005 2,19 4,,5 1.0-
0.80 1.50 1.02 3.48 0.02 2.78 3.69 1.05
0.90 1.30 1 .00 4.80 0.00 4,12 3.31 1.11

1.00 1.50 1.00 0.00 0.00 1.88 19.96 0.52
1.10 1.0 1.00 0,QQ 000 2.92 19.96 5.60
1.20 1.50 1.00 0.00 0.00 3.52 19.96 0.96
0.70 2.00 1.05 2.20 0.05 1.64 3.03 g.75
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 0.831.00 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 0.60
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 I A cross section of typical training data generated by the network training
module for 0.30 <s <:1.30, A _= 0.10 and 1.50 -5 wn:5 2.00, A WOn = 0.50.
The feature vector corresponding to different settings of and (0n 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 derails 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 ,,pace partitioning of the neural network depending on the
number of stable categories established during training and the different feature vectors that

i 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 &n

that were responsible for the generation of the corresponding feature fector.I
I
I
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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 top down and the bottom up connection weights of
the network along with the network parameters are saved into the computer memory. The
above process is repeated for different sets of values for C and 0 n 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 in figure 6.

I
I|
I
|I
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INPUT

BOTOMU
PROCESSING IDESED ESOLUTIO

OVIGILANCE REVIACE
2 PROCESSING YES

CATEGORY
CATEGORY M0IIAC

TOP DOWN INCREASE DECREASE
TEMPLATE VIGILANCE VIGILANCE

IIO4
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.

Thetime 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.
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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

3 variations:

3 0. 1: <  -1.50, A =0.10
0.55 (On-< 2.50, AM = 0.50 (15)

U 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, con* = 1.50

Plant constant; Km = 1.00
Plant parameter, a = 2.10
Plant parameter, _3 = 1.50
Specification of plant parameters a and 0 determines the desired-location of the system

closed loop poles within the left half of the S- plane and enables in the computation of the

desired damping ,.* and the desired natural frequency, On* 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

I
I
I
I
I
Il
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2- -NOMINAL RESPONSE OF

ASSUMED IDEAL MODEL

d TO UNIT STEP INPUTI 1 desired nomnal response Patprmtr .:21

Plant constant, Km 1.00
unitstep -- Plant parameter, M0 o 2.10

-Plant parameter, o : 1 .50

RESPONSE CH AR ACTER ICT ICSdesired damping : 0.70
desired freq. : .50

I 0.

0 1 2 3 4 5
time,_seconds ______________

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

-NOMINAL RESPONSE OF
desired nominal response ASSUMED IDEAL MODEL

I TO-SQUARE FUNCTION

Plant constant, Km :1.00
Cross Over -Plant parameter, Oto: 2.10

Plant parameter, Po : 1.50

0 -RESPONSE CHARACTER ICTICS
5 10 15 20 desired damping : 0.70

time, seconds desired freq. :1.50
4 Feature Extraction 0

Figure 8 The desired system response of the assumed ideal model to a square-funcdon input, shown
in bold. The damping coefficient of the response, C = 0.70 and-the natural frequency,
= 1.50. Feature exuacuon to this type of input is restrictedto the first 12 seconds of the

input profile before the cross over.

The transient response of a system that has been disturbed -by an instantaneous
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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I 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
I parameters a and P. 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'3 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.

LINEAR VARIATION TIME VARIATION OF
-I PLANT PARAMETERS

O" (t) C4. +o(1 0

o() -plant parameter

I @ (t) pl' paramete.r

.... n a : , ;ninal value (1 .50)
nominal value 0 nur,..nal value (2.00)

10 20 30 40 time

I Figure 9 Linear time var,.uton o,, plvit paramcter L .ind 1.

I
I
I
I
I



* 17

I .- , PERIODIC VARIATION TIME VARIATION OF

PLANT PARAMETERS

i* O(t) .=m(I +I sin (wQt))

S3(t)-~Po (I +n sin (wt))

I o (t) plant parameter
S(t) :plant parameter

(0 nominal value (0 .50)
.............. .. nominal po nominal value (2.00)

value :1.00
S:0.004

f - = 6.366 E-4

1 02 3 0 time 2 n2I
Figure 10 Periodic sinusoidal time variation of plant parameters a and f3.

I 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

3 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:

Sfi(x) = eYx where,y= 0.05 (16)

I
I

I
I
I



* 18

Delay Time Vs. Categorles Establisahed Rise Time Vs. Category Established

2.2 --- i ________ - ~
211

2 =D -
IA.

I _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _

a , 2 a 4 7 8 0 2"

Settlinig Time Vs. Categories Established Responlse Peak Vs. Categories Established

So- - , '

I is I

40 . -30. -

20

* ~ 1~~~1-- .2-

o 2 3 ' S € 7 a 0 I 2 1 4 3 2I _ _ _ _ _ _ _ _ _ _ _"too " e_ rta_ li

Peak Time Vs, Categories Established Overshoot Vs. Categories Established

i I I i I /1 0.7.=- ' .... - - ----- . . . . . ... ] -i ..-

* j 06.~

-- -I I --i -
, ' , , , [ 4 -- i : '

0.4- -- - - i

- - - - - ---

0 2 3 4 5 7 * 2 3 ' S 7

Figure 11 The above plots indicate the sensitivity of the neural network to changes in
the various pcrforroance indices of the system time response at a constant
attentional vigilance of 0.995. The input pattern set comprised if 17 different
input patterns (number of points plotted on the graphs) which are presented tothe network once cyclically. The absciss represents the identfication number
of the category established while the ordinate shows the actual value of the
performance index under consideration.

I .- . . ..
...I --" ..' ' ' " "oI. ..- .. ...r -r -i --....
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* . . ... ..

U



19

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 c, 13; and Kin, 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 parameters Kp and
Kd adjusted after the system identification and pole placement is completed is not snown in
the plots.

PLANT
alpha :.5beta :.5

plant constant :

RESPONSE CHARACTERICTICS
2- desired dampin9 .7

-desired freq. 1.5
Sfinal response initial damping 1.30

original system response -initial freq.' 1.00
final damping 0.70
final freq. 1.50
sampling frequenoj 20.18

uni -step time step .05
total time 5.550

CONTROLLER
intial Kp .5

i0 intial Kd - 2.1
0 0 -intil gain-C 1II III- final Kp 1 .750

0 1 2 3 4 5 final Kd 1.600
time, seconds final gain C: 2.250

Figure 12 An overdamped iyuem response with arbitrary initial plant parameters, a = 0.5, f3 0.5
and Km = 1.00 and initial controller gains Kp = 0.50, Kd = 2.10. The response-has-an initial damping
coefficient = 1.30 and an initial natural frequency Wn = 1.0O.The final~controller parameters are those
obtained after the plant parameters are estimated by the neural network system identifier and after the
relocation of the overall closed loop svst.m poles by the pole placementmodule. The final controller gains
correspond to Kp = 1.750 and Kd - 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 -on = 1.50 corresponding to-the-ideal-system
response. The time scale shown in the figure is that of the final system response. The time scale incorporated
in the simulation is adaptive for the unit step input and depends upon the duration of the system transient

r~c~pons .Th sam lin freque .) electe,d is com m on to botiv the -response samipling rate and-die RK -4-differential equation solver and is .et weli above the Nyquist frequency othme system.
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PLANT
&Iplla : .5
beta .5
plant constant .5

RESPONSE CHARACTERICTICS
2 desired damping .7

desired freq. 1.5
final response initial damping 1.20

U original system response initial freq. 1.50
final damping 0.70final freq. 1.50

unit step sampling frequency 20.18
1 time step .05

total time 5.550

CONTROLLER
intial Kp .5
intial Kd- 2.1.
intial gainC

final Kp : 0.500
0 3 4 5 final Kd -0.900

time, seconds final gain C: 4.500

I
Figure 13 An example of an ovcrdamped system response with arbitrary initial plant parameters, x =
0.5, 03 = 0.5 and Km = 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 can = 1.50.The final controller gains are Kp =
0.50 and Kd = -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 wn = 1.50 corresponding to the ideal system response.

I
I
I
I
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I PLANT
alpha .5
beta .5
plant constant .25

I RESPONSE CHAR ACTER ICTICS
2- desired damping .7

desired freq. : 1.5
final response initial damping 1 .20

U initial freq. 1.50
original system response final damping : 0.80

final freq. 1.00
sampling frequency : 20.181.1time step .05

unit stop total time 5.550

CONTROLLER
intial Kp .5
intialKd= : 2.1
intial gain C 1

0 1 2 3 4 final Kp 0.500
final Kd •0.900

time, seconds final gain C: 4.500

I
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 category representation
field F2. Iis would eliminate the possibility of incorrect classification by the network as demonstrated in this
example. The arbitrary initial plant parameters are cc = 0.5, 3 = 0.5 and Km = 0.25 and initial controller gains
Kp = 0.50, Kd = 2.10. The response has an initial damping coefficient v = 1.20 and an initial natural
frequency (On = 1.50.The final controller gains are Kp = 0.50 and Kd = .0.900 and the D.C. bias, C = 4.50.
The final response has a damping coefficient = 0.8 and a natural frequency Wn = 1.00. The desired
damping and natural frequency corresponding to the ideal system response are = 0.7 and (on = 1.50.I

I

I
I
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IPLANT
alpha : 0.2
beta 2.5
plant constant : 1.0

I~RESPONSE CHARACTERICTICS

2- desired damping .7
desired freq. 1.53 final response initial damping 0.2

original system response initial freq. 2.0
final damping 0.70
final freq. 1.50
sampling frequency : 20.18
time step : .05

unit stop total time 5.550

CONTROLLER
intial Kp : 3.0
intial Kd = 0.5
intial gain C 1.0! 1 J ' final Kp :1.250

0 23 final Kd .1 .80

time,-seconds final gain C: 2.25

Figures 15 figure depicting theability-of-the proposed adaptive controller to modify an underdamped
system response. The arbitrary initial-plant parameters are a = 0.2, 13 = 2.5 and Km = 1.00 and initial
controller gains Kp = 0.30, Kd-= 0.5. The-response has an initial damping coefficient = 0.20 and an initial
natural frequency On = 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 respqnses-look
alike. In the underdamped case, the overshoot makes one of the feature vector components more significant.
The final controller gains are Kp =-1 .25 and Kd = 1.80 and the D.C. bias, C = 2.25. The final response has
a damping coefficient = 0.7 and a natural frequency on = 1.50 corresponding to the ideal system response.

I
I
I
I
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I PLANT
alpha : 0.20
beta 2.0
plant constant 1.0

5 RESPONSE CHARACTERICTICS
2- desired damping .7,

desired freq. 1-.5
final response initial damping .10

! -- original sjstem response initial freq. : 2.0
final damping 0.70
final freq. 1.50

Unit Step sampling frequency 20.18
I time stp: .05

ttltime 5.550

CONTROLLER
intial Kp 2.0
intial Kd= 0.2
-intial gain C : 1.0
final Kp 0.25

0 1 2 3 4 5final Kd :1.90-

time, seconds final gain C: 2.25

I
Figures 16 Example ofa-highly oscillatory underdamped system response with arbitrary initial plant
parameters are a = 0.2, P = 2.0 and Km = 1.00 and initial controller gains Kp-= 2.00, Kd = 0.2. The
response has an initial damping coefficient C = 0.10 and an initial natural frequency wn = 2.00. The final
controller gains are Kp = 0.25 and Kd = 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.I

I
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PLANT

final system response alpha .5beta :.5irdaW systm zuspowe plant constant .5

1- / RESPONSE CHAR ACTER ICTICS
desired damping .7
desired freq. 1.5
initial damping 1.20
initial freq. 1.50

0 , final damping : 0.70
5 10 1 5 20 final freq. 1.50sampling frequency 20.18

time step .05
total time 20.001 -1,-

CONTROLLER
intial Kp .5

I intialKd : 2.1.
intial gainC 
final Kp 0.500
final Kd : -0.900
final gain C: 4.500

I Figure 17 System response to a-square-input funr,;ca with arbitrary initial plant parameters are at = 0.5,
- 0.5 and Km = 0.50 and initial controllergains K, 150, Kd = 2.10. The initial response of the system
is-first obtained and the portion-of the rcsponse corresponding to the first 12 seconds (upto the cross over) is
selected for feature extraction and system identification.lt has an initial damping coefficient = 1.20 and aninitial natural -frequency con = 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 = 0.50 and Kd =
-0.90 and the D.C. bias, C = 4.50. The final response matches the desired response given by the assumedI ideal model which has-a damping coefficient = 07 and-a natural frequency Wn = 1.50 . Note that the
parameter Kd is negative implying negative derivative feedback.I

I
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I PLANT

alpha : 0.20
final sy stem response beta : 2.50

1 3l;A ZM rSpoZIe plant constant 1-.00

RESPONSE CHARACTERICTICS
desired damping : .7
desirc-d freq. 1.53 initial damping :0.20
initial freq. 2.00

a : .....- final damping 0.705 final freq. : 1.50
10 - --- 20 sampling frequency : 20.18

time step : .05
total time : 20.00

CONTROLLER

intial Kp :3.00
: intial Kd = I 00

intial gain C -I
final Kp 1-.250

final Kd 2.30
final gain C 2.250

Figure 18 An underdamped system response to a square input function with arbitrary initial plant
parameters are a = 0.2, 3 = 2.5 and Km = 1.00 and initial controller gains Kp = 3.00, Kd = 1.00. The-initial
damping coefficient = 0.20 and the initial natural frequency-fn = 2.00. The final controller gains are Kp =
1.25 and Kd = 2.30 and the D.C. bias, C = 2.25. The final response has a damping coefficient = 0.7 and a

natural frequency (on 1.50 corresponding to the ideal model.
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I
I

1 -
I I

6 12 18 24 30 36 42 48 54 60 66 72 78 84 90 96 102 108
time, seconds

3 -CONSTANT PLANT
-alpha :-0.5
beta : 2.10

[plant constant : 1.00

-Figure 19 Response of the system to a square wave input. The plant parameters are kept constant
throughout with- a = 0.50, 3 = 2.10 and Km = 1.00. Parameter estimation takes place once after the first 24
seconds elapse. This constitutes 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 profile corresponds to the desired response with the controller
parameters tuned and the D.C. bias compensated.
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I
I

I

3 6 12 18 24 30 36 42 48 54 60 66 72 78 84 90 96 102 108
time, seconds! w

TIME VARYING PLANT PARAMETERS o(t) =o (1 + 1 sin (w t)) f = 6.366E-4
plant constant, Km : 1.00 2 n

1o nominal value (1.50) m(t) : (l n (ara)ete :1.00

P 0  nominal value (2.10) o.(t) plant parameter :0.004

Figure 20 Response of the system to a square wave with a sinusoidal variation of plant parameters as
depicted in Figure f1. 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 ofevqr pulse. The
response shown in the first 24 seconds is the unregulated response of the system during whic -no feature
extraction or system identification Lakes place. The rest of the response profile corresponds to the-desired
response with the controller parameters tuned and the D.C. bias compensated every 24 seconds. The change
in te system parameters are not quite apparent due to the fact that variation in parameter is small with respect
to the resolution of the parametric space of the neural network.
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IK
I

0 -- - - - -4 - -- --- -

I 6 12 18 24 :30 36 42- 48 54 60 66 72 78 84 90 96 102 108
time, secondsI

TIME VARYING PLANT PARAMETERS ( ) 0.050

plant constant, Km : 1.00 L(t) = .oL 1 + 1 0
0: nominal value (1 .50) @ (t) = 2.10 constant

0  nominal value (2.10) %(t) :plant parameter
p(t): plant parameter

Figure 21 System response to linear time variation in one of the parameters, a whileKm and 13 are held
constant. It should be noted that Lhe response should settle to zero before the next pulse is applied to ensure
prom identification.
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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 possibilityofimplementing 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-I Mathematical model:

I < F -..................... . ..... :.:..............
1LV+ 1 06V 3+2

-

2 2

II 1  12 I

Figure 22 The ART-II Network structure

3 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-il mathematical model. Figure 22 depicts-the-ART-

II network architecture while figure 23 the network topology used in the-simulations.

Ul The global network parameters and constants are:
M: number of Fl input channels5 N : number of STM nodes at stage F2

a: network parameter (a = 10.00)3 b: network parameter (b = 10.00)

I
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Ic-: network parameter (c =0.10)

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

e-: -network parameter (e 0.0)
0-: noise tolerance parameter ( 0 = 1-/ 41M)3 ETP:-error tolerance parameter ( ETP = 0.05)
p- attentional vigilance-parameter (0:5 p:51)

Pi ziLTN

3 ji
r 1

IITN

Figure 23- The ART-Il Network topology

* Network-Equations:
Refer -to-ART-LI -network- topology in- figure 23. The local STM activities pi, qi, uj, wj and3xi-computed at-the-STM stage F I (A I equations -expressed in dimensionless form) are:
Fori I...M and j %1+1...N

1) =~ Uj+Is() j3 = P (17)
i e+'PK (18)

-Ie + IVI (19)
i = -f(xi) s-bf(qi) - (20)IW='lj +-aui- (21)

X W-i
'~ e + IW, (22)



I 3

Vli represents the L2 norm of-the vector V.

f(x) = 2 9x 2  if0:x 0

(x2 +02)

3 = x ifxa0 (23)

where, f(x) is the thresholding function.
The local STM activity, Tj computed at the STM stage F2 is given by:

Tj= PiZij (24)|1

where Zjj are the bottom up connection weights (F1 .- F2).

i The LTM Equations:
d (Zji)3 Top Down (F2 -+ Fl): dt = g(Yj)[Pij Zi (25)

Bottom Up (F1T - F2): dt yj)[p-Zi (26)

where,
Zji :'Fop down connection weights-(F 2  F1)

Zjj : Bottom up connection weights (F1 -' F2 )

g(yj ) =d (if Tj =-Max Tj: thejthF 2 node that has not been reset on current trial) (27)

3 0 otherwise

when F2 makes a choice and the jthT2 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--*Fl) : d -Zi - g (yj)([pi- Zj i1 d(1 d){. zi}i
(28Y

BottomUp (F1 -F2)-: d-(ZiJ) {u  i  }

(29)-

forj J: d (Zi j) 0 and )
-0 -dt = (30)

I
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for#J: d(ZiJ) -0 andd(Zji) =0
forj J dt dt (30)

The orienting subsystem consisting of the reset mechanism fe,.-'ts F2 whenever the input

pattern is active and
p >1

w e + irl (31)
where,

ui+cPi
rie= Z+ IwI + Ic P (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:

ziJ =--2-l- d) 49 (33)-

3 ART-II Learning algorithm:

The ART-il learning algorithm used-in-all-the simulations that were carried-out-i is presented in the form of a simulation flow diagram shown in figure 24. The flow

diagram is self explanatory and represents a-complete cycle of events within the network

I 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 F13 stabilize (no longer changes) before a bottom-up input pattern can be transferred from-Fl- to-

F2 through the LTM. The search loop comprises of the bottom-up and top-down

3 processing mechanisms and the vigilance test that determines the appropriate recognition

category corresponding to an input pattern.

I
I-
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Time Optimal Robot Navigation via the
Slack Set Method

STEVEN C. ZAHARAKIS AND ALLON GUEZ

4bstrad -The minimum-time obstacle avoidance trajectory fora robot tional requirements and the current approach to the
has been a long standing problem of considerable interest. The slack set problem. Motion planning and execution is heuristically
technique, an algorithm for determining a minimum-time obstacle
avoidance trajectory for a robot in a known environment, is presented, decoupled mainly into two independently solved subprob-
For time optimal trajectories with constrained acceleration and velocity, lems: path planning and path following. This artificial
the shortest time of motion may be different for each joint or axis of the separation of the control and planning tasks degrades the
system. Thus some delay of a joint other than the slowest will nol overall performance of the system. It is expected with the
necessarily affect the time of motion for the entire system. This natural continuous enhancement of speed and power per unit
reduidancy for obstacle avoidance in order to simplify the trajectory cost of processors, the advent of new computers, architec-
search algorithm by at least one order of magnitude (one DOF less) is
exploited. By neglecting the presence of all obstacles and assigning to tures and computational algorithms, that a global simulta-
each actuator maximum control (bang.bang), a lower-bound estimate of neous solution of some of the mentioned subproblems
the time needed to complete a task (Ttask) is calculated. The A* may become feasible.
heuristic search is used to search what we call the slack set; a subset of The main objective of this work is to develop a unified

the 09ie "pace that contains only those states that are members of a strategofptplnigadc tr.Ouapochotrajectory with a task time equal to T task. If no trajectory Is found gy of path planning and control. Our approach to
during the initial search, the subset of the state space being examined is time-optimal obstacle avoidance trajectory planning uni-
sequentially increased until a valid trajectory is found. The slack set fies several problems which are usually considered sepa-
technique is guaranteed to find a feasible monotonic trajectory if such a rately: path planning, minimum time control, real-time
trajectory exists in the slack set. Since, in general, the minimum-time controller structure, and obstacle avoidance. We believe
obstacle avoidance trajectory is not unique, secondary constraints such that such unification gives a number of theoretical be-he-
as minimum distance, minimum distance in the state space, and others

can also be satisfied. The method is demonstrated via a planar mobile fits and helps in solving problems proven to be difficult
robot. when approached separately. The objective is to develop

a real-time robot motion controller that will simultane-
IK. ITODh n d aously generate, based on static and dynamic constraints

OBOTS have been applied in manufacturing for (including parameters of the system, location of obstacles
many Rears. Today robotics has found apphcations and task constraints), the time optimal obstacle avoidance

in such diverse fields as medicine and space exploration, control and trajectory. Our approach is based on the
The most important capability of a robot is its ability to observation that optimal path planning cannot be achieved
move in and modify its environment. After almost three without accounting for robot dynamics, especially in an
decades of worldwide research in the area of robot mo- obstacle strewn environment [11, [7]. This dynamic path
tion control, the state of art offers rather simplistic con- planning and execution is feasible by exploiting modem
trol and motion planning methods which are employed in control methods such as global linearization and decou-
the most advanced systems of industrial robots. The cur- piing via state feedback and the Maximum Principle [5],
rent state of knowledge indicates that the problem of time [7]. This approach allows us to treat the position con-
optimal obstacle avoidance robot trajectory derivation is straints as a part of the overall dynamic constraints on the
still unsolved. Dynamic constraints imposed by :he robot's state variables of the system. Other benefits of this ap-
mechanical structure, and actuators have yet to be incor- proach are the ability to derive time optimal obstacle
porated in the process of trajectory planning. The impor- avoidance trajectories that also display secondary opti-
tance of inclusion of robot dynamics in the process of mizations by exploiting the fact that the time optimal
path planning has been recognized by many [1], [101, [28]. trajectory for robot manipulators satisfying inequality con-
No practical technique has been developed due to the straints on the jerks, accelerations and velocities of the
complexity of the oroblem, the severity of the computa- joints is not unique [29]. This "redundancy" in the selec-

tion of a time optimal trajectory creates a "slack set"
Manuscript received April 1. 1989. revised October 25. 1989. which will be used in selecting the trajectory that is
S C Zaharakis is with the Mathematics aind Computer Science optimal with respect to some prespecified criterion. The

Department, Allentown College of Saint Francis de Sales. Allentown. following paragraphs describe results related to our work.
PA 19104.

A. Guez is with Drexel University. Philadelphia. PA. The area of path planning among obstacles has been
IEEE Log Number 9037600. studied mainly during the last ten years. Lozano-Perez
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and Wesley [201 proposed a method for finding the mini- tor end effector. It deals with path planning by designing
mum distance path through a polygonal obstacle infested a set of time intervals for the transition among a sequence
workspace. A visibility graph (VGraph) consisting of ver- of preassigned points in the Cartesian space.'The motion
tices of the polygonal obstacles, the initial position, and between each pair of points is assumed along a straight
the goal position are used [181. Two vertices are con- lien segment with constant velocity. The total traveling

nected with edges when the connecting edge does not time is minimized while observing velocity and accelera-
intersect any obstacle. A cost is assigned to each edge tion inequality constraints. The manipulator dynamics are
according to its length. A searching algorithm is then not included since the path is assigned a priori. This
employed to determine the set of these edges, which, technique cannot, in general, produce the time optimal
-when combined, lead us from the initial position to the traversal of a given path-due to the fact that it deals with
goal position with the minimal total cost (minimum dis- local and not global optimization. Later this method was
tance). This technique will be used as a comparison to the extended by Lin et al. to fitting of cubic polynomials with
slack set technique introduced in this paper. velocity, acceleration and jerk constraints in planning a

Pieper and Widdoes [27] used planes, cylinders, and minimum time trajectory- for a given sequence of points.
spheres to represent obstacles. This approach has the Lynch [17] derives a sequential mode (one axis at a time)
advantage of eliminating the orientation problem, but minimum time for- two axis manipulator. In a sequential
introduced the problem of path elimination due to obsta- mode, coupling between the various axes is significantly
cle modification. The enlargement of the obstacle in some reduced; the execution-time, however, is much larger than
cases eliminates feasible paths. Additionally, the intersec- in the one obtained in-simultaneous motion of all axes.
tion. functions are often nonlinear and involve square The following techniques incorporate some dynamics of
roots or transcendental furctions. Udupa [27], Lozano- the robot during their planning. The idea of artificial
Perez and Wesley [19] and Brooks [4] adopted the polyhe- potentials [13],-[15], [22] is to allow to move about space
dra as the models that result in linear intersection func- while under the influence of the forces of attraction and
tions, but the orientation problem must be handled with repulsion. The-.attractive force would stem from the goal
care. Udupa discretized the space into sectroids and point, while all obstacles would exert repulsive forces on
passes that were labeled as free if not occupied by obsta- the robot. All forces-would be directly proportional to the
cles and objects. Lists of free passes are joined together to velocity-by which-the source is approached and inversely
form a collision-free path. To allow for arbitrary orienta- proportional to the distance from it, thus partial inclusion
tion, obstacles are enlarged. This in turn, reduces the of robot dynamics is achieved Loeff and Soni added to
number and size of the free passes. Lozano-Perez de- the end effector of a-manipulator the velocity towards the
scribed linked polyhedra using swept volumes. Free space destination and gave the joints repulsive velocities from
is then represented as overlapping generalized cones. In the obstacles. Similarly, Khatib and Le Maitre [13) used
these methods, some determine the free space inside an attractive force on- the end effector attracting it to its
which the point robot may move freely without collision, desired position and orientation. Okutomi and Mori [22]
while others determine the forbidden region so that a took a more elaborate-approach and used artificial poten-
collision-free path may be traced along the boundaries of tials in the joint coordinate space. Repulsive forces were
the region. Luh [21] modifies the environment by inclu- exerted from all forbidden regions in-this space.
sion-of pseudo-obstacles that are generated by real obsta- The minimum-time -path for a robot has been a long-
cles' edges and faces. This process allows the robot itself standing and unsolved- problem of considerable interest.
to be represented by a point specifying the robot's tip For problems of nontrivial dynamics, the derivation of a
location in space. time-optimal solution cannot be guaranteed. This is true

In order to derive the control required to traverse the primarily due to-the unavailability of an analytical solu-
derived path, a trajectory must be found for the path. tion and the limitations- of today's computers which do
This is generally accomplished by searching the state not allow for the verification of a nontrivial "'time-optimal
space for the velocity profiles that will allow for the obstacle avoidance trajectory.- Though the optimal con-
traversability of the given path [2], [26], (27]. Using this trol theory of dynamic systems is well established, it is
technique, one can derive the velocity profile that allows rarely used in practice due to the highly nonlinear and
for the minimum time traversal of a path. Note that highly coupled -form of -the differential equations that
traversing a minimum distance path in minimum time govern the system. The need to incorporate heuristic
does not, in general, produce a minimum time trajectory. knowledge aboutzplausible solutions, along with the abil-
This subject will be discussed in detail later in this paper. ity to make tradeoffs concerning the optimality of-the
None of these works, however, accounts for manipulator solution, as-well as -the computational cost of the deriva-
dynamics in the planning process. As a result, the tion. have been outlined- in[7], [8].
traversability of such paths is questionable due to the One category of trajectory planning techniques uses a
dynamic and mechanical constraints of the manipulator. bang-coast-bang approach. One of the first attempts of

Paul et al. [23] present a linear programming algorithm time-optimal trajectory derivation was made by Kahn and
for finding the near minimum time path of the manipula- Roth (12]. His technique assumed all trajectories to follow
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a bang-bang trajectory with multiple switching times. Luh the inequality constraints
and Lin [201 chose to subdivide the problem -into the IXul <derivation of time optimal trajectories- connecting various .
points along a predefined path. Position, velocity and Idr I
acceleration constraints of the-weakest actuator are im- dt a.,

posed on the whole system, thus severely degrading per-
formance. Kornhauser and Brown [14]developed a tech- d2x
nique based on state space-tessellation and a graph search. dt (4)

In this technique they assume a bang-coast-bang solution

with fixed switching points. Successors of a state are where w., a,,,A, are the maximum allowed velocity,
generated by using nine torque patterns. Through the use acceleration and jerk respectively for the ith-joint.
of a heuristic search technique the fastest trajectory is The sets of forbidden regions are assumed to be given

found- in-the joint space-(Xi) as time varying intervals which may

The time-scaling technique is used in the-derivation of or may not be connected. These are obtained from the
a trajectory which will traverse a given path in minimum kinematic translation of -the obstacle's configuration in

time [1]. The equations of motion-are expressed-in terms the workspace, thus Given also the sets of forbidden
of the distance.along the predetermined cartesian path. A regions (obstacle) for each joint Si(t)
finite distance-velocity state space is derived using the where-S,(t) r R, for all-t-e (to, tf), i 1,2,3,.. , N
torques/forces specifications of the motors. A set ofswitching points is then found that moves the arm-as close and-thejoints hard limits
as possible to the limits of the state space. The-optimality km, i Xni < 0 . (5)
of this algorithm was proven by Bobrow in his Ph.D. From among all the state trajectories that satisfy (1)
paper. He found that one actuator is always saturated, tro
and that- the-others adjust their torques. Other time-scal- through (5), (i.e., feasible-trajectories), and minimize the

ing implementations-[1I], [17]Luse- polynomial splines for traveltime (6)
the initial path definition. -Iterative modification of -these
paths is attempted until convergence of a local minima -is tf- to  fl dt -(6)

achieved.
find the trajectory X*(t) that maximizes/minimizes the

II. PROBLEM STATEMENT secondary-functional-

Given the dynamic model of the N degree-of freedom J(X(t),v()). (7)-(NDOF)- robot with- its N DC Servo actuators driving- The problem stated previously is relevant for both
joints: industrial and mobile robots. -In -the -case of point mass

mobile robot models, however, coupling between- the vari-I - X2 ous DOFs occurs through-the state inequality constraints
= g( X, t) andiobstacles, rather than in the robot dynamics.

This-paper will describe an algorithm for finding a time
* K3  FIX 2 + F2 X3 +-+ L-IV (1) optimal or near time optimal obstacle avoidance trajec-

Where tory for a robot of known dynamics, if such a- monotonic
trajectory- exists. For reasons of simplicity, the algorithm

S -willbe llustratedby applying it-to an autonomous vehicle
with motion being constrained to the two-dimensional

is the joint displacements vector (2-D) XY plane, as follows. However, the algorithm can
X 2  1 (X 1, x 2,... XN)T is the joint velocities vector -be generalized to a robot with an arbitrary number of

X2 2XN) -degrees of freedom.X.1-= (X31I X.12, X.,N) -

IIL SLACK-SET METHOD
is the rotor currents-of the actuators vector

T (:,,.The slack set method is outlined in -this section. The
- method introduces a new concept for severely reducing

is the vector of applied input voltages, the search space, thus minimizing the computational-cost-
of deriving such- a trajectory. Details of the technique J

Given- the initial configuration follow, as do-explanations of relevant terms. The algo-
X(to) - (X(to), X2 0(1), X.(tT))r (2) rithm attempts to derive a time optimal obstacle avoid-

ance trajectory for a robot of known :dynamic capability.
the desirable final configuration Through-out this paper it is- assumed that the robot and

) -the robot's environment are completely known. As ax~ ( x 2dx )-).(tdO) (3) result, the maximal distance, velocity-and acceleration-of
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where X, Y denote the robot's position, V, V denote
START 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

DECOUPLE nonlinearities of the robot. It is well known that when the
SYSTEM 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]

CRITICAL-AXIS INCREASE As a-result, we can assume that the motion along the axes
HANDLING TASK TIM I has independent dynamics, however cross axis couplingSYES still exist through the presence of obstacles as will be

described below.
H No ALL XIS In the case of our 2DQF system, let .......ma.

Hor->(N- 1) CI AXIS SWITCHED arniax be the maximum velocity and acceleration
TO CA along the X and Y axis respectively. We assume total

knowledge of the static environment, position and size of
SC all obstacles. The robot's state is described by

SE AsCH S(XY,V,,V). Given an initial position (x0 ,y0 ) and a
SLACK SE- SLK Sgoal position (xg, yg), we are to derive a trajectory which

would take the robot from rest at (x,, y,) to rest atI (x, y,) while avoiding all obstacles 'and do so in the least
-amount of time.

Applying FLDT, the dynamics (8) can be expressed as
TRAJECTORY No TRAJECTORY No the equations for two double integral plants:

~ig. I Fl ohato hsac set technique. where the admissible set (3) is:()

teehceskow.Pstosize and shape of all lal < ,m, la,.l %m=(10)
oItc s-aealso considered known. the inequality constraints (4) are:

Forrea onsof simplicity the slack set method will be I l . m, Y <Y ,
applied: to: an autonomous vehicle with motion being IX ' mic YIconstrained to the KY plane, :with bounded distance, II, I V,.ma , l< l/jrm.,, (11)
velocity and acceleration. However, the algorithm can be
generalized to a robot with an arbitrary number of de- The cost functional which we choose to minimize is the
grees of freedom. All obstacles are rectangular with ran- time needed to complete the task (task time), of taking
dom size and-position in the workspace. When overlap- the robot from its rest at its initial state S,, to rest at its
ping, they Produce obstacles of random size and shape, goal state S while avoiding all obstacles. It is assumed
All obstacles are considered: static. The slack set tech- that the task is started at time t,, = 0 thus (2) becomes

nique is outlined by the flowchart of Fig. I. G =t, t,, =tf. (12)
Static obstacles can be expressed as functions of position

Decoupling the System only
Let the dynamic model of a planar point mass robot in O,(X,Y) = (All (x, y) points within the ith

a two-dimensional plane be obstacle region) (13)

l Vi = f(X, Y, V, y, T,, T7.) (8) The goal state expresses the position and velocity which
1j )the robot is to achieve by the end of the task time (t.). If

• the goal velocities are both equal to zero, then the goal

-FOUND-_FOUND
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ax CY

Yg ............................... 4Sg-(Xg, YgO,) axmax 7ayAx t

Vx" Vy

Yo. ..... 9 VX.Max . .
Criltical Aisa X VyMAx

X0 X g

Fig. 2. Example task with no obstacle. t _4 t

X ystate is i
SK = (x,, Y,,,O). (14) ,xg-xo1, ., Yq-YoI

Using the previous definitions the problem can be statedJ ; -t -4
as fo llo w s. TXT ,,; TYT ,,

Fig. 3. Bang-bang profiles.
Find the input a*(t), t E=-[0, tf], which globally mini-
m izes the cost functional (12) while satisfying (10), and Y a e a i a hfor which the resulting state trajectory S*(t satisfies (9) J rand (11), avoiding the union of all obstacles (13) and . ." is9 _,

Before any computer algorithm can be implemented, InaidPtwe must first discretize time. For simplicity and without 
_:IvldPtloss of" generality, let the fixed sampling rate AT = 1.

After appropriate scaling, the equations of motion of the Yo ...
robot will be JN

X(k +1) = X(k) + V(k) 0g

Y( k + 1) = Y( k) + Vy( k) Fig. 4. Possible paths in the slack set.

V,(k + 1) =V,(k) + a,(k)
V(k + 1) = V,(k) + a,(k) (1) T.,.,,k (Fig. 3). The task is complete when subtasks along
wher k 0 ,, nd . i suc tht t! =t,,+ kAT. both axis are complete, thus T,,k =max (T,,task, Tytask)-

~The axis with the maximal task time is called the criticalT h e p ro b le m to b e so lv e d is th e re fo re to fin d th e a c u t r ( A w h l a l o h e s re a l d s a k a t a o ssequence (a,(k.a,(k)), where k = 0O... k,, which takes (A)ao (Fi.) wInput all thersaele slack actuator xs)
the robot from rest at position (X,,. Y,,) at k = 0 and cSa bemdfied a) nus logas tme Tck wator y = here
moves it to position (x,., ,,) at k =k, while avoiding all cand be =od0;e alonghs tat etieT, have = yg
obstacles for the minimum value of k,,. satisfying all state adV ;alteetaetre ae1 t,
and input inequality constraints. Coupling still exists max (T,,task, TY ta, ); and 2) T,raA-<Ttaik.

throgh he pesece f obtaces.We name the set containing all such trajectories the
slack set. Note that the slack set contains a set of mini-

Critical Axis Handling mum-time trajectories of a specified task.
This multiplicity of trajectories motiva~tes us for a cioser

Depicted in Fig. 2 is an example of a time optimal examination of the slack set (Fig. 4). If valid trajectories
trajectory planning problem in the absence of obstacles. exist in the presence of obstacles (traversable paths), then
Given that Vmax = V.),,, and ar max = a , I ma ,,c ax, we all these trajectories will be tinie optimal obstacle avoid-

Swish to reach state Sg from state So in minimum time. By ance trajectories.
Sneglecting the presence of all obstacles and assigning to By neglecting the presence of all obstacles and assign-

each actuator maximum control (bang-bang) a lower ing the maximum control torque to each ac'u&,or we can
bound estimate of the time needed to complete a task (T determine which actuator's task time is greatest (Tt,,J).
task) can be calculated. When the maximum principle is This actuator, called the critical actua,,ar (CA), exerts a
applied to the problem described in Fig. 2 the time time constraint on the completion of the t,,sk. The CA
optimal trajectories of Fig. 3 are obtained [6], [9]. retains its bang-bang profile while a search will determine

Trajectories displaying a monotonically decreasing dis- the profiles of the other actuators. We assume here, with
tance to the goal, along at least one of the axis are no loss of generality, that T|.,,k = T, > T, thus we will
denoted as monotonic. Let us assume here that, Trt, k > have a fixed bang-bang profile along the X axis.

I-I
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Original Time Dependant
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Oy2

1 ...... " -- - -............. .

Yo "- Tot 
Y o
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Fig. S. Transforming the problem. (a) Original task. (b) Control actuator distance profile. (c) Transformed task.

Transformation from N.DOF to (N-l)-DOF evaluation of each state, the minimum-time trajectory

We can take advantage of the a priori knowledge of the may further optimize criteria such as minimum distance,

CA profile by transforming the problem from the XYVV smoothness of the trajectory, safety, etc. For example:

state space to the slack state space YI,.. This is done by 1) f(n) =IDx(n)I min. distance
using the Critical Actuator distance profile in conjunction
with the knowledge of all obstacle positions. 2) f(n) = V/[k,Dx2 ] +[k 2DvZ] +[k 3( Da-)

Let Oxl,Ox2 be the projections of an obstacle's bound-
ary along the X axis and Oyl,Oy2 be the projections of an. dist. in State Space.
the obstacle's boundary along the Y axis (Fig. 5). Using We can guarantee that any trajectory found in the Slack
the Critical Actuator's distance profile and the distances Set will be a minimum-time trajectory because we have

Oxl,Ox2 one can determine during what times to, and restricted the task time to Tx.
t,2 the robot will be in the projection of the obstacle
along the X axis (Fig. 5). If (xn, yn) defines a position of Unsuccessful search of the Slack Set-Modified Slack Set
the robot in the KY plane then: Obviously, the task time of the time optimal trajectory

(Robot in Obstacle) {x E [Oxl ... x2] and in the presence of obstacles may exceed the task time of

OyI ... OY2]). the time optimal trajectory in the absence of obstacles. If
in the presence of obstacles all trajectories of the Slack

The obstacle is avoided if during this time period Set are blocked, no trajectory will be found during the
[tot "". t0 2] the robot's y coordinate of position is not in search of the Slack Set.
the region [Oyl ... 0y2] (Fig. 5). By transforming all In the case where a time-optimal trajectory is not found
obstacles from the XYVV,. to YVy slack state space we by searching the slack set, the task time is increased and
severely reduce the state space size. each actuator is sequentially defined to be the temporary

Note that our definition of an obstacle is independent CA. The task time-may be arbitrarily increased or it may
of velocity. As a result, all states with a poritional vector be increased through constraints imposed on the CA, e.g.,
located in an obstacle are illegal and rs such can not through a restriction of the maximum allowable accelera-
belciig to the Slack Set. Thus, the size of the slack set is tior,, or velocity. We define the modified slack set as the
inversely proportic, al to the area occupicd by obstacles. Slack Set which is created through an increase of the task
Secondly, we can model complex obstacles such as mud, time. Tne task time of any trajectory belonging to a
by including velocity in our definition of an obstacle. For modified slack set is larger than the task time of any
example we may allow the robot to move through a trajectory of the slack set.
certain positioa 'f its velocity exceeds some defined Consecutive modified slack sets are generated and
"escape dlocity." Work has already begun to include searched until a valid trajectory is found. Solutaons found
moving obstacles, using the modified slack set are not guaranteed to be

minimum-time trajectories. The maximum error is bound
Searching the Slack Set though, and is equal to the increase of the original task

In oider to derive the profile along the slack axa; (Y~) time. A sufficient condition for the convergence of the
n oser in aderivethe rofilhe aong stae sac caled the slack set technique is that there exists a monotonic solu-

we seach in a sbset of the 1g state space called the [ion. If no solution is found after the first time increment
slack Set. A state (y,c) belongs an the Slack Ser at t1e and the sequential assignment of all N - 1 axis, in turn, as
following two ccsitions are satsfaed: ) y- Yg < critical axis, the time is incremented again and the entireI-.mrna(T,ak -t)-goal position is reachable, and 2) Idl < poesi eetd

a!Ym, j(l;a,k t)--goal velocity is attainable. The dlack set process is repeated.

is searched using an A* heuristic search [241. As men- IV. EXAMPLE
tioned previously, any trjectory found-in the slack set will

* be a time-optinal tra.tctory. For this re -son we nee!d not This paper presents examples that highlight the perfor-
choose to use heuristics tFat focus on minimizing time. mance of the slack 5et technique. The algorithm attempts
Dependent upon 'he heuristic h(n) being used in the to derive a time optimal obstacle avoidance trajectory for
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OBSTACLE AUOIDRNCE PATHS OBSTACLE RUOIDANCE PATHS
Vxmax - 6 Axmixu 3 1 Vxmax u 6 Axmix = 3

Vyrnri - 6 Ayax - Vymax , 6 Amax ,2

-40{, nI_

te28 It ypnw b d 2d vt

iFig. 6. Slack set Example 1. Fig. 7. Slack set Example 2.

a robot of known dynamic capability. Here it is applied to OBSTACLE AVOIDANCE PATHS
an autonomous vehicle with motion, being constrained to v, .6A,, 3
the XY plane, with bounded distance, velocity and accel- V ,,X. - 6 AY ax I

eration. However, the algorithm can be generalized to a
robot with an arbitrary number of degrees of "Teedom. 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 II
computer using Turbo Pascal. -40+

A heuristic search is used in searching the slack set.
Nodes expanded, are those nodes that are examined xmix- too
during the search. Nodes generated are those nodes which Ymx 75

appear as successors of the nodes expanded. The size of VELOCITY POFILES
the state space and the number of nodes examined in 29
order to find a solution are indicative to the performance )sVk 2

of the algorithm. We define the efficiency of the search as 6'

the ratio of the depth of the search (which in our case is Fig. S. Slack et Eample 3.
equal to the task time), divided by the number of nodes
expanded: trajectory obtained by searching the modified slack set,

[ Depth of Search 1 after unsuccessful searches of the Slack Set, is illustrated
Efficiency [Number of Nodes Expanded * 100%. in Fig. 12. Trajectories derived through the Slack Set

(16) technique are compared with those derived using a path
derived by the Vgraph technique in Figs. 13 and 14.

In the first four examples, depicted in Figs. 6 through 9, Finally, Figs. 15 through 16 illustrate the performance of
we are looking for a time-optimal obstacle avoidance the slack set technique.
solution to the task of starting from rest at location
(-75, -40) and ending at rest at (81,6). Variations of the A. Effects of Robot Dynamics
robots maximum velocity and/or acceleration result in
drastic changes in the trajectory derived by the Slack Set Slack Set's depenu-.n2e on robot dyr,amics is illustrated
technique. The ability of the technique to accommodate in Figs. 6-9. In the thesc examples we are looking for a
secondary constraints is illustrated in Figs. 10 and 11. A time-optimal obstacle avoidance solution to the task of
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TABLE I
SLACK SET TECHNIOUES DEPENDENCE ON ROBOT DYNAMICS

Example VTm4% V% ,,1 AmJ% A, rnj #Nodes in Task #Exp. Nodes %Eff

6 6 3 1 3277908 194 14.1
2 6 6 3 2 6555816 225 12.2
3 6 6 2 3 6555816 314 9.1
4 6 4 3 3 6555816 164 17.1

OBSTACLE AUOIONCE PATHS OBSTACLE AVG. 1WNCE PATHSIVxmnaxwyi a AW"X. 3

II

- ~ ~ -75 . ........

-" + -1 
4 0

R~IC 10 XMaX. IOUM
Cma. 75 ULCTPRFESYffiax 75

VELOCITY PROfiLES VELOCITY PROFILES
P a"n\ I 2 It 22s24

26 24
4 . .. ., o. . . . . . . . .................. . . . . . . . .. .. . . . . . ... ...... .. .. ......... ......... .................. ......

Fig. 9. Slack set Example 4. Fig. !1. Time optimal obstacle avoidance trajectory with secondary
constraint on acceleration.

starting from rest at location (-75, -40) and ending at

OBSTACLE AVOIDANCE PATHS 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

40 always trapezoidal as desired by the Slack Set technique.
- The slack axis velocity profile is drawn with the thicker

x-x -I-M line. No secondary constraints are imposed.
u,. 75 " i II Dependence of the Slack Set technique on robot dy-

VELOCITY PROFILES .namics is illustrated in Table I where four variations of

24 the robots dynamics resulted in four different trajectories.
24 It is important to notice the difference which exists be-

S............... , ......... ................. ,. .. tween trajectories which are derived with accommodationI Fig 10 Time optimal obstacle avoidance trajectory with secondary of robot dynamics and those which rely purely on the
constraint on distance. geometry of a particular task. One can see that although
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j OBSTACLE AUDIOANCE PATHS OBSTACLE RUOIDANCE PATHS

Xemax 100
Yr,,AX 75

M E1LOCITY PROFILES XfMAX. - oo
28Ymax - 75_ _ _ _ _ _ _ _ _ _ _

VS11a~k 27 ELOCITY PROFILES

34t

- 39
- Vxmax. 6 - Vvrax-

SLACK-TIME SEAIRCH MSLACK-TIME SEARCH M Fig. 13. Comparison between a slack set derived minimum time tc-
Y tory and a Vgraph derived minimum distance trajectory.

75TX 25 Tx. 20

K 4 OBSTACLE AUCORNCE PATHS0l t 0 t

Y751 -75Y

N SLACK SET -N Ex. 72 N 0,i 173 Ty 27

TASK TASK

*Xo -7 Yo -- 0 X9. - 7 Yq. 26 X:.75 Y*a- 40 X:.* 57 Y9- 26---- -------- ---------

Ymax -75 1 Vymrax - 6 IAymax- 3 1Ymx -c 75 '1Vymax * 6 1 Ayrmax 3

(b) (c)

Fig. 12. Trajectory found by searching modified slack set. (a) DerivedI
trajectory. (b) Unsuccessful search. (c) Successful search.

Examples 1 through 4 display the same geometric proper- y~ac :I<k'~ : uu4 I
ties, each trajectory displays differe-i- velocity and dXis-
tance profiles. On the other hand. all examples would be 9

seen as the same problem by the Vgraph technique which V.110 6b

relies purely on task geometry. 6 vIax 9

Using the Slack Set technique one sever,'ly reduces the tory and a Vgraph d~rmed minimuri distjiit fNILt~I number. of nodes generated and examined. From Table 1.
we can see that the Slack Set technique examin~es less B.AutojcieOimlNvgin a.'akSithan 0.006% of the state space. The efficiency of the B. utbecie pimliagaon a 'akSe
search is expressed by the ratio of the number of nodes In the following paragrapht %&e illust;te the capabilityIexpanded divided by the depth of the search. In these of the slack set teihnique to derive time optimal trajucto-
examples since we set the sampling rate to unity, the ries which optirrize s5LuIndaty co~nstraints. This is posbible
depth of the search is equal to the task time. becaw~e the Slack Set usually contains rr'9re tha~n one J
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rFg. 15. Slack Set performance verses workspace density. Fig. 16. Processing lime comparison for slack set-and Ygraph trajecto.
ries.

time optimal trajectory. As a result the slack set may be the initial task time and-the derived task-time.-As a result.
searched using heuristic functions that optimize con- we can guarantee that the trajectory-found- in-Fig. 12 has
straints other than time constraints e.g., maximum safety a maximum error of 12%. If a solution -has -not been
by maximizing the minimum distance from the closest found for a maximum acceleration- -of the- critical axis
obstacle, smoothness via minimization of jerk, accelera- equal to the minimum acceleration-of the- axis, we would
tion, velocity, etc. restore the maximum acceleration-to its-initial value and

Figs. 10 and- I depict minimum-time trajectories of the decrement the maximum velocity of the-critical-axis.
same -task with secondary constraints of minimum-dis-
tance and minimum-acceleration respectively. One can D. Performance Comparison of-the-Slack Set-and Vgraph
-see -how each trajectory differs significaintdy from the Techniques
other. The trajectory of Fig. 10 has a secondary constraint Fig. 13 depicts the results-of a comparison between the
on distance. As a restilt the path derived in Fig. 10 is trajectory found using the Slack Set algorithm and the
shorter than the path derived in Fig. !1. By maintaining a Vgraph algorithm. h, order to -derive- the-minimum- time
constant velocity as long as pos.ible the acceleration is distance path

equalto zeo as ong a possble (ig. *trajectory which would-follow the minimumditneph-equal- to zero as long as possible (Fig. i 1),
we did the following. First, we determined the-minimum

Set distance path using tht Vgraph technique. Next, we de-Tr.a- cessl Sfine a XYVxVy state space with position on or close to-theTra/ectories minimum distance path and valid velocity. The-minimum

Not- every search of the sack set is successful. When time trajectories corresponding to the Vgraph-paths %%ere
such a situation presents itself, the siack set algorithm determined using A*.
searches the modified slack -;t, w.'hich is generated by Fig. 13. emphasizes the distinction- between the mini-
increasing the task time along the critical axis of motion mum-time trajectory and the minimum-distance tralee-
by a- fixed amount. Thts fied increase of the task time tory, showing the minimum-time trajectory -to ha%e a
along the critical axis provides -is ,ith an upper bound on smaller task time than the minimum-distance trajectory.
the time difference between the derived task time at.iJ the The task times are shown to be 34and-39 s-for-the -lack
aclual -minirium task time. Sequential sm aching of the set and the Vgraph techniques- correspondingly. -One can
-critical axis amo,.tg the axis of the robot guaranterts the also see how the paths derived using -the slack set are
derivation of a feasible monotoni,, path. if such a path smooth curves compared to the paths obtained using
exists. Vgraph that are straight line segments-with sharp turns,

A-task is depicted in Fig. -., lnitialty Arm,, = 3. Exami- requiring complex velocity profiles. The velocity prtottles
nation of all states in the Slack Set does not produce a required by Vgraph can be simplified by smoothing the
time optimal obstac~e avoidance trajectory. The maximum derived path, but this would require- additional computa-
acceleration along the Critical Axis is decrementcd tion. The velocity profiles showk that slack set prtoduces
(.'A" , ,, -" 2), thus producing a Iongc,- task time, and the smoother iesualts, alw,,.,s haiv;r,6 one axis (the X axis, in
Modified Slack Set Is examined. Once again the slack sL.t th.-se examples) folowing a bang-bang profile.It- is inter-

is searched without producing a trajectory (Fig. 12tc)). t.ting to note here that it seems that VIgraph also tries to
For reasons of simplicity, sequentiai switching of the follow a bar -bang prof~le at least alone one-axis.
critical-axis will not be illustrated in this example. Fig. 14 depicts another example were the trjw:ury

Once again the rnaxirum acceleration along the critical derived using the slack set technique has a smaller t,,sk
axis is -educed and the Modified Slack Set is searched. A time than the trajectory derved using the Vgraph tech-
trajectory is found (Fig. 12(c)) arid we can guirantee that nique. This example also -illustrates slack set's abtlity to

the-maximum error is smaller than the difference beteen utilize system dynamics to its fullest. For example the
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slack set trajectory reaches and maintains the maximum the workspace increases. Thus, the size of the search
velocity along the slack axis during the initial stage of the space is inversely proportional to the number of obstacles.
trajectory. This allows the velocity profile along the slack In Vgraph, the size of the state space is proiortional to
axis to terminate 21 units of time into the task. On the the number of obstacles in the workspace. Task times
contrary, the Vgraph trajectory is in motion along both derived using the slack set technique also seem to have a
trajectory until the completion of the task. The X axis of linear relationship with respect to the density of the
the graph denotes the percentage of the critical area that occluded area of the workspace. The percentage of trajec-
is covered by obstacles. The various shades of each col- tories derived with time optimal task times decreases as
umn denotes size of the determined task time with re- the acea occluded by obstacles is increased.spect to the time optimal task time (T*) in the absence of Though implementations of each technique may not be

obstacles. As the area occluded by obstacles increases optimal, it seems that the computational complexity of
from 5% to 35% we see the per.entage ot irajectories the /graph technique seems to increase faster than the
derived with time optimal task time decreases. One very slack set technique.
interesting result of this experiment was that the slack set It was shown in the examples of Section IV, that
technique never failed to find a feasible monotonic trajec- trajectories comprised of the minimum distance path and
tory. velocity profiles required for the minimum-time traversal

Fig. 16 was obtained by comparing the processing times of the minimum distance path are not guaranteed to be
needed in deriving a trajectory for a given task using the time optimal trajectories. It is important to notice the
slack set technique and the Vgraph technique. Both tech- difference which exists between trajectories which are
niques seem to require more computations as the number derived with accommodation of robot dynamics and those
of obstacles is increased, though the search space of the which rely purely on the geometry of a particular task.
slack set is inversely proportional 'o the ,ize of the One can see that although Examples I through 4 display
occluded area and the size of the l graph technique is the same geometric properties, each trajectory displays
proportional to the number of obstacles in the %,orkspace. different velocity and distance profiles. On the other hand

Though implementations of each tei.hnique may not be all four examples would be seen as the same problem by
optimal, it seems that the computational o.mplexity of the l/graph technique which relies purely on task geoine-
the Vgraph technique increases faster than ihe slack set try.

technique. Not every search of the slack set is successful. When
such a situation presents itself the slu:.k set algorithm

VII. CONsCLUSION. searches the modifie ; sack set, which is generated by
increasing the task time along the critical axis of motion

The slack set technique was introdutcd in this paper. by a fixed amount. This fixed increase of the task time
This technique exploits the natural redundanc) of a robot provides us with an upper bound on the time difference
system, the fact that a time optimal trijcttom tor a given between the derived task time and the actual minimum
task is not in general unique, optimal control theory task time.
(Pontryagin's maximum principle) and line.rization and All trajectories derived via the s!ack set Zechnique are
decoupling techniques (FLDT), to rcdu,.e the site of the monotonic. Degradation of the task time per.formance of
search space. the derived trajectory will occur when the critical axis

The slack set technique is able to drie i timc.,optimal velocity profile is forced to hase a %er) small 'alue.
obstacle avoidance trajectory for a ,. ,,t Ahcn %uch a ObstaL,2.o moving along a known trajector: can easily
monotonic trajectory exists in the ,.k ,.t ()thcrise a be included by the slack set method. This may be accom-
feasible trajectory will be found it ,,,,h a mnotonic plished using swept olumes ur through the inclusion of
trajectory exists. !,,1e in the transformation of the N-DOF problem to the

Time optimal trajectories derived .' a ikiN , ...... V, i)I) DOF problem. Accommodation o1 moving obstacles

ondary constraints by searching th,. .,k s,.t using has begun and will be presented in future work.
heuristic functions that optimize critLr ,,t ,h .r than time, The slack set technique .as implemented using Turbo
e.g. maximum safety by maximizing tK mi,mum ,ht,,nce Pascal on a Mac If. time perfuimance of the technique
from the closest obstacle, smoothne%% .I minim n.ii ion of seldomly exceeded a few minutes. which icludes some
jerk, acceleration and velocity, etc. quite intense graphics. The size of the state space was in

Trajectories derived using the , ,.,t :,.hniquc ,ac. the range of 107 states. the tree structure being searched
commodate robot dynamics and as a rc'ilit iiplas ,mxith was in the range of to" nodes.
velocity and distance profiles. On the ,other hind. tech.
niques that rely purely on the geometr, of the t.%k
generate paths which in most cases ha , sharp turn% REFERENCES
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Desiga of Exnloratora Schedules in Learnling and Adantive Robot Control
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John Selinsky
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I

Abstract

I 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 persistent3 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)3 manipulators are given.
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Adaptive control of robot manipulators has been the subject of much research in recent yeas(
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.I [Li-Slotine 881, 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])3use 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,3 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 learns3the 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 exciting.

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 presentsIsufficient conditions for global asymptotic learning of parameters which is not explicitly based on
persistent excitation. Section 4 describes simulation results of learning with I and 2 degree of3freedom (DOF) manipulators. Section 5 concludes the article.

I
I

I
I _ _ _



m Adaptation
User/Path Planner /Mechanism

-" Desi red cta,/ Robot Robta
TrajetorgTrajectory
C n oler Robot ,,

l Exploratory

Schedule

enerator

I

3 figure .I: Block diagram of the proposed system.

2. Rigid Robot Dynamics

2.1 Lagrange-Euler Representation of Rigid Robot Dynamics
A rigid robot is defined as an open kinematic chain of rigid links, which are joined by prismaticor revolute joints.

The Lagrange-Euler formulation of robot dynamics results in a closed form solution (theLagrange-Euler formulation is well known in robotics literature, for a detailed derivation of theclosed form solution see references [Fu et al.], [Paul 81], [Asada-Slotine]). The formulation3requires an understanding of the spatial relationship between the links of the robot. Thisrelationship is commonly represented by 4 x 4 homogeneous transformation matrices (seereference [Paul 81]), which relate the position and orientation of the ith link coordinate system to3the (i- l)th coordinate system.
The closed form solution obtained by the Lagrange-Euler formulation has the general matrix

form of

D(q)q + C(q,4)4 + G(q) - (2.1)

3where
D(q) is an n x n matrix of terms related to inertial forces acting on the robot,
C(q,4) is an n x n matrix of terms related to coriollis and centrifugal forces,
G(q) is an n x 1 vector related to gravitational forces,
q is an n x 1 vector of generalizcd joint coordinates,

13
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is an n x 1 vector of generalized forces/torques,
n is the number of degrees of freedon.

3 The formulation results in n second-order, coupled differential equations. If permanent-

magnet-actuator tyflamics 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

I 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 at3 the time of controller design, and may change during use.

2.2 Properties of Robot Dynamics3 It has been pointed out by a number of authors (see for example [Ortega-SpongD, that there are
properties of the dynamics (2. 1) that can be exploited for robot control. Three of the properties are3 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.

3 Property 2: D)(q) - 2C(q,4) is skew symmetric 4 T( 6(q) - 2C(q,4) )4 = 0 V q.

Property 3: t = D(q)q + C(q,4)4 + G(q) = Y(q,4,4,q)O

i where Y(q,4, l,q) is an n x r matrix of known functions and 0 is an r x 1 vector of constant
parameters. Property 3 implies that the robot dynamics may be viewed as a linear operator from

I the parameters to the joint torques.

1 3. Closed Loop Learning Via Selection of Exnloratorv Schedules

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 used. However, we synthesize, whenever3 possible, the reference input to guarantee both tracking and leaming.

For the system of equation (2. 1). define the virtual reference trajectory

Iqr qd -A J e dt (3.1)

3 where qd is an n xl vector of dezired joint coordinates. e = q - qd, and A is a positive definite
matrix with constant coefficients. Define the sliding surface

1 4I
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Let the controlinput be
Let th = q)Qr + e(q,4)4, + G((q) - KdS = Y(q,, r,)- Kds (3.3)

where () is the estimate of (.), and Kd is an n x n positive definite matrix.
The parameter adaptation law is

I = Ka'1 yT(q,4,4rCr)s (3.4)

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

3.2. Sufficient Conditions to Guarantee Learning of Rigid Robot Dynamics

3.2.1. Augmented State Space3 Define the augmented staze space

x= e = x1I~ (oJ3.5)
Then the augmented system is

=2

31 
(3.6)

Where is as defined as in eq (3.4). To find 6, combine equations (2.3) and (3.3),

I * D(q)j + C(q,4)4 + G(q) = D(q)"r + C(q,4) lr + G(q) -KdS. (3.7)

3 Rewrite (3.7) in terms of

e=q-qd= q=e+qd,

3 eq-qd= q=e+qd,
e =d qd l = + qd,

I S= e+Ae,

= d-Ae,
qr qd -A ,

D( e+qd)( e+qd )+C( e+qd ,&+qd)( e+qd )+G( e+qd) =

* 5



Then

D( e+qdj)8 = j5 e+q )4d+ ( C+qd, + 4d )4+Z(e+qd). -X ie+qd )A6 - e( e+qd,6 + qd)Ae
-C( e+qd '+d )6 - Kd(6 + Ac). (3.8)

Note that Y(q,4, ,4)2f = 5(q)q~ + (q,4)& iq-f

= 5( e+qd )d+ ( e+cld,6 + q4 )4d+ f( e+qd)

Y~q,4,r~qdO = f5(q)qr + (qk4)k + i(

= 5( e+qd)( -A6 )+!( e+qd ,6 + qd)(-&d-Ae )+ ( e+qd),
= Y( e+qd,6 +qd ,&d-Ae ,q-A6e ,

* and
D(q) >0 V q = D( e + qd)>0 V e-+qd.

I Then (3.8) can be written as

D( e+qd) = Y( e+qd, + qld -qd '* - 3( e+qd)A6 - iCC e+qdA +qd)Ae
- C( e +o eqd ) Kd( 6 +-Ac) (3.9)

I and 8is

=D( e+qd)-)1 [Y( e+qd +~ - d qO ai- f5( e+qd )A6 -JC( e+qd-,6 +-qd )Ae
-C( e -Od .e+qd )6 Kd( 6 + Ae)] (3.10)

Then the augmented system is

I 6
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I ~x 2

U --- D(x ,2 tCxl+,x,+4ALx1

-= C(x qx+qdx -K(X.Ax )

Ka yT(x 1 +qx 2+q-q ".A X 
1, qd'Ax2) (x2+Ax I)

1 (3.11)
Equation (3.11) describes the closed loop dynamics of the augmented system. We emphasize that
asymptotic stability ofits origin implies both asymptotic tracking and asymptotic learning.

3I  3,2.2 Global asymptotic stability of.he augmented system,

Theorem

If r<n, and if

{ Y(qd'qd') } =r
:Rank riat>o

then the origin of system-(3. I) is globally-asymptotically stable
Proof

Write-system dynamics (eq. (2.3)) in terms of-4 = s + q, -q and substitute for-t-using eq
-(3.1) to (3.4)

--D(q)( 9 + + C(q;4)( s +tqr) + G(q)--Dq)qr + C(q,4)lr +-G(q) - KdS,ID(q) = §(q)r- D(q)Zi, C(qq)r - C(q; .) r+ (q) - G(q) --C(q.,.)s - KdS,3 D(q)g = D(q)q'r + C(q. )r - 0(q) "C(q,4)s - Kds. (3.12)

Define the Lyapunov candid.,', :.:::cion

V = 1/2 sTD(q)s + 1/207K . (3.13)

which is positive definite. T,2,cr:'. ative of V is

V= 1/2 gTD(q)s + 1/2sT[i5(.. +, 1/2 sTD(qs - OTKaO + 1/2 0TKa0 . (3.14)

I 7I'



The terms in (3.14) are scalars and therefore symmetric, then 4 can-be written as

I 4= sTD(q)§ + 1/2 sTlq)s + OTNa. (3.15)

Substituting for D§ from (3.12)

i sT( "(q)r + (q,4r + !(q)- C(q,4)s - Kds I + 1/2 sTI(q)s + iTKa

Combining and rearranging terms and using the property sT( (q) - 2C(q,A)]s = O,

I" T( 5-T[ (q)qr + (q,4) qr + G(q) 'i - sTKd s + 1/2 sT[f(q) - 2C(q,4q)] s + OTKA .
V "- STKds + sT[ D(q)qr + (q, )r + G(q)] + TKa (3.16)

Which can be written as

= sTKds + OTyT(q,4,c,,jr)s + TKa 0 . (3.17)

3 Substituting for from (3.4)

V=-sTKds + OTyT(q.4C ,,,)s. OTKa Ka1 -YT(q,4, q j~Sj

= STKds _< 0. (3.18)

When s = 0, *l =-Axl =* x, and x. approach the origin exponentially on-the:sliding surface s.

This in turn from eq. (3.11) implies that .x3 -> 0.
Then

t (3.19)

which when the condition
Rank Ydqd'qd'Zid i r

Rank t ->

holds implies that x3 -> 0.3 QED

I 8
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*3.3. Selecton of El

An imp.lication of the theorem is that if r > n, a sufficient condition for k en parameters to be
identified is that th"ire are not in the null space of

lir t->a0

Il 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. So3I that different time sections of the Exploratory Schedule (which specifies qdqdqd ) may be
designed to learn differ-nt components of the vector x3 it its dimension exceeds n.

!9
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4. SIMULATION RESULTS

4.1Exam~les

4.1.1 Manipulator wtltrl DOF
The first simulation was done for a single link manipulator as shown in figure 4.1

t9

q

% g

figure 4. 1: Simulated I DOF manipulator.

The dynamics of the manipulator are

'r = in d2 qi + m g d sin(q), (4.1)

where, d = 1, g = 10, and m = 2. The matrix of known functions is

Y( q, q) =[d 2  + g d sin(q)], (4.2)-

with m as the single parameter to be estimated. The control law as specified by eq (3.3)is

ii  =[d 2 qr +g d sin(q)] f- -kd( -,(4.3)

where k =4d - (q - qd), kd = 1, and the parameter adaptation law as defined by (3.4) was used to
estimate m, where the estimate is denoted as Ii .

In experiment la,

4d = .0,q =0.0 * Ralk(q t>q ) 0

which is less than r = n = 1. Notice in figure 4.2, that even though the trackingcerror does
-converge to zero, the estimate o" :u does not converge to its true value of 2.0.

In experiment lb,

d -= 0.0, qd = 1.0 Rank(k t .) =q

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.

10
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4.1.2. Manipulator with 2 DOF
The second simulation was done for a 2 DOF manipulator as shown in figure 4.4

Y

x

I 11I t 1 M

12 32
T2 q2

)It figure 4.4: Simulated 2 DOF manipulator.

The dynamics of the 2 DOF manipulator are!1i ~~~. 0 =  l.l + D2 2 + 2Cqq + C 42 2 + G1  (4.4)
t1D11q1 +D, 2 q2 +-2 C qq 2 +~ 2  44It 2 =Dj 2q1 +D2 2q2 cq 2 + G2

I where
Dt=m 11

2=+m2 11
2 + m1 2

2 + m2 11 12 cos(q 2),

I Di 2 =m2 12
2 + m2 11-12 cos(q 2),

D22 = m2 122,

C = g(mn1 +m2 )1) sin(q 1) + g m2 12 sin(q 1 + q2)

G2 =-g m2 -12 sin(q 1 + q2)'

with m1 = m2 = 10.0, 11 = 12 = 1.0, g = 9.81.

The parameters are defined as

-01= (ml+m 2) 11 = 20.0 04 = g(m I + m2 )'1 = 196.2

02 =m2122 = 10j) 0 5 = g m2 12 =98.1

0 3 =M2 -1112 = 10.o. (4.5)

Which leads to-the reparameterization

Y(q, 4, 4, ) 4 q-, q1+q, cos(q)(2ql +q2)-sin(q2)(2 ~cleq2q sin(q 1) sin(q,+q
0 - + cos(q 2 )- +sin(qq 0 sin(q +q2)

(4.6)

12



The control law as specified by eq (3.3) is

r = Y( q, 4l, 4,4)- Kd s, (4.7)

where s = diag( .el1, 2+e2), Kd = diag(1000, 500), and the parameter adaptation law as defined
by (3.4) was used to update the parameter estimates 0, with Ka 1 = diag( 1000, 1000) . The3I  dimension of Y( q, 4, 4,) 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

qI(0) = q2(0) = 41(0) = 42(0) = 0,

iI and the desired velocities for both experiments is

1 4d(O) = 4d2(o) =0

I In experiment 2a,

I qd = 0.5, qd2 = -0.5 =, Rank _ _-O

5 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 04 and 05 do not converge to the true values.

In experiment 2b,

qdl =0.5, qd20=.5=Ran Y(qiqd4d -2

Lirnt -> o

I which equals n. The linearly independent columns for experiment 2b correspond to parameters
04 and 05. As shown in figure-4.5, the-estimates of 04 and 05 do converge to the true values.

I

I
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4.Z. hxploratory scneatue ror tne z Uvr mampulator
Selection of the exploratory 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
sdl=i2.ld1= I0.0, and qdl, qd2 such that columns 4 and 5 are nonzero as el, e2, 6, 2 -> 0
will ensure that parameters 04 amd 05 are identified. Next, selecting qdI=qd2=0.0, and qdl, qd2,

4dt, 4d2 such that column 3 is nonzero in the limit ensures identification of parameter 03. Then
- selecting cidt, q*d2 such that columns I and 2 are nonzero ensures the identification of parameters

04 and 05 . The actual exploratory schedule is as shown in figures 4.6 to 4.8. Theoretically, a
parameter is guaranteed to be identified when eI=e2=6 1=62= 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(lel, IC21,1611, 1621) _ eto 1, where etol = 0.01, and a further stipulation that attempted3i identification of each parameter is to last at least 3 seconds. The time period corresponding to
identification of 04 and 05 is 0 : t < 4.2. As can be seen in figures 4.9 and 4.11, the parameter
estimation error for 04 and 05 approaches zero as all joint errors fall below 0.01 at tv-4.2. The
time period corresponding to identification of 03 is 4.2 5 t < 7.3. The parameter estimation error
for 03 approaches zero as all joint errors approach zero at t=7.3 . Parameters 04 and 05 are
identified during the time period 7.3 < t < 10.3.

I
I

I

I
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4.3. Comparison of controller performance before and after learning
A set of experiments was - vformed to compare the performance of the adaptive controller in3tracking a test trajectory for two experiments: 3a)-without prior learning of the parameters through

tracking of the exptoatory 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 track 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 4.19 to 4.22.

I
I
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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 persist~nii 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 the3 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 learning 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
3 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 learning (section -. 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 ceneralize the concept to a broader class of systems. Immediate
extensions may be to other adaptive control laws e.g. that of [Sadegh-Horowitz].I 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 ,.symptotic 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 o called cautious signal.
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Improving the Solution of the
Inverse Kinematic Problem in
Robotics Using Neural Networks
Ailon Guez zmd Ziauddin Ahmad

A method for solving the inverse kinematic problem The IKP usually does not have a unique solu-
(IKP) for robotic manipulators is presented in this tion. (The IP is also referred to as the arm
article. The nKP finds the joint angle values of the solution.) The significance of the inverse kine-
robot that will place the robot's end-effector in matic problem is depicted in Exhibit 1. This
a desired position and orientation. There is more exhibit shows the command level that gener-
than one solution to this problem. The problem- ates a task K, which is passed to the path
solving method presented is a hybrid approach in planner. The path planner genorates a feasible
which a neural network is trained to provide an path in the work space (i.e., the Cartesian
approximate solution. The approximate solution is space) to accomplish the task. In order to fol- -4
then used as an initial guess to an iterative proce- low this path, the joints m-st be actuated, so
dure that provides a final solution within some the joint values that will make the end-effector
specified tolerance in the robot's work space. The follow the Cartesian path are needed. The
proposed hybrid method achieves about a twofold inverse kinematics block in the diagram makes
increase in computational efficiency for an indus- the desired transformation and provides the
trial manipulator with more consistency in the controller with the joint values for q to be
time required to obtain the solution to the robotic followed. The controller then generates the
manipulator. This article was accepted for publi. control signal, C, that drives the joints to follow
cation August 1989. the desired path. Additional information con-

cerning the current state of the robot comes
from the sensors.A robot consists of a serial chain A robot's task is usually specified in a Cartesian

of rigid links connected to each space, so the inverse kinematics solutions are
other by actuated joints. In robot the ones most frequently used. The solutions

kinematics, the motion of the can be split into two categories: closed form
robot links is studied in terms and iterative. Closed-form solutions include

of the robot's mechanical geometry and struc- matrix algebraic or geometric methods.' In
ture. The forward kinematic problem is that general, closed-form solutions are impossible
of finding the end-effector, or gripper, position- because f(q) in equdtion 1 is highly nonlinear.
and-orientation m-dimensional vector in a However, because of the importance of a fast
Cartesian space, X, as a function of the solution to the IKP, robots are frequently
n-dimensional joint vector, q. This can be designed to have simplified inverse kinematics
expressed as (e.g., the last three joint axes intersect in a

X = f(q) (1) point). Thus, many existing industrial manip-
ulators possess closed-form solutions to the

where f is a nonlinear, continuous, and differ- VP Of rn,,rse, whenpev r r1ncri-nrm zn1ii-
ential function determined by the robot's
geometry.

The inverse kinematic problem is defined as.
given the vector X, find the vector q. That is Alon Guez and Ziauddin Ahmad are both profes-
to say, solve equation 1 for q, sors of electrical engineering and computer science

q = f -'(X). (2) at Drexel University, Philadelphia PA.
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Exhibit 1. Block Diagram of Inverse Kinematic Control

Le ~ Ptwr~mV Kinrnatica

I
aI

I n

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 manipulators functions are introduced to reduce the number
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.3 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 solutions. Motion heuristics are then

Raphson or gradient-descent algorithms to used during path planning to select a unique
find the correction vector to be added to make configuration.
the error small.2 These methods are simple to Conventional methods for solving the IKP

:_ implement and arp independent of the type hAve A Lsadaag of bein. cuLupi:_ _ d

of manipulator. However, they require knowl- restricted to only a class of nonredundant
edge of forward kinematics, they are compu- robots or being slow in converging to a solu-3 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

22 Sprng 199o

II. _ _ _ _ _ _ _ _ _ _



Inverse Kinematic Problem

a workable alternative to conventional meth- Implementing the proposed method start' with
ods alone, the robotic manipulator for which the IKP is

to be solved and an untrained neural network
of suitable size. Data pairs of the end-effectorThe hybrid method position and orientation and the corresponding

This approach to the solution of IKP of robots joint values are generated. This data is used
is an iterative procedure for which the initial for training the neural network, with the posi-
guess is given by trained neural networks. tion and orientation vectors as the input and
Exhibit 2 shows the schematics of the proposed the corresponding joint values as the desired
method. Exhibit 2a shows an array of neural output. After the training is completed, the
networks. Each of the networks, when pro- trained neural network is coupled with the
vided with the desired position and orienta- iterative method, as shown in Exhibit 2b, for
tion, Xd, gives the type of solution (in terms of system operation. During system operation,
configuration) that nearly matches its training the desired position and orientation of the
data. The selector block, shown in the exhibit, end-effector are provided to the neural net-
chooses one of the solutions and passes it to work. The neural network gives the approxi-
the iterative procedure as the initial guess, qo. mate solution based on the learned connection
The it6rative procedure picks up the initial weights. This approximate solution is taken
guess and iterates until an acceptable solution as the initial guess by the iterative method to
is obtained. yield the final solution.

Exhibit 2. Diagram of the Proposed MethodI

--NN #2 Invr I Itnrative
b. NN #3 -i---- t Procedure

,X t qo
!0

Spin 199 23

,Goal
........... ... ... te... . .. . .. ...... t .... ... e.. . e.......

a. The "ec-tor block chooses an Initial gues from solutions provided by the
multllayored food-forward neural network array

Multllayered Iterative
Food-Forward Procedure

Xd Network qO q

b. Tralnod network Is coupled with the Iterative procedure
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The multilayered feed-forward network used may not be covered; thus only disjoint portions

consists of the supervised back-propagation of the maximum joint range can be used. This

algorithm used to train the output nodes that problem of disjoint regions can be handled

correspond to the joint -alues, given by in two ways:

q = 1q, q2... q.]T (3) * Modifying the network architecture.
SMaking the regions continuous 7

related to the desired position and orientation

of the end-effector, Xd, which is provided to Case studies
the input-layer nodes. The position specifica-

tion consists of the displacement of the origin The back-propagation (BP) algorithm simulat-

of the coordinate system (x, y, z) attached to ing a three-layer perceptron was employed

the end-effector with respect to the base frame. to tackle the problems described in the fol-

The orientation specification consists of the lowing case studies. Continuous input and

Eulerian angles (i.e., 40,Q.' output were assumed. The nodes assumed

[k 0 q, X y ZIT (4) symmetric sigmoidal nonlinearity.8 The learn-
Xd [ing rate and the momentum term assumed

where k is the rotation around the OZ axis, the values of 0.1 and 0.4, respectively. Also,
S0 is the rotation around the OU axis, and 0, is the desired outputs were normalized between

the rotation around the OW axis in the given - 0.9 and + 0.9. Training was terminated when
sequence and in the end-effector's frame of the error rates were not improving.
reference. The data pair can be generated using
only the forward kinematics of the robot, as Example 1: A three-degrees-of-freedom
discussed in the following paragraph. planar manipulator

A problem with this arbitrary set of data points A three-degrees-of-freedom (DOF) planar

is that there is more than one solution to the manipulator is shown in Exhibit 3. Before

inverse kinematic problem. By nature, feed- describing the simulations and results,

forward neural networks can learn only a redundance as specific to a 3-DOF planar

single transformation, which requires the se- manipulator must be defined. In a plane, two

lection of one type of solution as the training DOFs are sufficient for the purpose of posi-

data set. Each type of solution is bounded by tioning, therefore a 3-DOF planar manipulator

singular regions (defined in the inset), which has one redundant DOE. (A detailed definition

correspond to the rank deficiency of the Jaco- is given in the Definitions section.) This extra

bian (also defined in the inset) of the manipu- DOF introduces a problem of an infinite num-

lator.' Thus the data set corresponding to one ber of joint configurations that result in the

type of solution can be generated by starting same end-effector position. The problem

with any configuration and joint values, storing can be resolved by adding an additional in-

the relevant data while incrementing in joint dependent constraint to be fulfilled in addition

space, and at each step ensuring that the Jaco- to finding the best position for the end-

bian is not near rank deficiency. The rank effector.

deficiency of the Jacobian can be easily verified
by taking the determinant of the Jacobian (), Exhibit 3. A Three-Degrees-of-Freedom
or that of (]iT) in case of an under- or over- Eahib iulatr
determined manipulator and comparing the Planar Manipulator
result with zero. However, it is desirable to
obtain data that is sufficiently rich in the Q3
configuration space. Two methods that may
be used to achieve this are:
* Following the isocline of a function of the

Joint variahles A'

* Taking all the combinations by varying one , L,
joint at a time.6

Another problem encountered is in the range
of the joint angles. For a particular type of
solution, the entire joint range for each joint X.xIS
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I DeftnUons

Dessavit4llt~ierg transfonatlon The can be canceled by a counter-motion in any
Denavit-Hart~iberg matrix, shown in Exhibit one of the other aligned joints.
A, is a representation of the general displace- Deges of Freedom (DOF) The number of
ment of one frame with respect to the other. degrees of freedom that a manipulator pos-
It consists of the rotation matrix and the sesses is the number of independent position
translation vector. In addition to these, the variables that would have o be specified in

matrix also contains the information concern- order to locate all part. of the mechanism. 2

ing perspective transformation and a scaling For a robot, which is an open kinematic chain,
factor. the degrees of freedom equal the number of
Jacobian The Jacobian (of a manipulator) joints: each joint corresponds to one variable.
specifies a mapping from velocities in joint Redundant DOF The number of DOF in
space to velocities in Cartesian space."' excess of the minimum number of DOF re-
Therefore, the Jacobian J(x,q) of a manipulator quired to arbitrarily position and orient an
is a matrix as defined below: object In tho Cartesian space is called the

J(x,q) = [axJaqA ; i = 1...m:j = 1...n (A) redundant DOF.

where m equals the number of independent An Iteative Procedure The schematics of
Cartesian variables, and n equals the number the iterative method is shown in Exhibit B.
of joints. The columns of the Jacobian matrix This procedure, commonly called the Newton-
show the change in the position and orienta- Raphson method, uses the linear
tion of the end-effector due to the change of approximation
the individual joints. qk = q, + dqk, (C)
Singularities A singularity corresponds to a where qk is the joint variable vector at the
configuration of the manipulator for which
the end-effector motion is constrained in
some directions. Also. at a singularity, the
Jacobiap is rank deficient. Exhibit B. Flow Diagram for the Iterative

Iii = 0 (B) Procedure to Find the Joint Values

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

G, s(q)

Exhibit A. A Denavit-Hartenberg Matrix I

Check Yes

ny oy a: P,
n.o. a. p, N End0 0 10 1 q N

I Solve:a. Matrix representation of the S IIdisplacement of one frame 3s + G6Q 0

Matrix Vector q(k - 1) =

Perspective Scang q(k) + 57(k)
Transformation Factor

b. Submatrices and Factors (cont)
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The forward kinematics of this manipulator is
Defniutions (Cont) given by

kth iteration and k is the solution to the fl(0,0 2) = X = L, sin(0) - L, sin (0, + 02) (6)
linear system " - L3 sin (0, + 02 + 03) = 0

s(q) , Gk dqk = 0, (D) f20102h) = Y = L, cos (0) - L2cos (0, + 02) (7)I ~that is, -L, cos (0, , 0) = 0
dqk = Gk Is(qk)  (E) where L, L2, and L, are the link lengths. By

Therefore Equation C becomes the iterative procedure (described in the inset)i the m (= 2) residuals correspond to the
qk+, = ql - G,7 s(qk), (F) equations

where Gk is found numerically by the central f1 1O02) - Xd = 0 (8)
difference formula f2(01,01) - Yd = 0 (9)

il=(S - s)2 dq, ; i = I.n (G) and the n-in (= 1) residual corresponds to
Here m residuals result because of the forward Zh = (10)
kinematics in the hand Cartesian space = 2u 2 V3 (S13 S33 - C2 3 4)

(m = 6 for a general manipulator) (i.e.,
(f(q) - Xd), where f(q) is the forward kine- - uv(2s2 3s2 3 3 - 3s 2 23 3 s3 )
matics and Xd is the desired end-effector + 2u3 v~s2 s33 *S- u2 v 2(c 33 - c2position and orientation vector). The n-m + 2 UV2

(S2 S2 2 3 3 - c 2s 3) - U
3 vs 22$3

residuals correspond to the constraints to be - 2U2 V2SIs 3
optimized and correspond to whereZh= 0 (H)

where s', = sin(0, + 0,)
Z I --, ': -I-m ] (I) S,1k = sin(0, + 01 + 0 k)

where S1k1 = sin{0, + 01 + Ok + 01)

], = a square matrix corresponding c, = cos(0, + 0,)
to any m columns of the Jaco- The network for this case consists of two inputbian matrix. nodes and three output nodes and two hidden= transpose of the matrix con- layers, each containing 10 nodes. The network
instdingof cumns ot was trained on a data set giving the X, Y coor-ian identity matrix of order dinates for the end-effector and the three
n - m joint angles that optimized the manipulability

and criterion. This data set contained 121 input/output pairs that were obtained by dividingh, = aH/laq ; i = 1...n (J) the work space into 10 angular and 10 radial

where H defines the criteria function to be regions and taking the data points at theoptimized. corners of the intersection of these regions.Here it may be noted that The program that generated this data set em-

s(q) = [(f(q) - Xd)T: (Zh)TT ployed the Newton-Raphson method for solv-
and ing the equations, and the Jacobian of the

manipulator was found by the central differ-G(q) = [11(q) : [d(Zh)/d(q)l 'I ence formula.' In addition, the single inverse
where J(q) is the Jacobian of the manipulator was ascertained by taking the initial condition
and d is the differential operator. 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 ' ropsrfitilvh, So that"

he performance criterion optimized for the the maximum reach was 1.0m.3-DOF planar manipulator was the manipula-
bility index, defined as The result of this training is shown in Exhibit

H = V IT (51 4. Exhibit 4a shows that the error begins to
increase as the manipulator moves nearer towhere I is the Jacobian of the manipulator. the singularity. In this case, singularity occurs
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Exhibit 4. Results of a Neural Network Trained to Give a Manipulability

index Optimtized Solution for a 3-DOF Planar Manipulator

0.7 3

00

0O 000 5

0 
2

0 ** 0 V

X 0

00 00 0 8
0 00

C . .'

0. * 0.0 - 0 1

0 2 3
0.0 X-axis 0.9 01-deslred (radians)

* -0.2

0
V ~0.4 C

cc 0.6 0
y-2-8

moo 
-0.8

-3 - -1.0
-3 -2 -1 0 -1.0 -0.8 -0.6 -0.4 -0.2 -0.0

02-desired (radians) 03-desired (radians)

Note:
a shows the error in end-effector positor'r' at 'he center of the circle and the magnitude is depicted ty the
diameter of the circles b through d sno 'r'e 'eiationsnip erween the desired joint angles and those given by
the neural networK.

at 02 03 = 0 radians and i tirrespunds to a description of the number of operations re-
circle of radius of im armtind the point of quiied for the iterati'.e method and the solution
origin in the Cartesian sp~i( e E\hibits 4b given by the neural network. It was found
through 4d show the desire-d Iml vAlus and that, on the a% erag e. the iterati'ke method alone
UlhbU gi el j ile lujal io ) %rk 'Fiile Vurdi with random inijtial guess required 12 itera-
network learned the solution tfirk %%ell tions to give the solution, whereas the iterative
When the neural network solutioln %as couupled mnethod that used the solution given by theIwith Newton-Raphson itcrati%. proiledlre7. it tiral network as the initial guess required.
resulted in nearly a five-fold inu.rease in Loin- on the average, only two iterations. This in-
putational efficiency. Exhibit 5 ga'~es a detailed format~on is taken into account in the last t-,o
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I Exhibit 5. Number of Operations Required for the 3-DOF
Manipulator Solution

Iterative

Methods Method MFN
Random Solution

One Initial as Initial
Constant Iteration Neural Net Guess Guess

Operations (a) (b) Solution (A "12B) (A" 2B -C)

A B C D E

Assignment 27 419 434 5055 1299
Statements

Stutue - 61 193 732 315Structured

Statements

Multiplications 15 885 219 10275 1944

Additions 16 787 242 9460 1832

Function 13 34 30 421 111
I Calls I

Total 71 2156 1118 G ( H

Note:
MFN Muhtilayered feed-forward networx

columns of Exhibit 5 so that the corresponding results are simplified because the manipulator

numbers in the last row give an indication has a closed-form solution. PUMA has eight

of the difference in time required for the final solutions for a given position and o. 'ntation.

solution using both the conventional method which are signified by rgh shoujder or 'eft

and the neural network augmented iteratie shoulder, above elbow or be,ot ebo,*v, and .c
method. , rst or down wrist.

rhe training data used in this case corresponds
Example 2: PUMA 560 robotic to a eft arm, below elbow and up wrnst configu-
arm positioning ration In the simulations. the joint limits used

The PUMA 560 consists of 6 revoik i loints !,r the ,i\th joint were - 180 degrees and

(This is a 6-DOF robot.) The first three 1( iits. -180 degrees, instead of -260 degrees and

which correspond to the waist, shoulder. and - 260 degrees.

elbow motions, contribute mainl\ to position- As mentioned in the previous section. there
ing the end-effector. The last three loints (or- ima be more than one disjoint region in which

I respond to the wrist motion and conltribute tb- solution for a particular configuration lies.
mainiy to orienting the end-effecto, ihe in tue case of PUMA 560 % ll ihU Willbidel d

PUMA 560 parameters were taken from Ro- i.onfiguration, the values for joint number 6
botics, Control, Sensing, Vision. and Intelh- lie in two disjoint regions. One corresponds to
gence.0 These parameters are given in Exhibit the rv,4ill between - rr/2 and -r, and the
6. This manipulator was chosen for its ease- other corresponds to the region between ir/2
of-use. Generation of data and verification of and T. These need to be trained separately or
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Exhibit 6. PUMA Robot Arm Link Coordinate Parameters

, Lower Upper
a, d, Limit Limit

Joint I Variable (degrees) (degrees) (mm) (mm) (degrees) (degrees)
1 6, 90 -90 0 0 -160 160
2 62 0 0 431 8 14909 -225 45
3 03  90 90 -2032 0 -45 225
4 04 0 -90 0 433.07 -110 170
5 05 0 90 0 0 -100 100
6 06 0 0 0 56.25 -266 266

else combined by transforming these two re- randomly between a fraction of Joint limits to
gions by iTr and - -r. respectively. In this case, the iterative method alone for 100 samples
they were combined so that the two regions that corresponded to each fraction. The average
lie in the first and the fourth quadrant instead number of iterations for the 100 samples pre-
of the third and second quadrants and then sented for each fraction of perturbation of this
trained with a single network. informed Newton-Raphson method (INRM) is
The network in this case consisted of six input plotted in Exhibit 8. For these same samples,
nodes, one output node each for the six joints requiring the positioning and orientating of

and two hidden layers for each joint consisting the end-effector, the guess given by the neural
of 32 nodes in the first laver and eight nodes network was also presented to the i'erative

in the second layer. The standard back-propa- method as the initial guess. The corresponding
gation algorithm was used with the learning average of the 100 samples for the solution to
rate of 0.1 and the momentum term of 0.2. the initial guess provided by the neural net-
The training was done for 138 presentations work is also included in this exhibit. The
of the 800-sample data set. average number of iterations for the neural

network method corresponds to less than 20%
The average error and the standard deviation perturbation with respect to the joint limitsIof the error in the solution given by the neural a,'ound the actual solution for the INRLM. In
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 Exhibit 8. Comparison of the Neural Network
with joints 1 to 3. Hybrid Method with the Informed
To compare the results of a random initial Newton-Raphson Method
guess to the initial guess provided by the
neural network, the initial guess was presented 30 A1e f
as the actual solution uniformly perturbed 2 Average Neural Not

Exhibit 7. Statistics of the Neural 20
Network's Solution --

Joint F-Error in Degrees
Joint Standard I 10,, ^.. .... - - -,..., = o "I. F -

1 406 13428 5
2 -016 30492
3 564 11 52 0

4 3.66 61 236 CO 01 02 03 04 05 06 07 08 09 10
5 -370 24912
6 -6 02 36 828 Per Unit of Joint Limits
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I Exhibit 9. Conparison of the Neural Hybrid consistency. Moreover, the time taken by the
Method with the Fixed Estimate neural network equals two time units of the
Newton-Paphson Method, iterative procedure, which is less than 10% of
for 100 Samples the time required to get the solution by theF No of Iterations fixed estimator method.

Ae StandardMethod age Deviation Exhibit 10 shows the comparison plots for
two cases indicating the sequence of Newton-

Proposed 996 1295 Raphson iterations for the fixed initial guess.
Newton. 21.09 18.90 and the guess given by the neural network.
Raphson Here. the error along the ordinate axis corre-

sponds to the norm of the error, defined as:

Errot = -' Ef - E; + E62

simulations, equation D in the Definitions where E is the difference between the desired
section was solved by the Gaussian elimination and the actual values, and the subscripts mldi-
method and partial pivoting. The maximum cate the variable for which this difference is
number of iterations allowed for the il 'rative taken. Exhibit 11 shows the initial guesses by
method was 100. The iterative met',d was the fixed estimator and the neural network
successfully terminated when the nci n of the corresponding to Exhibits 10a and lob respec-
difference between the desired and a-tual tibelv. Also, these tables show the actual de-
end-effector position and orientation was less sired solution and the number of iterations
than 1.OE-4. taken for each ot the two types of initial

Next, the neural hybrid method was evaluated guesses. The allowed end-effector position
by giving a fixed estimate to the iterative pro- and orientation error in this case was 1.OE-7.
cedure. This fixed estimate was taken as:
0, = 0. 0, = 0, 03 = 7r/4,.6., = 0, 05 = -,/"' Conclusion

Iand 0. = 0, which is a configuration corre- Nua ewrswr rndt er hNeural networks weetra~ned t er h

sponding the one on which the neural net- inverse kinematic problem of a manipulabilitywork was trained. The average and standard optimized solution of a 3-DOF robot and a
deviation for the number of iterations for the o-DOF robotand a

proposed method and the fixed estimator, in a works were able to arn the transformations
run of 100 data points, are given in Exhibit 9. fairly well and results using untrained data

The neural hybrid method achieves more than indicated that the neural networks are able to
a twofold efficiency in computing with more generalize these transformations.

3 Exhibit 10. Sequence of Newton-Raphsvi Iterations for the
Neural Network's Guess and the fixed Initial Guess

7 NNRM 7- - NNNRM

15 6

o I IIA, I IJ li....'3 3

0 246 8 10 12 14 16 18 2022 24 26 0 1 2 3 4 5 6 7 8 9 10
Iterations Iterations

a Case 1. For 26 Iterations b Case 2. For 10 Iterations
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Exhibit 11. Initial Guess and Solution the training time, and the accuracy of the
Corresponding to Examples solution given by the neural network. The
Displayed in Exhibit 10 training time is decreased with a decrease in

the size of the network at the expense of theFixed Initial Initial Guessacucyothsotin
Estiate y NNaccuracy of the solution.

Estimate by NN
(26 iterations) (6 Iterations) Solution Where otherwise the number of iterations may

Joint-1 000 105.50 89 02 be unacceptable for real-time operation. an
Joint-2 000 2474 682 initial good guess given by the neural network
Joint-3 4500 63 46 54 19
Joint-4 000 -7 17 37 72 cuts the number of iterations to only a very
Joint-5 45 00 56 48 45 21 few, which allows a better operation of the
Joint-6 000 17032 17346 manipulator. In such cases, minimal process-

Case 1 ing is required within each control cycle.
and real-time control performance

Fixed Initial Initial Guess improves. A
Estimate by NN

(10 Iterations) (8 Iterations) Solution
Joint-1 000 -43.25 - 12 76
Joint-2 000 -4057 -61 26 Notes
Joint-3 45 00 69 54 82.56 I K S Fu. R.C Gonzalez. and C S G. Lee. Robotics Control.
Jotmb4 0.00 - 1237 -85.25 Sensing. Vis'o and Intelligence (New York McGraw.Hill.
Joint-5 45 00 - 58 34 -82 76 1987) and R Paul. Robot Manipulators Mathematics. Pro-
Joint-6 000 16080 11335 .ramming. and Control (Cambridgp MA MIT Press. 19811

2 B Benhabib. A A Goldenberg. and R G Fenton. 'A SolutionCase 2 to the ln~erse Kinem, l.c of Redundant Manipulators. lournal

,t Robotic Systems 2. no 4 11985). pp 373-385
1D E Whitnev, The Mathematics of Courdinated Control ofProsthetic Arms and Manipulators. Transactions of the
ASME Journal of Dynamic Ststem. Measurement and Control

With the increase in the complexity of the 94 no 4 (19721 pp 303-309. and Tsuneo Yoshikawa. Ma-

mpulablitv ,,: Robotic Mecha-ms." International ournal oftransformation. which occurs with the increase Robotics I'earch iSummer I pp 3-9in the number of DOFs. the size of the network 4 D E Rumelhart I L \kClelland. and the PDP Research uroup

needs to be increased. This means that the Parallel Dstr ' ited Processing Esplorations in the \licro.
,tru( ure of ( ,ton I and 2 Cambridge %IA MIT Pressnumber of hidden nodes must be increased. i986i and F nzalez. and Lee

But an increase in the number of nodes by 5 r Shamir ank % omdin Repeatabilitv o! Redundant

one increases the number of weights by tie Manipulators Mathematical Solution ot the Pronlem E
Transactions on Automatic ,,ntroi 3 N\oinber 1988,

sum of the nodes in the two adjacent layers. pp 1004-o009
Therefore, the training time per iteration cycle t) z 5imad, Fast 5 lutriv to the i er.e .. itic Pr41.n in
of training increases, and so does the overall lobotics Vi kfultibi.rfcl Foedt,,rlard \,,tiwro.\l thwis

Drexel l' i er,,t\ l~n,' 1 18l
training time required to train the network. -Mmat

Therefore, for larger manipulators the training % \ ,i it and B A thuberrna kn lmr , ,; rhr,- [v.,f
time mar increase exponenttallv Ba( K Propagation \,,'im t r.' " , - '1 ' , , ,.r

, e on \eurai .,,, \ rk l 'i 
"

111 pp t
, 

1-,4 1

The proposed li\brid method. which takes the ' (Aiang, A( 1,-14i rm . - ,r: l , ,, n K m, r ,. ',
solution given by the trained neural net% ork t Robot Manipulators , tK Redunii,,a i t' ' lb ,r, r

as an initial guess to an iteratl ie procedure R and Aitnirition RA 3 (1, "48-a pp Ii i

(Newton-Raphson in this ae. i otnbines the to Ftu, Gonzalez and Lee
I I Craig lntrodui lion to ltl, \tef thiiro Cotroladvantages of the neural rlet%\ork and Iterative 11 Cratiln h'es , e ,, r

methods: the neural net\%ork is independent 12 Craig
of the type of manipulator and simple to
implement. Only forward kinmatics is re-
utU LUtL 111) u Q1tU i Releren, es

results in a fivefold increase In ( Itnputational Gohtenberg, A A Benhabib 8 and Fultor R G - (nmpl.te

efficiency for a 3-DOF planr niipt.ilat or Generalized Solutin t. the ineroe Kaivinan, s ot Robotic I bE

and a twofold increase for the t M.A 560 (6- ,_,,nal ot Robotics and Automation RA I March l9 p
DOF) robot. The decrease .nI ( 11putational .i...z A .and Ahmad Z Solution to the In'.erse kinematics
efficiency foi the 6-DOF ,Lise is due to tihe Problem in Roboti s b% Neural Networks IEEE International3 trade-off between the size ot the net\ ork and Conlerence ,n %eural .etisurks 11 July tY881 pp biT-624
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5 Neurocontroller Design Via Supervised and

Unsupervised Learning

5 ALLON GUEZ and JOHN SELINSKY
ECE Department Dreel Universit. Philadelphia. P4 19104. US A

(Received: 3 May 1989)

Abstract. In this paper we study the role of supervised and unsupervised neural learning schemes in the
adaptive control of nonlinear dynamic systems. We suggest and demonstrate that the teacher s knowledge
in the supervised learning mode includes a-pron plant sturctural knowledge which may be employed in
the design of exploratory schedules during learning that results in an unsupervised learning scheme. Wke
further demonstrate that neurocontrollers may realize both linear and nonlinear control las that are given
explicitly in an automated teacher or implicitly through a human operator and that their robustness, may
be superior to that of a model based controller Examples of both learning schemes are provided in the
adaptive control of robot manipulators and a cart-pole system

Key words Nonlinear control. neurocomputi ig, global linearization, supervised learning. unsupervised
learning, robot control. manual tracking.

3 1. Introduction

The recent revival in neuroengineering research, which started in 1982, has focused
mainly tn 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 suggcst that they may be good candidates
for implementing real-time adaptive controllers for large-scale nonlinear 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) archi-
tectures and the'Widrow-Hoff (LMS) algorithm to provide a 'bang-bang" (control
where the applied force is 'onstant in the + or - direction) type of control through

duplication ,.f a known switching surface, for the linearized dynamics of a cart-pole
system Bart,. Anderson and Sutton (1983) developed the ASE (Adaptic Search
Element) to perform unsupervised learning and "bang-bang' control of a cart-pole

system The d. nar ics vcre assumed to be totally unknown. Psaltis. Sideris and
Yamamura (1987) proposcd Asing the Back Error Propagation algorithm (BEP) (see
Rumelhart et al (1986)) and 'specialized learning' to reduce the total error of the
controlled process in specific regions of interest Kawato. Furukava and Suiuki

-i

I
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(1987) used the LMS algorithm 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-pnori knowledge of the plant
dynamics is always available. We expect that utilizing the a-priori knowledge in the
learning 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.I
2. Unsupervised Learning of Control

I 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 controller already capable
of controlling the system (see Psaltis et al; 1987; Widrow, 1987; Guez and Selinsky.
1988). This is 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 (he 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.

I 2 1 ROBOT DYNAMICS

For a robotic manipulator consisting of an open kinematic chain of rigid links the
dynamics can be described by

I(q. t)q(t) + H(q, j , t) + B4l(t) + G(q, t) = T(t). (I)

Ut

U
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where q(t) = the n x I vector of joint linear or angular positions,

4 (t) = the n x I vector of joint linear or angular velocities,
4(t = the n x I vector of joint linear or angular accelerations.

I(q, t) = the n x n matrix of terms related to inertial forces.
H(q, q, t) = the n x I vector of terms related to centripetal and coriolis forces.

B = the n x n diagonal matrix of viscous friction terms.

G(q, t) = the n x I vectt, of terms related to gravitational forces.
T(t) = the n x I 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 Linearizing 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 I. 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.

Transformed System
Robot

UU
he I Block diagram of transformed system

I
I
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The FLDT for an n degree of freedom (DOF) manipulator can be formed as
follows. The dynamic equations (I) may be rewritten in the form

4(t) = I(q, t)-'[T(t) - W(q, 4, t) - G(q. t)], (2)

3 where

WV(q. 4, t) = H(q. 4, t) + B4(t). (3)

I The control law is

T(t)= W(q, 4, t) + G(q, t) + I(q, t)(kpe + k,. + AO(t)). (4)

I where e qd(t) - q(t).
Here, qj(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 describedII by

,b e) = kpe + k + (t)()

which, when k. and k, 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

knoiwledge of the number of degrees of freedom and the assumption that the
manipulator 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 suitable 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£I manipulator. During initial purely learning phase and whene~er the manipulator is
not needed for production. we will generate appropriate exploratory schedules to
isolate and identify the nonlinear compensation terms. During the pure. learning
phse. the dcsired traiectory for the manipulator is provided by the exploratory
,.hedtile 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.

U
I
I
I



SUPERVISED AND UNSUPERVISED NEURAL LEARNING 311

U~ser
Path Planuer

, qtqt 1(q) e T Robot q,q
+ eedback o"" Contrl+

Select -r l oi

Exploritr Schedule [and
- Exploratory Schedule

01 Planner

!ll -

If

(b)

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), Wo(q, 4') and Io(q) be the outputs of the G(q), W(q. 4) and
l(q) compensation networks, respectively. After receiving the desired trajectory, the
control that is to be applied to the robot is calculated using the feedback L '

from the linear controller and the control from the learned nonlinear comper"'"
terms. The network first learns the G(q) compensation terms. Then th
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. i = i/ = 0. Then from ( I ) it can
be seen that

T = G(q). (6)

The applied torque at steady state can be used to learn the G(q) compensation
network. Learning of the W(q. 4) compensation terms is performed during the
velocity control phases of the trajectory. To isolate the W(q. il) terms. notice that at
q = constant./i = 0 and

T W(q. 4) + G (q). (7)

I
I
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But G(q) has already been identified and is available as GO(q). so that we may isolate
W(q, 4) to be used in learning. The inertia related terms 1(q) may be continuously

evaluated using the a-priori known relationship (see Slotine and Li. 1987)

dI(q, tO/dt =Hm(q, 4) + H~(q, 4 )", (8)I where Hm,(q. 4) is an.n x n matrix such that in (1) H(q. 4)=H,(q. 4j)4.
After sufficient learning time, the dynamic equations of the manipulator are known.

A controller of the form

T = 0(kpe + k, + 4d) + W0(q, 4) + G0(q) (9)

select functons, tin appropriate NN sl~uclure,
and set initial veight vs1ua for the 4th layer

5get q, 4 1,4,fromPP or ESP

apply contcol

T - Tnttworks + ftak

Iewaepaeo hetjcoywn

noIe
I0

1mnWq,4 term

evaluate merna. Vrns

rig. 3. Flowchart of unsupervised learning algc~rthm.
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may then be employed and the resulting system is equivalent to
4 = ke + k, + 4d. (10)

Note that this process does not resuppose the existence of an omnipotent controllerj 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 notimplemented. Only the exploratory schedule planner for the purely learning phase was

used. Also, in this example we assume the presence of a suitable joint acceleration5 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 di, d., and mass 1n, in,.
The mass of each link is assumed to be concentrated at the end of the link.

The dynamic equations for this manipulator are

T, = I,,., + I.2 + H1(20 1 ,, + 2) + b, + G,, (l)

7, = 11201 + k'202 - H10 + b, + G, (12)
where II = (in, +- m)d, + m,d,. + 21ndld, cos (0 ), (13)

112 = n.[d + did., cos (0.)I, (14)
=I = ,, (15)

H, = - m.,dd, sin (0.), (16)

G, = (in, + m2)gd, sin (01) + in gd, sin (01 + 02), (17)
G, = mgd sin (01 + 02), (18)

* 01

5X TZ 02

II: g. 4. Two degrees of freedom planar manipulator,
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which may be rewritten to provide general forms of linearly separable nonlinear

3 subsystems as

7", = wV, 1  + W1, cos (02)01 + W,,0 2 + wN cos (02)02 +

+ WI sin (0:)01,(_ + ;V6 sin (02)02 + IV7 , +

+ Wis sin (02) + W9 sin (0, + 0.,). (19)

7', W 1 1 + ,cos (02) 1 + M302 + PK,,sin (02,0- +
+ W+5:32 + P 6 sin (01 + 02). (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

in, = in, = 10.0kg, d = d .0m, b, = b, = 5.0kgfs.

are

IW, = 30.0, W, = 20.0, W13 = 10.0. W1, = 10.0.

Ws = -20.0, W6 = -10.0, W17 = 5.0, W8 = 196.2.

Wi9 = 98.1. WI = 10.0. W..- 10.0, W, = 10.0,

= 10.0. W, S = 5.0, W6 = 98.1.

I The final weights arrived at by application of the learning algorithm are

, = 29.51, W, = 19.28, W 3 = 9.79, W 4 = 9.47,3 j, = -19.28, W6 = -9.97, W = 4.61. Wis = 196.19,

Wg= 98.10, W, = 10.06. ,, = 10.20, W = 10.12.

i = 10.22, W,5 = 5.01 W.,6 = 98.0.

In total. 240 390 iterations of the LMS algorithm were used for taining. In determin-
ing G(q). 300 presentations of a 115 example training set was needed. Identification
of W(q) 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(0. 0) are added to the linear controller

T = K,(O - O) + KX(! - 0j) + C(O. N)
T I

U

I
I
I

K _i
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Fig. S. Controller with C(0. 0) = 0.

where K,, Kare 2 x 2 diagonal matrices with elementsk -- 400.0. =r, 100.0 and
k,., = 40.0. k,, = 20.0, respectively. The figures show the desired angular position
(0,). desired angular velocity (.;), actual angular position (0) and actual angular
velocity (,0) 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(O. b) 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(0, 0) = Go(0), where Go(O) is the output of the G(0)

I, compensation network. Figure 7 shows the performance of the controller when the

I
I
I
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time (sec)5Fig. 6. Controller with C(0. 0) = G0(0).

gravitational. centripetal, Coriollis and viscous friction compensation term is
C(0. 1) = W(0. 0) + GO(0), where W0(0. 0) is the output or theI W(0, 0) compensation network. Figure 8 depicts the performance or the con-
troller wher, all compensation terms have been found and applied. The controller5 is now

T = I0 (k, (0 -0,1) + kO- 0d)) + W (0. 0) + G (0),

3where I),(.) is the output of the I(.() compensation network and k,,, k,.,. A-,. and k,'
are as previously defined.
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Fig. 7. Controller with C(O, 0) = 14(0. ) + G)(O).

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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Fig. 8. Controller with full compensation

the SNC by providing examples of' the control commands (to 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 .tetwork 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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* Process SPc

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 tha 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

" -j(gsin 0 - cos 0), (21)

_ ,m(L sin 0.2 - +g sin 20)- fk + u

M + "?(1 - 3 cos2 0) (22)

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 = V. ,t. 0, 0]r. (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 I output. The activation of the input layer neurons are linear.
all others use a sigmoidal activation function.
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M I (kg) 0

inA.1 (kg)

f 5 (k/s)
g .aW-2

00

3 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 + I to - I
which is designated to be the normalized control signal u,. The normalized control
signal represents the signed fraction of the total force F (where F, is constant) that
is to be applied to the carts as the control signal u, in other words u = 1,. We note
that the inputs and outputs are continuously 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-pble 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 I 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

3 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 = 0 (see Kwakernaak and Sivan, 1972). The linearized dynamics
used to formulate the control law areI ,

XA = .. (,, - J]), (24)

S= (go - ). (25)

T

I
I
I
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Fig. II. Comparison of linear teacher and corresponding SNC.

The linear control law that was used as the teacher is

u = k, X + k,, + k3 0 + k 4 , (26)

where k, -: 11.01. k, = 19.68. k3 = 96.49 and k, = 35.57. The network was able to
learn the linear control law after 20000 iterations of the BEP algorithm. Figure II
compares the performance of the linear teacher with the corresponding linear trained

* SNC (LSNC).
: From the initial state Z = (2. 0, -0.2, 0). both the linear teacher and the LSNC

folilo 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.

5 3.3. SUPERVISED LEARNING WITH A NONLINEAR TEACHER

The linear teacher used in the previous section was derived by linearizing the cart-pole
system's dynamics about 0 = 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, - h,k, (27)

A+u (28)

5 where

3
h,= -gsin0, (29)

3
hi, = -Cos0, (30)

S= m (L sin 00' - I sin 20) -f", (31)

3 M + m 0 - " coS2 0). (32)

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

NlL2 [h, + k.(0 - 0,) + k,2  + c,(X - XA) + c:k] - (33)

with k, = 25. k, = 10, c, = l and c, =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 learn and generate
stable control from the nonlinear teacher.

I,

Il
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* 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

U
U

I
I
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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 (0 in radians). the position of the cart (X in meters)

and the normalized control signal (us) as a trained HSNC stabilizes the system from

the initial state Z = (2, 0, -0.4. 0)r .

Figure 13 demonstrates that the HSNC was able to learn to generate stable control3 from the examples of the humans response.
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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 ofthe human transfer function

GUw)h=man = e"Thman, (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 aspects3of 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 !f 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

m

I
I
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Fig. 14. Results of training HSNC using filtered 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 thatI

]

I
I



SUPERVISED AND UNSUPERVISED NEURAL LEARNING 327

-0.5

0 10 20 30 40 so 60 70 so 90 100
tirm (see)

'I3

2

I 1

-2

0 10 20 30 40 50 60 70 80 90 100

tm (see)

1.5

1 .0

0.5IUn 0.0
-0.5

-1.5

0 10 20 30 40 so 60 70 80 90 100

tme (see)

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.

I VD

Comparison o ' Rolusines.'. ol HSNC and FLDT

We compare the sensitivity of the HSNC and FLDT controllers to parameter vari-

ations. Figures 20 ,, 24 show..s the an le of the pendtilim a each controller returns

I MM
I!
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the cart-pole system to the state space origin from the initial state Z = (1 5, 0. - 0.5.3 0 )r . 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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Fi[:g, 16. Comparison of performance of HSNC and FLDT. Z =(2. 0. -0.4. 0)' .
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r

3which are combined in a fourth layer and which allows selective attention to learn-
ing, has the potential to provide natural fault tolerance, robustnes. flexibility
of programming and high speed operation when implemented ii. 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

~1

I
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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
puarae ariaptis thantrodlel bas shontoemor robust with respect to
hua raned vaaptiontroll ase shontoereIWe cnldfrmthese results that neural networks using both supervised and
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TWO DEGREE OF FREEDOM NEUROCONTROLLER

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

In this paper we combine the simple technique for adaptive robot control proposed by
[Sar-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:Neurocontroi; 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 (t) = A(x)x(t) + B(x)u,it t I)

y(t) = C(x)x(t) + D(x)u(t) (2)

I with some degree or other of uncertainty, where xlt) Rn is the plant state vector, y(t) Rm is
the output vector, and u(t) Rm is the input commano vector, and where A(x). B(x), Ct,), and
D(x) are uniformly bounded matrices of corresponding dimensions.IThe proposed controller consists of a teacher model which incorporates the knowledge
regarding the desired input/output 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 t(t) = At(xt)xt(t) + Bt(xt)ut(t) (3)

yt(t) = Ct(xt)xt(t) + Dt(xt)ut(t) (4)

where xt(t) R nt is the state vector, yt(t) Rm is the output vector, and ut(t) Rm is the input
command vector, and where At(xt), Bt(xt), Ct(xt), and Dt(xt) are uniformly bounded
matrices of corresponding dimensions. It is emphasized that the dimension of the model is
unrestricted, except that dim(yt) = dim(y) = m.

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

I u(t) = K(t)f(ut, xt, y) (5)

where K(t) is the adaptive g-in matrix of appropriate dimension. Each Kij gain monitors the
sensitivity of the i-th control loop, namely ui, to the j-th feature of the system, namely fj(ut ,
xt, y) and may be viewed as the state of the ij-th neuron.

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



3 2

Kij(t) = Mij(t)' + Nij(t) (6)
M ij(t) = aij(yti - yi )fj (7)

dtI
d- Ni1(t) = "bijNij(t)+ giJ(Yti "Yi )f1  (8)

where aij, bij and gij 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 mere 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 between the User / Path Planner
and ES Generator as the originator of the desired trajectory (qd).

The neurocontroller implements the control law

I p

ii Y q r] +i e i =1,2, n (9)
j=l1...

where denotes the estimate of the robot parameters 0, and the Kdii 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 Kdi i are needed in (9). The results 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 fixedgains to get small tracking errors, one then also gets high noise amplification and possibly highcost of control even when not necessarily needed. An adaptive procedure for Kdii like in Bar-

I 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 er ) 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.

I

I
I

I
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Identification and
q d Linearization

Neurocontroller ROBOT

(following [2])

I Kd Adaptive Servo

3 Neurocontroller

(following [1])

Fig. 1: Two Degrees of Freedom NeuroControl!er.

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 Reult. It can be shown [Bar-Kana and Guez 1989-b] that global
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 aswell as global asymptotic identification of up to n robot parameters can be guaranteed with our2 DOF robot controller if

t rn (Rank (Y(q, q, qd, qd))] = P.
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'TWO-DEGREE-OF-FREEDOM ROBOT NEUROCONTROLLER
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ABSTRACT Let qd, qd, ' designate the desired trajectory. We define
This paper describes the performance of a two-degree-of-freedom ct) = q(t)-qd(t) the joint coordinate error, and following [ 3], we

(2 DOF) robot neurocontroller. The main theorem suggests that
global asymptotic stability is guaranteed despite the highly nonlinear define the virtual reference trajectory q, q, 'q, and the virtual

nature of the closed-loop dynamics. Examples demonstrating the trajectory velocity error s =
applicability of the neurocontroller are provided.

1. INTRODUCTION 
qe

The neuro. ontroller proposed here is based on a combination of where A is a positive definite matrix with constant coefficiLnts.
the architectures proposed in [1],[ 2], [31, and [41 and demonstrates
some useful features. In section 2 we describe the controller The neurocontroller provides the control command't = tNF+ tNs ,

architecture. Section 3 presents the main results. In section 4 we where tNs is the output of the servo neural net (NS) and "tNF is the
provide a two-links rigid manipulator example. output of the forward neural net (NF).

We choose the architecture of NF to implement the control law
£2. THlE ADAPTIVE CONTROLLERS p

The proposed 2 DOF neurocontroller is described in Figure 1 ... ATNF = Y ij(q,i , I t i rt- )Oj , i =1,2 ......... n (4)

A

N S where - denotes the estimate of E, and is implemented as a synaptic
TNS S E VO _weight in NF with the Slotine and Li [3] learning (adaptation) rule:

n

N) = -Y KIi ', ., i=1,2 ......... p. (5)
N F "N " i i

De sIr OR ARD Notice in equation (5), the similarity to the LMS learning rule
I 0(see Widrow and Stearn [5]) where the weight change is proportional

ResPons e CON0  UT U to the error e and the input features X. In equation (5) the input
features are the Yij(.) functions and the error is s,"

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

Figure 1. 2 DOF Neurocontroller the Yi)(q, ci, c,) functions.

We shall develop the neurocontroller and describe its performance The Yij(q, q, qr, j) are implemented by neural

for a rigid n DOF robot manipulator. The marhematicil notations and networks providing the opportunity to capture nonrigid

the underlying component algorithms follow closely the references dynamics effects when their number overestimates n.
[1)land[(3]. ,Yip
The robot dynamic model is assumed as follows:

D(q)4i + C(q )4 + G(q) = qt (!)

whereqD(q) is an n x n matrix of inertial terns, Yij

CQq,) is an n x n matrix of coriollis and centrifugal q I
G(q) is an n x I vector of gravitational tents,
q is an n x I vector of joint coordinates, q d P

is an n x I vector of forces/torqucs. Yil
n is the number of degrees of freedom. o ---

Equation (1) can also be expressed as

whr = D(q)'j + C(q,q) q + G(q) = Y(q,4, q,'') (2) p

where Y(q,j, ci,' is an nxp matrix of known fun,.tons and E is Figure 2: Neural implementation of NF.
an pxl vector of weighting constants (Slotine and Li [ 31). When (2)
is written in terms of the individual torques at ea%.h joint, it can be The servo neurocontroller NS implements the Bar-Kana
viewed as a single layer linear network, where the inputs to the adaptative rule [1), [2]
network are the Yij(.) and the weights are the Ej (Fig. 2). Notice

that the Yij() are transcendental algebraic functions of the Kd2j(t) = Kdli(t) + Kdpi~(t)
manipulators states that are a priori known and may be realized via )
feedforward neural networks that are trained offline with a suitable Kdtij(t) = oti ssT" P3iiKd ij(t)

learning algorithm.



Kdp..(t) = 4iss r  (8) k..g.: Let us select me positive cetinite quarat:c L*.Ut s= KdS function of the parameters s, G, Kdt

Notice that without the dynamic NS and without the neural V=l sTD(q)s + "i TkG + trace [F, 1(t)cC'tK(t)] (18)
implementation of the NF, the neurocontroller reduces to the adaptive 2 2
controller of Slotine and Li [3). For constant servo feedback
(constant Kd) they proved global stability. We shall extend their Using the fact that for rigid robots xT Ib - 2C]x=0 Vx, we
result and prove that global stability is maintained with our adaptive obtain after some manipulations [7)
servo (6)-(9), and with added benefit.

In [2) an unsupervised distributed parallel architecture is =-dlsl 2 - PTrce [KI(t)a'K Tt)] < 0 V s#, Kd1#0.
proposed for the adaptive control of nonlinear dynamic systems of di(
the class

I (t) = A(x)x(t) + B(x)u(t) (10) Therefore lim Ilsil = 0 implying q(t) - qd(t).

y(t) = C(x)x(t) + D(x)u(t) (11)

with some degree or other of uncertainty, where x(t)e Rn is the plant a)
state vector, y(t)r Rm is the output vector, and u(t)e Rm is the input y
command vector, and where A(x), B(x), C(x), and D(x) are eature
uniformly bounded matrices of corresponding dimensions. Yt

The controller proposed in [21 is shown in Figure 3 below: It Geeao
consists of a teacher model which incorporates the knowledge U t Neural u
regarding the desired input/output plant response.

NEURO
TACHER TR LR TrackingE rror

ut Eqs. Eqs. U P'ROCESS YI(12-13) (15-17) bI ............ ...u
REFERENCE CONTROL OUTPUT J \

Figure 3: Neurocontroller Proposed in (2).f. V 1

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

y(t) = At(xt)xt(t) + B(x,)ut(t (12) "1 V I -j j

y,(t) = A,(x,)x,(t) + D,(x,)u,(t) (13) j- th ii j
It is emphasized that the dimension of thc model is unrestricted, INeuron i3./ r

except that dim(y1) = dini(y) = mn. Iii
The parallel distributed adaptive controller (Fig. 4) receives the........

input 'features' vector f(u1, x,, y) and generates as an output the
process control vector u(t), where

u(t) = K(t)f(u,, x,, y) (14) Figure 4 Neurocontroller Architecture
where K(t) is the adaptive gain matrix of appropriate dimension. a) General Block Diagram b)ij-th Neuron Architecture.

Each Kij gain adjusts its value independently of. and simultaneously
with all other gains, according to: 4. ROBOTIC EXAMPLE

Ki)(t) = Mij(t) + Nij(t) We simulated the exact system as in [41 with our new controller.

M1V() a(yti - Yi )fj (16) The equations of motion are:
dMij(t) = oh ij(t)+yi, -Y i )fj (17) l = D 1t + DI22 + D(q 2 + 2t1q2) + Dld__ i(t) =. 3i 1Nij(t)+ %(yt1 " Yi f 2c17
dt 2 =- y )2f( + D1 2i 1  D i2 + D ,

where ai, Dij and yij are positive constants. Notice in equations (17) where

the similarity to the LMS learning rule (see Widrow and Steam 1 51) Li =IL2 = 1.0 m, m= :n2 = 10 kg, g=9.S1 ns,
where the weight change is proportional to the error c and the input D i = (m+ m)L -m2 L+ =+2m1  l cosq 2,

features X. in equation (17) the input featurcs a-c hc I, functions
art,. 'he error is y.i -yi. The P3-term in (17) is added to avoid D12 =m 2L + n2LiLzcosq2.

divergence of the integral adaptive gains in the presence of D22= m2L 2,
disturbances and uncertainties [11. D = - 2L 1t~sinq2,Dt=(mt+ M2)gLtsinq l+mzgL2sin(qt +q2),

3. 'MAIN RESULT D2 = m2gL,2sin(qt+ q2).
I iercxl: The dynamic system described by equations (I)-(9)

and represented in figure I provides global asymptotic tracking for all With the above numerical values, the plant parameters have the
positivea, 3, y, and for all twice differentiable trajectories qd(t). values G1=20, e2=10, 03=10, 84=196.2, E9s=9B i The

performance of the two-degree-of-freedom robotic control system is
! 9



a 1a

Cqd

II - - - II

0 -K d[? - , 'ii E I 1.

IMO 4.o w *1 a f.0 a301 R

n "

Fiue5 Adaptiv Serv Gis -()Aclrt - -n-c-eul-

id Cnrle Gand)1t)_dz0

I -

I

The- performance- of -the robotic control system with constant
represented in Figure 5 with identification cocm~ict:, K,1=0 00I .crvo- gains -is strongly- affected by-the selection of the constant

I 'I

and-with adaptation coefficients ct=100000. , O 1 I. /=loUO. Vi-e titrol gains-Kd~i. With- identification coefficients Kai-0.001
parameters -adjustment is only as good as :*-. tcking stem is and with-low gains-Kd~j_ 100., Kd22fl SO5.,-both the identification
affected. We do not introduce any peristant exiitxwn, that is usually and the-tracking errors-are-bad (6]. With high constant gains Kd11I =Used-to guarantee convergence of the parameters. ilowever. at idle 1000., Kd22 =-500,- the-results- improve and-are very similar to the

tims etwenproduction times, the robot catn exccute exploratory results presented-in Fig..5. -However, the servo gains remain always
schedules (4] in order to bring the identified parameters as close as iheeni they ar no edd
possible to the actual values. Afterwards, ;*-, rbot performs any hievnf yarnoned.Ude-sired-assignment, and then NF and NS work in mkem to exeuc We wanted -the- servo -gains-to drop when they are not needed

it.Fiure5ashows the acceleration procec,, Fi. gure 5b any- more, because we expected -the controller with-high gains to-be-
represents the desired qdj1 and th~e actual (11. a iwh at this scaling strongly effected -by disturbanc -es, even after the plant parameters are
appear to be identical. During this experiment %e kept qd. i ctually identified. Figure 6-shows-indeed that-the identification isI-Figure Sc represents the small tracking errors with a more ippropriaite rbydistu rbed- by -noise, -and- tracking -is bad-when high servo
scaling. Figure Sd shows the behavior of the adaptive gains-K 11it ' Kd1  lOO100.,_Kd 22  50 - are used with measurement
and 1C22(t). It can be seen how the adaptive gains mnove up-and-down disturbances- of 0.1 sin- 20t and-0.2sin30t, correspondingly. The
and maintain small tracking errors. They may even vanish, if they are surprize- came- when-the -adaptive- control gave also-similar (bad)
not needed any -more. results. This -resu'lt -can be- explained- by- the deterioration of the

identification due-to th-e d isturbance,-which introduces a noisy control
signal TNO the robot.

*1~.0



.AV

I-O
a -ro-

U - -i - /l - rVlV 'Vxl

I ]

T a

NNE

01

?C00 M ~ n ILO 18.0 40.0
Fig. 6. Constant Gains with disturbance: (a) Tracking Errors

el(t), c,(t); (b) AOl W, A(D2(t), A(P3(t); Wc A b4(t), A(D5(t);I 4I

therefore, we slowed the rate of identification to Ka..0o.l [2] 1. Bar-Kana and A. Guez, "Neuromorphic Adaptive Control,"
and the- results shown in figure 7 with adaptive scrvo gains show Proc. 28th Conference on Decision and Control, Tampa,
good dentification and reasonable tracking in spite of the unknown F3 .1.E lo ad .9 pp., "Aa739-1743.to Cntoldisturbance. The adaptive gains KII(t) and K,,tt) move up-and- (31 J. 3. E. Slotine and W. Li., "Adaptive Manipulator Control: A
down Case Study," IEEE Transactions on Automatic Control, Vol.winorder to-maintain small tracking errors. he system thus 33, No. 11, pp. 995-1003, 1988.combines a slow long-term memory wh:ch i not affected by . W. Slinsky and A. Guez, "The Role of Aprio Knowledge oftemporary disturbances, and a fast short ter'.. ;aptive controller to Plant Dynamics in Neurocontroller Design," Proc. 28th
overcome transients and uncertainties. If the :-turbance vanishes. Plnt Dya isin nrControle Desig, Proc. 289,the adaptive gains also eventually decrease or ,..unsh, and the control Conference on Decision and Contro, Tampa, Florida, 1989,
signal- will be-given almost entirely by the correctly identified pp. 1754-1758.
parameters. t1 B. Widrow and S. Steam, Adaptive Signal Processing, Prentice

Hall, 1985.
S. CONCLUSION [61. Bo,-Kana and A. Guez, "A Two Degree of Freedom Robot

A two-degrees-offreedom robot neilt.'rontroller provides Adaptive Controller," Proc. 1990 ACC, San Diego,Opportunities for noise filtering and di,,t,.-' . ce rejection 1not California.available with constant gain servo neurocontro,:er [7J 1. Bar-Kana and A. Guez, Two Degree of Freedom- Robot

Neorocontroller, Technical Report, Drexel University.
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We apply neural networks computing architecture to the solution of the

Inverse Kinematic Problem (IKP), and to the adaptive and learning on line

3 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.

I We also found that global asymptotic tracking and parameters closed loop

learning are attainable with neurocontrollers.

I
I
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ABSTRACT
This paper combines the simple technique for adaptive NEURO-

robot control proposed by Bar-Kana and Guez and the rEACHER ON'ROLLER PROCESS
e::ploratory lerning schedule proposed by Selinsky and Guez
into a unified two degrees of freedom (DOF) robot
controller, thereby improving the performance of both Ut Eqs Eqs. U y
approaches We first briefly summaize both approaches. -4) ()(2)
We then propose our new 2 DOF controller and explain ourmotivation for its design. Next we present the main theorem

I at.d conclude with a two-joints rigid manipulator example.

1INRDCINREFERENCE CONTROL OUTPUT

In this paper we combine the simple technique for
adaptive robot control proposed by Bar-Kana and Guez and Fig. 1: Neurocontroller Proposed by' Bar-Kana
th: exploratory learning schedule proposed by Selinsky and and Guez [1]
G .ez into a unified two degrees of freedom (DOF) robot
controller, thereby improving the performance of both
approaches. Both approaches are first summmarized in The parallel distributed adaptive controller receives the
Chapter 2. The new 2 DOF controller is presented and the input 'features' vector f(u, x,, y) and generates as an output
motivation for its design is explained in Chapter 3. Chapter 4 the process control vector u, where
presents the main theorem and Chapter 6 conclude with a u(t) = K(t)f(u, xt, y) -- (5)
two-joints rigid manipulator example.

2. THE ADAPTIVE CONTROLLERS where K(t) is the adaptive gain matrix of appropriate
In [I] an unsupervised distributed parallel computing dimension. Each Ki- gain monitors the sensitivity of the i-th

achiecture is proposed for the adaptive control of nonlinear control loop, namely um, to the j-th feature of the system,
dynamic systems of the class namely fj(ut, x,, y) and may be viewed as the state of the ij-

th neuron.
(t)=A(x)x(t) + B(x)u(t) (I) The Kij gain adjusts its value independently of, and

y(t) = C(x)x(t) + D(x)u(t) (2) simultaneously with all other gains, according to:

with some degree or other of uncertainty, where x(t)e Rn is K,.j(t) = M1 (t) + Nj(t) (6)
the plant state vector, y(t)e Rm is the output vector, and Mij(t) = o j(yq- Yi )j (7)
u(t)e Rm is the input command vector, and where A(x), d
B(x), C(x), and D(x) are uniformly bounded matrices of T N1j(t) "PijNtj(t)+ " -ij(y%" yj )fj (8)
corresponding dimensions.

The proposed controller is depicted in Fi z-= I below: It where c J., i. and yi are positive constant.c.,nsists of a teacher model which i"corporares the Bar-kan.a and Guez show that perfect regulation of the
k owledge regarding the desired i-p-.:'ojtput plant plant may be obtained in the purely deterministic case.
rt ;ponse as well as the repertoire of rcfere -ce co.,anmnds Notice however that, while reducing the amount of prior
t t the system mav be subiected to. knowledge required to guarantee stability of the adaptive

The teacher dynamic model is assumed "ae the systems, this simple adaptive controller does not take into
fc lowing representation: account any valid knowledge on the specific plant to be

controlled. No learning is used to improve performance in
xt(t) - At(x)xt(t) + Bt(x,)u1(t) (3) future trials or to make the control assignment easier. The

,.:,;,l ,tA,n,1Vt q.n ire nlwavq zero. as no better initial -
yt(t) = Ct(x)xt(t) + Dt(xt)ut(t) (4) value is availaole, ana aiso tne rango o Lit adaptive gains "

MA lere ;(t)e RN is the stite vector, y(t) c R c output may me unnecessarily large. Indeed the main purpose of this
, simplC algoris:n t-. rst of !! to reduce the necessaryv.:ctor, and ut(t)e R' is the input comr-.and vector, and condition to mere stabilizability.

%%here At(xt), Bt(xt), Ct(x,), and D,(x. !.e unitomly A general block diagram of the system proposed by
bounded matrices of corresponding d.::ensions. It is Selinsky and Guez (2] for a robot manipulator is shown in
emphasized that the dimension of the motel is u.restricted, 5gure 2. It consists of the Exploratory Schedule Generator,

except that dim(y ) = dim(y)_= m. .,eurocontroller and ass,.ciae.d ,T .ning A!;..r..., th-Tipeibs on research ........... : ........... Robot, and a mechanism which allows selecting between the
This paper is based on research supported in -,a..rt byAFOSR User/ Path Planner and ES Generator as the originator of the
Grant No. 890010 and by Drexel Ur'iversity's Stein desied trajectory (qd).
Fellowship Foundation.



,Notice in equation (13) the similarity to the LMS learningIUser rule (see Widrow and Steam ( 4]) where the weight change
peth pkz r L Le Unrz is proportional to the error e and the input features X. In

se A i equation (13) the input features are the Yij(.) fufctions and-. ,, - -Fthe error is r, •

qIR0o. q Figure 3 shows the internal structure of the

orollr obot neurocontroller for joint i. Each feedforward network
module is trained to provide one of the Yii(qAArlr]
functions. This training can be done offline since

F Esthe Ytj[q,lr, r] functions are known a priori and
are the same for all rigid robots of the same

'em kinematics and number of degrees of freedom. The

Figure 2: Block diagram of the system proposed trajectories as required. The outputs of the neurocontroller
by Selinsky and Guez (21 are the control torques to be applied at each joint of the

The robot dynamic model is assumed as follows: 
manipulator.

I D (q) 4 C(q Ao4c + G Wq -T (9) yt) .,

whereq

D(q) is an n x n matrix of inertial terms,
C(q,4) is an n x n matrix of coriollis and .. _

centrifugal terms, qd
G(q) is an n x 1 vector of gravitational qterms,

q is an n x 1 vector of joint coordinates, qdIis an n x I vector of forces/torques,
n is the number of degrees of freedom.

Equation (9) can also be expressed as K r

D(q)4 + C(q,4)4 + G(q) = Y(q, 4,4h )0 (10) Figure 3: Neurocontroller structure for joint i.
where Y(qAAhi) is an n x p matrix of known functions
and 0 is an p x I vector of weighting constants (see Slotine The main result in (2] is that If p < n, and if

and Li[ 33).When (10) is written in termsothinvduloresa Ran Yd d,4Id,Qd

each joint, it can be viewed as a single layer linear network, Rank lrt-> q = p

where the inputs to the network are the Yij(.) and the t
weights are the 0- (See Figure 3). then the controller (eq. (12), (13)) guarantees global

Note that the Yii(,) are transcendental algebraic functions asymptotic tracking of the desired trajectory and

of the manipulators states that are a priori known and may be identification of the weights.realized via feedforward neural networks that are trained

offline with a suitable learning algorithm. 3. THE TWO DEGREE OF FREEDOM ADAPTIVE

Let qd, 4 d designate the desired trajectory. Selinsky and COnTROLLER
FollowingLi3 terlGuez indeed use learning in the adaptation

S o l process. Their exploratory schedules also guarantee that
trajectory q, qr, and the virtual trajectory velocity error a along with tracking, the unknown plant parameters are

finally identified. Yet, in order to get satisfctory results for
lr =q -Ae, qrqd"A, -= tt- +Ae(ll) both tracking and learning, the supplementary gains Kdii are

needed in (12). The results of both tracking and learning are
where e(t] = q(t]-qdlt is the joint coordinate error, and A is a strongly affected by the right selection of these parameters
positive defimte matrix with constant coefficients. (3), and in practice the' are fixed by trial and error

The output of the neurocontroller implements the control procedures. Furthermore, if one selects high fixed gains to
- law get small tracking errors, one then also gets high noise

amplification and possibly high cost of control even when
p not necessarily needed. An adaptive procedure for Kdii like

i Y[, q + KdU an, i =1,2,..,n (12) in Bar-Kana and Guez, will fix the gains as a function of the"

where denotes the estimate of 0. and the Kd . are tracking error (in our case represented by o) tends to
consa1tweihtsforthesero prtinothcoolr. hicease, all"I decrease ".,, ft:vng thus the right
constant weights for the serv portion of the contrller control gains to the right situation.
Equation (12) has been shown to be asymptotically stable In this article we propose the 2 DOF controller shown in
S when the learning rule Fig. 4.

'Z -The robot dynamic model is given by equation (9), the
n identification and linearization neurocontroller algorithm is

I.j Yij[ , j = 1,2,.., p (13) given by equations (11), (12) and (13) and the adaptive
l i used,~ Iii servo neurocontroller algorithm has the form of equations

is used (Slotine and..3k. (5), (6),.(7) and (8) but for notation compatibility it is



mlef n,1 as M iin ~ i = . t ca beshow n (5] hat global asym ptotic
K _() =Kdl.(( + ipq~) (4) racingandidentification as in [2] still holds even for the 2

(15)accrdin toequation (14). That is, global isymptotic
Kdpi~t)okifeTtracingas ellas goba asmptticidentiication of up to n

K8.. t)-P;;ij~)+'~~i~____ (6)otraeers can be guaranteed with our 2 DOF robot

lmnr (Rank (Y(q~q. q)]P. (17)

4. ROBOTIC EXAMPLE
DOF controller as follows:

Identification
and

A 0 Linearization ROBOT
Neuracontrpoller

I (fnlnwino ?1) IGravityL1

K Adaptive ServoT2
(1 L

(following (1]m

Vig. 4: Two Degrees of Freedom Robot Fgr obeln aiuao

Controler Fiur 2 2 obeln aiuao

a)~

U1
- - c) -- d

e _1N Ad aptiv, K,

SAaptilleK

Figure 6. Fixed Gains: (a) AO (t), A0 2(t), A03(t); (b) A(D4(t) A05(t);

(c) Tracking Errors e Wt, e2(t); (d) Controller Gaini Kd,,, Kd22, Kd21(t), Kd22(t).



Figure 5 describes the double link system configuration. D22 n-l.,
The equations of modon are: D - -m+ZLtLzsinq +2

+ DI., ;DI,, ro+ m2)gLsinq+m gL~sin(qIl-2),It + "1'( 2JA D - mi2gL2sin(q1 + q2).

'T2-D 12 iI+ 2D2 - D4I +D2  and where g is gravity, cl andr 2 are torques at the first and

I where /econd joints, m, and m2 are masses, and LI and L2 are

Lt , L2 w 1.0 m, ml - mi - 10 kg, g-9.81 ms2, lengths of the first and second link correspondingly.

Dt (mt+ mDLI +m2Lt +2m2LItqcosq2,

D1 _ n,2L 2 + M2L1 L2COSq2.12 2, I0 b)
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(c) T::i. E.-ors e().'e2(t);(d) Trajectories qd,(t), qt(t),

(e) Trajectories q,(0, q,(t); (0 Controller Gains Kdii, Kd22. Kdi(t), Kd2 (t),



As already mentioned, the performance of the adaptive Figure 7a shows the identification error for the first three
ro tic control system is strongly affected by the selection of parameters, and figure 7b shows the error for the remaining
th constant control gains Kdii. Results of simulations parameters. It can be seen that all parameters are eventually
w i constant gains KdI = 100., Kd22 = SO., are shown in identified within 4b Sm. Figure 7c represents the tracking

errors, and in 7d and 7e we show the desired and the actual
Fi tire 6. Figure 6a shows the identification error for the trajectories, correspondingly. It can be seen that results of
fit t three parameters, figure 6b shows the error for the both identification and tracking are satisfactory. Figure 7f
re aining parameters, and figure 6c represents the tracking shows the constant gains Kdl 1 = 1000, Kd22  00 and the

ei"r rs. It can be seen that neither the parameters are very

w I Identified, nor the tracking is very good. In parallel with corresponding adaptive gains Kd11(t) and Kd22(t). It is

th closed-loop s:stem we compute (in open-loop) and show interesting to see that the adaptive gains reach similar values
in igure 6d, for illustration, the constart gains Kd11 = 100, with the "good" constant gains, in order to maintain small

K :2 a S), and thi corresponding adaptive gains KdI 1(t) and tracking errors.

K *2(t) that would result from these tracking errors. It canbt seen etvery large.e gaIn corresponding to such errors
that adaptive a'n s crepnin tosuloop, the Results of simulations with adaptive control gains in

w Ad be e can expect that in closed- closed-loop are shown in Figure 8. Figure 8a shows the
la ,er adaptive gains would actually reduce the tracking identification error for the first three parameters, and figure
er irs, 8b-shows the error for the remaining parameters. It can be

seen again that all parameters are eventually identified within

Results of simulatlons with a better selection of constant :E Sm. Figure 8c represents the small tracking errors, and
io0., I~ = S00., are shown in Figure 7. figure Sd shows the behavior of the adaptive gains K11(t)

g: A KdJ 100-1 d22and K2.2(t). It can be seen how the adaptive gain moves up-
and-down in order to maintain small tracking errors.

I ?

,t l.00 , C .m N,0

T "o a1 ) .

Ida gaa -. 1.X UU

Figure 8, Example: (a) At(t), 4As 2(t), A0 3(t); (b) AtI 4(t) C&5(t);

Ik (c) Tracking 'Er;0. s e -(t) C20); (d) Adaptive Controller Gains Kdti(t), Kd22(t)..
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S. CONCLUSION
This paper combines a simple technique for adaptive

robot control proposed and an exploratory learning schedule
into a unified two degrees of freedom (DOF) robot
controller, thereby improving the performance of both
approiches. The power of the new controller is tested with a
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"APPLICATION OF NEURAL NETWORKS TO ROBOTICS"

A. GUEZ
ECE DEPT., DREXEL UNIVERSITY

PHILADELPHIA, PA. 19004

We apply neural networks computing architecture to the solution of the

Inverse Kinematic Problem (IKP), and to the adaptive and learning on line

I control of robotic manipulators. Our resultt' e1couraging. 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

Drexel University, Philadelphia PA 19104

I
solution rmay diverge due to bad initial guess [31.

Abstract In a class of neural networks (NN) called Feedforward
A nonalgorithmic method is presented for the solution to Networks the processing elements, termed as nodes indicated by

the inverse kinematic problem of a robot. The method is robot circles in Fig. 1, are connected in layers through links, termed
independent and involves a hybrid approach, whereby a neural as weights indicated by arrows in Fig. I.
solution is augumented with an iterative procedure which
provides the final solution within some specified tolerance.
Essentially the neural solution is similar to a lookup table in

providing a good initial guess to a classical iterative search. It p*

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 M).

required to obtain the solution to the robotic manipulator. 
f

I Fig. I : Feedfoward Neural Network.

1. Introduction and Background The output of the node is a function of the inputs, which are
The inverse kinematic problem (IKP) deals with finding weighted outputs of the nodes of the previous layer, and the

the 'n' joint angle values 'q' of the robot that will position the threshold of the node. The learning takes place through the
end-effector in a desired position and orientation X' in the m' modification of the weights and the thresholds as specified by
dimensional workspace. This may be expressed as: the training algorithm that acts on the supplied input and output

q = fl(X) (1) data pairs as the training set. The trzining algorithm used in our
However, in general this solution is not unique. In many cases simulations is the Back Error Propagation (BEP) Algorithm
(e.g. redundant manipulators) there may result infinite number (12]. The nodes to which the input is applied are called as the
of solutions. In these cases, additional constraints (15] in terms input nodes and the nodes from whirh the output is taken are
of the allowed configurations or performance-function called as the output nodes. The remaining nodes are termed as

minimization are used to reduce the number of legitimate joint hidden nodes.
configurations or to single out a unique preferable one (see The solution to the IKP has been attempted by different
example 1 below). Therefore, where redundancy provides us approaches ,,y a number of researchers including
with more flexibility it also requires elaborate solution [2],[7],[8],[9],[l0]. Here we address the problems in

techniques which are time consuming and generally impractical. conventional methods and-suggest a combination of the neural

The conventional methods consist of closed form methods and retwork with a conventional method to aid in eradicating them.
iterative methods. These are either limited to only a class of Previous work by us in this direction employing neural
simple non-redundant robots or are time consuming and the 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

Work Patially supported by AFOSR grant 890100. manipulator.
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Fig. 2 Schematics of the proposed method employing the NN to provide the initial guess q0 to the iterative

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 0 L

empirical in nature. Then training data in the form of pairs of the L

end-effector position and orientation and the corresponding joint 0t L,

values is generated. This data is used for training the NN with 0
the- position and orientation vector as the input and the _ _ _ _

corresponding joint values as the desired output. After the x.am
training is completed the trained NN is coupled with the iterative Fig 3: A three DOF planar Manipulator

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 The performance criterion optimized for the 3-DOF
approximate solution based on the learned connection weights. planar manipulator was the "Manipulability Index" [15], defined
This approximate solution is taken as the initial guess by the as:
iterative method to give the final solution within the specified H =,rJ7 (2)
tolerance. We consider that the type of solution out of the finitelymany-solutions is pre-specified to us and therefore training of where J1 is the Jacobian of the manipulator. Solution of this
the NN is restricted to the set of examples that pertain to this manipulator was obtained by iteratively solving, by Newton-
specific solution only. Raphson method, the equations obtained by the procedure

outilined in reference [4].

The network for this case constituted of 2 inputs and 3
3. Examgles output nodes and two hidden layers, each containing 10 nodes.

The back error propagation (BEP) algorithm simulating a The network was trained on a data set giving the X-Y
three layer perceptron was employed to tackle the problems coordinates for the end-effector and the three joint angles that
described below. Continuous inputs and outputs were assumed. optimized the manipulability criterion. Single inverse in the
The nodes assumed the symmetric sigmoidal nonlinearity [13]. training set was ascertained by taking the initial condition as the
Parameters of the NN are as given in reference [1]. Training was current configuration for the arm solution to a subsequent nearby
terminated when it was seen that the errors were not improving. end-effector position.
A 3-DOF Planar Robot The result of this training is shown in Fig. 4. This figure

In a plane it is clear that, for the purpose of positioning shows the positioning error in the cylindrical coordinate
only, two DOF arc sufficient. Therefore, a 3-DOF planar workspace. It is seen that the error begins to increase as the
manipulator, for this purpose, has one redundant DOF, see Fig. manipulator moves nearer to the singularity. In this case
(3). This extra DOF introduccs a problem of infinitely many singularity occurs at 0, = 03 = 0 radians.
joint configurations resulting in the same end-effector position. When the NN solution was coupled with the Newton-
This problem can be resolved by adding an additional Raphson iterative procedure, with a tolerance of 10.6 meter in
independent constraint to be fulfilled in addition to the the end-effector positioning, it resulted in nearly a 2-fold
positioning of the end-effector. increase in computational efficiency. Table I gives a comparison
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Table 1: Comoncofthe pooe solutionwith the Fixed initial guess Newton
0,30 Raphson Method. for a 3.DOF
0.2s manipulator. The data corresponds to0100 Sampleg.

Ini"al guess for Number of Iterations
1.0o5 S Newton.Raphson Standard

000 Method Average Deviation

Neural solution 2.93 0.381
0010Fixed 5.95 4.01

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
ositioningof the end.effector.

020 - No- &e 0.12 -

I ~-' NormFx0.16 -o- - 010O -_ NofmFix

~0.2 - - - .- 0.08

006Io08 - - _

000 . 0.004

0 1 2 3 4 S 6 0 1 2 3 4 5 6 7 8 9 101t1213

Itialiors Item ons

(a) (b)

Fig. 5: Iteration 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.U

between the number of iterations required for the iterative considered task. The subject was asked to move an object in free
method with fixed initial guess and the initial guess given by the space, in a plane parallel to the ground. Knowing the actual-

NN. The fixed initial guess was taken-as 01=00, 02 =900, distances between the joints the data set was filtered to achieve a

63=50. It-was found that, on the average, the iterative method 10.0% tolerance about the respective actual values. The data set

alone with-fixed initial guess required6.0 iterations to give the thus obtained contained only 43 words out of a total of 78

arm solution, whereas the iterative method that utilized the words. A NN similar to that for the 3-DOF case was trained on

solution given by the NN as the initial guess required on the this data set.

average 2.9 iterations. Moreover, the standard deviation of the Fig. 6(a) shows the plot of the error in the positioning of

number of iterations for the fixed initial guess is 10 times that for the hand resulting for the trained data set, while Fig. 6(b) shows

the NN initial guess. Fig. 5 shows the iteration sequences for the same for a different data set obtained separately from the data

the fixed initial guess and the initial guess given by the NN for set on which the network was trained. The diameter of the

two situations. Fig. 5(a) is one of the most typical situations. circles indicate the magnitude of error occured at their center.

From Fig 5(b) we see that sometimes the number of iterations The two figures have similar errors- indicating that the neural

may become large for the fixed initial guess network has generalized on the trained data set. Large errors

The Human Ami near X = 0.5 m are perhaps due to the singularity reasons or

Here we show an attempt to capture the criteria that a insufficient data near that region. Further, it was observed that

human being allegedly optimizes in, manipulating different the values for the elbow joint's were learned much better than

objects by training the NN by a data set corresponding to some those for the wrist joint and the shoulder joint.

specified task. Planar motion, parallel to the ground was the
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0.0 X-Axis 0 0.0 X-Axis 0.S

(a) Hand positioning error for the training (b) Hand positioning error for other than the
data. training data.

Fig.6: Results of single MFN tained 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 was taken as: 01 = 0, 02 = 0, e3 = Xt/4, 04 = 0, 05 = ic/4, and
total data gathered with 10% tolerance which indicates that the 06 = 0, which is a configuration corresponding to which the NN
precision of the training data may not be adequate. However, it was trained, as indicated in the beginning of this section. In the
is observed that the NN is able to generalize upon the training simulations the equations were solved by Gauss Elimination

data giving similar results for the untrained data to that of the method and partial pivoting. The maximum number of iterations
trained data implying that implicit performance indices can be allowed for the iterative method were 100. The iterative method
captured via NNs and perhaps identified via weight pruning and was successfully terminated when the norm of the difference
analysis. between the desired and actual end-effector position and
The PUMA 560 orientation was less than L.OE-4. The average and standard

The PUMA 560 parameters were taken from-[6], page deviation for the number of iterations for the proposed method
37. This manipulator, which is a 6-DOF robot, was chosen for and the Fixed Estimator, in a run of 100 data points is given in
ease of generation of data and verification of results since it has a Table 3. From this table we can see that the proposed method
closed form solution. PUMA 560 has eight solutions for a given achieves more than a two-fold efficiency in computing with
position and orientation signified by Right/Left - Shoulder, more consistency. Moreover, it was observed that the time taken
Above/Below - Elbow, and Up/Down - Wrist. In our by the NN equals two time units of the iterative procedure,
simulations the training data corresponds to: LEFT Arm, which amounts to less than 10% of the time required to get the
BELOW Elbow and UP Wrist configuration. In the simulations solution by the Fixed Estimator method.

the joint limits used for the 6th joint were -1800 to 1800 instead Fig. 7 shows the comparison plots for two cases

of -2660 to 2660. indicating the sequence of Newton Raphson iterations for the

The network in this case consisted of 6 input nodes, one fixed initial guess and the guess given by the NN. Here the error

output node each for the 6 joints and two hidden layers for each along the ordinate axis corresponds to the norm of the error,

joint consisting of 32 nodes in the first layer and 8 nodes in the defined as:

second layer. The average error and the standard deviation of the Error 2 (3)
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 where e is the difference between the desired and the actual

solution given by NNs is more scattered for Joints 4 to 6 as values and the subscripts indicate the variable for which this

compared with the joints I to 3. difference is taken. The allowed end-effector position and

Next, the proposed method was compared by giving a orientation error in this case was 10- 7 . These are typical cases

fixed estimate to the iterative procedure. This Fixed Estimate and we can see form these that the number of iterations required
for the proposed method has been decreased by two-fold.
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I Table 2' Statistics of the solution

given by the NN.

r iTable 3: Comparison of the proposed solution
J oi 1 DepSa with the Fixed initial guess Newton

# Aveage S '"Raphson Method. for PUMA-560
manipulator. The data corresponds to

1 4.06 13.428 100 Samples.

2 .0.16 30.492 Initial guess for Number of Iterations
-3 1.52 Newton.Raphson Standard
4 3.66 t.2 Method Average Deviation
4 3.66 61.236

S .3.70 24.912 Neural solution 9.96 17.95

S6 .6.02 36.828 Fixed 21.09 18.90

0 NNNFIA 

2 rt 
-

2.

I,--- _ I I I ..

0 0 2 3 4 5 j 7 a 9 O 0 1 2 3 4 5 6 7 a 9 so is
Iterations.r~in

Fig. 7 : Sequence of Newton Raphson iterations for the guess given by the NN and the fixed initial ruess.I
4. Discusion

The proposed hybrid method, which takes the solution However, when the NN is impiemented in hardware, after the

given by the trained NN as an initial guess to an iterative initial off-line training, the adaption of the weights and therefore
procedure (Newton-Raphson in our case) combines the the learning of the inverse kinematics can be continued on-line.
advantages of the NN and iterative methods, these being (1) This will continue to decrease the error of the solution given by
independent of the type of the manipulator, (2) simple to the NN. Therefore, the number of iterations required by the
implement. Only forward kinematics is required for this method iterative method would approach zero.
and, as shown by our simulations this combination results in an
increase in computational efficiency by 2-fold for a 3-DOF References
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I ADAPTIVE POLE PLACEMENT FOR NEUROCONTROL

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

Abstract: In this papei we deal with the study of a self organizing neural network architecture
called the Adaptive Resonance Theory (ART-H) [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 classification and learning. These attributes of the architecture are exploited
to train a network to dynamically identify iff 'e-ffic 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
-controlof 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).

i~s us. KM Y s)s))

Figure 1 Process block diagram

Plant transfer function-: Op (s) 2 s s (1)

bLt the reference inpue be a known periodc function
Reference inp.it: r(t)= r(t -0 , forallt>0 (2)
Find online, the Proportional and Derivative (PD) gains, (Kp, Kd) and the D.C. bias (C)

*_ (co, Figure 1), such that the control law give by equation (3),
Control law: u:Cr-.Kpy-Kdsy = C r-Gy (3)

will-result in the ideal closed loop transfer function
Y (S) K onI = -Ys) = K Go

I where, K*, I cn are reopectwely the desired D.C. gain, damping coefficient and the natural
frequency of the system.



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 desi'gn of
controllers for partially known processes is-adopted with the design procedure being divided into
two steps: iaentification and control (indirect adaptive control strategy) (Astrom &
Eyklioff, 1971].

I, I POLE _N iEURAL *. .EATUREpt PLACEbMT NIVOR F~u, ETRCO

K_ W ju 1 ia~tttrs; wttor

C LC~' t

5t Co 1 s 1 PLANTs=l- -ttr

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 thatthe 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
loop. It should -noted that although the plant-and the controller are linear thezprocess 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 process. 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
feature extractor, -the neural network and=-the pole placement algorithm. The purpose of the
identifier is-todetermine the plant parametersin-response to changes within-the plant enviror c.
The time response of the system is characterized-by its features orperformance indices w are
nonlinear functions of the system parametersThese include the rise time, the settl; ime,
overshoot and-the delay time of the response. A feature extractor incorporated in the co, Aol loop
determines the-performance indices associated-with the response to enable system identifiation 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 t,e 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_(l-)(2)-and (3) as follows:Y (S) Gp(S) US) Op(S) [ C R (S)- Gc (S)Y(S) (5)

0 (s) C Gp(s) CK, (6)Ro(s) (s) P(s) - s + (a + KK)-s + (P-+ KK)



multiplying and dividing the numerator by (P + K p),
CKn ( (P + K(Kp ) 1 (7)

G3 S F +KX)'' (a + Kfid) S+ (P + Kr),

In order to obtain the ideal transfer function, we set Go(S) = Go(S) which implies:

P(+K,#Kp) s+ (a+K=Kd)S+ ( P (8)

the new controller gains obtained from the above equations are then given by:
S n13  2(O)n .a K (+K,,'p) K )*

K'p- 0). K,, C P K% = -'

KmKm Km K-

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 emulator 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,%k hie 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)
to-ensure 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 bctveen 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 partition 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 network parameters-g 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:Ifi( x )ex where y=0.05
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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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£ ttTI EMULATORStt, ikU --- -tm OTO EXTRACTO Rrtspot 11 CONTROL

I LOOP-
frm "tul $stem

Figtre 3 Block diagram of network training module

Experimental Results : The time response of the system is obtained using a Runge-KuttaI 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, f3,
and Kin, 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:

0.1 :5;: 1.50, A; .0.10
0.5 55 0), 2.50, AW.,=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 theI standard test signals..The only available information to the-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 13o enable in the computation
of the desired damping and the desired natural frequency ofthe 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
tlie- square function and the square wave, it should be noted that feature extractionwas restricted toI 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.FiguresCc) and(d) depict the
time variation of the plant parameters during he identification process. Figures (e)-and (0 sLow the
ability of the proposed neurocontroller to modify an- overdamped and an underdamped system
response respectively, with the input being a unit step functionIt 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 system
identifier and the relocation of the overali closed loop-system poles by the pole placement module.
Figures (g) and (h) refer to the square input function. In Figures (i)-and (j) are:shown the output
responses of the plant when the square wave is imposed at the input. The-time .cale incorporated inI the simulaton is adaptive for the unit step input and-depends upon the duration-of the system
transient response.The sampling frequency selected is common to-both-the response sampling rateand the RK-4 differential equation solver. It 's well above the Nyquist frequency of the system.
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Conclusion-: A new approach for dynamic system identification has been attempted that involves
the application of aneural network architecture based on the Adaptive Resonance Theory. It hasIbeen-shown that it is possible to train the ART neural net offline (superised learning mode) to
identify the parameters of a system based upon attributes of its response to standard test signals. A
simple indirect adapdve 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 netvork is accurate within the
resolution of the training data, and its is possible to control a low order plant whose parameters areIeither unknown or are time 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

SummarX
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 dynamic3 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 Dinamics
The Lagrange-Euler formulation of rigid robot dynamics [1], has the form

Y[q,4,4, ql0 (1)
where Y[q,4, 4,q*]_is-an n x p time varying matrix of known and generally-nonlinear functions, 0 is
a p x 1 vector of constant parameters. z is an n x 1 vector of joint torques, q is an n x 1 vector of3joint coordinates, and n is the number of degrees of freedom.

Neurocontroller Design
When (1) is written in terms of 'he-individual torques at each joint, it can be viewed as asingle

-layer linear network, where the inputs to the network-are the Yij[.] and the weights are the 0j
-[2];(3]. The Yij[] are -transcende.;al- algebraic functions of the manipulators states and-may be
realized via feedforward neural re:%. orks that are trained-with a suitable learning algorithm.

Let qd, 4d, qd designate '!-e !u,:red trajectory. Following [4] define the virtual reference
trajectory 4r, qr, and the virtual '.-:!--,.:vory velocity error 6rIr = d-Ae, ir"-A, t-. -= - Xc- 6r \e (2)
where e[t] = q[t]-qd[t] is the jo:": :,. :.nate error, and A is a positive definite matrix with constant
coefficients.

The output of the neurocon:rolk'r ::'plements the control law
p

r = e ri =1,2, n (3)j= l ... '3 Iwhere 6 denotes the estimate of () Ijuaton 3 . 'en shown to be asymptotically stable when
the learning ruleI
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n
j Yi j [ q, qr ri j=,2,..., p. (4)

is used [4].
Notice in equation (4) the similarity to the LMS learning rule (see [5]) where the weight change

is proportional to-the error r and the input features X. In equation (4)-the input features are the
Yij[.] functions and the error is 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 Yij[q,4, dlq] functions. This5 training can be done offline since the Y 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.5 Closed Loo2 Learning and Tracking Via ExoloratorX Schedules

Theorem 1 [6]: If-p _< n, and if

IRank {Y[qd4d'4d' qd }=PSan im- t-> 0- 9 (5)

then the controller specified by equations (3) and (4) guarantees global asymptotic tracking and

I parameter identification i.e. q(t)-> qd(t), and (t) ->-0(t).

Lemma 1 [7]: 0 ->O V 0 e Rk, k-<5n, such that-0-is not contained in

lim t--> 0- •(6)

5 where N(.) denotes the null space of the matrix (.), and denotes the parameter estimation error
vector. The implication of lemma I is that if, k<n parameters are notin 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 tr-aiecto.-ies (w hich specify qd,4d, l) can be designed such that k<_n

specific columns of Y[ qdfld, d.1ij will be linearly independent in the limit. The exploratory£ schedule then consists of a sequenceof desired trajectories which-are designed to-learn different

components of the parameter estimation vector 0, where the number of desired trajectories is such

5 that all p components of 0 are identified.

Simulation Results: 2 DOF Manipulator
The simulation results reported were obtained using exactly computed values of the Yij[.]

functions, rather than the three-layer-neural network form. This simulation provides experimental
verification of lemma 1. The dimension of Y(q, q, qr,qr] in the 2 DOF case is 2 x 5 so that p>n,I

i



and at most 2 parameters can be-guaranteed to be learned simultaneously.
The Exploratory Schedule-fr 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 rajectory 1,
04 and 05 are learned. The time period corresponding to trajectory I is 0 < t < 4.2. In trajectory
2, 03 is learned. The time period corresponding to trajectory 2 is 4.2 < t < 7.3. In trajectory 3,
2, 0isd0 learned. he time peidc7epnigt rjcoy2i .2 10 <.3. I rjcoy3
01 and 02 are learned. Trajectory 3 corresponds to the time period 7.3 <t<5 10.3.

The time period corresponding to identification of 04 and 05 is 0 < t < 4.2. As can be seen in
figures 3 to 6, the parameter estimation error for 04 and 05 approaches zero as all joint errors
approach zero at t= 4.2. The-time period corresponding to identification of 03 is 4.2 < t < 7.3.
The parameter estimation error for 03 approaches zero as all joint errors approach zero at t= 7.3.

IParameters 01 and 02 are identified during the time period 7.3 <t < 10.3.

4 i ": " i V
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figure 1: Neurocontroller structure for link i. figure 2: Desired joint positions during ES.30.2- _i0.0

Ii ~ ~ ..... .. .
0 . ... ..... ...."

0.00 ....... . r:T....

0 .15 .. ...............- 0.05 .. .. ........... .......... ...

30 ,,,o. . . . .... . ,, ,,i ,. . ...I time(s~c)time (sec)
II I  figure: Juoint pollsitnerror in ES. figure 4eie joint oitirors during ES.

0 . .... .. . .... i i i i i
o .2 o .... i .... i .... ! ..... ......i ... ".. . . ° ... 0 .1 5 ....... ...... ...... ...... .:. . ...... ...... ....... ........

o .5 7 .4 ....i....i.... i.... ....i ... . ... !......00.t."... ...... ....... ,.... . ....•....... ,......, ...... , ......
0.05 i i f -0.20 ......

I i 0.25 ".

iv~ ~ ~ ~ ~~ ~ ~~~~~~~03 0.0 ................................... i!ii

0 -0.35
0 1 2 3 4 5 6 7 8 9 0 -0 f -2 3 4 5 6- 7 8 9 1

I i • 'tim (se) t im (see) ii

fig 3: JitpstoeroungE. fiur 4: Jon veoiyerrdrn S



1 30' . * * -*- 20-

2 ... i... ? .......

20 , - 20 ............ ...... ....... "'.'"'. ...... .... .

I 01 3 56 7s 1 0 1 2 3 4 5 6 7 " 91

| Io ""i ...... ...... !.... ...... ...... o... ............. ....... ...... ..............

0 i,. .......... .... .... ..... ... .... .. 60.. ... ... ...i...
- 10 .... .... .. "....

-1o0 L, -..... ....... ....... ...... -.... -73
~-20 -1201 =:.. .

0 1 2 34 5678910 0 1 23 4 5 67 8 910

time (Stc) time (See)

figure 5: Estimation error for 0 1, 02 and 03. fieure tu: Estimation error for 04 and 05.

[1] Paul, R.P., Robot Manipulators: Mathematics, Programming, and-Control. Massachusetts:
The MIT Press, 1981.

[2] Kawato, M., Furukawa, K. and Suzuki, R., "A hierarchical neural-network model for control
and learning of voluntary movement," Biological Cybernetics,56, 1987.

[3] Guez, A., and Selinsky J., "Neurocontroller design via supervised and unsupervised
learning," to appear in the Journal of Intelligent and Robotics Systems, 1989.

[4] Slotine, J.J.E., and Li, W., "Adaptive manipulator control: a case study," IEEE Trans.
Automatic Control, Vol. 33, no.1, p. 995, 1988.

[5] Widrow, B., and Steams, S. D.,-Adaptive Signal Processing. New Jersey: Prentice-Hall,
1985.

[6) Guez, A., and Selinsky J., "Design of Exploratory Schedules in Learning and Adaptive Robot
-Control," accepted for publication in the International Journal of Adaptive Control and-Signal
Processing, 1989.

[7] Guez, A., and Selinsky J., "A Neurocontroller with Guaranteed Tracking and Model
Identification for Rigid Robots," submitted for publication, 1989.I,

I
!
I
I



ADAPTIVE SENSOR FUSION WiH NEfS OF BINARY THRESHOLD ELIMENTS

," M o h K am , A ri N air m. P aul La b nski, and A lln G uez

Dep rm of E*trical and Computer Engineering, Drexel University, Philadelphia PA 19104

local decision as to the existence (uim+l) or

non-existence ( ui, -1) of a target withi. its volume of
coverage. This decision can be arrived at on the basis of

Dsiunbut. d detecon and estimation, and ensor a single, multiple or sequential observations at the local

thse vaiet at syres toics po ife retsec sdunt detectors site. Typically, a likelihood ratio test will be
s vauisty of system which employ different sensing perfo with a decision threshold determined by the

d lat geographically separated sites for tasks such objective function (usually a Bayesian isk or a

a. target detection and tracking, diversity in Neyman-Peron criterion.) The calculation of the

COMMMnkdo and threat classification. In this study, threshold typically involves the solution of a set of

we demonstral a simple distributed-detection scheme coupled nonlinear algebraic equations, a task which can

whose probability o( eto can be calculated analytically, bcoe cmputation lly untr acable even for a mode, ate

and w tht it corresponds to a two-layer network of numbe of sensors (e.g. Tsitsikis and Athal (1985),

biry thrbold elements. We proceed to assume that Rinumb of nors (198g).)

the sensors aod the fusion center are subject to sudden The decisions of to local detectors are

unpredictable changes in the environment that they T ede o a global detector (th Data Fusion Center,

rsurvey , arid show how learning algorithm s can be usedtr n m te to a g b l d t c or( h D ta F s n C n e ,

stDFC) over communication channels that are practically

in order to maintain good performance, in spite of these noiseless. The DE. is to make a global decision about
changes. We conclude with an example, involving five the existence of the target (u-1: decide Ht, or u--I:

unequal sensors which distinguish between two
time-varying Gaussian populations of different means. 

decide HO. )

L aFigure I depicts two sensor fusion systems

I. Tntroducton and statement of the problem whicit differ in terms of the capability to transmit local
decisions to the DFC. The first case (figure la) is

The term sensor fusion is used to describe the applicable when all sensors are located at the same site,

mechanism for combining data from distributed sensors. or when the sensors are distributed, and the capacity ofI The fusion is usually performed for purposes of the channels between the sensors and the DFC allows

" detection or estimation, with applications such as: target practically error-free transmittal of the sensor
detection and estimation in radar systems, diversity in observations (z4) to the central processing site. The DFC

I ~ digital communications systems and crime obtains a vector of real obsrvations, and its decision is
countermeasures. For relevant references see based on classical multiple-observationBar-Shalom and Fortmann (1988), Thomopoulos et al. hypothesis-testing theory (e.g. Sage and Melsa (1971).)

If (1987 and Riebman and Noltc (1987). In the present When the sensors are distributed, and capacity

paper we concentrate on the dirribuzedparallel detection constraints do not allow the transmittal of the observation
problem with binary local decisions, depicted in figure (or when the sensors are at the same site - but central

I lb. We consider a system which observes a processing capabilities are limited,) there is a need to

phenomenon H, through a set of sensors which may make partial decisions at the sensors' sites, and transmit
have different operating principles, and may be located at those Dartial decisions to the DFC. The extreme case
different sites. An example of the former case is a (fully decentralized decision-making) is depicted in
combination of radar active sensors, operating at Figure lb. Here each sensor makes a local decision:
different frequencies (e.g. infrared and RF sensors); an U1=1 irf I-et is t,,,r:td, and u:- -1 otherwise. OnlyII.ple of the latt is an ary of receiving antennae, this binary decision is availabie at the DFC as the
located at differnt physical sites, for spatial diversir,. contribution of the ith sensor to the decision process. The
Each one of the front-end sensors, also called local DFC has to map the binary vector of local decisions into

dtclors, observes the phenomenon H, and makes a the global decision.

Research supported in part by NSF grant IR 8810186
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Figure 1: Multiple-observadon hypothesis-testing
a) centralized system
b) fully-decentrlized system

The basic questions that arise from the described fully-informed system: such performance is to be
situation are: maintained, in spite of unpredictable changes in the
1) What are the (optimal and sub-optimal) configuradons a-priori probabilities of the hylotheses and in the
that could be employed for the local sensors and for the signal-to-noise ratios at the individual sensor sites. We
DFC when the system is fully informed: By fully develop, analyze and simulate a parallel architecture with
informed we mean that the statistics of the environment local and global binary neurons as the decision-making
are known to the local detectors and the DFC; and the elements. These neurons adapt their weights and
reliability of each local decision is known to the DFC in thresholds to track the (unknown) parameters of the
terms of local probability of missed detection and the environment which supplies them with data for decision
probability of false alarm, making.
2) What is the performance that the fully-informed Section II presents the distributed sensor configuration
decision maker achieves? that we study - which considers two hypotheses in the
3) How can learning techniques be incorporated in the observed environment, and non-communicating sensors.
decision-making schemes, such that unknown or The configuration is relatively easy to implement, but is
time-varying properties of the environment could be suboptimal with respect to a minimum probability of
extracted from available data, and used for adaptive error performance criterion. In secton l we assume that

decision making? the individual sensors do not have access to the exact
The present paper contributes to the study of the statistics of the hypotheses that they examine, and that

second and third problems. We are interested in the data fusion center does not have access to the exact
exploiting the ability of neural networks to learn, in order performance of the individual sensors (their probabilities
to maintain performance of the 'ignorant' distributed of false alarms and missed-detections.) We present a
configuration, which is close to that of the stochastic-approximation rule which is used for learning,

S11-58



in order to allow the system to achieve asymptotically the

performance of a system which is fully informed of the .

necessary probabilities. Finally, we present in section IV 1 3 = cm P,(Hc) Km

the results of numerical studies of the performance of a K z -mn - +-- . (3)

five-sensor target detection radar system, with unequal In this case one can express analytically the local
and time-varying signal-to-noise ratios and a priori probability of error, as well as the local probability of a
probabilities missed detection and the local probability of false alarm

IT. The distributed-ensor configuration (Sage and Melsa (1971), p. 130):

The design of a distributd-sensor configuration 4"

for minimizing the probability of error, a Bayesian cost P= - f C 2ds (4a)
performance index, or a Neyman-Pearson criterion has 72x

been the subject of many studies (see Thomopoulos et al. Ir',,e
1987) and Reibmrn and Nolte (1987) for a list of PM = e- 2 ds (4b)
references.) The minimum probability of error criterion

which wear using here is

on the local level PF - " d (4c)

P, = P(H) P (ui- 1= HO) + P(HI) P (ui -l -I I H) Assuming now that each local detector (with its oA *. *l,

(la) PM, and P1 i) makes a decision according to equation (3),

and on the global level the global minimum-probability-of-error decision, given

Pe = P(H) Pr (U 11 Ho) + PX0I ) P, ( = -IP I HI) the local decision rules is (Chair and Varshney (1986)):
(Ib) Decide u= 1 if ao + auit >0

The optimal local decision that is necessary in order to
minimize PG does not minimize Pe,, in general. It has Decide ui = -1 otherwise (5)
been shown that the optimal local decision involves a where
maximum-likelihood test with a threshold whose
calculation is coupled to that of the calculation of = P(HI) (6a)
thresholds for allother local detectors. We am using here log(

a simpler, and hence sub-optimal, configuration, where 1 .1 -+ 1 I - PRI
each detector makes its own local minimum probability aP = R og. (ui + 1) + " log-P (1 - t
of error detection, rather than the decision which (6b)
corresponds to the global minimum probability of error The overall probabilities of missed detection and false
decision, alarm can be calculated for this system as wel - appendix
We assume that the decision problem corresponds to A gives the details. When the noise variances at the local
choosing one of two Gaussian populations with different detectors are equal, the answer is
means. In other words the detection system has to decide
whether its ith observation z1 is PMO= - (?)(-PM) Pj U[ Ao+a (2j- n)I (7a)

or k= 1,2. . K PM= )P (I-PF)- J U[ A0 + a (2j - n)] (7b)

zk M+ (2b) where

P(H1) n PM (-PM) (c
where the u's are independent with the probabdiy densiy Ao=ln P() + n ln PM (I-PF) (7c)

Pv(a)-= I exp 1 PM (I-PM) (7d)(2nco2 k22t~ =- In PFp)

and K observations are used before a decision is made. U(.) is the unit step function,SThe local minimum probability of error decision is and PM and PF have been defined in equation (4).
From examination of equations (4) and (6), we note that
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the distributed decision systcm is a two-layer binary at that detector, 0 < all < .
neural network. The local detectors have K real inputs
and one binary output each (K - number of observations At ihe DFC level
per decision,) and the data fusion center n binary inputs A (

+ ) 
A (k)and one binary global decision output (n- number of€

sensors.) Figure 2 depicts the overall system. apjc - (&,) 

3 ~ ~ M nll~ine Leamn whA
n a nwhere PD ( ")) is the estimate of P(H0) at the DFC

So far we have assumed that the local detectors and the at the th time step; and CtOpc is the learning constant

DFC know the a priori probability (P(Ho)), and that the 0 < aDK < 1.

DFC knows the probabilities of missed detection and
false alarm (PM, and PF) of each of the sensors which Approxinmatiof othe error probabilities

feed it with information. When these probabilities are not At the DFC level
available, we use simple stochastic approximation rules PM! (+) =Mf +
in order to estimate them. These rules have been

successfully used in other neural network learr.ing (k)) (Mi (9a)
applications (e.g. Kohonen (1988), Kam et a. (1988)). A 12 A

PFI _+)= PR1iX +

A ppr o.f rtwt n o(the a priori probabilities i_-F ! . .(u + l ())

A, th local ddeor l v

*A( Ho) = Pi(Ho)(k) + a1  - -P(H o)) (Sa) where P M ( and P are the estimates of PMj and
P F| at the ith local detector at the kdme step;

where Pj01 (H) is te estimate of P(H 0) at the ih local and PDFCI is the corresponding learning constant

detector at the tim step; and au1 is the learning constant at the DFC, 0 < PDFC < 1.

I J
z u2
Zg K , Sensor I

-- - -- -
a, ao

o

ZI

2UU
Z2 

2 u

K , Snsor 2 - l

- Data FusionZ t I : :C e n te r

ZK i'Sensor n ------..... ...... .....

Figure 2: The distributed decision system a; a two-layer binary neural network
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While these approximation rules do exhibit a.s.

convergence, they nevertheless are very useful in many
applications that call for on-line paramcter estimation.The L g
estimated values in equations (8) and (9) are used in the
dision rules (3) and (5) - to yield the global decision, 0
u. 0j_, Exmple a fiveensor taget detection fusion systm u0s

We consider a fusion system for target detection using 07

ive unequal detectors. The system has been simulated .0~son an IBM-AT using Turbo PASCAL 5.0. The 
s.-,,Ms

presented results were obtained via Monte-Carlo OA
simulations. 0 20 40 60 so 100

Tim Stop

CASE Static environment 
Figure 3a: The probability of correct decision for:. sensorsWe have studied a system of five sensors in Gaussian 2,3,and 5; the learning data fusion center (LDFC); and thewhite nois-. with signal to noise ratios: fully-informed data fusion center (F.I.DFC).

Sensor : 5.0 dB 10
Sensor 2: 3.0 dB 

FJ OFc

Sensor 3: 0.0 dB .
Sensor 4: -3.0 dB N
Sensor 3: -5.0 dB
Figures 3ab show the probability of correct decision (P, U of L C-
= I-P,) versus time, for sensors 2,3, and 5, along with

the results for the fully-informed DFC aand the !earning 
A

DFC.0
We observe that both DFC's )erform on average better a
than each sensor alone. Moreover, the learning DIC 08gradually approaches the performance of the 0 20 40 60 86 iofully-informed DFC. T Sto
Figures 4 a,b show the DFC weights (ai in equation (6)) Figure 3b: The probability of correct decision for the learningfor sensors 2,3, and 5. Weights are shown for the case data fusion center (L.DFC) and the fully informed data fusionof a :resent target (figure 4a) and the case of no target in center (F.I.DFC).
sight (figure 4b.) The horizontal lines are the weights for 

20
a fully-informed DFC, the other curves correspond to the 282learning DFC. 26

We observe that, as expected, unreliable sensors (like 5) 24,
have lower weights than more reliable sensors (like 2). 2.2
Moreover, the learned weights converge to the values of 

0"* 20the fully.informed DFC. .

C,.E ,: Time vrinnnvimrn nt , var ying SNR to s 3
We now introduce an abrupt change (from -5.0 dB to t. 5f s.,~
5 0 dB) in the signai to noise ratio at sensor five, "halfway into the simulation (after 50 time steps.) In 1.2figure 5a we show one 100-step run for the probability 

1. 40 6 8 0of correct decision for sensor 5, the learning and 0 20 -" so so 10o

fully-informd DFC's. We observe the expected
improvement in the probability of correct decision for

- both the sensor and the DFC's. Figure 5b shows the Figure 4a: The weights, associated with the decisions oft tsensors 
2,3 and 5 when the target is present - learned by the

weights for sensors 2,3 and 5. The weights of (the data fusion center (L DFC) and fixed for the fully informed
data fusion center (F.I.DFC).
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3.0learning) sensor 5 arc shown to converge asymptotically !to the optimal ai weights of equation (6) (the horizontal
zs, lines.)

,S:W E -varine environment- v-rviN a nll
LI .0 probabilities

FJK We now change the a priori probability of Ho from 0.3
Sto 0.7 halfway into the simulation (after S0 time steps.)

_ FJ C3 In figure 6a we show one 100-step run for the
Sprobability of correct decision using th" learning DFC

*and the fully-informed DFC. We observe that the
learning system experiences a performance degradation

S . . after the probability change, but is able to recover,
a, 0 4 4through learning, in a short period. The recovery is due

to the restoration of correct estimates for the a-priori
Figure 4b: The weights, associated with the decisions of probabilities, as shown for the sensors in figure 6b. In
sensors 2,3 and S when the target is not present - learned figures 6cd we show convergence to the optimal
weights by the data fusion center (L. DFC) and fixed weights
for the fully-informed data fusion center (F.I.DFC). weights both before and after the a priori probability,S change.

I /
• 0.7. ,LDFC

L A

o ) 46 , 0 o , o;o ,20

0 20 to 60 so 100

Figure 5a: 2he probability of correct decision for sensor 5, the __ Stoplearning data fusion center (LDFC) and the fully informed data
fusion center (F.I.DFC). A step change in the SNR of sensor Figure 6a: The probability of correct decision for the learning
5, from -. dB to 5dB, is introduced after 50 time steps, data fusion center (L.DFC) and the fully-informed data fusion
resulting in an improvement of the performance of sensor 5 and center (F.LDFC). A step change in the probability of a target
the DFCs. being present from 0.7 to 0.3 is introduced after 50 time steps,

resulting in a temporary degradation in performance of the
learning DFC (L. DFC.)

1 ." -w 2 Conclusion

go- We have considered a distributed detection system

,i s Fwhose performance, in terms of probability of error, can
Sw 3 be calculated analytically. We have shown that the

V7FLC C3 system can be realized ar a :wo-!ayer netwo^r f k'-'y

o FA ,s_ 5elements can be estimated, using on-line stochastic-( ,t. I hehl lmns n httewihso hs

. approximation rules to form an adaptive detection
0 20 40 6o 60 ,00 system. The results are applicable to systems which use

To Stopa variety of sensors located in separated geographical

Figure 5b: The weights, associated with the decisions of locations for decision making. Further research is

sensors 2,3 and 5 when a target is not present, learned by the necessary in order to determine an adaptation scheme for
data fusion center (L.. DFC) and fixed for the fully informed
data fusion center (F.I.DFC). A step change in the SNR of the learning constants; high learning constants encourage3 sensor 5, from -5dB to 5dB, is introduced at 50 time steps. 11-62



10, 30.FJ C

[ .IDFC
*z 10 _ __ __

*. O so SA41

3.6- 
a.

*F 
OFC 2

04

0T20 n4 60) 0 0 0 0 I0o

3 5~ 0Sw" o5

Figure 6b: The probability of a target not being present, learned Tkm Stp

locally by sensors 2,3 and 5, compared with the actual value Figure 6d: The weights, associated with the decisions ofknown to the fully-informed data fusion center (F.I.DFC). A sensors 2,3 and 5 when a target is present - learned by the datastep change in the the probability of a target being present, from fusion center (L DFQ) and fixed for the fully-informed data
0.7 to 0.3, is introduced after 50 time stepst fusion center (F.I.DFC). A step change in the probability of a

30-_ target being present, from 0.7 to 0.3, is introduced after 50time steps.

. --- % =(, -L + (A - B1)2)
it N

Z (,+ 10)ut (A2)

£5 5 where

1.0 P(HI) 1 MI (-PM)
u IIn PR (I-PFI) (A3-1)

0.5" ,Tw= 3

0 . . . . A i =  n , (A 3 - 2)

0 40 o 0 o 100

Time Stp Bi = In I -PF. (A3 -3)
PMi

Figure 6c: The weights, associated with the decisions of* sensors 2,3 and 5 when a target is not present - learned by the We consider rst the case of equal noise variances at the localdata fusion center (L. DFC) and fixed for the fully-informeddata fusion center (F.IDFC). A step change in the probability detector. All detectors use the same detection scheme, have theof a target being present, from 0.7 to 0.3, is introduced after 50U me steps. same threshold and the same probabilities of missed detections and

the quick learning of changes, but suffer from high false alarms.
variance in the estimates. Small learning constants PMI PM2 PM. = PMrequir: long settling times. The solution - adaptive PFt = PF2 ... . P.O F

, learning constants - should imitate adaptation Let:
mechanisms in similar systems, e.g. delta modulation in P( u - +1 I Hk) =P
digital communications. PC U = -f1 HO =- P=

ix A: Performance of the distjbutL'd snsorconfi uraion where k = 0,1
The overall expression for the sufficient statistic of the Chair and Let x be the random variableVarshney's (1986) DFC is(u 

n

" ao+ lapj (Al) = 2 + n)

i- ( x is the number of l's in the observation vector at the DFC.)where ao and a have b.en defined in equation (6). This expression Clearly,
'an be re-written as P(x=j I HO) = (n') q:, (M4)
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j = o,1... n. pr(' I H o)= PF s (A- B) +

U W arnd=LWe assume now that the noise variance is the
same for all sensors. (- (A9)

Under this condition, al' coeff.cients of u1 are the same and equal 2

to due to statistical indepcr-Ae.. of the terms,
PA 0(Xt I Ho)= Pr(Y) * Pr2(Y) * ""Prn(/) (AO0)

a PM (I-PMn A) We consider the set of 20 binary tuples that car. appar as an inputaI=y-n pF(l-pF) vector to the DFC. We use the index l.- 0, 1 ... , '*-I to

X now has the probability density distinguiin between the different tuples. The probability

PAllWHO- distribution of X, under assumption H0 is

2e-I

X(fl)AqV (X ( , + a(2j-n])) (A6) PA ,(1 10 1W:IH ( (All)

where

U w:..e 6(-) is the Dirac delta function.
The global probabilities of missed detection and false alarm can W1Jl 1H 7= 1'(PFI)d2 (1 -PF)-
now be found by integrating: i-I

3 Po= LPA I H0"IH)dX ad

(I~ =- ---.)'_) 2 (AI3)

Mo and u1.1 is the i th bit of the k th tuple,

,a

= ,(Jn - PF)U'j U[ a(2j-n) + A0] (A7-2) To find the probability of false ala n, we shall sum all weights3 Wt such that their corresponding o) > -A. The calculation of the
Equation A7 can also be written as probability of missed detections follows a similar path.

-F (n)e 4r (1 P
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NEUROMORPHIC ADAPTIVE CONTROL [~
Izhak Bar-Kana and Allon Guez

ECE Dept., Drexel University, Philadelphia, PA 19104

knowledge 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.

A neuromorphic unsupervised parallel distributed adaptive This knowledge is needed for design and then used to implementcontroller for a class of nonlinear systems is proposed. It is shown to observer-based controllers of the same order as the plant (2].
provide bounded tracking and asymptotic regulation following a class
of 'teacher models.' A double link planar manipulator example is AI provided for a simulative illustration of the properties of the 84Design

1. PROBLEM FORMULATION
An unsupervised distributed parallel computing architecture is Evalu te Contr

proposed for the adaptive control of nonlinear dynamic systems of or
the class Ide s

I(t) = A(x)x(t) + B(x)u(t) (1)

y(t) = C(x)x(t) + D(x)u(t) (2)

U with some degree or other of uncertainty, where x(t)e Rn is the plant BOUNDARY OF
state vector, y(t)e Rm is the output vector, and u(t)e Rm is the input STABILITY WITH
command vector, and where A(x), B(x), C(x), and D(x) are
uniformly bounded matrices of corresponding dimensions. This FIXED GAINS
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: The modem control problem.

Figure 1 presents a schematic illustration of a common problem
in modem control. If perfect knowledge on the parameters E of the We propose a nonlinear neuromorphic adaptive controller that
linear plant is available, one has many ways to design his "best" maintains stability under the same bounds that would guarantee
controller represented here by the fixed gains K. Since perfect stability with fixed linear controllers. The proposed controller is

A depicted in Figure 2 below: It consists of a teacher model whichknowledge is not available, in general, one uses some estimate e of incorporates the knowledge regarding the desired input/output
A

the parameters of the plant to design the "best" controller K, based plant response as well as the repertoir of reference commands that
A the system may be subjected to.on this estimate. The controller K must control the real-world plant

e, and it is not necessarily a good controller for this real plant. Still,
there is some domain where anyfixed gains K would guarantee, at TEACHER INTOLLER PROCESS
least, stability of the control system. However. in order to achieve
better performance, modern control usually employs time-varying
nonlinear, adaptive, or intelligent algorithms to compute dynamic Eqs. Es q
estimates of the parameters ®(t) of the plant. or directly the (3)(4) (5)-(8) (1)-2)
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, REFERENCE CONTROL OUTPUT
one may assume that if the nonstationary gains leave-the stability
region that was established for the fixed gains, one might get into Figure 2: Proposed Neurocontroller
troubles. Unfortunately, stability with nonstationary gains is not
guaranteed, in general, even if one is cautious and does impose upon The teacher dynamic model is assumed to have the following
the variable gains the bounds of stability that were established for the representation:
fixcd gains K [I].

Therefore, nonstationary or nonlinear controllers must usually (t) = At(xt)xt(t) + Bt(x)ut(t) (3)
assume slow variation of the estimated parameters and of the control
gains (which then makes them "almost" fixed). Most adaptive y.(t) = C,(x,)xt(t) + Dt(xdut(t) (4)methods, in particular, require external persistent excitation (to "'
guarantee convergence of the parameters), and assume the prior where xt(t)e R t is the state vector, yt(t)e Rm is the output vector, and

This-paper is based upon research supported inupart u,(t)e Rm is the input command vector, and where At(xt), B(x,),
Drexel University's Stein Fellowship Foundation- and by C,(xt), and Dt(xt) are uniformly bounded matrices of corresponding
AFOSR grant No. 890010 dimensions. It is emphasized that the dimension of the model is

gr 9unrestricted, except that dim(y,) = dim(y) = m.



The parallel distmbuted adaptve controller has structure similar to For the above described control architecture we use recent results
the LMS adaptive layer (3], and to many other neurocontroller by Bar-Kana [5, 6] to show that, under some realistic assumptions,
architectures (4]. It receives the input 'features' vector f(u1, x1, y) large classes of nonlinear plants of the form ()-(2) with adaptive
and generates as an output the process control vector controllers of the form (5)-(8) can perform good trajectory trackingSgeand also guarantee robust adaptive stabilization in the presence of any

utt) = K(t)f(ut, xt, y) (5) bounded input commands and input or output disturbances.
Furthermore, this adaptive controller has ben shown to have good

where K(t) is the adaptive gain matrix of appropriate dimension. graceful degradation ( or fault resistant ) properties with control
whr i)i h dpiegi mti faporaedmnin failure or fast changes of plant parameters 171.
Each Kii gain monitors the sensitivity of the i-th control, namely ui.

to the j-th feature of the system, namely fi(u,, x, y) and may be M1AIN RESULTS
viewed as the state of the ij.th neuron (Fig. 3). 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

a) exponentially stable" as defined below:
DEFINITION I (Hahn) (8): Let the general nonlinear system

Feature be represented by the n th-order vectorial equation x (t) = f(x,t) and
t -let x=0 be an equilibrium point. The equilibrium point is called

Senerato "exponentially stable" if all solutions x(t) satisfy the relation lx(t)l
tU a Ix(0)l e" for some scalars ot > 0 and 3 > 0.

Net THEOREM 1 [8]: Let the right hand of the equation i (t) =
f(x,t) have bounded continuous first order partial derivatives. Let the

T racking equilibrium be exponentially stable. Then there exists a
mrrior Lyapunov function-V(x,t) which satisfies estimates of the form

1.1 oXI Ix(t) 2 < V(x, t) : a 2 Ix(t) 
2

b) 1.2 Mx,_t) 5 - a 3 Ix(t)l2

f. _..._._._._.... , ) < a, lx(t)l2 . i=1,2 .n
for a,, a,, a 3, and a4 positive constants.

m Because-we deal with nonlinear systems we cannot expect to
show, like in linear time-invariant systems, existence of ositive
definite quadratic Lyapunov functions of the form V(x) = x (t)Px(t)
where P is constant and positive definite. However, after some

vii experience with specific nonlinear systems like robots, and because
e V "V. j rj we restrict our discussion to nonlinear systems linear in control of the

form (1)-(2). we assume that exponential stability of the autonotous

ijth . system (1), with u(t) a 0, implies existence of Lyapunov functions
N v(x) which are not explicit functions of time. Also, since then we can

always write V(x)-=x T(t)P(x)x(t) and thus Mx) = xT (t)l'Rx) +

P(x)A(x)+A T(x)P(x)lx(t) or '(x) = - xT(t)Q(x)x(t), we will use in
the subsequent discution the following assumption:

ASSUMPTION 1: Exponential stability of the autonomous

Figure 3- Neurocontroller Architecture system (1) (with u(t) -0) implies existence of Lyapunov functions
a) General Block Diagram b)ij-th Neuron Architecture. Of the form V(x) = xT(t)P(x)x(t) and denvatie of the form (x) = -

m The Kij gain adjusts its value independently of, and xT(t)Qtx)x(t). where-P(x) and Q(x) are positive definite for all x C_
simultaneosly with all other gains, according to the adaptive rule: After establishing-the basic definitions and facts. we can start

presenung the properties of the neuromorphic adaptive controiler. A
m K~(t) = Mij(t) + Ni(t) (6) first result will illustrate the stabilizing properties of the main term of

the nonlinear adaptive controller that we propose. To this end. let us

Mi(t) = ati)(y - yi )fj t71 a,,unie that the plant
d-Nij(t) =- ijNij(t)+ Yij(yqi - yi )fj (8) . t ~~~)+Bxut 9
dt -) (t0 = A(x)x(t)- + B(x)u(t) 9)

where (ij, Pjj and y, are positive constants. We emphasize that the .(t) = C(x)x(t) (10)
adaptation law (6)-() is similar in structure to the Widrow-Hoff rule
(3] modified with a momentum term. We %ill show later that the can be stabilized by some constant output feedback. K, In otherimodified structure also includes a supplementar, term which takes %ords, the resulting (fictitious) closed-loop system is
care of the stabilization of unstable -systems. 'rFhe adaptation is exponentially stable according to assumption 1. Let us define the
performed in parallel and in a distributed fashion. that is. the Kt ) ( (t))

* gain only needs data from the j-th feature and i-th output .t y(t) + Du(t)

components. Thus, very large- scale- dynamic systems may be .t

considered for this controller. The adaptive gains consist of two k -re D K y, and use the adaptive algorithm
terms: a "proportional" term, M1,(t), and-an "integral" term. N1 K(t).
Notice that the role of the teacher (3)-(4) is to demonstrate to the u(t) =- K(t)y,(t) 12)
adaptive controller what should be -the appropriate and desired
response yt for any specified reference input ut. Since the teacher's with the integral adaptive gain K(t) = N(t) given by

model is incorporated in the controller structure (Figure 2), it yields T
the so-called 'unsupervised' learning or adaptation. N(t) = y,(t)yT(t)F (13)



(whereris a selected positive definite scaling trix) or (for each large, we can get very good tracking in ideal situation. However, in
practice we do not want to employ either differeatiamo or high gainsscala pain) in control loops and indeed, the adaptive controler only uses the

d knowledge on their mere existence, to implement simple first order
(14) poles of the form D ) r in parallel with the plant, where D-

THEOREM 2: The si * algorithm (12)-(14) guarantees K' can be a very small gain.
boundedness of all values iw~olved in the adaptation process, Notice that we do not guarantee any more that the t is
namely, states, outputs, and Adaptive gains, and asymptotically perfectly tracking, because the best we can obtain is y,(t) a y(t) +
perfect regulation for the augmeg!d system Du(t) .- yt(t), although we actually want y(t) -+ yt(t). Still if the

S(t) = A(x)x(t) + B(x)u(t) (15) maximal admissible gain Ku is large compared with the gain of
the plant, then we can use D=-K; and get y.(t) = y(t) + Du(t) - y(t).

y(t) = C(x)x(t) (16) For a quite common example, assume that the gain of the plant is 10
and the maximal stabilizing gain Kn., = 100. Then we use D =

y.(t) = y(t) + Du(t) = C(x)x(t) + Du(t) (17) 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.I such that y(t) -*0 and yj~t) --* 0 as t -* .-. The gains are bounded

and ultimately reach constant values (Appendix A). It is worth ROBOTIC EXAMPLE
mentioning that K can be any stabilizing constant gain. Actually. In this section we apply the proposed neurocontroller (5)-(8) to
some estimate of the maximal admissible gain is sufficient to position control of a double link planar manipulator [10]. This
guarantee stability of the adaptive controller, with no dependence on example contains all major dynamical components such as gravity,
the rate of variation of the gains. Coriolis and centripetal terms.

We want to use the stabilizing nonlinear algorithm (12), in T
combination with other adaptive terms in 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 Gravity L

T T TT (1)T

f(u , Xt, y) = [ (yt -y)T, x, UT1  (18) 1
where f(u Xt, y) uses all values that can be measured, like the input T 2
commands, the teacher's states, and the tracking errors. We could try L
to use the adaptive algorithm

Kij(t) = N41 (t) + Nij(t) (19) 2

M.1(t) =a,)(y4 - yi )fj (20)
td Figure 4- Double link Manipulator"-Ni1(t) = 'ij(Yti -Yi )f~i (21)

Figure 4 describes the double link system configuration. The

for perfect tracking in idealistic environments. However, we are equations of motion are:
aware that (19)-(21) must further be adjusted to be applicable in u1 = D lo, + D 12 4 2 + D(6? + 2 10) + D, (22)
realistic environments. It is clear that the perfect integrator in (21)
increases without bound whenever perfect tracking is not possible. u2 = D12 i + D2242- DO1 + D2  (23)
Since the nonlinear system includes uncertainties that we do not
assume to know or identify, and since moreover, input and output where
disturbances may usually be present, we do not try to proof perfect 0
tracking, which could be obtained i some ideal situation, but rather L2 =0.1 m, L, = 0.1 m,ml = 0.6 kg, mg= 0.6 kg, g=10 m/s,

concentrate onrobust stability under nonideal conditions. By "robust DI = (mi+ m2)L2 +m2 L2 +2m 2LiL 2cose 2,
stability" we mean boundness of all values involved in the D12 = mt2L + m2LiLcosE2,
adaptation process like states, adaptive gains and errors, and tracking
with arbitrarily small tracking errors. Perfect tracking in idealistic D2=
conditions is a particular case of the general robust tracking under D = -m2L1L2sin@2 ,
nonideal conditions. The only modification of (19-(21) needed to
guarantee robustness of the adaptive system is the add on of the by- Dl=(m1 + m2)glsinEl+m2gL2sin(el+e 2),
pass term -01qN1j(t) to the right term of (21). which gives the D2 = m2gL.2sin( 1 + 82).
complete adaptive algorithm (5)-(8). It car be shown that under the
assumptions of theorem 2, the adaptive algonthm (5)-(8) guarantees and wheic g is gravity, u1 and u2 are torques at the first and second
robust stability of the system (15)-(17) [9]. joints, mI and m2 are masses, and Ll and L2 are lengths of the first

and second link correspondingly.
It is also worth mentioning that we assumed output stabtlizability

via constant feedback only for a simple introduction of parallel We only employ position measurements and the outputs of the
feedforward. Let us assume now that the plant needs some general plant are
dynamic configuration :a reach stability. Specifically. if G(.) is some
nonlinear system of the form (9)-(10) and if H: (Af, Br,, Cf,, Df,} is Yi =()I (24)U a stabilizing controller, the adaptive algorithm (5)-(8) guarantees v, = E2  (25)
robust stability of the augmented system G,(.) - G(.) + H' 1[9).
More important, when nonphysical improper linear controllers H arm For the teacher we used the simple decoupled model:
desireded to control the nonlinear plant, we can use their proper
i nverse in parallel with the plant. This way, we only use the r2 5 0j [1 0-
knowledge on the existence of an improper controller and actuallyse a proper configuration in parallel with our plant. Specifically, as xt)= xt)+  ut)(26)

in the case of nonlinear robotic manipulators, PD controllers of the -25 0

form H(s) = K(l+qs) can stabilize the manipulators, and if K is veryI



13 (7 with (15)-(17), we get the closed-loop system (Figs. 6 and 7)

yt LO) 1 -Il t) =A,(x)x(t) + B,(x)u,(t) (A.2)
and the adaptive control system was tested with demanding square- C()( ~~t A3
wave input commands. In paralel with the plant (22)-(25) we employ y,(t) =C(~~)+D,,t A3I the supplementary fecdforward [5, 11] hr

[001, 0001 Ajx) = A(x) - B(x)Kc(x)C(x) (A.4)

y'js) - 0 0.0 u(s) (28) Kj~x) =Ket I + DCE ]-I = I + K(D ]t 'K, (A.5)

Bj(x) = B(x)[ I + I) 11 (A.6)

and the adaptation coefficients were Cr.(x) = [(I + DK. ]' Ccx) (A.7)

a, j=100 . .j= 0.01 (29) D,=(I+DI1)-D D11(A.8)

Results of simulations are shown in Figure 5. Figure 5a where D > 0 and Dc > 0, which masta n caepstv
compares the first plant and model output, and figure 5b shows the
second output. Figure Sc shows, for ilustration, the behavior of the definite.

movs u-an-don i acordwith the specific operatonal needs.
Figue 5 reresntsthenor ofall plant states, to show that noD

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.11c(+XM t +

11 .I- -r a: I_ ~ ~ x

K PLANT]

- -
-

Figure 6: The closed-loop configuration.

_ m 131 l 1mL 0 1 1M1 - s . WA(x

Figure 5. Example: (a) Output y,,(t), yj(t).

(b) Output y, 2(t), y2(t):, (c) Gains K, I (t), K,,(t);

(d) Norm of all plant states. Figure 7: The equivalent closed-loop system.

CONCLUSIONS
Thspaper presents a intiromorphic computing architecture for ENIVTIOTTN 2. TheP closed-loop system (A.2) - (A.3)t is

adaptive control. Starting with some prior assuimptions about called srcl asv" P fi aife h olwn eain
stabilizability of the plants it results in a stable unsupervizedd'trclpaie"SPiftstsfsthfoownrltos
architecture. The feasibility of the method is demonstrated on anIexample of robotic manipulator. P(x) +- P(x)Ac(x) + AT(X)p(X) =-Q(x) - LT(x)L(x) (A.9)

APPENDIX A - PROOF OF THEOREM 2 P(x)B,(x) =C(x) - LT(x)W (A. 10)

it Iis easy to see that by using the controller D, +DT,= WrW (A.l11)

for some uniformly bounded positive definite matrices, P(x) and
up,(t) = -Keyi(t) + u;,(t) (A. 1) Q(x), and some matrices L(x)e Rm~ and We Rrnxr, and where



3 P(x" dP(x) aP(x) dx adaptive control system finally reach the region defined by V' (t) 30

DEF1NITION 3: The augmented open-loop system (15) - (17) (13]. It is easy to see that '(t) a 0 implies x(t) x 0. Therefore, if
is called "almost strictly passive" (ASP) if there exists a positive we ignore the adaptive gains, the adaptive control system is

definite static feedback matrix K, (unknown and not needed for any asymptotically perfect regulator, but what about the gains? First, we

implementation) such that the resulting closed-loop system (A.2)- proved already that the gains are bounded. Second, x(t) s 0 imphes
(A.3) is strictly passive (SP).

LEMMA 1: If K stabilizes (9)-(10), then the augmented open- y(t) a 0 and y,(t) - 0, which implies N(t) s 0 and then N(t) =

loop (15)-(17) is "almost strictly passive" (ASP) [6]. constant. Therefore, N(t) ultimately reaches some constant value
such that the plant is perfect regulator, as the theorem claims.

The lemma and the various definitions will be used for the proof of
Theorem 2. The adaptive control system 3f (15)-(17) with the REFERENCES
adaptive controler (12)-(13) is (1] M. A. Aizerman and F. R. Gantmacher, Absolute Stability of

Regulator Systems, Holden Day, San Francisco, 1964.
y,(t) = C(x)x(t) + Du(t) = C(x)x(t) - DN(t)y,(t) (A. 12) [2] K. J. Astrdm, "'Theory and Applications of Adaptive Control. A

y,(t) = C(x)x(t) - D[N(t) - KJy,(t) - DKy,(t) (A. 13) Survey," Automatica, Vol. 19, pp. 471-481, 1983.

y,(t) = [ I + DK, ]-'C(x)x(t) - [ I + DKe ]-tD[N(t) - Kjy.(t)(A.14) (3] B. Widrow and S. Steam, Adaptive Signal Processing, Prentice
Hall, 1985.

y,(t) = C(x)x(t) - DJN(t) - K.jy.(t) (A. 15) (4] A. Guez, "Neurocontrollers," NSF Workshop on Neurorobotics,
New Hampshire, 1988.

i (t) = A(x)x(t) - B(x)N(t)y,(t) (51 1. Bar-Kana, "Parallel Feedforward and Simplified Adaptive
= A(x)x(t) - B(x)Ky,(t) + B(x)Key,(t) - B(x)N(t)ya(t) Control," International Journal of Adaptive Control and

= A(x)x(t) - B(x)KeC,(x)x(t) + B(x)KDAN(t) - Kjy,(t) Signal Processing, Vol. 1, No. 2, pp 95-109, 1987.
(6] 1. Bar-Kana, I., On Passivity of a Class of Nonlinear Systems,

- B(x)[N(t) - K.Jy , (t) Technical Report, Drexel University, 1989.
=[A(x) - B(x)K,,C(x)]x(t) -B,(x)[N(t)-KIJy,(t) (7] W. Morse and K. Ossman, "Flight Control Reconfiguration
= A,(x)x(t)- Bc(x)[N(t)-Kya(t) (A. 16) Using Model Reference Adaptive Control," Proceedings of

1989 American Control Conference, Pittsburgh,
Pennsylvania, pp. 159-164.

I We must prove stability of all the values involved in the adaptation [8] W. Hahn, W., Stability of Motion, Springer Verlag, New York,
process, like states, outputs, gains. Let us select the quad'atic 1967.
Lyapunov function [9] I. Bar-Kana and A. Guez "Simple Adaptive Control for a Class

of Nonlinear Systems with Application to Robotics,"Int. J.
T I T Control (forthcoming).

S V(t) = xT(t)P(x)x(t) + tr[(N(t)- Ke)" (N(t) - Ke)T]  (A.17) [101 A. Guez, Optimal Control of Robotic Manipulators, PhD

where tr denotes trace and where K. denotes the unknown ideal gain Disertation, University of Florida, Gainsville, Florida, 1983.

that makes the plant strictly passive.. Notice that the second term in (11] I Bar-Kina, "On Positive Rearess in Multivariable Stationary

(A.17) is only a short notauon for the sum of all terms of the foim Linear Systems," Proceedings of 1989 Conference on2 Informational Sciences and Systems - CISS '89, Baltimore.

[Ni(t ) . K i2,. Therefore, (A.17) is a positive definte quadratic Maryland, pp. 383-388; also (full report) Technical Report,

function of all states and adaptive gains. The derivative of the Drexel University, 1989.
Lyapunov function along the trajectories of (13) and (A 16) is (121 J. C. Willems, "Dissipative Dynamical Systems," in Archivefor

Rational Mechanics and Analysis, Vol. 45, pp.321-393,

VF(t) = x (t)P(t)x(t) + xT(t)P(x)x(t) + T(t)P(X)x(t) [131 J. LaSalle, "Stability of Noautonomous Systems," Nonlinear

ST .1T Analysis Theory, Methods and Applications, Vol. 1, No. 1,
+ tr[(N(t) - Ke)- N (t)]+tr[N(t)r '(N(t) - Ke) ] pp. 83-91, 1981.

= xT(t)[ P(t) + P(x)A,(x) + A,(x)P(x)]x(t)

x T(t)P(x)B (x)[N(t)-K ,(t)

- y1(t)[N(t)-K.1jTB(x)P(x)x(t)
+ tr((N(t) - Ke)lF ry,(t)ya(t)]

+ tr[y,(t)y(t)Fl (N(t). K ) ] (A. 18)

By using (A.9)-(A. 11) we get
V (t) -x T(t)Q(x)x(t) - xr(t)LT(x)L(x)x(t) )xT(tC(x)N(t)-KJy,(t) - yT.(t)[N(t)-K,. C](X)X(t)

xT(t)LT(x)W[N(t)-I]y,(t) - yT(t)N(t)-KjTWTL()X(t)

+ xT(t)cT(x)tN(t).Key,(t) + yT(t)tN(t)-KJ TC,(x)x(t)

y y(t)[N(t)-K TD[N(t)- Kjy1 (t)
.y (t)[N(t)-KJT DJN(t) - KJy,(t)

S = .xTM)Q(x)x(t) - xT(t)LT(x)L(x)x(TO r
'i (- )Wr..(%-V 1%, (t) - y(tN) IT(Y ,,.

........................,- T. . ... ..,
. y,(t)[N(t)-K TWW[N(t) - Kjy.(t)

= -xT(t)Q(x)x(t)
- {L(x)x(t) - W[N(t) - (L(x)x(t) WfN(t) - Kjy,(t))
0 (A.19)

Notice that we only claim that the derivative of the Lyapunov

function in (A.19) is positive semidefinite, namely M(t) < 0. The
selected positive definite quadratic form of V(t) then guarantees that

all states and adaptive gains are bounded. The trajectories of theI



l'lI l, ROLE OF A PRIORI KNOWLEDGE OF PLANT DYNAMICS
IN NEUROCONTROLLER DESIGN

J.W. SeUnsky Allon Guez

Drexel University
Department of Elecrical and Computer Engineering

32nd and Chestnut St., Philadelphia, PA 19104

A R S'A general block diagram of the proposed system for a robot
In classical model-based techniqucs, construction of a control manipulator is shown in figure 1.1 . It consists of the Exploratory

architecture capable of accurately tracking a desired trajectory Schedule Generator, Neurocontroller and associated Learning
throughout the-state.space requires a detailed knowledge of the Algorithm, the Robot, and a mechanism which allows selecting
controlled system's dynamics. However, the system dynamics are between the User / Path Planner and ES Generator as the originator
rarely fully known at the time of controller design. In this paper, of the desired trajectory (qd).
we modify our earlier neurocontroller architecture (1) so as to
guarantee the performance of tilc neurocontroller. An innovative
aspect of this architecture is in the use of a priori knowledge of the User I
general structure of the systcm's dynamics. The knowledge is PathPl.'r

utiizd fr heselection of Exploratory Schedules (ES) to excite L~*
selected subsets of the dynamics. The controller does not require a t qa Alo-ih m

priori kn~owledge of the exact systein dynamics, as they are learnied ou.q
online. Nor does-it assume the existence of an explicit external Contitllar
teacher. The developed control architecture is also not limited to~tracking of a prespecifled tratjectory. 'File architecture is developed

through application to the control of a robot manipulator.

I .TN'I' o ft :Cfigure 1.1 : Block diagram of the proposed system.

-A number-of different neural network models and neural In section-2, a priori knowledge of the incompletely known plant
learning schemes have been applied to system c6ntroller design dynamics are uOlized such that the closed loop system consisting of
with varying degrees of success 21[3],a4],o5],[6]n[7],8],e9]). In the Neurocontroiler, Learning Algorithm, and Robot can be shown
general, the work surveycd ;ostuo e d very little a prior knowledge to asymptotically track a desired trajectory. Furthermore, a priori
of-the structure of the opcn loop systen and in none of the cases knowledge is also used to select exploratory schedules which can
was-there proof of-stability of the closed loop system. In system be shown to provide asymptotic identification of the dynamics thatcontroller design, proof or stability of the closed loop system is are not a priori known. Section 3 gives results of simulations for a
essential. -Furthermore, if ncurocontrollers are -to successfully 2 DOF manipulator. Section 4 concludes the article.3 compete with currently avatilahe controllers, they must be shown to
have performance that is at least comparable if not superior. In this 2. Netrocontrnller Decin for a Rioil Rnnt
work we incorporate a priori Ynowldge of the plant's dynamics in

the-neurocontroller design. it is shown that assuming a dynamic Mninulitor

model: for- the -plant allows the design-of a neurocontroller with Rohot r)vnnmic Mondel
-guaranteed performance, The dynamic model used for the The closed form dynamics obtained by the Lagrange.Euler
-development -of the neurocontrollcr is that of a rigid robot formulation has the general matrix

manipulator.formo
Selection-of training-examples to provide efficient learning is D(q)4 + C(q,!)4 + G(q) (2.1)

also anissue which is rarely addressed. In this article, training
example selection for neurocontrollers is provided with the
introduction ofgxpl-ratory Schedules (ES). ES- are trajectories where
which are designed so as to produce-examples which allow thel-uocnro~e .... ..- D(q) is an n x n matrix or inertial terms,neuroeontroller architecture to learn efficiently by exciting selected
subsets ofthe ... C(q;4) is an n x n matrix of coriollls and centrifugal terms,

G(q) is an n x I vector of gravitational terms,
s-q is an n x 1 vector ofjoint coordinates,3 is an n x I vector of forces/torques,

n is the number of degrees of freedom.
Research supported in part by AFOSR grant # 890010I



The formulation results in n second-order, coupled differential j3equations. (2.1) can also be expressed asq

c-D(q)4 + C(q.4)4 + G~q) - Y(q,4.,4)0 (2.2) Y

where Y~q,4,4,q') is an n x p matrix of known -functions ard 0 is ] ~Ian p x I vector of weighting constants. 4dYl

&,irnenntrotter ArchiteettureI ~ When (2.2) is written in terms of the individual torques at each
joint, it can be viewed as a single layer line ar network, where the
inputs to the network are the Yi()and the-weights are the Oi figure21l: Neurocontroller structure for joint 1.I (I]1101).

Note that the Yij(.) are transcendental algebraic functions of the
manipulators states that ame a priori known and may be realized via
feedtorward neural networks that are trained offline with a suitable Selection of Exlorntory 'RehedulesIlearning algorithm (i.e. BEP (121).

Let qd, 4. i4d designate the desired trajectory. Following (13] nere [151
define the virtual reference trajectory 4r' 4, and the virtual If p! n, and ifU trajectory velocity enror tr

Rank Yq~#d4

Iwhere e~t] - q~t].qdEt] is -the-joint coordin.-c arr nd A is a te h otolr(q 24,(.)
positive definite matrix with constan.t coefficien-ts. thntecnrle-e.(.) 25)guarantees global asymptotic

The ouptof the neurocontroller impleme.-s :ne conurol ka~v tracking of the desired trajectory-and identification of the weights.
oututAn implication of the-thecorem, is-that-if p > n, a sufficient

P condition for k 9n weights-to be-identified is-that they are are not
Tim ~ijq.4,e~r~i,+K2.46) in the null space of

'~t.4~~ J+K.. ,Urn. t-> 0

where denotes the estimate of-0, and--!-.-- ar constant Which implies that a desired trajectory m'ay be chosen such that
weights for the servo portion of the conrol!t.r .,.:cn (2.4) has columns corresponding to the Ic :5 n weights are linearlyI been shown to be asymptotically stable whn le~i independent, which will guarantee -that- the -weightis are identified.

The exploratory schedule then-consists-of a sequence of desired
n trajectories wvhich are designed to-learn different components of the

aim ~ ~ ~ ~ ~ 2 i, i~q44q) p .(2.S) parametcr estimation vector6, where the number of desired
I. aii trajectories is such that all p components of 6 are identified.

is used (13]. 3. SIMTLATTON -RESULTS
N'otice in equation (2.5) the similarty to-thr-LMS t:. u n!e

(see (14]) where the weight-change is prcporIcnil 'o -e ..Tcr e Dvnimic Model-rot Mnninulitor with 2 DOF
and the input features X. In equation (2.S)th u t ': T.tshe 2 DOF manipulator is shown in figure 3,1
the Yij(.) functions and the en-or is 6r1, .Y

Figure 2.1 shows the internal structure o, 'he arzne :er
for joint i. Each feedforward network modte 's-tu-ov., :, provide X

one of the Yjq,4~,,,q] functions, This tintng a..n be done itoffline since the Yjjq,4,ir]q funcian' .,.c known a 41priori and are the same for all -rigid :-oboi - the same
kinematics and number of degrees !,;m 11- Te
inputs to the neurocontroller are the compon:n4 .'! t-'---'os 12
as required. The outputs of the neuroconrolle: .. ,.o C2 q2
torques to be applied atteach joint of the mar-'ultt r.

figure 3.1 Simulated 2 DOF manipulator.



Assuna"l the link mass to be concentrated at-the tip of each link, Exnlnrnatnrv ched.lo for the 2 flOF Manlnoultnr

the dyll."I" Icsof the 2 DOF manipulator are In the 2 DOF case, p>n, and at most 2 weights can be
guaranteed to be learned simultaneously. An exploratory schedule

T- 4 " D12 qz1 +2C 1qt 2 +C4 2
2 +(31  (3.1) was selected such that different portions of the schedun would

, 2 + D22 " 2 - C 2 provide for leaning different weights.
The selection of the exploratory schedule manipulator was

accomplished by noting that columns 4 and 5 of the Y matrix in
where 2 22 + 2 m2 1- COS(q2), (3.2) are functions only of position, therefore selecting

D , m2. f + 1
2+m 2 12os(q2), dt2-2idmlod2sO.O, and qdl, qd2-such that columns 4 and S are

D12  m2 122. nonzero as el, e2 , el, :2 -> 0 will ensure that weights 04 and OS
D - 112 l1 are identified. Next, selecting 4di-41d2- 0 .0, and Odt, qd2, qdt, 4C

C - 1" I12 sin(q 2) such that column 3 is nonzero in the limit ensures identification of
(31 ,(ml + m2 )It sin(qt) + g m2 12 sin(q1 + q2) weight 03. Then selecting 4dt, qd2 such that columns 1 and 2 are

02 .. I Cmz2 ]sin(qt q2), nonzero ensures the identification-of weights 04 and OS. The

actual exploratory schedule is as shown in figures 3.2 to 3.4.I ~ ~withi min"2 - 10.0, Ii =la 12 .O, gm=9.81.

Which c:ln be written as the $ t t -

1 1 n Y12 Y13 Y, ]I~ ~ii ~'iYIS Y 1  [ 1  02 03-04 ]3 .- - -- -Y21 Y22 Y23 Y24 y2, (3.2) C7I r4
w%lhere , ..

Y21 O 0 .. . ...
I " 0 1 2 3 4 5 S 7 8 9 10
Y1 2  Y22 =ts01  .q2 , ti.at (see)

3 -COs(q 2)(2q 1+ 2)'sin(q2)(2414q q2 ), figure 3.2: Desired joint coordinates.

Y3 .cos(q2)41+ sin(q 2) 1h2, 2
y;, . sin(qi),
Y14 = _O, '.... . .. ." 1- 'YIS -Y, _ sin(qt+q 2). iii

a~ ~o .....
The true values-of the weights are

... 4d2I

01 . (mt+m 2) Ia . 20.0 04 = g(m -+-m2 )1i 196.2 L .. d2;.

2,,m2122=-10.0 05-0 98.1 0 1 2 3 4 5 6 7 8 9 10

03 = m21, It 10.0. tvi (Sec)

figure 3.3: Desired joint velocities.I-ilia control-law as slpecinied by eq. (2.4) is
2 -i

- dt.......- .. ... !. .. ..

where -• ei+e i , Kdl I  1000, Kd22 - 5', ad the learning - d1

;,lgoritlm . defined by (2,5) was used to .pdate the weight -2
iimutcs 0, with the adaptation constants K = ..0001. 0 1 2 3 456 7 to:stimtes Kiii (sac)

Nonlinear fuedforward network modules were -.- ,ed o"ine using
,Ie IP lcaming algorithm (12] to approximate sn(x) and x'y, figure 3.4: Desired joint accelerations.

where x ;ind y denote the inputs to the network. r-these modules
were then combined to implement the Yij q, ] functions iheoretically, a weight is guaranteed to be identified when
in (3.3). ele2=61ia2O.O0. However, in practice, due to noise,

disturbances or the inability to wait until all transients have died1 out,-exact tracking may not occur-and small tracking errors may

I



lead to small-errorsin- the identification of the weights. In- this
simulation, a weight-is-said to be identified when Maximum(Jell, 30

61 ,tl, :a2l) S;el 1 , where e101 a 0.01, and a further stipulation that -' - I
attempted identification of each weight is to last at least-3 seconds.
Furthermore, errors in weight identification may occur-due to-the to.
feedforward network modules only approximating the Yij(.) liii -

functions.
The time period corresponding to identification of 04 and 05 is t. ......

0 1 t < 4.2. As can be seen in figures 3.5 to 3.8, the weight -2o0 .'
estimation error for 04 and 05 tends to zcro as all joint-errors fall -30.-
below 0.01 at-t-4.2, but-does not reach zero. The time -period -30 .. all-

corresponding to identification-of 03 is 4.2 5 t < 8.3. Again,-the -40

weight estimation error for 03 approaches zero as all joint-errors 0 1 2 3 4 3 6 7 1 9 10
approach zero at t-8.3. weights 0t and 0 are identified during tme (see)
the time period 8.3 < t S 10. figure 3.7: Estimation error for weights 1,2, and 3.

0 .2 0 2 0I t- ! . ,

0.05 -30.\ . .-.-. .

0.00... .. ...... . 0

m o I I
~ ec to.................................. ...... .......... .::-! ..... .. ...-.1-

* fiue35 oncoriaeerr -.20 ]--'4-'_..9 ,i 22.1_--"-_l__.-

-00 -no
0 1 2 3 4 5 6 "7 8 9 o-90 ... ..l-. .. .l -

!lld-,e (.:ec) ......... . --...... 6
";1 1 0 . .....i.... .+..... .. ....... ..... ..... ...... ..

0 1 2 3 4 5 6 7 0 9 10
d= (see)

figure 3-S:-Estimation error for weights-4 and S.

0.10. 4. Cnnchiminn
0. 3 ...... . ...... ,.....l,:

0.00"- . . . We have shown-that-assuming a dynamic model for the plant
S-0.05 allows the design of a neurocontroller with guaranteed

-0.10 i ... I . .. performance. A neurocontrollcr has been proposed which-utilizes
- -0.15,available a priori knowledge of the plant dynamics- to -train a

-, ! - .. i number of feedforward--network modules. The output-of these==.o~~~- .20 , .... ..................... ... . . .
,cdules were combined-online in an output layer to-provide-theII ~-0.2 5~ ];; .... ........', :.-2!

i- I~ L ~ .. Jcantrol torques for a robot manipulator.
0.30 -I -I I I ! l A procedure for-the-design of exploratory schedules-for a 2
035. DOF manipulator-was-presented. Theoretically, the exploratory

0 1 2 3 4 5 6 a 9 10 schedule, when used in conjunction with the proposed
tL-n (see)

neurocontroller would-guarantee identification of the dynamics that
figure 3.6: Joint velocity error are not known a-priori. However, as shown by the-results-of-the

simulations, some error in-the identification does occur. This-error
is mainly attributed- to the approximations provided by the

feedforward networks. In previous work [15], the control
"ecture was employed using exactly computsd-values-of the

%'Y(.) functions -rather than- the approximatiorns providedby- the
network modules. Inthat case, identification of the-unknown
dynamics was accomplished using the same exploratory-schedule
as presented here.

I
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APPLICATION OF NEURAL NETWORK MODELLING A/ l.-,
FOR THE MUSCLE EMG TO TORQUE RELATION IN

THE ANKLE JOINT VL

L.M.Kent 2,3, Z. Ahmad1 , A. Guez 1, W. Freedman1' 2 ,3

'Dept of Electrical and Computer Engineering, Drexel University

2 Biomedical Engineering Institute, Drexel University
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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 torquemapping. 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, learning capability, and are3 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 robots 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 concerning the
basis upon which to build the controller of the limb muon. The need exists to develop a control
scheme for a multi-joint limb based upon anthropomorphic mechanisms.

I 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 Arm"(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 concerning 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 concerning 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 theproper relationship between EMG and force becomes even more complicated when non-isometriccontractions 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 internal 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 patterns across a network of cells. In distributed models, the strength of
patterns of activity over many units determines the degree of participation of these entities in functional
events.
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Neural net models are commonly used as pattern 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
documcnted (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 pattern recognition (5,12,14).

I 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
learning occurs by showing examples; 2. fault tolerance provided by massive parallelism; 3.
robustness to unmodelled parameters due to the network!. generalization properties; and 4. abundance
of local minima in the networks state space used for contunt addressability and retrieval of information
tinder noise and uncertainty (1 1,12,13).

In this study, we address the feasibility of designing a "neural network" which will obviate the
need to specify the EMG-force relationship a 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 neural network approach. The
outcome will be a more anthropomorphic limb which will benefit the fields of prosthetics, electrical
stimulation, and robotics.

3 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 learning rate and
momentum, two parameters of the model, were initially 0.4 and 0.8, respectively. The deared 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 I 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
model until the weights stabilized and the error (i.e., 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 E.NG-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

3 E. EXPERIMENTAL METHOD

The experiment was performed in the FNS Laboratory of the Philadelphia Unit of Shriners
Hospitals. A KinCom Robotic Dynamometer, 6 surface Electromyography (EMG) electrodes and
EMG amplifier system, MicroVax I1 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 agonistlantagonist muscle activity about the ankle
joint, were recorded on the subject's right leg using surface EMO 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 II minicomputer was used for data acquisition. Sampling rate for all channels (joint
angle, joint torque, . muscle sites) was 100 Hz. Data were transferred to a PDP - 11/73 minicomputer
for analysis.
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I . F. 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 0,50,100,200,400,600, 800, 1000,1200 N-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 U system monitor.

G.RESUlLTS
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 toW 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 I 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 learning.
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
learning. Figure 2 depicts the error, i.e., actual joint torque (o) - 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.

I ERROR DURING TRAINING PHASE
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3 Figure 2 represents the error during the training phase of the
backpropagation model.

I



* "Figures 3a and 3b, represent the same 100 presentations (of 4000) of the sorted training set at 1000
(during the Ist 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),117,000), the actual and calculated (via the NN) torque levels are similar. Comparing Figures 3a anda
3b, note that at 1000 presentations, the actual and calculated torque levels are quite dissimilar - learning
had not yet begun to occur.
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iFIGURE 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 feedorward to the network. Accuracy is determined
by comparing the calculated torque (+) (via the NN) which may be compared with the actual torque (o).
Figure 4a represents random input during operation, while Figure 4b represents a signal input,

composed of three torque levels.
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FIGURE 4. During operation, data are presented feedforward to the trained
network. Figure 4a represents a random Input of various torque levels, Figure 4b
represents a signal Input, composed of three torque levels.
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I '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 patterns should be available from a library of goal-directed solutions to motor
problems to accomplish a specific task. These learned 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 simultaneously 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 techniques 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 solutions (i.e., via the look-up table of weights) is addressed for the
corresponding output variable (torque).

__I

EMG Neural Network TORQUE

is a library of3 (!NTENT) (CONTROLLED VARIABLE)
II learned solutions

!

Figure 5. Neural network modelling for EMG to Torque
relation.
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I fEffective 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 learns to control the system while in operation. This is achieved
through heirarchy of control 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 Present robot adaptive controllers (see for example (2J, NI,
In this article, we explore the relationship of learning and (5]) use robot parameter update laws which rely on the

adaptation in robot control. Learning, in this context, is the assumption that the parameters are constants. Also, to guarantee
process of identifyig the robot dynamics and its interaction with learning, a trajectory which is "rich" enough to expose all the
the environment for the purpose of improved tracking over an dynamics of the manipulator is required for convergence of the
infinite horizon. Whereas, adaptation is the process of adjusting paramet" estim.es to thei true values. Richness of input refers
the controller to comply with the regulation and tracking needs t ctris to theitr alsinss of t reft
of the closed loop system. We thus demonstrate that learning ter
conflicts with adaptation in its tendency to increase the present adjustment mechanism is persistently exciting (see [61). If theI tracking error, due to the minimization of different criteria (Dual trajectory is not persistently exciting, stability is assured but OZ
control principle). leaning. Thus future tasks are performed with the sarne

Exploratory Schedules (ES) are reference trajectories which transient tracking errors.
are specifically designed to provide efficient closed loop We propose (see figure 1.1) that whenever it is possible :o

I learning. We relate ES design to the issue of input richness (or modify the input. e.g. prior to putting the manipulator to w't
persistent excitation). Our ES represents a weaker criteria than doing useful tasks or periodically when parameters change and
persistent excitation

A theorem regarding constructive sufficient conditions for the path planner is not demanding a new path, that ther will be a
I asymptotically stable closed loop learning is stated, and learning period where the controller learns the true values of he

examples of learning in I and 2 degree of freedom manipulators parameters by tracking artificially designed Exploratory
are given. Schedules (ES).

ES are trajectories specifically designed for asymptotc
learning of the system dynamics. Any trajectory that is

I. INTRODUCTION persistently exciting could be used as an exploratory schedule.
Adaptive control of robot manipulators has been the subject However, the synthesis of persistently exciting trajectories isI of much research in recent years ( see Ref. (I]). Adaptation, in generally not straightforward. In this article, we show how to

control, is the process of adjusting the controller to comply with construct Exploratory Schedules which guarantee closed loop
the regulation and tracking requirements of the closed loop learning. Our ES are not necessarily persistently excinng.U 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 Usr/Path PlannerI on the full dynamic model of the robot. Learning, in this context Adaptation
is the identification of the true values of the manipulator Desired Mechanism Actwl

parameters in closed loop operation.T etr
In operation, the controller is given a trajectory by a path Controller RobotI planner in order to accomplish some useful task. The controller

then adapts the parameters, on line, so as to satisfy the tracking ecploratory
requirements. If the parameters are not known exactly. there " ,dult ESI will be a transient period of tracking error while adaptation Generator

occurs. So that identification of the true parameters is desirable
for increased tracking precision. figure 1.1: Block diagranm of the proposed system.
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The rest- of the article is formatted as follows. Section 2 ontroller
presents the general structure and properties of a rigid iobot. For the system of equation t2. 1). define the virtual reference
Section 3 defines the adaptive control structure used, and trajeczory
presents sufficient conditions for global asymptotic learning of t
parameters which is not explicitly based on persistent excitation. qr qd A f0 e dt

Section 4 describes simulation results of learning with I and 2 A e
degree of freedom (DOF) manipulators. Section 5 concludes thc qt = e" A

~article. where % is an n x I vector of desired joint coordinates. e= q-qd,

and A is a positive definite matrix with constant coefficients.
2. RIgid Robot Dynsm;n Define the sliding surfaceI The closed form dynamics obtained by the Lagrange-Euler

formulation has the general matrix form of (71 se=r=4- q = i+Ae (3.2)

3 *D(A + C(q,4)4 + G(q) - t (2.1) Let the control input be

i where 6 = (q)4, + e(q,l)qr + 6 (q)- Kds (3.3)
Y(q.rq,,)Q1 - Kds

D(q) is an n x n matrix of inertial terms,
C(q,4) is an n x n matrix of coriollis and centrifugal terms, where 6(q), t(q,4), C(q) and 0 are estimates of D(q), D(q.4),
G(q) is an n x I vector of gravitational terms. D(q) and 0 respectively, and Kd is an n x n positive definite
q is an n x 1 vector of joint coordinates, matrix. The parameter adaptation law is
T is an n x I vector of forcesAorques,3 n is the number of degrees of freedom. - ; -I yT(q,4,4,,)s (3.4)

The formulation results in n second-order, coupled
differential equations. where the estimation error is defined as r.= -(.) ,and Ka

is an r x r positive definite matrix with constant elements.
Renarameterization Propertv of Robot Dynam cs

It-has been pointed out by a number of authors (e.g. [5]), heorem [8]3 that there ar properties of the dynamics that can be exploited for If r : n, and if
robot control. The reparameterization property is repeated here,
as it wiU be used in other sections. The property states that Rank I Y (qd d' d 1=r

v = D(q)4 + C(q,4)'+ G(q) - Y(q,4, 4,)0 I

where Y(q,4,4,d- ) is an n x r matrix of known functions and 0 is then the controller (eq. (3.3), (3.4)) guarantees global
asymptotic tracking and identification.an r x 1 vector of constant parameters. This property implies

that therobot dynamics may be viewed as a linear operator from Selection of Fxploratorv Schedules
a suitably chosen set of parameters to the joint torques. An implication of the theorem is that if r > n, a sufficient

3. Closed Loon Learning Via Exploratorv Schedules condition for k :n parameters to be identified is that they are are

In [2], an adaptivecontroller which guarantees global not in the null space of
asymptotic tracking was formulated. The controller is based on a t -> 00
knowledge of the robot dynamics structure and the use of sliding
surface control. A major advantage of this controller is that there Which implies that a desired trajectory may be chosen such that
is no need to measure thejoint acceleration. The convergence of columns corresponding to the k 5h paramcters arc lincarl,
the-parameter estimates to their true values, however is not independent, which will guarantee that the parameters are
guaranteed. In this work, the same control structure is used. identified. So that different time sections of the Exploratory
However, we-synthesize, whenever possible, the reference input Schedule (which specifies qd, . ) may be designed to learn
to guarantee both tracking and learning. different components of the vector 03 it its dimension exceeds n.
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1 4. SMLATMON REULTS 5

4A-
Maninilator with I ;OF - s

The first simulao n was & fm a single link manipulator
as shown in figur 4 .1 "l

i , 2I[ € '

II II-------------- - ----- - -

! -*

figure 4.1: Simulated DOF manipulator. )

1u n s f (4.1) figu : 4 2- Experim ent La
• 4

--r d2 + m g d sin(q), (4.1)

where, d - , g - 10, and m -2. The matrix of known .
fuicios sI In % I, U

Y(q, ) d2  + g d sin(q)], (4.2)

with m as the single parameter to be estimated. The control law
as specified by eq (3.3) is -t

[d2 q +g d sin(q)]- - kd(4-), (4.3) -2" "i"I 510 15

where 4 - d - (q - qd), kd = 1. and the parameter adaptation law
as defined by (3.4) was used to estimate m. where the estimate figure 4.3: Experiment lb.

is denoted as i. Manipulator with 2 DOF

The second simulation was done for a 2 DOF manipulator as
Inxpezirent Ia, shown in figure 4.4

dRank Y(qdq O 0LIim -> - , 9I '

w ich i less than r = n = 1. Notice in figure 4.Z, that even q1 1

though the tracking error does converge to zem the estimate of

Im does not converge to its true value of 2.0. IL

12 2
In experiment lb, T2 q2

=R" Y(q~qh -
4d = 0.0, qd . 1.0 = an qi ." =

figure 4.4: Simulated 2 DOF manipulator.

which equals n. In the second experiment. shown in figu.e 4.3, The dynamics of the 2 DOF manipulator are

the estimate of In does converge to its true value. Thus closed TI=D 11 41 +D 12 42+2Cq 14 2 +C ]22+G 1  (4.4)
loop learning is obtained. r2 = D12 a, + D22 42 C 41 2 + G2
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whem In experiment 2a,
DII = m 1112 + m 2  12 + m2  Y2 + 2 m2 11 l2 co)s(q2) ,  Yq
D 12 = m21Y + m2 0. l2 C+s(q2)' qd = 0.5, qd = -0.5 = L Rang-D22=- m212?, k i t-

03 = m2  sin(q2)0q2 ) which iequs than minimum(r, n) = 2. Nouce in figure 4.4, that

G2 - F m212 sn(q, + q2), even though the tracking error (which is not shown) does
converge to zero, the estimates of 04 and 05 do not converge to

with m' - m 2 = 100, I1 1.0. g = 9.811. the true values.

Tbe paamt and their tru values are In eprmnt 2b,

Ol=(ml+m2)l1220'0 04=g(mj+m2)lj=lg6"2 qd1 05, qd2=0.5 =* Ra.n t.>qf =2

02 - M2 42 - 10.0 05 - 9 m22 98.1 i >-

03 -M2112 -10- - (.5) which equals n. The linearly independent columns for

Wihleads to the reaaet o matri experiment 2b correspond to parameters 04 and 05. As shown
in figuze 4.5, the estimtes of 04 and 05 do converge to the tru

Y(qY11 Y12 Y13 Y14 Y15 (.6 values.

Y(q,4b ,4, ) [Y 2 1 Y22 Y23 Y24 Y(4.6)

200
where 190.+_ -'

160.Y12 - 2 2 - 4 1 +O~ 20150-

y23 - cos(q2 )41+ sin(q2) a12, 130

Y 14 = sin(ql), 120
Y14 - 01 Ito'

Y13 - Y2 sin(q'+q2). 90 .................................. ........... ,,............... 
, 
.... ....

0 I 2 3 4 5 6
The control law as specified by eq. (3.3) is t ee)

)figure 4.4: Experiment 2a.St = Y(q ,q ,, qf,' " Is,(.)

200 '3where 190.

Id - di--~ 00,50) 7

The Parameter adaptaicn law as defined by (3.4) was us~i to 150 - -

140I
U~da thePzmeter stiinates 0, with13
K&'1 - diag( 1000, 1000). 120 "....

110 "..

The dimension of Y(q,, in the 2 DOF case is 2 x 5 100... .......................
so that r >n, tnd at most 2 parameters can be guaranteed to be 90 ............ .... ........... ,"I
camci nmuianeousiy. 0 1 2 3 4 6

The initial conditions for both experiments (2a and 2b) are at tim 3ec)

q1(0)= q2(0)= 41(0)= 42(0)= 0. The desired velocities for both figure 4.5- Experiment 2b.
experiments is 4dj(O= 4a(0)= 0.
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I"
EIclprator schedule for the 2 DOF Manioulator Theoretically, a parameter is guaranteed to be identified

Selection of the exploratory schedule for the 2 DOI when

manipulator was accomplished by noting that columns 4 and 5 cl--2=i1=.2= 0.0.
U of (4.7) are functions only of position, therefore selecting H 0.0.d d2d d2=0.0. and qdl, qd2 such that columns 4 and 5disturbances, exact

arenonzeroasI, and. 61 , 61 ->0willsu that cum s 4 tracking may not occur and small tracking errors may lead to
are nonzero as € e1 , , e -> 0 will ensure that parameters 04 small errors in the parameter identification. In this simulaton, a
and 05 are identified. Next, selecting 4d1=4d2=O.0, and qdI,
qd2, 4dl, 4d2 such that column 3 is nonzero in the limit ensures parameterissaidtobeidentifiedwhen
identification of parameter 03. Then selecting 4 1 d2 such that Maximumt(le, le21 , 11, 162l) < ell,

columns I and 2 are nonzero ensures the identification of where etol = 0.01, and a further stipulation that attempted
parameters 04 and 05. The actual exploratory schedule is as identification of each parameter is to last at least 3 seconds.
shown in figures 4.6 to 4.8. The time period corresponding to identification of 04 and 0 5

is 0 5 t < 4.2. As can be seen in figures 4.9 and 4.11. the
4 .. .t , : . parameter estimtion error for 04 and 05 approaches zero as all

- joint errors fall below 0.01 at t=4.2.
3 .... Lqd2 JThe time period corresponding to idendtfication of 0 3 is

4.2 5 t < 7.3. The parameter estimation error for 03 approaches
- zero as all joint errot approach zero at t=7.3.i !I I l I I I

i; - -.-..- - .Parameters 01 and 02 are identified during the time period
I 7.3 < t:5 10.3.

0-i ' ~ ~ a'
i i i i i I I I I

1 I I I j I

0 3 2 4 6 7 8 9 10 0.25-

U me (see) 020I ".*', I , - -- F - , - - e r

figure 4.6: Desired joint positions during ES. - , e

0.15 -I ii

. ... .t1< - , , a . i ,
__ I ia a a I " ' a l

,,oto--------,-,--:-----. ---' [.. a-L- _L .
_1_l l I i i I . a ".I I

-2 --------- " o.0o--- 10...,i.,-r--I....'.---- --- l
_ _: S , i,

fiu4.7:I Deie j i veoIe duin ES 0.10- -- i I -,'-

0.00
""'-- --'-"l- 1-

I I . -0.05q-

-20 -..--............. :...-Ii0 1 2 407 8 9 1
-7 0.1...... -n5 (see)

tie(e) 0 1 2 3 4 5i 6 7 8 9 10

0i 1e 2(s45ee) 8 1 figure 4.9: Joint position error during ES.

Itime (5ec)

figure 4.7: Desired joint velocities during ES. 0.10 1 v eodn E
.O3 ": .... .... ... ............... . .. . - -. . .

l -- id l : '.., ... .. .. , . . .- ,.- .
0 5- 0 .0 5 ..L ...... ......... .. ..... . . .. . . .. .d 2 -0... .. .. . .. .. .... .

o .. . ..z .-........... ...... ............. ..... ... .. ........ .......... .

-0 . ....... ....... ... ....... ..... .... -0......2-0
0t .. .. .. . .. ... .. ...... ........ 0 1 ............ i ....... : ....... ......... ....
i , s . .. . ." , + - , ..' . . , . . + . , , . , -.- 0 .3 o0 ..- .. . ..... ... ...... ............ .... ... . ...... . ...... . .. .

I5
0 1 2 3 4 7 9 0 -0.35'

0 1 2 3 4 5 6 7 8 9 10
time (ec) tm.e (e)

figure 48: De'sired joint acceleratons during ES. figure 4. 10: Joint velocity error during ES.
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3__-___________-__ We have specified the ES as a desired trajectory that is to be
~~~25 - 01 .. ... ~ followed to do learning while the manipulator is not doing other

20---- useful tasks. However, a more appealing idea would be ro
------ 6integrate the exploratory schedule into any trajectory that is

---------.. specified by the path planner. The ES would take the torm of an
." exploratory (or probing) signal into the desired trajectory to

0 -7 cause asymptotic learning. The injection of exploratory
-J.- .--..-. "- "-.---".. .schedules in this manner would be sirmlar to the concept of dual

-10 ..... ... :. .. . ....... ..... ........ control (see Ref.(9J) in that the probing signal ES ;s combined
. . .... with the so called cautious signal.

-20 t

0 1 2 3 4 5 6 7 8 9 10Idme (see) BERNE
figure 4.11: Esimation eror for parameters 1,2 and 3. (1] Hsia, T.C.. "Adaptive control of robot manipulators-a

review," IEEE Int. Conf. Robotics and Automation, San

20 - - - i - - - r - - Francisco , 1986.
10 --- -- . .-. . - -- (2] Slotine, J.J.E., and Li, W., "Adaptive manipulator control: a

-0 " -- ' .. case study," IEEE Trans. Automatic Control, Vo. 33,
-20 --- *--' no.1 1, p. 995, 1988.
-30 - . (3] Li, W., and Slotine, J.J.E., "Indirect adaptive robot

t -50 ... ' control," IEEE Int. Conf. Robotics and Automation,
-60 -/- Philadelphia, PA, 1988.
-70 .-" -. ._-'*.--'._.[4] Crai, J.J., Adoptive Control of Mechanical Manipulators.
-90. - - - Addison-Wesley, 1988.
100 .5) Ortega. R., and Spong, M. W., "Adaptive motion control of
-10

-120 -- T--..... v"'r . .... "rigid robots: a tutorial," Proceedings of the 27th Conference
0 1 2 3 4 5 6 7 8 9 to on Decision and Control, Austin, Texas, 1988S(sac) (6] Narendra, K.S., and Anncas~amy, A.M., Stable Adaptive

figure 4.12: Estimation error for parameters 4 and 5. Systems. New Jersey: Prentice-Hall, 1989.
(7] Paul, R.P., Robot Manipulators: Mathematics,

Programming, and Control. Massachusetts: The MIT

5, Press, 1981.

In this article, we explored the relationship of learning and [8] Guez, A. and Selinsky, J., "Design of Exploratory
adaptation in robot control. We have shown how the design of Schedules in Learning and Adaptive Robot Control,"
ES a essential ptof co n . We have related ESdesign submitted for publication.
toeS iss n essiastect oletaion. Whve reateds ES desie [9] Stengel, R.F. Stochastic Optimal Control: Theory and
to the issueof persistent excitation. The ES represents a weaker Operation. New York: John Wiley & Sons, 1986.

criteria than persistent excitationi
A theorem regarding constructive sufficient conditions for

asymptotically stable closed loop learning was stated, and
examples of learning 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 practice, due to noise and
disturbances, exact tracking may not occur and small tracking
errors may lead to small errors in the parameter identification.

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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UNSUPERVISED PARALLEL DISTRIBUTED COMPUTING ARCHITECTURE
FOR ADAPTIVE CONTROL

Izhak Bar.Kana and Allon Guez

ECE Dept., Drexel University, Philadelphia, PA 19104

II,(t) - A,(x)xt(t) + B,(xju1(t) (3)
ABSTRACT yt(t) - C,(x)xt(t) + Dt(x1 t)(t) (4)

An unsupervised parallel distributed adaptive controller for
nonlinear systems is proposed. It is shown to provide bounded
tracking and asymptotic regulation following an arbitrary where xt(t)e Rat is the state vector, y1(t)E Rm is the output
'teacher'. A two degrees of freedom robotic simulation example vector, and u,(t)e Rm is the input com.and vector, and where
is provided. A,(x,), Bt(x,), C (x.), and Dt(x) are uniformly bounded matrices

of corresponding dimensions. It is emphasized that the
dimension of the model is unrestricted, except that dim(yt)

1. PROBLEM FORMULATION dim(y) = m.
n PRsEd dO MU TIN The parallel distributed adaptive controller has structure

An unsupervised distributed parallel computing architecture similar to the LMS adaptive layer [Widrow, 851, and to many
is proposed for the adaptive control of nonlinear dynamic other neurocontroller architectures (Guez, 88J. It receives the
systems of the class input 'features' vector f(ut, xt, y) and generates as an output the

i process contorl vector u, where
i t) = A(x)x(t) + B(x)u(t) (I)
y(t) a C(x)x(t) + D(x)u(t) (2) u(t) - K(t)f(ut, xt, y) (5)

where K(t) is the adaptive gain matrix of appropriate
where x(t) E R is the plant state vector, y(t) a Rm is the output dimension. Each Ki- gain monitors the sensitivity of the i-th
vector, and u(t)e Rm is the input command vector, ard where control loop, namely ui , to the j-th feau- . f the system,

A(x), B(x), C(x), and D(x) are uniformly bounded matrices of namely fj(u, , t). The Kij gain adjusts its value
corresponding dimensions, independently of T and simuhanosly with g ai l other gains,

The proposed controller is depicted in Figure 1 below: It according to:
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 KI(t) - Mij(t) + Nij(t) (6)

subjected to. M(t) = cti(yti " Yi )f: (7)
d Nij(t) ="ijNij(t)+ yij(Y " -Yi )fj (8)

l where aij, Pij and yij are positive constants. We emphasize that
the adaptation law (6)-(8) is performed in parallel and in .a

Ab distributed fashion, that is, the Kj gain only needs data
CuhU from the j-th feature and i-th output components.

REtuu (3-) EqL 5,-) E (1tz2 Thus, very large scale dynamic systems may be considered for
this controller. The adaptive gains consist of two terms: a
"proportional" term, Mi,(t). and an "integral" term. Ni(t.
Notice that the role of the teacher (3)-(4) is to demonstrate to
the adaptive coatroller what should be the appropriate and
desired response yt for any specified reference input ut. Since
the teacher's model is incorporated in the controller structure

Fig. 1: Proposed Adaptive Controller (Figure 1), it yields the so-called 'unsupervised' learning or
h adaptation.

The teacher dynamic model is assumed to have the following For the above described control architecture we use reLent

representation: results by (Bar-Kana, 87, 89b] to show that, under some
realistic assumptions, large classes of nonlinear plants of the

This paper is based upon research supported in can by Drecl form (1)-(2) with adaptive controllers of the form (5)-i Uan

University's Stein Fellowship Foundation and by AFOSR Grant perform good trajectory tracking and also guarantee robust
No. 890010. adaptive stabilization in the presence of,'ny bounded input

TH02824/89/0000/017401.00 © 1989 IEEE 174



commands and input or output disturbances. Furthermore, this define y.(t) = y(t) + K'lu(t). and use the adaptive algorithm
adaptive controller has ben shown to have good graceful
gegradadotin ( or fault r~sistant ) properties with control failure u(t) =- K(t)ya(t) tI I)
or fast changes of plant parameters (Morse and Ossman. 19891.

with the integral adaptive gain K(t) = Nt) given byMAIN RESULTS ga

We describe below a summary of our main results T
-.garding the performance of the controller in (6), (7), and (8). .(t) = y,(t)y,(t)1

We will assume that if the plant is stabilizable the resulting
stable configuranti is "exponentially stable" as defined (where I' is a selected positive definite scaling matx) or tfor
below: each scalar gain)

DEFINITION I (Hahn, 19671: Let the general nonlinear
system be represented by the n th-order vectorial equation

(t) = f(xt) and let x=O be an equilibrium point The dTNiJ = itai (13)
equilibrium point is called 'exponentially stable" if all'M iplagoth(1)13gurnesbndns f

I The simple algorithm (11l)-(l3) guarantees boundedness of

solutions x(t) satisfy the relation lx(t)l 5 a Ix(O)l e'o t for some all values involved in the adaptation pro,'ss, namely, states,
scalars a > 0 and P > 0. outputs, and adaptive gains, and asymptotically perfect

THEOREM I (Hahn, 1967]: Let the right hand of the regulation for the augmented system (Fig. 2)

equation i (t) f(x,t) have bounded continuous first order
partial derivatives. Let the equilibrium be exponentially
stable. Then there exists a Lyapunov function V(xt) which AUGMENTED
satisfies estimates of the form PLANT D=K

1.1 ai lx(t)lN 2: V(x, t) < a 2 lx(t)l2

1.2 '(x, t)i - a3 NO I 2 U()I1.3 1&V(Xt) 0 a4 ION ) 2 , i=1.2 ..
for a,, a2, a3, and a 4 positive constants.

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 F ",4
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 Fig. 2. The closed-loop control system.
autonomous system (1), with u(t) N 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) W A(x)x(t) + B(x)u(t) (14)
and then '(x) = xT(t)[(x) + P(x)A(x)+A T (x)P(x)]x(t) y(t) =C(x)x(t) (15)
or i(x) =- xT(t)Q(x)x(t), we will use in the subsequent
discution the following assumption: Y.(t) = y(t) + K u(t) = C(x)x(t) + K" u(t) (16)

ASSUMPTION 1: Exponential stability of the such that y(t) -4 0 and y,(t) - 0 as t -4 -. The gins
autonomous system (1) ,with u(t) N 0, implies existence of ultimately reach some constant values which allow perfect
Lyapunov functions of the form V(x) = xT(t)P(x)x(t) and regulation.(Appendix A).
derivative of the form ,x) = _ xT(t)Q(x)x(t), where P(x) and We want to use the stabilizing nonlinear algorithm t 12 1. in
Q(x) are positive definite for all x E Rn. combination with other adaptive terms in order to implement a

stable trajectory-following adaptive algorithm. Let the teacnerAfter establishing the basic definitions and facts, we can genre trajector ies thatgthe plantrmustLeolloweLht
start presenting the properties of the adaptive controller. The generate the desired trajectories that the plant must follow Let
following result shows the stabilizing properties of the main T T T
part of the adaptive controller that we propose. f(ut, xt, Y) = I (Yt y) , X u, ]T (17)

RESULT I: Let us assume that the plant where the feature vector f(ut, xt. y) uses all values that can bemeasured, like the input commands, the teacher's states. and(t) = A(x)x(t) +- B(x)u(t) (9) the tracking errors. We could try to use the adaptive algor..thm

y(t) = C(x)x(t) (10) KiJ(t) = Mij(t) + Nit(t) (18)

can be stabilized by some constant output feedback, K,. In MKJ(t) = ai,(yq - yi )fj (19)
other words the fictiticus closed-loop system is dexponentially stable according to assumption I. Let us "-N(t) =',J(Y - Yi )J (20)
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for perfect tracking in idealistic envionments, 1. wever, we it x2 (21)
are aware that (18')-(20) must further be adjusted to be
applicable in realistic environments. It is clear that the perfect = D'1[ut + xlx4(Bt "B3)sin(2x3)J + e(t)(

integrator in (20) increses without bound whenever perfect
tracking is not possible. Since the nonlinear system includes X 3 : x23)
uncertainties that we do not assume to know or identify, and
since moreover, input and output disturbances may usually be Xi [U2 - (x/2)(BI - B)sin(2x 3)1/B -,. -d,(t) 2.4)

present. we do not start with the proof of perfect tracking, where
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 D = At+ m 1:t + BIcos'x 3 + B3sin'x 3,I the adaptation process like states, adaptive gains and errors, Lt = 0.1 m", A, = 0.01 kgm, mg = 0.6 kg,
and tracking with arbitrarily small tracking errors. Perfect 2  

2

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 The output measurements are
is the addition of the by-pass term - iN1i(t) to the right term of y, = + dol(t) (25)
(20). and get the complete algorithm

RESULT 2 : Under the assumptions of result 1, the
adaptive algorithm (5)-(8) guarantees robust stability of the Y2 =X +d d(26)
system (14)-(16) [Guez and Bar-Kana, 19891. (26)

Let us assume that the plant needs some general dynamic where di and do are the input and output disturbances. The
configuration to reach stability. Specifically, let H: (Af, Bf,, teacher was given by the simple decoupled model:
Cf,, Df,} be some LTI dynamic feedback controller that
guarantees that the closed loop system is exponentially stable2
according to assumption 1. Then we can state the following iW(t) t (27)
rult: . 0 1

RESULT 3 : Let G(.) be some nonlinear system of the
form (9)(10) and let H: (Af, Bf,, Cf,, Dr,) be a stabilizing
controller under assumption 1. Then, the adaptive algorithm 1 0

(5)-(8) guarantees robust stability of the augmented system yt(t) = (t) (28)
i - G(') + If1 [Guez and Bar-Kana, 1989].

More important, when improper linear controllers H am and it was tested with demanding square-wave input
needed to stabilize the nonlinear plant, we can use their proper commands.
inverse in parallel with the plant. This way, we only use the In paralel with the plant (21)-(24) we employ the
knowledge on the existence of an improper controller and supplementary feedforward (Bar-Kana, 87, 89a]
actually use a proper configuration in parallel with our plant.
Specifically, as in the case of nonlinear robotic manipulators, 01 01
PD controllers of the form H(s) = K(l+qs) can stabilize them ipltrand if K is very large, we can get very good ..(s = 0 0.011 ,' (9

tracking in ideal situation. However, in practice we do not want s +s us(
to use differentiators or high gains in control loops. In our
approach we only use the knowledge on their mere existence to Supplementary disturbances were added to check robustness
implement simple first order polcs of the form W1 D

parallel with the plant, where D= K1 can be a very small gain. 5 0.1* d11)( o3) 0)

Notice that we do not guarantee any more that the plant is .J0 sin(L0t) ; 2 = in((30)
perfectly tracking, because the best we can obtain is 0.2 sin

y&(t) = y(t) + Du(t) - yt(t), although we actually want and the adaptation coefficients were
y(t) - yt(t). Still, if the maximal admissible gain K,,. is large
compared with the gain of the plant. then 1, =yj= I00.; 3i =0.1 (31)
y = y(t) + u(t) - y(t). For a quite common example,
assume that the gain of the plant is I0 and the maximal Results of simulations are shown in Figure 3. Figure 3a
stabilizing gain K.. = 100. Then we use D = I 11I0 = 0.01 in compares the first plant and model output. and fiure 3b -ows
parallel with 10 and, as the references show. ,,t) - y(t) for all the second output. Figure 3c shows, ,or ilustration, the
practical purposes. behavior of the adaptive gain K,,(t). It can be seen how the

adaptive gain moves up-and-down in order to m:intain small

EXAMROBOTI E..LE tracking errors. Figure 3d represents the norm of all plant
The proposed controller (5)-(8) was applied :o the nonlinear states, to show that no hidden state diverges. The input
robotic system [Desa and Roth, 19851: disturbances were introduced from the start and the:r effect is

hardly felt at the output. The output disturbances vere then
introduced at tt = 0.l6sec and t, = 0.23 s. All values remained3l-,ded while the plait tracked with small errors, although we

m . i1"6



used only position (no velocity and no acceleration) outputI measurements.

I I __

I - - ., -", _-- .)

I a) d -

I - --I . 3./

I - - - ° "" - -- -

IFigur 3. Example: (a) Output y(t), yl(t):

(b) Output Y120t), y2(t); (c) Gain K22(t):,

(d) N1ornm of all plant states.
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CONCLUSIONS already that the gains are bounded. Second. x(t) i 0 implies y(t)
This paper presents a parallel distributed computing architecture x 0, which implies i (t) m 0 and then N(t) = constant.
for adaptive control. Starting with-some prior assumptions
about stabilizability of the plants it results in a stable Theefoti, N(t) ultimately reaches sonm constant vaiue such that
unsupervized architecture. The feasibility of the method is the plant is perfect regulator, as the theorem claims.
demonstrated on an exam"ple of robotic manipulator. REFERENCES

APPENDIX A -PROOF OF RESULT I Bar-Kana, 1. (1987) "Parallel Feedforward and Simplified
The control system with the adaptive controler (18)-(20) is Adaptive Control." International Journal of Adaptive

C,,;trol and Signal Processing, Vol. 1 No. 2, pp. 95-
109.

j(t) = A(x)x(t)- B(x)N(t)y(t) Bar-Kana, I.(1989a) "On Positive Realness in Multivariable
=A(x)x(t) -B(x)KC(x)x(t) B(x)KeC(x)x(t) -B(x)N(t)C(x)x(t) Stationary Linear Systems," Proceedings of 1989
=[A(x) -B(x)K.,C(x)Jx(t) -B(x)(N(t)-KjC(x)x(t) Conference on Informational Sciences and Systems.
=As(x)x(t) -B(x)[N(t)-KJC(x)x(t) (A. 1) CISS '89, Baltimore, Maryland. pp.-383-388: also (full

report) Technical Report, Drexel University.
Bar-Kana, I. (1989b) On Passivity of a Class of Nonlinear

y(t) = C(x)x(t) (A.2) Systems, Technical Report, Drexel University.
Guez, A., and Bar-Kana, I.(1989) Unsupervised Parallel

Distributed Computing Architecture For Adaptive
Control, (full report) Technical Report, Drexel

We must prove stability of all the values involved in the University.
adaptation process, like states, outputs, gains. Let us select the Desa, S., and Roth, B., (1985) "Synthesis of Control Systems
quadratic Lyapunov function for Manipulators Using Multivariable Robust

Servomechanism Theory," International Journal of
Robotics, Vol. 4, pp. 18-34.

V(t) =xT(t)P(x)x(t)+tr[(N(t)-K,)F'I(N(t).K,)T] (A.3) Guez, A. (1988) "Neurocontrollers," NSF Workshop on
Neurorobotics, New Hampshire, 1988.

Hahn, W.-(1967) Stability of Motion, Springer Verlag, New
where tr denotes trace. Notice that the second term in (A.3) is York.
only a short notation for the sum of all terms of the form LaSalle, 1. (1981) "Stability of Noautonomous Systems,"
(Nii(t)" K-1 ] 2lyi, Therefore, (A.3) is a positive definite quadratic Nonlinear Analysis Theory, Methods and Applications,
function of all states and adaptive gains. The-derivative of the Vol. 1, No. 1, pp. 83-91.
Lyapunov function is Morse, W., and Ossman, K. (1989)- "Flight Control

Reconfiguration Using Model Reference Adaptive
Control," Proceedings of 1989 American Control
Conference, Pittsburgh, Pennsylvania, pp. 159-164.

,tt - xT(t) P(t)x(t) + xT(t)P(x)i(t) + T(t)P(x)x(t)- Widrow B. and Steam S. (1985) Adaptive Signal Processing,

+ tr[(N(t) -K l &T (t)]+tr[(t)r*(N(t) _ Kj] Prentice Hall.

= x'r(t)[ t(t)-. P(x)A,(x) + AT(x)P(x)]x(t)
-xT(t)P(x)B(x)(N(t)-Y.JC(x)x(t)

xT(t)Cr(x)[N(t)-K.jTBT(x)P(x)x(t)
" tr[(N(t) - K)r"'ry(t)yT(t)]
+ trty(t)y (t)lT " (N(t) - I) TI (A.4)

By using (14)-(15) we-get

VW(t  xT(t)Q(x)x(t) - 2xT(t)CT(x)[N(t).IC(x)x(t)
+2xT(t (x)[N(t)'KJC(x)x(t) = -xT(t)Q(x)x(t) S 0(A.5)

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 t (t) 5 0.
The-selected positive definite quadratic form of V(t) then
guarantees that all states and- adaptive gans are boundcd. The
trajectories ofthe adaptive control system finally reach the region

defimed by VW(t) a 0 (LaSalle, 1981).

It is easy to see that '(t) -0 implies xti -0. Therefore, if
we ignore the adaptive gains, the plant- is asymptotically perfect
regulator, but what about the gains? First of all, we proved

178

I



*)

ASELRO-LXJ ERTARCIrrECr.1RE FOR OBJEC~r RECOGNMON
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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 pattern

prototype set of synthesized binary images placed at arbitary
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%

I respectively.
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A NEURAL NETWORK APPROACH TO TARGET RECOGNITION

Sanjay S. Kumar and Alon GuezI Deparment of Electrical and Computer Engineering
Drexel University, Philadelphia PA 19104

U
Associative neural networks operate by correlating input data

ABSTRACT with internally stored templates to determine best match. This

tpocorrelation is performed almost instantly with essentially no
In this paper an approach for distortion invarnt target searching or sequential testing and is in the form of anSidentification and target classification based on the Adaptive association between the vast army of information that describes
Resonane Theory-II (ART-1f) is presented. Ile neurall network the current situation and its approximate context. Such networks
employed eemonstrates fast unsupervised learning coupled with process more information and exhibit a higher degree of fault

stable retention and retrieval of information. To keep the tolerance.
dimensions of the network to a bare minimum and to speed up Most associative neural network models that are employed in
the computational process as well as to achieve invariance, six feature extraction and object recognition involve an explicit

distortion invariant features ar. extracted from each target image learning or training session. Duing training they have to be
and are used as network inputs. These continuous valued specifically familiarized with the objects in the problem domain

features are derived from the geometrical moments of the image. they are expected to identify. This training procedure is usually

The ART based target recognition system, (ATRS) can be used lengthy and restricts the process of recognition to only those

in two different modes a) as a target classifier and b) as a target features that have been learnt by the network. To circumvent
recognition system. Several parameters associated with the these drawbacks, we have considered a neural network

network itself, allow for greater flexibility in feature architecture based on the Adaptive Resonance Theory-Il to solve

manipulation. The performance of the ATRS is compared with a the problem of on line target recognition. We have shown in
similar system empioying the Multi Layer Perceptron, (MLP) this paper that this network gives an improved performance that

with the Back Error Propagation learning algorithm. The ATRS reflects significantly upon the processing power and speed of

is found to perform better on three major counts: Speed of computation.
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 2. PROBLEM STATEMENT
ATRS to ensure stable and consistent performance.

Fast image identification and interpretation is crucial for any

. intelligent, real Cme, target recognition system. Accuracy of
1. Ntarget identification, noise tolerance and the capacity to handle

Te problem of recognition and image interpretation is an old image distortions are aspects that play an equally important role
in their design. We have proposed an implementable, yet

one. It involves two major components: a) preliminary simplistic scheme for target classification and target recognition

processing, involving extrapolation of information from given in the form of the ATRS, that has associated with it, some of

I sensory dat leading to an intrinsic image and b) knowledge the attributes mentioned above. The ATRS treats a target as a
based interpretation of the intrinsic image yielding information collection of sensory data describing the object represented in the
about its ontentsIl ][12. What is new is the deployment of fom of an image or simply a scanner photograph of the same,ivaried associative neural network models that attempt to solve detached from its background. Given a set of target images the
the problems associated with area b) mentioned above, recognition system, as a target classifier, is expected to classify

the target images into appropriate target categories without any

This research was partially supported by a grant from the Air external supervision or prior learning. No restrictions are placed

Force, Grant No. AFOSR 890010. on scaling, translation and orientation of the target image and the3amount of admissible noise.
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In the recognition mode, thc set of all possible prototype target TO,..ih nt MMerAL ting nreoroce CA r:

i images encountered in the problem domain, called the protOW

set, is presented to the ATRS prior to any testing. This One of the primary issues involved with the problem of image

supervised modc of operation enables us to associat with each interptaton is that of coding information contained in the

prototype category estAthed. a target nSne or identific doa intrinsic image. Coding reflects directly upon the size of is

number. L.earning of thpaw"p feams is expected to take network. its storage capacity and the speed of computation. We

place on a single preseni of the prototype set. Once the have i.ticted ourselves to the use of features of the intrinsic

prototype categories ate established, the ATRS is called upon to target image ismad of the image per se. The moment generating

correctly identify any given target image that may be a distorted preprocessor takes a two dimensional M X M image of the
or noise prone version of the prototype. target aW encodes it into a compact feature vector comprising of

six components. This feature vector is derived using a set of

3. ______b Q DIE Alanonlinear moment invariant functions defined on the geometrcal

3.TIELEMENATArON OF TH; AThS moments of the target image(1] 4 [1(31. These features arm

Stranslation, onentaton and scale invariant. They were introduced

Pn this section we psent our i approach to the solution of the by Hu and were later applied in aircraft identification by Dudani
problem stated in section 2. Figure . is a general schematic et.al.(3(5]. The moment generating preprocessor used in the

diagram for the Art based Target Recognition System: ARTS is different from the one used by Stephen Grossberg and

UGail Carpenter (9], that employs the Fourier Mellon invariant

filter to achieve 2.D spatial invariant image coding. However, in

either case, the target image has to be isolated from the image

I ______0 H background before it can be input to the moment generating

ART-1f 1 preprocessor. On the other hand, this problem can be

OLASSIFIER circumvented by determining critical settings of the vigilance

and noise tolerance parameters associated with the network

itself.

F r 1Given a two dimensional M X M image g(x.y), (g(x.y),x.y

Figure . Schemac of the ATRS. 0,1 ...... M-1 I the (p+q)th geometrical moment is defined by:

M= xPy g(xy) p.q=0.1, 2 ...

Scale invariance is achieved if the M X M target image is

Functioning of the ATRS: mapped on to a square defined by X and Y belonging to [-1,+1].

I The grid locations will no longer be integers but will have real

When used in the target classification mode, the ATRS is values in the range (-l,+ I.

presented with a stream of differently oriented, scaled and .1

translated binary images of targets. These images are quickly m,=1 xhyqg(x,y) p.q = 0, 1,2...

encoded by the systems moment generating preprocessor and are

passed down to the ART-11 classifier that instantly classifies the To make the moments translation invariant. the central moments

images into appropriate target categories. The output of the ar defined as:

ATRS is a category siructure that describes which of the input .4 ,,

target images belong to which category and the number of "P= e (x.x)P(y --y)g(x,y) pq = 0,1,2...

different target caegories established thereof. In the recognition

mode, the ATRS is first presented with the prototypes before it K - 0 and  -n
is called upon to identify an arbitrary target image. It should be y =

noted that the ATRS is sensitive to novelty. If a particular target Scale invariance can also be achieved by taking into account the

.go ha t n ,f,. 'r dunng t-ht nrn0ntvn central morents with:

presentations, a new target category is established.The output of

the ATRS in this mode is the identification name or identification f2,=-j-B and B =P q + I

number of the input target image. The various components of the 5 2o

ATRS are described in the following sections:

I
I



3 A set of nonlinear functions defined on f2pq that are invariant " Y
to rotation tranrslation an scale changes have been derived in < 23

(l].The first six functions Ar:

I M f '~ 02 )+4Qi gtiLr i  2jf /2= - Ca' 2T )2+ 40, a " bf -i

f4- '12)2+ C8 2V

f s - ( f I 3 f l ) ( 1 3 1 ) ( ( 0 , t 0 ) -3 ( 0 n + i+
(3 02rfl=)(Oa fl& () [ 3( fl Q,2)'-( i le 24

f 6- (ta % .QM ( 03"22 o,)(22f '2 1 +

40 u( 0 a ,2)( ')C- 122 )

m The feature vector representing the target image is given by: Figure 2. ART-.1 network topology.

Log IPil. i=1 ...... 6 For the convenience of the reader. we present the network

equations as in (61, below:
The local STM activities pi, qi,ui,wi and xi computed at stage F1

3 The ART.I clasifier: are as follows: For i - I ....... M and j - M+l ....... N where,

M: number of FI input channels and N: number of STM nodes

A neural network based on the Adaptive Resonance Theory-fl is at stage F2

adopted as the primary classifier in the ATRS. The Adaptive pI= u g(y )zi q--
Resonance Theory-I is a neural network architecture that is vi

capable of learning recognition categories. Recognition u,= e + I.. v,= f(x,) + bf(q,)

categories are described as subsets of environmental input w

patterns, continuous valued in the case of ART-l, that share w 'i + W

invariant properties. The network extracts and learns to (All equations are expressed in a dimensionless form)

recognize these invariants to enable self organizanon and self v, represents the L2norm of the vector v. Vector norms are

stabilization of its recognition codes in response to an arbitrary shown as large filled circles in figure 2. while the transfer of

sequence patterns. Recognition codes are represented as stable information within the network is represented by the

states and their spontaneous emergence through the systems corresponding arrows.

interaction with the environment is described as self f(x) = 0 if 0< x < 0
1 ifx>o

organization[61[7][8].
The network used comprises of six input channels at the STM STMparad eters:a=10.00 b=10.00 c=0.1 d=0.9 (0<

stage designated as F1. These input channels are directly linked d <1)
to the ATRS moment generating preprocessor. The number of nois e torcpet

nodes at the STM stage F2 is kept as a variable depending upon Ii  Input vector component

the the number of prototype target categones that are to be 7_j : Top down connection weights
established. An important aspect of the network identification Zi: Bottom up connection weights
process is the determination of critical settings of the various
parameters associated with the network. One such parameter is The SIM Equations at stage F2:
the associative vigilance parameter that determine- how fine or

coarse the learned categories will be. Another parameter Tj = ; Pi Zij Tj = max (Tj: = M+I ......... NiI ass ciated -th the nem-ra.k is dhc noise tolerance panuncter that
determines the level of noise tolerated by the syster. The ART. g(yj) =d if T = max (Tj : the jth F2 node has not been reset
. network topology used in (7)(6), is shown tn figure 2: on the current trial]

U 0 otherwise

I
I



The vigilance parameter associated with the network allows for
feature manipulation. It defines how coarse or fine the

The order of presentaton is unimportant Target images also recognition categories will be. If the vigilance parameter 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 simulation 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

': ma2 . . ttuaa O mW-& 0 images, the rotations, the actual target category and the category
M 1W Is iS Wie1 established by the ATRS are shown in Table 1. 1.

rxet 1 rget 1. 1 a.e.t 1.2

A comparison of the ATRS with the Multilayer Percepnon
using the Back Error Propagation Learning Algorithm is
summarized in Table 1.2(141. The data set used in the
comparison is kept the sane. Seventy two target images with

Il 0 .. 25' variable percentages of noise and distortions are presented. TheUi.s e Mise 19 lout i various parameters of the network are kept fixed during the

.. .. - " -"-.I - . presentations.3a.Xot 2.1 lrxet 2.2 vZet 2.2

Figure 5. Examples of target images (rotation and noise)
I C 0 M ? A R I a 0 IT T A ]1 L E"

The ATRS is capable of identifying all these target images with a NETVORX O( # utMr i U o(pato 6 te 4 sX ' fit
near 100% accuracy. When a new target image, one that has not 0 72 1o0 o0
been seen by the network before, is input, the ATRS establishes BEP 3000 1 72 97.1, 4.0

Z 7Z 95 5 10.5a new target category to represent it. In the on line case, when 3 T 72 91 2 197
the prototype pattern set is not determinisuc and is not presented 0 72 100 000
before testing, It should be noted that the category structure ART-1I 1 . 72 100 0.00

2 72 too 2.54
established by the ATRS for a given set of target images is 3 3... 72 100 397
different from the one established when the order of presentation
is altered. In this situation, the ATRS establishes a separate Table 1.2: Performance comparison of the ART-I1 with the BEP
target category for the first target Image presented. If the
following target image is the same as the first or is a distorted 5. DISCUSSION
variation of it. the ATRS groups it %ith the diready established
target category associated with the image. In :he default case. We have shown in this paper a new technique for the
when the following target image is different from the one implementation of a neural network based approach to on line
seen before, a new target category Is established. target recognition and target classificanon employing a neural

A disadvantage in employing the ART-I! as dhe major classifier network model that is capable of self organization and fast

in the recognition system, as it is used in the proposed model, is unsupervised learning. A comparison with another popular

the its incapacity to handle noise beyond a fixed percentage, model, the BEP. has brought into sharper focus some of its
problem is related to flixng the atentional vigilance and the noise attributes. The approach taken is straight forward and simple,
parameters during the recognition process. Future work in this direction includes integrating the ATRS withI

I
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M 0 M E H T S TA OETS 

FEATURE VICTOR CONDITIONS

f 3 4 a f6 mtI "is# ACTUAL ATRS

3.035 2.513 -2.685  -1.146  -3.061 0I0 0 0 I.I 1.I

3.828 4.815 3.746 0.125 2.061' 2.532 0 0 1.2 1.2

3.051 4.622 2.345 -2.027 -2.138 0.104 0 0 1.3 1.3

2.256 2.122 -1.510 -7.077 -12.39 -7.773 0 0 z.1 2.1

2.784 1.770 0.119 -2.316 -3.414 -1.431 0 0 2.2 2.2

2.626 1.9r34 0.092 -3.476 -5.167 -2.499 0 0 2.3 2.3

3.013 2.502 -2.605 -0.960 2.904 0.291 25 0 1.1 1.1

1805 4.850 3.727 0.046 1.930 2.470 25 0 1.2 1.2

3.013 4.526 2.344 -2.135 -2.036 0.122 25 0 1.3 1.3

2.266 2.179 -1.705 -7.206 -12.33 -6.986 25 0 2.1 2.1

2.781 1.679 0.149 -2.386 -3.505 -1.547 25 0 2.2 2.2

2.622 2.003 0.182 -2.893 -4.250 -1.895 25 0 2.3 2.3

3.826 2.535 3.302 2.721 2.009 3.eS4 0 1.0 1.1 1.1
3.425 3.279 0.140 2.992 4.558 4.623 0 1,0 1.1 1.1
3,956 4.422 4.541 0.181 1.388 2.365 0 1.0 1.2 1.2

3.296 3.952 3.841 3.299 6.206 5.262 0 1.0 2.1 2.1
3.450 2.061 3.409 3.459 3.264 2.715 0 1.0 2.2 2.2

3.460 2.496 2.715 0,294 1.439 1.435 25 1.0 2.2 2.2
Table 1. 1: A crosseVon of simulation data
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ACCELERATED CONVERGENCE IN THE INVERSE KINEMATICS
VIA MULTILAYER FEEDFORWARD NETWORKS3 Allon Guez and ZWdn Ahn

Depauet of Eetia n optrE~ern":' Drexel University, Philadelphia, PA 19104

Astrct A variety of procedures for solving the inverse kinematics of
these robots have been developed [2],[10]. Robots having finite

A hybrid approach to the iterative solution of robotic number of solutions have been usefully employed. The limitations to
manipulators has been presented. In this method a Multilayer successfully operate only such robots is largely due to real time
Feedforward Network (MFN) is trained to provide an approximate controllability. The class of robots that do not have a closed form
solution to the inverse kinematic problem of a robot. This solution, also called unsolvable manipulatorr, require iterative
approximate solution is then utilized as the initial guess to the procedures in order to obtain the joint values that will position tke
iterative procedure which provides the solution within some endeffetor in the desired position and orientation.
specified tolerance. Examples involving the PUMA 560 robot are
given. Since the time taken by the MFN to provide the initial A robot with 6-DOF is required in order to arbitrarily place
estimate is only a fraction of the time taken by the iterative an object in a 3D space. The class of 6-DOF robots for which
procedure to reach a solution, this combination can be usefuly closed form solution to their inverse kinematics exists is small.
employed in order to decrease the time for obtaining the solution to Moreover, the inverse kirematic solution of these robots is usnallythe inverse kinemetic problem in robotics. very involved and requires some intuition into the kinematic

structure. The 6-DOF robots that do not have a closed form solution

1. IntrodudLiol are usually solved by iterative procedures such as Newton Raphson
and gradient descent methods (4]. Robots having greater than

Among the methods of controlling a robot the inverse minimum number of DOF necessary for their task are called
kinematic method of control when fully utilized requires a total redundant robots. These robots are solved either by fixing the
knowledge of the kinematics of the robot. A robot is composed of redundant DOF and solving the remaining joints in a closed form
links' connected in the form of a chain with the so called 'joints' manner, or by using iterative methods so as to obtain & solution.
also known as the degrees of freedom (DOF). The determination of
the position of these links in space, given the joint displacements is This paper discusses problems in using Multilayers
called the 'forward kinematics'. The problem of finding the joint Feedforward Networks (MFNs) to learn the inverse kinematic
displacements from a specification of the desired endeffector's solution of robots. Also shown is the computational efficiency
position and orientation is called the inverse kinematic problem achieved when MFNs are used as an initial guess for the inverse
(IKP). kinematic solution by iterative methods. An example involvingPUA560 robot illustrates this poeue

The task of a robot requires it to manipulate different objects. PUA_60rootilusraesthsroedre

These objects are represented in a single coordinate system or 2. Problem Sttement
multiple coordinate systems related to each other with a single
(global) coordinate system. The handling of the objects is done by The forward kinematic problem may be defined as: given 'q'
the hand or the 'endeffector' of the manipulator. The necessity of the the it dimentional joint variables vector, find X' the m dimentional
inverse kinematics is thus a natural consequence. Unlike the forward endeffector position and orientation specificaton vector in the Work
kinematics problem the IKP usually does not have a unique Space. This can be expressed as
solution. Moreover if the system is underdetermined it will have X = f(q) (1)
infinite number of solutions. This later type constitutes the where f is a nonlinear, continuous and differentiable function
redundant class of robots (4],[13]. 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' theResearch Partially supported by grant No. AFOSR8900. n dimentional joint variable vector. That is to say to solve Eq. (1) for
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q-given the vector X. angles. For a particular type of solution the entire joint range for
q -f'(X) (2) each joint may not be covered. Thus only portions of the maximum

-Contrary to the forward kinematic problem the IKP in general does joint range may be utilized. These portions if disjoi;t need to be
-not have a unique solution. In the method proposed in-this paper trained by separate networks. This problem will be further clarified
only the forward kinematics is utilized to solve the -inverse in the next section.
kinematics of a robot.

Th e~kAhiem
". Proped Metod he proposed MFN architecture, shown in Fig. 2. consists

of n (a number of joints) cluster of networks each cluster consisting
Our approach to the solution of IIP of robots involves an otKi networks. Where Ki is the number of disjoint regions in the

iterative procedure for which the initial guess is given by trained solution of the i th joint, where i varies from I to n. There is a pair
MFNs.-Fig. 1 shows that the iterative method using the initial guess of output nodes for each Kith network, one of which is trained to

give the solution to the joint variable T and the other is trained to
% -indicate the validity of the solution given by the first node. This

X validity may be taught by making the 2nd node to give a 'high' if the
solution lies in the domain of the corresponding Ist node and a
'Low' otherwise. The input nodes are equal to the dimension of the

Fig. 1: Schematics of the proposed method employing the f(q) vector. Also two layers of hidden units am employed. All nodes
MFN to provide the initial guess q0to the iterative have a symmetric sigmoidal activation function [121. In order to
procedure. have the solution to all the possible types we would reqvire L such

networks, where L is the number of types of solutions.

qo given-by-the MFN. TheMFN is provided with the desired 1 2 ... n
-positionandorientation 'Xd' of the endeffector of the robotandit

provides-the estimate q0 of the joint angles. Tis estimate is utilized ... Outputs
-by the iterative procedure to provide with a solution q that satisfies a-
specified tolerance for the position and orientation -of the .. ffdML"W.endeffector. O :PitNd

The MFN is trained in a supervised manner using MultpleLayers

-multilayered BEP Algorithm. The training data constitutes the f6(q) -npUt : Sinle Layer
vector as the input and the corresponding 'qn' vector as the desired

-output of the network, where the subscripts signify the dimension of Fig. 2: The Architecture of the Network.
-the vector. This pair of data can be generated using only the forward-

-kinernatics of therobot. The problem related to a,.m'Ary- data points The training of the network consists of the supervised Back
is that in general there are more than- one- so:.ion- to the inverse Error Propagation (BEP) algorithm used to tran the output nodes
-kinematics of a robot, which requires us to s;cct ,nly one "type'of corresponding to the joint values, given by:
solution out ofall the possibilities as the a1..3a-set. Each q =ql q2 ... q] T  (3)

'type' of solution is bounded by the so te.: J ..-. r r,:ons fir -he disjoint region of solution related to the position and'
which -correspond- to the rank deficiency of "-e .j.,,,an of the orientation specification of the endeffectorXd which is provided to
manipulator [13]. Thus the data set corlrespo:'g . :o one type of the input layer-nodes. The position specification consists of the

-solution can -be generated by starting at-an .fniuratin/joint (xy,z) displacement of the origin of the coordinate system attached
:values, and storing the relevant data while :. nt:ng in joint to the endeffector with respect to the work space frame. The.

-space and at each-step ensuring that the jacot"n -n notrnear rank
-deficiency. The rank deficiency of the jacobian . in enas,; .efied orientation specification consists of ( ,e,), the Eulerian angles [21.

by taking thedeterminantof thejacobian (J) or' '-t of 'JJT) in case Xd ([0 e V x y Z]T (4)

ofunder/over-determined manipulator andcmparing-.he resut i os is the rotation about t
-with zero. Where the superscript indicates the -..;ansnxe opeantion. .u a, a is the rotation about the O W axis , in the '-OU -axis, and-41 is the rotation about the OW axis, in the -gven '

3 Another problem encountered is in the range-of the-joint sequence, in endeffector's frame of reference.
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g Iteratve roce~reAlso the-results thus obtained were compared with the conventional3. The-schematics of the iterative method is shown-in-Fig. 3. method of Iterative method alone. The-PUMA 560 robot consists of
This procedure, commonly called the Newton Raphson -method '6' revolute joints. The first three joints, that correspond to-the
utilizes the linearized approximnation as given below. Waist, Sholder and Elbow motion, contribute mainly in positioning3 (%~()) + JXq().Xt)) dq(t0 a0 (5) of the endeffctor. While the last three joints correspond to the-Wrist
E~q. (5)-is solved for dq~t. which is the change in the q(t) required to motion and contribute mainly in orienting the endeffector. This

giv-&-eter stmat fo te jin vaue. n jontvarabes re manipulator -wats chosen for ease- of generation of data- andfl giveda ete s timatel orwhson ale.T ejit aibe verification of results since It has a closed form solution. It has eight

q~~l q(t q' t) (6) solution-for a given positon aid orientation signified by RightLeft.-
q~tI) q(0 Shoulder, Above/Below -Elbow. -and Up/Down - Wrist. TheI: training data corresponded to: LEFr Arm, BEIOW Elbow and-UP

0 Wrist configuration. The PUMA 560 parameters were taken-from
reference 12), page 37. However,- in the simulations the joint limits
used for the 6th joint were -1800 to 1800 Instead of -2660 to 2660.

3,than one--disjoInt region in which -the -solution for a particular

4 Solconfguraion lies.in te cae ofPUMA 560 with theabv
cosdrdconfiguration the values-for joint number 6 li n-two31dson rein.-n crepns to(-K2 to -)and teote

q+1 In~ or c aff se t we wer able These need-to be trained separaely.. But
in ur as wewee aleto combine tetwo by transforming these

two reinsb -d- respectively so that now they lie in the 1st
4 an the4thquadrant instead of 3rd-and-2nd quadrants and-thenFind: trained them with a single network.

xII The-retwork-in this case consisted of 6 input nodes-one
No Chkoutput node each for the 6 joints and two hidden layers for each joint

Xd.X= consisting of.-32-nodes in the first layer and 8-nodes in the second-
-Yes layer. The- standard Back Error Propagation algorithm was- used

with learnsgrate of 0.1 and the-momentum term as 0.2. The

-END -training was--done for 138 persentaidonof the data set-which-3:consisted -of 8001 samples. The averag-e-error and the standard
Fig. 3: -Flow diagram for the iterative prcJ..r:o:"ind- deviation of the error in the solution given by the MFN for eachijoint

the joint values, taken over-100-samples is given -in- table-1.-Froim table 1 it is se-enI that the soluion-given by MFNs is-more-scattered for Joints 4-to-6Here, d(f(q(,))) is the 6 dimensional -differe- ::il Nlstion & as compared with the joints 1 to 3.
ofientAtionvector. J(q(t).X(t)) is-the-(6 x n)- -a. -:a at %.,f :heImanipulator-signifying the rates-of each elenme-s o, f' ~t Table I: Statistics of the solution-given by The MIFN.

-respect to q().-Where 'n' is the number ofjoints o-1,,rmponds Ero in Derees3 t the-incremental change required- in the joint .j-:es *o satisfy Joint -

equation (5 for a 'better' solution. The subscrr c C esponds -.o # Aeae Sadr eito
time steps. Here it may be mentioned-that-only -:e iro6' et!;e of the 1 4.06 13.428
forward kinematics of the robot is sufficient tor i-c s.-'-uat:on of -- ________

f~) nlq%.2 -0.16 30.492

4- jq 3 .~66 61.-236

The solution to the inverse kinematics has I'een pf' ;iously -5 -3.70 24.9123 V~for2and DOFmanpulators (5].- The Kinematic S, .icrure of
* I'MA 5640 robot by Unimation wa usdfrte-oo e .6- -6.02 36.828
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For the purpose of comparison as to how good is the initial Table 2
guess provided by the MFN, we presented the initial guess as the #of Iterations
actual solution uniformly perturbed randomly between a fraction of Method Average Standrd Deviation

corresponding to each fraction. The average number of iterations for Proposed 9.96 12.95

the 100 samples presented for each fraction of perturbation of this Newto n 18.90
Informed Newton Raphson Method (INRM), indicated by INRM, is Raphson 21.09

plotted in Fig. 4. For these same samples, requiring the positioning

and orientating of the endeffector, the guess given by the MFN was f ui
also presented to the iterative method as the initial guess. The

corresponding average of the 100 samples for the solution to the A new approach to the iterative solution of robotic

initial guess provided by the MFN is also included in this Figure manipulators hs been presented. This approach makes use of the

which is indicated by MFNNRM. From Fig. 4 it is seen that the trained MFN to provide the initial guess to the iterative procedure. It
average number of iterations for MFNNRM correspond to less that has been shown through examples with the PUMA 560 robot that

20% perturbation with tespect to the joint limits about the actual the proposed method achieves at least two fold computational
solution for INRM. In the simulations Eq. (5) was solved by Gauss efficiency, where the te taken by the MFN to provide the initial
Elimination method and partial pivoting. The maximum number of estimate is only a fraction of the total time to reach a solution. Future
iterations allowed for the iterative method were 100 The iterative efforts will be directed toward achieving better estimates by the
method was successfully teminated when the norm of the difference MFN and to the learning of the solution to the 1C? of redundant
between the desired and actual endeffector position and orientation robots.
was less than 1.OE*. Rz.m.

30 ________ (11- W. Mel Bartlett, "MURPHY: A Robot that Learns by Doing,"--0' Renort N. tIUCDC-S.R.88-1397. Dept. of CS, Univ. of
---.- Avemp FNRM llinois at Urbana-Champagn, Jan. 1988

25 . AvauMPNNRM I[2] K.S. Fu, R.C. Gonzalez, and C.S.G. Lee, RoboicsContl
25 ' ' ' ' + ' Sensing. Vision. and intellifence, New York, NY

t993A 449~ McGraw-Hill Book Cmpanv-97
201 (3] C. George, "Calculating Robot-Joint Coordinates From Image

Coordinates" NASA Technical Briefs. MFS-27194 Marshall-
.1207 1 1 - Space Flight Center.

.~1- - - - - 4] Andrew A. Goldenberg, B. Benhabib, Robert G.Fenton, "A-
Complete Generalized Solution to the Inverse Kin-ematics of

io0 .Robots," IEEE Journal of Robotics and Automation. Vol.
RA.l, No. 1, pp 14-20. March 1985.

S5] Allon'Guei, and Ziaudc6'Ahmad, "'Solution to the Inverse
- .. - - -Kinematics Problem in Robotics by Neural Networks," --E

International Conference on Neural Networks. Vol-11,
617-624, July 1988.

-o -~.-- -[6] Michael 1. Jordan, "Supervised learning and systems with
0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8- 0.9 -1.0 excess degrees of freedom," COINS Technical Renort 88.27,

Per Unit of Joint Limits MIT. May 1988.

Fig. 4: Comparison of the proposed method with informed (7] Alan Lapedes, and Robert Farber, "Nonlinear Signal
Newton Raphson Method. Processing Using Neural Networks Prediction and SystemModelling," Los Alines National La!bratoaY, July 1987.

[8] Rachid Manseur, Keith L. Doty, "A Fast Algorithm- for
Inverse Kinematic Analysis of Robot Manipulators," I.I Lastly, the proposed method was compared-by giving-a -International Journal of Robotics Research, Vol. 7 No. 3,
pp:52-63, June 1988.

fixed estimate to the iterative procedure. This Fixed Estimate-was [9] Richard P. Paul, Bruce Shimano, Gordon E. Mayer,
"Kinematic Control Equations for Simple Manipulators," ME-

taken as: 01 = 0, 62 = 0, 03 = 7r/4, 64 - 0, 05 = -,,and06= 0, Transactions on System. Man. and Cybernetics. Vol;
SMC. 11, No.6. pp:449-460, June 1988.which is a configuration corresponding to hich- the MENzwas- (10] Richard P. Paul, Robot Manioulators: Mathematics.

trained, as indicated in the begining of this section. The-average-and Programming. and Control.Cambridge, MA : MIT Press,

standard deviation for the number of iterations for the proposed- (11] David E. Rumelhart, James L. McClelland, and the PDP-
method and the Fixed Estimator, in a run of 100 data points is given Research Group, Prallel Distributed Processin

-Exoloraions in the Microstructure of Cognition. Vol.-1 and 2,
in Table 2. From this table we can see that the proposed method- Cambridge, MA : MIT Press, 1986.
achieves more than a two fold efficiency in computingwithmore 2] W. Scott, and B.A. Huberman, "An Improved Thre.Laye

Back Propagation Algorithm", IEZELFi ta Ln.
consistency. Moreover, it was observed that the time taken-by the -Conference-on Neural Networks, Vol-U1, 637-643, June 1987.
MFN equals two time units of the iterative procedure, which (13] Tzila Shamirand Yosef Yomdin,"Repeatability of.Reundant

-Manipulators: Mathematical Solution of the Problem, -I=
amounts to less thn 10% of the time required to get the solution by Transactions on Automatic Conttol, Vol. 33, No. 11,I
the Fixed Estimator method. pp:1004-1009, Nov. 1988.-i 11-344
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-On Learning in Neurocontrollers

A. Guez, Z. Ahmad
ECE DepL. Derexel University

Exploratory schedules (ES) are reference input trajectories designed to-enhance Ehe 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 enors. 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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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
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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.I
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HYBRID EXPERT.NEURO CONTROLLER FOR ROBOTS

1. Bar-Kana, A. Guez,_and- LRusnakI ECE Dept., Drexel University, Piaelha PA 19104.

I ABSTRACT

A hybrid n.1 ,raI network and c\pert system based controller is designed for-the

control of rigid -robot manitulator-,. Tlhc cutuposition of neural net and expert system

technologies -is -used to combine the ,trenuth-of-both. The nieural network based-module

deals well with -continuou adapZ01tation to siiuall and-contintios parameter perturbations in

I the robot dynamics II.I.-and w~ith improved lmranieter identification. The expert system is

3 capable ol handling a-low-ordkr. di~ wntimnus and-complex set of model and-environment

parameter changzes via a et ot lpre~tored rules -realizing informed sequential decision

making expertise.

The combination of the',e nmodules has-the-potential of improving the- perf'ormahnce

I fadaptiv robot-control ler,, unkcr omplex task-requirenievts in changint- environments.

when various -objective,,. _ h .,, 1%cfornance, stability'. id.-ntification. error-redu[ction.

noise robustness, task \ trt ;' :home dominant. The fina-l pr1oduct is an Expert

System that coordinates til , k: cat 1'ci \ eN of the task,, of a robot durinue its life cycle.

I [I- A. GUez and I. Bar- K.:: "T &.:' .L',rce-of-frieLdom -Robot Ne urmcontrol ler." Conf. onl

Decision andfControl. I lu- c' K)

~2IJ. .Slinkv nd . t~z he :c,(o Apriori -Knowledgue of Plant Dynamics in

3Neurocontroller Design." I-ni D ec:i'on and-Control, Tampa. Florida. 1989, lp-.

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 environment 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 coprocessor 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 deterioration in the patient's condition.

Bibliography:

1. Cooper, J. B., Gaba, D. M. (1989). A strategy for preventing anesthesia accidents.
lot Anesthesiol Clin. 27, 148-52.

2. Gaba, D. M., Maxwell, M., DeAnda, B. S. (1987). Anesthetic mishaps: Breathing the chain of
accident evolution. Anesthesiology. 66, 670-6.
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VITAL FUNCTION STATUS - A Comprehensive Display
To Enhance Decision Making in Anesthesia and ICU i 31

3 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.

It is estimated that between 2,000 and 10,000 patients die in

I 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 change is detected, the systemIdisplays the parameter that first deviated. This allows for the
causal event to be more easily identified. This will assist the
anesthesiologist 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)I
F. Ahmed*, 1. Nevo+, A. Guez*

I *Electrical and Computer Engineering Department

Drexel University, Philadelphia, PA 19104

+Anesthesiology Department
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ABSTRACT serial communication ports. The expert system consists of two

units: Patient Status Unit (PSU) and Inference Unit (IU).
The anesthesia environment is a dynamic and stochastic

system where an overwhelming amount of data is constantly ANAA OPERATION
displayed. Nevertheless, prompt decisions ought to be made and
subsequent ueament should be applied. We propose the ANAA
(ANesthesiologistes Adaptive Associate) which is an adaptive Patient Status Unit (PSU):
realtime ert system. The system contains a set of Reference Values (RV).

These consists of normal ranges (matched for the patient's age

INTRODUCTION 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

The anesthesia environment is a dynamic and stochastic vital signs values. During the anesthesia new data, as well as
system in which the anesthesiologist has to make decisions computed values (e.g. compliance, resistance etc.), are
promptly to prevent disasuous outcomes [1). Throughout the compared to the RV and to previous values. Subsequently,
surgical procedure, the anesthesiologist has to maintain the individual danger level for each vital sign is computed; all the

patients vital functions stable and withir) normal ranges, and to danger levels are condensed to give a ,tigle...4Lwla

prevent a change in any vital function 4.hich usually propels a oarameter. The displayed new parameter is a tmant
deterioration of other vital functions' Vital Function Status (VFS).

The human brain is capable of perceiving on the order of nfence Unit (/U):
seven informational inputs concomitantly and processing This unit contains the anesthesiologist's expertise.The
effectively only 2 or 3 at one time (2]. Moreover, sharing the danger levels of each vital sign will be sent to this unit. Once a
attention reduces the efficacy of such performance (3). The deviation from normal is detected IU will display the following:
anesthesia workstation often consists of seven to eight monitors a) the first parameter that changed, b) a list of differential
each one displaying multiple numbers and waveforms in diagnosis (ranked according to their life threat potential, and c) a
different formats. The physicians task is further complicated by list of proposed actions to correct the deviation.
the scattered information and the responsibility of watching the The [U will be adaptive in nature, i.e., it will suggest
patient as well as the surgical field. As a result, too often times course of actions drawn from a knowledge base, which can be
t physician performing his duties reacts, remotely in time, not updated and refined through a learning loop based on real time
to a cause of an initial problem but rather to its consequence. performance criteria. The IU will compare its suggested actions

To enhance the anesthesiologist performance and to to the action taken by the anesthesiologist. If they are different
improve the patient's outcome we are developing and the anesthesiologist's action brings the patient to a more
ANesthesiologist's Adaptive Associate (ANAA), an adaptive desirable state, then the knowledge base gets updated.
knowledge based, real time expert system (See figure below), This system will not use any probabilisic or statisticalthat will work in association with the anesthesiologist, methodology, rather it will be based on correlation analyses. It

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

ANAA DESCRIPTION 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,

*The system is described in the figure below. It consists of otherwise, may overlook. The adaptive learning loop will make
monitors, data acquisition hardware, signal interfaces. PC, it more flexible. Overall, it will enhance the quality assurance
expert system software, feedback loops for knowledge base and will improve patient outcome.
refinement and an elaborate display. The hardware consists of
IBM-PC AT (w/ Intel 80286) interfaced with seven monitors
through analog [/0 board (Analog Devices) and three RS232

I
I



I Optional

NoiseDipayR

AN A Figure: ANAA s Archiectre

I REFERENCES

(11 L.E. Widnian, "Expert System Reasoning About Dynamic
Systems by Semid-quantitative simulation", Comp. Meth.
Prog. Biomed. Vol. 29(2), pp. 95-113: 1989.

[2] G.A. Miller, "The Magical Number Seven Plus or Minus
Two: Some Limits on Our Capacity for Processing
Information", Psych. Review Vol. 63(2), pp. 8 1-97.
and Human Performance', eds. K.R. Boff, L. Kaufman

and JP. Thomas, Vol., Chap. 2, pp. 4- 17 (John Wiley &IosNwYr,18)



I t~NT. 1. CONTROL, 1990, VOL. 52, NO. 1, 77-99[3 ]

Simple adaptive control for a class of non-linear systems with
I iapplication to robotics

1 €IZHAK BAR-KANAt and ALLON GUEZt

I 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' co-ifigur-
ations that may facilitate the implementation of simple robust adaptive controiiets.
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 1. Introduction
Most adaptive control techniques (Landau 1979, Astr6m 1983) assume prior

knowledge of the order (or an upper bound on the order) of the unknown controlled
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) arid 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.

(c) 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;
I 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-
suits (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 et al. 11982, 1985) which are both stable and minimum-phase, and could
have been controlled even by a controller of zero order (constant).

Recently. it has been shown for stationary and non-stationary multivariable linear
systems (Bar-Kana and Kaufman 1985 a, Bar-Kana 1986 a, 1987 a, 1988 e, 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 iniial knowledge. The stability of a
non-linear adaptive control system is guaranteed if the inverse of some stabilizing
configuration ii used as parallel feedforward to augment the plant-to-be controlled
(Bar-Kana 1987 a. b. 1989 c). The (multivariable) augmented controlled system is now
called *almost strictly passive' (ASP), because it has been shown that there exists some
positive delinite static (unknown) output feedback, such that the fictitious resulting
closed-loop ,sstem is strictly passive (also strictly positive real. in linear time-invariant
systems). and strict passivity is characterized by some relations which guarantee the
robust stabilht of non-linear controllers.

In other %%%wrds. the passivity (or positive realness in stationary linear systems)
conditions required to guarantee the stability of a non-linear adaptive control system-i are in fact .i ,l:itcrent and equi..ent formulation of the basic stabilizability properties
of the plant :,, he .ontrolled. 'The result is a simple and robust direct model reference
adaptive con r,,l i l RACI algorithm, and its applications now include non-minimum-
phase and un,table, non-stationary or non-linear examples of missiles. flexible struc-
tures. motor%. helicopters, manipulators, and other servo systems. In fact. the appli-
cations people are now trying to collect the most ditficult examples that can be-found.
The simphit, ,,f implementation may make it attractive for engineers with practicalwihpacia

-I
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3 applications on their mind, although theoretically one can ask: 'How do you know
that the system is stabilizable?' 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 selectI 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, lh 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 plant 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(I - s,s o) (Kidd 1985, Slotine and Li 1988, Bar-Kana et al. 1989). However,
while Kidd I1985)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 in parallel with the plant. This way, although we only use position measurement
sensors. v,e still get the effect of the desired differentiators without really differentiating
(Bar-Kana 1987 a. 1988 a, 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 is now called to fit the right gains to the right situation in order to
minimize the tracking errors (Bar-Kana 1987 b).

I
I
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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 explainsome 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 practicalI' 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,1 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 aI 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 show
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 is 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

S,(t) = Ap(x,)xp(t) + Bp(x)up(t) (I)

I
I
i
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y'(t) = C,(x,)x,Q() + D,(x,)u,.(t) (2)I ~ ~where xP(t) e R", y.(t) e Ri', u,(t) e F, and where the matrices A,(x;,), B&(A)
* Cj(xp), Dj,(x,) are uniformly bounded. We use the not necessarily strictly causal form

(AP(x,), Bp(x,), C,(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 (DP(xO)=

I Definition I
The system (1), (2) is said to be almost strictly passive (ASP) if there exists a positive

definite static feedback matrix K, such tha the resulting closed-loop system is strictly

passi .ve (SP) (Fig. 1).

DI

3 K

Figure 1. First strictly passive configuration.

-I It is easy to see that by using the controller

up(t) =-Kqya(t) + u,~(t) (3)5 we get the following closed-loop system (Fig.-2)

4()= AP,(xp)xp(t) + B,(x,)up,(t) (4)5yJOt = CP,(xp)xp(:) + Dp,(xp)up,(t) (5)

where

Ax)= Ap(xp) - Bpx),(pC~p (6)

K,,(xp) = K,[1 + Dp(xp)K,) - = (I + KeDp(x,)] K, (7)
Bp,(xp) = Bp(xp) [I + KDp(Xc) - (8)ICp,(xp) = [I + Dp(xp) K,] - I C(xp) (9)
Dp,(x,) =U[ + Dp(xp) Ke] - IDp(xp)-= D,(xp) [I + KDp(xp)] (10)Iwhere Dp(xp) > 0 and Dp,(xp) -.: 0, which means that D,,(xp) and Dp,(xp) are non-

singular and positive definite for all xP, e Rt".
The strictly passive system (4), (5) satisfies the following relations (Willems 1972):5P(xp) + P(xp)A,(xp) + A T(XP) p(XP) = - Q(xp) - L T(XP )L(xp) (11)

P(xp)B,(xp) )=CT (p) - L T(XP) W(Xp) (12)

I ~ ~~D(xp) + DPC~ T(~ ~~ (13)
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B ,)C

3 Figure 2. Second equivalent strictly passive system.

for some uniformly bounded positive definite matrices, P(xp) and Q(x,), and some
matrices L(x,) e R' and W(x,,) e R.' and where

dP(x,) aP(x,) dx,
dt ax,, dt

It is easy to see (Willems 1972) that relations (11)-(13) are equivalent to the
following Riccati equation:

1 P(x,) + P(x,)A,,(xp) + A T(xp)P(x,) + [P(x,)B,,(x,) - CT(x,)]

x [D,,(x,) + DC(x,)]- 'fB (x,)P(x,) - C,,(x,)] + Q(x,) = 0 (14)

In strictly causal systems, when Dp(x,) = 0, the strict passivity relations are:

P(xp) + P(x,)[Ap(xp) - Bxp(x)K.Cp(x,)]

+ [Ap(xp)- Bp(xp)KCP(xp)]T p(x,) = -Q(xp) <0 (15).

P(xp)Bp(xp) = CT(xp) (16)
Relations (I5), (16) can be obtained directly from (14) which, when D,(x,) is singu-Ii lar, cannot hold unless (16) holds, and then (15) follows immediately. Let us also

assume that Bp(xp) is of maximal rank. In this case, (16) requires that Cp(xp) also be
of maximal rank and that5Br(x B(Xp) P(xp) Bp(xp) > 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 equationi (t) =f(x, t) and let x = 0 be an equilibrium point. The equilibrium point is called



U Simple adaptive control for non-linear robotic systems 83

exponentially stable if all solutions-x(t) satisfy the relation Ix(t < aix(O)N exp (-Pt) for
some scalars a > 0 and P > 0.

Theorem I (Hahn 1967)
Let the right-hand side ofi(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) 011x) 2 < V(x, t) al2 x(t) 2

(b) V(x, ) < 3 1x(t)1 2

I (C) V(x, t) < 4 ,Ix(t)2
' 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 V(x,) = xT(t)Pxp(t)
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(xp)= xT(t)P(x)x,(t), and because then
V(xp) = xT(t)[P(x,) + P(xp)A(x,) + AT(xp)P(xp)]Xp(t)= -x(t)Q(xP)Xp(t), we re-

strict the subsequent discussion to system that satisfy the following assumption.

Assumption

Exponential stability of the autonomous system (i), -with up(t) 0, implies the
existence of Lyapunov functions of the form V(xp) = xT(t)P(xp)xp(t) and a derivative
of the form V(xp) = xT(t)Q(xp)xp(t), where P(xp) and Q(xp) are positive definite for
all xP e R ". By using the same Lyapunov function with the non-autonomous equation5 (1), it is easy to see that exponential stability implies BIBO stability.

Lemma: Almost passivity
Let Gp be any non-linear system of the form (15), (16). Let H be some stabilizing

linear controller for Gp, and assume that we use the inverse of H in parallel with Gp,
so that the augmented system G. = Gp + H has the form G, ={Ap(xP), Bp(xp),
Cp(xp), Dp(xp)). Then G, is 'almost strictly passive' (ASP). In other words, the aug-
mented system G, satisfies almost strict passivity relations of the form (I 1)-(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, Km,, 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 yp(t) = C,(xp)xp(t) we
now control the augmented output y.(t) = yo(t) + Dpup(t), the lemma is especially

I useful in systems that maintain stability with high feedback gains. In this case, the

I
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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 1/100 =
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 almost 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. In realistic environments we must take into consideration the input and
output disturbances, and therefore our augmented ASP controlled plant has the
following representation

4(t) = A,(xp)xp(t) + B,(xp)up(t) + di(xp, t) (18)

y3() = Cp(xp)xp(t) + D (xp)up(t) + do(xp, ) (19)

where the matrices Ap(xp), Bp(xp), Cp(xp), and D,(xp) are uniformly bounded. We
assume that d,(xp, t) and do(xp, 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

.i,(t) = Am(xm)xm(t) + Bm(xm)um(t) (20)

S.(t) = Cm(Xm)Xm(t) + Dm(x,)u.(t) (21)

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 %4e represent it in the general, non-linear form only for the sake of the
generality of the solution.

We now define the output tracking error

ey(t) = y.(t) - yP(t) (22)3and use the foilowing simple multivariable adaptive control algorithm (Fig. 3)

I
I
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3 (Bar-Kana and Kaufman 1983, 1985 b, Bar-Kana 1987 a)

up(t) = Kjt)ey(t) + Kx.t(t)x(t) + K,.(t)u,.(t) = K(t)r(t) (23)

K(t)=[K,(t) K .(t) K.,(t)] (24)
rrt)[T (t)[ ) xT(t) uT(t)] (25)

where the adaptive gains are computed as a combination of 'proportional' and
'integral' gains:

Kp(t) = [eyft)eT(t) r, ey(t)xT(t) r., ey(t)uT(t)r..j =e,(t)rr(t)r (26)

3K 1 (t) = ey(t)rT(t)r - aKI(t) (27)

K(t) = Kp(t) + Kt(t) (28)

3 where r and r are selected positive definite scaling matrices.

I, IK
mK

5 Figure 3. Complete adaptive control system.

The basic algorithm (23)-(28), without the a-term in (27), was introduced by Sobel
et al. (1979, 1982) and extended by Bar-Kana ant.. Kaufman (1983, 1984, 1985 a). The
gain K,,(t) 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 andeven achieve perfect following in ideal clean environments (Bar-Kana and Kaufman

1985 a).
The a-term is a 'forgetting' factor (loannou and Kokotovic 1983) that avoids

divergence of the integral gain in the presence of disturbances. Since it is only a low-
pass filtering of ey(t)rT(t)r, 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 KP()
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
(L~andau 1979).

rhe elliciency of the integral term K,,(t) was also recently demonstrated
GNusbaum 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 gi'es the necessary theoretical background for the successful applications of the

;I I
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algorithm in non-linear or non-stationary systems (Bar-Kana 1987 a, b, 1988 c, 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 (Astr6m 1983, Anderson 1985, Bar-Kana 1988 b,
1989 c, 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 result, 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 (ya(t) = 0, K(t) = 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 r and fl, 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 Kmin. As shown below, we can use this value to
totally eliminate the bursts.

If we replace K,,(t) in (24) by

3Ke,(t) + K0  (29)

U
I
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where Ko is any stabilizing gainIKo >t Kmin (30)

then the bursting phenomena are eliminated, because if either I1y,(t)I, IIK(t)ll or
=IK(t)y(t)I become small, the adaptive system enters the domain of attraction of the
equilibrium point (y,(t) = 0, K(t) = Ko) (Appendix C). Since it can be shown that the
equilibrium point (xp(t) = 0, K(t) = Ko) 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,
KminKmax, which is admissible with fixed controllers, does not guarantee stability

*with non-linear controllers (Aizerman and Gantmacher 1964), stability is guaranteed
in tlhe 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(xp)xp(t) + Bp(xp)up(t) + d(xp) (31)

S= x(t)1  (32)
y,(t) = x,(t) x2(t)

where xP e 2, yp e R2", u,, e P", and where x, (t) is the n position-state vector andI x2 (t) is the n velocity-state vector. The various matrices of corresponding dimensions
in (31),(32) are:

[ 0  -H-'(x)C(x1 ,x 2) (33)

BP(xP) = [HX](34)

I d(x,)=[_HI(x$)g(Xj)] (35)

where d(xp) is considered to be a state-dependent disturbance generated by the gravityI g(x1 ).
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

I up(t) = - K(xI + OCx2) (36)

for any positive definite matrix K and positive coefficient a. In other words, the
closed-loop system

'i,(t) = ACL.(Xp)Xp(t) (37)

where I 0 - (
IActL(xP) [ - -t(xt - " qxtCx x2) + aK]] (38)

U
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is uniformly asymptotically stable. To this end we select the positive definite
Lyapunov function

V(xp) = xr(t)P(xP)xP(t) (39)

3where
P(xp) = 1 xl (40)

and therefore, the derivative of the Lyapunov function along the trajectories of
(37) is3'(xp) = .4(t)[P(xp) + P(xp)AcLt(xp)+ AL(xp)P(xp)]x,(t)

= (t)F 0 K-KT 1P IKT-K l l(xt)_C(xl,x2)_CT(xl,x2)-,t(K+KT) Ipt (1

and where we use (Slotine and Li 1988) the manipulator property that H(xt) is
positive definite and that fl(xt) = C(xI, x2) + CT(XI, x2), to obtain finally

'(xp) = - 2aTxI (t)KX2 t) (42)

Although P'(xp) 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.

3 . Theorem 3 (Lyapunov: see Vidyasagar 1978)

Let V(xp) be a positive definite Lyapunov function of xp(t). Then, the system (37)
is globally asymptotically stable if and only if the derivative of the Lyapunov function5along the trajectories of (37) is a negative definite function of xp(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 iP'(xp) = 0 (LaSalle 1981). The system
(37) is still asymptotically stable if the negative semidefinite derivative P'(xp) is not
identically zero along any non-trivial solution of (37).

In our case, since i'(xp) is quadratic, the limiting trajectories condition V(xp) -0
is equivalent to x2(t) = .i (t) -0, which implies x, (t) 0, and therefore x(t) -O.

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 P'(xp) be negative definite, or have a negative definite
upper bound with respect to xp(t). Now, since for any x2(t) : 0 we have V(xp) > 0
(strictly positive) and V(xp) < 0 (strictly negative), which implies that V(xp) is strictly
decreasing, then V(xp)/V(xp)< -P, for some scalar 0 > 0, sufficiently small. Then
(xp) < -PV(xp) and

3 i;'(x p)= -2ocxt (t) t) - 3x(t) P (x)xo(t) = -iV(xP) (43)

I
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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 underlying
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 controller H(s) given by (36) we use the3 configuration H-t(s) given by

KI
Y(s) =j- uP(s) (44)

in parallel with the controlled 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 unmeasuredI 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 in3 the closed-loop.

5. ConJusions
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-3 ameters, with particular application for robot manipulators.
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I 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 question

I
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the possible existence of some 'ideal' bounded trajectories x(t) and 'ideal' control
xI (t) that satisfy some unknown differential equation

i*(t) = A*(xp*)xp(t) + B(x)up(t) (Al1)

yI(t) = Cp(xp)x*(t) + Dp(xp)u*(t) (A 2)

where the matrices A*(xp), B(), Cp(xp), and Dp(xp) 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 x(t) and u;(t) as linear combinations (Bar-Kana and3 Kaufman 1985 a) of xm(t) and u,(t)

X (t) = Xx,(t) + UUm(t) (A 3)3 u*(t) = .,,x.(t) + I..u.(t) (A 4)

If the plant states reach the ideal trajectories, xP(t)= x(t) we require that

Sy(t) = Cp(x)x*(t) + Dp(x*)u*(t) = y.(t) (A 5)

Substituting (A 2)-(A 4) and (22) into (A 5) gives

I Cp(x*)Xxm(t) + Cp(x*)Uu.(t) + Dp(x*),,.x.(t) + Dp(x*)g.u.(t)

SC,.(x.)x,.(t) + D,.(x.)u..(t) (A 6)

3 or
[Cp(x*)X + Dp(x*)kx - C,(x.)]x.(t)

I + [Cp(x) U + D,(x)Z., - D,(x,.)] u.(t) = 0 (A 7)

It is clear, of course, 'hat if the meauring matrices, Cp, C., DP, and D. are all
constant, (A 7) usually has a solution (at least) for the unknown matrices X, U,
g,,, and Z,, 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 eriors 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

3 e (t) = x*(t) - xp(t) (A 8)

I
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* and the output error as

eY(t) = y.(t) - yp(t) = y*(t) - rC(,)- C,(X,)J4p(t)

-[Dp(x) - D(x, )]u(t) - yp~) (A 9)

ey(t) = C,(xp)xp(t) + Dp (xp )up(t) - Cp(xp)xp(t) - Dp(xp)up(t)

- Cp(x,) - C,(xp)] xp(t) - do(t) (A 10)I I ey(t) = Cp(x,)e.(t) + Dp(x,)E[x.,,xm(t) + RIZ,qu(t))

+ Dp(Xp) !Z.e,(t) - D,(x,) R..,e,(t)I -Dp(xp)K(t)r(t) - (Cp(x*) - Cp(xp))x*(t)

-[Dp(x*) - Dp(x,)] up(t) - do(t) (A 11)3ey(t) =Cp(xp)e1Q) - Dp(xp)[K(t) - R]r(r) - Dp(x,)IZ~ye,Qt)

-[Cp(xp) - Cp(x,)] xp(t) - [Dp(x*) - D,(x,)] u'(t) - do(t) (A I"

3 Denote

d1 (t) = [Cp(x*) - Cp(x,)]x*(t) + [Dp(x*) - Dp(x,) u*(t) + d0(t) (A 13)

I Theii

-[I + Dp(xp)RZ.,]ey(t) = C(xp)e.(t) - D,(xp)[K(t) - R]r(t) -d 1(t) (A 14)

and finally

3e,(t) - Cp,(xp)e.(t) - Dp,(xP-)[K(t) - K] r(t) - [I + Dp(xp,) ] - d1 (t) (A 15)

where

5Z = [ Kz~ (A 16)

and where Cp,(xp) and Dp,(xp)-were defined in (9)-(10).3 Differentiating ex(t) in (A 8) gives

A)= ip(t) - ip(l) = .i(t) - Ap(xp)x*(t) + Ap(xp)xp*(t) - ip(t) (A 17)36,(t) = A,*(xp*)x*(t) + Bp(x*)u*(t) - Ap(xp)xp*(t)

+ Ap(xp)xp*(t) - Ap(xp)xp(t) - Bp(xp)K(t)r(t) - d1(t) (A 18)

jxAt) =Ap(xp)e.(t) - Bp(xp)K(tOr(t) + Bp(xp)IZx,(t) + Bp(xp)IZ,,_um.(t)

-Bp(xp)Ke,,ev(t) + B + A(x*) - Ap(xp)] Xxm(t)

+ [Ap(x,*) - Ap(xp)] Uum.(t) - di(ty (A 19)3,r Ap(xp)ex(t) - Bp(x,)IZ~e,(t) - Bp(xp)[K(t) - Zrt

+ EAp*(x*) - Ap(x,)]X + [B(x)- Bp(xp)]Kx,,.)xm(t)3 + [A(xp) - Ap(x,)] U + [B(x*) - Bp- d(r) A 20_I.t i~) ( 0
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Substituting e,Q) from (A 15) gives

6,t = A;,(xp)e.(t) - B,(xp)R.,,EI + Dp(xp)IZ.,] - 'Cp(x,)
- B,(x,)RIZ, + D,(xp) IZ, -,'D(x,)[K(t) - Zrt3- Bp(xp,).[I + D,(xp)RZ,,] -Ido(t) - Bp(xp)[K(e) - Zrt

+([A(x;) - Ap(x,)] X + rB*(xp) - Bp(Xp)] IZ.jx.(t)

+ ([A(xp) - A(x,)] U +[Bp(x;) -B,(x,)] R..ju,(e) - d1(t) (A 21)

Since

BPXPICl+ Dpx)Z,]D~p + B,(x,)
BP(xp){! +,k,[ + Dp(xp)IZ,,]- Dp(xp)}

(using the matrix inversion lemma)

3e ge Bp(xp) [I+ Dp(x)I,R -I = B,,(xp) (A 22)

iO= A,(xp)e.(t) - B,(xp)[K(t) - R]r(t) + F(t) (A 23)U where A,(Xp), B,(xp), K,,(xp) were defined in (4)-(10) and where F(t) is the residual
uniformly bounded term

F(t) = t[A*(x*) - Ap(xp)] X + £B*(x*) - Bp(xp)] IZ.,jx.(t)a [A(xp) - Ap(xp)] U + [B (x*) - B,(xp)] IZ.)u(t

-Bp(xp)gEdl(t) - di(t) (A 24).I The following quadratic Lyapunov function will be used for the proof of stability
of the adaptive system (A 22) and (27):

V(t) = e~(x )ex(t) + tr {[K,(t) - i] r-, rK,(t) - (A 25)I where P(xp) is the positive definite matrix defined in (11l)-(13) and r is the positive
definite scaling factor defined in (27). The derivative of V(t) 'along the trajectories' of3 (A 22) and (27) gives:

-
TQ)P(X,)eX(t) + T(t)p(XP)e.(t) + el()~~)~t

- 2 tr {[KI(t) - 9] r -k~) (A 26)

Substituting j.,(t) from (A 23) and k1(t) from (27) gives
l'(t) = eT,(t) P(x,)e.(t) + T()PxpPpe.t3 -

T(I) [K(t) - Bpc B px)P(t)ex(t) + FT tP(t)ex(t)

+ex(t p~)Ap(xp)ex(t) -eT.(t) P(xp)Bp(xp)[K(t) - K] r(t)

-e(0)P(X,) F(t) + 2 tr l[K,(t) - K]i r-' Eey()r~e - aK1(t)])J (A 27)
V(t) - e(t)[P(X~)+Px)~(~ T A(XP)pP~)]e.,(t)

+. p) P(x)(xp +A
- 4(,)Bp)[(t) - R rT~)(t) - re~)[(t) - B(pPte(

3- 2a tr :CKI(t) - kir- IK I(T} (A 28)
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Su sit t n K ,(t) =K (t) - K (t) = K (t) - e,(t)rT(t)r (A 29)

3 gives

VeT .(t)EI'(x,,) + P(x,)A,(x,) + AT (X,)p(X,)]e,,(t)

- eT(t)P(x,)B,(Ax,)[K(t) - RZrQ) - rT(t)[K(t) - I T B T(x,)P(t)e.,(t)

+ ,e(t)P(xp)F(t)

-eT(t) [K(t) - IZ]r(t) + rT(1) [K(t) - I T e()

- 2eT,(t)e,(t)rT (t)rr(t)

- 2a tr I(K1(t) - Rzi r- [K1(t) - Rj)T}
- 2a tr I[K,(t) - izr- 1 R'}) (A 30)

Using (11)-(13) and (A 15) gives

= - eI(t)Q(X,)e.(t) - (t)LT(x,)L(x,)e.(t)

I - 4(t)Cp, p)[K(t) - R~r(t) -r T(t)EK(t) - R] (x,) e,(t)

-e()rx ) W(x,) (K(t) - I r(t)

I + rT(t)[K(t) - RIT WT (X,,)L(x,)e,(t)

ex(tp, (x)[K(t) -JZ]r(t)

-
T (t) [K(t) - IZ]T D T xp)[K(t) - RZr(t)

I- dTI(t)[U + Dp(xp)RZ,I] [ K(t) - IZ]r(t)

+ r T(I) [K(t) - I T C,(xp)e.(t)

3 - r~t )rKQ) - RIT Dp(xp)(K(t) - R]r(t)

-rT(t)[K(t) - KITE[I + D,(xp)K,YI - dj(t)
T 2ey (t)e,(t)r",(t) rr(t)

-2a tr f[KI (t) - K] r- 1 [Kt(t) - RjT}

+ e(t)p(~x p)F(t) (A 31)

Rearranging and using (13) gives

5 JP(e - -eT(t)Q(xp)e.(t)
- (L(xp)ex(t) - W(xp)[K(t) - Zrt)

x IL(xp)e.(t) - W(xp)[K(t) - Klr(t))

I~ T 2e(t)ey(t)r(t)rr(t)

- 2a tr {EK 1(t) - RI r-I [K1(t) - RITI

3 - 2a tr {[K,(t) - Rj r-' RT )

-2r(tOEK(t) - g] T[I + Dp(xp)K~4 - 'd,(t)

3+ 2e()P(x)F(t) (A 32)



1 94 1. Bar-Kana and A. Gue:

It is easy to see that some positive coefficients al-octo exist such that

-ia) - Ile.(t)112 - ll[R(t) - g]r(t)112 -a3 Iley(t)II' - 4 Ie,(t)ll2 IIx,,(t)lIl
- s Iey(t)I12 IIUm(t)l1 - a6alIK,(t) - Il1' + 7oIlIK(t)- RKl
+ i li[K(t) - RI]t(t)ll + 9 Ile,(t)ll + alo Ile,(t)I • Iley(t)ll (A 33)

If either Ile,(t)ll, II[K(t) - RZr(t)ll, or IIK,(t) - IZIl increase beyond some bound,
the negative definite quadratic terms in (A 33) become dominant, and thus '(t) be-
comes negative. The quadratic form of the Lyapunov function V(t) then guarantees
that all the dynamic values, namely e,(t), Kt(t), and ey(t) are bounded. In idealistic
situations with d1(t) = 0 and do(t) = 0. F(t) may vanish and thus allow perfect following
(Bar-Kana and Kaufman 1985 a). If, however, the a-term were missing in (27), then
the adaptive controller could not have avoided those situations when lIKdit)-/KU
might increase without bound in spite of !l[K(t) - ]r(t)ll 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 a-term in (A 32) shows that such a situation is not possible and all 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 advantageI 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 xm(t) and u.(t) is expressed by the correspondingsupplementary 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 P(t) is not
necessarily negative) thus improving the performance of the adaptive controller.
Notice that without external disturbances, the smaller the tracking error, the closer
xp(t) is to the ideal trajectory and, in turn, the smaller the residual term F(t). 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-3 tems, that satisfy relations (15), (16).
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The proof of stability in such a case follows immediately from the -proof of

K Then

AppendixP~t A= if wsub titteD (x,)e, (,)=0,Wx)=.

- 2eT,(t)e,(t)rT (t) rr(t)

- 2or tr (K1(t) - k]F- '£K,(t) -QT

-2r (t) [K(t) - QTV d1(t)I+ 2e.T(t)P(x,,)F(t) (B!1)

and the stability results following (A 32)-(A 33) are also perfectly valid here.

Appendix CI . Role of the stabilizing gain K~O
Let us assume that we used the fixed gain KO and control the plant

3ip(t) = Ao(xp)xp(t) + B,(x,)u,(t) (C 1)

MO= Cp(xp)x,,(t) +-D,(x,)x,(t) (C 2)

3 where

AO(Xp) = Ap(xp) - Bp(xp) KO C(xp) (C 3)

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 P0-(xp) and
QO(Xp), and some matrices L0(xp), WO, and Do such that the following relations are3 satisfied:

PO (Xp) + P (xp) A 0(xp) + A ()0 ()= - Q0 (x) - LO (xp) LO(xp) - (C 4)

P0(xp)Bp(xp) = CPx, - LO(x)W (C 5)
Do + Do= 0~ 0  (C 6)

Let us assume that no external input command or disturbance is present, and
that therefore Um(t) = 0, xm(t) = 0, y.(t) = 0, K.,() = 0, K),(t) = 0, and for convenience,
Kp(t)- 0, KI(t) = Key(t) = K,, 'I(t).

We use the following Lyapunov function:

VI (t) =XT(t) po(X P)XP(t) (C 7)3 and the derivative of V1(t) along the trajectories of (C l)-(C 2) is

=t XT(t) [P0 (Xp) + po(X,)AO(Xp) + AT(XP) po(Xp)] XP(t)3 + x~~~(t)p 0 x)Bp(xp)up(t) + u(t) B~(P (x)( (C 8)
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Substituting ur(t) from (23) and using (C 4)-(C 6) gives

(t) = - x(t) Qo(X,)X(t) - XT(t) L T(x,)Lo(x,)x,(t)

- X(t) CT(x,)Kt(t)y.(t) - y (t) KT(t) C,(x,)x,(t)

+ x(t)LO(x,) Wo K,(t)y.(t) + yT(t)Kf(t) WrLo(x,)x,(t) (C 9)

(t) = - x(t)Qo(x,)x, (t) - x(t)Lop) Lo(x,)x(t)

Z+ T(t) L (xp) WoK(t)y.(t) + y.T(t)K (t) WT Lo(x,)x,(t)

- y.(t)K T (t)(Do + DT)K(t)y.(t)

- y(t)KT(t)(Do + DT)K(t)y.(t)

- t.()K(t) ED(xp) + D (x)] K(t)y.(t)

- yT(t)EKt(t) + K7(t)]yo(t) (C 10)3 V,1 (t) = - x(t)Qo(X,)XP't)

- [Lo(xp)xp(t) - WK,(t)y.(t)]T [Lo(xp)xp(t) - WoK 1(t)y,(t)]

- yT(t)[K1 (t) + K (t)] y(t)
+ yT(t) KJ(t) [Do + Do - D,(x,) - D (x,)] K1(t)y,() (C 11)

Because only the last term in (C 11) is not negative, then if either 11y(t)II, IIK(t)I
or IIK(t)y.(t)j becomes-small, the adaptive system enters the domain of attraction
of the equilibrium point (yj(t) = 0, K(t) = Ko). 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 > Kmi, the point (x, = 0, K,(t) = 0) or (xp = 0,
K(t) = Ko) is also the only equilibrium poi. 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- Ko such that the system represented by

3A 0(xp) = Ap(xp) - Bp(xp)KoCp(xp) (C 12)
is uniformly asymptotically stable.

The maximal admissible (supplementary) feedback gain is then

and therefore K~ O( 
3

I From (C 1) we get

4()= AK(xp)xp(t) (C 15)5 where
AK(XP,) = Ao(xp) - Bpx)jtC~p (C 16)

up(t) = - K,(t)y.(t) = - K(t)Cp(xp)xp(t) - K,(t)Dpxp(t) (C 17)

up(t) = - K,(t)Cp(xp)xp(t) (C 18)3 K,(t) = [I + Kt(t)Dp]-I K(t) (C 19)

I
I
I
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Form (C 19) it can be seen again that

I0<Kt(t)<oo implies 0<K,(t)<D;'t=Kz-Ko (C 20)
The equilibrium points of (C 15) and (27) are obtained from3 Ax(xp)xp(t) = 0 (C 21)

I. aK,(t) - ya(t)y(t)r = 0 (C 22)

If K,) > K then Ax(xp) is stable for any value of K,(t) and it is, therefore, non-
singular. !n this case (C 21) has only the unique solution xp(t) = 0. and then, from
(C 22) we get K,(t) = 0.

In conclusion, if K0 > Kmn, then the equilibrium point (xp(t) = 0, K(t) = 0) or*(xp(t) = 0, K(t) = Ko) is both stable (attractive) and unique.
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