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Abstract

Discrete event systems are presented as a powerful
framework for a large number of robot control tasks.
This paper presents a general description of the dis-
crete event modelling and control synthesis for robot
manipulation. Additionally, methods for the effec-
tive monitoring of the process based on the detec-
tion and identification of discrete events are given.
The effectiveness and versatility of the approach are
demonstrated through o wide variety of erperiments.
Applications are demonstrated in assembly, on-line
training of robots, advanced perception capabilities,
human-robot shared control, and the understanding
of human manipulation skills.

1 Introduction and Motivation

A significant issue in robotics and automated systems
is the increased level of complexity competing against
the need for simple systems for technology transfer
to practical settings. The decision making and intel-
ligent control of robotic tasks are becoming less and
less tractable, and so less appealing to those unfamil-
iar with the technology. Additionally, process moni-
toring using signal processing and sensory perception
techniques further mystifies the process of robot con-
trol. Strong need exists for a framework which sim-
plifies both the control and monitoring elements of
robotics, yet is powerful enough to address compli-
cated tasks such as assembly.

This work demonstrates the use of hybrid dynamic
systems to simplify the monitoring, control, interfac-
ing and analysis of constrained manipulation tasks.
The overall strategy uses a discrete event system
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framework providing a method for describing com-
plex processes in a simple, yet formal, manner. Each
discrete state encodes a continuous control law or de-
cision maker. In this way, the complexity of control
is simplified and tractable. Additionally, the pro-
cess is monitored through the recognition of the dis-
crete events, when the dynamics of the sensing sig-
nal is strongest, reducing the need for detailed dis-
crete state monitoring. Moreover, the formal de-
scription enables performance analysis and verifica-
tion through a variety of techniques.

Intuitively, a hybrid dynamic system consists of
a discrete event system (DES) interacting with a
continuous-time system. Usually, the discrete event
system is a decision maker or controller and operates
at an abstract level. The continuous-time system,
therefore, is the actual plant executing the decisions
of the DES. For our purposes, the continuous-time
system will be the robot manipulator and its con-
tinuous controller. By contrast, then, the discrete
event system will be a higher-level, abstract decision-
maker which issues commands to the continuous-time
system.

Hybrid dynamic systems have been used in wide-
ranging applications, most notably in manufacturing
systems and network protocols. For example, [12]
use Petri nets for the hierarchical analysis of manu-
facturing systems and [9] develops optimal dispatch-
ing policies for elevator control systems using hybrid
dynamic systems. Most of the research work in the
area has been concerned with developing and proving
control-theoretic ideas for specific classes of systems.
Stiver and Antsaklis [33] and Gollu and Varaiya [13]
have given general formulations for the modelling and
analysis of hybrid dynamic systems. As well, Brock-
ett [7] develops a general basis for the modelling of
a wide range of motion control systems using hybrid
dynamics. Several authors [19, 28, 32] have developed
a number of techniques for the synthesis of hybrid dy-
namic controllers. It is on the strength of this, and
other research, that we apply hybrid dynamic systems
theory to the problem of robotic manipulation.



In this paper, we first present the hybrid dynamic
modelling of robotic manipulation tasks. The mod-
elling framework sets the foundation for the process
monitoring and control of the tasks. Both the moni-
toring and the control take advantage of the discrete
event structure to simplify the process. Experimen-
tal results are then given of the basic operation of the
system.

One of the deficiencies in the literature is the ap-
plication of hybrid dynamic systems to physical sys-
tems. As such, several constraints relevant to practi-
cal implementation are overlooked. In our research,
we have concentrated on implementation to physi-
cal systems to address this imbalance. As such, we
present results for the on-line training of assembly
lines using task-level adaptive control; for the con-
trol of advanced sensory perception; for the sharing
of control between a human operator and an other-
wise autonomous system; and for the acquisition of
human skill. Each of these examples takes significant
advantage from the hybrid dynamic systems frame-
work.

2 Discrete Event Modelling of Con-
strained Manipulation

We will consider a constrained motion system which
involves the motion of a polyhedral workpiece with
possible constraints introduced by contact between
the workpiece and a fixed polyhedral environment.
Systems of this type are typical of assembly processes.
In a previous work, McCarragher [25] demonstrates
that all possible states of contact between two polyhe-
dral parts in Cartesian space can be described as com-
binations of edge-edge and surface-vertex contacts.
Hybrid dynamic modelling is particularly appropri-
ate for assembly processes as there are a small num-
ber of possible contact configurations and, hence, we
can dramatically reduce the complexity of the con-
tinuous time process by abstracting to a higher level.

We will consider a specific case of a hybrid dynamic
system, consisting of a discrete event controller inter-
faced to a constrained motion system involving two
polyhedral parts (as discussed above). The structure
of the adopted hybrid dynamic model is as shown in
Figure 1. The system consists of three parts, which
are the continuous time plant, the discrete event con-
troller, and the interface. Each component is detailed
below, with the description tailored to the restricted
constrained motion systems that we consider. Math-
ematically, the continuous time plant will be defined
by a set of differential equations describing the mo-
tion of the workpiece. The discrete event controller
is modelled as an automaton describing task-level de-
cision making, whereas the interface serves as the
communication between the continuous manipulation

process and the decision maker. In many cases the
continuous plant and the interface are combined and
described using one discrete event model [13].

2.1 The Continuous-Time System

Consider the general motion control of an object or
workpiece. The equation of motion of the workpiece
in free-space is given generally as

(1)

where x(t) is the continuous time state vector, and
u(t) is the input vector. As the workpiece interacts
with an inertially fixed environment, the free-space
dynamics of (1) become constrained. For each edge-
edge or surface-vertex contact, this constraint may be
written as

g; (x(t)) = 0 (2)

where g; is the constraint equation for the jt* edge-
edge or surface-vertex contact. Distance functions
are ideal candidates for g; (e.g. the shortest distance
between a surface and vertex). Note, equation (2) is
only valid when the j** edge-edge or surface-vertex
pair is actually in contact.

2.2 The Discrete Event System

The continuous time plant is controlled by a
task-level, discrete event controller modelled as
an automaton. The automaton is a quintuple,
(S,E,C,a, ), where S is the finite set of states, E
is the set of plant events, C' is the set of controller
events, a : S x E — S is the state transition func-
tion, and 8 : S — C is the output function. Each
state in S, denoted -y;, identifies a distinct state of
contact between the workpiece and the environment.
For this paper, the states will be taken as the possible
combinations of edge-edge and surface-vertex contact
as discussed above. Each controller event in C, de-
noted vy, is generated by the discrete event controller,
whereas each plant event in E, denoted 7%, is gener-
ated by the conditions in the continuous plant. For
our purposes, plant events are generated when the
continuous-time system changes contact state. Thus,
the definition of each event includes the edge-edge or
surface-vertex pair involved and the type of contact
state change. The contact state changes are loss of
contact, gain of contact, and over-force. The over-
force condition occurs when the system attempts to
move the workpiece through the environment.

The dynamics of the discrete event controller are
given generally by

3)
(4)

Ye+1 = & (Yks Tk)

vy = B(m)
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Figure 1: Block Diagram Representation of Hybrid Dynamic System

where v, € S, 7, € E and v, € C. The input and out-
put signals of the discrete event controller are asyn-
chronous sequences of events, rather than continuous
time signals. The function « is functionally depen-
dent on f and g as defined by the continuous-time
system. Note that the state of the continuous-time
system is x, whereas  is the state variable of the
discrete event system and is dependent on x.

2.3 The Interface

The interface is responsible for the communication
between the plant and the controller, since these com-
ponents cannot communicate directly due to the dif-
ferent types of signals being used. The interface con-
sists of two maps ¢ and ¢. The first map ¢ converts
each controller event into a plant input as follows

u(t) = ¢(vk) (%)

where vy, is the most recent controller event before
time ¢. We require that u(t) be a piecewise constant
plant input with possible discontinuities only when
controller events occur. For synthesis purposes it is
often easier to combine the control equations (4) and
(5) such that the control input is directly a function
of the discrete state

u(t) = ¢ (B()) (6)

The second map v converts the state space of the
plant into the set of plant events.

T = ¢ (2(1)) (7)

where the vector z is an observer and consists
of the variables being used by the process mon-
itor to observe the state of the plant. For ex-
ample, in the planar case with force and changes
in force being the variables of interest, z(t) =
[F, (), Fy(t), Fy(t), E,(t)]T, where F, and F, denote
the planar components of force. Note that equation
(7) does not imply that 74 changes continuously as
z(t) changes. The state space of the plant is parti-
tioned into contiguous regions. The function i gener-
ates a new plant event only when the state first enters
one of these regions. The map v is called a process
monitor.

ty <t <tpyr

ty <t <tpy1

3 Process Monitoring

Process monitoring is a key element of hybrid-
dynamic systems. The process monitor corresponds
to the map v of the interface and transforms the
plant state x(t) through the observer z(t) into a dis-
crete state v, as per equation (7). It uses the tem-
poral patterns of the observer z(t) associated with
process state transitions to recognise the transitions
in real-time, which is required for effective discrete-
event control, error detection and error recovery. For
example, in assembly tasks, a contact state transition
can be characterised by patterns of variables repre-
senting the system state, such as the velocity of the
object and the force acting on the object. In the fol-
lowing sections we present two complementary meth-
ods for process monitoring.

3.1 Rule-Based Process Monitor

Rule-based process monitoring exploits the sudden
changes in the values of the observer z(t) associ-
ated with process state transitions. The temporal
patterns of the observer z(t) associated with a pro-
cess state transition are formulated as a set of rules
which are then used to recognise the corresponding
transition. Rule-based process monitoring overcomes
several problems associated with approaches based
on template matching and qualitative reasoning [21].
The rules are more general than templates which are
based on the current value of the observer. Also,
the rules are obtained by demonstration rather than
qualitative reasoning methods which have the prob-
lem that consistent qualitative algebras are difficult
to obtain [36].

The organisation of the process monitor within the
hybrid-dynamic framework is shown in Figure 2. The
process monitor works in two steps. In the first step,
the process monitor samples the variable z and then
quantises or discretises it into the variable z,. For ex-
ample, in an assembly task, z; = [Fuq, Fyq, Frq, Fyqlt-
The discretisation is performed using discriminant
functions g, based on the current contact state ~.
The details of this step can be found in [30].

The second step of the process monitor consists of
using a rule-based system [3] to identify the process
states and transitions based on a sequence of discre-
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Figure 2: The process monitor within a hybrid sys-
tem framework. The dotted line encloses the main
functional blocks of the process monitor.

tised variables. A rule is defined as a condition-action
pair where the condition part specifies the conditions
under which the rule can be applied and the action
part specifies the actions that are taken when the rule
is applied. For example, in the context of contact
monitoring, the following general rule can be used
for recognising a contact state transition:

IF
state =15 AND
Fy(t) =d, AND
F,,t-T) = d  AND
F,,(t—2T) = d AND
F,,(t—3T) = d3 AND
Foy(t —4T) = d;

THEN
state = y2

Here, d; ---d3 refer to the discrete values of the
quantised variables, 71,72 € S denote contact states
and T denotes a system-dependent delay.

The rule shown above checks for a sequence of dis-
cretised values of the third component Fi, of the ob-
server z(t) to recognise a transition from contact state
71 to 2. In general, for each contact state transition,
similar rules will exist for each of the components of
the observer z(t). This leads to a very general system
for monitoring contact.

Whenever a new value of the discretised observer
Z,(t) is obtained, the rule-base is matched to the
temporal sequence {---z,(t — T)z4(t)} to obtain a
set of matching rules. Each rule indicates a transi-
tion and so votes for that particular transition. If all
the selected rules indicate the same transition, and

the number of selected rules is equal to the number
of components of the observer z(t), then that tran-
sition is chosen as the recognised transition; other-
wise, no transition is selected and the process state
remains unchanged. The rules are indexed by the
contact state and so the matching process considers
only those rules from the rule-base that are appli-
cable for the current contact state v.. This greatly
reduces the computational requirements of the pro-
cess monitor and is a significant advantage of using
the hybrid dynamic framework model. The details of
this approach can be found in [31].

3.2 HMM Process Monitor

A complimentary process monitor, based on Hidden
Markov Models (HMMs) and force measurements, is
also well suited to discrete event recognition. A HMM
is a powerful tool for describing how stochastic signals
evolve in time. The force measurements are a rich
source of information for contact tasks. Notice from
Figure 3 that the frequency band is broad and occurs
within a short time scale of the event.

A HMM is a doubly stochastic process. Each in-
dividual discrete event is represented by a hidden
stochastic process which can not be observed directly
but only through another observable stochastic pro-
cess, see Figure 4. The HMM is able to estimate
the behaviour of the hidden process (discrete events)
from the observable process. Motivated by Figure 3,
the force signals are mapped to the frequency-domain
by the FFT algorithm and used as the observable
stochastic process.
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Figure 3: Spectrogram of the F, force measurements
for two events. The first event (dynamic forces)
starts at t = 2.0sec followed by another relatively
static event at t = 4.2sec. The measured force was
sampled at 500 Hz.

The HMM approach to discrete event recognition is



[om— — —— — = — — — — — — — — — — — — — — — — — — — — —

Hidden Markov Model

Observable stochastic
process. Force/torque
measurements.

Hidden stochastic
process. Discrete
events.

“INOTARYD( UIPPIY JO 9YRUIIISH
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Figure 5: The HMM approach to discrete event recog-
nition.

given by three steps as shown in Figure 5. The train-
ing of the HMMs is performed off-line. In real-time
operation the probabilities of the measured forces
matching the trained models are calculated. Finally,
the discrete event with best match is chosen.

1. Training — Each individual discrete event 7 is
described by a HMM Aj;. The model param-
eters of A, have to be estimated from several
training examples of the force signals. The pa-
rameters are estimated using the Baum-Welch
re-estimation formula, see [16] for the details.
The formula is an iterative solution and at each
iteration the probability of the HMM matching
the force signals in the training set is increased.
The training is performed only once and off-line.

2. Evaluation — When a discrete event occurs, ev-
ery HMM corresponding to an admissible dis-
crete event is evaluated. This is called scoring
the HMMs. The score Py is the probability of
the model Ay matching frequency-domain force
signals resulting from the event.

3. Recognition — The HMM with the largest score
is chosen and the corresponding discrete event 7*
is sent to the discrete event controller, ie.

T =73

(8)
By comparing the individual HMM scores, a con-
fidence level of the recognised event is calculated.
The confidence levels are useful when incorporat-
ing a sensory perception controller, see section
6.2. A confidence level of the final decision can
be defined as follows.

where k = argmax; Py,

Pk*
C =
2k Pr

where P}, is the individual model score for HMM
Ay and Py is the largest HMM model score.
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Figure 6: HMM Ay, for each event. q; are the states
and a;j are the hidden stochastic process state change
probabilities.

The stochastic model for the hidden process (for
each individual discrete event) is shown in Figure
6. Several left-to-right models have been proposed
for describing dynamic signals, see for example [29].
Note that there are several internal states g; for each
discrete event Ap. The states g; describe the internal
behaviour of the discrete events. For example, if the
force signals for event 7 are static, then it is likely
that the state of Ay will be g1 most of the time, ie.
a1 is large. On the other hand, if the force signals
are dynamic for event 7y, it is likely that the hid-
den state will proceed from left-to-right in the model
A, ie. ay is small, where ¢ = {1,2,---,7}. The
estimation of the a;; parameters is exactly how the



force signals are used to estimate the behaviour of
the discrete events, as illustrated in Figure 4. The
internal behaviour of the discrete events is influenced
by for example friction between the workpiece and
the environment, sensor noise and dynamics of the
manipulator.

3.3 Evaluation

Both process monitoring techniques presented above
require training examples of the force measurements
arising from the contact between the workpiece and
the environment. Training the process monitors on
empirical data ensures that phenomena such as sen-
sor noise and friction between the workpiece and the
environment are accounted for. The rule-based mon-
itor recognises a contact state transition in less than
1 ms of CPU time on a Motorola 68040-based pro-
cessor. This is an advantage in real-time operation.
However, the recognition rates are relatively low at
84 %. In contrast, the HMM monitor has relatively
better event recognition at about 97 % but requires
considerably more computational effort. Thus, the
two monitors are complimentary. By combining re-
sults from the two monitors, as shown in section 6.2,
we obtain better event recognition rates than either
monitor while the average processing cost is kept low.

Before we show the performance details of the two
process monitors, we will discuss the control synthe-
ses procedures.

4 Discrete Event Control Synthesis

The control commands are determined by first es-
tablishing a desired event for each state. The desired
event is selected to move to a state “closer” to the tar-
get state, that is, to move towards completion. The
desired events may be determined manually or auto-
matically, depending upon the application. For any
given state, we use the desired event and geometric
considerations of the workpiece and environment to
establish conditions on the command to be executed.

Using the discrete event model of Section 2, we will
develop a condition on the admissible velocity com-
mands that will maintain a current contact, called
the maintaining condition. Additionally, for nominal
part locations, we will derive a necessary condition
for a discrete event to occur, called the enabling con-
dition, and we will derive a sufficient condition for a
discrete event not to occur, called the disabling con-
dition.

4.1 Maintaining Condition

The motion of the system described by (1) is con-
strained by (2). The first possible task of the con-
troller is to ensure that the control commands satisfy

this geometric constraint. To derive admissible ve-
locities that satisfy the geometric constraint, we can
differentiate (2) to give

0 d

— 9/ —x(t) =0 tp <t<t 10
9% [9; (x)] dtx( ) K <t<tg1 (10
where g; is the constraint function for this contact.

This can be rewritten as

tr <t <tps (11)
where a; = 2 g;(x) is a column vector with length
equal to the number of degrees of freedom. Equa-
tion (11) is our maintaining condition in that it must
be satisfied to maintain the contact or geometric con-
straint. When g; is a distance measure, equation (11)
becomes a requirement that the distance between the
points of contact remains zero (i.e. the points remain
in contact).

afx t=0

4.2 Enabling Condition

In addition to determining motion that maintains a
constraint, it is desired to determine the motion such
that the workpiece encounters the next discrete state
Yi+1- Since the system is not in vg41, the following
must be true

g9; (x(t)) = K

where, without loss of generality, K is a positive con-
stant. In order to direct the system such that K — 0,
we require the time derivative to be negative.

ty <t <tppr (12)

a) x(t) <0 tr <t <tpgr (13)
Equation (13) is our enabling condition. It is a neces-
sary condition for discrete event 7441 to occur. When
g; is a distance measure, equation (13) becomes a re-
quirement that the distance decreases, that is, the

intended points of contact move closer together.

4.3 Disabling Condition

The third condition, the disabling condition, is de-
rived directly from the enabling condition. Since (13)
is a necessary condition for a discrete event to occur,
a sufficient condition for a discrete event not to occur
is obtained by changing the direction of the inequal-
ity.

a x(t) > 0 tr <t <tpr (14)

where j indicates the discrete states (constraint equa-
tions) that are not desired to occur. Essentially, this
disabling condition prevents K from decreasing in
magnitude. When g; is a distance measure, equa-
tion (14) becomes a requirement that the distance
between the possible points of contact does not de-
crease (i.e. the points stay apart).



4.4 Solving for the Control Command

The desired event determines which of the above con-
ditions should be applied for each possible edge-edge
or surface-vertex contact. The maintaining condition
(11) is used when it is desired to maintain a contact.
Note, when it is desired to immediately violate the
current constraint by breaking the contact, the main-
taining condition is not used. The enabling condition
(13) is used to enable the loss or gain of a contact.
The disabling condition (14) is used to prevent un-
wanted gains of contact. From the desired event, we
now find a set of constraints on the control command,
one for each possible edge-edge or surface-vertex con-
tact. The control command is now determined by
satisfying this set of constraints. Any method for
satisfying the set of constraints will yield an accept-
able discrete event velocity command. One method
[4], which uses a search technique to maximise the
minimum distance to each constraint for maximum
robustness, is suggested.

5 Experiments

The process monitoring methods and the discrete
event control of assembly have been implemented and
tested experimentally and the results are presented in
the following subsections.

5.1 Process Monitoring

5.1.1 Rule-Based Process Monitor

The rule-based process monitor was tested on a task
consisting of several contact states resulting from con-
tact between a rectangular peg and a solid block.
These contact states are illustrated in Figure 7 and
are denoted by 71, 72 and 3. Figure 7 also shows
the contact state network for the experimental setup,
and the allowed transitions 71 - - - 7¢ between the con-
tact states. The task used to test the process monitor
consists of the sequence of contact states 1 — v2 —
Y3 =Y = Y3 = Y2 = Y-

The task was demonstrated several times by a per-
son and the data from three demonstrations was used
to set up the rule-base of the process monitor de-
scribed in Section 3.1. The process monitor was used
to monitor the task described above and Figure 8
shows the output of the two stages of the process
monitor. The topmost graph in Figure 8 shows F},
the derivative of the force acting tangential to the top
surface of the solid block. The second graph shows
the discretised variable qu produced by the process
monitor. Similarly, the third and fourth graphs re-
late to the force in the normal direction. The graph
at the bottom of Figure 8 shows the discrete events
recognised by the rule-based process monitor. For ex-
ample, the graph indicates that the process monitor

Figure 7: The task used to demonstrate the process
monitoring techniques. The task used consisted of the
following sequence of states shown in the figure: v —
Y2 Y3 Y3 Y2 = M-

recognised the first transition 7; from contact state
Y1 to 2 at t = 0.9s approximately.
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Figure 8: Measured force derivatives and recognised
contact statesy. F,, Fy are the measured planar force
derivatives and Fy,, F,, are the corresponding discre-
tised values.

The performance of the contact monitor was mea-
sured by using it to monitor 25 demonstrations of the
task described above. The percentage of transitions
recognised correctly by the rule-based process moni-
tor is summarised in Table 1. The Table shows the
recognition accuracy for each individual transition for
the task and also indicates the overall recognition ac-
curacy. The first set of numbers in Table 1 show the
performance after initially training the rule-base us-
ing 3 demonstrations. However, note that the recog-
nition accuracy of the process monitor for transition
75 from contact state v2 to 3 is very poor at 48 %.

Closer examination of the data revealed that for
several demonstrations, there were qualitative differ-
ences in the data corresponding to this transition.
The contact monitor was therefore changed by re-
placing one of the demonstrations in the training set
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After initial training

| 100 |48 [ 75 [ 68 [ 93 [ 100 | 79
After retraining

[ 100 | 72 [ 61 [ 83 ]93] 95 [ 845

Table 1: The performance of the process monitor.

and then obtaining a new set of rules for the rule-
base. The second set of numbers in Table 1 show the
recognition accuracy of the process monitor based on
the new rule-base. The Table shows that the recog-
nition accuracy of the process monitor for transition
79 improved to 72 % and the overall recognition ac-
curacy also improved to 84.5 %. This demonstrates
that the process monitoring system is very flexible
and changes can easily be made to improve perfor-
mance.

5.1.2 HMM Process Monitor

The HMM process monitor was implemented for dis-
crete event contact recognition of an L-shaped as-
sembly. The experimental setup consists of a 5-DOF
Eshed Scorbot, and a 6-axis JR3 force/torque sensor
as shown in Figure 9.

Figure 9: Eshed Scorbot 5-DOF manipulator and JR3
force/torque sensor used in the experiments.

For this particular assembly task we define 11 con-
tact states as shown in Figure 10. If all physically
possible contact state transitions are considered, we
get a total of 25 discrete events.

Figure 11 shows the measured force/torque signals
for a complete assembly. The training of the pro-
cess monitor involves collecting several force/torque
measurements, Fy, Fy and M, for each of the 25 dis-
crete events. Figure 11 shows the force/torque mea-
surements for a few of these discrete events. When
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Figure 10: Model of contact states for a planar as-
sembly task.

a discrete event occurs in real-time operation, char-
acterised by a sudden change in at least one of the
forces, all the HMMs corresponding to admissible
events are evaluated. The recognised discrete event
is the one with the highest HMM score, see equation

().

20

contact

time sec

Figure 11: Force measurements for contact state se-
quence y1 — Y2 = Y3 —> Y4 — Y5 —> Y1 — Y9 — Y10-

Figure 12 shows how the successful recognition rate
is a function of the training set size. Some of the con-
tact state transitions are easy to recognise, for exam-
ple v2 — ~3. Even with a training set size of 4 ex-
amples, the HMM process monitor successfully recog-
nises this discrete event every time. One of the most
difficult transitions to recognise is vz — 9. With a
training set size as high as 20 examples, the recogni-
tion rate is only 85%. The average recognition rate,
however, is as high as 97% with a training set size of
20 examples.

5.2 Control Experiments

In order to demonstrate the standard control opera-
tion, an industrial assembly was implemented. The
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Figure 12: The performance rate vs. the training set
size.

industrial task was the assembly of a gear mechanism
for a starter motor as shown in Figure 13. The mini-
mum tolerance for the assembly is 0.075mm. One of
the goals of the work is to reduce the costs of the grip-
pers and fixturings through a simple control method-
ology that can accommodate and react to relatively
large uncertainties. Thus, simple grippers were used
with an uncertainty of £2.5mm. Due to the large
uncertainty-to-tolerance ratio of 33, impedance con-
trol was unable to reliably execute the insertion task.
However, a discrete event controller with force sens-
ing was able to reliably execute the task.

Figure 13: Gear Mechanism for a Starter Motor As-
sembly

A series of industrial experiments was run using

Y. Vs

Yo A2

Figure 14: Force Profile and Event Trajectory for
Gear Assembly

a six degree-of-freedom robot built by Nippondenso.
The robot was belt driven and was position controlled
with force sensing. In addition to the uncertainty of
the grippers, there was additional uncertainty due to
the belts. The belt drives also generated significant
noise on the force signal.

For comparison, an impedance controller was also
implemented. The impedance controller proved to
be successful approximately 50% of the time. The
discrete event controller proved to be highly success-
ful, completing insertion approximately 90% of the
time. An example force signal and the correspond-
ing event trajectory are shown in Figure 14. The
nominated trajectory is o — 75, where 7, is no con-
tact and 75 is the full assembly. However, the sys-
tem travels through many different event trajecto-
ries, such as 73 — 2 — v3 — 74 — 5, depending on
the velocity commands and the uncertainties in the
system. Nonetheless, due to the discrete event model
and control structure, successful assembly is accom-
plished even for undesired event trajectories.

Advanced Applications

In addition to standard operation, the hybrid
dynamic framework favours advanced applications
within constrained robotic manipulation. The ad-
vanced applications covered in this paper include (1)



the on-line training of robotic assembly lines using
task level adaptive control; (2) advanced sensory per-
ception using stochastic dynamic programming; (3)
the human sharing of control and (4) the understand-
ing of human motion and skill acquisition.

N n-line Training of Assembly

Discrete event control offers considerable advantages
for assembly tasks including excellent error-recovery
characteristics. However, despite determining a ve-
locity command which satisfies the constraint equa-
tions of Section 4, errors can still occur due to model
inaccuracies, tracking control errors, or other un-
knowns. Unfortunately, the errors will result in a
sub-optimal trajectory. In these situations, it is de-
sired to have the system adjust to the new informa-
tion and adapt the desired velocity commands. The
ability to adapt is particularly important in an indus-
trial setting where new products are frequently intro-
duced and the assembly line needs to be “tuned” to
the new tasks. The extra time, work and uncertainty
involved a sub-optimal operation motivates the need
for task-level adaptation of the discrete event con-
troller.

An effective means of task-level adaptation is to
adjust the model so that the event conditions more
accurately reflect the actual system. This method re-
quires the altering of the a; vectors of Equations (11),
(13) and (14) and then finding a velocity command
which satisfies the necessary inequality constraints.
Clearly the advantage of such a system is the accu-
rate knowledge of the system which can be gained.
The disadvantage is the additional computation re-
quired to repeatedly solve a set of inequalities to find
a velocity command.

Before proceeding with the development of the
adaptation laws, we will introduce some common ter-
minology. The actual constraint will be denoted a,
whereas the current best estimate of the constraint
at the * trial will be denoted a . We will call this
the trial constraint. The estimate errorisa = a —a.
We also define

— —sg (a”%) (15)
Intuitively, is a switching function determined by
the error condition to be adapted. If we erroneously
lost contact then = —1, whereas = 1 if we
recorded an over-force condition (a large increase in
force). Also, if we gained an unwanted contact then
=1 and if we failed to gain a desired contact then
1. Two different adaptation laws are now pre-
sented. The first offers simplicity and low computa-
tional complexity with conditional convergence whilst
the second has guaranteed convergence but higher
computational costs.
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Figure 15: Justification of Direct Feedback Adapta-

tion aw

.1.1 Direct Feedbac Adaptation aw

An adaptation law needs to be selected such that the
modelling error is reduced. We, propose an adapta-
tion law based on intuitive reasoning about the vec-
tor spaces used for discrete event control as shown in
Figure 15. Consider the adaptation of a maintaining
condition. Here, the estimate of the constraint vector
a and the velocity vector X are orthogonal. et, the
velocity vector is not orthogonal to the actual con-
straint vector a, indicating the need for adaptation.
By adding a portion of the velocity vector to the es-
timated constraint vector, the difference between the
estimated and the actual constraint vectors decreases.
Hence, the following adaptation law is proposed

aj;=a— X (16)
where 0 is the adaptation rate, and x is the
velocity command vector for the ? trial. Given this
adaptation law, two issues arise. The first is demon-
strating the convergence of the estimated model con-
straint to the actual parameters. The second is the
selection of such that the adaptation remains sta-
ble. Both of these issues can be answered using Lya-
punov theory. For the complete proof of Lyapunov
stability, the reader is referred to [24]. The result of
that proof is that stability, and hence convergence to
zero modelling error, is guaranteed if the following
condition on the adaptation rate is met.

T

2 a

x
< % 2 (17)
Examination of how to satisfy equation (17) for each
of the discrete event conditions yields the following

requirements. For simplicity and to highlight the
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Figure 16: Justification of

adaptation equations, we will assume that the ve-
locity vector has been normalised to %x = 1. This
assumption has little effect as only the direction of
the velocity vector is important.

For the maintaining condition, equation (17) is sat-
isfied provided
Tx

<-2 a (18)

and, for the enabling and disabling conditions, equa-
tion (17) is satisfied if
<2 a'x (19)

Satisfying (18), however, is difficult because the
quantity a’x is not exactly known. Only the sign
is known from the detection of discrete events. Fur-
thermore, as the modelling error decreases, a de-
creases and so the adaptation rate must also decrease
in order to satisfy (17). Specifics for the actual adap-
tation rate will depend on implementation, such as
the rate of force increase or how quickly contact is
lost, indicating the size of modelling error that ex-
ists. Nonetheless, equation (18) and the guideline of
a small and decreasing adaptation rate will suffice for
now.

To summarise, equation (16) gives an adaptation
law for which the estimated model parameters con-
verge to the actual model parameters provided equa-
tion (17) is satisfied. It has been shown that the
condition for stability (17) is satisfied by the selec-
tion of the adaptation rate according to (18) or (19)
for each case within discrete event control.

.1.2 Bounding Adaptation aw

Motivated by the problems in determining a bound on

for the Direct Feedback Adaptation Law, a second
adaptation law is proposed. The Bounding Adapta-
tion Law assumes that the actual constraint vector
is known to be within some connected search region.
This is a weak assumption as the search region can
be made very large (even the entire set of possible
constraint vectors). Successive experiments or trials
are used to reduce the size of the search region, as
shown in Figure 16.
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Third Trial

ounding Adaptation aw

More formally, the Bounding Adaptation Law as-
sumes that the actual constraint vector a is bounded
by a set of constraints, (). We define R( ())
as the set of constraint vectors that satisfy the
constraints (). By the assumption above, a €
R( (0)). Once the bounding region has been es-
tablished, we select a trial constraint, denoted a |,
somewhere within the region.

a eR( ()

Using the trial constraint, a velocity command is de-
termined and this command is tried experimentally in
the next execution of the controller. If an error occurs
during the execution of the velocity command and the
state monitor recognises the unexpected event, we
know which edge-edge or surface-vertex pair gained
or lost contact or recorded an over-force condition.
This information is contained in the definition of the
event. Thus, we can determine which of the main-
taining, enabling or disabling conditions failed. For
each type of failure a new bound upon the actual
constraint may be determined. The bounded region
is reduced in size using this new bound, as shown in
Figure 16. This process is repeated until the bounded
region converges to a correct constraint value.

This adaptation procedure may be formally de-
rived, for each type of error, resulting in

(20)

a’x a’x (21)
or
a’x <a’x (22)

Equation (21) or (22), depending upon the type of
failure, establishes a new bound upon a which re-
duces the size of the set R( ( )). Intuitively, the
new bound states that a lies more (or less) in the
direction of X than a .

Provided we select the trial constraint within an
open subset of the search region the Bounding Adap-
tation Law converges to the correct constraint value.
[27] presents the details of a formal proof of conver-
gence, using Lyapunov stability theory. Note that the
trial constraints may actually diverge from the actual
constraints for some periods.
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Figure 17: Two-Dimensional Assembly Task with
Orientation Error

An important feature of the bounding law is that it
uses only the knowledge that one of the conditions has
failed (and the direction of failure when a maintain-
ing condition fails) to reduce the size of a search re-
gion in which the actual constraint vector is known to
lie. The major drawback of the Bounding Adaptation
Law is that it requires more computation than the
Direct Feedback Adaptation Law. Under the Bound-
ing Adaptation Law the trial constraint a must be
found, such that a € R( ()). This requires the
solution of the set of constraints (). As in Sec-
tion 4, we suggest a method [4], which uses a search
technique to maximise the minimum distance to each
constraint for maximum robustness.

.1.3 Experiments

To demonstrate the effectiveness and convergence
characteristics of the adaptation process, we will con-
sider the motion control of an automated planar as-
sembly task as depicted in Figure 17. The goal is
to maintain contact between the corner of the work-
piece and the horizontal surface, as shown in the fig-
ure. The estimated model parameters suggest that
the surface is 10 off the horizontal as in Figure 17.
This condition easily arises during actual operation
due to alignment errors on the incoming fixtures (en-
vironments). The difficulty is due to the transport
and support mechanisms for the fixtures, which are
easily misaligned and often change during the course
of a production run. As such, it is a good test case
for adaptation.

For the Direct Feedback Adaptation Law, we need
to determine values of to satisfy the convergence
conditions. It has been shown that, in some cases,
the bounds on  are unknown. The experimental
task demonstrated here is such a case and an em-
pirical expression for has been developed using the
basic assumption that the error decreases exponen-
tially and so, should decay exponentially.

Convergence of the adaptation laws to the actual
constraint vector is demonstrated for a number of
cases in Figure 18. The Direct Feedback Adaptation
Law has been implemented for a Puma 560 robot
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Figure 18: Experimental and Simulated Results
for Adaptation aws: Bounding Adaptation Law
1 demonstrates simulated results for o large initial
search region, Bounding Adaptation Law 2 demon-
strates simulated results for a small initial search
region, Direct Feedback Adaptation Law 1 demon-
strates experimental results for a low exponential de-
cay rate, and Direct Feedback Adaptation Law 2
demonstrates experimental results for a high decay
rate.

with considerable tracking errors (it was deliberately
not calibrated). Figure 18 shows the performance of
the Direct Feedback Adaptation Law with a high ex-
ponential decay rate, experimentally determined for
fast convergence. Results are also presented with a
smaller decay rate which leads to slower convergence.
Also, Direct Feedback Adaptation aew  contains a
state detection error (occurring at iteration 2), a fea-
ture of any practical work. This practical example
demonstrates that the Direct Feedback Adaptation
Law is able to recover from errors elsewhere in the
system.

For the Bounding Adaptation Law these results
show that convergence to the correct constraint is
achieved despite extremely poor initial information.
Note that, in the periods when the trial constraint is
diverging from the actual constraint the adaptation
process is “searching” areas of the search region that
are remote from the actual constraint. These regions
are quickly eliminated and the trial constraints again
converge to the correct constraint. A property of the
Bounding Adaptation Law seems to be the periodic
excursions away from the actual constraint (as oc-
curred at iterations 1, 5 and 11). Simulated results
for a smaller search region are also presented, high-
lighting the speed with which convergence may be
achieved.



.1.4 Evaluation

Two adaptation laws have been presented which suc-
cessfully convergence to the correct constraint vec-
tors. These adaptation laws have been tested by sim-
ulation and experiments and from these experiments,
it can be seen that each adaptation law has its good
and bad points. The Direct Feedback Adaptation
Law allows the adjustment of the rate of convergence
and error recovery properties but the proper selec-
tion of is not guaranteed. The great advantage of
the Bounding Adaptation Law is its guaranteed con-
vergence, assuming no state detection errors. How-
ever, state detection errors can lead to failure to con-
verge. In most practical situations, the Direct Feed-
back Adaptation Law is probably best suited as em-
pirical expressions for lead to good results. The
Bounding Adaptation Law may be more appropriate
in critical applications (e.g. medical applications),
when coupled with a reliable state detection scheme.

.2 Control of Sensory Perception

Reliable sensing is essential for successful control of
plants in uncertain environments, as was just demon-
strated in Section 6.1. Traditionally, control sys-
tems receive measurements from a fixed sensing ar-
chitecture where all the sensors are used all the time.
Hence, the bandwidth of the overall control struc-
ture is limited by the slowest sensor. We present
a new technique for the real-time control of sensory
perception. Typically, only a few sensors are needed
to verify nominal operation. When an anomaly de-
velops, additional sensors are utilised. The benefits
of the proposed method are an increased reliability
compared to individual sensors while the bandwidth
is kept high.

The control of sensory perception is well suited to
the hybrid dynamic framework. The process moni-
tors provide feedback to the discrete event controller
only when discrete events occur. Hence, processing
time is available between events for use by the sensory
perception controller. A block diagram of a discrete
event control system with sensory perception capa-
bilities is shown in Figure 19.

The control structure in Figure 19 has been im-
plemented for the discrete event control of a robotic
assembly task, see Figure 9. Three process monitor-
ing techniques are available to the sensory perception
controller.

uses measurements of the ma-

nipulator s joint angles and the forward kinematics

to find the 3-DOF Cartesian positions P, P, and

a. The recognition rate of the monitor is relatively

low while the main advantage of the method is a low
computational effort.

is based on force measure-

Figure 19: Discrete event system with dynamic sen-
sory perception capabilities. v(k) is a vector of dis-
crete controller commands occuring at time k, u(t)
and z(t) are continuous plant inputs and outputs, I
is a vector of symbolic process plant information, a is
a command (or action) from the sensory perception
controller and 7(k) is the final output from the S

ments and qualitative template matching, and is sim-
ilar the the monitor presented in section 3.1. The
monitor has a reasonably high recognition rate and
the computational effort is low.

is another force /torque based
method. The planar forces F, F}, and M, are logged
for approximately 0.5 seconds. With this substan-
tial amount of force information, process monitor 3 is
very reliable. However, the monitor requires a signif-
icant amount of computational effort to analyse the
information and hence is relatively slow. The method
is described in more detail in section 3.2.

The method used for the dynamic sensory percep-
tion is based on stochastic dynamic programming and
is described in detail in [15]. The method starts with
an initial confidence level of zero and all monitors
enabled. Then the sensory perception consists of two
parts. First, an iterative dynamic programming (DP)
algorithm evaluates all possible orderings of enabled
process monitors by calculating the DP value func-
tion The dynamic programming model is for-
mulated as an optimal stopping problem. At each
iteration two actions are evaluated; a; — terminate
the sensory perception, or as — consult another pro-
cess monitor. Second, a sensory perception controller
(SPC) selects the ordering of enabled process moni-
tors with the highest . If the optimal action for this
ordering is as, then the first monitor in the ordering
is consulted. The confidence level output from the
monitor is recorded. Next the monitor is disabled
and the sensory perception problem is repeated with
the new initial confidence level. The SPC terminates
when the optimal action is a; or all monitors are dis-
abled. The final recognised discrete event is sent to
the discrete event controller.

The performance of the SPC was evaluated from
a sample set of 100 discrete events and compared
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| Monitor | Rate | CPU Time |

Position 79% 0.10
Template Matching 85% 0.08
Hidden Markov Models | 87% 0.87
SPC 97% 0.38

Table 2: Ewvaluation of different process monitoring
techniques and the sensory perception controller.

with the individual process monitoring techniques.
The results are given in Table 2. The table shows
the average successful recognition rates and the costs
of the individual process monitors. With individual
average recognition rates of 79%, 85% and 87% the
average recognition rate of the sensor selection con-
troller is as high as 97% which is better than any
individual process monitor. The CPU time spent by
the SPC depends on the number of monitors used for
each event. The average CPU time for the sample set
of 100 discrete events was found to be 0.38 seconds.
These results clearly show the benefits of fusing sev-
eral sensing techniques for the process monitoring of
robotic assembly.

The main advantage of the sensory perception con-
trol structure is an improved event recognition rate
compared to individual event monitors while the to-
tal cost is kept low. For cases where it is too ex-
pensive to use all the event monitors simultaneously,
the maximum total cost can be limited and hence the
proposed solution is well suited for use in real-time
control systems with bandwidth requirements.

One advantage of the dynamic programming ap-
proach to the control of sensory perception is the ease
with which new process monitoring techniques can
be added to the system. The dynamic programming
model remains unchanged, while more iterations are
required by the DP algorithm to evaluate the new
monitoring techniques. Interesting additional mon-
itoring techniques include vision, energy and other
force based methods, for example [11, 34].

The real-time sensory perception controller uses
lookup tables generated by the dynamic program-
ming algorithm. The lookup tables are generated
off-line. The SPC does not require any heavy com-
putations and uses only the lookup tables generated
by the DP algorithm. Hence, the proposed method
is well suited to fast real-time operation.

.3 Human Sharing of Control

The integration of a human supervisor into control
systems is of benefit as the abilities of the human
greatly enhance the control system. These benefits
include decision making and fault recovery capabil-
ities. Here a framework is presented which allows
interactions of a human supervisor, modelled as a
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discrete event system, to be integrated into an au-
tonomous process also modelled as a discrete event
system. The discrete event formalism provides the
means of modelling complex processes consisting of
continuous and discrete components in an efficient
and systematic manner. This is useful when mod-
elling complex human interactions.

.3.1 Framewor

The integration of a discrete event model of human
interactions with a discrete event model of an au-
tonomous robotic system is considered. The com-
bined structure consists of four separate subsystems,
namely the Human Discrete Event System (HDES),
the Autonomous Discrete Event System (ADES), an
interface and the continuous plant [1] as shown in
Figure 20. The the continuous time system and the

Figure 20:  lock Diagram of a Discrete Event System
with Human Integration

ADES have been described in Sections 2.1 and 2.2
respectively. The interface described in Section 2.3 is
modified to allow for the integration of the HDES.

.3.2 Human Discrete Event Model

The discrete event formalism adopted to model hu-
man interactions is ideal as we can directly model
the continuous and discrete levels of the human s in-
teraction with the autonomous control system. As-
pects of the human which are required to interact
with a discrete event control system are various types
of input actions. These input actions are modelled
as states of an automaton and include o Interac-
tion, in which the autonomous system performs the
desired task without human interaction; ontinuous
Interaction, where the human can input continuous
commands such as velocity and acceleration; Discrete
Interaction in which the human can force an event to
occur or change the current state; and finally, Infor-
mation Request where the human can request more



information about the system such as position data,
force data, current state etc. The HDES automaton
modelling the four human input actions is shown in
Figure 21.

In ormation
Re uest

Continuous
Input

o
Inter ention

iscrete
Input

Figure 21: Human States and Events

Each discrete state, , is defined as one of the four
possible classes of human interventions. Each event

( ) is generated by a human input, , or a plant
event such that

() () Q)

where is a function which maps human input to
HDES events. Index specifies the order of the dis-
crete events in the HDES only. () is a HDES
event caused by plant events and is defined by

(23)

(24)

where ¢ is a mapping from the continuous state to
discrete events of the HDES. Controller event ( ) is
generated by the HDES. The dynamics of the human
discrete event controller are given by

(D
()

where a is the state transition function and 8 is
the output function. The outputs of the HDES are
the continuous command u () (in this case velocity)
due to human input and the discrete command issued
by the human 7 ( ).

(25)

.3.3 The Interface of the Combined System

The interface must allow for communication between
the HDES, ADES and the continuous system. There-
fore the functionality of the interface is two fold.
First, the interface must combine the continuous com-
mand from the human with the continuous command
of the autonomous controller to generate a combined
continuous command for the plant. Second, the in-
terface must extract from plant events and human
input, events for the ADES and HDES.
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A combined continuous velocity command can be
generated by adding the velocities from the ADES
and the velocity input by the human via the HDES.
tk) <t<tk 1) (27)
where u (¢) is the velocity command from the au-
tonomous system, u (t) is the velocity input by the
human and u(t) is the combined continuous input
vector to the plant.

Events, 7(k), for the ADES are derived via a map,
v , from the plant state, z(t), (similar to Equation
(7)) and from discrete human input, 7 ( ), according
to

(k) =4 (z(t),7 ()) (28)
.3.4 Experiments Demonstrating Frame-
wor peration

To demonstrate the operation of the above frame-
work, a manoeuvring task with interference from a
moving obstacle was implemented. The autonomous
task of the system is to move the robot between Tar-
get A and Target B. The obstacle, a train, moves
around the track asynchronously compared to the
robot. The trajectory of the robot takes it across
the train track and therefore an eventual collision is
inevitable. The responsibility of the human is two
fold. The human first needs to recognise a poten-
tial collision and then take action in order to avoid
the collision. The human was able to input continu-
ous velocity commands and hence steer the robot to
avoid the train.

yais | Leeeees ) Target
ais | - \ ree Space
Z a is up
Target A Track
a
In ree Space

1 3

——=/ ——=/
2 4

At Target A At Target

b

Figure 22: (a) hysical ayout and ADES States (b)

ADES Automaton

The autonomous task, controlled by the ADES, is
modelled by three states as shown in Figure 22(b).
Figure 22(a) shows how the states of the ADES relate
to the physical layout of the system. States 71, v2 and
v3 correspond to areas in the workspace, Target A,
Free Space and Target B, respectively.

The experimental data of a sample run is presented
in Figure 23. Figure 23(a) shows the states of the
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Figure 23: Ezperimental results (a) ADES states and
total velocities, (b) HDES states and human velocities

ADES, ~(k), and the measured velocities of the robot
end-effector, ", ~and ". Figure 23(b) shows the states
of the HDES, ( ), and the continuous input veloc-
ity of the human, = , °~ and ~ It can be seen
from the figure that in the time interval from 0 to
10 seconds the human did nothing, HDES state ;.
In this interval the measured x-velocity shows that
the robot was moving with a constant velocity until
Target B was reached which caused a change of state
to 3. Subsequently the "-direction changed, and the
robot again moved until Target A was reached. For
further investigation, the figure is separated into sev-
eral stages of the experiment. Stages 1, 2 and 3 will
be examined further.

In Stage 1, the time interval from t=10 to t=20,
a continuous input from the human was recorded.
Figure 24 (Stage 1) shows the sequence of the exper-
iment taking place. At t 12 the human recognised
that a collision would occur and moved the joystick
upwards in order to allow the train to pass under
the robot. The state change in the HDES from 1
to 3 generated event 3. The measured velocity -
clearly shows the human input affecting the veloc-
ity of the robot. At t 14 the human then pushed
down on the joystick to reduce the speed of the robot
in the upward z direction. This was necessary as
u was not large enough to overcome the human in-
put. This state continued until t 18, at which time
the robot reached Target B. This event also caused
the HDES to return to the state of no intervention,
event 4 (a plant forced HDES event). Note that at
t 16, the "-velocity returned to zero. This is be-

Stage 1 Stage 2 Stage 3

Figure 24: Experiment Stages , and 3

cause the additional '-velocity caused the robot to
move above the target, hence no extra movement in
the y-direction was necessary. A small downward z
motion was recorded, bringing the robot into the tar-
get area. After spending a small amount of time at
Target B, the robot then moves back into free space.

In Stage 2, the time interval from t=20 to t=26, a
continuous input followed by a discrete command oc-
curred. Figure 24 (Stage 2) again shows the sequence
of the experiment. Shortly after t 20, the human is-
sued a command to move the robot in the negative y-
direction. This interaction caused the robot to move
away from the train and across the track in front of
the train. The velocity change can be seen in Figure
23(b), * . This event is recorded as 3, no interven-
tion to continuous intervention, in the HDES. The
velocity change is reflected by the change in ". The
human issued a discrete input at t 23 which caused
event 7. This event caused the continuous input to
be returned to zero as can be seen in ~ . After the
human input returns to zero, a negative velocity was
generated by the ADES to bring the robot back to
the Target A, shown by . At t 25, Target A was
reached. This returned the HDES to the state of no
intervention, ; (event g).

In Stage 3 of the experiment, t=26 to t=31 sec-
onds, a positive x-velocity was commanded by the
human causing the robot to accelerate past the front
of the train quickly. The sequence is shown in Figure
24 (Stage 3). In this stage the velocity command was
cancelled by an ADES event when the robot reached
the target. The human velocity was returned to zero
at this time. Note that because of the acceleration in
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the x-direction, it took less time to move from Target
A to Target B.

The experimental results demonstrate the interac-
tions between the four subsystems, the ADES, HDES,
the interface and the continuous system. The results
show that integrating a human into an otherwise au-
tonomous discrete event control systems is successful
using our framework. The framework allowed the hu-
man supervisor to interact and share control with the
autonomous system. Using this type of human inte-
gration it is also possible for the human to assist the
autonomous robot in case of errors such as environ-
ment modelling errors. Additionally, the framework
allowed each subsystem to be designed and analysed
individually.

.4 Human S ill Ac uisition

Human operators are able to specify and perform con-
strained manipulation tasks easily. Therefore, an un-
derstanding of how people are able to learn and per-
form these tasks can be an important factor in the
design of robot systems for such manipulation tasks.
We present a new approach to task-level modelling of
human manipulation skills using HMMs [18, 29]. The
states of the hidden Markov model correspond to the
contact states of the task. The skill is acquired from
human demonstration of the task, and the observa-
tion symbols of the HMM are obtained from the posi-
tion and velocity of the manipulated object recorded
during the demonstration. The HMM, once learned,
is used to control a robot performing the task. The
observation symbols of the HMM now correspond to
the reference commands for the robot controller.

Figure 25: lanar peg-in-the-hole assembly with 5
contact states and  possible discrete events.

The approach is illustrated using a planar peg-
in-hole task characterised by the 5 contact states
Y1 -+-75 shown in Figure 25. Figure 26 shows the
stochastic automaton of the HMM based on the con-
tact state network for the task. The states 1 - - -5 of
this stochastic automaton correspond to the contact

states 1 - - - y5 in Figure 25. a;; represents the proba-
bility of the transition between contact states -y; and
;- For a given task, each contact state will tend to
have a preferred transition that will lead to success-
ful completion, and this preference for a given tran-
sition is encoded in the probability a;; corresponding
to that transition. The contact state network indi-
cates that not all possible transitions are allowed and
these transitions are assigned a probability of 0. Such
transitions are not shown in Figure 26, for example,
the transition between contact states v2 and ~s.

(aﬂ)
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Figure 26: A stochastic automaton representing the
discrete event controller for the peg-insertion task.

The complete HMM model requires the observation
symbols to be defined for each state of the stochastic
automaton. In our model of human skill, these sym-
bols are provided by the position and velocity of the
manipulated object. For a given task, each preferred
transition from a given contact state can be charac-
terised by a preferred velocity in that state. This
preference is encoded in the probability distribution
of the observation symbols associated with each state
of the automaton. The state transition probabilities
of the stochastic automaton and the observation sym-
bol probability distributions associated with each au-
tomaton state are obtained from data generated by
human demonstration of the task.

Figure 27 shows the velocity of the peg recorded
during a human demonstration of the peg-insertion
task. The topmost graph shows the velocity in the
horizontal direction, while the second graph shows
the velocity of the peg tangential to the axis of the
hole. We use discrete HMMs to model human skill
and hence the observed velocity is discretised to ob-
tain a sequence of observation symbols correspond-
ing to each demonstration. The observed velocity
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Figure 27: Typical velocity commands obtained from
human demonstration data.

is discretised into one of eight different observation
symbols based on the direction of the velocity vec-
tor, as shown in Figure 28. The third graph in Fig-
ure 27 shows the sequence of observation symbols v
corresponding to the object velocity recorded during
a demonstration.

Vo
U1

U7

Vg 0 : 1

Us

Figure 28: The discretised positions and wvelocities
used to generate the discrete observation symbols of
the HMM.

The Baum-Welch re-estimation algorithm was used
to obtain the HMM parameters from several demon-
strations of the peg-in-hole task by a human. The
following matrix A of transition probabilities a;; was
obtained:

As expected, the probability of transitions not al-
lowed by the contact state network is 0, for example,

ass- The diagonal terms have the largest probabili-
ties, indicating that most of the time is spent in in
a particular contact state and that the contact state
transitions are fairly short-lived.

Table 3 shows the probability distributions for the
8 observation symbols for each state of the stochastic
automaton. As expected, there is a preferred velocity
for each automaton state. For example, in state 72,
the most probable velocity is v, with a probability of
0.9, while v4, with a probability of 0.4, is the most
probable velocity in state 5.

(S

Table 3:  elocity commands for each contact state
found from the human demonstration data when us-
ing the aum- elch training algorithm for the HMM.

The peg-in-hole task can be specified as a sequence
of desired contact states starting with the initial state
v and ending in the final state 4. For any such se-
quence, we can use the HMM parameters identified
above to obtain the probability of the state sequence
as well as the sequence of velocity commands associ-
ated with the desired contact state sequence. Table 4
shows the velocities and the probabilities of 3 such
sequences.

1 3 4 4 3

5
1 2 3 4 4 2 3

3
1 5 4 4 4

Table 4: Most likely contact state sequence found by
multiplying transition probabilities a;;.

From Table 4 we see that the most probable se-
quence from the initial state ; to the final state 4
is 71 = 3 = 4. The corresponding sequence of dis-
cretised velocities is v4 — v3. The velocities for the
most likely task sequence are used by the discrete
event controller as input commands to the continu-
ous plant (see Figure 1). However, since the position
of the hole is not precisely known, the desired event
Y1 — 73 is very likely to cause the event 3 — 7a.
When this situation occurs, the desired event trajec-
tory is changed on-line by finding the new most likely
trajectory from -2 to 4. In this particular case, the
new desired event trajectory will be vo — v3 = 4.
Thus, the HMM model effectively captures the hu-
man skill required to accomplish the peg-in-hole task.

A significant advantage of our approach to skill
acquisition is that the acquired skill is represented
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in terms of physically meaningful concepts. The
HMM parameters can be directly identified with the
most likely sequence of contact states and the corre-
sponding velocity commands required to accomplish
a task. This compares favourably with other para-
metric models, such as neural networks, where it may
be difficult to interpret the parameters in physically
meaningful terms.

Conclusion

The research work and experiments in this paper
have demonstrated the power of the hybrid dynamic
framework for the monitoring and control of robotic
manipulation. Additionally, we have demonstrated
several advanced techniques based on this framework
such as shared control, the control of sensory per-
ception and human skill acquisition. Although not
discussed here, this work has been successful in an in-
dustrial setting as well as the laboratory setting. In
applying the hybrid framework we were able to ac-
complish complex tasks with relatively simple ideas
based on discrete events. Our research work contin-
ues with emphasis on advanced control and sensing,
and new applications.
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