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Abstract

This paper presents a new rule-based hybrid-
system approach to contact monitoring. The
rules are formulated in terms of temporal se-
quences of the contact force and they recog-
nize temporal patterns of force associated with
contact states and transitions. The rule-base
is built using inductive learning techniques on
force data obtained by human demonstration.
This approach is suitable for monitoring robotic
as well as human tasks. An advantage of this
approach is that it allows process monitors for
different tasks to be built quickly and easily by
learning new sets of rules from a demonstra-
tion of the tasks. Experimental results are pre-
sented to demonstrate the effectiveness of this
approach.

1 Introduction

Robotic systems are prone to errors due to uncertain-
ties in the model of the process and of the environment.
This makes process monitoring an important part of a
robotic system. Process monitoring is based on contin-
uously observing and interpreting the data from sensors
that report on the system state, and is used for error de-
tection, recovery, control, adaptation and learning. The
focus of this paper is the design of process monitors using
inductive learning techniques within a hybrid dynamic
systems framework.

Robotic tasks can often be modeled as hybrid dynamic
systems [Stiver and Antsaklis, 1992]. A task level de-
scription is based on discrete event dynamic systems [Ra-
madge and Wonham, 1989], while the physical aspects
of the system are modeled using continuous variable dy-
namic systems. In this hybrid dynamic systems frame-
work, a process monitor is defined as a mapping that
transforms the physical state of the continuous system
into discrete states and events at the task level. This
approach can be contrasted with statistical change de-
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tection techniques for contact tasks. For example, Eber-
man and Salisbury [Eberman and Salisbury, 1994] con-
sider a temporal sequence of the force signal to deter-
mine contact type; however, there is no consideration
of a discrete-event task model and their approach is fo-
cused on the continuous variable representation. This
paper presents a rule-based method for contact monitor-
ing where temporal sequences of quantized continuous
variables are matched with rules to determine the states
and transitions of the discrete-event system.

Task demonstration has been used for task-level robot

programming. Delson and West [Delson and West,

1996] considered the problem of robot programming from
demonstrated motion during one task-level state and did
not address the problem of contact monitoring. Wang
et al. [Wang et al., 1996) present a method to derive
compliant motion programs from human demonstration.
However, an explicit discrete-event model of the task is
not considered, and hence the subtasks cannot always
be identified with task-level states. In our approach,
the rules are obtained from data generated by several
demonstrations of the task being considered. The data
obtained from demonstration is clustered into a small
number of groups corresponding to quantized values of
the continuous variables. Inductive learning techniques
are then applied to the discretized data to obtain rules
for monitoring and classifying the discrete states and
events of the hybrid system. Since the rules pertain to

both discrete states and events, this approach exploits

the dynamics of the task, as opposed to previous work in
assembly based on the quasi-static assumption which ig-
nores dynamic effects (see, for example, [Whitney, 1982;
Bruyninckx et al., 1995)).

Our approach to obtaining the rules from examples
can be contrasted with the model-based approach in [Mc-
Carragher and Asada, 1993] where qualitative reasoning
techniques are used to obtain simple templates for re-
conizing contact state transitions. There is only one tem-
plate for each contact state transition. The templates are
based on the current values of quantized variables and
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- do not consider temporal sequences. Furthermore, qual-
- itative reasoning techniques are difficult to apply consis-
tently to continuous dynamic models since it is difficult
' to obtain consistent qualitative algebras [Williams and
de Kleer, 1991].

There are several advantages of this approach. Since
the analysis is based on real sensory data, the approach
has the advantage of taking into account various task pa-
rameters such as friction, which are difficult to model an-
alytically. Most important, the approach can be adapted
easily and quickly to different tasks by simply learning
new sets of rules from the data obtained by task demon-
strations. Since the learning phase is based on a demon-
stration of the task, this approach is applicable both to
robotic process monitoring and to the study of human
demonstration of tasks. Finally, our approach is general
in that it can be applied to one or more sensory modal-
ities taken together, for example position and force.

2 Contact Monitoring using a Hybrid
System Model

We consider contact tasks, such as assembly, to illus-
trate our approach to process monitoring. An example
of modeling an assembly task as a hybrid dynamic sys-
tem is presented in [McCarragher and Asada, September
1995]. These tasks can be characterized by the differ-
ent configurations of contact between the parts being
assembled. The configurations are described geometri-
cally in terms of contact between the edges and surfaces
of the objects involved and are called contact states. The
contact states are organized into a graphical structure
G = ([, E), called the contact state network, where I'
is the set of nodes representing the contact states v and
E is the set of arcs connecting contact states and rep-
resenting the allowed changes in contact states [Asada
and Hirai, 1989]. This is illustrated in Figure 1, which
shows a part of the contact state network correspond-
ing to the planar peg-in-hole task. At the plant level,
the contact states determine the geometrical constraints
which, together with the equations of motion, determine
the plant behavior in terms of state variables such as
position, velocity, acceleration, and force.

The contact monitor tracks the state of the continuous
plant by monitoring variables of interest such as the po-
sition of the robot and the force acting on the robot. The
organization of the contact monitor within the hybrid-
dynamic framework is shown in Figure 2. The system is
modeled as a combination of a continuous-domain sys-
tem interacting with a discrete-event system through an
interface. The interface acts as a mapping between the
two sub-systems, transforming and inter-connecting the
discrete and continuous inputs and outputs between the
two sub-systems. Within this framework, the transfor-
mation between the discrete event system and the con-

Figure 1: A part of the contact-state network for the peg-
in-hole task. FEach circle denotes a contact-state, with
the figure inside the circle illustrating the corresponding
peg-in-hole configuration. Each arc represents an allowed
change in contact-state.

tinuous system becomes a key issue, and the process
monitor is represented as a part of the interface. The
vector z(t) denotes the state of the plant as seen by the
process monitor, and consists of variables that are of in-
terest to the process monitor. For example, in the planar
case with force and changes in force being the variables
of interest, z(t) = [fz(t), fy(t), fz(t), fy(t)]’, where f,
and f, denote the planar components of force.

The contact monitor works in two steps. In the first
step, the process monitor samples the variable z and
then quantizes or discretizes it into the variable z4. For
example, in an assembly task, zg = [fzq, fyqs f;q, f.yq]".
The discretization is performed using discriminant func-
tions g,, based on the current contact state .. The
discriminant functions are also obtained from the data
generated by human demonstration. The details of this
step can be found in [Sikka and McCarragher, 1996)].

The second step of the process monitor consists of us-
ing a rule-based system [Barr and Feigenbaum, 1981] to
identify the process state v based on a sequence of dis-
cretized variables. This process is described in detail in
the next section.

3 Rule-based Contact Monitoring

Each contact state transition can be characterized by
temporal patterns of force. These patterns can easily
be encoded in the form of rules for identifying the cor-
responding contact state transitions. This observation
is the basis for our approach to rule-based contact state
and transition identification.

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 ac-
tions that are taken when the rule is applied. For exam-
ple, in the context of contact monitoring, the following
general rule can be used for recognizing a contact state
transition:

IF

state = y3 AND
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Figure 2: The process monitor within a hybrid system
framework. The dotted line encloses the main functional
blocks of the process monitor.

FaolB) =d,  AND
faq(k=1) = di  AND
feq(k=2) = d» AND
foq(k—3) = di AND
foqlk—4) = d

THEN
state = s

Here, k refers to the current sampling period, d; - - d3
refer to the discrete values of the quantized variables and
71,72 € I' denote contact states. To simplify notation,
the remainder of this paper uses the corresponding inte-
gers i to refer to the discrete values d;.

The rule shown above checks for a sequence of dis-
cretized values of the rate of change of force to recognize
a transition from contact state v; to 2. In general, sev-
eral variables are monitored and the rule-based process
monitor consists of sets of rules for each variable and
for each contact transition. This leads to a very general
system for monitoring contact.

There are several important issues for rule-based sys-
tems. The matching of rules to data is computationally
expensive [Barr and Feigenbaum, 1981]. A large rule-
base coupled with a large database can make the system
too inefficient to be of use. Another important issue
for rule-based systems is the integrity of the rule-base.
A rule-base with conflicting rules can lead to ambigu-
ous results, and hence the rule-base must be checked for
conflicts. These problems are addressed in the paper by
the choice of finite-sate machines as the representation
for rules and by the organization of the rule-base using
the contact state network.
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3.1 Finite-state machines: a
representation for rules

A finite-state machine (FSM) is defined as the structure
M = {8,%,f,s0,F}, where S is the set of states, £
is the set of input symbols, f : § x ¥ — S is the state
transition function, sy € S is the initial state, and F C §
is the set of final, accepting states. A FSM operates as
follows: The state of the machine is initialized to sq.
The input to the machine consists of a sequence o of
symbols taken from the input alphabet ¥ of the FSM.
The input string is processed sequentially. Thus, if o;
is the next unprocessed symbol in the input, and s is
the current state of the FSM, then the FSM changes its |
state to f(s,o0;) and 0,41 becomes the next symbol to
be processed. The FSM stops after processing the last
symbol in the input string. Let s; be the state of the *
FSM when it stops. If s; € F', then the FSM is said to
accept the string o. ]

A set of rules can be represented by a FSM under
certain conditions. In particular, pattern classification
rules can be easily implemented as a set of FSMs with
one FSM for each set of patterns representing a class. -
The input alphabet of the FSM consists of the symbols
used to express the patterns. A path from the initial
state to a final state of the FSM corresponds to a pattern -
belonging to the corresponding class, and hence to a rule
for that class.

The representation of a set of rules by a FSM signif-
icantly reduces the computational effort required to de-
termine the rules that apply to the current information
in the database. For a given pattern in the database,
the task of finding the matching rule is reduced to de-
termining if the FSM accepts the sequence representing
the pattern.

3.2 The contact monitor

Let {zq(k)} denote a temporal sequence of the dis- |
cretized plant state vector. When this sequence cor-
responds to a contact state transition, it can be used
to characterize the particular transition. In general, a
contact state transition can be characterized by a set of
temporal sequences or patterns of the discretized plant
state vector z4. Thus, each component of z, contributes 3
an associated set of patterns for a given contact state
transition. Each pattern becomes a rule for recogniz-
ing the corresponding contact state transition and these
rules together are encoded as a FSM for recognizing the
given transition.

The contact monitoring system is built around the
contact state network G. Let e;,---,e, represent the
transitions allowed from a contact state 7. As be-
fore, let the discretized plant state vector be defined by:
2q(k) = fg(k) = [faq(k), fuq(k), fzq(E), fyq(K)]". Then, -
for a transition e from <y, a set of 4 FSMs are defined,
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The rule-based contact monitor works as follows: Let
{-+-,£(5), - ,f4(k)} denote the sequence of values of
the discretized plant state vector. Then, the input
strings for the FSMs consist of the sequence {fj(k —
mA),- -, fq(k — A),f,(k)}, where A is an integer rep-
resenting a system-dependent delay and m is an integer
representing the the system-dependent sequence length.
The sequence of each discretized variable is used as the
input for the corresponding FSM. The transition for
which all the FSMs accept the input sequence is taken
as the transition occurring at instant k. The parame-
ters m and A in the input sequence are chosen based on
the considerations such as the computing power available
and the sampling rate. For example, in the implemen-
tation described later in the paper, the sampling rate is
120 Hz and typically about 60 samples make up a tran-
sition. The computing resources limit m to 5. Hence, to
represent the transitions, A is chosen to be 12.

Organizing the FSMs according to the contact state
network has the advantage of simplifying the problem of
determining the consistency of rules. The rules corre-
sponding to transitions from a contact state can be ex-
amined independently of transitions from other contact
states. Furthermore, for a given state, conflicts may ex-
ist among rules for a particular variable as long as there
are no conflicts when the rules for all the variables are
considered together.

4 Contact monitoring and human
demonstration

This section addresses the problem of constructing a con-
tact monitor for a given task. This involves several steps.
First, the contact state network must be constructed and
the variables making up the plant state vector must be
specified. Then, for each state, the discriminant func-
tions for quantizing the plant state variables need to be
specified. Finally, the FSMs corresponding to the rules
associated with each contact state transition must be
constructed. In this section, we describe the use of task
demonstration to construct the discriminant functions
and the FSMs for the given task. The problem of con-
structing the contact state network for a given task is
not addressed in this paper.

A person demonstrates the task several times. Vari-
ables constituting z(t¢), like position and force, are
recorded during each demonstration of the task. Thus,
human demonstration of the task yields a set of traces
of the plant state z, denoted by {yi,---,yp}, where
yi = {z(k)}. Each trace y; is used to generate sub-traces
yi; corresponding to the individual contact state transi-
tions present in the trace. This must be done manually,

although automatic change detection algorithms, for ex-
ample [Eberman and Salisbury, 1994], can be used to aid
in this process. These sub-traces are then organized ac-
cording to contact states. Thus, the set X.,, contains all
the subtraces corresponding to contact state transitions
from the contact state ~;.

The next step in setting up the contact monitor is to
discretize the traces obtained from human demonstra-
tion. The discretized sequences are then used to obtain
the discriminant functions as well as the rules for the
contact monitor. For each state v;, the sub-traces in X,
are combined into one large set of data points X. Using
clustering techniques, the points in X are then grouped
into a small number of classes for each component of the
plant state vector z. These classes correspond to the
discretized values for the variable. In this manner, the
clusters are then used to learn the discriminant functions
for each of the variables and for each contact state. This
process is described in detail in [Sikka and McCarragher,
1996].

Finally, the rules for contact state and transition
recognition must be obtained from the clustered data.
First, for each state +y;, the clustered data is regrouped
into sub-traces corresponding to the sub-traces in the set
X, to obtain the set of sub-traces Xg,,. Then, for each
variable in z, the sub-traces in X,,, are used to obtain
examples of the corresponding contact state transition.
This step is due to computational considerations and is
required to reduce the length of long temporal sequences
generated as a result of high sampling rate. Thus, we fi-
nally obtain the sets X :m corresponding to each contact
state v; and containing examples of contact state tran-
sitions.

In the last step for setting up the contact monitor, the
sets X tlm are used to learn the FSMs for each variable in
z. The FSM generated for each variable recognizes ex-
actly the set of examples used. The FSM is constructed
using the algorithm described in [Biermann and Feld-
man, 1972]. This algorithm constructs an FSM given a
set of examples in an iterative manner, with each con-
structed FSM closer to the given set. The algorithm
is based on progressively identifying longer and longer
prefixes that are present in the given set of examples.

The approach is illustrated in Figures 3 and 4. Fig-
ure 3(a) shows the raw signal corresponding to a gain
of contact. The first-difference for this signal, corre-
sponding to the time-derivative, is shown in Figure 3(b).
This signal is then clustered into 4 discrete values to ob-
tain the discretized first-difference signal shown in Fig-
ure 3(c). Finally, Figure 3(d) shows the input string
of length 5 obtained by further sampling the discretized
signal, 13111. Such input strings are obtained for each
demonstration of the particular contact state transition
to generate a set of input strings, for example, {13111,
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Figure 3: The transformation of a continuous signal f;
corresponding to a transition into a discrete sequence o
of five symbols, 13111.

Figure 4: The automaton obtained from the training set
{18111, 14111, 113811, 11411, 11131, 11141}.

14111, 11311, 11411, 11131, 11141}. Figure 4 shows the
FSM obtained for this set using the algorithm described
in [Biermann and Feldman, 1972]. The FSM consists of 9
states, with the state labeled 1 being the initial state sq,
and the state labeled 9 being the only accepting state,
ie., F={so}.

5 Experimental Results

The rule-based process monitor was tested on a task con-
sisting of several contact states resulting from contact
between a rectangular peg and a solid block. These con-
tact states are illustrated in Figure 5 and are denoted by
71, 72 and 73;. Figure 5 also shows the contact state net-
work for the experimental setup, and the allowed transi-
tions 7y - - - 7¢ between the contact states. The task used
to test the process monitor consists of the sequence of
contact states y1 = v2 = v3 =271 = Y3 > Y2 2 M-
The task was demonstrated several times by a person
and the data from three demonstrations was used to set
up the rule-base of the process monitor as described in
Section 4. Figure 6 shows the output of the two stages of
the process monitor used during a task demonstration.
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Figure 5: The setup used to demonstrate the process |
monitoring techniques.

The topmost graph in Figure 6 shows fz, the derivative
of the force acting tangential to the top surface of the
solid block. The second graph shows the discretized vari-
able fzq produced by the process monitor. Similarly, the |
third and fourth graphs relate to the force in the normal
direction. The graph at the bottom of Figure 6 shows
the discrete events recognized by the rule-based process
monitor. ‘

Figure 6: The results obtained from the process monitor |
for a demonstration of the task.

The performance of the contact monitor was measured
by using it to monitor 25 demonstrations of the task de-
scribed above. The percentage of transitions recognized ]
correctly by the rule-based process monitor is summa-
rized in Table 1 which shows the overall recognition ac-
curacy for the task and the recognition accuracy for each
individual transition. The first set of numbers in Table 1 |
show the performance after initially training the rule-
base using 3 demonstrations. However, note that the -
recognition accuracy of the process monitor for transi-
tion 7 from contact state vy, to 3 is very poor at 48 %.

Closer examination of the data revealed qualitative




Performance (%)
SRR E RN
After initial training

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

1100 [ 72 [ 61 [ 83 [ 93] 95 | 84.5

Table 1: The performance of the process monitor.

differences corresponding to this transition. The con-
tact monitor was therefore changed by replacing one of
the demonstrations in the training set and then obtain-
ing 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 recognition accuracy of the process
monitor for transition 7 improved to 72 % and the over-
all recognition accuracy also improved to 84.5 %. This
demonstrates that the process monitoring system is very
flexible and changes can easily be made to improve per-
formance.

6 Conclusion

We have presented a new rule-based method for process
monitoring within the framework of hybrid dynamic sys-
tems, based on human demonstration. The experimental
results indicate that this method is effective and captures
the dynamic nature of the sensory data corresponding
to gain and loss of contact. Thus, rule-based transition
detection, together with pattern recognition based tech-
niques of discriminant functions and clustering methods,
provide a flexible and robust method for robotic process
monitoring.
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