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Abstract

In this paper we develop a representation for
the temporal structure inherent in human ac-
tions and demonstrate an effective method for us-
ing that representation to detect the occurrence
of actions. The temporal structure of the ac-
tion, sub-actions, events, and sensor information
is described using a constraint network based on
Allen’s interval algebra. We map these networks
onto a simpler, 3-valued domain (past,now,fut)
network — a PNF-network — to allow fast detec-
tion of actions and sub-actions. The occurrence
of an action 1s computed by considering the mini-
mal domain of its PNF-network, under constraints
imposed by the current state of the sensors and
the previous states of the network. We illustrate
the approach with examples, showing that a ma-
jor advantage of PNF propagation is the detec-
tion and removal of situations inconsistent with
the temporal structure of the action. We also
examine a method to increase the robustness of
PNF-propagation in the case of faulty sensors.

1 Introduction

The majority of work on the machine understanding of
motion sequences has focused on the recovery of the two-
dimensional optic flow or the three-dimensional motion of
the objects or camera. Recently, however, emphasis has
shifted to the interpretation or classification of the ob-
served motion. Bobick [4] provides a taxonomy of motion
understanding problems labeled as movements, activities,
and actions. One of the central differences between these
levels is the degree to which time must be manipulated to
recognize the motion. Bobick argues that, in case of hu-
man action, it is fundamental to reason about qualitative
temporal relationships.

The goal of this paper is to develop a representation for
the temporal structure inherent in human actions and to
demonstrate an effective method for using that representa-
tion to detect the occurrence of actions. The fundamental
assumption of our approach is that actions can be decom-
posed into sub-actions, some of whose occurrence can be di-
rectly detected by perceptual methods, and between which
there exist a variety of temporal relationships. The task
is to determine whether an action — or each of its com-
ponent sub-actions — is currently happening or not given
the input from perceptual sensors. We develop an algo-
rithm, called PNF propagation, that significantly enhances

the discriminatory power of sensors by using and propa-
gating temporal constraints.

We start by proposing the use of Allen’s temporal primi-
tives ([2]) to describe the richness of the temporal structure
of human action. Unlike previous work on action recogni-
tion ([24, 16]) the proposed representation (evolved from
[17]), enables multiple possibilities for the sequencing of
sub-actions, including parallelism and mutual exclusion.

A mnaive approach would be to map the temporal struc-
ture into a constraint satisfaction network ([9]), impose
constraints on the occurrence of some actions according
to the sensor values, and run constraint satisfaction algo-
rithms to propagate the sensor-derived constraints into the
higher-level sub-actions and actions. However, most tem-
poral constraint satisfaction methods require exponential
time to obtain results ([25]).

We address this problem by showing a novel method
which maps a temporal network into a simpler, discrete-
domain network tailored to answer only the basic ques-
tion of whether the action is currently happening or not.
Those networks are called PNF-networks because the only
values assigned to the network variables past, now, and
fut. In this reduced network, propagation of the tempo-
ral constraints can be approximately achieved using arc-
consistency algorithms ([12, 13, 15]), which are linear in
the number of constraints. We demonstrate the effective-
ness of the approach on two examples of action detection.

We conclude the paper by examining methods to cope
with the brittleness introduced by the use of discrete do-
mains and pure constraint satisfaction. Basically, we pro-
pose a method which keeps track of multiple, possible con-
figurations of the temporal structure, enhanced by a heuris-
tic for selection. This is possible because, unlike other rep-
resentation schemes ([16, 5]), PNF-networks allow compact
ways to represent a chain of previous results.

1.1 Previous Work

Most attempts at logical formalization of the semantics of
action (e.g. [8, 20, 22, 7]) are grounded in either philosophy
or formal logic. These systems are typically not grounded
in perceptual primitives.

Some work in the vision community [10, 16, 24] has at-
tempted to incorporate logical definitions of action into
perceptual mechanisms. However, these systems are un-
able to cope with most of the complex time patterns of ev-
eryday actions which include external events, simultaneous
activities, multiple sequencing possibilities, and mutually
exclusive intervals [3]. Kuniyoshi and Inoue ([10]) use finite
automata to represent actions performing simple actions to
teach a robot. Implicit in the model is the assumption of
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Figure 1: The possible 13 primitive time relationships
between 2 intervals [2].

strictly sequential sub-actions, which, although adequate
for the mapping into robot primitives, seems to be a strong
restriction for the representation of generic human actions.

Similarly, Nagel ([16]) uses transition diagrams to rep-
resent driver’s maneuvers in a highway, but provides no
means to represent overlapping activities. Siskind’s ap-
proach ([23, 24]) uses an event logic to represent basic
actions, temporarily connected using Allen’s primitive re-
lationships. However, besides being a fully exponential
modal logic, the proposed temporal propagation method
using spanning intervalsis quite inefficient.

2 Representation of Temporal
Structure of Actions

To represent temporal structures we use an interval algebra
constraint network ([1]), or simply an IA-network, which is
a constraint satisfaction network ([9]) where the variables
correspond to time intervals, and the arcs to binary tempo-
ral constraints between the intervals. The temporal con-
straints are expressed using Allen’s interval algebra ([2])
which employs disjunctions of the 13 possible primitive re-
lationships between two time intervals: the relations equal
(€), before (b), meet (m), overlap (o), during (d), start (s),
finish (f), and their inverses, ib, im, io, id, is, and if (see
fig. 1 and [2] for the definition of those relationships).

Input Specification

Figure 2 shows the representation for the temporal struc-
ture of a “pick-up bowl” action as it is used by the de-
tection system described later in this paper. The interval
pick-up-bowl corresponds to the period where the action
of picking up the bowl is occuring. This action is decom-
posed into two sub-actions corresponding to the intervals
reach-for-bowl and grasp-bowl.

The relations between those three intervals are de-
fined by the arcs connecting them. The sub-action
reach-for-bowl is declared to be a time interval which
has the same beginning as pick-up-bowl, but finishes first
— the {s} relationship. Similarly, grasp-bowl finishes at
the same time as pick-up-bowl ({f}). The relationship be-
tween reach-for-bowl and grasp-bowl is defined in more
vague terms: they either immediately follow each other
or happen in sequence — represented by the disjunction
{m, b}. Implicit in this constraint is the fact that the two
sub-actions are mutually exclusive.

Allen’s algebra was chosen as the underlying temporal
formalism because we consider essential the ability to ex-
press mutually exclusive actions; for this reason, we can
not use temporal algebras based on relations between end-
points (like [6, 27]), in spite of the better performance of
the reasoning methods they provide.

There 1s also a question of the adequacy of the initial
specification of the action, i.e., is the specification suffi-
ciently constrained to recognize the action given the sen-
sors? This problem will be discussed later, but a basic
result of the method developed here is the ability to deter-
mine when a description is insufficient.

Sensor Specification

The next level of decomposition involves two complemen-
tarity predicates (written as {m, im}) about the physical
relation between the bowl and the hands, bowl-in-hands
and bowl-out-of-hands. The fact that reaching for
the bowl must happen while the bowl is not in contact
with the hands is expressed by the {d, f} relationship be-
tween reach-for-bowl and bowl-out-of-hands . Simi-
larly, bow-in-hands starts during grasp-bowl or just after
its end ({m, o}).

For each of the previous “physical” predicates we can
assign simple, low-level detectors (marked by the prefix
DET:). The first, DET:hands-close-sta-bowl, detects if
the hands are close to the bowl while the bowl is static and
on the table. The other two detectors DET:bowl-on-table
and DET:bowl-off-tableidentify the presence of the bowl
on or off the table. The first two detectors can fire only
when the bowl is out of hands while DET:bowl-off-table
can only happen while the bowl is being held.

Inference of Stronger Constraints

Notice that most of the relationships defined in this ex-
ample do not involve “deep” common-sense reasoning. For
instance, bowl-in-hands and bowl-out-of-hands are tem-
porally mutually exclusive simply because by definition
they represent logically opposite states of the bowl. In [17],
it is shown that it is possible to generate the decomposition
of actions into sub-actions using “shallow” common-sense
reasoning, using a representation scheme based on Schank’s
conceptualizations ([22]). We believe that weak temporal
constraints similar to the ones used in this representation of
the “pick-up bowl” action can also be automatically gener-
ated by a system composed of a dictionary of basic actions
and simple reasoning.

Moreover, it is possible to infer stronger temporal con-
straints between the actions by pre-processing the TA-
network using Allen’s path-consistency algorithm ([2]).
The result of the algorithm is an approximation of the
temporal closure of the network, that is, the set of all tem-
poral relations which follow from the initial constraints
(see [27] for a discussion about how well Allen’s algo-
rithm approximate the temporal closure). Figure 3 shows
part of the TA-network of “pick-up bowl” after path-
consistency, where the intervals corresponding to detec-
tors are omitted for clarity. Notice that path-consistency
generates a completely connected graph by determining
constraints between every pair of intervals. Also, it tight-
ens the temporal relationships of the network, as, for in-
stance, when it propagates the original constraint that
reach-for-bowl is followed by grasp-bowl ({m,b}) by
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Figure 3: Part of the IA-network of the “pick-up-bowl”
action generated by Allen’s path-consistency algorithm
(the intervals corresponding to detectors are omitted for
clarity).

forcing bowl-out-of-hands to accept just a meet ({m}))
relationship with bowl-in-hands — instead of the original
{m, im}.

3 A New Approach: PNF-Networks

TA-networks are normally used in tasks involving planning
or scheduling. Typically, unary constraints are imposed on
the intervals, as, for example, by constraining the duration
of some of the intervals, or requiring that some of the inter-
vals to be contained in pre-determined intervals (see [14]
for an account of different methods).

Using constraint propagation techniques ([14]) it is pos-
sible to determine if there is an assignment of time inter-
vals to all the variables z1,z2,..., 2z, of an [A-network X
which satisfy both the original binary constraints between
intervals and the unary constraints corresponding to a par-
ticular case of the problem. Such a successful assignment
is called a solution of the TA-network, and if there exists at
least one solution, the [A-network is said to be consistent.
Given a variable z;, a feasible value for z; is a time inter-
val which belongs to at least one solution of X. The set
of all feasible values of a variable z; is called the minimal
domain of x;. Unfortunately, determining the consistency,
finding solutions, and calculating the minimal domain in
IA-networks is NP-hardin the number of constraints ([26]),
preventing their use in practical detection problems.

To make the action detection tractable, we develop a
method which maps the original TA-network into a simpler
network which allows the use of faster, polynomial algo-
rithms to approximately solve the detection problem. The
basic idea is that in action detection we are not interested
in when the intervals can happen, but only whether they
are happening during the current instant of time. This

Q)= {rp, 7w, 7F)
rp TN TR
e p , N , F
b PNF , F , F
1 p , P , PNF
m PN , F , F
im p , P , NF
o PN , NF , F
10 P , PN , NF
s PN , N , F
s p , PN , F
d PN , N , NF
id P , PNF, F
f p , N , NF
if p , NF , F

Table 1: The function v which maps Allen’s primitives
into PNF-network constraints.

motivates our definition of PNF-networks, a temporal con-
straint network where the only values a variable can assume
are “past” (past), “now” (now), and “future” (fut).

3.1 PNF-Networks

Formally, a PNF-network is a binary constraint satis-
faction network where the domain of the all variables
w1, W2, ..., Ws is the set of symbols m = {past,now, fut}.
To simplify the notation, we define the set M of subsets of
m’

M = {0, {past}, {now}, {fut}, {past,now},

{past, fut}, {now, fut}, {past,now, fut}}
whose elements are abbreviated as
M = {EMP, P, N, F, PN, PF, NF, PNF}

Therefore, we can express an unary constraint P; on a
variable w; by an element of M. For instance, w; € PN
constrains w; to be either past or now. We notate this by
saying that W; = PN is the restricted domain of w;.

A binary constraint P;; between two variables w; and
w; 1s a truth matrix which determines which the ad-
missible values are for the pair of variables (w;, w;). A
compact way to represent the matrix is to use a triad
(re,rw,7r) € M x M x M where rp represents the admis-
sible values for w; when w; = past, and similarly for ry
and rz. For example, consider the binary constraint repre-
sented by P;; = (PN, F,F). According to this constraint, the
only values that the pair of variables (w;, w;) can assume
are (past,past), (past,now), (now, fut), and (fut, fut).

Binary constraints between variables in a IA-network
can be mapped into binary constraints in a PNF-network.
Suppose a pair of variables (w;, w;) is constrained in the
original TA-network by the relation meet ({m}), that is, the
interval w; is immediately followed by w;. Intuitively, if w;
is happening now, w; = now, then w; can only occur in the
future, yielding w; = fut. Similarly, if w; = fut, then w;
must also be fut. Finally, if it is know that w; = past,
the interval w; must have already started, although it may
have finished or not — w; € PN

3.2 Projecting IA-networks into
PNF-networks
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Figure 4: Projection of the TA-network shown in fig. 3
into a PNF-network. The domain of all node variables is
PNF.

As we saw above, the relationship meet ({m}) between
w; and w; can be mapped into the binary constraint
P;; = (PN,F,F) such as to preserve the temporal order-
ing contained in the original TA-network. Table 1 displays
the function 4 which maps the 13 Allen’s primitive rela-
tionships into their equivalent binary-constraints between
PNF symbols. Details about how the function v preserves
the semantics of the original TA-network can be found in
[18].

Given a binary constraint in an IA-network, i.e., a set of
primitive relationships @), we can define its projection by

the function I':
r@) = J v
AEQ

where the union of the primitive binary constraints is
defined as their component-wise union. For instance, if

Q = {b, ib}, then
I'({b,ib}) =

(PNF,F,F) U (P, P, PNF)
(PNF, PF, PNF)

Notice that @ = {b, b} is basically a representation for
mutually exclusive intervals, and, in this case, the only
constraint that can be inferred in the PNF-network is that
if the first interval is happening, w; = N, then the other
interval is not happening, w; € PF.

Given an IA-network of variables v1,v2,...,v, and the
binary constraints (J;; between each pair of variables v; and
vj, we can project the [A-network into a PNF-network where
each variable v; is mapped into a variable w; of discrete
domain m = {past,now, fut}; and each binary constraint
Q;;j is projected into I'(Q;;). Figure 4 shows the projection
of the TA-network for “pick-up bowl” of fig. 3 into a PNF-
network (the detector nodes are omitted for clarity).

3.3 Component Domains

The fundamental part of our action detection method (de-
tailed later) is the computation of the minimal domain of
all variables of a special PNF-network where sensor informa-
tion is represented as unary constraints on the variables.
To describe precisely this process, we start by defining some
useful concepts.

Given a PNF-network on variables wi, wa, ..., wn, a com-
ponent domain W of the PNF-network is any combina-
tion of restricted domains on the variables w;, notated by
W = (W;); = (W1, Wa, ..., Wy), where each W; is a subset
of {past,now, fut}. The value of each W; in a component
domain W is called the PNF-domain of the variable w;. We
also denote by U the set of all component domains of a

PNF-network, /' = M™, where n is the number of variables
corresponding to the intervals in the PNF-network.

Component domains are a good notation for the rep-
resentation of unary constraints coming from binary sen-
sors. Typically, we associate with a binary sensor only
two values, N if the sensor is on, and PF if the sensor is
off. Therefore, we can represent all the information com-
ing from sensors by a component domain S = (S;);, where

g = { value of the w;—sensor if w; is a sensor
*~ ] PNF otherwise

Generally, a component domain can be seen as a repre-

sentation for a complete set of unary constraints on the
variables of a PNF-network.

3.4 PNF-Restriction

Given a PNF-network and a component domain W, consider
the problem of finding the minimal domain of the network
by imposing the components of W as unary constraints
on the network’s variables. The result of the computation
can also be represented by a component domain called the
restriction of W, R(W), where each component R(W);
represents the minimal domain of the variable w;. We can
see the restriction function R : U — U as “removing” the
elements of each original variable domain W; which do not
appear in at least one solution. If the minimal domain of
any variable becomes the empty set, EMP, then we say that
the component domain R(W) is collapsed.

Computing the minimal domain in constraint satisfac-
tion networks is, in general, a NP-hard problem. However,
the constraint satisfaction network literature lists many
cases where special characteristics of the network reduce
the complexity of the problem ([6, 14]). In our experiments,
we have been employing an arc-consistencyalgorithm ([12])
to compute an approximation of the restriction function R,
as described in the appendix.

The result of arc-consistency algorithm always contains
all the solutions of a constraint satisfaction network. More-
over, in our use of that algorithm, we have never found
a situation where the arc-consistency algorithm has pro-
duced a component domain larger than the PNF-restriction.
In other words, we have some reason to believe that com-
puting PNF-restriction is in fact a simpler problem than the
computing of the minimal domain of a general constraint
satisfaction network, and achievable in linear time by the
arc-consistency algorithm of the appendix. Presently we
are trying to determine whether this conjecture is true.

4 Action Detection Using PNF
Propagation

When using PNF-restriction for action detection, we con-
sider the computed minimal domain of each variable to
determine whether the action may be happening. If the
minimal domain of the interval is N, we can say that the
action is happening; if it is P, F, or PF the action can be
said to be not happening; otherwise (PNF), its state is in-
determinate.

PlF-restriction deals exclusively with determining feasi-
ble options of an action at a given moment of time. How-
ever, information from the previous time step can be used
to constrain the occurrence of actions in the next instant.



For example, after an interval is determined to be in the
past, it should be impossible for it to assume another PNF-
value, since the action is over. Similarly, if the current
value of the interval is now, in the next instant of time it
can still be now, or the corresponding action might have
ended, when the interval should be past. To capture these
ideas, we define a function that time-expands a component
domain into another.

4.1 Time Expansion

We define a time expansion function, T : U — U, that
considers a component domain W' at time ¢ and computes
the smallest component domain Wil at time ¢ + 1 that
satisfies the intuitive meanings of past, now, and future.
We start by defining a time expansion function for each
element of m = {past,now, fut}, 7, : m — M. A natural
choice is the time expansion function 7, : m — M

Tm(past) =P 7Z,,(now) =PN 7., (fut) = NF

Given the function that time-expands elements 7., we
define the function that expands the elements of M, Ty :
M — M as being the union of the results of 7,,,

Tu(®) = | ] Tn(0)

Ped

and the time expansion of a component domain W,
7 : U — U, as the component-wise application
of Ty on a component domain W = (W;);, T(W) =
(T (W), Tar (W2), ..., T (W)).

4.2 PNF Propagation

PNF propagationis a method to detect the occurrence of ac-
tions which is based on intersecting the information from
the sensors with the time expansion of the component do-
main representing all the past information.

Formally, given the PNF-network corresponding to all ac-
tions, sub-actions, and detectors, PNF propagation deter-
mines the minimal domain of each interval at each time t,
represented by the component domain W*, called the state
of the PNF-network at time t. Sensor information is gath-
ered in the component domain S° where all states are PNF
except those corresponding to perceptual sensors which are
assigned the sensor’s corresponding value as explained be-
fore.

The initial component domain W° represents an initial
state of total ignorance, W° = (PNF);. After that, we de-
termine W* by time-expanding the previous state W=t —
and therefore determining the possible sequences for that
state —, intersecting it to the information from the sensors
S*, and applying restriction to remove logical impossibili-
ties due to temporal constraints. That is

W' — R(T(W'™ 1) n s

It is necessary to time expand the component W~!
before intersecting it with the perceptual information S?,
since between instant ¢—1 and ¢ actions may have ended or
begun. Using the past information is a fundamental part
of PNF propagation, as shown in the following experimental
results.

5 Results

We have been running experiments on three different ac-
tions, “pick-up bowl”, “wrapping chicken”, and “mixing in-
gredients”, using footage from our previous research on au-
tomatic TV cameras in cooking shows ([17]). The temporal
structure of each action is codified manually into an TA-
network. The TA-networks are pre-processed using Allen’s
path-consistency algorithm (revised in [27]) and then con-
verted into PNF-networks.

To test the PNF formulation, we manually extract the
values for the sensors by watching a video of the action
being performed. We also determine the interval where ev-
ery action and sub-action is actually happening, and use
the information to evaluate the performance of the action
detection method. Using manually extracted information
allows the simulation of sensors with different levels of cor-
rectness.

5.1 Perfect Sensors

Let’s consider the detection of actions using the
PNF propagation method as described above. In this sub-
section we presume perfect sensors; following we develop
fault-tolerant versions. To illustrate some characteristics
and strengths of the method, we start examining some re-
sults for the detection of the action “pick-up bowl” shown
in fig. 5. The top part of the figure displays the temporal
diagrams for the PNF-domains of the detectors (marked as
DET:) and the true state of all other intervals (marked as
TRUE: ), for a particular instance of the action of picking
up a bowl. The data were obtained manually from a video
depicting the action. The diagram employs different sym-
bols for each PNF-domain, under the convention that the
bottom line represents the fut state, the middle represents
now, and the top, past (see the legend at the bottom of
fig. 5).

Fig. 5a shows the results when the detection process
uses the description of the “pick-up bowl” action exactly
as given in fig. 2. Basically, only the physical events re-
lated to intervals bowl-in-hands and bowl-out-of-hands
are recognized. The main action, pick-up-bowl, is never
fully detected. However, in the initial period the method
determines that the action may have started, but it is
not finished (by the value NF). Similarly, after DET:
bowl-off-table becomes N, it is detected that the action
is happening or has already happened (PN).

The problem is that the definition of “pick-up bowl” of
fig. 2 have constraints that are too weak, although always
true. We intentionally construct a weak example because
it illustrates clearly some of the extra assumptions that are
needed to link events detected by simple sensors to actions
and sub-actions.

For example, one of the problems is that the original
definition of “pick-up bowl” lacks a causal link between
detecting that the bowl is not on the table and the result
of the act of grasping. This can be accomplished by de-
termining the relationship between DET: bowl-off-table
and grasp-bowl to be sequential and mutually exclusive
{b, m}. Part b of fig. 5 shows that, with the addition of
such relation, the end of pick-up-bowl is detected. No-
tice that the causal link assumes that the only cause for
movement of the bowl is a grasping action by the agent of
grasping. Movements of the bowl caused by other agents,
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Figure 5: Influence of the temporal structure on the de-
tection of the action “pick-up bowl”.

objects (the bowl could be pushed by a spoon), or forces
(gravity) are not considered in the context.

To detect the beginning of pick-up-bowl, it is nec-
essary that the action description includes some causal
relationship about the beginning of the sub-action
reach-for-bowl. A possible way is to indicate that
the proximity between hands and bowl (as detected by
DET:hands-close-sta-bowl) is an indicator for the occur-
rence of reach-for-bowl. Again, notice that by doing this,
we are assigning a relationship which may not be always
true. However, given the simplicity of our sensors (and
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Figure 6: Detection of the action “wrapping chicken”.

of most state-of-art vision-based algorithms), such “inten-
tional” links are necessary to detect higher level actions.
The results, shown in part ¢, display the almost perfect
detection of pick-up-bowl and reach-for-bowl.

Finally, if we also want to detect the beginning of the oc-
currence of grasp-bowl, a new detector is necessary. This
is shown in part d of fig. 5, which displays the temporal di-
agram of a new sensor, DET:hands-touch-bowl which fires
precisely when the hand touches the bowl. In this last case,
the states of the intervals are known in most times, and are
correct (compare to the TRUE: diagram at the top of the
figure).

Part e of fig. 5 shows the importance of the information
from the previous instant of time on the strength of PNF
propagation. In this case, W' is computed solely on the
information from the sensors, W* = R(S"). Comparing
fig. 5e with part d, we can see a distinct degradation in
the results. The main reason is that after a cause for an
interval being in the now state ceases to exist, the system
still considers that the interval can still happen in the fut
(compare pick-up-bowl in both cases).

Figure 6 illustrates the detection of a more complex ac-
tion, wrapping chicken with a plastic bag, which involves
25 sub-actions and 6 sensors. The constraints were de-
signed to resemble the result of an automatic inference
system operating on a compact description of the action
based on Schank’s conceptualizations ([22]). In [21], Rieger
discusses the implementation of such an inference system;
in a previous work we have implemented a simpler system
able to operate in the context of the cooking show domain
(7).

Figure 6 displays the true and the recognized state
of the main action and of five sub-actions, each of
them with a level of complexity similar to the “pick-up
bowl” shown above. All the sensors are very simple:
proximity between hands and the box containing plastic
bags (DET:hand-close-pbag-box) and the plate contain-
ing chicken (DET:hand-close-chix-co), chaotic movement



in front of the subject’s trunk (DET:chaos-front-trunk),
and absence of motion in the area of the wrapped chicken
(DET:no-motion-wrap-chix). Notice that the main action
and the 5 sub-actions in the example are correctly detected
most of the time.

5.2 Detection with At Most One Wrong
Sensor

Implicit in the PNF propagation method as described above
is the assumption that the sensors are always correct.
When computing the current component domain W' using
the previous domain Wi=! (time-expanded), only the pos-
sible domains allowed by the previous values of the sensors,
S'=1 are considered. For instance, if a sensor erroneously
set up an interval to past, the proposed method has no
way to recover from the error.

To overcome this limitation, we are using a scheme where
the detection system keeps track of some of the different
possibilities derivated from considering the sensors not to
be perfect. In this paper we describe a method that as-
sumes that at most one sensor is wrong, and guarantees
the recovery in such cases. The price for this ability to tol-
erate errors is an increase in space and time requirements,
and a decrease in detection power.

Our approach relies in the construction, for each instant
of time ¢, of a set of error-tolerant domains, Q. Typically,
there is total ignorance at time to, Q° = {(PNF);}. Let’s
also call S¢ the values of the [ sensors in a PNF-network at
instant ¢. Consider the component domains S}, S%,..., S}
where S]t, 7 = 1,2,...,1, is obtained by “inverting” the
value of the j-th sensor in S§.

If we want Q° to include all possible threads of events
considering that at most one sensor is wrong at any given
time, we can define the set of error-tolerant domains, Q°,
as follows:

Q' = {R(T(w) N Sf) not collapsed |

forall i =0,1,2,...,l and w € Q™"

In other words, the set of error-tolerant domains contains
all non-collapsed restrictions of the combinations between
previous error-tolerant domains and current values of the
sensors, with at most one error allowed.

A potential problem is that Q' can increase exponen-
tially by this method. In our tests, however, we found that
the large number of repetitions and collapsed component
domains kept the size of Q° almost constant. A possible
explanation can be related to the observation ([11]) that
the number of consistent [A-networks is very small if the
number of nodes is greater than 15. Currently, we are also
developing methods based in the certainty factor of the sen-
sor to avoid the expansion of highly improbable component
domains.

The method describe above guarantees that the progres-
sion of sets of error-tolerant domains Q°, Q' ..., always
contains the correct component domain if at most one sen-
sor s wrong each instant of time. Therefore, under this
constraint, we can assure that if we declare the current
values of the intervals to be

Wt:Uw

went

then each W/ contains the right answer. However, comput-
ing W' in this manner is over-conservative: many times,
most of the intervals are assigned the PNF value.

To address this problem, we propose to decouple the
building of the set of error-tolerant domains from the choice
of current values for the intervals. It is important to keep
all the set of error-tolerant domains as complete as possible.
However, we determined that a good policy is to make
the current value W' based on the actual readings of the
sensors, considering all the different possibilities of past
€rrors.

Basically, we define W' to be the union of restriction
of all previous domains intersected only with the current
value of the sensors,

wi= | R(T(w)nsp)

Of course, if this quantity ends up being empty, then we
use the over-conservative method for computing W*.

In summary, the set Q is computed always considering
that one of the sensors might be wrong (plus the previous
set Qt_l), but the current state considers just that the
sensors could be wrong in the past, but not in the present.
This was found to be a good compromise between accuracy
and ability to recover from errors.

5.3 General Error-Tolerant Detection

In practice, we need to be able to recover, at least par-
tially, even in the case of more than one simultaneous
error. Instead of explicitly modeling sensory component
domains with more than one error — which leads to an
exponential increase in time and computation—, we opted
for a more conservative (and less computationally inten-
sive) approach. Our basic concern are the situations where
all the current sensor readings allow no consistent inter-
pretation with the past information, that is, Q' = #. In
this case, we use an heuristic for recovery which disregards
completely past information, considering only the possible
implications of current sensor information,

Q' = {R(S}) not collapsed | for all i =0,1,2,...,1}

and, if this is still an empty set, we define the set of error-
tolerant domains to be the one with the least information
possible, Qf = {(PNF);}.

Figure 7 shows examples of the results obtained by com-
bining the methods described above. As a measure of com-
parison, we provide in fig. 7a the results obtained assum-
ing perfect sensors (the same as in fig. 5d). Using the
methods described above, the processing of the same data
produces the results in fig. 7b, where there are intervals
of time where the system is unable to decide whether the
actions are happening or not. Surprisingly, when we intro-
duce errors in the detectors DET:hands-close-sta-bowl
and DET:bowl-off-table (but never at the same time),
there is an increase in the detection accuracy, as show in
fig. 7c. This can be explained by considering that when a
sensor has a false positive, its corresponding value of N in
the PNF-domain has the power of produce lots of contradic-
tions, pruning the set of error-tolerant domains in an early
stage.

Figure 8 shows other results, obtained by adding er-
roneous information into the sensors of the “wrapping



Detectors (DET:) and true state (TRUE:)
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a) Result assuming perfect sensors (same as fig. 5d):

pick-up—kowl |:|_l:|_
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pick-up-—houwl [ T
reach-for-houl =
grasp-kowl = =T

c) Result when 2 sensors are wrong at two different times:
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Figure 7: Influence of sensor errors on the detection of
the action “pick-up bowl”.

chicken” action of fig. 6. In fig. 8a, we repeat the result of
fig. 6 for comparison. Part b shows the result when all the
information from the sensors is correct, but employing the
error recovery system described above. Basically, the result
is the same except when all the sensors are off (PF). This
degradation on performance when sensors are off is exam-
ined further in fig. 8c and d, where we observe the effects
of false positives and false negatives of the same sensor,
DET:chaos-front-trunkl on the detection of the action
wrap-chicken. Notice that a false now value increases the
detection, while a false PF value gives rise to segments of
complete ignorance (PNF). Figure 8e and f examine two
other cases, showing the robustness of the method to re-
peated errors and to confusion between similar sensors.

6 Final Remarks

This work provides a method — PNF propagation — to
efficiently exploit the temporal constraints inherent to hu-
man action to increase the detection power of simple sen-
sors. The method is based on the simplification into a
PlF-network of the TA-network representing the temporal
structure of an action. To detect the occurrence of actions,
we consider the sensor values and the past information as
constraints on the variables of the PNF-network, and cal-
culate an approximation of the minimal domain using an
arc-consistency algorithm. PNF propagation is shown to
have a good performance when the sensors are assumed to
be perfect.

The heuristic method provided in the last section for

Detectors (DET:) and true state (TRUE:)

DET thahd-close—phag—hox __ je—]
DET tchaos-front—trunkl
DETthand-close-chix-co =
DET ichaos—front—trunka
DET thahds-clo—wrap-chisx ,

DET ino—motion—wrap-chisx

TRUE $ur-ap-chicken —r

a) Result assuming perfect sensors (same as fig. 6):

—
wrap-chicken

b) Result assuming realistic sensors (when sensors are cor-

rect):

=]

wrap-chicken

c) Result when 1 sensor fires longer than expected:

DET :chacs—front—trunkl

[ T
————

urap-chicken

d) Result when 1 sensor does not fire at all:

DET:chags—front—trunkl
wrap—chicken

e e — e w— =

e) Result when 1 sensor fires randomly:

DET:chaos—front-trunkl — el Jef e e e ]
Tl el e L |
=
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f) Result when 2 similar sensors fire at the same time:

DETtchaos—front—trunkl
LETichaos—front—trunkz
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s T N |
— e
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Figure 8: Influence of sensor errors on the detection of
the action “wrapping chicken”.

coping with faulty sensors is still under development. Our
basic goal is to incorporate explicitly the certainty coeffi-
cients from the sensors into the process of computing the
set of error-tolerant domains and in the selection of the
current state. It is possible to see our current approach as
a method where all the sensors have the same failure prob-
ability €, assumed to be very small. Therefore, the proba-
bility of double failure becomes almost zero, justifying the
sole consideration of the single-failure sensor domains S]t.
Moreover, the selection of the current state W' can be seen
as taking the union of the possibilities with highest proba-
bility: the component domains which assume that the cur-
rent state is right have a considerably higher probability of
occurrence, since € is small.

Moreover, we can also use the sensor certainty coeffi-
cients to avoid a potential exponential explosion in the
number of elements in the set of error-tolerant domains
Qf. Currently, the explosion does not occur because of the
large number of identical states generated, and also be-
cause about 50% of the component domains are collapsed
after restriction. Theoretically, however, there is no reason
for such a limitation, and an obvious approach would be to
make the error-tolerant domains in Q° to be restricted to a
fixed number of highest-probable error-tolerant domains.



a PNF-network with variables z1,%2,...,%n,
and binary constraints P;
W, a component domain, W = (W;);,
representing unary constraints in the variables
Output: AC-R(W),

a component domain that is arc-consistent

Input:

Algorithm:

initialize queue with all variables x;
__where W; # PNF (1)
W —Ww (2)
while queue # 0 (3)
z;, — pop(queue) (4)
for each variable w; (5)
X = F(Wi,, Pii) (6)
when W, W, N X (7
W, —=W:nX (8)
_ push(z;,queue) (9)
return W (10)

Figure 9: An arc-comsistency algorithm to compute an
upper bound for the restriction of a component domain

W, AC-R(W).

Probabilistic methods for visual action recognition have
been proposed in the computer vision community ([5]).
Unlike that approach, we believe that it is important to
exploit the fact that logical impossibilities prevent the oc-
currence of some sequences of sub-actions, and that is nec-
essary to incorporate such constraints into vision systems
designed to recognize human action. As shown by the pre-
vious results, the addition of a single temporal constraint
between two intervals can dramatically increase the recog-
nition capability of the detection system.

We are aware of some limitations of the approach. The
first, obvious one, is if the computation of PNF-restriction
is in fact NP-hard, that is, if we determine that the al-
gorithm based on arc-consistency is too weak for detec-
tion purposes. However, we do know from our tests that
PliF-restriction actually reduces significantly a component
PNF-domain.

A second limitation refers to the expressive capabil-
ities of using intervals and their temporal relationships
to represent human actions. For instance, in our work
in “XxxxxXxxxx” ([19]), we realized the need of provi-
sions to represent cyclic actions which are not met even
by Allen’s temporal logic. One possible approach to allow
cycles is to modify the time expansion function of past to
Tm(past) = PNF in some especial conditions.

A An Algorithm to Approximately
Compute the PNF-Restriction

To compute an approximation of the restriction of a
component domain W, R(W), we have been using an al-
gorithm for arc consistency which is guaranteed to contain
R(W). We call this algorithm AC-R(W). Fig. 9 shows
this algorithm, in fact a version of the arc-consistency al-
gorithm AC-2 proposed in [12] and adapted to the com-
ponent domain notation. The algorithm uses the function
F, that, given a variable domain X and a PNF constraint
P;j = {rp,rn,7F) between variables z; and z;, returns the
possible domain of z; when z; assumes values in X. In

order to define F, we first define the function f

rp if x = past
flz,{rp,ry,7r)) =4 ry if 2 =now
rp  if ¥ = fut

F is the union of f(z,P) over all the elements z in the
PNF-domain A,

FOP) =] f(=,P)

TEA

The first step of the algorithm consists in detecting
which variables of a component domain W are different
from PNF, and queuing all those variables for further ex-
pansion. Then W, the component domain to be returned,
is initialized identically to the input W.

The core of the algorithm is a loop which ends when the
quene is empty. In each cycle, one variable z;, at state W,
is examined. For each variable z; an auxiliary variable X
is assigned the possible values for the domain of #; given
the present domain of z;,, computed by the function F
described above. In steps 7-9, if necessary, the domain of
x; 18 actualized with the intersection of its previous domain
and X, and the modified variable is pushed into the queue.

Since the result of arc-consistency always contains all the
solutions of a constraint satisfaction network, it is clear
that R(W) C AC-R(W). The basic argument shown in
[12] proves that the worst case complexity of the algorithm
is linear in the number of constraints.
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