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Abstract

We present a method for assessing the likelihood of atra-
jectory of an object through a scene consisting of a num-
ber of other objects. The closest points on the trajectory to
the other objectsare chosen aslandmark pointsand at each
landmarkwe cal cul atethe probability of theinteraction. Se-
quences of such probabilities are then analysed to give the
likelihood of the whol e trajectory.

1. Introduction

The aim of our work isto devise general techniques for
detecting atypica behaviours in the interaction of objects
withinachosen domain. This paper describes asimplegeo-
metric method for characterising the rel ative movements of
mobile and stationary objects within a probabilistic frame-
work. Experimental results are presented for the domain
of car park scenes in which people move to and from ex-
its and parked vehicles. A probabilistic model of theinter-
action between people and carsis constructed automatically
through observing long training sequences of video. Finally,
thismode isused to detect atypical behavioursthat are plau-
sibly significant within a surveillance context.

As a pre-requisite for the work undertaken, two model -
based systems are used to track the motion of peopleand ve-
hicles. Thefirst [?, ?, ?] uses active shape modelsto track
non-rigid objects, in our case people. The second [?] uses
geometric 3D modelsto track rigid objects. cars. These sys-
tems have been integrated to handle mutual occlusion [?].
Both systems provide coordinateson theground planeof the
objects being tracked. It isthisinformation that we use as
our input data.

Several authorshave devised systemstointerpret themo-
tion of objectsthroughascene. One approach isto construct
a natural language description of the behaviour of the ob-
jectsinthe scene [?, ?]. Probabilistic or Bayesian networks
have been used to hel p construct such descriptions[?, ?]. An
alternative approach [?] isto mode the probability density
function of instantaneous movement and partial trgjectories.

Figure 1. The car park scene and one of the
trajectories through it

All the above approaches rely on having a constrained scene
where only alimited number of paths are taken.

We can view the task as one of compressing the data
we want to find ways of representing the data which pre-
serves the useful information but is independent of the par-
ticular arrangement of objects. Once we have such arepre-
sentation we can use standard statistical techniquesto char-
acterise therepresentations. Much of the data on apath con-
tainslittleuseful information, so we select certain landmark
points which capture the interaction between objects. At
these points we measure various quantities which describe
the nature of theinteraction. Wethen mode the distribution
of these quantitieswhich enable usto cal cul ate the probabil -
ity of theinteraction. Thisleavesuswithasequence of prob-
abilitiesfrom which we can factor out thetemporal informa-
tion to giveusamonotonically increasing sequence. Finally
we use weighted sums of probabilitiesin asupervised learn-
ing framework to classify the types of behaviour.

The system has been tested on a set of datagathered from
the car park shown in figure 1. Thisdata consists of 54 tra-
jectories collected during the morning rush hour, most of
whichinvolvesomeinteractionwiththevehicles. Fiveatyp-
ical trgjectories have also been recorded. For thiswork the
positions of the cars have been estimated by hand. For the
purpose of our algorithmthisisareasonabl e approximation.
Inthefina system we would use car positionsautomatically
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Figure 2. The distance to the currently near-
est car

generated by the vehicle tracker.

2. Choosing Landmarks

By choosing geometrically significant points or land-
marks we significantly reduce the amount of information
used to describe a curve. Landmark data has been widely
used for statistical shape analysis [?] particularly in the
medica field. In our situation we choose those points on
a trgjectory which are at a minimum distance from a spe-
cific object. In terms of the interaction between objects,
these minima capture some of the most important informa-
tion about a trgjectory. In other applications we could use
other geometric features of acurvesuch asverticesor inflec-
tions. For example Bookstein [?] has recently developed a
novel statistical approach which uses bending energy of in-
terpolating splines to specify landmarks.

Consider an object moving along astraight linewith con-
stant speed s past the origin where the minimum distance to
thelineish, i.e. onthecurve (h, st). Thedistancefromthe
originisgiven by

2
d=/h2+ 522~ h + ;—htz,

s0 it can be locally approximated by a parabola, for which
it is easy to caculate the minima This parabola becomes
tighter as the speed increases or the distance decreases,
hence we expect better temporal accuracy for fast movement
or close interaction. In practice we cal culate globa minima
by finding the point with minimum distance, and local min-
ima by finding pointsnearer than itsimmediate neighbours.

We have investigated several ways of selecting minima.
One method is to calculate the closest point on the trajec-
tory to each object. A disadvantage of thisis that some of
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Figure 3. The distribution of speed and dis-
tance

the minima will correspond to objects which are far away
and hence of littleinterest. These pointswill affect the later
distributions so are best disregarded. We overcome this by
calculating the distance to the nearest object at each point
onthetrgjectory. A plot of thedistanceto thenearest vehicle
for thetrgjectory infigure 1 isshowninfigure ??. Thesharp
pointsat the top of thisplot correspond to when we are mid-
way between two objects. The parabolalower down are the
local minimawhich we use as our landmark points. We are
likely to have several local minimafor each object, andif the
speed islow measurement noise may introducing extramin-
ima. We can eliminate some of these minima by applying
some smoothing to the curve, but thisis still likely to leave
more than one minimaper object. Thismay beuseful in cap-
turing the length of time two objects are close or whether
they have repeated interactions. Here we have opted to just
choose at most one minima per object, actualy the closest
point.

3. Assessing the likelihood of a single interac-
tion

We now have a sequence of landmark pointson each tra-
jectory. At each landmark point we can measure two quan-
tities: speed and distance. We now build up a distribution
of these measurements taken from all the landmarks on the
pathsin our sample set. Thisdistributionisthen used to as-
sign a probability to each event. In other applications we
could use other quantities such as curvature to further char-
acterise the events.

Figure ?? shows the values of speed and distancefor all
the landmark pointsin our sample set of trgjectories. From
this diagram we build up a plot of the cumulative probabil -
ity, i.e. wecal culatethe probability of aparticular event with
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Figure 4. The cumulative probabilities for
speed and distance

speed s and distance d or worse happening, i.e. an event
with speed less than or equal to s and distance less than of
equal to d. Thisisshow in figure ??. The cumulative prob-
ability can be calculated by simply counting the number of
points with speed less than s and distance less than d. We
then arriveat aprobability by simply dividingby the number
of pointsin the distribution. Asthere are a good number of
minima, even from a small number of trgectories, directly
counting thevaueswill giveusagood estimate of the prob-
abilitiesand avoid the problems of trying to fit afunctionto
the data.

For the car park scenario these probabilitiesfit with our
intuition that we require both speed and distance to be
low for a suspicious occurrence. Someone moving quickly
along the edge of a line of cars will not be regarded as un-
usual. Likewise standing still a long way away from any
carsisnot considered unusud .

4. Un-ordered sequences

Assigning probabilitiestothelandmarks givesan ordered
sequence of probabilities. There are many possible routes
that an object can take through the scene. These depend on
itsfinal destination and a so the position of the other objects.
Thereforethere are many possible sequences, and aparticu-
lar sequence is unlikely to be repeated often, making it dif-
ficult to classify these sequences. Ideally we would like to
obtai n arepresentation of atrajectory which doesnot depend
on the arrangement of objects. In particular we would like
one that does not depend on the order in which the events
occur.

Suppose we have an ordered sequence (ay, as, . . ., ay)

of probabilities. We would like to make all possible permu-
tations of this sequence equivalent, i.e.

(a2aa1aa3a .. 'aan)

.y Cll).

aan) ~

~ (anaan—la”

(al,az,...

In mathematical terms we do this by considering the quo-
tient space R"/X,,, where &, is the group of al possible
permutations on n elements. Unfortunately thisis an ab-
stract space which is difficult to represent on a computer.
There are aso problems with comparing elements in such
aspace.

Here we produce an unordered representation by sim-
ply sorting each sequence in terms of increasing probability.
This gives us monotonically increasing sequences. We can
compare two such sorted sequences in aterm by term fash-
ion. In effect this compares the two most interesting (Iow-
est probability) itemsin each sequence, and then the second
most interesting items and so on. Thisfitswell with our ap-
plication. The representation also allows us to compare se-
quences of different lengths.

5. Final Analysis

Thefinal stage in the agorithmis to characterise mono-
tonically increasing sequences of probabilities.

In the car-park scenario we expect people to get out of
acar and walk towards an exit. Thiswould give usa dia-
gram similar to those in figure ??. The first two probabil-
ities are low corresponding to when the person gets out of
the car and interacts with that car and the neighbouring ve-
hicle. The probabilitiesthen rapidly increase asall the other
interactions happen at a reasonable speed and distance. We
would expect asimilar diagramif the person entersthe scene
and walks towards a particular car.

For atypical behaviour we expect a person to move
slowly closeto anumber of cars. Thiswill be indicated by
a large number of events with low probability as shown in
figure ??. Note how this does not depend on the particular
route taken through the scene.

There are a number of ways we can interpret this data,
given that that the final results we want is a simple nor-
mal/atypica classification. We could, for example, choose
the fifth, or tenth, item in the sequence and compare the
probabilities, flagging low values. Alternatively we can
choose a threshold for the probabilities, say 0.2, and count
the number of events which lie below thisvaue. It may be
possible to use an un-supervised learning technique similar
to[?] tomodel the distribution of these sequences.

Here we use a supervised learning technique to classify
each sequence in our data set into two classes: normal and
atypical. A weighted sum, " a;p;, of thefirst five proba-
bilities, p;, in each sequenceis used. If the sumislessthan
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Figure 5. Two normal trajectories and their
sequences of probabilities. The squares on
the left-hand side represent the positions of
vehicles.
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Figure 6. Two suspicious trajectories and
their sequences of probabilities

0.5 then the trgjectory is classified as being atypical. Thirty
three of thetrgjectoriesincluding four atypical onesare used
as our training set.

In the training phase we take an exhaustive search over
all possible weights, each weight taking values between 0
and 1. We select those weightswhich correctly classify the
most trajectories. We have found that a large set of dif-
ferent weights will al produce a good classification with
only a few miss-classifications. This large set of possible
weightswas expected as visudly thereis aclear difference
in the sequence plots between the two classes. For the test-
ing stage we take all the sets of weightswith three or fewer
miss-classifications and cal cul ate the median valuefor each
weight. The remaining 26 trajectories were then classified
using these weights. This correctly identified the one atypi-
cal trgjectory and only yielded one fa se positive.

6. Conclusion

We have presented a framework for analysing sequence
of interactions. For different scenariosit should be possible
to ater theindividua stages. For example by using adiffer-
ent set of landmarks or by using a different criteria for the
likelihood of each landmark.

In further work we hopeto extend thisframework to cap-
ture such features as repeated interactionswith the same car
and also the time spent close to any particular vehicle.
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