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Abstract.  This paper shows how the output of a number of detection
and tracking algorithms can be fused to achieve robust tracking of peo-
ple in an indoor environment. The new tracking system contains three
co-operating parts: i) an Activ e Shape Tracker using a PCA-generated
model of pedestrian outline shapes, ii) a Region Tracker, featuring re-
gion splitting and merging for multiple hypothesis matching, and iii ) a
Head Detector to aid in the initialisation of tracks. Data from the three
parts are fused together to selectthe best tracking hypotheses.

The new method is validated using sequencesfrom surveillance cam-
erasin a underground station. It is demonstrated that robust realtime
tracking of people can be achieved with the new tracking system using
standard PC hardware.

Keyw ords. Visual Surveillance, People Tracking, Data Fusion, PCA.

1 Intro duction and Related Work

Realtime automated visual surveillance has been a popular area for scierti ¢
and industrial researd in the past few years. Peopletracking naturally plays a
key role in any visual surveillance system, and a number of tracking algorithms
for di erent applications have beenpreseried [1{9].

While these works presernt a wide range of di erent methods, they can be
classi ed into three main categoriesof increasingcomplexity:

1. Methods using region- or blob-based tracking, sometimeswith additional
classi cation schemesbasedon colour, texture or other local image proper-
ties [2{4, 6, 7].

2. Methods using 2D appearancemodels of human beings|[1,5].

3. Methods using full 3D modelling of human beings[8, 9].
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Fig. 1. View from Surveillance Camera with Tracked Outline Shapes

The more detailed the models for people detection and tracking, the better
the system can handle the particular situations for which it is trained. However,
systemsin category 3 with complex 3D models are usually too slow to usein
realtime [9] or they require a special camera/scenesetup [8] rarely available in a
visual surveillance environment. This is why most of the methods usedfor visual
surveillancefall into categoriesl or 2. The peopletracker developedin this work
is in category 2.

Our peopletracker usesa Region Tracker, and an Activ e Shape Model [5] to
model the 2D outline of a personin the image. Figure 1 shovsa number of people
tracked by the Active Shape Tracker. The People Tracker has been modi ed
over time to increasetracking robustnessand adapted for usein an integrated
visual surveillance system. We ported the tracker from an sgi ™ platform to a
PC running GNU/Linuxto facilitate economicalsystemintegration. The People
Tracker is now part of the ADVISORIntegrated systemfor automated surveillance
of peoplein underground stations. The overall aim of the ADVISORystemis to
track peoplein realtime and analyse their behaviour. It has to display video
annotations and warnings in realtime to the human operator and archive them
together with the digitised video. Figure 2 shows the overall systemlayout, with
individual subsystemsfor tracking, detection and analysisof evernts, and storage
and human-computer interface subsystemsto meet the needs of surveillance
system operators. Each of these subsystemsis implemented to run in realtime
on o -the-shelf PC hardware, with the ability to processinput from a number of
camerassimultaneously. The connectionsbetweenthe di erent subsystemsare
realisedby Ethernet.

! Annotated Digital Video for Intelligent Surveillance and Optimised Retrieval
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Fig. 2. The ADVISORystem with its 6 SubsystemsConnected by Ethernet

Our researd group is responsiblefor building the PeopleTracking subsystem
of ADVISORThis article describesthe overall structure of the methods employed.
Our starting point was the Leeds People Tracker by Baumberg and Hogg [5],
but it has beenmodi ed and new region tracking and head detection modules
have been added to achieve robust performance. Section 2 describes the main
componerts of our People Tracker. Section 3 explains how these componerts
interact and how their output is fusedtogether to provide more robust tracking
results. Validation results from experiments with the new People Tracker can be
found in Section 4.

2 Overview of the People Tracking System

Our PeopleTracking system,aspart of the ADVISORystemdepictedin Figure 2,
is itself comprisedof four moduleswhich co-operateto createthe overall tracking
output, aiding ead other to increasetracking robustnessand to overcomethe
limitations of individual modules. The four modules are

1. Motion Detector | to detectin eat frame thoseregionscontaining mov-
ing objects,

2. Region Tracker | to track theseregionsover time,

. Head Detector | to detect headsin the tracked regions,

4. Activ e Shape Tracker | to detect and track people over time using a
model of their outline shape.

w

In this section we will briey describe eadh of the four modules. Section 3
will describe how the modules inter-operate and how tracking output from all
of them is fused together to re ne tracks and create the tracking output of the
system.



2.1 Mo dule 1: The Motion Detector

In order to detect moving peoplein the image, the Motion Detector maintains
a model of the badkground, that is, the appearanceof the scenewithout people,
and including all static objects. The Motion Detector obtains the background
model by median- Itering the video image over time.

The Motion Detector subtracts the badkground image from the current video
image. Thresholding of this di erence image yields a binary image containing
\foreground" regions which are de ned by bounding boxes. Each bounding box
typically includes one or more moving blobs, i.e. connectedsets of pixels where
movemert was detected. Those regionsthat match certain criteria for size and
shape are classi ed aspotential people,and together with the motion imagethey
represent the output from the Motion Detector.

2.2 Mo dule 2: The Region Tracker

The Region Tracker tracks all moving regionsdetected by the Motion Detector.
It usesa frame-to-frame region matching algorithm together with information
about the long-term tracking history of ead region. Regions are matched ac-
cording to their size and position, using a rst-order motion model for their
movemert in the image.

In the following sectionswe will explain the main two features of the Region
Tracker: Region Splitting/Merging and the temporal integration of static regions
into the badkground.
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Fig. 3. Problem During Motion Detection: Two people, distinct at time t1, come close
to eadh other a little later, at time t,, and their blobs merge. As a consequence the
Motion Detector now extracts the two people as one moving region (the grey box).
When at time tz the people split again, and the Motion Detector again extracts two
moving regions. These tracking and identi cation problems are overcome by Region
Splitting in the Region Tracker.



Region Splitting and Merging

In order to match moving regions, measuredin the image by the Motion Detec-
tor, to the regionspredicted by the Region Tracker, the predictions are combined
in a constructive approac to resenble the measuremets. If a combination of
predicted regionsmatchesthe measuremets, thesepredictions are adjusted and
their track accepted.This measurebecomesparticularly important in casedike
the one demonstratedin Figure 3 when one measuredregion, at time t,, corre-
spondsto two regions predicted from atime ty, t; < t».

Dueto the limited capabilities of our Motion Detector, detectedmoving blobs
are sometimessplit in the image even if they are part of the sameperson. This
is usually either due to partial occlusion or to low contrast of moving pixels
with the badkground. Small adjacert regions detected by the Motion Detector
are therefore mergedby the Region Tracker, before matching them to predicted
regions.

Temporal Integration of Static Objects into the Background

One problem when tracking regionsin the imageis the overlap of two (or more)
blobs arising from di erent people,asin the examplein Figure 3. If one of the
corresponding objects is still moving and the other one has becomestatic only
a few frames previously the badkground model usually doesnot include either
of the two. As a result, the Motion Detector stills report that both objects are
moving. If theseobjects comecloseand overlap in the image,they are detectedas
onemoving region which makesit dicult to maintain the correct identi cation
of both objects. Also, the Activ e Shape Tracker, which usesa pixelwise di erence
of video image and badkground image, is not able to correctly detect the outline
of both people in local edge seard becauseit has an incorrect notion of the
background.

Static objects canbeintegrated into the badkground, thereby enabling correct
detection and identi cation of objects moving nearby. The badground image is
updated periodically using a temporal median lter with the result that all
static objects are everntually incorporated into the badkground. However, if we
incorporate detected, static objects too quickly into the background, we might
not be able to identify and track them when they start moving again. Moreover,
we might detect a \negativ e" of the object which becomesstationary and then
later moveson, becausethe badground model includes the object.

A simple procedurehas beendevisedand implemented to incorporate static
objects temporarily into the badkground, thereby

{ resulting in much better detection of movemert in the vicinity of objects
which have becomestatic only a few frames previously, e.g. movemert of
people past stationary people,

{ making it possibleto restore the \empty" original badkground at the exact
time a static personstarts moving again,

{ enabling the identi cation of the object starting to move again, by keeping
a copy of the necessarydata (position, size,identity record).



The areasin the image where static objects have beendetectedand incorpo-
rated into the badkground are specially marked sothat the background modelling
algorithm doesnot include these objects into the badkground image.

2.3 Mo dule 3: Head Detection

Inspired by the W* systemby Haritaoglu et al [1] we have implemented a simple
algorithm to detect head positions in moving regions detected by the Motion

Detector and Region Tracker. The algorithm createsa vertical pixel histogram
of the upper part of theseregions, operating exclusively in the black and white

motion image. It usesa simple low-pass lter to make up for noiseand \holes" in

the motion image. It then scansthe vertical histogram for peaks, using camera
calibration to analysewhether these might be headsof people. The hypotheses
of detected head positions in the image are the output from this module. They
are stored together with the assaiated region for later useby the Active Shape
Tracker.

The algorithm implemented in the Head Detector is obviously much simpler
than normal face detection and tracking methods which use more sophisticated
meanslik e skin colour models[10,11]. The sole purposeof the Head Detector in
our systemis to aid in the initialisation and validation of tracks by the Active
Shape Tracker. Wrongly detected heads(false positives) usually do not in uence
tracking output becauseno personcan be detected for this head. Furthermore,
the implementation of the Head Detector is very fast, adding no noticeable over-
headto the overall CPU time usedby the People Tracker.

2.4 Mo dule 4: The Activ e Shape Tracker

Our Activ e Shape Tracker is based
on the LeedsPeopleTracker by Baum-
berg and Hogg [5]. A spaceof suitable
pedestrian outline shapes is learnt in
a training stage using a set of video
imagescortaining walking pedestrians.
Detected personoutline shapesare rep-
reseried using cubic B-splines. Each
outline is speci ed by a point in a high-
dimensional parameter space. Princi-
pal Componert Analysis (PCA) is ap-
plied to the obtained set of points to
generatea lower dimensional subspace
S which explains the most signi cant
modes of shape variation, and which is
a suitable state spacefor the tracker. Fig. 4. Edge seart for shape tting

Moving regionsdetectedby the Re-
gion Tracker are examinedmore closelyby the Activ e Shape Tracker. The shape
of the given blob is approximated by a cubic B-spline and projected into the




PCA spaceS of trained pedestrian outlines. The new shape obtained in this
initialisation processis then used as a starting point for further shape analy-
sis. Once peopleare recognisedthey are tracked using the trained shape model.
Tracking is performed using Kalman ltering with secondorder models for the
movemert of peoplein 3D. The state of the tracker includesthe current outline
shape as a point in S. This point is updated as the obsened outline changes
during tracking.

In order to adjust the outline shape to eat newimage of a personwe usean
iterativ e optimisation method. The current estimate of the shape is projected
onto the image. The shape is then tted to the imagein an optimisation loop
by searting for edgesof the person's outline in the neighbourhood of eadh
spline control point around the shape. Figure 4 illustrates this process.The pale
blue lines shaw the Mahalanobis optimal seard direction [12] usedin local edge
seard.

The Activ e Shape Tracker has the following de ciencies:

{ tracking succeedonly if a sucient part of the outline is visible. Although
the tracker models some occlusion, it losestrack in complex situations or
when peopleare too closeto ead other.

{ track initialisation relies on output from the Motion Detector which means
that background modelling must be su cien t for the lighting conditions.

{ once a track is lost, there is no means of re-establishing the identity of a
personwhen re-gaining track.

3 Data Fusion and Hyp othesis Re nemen t

The main goal of using more than one tracking module is to make up for de-
ciencies in the individual modules, thus achieving a better overall tracking
performancethan ead single module could provide. When combining the infor-
mation from di erent modelsit is important to be aware of the main sourcesof
error for the di erent modules. If two modules are subject to the sametype of
error then there is little benet in combining the outputs.

3.1 Interaction Between Tracking Mo dules

After explaining the operation of ead of the four tracking modulesin Section 2
we will now focus on the interaction of thesemodules,i.e. how eady module uses
the output from other modules. Figure 5 shows how the data ow betweenthe
four modules and two storagefacilities: the Background Model and the Tracking
Status and History database.The modules are operated in the order they are
preseried above:

1. Motion Detector,
2. Region Tracker,
3. Head Detector,
4. Shape Tracker.



Each of the modules has accessto the output from the modules run previ-
ously, and alsoto the long-term tracking history which includespast and presert
tracks, together with the full tracking status (visibilit y, type of object, whether
it is static etc). For eat tracked object, all measuremeis and tracking hypothe-
sesand predictions generatedby di erent modules are stored in one place. As
a result, a module can accessall tracking data generatedby other modules and
assaiated with a given object.
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Fig. 5. Interaction Between Modules. The numbers refer to the sequencein which the
modules are operated in the tracking stage.

Mo dule 1: The Motion Detector. The Motion Detector usesthe background
model to detect new objects. With the help of the Region Tracker static objects
are quickly incorporated into the badkground, thereby enabling the correct de-
tection of other objects moving in front of the static objects. The badkground
model is kept up to date by removing objects from it when they start moving
again. This, in turn, helpsthe Region Tracker to track objects more reliably by
improving the Motion Detector's measuremets.

Mo dule 2: The Region Tracker. The Region Tracker usesthe Tracking
Status and History databaseto track regionsover time. It can create multiple
hypothesesof tracks using Region Splitting and Merging, and keepstrack of
objects even if they are not visible in particular frames.If the Region Tracker is
unsure about a track or it cannot detect an object, it consultsthe Activ e Shape
Tracker's output for this object. If the assaiated shape model of a personis
successfullytracked, the Region Tracker usesthe bounding box of the tracked
shape outline as a new hypothesisfor the region's position and size.

Another way the Region Tracker usesthe output of the Activ e Shape Tracker
is to split up large regionsif they contain more than one person. After both the



region and the assaiated personshape(s) have beentracked, the Region Tracker
cheds whether a signi cant part of the region was not covered by the shape(s)
contained in the region. This situation occurswhentwo or more peopleare close
together and detected as one region, for example when they enter the scenein a
group, one personoccluding the other. Oncethe Region Tracker has established
that there is more than one personin the region, the region is divided into two
and eat subregiontracked separatelyin order to establishthe track of all people
within the group. Cameracalibration is usedin this processo determine whether
the remainder of the region, after splitting it, is large enoughto contain more
people,and how many there might be. In subsequeh frames,the Region Tracker
usesRegion Splitting to correctly split up the output from the Motion Detector
into two or more regionsin order to track every person correctly. These split-
up regionsare then processedseparately by the Head Detector, and the Active
Shape Tracker tries to initialise personoutline tracks in ead of these.

Mo dule 3: The Head Detector. The HeadDetector usesthe regionsdetected
and tracked by the Region Tracker. It storesa list of candidate head positions
together with the assaiated regionsin the Tracking Status database.Thesehead
positions are mainly usedby the Activ e Shape Tracker.

Mo dule 4: The Activ e Shape Tracker. The Active Shape Tracker hasthe
largest number of inputs from other modules. The most important support the
Activ e Shape Tracker receives from other modules is in the initialisation and
identi cation of tracks. The initialisation refersto the processof estimating the
position and sizeof an outline shape in the image. Oncea track is initialised the
Activ e Shape Tracker usesits own predictions and tracking status, stored in the
certral Tracking Status and History database,to keeptrack of a person.

The initialisation of a track utilises detection results both from the Region
Tracker and the Head Detector. In addition to the initialisation of shapesfrom
tracked regions as described in Section 2.4 above, the heads detected in a re-
gion are usedto determine possiblepositions of people.In this process,camera
calibration is usedto create hypothesesof the most probable size and position
of a personin the image. This initialisation by head positions is particularly
important when there is more than one personin a given region, e.g. when a
group of peopleis detected as one region.

Additional attempts to initialise tracks are made for regions and already
tracked outline shapesif the Active Shape Tracker detects that a shape is too
large or too small to be a person. This situation can occur when the upper or
lower part of the personis occluded. Using camera calibration, two additional
hypothesesare created for the tracked object to cover the casesthat either the
lower or the upper part of the person's outline is visible. Hypothesescreated
in this way are added to the tracked object for post-processingand ltering,
described in Section 3.2.

During the shape tting process,the Active Shape Tracker also usesthe
current badkground model together with the current video image to facilitate



local edgeseardt around the current shape. In this way, the Activ e Shape Tracker
bene ts signi cantly from the temporal integration of static objects into the
badkground by the Region Tracker, resulting in more accurate tracking results.
When a new track is initialised by the Active Shape Tracker, it is assigned
the identit y of the assaiated region. This is especially important in caseswhen
a track is lost by the Active Shape Tracker, eg due to occlusion. If the Re-
gion Tracker keepsthe track then the Activ e Shape Tracker can re-establishthe
identit y of the tracked personwhen the track is re-gainedat a later time.

3.2 Hyp othesis Re nemen t

After running all four detection and tracking modules, the data and tracking
hypothesesgenerated by them are further analysedand ltered. The trackers
usually generatemore than one hypothesisfor ead tracked person, and the in-
formation canbe of di erent types(moving region, head position, shape model).
In order to reducethe number of hypotheses they are rst pairwise comparedto
seewhether they are multiple obsenations of the sameobject. Thosewhich are,
e.g. multiple shape models for the same person, are further compared using a
track con dence measuregeneratedby the tracker and the positional uncertainty
for the predicted position. The better one of the two tracks is then acceptedas
valid and the other one discarded, whilst making sure that the original identity
of the personor object is carried over to the next frame.

More re nement of hypothesesis done by keeping multiple hypothesesof
the sametrack if they are consideredas possibly valid. Although only the best
tracks appear in the tracking output more tracks are kept in the Tracking Status
database,and predictions are made of theseby the assaiated trackers. This way,
a hypothesisnot matched in oneframe, e.g.in the event of a partial occlusionor
a missed(dropped) frame in the system,is not lost but may again be matched
to measuremets and the track re-acquired, at a later time.

4 Exp erimental Results

To demonstrate the applicability of our approad, we performed se\eral experi-
mernts with video sequence$rom a surveillancecamerain a London Underground
station. We have chosena surveillance camerawhich has all the potential di -
culties for peopletracking:

{ stationary peoplewaiting in queuesat the three counters of the ticket o ce,
{ peoplewho occlude eac other asthey walk past,

{ low contrast of somepeopleagainst the background,

{ peoplein groupswho comecloseto ead other and part again.

The sequencas digitised at full PAL resolution (768 576 pixels) at 5 frames

per second(fps). The People Tracker runs in realtime (that is, 5 fps) with the
amount of objects shown, on a 1 GHz Pentium ™ |11 basedPC, running under
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GNU/Linux The computing time includes software JPEG decompressionof the
video input and annotation output in XML, but no display (this is done by
the Human Computer Interface in the ADVISORystem). Screenoutput, when
enabledduring developmert, approximately doublesthe amount of overall CPU
time usedby the People Tracker.
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(a) Frame 2, Motion Image (b) Frame 2, Video Image
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(c) Frame 3 (d) Frame 4

Fig. 6. Frame 2 (Motion and Video Images); Frames 3 and 4 (Video Images).

Figures 6 and 7 show the tracking output of the tracker. Regionsare drawn
into the videoimagesby their de ning bounding box, and assaiated shapesfrom
the regionstracker are drawn in the samecolour. In the following we examine
how the newly implemented featureswork in practice.

In the motion image of Frame 2, Figure 6(a), we seethat initially not every
personis detectedin a separateregion becausethey are too closetogether, and
no previous tracking data is available to try to correct this. As a consequence,
not all shapescould be initialised correctly by the Activ e Shape Tracker, ascan
be seenin the video image, Figure 6(b). We notice, however, that by using the
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Head Detector, one person's shape was initialised correctly in eac of the two
large regions (track 1, yellow box, and track 2, white box).

In the Hypothesis Re nement stage, the Region Tracker tries to separate
the detected personwithin the large regionsfrom the remainder of the region.
Frame 3, Figure 6(c), thereby yields the new track of the personin the middle
(track 5, blue box).

In Frame 4, Figure 6(d), the track of region and outline shape of person
2 (white) are aligned, enabling the separation of the adjacert personthe left.
The track of this new personis picked up by the Region Tracker (track 10, light
greenbox) and tracked using Region Splitting. When the Activ e Shape Tracker
also starts tracking the persona little later, their identit y and track history can
already be established.

(a) Frame 39 (b) Frame 55

Fig. 7. Frames 39 and 55 (Video Images).

A few frameslater in the sequencejn Frame 39, Figure 7(a), shavsthat the
peopleat the counter have beendetected as static and temporarily incorporated
into the background. This is indicated by a dashedoutline around static objects.
The personat the right cournter cannot be tracked by the Active Shape Tracker
becausetheir jacket does not stand out against the badkground. However, the
Region Tracker keepstrack of their dark trousers until the full outline can be
tracked by the Activ e Shape Tracker.

In Frame 55, Figure 7(b), Person2 (white) hasstarted to move again. Their
image is removed from the badkground and both Region Tracker and Active
Shape Tracker continue tracking with the correct id. Meanwhile, a person has
walked past all v e static peoplewithout their track being lost.

In the following we will focuson the three shortcomingsof the Activ e Shape
Tracker as discussedin Section 2.4 and examine in sections4.1 to 4.3 how the
new tracking systemdealswith theseproblems.
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4.1 Dealing with Occlusion

The new tracking system has two advantages over the original Active Shape
Tracker in handling occlusions.These are due to the combination of the Active
Shape Tracker with our feature-rich Region Tracker:

{ static objects are incorporated into the badkground. This feature of the Re-
gion Tracker, which was discussedin detail in Section 2.2, helps to avoid
many typesof occlusionsbefore they happen.

{ occlusion strongly a ects the Active Shape Tracker when a large part of a
person'soutline is not detectable. To the Region Tracker, due to its nature,
not observing the outline does not pose such a dicult problem. Region
Splitting and Merging helps the Region Tracker to avoid problems of oc-
clusion. By linking the Active Shape Tracker with the Region Tracker and
tracking the personshapesand assaiated regionsindependertly, the overall
tracker doesnot losetrack of a personso easily.

4.2 Initialisation  of Tracks

(a) Initialisation of New Tracks (b) Final Tracking Output after
in the Activ e Shape Tracker Hyp othesis Re nement

Fig. 8. Initialisation and Re ned Tracks, Frame 6

Figure 8(a) shaws the locationsin the imagewherethe Activ e Shape Tracker
looks for people, in order to initialise new tracks. Initial shape estimates are
projected onto the image beforethe shape tting processis started. Hypotheses
of already tracked people are not displayed here. Someof the shapesexamined
in the initialisation processare very close,and in the shape tting processthey
convergeto the sameperson. During the HypothesisRe nement stage,only the
strongest hypothesesare kept and the others are abandoned.

Potential head positions as detected by the Head Detector are marked in
the imagein red, shoving seard regionsand estimated head positions. It can be
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seenthat most of the headsare detected,and an active shape model is initialised
in the vicinity of every personin the image.

The bottom left corner of Figure 8(a) shows a detected region from the
Region Tracker, in this casethe head of a person. The Active Shape Tracker
usescameracalibration to establishthat this regionis too small to be a person
and examinestwo hypotheses:either the region constitutes the head of a person
or their feet.

Figure 8(b) shaws the nal tracking output for the same frame shown in
Figure 8(a). All peoplebut the man at the rightmost counter have beencorrectly
detectedand are tracked. The man's beigejacket hasa particularly low corntrast
to the badkground and additionally, most of his body outline is occluded by
the personin front of him. This is why the Active Shape Tracker doesnot nd
enough edgesduring the shape tting, and consequetly does not detect the
person.

4.3 Establishing the identit y of lost trac ks

In the sequenceshown, there were no instancesof lost tracks. This is becausehe
Region Tracker aids the Activ e Shape Tracker sothe overall tracker is lesslikely
to losetrack of a person.In our system, even if a track is not detected in one
frame, or the video image is unavailable for a frame or two, their data will not
be removed from the Tracking Status and History database.Each tracker still
makespredictions for the object in question, and if its track can be re-gainedat
a later stage, their original identit y and tracking history can be re-established.

5 Summary and Discussion

Our PeopleTracking Systemis part of the integrated visual surveillance system
ADVISOHReveloped for operation in an underground station. The PeopleTracker
is basedaround an Activ e Shape Tracker which tracks the 2D outlines of people
in video images.In order to achieve robust tracking of people,a Region Tracker
and a Head Detector were addedto the original tracker design. A new software
designhas beenemployed which allows for interaction betweenthese modules.

By combining multiple modulesto form one People Tracker, and fusing their
output to generatethe tracking output, we achieve a higher tracking reliabilit y
than any of the individual trackerscan achieve on its own. The Region Tracker
with its Region Splitting and Merging, aswell asits Temporal Background Inte-
gration featuresplays an important role, helping when occlusion createsdi cul-
ties for the Active Shape Tracker, and in the identi cation of tracks for correct
long-term tracking. Output from the Head Detector helpsin the initialisation of
tracks which is part of the Active Shape Tracker.

The new software structure also enablesus to run the People Tracker on
input from multiple cameras.This is part of ongoing work within the researd
and developmert in the ADVISORroject.
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