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ABSTRACT

The paper reports about the development of a sodtwadule that allows autonomous object detecteeggnition and
tracking in outdoor urban environment. The purpofséhe project was to endow a commercial PTZ caméifa object
tracking and recognition capability to automate saurveillance tasks. The module can discriminatevéen various
moving objects and identify the presence of pedasror vehicles, track them, and zoom on thermeiar real-time.
The paper gives an overview of the module charisties and its operational uses within the comnadystem.
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1. INTRODUCTION

The aim of this paper is to give an overview ofractical object tracking modules that was develofieda video
surveillance application with specific software dmardware constraints. The goal of the project twadevelop and
integrate a software module, for a commercial dllaree system equipped with Pan-Tilt-Zoom (PTZneaas that
allows autonomous object detection, tracking amdgaition in an outdoor urban environment. The nedad to be
able to discriminate between various moving objatitscard non-relevant ones, identify the preseriqeedestrians or
vehicles, track them, and optionally zoom on thalinn near real-time.

Video surveillance is now an active research tofiitimportant R&D initiative at the origin of thigeld was the U.S.
government-funded program “Video Surveillance andnibring” (VSAM) [1]. The Defense Advanced Resdarc
Projects Agency (DARPA) Information Systems Offieeinched the three-year VSAM program in 1997 toettgv
automated video understanding technology for udatimre urban and battlefield surveillance applmas. The VSAM
program looked at several fundamental issues iactien, tracking, auto-calibration, and multi-cameystems and
motivated many other academic researches (forrinstg5-7]). Collins et al. [5] have developed ateyn that allows a
human operator to monitor activities over a largeaausing multiple calibrated cameras with a getispsite model.
Tracking approach is based on image correlationpmap followed by computation of the 3D location tre site
model. Inter-sensor communication consists in antfireg off” mechanism between sensors situated albegbject’s
trajectory.

A decentralized architecture has also been propased) multiple calibrated cameras to learn pastevhactivities
from motion observation [13]. The basic assumpf@rearning is the preservation of the object titgrthroughout the
tracking process. Another wide area surveillansesy using client-server architecture has propbgethved et al. [9-
10]. It uses non-calibrated cameras with overlagppmnd/or non-overlapping fields of view (FOVS). Tégstem is
trained to learn the topology of the FOVs. The rht@mera correspondence is established based ear lirelocity
prediction and on a spatio-temporal constraint thase the FOVs topology. Another real-time visuatvsillance
system for detecting and tracking multiple peoptha anonitoring their activities in an outdoor enviment was
proposed by Haritaoglu et al. [8]. It operates oonotular grayscale video or infrared imagery ancpleys a
combination of shape analysis and tracking to bbgetople and create appearance models. It camietewhether a
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foreground region contains multiple people and sagment the region into its constituents. More mégea system
with a decentralized architecture has been devdIf&] with no dependence on a central serverdbatd fail during
an operational mode. The intelligent nodes send randive information between them and a pair of @ras are
attached to each node (one of them is an infraaetkca) to improve performance in low-light condigd.

The work presented here differs mainly from thevabby its non-academic and industrially-orientedurea The

module has been developed for VideoStream Techieddgc. and integrated within their VST OneTragktem, an

intelligent security/ CCTV Windows application ttaintrols PTZ cameras. The target application oM8& OneTrack

system is the monitoring of an outdoor scene (f@ngple a parking lot) without an operator, for thetection and

tracking of pertinent moving events in order totca@ quality images (close-up shots) that can leel uer instance, to

confirm the identification of a person or a vehigleith its plate number). Whereas most existingusity video

intelligence systems use fixed cameras, in thidiggton the camera can be in motion horizontaligrtically and has

zoom capability. The project necessitated the ldgweent of practical original solutions to the @adling

specifications:

- Robust and fast foreground/background segmentaitieally unaffected by any undesirable effect cdusg e.g.
lighting changes;

- Object recognition and classification to allow itiggent tracking (zoom-in) of pertinent objects {pen, car, truck)
versus useless ones (e.g. animals, trees, birdd]gmuof water, windows reflections, rain, etc.);

- Low cost.

This paper gives an overview of the system charatites (Section 2) and its operational uses (8ac8). Some
algorithmic and implementation details are delibelyanot detailed due to their sensitive industnature.

2. SYSTEM CHARACTERISTICS

The intelligent video surveillance module is congmb®f four main components: (1) background model{@Qy track

management, (3) object recognition and (4) lightking. These components enable two use caseke Ifirét mode
(using the two first components), the system oleseies scene in a wide FOV, tracks humans and vehaecld moves
the PTZ camera to zoom on a specific object if ededMore than one scene can be visited thanksetqém-tilt

programming feature, but each scene is analyzeepemtlently. In the second mode (using the fourtinpament)

initiated by the first mode or by the user, thetsgsconcentrates on a specific potentially movibgect and locks the
camera onto it.

2.1 Background modeling

The vast majority of intelligent video surveillansgstems include a background analysis component fackground
suppression, removal or subtraction). Most of tressume a simple static background. Although a fember of

dynamic background suppression models have beelsipeth recently (e.g. [11]), they were not consédein this

study due to uncertainties regarding performantectien and, more importantly, real-time constraifithe hypothesis
is that moving objects that should belong to thekjeound will generate incoherent motion and caelbeinated with

post-processing filtering. Our background modebdsed on an optimized variant of a probabilistiarak network
(PNN) and it allows producing a background proligbiihap. Each pixel has its own PNN with the cutreolor as
input data and the output of the PNN gives the aiodlty for this pixel to be part of the backgrounthe weights of
each PNN are updated according to the recent bidtory of the corresponding pixel. In order to @voontaminating
the background model with color pixels from foregnd objects, coarse areas that include significaotion are

excluded from the model update. These areas anmedfausing a pixel change history technique [15]. upso of

“connected” pixels in the background probability pnéorm blobs of potential interest (moving objedts the

foreground) that are further analyzed. Figure 1wshan example of a frame with its background/fooegd

segmentation.



Figure 1: Input frame (top), its motion map (bottom-leftidathe background probability map (bottom-right).

2.2 Track management

For each frame, the corresponding background pitifyaimap is segmented into blobs. Blobs appeaimguccessive
frames are fused together if there are similarhiapg and color, in which case they form a traclkacks represent
objects of interest that are being tracked by tretesn and they are characterized by their shaper,cnotion and an
object class label (pedestrian, vehicle or oth@bject class labeling is discussed in the neximect

At any given time, many active tracks are managethb track management module. Blobs from the ourframe are
assigned to the most similar tracks. However, timeag be numerous cases where such blob assignaientabjects
leaving the camera field of view or simply disapjieg, confusion arising when two or more objects tggether, bad
blob segmentation due to image noise or environah@oinditions (e.g. pedestrian walking behind eghbne pole). In
such cases, extension of an active track is ateanpsing a bootstrap filter that is applied locatiyorder to find the
foreground region that is the most coherent withtitob motion and color. If the bootstrap filteiisathe track simply
terminates. Figure 2 shows an example of a sitnattoere the bootstrap filter kicks in to disambiguaacking.

During track evolution, object position and labet amoothed over time to increase identificatiolbusiness. Tracks
with incoherent motion are rejected as they mosbably refer to noise or stationary objects (g&p teaves moving in
the wind). Information about the currently activacks, such as estimated speed and object labpk Qeide the

surveillance system to zoom in on relevant partheftracked objects such as faces (for pedestréantslicense plates
(for vehicles).
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Figure 2 : Two pedestrians walking in opposite directians being tracked; as they get near one another,
the bootstrap filter kicks in to properly extenaledrack.

2.3 Object recognition

For each processed frame, extracted blobs areifiddsas being ‘pedestrians’, ‘vehicles’ or ‘unknewaccording to
their geometrical properties. Many papers addrgsgiis topic have been found in the literature, &eer it became
apparent that most of the techniques proposed a&sshat pedestrians are imaged with a relativehyh higsolution
(many tens of pixels high), which is not the caséhis study. We turned our attention to sceneprdéent techniques
(e.g. [1], [3]) which try to recognize pedestriar® vehicles in low resolution (or far-field) image

A collection of features proposed by various autheere retained for analysis (Table 1). Evaluati@as performed by
first extracting these features from 4215 shapegsedkstrians and 2233 shapes of vehicles, mansedjsnented from
typical low-resolution image sequences, and thamitryg an Adaboost classifier with stump classHfiers weak
learners. In this context, Adaboost was used asatuffe selector capable of ranking the featureselgvance. After
training, three features were found to be the rd@striminant: the orientation of the ellipse arouhd blob, the near
horizontal/near vertical axis ratio, and the blazupancy inside its oriented bounding box. Clasaifon error on a
validation set was around 3%. A fuzzy classifieswhaen designed. Simple membership functions bagettie best
features found and tuned for the ‘pedestrian’ arshicle’ classes were established so that whenaugob’s joint

membership value for one class is higher thatwitst jnembership value for the other class, it sigreed to this class
provided that the value is higher that a minimum.

Table 1.Some features tested for pedestrian/vehicle retiogni

Perimeter

Dispersedness = (Perimeféayea

Area

Y-normalized area = Area / blob_centroid.y

Area of convex hull

Ratio of axes of fitted ellipse

Occupancy = Area / (area of oriented bounding box)
Variation of area

Var(dispersedness) over n frames

Var(occupancy) over n frames

Min(occupancy) over n frames

Average speed (top part, bottom part of boundirng bo
Y-Normalized average speed = speed / blob_cenyroid.
Orientation of fitted ellipse




2.4 Light tracking

This component allows tracking specific objectspites changes in camera point of view. Unlike thidewfield-of-
view use case described above where the camepeed dnd uses background modeling to locate foregtmbjects,
this operating mode allows single object trackimg & is meant to be used in true PTZ mode as ybtes tracks a
single object of interest, activating the PTZ metbim so as to keep the object in the middle ofith@ge. Since the
camera is constantly moving, background modelingnigossible, hence the term ‘light tracking’ to enlche the fact
that the tracker operates without much informagmaeept a color signature of the object to traclghtitracking is
implemented using a particle filtering approach][i&sed on color histogram information. Such infation may come
from two sources: the user can manually selectbgecbto track, in which case the color contenthaf selected region
of interest provides the reference signature, oresilance system may automatically “get intere$iacan object being
tracked in wide FOV mode, in which case the refeeesignature is the color signature that comes ttmrassociated
track (Figure 3).

The selected flavor of particle filter is that c#réz et al. [12] where color and motion are cuesrfzking an object. In
short, simple frame difference provides the motioes and contributes to the proposal function aliegrto which
particles are drawn. Particle weighting is donedoynparing the color histogram associated to théigharto the
reference signature discussed earlier. Since matggnam comparisons are required, efficient histogbuilding is
made possible by using an optimization “Integratdgrams” technique [14]. Computing integral hiséags requires a
lot of memory (basically an entire histogram pexed)i, so histogram size must be kept low. A congmari with
standard histogramming shows that the approachsyelsignificant gain if the number of particledigh (~500) and
the regions of interest bound to the particles rmgegnificant size (in the thousands of pixels)situations where the
size of these regions of interest is small witlpees to frame size (e.g. Figure 3), tracking isselto real time despite
the potentially high number of particles used.

ikelihood: i
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Figure 3 : Tracking of a pedestrian in “light” mode. The grd®x around the pedestrian represents
the best particles of the particle filter.

3. OPERATIONAL RESULTS

The background segmentation component runs irtireel (30 fps) on a desktop Pentium 4. The whole uteduns at
about 20-22 fps when there is low activity in tkkerse but can slow down when there are many obijedtslow.

However, empirical observations in real situatibase shown that:
Specular reflections of the sunlight may generatsef object hypotheses but they are easily rejduyetihe
track management component.



Dynamic background objects such as flags or treesing in the wind end up being ignored by the
surveillance system because of their motion inaaes during tracking.

Pedestrians and vehicles in simple situations alerecognized by the system.

The system has been tested in various weather tammgliwith good success: sunny/cloudy days, with or
without rain, during summer or winter.

Figure 4 shows some tracking results using a tysaaveillance camera in a typical setting. Yellawd red traces
illustrate the path followed by pedestrians andicleb respectively. The dense set of paths in fhgeu part of the
image is explained by the presence of a highwahisarea. Note the object reflections on buildimigdows, which
are either classified as vehicles or unknown objégtteen lines).

Figure 4: Two examples of detection, tracking and objecbgaition in the wide field mode on a parking lot.
Human trajectories are in yellow, vehicles in red.

Figure 5 shows additional results using a standaddycam camcorder. Again, yellow and red linegespond to
tracked pedestrians and vehicles, while green limeshown when objects have not been recognitietise

Figure 5: Example of detection, tracking and object rectgniin the wide field mode



Figure 6 shows examples of operational results dlfte final integration within the VideoStream’'s V¥neTrack
system. The main system communicates with the nedathubugh an API that enables on-line modificatiohdetection
and tracking characteristics during the operatiomadie for tests and tuning.

Figure 6: Two examples of fully operational uses after sysiet@gration. On the left-hand side, three movibgeots detected and
tracked: 2 vehicles and 1 pedestrian in the fdd fig nearby the building. On the right-hand siéar field moving car detected in
the parking (even through glass reflection) andkied in light mode.

4. CONCLUSION

We have presented an overview of a practical oltfacking modules that was developed for a commakRTZ video
surveillance system. The module allows autonomeaktime object detection, tracking and recognifionncontrolled
outdoor environments. The final system detects mpwabjects, identify the presence of pedestriangebicles, track
them, and optionally zoom on them. The system aekiggood performances for most operational usegitdethe
numerous sources of complexity present in uncdeti@nvironments.

Obviously, there is still room for improvements fdly automatic video surveillance systems in urtcolted

environment will always be a challenge. For ins&nc

- Low-cost cameras may generate unstable color patten edges of man-made structures such as building
windows, which may fool the background segmentatiomponent even though temporal filtering helpsraiaite
such noise.

- Foreground/background segmentation may be venjtsent slight camera movement or vibration if thetdoor
camera is badly shielded from the wind.

- Complex scenarios such as groups of pedestriamshicles as well as shadows are still major isgaspecially
without any prior information about the geometrytlod scene and with real-time constraints).
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