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Abstract

Outdoor surveillance is one of the most attractive application of video imgeand anal-
ysis. Robust algorithms must be defined and tuned to cope with the non-idealivietdoor
scenes. For instance, in a public park, an automatic video surveillarteesysist discrim-
inate between shadows, reflections, waving trees, people standing stivaorg, and other
objects. Visual knowledge coming from multiple cameras can disambiguate etutiad
occluded targets by providing a continuazensistent labelingf tracked objects among
the different views.

This work proposes a new approach for coping with this problem in multi-tasyes-
tems with overlapped Fields of View (FoVs). The presence of overlappees allows the
definition of a geometry-based approach to reconstruct correspossibetween FoVs, us-
ing only homography and epipolar lines (hereinafl&CCOL: Homography and Epipolar-
based COnsistent Labeling) computed automatically with a training phase.

We also propose a complete system that provides segmentation and trefqiéogle in
each camera module. Segmentation is performed by means SAKROT (Statistical and
Knowledge Based Object Tracker) approach, suitably modified to cdjpemulti-modal
backgrounds, reflections and other artefacts, typical of outdooescd&he extracted ob-
jects are tracked using a statistical appearance model robust agaihstiarts and seg-
mentation errors.

The main novelty of this paper is the approach to consistent labeling. A sp€eifhera
Transition Graph is adopted to efficiently select the possible correspoadeg/potheses
between labels. A Bayesian MAP optimization assigns consistent labels tosofgtected
by several points of views: the object axis is computed from the shapleettdn each
camera module and homography and epipolar lines allow a correct axisgampother
image planes. Both forward and backward probability contributions frenvio different
warping directions make the approach robust against segmentatiog, @mdrcapable of
disambiguating groups of people.

The system has been tested in a real setup of a urban public park, withitaliba
LAICA (Laboratory of Ambient Intelligence for a friendly city) project. €experiments
show how the system can correctly track and label objects in a distribuseshsyvith real
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time performance. Comparisons with simpler consistent labeling methods amdieste
outdoor experiments with ground truth demonstrate the accuracy andmebsiof the
proposed approach.

1 Introduction

Computer vision approaches for people detection and trgdkaive been deeply
studied in the last decade. Indoor and outdoor applicafimngideo surveillance
have been developed both in research projects (such as PHd&¢SAM [2] or
W4 [3]) and, more recently, in commercial systems. Typicgrapches tackle the
problem of people surveillance with the aim of detectingghesence and position
of people in the image only. Occlusions and people overlaggested the adop-
tion of probabilistic techniques to allow robust trackinigtloe person’s position,
especially indoors and with limited fields of view (FoVs).rkestance, two recent
works using probabilistic state definition and particle efilhg are
BramBLe [4] and the model presented by Lanz in [5]. These metipoedict and
update the status vector (position and speed) of the objegtdo not take into
account the aspect of the objects itself, i.e. they do notigeopeople segmen-
tation. In many surveillance applications, instead, tlitgosiette, shape and visual
aspect are very important. For instance, for abnormal behieanalysis, gait and
posture must be classified. For people identification, btamand soft biometric
features (face, clothing, etc.) must be extracted. Forovgleveillance in public
places, people obscuration should be provided for, by eltmg in the video the
shape of people [6, 7]. For these purposes, people segnoankgtsed on back-
ground suppression and deterministic tracking based oeaappce are normally
adopted [8,9]. This work addresses the aforementione@xtsmtapplied in outdoor
surveillance of public parks.

In large outdoor environments, multi-camera systems apa@mred. Distributed video-
surveillance systems exploit multiple video streams toaeck the observation
ability. Hence, the problem of tracking is extended frongtento multiple cam-
eras: people’s shape and status must be consistent notroalgingle view, but
also in space (i.e., observed by multiple views). This pobls known agonsis-
tent labeling since identification labels must be consistent in time gats.

Often cameras’ FoVs are disjoint, due to installation anst constraints. In this
case, the consistent labeling should be based on appeanayck cameras’ FoVs
are overlapped, consistent labeling can exploit geontesed computer vision.
This could be done with a precise system calibration and 8Dbnstruction could
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be used to solve any ambiguity. However, this is not oftesifie, in particular if
the cameras are pre-installed and intrinsic and extringrampeters are not avail-
able. Thus, partial calibration or self-calibration meth@an be adopted to extract
only some of the geometrical constraints, e.g. to comp@gtbund-plane homog-
raphy.

This paper proposes a novel method, cal&COL (Homography and Epipolar-
based COnsistent Labeling), to provide consistent labelfmeople segmented in
large areas covered by multiple overlapped cameras. ThHeosh&kes into account
both geometrical and shape features in a probabilisticdvamnk. Homography and
epipolar lines are computed to create relationships betweeneras. The multi-
camera system is modelled as a Camera Transition Graph (CaGj¢fines the

possible overlap between cameras in a given setup. When abjeut & detected,
the exploration of the graph selects a subset of compatitlels which may be
assigned to the object in order to limit the search space.fAlne training phase

allows to compute thEntry Edges of Field of Vieor E2oFoV, in short) that define
the area of overlapped FoV between cameras and permit teraotihe homogra-

phy. The learning phase also allows to compute the locatidneoepipoles of the

overlapped cameras with a robust algorithm based on RANSA@zation.

At runtime, people segmentation and tracking is providechfeach camera mod-
ule. The system exploits a suitable modification of the SAKB&Jorithm [10]
that defines a statistical background model, selectiveljatgal according to the
knowledge of the moving objects in the scene and which cae wofn shadows.
The model has been improved in order to deal with specificlprob of cluttered
outdoor scenes, with multi-modal background distribwgiofracking is provided
with a deterministic approach based on pixel appearanae¢cém cope with multi-
ple and long-lasting occlusions [8].

The main novelty of the paper lies in the phase of consistieling that defines
a probabilistic framework with forward and backward cdmitions: it checks the
mutual correspondence of people using the axis of the abjaeicisely warped
in the other FoV using epipolar lines. It accounts for theahsig of the warped
axis and the shapes of people. This makes the method particubbust against
segmentation errors and allows to disambiguate groupsagfipe

This paper is structured as follows. After a section praagmelated works, section
3 describes the overall architecture of distributed sllarge system for people de-
tection and tracking in outdoor scenarios. The Bayesianpetitive method is fully
described in section 4. In particular, the construction@éselof the Camera Transi-
tion Graph are described in subsection 4.1, while the Bay®sdwork is presented
in the remainder of the section. Section 5 shows the full sekperiments carried
out for analyzing the performance of the proposed systerpeAgix 1 details the
self-calibration method to create homography and epipioles. Finally, Appendix
2 describes the new modified version of SAKBOT conceived fadoor cluttered



environments.

2 Related Works

Reference Color Features Geometric Calib.

Paper Information Information

Kanget al. Polar — Homography Yes

(2003)[11] representation

Staufferet al. — — Homography No

(2003)[12] and TCM

Orwell et al. Statistical color — — No

(1999)[13] mod. & matching

Changet al. Color appearance Object apparent Epipolar No

(2001)[14] and HPCA height geometry

Yueet al. — — Homography Yes

(2004)[15]

Khan and Shah — — EoFoV No

(2003)[16]

Dockstader & Tekalp — Person’s 3D Yes

(2001)[17] body model projection

Tsutsuiet al. — — 3D projection Yes

(1998)[18]

Krummet al. Color — Stereo Yes

(2000)[19] histogram match

Zhou and Aggarwal — — 3D trajectory Yes

(2005)[20] projection and EKF

Black and Ellis — — 3D location Yes

(2005)[21]

Nummiaroet al. Color appearance¢ Face database — No

(2003)[22],

Tan and Ranganath

(2003)[23]

Mittal and Davis Color Region — Epipolar geometry| Yes

(2001)[24], and 3D projection

Mittal and Davis

(2003)[25]

HECOL (2007) — — Epipolar geometry| No
and homography

Table 1

Rekfated works on multi-camera object matching and multiview tracking data f(iB@M
- Tracking Correspondence Model, HPCA - Hierarchical Principah@onent Analysis,
EKF - Extended Kalman Filter)

The approaches to consistent labeling can be generallgitdaisinto three main
categories: appearance-based, geometry-based and aggeoshch. Table 1 sum-
marizes the most relevant techniques presented in literaturecent years, de-
scribes their use of color and/or geometric informatiord agports the features
adopted.

Appearance-basedpproaches base the matching essentially on the color of the



objects. Several methods (e.g., [13]) exploit some metacsputed from people’s
colors histogram acquired on different views to label cgpmnding objects con-
sistently. Using color information only can lead to errorekemn camera sensors
acquire images under different light conditions. Colorlwation can be performed
to reduce errors, but each camera’s color space can evgbvedintably in general
outdoor surveillance applications. To reinforce matchiaged on colors, general
features are used. For instance, in [22] and [23], matctahafility is improved by
the adoption of a database containing people’s observed.fatis method works
only if the camera’s FoV assures a frontal view of the peggdices. In these cases,
information on faces are very useful in identifying the sgraeson viewed by dif-
ferent cameras but, in order to obtain a reliable match sfa@mapshots must be
sufficiently detailed. This constraint on resolution is fedsible in most surveil-
lance systems, especially in outdoor environments, lngithe actual applicability
of the method.

Geometry-basedpproaches exploit geometrical relations and constragtiseen
different views to establish the consistent labeling. Is firocess, camera calibra-
tion parameters can be employed or not. Exploiting calibnatthe relationship
between overlapped cameras can be easily modelled in thep&& sand warp-
ing techniques can be applied with high accuracy. In [15k ®ual. propose a
homographic mapping between a portion of the image planaapecific 3D hy-
perspace (i.e., the ground plane) and provide consisteasgdon the people’s
positions. Although this approach performs robustly,¢hiemo need of a complete
calibration to detect corresponding planes and estalishtapping. Addition-
ally, using only a two-dimensional planar warping, peoptese to each other are
detected as a single object. Zhou and Aggarwal in [20] régendposed the adop-
tion of an extended Kalman filter operating on people’s 3[ettry to efficiently
match moving objects on different views and to deal with osidns exploiting
filter prediction. In this approach, authors use a full caarm@libration process to
re-project the trajectory on the 3D space. The use of tr@jiest in a predictive
framework can efficiently deal with occlusions caused byicstlements but can
mislabel corresponding objects in cluttered situationgnehrajectories overlap.
Mittal and Davis in [25] proposed color region matching ajapipolar lines to
obtain a 3D re-projection of the objects viewed simultarspfrom at least two
cameras. This kind of re-projection produces a mappindairia an approximated
bird-eye view of the scene, where matching can be accongalisli means of data
point clustering. Obviously, this kind of matching can netdomputed in absence
of calibration parameters. Conversely, a fully uncalitdaapproach, based on the
image projections of overlapped cameras’ field of view ljias been initially pro-
posed by Khan and Shah in [16]: the lines delimiting the @muing zones in the
FoVs of the cameras are computed in a training phase withgéegerson moving
in the scene. At run time, when one or more people have a camadoff, the dis-
tances from the lines are used to disambiguate objects;imgdabel consistency.
Even though this approach represents an innovation in th@fisnage plane ge-
ometry relations, it achieves low accuracy when severgblgeross the FoV lines



simultaneously, or in presence of segmentation errordditesses neither the prob-
lem of the disambiguation of groups nor that of simultanedetections of new
objects. Stauffer and Tieu, in [12], propose an interestimeghod for building a
graph representing the topology of a network of overlapmaderas directly from
tracking data. Although the cameras’ registration stagelig interesting and par-
tially similar to the one proposed in this paper, the matghstage relies only on
the homographies and the objects’ position on the grounte@aowing its weak-
ness in the case of noisy tracking data such as partiallpebetd objects or grouped
objects.

Mixed approaches combine information about the geometry withrinétion pro-
vided by the visual appearance. Different techniques aoptad to fuse informa-
tion, based on probabilistic information fusion [11] or oryBaian Belief Networks
(BBN) [14] [17]. The combination of both elements embodiesaadages of previ-
ous approaches but also maintains some drawbacks. Doekstad, for instance,
in [17] use a Bayesian network to simultaneously performigpand temporal
data fusion from multiple cameras by exploiting two Kalntzased predictors, one
operating on the image plane’s data and another working sargation on a 3D
Cartesian space. To obtain the latter data elements, a\vleweriangulation and
3D re-projection is performed using camera calibratiorapeaters. In [14], Chang
et al. combine the contributions from colors, features, and g¢onca¢ elements.
Even though this approach seems to be very effective itp&iflorms only one-to-
one matching. Therefore it proves to fail in the case of sedat®n errors and does
not treat the problem of groups of people. Color histograrasiaed by Krumnet
al. in [19], together with stereo matching techniques. Norpsalihistograms are
only partially robust to viewpoint changes but suffer calefocalization. Another
main drawback of the use of histograms is the definition ofritneaber of bins to
obtain a discriminant representation when color distiting cluster on some par-
ticular values because of both poor lighting conditions aoguiring sensor qual-
ity. To overcome data delocalization problems, mixed csjmatial representations
were proposed, such as the correlograms used bgtHi. in [26]. Kang et al.
in [11] propose a polar representation to correct coloraipation. Although this
representation can be very suitable for the shape of a spegkon, it cannot be
adopted in the case of groups of people.

Another class of approaches presented in literature detilswlti-view geometry
to analyze and impose continuity in the objects’ trajectaryoss camera streams.
This can be realized exploiting the homography mapping ¢oetbwith an esti-
mation technique, such as the use of 3D Kalman filters ( [2B])[ However, this
class of approaches cannot solve the grouping problem #ueceajectory could
not be accurate if people enter in one view as already grouped

TheHECOL approach described in this paper belongs to the class ofjemetry-
based approaches, but is unique since it does not requireraasalibration and
exploits both planar homography and epipolar geometry byraatic training in an



off-line phase. Actually, people shape is exploited, naemmns of color or texture,
but in terms of shape used to disambiguate groups. Indeegyrtdposed method
has the important property of identifying people in groups.

Group detection has been extensively studied recentlyeastdinting point for high-
level reasoning on behavior analysis. Most single view aggines rely on the track-
ing system for detecting and identifying people groupinghi@ scene and, subse-
guently, correctly reacquiring targets after the splgtevents. This task can be ac-
complished either observing target trajectories as in, [@7focusing the attention
on target appearance [28, 29]. Single view tracking-bagpdoaches cannot deal
with people entering as already grouped in the scene, secad information on
the target is available prior to the grouping event. To owere this problem, pro-
jection histograms [3] have been exploited to identify andnt people in groups
by searching for the projection of the heads; this approatdins good results only
in camera setups with pan angle close to zero degrees; thstramt remains un-
avoidable since perspective deformations can negativiegtahe histogram shape.
Information redundancy coming from the adoption of ovepkeghcameras can be
very useful in characterizing groups. In [30] Cupillatal. perform group detec-
tion in a system with overlapped cameras by representingmg@bjects via a local
graph model on each view; then they fuse graphs togetheoiérpl a set of fixed
rules. Although this approach performs very robust alsduttered scenes, such
as metro stations, it still relies the matching on some 3Dtahdl information not
directly inferable from the image plane.

As stated in the introduction, one of the novel featureohiced in our approach
is the addition of the exploitation of epipolar geometry tdhance consistent la-
beling. In stereo systems, epipolar geometry is used toceedamplexity of the
stereo matching problem and can be computed even in totahabf camera
calibration. Most computation techniques exploit the galeed Longuet-Higgins
equation, proposed by Luong and Faugeras in [31], whiche®laoint correspon-
dences in overlapped cameras’ image planes through tharertal matrix. Hart-
ley et al.[32] have demonstrated the stability of the linear methadgusight pairs
of corresponding points. Non-linear techniques exist Whigduce the number of
correspondence pairs to seven [33]. In real uncontrolledt@mments, finding a
large number of corresponding points is a difficult task toameplish without in-
troducing outliers that affects negatively the accuradhefestimated fundamental
matrix. Faugeragt al. in [34] introduce a technique for computing fundamental
matrix from at least two corresponding planes exploiting télation between ho-
mographies and fundamental matrices. As a particular ¢hsemethod can be
applied even when only one homographic transformation éetwplanes in the
stereo cameras is known, leading to a full recovery of epipgéometry from the
knowledge of only two corresponding points not lying on thene involved by the
homographic transformation. This method can produce ameioge estimate of
the epipole location if the extracted corresponding paanésnot accurate enough.



Our approach exploits this technique in the learning phadesaploys the highest
points of the tracked heads seen by different cameras asspamding points. In
fact, head points are easier to extract than feet pointg $hey do not suffer prob-
lems due to projected shadows. Moreover, to improve theracgwf the computed
fundamental matrix we propose to exploit an off-line RANSA&imization tech-
nigue [35] to reject false match and to reduce outlier infageim the estimation of
the epipole location.

The geometric information learnt during the training stage then robustly com-
bined in a statistical framework using Bayes rule to obtaielealble match even
in presence of uncertainties on the geometric measuré itselwhen there are
segmentation errors. The use of Bayesian frameworks haswidely adopted to
statistically link data acquired by multiple sensors [36].a network of disjoint
cameras, Bayes rule provides a global optimization in omeetect the best data
association from objects’ appearance and trajectorigdiesmpboth in traffic [37]
and in people surveillance [38]. The general frameworkegmesd in [36] states for
the need to perform a global association of objects at sykteah, considering all
the hypotheses of link between two objects in any camera.gldteal hypothesis
space is a high dimensional space and finding the best hygasthmeay be com-
putationally infeasible for real time application. In orde reduce the complexity
of the MAP search, Kettnakeat al. in [39] propose to use a linear programming
technique. However, in the case of overlapped cameras itjiisdimensionality
can be reduced by performing data warping among cameraglgin@ithout any
prediction stage and with no need to globally find the besbhygses. In fact, if
the track is always visible at least in one camera, the pae\approach ensures
the system consistency.

3 System Overview

The system defined at Imagelabt ¢ p: / /i magel ab.ing. unino.it)is a

complex set of modules as depicted in the diagram of Fig. &.adguisition plat-
form is composed of several cameras, both fixed and PTZ (Hadebm). Each
of the modules connected with a fixed camera segments arks treaving people.

Moving people segmentation is achieved by using the backgrsuppression ap-
proach called SAKBOT (Statistical And Knowledge-Based Objeacker) pre-
sented in [10]. The background pixels are defined by two nsodieé first statis-
tical model updates the pixels at each frame using the testhpoedian function
over the previous: sampled pixels; the second model exploits the knowledge of
previous background and of the corresponding moving ohjefpecifically, the
pixels belonging to the current moving objects are not usedpdating the model

in order to prevent the gradual inclusion of slowly-movingexts into the back-
ground. Instead, pixels detected as foreground at prestaps but classified as
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Fig. 1. Diagram of the outdoor surveillance system developed at Imagelab

noise or shadows are included in the statistical model. @proach is critical
when a stopped object starts to move, generating two “foregi” objects, one
real and one apparent (also called “ghost”). To avoid dekdéituations for the
ghosts, a specific ghost suppression algorithm has beemigedc Further details
can be found in [10].

Despite its effectiveness in most situations, the SAKBOTesysstill suffers of
some drawbacks in actual complex situations, such as tlomsmon in actual park
scenarios. In particular, the adoption of the median is vat#d by its reasonable
approximation of the mode of a pdf. However, in the case otirmubdal distribu-
tions, this approach is likely to fail. For this reason, wedified the SAKBOT ap-
proach to properly work in cluttered outdoor environmeifitsee modified approach
contains proper techniques for background bootstrapghgst suppression, and
object validation, and has been compared with state-e&théackground mod-
elling techniques, such as the mixture of Gaussian of Staaffid Grimson [40].
Additional details on these improvements are reported ipefulix 1.

Moving objects detected by SAKBOT are then classified as pessmon-person
according with their geometrical shape and size (scaledrdiow to their position
on the ground plane). The objects detected as moving andbvadl as people are
then tracked in each single view by means of an appeararsegt@dgorithm. The
algorithm uses a classical predict-update approach. éstako account not only
the status vector containing position and speed, but aksondmory appearance
model and the probabilistic mask of the shape [8]. The foraiso called dynamic
template in [3], is the adaptive update of each pixel in tHercgpace. The latter is



a mask whose values, ranging between 0 and 1, can be viewbd asobability
for that pixel to belong to that object. These models are usedkfine a MAP
(Maximum A Posteriori) classifier that searches the modb@ote position of each
person in the scene. The tracking algorithm is a suitableifination of a work,
previously proposed by Senior [41], that includes a spegifidule for coping with
large and long-lasting occlusions. Occlusions are classifito three categories:
self-occlusions (or apparent occlusions), object ocohssiand people occlusions.
Occlusion handling is very robust and has been tested in rapplcations. It can
keep the shape of the tracked objects very precisely and é&s éxploited for
people posture classification [42]. Details on the trackatgprithm can be found
in [8].

As shown in Fig. 1, the outputs of each camera module are gsedeby the
Bayesian-competitive consistent labeling module. Thisdeed the main novelty
of this paper and we will devote to it most of our discussioBaction 4. This mod-
ule aims at assigning the same label to the different ins&o€ the same person
viewed by different cameras.

The global label assignment assured by the consisteninghslthe fundamental

step for the subsequent, higher-level tasks shown in Figof.instance, a PTZ
camera can be instructed to zoom on a specific person, gigérehposition in the

scene and calibrated cameras. This can allow the systeiketbhigh-resolution im-

ages to be further processed for face recognition and pétgaéfication. Another

important task accomplished thanks to consistent labe#irthe acquisition, for

each tracked person, of multiple snapshots from multipdevpbints. These snap-
shots can be stored and used for subsequent retrieval emafmn. An example

of output and stored images is shown in Fig. 2.

4 Bayesian-competitive Consistent L abeling

TheHECOL approach is based on two separate processes, as depictgddnhe
first process (left part of Fig. 3) is performed off-line ancha to compute over-
lapping constraints among camera views to create the ha@pbgrand to extract
epipolar geometry. This process runs for each pair of ogpdd cameras and it is
described in the Appendix 2. Three tasks are accomplishedgithis process:

¢ the computation of th&ntry Edges of Field of Vie{E?oFoV, Appendix 2.A),
which ensure consistency of the correspondent extracted And permit to ro-
bustly compute inter-camera image homographies (Appehéix

e the recovery of the epipole location exploiting parallangerty of perspective
images and RANSAC optimization technique (Appendix 2.C);

e the synthesis of the Camera Transition Graph (CTG) which semts the con-
sistency constraints of the whole multi-camera systencfde=d later in section

10
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Fig. 2. Example of the logging system.
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Fig. 3. TheHECOL approach for Bayesian-competitive consistent labeling.
4.1).
After this initialization, the main on-line process (rigdrt of Fig. 3) is devoted to
manage and maintain system’s consistency at each “detemtent”. Hereinafter,

we will refer to the event that generates a new object deddnjeat least one cam-
era module as &etection event! This event can be triggered by many causes:

11



camera handoff, the entrance of a completely new objectsphiting of a group

of people into single people, or a segmentation error. Whem#w object?,

is detected in a camerng the CTG created in the off-line phase is exploited to
synthesize the search spacér?, ). The search space is parsed to generate the
hypotheses associated#f,,: these hypotheses consist of all the possible combi-
nations of single persons, pairs or groups of people trackadother camera (and
acceptable within CTG constraints) which can be matched #jjth For each hy-
pothesis, the prior and the likelihood are computed in otdesbtainintra- and
inter-cameraprobabilities. Using a MAP approach, the most likely hymsis is
assigned to the new object, enabling detection of group$iaaldabel assignment.
This MAP is not based on the estimation of the probabilitysigrdistribution, but

on the calculation of the probability every time with thediihood function and the
prior described above.

4.1 Camera Transition Graph

When a detection event occurs in the image of candérahe multi-camera sys-
tem must check whether it is a completely new person or itrsaaly present in
the FoV of other cameras. This check can be very complex angatationally

expensive if there are many camera systems that are detentiny people. To
prevent performance from dropping, a CTG graph model (Figaé)been defined
to reduce the search space of multi-camera matching. Tipd'grstructure is built
using information acquired during the training phase.

{T1I > le ’ 113} {t3l b 132 b T33}

X5y Xg, X
{5: 67 7} {X,,X5,X6}

@ e N\
al‘z az 3 @

{721 ’ 122 ’ 723 ’ 724} {741 > Téz 5 743}

{XSYXS’X7’X8} {X1Yx2’x3}

Fig. 4. Example of Camera Transition Graph (CTG) at a time when sevent®bjecde-
tected and are partially visible from many cameras. For instance, the olifedabel x5 is
visible from the cameras associated with the nadiés N2, and V3.

The CTG is a symmetric graph where each nadeorresponds to each caméra
and is associated with the set of objects detected and ttackts FoV at that time,
and each are; ; = «;; indicates the presence of an overlapping zone betwgen
and C7. In the CTG, for each node N/, we denote with
Ti(t) = {r,ﬂ(t)\ k=1,...,KJ (t)} the set of objects detected at the titrend with

xi(t) their correspondent assigned labels (the instanced vidudse variables).
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The unary constraint at each node is that two distinct objeaist have different
labels and they must be conserved during the time. This igyghieal tracking
problem from a single camera and all unary constraints agekdd at each frame
by the single camera tracking module. On the other hand, itierybconstraint
between two nodes is that two instances of the same objegesliby C* andC’
must have the same label. When a detection event occurs, aaneble is added to
the node, and binary constraints are checked as in a CortSedisfaction Problem
(CSP). By solving the arc-consistency problem, it is possdt®rrectly select only
a subset of nodes and objects whose consistency must bedddfieave the rest
of the system unchanged.

To explain the process, let us suppose that at tithe state of the system is consis-
tent and that on the module of camérathe setl”(¢) of K7(t) objects is known.
Then, a new object is detected at time 1. We will refer to the new object asg,
wherenew = K7(t)+1. Instead of searching for all the possible matches acrbss al
the cameras’ views, we analyze the graph nddeand compute the neighborhood
of N7, =7, as the set of nodes linked to it by means of an arc constraint:

Ej = {NZE'OQ’J} (1)

Referring to Fig. 4, if a new objeet] is detected inV?, the seE! = { N3, N?} is
created.

Let us define agp’_,, the lower support point of the new object, computed as the
middle point of the bottom of the bounding box. For each el#m& of the set=’

we must evaluate if the support poip{ ., lies inside the overlapping zor&’ be-
tween camer&” and camerd". In casdp’,_,, is not contained in any overlapping
zone, the new object is not visible in any other camera, theze new labek?
is assigned and the system state switches to consisterdrvisk, a local search
space referring to the new objegt  is built. The local search space on caméfa

is denoted>’*(77_, ), and it is composed by the set of objeeissuch that:

new

(i) Nt e =
(iii) Ipl, € 7 (2)

In other words, for each camer@ whose view is overlapped with” (condi-
tion (7)) and in which the new object is visible (condition)], the set of objects
T'(t+1) at the timef + 1 is considered. For each object of this set, the visibility on
the camera&’’ is checked by means of conditioiii) and, if it is visible, the object

is considered as a candidate for consistent labeling. ttasghtforward that each
local search space obtained with this procedure is minimékasults in computa-
tional saving, especially if the matching procedure is clexpand time consuming.
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Additionally, reducing the search space improves the niagciccuracy by reduc-
ing the probability of false matches.

Considering the above example, let us suppose that the neatopfletected in the
cameraC! has its lower support point inside the overlapping zone watimeraC?,
then the Ilocal search space for that camera is defined as
»3(r)) = {73, 75,73}. For the new object a hypothesis spdtenust be cre-
ated for each candidate camera, considering all the pessiididate hypothe-
ses. We must consider all the possible combinations sirecaediv object may be
composed by more than a single object already present iny8ters (i.e., it can
be a group of people already visible on another camera). irexample, we ob-
tain T3 (7)) = {7, 73, %, {r, 5}, {5, 5}, {73, 5}, {r}, 73,75} }. Note that
the hypothesis space also contains objects already dmadelath other objects of
the nodeN' (e.g., object is correlated with object!). The reason is that the new
object could also have been created by a segmentation ierthis case, it will not
correspond to an actual new object but to part of an existimg(g). If the MAP
process finds the correspondence betwgeandr; (as well as withr? in camera
C?), the system infers that alsg andr, are parts of the same object and must be
merged.

The improvement due to the adoption of the CTG, instead of hauwestive search,
can be guantified by considering a generic setup omeras’ systems. Let us
consider that the number of object detected at tinoe each camera system is
expressed by’ (¢). If at timet the whole system is consistent in terms of detected
objects and at time + 1 a new object appears on camé&rg without the CTG
this new object must be matched against all the possible ic@tibns that can be
made with the objects appearing on each camera. The numbengfarisons can
be expressed using the following equation:

c

n(t+1)= Y (20D ) ©)

J=Lj#

Using the CTG leads to a twofold contribution. Firstly, therher of camera sys-
tems involved in the searching process is reduced by camsidenly the over-
lapped ones; secondly, the number of objects is reduceddesimg only the ones
inside the chosen overlapping zones. If we defin&agt + 1) the number of ob-
jects visible at time + 1 on the camera syste@¥ and inside the overlapping zone
between cameras’ andC", the number of comparisani (¢ + 1) using the CTG
becomes:

Cl

ni(t+1)= > (2[?'j’i(t+1) — 1) * W’ 4)
j=1j#i
wherew’" takes the valué if the CTG arc linking nodesV’ and N* exists, and)
otherwise. It holds by definition that oc ¢ - 257D andn’ o ¢ - 257" (), Since
d <candK%'(t+1) < KI(t + 1), the CTG speedup is straightforward.
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4.2 Bayesian-competitive Framework

To ensure system consistency, we define a Bayesian-compdtdimework and a
maximum-a-posterioffMAP) estimator to choose the most probable label config-
uration to be assigned to the new object. To solve objectmragcacross camera
views and impose consistency, two main steps are perfororethé new object
7J_., appearing in the FoV of came( . Having selected the hypothesis spaée

for each camerd" satisfying arc consistency of node of camé¥ain the CTG:

(1) for each hypothesis}* e I'/*, prior and likelihood are computed; a MAP
estimator finds the most probable hypothesis on each cafti€calledintra-
camera MAR,

(2) if more than one node is presentih, a second MAP estimator (calléater-
camera MAR detects the most probable among these hypotheses.

For each hypothesig’ € TV, the intra-camera MAP with the camera of nadlé
is given by:

i — 7 with M = {xfﬂ(t)\r;'1 € 7#} where

new - o . 5
h = arg max (P (7{:’1 | T,{ew» = arg max (P (ﬂzew | 7?) P (’VilD ®)

The prior indicates the probability of the existence of tpdthesis. This can be
modelled with some geometrical considerations. Intuiyivéhe hypothesis of a
group of people (e.g{3, 73 }) has a high probability if the objects are close to each
other in the image plane where the detection event occuisvalue is independent
from the detection event itself. The prior probability isegn by the homographic
mapping between overlapped cameras computed in ApperliXr2detail, each
Ip,, of each object; included in the local search space is warped to camera’samag
plane where the new object appeared. The distance of theed/agant fromip,,..,

is used in prior computation. Since this contributioraigriori, no assumptions
or information about the new object are used. Clutternessatation of warped

Ip points are considered as a discriminant element. More fapaty, a hypothesis
consisting of a single object will gain higher prior if the ywad(p is far enough
from the other objects’ support points. On the other hand;mthesis consisting
of two or more objects (i.e., a possible group) will gain fegbprior if the objects

it consists of result close to each other after the warpind, at the same time, the
whole group is far from other objects.

To achieve this, two contributions are combined. For theotlygsis of a group
of people, for each pair of objec{s?, 7/} of the same hypothesig’, an inner-
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hypothesis distance is computed as the distance betwe@eaarof two objects:

|(Hv1p) x (H™pL)|| if {7, 7} € 48
0 otherwise

Id(Tév TZ) = (6)

whereH"’ is the homography matrix that warps the ground plane of caffieon
cameraC’.

Furthermore, an outer-hypothesis distance is defined agdisteence between the
warped position of the objecty) in the hypothesis and an objeet) which is in
the local search space but disjoint with the given hypothesi

| (#91pL) x (HI} )| i {ri, 7} € 4(r)e,) A (12 €t ATy ¢ Al)
0 otherwise

Od(r,, 7)) =
(7)

Using inner and outer distances, a relative score is ageddi@aeach hypothesis:

o (%jcl) = min Od (Té, Tg) - max Id (Tci, Tfl) (8)

Té,TZEZj’i(TngU) aib TéuTéezj’i(Trjmw) C#d

The prior isP (7,13) = Py + Ao (7,13) with Py = gy and with the parti-

new

tioning constraints\o (7,13) < Byand s Ao (y,ij) = 0, since the sum of the
k=1

probabilities must remain equal to 1 (i_.e., the incremelits must vanish each
other).

An example is reported in Fig. 5, showing two images of theeras associated to
nodesN! and N2. A detection event occurs generating,, . The hypothesis space
2 (7l ) consists of single objectsd,, 7%, andr3,), of groups of two objects
({72, %0 A% 70}, {73, 74, }), and of the group composed by all the objects
({7, 725, 7, })- Using the previously depicted prior model, the valueori in
Table 2 are obtained. Consequently, the most probable hggisthccounts for2,

as a single object, the next one accounts for the gfedgp 72}, and so on until the

least probable hypothesis which considers all the objecketonging to the same
group.

It is important to underline that this prior model may seemrmptex but is very

fast as far as run time computation is concerned. As a matteich the warped
position ofip to be used in equations 6 and 7 is directly available for dbjttat

have a consistent label, and the computation of values ghrequations 8 is not
computationally onerous.

16



Fig. 5. Example of a detection event occurring on Canirarl he overlapping zone bound-
aries are shown with the dashed line and the new object is the one pointed daydive
Three people with labels 74, 76, and 90 are present and detected irelo¢iecmodules.

Hypothesis| o valugpzl] | Prior value Hypothesis | o valugpzl] | Prior value
{ 7%} +52 0,167 {72, 72, } +61 0,186
{4} +52 0,167 (72, 72} —84 0,100
{75} +113 0,200 {73,732} —61 0,110

{ 56> T T } —136 0,070
Table 2

Example ofo values and computed priors.

4.3 Likelihood Computation

Likelihood is computed by testing the fitness of each hypsithagainst current ev-
idence. As for prior probabilities, each hypothesis is eatdd separately. The main
goal of this process is to distinguish between single hygexh, group hypotheses
and possible segmentation errors.

In this work, we only address geometrical properties angh@se to exploit the
vertical axis of the object as an invariant feature. In félog appearance of the
person may change under different points of view, while mitteal case, the axis
of the object, taken on the image plane and suitably warp#teidesired camera’s
image plane, does not change.

The axis of an object/ detected in the image platié of cameraC? can be warped
by exploiting the homography matrix and the knowledge opelar constraints
among cameras. In absence of tilt angle, when camera’atgleane is orthogonal

to the ground plane, the inertial axis of a vertical objeqiesn's as a segment of a
straight line parallel to the lateral border of the imageeik¥ the axis is vertical

in its image plane, the warped axis in another camera’s inpdayee is generally
not perfectly vertical (Fig. 6). To compute the correct wagthe camera’s vertical
vanishing pointp has been exploited. Considering a person in standing positio
while walking, his 3D principal inertial axis is orthogoni the ground plane.
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Since all the axes have the same 3D direction, their projeain each respective
camera image plane will intersect at a vanishing point. Tén@shing points are
computed with the procedure described in [43].

The vertical vanishing point is then used to obtain warpes iaxlination (Fig. 6).
The inertial axis of the person is bounded by the lower andupppport pointp
andup’ computed in/*. With the homographylp’ is projected into the point] of
the image plané’:

al = H"1p’ 9
The warped axis will lie on a straight line passing through and«? (Fig. 6.d).
The ending point of the warped axis is computed by usipg since this point

C' //"”/}—-Iomograp};; -

source-Gbject
up'

-
[

Homography

Fig. 6. Example of exploiting vanishing point and epipolar geometry to warp the axis of the
object 7 to theimage plane I7.

does not lie on the ground plane (on which the homography has been computed),
its projection on the image 17 does not correspond to the up on C7; however, the
projected point lies on the epipolar line. Consequently, the ending point a} is ob-
tained as the intersection between the epipolar line and the straight line of the axis
computed above:
i 7l igyaal
a%' — { <e Y H upa> (10)
(vp', H'Ip})

With the same process the axis of an object 77 on C” is warped on the segment
(a},ab)in I'. In non-ideal situations, ameasure of the axis correspondence must be
defined by matching the pixels of the warped axisinto the foreground blob (£'G(7))
of the target object 7. The fitness measure ¢, ., from the object 7 to 77 is defined
asfollows:

> p(vi al a3, )

Jeri
€Ti~>7j = Vi - (11)
[{a1, a3) |
wherey? is thek-th point in the imagd?, and:
S 1if (yij € FG(Tj)) A (yfc € <a{,a%))
p(yh al,a}, ) = (12)
0 otherwise
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Similarly, the axis of the object’ in the image plané’ can be warped intd’ by
computing the axiga® , a}) with the same equations (9) and (10) as used previously,
and¢,;_,.. can be computed with equations (11) and (12) by swapping &imel ;
indexes. In the ideal case of correspondence betweamdr’, and for a personin a
precise standing position (with their legs held togethethat/p andup correspond
to feet and head, respectively), it holds that .., = &.;_.,« = 1. Hence, in real
situations, fitness should be closeltoHowever, the computation of the axis and
its warping is not error-free. Errors may be generated byesapproximations in
homography and epipole computation; non-negligible sredso come from the
simplifications embodied in the computation of axis limits &ndup). Moreover,

in the case of groups of people, theandup points of the foreground blob of the
object do not correspond to the limits of any real axis. Ineortd cope with these
non-idealities and with groups of people, the formulatidrihe likelihood takes
into account the matching of the object axis in both the casi@mage planes.

In the computation of the likelihood, we refer torward contribution when the
warping of the axis is made from the image plane in which the olgject appears
(I7) to the image plane of the considered hypotheEis Thus, forward axis cor-
respondence can be evaluated by computing the fitness oéthelsjectr’_ with
all the objects composing the given hypotha@iéfor cameraC":

TPtoruara <Tgew|%,i) Y ™ (Ejﬂ' (7' %ew» Y -

whereS measures the maximum range of variability of the fithess oreasf the
objects inside the given hypothesis:

S = max (£,

N T,
i~ dnt new
TS

(14)

i) féif(fw)

The use of the cardinality of the local search space as a tiaatian coefficient
weights each hypothesis according to the presence or absdrabjects in the
whole scene.

Backwardcontribution is computed similarly to the previous conitibn, except
that warping source and destination camera are swapped. dbgect in the hy-
pothesisy]’ is warped to the image plane of the source cani&rawith the same
axis warping technique used for forward contribution, aratahed against object
' as reported in the following equation:

J
Thew

i E]-’i 57—)2 —>T'r]7;cw
T Vg

J Prackward (Tgew‘f)/i’i) B card (Ej’i (T%ew)) !

- 9) (15)
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whereS now becomes

§= max (£, ) — min (&

: Tl —>7'/. :
i Js k new 7 Jst
L€V L€V

(16)

i J )
T~ Thew

The S parameter modulates the contribution according to theearigariability

of the fitness within the hypothesis Hence, hypotheses having, for the objects
composing it, high values close to each other will be prefitto hypotheses having
wide ranges of values.

At the end, the maximum of the two contributions is computed taken as likeli-
hood value:

P (Trj;ew ‘ ,.yi,l) = maX(fpbaokward; fpforward) (17)

The choice of the maximum value can be explained by the fattltbth the con-
tributions represent the degree of compatibility of thedthesis, but account for
two different points of view. In case when a simple one-te-aasignment must be
made, both contributions should be high. In some cases, bt @ontributions
can be quite unreliable, i.e. can tend to zero: this happé&esthe points used for
the warping of the axis are not correctly extracted due tgttion of the person
in the scene. The use of the maximum value ensures the aaidritwhere the ex-
traction of support points is generally more accurate aitdlsie for the matching
will be used.

The effectiveness of the double backward/forward contigious evident in the full
characterization of groups of people. Forward contributio fact, is useful to dis-
tinguish people in a group which had been previously detlieasea single object.
This is the case in which a group is already inside the scedé¢hengroup’s com-
ponents appear one at a time in the FoV of another camerasith&ion will be
referred asgroup inside” hereinafter. In particular, after warping, each axis of the
new objects will intersect the same group’s foreground lololbthe chosen camera.
This information can be exploited to characterize the nejgaib as belonging to
the existing group. An example is reported in Fig. 7(a), whde group labeled
with 1498 in the image of camer@' is detected as two separate people (id #1476
and #1482) in the image of camef&. The two objects are evaluated separately
and for each of them the warped axis falls in the blob of thec}#1498 on cam-
eraC?, therefore they have a forward contribution very closé.t@he backward
contribution, on the other hand, can be low since the axisebbject labeled 1498
in C'* does not precisely correspond to the axis of any person csimpthe group
and its warping or©? will be imprecise.

Merged transitions (i.e., cases in which people appear emacamera as merged
in a group; this case will be referred ‘@goup enter”) can be solved by exploiting
the fact that in the other camera’s module the two objectslatected as separated
(Fig. 7(b)). Fig. 8 shows a specific example for explaining ¢ase of group enter.
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In Fig. 8(a) (magnified in Fig. 8(b)) a new object appears dns detected as a
single object in camer@2. In the camera’'!, instead, the two objects are detected
as separated (Fig. 8(c) and 8(d)). The forward likelihoathefnew object is warped
on the image plane of camef&, obtaining the dotted line in Fig. 8(d). This line
intersects only the objeet',;, therefore the forward likelihood is zero for object
Tho- The backward likelihood, on the other hand, is obtained hypimg the solid
axes of Fig. 8(d) back on the camerd and obtaining the dotted lines in Fig. 8(b).
As a consequence the resulting maximum likelihood is assigo the hypothesis
containing both the objects,, andr{,;.

(b) Group enter

Fig. 7. Examples of full group characterization

() C? (b) Zoom of (c) C* - (d) Zoom of Fig. (c)
Fig. (a)

Fig. 8. Example of group detection and full group characterization based on disjoint objects
in an overlapped view.
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4.4 Inter-camera Bayesian assignment

The previous Bayesian-competitive framework, which takes account the pri-
ors and the likelihood computed with backward and forwandkicbutions, selects
the most probable hypothesis of mapping the new object wihngle object or
a group of objects. Thimtra-cameraMAP is computed for each couple of over-
lapped cameras according to the CTG graph. Global systenstemsy is assured
by transitivity properties of subsequent assignments @ardnt cameras. For in-
stance, if at time cameraC" is consistent with camer@?, and, at timet + 1, an
objectr on camera’? enters in both overlapping zones, selectingpresentation
on eitherC! or C? does not affect consistency. Nevertheless, in complexesgen
more hypotheses could have similar a-posteriori prolgblh order to reinforce
the assignment, the same intra-camera MAP is computed fosiies of overlapped
cameras. Then, danter-cameraMAP selects the hypothesis that has the maximum
a-posteriori probability among them:

P (C’i | Tﬂ;ew) x P (Tj | Ci) = max P (Tgew [ fyiz) (18)

new i .
€ ()

Priors have all the same value considering all the overldppenera views equally
probable. Eventually, the label is assigned to the new objemording to the win-
ning hypothesis. If the chosen hypothesis identifies a grallithe labels of objects
composing the group are assigned as identifiers, as in Eg.U¢ing equation (18),
label assignment is expressed by the following formula:

Tew — Thy With M = {2, (1), € 47"} where

" o . (19)
h = arg max (P (fy,]c’l | rgew)) with i = argmax (P (C" [ 77,,))

5 Experimental Results

The presented system has been tested on different setubpe @ampus of Uni-
versity (see, for instance, Fig. 2) and in a public park in Redgmilia (see Fig.
11), Italy. It is the final demonstrator of the project LAICA (italian “Laboratorio
di Ambient Intelligence per una CittAmica”, in English “Laboratory of Ambi-
ent Intelligence for a Friendly City”), a large project fundby Regione Emilia
Romagna, Italy.

In the park, tens of cameras were installed for standard CCGBéd video surveil-
lance. Fig. 9 shows a map of the park with snapshots acquioed tivo example
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Fig. 9. Map of the public park in Reggio Emilia, Italy, used asreal scenario.

cameras. Since the acquisition system was previoudly installed without cameracali-
bration, the training phase for geometry recovery described in Appendix 2 has been
adopted.

Thetesting areais particularly challenging since shadows and reflexes, illumination
variations, fixed objects (e.g., trees and benches), and waving trees make segmen-
tation and tracking processes particularly complex. As a consequence, often seg-
mentation errors arise and new small objects are detected in the image. Moveover,
severa people enter from different directions and simultaneous camera-handoff is
frequent. Finally, the monitored area presents a non-uniform illumination so that
the local threshold adaptation described in Appendix 1 iscrucial.

Tests have been performed considering several video sequences acquired during
ordinary work days in different luminance conditions for two or three partially
overlapped cameras. In acquiring the videos, no constraints have been imposed on
people’s trajectories or behaviors in order to test the system in actual conditions.
The system works in real time on a server that samples frames from each camera
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source and multiple threads are issued to provide trackorg €ach single camera
module. When a detection event occurs on a camera modulepthesponding
thread sends a synchronization event to the other threadbaconsistent labeling
is established.

Single | Group enter| Group inside| Overall
(tot. 114) | (tot. 25) (tot. 21) (tot. 160)
Homography only 96 17 0 113
Forward only 103 23 0 126
Backward only 98 0 19 117
HECOL 109 23 19 151
Table 3

Experimental results obtained observing an actual test it wfinutes video. In bold the
best performance for each type of detection event.

Among the different videos analyzed, more than 1 hours afaschave been man-
ually annotated to create ground truths. The achievedtseard reported in Table
3. This table highlights the performance of the system wépect to the differ-
ent situations mentioned above (i.e., single person, ginmside and group enter).
Moreover, the last column reports the overall accuracy estystem. The first two
rows of the table show the results with homography only (nipap computa-
tion) and with a Bayesian classifier with forward contribationly (i.e., it does
exploit neither priors nor backward contribution). Thisthel corresponds to the
approach used in [44], which essentially bases the objetthimg process on the
support points’ distances measured on the inter-cametadnplane homographic
mosaic. The rest of the table reports the improvements itesyperformance by
adding backward contribution and Bayesian-competitiveoaang.

Performance comparison for consistent labeling

100,00%
20,00%
80,00% +—
70,00% +—
50,00%
50,00%
40,00% +—
30,00% +
20,00% 4+
10,00% +—

0,00%

Correct assignments (%)

Single Group enter Group inside Crwerall

Method used

||:|Homography only @ Forward only OBackward only OHECOL |

Fig. 10. Performance comparison.

The graph in Fig. 10 summarizes the comparison, for thereiffitype of detection
event, between the different implemented methods. In cogithe correct assign-
ment in the case of segmentation errors each piece in whegbdtson is segmented
has been evaluated independently, and considered cadriabeled consistently.
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Results on group detection demonstrate that each of the twiilmations in the
MAP estimation concurs to solve different situations. Imticalar, the backward
contribution is more suitable in assigning correct labethe case of “group enter”,
but cannot detect new objects in case of a group of peoplesehtegether and split
in a second time (“group inside”). Conversely, in this calse forward contribution
is able to achieve a percentage of correct classificatio@f. From these results,
the advantage of merging forward and backward contribgtisevident.

51 g - — N R e T TEETG|
- s = W T - Rl S TN bl
!f .- “ E R iy AR o,

(b)

Fig. 11. Examples of system working on real cases.

Snapshots in Figs. 11(a) and 11(b) show the output of thesyst real situations:
in the upper row, five moving individuals are tracked, and ofthem are visible
from both cameras; in the lower, two people are detected asugpdgrom one FoV
and as two disjoint objects in another, but consistent iabé$ guaranteed.

A second test session has been performed to evaluate thallgenformance in
terms of computational time required. Tests have beenethaut using two cam-
eras on a desktop personal computer P4 at 3GHz with 1GB RAMngritinux
Fedora Core 3 kernel 2.6 brand, with a frame rate of about sipgefirames per
second) for each module (one for each camera). Communidagioveen modules
on different cameras is achieved by using IPC (inter-pr&c@snmunication) to
communicate data and events from/to consistent labelinggss.

The velocity of the proposed method is heavily dependenhercardinality of the
local search space. The exploitation of CTG allows a drastitiction of search
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times. The accuracy results previously reported in Tablav@ flbeen obtained with
an unlimited search range, that is using the constraintsritesl in equation 2 in
all the overlapping zones. In order to increase the franes thé hypothesis space
I', described in Section 4.1, is suitably filtered based on tidiftean distance be-
tween the lower support point of the candidate objett,, and the warped lower
support point distance of candidate objects. Before addingpgect tol’, its lower
support point is warped to candidate object’s image plamgusmography. Then,
if the Euclidean distance between these two points is abdwea threshold, the
object is discarded from the hypotheses and is not takerag@ount in the consis-
tent labeling process.

This filtering method can significantly increase the perfange of the system at
the expenses of a lower accuracy. Discarding objects frarhttpothesis space
reduces the number of comparisons for obtaining object meatcbut fails in all
cases where lower support points of either hypothesis tshjacnew objects are
imprecisely extracted.

Frame rate gain and accuracy loss, as consequences o¢diftestance thresholds,
are shown in the graph of Fig. 12. The frame rate, after thepbete segmentation,
tracking, consistent labeling and people’s shape stoviauges from 12 to 7 fps.

13 100
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T 90

—&— framerate[fps]

T 85
—m— accuracy[%]

framerate[fps]
accuracy[%]

T 80

+75

5 10 15 25 40 55 60 75 80 150
Threshold Distance value[pxI]

Fig. 12. Accuracy and computational load as a function of the distancengtéreshold.

aﬁcor‘rect label assignment

Accuracy is evaluated as=77 7= "l

6 Conclusions

In this paper, a complete system for multi-camera videoesliance is described.
The system is described in its overall architecture and roamponents, but most
of the attention is devoted to a novel approach to consisadaing in multiple
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overlapped cameras. The consistent labeling method hasimiéelly devised for
camera handoff events, i.e. when an object passes in the Favhew camera.
In simple situations, where single, well-segmented and-tratked objects pass
through the edges of the FoV, homographic mosaic alone cauffieient to es-
tablish consistent labels. We propose to build the homdgcamapping off-line
without using calibration parameters: a training videdwatsingle person walk-
ing is used to automatically compute Entry Edges of Field iefwthat define the
overlapping zone whose vertices are used in the computatitthe homography.

Unfortunately, this simple approach is not sufficient in maomplex real cases:
many new objects may appear in the middle of the overlappomg due to seg-
mentation errors; groups of people can enter as merged iacéree but, due to
perspective, they can be perceived as separated by anatinera; many people
may pass in the FoV of another camera simultaneously. To wgieall these
cases, a more complex approach must be conceived.

To find the best matching with a new object, we warp the olgesxis on over-
lapped cameras and compute a fithess measure for each passiich. Since the
axis does not lie on the ground plane (on which the homogréygisybeen com-
puted), homography is not sufficient and epipolar geometngtrbe used. To do
this, epipolar lines are computed by means of RANSAC optitiunadirectly in
the same training step used to compute the homography. Tiped/axis provides,
in a Bayesian framework, a measure of the goodness of a gijentabatching.
MAP framework is exploited to choose the best matching andsequently, the
best label assignment. Eventually, the problem is gerzein the case oV over-
lapped cameras by exploiting a Camera Transition Graph (C$&j to reduce the
search space by checking arc consistency on the graph.

Experiments have been carried out in real park scenarioancity of Reggio
Emilia, Italy. The resulting accuracy proves that the jais¢ of forward and back-
ward contributions guarantees the best percentage ofot@ssignment.
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Appendix 1 - Reliable Background Suppression

This appendix describes the main steps of the algorithm fmsdzhckground sup-
pression to improve the SAKBOT approach [10].

Let us denote withlBG, the background model available at tihand with 7; the
current input frame. We will also refer B8G; (i, j) to denote the vectqi?, G, B)
of pixel (i, 7) in the background model. The same applies/{ét, 7).

A Background bootstrapping

A crucial task in every background suppression approadteibackground initial-

ization orbootstrappingwhich needs to be both fast and accurate. Unfortunately, it

is often impossible to have a clear background for many feamerder to compute
statistics for building the model. Therefore, it is impartt#o implement a method
that can initialize the background model as quickly as fds®ven starting from
“dirty” frames.

Our approach basically partitions the image into blocksl@f 16 pixels) and se-
lectively updates the background model with a block whenawufficiently high

number of pixels within the block are not in motion. Motionegaluated with a
thresholded single difference between two consecutivedr If more than 95%
of the pixels in the block are detected as not in motion, thdehs updated in that
area with the pixels not in motion. If this happens for morantiiO times (even
non consecutive), the whole block is considered “stablel’ mm longer evaluated.
Once all the blocks have been set to “stable” the backgrouodefrs ready. To
avoid deadlocks and to speed up the bootstrapping, if no heskdé change state
to “stable” for two consecutive frames, the threshold fae Hingle difference is
increased.

B Background Updating and Foreground Extraction

After the bootstrapping stage, the background model is teddasing a temporal
median. A fixedk-sized circular buffer is used to collect values of each lppxer
time. In addition to thé: values, the current background mod#f, (i, 7) is sam-
pled and added to the buffer to account for the last reliahékground information

available. These = k + 1 values are then ordered according to their grey-level

intensity, and the median value is used as an estimate fayutnent background
model.
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Once the background model has been created and updatedreéigeolund is ex-
tracted frame by frame using the background differenciogrigue. The difference
between the current imageand the background mod#&lG, is computed:

]t(7'7]> — BGt(ZL])) it
3

My, j) = ¢ (B.1)

wherei® is the 1x3 identity vector.M, (i, j) is the foreground mask containing
the grey-level information of the difference. The mask eriinarized using two
different thresholds: a low threshdld,,, to filter out the noisy pixel extracted due
to small intensity variations; a high threshdl{,,;, to identify the pixels where
a large intensity variation occurs. Both these thresholdsl@ral, i.e. they have
different values for each pixel of the image. lgt:, j) be the value at position
p inside the ordered circular bufférof pixel (i, 7) and, consequentIYp,%+1 the
median. The thresholds are computed as follows:

leow(im]’) =A (b%_;_l - b%,l) (BZ)
Thign(i, §) = A (busa y, = bess ) (B.3)

where) is a fixed multiplier, whilel andh are fixed scalar values. We experimen-
tally set\ = 7,1 = 2 andh = 4, for a buffer ofn = 9 values. It is straightforward
to see that, being the vectbrordered, 7}, is always higher or equal thaf,,,.
Our experiments demonstrated that these settings perf@iinrnvmost common
surveillance scenarios. The reason for the adoption of dy@er-pixel thresh-
olds is trivially explained by the fact that using fixed, pexme thresholds makes
the system less reactive to local illumination changes.

The final binarized motion mask; is obtained as composition of the two bina-
rized motion masks computed respectively using the low hachigh thresholds:
a pixel is marked as foreground ), if it is presented in the low-thresholded bina-
rized mask AND it is spatially connected to at least one pprekent in the high-
thresholded binarized mask. Finally, the ligty’ O, of moving objects at time is
extracted fromB, using a two-pass labeling algorithm. Eagh elementM V O}

of the list is a candidate foreground object. A further rafieat of the list is per-
formed discarding all the small objects.

Foreground points resulting from the background subtractiould be used for
the selective background update, i.e. avoiding to inclingent in the background
updating process; nevertheless, in this case, all thessmade during background
subtraction will consequently affect the selective baokgd update. A particularly
critical situation arises in the case of “ghosts”, prevegtine area to be updated
in the background image forever, causingesadlock Our approach substantially
overcomes this problem since it performs selectivity notré&gsoning on single
moving points, but on detected and recognized moving ahjddtis object-level
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reasoning proved much more reliable and less sensitiveis iilvan point-based
selectivity [10].

C Object Validation

An object-level validation step is performed in order to o all the moving
objects generated by small motion of the background, fomgte by waving trees.
This validation is performed accounting for joint conttlmm coming from color
information and gradient of the objects.

The gradient is computed with respect to both spatial angpoeah coordinates:

L)

8(;5,15) = ]t—At(Z — 17]) — It<l + 1,])

oI(1,9) B o o

20 1) =L n(i,g—1) = L(i,j+1) (C.1)

For stationary points, we can approximate the past sample with the back-
ground modeBG;:

881557’1;])) = BG(i —1,5) — Li(i + 1,))
Ay,t) BGi(i,j =1)— 13,5 + 1) ©2

The gradient module is obtained by using the following exqunat
G = 9(i.3) | i 5) = ||| L) T e
t — g\t,] g\r,71) = a(flf,t) .

From our tests, it is evident that this gradient module isequobust against small
motions in the background, mainly thanks to the use of teaipaartial derivative.
Moreover, the joint spatio-temporal derivative makes thgct gradient computa-
tion more accurate, since it also detects gradient in theriparts of the object.

? Haft(z‘,ﬁ
d(y,1)

Given the list of moving objectd/V O,, the gradient, is compared, for each
pixel (4, j) of each moving object/ V' O", with the gradient (in the spatial domain)
of the background- BG; in order to evaluate the coherence with it. Tgradient

30



coherence&~C, is evaluated over & x k neighborhood as follows:

1—k<zx<i+k

J—k<y<j+k

where|.| represents the absolute value .pkinceG, and GBG, are grey-level
images.

Unfortunately, when the gradient module (eitligror G BG,) is close to zero, data
are not reliable. To overcome to this problem, we combinegtiadient coherence
with thecolor coherence&’ C;:

CCy(i,j) = min 11:(7,7) — BG(x,y)| (C.5)
1—k<zx<i+k

J—k<y<j+k
where||.|| represents the norm in the RGB color space.

The overall validation scor€ S for the considered/V O} is the normalized sum
of the per-pixel validation score, obtained by multiplyithg two coherence mea-
sures reported above:

i,j)EMV O}

vk =t

W (C.6)
where N/ is the area of\/VO!. This value is then thresholded and, if below the

threshold, MV O! is discarded and its pixels are marked as belonging to back-
ground.

D Fast Ghost Suppression

As mentioned above, one of the problem of selective backgtaypdating is the
possible creation of ghosts. Therefore, it is necessaryfiement a method to
detect ghosts and force them into the background model. ppeoach used is
similar to that used for background bootstrapping (see Agpel.A), but at region
level instead of pixel level.

All the validated objects are used to build an image callethat accounts for the
number of times when a pixel is detected as still by the siddference:

A (i )+ 1 if SD(i,j) < T
A, g) = | AL SPO I < T ©.1)
A;1(i,7)/2  otherwise
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whereSD(i, j) is the single difference between two consecutive frames/gpca
suitable threshold. A valid objedt/ VO is classified as ghost if:

Z At(laj)

> Tghost (DZ)

whereT ;s is the threshold on the percentage of points of thE O} stopped for
sufficient time.

Practically speaking, in the case of pixels belonging to@sglthe single difference
will be lower than the threshold and will start increasing tlalue inA,. When the
sum of the accumulator values for the MVO exceeds the thteshg,.,, the MVO
is forced into the background.

Our experiments demonstrate that this approach yieldssadeal false results than
state-of-the-art techniques, such as the mixture of Gamgsioposed by Stauffer
and Grimson in [40]. Experiments have been carried out ond#t@set provided at
the web addredst t p: // Mt 36. i nf or mati k. uni - augsbur g. de/ VSSNO6_OSAC/ .
Fig. D.1 shows the results of the proposed method comparixdtose achieved
with a mixture of Gaussians (MoG), in terms of false negatized false positives
at pixel level. It is clear that our method achieves lowerralldalse results, even
though it is outperformed by MoG in terms of false negatives.

Comparison of number of errors

8000

7000 4

[0 Average false misses for proposed system
B Average false alarms for proposed system
B607

[ Average false misses for MoG
2000 ¢ B394
p45( 759
1000 4 -
H H 783 816| 973
oo . 457 595 446 | 584 55| 364 —

[J Average false alarms for MoG
Video 2 Video 3 Video 4 Video 5 Video 6 Video 7 Video 8

6000 4

5000 4

4000 1

Number of pixels

p68d

3000 4 bs1d

Fig. D.1. Comparative results with respect to mixture of Gaussians (MoG).
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Appendix 2 - Geometry Recovery

Let us consider of a system composed of aGet= {C',C?, ...,C"} of n un-
calibrated cameras, with each caméfaoverlapped with at least another camera
CI.

We aim at detecting overlapping zones between cameras tputera reliable ho-
mography without the need of a complete camera calibrafioroff-line training
process is used. In the same process, additional data aaetextto recover epipo-
lar geometry. Manually defining the overlapping zone cowddpbssible, but is a
tedious task which may lead to imprecision. The ground@lemography can be
computed automatically using people trajectories [45] eveh when the camera
streams are not synchronized [46]. In our system, the queirlg zones and the
epipoles are automatically extracted with a training pdoce iterated for each pair
of partially overlapped cameras with a single person mogugind the scene.

A Detecting Overlapping Zones

In order to compute the homography between two planes, soreling points
lying on the two planes must be extracted. Since our targetgs are the 2D pro-
jection of the ground plane: (= 0) on the images of the two overlapped cameras,
we need to extract the lower support poirig that approximate the contact with
the ground plane. Thus, at each frame, thgoint and the upper support point
up of the detected moving people can be extracted from eachlEver support
point is computed as reported in section 4.1, while the ugppport point is the
highest point of the shape. It is important that the persbaps and, consequently,
thelp points are extracted only when it has entered the scene etehpl

However, it is worth noting that the choice of the matchingngodirectly affects
the numeric precision and stability of the inter-view maggpitself. In particular,
Vincent and Laganibre in [47] remark that using redundantchhaonfigurations
(i.e., more than four matches) can lead to instability du¢hointroduction of
degenerative elements. For this reason, directly using ef $@wver support points
extracted from a trajectory of the walking person as cooedmg points for the
homography computation can lead to imprecise values.lidéla¢ corresponding
points should be as distant as possible and non-collinete Wwhole overlapping
zone between two overlapped cameras could be known, thersooh this area
would satisfy both of these criteria: in fact, they are thehast points visible in
both the cameras and they are non-collinear. For this reasstead of directly
using the lower support pointg to compute the homography, we exploit theo
identify the overlapped zone and then use the corners ofdhe to compute the
homography.
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If we imagine that the camera view frustum (i.e., the rectdaagpyramid with its
vertex at the camera optical center) intersects the grolaree = 0), we obtain
four lines. These lines correspond to the projection ofitinés of the field of view
of a camera on the ground plane; let us denote thegé“asvhere: indicates the
cameraC’ being considered andthe corresponding line in the image plane.

a
Fig. A.1. Examples of the process for detecting the overlapping zones

When theL?* lines of camera’"® are also visible by another camefd, they are
denoted asLj-’s; as in [16], we shall call these Edges of Field of View, or Egkio
short. Each EoFo\L;'fs divides the image on came€ into two half-planes, one
overlapped with the FoV of camef& and the other disjoined. The intersection of
the overlapped semi-planes defined by the EoFoV lines franecaC’ to camera
C’7 generates the overlapping zo@é’. In actual cases, the generic overlapping
zone 7% is delimited by a combination of EoFoV IinafséfS (when visible) and
image-projected lines’* (see Fig. A.1, where solid lines indicate EoFoV, while
dotted ones are image-projectetf lines).

When the object” and K are detected by the modules of camé¥aandC”, re-
spectively, and the objects’ shapes do not intersect thgenmarders anymore,
the pair of points i, lp]k) is collected. This is iterated several times. Collecting
several matching pairdi(., Ip}), the lines delimiting overlapping zones can be
computed with a Least Square Optimization (LSQ). In gengraén a set of sam-
plesz;,y;|i = 1...n, the LSQ linear regression minimizes the mean square error
(MSE):

MSE = zn:(yl — br; — a)? (A.1)

i=1

being (x, yi) the coordinates dfy for bothC* andCV.

B Homography computation using overlapping zones

The four corners of each of the overlapping zo#és and Z/* define a set of four
points in the ground plang}’ = {p}’, py”’, ps’, i’ } andp”* = {p1"*, p3", p§", pi"},
where the subscripts indicate corresponding points inweedameras (see Fig.
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A.1). These four associations between points of the two cas@ and C’ on
the same plane = 0 are sufficient to compute the homography matfii%’ from
cameraC’ to camera’”:

pii— Hiipli k=14 (B.1)

where bold notation is used, hereinafter, in order to ineitiae representation of an
image point in projective coordinates, which can be ex@es the explicit form

(] L) 310 phJ Jst
Ly, h1,1 hl,z h1,3 L,

(27 - L phd 10 gyt
Y - h2,1 h2,2 h2,3 Y (B.2)
1 B b 1 |

Since eight parameters must be estimated in order to contpeteomography
matrix, at least four pairs of points are needed to solve gjuaon system using a
direct method. When more than four matching points are pealitie homography
matrix can be estimated, for example, in a least square fx@nkeusingSingular
Value Decompositiof#8].

C Epipolar geometry recovery for coupled overlapped cameras

Fig. C.1. Example of exploiting parallax to compute epipole location. Green |neds=pt
after RANSAC optimization leading to estimated epipole indicated by the cross.

Denoting asM,, a point in world 3D reference frame, let us caif. and m{( its
projections in the FoV of the two cameré$ andC’, respectively. Epipolar con-
straints ensure that, givani, on C?, mj, on C? must lie on a Iinelfn{( obtained as
the projection orC? of the 3D-line(c’, M;) passing through the optical center
of C* and the 3D poinfl/,.. Given the matrix form of this relation, it is possible to
introduce the fundamental matrix as the singular matrix that incorporates all the
necessary information for the computation of line progutsi directly using points
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on the image plane: '
k

As a consequence, the epipolar constraint is expressectigltbwing equation:

m{{TFm{( =0 (C.2)

Given a 3D planél and its projectionsg® and=’ on the image planes of cameta
and(’, the relation between them is expressed by the homograpdticxi/. To
compute epipole location using a single plane, the paraliaperty of projective
images is exploited. In particular, given a 3D poi}, not lying on the planél,

and its projectionni onC", it is possible to find two correspondences in the image
plane ofC?. The former is the real projection dff;, on C7, m{(, while the latter

is the point inC’ computed through the homographic transformatfibgiven the
hypothesis thaini lies on the planer’. In Fig. C.1, examples are reported where
the upper support pointg of a person (at the frameandt — k) are projected on
the homographic mosaic image. The two resulting lines seterin the epipole.

The line computed from these points must be an epipolariimeest passes through
the images of the same point of image pldheGiven at least two lines, the epipole
can be easily located (by means of LSQ) as the intersectitrest lines:

6j:f$n<%;dzcﬁ>&i)> (C.3)

wherelfni — (ml, Hml)' andd(.)is anL, distance, e.g. the Euclidean distance.
k

After epipole computation, given a generic image poitjt the epipolar line can
be obtained using the following equation:

P, =Fmj =¢ x (Hm}) (C.4)
k

wherel’ is the fundamental matrix.

This method is mathematically correct but the use of LSQ wjiper support points
can be strongly unstable, as shown also in [34]. Therefoeegpply the RANSAC
technique [35] instead to evaluate epipole location. Tlop@sed method can be
summarized in three main steps:

(1) during the previous#FoV training phase, correspondences between object’s
head projections in both cameras involved are sampled atfemme and de-

! The notation(a, b) indicates the line passing through the poin&ndb.
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| 1 [SQ I RANSAC |
Sample number 50 100 50 100
EpipoleCT (ground truth=(412,35)) (450, 10) (419, 25) (413,36) | (413,36)
EpipoleC? (ground truth=(32,28)) | (—400, —330) | (—347,—228) || (30,26) | (33,30)
MSE valueC" 8.156 4.630 3.116 3.495
MSE valueC? 10.918 6.417 2.989 2.361
Iteration number! n/a n/a 924 535
Iteration number:? n/a n/a 621 1237

Table C.1
Comparison of the results achieved in an actual case with RANSAC (itk= 0.9 and

Thy = 5) and LSQ.
noted asupi(t) andupl,(t), where the superscript indicates the camera image
plane, the subscript the 3D object’s identifier artle time of sampling;

(2) after choosing a camer&y, we randomly compute two epipolar lines taken
from the sample set oV frames using equation (C.3) and locate candidate
epipolee’;

(3) for each sampled match, except the ones used for congputate evaluate
accuracy of estimation building epipolar lines througland head’s points on
C' as shown in the following equation:

> (el up(t))

up’ (t)eS

o(c’) = 5 (€5)

with

1 if <ej,lj i
up

o)< Th

(C.6)

(e’ up(t)) _
0 otherwise

andS = {(upi(t),upl(t)), t=1,..,N }.

If the accuracyparameterp is greater than a fixed thresholdh the process is
arrested; otherwise, the process is iterated by randonalgsihg another couple of
samples. To speed up the process, after a fixed number diotesathreshold’h
is lowered by a fixed amount and the whole process is restarted

The results obtained using this method for epipole locati@shown in Table C.1
and compared with LSQ relaxation technique. Strong diffeeein accuracy re-
spect LSQ computation is motivated by RANSAC outlier reatiln fact, with
the proposed approach, outliers in point match are direejcted during evalua-
tion phase, so that location estimation is not affected sefamatches. The solution
obtained by the RANSAC technique is the best intersectionvofepipolar lines
computed from the extracted samples. Instead, using thereB&ation, a new so-
lution is generated leading to the possible case of haviregimated epipole near,
in terms of mean square error, to the epipolar lines consttleut not lying on any
of these. As shown in Table C.1, the number of iterations ofRASAC tech-
nique can vary significantly according to the order used wosing samples. This
cannot be predictable because lines are selected randachth@ ending condition
is strictly influenced by the chosen accuracy of the estichatgution (thresholds

37



Th andTh;). However, the high computational cost of the iterativehmdtadopted
can be easily sustained since this stage is performedneffaind does not affect the
overall system performances at all.
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