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Abstract from the research’s point of view, because of the intrinsic

complexity in detecting, tracking, and understanding hu-
In this paper, we present joint research activities in coman behaviour: changes in posture and gestures, human
puter vision and sensor networks for a distributed surveitteraction, presence of multiple people, and so on, make
lance of urban parks. Distributed visual surveillance of uhe problem challenging and interesting for the computer
ban environments is one of the most interesting scenaria/igion community.

Ambient In_telligence; in addition, the auFomated monitor- This project describes the implementation of ambient in-
ing of public parks, often crowded by children and adultg|jigence methodologies and technologies for the monitor-
is still a very difficult task due to the number of objects ghq of public urban parks that have the characteristics to
interests. In this context, integrating the power of low Cogt often crowded by children and adults, typically play-
sensors with the information provided by cameras can I&&g, running, walking or sitting on benches. Moreover, the
to a more reliable solution to people tracking in wide aghanges of illuminations and the presence of occlusions due
eas. Specifically, the deficiencies of one approach can bggafees or poles, make the outdoor scenarios cluttered and
least partially) covered by the advantages of the other. T&ﬁnplex, requiring multiple cameras partially overlapped to
goal is to perform people tracking in parks (to achigaek- g|ve occlusions and to cover a wide area.

able parks- T_Parks, both in zones covered by overlapped ;014 hased systems can be considered a rich source

gameras and alslo,ttr?anks {0 Sensors, in zones ntot EO\./%"fe\ cal intelligence that can be exploited on the ambient
y any camera. in this paper, we propose a new techni ligence scenario, although their cost (and, moreover,

for muItl—cqmera pe.ople trac_kmg based on a Iearmng_ phae%?/ironmental impact) and the limited field of view make
o autom.aucally calibrate pairs of cameras and 'to build ‘the complete coverage of wide areas infeasible. In addition,
eas of Field Views (AoFoVs) in order to establish Cor]S'.I'i,bmputer vision techniques, though dramatically improved

tent labelling of people. In addition, sensor networks di the last years, can not solve all the problems in people de-

tributed at _the borders of the AOFOV giye an estimaﬁpn ction and tracking. The state-of-the-art approaches, even
the probability of people overlapping, triggering specific 8¢ ing with 3D calibrated cameras, still lack in robust-
gorithms of face detection or head counting to identify trHee ’

: . ss in many practical cases.
single person. The research afPErks is part of a two-year In thi text. th . bet idelv distributed
Italian project called_AICA, intended to provide advanceqr?t\gn IS context, the marriage between a widely distribute
t

services for citizens and public officers based of Ambie cost ywreless sensor ngtwork and the coarsely_dls-
intelligence technologies. ributed higher level of intelligence that can be exploited

by computer vision systems may overcome many troubles
in a complete tracking of large areas. For our application,
1 Introduction we exploit Passive Infrared (PIR) sensors which are widely
deployed in low-cost surveillance systems (e.g., for car or

Distributed visual surveillancef urban environments ishome alarm systems). PIR sensors are used in traditional
one of the most interesting scenario in Ambient Inteligurveillance systems to trigger the activation of video cam-
gence; it consists in processing in real-time multimedia d&#aS [8]. A trigger just conveys a binary (yes/no) presence
coming from distributed external sources (video, audio, aftiormation, but limited signal processing effort on the out-
other signals) to automatically extract information about tigit of a PIR sensor can produce much more information
monitored environment, understand the presence of objd€t§-, target speed and direction of movement). Further-
of interests, infer the behaviours of these objects w.r.t. th@re, integration of data from multiple networked PIR sen-
environment and, possibly, react with defined policies, d&ars can provide drastically improved spatial resolution in
pending on the detected situation. Typically, distributégonitoring and tracking. Low costs and low-power sensor
video surveillance is used in either vehicular/traffic or pefodes can now be developed with on-board processing ca-
ple surveillance. People surveillance is more interestiRgbilities, reconfigurability and wireless connectivity [5, 9].
We aim at integrating a wireless network of PIR-based sen-
“This work was supported by the project L.A.L.C.A. (Laboratorio dsors with a traditional vision system to provide drastically

Ambient Intelligence per una CttAmica), funded by the Regione Emilia-. . .
Romagna, Italy, under the development project “Piano telematico ;Q]proved (m accuracy and rObUStneSS) tracklng.

gionale”. In particular, enabling technologies in PIR sensor net-




works and new algorithms for tracking multiple and oveproposed also in the case of overlapped cameras [14, 15].
lapped people observed by multiple cameras have bétwever, in the case of partially overlapped cameras, the
designed and developed. The goal is to provide peoplest choice is to exploit (also) geometrical information.
tracking in parks (to achievigackable parkstherefore the Geometry-based approaches can be further subdivided into
contractionT_Parkg, both in zones covered by overlappedalibrated and uncalibrated approaches. In [17], each cam-
cameras and also, thanks to PIR sensors, in zones not &va-processes the scene and obtains a set of tracks. Then,
ered by any camera. The proposed technique of autegions along the epipolar lines in pairs of cameras are
calibration of pairs of cameras with the automated learnintatched and the mid-points of the matched segments are
of Areas of Field Views (AoFoV) enables the tracking andack-projected in 3D and then, with an homography, onto
the establishment of consistent labels of people mergedhe ground plane to identify possible positions of the person
groups in the view of one camera, but disjoint in the view @fithin a probability distribution map (filtered with a Gaus-
another. At this point, sensor networks, distributed on te&n kernel). A particularly interesting paper is reported in
borders of the AoFoV, give an estimation of the probabilify. 9] in which homography is exploited to solve occlusions.
of overlapped people, triggering specific algorithms of fa@ngle camera processing is based on particle filter and on
detection or head counting to identify the single person. probabilistic tracking based on appearance to detect occlu-
In this paper, we describe the proposed solution by focs$ens. Once an occlusion is detected, homography is used
ing on two complementary aspects: on the one side, ntnestimate the track position in the occluded view, by using
solutions to allow a precise tracking of people in multiplthe last valid positions of the track in it and the current po-
cameras, solving the problem of consistent labelling in te#ion of the track in the other view (properly warped in the
whole area of overlapped fields of view is proposed. On thecluded one by means of the transformation matrix).
other side, the design of new field-configurable PIR-basedVost of these approaches require camera calibration. In
wireless sensor nodes, with on-board processing capatiltdoor environments with many cameras, placed in high
ities, is presented. These sensors can be straightforwapigitions over poles at unknown distance, manual calibra-
used as a trigger for the computer vision system to mark gimn could be difficult and time consuming to achieve. Thus,
tential human presences entering in a specific zone. Margomatic camera calibration techniques have been pro-
specifically, they can be used to provide speed and directimsed. A relevant example of these is the work of Khan and
information, as well as an indirect indication on the targ&hah [13]. Their approach is based on the computation of
size, which could be, with an adequate training, exploit¢ite so-callededges of Field of VieWEOFOV, hereinafter),
to estimate the number of people present in the scene. i.e. the lines delimiting the field of view of each camera and,
thus, defining the overlapped regions. Through a learning
procedure in which a single track moves from one view to
2 Related works another, an automatic procedure computes these edges that
are then exploited to keep consistent labels on the objects
Video surveillance requires the identification of the subjectghen they pass from one camera to the adjacent.
in the scene. Moreover, if these subjects move, their identi-Qur approach is a suitable modification of this proposal
ties must be preserved in order to analyze their behavioygseompute, starting from the EOFOV lines extraction, the
This task, called Consistent labelling is particularly chal- homographic relationship between the two ground planes in
lenging in distributed video surveillance, since the identih automatic way. This transformation is then exploited for
must be maintained also when the subject moves from #gablishing the consistent labelling.
field of view of a camera to another. Previous approaches that combine sensors and computer
Adjacent cameras can have overlapped field of views\agion are mainly focused on robot navigation and local-
not. In the case of non-overlapped cameras the only fegation. Inertial sensors are used for calibrating cameras
ture utilizable for maintaining the identity of a moving subfs] or for recovering 3D structure from images [16], while
ject is its visual appearance. Unfortunately, using mergiyoximity sensors are used, in combination with cameras,
the subject’s appearance is not a successful strategy, sfag@bject recognition and localization [7], but not for dis-
the appearance (in particular, the colour) can be reproduggsuited video surveillance.
very differently with different cameras and under different
illumination conditions. To cope with this problem, in [11]
a training procedure is used to model (by means of cold8r Vision-based surveillance
histograms) the change in the appearance from one cam-
era to another. This information is combined with othéks stated in the introduction, the vision-based systems
data on the positions of the cameras in a probabilistic walpne are not able to solve all the practical issues in dis-
using a MAP (Maximum A Posteriori) framework. Othetributed surveillance. On the other hand, sensors (audio,
approaches are based on assumptions on the specific ¢a§g,radar, etc.) can not provide sufficient information to be
such as [12] and [10] for traffic surveillance. Consideringble to detect, track and analyze people in a complex scene.
known the transition time, the non-deformable shape oframany cases, the deficiencies of one approach are (at least
vehicle, and the forced direction in highways, the multpartially) covered by the advantages of the other. Therefore,
camera tracking problem becomes much simpler. the integration of the two approaches to distributed surveil-
Some works that use only subject’s appearance have blegce can be extremely successful.



This section will describe a novel approach to mult3.2 Multi-camera people tracking

camera object tracking based on computer vision. _ . .
The consistent labelling problem has been already intro-

duced in section 2. In that section, related works on cal-
3.1 Single camera people tracking ibrated or uncalibrated system has been also briefly de-

scribed. Since in real installations often calibration can be
People detection and tracking by single cameras are n@fious and imprecise (or even impossible), we propose to
very accurate and fast. Many approaches have been & a learning phase to automatically calibrate pairs of cam-
posed in the literature. Their schemes are often similafgs.
first, perform motion detection by separating points belong-the proposed solution starts from the creation of the so-
ing to still parts from points belonging to moving parts (byyjiededges of field of vie(EOFOV) to automatically cal-
means of background suppression, frame differencing, i¥ate cameras. Projecting the limits of the field of view
statistical analysis); then, blob analysis aims at 9roupigOFOV) of a cameraC on the ground planeZ = 0),
spatially correlated points into objects and characterizifigh so_calle®D FOV can be obtained. In particular, they
them by visual features and motion components; eventuallyrespond to the intersection between the ground plane and
moving objects are tracked with the aim of keeping track gfe rectangular pyramid with its vertex at the camera optical
their identity to further analyze the behaviour. center (the camera view frustum). Beiad f;(z,y) = 0

Our approach from single camera follows this schemghe of the LOFOV of camer&” defined by the equation

and it is composed by three main modules: segmentatignin its coordinate system, a 3D FOV line is denoted by
tracking, and scene understanding. The segmentation mpd- 2 F,(x v, 7) = 0, whereZ = 0 is one of the possi-
ule aims at eXtraCting theisual ObjeCtS The first Step ble p|anes on which the LOFQV can be projected_ In par-
uses the background suppression by subtracting the curggfiar, the four 3D FOV lined.?*» |h =1...4 (wheres,
background modeB* from the current framé’. The points corresponds to the image borders- 0, z = Zy40, ¥y = 0,
are extracted and grouped with a labelling process intggdy = y,,.,) can be computed. A projection of a 3D
set FO' of foreground objects at instant tinte This set FQV line of cameraC may be visible in another camera
contains both relevant objects and other outliers, such@spartially overlapped withC’. The FOV line (in 2D) of
shadows and noise. To identify shadow points we usega |ines of cameraC? seen by the camei@’ will be then
deterministic approach, proposed in [2], based on the g&noted withL?S 2 fi(2',y') = 0 and represents one of

sumption that shadows have similar chromaticity but lowg{e EoFOV lines for the camef@ (z' andy’ are in the 2D
brightness than the background on which they are cast. .o ginate system af?).

N ) ) )

%bJSCtS in the sef’O cotns?e_red Ito%.small gre_ d'Z' The EOFOV lines are created with a training procedure.
carded as noise. The sBIO" of visual objects obtained 5 ginq1e person passes through at least two points of each
after the size-based validation is processed by the trag

; dule th ¢ h ‘ K it of the FOV of two overlapped cameras. Given the con-
Ing module that computes_ or each frama set of racks gy aint 1o have a single moving person, the support points
T' ={T},...,T! } and assigns to each tragk a status la-

L o (computed as the middle point of the bottom of the bound-

b.e,I: moving stoppedney\;_orundetectedAn.ok_)Ject Is clas- ing box of the blob) in the two cameras can be matched and
sified asstqppedwhen itis dgtected as still m_the currenfcad to create the EOEOV lidé™* for the camera’. The

frame and in at least a certain number of previous frames. s ! ,

In the case of people tracking, the basic tracking equation of each lind ;" is computed by collecting a set

ap: . )
L ! f coordinates of the support point detected at the camera
proaches (based on directional rules, or Kalman filters) are . N .
. ) .7 handoff and exploiting a Least Square optimization. Fig. 1
not suitable, since humans undergo to deformation in the : )
. . . reports a sketch of process that, starting from the dinef
shape, move with unpredictability and sudden changes | s A, :
L ) ._“cameraC”, creates the EOFQV ling’” in the camera’”.

the main direction, and are likely to be occluded by objects J

or other people. For these reasons, we proposed a pfoeh lineL;” divides the image on camer@ into two
abilistic and appearance-based tracking algorithm ableh@f-planes, one overlapped with caméraand the other
manage also |arge and |0ng_|asting occlusions [4] disjoint. The intersection of the overlapped semi-planes de-
The knowledge abou Os and their status is exploitedfined by the EOFOV lines from camef&’ to cameraC”
by a selective background model [2] in order to be both rdefines the Area of Field of View (AoFoV, hereinaftef)
active to background changes and robust to noise. Everftd- 1(c)).
ally, scene understanding is a high-level module and heavT0 be sure that the matched points correspond to the per-
ily depends on the specific application. In the case of videéan's support point, we delay the computation of the EO-
surveillance of people, it includes a posture classificati&®V lines to the moment in which the object is completely
module [3], capable to discriminate between four posturestered the scene of the new camera. This can bring to a
(standing, sitting, crouching, and laying) and, consequentsplacement of the line with respect to the actual limit of
to detect, by means of a state transition graph, interestfhg image, but it assures the correct match of the feet's po-
events, such as a person’s fall. The above-mentioned praiion in the two views. As a consequence, the actual FOV
abilistic tracking is particularly suitable for posture classiflines are neither coincident nor parallel to the image border.
cation since it is capable to preserve the appearance also ifihus, for two overlapped cameré8 andC”, the train-
the case of occlusions. ing procedure computes the AoFcZ/; andZ;. The four
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(a) The LOFOVs in cameraC?  (b) The EOFOV ;b in cameraC? (c) The overlapping zong’ in camra
CI

Figure 1: Sketch of EOFQV creation.

corners of each of these areas defines a set of four poiatgrnative techniques for, at least, counting people during
Pl = {py’,py”,p5”,py’} and P} = {p7", p3", py",p}"}, camera handoff. To this aim, computer vision alone can not
where the subscripts indicate corresponding points in the effective. For this reason, we plan to integrate proximity
two cameras. These four associations between points ofghasors into the system to provide an estimate of the number
cameraC? and points of the camei@’ on the same planeof people crossing from one camera to another.

z = 0 are sufficient to compute the homography maﬂﬂ}(

from cameraC" to cameraC?. Obviously, the matrixH; 4 S q
can be easily obtained with the equatibiti = (H})~'. ensor nodes

The approach proposed in [13] establishes the consis entth_ i first d ibe th hitect q
labelling only in the exact moment of the camera hand g this section, we first describe the architecture and oper-

from C' to C7. This approach has two main limits: if wwodtion of the sensor nodes. Then, we provide experimental

or more objects cross simultaneously (Fig. 2) an incorréjcqta demonstrating their capabilities beyond basic trigger-
labelling can be established; or if they are merged from the-

view of C7 at the camera handoff, but then they separate, the

consistent labelling with the labels of can not be recoverddl Node architecture

Fig. 3).

( \?Vith)our approach, each time a new object is detectedAnvireless sensor node is much more complex than a sim-
the camera’" in the overlapping area (not only at the maople sensor. It packs together three sub-systems in a few
ment of the camera handoff), its support point is projectéHPic centimeters, namely: (i) the sensor, polarization and
in C7 by means of the homographic transformation. TKalog output conditioning circuits, (ii) the A2D conver-
coordinates of the projected point could not correspond$9n and digital processing unit, (iii) the radiofrequency
the support point of an actual object. For the match we 4RF) transceiver and antenna. Moreover, the node contains
lect the object irC¥ whose support point is at the minimunPOWer supply circuitry and an energy source (usually, a bat-
distance in the 2D plane from these coordinates. The restf)- In the following, we focus primarily on the first three
achieved with this approach in the two cases above reporsgg@systems.

are shown in Fig. 2 and Fig. 3(c), respectively, where the

correct label assignment is achieved. 4.1.1 The sensor

In conclusion, our approach enables the correct establish- ) o
ment of the consistent labelling in the following cases: Our node is based on a passive infrared sensor. PIR sensors

_ are solid-state devices which transduce incident infrared ra-
1. only one person at a time crosses from can@étdo gjation into current. It is well known that objects irradi-
¢y ate infrared radiation depending on their temperature, hence
2. two or more people crosses from camétato (7, PI_R sensors can detect the pertu_rbation_ in 'Fhe infrared radi-
and they are disjoint and detected as separated by HJiRN SPectrum caused by an object which is not at thermal
cameras; equilibrium with the environment.
, , One of the most interesting features of these device is that
3. two or more people crosses from caméfato C7, the shape of the area of coverage can be accurately con-
they are detected as merged®y, but as separated bytrolled by a suitably shaped Fresnel lens placed between
cy the sensor and the environment. In most commercial PIR
4. two or more people crosses from camefato CY, sensors, the area i; a cone with e!liptic base (squgshed on
they are detected as merged by both cameras, but a teervertwal dimension), and the helght_ of the conelis a few
some frames they separate (Fig. 3(c)); meters (2-8 meters). The horizontal width (or equivalently,
the aperture angle) can be modulated by choosing a suitable
However, our approach is not able to handle the caséeAs or by masking a part of the lens with infrared screen-
until objects get separated. For this aim, we should exploig material (e.g. tin foil). Commercial PIR sensors are



Figure 2: Example of simultaneous crossing of two objects.

(@) C? at frame #1250 (b) C* at frame #1250 (c) C! at frame #1260

Figure 3: Example of simultaneous crossing of two objects.

usually sold in pairs, with opposite polarization. Hence, aively reduce power dissipation, we developed a trigger-
object moving along the alignment axis of the two sensdrased power management solution which allows us to keep
generates a pair of pulses (a negative and a positive puldgg digital components in low-power shutdown state unless
A very important characteristic of PIR sensors, whidhe output of the sensor crosses an “event threshold”. When
makes them highly suitable for wireless sensor netwdhe threshold is crossed, an interrupt is raised for the pro-
applications, is that they consume minimal energy. Theissor, which starts to process the incoming sensor data.
worst-case power consumption is less than 1mW. Note,
however, that the output of the sensor must be ampli- .
fied before digital to analog conversion. The amplificatio 1.3 Communication

anq sensor polarization cwcwtg consume addlt'lonal POYWSHir nodes must be capable of short range (approximatively
which should be accounted for in power budgeting. ten meters) wireless communication, as the data produced
by the sensors and processed by the digital unit needs to be
transmitted to the wired vision system for integration and
coordination. Required data bandwidth is not very large:
The node contains a low power digital processing blodke sensor waveform sampled at Nyquist does not exceed
Its main functions are to convert the output of the PIR 200 bps; moreover, on-board data processing allows us to
digital, and to process the incoming samples. Moreovéiither reduce the required bandwidth (by feature extraction
this block manages the wireless transmission protocol tRad compression).
grants wireless channel access to the various nodes in th®ur wireless unit is based on a low-power RF transceiver,
network. Even though analog processing of the sensor aatdigital transmission and receiver system implemented
put is most efficient in terms of components complexity amdth TR1001 transceiver by RFM that operates in 868 MHz
power, we aim at a flexible and configurable node architeziropean free bandwidth. It uses OOK modulation with bit
ture. For this reason, in our implementation we use a lovate up to 100kbps. At this rate, multipath fading effects can
power ATMEGAS8 RISC microcontroller by Atmel with in- be completely neglected up to distances of 50m.
tegrated analog-to-digital converter. Its power consumptionFurthermore, we support a wireless media-access-control
is 12mW in active mode, 4mW when idle and 0,1mW itMAC) protocol that allows time-shared channel access to
power-down mode. several nodes in a star network architecture, where all sen-
A key constraint on the selection of the digital compor nodes communicate to a wired sensor network gateway,
nents is power consumption, which should be around tehich collects the data and forwards it to the vision system
milliwatts during active data processing, and should dropttrough a standard USB connection. The MAC protocol
microwatt levels during idle periods. In order to aggresnd the gateway architecture are outside the scope of this

4.1.2 Digital processing



paper. The interested reader is referred to [1, 18] for mdoethe sensor and one bigger, colder and more distant from

details. the PIR sensor (see leftmost side of Figure 7). In this case,
the signal detected by the PIR sensor can be the same for
4.2 Experimental characterization the two objects. Using more than one sensor can help re-

ducing aliasing, improving the robustness of the system as
Our node prototype is shown in Figure 4. The nodghown in the rightmost side of the same Figure. The big-
is implemented as a small-scale stacked multi-board sger object is detected both by sensarand b, thanks to
tem. Note that the architecture is highly modular, and oite distance from both sensors, while the smaller object is
of the sub-systems can be changed by simply replacitgtected only by sensar The same setup can be used to
the corresponding board. The size of the entire node dgtect changes of direction inside the area detected by the
20 x 20 x 18mm. Node power consumption is 66mW irarray of sensors. In a similar manner, using a set of sen-
the worst case when both the transceiver and the microceors placed along a vertical line, it is possible to distinguish
troller are active, partitioned as follows: 6mW for the semmong people and object of different heights. In general,
sor block, 25mW for the microcontroller and 35mW for thenatrix of sensors can help to better distinguish among dif-
transceiver. Average power is much lower since the sdarent objects and to detect their shape. For these reasons
sor is active only when triggered by the threshold-crossingultiple PIR sensors, connected in a wireless star-network
interrupt. Idle power is less than 10mW. Low cost off-thae a data collection bridge, can provide a wealth of informa-
shelf components have been used, and therefore the cotibrsto the vision system.
minimal, even for prototypes. Total component cost for one
node is aroun@0$. _

Experiments where performed measuring the signal pl- Implementation of T_Park
duced by the sensor when the same person crossed the cov-
erage area at various distances from the sensor node. Wg-report on a research part of a project called LAICA
ure 5(a) shows how the signal received by the PIR sen§oaboratorio di Ambient Intelligence per una Githmica
decreases in amplitude as the distance increases. Note thaboratory of Ambient Intelligence for a Friendly City)
saturation effect when the person is very close to the senfianded by the Regione Emilia-Romagna (ltaly) and in col-
When the person is at a larger distance, the output peksoration with the municipality of Reggio Emilia, Italy,
have smaller amplitude, but they are still very clearly dignd several Italian universities and industrial companies.
cernible (the tests were performed in a roor2C). This multi-disciplinary project brings together the academic

Interstingly, PIR sensors can provide much richer infoexpertise and the industrial knowledge into several fields,
mation. For instance, direction of movement. Figure 5(fjpm the low-power sensor networks, to the computer vi-
shows the signal detected from the sensor when a perstam, to the middleware and mobile agents, to the commu-
passes through the area under control from left to right (thieation. The objective of the project is the study and de-
first peak is negative) and from right to left (first peak igelopment of advanced services for the citizens and the pub-
positive). The signal detected in the first case is mainlylia officers to improve personal safety and prevent crimes.
positive voltage, while the second signal is mainly a negihese services will includes among the others: the auto-
tive voltage. Thus, the time-domain output waveform canatic monitoring of pedestrian subways by means of mo-
be easily processed to detect direction of movement.  bile and low-power audio and proximity sensors; the auto-

Furthermore, we can use the sensor to obtain informatimtic monitoring of traffic scenes by cameras for data col-
on speed. Figure 6(a) shows the signal detected by the RI&tion and web-based delivery of traffic news to citizens;
sensor for a person moving at different speeds. As the sptelgeneration of a feedback in pedestrian crossing systems
increases the signal detected has a lower duration and tmselect the best duration of the green signal for the cross-
plitude, while its frequency increases. Simple frequendyg; the automatic monitoring of urban parks with a plethora
domain analysis of the output waveform can therefore pi@-cameras (both fixed and PTZ) and PIR sensors.
vide useful information on the speed of the movement. We focus on this last scenario. In order to provide ex-

Finally, the last plot in Figure 6(b) shows a significartensive and repeatable experimentation of the system, we
difference between one person crossing the detection aryeeated a test bed on our campus, installing four partially
and two or three people doing the same at the same timmeerlapped cameras (three fixed and one PTZ) as sketched
Clearly, the output waveforms differ significantly in thén Fig. 8, in a zone where many people are passing through,
three cases. This result demonstrates the possibility of piftere are some benches and columns, thus trying to repro-
viding useful information to the vision system on the nungluce the conditions of an urban park. We are also installing
ber of people in a cluster. PIR sensors, as indicated in Fig. 8.

Even though these preliminary results are promising, itThe tests were carried out using a single camera proba-
is important to note that the output of the PIR sensor dalistic and appearance based tracking module [4]. EOFOV
pends jointly on the temperature, the distance and the dimes of the two cameras have been computed over a train-
of the object/person in the detection area. Thus, aliasing video of 8000 frames. As an evidence of the goodness
may be significant: similar waveforms could be generatefithe automatically obtained homography we report in Fig.
by different combinations of the above parameters. As @ithe mosaic image of two frames obtained merging a frame
example, consider two objects, one small, warm and clasfea camera with a homographically distorted frame of the
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Figure 4: Prototype of the sensor node
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Figure 5: \Woltage as function of the distance from the sensor and the direction of movement.

other camera. 6 Conclusions

This paper presents a proposal for the integration of sen-

sor networks and cameras for distributed surveillance of ur-

_ Sync. Trans.| Merged Trans, N frames| N trgngitigngs GQIERGHoIRAPNRE e still in a preliminary phase
Video 1 No No 8500 iffvhich only3@w tests Rave been performed as proofs of
Video 2 No No 3000 cohcepts| theIdea jof intBgrating these two sources of data,
Video 3 Yes No 1800 trythg to expldi® the| bendfits of both, compensating the de-
Video 4 Yes Yes 2000 ficlencies, sedins very pfomising.
Video 5 Yes Yes 500 2 2 0
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Figure 8: Map of our real setup.

Figure 9: Automatically obtained mosaic image through homography.

(@) C! at frame #776 (b) C? at frame #776 (c) C! at frame #1490 (d) C? at frame #1490

Figure 10: Some snapshots of the output of the system after consistent labeling.



