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Abstract This paper presents an innovative architecture for mulusensor video surveillance charac-
terized by two pan-tilt video cameras. The aim of the system 1s to track and to characterize moving
objects in outdoor environments in real time, with a robust behaviour. In particular, the system
here presented exhibits the capacity of extracting video shots by means of a mobile camera operat-
ing at multiple zoom levels. The mobile camera collects successive frames of face oval, segments
them and track them over time automatically, starting from a cooperative initialisation ol a static
widefield camera performing automatic object tracking and classification.

Key words Multisensor video surveillance, multiple zoom levels. object tracking

1 Introduction

A surveillance system can be defined as a technological tool that provides humans with
an extended perception and reasoning capability about events of interest'’!. Typically, hu-
man operators have always been given the tasks of monitoring of complex environments.
The actual trend 1s to develop systems with enhanced capabilities, in terms of “extended”
perception'?"*’ on the monitored environment and on activities which take place in that en-
vironment,
%) able to suc-

cessfully locate, detect and track human faces in complex. outdoor environments as well as

This paper explores this last objective proposing a multicamera system

to collect facial video shots, A typical structure for a video surveillance system * based on
static cameras involves a module for the image acquisition from the sensors, a change de-
tection module that outputs a difference image'” (computed pixel by pixel by subtracting
the present image with the background 1mage), an object localization estimator capable ot
identifying the position of moving objects and finally, an object tracker® ' that has the
duty to keep track of the detected object until they get away from the monitored environ-
ment, To perform this, the system uses features provided by the lower levels which enable
it to estimate 3-D position"'*' and dimensions of objects tracked on the scene. The next
13152 accordingly to their features such as shape attributes
and to focus the attention of the system on people faces. To this end various techniques
have been used for classification purposes 1n order to distinguish human walking in a car

park from cars.

step is to classify the objects

Systems which reach this level of analysis can be qualified as second-generation video
surveillance systems whereas {irst-generation architectures are characterized by humans
operators delegated to visually process data coming from sensors. The difference with the
previous systems can be found exploiting a deeper analysis of the pre-processed data. Once
moving objects in the scene are successiully detected and tracked, information such as po-
sition. trajectories and colour can be used to make assumptions on objects behaviour-'*''"-.
In addition, techniques specifically designed for face detection"'® in still images, based on

- 119.20] [21,22]

non parametric and parametric models , can be inserted in the architecture of vid-
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eo surveillance systems in order to collect video shots ot each person. This will lead to an
enhanced description of the monitored scene with both symbolic data and biometric data.
In this way, in such architecture the operator is lightened from the burden of discerning
between standard or abnormal situations.

2 System Overview

The purpose of the presented system is to track moving objects in real-time in a varie-
ty of different conditions with the aim of focusing the system's view to detect humans’
face.

To perform this task, a multisensor approach has been chosen, composed of two pan-
tilt video cameras. The proposed architecture can be divided into several distributed mod-
ules, specitically devoted to well detined tasks which belong to three difierent layers.

« Sensor Layer: calibration of sensors, positioning of cameras, collection of video data

* Image Processing Layer: video analisys and manipulation

» Data Fusion Layer : Interaction strategies, multicamera calibration and networking

To clarify tasks accomplished in each layer the system is described in terms of Physi-
cal and Logical architecture.

2.1 Physical Architecture

Physical architecture, outlined in Fig. 1, 1s mainly characterized by two sensors (video
cameras) which are managed by two computational units (PC1/2) which are standard
Pentium based PCs. The first camera (Caml) 1s a CCD pan-tilt “*Sony Evi-D31” which acts
as static sensor. The camera zoom is set to lowest value in order to get a wide field view of
the monitored scene. The second camera is a “Philips Envirodome G3” that is the active
sensor in the system remotely controlled via RS-232. A client/server approach has then
been used to enable the cooperation of the two sensors with standard TCP/IP communica-
tion channels. To do this PCl and PC 2 are connected in a Local Area Network with wire-
less LAN 802. 11 facilities in order to be able to {reely place the sensors in the most appropri-
ate position. In our case both cameras watch a car park with few entrances.

COMms

Fig. 1 Physical architecture of the system

2.2 Logical Architecture

The logical architecture is composed of different modules which can be mapped into
the three layers previously outlined. The hierarchy of modules drawn in Fig. 2 represents a
configuration of the system with respect to the two PCs and the combination of static and
dynamic sensors.

As stated before, Caml is meant to statically monitor, with a wide field view, the
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scene of 1Interest; therefore modules

such as “Change Detection”, “Blob iyl iipnion s

Extraction” and “Localization” can be Y — —
seen as a typical configuration for a Acquisition 1 Uocalization [T\ Handler
Video Surveillance system able to de- "L

tect, follow and classify moving re- Change i‘f _ Sensor Layer
gions. The cluster of these modules Detection -

represents the core part ot the Image j Canis |
Processing Layer. To this end, the [ Blob szsz;” —

system can give under the torm of Extraction ‘ g
“metadata”, positioning information

regarding objects which “populate” the l IL l 1

guarded environment. Once this intor- Face | { h?;ﬁil -

mation gets the Sensor Layer, the L racking | Pointing
“Localization” module outputs posi- l

tions in terms of (x,y) image coordi- Face ace inside

nates, In this case the reference image 1 racking

(X,Y plane) 1s represented by Fig. 3, T

that is a sample i1mage grabbed by L == _—
Caml. After a moving region has been Image Processing Layer Data Fusion Layer
successtully detected and placed in a Fig. 2 Logical architecture of the system

3-D world coordinates, via camera cali-

bration, the region has to be classified with respect to two main categories: “human” or
“others”. In the latter category, all non-rigid objects such as vehicles are included. Once
the system knows the nature of the moving region, its location and, implicitly its speed

vector ({rom trajectories), a cooperation strategy takes place into the Data Fusion Layer
and the two computational units (PC1-2) begin to dialog and positioning the two sensors in
turn. As it can be seen in Fig. 2 all these tasks directly depend on a logical unit called
“Sensor Handler” which will be explained later. In particular, PCl sends to PC2 trans-
formed coordinates of the human, and, as a response, Cam?2 points itself to that location
with appropriately high zoom value. At this point, the system, through the “Face Detec-
tor” module extracts the face “oval” of the human and tries to evaluate, with a good degree
of precision, its location and some biometric data such as face mass center and its area.
Then with the “Face Tracker”, system follows face over time. Due to the dynamic nature
of the “target”, the face of a human, a static tracker working only on high zoom images
e represents an unfeasible approach because
the face could be tollowed just for few

frames. For this reason, if the face is predic-
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: Output of Caml, wide field image

camera 1s ready to start again this operation
with a new human.

2.3 Sensors Control Handler
The Sensor Control handler i1s a dedicated module that has the duty to directly control
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the two cameras and information flow between them. For this reason the “handler” can be
seen as an interface between the Sensor Layer of the system and the Image processing Lay-
er. In fact, starting from the positioning of the sensors, it has to provide the higher levels
(IP levels) with images acquired from sensors and eventually negotiate future positions a-
mong them. In particular with respect to Fig. 2 the handler has to:

« position the sensor that i1s used statically (Camera 1) in the preset pan-tilt coordi-
nates which enable 1t to have a wide field view on the scene. This position will give as out-
put for the whole functioning of the system, the Fig, 3 image.

e position the active sensor (Camera 2) to given pan-tilt coordinates and zoom level.

» Synchronize requests of positioning between Cameras 1~2.

« Collect video data trom Cameras 1~2.

The first action is typically performed when the system boots up and the sensors have
to be positioned in the predefined locations. This step has to be accurately performed be-
cause camera calibration (discussed in the following paragraph) is unique for each camera
view. Action 2 is taken in real-time during normal functioning of the system when an ob-
ject is detected and there's the need to focalise the “attention” of the system on it. In our
case, given a moving object, main target 1s represented by the face of the detected person.
Action 3 1s performed 1n order to preserve the sensors trom timing errors; video cameras
are controlled via serial port using RS-232 standard and camera-dependant commands are
sent to them. Problems arise when command rate 1s above certain threshold and the sensor
enters a fault state. Considering that requests for positioning are generally asynchronous
and randomly distributed over time, an entity to manage this situation is therefore needed.
For this reason Control Handler can receive request for commands, it schedules them and
after having performed some buffering activities it sends them to the appropriate sensor
with the correct rate.

2.4 Camera Calibration

Camera calibration is the process by which optical and geometrical features of cameras
can be determined. Generally, these features are addressed as intrinsic and extrinsic pa-
rameters and they allow to estimate a correspondence between coordinates in the Image
Plane and in Real Word. Calibration of sensors is generally used to deduce 3-D information
from 2-D data, but in some cases can be applied to get 2-D itmage coordinates from 3-D da-
ta. Camera calibration we use is based on classic Tsai method''?’. In the presented system,
both sensors have been calibrated because they need to intensively exchange position infor-
mation of moving objects among them. Therefore, a common calibration strategy has been
evaluated. In Fig.5 the chosen approach is outlined. First of all Caml and Cam?2 are cali-
brated retfeving to images in Fig. 3 and Fig. 4. Then a common reference point has to
be found in order to make the system able to swich between the two reference systems.

(camera calibration) !
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Fig.5 Steps involved 1n coordinates

Fig. 4 Output of Cam?2 in preset position

conversion with camera calibration
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Origin of world coordinates represents a good choice becausc it 1s common to the two cam-

eras. | herefore steps involved in the conversion of coordinates from Caml to Cam?2 are the

ones sketched in Fig. 5. Image Coordinates for Caml (x;,v; ) are converted in World Co-

ordinates (x,»v.). Then (x.,vy.) have to be placed in a 2-D map (x, ,»v,) with the {ol-
o

lowing transformation;x,, = : = ALy Y, “};u'—!“ﬁy,with Az, Ay shilt values used to tras-

late coordinates whereas s is a scale factor to convert “World Coordinates” {from mm to
pel. The next step 1s to convert (x,,v,.) to Image Coordinates for Cam2. To do this 2, 1s
set to zero because the assumption of projection on the ground-plane has been made. then
with Cam2 intrinsic and extrinsic parameters coordinates (x,; s v;») can be calculated.

3 Sensor positioning

To tocus the attention of the system and to give higher detection rates, optimal views
ot people present in the scene have to be collected. For this reason position of the active
sensor has to be modified and optimised. The aim 1s to follow and track faces of detected
people over time,

To do this, Cam?2 (active camera) can be controlled in two modalities.

1) Target Pointing(P1)

2) Tracking Pointing(P2)

The two modalities are needed because the general problem of tracking faces can be
decomposed on two sub-problems, the first is concerned with the detection and the locali-
zation of humans in the wide field camera (caml) and the second consists on succesfully
tracking humans' faces over time in the high resolution (narrow-field image). During nor-
mal functioning, the system correclty detects and classifies humans in caml and it passes
their positions to PC2 which has to point cam2 on the given human's oval (P1). Then
cam?Z position has to be “smoothly” updated (P2) in order to follow face over time. To a-
chieve this, the two modes require different mechanical “behaviours” of camera; in Pl,
camera has to be as fast as possible not to loose the target (human), whereas in P2 preci-
sion 1s what really matters. To solve this, as active camera, a “Philips Envirodome G3”
CDD-video camera has been used; this sensor is characterized by a two operational modes,
a “normal mode” and a “preset mode”. In preset mode the camera positions itself on the
coordinates previously stored in its hardware memory whereas 1n normal mode it moves
step by step according to command messages passed via RS-232. The camera, as it can be
seen 1n table 1, appears to be consistently faster in preset mode.

Table 1 Performances of Preset/Normal mode

Mode Pan Speed(”/s) Tilt Speed(°/s)
Normal 120 120
Preset 360 360

Considering that the total time {for pointing has to be shorten as much as possible be-
cause the risk of loosing the target is high, preset mode comes in help to handle pointing
mode situations. To avoid this problem, prediction methods have been used in the past in
order to estimate future positions of moving targets using Kalman-filter based techniques.
This approach 1s generally functional to the problem, however it 1s an overhead in compu-
tation and 1t becomes quite unstable dealing with rapid movements,

For this reason, in the proposed architecture preset and normal functioning modalities
have been allocated as follows:

Target Pointing— Preset Mode + (Normal Mode)
Tracking Pointing— | Normal Mode
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Accordingly to logical chain outlined in Fig. 2, once a human is detected in position (x,
VuwsZw) | Sensor Handler” translates to v = (x;,y;) and Cam 2 is redirected in “Target

Pointing” to v. Given preset p, defined as (x}, y,) with 1< k<K (K =total number of

presets) and a target specified by (z;,y,;) with x}, y! and x,,y, belonging to wide field im-
age, the system has to pertorm the following steps:
1)Pointing camera to the most appropriate preset p,(Preset Mode)

DI (x), y))F(x;,y;) perform a “fine tuning” of camera position (Tracking Mode)
Of course it is preferable to avoid step 2 because in “Tracking Mode”camera is slower; this
implies accurate allocation of presets on Image Plane (X,Y). The allocation can be per-
formed with a Homogeneous or Non-Homogeneous distribution in the Image Plane. A
homogeneous distribution imposes to allocate the total number of presets (K) on the image
plane. Therefore, given an H XW image and a total number of presets equal to N, a hom-
ogeneous allocation creates a grid of presets with

dr == Hg dL — % Wlth'
R.-C<K, d,,d. = displacement between rows and columns
‘% = —g-, R, C = total number of Rows and Columns

To achieve a given horizontal and vertical displacement d., d, between presets, 1.e. ;: d,=
d.=10 in an Image Plane of 352 X288, the total number of required presets K is approxi-
mately equal to 980, too much for a typical commercial camera. For this reason, non hom-

ogeneous distribution can be used; in this case, pointing positions (;rf: ; yf) are not equally
spread into the whole image. Pointing positions generally represent location of human.
This assumption dramatically restricts the region which has to be covered with presets. In
fact, as it can be seen in Fig. 4, shaded regions are not taken into account because they are
not allowed locations for people. For this reason, presets have to be allocated elsewhere in
the remaining part of the image. The criteria followed in the assignment of presets is based
on test sessions carried out to evaluate common trajectories of human. Tests have been
performed on recording positioning data of people walking in the car park with caml for an
approximate period of 2 hours, In Figs. 6(a),(b) the histogram distribution of people typi-
cal positions are reported with respect to the Image Plane of Camera 2.

o) = 25["9;} — .

With: v, =position of detected human (target) ,v, = position in the image, P =total num-
ber of positions of detected humans.

As it can be seen from the projection of the 3-D distribution on the image plane (Fig.
6 (b)) distribution concentrates on two main areas, one at the top of graph and a second

(a) 2-D Trajectory distribution (b) Trajectory projection in Image Plane
Fig. 6 Histogram distribution of people typical positions
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that has been highlighted with a circle. This location in the graph corresponds to the gate
that can be seen at the bottom-center of Fig. 6(b). This is reasonable because people usu-
ally transit on the car park and pass through the gate. Given the distribution, the alloca-
tion of the presets can be more dense in the gate region and also in the center of the car
park where a marginal but not neglecting number of trajectories 1s found.

4 Face Detection

Face detection in the context of the proposed architecture, represents the final step of
the logical chain represented in Fig. 2. The general aim of FD is formalized in [ 18] as the
task of determining whether or not there are any faces in a given image, and if present re-
turn the image location and extent of each face. What we intend here for face detection 1s
strongly influenced by contextual information that enables us to simplify the task of pure
detection; in fact in our case face detection reduces to face “localisation” because we can
assume the presence of a face in the given image. In fact FD 1s performed on images
coming from Cam? after it has been pointed to a human target location as it 1s automatical-
ly classified by the static camera. To perform FD authors of | 18] state that more than 150
different approaches are available and he cathegorizes them in 4 different groups.: Knoledge-

[24] (2571

Based methods'®®', Feature Invariant approaches*', Template Matching methods®®' and

Appearance Based methods-**,
For the presented architecture, the chosen approach exploits colour because it guaran-

tees a real-time functioning being computationally light.
4.1 The model

Several techniques have developed exploiting ditferent colour spaces; some of them
exploit a neural based approach, very reliable but also non-real time. The model we use is
based on the work outlined". This model uses skin cclours by calculating normalized RGB
components. RGB chromatic domain represents not only colour but also intensity in a giv-
en image that has shown to be more effective in the discrimination between skin and non-
skin pixels. Theretore, the first step is a component normalization for » and & channels in

R B B - _ _
R+G+B’b RICEB With: R=value of RED channel, G=value

of Green channel, B=value of Blue channel. Green component is not evaluated because,

with the assumption of normalization, it can be found with r and # values:r +b1Tg=1,g=

1l—b—r.

Once normalized RGB components are calculated, some considerations on skin pixels
have to be made. Colour distribution on RGB space of skin pixels for different people is
quite compact and localized into the r—#6 plane. This distribution can be well approximated

, . e Tl . . .
by a 2-D Gaussian distribution; p(x) =e¢ 2™ & “™™ With: C= Covariance Matrix,
x=(r.b),m=(7,b). The aim 1s to build a robust model of skin by evaluating characteristic

parameters of the bidimensional Gaussian in terms of C covariance matrix and vector m.

the given image: r=

These values have been “estimated ” using a 768 X576 image made with “patches” of
skins derived from faces of people walking in the car park. Pixels belonging to this picture
have been used as “training set” to build the model in terms of values for the covariance
1.422 —0.1017
0. 101 0, 090 _
image 1s reported in Fig. 7. As can be seen from Fig. 7(a) the Gaussian distribution is well
separated from the r.b plane. However considering its 2-D projection in Fig., 7(b) it can
be seen that equal height contour lines are elliptic with quite elongated shapes.

matrix C and m.C= [ﬂ_ m= (0. 395,0. 290). The resulting distribution

1) http;//www-cs-students. stanford, edu/ ~ robles/ee368/skincolor. html
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Fig. 7 Gaussian distribution for SkinModel

4.2 The classification

Given the model with the Gaussian distribution in Fig. 7, the problem of classitication
consists of evaluating a threshold that can be used to recognize, for every pixel in the im-
age, between skin or non-skin pixels. To do this, some considerations have to be made on
probability error we aim at and on a priori knowledge. In particular it we indicate with H1
the event of having a skin pixel and HO the event of a non skin pixel we can assert that the
distribution sketched in Fig. SkinModel is equivalent to: p(r,b6/ Hl=skin),as the proba-
bility of having the pixel (x,,y,) with values of red and blue channels respectively equal to
r and 6. Error on classification of pixels can be evaluated by calculating the probability er-
ror Pey: Per =p(HO) © p, +p(H1) * p,,. Untortunately, in the considered case p(r,b/H]1
—gskin) can be used to compute p,,, once we have fixed a threshold, but we have no infor-
mation on p(HO0), p(H1), ppand p(r,b/ Hl=skin).

p . gives the probability that a pixel is classified as skin pixel even if it belongs to non-
skin cathegory, however the chosen approach that exploits contextual information implicit-
ly reduces this kind of error. In particular, faces are generally searched in the high zoom
image where at least a face 1s meant to be; in fact this image is generated on the basis ot
the positioning information of blobs extracted from camera 1 (static, wide field camera).
This reduces probability of finding skin pixels (p, ). For this reason the value that be-
comes quite descriptive in terms of performances is the p,. that can be written by definition as:

Dima = J{f(r,b)drdb

th
To get a reasonable error in the estimation of skin and non skin pixels a threshold on p,, e-

qual to 0. 9 has been set.

S Tracking faces

Once a human has been successfully detected, placed in the common 2-D map and sen-
sor has been pointed to the believed center of mass of the oval of the face, a temporal cor-
respondence between successive frames has to be preserved. To do this, tracking tech-
niques have been applied to successfully estimate position of the face in time. In particular,
“Camshift”" algorithm is used, a non-parametric technique for climbing density gradients
to find the mode (peak) of probability distributions. This algorithm derives from the
“Mean Shift” algorithm developed by Comaniciu et al.*”!. The algorithm takes as input
the colour probability distributions outlined in paragraph 5. 1, and an initial search window
to begin the investigation from.

As output, 1t provides face centroid and size. To do that, zeroth moment is calculated

as follows: M, :Z ZI (x,y). The first moment for x and v: M :2 ZII CEs 9) s

¥ 5 b

1) http://www. intel. com/technology/itj/q21998/articles/art— 2g. htm
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M,
4
M

M, :2 Eyf(.:r,y) . Then the mean search window location (the centroid) 1s; x,=
Mﬁl |

Ye—
MUU

and x and y range over the search window. Camshift has been shown to be robust to face

distractors such as other people present in the scene, occlusions with other rigid and non-

rigid objects (hands) or rapid movements.

, where I(x,y) 1s the pixel (probability) value at position (x,y) in the image.

As 1t can be seen from Fig. 8, tracker follows faces for a fixed number of frames to ed-
it a small video clip of each oval. Once the clip has been collected, camera is ready to re-
turn to the reference position and satisfy other requests.
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Fig. 8 Sample sequence for face tracking and recorded face clip

Statistical tests have been performed on the correct localization of face centroid; in
particular tests have analyzed the following two events: F, =Face not present in the given
high-resolution frame; F, =Face present in the given high-resolution frame. The {ollowing
quantities have been evaluated.

+ P,=P(u=1|F,) Estimation of Correct Detection probability; face is present in the
given high resolution trame and it 1s correctly localized (u=1) ;

+ Pra=P(u=0]|F,) estimation of Miss Detection probability: face is present in the
given high resolution frame and but it is not correctly localized («=0) ;

e Pyu=P<(u=1|F,) estimation of False Alarm probability: face is not present in the
given high resolution frame and but 1t is not correctly localized (u=0).

Tests have been performed of three sequences containing a total number of {rames e-
qual to 1324; as it can be seen from Table 2, P, is around 92% whereas the probability of
false alarm is around 10%. This value should be equal to zero considering that the face is
not present in the frame and camshift should not return any value. Anvhow. due to errors
on skin-color probability distribution induced by the Gaussian model, Camshift outputs er-
roneous positions.

Table 2 Pertormances of tace tracking
P Pra Pua
92. 2% 10. 1% 7.8%

6 Conclusions

An innovative architecture for multisensor video surveillance has been presented along
with some preliminary results taken upon the basis of different video sequences. These
video sequences are available on the web at http.//spt. dibe. unige. 1t/ISIP/sequencesl.u-
ca. html. The system shows cooperative behaviour between sensors which are able to track
at different levels of zoom moving objects. In addition, the system is also able to “focus”
its attention in order to extract biometric information about humans in the monitored envi-
ronment, in particular faces of people can be detected. segmented and tracked. The cur-
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rent version of the system gives global encouraging results. However the model {for skin
detection can be improved by using a more robust approach (eventually exploiting a feature
alternative to colour such as shape) and enhancing the current model with a more consist-

ent training set. For what concerns techniques for pointing the sensor, some metrics of
goodness of pointing have to be developed whereas at tracking level, even if camshitt per-
forms well, a combined approach exploiting also shape information will be implemented.
Nevertheless, the developed system has quite low set-up time thanks to some self-calibra-
tion mechanism here not described and this makes it attractive for the use in many different

applications,.
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