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We describe in this dissertatioplanning strategies which enhance the accuracy
with which visual surveillance can be conducted and whigbaexl the capabilities of
visual surveillance systems. Several classes of plantiatggies are considered: sensor
planning, motion planning and temporal planning.

Sensor planning is the study of the control of cameras tovopdé information gath-
ering for performing vision algorithms. The study of cameoatrol spans camera place-
ment strategies, active camera (specifically, Pan-Tittsdor PTZ cameras) control, and,
in some cases, camera selection from a collection of statiecas.

Camera placement strategies have been employed previouglghancing vision
algorithms such as 3D reconstruction, area coverage ireslance, occlusion and vis-
ibility analysis, etc. We will introduce a two-camera plaent strategy that is utilized
by a background subtraction algorithm, allowing it to agkigideo rate performance and
invariance to several illumination artifacts, such astiigipchanges and shadows.

While camera placement strategies can improve the perfarenaf vision algo-

rithms significantly, their utilities are limited in situahs where it is more cost-effective



to utilize existing camera networks instead. In these 8dna, we can employ camera
selection strategies that choose, from the camera netwarkeras that yield the best
performance when utilized for performing surveillancektasWe illustrate this with an
algorithm that detects and tracks people under severe 3onki by selecting the best
stereo pairs for counting people in a scene.

The study of sensor planning is also closely related to madind temporal plan-
ning. Motion and temporal planning involves predictingecdories of objects into the
future based on previously observed tracks, and is veryulg®afmodeling interactions
between moving objects in the scene. This is utilized by diveacamera system that
we have developed for reasoning about periods of occlusibogg so allows the sys-
tem to select cameras and PTZ settings that with high protyatéan be used to capture
unobstructed video segments.

Finally, we will introduce a left-package system. This systfirst detects aban-
doned package in the scene and goes back in time to detern@rarte window when
the package was first left. Steps can then be taken to retreges or video segments
collected during the time window for identifying the persaho left the package. We
present the left-package detection sub-system and wi $hat it can detect abandoned

packages even under severe occlusions without any hashtiiceng steps.
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PREFACE

My daughters and | sometimes play the game of tag. The girlddvoften run
around our dining table in circles. | would head in a directapposite to the circular
paths they are following and tag them easilypitedict” where they would be from the
observed paths arglan” accordingly. Of course, one day my girls will grow up and
figure this out and | will have a harder time tagging them - éylnave not grown out of

it by then. They are three and five years old when this dissentes written.
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Chapter 1
Introduction

1.1 Motivations

We describegplanningstrategies that enhance the accuracy with which visual sur-
veillance can be conducted, and expand the capabilitiessaflsurveillance systems.
Planning typically involves the process of setting goaéyaioping strategies, and iden-
tifying tasks and/or schedules to accomplish the goalscandoe categorized into three
main classes: sensor planning, motion planning and terhptaaning. These classes
of planning strategies are, in general, not independenadf ether, and in many cases

compliment each other to achieve the final goals of a suareit system.

1.1.1 Sensor Planning

Sensor planning is concerned with optimizing surveillatasks by designing and
utilizing camera placement/control strategies, which barfurther classified as either
offline or online. Offline strategies determine camera plaeet statically, while online
strategies control cameras in real-time by processing6ugate” sensor signals. Offline
strategies are commonly adopted in known environments avithlable models so that
solutions can be found and evaluated prior to execution. yhanhically unknown en-
vironments, such strategies often need to be revised onMwmels and policies need

to be adapted. Solutions usually resort to iterative tmal arror processes, that include

1



dynamic programming, reinforcement learning and combiiat optimization. Addi-
tionally, sensor planning can also involve strategiesititatligently select static cameras
from a collection of cameras that with high probability pucd useful imagery - for ex-
ample, images in which specific moving objects are unobtdic

With the proliferation of surveillance systems due to sggueasons, there is an
increasing demand for both the installation of “new” sultaeice systems, and the ap-
plication of intelligent video surveillance algorithms eéaisting camera networks. The
installation of a new surveillance system faces severdlariges. One of these is the
area coverage problem, similar to the Art Gallery probleimiere different configura-
tions of camera placement are considered and the one thanmesg the coverage of the
scene is chosen. Different camera placements can alsa #feeeffectiveness of vision
algorithms including background subtraction (e.g., [14B, tracking (e.g., [5, 6]), etc.
If priors about object trajectories in the scene are knowantit is also possible that a
camera placement strategy can be designed that maximigessibility of the objects
in the scene from the available cameras, which is the undegrigea behind the work
described in [7].

In many places, however, the presence of existing cameveoriet make it costly
to replace them with new optimized camera networks. Serlaanmg in these situations
involves the design of vision algorithms that select camevhich yield the best results
when images obtained from the selected cameras are utikatitionally, if active cam-
eras (specifically, Pan-Tilt-Zoom or PTZ cameras) are als&l online sensor planning
strategies can be employed to improve the quality with wikiatveillance tasks are per-
formed. The goals here are then to select cameras and PTZaaetéings that with

2



high probability results in unobstructed and well-maguifimages or video segments

satisfying the surveillance tasks.

1.1.2 Motion and Temporal Planning

While sensor planning focuses on the control and/or selecf cameras to opti-
mize surveillance tasks, motion and temporal planningieppb moving objects in the
scene. Motion planning here should be differentiated frioat in robotics research where
typically the goal is to construct obstacle-free paths fioradbile robot as it moves through
the world. In contrast, motion and temporal planning in cumtext involves constructing
the motion models of moving objects in the scene from obskinaeks and extrapolating
their motion into the future, so that interactions betwedfeknt objects can be pre-
dicted. This is primarily useful for predicting periods afadusion between these objects,
so that intelligent decisions can be made that avoid madngoan object during these
periods of occlusion.

From a different perspective, temporal planning can alsolue the construction
of time windows in the past during which events of interestwed. A left-package
system is a typical example. Here, we first first detect abaedipackage in the scene,
then go backwards in time to determine the time intervalrduwhich the package likely
first appeared, and retrieve images or video segments thatdeen collected during the
time interval. These images should desirably contain unotied and well-magnified
facial, front, back and/or side views of the people who ptadlg left the package, to

facilitate locating the perpetrator or identifying the jpetrator by performing face and



gait recognition.

1.2 Related Work

There has been a significant amount of work done in the areansbs, motion and
temporal planning. For a complete survey, the reader isregfeo [8], in which Tarabanis
et al. provided a survey of the literature covering sensingteqgies for object feature
detection, model-based object recognition and locabiredind scene reconstruction.

One of the earliest works is [9]. Cowan et al. introduced tleaiof using a locus-
based approach to decide on the placement of viewpointggetinyg to resolution, fo-
cus, field of view and visibility constraint. The constraimtroduced are generic, and
typically applied to most sensing strategies in survedi&anCowan et al. also further
described an extension of the sensing strategy to lasansceange sensor.

Stamos et al. described in [10] what they called visibiligrming. They introduced
the idea of local separating planes which are used to defsilility volumes, in which
occlusion-free viewpoints can be placed. The same idealsaslascribed in [11]. Then,
to satisfy any field of view constraints, they introducedittea of the field of view cone,
which is similar to the locus-based approach given in [9]héDtpapers that determine
unobstructed viewpoints can be found in [12] and [13]. Thegdisimilar approaches in
maintaining data structures of boundary surfaces, 3D fpeeesthat is not occupied by
objects and tangential rays. Updating these data stricisiteiggered by certain events;
for example, [13] defined “peek events” when an object jusbbees visible as a result

of camera motion.



[14] provided solutions for the visibility prediction prtam and the camera plan-
ning problem. The visibility prediction problem is to detene the views (or portions
of views) that are defined by an arbitrary set of input imag#ésle the camera planning
problem is to model a desired range of views by determiniegrput images that must
be captured in order to predict the desired range of views i$Ilsimilar to several graph-
ics papers, which are interested in rendering based oneisfgions using view-frustum,
back-face and occlusion culling techniques. A survey cdéheapers is given by [15].

Most of these sensing strategies do not consider objecomdti6, 17, 18] describe
a dynamic sensor planning system, called the MVP systemy Meee concerned with
searching for viewpoints that have unobstructed viewsetaingets. They considered the
motion of the target and other moving objects in the scera ebwhich generating what
they called a swept volume in temporal space [16]. Thengusiemporal interval search,
they divide temporal intervals into halves while searchioga viewpoint that is not
occluded in time by these sweep volumes. This is then integnaith other constraints
such as focus and field of view in [18]. The culmination is pghfound in [17], where
the algorithms are applied to an active robot work cell.

Another significant work on sensor planning was recentlycdlesd by Anurag
et al. in [7], who were interested in determining optimal s@anplacements offline, by
considering probabilistic priors of object motion. In amet word, observations made
about the motion of objects in the surveillance site can beagbilistically used as inputs
to placing sensors offline, to ensure (probabilisticalhgttsensor exists in positions that
have an unobstructed view of an object in real-time. Theeenaany other studies on

sensor placement planning for the purpose of 3D recong&truf9, 20, 21, 22], or, light
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source positioning [23].

1.3 Overview and Organization of Dissertation

In this dissertation, we describe several planning algor# for surveillance. Our
contributions include (1) an offline camera placement sghathat enhance the robust-
ness of the detection stage in a surveillance system, (Zrecspair selection algorithm
that deals with tracking under occlusions, (3) an onlineseeplanning system that con-
structs temporal intervals during which task-specific sidegments can be collected by
controlling PTZ cameras, and (4) a statistical framewosk ttollects information about

the scene over time to detect abandoned packages.

1.3.1 Offline Camera Placement

The offline camera placement algorithm, described in Chdhtawvolves the uti-
lization of a two-camera vertical configuration to solve fhv@blems associated with
single-camera background subtraction. Compared to aestaghera, the use of mul-
tiple cameras leads to better handling of shadows, spdétesgaaind illumination changes
due to the utilization of geometric information. Althoudtetresult of stereo matching can
be used as the feature for detection, it has been shown #hatetlkection process can be
made much faster by a simple subtraction of the intensitiseiwved at stereo-generated
conjugate pairs in the two views [1]. The method, howevdfessifrom false and missed
detections due to some geometric considerations. We pedatetailed analysis of such

errors. We show that the two-camera vertical configuratitecgvely eliminates false



detections. Algorithms are also proposed that effectieéityinate most detection errors
due to missed detections, specular reflections and objertg geometrically close to the

background.

1.3.2 Online Camera Selection

In Chapter 3, we describe a system that selects stereo painsaf camera network
for counting people in a complex scene. Here, the problemdgtect and track people in
the presence of occlusions. The system first performs baakgrsubtraction to get the
silhouettes of moving individuals in the scene, each of Witian comprise of images of
multiple individuals due to occlusions. Using these siktbes, we employ an algorithm
described in [24] to count the number of people. The algoriih not exact, but instead
provides a rough estimate of the number of people in the s@dreidea is then to utilize
disparity computation, building on the results of the aidwn. Computing disparities
is however an inaccurate process, due to the inherent diiiswof performing stereo
matching and occlusions. Consequently, we select the beatts from among those

given by different stereo pairs, under the guidance of agafilter [5].

1.3.3 Online Camera Control

The above system illustrates the utilization of an onlinesse planning strategy,
whereby stereo pairs are selected in real-time. Additlgnahline sensor planning also
applies to systems in which active cameras are availableh 8wsystem, described in

Chapters 4 and 5, is capable of collecting task-specificogdgments in real-time, sub-



ject to constraints of object visibility and availability allowable ranges of camera set-
tings. The priors to such a system are the motion models oblfects moving in the
surveillance site, allowing the system to predict objecatmns in the future. The first
part of the system, given in Chapter 4, illustrates the appiiity of motion and tempo-
ral planning. The predicted locations of objects in the sca® derived from observing,
in real-time, the motion dynamics of the objects throughdhmeras. Using this infor-
mation, the system constructs visibility time intervalghe future during which objects
are unobstructed and video segments that satisfy taskreageints can be captured. The
efficiency with which these time intervals are constructedlso evaluated, in order to
address scalability issues in large camera networks. Fopthpose, an efficient plane-
sweep algorithm [25] is introduced for constructing timeemals during which multiple
tasks can be simultaneously satisfied by a single camera.

The second part of the system is described in Chapter 5, vinemnstructed time
intervals are used by the system for scheduling PTZ cameaanline camera control
problem. Cameras and PTZ camera settings are chosen thatigiit probability result
in video segments satisfying task requirements. Congtdudnges of allowable PTZ
camera settings control the pose of each assigned camealitime. Different schedul-
ing algorithms are investigated, namely a greedy scheglaligorithm and a branch and
bound scheduling algorithm that extends a single-caméradsding algorithm based on
Dynamic Programming (DP) [8]. More precisely, we analyzsrtapproximation factors
as a function of the number of cameras, so that their perfocen@ large camera net-
works can be quantified. Results show that the branch anddmigorithm substantially

outperforms the greedy algorithm in this aspect. Expertadaesults, however, reveal
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that the greedy algorithm performs faster than the branchbeund algorithm, which

makes it more suitable for a real-time system.

1.3.4 Single Camera Left-package Detection

Finally, we describe a left-package detection sub-systemaat of a left-package
system in Chapter 6. It utilizes a statistical framework dollecting information over
time using only a single static camera, with the goal of detggpackages that have been
abandoned in complex scenes. We do not assume the avaylabiframes containing
only background pixels for initializing the background nebd a problem for which we
apply a novel discriminative measure. The proposed measessentially the probabil-
ity of observing a particular pixel value, conditioned o probability that no motion
is detected, with the probability density function (pdf)which the latter is based being
estimated as a zero-mean and unimodal Gaussian distnbfibo observing the dif-
ference values between successive frames. We show thatsueasure is a powerful
discriminant even under severe occlusions, and can deaktigbwith the foreground
aperture effect - a problem inherently caused by differepsuccessive frames. The de-
tection of abandoned packages then follows at both the pmxélregion level. At the
pixel-level, an “abandoned pixel” is detected as a foregdopixel, at which no motion
is observed. At the region-level, abandoned pixels are teddesing a Markov Random
Field (MRF), after which they are clustered. These clusteesonly finally classified as
abandoned packages if they display temporal persistertbginsize, shape, position and

color properties, which is determined using conditionaljailities of these attributes.



The algorithm avoids any thresholding, which is the pitédlmany vision systems, and

which significantly improves robustness.
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Chapter 2
Fast lllumination-invariant Background Subtraction gsiiwo Views:
Error Analysis, Camera Placement and Applications

2.1 Background

Foreground object detection using background subtra¢sian [3, 4, 26]) has been
used extensively in video surveillance applications dugstanderlying ease of imple-
mentation and effectiveness. Most previous work has fatoeseusing a single camera
for background modeling, which is highly effective for macymmon surveillance sce-
narios. However, it is difficult to deal with sudden illumtren changes and shadows
when only a single camera is used.

The use of two cameras for background modeling serves t@ones these prob-
lems. In particular, dense stereo correspondence betweeriéws can be used to create
a disparity map, which is invariant to shadows and illummrathanges. Such a disparity
map can be used as an input to a disparity-based backgroushel imoprinciple achieving
robustness against illumination changes.

Since it is necessary that accurate stereo correspondbecased for the back-
ground model (e.g. [27]), sophisticated stereo algoritisnsh as those described in
[28, 29] can be used. However, without the aid of specializadiware, most of these

algorithms perform too slowly for real-time background sabtion. Consequently, in
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many systems, the online stereo algorithm is implementeldandware and is based on
simpler and less accurate stereo. Examples include the S¢tdra described in [30, 31]
and the video-rate stereo machine described in [32]. In [@8parity-based background
modeling was similarly implemented on a single PCI card.sTiithen combined with
color background subtraction so that foreground objeasecto the background can be

reliably detected.

2.1.1 Fast lllumination-Invariant Background Modelingngs Multiple
Views

Ivanov et al. [1] described a clever method that does notirecuny specialized
hardware but yet performs at video-rate. It employs acewstgreo to construct the back-
ground model, but rather than performing online stereo asgadiity differencing for
detection, the color difference between conjugate pixelssed to distinguish between
background and foreground. Assuming that the scene is Ldmabend that the images
have been color calibrated, the intensities for both pigéls conjugate pair will change
in the same way if they both view the background (which mayobee shadowed or il-
luminated differently), but differently if only one of them the image of a foreground
object. By utilizing disparity information implicitly, is method retains the advantages
of multiple-view detection (invariance to illuminationahges and shadows) while being
very fast & 25 fps). Since stereo is performed offline for background miadehccurate
stereo algorithms can be employed.

The algorithm inherently suffers from both missed and falstections (occlusion

12



shadows) generated by homogeneous foreground objectsugtjpsted using additional
cameras to mitigate the false alarms caused by occlusiatogisa but did not discuss
how to reduce missed detections. Camera placement, wHiettathese online error
rates, was also not addressed.

In this chapter, we analyze the problems of missed and fasections in Sec-
tion 2.2. We describe an approach to the false detectionlgmolrom a sensor plan-
ning perspective in Section 2.3. In particular, we apply algorithm from [1] using a
two-camera configuration, in which the cameras are velyiedigned with respect to a
dominant ground plane, i.e., the baseline is orthogondl@gtane on which foreground
objects will appear. This configuration provides an inif@leground detection free of
false detections. By sampling a small number of pixels from initial foreground de-
tection and generating stereo matches for them, we shovittbahissed detections can
then be reduced in Section 2.4. Since only a small numberlofeostereo matches is re-
quired, system performance is not compromised. Sectiondhbludes the chapter with

experimental results.

2.2 A Geometric Analysis of Missed and False Detections

2.2.1 False Detections (Occlusion Shadows)

Given a conjugate paip, p’), false detection of occurs whery' is occluded by a
foreground object but is not. lvanov et al. [1] suggest the use of multiple cameoas f
this problem, detecting a change only when the differerm® fall of the other cameras is

above a threshold. This idea, however, should be combintdpsoper sensor planning
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so that neighboring occlusion shadows as well as neigh@paorrect and missed regions
do not overlap.

Consider a foreground object. We define three tangent poimtise object as shown
in Figure 2.1(a)t,.; corresponds to the leftmost tangent line from the referenas’,
tsec; @Ndt,.., cOrrespond to both tangent lines from the second view réispsc Also, let
the background pixels corresponding to thenbbg, b,.., andb,.., respectively. Clearly,
these points depend on the baseline, object size and olsitiom. The extent), of the

region of false detection is:

E, = min(||Pbsec,; — Pbsecy||, || Pbres — Pbsec,||), (2.1)

whereP is the projection matrix of the reference camera.

2.2.2 Missed Detections

Missed detections occur when a homogenous foregroundtagjeltides both pix-
els of a conjugate pair, since the two pixels will then be \&@myilar in intensity.

A simple geometrical analysis reveals that the exténiof the region of missed
detection is dependent on the baseline, object size andtqigsition. Referring to Fig-

ure 2.1(a),F,, can be expressed as:

E,, = max(||Pbsec; — Pbsecy|| — || Pbref — Pbsec, ||, 0). (2.2)

As the distance between a foreground object and the backdecreased;, approaches

1The reference view is the image in which we identify foregrdyixels; clearly either of the two

images can serve as reference.
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the extent of the image of the object. Thus, when the foregtabject is sufficiently
close to the background, it is entirely missed. This is a comproblem associated with
disparity-based methods, as mentioned earlier.

Equations. 2.1 and 2.2 suggest that there is a tradeoff betthe extent of false and
missed detections that depends on the placement of the @andrus, one can select the
camera placement that yields the desired trade-off. Thusnsidered in the next section.
The algorithm from [1] was tested on a real scene in FigureQrfe can clearly see both

missed and false detections.

2.3 Camera Placement to Eliminate False Detections

In most surveillance applications, the objects (e.g. p=apd cars) to be detected
are standing and moving on a dominant principle plane, wivelefer to as the ground
plane. For such applications, we consider a two-cameragugation that is well suited
for dealing with false detections. The two cameras are placeh that their baseline is
orthogonal to the ground plane and the lower camera is usie asference for detection
(Figure 2.1(c)). In this camera configuration, the epipplanes [34] are orthogonal to
the ground plane.

From Figure 2.1(c), one can observe that if the lower cangetsed as the refer-
ence, false detections can only be generated at the lower(edge closest to the ground
plane) of the object. This is as opposed to using the highmecaas reference, shown in
Figure 2.1(b). Since objects are on the ground pld@fhean Equation 2.1 is close to zero,

in effect eliminating any false detection. Additionallgl$e detection does not occur at
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Reference camera

Missed
False detections _ detections correct detections

bsec; BACKGROUND

bseco

) | Ground plane
i Second view bsecq bref bseco
Reference view ( ) ~“Missed detections False detections

Second camera

Ground plane

bseco ‘Correct detections

Missed detections

(©)

Figure 2.1: Problem with the algorithm from [1]. (a) Missettidalse detections shown
from the top view. (b) Analysis for the special case of carm@gatically aligned w.r.t. the
ground plane (side view). Here the top camera is taken aserefe, which causes missed
detection of the whole object and false detections as sh{yrswitching the reference
camera to the lower one eliminates most of the false detestiout missed detections

remain according to Equation 2.2.
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the left or right edge since the epipolar planes are orthalgorthe ground plane. Such a
camera configuration will be used throughout the rest of Hapter.

On the other hand, missed detections remain at the loweiopoof the object
(Equation 2.2). However, for an upright object that has igégke front-to-back depth, it
may be shown (see Proposition 1 below) that the proporticanobbject that is missed
is invariant to its position. This result will play an impartt role in eliminating missed
detections.

We assume that foreground objects are homogeneous, thaathground pixels
arise from the ground plane, and that objects are uprightregpect to the ground plane.

Then itis easy to show that:

Proposition 1 In 3D space, the missed proportion of a homogeneous obj¢ctnegli-
gible front-to-back depth is independent of object positiBquivalently, the proportion

that is correctly detected remains constant.

Proof Referring to Figure 2.3(a), the height of the objectignd that of the second
camera isH. Let the length of the baseline ldg The extent of the region of missed

detection ish — 22L{,, thus giving the proportiop of the object that is missed as:

h—ﬁ*éb
p = ZI
ly
_ -
H

(2.3)
Consequentlyp is a constant, independent of the location of the object engtlound
plane.OJ
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Ideally, one would like to place the reference camera asedioshe ground plane
as possible so that becomes zero. This is clear from Equation 2.3, where a lmaseli
of length H eliminates any missed detection. However, mounting litimtes, occlusion
considerations and the imaging resolution of the groundeptgpically limit the maxi-
mum possible length of the baseline, leaving some missetttlets at the bottom of the
object. Moreover, for outdoor scenes, it is clearly neagsieat the reference camera be

above the object so that the corresponding background IsdeBhed.

tections

_. False detections

Figure 2.2: Detection results using the algorithm from [1gft to right: reference view,
second view and foreground detections. Both missed and titections are clearly

evident.

The usefulness of such a camera configuration is illustriat&eyure 2.4. Sudden
illumination changes caused by a vehicle’s headlight ateatled when single camera
background subtraction is used. On the other hand, by siogihg the algorithm from
[1] with the proposed camera configuration, the detectisalts are invariant to the illu-

mination changes while false detections are effectivedygnted.
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Figure 2.3: (a) The proportion of missed detections for a bgeameous object with neg-
ligible front-to-back depth is independent of object piosit (b) Image projection in
camera-centered 3D coordinate system. (c) Image profegtithh 3D coordinate system

on the ground plane.
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Figure 2.4: Clockwise: reference view, second view, tworeen detection and single
camera detection. The usefulness of the proposed camdrguration is illustrated here.

The vehicle’s headlight is cast on the wall of the building.
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2.4 Reducing Missed Detections

Using the proposed camera configuration, an initial deia@enerally free of false
detections can be obtained; missed detections howevenrairtae lower portion of each
object. In this section, we describe an approach to redwsetmissed detections.

Let w be a foreground blob from the initial detection, and lgbe a foreground
pixel in w with its corresponding 3D point being Define the base point, of ¢ as the
point on the ground plane belowThe image ob is denoted ag,.

A stereo search, constrained to only foreground pixels ensacond view lying
along the associated epipolar line [34], is first used to fir@ldonjugate pixel; of I;.
The location off; and/;/, together with calibration information allows us to deteren/,,
as described in Section 2.4.1.

If ||I; — ]| is sufficiently large, therd, is an off-ground-plane pixel and we begin
a search along the epipolar line throufho find the location where the ground plane is
first visible. We employ an iterative approach that worksamivs: we first increment
I, by A1, along the associated epipolar line, and then the base ggifbdy the newl, is
determined in the same fashion. Wheh — 1,|| is less than some critical value, then we
have found the lower boundary of the foreground blob aloegadsociated epipolar line.

Al must lie in the interval(l, ||I; — I||] pixels. Using the lower bound fah/,
generally gives a well-defined foreground blob, while ugimg upper bound generates a
foreground bounding box. The trade-off is the number ofestesearches, decreasing as
Al increases. The algorithm can also be easily extended tdénabgects not moving

on the ground plane surface. In this case, the iteratiommsitated when the base points
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of the sampled pixel and the corresponding background difieisatly close.

Epipolar line

Ground plane

[Ty — Iyl =0

Figure 2.5: Along the epipolar line, the red dots are the dadhpixels. The lowermost
sampled pixel ha§; — I,|| = 0 since it lies on the ground plane and is consequently

used as the lower boundary of the foreground blob along tipokp line.

2.4.1 Determining the Base Point

The algorithm requires that the base point of a pixel be detexd. This can be
achieved with two different approaches. The first approadumes weak perspective
projection, i.e., all points on an object have the same depths is often a good ap-
proximation for outdoor scenes where objects are relatifaelfrom the cameras. When
this assumption is not valid, a second approach can be @yesithat utilizes the vertical
vanishing point and the vanishing line of the ground plartee details of both approaches

are discussed in Section 2.4.1 and Section 2.4.1 resplgctive

Weak Perspective Model

We use a camera-centered 3D coordinate system as shownure @ (b). ¢ is

the corresponding 3D point df. Let its 3D coordinate b&X,, Y;, Z;, 1]. The pointm
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with 3D coordinatel X, Y,,,, Z,,, 1] is defined as the point such that its imafe has
coordinatell ! x I,, wherell is the ground plane homography from the reference to
second view and; is the conjugate pixel of; in the second views is the base point

of ¢ with 3D coordinat€ X, V3, 7y, 1]. Let its image be,. We will first consider image
projection in they—direction. From the property of similar triangles, it carsigabe

verified from Figure 2.3(b) that:

Y;t_Ym_
YV, -Y,

a. (2.4)

Here,a = 1 — p (Equation 2.3). Consequently,, andY; can be expressed as:

Yo = Yi—aY;+aY, (2.5)
Y, Y

Y, = Y- L™ (2.6)
(6% «

The image positiong, v,, andy, of Y;, Y,,, andY; respectively can be expressed as:

S
= Y= 2.7
Y tZt, (2.7)
Y = YtZLm - aYtZim + C“szim’ (2.8)
Y = YZi - Y;ti + Ymi (2.9)

Zb OéZb C(Zb7

. . . . — "LH
f being the focal length. We are interested in the image r%@yyb—“. In the weak
perspective case, the depths of points on the object arenasisto be a constarif,,,..

This gives:
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lye—ymll _ 0z (Vi Y)
[y — | L (Y, — Y)

(2.10)

This shows that the detection ratio is an invariant undekvpeaspective assumption. The

same principle applies to the image projection in:thedirection. Thus, usind., norm,

17e=In|l = V/2(llye — wll? + |2 — [1?) andl[ =T = /([Tye — l[? + [[ze — 2],

R Consequentlyl, is given as:

giving the detection rati If‘?""

[Tt —1Ip||

Iy — 1,
Ib:]t—l_i”t H
«

(2.11)

Notice that/,, can be determined independently usihgnd/,,. As a result, previ-
ous assumptions made in Equation 2.3 that the object is hensayis and the background

pixels are lying on the ground plane are unnecessary.

Perspective Model

When the weak perspective assumption is violated, the baisg @an be better
estimated by using additional image-based calibratioormétion in the form of the ver-
tical vanishing point and the vanishing line of the groundng. This method is based
on the work of Criminisi et al. [35], who described a method domputing distances
between parallel planes in a single view. In particular, wierd their method to deter-

mine the image of the base point for a conjugate pair. It maydted that the calibration
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required for this approach is simpler than full camera catibn required for Euclidean
reconstruction.

Consider the projection matri® of the reference camera. L&®, P, P; P
represents its matrix columns. The 3D coordinate systers ghawn in Figure2.3(c).
Consequently, let the 3D coordinatestandb be [X, Y, h, 1]T and[X, Y, 0, 1]* respec-
tively, whereh is the height of the object above the ground plane. The imafyeandb

can thus be expressed as:

I, = G(XPi+YP+ Fy),

I, = Bu(XP +YP,+hPs+P)).

(2.12)

0, and 3; are unknown scale factors. Let the normalized vanishirgydind vertical van-
ishing point of the ground plane tfeef andv,.; respectively. Since’ is actually the

vertical vanishing point scaled by an unknown fagtar;, the following is true:

I
By

If we take the vector product of both terms of Equation 2.184j, followed by taking

It - ﬁt( + hﬁrefvref)' (213)

the norm on both sides, the following expression results:

1, x L
(Freg I)ltres x T4l

The above derivation was first presented in [35].; can be computed if we know the

hBrer = — (2.14)

height of a reference object in the scene. Due to errors preséhe computation o@Tef
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andv,.y, it is often required that more robust methods be used forpeimg them. In
[35], a Monte-Carlo approach was used.

The same principle can also be applied to the second cametahé. parameters
for the second camera big,., 0o ANV, Consequently, we can equate the height in

Equation 2.14 for both cameras to obtain the following eiguat

[ 7o X 1| _ [[(IL 1) % Ty |
ﬁref(gref'lb)Hvref X ItH ﬁsec(ésec'(n * ]b))Hvsec X ]t’||

The image of the base point in the second view is cleBrlyI,, wherell is the ground

(2.15)

plane homographyl, is again the conjugate pixel @f. In addition,/, is constrained to
lie on the line through; and the vertical vanishing poinf, can thus be computed using

these two constraints.

2.5 Implementation and Results

Experiments were performed on a dual Pentium Xeon, 2GHz mack/e utilized
the extra processor to perform in parallel single camer&dracind subtraction in the
second camera. The resulting performance of the systememagast, with frame rate in
the range ok 25 fps.

Correspondences of background pixels for the backgrouragkehveere mainly de-
termined using homographies of the principle planes ptasethe scene, computed on
the basis of a small set of manually selected matches peg pldms typically leaves only
a small set of background pixels for general stereo matchdagkground subtraction is

performed by computing the normalized color differencesftwackground conjugate pair
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and averaging the component differences overan neighborhood (typically x 3). To
deal with different levels of variability, each backgrourwhjugate pair is modeled with
a mixture of Gaussians [4] that are updated over time (tylpibao Gaussians are suffi-
cient). Foreground pixels are then detected if the asstimdrmalized color differences
fall outside a decision surface defined by a global falseralate.

While the two-camera algorithm will not detect shadows asdoound, it will gen-
erally detect reflections of the foreground objects fromcspa surfaces, such as wet
pavement, as foreground. We describe below a simple mellabdegmoves most of these
specular reflections.

First, after applying the basic two-camera algorithm we lemgimple morphol-
ogy and connected component analysis to find foregroundtshj@his is illustrated in
Figure 2.6(a), 2.7(a), 2.8(a) and 2.9(a), where we showahbading boxes that surround
these foreground pixel clusters detected by this spatiateting step.

Employing our base-finding algorithm, we first find the ineatson of the fore-
ground object with the ground plane as follows. The “toprhpstels of the foreground
region along each epipolar line passing through the bowgploirx are identified, and for
each of these topmost pixels we evaluate the image gradietgtermine whether they
are good candidates for stereo matching. This will typycalloose those pixels on the
boundary of the object detected. For each of those pixeldindehe base using the al-
gorithm from Section 2.4.1. The line passing through thebasn then be constructed
using a robust line fitting algorithm. The object is detedigdfilling in” the foreground
region above the base line along the epipolar lines. Thibuistiated in Figure 2.6(c),
2.7(c), 2.8(c) and 2.9(c). The first step in finding the bagdestifying the conjugates

27



for these topmost points; to make this efficient, we consttlaé matches to only those
pixels in the second view along the epipolar line that ardtemfdlly foreground pixels
detected by a single camera background subtraction digo(itvhich will detect a super-
set of the pixels detected by the two-camera algorithm). r€kalts of the single camera
background subtraction applied to the second view are shovagure 2.6(b), 2.7(b),
2.8(b) and 2.9(b).

As a side effect, we can eliminate from the initial detectamy pixel detected as a
foreground pixel but lying below the base of the object. Thisds to eliminate specular
reflections "connected” to the foreground region by theigpalustering step. The reason
is that the virtual image of an object reflected from the grbplane lies below the plane.
However, it is possible that a component of reflected pixekhe reference image is not
connected by the spatial clustering algorithm to the olijeatt cast the reflection. In this
case, we find that, typically, the stereo reconstructiooraigm fails to find good matches
along the epipolar line in the second view. This is not ssipg since the observed
input results from a combination of Lambertian and spectdanponents at the point of
reflection. The likelihood of getting a match is low becausdifierence in either the
Lambertian components or the reflection properties woultsedhe reflected points to
appear differently. Even if they are matched, the base pooodd lie above the reflected
point. Thus, we typically eliminate these specular comptsalso. This can be seen in
Figure 2.6(c) and 2.7(c) - notice the bounding box below #t@ale in Figure 2.7(b). Itis
a specular reflection from the vehicle, and is eliminatedtduailure to find conjugates
in the second view.

A common problem associated with disparity-based backgteubtraction occurs
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when the foreground object is physically close to a surfamh sas a wall of a build-
ing. Gordon et al. [33] proposed a solution to this probleat tombines disparity and
color information. However, since disparity informatiar the whole image is required,
performance can become a concern. Furthermore, althoeghethod utilizes adaptive
thresholding, it is not fully invariant to shadows and illuvation changes. On the other
hand, because our algorithm requires only initial partegkdtion, its performance in de-
tecting near-background objects compares favorably. fticodar, when a foreground
object comes close to a background surface such as a wal)dbathm can typically
still detect the top portion of the object. This initial detien can subsequently be used
to initialize our base-finding algorithm. We demonstrais th Figure 2.8. Besides some
specularities (reflection in the long glass windows) andlshe (on the wall), the person
was also walking near the background wall. In spite of theg derson was fully detected
without any false alarms.

The perspective model is important for indoor scenes, whbjects are closer to
the camera. An example is shown in Figure 2.9, where in (e)ptses of three chosen
pixels are used to form the lower boundary of the object. Cammspn with the weak
perspective model is also shown in (d). With accurate catlibn, the perspective model
also performs as well as the weak perspective model for ou&tzenes. For example, the

perspective model was used to compute the base point ind=&8r
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Figure 2.6: (a) Two-camera initial detection. Red squareksia sampled pixel while
white square marks its base, computed using weak perseectdel. (b) Single camera
detection in the second view used to constrain stereo searBted square marks the con-
jugate pixel and white line is the associated epipolar l{ogTwo-camera final detection;
specular region is removed since it lies below the base poi(d). (d) Single camera

detection in the reference view for comparison.
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Figure 2.7: (a) Two-camera initial detection. Here, thecsigr region was clustered as
a separate bounding box. (b) No valid match could be founthi®specular region. (c)

The specular region successfully removed in the two-carimeahdetection. (d) Single

camera detection in the reference view.
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Figure 2.8: (a) Some detected pixels remained near the tdppon the two-camera
initial detection. (b) Single camera detection in the selcaew. The conjugate pixel was
found at the top of the person. (c) Foreground filling give®sy/\good detection of the
person even though he is very near the background wall. (d)l&camera detection in

the reference view.
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Figure 2.9: Indoor scene. (a) Two-camera initial detectidinree sampled pixels are
shown in red squares, while the blue squares are the basése iNar the shadow was
eliminated in the final detection since it was below the béseSingle camera detection in
the second view. Stereo matches are found for the three sdmplels. (c) Two-camera
final detection using only one of the sampled pixels; the lol@undary is not well-

defined. Perspective model used here. (d) Comparison vativéiak perspective model.
The object was over-filled. (e) The three bases are used o fioe lower boundary.

A few more sampled pixels should fully recover the lower baany. (f) Single camera

detection in the reference view.

2.6 Chapter Closure

This chapter considers a fast background subtractionigigousing two cameras
that has been previously considered in the literature [His &lgorithm has the advan-
tage of being extremely fast and simple while being invdriaishadows and illumination
changes. However, the application of the method result®ih false and missed detec-
tions due to certain geometric considerations. In this tdrapve have analyzed these
errors in terms of the camera geometry. From the analysiapge@ configuration was
proposed that effectively eliminates most false detestidwditionally, algorithms were
considered that fill-in missed detections and eliminatecfaletections occurring as a re-
sult of specularities. The result is a surveillance systeamhgives very accurate detection

in an extremely efficient manner without significant errove do shadows, sudden illu-
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mination changes and specularities. Due to these chasditigrthe system can be very

useful in surveillance applications where high perforneaisaritical.
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Chapter 3
Detection and Tracking Under Occlusions

3.1 Background

Many surveillance tasks such as detection and trackingrbeqmarticularly chal-
lenging in the presence of occlusions. Previous studiebearategorized into two main
approaches: single-camera and multi-camera approacimgge-8amera approaches in-
clude [36], which assumed that targets are initially swgfichy isolated from one another
so that their appearances can be modeled and then utilizedsbgtistical framework
based on Maximum Likelihood Estimation to segment them uwedelusion. Another
single-camera approach was described in [37]. That algoriises 3D human shape
models together with an efficient Markov Chain Monte Carldhod to segment humans
in crowded scenes.

In contrast to a single-camera approach, a multi-camerebapp can be more ef-
fective since occluded regions in the view of one camera neayisible in the view of
another suitably placed camera. [38] described a regisedatereo algorithm to find
3D points inside an object, together with a Bayesian clasdifin scheme that assigns
priors for different objects at each pixel. [39] introducednified framework that deals
with long periods of occlusions, tracking across non-agping views and updating ap-
pearance models for tracked objects over time. The methggksuls trackings in areas

where objects are likely to be occluded, or in between narapping views. Tracking is
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then resumed by matching “suspended objects” using fuérkiatic motion models and
Gibbsian distributions for object appearance.

[40] described using motion layer estimation to determieptd ordering of fore-
ground layers. The algorithm uses a Maximum A Posteriom&waork to simultaneously
update the motion layer parameters, the ordering paras)eted the background occlud-
ing layers. [41] introduced the idea of separating objeatesinto three parts: before,
during and after occlusions. They assumed that the trajeofeeach individual object is
similar to the entire group during occlusions. So, by traglkand labeling each individual
object before and after occlusions, and tracking the egtioeip during the occlusion,
the complete trajectory of each object can be recovered. ramiyc Bayesian network
was also described in [42] that uses an extra hidden proocasfet occlusion relations
between different objects.

Most of these algorithms employ change detection for faegd extraction. [43]
avoided doing so by utilizing the KLT tracker [44] to congiturajectories of features,
which are then integrated with a learned object descrigt@chieve motion segmenta-
tions of individual objects. Alternatively, disparity-ed methods can be used to over-
come the problems of using change detection, where foredraletections are aug-
mented with disparity computation to eliminate noise in thieeground regions. One
such disparity-based tracker was described in [45]. Therdkgn uses a mixture of sin-
gle and stereo cameras, each of which performs object trgékdependently. These
tracks are then combined to maintain identity of each imhligi object across different
views.

Short periods of occlusion can also be effectively overcaontle particle filter [5,
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46] if tracks can be accurately initialized for objects ie #tene. Given observed tracks of
an object, a particle filter predicts the future locationadletracked object and combines
the predictions with subsequent measurements. This itssitoithe Multiple Hypotheses

Tracking algorithm given in [47].

3.1.1 Overview of Our Approach

Our algorithm consists of three steps for detection andingoof people. The first
step roughly estimates the number of people in the scenen, Bhdisparity computation
step for a set of stereo pairs determines the exact numbezopiga Finally, we select
and combine results from different stereo pairs under théagee of a particle filter to
segment each view and track. The first two steps make measotemon a frame-by-
frame basis, detecting a set of individual objects for eaetes pair, but do not perform
any tracking. In the last step, the particle filter probaiitially selects and combines
results from different stereo pairs, and tracks the objects

The people counting step employs an algorithm describe®4h |t projects fore-
ground silhouettes detected in each available camera artgmanon ground plane (plan
view). Projected regions belonging to different camerasthen intersected, generating
a number of polygons. The number of polygons provides onlgugih estimate of the
number of objects in the scene, since some of these polygagsot contain any valid
object (phantom polygons) while others result from thegebpns of foreground silhou-
ettes comprising multiple objects. Polygons are mappedd®t different cameras by

pre-computed homographies.
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To estimate the true number of people in the scene, we condsparities of the
foreground pixels in every stereo pair. Given a stereo pdwyreground pixel’s disparity
is computed based on a plane+parallax measure describd8,id9, 50, 51] by using
the pixels that lie in the constructed polygons and are ctosthe foreground pixel's
vertical vanishing line as candidates for the image of itsebaoint. Here, recall from
Chapter 2 that a foreground pixel’s vertical vanishing jmes it to the camera’s vertical
vanishing point computed with respect to the ground pland,that the point below its
corresponding 3D point that lies on the ground plane is iselpgint. We will refer to the
images of these base points as ground plane pixels.

The computed disparities allow foreground pixels to belgasustered. Pixels in
the constructed polygons that are not the ground planegufelny foreground pixels are
removed, in effect eliminating the phantom polygons. Wttikenumber of resulting clus-
ters is a good estimate of the number of individual objebts gixtent of each cluster does
not accurately represent the true extent of the object ginbevisible foreground pixels
have been processed. We overcome this by sensor fusionjrmomblusters of pairs of
foreground pixels and their ground plane pixels that arestanted using different stereo
pairs.

The new extent of each cluster provides the dimensions obthumding box of
the object it represents. Performing this for all availattiereo pairs generates a set of
bounding boxes in a reference view. We determine the beghtexl combination of

these bounding boxes during tracking by employing a parfitter [5].
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3.2 Counting People

To count the number of people in the scene, we begin by exitaédreground
silhouettes using gradient-based background subtraictieach camera. This is done by
modeling the background as a mixture of Gaussians [4] inignhdpace. In Figure 3.1,
we show the results of performing gradient-based backgtrsubtraction in the rightmost
image of each row. The basic idea is to project these foregt@ilhouettes onto the
ground plane on a per-camera basis, as shown in Figure 3d2¢c@rstruct polygons
formed from the intersections of these camera-specifieptians.

To perform projection, we find the leftmost and rightmostgbiaf each connected
component. The leftmost, and rightmosty, silhouette pixel are connected by straight
lines to the vertical vanishing point, and then these lines are projected onto the ground
plane using the pre-computed homograptyfor the camera. The region resulting from

this construction is bounded by linég and L, on the ground plane defined by:

L, = H=x/{xH v,

L, = HxrxH=xuwv, (3.2)

and the scene boundaries.

Finally, the projected regions for different cameras atergected on the ground
plane. These intersections include some “phantom” polgdoalored in red) and valid
polygons (colored in green), as illustrated in Figure 3t2arRom polygons do not contain
valid objects and are geometrical artifacts of the regriessection procedure. In the next
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(a) Camera 1.

(b) Camera 2.

(c) Camera 3.

Figure 3.1: Performing gradient-based background suintrafor each available camera.

Left to right: original image, edge map and results of baokgd substraction.

41



Camera 1

p Camera 2

Camera 3

Figure 3.2: Projections of the foreground silhouettes guFe 3.1 onto a common ground
plane. The green circles represent projections on the grplane that contain people

while the red regions are phantom polygons.

section, we will describe a disparity computation step tiapically eliminates phantom

polygons.

3.3 Disparity Computation

We next map the constructed polygons from the plan view td eatera view,
constructing regions in which we expect to find ground plarelp corresponding to the
remaining pixels in the connected component that conibtd that region. Figure 3.3
illustrates the mapping of the polygons in Figure 3.2 to qan2és view.

The subsequent steps of the algorithm are illustrated iorEi§.4. Given a fore-
ground pixel (top of the person in the example, but in geremgiforeground pixel)p, in

camera 1's view, we seek to determine its corresponding,piken camera 2y’ lies on
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Figure 3.3: The polygons in Figure 3.2 mapped to camera 2yislas red rectangular

image regions. The green pixels are the silhouette pixels.

the corresponding epipolar line [34],, of p. Instead of searching “everywhere” for

alongL., we constrain the search to those pixels alépdpelonging to the sef:

S={(pxv) x Lelp € S}, (3.2)

wherev’ is the vertical vanishing point of the second camera.gnig:

Sp = A{plp € Spoty (VIIH " %p— L] < T}. (3.3)
Here,
e S,qy IS the set of pixels lying in the constructed polygons,
e [, is the vertical vanishing line qf in camera 1,
e H is the ground plane homography from camera 1 to 2, and
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e Tis athreshold value for the perpendicular distanc&of  p to L.

Intuitively, we are constraining the stereo search to gix®l L., for which the corre-
sponding ground plane pixel is close to the vertical vamgHine of p in camera 1.
Moreover, by construction, these ground plane pixels mashlthe constructed poly-
gons. Ground plane pixels that lie in phantom polygons areegdly removed since
they do not match well to any of the constrained correspangirels during the stereo
matching. This is illustrated in Figure 3.4.

After determining stereo correspondences for foregrourélpin camera 1, we
assign a disparity value to each of them. For this purposeng pair of corresponding

pixels(p, p'), we use a plane+parallax measure given as:

|p" — H = pl|. (3.4)

Following this, foreground pixels are clustered based @ir thlane+parallax values by
employing morphological operations; this is usually efifexfor separating merged fore-
ground regions into their constituent individuals. To iy accuracy, the clustering
also utilizes the Euclidean distance between a ground pieéand the camera’s verti-
cal vanishing point when projected onto the plan view, whgobvides a projected depth
(note that this is not the “true” depth) for the associateddoound pixel.

It is also important to point out that since the stereo atharicomputes intersec-
tions between vertical lines and epipolar lines, degemesazan occur when they have
similar gradients. This happens when a stereo pair is pogiti in an approximately ver-

tical configuration with respect to the ground plane. We camdathis by utilizing only
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Camera 1 Camera 2
Good match

Vertical vanishing line

Bad match

Vertical
vanishing
line

alid polygon

Figure 3.4: Determining the corresponding pixel in cameoétBe top pixel of the person
in camera 1. Candidates for the top pixel's ground planelgigs in the constructed
polygons and close to the top pixel’s vertical vanishing lim camera 1. If the candidate
is the wrong ground plane pixel, including those that lielaptom polygons, the vertical
vanishing line of the candidate in camera 2 will interseetépipolar line at a pixel that
will likely be a poor match to the top pixel. On the other haridhe candidate is the
correct ground plane pixel, the intersection of its vetti@nishing line and the epipolar

line in camera 2 will give a good match.
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wide-baseline stereo pairs. Alternatively, if the camgpasitions can be chosen offline,

strategies that maximize inter-camera distance can beogenbl

3.4 Sensor Fusion

So far, we have considered only visible foreground pixeth@reference view,;
occluded regions of an object will cause the image size ablipect to be under estimated.

We overcome this problem by sensor fusion. Consider thefstepeo pairs con-
structed from all pairs of cameras. For each stereo pair,omstouct the set of stereo-
matched foreground pixels and their associated grouncepgbatels. We can map the
stereo-matched foreground pixels, each of which is assatisith a ground plane pixel,
from different stereo pairs t0'. Given such a foreground pixel and its associated ground

plane pixel,(y’, ¢'), we mapped them t6" as(p, g) where:

pP = Lg X Lp/.
(3.5)

H is the ground plane homography mappifigo C, L, is the vertical vanishing line of
andL, isthe epipolar line of’ in C. Consequently, as long as the 3D point corresponding
to p’ is visible in one or more stereo pairs, then even if it is odetiinC', it can still be
mapped ta”.

After sensor fusion, each pixel in the occluded regions s®asted with multiple
disparity values, corresponding to different foregrouakls. Clustering the final set of
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(a) Disparity map constructed with camera 1 (b) Result after sensor fusion.

and 2.
Figure 3.5: In (a), the disparity map only separates out thible foreground pixels. In
(b), the occluded regions are recovered from other stergs, gaving bounding boxes

that correctly localize the three persons in the scene.
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foreground pixels and their ground plane pixels determihesset of individual objects.
We illustrate the result of sensor fusion in Figure 3.5, vettee disparity map in (a) could
only separate the visible foreground regions. After peniog sensor fusion, we show in

(b) the bounding boxes that correctly recovered the ocduegions.

3.5 Stereo Pair Selection and Tracking

While the recovery of occluded object regions by sensoofuss often effective,
incorrect stereo matches can adversely affect performaorsequently, during sensor
fusion, blindly combining results from all stereo pairs ltbdegrade performance. The
problem can be alleviated by posing sensor fusion in a pafileer framework [5]. Uti-
lizing a patrticle filter allows us to select and combine restrom available stereo pairs
probabilistically, based on the prediction and measuréstage of the particle filter while

tracking the objects.

3.5.1 State Space

The state space of the particle filter at time step1 is {sﬁ’i)l, n = 1..N}, where
s,@l represents the set of foreground objects determined by'trsereo pair and mapped
using Equation 3.5 to the reference camera. Each of the tshgcepresented by the
image coordinates of the upper-left and lower-right casradrits bounding box\V is the
number of stereo pairs. Particles are assigned weiglfﬁ%, that are used to combine

them at the end of every iteration to arrive at an estimatd®titacked positions of the

bounding boxes. A cumulative weighi,(ﬁ)l, is also used for importance sampling, so
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that we are more likely to select a particle (i.e., a stere’c),pﬁﬁ”), at timet that has a
larger cumulative weight (importance). Importance sangis performed using the same

approach given in [5].

3.5.2 Prediction

The algorithm keeps track of the velocities of each bounbioxy These velocities

are estimated at the end of each iteration and are modelbdiviBaussian distributions:

{1, 0%), ., (par, o3p) ), (3.6)

where)M is the number of foreground objects, am@ndo? are the Gaussian means and
variances. We generate a prediction= {z:1, ..., 2+ » }, from s’,ﬁ”) = {s’iﬁ), s 3',5,73»)4

as:

Ty = {slgﬁ) + pq % At s'i% + par * At} (3.7)

with corresponding probability:

M
Plaifai = s") = T Pws), (3.8)

i=1

whereP(y;) is given by the® Gaussian andht is a discrete time step.

3.5.3 Measurement

The measurement stage considers two issues commonly ¢apedim multi-target

tracking - data association and changing number of objextsbgects exit and enter
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the scene. Data association is performed using Maximum Wedgtching on bipartite
graphs [8]. The matching algorithm employed is the Kuhn-kfhes algorithm [52] (or
Hungarian method) and runs in polynomial time. The bipaditaph is constructed from

the set of tracked objects and the set of newly detected ishje® = {zt(ﬁ), s zt(f}&},
constructed from the!" stereo pair and mapped to the reference camera using Equa-
tion 3.5. Edges between the two sets are weighted basedystgla histogram similarity

[53] and overlap between the bounding boxes.

Given M objects, the weight for a particlet(”) = {wﬁﬁ), ey wfﬁ&}, is then updated

based on the matching:

WIEZ) p(zig)um _ ng)),

_ P )

P(ui) ’
(3.9)

WhereP(ziZ) - s,ﬁfﬁ)) is determined as:
(=M _ ()2
Doy 310)
Play; —s1i) = ex i . .
(t,z t,i 20’1\/% P

P(z,ﬁf;) - sg?) represents the probability of the deviation of the measuedatity (zt(f}) -
s’g;)) from the mean observed velocityéf() - s’,ﬁfﬁ)) used in the prediction.; ando; are
obtained from Equation 3.6. We then perform normalizatothsitvi, wﬁf}) =1.To

update the cumulative weights, we aﬂdﬁl wif;) to ct”) at the end of every iteration.
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3.5.4 Update

After constructing theN patrticles, we utilize the values m‘if) to compute the

tracked positionp;(t), of the bounding box at timet as:

pi(t) = Z 7Tt(;b) * sﬁj”;), (3.11)
followed by updating its Gaussian with velocity(t) — p;(t — 1). We summarize the

algorithm in Algorithm 1.

3.6 Implementation and Results

We tested our algorithm on a video sequence in which thresopsrwere initially
walking in circles in a small space, resulting in substdrmdelusions. Three cameras
were used. Halfway through the sequence, a new person é@riterescene. The stereo
pairs are cameras (1, 2), (1, 3), (2, 3). Camera 1 is the refereamera.

We show in Figure 3.6 the detection and tracking results where were three
persons in the scene. (a) and (b) demonstrate the handlipgrbél occlusions by the
particle filter tracker, while (c) demonstrates the hargibhfull occlusions. The patrticle
filter was able to select and combine the results of diffestateo pairs and track all
people in the reference view.

Finally, we show in Figure 3.7 the performance of the al¢yonitvhen an additional
person walked into the scene. The algorithm correctly failvedadditional person - the
data association correctly detects the new object - anddhele filter tracker was able

to maintain tracks of the objects throughout the video secee
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Algorithm 1 Particle Filter(s\™), 7\, ™, . n = 1N}, {1, 02), ..., {par, 02,)1)

1:

2:

3:

10:

11:

Let o« = 0 and increment time.
Select a particley’™, from s\, with probabilityc™. .
Predict the new Iocationsé”), of the tracked bounding boxes, using the locations
of the bounding boxes i\ as starting points and(su;, o2), ..., (s, 03,)} as
the velocities (Equation 3.7). Assign probabilities toshaew locations based on
{{p1,0%), ..., {uar, o3,) } (Equation 3.8).
Perform disparity-based segmentation usingtHestereo pair, obtaining a set of
foreground objects and their bounding boxég),. After performing data association,
tracked objects that are not matched are removed. Each neet ob assigned a
newly initialized Gaussian distribution to model its vetas, possibly after a few
iterations in order to get a better estimate of its velositie
The probabilities of the deviations of the measured vekgitrom the predictions
are determined fromi(uu1, o), ..., {iuar, 03,) } (Equations 3.9 and 3.10). Assign these
probabilities toﬂt”) and perform normalization.
Updatec!™ with 7.
Incremento.
if « < N then

Go to step 2.
end if
Determine the new tracked position of each bounding box\anddy the sampled
particles, weighted using™. Update{ (u1, 02), ..., (s, 02,) } with the velocities in

moving on to these new tracked positions. Go to step 1.
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(©)

Figure 3.6: (a)-(c) Upper row shows the views of camera 1, &from left to right.

Lower row: middle image shows objects detected with cam@g), and right image
shows the tracking results. In (a) and (b), the left imageashobjects detected with
camera 1, 2. In (c) the left image shows objects detected aaithera 1, 3. (a) and (b)
demonstrate handling partial occlusion - both stereo peive partially visible people in
their views which are recovered by the particle filter tracke) demonstrates handling
full occlusion - a person was fully occluded in the first stepair, which is visible in the

second stereo pair, allowing the particle filter trackeetmover the location of the person.
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Figure 3.7: We show here the tracking results (each trackgetbwas bounded by the
same colored box throughout the sequence) when an addiperson walked into the

scene in Figure 3.6. The particle filter was able to maintagndorrect tracks throughout

the video sequence.
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3.7 Chapter Closure

We presented an algorithm that detects and tracks peopks oedlusion. The al-
gorithm employs disparity-based sensor fusion. For digpaomputation, we described
a simple stereo algorithm that improves matching by utiizground plane pixels. Even
so, due to the difficulties of stereo matching, we encoumenrirect stereo matches that
adversely affect the performance of the algorithm. We awae this by sensor fusion
conducted in a particle filter framework, which stabilizesfprmance by selecting and
combining different stereo pairs. The patrticle filter traclks also able to accurately per-

forms data association and determines the correct numlodnects in the scene.

56



Chapter 4
Constructing Task Visibility Intervals

4.1 Background

In Chapter 3, we have introduced a real-time camera seteatgorithm for detec-
tion and tracking in the presence of occlusions. In this tdrapve describe an online
motion and temporal planning system for controlling, in teae, a collection of surveil-
lance cameras to acquire video sequences of moving obpeaiple, vehicles), subject to
visibility, resolution and positional constraints. Ouipapach, in general, involves track-
ing the objects in the surveillance site using one or moreviigld of view cameras, for a
short period of time, and then predicting their motions @/&mall” future time interval.
During this interval, we must predict time-varying visibylof the objects, schedule the
tasks at hand, re-position cameras and acquire videos pmsitpe scheduled tasks. The
demand for such video acquisition is motivated by the follmysurveillance scenario:

We are given a collection of calibrated surveillance camefehey must be con-
trolled to acquire surveillance video over a large suraeitle site, which can most simply
be modeled as a large patch of ground plane, possibly amdotath the locations of
specific regions of interest (e.g., regions near the entatbuildings, receptacles such
as trash cans, or regions defined dynamically as vehicles antl stop in the site).

Each camera has a field of regard, which is the subset of theiance site that it

can image by controlling its viewing angles (pan, tilt ando- PTZ - settings). A field
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of view of a camera is the image obtained at specific PTZ gittamd is generally much
smaller than its field of regard.

As people and vehicles move into and through the surveiaite, the cameras are
to be controlled to acquire sets of videos that satisfy tawmdpnd positional constraints

that define generic surveillance tasks. Examples of tygigaleillance tasks are:

1. Collectk seconds ofinobstructediideo from as close to a side angle as possible for
any person who enters the surveillance site. The video neusbllected at some
minimal resolution. This task might be defined to support gagognition, or the
acquisition of an appearance model that could be used tegqubstly identify the

person when seen by a different camera.

2. Collect unobstructed video of any person while that peisovithin £ meters of
region A. This might be used to determine if a person depa@sitebject into or

takes an object out of region A.

One could imagine other surveillance tasks that would bendéfto support face
recognition, loading and unloading of vehicles, etc. Abdially, there are tasks related
to system state maintenance - for example, tasks to imagesarper vehicle to obtain
current position data to update a track predictor such aslaatafilter [54]; or tasks
to intermittently monitor regions in which people and védsccan enter the surveillance
site.

We would like to efficiently schedule as many of these sulaede tasks as pos-
sible, possibly subject to additional constraints on piyoof the tasks. In this aspect,
our main contribution lies in the real-time constructiort@inporal intervals that satisfy
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visibility constraints on a per-camera basis, which aralusgethe system to schedule
active cameras for video collection. Specifically, our sthimg approach is based on the

efficient construction of what we call Task Visibility Intexls (TVI's). ATVIis a 4-tuple:

(e, (T,0),[r,d],Validys ¢(t)). (4.1)

Here,c represents a camerd)’, o) is a (task, object) pair 7' is the index of a task to be
accomplished and s the index of the object to which the task is to be applied, [ani]
is a time interval within which (some temporal segment o) tlssk can be accomplished
using camera. r is the earliest release time of the task whilis the deadline by which
the task has to be completed. Then, for any time instareér, d|, Valid, 4 ¢(t) is the
set of pan settings/(), tilt settings ¢) and focal lengthsf) that camera can employ to
capture object at timet.

We focus our attention on tasks that are satisfied by videmeats in which an
object is seen unobstructed for some task-specific minieabg@ of time, and is viewed
at some task-specific minimal resolution during that timegae The tasks themselves

are 3-tuples:

(p, o, B) (4.2)

where

1. p is the required duration of the taskicluding worst-case latencies involved in

re-positioning camergs

2. « is a predicate relating the direction the object is movirlgtiee to the optical
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Step 1 Step 2 Step 3

} } } } Timeline
Detection and Planning : Video Acquisition :
tracking : - construct predicted - panning, tilting, zooming
- estimate object motion models assigned cameras
size - construct occlusion
intervals
- construct (M)TVIs
- construct camera
schedules

Figure 4.1: Timeline depicting the steps involve in coliegttask-specific video se-

quences.

axis of the camera used to accomplish the task (for exampdoify a view that

satisfies the requirements for a side view or a front viewt), an

3. §is the minimal ground resolution needed to accomplish thle. ta

In general, not all tasks would be applicable to all objectse can imagine tasks for
viewing faces of people, license plates of vehicles, etc.skaplicity, we assume that all
tasks are to be accomplished for all objects in the surveiiasite. Practically, one would
also need some mechanism to verify, a posteriori, that #lesthave been successfully
completed (i.e., that in fact we have obtained unobstrucigelo of some given object)
so that it an be determined if the task has to be rescheduleid{yof course, will not
always be possible). Ideally, the measurement stage otabseitracker can be used for

such verification purpose.
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4.2 System Overview

Our camera control system cycles through three stages bfssé-igure 4.1) :

1. A sensing stage, in which moving objects are tracked tirdhe surveillance site
using wide field of view cameras. Based on image analysis aliloration infor-
mation, the physical size (height and width) of each objge&stimated. For com-
putational efficiency, in 2(a) and (b), the height and wid#nased to construct cir-
cumescribing circles to the object’s orthographic projeas on the projection planes
(referred to below as “shadows”) of the world coordinatetesysfor path predic-
tion and visibility analysis. These shadows are subsefueséd for constructing
ellipsoidal representation of the object in 2(c) for detiging task-specific feasible

camera settings.

2. A planning stage, composed of five sub-stages:

(a) A prediction stage, in which the tracks are extrapolatéulthe future. The
predicted tracks are straight lines. Additionally, a vac@ measure is esti-
mated for the track and incorporated into the shadows of ljecovolume.
So, the final predicted motion model for each moving objeatscst of the in-
dividual circular shadow moving along a straight line; thdius of the shadow
increases linearly over time with a constant proportionaht error in “fit-

ting” a straight line to the track of the object in the sensstage.

(b) A visibility analysis stage in which we determine, fockacamera and mov-

ing object, the intervals of time - called visibility inteals - during which that
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(©)

(d)

moving object will be contained within the camera’s field egard, and not
be occluded by any other moving object. This analysis is donthe projec-
tion planes where we analyze the movements of the shadovire ghbving

objects. The trajectories of the shadows on the projectiangs are repre-
sented by piecewise linear approximations to the trajexgarf the tangent
points of the shadows. Over their piecewise linear segmérgdrajectories
of the extremal angles of the shadows with respect to theepiej camera
center have a simple analytic representation. We then ysepastically ef-

ficient algorithms to find crossings of the extremal angldsis Rllows us to
directly determine the intervals during which an objectdsladed by some
other object; the complements of these occlusion interardsthe visibility

intervals.

A task visibility stage now combines task specific infatman - resolution,
direction and duration - with the visibility intervals toadtify time-varying
camera PTZ settings that would satisfy a given task durimgesportion of
a visibility interval. This results in so-called Task Vigity Intervals (TVI).

Generally, there could be many cameras that could be useatistysany given

task.

A TVI compositing stage, which efficiently finds small cbmations of TVI's
that can be simultaneously scheduled on a single cameraaN\teese inter-
vals Multiple Task Visibility Intervals (MTVI's), and detenining them in-

volves finding non-empty intersections of camera settings suitably long
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time intervals for subsets of tasks and specific cameras.

(e) A camera scheduling stage.

3. A collection stage in which the cameras are first positioaled then collect the

video segments for the tasks for which they have been sobedul

Here, the sensing stage is performed using the backgroustdastion algorithm de-
scribed in [4], and the CONDENSATION tracking algorithmind5]. Background sub-
traction is performed at every frame to detect foregrounth®(which may be the images
of multiple moving objects), with the assumption that okgere initially sufficiently sep-
arated from each other to be detected individually. Thefsglbjects are then tracked, and
the observed locations are used to compute the likely opgesitions in the next frame as
the prior for object location in the next frame. The CONDENS2aN algorithm allows

us to generally track individual object through short pesiof occlusions.

4.3 Motion Model

Determining visibility intervals for any given (object, ro&ra) pair involvesgre-
dicting future time intervals during which that object is in the sdime of sight as some
other object, but is further from the camera, causing it tot@uded. The complements
of these intervals, which we refer to asclusion intervalsare thevisibility intervals In
addition to depending on the trajectory of the object aaguihrough visual tracking, the
prediction of occlusion intervals would also depend on thgat’s shape and size. The
size of the object combines our estimates of its physical aiang with the time-varying
uncertainty of its location, predicted from tracking.

63



In the world coordinate system (with axes EsY andZ respectively), we ortho-
graphically project the center of a given camera and thevgdtte of each object at a
given time, as points and circles respectively, onto Xn€, Y7 and X Z planes. The
sizes of the circles are determined by the object’s widthlaight, as estimated from its
silhouette. On each plane, a projected circle has two tanments that define its extent
w.r.t the projected camera center. The motion model is tledimed as the time-varying
angular extents of the pairs of tangent points belongindghéottiplet of circles repre-
senting the object. These projections serve as a simplegeptation of an otherwise
complex 4D XY Z and time) motion model. Figure 4.2 shows a projected cirol¢he
XY plane, with radiug, of an objecb w.r.t to the camera center Here,# is the angular
displacement of the circle center framand the angular displacement of the upper and
lower tangents can be expressed gs., = 6 — a and,u., = 0 + a respectively, where
a = arcsin 5. Accordingly, the motion model of objeet f. ,(t), parameterized by time

t becomes:

<

(¢, 11)
(¢,11)

feolt) = U {0(t,11) £ arcsin 1 (4.3)

N=XY,XZ,YZ

.

whered(t, IT) andé(t, I1) are the distance and the angular displacement, respegctivel

the circle center frona, andr (¢, IT) is the radius of the circle on the plaile

4.4 Prediction Stage

Tracking information from the sensing stage (Step 1, Figui¢ is used to predict

the future positions of the triplet of circles (previoustsat) representing each object. For
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.. Y axis
~ Upper tangent point

Lower tangent point.

X axis

Trajectory

Figure 4.2: Example of the object’s shadow on #¥ plane. Hereq = arcsin 7.

ease of computation, we employ a method that constructglstdane prediction paths.
The positional uncertainty, which allows variation frone tstraight-line path, is modeled
by growing the radius of the circle linearly over time as itwvas along the straight line.
Let the center of a projected circle on one of the planes,pe Let S}, be the
successive positions ofy,; observed during the tracking interval. Subsetspf, formed
from consecutive elements are used to predict the direemohspeed of,,;, with adja-
cent subsets sharing common elements. So, for examplersheofk! element would
belong to the first subset, thé" to (k+n)™ element to the second and so on, where k
is the number of common elements in consecutive subsetsetéondine the direction, a
straight line is fit to the locations af,,; in each subset, while an estimate of the speed
is derived as the displacement between the first and laseeleof the subset divided by
the corresponding time lag. Then, we form a new §gt,,, consisting of the predicted

velocities ofc,,; as:

Spred - {.’L‘Q,.Il,...,l'n}, (44)

where eachr;—,__,, is a 2-vector of speed and direction, amds the number of subsets
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formed fromS,,;s;. Eachz; is assigned a weight;, with more recent observations being
assigned larger weights, and with all weights normalizedhso "  w;, = 1. If we
assume that both speed and direction are independent ofoiaeh the probability of

observing a velocity can then be estimated as:

n 2 1 7% (Uj—ft;’j)2
Pr(v) = w; e N 4.5
= eIl 5 45)

wherej represents the speed and direction componentgrj%liujthe corresponding band-
width. The confidence intervaly, ..., v.q.], that provides a desired level of confidence,

P, can be found by solving for:

P = /Umam Pr(v)dv. (4.6)

Umin

[Vmin, Umaz| 1S US€ to compute the region in whiek,; lies in future time instances. A
Minimum Enclosing Circle (MEC) is constructed to enclose firedicted region into
which the object is moving, inflated by the size of the circslaadow of the object, using
the linear-time algorithm given in [25] pp. 86-90. It is eamyd efficient to determine
the MEC because the predicted region in whigl} lies at a particular time instance
is delimited by the arcs of two concentric circles, with tloenf endpoints of the arcs
computed from the minimum and maximum speed in the “minimdiméction, and the
minimum and maximum speed in the “maximum” direction, aegivy [v,in, Vmaz)-
This allows the MEC to be determined by just considering eéhfesir points. This is
illustrated in Figure 4.3.

The MEC models the positional uncertainty and physical rexté each object.
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Thus, if the object moves approximately along a straigl&Viith approximately constant
speed, then the subsetsdy).., will have similar velocities, and the computeg,i,,, Vmaz)

will have a small range, giving rise to a small MEC. This is opgd to objects moving
along complex trajectories (e.g., in circles, which canunéo scenes with curved path-
ways), in which case the MEC typically increases in size nopiiekly as the paths given

BY [Vnmin, Umaz] iNCreasingly deviate from each other.

/"fninimum speed,;

minimum spéé maximum direction

minimum dlrectl

. maximum speed,
aximum direction

maximum speed
minimum direction_~/ -

Figure 4.3: In the next time instance, the region where thelipted positions ot,;;
lie is delimited by the arcs of two concentric circles as shpwith the four delimiting
corners of the region computed by the minimum and maximuradpend the minimum

and maximum direction, given by,,;,, anduv,,,,..

The predicted motion model of an object can thus be visuhlasea progression
of a triplet of MEC'’s in time. Two particularly useful obsations, utilized for the con-
struction of visibility intervals later, can be made abd series of MEC's. Firstly, each
MEC moves along straight line, and secondly its radius gravesarly with time. Both
properties can be easily verified by construction.

To illustrate the performance of the motion predictor, wesider a video sequence
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of people walking naturally in a parking fotwWe select an individual walking on a curved
path for tracking, and predicted his motion model on the gdoplane as a series of
MEC'’s, using observed tracks of 100 frames. The MEC at eahdris then compared
with the actual position of the person, obtained by trackiimg throughout the sequence.
The predictions were sufficiently accurate for the requastbunt of time & 60 frames),
even though the observed individual was moving along a cupath. This is shown in

Figure 4.4.

4.5 \Visibility Analysis Stage

The goal of the visibility analysis stage is to constructpigise analytic represen-
tation of the extremal angles of the time-varying MEC for lgsis by an efficient seg-
ment intersection algorithm. Time instances at which theeexal angles of the MEC’s
of different objects coincide delimits occlusion inteisatiuring which the objects are
occluding one another.

If the trajectories of the tangent points of the MEC wereightlines over time,

t € [to, 1], then the trajectoriey_; and g:i, of the lower and upper extremal angles

respectively, with respect to camerand object, would be:

arctan(t — to)yo + (1 — t)yr, (t — to)zo + (t1 — t)z1), (4.7)

where(xg, yo) and(zy, y;) are the positions of the tangent pointaandt; respectively,

and arctangy, x) is the four-quadrant inverse tangent function over the eang to .

To maintain privacy, the sequence is sufficiently grainyred the people are not identifiable
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(a) Path taken by the tracked person

[FwEE = MEC N FeaRE S thin MEC Y | R TRREEC valid in frame O3 GHRRAIS JFrEE 25 B valid in frame 52 TAMERA RO
s : = X = » ; = - -

(b) Predicted MEC's using 100 frames of observed tracks.

Figure 4.4: In (b), red circles represent the MEC's predidt® the following frames,

while the green circle represents the predicted locatidhencurrent frame. Comparing
these circles with the positions given by the tracker (blaeraling box), the prediction
were sufficiently accurate, as shownin (b), for the requimeahber of frames, even though

the person was walking along a curved path as shown in (a).
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Such a representation greatly simplifies the computatioocofusion intervals - when
Equation 4.7 for two objects are equated, they form a simgpéelcatic function of time,
which is easily solved for the time instances that delimiiqus of crossing between the
two objects.

However, the trajectories of the tangent points are, gdgenanlinear. So, we con-
struct piecewise linear approximations to these trajeetpusing Algorithm 2 and then
employ Equation 4.7 to construct the desired angular trajiexs of the pieces. In Algo-
rithm 2, the predicted motion model refers to the time-sadphalues ob/ (¢, I1), r(¢, II)
andd(t,IT) in Equation 4.3, and are easily derived due to the obsenaiiothe previ-
ous section (i.e., that the MEC’s move along straight linas$ grow linearly over time).
The time-sampled positions of the corresponding tangeintgoan then be derived ac-

cordingly, so that for example in Figure 4.2, tieandY coordinates of the upper tangent

pointare given as/d(t, I1)2 — r(t, IT)2 sin(0(¢, IT) —«) and/d(t, I1)2 — r(t, I1)2 cos(6(¢, IT) —
«) respectively.

There could also be more solutions between two objects tfeartdpoints of valid
occlusion intervals though, as shown in Figure 4.5(a). Aitsoh, {7 ;, between object
andj, that is not the endpoint of any occlusion interval, howepessesses the following

distinguishing property:

[g;i(t;j + At), g:i(t;j + At)] ﬂ[g;j@;j + At), gij@;j + At)] # 0, (4.8)

whereAt is a small time step.

Special care has to be taken for degenerate cases wherajtdatdries of the ex-
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tremal angles are not continuous. First, if the tangenttpmisses through the camera
center, the subtending angle is changedthy Second, it is possible for the subtending
angle to wrap around betweenr andr, which for example can happen when the tangent
point passes through the negative portion of Xhaxis on theX'Y plane, as illustrated in
Figure 4.5(b). Both degenerate cases can be handled kyrgpiite curve of Equation 4.7

into segments, which we referred to as “curve segments”.

Extremal Angle

Extremal Anglej

<
S

Endpoint Endpoint Y oy
o, ‘
t X axis : t
Traject(&ry,r" B2 |
K _ 37
/ EiENE
Usedy = 3T, 0, = — 3r. Corresponding Extremal Angte-
curve is split
tig — A
Dl 4t
(@) (b)

Figure 4.5: (a}; ; is a valid intersection point between objéetnd j, but not a valid end-
point of an occlusion interval. The interval formed @gyi andg,; at a small time interval
At away fromt; ; intersects the interval formed tgyfj andg, ; as given in Equation 4.8.

(b) An example of handling wrap around segments onXhéplane.

4.5.1 Determining Occlusion Intervals Efficiently

Occlusion intervals could now be determined using a bruteef@pproach that
considers all pairs of object extremal angle trajectori€sich a brute force approach

incursO(N?) running time, whereV is the number of curve segments. For lafgewe

71



Algorithm 2 SplitTangent(y,t;,IT)
1: {ITistheXY, XZ or Y Z plane, on which the trajectory of the tangent point is split

into straight line(s).

2: Let p;, be the position of the tangent point dhat t,, computed from the predicted
motion model.

3: Let p;, be the position of the tangent point dhatt,;, computed from the predicted
motion model.

4: Interpolate for the midpointp, of p;, andp,, onIl, i.e.,m = %

5. Compute from the predicted motion model, the actual midpoiri, on II of the
tangent point at time~2,

6: if the difference betweem andm’ is smallthen

7. Assume the trajectory of the tangent point is linear frometigto ¢;, and return

this trajectory.

8: else

9:  SplitTangentf,, ).

10:  SplitTangentt, ¢;).

11:  Return the trajectories found in the above two SplitTanQexatlls.

12: end if
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propose the following optimal segment intersection akionmi

The set of curve segments, on the extremal angleplane that spans the temporal
interval [to, t1], is sorted according to the values at which they intersexvértical line
t = to. The resulting sorted selL,,...q, IS then recursively divided into two sets
containing curve segments that do not intersect each otiee acontaining the rest,
using Algorithm 3. The proof thaf) contains only segments that do not intersect each

other can be verified as follows:

Proposition 1 Lets;_y. . be the new set of segments adde@ tefer to Algorithm 3) at
each recursion step, sorted in descending order by the satehichs; intersects = ¢,.
If s; does not intersect;, for j > 4, thenv/ > j, s; does not intersect,. Similarly, if s,

does not intersect;, for j < 7, thenv/ < j, s; does not intersec,.

Proof Forj > i, if s, does not interseat;, then it must be true thatt, g.;(t) < g. (%)
(Equation 4.7). Since,; does not intersect; (a segment is added @ only if it does
not intersect the previously added segment), ten. ;(¢) < g.j+1(t) -i.e.,Vt, g.i(t) <
gej+1(t). It follows easily thatV¢ > j, s; does not intersect,. The converse can be

similarly proven.C]

At the end of every step of the recursion, curve segmentg and L’ are checked for
intersections with each other. An additional $gt, contains the index of the intersecting
segment i) whenever a segment is addedfo Additionally, the algorithm requires that
all curve segments have common start and end time, whichddmulviolated due to the
splitting caused by degenerate cases (Figure 4.5(b)), legiecewise approximations
to the tangent point trajectories. So, we break time intciatdrvals bounded by the

73



endpoints of the curve segments, to ensure that a curve segnesses the entire time
interval in which it is processed. The number of sub-interigusually small, typically
in the range between 5 to 8.

The complexity of the algorithm i® (N log N + I), where[ is the number of
intersection points - the sorting stage tak&sV log N), populating@, L’ and’ takes
O(N), and the intersection-finding stage take&). The algorithm is output-sensitive,
since its running time depends on the number of intersestioraking it particularly
useful when the number of intersections is small. The guaeathat the intersection-
finding stage in Algorithm 3 is a@ (/) operation can be easily verified. The intersection-
finding stage checks for intersections of each elemeht with segments beginning from
the index of the corresponding intersecting segmend},ias given byQ’. The iterations
are performed in both "directions”, one decrementing aredtiner incrementing from
the index of the intersecting segment, stopping when thmeats do not intersect. The
stopping condition is due to Proposition 1, and thus enstitasthe total number of
checks conducted i9(1).

We conducted simulations comparing the performance of thieliorce segment
intersection algorithm and the optimal segment intereaaigorithm. In the simulations,
we use a scene of size 56r680m, with one camera located in the middle of the left
border. We assume the camera’s field of regard covers theevditene. A fixed radius
is initialized for the physical extent of each object whileetpositional uncertainty is
modeled by increasing that radius over the prediction pesathat the confidence interval
remains at 90%, using the algorithm in Section 4.4. For sgalsimulations, observed
trajectories of real objects were used as inputs to the sitionls. The speed of using
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Figure 4.6: (a)(b)(c) The number of moving MEC'’s, at whick thptimal segment inter-
section algorithm outperforms the brute force algorithrehiewed for prediction time of
2, 5 and 10 seconds. The breakeven point for a typical preditime of 2 secs is ap-
proximately40. We show in (d) that the number of intersections between ngppints

is much fewer tharV?, making an output-sensitive algorithm much more favorable
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the optimal segment intersection algorithm and the bruteefalgorithm is compared in
Figure 4.6(a)-(c) for prediction times of 2, 5 and 10 secoredpectively. We can see
that for a typical prediction time of 2-5 seconds, the brgakepoint is at approximately
40 to 50 MEC'’s. Since each object is represented by a triplet of MEEuation 4.3),
the optimal segment intersection algorithm outperforneskitute force algorithm when
there are approximatell,&;E objects,V being the number of cameras, since our visibility
analysis is conducted for each camera. We also show in Fg6(d) that the number of
intersection points is much fewer thér{ N?), even when the prediction time was as long
as 30 seconds, showing that using an output-sensitiveiigois more favorable than a
brute force algorithm.

After determining the occlusions intervals, we constriet visibility intervals as
their set complements. Multiple occlusion intervals réaglfrom different objects oc-
cluding the same object during different temporal intes\aale dealt with by combining
their set complements. The process is performed onktiie X Z andY Z planes, and
the overlapping regions between the visibility intervaisioe respective planes, after dis-
carding those with durations smaller than the requiredgssing time of any task, are the

final visibility intervals.

4.6 Task Visibility Stage

4.6.1 3D Representation

The constructed visibility intervals can now be combinethviask specific infor-

mation - resolution, direction and duration - to identify&-varying camera PTZ settings
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Algorithm 3 FindIntersections(, t1, Lsortcq)

1: {LethoMed = {SNv ---751}}-

2: L' =0.
3:Q=0.
4. Q' = 0.

5:fori=N,...,1do

6: if the segment; doesn't intersect the last segment@then
7. Add s; to the end ofQ.

8. dse

9: Add s; to the end ofL’.

10: Add the index of the intersecting segmenigrio Q.
11: endif

12: end for

13:if L/ # () then

14:  {Intersection-finding stage

15:  {LetL/ = {s},....s}},andQ’ = {indy, ...,ind1 }}
16: forj=k,..,1do

17: fOI’f:indj,indj —1,...,1do

18: if s/, intersectss, then

19: Compute the intersection and report it.

20: dse

21: Break the loop{EnsuresO (1) for finding intersection.
22: end if

23: end for

24 for £ = ind; + 1, ..., N do

25: if s/, intersectss, then

26: Compute the intersection and report it.
27: dse

28: Break the loop.

29: end if

30: end for

31: endfor

32:. Findintersectionsf, ¢, L').

33: end if
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that would satisfy a given task during some portion of a viigyhinterval, giving us a set
of TVI's for each camera. For this purpose, we consider a 3ipselidal object represen-

tation that can be written in the form of a quadric expressisin

XTQX =0, (4.9)

where() is a symmetricl x 4 coefficient matrix for the quadric and is a point on@.
is determined from the sizes of the MEC'’s on the projecti@ampk at each time step, and

the values of) over time,Q(¢), now makes up the predicted motion model.

4.6.2 Obtaining TVI's

The predicted 3D motion model of each object can be used tputaieasible sen-
sor settings which cameracan employ to capture the object over time while satisfying
task requirements. Each camera used in our system rotabes ab axis passing (ap-
proximately) through the corresponding optical cented isrzoomable so that the focal
length can be adjusted. As a result, the projection matrof a camera: can be written

as:

P(R) = K[R|1], (4.10)

where

e R is the rotation matrix in the world coordinate system dnslthe identity matrix.
P is parameterized b} asc re-positions itself by rotating in the midst of executing
some capture, and

78



fcmz S Zo

=
I

0 femy o is the camera intrinsic matrix. Herég, is the focal

0 0 1
Iength,_(mx, m,) are the image scalings in theandy directions,s is the skew

factor and(x, yo) is the principle point.

Then, the image of the object ellipsoid is a cogi¢) = [(1, (2, (3] such that:

C*(t) = P(R) * Q*(t) * PY(R), (4.11)

o (*(t) = ¢7(t) is the dual of{ (¢) assuming full rank, and
e (Q*(t) is the adjoint ofQ(¢).

Given thatQ(t¢) represents an ellipsoid;, ¢, and 3 can be respectively written as
0,0,a%7, [0,0%,0]7 and[0,0, a® * b*]T, wherea andb are the image width and height
of {(¢).

The minimum ofa andb then allows us to determine the range of focal length
(possibly none) for which the resolution requirement of ek would be satisfied. We
employ the following procedure to determine ranges of fdasiamera settings for each

camera: and (task, object) pailT’, o):
1. Iteratet from the start to the end of the visibility interval.
2. lterate(e., ¢.) from the minimum to maximum pan and tilt settings of the caamer
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3. Determine the projection matri¥,( R) [Equation 4.10], wheré is determined by

Y andg..

4. Let f. = f., where f is the shortest focal length that satisfies the minimum

resolutions,,;, required by the task.

5. Perform a field of view test by checking whether the imagac{Equation4.11]
lies outside the image boundaries (either partially or detety). If so, go to step

7.

6. Incrementf, and repeat step 5.

7. 1f f. # [, let fI = f. sincef. now gives the maximum possible resolution while

keeping the object in the field of view.

8. Update the TVIc, (T, 0), [r,d], Valid, 4 ¢(t)) [Equation 4.1].

Two things that are important to note are, first, that the ijgsted motion model is used
to compute the direction the object is moving relative to ¢heera pose; so the above
procedure is conducted only for cameras for which the ohbgentoving in a direction
that satisfies task requirements. For example, if the tagkésllect facial images, then
the object must be moving towards the camera. Secondly,cimpatational efficiency,
we use reasonably large discrete steps in. and¢.. An interpolation algorithm is then
used to construct each pair of lines representing the mimrand maximunvalid pan
settings(+. , ¢), on the pan-time plane, the minimum and maximum valid tiitisgs,
(¢, 1), on the tilt-time plane, andf.”, f.") on the focal-time plane, as determined by
the above procedure. These projections serve as a simpésegpation of an otherwise
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complex 4D volume in PTZ and time. lllustrations are showikigure 4.7. In (a) and
(b), 3D surfaces in)., ¢. and f, att = 0 are shown. Both surfaces fgy and /" are
shown in each plot. (a) is without field of view constraintgj$6 in the above algorithm)

while (b) includes that constraint.

4.7 TVI Compositing Stage

The TVI's constructed above satisfy object visibility, kespecific resolution and
field of view constraint for a single task. In other words, demion of camera settings
for every time step in a TVI has been computed, so that at eashdtep, the system
can choose a zoom setting from the range of focal length aliioat a particular pan and
tilt. For a given camera, subsets of TVI's can possibly belzioed so that multiple tasks
could be satisfied simultaneously in a single scheduleducapfThe resulting intervals
are called Multiple Task Visibility Intervals (MTVI's). Fonally, a set ofn TVI's, each

represented in the form:

(Ca (Tlv Oi)7 [Tiv dl]v Validwi,@,fi (t>>7

for TVI i [Equation 4.1], can be combined into a valid MTVI represdras:

(c, (T3, 0;), [ridil, [ Validy,g,1,(t), (4.12)

i=1...n i=1...n i=1...n

when:



olumetric Visualization (no FOV): time=0 Object pan=0.000000 Object filt=0.7853¢ Volumetric Visualization (FOV checked): time=0 Object pan=0.000000 Object it=0.785398

Temporal Behavior

Zoom

Figure 4.7: (a) Without field of view test. (b) With field of wietest. (c) Temporal
behavior of the relations between the object motion andmsesettings. The tilt value is
kept at zero in this plot. Readers should take care not to tinggghere are two surfaces
in these three plots: one for the maximum feasible focaltlgrand one for the minimum
(somewhat flat surface beneath the maximum focal lengtlase)f (d) The projection
of plot (c) on the pan-time plane. (e) Two tasks shown herebmasatisfied with the
same sensor settings where they intersect. (f) A 2D view)ofTkee start and end of the

temporal interval can be obtained as the time instancesanthey intersect.
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[Tia dz] Z Pmaz

i=1...n

wherep,,., is the largest processing time among the tasks anddaf,_, . [r:,d;],

n Validlﬂi@mfi(t) # 0. (4.13)

i=1...n

The combination of TVI's into MTVI's is illustrated in Figer4.7(c). For visualization,
we kept the tilt fixed. The figure illustrates how the alloveatdnge of focal length varies
with the pan setting over time. A corresponding 2D view isvghon (d) in the pan-
time plane. In (e) and (f), the plot for this task is intergectith that of another task.
The resulting volumetric intersection is delimited by a pemal interval, and a region of
common camera settings. Again, we utilize a simple reptasien of such volumes to
find these common camera settings. This involves projed¢hiegy onto the 2D planes
(i.e., pan-time, tilt-time and focal length-time), whehetintersections can be computed

efficiently.

4.8 Chapter Closure

In this chapter, we have described a multi-camera systetatifiaes online motion
and temporal planning to construct (M)TVI's. These (M)T&/#re constructed for every
camera and form the basis for scheduling camera-specifecggriods to capture moving
objects in the scene. By constructing these (M)TVI’s, th&tem can ensure (probabilis-
tically, based on the predicted motion model) that targetiejgcts in acquired videos

are unobstructed, in the field of view, and meet task-spe@$§iolution requirements, so
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that they can be further used for more complex multi-camé&aning and scheduling

purposes.
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Chapter 5
Achieving Scalability for Task Scheduling in a Large Camgedawork

5.1 Background

Extending chapter 4, we now consider the online schedulingT& cameras to
capture task-specific video segments based on the corstr(i)TVI’s, focusing on
scalability issues in large camera networks. These canedveorks typically consist of
a large number of cameras, which can either be active (PT2xas)or static, capturing
and transmitting in real-time video streams to processiga archival systems, creating
enormous stress on available transmission bandwidtlag#@space and computing facil-
ities. By controlling these cameras to acquire video segsnmat satisfy task-specific
constraints based on (M)TVI's, we can reduce the bandwieltjuirements and storage
space significantly and increase the efficiency and effeségs with which the collected
video segments can be processed.

However, the time taken for planning and constructing MBYknd scheduling
cameras poses significant scalability challenges for lasgeera networks. More pre-
cisely, a brute force approach for the construction of MBMbr even a single camera
is computationally expensive, since there 2tedifferent ways to combine different
TVI's. In complex scenes; is potentially very large, so utilizing a brute force apprioa
is not possible. The problem is exacerbated when the systeamstructing MTVI's for a

large number of cameras. The solution to this problem ctasfautilizing a plane-sweep
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algorithm [25] which allows us to construct MTVI's in polynoal time. The algorithm
employs the plane-sweep along a timeline to identify tinterials during which multiple
tasks can be captured with a single camera using a commonrghaea VT his is followed
by a similar procedure to identify common tilt values, binlglon the results obtained
for pan values. Finally, the results from the tilt angle spvaee used for a plane-sweep
that determines time intervals during which the same sedsKds can be captured with a
common focal length.

Scalability problem also arises for constructing cameteedales based on TVI's
and MTVI's. In general, job scheduling problems are NP-hamt approximation al-
gorithms have to be employed. We first analyze the approxamdactor of a greedy
scheduling algorithm (as a function of the number of camevasich reveals that its per-
formance deteriorates significantly as the number of casriacaeases. We then describe
a branch and bound scheduling algorithm that extends amapilynamic Programming
(DP) [55] single-camera scheduling algorithm; its appnaedion factor is significantly
better than the greedy approach. Simulations demonslratedrformance advantage of
the DP algorithm.

Finally, we will also describe a prototype real-time actogmera system in this
chapter. A scheduler controls PTZ cameras in real-time ptuca video segments based
on automatically constructed TVI's and MTVI's. While thegpotype system includes
only a small number of cameras due to limited resourcesgihdts illustrate the applica-

bility of the algorithms.
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Figure 5.1: At a given time step, there is a range of validlfeaagths that can be used for
a TVI at a particular pan and tilt value, giving a cuboid-likdume as shown. To find the
intersections between different cuboids (for differeneats), we subdivide each cuboid

into polygons at equal interval and find the intersectiorte/ben these polygons instead.

5.2 Constructing MTVI’s

5.2.1 Y-MTVI's

The construction of all MTVI's for a given camera is a compigaally expen-
sive operation because one would then have to determinesalidie MTVI's that satisfy
a given number of tasks. In this section, we introduce anieffiqoplane-sweep algo-
rithm. We begin by examining in detail Equation 4.1. At a givec [r, d], the function
Validy 4 ¢(t) can be visualized approximately as a cuboid, whereby a rahgaid focal
length settings corresponds to a particular pair of pan idtrehgles, as illustrated in Fig-

ure 5.1. Imagine projecting the series of cuboids over tinte they) — ¢ plane, resulting
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Figure 5.2: What it would look like to project the range ofidaban values over time
for two tasks. Where they intersect, they share common plesdhat can be used to

capture both the tasks simultaneously.

in a plot such as the one shown in Figure 5.2. The plot showsthfan-time) projec-
tions of two different tasks, and the time instandge®ndt,, that are the endpoints of the
time interval during which object 1 and 2 can both be succdigsfaptured with the same
pan setting. The initial phase of the algorithm is to detemrthese time intervals during
which multiple tasks share common pan settings, resultirghat we called)-MTVI's.

The algorithm also uses “slackd, defined as:

0= [ty t5]=1[r,d—pl, (5.1)

wherer, d andp are as given in Equation 4.1 and 4.2. Intuitively, the sladke temporal
interval within which a task can be started. We further defireelapsgd| ast; — ¢; .

We can now construct what we call an Ordered Timeline (OTh@lawhich the
sweeping is performed. The s&i of all feasibley)-MTVI's containing two tasks (which

can be constructed simply using @rin?) approach) is first computed. jf andp, are the
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respective processing times (required durations of theovgkgments) of the two tasks
inay-MTVIin S, indexed byi, then let its slack; be[t; ,t;] = [r,d — max(py, p2)],
wherer andd are the earliest release time and deadline oftHdTVI. We also let the
minimum and maximum valid pan angles encountered during to be [, ¢ ]. A
timeline can now be constructed lak{t; , t; }, which is then sorted to get the OT. An
example is shown in Figure 5.3, in which four different pagew/-MTVI's are used to
construct an OT. Due to the “splitting” effect of the procegluhe utilization of slacks,
instead ofr, d] in Equation 4.1, when forming the OT ensures that any respltiMTVI
after applying our plane-sweep algorithm does not havetivegiapse in its slack - i.e.,
there is no valid time to start tasks in theMTVI. It is also apparent from Figure 5.3 that
the new set of slacks along the OT is made up of the followipgsy AnSS interval

is formed from the start times of two consecutive slacksSaninterval from the start
and end times of two consecutive slacks,m@afi interval from the end and start times of
two consecutive slacks, and finally @& interval is formed from the end times of two
consecutive slacks.

In addition, at any time step along the OT, it is possible tmeg or more previously
encountered)-MTVI's remain “active”. So, for example in Figure 5.3(ahety)-MTVI
with slack[tgl,tgt] remains active until the end of the OT. In the following plesveeep
algorithm, we will maintain a sef,,..;,.. Of such active)-MTVI's. For ease of illustration,
we will also refer to the twa)-MTVI's that made up each interval along the OTrag;,
andmg...nq, respectively, in order of their appearance. The planespvatgorithm can

then proceed by advancing across the OT in the following rann
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1. If an SS slack is encountered, initialize a n@wMTVI 1, With tasks inm ;.
and slack equals to th&S slack. ¢-MTVI's in S,.;,e andm,,.,, are combined if
their [/, 4] overlap; otherwise they are added as sepatad€TVI's, again with

slack equal to thé'S slack.

2. Ifan SE slack is encountered, (1) add tasks from bath), ;s andmecona t0 Mypeu
and assign to it the&'E slack, if their[y)~,¢"| overlap, or (2) keepn;.s; and
Mesecond @S WOY-MTVI'S My, 1 @NA M., 2, bUt @ssigning to both th&E slack.
ProcessS,..i.. in the same manner as step 1, but on eithgr,, (case 1) or both

Mpew,1 ANAMypey o (CASE 2).

3. Ifan E S slack is encountered, addMTVI's in S,.tive, @ssigning to them the'S

slack.

4. Ifan F'E slack is encountered, initialize,,.,, with tasks inm...,q and slack equals

to the FE slack. Process,,..;.. in the same manner as step 110R,.,,.

After performing the plane-sweep algorithm for a given ceameach interval along the
corresponding OT now consists of a set cover (not necegsaniinimum set cover) of
tasks that could be satisfied in that interval using the saamesptting.

Finally, we verify the correctness of the plane-sweep dligor. that the OT suf-
ficiently delineate the slacks of all feasibfjeMTVI's (i.e., that any-MTVI slack is
delimited by a pair of time instances on the OT ). This can s#yearoved by the fol-

lowing theorem:
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3
N

Inteival formed by two start times
Intefval formed by a start time and an end time

Figure 5.3: Forming OT from different pairwise-MTVI's. There are four)-MTVI's
given in this example with slackdt; . t; ], [t;, .15 ], [t5,.t5] and[t; .ty ]. The result-
ing OT consists of the slackst; , t5 |, [t5, . t5.], [t5, . t, ] [t 5.1 [ts, . t5.] [ty t5,] and

[t ta)-

Theorem 2 Let the slacks start and end times of amMTVI bet; andtf. Thent;,

ty € OT.

Proof Letthe number of tasks in the-MTVI be n(> 2). We can form up td’)) feasible
pairwise-MTVI's. The corresponding slacks, ,t}] € OT, fori = 1... (}). For a

1-MTVI, every pair of tasks in it have overlapping slacks, gr&points of which are

OT. Thus/t; = maz(t;) andt; = min(t}).

5.2.2 ¢-MTVI'sand f-MTVI's

The constructed-MTVI's provide temporal intervals during which multiplagks
can be captured with a single camera using the same pangséitindoes not guarantee

that the tasks can be captured with the same tilt setting @cal fength. We next con-
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struct what we calp-MTVI's and f-MTVI’s, on the ¢-¢ (tilt-time) plane andf-t (focal
length-time) plane respectively, using the same appraaatohstructing)-MTVI's. The
general strategy here is to look for common tilt setting awéf length in the time interval
given by ay»-MTVI, and constructing the MTVI if they exist.

Considering Figure 5.1 again, we subdivide the cuboid &b ¢éiate instance into
a pre-determined number of polygons, each of which has arafhgalid tilt setting and
focal length. So, in the figure, the cuboid was subdivided fiour polygons at equal
interval. The projections of these tilt and focal lengthgas over time can be “stacked”
onto the¢-t and f-t plane respectively, after which the same plane-sweep itigois
applied to obtain a set @-MTVI's and f-MTVI'’s.

Based on the plane-sweep results, we construct a MTVI fronveng)-MTVI
only if there exists &-MTVI, the slack of which overlaps that of the MTVI, and which
contains the same tasks in theMTVI. Finally, if there also exist g -MTVI which has
slack that overlaps that of the MTVI and ¢-MTVI at the same time, and which contains
all the tasks of interest, we form the MTVI by assigning to glack equal to the overlap
between the slacks of the MTVI, ¢-MTVIand f-MTVI.

The procedure is significantly speeded up by running plaveep on the slacks
of all the constructed-MTVI, ¢-MTVI and f-MTVI. More precisely, we first take the
slacks of the constructed-MTVI's and ¢-MTVI’s, and form the OT from the corre-
sponding endpoints. After running plane-sweep along thev@Tobtain a set ob FE
intervals (the slacks of 8 £ interval overlap as opposed to thoses¥, £S and EE
intervals). However, since we are looking for overlappin1TVI and ¢-MTVI, a SE
interval is retained only if it is composed of a pair of slatledonging to a)-MTVI and
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a¢-MTVI (instead of a pair of)-MTVI's or a pair of p-MTVI's). plane-sweep is further
employed to combine the resulting time intervals with fRRITVI's in the same manner,
yielding the final MTVI’s if the tasks in the comprisinggMTVI, ¢-MTVI and f-MTVI
are the same.

Lastly, we point out that the purpose of subdividing the ¢dla a given time step
is to avoid the more complex problem of running plane-sweeag the 3D cuboids over
time. While doing so is an approximation, it does give actwurasults in practice. Ad-
ditionally, the accuracy can be further improved by sulding the cuboids into a larger
number of polygons. The plane-sweep algorithm has a corntpleO (N log N + N),
whereN is the number of constructed TVI'§)( N log N) is needed for sorting the OT
while O(N) is needed for the plane-sweep. The advantage of the plaeegsapproach
over an obvious brute force approach is illustrated in Fegu#d. Simulations were per-
formed on 100, 200, 400, 600, 800 and 1000 objects, utiliaoty brute force and plane-
sweep algorithm each time. Note that the number of “objastequivalent to the sum of
the number of views of objects in all cameras. For each numifoajects, four instances
were run for both algorithms and the mean time taken was decoiSince the brute force
algorithm is exponential if all orders of MTVI's are considd, the simulations consider
only one iteration of the brute force algorithm whereby twsk MTVI’'s (constructed
using anO(N?) approach) are compared with each other to construct MT\itls more
than two tasks. Even so, the percentage speedup in the nme@natken by the plane-
sweep algorithm over the brute force algorithm, for each lmemof objects, is significant

as shown in the plot.
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Figure 5.4: Significant speedup is achieved with the plameep algorithm over the brute
force algorithm. Only one iteration of the brute force alon is performed in these

results, while the plane-sweep algorithm determines allitde MTVI's.

5.3 Sensor Scheduling

Given the set of atomic TVI's and MTVI's that have been comstied for each cam-
era in the network, the scheduling problem is then to de¢itlewhich (M)TVI's should
be executed, and (2) given the set of (M)TVI's chosen for aeken, what the order of
execution should be, so as to maximize the coverage of tasgeneral, scheduling prob-
lems such as this are NP-hard, making the search for an dgatdion computationally
infeasible. In the following sections, we begin by studyihg scheduling problem when
only a single camera is used before extending to multipleescas We limit our analysis

to non-preemptive schedules.
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5.3.1 Single-camera Scheduling

We introduce the following theorems that make the singleera scheduling prob-

lem tractable:

Theorem 3 Let d,,,, = max(|d;|) and p,,;, be the smallest processing time among all
(M)TVI's for some camera. Then,|,,..| < pmin, any feasible schedule for the camera

is ordered by the slacks’ start times.

Proof Consider that the slack = [t; ,t; | precedes, = [t; ;] in a schedule and
ts, > t;,. Let the processing time correspondingt®ep,. Thent; +p; > t;5, +pi. We
know that ift; + p; > t{ , then the schedule is infeasible. This happeng if t; + p;

-i.e,tf —t5, < pi. Given thalldyes| < P, 1, — t5, < p1is true.

Theorem 3 implies that ifd,,q.| < pmin, We can limit our attention to feasible schedules
that are ordered by the slacks’ start times. This assumptilomws us to construct a
DirectedAcyclicGraph (DAG), where each (M)TVI is a node with an incoming efiige

a common source node and outgoing edge to a common sink nitd¢h@/weights of the
outgoing edges initialized to zero. An outgoing edge frore @M)TVI node to another
exists iff the slack’s start time of the first node precedes ti the second (Theorem 3),
which can however be removed if it makes the schedule iffEEastonsider the following

theorem and corollary:

Theorem 4 Afeasible schedule is a sequence M) TVI's each with slack; = [t , t}i],
wherei = 1...n represents the order of execution, such tjat—t;, > (>, ,_;pi) —
(3.1 .1 18:]), p: being the processing time of thé (M)TVI in the schedule.
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Proof Forthe schedule to be feasible the following must be ttfe:p; <t ,t5 +p; <
sty +Dpo1 <ty . Summing themup give§, +t;, +...+15  +> 4 1D <
tf{g + t;; + ...+ t;{n, which can then be simplified agn 5 > (g D) —
(3iz1. e 10i]). The conditionty +py <t ,ty +p2 <ty .oty 4 pay <ty i

however only a sufficient condition for a feasible schedule.

Corollary 5 Define a new operator, such that if, (= [t5,, t5]) =< d2(= [t5,.t1]), then
ts, 01 < t};. Consider a schedule of (M)TVI's with slacks,,. The condition:; < ds,
03 = 03, ..., 0,1 = 0,, IS Necessary for the schedule to be feasible. Conversddly, i
schedule is feasible, thén < s, 03 < 03, ...,0,—1 = d,,. Proofis omitted since it follows

easily from Theorem 4.

Due to Corollary 5, an edge between two (M)TVI nodes can beoweh if it violates the
= relationship since it can never be part of a feasible scleedul

Using such a DAG, a Dynamic Programming (DP) algorithm cangel to solve
the single-camera scheduling problem. The algorithm assigights to edges between
nodes in the DAG on the fly during a backtracking stage, natstl by the follow-
ing example with the aid of Figure 5.5 and Table 5.1. ConstHerfollowing set of
(M)TVI's that have been constructed for a given camera,eggmted by the task%i( ¢)
they satisfy and sorted in order of their slacks’ start tifiesde; = {7}, T2}, node;s =
{T,, T3}, nodes = {T3,T,},nodes = {T5,Ts}}, where the set of nodes in the DAG in
Figure 5.5 is given asode;—;. 4. Based on the constructed DAG, we form a table for
running DP as illustrated in Figure 5.1. DP is run by firstializing paths of length 1

starting from each of the (M)TVI nodes to the sink, all withénts” 0. At each subse-
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Figure 5.5: Single-camera DAG formed from the $§ebde; = {Ti,T5},node; =
{T,, T3}, nodes = {T3,T,},nodes = {T5,Ts}}. The weights between (M)TVI nodes
are determined on the fly during DP. Assume that, in this exantipe < relationship is

satisfied for the edges between the (M)TVI nodes.

guent path length, the next nodede,,..; chosen for a given nodende... in the current

iteration is:

nodepeyy =, remax | g, U Tasks(nodegy)|, (5.2)

nEScurr2next

whereS,....2neet 1S the set of nodes that have valid paths starting from thetheiprevious
iteration and for whicode...., has an outgoing edge t§,, is defined as the set of tasks
covered by the path (in the previous iteration) startingnfre, andT'asks() gives the
set of tasks covered by the (M)TVI associated withie,.,,... So, for example, from
nodey, paths of length 2 exist by moving on to either onenotle,_ 4, with the move to
nodes, nodez andnode, covering{T}, T, T3} (merits=3) {1}, T, T3, T, } (merits=4) and

{T1, T, Ts, Ts} (merits=4) respectively. We choose the path of length 2 frem; to
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Figure 5.6: Multi-camera DAG formed from the spiode; = {T1,Ts, T3}, nodes =

{T3,T,}} for the first camera, and the Setode; = {11, T5,T5}} for the second camera.

Distance Nodes
from sink Source nodeq nodes nodes nodey
1 X merit=0 merit=0 merit=0 merit=0
2 merit=2 merit=4 merit=4 merit=4 X
— nodeq — nodeg — nodey — nodey
{1y, T2} {Ty, T2, T3, T4} {T2,T5,T5,Te } {T5,T4,T5,Te}
3 merit=4 merit=6 merit=5 X X
— nodey — nodeg — nodeg
{Ty, T2, T3, T4} {T1,T2,T3,T4,T5, T} {T2,T3,Ta,T5,T6}
4 merit=6 merit=6 X X X
— nodey — nodeg
{T1,T2,T3,T4,T5,Te} {T1,T2,T3,T4,T5,T6}

Table 5.1: Dynamic programming table for DAG in Figure 5.5 ‘X" indicates that no

path of the specific length starts at that node.

nodes. lterations are terminated when there is only one pathhetft $tarts at the source
node or a path starting at the source node covers all the tasiar example, the optimal

path becomesode; — nodes — nodey, terminated at paths of length 4 from the sink

when all the tasks are covered.
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5.3.2 Multi-camera Scheduling

While single-camera scheduling using DP is optimal and ledgnpmial running
time, the multi-camera scheduling problem is unfortunai#®-hard. Consequently, com-
putationally feasible solutions can only be obtained wipraximation algorithms. We

consider both a simple greedy algorithm and a branch anddsbkmalgorithm.

Greedy Algorithm

The greedy algorithm iteratively picks the (M)TVI that cos¢he maximum num-
ber of uncovered tasks, subject to schedule feasibilitynasdpy Theorem 4. Under such

a greedy scheme, the following is true:

Theorem 6 Givenk cameras, the approximation factor for multi-camera schieduus-
ing the greedy algorithm i8 + kAu, where the definitions of and ;. are given in the

proof.

Proof Let G = |J,_, ,Gi, whereG;, is the set of (M)TVI's scheduled on cameia
by the greedy algorithm, and l€PT = J,_, , OPT;, whereOPT; is the set of
(M)TVI's assigned to camerain the optimal schedule. We further define #) =
U,—; » Hi1i Where H,; is the set of (M)TVI's for camerd, that have been chosen
by the optimal schedule but not the greedy algorithm and eathese (M)TVI's con-
tains tasks that are not covered by the greedy algorithmyroathe cameras, (2)/; =
U,—1_, H=2,, whereH,; is the set of (M)TVI's for camera, that have been chosen by
the optimal schedule but not the greedy algorithm and eathese (M)TVI's contains
tasks that are also covered by the greedy algorithm, andyfit®l OG = OPT(\G.
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Clearly, OPT = H,|JH>JOG. Then, forh;— ., € H;, wheren; is the number
of (M)TVI'sin Hy;, 3g;=1..», € G, such thath; andg; cannot be scheduled together
based on the requirement given in Theorem 4, glsghould have been included Ioy.

If Tasks(h;)(\Tasks(g;) = 0, thenh; contains only tasks that are not covereddy
In this case|h;| < |g;|, elseG would have choseh; instead ofg;. Note that the car-
dinality is defined as the number of unique tasks coveredhénsame manner, even if
Tasks(h;)(Tasks(g;) # 0, h; could have replaceg; unlesgh;| < |g;|. Consequently,

(Higl = [hiUhe U Ul | < o] + o] + oo+ hyy| < |g1] + [g2] + ... + |gn,|. Let

ilarly, we know|H;| < A\i|G1| + ... + \e| Gi| < A(|G1|+ ...+ |Gk|), whereh = max()\;).

Introducing a new termy, = |\GGiI‘ and lettingu = max(~;), we get|H,| < kAu|G|. Since

|Hy| < |G| and|OG| < |G|, |OPT| < (2+ kAp)|G].

Branch and Bound Algorithm

The branch and bound approach runs DP in a similar mannemgkesiamera
scheduling but on a DAG that consists of multiple sourcé-pairs (one pair per camera),
with the node of one camera’s sink node linked to another cameource node. An
example is shown in Figure 5.6. Then, for a source ngdee define its “upper bounding

set” S, as:

Se= 1 S (5.3)

cESlink
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where S, IS the set of cameras for which paths starting from the cpoeding sink
nodes tos exist in the DAG, andS. is the set of all tasks that are covered by some
(M)TVI's belonging to camera. Intuitively, such an approach aims to overcome the
“shortsightedness” of the greedy algorithm by “lookingviard” in addition to back-
tracking and using the tasks that can be covered by otherreart@influence the (M)TVI
nodes chosen for a particular camera. Admittedly, bettdopaance is possibly achiev-
able if “better” upper bounding sets are used, as opposddtiyusing all the tasks that
other cameras can cover without taking scheduling fedtsilmlto consideration.

The algorithm can be illustrated with the example shownguFe 5.6, which shows
two camerasg; andc,, and the following sets of (M)TVI's that have been constedlct
for them, again ordered by the slacks’ start times and shasva hy the tasksTj 4)
they satisfy. For, the set is{node; = {T1,T,T3},nodes = {T3,T,}} and forc,,
{nodes = {T1,T>,T3}}. The DAG that is constructed has two source-sink pairs, one f
each camera (Sourcey, Sink;) belongs toc; and(Sources, Sinks) to ¢ The camera
sinks are connected to a final sink node as shown, with thehigef the edges initial-
ized to zero. Weights between nodes in the constructed DAGiarilarly determined
on the fly like in the single-camera scheduling. Directedesdigom Sinks to Source;
connects; to ¢;. As illustrated in Table 5.2(a), the DP algorithm is run imabt the
same manner as single-camera scheduling, except thatatgfdength 3 from the final
sink node, the link fromSource; to node,, is chosen because the upper bounding set
indicates that choosing the link potentially covers a largenber of tasks (i.e., the upper
bounding set obourcey, {11, T,, T3} combines with the tasks covered hyde, to form
{T1,T», T3, T,}). This turns out to be a better choice as compared to thetseshdwn in
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Table 5.2(b), where no such upper bounding set was used.

Greedy - 10 cameras

Greedy - 50 cameras Greedy - 100 cameras

Approx. factor
Approx. factor
Approx. factor

Branch and Bound - 100 cameras

Approx. sfactor
Approx. factor
Approx. factor

Figure 5.7: (a)\ andu here are as defined in Theorem 6. The approximation factdinéor
greedy algorithm using 10, 50 and 100 cameras are shownctasge from left to right.
Due to the sensitivity of the approximation factor to the tn@mof cameras, the approxi-
mation factor can quickly become prohibitive when the tasiesunevenly distributed. (b)
The same plots for the branch and bound algorithm show tleaapiproximation factor
depends only on the distribution parameters, and is urtaeffdry the number of cameras,

a desired behavior in a large camera netwarkndy here are as defined in Theorem 7.

The branch and bound algorithm can be viewed as applyingigéescamera DP
algorithm, camera by camera in the order given in the coomding DAG, with the
schedule of one camera depending on its upper bounding bét.allows us to derive
a potentially better approximation factor than the greddgrithm as follow:

102



Distance Nodes

from sink Source; Sources nodeq nodes nodes Sinkq Sinko
1 X X X X X — Sink — Sink
2 X X — Sink; — Sink; — Sinkg X X

{Ty, T2, T3} {T3,T4} {Ty, T2, T3}
3 — nodeg — nodes X X X X X
{T3, Ts} {Ty, T2, T3}
4 X X X X X X — Sourcey
{T5, T4}
5 X X X X — Sinkg X X
{T1, T2, T3, T4}
6 X — nodes X X X X X
{T1,T2, T3, T4}

Distance Nodes
from sink Sourcey Sources nodej nodesg nodes Sinkq Sinkg
1 X X X X X — Sink — Sink
2 X X — Sinky — Sink; — Sinks X X
{T1,T2, T3}  {T5,T4}  {T1,T2,T3}
3 — nodey — nodeg X X X X X

{T1,T2, T3}y {T1,T2,T3}

4 X X X X X X — Sourceq
{T1, T2, T3}
5 X X X X — Sinkg X X
{T1, T2, T3}
6 X — nodeg X X X X X
{T1, T2, T3}

(b)

Table 5.2: Dynamic programming table for the DAG in Figuré.5Using the upper
bounding set (shown in (a)) yields a solution that is optiamlopposed to (b). In (a),
at distance of length 3 from the sink, the link chosenSofrce; is to node, instead of
node; since the union of the upper bounding set farurce; ({11, Tz, T3} as given by

Equation 5.3) witmode, potentially has a larger task coverage.
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Theorem 7 For k& cameras, the approximation factor of the branch and bougad@hm

(I+kp(14u))k

IS TR w)F — k()

7. poandu are defined as follow. Let* = |J,_, , G}, whereG;

is the set of (M)TVI's assigned to cameray the branch and bound algorithm. Then,

p = max({gt) andu = max(u;), whereu; is the ratio of the cardinality of the upper

bounding set of camerito |G} |.

Proof Let o be the approximation factor of the branch and bound algoritirhen,
assuming that schedules f6f;, ..., G;_, have been determined;| > 1(|OPT| —

> 21 1G]). Adding 3" |G| to both sides gives:

L _OPT a—-1g~
Si6i1= 2P S )
j=1 j=1

A proof by induction shows, after some manipulation:

k k
(0%
_— I > |OPT].
ak—(a—l)kz|G]| > [OPT|
7=1
Let H = J,_, , H;, H; being the set of (M)TVI's chosen by the optimal schedule on
camera but not the branch and bound algorithm. The conditibf < |G| + w;|G}| is
true; otherwiseH; would have been added & instead. Consequently/| < (|G7| +

e |GED) + (ur |G|+ A ug|Gr) < kp|GH |+ kup|G*| < kp(14w)|G*|. SinceOPT =

OG\J H (Theorem 6), we geOPT| < 1+ ku(l + u)|G*|. Thus,a = 1 + ku(1 + u).

By expressing the approximation factors of the greedy aaddir and bound algo-
rithm as a function of the number of cameras, we see that drechrand bound algorithm
theoreticallyoutperforms the greedy algorithm substantially in terms$ask coverage.
This is illustrated in Figure 5.7, whereby the approximatfactors of the greedy and
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branch and bound algorithm are plotted as the “distriblitparameters vary when dif-
ferent number of cameras are used. These distribution gdeasnrefer to\ and x in
Theorem 6, ang. andu in Theorem 7. They represent how well the tasks are dis&tbut
among the cameras and (M)TVI's. The plots show that the gredgbrithm is highly
sensitive to the number of cameras, with the approxima#otof becoming prohibitively
high when the tasks are unevenly distributed. On the othed hine performance of
the branch and bound algorithm depends only on the distoibbytarameters and is not
affected by the number of cameras.

Both the single-camera and branch and bound multi-camegaaitim have a com-
putational complexity of)(N?), N being the average number of (M)TVI's constructed
for a given camera and used in the resulting DAG. The numbge@ttions (i.e., number
of rows in our DP tables), depends on the number of cameraspiied by N. This,
together with a asymptotic cost 6f( N?) checking possible backtracking paths at each
iteration give a complexity)(N?3). Clearly, this means that one advantage of employing
the greedy multi-camera algorithm is its faster computetiepeed 0 (N?) (we search
through all the “unused” MTVI’s at each iteration to find th@eowith the most uncovered

tasks).

5.4 Implementation and Results

Theorems 6 and 7 characterize the sensitivity performahbetb the branch and
bound and greedy algorithm. More precisely, given a largaber of cameras, large

values of the task distribution parameters result in pritikébapproximation factor for
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the greedy algorithm (Theorem 6, Figure 5.7(a)). In comtths branch and bound algo-
rithm’s approximation factor is independent of the numideameras, but is still sensitive
to the task distribution parameters.

For practical purposes, it would however be interestinght@stigate the perfor-
mance of the greedy algorithm relative to the DP algorithigeurinormal” circumstances
where we would expect “reasonable” task distribution. Rts purpose, we conduct sim-
ulations using a scene of si260m x 200m, and generate moving objects in the scene
by randomly assigning to them different starting positionthe scene, sizes and veloc-
ities. Cameras are also simulated with calibration datenfreal cameras. The objects
are assumed to be moving in straight lines at constant spaedshe (M)TVI's for each
camera are then constructed and utilized by the schedukecantucted simulations for
20, 40, 60, and 80 cameras and 100, 120, 140, 160, 180, andbp®fisy and plot the
percentage of the total number of tasks that were capturdabtiythe greedy and DP
algorithm. For each object, the task is to capture video segsnin which the full-body
(given by the assigned sizes) of the object is visible. Stheee is only one task for each
object, the total number of tasks equals the number of abjethe results are shown
in Figure 5.8. The DP algorithm schedules more tasks thamgitbedy algorithm by a
minimum of 13.55 percent and a maximum of 33.78 percent.

Finally, we test our algorithms in a small-scasal-timeimage analysis system.
Due to limited resources, building a system with large nuntbeameras was not pos-
sible. We developed a prototype multi-camera system comgisf four PTZ cameras
synchronized by a Matrox four-channel card. The purposé®ttaled-down system is
for testing in real-time the feasibility of using plane-®pdor constructing MTVI's, DP
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Comparing DP and Greedy

Branch and Bound

100+

% of tasks covered

Greedy

@l
200 150 50

No. of tasks o0 0 No. of cameras

Figure 5.8: The DP algorithm covers more tasks than the gralgorithm by a significant

margin consistently, even under normal circumstances.

or greedy algorithm for scheduling cameras and low-levalbwi algorithms required in
any such system such as camera calibration [34], backgmaubstdaction [4], tracking and
occlusion handling (we utilized the CONDENSATION trackesdribed in [5], which is
effective for tracking objects through short periods oflasmons).

For running the experiments, one camera is kept static, atattiskan be used for
background subtraction and tracking in the sensing stagen Ehe detection and track-
ing, the system recovers an approximate 3D size estimataabf detected object from
ground plane and camera calibration. This is followed by dlening stage, during
which the observed tracks allow the system to predict theréuibcations of the objects,
and to use them for constructing (M)TVI's via plane-sweebich are then scheduled for
capture. The predicted position of each detected objedt®@ground plane is mapped to
the PTZ cameras using an approach described in [56], aftehwtitne 3D size estimate of

the object is used to construct a rough 3D model of the obgedhk corresponding PTZ
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(a) Sample frames used for constructing the motion modeaol @bject are shown here. De-

tected objects are tracked in a CONDENSATION framework,thecdbserved tracks are shown

in (b).The tracks are constructed over 20 frames and aresusestquently for building the pre-

dicted motion models.

Door

Person 2 (red bounding box;

Person3

Person 4 (yello

(white bounding box

Person 1 (black bounding b

bounding box)

DX,

Static camera used for

Camera 3

background subtraction and tracking

(b) The observed tracks.

Camera 1

Camera 2

Figure 5.9: System illustration.
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(d) Since there are lesser active cameras than people, @@waptures person 4 after it is done

capturing person 1.
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Figure 5.10: Based on the predicted motion models consufobm the observed tracks
given in Figure 5.9, we show here sample frames of the cagphiadeo clips (sequentially

from left to right) in (a), (b), (c) and (d). There are thre¢iaecameras available.

camera. Such a 3D model is utilized to determine valid ran§&3 Z settings during the
construction of TVI's.

The experiments reveal that the greedy algorithm perfoastef than the DP al-
gorithm, not surprising given the asymptotic complexitylod DP and greedy algorithm.
This makes the greedy algorithm more suitable for our smealttime system. Moreover,
preliminary experimentation also reveals that the laehof step 2 and 3 in Figure 4.1
have to be dealt with properly. Specifically, time is “wastad the system plans (step 2)
and the cameras assigned for capture are re-positionedlitimes (step 3) based on the
PTZ settings associated with the corresponding (M)TVI'ee Bystem deals with these
latencies by adding the time required for planning and cam@vement to the required
processing time of the task. The latencies are, in fact, dated by the time it takes the
camera motors to stabilize after moving, so is largely iraelent of the angles through
which the cameras are turned.

The first set of results are shown in Figure 5.9 and 5.10, aed iftustrate the
system timeline. Here, there is only one task, which invelv@pturing unobstructed full-
body video segments of all the objects at some minimal résoluFigure 5.9 illustrates
how the system constructs motion models of the detectedttsbj@racks of the objects

observed over 20 frames (of which four frames are shown inrgi§.9(a)) are shown in a

110



(a) The motion models of two people in the scene were usedtesrdme when they are front-
facing to the assigned camera (two active cameras are use}l far face capture. This is
illustrated in (b) and (c), where each person is front-fg¢monly one of the movable cameras,
which was then assigned to the task accordingly. Here, tited image shows the scheduler
annotating the bounding boxes with the ID of the assignedecanThe TVI of person 0 in this

example is delimited by the predicted crossing with person 1

(c) Frames showing camera 2 capturing person O’s face.

Figure 5.11: Face capture.

111



(a) The robots are tracked (left and middle image) and asdigameras by the scheduler (anno-

tated in the right image).

Camera 1 = Camera 1 - Camera 1

(c) Due to the lower resolution than Figure 5.13, a three M3KI is sufficient for capturing

robot 0, 1 and 2 simultaneously.

Figure 5.12: Robot sequence.
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plan view in Figure 5.9(b). These tracks are used to constinegredicted motion mod-
els, which are then utilized in constructing the (M)TVI'shdse (M)TVI’s are assigned
to the three active cameras for capture based on the grebdgding algorithm. In the
example shown in Figure 5.10, (a), (b), (c) and (d) show sarframes of the captured
videos. Referring to Figure 5.9(b), person 3 was capturéde@mera 1 in Figure 5.10(a),
person 2 was captured with camera 2 in Figure 5.10(b), arsbpel was captured with
camera 3 in Figure 5.10(c). The remaining person 4 was cagbtuith camera 3, but at
a different time period after camera 3 was freed up. Addéilgn although the system
was set to capture 60 frames of unobstructed video of eadtiplthe processing time
was specified as 80 frames so that a time period of 20 framésepoovided for camera
re-positioning.

Figure 5.11 then demonstrates the use of (M)TVI's for caiterfacial images.
Two PTZ cameras are controlled by a static detection canoezagture video sequences
of two moving persons so that their faces are visible. Theipted motion models are
used to determine when people are unobstructed and mowirggde a camera.

Figure 5.12 and Figure 5.13 illustrates the effect of chaggesolution requirement
on the construction of MTVI's. Four remote-controllablex12 inches robots moved
through the scene. Figure 5.12 has a lower resolution rexapgint than Figure 5.13. The
robots were controlled to move in approximately the samjedtaries in both figures.
While only two active cameras are needed to capture the &dnats in Figure 5.12, three
were needed in Figure 5.13 as we increase the resolutioireetgnt.

Finally, Figure 5.14 illustrates the effectiveness of tfeeker to track through oc-
clusions, allowing the prediction to be sufficiently acdaréor acquiring unobstructed
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(b) Camera O captures robot 3.
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(c) Camera 1 captures robot 0. With the higher resolutionirement, robot O now needs to be

captured alone, instead of simultaneously with robot 1 and 2

(d) Camera 2 captures robot 1 and 2 with a two task MTVI.
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Figure 5.13: The resolution requirement was increasedvelt Figure 5.12, and three

cameras are now needed.

and well-magnified video segments of the people.

5.5 Chapter Closure

This chapter considers scalability issues in large scateeca networks for sur-
veillance. Extending the idea of (M)TVI's introduced in Qiter 4, we first considered
efficiently constructing MTVI's. We described a plane-swegproach which achieves
significant speedup over the obvious brute force algoritfitne second issue addressed
was the approximation factors of a greedy and a branch anddoseheduling algorithm.
We showed that the number of tasks covered by the branch anttikagorithm is in-
dependent of the number of cameras, and that uneven tasibulisin can cause the
number of tasks covered by the greedy algorithm to det¢aaaa the number of cam-
eras increases. Simulations of large camera networks shthaethe branch and bound
algorithm consistently schedules significantly more tablas the greedy algorithm. A
scaled-down real-time, four camera prototype that usegtbedy algorithm (which is
more suitable for small real-time camera networks due tw®r complexity) was de-
scribed. Several examples were shown in which MTVI's wenestaucted in real-time

using plane-sweep, based on results of detection, traekidgisibility prediction.
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~
Camera 2 Camera 2 Camera 2 Camera 2

(c) Capturing person 2 with camera 2.

(d) Capturing person 0 with camera 2 after person 2.
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Figure 5.14: The three persons first appeared sufficienigrs¢ed to be detected indi-
vidually (left image, (a)). Given only two active camerasrgon 0 and 2 was scheduled
first. Because the system was able to track through occlsisgtrown in (a), so that the
image of person 0 was prevented from merging with those &fgoet and 2 as they were
captured, the predicted motion model of person 0 was acceratugh for camera 2 to
capture unobstructed and well-magnified frames of persofted i finished capturing

person 2, shown in (d).
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Chapter 6
Left-package Detection Under Severe Occlusions

6.1 Background

This chapter describes the design and implementation dt-pdekage detection
sub-system that works under severe occlusions. The dmtesyistem has minimal re-
liance on thresholding, which is a pitfall of many vision &mss. Detecting abandoned
packages under severe occlusion introduces severalegaltgproblems, including mod-
eling the background under very severe occlusions, andifgeig static objects.

Given a single camera, a classical image analysis progeapproach would be to
perform change detection, followed by a threshold-baspdomgh to detect static objects,
before classifying them as possible packages based onrappea(shape and color).
Several researchers have thus focused on first building legbmand model, with the
assumption that frames containing only background pixedsamailable (e.g., [57, 58])
for training. We eliminate this restriction by modeling thackground incrementally
based on a novel discriminative measure. The intuitiommpge; given frames containing
moving foreground objects, the only pixels that should lmeiporated in the background
are those in static regions. Several researchers havegaod@imilar approaches, such
as [59] where the dominant mode at a pixel is used as the baakdy or [60] which
assumed that background pixels are seen more frequentiyfdheground pixels during

training - an assumption that is invalid under sufficiendyere occlusions.
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We measure motion by simply differencing successive frariés model the pdf
of frame differences as a zero-mean Gaussian distributtowever, an approach that
builds a background model by including pixel measuremertsnvmotion is “small”
suffers from missed detections caused by homogeneous gioljacts - a problem com-
monly known as the foreground aperture problem - unless elat®rate image process-
ing scheme such as the ones described in [61, 62] are empigsthke advantage of the
observations that each homogeneous moving region occthddsue background pixel
for a short period of time, and different regions are likayhtave different colors. So, a
true background pixel is more likely to exhibit higher freqey than these “homogeneous
pixels” over a sufficiently long period of time.

We still face problems caused by homogeneous moving regibea homogeneous
pixels occlude an “abandoned pixel”, since they are likelypé classified (wrongly) as
abandoned, being foreground and mistaken as static. Weildesc Markov Random
Field (MRF) formulation for identifying abandoned pixelsat considers the influence
of a pixel's neighborhood, with the optimal configuratiorrided as the one with the
Maximum A Posteriori (MAP) probability. Abandoned pixelseahen clustered, and

these clusters are finally filtered based on color, shape asid position.

6.2 Motion Modeling

We want to estimate a noise model at each pixel for backgrooodeling, from
image sequences that can include significant foregrountbmoAn example of a frame

difference histogram for a pure background pixel is showRigure 6.1, where the dif-
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Figure 6.1: The difference values of an unobstructed sfakel between successive
frames over 550 frames is measured against the frequentcg&sws a zero-mean, uni-

modal Gaussian distribution.

ference values of a static pixel over 550 frames are measweée assumed that the
distribution is, ideally, a zero-mean Gaussian and eséntatvariance as follows. We
first retrieve the frequency, of the mode with center closest to zero, along with that
of the immediate leftf,, and right neighboring mod¢,. Then the relative frequencies

at the three values are—L and

fe
Jo+fet+fr? fotfotfr

7777 1he variance of the pdf is then

estimated aﬁ. We show such a plot and the estimated pdf in Figure 6.2(a) and
4 fot+rfet+fr

(b) respectively; multiple modes caused by foreground omotan be clearly seen.

6.3 Background Modeling

The foreground aperture problem, together with severeusts that allow only

limited glimpses of the true background, make modeling thekground challenging.
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Figure 6.2: (a) Under severe occlusions, we can see manyshedéles the one centered
at zero, with the former indicating presence of motion aredl#tter indicating static or
homogeneous pixels. (b) The system finds the mode with celogst to zero, delimiting
it by the left and right neighboring mode, and computing taeance of the pdf over the
same range of data. (c) In this plot, the difference valuexamputed as the difference
between the current pixel value and the true background patae, at the same pixel
location as (a). (d) The pdf associated with (c), estimateithé same manner as (b), is

very similar to (b). All the plots are measured over 550 frame
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We describe a discriminative measure to identify backgdquirels, that is based on the
joint probability of observing a pixel value when no motiandetected. To build the
background model, we first obtain the history of pixel valaed difference values from
timet — Attot — 1, given as{C;_ay, ..., Cy_1 } and{D;_ny, ..., D;_1 } respectively, and
construct each pixel’s histogram. We compute a “differewegghted” frequencyy;, for
intensity: as follows:

t—1

T=t—At

where P(C, — i) measures the probability that intensitis the true intensity when',
is observed, an@(D.) is the probability of observing no motio?(|C’. — i|) behaves
similarly to P(D.), so that both can be estimated using the pdf for frame diffege at
that pixel. This is illustrated in Figure 6.2(c) and (d).

fi is effective for identifying background pixels, even undevere occlusions and
the presence of homogeneous moving regions. Intuitivalh & frequency measure for
homogeneous moving pixels will be low, since they are onbgcked as static for a short
period of time and different homogeneous moving regionsllghave different colors,
whereas the same frequency measure when used for a bacigniaehis expected to be
high since its frequency increases whenever it is visiblas 1 illustrated in Figure 6.3.
The frequency of a pixel on a specular surface, under seeessons, was recorded
over 100, 200 and 300 frames in (a), (b) and (c) respectivBlgch time the modes
were correctly identified (manually verified). The choiceaddpecular pixel allows us to

illustrate the effectiveness of the frequency measureaume the pixel values fluctuate
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Figure 6.3: The modes of a background pixel, identified usilegfrequency measure in
Equation 6.1, over 100, 200 and 300 frames in (a), (b) andgpeactively. The modes are
correctly identified each time. The background pixel betotaya specular floor surface

and the two main peaks are caused by moving objects castlagtiens on the surface.

significantly between the two main peaks in the plots, as ngwbjects cast reflections
on the surface.
The density of the resulting background model is estimatigd @aussian kernel

density estimation, so that the probability of observingea pixel value(;, is given as:

n fi

1 1 (Cr=i)?
P(C) = =r—r T 6.2
(Cy) Zfzza — (6.2)
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whereo is the chosen bandwidth. Several methods currently existiftomatic selection
of the bandwidth, notably plug-in and cross-validation moels (e.g., [63, 64]), but the

simple method suggested in [3] works reasonably well andeslun our system.

6.4 Abandoned Package Detection

6.4.1 Pixel-level Detection

The frequency measure in Equation 6.1 allows the backgrowkl to be initial-
ized as soon as enough “glimpses” of the background pixehemgable. Once such a
model is constructed, foreground pixels belonging to abard packages that occlude
the background pixel could be detected as pixels that atie,dbait yet are classified as
foreground by the background model. However, under seveckigsions, this will not
deal effectively with the foreground aperture problemidasl, we propose the following
approach.

For each pixel, we consider the histogram of the set of piaklesC’;, seen during
time interval between — At andt, with the “motion-weighted” frequency of each pixel
value,g;, computed as:

t

gi= Y_ P(C, = Ci|)« P(D;) = P(Cy), (6.3)

T=t—At

which sums, over the observatio€s, the joint probability that’; is observed, and that
it is the value of a static and foreground pixé&l(C;) is the probability of seeing; as a
foreground pixel and equals— P(C;) ( Equation 6.2). We show such a distribution in
Figure 6.4, collected over 400 frames of a severely occlsdede. A package was aban-
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Figure 6.4: The plot of the distribution of a pixel over 408rfres is shown here. The pixel
belongs to a package that was abandoned midway throughdhersse. The frequency

is measured according to Equation 6.3, revealing the maik peen here.

doned midway, and the distribution at a pixel location ocedfby the package is shown
here before and after the package was left. It shows thayttera was able to identify the
abandoned pixel corresponding to the highest peak in theysng the frequency mea-
sure in Equation 6.3. As a result, the system can now obtaim gwlistribution for every

pixel, look for the dominant mode (highest peak), obtais@mple probabilityP(x) (in

1

Figure 6.4, its~ 0.21), and compute the corresponding sample varianee as PG

assuming the underlying distribution is normal. This samariance is related to the
likelihood that the pixel is an abandoned pixel and is usethénfollowing section for
ascertaining and clustering abandoned pixels. We willrreféhese variance values as

“abandoned variances”.
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6.4.2 Region-level Detection

Clustering Abandoned Pixels

After obtaining the abandoned variances, further proogss performed at the
region-level to group the abandoned pixels into clusters ugé a MAP-MRF (Maximum
A Posteriori-Markov Random Field) labeling technique [656, 67], which models the
relationship of a pixel to its neighbors in determining ifsitan abandoned pixel.

Let f = {f1,..., [m}, Wherem is the number of pixels in the image. Ea¢his
assigned label 1 or 0 to indicate whether the correspondie {3 an abandoned pixel
or not; f is assumed to be Markovian so that the label of a pixel interanly with
the neighboring labels. The goal is to obtain the configamatf,,.., with the Maxi-
mum A Posteriori probability. Due to the Hammersley-Clitfdheorem [68, 69] which
establishes the equivalence between the properties of MiFGgbbs distribution, the
probability of a configuration’(f), can be written as:

P(f) = %e‘%w% (6.4)

whereT is called the temperature and is usually assumed to leid called the partition
function, and can be written @ = >, e~TVU(), whereF is the set containing all
possible configurations. For the purpose of performing MARs fortunately inconse-
quential, sinceP(f) « e~ V(). We computd/(f), consisting of only pair-site cliques,

to encourage smoothness in the clustering as :
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(6.5)

l\DlH

=225
i=1 i'eN;
wherel; is the 8-neighborhood system of
We now consider the set of abandoned varianées,{c?, ..., 02 } previously de-
termined, with a smaller variance indicating a higher likebd of being abandoned. A
weighting schemelV,, is used for modeling the variance that comprises two sépara

exponential functions for labels 0 and 1 respectively. Téweygiven as:

Wo(oilfi) = (6.6)

9
[Z

e~ 0 £ — 0.

These exponential functions are designed to satisfy sesenaitions. Firstly, for label
1, the function should be monotonically decreasing as theamee increases, and the op-
posite should be true for that of label 0. Secondly, we warttet@ble to perform MAP
without computingZ, for performance reasons, and this is achieved by usingrexjpal
functions. Lastly, the probability given by one functionagparticular value of variance
should complement as much as possible that of the otheritumcte., if p is the proba-
bility of being label 0, then the probability of being labesfiould be as close as possible
to 1 — p. We achieve this (approximately) by settikg= 4 andd, = 12. A plot of both

functions with thesé-values is shown in Figure 6.5.

Based on Equation 6.6, the likelihood density can be writen

P(d|f) = HWa<al-|fi>, (6.7)
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Figure 6.5:0, and#, are set to 4 and 12 respectively. The functions complemat ea

other approximately as shown.

Since the posterior probability is:

P(f|d) oc e”UUID), (6.8)

taking thelog of P(f|d) o P(d|f)P(f) gives:

U(fld) = U(d[f) + U(f), (6.9)

whereU (d| f) can be written as:

Udlf) =Y (1~ fi)boe ™ + fig—j. (6.10)

i=1

The MAP estimate of,,.... then becomes:

fmax :argfmin U(f|d) (611)
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Unfortunately, optimizing this cost function is an expoti@iproblem, since there would
be 2 different combinations off. Our problem is, however, simpler. Since seeing
an abandoned package is expected to be a rare event, it kelyrthat there would be
many true abandoned pixels at any given time. We thus reche@roblem space by
dividing the pixels into small blocks. Optimization beginghe upper-right block of the
image, after which optimizations of subsequent blocks arglitioned on the state of the
blocks that have been optimized, i.e., the labels of pixgteglin previously optimized
blocks and which are neighbors of pixels in the block beinginoiged are fixed. Such
an optimization procedure is known as the Iterated Conuhlidlodes (ICM) approach
[70]. While the ICM approach will generally only convergeattocal maxima, it performs
reasonably well for our problem.

With the pixels labeled, we cluster pixels that have beeiitipely labeled; pixels

lying within a 8-neighborhood system of each other are agsido the same cluster.

Region-level Semantics

Candidate abandoned packages that have been identifiedsareegified at the
region-level. Doing so helps to distinguish between truenaloned packages from other
static objects, such as a person standing still. We use anagpbased on the observation
that abandoned package remains absolutely stationaryo(apaced to, say, a person
standing in place). Then, it can be expected that the shapedar of a true abandoned
package would remain relatively constant over time.

Consider a candidate abandoned package initially deteaite¢ine ¢ with size,
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shape, position and grayscale histogram giveg ,as, p; andC; respectively. Because
we expect the abandoned package to be stationary, we loak dbmp, in subsequent
frames. Within the same image region, givencpgt p;, in a subsequent frame, we per-
form further evaluation based on shape and grayscale ngstoglrhe Hausdorff distance
[71, 58] is employed to compare the shapes between congedrgmes. Edges are first
detected in the initial and subsequent frame within the daues given by, yielding
two sets,A; and B; respectively, of points lying on detected edges. The Hatisdis-

tance,H (A;, B;), is given as:

H(A,, B,) = max(h(A,, B,), h(B,, A,)), (6.12)

where

h(A,, B,) =max min P(D,) % |a — b]. (6.13)

€A beBy
The Hausdorff distance{ (A;, B;), measures the distance of the pointffthat is far-
thest from any point of3;, and is particularly useful for comparing shapes when tiwere
no scaling changes. By adding the teif{,D, ), that represents the probability of observ-
ing no motion ab, we also impose the requirement that the pixels used in tlealation
be static.

Following shape comparison, differences in color propertre evaluated. We
adopt a simple approach as follow. We first convert the indred subsequent frame
to grayscale, and the (16-bin) grayscale histogram distemeasure];,;.;(X;, Y;), is then

computed using the following quadratic form [53]:
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Figure 6.6: (a) The grayscale histogram differences overfemes are computed for
an unobstructed background region, and the dominant mopeedictably centered at
zero. (b) Here, the grayscale histogram differences arepuated for a different region
that experienced severe occlusions. (c)(d) The Hausdistttes over the same frames
are computed for the same regions respectively. We look éates with centers closest to
zero for both the grayscale histogram difference and Hatfstietance, and use them to

estimate the corresponding pdfs needed for computing thigapility in Equation 6.15.

131



dnist( X, Ye) = (X = Y2)T Pp, WPp, (X, — V), (6.14)

wherelV is a16 x 16 weight matrix, that gives the similarity between differdms,
and contain ones on the diagonal, afg, is the matrix containing the probability of

observing motion for each pixel used in the computation hiEsdement o#V" is computed

asl — ('”’wd”-"fg"wdem'), whererowg;q, androw,,., are respectively the row index of
the diagonal element and the row index of the element in threesaolumn. Using these
measures, observations made from timd tot + At, { H(A¢, Bey1)), .., H(As, Briat) }

and{dpn;st(X¢, Y1), -, dnist( Xy, Yirar) }, allow the system to finally classify a cluster as

abandoned package when the following joint probabilitye@ds some threshold

P(Dhausdorff == O) * P<Dhist == 0) > T, (615)

where P(Dpqusiorrr = 0) and P(Dy;x = 0) are respectively the probability of observ-
ing no differences in the Hausdorff distance and grayscat®dram distance. We ex-
pect the pdfs fotP(Dyqusdorrf) @nd P(Dp;s) to be unimodal and zero-mean, and esti-
mate their densities from the observations as the mode wittec closest to zero, after
re-normalization based on the frequencies of the neighgariodes. We show in Fig-
ure 6.6(a) and (b), the grayscale histogram differencesuned over 550 frames, for an
unobstructed background region and one with severe ooclsisespectively. Each of
them clearly shows modes centered at (or close to) zerojstextracted as the pdf for
use in Equation 6.15. Figure 6.6(c) and (d) show the cormedipg plots of the Hausdorff

distances measured over the same frames.
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6.5 Implementation and Results

We applied our algorithm to several video sequences tha been collected from
crowded Singapore train stations. They are shown in Figi,ed68 and 6.9. In all the se-
guences, no frame containing only the background is availdbgure 6.7 demonstrates
the performance of our detection system versus a thresiaddd system. Since no back-
ground frames are available, the backgrounds for both systeere modeled using the
approach in Section 6.3. In the leftmostimage, the MRF lage$ shown in green pixels,
which was automatically used to draw a red bounding box imtiddlle image around
a package left in the scene. The threshold-based resulgsinahe rightmost image,
however, falsely detected an abandoned package causediysshin lighting conditions
in addition to the real abandoned package.

In Figure 6.8, we consider a video sequence of a train statioch contains “quasi-
static” objects - objects that are stationary during sonterual of observation. It shows
in (a) and (b) that our detection algorithm is able to avoitedeéng a woman standing
in place as an abandoned package. This is because quaspbiatts are typically not
absolutely stationary and do not satisfy temporal penststén shape and color as illus-
trated in the edge maps shown in the figure. In contrast, thiesywas able to detect a
real abandoned package in (c) and (d), which displayed teshpersistency in shape and
color after the MRF stage.

Finally, Figure 6.9 demonstrates the robustness of thesyagainst the foreground
aperture problem. This is illustrated in (a), (b) and (c).eylshow a scene with many

sources of specularities including reflections from thdirogs, floor and escalator. De-
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Figure 6.7: In this video, there is a large amount of objeciusion. We compare our
detection result (middle image) to that of a threshold-baystem (right image). The left
image shows the MRF labeling for our detection. The threbibalsed results show false
detections besides the true abandoned package. A red Ingurahk of the false detection

can be seen above the real abandoned package.
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Figure 6.8: The system is able to avoid detecting “quagieStabjects as abandoned
packages. In (a) and (b), the left image shows the MRF lapp&tiigreen pixels. It shows
that the woman standing on the right side of the image cawades flabeling. She was
however not detected as an abandoned package (i.e., nowadibg box in the middle

image) because she was not absolutely stationary. Thiseatderved from the right
image, which shows the edge map used for computing temperalstency in shape.
Note that a green bounding box in the edge map shows wheredimamwwas standing.
In contrast, in (c) and (d), a package left in the scene wa®ctly detected because it

demonstrated temporal persistency in shape and colorth&dRF stage.

spite these problems, by observing the scene over timeygters was able to eliminate
them and correctly detected a package left behind a trastshawn in (d)), even though

it was almost hidden from the view of the camera.

6.6 Chapter Closure

We have described a system for detecting abandoned padkadesssevere occlu-
sions. We introduced a probabilistic framework that prateg probabilities associated
with the decision made in each step to the next, involvinggsholding only at the final
stage. We first described a discriminative measure to ifyelbpéickground pixels, even
under severe occlusions and the presence of homogeneoursgnegions. The statisti-

cal evaluation of the shape and color properties of abardtipaekages using Hausdorff
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Figure 6.9: (a)(b)(c) The left picture shows detected motiogreen - we thresholded
the motion detection stage to reveal non-static pixels)enine right image shows the
original image. The foreground aperture problem is clegldgtrated here. There were
also many sources of specularities in the scene includifiectmns from the ceilings,
escalator and the floor. (d) Despite these problems, ouststat approach successfully

detected a package, which was left behind a trash can andmvastanvisible.

distance and a simple quadratic histogram similarity megswupled with an MRF for-
mulation for clustering abandoned pixels, allow the systenobustly identify true aban-

doned packages.
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Chapter 7
Conclusions

7.1 Summary

This dissertation has described planning strategies toaugring surveillance tasks.
Several planning algorithms have been given, includingféine camera placement algo-
rithm, an online camera selection algorithm, an active carsgstem and a left-package
detection system.

We have shown the advantages of performing backgroundasatiotin using a two-
camera vertical configuration in Chapter 2. The detectigardhm places two cameras in
a vertical configuration and utilizes a background model¢basists of the color dissim-
ilarities between conjugate pixels. The algorithm is verust to illumination artifacts
such as shadows and lighting changes. It allows the systestdblish conjugate pairs of-
fline so that much more accurate but otherwise prohibitigkw stereo algorithm can be
used. It also allows for manual intervention in correctingeeous correspondences. By
establishing correspondences offline, the algorithm is @y fast, making it practical
for actual deployment.

Then, in Chapter 3, we described an online stereo pair saheatgorithm that
detects and tracks people under occlusions. The algorghespecially useful when it
is much more cost-effective to reuse existing camera nésvormhe basic idea of the

algorithm is to count people in complex scenes using a puslyoproposed algorithm,
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which only provides an upper bound on the number of peopleearstene. To estimate
the exact number of people in the scene, we augment the peopiging with disparity
computation, which introduces problems caused by ocahssamd inherent accuracies of
stereo matching. However, by posing the problem in a parfitter framework which
intelligently selects stereo pairs in real-time, we werke db significantly improve the
accuracy.

We then followed by describing another multi-camera syste@hapters 4 and 5,
of which the primary goal is to collect task-specific videgmsents in real-time, subject
to constraints on object visibility and camera PTZ settinBkanning is efficiently per-
formed to predict temporal intervals (TVI's) in the futurarthg which these constraints
are satisfied. We have shown that these intervals can in wafficiently combined into
MTVI's using a plane-sweep algorithm. This ensures thatthestruction of MTVI's is
fast enough in large camera networks. For large camera niedwadditional scalability
issue arising from scheduling cameras was also consid8patifically, we analyzed the
approximation factor and speed of two different scheduétgprithms: a greedy algo-
rithm and a branch and bound algorithm that extends an ofsimgie-camera algorithm
based on DP. The branch and bound algorithm outperforms#eelg algorithm signifi-
cantly in terms of task coverage but is slower than the gredglyrithm.

Finally, we have also described a left-package detectisteayin Chapter 6. The
system forms part of a left-package system, which works Isy €ietecting abandoned
packages in the scene, going back in time to construct titeevials during which these
packages likely first appeared and retrieving images orovegments that have been
acquired from a collection of cameras during the same tinervals. The detection
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system utilizes a statistical framework that reduces mekaon thresholding and works

well under severe occlusions.

7.2 Future Work

Several extensions to this dissertation are possibletlyitse two-camera detec-
tion algorithm in Chapter 2 can be combined with single-aant@ckground subtraction
to exploit the advantages of both approaches. Additionidikyalso possible to utilize the
two-camera detection algorithm for modeling dynamic backgd. A number of studies
conducted for this problem focused primarily on modelingetéive patterns of dynamic
background. In the case of non-repetitive dynamic backuothis approach clearly
becomes unsuitable, e.g., a tree branch moving in the windaElynamic background
pixel, several conjugate pixels at different depths cqoesling to the background motion
can be used to build the background model. The two-cameoaitig can then proceed
by checking the color dissimilarities at these conjugatesgdar foreground detection.

Secondly, it would be interesting to apply the online stgraio selection algorithm
to large camera networks. A larger number of cameras wileraypositive impact on
the algorithm’s performance due to better handling of cgiolis when more stereo pairs
are available. This however raises scalability concerasabse the amount of disparity
computations will increase and consequently the speededdltjorithm will deteriorate.
While the problem is not significant in our experiments sionly a few stereo pairs was
considered, a distributed architecture should be corsid&ar large camera networks,

with dedicated machine performing disparity computatimm®ach stereo pair.
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Thirdly, the performance of the active camera system depend few factors, in-
cluding the accuracy with which the tracks of an object camptaglicted. This can be
improved by observing and collecting statistical data alblo@ paths taken by objects in
the scene over an extended period of time. The collectedtstatcan then be combined
with online observed tracks of a target for better predictidoreover, the current imple-
mentation of the active camera system is a scaled-down irtototype due to limited
resources. Setting up a large outdoor camera network filmgebe robustness, efficiency
and effectiveness of the algorithms is thus desired.

Finally, a full-fledge left-package system is being devebbpsing the left-package
detection system described in this dissertation, and sHmibf interest to researchers in
this area. In addition, we are also interested in develogiggrithms for situations where
the packages are not visible (e.g., the perpetrator cansideppackage into a receptacle

such as a trash can).

7.3 Final Words

We unify this dissertation as follow. The two-camera baokgud subtraction ro-
bustly extracts foreground regions even under varyingnihation conditions. Then, our
stereo pair selection algorithm segments these regioasndividual objects and tracks
them even under severe occlusions. The tracks of theset®bgatbe observed over time,
so that their future locations can be predicted. Utilizingge predicted tracks, the active
camera system captures task-specific video segments rtffyjczand archives them. Sus-

picious events, such as the detection of abandoned pactaybe effectively handled by

142



retrieving the archived images for analysis.
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