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Abstract. Camera networks are increasingly being deployed for siyclrimost
of these camera networks, video sequences are capturesiniteed and archived
continuously from all cameras, creating enormous stresavaitable transmis-
sion bandwidth, storage space and computing facilities dé#eribe an intelli-
gent control system for scheduling Pan-Tilt-Zoom camevaspture video only
when task-speci ¢ requirements can be satis ed. Theseosdd&re collected in
real timeduring predicted temporal “windows of opportunity”. We peat a scal-
able algorithm that constructs schedules in which multigéks can possibly be
satis ed simultaneously by a given camera. We describe twteeduling algo-
rithms: a greedy algorithm and another based on Dynamicr@muging (DP).
We analyze their approximation factors and present sinaunatthat show that
the DP method is advantageous for large camera networkens @& task cover-
age. Results from a prototype real time active camera syistevaver reveal that
the greedy algorithm performs faster than the DP algoritiaking it more suit-
able for a real time system. The prototype system, builtgisiisting low-level
vision algorithms, also illustrates the applicability afralgorithms.

1 Introduction

Large scale camera network systems are being increasieglpyed for purposes that
include security, traf ¢ monitoring, etc. These systemgitylly consist of a large num-
ber of cameras, which can either be active (speci cally,-PétrZoom or PTZ cameras)
or static, transmitting in real time video streams to pregesand/or storage systems.
Our interest is in controlling these cameras to acquireov&Bgments that satisfy task-
speci c constraints. For example, one may wish to acquiteast a few images of each
person who enters a given region, capture video segmetitsgl&sseconds and con-
taining well-magni ed facial images for facial recognitipor, capturek second long
video segments of the side view of a person for gait modelivtracognition. By intel-
ligently transmitting and storing only video segmentssfgiing task requirements, we
can reduce the bandwidth requirements and storage spateaidly and increase the
ef ciency and effectiveness with which the collected videmmments can be processed.

The control of the cameras to collect these video segmeatstiallenging problem.
The system must detect and track moving objects both withihteetween cameras in
a sensing stagea problem which is not fully solved yet. Papers such as [He3l
with tracking under occlusions, and other papers such &g ffescribe algorithms for
tracking across non-overlapping views.

A second challenge is to predict, given a set of tracked tayglee time intervals
during which video segments meeting the requirements oféasles can be collected
from available cameras. These requirements include erg(t) that the associated
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objectis unobstructed by other objects, (2) that it is mgwma direction suitable for the
task, (3) that it can be capturedin a eld of view of the cam@&z) assigned to collect
its video segments, and (4) that the collected video seggmeust satisfy task-speci ¢
minimum resolution and duration. For example, if the tastoisollect facial images,
then we must ensure that the video segments are collectgdiarihg time intervals
when the person is predicted to be walking towards the caretdaunobstructed by
other moving objects.This can be done using the observekktit the person and other
moving objectspredicting their trajectories into the futurand then identifying periods
of crossings between the predicted trajectories with r@sfzeeach of the available
cameras. The complements of these periods of crossingssibdity time intervals
during which the person is unobstructed, and camera settiaug be determined within
these temporal visibility predictions to capture the parsoa well-magni ed frontal
image or video sequence satisfying the four requiremermtgald his problem has been
addressed in earlier work. [6] described the constructiospecalled “Task Visibility
Intervals” (TVIs) and “Multiple Task Visibility Intervals(MTVIs), that represent time-
varying camera setting ranges that can be used to colleeb\@elgments satisfying one
(TVI) or multiple tasks simultaneously (MTVIs).

A TVlis a 6-tuple:
(c;(T;0);[rd;Valid ;¢ (1)); (2)

wherec represents a PTZ came(d,; 0) is a (task, object) pairF is the index of a task

to be accomplished aralis the index of the object to which the task is to be applied,
and[r; d] is a future time interval during which task requirements oarsatis ed using
camerac. Then, for each time instande2 [r;d], Valid . (t) is the range of valid
combinations of the pan angle); tilt angle ( ) and focal lengthf() settings that camera

¢ can employ to capture objectat timet. The tasks themselves are 3-tuples:

(D (2

wherep is the required duration of the task,is the orientation of the object relative to
the optical axis of the camera used to accomplish the task, @&the minimum image
resolution needed to accomplish the task.

[6] also described the composition of TVIs into MTVIs, tinm¢ervals during which
collections of tasks can be satis ed simultaneously by amera. A set of TVIs, each
represented in the form:

(c;(Ti;0);[risdil; Valid ;[ (1));
for TVI i [Egn. 1] can be combined into a valid MTVI, represented as:
[ \ \ |
(c; (Ti; 0); [ri;dil; Valid |; i (1); Q)
i=1::n i=1::n i=1::n
such that:
[ri;d]6;; (4)
i=1:n

i.e., there is some common time interval during which thaeyloa scheduled, and:

[ri;di]  Pmax;

i=1::n



-
wherepmax is the largest processing time among the tasks, and folall ;_, ... [ri; di],

Valid . 1. (t)6 ;; (5)

i=1:n

i.e., the tasks can be captured with common PTZ settings.

Besides [6], other work that has focused on temporal arsa#ysi planning for cam-
era scheduling includes [7, 8], which discuss a dynamicagulanning system, called
the MVP system. They were concerned with determining otmhifree viewpoints of
a target. This involves handling occlusions between trgetaand the different moving
objects in a scene, each of which generates a swept voluremjpotral space. Using a
temporal interval search, they divide the temporal intisrirgto halves while searching
for a viewpoint that is not occluded in time by these sweepiv@s. This is then inte-
grated with other constraints such as focus and eld of vie\i8]. The culmination of
this work is found in [7], where the algorithms are appliec@toactive robot work cell.

In this paper, we will address the problem of job scheduliingmythe TVIs and
MTVIs generated as in [6]. In general, job scheduling profdeare NP-hard, and ap-
proximation algorithms have to be employed. We rst analyfreapproximation factor
of a greedy scheduling algorithm (as a function of the nunaf@ameras), which re-
veals that its performance deteriorates signi cantly &rthmber of cameras increases.
We then describe a Dynamic Programming (DP) approximatigorghm with an ap-
proximation factor that is much better than the greedy agghioThe performance ad-
vantage of the DP algorithm is con rmed by simulations.

Finally, we describe a prototype real time active camergegysA scheduler con-
trols PTZ cameras in real time to capture video segments@sautomatically con-
structed TVIs and MTVIs. While the prototype system inclsidaly a small number of
cameras due to limited resources, the results illustratapiplicability of the algorithms
for large scale camera networks.

2 Single-camera Scheduling

We rst study the scheduling problem when only a single canistused. This will be
extended to the problem of multiple cameras in the next@ecsiso, we will limit our
analysis to non-preemptive schedules in this paper.

We introduce the following theorems that make the singleara scheduling prob-
lem tractable:

Theorem 1. Let the slack for thda-th task be ; = [t i;t+i], and dene max =

max(j ij) andpmin as the smallest processing time among all (M)TVIs for some ca
era. Then, iff maxj < Pmin , then any feasible schedule for the camera is ordered by
the slacks' start times.

Proof. Consider that the slack = [t 1;t+1] precedes, =t 2?t+2] in a schedule and
t >t .Letthe processingtime corresponding{dep;. Thent +p; >t + p;.
We know thatift + p; >t" , then the schedule is infeasible. This happer} if

t, +p-iet’ t  pu.Giventhal maj<pmn.t, t, pristrue.

2

Theorem 1 implies that if max ] < pmin » We can limit our attention to feasible sched-
ules that are ordered by the slacks' start times. This is sorebly close assumption in



many cases since the time to move the cameras and capturgeanisigenerally quite
large compared to the slack times in crowded scenes, whelessiheduling matters
most. This assumption allows us to construct a Direéeyclic Graph (DAG), where

each (M)TVI is a node with an incoming edge from a common semade and out-
going edge to a common sink node, with the weights of the ontgedges initialized

to zero. An outgoing edge from one (M)TVI node to anothertsxi§ the slack’s start

time of the rst node precedes that of the second (Theorerwhich can however be
removed if it makes the schedule infeasible. Consider the#ng theorem and corol-
lary:

Theorem 2. A schedule - a sequencerofM)TVIs each with slack; T::[t i ;t"i ], where
i 5 1::n represents the order of execution - is feasibEif t (' ;... 1P)

(" i=1..n 1) il), pi being the processing time of thé (M)TVI in the schedule.
Proof. For the schedule to be feasible the following must be ttue: p; t+2,
to+ P, t', ...t *pa 1 t.Summing them up gives +t + i+
tp ot imion 1By t* +t* +::+t"  whichcanthenbesimpliedas t

FD 1 2 3 ) n o . n +1

( izton 1P)  ( =1.n 1) il). Theconditiont +p; t7,t +pp t g

U 4P 't+n , iIs however only a suf cient condition for a feasible schiedu
Corollary 1. De ne a new operator , such thatif ;(=[t ;t"])  2(=[t ;t")]),
thent Lt P t+2. Consider a schedule of (M)TVIs with slacks, . The condition:

1 2, 2 3 ey n 1 n, IS necessary for the schedule to be feasible. Con-
versely, if a schedule is feasible, than 5, 2 3y e n 1 n. Proof is omitted
since it follows easily from Theorem 2.

Due to Corollary 1, an edge between two (M)TVI nodes can beoxe if it violates
the relationship, since it can never be part of a feasible sdieedu

Fig.1. Single-camera scheduling: DAG formed from the skhode =
fT1;Tog;node, = fT,;Tsg;nodes = fT3;Tag;node; = fTs; Tegg The weights
between (M)TVI nodes are determined on the y during DP. Assuthat, in this
example, the relationship is satis ed for the edges between the (M)TVdles.



Using such a DAG, a Dynamic Programming (DP) algorithm canded to solve
the single-camera scheduling problem. Consider the fatigveet of (M)TVIs that
have been constructed for a given camera, represented bgske [;...¢) they sat-
isfy and sorted in order of their slacks' start timfasode, = fTy;Tog;node, =
fTo; Tsg; node; = fTg; T4g; nodey = f Ts; Tegg, where the set of nodes in the DAG in
Figure 1 is given asode-; .4. DPis run by rst initializing paths of length 1 starting
from each of the (M)TVI nodes to the sink, all with “merit” 0t 2&ach subsequent path
length, the next nodeode,ey; chosen for a given nodede,,r inthe currentiteration
is:

Nodeext =, ,9max g, [ T asks(nodeyyr )j; (6)

N2Scur 2next

whereScurr 2next IS the set of nodes that have valid paths starting from thethén
previous iteration and for whichode,, has an outgoing edge t8; is de ned as the
set of tasks covered by the path (in the previous iteratitam)isg fromn, andT asks()
gives the set of tasks covered by the (M)TVI associated motte.,; . So, for example,
from node;, paths of length 2 exist by moving on to either onenofle,... 4, with the
move tonode,, node; andnodey coveringf Ty; To; Tsg (merits=3),f T1; To; T3; T4g
(merits=4) and Ty; T»; Ts; Teg (Merits=4) respectively. We choose the path of length
2 from node; to nodes. Iterations are terminated when there is only one path heft t
starts at the source node or a path starting at the sourcematdmvers all the tasks. In
our example, the optimal path becormegle; ! node; ! nodey, terminated at paths
of length 4 from the sink when all the tasks are covered.

3 Multi-camera Scheduling

While single-camera scheduling using DP is optimal and lodgjemial running time,
the multi-camera scheduling problem is unfortunately NifFdhConsequently, compu-
tationally feasible solutions can only be obtained with ragpmation algorithms. We
consider both a simple greedy algorithm and a branch anddtkmalgorithm.

3.1 Greedy Algorithm

The greedy algorithm iteratively picks the (M)TVI that cos¢he maximum number of
uncovered tasks, subject to schedule feasibility as giyehheorem 2. Under such a
greedy scheme, the following is true:

Theorem 3. Givenk cameras, the approximation factor for multi-camera schiegu
using the greedy algorithm B+ k , where the de nitions of and are given in the
proof.

Proof. Let G = S- « Gi, whereG; is tge set of (M)TVIs scheduled on caméra
by the greedy algorlthm and I@PT = _, .., OPT;, whereOPT, is the set of
g\/I)TVIs assigned to camerain the optimal schedule We further de ne (H); =

« Hwi, whereH; is the set of (M)TVIs for camerg that have been chosen by
the optlmal schedule but not the greedy algorithm and eatiest (M)TVIs contains
@sks that are not covered by the greedy algorithm in any efcdimeras, (2H, =

« H=2i, whereH»; is the set of (M)TVIs for cameria that have been chosen by
the optlmal schedule but not the greedy algorithm and eatihese (M)TVIs coqtains
tasks that are also covered by the greedy algorithm, andyfa) OG = OPT G.



Fig.2. Multi-camera scheduling: DAG formed from the sdtnode
fT1;T2; T3g;node, = fT3;T49g for the rst camera, and the setnode;
fTy; To; Taggfor the second camera.

Clearly,OPT = H; S H» S OG. Then, forhj=1 ..n; 2 Ha1; wheren; is the number
of (M)TVIsin Hy;i, 9gi=1::n, 2 G;i such thah; andg; cannot be scheduled together
based on the reguirement given in Theorem 2, &|sshould have been included by
G. If Tasks(h;) Tasks(g) = ;, thenh; contains only tasks that are not covered
by G. In this casejh;j | gjj, elseG would have choseh; instead ofg . Note that
the cardinality is dge ned as the number of unique tasks cedeln the same manner,
even if Tasks(h;) Taskgg)$ ;gh; could have replaceg unlessihjj | gj.

ConsequentlyHy;ij = jha  hz i hnj j haj+jhej+ it jhaj j qj+jgej+
G+ jOnj. Let j = ]'g—'ll and ; =max( j n;). This givesH;j 1JGij + o+

niIGi] iiGij. Similarly, we knowjH 4] 1jGaj + i+ kjGij (jGaj +
i+ jGkj), where = max( ). Introducing a new term,; = ’JGTJ‘ and letting =

max( i), we getjHqj k jGj. SincejH,j | Gj andjOGj | Gj, jOPT]
2+ k )jGj.

3.2 Branch and Bound Algorithm

The branch and bound approach runs DP in a similar mannemgle-siamera schedul-
ing, but on a DAG that consists of multiple source-sink pé&inse pair per camera),
with the node of one camera’s sink node linked to another camesource node. An
example is shown in Figure 2. Then, for a source rgdee de ne its “upper bounding
set’Ss as:

[

Ss = Sc; (7)
€2 Sjink

whereSnk 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)TVIs 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 otherreante in uence the
(M)TVI nodes chosen for a particular camera. Admittediyttéreperformance is pos-
sibly achievable if “better” upper bounding sets are usedy@posed to blindly using
all the tasks that other cameras can cover without takingdiding feasibility into
consideration.

The algorithm can be illustrated with the example shown guFé 2, which shows
two camerasg; andc,, and the following sets of (M)TVIs that have been constrdcte
for them, again ordered by the slacks' start times and shava hy the tasksTj... 4)



they satisfy. Forcy, the setifnode, = fTy; To; T3g; node, = fTs; T4gg and forcy,
fnode; = fTy;To; T390 The DAG that is constructed has two source-sink pairs, one
for each camera ¢Source;; Sink;) belongs toc; and (Source;; Sinky) to ¢;. The
camera sinks are connected to a nal sink node as shown, hétlveights of the edges
initialized to zero. Weights between nodes in the constdi®AG are similarly de-
termined on the vy like in the single-camera scheduling.d2ied edges frorink ,

to Source; connects; to ¢,. The DP algorithm is run in almost the same manner as
single-camera scheduling, except that at paths of lengtbr3 the nal sink node, the
link from Source; to node,, is chosen because the upper bounding set indicates that
choosing the link potentially covers a larger number of $afle., the upper bound-
ing set of Sourcey, f T1; T2; Tsg combines with the tasks covered hgde, to form

fT1; T2; T3; T4Q).

The branch and bound algorithm can be viewed as applyingitiggescamera DP
algorithm, camera by camera in the order given in the coomdimg DAG, with the
schedule of one camera depending on its upper boundingtsstallows us to derive a
potentially better approximation factor than the greedypéethm as follow:

Theorem 4. For k cameras, the approximation factor of the branch %nd bourgyd-al
rithm is e L‘f»(k“(‘l‘(»(k“ o7 anduarede nedasfollow.LeG =~ _, ., G,
whereG,; is the set of (M)TVIs assigned to camelay the branch and bound algorithm.
Then, = max( jg—j) andu = max( u;), whereu; is the ratio of the cardinality of the
upper bounding set of camerdo jG; j.

Proof. Let be the approximation factor of the branch and bound algorithhen,
gssumlng that scheBuIes fGr; G, , have been determinef3,j L (jOPT]

: 1lJG ). Adding i=1 jG j to both sides gives:

X OPT 1 Xt
iGj —+—— G
j=1 j=1

A proof by induction shows, after some manipulation:

k X _
W IGjj | OPTj:
s =
LetH = ;.. Hi, Hj being the set of (M)TVIs chosen by the optlmal schedule on
camera but not the branch and bound algorithm. The condiildrj j G;j+ uijG; |
is true; otherwiseH; would have been added & instead. ConsequentI}HJ
(iGyj + 1+ Gy ) +§UJGyj + 11+ UGy]) Kk jG j+ku JG | k (1+u)jG j.
SinceOPT = OG H (Theorem 3), we getOP Tj 1+k (1+ uwjG j. Thus,

=1+ k (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 gnechrand bound algo-
rithm theoreticallyoutperforms the greedy algorithm substantially in termisek cov-
erage. This is illustrated in Figure 3, whereby the appration factors of the greedy
and branch and bound algorithm are plotted as the “distdbUparameters vary when
different number of cameras are used. These distributioanpeters refer to and
in Theorem 3, and andu in Theorem 4. They represent how well the tasks are dis-
tributed among the cameras and (M)TVIs. The plots show tmatgreedy algorithm
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Fig. 3. (a2) The approximation factor for the greedy algorithm usifly 50 and 100
cameras respectively.and here are as de ned in Theorem 3. (b) The same plots for
the branch and bound algorithm. Here, the approximatiotofatepends only on the
distribution parameters and not on the number of camerasid are as de ned in
Theorem 4.

is highly sensitive to the number of cameras, with the apipnakon factor becom-
ing prohibitively high when the tasks are unevenly disti#ai On the other hand, the
performance of the branch and bound algorithm depends onth@ distribution pa-
rameters and is not affected by the number of cameras.

Both the single-camera and branch and bound DP-based canfizra algorithm
have a computational complexity @{N ), N being the average number of (M)TVIs
constructed for a given camera and used in the resulting A@the other hand, the
greedy algorithm takes oni®(N 2) time, which could outweigh the bene ts of better
scheduling for very large camera networks.

4 Implementation and Experiments

Although we have theoretically found the approximatiortdas for the scheduling al-
gorithms, it would be interesting for practical purpose#teestigate the performance
of the greedy algorithm relative to the DP algorithm undeormal” circumstances
where we would expect “reasonable” task distribution. s purpose, we conducted
simulations using a scene of si260n  200m, and generated moving objects in the
scene by randomly assigning to them different startingtjmos in the scene, sizes and
velocities. Cameras are also simulated with calibratida &@am real cameras. The ob-
jects are assumed to be moving in straight lines at congteeds, and the (M)TVIs for
each camera are then constructed and utilized by the sared conducted simula-
tions for 20, 40, 60, and 80 cameras and 100, 120, 140, 160ab8®00 objects, and
plot the percentage of the total number of tasks that wertioagh by both the greedy
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Fig. 4. The DP algorithm consistently covers more tasks than thedyralgorithm.

and DP algorithm. For each object, the task is to captureovigdgments in which the
full body of the object is visible. Since there is only onektésr each object, the total
number of tasks equals the number of objects. The resultshanen in Figure 4. The
DP algorithm schedules more tasks than the greedy algobithenminimum of 13.55
percent and a maximum of 33.78 percent.

Finally, we test our algorithms in a small-scaésal timeimage analysis system.
Due to limited resources, building a system with large nunolfeameras was not pos-
sible. We developed a prototype multi-camera system ctmgisf four PTZ cameras
synchronized by a Matrox four-channel card.

For running the experiments, one camera is kept static, aoittican be used for
background subtraction and tracking in the sensing sta@ig[Brom the detection and
tracking, the system recovers an approximate 3D size egtiofaach detected object
from the ground plane and camera calibration. This is folldwy the planning stage,
during which the observed tracks allow the system to pretietfuture locations of
the objects, and to use them for constructing (M)TVIs, whach then scheduled for
capture. The predicted position of each detected objedt®gitound plane is mapped
to the PTZ cameras, after which the 3D size estimate of thecbig used to construct
a rough 3D model of the object for the corresponding PTZ canfeuch a 3D model is
utilized to determine valid ranges of PTZ settings durirg¢bnstruction of TVIs.

The experiments con rm that the greedy algorithm performstdér than the DP
algorithm. This makes the greedy algorithm more suitabteofo prototype system.
A real time experiment using the greedy scheduler is ilaistt in Figures 5. Four
remote-controllable 12x14 inches robots move through teme. Two PTZ cameras
were needed to capture the four robots using a (one task) id/aahree-task MTVI.

5 Conclusion

This paper addressed scheduling algorithms for smart vié@dure in large camera
networks. We developed approximation algorithms for salird using a greedy and
a DP based approach. While both theoretically and expetatigrnthe DP algorithm
gives very good results, itis computationally more expenian the greedy algorithm.
A suitable algorithm can thus be chosen depending on thdcagpiph scenario and
computational resources available.



(@)

(b) (c)

Fig.5.(a) The robots are tracked (left and middle image), and tbdipted tracks are
used to construct the TVIs and MTVIs, which are then used bystiheduler to assign
cameras to the (M)TVIs (annotated in the right image). Néxt,camera 0 captures
robot 3, and (c) camera 1 captures robots 0, 1 and 2 simultaheo
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