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Abstract—Within a camera network, the contribution of a already selected view(s). All these systems have diffiesilti

camera to the observation of a scene depends on its viewpointcoping with the background present in natural scenes as they

and on the scene configuration. This is a dynamic property, as \yere all designed for artificial circumstances.
the scene content is subject to change over time. An automati A oD h related to vi int selection i
selection of a subset of cameras that significantly contriltes to opic very much related to viewpoint selection I1s camera

the desired observation of a scene can be of great value forah allocation within vision networks. Chet al. and Zhaoet
reduction of the amount of transmitted or stored image data.  al. studied this problem in a more general context of sensor
In this work, we propose low data rate schemes to select networks [6], [7]. However, devising the necessary senadr a
from a vision network a subset of cameras that allows for (56t models is far from straightforward in the case of aame
an efficient observation of the persons present in a scene. We L .
also experimentally investigate to what degree computatital networks. In [8]_’ [9], cameras within a.network are tasked.ln
efficiency and low data rates trade off quality of reconstru¢ed Order to minimize the number of active cameras [8] while
3D shapes. determining the occupied space in the scene [9].
In this work, our interest lies in the observation of persons
in a 3D scene. We propose two low data rate algorithms
In many applications, the deployment of a camera netwotat select a limited number of cameras from a network in
provides substantial advantages over a single fixed viewpoa content adaptive manner, such that this subset constitute
camera. E.g. in scene monitoring, camera networks can-allethe most complete view of the scene possible for the given
ate occlusion problems ; in gesture recognition, cues cgminumber of selected cameras. We compare the performance of
from different viewpoints can lead to a more robust decisiothese methods to their theoretically optimal counterpelntch
Camera networks increase not only the amount of datequires high data rates. The viability of the methods iv@no
available for further storage, observation or processimg, on extensive video data from natural scenes obtained with a
also the redundancy within this data. It is therefore beradfic network of ten cameras.
and from a practical point of view often necessary, to have The remainder of this paper is organized as follows. In
a system that can fully exploit the additional informatiorgection I, we elaborate on the setup of the system for which
available in the network, while simultaneously keeping th&e devise our methods and on the assumptions we make. In
redundancy under control. A possible way of achieving this Section Ill, we describe the proposed algorithms in detaie
by selecting a limited number of cameras or views from thegerformance of these methods is discussed in Section IV and
network and transmitting and/or storing only these. Thies tltonclusions are presented in the last section.
amount of data that requires transmission, further pracgss
storage or observation is greatly reduced and resources are Il. SYSTEM SETUP AND NOTATIONS
saved. The recent introduction of “smart cameras” with on- A scheme of the system setup is depicted in the bottom-
board image processing and communication hardware alloxight corner of Figure 4. The system consists of multiple sma
for a distributed implementation of such a selection athan; camera sensors that observe a room with one or more persons
hereby reducing the required communication bandwidth aimside. The camera sensors are battery powered and can
spreading the computational burden. This is beneficial & thommunicate with each other through wireless channels. The
scalability of the system and can even allow the camerasdameras’ positions and orientations are fixed and calibrate
work wirelessly. A base station is deployed to receive the observations fibm a
Viewpoint selection has been extensively studied in tlmamera sensors and is responsible for coordinating albsgns
context of computer graphics and robot navigation [1]-[3]n the network. We assume that there @&fecamera sensors
These systems require an accurate model of the obserirethe network. They are denoted by fori =1,..., N. The
shape(s). So called next best view systems [4], [5] deal witlomplete collection of cameras is the set= {C1,...,Cn}
the problem of selecting the best view of a scene given somvbere|C| = N.

I. INTRODUCTION



Our goal is to select a subset of cameras denotel &s B. Helper Camera Selection

C where|S| = n < N, and only the selected cameras will . .
|n this section, we present three approaches to select among

send their image data to the base station. These imagesishqgu e
comprise the most complete view of the scene possible for t ¢ remainingV' — 1 cameras _thoseL N ! helper_cameras
1,..., Wn_1} that add most information to the image data

given number of selected cameras. The suBsebntains two ;
i coming from the already selected key camera.
types of cameras: . .
« The key camera: the camera with the view that contribut _

. . . Background/Foreground Background/Foreground
most to the desired observation of a scene at a certi segmentation segmentation
time instant. The key camera is indicated Ry S TR e— T

« The helper cameras: cameras with views that complemtg detection I D RO o detection Jf OIROL o
the selected key view, such that the total selected vieS [ Temporal ][ o Scan-line Temporal || ) Scan-line
subset constitutes a significantly more efficient scer® LIteme | et fitering | extrction

representation than the totality of the available view: - __4___ _ 4 _________J-____ —
The n — 1 helper cameras are indicated by, where |

Key camera selection |

k=1,...,n—1. ] T
The remainingV — n cameras do not send any image dat: | Determmining valid combinations |
H . . . . 9}
The image captured by thieth camera at a certain time instan 2 |
tis denoted byX; (¢). Note thatS = { K}U{W1,..., W,_1}. £ casuaing | [ pieng | Mo
a) visi ’ s . a) visual hulls a) visual hull volume
| I | . A LGORITHM b)) RO volumes b) ROI volumes b) ROI volume
C uccupzmcy ‘l‘ﬂﬁPS - ~CTIDANCY ang " CCUNANCY & .
In this section, we will discuss the details of the key came for all valid combinations & occupaney maps ) occupaney e
and helper camera selection algorithms. Helper camera selection
A. Key Camera Selection Fig. 1. Block diagram for camera selection based on: a) nahirisual hull

. . volume criterion, b) minimal ROI volume criterion, c¢) min&hoccupancy
To assign the role of key camefa in the camera network, area criterion.

we run the following algorithms on each of the smart cameras o o )

C; in the network (see Figure 1). In a first step, we segmentl) Minimal Visual Hull Volume Criterion:This approach
the foreground (FGF;(t) and the background (BG@$; (¢) of 1S dgplcted in Figure 1 (trqck a) ). All the smarF cameras
the framesX; (t) using the method of [10]. Then, we detect thés (¢ = 1....,N) send, without further processing, their
frontal faces in the FG regions of the frame with the obje§€gmented FG silhouettds; obtained with the BG/FG seg-
detector that was initially proposed by Viokt al [11] and mentation presented in Section IlI-A to the central basgosta
then improved by Lienharet al [12]. At each time instant Then, at the base station we determine all the valid carelidat
t, the face detector returns the following valug(t) and SubsetsS C G, for which |S| = n and K € S, with K

QL) (L =1,..., f;(t)). fi(t) is the number of faces detectedetermined as in Eq'uation (2). For all thesg candidqte tsibse
in the frameX, (). Q(t) is a measure of the quality of theWe reconstruct the visual hae! from the silhouette images
I detected face. The lower this measure, the less certain fpie (S8€ Fig. 2a) using the shape-from-silhouette technique
detection. In our implementation, we assume that the numth&s]l- More precisely, within a cuboid-shaped voluré in

of windows that have passed all classification stages artd tH} 3D space of the observed room

constitute a detected face is such a measure.

To deal with spurious face detections and to obtain smooth- VP = [X1,X0) x [V1,Y2) % (21, Z5) C N, ®)
ness over time, the decision on the key camera for time ihst
t not only depends on the current face detection output,
also on the previous observations. For each camgrahis
temporal filtering is implemented as an exponentially wedgh

moving average (fot > 2): voxels have value 1.

fi® fi®) The resulting visual hulls can contashadow volumes.
Qi)=ad Qi) +(1—a)d Qi(t—1) (1) These are parts of the visual hull that do not represent real
=1 =1 objects but result from an insufficient number of used camera
whereQ:(t) is the smoothed face detection output of camera To remove these, we filteﬂgu11 by multiplying its voxels
C; at time instant and « is a constant between 0 and 1 thay,,; ; ; hull filt ;
determines the importance of previous observations. Whmf’@vwghgggi%o:;efﬁg ?g:ro%v:/r?g e\::agf ?:r\g;uetl:]zﬁi](]j%m vi:igfmull

Fihull 5) with j € V3, assumes value 0 when the vojeis
served as empty by at least one of the cameras from the

setS. This is the case when it is part of the reprojected BG

region from at least one of the cameras of the subset. Allrothe

key camera at time instants> 2 is HY", reconstructed from the complete set of cameZasve
K (t) = argmax Q () (2) extract sections parallel to the ground plane and we perform
Ci a morphological dilation operation on each section. In this

In the remainder of this paper, we will leave out the timevay, we ensure that we base our camera selection only on the
variablet, in order not to overload the notations. reconstructed shapes of objects that are also detectedailhen



t‘a\ o at each camera the scan-line from the silhouettes in the
r scene. This scan-line is the projection of the 2D-foregdoun
— - = silhouettesF; to a 1D-line (see Figure 2c). All the cameras
@ (b)

(©) (d) send their (run-length coded) scan-lines to the base staio
Fig. 2. Used silhouette images: (a) BG/FG segmentationand B;), (b) the base station, a list of all possible candidate sulSets
ROI extraction F'i,ror andB; ro1). (¢) scan-line (d) column-wise extended made based on the key camera selection (as for method 111-B1

scan-line ¥; sc andB; . . .
Fise izsc) . and IlI-B2). Then, for each camera in a particular candidate

camerasV are active and the influence of shadow volumes |s . : :

minimized Subset, we column-wise extend the scan-lines to a 2D image,

We consider the hullE™!! to be approximations of the such that we get a rough approximation of the original

. : backgrounds extracted at the sensor nodes (see Figure 2d).
actual shape of the objects present in the scene. As we w . X

) . Ihis approximation will be denoted bB; ... From all the
to select the set of cameras with the most complete view 5o

on the scene, we choose the ones that allow for the begt** for the different camerag; € S, we then calculate

approximation. That is why in a final step, we select fro an occupancy mag. This is a 2D raster image, uniformly

o . o

all candidate subsets the one that yields the visual hut wi istributed in a plane” hOI’IZOI’]t.al to the ground flc_)or of our
. .%bserved 3D scene (or the defined voxel volurmy:

the smallest volume (or in other words, the least voxels wi

e hull filt,
value 1) withinH&"""": P? = [X1,X5) x [Y1,Y2) CN? and Z=c. (6)
Syt = argmin y  HZ"(HHE (). (4)  Itis obtained by intersecting the visual hull reconstrdcte
VS vjevs from the silhouette imageB; .. with the planeZ = ¢ [14].

This approach provides the best performance but requirgs la As in Sections 11I-B1 and 11I-B2, this occupancy map is
data transmissions (entire silhouettes) between senstesnothen filtered to removehadowareas. The filtering occupancy
and base station. Therefore, the performance of this appro&ap is a dilated versio®¢" of the ideal occupancy mapc,

is used only as a baseline for comparison with the two othe&constructed from the complete set of camétasilso here,
proposed methods of Section I1I-B1 and I1I-B2. we consider that the occupancy maPg are (very crude)

2) Minimal ROI Volume Criterion: This approach is de- shape approximations of the objects in the scene. The subset
picted in Figure 1 (track b) ) and has similarities witithat yields the minimal occupied area is assumed to provide
approach 1II-B1. The difference is that now at each smdfie most complete view on the scene. More specifically,
camera, we extract the bounding boxes of the segmented FG res . o\ ~filt s
silhouettes obtained with the BG/FG segmentation predente Syt = ar%fénm > 05()OE (). (7)
in Section IlI-A. We will call these bounding boxes the wep?
Regions of Interest (ROIs). They are an approximated versio V. PERFORMANCEEVALUATION

of F, an((jj.theéegore we _vwl(lj deno(tje them uEy@Rr?l' The As mentioned previously, we evaluate the performance of
corrésponding region IS enotg ELRO,I' ach camera o proposed helper camera selection algorithms of Section
sends the upper left and bottom right vertices of the ROIs i

he b : h . hod q - -B2 and I1lI-B3 by comparing them to the benchmark
the base statl_on. Then, as n met o ll-B1, we etermlne Akthod of Section 111-B1. We consider two aspects: accuracy
the base station all the valid candidate sub&stéor which

N iy i X X and communication overhead. Each aspect is discussed in the
S| = n and K € S, with K determined as in Equation (2)'following subsections
For all th%%? pandldate subsets, we reconstruct the 3D RO xperimental data to test the methods on was recorded using
yolume;IA n 3DF§pa2c:l)e from the approximate sﬂhouett(?\, = 10 cameras. Five of these were Logitech QuickCam Pro
|nge_s &ROI (sele' '%‘ ) )'S on 1I.BL. this ROI vol 5000 cameras and the five others Logitech QuickCam Sphere
galn, %S ef?ip all’(;e n e(\gc])nd Bl t Iﬁ'h f_lvo_umeMP_ The cameras were calibrated using the method for multi-
nee T :]0” eR})tI?ﬁrf o rZTO d a OV\_/partsf. h e_d|tei\r|ng camera self calibration of [15]. Sequences were recorded at
visual hull He is a dilated version of the ideal ROIg ¢, aq per second and at a resolution of :3828. Only

ROI
volumeHc -, reconstrucrt{%? from thg completg set of camergg, starting points of the recordings were synchronizes Th
C. The 3D ROI volumeHZ%" are again approximations of the,

. . ] rameters of the BG/FG segmentation and the face detection
actual shape of the objects present in the scene, albelﬂarcruﬁi v

han th T in Section II-B1. T I heas e summarized in Table 1. We allowed the BG/FG segmen-
than the ap_phrorflmatlons n Iectlor_1 i .ho select the Et tation algorithm to build up its BG model during 30 frames
cameras with the most complete view on the scene, we choQegpe siart of each sequence. These first 30 frames of each

the subset that yields the minimal reconstructed ROI Vo'“@%quence are not considered in the experiments in thioeecti

i prROLflt,
within He ' The weighting factor of the temporal filtering was set to
0.05. The structuring element for the dilation to obtain the
ROI __ : ROI /s\pyROLfilt /.
SRt = argmin y | H(GIHS (). ©) filters |y it gROLAL  gfilt (see Section 11I-B) anddflt

VS vievs (see later, in Section IV-A ) is a square ok 3 with the origin
3) Minimal Occupancy Area CriterionThis approach is at its center and the dilation is performed in five iteratiorse
depicted in Figure 1 (track c) ). In this method, we extractoxel volumeV3 was|0, 200) x [0, 100) x [0, 50) C N3, where



each voxel is a cube with edges®b4m. The planeP? is the the more voxels are observed as empty around the object of
plane in the voxel volume af = 1.29m. We discuss results interest, the less redundant the views from the selectedizam
for subsets of both 3 and 6 cameras. are.
In Table IIl, we compare for the three methods (hull, ROI,
TABLE | . ghod
PARAMETERS OF THEBG/FG SEGMENTATION AND THE FACE DETECTIoN ~ ar€a) the mean value of the number_Of d|ﬁeren_t voxgl _
over all frames of the sequences with a certain scenarib, bot

Parameters BG/FG Segmentation

T (color comp)) 128 T (color co-occ) | 64 for n = 3 andn = 6. The lower this number, the higher
N7 (color comp.) 15 Ny (color co-occ.)| 25 the quality of the observation with the selected cameraetubs
Nz (color comp.) 25 N2 (color co-occ.) | 40 The number of frames available per scenario is indicated in
[e%1 0.1 oo 0.005 .

s 01 T 0.9 the second column, and the average voxel volumélef in

) 2 MINAREA 15.0 the third column. The results confirm the expectations.tFirs
UPDATE_TRESH 0.5 of all, we observe that the visual hull volume criterion diel

Parameters Face Detection better results than both the minimal ROI volume criteriod an

scale factor 1.10 L

min. number 1) of neighbors 5 the minimal occupancy area method. However, at the same
min. window size 5x5 time we should note that the communication overhead for
classifier training window size 20 x 20 the visual hull volume criterion is much larger than for the

other two methods, as will be discussed in Section IV-B.

_ L . Also, we can see from Table Il that the minimal ROI volume
In our experiments we distinguish between four scenariQssierion performs slightly better than the minimal occopa

depending on the number of people in the scene. The higher, method. The differences between the latter ones become
this number, the harder the selectmn problem. relatively speaking, smaller when the number of persons in
We will refer to the benchmark visual hull, reconstructeﬂ]e scene increases. This is due to the fact that when more
from the whole setC of ten available cameras, Blc. The  Hersons walk around in the scene, silhouettes merge and the
dilated version oftic is indicated byH¢" and will be used 1), nding boxes become less accurate and more similar to the

later on in this paragraph. _ column-wise extended scan-lines.
To evaluate the accuracy of the proposed selection methodsag 45 illustration. we show in Figure 3 the selection

we calculate the visual hull reconstructed from theeground
silhouettesF'; of the selected camera subﬁﬂ‘“‘wd, where
methode {hull, ROI, ared andS™¢*h°d as in Equations (4),

i hull N X
(5) and (7). W.e .W'” denote these hulls WSZ‘Q“‘“' NOte  ihe candidate subsefs contained withinH' (green dotted
that for the minimal ROI volume and minimal occupancyines) As a reference, for each frame the number of voxels
area methods, these FG silhouetlgs are not available in ¢ the penchmark visual hulE¢ is also indicated (solid

. . . ’ I . . .
thiegctual method, only their approximate very_cﬂj’é)_ and  magenta line). The number of voxels in the filtered hulls
F2r¢*, From these Qgtl}lli:iwe determl_ne at each time instant tﬂagtHg%“ HgtH}Sné% . andHféltleSné}lea per frame are drawn
number of voxelsd; that are different between the hully5"ihe thicker lines’ (resp. solid blue, dash-dotted bladk wi

reconstructed from the selected subset and the benchmirk py\,nd markers and dashed red). This graph confirms that the
He: minimal visual hull volume method selects, for a given key
dglethod _ Z [(Hfgt(j)H}1llll (j)) —Hc(j)] @8) camera and subset size, the best possible subset of cameras

A. Accuracy Evaluation

performance when selecting = 3 cameras from 10. For a
representative sequence of each scenario we plot per frame
the volume (in number of voxels) of the visual hull from all

Sppehod for visual hull reconstruction. Indeed the curve corresfiog
to this method is the lower envelope of the curves of the

where methode {hull, ROI, areg. Note that for the calcula- vajid subsets. The curves of the minimal ROI volume and
tion of this difference we only take into account differesicegccupied area methods are mostly very near to the one from
within Ht. This filtering is needed in order to focus on thene ideal method, although occasionally important diffiess
interesting objects, without having the disturbing infloen occur. In these cases, the curves still follow the trend ef th
of shadowvolumes (as described in Section Ill-B). At thgdeal method, and as expected, on average the ROl volume
same time, due to the dilation operation, we still consitier t method deviates less from the ideal than the occupancy area
whole object as reconstructed by the subset. The amountpdthod.
extra volume in the filtered reconstructed hull (or in other Figure 4 shows a visual example of the selectiomof 6
words d;y***) gives us an insight in how well the selecte¢ameras from 10 for a 3-persons scene. We display the views

Vievs

subset observes the objects in the scene from all sidesedndeyf all the camera<’y, ..., Cio. To give an insight into the
TABLE I system setup, we depicted in the bottom-right corner a top
NUMBER OF BITS REQUIRED view of the scene, which indicates the relative positionthef
Criterion \lfl'jlllja' zgs()”nfLr'e‘g'éed) RO 2r°e°:pa”°y ten cameras and the three persons in the scene. The selected
Required bits| T x w TXwXp I B M B key camera ig”; and is marked by a magenta bounding box.
5 objects 101376 4055 180 90 The detected face is indicated by a red circle. Due to this
10 objects 101376 4055 360 180 current face detection and previous face detections, #msca




TABLE Il
MEAN VOXEL DIFFERENCEd (EQUATION (8)) FOR THE THREE SUBSET SELECTION METHODESECTION I11-B1, 11I-B2 AND I11-B3) FOR FOUR
DIFFERENT SCENARIOS IN THE SECOND COLUMN WE INDICATE THE TOTAL NUMBER OF FRAMES OVR WHICH THE AVERAGE IS CALCULATED. THE
AVERAGE VOXEL VOLUME OF Hg IN SHOWN IN THE THIRD COLUMN. COLUMNS 3-5 ARE THE RESULTS FORn = 3 AND COLUMNS 6-8 FORn = 6.

Scenario | # frames [ Y icyvs Ho(G) [[ 45" dSoT dgrea [ dg™" d5OT darea
1 persons 1629 615.61 583.68 | 960.97 | 1204.29 21.61 | 189.17 | 348.39
2 persons 2213 2450.99 1823.97 | 2976.72 | 3365.90 99.17 | 555.43 | 763.40
3 persons 826 4584.35 4335.62 | 7267.32| 7349.20 || 292.88 | 1374.98 | 1326.16
4 persons 290 8079.53 6200.01 | 9156.85 | 10036.74 || 327.99 | 1230.80 | 1356.97
3x1o4 e“OA
25 1 5 q
2t 1 4t R
£is | £y s ]
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(c) 3 persons (d) 4 persons

Fig. 3. Selection performance for 100 frames of a repretieataequence of each scenario. The number of cameras inlisetsisn = 3. For each frame,
we plotted the volume (in number of voxels) of the visual &I (green dotted lines)tc (solid magenta line)HE HAL, (solid blue line), HE HALY,
(dash-dotted black line with round markers) aH§*HEuLL, (dashed red line).

was chosen to be the key camera (according to Equation (2))We also assume that there are at mBsdistinguishable
The helper cameras ar@;, C5, Cs, Cy and Cyp, and are objects on an image frame. Therefore, the number of required
marked by a cyan bounding box. We can observe from thés for transmission idM B. As for the minimal occupancy
displayed views that the selected subset gives us a complatea method, since the foreground is projected to one dves, t
view of the persons, and that the non-selected cameras aglguired amount of bits is half of the minimal ROI volume
rather redundant information. method and is given b§M B.

We will now give some numerical examples to compare the
0rFquired bits among the three methods. For image size, we
gssume that = 352 by w = 288. So, we havell = 9.

B. Communication Overhead

In this section we show how many bits are required f
communication for the three approaches of Section IlI-B. F
the minimal visual hull method, each camera sensor send$-or the minimal visual hull method, the number of bits
a silhouette image to the base station. The number of biésfixed and does not depend on the number of objects. As
required to represent a silhouette depends on the image sfge the minimal ROl volume and the minimal occupancy
which is [ by w. Therefore the number of required bits isarea methods, we need the number of objects in the room.
I xw. This number can be further minimized by compressiolVe assume that there are at most 10 objects, and give the
We assume that a Lempel-Ziv-Welch code is used and theaximum number of required bits. However, in a realistic
average compression rage= 0.04. So, the required number situation objects may occlude each other, so the number of
of bits after compression is given Byx w x p. objects visible in each image frame is usually smaller than

For the minimal ROI volume method, we need to senithe number of objects in the room. The cases wiika- 5
positions of two corners on the diagonal of the ROI. Sincend B = 10 are listed in Table Il. It can be observed that the
the image length i$, we need at mosd/ = [log, (] bits to proposed methods significantly decrease the communication
describe the position of a corner on one axis. overhead.
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Fig. 4. Example of the selection of 6 out of 10 cameras for &/3g@ns scene. The views of the 10 camefas, (.., C1o) are shown. In the bottom-right
corner, we depicted a top view of the scene which shows itengey and the positions of the cameras and persons. Thaestlegy camera i€'; (marked
by a magenta bounding box). The helper cameraCareCs, Cg, Co andC1o (marked by a cyan bounding box).
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