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ABSTRACT
Smart camera networks provide the opport unit y to detect ,
classify, and t race visual events by means of a wirelessnet-
work of embedded comput ing devicesequipped with camera
sensors. Previous research in this area has largely focused on
custom hardware soluti ons. In cont rast, we propose to use
mobile phones as a porta ble and low-cost platform to im-
plement smart camera networks. Due to mass product ion,
the pri ce of mobile phones is constant ly dropping while ad-
diti onal funct ionali ty is being added. In parti cular, the ad-
diti on of cameras and ad hoc networki ng enable the use of
mobile phones for smart camera networks. Also, software
developed for mobile phones is highly porta ble due to stan-
dardized programming environments and APIs.

In th is paper, we present Facet, a self-organizing network of
smart camerasand its software archit ecture, which addresses
the speciÞc challenges of the mobile phone platform. An
init ial prototype of Facet has beendeveloped and is used to
obtain Þrst performance result s in an o! ce sett ing.

Keywords
Smart Camera Networks, Wi relessSensor Networks, Mobile
Phones.

1. INTRODUCTION
Recentl y, smart distrib uted cameras have become an act ive
Þeld of research. Here, small embedded comput ing devices
equipped with CMOS cameras form a wireless network to
detect , classify, and t rack visual events in the environment .
Smart distrib uted cameras are envisioned to be applied for
surveill ance, tra ! c management , healt h care, assistance of
elderly people, environmental monit orin g and others [1].

Th e research focus in this area has been on high-performance
on-board comput ing and communicati on infrastructure, as
well as a deliberate combinati on of computer vision, video
sensing, and communicat ion tasks (e.g., [13, 24]). Also soft -

ware architectu resand frameworks have beenproposed (e.g.,
[4]) of which most are more or less bound to the underly ing
hardware architecture.

In cont rast to theseresearch direct ions, we propose to use
existi ng mobile phonesas a foundation for smart distri buted
cameras. In part icular, wedevelop a port able software frame-
work called Facet to facil it ate the development of applica-
t ions based on smart camera networks of mobile phones.

Th is approach is parti all y mot ivated by a forecast that sees
a slight ly di" erent interpretat ion of MooreÕs law for the
mobile-phone industry [17]: Instead of simply increasing
processing power or memory capacit ies, processors for mo-
bile phones undergo a constant increasein functionalit y, like
the most recent additi ons of mp3 and video streaming. In
the future, mobile phones might have speciali zed function-
ali t ies for object recognit ion and video processing to enable
easier real-world interact ion. This development and the fact
that worldwide mobile phone salesalmost have reached 1bn
in 2006, of which 48% werecamera phones, and 70-80% Java
enabled [11], bri ngs us to a very simple, but somewhat pro-
voking idea: Instead of building a very speciÞc plat form for
a network of smart cameras, we could use the mobile phone
as a cheap, widely accepted, easy to program, and ubiqui-
tous platform for developing networks of smart cameras. I f
we can use mobile phones to build smart camera systems,
we will be able to build and deploy a system that enables
scenarios such as object recognit ion, object tra cking and the
like at a fract ion of the costs of tra diti onal special purpose
systems. In additi on, maintenance, and upgrading of the
network as a whole becomes easier since we can build on
well established standards for communicat ion such as Blue-
tooth , UMTS, or WIFI . Moreover, the deployment of such
smart camera networks would not only be cheap but also
very easy once the required software components are com-
monly available. I t could also open the road for new business
casesfor mobile phone producerswhich then could o" er very
slim and simple devices not even meant for communicat ion
between people, but for all sort s of applicat ions.

In the remainder of the paper, we Þrst sketch some motivat -
ing applicat ion scenarios in Sect . 1.1 and discussopportu ni-
t ies and challengesof using mobile phonesfor smart camera
networks in Sect. 1.2. In Sect. 2 we out li ne the archit ecture
of our software framework Facet, before presenti ng a Þrst
prototype implementat ion of Facet in Sect. 3. We evaluate
import ant aspects of th is implementati on in Sect . 4.



1.1 Application Scenarios
Our focus is mostly on indoor appli cat ions, where mobile
phonescan be easil y deployed by placing them on furnitu re
or at taching them to the ceil ing or walls. For applicat ions
that require a li fetime of more than a few days, phonesneed
to be connected to a permanent power supply.

In such a setup, smart phone networks can be used to de-
tect and report certain visual events (e.g., people entering
rooms durin g the night ), for statistical applicat ions (e.g.,
occupancy of certain placesover t ime), and for t racking ap-
pli cati ons (e.g., to locate certain objects or to guide people
to certa in places).

Reali zing these applicat ions requires a number of basic func-
t ionalit ies. First of all , individual nodes must capture and
analyze a stream of imagesfrom the camera to detect certain
visual events. In many cases, many phones must cooperate
and exchange information in order to realize an appli cat ion.
Such cooperati on often requires that visual events observed
by di" erent phones have to be examined in a common tem-
poral and spat ial reference system to answer questi ons such
asÒWas event X observed before event Y?Óor ÒWere events
X and Y observed in the same room?Ó. Answering these
questions requires services for ti me synchronizati on and lo-
cati on cali bration.

Our framework Facet provides porta ble implementati ons of
these services as discussed in Sects. 2 and 3, taking into
account the speciÞc properti esof mobile phonesas discussed
in Sect. 1.2.

1.2 Opportunities andChallengesof usingMo-
bile Phones

Using mobile phones to implement a smart camera net-
work presents both opportu nit ies and challenges. In con-
t rast to existing smart cameras, mobile phones provide a
relati vely standardized programming interface based on the
J2ME implementat ion of Java, including standardized APIs
for Bluetooth (JSR-82 [28]) and ad-hoc network ing (JSR-
259 [27], sti ll under development ), or web services(JSR-172
[8]). Th is enables the provision of a highly port able software
infrast ructure that can be be executed by a wide variety of
mobile phones from di" erent vendors. On the other hand,
these standardized APIs sometimes do not provide access
to certa in functi ons of a mobile phone. For example, the
Bluetooth API does not provide access to the HCI layer of
the Bluetooth stack, which complicates the implementation
of functi ons such as t ime synchronizat ion (seeSect. 3.3 for
detail s).

Many exist ing smart camera implementat ions provide plen-
t ifu l computati onal, storage, and communicat ion resources.
Some platforms even provide specialized digital signal pro-
cessors [5] to run computer vision algorit hms. Al though mo-
bile phonesare becoming more capable over t ime as well, the
resources provided by current ly available devices are small
compared to that of many specialized smart cameras. Al so,
while Java provides a porta ble execut ion environment , per-
formance often su" ers from byt ecode interpretat ion in the
Java VM.

Similar restri ctions apply to the capabil it ies of the camera
modulesbuilt into mobile phones. Oft en, APIs o"er limit ed
or no cont rol over the opt ical parameters (e.g., focus, zoom,
blind) and the orientat ion of the camera.

Typical mobile phones o" er mult iple technologies for wire-
lessnetworki ng, for example Bluetooth for forming ad-hoc
networks among nearby phonesand other Bluetooth devices,
as well infrast ructure-based long-range communicati on such
as GPRS. Thesecapabili ti es can be exploited to form ßexi-
ble smart camera networks. In part icular, Bluetooth can be
used to form local ad-hoc networks of nearby phones wit h
high bandwidth and free of charge, while infrast ructure-
based communicati on can beusedto interconnect dist rib uted
ad-hoc networks. Infrastructu re-based communicat ion can
also serve as a gateway between smart phone networks to
the Internet.

2. ARCHITECTURE
To reali ze the appli cations sketched in Sect. 1.1, a number
of basic services are required that include computer vision
aspects, wireless communication, as well as support for t ime
and locat ion management . Our goal is to provide a software
framework that o"ers these basic services as a foundat ion
for the development of appli cati ons based on smart camera
networks of mobile phones. In this section we out li ne the
archit ecture of our software framework called Facet.

Communication Network

Calibration

Image Capture

Time SyncDistributed 
Event System

Camera
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F ig ure 1: Overvi ew of Facet Õs arc hi te ctu re .

Fig. 1 shows an overview of FacetÕs architectu re. Each mo-
bile phone captures a str eam of images from the camera
and analyzes theseimages to detect di"e rent vision events,
such as an object enterin g or leaving the Þeld of view of the
camera. Th ese events have a type (e.g., in or out, i.e., an
object entering or leaving the Þeld of view) and parameters
such as the ident ity of an object, the point in ti me when
the event has beendetected, or the locat ion where the event
has been detected. Th e limited computational resources of
mobile phonesrequire that the algorit hms used for detecti on
of vision events are rather simple and e! cient .

Many applicat ions require the collaborat ion of mult iple mo-
bile phones. As the bandwidth of wirelesscommunicat ion
among mobile phones is rather constra ined, collaborat ion in
our framework is based on distri buted events (rather than
on the exchange of raw image streams). We adopt a pub-
lish/ subscribe approach here, where a node can issue a sub-
scri pti on to certain typesof events from phones in a certa in
network neighborhood. An example subscrip t ion could for
example declare interest in all in events generated by phones
that have a direct network link to the subscriber. As soon
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F ig ur e 2: In te rc onn ect in g ad-h oc net wor k patc hes.

as a node generates an event , this event is delivered to all
matching subscribers.

A speciÞc example of collaborat ion of mult iple phones is
to examine correlat ions among vision events generated by
di" erent phones. Here, it is oft en necessary to know the t ime
when an event has been observed and the locat ion where
this event has been observed. For example, to estimate the
velocit y of a t racked object , we can correlate an out event
eout(o, t1, l1) and an in event ein(o, t2, l2) that refer to the
same object o which left the view of a camera at t ime t1 and
locat ion l1 and entered the view of another camera at t ime t2

and locat ion l2. When can then est imate the velocit y of the
object by computi ng |t2 ! t1 |/ |l2 ! l1 |. This of course requires
that t imestamps t1 and t2 refer to a common t ime scale,
which requires t ime synchronizat ion. Li kewise, locat ions l1

and l2 have to refer to a common coordinate system, which
requires camera calibrat ion.

In the following subsect ions we discuss certain aspects of the
archit ecture in more detail .

2.1 Communication Network
We consider a heterogeneous network architecture as de-
picted in Fig. 2, where nearby phones form an ad-hoc net-
work patch using infrastru cture-free short range communi-
cati on such as Bluetooth. Th esepatchesare interconnected
among each other by means of infrast ructure-based long
range communicat ion such as GPRS. Th e latt er may also
be used to connect one or more patches to other networks
such as the Internet. For example, a server connected to the
Internet could subscrib e to vision events from one or more
network patches and analyze these to tra ck objects as they
move from phone to phone and from patch to patch.

Th e idea behind this network architecture is that phones in
the same patch typicall y require st rong collaborat ion (which
is support ed free of charge by high-bandwidth ad-hoc net-
works such as Bluetooth), whereas there is a more looseand
infrequent collaborat ion betweenphonesthat are part of dif-
ferent patches (which uses chargeable services wit h lower
bandwidth such as GPRS).

2.2 Time Synchronization
Phones with in a patch require ti me synchronizat ion to es-
tabli sh a common ti me scale. For the purpose of our frame-
work, internal synchronizat ion su! ces. That is, nodesneed
to agree on any common ti me scale rather than on a speciÞc

one such as UT C. Also, aswe are focusing on indoor applica-
t ions, most vision events wil l be t riggered by human mobil-
ity. As the velocit y of humans is in the order of few meters
per second and the spacing between phones is in the order
of meters, a synchronization accuracy in the order of tens of
milli seconds would be su! cient to reliably establish a tem-
poral ordering of vision events t riggered by a single human
walking across a space instrumented with smart cameras.

OnespeciÞc di! culty wit h ti mesynchronizat ion using J2ME
on mobile phones is the lack of an API to adjust the system
clock to a common t ime scale. Hence, t ime synchronizat ion
in Facet is based on ti mestamp transformation [22]. Here,
each mobile phone t imestamps events using it s unsynchro-
nized local clock. Before sending this t imestamp to another
phone, the ti mestamp of the event is t ransformed to the ti me
scale of the receiving node.

2.3 CameraCalibration
Camera calibrat ion is concerned wit h est imating the pose
(i.e., locati on and orientat ion, which result s in 6 degrees
of freedom) of each camera in a common coordinate system.
While in prin ciple it would bepossible to perform calibrati on
by placing each camera in a predeÞned way, th is is oft en
impracti cal even for small networks. Hence, we need an
automated way to calibrate a patch of cameras. In general,
all approachescan be separated into two groups: calibrat ion
based on visual evidence, such as overlapping Þelds of view
or markers, and calibrat ion based on mot ion of objects li ke
people passing by an observed area. Th e lat ter approach is
suitable to calibrate non-overlapping cameras. As we want
to support setups with non-overlapping cameras, we employ
the lat ter technique in Facet.

Calibrat ion based on moving objects is an acti ve Þeld of
research. Several algorit hms have been proposed (e.g., [19],
[10]), but several challengesremain. Hence, rather than rely-
ing on a speciÞc algorit hm, we provide an open interface that
allows to use di" erent algori thms. Th e foundati on for this
open interface is the observat ion that existi ng algorit hms are
based on spat ial and temporal constra ints between cameras
(e.g., camera X and Y are at most Z meters apart ). These
constraints are derived from vision events tri ggered by mo-
bile objects (e.g., if the maximum speed of a mobile object is
known, then the t ime interval betweensuccessive detect ions
of th is object by di" erent cameras can be used to derive an
upper bound on the distance between these cameras).

To support calibrat ion algori thmsbased on constraints, Facet
provides a constraint graph. Cameras in a network patch
form the nodesof the constraint graph, while const raints as
in the above example form the edges of the graph. Each
constraint has a type (e.g., maximum-distance constra int)
and zero or more parameters (e.g., the maximum distance
in meters). FacetÕs constra int graph is an extension of spa-
t ial relat ionship graphs [18] wit h support for addit ional con-
straint types deriv ed from the network topology (e.g., two
nodesare connected by a li nk constraint if the cameras have
a direct communicat ion link) . The const raint graph is im-
plemented in a dist rib uted fashion in Facet: each graph node
(i.e., mobile phone) stores its adjacent edges.

In summary, calibrat ion wit h Facet requires mobile objects



to move through the area being observed by the camera
network. Theseobjects t rigger vision events that result in
edges in the constraint graph. When enough constraints
have been collected, a calibrat ion algori thm is executed on
the constraint graph to compute the pose of each camera.

3. IMPLEMENT ATION
To study the feasibil it y of our approach, we produced an
init ial implementati on of Facet with basic funct ionalit y. Al-
though conceptuall y straight -forward, many functi ons re-
quired unconvent ional approaches due to limitati ons of the
phone platform. In this section, we describe our soluti ons.

3.1 Communication Network
Our prototype implementat ion current ly support s a single
ad-hoc patch. Nodes wit hin the patch form a mult i-hop net-
work using Bluetooth . One node in the patch is designated
as a master node, which maintains a GPRS connect ion to
deliver data to a PC. Wi thin the patch, unicast rout ing of
messages between any pair of nodes is support ed.

Alt hough several Java networking frameworks exist, most
of them are not usable in the context of our work. For
example, JXME [29] does not support Bluetooth, and JO-
RAM [26] requires a cent ral messaging platform. Hence, we
worked with the basic Bluetooth API JSR-82 [28]. Unfort u-
nately, JSR-82 has the fundamental limitati on that only a
single Bluetooth connect ion can be open at a t ime. To send
a Bluetooth message to a new desti nat ion node, any open
connecti on has to be closedÞrst before being able to open a
connecti on to the new desti nat ion.

Another problem is that BluetoothÕsinquiry procedure to
Þnd out the addresses of network neighbors takes quit e a
long t ime. In our experiments, an inquiry took at least 15
seconds to complete, but may last up to 2 minutes. Hence,
the use of th is function should be reduced to the absolute
minimum.

For our solut ion, we assume that the patch network is stat ic,
that is, the network topology is Þxed. To support message
rout ing in such a patch network, we use a modiÞed version
of the algorit hm presented in [3] as depicted in Alg. 1. Each
node maintains two variables, the set of network neighbors
ntable and a rout ing table r table which contains an ent ry for
each node d in the patch network, such that r table[d] holds
the address of the next hop on the path to d. Upon init ial-
izat ion, a node performs a Bluetooth inquiry to discover the
addressesof its neighbors, which it stores in ntable. Th en
it sends an announce message to each of it s neighbors to
announce it s presence. A node which receives this message
includes the sender in its neighbor table and creates an ap-
propriate ent ry in its rout ing table for th is node. Th en the
node forwards the announce message to it s neighbors, allow-
ing them to create a rout ing table ent ry for the new node as
well. Th is process terminates when all nodes in the patch
have created an ent ry in their rout ing tables for the new
node. Finall y, the immediate neighbors of the new node re-
ply a route message containing their rout ing table ent ries
to allow the new node to create appropriate ent ri es in it s
rout ing table. Note that this approach does not necessari ly
result in ÒbestÓ(e.g., shortest ) rout ing paths, but the algo-
ri thm can be easily extended to obtain shortest paths using

a distance vector approach.

Once all nodeshave joined the network and nodeshave setup
their routi ng tables using the above algorit hm, nodes can
send messages to any other node in the patch. For th is,
the source node Þrst checks if the dest inat ion node is a di-
rect neighbor and sends the message directl y in this case.
Ot herwise, the source node consults it s rout ing table to Þnd
the next hop and forwards the message to this node. Th is
processis repeated unti l the message reaches its Þnal desti-
nat ion.

Sending a message to a neighbor node n is implemented as
follows. If there is an open connection to n already, then
the message is sent over th is connect ion. Otherwise, if there
is an open connecti on to a neighbor other than n, then the
connecti on is closed, a new connect ion to n is opened, and
the message is sent . Ot herwise, if there is no open con-
nect ion, then a connect ion to n is opened and the message
is sent . Opening and closing a connect ion to a node wit h
known Bluetooth address took lessthan 1 second in our ex-
periments.

on ini t:
ntable = inquiry () ;
fore ach n " ntable do

send announce< self> to n;
receive route< rt > from n;
fore ach r " r t do

rt able[r] = n;
end

end

on re ceive announce< dst> from s:
ntable = ntable # s;
i f dst $" r table th en

rt able[dst] = s;
fore ach n " ntable \ s do

send announce< dst> to n;
end

end
i f dst = s th en

send route< rt able> to s;
end
A lgori thm 1: Rout ing algori thm for a Bluetooth patch.

3.2 Distrib uted Events
In our init ial prot otype, we implemented a very simple form
of event dist rib ut ion. When a node generates an event , this
event is broadcast to all nodesin the patch using the routi ng
algori thm given in the previous sect ion. In addit ion, the
master node sends the event to the backend PC via GPRS.

3.3 Time Synchronization
As Bluetooth uses a t ime div ision mult iple access scheme
for communication, it maintains an internal clock that is
t ight ly synchronized between nodesthat share a connecti on.
We exploited this feature in [21] to measure the o"s ets # ij

between the system clocks of neighborin g nodes i and j .
Ti me synchronizat ion is then implemented by t ransposing
t imestamps as follows. Node i Þrst obtains a t imestamp t i

using it s local unsynchronized clock. When t i is sent to node
j , the t imestamp is t ransposed by adding the clock o"s et



# ij to t i . Th is approach works also across mult iple hops
and has two primary advantages: it avoids the di! cult ies
of explicitl y synchronizing the system clocks and does not
require any master t ime.

Unfortu nately, the Bluetooth API of the connected limit ed
device conÞgurat ion (CLDC) [25] on mobile phonesdoesnot
provide accessto the Bluetooth clock. Hence, we need a dif-
ferent way to measure the clock o" sets # ij between network
neighbors. Since the requirements on synchronizat ion accu-
racy in Facet are not very strong as pointed out in Sect .
2.2, we resort ed to the following simple scheme, which is
executed for each pair i, j of neighboring nodes. Node i
reads its local clock, obtaining a t imestamp t i and sends
this t imestamp to node j using a sync message. At arriv al,
node j reads out its local clock obtaining a ti mestamp t j . We
then compute # ij = t j ! t i , neglect ing the (nonzero) mes-
sage latency. However, as the latency is very variable, the
clock o" set obtained th is way di"e rs heavi ly from measure-
ment to measurement . We therefore perform k such message
exchanges, obtaining k di"erent clock o" set values. In our
experiments, we used k = 20. Among these values, we se-
lect the smallest one, since for the respective measurement
the message latency was the smallest. Finally, the receivi ng
node sends the computed clock o"s et to the sending node.

In our prototype implementat ion, we perform this synchro-
nizat ion procedure once for every pair of neighbor nodes at
start up. However, due to clock drift , the accuracy of syn-
chronizat ion wil l decrease over t ime. To support systems
with a longer li fetime than in our init ial experim ents, syn-
chronizat ion would have to be repeated from t ime to ti me.

3.4 ImageCapture
Capturin g an image from the camera seems to be a st raight -
forward task at Þrst. However, to our surprise we had to Þnd
out that capturin g an image on a mobile phone, and only
having the J2ME API available, is harder than it seems.
Again, the main problem is speed. To reduce the e" ort
required to process an image, we found that we could reduce
the image size down to 120 by 160 pixels wit hout loosing
accuracy in the image analysis process. But stil l, the process
of capturi ng an image took more than 1 second on the mobile
phonesused (seeSecti on 4 for details) becausethe standard
captu ri ng routi ne creates a jpeg or png image. However, the
API also allows to capture raw imagesstored in a byte array.
Th is approach showed to be about twenty t imes faster. In
this byte array, each pixel is encoded in three bytes: one
for red, green, and blue, respecti vely. As we donÕt need the
color informat ion but only gray values, we convert the values
in one single loop thus reducing the t ime needed to capture
an image to about 80 mil li seconds.

3.5 ImageAnalysis
Our prototype implementati on supports the detecti on of two
typesof events: in events of objects enterin g the Þeld of view
of a camera and out events of objects leaving the Þeld of view
again. In part icular, we consider humans asÒobjectsÓin our
experiments. Theseevents will be used to infer const raints
for calibrati on as described in Sect. 3.6. Due to the lim-
it ed performance of our communicat ion architectu re, these
events should be detected on the phone itself, such that we
avoid communicati on of raw images between camera nodes.
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F ig ure 3: Exemp la ry backg ro un d sub trac ti on.

Th e basic approach to detect these events is to compute
the di"e rence between the current image and a previously
stored background image that contains no moving objects.
To calculate the di"erence between the current image and
the stored background image, we subt ract the images pixel
by pixel. I f the di"e rence is greater than a certa in threshold
value, whose value we determined experimentall y, we incre-
ment a background di"e rence counter bd. To speed up image
analysis, we combined gray value conversion (see Sect. 3.4)
and background subt ract ion into a single loop.

Figure 3 shows a typical graph of the background di" erence
counter bd(t) over ti me t. Th e Þrst peak indicates a person
passing th rough the Þeld of view in one direction whereas
the second peak indicates a person returning, i.e., passing
through theÞeld of view from theother direct ion. The graph
shows a notable oscil lat ion at the falli ng edge of the Þrst
peak and at the rising edge of the second peak. Th is is due
to the camera of the mobile phone automat icall y correcti ng
the whit e balance slower than our image analysis is captu r-
ing and processing images. To remove thesehigh frequency
components, we apply a simple moving average Þlter to the
last 10 values, i.e., abd(t) = 1/ 10

! 9
i =0 bd(t ! i ). Al though

this approach delays the event generat ion by about 1 second,
it helps making the image analysis much more robust.

Th e absolute values of the peaks for people moving through
the Þeld of view heavil y depend on the light condit ions,
clothing, as well as speedand t rajectory of movement . How-
ever, we observed that the maximum slope of abd(t) is re-
markably independent of these conditi ons. Hence, we com-
pute an approximat ion of the Þrst derivati on of abd(t) as
foll ows: bds(t) = abd(t) ! abd(t ! 1). See Fig. 3 for an
example. To detect in and out events, we apply threshold-
ing to bds(t). We empiri call y found a threshold of ± 70 to
work well. Th at is, if bds(t) ri sesabove 70, then an in event
is detected. If bds(t) fall s below -70, then an out event is
detected.

In order to accommodate to changes of the background im-
age, e.g., due to changing light conditi ons, we also imple-
mented a very simple background image adapt ion algorit hm.
To detect durable changes of the background we applied the
following rule: if the di"e rence from the background is sub-



F ig ure 4: Exemp la ry constrai nt graph before edge
re mo val.

stant ial (i .e., bd(t) > Tbd) and the di"erence from image to
image is small (i.e., bds(t) < Tbds ) for at least TN successive
t, then we update the background image. We empiri cally
found threshold values Tbd = 90, Tbds = 10, TN = 100 to
work well.

3.6 Calibration
In our prototypical implementat ion, in and out events are
used to deriv e constraints to populate the constra int graph.
Here, we derive visual neighborhood constraints between
pairs of nodes. Two nodes a and b are said to be visual
neighbors if t racked humans walk from the Þeld of view of
a to the Þeld of view of b without passing through the Þeld
of view of any other node. In the setup depicted in Fig. 5,
for example, where four cameras are linearly aligned in a
hallway, nodes 1 and 2 are visual neighbors, but not nodes
1 and 3. Visual neighbors are connected by an edge in the
constraint graph.

To detect visual neighborhood, we identi fy matching pair s
of out and in events. A pair (o, i ) is said to be a matching
pair if o is an out event , i is an in event , and no other event
occurred after o and before i . For each such matching pair,
we create an undirected edge (assuming that visual neigh-
borhood is a symmetri c relati on) in the constraint graph
between the node that generated event o and the node that
generated event i . Each edge between nodesa and b is anno-
tated with a counter cab that counts the number of matching
event pairs for this edge. Th e weight wab of an edge between
a and b is deÞned as wab = cab /

!
e,f cef .

As explained in Sect . 2.3, the const raint graph is distrib uted
in the sense that each node stores its adjacent edges. To
implement this, every event is broadcast to every node in
the patch as described in Sect. 3.2. Every node then uses
the approach describ ed in the previous paragraph to Þnd
matching pairs of events which involve a locally generated
event , as theserepresent edgesthat are adjacent to the node.

Consider the constraint graph in Figure 7 as an example. I f
node 2 broadcasts an out event , and shortl y aft er that node 1
broadcasts an in event , then both nodes update their local
graph by increment ing c12 by one. Figure 7(a) shows the
constraint graph after two matchings have been detected,
namely the one described above and a second one between
node 1 and node 4. Thus, the edge weight w is 0.5 for both
edges.

False negat ive and false posit ive events cause our approach
to wrongly create edgesbetween nodesthat are actually not
visual neighbors. For example, the constraint graph in Fig.

4 contains edgesbetweennodes that cannot be visual neigh-
bors according to Fig. 5. In fact , only the edges between
the nodes 4 and 1, between 1 and 2, and between 2 and 3
are tr ue edges. All the other edges are said to be false.

To remove falseedges,weassumethat falsenegat ive/posit ive
events are generated rarely and thus the weights of false
edges will be small compared to those of t rue edges. In
our prototype implementat ion, we assume that all camera
nodes detect about the same number of events. We wil l see
in Sect . 4.5 that these assumpti ons are reasonable for our
experiments. Th e edge removal procedure Þrst counts the
number n of edges in the constra int graph. Wi th the above
assumpt ions, t rue edges should have a weight w that is sub-
stant ially larger than 1/n , while false edges can be expected
to have a weight substanti all y smaller than 1/n . Th at is, we
remove all edgeswith a weight smaller than 1/n . In the ex-
ample graph in Figure 4, there are n = 6 edges, so all edges
with a weight smaller than 1/ 6 wil l be removed, result ing in
the graph depicted in Fig. 7(b).

4. EVALUATION
To verify the feasibil it y of a camera network of mobilephones,
we performed a preliminary evaluat ion of the crucial com-
ponents of the Facet prototype describ ed in Sect. 3. In
part icular, we investigated the latency of Bluetooth-based
communicat ion, as well as the the accuracy of t ime syn-
chronizat ion, image analysis, and calibrat ion. All tests were
conducted using Nokia 6630 mobile phoneshaving Þrmware
6.03.40 install ed. As the 6630 is a rather old mobile phone
Ð it was released in November 2004 Ð better result s can be
expected for more up-to-date hardware.

4.1 Experimental Setup
For the evaluat ion we performed experiments wit h four mo-
bile phones in our o! ce hallway. Th e nodes were attached
to the ceili ng and used to detect people passing by. In a
Þrst setup, we aligned the mobile phones li near ly, mounted
in equal distances of 3.7 meters as ill ustrated in Figure 5.
Th e second setup, intended to be more reali stic and thus
more demanding, consisted of three linearl y aligned nodes
in the hallway and one node in the prin ter and co"ee ma-
chine room in a tr iangular setup as depicted in Figure 6.
Moreover, we increased the distance between node number
4 and node number 1 to 7.4 meters.

To analyze the format ion of the constraint graph, the nodes
where programmed to send all events via GPRS to a cen-
t ral server in addit ion to exchanging them among each other
via Bluetooth . Both setups, i.e., the linear and the t riangle
experiment , whereused to collect events durin g normal busi-
ness hours, i.e., not during lunch or over night . We gathered
more than 8 hours of data for the linear setup, and another
two hours for the t riangular setup.

4.2 Communication
As described in Section 2.1, we use Bluetooth to organize
nodes in local ad-hoc patch networks and GPRS to inter-
connect multi ple patches. In the following, we wil l discuss
the performance of Bluetooth communicati on and refer to
[14] and [16] for evaluat ion result s on GPRS channel alloca-
t ion.



F ig ure 5: L inear cam era setup in a hall way.

F ig ure 6: Came ras setu p in tri angle.

Th e message latency for Bluetooth communicat ion in our
prototype is mainly dominated by opening and closing a
Bluetooth connect ion. Our experiments with Nokia 6630
phonesshowed that when connect ing directl y to other phones
with a known Bluetooth address,small messages(< 20 KB)
can be sent in under 2 seconds, the ti me to establi sh and
close the link connect ion included.

In our experim ent setups, the diameter of the network patch
is at most 3 hops, hence it takesat most 6 seconds to send a
message through the network. Alt hough this result is very
promising compared to [3], it also imposes a limit on the
speed of objects that can be tra cked in realti me. Wi th an
average distance of 4 meters between neighboring nodes in
the linear setup, the per-hop message latency wil l be larger
than the t ime it takes an object to move from one node to
another if the object moves faster than 2 m/ s. However,
in our experiments humans went very rarely faster than 1.7
m/ s in a hallway.

We omit a detailed performance analysis of the algorit hm
proposed to disseminate the Bluetooth device addresses as
it only needs to be run once when init iall y setti ng up the
camera network and thus the overhead is negligible. Yet, we
can say that in our four node experiment setup (seeFigure
5), the distri buted algori thm rarely needed more than 25
seconds to complete. Th is approximately equals the t ime
needed to complete a Bluetooth inquiry (15-20 seconds) and
to send 3 consecut ive announce messages (2 seconds each).

4.3 Time Synchronization
To measure the clock o" sets between neighboring nodes,
each pair of neighbors exchanges a sequence of messages
without closing the connect ion in between. As connecti on
setup takes far longer than sending a message, the ti me re-
quired for synchronization of a pair of nodes is about the
same as sending a single message, i.e., lessthan 2 seconds.
But , as we cannot synchronize nodes in paral lel due to the
limitati ons of the used Bluetooth API , this number has to
be multi plied by the number of neighborin g node pairs in

the patch. In our hallway test using four nodes, the t ime
synchronizat ion took between 6 and 8 seconds.

Th e quest ion remains how accurate the clocks can be syn-
chronized. By execut ing the synchronizat ion algori thm mul-
t iple t imesin sequence and measurin g the di" erence between
the result ing clock o"s ets, we found the values to vary by
about 30 mill iseconds. In addit ion, there is a systemati c
error due to the fact that we do not take into account the
message latency. We could not quant ify th is error due to
the lack of an external reference system for comparing the
clocks of two phones.

4.4 ImageAnalysis
Th e task of the image analysis component , which runs lo-
call y on each node, is to generate the appropriate in and out
events. Hence, camera imagesmust beprocessedfast enough
to tra ck humans passing by. Li kewise, the image analy-
sis component should only generate correct events in order
for the calibrat ion algori thm to generate the correct con-
straint graph. Thus, the image analysis component should
not create false positi ve events, i.e., send an event alt hough
no human passed by, as this would distort the calibrat ion by
leading to false matchings (see Sect . 3.6). Even worse are
false negat ives, i.e., not sending an event alt hough a human
was passing by, as they not only distort the calibrati on but
also delay it .

To test the accuracy with which the image analysis compo-
nent generates in and out events, we gathered all events cen-
t rall y on a server and compared them to the ground t ruth,
that is a record of several members of our group walking
through the hallway and going to the printer room, respec-
t ively. Thereby, we found that no mobile phone generated
false positi veswhile nearl y 20% false negati vesoccurred. As
expected, falsenegati ves mainly occurred when two or more
people entered the Þeld of vision of a camera at about the
same t ime and subsequent ly left one after another. Very
infrequent ly, false negat ive events occurred because people
ran through the hallway, thus generati ng a background dif-
ference derivat ion (bds) smaller than the th reshold. Due to
the limited image size, low resoluti on and in parti cular due
to the low comput ing power available on the mobile phones
used, we were not able to improve the image analysis so as
to count the number of people concurrentl y in the Þeld of
vision. For the same reasons, we could not furt her speed-up
the image processing on the Nokia 6630 phones and were
thus only able to t rack objects or humans not faster than 2
m/s . On the upside, we found that alt hough di" erent cloth-
ing colors and di"erences in their bri ghtness did result in
quite di" erent bds peaks, we were still able to generate the
correct events by adapti ng the threshold accordingly.

As ment ioned in Sect ion 3.5 and found in the above section,
one of the biggest challenges developing the image analysis
component was to speed-up the analysis per se. Our Þrst
naive implementat ion of background subt raction was capa-
ble of processing about 0.75 frames per second. Taking into
account that a human passing by wil l remain in the Þeld
of vision for only about 2.5 seconds, it became clear that
this was way too slow. However, by applyi ng the di" erent
opt imizat ions detailed in Sect ion 3.5, we Þnall y achieved a
frame rate of 12.8 fps (average frame rate measured during



both the linear and the tri angle experiment) .

4.5 Calibration
Our framework supports the construct ion of a const raint
graph as described in Sect. 3.6, which is intended to be used
as the input to an calibration algori thm which computesthe
locat ions of cameras. Hence, the accuracy of the const raint
graph is crucial for the accuracy of the Þnal calibrati on.
Here, the accuracy of the constra int graph is informall y de-
Þned as the level of congruence between the actual layout
of the camera nodes and the constraint graph. For both ex-
periments, our approach produced correct constraint graphs
despit e vary ing environmental parameters such as light in-
tensity, cloth ing, or velocity. Th e resulti ng graphs (aft er
removal of edges wit h a weight below the topology-speciÞc
threshold) are shown in Figs. 7(b) and 8, respectively.

(a) Aft er 5 minutes (6 matching event pairs).

(b) Aft er 8 hours (400 matching event pairs).

F ig ure 7: Constrai nt gra phs for the l inear setu p.

Besidesthe topology of the constraint graph, we alsot ried to
infer the length of the edges (i .e., distance of camera nodes
that are visual neighbors). For th is, we consider the ti me
interval between a matching pair of out and in events and
mult iply th is value with an average human walking speed.
We useda value of 5.4 km/h (i.e., 1.5 m/s ) according to [6].
In Figs. 7(b) and 8, graph edges are annotated with the
result ing distance estimates. For edges where people walk
at constant speed (e.g., along the hallway) , the result ing
distance estimates are quite accurat e. For these edges, we
obtain an accuracy of ± 17 cent imeters in the linear setup
and ± 44 cent imeters in the t ri angle setup. Th e larger er-
ror for the t riangle setup is due to the increased distance
between nodes 1 and 4. Overall , th is results in a relat ive
error of about 5-6%. However, for the edge between nodes
1 and 3 in Fig. 8, where people change walking speedto en-
ter/ leave the print ing room, the distance estimate has very
poor accuracy.

F ig ure 8: Fi na l constrai nt graph for th e t ria ng le
setup .

As the constra int graph changes over t ime with every new
matching pair of out and in events, we are interested in how
the quali ty of the const raint graph evolves over ti me. For
this purpose, we consider the conÞdence of the const raint
graph, which is deÞned as the sum of the weights of the t rue
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F ig ure 9: De velo pm ent of graph conÞdence over
ti me .

edges. Fig. 7(a), for example, shows the constraint graph
for the linear setup aft er 6 matching event pairs have been
processed, which all refer to t rue edges. Here, the conÞdence
is 1.0 or 100%.

However, failure of the image analysis component to detect
certain in or out events will result in false edgesbeing added
to the constraint graph, such that the conÞdence decreases.
As more and more events are being processed, we expect the
conÞdence value to converge to a stable value due to the law
of large numbers. Figure 9 il lust rates the development of
the conÞdence over t ime for both the linear and t riangular
setups.

Both curves show a similar quali tati ve behavior, starti ng
at a value of 1 since the probabil it y for a matching pair of
events that refers to a t rue edge is larger than the probabil it y
for a matching pair of events that refers to a false edge.
Over t ime, wrong edges appear, so the conÞdence values
drop. Slowly, the conÞdences converge to a stable value as
expected. In general, the probabili ty of false matchings is
larger in the tri angle setup than in the linear setup, result ing
in lower conÞdence values for the former experiment . In
the linear experiment , conÞdence Þrst drops to 0.725 before
converging to about 0.8 aft er 400 matchings, which perfect ly
coincideswit h the falseevent detect ion rate of about 20% as
report ed in the previous secti on. In the t riangle experim ent,
conÞdence drops to as low as 0.4 before converging to about
0.7.

5. RELATED WORK
Recentl y, several embedded hardware plat forms equipped
with vision sensors havebeendeveloped (e.g., [7, 13, 20]) and
support ing software frameworks have been devised. Wh ile
the archit ecture of thesesoftware plat forms bare some simi-
lari t ies to Facet, theseare custom solut ions for speciÞc plat -
forms. In contra st, Facet is aimed to support mobile phones
as a standardized and porta ble hardware plat form.

Camera calibrat ion is a very well explored and understood
topic in computer vision. For example, [12] give an excellent
intro duct ion into the Þeld.

Baker et al. [2] focus on classic calibrati on of mult i-vision



systems using textu res such as checkerboards. Th eir ap-
proach result s in high precision calibrat ion, however, it re-
quires a great amount of user at tent ion. Addit ionall y, every
t ime a node is replaced, calibrati on has to be redone at least
locally, which results in high maintenance cost.

Jannot ti et al. [15] propose a calibrat ion based on Geo-
graphic Hash Tables, however, their work is sti ll limit ed to
3D reconstruction from overlapping Þelds of view which can-
not always be guaranteed.

Taylor et al. [23] proposea calibrat ion and positi oning tech-
nique basedon light sources att ached to cameras which then
can be viewed and analyzed by each camera, respect ively.
Th is approach again can lead to high precision. However,
since cameras need to be able to ÒseeÓeach other, this ap-
proach requires overlapping Þelds of view.

In [9], Ercan et al. investigate object t racking via camera
networks, especially in sit uat ions where occlusions occur.
Th eir approach is similar to ours, since they put an emphasis
on simple image preprocessing on the camera node, in order
to reduce network tra ! c. However, they assume an already
calibrated system and do not addressreconÞgurabili ty of the
camera network.

Di" erent from vision calibrat ion but of similar import ance
is the calibrati on of non-overlapping cameras. Th e goal is
to achieve spati o-temporal relationships between cameras.
Rahimi et al. [19] establi sh these links by modeling the
t rajectory of objects wit h Gaussian Markov chains. Th eir
approach is the most similar one to ours. An empiric com-
parison of the two approachestherefore would be interest ing.

6. CONCLUSION
In this paper we have presented Facet, a software architec-
ture to support smart camera networks of mobile phones.
In cont rast to other work which relies on custom-built hard-
ware, our approach is based on low-cost mobile phoneswith
standardized Java APIs. We have implemented a proto-
type of Facet and showed th rough a preliminary evaluat ion
the feasibili ty of this approach. In part icular, we support
mult i-hop Bluetooth networking, t ime synchronizat ion, de-
tecti on of visual events on the phone itself, as well as Þrst
steps towards calibrati on. Alt hough our system is executed
on a Java Vi rt ual Machine which runs on a mobile phone
with limited resources, we could achieve frame ratesof more
than 12 fps. Wh ile this represents an import ant Þrst step,
furt her work is needed to full y implement and evaluate the
framework.

Our main goal is to push forward the development of mobile
phone-based smart camera networks and to make relevant
code available to the publi c. Our vision is that in the fu-
ture it will be possible to easily install the networks of smart
cameras wit h lit tl e e" ort using by simply downloading the
code onto the phone using 3G data networks. Our future
work will focus on improving the system in order to enable
concrete scenarios such as indoor navigat ion or object t rack-
ing. We also plan to publish the reference implementat ion
of our software architectu re as an open source project , and
hope to establish a base for further communit y-dri ven de-
velopment in the area. Furt her we want to add mult iple

view calibrati on in order to support high resolut ion object
detect ion. As the vision capabili t iesof mobile phone become
more elaborate, we hope to be able to work more on object
recognit ion.
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