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ABSTRACT systems, nodes are interconnected through a wired net-

Meerkats is a wireless network of battery-operatéﬁork and plugged to continuous_po_vversources. Another
camera nodes, that can be used for monitoring arfxample of a sensor network utilizing powerful sensors
surveillance of wide areas. This paper describes tpe the Center for Collaborative Adaptive S_ensing of the
Meerkats architecture, including: (1) a number of\fmosphere’s (CASA) [7] network connecting radars for

application-level visual sensor acquisition and proces@mospheric monitoring and prediction.
ing techniques such as image acquisition policies (in- We introduce Meerkats, a wireless network of battery-

cluding cooperative, event-driven policies); visual anaPPerated camera-equipped nodes that can be used for
ysis for event detection, parameter estimation, aponitoring and surveillance of arbitrarily large (indoar o
hierarchical representation; (2) resource managemeﬁytdoor) areas. In contrast to networks of simple sensors,
strategies that dynamically assess the power vergg@Ver consumption due to sensing and processing is no
application-level requirements to make decisions on tHger negligible and is comparable to power consumed
tasks to be performed by the system (e.g., what dg_)[\éother node components, in particular the c_ommuni_ca—
representation level to use in transmitting data at HOn subsystem. Therefore, new energy and information
given point in time); and (3) network-level techniquedianagement strateg_ies are needgd to maximize sensor
for bandwidth- and power-adaptive routing as well aBetwork lifetime, while guaranteeing adequate perfor-
media scaling. mance. In monitoring applications, performance essen-
We also report results from the statistical models wially translates into the likelihood of detecting relevan
developed for image acquisition scheduling which, givé&Yents- Hence, in Meerkats, the driving goal is to balance
a probability of mis-detection, try to minimize powef€ trade-off between maximizing the lifetime of the
consumption by deciding when cameras should wake $¥$tem while keeping event detection probability high.
and acquire images. We present results from our powét t_hg_sensor network?ng_research community, different
consumption characterization of the Meerkats sens@gfinitions of system lifetime have been used. In dense
node which is based on the Crossbow Stargate [13€nSor networks3 for ex.ample, sensor netvyork lifetime
Finally, we describe our visual processing approacf'@y refer to the time until the network gets disconnected
based on motion analysis to perform event detection, nf§ld is no longer able to provide adequate coverage of

tion orientation, ground plane positioning, and veIocit;‘;he area being monitored. In sparse deployments, lifetime
determination. may relate to how soon any one node runs out of battery.

This is reasonable since in sparse networks having a
l. INTRODUCTION sensor fail usually means that coverage (and possibly
Most wireless sensor networks to date employ nodesnnectivity) gets severely degraded.

with limited power, processing, storage, and communi- The energy and information management strategies we
cation capabilities. Additionally, they typically incled develop in Meerkats address the (frequently conflicting)
relatively simple sensors (e.g., light, temperature, pregquirements of the different system components (illus-
sure, magnetometer, etc.). In these deployments, enetrgyed in Figure 1). For example, for the visual processing
consumed by sensing-related tasks is relatively smagmponent, which aims at detecting and characteriz-

which means that the communication subsystem (i.eag events within a node camera’s field of view, the
the radio) dominates energy consumption. On the othapre images acquired the more accurate its decision of
hand, in scenarios that employ more sophisticated sevhether an event worth reporting has occurred. However,
sors, usually power and bandwidth are not a concern. kFbe more images, the more power consumed. Another
instance, in most “traditional” camera-based surveillan@mportant trade-off addressed in Meerkats is whether it



is more efficient to perform on-board processing artdrization of the Meerkats sensor node which is based
thus save bandwidth by transmitting higher-level repren the Crossbow Stargate [13]. Finally, we describe our
sentation of the data (e.g., whether an event occurngdual processing approach based on motion analysis
or not), or simply send the full video stream. To mak® perform event detection, motion orientation, ground
such decisions, information about the power budget pfane positioning, and velocity determination.

the nodes involved, the power consumed by the different
operations involved (e.g., data acquisition, transmigsio
processing, etc.), as well as the application performancdn this section, we present an overview of Meerkats’
requirements (e.g., maximum acceptable mis-detectiarchitecture. We also describe our current testbed, in-
rate) is required. cluding its power consumption characterization, strate-

Meerkats’ main contributions include: (1) applicationgies for radio and camera activation, as well as specific
level visual sensor acquisition and processing teckensor placement issues.
niques such as image acquisition policies (including The Meerkats system architecture is illustrated in Fig-
cooperative, event-driven policies); visual analysis faire 1 which depicts the logical organization of Meerkats’
event detection, parameter estimation, and hierarchicaimponents as well as their interaction. Note that every
representation; (2) resource management strategies Meaerkats node runs all of Meerkats’ components.
dynamically assess the power versus application-levelThe Visual Processing (VP) module, which is de-
requirements to make decisions on the tasks to beribed in detail in Section 1V, is responsible for de-
performed by the system (e.g., what data representatienting and characterizing events within a camera’s field
level to use in transmitting data at a given point iof view (FOV). It also performs collaborative sensor
time); and (3) network-level techniques for bandwidthprocessing where information from multiple cameras is
and power-adaptive routing as well as media scaling.fused for more accurate event detection.

Recently, a few camera-based sensor networks havé&Jsing information from the VP module (which may
been developed. One notable example is the Panoptestain the currently estimated location, direction and
project [10]. Even though Panoptes target similar sens@locity of motion of a tracked target), the Image Acqui-
network applications, it has different goals than thosation Scheduling (IAS) component determines the miss
of Meerkats. It addresses scarce and/or intermittelate as a function of the allocated number of snapshots,
communication (e.g., when the wireless card is turnéagether with the optimal snapshot times. Of course, if
off to save power) by buffering data at nodes and/eameras were always on, the probability of missing an
selecting data to be discarded when buffers fill up. It doesent would be zero. IAS’ main function is to schedule
not consider data acquisition policies, visual processameraimage acquisition to maximize the probability of
ing techniques, or data representation level adaptatievent detection while being energy efficient to prolong
as a way to save power. Further, it does not emplsystem lifetime. The IAS component is described in
network-level techniques for QoS or power awarenestetail in Section Ill.

Another example of a camera-based sensor networldn order to transmit images efficiently and timely from
is reported in [36]. Their focus is on storing dataensor nodes to information sinks, Meerkats includes a
(reducing network communication) to achieve energgoS Routing module (described in Section V), which
efficiency, developing efficient querying techniques fqerforms discovery and maintenance of routes that are
data retrieval, and using a reliable transport protocable to meet the quality-of-service (QoS) requirements
to reliably transfer data. PARC'’s video sensor netwo the application in a power-efficient way. To accom-
prototype [11] also targets surveillance applicationg, Bplish its task, QoS Routing needs information on the
unlike Meerkats, it addresses mainly the issue relatedrtetwork’s current conditions (e.g., bandwidth, delay), as
collaborative sensor processing to reduce the amount#ll as remaining power in the nodes. This information
information collected/disseminated to support effectivie provided by the Network Probing module, which is
perimeter surveillance. presented in Section V-B.

In this paper, we describe the Meerkats architectureFinally, the Resource Manager (RM) receives infor-
and its components as illustrated in Figure 1. We also maation from all modules and makes system-wide infor-
port results from the statistical models we developed foration management decisions. For instance, it decides
image acquisition scheduling which, given a probabilitwhen to activate a camera based on information about
of mis-detection, try to minimize power consumption brctual- versus required miss rate and available power.
deciding when cameras should wake up. Additionalli¥lore specifically, in order to determine the optimal times
we present results from our power consumption charaat- which to wake up the camera and take snapshots,

[I. SYSTEM ARCHITECTURE



the RM considers input from nearby nodes. The RM An important feature provided by the Stargate is its
integrates information from the IAS module (e.g., missattery monitoring capability. This is achieved through
rate as a function of snapshots, optimal snapshot timasspecialized chip (DS2438) on the main board. Two
etc.) with any other available information to task camefernel modules, namelynewireandbatmon provide ac-
nodes that are most likely to see the target next. The Ridss to the battery monitor chip and retrieve information
also accounts for power consumed by the various tasks the battery’s current state. The original implementa-
involved (e.g., processing sensing, communication). Thien of batmononly accesses voltage information; we
information is available from the power characterizaxtended it to also read instantaneous- and accumulated
tion benchmarking we conducted for the Stargates (sa#rrent.batmonmaps the data available through the chip
Section II-B). The RM also decides which data rege /dev/platx/batmon. Then, to read battery information
resentation level should be employed for visual datd a given time, one can dtcat /dev/platx/batmon’.
transmission given the available bandwidth and power Hherefore, if we set the current accumulatdy)(to
a given node. Additionally, the RM advises QoS routinthe battery capacity({) once a fully charged battery
on which metric to use when selecting routes. is connected, we can determine the battery lifetime by
doingL = (C'—1,)/C. Note that the current flowing out
Visual Image Acquisition of the battery will be decreased from the initial value of
Processing Scheduling Ia,-

Although Stargate’s battery monitoring capability is a
nice feature, it is only available for a battery connected to
the main board. Since we are using the daughter board
to power the system, we need to modify the Stargate
circuitry in order to monitor power consumption of the

Qos Network whole system. This is an item of future work.
fouting Frobing The laptop we are using is a Dell Inspiron 4000 with
Plll CPU, 512M memory, and 20G hard disk. It runs
Fig. 1. Meerkats system architecture Linux (kernel 2.4.20) and uses an Orinoco Gold 802.11b
wireless card for communication.
A. Testbed It is noteworthy that the Panoptes sensor platform [10]

Currently, our testbed consists of eight visual sensgr pased on the StrongARM processor, has 64MB of
nodes and one gateway (also used as the informatigemory, a Logitech 3000 USB webcam, and a 802.11
sink). Visual sensor nodes use Crosshow’s Stargates [Agkeless card. For Meerkats, we chose to use the Star-
while for the gateway we use a laptop. gates, an off-the-shelf, low power platform. For example,

The Crossbow Stargate is based on the XScaigile the power required by the Panoptes Sensor node

PXA255 CPU (400 MHz), has 32MB flash memory angbr power intensive tasks is about 4.3W, the Stargate
64MB SDRAM, and provides PCMCIA and Compactonsumption for similar tasks is under 4W.

Flash connectors on the main board. It also has a daugh-

ter t_)oard with Ethernet, USB and se_rial connectors. e power Consumption Characterization

equipped each Stargate with an Orinoco Gold 802.11b

PCMCIA wireless card and a Logitech QuickCam Pro T0 measure the power consumed by the Crossbow

4000 webcam connected through the USB. The Quickiargate platform [13], we develop an energy consump-

Cam can capture video with resolution of up to 640x4dtPn characterization benchmark, consisting of a set of

pixels. basic operations that are representative of tasks per-
The Stargate can be powered through a 5V DC adaptefmed by visual sensor nodes.

or through a battery. Both the main- and daughter boardsOur benchmark consists of five main task categories,

have battery input, but only the daughter board hashamely idle, processing intensivestorage intensive

DC input. Since we are using the USB connector on ti§@mmunication intensivandvisual sensing

daughter board, we need to power the Stargate through a) Idle: The idle state or baseline benchmark cap-

the daughter board with 5V. To achieve this, we usetares the energy consumption behavior of the node when

customized 7.4 Volt, 1000mAh, 2 cell Lithium-lon (Li-only basic operating system tasks are running. This

lon) battery, manufactured by Energy Sales, Inc. THenchmark characterizes energy consumption when the

operating system is Stargate version 7.3 which is agstem is idle and also serves as a reference for all other

embedded Linux system (kernel 2.4.19). tasks.

Resource
Manager




b) Processing-intensive:  To characterize corresponding modules from the kernem(mod usb-
processing-intensive  tasks, we use the FFRdhci-salll), while to change the webcam from sleep
benchmark [1], which is part of SPEC’s CPU2000 [39}p idle, we insert the corresponding modulésstod
an industry-standardized CPU-intensive benchmaukb-ohci-salll)l
suite. FFT, short for fast Fourier transform, is an Also, in the Stargate platform, when the timer for the
efficient algorithm to compute the discrete Fouriesyssuspencommand expires and the node "wakes up”,
transform (DFT) and its inverse. the wireless card goes to idle no matter what its previous

c) Storage-intensiveThe storage media availablestate was (set by theardctl suspendor cardctl eject
on the Stargates is flash memory. In order to understas@mmands). This is not the case for the webcam.
its energy consumption, we use a program that does fileTo characterize the Stargate’s power requirements,
reads and writes. The program that writes a file use® use the HP E3631A power supply to power the
random data to write a file with size provided as inputargate through its daughter board. The power supply is
parameter. The program that reads a file will take tl®nfigured to provide 5V, but since we had a protection
file name as input parameter. diode, the actual voltage provided to the Stargate is 4.2V.

d) Communication-intensiveTo characterize the Through the power supply, we record the current being
energy consumed by communication-related tasks, @eawn. Table | shows all possible states for the Crosshow
use a set of client/server programs. The client progre@targate platform and their power requirements.
transmits a certain amount of random bytes (provided as

' f
a argur_ne_n f) to the server. T 0 obtain the energy cost Chate Processor| Sensor| Radio | Storage| Power(W)
he cl he S
transmission, we run the client program on the targcﬁgleep Sleep | sleep | sleep | slecp 098
being monitored. Then we monitor the Stargate running-igie idle sleep | sleep | idle 0.56
the sever program to obtain the energy cost of receptiprP-active active | sleep | sleep | idle 1.60
e) Visual sensingTo characterize power consumpy PR-idle idle S:eep !g:e !g:e 1.27
tion due to the webcam, we use thigleotimeprogram Esf)ft've al‘(’jtl';’e ;:zg e | il ggg
available on the Stargate 7.3, to acquire a sequence pRk-ix idle sleep | active | idle 2.48
frames. PRS-idle idle idle idle idle 2.00
For our application, we consider that the Crossbovxgﬁg'adwe f%‘(?jtl've 'dt'_e !g:e !g:e g-gg
Stargate has three major components: prom | e | e e | e 5 od
« Processor core consists of the processor itselfj PRS-tx idle idle tx idle 3.11
memory (RAM and flash), and associated hardwareS-idle idle idle | sleep | idle 1.28
« Sensor core consists of the sensing devices, whichPSactve | actve | idie | sleep | idle 2.35
. . PS-sens idle active | sleep idle 1.51
in the Meerkats nodes is the webcam; PTread idie Sleep | sleep | read 134
« Communication core also called radio, consists of, PT-write idle sleep | sleep | write 1.37
the wireless communication circuitry and antenna.PRT-read idle sleep | idle | read 2.11
These different components can be in different stateg i it idie sleep | idie | write 2.14
. : P In difiere -PST-read idle idle | sleep | read 2.10
For instance, the processor can be sleeping, idle, activesT-write idle idle | sleep | write 214
(processing), writing data or reading data; the sensor ¢aPRST-read idle idle idle read 2.81
be sleeping, idle or active (acquiring image/video); whilePRST-write| _ idle idle | idle | write 2.84
the radio can be sleeping, idle, receiving or transmitting. TABLE |

In order to characterize the different energy consumption STARGATE ENERGY CONSUMPTION CHARACTERIZATION

levels, we need to cover all reasonable state combinations

and possible tasks being executed. For example, in thelthough these current readings are accurate, the HP

Stargate, it does not make sense to have the proce€s®831A power supply has a limitation on how frequent it

sleeping and radio and/or sensors idle or active, sinc@mples the current being drawn. We use a serial cable

they need to be controlled by the processor. to connect the HP E3631A power supply to a laptop
In order to put the processor in sleep mode, one mustd acquire a sample every second. This sampling rate

execute the utilitysyssuspend giving as a parameterdoes not provide enough granularity to understand power

the time the processor should be sleeping. To put tbensumed by state transitions. As future work, we intend

wireless card in sleep mode, the utility to be use@ use a sampling oscilloscope or a analog to digital

is cardctl suspendwhile cardctl resumechanges the converter.

wireless card from sleep to idle. The mechanism we Related Work:In Bhardwaj et al. [4], a simple the-

use to put the webcam in sleep mode is to remove tbeetical power consumption model for sensor networks



is proposed. The model derives an upper bound for thas a message to send, it will send it during this interval.
network lifetime. One such message can be a “camera wake-up”, which
The Panoptes sensor hardware [10] is similar to tigegenerated by a node that detects an event alerting its
Stargate hardware, but has higher power requirementsighbors of activity in the region. Figure 2 illustrates
When we compare the power requirements for the Stéinis scenario. Upon receiving a “camera wake-up”, a
gate platform (presented in Table ) with the Panopte®de wakes up its camera to start taking pictures.
hardware (presented in Table 5 in [10]), we observe that
the Stargate provides energy savings of up to 25%.

Another widely used platform in sensor networks are | |
Radio * |—| ||_| |_|I
N

the Berkeley Motes [44]. A detailed accounting of the
energy consumed by the Motes is presented in [38].

af=s

.
t

C. Node Activation Issues
. . . Fig. 2. Attimet, radio receives a "camera wake-up” message from
In Section 1I-B, we describe the different energyeighbor. Stargate turns on webcam and begins taking p&tur

consumption states exhibited by the Stargates. It is clear

from the power levels associated with each state that, irﬁddmonally, as described in Section IIl, nodes wake-

order to minimize energy consumption, the Stargate aHg their cameras periodically to check whether there

its peripherals must be kept in sleep as much as possiﬂﬁe?n object of interest in its FOV. If so, it may start

Switching a node’s radio to sleep is a WeII_knOWlI]aking more pictures and/or send a “camera wake-up”

power conservation strategy that has been emplo;[ggssag.e to ne@ghbc_)ring nodeg in Fhe direction the object

by several sensor network protocols (e.g., [46], [35']? traveling. This is illustrated in Figure 3.

[43], [8], [45], etc.). In most cases, the assumption

is that communication dominates power consumption

when compared to the other sensor node’s tasks (e.g. . |—| |’_—|—‘|_| |_||——ﬁ

sensing and processing). One of Meerkats’ distinguishing "wewesn— I L |_

features is due to the fact that its main sensors are 0 E

cameras, and thus, the energy consumed by sensing and

processing is no longer negligible; in the contrary, it méyig. 3. At timet, camera sees object of interest. During next radio

dominate the overall power consumption in a Meerka@%“"d' node sends 'wake-up’ to neighbors and transmitgénta

sensor node. This calls for novel power savings strategies

(complementing existing ones) which try to minimize As discussed in Section lll, we anticipate that nodes

consumption due to video sensing and processing Whe periphery of the area under surveillance will act as

turning the camera on only when necessary. The baBfémary event detectors, warning “internal” nodes which

approach is to keep the camera off as long as the taryéf take pictures “on-demand”. However, by also having

scene remains unchanged. This is similar to keepifjérnal nodes wake up their cameras periodically, we

the radio off when a node has no messages to sdiffrease the system’s overall mis-detection probability.

to neighboring nodes nor does it expect to receive anySending a message only happens during the period the

messages from its neighbors, wireless card is active. In the worst case, if the wireless
The question then becomes when and how to wakard is currently in sleep state, the node must wait until

up a camera such that the probability of mis-detectidi$ next active cycle to send the message.

is minimized while still being energy efficient? There Every node maintains wake-up timers for each device

are different ways to approach the problem. One pos&-d., camera, wireless card). If these timers are large

bility is to use a different, cheaper (in terms of powegnough, the Stargate will begin a timed sleep for the

consumption) sensor, e.g., motion sensors, as tripwigdltire node to minimize energy usage. At a given point

In general, motion sensors consume very little enerd§:time, a node will load only the modules corresponding

however, they raise a few issues such as relatively hitththe peripherals to be activated.

number of false positives and significant delay (up to 1 To achieve schedule synchronization among the nodes,

second). we will employ a simple network-based clock synchro-
In the current version of our system, where camer@iation mechanism. Basically, each Stargate’s clock

are the only sensors, we employ a duty cycle based! be synchronized taking as reference a time server

approach which periodically turns a node’s radio on for’dnning on the gateway node. Time synchronization

specified period of time to listen for messages. If a nodeessages are exchanged under the radio duty cycle
discussed above.




D. Camera Placement [1l. 1 MAGE ACQUISITION SCHEDULING

The layout of the cameras in the environment is

obviously very important for the performgnce of th%odies within the covered area covered. Ideally, any time
overall system. A nu_mber of papers in the_ I!t_erature (e_'g'body enters the FOV of a camera, the camera would
[31], [16]) have studied the p.roblem of V'S'b”!ty analysqake one or more snapshot of it. The visual data is
and optimal placement. In this work we consider a SParF&ed for event detection, data transmission in the chosen

placem dent of cirr?_eras (as |nh[30]_, [25]) t(_) maﬁ'm'ég\t/n% resentation, and activation of nearby nodes which are
covered area. This means that, in practice, the [iKely to see the body next. This section is concerned

two cameras will seldom overlap. with the tasking of the cameras in order to maximize a

An advantage of overlapping FOVs is that, when gecific utility function while guaranteeing long network
surface patch is seen by both cameras, it is possiblejjg

compute the image correspondence and, if the cameras

are geometrically calibrated, the 3-D position of the

surface patch with respect to a reference frame attached _
to one of the cameras [28]. In some cases it is possife Ulility Function
to compute the position of visible objects even from a

single view. In particular, if the projection in the image etwork is denoted by the eveit'. If the body enters

plran(;(;)f tlgi pog; Og cc_):tiiz_:c_gstvxgeen g " O?{? ct tﬁgdzt%ee i—th camera FOV (FOY, we will say that the event
ground plane ¢ € identified (see Sec. IV), F.' occurred. Every time a body circulating in the area

position of the object can be estimated, provided th(%vered by the network enters thieth camera’s FOV

the homography between the ground plane the cameréalpsd is not detected, we will say that a “miss” event for

focal plane is known. This can be done by manua . 1 .
selection of a number of points of known geometr O%ameraz occurred, denoted by/, . More in general,
P g Y %Bhe may consider the casebodies circulating in the

the_ grou_nd floor [%8]’ or a}utomatlcal!y by Iookl_ng atnetwork (eventX™), r of which enter the FOyat some
trajectories of bodies moving of rectilinear motion

at . . } A
. oint (eventF), with the i—the camera missing of
constant velocity [5]. point ( i) v ]

i o o the body in its FOV (evenMZ-’f). We can safely assume
For tracking applications and for efficient hand—off, M is independent oft™ given F7" (since objects

and camera activation, it is important that the camerasjiside the camera’s EOV cannot be detected anyway):
relative localization and orientation is known, at least

approximately. RF-based sensor localization as been
often used for this purpose [6], [19], [32], [37], [14],
[27]. An onboard compass, when available, may be used
to determine the azimuth angle. Visual based approach¥@ will further assume tha(M/|F}) is binomial,

are also possible. For cameras with overlapping FOWeaning that each “miss” event is independent from the
structured light [3], surveyed landmarks [12] and calpthers. This makes sense if the case of “rare events”,
bration widgets [2] have been proposed. Tracked moviffat is, when two bodies are unlikely to appear at the
objects can also be used for the calibration of twegme time in the same FOV. We will also postulate that
cameras with overlapping FOV [26], [40], [41]. If theP(F|X") is binomial, a reasonable assumption in the
cameras have non-overlapping FOV, then calibrationGgse of independently moving bodies.

possible by tracking objects, normally under the assump-A possible measure of the performance of a camera
tion that the trajectory of the bodies between the twaode is the ratio of the expected numbers of “miss”
FOV is known or constrained (e.g. rectilinear) [17], [22]events to the expected number of bodies in the network

The goal of the network is detect and track moving

In our notation, the presence of a moving body in the

P(MF|F},X") = P(Mf|F]) 1)

[34], [15]. (“miss rate” or MR):

We make a distinction betwe@&md nodesndinternal
nodesin the network. End nodes are placed at the edge MR, — E[M;] )
of the network, or near points of high flux (e.g., near an "OEX]

entry door). These nodes are likely to be the first to see

a body when it enters the monitored area. An internahere the E] represents the expectation operator. Let
node is normally in the neighborhood of one or more,,» = P(M}!|F}) and By = P(F!|X'). Using
end nodes. As discussed in Sec. lll, end and interrthe total probability theorem, and remembering that the
nodes require different activation policies. conditional distributions of interest are binomial, we can



write: ta(p,v) = la(¢)/v the moving person will be within

& FOV;.
E[M;] = ka (M) (3) Let & be the set of orientations that overlap FOV
Then:
= ZZZPMlyF" (E7|X™)P(X™)
) ZZE - Prix = [, pole) do (5)
The probability R,z of misdetection given that the
= Z Z P rP(FY | X™)P(X™) = person walks in the camera’s FOV depends on the image
v acquisition policy of the camera. In practical cases, it
- PM\FZE[F|XH]P(XH) = P rPrixE[X] iS very convenient, in practice, to add a low—power
" sensor (such a passive infrared (PIR) motion sensor,
Hence, from (2), we maintain that: which consumes fractions of mW) to trigger the more

power—hungry camera node. However, in our analysis we
MR; = Py rPrix (4) -
assume that the camera takes snapshots at regular time

In the next two subsections we will show how, in somiatervals (with periodl;). This can be used as a worst—

practical situations, the two factors in the rhs of (4) cagase scenario to benchmark the power consumption in

be estimated for end nodes and internal nodes, as defitteal high—traffic case.

in Sec. II-D. Under periodic image acquisition, a person walking

through FOV is not detected if, for some:

B. End Nodes

Consider the case of Fig. IlI-B(a), with a camera
placed near a door, or an area of relatively high flow. where t;, = to + t1(¢,v) is the time the person
For simplicity’s sake, we represent a FOV as a triahgleenters FOV, tou = to + t1(,v) + t2(¢, v) is the time
which approximates the trace of the actual FOV assuffe person exits FOV and i, is the time the person
ing that the camera is not too high on the ground. If thalks through the door. Sincg is, by hypothesis, an
cameras are high (e.g. on the ceiling) pointing dowRutcome of a Poisson process, then it is not difficult to
then the FOQV traces will take different Shapes_ see that the condition in (6) is verified with probablllty
Since this is an end node, it is likely to be the first — min(t2(¢,v),7;)/T;. Hence:
node that can detect a person walking through that door.

mT; < tin < tour < (’I’)’L + I)TZ (6)

We will assume that persons walk through the do / / mln(t2(¢7 v), T;) dv do
at times that are modeled by a Poisson point proces@'F beD Po(P)pu(v T; v
of unknown density\. We further assume that persons (7

walk through the door in a rectilinear motion, with Fig. lll-B(b) shows the relationship between the snap-
constant but unknown velocity and orientationp that shot periodZ; and the miss rate MRfor the situation
can modeled by suitable probability distributiops(v) in Fig. 1ll-B(a). This information (perhaps contained in
and p,(¢). For example, in our simulations we modef look-up table) can be used by the Resource Manager
v as a truncated Gaussian random variable, aras a 10 decide a suitable snapshot rate for the camera.
uniform random variable. Note that prior information on In practice, the parameters needed to estimate the
the velocity is often available (e.g. the average speBuss rate are known only with a certain degree of
of walking). We further assume that the orientation ar@Pproximation. These parameters include the location
the velocity of motion are statistically independent. Agnd orientation of the camera (see Sec. II-D), as well as
shown in Fig. l1I-B, the direction of motion determines the statistical distribution of orientation and velocitye

the lengthl; (¢) of the path from the door to FQyand hypothesis of rectilinear motion at constant speed may
the lengthl,(¢) of the path overlapping FOV Together not always be accurate. However, uncertainty about the
with the velocity v, these path lengths determine théamera geometry can be taken into account by suitably
amount of timet;(¢,v) = [;(¢)/v that it takes to modifying (5) and (7). Likewise, uncertainty about the

go from the door to FO)Y and the amount of time actual distributions ofv and ¢ can be modeled by
increasing the variance of the model distributfons

INote in passing that omnicams can be used [24], [42] resultin
in anular traces. Omnicams have the advantage of larger R®V b *Note thatps(¢) and p,(v) can, in principle, be learned by
reduced resolution. In addition they are more expensive. analyzing the data collected by the camera.



sequence of values MRV;). Based on this knowledge,

the Resource Manager can allocate the number of snap-

shot to be taken by each camera, balancing the need for

a low miss rate with the available energy at each node.
We will give a brief example of how the sequence

T MR;(N;) can be computed in the case of one nearby

(b) node detecting an event (Fig. 11I-C(a)). For simplicity,

_ _ _ we will assume that the location of the body at time

Fig. 4. (a): A possible layout of an end node. The triangulepe

represents the node’'s FOV, while the angular sector repieshe IS kl_qown exaCtly’ that the bOdy IS moving O_f re_zctlll_near
possible direction of motion. (b): The miss rate as a fumctibthe MOtion at constant speed, and that the distribution of

snapshot ratel(/T;). velocity, p,(v) and of orientationpg(¢) of motion are
modeled in the same way as in Sec. llI-B. If no snapshot
C. Internal Nodes is taken by thej—th camera in response to the event

An internal camera node is normally alerted about thietected by thei-th camera, then MR0) = Ppx,
possible arrival of a moving body by one or more othavhich is the probability that the body will cross FOV
end or internal nodes, possibly together with other lonat some point, and can be computed as by (5). To
power sensors. Of course, in addition to this reactie@mpute MR (1), we first need to express the miss rate
behavior, an internal node may also follow a policgs a function of the snapshot time;. This requires
of regularly timed snapshots, to account for movingomputing the probability that the timeg, andt,,; at
bodies that may have been missed by other neamsftich the body enters and exits FQ¥re both before

nodes/sensors. or both aftert; ;. In symbols:
An event detection by thé-th node at timet, is
accompanied by some geometric information about the tout < tj1 OF tim >t

moving body. At a minimum, it is known that a moving

body was localized within FOV at time t. Indeed, and therefore B r = P(tow < tj1) + P(tin > t;1).

as discussed in Sec. IV, different levels of geometridsing the same symbols as in Sec. IlI-B, we observe
information can be extracted, including: the orientatiothat:

of motion with respect to the camera axis; the actual

position of the body in the ground plane; the direction P(tout <1j1) = Plto +t1 +t2 <1j1) (8)
of motion; the velocity of the body. Given the geometric ~ _ / / P(t1(¢,v) + ta(p,v) < tj1 —to) -
information available (together with its uncertainty)dan €@ Jv

the location and orientation of nearby cameras (which is Po(V)pe (@) dv do

also known with a degree of uncertainty), the Resource _
Manager needs to decide: (1) which (if any) nearbly Remembering thaltl(‘b’_”) = L(¢)/v andty(¢,v) =
cameras need to be alerted; (2) how many snapshig{$)/v We maintain that:

each of such cameras should take; (3) what are the

optimal times for the snapshots. Intuitively, if a very . o

reliable prediction of the body’s motion could be made,P(t(’“t <tj1) = /¢e<1> /M Po(v)ps(@) dv do (9)
only the camera whose field of view will be intersected e

next by the body’s path should be alerted, and just onelLikewise,

shapshot should be taken at any time the body is within o

this field of view. Due to uncertainty in our knowledge P(t;, > t; ;) :/ T pu(0)pe(9) dv dg (10)
of the precise camera and moving body geometry, this P2 JO

prediction will be only approximate, meaning that more Fig_ ||-C(b) shows the plot of MR(1) as a function of
than one cameras might have to be alerted, and MQIe for the case of Fig. Il-C(a). In this case, MR) =
than one snapshot might have to be taken. Our strategys

is to compute, for each nearby camera of ingexhe  The case of two snapshots; { < t,,) can be dealt
miss rate MR as a function of the number of snapshajith in a similar fashion. In this case, thieth camera

Nj it will take, and of the timest; = {t1,...,%jn,} misses the moving body if any one of these disjoint
at which the snapshots are taken. For each valu¥;0f oyents occurs:

the timest; that minimize the corresponding miss rate
can be computed, resulting in the optimal (decreasing) tou: < tj1 Ortj1 < tin < tour < tj2 OF tin > t;2



may change as a consequence of changes in illumina-
tion, slight camera motion, shadows, etc. Note that the
background may include moving areas (corresponding,
for example, to leaves rustling in the wind or water in a
fountain). A training sequence is normally used to learn
the parameters of the statistical model of the background.
The other strategy is to simply detect motion in the
scene based on two (or more) snapshots taken at a
short time lagAT from each other. The advantage of
this approach is that it does not require a model for
the change in appearance of the background, which is
N — I supposed to be constant in the brief time between the two
“ snapshot. In addition, standard models for appearance
(®) © changes during motion can be used, as discussed below.
Fig. 5. (a): A possible layout of an internal node. An evers been The disadvantage of motion analysis algorithms for event

detected at timeé, by another sensor, which estimated that a bod : : : : :
is moving within the specified angular sector. (b): The ma® ras detectlon is that there is no motion in the two frames

a function of the timet;; at which a single snapshot is taken by thd€-d. because a person in the scene happen.ed to stop just
camera. (c): The miss rate as a function of the times at which t when the snapshots were taken), no event is detected.

snapshots;,1 < t; 2 are taken by the camera (the cross represent the | this paper we describe our approach to event
pair of time instants that minimize the miss rate). . . . .
detection based on motion analysis. Future work will

The probability of the first and of the third event abovi#K &t combining these algorithms with background

can be easily computed as in the single snapshot cadgbtraction techniques for increased robustness. A eisibl
As for the second event, it is easy to see that: surface patch moving in the scene determines (under

some benign circumstances) the apparent motioof
P(tj1 < tin < tour < tj2) (11) points in the image, termedptical flow For a given
pixel, the variationAI of brightness due to motion is
— / /p <U < h(9) andv > h(9) +12(9) 12(¢)> . related tou and to the spatial image brightness gradient
¢ped Ju

tj1—to tjz —to I as by:
I-u~AI/AT 12
Po(v)ps(S)dv do vIi-ux Al (12)
1 (&) where the notation -" here represent scalar product.
:/ /z—t:;;;ow Po(V)pe(¢)dv dop Ever_1 thoggh termsyl and AT are'easily computed,
S e e relationship (12) cannot be used directly to compute

with the understanding that the last integral is nu ecause it is under-constrained (one liner equation in the

whenever(@)+h(@) - ;1](20. Fig. 11I-C(c) shows the wo components ofu). This is the so—callecGperture

) tj,2—to t, , .__effect only the component of the flow parallel to the
optimal ¢;,1;, for the case of Fig. lll-C(a). The MSSimage gra%jient can t?e computed based gn local analysis.
rate using two time instants (MRR)) is equal to 0.43,

. . Several regularization methods have been proposed to
which, as expected, is less than MR). )
overcome the aperture effect. One successful approach is
IV. VISUAL PROCESSING based on the eigenvalue analysis of steicture tensor

The goal of the Visual Processing module, WhiCL?O]’ which is computed starting from the brightness

is implemented in each camera node, is to detect a%@d'ent valu_es in a block centered_around the p|>_<el
: o £ e €xam. This process labels each image block with

There are two main strategies for visual event recogril- motion”, 'no motion”, or Ol.ﬂher label (the Iatt_er
tion. The first one is based on the detection of chani@g'caﬂng a block with change in appearance that is not
in appearance with respect to a “background” scen _eél moC(IjeIedtrt])_y (12)3' vsi ¢ be d

This approach, sometime callédckground subtractign ased on this motion analysis, an event can be de-

models the appearance of the background when tid Whelnb f(l)rdexa‘fnple_, a"cerfalr}d_mimeer_(;)f |magte
events occur, and use statistical techniques to ident CKS are labeled as ‘moving" or “outlier . Beside even

“foreground” areas where changes occurred. The m tection, the following parameters can be estimated:

challenges in background subtraction techniques areOmientation of motion.The average optical flow can
the representation of the background appearance, whigbhvide a simple indicator of the orientation of the body
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transmitting data from a region of interest, we fully rely
on the motion detection algorithm. Any error (a moving
area that was not detected) is not recoverable, since the
data is not being transmitted. It is important to factor
the increased risk into the utility function that is used by
(b) the Resource Manager to decide at which representation

Fig. 6. (a): A frame of a sequence with a moving person. (bjevel data should be transmitted.
Motion labeling using the optical flow algorithm of Sec. IV.hite:
no motion; Gray; motion; Black; outlier. V. QOS ROUTING

motion with respect to the optical axis. This information Because a large portion of the traffic flowing on the
can be used to predict which camera will see the bodgtwork will be (quasi) real-time (e.g., video), we need
next. to have in place “better than best-effort” routing. Thus,
L when considering routes in Meerkats, metrics such as
Position in ground planeSuppose the homography map; . :
. : bandwidth and delay need to be taken into account.
ping the ground plane to the image plane has be ) ) o S
. . ) : the same time, energy is a critical limitation of the
estimated with one of the methods mentioned in Sec. 1I- ; .
" system and should also influence route selection.
D. The position of the body on the ground plane can In this section, we describe our approach to implement
computed if the projection of the body part that touch , ' . bproach t P
, , e@eerkats QoS Routing component which includes (1)
the ground (a person’s feet or a car's wheels) can

e . :
identified. This is normally performed by detecting th variant of an ad-hoc routing protocol, and (2) network
lowest moving block in the image.

probing strategies to acquire current network state such
as available bandwidth, delay, as well as residual battery
Velocity. To infer information about the moving body’spower on nodes.

velocity, it is necessary to compute the body location at

two (or more) different points in time. This requires that\, Routing

at least two pairs of snapshots are taken by the camera . .
P P y A number of ad hoc network unicast routing mecha-

In the case of multiple bodies visible in the image, Aisms have been proposed in recent years. In our initial
motion clustering procedure should be implemented tests, we employed the Ad-Hoc On-Demand Distance

identify all different bodies. Vector (AODV) [33] protocol. We successfully ported
_ _ _ AODV to the Stargate platform and were able to transmit
Hierarchical Representation video over a multi-hop Stargate network.

Visual motion detection and characterization is useful For our current implementation of Meerkats, we chose
not only for tasking camera nodes, but also to enalle use the Dynamic Source Routing (DSR) [23] proto-
a hierarchical representation of the image data. Desl which, as a source routing mechanism, allows the
pending on the currently available bandwidth and aromplete path to be specifed by the source. This means
the remaining power of the camera node (and on theat, instead of having intermediate nodes make forward-
relay nodes along the path to the sink), the resourt® decisions at every hop, the source will select the
manager decides the representation level at which domplete path which will be based on: (1) information
transmit image data. At the lowest level, all image datallected on the current state of the network and (2)
within a frame would be transmitted, compressed withiaput from the Resource Manager on what QoS metric(s)
still image encoding standard such as JPEG. To redwsteuld take priority.
the amount of data to be transmitted, only the imageWe are currently extending DSR’s reference imple-
blocks corresponding to moving areas could be encodaéntation to discover multiple paths when they exist.
and sent. An intermediate strategy would be to assighe goal is to increase robustness to failures and spread
fewer bits to the non—-moving (background) areas usitige load associated with relaying packets as evenly as
a Region—Of-Interest (ROI) technique. At a higher levgbossible. Besides alleviating congestion, load balancing
only the motion parameters in the image, or the bodysill also ensure that the energy consumed by forwarding
position and velocity, could be transmitted. data will be more evenly spread across nodes. We

It is important to notice that, as the representatiomill investigate different strategies including alteraat
(abstraction) level increases, the data to be transmitigath- and multi-path routing. In the former, each of the
is reduced, but at the same time the risk of missing amultiple paths is used at a time, whereas in the latter,
important feature increases as well. For example, by ordgita is spread over the different paths.
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Another benefit of maintaining multiple paths is thatnultiple paths, we can then measure their available
it will facilitate traffic differentiation through priont- bandwidth. However, if only one math is being used
based forwarding. In applications such as surveillant@ a given interval of time, some form of statistical
and tracking (especially when real-time response is ngrobing will need to be employed in order to measure the
quired), certain traffic needs to be forwarded with higlemaining path(s)’s conditions. For example, traffic can
priority. For example, in the case the system believes ba sent on the se alternate paths with some probability
intruder has been detected, that information needs tojbeAlternatively, “real” active probing could be used on
sent to the sink as soon as possible. When multiple pathe alternate paths.
exist, the one with the lowest delay could be used for Bandwidth and delay estimates can be disseminated
urgent traffic. by piggy-backing them on MAC “Hello” messages or

Similarly to what we did for AODV in our initial routing-layer path discovery signaling.
testbed configuration, we are also modifying DSR’s route As previously discussed, routing must account for
cache mechanism to adjust itself to the type of traffic aésidual energy at nodes. Typically, given that energy
hand. More specifically, we are using learning techniquigssuch a scarce resource, routes with higher minimum
to have the route cache timer automatically adjust itemaining battery will be preferred. Then, if more than
value based on the traffic dynamics. For example, ribute can be selected, the one with the highest available
flows are long-lived, route cache entries could be kepandwidth and/or shortest delay will be picked.
for longer intervals. Similarly to how other attributes are disseminated,
information on nodes’ remaining battery can also be
piggy-backed on MAC-layer “Hellos” and/or route dis-
Selecting routes that can deliver adequate quality ebvery traffic. Section II-A describes how we will collect

service to the application requires knowledge of thesidual battery information in the Stargates.

current state of the network through attributes such

as available bandwidth and delay. Several efforts have VI. CONCLUSIONS

addressed estimation of current network conditions in , . ,
: In this paper we described Meerkats, a wireless net-

wired networks. As a result, a number of tools for

: . . work of battery-operated camera nodes, that can be
assessing available bandwidth on the Internet have been L : .
roposed [21] [29]. One such tool uses a se uenceuosfed for monitoring and surveillance of wide areas. We
prop ' \ q_ resented the Meerkats architecture, as well as results
back-to-back packets sent at gradually increasing rafe. I :
. . : rom (1) the statistical models we developed for image
Receive rate is measured and when it starts to be less_ ..~ : : . -
: o L ) EfCC{UISItlon scheduling which, given a probability of
than the sending rate, it is an indication that the available . o X
) mis-detection, try to minimize power consumption by
bandwidth was reached.

: . . deciding when cameras should wake up and acquire im-
_The proplem with ”?OSt of the (act_|ve) pmb'f‘g mechaé es; (2) our power consumption characterization of the
nisms designed for wired networks is that neither pow eerkats sensor node which is based on the Crossbow

nor bandW|dth are co_nS|d_ered Scarce resources. More ?érgate [13]; and (3) our visual processing algorithms
cently, bandwidth estimation techniques for muItl—th at perform event detection, motion orientation, ground
hoc nepmork_s (MANETS.) attempt to estimate a"a"‘?‘b' lane positioning, and velocity determination.

bandwidth with minimal impact on power consumptior!. Besides the future work items mentioned throughout

Typically, they employ passive probing which does gen paper, we intend to (1) develop an energy con-

erate additional traffic, and thus are less intrusive. Fgﬂm tion model and associated prediction scheme. which
instance thelisten bandwidth estimation approach [9 P P ’

listens in to the channel and determines how muc lll be used by the Meerkats Resource Manager; (2)

available bandwidth there is during a given window OanpI(_ament and gvaluate the Q.OS .routmg and network
. . . T rpbing mechanisms we described; (3) develop a com-
time. Essentially, available bandwidth is computed basgpgte Meerkats prototvpe on the testbed we are buildin

on the portion of free channel time detected. Other MAC P yp g

B. Network Probing

: : : : %t UCSC.
layer passive probing mechanisms rely on measuring the
average MAC queue size locally as well as in a node’s REFERENCES
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