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Abstract Due to the sheer numbers of nodes involved and the
particular needs of applications (eg. emergency ser-
Pervasive networks of micro-sensors and actuators offéres), these systems must &d hoc deployable In
to revolutionize the ways in which we understand arektreme cases, nodes may be dropped from an aircraft
construct complex physical systems. Sensor netwoiksa remote terrain; however, even assuming individual
must be scalable, long-lived and robust systems, ovplacement, the scale of the system and variations in the
coming energy limitations and a lack of pre-installeginvironment require that they self-configure and adapt
infrastructure. We explore three themes in the desitmtheir environment without user intervention. Because
of self-configuring sensor networks: tunidgnsityto wiring is often impractical, nodes must lbmtethered
trade operational quality against lifetime; usimglti- This requirementstems from many factors, including re-
ple sensor modalitieso obtain robust measurementsnoteness (wildlife monitoring), mobility, and the need
and exploitingfixed environmental characteristicsVe for ad hoc deployment. Once deployed, these systems
illustrate these themes through the problem of localizaust operate despite being largelpattended since
tion, which is a key building block for sensor systemgodes may be inaccessible, whether due to their tight

that itself requires coordination. physical coupling (large industrial plants, aircraft interi-
Keywords HJow-power wireless, sensor networks, 100rs) or inhospitable terrain (toxic or urban locations).
calization, self-configuration, localized algorithms. The above requirements impose substantial physical

constraints at both the node and system levels. Nodes

must be small for unobtrusive monitoring. Since they
1 Introduction are untethered, their energy sources must be on-board,

and is often relatively small. The system as a whole

Recent technological advances have fostered the enfaysSt tolerate ad hoc deployment and unattended oper-
gence of small, low-power devices that integrate rTﬁl_tlo_n without mfrastructu_re support. le_en such con-
crosensing and actuation with on-board processing atifRints, the network designers’ goals shift towards ex-
wireless communications capabilities. When deploy&nding system lifetime and robustness in the face of
in large numbers and embedded deeply within |ar91ér_?p_red|ctable dynamics, rather_ than _focusmg on opti-
scale physical systems, these devices gain the abilft§#ind channel throughput or minimizing node deploy-
to measure aspects of the physical environment in (RNt
precedented detail. Through distributed coordination,Although in most systems centralized solutions are
pervasive networks of micro-sensors and actuators witieferred for simplicity, several constraints of wireless
revolutionize the ways in which we understand and cosensor networks make centralization expensive and of-
struct complex physical systems.[EGHK99] ten infeasible. Node energy limitations place numerous
There are many potential applications of sensor négnstraints on communication [PKOO]. In addition, ra-
works: physiological monitoring; environmental mondios used in sensor networks are often quite low band-
itoring (air, water, soil, chemistry); condition basewidth (10-20Kb/s). Finally, system dynamics (node
maintenance; smart spaces; military surveillance; preglovement or failure and changes in radio propagation)
sion agriculture; transportation; factory instrumentatioMith large numbers of nodes make a global picture ex-
and inventory tracking. This paper will address requirgensive to get and impossible to maintain.
ments and design themes for these densely distributed,ocalization is an important building block for sen-
physically coupled and wireless sensor networks.  sor networks and is itself a sensor network. We use it
p— . ed by DARPA und . DABTGas our example to motivate the need for automseié
o B S L St hough acapive ocafzed algortms
docalized algorithmis a distributed computation in

as part of the SCOWR project, and was also made possible in part ’ ) | !
to support from Cisco systems. which sensor nodes achieve a desired global objec-




will need to determine their relative positions and self-

/ ° (912 organize into a spatial coordinate system without relying
»%s) o Drcecainae on remote infrastructures such as GPS.
g'e;;gaxi LS 5 e Such a localization system is in itself an example of
I P 2" ® g a wireless sensor network, as it involves a collection
C" , &% %o ° oo of networked nodes collaborating to achieve a higher
Fado \ o / o ° e level task: a coordinate system based on sensory mea-

surements of the physical environment (such as signal
Figure 1: Localization - an example sensor networ trength, signal propagation characteristics, or packet

Beacons self-organize into a coordinate system usfigVery rates). _ _
pairwise distance estimates obtained by acoustic rang®* S€Nsor network may be organized as a tiered ar-

ing. Other nodes may determine position to be the céifitecture of nodes, perhaps with a mix of small PC-
troid of proximate radio beacons. class nodes (32-bit CPU$0" bytes RAM/Flash) and

smaller nodes such as UCB Motes [HSD0] (8-bit
CPUs, 10% bytes RAM,10° bytes Flash). By mixing
tive while constraining their communication to sensofde sizes, very small-form-factor nodes can be densely
within some neighborhood [EGHK99]. deployed and physically co-located with targets, while
In this paper, we explore coordination in wireles&@rger but more capable nodes are still available when
sensor networks based on adaptive localized algorithfi@eded [CEEO1]. Because individual node capabilities
that exploit both the local processing available at ea@ff quite varied, we require a federation of localization
node as well as the redundancy available in dens@fProaches (see Figure 1).
distributed sensor networks. We introduce the designMultilateration algorithms: In one approach, sen-
themes of density, multiple sensor modalities and ad&¢r nodes measure a sufficient number of pair-wise dis-
tation to fixed environments, and show how they can Bnce estimates, and then use multilateration algorithms
applied to build self-configuring localization systems. for position estimation. One promising ranging technol-
ogy uses a combination of radio and acoustic signals,
using the much faster radio signal to establish time refer-
2 Node Localization ence and the time of flight of acoustic signals to estimate
distance[Gir00]. Sensor nodes with these capabilities

Unlike the Internet, wireless sensor networks are ordi@" independently form a relative coordinate system.

nized around the naming of data, not nodes [EGHK99]. Proximity-based LocalizationSuch nodes can act as
Nodes are neither unique nor reliable; applications dyeacons for smaller devices such as the UCB motes that
press a need for a particular data element or type of dBty ot have the hardware capability for acoustic rang-
by naming it directly. By eliminatingndirection, e.g. ing. A beacon would periodically broadcast its position.
the mapping from a name to a node address to a rolR¥ listening to broadcasts from a collection of nearby
a sensor network can eliminate the maintenance ov@eacons and inferring proximity to those beacons with
head associated with constructing and maintaining thé@¥ message loss, each node could estimate its position
mappings and directory services. to be the centroid of its proximate beacons [BHEOQ].
Because sensor data are intrinsically associated wititerative Multilateration: If the density of beacons
the physical context of the phenomena being sensigdnot sufficient in some areas of the sensor network,
spatial coordinatesre often a natural way to name datdhe proximity-based localization can be augmented by
Spatial coordinates are also employed by collaboratif¥ more costly and perhaps less precise approach of it-
signal processing algorithms (e.g. beamforming) theftative multilateration, in which beacon information is
combine data from multiple sensor nodes for such tagk®pagated through multiple hops to enable location es-
as target tracking. Furthermore, geographic assistafig@ation in areas of low beacon density[SHSO01].
in ad hoc routing promises significant reductions in en- All the above approaches are sensitive to environmen-
ergy consumption [KK0O, XHEO1]. tal vagaries. The problems that arise include (i) incor-
The problem of estimating spatial coordinates fectrange measurements due to non line-of-sight condi-
known as localization, and has generated much interé@as for acoustic ranging, (i) error in RSSI-based rang-
in recent years [BP00, BHE0O, DPGO1, Gir00, WJH9Ng caused by variations in channel parameters across
NB00, PCB00, SHS01]. When sensor nodes are dtfferent environmentsl(/r" models), (iii) poor corre-
ployed in an unplanned topology, there is agriori lation between RSSI and distance owing to multipath
knowledge of location. Device constraints such as coktterference and fading, and (iv) insufficient number of
form factor (including antenna size) and power corieéachable beacons or interference amongst densely de-
sumption may preclude the use of GPS on all nodé@soyed beacons for proximity-based localization. We
Moreover GPS does not work indoors, under water, argue below that such problems call for the use of self-
in the presence of overhead obstructions such as de¢sefiguring localized algorithms.
foliage. Thus, in many scenarios, sensor network nodesSince almost all ranging techniques rely on signal



propagation characteristics, they are susceptible to &1 Density
ternal factors such as interference, multipath effectsand . . _ . . .
changes in temperature and humidity. The signal propac"'Sity IS an important parameter in physically dis-

gation characteristics of both radio and acoustic signgiputed systems, both density of the solution space and

may change with variations in the surrounding enviroft" nodes. We formalize these notions below.

ment. These physical effects are difficult to predict and
can lead to incorrect range measurements which wo@ld.1 Solution Space Density

greatly affect the quality o localization in ounulti- Localized algorithms are most effective when the prob-

lateration anditerative multilaterationapproaches dis- . . . .
lem solution space is dense, that is, a given problem has

cussed above. S ; X .
a large number of satisfying solutions. Since localized

Beacon placement and density can significantly &fyqorithms work with limited local information, we can-
fect t_he _quallty of localization in ouproximity-based nqt use them to solve problems wherein we need to de-
localizationapproach[BHEO1a]. We cannot rely on gmine a global optimal solution. Because we do not
uniform placement of beacons as propagation charagye accurate, general, models of the physical world,
teristics of low power radio communications can S'gn'fﬁeasurement is needed and is well suited to localized
Lo ; . -configuring beacon
formly placed. An intuitive way to solve this problem is, 3 cement algorithms wherein beacons locally measure

to deploy a large number of beacons. The problem wifhiair neighbors and message loss to determine their roles
this approach is that we cannot have all deployed b?Bé active or passive).

cons turned on simultaneously because of the possibil-
ity of interference among several beacons vying for the .
communication channel as well as excessive energy usd-2 Network Density

In simple and ;mall structured environments (indooliSgcalized algorithms are more effective when the net-
factory automation plants etc.), we could perhaps modg@ itself is dense. We can express the network density
and carefully place exactly the right number of beacong.r) in terms of number of nodes per nominal coverage
However, this approach is not useful when we depl@Yea. Thus, ifV nodes are scattered in a region of area
large systems in dynamic, unpredictable environmentg. and the nominal range of each nodeis

Two characteristics are clearly desirable in practi-
cal solutions to the problems described above. First, R — N -m-R? 1
the overall system must dynamically and autonomously w(h) = A ' (1)
adapt éelf-configurgand reconfigure to the particulars _
of its environmental setting. Second, due to scalabiliy°te that the rangé can be either the range of a par-
and energy-efficiency considerations, and because el _-l_JIar.sensor or the ra_ldlo transmission range (|dea!|zed
ronmental characteristics can vary widely even withiffith circular propagation). In each case, the associated
a single region of interest, self-configuration must B¥twork density will be different.

achieved by individual beacons usiferalized algo- Various phenomensaturateat a certain critical net-
rithms. work density particular to them. Beyond this critical

node density, additional nodes do not necessarily pro-
vide additional sensing, communication or coveréige
delity and are essentially interchangeable. For instance,
3 Design Themes Kleinrock and Silvester show that in a wireless network
with a uniform distribution of nodes, whem(R) is 6
B : d actuation defi hvsical nodes, the probability that a node is connected reaches
ecause sensing and actuation defin€ a pnysica SC?QRS?S} regardless of actual node placement.

o a nodes_ mfluence, localized _algorlth_ms_ provide a For problems where such a critical saturation density
natural design paradigm for physically distributed S€H5ists, the solution space densftgan be related to net-

sor networ.ks. More importan.tly, Iocali;ed algorithm ork density. Let\ be the critical density required to
are attractive because of their scalability and rObl.J%\écomplish a certain task. j§ R) > ), only a subset of

ness. Localized algorithms scale well with network siz ; . :
since scaling is influenced by density rather than ph){)g—rg;?t?;égtaer})r/] It(r)]céatlar;?ghborhood of sipél?) needs

ical extent, therefore algorithm complexity grows with The size of the solution spac is the number of dis-

the degree ?”d not total size of the graphs. Since tr{ﬁYot subsets of nodes that could be active in any neigh-
are self-configuring, they can also be seHeonfiguring %orhood
0 .

and thus can be robust to network partitions and no

fallures: _ _ s - ( 1(R) ) @
In this section, we elaborate upon a few design A

themes that arise in the application of adaptive lo-

calized algorithms for scalable coordination and selfa other words, for a given,, S o p(R)*, and grows

configuration in wireless sensor networks. rapidly with u(R).



3.1.3 Controlling Density by Changing Radio state (SLEEP) and transition between these states de-
Power pending on the number of their active neighbor bea-
. cons. While maintaining the desired threshold local-
How can we control network density? In many nextasion granularity across the terrain, STROBE both re-
generation sensor nodes, we can realistically expect figes the self-interference amongst several transmitting
radio transmit power level of a node to be softwarggacons and improves system lifetime by probabilisti-
controllable [HSW00]. ~ Assuming the receiver andea|ly turning off redundant beacons. By tuning it based

transmitter gains remain the same, the nominal trang; system and node energy consumption parameters,
mission range of a radi® is typically a function of its gTROBE can be made energy efficient.
transmit power leveP,. For instance, according to the

Friis Free Space radio propagation model [Rap96], the
received power at distanck

P.(d) % 3) 3.2 Multiple Sensor Modalities
If the threshold power for reception &y, then Any individual que of sensing can .be block_ed or con-
fused by the environment. Leveraging multiple sensor
P.(R) = Py (4) modalities is one way to achieve robustness despite un-
predictable environmental characteristics [GEO1]. For
Thus every sensory system, there exists a set of environmen-
tal conditions that will confuse it, and a subset of those
R pt% (5) in which it fails to identify that it is confused. How-

ever, different sensory modalities are oft@hogonal
However, at very short ranges radio shadowing effeégseach other, in the sense that their sets of failure con-
can attenuate specific frequencies, so the use of féions are largely disjoint. We contend that we can im-
quency hopping techniques is important. The correlgrove the quality of our sensor observations through co-
tion of range with transmit power in many cases maydination and communication, with significantly less
be non ideal, non radial, even non monotonic and cagffort relative to the effort required to incrementally im-
cave. However, multiple power levels can still be usgifove the sensors on their own, simply by using these
as a coarse adjustment of network density. For instan@thogonal” modalities to identify each others’ failure
if R? < P, then doubling the transmit power level camodes and reject bad data.

achieve twice the network density in Eqn. 1. Based on these ideas, we are developing a proto-
Additionally, multiple power levels can be used to g&pe ad hoc deployable multimodal localization system
more information about the system. For instance, mU'EGEOl] that is composed of many stand-alone acous-
hop communication breaks down at network partitiog ranging units and a few acoustic ranging units with
as there are no nodes route By transmitting at a cameras. In general, acoustic ranging performance suf-
higher power, information about such partitions can Bgrs when the “line of sight” (LOS) path is obstructed.
communicated. Finally, multiple power levels can bgcoustic range measurements in obstructed conditions
used to construct a tiered architecture that takes advgfien consistently detect longer reflected paths, leading
tage of heterogeneous capabilities and reach[@BE o unbounded range error. Because they measure the
Assuming beacons are distributed uniformly at ragsng path consistently, it can be very difficult to identify

dom, proximity-based localization[BHEQO] saturates giese errors based exclusively on analysis of acoustic
a certain beacon density[BHEO1a] When there are ggta.
dundant beacons, the system will be expending unnec-

essary energy and beacons may interfere with one anl_—|owever, suppose each camerass field of view con-

other by congesting the communication channel. ol@ns several ranging units, which might be identified by

challenge is to find the right balance of beacons that pfaoghargcteristic pattern strobed on an IR. LED. Any rang-
: Jagyunit that the camera can see has a high probability of

localization quality. Based on our principles of solutiohOS to the camera, and thus in those cases, an accurate

space and node density, we know localized algorithr‘f?'s,r_'ge can be d(_atermmed with acoustics. Addl_t|onally,
may be applied here. using angular displacement, a camera can estimate the

Our solution is termed STROBE, for Selectivel[AN9€ between any two ranging units in its field of view.

TuRning Off BEacons[BHEOLb]. Our basic approac y using the relatively coarse angular information from
is to extend system lifetime by exploiting the redunthe camera, ranging units would be able to identify and

dancy provided by dense sensor networks. Beacigg.?a Iarﬁe errors resulting flrom ObStI‘u_CtF:'[\(:ICOHdItIOHS.
in STROBE can be in either one of two active statéd o nonaity, In a more compliex scenario, two cameras

(LISTEN-BEACON, BEACON-ONLY} or in a passive might coordinate to formulate a 3D model of the terrain
' and thus determine the location of obstructing features,

Two active states are needed because listening incurs energy @pplying the techniques of Kanade[KON92].




3.3 Adapting to a Fixed Environment After time L, the boundary beacon will die. In

_ . this period, other beacons were active only half the
Tolerance of random placement or high node mobil-  time.

ity are not the only reasons to design sensor networks
to be self-configuring. Even in cases where they are
placed uniformly and do not move, nodes must inde-
pendently self-organize to coordinate for collaborative
sensing functions.

The environments in which these systems are ex-
pected to operate will be time-varying due to RF va-
garies and other environmental dynamics. In addition
to time-varying components, many characteristics of the
environment will be a function of fixed elements, sucfase 2: Edge detection.

as trees or hills on a terrain. Although time-varying ef- |t 3 houndary beacon can detect it is at the bound-

fects can be analysed statistically, errors and distortions 4y jt can adjustits duty cycle to be active only half
resulting from fixed elements must be compensated by tne time. Lifetime of boundary beacons

detecting and adapting to these conditions. An approach

Expected lifetime of a beacon thatishops from
the boundary can be derived as,

Ly = 2-Ly-(1—(1/2)%1). (7)

In this case, beacons die successively at times
Ly, 1.5L,---,~ 2L,. These cascading failures
lead to a non-uniform behavior across the network.

aimed at characterizing the environment has the poten- - o)
: : A Ly = 2-— 8)
tial to improve sensing fidelity as well as energy ef- o
ficiency. For example, in the multimodal localization — 2.1, 9)

system [GEO1] previously described, nodes could retain
long-term information about non line of sight pairs de-  Lifetime of a beaconk hops from the boundary)
tected when obstructions change slowly. .

L. = 2-Ly. (10)
3.3.1 Adapting to System Characteristics Case 1 leads to a cascading failure that does not occur
It is difficult to design localized algorithms that bothn Case 2. Thus we achieve uniform behavior across the
empirically adapt to a wide range of environments asystem by distinguishing boundary nodes, and improve
converge to a desired global behavior over that entisgstem lifetime.
range. Some information about the system can signifi-
cantly help the convergence of localized algorithms. E3-3.2  Adapting to the Wireless Channel
ternal system information may be provided in several .
ways. Some examples are: (i) Instead of treating &fvvides etal. [SHS01] propose an approach by which
nodes uniformly, perform edge detection to distinguigipdes in a wireless network can improve the accuracy of
boundary nodes. (i) Use information about partitions g#€ir RSSI based location estimates (discussed in Sec-
other nodes. (iii) Use long range radios or tiered arcfion 2) by dynamically deriving (learning) the surround-
tectures to balance energy efficiency with convergendBd wireless channel properties. The algorithm starts

We will illustrate the first example with the contexWith an initial guess of channel propertfeand tries to

of self-configuring beacon placement. Our simulatio@¥tain node position estimates through a sequence of
show that to improve the system lifetime with STROBESUCCeSSive multilateration. The |n_|t|al set qf position es-
itis important to distinguish boundary beacons (throud#nates can now be used to obtain an initial estimate of
edge detection) from other beacons. Consider the f§1€ channel properties by providing two crucial compo-
lowing example. All beacons form a linear chainf nents: (i) A large set of inputs for the estimation of the
hops. Each beacon has a nominal transmission raf§j@nnel parameters. (i) A corresponding error variance
R and their regions of coverage overlap. Suppose offifit is used as a weight for each input in the channel
1 in every2 beacons needs to be active to achieve diyodel estimator. _
threshold localization quality. Let be the total energy ~ USing these inputs, the channel model estimator can
of each beacon angl, be the rate of energy dissipatiorpmduce anew estimate of the channel_propernes which
when a beacon is active. To keep things simple, we &8 be used in subsequent multilaterations. The process

sume the rate of energy dissipation when a beacon idSfepeated until the values of the channel model, and
the SLEEP state, is negligible. consequently position estimates converge to a specified

tolerance.
Case 1: Treating nodes uniformly. This makes it a versatile solution that even without

Boundary beacons estimate a lower neighborhoBior calibration can work in many different settings
size and are always active. In that case, expecf@ﬁere the propagation channel properties are different.
lifetime of a boundary beacon B Furthermore, if the sensors are deployed over a wide

area, the signal propagation characteristics may vary

¢ ( ) 2For instance, parameters such as the additive Gaussian channel

Ly = % noise in the log-normal shadowing model[Rap96].



widely even across the region of interest. Calculatifi@ir00]
the propagation characteristics locally yields better ac-
curacy in the node location estimates.

_ [HSW+00]
4 Conclusions

Localization is a key building block for sensor network
applications and is a sensor network in and of itself. We
exemplified three design themes that will be important
in wireless sensor networks generally - density, multiple
sensor modalities for robust measurements and adapﬂago

. . 0]
to fixed environmental features.
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