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Abstract— Wireless communication systems have become increasingly generated by the silent footsteps of a cat burglar and trigger an
common because of advances in radio and embedded system technologiesg|grm.

In recent years, a new class of applications that networks these wireless de- Tvoicallv. th tion that i diatelv following th tual
vices together is evolving. A representative of this class that has received ' YPICally, tne question that immediately tollowing the actua
considerable attention from the research community is the wireless sensor detection of the events, isvhere? Where are the abnormal vi-
network. Such a sensor networks consist of numerous tetherless devicesprations detected, where is the fire, which house is about to be
that are released into the environment and organize themselves in an ad- ) : :
hoc fashion. The goal of the network is to perform a monitoring task, and robbed? To ar_]swer th_ls q“es“f’”' _asensor node r,]eeds to possess
knowledge the physical location of the individual nodes is therefore essen- Knowledge of its physical location in space. Location awareness
tial. Not only is this information needed for the sensor network toreport the  is not only needed when reporting the geographical origin of
location where events take place, it also assists in group-querying or rout- eyents, but is critical in many other aspects of sensor networks
ing traffic to a designated geographic destination and provides information L LT
on physical network coverage. However, equipping every node with a GPs @S Well. It can assist in routing in large scale a_d-hoc networks[6]
receiver is not always feasible due to possible obstructions in the path of the [7] or be used to study the coverage properties of the network.
satellite signals or energy limitations in the nodes. In this paper, we present Fyrthermore queries can now be extended to a group of nodes
a novel location discovery approach, which we call AHLoS (Ad-Hoc Lo- . ' ie .
calization System), for wireless sensor networks. Only a small fraction of IocaFed In a_ specific ar.ea‘ We can envision another pow.erful
the nodes start with knowledge of their location and the others dynamically US€ in a tactical scenario context, where a sensor network is de-
estimate their positions via a distributed algorithm. Furthermore, our algo-  signed to track the movements of targets inside its perimeter.
rithm utilizes a new iterative muI'tleateratl_on technique, such that all nodes Based on the knowledge of their own location, a group of nodes
that meet some simple connectivity requirements are eventually able to de- . . .
termine their position. We have analyzed the operation of AHLoS, designed Can discover the direction of the target movement and wake up
a new testbed of wireless sensor nodes and verified the behavior of our dis-other nodes (which are in sleep mode to conserve power) to con-
trlbutgd Iocallzatlo_n technlque_. The results obtained from thg testbed are  tinye the tracking task. Knowledge of location also drives con-
then incorporated in a simulation platform to perform scalability tests and text . 51 | , t kind ten’ | lizati
evaluate the effects of error propagation. ext aware services[5]. In a 'smart kindergarten’, localization
Keywords—location discovery, localization, wireless sensor networks teChn'ques can keep track of the toys in an effort to monitor
the children’s progress. Other future uses may include naviga-
tion help for the blind, keeping track of equipment in hospitals,

. ) and many more. Although the above list is by no means com-
A. Sensor Networks and Location Discovery plete, location awareness of a node is an essential requirement
Nowadays, wireless devices enjoy widespread use in mgay many applications of sensor networks. The incorporation
different settings and the spectrum of applications is rapidigis location awareness in wireless sensor networks is far from
expanding. Ubiquitous connectivity becomes possible by néttrivial task. Since the network can consist of a large number
working these devices together. The exciting new fieldioé- of nodes that are deployed in an ad-hoc fashion, manually pro-
less sensor networksreaks away from the traditional end-togramming each node with its geographic information is impossi-
end communication of voice and data systems, and relies lga. Furthermore, any dynamic technique must take into account
distributed collaborate information exchange. Myriads of tinjne low-power constraints that govern every aspect of sensor
embedded devices, equipped with sensing capabilities, togetimeiworks. Indeed, unintrusive operation in their environment
form an ad-hoc network. Information exchange among cdkquires the node to be tetherless and to have small footprint.
laborating sensors becomes the dominant form of communidiatherefore has to operate on small batteries. In most applica-
tion, and the network essentially behaves as a large, distributieh scenarios, regular maintenance (and battery recharging) is
computation machine. Applications featuring such networkeértually impossible, such that energy efficiency becomes a crit-
devices are getting increasingly prevalent, ranging from eni¢al requirement for these nodes. Any technique for distributed
ronmental and natural habitat monitoring, to home networkinigcation resolution therefore has to exhibit power awareness as

medical applications and smart battlefields. For example, a se@ll. This restriction is exactly what inhibits us from using the
sor node can signal a machine malfunction to the control cen@vious solution of incorporating a Global Positioning System
in a factory, or alternatively warn about smoke on a remote fd&PS) receiver in every node. The objections against this option
est hill indicating that a dangerous fire is about to start. Othean be summarized as follows.

sensor nodes can be designed to detect the ground vibrationss mentioned before, the power consumption of GPS is sub-

I. INTRODUCTION
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stantial. It directly affects the battery lifetime of the individuasignal strength and the other on ultrasound. Our experiments
nodes and thus the overall behavior of the network. of distance discovery with RF signal strength are conducted on
« GPS requires line-of-sight signal reception from the GRBe the WINS wireless sensor nodes [13] (figure 1) developed
satellites and therefore does not work in the presence of debgethe Rockwell Science Center (RSC). To perform our eval-

vegetation, buildings or other obstacles. uation of the ultrasound technique, we have designed and im-
« Also the cost factor of GPS can become an issue when laglemented a testbed of new ultrasound-equipped sensor nodes,
numbers of nodes are to be produced. called M edusa (from Greek mythology - a monster with many

We therefore need another, more efficient alternative to provideads) nodes (figure 2). As mentioned before, the propagation
dynamic location discovery in ad-hoc sensor networks, avoidinbaracteristics for both RF and ultrasound are dependent on the
the drawbacks of GPS. This issue is exactly the one we wdlhvironment and our ranging technique has to be robust againt
tackle in this paper. these variations. We therefore include in AHLoS the provision
to dynamically estimate the propagation characteristics on the
fly as they occur in the actual deployment environment.

The second phase in the location estimation is combining the
range measurements into a new location estimate. We advocate
a distributed algorithm, which we show to be more power ef-
ficient than a centralized solution. Furthermore, our approach
is based on an iterative process, where increasingly more nodes
are able to resolve their location. Our new technique, which we
call iterative multilateration enables us to limit the number of
original nodes with location information to an absolute mini-
mum and increases the robustness in the presence of unavoid-
able ranging errors. We have tested our entire AHLOS location
discovery scheme on a testbed comprised of the first generation
of Medusa nodes and we are able to demonstrate the ability to
estimate node locations in an ad-hoc setting with a few centime-
ters accuracy. We also present the integration of AHLoS with an
ad-hoc routing protocol and we currenlty use the results of our
B. Our Work testbed to study the effects of error propagation as the network

Fig. 1. WINS Sensor Node from RSC

We propose a new distributed technique that only requireSE€s:
limited fraction of the nodes to know their exact location (ei-
ther through GPS or manual configuration) and that neverthe-
less can attain network-wide fine-grain location awareness. Our
technique, which we call AHLoS (Ad-Hoc Localization Sys-
tem), relieves the drawbacks of GPS as only a limited number
of nodes suffer from the associated overhead. AHLoS enables
other nodes to dynamically discover their own location, based
on those few nodes that initially know their geographic posi-
tion, essentially using them in the same way as the satellites in
the GPS system. The main difference with GPS is that loca-
tion information is gradually being distributed into the ad-hoc
network as nodes compute their locations. This increases the
points of reference that nodes can use to infer their locations.
The location discovery of a node can be viewed as a two phase
process. First, the distance between that node and those with a
know position has to be estimated. Second, these distance esti-
mates together with the known positions are combined to pro-
vide an approximate location of the unknown node.

The first phase, distance estimation, is knownasging.
Since almost all ranging techniques rely on signal propagatign
characteristics, they are susceptible to external factors sucrpa
interference, multipath effects and changes in temperature antlVe start off with some background on localization and survey
humidity. These physical effects are difficult to predict and d#he related works in the next section. In section Il we present
pend greatly the actual operation environment. It is therefavar research methodology and examine the tradeoffs between
critical to characterize the behavior of different ranging altethe tworanging solutions we have evaluated. In section IV,
natives experimentally in order to determine their usefulnessvire present théterative multilateration algorithm. The con-
sensor networks. We have performed an elaborate comparigergence of this algorithm depends on the network connectiv-
of two promising ranging techniques: one based on received RFand the availability of beacon nodes, which is analyzed in

Fig. 2. Medusa experimental node

SPaper Organization
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section V. In section VI we describe our testbed setup, experi-
mentation and power characterization of fiedusa nodes. In \,
section VII, we examine the tradeoffs between centralized and .~ .\"‘
distributed approaches. Finally, section VIII outlines our plans /,0 R '
for future work and concludes the paper. E =

T /,O ] SinesRule A_m_ o
Il. BACKGROUND AND RELATED WORK
A. Background
9 @ C? = A? + B + 2ABcos(c)
As we have mentioned in the introduction, any existing loca- CosnesRule B = A%+ % —2BCeos(t)
tion discovery approach consists of two basic phases: (1) dis- A= B+~ 2BCcos(a)

tance (or angle) estimation and (2) distance (or angle) combin-
ing. Several methods for estimating the distance between two
nodes (first phase) exist. A detailed discussion of these methods
can be found in [23].
« Received Signal Strength Indicator (RSSl}echniques mea-
sure the power of the signal at the receiver. Based on the known
transmit power, the effective propagation loss can be calculatgd. 3 I_.ocaliza@ion Basics a) Hyperbolic tri-lateration, b) ML Multilateration,
Theoretical models allow us to translate this loss into a distance® T"anguiation
estimate. This method has been used mainly for RF signals.
« Time based methods (ToA, TDoAYecord the time-of-arrival
(ToA) or time-difference-of-arrival (TDoA). The propagationwhich determines the position of police cars and military ground
time can directly be translated in a distance, based on the knd#@nsportation. This system consists of a set of stationary base
propagation speed. These methods can be applied to many #fitions as observation points and uses ToA and TDoA tech-
ferent signals, such as RF, acoustic, infrared and ultrasout@ues to generate distance estimates. The vehicle position is
ones. derived through multilaterations, using Taylor Series Expansion
« Angle -of -Arrival (AoA) based systems strictly speaking d&o linearize the optimization problem [8][9]. Similar approaches
not measure distance. Instead they estimate the direction of W€ also found in military applications for determining the po-
received signal and use simple geometric relationships to calgiiion of airplanes. In the 1990s, RF based localization has re-
late node positions. ceived attention in the cellular world as well. At that point, the
We evaluate both received signal strength and time based dpS Federal Communications Commission (FCC) required that
proaches for our localization technique (section 111 ). Severall wireless service providers give location information to the
alternatives also exist for the second phase of combining the dignergency 911 services. Cellular base stations are locate mo-
tance measurements into actual node locations. bile telephone users within a cell [10][11]. Distance estimates
« The most basic and intuitive method is called hyperbolic trére generated with TDoA, since this technique has the advan-
lateration. It locates a node by calculating the intersection ot&@ge that the handset only needs to reflect the signal back to the
circles (figure 3a). basestation and therefore does not require additional hardware.
« Triangulation is used when the direction of the node insteadlafcation information is calculated using least square methods.
the distance is estimated, as in AoA systems. The node positi6ias this system FCC requires a 125 meter RMS accuracy in 67
are calculated in this case by using the trigonometry laws pércent of the time. In 1993, the well-known GPB [sys-
sines and cosines (figure 3c). tem was deployed, which is based on the NAVSTAR satellites
« The third method is Maximum Likelihood (ML) estimationconstellation (24 satellites). A similar system, called LORAN
(figure 3b). It estimates the position of a node such that the di82], uses ground based beacons. An RF based system to track
ferences between the measured distance and the distance flwarocation of users within a building is the RADAR system
the estimated position to the known nodes, are minimized. TIjlg. It uses RF signal strength measurements from three fixed
method is directly scalable to more nodes with known locatiobgsise stations. These measurements are sent to a central server
and also can incorporate weights to account for differencestintranslate them into distances. This translation is based on sig-
distance estimate reliabilities. We have therefore chosen tha strength maps that were generated in advance for a number
technigue as the basis of AHLoS. of sites inside the building. Thanks to this process, the effects
of shadowing can be counteracted, at the cost of a considerable
B. Related Work preplanning effort.

Most existing systems that perform localization are based onThe Cricket location support system [5] is also designed for
the existence of a fixed infrastructure. Since such infrastrundoor localization. It provides support for context aware ap-
ture is absent in sensor networks, these techniques are nofptications and is low cost. Unlike all of the systems discussed
rectly applicable here. The basic principles nevertheless canfar, it uses ultrasound instead of RF signals. Fixed beacons
provide useful insights. We therefore first discuss some of theside the building distribute geographic information to the lis-
infrastructure-based systems. In the past few decades, a lotemier nodes. Cricket can achieve a granularity of 4 by 4 feet.
systems have been based on RF signals. In the 1970s, thesefsiirer granularity is obtained by the active badge [25] system,
nals were used in the automatic vehicle location (AVL) systemwhich uses infrared. The next development in this area on in-

©
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door localization is BAT [33] [34]. A BAT node carries an ul-A. Ranging Characterization

trasound tran_smitter of which the sign_qls are picked up by AY Received Signal Strength

array of receivers mounted on the ceiling. The location of a i ] ) ]
BAT can be calculated via multilateration up to an accuracy of a The signal strength method uses the relationship of RF sig-
few centimeters. An RF basestation coordinates the ultrasoti} ttenuation as a function of distance. From this relationship
transmissions such that interference from nearby transmitter@jg1athematical propagation model can be derived . From de-

avoided. This system relies heavily on a centralized infrastrd@iled studies of the RF signal propagation characteristics[19],
ture. it is well known that the propagation characteristics of radio

o . signals can vary with changes in the surrounding environment
Fewer localization systems for ad-hoc networks exist, com- h h ban / | and indoor / outd X
ared to all the infrastructure based ones that were discus@‘g’gat Er changes, urban / rural and indoor outdoor settings).
20 far. A first approach is presented in [24], where locatioy evaluate signal strength measurements we conducted some
' pp b ' eriments with the target system of interest the WINS sensor

L ) . o X
of a node is given as a centroid. This centroid is generated E)(%es [13]. WINS have a 200MHz StrongARM 1100 processor
counting beacon signals that are sent by a set of beacons Prsh ' '

positioned in a mesh pattern. A second approach is taken mB Flash, 128KB RAM and the Hummingbird digital cordless

the Picoradio project at UC Berkeley. It provides a geolocatiotﬁlephony (DECT) radio chipset that can transmit at 15 distinct

scheme for an indoor environment [12], based on RF receivpowerlevels ranging from -9.3to 15.§d!3m (.0'12 1036.31 mW).
%WINS nodes also have an omni-directional antenna hence

?g;zl strength measurements and pre-calculated signal strerﬂgfi radio signal is uniformly transmitted with the same power in
' all directions around the node. These nodes can carry a variety
Our system, AHLoS, also belong to the ad-hoc class. It us§ssensors such as seismic and acoustic sensors. As part of the
RF and ultrasound transmissions similar to the Cricket and BaHio architecture the WINS nodes provide a pair of RSSI (Re-
Systems, but with some key differences. The operation dq&sved Signal Strength Indicators) resisters. RSSI registers are
not rely on an infrastructure setting. Instead it is a fully ad-hQgstandard feature in many wireless network cards [26]. Using
system with distributed localization algorithms running at eveg{ese registers we conducted a set of measurements in order to
node. From a power awareness point of view, it also has t§€rive an appropriate model for ranging.
important property that all nodes play an equal role in the lo- we also attempted measurements in several different settings
cation discovery process. Our technique provides fine-grain€@side our lab, in the parking lot and between buildings). Un-
localization with an accuracy of a few centimeters, similar #rtunately, in these settings we could not obtain a consistent
the BAT system but does not require infrastructure support. Usmdel of the signal attenuation as a function of distance. This
like all the systems discussed so far, we provision for a dynandCmainly attributed to the multipath fading and shadowing ef-
on-line estimation of the ultrasound propagation characteristigsets. Another inconsistency we noted with RSS! is related to
This renders our approach extremely robust even in the presefigeheight of the radio antenna. At ground level, the radio range
changing environments. at the maximum transmit power level is around 30m while when
For our system, we have considered two options of measuring placed one of the nodes at a height of 1.5m the usable trans-
distances. The first one is based on RF received signal strengission range increased to around 100m. Because of these in-
(RSSI), and the second one looks at the arrival time of ultreensistencies, we were only able to derive a model for an ide-
sound signals. In the next subsection, we present a detaitdided setting; in a football field with all the nodes positioned
study of the propagation characteristics of both options. Thé&ground level. For this setup we developed a model based on
results were obtained via actual field experiments on the WINIg2 RSSI register readings at different transmission power levels
(for RF RSSI) andV/ edusa (for ultrasound TDoA) nodes. and different node separations.
A model (equation 1)is derived by obtaining a least square fit
for each power level.Prssy is the RSSI register reading and
Ill. RESEARCHMETHODOLOGY r is the distance between two nodes. Parameteendn are
- o constants that can be derived as functions of distafoeeach
_The fundamental building block of most localization temﬁ?werlevel. Averaged measurements and the corresponding de-
nigues relies on the ability to measure distances to a known &ed models are shown in figures 4 and 5. Table | gives¥he
erence point. In an ad-hoc setting, there is no fixed point Qﬁdn parameters for each case.
reference that one can use famging. Furthermore, for pur-
poses of robustness and power conservation, one would like all
the nodes in the network to play an equal role in the location dis- P = X 1)
RSSI
covery process. As such, for our purposes we definging r
as the ability of adjacent nodes, (that are within communicationAssuming that all the nodes are placed on a flat plane, signal
and sensing range with each other) to estimate their separastyength ranging can provide a distance estimate with an accu-
distance. As a first step, we motivate our approach by first cheaicy of a few meters. This experiment has shown that the use
acterizing theranging capabilities of our two target systemsof radio signal strength can be very unpredictable. A problem
RF signal strength measurement using the WINS nodes andwith the RSSI approach is that radios in sensor nodes are low
trasound measurements using fMedusa nodes. We evaluate cost ones without precise well-calibrated components, such as
the tradeoffs of the two solution approaches in terms of theéfre DECT radios in Rockwell’s nodes or the emerging Blue-
ranging accuracy. tooth radios. As a result it is not unusual for different nodes
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e node proximity (as in [24]), it would be very hard to use for

g :30 fine grained localization especially in an ad-hoc setup. In an in-
e door or urban setting, one can use this received signal strength
method by constructing signal strength maps as in [1] and [12].
This approach however, does require some preplanning so it is
not really ad-hoc. To overcome the problems caused by the sig-
nal strength amplitude variations of RF reception, we adopt a
time difference of arrival(TDoA) approach that makes use of
the time difference between simultaneously transmitted radio
and ultrasound pulses to measure distances. We evaluate this
approach using thé/edusa nodes we have build. Next, we
describe thé\/ edusa node architecture.

Received Signal Strength

T T TR B. Medusa Node Architecture
Fig. 4. Radio Signal Strength Radio Characterization using WINS nodes(LevelsThe Medusanode design 2 is based on the AVR 8535 proces-
3.10) sor [14] which carries 8KB of flash memory, 512 bytes SRAM
and 512 bytes of EEPROM memory. The radio we use is a
2610 ‘ ‘ ‘ DR3000 module from RF Monolithics[15]. The ultrasound cir-

:
—— Measured P=7

s cuitry consists of five pairs of 40KHz transceivers arranged in a
S LSMES pentagonal pattern at the center of the board. Each ultrasound
transceiver is supported by a pair of solid core wires at an ap-
proximate height of 15 cm above the printed circuit board. We
found this very convenient setup for experimentation since it al-
lows the transceivers to be rotated in different directions. The
first generation board is 3" x 4” and it is based on full size com-
ponents and it is powered by a 9V battery. We expect that future
generations will have surface mount components and a smaller
footprint. The current version of the board is intended as a re-
search and experimentation platform with several test points and
12 \ \ \ \ full size components, hence the larger footprint. THedusa

0 5 10 15 20 25

Distance(m) firmware is based on an event driven firmware implementation
Fig. 5. Radio Signal Strength Radio Characterization using WINS nodes(levgsﬁ]- It includes a variable size framing sche_me_:, 4-6 bit eerOd-
7,13 ing [17] and 12 bit CRC. The code fotunging is integrated in
the ad-hoc routing protocol described in section VI-A.

Received Signal Strength

to exhibit significant variation in actual transmit power for thg'l TDoA using RF and Ultrasound
same transmit power level setting, or in the RSSI measured foiThe ranging experiment we have performed with the
the same actual received signal strength. Differences of sevérBddusa nodes uses TDoA at the receiver of simultaneously
dBs are often seen. While these variations are acceptable fortteasmitted radio and ultrasound signals, figure 6. Our choice is
ing transmit power adaptation and RSSI measurements for limotivated by the fact that time difference methods are more tol-
layer protocols, they create problems for localization. A poterfant to changing environments than amplitude based methods
tial solution would be to calibrate each node against a referersitece the received amplitude can be affected by many unpre-
node prior to deployment, and store gain factors in non-volatiligctable external factors.
storage so that the run-time RSSI measurements may be normal-
ized to a common scale.

From our experience we concluded that albeit the signal Rradio signa—
strength method may be a suitable candidate for determining

Transmitter Receiver

I T1
T2

Distance = (T2-T1) x S

Ultrasound Pulsi

TABLE |
RSSI RANGING MODEL PARAMETERS FORWINS NODES

| Distance |

| Power Level| dBm | mW | X | n | . . . o
Fig. 6. Distance measurement using ultrasound and radio signals
3 -5.2 | 0.302 19509 0.148328
7 25 | 1.78 | 21778.338| 0.178186
10 10 10 2444978 | 0.1926 The ultrasound range on tlddedusa nodes is about 3 meters
13 14.4 | 27.54| 25753.63 | 0.198641 (approximately 11-12 feet). The ultrasound pulses can be de-

tected at larger distances (up to 12meters), but cannot provide an
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accurate distance measurement due to the loss of some of pulstesngth is greatly affected by amplitude variations of the re-
We found this to be a convenient range for performing multihageived signal, ultrasounganging only depends on the time
experiments in our lab but longer ranges are also possible. T™iféerence, a much more robust metric. In both cases, the sig-
Polaroid 6500 ultrasonic ranging module [18] for example hasal propagation characteristics may change with variations in
range of more than 10 meters. Other systems have even grettersurrounding environment. To minimize these effects, our
ranges but these impose higher cost and power premiums.prdposed solution dynamically estimates the signal propaga-
detailed description of thé/edusa architecture is provided in tion characteristics every time sufficient location information is
section V. The time between the radio and ultrasound transméssilable. This ensures that AHLoS will operate in many di-
sions is measured using a timer routine running on the micregerse environments without prior calibration. If the sensors are
controller. By exploiting the linear relationship of sound propadeployed over a wide area, the signal propagation characteris-
gation as a function of distance, the time difference between tits may be vary across the region of interest. By calculating
reception of simultaneously transmitted radio an ultrasound sthe propagation characteristics locally we can achieve better ac-
nals provide a good approximation of range. Using these retarracy in the sensor location estimates. Table I summarizes
tionships we characterize TDoA ranging of théedusa nodes the comparison between signal strength and ultrasound ranging.
by placing them on the floor at different separations. The rBased on our based on the outcome of our ranging characteri-
sults from this characterization are shown in figure 7. Thezations, we select TDOA as our primary ranging method. We
axis represents distance in centimeters and,theis represent therefore continue our discussion of localization using the ul-
the microcontroller timer counter value. trasound TDoA method and the edusa nodes as our ranging
platform. One possible solution that we are considering for our
future work is to combine signal strength and ultrasound meth-
ods. Since the signal strength method has the same effective
range as the radio communication range, it can be used to pro-
vide a location indication in places where the network is sparse.
The ultrasound approach will provide fine grained localization
in denser parts of the networks. For this configuration, we plan
to have thell edusa boards act acation coprocessorfor the
WINS nodes.

140
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MCU time measurement

60

a0 ] IV. LOCALIZATION ALGORITHMS

‘ ‘ ‘ ‘ ‘ Given aranging technology that estimates node separation
% O eemem 20 %00 we can now describe thieerative multilateration algorithm.
The algorithm assumes a network of nodes where a small per-
centage of the nodes are aware of their positions either through
manual configuration or using GPS. We define these nodes as
The speed of sound is characterized in terms of the microcdfiacon nodes. These nodes broadcast their location informa-
troller timer ticks. To estimate the speed to sound as a functit@ to their neighbors and when sufficient information becomes
of microcontroller time, we perform a best line fit using lineafvailable they can also estimate their locations. The rest of the
regression (equation 2) is the speed of sound in timer ticks,n0des are not aware of their locations and they are defined as
d is the estimated distance between 2 nodeskaisch constant. “nknown. The main objective of thierative multilateration

20
0

Fig. 7. Ulrasound Ranging Characterization

For this modek = 0.4485 andk = 21.485831. algorithm is to enable as many of the unknown nodes to esti-
mate their locations. Amnknown node can estimate its po-
t=sd+k (2) sition by one of the multilateration processes described below.

Once a node estimates its position it can becorixaaon and
This ranging system can provide an accuracy of 2 centimédwoadcast its location information to the rest of the nodes, thus
ters for node separations under 3 meters. Another convenienabling more and more nodes to calculate their locations. The
property of ultrasound is that most of the multipath effects cdmcalization process is complete when all theknown nodes
be detected and filtered out. Since the variance between muhat meet a certain set of criteria can compute their locations.
ple measurements of the same separation distance is very smil§ location discovery has to meet following challenges:

measurement inconsistencies due to multipath effects can bgne 4y ging estimates and the position estimates at the bea-
easily detected and filtered out. One drawback of thisging  con nodes will contain errors. Besides considering these errors
system that the ultrasound signal can be stopped by obstaclegyan calculating a node’s position, one must also ensure that
the next subsection we proceed with a comparison of betWwg&R errors will not propagate throughout the network.

ultrasound and signal strength ranging. « In some cases , there may not be enough beacon nodes to
perform a successful multilateration. In this case we apply a
more complexollaborative multilateratiorprocedure.

On comparing the 2 ranging alternatives, we found that wl-It must operate in a distributed manner that is fault tolerant,
trasound is more reliable than signal strength. While sigreahd can handle local variations in the propagation conditions.

C. Signal Strength vs. Ultrasound Ranging
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TABLE I
A COMPARISON OFRSSIAND ULTRASOUND RANGING

| Property | RSSI | Ultrasound |
Range same as radio communication rang& meters (up to a few 10s of meters)
Accuracy O(m), 2-4m for WINS O(cm), 2cm for Medusa
Measurement Reliability hard to predict, multipath and shad-multipath mostly predictable,timge
owing is a more robust metric
Hardware Requirements RF signal stregth must be availableultrasound transducers and ampli-
to CPU fier circuitry
Additional Power Requirements | none tx and rx signal amplification
Challenges large variances in RSSI readingsinterference, obstacles, multipath
multipath, shadowing, fading ef-
fects

In the following subsections we first define the two primary This overdetermined system of equations can be linearized so
components and later on using these components we define ifieat a matrix solution can be used. by expanding equation (1)
ative multilateration. and rearranging terms we get

A. Atomic Multilateration —z} —yi = (x5 + yg) + wo(—22:) + yo(—2y:) — 5°t% (5)
Consider the case of a single multilateration in figure 8a. Thefor k such equations we can eliminate g + y3) term by

error distance for the observation of thié beacon node can besubtracting the last equation from the rest.

expressed as the difference betweenstheging and the Eu-

clidian distance between a pair of adjacent nodes (equation 3). —2? =y + 2 4yl =22, (zp — ;)

.\ / +2y0(2yr — yi) + 82 (tix® — tio?)
S ]

(6)

this system of equations has the foym= bX and can be
solved using the matrix solution for MMSE [28] given by=

(XTX)"' X Ty
where
@ (b)
2(xp — 1) 2(yr —y1) tho® — tp1?
2(xp — x2) 2(yr — y2) tho? — tpo?
(O Unknown Location X — . . .

@  Beacon Node

2(zk — k1) 2k — Ye-1)  tro® — ter—1)°)

2 2 2 2
—m% _y§+$1§ +y,5
—T3 — Y3 + T T Ui

© Y = .
Fig. 8. Multilateration examples

2 2 2 2
Tho1 — Yp—1 T Ti T Ui

oo | 5]

fi(xo,y0,5) = stio —\/(xi —x0) — (yi —y0) (3 [ Zg J

Given that an adequate number of beacon nodes are availapld/e Note that here we can have 2 alternative formulations.
a Maximum Likelihood estimate of the node’s position can day Moving thest;, term to the left hand side in equation 5 we
obtained by taking the minimum mean square estimate (MMSEJSUMe that the ultrasound propagation parameters are known.
of a system off (i) equations (equation 4). Termrepresents This solution requires only 3 beacon nodes. The solution pro-

the weight applied to eacf(i). In this basic case we solve forVided here is for the case where 4 or méeacon nodes are
alla; = 1. available. In this case the ultrasound propagation characteristics

can be estimated dynamically.
Definition 1: For the atomic multilateration to take place it is
2N necessary and sufficient that the node is within 1 hop distance
F(z0,y0,8) = Z o? f(i)? (4) from at least Beacon nodes. To estimate the speed to of sound
i=1 locally, 4 or more beacons are required.

and
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B. Collaborative Multilateration
Since we consider an ad-hoc deployment, often the conditions Poolean isCollaborativgnode, isInitiator)

for atomic multilateration may not be met; i.e @nknown node if isInitiator==true limit < 3
may never have 3 neighborihgacon nodes therefore it will not elselimit < 3
be able to estimate its position usiagpomic multilateration If count«— beaconCount(node)

this occurs, a node may attempt to estimate its position by mak-  if count> limit return true _ N
ing use of location information over multiple hops. If sufficient ~ for €achunknown neighbor i not previously visited
information is available to form an overconstrained system [of ~ If isCollaborative(i, node, false) count++
equations with a unique solution set, a node can estimate|its  if count == limit return true

position by solving a set of simultaneous quatratic equations. ~return false

This calculation will yield a position estimate for two or more
gnknow_n nod_es. We r_efer to this proCG?ﬂ?ﬁEta_bOra“Ve mul-_ Fig. 9. Algorithm for checking the feasibility for collaborative multilateration
tilateration. Figure 8b illustrates the most basic case for which

collaborative multilaterationcan be used. Nodes 2 and 4 are

unknown nodes, while nodes 1,3,5,6 dieucon nodes. Since eternodedenotes the node id from where the search for a collab-
both 2 and 4 have degrek = 3 and all the other nodes aregrative multilateration beginsisinitiator is a boolean variable
beacons an overdetermined system of equations with a uniqyeat is set tarue if the node was the initiator of the process and
solution set can be formed. More formally, collaborative mutg|seotherwise. This is used to set thmit flag that drives the
tilateration can be stated as follows: Consider the ad-hoc ngicyrsion. This algorithm is used in the next subsection to study
work to be a connected undirected gragh= (IV, E) consist- the contribution of the collaborative multilateration algorithm in

ing of [V| = n nodes and a sdf of n — 1 or more edges. The the iterative multilateration process (figure 11).
beacon nodes are denoted by a détwhereB € G and the set

of unknown nodes is denoted by whereU € G. Ourgoalis ¢ |terative Multilateration

to solve for
Ty, Yu Yu € U by minimizing Theiterative multilateration algorithm usesitomic andcol-

laborative multilaterationas building blocks to estimate node
locations over an ad-hoc network. This algorithm is fully dis-
f(@u,yu) = Dij — \/(in — ;)2 + (yi — yj)? (7) tributed and can run on each individual node in the network.
Alternatively, theiterative multilateration algorithm can run
for all participating node pairs j and all unknown nodes U at a singe central node or a set of cluster head nodes, if the net-
Subject to: work is cluster based. In any scenario, the computation takes
o Tp,yp Vb € B, place in a distributed manner. When sufficient location infor-
« each participating node having degrée> 3 with at least mation becomes available at a node, a position estimate can be
3 neighbors that are eithéeacons or participating nodes. In computed. Once a location estimated is computed, the node be-
figure 8b if collaborative multilateration starts at node 2, nod®mes a beacon. Initially, each node will attempt to estimate
2 must have at least 3 participating neighbors. Nodes 1,3 #geposition usingatomic multilateration If the conditions for
beacons therefore they are participating. Node 4 is unknown Bt@mic multilateratiorare not met for a certain time threshold, a
has 2 beacons 5 and 6. Node 4 is also connected to node 2 tide will try to determine if enough information is available in
making both of them participating nodes. its immediate neighborhood fapllaborative multilateration|f
In this formulation, the nodes participating éollaborative the node can obtain all the information neededcfaltaborative
multilaterationis a subgraph of?, for which an equation of the multilaterationy it will either calculate the node position esti-
form of 7 can be formed for each edd&in the participating mates locally, if enough computation power is available, it it will
node set. Again, in figure 8b, we have 5 edges thus a set ofehd the information to a remote node that can perform the com-
equations can be obtained. In some cases, a systenegfia- putation and send back the results. Siogkaborative multilat-
tions andn unknowns may have more than one solution. l@rationis computationally very expensive comparedatomic
the network in figure 8c for example, set of 4 non-linear equenultilateration theiterative multilateration tries to minimize
tions and 4 unknowns can be obtained. We can easily obseitgeuse. Figure 10 provides a pseudocode listing for iterative
however, that nodé& can have 2 possible positions that wouldnultilateration. Since at a central location all the information
satisfy this system therefore the solution is not unique and ndde&known, always start a multilateration at theknown node
X is not aparticipatingnode. These systems of non-linear equavith the maximum number of beacons to obtain better accuracy
tions can be solved with optimization methods such as gradi@md faster convergence.
descend [30] and simulated annealing [31]. Collaborative multilateration can help in situations where the
Definition 2: A node can participate in a collaborative multipercentage of beacons is low. This effect is shown in figure 11.
lateration if it is abeacon or it has at least 3 neighbors which ar@ his scenario considers a sensor field of 100 by 100 and sens-
eitherbeacon nodes or they havenknown locations but they ing range of 10 and two network sizes of 200 and 300 nodes.
have at least 3 participating neighbors. As shown in the figure, at small percentagebeficons, the
The algorithm in figure 9 illustrates how a node can determipercentage of node locations that can be resolved is substan-
whether it can initiateollaborative multilateration The param- tially increased with collaborative multilateration. This result
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achieve the specified value #fusing a uniform deployment in
boolean iterativeMultilateratioG) a field of 100 by 100. The probability of a node having a degree
(MaxBeaconNode, BeaconCougt)unknown of d > n can be calculated as in equation 11.
node with most beacons
while BeaconCount 3
setBeacorfMaxBeaconNode) P(d)
(MaxBeaconNode, BeaconCoust)unknown
node with most beacons
while isCollaborativg MaxBeaconNode, -1, true)
set all nodes in collaborative set as beacons .
(MaxBeaconNode, BeaconCoust)unknown Pldzn)=1- Z P(i) (11)

A

node with most beacons =0

while BeaconCount 3
setBeacorfMaxBeaconNode) TABLE Ill
(MaxBeaconNode, BeaconCoust)unknown PROBABILITY OF NODE DEGREE FOR DIFFERENT VALUES

node with most beacons

| A | P@>3) [ Pd>4) | nodes/10,000 ]

Fig. 10. Iterative Multilateration Algorithm as it runs from a centralized node 2 | 0.323324) 0.142877 39
4 | 0.761897| 0.56653 78

6 | 0.938031| 0.848796 117

also shows how network density is related to the localization 8 | 0.986246| 0.95762 157
process. In the 300 node network, more node locations can be 10 | 0.997231| 0.989664 196
estimated than in the 200 node network with the same percent- 12 | 0.999478| 0.997708 235
age of beacons. This is due to the higher degree of connectivity. 14 | 0.999906| 0.999526 274
The effects of node and beacon placement on the localization 16 | 0.999984| 0.999907 314
process is studied in more detail in section V 18 | 0.999997| 0.999982 353
V. NODE AND BEACON PLACEMENT 20 L 0.999997 392

The success of the location discovery algorithm depends on
network connectivity and beacon placement. In this section, we
first conduct a probabilistic analysis of to determine how the
connectivity requirements can be met is nodes are to be uni- 0o
formly deployed in a field. Based on these results, in the second
part of this section we carry out a statistical analysis to get an in- orl
dication on the percentage of beacons that need to be deployed.
When considering node deployment, the main metric of inter-
est is the probability with which any node in the network has a
degree of 3 or more, assuming that sensor nodes are uniformly S
distributed over the area of the sensor field. In a network of o3t
nodes, the probability’(d) of a node having degregis given
by the binomial distribution in equation 8 and the probability
Pg, being in transmission range.

T
= P(=0)
- - P(n=1)
P(n=2) |
—— P(n>=3)

0.1
i

L L - e L L L L
[ 50 100 150 200 250 300 350 400 450 500
Nodes

P(d) _ P]‘;ii.(l _ PR)Nfdfl. (Nd— 1> (8) Fig. 12. Connectivity result for a 100 x 100 field and sensor range 10
Figure 12 shows the connectivity results for an area measur-
R ing 100 by 100 with node sensing range of 10. The probabilities
P = I (9) for nodes having 0,1 and 2 neighbors are also shown in this fig-

ure.
For large values ofV tending to infinity, the above binomial In addition to node connectivity, the next important aspect is
distribution converges to a Poisson distribution. When takirig determine the percentage beacons required to assist the con-
into accountthah = N.Pg we get equation 10, the probabilityvergence of the localization algorithm. The feasibility of local-
of a node have degree of three or more can be calculated.ization is determined this by statistical analysis. In a sensor field
terms of), an indication of the number of nodes per unit area teith dimensions 100 x 100, sensors with sensing range of 10 are
achieve a certain densities can be calculated. Table 11l shows tleployed. For this setup, we report the percentage of nodes that
results for different values of. The fourth column in the table estimate their locations while varying the percentage of nodes
shows the number of nodes (with range 10) that are neededital beacons. The results shown in figure 13 show are averages
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Fig. 11. Effect of collaborative multilateration top, 300 nodes, bottom 200 nodes

over 100 simulations. The figure shows that the percentagesafipshots of node locations. The beacons are shown as black
beacons required to complete the iterative multilateration prdets, the unknown nodes are white circles and the node position
cess decreases as with increasing beacon densities. Also ag#tienates are shown as gray dots. In all of our experiments all
network density increases, the transitions in the required nuthe node position estimates for each unknown node always fall
ber of beacons become much sharper since the addition of a feithin the 3" x 4” surface area of th&/edusa boards. In the
more beacon nodes reinforces the progress of the iterative réxt subsection we describe how the node location information
tilateration algorithm. is transmitted to the PC by using a multi-hop routing protocol.

[&3 sensor visualization Tool = =10 x|
File View Tools About

\
s\\\\\\\ \\\\}

\\\«\\‘ L '

\\\\

\\, \\\~\v

percentage of resolved nodes

40

total nodes percent of initial beacons

Fig. 13. Beacon Requirements for different node densities |

VI. EXPERIMENTATION !

Our experimental testbed consists od2:dusa nodes 2 and
one Pentium Il 300MHz PC. On&fledusa node is attached to Fig. 14. 5 node schenario
the PC and acts as a gateway for the rest of the nodes. The PC
runs the localization algorithms presented in IV. Some of the
nodes are programmed with locations so they can dmtasons
while the rest of the nodes aneknownsThe nodes perform the
ranging and forward all the location and ranging information to To route messages to the base station, we use a lightweight
the PC. On the PC the localization algorithms will calculate thersion of the DSDV routing algorithm, DSDVIlite. Instead of
location estimates and display them on our sensor visualizatimaintaining a routing table with the next hop information to ev-
tool(figures 14 and 15). ery node, DSDVlite only maintains a short routing table that

The node positions on the sensor visualization tool are ugntains next hop information for the shortest route to the base
dated at 5 second intervals. Figures figures 14 and 15 show sataion. Furthermore, this algorithm drives the localization pro-

A. Location Information Dissemination and Routing
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&3 sensor ¥isualization Tool i =] 5 shown in figure 16. The power consumption for different modes
File View Tools About of the AVR microcontroller are shown in table IV. The power
consumption for the different modes of the RFM radio are
shown in figure 17 and table V

TABLE IV
AVR 8535 FOWER CHARACTERIZATION

| AVR Mode | Current| Power |

Active 29mA | 8.7mW
Sleep 1.9mA | 5.9mW
Power Down| 1uA 3uW

—5 2.4Kbps OOK
17+ ~7~ 2.4kbps ASK

........ | ISR i o M IO e PR Rl — 19.2kbps OO
i i . Ranges 30 o AR
St
£
Fig. 15. 9 node schenario %147
Ele
cess by carrying the location information of the sender, and by 8%

ensuring that the ultrasound beacon signals are not misinter- ur

preted at the receiver. The ultrasound beacon signal transmis- ol

sion begins right after the transmission of the start symbol for ‘ ‘

each routing packet. After this, the transmission of data and ul- E : * bower Level ° °
trasound signals proceed simultaneously. By ensuring that the

duration of the data transmission is longer than the ultrasound Fig. 17. RFM Radio Power Characterization

transmission, the receiver can differentiate between erroneous

ultrasound transmissions from other nodes. If the data packewith the power characterization in hand we can now evaluate
is not correctly received because of a collision with anothéfe tradeoffs between a centralized and distributed implementa-
transmission, then the ultrasound time measurement is also disas of our localization protocols.

carded.
VIl. TRADEOFFS BETWEENCENTRALIZED AND

B. Power Characterization DISTRIBUTED SCHEMES

In the previous subsection we verified the correct operationOne important aspect that needs to be determined is whether
of our localization system. Our experimental setup will providge location estimation calculation should be done at each node
a reasonable solution for a small network but as the netwdqdistributed) manner or at a central node(centralized). We ex-
scales, the traffic to the central node will increase substantiabynine this problem in the context of the AHLoS system where
Before we can evaluate the tradeoffs between estimating loeach node needs to be aware of its location.
tions at the nodes and estimating locations at a central place w&he calculation at a central node has several drawbacks. First,
first characterize power consumption of thedusa nodes. Us- to forward the location information to a central node a route
ing an HP 1660 Logic Analyzer a bench power supply and a highthe central node must be known. This implies the use of a
precision resistor we characterized the RFM radio and the AVButing protocol other than location based routing and also in-

microcontroller on thél/ edusa nodes. curs some additional cost due to communication that also relies
on the efficiency of the existing routing and media access con-
= Vst trol protocols. Second, it creates a time synchronization prob-
Isensor HP 1660 . H
Rest o lem. Whenever there is a change in the network topology the
Vsensor™ Vsuppy ~Viest bRa00D | | Sensor %% | node’s knowledge of location will not instantaneously updated.
I I ‘ To keep track of events correctly the central node will need to
Power= Isensorszensor Veersor R, \;es H H H
noc l et cache node locations to ensure consistency of event reports in
Energy= Powerxtime AS0LS8535 space and time. Third, the placement of the central node implies
o some preplanning to ensure that the node is easily accessible by

other nodes. Also, because of the large volume of traffic to and
from the central node, the battery lifetime of the nodes around
the central node will be seriously impacted. Fourth, the robust-
The measurement setup and power/energy relationships rages of the system suffers. If the routes to the central node are

Fig. 16. a) Power and Energy Relationships, b) Measurement Setup
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TABLE V
RFM POWER CHARACTERIZATION

Mode | Power OOK Modulation ASK Modulation
Level
2.4Kbps 19.2Kbps 2.4Kbps 19.2Kbps
mA mwW mA mwW mA mwW mA mwW
TX 0.7368| 4.95 14.88 | 5.22 15.67 | 5.63 16.85 | 5.95 17.76
TX 0.5506 | 4.63 13.96 | 4.86 14.62 | 5.27 15.80 | 5.63 16.85
TX 0.3972| 4.22 12.76 | 4.49 13.56 | 4.90 14.75 | 5.18 15.54
TX 0.3307 | 4.04 12.23 | 4.36 13.16 | 4.77 14.35 | 5.04 15.15
TX 0.2396 | 3.77 11.43 | 4.04 12.23 | 4.45 13.43 | 4.77 14.35
TX 0.0979| 3.13 9.54 3.40 10.35 | 3.81 11.56 | 4.08 12.36
Rx - 413 12.50 | 4.13 12.50 | 4.13 12.50 | 4.13 12.50
Idle - 4.08 12.36 | 4.08 12.36 | 4.08 12.36 | 4.08 12.36
Sleep | - 0.005 | 0.016 | 0.005 | 0.016 | 0.005 | 0.016 | 0.005 | 0.016
broken, the nodes will not be able to communicate their location @ Distributed m Centralized
information to the central node and vice versa. Finally, since Thousands
all the raw data is required at the central node, the network can- 700+

not aggregate the data to conserve power. Overall, a centralized
implementation will not only reduce the network lifetime but

it will also increase its complexity and compromise its robust-
ness. On the other hand, if location estimation takes place at
each node in a distributed manner the above problems can be
alleviated. Topology changes will be handled locally and the
location estimate at each node can be updated at minimal cost.
In addition, the network can operate totally on location based 0 00 | 200 300 | 400 500 600 | 700
routing so the implementation complexity will be reduced. Also Network Size

since each node is responsible for determining its location, this
is more tolerant to node failures and node mobility.

To further evaluate the tradeoff between the centralized and”
distributed setups we simulated a typical sensor network setup.
In our scenario the central node is placed at the center of a square
field. We measure the total number of bytes transmitted by giputed to the fact that most of the times the localization process
the nodes for both distributed and centralized networks. \§8&n converge faster if more beacon nodes are available; hence
vary the network size by we keep the network density consta@ss information exchange has to take place between the nodes.
by using a value ok = 6 or 117 nodes for every 10,000 Figure 20 shows the average energy consumption per node at a
(from table I11). The simulation setup considers the same packgnsmission power of 0.24mW. This result is based on the en-
structures as the implementation on the medusa nodes. For&f#y characterization from the previous section. The averages
centralized system each node forwards the range measurem&hge taken over all nodes so for the centralized scheme the
between all its neighbors. If the nodebiszcon it will also for-  Power consumption is underestimated in this calculation since
ward its location information (this is 96 bits long to match thEhe nodes closer to the central node will burn much more energy
GPS readings). Once the location is computed, the central né@iéorward packets to and from other nodes. From this result we
will send each node its computed location estimate. In the deanclude that the useful lifetime of the sensor network will be
tributed setup each node transmits a short beacon signal (rati@ificantlyreduced due to the energy exhaustion of the nodes
and ultrasound pulse) followed by the senders location if thistfzat make up the routes to the central node.
available. In both cases, the simulation runs for one full cycle
of the localization process. The results of these simulations are
shown in figures 18 and 19. We have presented a new localization scheme for wireless ad-

Figure 18 uses 10% beacons and figure 19 uses 20% beacbaos.sensor networks. From our study we found that the use
The results show that in the distributed setup creates six to dfthe ultrasound based TDoA method using ultrasound is the
times less traffic than the centralized setup. Another intereiteal candidate for fine-grained localization as it is less sensitive
ing trend to note is that in the centralized setup network traffic physical effects. RF signal strength on the other hand is not
increases as the percentagebedicon nodes increases. In thesuitable for fine-grained localization. Furthermore, we found
distributed setup however, the traffic decreases as the percémt our fine-grained localization scheme should operate in a dis-
age ofbeacon nodes increases. This decrease in traffic is atibuted fashion. This mode of operation will increase the sys-

600

500+

400 1

300

Bytes Trasmitted

200

100+

ig. 18. Traffic in distributed and centralized implementations with 10%

VIIl. CONCLUSIONS
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Fig. 20. Average energy spent at a node during localization, left with 10% beacons, right with 20% beacons

mDistributed m Centralized The overall results of these work are very promising. Based
Thousands on our experience, we are currently developing a second gener-
900+ ation of theM edusa nodes. Together with this, as part of our
8007 future work, we are considering a hybrid localization scheme
7001 that employs more that one ranging technologies. One possibil-

600

ity is to combine ultrasound and signal strength ranging. Since
the two ranging technologies have different strengths and limi-

500

400+

Bytes Transmitted

300 tations, the one can complement the other in different scenarios.
200
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