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Abstract—Existing localization techniques have fundamental compounding measurement error as a function of the the
limitations which make deployment under commonly encoun- number of steps taken due to both approximation errors and
tered conditions difficult. Techniques used to augment GPSeamer- sensor limitations at each step. Although individual peeso

ally require specialized infrastructure, tedious calibration tasks, igati t ften feat hanism for deriod
or other requirements that make general purpose applicatio navigauon systems often teature some mechanism tor perio

difficult, yet may still be unreliable in practice. In this paper, correction [8]-[10], these techniques require preplanaed

we examine the utility of cooperatively sharing location déa preinstalled infrastructure, maps, or even manual intafea
among connected nodes for the purpose of correcting positis  to correct positioning error, which makes rapid deployment
with high measurement error, while doing so in a simple manne difficult or places undue burden on human operators

that can be deployed anywhere without onerous setup tasks or . . . '

highly specialized hardware. Using a simple data sharing ah In our experiences with the_TeamTrak mobile testbgd [11],
filtering technique, collaborating users can substantialy reduce We have observed that even with sensor hardware equipment of
overall localization error in dead reckoning systems deplged the identical manufacturer and model, error frequentlyuogc

to urban areas where nodes may have a broad spectrum of independently between devices. GPS receivers, for insfanc
location quality. We evaluate the effectiveness of this mkebd and placed in the same physical location at the same time and

examine the system parameters necessary to fully exploit sh loaded with identical al il not i -
cooperative localization. We show that mean position errorcan  '020€0 With ldentical aimanacs will not necessarily acguir

be reduced by nearly 50 percent for given application scenaws. the same group of satellites with the same geometry, or may
If distance measurement is available, filtering positions bsed on acquire different numbers of satellites, resulting in vagyde-

estimated error can improve localization accuracy of peddsan  grees of accuracy. The practical effect of this independ@fic
dead reckoning techniques to approximately that of GPS. error is that multiple human operators, each carrying jabeta
GPS receivers, may experience much different positioning

o ] ) even when standing beside one another. Additionally, we hav
Advances in wireless networking technology and integratehserved that obtaining an initial GPS fix can take as long as

circuit design have opened up vast possibilities for mobilgs minytes, posing obvious problems in many applications.
applications and wireless sensor networks [1]-[5], yealoc 1o remedy the lack of consistent localization in MANETS
ization still presents significant challenges to designafrs deployed in GPS-limited environments, we propose that co-
location-sensitive mobile applications. Localizationnobbile operatively sharing position information among connected
nodes is frequently accomplished via GPS, but GPS positiofsers can provide localization of acceptable quality foistno
may be inaccurate, sometimes significantly, under fredyengppjications. Corrective localization schemes like thésdme
encountered conditions such as in dense urban canyons. Wgﬁé“enging when spatial separation cannot be reliablgrelet
operated in environments characterized by obstructedsw#w mined, error metrics are not guaranteed, reliably estimgatie
the sky, obtaining a position fix at all may be impossible &ror in pedestrian dead reckoning techniques is diffiit
times. While techniques have been developed or proposeqyfgeless connectivity in ad-hoc networks are at best hamitaz
facilitate correction of error or lack of GPS availabilitp i gng sporadic. However, like the stepwise refinement used to
specific locations usit_’ng modified or a_ddit_ional receiverk [Bjpcalize static sensor networks, our goal is to improve bowe
none have proven suitable for all applications. quality positions using higher quality positions, but veitt

Pedestrian dead reckoning techniques, frequently usedni:essarily relying on measuring distance between widsdy s
augment GPS, require an accurate initial reference point [4rated objects, which has proven notoriously tricky to iapl
which may not always be available, and also experienggant reliably in practice. In this paper, we examine thetytil

N _ . of cooperatively sharing location information among MANET

The views expressed in this document are those of the autibrde

not reflect the official policy or position of the United Swtdir Force, nOd_eS to prowde Ioca_llzatlon of e}cceptable qual'ty’ bungo .
Department of Defense, or the U.S. Government. so in a manner that is easy to implement, does not require
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Therefore, if a GPS fix is available, simply using it uncoteec

for localization is probably the better option compareduera
aging remote positions. Because of the potentially vergdar
measurement error arising from dead reckoning, adjusting a
GPS position by averaging with a dead reckoning position
tends to cause a relatively accurate position to be draaiigtic
offset by another with a high estimated error, and this wors-
ening quickly poisons the locations of all connected nodes i
the system. Therefore, no attempt is made to correct one GPS
position with another. Otherwise, in cases in which distanc
measurements are not available, positions of connectad pee
amongn nodes are combined using Algorithm 1.

Fig. 1. The TeamTrak Mobile Testbed

Algorithm 1 Location Average

preinstalled infrastructure, and can be accomplishedylsin-  1: (2, y,¢) < Location-Use-Besi{)

cost, off-the-shelf commodity hardware components. 2: if Location-Source{) = GPSthen
We examine this problem in two distinct cases: those wherg:  return (z,y, e)

estimates of spatial separation are not available, andethog: end if

where distance can be measured, albeit with measureme¥itfor i =1 ton do

error, and thus a simple trilateration scheme can be emgloye6:  if Connectedl/, 7) then

The effectiveness of each is evaluated using discrete eveft T=T+w;
simulation. The simulation environment is calibrated bgor ~ 8: Yy<=y+uy

porating models of sensor error, which are constructed frorfi: €total <= Etotal + ETTOT;
empirical measurements using outputs from an array of cortf: count <= count + 1

mercially available hardware. The sensor devices evalimee 11: end if
fully integrated into the TeamTrak platform, one configisat 12: end for
of which is shown in Figure 1, intended to model wearl3: if count # 0 then
able military computing systems for individual soldier@]1 14 < Z / count
Components include the Garmin GPS-18 USB and HP iPAGS: ¥ < ¥ / count
BT-308 Bluetooth GPS receivers, the OceanServer 0S3508 end if
tilt-compensated 3-axis digital compass, and the SparkF&@ return (z,9, erotal)
SerAccel 3-axis digital accelerometer, which is employed a
a pedometer in tandem with the compass for purposes ofin cases in which some method for measuring spatial
pedestrian dead reckoning. Our simulations demonstrate tseparation between nodes is available, a simple trilaoerat
mean overall position error can be reduced by as much sisheme can be used to correct positions known to have signif-
49 percent when the maximum wireless range is limited toant estimated error. Unlike static sensor networks, camd
approximately 100 meters. Furthermore, mean error can lbealization error cannot be averaged away in mobile neksor
reduced by as much as approximately 23 percent without agiyice the number of position samples from an anchor repre-
modification to the existing hardware. senting a single point may be small. This limitation regsire
an evaluation of the estimated measurement error from each
node and acceptance of each position before inclusion in
We first discuss methods for using shared location dathe set of points used for trilateration. To accomplish,this
To determine whether any position correction should ocaurwe include a filter to a trilateration method that accepts or
mobile nodeN first must determine the source and qualityejects reported positions from connected peers based upon
of its own position. If multiple localization techniquesear the estimated measurement eredrom each. Because of the
available, that with the smallest estimated error valissused. uncertainty associated with reported error, which is a ocamd
In TeamTrak, availability of sensors is easily detected andriable, it is helpful to also determine a confidence leeel f
the estimated measurement error is determined eithertiire@ach reported error value for the particular sensor devite.
from the device, as in the case of GPS, or from a previoudlye case of GPS receivers, metrics provided by the device
calibrated error model in the case of dead reckoning. If GR8ch as horizontal error or horizontal dilution of precisere
localization is available, no further action is taken. Roag recorded and correlated a priori with the actual measuremen
experiences attempting to correct erroneous GPS positi@rsor. Here, confidence is defined as the probability that the
by averaging other GPS positions proved counterproductiaetual measurement error is less than or equal to the estimat
doing so essentially eliminated the availability of acteraerror metric from the device. We assume that as long as
anchor positions entirely. This quickly propagated largers measurement error is likely to be no worse than the metric
among all nodes, especially at longer communication rangsaggests, that metric can be useful in a filtering scheme to
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avoid accepting positions with a large measurement error. Then for all remote positions € R:
Once a position has been accepted based on its error metrics, . _ 5 5
bearing is determined based on the estimated positions of D= {d ’ d=/(ra—Llya) + (ry - lx.y) }
the node pair. If direction of arrival of the signal could béNext, use the points contained in the getand the pairwise
determined from the network card, that might be an alteraatidistances to create a set of points,, with each member
approach, but the low cost, consumer-grade hardware dlyrremepresenting a possible position of notle Here,6; represents
employed in the testbed does not provide such capability. the bearing from\ to nodei, p; € R, andd; € D.
To employ a filtered trilateration scheme in the presence of .
- . . i Py = 5.2 — d; cos0;), (pi.y — d;sinb;), e;, ¢;
both localization error and mobility, consider the follmgi v = {((i cos6:), (pi-y - )Ae i)}
Let Py be the (possibly empty) set of all location samples Then compute the mean of all positionsE Py :

(represented as a 4-tuple) of preferred quality and condiglen

level at NodeV, the node to be localized. Hereis the error %Zpem P, > pePy p-y) if £n = (o, Y0, 00,0.0),
tolerance and,,;,, is the minimum acceptable confidence level

for each error value as determined for the application. D= n%l (fN-fC + Zpep;v P-w) )

Py ={(z,y,e,0) | (x € R)A(y € R)A(e < T)A(c > cmin) }
and P}, be the (possibly empty) set of all location samples - ) . i ) .
of arbitrary quality and confidence levels generated\byas _ 1hus:p, the estimated position of/, is determined with a

it self-localizes, which includes positions of significarror filtered trilateration algorithm as follows:
magnitude or low confidence:

o (éN-y + 2 ey p.y)) otherwise.

Algorithm 2 Filtered Trilateration
Py = {(z,y.e,0) | (x € R)A(y € R)A((e > 7)V(c < emin))} 1 if Correction-Require@V) then
2. (z,y,e,c¢) < Location-Use-Begt\V)

We takel,r to be the locally determined position of highest

. N P N 3 fori=1ton do
quality, wherevivj(p;, p; € Px) A (9}, P € Py): 4 if i # N and ConnectedV, i) then
(x0,Y0,00,0.0) if PvUPy, =0 & L[i] < Location-Use-Best)
Uy =14 (vi,9i,€i,¢i) | pi.e = min{p,.e} if Py 0 6: if Lli].e > 7 A Lli].c > ¢min then
(zi,Yis €, ¢i) | pi-e = min{p’.e} if Pyv=10 7 R[i] < LJi]

Let L be the set of all location samples amongnodes & 9[2,] = arCtan((L,[Z]'y; y) / (L[Z,]'I ; z))

directly connected toV: o d[z]. =V o Lli@)* + (y = Llily)* + €
10: Rli].e < |R[i].e| + ||

L={(z,y,e,;c) | (eR)A(y eR)A(e eR)A(c€[0,1])} 11: end if

There are five cases which must be considered dependf'r?g end if
on the estimated error valueand the associated confidence> en_d for
level ¢; of each remote peer nodewherei = 1..n. 14: gnd i

15: if R =( then

o Case lie; <7 ande; > cmin 16:  return (x,y,e,c)

o Case 2:¢; <7 andc¢; < cmin 17: else

e Case 3:¢; > 7 andc; < cmin 18: fori=1ton do

o Case 4ie; > 7 andc; > cpin 10: if R[i] # 0 then

o Case 5ien <e; 20: R[i].x <= R[i].x — d[i] cos 0[i]

Which case represents the minimum threshold fof™ R[i].y < Rlil.y — d[i] sin 0[i]
acceptance depends on the application, and different ca%ds ~ €Nd if
can produce much different levels of accuracy. For ead? en?jnicfj for

of the above cases, we find the set of remote positiBns 24_ - 1
and corresponding distancd3 among nodes inR which 25: Qf¢ @ZTGRNE
are directly connected to nod&’, whose best position is 26 ¥ = R 2rer"Y

represented by,.. For all positionsp € L: 27 e <= /2 ep(re — T)?

28 c<=minVr € R | r.c
= 29: return (z,9,e,c)

p ¢ (PvUPy) A (pe <T)A(p.c> Cmin) if case 1 _ . _ _

p ¢ (P UPL)A (pe <7)A(pc < cmin) if case 2 We_evaluate this approach through discrete event S|mnlat|q_
, . in which the error models for sensor data are based on empiri-

P& (ENULN) A (pe>T)Ape < cmin) ff case 3 cal measurements of physical hardware determined via outdo

p & (PvUPL) A (pe>T)A(p.c> cmin) if case 4 experiments using TeamTrak. The following section disesiss

pé¢ (PvUPy)ANge (PvyUPy) A (pe<gqe) ifcase5 the experimental results used to calibrate the simulation.
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Fig. 3. Confidence of GPS Horizontal Error (Garmin)

offset based upon the distribution. A pseudo-random nurisber
Ill. SENSOREVALUATION AND ERRORMODELS generated and input to an inverse CDF to obtain the magnitude

In this paper, we examine the effectiveness of cooperatiQ&the error. Similarly, we construct models of GPS driftdém
localization using both the simple averaging in Algorithm @nd direction as a function of a specific error value.
and filtered trilateration in Algorithm 2. Due to the inheten Figure 3 shows the confidence in the horizontal error metric,
difficulty evaluating ideas at scale in mobile networks gsinrepresented as the probability the actual error is no greate
physical implementations, we evaluate these approaclzes thian the estimated error, for the Garmin GPS-18 receiveh Su
discrete-event simulation using empirically determinadgn- a model is used to determine how reliable a particular error
eters. This section discusses measurement of sensor adorraetric might be, which is used in Algorithm 2 for filtering
development of error models. decisions. Note that the confidence level of some values are

Simulation parameters were determined experimentafiiearly outliers; for instance, a horizontal error value f
based on data collected using the testbed. Both the magnitudiformly corresponded with a measured error of less than
of GPS error and the expected length and direction of drift a8 meters. However, this was due to a very small sample size.
explicitly modeled. The distribution of errors in record8@®S A similar approach is taken for dead reckoning error. A
positions, shown in Figure 2, was incorporated into a singgeries of trials were conducted to measure the distribudfon
composite histogram. Here, the Garmin GPS-18 and the ldRor observed in the OceanServer OS3500 tilt-compensated
iPAQ GPS receivers, both part of the baseline platform, weBeaxis digital compass. Distribution is Gaussian with mean
used to collect error data. Error was measured by determinin0.794° ando = 11.33, as illustrated in Figure 4. Similarly,
the distance from each position sample of a stationary GB®ide length error is determined using a model based on that
receiver with a partially obstructed view of the sky to thémplemented in NavMote [13] and combined with heading
overall mean of 334,435 position samples collected overta compute the measurement error in the next position. An
period of four days. Both receivers evaluated have a Rdyleidjustration of localization error as observed in practiceng
distribution, but the HP has a mean error .69 meters TeamTrak’s dead reckoning apparatus is shown in Figure 5. In
ando = 79.73, while the Garmin has a mean error bf.27 the figure, navigation begins at the lower right corner of the
meters witho = 23.22. The model of GPS error takes themap. The operator walked along the diagonal path, stopping
actual position of a node at a given time and perturbs it with deneath the trees shown in the upper left corner.



i.e., nodes localized via GPS, dead reckoning, or cooperati
averaging may be considered anchors. Each position ind¢lude
in the average is weighted equally. A communication range
variable from 200 to 300 meters depending on direction was
used, intended to model anisotropic RF propagation comynonl
found in wireless radios. With 100 nodes in the system irl ,tota
the number of anchors localized with GPS was increased in
increments of 10.

Because dead reckoning error itself is generally a function
of the number of steps taken, and over time this error sig-
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position, running simulations for longer periods of timeul
Fig. 6. Wireless Range Measurement result in higher average errors, but such error changesoprop

tionately with the length of the simulation. The experingeint
S TRANnea s naa this paper simulate motion over a period of 20 minutes, which
With Averaging - our practical experiences with such systems show is sufificie
a00 [ time for uncorrected dead reckoning error to grow quitedarg
\ It is important to note that when averaging, the error in
300 \‘\ the adjusted positions is a function of both the separation

500

between nodes and sensor measurement error. Even when dead

reckoning positions are freshly reset, such as at the bigjnn

of each simulation trial, the localization error after aljuent

is highly dependent on the arrangement of connected anchors

and the spatial separation between nodes. Existing |@taliz

O techniques such as APIT [14] assume an unlocalized node
Number of Anchors is surrounded by anchors relatively symmetrically. In aecas

where mobility invalidates such an assumption, having very

few anchors results in an average position whose error is

several times worse than in the case of doing nothing.

Connectivity is simulated with the anisotropic wireless Figure 7 shows the effect of a simple averaging scheme for
communication model introduced by He et al. [14]. Usin§€ad reckoning nodes with at least one GPS anchor among
the TeamTrak testbed, we empirically measured the ran‘@é’m- The figure shows the mean position error of all nodes
capability of the Intel PRO/Wireless 2915ABG wireless car@Ver all time steps in the simulation over 100 independent
and used the estimated maximum range, illustrated in Fgjiulation runs. In this case, more anchors in the system
ure 6, as an initial simulation parameter. The graphs sho®&ects a reduction in the overall mean position error. Have
the distance in each direction at least one-way connegtivi€@lizing improvement in mean error suggests the ratio of
was established between TeamTrak nodes, and is intende@Rghors to other nodes should be more than 80 percent, but
provide an estimate of the maximum communication range ig@listically that ratio would likely need to be even higher

the outdoor environment in which the testbed was deployedbove a 90 percent ratio of anchors, in this scenario, mean
error can be reduced by approximately 23 percent.
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Fig. 7. Averaging (300-Meter Maximum Range)

IV. SIMULATION RESULTS

The simulation is intended to model a localized mobilg' Simple Averaging: 100-Meter Range

ad-hoc network at steady state. Initial placement of nodes i In this scenario, the communication range is reduced to no
random with uniform distribution across the simulationdiel more than 100 meters, and again nodes without local GPS
Mobility is modeled using Random Waypoints [15], a methotformation average their positions with all of their contes
selected due to its generality, i.e., most real-world siesa neighbors. In this configuration, the mean error in the worst
would not involve random patterns of motion and the use ofé@se is less than twice that of the uncorrected case, and the
random model is unlikely to produce overly optimistic résul variance results in a worst case of no more than three times
The speed of each agent in the simulation is based on the mean of the uncorrected case. Increasing the number
average walking speed of an adult male. of anchors in the system results in an improvement in the
. ] dead reckoning positions by nearly 50 percent in the cases
A. Smple Averaging: 300-Meter Maximum Range of networks which are relatively saturated with anchorse Th
In this scenario, any node whose location is determinadajority of the improvement resulting from averaging is due
via dead reckoning attempts to correct its position usirtg the prevention of growth in the dead reckoning error over a
Algorithm 1, i.e., averaging its own with those of all contezt large number of steps. The mean error with uncorrected dead
nodes regardless of the source of each neighbor’s positioeckoning is dominated by the error towards the end of each
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simulation, i.e., in general, the more steps taken sincéatte
reset, the larger the mean error. Averaging shared locdttm g 2
. . o
therefore serves as a reset for dead reckoning, but witheut t 5 "
. - " A A B iy 2 15
availability of reliable ranging techniques, accuracydrstive S
to communication range. The effect of simple averaging at a g 1000
maximum range of 100 meters is shown in Figure 8. 2 %
3 3
C. Smple Averaging: 15-Meter Range 500 g+ \\1\‘

The idea behind averaging positions over lower communi- o LN ‘ ‘ ‘ .
cation range is to reduce the error introduced as a function oA A enEror
of the spatial separation between nodes when the geometry of
connected anchors is unbalanced. Intuitively, an eventehor (c) 30-Meter Maximum Range

range than used in Figure 8 should reduce mean position
error further, as each position sample represents location

much closer to the same physical location. However, a furth(-:iq d effectivelv. but . tors t ithirs
reduction in the communication range to approximately ttiat shared efiectively, bul requires operators to move withose

Bluetooth radios, i.e, within a minimum of 9 and a maximurRrOXimity for any adjustment to occur. This method does not

of 15 meters, produces no benefit, as shown in Figure 9.Vl‘f9rk in the case of general mobility.
this case, because the communication range is very Sh?)rt’Distribution of Error
connectivity occurs far less frequently, and thereforeeiew "
opportunities to correct bad positions exist. The meanresro  To further evaluate the effectiveness of cooperatively-sha
approximately the same as that of the uncorrected caselysimpg location information and using such to reduce position
because of the few opportunities for adjusting positiongctvh error, the distribution of measurement error, as deterchine
occur with highly sporadic connectivity. the distance from each position estimated via dead reclonin
It should be noted that such short range can be usedagparatus or through cooperative averaging, to the actual
adjust positions, since establishing connectivity inpli@des position for each node at each time step, is shown in Figure 10
are collocated. In such a case, location information can bae figure shows the effect of three different maximum ranges

Fig. 10. Distribution of Position Error (Averaging)



on the overall distribution of position error: Figure 10(a) 500 Uncorrected DR -~~~
shows the distribution of errors when nodes are capable of e
a maximum 300-meter wireless range, while 10(b) shows
the result with a 100-meter range, and 10(c), a 30-meter
range. In each case, the distribution of position error with
varying numbers of anchors in the system is shown, and each
histogram is normalized to account for the differing number
of nodes whose positions have been adjusted.

In Figure 10(a), a significant number of samples exhibit a
very large magnitude of error with a low density of anchors.

400
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Average Position Error - All Nodes (m)

In the case of a 10 anchors among 100 nodes, the error has ®C 10 2 % 4 s 60 70 8 90 100
a Rayleigh distribution, but is very flat, suggesting a high Number of Anchors
variance of error with fewer occurrences of each. Incrgpsin Fig. 11. Selective Averaging (100-Meter Maximum Range)

the number of GPS-enabled anchors among in the network,
reduces both variance and mean error. However, as shown
previously in Figure 7, in this case the resultant mean @srormean error which occur whenever one node with a very
unacceptably large, particularly in the cases with low anchstale position averages its position with either anothearor
density, due primarily to the wide spatial separation betweanchor whose GPS position is drifting substantially can be
nodes, and is thus reflected in the error histogram. reduced. A selective averaging technique would most likely
Similarly, with a very short communication range, showksed to correct positions in urban environments where GPS-
in Figure 10(c), there is relatively little difference inetthis- enabled anchors exist but have GPS-limited areas in which
tograms among all of the anchor ratios due to highly infrequefixes are poor or impossible to obtain, so an approach such as
connections. In the case of 100-meter range (Figure 10(3})is could be effective in the absence of ranging technigues
the histograms for different anchor ratios are grouped muparticularly since this method offers significant improwsmn
more closely, suggesting that when using a simple averagmjhout increasing mean overall position error. While with
technique, provided a sufficient deployment scale, loatitm range-free localization techniques such as this someipasit
error is less sensitive to changes in the number of anchars ttinay be worsened, the overall net effect is a reduction in dead
it is to changes in the maximum communication range.  reckoning error.

E. Selective Averaging F. Filtered Trilateration

While evaluating the effectiveness of cooperative loealiz Having examined the effects of variations of range-free
tion, we have varied the maximum communication range, baweraging techniques to reduce overall error in localirati
have not considered measurement error or estimated errofrom different sources with significant differentials ircition
the averages. In the cases of simple averaging, a positimhwhguality between nodes, focus now shifts to the use of filtered
might be known to be bad is included. In this case, dubbtilateration, which requires an estimate of both the dista
selective averaging, a position that is determined to haveaad bearing between a node and one or more anchors. Ordinar-
higher measurement error than the position to be adjustedlysat least three anchors are required for trilateratimr,with
not considered and is ignored, even if it is the only ava@abh very stale dead reckoning-measured position, even aesingl
anchor. Such a case is the logical next step from the simplechor can provide improvement. Naturally, since no distan
case, and requires that a node to be localized consider theasurement technique for outdoor mobile ad-hoc networks
estimated error of all positions, including its own, whiduld is sufficiently mature and reliable at the present, this wierk
easily be reported along with the location itself in any dataased largely on an assumption that such a method exists. We
sharing or possibly routing protocol, and only include #osare currently exploring techniques to include ranging desi
whose estimated error is no greater than its own. If a deadch as laser range finders, and such measurements would
reckoning node has a more accurate position than its coethegiermit correction of drifting GPS positions, but such effor
neighbors based on its own estimate of its localizationrerrare left to future work as of the time of this paper.
no adjustment occurs. Simulation setup is the same as the previous cases, except

Figure 11 shows the effect of such selective averaging imstead of averaging the positions of neighbors, the fittere
a scenario with 100-meter maximum communication rangeilateration method specified in Algorithm 2 is implemehte
Note that while the mean error in the cases of relativeifere, because of the error present in GPS positions as well
high anchor density is similar to that of the case of simpls in distance measurement, averaging is used to smooth out
averaging, i.e., a reduction in mean position error of approthe random error present in both. Nodes localized with GPS
imately 50 percent, the worst cases are roughly the saimeve a mean measurement error of approximately 12 meters.
as for uncorrected dead reckoning, so this method has Distance measurement error follows a Gaussian distributio
advantage of not making positions worse on the averagéth o equal to half of the maximum communication range.
By accounting for estimated error, substantial increases As shown in Figure 12, by using the filtered trilateration
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simultaneously using anchors with accurate localization t
reset dead reckoning. Additionally, filtering positionstofh
error or low confidence applied to trilateration can improve
dead reckoning localization to approximately that of GPS.
The implication might seem to be that adjusting positions
estimated via similar means, e.g., dead reckoning versad de
reckoning or GPS versus GPS, would be ineffective, but that
is not generally the case. While adjusting GPS positionsgusi
other remote GPS positions with a simple averaging tecleniqu
frequently worsens overall localization, the growth inoerr
observed in dead reckoning frequently can be sufficiently
large and varied across nodes that some dead reckoning

nodes can serve as anchors for others, and in cases where

0 T T T T
0 20 40 60 80 100
Number of Anchors
Fig. 12. Filtered Trilateration (100-Meter Maximum Range)

distance measurement is not available, even a simple angrag

technique such as discussed in this paper may be beneficial in
algorithm, localization accuracy for dead reckoning sémil a significant number of instances.

to that of GPS can be obtained, but these results depend
on the existence of a fairly reliable distance determimatio

It is important to note that in cases with very low anchor!l
density, positions can still be made worse by attempting to
correct using this method. This suggests that any cooperati
localization scheme is best employed as a corrective measur
for relatively small numbers of nodes in a larger deploymen[t2
when localization methods such as GPS fail or are unavailabl

(3]

This paper presents an evaluation of the potential benefit
arising from cooperatively sharing location information@ang  [4]
users in MANETs when deployed to urban settings or other
environments in which GPS capability is limited. Due to thes
enormous challenges inherent to building a robust ranging
scheme for all but the most carefully controlled environtsen
methods which rely on distance measurement cannot be as-
sumed to be available for any system under development.

With arbitrary distances of inter-node separation, avera 7l
ing positions of connected neighbors can reduce error in
dead reckoning localization, provided that such locailirat [8]
is relatively stale. Because averaging introduces erroa as
function of the separation between connected peers, simptg
combination schemes using cooperative localization arstmo
effective if the communication range is neither too Ion&0
or too short. An overly long range introduces error from
wide spatial separation, while an excessively short ramges d [11]
not facilitate connectivity without requiring the operetdo
manually intervene to correct their position. The resutisvs
that with the error experienced in the commodity off-thelh [12]
sensor hardware such as that found in TeamTrak, a range
of approximately 100 meters can reduce mean position er[og)
by roughly half in anchor-rich environments, while at the
same time minimizing the compounding error resulting from
a network with a low anchor density.

Even better results can be achieved by simply filterirld4]
positions using estimated measurement error associathbd wi
each position. Excluding positions with large measuremens)
error or reduces the likelihood of worsening positions, le/hi

V. CONCLUSION
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