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Abstract—In sensor localization, ultrasound based dis-  Despite its accurate results in the line-of-sight con-
tance measurements will have large errors if line-of-sight dition, the ultrasound ToF approach must address two
paths are blocked between pairwise sensors. Because thesghgllenges before it can be readily applied to a sensor
outliers, once mixed together with other correct distance nanvork deployed in a complicated environment, espe-
measurements, are difficult for localization algorithms t0 1 in an indoor environment where ultrasound signals
identify, we propose to exclude the outliers in the first step . . .
of distance measurement. Although the distance between are reflected along multiple paths. The first challenge is
pairwise sensors measured by ultrasound can have mul- that the ultrasound ToF approa(?h has short measurable
tiple values due to the multipath effect, our experiments range due to the power constraint of sensor nodes. The
find that a sensor’s incorrect position, estimated from the second challenge is that distance measurements will have
distance measurement along a reflected path instead of alarge errors in an obstructed environment. As shown in
straight line, is always mirrored to the sensor's correct Fig. 1, when the line-of-sight path is blocked between
position. Based on this phenomena, we propose t0 USesensors, and .Sy, the distance has to be estimated from
mobile beacons to measure the _dlstance be_twee_n pairwise; reflected path which is much longer than the true
sensors from multlplg perspectlves and filter incorrect distance betweers, and S,. In this paper, we try to
values through a statistical approach. Our performance . .

address these two challenges by using mobile beacons

evaluation shows that the proposed algorithm can achieve ) e
better localization results than previous approaches in an {0 measure distances between pairwise sensors deployed

indoor environment where multipath effects cannot be in an indoor environment.
avoided. To measure distance between pairwise sensors, we
propose to use a pair of beacons attached to a small vehi-
cle which randomly moves around in the deployed area.
Numerous applications [1][2][3] and protocols [4][5]in our proposed approach, only beacons are equipped
in sensor networks necessitate sensors to locate thevith ultrasound senders, and sensors are equipped with
selves, which usually involves two steps: (i) in-networkeceivers that passively receive ultrasound signals broad-
distance measurement between pairwise nodes and @t by beacons. The distance between pairwise sensors
geometric calculation based on measured distances. Ean be determined if both sensors are within the beacons’
the first step, radio signals and ultrasound are widaljtrasound transmission range. When mobile beacons
used as the distance measurement media. Because rative around in the deployed area, it is possible to obtain
signals attenuate during their transmission, the transmssHficient distance constraints through which sensors’
sion distance can be estimated from the received rad@ative positions can be uniquely determined. Here,
signal strength (RSS). However, the distance estimat@bile beacons behave asvatual ruler that wanders
by the RSS approach is often unreliable and inaccuréatethe deployed area to provide distance measurement
because radio signals are susceptible to environmergatvice to pairwise sensors as shown in Fig. 2. Compared
interference. The ultrasound approach estimates the digth previous ultrasound based distance measurement
tance between pairwise sensors by multiplying the tinag@proaches where a sensor acts as both a sender and a
of flight (ToF) with sound’s constant speed. Accurateeceiver, the virtual ruler approach can achieve longer
distance measurement can be achieved by the ultrasodisiance measurement range such that more distance
approach if a line-of-sight path exists between pairwismnstraints are available to form a rigid network to
sensors. uniquely determine sensors’ positions. Such a long range
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distance measurement can be achieved without violatiand ultrasound based approaches according to their in-
of the energy constraints, because only beacons aetwork distance measurement media.
equipped with high power ultrasound senders and senDue to its unreliable and inaccurate nature, the radio
sors are equipped with receivers consuming less enefiggsed RSS approach can only give a coarse estimation of
As a result, the virtual ruler approach addresses the fids$tances between pairwise sensors [6][7]. Instead of ac-
challenge of short distance measurement range. quiring distance knowledge, radio signals are often used
To address the second challenge that distances dstiestimate the connectivity between pairwise sensors, i.
mated along the reflected paths have large errors, eewhether a pair of sensors are within the maximum
conduct intensive experiments to test ultrasound distaneglio transmission range. Based on the connectivity
measurement in an indoor environment. We observe tlirdbrmation obtained from radio signals, the Centroid ap-
a sensor’s incorrect position, estimated from a reflectpdbach has been proposed to estimate a sensor’s position
path instead of a straight line, is always mirrored to its the centroid of the polygon formed by beacons that are
true position. As shown in Fig. 1, the distance estimatednnected to the estimated sensor through radio signals
between sensof; and S, along the reflected path is[8]. The accuracy of the Centroid approach has been
equal to the distance betweéh and S, the mirrored further improved by the APIT approach that pinpoints
position of S;. Based on this phenomena, we furthehe estimated sensor to a smaller area intersected by
observed that incorrect distance measurements incurnedltiple triangles [9]. By approximating the hop count
by multipath effect have finite values that are virtualistance to the Euclidean distance between pairwise sen-
distances between sensors and their mirrors. This makess, multihop approaches [10][11][12] were proposed
it possible to identify incorrect distance measuremertts locate sensors in the case where beacons are sparsely
through a statistical approach. When the virtual rulelistributed. Because sensors’ positions estimated by ra-
moves around a pair of sensors, the distance betwekn based RSS approaches often have large errors, these
the pair of sensors can be measured by the virtual rulggproaches are suitable for applications that have less
multiple times from different perspectives. We obsengemand on localization accuracy.
two phenomena: i) a distance between the same pairwisdlost indoor sensor applications require accurate lo-
sensors can be measured by the virtual ruler marelization results because sensors are deployed in a
frequently if it is less affected by obstructions; ii) amongelatively small scale. In order for sensors to iden-
all the measured values to the same distance, the cortégtthemselves based on their geographic coordinates,
measurement value is observed more frequently than agcurate localization results are necessary if they are
correct ones. Therefore, we can identify correct distandensely deployed in a small area where distances be-
measurements based on the distribution of measured ¥aleen neighbors are short. Ultrasound based approaches,
ues. Moreover, the confidence to a distance measuremehich are more reliable and accurate than radio based
can be quantified according to the distribution of itapproaches, are well suited to the indoor cases [13]. By
measured values. Based on the measurement confidensig ultrasound to accurately measure distances from
the mobile distance measurement can be further cosensors to nearby static beacons, sensors’ positions can
bined with the recursive approach such that the distarfoe determined with high accuracy. When beacons are
measurement with higher confidence will have higheparsely distributed and not accessible to all sensors,
priority to be applied in the recursive approach. the recursive approaches [14][15] have been proposed,
The rest of the paper is organized as follows. Sectiovhich convert sensors to beacons after their positions
2 summarizes previous work. Section 3 describes thave been determined. Thus, beacons can be propagated
virtual ruler approach. Section 4 evaluates our proposied a deployed area and accessed by all sensors. To
virtual ruler approach by comparing it with previou®liminate errors, especially the large flipping errors,
work. We conclude this paper in Section 5. accumulated along the recursive approaches, the robust
guad has been proposed to identify the situation where
beacons are positioned closed to a straight line [16].
Because knowing sensors’ positions is essential Adl above work focuses on the localization algorithm
many sensor applications, numerous approaches haseng static in-network distance measurement and as-
been proposed to locate sensors with different tradestimes distance measurements have small errors that
between accuracy and cost. The localization approacltas be tolerated by localization algorithms. In contrast,
can be broadly categorized as radio based approacbes work investigates how to use mobile beacons to
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Fig. 1 Ultrasound multipath effect in an indoor environ-

ment Fig. 2 The virtual ruler moves around in the deployed area

dynamically measure distances in an indoor environmemhen a measured distance significantly differs from the
and proposes to eliminate incorrect distances estimatsiimated distance. In contrast, our virtual ruler ap-
along reflected paths in the measurement step. proach proposes to exclude the incorrect distances in the

Using mobile nodes in ad hoc wireless networks h&seasurement step instead of the localization algorithm.
been suggested by previous work [17][18]. Especiallpetailed performance comparison between the virtual
using a mobile beacon to locate sensors has been gtder approach, the mobile assisted approach, and the
posed in [19], which assumes that the mobile beaconit@rative least square fitting approach is conducted in
equipped with GPS and know its absolute coordinate€ction 4.

When the mobile beacon moves around a sensor, thé/ethods of using ultrasound to measure distances
sensor can estimate the distances to various positiond8fween pairwise sensors have been extensively studied
the mobile beacon. Based on its relative distances to 1Ad22][23]. Based on their work, we further investigate
mobile beacon1 the sensor’'s absolute coordinate Cantb@ ultrasound behaviors in an obstructed environment
determined. Unlike this approach, our virtual ruler us&¢here multipath effect cannot be avoided.

a pair of mobile beacons to measure distances betweery,
pairwise sensors instead of distances between sensors
and beacons. The measured distances between pairwise

sensors can be utilized by various localization algorithmsIn this Sfefr?on]t we flrsdt Tevsluate theh .metﬁsulr_eme?t
to finally determine sensors’ relative coordinates. TICUracy ot the uitrasound foF approach in the fine-of-

virtual ruler approach does not require GPS to determiﬁ'&ght condition. After that, we test the ultrasound ToF

absolute coordinates of beacons, which is attractive pro_ach In an ObStrL.JCtEd environment. Ba;ed on our
indoor localization where GPS signals are difficult t8xper|mental observations, we propose the virtual ruler
receive approach that can measure distances between pairwise

. . _ sensors from multiple perspectives and filter incorrect
The mobile-assisted approach proposed in [20] P'e persp

imiilar t Kin that the b dist dfistances statistically. How to combine the virtual ruler
simiiar to ourwork in that In€ beacons measure distances,4c with the recursive approach is included at the

b(_etween pairwise nodes without rgllance on GPS signalsyy of this section.

Different from our work, the mobile-assisted approac

uses a single mobile beacon to obtain distances betwéenUltrasound distance measurement in the line-of-sight
pairwise sensors. In order to have sufficient constrairtendition

to calculate the distance between pairwise sensors, thesing ultrasound to measure distances in a sensor

mobile-assisted approach requires the beacon to me@work has been extensively studied in previous work
along a certain track. For example, the mobile beacprB][23]. In this paper, we repeat the experiment of
must move along a straight line for two consecutiv@istance measurement in a line-of-sight condition and
steps in the two dimensional localization. Moreovegompare the result with that in an obstructed environ-
the mobile-assisted approach pays less attention to fient. We use the same hardware as the Cricket system
incorrect distance measurement incurred by obstructiof4], which attaches two ultrasound transceivers to the
Based on distances acquired by mobile beacons, ME&CA2 nodes developed by UC Berkeley [25]. The
iterative least squares fitting is proposed in [21] to eXGricket sensor nodes broadcast the radio signals and
clude an incorrect distance measurement in each iteratidtrasonic signals at the same time. The ultrasonic signals

V IRTUAL RULER DISTANCE MEASUREMENT
APPROACH
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Fig. 3 Ultrasound calibration experiment Fig. 4 Experiment of multipath effect

will reach a receiving node later than the radio signalsne, though they start at the sender simultaneously.
due to their speed difference. By measuring the flightevertheless, if the line-of-sight path exists between
delay of the ultrasonic signals, the distance betwepairwise sensors, the receiver can always identify the
sender and receiver can be estimated based on fiight time along the shortest straight line by selecting
constant speed of ultrasonic signals. the earliest arrival time of the ultrasonic signals. The

We measure the distances between a pair of Criclgituation becomes worse if a line-of-sight path does not
sensor nodes in the line-of-sight condition. The pair @kist between the sender and the receiver. As shown in
sensors are placed on platforms 2 inches above a h&ig. 4, because the straight line between a sender and
way'’s floor with ultrasound transceivers facing towards receiver is blocked by an obstruction, the ultrasonic
each other. We vary the distances between pairwisignals have to travel a longer distance along reflected
sensors from 0.3 feet to 30 feet. The experimental respiths. Consequently, the estimated distance is much
is shown in Fig. 3, where x-axis represents the actuahger than the Euclidean distance between the pairwise
distances and y-axis represents the estimated distansegsors.

Fig. 3 shows that a clear linear relationship exists ggcayse the ultrasonic signals along the reflected paths
between the actual distances and estimated distan¢g.e the same format as those along the straight lines,
The actual distances are slightly larger than the m&gys impossible for a single receiver to identify incorrect
sured distances because sensors cannot be manufactyi@dnce measurements affected by obstructions. How-
exactly the same as each other such that each sengpli our experiments show that a sensor's false position
may use a slightly different time to process radio antyimated by the reflected path is always mirrored to
ultrasound signals. However, the measurement ergfs sensor's true position. In other words, the distance
caused by manufactory difference are a constant and ¢y mated along the reflected path between pairwise
be easily calibrated through a fitting function betweef.nsors is exactly equal to the distance between the
the actual distances and estimated distances. The fittiig,qer and the mirror of the receiver, which is shown
function for the pair of sensors used in this experimepy Fig. 4, where the true positions of the receivers
is y = 0.9 x x + 0.2. After calibration, the ultrasound 56 represented as circles and the mirrored positions
approach can achieve high distance measurement acgld- represented as crosses. We verify this phenomena
racy. Methods for calibrating sensors in large volume hﬂ’?‘rough a series of experiments. As shown in Fig. 4, we
been studied in [23]. put the sender in the fixed position while varying the
. . receiver’s position frorm; to ns;. Because the line-of-

B. pltrasound distance measurement in an ObStrUCtgfjght path between the sender and the receiver is blocked
environment by the obstruction, the ultrasonic signals have to travel

Despite its high measurement accuracy in the linatong the path reflected by the wall. The distances of the
of-sight condition, the ultrasound approach may haveflected paths between the sender and various positions
large measurement errors in an indoor obstructed enwf-the receivers are measured by the ultrasound, and we
ronment where multipath effects cannot be avoided. dtmmpare the measured distances with the actual distances
an indoor environment, the ultrasonic signals may traviebtween the sender and the mirrored positions of the
along multiple paths and arrive in a receiver at differeméceiver.



TABLE I Comparison between the reflected distances and the distances from the sender to the receiver’s mirrored positions

positions | measured distancg calibrated distance distance to mirrored positiof Euclidean distancd
m—ni 4.95 5.28 5.00 3.00
m—na 4.59 4.88 4.61 3.04
m—ns 4.17 4.41 4.24 3.16
m — ng 4.36 4.62 4.30 2.55
m—ns N/A N/A N/A 1.75

These experiments are demonstrated in Fig. 4, wheensors. Because beacons’ relative positions are fixed to
the solid lines are the reflected paths from the sendereach other, relative coordinates can be assigned to all the
to the receiver’s positions; to n4, while the dotted lines beacons. Here, we assigm;,’s coordinate ag0,0) and
are the distances between the sendeto the mirrored my’s coordinate ag0, L), where L is the fixed length
positions ofn; to ny. The receiver at positions cannot betweenm; andmy. By measuring distance; from
receive any ultrasound signals from, because evennoden; to beaconn;, the relative position of sensay;
the signals reflected by the wall are blocked by thman be calculated as below.
obstruction. Table | lists the comparison results between
the measured distances along the reflected paths and the n;, = arg Hﬁi.n Z(]ni —my| — d;;)? 1)
calculated distances between the sender and mirrored - .
positions of the receiver. Table | shows that the measureoB"’,lseOI on the relative position ,Oil_ and ny, the
distances of the reflected paths are much larger th%HC“dean distance between the PaIrwISe Sensors c,an be
the Euclidean distances between the sender and ply c_alcu_lated aﬂ‘i—”i’-.""e utilize t_he u_Itrasounds
receiver but close to the distances between the Sena‘ﬁno-dlrectlonal transmission to avoid flip over error
and mirrored positions of the receiver. when two beacons are used. More robust result can be

Because the incorrect distance measurement betw gﬂ!(a_ved when three beacong are laid O.Ut as a triangle.
ntuitively, the error of the distance estimated by the

Palrwise Sensors 15 always_ equal to th_e virtual d|Stan\9ﬁtual ruler is related to the fixed length between
from one sensor to the mirrored position of the other, iwise beacons. Higher distance measurement accu-
we can conclude the incorrect distance measuremeﬁa?g can be achie\'/edg the lonaer lendithTo evaluate
incurred by obstructions have finite values since thﬁ y can ) y ng ot

) o .- . .the relationship between the distance measurement error
mirrored positions of a sensor are finite. This observation

. . . and the lengthL, we conduct a series of experiments
motivates us to measure the distance between pairwjse

sensors from multiple perspectives and filter out finit%y varying the lengthl. The measurement error under

. . ifferent value ofL is shown in Fig. 6, which illustrates
number of incorrect distance measurements througt}h%t sufficient measurement acourac b hieved
statistical approach. ) . y can be achieve

with the relatively small lengttl.. Consequently, we can
implement the virtual ruler by attaching the beacons to
a small vehicle.

In order to measure distances between pairwise senAlthough high accuracy can be achieved by the virtual
sors from multiple perspectives, we attach two beaconger when line-of-sight paths exist from pairwise sensors
to a small vehicle that randomly moves around in thte both beacons, the distance measurement may have
deployed area. Because the distance between the attadhegk errors in an obstructed environment where some of
beacons is fixed, we can easily infer the distance betwedbe distances from pairwise sensors to beacons are mea-
a pair of sensors if the distances from the sensors to betlred along reflected paths. However, as we discussed
beacons are known. Here, the mobile beacons behavénasection 111-B, the incorrect distance measurements
a virtual ruler that moves around to measure pairwisaused by obstructions have finite values. We use the
distances between sensors. Moreover, the distance Wgual ruler to measure the distance between a pair
tween the same pair of sensors can be measured multgfilesensors in a floor environment. The distribution of
times when mobile beacons move to different locationthe measured value is shown in Fig. 7, where y-axis
Using mobile beacons to measure the distance betweepresents the measured values and x-axis represents
pairwise sensors is shown in Fig. 5, where node the location from which the value is measured. Fig. 7
and my are mobile beacons and node and n, are illustrates that only several values are obtained by the

C. Measure distances through the virtual ruler
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Fig. 5 Using mobile beacons to mea- Fig. 6 Impact of fixed distance be- Fig. 7 Distance measurement value
sure distance between pairwise sen- tween mobile beacons on the mea- distribution obtained by mobile bea-
sors surement errors cons

virtual ruler. The distance measurement to the same psénsors from different perspectives. Moreover, the same
of sensors has finite values because incorrect distancakie d; can be measured by the virtual ruler multiple
are equal to the virtual distances between a sensor to tinges from different locations. Let; be the number of
finite mirrored positions of the other sensor. To furtheneasurements of valug. Let N be the total number
explain this phenomena, we list three examples in Fig. & measurements to the same pair of sensors. We have
wherem; andms represent the mobile beacons and N = >"", k;. Based on the distribution of the measured
and ny represent sensors, and the distance betwdenvalues, we observe two phenomena that are helpful
and ny represents the incorrect distance estimation dire identifying correct distance measurements. First, a
to the multipath effects. Fig. 8(a), Fig. 8(b), and Fig. 8(ajistance between a pair of sensors tends to have a larger
show that 1, 2, and 4 line-of-sight paths are blocked by if it is less affected by obstructions. This is because
the obstruction respectively. An interesting observatidawer distance measurements are observed by beacons
is that when 4 line-of-sight paths are blocked by thehen the pair of sensors are surrounded by obstructions
obstruction in Fig. 8(c), both sensors are mirrored to tlamd therefore are difficult for the virtual ruler to access.
other side of the wall. As a result, the distance betwe&econd, among all the distance values measured to the
the mirrored positions is equal to the distance betwesame pair of sensors, the value with the largest number
the original pairwise sensors. Therefore, the distanoé measurementg,,.. has the highest probability to
is correctly estimated by the mobile beacons, though¢ the correct distance measurement. Because a typical
they measure distances along the reflected paths to itidoor environment contains more open spaces than
sensors. obstructions, pairwise sensors have higher probability
When the virtual ruler moves around in the deployeof being observed by mobile beacons through line-of-
area, it will measure distances between pairwise senssight paths than through reflected paths. Based on the
after each moving step. During the movement, the virtuabservations above, we choose the value with the largest
ruler can measure the distance between a pair of sensarmber of measurements,,,,, as the correct distance
from different perspectives to obtain different valuesneasurement between a pair of sensors. Moreover, we
among which the correct distance measurement is mixa@skign confidencé' to a distance measurement accord-
with the incorrect ones incurred by obstructions. In thag to N and k4. asC = N + A X kg, Where X
following discussion, we show how to identify a correds the weighting coefficient. Based on the confidence
distance measurement by assigning a confidence vadfielistance measurements, we combine the virtual ruler
to the measured distance. distance measurement with the recursive approach, in

D. Evaluate the distances measured by the virtual rul¥¢hich the distance measurements with higher confidence
will have higher priorities to be applied.

In order to identify correct distance measurements,
we conduct intensive simulations in various obstructdg Combine the virtual ruler distance measurement with
environments. When the virtual ruler moves around the recursive approach
pair of sensors, it can observe different distance meadn the recursive approach, a few sensors are pointed as
surement valuedy, ds, . . . d,, between the same pair ofbeacons whose positions are determined through out-of-
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Fig. 8 Examples of distances estimated by mobile beacons in an obstructed environment

band approaches such as manual measurements. In dftiermoving tracks. As shown in Fig. 9, the virtual ruler
to distinguish the beacons used by recursive approacbety visits the right part of the floor while ignoring the
from the mobile beacons used by distance measuremdgit, part. To improve the coverage of the virtual ruler,
we define the former as the static beacons. Recurswe assume that the virtual ruler has certain intelligence
approaches first locate sensors that are close to statich that they can communicate with nearby sensors
beacons and iteratively convert sensors to beacons afteidecide the moving direction. During the process of
their positions are determined. Consequently, the stati®asurement, each sensor keeps recording how many
beacons can be propagated from the initial beaconstitnes it has been measured. The virtual ruler queries
an entire deployed area such that all sensors can righboring sensors before it makes the moving decision.
localized. In the process of the recursive approach®&ased on the queried results, the virtual ruler moves
multiple candidates are often available to be convertedttwards the sensor that have least measurement times.
new beacons. Distance measurements between pairWiee moving track of the enhanced moving strategy is
sensors are also redundant in a densely deployed sesdmwn in Fig. 10, where the floor is uniformly covered
network such that sensors can be localized by usiby the virtual ruler and all the sensors are visited.

only partial distance measurements. The localization

result will not be affected by the sequence of converting IV. PERFORMANCE EVALUATION

sensors to beacons and the distance measurement subsgt evaluate our virtual ruler approach iR@mn x 20m

if all the distance measurements have the same ersguare area where 50 sensors are randomly deployed.
distribution. However, in an obstructed indoor envirorfwo configurations of the deployed area are used in our
ment, where correct distances are mixed together wilmulation: i) 20 obstructions are randomly positioned
incorrect distances, it is critical to choose the optim@Fig. 11); ii) the square area is configured into a real in-
sequence of the recursive process such that the incorigsdr environment where rooms are separated from each
distance measurement can be excluded from the distabger by walls (Fig. 10). The virtual ruler moves around
measurement subset used in the recursive process. Basethe area and measures pairwise distances of static
on the confidence assigned to distance measuremenséiisors within their measurable range. As illustrated in
our mobile beacons, the optimal recursive sequence @f. 10, the dashed lines show the trace of the virtual
be approached as follows. In each step of the recursiyger that moves randomly throughout the region. The
approach, the candidate is selected such that we can maual ruler moves a total of 100 steps, and stops at
imize the confidence of all the distance measuremegigch step to perform measurements. In this section, we
that are used to locate the candidate. evaluate both the distance measurement performance and
the localization performance when combining the virtual
ruler approach with the recursive approach.

We assume that the virtual ruler moves around as be- )
low. It follows a step by step movement pattern. For eaéh Distance measurement performance of the mobile
moving step, the virtual ruler randomly selects a movirgfacon approach
direction. However, our test shows that such a randomWhen the virtual ruler moves around in the deployed
moving strategy leads to a non-uniform distribution cdrea, it can measure the distance between a pair of

F. Moving strategy
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sensors multiple times from different perspectives. Feurement than the mobile-assisted approach. Moreover,
the distance between the same pair of sensors, the virtile percentage of incorrect distance measurements of the
ruler may obtain different values, among which theirtual ruler approach can be significantly reduced by
correct value is mixed together with the incorrect oneequency analysis.

In order to statistically identify the correct value from the From Fig. 12, we can find a few counter examples
incorrect ones, we investigate the characteristics of thdaere incorrect distance measurements fall to the bottom
distance measurement distribution through intensive sitvars that are painted in black. However, the bar that
ulations conducted in indoor environments. We record &lbntains the correct distance measurement at the bottom
the distance measurement values obtained by the virttealds to be high. This observation motivates us to further
ruler and plot the distribution of measured values iexclude incorrect distance measurement by imposing
Fig. 12, where Fig. 12(a) shows the full distribution o threshold to distance measurement. When the total
all the distance measurements and Fig. 12(b) showsramber of distance measurements falls below the thresh-
enlarged part of Fig. 12(a) for clear visualization. Theld, we regard the distance measurements as incorrect
height of each vertical bar represents the total numberaies. By using the threshold strategy, the percentage
distance measurementsbetween a pair of sensors. Thef incorrect distance measurement is further reduced, as
vertical bar is further divided into two segments and thghown in Table 1l and IlI.

height of the the bottom segment represents the number

of measurements,,, ., of the valued,,,,.,, which has the B. localization performance by combining the mo-
largest number of measurements among all the valugke beacons distance measurement with recursive ap-
observed by the virtual ruler. The sum of the number pfoaches

measurements of all other values is represented as the, . Juservations above shows that a distance mea-

length of the top bar. The bottom bar is colored in 9% rement can be evaluated through two metrics: i) the

if it is the correct value; otherwise the bar is colored iﬂ)tal number of measurements to the same distance be-
black. F Itg- d1_2 shows tﬂ?‘th‘he majotrrl;[y of bottto? ?arﬁlveen pairwise sensors; ii) among all the measurements,
are painted n gray, which means the correct dista proportion of the value that has the largest contribu-
measurements tend to be observed by the virtual ru Rin

) to the total number of measurements. Based on the
more frequently than incorrect ones. Therefore, amopg

. . metrics, a confidence value can be assigned to each
all the measured distance values to the same Pall fdtance measurement such that we can rank distance

sensors, we can select the_one with the highest obserw surements according to their confidences. With the
frequency as the correct distance measurement. ranked distance measurements, the virtual ruler distance
We compare the distance measurement of the mobifeeasurement can be readily combined with the recursive
assisted approach [20], virtual ruler approach, virtuapproach to exclude incorrect distance measurements by
ruler approach with frequency analysis in both the indogiving a higher priority to a distance measurement with
environment and random obstruction environment. Tinggher confidence. We then evaluate the combination of
comparison results are shown in Table Il and Table fihe virtual ruler approach and the recursive approach
respectively. The comparison shows that the virtual rulgr the indoor floor environment. Besides the distance
approach has lower percentage of incorrect distance maggasurement errors incurred by the obstructions, we add
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Fig. 12 Distance measurement distribution

TABLE Il Distance measurement comparison in an indoor floor environment

distance measurement approach mobile- virtual ruler with | virtual ruler with | virtual ruler with
assisted | one time measuret frequency analysis | threshold strategy
ment
total number of measurements 486 658 658 201
the number of incorrect measurements129 146 100 2
percentage of incorrect measuremen{s26.54% 22.19% 15.2% 1%

TABLE IlIl Distance measurement comparison in an area with randomly distributed obstructions

distance measurement approach mobile- virtual ruler with | virtual ruler with | virtual ruler with
assisted | one time measurer frequency analysis | threshold strategy
ment
total number of measurements 579 740 740 253
the number of incorrect measurements159 166 104 3
percentage of incorrect measurements27.46% 22.43% 14.05% 1.2%

Gaussian distributed random error to distance measunger distance measurement combined with the recursive
ment. The simulation result is shown in Fig. 13 andpproach outperforms the iterative least squares fitting
Fig. 14. Fig. 13 shows that the virtual ruler successfulBlgorithm. The iterative least squares fitting algorithm
excludes most incorrect distance measurements and diilyall the measured distances equally such that the final
two incorrect ones (painted with two bold dashed linegstimated location is the averaged result of all the mea-
are involved in the localization. In Fig. 14, the circlesurement. However, the least squares fitting algorithm
represent the true positions of sensors and lines represirgs not guarantee that the estimated result will favor the
the localization errors between true positions and tleerrect distance measurements. If the estimated location
estimated positions. favors the incorrect distance measurements, the correct
We further compare the virtual ruler approach witHistance measurement will be filtered in the iteration.
the iterative least squares fitting algorithm in [21] that
filters out incorrect distance measurements by iteratively V. CONCLUSION
applying least squares fitting. In each iteration the es-It is a challenging task to locate sensors in an indoor
timated distances between a sensor and static beacamgronment because the multipath effects will incur
are calculated based on the sensor’s position estimal@die errors in distance measurements. The incorrect
by least squares fitting. The distance measurement tbetance measurements, once mixed together with correct
differs most from its estimated value is excluded idistance measurements, are difficult for localization algo-
the next iteration. Fig. 15 shows the comparison resuithms to identify and exclude. In this paper, we proposed
in the indoor environment. We can see that the virtutd filter out the incorrect distance measurement in the
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Fig. 13 Distance measurement subset Fig. 14 applying virtual ruler to the Fig. 15 Compare virtual ruler and
selected by virtual ruler recursive approach iterative least squares fitting

first step of distance measurement. By using mobil®] T. He, C. Huang, B. M. Blum, J. A. Stankovic, and T. F.
beacons to measure distances between pairwise SensorsAbde|Z&hel’, “Reklnge-Frebe Localization Schemes in Large Scale
. . . Sensor Networks,” itMobiCom 2003.

from mul.tlple perspectives, our prOposed_m_Ob”e l?eac r(1)] D. Niculescu and B. Nath, “Ad hoc Positioning System (APS),”

based distance measurement can statistically identify in cLoBECOM 2001.

incorrect distance measurements, which provides a gdod A. Savvides, H. Park, and M. B. Srivastava, “The n-hop multi-

basis for indoor localization algorithms. Especially, the 'ateration primitive for node localization problems,” Mobile

bile beacon based distance measurement can be Networks and Applications2003.

mobile ¢ i : [fif]' Y. Shang, W. Ruml, Y. Zhang, and M. P. J. Fromherz, “Local-

ther combined with the recursive approach such that dis- ization from mere connectivity,” iMobiHoc 2003.

tance measurements with higher confidence are seledfétl L. Girod ar(],d Di Est(;if},s“Robust RaongezoESﬂmation Using
; ; P ; Acoustic and Multimodal Sensing,” ilR 01.

with higher prlorlty. The performance evaluation ShOWﬁ4] A. Sawvides, C. Han, and M. B. Strivastava, “Dynamic fine-

that the mobile beacon based distance measurement cangrained localization in ad-hoc networks of sensors, Mobi-

achieve better localization results than previous mobile- Com 2001.

assisted approaches. [15] J. Albowicz, A. Chen, and L. Zhang, “Recursive Position
Estimation in Sensor Networks,” ilCNP, 2001.
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