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ABSTRACT

This work proposes the novel use of spinning besdon
precise indoor localization. The proposed “SpinLoc”
(Spinning Indoor Localization) system uses “spigiifi.e.,
rotating) beacons to create and detect predictaidehigh-

ly distinguishable Doppler signals for sub-metecaliza-
tion accuracy. The system analyzes Doppler frequenc
shifts of signals from spinning beacons, which #ren
used to calculate orientation angles to a targgblBaining
orientation angles from two or more beacons, Spintan
precisely locate stationary or slow-moving targeiter
designing and implementing the system using MICA2
motes, its performance was tested in an indoorggaesn-
vironment. The experimental results revealed a amedi
error of 40~50 centimeters and a 90% error of 70c&%
timeters.

Categories and Subject Descriptors
C.2.4 [Computer-Communications Networks]: Distrimlit
Systems

General Terms
Algorithms, Experimentation, Theory

Keywords
Sensor Networks, Spinning Beacons, Doppler Efféct
gulation, Localization

1. INTRODUCTION

Location is often essential contextual informatfoninfer-
ring high-level application semantics from low-léwata
collected from wireless sensor networks (WSNs) A1][
Sensor localization is therefore a critical compuna a
WSN system. Although GPS is often used for deteingin
position of a sensor node, it performs poorly amaccu-
rately in indoor environments due to lack of direct
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line-of-sight to GPS satellites. Consequently, mdposi-
tioning systems using Wi-Fi received signal stran@RSS)
and RFIDs have gained popularity. However, desatte
tempts to improve their positional accuracy, curnéfi-Fi
RSS and RFID systems are unable to achieve thenstér
accuracy required for many indoor WSN applicatisnsh
as personnel tracking in crowded hospitals or asaeking
in busy factories. Thus, high-precision indoor laion
remains a challenging research problem.

Current high-precision indoor localization systemgh
sub-meter accuracy employ varying methods of ovarco
ing indoor multipath interference. For example, thiei-
sense [3] system uses ultra-wideband (UWB) to nizgém
multipath interference. However, UWB-based systems
[3][4]1[5] require specialized hardware to achiewnpling
rates and time synchronization in GHz and nanoskcon
ranges, respectively. Adding such specialized hardw
substantially increases the cost of typically re-
source-constrained sensor nodes. Acoustic systéifig [
such as Cricket [8] use ultrasonic pulses suffityerobust

to overcome indoor multipath interference but areesely
limited by the line-of-sight problem. Further, astia sig-
nals have limited propagation range.

The recently proposed Radio Interferometric Positig
System (RIPS) [9][10][11] is a promising and inenp&e
alternative to UWB systems. The RIPS provides dgnel
positional accuracy and sensing range in outdowir@am
ments using inexpensive and readily available semades
such as MICA2 motes. However, RIPS is unsuitable fo
indoor environments because its RF interferomeaging
technique can be severely affected by indoor mathipn-
terference. A modified RIPS system developed byykets
al. [12][13] used RF Doppler shifts to estimate theediion
of moving targets. Kusy reported that frequencyngea
from Doppler shifts was noise-resistant to multipatter-
ference and thus more appropriate for indoor laesitn.
However, their experiments were limited to outdeowi-
ronments. Additionally, since the technique deteatsing
targets by Doppler shifts, their technique fallgl#o the
original RIPS for locating stationary or slow-mogitiar-
gets.



This study proposes an inexpensive yet highly peeci
RF-based indoor localization system with sub-meiesi-
tional accuracy which is less susceptible to indowti-
path interference than current localization systeifise

ning beacon and the estimated angle are then wsdé-t

termine the probable position of the target. Thsitmm of
the target can be found by intersecting lines drdnem

estimated angles to different spinning beaconsiénldoca-

proposed approach employs spinning beacons ancliwred lization phase. The subsections below describétigpler

the infrastructure to produce predictable and mligtisha-
ble Doppler signals for high-precision localizatid?utting
spinning motion in the infrastructure brings an itiddal
advantage that the produced Doppler shifts cansed to
locate stationary or slow-moving indoor targetse Bpin-

Loc system was designed and implemented as anlactu

localization system, and its performance was testean
indoor garage environment with a ceiling height agf-
proximately 3 meters. The experimental results atad a
median positional error of 40~50 centimeters an@0%o
error of 70~90 centimeters.

Two important contributions of this work are thdldov-
ings:

Effect, the proposed technique for deriving anglidor-
mation and, finally, the localization algorithm kdson
angular information.

2.1 Doppler Effect

aThe Doppler Effect refers to the perceived variatio fre-

quency and wavelength given the velocity of a mg\ai-

ject relative to a wave source. Since the speed afdio
wave c is much greater than the relative velocity between
the wave source and the observer, the frequendy dhi

also known as the Doppler shift, can be expressed a

Df = V¢ o)
C

wheref denotes the transmitted frequency, ard the ve-

Rather than relying on the dynamic movement of mo- |ocity of the wave source relative to the obseriére rela-
bile targets to produce irregular, variable Doppler tive velocityv is negative when the wave source is moving

shifts as proposed by Kusgy al. [6], SpinLoc reverses
this setting by instead relying on the spinning iom
of selective infrastructure nodes to produce ptadie,
distinguishable Doppler signals for high-precision
calization.

A novel Doppler-angulationmethod was developed to
accurately estimate the angle of a target relativa

spinning beacon. An angle from a spinning beacon

with known location fixes a straight line that pess

through/nearby the target. By using more than two

spinning beacons to produce multiple lines, thgdtr
can be localized from the intersection of thesedin

The rest of this paper is organized as follows.ti8ec2

describes the SpinLoc approach. Section 3 expldias
SpinLoc positioning system. Section 4 discussearpatric

tuning and performance tradeoff. Section 5 de@jigLoc

implementation. Section 6 describes the experinheetap
and results. Section 7 reviews the related worktiGe 8

describes error sources in SpinLoc. Section 9 diszsithe
characteristics of SpinLoc. Finally, Section 10 dodes
the study and suggests directions for future studie

2. SPINLOC APPROACH

away from the observer. As Figure 1 shows, if thevev
source is not moving directly toward/away from thie-
server, the relative velocity in Equation (1) should be
replaced by the projected velocity on the line @antimg
the observer and wave source.
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Figure 1. lllustration of Doppler Effect.

2.2 Doppler-Angulation
Doppler-angulation is the proposed method for aeitging
the angle between a stationary target and a refereade

Two phases of the SpinLoc method are (1) angulationto a spinning beacon. This angle is referred tthasorien-

phase and (2) localization phase. The angulatioasgh
measures the Doppler signal from a target and exaete
node to a spinning beacon. The difference in oleskrv
Doppler shifts reveals the angle between the taagdtthe
reference node to the spinning bedc®uch angulation is
applied repeatedly to several different spinningdoss.
The location of the reference node, the locatiothefspin-

! The location of a spinning beacon refers to thetreeof its
spinning perimeter.

tation angle. Figure 2 illustrates the concepthaf Dopp-
ler-angulation method wher¥ is the stationary target at
distanced from origin O, and the direction from origi® to
Xis angle . The position vector of targatis:

OX = (dxcos , dxsia ) (2)
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Figure 2. lllustration of Doppler-angulation.

According to Equation (1), the Doppler shift of theo-
jected velocity is:

v
Df = project f
Cc

_ f -wrd ssin(mt+/ -a )
c \/d2+ r?-2drcoswty a )
_ -wrdf sin(mt+/ a ) )
c d\/l + (r/dy? - 2(r/d)cosw t¥ a )
-mrf sin(ut+/ -a )
¢ \J1+(rdy - 2(r/d)cosprty a )

If the rotational radius is minor in comparisontte dis-
tance from origirO to targetX, namelyr/d approximates 0,

The S is the spinning beacon or a wave source rotating the Doppler shift can be formulated as:

counterclockwise around the origihat a constant angular
velocity with a rotational radius. To maintain generality,
the polar angle o8 is denoted as(t)= t+ . Note that the
polar angle ofSis the angle included by s and the posi-

tive x-axis. At timet, the position vector dis:

OS = (rxcoswt¥ ), r>sing i )) (3
The tangent line velocity vecteoft) of the beacolsis
v(t) = (-wr ssin(ut+/ ),wr Bosi tf ) 4)

According to Equation (1), the observed Dopplefftsisi
proportional to the projected velocity on the lipetween
the spinning beacon and the target. In Figure & véttor
of the target-beacon connection #x, so the velocity
projected onsx is the inner product of(t) and theunit

vector of sx:
SX
Vproject = V(t) H (5)

Equations (2), (3) and (4) are then substitutead Equation
(5) to obtain the projected velocity:

\

project

OX-0S

OX-0%

(wrxsin(wty/ )wr gosfy th )) x
(dxcos , dxsia ) - (r xos¢ j+ ), r sim( jt+ ))
|dxcosa , dxsia ) - (r cos¢ j+ ), r sim(+)) (©
-mrd xsin(ut+/ )cog # rd xxosy F+ ) &n

\/d2+r2-2dr><:os(wt4j Ycas -2drxsimf f+ )a&in
-wrd ssin(ut+/ a )

\/d2+r2-2drcos(wt+/ a)

v ]2§| - v(t)

. _ oy -t sin(ut+/ a )

lim Df = lim

rdeo @0 ¢ [1+ (r/d}-2(r/d)cos@ty & ) ©
=% sinw tia )

The effect of this approximation error on the otaion
angle estimation can be mitigated by our systenis Tii-
tigating effect is discussed further in Sectionndl &ppen-
dix A.

According to Equation (4), whend approaches 0, the
Doppler shift produces a sine wave with a phaseslaft
by an angle (- ). This sine wave is referred to as fhe-
quency wavefornif the Doppler shift can be measured, the
angle ( t+ - ) can be determined. However, as Figure 3
shows, due to the difficulty of measuribgnd , an addi-
tional reference node with known location is deplbyto
derive angle (t+ - ). In Figure 3R is the reference node,
andX is the target. Polar anglesXfandR are denoted as
and , respectively. Subtracting (+ - ) from ( t+ - )
obtains (- ). Identifying the location oR reveals the an-
gle , which then reveals the directionXf
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Figure 3. lllustration of Doppler-angulation. The refer-
ence nodeR is deployed to obtain the direction ofX.



2.3 Localization Algorithm

Figure 4 shows the localization algorithm whetds the
target andS, and S, are two spinning beacons at known
locations. Once the angleg and , are measured, the tar-
get can be located at the intersection of the trientation
lines. The orientation line extends from the spignbea-
con outward in the direction of, and ,. To enhance ac-
curacy in a noisy environment, a robust positiorsggtem
would usually require more than two spinning beacadh
the angle measurement is noiseless, all orientdtims
would ideally intersect at only one point. Howeveerfect
sensor accuracy is unlikely under real world cdodsg.
Therefore, the actual intersection may resembleithBig-
ure 4(b). The problem of identifying the most prolealo-
cation of the target was thoroughly explored in|[14].

(a) (b)

v

@ @ @ Spinning beacon OTargEt

Figure 4. Localization algorithm locates a target aithe
intersection of multiple orientation lines.

3. SPINLOC POSITIONING SYSTEM

Figure 5 illustrates an example of a deployed Spinhosi-
tioning system. The example deployment in Figura) 5(
contains the following sensor nodes: (1) tadge(2) refer-
ence nodeR and (3) three spinning beaco8s S, and S;.
SinceS,, S$, S; andR are stationary infrastructure nodes at
known locations, the SpinLoc positioning system nias
cate targeK. The SpinLoc localization process involves the
following four steps:

(1) Doppler shifted signal generatioWhile spinning,S;
transmits RF signals at a constant frequexcgnd R
then measure Doppler shifted signals resulting from
the spinning motion of the transmitt&y

Frequency recordBoth X and R record the Doppler
shifted signals received fror8, and then send their
observed frequency waveforms to the base station.

()

(3) Orientation angle calculationAs described above, the
base station applies the Doppler-angulation method
which takes the observed frequency waveformsof
andR and calculates their orientation angleSo As

Figure 5(b) shows, since the locations of bstandR

are identified, the orientation line

through/nearb¥ can be obtained.

passing
(4) Location estimationFigure 5(c) shows that after re-
peating stepgl) ~ (3) for S and S;, two additional
blue orientation lines passing through/near thetipos
of X are obtained. The location &fis then estimated
by finding the intersection of these three lines.

Each of these four steps is described in detathé fol-
lowing subsections.

(a) Initial deployment
e
0o
vy
R
@ Target

% ) Referencenode
@ @ @ Spinning beacon

(b) Angulation phase [ Doppler Shifted Signal Generation }

Doppler shifted
signal

\ A 4

\
f@ \ [ Frequency Record J
\
b\ Frequency
\ waveform
®“' [ Orientation Angle Calculation J
(c) Localization phase
Crientation
angles
y v
[ Location Estimation J

Target Location

Figure 5. Deployment of the SpinLoc positioning syem:
(a) deployment layout, (b) angulation phase and (dd-
calization phase.



3.1 Doppler Shifted Signal Generation

The first step is to generate Doppler shifted dgn& bea-
con embedded with a RF transceiver module transmaits
dio signals while spinning. However, a typical Ré&reer
frequency in the 400 MHz ~ 2.4 GHz range is tochHigr
analysis by a hardware-constrained sensor nodedliie
slow clock and limited sampling rate. The radiceifgro-
metry method developed by Marat al. [9] is therefore
used to overcome such limitations. Radio interfetyyn
measures RF Doppler shift with sufficient accurasyng
inexpensive sensor hardware such as MICA2 motessand
used in the system as follows. First, two sensatencsi-
multaneously transmit sine waves at two very simtiigh
radio frequencied; andf,. The similarity of the two RF
signals produces an interference RF signal witbva fre-
quency envelopdif,|. For example, two high frequency
900 MHz radios can transmit sine waves at sligtiffer-
ent frequencies to produce a low interference feegqy
envelope below 1 kHz, which is slow enough for gsial
by a MICA2 mote.

Radio interferometry requires simultaneous transiomns
from two radios. Therefore, as Figure 6 shows aticsbs-
sistive beacon is required. The spinning beacomsinéts
RF signals at its original frequencfy)(and any receivelP
will perceive radio frequency d; plus a Doppler shift
( f.9). The assistive beacon simultaneously emits sigatals
a fixed frequencyf§). Since the assistive beacon is statio
nary, the interference frequend., f-f.+ f,7], is affected
only by the Doppler shift in the signal frequenclytbe
spinning beacon. Fine-tuning the Doppler shiftetdriie-
rence frequencyf,}f,+ f,"| to a low frequency range under
1 kHz enables detection and analysis of the sifpyah
MICA2 mote.

Real deployment
v D
0
A
v @
G 9 Target
) Referencenode
@\_y @ @ @ Spinning beacon
) Assistive beacon

Figure 6. An example deployment of SpinLoc system.
An assistive beacon is added after initial deploynm.

3.2 Frequency Record
The second step is foX and R to record their received
Doppler shifted frequencies fro8. X andR receive radio

frequencies and analyze them by RSS analog-tcaticpin-
verter (ADC) on sensor nodes. The real-time timeaio
frequency estimation method proposed by Magbdl.[9] is
used to detect the RSS peak timestamps and estthwte
interference frequency. For example, if the RSS pdiaign
rate is 17,800 Hz and the number of samples betadpn
cent RSS peaks is 30, the interference frequenappsox-
imately 17,800/30 = 593.3 Hz. Receiver nodeandR send
their RSS peak timestamps to the base station wihere
timestamps are then analyzed to reconstruct theguéncy
waveforms.

3.3 Orientation Angle Calculation
The third step is to calculate the orientation angling the
frequency waveforms oK and R. Specifically, as Figure
5(b) shows, this orientation angle is the anglewben
nodesk andX relative to spinning beacdh A simple me-
thod of calculating this orientation angle is toe uthe
Doppler-angulation method described in subsectich 2
First, by using radio interferometry, we measure fte-
quency shift value perceived b§andR. Second, this fre-
quency shift value is used to determine angie Xin Fig-
ure 3. IfX andR reveal Doppler shiftsf,and fr respec-
tively, at timet, ( — ) can be calculated as follows. First,
f, is substituted int&quation (8):

of = M sinmya )
C

9)

-cDf . .

—= = wt
sin(mttja )

By taking the arcsine function on both sides of EHogiation

(9), is determined:
sint (<25 ) = ytej
wrf
oDf (10)
as= Wt+/'-sin'1(c—fx)
Similarly, is computed as follows:
b= wt+j-sin'1(ﬂ) (11)
wrf

The anglg( — ) is obtained by simply subtracting Equation
(11) from Equation (10):

cDf

a-b = sint (L ). g (P
wrf

e ) (12)

Although the above solution is simple and mathecadlyi
sound, one practical problem arises in an actuakiwg
system and environment. The radio on a MICA2 mate c
only be tuned at a resolution of 65 Hz. Restatied actual
transmitted and received frequencies would haver®mof
plus/minus 65 Hz. These errors reduce precisionmvee
termining the value of actual transmitted frequehowp the
spinning beacors. On the receiver nodes and R, these
errors also cause imprecise measures of Dopplés sl



and fr. In other words, although using a finer resolution phase offset can be calculated from tk®such thaiX[n] is

and more expensive radio chip on a beacon (infretstre)
could improve the accuracy of actual transmittedjfiency
f from S, the measured Doppler shifte., f,onXand fg

onR, would remain imprecise.

Instead, a more precise measure is the overatedhifter-
ference frequency, which is the sum of the baserfet
rence frequency and Doppler shift. Although Equatib2)
cannot directly solvgé — ) with the Doppler shift at some

instantt, analysis of Doppler frequency shifts over a given

time period can solvé — ) more robustly.

According to Equation (8),f,and fz can be regarded as
functions of timet as follows:

of (1) = M sin(ut/ a )
¢ (13)
-wmf . .
Df(t) = Tsm(wtﬁ b))

As Equation (13) shows,f,(t) and fg(t) are both sinu-
soidal waves with the same periodicity but withetative

phase offse — ). Figure 7 shows the actual measured

interference frequency shiftsf,(t) and fgr(t) wherey-axis

is the Doppler shifted interference frequency. Rkerrtob-
servation reveals that the problem of solving for ) is

equivalent to identifying the phase shift betwelas meas-
ured fy(t)and fx(t).

ANAYAY

—observed by X

Interference frequency {Hz)

observed by R

. n . .
052 0.69 0.86 1.03 12

Time (seconds)

n
0.34

Figure 7. Example of observed Doppler shifted fregen-
cies.

A common problem in digital signal processing isritify-
ing phase shift in two discrete-time noisy sinussighals
with the same periodicity [16]. LeX[n] and Y[n] denote
two discrete-time noisy sinusoid signals with tiaens pe-
riod N. A common solution is to delay[n] by timek and
compare the similarity betweeX[n] and Y[n-k], where
Y[n-K] is the same ag[n] with a right shift of timek. The

most similar toY[n-k] as follows:

2 (mod 2 (14)
The sum squared differences (SSD) [16] is seleatethe
distance function required to quantitatively exprése si-
milarity of two signals. The SSD of[n] andY[n-K] is de-
fined as:

’ (X[n]-Y[n-k])*

n=-¥

(15)

In any implementation, one can only observe thédtehi
frequencies for a limited time peridd Therefore, SSD is
normalized by the overlap in duration of each delaik:

T-1

(XIn]-Y[n-k] ) (16)

n=k

Dy [kl = Tk
The square root is calculated so tbgt[k] accurately de-
fines distance. The resultidgvalue is such thaDyyk] is
the minimum fork=0 to T-1. Excessive noise inf,(t) and

fr(t) may yield unreasonably higbx{k] values. There-
fore, to avoid false estimations under these candit a
threshold is applied to filter estimations from essively
noisy signals. The effect of the filter at diffeteéhresholds
is evaluated in Section 6. The calculated phasebffields
the orientation line for location estimation.

3.4 Location Estimation

Since three spinning beacons are used in the exadgp-

loyment, Doppler-angulation calculates three oggah

angles and three corresponding lines toward thgetar
However, as Figure 4(b) shows, varying angularrered-

fect varying shifts in these orientation lines aweym the

target. These shifts bring the three orientatioredito in-

tersect at three different points rather than & shme
point.

Given multiple intersection points, a target canldeated

by several different algorithms. For example, trenttoid

algorithm locates the target at the Centroid ob¢hthree
intersection points. SpinLoc proposed here uses

Weighted Centroid algorithm, which weights eacleiséc-

tion point according to an internally computed ddefce

value. This confidence value is proportional to Huaite-

ness of the intersection angle between two intérsgec
orientation lines because the acuteness angletaffbe

sensitivity of angular error on positional erroorfexample,
as Figure 8 shows, when the intersection angléogedo 0

or 180 degrees, even a minor angular error canugma
large positional error. Note that tleaxis andy-axis error

sensitivities for each intersection point differdaare con-
sidered separately.

the
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Figure 8. Example of a minor angular error causinga
large positional error.

4. PARAMETRIC TUNING AND PER-

FORMANCE TRADEOFF

Different value settings of tunable parameters rdeitee
overall system performance. The main system pedooa
metrics considered apsitional accuracyandpositioning

latency Positional accuracy measures the difference be-

tween an estimated location and a ground-truthtimca
Positioning latency is the time required for SpinL®
measure and estimate a position. The tunable systea
meters are (1) Doppler-angulation filtering thrdshq2)
data collection time, (3) rotational velocity, (#}erference
frequency and (5) rotational radius. Generallyjrigrthese
parameters improves accuracy but at the expengmoof
longed latency, and vice versa. Restated, adjugtiage

parameters determines the performance tradeoff degtw

accuracy and latency.

(1) Doppler-angulation filtering threshold The de-
lay-and-compare process described in subsectiorh&s3
the following two outputs: estimated time delayand

minimum distanceDy\{k] between two input signals. The

minimum distance reveals the quality of the estiomatA
smaller minimum distance indicates a more reliaiiee
delay estimation. Therefore, before using the meamku
angular information to localize the target, poogualar es-
timation is filtered out as noise according to th&imum
distance. Since the stricter filtering thresholthoges more
noise from the dataset, it produces a more accarsjala-
tion result. Although a stricter filtering thresdahcreases
overall positioning latency, it also prolongs thesitioning
latency to acquire enough high-quality orientatiamgle
estimates.

(2) Data collection timeA longer data collection time in-
creases the number of signal samples, which enafibes
precise reconstruction of frequency waveforms amd i
proves positional accuracy. However, the tradesfiin-
creased positioning latency. Notably, an overlyglatata
collection time has adverse effects such as ineckearrier
frequency drift and clock drift.

(3) Rotational velocityAn instantaneous radio frequency is

difficult to detect when rotational velocity is hidhecause
of the shorter time that a rapidly spinning beatoposi-
tioned in a specific direction. Faster rotation uesks the
number of signal samples collected and thus redbee

precision of frequency waveform detection, whicbréas-
es positional error. However, high rotational vélpdm-

proves positioning latency because it provides nsigeal
samples for Doppler-angulation. Note that a veoyvslota-
tional velocity may also produce a large positioagior
because frequency waveforms of small Doppler slaifes
more difficult to distinguish.

(4) Interference frequencyBecause of the Doppler Effect
and the characteristics of radio interferometryhigher
interference frequency increases the Doppler shiftich
also improves the signal-to-noise ratio (SNR) of fhe-
quency waveform. However, a high interference festy
also has certain disadvantages. For example, iintleefe-
rence frequency is 500 Hz and the signal samplatg is
17,800 Hz, the number of signals sampled per peisod
17,800/500 = 35.6. When the interference frequeiney
creases to 1,000 Hz, the number of signals sampéed
period is halved to 17,800/1,000 = 17.8. Feweraligam-
ples degrade the precision of the frequency detedtn
radio interferometry, thus affecting the positioaakturacy
of the SpinLoc system.

(5) Rotational radius A long rotational radiusrj] and a
high angular velocity () of a spinning beacon produce
large Doppler shifts because, as Figure 2 showdatigent
line velocity {(t)) is the product of and . Further, large
Doppler shifts produce more distinguishable freqyen
waveforms, which improve the SNR of the frequency
waveform and reduce positional error. However, aglo
rotational radius also has disadvantages. A logtiomal
radius ¢) not only requires a larger physical space, it,also
as Equation (8) shows, increases the approximatimr in
Equation (8) as the/d ratio increases. Fortunately, the ef-
fect of the approximation error is mitigated by tireposed
method of estimating the orientation angle. Theppsed
method of identifying phase shift in two Dopplerifsd
frequency signals is not sensitivertd ratios. Varying the
r/d pairs numerically simulates two non-approximated
waveforms from Equation (7) when performing thesota-
tion angle calculation, whemed ratio pair (0, 0) stands for
the approximated case. The analytical results stiwaw
whether or not they are approximated, the calcdlatéen-
tation angles are identical. Appendix A providedetailed
example of the calculation.

These parametric tradeoffs are experimentally aealyin
Section 6.

5. IMPLEMENTATION

The proposed SpinLoc system was implemented on MI-
CA2 motes manufactured by Crossbow Inc. These MICA2
motes ran TinyOS. One MICA2 mote was connected to a
base station via MIB520 programming board to rglagk-

ets containing frequency waveforms from infrastuuet
nodes and the target. These MICA2 motes were pro-
grammed to emit pure sine waves, which producedpl®op
shifts when transmitted from the rotating beacohke



RIPS engine developeduay Vanderbilt Universit [17] was
modified and ported to 900 MHz MICA#®ote:. At our test
site location in Taiwanthe frequency band of GS-900
[18] also happens to be around 900MHz, overlapping
a part of MICA2 radio channelslo avoid interferenc
from the GSM900 up/down link channels, we selected
carrier frequencies between 821.277Mt$z921.337MHz
whose ranges are away from G@0 channel.

Additionally, as Figure 9 shows, easpinning beacc was

mounted on tharm of a rotation device. The rotatioe-

vice, consisting of a motor for spinniran attached arm
and a control unit with adjteble rotational veloci, was
securely mounted on a steel platforfiime cost of eac ro-

tation motor/device is about 100 W8llars. Industry-grade
servo motors, such as [19] widimost onemillion hours

MTBF (Mean Time Between Failuregjan also be us to

build robust rotation devices.h@nging rotational velocit
produced varying Doppler shifts.

In each measurement round, the base station trts a
command to all sensor nodéester performingtime syn-
chronization, the spinning and assistive beactransmit
radio signals while the reference node and theetalar
and sendreceived signal frequencies to the base sta
After receiving the signal frequencidhe base station |-
culates the orientation angle for eainning beacc and
estimates the position of the target.

Figure 9. Rotation device consistingof motor, speed
control unit and steel platform for stability .

6. EXPERIMENTAL RESULTS

As Figure10 shows, the system was tesin an indoor
parking garage in the basement of miversity bulding.
The parking garage haal ceiling height of 3 meters, a
MICA2 motes were deployed over an &&n¥ area.

The infrastructure components includeldree spinning
beacons, one reference node and one agsistacon. Fig-

ure 11 shows the positions tfese infrastructure nodes.
The grid points on the map are 2 meters i. To measure
positional accuracy throughout this test environtnaerter-
get was moved among the thirty different grid peioh the
map.

Figure 10. Indoor parking garage environmnt with
infrastructure node deployment.

Figure 11.Grid map of infrastructure node positions.

6.1 SpinLoc Positional Errors

Figure 12shows the cumulative density function (CDF)
the positional errors. The parametric settings waesed-
lows: rotationakadius was 50 centimeters, angular velo
was 133 revolutions per minu{®PM), interference fre-
guency was 600 Hz, and data collection time was
seconds. The medigwositional errorwas 39 centimeters,
and the 90% error is 70 centime (meaning 90% of errors
were 70 centimeters or les3he test results demonstra
that the SpinLoc system achiev&agh-meter positional ac-
curacy in an indoor environment.



Figure 13 depicts the cumulative density functi@DF) of
absolute angular error with a median error of 3releg and
90% of errors 10 degrees or less. The datasehéCDF
was based on 300 sample position estimates ovehititye
grid points (ten samples per grid point). Sinceheposi-
tioning sample is derived from three estimated esgd00
angle estimates were sampled. Although some anguar
rors were seemingly large, their effects on poséloaccu-
racy were mitigated in the localization phase beeahese
large errors could be identified as outliers bylgiag the
intersection of multiple orientation lines measubydmul-
tiple spinning beacons.

Figure 14 shows the probability distribution fucti(PDF)
of angular errors from the same dataset in Fig@revith-
out taking absolute values. The figure shows tmajukar
errors were equally distributed between positivd aaga-
tive.

Figure 12. CDF of positional errors.

Figure 13. CDF of angular errors.

Figure 14. PDF of angular errors.

6.2 Doppler-Angulation Filtering

Figure 15 shows the relationship between angulesrer
and filtering thresholds from 5 (stricter) to 1B9$ strict) as
well as the relationship between data reductionrh fd-
tering thresholds. Clearly, without the noise filbg, an-
gular errors were relatively large (see “No filtari the
x-axis of Figure 15). However, at the strictest adikering
threshold, the system removed almost 80% of theived
packets. Our system was deployed with a filterhmgshold
value set at 10, which was sufficient to reduce trod$0i-
sy data. Figure 16 shows the corresponding CDmgfilar
errors under different filtering thresholds.

Figure 15. Angular errors and filtered out data ratios
under different filtering thresholds from none to 5.



Figure 16. CDF of the angular errors under differer
filtering thresholds. The lines from right to left are in
the order from ‘No filter’ (top) to 5 (bottom) in t he le-
gends.

6.3 Data Collection Times

Figure 17 shows the positional errors at diffedength of
data collection times (0.3 ~ 1.5 seconds). Two esiplot
the median positional errors and 90% positionadrerrThe
analytical results show that a longer data colbectiime
generally reduces positional error because theeassd

number of signal samples enables more accuraten+eco

struction of frequency waveforms. At the shortestadcol-

lection time of 0.3 second, the SpinLoc systeml stil

achieved sub-meter accuracy with 90% positionadreof
93 centimeters. Figure 18 depicts the correspon@ibg
of positional errors for different data collectibmes rang-
ing from 0.3 to 1.5 seconds.

Figure 17. The median and 90% positional errors undr
different data collection times from 0.3 to 1.5 semds.

Figure 18. CDF of the positional errors under diffeent
data collection times. The lines from right to leftare in
the order from 0.3s (top) to 1.5s (bottom) in thedgends.

6.4 Rotational Velocities

Figure 19 shows the angular errors of differenational
velocities of the spinning beacon varying from 2200
RPM. The 120-150 RPM range achieved the best acgura
with a median error of about 3 degrees and a sterakvi-
ation of approximately 1 degree. As described ictiSa 4,
excessively fast velocities are undesirable duhéoinsuf-
ficient number of signal samples for reconstructing-
quency waveforms, and excessively slow rotatiomeddai-
ties are also undesirable due to the less disshabie fre-
quency waveforms from the smaller Doppler shifts.

Figure 19. Angular errors under rotational velocities
varying from 92 to 200 RPM.



6.5 Interference Frequency

Figure 20 shows the angular errors under diffenetetrfe-
rence frequencies (100 ~ 1,200 Hz). The interfereiest
results suggested that the optimal interferencquéacy
range is between 200 Hz and 1,000 Hz. The propsged
tem used the interference frequency of 600 Hz, wigdn
the middle of this range.

Figure 20. Angular errors under different interference
frequencies from 100 Hz to 1,200 Hz.

7. ERROR SOURCES

The errors were due to varying factors such as MICA
mote hardware limitations, the inevitable indoorltipath
interference and errors inherited from the radiriero-
metry technique. These error sources are discUsister
below.

(1) Time synchronization erroiTime synchronization er-
rors can be controlled by clock rate. Although $pin
eliminates the need to synchronize the spinningcdiea
with receiver nodes, the receiver nodes must Isélisyn-
chronized with each other so that frequency wawesor
from different receiver nodes can be compared arm a
lyzed to determine their phase shift. When the datkec-
tion time is much longer than the synchronizatimoe this
source of error can be minimized. Clock drift maniei-
bute to positional error because synchronizatiorpéas-
formed only at the beginning of each data collectigcle.

(2) Carrier frequency drift This error may be caused by the
MICA2 motes hardware, as described in [9]. Although
ducing the data collection time can minimize fregue
drift, the number of signal samples collected mayirisuf-
ficient for precise reconstruction of frequency mha
waves. However, since the system analyzes Dopeew
forms rather than actual frequencies, carrier feeqy drift
has only minor effects on system performance.

(3) Indoor multipath interferenceAn advantage of work-
ing in the frequency domain is that reflection waemains
the same frequency as the incident wave. Howewés, t
advantage applies only to a static wave source.rithe

wave source is moving, Doppler Effect causes the
line-of-sight signal and the multipath signals te ht
slightly different frequencies. Therefore, the mstied fre-
quency is still affected by the indoor multipatheirfierence.

8. RELATED WORK

The most relevant work is the frequen-
cy-difference-of-arrival (FDOA) technique. The FDQ#
analogous to time-difference-of-arrival (TDOA) fassti-
mating the location of a radio emitters based oseola-
tions from several known points. Such a technigues w
employed by Kusyet al. [13] to track mobile targets by
using infrastructure nodes as receivers and ta@getsea-
con emitters. When the target is moving in suclystesn,
each infrastructure receiver observes varying Depgtifts
depending on their positions relative to the moviaget.
The target location and velocity are then solvedcby-
strained non-linear squares (CNLS) optimizatioregithe
input parameters of geometric relationships betwemtes,
different Doppler shift measurements and the tavgéici-
ty vector. However, due to signal noise, Kusy régarac-
curate results in velocity estimation but no posiing es-
timation. They therefore combined the accuratermedtd
velocity vector with the Extended Kalman Filter (EKin a
tracking task, which achieved an average locabraérror
of 1.5 to 3 meters in an outdoor environment. Askade-
veloped independently, Ledec#i al. [20] proposed a loca-
lization method based on Doppler shifted RF sigfrals a
rotating antenna. Their simulation showed potental
achieving high positional accuracy below 10 centere

The underlying technique used by Kusy al. [13] to
measure Doppler shifts with low-cost hardware & riddio
interferometry approach used in RIPS [9]. The RERS
proach uses two nodes transmitting RF signalsiginti}
different frequencies to produce an interferenegdency
envelop at a low frequency, which can then be nreasu
and analyzed by a low sampling rate ADC on a MICA2
mote. The RIPS measures the relative phase offsiteo
received interference signals to obtginange information,
which is the linear combination of distances betwéee
two radio transmitters and the two receivers. &Val. [21]
developed the adaptive RIPS that enhanced theiquit
accuracy of RIPS by dynamically selecting anchatesoas
beacon senders.

Many other proposed sensor network positioningesyst
can be broadly classified as ranging-based andng+igee
methods.

(1) Ranging-based methad3hese methods commonly
require signal communications between an anchoerubs
and a locating target. The major differences amtiregn
are the varying calibration methods and the usdiftdrent
signal sources, such as sonic, ultrasonic, infratachera,
RF, etc. For example, Acoustic ENSBox [7] employs a
distribution acoustic sensing platform which enahiapid
deployment and self-calibration of an acoustic eddleel



networked sensing box. The system can reportediieae
positional accuracy to within 5 centimeters in atiply
obstructed 80 x 50 fnoutdoor environment. Given that
signals propagate at constant velocity, time—afalr
(TOA) methods [22][23] estimate distance by measyri
signal propagation time. Angle-of-arrival (AOA) [R& a
network-based solution that exploits the geomedraper-
ties of the arriving signal. By measuring the argflevhich
the signal arrives at multiple receivers, the gystan ac-
curately estimate location. The TDOA [25] is anothet-
work-based system which infers distance by meagurin
time differences. Some hybrid approaches of TOAAAO
and TDOA have also been proposed [26].

Another class of techniques measures the RSS. Taelse
nigues exploit the decaying model of electromagnfeids

to translate RSS into a corresponding distancg2ZHP8].
The frequency bands used for transmission may \asp
For example, the well-known RADAR system [29] uBds
and LADAR and SONAR use visible light and audible
sound bands, respectively. Other systems such &HARA
and SONAR analyze signals reflected from an obfect
estimate its location. A recent innovation, Crickg} em-
ploys a hybrid approach using both RF and ultrasoni
bands. However, the propagation characteristicsrezgu-
lar in actual outdoor environments [30]. Localipatisys-
tems using RSS information have similar limitaticersd
usually achieve only meter-level accuracy.

(2) Range-free method¥hese methods use other alterna-
tives to range estimation between anchor nodesdalize
targets. For example, APIT [31] estimates the locabf
targets based on the connectivity information tahen
node with known location. The greater the numbedey-
loyed anchor nodes, the greater the accuracy ofetie
nigue. Restated, accuracy highly depends on thsitgenf
deployed anchor nodes. One class of techniquestdete
sequences of artificially generated events fromeaant
scheduler. For example, Spotlight [32] and Light®{B83]
correlate the event detection time of a sensor nwoitle
known spatiotemporal relationships. The detectivants
are then mapped to estimate position. However, rgéing
and disseminating these events in a large-scateisnmela-
tively difficult, particularly given the calibratio require-
ments.

9. DISCUSSION

The following aspects of SpinLoc are discussed:diget
node scalability, (2) beacon node scalability, &8y 3D
positioning. On the target node scalability, theebatation
processing time per target localization is 0.470edc The
current algorithm for computing the target locdiiaa can
be further optimized and parallelized to reducecpssing
time, hence improves scalability in the number afgét
nodes.

On the beacon node scalability, since nearby beacan
interfere with each other’s transmission, SpinLoos a

time synchronization protocol on nearby beacons and
schedules their transmissions in different timeésslo avoid
signal interference. This means that increasingbtgcon
density improves positional accuracy at the cospiaf-
longed positional latency. More complex schedulahgo-
rithms can be used to improve beacon node scaiabili

Although the current SpinLoc system locates targatg in
2D, it is possible to extend SpinLoc to 3D by addauddi-
tional beacons that rotate on the vertical planealyzing
produced Doppler shifted signals on the verticanpl
yields the height of a target.

10. CONCLUSIONS AND FUTURE WORK
The proposed SpinLoc system presents a novel indeor
calization method that overcomes indoor multipaitierife-
rence and achieves sub-meter positional accurauy.ek-
perimental results in an indoor garage environment
achieved a median positional error of 39 centinsetard a
90% positional error of 70 centimeters. By usingisimg
beacons to produce predictable and distinguisHabfgpler
Effects, the SpinLoc system achieves sub-meterlitaca
tion accuracy. Additionally, SpinLoc is highly costfec-
tive since its deployment requires only inexpendiaed-
ware available on MICA2 motes.

Our future work will explore more characteristiasdafur-
ther refinements of the SpinLoc system. (1) We iater-
ested in conducting a systematic evaluation to arpthe
potential relationship between the target’s logate.g., its
proximity to a wall, its relative distances to n@abeacons,
etc.) and its positional error. (2) Although theremt sys-
tem is effective for tracking stationary or slow-inyg tar-
gets, it may not work well for tracking fast-movitaygets.
Hence, we are interested in developing a method dia
compensate for the increased Doppler shifts from
fast-moving targets. (3) A typical office deployneis
likely to have obstructions, such as furniture. We inter-
ested in evaluating the effect of different typéobstruc-
tions on the SpinLoc positional accuracy. (4) liniportant
to design and mask the exterior of these spinniggrbns
such that their appearance becomes less obtrusiam i
office setting. For example, it may be possiblartask a
spinning beacon on a ceiling fan.
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APPENDIX
A.

Figure 21. Non-approximated shifted frequency wave-
forms.

Figure 21 shows the simulation results for varyifdyra-
tios mentioned in Section 4. Two actual Dopplerftedi
frequency waveforms are constructed as follows:

sin(@ xt - 150)
8000

Df, (t)= 25

\/1+(0.8)2 -2x(0.8) mos% % - 150

sin(@ xt - 50)
8000

1

Df,(t)= 25

\/1+(O.2)2 -2%(0.2) mos(%) % - 50)

The two waveforms are constructed by substitutivegfol-
lowing parameters into Equation (7) :

DF(t) : wiflc = 25w = —20_ ' —0g,/-a,=-150
8000ms d
360 r (18)
Df,(t) : wmaflc =25,w = — =02/-a, =-50
8000ms d

The gray waveform in Figure 21 is the first shiftid-
quency waveform corresponding to Doppler shiff(t),
and the black waveform corresponds fg(t). Note that the
y-axis is the shifted frequency, which is the sunthefbase
frequency 600 Hz and the Doppler shift. Simfgk of the

f(t) is 0.8, which is far from zero, the waveform istqui
different from a perfect sine wave.

Figure 22. Distance between two signals in FigurelZor
different time delays.

The delay-and-compare method mentioned in subsectio
3.3 is used to estimate the phase shift of theviageforms.
According to the simulation result in Figure 22e thini-
mum distance occurs when delay = 2,222 millisecomts
corresponding minimum distance is 5.99 Hz. Sineepb-
riod of both waveforms is 8,000 milliseconds, tsémated
relative phase offset is (2,222/8,000)*360 = 10@rdes.
The result equals the exact phase offset of theafpprox-
imated sinusoids. Further simulations with twd ratios
varying from O to 1 reveal estimated phase offgktatical
to the phase offsets used to generate the wavefarhis
suggests that the approximation in the derivatibor@n-
tation angle calculation does not affect the laratstima-
tion error because the phase shift estimation ndethaot
sensitive to the ratio aofd.



