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Abstract—This work investigates the lower bounds of wireless
localization accuracy using signal strength on commodity ard-
ware. Our work relies on trace-driven analysis using an extesive
indoor experimental infrastructure. First, we report the best
experimental accuracy, twice the best prior reported accuacy
for any localization system. We experimentally show that ading
more and more resources (e.g., training points or landmarkpsbe-
yond a certain limit, can degrade the localization performance for
lateration-based algorithms, and that it could only be improved
further by “cleaning” the data. However, matching algorith ms
are more robust to poor quality RSS measurements. We next
compare with a theoretical lower bound using standard Cramé
Rao Bound (CRB) analysis for unbiased estimators, which is
frequently used to provide bounds on localization precisio.
Because many localization algorithms are based on differén
mathematical foundations, we apply a diverse set of existm
algorithms to our packet traces and found that the variance
of the localization errors from these algorithms are smalle
than the variance bound established by the CRB. Finally, we
found that there exists a wide discrepancy from what free-
space models predict in the signal to distance function eveim
an environment with limited shadowing and multipath, thereby
imposing a fundamental limit on the achievable localizatio
accuracy indoors.

I. INTRODUCTION

Location is essential for many emerging applications fro
a diverse set of areas including asset tracking, work o
management, geographic routing, and physical securitse-Wi
less networks offer an unprecedented potential for rewmjizi

many of these applications. Given that wireless devices

carried by many people and attached to many objects and
all modern radio chipsets include the hardware necessary;
measure and report the received signal strength (RSS)

are
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are becoming increasingly dense, this points to possibthdu
accuracy improvements through using additional measureme
nodes. Particularly, cooperative localization techng(4],

[5] where clients also contribute RSS measurements could
provide readings from tens to hundreds of nodes. The limits
of localization performance in such settings remain an open
guestion.

The primary contribution of this paper is thus an empirical
guanti cation of the accuracy limits of RSS localization on
commodity wireless hardware. We conduct experiments to
capture RSS data in a controlled extremely dense laboratory
environment with a single transmitter and up to 369 landmark
which represents an ideal scenario for localization athors.
Traces were collected using the ORBIT testbed, which is a 400
node indoor wireless experimental apparatus placed in 8 360
sq ft. area. Using the ORBIT platform allowed us to capture
long, high quality packet traces in a dense environment free
of major shadowing and with limited multipath effects.

We use a combination of theoretical as well as trace-driven
analysis on this dataset. Our theoretical work uses a inadit
Cramér-Rao Bound (CRB) analysis, which has previously
been used to establish bounds on location estimation vari-
ance [4]. We then use a trace-driven emulation to charaeteri
e performance of different algorithms. In order to show th

W

generality of our results as well as compare localizatioatst

gies, we used algorithms with widely divergent mathematica
foundations. They range from classi cation approacheshsuc
RADAR [1] over probability density exploration methods
such as H1 [6] to multi-lateration such as Non-Linear Least

cS(Jf)uares (NLS) [7].

as

transmitted packets, there is a tremendous cost and dephdyn$peci cally, we found that:

advantage to re-using the existing RSS infrastructure ef th

communication network for signal strength-based loctibira
purposes.

Over the past years, algorithm advances have yielded amcura
improvements from RADAR's [1] median 3 m error to less
than 1 m median error [2]. A signi cant further improvement

RSS based localization can achieve median errors as low
as 0.24 m, with a maximum error of 1.5 m. Interestingly,
while NLS performed the best under perfect synthetic
conditions, it has the worst performance for real RSS
observations, with a mean error of 1.6 m and a maximum
error of 5.4 m.

to about 40 cm median error has been obtained using a larger
number of landmarks (base stations), 21 instead of the 3-5
used in previous experiments [3]. Since radio environments

classi cation and probability density exploration algo-
rithms had fundamentally worse performance using per-
fect synthetic input, because of a combination of their



inherent discretization effects as well as the leave-onalgorithm's broad strategy. The reader is encouraged teyaur
out techniqgue we employ to create our testing datasetthe references for additional details.

for lateration-based approaches, which assume a signal-

to-distance function, quality of the RSS measurements Lateration Based Algorithms

is more important than the quantity of measurements. A

subset of 179 landmarks whose data yield a good signkpteration-based algorithms [7], [12], [13] explicitly mel the
to-distance t provided best localization performancesignal-to-distance effect on RSS. They estimate the positi
Simply increasing the number of landmarks over thigf the transmitter by measuring the distance to multiple
actually increased the median error from 24 cm to 58cifgceivers. In [11], the authors use a Bayesian graphicakinod
classi cation algorithms are qualitatively less sensitivbased on lateration to nd a location estimate. We select
to variances and noise in the input set than lateratiofiUr representative subset from lateration-based algositas
based algorithms. Given RSS measurements that deWpn-Linear Least Square (NL$J], and Bayesian Networks
ate substantially from standard models, these algorithitid1) [11], and explain them brie y next.

malntame_d good average and worst-case performancel) Non-Linear Least Square (NLS)n NLS, estimating the
accuracy |mprovements_leve_zled off with about 100 node&ue location of the transmittdx; y) can be viewed as an op-
the lower-bound of localization performance appears stijl,;;ation problem where the actual locations of the rafeee
limited by discrepancies between the underlying algeyints (x;:y:) are known apriori and the distance estimates
rithmic models and the actual signal-propagation effecgis are obtained from the signal-to-distance relationshipe Th

of indoor environments. For example, individual nOdﬁrobIem then becomes solving for the optin&ty) that
differences due to differences in connectors, thermﬁ'linimizes the sum of residuals:

effects, and local noise oors, as well as multi-path effect 2 h i
caused by diffraction, re ection and shadowing are not (%: ¥) = arg min Y x0Ty Y? d 2 )
explicitly accounted for in any of the algorithms and ™’ Xy ' ' '
account for the remaining errors.

. Lo . 2) Bayesian Networks (M1)The M1 algorithm uses Bayes
Three important implications of our results are the follogi . . . .
. . : -2 Nets which encode dependencies and relationships among
First, the CRB for unbiased estimators [5], [8], which is lid . :
a set of random variables. The vertices of a Bayes Net

used for assessing localization performance limits, dags n .
o raph correspond to the variables and the edges represent
represent an actual lower bound on localization perforraan . oo
: . . . ., dependencies [14]. The networks used for localization éaco
for all algorithms, likely because its assumptions of usbth

estimators or normally distributed measurement errorsato r¥he relationship between the RSS and k) location using

hold for these algorithms. Second, the strategy of miningjzi a simple log-distance propagation model.

the square root of the sum of the residuals leaves muthe M1 strategy describes the joint probability density of
room for improved accuracy, so localization systems based x; y) as a function of the observed RSS. However, in general,
classi ers or probability density exploration are prefeleato there is no closed form solution for the returned joint dlstr
least squares. We explore these effects more in Section tn. Therefore, we use Markov Chain Monte Carlo (MCMC)
Third, signi cant accuracy improvements are still possibl sampling to draw samples from the joint density [15]. The
likely by algorithms that incorporate more accurate modetesulting samples allow us to approximate the true PDF of the
of measurement noise. (X;y). M1 selects the averages of the drawn samples as the

The remainder of the paper is organized as follows: In Se(:X-;y) location estimate.

tion 1, we provide a literature survey and brie y descriliet
algorithms that we use in this paper. Section Il explaires t

experimental methodology. We present the results from ogf;ss; cation algorithms, a.k.a matching algorithms, dot n
experimental testbed in Section IV. We discuss some OPRIl, on a model of signal strength and distance relationship
guestions from our results in Section V. Finally, Section V#Eather, they match RSS observations against an existinglsig
concludes the paper. map. The term classi cation, as used in the machine learning
sense, implies that the goal of the classier is to map a
Il. BACKGROUND potentially large input space into a much smaller space of
labels In the case of localization, the labels are a set of discrete
|(|)((:f y) locations.

HB. Classi cation Based Algorithms

In this section, we briey survey several localization algo
rithms and provide background on the Cramér-Rao bou
(CRB). A full treatment of localization algorithms is beybn Previous approaches [1], [9] and [2] are examples of claksic
the scope of this paper. Additionally, we also provide afbriengerprint matching algorithms. The location of a node is
background on the representative subset of the algorithens @stimated by matching its ngerprints to the closest one in
use in this paper. Because our purpose is to explore theslintiie signal map. Matching algorithms in [3], and [10] employ
of algorithmic performance, our descriptions focus on eaghobabilistic inference to estimate the location of a node.



Technique | Type Area (m?) Num APs Num Median 750 % Max
Training Error(m) | Error(m) | Error(m)
RADAR [1] | Classication(Scene Matching) 22:50 43:49 3 70 2.93 4.69 24.99
AURA [9]
CMU-PM Classi cation(Scene Matching) Not Speci ed 5 17 0.98 3.29 >9.75
CMU-TMI Classi cation(Scene Matching Not Speci ed 5 17 1.94 3.29 8.50
with interpolation)
LEASE [2] | Classi cation(Scene Matching) 68:58 43:90 5 100 2.29 n/a n/a
with Interpolated Grid
76:20 53:34 4 100 0.61 n/a n/a
Ref [10] Classi cation(Probabilistic) 68:28 35:94 4 110 1.07 1.22 7.32
HORUS [3] | Classi cation(Probabilistic) 68:28 35:94 21 172 0.39 0.55 4.99
11:80 33:13 6 110 0.51 0.90 4.99
M1 [11] Lateration(Bayesian inference) 60:96 24:38 4 115 5.49 6.71 27.43
64:00 42:67 5 215 5.49 6.1 27.43
Ref [7] Lateration with LLS 60:96 24:38 4 286 6.1 9.14 42.67
Lateration with NLS 60:96 24:38 4 286 3.35 6.1 33.53
TABLE |

SUMMARY OF THE REPORTEDEXPERIMENTAL ACCURACIES FORVARIOUS LOCALIZATION ALGORITHMS

Also, [16] uses Bayesian inversion to return the locaticat thfollows a Gaussian distribution. This assumption signntg
maximizes the probability of the RSS vector. The authossmpli es the computations with little performance losssibg
of [17] apply the same technique to the robotics domain amhyes' rule, H1 computes the probability of being at eadh til
experimentally show tha83% of the time, the location error on the oor, L;, given the ngerprint of the localized object

is within 5 ft. S as
Deriving closed form solutions for the lower-bound of most .. _ P SjL; P (L)
of these algorithms is not trivial, or the bound may not P LijS = P S : @)

be existent at all. Indeed, framing localization as a map

matching problem ngturally lends it{self to machine-leagni However ngerprintS, = () is some constant and with
approaches, for .Wh'Ch many algorithms haV(_a provably s prior information about the exact object's location, H1
closed form solution. We select our representative sulbget f assumes that the object to be localized is equally likely to
classi cation-based algorithms aRADAR Gridded-RADAR

. . . . . . be at any location on the oor, i.eR (Li) = P(L;);8ij.
(GR) gnd Highest Proba.blhty (H1)and continue with a brief Thus, Equation 2 can be rewritten as
overview of these algorithms.

1) RADAR: [1] is a classical scene matching localization P LS =c P SijLi : &)
algorithm where the signal map, a set of ngerprints with

known (x;y) locations, is provided as an input to the of ineWithout having to know the value, H1 can just return the
phase of the algorithm. In the online phase, when present#€l L max , WhereL max = argmax(P  SjjL; ), by computing
with a ngerprint of a node with unknown location, RADARP SijL; for every tilei on the oor. Up to this step H1 is

returns the location of the “closest ngerprint from thersigy very similar to the traditional Bayesian approaches [10T]]
map. with the exception of the Gaussian and variance assumptions

2) Gridded-RADAR (GR)is an improvisation over RADAR Finally, [4] and [18] studied establishing theoretical Ew
where measurement area is sub-divided into a regular gdd drounds for the achievable localization performance ussyg e
the signal map provided in the ofine phase is interpolateimation techniques that employ unbiased estimators.eTHbl
over the entire grid. The online phase is similar to RADARuUmMmarizes the media@s" percentile and maximum errors
with the exception that the “closest” ngerprint in sign@lace for various localization algorithms that were studied expe

is chosen from the interpolated signal map. This approash henentally. Overall, we can see that none of the approaches
an advantage of obtaining a much ner-grained resolution gve experimented with more than 21 access points and the
the regions which are not covered by the signal map can aktate of the art approach [3] has its media8! percentile and

be returned as location estimates. the max errors as 0.39 m, 0.55 m, and 4.99 m, respectively.

3) Highest Probability (H1): Given an area divided into aln addition to studying RSS-based localization in a high
discrete set of points called tiles, the strategy used bysHa i density setting with hundreds of landmarks, and reporting
return the most likelyx; y) by nding the highest probable tile localization errors an order of magnitude lower than th&esta
using Bayes' rule over the set of RSS values. In order to ndf-the-art, in this work, we also focus on understanding the
the likelihood of the RSS-matching for each tile in isolatio factors that limit the RSS-based localization performanoe

H1 assumes that the distribution of the RSS for each receiamhieving near-zero errors.



C. Cramér-Rao Bound IIl. TESTBEDEXPERIMENTS

Localization can be de ned as an estimation problem whel8 this section, we begin by describing our experimental
measurements like wireless signal strength, angle or tirfiBiectives and then explain how we perform experiments in
of arrival are provided to an estimator (i.e. the localiaati order to fulll these objectives.

algorithm) to obtain the most likely position in the assumed L

ordinate system. In estimation theory, the Cramér-Rao thouft Objectives

(CRB)_has been derived as a lower-bound on the variance-me objectives of our experiments are:

an estimator [19]. Although CRB has been applied to certain

classes of biased estimators [20], [21], it is commonly used To quantify the limits of different localization
to bound the variance of unbiased estimators [8]. The CRB algorithms—M1, H1, GR, and NLS—under a dense,
has frequently been used by researchers to assess ldoalizat indoor landmark deployment with limited shadowing
techniques [4], [5], [18]. and multipath fading

To understand how these limits compare to the CRB
To understand how variations in RSSI observations limit
the localization algorithms from achieving perfect result
in this laboratory environment

The CRB for an unbiased estimator is obtained from the
inverse of the Fisher Information Matrix (FIM) [8], given as

)
. . T
@nf(pj) @nf(p) @

(
()= E :
O @ @ B. Experimental Methodology
where is the unknown parameter to be estimated frome performed our experiments on ORBIT [23], a large scale
measurements, which follows a probability density function indoor wireless testbed. The ORBIT testbed consists of 400
f(pj ). Intuitively, the FIM is an estimate of the curvature osmall form-factor PCs, with two IEEE 802.11a/b/g wireless
the log likelihood functiorin f (pj ). If the curvature is sharp, interfaces per node. The nodes are suspended from thegceilin
the parameter estimation becomes more accurate making 48eshown in Figure 1(a) and are placed i2& 20 regular
lower bound on the variance of the estimator(CRB) very smaflrid with an inter-node separation of 91.44cm (3ft) spagrin
The received power at a landmark locatiot, ;yn) from a total area of 3600 sq ft. We collected packet data traces from
transmitter af(x;y) can be modeled as [22] a subset of 369 nodes using one of the identical Atheros 5212

based 802.11a/b/g NIC in every node. The remaining 31 nodes
P(Xniyn) = Po 10 logjo(dh=cth) + Sn  (dB); (5) were down for maintenance.

where d, = P (xn X)2+(yn Yy)2 with n = 1::N The data trace collection spanned two days and all 369 xed

landmarks;P is the received power at the reference distané@RBIT nodes were congured as IEEE 802.11a receivers

do from the source; is the path loss exponent; arg} is operating at 5GHz, channel 44. The receivers used the Tshark
the random variation of the signal measurements and assurfagket sniffer utility to log the received signal strengtialit

to come from an ii.d. Gaussian distributidd (0; 3ss). cator (RSSI) for every received packet. We used a movable
For the case of a single unknown transmitter location a%RBIT node attached to a portable antenna mast as our

N landmarks, the CRB for the variancé of an unbiased packet transmitter. Figure 1(b) shows the rubber-ducknmate

location estimator is given as mounted on the mast. The antenna rig was used to raise the
movable node's antenna to the same plane receiver antennas
2 (O + 10 )y 6 were located as well as keeping transmitter antenna otienta

PO Clyy 1 O)y

wherel ( )y« andl ( )yy are the diagonal blocks arid )xy
and| ( )Iy are the off-diagonal blocks of the FIM in Eq.4.
Details of the derivation can be found in [5].

the same throughout all transmitter locations. The tramsce
diversity options were disabled in all our radios to elinténa

Note that the above CRB, for any localization techniquegisin
RSS information, critically depends on:

the number and topology of the landmarks and the
transmitters to be localized,

the ratio of the RSS standard deviation to the propagation
constant (rss= ), characterizing the signal and the
propagation environment (a) ORBIT indoor testbed (b) Portable mast

the as_sur_nptl_on Of_RSS uctuations que to an i.i.d. Gau?—?g. 1. (a) The 400 node ORBIT experimental testbed (b) Theate node
sian distribution with a common variancggg . (Transmitter) attached to an antenna on a portable mast.




1 Scaled Results Sanitized Results
Median | Max Std.Dev. | Median | Max | Std.Dev.

Z g m | (m | (m m | m | m
= —GR M1 58 | 2687 187 24 | 160| 025
80.57 =M1 ] NLS | 2.01 | 13.44| 241 162 | 537 | 0.79
< *H1 GR 31 174 | 030 36 [ 197 032
o NS HI1 33 1.82 0.29 39 1.70 0.33

0 ‘ ‘ ‘ CRB — — 0.62 — — 0.75

0 100 200 300 400

Error (cm) TABLE Il

SUMMARY OF LOCALIZATION ACCURACY AND PRECISION

Fig. 2. Error CDF plots representing localization perfonte of the selected
algorithms from ORBIT experiment using all available 368dmarks

1
unwanted RSSI oscillations. The transmitter was placed at :?

400 different locations, one below each one of the suspended Eo,s—

ORBIT node for collecting the training dataset. The perkgac [

data trace collected at each of the receiver was then post -

processed to yield an average RSSI measurement over 1000 0 ‘ ‘ ‘

packets for the transmitter at every location. This resuite 0 100 Errgro?cm) 300 400

a dataset with 400 training Points and 369 receivers for each

training point. Note that our testing point locations oa@ped Fig. 3. Error CDF plots representing localization perfonwa from ORBIT
with the landmark locations. experiment using the “sanitized” dataset with 179 Trainargd 179 Land-
marks

To evaluate the different algorithms, we use the well-known

leave-one-out approach where the 400 point training sgtiis s

into 400 sets of 399 training points and one testing poine TIFR and H1 have the best performance with median errors
difference between the known actual locatipny) of the ©Of 0.31 m and 0.33 m, respectively exhibiting only 6%

testing point and the localization algorithm's estimggey) improvement over the best prior reported median accuracy of
of the testing point derives the estimation error. 0.38 m with 21 landmarks.

Table Il shows the median and maximum errors for all four
IV. RESULTS algorithms. The lateration algorithms, in particular NIsBpw
much higher errors both in terms of median and maximum.
M1's maximum error of about 27 m exceeds that of H1 and
Gridded RADAR 15-fold. This motivates us to further explore
the causes for such outliers.
1) The M1 algorithm achieved the lowest median local-
ization error of about 0.24 m, exceeding the best pri@®. Sensitivity to Data Quality
experimental result [3] by a factor of two
2) Adding a lot of landmarks can reduce the localizatioWe de ne thedata quality of a landmaribased on how well
accuracy for lateration based algorithms. The best péfe signal strength measurements for the landmarks match a
formance was achieved with a carefully selected cleanéiftance to RSS propagation model tted on the data. The
subset of about half the landmarks lateration algorithms estimate the propagation pararaétem
3) The general CRB for unbiased estimators is a pog}e measurements based on this distance to RSS t. Recall
benchmark of localization precision for the algorithm#hat in free space, the signal power decays linearly with log

In this section, we begin by highlighting our important adnt
butions and provide detailed insights into our results.|ddb
summarizes our key ndings. They are:

tested distance.

The following subsection describe each of these results in 20

detail. . _ .
Ea0] & SaoNii

A. High-density Localization Performance = g
[7)] s
q x

Figure 2 plots the error CDF for the lateration algorithmsL(M 60 R2=0778 60 R? = 0.244

and NLS) and the matching algorithms (GR and H1) with 0 5 10 15 0 5 10 15

Distance (m) Distance (m)

the training data collected from all 400 locations and 369

landmarks in the 20 by 20m space. We call this training set the (&) High Quality Landmark  (b) Low Quality Landmark
scaled datasefThis dataset allows conclusions about how f%[g Plots showing the co-ef cient of determinatierf) for 2 different
localization error can be reduced with extreme measurem@kimarks (a) Landmark with Good R2 = 0:778 (b) Landmark with poor
resources. t, R2 =0:2443



1 : Parameter Value
- T Path gainPp @ 2.4 GHz @ 1 metery -42.934 dB
= * T Path Loss Exponent § 1.96
€05 i Transmit Power 10 dB
S — 1 Antenna Gain 2 dB
a —B-25  —A—400 (scaled) Cable Losses 1 dB

%100 —®—179 (sanitized)
O0 100 200 300 400 500 TABLE Il

Error(cm) SUMMARY OF THE PARAMETERSUSED IN SYNTHETIC DATA GENERATION

Fig. 5. Effect of Scaling the Number of APs

. . . . path-loss model given in Eq. 5. Then, by using empirical
Figure 4 plots the distance to RSS relationship tOgeth(()a{)servations from our ORBIT experiments, we model two

with the tted _free—space propagaﬂon_model f_or two differe different classes of noise that affect RSSI data and pettisb
landmarks using the same set of training points. We observ(gzncect svnthetic dataset according to the models. Eirved
that the quality of the t in terms oR? differs signi cantly. P Y g . y

compare the performance of the localization algorithmagisi

To investigate the relatively poor performance of the latethe perturbed data with the ORBIT experiments to validate ou

ation algorithms in the scaled dataset, we sanitize the datadeling.

by removing low quality landmarks whose co-ef cient of. . .
L o ; The parameters used to create the synthetic dataset are give

determinationR? < 0:5. We empirically determined that b y g

this threshold signi cantly improves localization perfoance in Table Ill. These were obtained from a detailed channel
After lItering, 179 landmarks and the corresponding 17§:easurement study in the ORBIT room [24], which deter-

o ) . . " ined the path gain at reference distarige and the path
training points remain. We refer to this dataset assieitized loss exponent . To facilitate comparisons with the best case
(or cleaned) dataset.

ORBIT experiments, our synthetic dataset consists of 179
Figure 3 plots the performance of different localization alandmarks with RSSI information from 179 different locai$o
gorithms with the sanitized dataset. We can see that MHat fall 30cm away from each landmark. This replicates the
outperforms all other algorithms, it achieves a medianrerrtsansmitter locations used in the actual ORBIT experiments
of 0.24 m, about half the error reported by state of the dr the sanitized dataset.

RSS-based localization algorithms. The median error foiSNLN
has also improved from 2.01 m for the scaled dataset to 1.62f
for the sanitized dataset. Note also that the max errors fbr
dropped from 26.87 m to 1.60 m showin®4%improvement.

oise-less Performancefigure 6 presents localization per-
mance for ve different algorithms using the noise-less
ataset. Lateration algorithms M1 and NLS perform very
well—both result in sub-centimeter accuracy for 99% of the
Figure 5 plots the error CDF for M1 for varying number ofime, and strictly below 1.5 cm all the time. Classi cation
landmarks (or access points) —4,25,100,179 and 400. In eatforithms RADAR and GR are limited with the discrete
scenario, the access points were deployed in a regularllgquaumber of ngerprints (classes) to which a given testingnpoi
spaced fashion. Additionally, we also plot M1's result focan be associated. Due to the leave-one-out method ofdestin
the sanitized dataset. While increasing the number of acc&ADAR can only match a testing point to the nearest possible
points signi cantly reduces the error for M1, the resultewh landmark, which is 3-feet away in the ORBIT grid setting.
diminishing returns. The reduction in error from 100 to 40CGonsequently we observe that RADAR has 99% of its error
landmarks is minor compared to reduction from 4 to 25. No&eccumulated exactly at 3-feet (about 91 cms). The CDF for
also that, the sanitized dataset with 179 landmarks sigmitty GR, which works with 2 inch (5.08 cm) grid-sizes, shows
outperforms all results with arbitrary selection of landksa a step-like behavior and achieves a median error of 15 cm

These results suggest that lateration algorithms gegpened!
very sensitive to data from low-quality landmarks that aann

pe tted_on a propagation m_od(_al. For the Iatgrauon algonish o r‘*’_J ——GR
increasing landmark density is less effective than seligcti = I ——NLS
high-quality landmarks. The matching algorithms, howeveg 0.5 osb | & |- M1
remain very robust to these data quality issues. ° —s— RADAR

o *— H1
C. Performance with Synthetic Data 1) (o)< S NI

0 20 25 50 75 100 125 150 175 200

We have shown that after data sanitization, a median lazaliz Error (cm)

tion accuracy of 0.24 m is achievable. To explore possybilit

: P -~ Fig. 6. Localization performance with synthetically geated noise-less data
of further |mproved localization, we StUdy the localizatio for 179 landmarks. The Fig in the left plots the Zoomed-ie@DF to show

performance starting with an ideal noise-less RSSI datas@i and NLS performance and the one on right plots the Error GiFall
which we create synthetically to conform to the well-knowrye algorithms
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Noise

Fig. 7. (a) dEmhpifica' Rlsds_' dti)S”_ibUtiO? from Sing"?'"”'éub Pagket error, from sub-centimeters up to of 14.6 cm and 2.2 cm for
cxperiment and he norma dtruton tor Type | Nose 0 ©) ETect 11 and NLS respectively, as shown in Figure 7(b). RSS)
synthetic data for Nonlinear LS and Bayesian Network Altyonis averaging, however, reduced this effect—the mean of 1000

RSSI observations removed nearly all localization erroe du

to this noise. Thus, the Type | noise do not account for
(worth almost 3 grid points). Similarly, the tile-discradiion the observed discrepancies, since experiments throughisut
effect inherent to H1 results in a median error of 12 cm withaper were conducted with the mean of 1000 packet RSS
this ideal noise-less dataset. readings.

The performance discrepancy between Figures 3 and 6 iedicRpe || Noise Case: Next we model the noise observed in
that the input dataset in our ORBIT experiments contaifig. 4, by dividing TX-RX distance into 1 ft buckets for each
signi cant noise on RSSI observations. receiver and tting a normal distribution on the data that fa
in each bucket, as illustrated in Figure 8(a). We categdhize

RSSI Noise Analysis: To investigate this discrepancy, we : o .
measured the distribution and stability of RSSI readingaonpo'setﬁs géﬁ):e I Usmgtthesetﬁtandartﬂ (jtgv?tfms?ta;]ned RSS
single transmitter-receiver pair. Without environmemialbil- romtnhe S, We create another syninetic dataset wnose

- A2 i izati _
ity and a time-invariant channel, the RSSI observationenfrofOIIOWS N( ();*%) and again evaluate the localization per

an ideal pair of transmitter-receiver should be constamr O\)’ormance. Results are depicted in Figure 8(b). Note thaiethe

the time. Figure 7(a) shows the RSSI distribution of 300.0 SSUI:E mazt((:Jh thefeXpﬁ”TenFS: results well, the discrepan
packets over a given ORBIT linkClearly, variations of 1- ess than =0 cm for all algornthms.

2 dB exist and we categorize this as Type | noise. Detailethese results suggest that the noise that limits locafinati
discussions on the potential causes of the noise observedpefformance is not due to short term measurement noise on
RSSI are deferred to Section V. individual nodes, but rather due to variations across nades

Type | Noise Case:To understand how this variance aﬁectéocatmns. We discuss more on RSSI noise in Section V.

localization, we have perturbed our noise-less syntheiiasit

according to the variance of the normal distribution t oreth D. Comparisons with Cramér Rao Lower Bound

observed noise of 1.02 db as shown in Figure 7(a). The RSS

for the synthetic data follows! ( ( );1:02) where ( )isthe Following the Gaussian distribution assumption in Sec-
mean received power which® 10 log,,(dn=0b) as given tion 1I-C, we have calculated the standard deviatistudey

by Eq 5. We tested both M1 and NLS localization algorithm@f the averaged RSS sample residualgsg) from our ex-
with this perturbed dataset. We observed that using singlérimental dataset of 400 nodes to 8@80, as illustrated

RSSI measurements resulted in increased median localizain Figure 9(a). Also, the path-loss exponentn the ORBIT
room was previously measured to Be701, using precise

INote that these experiments were conducted remotely 4ANKemtorning measurement equipment [24] at 5.1GHz UNII band. Using this
with no human presence and no 802.11 interference. Our vagtsother

combinations of off-the-shelf cards (i.e., Atheros 5212 #mtel Prowireless ~ RSS = rat!o of 5:220 together with the 179 (e, S.anitized)
2945) exhibited the same behavior. and 369 (i.e., scaled) landmark topologies as inputs, we
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Our results leave unanswered questions with regards to the

lower bounds of localization performance using RSS. In this
section, we discuss how resources, node quality and dbgorit

20 05 0 5 choice impact the lower bounds of localization performance
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First, high accuracy requires a large number of observation
points, which is in agreement with prior work [3]. However,
Fig. 9. Investigating Gaussian distribution assumptiofiR88S samples from motivation for many of the prior works has been building a
400 node dataset localization system using only minimal additional infrast-

ture. We have also shown that the additional infrastruotare
leverage the RSS measurements on existing communication

calculated the CRB for each unknown transmitter positicth wi . . : .
i . waveforms by re-using the enormous investment in commodity
the help of a Matlab script. The median value of the Stdde\(’;ﬁipsets

obtained from this CRB calculation is reported in Table H (i

meters) together with stddevs of errors from the localimati oy results show that high quality RSS measurement is afitic
algorithms we have evaluated. to localization performance, and that the measurement and

In both the scaled and sanitized cases, the CRB does FRROMINg variances across devices limit the accuracfoligh
provide a lower bound on the variance of the localizatioorerr the minute-scale averages of RSS observations are found to
except for the NLS algorithm (both cases) and M1 algorithRf Stable (Figure 7), signicant variance still exists when
(only for scaled case). It is important to note that the CRB fignal-to-distance ts are considered (Figure 8(a)). Thace
only a bound on the variance of the localization error, but ngreakdown for the causes of this distribution remains un-
a bound on the mean of the error. Therefore the CRB sholffl@own. Table IV provides a non-exhaustive list of the sosrce
be used as a benchmark for the precision of various unbiagdgnoise that might have potentially led to non-ideal RSSI
localization algorithms but not the accuracy of them. observations for our experiments. Note that the list omits
important items like mobility and external interferencettasy
We identify two reasons why the CRB provided little value ijyere not existent in our controlled experime@alculationof
comparing the precision of localization algorithms we¢est RSS| from a received IEEE 802.11 packet is only outlined
RSS Distribution: The CRB (Eq.6) assumes that the RS§y the standard [27] and implementation details for any mive
sample residuals come from a zero mean Gaussian distmnbutigireless card remain the manufacturers' intellectual prop
with a stddev of rss . To verify if this assumption holds, we Nonetheless in our experiments, we use 369 identical m-PCl
examined averaged RSS samples shown in Figure 9(a) wit@heros 5212 IEEE 802.11a/b/g cards manufactured at close
quantile-quantile (Q-Q) plot given in Figure 9(b). We oh&er proximity in time, thus RSSI observations likely come from
that RSS data t the normality assumption only between jgentical calculation algorithms. Also, in our experimgnt
2 and +2 quantiles. Also, a chi-square test for the normaligyyts are easily detectable as we have close proximity RSSI
of the data indicates that the normality hypothesis can nghservations for every landmark from which outliers coutd b
be accepted with 95% con dence. It is likely that our RS@|iminated. Fading, as demonstrated by precise measutemen
samples come from a more complex composite distributio, the ORBIT room [24], is time-invariant in the absence
similar to the observation in [5]. Since the Gaussian distfyf environmental mobility, thus the multipath pro le of the
bution assumption does not strictly hold, the CRB can nghannel in the room is static. In our experiments, fading is
be expected to provide a strict bound for the localizatiofsible not because it varies the received signal power for a
error variance. In theory [25], the RSS residual in the ORBIdiven link over the time, but because the RSSI is observed
testbed environment which has a strong LOS component Wigm a static transmitter at 179 discrete locations in themp
minimal shadowing should be characterized using the Rice@gch capturing a different fading pro le. This makes selera

distribution instead of Gaussian. _ _ of the possible sources unlikely, pinpointing the exacsoes
Estimator Bias: The CRB in the form of Eq.6 is not applicable;emains an open problem.

to biased estimators. It is quite possible that the majafty

localization algorithms are biased. In fact, non-lineaaste A last open issue is that we believe, there is still room for
squares is known to generally be a biased estimator. Aldmtter algorithmic methods to extract localization perfance
RADAR intuitively appears biased due to the limited numbdrom the traditional approach of nding the best t that
of training points that positions are matched to. The mediamnimizes the residuals. The M1 algorithm is a rst step
error for biased estimators can be lower than the bound for mnexploiting such prior information in a manner that goes
unbiased estimator. Deriving a general form of the CRB forlkzeyond traditional classi ers, but our work raises the dioes
biased estimator would require knowledge on the gradientibfadditional information could still be extracted by cleve
the estimator bias [26]. algorithms without resorting to classi ers.

(a) RSS Residual Distribution (b) Q-Q Plot for Residuals



= Calculation How the RSSI is measured by the card (i.e., exact sampling flee packet training sequence, before or after AGC
E elements etc.). How interference and noise affect RSSulzion. Details of the particular algorithm running in DSP
s Quantization The way RSSI is quantized (i.e., 0-31, 0-63, 0-100). Avarggised. Non-linearity of rcvd power vs. reported RSSI
a Faults Leaking, or improperly terminated RF circuitry. Broken emba cable or connectors.
8, Manufacturing/Design| Differences in the manufacturing process. Variance of thality of the circuit components used. Cheap transceiver
w design with uctuating TX power and receiver path gains.

. Thermal Noise Observed in the receiver electronics dependent on the ami@mperature. Also other forms of cyclo-stationary ngise
o Shadow Fading Caused by the blocking of direct, re ected, diffracted, audttered signal copies from the transmitter.
5 Multipath Fading Caused by multiple copies of the received signal through dssiple) line-of-sight component, and its re ectionf,
I diffractions, scattering, each delayed wrt power-delaylerof the physical environment around TX-RX pair.

TABLE IV
SOURCES OF NOISE FORRSSIRELEVANT TO OUR EXPERIMENTS
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