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ABSTRACT

With the wide spread growth of mobile computing devices
and local area wireless networks, wireless network providers
have started to target the users with value-added services
based on the users’ location information. Thus, location
awareness and user tracking in indoor wireless networks has
become an increasingly important issue. To address the is-
sue, we have developed LOCATOR, a radio frequency based
system for location estimation of users in indoor wireless
networks. Our system works by building a radio map of the
network site, which involves taking signal strength samples
at various points in the wireless network, and then using
this radio map, the system estimates the user’s current lo-
cation from the value of his current observed signal strength.
Although the use of an RF-based technique for location es-
timation is not new, but LOCATOR is unique in the way
it builds and manages the radio map to process location
queries. Moreover, in addition to using ideas of probability
to model the problem, we have devised a multi-level clus-
tering based algorithm that work in conjunction with an
interpolation scheme for a more efficient and accurate lo-
cation estimation. We have tested our system on 802.11b
wireless network testbeds and have been able to achieve an
accuracy of location estimation to within 4 feet of the actual
user location with 90% probability.

Categories and Subject Descriptors:

C.2.1 [COMPUTER-COMMUNICATION NETWORKS]:
Network Operations — Network monitoring, Network man-
agement

General Terms: Algorithms, Management, Measurement,
Performance, Experimentation
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1. INTRODUCTION

The widespread deployment of wireless local area net-
works and the increasing popularity of light-weight mobile
computing devices has lead to an increased interest in location-
aware applications and services. The goal of these applica-
tions and services is to enable the user to interact more
effectively with his environment. Examples of such value
added service include, but are not limited to, services like
displaying the map of the immediate surroundings and guid-
ing a user inside a building. A great deal of research has,
thus, focused on developing services and architectures for
location-aware systems and on the problem of location esti-
mation and user tracking in indoor wireless environments.

The techniques used for location estimation include GPS
[1], infrared[3] based systems, ultrasonic[7] based systems,
wide-area cellular[2] based systems and radio frequency (RF)
[9, 11, 10, 12] based systems. Among these the RF based
technique for location estimation and user tracking has gained
a lot of attention due to its good accuracy and ease of de-
ployment without the need for any specialized additional
hardware.

Radio frequency (RF) based location estimation systems
work in primarily two phases: radio map building phase
and location estimation phase. In the radio map building
phase, a large number of signal strength samples from the
base stations are collected at various locations in the wireless
network to build a radio map database, which is essentially a
mapping from the physical space to the signal space. In the
location estimation phase, the system uses a user’s currently
observed signal strength and the radio map to estimate his
location.

In this paper, we present LOCATOR: an RF-based sys-
tem for locating and tracking users in an 802.11 wireless
LAN framework. However, the core idea of LOCATOR is
generic enough to be used for other wireless network tech-
nologies also. The key ideas that make LOCATOR accurate
and scalable are: (a) Use of clustering to fragment the radio
map to improve scalability and reduce the computational
cost for location estimation (b) Use of probability distribu-
tions and location-based clustering along with interpolation
scheme to enhance the accuracy
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We have evaluated our system on multiple 802.11b testbeds
but in this paper, due to space constraints, we present the
results for only one of the testbeds. The experimental results
of LOCATOR are very encouraging and provide estimate of
user location to within 4 feet with 90% probabilty.

The remainder of this paper is organized as follows. Sec-
tion II briefly reports related work on location estimation
and user tracking. Section III describes the methodology
of LOCATOR. In section IV, the evaluation results of LO-
CATOR on our testbeds are discussed. Finally, section V
concludes the paper and gives directions for future work.

2. RELATED WORK

Many systems in the recent past have attempted to tackle
the problem of location estimation and user tracking in wire-
less networks . In this section,we briefly discuss some of the
major approaches.

The Active Badge System [3], an infrared-based system,
was an early and significant contribution to the field of
location-aware systems. In this system, a badge worn by
a person emits a unique infrared signal every 10 seconds.
Sensors placed at known positions within a building pick up
the unique identifiers and relay the location manager soft-
ware. While this system provides accurate location informa-
tion, it suffers from several drawbacks: (a) it scales poorly
due to limited range of infrared and (b) it incurs significant
installation and maintenance costs.

Another system based on infrared technology is described
in [4]. In this system, infrared transmitters are attached to
the ceiling at known positions in the building. An optical
sensor on a head-mounted unit senses the infrared beacons,
which enables the system software to determine the user’s
location. This system suffers from similar drawbacks as the
Active Badge System.

There have also been several location estimation systems
for wide-area cellular based networks [2]. The technological
alternatives for location cellular phone users involve measur-
ing the signal attenuation, the angle of arrival(AOA) and /or
the time difference of arrival (TDOA). While these systems
have been found to be promising in outdoor environments,
their effectiveness in indoor environments is limited by the
multiple reflections suffered by the RF signal, and the in-
ability of off-the-shelf and inexpensive hardware to provide
fine-grain time synchronization.

Systems based on the Global Positioning System (GPS)
[1] have also been proposed and have been found to perform

extremely well in outdoor environments. Unfortunately, build-

ings block GPS signals and therefore, GPS does not operate
in indoor environments.

A class of location estimation systems that have recently
become very popular is the radio frequency (RF) based sys-
tem. These systems basically work in two phases: (a) the
radio map building phase and (b) location estimation phase.
These phases were briefly discussed in section 1. The main
advantages of these systems are their ease of deployment
without the need of any specialized hardware and their rea-
sonably good accuracy.

RADAR [9] , developed at Microsoft Research, was the
first system to use the RF-based technique for location esti-
mation and user tracking in wireless LANs. RADAR builds
a single monolithic radio map for the wireless network site
and carries out a k-nearest-neighbor (k typically being 3 or
4) search in the signal space. It estimates the user’s loca-
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tion as the mean of the physical locations of the k neighbors.
This approach does not give very high accuracy and more-
over, since RADAR searches the entire radio map, it has the
drawback of having a very high computation cost for user
location estimation.

Horus [12], another RF-based location estimation system,
improves upon the performance of RADAR by using their
Joint Clustering technique and clustering locations in the
radio map based on the strongest signal, in case there are
more than 3 base stations in range. By the use of these
techniques Horus achieves a significant performance gain,
both in terms of accuracy as well as computation cost, over
RADAR. The main drawback of the Horus system is that its
location estimation algorithm can estimate a user’s location
only to a location that was initially used while building the
radio map. Unlike LOCATOR, which incorporates inter-
polation techniques for location estimation, Horus system’s
performance degrades significantly if the granularity of the
radio map is increased.

3. LOCATOR

Our location estimation system, LOCATOR, works in two
phases. In the first phase, it builds a radio map of the site
where the wireless network is deployed. The radio map is
a mapping between the physical locations and the observed
signal strength values at these locations from various base
stations. In the second phase, LOCATOR uses the radio
map to estimate the location of a user, given its current
observed signal strength values from various base stations.
These two phases are described in greater detail in the fol-
lowing subsections.

3.1 Radio Map Building Phase

In this phase, a database is built that maps the physical
space to the signal space. The database is build only for a
few selected locations, which is then used by LOCATOR for
location estimation of users as described in section 3.2.

In the following subsection, the signal strength sampling
strategy is discussed, followed by the explanation of the
methodology adopted for fragmenting the radio map database
into clusters to reduce the computation cost while answering
location search queries.

3.1.1 Sampling strategy

The IEEE 802.11b standard [6] uses radio frequencies in
the license-free 2.4 GHz band in which other devices like
microwave ovens, cordless phones and Bluetooth devices
also operate and can, thus, be a source of interference [5].
Moreover, the phenomenon of multi-path fading also causes
temporal variations in the observed signal strength. Due
to multi-path, the transmitted RF signal reaching the re-
ceiver through different paths has different phase and am-
plitude. These different components combine and produce
a distorted version of the transmitted signal. Other factors
causing the temporal variations include movement of peo-
ple, closing and opening of doors and other environmental
changes. Due to all these reasons, the wireless channel has
a highly unpredictable nature.

On carrying out an experiment to study the temporal vari-
ations in the signal strength samples collected at a fixed
location from a base station, variations upto 14 dBm were
observed as depicted in figure 1.



30

Frequency
»a
o
T
L

0 | | |
-40 -45 -50 -55 -60
Signal Strength (dBm)

Figure 1: Temporal variation of signal strength

Many earlier RF-based approaches like RADAR [9] have
used only the mean signal strength values for location es-
timation. But due to the highly unpredictable nature of
the wireless channel, using only the mean value of signal
strength for location estimation is not sufficient for obtain-
ing accurate results. Therefore, instead of taking only the
mean signal strength value for building the radio map, a
signal strength probability distribution function for various
locations due to each of the base stations is defined as sug-
gested in [12]. Assuming that the base stations operate on
non-overlapping wireless channels, the signal strength prob-
ability distribution functions of the base stations at a par-
ticular location can be assumed to be independent of each
other.

For simplicity only 3 base stations are assumed to be
present in the network, though the model can be extended
to any number of base stations. Thus, the probability of the
signal strength at a location (x,y) being (g1, ¢2,¢q3) due to
the base stations can be expressed as:

Puoy(q1,q2,q3) = Py (s = q1).P2 (s = ¢2).Py , (s = g3)

where ¢; is the signal strength value and P ,(s) is the signal
strength probability distribution function at location (z,y)
corresponding to the i** base station.

To obtain Pgﬁ,y (s),a frequency distribution table corre-
sponding to location (z,y) is constructed, as shown in Table
1. The frequency distribution table is built by taking a large
number of signal strength samples at location (z,y). For in-
stance, P} (s = S}) would be given by:

fi

Py, (s=Sp) = N
j=1Jj

(1)

3.1.2 Clustering of radio map

The radio map database can be of a very large size de-
pending on the size of the area where the wireless network
is deployed and the granularity of the radio map database.
By granularity of the radio map database, we refer to the
physical closeness between two consecutive points where the
signal strength samples are taken while building the radio
map database. Therefore, to make the technique scalable to
larger areas, the database is fragmented into location-based
clusters.

104

AP 1] freq. | AP 2| freq. | AP 3| freq.
(dBm) (dBm) (dBm)
S LA [ SE LTS [ f
S | [ S [ 7155 [ f
Se [ Sy [ S5 | fZ 1 S [ fy
Sy | fi | S| fA] S|

Table 1: A sample frequency table for location (z,y)

Since location estimation and user tracking requires the
users to periodically collect the signal strength samples from
the various base stations in range and query the radio map
to estimate its location, therefore, an upper bound can be
assumed on the maximum distance a user can move between
two such consecutive queries. This upper bound depends on
the time period between two consecutive queries and the
mobility pattern of the user. Therefore, to process users’
queries for location estimation, instead of searching the com-
plete radio map database, only the portion corresponding
to the neighborhood of the user’s previous location in the
physical space needs to be searched. This strategy leads
to significant decrease in the computation cost incurred for
each query, leading to improved performance.

Depending on the upper bound on the maximum distance
a user can move between two consecutive queries, the radio
map database is fragmented into location-based clusters as
shown in figure 2. Thus, if a user is in cluster (4,j) as per
his previous query’s estimate, then for estimating his cur-
rent location the search is limited to cluster (4,j) and its
neighboring clusters.
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Figure 2: Fragmenting the radio map into location-
based clusters

Let the upper bound on the maximum distance a user can
move between two consecutive queries be d. For LOCATOR,
the value of d, which is a tunable parameter, has been taken
to be 15 meters. This value is based on two factors: (a) the
time period between consecutive queries, which has been set
to 3 seconds and (b) the maximum speed of a user, which
has been taken as 5 m/s based on a survey conducted by us
on the mobility behavior of users inside buildings.



Thus, with the use of location-based clustering in the radio
map building phase, the computation cost greatly reduces
and makes LOCATOR scalable to larger wireless networks
and also allows a finer granularity of the radio map. Till
now, an assumption that there are only 3 wireless base sta-
tions in the wireless network has been made. In case there
are more than 3 base stations then a first level clustering
based on strongest signal base station can be done as de-
scribed in [12]. After the first level clustering, location-based
clustering can be used without any modification.

3.2 Location Estimation Phase

In the location estimation phase, the users periodically
query the radio map database with their observed signal
strengths (g1, g2, g3) from the 3 base stations. To estimate
a user’s location, LOCATOR works as follows:

1. Performs a k-best search in the 3-dimensional signal
space using the previous estimate of the user’s location

and (g1, 92, 93)
2. Clusters the k points based on their physical closeness

3. For each cluster, estimates the most probable location
of the user and its likelihood

4. Chooses the location with the highest likelihood as the
current estimate of the user’s location

The above steps are described below in greater detail.

3.2.1 K-best search

To reduce the computation cost, the k-best search is per-
formed only on a portion of the radio map database. If the
user’s previously estimated location lies in some cluster (z, 7)
then the search space comprises of the cluster (i, j) and its
neighboring clusters only as depicted in figure 2. For k-best
search, a k-nearest neighbor search in the signal space is
performed using the average values of the signal strengths
stored in the radio map. Two points are considered to be the
closest in the signal space if their Euclidean distance is the
least i.e. (q1,92,q3) and (s1, s2,s3) are the closest in signal
space if the (g1 — 31)2 + (g2 — 32)2 + (g3 — 33)2 is minimum.
Algorithms exist that perform k-best search in O(k log n)
time where n is the size of the sample to be searched.

3.2.2 Clustering based on physical closeness

The k candidate points {v;}f_; obtained from the k-best
search described in subsection 3.2.1, are now grouped into
clusters based on their physical closeness.

Definition 1. The diameter of a cluster is the maximum
distance between any two nodes in the cluster.

Clustering of nodes is done in a manner that each cluster
has its diameter less than the mazimum diameter, D. The
optimum value of D is obtained empirically as discussed in
section 4.4.2. Thus, if d(u,v) denotes the distance between
nodes u and v, then the clustering algorithm partitions the
k points into m disjoint clusters {C;}i%;, such that

d(u,v) < D VuveCy,1<i<m (2)

Definition 2. The distance between two clusters C; and
C; is denoted by d(C, Cj) and is defined as:

d(C;, Cj) = mazx {d(u,v) : u € Cs,v € Cj} (3)

Claim 1. If diameter of each of C; and Cj is less than D
and d(Cjs, Cj) < D then diameter of C; U Cj is less than D.

PRrROOF. Consider any edge (u,v) € C; UC)
Case I: u and v belongs to same cluster. Say, u € Ci,v € C;
then by definition of diameter d(u,v) < D.
Case II: v and v belongs to different clusters. Say, u €
Ci,v € Cj then by definition of distance d(u,v) < D. O

Algorithm for clustering:

C’i:{vi}foralllgigk
S ={C1,Cs,...,Cr}
i=k
while (i > 1) do
begin
find 1,7 Ss.t. A= mm{d(Cz,CJ)} A Ci,C]' es
if (A < D)
begin
7 Chew — Ci U C}
8 S=5-{Ci}—{C;}
9
1

W N =

o Ot

d(Crew,C) = maz{d(C;,C),d(C;,C)}VC € S
0 S =8+ {Crew}
end
11 else stop
12 i—i—1
end

The above clustering algorithm terminates either when all
the clusters have been merged into one single cluster or when
no two clusters exist such that the distance between them
is less than the mazimum diameter D.

Steps 1, 2 and 3 take constant time and the while loop in
step 4 can loop atmost k times. Step 5 is O(k?) operation
while steps 6, 8, 10, 11 and 12 are constant time operations.
Steps 7 and 9 each take O(k) time. Thus, the overall time
complexity of the clustering algorithm is O(k%). But, k is
small so number of operations are less.

3.2.3 Estimation of most probable location and its
likelihood for each cluster

For each cluster, the most probable location and the like-
lihood of the user being at that location is calculated. For
a cluster consisting of n points, Lagrange multipliers l1;, l2;
and [3; corresponding to each of the n points are calculated
as described below, where (q1, g2, ¢3) is the signal strength
tuple that the user has provided in his query request.

Jd
hi = (@ =5) 5;.) Vi<i<n (4)
1<j<ngzi (51 81)
g
bi= ] (@753) Vi<i<n (5)
1<j<njzi (52 = 52)
g
si= ] (@ =55)  y1<ci<n (6)

1<i<nizi (55 = 93)

The effective multiplier at each point is calculated as average
of these three multipliers.

hit o +s

Ai = A Vi<i<n (7)



The location of the user is estimated as:

(X,Y) = (Z T3, Z YiXi)
=1 =1

The likelihood, L of the user’s location being (X,Y) is
given by:

(8)

L(q1,q2,q3) = ZPi(fh,qz,qs)/\i(S) (9)

where P;(q1,q2,q3) is the probability that the user is lo-
cated at the i*" point of the given cluster. Since the base
stations operate on non-overlapping channels, their signal
strength probability distribution functions can be assumed
to be independent of each other. Based on this assumption
P;(q1, g2, q3) can be expressed as:

Pi(q1,q2,q3) = P (s = q1).P}(s = q2).P (s = g3)

where Pij (s = g;) can be calculated from the frequency dis-
tribution table of the i*" point for j** base station as de-
scribed in the section 3.1.

3.2.4 Choosing the location with the highest likeli-
hood
From the previous subsection, m probable candidate loca-
tions {(X;, Y:)}i%, and the corresponding likelihoods {L; }i%,
for each of the m clusters are obtained. The candidate with
the highest likelihood is chosen to be the estimate for the
user’s current location.

(10)

4. EXPERIMENTAL EVALUATION

In this section, first the experimental setup, which in-
cludes a description of the testbed and the various config-
urable parameters of the LOCATOR system, is described.
Next, the effect of the various parameters on the perfor-
mance of LOCATOR is discussed. Finally, a performance
evaluation of LOCATOR against two other RF-based loca-
tion estimation systems namely RADAR [9] and Horus [12]
is described. For a fair performance evaluation, all three sys-
tems were tested under the same environmental conditions.

4.1 Experimental Setup
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Figure 3: Experimental testbed

The testbed (figure 3), a school corridor surrounded by
classrooms, is used for the performance evaluation of LO-
CATOR . It covers an area of approximately 15,000 square
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feet and has three 802.11b wireless access points of Cisco
1200 series deployed at the positions shown in the figure.
The access points operate on channels 3, 6 and 9, which are
non-overlapping and therefore, do not cause mutual inter-
ference. The crosses shown in the above figure indicate the
locations where signal strength samples were collected while
building the radio map database.

The separation between the crosses defines the granularity
of the radio map and is denoted by g. Another parameter
of interest is the number of candidate points (k) to be con-
sidered for clustering in step 2 of the location estimation
phase. This number defines the value for k in the k-best
search that is performed in step 1. Finally, there is a pa-
rameter 7, which is the ratio of the maximum diameter of
a cluster and the granularity of the radio map. Thus, the
maximum diameter of the cluster that is used in step 2 of
the location estimation phase is given by ~.g.

For building the radio map database, a large number of
signal strength samples are recorded at each location. The
number of signal strength samples recorded should be large
enough so that the signal strength probability distribution
function for each location can be accurately captured. For
our experimental testbed, taking 150 samples at each lo-
cation proved to be sufficient. Using these samples, the
frequency distribution table is constructed for each of the
locations. Also, the mean signal strength values at each of
the locations is also recorded. The mean signal strength
values are used in step 1 of location estimation phase for k-
best search while the frequency distribution tables are used
in step 2 for selecting the most probable location estimate
for each cluster.

4.2 Effect of Parameterson Performance

LOCATOR has three control parameters: (a) Granular-
ity of radio map denoted by g, (b) Number of candidates
selected for clustering denoted by k and (c) Ratio of the
maximum diameter of a cluster and the granularity of the
radio map denoted by «y. In this section, the effect of varia-
tion of each of these control parameters on the performance
of LOCATOR is studied. For quantifying the performance
of LOCATOR, the error distance at 90 percentile is used as
the performance metric i.e. for instance, if 100 observations
for location estimation are made and 90 of these have error
distance, which is the difference between actual position and
estimated position, with in 3 feet, then error distance at 90
percentile is 3 feet.

First the effect of varying the number of candidates (k)
used for clustering, on the performance of LOCATOR is
studied. While varying k, g is kept fixed at 10 feet and ~ at
3. As observed from figure 4, as k increases the 90 percentile
error distance initially decreases and then becomes almost
constant. This can be explained as follows. Initially when
k is small, certain points that are physically closer to the
actual user location but not that close in the signal space
are not selected in the k-best search. As a result, the per-
formance is poor. As the value of k is increased, eventually
all points that are physically close to that user’s current lo-
cation are selected which naturally improves the accuracy.
But as k is increased further, there is no improvement in the
performance because all the neighboring points of the user’s
current location get selected after a certain threshold value
of k and thus, cause saturation in accuracy.



Error Distance at 90 percentile (feet)

Figure 4: Effect of number of candidates, k, used for
clustering

From figure 4, 15 seems to be the optimum value for &
and would be used while comparing LOCATOR’s perfor-
mance against other radio frequency based systems in the
next section.

Error Distance at 90 percentile (feet)
w
T
L

9

Figure 5: Effect of granularity, g

In figure 5, the effect of the granularity (g) on the per-
formance is studied while keeping k£ at 15 and ~ at 3. As
expected, the 90 percentile error distance increases as the
granularity of the radio map decreases i.e. g increases. From
the figure, it is observed that initially the error distance in-
creases at a slower rate than the rate at which ¢ is increased.
The initial slow rate of increase of the error distance can be
attributed to the use of interpolation while choosing most
probable locations in step 3 of location estimation phase.
If interpolation were not to be used, the error distance in-
creases linearly with the granularity. But as the granularity
decreases, the cost in terms of time required to build the
radio map database i.e. the time required for the radio map
building phase increases. We would use the value of gran-
ularity as 10 feet as its gives the best mix of performance
in terms of accuracy and the time required for radio map
building phase.

Finally, the effect of variation of the ratio of the maximum
diameter of a cluster and the granularity of the radio map
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Figure 6: Effect of ratio of the maximum diameter
of a cluster and the radio map granularity

(v) on the performance of LOCATOR is studied.In figure
6, the value of v is varied from 1 to 5 while keeping k at
15 and g at 10 feet. As observed from the figure, initially
when ~ is 1, the error is large which is due to the fact that
there will be no clustering of points for v equal to 1. As
v is increased, there is an increase in the performance due
to clustering and interpolation of the points in the cluster.
But as 7 is increased further, a drop in the performance is
observed. This drop in the performance can be attributed
to the fact that a large value of y can result in formation of
very large clusters that comprise of points that are spaced
out widely. Since all the points in a cluster are used for
interpolation to estimate the most probable candidate for
each cluster, as discussed in section 3.3.2.3, therefore, these
distant points lead to greater errors in location estimation.

4.3 Performanceevaluation against other RF-
based systems
In this section, the performance of LOCATOR is com-

pared against other radio frequency (RF) based location es-
timation systems, namely, RADAR[9] and Horus[12].
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Figure 7: Performance comparison of RF-based sys-
tems on the basis of radio map granularity



First, a performance comparison of the three systems is
studied on the basis of granularity of the radio map. Dur-
ing the evaluation, k has been kept fixed at 15 and v at 3
for the LOCATOR system. As observed in figure 7, LOCA-
TOR outperforms both RADAR and Horus by a significant
margin and as the granularity of the radio map decreases i.e
g increases, the difference in the performance becomes even
more prominent. This can be attributed to the interpola-
tion technique employed by LOCATOR to select the most
probable user location for each cluster and then select the
candidate with the highest likelihood as the estimate for the
user location. Horus performs better than RADAR since it
uses its Joint Clustering technique[12] rather than simply
doing a k-nearest neighbor search as in the case of RADAR.
Since neither Horus nor RADAR use interpolation, there-
fore the accuracy of these systems is severely limited by the
granularity of the radio map. Unlike RADAR and Horus,
its again due to interpolation that the performance of LO-
CATOR degrades gracefully as the granularity is increased.
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Figure 8: Error distance CDF for various RF-based
systems

Next, the cumulative distribution functions (CDFs) of the
error distance are presented for each of the three RF-based
systems in figure 8. As observed from the figure, LOCATOR
gives 90% accuracy to within 4 feet while Horus and RADAR
give only 40% and 15% accuracy to within 4 feet respectively
for the testbed setup that we have used.

Finally, the performance of the three systems is analyzed
on the basis of the computation cost for processing location
queries. For a fair analysis, all the three systems were tested
on the same machine and under similar load conditions. For
the purpose of comparison, the system time output of the
Unix time command was used to measure the response time
for location queries. Figure 9 has been plotted by taking
an average of 500 location estimation queries for each of the
three systems. As seen from the figure, LOCATOR signif-
icantly outperforms Horus. This can be attributed to LO-
CATOR’s location-based clustering of the radio map due to
which the entire radio map database is not searched for an-
swering location queries, thus, leading to lower computation
overhead. The performance of RADAR is just marginally
worse than that of LOCATOR. This phenomenon can be
attributed to two mutually nullifying factors in RADAR’s
search procedure. The RADAR system searches the entire
radio map database for answering location queries and thus,
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incurs a huge cost. This high computation cost of searching
the entire radio map database is balanced out by RADAR’s
use of a simple, low computation cost k-nearest neighbor
search for answering location queries. In conclusion, as the
size of the radio map increases, the performance of LOCA-
TOR will improve further due to its location-based cluster-
ing of the radio map database.

5. CONCLUSIONSAND FUTURE WORK

In this paper we have presented LOCATOR, a new ra-
dio frequency based location estimation system, and its per-
formance evaluation against other RF-based systems. The
effect of various control parameters on LOCATOR’s perfor-
mance has also been analyzed.

LOCATOR incorporates several novel ideas that lead to
its superior performance. In the radio map building phase,
the radio map is fragmented into location-based clusters that
reduce the computation cost in the location estimation phase
by a significant factor and also makes LOCATOR scalable
and thus, deployable for larger wireless networks. The use of
signal strength probability distribution functions, clustering
and interpolation in the location estimation phase lead to a
more accurate user location estimation.

The implementation results of LOCATOR on our 802.11b
experimental testbed show an accuracy of 90% for error dis-
tances within 4 feet. Also, LOCATOR is a generic system
that can be used for other wireless network technologies like
Bluetooth etc.

In this paper, we have considered only one kind of in-
terpolation scheme namely Lagrange interpolation. In our
future work, we would like to study the effect of using other
interpolation schemes and analyze the trade-off between the
increase in computation cost and the increase in accuracy
due to different interpolation schemes. Since the require-
ment, in terms of accuracy, for users’ location information
varies from application to application, we would also like to
explore the possibility of making LOCATOR adaptive to the
context in which it is being deployed. For instance, if some
location-based service requires highly precise user location
information then LOCATOR would switch to an expensive
but more accurate interpolation scheme to provide more ac-
curate user location.
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