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Abstract— WLAN location determination systems add to the
value of a wireless network by providing the user location without
using any extra hardware. Current systems return the estimated
user location from a set of discrete locations in the area of inter-
est, which limits the accuracy of such systems to how far apart the
selected points are. In this paper, we present two techniques to es-
timate the user location in the continuous physical space, namely
the Center of Mass technique andTime Averaging technique. We
test the performance of the two techniques in the context of the
Horus WLAN location determination system under two different
testbeds. Using the Center of Mass technique, the performance
of the Horus system is enhanced by more than 13% for the first
testbed and more than 6% for the second testbed. The Time-
Averaging technique enhances the performance of the Horus sys-
tem by more than 24% for the first testbed and more than 15% for
the second testbed. The techniques are general and can be applied
to any of the current WLAN location determination systems to en-
hance their accuracy. Moreover, the two techniques are indepen-
dent and can be applied together to further enhance the accuracy
of the current WLAN location determination systems.

Index Terms— location-aware systems, location determination
architecture, continuous space estimation, user positioning, wire-
less LAN.

I. I NTRODUCTION

WLAN location determination systems have been an active
area of research for the latest years [1–17]. WLAN location de-
termination systems add to the value of the wireless networks
by providing the user location without using any extra hard-
ware. This enables a set of context-aware applications [18] on
top of the wireless networks such as location-sensitive content
delivery, direction finding, asset tracking, and emergency noti-
fication.

WLAN location determination systems usually work in two
phases:offline training phase andonline location determination
phase. During the offline phase, the signal strength received
from the access points at selected locations in the area of in-
terest is tabulated, resulting in a so-calledradio map. During
the location determination phase, the signal strength samples
received from the access points are used to “search” the radio
map to estimate the user location. One of thediscrete radio map
locations is returned as the estimated location.

In this paper, present two techniques for estimation the user
location in thecontinuous user space removing the constraints
of the discrete location estimation. The first technique, the
Center-of-Mass technique, estimates the user location based

on the list of candidate locations in the current estimation pe-
riod. The second technique, the Time-Averaging technique, es-
timates the user location using the history of consecutive esti-
mates.

We implement the two technique in the context of theHorus
WLAN location determination system [1–5], which is a proba-
bilistic WLAN location determination system. We also test the
system under two different testbeds and discuss how to combine
the two techniques together tofurther enhance the accuracy of
WLAN location determination systems.

The rest of the paper is organized as the following. Sec-
tion II briefly describes the Horus system. In Sections III and IV
we present the details of the Center-of-Mass technique and the
Time-Averaging technique respectively. We present the evalua-
tion of the two techniques in Section V. Finally, we discuss re-
lated work in Section VI and conclude the paper in Section VII.

II. T HE HORUS SYSTEM

In this section, we present a brief overview of theHorus sys-
tem [1–5]. Our goal is to provide context for the techniques
presented in rest of the paper.Horus is a probabilistic loca-
tion determination system. The main goal of the system is to
identify the noisy characteristic of the wireless channel and to
develop techniques to handle them. Figure 1 shows the compo-
nents of theHorus system. The system uses the signal strength
information returned from different access points to infer the
user location and to provide an API for the user applications to
use the system functionality.

The system works in two phases:
1) Offline phase: to build the radio map, cluster radio

map locations, and do other preprocessing of the signal
strength models.

2) Online Phase: to estimate the user location based on the
received signal strength from each access point and the
radio map prepared in the offline phase.

The radio map stores the distribution of signal strength re-
ceived from each access point at each location. There are
two modes for operation of theHorus system: one uses non-
parametric distributions and the other uses parametric distri-
butions. In this paper, we will use the parametric distribution
mode in which the signal strength distributions are modeled us-
ing Gaussian distributions.

TheClustering module is used to group radio map locations
based on the access points covering them. Clustering is used
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to reduce the computational requirements of the system and,
hence, conserve power.

TheDiscrete Space Estimator module returns the radio map
location that has the maximum probability given the received
signal strength vector from different access points. An outline
of the algorithm used is given in Algorithm 1.

The Small-Scale Compensator module handles the small-
scale variation characteristics of the wireless channel [3].

The Continuous Space Estimator takes as an input the dis-
crete estimated user location, one of the radio map locations,
and returns a more accurate estimate the user location in the
continuous space. This module is the subject of this paper.

Alg. 1 x= HorusGetLocation (s, X, P RM )
Require:

s : Measured signal strength vector fromk access
points (s = (s1, ..., sk)).
X : Radio map locations.
RM : A radio map based function, whereP RM(sa, a, x)
returns the probability of receiving signal strengthsa from
access pointa at locationx ∈ X.

Ensure:
The locationx ∈ X that maximizesP (x/s).

1: Max← 0
2: for l ∈ X do

3: P ←
k∏

i=1

P RM(si, i, l)

4: if P > Max then
5: x← l
6: Max← p
7: end if
8: end for

III. C ENTER OFMASS TECHNIQUE

The Center of Mass technique is based on treating each loca-
tion in the radio map as an object in the physical space whose
weight is equal to the normalized probability1 assigned by the
discrete-space estimation process. We then obtain theCenter
of Mass of theN objects with the largest mass, whereN is a
parameter to the system.

More formally, let p(x) be the probability of a location
x ∈ X, i.e. the radio map, and let̄X be the set of locations
in the radio mapordered in a descending order according to
the normalized probability. TheCenter of Mass technique esti-
mates the current locationx as:

x =

min(N,‖X̄‖)∑
i=1

p(i) ∗ X̄(i)

min(N,‖X̄‖)∑
i=1

p(i)

whereX̄(i) is theith element ofX̄

(1)

Note that the estimated locationx need not to be one of the ra-
dio map locations. Algorithm 2 shows the details of theCenter
of Mass technique.

1The normalization is used to ensure that the sum of the probabilities of all
locations equals one.
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Fig. 1. Horus Components: the arrows show information flow in the system.
Shaded block represent modules used during the offline phase. In this paper,
we describe the continuous space estimator component of theHorus system
(shown in thick lines).

Intuitively, the higher the probability of a location, the closer
the estimated position should be to this location. For example,
consider the case in Figure 2. The figure shows the simple case
where the radio map consists of two locations:A andB. As-
sume that the user is standing in the middle between the two
locations. In this case, the signal strength vector obtained from
this location will be different from the signal strength vector ex-
pected at either locationA or locationB. Let’s assume that for
the given signal strength vectorthe discrete-space estimation
process assigns a normalized probability of 0.55 for locationA
and 0.45 for locationB. In this case, the discrete-space esti-
mation process will return locationA as the estimated location.
However, the technique proposed in this section would return
a location estimate in the middle of the two locations, slightly
biased towards locationA, which should be a more accurate
estimate to the actual location than locationA. We study the
performance of this technique compared to the discrete-space
estimator in Section V.

IV. T IME AVERAGING TECHNIQUE

The Time Averaging technique uses a time-average window
to smooth the resulting location estimate. The technique ob-
tains the location estimate by averaging the lastW locations
estimates obtained by the discrete-space estimator.

More formally, given a stream of location estimates
x1, x2, ..., xt, the technique estimates the current locationx̄t
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Alg. 2 x= MassGetLocation (s, X, RM , N )
Require:

s : Measured signal strength vector (s = (s1, ..., sk)).
X : Radio map locations.
RM : Radio map.
N : Number of locations to use in the algorithm.

Ensure:
Estimated locationx.

1: for l ∈ X do
2: p(l) ← probability of location l obtained using the

discrete-space estimator.
3: end for
4: sortp in a descending order and sortX accordingly. Call

the sorted location list̄X.

5: x←
min(N,‖X̄‖)∑

i=1
p(i)∗X̄(i)

min(N,‖X̄‖)∑
i=1

p(i)

A B

Estimated location 
using the Center of Mass technique

p(A)= 0.55 p(B)= 0.45

Fig. 2. An example of theCenter of Mass technique. Here locationA has
probability of 0.55 and locationb has a probability of 0.45. TheCenter of Mass
technique will return the estimated location in the middle of the two locations,
slightly biased to locationA. The discrete-space estimator will return location
A as the location estimate.

at timet as:

x̄t =
1

min(W, t)
.

t∑

t−min(W,t)+1

xi (2)

Algorithm 3 shows the details of the time-averaging technique.

V. EXPERIMENTAL EVALUATION

In this section, we discuss the experimental testbeds and eval-
uate the performance of theCenter of Mass andTime Averag-
ing techniques comparing them to previous work in the area of
WLAN location determination.

A. Experimental Testbeds

In this section, we present the experimental testbeds we used
to evaluate the performance of theHorus system and compare
its performance to other systems.

1) Signal Strength Acquisition: Using the device driver and
the API we developed [19], we collected 200 samples at each
location, one sample per 100 milliseconds. The cards used were
Lucent Orinoco silver NICs supporting up to 11 Mbit/s data
rate [20]. To test the performance of the system, we used an

Alg. 3 x= TAvg GetLocation (s, X, RM , W , Q)
Require:

s : Measured signal strength vector (s = (s1, ..., sk)).
X : Radio map locations.
RM : Radio map.
W : Size of the averaging window.
Q : A queue of sizeW to hold past location estimates.
Initially empty

Ensure:
Estimated locationx.

1: tx ← GetLocation(s, X, RM ). {obtain location estimate
normally}

2: if Q.IsFull() then
3: Q.remove().{keep the lastW estimates only}
4: end if
5: Q.insert(tx).
6: x← Q.average().{average of all elements inQ}

independent test set that was collected on different days, time
of day, and by different persons than the training set.

2) Testbed 1: We performed our first experiment in the
south wing of the fourth floor of the A. V. William’s building in
the University of Maryland at College Park. The layout of the
floor is shown in Figure 3. The wing has a dimension of 224
feet by 85.1 feet. The technique was tested in the University
of Maryland wireless network usingCisco access points2. The
entire wing is covered by 21 access points.

The radio map has 110 locations along the corridors and 62
locations inside the rooms. Onthe average, each location is
covered by 6 access points. The test set was collected by dif-
ferent persons on different days and time of days. TheHorus
system was running onWindows XP professional operating sys-
tem.

3) Testbed 2: We performed the second experiment in the
an office space (Figure 4). The area of the experiment site is
approximately 39 feet by 118 feet covering corridors, cubicles,
and rooms. The test area was covered by 6 access points. Five
of the 6 access points wereLinkSys and the remaining one was
aCisco access point.

We have a total of 110 locations in the radio map. On the
average, each location is covered by 4 access points. The test
set was collected by different persons on different days and time
of days. TheHorus system was running underLinux (kernel
2.5.7) operating system.

B. Results

In this section, we compare theperformance of the two tech-
niques for obtaining a continuous-space location estimate.

1) Center of Mass Technique: Figures 5 and 6 show the
effect of increasing the parameterN (number of locations to
interpolate between) on the performance of theCenter of Mass
technique for the two testbeds.Note that the special case of
N = 1 is equivalent to the discrete-space estimator output. The
figures show that the performance of theHorus system is en-
hanced by more than 13% for the first testbed and more than
6% for the second testbed forN = 6.

2This testbed is different from the initial testbed we used in our previous work
[1–4]
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Fig. 3. Floor plan for the first testbed. Readings were collected in the corridors and inside the rooms.

Fig. 4. Floor plan of the office space where the second experiment was con-
ducted. Readings were collected in the corridors and inside the rooms.

The figures also show that there is an optimal value for the
parameterN aroundN = 6. As N is increased beyond this
value, more noise is introduced due to adding locations that are
far away from the correct location.

2) Time-averaging Technique: Figures 7 and 8 show the ef-
fect of increasing the parameterW (size of the averaging win-
dow) on the performance of thetime-averaging technique for
the two testbeds. The figures show that the larger the averaging
window, the better the accuracy. The performance of theHo-
rus system is enhanced by more than 24% for the first testbed
and more than 15% for the second testbed forW = 10. Note
that the higher the value ofW , the slower the system to react to
a fast changes in the user location, e.g. a fast moving tracked
object. Therefore, we have a tradeoff between the accuracy we
can obtain and the system responsiveness.

C. Discussion

The results show that the continuous-space estimation tech-
niques enhance the accuracy significantly. The two techniques

can be combined together to further enhance the accuracy. The
output of theCenter of Mass technique can be used as an in-
put to theTime Averaging technique to obtain a better estimate
compared to using the discrete space estimator.

VI. RELATED WORK

Radio-map based WLAN location determination systems
can be categorized into two broad categories: deterministic
techniques and probabilistic techniques.Deterministic tech-
niques [6–9] represent the signal strength of an access point at
a location by a scalar value, for example, the mean value, and
use non-probabilistic approaches to estimate the user location.
For example, in theRadar system [6, 7] the authors use near-
est neighborhood techniques to infer the user location. On the
other hand,probabilistic techniques [1–4, 10–14] store infor-
mation about the signal strength distributions from the access
points in the radio map and use probabilistic techniques to esti-
mate the user location. For example, the Nibble system [10,11]
uses a Bayesian Network approach to estimate the user location.

Our proposed continuous space estimation techniques can be
applied to the above systems to further enhance their accuracy.

VII. C ONCLUSIONS ANDFUTURE WORK

In this paper, we described two techniques for allowing
continuous-space estimation: theCenter of Mass technique and
theTime Averaging technique. Using theCenter of Mass tech-
nique, the performance of theHorus system is enhanced by
more than 13% for the first testbed and more than 6% for the
second testbed compared to the basic technique. TheTime-
Averaging technique enhances the performance of theHorus
system by more than 24% for the first testbed and more than
15% for the second testbed. The two techniques are indepen-
dent and can be applied together. Moreover, both techniques
are general and may be applied to other WLAN location deter-
mination systems.
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Fig. 5. Average distance error using theCenter of Mass technique for the first
testbed. The sub-figure shows the same curve forN = 0 − 10.
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Fig. 6. Average distance error using theCenter of Mass technique for the
second testbed. The sub-figure shows the same curve forN = 0 − 12.
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Fig. 7. Average distance error using the time-averaging technique for the first
testbed.
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Fig. 8. Average distance error using the time-averaging technique for the
second testbed.

We are currently working on techniques to dynamically
change the system parameters. For example, the size of the
averaging window can be changed dynamically to match the
speed of the object being tracked.
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