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ABSTRACT

Location information is of paramount importance in con-
text aware Ambient Intelligence (AmI), Smart Space, traffic
monitoring, surveillance network and cooperative commu-
nications services. This paper describes a Positioning de-
termination solution based on wireless local area network
(WLAN) signals. Position determination is based on the
statistical modeling of the received signal at any position.
This paper presents a probabilistic based statistical model-
ing approach for location estimation which incorporates fu-
sion strategy in final step to combine efficiently the location
individually reported by each WLAN transmitter. The sys-
tem builds a radio map of the environment. The presented
system is easier to implement and provide sufficiently good
performance under all conditions. The accuracy with the
90% probability is reported to be 1.85 meters where as av-
erage error is reported to be 2.1 meters.

1. INTRODUCTION

Advancement in mobile world is catapulted by incorporat-
ing the mobile users position information. The position of
a hand held device is an important information needed to
enhance the communication efficiency. Basically, the posi-
tioning has been indigenously put apart into two parts, In-
doors and Outdoors [1]. Since there are many ways to cat-
egorize the positioning systems, in this paper we will just
refer to indoors positioning systems based on WLAN. This
paper presents a probabilistic based statistical modeling ap-
proach for location estimation which incorporates fusion
strategy in final step to combine efficiently the location in-
dividually reported by each WLAN transmitter. The system
builds a radio map of the environment. The concept of radio
map is based on collection of signal strength over a set of
strategically selected coordinates in a known referenced en-
vironment. The set of signal strengths collected over known
positions is treated as its signature. The issues related to
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duration of time in which the signal strength should be col-
lected is still needed to be cleared. However on average, in
the current state of art, typical time spent on collecting sur-
vey data set is 5 minutes with a sampling period of 1 second
. Most of the indoor positioning systems are based on the
radio map [1-12].

The presented system is easier to implement and provide
sufficiently good performance. The system is efficient and
works well. The accuracy with the 90% probability is re-
ported to be 1.85 meters where as average error is reported
to be 2.1 meters. The paper is divided into the following
parts: section II explains the formalization of the problem
and the maximum likelihood approach utilized. Section III
talks about the experimental setup used for algorithm’s per-
formance verification. The experimental results are shown
in section IV followed by the conclusion in the end.

2. STATISTICAL METHOD FOR LOCATION
ESTIMATION

Statistical methods are generally based on knowledge of sta-
tistical distribution of the propagation model. Using statis-
tical parameters of the propagation model, location can be
estimated by utilizing a probabilistic approach. A model is
said to be statistic if it gives a probability distribution of a
signal in certain conditions. The statistical modeling of the
environment should be the good choice where deterministic
methods fails to imitate the environment. However, propa-
gation parameters used for modeling should be derived from
the environment itself. The best way to know these parame-
ter is doing actual measurements. The parameters are com-
puted by incorporating real measurements and the technique
applied herein is maximum likelihood approach. Having es-
timated the propagation parameters, the location estimation
simply reduces to an inference problem. The bayesian ap-
proach has been considered in the presented problem. It
utilizes a priori knowledge of signal distribution at known
locations. The location with the highest likelihood is chosen
to be the estimate of user’s position from individual WLAN



transmitter. Finally, the exact location is approximated by
using the weighting fusion approach on the set of estimated
location. The weights are assigned on the basis of the ratio
of the highest likelihood value occurring for each transmit-
ter to the sum of all highest likelihood values. The detailed
description is given in the following sections.

2.1. Formalization of the problem

The statistical propagation model describes a relationship
between two physical quantities, location of receiver and
access points [13][14][15][16]. Inside this model is present
an error term defined by a probability distribution. In the
application treated in this paper the physical quantities are
the Received Signal Strength (RSS) and the distance be-
tween user and each access point. The proposed propa-
gation model considering the ith access point is shown in
equation (1):

Pr
i(l) = P0

i − β1(l)
i log(di(l, li))− β2(l)

i + ξi (1)

Where Pr
i is the received power from the ith access point

at any location l. P0
i is the power received at d=1 meters,

β1
i(l) an environmental parameter and di(l, li) is the dis-

tance between user at location l and li,ith access point’s lo-
cation. β2

i(l) is a parameter to take into account for Non
Line of Sight effect and ξi(0, σi(l)) a gaussian variables
with zero mean and variance equal to (σi(l))2. It accounts
for multi-path effect due to shadowing.

The equation 1 also known as log-power/distance prop-
agation model is termed as a statistical model since it con-
tains an assumed statistically distributed error term (σi(l))2

[16]. This model holds good for any terminal receiving the
signal from any access point. The equation consists of dif-
ferent parameters and statistical features of variables ξ. It is
known [13] that if ξ is gaussian distributed, the probability
distribution of Pr(l) is also considered to be gaussian with
(σi(l))2 variance [16], expressed as:

f(P i
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(3)

In the next section maximum likelihood method is used to
estimate the unknown parameters from collected measure-
ments.

2.2. Maximum likelihood estimation using empirical analy-
sis

In a problem like the one described in the previous para-
graph the main difficulty is to define the propagation pa-
rameters because they are not obtainable from theoretical
assumptions [15][16]. They depend upon the propagation
environment and the best way to perform their estimation is
to realize a wide number of measurements. Lets consider
that an identically independent distributed (”i.i.d”) sample
of n random vectors of Pr

i,j/l is collected on given ref-
erence coordinate positions. For a given random sample,
the idea of statistical inference is to analyze the properties
of the variable received power. The measurements consist
in the choice of n ”good” calibration points where ”good”
means that these points have to cover adequately all the en-
vironment involved in propagation model. Propagation pa-
rameters can be estimated from empirical data.

Starting from knowledge collected at the calibration points,
it is possible to use the following procedure to perform the
parameters estimation:

• distances di(l, li)i=1,2,..,m between each access point’s
location (li) and any user’s location l.

• Received power Pr
i,j(l)i=1,2,..,m,j=1,2,...,n (user is at

location l) where i is number of access points and j is
number of survey data set collected at each location.
The maximum number of access points is m and total
number of measurements taken at each location is n.

• The power Po
i received at d=1 meters from access

point ith.

In the previous paragraph we have already modelled prob-
ability distribution of the received power. If the parame-
ters have been estimated, the probability function provides
a measure of how likely presented signal strength sample
outcomes are at a given position l, but the likelihood will de-
pend upon the parameters utilized to model it though. How-
ever, if we know the real measurements and probability dis-
tribution model, i.e radio map, the likelihood of propagation
parameters can be estimated by using equation (4). In the
present case maximum likelihood method has been used. A
typical method to perform a maximum likelihood estima-
tion for the proposed model is to depict the likelihood func-
tion. Now assuming that observed samples are i.i.d from
a distribution with probability density function (p.d.f) given
in equation (2), it is possible to write the likelihood function
Φi(x(l)) for ith access point at any location l, as shown in
equation (4). Mathematically speaking, likelihood is noth-
ing but product of the conditional probability density func-
tion of each observation. The detailed information can be
found in [17].
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Where x(l) is the vector of propagation parameters to esti-
mate,

x(l) = (β1(l), β2(l))

It is known that the likelihood function for the ith ac-
cess point Φi(x(l)) is not depending on σi(l) and maximum
likelihood estimates of the parameter are those values that
maximize the likelihood, see equation (5):

Φi(x(l)) = (
1√

2πσi(l)
)ne

−SSEi,j(l)
2(σi(l))2 (5)
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(6)
Maximizing the likelihood also means minimizing eq.(6).

The best estimation is reached by minimizing SSEi [16][17].
To obtain maximum likelihood solution, equation 6 is ex-
panded by substituting eq.(3) and can be expressed in ma-
trix form after satisfying minimizing condition. All the un-
known parameters are transported on left side of the equal-
ity sign and known parameters on right side. The maximum
likelihood solutions are given by the least square estimator
x̂(l).

x̂(l) = (Y T Y )−1Y T S (7)

where Y and S are defined as:

S =


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P 1
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.

.
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r − Po


 , Y =


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.
.

logdi 1


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Above derivation can be found in [17]. By substituting β̂(l)
parameters in equation 6, the MLE’s of σi(l) can by esti-
mated as

σ̂i(l) =

√
SSEi(l)

n
(9)

2.3. Location estimation

Bayes theorem, starting from an a priori knowledge, achieves
to find out a posterior probability density function. In this
paper, a priori knowledge is the estimation of propagation
parameters performed on known locations, as explained in
previous paragraphs. Application of Bayes theorem in WLAN
location estimation problem with individual access points
can be useful to write p.d.f. of received power on a given
location l, as shown in equation (10)[17]. On observing the

current signal strength value, likelihood of that data at each
stored location can be computed from f(P i

r |l, x̂).

p(l|Pr
i
) =

f(P i
r |l, x̂)π(l)∫

f(P i
r |L, x̂)π(L)dL

(10)

where P i
r is the vector of received power from each

access point and L is the vector of stored location, where
l = 1, .., L. π(l) is the prior probability of location which
is fixed to maximum, i.e one in present case as the proba-
bility of finding all positions are assumed to be equal. The
denominator sums up to one due to equal value of π(L) at
every location l. Knowledge of probability of observation
for each possible location l provides information about de-
pendency of the observed signal properties on the location
variable. Henceforth Bayes theorem used as an inference
tool provides a probability of location variable given the ob-
servation. When a signal is received, probability density for
all stored location is calculated. The location with the high-
est likelihood is chosen to be the estimate of user’s position,
lest from individual WLAN transmitter.

lest = argmax(p(li|Pr
i
)) (11)

The location estimates are combined by using weighting
fusion approach. The weights w are assigned on the basis of
the ratio of the highest likelihood value occurring for each
transmitter to the sum of all highest likelihood values i.e lo-
cation with high probability value will have larger weights.
In the end, it is possible to write the final estimate of the
location lestF in in the following way:

lestF in
= lest1w1 + lest2w2 + ... + lestiwi (12)

Where i is the number of access points and wi is the weight
associated to lesti .

wi is defined by the equation (13):

wi =
argmax(p(lesti |Pr

i
))

∑
i=1,..,m argmax(p(lesti |Pr

i
))

(13)

3. EXPERIMENTAL TEST BED

A typical room layout at the university of Genova is elected
as the test bed for the proposed systems. The size of the
building is 40× 30 meters, three access points, one of type
Cisco 350 , and two Cisco 1100 are installed which oper-
ate in 2.4 Ghz frequency and cover 40 meters at 11Mbps
data rate, as shown in figure 1. The characteristic detail
can be found herein [18]. The access points are based on
802.11b IEEE standard WLAN. They have omnidirectional
antenna with gain 2.2dbi. The transmitter work in 2.4 GHz
band. The experiments were performed in North-West part



of the building involving laboratory and a corridor. To re-
ceive wireless signals integrated NIC card on IBM pentium
IV laptop has been used. The test site is grided into the
size of one square meters. In figure 1, black dots are the
positions where set of measurements coming from three ac-
cess points are recorded. The collected signal strength is
reported in units of negative decibel (-dbm) according to
standard industrial practice. At each position approximately
300 samples are collected by keeping the sampling rate of
one second and receiver was kept oriented towards west di-
rection throughout the experiments.

4. EXPERIMENTAL RESULTS AND
PERFORMANCE EVALUATION

The algorithms is implemented in Matlab 6.5 environment.
The developed method was tested on the experimental data.
Test data was collected at various location, throughout the
test site, in different day and time. First at the same po-
sition measurements was collected and position algorithm
was used to computes user’s location. The computed posi-
tion was compared with the real position by mean of Euclid-
ean distance that gives the shortest distance between real
and computed position. The result is shown in figure 2.
The average error comes out to be 2.1 meters. More elabo-
rate experiment was done to find out how positioning error
varies in space. For this purpose set of location coordinates
distributed in space was chosen and measurements was col-
lected on every position. The error obtained for these lo-
cation is shown in figure 3. The error shown is distributed
in space and time. The rms obtained on same data set can
be seen in figure 4 which shows maximum error obtained
at time between 11-12 am and minimum rms is obtained
between 3-4 pm. The rms varies from 2.3 to 2.8 meters.

5. CONCLUSION

The paper presents statistical modelling based location de-
termination method that applies the fusion techniques to ob-
tained position. The system builds a radio map of the envi-
ronment. The bayesian approach has been considered in the
presented problem. It utilizes a priori knowledge of signal
distribution at known locations. The estimate of the location
estimate are combined by using weighage fusion approach.
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