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location fingerprints
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Abstract— A method for fitting an ellipse-shaped reception re-
gion to a set of location-stamped radio signal reception reports, or
location fingerprints, is presented. Reports are modelled as having
a multivariate Student distribution. The method is less sensitive
to outliers than existing smallest-enclosing ellipse and Normal-
distribution based methods. A Gibbs sampling algorithm and an
EM algorithm to compute ellipse parameters are presented.

I. INTRODUCTION

Many positioning systems make use of a database of radio
reception reports or “fingerprints”. At its simplest, a fingerprint
is a list of the radio signals (e.g. phone cell id’s or WiFi access
point addresses) that can be heard by a receiver, along with
a timestamp and the receiver’s location. Fingerprints can be
collected in a systematic survey (“wardriving”) or by (perhaps
surreptitiously) polling GPS-equipped mobile devices.

A fingerprint database can be enormous, for example Sky-
hook Wireless claims to maintain a reference database of over
250 million WiFi and cellular phone access points. There is
therefore interest in compressing fingerprint information in
order to facilitate data storage and transmission as well as
position calculations. One solution is to distill fingerprints
into a database of signal sources’ reception regions (cover-
age areas). Actual reception regions are irregularly shaped
(Fig. 1) and depend on the chosen signal strength threshold,
receiver antenna orientation, and changing environment (e.g.
atmospheric humidity, number of people nearby), but reception
region models for practical large-scale positioning systems
need to be very simple.

A simple reception region model is a disk, centred for
example at the mean or the median of the fingerprints. A
slightly more elaborate reception region model is the smallest
ellipse that contains all the fingerprints. Ellipses only need 5
real numbers to be specified, but provide a reasonable approx-
imation of a convex region. (Some ellipse parametrisations are
summarised in Appendix I.)

In [1], ellipse-shaped reception regions are fitted by mod-
elling reception reports as having a Normal (Gaussian) dis-
tribution. Bayesian estimates of the model parameters can
be rapidly computed using closed-form formulas available in
the literature (e.g. [2]). Prior knowledge about typical radio
signal range can be exploited to improve the reception region
estimate.

The smallest ellipse containing all the fingerprints can
also be given a Bayesian interpretation: it is the maximum
a-posteriori estimate when the probability of reception is

Fig. 1. A conceptual presentation of a mobile phone network cell id reception
region (green), reception reports (x), and the smallest ellipse that encloses
them. The base station location (triangle), which in this case is not inside the
ellipse, is not needed for positioning.

modelled to be uniform inside an ellipse and zero outside,
and the prior probability distribution of the ellipse parameters
is assumed to be uniform.

Real fingerprint data can be expected to include some
outliers, that is, locations that are not in the normal reception
region are reported because of unusual reception conditions,
software or hardware malfunctions in the GPS or radio signal
reception, etc. The smallest enclosing ellipse region-fitting
method is obviously very sensitive to even a single outlier,
and the Normal regression model is well known to be overly
sensitive to outliers. For both these methods, outliers produce
reception regions that are too large. Various outlier-screening
heuristics exist and these are usually adequate for dealing with
a small number of gross outliers. “Moderate” outliers are more
difficult to handle, especially if they are numerous.

The Student t distribution, of which the Cauchy distribution
is a special case, is known as an alternative to the Normal
distribution that, because of its heavy tails, is better suited as
a model of data that may contain outliers. Student regression
can be computed numerically by standard Gibbs sampling or
Expectation Maximisation (EM) algorithms.

The objective of this work is to present in detail the fitting
of ellipse-shaped reception regions using a Student model of
reception reports. The paper is organised as follows. Section II
reviews the Normal distribution-based fitting method. The
Student data model is presented in section III-A. EM and
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Nonparametric fingerprint methods require 
large radio maps that grow as more training 
data is collected

Radio map size depends on no. of fingerprints

Its transmission to a user device can be too 
slow for real time positioning

Also, the radio map itself requires large storage

fingerprint
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Coverage area estimated by an elliptical 
probability distribution requires 5 parameters
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Koski et al. 2010

Wirola et al. 2010

Raitoharju et al. 2013

Robust estimation of a reception region from
location fingerprints

Robert Piché
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distribution that, because of its heavy tails, is better suited as
a model of data that may contain outliers. Student regression
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Example

Errors: mean [m] 68 % [m] 95% [m] RMSE
Headnodes 11.2 13.3 26.5 13.9
Test points, R 8.1 9.1 21.9 9.8
Test points, R3

i 8.7 10.3 22.1 10.7
Headnode mean 11.8 15.3 30.4 14.0

 

 

True position
Coverage area
Position estimate
Headnodes
Mean

– p. 11/12

Method models fingerprints of AP as a Gaussian 
distribution

It uses Bayes’ rule                         to compute 
position

p(x|y) � p(x)p(y|x)
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Distance from access point to user device can 
be estimated using a path loss model
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Nurminen et al. 2012 (IPIN)

Nurminen et al. 2012 (UPINLBS)

models of signal power 
loss or received signal 
strength

PRSS(d) = A� 10n log10(d) + w

Image adapted from Nurminen et al., “Statistical path loss 
parameter estimation and positioning using RSS measurements” 
in Ubiquitous Positioning Indoor Navigation and Location Based 
Service (UPINLBS2012), pages 1-8, October 2012
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Received signal strength distribution can be 
approximated by a Gaussian mixture
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Image adapted from K. Kaji and N. Kawaguchi,  “Design and implementation of WiFi indoor localization based on Gaussian mixture model and 
particle filter,” in 2012 International Conference on Indoor Positioning and Indoor Navigation (IPIN), November 2012

p(x) =
NX

n=1

!nN (x;µn,⌃n)

A Gaussian mixture is defined as

where weights           and!n > 0
NX

n=1

!n = 1
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Measurement likelihood can be approximated 
by a generalized Gaussian mixture
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p(yk,j |xk) ⇡ N (m1(yk,j);µ
(1)
k,j ,⌃

(1)
k,j) ·

⇣
1� c̄ · N (m2(yk,j); µ(2)

k,j ,⌃
(2)
k,j)

⌘

Müller et al. 2012 

Müller et al. 2014

one component can have negative weight

Image adapted from Müller et al., “UWB positioning with generalized Gaussian mixture filters,” in IEEE Transactions on Mobile Computing, 2014 (in press)
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Field test was done at Tampere University of 
Technology, Finland
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2 buildings, each with 3 floors, 48 000 m2

506 access points

4 737 fingerprints

4 tracks with 
308 position 
estimates

building 2

building 1
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Parametric methods reduced radio map sizes 
between 30% and 90% in our tests
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Nonparametric method is slightly more 
accurate than parametric methods when 
using all available data (506 access-points)
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Parametric methods are more accurate than 
nonparametric method for low access-point 
density (51 access points)
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Parametric methods reduce radio map size 
and provide similar or better positioning 
accuracy than nonparametric method
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Thank you! 
Questions?

Radio map size is reduced by 30% to 90% in 
our tests

Nonparametric and parametric methods show 
similar accuracies for high access-point density

Accuracies of parametric methods worsen only 
slightly for low access-point densities

More test results can be found in our paper
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Parametric methods are more accurate than 
nonparametric method when only 5 strongest 
access points are used for positioning
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Positioning accuracy suffers for all methods 
when radio map is outdated
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