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Abstract—This paper reports the results of a positioning and
tracking algorithm for indoor environments based on
simulated and pre-computed attenuation map values. The
localization is performed through a global optimization that
minimizes a cost function computed in the data-space, which
is the attenuation reference map relative to the environment
under test. The tracking is implemented introducing a
correlation between the current position and the previous
ones. Two environments of different size, shape and
characteristics are chosen for the algorithm validation.
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l. INTRODUCTION

The estimate of the RSSI (Received Signal Strength
Intensity) is a straightforward technique to locate an object
in an indoor environment when using as infrastructure a
network composed of wireless sensor nodes.

As well known, such a strategy is based upon the
inverse relationship between the signal attenuation and the
distance receiver-transmitter. In an homogeneous
environment the position of the blind node could be
retrieved by means of trilateration, provided an optimal
transmitting nodes deployment [1]. Unfortunately, this is
not true in actual indoor environments characterized by
dense multipath originated by signal interactions with
walls, roof and ceiling, people moving around and/or
different position of furniture and objects. The almost
continuously changing scenario results in signal
fluctuations that contribute to both path loss (large scale
behavior) and local field variations (small scale behavior).

The proposed technique is based on pre-computed
attenuation maps of the received signal inside the
environment under test (EUT). The attenuation values are
obtained through 2D ray tracing modeling and they are
validated against measurements.

The power mapping based on a pure deterministic
description does not include any signal fluctuations due to
dense multipath effects. On the other side, a pure
statistical characterization of the multipath channel could
neglect specific environment-related behaviors [2]. Hence,
a numerical modeling is adopted to produce perturbed
attenuation maps of the received power. These latter ones
are obtained by randomly placing in the geometrical
model of the environment a varying number of scatterers
of different size and electromagnetic properties.

The perturbed attenuation maps thus computed are used
to represent the power fluctuations that the signal
experiences in actual conditions.

The predicted values are validated through a calibration
procedure against measurements. A reference map that
describes the expected received power is obtained from
the average of the perturbed maps. The perturbed maps
are used to locate the probe node (unknown location)
through the exhaustive exploration of the candidate
position in the data space, i.e. the reference map for the
environment under test.

The positioning algorithm works as follows: a probe
node is placed in the environment under test at a given
location (x;,y;) and one perturbed attenuation map out of
the whole database assigns the attenuation values to that
location. The probe node is located by minimizing a
cost function K, expressed as the Euclidean distance
between the attenuation values in the actual location and
those in all the points of the reference attenuation map.
The tracking (non static localization) is performed
through the addition of some correlation between the
current probe node position with previous locations.

A. Experimental setup

The proposed algorithm was validated in two indoor
environments with different characteristics: a conference
room (EUT1) and a laboratory with four rooms (EUT2),
whose geometry, together with the deployed wireless
sensor networks (WSNSs), is sketched in Figs. 1 and 2
respectively.

In the EUT1 case, the attention is focused on the ray
tracing capabilities of reproducing the field behavior in a
single well-controlled environment with reflections and
reverberations. In the second case, EUT2, the aim is to
prove if an unique cost function is capable to locate points
positioned in different rooms without any information
about the best server, i.e. the closer transmitting antenna.
EUT1 is equipped with 8 transmitting nodes (APs) and 27
calibration points [3], while EUT2 has a network of 6 APs
and 92 calibration points [4,5]. In both cases, the WSN is
composed of Crosshow MICA2 devices operating at 433
MHz.
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Figure 1. Sketch of the experimental geometry conference room
(EUT1): APs (0) and calibration points (+). Dimensions are meters.
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Figure 2. Sketch of the experimental geometry laboratory (EUT2):
APs (0) and calibration points (+). Dimensions are meters.

Il.  POSITIONING ALGORITHM

A. Modeling Background

The numerical modeling used to produce the perturbed
maps is a 2D ray tracing solver. The geometry of the
environment under test is filled with scatterers with given
electromagnetic properties.

At each location (x;y;) the power received from AP, is
computed as:
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where e/“ is the phase contribution due to the

interaction (reflection or transmission) and e/“” is the
phase delay contribution at the frequency of operation w
for delay z,,; L, is the path length associated to the A-th

M
ray. H P, ; accounts for the intensity reduction due to the
Jj=1
Jj-th reflection and/or transmission (up to M) experienced
by the A-th ray.

The quality of the predictions is quantified by the RMS
error between the computed values, f’k, ;» as given by (1),
and the measurements, 7, ; , collected during the
validation campaigns performed in both environments:
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The values ﬁk, ; of the perturbed maps were adjusted

with the measurements to match the average received
power level. The values computed by the ray tracing have
a dynamic range comprised between 0 and 1, while the
actual values depend on the AP power level.

The overall RMS error, defined as:

N
RMSE = iZRMSEA 5 ©)
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is about 7 dB (EUT1) and 10 dB (EUT2).

B.  Attenuation Maps Database

The perturbed attenuation maps are organized in two
distinct databases.

Databasel (EUT1) is composed of 150 maps with 5 up

to 10 scatterers, while database2 (EUT2) consists of 120
maps with 8 up to 60 scatterers. In both cases scatterers
are modeled as polygons having at least 10 sides and their
dimensions are set in terms of the radius r of the
circumscribed circle (0.05 m<r<0.25 m). The spatial
resolution is 0.1 x 0.1 m? Fig. 3 shows the database
structure. Predicted attenuation values at the receiver
location (x;);) are stored in columns, one for each AP.

The reference map used in the positioning algorithm is
the average of the perturbed maps.

Average; reference map [ap]  ap AP,

N Perturbed maps

Figure 3. Structure of the attenuation maps database

C. Database representativeness

To assess the databases representativeness, in both
environments a validation campaign was performed
avoiding external sources of disturbances. For the receiver
located at (4.4,2) Fig. 4a shows the measurements taken in
EUT1 over 120 seconds with people moving around the
room, while Fig. 4b shows the numerical predictions
given by 120 maps randomly chosen from databasel.

The relation between prediction and measurements
indicates ergodicity. That is, exchanging time as
independent variable of the measurements with the index
of the maps shows equivalence of variability. Also, this
example suggests that the number and/or the dimensions
of the scatterers should be increased to obtain a better
agreement as far as the dynamic range is concerned.

D. Localization

In both environments, the localization of the point
under test (probe node) is implemented in such a way to
mimic an actual application.

One perturbed map has been picked from the database
and it is chosen as a snapshot of the received power map.
The tuple {ay(x;y;)} of the attenuation values read from the
map is assigned at the probe location (x;y;). Then, the
optimization algorithm evaluates the cost function K
defined as:

NA[’
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where <ay(x;y;)> is the attenuation value read from the
reference map at point (x;y;) when APy is transmitting.

The outcome of the algorithm is (x,);) — K is
minimum. The quality of the single retrieval is given by
the distance error & in the model space:

gi:\/(xj_xi)2+(yj_yi)2 . ®)



2011 International Conference on Indoor Positioning and Indoor Navigation (IPIN), 21-23 September 2011, Guimares, Portugal

Praciction

Memursmants
———
—— traded

i ),
m

—

ENSBRERRS
S
3
—_—

Estrnated Power [d8]

!‘ ||||I-|‘ |
B

3
&

20 a0 e1 80 100 130
Parturbod map

o

o 20 a0 e e 100 120
o ls)

Figure 4. Comparison between measurements (a) and predictions (b)
for the receiver located at (4.4,2) in EUT1

E.  Tracking

Whichever the method for tracking, the basic idea is
that the user motion does not happen randomly, but there
is some correlation between the current and the previous
positions. Among the different approaches, real-time
tracking could be performed by using filtered values of the
RSSI values [6, 7].

As the proposed technique works with simulated
attenuation map values, the tracking algorithm is tailored
to this specific case. For sake of simplicity, the author’s
main assumptions concern the computation of a mean
displacement vector, the choice of an uncertainty range R
and of an hysteresis interval of 4 points. As a
consequence, the first 4 points are located as reported in
811.D. After this stage, the current displacement vector is
computed as the difference between the actual and the
previous estimated location:

d;=(%-%_ )L +(¥-34)L,  (6)

To increase the robustness of the technique, a training
period is introduced. The mean displacement vector, is
computed as the sliding average of the previous 4
displacement vectors:

(@)=L Sad, ©

P j-N,

where Np is the number of the samples introduced in the
training process (=4 in this case) and ¢; is a coefficient
that weights the single vector contribution in such a way
that farther values count less than closer ones. Namely, the
weighting coefficient is:
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The vector <c7 j> , located in the previous estimated

position, P;, points to the next most probable location of
the probe, P, as depicted by the big arrow in Fig. 5. The
uncertainty range R is used to trace a circle that indicates
the most probable area in which the position retrieval
agrees with the motion history. The value of R is related to
the dynamic range of the received power as predicted by
the perturbed map for each database.

Hence, the actual position is retrieved through (4) and if
it is within the circular region of Fig. 5, it is accepted and
the algorithm updates the mean displacement vector and
the starting point. It could happen that the static

localization results in a point that falls outside the circular
region due to numerical minima of (4) that give a wrong
localization or due to sudden changes in the probe node
motion. To protect the algorithm from false minima this
point is discarded and P, is taken as the actual position. If
during the tracking process the static retrieval restitutes
three times consecutively a point outside the circular area,
it means that the motion has changed. A reset is performed
and the tracking restarts from this point: the first 4 points
are located statically, the mean displacement vector is
computed with (6) and so on.

Figure 5. Sketch of the error detection/correction in the tracking
algorithm by means of the mean displacement vector (big arrow) and
the intrinsic uncertainty range (small arrow). P; and P, are the previous
estimated and the next most probable points, respectively.

All the parameters, such as the length of the hysteresis
interval, the values of uncertainty range R and of the
weighting coefficients in (6), the number of refused
localizations are the outcome of an heuristic approach and
they are strongly dependent from the environment. Hence,
a training test is mandatory when applying the algorithm
for the first time.

I1l.  NUMERICAL RESULTS

A. Localization

The overall performances of the proposed algorithm are
evaluated by means of the bias, i.e. the mean value of the
distance error, for the whole database:

<g >= ) —— 9)
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where Ny, is the map number in the database.

Figs. 6 and 7 show the bias value for EUT1 and EUT2,
respectively. In Fig. 6 the localization acts satisfactory in
the leftmost region of the conference room, showing a
value lower than 0.5m in almost all position, while the
rightmost one presents position with a bias error greater
than 2m.

Bias: distance error

Figure 6. Map of the bias values for EUT1. Dimensions are meters.
Circles represent the APs’ actual position.
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The reason for this twofold behavior is in the non
homogeneous AP deployment: the localization of the
position in the region without AP appears to be influenced
by local fluctuations of weak power signals.

Again, in EUT2 the localization performs better in the
best covered area, as in the lobby or close to the AP nodes.

Figure 7. Map of the bias values for EUT2. Dimensions are meters.
Circles represent the APs’ actual position.

A quantitative evaluation of the performances is given
by the cumulative distribution functions (CDFs) of the
bias for both environments as depicted in Fig. 8.
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Figure 8. Cumulative distribution function of bias computed
in EUT1 (a) and in EUT2 (b).

Table 1 reports the values of the bias and the RMSE of
the distance error at three chosen probability levels. The
RMSE is computed in order to evaluate the standard
deviation of the bias. As expected, EUT1 shows better
results in terms of bias, while the RMSE does not
evidence specific trends.

TABLE I
ERROR INDICATOR VALUES AS A FUNCTION
OF THE CDF PROBABILITY LEVEL.

CDF EUT1s EUT2
Bias [m] RMSE [m] Bias [m] RMSE [m]
10% 0.21 0.45 0.31 0.43
50% 0.47 0.91 0.71 1.02
90% 171 2.37 27 2.61
B.  Tracking

At the time of writing, the author is still refining the
tracking process for both environments.

The preliminary results of the tracking algorithm inside
EUTL are shown in Fig. 9. Fig. 9a shows the estimated
path obtained through “static tracking”, i.e. all positions
are retrieved by using (4) without introducing any
correlation or dynamic features, while Fig. 9b depicts the
tracking result by using the algorithm described in I1.E.
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Figure 9. Tracking results: “static localization” along the path (a);
tracking retrieval (b). Dimensions are meters.

One can natice the filtering of the outliers. At this stage,
the chosen quantitative indicator is the RMS error relative
to the path retrieval:

N 1/2
1 path . R
RMSE, = Z ((x; _xi)z (Vi _J’i)z) ,(10)
path  j=1

where N, is the number of points along the path,
(x;y;) and (x;,y;) are the given and the estimated position,
respectively.

For the example in Fig. 9, RMSE, reduces from 0.65m
to 0.5m, when introducing the tracking features.

IV. CONCLUSIONS

This paper presents the results of a positioning and
tracking algorithm based on numerical simulations of the
RSSI values predicted inside two indoor environments
with different geometry and characteristics.

Localization is performed with a bias error of 0.47 m
and 0.71 mm in the 50% of cases in EUT1 and EUT2
respectively.

Tracking evaluation is still on progress.

At the conference the author will detail the algorithm
improvements and its performances.
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