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Abstract—Several approaches have been proposed for the
localization of persons at theirs homes. Most of these systems
are beacon-based solutions which trilaterate with RSS signals
captured at a user-attached device (LPS) which sometimes are
aid with inertial information. A total different approach uses
the concept of radio tomographic imaging (RTI) that infer the
position of the user without requiring him to carry any device
(Device Free Localization or DFL). This paper explores how
both approaches (LPS and DFL) can be combined to provide
a localization solution that integrates the best of both methods.
The sensors employed in this study uses long-range active RFID
technology at 433 MHz. An important challenge is to achieve
enough position accuracy using a low number of RFID readers
in an apartment-size area. The wide wavelength (0.6 m), the
low measurement rate (1 Hz) and a low signal to noise ratio
are another challenges that has to be coped with. We analyse the
RSS measurements of RFID equipment and model them for DFL
and LPS use. We also combine both approaches (DFL + LPS) in
order to achieve an accurate enough localization (about 1 meter
in 90% of the cases). The merge of these estimation principles
is implemented using a particle filter which get measurements
from two sources: the tag-to-reader RSS-based ranges and the
RSS-link differences with respect to an empty-room RTI-image
reference.
Keywords—Indoor localization, RFID, Device-free localization,
Range-based localization.

I.

I NTRODUCTION

Indoor localization is still an open problem. Many different
approaches using distinct technologies have been proposed to
obtain a usability similar to GPS outdoors [1], [2], [3]. The
most difficult challenge for pedestrian navigation is to find an
accurate-enough indoor location method, valid for extended
areas, robust to environmental conditions, and at the same time
as simple as possible. Different approaches can be used for
the location of persons indoors: 1) Solutions that rely on the
existence of a network of receivers or emitters placed at known
locations in the environment and other sensors on the persons
to be located (beacon-based solutions or Local Positioning
Systems-LPS) [4], [5], [6], 2) Solutions that mainly rely on
dead-reckoning methods with sensors only installed on the
person to be located (beacon-free solutions, or Pedestrian Dead
Reckoning-PDR) [7], [8], [9], and 3) Solutions that create
a mesh of radio links crossing an area with the purpose of
detecting subareas where a significan signal attenuation comes
978–1–46773–1954–6/12$31.00 c 2013 IEEE

from; this approach does not require the person to carry any
device (Beacon-free solution) also called DFL-Device Free
Localization [10], [11], [12].
This paper explores how two different approaches, such as
LPS and DFL, can be used individually to locate a person in
small areas and also explores how both techniques could be
combined to provide a localization solution that integrates the
best of both methods. The sensors employed in this study uses
long-range active RFID technology at 433 MHz. An important
challenge is to achieve enough position accuracy using a low
number of RFID readers in an apartment-size area. The wide
wavelength (0.6 m), the low measurement rate (1 Hz) and
a low signal to noise ratio of RFID are another challenges
that has to be coped with. One of the objectives of this paper
is to validate RFID at 433 MHz as a valid technology for
Radio Tomographic Imaging (RTI). The combination of both
approaches (DFL + LPS) is explored in order to achieve an
accurate enough localization (about 1 meter) for the case of
a single person. The individual positioning algorithms and the
merge of these estimation principles are implemented using
a particle filter which get measurements from two sources:
the beacon RSS-based ranges and the RSS-link differences
with respect a empty RTI condition reference. The movement
information is modelled a a dispersive random movement of a
person with limited speed.
This paper presents a description of the LPS and RTI
principles in section II, the implementation details of the fusion
method (section III), the evaluation of RSS measurements
and models (section IV), the evaluation of the positioning
performance of the RFID system deployed in a single floor
house (section V), and the analysis of the link density influence
on performance (section VI). Finally, in the last section, we
give some conclusions and future work.
II.

L OCALIZATION

PRINCIPLES

This section explains the measurement principles behind
the methods that are going to be tested and fused in this work
(RSS-based trilateration and DFL-RTI imaging).
A. RSS-based trilateration
In RSS-based trilateration, it is assumed that an emitter is
carried by a person and several readers are fixed at known
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A path-loss model that can be used to transform from RSS
to distance, d, (maximum likelihood estimate) is given by [13]:
d = d0 · 10

RSS0 −RSS
10·p

.

(1)

where RSS0 is a mean RSS value obtained at a reference
distance d0 , and p is the path loss exponent (for the particular
RFID equipment and test conditions used in this paper the
parameters are: RSS0 = −52.4 dB, d0 = 1 m and p = 1.37
as will be presented in section IV-B).
The standard deviation of the estimated distance, σd , which
is needed by the Bayesian filter as an indication of the belief
we have on the modeled range value, is:
σd = σRSS ·

ln(10) · d
.
−10 · p

(2)

This sigma model is proportional to the noise of the RSS
measurement σRSS , and to distance, so it gives low standard
deviation values at short ranges (low uncertainty) and a larger
sigma at long ranges (high uncertainty).
Once RSS is transformed into range and its uncertainty, a
trilateration can be implemented using Bayesian filters as in
[13]. Typical location accuracy is about 1-3 meters, depending
on the tag density used and the size of the area under test.
B. DFL-RTI imaging concept
Radio Tomography imaging (RTI) is a DFL technique that
uses multiple radio link transmissions overlapped over an area
of interest, in order to estimate the location of a person based
on the changes of the received power caused by the shadowing
of the body to radio propagation. This localization technique
is of special interest since allows position tracking of persons
even if they do not carry any passive or active locating device
with them.
If we have a number of K radio nodes distributed around
an area, and these nodes can communicate each other bidirectionally, then we have a total of M = K ∗(K −1)/2 radio links
(no self-communication is considered). These M radio links
are affected by different shadowing and fading effects caused
by the objects in the area under observation (furniture, walls,
and so on). If the area does not contain any person, then almost
static RSS values are received at each link; this measurements
can be used as a reference, RSSref , which is a vector with
M averages of the RSS values for each link. When a person
enters into the area, the RSS values of the links crossing the
subregions where the person is located suffers an additional
attenuation with respect the reference value. These RSS-link
fluctuations contain valuable information about the person’s
location.

Test:SPAN−Zigbee. second:65
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Fig. 1. RTI image example for DFL using a network of 28 nodes (dataset
courtesy of SPAN laboratory at Utah). The white pixels represents the
subregions where a larger attenuation is detected, which correspond to the
presence of a person at the position of the yellow square (the magenta cross
is a position estimation).

The device-free passive localization was introduced by
Youssef in 2007 [14] under a limited number of WiFi radio
links, and the concept was completed by Wilson and Patwari
[10] applying a simplified model for radio tomographic imaging. The model of Wilson that relates the RSS link variation (y)
with the subregions or voxels in an area (x ∈ RN ) is expressed
as:
y = Wx + n,

(3)

where y is a vector of all M difference in RSS measurements (i.e.: y = ∆RSS = RSS − RSSref , being
RSS = {RSS1 , RSS2 , . . . RSSi , . . . RSSM } ), n is a noise vector,
x is the attenuation image to be estimated measured in decibels
(dB), which is arranged in a vector form with the N voxels
than form the image. Finally, W is a weighting matrix of
dimensions M by N that relates the attenuation contribution of
each voxel on a particular link. These weights can be computed
off-line, since node locations and voxels do not change with
time, in this way:
p  1
wij = 1/ di
0

if distance(rj , linki ) < th
otherwise,

(4)

where di is the length of link i, rj is the spatial position
of voxel j, linki is a line connecting the two nodes in link i,
and distance is a function that computes the distance among a
point and a line. A threshold th is used to decide which voxels
are close enough to the link line so as to affect the RSS.
The image reconstruction algorithm estimate the image
vector x from the RSS data vector contained in y. A direct
least square solution would involve solving this equation
x̂LS = (WT W)−1 WT y, however WT W is almost always
singular. Since this inverse problem is ill-posed, some kind
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where δ RSS(p) = RSS[k]−(RSS0 −10β log10 (kr̂(p) [k]−rtag k))
being β the path loss exponent, RSS0 the expected signal
strength at a reference distance of 1 m, and rtag the position
of the RFID tag. A typical value for the standard deviation of
RFID RSS is about 6 dB (σRSS = 6 dB).

Particle Filter

Movement model

C. The link-shadowing DFL measurement model
We propose to use a standard two-dimensional normal
distribution aligned with the radio link position, and with a
covariance matrix adapted to the length, Li , and orientation,
θi , of that link, in order to model the probability of measuring
a RSS attenuation in each link:

Update

p(RSS[k]|r[k])

PiRT I (yi [k])|r̂(p) [k]) =

X(i)k|j

p(r[j]|r[j],r[j-1])

2π

Context
X=[r, q]=[rx,ry,rz,q]

Fig. 2. General fusion framework for RSS-based ranging (LPS) and radio
tomography (DFL).

of regularization is needed (e.g. Tikanov regularization [15])
in order to obtain valid solutions. This is achieved by adding
some a priori information about the image vector ([10]) and a
maximum a posteriori (MAP) formulation:
2 −1
x̂MAP = (WT W + C x−1 σN
) WT y,

(5)

The position of the person within the image x can be
estimated, for example, by getting the position of the voxel
rj with maximum value (largest attenuation).
III.

I MPLEMENTATION

This section explains the implementation details of the
fusion process among LPS RFID-based positioning and the
DFL RFID-based imaging technique.
A. The overall particle filter merging approach
The overall fusion approach is depicted in Fig. 2. The
bayesian approach is composed of a prediction and a correction
iterative process. The prediction term is triggered by a normalspeed walking random movement model. For the measurements models we use the RSS data that give information about
the ranging of the user to the RFID beacons (LPS trilateration
approach) and also the position information that is derived
from the fading in each particular link. Note that in this last
approach there is no an explicit imaging or inverse process like
in [10] but a sequential accumulation of clues about where a
blocking object could be located.
B. The RSS-based ranging measurement model
We assume in this case that the person to locate is wearing
an RFID reader, and several tags are disseminated along the
environment. When we measure, at time k, the signal strength
RSS[k] at the reader from one RFID tag, we can update the
weights of each particle p as:
|δ RSS(p) |2
1
}
exp{−
P (RSS[k])|r̂(p) [k]) = √
2
2σRSS
2πσRSS

(6)

√1

|Ωi |

(p)
T
exp{−0.5(r̂(p) [k] − ri )Ω−1
[k] − ri ) }
i (r̂

(7)

where ri is the position of link i, and Ωi is a covariance
matrix that defines the area around the position of link i
where it is probable to cause a fading. We create matrix Ωi
from the eigenvalues and eigenvectors that define an ellipsoidal
distribution of length Li , width Wi , and with its main axis
oriented an angle θi as:
Ωi = λ[1] · νeigen [1]νeigen [1]T + λ[2] · νeigen [2]νeigen [2]T
where
the
eigenvalues
are
λ[1]
=
λ[2]
=
Wi2
and
the
eigenvectors
νeigen [1]
=
[cos(θi ), sin(θi )]T and νeigen [2]
[cos(θi + π/2), sin(θi + π/2)]T .

(8)
L2i ,
are:
=

D. The dispersive movement model
A simple pedestrian movement model is used. It assumes
than a person can be static or can move not faster than a
given maximum speed. The orientation change is un modelled
asumming that a person can change his orientation without
being detected by any node-to-node link or RSS-based range.
We implement it in the PF approach by distributing the
particles randomly around it current position, with a standard
deviation given by the maximum allowed movement speed
(e.g. adding to the XY particle coordinates a noise with zero
mean and gaussian 0.5 meters standard deviation distribution
once every second).
IV.

E VALUATION : RSS MEASUREMENTS

AND MODELS

In this section we present how the RFID nodes are
deployed in our testing area and the resultant node-to-node
radio link distribution. Additionally we study the dependance
of the RSS readings with the distance between the emitting and
receiving nodes, and the level of shadowing caused by a person
walking at different distances from a link. This information
will be used for modeling our measuring process, which will
be employed for parameterizing our localization algorithms
presented in section III and evaluated in section V and VI.
A. Experimentation setup
We installed our RFID equipment in the OIKOS experimental house at CAR-CSIC (see Fig. 3), which is a wooden
house with a metallic roof that blocks any GPS-signal. Since,
it is a GPS-denied environment, no centimeter level accuracy
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a)

b)

Fig. 3. OIKOS house at CAR-CSIC site (Arganda del Rey, Madrid, Spain)
where location experiments are performed. a) outdoor view, b) indoor space.

RTK DGPS can be used, so the ground truth position of the
moving person during the tests is obtained by positioning the
person over known marks on the floor at controlled times
during the whole experimentation.

A total of 40 active RFID tags separated by 0.4 meters with
its neigbours are placed on the walls of this living-room. The
tags used are model M100 from RFCode, which are battery
powered RF transmitters operating in the 433 MHz radio band.
Every tag broadcasts its unique ID and a status message at a
periodic rate (1 Hz). The typical maximum RFID detection
range indoors is 25 meters, so the system could be use to
cover larger areas.
Additionally we installed 4 RFID readers, one in the center
of each wall in the living-room. Each reader, as mentioned
above, has 2 independent antennas, so we were able to separate
the couple of receiving antennas 2 meters apart using a coaxial
cable. The RFID reader is model M220 from RFCode, which
is a light-weight (160 g) portable battery-powered device with
Bluetooth connection for data capture in real-time. All nodes,
readers and tags, are placed at 1 meter height over the floor
level. A picture of the deployment can be seen in Fig. 4a.
The total number of links in the testing area is 320, which
are formed by combining the 40 emitting nodes (tags) and
the 8 receiving nodes (reader antennas). The distribution and
density of these links can be seen as blue lines in Fig. 4b.
B. Path-loss influence on RSS
In this subsection we study the dependance of the RSS
readings with the distance between the emitting and receiving
nodes. As we have already presented in sectionII-A there is a
path-loss ideal model that relates the signal strength received
(RSS) and the distance between one receiving node and
another emitting node (eq. 1). We used the RSS information
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The testing area in the OIKOS house is chosen to be small
in order to create a high density of links. It must be taken
into account that RFID technology is designed to operate
with many tags (the cheapest component) and only a few
readers (much more expensive). In our case we have plenty
of RFID tags but we are restricted to operate with a total of 4
readers. Fortunately, each RFID reader has two antennas with
independent read-outs, so a total of 8 receiving nodes can be
used. In order to have a sufficient link density (as in other RTI
works [16]) we decided to deploy our RFID system in half of
the living-room of the OIKOS house (4 by 4 meters size). The
influence of a lower link density will be explored in sectionVI.
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Fig. 4. RFID deployment in a section of the living-room of OIKOS house
(size: 4 by 4 meter). a) Detail of some tags and reader antennas fixed on the
walls at a 1 meter height. b) RFID link distribution in the testing area. The 40
black crosses in the periphery are the tags, and the 8 squares are the antennas.
Each blue line is one of the 320 links between an emitter and a receiver.

from the 320 links, each of then with a different length, to
obtain a histogram of the RSS readings, registered during
several minutes, as a function of the link length. The histogram
in 3D can be seen in Fig. 5a. This data represented in several
2D histograms (slices of 0.5 meters) and normalized by the
total count of readings, can be seen in Fig. 5b. Here it
can be seen clearer that shorter ranges gives stronger signals
(distances lower than 1 meter give RSS values in the majority
of the cases between -40 and -60 dB). However the relation is
far from ideal and the RSS noise makes this measuring process
totally probabilistic.
We fitted our path-loss model (eq. 1) by least squares
method to this experimental data. The result can be seen in
Fig. 5c. The model parameters that best fit the data are: pathloss coeficient p = 1.37, RSS0 = −52.4 dB and σRSS = 6.3
dB. The 1.6σ lines in the plot represent the 90% bounding of
all measurements. It can be seen that the noisy RSS dispersion
is high (more than 6 dB) and the deterministic change of RSS
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due to distance is only about 10 dB for ranges between 1 and
5 meters. This implies that many ranges will be necessary to
be captured during the RSS-based trilateration experiments in
other to estimate well the user’s position. If the user is going to
carry an RFID tag with him for RSS-based trilateration tests,
then the number of ranges available can be only increased by
making him to carry several tags together (the transmission rate
is fixed to 1 Hz). In our experiments in section V a total of 6
tags are carried by the person, then with 8 readers installed we
obtain 48 potential readings per second. The influence of using
a lower number of active tags on a person will be analyzed in
section VI.
C. Shadowing influence on RSS
In this subsection we study the level of shadowing caused
by a person placed at different distances from a link. This study
is important since the capability of a person to block RFID
radio links at 433 MHz is in principle lower than for higher
radio frequencies (e.g. Zigbee, WiFi or Bluetooth operating at
2.4 GHz). Most papers on RTI imaging use radio frequencies
close or higher than 1 GHz [17]. In fact this is one of the
challenges explored in this paper, to validate RFID at 433 MHz
as a valid technology for Radio Tomographic Imaging (RTI).
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Using the deployment described in section IV-A, an experiment is done registering RSS values while a person is
moving at different known locations within the testing area. In
order to have a RSS reference of the empty room condition,
additional RSS readings are collected when anyone is inside
the testing area. The mean values of RSS for each link, i, is
(i)
computed and represented as RSSref . The difference between
the occupied and the empty reference for each link is computed
(i)
as dRSS(i) = RSS(i) − RSSref . As the true position of the
person is known, the minimum distance from the person’s
position to the link line is calculated (Distperson to link ).
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It is expected values of dRSS close to zero when the
person is apart from a link (e.g. Distperson to link > 1m), and
a significant change in dRSS when the person in over the
link line. A histogram in 3D of the relation between dRSS
and Distperson to link is shown in Figure 6a. This data is also
represented in Fig. 6b with several 2D histograms (slices of
0.5 meters intervals), normalized by the total count of readings.
The results show a preliminary good behavior of the human
body blocking RFID radio transmissions.

b)
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In order to model the shadowing effect of human body to
RFID radio signals, a simple exponential model is fitted by
least squares to the data (dRSS = a · exp(−b · Distperson to link )).
The fitting result is shown in Fig. 6c.
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Several important conclusions can be deduced from the
histograms and the shadowing model in Fig. 6:
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c)
Fig. 5. Dependance of the RSS RFID readings with the distance between the
emitting and receiving nodes. a) 3D histogram, b) 2D histogram for different
ranges, and c) fitting a path loss model to RSS data.

Low dRSS dispersion. The mean dRSS dispersion
σdRSS is only 2 dB. This contrast with the higher
σRSS found in last section of path-loss modelling
(about 6 dB). This means that RSS-based trilateration
will be affected by a strong fading effect (RSS values
depend more on the particular spatial position than on
the node-to-node distance). However, and fortunately,
in RTI imaging this spatially dependant fading is
canceled as links are static, causing a lower dispersion
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Fig. 7. Dependance of the dRSS Zigbee readings (SPAN lab data) with the
distance from a person to a link (shadowing effect). The plot shows the fitting
an exponential model to dRSS Zigbee data.
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range: 1.5−2 m

in dRRS readings. This are good news helping us to
detect persons by RTI.

range: 2−2.5 m

range: 2.5−3 m

range: 3−3.5 m

•

Growth of dRSS dispersion with lower distance. Ideally we would like to have a low dRSS dispersion
for ranges larger than 1 meter. However, we have an
almost linear growth of dRSS dispersion when the
person-to-link distance decreases. This is an undesirable effect caused by the large wavelength of 433 MHz
radio (0.69 m).

•

A perceivable change in dRSS for short ranges. There
is a mean change of 1.7 dB in dRSS for ranges below
0.5 meters. This change is not as large as we would
like, since is even lower than the mean dRSS deviation
(2 dB). In order to use a RFID-based Shadowing RTI
method a threshold in dRSS must be selected so as
to minimize the number of false detections. This also
means that many positive detections (readings in an
occupied link) will be ignored. Further experiments
confirm that a threshold in dRSS of 2 dB is a good
trade-off.
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In order to see the differences of RFID radio (433
MHz) and Zigbee (2.4 GHz), we performed the same study
with the dataset available from the SPAN Lab of the University of Utah (Salt Lake City, UT, USA) at this link:
http://span.ece.utah.edu/rti-data-set. The same fitting of data
with the exponential model is shown in Figue 7.
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Fig. 6. Dependance of the dRSS RFID readings with the distance from a
person to a link (shadowing effect). a) 3D histogram, b) 2D histogram for
different ranges, and c) fitting an exponential model to dRSS RFID data.

The behaviour for Zigbee is somehow more ideal: 1) A
similar but lower dRSS dispersion (1.9 dB); 2) no linear
increase in dRSS dispersion with distance; and 3) a larger
mean dRSS decrease when the person blocks the link (2.5
dB). In this case using a threshold of 4 dB, a larger number of
positive blocked links are used and consequently more valid
information could be used for RTI imaging. Nevertheless, the
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Test:OIKOS−RFID. second:65

results for RFID are not too bad compared to Zigbee and it is
expected to obtain acceptable positioning results using RFID
as will be shown in next section.

7.5

E VALUATION : L OCALIZATION P ERFORMANCE

This section explains the positioning results obtained using
the RFID deployment presented in section IV-A. In the
following subsections, first we present the positioning results
using the RFID-based DFL approach; secondly we present the
more conventional RFID-based LPS, and finally we compare
these results with the fused solution.
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A. Performance of RFID-based RTI method
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The positioning results are presented using the RFIDbased Device-Free-Localization (DFL) approach. Since we are
proposing a Particle Filter (PF) implementation of the DFL approach, we first compared it with the conventional image-based
RTI approach present by Wilson [10]. We refer to Wilson’s
image-based approach as DFL-RTI, while our DFL particlefilter approach is called DFL-PF. This initial comparison is
made to check the similarity of both implementations. In
Figure 8 is shown an example (at second 65 in one of the
experiments) of a typical RTI image and a typical particle
distribution.

We also performed some positioning experiments based on
the experimental data that can be acquired from the SPAN Lab
of the University of Utah (Salt Lake City, UT, USA) at this
link: http://span.ece.utah.edu/rti-data-set. There are 28 Zigbee
Crossbow wireless devices (2.4 GHZ frequency band using
the IEEE 802.15.4 standard) and a total number of 378 links
distributed in the periphery of a square area of 6.2 by 6.2
meters.
The DFL Zigbee location results, as presented by the SPAN
authors [10], [18], have a mean error of 0.25 m. Note that this
Zigbee case is more ideal than our RFID configuration because
of the higher frequency of Zigbee and the larger link density
(28x28 nodes = 784 links in the Zigbee case versus the 40x8
nodes = 320 links in the RFID case).
We used our above-tested DFL algorithms (applied until
now for RFID data) to deal with this original SPAN Zigbee
data. The results that we obtained with our algorithms were
quite similar to the reference results (i.e. a mean error of 0.25
m for DFL-RTI and 0.31 m for DFL-PF). When this Zigbee
test were repeated but using less receivers (ignoring some
information in the dataset), in particular ignoring 16 receiving
nodes and thus operating with a total of 28 x 12 nodes (336
links, which is closer to the 340 links of the RFID case), then
the mean positioning error were 0.30 and 0.34 m for DFL-RTI
and DFL-PF, respectively.
After these tests, we conclude that our DFL algorithms
(both DFL-RTI and DFL-PF) are well implemented, since we
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The performance of the DFL-RTI implementation is similar
but somehow better than the DFL-PF. The individual positioning errors can be seen in Figure 9a for both cases. The mean
error is 0.48 m for DFL-RTI and 0.50 m for DFL-PF. The
Cumulative Error Distribution (CDF) is shown in Figure 9b.
In both cases the error for 90% of measurements is below 1
meter.

6

6

5.5

5

4.5

4

0

0.5

1

1.5

2
x (meters)

2.5

3

3.5

b)
Fig. 8. RFID-based DFL localization example: a) for a typical RTI image, b)
a typical particle distribution. In both cases the ground truth is marked with
a yellow square, and the estimated position is marked with a magenta cross.
The red line in (b) is the active link in that instant.

have similar results to the SPAN test for 28x28 nodes (0.25
m). We also conclude that for a similar link density (336
links in Zigbee and 320 links in RFID setup) the performance
measured as a mean error is worse for RFID (0.5 m) than for
Zigbee (about 0.3 m); this is, a 60% worse performance of
RFID versus Zigbee.
B. Performance of RFID-based Trilateration method
This subsection presents the positioning results using the
RFID-based LPS method presented in section III-B. In this
case, the user must carry a device with him in order to be able
to trialterate. In the OIKOS RFID experiments, the user carries
six tags with him (3 in the left-front pocket and 3 in the right
one). The positioning results in CDF form are shown in figure
10 under the plot named LPS-PF. The performance is worse
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obstruction in the other). In next section we explore the impact
of reducing the link density, which must clarify to what extent
the algorithms are robust to fewer information, and to see if
the fusion of LPS and DFL is more beneficial under these
conditions.
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Cumulative Error Positioning Distribution (CDF) for the same experiment and
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than in the DFL case with a mean error of 0.6 m and an error
below 1.15 m in 90% of the cases.
C. Performance of fused DFL+LPS solution
In this case, in order to fuse link shadowing information
with the RSS-based range information, we activated in the
PF implementation the measurements coming from links with
a dRSS higher than a certain threshold (2 dB) and also the
absolute RSS values coming from moving tags (tags in the
pocket with unknown location). The integration in the PF of
both measurements caused any significant improvement over
the best of the individual solutions. It can be seen in figure 10
as a dashed line under label LPS+DFL-PF.
The fusion of both approaches did not result in a significant
positioning performance. We expected a better joined behavior,
especially taken into account that the fused information is of a

The cumulative distribution of the positioning error when
the number of RFID readers is decreased is computed in this
subsection. We test the DFL-PF approch for these number
of readers: 8, 6, 4, 3 and 2. As it can be seen in figure
11a, when we reduce the number of nodes used, then there
is a deterioration in positioning performance, as expected. A
significant deterioration occurs when less than 4 readers are
used. The case with only 2 readers gives a linear CDF from
0 to 3 meters; this particular CDF can also be obtained with
a dummy estimator that always give the mean position of all
the tags and readers, so with 2 readers no reliable positioning
information is obtained.
Similar results are obtained when we test the LPS-PF
approch for these decreasing number of readers: 8, 6, 4, 3 and 2
(See figure 11b). The performance of LPS-PF is systematically
worse than for DFL-PF, confirming what we already observed
in figure 10a and b. Again a significant deterioration occurs
when less than 4 readers are used. The case with only 2 readers
is meaningless (trilateration in 2D requiters at least 3 anchors
to obtain a valid solution).
B. Influence of link density in Zigbee DFL-PF approach
Similar results are obtained when we test the DFL-PF
approch using Zigbee data from SPAN lab (See figure 12).
In this case we use these decreasing number of readers: 28,
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C ONCLUSIONS

One of the main challenges explored in this paper was to
validate RFID at 433 MHz as a valid technology for Radio
Tomographic Imaging (RTI). Although the radio links using
RFID technology was less efficient than using other higher
frequencies (e.g. Zigbee at 2.4 GHz), the RFID deployment
has demonstrated to be valid for person detection, location
and tracking.
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distribution of positioning errors (CDF) for DFL-PF using a decreasing number
of readers: 28, 21, 16, 12, 8, 6, 4, 3 and 2.
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Fig. 11. Influence of link density in RFID DFL-PF apprach. A cumulative
distribution of positioning errors (CDF) for DFL-PF case (a) and the LPS-PF
case (b), using a decreasing number of readers: 8, 6, 4, 3 and 2.

21, 16, 12, 8, 6, 4, 3 and 2. Again, as in the RFID case,
a significant deterioration occurs when less than 4 readers are
used. The case with only 2 readers is again almost meaningless
due to the low density of links (only two link intersections can
be given in the most ideal case).
C. Fused DFL+LPS solution with only 3 readers
Here we revisit again the fusion of DFL and LPS approaches using the PF algorithm. In this case we use a reduced
number of readers, just 3, and 40 tags. The particular link
distribution is shown in figure 13a, and the positioning results
for the individual positioning and the fused one, are shown in
13b.
In this case, when the link density is lower, the fusion of
both technologies show a potential to be beneficial, outperforming each individual solution.

This paper has also presented the positioning performance
found for Device-Free Localization (DFL) techniques and
range-based trilateration (LPS); we tested them individually
and fusing both approaches with a particle filter implementation. The integrated results show a very slight gain in the
performance when fusing both approaches with respect to the
performance of each independent solution (DFL alone or LPS
alone). The typical RFID mean positioning performance, in an
area of 4 by 4 meters, has been about 0.5 m, and less than 1
meter in 90% of the cases according to the CDF obtained.
The sensitivity to the number of readers used in the solution
was also explored, a minimum of 4 readers is needed to obtain
acceptable results. This analysis was done with experimental
RFID sensor data and also with Zigbee data from the SPAN
dataset.
If the scope of the application is for independent and
assistive living scenarios (department-size areas), the RFID
approach can have some benefits, since an unbalanced distribution of readers vs emitters (tags) has proven to be valid.
We estimate that an apartment size area can be covered by 8
readers and probably 100 tags (800 links). This large scale tests
and deployments are planned to be done in the near future.
Another future work can be combining DFL with mobilephone localization and inertial data.
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