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Abstract—This paper presents a novel hybrid configuration for
indoor positioning, utilizing the passive Radio Frequency
Identification (RFID) and Wireless Local Area Network
(WLAN). Our architecture is based on a mobile device with a
WLAN receiver, a textile RFID tag and one or several RFID
readers communicating with the mobile. The proposed passive
textile RFID tag provides a very cost effective, power efficient
and easy-implemented solution for human positioning and
tracking applications. In addition, the joint utilization of two
technologies increases the accuracy of the indoor positioning
service. Our main contribution comes from the innovative RFID-
WLAN hybrid architecture based on Received Signal Strengths
and able to improve the localization accuracy compared to pure
RFID and pure WLAN location solutions. The proposed
algorithm is tested with real-field measurements.

Index Terms— Backscattered power, fingerprinting, indoor
positioning, RFID, Received Signal Strength (RSS), Wireless
Local Area Networks (WLAN).

I. INTRODUCTION

HE indoor localization with low complexity and high

accuracy is one of the main challenges in today’s wireless
world. Most promising technologies to be used indoors are
currently based on WLAN solutions [1][2][4]1[51[8][9].
Alternative solutions have been proposed based, for example,
on infra-red light, ultra-wide-band (UWB) systems, Bluetooth,
and RFID [6][7]. It is well understood that a low complexity
can be achieved when using easily accessible information,
such as Received Signal Strength (RSS) and many indoor
localization solutions are based on RSS [4][6][7]1[8][9]. The
main challenges remain in achieving the best possible
accuracy with the available signals, and this is the part we
investigate in here, assuming that the available signals are the
WLAN and RFID signals. Indeed, the RFID technology has
become increasingly popular over recent years for tracking
and positioning applications in indoor environments, as a cost-
effective and power efficient solution which can be installed
easily on the different object or people.

The synergical use of WLAN and RFID positioning has
been very scarcely addressed in the current literature so far.
One example where this problem is tackled can be found
in [1]. In [1], the mobile device was assumed to be equipped
with both a WLAN receiver and an RFID reader and several
passive RFID tags were placed inside a room. The RFID
backscattered powers from the tags were only used as an

indicator of the zone where the mobile was placed, and the
position estimation was purely based on WLAN RSS
fingerprinting, applied in the zone identified by the RFID tags.
Pure RFID-based localization was not studied, neither
included in the comparisons provided in [1].

The results published in [11] shows that the channel
modeling based on the RFID measurements are very
promising. Moreover, the standard deviation of shadowing
even shows more stability of RFID measured data compared
to the WLAN measurement. However, utilizing the pure RFID
technology or pure WLAN has its own limitations [1]. In this
work, we present a hybrid solution to increase the robustness
and accuracy of indoor positioning systems especially in harsh
propagation conditions. On one hand, using the textile RFID
system provides high accuracy -within the limited distance-
and easy-implemented solution for tracking people in indoor
scenarios. On the other hand, a very good coverage can be
achieved utilizing the WLAN. The novelty of our paper is
two-fold: first, we propose a novel hybridization architecture
based on RSS collected from RFID and WLAN systems; and
secondly, we compare the performance of the hybrid approach
with the pure WLAN and pure RFID localization solutions,
based on measurement data performed in a university room.

Il. MEASUREMENT SETUP

To prepare the database for the fingerprinting, the RSS
measurements were carried out in one university room in
Tampere, utilizing the RFID system and WLAN system. The
RFID experiment has been done using wearable passive UHF
RFID tag installed on the human arm. The measurement
procedures are explained below in more detail.

A. Tag Fabrication

The wearable tag is easy to be integrated with clothing due
to its flexible conductive materials (electro-textile). Thus it is
a great solution for monitoring human movement and tracking.
In addition, it can provide a reliable and efficient wireless
communication link between the body-worn electronics and
surrounding environment. The utilized sample for the
measurement is a simple dipole UHF passive RFID tag

Fig. 1. The textile passive UHF RFID tag.
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Fig. 3. The lef picture shows the schematic of the measurement region. The deployed experiments showed in the right pictures.

fabricated by electro-textile. As it is shown in Fig. 1, the
dipole is a copper fabric which is applied on top of a
polyimide based thin substrate. The commercial NXP G2iL
chip is glued to the fabric using conductive epoxy.The tag has
been designed for the frequency 850 — 690 MHz and the read
range of the tag in free air measurement is about 8 meters.
More detail about the electrical properties of the copper fabric
and the tag design is available on [10].

B. Data Collection Using RFID Tag

The RSS measurements were performed in an indoor area.
As it is illustrated in Fig. 2, a square region (6 m x 6 m) has
been divided to 144 smaller areas (0.5 m x 0.5 m). The xand y
coordinate including 13 measurement points, respectively, are
marked in the picture. To have a good coverage in the room,
four readear antennas were placed in each center edges of the
square area. The antenna placement was done following an
optimization process, while trying to maximize the overall
coverage of all readers. The antennas are connected to an
RFID Speedway Impinj reader that is placed in the center of
the square. The Impinj reader, including four antenna ports, is
capable of communicating with all four antennas
simultaneously. The reader is adjusted to the ETSI frequency.
In addition, the redear is connected to the computer through
the LAN connection for storing the scanned data. The
maximum transmitted power of the Impinj reader is about 30
dBm. To not exceed the EIRP (equivalent isotropically
radiated power), the transmitted power for the measurement is
adjusted to the 28 dBm with respect to the loss of the cables
and gain of the antennas. The copper fabric tag has been
installed on the human arm in vertical polarization since the
reader anteenas are vertical polarized.

However, for a practical implementation of our proposed
hybrid solution, we would need a WLAN connection from the
reader to the mobile device. In here, we prove that an RFID-
WLAN localization solution with wearable tags is fully
feasible, but we do not offer the full commercial architecture.
The recommended architecture is shown later in Fig. 5 (b).

The tag backscattered power measurement is performed by
moving the person between all 169 measurement positions.
This measurement has been repeated 4 times facing one
specific antenna each time to be able to compare the results
with similar orientations in the training and estimation phases
and with different antenna orientations in these phases (the
latter case being the most likely one in a commercial
implementation). The same type of measurements in 42

random coordinates is also conducted for the estimation phase,
several times. The block diagram of the pure RFID location
solution is shown in Fig. 3 ().

C. WLAN Data Collection

The data collection for the WLAN was done similarly
with [2][3]. In the same measurement room as above, the
WLAN data have been collected utilizing a Nexus tablet with
HERE maps. The tablet had software capable of reading the
destination map and converting it to the Cartesian coordinates.
During the data collection, the position on the map is manually
added and the RSS values from multiple Access Points (AP) at
that point are read. The measurements were taken at the same
coordinates as for RFID to enable the hybridization. The pure
WLAN positioning solution shown in Fig 3 (a) is based on
traditional ~ fingerprinting  with  Gaussian likelihood
function [2][5].

I1l. Proposed Hybridization Algorithm

Our proposed hybridization architecture is shown in Fig. 3
(b). It has two stages: a training stage shown in the upper part,
and an estimation phase, where the actual hybridization is
done. In the training (off-line) phase, received signal strengths
from WLAN AP or backscattered powers from RFID readers
are collected and stored in (x,y, " F¢") vectors, where

s
X, Y; are the x and y coordinates of the grid point where the
measurements were done, F”is the RSS from the ap-th AP
in x,y; point, ap=1,...,N,;, N,is the total number of AP
heard in the training phase, F‘" is the backscattered power
heard by the rf-th RFID reader in X,y; point,
rf =N, +1..,N,+N,, and N,is the total number of RFID
readers (in our case, N, =4). Our convention is that the last
N, RSS values belong to the RFID signals, so that we can
tackle jointly the WLAN and RFID measurements. Also, if an
AP is not heard in a certain point, the convention is that F”

has a dumb (NaN) value.

Table 1 illustrates the characteristics of the measured
environment, in terms of the mean and maximum ranges at
which a transmitter is heard, the minimum, maximum and
average number of heard transmitters in each measured point
inside the room, and the estimated shadowing standard
deviation, based on the training data. The shadowing standard
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Fig. 3.(a) Pure RFID/Pure WLAN location. (b) Proposed Hybrid RFID-
WLAN positioning algorithm.

deviation is computed via path-loss
deconvolution estimation, based on [2].
In the estimation (on-line) phase, the following values are

measured: (R®,R™),ap=1,..,N,, rf =N, +1,..,N, +N,
where R® js the RSS measured from the ap-th AP, and the

R js the backscattered power measured at the rf-th reader.
Again, a transmitter which is not heard is signaled by a NaN
value. The mobile position is computed based on the
following Gaussian probabilities:

2
1 (R(ap) _ Fi('gap))
O (REPY — , exn| — J ,ap=1..,N @
i ( ) 2n5? P 207 P '
R(rf) ,:_(ﬁ))2
2)(R<Ff)) b Jf =N +1.., N, +N,. @
b 207

Above, pi(}}(R(ap)) is the probability to be in x;,y, point if

modeling  with

the RSS value R® was heard from the ap-th AP, o7 is the
WLAN shadowing variance, obtained from the training data,
pi? (R™) is the probability to be in x;,y; point if the value
R™ was heard at the rf-th reader, and o is the RFID

shadowing variance, obtained from the training data. A
decision is taken based on the joint cost function Y, via:

(% ) =max, , with:

%Y

TABLE 1. ENVIRONMENT STATISTICS, BASED ON MEASURED DATA.

Max Mean | Min Nr. | Max Nr. | Mean Shadowing
rang range | of heard | of heard | Nr  of | standard
e[m] | [m] APs/ APs/ heard deviation
Readers Readers APs/ [dB]
per point | per point | Readers
inside inside per
the room | the room | point
inside
the
room
RFID® 670 [ 385 [0 3 117 1.94
(42.31%
cases)
WLAN®@ | 744 | 1096 | 16 26 21.71 2.31
@ The RFID statistics are room-based and using the true Reader possitions

(known)
@ The WLAN statistics are building-based and using the estimated AP positions

via the weighted centroid approach [3].

N, N, +N,
Yii=w pf}l?(R(ap))+(1—wl)ﬁZ P2 (RM™) (3)
ap=1 =N, +1

and the weights defined adaptively as:

N; N; +N,
(ap) (rf)
w -/t max(R*)-a>max(R™) (@)

0 otherwise

a IS an optimization parameter, which selects the threshold
between using RFID or WLAN-based estimates. The
optimization of a is illustrated in Fig. 4, based on the distance
Root Mean Square Error (RMSE) as the optimization
criterion. The optimization of a was done with a different set
of estimation data than that one used in Fig. 5 and Table 2. It
was found that a=2dB gives the best results, meaning that we

trust the RFID positioning as long as the RFID signal strength
is higher than the WLAN signal strength with a 2 dB margin.

The results of the hybridization algorithm (Fig.3), compared
with pure WLAN and pure RFID positioning are shown in
Fig. 5 and in terms of the cumulative distribution function of
the distance error and of the percentage of estimated track
points with a distance error below 2 m, respectively. In Fig.5
we show what happens when only N out of the four RFID
readers are used, N=1,...4. Clearly, more RFID readers are
available, the better the accuracy of the location solution. The
pure RFID solution is unable to offer a position estimate in 40
to 80% of the cases (depending whether we use 4 or less RFID
readers), and this is because the reader range is limited, and
there are many points inside the room where no backscatter
power reaches the readers. On the other hand, a pure WLAN
positioning solution can always offer a position estimate. Pure
RFID solutions are indeed slightly better at very low distance
errors (lower than 1m), but this kind of small errors are
achieved with a low probability. Table 2 illustrates the
probabilities (given as percentages) of achiving a distance
error less than 2 m with any of the considered
algorithms.Hyrid RFID-WLAN solutions are clearly the best,
even with only one RFID reader. The results clearly show the
benefits of a hybrid RFID-WLAN architecture, benefits which
can be incorporated in a commercial architecture as illustrated
in Fig 5 (b).
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Fig. 4. Optimization of the hybridization parameter a.

IV. CONCLUSION

In this paper, we have introduced a novel hybrid WLAN-

RFID indoor localization solution. The hybrid solution is
suitable for the indoor positioning in environments where both
RFID and WLAN signals are available, since it takes
advantage of both types signals. The textile passive RFID tag
proposes very cost effective, easy implemented and efficient
configuration for human tracking in harsh environments and it
can be deployed for other purpose such as access control or
patient tracking in health care applications. The presented
configuration based on the hybrid model can be expanded for
larger indoor area utilizing more RFID tag and readers, as
illustrated in our design recommendation in Fig. 5 (b).
Our experimental results show that our hybrid solution can
enhance the probability to get errors below 2 meters with
several percents even if only one RFID reader is available, and
that RSS coming from two different systems can be
successfully combined towards a joint hybridization solution.
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