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Abstract—This paper' addresses the problem of indoor lo- ; ; i %I
calization by using wireless sensor networks. The sensor des : :
are equipped with two RF front-ends operating at 433MHz and : a”‘(’rt‘,?[tgr‘)’de a”(cri‘)%ftggde=
2.4GHz, respectively. A location estimation and tracking ko- :
rithm that exploits the different channel propagation character- ; \'\ i /
istics at the two frequencies is proposed. The ranges are estted aEmoRIS
based on received signal strength indicator (RSSI) and patioss : ‘\ "
models at both frequencies. The location is calculated by ugy

ordinal multi-dimensional scaling (OMDS). The instantaneus 5
estimates are filtered by using a Kalman filter (KF) together with 5 /

a simple motion model. The algorithm performance is tested ¥

using real-world measurement data. ; I | I | '
 anchor node anchor node :

I. INTRODUCTION \._ (router) (router)
Indoor localization has been attracting an increasingeste / 5433 MHz device
both in academic and industry research. While the outdoor
localization is usually solved by the satellite navigati&ys- eserlinEler MeaE I 2.4 GHz device

tems, there is no general reliable solution to the indoor
location problem. The main reason is that indoor location
is subject to severe propagation conditions and significant

non-line-of-sight component in radio frequency (RF) signa high microwave absorption of the water [1]. Exploiting the

Existing RF-based indoor localization approaches. usdiegis different propagation characteristics has been considertae
standards (IEEE 802.11 WLAN, |IEEE802.15.4/ZigBee, etCoh oyt of radar applications for target localization [Zhe

or dedicated proprietary hardware (€.9. pseudo-saslite o004 contribution is an ordinal multi-dimensional sugli

In this work, we propose a dual-frequency indoor lorgyps) algorithm for position estimation that uses a novel
calllquon a_lgorlthm for wireless sensor networks (WSN_Bistance mapping function. The proposed OMDS algorithm
This is motivated by the fact that nowadays, cheap sensigginertorms both the least-squares multilateration [3] tre

devices capable of communicating over multiple wirelesgqtric MDS [4]. A Kalman filter approach is employed to
interfaces are available (e.g. smart phones incorporatrale reliably track the position over time

radio transceivers). The main contribution is that we eitplo

the different propagation characteristics at two freqiEf)c  ||. NETWORK ARCHITECTURE AND COMMUNICATION
433MHz and 2.4GHz, respectively, for range estimation. The PROTOCOL

lower frequency signal propagates better inside buildings . .
through concrete walls, or water (e.g. human body). TheThe network architecture consists of several anchor nodes

higher frequency signal is strongly influenced by the baii with known location and multiple user devices, as shown in

partitioning as well as by the presence of people due to t%q L They_are all qulpp_ed with d_ual frequency transgsive
e centralized localization algorithm runs on an external

1This work was supported by FCT (Fundaczo para a CiénciaTeca SETVer, whose gateway is the network coordinator node. The

nologia) through the VR (Vital Responder) project (withinet Carnegie- communication protocol is summarized below:

Mellon|Portugal program. ref. CMU-P/CPS/0046/2008), CALLAS (@l , .
and Languages for Sensor Networks) project (ref. PTDC/EIA62/2006), 1) The user’s device broadcasts a 2.4GHz wake-up message

and by FEDER (Fundo Europeu de Desenvolvimento Regional). to the neighboring routers

Fig. 1. System model.



2) The routers wake up their 433 MHz transceivers from tHa practice, preserving exact distances is not possibleaithe
default energy saving mode large ranging errors (e.g. incompatible set of distances)e-

3) Routers reply with a 2.4GHz acknowledge message cially in RSSI-based ranging. Therefore, the metric asgionp

4) The end device (mobile user's terminal) broadcastsb@comes unnecessary. Instead of preserving the exacatahsta
433MHz message to the routers between nodes, ordinal MDS [4, Chap. 9] preserves only the

5) The routers reply with a 433MHz acknowledge messagedering of those distances. Thus, the measured distaise

6) The messages sent by the end device at the two frequesplaced by a monotonically increasing functionabff(d),

cies are used to measure RSSI called pseudo-distance (or disparity).
7) RSSI information is routed to the gateway for centralized We propose a distance mapping function comprised of two
position estimation and tracking terms, an increasing linear function and a logarithmic fiomc

The functionf captures the channel model imperfections and

Il. POSITION ESTIMATION ALGORITHM corrects the over-estimated ranges, in average. Its esipres
In general, in an indoor environment, the ranges are ovgs-given by

estimated due to severe non-line-of-sight propagatiorh suc f(d) = ad + Blog(d + 1), (3)

as shadowing caused by walls and massive objects [5]. ) o )
Consequently, the position estimates will be highly biaséljth the corresponding coefficients ( calculated by mapping
towards a direction opposite to the anchor node. Moreovf,(ne measured distances to the true distances. This fumisti
the variance of the range estimation error increases with t monotonically increasing function satisfyirfg0) = 0. The
distance. Therefore, it is desirable to avoid very weak Rgs| SUPeriority of the ordinal MDS over the metric MDS has also
selecting fewer, but more reliable neighboring anchor sod&€cently been shown in [6], where time-difference-ofafi
The proposed dual-frequency ranging approach exploits tRgSed ranging is used.

basic properties of the wireless propagation channel. The fi IV. POSITION TRACKING ALGORITHM

one 1s the_ inherent frequency dlvers@y, €., _the fact that The inherent spatial and temporal correlation between con-
the two wireless channels may experience different fadin

s%cutive ositions may be exploited in order to filter out the
statistics. The second property to be exploited is the miffe P Y P

o : utliers. A Kalman filter approach [7] is used in this paper.
capability of the radio waves to penetrate obstacles at t‘%ﬁe motion components in each dimension are considered

two frequenues. For eggmple, the 433!\/”_'2 rad_|o Waves ¢ pe uncorrelated, and therefore, the tracking can be de-
considerably less sensitive to the user’'s body influence a&g

. mposed accordingly, for each aisThe state vectos;
penetrate concrete walls much better than 2.4GHz radlo_wa\é? time instantk consists of positiory; and speeds; along

[1]. Adding the RSSI information at the higher frequenc;(/i certain axisi € {x,y,2} (two or three dimensions), i.e
improves the range estimates in line-of-sight, and prcs/idgl.(k) — [pi(k) Sn(ki)]T’ The motion model is T
frequency diversity. Our range estimation is based on two ' ’ ' y
log-distance path loss models that have different path loss _ Ty /2 0 4
exponentsy o andny, for the higher and the lower frequency, si(k+1) = { 0 1 ] si(k) + { 0 1 }W"(k) )
respectively. The estimated distances corresponding @¢o th
lower and the higher frequencies are denoteddb@; and
dni, respectively. A high difference between these distan
indicates that a strong shadowing effect may have occurr
e.g. a wall or some other obstacle. The final range estimate is v, (k) = [1  0]s;(k) +v;(k), i€ {z,y,z}. (5)
selected to be the minimum of the two distances s end

F g

C\é@ereT is the observation rate, and; is the state noise. The
Jeasurement equation is

H

d = min{dio, dni }- (1) Both the state noises;; and measurement noisegk) are

This way, the probability of overestimating the range igzs’:;naendcgo 2b;= ugr(]:grrilatreed, Zi:.o;?eaa’nggf GGaauss_,::]rjt with
reduced, especially when severe shadowing occurs. vari ST 12 0y, TESpectively. ussianity

Multi-dimensional scaling (MDS) [4] is a reliable metho?SSUmPtion. the Kaiman filter is mean-square error optimal.
to recover the nodes coordinates from multiple pairwiscgeanOtherW'SE’ it will be th? best I.|near estimator. The pradict
measurements. Positions can be estimated up to an isomee[%atlon (the state estimate) is
transformation (rigid motion) that may be removed by using Si(klk —1)=Fsi(k—1k—1), i€e{x,y,z}. (6)
the known position of the anchor (reference) nodes. Metric . . .

MDS [4, Chap. 9] minimizes the so-callestress function The prediction error covariance matrix is given by
describing the mismatch between the measured distadices Pi(klk—1) = FPi(k—1k—1DF " +526G6"%, (7)
and the distances corresponding to the current node positio o
x =[xy 2T, for all N nodes, i.e. and the Kalman gain is calculated as
N N K(k) = Pi(klk— DR [H(k)P:(klk—1)H  +02] " (8)
S(x1,...xN) = Z Z [dm_’nfd(xm,xn)f. (2)

m—1n—1 2This is a typical assumption in target tracking (Cartesiaardinates) [8].
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Fig. 2. Comparison between different algorithms: the lsgstares multilater-
ation (MLT), ordinal multi-dimensional scaling (OMDS), &the OMDS with
the Kalman filter (KF). The position estimates degrade fgpidr the MLT

Fig. 3. Mean RSSI variation along the path, w.r.t. differanchor nodes.
Strong shadowing phenomena may be noticed after leavindatge room
where the anchor nodes are located (see Fig. 2).

algorithm after leaving the large room where the anchor sade located. The
OMDS algorithm is capable of roughly estimating the shaptheftrajectory.

The Kalman filter improves significantly the OMDS estimates. 20 at 433 MHz ‘ 0 ‘ at 2_4 GH‘Z
+ measurements *  measurements
o 35F ideal 1 %35 ideal
The estimation error covariance matrix is given by % w0l | % " * %
E E *
Pi(klk) = Pi(klk — 1) ~ K(EYHPi(k|k — 1) (9) g as| |5 o
. . . . . - = =
Finally, the correction equation (the filtered state estapés g 20 182 Ak
©° S * *
Si(klk) = 8;(k|k—1)+IC(k) [u(k)f’Héi(Mkfl)],i e{x,y,z}. 3 g * *E
© + T * %
(10) £ 100 tf++ +1+ g L
= . =
V. SIMULATIONS AND EXPERIMENTS 3 st e v ety QO sf LA o x
e s + oy %
In our experimental setup, self-made wireless sensor noc o, m 0 T

5 2 4 6 8
were used, five of them operating at frequency of 433MH true distance [meters] true distance [meters]
and other five operating at frequency of 2.4GHFhe motes at .
lower frequency use an CC1110 chip (Texas Instruments, In(f.f- 4. the. : :

. reguencies (perfect estimation corresponds to the firatgunt bisector). It
and ANT-433-SP chip antenna (Antenna Factor), whereggy pe noticed that the estimation is more accurate at therléequency.
the motes at higher frequency use a CC2530 chip (Tex&she higher frequency, the distance is often overestithate
Instruments Inc.), and 2450AT43A100 chip antenna (Johanso
Technology Inc). The differences between the antenna gains
at the two frequencies have been compensated in the software= 1 second. Each measurement is obtained by averaging
For measurements and test purposes, motes were programed 10 RSSI measurements, in order to diminish the space-
with a custom application on top of Minimal RF Interfac&ime selectivity of the fading.

(MRFI) protocol. The mean RSSI along the walked path is shown in Fig.
We consider the lab environment at IEETA Aveiro, ShOWB, with respect to each of the four anchor nodes, at both
in Fig. 2. Four anchor nodes (denoted by, Az, As, A; and  frequencies. Higher attenuation may be noticed at the highe
marked with black crosses) are used to cover the large ro@@dquency, especially when a wall obstructs the direct path
and a small part of the corridor. One mobile nbdehose petween user and anchor nodes. The range estimation is based
position needs to be determined moves along the traject@yy two different log-distance path loss models whose path
shown in Flg 2 by the gray line with circle markers. Th%ss exponents o = 2.35 andny = 3.1 Correspond to the
mobile user enters the bUIIdIng, crosses the |arge room, qﬂgher and the lower frequency, respecti\/e|y, and they were
continues Walklng along the corridor. The range measurmegxperimenta”y derived by using our measurements.
are taken at the circle markers, with a sampling period of g 4 shows the estimated distances plotted against the
3The two transceivers will be integrated in the same circoirt. _true distances, co_rrespondl_ng to .the two frequenmes.dhgt_r
4This is not a limitation of the proposed algorithm, it is ordgnsidered Impact of the environment is noticed on the RSSI, espemally
for the clarity of the figure. at the higher frequency. The lower frequency penetratasibet

The true vs. the estimated distances correspondinthe two



the walls and obstacles (user's body), The best three anc | positioning error along the path

nodes in terms of RSSI are used for location estimatic g est. pos. (MLT), mean error=2.2m
standard deviation=1.6m 5
/

and the range is determined as the minimum of the tv _ 6 . est pos. (OMDS), mean error=1.9m

standard deviation=1.5m //

5 tracked pos. (KF), mean error=1.3m AN E/ g
standard deviation=0.6m \ /

distances, corresponding to the lower and the higher frege
respectively. Most of the time, the lower frequency yields
better range estimate, especially in non-line-of-sight, the
higher frequency improves the range estimates in linegifts
The selected range is then input to the proposed OMIL
algorithm for position calculation. The distance mappin
function is given in (3), with the corresponding coefficent
a = 0.83,3 = 1.83 calculated by mapping of the measure!
distances to the true distances. Althoughi) is quite close
to an identity function, it improves the position estimalss
decreasing the mean stress of the network spatial topolc

raph. . . I i i
grap . . L. . . Fig. 5. The position estimation error of the least-squarestilateration
Two different algorithms for position estimation are COMAVILT), ordinal multi-dimensional scaling (OMDS) and OMD®yarithm with

pared in Fig. 2. The first one is the classical least-squargs Kalman filter (KF). Although the difference between théTvand the

based multilateration (MLT) technique (see for example) [3 MDS position estimation algorithms does not appear to g lage, the
. . . . .torresponding trajectories are quite different (see Fjg. 2

and is shown in Fig. 2 by the magenta dashed line wi

square markers. The second one is the proposed ordinal multi

dimensional scaling (OMDS) and is shown in Fig. 2 byaieq. The extension of the proposed scheme to cooperative
the blue dot-dashed line with triangular markers. It may B&sitioning will also be considered. More advanced motion
seen that the OMDS algorithm outperforms the classical ML odels will be employed, together with computationally at-

algorithm whose e_stimates deviate further away from the trﬂactive Bayesian filters for position estimation and tiagk
path. In our experiments, we found out that even the metkigat qo not require Gaussianity for optimality.

MDS outperforms MLT. The influence of the human body on
the position estimates may also be noticed Fig. 2 after the VIl. CONCLUSIONS

user enters the large room. The user holds the sensor nodg dual-frequency position estimation and tracking aldorit
in his right hand with antenna aligned to the direction dbrindoor environments was proposed. The position esiimat
motion. When his body starts to obstruct the line-of-sight trelies on an ordinal MDS method, and the tracking is done
the anchors nodes:Aand A,, the estimated position tendspy using a Kalman filter with a simple motion model. The
to be deviated away from these anchor nodes (see Fig. &jorithm performance is simulated in an lab environment by
We found that without using the lower frequency, the rangdgsing parameters derived from measurements. The estimated
is severely ov_erest|mated, thus making the position ettima path of the mobile node is close to the true path, considering
very challenging. that no knowledge about the building geometry was assumed.
The OMDS estimates are incorporated into the Kalman filter
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