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Abstract—The commercial interest in proximity services is
increasing. Application examples include location-basethforma- Periodic RS reports | [ <[ =[ o] ;[ *[R[R[R[ " {[*[*[*[*[*[*[[*[*[*[F[*["[7]
tion and advertisements, logistics, social networking, f sharing,
etc. In this paper, we consider network-based positioning &sed
on times series of proximity reports from a mobile device, ¢her
only a proximity indicator, or a vector of RSS from observed
nodes. Such positioning corresponds to a latent and nonliae
observation model. To address these problems, we combine dw
powerful tools, namely particle filtering and Gaussian pro@ss
regression (GPR) for radio signal propagation modeling. Tle
latter also provides some insights into the spatial correlgon of
the radio propagation in the considered area. Radio propagion
modeling and positioning performance are evaluated in a tyjzal Fig. 1. lllustration of event triggered proximity reports.
office area with Bluetooth-Low-Energy (BLE) beacons deplogd
for proximity detection and reports. Results show that the
positioning accuracy can be improved by using GPR.

Event triggered proximity reports ‘ ‘P. ‘ . . . . . . .p‘ ‘P. .P‘ . . .P. .F'. ‘ ‘ . . ‘

Trigger Proxlmily reports

In our work, we consider centralized tracking of a mobile

. INTRODUCTION device using proximity reports. In the training phase, R&&m
over th > ind itioni . el surements are collected and sent to the computation entity f

ver the past lew years, indoor positioning using wire eSﬁaropagation modeling. The threshold used to convert RSS int
sensor networks has received considerable attention dihe to roximity reports are optimized. In the operational phase
ever increasing demand on location based services (LBS) thﬁmbile device collects RSS measurements from the reference
are widely used in a variety of appllcanons. S.UCh W'rel.es%etwork nodes. Proximity reports (converted from the RSS
infrastructures and techniques may include but is not échit according to (1)) are uploaded to the computation entity for

t%arznailal cells, W;\—/|F|t§\0(ie§,sbp0|lrl1ts% t"’r‘]nd Bluetooth-Low-igye particle filtering to estimate the position of the mobile iev
( ) beacons. Motivated by all of these, we propose an eve One candidate radio propagation model is the conventional

tfiggefed RSS-proximity report based particle filteringcal . linear log-distance (LLD) model from distance to RSS. How-
rithm, where model complexity appears as a hard-thresmgldi o0 "in 3 more realistic indoor environment, more advanced

when converting an RSS measurement into a proximity reporbropagation model may be needed to represent an RSS mea-

.. [0, RSS< Py, surement in terms of the 2-D geographical position. This
Proximity = {1 RSS> P, ° (1)  motivates the use of Gaussian process regression (GPR) to
’ th model the RSS measurements. Prior work includes [2], [3], [1
Event triggered proximity reporting is illustrated in Fiy.  The key difference lies in the use of different kernel fuos
Unlike periodic RSS reports, where a mobile device send# the non-parametric model. For instance, Matérn kerreed w
the measured RSS values to the network regularly, a proxased in [2], while Gudmundson’s kernel considered in [1].
imity report will be triggered only when the proximity statu Gaussian process has been also applied in different
changes (i.e., the mobile crosses a border when the RSZayesian filters, which include extended Kalman filter (EKF)
passes the threshold as shown by the cross marker in Fignscented Kalman filter (UKF) [3] and particle filter [3], [4h
1). A proximity report obtained in the above way reveals[3], a non-parametric GP was applied merely in the obseymati
whether or not the reporting device is in the coverage areaodel of the particle filter. In [4], the authors further apgl
(depending on the threshold) ofreference network node, for ~ the non-parametric GP in the prediction model of the particl
instance a BLE beacon, with known position. In addition, thefilter. This framework better suits the case where the mation
device may provide a RSS measurement vector of observeltarget is difficult to model parametrically. In this papeg
reference network nodes, i.e., not only the node that treggje extend the idea proposed in [3] to adapt to a proximity report
the proximity report. In our previous works [1], we have based particle filtering algorithm. The method is evaluatéb
proposed a general framework for finding a reasonable RS&al measurements collected in an office area. The positioni
threshold, P;;,. Harness of proximity reports may result in performance considering either a conventional LLD model or
new fashioned positioning system with lower communicationa GP model are compared thoroughly.
bandwidth, smaller database, as well as cheaper deployment The remainder of this paper is organized as follows:
and maintenance cost. Section Il introduces the GP based propagation model and



describes the problem at hand. Section IIl introduces alnoveassumed to correlate in space according to the well-eskeduli

GP based patrticle filtering algorithm for proximity reports Gudmundson’s model [6],

Section IV validates and compares the GP based particle ,

filtering algorithm. Lastly, Section V concludes the paper. E [e(p)e(p’)] = 02 - exp [M} 7
Throughout this paper, matrices are presented with upper- le

case letters and vectors with boldface lowercase letters. T ity I being the correlation distance [5].

T R
operator]” stands for vector/matrix transpose gijd" stands The above nonlinear GPR model of the underlying RSS

for the inverse of a non-singular square matrix. The operatog completely specified by its mean function and covariance
| - |l stands for the Euclidean norm of a vector and| ¢ nction

denotes the cardinality of a set. The operdigr) stands for S0 /
the statistical expectation. 7(p) ~ GP(m(p), k(p, p')),
where

Il. MODELS

(1>

m(p) 2 E[#(p)] = A + 10Blogyo (M) ,

We consider an indoor sensor network which comprises do

Np reference network nodes with priori known positions, - ~
prj» J = 1,2,...,Np and one computation entity. A set k(p,p') £ E[(7(p) — m(p))(7(p") — m(p"))] = E [e(p)e(p’)] -
of RSS model parameters for a specific model are calibrated
during a training phase. In an operational phase the state of

. . ; X . Assume we have a data set
mobile devicexy, is to be tracked at each time instarice

D:{(pc,r(pc)ﬂc:1,2,...,M}

collected (can be sparsely) at different calibration |moes,

In the following subsection, we first provide the linear log- Pe. in the training phase. We assume that the actually observed
distance propagation model and further a nonlinear GaussiaRSS,7(p.), is of the form
process regression model [5].

A. Propagation model

Linear log-distance model.By ignoring the subscrip§, r(Pe) = 7(pe) + e, c=1,2,..., M.
the classical LLD model is given by The noise termsi.,c = 1,2,..., M are assumed to be
lp — pill i.i.d. Gaussian with zero mean and variancg accounting
r = A+ 10Blog;, (T) +e, (2)  for the joint influence of the interference from other desice
0

signal absorption from human bodies, as well as the small-
M scale fading. We write the likelihood function of the obsatv
RSS measurements as

wherer is the RSS measuremen, is the reference distance,
A is the pgth loss measuredd@l; B i; the pat_h loss exponent, p(r(P); 8) ~ N(m(P),C(P,P)), (3)
[lp — pr|| is a notation for the Euclidean distance between a _ _ _
sample positiorp and the reference network node’s position Where the following notations are newly introduced:
p-. Often, the measurement noiseis assumed to be time 0 —[A,B o2 021 ]T
invariant and univariate Gaussian distributed with zerame TR Ess Y tel o
and variancer?, i.e.,r ~ N(u,0?). The propagation model P = [p1,p2,. .-, Pum),
parametersA, B, ands?, can be calibrated for instance in a [r(p1), r(P2),- .., r(par)]7,
[

> 1> >

training phase, given a batch of RSS measurements collected r(P) T
from all reference nodes [1]. m(P) = [m(p1), m(p2),...,m(pum)]"

Gaussian process regression modedh the following, we k(p1,p1) k(p1,p2) ... Kk(P1,PM)
adopt GPR to model RSS. The motivation is that for different k(p2,p1)  k(p2,p2) ... k(P2,PMm)

geographical positions but with the same Euclidean digtanc K(P,P)
to a node, the corresponding radio channel conditions-@ifne : : . :
sight or non-line-of-sight, multi-paths, reflections, asw on) k k . k(puy.Dh
can be different. We represent the underlying RSS as a real- . (Pas, P1) , (Pas,p2) (Pas; Par)
valued Gaussian procesgp), nonlinearly in terms of 2-D  C(P,P) = K(P,P) + 0, - L.

geographical position. By ignoring the subscrjptwe give a
function view of the underlying RSS as follows:

[I>

The parameters included i@ are usually unknown and
need to be calibrated. A parameter estiméltecan be found
llp — prl| through maximizing the likelihood function (3) numerigall
T) +e(p), using for instance the limited-memory BFGS (LBFGS) quasi-

) ) ) ~ Newton method or the conjugate gradient (CG) method [7].
where A, B have the same meanings as given in the linearnhe obtained is treated then as underlying parameters.
propagation model. Similarly, the error tera{p), due to the |y order to give a training data dependent observed RSS
large-scale shadowing effect follows a zero-mean Gaussiaodel that takes into account all error sources, we compute

distributione(p) ~ N(0, o2). However, in contrast to the inde- according to [5] the Gaussian posterior probability of an
pendence assumption made in the LLD case, the measuremejHserved RSS value at any positipn by

errors (due to the shadowing effect) observed at two postio . -
sayp andp’, relative to the same reference network node are p(r(p«)|D;0) ~ N (fi(p+), k(ps), ) 4)

7(p) = A+ 10Blog, <



where

the initial state. Each sample of the state vector is
referred to as garticle. Set w((f) = 1/N, for all

fi(p.) = k' (p., P)C™ (P, P)(r(P) —m(P)) +m(p.) (5) i1 N
k(ps) =02 4+ 02—k (p.,P)C"}(P,P)k(p.,P). (6) 2) Importance Sampling: For eachk = 1,...,T', do the
followin
Note that in (5) and (6), g oy
K . a) Draw samplese;”’, i = 1,..,N from the
k(p«, P) = [k(pe.p1), k(Pe:P2), - (Pepa)] - importance dlstnbutlom(wkkngﬁl).
b) Calculate new weights according to
B. State-Space Model @ @ @
In what follows, we consider state-space models that are Wy o Wy Pzl
linear in the state dynamics and non-linear in the obsemati wherez is a vector of measurements and
For instance, we use the following conventional motion niode (Zk|¢13k gc) is the likelihood function ofz;,
to relate position and velocity indoors [8], g.venw,@, which will be derived later in this
Tiy1 = Fxy + Bywy, section.
T . i ¢) Normalize the weights to sum to unity, i.e.,
where x, = [Pays Dyps Vz» Uy, ) 1S the underlying state
vector at time instancé with p,, andp,, denoting the 2- @) w(i)
D position p and with v,, and v, denoting the velocity Wy = ﬂ'
in the corresponding dimension. The acceleration neige Dim1 Wy

is assumed to be multivariate Gaussian distributed witlo zer d)
mean and covariance matri,, = o2 I.

Two observation models are considered in the sequel.
We start with the RSS measurement model. Considering the
GPR model given in Section II-A and the assumption that
RSS measurements collected for different reference nages a
mutually independent yields

Ty = [Tk-,l(p)v Tk72(p)v -+-»Tk,Np (p)]Tv (7)

wherery, ;(p) is the observed RSS of beacgmat positionp,
which is defined as a Gaussian process in Section II-A.

For proximity based measurements, the observed proximity
vector can be obtained by comparing the RSS measurements

The approximation to the posterior expecta-
tion of x;, is then given as

S i) (4)
mwzw%.

3) Resampling: If the effective number of particles, i.e.,

1

Nett ~ =5 a5
S (wy)

is too low, perform resampling [9].

with a predefined threshold, as was shown in (1). A proximityLikelihood function for RSS measurement The likelihood

measurement model is thus expressed as

funct|onp(zk|:n,(€)) for RSS measurement can be calculated as

follow. We assume that the RSS measurements collected for

Yr = f("'k) - [f(rkyl)v f(’r/%?)v SR f(rkyNB)]T’ 8)

whereyy = [yk1,---,Yk.ng)L IS the proximity report vector
with ‘I’and ‘O’indicating in and out of proximity, respec-
tively.The non-linear functiorf (x) performs hard-thresholding
of an input,z, as follows:

_ 07 xSPth
f(x) a {17 x> Py

Solving filtering problems based on the GPR model with?
nonlinear noise factor will be the main focus of the remainde
of this paper.

IIl. PARTICLE FILTERING ALGORITHM

() _
Particle filtering algorithms based on both RSS and proxP* =

plzilzl) = p(ri)z”

ple posmon T

different reference nodes are independent. Moreover,

Hprkjh} ,

where d(z) is the Euclidean distance between tith sam-
Ee), and the jth reference node’s position.
(r;w|ac,C ) is Gaussian distribution, more precisely,

plriley)) ~ N (ﬁ(pf))ﬁ(pf)),) : (9)

where p{”) is the 2-D position of particle sample'” and
T .
{pzm,py(i)} . The meanﬁ(pf)) and the variance
k k

imity reports are given in this section. Particle filters arey(p (”) can be found in (5) and (6), respectively.

methods to perform Monte Carlo approximations of the op-
timal Bayesian filtering equations. In what follows, we use t

sequential importance sampling (SIS) method to approximatimity reports
(zk|ac§C ) = p(Yk |cc ) is increased by introducing a non-

the posterior distribution.

Likelihood function for Proximity Reports:

For prox-
the complexity of calculating probability

According to the state-space model given in Section II-B/linear noise factor. It further impacts the calculation bét

a particle filter algorithm based on GPR is given below:

1) Initialization: Generate samplem((f) ~ p(xp), i =
1,...,N. Here,p(x() denotes the prior probability of

weights. Accordingly, the method of calculating weights in
step2.b is given in the following equation:

wi ocwi? plyxley”),



TABLE I. EVALUATION PARAMETERS.

1 11
Parameter Value Description A B
e P 1.2 o | ..y Hwo
F 2 42 CV motion model parameter c
0-1 I2 -1.4F 3 =19
By Py Iz CV motion model parameter -1.61 - AN 18 o
T Iy m Sy s & 9]
= = — T-1.8¢ N B = 17 ©
Ts 0.3 sec Sampling interval put J/ ,r " IS
ow 1.5 STD of the acceleration noise =2 2 g £ 46 £
“o [15.22, 18.36, 0, 0] L Mean ofzg o L iy \ o
2075 O - - -2.2¢ ‘' 95
3o o of Covariance matrix ofe(y | -
2 2 2.4¢ Y . <IN 14
N 5000 Number of particles . 3 o
Z S .
Ny, —N Threshold for resampling -2.6F T 73
_3
P, -86 dBm Same threshold for all beacons -2.8 ' ' ; ' ! : ' ' 2
Ptdh, [-76,-84,-85,-79,-80,-81,-84,-84,-79,-84Bm Different thresholds for each beacol 2 3 4 5 6 7 8 9 10

Beacon Index

Fig. 2. GPR model parameter® (unit in dB), I (unit in meter).
where y, is a vector of proximity reports, cf.(8), and
p(yk|:13,(;)) is the probability distribution ofy, given :cgj), B. Propacation modelin
which is given by: - Fropag 9

In order to train a set of propagation parameters, a total
(i) ~n (i) number of M RSS measurements were collected alég
p(yrle,’) = Hp(yhﬂ% ) predefined tracks. After the training phase, an RSS projmagat
J=1 model between the transmitter and receiver was obtained.
Nb _ Examples of LLD and GPR models can be found in [1, Fig.5
= H Z O(yrj — Dp(Yk,; = l|:1:§j)). (10) and 6]. Some of the trained parameters for GP model are

j=11€{0,1} shown in Fig. 2. As seen, the parameters vary between differe
beacons. Some interesting observations include be&eudth
It is easy to prove further that good (highB) and very uncorrelated (low.) propagation as
well as beacorb with average and very correlated (high)
_ N O) propagation.
p(ys; =Olay)) = @ il _M(I_)* )
k(p!")

(4) () C. Performance Evaluation
p(yrk; = zy’) =1 = p(yk,; = 0lz}”), . . .
, In this section, positioning performance of the proposed
t— : t— ithm i i i i i
where ® (_ﬂ> _ 1 ﬁoo exp {_M] algorithm is evaluated first with a unique optimal RSS thresh

2052 old for all beacons and then with different RSS thresholds
for different beacons. In [1], we have shown how to train a
unigue optimal RSS threshold. Multiple RSS thresholdsrgni
is an extension of the previous work under investigationnin a

This section introduces the evaluation setup, propagatiofngoing work. The idea is to set an individual RSS threshold

problem in terms of all thresholds. In the sequel, we simply

use the results without explaining the optimization prared
A. Setup An overall illustration of the estimated positions based on
the proposed GP algorithm is shown in Figure 3. The trajgctor
is selected from one of th&2 predefined tracks. It can be seen
that the algorithm based on high frequency periodic RSS re-

2o

IV. RESULTS

We consider a typical office environment at Ericsson,
Linkoping, Sweden. In totaNp = 10 BLE beacons are placed

gggggw% olgitggﬁsa;?:.sggv?/ nfli(;]o[rlplgir;] zis well as the knOwnpor_ts provides better positioning accuracy than low fregye
In order to show the perform,ancé of the proposed algoloerIOOIIC RSS, which outperforms event triggered proximity
reports. To compare the statistical performance of thegseg

rithm under real circumstances, we provide results with rea : .
. ’ . orithm based on GP with the one based on LLD model [10],
RSS measurements which are collected along the predefln%)g cumulative distribution function (CDF) of the estinoeti

tracks. The RSS values are then converted to proximity mead " are compared in Eia. 4. The estimation error at each
surementsy, by comparing RSS with the threshold. In the S P 9- — -

evaluation, a high frequency (i.e., 10 Hz) periodic RSS repo Position is computed ak;, = \/(Pwk =3 )+ By — 15, )%

ing is considered as baseline, in addition to event trigherewherep,,, p,, is the estimated position and, , p, is the
proximity reporting. Besides, two intermediate cases &e a ground truth. It is clear that by applying GP, the positi@nin
considered. The first one is the event triggered RSS reprtin accuracy based on high frequency periodic RSS measurements
where RSS values are sent at the same occasions as thas been greatly improved. This is reasonable, since GP
proximity reports. In the second case, low frequency péciod models RSS measurements more accurately so that there is
RSS reports are sent, i.e., the total number of RSS reportess mismatch between the real RSS and propagation model.
will be kept the same as the average number of the everrom Fig. 4 we can also see that low frequency periodic
triggered proximity reports.The performance of the péatic and event triggered RSS provide similar accuracy and the
filtering algorithms with parameters listed in Table-l wile  performance lies in between high frequency periodic RSS
compared in Section IV-C. and event triggered proximity reports. Besides, by using GP
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Fig. 3. lllustration of the estimated positions with offg, for all beacons.  rig 5 jjlustration of the estimated positions wiltf}, for different beacons.
1 = — ] 1 ;
" High freq. periodic RSS LLD —hian Periodic RSS
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O 0.4F Low freq. periodic RSS GPR O 0.5 Event triggered RSS with P?h
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Fig. 4. CDF of the positioning error with ong;;, for all beacons. - I . .
9 p 9 th Fig. 6. CDF of the positioning error W|tliPt‘§1 for different beacons based
on GP.

the positioning accuracy for those cases are also improved.
For event triggered proximity reports, GP provides meter
improvement in accuracy.

Systems (TRAX) with grant number 607400. We acknowledge
the support from SenionLab, who provided the BLE beacons

In F|g 5 and 6, we present the positioning performanceand associated positioned RSS data.

with P2 for different beacons using GP. As it can be seen, by
optlmlzmg a set of differentP); for different beacons, the
median estimation error decreases hyg meters for event
triggered prOX|m|ty reports, while for event triggered RSS (1
reports, there is no significant improvement.

From above we conclude that by using GP, the po-
sitioning accuracy can be improved for both periodic RSS [2]
reporting (both high and low frequency) and event triggered
reporting (proximity or RSS). By selecting different thine¢ds
for different beacons, the positioning accuracy for pragm
reports is further improved. We should also mention that one
advantage of proximity reports is that they adapt autorabyic
according to the velocity of the user. However, it is not flalss
beforehand to select an appropriate low frequency remprtin
period for RSS reports.

(3]

(4]

[5]
V. CONCLUSIONS

6
In this paper, we have proposed a Gaussian process base[d]

particle filtering algorithm, which is applicable for pragstion
modeling and indoor positioning based on event triggered[7]
proximity reports from a mobile device to several refer-
ence network nodes. Positioning performance based on event
triggered proximity reports is satisfactory. We have faerth
demonstrated that by applying GP, the positioning accuracy
is improved.

[9]

. . . . [10
This work is funded by the European Union FP7 Marle[ !
Curie training programme on Tracking in Complex Sensor
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