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Abstract—The commercial interest in proximity services is
increasing. Application examples include location-basedinforma-
tion and advertisements, logistics, social networking, file sharing,
etc. In this paper, we consider network-based positioning based
on times series of proximity reports from a mobile device, either
only a proximity indicator, or a vector of RSS from observed
nodes. Such positioning corresponds to a latent and nonlinear
observation model. To address these problems, we combine two
powerful tools, namely particle filtering and Gaussian process
regression (GPR) for radio signal propagation modeling. The
latter also provides some insights into the spatial correlation of
the radio propagation in the considered area. Radio propagation
modeling and positioning performance are evaluated in a typical
office area with Bluetooth-Low-Energy (BLE) beacons deployed
for proximity detection and reports. Results show that the
positioning accuracy can be improved by using GPR.

I. I NTRODUCTION

Over the past few years, indoor positioning using wireless
sensor networks has received considerable attention due tothe
ever increasing demand on location based services (LBS) that
are widely used in a variety of applications. Such wireless
infrastructures and techniques may include but is not limited
to small cells, Wi-Fi access points, and Bluetooth-Low-Energy
(BLE) beacons. Motivated by all of these, we propose an event
triggered RSS-proximity report based particle filtering algo-
rithm, where model complexity appears as a hard-thresholding
when converting an RSS measurement into a proximity report:

Proximity,

{
0, RSS≤ Pth

1, RSS> Pth

. (1)

Event triggered proximity reporting is illustrated in Fig.1.
Unlike periodic RSS reports, where a mobile device sends
the measured RSS values to the network regularly, a prox-
imity report will be triggered only when the proximity status
changes (i.e., the mobile crosses a border when the RSS
passes the threshold as shown by the cross marker in Fig.
1). A proximity report obtained in the above way reveals
whether or not the reporting device is in the coverage area
(depending on the threshold) of areference network node, for
instance a BLE beacon, with known position. In addition, the
device may provide a RSS measurement vector of observed
reference network nodes, i.e., not only the node that triggered
the proximity report. In our previous works [1], we have
proposed a general framework for finding a reasonable RSS
threshold,Pth. Harness of proximity reports may result in
new fashioned positioning system with lower communication
bandwidth, smaller database, as well as cheaper deployment
and maintenance cost.
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Fig. 1. Illustration of event triggered proximity reports.

In our work, we consider centralized tracking of a mobile
device using proximity reports. In the training phase, RSS mea-
surements are collected and sent to the computation entity for
propagation modeling. The threshold used to convert RSS into
proximity reports are optimized. In the operational phase,the
mobile device collects RSS measurements from the reference
network nodes. Proximity reports (converted from the RSS
according to (1)) are uploaded to the computation entity for
particle filtering to estimate the position of the mobile device.

One candidate radio propagation model is the conventional
linear log-distance (LLD) model from distance to RSS. How-
ever, in a more realistic indoor environment, more advanced
propagation model may be needed to represent an RSS mea-
surement in terms of the 2-D geographical position. This
motivates the use of Gaussian process regression (GPR) to
model the RSS measurements. Prior work includes [2], [3], [1].
The key difference lies in the use of different kernel functions
in the non-parametric model. For instance, Matérn kernel was
used in [2], while Gudmundson’s kernel considered in [1].

Gaussian process has been also applied in different
Bayesian filters, which include extended Kalman filter (EKF),
unscented Kalman filter (UKF) [3] and particle filter [3], [4]. In
[3], a non-parametric GP was applied merely in the observation
model of the particle filter. In [4], the authors further applied
the non-parametric GP in the prediction model of the particle
filter. This framework better suits the case where the motionof
a target is difficult to model parametrically. In this paper,we
extend the idea proposed in [3] to adapt to a proximity report
based particle filtering algorithm. The method is evaluatedwith
real measurements collected in an office area. The positioning
performance considering either a conventional LLD model or
a GP model are compared thoroughly.

The remainder of this paper is organized as follows:
Section II introduces the GP based propagation model and



describes the problem at hand. Section III introduces a novel
GP based particle filtering algorithm for proximity reports.
Section IV validates and compares the GP based particle
filtering algorithm. Lastly, Section V concludes the paper.

Throughout this paper, matrices are presented with upper-
case letters and vectors with boldface lowercase letters. The
operator[·]T stands for vector/matrix transpose and[·]−1 stands
for the inverse of a non-singular square matrix. The operator
‖ · ‖ stands for the Euclidean norm of a vector and| · |
denotes the cardinality of a set. The operatorE(·) stands for
the statistical expectation.

II. M ODELS

We consider an indoor sensor network which comprises
NB reference network nodes witha priori known positions,
pr,j , j = 1, 2, . . . , NB and one computation entity. A set
of RSS model parameters for a specific model are calibrated
during a training phase. In an operational phase the state ofa
mobile device,xk, is to be tracked at each time instancek.

A. Propagation model

In the following subsection, we first provide the linear log-
distance propagation model and further a nonlinear Gaussian
process regression model [5].

Linear log-distance model.By ignoring the subscriptj,
the classical LLD model is given by

r = A+ 10B log10

(
||p− pr||

d0

)

︸ ︷︷ ︸

µ

+e, (2)

wherer is the RSS measurement,d0 is the reference distance,
A is the path loss measured atd0, B is the path loss exponent,
||p − pr|| is a notation for the Euclidean distance between a
sample positionp and the reference network node’s position
pr. Often, the measurement noisee is assumed to be time
invariant and univariate Gaussian distributed with zero mean
and varianceσ2, i.e., r ∼ N (µ, σ2). The propagation model
parameters,A, B, andσ2, can be calibrated for instance in a
training phase, given a batch of RSS measurements collected
from all reference nodes [1].

Gaussian process regression model.In the following, we
adopt GPR to model RSS. The motivation is that for different
geographical positions but with the same Euclidean distance
to a node, the corresponding radio channel conditions (line-of-
sight or non-line-of-sight, multi-paths, reflections, andso on)
can be different. We represent the underlying RSS as a real-
valued Gaussian process,r̃(p), nonlinearly in terms of 2-D
geographical position. By ignoring the subscriptj, we give a
function view of the underlying RSS as follows:

r̃(p) = A+ 10B log10

(
||p− pr||

d0

)

+ e(p),

whereA, B have the same meanings as given in the linear
propagation model. Similarly, the error term,e(p), due to the
large-scale shadowing effect follows a zero-mean Gaussian
distributione(p) ∼ N (0, σ2

s ). However, in contrast to the inde-
pendence assumption made in the LLD case, the measurement
errors (due to the shadowing effect) observed at two positions,
sayp andp′, relative to the same reference network node are

assumed to correlate in space according to the well-established
Gudmundson’s model [6],

E [e(p)e(p′)] = σ2
s · exp

[
−||p− p′||

lc

]

,

with lc being the correlation distance [5].
The above nonlinear GPR model of the underlying RSS

is completely specified by its mean function and covariance
function,

r̃(p) ∼ GP(m(p), k(p,p′)),

where

m(p) , E [r̃(p)] = A+ 10B log10

(
||p− pr||

d0

)

,

k(p,p′) , E [(r̃(p)−m(p))(r̃(p′)−m(p′))] = E [e(p)e(p′)] .

Assume we have a data set

D = {(pc, r(pc))| c = 1, 2, . . . ,M}

collected (can be sparsely) at different calibration locations,
pc, in the training phase. We assume that the actually observed
RSS,r(pc), is of the form

r(pc) = r̃(pc) + nc, c = 1, 2, . . . ,M.

The noise termsnc, c = 1, 2, . . . ,M are assumed to be
i.i.d. Gaussian with zero mean and varianceσ2

n, accounting
for the joint influence of the interference from other devices,
signal absorption from human bodies, as well as the small-
scale fading. We write the likelihood function of the observed
RSS measurements as

p(r(P); θ) ∼ N (m(P),C(P,P)), (3)

where the following notations are newly introduced:

θ = [A,B, σ2
s , σ

2
n, lc]

T ,

P , [p1,p2, . . . ,pM ],

r(P) , [r(p1), r(p2), . . . , r(pM )]T ,

m(P) , [m(p1),m(p2), . . . ,m(pM )]T ,

K(P,P) ,









k(p1,p1) k(p1,p2) . . . k(p1,pM )

k(p2,p1) k(p2,p2) . . . k(p2,pM )
...

...
. . .

...

k(pM ,p1) k(pM ,p2) . . . k(pM ,pM )









,

C(P,P) , K(P,P) + σ2
n · IM .

The parameters included inθ are usually unknown and
need to be calibrated. A parameter estimate,θ̂, can be found
through maximizing the likelihood function (3) numerically
using for instance the limited-memory BFGS (LBFGS) quasi-
Newton method or the conjugate gradient (CG) method [7].
The obtained̂θ is treated then as underlying parameters.

In order to give a training data dependent observed RSS
model that takes into account all error sources, we compute
according to [5] the Gaussian posterior probability of an
observed RSS value at any positionp∗ by

p(r(p∗)|D; θ̂) ∼ N
(
µ(p∗), k(p∗),

)
(4)



where

µ(p∗) = kT (p∗,P)C−1(P,P)(r(P)−m(P))+m(p∗) (5)

k(p∗) = σ2
n + σ2

s − kT (p∗,P)C−1(P,P)k(p∗,P). (6)

Note that in (5) and (6),

k(p∗,P), [k(p∗,p1), k(p∗,p2), . . . , k(p∗,pM )]T .

B. State-Space Model

In what follows, we consider state-space models that are
linear in the state dynamics and non-linear in the observations.
For instance, we use the following conventional motion model
to relate position and velocity indoors [8],

xk+1 = Fxk +Bwwk,

where xk = [pxk
, pyk

, vxk
, vyk

]
T is the underlying state

vector at time instancek with pxk
and pyk

denoting the 2-
D position p and with vxk

and vyk
denoting the velocity

in the corresponding dimension. The acceleration noisewk

is assumed to be multivariate Gaussian distributed with zero
mean and covariance matrixΣw = σ2

wI2.
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 nodes are
mutually independent yields

rk = [rk,1(p), rk,2(p), . . . , rk,NB
(p)]T , (7)

whererk,j(p) is the observed RSS of beaconj at 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
with a predefined threshold, as was shown in (1). A proximity
measurement model is thus expressed as

yk = f(rk) = [f(rk,1), f(rk,2), . . . , f(rk,NB
)]T , (8)

whereyk = [yk,1, . . . , yk,NB
]T is the proximity report vector

with ‘1’and ‘0’indicating in and out of proximity, respec-
tively.The non-linear functionf(x) performs hard-thresholding
of an input,x, as follows:

f(x) =

{
0, x ≤ Pth

1, x > Pth

.

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

III. PARTICLE FILTERING ALGORITHM

Particle filtering algorithms based on both RSS and prox-
imity reports are given in this section. Particle filters are
methods to perform Monte Carlo approximations of the op-
timal Bayesian filtering equations. In what follows, we use the
sequential importance sampling (SIS) method to approximate
the posterior distribution.

According to the state-space model given in Section II-B,
a particle filter algorithm based on GPR is given below:

1) Initialization: Generate samplesx(i)
0 ∼ p(x0), i =

1, ..., N . Here,p(x0) denotes the prior probability of

the initial state. Each sample of the state vector is
referred to as aparticle. Set w(i)

0 = 1/N , for all
i = 1, ..., N .

2) Importance Sampling: For eachk = 1, ..., T , do the
following.

a) Draw samplesx(i)
k , i = 1, ..., N from the

importance distributionp(xk|x
(i)
k−1).

b) Calculate new weights according to

w
(i)
k ∝ w

(i)
k−1p(zk|x

(i)
k ),

where zk is a vector of measurements and
p(zk|x

(i)
k ) is the likelihood function ofzk

givenx(i)
k , which will be derived later in this

section.
c) Normalize the weights to sum to unity, i.e.,

w
(i)
k :=

w
(i)
k

∑N

i=1 w
(i)
k

.

d) The approximation to the posterior expecta-
tion of xk is then given as

x̂k ≈
N∑

i=1

w
(i)
k x

(i)
k .

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

Neff ≈
1

∑N

i=1(w
(i)
k )2

,

is too low, perform resampling [9].

Likelihood function for RSS measurement: The likelihood
functionp(zk|x

(i)
k ) for RSS measurement can be calculated as

follow. We assume that the RSS measurements collected for
different reference nodes are independent. Moreover,

p(zk|x
(i)
k ) = p(rk|x

(i)
k ) =

NB∏

j=1

p(rk,j |x
(i)
k ),

where d
(i)
k,j is the Euclidean distance between theith sam-

ple position, x(i)
k , and the jth reference node’s position.

p(rk,j |x
(i)
k ) is Gaussian distribution, more precisely,

p(rk,j |x
(i)
k ) ∼ N

(

µ(p
(i)
∗ ), k(p

(i)
∗ ),

)

, (9)

where p
(i)
∗ is the 2-D position of particle samplex(i)

k and

p
(i)
∗ =

[

p
x
(i)
k

, p
y
(i)
k

]T

. The meanµ(p(i)
∗ ) and the variance

k(p
(i)
∗ ) can be found in (5) and (6), respectively.

Likelihood function for Proximity Reports: For prox-
imity reports, the complexity of calculating probability
p(zk|x

(i)
k ) = p(yk|x

(i)
k ) is increased by introducing a non-

linear noise factor. It further impacts the calculation of the
weights. Accordingly, the method of calculating weights in
step2.b is given in the following equation:

w
(i)
k ∝ w

(i)
k−1p(yk|x

(i)
k ),



TABLE I. EVALUATION PARAMETERS.

Parameter Value Description

F

[

I2 TsI2
O2 I2

]

CV motion model parameter

Bw





Ts

2
I2

TsI2



 CV motion model parameter

Ts 0.3 sec Sampling interval
σw 1.5 STD of the acceleration noise

µ0 [15.22, 18.36, 0, 0]T Mean ofx0

Σ0

[

20I2 O2
O2 2I2

]

Covariance matrix ofx0

N 5000 Number of particles

Nh

2

3
N Threshold for resampling

Pth -86 dBm Same threshold for all beacons

Pd
th

[-76,-84,-85,-79,-80,-81,-84,-84,-79,-84]dBm Different thresholds for each beacon

where yk is a vector of proximity reports, cf.(8), and
p(yk|x

(i)
k ) is the probability distribution ofyk given x

(i)
k ,

which is given by:

p(yk|x
(i)
k ) =

NB∏

j=1

p(yk,j |x
(i)
k )

=

NB∏

j=1

∑

l∈{0,1}
δ(yk,j − l)p(yk,j = l|x

(i)
k ). (10)

It is easy to prove further that

p(yk,j = 0|x
(i)
k ) = Φ




Pth − µ(p

(i)
∗ )

√

k(p
(i)
∗ )



 ,

p(yk,j = 1|x
(i)
k ) = 1− p(yk,j = 0|x

(i)
k ),

whereΦ

(
t− µ

σ

)

= 1√
2πσ

∫ t

−∞ exp

[

−
(t− µ)2

2σ2

]

.

IV. RESULTS

This section introduces the evaluation setup, propagation
modeling and performance of the proposed algorithm.

A. Setup

We consider a typical office environment at Ericsson,
Linköping, Sweden. In totalNB = 10 BLE beacons are placed
uniformly in the area. The floor plan as well as the known
beacon positions are shown in [1, Fig.4].

In order to show the performance of the proposed algo-
rithm under real circumstances, we provide results with real
RSS measurements which are collected along the predefined
tracks. The RSS values are then converted to proximity mea-
surementsyk by comparing RSS with the threshold. In the
evaluation, a high frequency (i.e., 10 Hz) periodic RSS report-
ing is considered as baseline, in addition to event triggered
proximity reporting. Besides, two intermediate cases are also
considered. The first one is the event triggered RSS reporting,
where RSS values are sent at the same occasions as the
proximity reports. In the second case, low frequency periodic
RSS reports are sent, i.e., the total number of RSS reports
will be kept the same as the average number of the event
triggered proximity reports.The performance of the particle
filtering algorithms with parameters listed in Table-I willbe
compared in Section IV-C.
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Fig. 2. GPR model parameters,B (unit in dB), lc (unit in meter).

B. Propagation modeling

In order to train a set of propagation parameters, a total
number ofM RSS measurements were collected along52
predefined tracks. After the training phase, an RSS propagation
model between the transmitter and receiver was obtained.
Examples of LLD and GPR models can be found in [1, Fig.5
and 6]. Some of the trained parameters for GP model are
shown in Fig. 2. As seen, the parameters vary between different
beacons. Some interesting observations include beacon8 with
good (highB) and very uncorrelated (lowlc) propagation as
well as beacon5 with average and very correlated (highlc)
propagation.

C. Performance Evaluation

In this section, positioning performance of the proposed
algorithm is evaluated first with a unique optimal RSS thresh-
old for all beacons and then with different RSS thresholds
for different beacons. In [1], we have shown how to train a
unique optimal RSS threshold. Multiple RSS thresholds tuning
is an extension of the previous work under investigation in an
ongoing work. The idea is to set an individual RSS threshold
for each beacon, and to formulate a multi-variate optimization
problem in terms of all thresholds. In the sequel, we simply
use the results without explaining the optimization procedure.

An overall illustration of the estimated positions based on
the proposed GP algorithm is shown in Figure 3. The trajectory
is selected from one of the52 predefined tracks. It can be seen
that the algorithm based on high frequency periodic RSS re-
ports provides better positioning accuracy than low frequency
periodic RSS, which outperforms event triggered proximity
reports. To compare the statistical performance of the proposed
algorithm based on GP with the one based on LLD model [10],
the cumulative distribution function (CDF) of the estimation
error are compared in Fig. 4. The estimation error at each
position is computed asEk =

√

(p̂xk
− p∗xk

)2 + (p̂yk
− p∗yk

)2,
where p̂xk

, p̂yk
is the estimated position andp∗xk

, p∗yk
is the

ground truth. It is clear that by applying GP, the positioning
accuracy based on high frequency periodic RSS measurements
has been greatly improved. This is reasonable, since GP
models RSS measurements more accurately so that there is
less mismatch between the real RSS and propagation model.
From Fig. 4 we can also see that low frequency periodic
and event triggered RSS provide similar accuracy and the
performance lies in between high frequency periodic RSS
and event triggered proximity reports. Besides, by using GP,
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the positioning accuracy for those cases are also improved.
For event triggered proximity reports, GP provides0.5 meter
improvement in accuracy.

In Fig.5 and 6, we present the positioning performance
with P d

th for different beacons using GP. As it can be seen, by
optimizing a set of differentP d

th for different beacons, the
median estimation error decreases by1.8 meters for event
triggered proximity reports, while for event triggered RSS
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
reporting (both high and low frequency) and event triggered
reporting (proximity or RSS). By selecting different thresholds
for different beacons, the positioning accuracy for proximity
reports is further improved. We should also mention that one
advantage of proximity reports is that they adapt automatically
according to the velocity of the user. However, it is not possible
beforehand to select an appropriate low frequency reporting
period for RSS reports.

V. CONCLUSIONS

In this paper, we have proposed a Gaussian process based
particle filtering algorithm, which is applicable for propagation
modeling and indoor positioning based on event triggered
proximity reports from a mobile device to several refer-
ence network nodes. Positioning performance based on event
triggered proximity reports is satisfactory. We have further
demonstrated that by applying GP, the positioning accuracy
is improved.
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son, “Partile filtering for positioning based on proximity report,” in Int.
Conf. on Information Fusion, Washington D.C., USA, July 2015.


	Gaussian Process for Propagation - TP
	zhaoYGAH2016

