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Abstract—Device-free localization systems infer presence and
location of moving users by measuring user-induced pertur-
bations in the signal power between wireless network nodes.
Thereby, users not only induce perturbations to the power
of the line-of-sight, but also to the power of reflected and
scattered signals which are observed in the received signal as
multipath components. Since the propagation paths of multipath
components differ inherently from the line-of-sight path, these
propagation paths can be considered as additional network
links. This extended network determines the multipath-enhanced
device-free localization system. Based on empirical models that
relate perturbations in the power of multipath components to
the user location, the localization problem can be solved by
nonlinear Bayesian filtering. In this work, we therefore investigate
the point mass filter and the particle filter as possible solutions.
Using simulations, we demonstrate the applicability of these
filter solutions for multipath-enhanced device-free localization.
The overall localization performance is comparable for both
filters. Further, the simulation results indicate an improvement of
the localization performance of multipath-enhanced device-free
localization compared to device-free localization.

Index Terms—Sequential Bayesian estimation, device-free lo-
calization, extended Kalman filter, particle filter, point mass filter.

I. INTRODUCTION

In today’s wireless world, smartphones widely use Blue-
tooth and WLAN as radio technologies for indoor communica-
tion covering short to medium range and low to high data rate
communications. The scientific community has extensively
studied their suitability for indoor localization and several
commercial products exist today to enable indoor localiza-
tion [1]. According to [2], the global indoor location market
will grow from $6.1 billion in 2020 to $17 billion by 2025
with the dominant technologies beeing WLAN and Bluetooth.
Location dependent measurements range from received sig-
nal strength (RSS) to time of flight based round trip time
measurements [3]. While many use cases require the precise
localization of a persons’s device, there exist several use cases
that need to localize persons without a device [4]. For instance,
home security systems need to detect the presence of intruders
who try to avoid detection by not carrying smartphones.
Similar, a smart climate control for a room needs to detect
the presence and number of occupants to adjust temperature,
humidity and ventilation automatically without requiring any
user interaction. Further, a surround sound system should track
the location of listeners in a room without requiring manual
adjustments every time a listener moves within the room.

Hence, there is significant commercial interest in WLAN
sensing technology enabling device-free localization (DFL).

Current DFL systems infer the presence and location of
these non-equipped users by measuring the RSS between net-
work nodes along the line-of-sight (LoS) path. Using empirical
propagation models, the DFL system directly relates these
RSS measurements to the user location [5], [6], [7]. Thereby,
the localization accuracy of such DFL systems improves with
the number of network nodes [7]. An increasing number of
network nodes, however, results in increasing infrastructural
efforts. Motivated by [8], where we have shown that users
also induce variations in the power of multipath components
(MPCs), we have proposed in [9] a novel multipath-enhanced
device-free localization (MDFL) approach, which considers
the propagation paths of MPCs as additional network links.
For similar underlying networks, MDFL is shown to im-
prove the localization performance compared to DFL and
helps to reduce infrastructural requirements. In this paper we
present corresponding nonlinear Bayesian filter solutions for
the MDFL approach. Based on simulations we evaluate the
applicability of the individual filters. Moreover, we apply the
filter solutions for both DFL and MDFL, which allows to
compare the performance of the two systems.

II. MULTIPATH-ENHANCED DEVICE-FREE LOCALIZATION
A. Network and Propagation Model

An MDFL system relies on a network of Ny, transmitting
and Ngy receiving nodes, which can be collocated or indi-
vidually placed. In this work we consider Nty = Ngx = N
collocated transmitting and receiving nodes at known locations
{rTR,,.--, TRy }. Thereby, a network link [ is determined
by network nodes rTg, and rrgr;, where i,j € {1,..., N}
and i # j. For each link, the received signal is modeled
as a superposition of scaled and delayed replica of a known
transmit signal [10]. Due to reflections off the surrounding
environment, these comprise the LoS component and a finite
number of N; MPCs, which can be expressed as

N
yi(t) = cun(t)si(t —7in) + nu(t). (D
n=1

The variables «; ,(t) and 7, denote the time-variant, com-
plex amplitude and the static propagation delay of the n-
th component and n;(¢t) denotes white circular symmetric
normal distributed noise with variance crf”. For notational
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convenience, LoS components are considered as MPCs in the
remainder of this paper. An exemplary signal propagation for a
single network link is highlighted in Fig. 1, including LoS and
MPCs due to first order reflections from surrounding walls.
The idea of MDFL is to use variations in the power
of MPCs for DFL. In order to extract location information
from variations in the power of MPCs, we need to model
the corresponding propagation paths. In [9], we have there-
fore introduced reflection sequences that describe the signal
propagation for each MPC from transmitting to receiving
node, chronologically. Thereby, the surrounding environment
is represented by a finite number of reflecting surfaces, which
determine the set S. Using tuple notation, the propagation
path corresponding to MPC n of link [ is thus expressed
by the sequence &, = (sp) with s, € S. Note that the
length of the sequence, denoted by N¢, ., is determined by
the order of reflection. Following [11] and [12], we can
subsequently construct virtual nodes, i.e., virtual transmitters
(VTs) and virtual receivers (VRs), by mirroring the physical
nodes according to the reflection sequences. Thus, the resulting
locations of the virtual nodes for sequence & ,, are denoted by

(u) (Ne, ,, —u) .

ryr,, and ryp" 7, where the index u € {0,..., N, }
is referring to equidistant (virtual) node pairs. The distances
between these node pairs correspond to the length of the
physical propagation path, and thus, to the delay of the MPC.
For any node pair, i.e. irrespective of index u, the length of
the propagation path can be expressed as

u (N ,L_”)
d(&m) =din=r{2,  —ryr )

where r&?r)fl‘n and r&%m refer to the physical transmitting
and receiving nodes. Since the intersection points between the
paths of related node pairs correspond to the physical reflection
points, we can finally reconstruct the physical propagation
paths geometrically similar to optical ray-tracing [11].

In this work, we assume that all observable MPCs of the
received signal modeled in (1) are perfectly associated. That
means, the MPCs of link [ are represented by the reflection
sequences &, € X", where A}* denotes the set of associated
sequences. Combining the associated sequences for the whole
network results in the union set A* = U;&}*. Eventually, the
cardinality |X*| = )", N; determines the amount of all MPCs
used for MDFL.

B. Measurement Model

During the online localization phase, the MDFL system
continuously measures the variations in the power of all asso-
ciated MPCs. Therefore, the amplitude values are estimated
for each MPC at time instant & and the measured power
can be calculated. Normalizing the measured power to the
power of the idle channel which was determined during the
initialization period yields the power variations of MPCs.
Thus, the measurement vector z; € RI*" can be composed
by stacking the measured power changes for all links as

ze = zn(k),... )", Vin:&,eX 3)

— TTR.
£ )
>

x [m]

Fig. 1: Exemplary MDFL network of four network nodes at locations rTg;,
i = {1, 2, 3,4}. Reflecting surfaces of the surrounding environment are given
by hatched lines. For the network link between 7R, and rTR, the multipath
propagation is explicitly highlighted: physical propagation paths of LoS and
MPCs are red and blue. For the remaining network links the propagation paths
are indicated in gray (LoS in dark gray and MPCs in light gray).

with 7, (k) defined in dB. Following [8], we simulate the
user induced variations in the power of MPCs based on the
scalar theory of diffraction (see also Sec. IV-A).

For applying MDFL we require a model that relates the
measured changes in the power of MPCs to the user state

x; = [rp,vi ", 4

including position ry, and velocity vy, of the user, i.e., h(xg).
Therefore, we model the measurement vector (3) as

2 = h(xg) + Wy, &)

assuming Gaussian measurement noise wy ~ A (0, R) with
covariance matrix R € RI¥"IXI*"| defined as

R =diag(...,07,,...), Vln:&, e X" (6)

Bases on measurements, we have shown in [8] that user
induced variations in the power of MPCs can be modeled
by superimposing the user impact on each pair of related
virtual nodes. Similarly to [9], we approximate this impact
on the individual node pairs using the empirical exponential
model [6]. Thus, depending on the user location r, we express
changes in the power of an MPC corresponding to sequence
&1m 1n (5) as the sum

Nt (u)
hin(e) = > e 0 0 mn )
u=0

with the parameter ¢;, as the maximum modeled power
change in dB and k;, as the decay rate. The excess path
length 61(";)(rk) of the u-th node pair is calculated by

(Ne¢, ,,—u
oy tri) = G, = il + ryg,

with path length d; ,, as defined in (2).

)
— 7|l —dipn, (8)
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ITI. BAYESIAN LOCALIZATION APPROACHES

The localization problem described in Sec. II can be for-
mulated using the state-space representation: First, by a mea-
surement model which relates the measured power changes
of MPCs to the user state, as given in (5). And second,
by a transition model which describes the spatio-temporal
evolution of the user state. In literature, a common choice for
the transition model is the white noise acceleration model [7],
[13]. Therefore, the state equation is

X = Axp_1 + ng, 9

with transition matrix A and zero-mean white Gaussian pro-
cess noise ni with covariance matrix Q. The transition and
covariance matrices are expressed as

T3 T2
1017, 0 ?97937“;)2
o1 0 T, L0 w0
A_0010’Q_UP150T0’
2 g
00 0 1 72
0 %+ 0 T,
(10)

where Tg is the time between two adjacent measurements
and a is the process noise intensity of physical dimension
[m? /s 3], which needs to be set according to application
requirements [13]. Probabilistically, the measurement and tran-
sition models can be expressed by the conditional probability
density function (PDF) p(zj|x);) and the transition prior
distribution p(xy|xr—1), respectively.

The goal of sequential Bayesian estimation is to determine
the PDF of the user state x; by computing the posterior
density p(xx|z1.x) applying the general Bayesian update re-
cursion [14]. A possible Bayesian approach for solving the
nonlinear system is the extended Kalman filter (EKF). The
EKF linearizes the system equations and approximates the
posterior density with a Gaussian distribution. However, for
the given localization problem the density can hardly be
assumed to be Gaussian. Thus, the EKF is likely to be
unstable and to diverge (see Sec. IV-B). In the following we
therefore present alternative filter solutions which approximate
the posterior PDF numerically and are thus more suitable for
nonlinear and non-Gaussian processes.

A. Point Mass Filter

The point mass filter (PMF) approximates the posterior
distribution with the discrete density

Zwk\k

where §(-) denotes the Dirac delta function and x* represents

p(Xk|Z1.%) xp — X', (11)

the i-th grid point of the deterministic grid {x?} M=) [14]. The
weights wk| . are calculated by
i Lo i
Wi = —Whp—1P(2k[X"), (12)
Ck
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Fig. 2: Simulation trajectories for different runs. Initial moving direction of
each trajectory is indicated by colored arrows. Underlying MDFL network is
indicated in gray (see Fig. 1).

with normalization ¢, = Z;\f:l wi‘ o 1P(zx|x7) and the like-
lihood distribution p(z|x*). The predicted weights are

N,

wiuc—l = Z wi—l\k—lp(quj)'

Jj=1

13)

where p(x‘|x?) is the transition prior distribution applied
to discretized grid points, which equals a multidimensional
convolution [14]. Therewith, the complexity of the PMF grows
quadratically with Ng.

B. Farticle Filter
Also the particle filter (PF) approximates the posterior

distribution with a discrete density

Zwka Xp — X5). (14)

Xk‘zl k

However, the PDF is approximated using a stochastic grid,
i.e., a set of weighted particles {x% }~* . Following the generic
PF, the particles are drawn from an importance density [15].
Commonly this importance density is set equal to the transition
prior distribution [14], which simplifies the weight update in
the filter to

wi = —wi_p(2[x}), (15)
Ck

with normalization ¢ = Z;V:Sl wiflp(zk|xi) and the like-

lihood distribution p(zy|x(). Counteracting the problem of

degeneracy, the PF applies resampling [15].

IV. NUMERICAL EVALUATION

A. Simulation Setup and Evaluation Metric

The localization approaches introduced in Sec. III are
evaluated numerically. Therefore, we consider a fully meshed
network of N = 4 collocated transmitting and receiving nodes.
All nodes are located at the same height and correspond to the
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Parameter Value
PF PMF

Particles/grid points N 1000 3331
Grid point spacing Ay - 0.1m
Measurement rate Ty 0.01s
Process noise intensity o2 0.1m?2/s3
Measurement noise Tin 0.75dB
Max. power change (7) ¢, [-8.91dB, —3.74dB]
Decay rate (7) Kin [0.016,0.072]

TABLE I: Filter parameters.

height of the body center of the user. The multipath propaga-
tion environment is characterized by six reflecting surfaces
that may represent a typical office space. The arrangement
of the surfaces as well as the arrangement of the network
nodes are shown to scale in Fig. 1. Considering only first
order reflections, the network consists of six links in LoS
and 20 visible links corresponding to MPCs. Accordingly,
the measurement vectors of (3) for DFL and MDFL are
zPFl € RS and z)PFL € R?5. Applying the physical model
in [8], we simulate user induced variations in the power of
MPCs, i.e., the measurements, for four exemplary trajectories.
Thereby, the user is modeled as an elliptical cylinder with
major axis of 0.55m, minor axis of 0.25m, and a height
of 1.8 m. The reader is referred to [8] for further details on
the physical model. The trajectories for the simulation are
shown in Fig. 2 including starting point and moving direction.
Based on the simulated measurements, we apply the PMF and
the PF for localization. All parameters used for the filtering
approaches are summerized in Table I and are applied for
each trajectory. The PF is initialized by uniformly distributing
particles in the observation area. Equivalently, the weights of
the PMF are initially set equal.

Given the posterior densities of (11) and (14), we can
calculate the minimum mean square error (MMSE) estimate
of the user state for PMF and PF as the weighted sum

Ny N
xPME — g wypx and xPF = E wpXy,.  (16)
i=1 =1

For the evaluation of the filter results, we calculate the root
mean square error (RMSE) as

RMSEy, = \/E [||# — r&|?],

where 7y, is the true user location and 7 is the respective
location estimate of PMF and PF extracted from the user state
calculated in (16).

a7

B. Numerical Results

For each trajectory we have evaluated 500 realizations
accounting for measurement noise. The presented RMSE
results are determined by averaging over these realizations.
A summary of the individual filter performances is given in
Table II providing the mean RMSE values for each trajectory.
In addition to the proposed PMF and PF, we also show
the results of an EKF solution (parameter settings similar to
Table I). In [7], the EKF is used as benchmark system for DFL,

. MDFL DFL
Trajectory

EKF PF PMF | EKF PF PMF
I 1.01* | 0.25 | 0.28 - 1.93 1.82
1T 4.72*% | 0.84 | 0.62 - 243 | 229
I 2.33* | 1.08 | 0.75 - 1.99 | 1.80
v 541% | 047 | 041 - 1.08 1.57
overall 3.94*% | 0.65 | 0.51 - 1.78 1.87

TABLE II: Mean RMSE [m] for each trajectory and an overall result.
*Estimation strongly diverges.

3 :
—PF
—PMF

9| EKF |

RMSE in [m]
T
|

0 05 1 1.5 2 25 3 35 4
traveled distance [m)]

Fig. 3: RMSE results of MDFL for Trajectory I.

however, we could not obtain reasonable results for DFL and
only unstable and diverging results for MDFL, even though
the EKF was initialized ideally. The poor performance of the
EKF can be explained by the sparse network configuration
(N = 4 network nodes), which results in a non-Gaussian and
often multimodal posterior density. In contrast, both PMF and
PF could achieve stable results that significantly outperform
the EKF for MDFL (see also Fig. 3).

Fig. 3 shows the RMSE results for Trajectory I using
MDFL. Both PMF and PF achieve a sub-meter localization
performance over the entire trajectory, which also applies at
the beginning of the trajectory. Due to the propagation paths
of the MPCs, which are in the proximity of the starting
point of Trajectory I (see Fig. 2), the filters immediately
obtain a good location estimate. Compared to the PF, the
RMSE of the PMF slightly deviates at a traveled distance of
0.8m and 2.2m. This deviation can be explained by local
multimodalities of the posterior, which are resolved by the
PF due to resampling. After a traveled distance of 3m the
RMSE increases for both PMF and PF. Due to the network
structure, the trajectory lies after this point in a blank area
that is not touched by any propagation path and the user does
not induce any perturbations. Thus, the estimated posterior
spreads over that blank area, here, between z € [2.5m,4m)]
and y € [0m, 2m)].

The starting points of Trajectories II and III are also located
in a blank area (see Fig. 2). As shown in the results of the
PF in Fig. 4, no user-induced perturbations can be measured
initially and thus the PDF spreads over the entire observed
area. An accurate position estimate is only obtained when
the user induces perturbations in the power of any network
link, which is the case for MDFL after 1m and for DFL
after almost 3m. In addition to the initial phase, also the
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(b) Trajectory III.

Fig. 4: RMSE results of DFL and MDFL both applying the PF solution, for Trajectory II and Trajectory III.

comparison of the further course of Trajectories II and III give
indication for the spatial localization capabilities of DFL and
MDFL. While we obtain a sub-meter localization performance
for MDFL almost entirely over both trajectories, the RMSE
results for DFL strongly deviate for Trajectory II. The course
of Trajectory II is mostly outside the DFL network and thus
the user does not impact the signal propagation in LoS. For
Trajectory III, also the DFL approach achieves localization
performance of less than one meter, but is still outperformed
by MDFL on average.

As shown in Fig. 2, Trajectory IV is the longest scenario
leading through the whole observation area. On average, the
localization performance is therefore only weakly distorted
by initialization effects or other local geometric effects. With
a mean RMSE of 0.41m (PMF) and 0.47m (PF), as given
in Table II, both filters achieve a very similar localization
performance for MDFL. For DFL, the performance of the PMF
degrades to 1.57m and of the PF to 1.08 m. Therewith, the
PF outperforms the PMF in this specific scenario. Due to the
very sparse DFL network, the posterior density is more likely
to be multimodal. Here, the PF could correctly resolve these
multimodalities. Note, however, that if the PF would resolve
for the wrong mode, the filter would diverge. The deterministic
grid of the PMF completely avoids divergence.

V. CONCLUSION

In this paper, we have presented the point mass filter (PMF)
and the particle filter (PF) as nonlinear Bayesian filter solutions
for device-free localization (DFL) and multipath-enhanced
device-free localization (MDFL). Based on simulations of a
sparse network comprising four collocated transmitting and
receiving nodes the filter solutions were evaluated numerically.
Overall, we have thereby demonstrated the applicability of
these filters for both DFL. and MDFL. Regardless of the filter
solution, the results show that MDFL outperforms DFL in
localization accuracy. For MDFL, the localization performance
of the proposed filters is comparable. Apart from inaccura-
cies after initialization, both PMF and PF mostly achieve a
localization performance below one meter. The localization
performance therefore does not clearly indicate a preferred

filtering solution. Decisive factors for the choice of the filter
are complexity on the one hand and probability of divergence

on the other. When considering large observation areas, the
quadratic growth of complexity for the PMF can be crucial.
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