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Abstract—Smartphone-based indoor positioning and naviga-
tion remains a challenging task, as specialized technologies such
as ultra-wideband (UWB) or Wi-Fi fine-time measurement are
still niche and supported by only a few flagship smartphones.
Therefore, standard technologies based on RSSI measurements,
mainly Bluetooth Low Energy (BLE) and Wi-Fi, are used to
obtain absolute positioning information of pedestrians inside
buildings. Sensor fusion methods combine this with relative
information from modeling human movement using sensor data
provided by the smartphone’s IMU. It is also common practice to
restrict this movement to the actual accessible areas of the build-
ing (e.g. restricting moving through walls), using spatial models
based on the building’s floor plan. Without further assumptions,
this complexity inevitably leads to a non-linear and non-Gaussian
state space model. A common tool for (position) estimation in
such scenarios is the broad class of particle filters. However,
the use of such spatial constraints accelerates the well-known
problem of sample impoverishment, which in the worst case can
lead to the particle filter completely losing track, getting stuck
and never recovering. This work begins with a brief presentation
of an award-winning Indoor Positioning System (IPS) derived
from previous work. Based on this, we present several approaches
using Particle Distribution Optimization (PDO) that attempt to
solve the impoverishment problem and ultimately lead to better
overall positioning results. In the experiments, we compare them
in two different buildings under realistic conditions and discuss
the results in detail.

Index Terms—Particle Filter, Sensor Fusion, Indoor Position-
ing, Particle Distribution Optimization, Target Tracking

I. INTRODUCTION

In recent years, many approaches addressing the problem of
finding a pedestrians positions inside buildings were presented
[1]–[4]. Here, smartphones are an ideal source of information
to make indoor positioning technology accessible to as many
people as possible. They are equipped with a variety of
sensors, in particular IMU (accelerometer, gyroscope, mag-
netometer), barometer, Bluetooth Low Energy (BLE) and Wi-
Fi. The combination of all available sensors, also known as
sensor fusion, enables particularly robust and accurate position
estimation. In addition, spatial models provide information
about walls, stairs, doors, or other obstacles in the building [5].
Combined with the smartphone’s IMU, human motion can be
realistically modeled, for example, to prevent walking through
walls. All this leads to a significant complexity of the dynamic
system to be modeled. From a mathematical point of view, this

results in a non-linear, non-Gaussian distributed state space
representation in which a (hidden) state, i.e. the position of the
pedestrian, has to be determined from incomplete and noisy
sensor measurements over time. Since an analytical solution is
not feasible, Indoor Positioning Systems (IPS) are often based
on the concept of particle filters [6]–[8].

The effectiveness of IPS using particle filters is demon-
strated by their performance in past competitions for
smartphone-based solutions organized by the EvAAL group
at various locations around the world [9]. These events em-
phasize realistic conditions, requiring the use of commercial
devices in unprepared multi-story buildings. The best results so
far have been achieved with our IPS based on a particle filter
using IMU, barometer and Wi-Fi / BLE RSSI measurements
[10]–[12]. Similar approaches have dominated the field in
recent years. Some other notable competitors are the IPS of
[13], [14] and [15].

However, most, if not all, of these systems suffer from
the severe problem of sample impoverishment. Basically,
the particle filter uses a set of weighted random samples
(particles) to approximate a probability distribution describing
the dynamical system. It works in three steps: First, new
particles are drawn according to an importance distribution,
most often represented by the state transition. Then, these
particles are weighted by an incremental importance weight
distribution based on the sensor measurements. Finally, a
resampling step is applied to avoid that only a small number
of particles have a significant weight and all others have
negligible small weights instead. Here, a new set of equally
weighted particles is drawn by duplicating high weighted
particles and dropping low weighted ones. However, this leads
to decreasing diversity and high concentration of particles after
a resampling step, and thus to a poor approximation of the
underlying probability distribution. This effect is then known
as sample impoverishment.

As we have shown in [16], another major effect besides
resampling that exacerbates the impoverishment problem are
restrictive motion models. Imagine a pedestrian leaving a room
and turning to the right into a hallway, but due to uncertain
measurements, most of the particles remain in the room. Since
movement through walls is restricted, the particles will be
trapped inside the room, resulting in a poor approximation



of the true position, and in the worst case, all particles will be
trapped, causing the filter to get stuck.

In a general sense, solving for effects that affect the ap-
proximation behavior of the particle set is known as particle
distribution optimization (PDO). The purpose of this work is
to present known and novel approaches that attempt to reduce
or even solve the problem of sample impoverishment. Based
on our award-winning IPS, we evaluate and compare them in
two different buildings under realistic conditions and discuss
the results in detail.

II. INDOOR POSITIONING SYSTEM

In a general sense, particle filter are a direct application
of sequential Monte Carlo (SMC) to a sequence of target
distribution τ(q1:t) = p(q1:t | o1:t) and its marginals. A
common way to formalize this is to use the analytical form of
a recursive Bayes filter, as follows:

p(qt | o1:t) ∝
p(ot | qt)︸ ︷︷ ︸

evaluation

∫
p(qt | qt−1)︸ ︷︷ ︸

transition

p(qt−1 | o1:t−1)dqt−1︸ ︷︷ ︸
recursion

. (1)

It claims that given all observations o1:t up to the current
time t, we can compute an estimate of the Markov hidden
state qt using the principles of Bayesian inference [17]. Con-
sequently, the particle filter uses a finite number of particles
Υt = {W i

1:t,X
i
1:t}Ni=1 to approximate the marginal posterior

p(qt | o1:t), where each particle is a weighted representation
of a possible system state.

qt = (x, y, z, θ), x, y, z, θ ∈ R , (2)

where x, y, z represent the position in three-dimensional Eu-
clidean space and θ the absolute heading of the user.

In short, the evaluation describes the uncertainty of the
sensors used and thus provides the weight Wt of the cor-
responding sample Xt. Assuming statistical independence
between the respective sensors and their models, we define
the probability density of the evaluation as

W i
t ∝ p(ot | Xi

t) =

p(ot | Xi
t)wifi p(ot | Xi

t)ble

p(ot | Xi
t)baro p(ot | Xi

t)act .

(3)

Here, each model has a probabilistic representation answering
the same question ”How likely is it that I am at this position?“.
The specific implementation of the sensor models is described
in previous work: The Wi-Fi model p(ot | Xi

t)wifi in [18] and
[11], the BLE model p(ot | Xi

t)ble in [8], the barometric model
p(ot | Xi

t)baro in [19], the activity recognition in [20].
The transition in (1) describes the system dynamics and

its uncertainties as a Markov sequence, defined in terms of
the transition from qt−1 to qt. This is done by updating the
parameters of a particle Xi

t according to possible movement
patterns of a human, such as walking direction, speed, or step
length, often referred to as Pedestrian Dead Reckoning (PDR).
In addition, unrealistic movements like walking through walls
should be restricted. For this purpose, special motion models
are integrated that incorporate knowledge about the building

by using a spatial representation, e.g. a graph. In this work, we
use a motion model based on a triangulation mesh as presented
in our previous papers [11] and [8]. The mesh models only
walkable spaces, omitting any obstacle or wall. The motion
model uses the IMU to calculate the current heading change
and stride length, and moves the particle forward accordingly.
If a particle would leave the mesh, the motion is interrupted
and its weight is halved while still updating the heading. This
causes particles that hit obstacles or walk the wrong way to
be penalized, and after several iterations of making unrealistic
movements, they are removed by resampling.

III. PARTICLE DISTRIBUTION OPTIMIZATION

A. Kullback-Leibler Sampling/Resampling

Kullback-Leibler Divergence sampling (KLD), introduced
by [21], aims to dynamically adjust the number of particles
to improve the estimation of target distributions in uncertain
scenarios (i.e. larger number of particles) while maintaining
computational efficiency in more certain ones (i.e. smaller
number of particles). It is grounded on the idea of calculating
the Kullback-Leibler distance, in this case on could also speak
of approximation error, between the current posterior p(qt |
o1:t) and the true target τ(q1:t), ensuring this error remains
below a predefined threshold ϵ with a certain probability 1−δ.
To derive ϵ it is assumed that τ(q1:t) is based on a discrete,
piecewise constant distribution, such as a histogram, overlayed
over the multi-dimensional state space. Each bin k of the
histogram is either with support, i.e., n > 0 particles, or
without support, i.e., n = 0 particles. It turns out, that the
required number of particles is proportional to the inverse of ϵ,
and first order linear in the number k of bins with support. This
means, that the true posterior is not required to be known, and
it is sufficient to determine k. This can be done by estimating
k by counting the number of particles that fall into an empty
bin or not.

In practice, new particles are then sampled as long as the
threshold ϵ is not exceeded, either while sampling [21] or
resampling [22]. The adaptability of KLD lies in its response
to the variance of particles; a higher variance leads to more
supported bins and, consequently, a higher number of particles.
In the case of CONDENSATION, i.e. the transition is chosen
as importance distribution [23], using KLD while resampling
has the advantage that it also considers the particle’s weight,
instead of only the transition function.

The implementation is straightforward and can be seen in
Algorithm 1. Here, the particle filter is initialized with an
a priori distribution µ(Xi

1), often an uniform distribution of
particles over the complete building, the parameters δ, ϵ, the
effective sample size Neff with its threshold ℏ, a number
N of particles, the maximum number of particles Nmax and
the histogram H . From line 1 to 3 the particles filters is
processed as in [8]. The resampling step begins in line 4,
where in line 7 new particles are sampled based on some
resampling strategy, e.g. multinomial resampling [24]. After
that, the above described KLD process is carried out. N is the
number of particles needed to reach our bounded ϵ and thus



Algorithm 1 CONDENSATION with KLD-Resampling

Input: A Priori µ(Xi
1), δ, ϵ, H , N , Nmax

1: for i = 1 to N do
2: Run CONDENSATION particle filter as in [8]
3: end for

4: if Neff ≤ ℏ then
5: k = 0, M = 0, Empty bins b in H
6: repeat
7: Sample { 1

N ,Xi
t} ∼ Υt = {W i

t ,X
i
t}Ni=1

8: if Xi
t falls into empty bin b of H then

9: k = k + 1
10: b = non-empty

11: N = k−1
2ϵ

{
1− 2

9(k−1) +
√

2
9(k−1) z1−δ

}3

12: end if
13: M = M + 1
14: until M ≥ N or M ≥ Nmax
15: end if

updates for each particle that falls into an empty bin. While at
the beginning of the processing almost all bins are empty, this
leads to a continuous increase of k and therefore N . As more
and more bins have support, N is updated only occasionally
until M finally exceeds it, ending the update loop.

B. Kernel Density Resampling

Instead of resampling from the approximating particle set,
resampling directly from the true target τ(q1:t) or at least
from the probability density τ(q1:t) of the posterior would
give a higher diversity among particles without losing focus
on high probability regions. A classical method for estimating
a probability density from a set of (weighted) samples is
the kernel density estimator (KDE). The KDE uses a kernel
function K such that

∫
K(u)du = 1, placed on each particle

{W i
t ,X

i
t} with a given bandwidth h1 . . . hd ∈ R+, one for

each dimension d of the state space, to approximate the target.
In the context of time-sequential filtering, the kernel estimator
is given by

τ̂(qt) =
1∑N

k=1 W
k
t

N∑
i=1

W i
t

h1 . . . hd

 d∏
j=1

K

(
qj,t −Xi

j,t

hj

) ,

(4)
where the state qt represents the point to be estimated and
the index j accesses the scalar elements of the state and
particle vectors. The choice of kernel is usually not a major
factor, since the kernel estimate inherits the properties of the
chosen kernel. However, the bandwidth h plays a critical role
in determining the quality of the estimate. For simplicity, a
Gaussian kernel is often chosen [25].

The above (exact) KDE approach is very easy to imple-
ment and offers great flexibility. However, the complexity is
O(NM) and thus several approaches to reduce the complexity
of KDE have been proposed in the literature [25]–[27]. In [25]

we have presented our own approach, that is so fast that it can
even be used for real-time use cases, e.g. directly on a smart-
phone for self-localization. Based on this, we introduce kernel
density resampling (KDR) to resample particles according to
Xi

t ∼ τ(q1:t). Unlike KLD-resampling, this approximates in
a continues function, allowing new particles to be drawn at
arbitrary positions within the state space. To prevent sampling
in non-walkable areas not covered by the spatial model, e.g.
between walls or outside the building, a validation check must
be included for each newly drawn particle. If the particle has
a position matching the spatial model, keep it; if not, draw
another particle to keep the number of particles constant over
time.

It is hoped that KDR, due to its continuous nature, will
allow the reduction of sample impoverishment by resampling
particles in adjacent regions, ignoring the spatial boundaries.
Of course, the number of these particles depends on the chosen
bandwidth h and the wall thickness. However, this may have
drawbacks in situations where spatial constraints are useful,
e.g. in buildings with many small rooms such as offices. Here,
KDR with a large bandwidth h leads to a higher susceptibility
to false measurements from absolute sensors such as Wi-Fi
or BLE. In areas where there should be no particles due to
pedestrian movement patterns and space limitations, they may
be due to KDR and, in the worst case, have a high weight
due to erroneous measurements. Basically, this means that the
motion model and the resampling model are working against
each other.

C. Randomized Filter Extensions

The following approaches to PDO are explicitly designed
for target tracking and positioning. They provide at least some
degree of general applicability, e.g., building independent, by
using context and/or sensor knowledge to solve the problem
of impoverishment.

The simplest approach to tackle the impoverishment prob-
lem is to randomly sample a few particles (e.g., 0.5%) in
the state space while resampling. Depending on the size of
the building and the number of these random drawn particles,
it gives a slight chance to have particles in any area of
the building. If a spatial model is used, this can be further
restricted to walkable areas only. Imagine a situation where
the IPS does not detect a floor change from the first floor to
the second floor, all particles stay on the first floor and bypass
the staircase. Since the motion model only allows for floor
changes at staircases or elevators, this results in the filter losing
track by being on the wrong floor with no way to correct it. To
address this, randomly placing some particles on the intended
floor can help the filter recover by giving these particles a
high weight during state evaluation and resampling, allowing
the filter to eventually converge on the correct floor.

Obviously, randomly placing particles in the state space
introduces the risk of unpredictable behavior and potentially
large approximation errors. In particular, if a faulty sensor,
such as Wi-Fi, suggests an implausible location that would
normally be ignored due to the absence of particles in that



area, the presence of a randomly drawn particle can lead to
significant inaccuracies. Nevertheless, we used this approach
for our IPS in the EvAAL competition [28]. It was one of the
main reasons why we were able to win, since the test track
included several elevator rides, which is still a hard problem
to solve accurately using only the smartphone’s IMU.

D. Support Filter Approach

Another approach to solving impoverishment is to combine
two corresponding particle filters. A tool that allows multiple
particle filters to approximate the same joint posterior to be
run in parallel is the interacting multiple model particle filter
(IMMPF) [29]. In [16] we suggested by defining a so-called
dominant filter, which is an IPS with a restrictive motion
model, configured to achieve the highest possible accuracy
in position estimation, but thus highly susceptible to sample
impoverishment. The second, called the support filter, uses
a simple multivariate Gaussian, i.e. random direction and
distance, to simulate motion and the same absolute sensor
model, e.g. BLE or Wi-Fi, as the dominant one. Despite the
rather uncertain/not very accurate position estimation of the
support filter, it is able to recover quickly from erroneous
measurements, and getting stuck is a very unrealistic scenario.

The idea of this so-called support filter approach (SFA)
is to use the dominant filter for position estimation and the
support filter to resolve possible impoverishment. This can be
done by comparing their respective marginal posteriors, again
using a Kullback-Leibler divergence DKL(P∥Q) to get an idea
of how much they differ. Since both posteriors are represented
by a disjoint set of particles, we again use a KDE of the form
(4) with a Gaussian kernel to be able to sample at arbitrary
positions and thus compute DKL(P∥Q) using the arithmetic
mean between the two. If the filters are similar, the position
estimation of the dominant filter should be reasonable, if not,
it is very likely that one of the filters is blocked or has lost
track due to impoverishment. This is solved by exchanging
particles between the two filters in the mixing stage of the
IMMPF. Here, a Markov transition matrix Π controls the
probability that the dominant filter samples a particle from
its own posterior or from the posterior of the supporting
filter, and vice versa. This means, if the dominant filter loses
track, diverging from the support filter, and thus DKL(P∥Q)
increases, the probability of sampling more particles from the
support filter also increases.

Having Wi-Fi as absolute positioning information, a transi-
tion matrix ΠKL+wifi of the IMMPF can be denoted as

ΠKL+wifi =

(
qKL(DKL) 1− qKL(DKL)

1− qwifi(ot) qwifi(ot)

)
. (5)

where qKL(DKL) = e−λDKL is an exponential function pro-
viding a probability based on DKL(P∥Q) and qwifi denotes a
quality metric between 0 and 1 of the current available Wi-
Fi measurements. For this, we count the number of available
RSSI measurements, as for optimal multilateration there needs
to be a minimum number of transmitters in the building,
and we evaluate the RSSI, as lower values (e.g. < −80 dB)

indicate that either there is no good coverage of transmitters in
the vicinity, which means that the signal has to travel a longer
distance and is therefore exposed to more noise factors, or
there are strong attenuation effects [18]. In (5) the behavior
of mutual support between the two filters is controlled. If
the dominant filter suffers from sample impoverishment the
probability [ΠKL+wifi]12 = 1 − qKL(DKL) increases with di-
verging support filters, and thus the number of particles drawn
by the dominant filter from the support filter increases by
[ΠKL+wifi]12 · 100%.

E. Uniform distributional Evaluation Resampling

A disadvantage of the previously proposed SFA is the added
complexity and computing power required by the introduction
of a second particle filter. For this reason, we present a
novel approach called uniform distributional evaluation (UDE)
resampling. Instead of randomly sampling some particles in
the resampling step, as suggested in III-C, we instead simulate
the support filter by sampling from the evaluation density
p(ot | qt). To do this, we introduce a separate static particle
set Υstatic = {W j ,Xj}Mj=1 that is uniformly distributed in the
building. Υstatic is not subject to any motion model, but all M
particles have a constant position that never changes, similar
to an occupancy grid [7]. When resampling, the particles of
Υstatic are weighted according to W j ∝ p(ot | qt). We then
simulate the mixing of the IMMPF by drawing a small number
ℏUDE of particles according to [ 1N ,Xi

t] ∼ Υstatic, while the
majority, N − ℏUDE, are sampled according to [ 1N ,Xi

t] ∼ Υt,
combined in the new set of particles Υ̇t, which is used for
the next filter update. Only the resampling step uses Υstatic, so
other filter processes like state estimation do not require any
modifications.

The main advantage of UDE is that there is no impoverish-
ment, since each region of the building is uniformly populated
by particles, and thus the state space is completely covered un-
der asymptotic conditions. Furthermore, the implementation of
this approach is trivial, since any existing resampling method
can be extended, while the complexity of the computation
hardly increases, because only a second evaluation step of
the static particles has to be taken into account. Nevertheless,
UDE has similar disadvantages as the random approach in
III-C. While in SFA the support filter focuses on relevant areas
due to the simplified motion model, UDE is susceptible to
measurement errors as it considers the entire state space and
may well lead to unpredictable behavior, e.g. unwanted short
jumps across the building [8].

IV. EXPERIMENTS

The test data was collected in two different buildings, SHL
and ROT, using our open source mobile recording application
[30], which measures Wi-Fi RSSI, smartphone IMU data, and
barometric pressure when available. As can be seen in Fig. 1,
the SHL is a university campus with approximately 12 000m2

of walkable area, consisting of two buildings connected by
a large courtyard and an underground passage. The upper
building is the faculty building, mainly providing office space



Fig. 1: The SHL campus of the Technical University of
Applied Sciences Würzburg-Schweinfurt given by [31]. It has
two buildings, one for faculty (top left) and one for lectures
(bottom right), and a total accessible area of about 12 000m2.
The facade is made of metallized glass panels and the interior
is a mixture of reinforced concrete and drywall.

Fig. 2: ROT was built in the 13th century and has 2000m2

walkable space. It is made of thick stone walls on the ground
floor and wood framing on the upper floors. Figure taken from
[31].

for the university’s staff, having four floors with a footprint
of 77m × 50m. The lower building consists of lecture halls
and a cafeteria with an area of 110m× 60m. We conducted
several recordings of 5 walks throughout the building using
9 different commercial available smartphones with a subject
group of 4 people. There are 34 access points distributed
throughout the campus, using both 2.4GHz and 5GHz. The
second building ROT is illustrated in Fig. 2, having 4 walks
recorded using 3 different smartphones with a subject group
of 3 people. It was built in the 13th century, undergone several
reconstructions and nowadays serves as a museum. It measures
70m× 50m, has 2000m2 of walkable space and is made of
thick stone walls on the ground floor and wood framing on
the upper floors. As the building has no Wi-Fi infrastructure,
we installed 42 WEMOS D1 mini (ESP8266) microcontroller
as Wi-Fi beacons on available electrical outlets.

To capture the ground truth, we place numbered markers
with a unique color for each walk inside the building. The
positions of these markers are measured and added to the
spatial model. While recording the test walks, the user simply
clicks a button on the smartphone application when passing a
ground truth marker. This saves a timestamp to the recording
file, which can then be used to assume a constant speed
of movement between two successive markers, allowing a

SHL ROT
1 2 3 4 5 1 2 3 4

8% 44% 0% 8% 11% 20% 6% 8% 7%

TABLE I: Percentage of 50 simulation runs that got stuck and
did not reach the destination within a radius of 10m for all
conducted walks of the data sets. It uses the particle filter as
described in II without any PDO approaches.

position and timestamp to be interpolated between them. This
is obviously not a perfect way to measure, but if you use
enough markers to avoid unrealistic interpolations, e.g. through
walls, it can be fair enough for error measurements. To finally
compute the approximation error, we compare the interpolated
ground truth position with the current estimate. Similar to [9],
errors in the z-direction are penalized by tripling the z-value.

The main purpose of this work is to investigate the perfor-
mance of PDO approaches when faced with the problem of
impoverishment. Therefore, we first calculated the percentage
out of 50 simulation runs for each walk of all datasets that
got stuck and did not reach the destination within a radius of
at least 10m. The results are shown in TABLE I. They are
computed using the particle filter described in II with 5000
particles, activity detection, barometer and Wi-Fi RSSI. In the
following, we will refer to it as None because it does not use
any PDO approaches. In summary, the probability of missing
is 13.86% for the SHL campus and 10.25% for ROT. Both of
these values could be detrimental in real-world scenarios and
reduce user acceptance.

In the following we will concentrate on the two worst
results, walk 2 in SHL and walk 1 in ROT. Walk 2 starts only
a few meters away from a stairwell that is heavily shielded
by reinforced concrete and where only highly attenuated
RSSI values can be measured. When entering the stairwell,
the uncertainty is still very high due to the fact that the
particles are uniformly distributed throughout the building
instead of having a known initial position. This often results
in the upcoming floor change not being accurately detected,
causing the system to get stuck as jumping to another floor
is limited by the motion model. Another challenging area is
the courtyard between the two buildings, where there are no
outdoor Wi-Fi access points, so the system can only receive
signals from inside the building. This is not optimal as the
signal passes through metalized windows, which are known
for multipath effects and attenuation [18]. Walk 1 in ROT has
a 20% chance of getting completely stuck due to erroneous
Wi-Fi measurements between 10 s and 20 s. Even for paths
that reach the destination, this leads to a very high error until
the system finally converges after 60 s (see Fig. 4, red line).
For a user, this may be too late, as the behavior is not obvious.

The overall results for all presented PDO approaches are
shown in TABLE II. We will now discuss them in the order
in which they were introduced.

As the KLD approach uses an adaptive size of particles,
we tested to variations, KLD 5K having N = 5000 particles
with a maximum of Nmax = 10000 particles that can be



SHL walk 2 ROT walk 1
x̄ σ̄ x̃75 stuck x̄ σ̄ x̃75 stuck

None 19.09 19.23 31.77 44% 9.30 9.76 13.41 20%
KLD 5k 18.88 16.18 29.43 40% 10.12 9.57 15.39 18%
KLD 25k 16.86 21.57 26.44 32% 6.26 7.38 5.72 8%
KDR 27.63 20.82 47.26 100% 14.30 10.68 22.70 40%
Random 18.81 19.07 30.89 20% 2.88 2.34 3.40 0%
SFA 5.27 3.65 7.25 2% 2.76 2.53 3.31 0%
UDE 13.94 15.87 22.29 0% 2.80 2.30 3.31 0%

TABLE II: Overall positioning results in m for walk 2 of SHL
and walk 1 of ROT using the here presented PDO approaches.
We ran 50 simulation runs with 5000 particles. A run got stuck
if it did not reach the target within a radius of at least 10m.
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Fig. 3: Error (blue) and number of particles (black) over time
using KLD for walk 2 in SHL (dotted) and walk 1 in ROT
(solid). Only a very weak correlation between both entities
can be observed. For SHL the number of particles increases
significantly when going into the large outside open space
(courtyard) between 80 s and 120 s.

reached and KLD 25k with N = 25000 and Nmax = 50000.
As suggest by [21] we set the error bound to δ = 0.01 and
ϵ = 0.05. Looking again at TABLE II, only KLD 25k is able
to improve the results of the standard IPS None due to its
larger number of particles. It is important to note that there
is no linear relationship between increasing particle number
and decreasing error [17], thus simply maximizing the number
of particles does not automatically lead to convergence. The
relationship between errors and the adaptive behavior of KLD
is illustrated in Fig. 3. Initially, a weak correlation is observed,
as high errors from faulty Wi-Fi in ROT between 20 s and 40 s
don’t significantly affect particle numbers, unlike in SHL’s
courtyard between 80 s and 120 s, where particle numbers
increase despite smaller errors. This discrepancy is related
to the KLD approach’s assumption of a discrete piecewise
constant distribution, e.g. a grid, for the true posterior. The
required number of particles is linearly related to the num-
ber of bins with support. In SHL’s open courtyard, particle
scattering increases due to the lack of obstacles, leading to
a higher particle number. In contrast, the confined spaces of
ROT with obstacles lead to a slower particle distribution and
a lower number of particles. Reducing the histogram bin size
increases the number of particles, e.g. 10 cm bins require on
average 45554 particles, but questions the efficiency of the
KLD approach as it aims to minimize particle usage while
maintaining accuracy. Adapting the motion model or the KLD
approach could improve results in complex environments.
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Fig. 4: Error over time using the PDO approaches improving
None for a single recording of walk 1 in ROT using the same
random seed. Between 10 s and 20 s the Wi-Fi signal was
highly attenuated, causing an impoverishment and thus a high
error.

KDR underperforms in the given scenarios due to the
limitations imposed by the spatial model, which restricts
particle movement to walkable regions, essentially allowing
movement only on floors or stairs, and excluding any three-
dimensional positioning such as being ”in the air”. This results
in a bottleneck at staircases, where particles become densely
packed due to the restricted vertical movement, while many
particles remain on the floor. KDR’s KDE approximation
over this particle set poorly defines the probability density
along the vertical axis due to the constraints of the spatial
model, resulting in resampling that fails to draw particles on
staircases, effectively preventing floor changes in all cases.
For two-dimensional scenarios, KDR successfully eliminates
particle impoverishment, reducing the rate of stuck runs to
0%. However, it does not significantly improve the positioning
error for successful runs. Despite its current limitations, the
approach shows potential, especially with its analytical rep-
resentation of the posterior. Resampling strategies that focus
more on ground changes, such as adapting KDR for two and
a half dimensional spatial models, may offer improvements.

In TABLE II, Random, SFA, and UDE show significant
improvements, especially in ROT where their performance
is nearly identical. In Fig. 4 the error over time is plotted
for a single recording of the data set, using a consistent
random seed to ensure comparability. The high error due to
impoverishment can be clearly seen in the case of None (red),
with all methods converging to an error below 5m after 80 s
at the latest. Except for SFA (green), which uses IMMPF
and produces a distinct error curve, the other methods show
similar error patterns. Random (pink) and UDE (teal) suffer
briefly from the erroneous Wi-Fi measurements between 10 s
and 40 s, but recover, with UDE improving faster because it
is less dependent on the random factor. In larger buildings,
the effectiveness of random resampling diminishes, requiring
more draws to counteract inertia but risking uncontrolled
behavior due to measurement errors. This is evident in walk
2 in SHL, shown in Fig. 5, where Random (pink) struggles
with Wi-Fi quality issues in the stairwell and courtyard,
leading to inaccurate positioning after 60 s. Only after entering
the lower building the weighting of the random particles is
sufficient to recover from impoverishment. UDE (teal), with
its static particles in the courtyard, maintains its trajectory
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Fig. 5: Trajectory (top) and error over time (bottom) of walk 2
of SHL using the same random seed. KDE and KLD also get
stuck in the first stairwell, similar to None, and are therefore
omitted. In the large open space (courtyard) between 80 s and
120 s the error increases significantly because Wi-Fi access
points are only available inside the buildings, so the signals
are highly attenuated.

outdoors despite high error rates, showing some resilience.
They significantly outperform the None approach in reducing
impoverishment effects, with UDE eliminating them entirely
in evaluated walks. However, they are highly dependent on
the quality of the sensor model, such as the Wi-Fi RSSI, for
accurate positioning. Both methods provide viable solutions
for limiting impoverishment in indoor scenarios, with Random
being particularly resource efficient.

Finally, the SFA method, utilizing multi-modal fusion with
IMMPF, shows excellent performance across all experiments.
In ROT (see Fig. 4), SFA (green) effectively mitigates initial
high errors by relying less on the support filter and thus
the Wi-Fi sensor model during periods of low Wi-Fi quality
(between 10 s and 20 s). Instead, the restrictive motion model
with its PDR of the dominant filter is prioritized for position
estimation. Nevertheless, there is a notable increase in error
during floor changes at 90 s and just before 120 s, where the
open staircase layout leads to higher Wi-Fi quality because a
larger number of RSSI measurements are received from unique
transmitters of the two adjacent floors. This results in increased
uncertainty because no transmitters are placed directly on the
stairs, and a signal received from further away typically has
more noise.

In SHL (see Fig. 5), SFA demonstrates superior perfor-
mance in the courtyard around 70 s despite an increase in
average positioning error. This increase is attributed to both
the poor Wi-Fi quality in the open area and strong drift,
exacerbated by obstacles that induce bimodality. However,
SFA maintains a lower error rate than UDE (teal) due to
a slightly higher influence of the PDR over the uncertain
Wi-Fi, leading to better overall performance in this scenario.
The observations suggest that while SFA effectively reduces
error in challenging environments by prioritizing reliable data

sources, its performance is contingent on the quality and
availability of sensor data. In extended outdoor scenarios,
results between SFA and UDE could converge, highlighting
the need for integrating additional sensor inputs, such as
GNSS or outdoor Wi-Fi, for improved positioning in real-
world applications.

V. CONCLUSION

This work focused on an experimental comparison of dif-
ferent PDO approaches to improve smartphone-based IPS. In
particular, we aimed to mitigate sample impoverishment - a
persistent challenge in particle filtering. The PDO approaches
were tested under realistic conditions in two different environ-
ments to evaluate their impact on accuracy and reliability.

For the data-driven approaches, namely Random, SFA,
and UDE, the experimental results showed a significant im-
provement in positioning accuracy and system robustness in
both environments. In particular, SFA provided a valuable
mechanism for system recovery in scenarios where either
restrictive motion models or erroneous sensor models would
lead to impoverishment. Despite being inferior to SFA in
terms of position estimation accuracy, UDE is simple, fast to
implement, and has low computational complexity. In contrast,
KLD and KDR, which promise general applicability, i.e.
independent of the sensor models used in the IPS, could not
significantly improve the overall results in practice, despite
their good theoretical prospects.

In future work, we plan to further investigate the capabilities
of SFA by searching for general quality metrics that can
make reliable statements independent of the sensors used. We
also believe that the KDR approach has great potential due
to its analytical properties, e.g. finding the true mode of a
multimodal distribution. In order to do this, the KDR must be
adapted to the restrictive motion models in use.
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“The smartphone-based offline indoor location compe-
tition at IPIN 2016: Analysis and future work,” Sensors
(Switzerland), vol. 17, no. 3, 2017.

[29] Y Boers and J. N. Driessen, “Interacting multiple model
particle filter,” October, vol. 150, no. 5, pp. 344–349,
2003.

[30] M. Bullmann, F. Ebner, M. Ebner, T. Fetzer, and
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