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Abstract

An important aspect of upcoming fifth-generation (5G) cellular communication
systems is to improve the accuracy with which user equipments can be posi-
tioned. Accurately knowing the position of a user equipment is becoming in-
creasingly important for a wide range of applications, such as automation in in-
dustry, drones, and the internet of things. Contrary to how existing techniques
for outdoor cellular positioning deal with multipath propagation, in this study
the aim is to use, rather than mitigate, the multipath propagation prevalent in
dense urban environments. It is investigated whether it is possible to position
a user equipment using only a single transmitting base station, by exploiting
position-related information in multipath components inherent in the received
signal.

Two algorithms are developed: one classical point-estimation algorithm using a
grid search to find the cost function-minimizing position, and one Bayesian filter-
ing algorithm using a point-mass filter. Both algorithms make use of bezt, a set
of 3D propagation models developed by Ericsson Research, to predict propaga-
tion paths. A model of the signal received by a user equipment is formulated for
use in the positioning algorithms. In addition to the signal model, the algorithms
also require a digital map of the propagation environment.

The algorithms are evaluated first on synthetic measurements, generated using
bezt, and then on real-world measurements. For both the synthetic and real-
world measurement sets, the Bayesian point-mass filter outperforms the classi-
cal algorithm. It is observed how, given synthetic measurements, the algorithms
yield better estimates in non-line-of-sight regions than in regions where the user
equipment has line-of-sight to the transmitting base station. Unfortunately, these
results do not generalize well to the real-world measurements, where, overall, nei-
ther algorithm is able to provide reliable and robust position estimates. However,
as multipath-assisted positioning, to the best of our knowledge, has not been
used for outdoor cellular positioning before, there are plenty of algorithm exten-
sions, modifications, and problem aspects left to be studied – some of which are
discussed in the concluding chapters.
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Notation

Abbreviations

Abbreviation Definition

awgn Additive white Gaussian noise
bezt A set of 3D propagation models developed by Ericsson

Research
bs Base station
cdf Cumulative distribution function
cir Channel impulse response
crlb Cramér-Rao lower bound
dm Diffuse multipath
los Line-of-sight
map Maximum a posteriori
mpc Multipath component
nlos Non-line-of-sight
otdoa Observed time difference of arrival
pa Physical anchor
pdf Probability density function
pdp Power delay profile
pmf Point-mass filter
sinr Signal-to-interference-plus-noise ratio
ue User equipment
va Virtual anchor
wssus Wide-sense stationary uncorrelated scattering
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1
Introduction

As part of the development and standardization of fifth-generation (5G) cellular
communication systems, one important aspect is to improve the positioning ac-
curacy of user equipments (ues) in a network. Accurately knowing the position
of a ue is becoming increasingly important for a wide range of applications, such
as automation in industry, drones, and the internet of things (iot). Compared
to fourth-generation (4G) communication systems, 5G will, among other things,
provide wider bandwidths and increased use of beamforming; both should pro-
vide better opportunities for positioning.

Outdoors, global navigation satellite systems (gnss) provide position estimates
that are typically accurate to within 2−5 meters as long as the ue has line-of-sight
(los) to sufficiently many satellites [1]. In downtown areas of big cities, where
narrow streets are surrounded by high-rise buildings – so-called urban canyons
– the positioning accuracy may worsen significantly to a few tens of meters or
even a few blocks. This is partly due to satellites with los to the user having
small angular separation [2], but mainly because the received signal contains
a multitude of multipath components (mpcs), arising from reflections off, e.g.,
buildings and cars in the surrounding environment [1].

Common techniques for positioning using cellular networks [3] suffer from simi-
lar problems, i.e., multipath propagation of the transmitted radio signals reduces
the positioning accuracy, especially in non-line-of-sight (nlos) scenarios. Tradi-
tionally, the influence of nlos on the received radio signal, as well asmpcs, have
been mitigated. However, because the mpcs originate from reflections and scat-
tering in the surrounding environment, one could argue that they should contain
information about the surroundings. This project focuses on extracting that in-
formation for use in positioning of the ue.
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Figure 1.1: Typical appearance of the received power (in dB) as function
of the propagation delay, averaged over a small spatial region around the
receiver to mitigate the power fluctuations caused by small-scale fading.

1.1 Purpose and Problem Formulation

The aim of this project is to develop a concept for positioning that exploits the
mpcs rather than tries to mitigate them. With larger bandwidth comes finer tem-
poral resolution, making it easier to separate thempcs present in the power delay
profile (pdp) of the radio channel; a pdp is the received power, averaged over a
small spatial region around the receiver, as function of time delay. Figure 1.1 is
an example of what a pdp typically looks like.

By using bezt [4], a set of advanced 3D propagation models developed by Erics-
son Research, together with map information it is possible to predict what mpcs
should be expected in each location of the map. By comparing expected mpcs
with peaks observed in measured pdps, and finding the position where they are
the most similar, it should - in theory - be possible to estimate a ue position.
Thus, we hypothesize that a connection to only a single base station (bs) should
be sufficient to perform positioning. Figure 1.2 illustrates some of the types of
propagations paths that beztmodels.

Needless to say, the obtainable accuracy will depend heavily on the level of detail
in the map and how well bezt models the real-world measurements. Both of
these factors are consistently being improved upon. bezt has been validated
against real-world measurements [4], showing that bezt captures some of the
main signal characteristics. However, whether the bezt predictions are sufficient
for positioning has not been investigated before.
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Figure 1.2: Example of propagation paths modeled by bezt. The two black
dots represent a transmitter-receiver pair. Image source: [4]

Our development and evaluation of multipath-assisted positioning using bezt
has aimed to answer the following two main research questions:

• Can positioning be done using the multipath components in the signal re-
ceived from a single base station, given that map information and the bezt
propagation models are available?

• If so, what is the accuracy of such a method compared to other, currently
used outdoor positioning techniques?

1.2 Report Structure

Chapter 2 provides an overview of previous research in multipath-assisted po-
sitioning, that has so far focused on indoor scenarios. In this thesis project we
study outdoor, urban scenarios, where the propagation environment is very dif-
ferent from its indoor counterpart. Hence, algorithms and results from previ-
ous research have mainly served as inspiration to develop a new methodology
adapted to outdoor environments and, especially, available measurements and
the simulator running bezt.

Chapter 3 introduces detailed descriptions of the two positioning algorithms de-
veloped in this project. To be able to describe and apply them, first a mathe-
matical signal model for the received signal must be formulated, which is done
in section 3.1. It is described how, under certain assumptions, the signal model
can be converted to a model of the received power better suited for pdpmeasure-
ments. The pdp model is used in the two positioning algorithms presented in
section 3.2. The former of the two, described in subsection 3.2.1, is a classical,
point estimation method that estimates individual ue positions independently
of one another. Subsection 3.2.2 describes the latter algorithm using Bayesian
filtering to track the ue’s movements over time.
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Following the method chapter, chapter 4 presents the setup of simulations used
to evaluate the two algorithms. Section 4.1 gives a brief introduction to bezt. To
investigate what positioning accuracy is obtainable in ideal cases with neither dif-
fuse multipath nor noise, both algorithms are applied to synthetic measurements
in section 4.2. The synthetic measurements are generated using bezt and the
pdp model. After simulating the algorithms on synthetic data, they are applied
to real-world measurements in section 4.3. More information is given about the
measurement set and what differences (if any) exist in the algorithms or imple-
mentation between synthetic and real-world measurements.

Obtained evaluation results for both synthetic and real-world measurement sets
are presented in chapter 5, where they are also compared and discussed.

Lastly, conclusions are drawn and some suggestions for future work are given in
chapter 6.



2
Background

Multipath-assisted positioning is a relatively new research area. During the past
5-10 years it has been developed and successfully applied to indoor scenarios.
Being the main topic of Meissner’s PhD thesis [5], it has been thoroughly stud-
ied therein, in its included papers, and in later papers written by his and other
research groups.

In these papers, a simple ray-tracing model assuming only specular reflections is
used to, for each mpc, find the positions of corresponding virtual anchors (vas).
The vas of an mpc are found by mirroring the transmitter (also called physical
anchor (pa)) position in each wall segment that thempc encounters along its path.
The wall segments collectively make up the floor plan, which is assumed to be
known in advance. After the locations of vas have been found, they can, together
with the known locations of one or several pas, be used to estimate the position of
a ue. Figure 2.1 illustrates where the vas are located given a simple, rectangular
floor plan.

Given the pa and va locations, positioning may be done using point estimation,
treating each measurement independently of other measurements. Another pos-
sibility is to also take previous measurements into account and track the ue’s
movements over time. Both point estimation and tracking of the position have
been investigated. In [6], an extended Kalman filter with data association of floor
plan features to measurements outperforms the point estimation approach. A
particle filter is also implemented, giving good results even without data associa-
tion.

The Cramér-Rao lower bound (crlb) for the position error has been computed
for the single-pa, single-ue scenario in [7]. The results have since been extended
to other scenarios, e.g. multiple pas, cooperation between pas, and the impact

5
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Figure 2.1: Illustration of virtual anchors (vas) corresponding to first-order
(darker color) and second-order (brighter color) reflections, i.e. belonging to
mpcs that reflect at most two times against the wall segments of the floor
plan. For each pair of physical anchor (pa) and user equipment (ue) posi-
tions, ray-tracing is used to find propagation paths. Mirroring the pa posi-
tion one or two times in the wall segments yields the locations of vas.

of clock offsets [8]. Naturally, the crlb is inversely proportional to the signal
bandwidth. Increasing the bandwidth by reducing pulse duration increases the
temporal resolution, making it easier to separate peaks from one another in the
received signal. In addition to bandwidth, the signal-to-interference-plus-noise
ratio (sinr) of each mpc plays a key role in the crlb as it quantifies the amount
of position-related information that thempc provides. In the sinr, "interference"
refers to the diffuse multipath (dm), which essentially is the part of the pdp not
captured by the ray-tracing. Put simply, the sinr quantifies how much the mpc
stands out from the interfering dm; the more it stands out, the more useful it
should be for positioning. The dm is typically modeled with an exponentially
decaying function [9, 10]. Figure 1.1 clearly shows the exponentially decaying
nature of the dm, on top of which the mpcs appear as peaks.

The paper [11] is a practical-oriented paper concerned with implementation of
a multipath-assisted maximum-likelihood position estimator on ultra-wideband
[10] transponders. In similarity to several of the aforementioned papers, the au-
thors estimate the sinrs of mpcs to quantify their usefulness. If only the mpcs
with sinrs above some pre-defined threshold are used in the positioning algo-
rithm, the accuracy becomes significantly better compared to when all mpcs are
used.

In a recent paper [12], the multipath-assisted positioning framework is extended
to indoor anchorless cooperative tracking. No pas are present; the ues position
themselves by acting as cooperating transmitter-receivers. Inaccuracies in the
floor plan are counteracted by including the locations of the wall segments in a
joint state vector, together with the positions of cooperating ues. An extended
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Kalman filter is applied to the joint state-space model to successfully track the
cooperating ues and recursively update the floor plan.

To the best of our knowledge, multipath-assisted methods have not yet been ap-
plied to outdoor scenarios, which motivates this study. In contrast to the pre-
viously studied indoor scenarios, where the environment is static, the outdoor
environment that we study change as the measurement-collecting vehicle drives
around the urban area. The diversity of objects that reflect and/or scatter should
be larger in outdoor urban environments than in static indoor office environ-
ments. Further, the distances are larger, meaning that the absolute uncertainties
of estimated distances could be larger, unless the level of map detail is very high.

Another novelty is the replacement of ray-tracing with more advanced propa-
gation models such as bezt for positioning purposes. bezt requires a detailed
digital terrain map of the propagation environment, whereas the ray-tracing in
indoor environments has so far been based only on the locations of wall segments.
As bezt needs a more detailed map, the requirements on modeling accuracy be-
comes even stricter, which could be problematic as accurate and detailed model-
ing of outdoor environments is cumbersome. It remains to be seen whether the
level of map detail, as well as the accuracy of bezt, are sufficient for successful ap-
plication of multipath-assisted single-anchor positioning algorithms to outdoor
urban scenarios.





3
Method

In this chapter, a signal model is introduced and its use in the classical and
Bayesian positioning algorithms is described in subsequent sections.

3.1 Signal Model

The choice of mathematical model of the signal received by the ue is crucial for
positioning. In this study we will, as suggested in [7], assume that the signal r(t)
received by the ue can be described as

r(t) =
∑
k∈K

αks(t − τk) + s(t) ∗ ν(t) + w(t), (3.1)

where s(t) is the narrowband signal transmitted by the bs. Figure 3.1 illustrates
the studied scenario. Unless otherwise stated, all narrowband signals will be
expressed in complex baseband notation, which is independent of the carrier signal
frequency. If needed, the real-valued narrowband signal can be computed as
sreal(t) = <

{
s(t)ei2πfct

}
, where fc is the carrier frequency. A more detailed and

mathematical introduction to complex baseband notation can be found in [13].

In (3.1), K denotes the set of (deterministic) mpcs. They are deterministic be-
cause the environment is assumed to be static. The number of mpcs is denoted
by K = |K|. Further, αk = ake

iϕk denotes the complex path gain corresponding
to the k:th mpc, containing real-valued path gain ak and carrier phase shift ϕk .
Moreover, τk denotes the propagation delay of the k:th mpc.

The diffuse multipath (dm) component captures diffuse scattering that cannot
be modeled deterministically. Mathematically, it is modeled as a convolution
s(t) ∗ ν(t) of the transmitted signal s(t) and a stochastic process ν(t) characteriz-

9
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ue

[x, y]T = p

bs

k
=

2

k = 1

k = 3

[x2, y2]T = p2

[x1, y1]T = p1

[x3, y3]T = p3

Figure 3.1: Sketch of the studied scenario. The base station (bs), acting as
the only physical anchor, transmits a signal that is reflected and diffracted
against buildings before reaching the user equipment (ue). In addition to the
position p of the ue, the positions of virtual anchors (vas) {pk} are shown.
In this figure, K = |K| = 3. The vas are found by ray-tracing backwards for
each mpc k to a point, from which the distance to the ue is the same as the
total distance traveled by the mpc.

ing the dm. The last term in (3.1), w(t), denotes additive white Gaussian noise
(awgn) with double-sided power spectral density R0. Because the signal model
in (3.1) contains both deterministic and stochastic components, it is sometimes
referred to as a geometric-stochastic channel model.

The number of mpcs K to include in (3.1) is a parameter that needs to be tuned
by the user. In this study, the maximum number of mpcs is fixed, i.e., K ≤ Kmax.
What a suitable value of Kmax is depends on several factors such as the type of
algorithm applied to the signal model and the complexity of the propagation
environment.

From a positioning perspective, there is a problem with the signal model (3.1) as
it includes the effects of small-scale fading. Small movements of the ue causes
the arriving mpcs to interfere differently, possibly resulting in large and unpre-
dictable changes in the received signal. This is an undesirable property. Instead,
one would prefer the signal to change gradually as the ue moves around. One
often-used solution is to instead consider the received power, averaged across
many nearby positions to obtain a pdp. Averaging the power in this way miti-
gates the impact of small-scale fading. It also eliminates the need for modeling
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and/or estimating the phase of each mpc’s carrier. The carrier phase changes
rapidly and is hard to predict because of various interactions with the environ-
ment. Hence, the carrier phase should not contain any useful position-related
information.

To convert the signal model (3.1) into the power domain, we start by consider-
ing the expected received power E

[
|r(t)|2

]
. We assume wide-sense stationary un-

correlated scattering (wssus) [14] at every receiver location, meaning that the
channel’s second order moments are stationary in some region around the re-
ceiver, and that all scattering and mpcs reaching the receiver are uncorrelated.
Under these assumptions, we can obtain the following approximate expression
for E

[
|r(t)|2

]
.

E

[
|r(t)|2

]
= E [r(t)r∗(t)]

(3.1)
≈ E

∑
k∈K

∑
k′∈K

αkα
∗
k′ s(t − τk)s

∗(t − τk′ ) + |s(t) ∗ ν(t)|2 + |w(t)|2


≈
∑
k∈K
|αk |2 |s(t − τk)|2 + E

[
|s(t) ∗ ν(t)|2

]
+ E

[
|w(t)|2

]
≈

∑
k∈K
|αk |2 |s(t − τk)|2 + e(t),

(3.2)

where e(t) includes the expected power of the dm and awgn, as well as any
modeling and approximation errors introduced by the wssus assumption. In
(3.2), the cross-terms vanish due to the assumed uncorrelated scattering. In ad-
dition, we have used the assumption of a static environment, which makes {αk}
deterministic, and hence, the expectation can be removed from the first term in
(3.2). Next, we make use of the assumed wide-sense stationarity by replacing the
expected power of r(t) in (3.2) with an average across M measurements r(m)(t),
m = 1, . . . , M, collected in a spatial region around the receiver. The resulting pdp
y(t) can then be modeled as

y(t) =
1
M

M∑
m=1

∣∣∣r(m)(t)
∣∣∣2 ≈ E

[
|r(t)|2

] (3.2)
≈

∑
k∈K
|αk |2 |s(t − τk)|2 + e(t). (3.3)

For implementation purposes, it is more convenient to have y(t) expressed in
vector notation. Sample y(t) with the sampling period Ts as y[n] = y (nTs) , n =
0, . . . , N−1, and stack the samples in a column vector y = [y[0], y[1], . . . , y[N − 1]]T .
The number of samples N is set large enough for all mpcs of interest to be cap-

tured in the sampled pdp. Let α =
[
|α1|2 , . . . , |αK |2

]T
denote a column vector

containing the squared magnitudes of the K mpcs. Similarly, let τ = [τ1, . . . , τK ]T

contain the K mpc propagation delays. Now, a sampled version of (3.3) can be
compactly written as

y = S (τ)α + e, (3.4)

where e is equivalent to the sampled e(t). The statistics of the error vector e are
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treated as unknown. The matrix S (τ) has squared magnitudes of the time-shifted
and sampled versions of s(t) as its columns. That is

S (τ) =



∣∣∣∣∣∣s
[
0 − τ1

Ts

]∣∣∣∣∣∣2
∣∣∣∣∣∣s

[
0 − τ2

Ts

]∣∣∣∣∣∣2 · · ·
∣∣∣∣∣∣s

[
0 − τK

Ts

]∣∣∣∣∣∣2∣∣∣∣∣∣s
[
1 − τ1

Ts

]∣∣∣∣∣∣2
∣∣∣∣∣∣s

[
1 − τ2

Ts

]∣∣∣∣∣∣2 · · ·
∣∣∣∣∣∣s

[
1 − τK

Ts

]∣∣∣∣∣∣2
...

...
. . .

...∣∣∣∣∣∣s
[
N − 1 − τ1

Ts

]∣∣∣∣∣∣2
∣∣∣∣∣∣s

[
N − 1 − τ2

Ts

]∣∣∣∣∣∣2 · · ·
∣∣∣∣∣∣s

[
N − 1 − τK

Ts

]∣∣∣∣∣∣2



. (3.5)

3.2 Algorithms

Of the two algorithms for multipath-assisted single-anchor positioning described
in detail later on, one is a classical method and one is a Bayesian method. The
main difference between the classical and Bayesian estimation paradigms lies in
the way the unknown parameter vector θ is regarded. From a classical point
of view, θ is unknown but deterministic, whereas from a Bayesian perspective θ
is unknown and random. In the latter case, θ has a prior distribution, enabling
the computation of the posterior distribution of θ given measurements. Trying
to compute the posterior distribution in a classical method would, however, be
meaningless, since θ is considered deterministic and not random. Since this the-
sis project deals with positioning, the parameter to estimate is the position of a
ue, i.e., θ , p = [x, y]T .

The classical algorithm is based on point estimation of positions; each new mea-
surement is treated independently of other measurements and previously esti-
mated positions. Using a global grid search, the position whose bezt predictions
are most "similar" to a measured pdp is chosen as the position estimate.

In contrast to the classical algorithm, the Bayesian filtering algorithm takes into
account not only the latest measurement, but all previous measurements as well.
A state-space model is formulated, consisting of a motion model of the ue’s move-
ments and a measurement model of collected pdps. A point-mass filter (pmf)
using a fixed, global point grid is designed based on the state-space model. With
each new measurement, the pmf recursively estimates the posterior distribution
of the ue position, from which a maximum a posteriori (map) position estimate
can be computed.

Both algorithms require that a digital map of the surrounding environment and
measured pdps are available.
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Figure 3.2: Example of a measured pdp in linear scale with its prominent
peaks marked with triangles. The intervals where the pdp and the bezt
predictions should be compared are marked with dots. Note that the scale is
linear; this is because the comparison is performed on a linear scale.

3.2.1 Classical Estimation

As mentioned earlier, the classical point estimation algorithm uses a global, ex-
haustive grid search to estimate the ue position. The choice of grid resolution δ is
a trade-off between positioning accuracy and execution time. A finer grid yields,
on average, a smaller distance between a ground-truth position to its closest grid
point, but also increases the computational complexity of the grid search.

Given a measured pdp collected at the ground-truth position p, the algorithm
proceeds as follows. First, we observe that the measured pdp and the bezt pre-
dictions should only be compared around the most significant peaks of the mea-
surements, since they have a higher probability of being modeled by bezt. Be-
cause the dm is not modeled, comparisons in intervals outside the peaks could
cause unpredictable estimation results. We use prominence as measure of peak
significance. The prominence of a peak is defined as the value with which the
pdp drops on either side of the peak before increasing in value. For each pdp,
we find its maximum value Pmax and use that to select only the peaks having a
prominence of Pmax /100 or higher.1 The interval around each peak in which the
pdp and the bezt predictions should be compared has the same width as the (es-
timated or known) width of the main lobe of the transmitted pulse s(t). Figure
3.2 illustrates the prominent peaks and their comparison intervals of a sample
pdp.

1The choice of 100 in the denominator has been made based on visual inspection of available mea-
surements. For a measurement set collected under other conditions, e.g., other carrier frequencies,
higher bandwidth and denser urban environment, a different value might be required.
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Let I (i) denote the union of all comparison intervals found in the i:th measured

pdp y(i) =
[
y(i)[0], . . . , y(i)[N − 1]

]T
. For every grid point p′ ∈ Pgrid evaluated

during the grid search, bezt is used to predict what squared magnitudes α′ and
delays τ′ would be observed at p′ , if the ue had been there. With (3.4) in mind,
the predicted pdp at p′ according to bezt can be written as

y′ = S (τ′)α′ , (3.6)

where the exclusion of the error vector e is considered acceptable as long as y(i)

and y′ are compared only within the intervals in I (i). Note that (3.6) is indepen-
dent of the measurements, hence y′ can be computed at every grid point off-line
in advance. Having computed y′ = [y′[0], . . . , y′[N − 1]]T , the cost function value

J (i) (p′) =
∑
n∈I (i)

∣∣∣y(i)[n] − y′[n]
∣∣∣ (3.7)

can be calculated. The smaller J (i) (p′) is, the more closely the measurement and
predictions match at p′ , and the more probable we think it is that p′ is near the
true ue position p(i). Finally, the estimated ue position p̂(i) given the measure-
ment y(i) is taken as the grid point that minimizes the cost function, i.e.,

p̂(i) ,

[
x̂(i)

ŷ(i)

]
= arg min

p′ ∈ Pgrid
J (i) (p′) . (3.8)

3.2.2 Bayesian Filtering

To track the ue position over time, models of the ue movements and measure-
ments need to be formulated. The movements are modeled as a random walk,

p(i+1) = p(i) + w(i), w(i) ∼ N
(
0, σ2

wI2
)
, (3.9)

where p(i) and w(i) denote the two-dimensional position and process noise at time
step i, assumed to be independent of one another. The noise variance σ2

w should
be of the same order of magnitude as the (unknown and time-varying) speed of
the ue. As (3.9) describes a random walk, the x- and y-movements are indepen-
dent, which is a reasonable model considering that nothing is known in advance
about the movements.

As is mentioned in the classical algorithm description, bezt is only expected to
model the prominent peaks in measured pdps. Hence, the measurement model
only considers samples around these peaks, i.e. samples y(i)[n], n ∈ I (i), of the
measured pdp y(i) at time step i. Each such sample is modeled as a mixture
between a Laplace (L) distribution and a uniform (U ) distribution,

y(i)[n] ∼ f (y|µn, b, ξ) = (1 − α)L (µn, b) + αU [0, ξ] , n ∈ I (i), (3.10)

where α ∈ [0, 1] is a so-called mixing parameter, µn and b denote the mean and
scale parameter of the Laplace distribution, and ξ denotes the upper limit of
the uniform distribution (the lower limit is zero because power is always non-
negative). The mean µn of the Laplace distribution is given by the corresponding
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Figure 3.3: The probability density function of a sample belonging to a
prominent pdp peak. Each such sample is modeled by the distribution
f (y|µn, b, ξ) = (1 − α)L (µ, b) + αU [0, ξ].

sample of the bezt prediction, and the scale parameter b describes the uncer-
tainty in the prediction: the larger b, the larger the variance 2b2 of the Laplace
distribution, and the larger the difference between the true sample value and the
sample value predicted by bezt. µn is subscripted with the sample index n to
indicate that the distributions of samples have different mean, but same values
of b and ξ.

In contrast, the uniform distribution models outliers, i.e., samples that are far
from what bezt predicts. Because bezt does not model, e.g., reflections of order
higher than one, there will be peaks not captured by the predictions. Including
the uniform distribution in (3.10) ensures that outliers do not yield zero likeli-
hood, which would be problematic in the filter implementation as it would de-
stroy information gathered in previous filter iterations. The upper limit ξ should
be set large enough for non-modeled samples to be captured in [0, ξ]. Figure 3.3
illustrates the probability density function (pdf) and the parameters of (3.10).

(3.10) should be interpreted in the following way: with probability 1−α, y(i)[n] is
sampled from a Laplace distribution, and with probability α, it is sampled from
a uniform distribution. Because bezt is expected to model the measured pdp
reasonably well around prominent peaks, it is more likely that the samples are
drawn from the Laplace distribution than from the uniform distribution. Hence,
α � 1, but the exact value of α depends on the quality of the bezt predictions.

Assuming independence of y(i)[n], n ∈ I (i), and stacking them into a column

vector y(i)
prom, they are jointly distributed according to

y
(i)
prom ∼ f (y|µ, b, ξ) =

∏
n∈I (i)

f (y|µn, b, ξ), (3.11)



16 3 Method

where µ denotes the column vector of all mean values µn, n ∈ I (i).

Having formulated the motion model (3.9) and measurement model (3.10), the
next step is to use them in a point-mass filter (pmf). The pmf recursively esti-
mates a grid approximation of the posterior density of the ue position. At time
step i, we have the posterior f

(
p(i)|Y (i)

)
of the ue position p(i), given measure-

ments Y (i) =
{
y(0), y(1), . . . , y(i)

}
. The posterior is approximated using a fixed,

rectangular and global grid of G grid points having coordinates (u, v) and grid
resolution δ. The grid consists of U rows and V columns. δ is the distance in
the x- or y-directions between adjacent points. Each grid point is equipped with
a weight (also called probability mass) that approximates the posterior at its po-
sition in the grid. To simplify the notation, we define H (i|j) as a (U × V ) matrix
containing all weights of the grid at time step i, given measurements up to and

including time step j. The u, v:th element of H (i|j) is the weight m(i|j)
(u,v) at the grid

coordinates (u, v) .

The pmf is initialized by letting all G weights have equal probability mass, i.e.,
1/G, expressing the fact that the position is initially completely unknown. The
filter then iterates between a measurement update and a time update, explained
next. The description of the updates given here is largely based on the theory and
implementation given by Bergman [15].

The measurement update at time step i can be summarized as follows. The set
I (i) is computed from the measurement y(i). For each grid point p′(u,v) , bezt is

used to predict y′(u,v) in (3.6), from which the samples y′(u,v)[n], n ∈ I (i), are ex-
tracted and collected in a column vector y′prom,(u,v). Now, the weight of each grid
point is updated by evaluating the likelihood (3.11) of observing the measured
samples as

m
(i|i)
(u,v) = f

(
y

(i)
prom | µ = y′prom,(u,v), b, ξ

)
m

(i|i−1)
(u,v) ,

u = 1, . . . , U,

v = 1, . . . , V .
(3.12)

After normalizing the weights to sum to one, they are collected together in the
updated weight matrix H (i|i). This marks the end of the measurement update.

In the time update, the motion model (3.9) is used to predict the ue movements
between the current and next time step. Since p(i) and w(i) are assumed to be
independent, the posterior of p(i+1) is equal to the (two-dimensional) convolution
of the posterior of p(i) and the pdf of w(i). Because the movements in the x- and
y-directions are assumed to be independent, this two-dimensional convolution
can be split into two one-dimensional convolutions.

As proposed by Bergman [15], we will use this fact to transform the two-
dimensional convolution into a matrix multiplication between the weight matrix
H (i|i) and sparse matrices containing shifted copies of a truncated Gaussian con-
volution kernel v = [v1, v2, . . . , v`]

T . Implementing the convolution as a matrix
multiplication speeds up the implementation inmatlab. The kernel is truncated
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at a small threshold chosen such that practically all probability mass remains in
the truncated kernel, while at the same time limiting the dimensions of matrices
involved in the matrix multiplication. Define the (V × V + ` − 1) matrix Dr and
the (U + ` − 1 × U ) matrix Dc as [15]

Dr =


vT

vT

. . .
vT

 , Dc =


v

v
. . .

v

 , (3.13)

i.e. Dr contains V copies of vT shifted along its rows, and Dc contains U copies
of v shifted along its columns. The empty elements in (3.13) are all zero. Note
that, in general, DT

r , Dc because typically U , V . Finally, the two-dimensional
convolution can be computed as the matrix multiplication

H (i+1|i) = DcH
(i|i)Dr . (3.14)

The resulting matrix has dimension (U + ` − 1 × V + ` − 1), which is greater than
the dimension of H (i|i). Because the grid has a fixed size of (U × V ), H (i+1|i)

needs to be cropped to that size by removing the excess elements around its edges.
After cropping, the time update is finished and the pmf moves on to the next
measurement update.

After each measurement update, amap position estimate is obtained by selecting
the grid point that maximizes the posterior at that time step. At time step i, the
map estimate p̂(i) is given by

p̂(i) = p′
(u(i),v(i))

(3.15)

where

(u(i), v(i)) = arg max
u, v

m
(i|i)
(u,v). (3.16)

Another possibility is to use the mean of the posterior as position estimate, which
would correspond to a minimum mean square error estimate [16]. However, com-
puting the mean of the posterior requires a weighted summation across all grid
points, which is computationally more intensive than simply finding the max-
imum. In addition, in the case that the posterior is multi-modal with several
disjoint modes, we would like the position estimate to belong to the most proba-
ble mode rather than ending up in between them, where the posterior probability
might be small. Hence, we have decided to use a map estimator.

For a more detailed description of the pmf algorithm, theory and the implemen-
tation that we use, we refer to [15]. The textbook [16] is a good introduction to
Bayesian filtering in general, and contains several examples (including code) for
applications within positioning and tracking.





4
Simulation Setup

A brief description of bezt is given here. For a more detailed treatment, we refer
to [4], which also summarizes some results from model validations against chan-
nel measurements. The generation of synthetic measurements for testing and val-
idation of the positioning algorithms is described in the subsequent section. Then,
the real-world measurements that we apply the positioning algorithms to are in-
troduced. Lastly, the values of simulation parameters used in the algorithms are
explained and summarized. For further details on the equipment, setup, and
collection of real-world measurements, we refer to [17].

4.1 Simulator Description

The bezt 3D propagation models are implemented in amatlab simulator devel-
oped internally by Ericsson Research. The propagation models are site-specific,
meaning that a map of the propagation environment is required. Map features
such as buildings (modeled as polygons), terrain and foliage are all taken into
account by bezt, although they can be excluded upon requirement.

Given bs and ue locations, bezt predicts propagation paths using models for
propagation above and around buildings, "hybrid" combinations of above/around
paths, foliage scattering, and specular reflections. Clusters of shadowing and
propagation paths are added to the predicted paths to better describe the com-
plex real-world measurements.

One drawback of the current version of bezt is that specular reflections of order
higher than one are not modeled, meaning that only paths with single reflections
are included. Multiple reflections of a signal before it reaches the ue are not mod-
eled, hence such paths are not predicted by bezt. The lack of support for multi-

19
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Figure 4.1: The map used in the generation of synthetic measurements. No
terrain or foliage is included, only buildings. All buildings are 38 m tall. The
base station (bs) has been placed 2 m above the roof corner of the northeast-
ernmost building.

ple reflections could be problematic in a positioning application, if the energies
of non-modeledmpcs are relatively high. In such a scenario, there could be a risk
of mistakingly associating the measurement to a completely different map loca-
tion, where the non-modeled mpcs align with, e.g., a predicted los component,
giving a better fit between measurement and prediction than the true position
does.

4.2 Synthetic Measurements

To investigate how well the positioning algorithms work in ideal cases with nei-
ther dm nor noise, synthetic measurements are generated by inserting bezt pre-
dictions of α and τ into the pdp model (3.4), where e is set to zero to model
the absence of noise and dm. The transmitted signal s(t) is modeled as the in-
verse Fourier transform of a Hanning window having a support of 20 MHz. This
choice might seem odd at first, but it is made to conform with how it is selected
when working with real-world data, as will be explained in the next section. The
maximum number of mpcs is set to Kmax = 30. By repeating the measurement
generation procedure for a sequence of ue positions, a measurement set of syn-
thetic pdps is generated.

As the purpose of generating synthetic pdps is to validate the algorithms in sim-
ple and ideal scenarios, we have created a 1000 × 1000 m map as shown in figure
4.1. Neither terrain nor foliage has been added to the map. All buildings share
the same height of 38 m. The bs, located 2 m above the roof corner of the north-
easternmost building, uses an isotropic antenna, i.e., it radiates power uniformly
in all directions. The ue too uses an isotropic antenna. Three different sets of
measurements have been designed at the positions shown in figure 4.2. The first
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(a) Grid. (b) Uniformly random. (c) Route.

Figure 4.2: Illustration of the three different sets of 1000 measurement posi-
tions each. Figure 4.2a shows the measurement grid, where the separation in
x- and y-directions between adjacent grid points is 5 m. Figure 4.2b shows
the positions randomly selected across all outdoor map coordinates. Figure
4.2c shows the measurement route with positions spaced equally far apart.

set of positions is a grid near the center of the map, the second one contains
positions randomly selected from a uniform distribution, and the last one is a
route visiting many parts of the area. Each set contains 1000 synthetic pdps and
their corresponding measurement positions. Care has been taken to assure that
the measurement grid in figure 4.2a does not overlap with the global search grid
to avoid perfect matches between synthetic measurements and bezt predictions
during the grid search.

4.3 Real-world Measurements

The real-world measurements that we use were collected in the frequency do-
main, at a carrier frequency of fc = 2.66 GHz and with a bandwidth of B = 20
MHz. A bus with measurement equipment – the ue – drove along the trajec-
tory shown in figure 4.3 in Kista in 2009, measuring the frequency response of
the wireless radio channel from three synchronized bs antennas. The bs antennas
were of standard type and had half-power beamwidth of 63° in azimuth and 5° in
elevation. They all had roughly the same distance to the center of the map, and
their main lobes all pointed towards the center of the map. On the roof of the
measurement bus, four dipole receiving antennas had been mounted.

Importantly, note that in this study we only consider signals transmitted by one
bs antenna – indicated by bs 1 in figure 4.3 – as the purpose is to investigate
multipath-assisted single-anchor positioning. The choice of bs antenna among the
three available ones has been made arbitrarily and should not be significant as
they are all of the same type, mounted on similar heights, approximately equally
far from the center and have their main lobes directed towards the center of the
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Figure 4.3: The trajectory driven by the measurement bus is marked in red.
Indicated with a green triangle is the bs antenna considered in our study.

map. The frequency-domain measurements collected at the four ue antennas
have been converted to delay-domain signals using zero-padding to interpolate
the signal in delay, and Hanning windowing to suppress misleading sidelobes
(false resonances) [18]. These sidelobes would otherwise be larger due to the
measured frequency response being zero outside [fc − B/2, fc + B/2], modeled as
a rectangularly windowed version of the true frequency response. To counter-
act small-scale fading, the so-obtained power (squared magnitude of the signal)
is averaged across the four antennas and 100 positions along the ue trajectory.
The result of this pre-processing consists of 1779 pdps and 1779 corresponding
measurement positions spaced, on average, 2.2 m apart.

Both the classical and the Bayesian algorithm require a model of the transmit-
ted signal s(t) to be known. Owing to the Hanning windowing of the frequency
response, s(t) can be modeled as the inverse Fourier transform of the Hanning
window itself. To understand this, note that the measured frequency response
may be regarded as the product of the true frequency response of the channel and
the Hanning window stretching across the frequency interval [fc − B/2, fc + B/2].
Hence, taking the inverse Fourier transform of such a Hanning window yields
the complex-baseband signal s(t). Figure 4.4 illustrates the Hanning window to-
gether with an example of a channel magnitude response measured by one of
the ue antennas. Note that the dash-dotted line does not actually belong to the
measurement, but simply serves to illustrate what the magnitude response might
look like outside [fc − B/2, fc + B/2]. The magnitude of the transmitted signal s(t)
as modeled here is shown in figure 4.5.
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4.4 Simulation Parameters

Both the classical and pmf algorithms have certain simulation parameters that
need to be set, explained below and summarized in tables 4.1 and 4.2.

• Kmax is the maximum number of mpcs predicted by bezt. Because the
generation of synthetic measurements used up to 30 mpcs, we set Kmax =
30 in both algorithms applied to synthetic data. In the case of real-world
measurements, we try both Kmax = 30 and Kmax = 6 to evaluate how much
the choice of Kmax affects the positioning accuracy.

• δ is the resolution of the search grid used in the classical algorithm, or of
the point grid used in the Bayesian (pmf) algorithm. The value of δ is a
trade-off between accuracy and computational effort: reducing δ improves
the best possible positioning accuracy at the cost of an increased number of
grid points. After having tested several values, we decided on δ = 10 m.

• The number of rows U and columns V of the point grid used by the pmf is
uniquely determined by the size of the map and the resolution δ.

• The variance σ2
w of the process noise in the motion model (3.9) should be

tuned based on the uncertainty of the ue movements. The overall uncer-
tainty is larger in the case of real-world measurements than in synthetic
measurements. We set σ2

w = 5 m2 when applying the pmf to real-world
data, and σ2

w = 2 m2 when using synthetic data.

• The values of the scale parameter b and the upper limit ξ of the uniform
distribution are set based on normalized pdps, motivated by a need for in-
creased numerical stability during the measurement updates (3.12). For
each measurement, its maximum value is used as a normalizing factor. The
measurement and bezt predictions are divided by the normalizing factor,
so that the normalized measurement has a maximum value of one. This
retains the relative difference between the measured and predicted pdps.
Empirically, we have found b = 0.5 and ξ = 5 to give acceptable results
when applying the pmf to synthetic data. These values are also used for
real-world data as a starting point for further tuning.

Table 4.1: Classical algorithm parameters used in the simulations.

Measurement set Kmax δ [m]

Synthetic 30 10

Real-world {30, 6} 10

Table 4.2: pmf parameters used in the simulations.

Measurement set Kmax δ [m] U × V σ2
w [m2] b1 ξ1

Synthetic 30 10 101 × 101 2 0.5 5

Real-world 30 10 77 × 82 5 0.5 5

1The values of b and ξ are set based on normalized measurements and predictions.
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Results

In this chapter, we present and discuss the results obtained from the simulations
of both algorithms on the synthetic and real-world measurement sets.

5.1 Synthetic Measurements

Running the classical algorithm on the three synthetic measurement sets (re-
ferred to as "grid", "route" and "random") resulted in the position estimates given
in figures 5.1a, 5.1b and 5.1c. The positioning accuracy, measured in terms of
(absolute) position error, is summarized by the cumulative distribution functions
(cdfs) in figure 5.2. The figure shows how the grid measurement positions are al-
most perfectly recovered, with 95% of the measurements having a position error
of less than 3.5 m. In contrast, in 90% of the time, the position error is as much
as 430 m in the random and 460 m in the route scenarios. The performance dif-
ference between the random and route measurement sets is small according to
figure 5.2.

In the region where the grid measurements are made, bezt predicts around 6-7
mpcs, whereas in, e.g., the open space west of the bs, there are only one or a few
predicted mpcs, and of these, the los component dominates completely. This,
we believe, is the main reason why the position errors are so much smaller given
grid measurements than the other two measurement sets. A larger number of
prominent peaks result in improved uniqueness of measurements, which reduces
the risk of picking an erroneous position as estimate. To exemplify, we consider
the position [x, y]T = [−380, 117]T , where the cost function (3.7) looks like in
figure 5.3. The dominant los component has the effect that all points within los
that have the correct distance to the bs, give small cost function values. As figure
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5.3 shows, also positions having a strong first-order-reflectedmpc yield small cost
function values, albeit not as small as los positions do. Since the measurement
positions and grid points of the global search grid do not overlap perfectly, the
probability of positioning the ue in an entirely different map region is fairly high.

Looking at figure 5.1c, we see clearly how the positioning accuracy improves in
regions with more complex propagation environments, i.e. regions with a larger
number of bezt-predicted mpcs. At a first glance, one might wonder why the
position errors are relatively small above the northernmost building, where the
ue has los to the nearby bs. However, owing to strong first-order reflections
against the wall of the northernmost building, the measurement signatures differ
enough for reasonably accurate positioning.

Applying the pmf to the route measurement sets yielded the position estimates
shown in figure 5.1d. Its positioning accuracy is notably better than what the
classical algorithm gives, cf. figure 5.1c. The large differences are more clearly
seen by comparing their cdfs, shown in figure 5.4. In 90% of the time, the pmf
produces position estimates having errors smaller than 70 m, whereas the clas-
sical algorithm results in errors that can be as large as 510 m. We plot the pmf
position error as function of position along the synthetic measurement route in
figure 5.5, showing where the positioning is more or less precise. Since the pmf,
unlike the classical algorithm, takes into account not only current but also previ-
ous measurements, we had expected it to perform better – which it clearly does –
but in advance it was uncertain how great the improvement would be.

Figure 5.6 consists of a set of contour plots of the filter weights, i.e. approxi-
mated position posterior, after the time and measurement updates of three differ-
ent time steps i ∈ {30, 78, 100}. Similar to the classical algorithm results, there is
an initial position uncertainty at time step i = 30, where there are few predicted
mpcs and the los component is dominant. This uncertainty can be seen as small
"dots" after the measurement update, as shown in figure 5.6a, but especially after
the time update in figure 5.6b. As theue comes closer to the corner of the western-
most building, the approximated posterior becomes more concentrated around
the true position. When the ue turns around the corner at time step i = 78, the
uncertainty suddenly increases again, cf. figures 5.6c and 5.6d. The ue then en-
ters the area west of the westernmost building, where the approximated posterior
becomes concentrated around the true position. At, e.g., time step i = 100, the
estimated and true position are close enough to overlap, cf. figures 5.6e and 5.6f.
In later parts of the trajectory, when the number of predictedmpcs becomes very
small again, the uncertainty increases and the posterior spreads out, resulting in
poorer position estimates.

We gladly note the large improvement produced by the pmf, as seen in figure 5.4,
but at the same time remind the reader that these are the results of applying the
algorithms to synthetic data, created with neither dm nor noise, in a simplified
environment with neither terrain nor foliage. How much worse the positioning
accuracy becomes in a real environment with actual real-world measurements, is
explored in the next section.
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Figure 5.1: Figures 5.1a, 5.1b and 5.1c show the positioning results obtained
when simulating the classical algorithm on the three synthetic measurement
sets. Figure 5.1d shows the positioning results of the pmf applied to the
synthetic route measurement set.
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Figure 5.2: Cumulative distribution function of the (absolute) position error
when running the classical algorithm on the three synthetic measurement
sets (grid, random and route).
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Figure 5.3: The cost function (3.7) given a synthetic measurement collected
at [x, y]T = [−380, 117]T . The white regions correspond to indoor positions,
at which the cost function is not evaluated.
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Figure 5.4: Cumulative distribution function of the (absolute) position error
when running the classical algorithm on the synthetic route measurement
set versus the pmf applied to the same data set.
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Figure 5.6: Snapshots at time steps i ∈ {30, 78, 100} of the position posterior
as estimated by the pmf. The green star marks the true position and the
red star marks the estimated position of the ue. The figures illustrate how
the initial position uncertainty, after some fluctuations, fades away as the ue
moves around the building corner.
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5.2 Real-world Measurements

Simulating the classical algorithm, first with Kmax = 30 and then with Kmax = 6,
resulted in the position estimates given in figures 5.7a and 5.7b. Their position
errors are summarized in the cdf plots in figure 5.8. Interestingly, the cdf plots
look almost identical, which shows that only six or fewer mpcs matter to the
classical algorithm. This is a natural result for two reasons. First, low-index
mpcs (e.g. K ≤ 6) predicted by bezt likely have much larger magnitudes than
mpcs with higher index (e.g. K > 6). Secondly, the cost function (3.7) compares
measurements and predictions in linear scale, where said magnitude differences
mean that only the strongest peaks contribute significantly to the cost function
value.

One way to put more emphasis on weaker peaks could be to modify the cost
function to compare measurements and predictions in decibel scale, rather than
linear scale. In decibel scale, the relative differences between weak and strong
peaks become much smaller, which is desirable in one way, but problematic in
another: as more peaks – of various size and origin – influence the cost function,
the requirements on accurate bezt predictions become higher. One might guess
that strong peaks are more likely to be accurately modeled by bezt than weaker
ones. Furthermore, the dm and noise are emphasized by switching to decibel
scale. The noise can be dealt with by introducing a noise threshold, below which
we ignore peaks. To counteract the dm, on the other hand, modifications of the al-
gorithm might be needed, e.g. modeling of dm [9, 19, 20] and using dm statistics
to select informative and reliable mpcs [8].

As the cdfs in figure 5.8 show, the overall positioning accuracy is quite poor. For
the cdfs to reach 90%, as much as 594 m of position error is required. Having
in mind that the map is 810 × 760 m, and that the average distance from the true
measurement positions to each one’s farthest map edge is 568 m, the positioning
estimates are generally unreliable and, most probably, mainly limited by map
size. The position errors would probably increase with an larger map.

The erroneous position estimates are due to multimodality of the cost function,
i.e., there are several local minima having similar values. In theory, the cost func-
tion should be unimodal, i.e., have one global minimum, because at a very fine
level of detail, the propagation environment and measured pdp of each map posi-
tion should be unique. However, no model perfectly describes reality, and neither
does bezt. At the level of detail of the bezt predictions, there are several map
positions that share characteristics, e.g., one junction could be mistaken for a
different junction, a park could be mistaken for a park somewhere else, etc.

We can think of several ways to deal with the cost function multimodality. Al-
though bezt, as all models, will never perfectly model reality, there is always
room for improvement. Most of all, support for reflections of higher order than
one is a feature that could have a large impact on the cost function values, hence
also on the positioning accuracy. Exponential "tails" is another feature that could
be added to predictedmpcs to simulate the effect of the (typically) exponentially
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decaying dm.

To find out where the classical algorithm performs better or worse, we plot the
position error along the measurement trajectory in figure 5.10 (only the results
of using Kmax = 30 are plotted as the two studied values of Kmax, as mentioned,
seem to give the same results). The figure shows how the position error tends to
increase with distance to the bs. Along the road passing beneath the bs, where
the ue is within los, and in the circular turning points northwest of the bs, the
position error seldom passes 250 m, and is sometimes below 100 m. These small
absolute errors could be explained by how, in los, there is a large, dominant
peak, which stays almost the same at all los positions at the same distance from
the bs. When the true distance to the bs is small, the corresponding circle of los
positions has a small radius, and hence the largest possible position error is small.
This could also help explain the increase of absolute position error with distance.

Another observation made in figure 5.10 is how the position error becomes more
oscillatory in nlos than in los conditions. A possible explanation for this effect
is that in los, there is a dominant peak that slowly drifts as the uemoves around,
whereas in nlos, there are instead many small peaks of similar order of mag-
nitude. Several of these small, but in nlos significant, peaks are not modeled
by bezt. In addition, due to the smaller peak magnitudes, the interfering dm is
more prevalent. For these reasons, nlosmeasurements collected by a moving ue
tend to fluctuate in a more rapid and unpredictable way, which could cause the
oscillations in position error.

Switching algorithm from the classical one to the pmf, we obtained the scatter
plot of position estimates given in figure 5.7c. The position errors are summa-
rized by the cdf in figure 5.9, shown together with the cdf produced by the
classical algorithm. As the figure show, the overall positioning accuracy of the
pmf beats the one produced by the classical algorithm. For example, to reach
50% cumulative probability, 200 m is required instead of 236 m, and to reach
90%, 562 m instead of 595 m is enough. Overall, however, the absolute position
errors are still very large and in a range comparable to the average distance to the
farthest map edge, just like previously discussed for the classical algorithm.

To gain more insight into the positioning accuracy of the pmf, we study its posi-
tion error along the measurement trajectory, plotted in figure 5.11. A comparison
with figure 5.10 shows significant improvements in positioning accuracy in the
western and northern parts of the map and – to a lesser extent – in the map center.
To the southwest and northwest of the bs, the positioning accuracy has worsened
compared to what the classical algorithm gave. Overall, the position errors are
much less oscillatory in figure 5.11 than in figure 5.10, which is an expected effect
of the pmf taking into account all previous measurements, not only the current
one.

We find it hard to explain why the pmf outperforms the classical algorithm in
certain areas, and why it works less well elsewhere. The filter uses a state-space
model with statistical models of the ue movements and measurements, which
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the classical algorithm does not. And, by taking into account all previous mea-
surements rather than only the current one, we had expected it to do better than
the classical algorithm. We see how the filtering of the pmf often improves the
positioning accuracy, preventing occasional high peaks in position error. In some
areas, however, the approximated posterior ends up in a completely different area
of the map, where the map position estimate gets stuck until a sufficient change
in the measurement characteristics helps the posterior escape to a region closer
to the true ue position. See for example the road strip southwest of the bs in fig-
ure 5.11, where the ue moves northwest before turning right towards the center
of the map. Here, the position error that previously was around 700 m suddenly
drops by more than half. To highlight the pmf’s filtering effect on the position
error, we show in figure 5.12 a comparison of the two algorithms’ position error
along a small section of the measurement route. The pmf avoids many of the
large peaks, but also misses occasional drops in position error.

Comparing the results for the synthetic and real-world data sets, we note how the
positioning is much less accurate in the latter case than in the former. Real-world
measurements with dm and noise are, compared to the synthetic measurements
generated with bezt, apparently much more difficult to model, understand, and
use for multipath-assisted single-anchor positioning. We had hoped that the
larger number of predicted mpcs in the more complex, real-world environment
would be beneficial, but due to the above-mentioned reasons, the results became
quite the opposite.

Personally, we believe that one of the main reasons for why neither algorithm
works, is the uncertainty in mpc magnitudes, as estimated by bezt: ±10 dB er-
ror compared to the true magnitude of a measurement peak is generally con-
sidered acceptable from a channel modeling point of view, but that difference –
expressed in linear scale – is disastrous for the algorithms studied herein. The
magnitude uncertainty worsens the multimodality of the cost function and gives
unpredictable updates of the pmf’s grid weights with each measurement update.

Finally, we would like to point out that only a small subset of all possible bezt
settings and algorithm tuning parameters have been tested, because of the long
execution time required to evaluate the algorithms on all available data. Moti-
vated by the conclusions drawn in previous evaluations and validations of bezt
[4], we decided to use most of the currently available functionality to match the
measurements as closely as possible. This includes, e.g., propagation above and
around buildings, "hybrid" paths, and clusters of paths added to predicted mpcs.
For the classical and Bayesian algorithms, we have empirically tuned the param-
eter values with the aim of improving the position accuracy. But due to the small
number of tested parameter values, it is possible that there exist other bezt and
algorithm parameter settings that better suit multipath-assisted positioning.
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Figure 5.7: Figures 5.7a and 5.7a show the positioning results obtained when
simulating the classical algorithm on the real-world measurement set, using
Kmax = 30 and Kmax = 6, respectively. Figure 5.7c shows the positioning
results of the pmf applied to the real-world measurement set.
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Figure 5.8: Cumulative distribution function of the (absolute) position error
when running the classical algorithm on the real-world measurement set,
using Kmax = 30 and Kmax = 6, respectively.
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Figure 5.9: Cumulative distribution function of the (absolute) position er-
ror when running the classical algorithm with Kmax = 30 on the real-world
measurement set, versus the pmf applied to the same data set.
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Figure 5.10: The (absolute) position error of the classical algorithm, with
Kmax = 30, along the real-world measurement route.
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Figure 5.11: The (absolute) position error of the pmf along the real-world
measurement route.
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Figure 5.12: Comparison of the (absolute) position error of the classical algo-
rithm and pmf, respectively, along a section of the real-world measurement
route.





6
Conclusions

In this thesis project we have developed and studied two different algorithms for
multipath-assisted positioning, based on received pdps from a single transmit-
ting bs. We formulated a signal model that, under certain assumptions, could be
reformulated as a pdp model. The pdp model, in turn, was used in the classical
and Bayesian positioning algorithms. To test how well the algorithms perform,
we first applied them to synthetic data, generated with bezt, before moving on
to real-world pdps.

Fed with synthetic data, the classical algorithm was able to accurately estimate
the true ue position when the corresponding measurements consist of multiple
prominent peaks. The larger the number of prominent peaks, the greater the
probability that the measurement signature is unique. In contrast, when the mea-
surements only have one prominent peak, as is often the case in los scenarios,
only the distance and not the angle to the ue could be retrieved. This lead to
large absolute position errors when the true bs-to-ue distance was large. Switch-
ing algorithm to the pmf resulted in notable improvements in positioning accu-
racy, although some uncertainty still remains along some of the sections of the
measurement route that have los to the bs.

Unfortunately, the classical algorithm did not generalize well to real-world mea-
surements. Based on the results, it seems like the map size is the main limiting
factor of the position error. A larger map would likely increase the number of
modes in the multimodal cost function, and allow the position error to grow.
Changing the value of Kmax from 30 to 6 did not lead to any changes in the cdf
plot, which indicates that only a few of predicted mpcs affect the cost function.
This is a reasonable result, keeping in mind that the cost function is computed in
linear scale and that the mpcs often differ by several orders of magnitude.
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In most parts along the real-world measurement trajectory, the pmf outperformed
the classical algorithm. In some parts, however, the position error became as large
as the map permits, because the approximated position posterior became concen-
trated in a region at the opposite side of the map. The position error remained
high until the propagation environment around the ue changed enough for the
error to decrease again. We note how the pmf was able to reduce the oscillations
in position error that the classical algorithm exhibited, giving smoother position
estimates. Despite the improvements achieved by the pmf, its position errors are
still of similar order of magnitude as those achieved by the classical algorithm.
Again, the map size played a key role in limiting the errors.

Taken altogether, we trust neither the classical algorithm nor the pmf to yield
reliable, robust position estimates in real-world urban environments, at least not
given the currently used formulation of the algorithms. In [17], the observed
time difference of arrival (otdoa) method [3] is applied to ue measurements
from three different base stations to position the ue along the same trajectory
in Kista. The otdoa results – position errors below 20 m in 50% of the time
and below 63 m in 95% of the time – cannot be matched at all by neither the
classical algorithm nor the pmf. In addition, the otdoa method is conceptu-
ally and computationally much simpler, lowering requirements on hardware and
does not require servers for heavy computations, such as the classical algorithm’s
grid search, or for storage and updating of the digital map.

However, as multipath-assisted positioning, to the best of our knowledge, has not
been used for outdoor cellular positioning before, there are plenty of algorithm
extensions, modifications, and problem aspects left to be studied. A natural next
step to take would be to use measurements from multiple base stations; see, e.g.,
[21] for an indoor tracking algorithm using multiple physical anchors. Using
three base stations, for example, would make the comparison to the otdoa re-
sults more fair. Taking into account measurements from several base stations
could, hopefully, reduce the number of modes in the cost function and enable
more accurate positioning. Another possibility worth exploring is to use a prior
for the ue position, such as the estimated range, to generate sample positions
where the cost function is to be evaluated. Instead of a global, static search grid,
the sample positions would, in the case of a range prior, be spread out over a cir-
cle, with radius equal to the estimated range plus/minus some noise to account
for inexact range estimates. Using a prior in this way could reduce the number of
sample positions, speeding up computation while increasing their density at the
relevant map region(s). In regards to the pmf, its grid could be made adaptive,
both in terms of location, size, and resolution, which would speed up computa-
tion. Support for higher-order reflections in bezt is a well-needed feature that
should be added to model the reverberation-like reflections occurring between
opposite buildings along narrow streets.
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