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ABSTRACT

This dissertation investigates the ways to improve the accuracy of human mobility
assessments based on passive mobile positioning.

Four research questions are investigated: What cell-hopping suppression tech-
niques are most effective for reducing the uncertainty in human mobility studies
based on passive mobile positioning data? What is an effective model for handling
overlapping cells in positioning data? What is optimal method to detect the stop
episodes and locations in trajectory data? Do real-life cellplans exhibit "feeder-
swap" distortion, i.e. the cellplan has sometimes the azimuth attributes assigned
to wrong antenna?

This work compares several existing cell-hopping suppression techniques with
the methodology devised by the autor where the cellhopping statistics from whole
dataset is used as background knowledge while interpreting the individual trajec-
tory. The developed methodology is applied to two separate datasets from differ-
ent mobile operators. The improvement from the proposed method is up to 1.8
times.

The author proposes a probabilistic Bayesian model to describe the distribution
of spatial probabilities in case of cell overlapping and tests it on limited test data.
The application of this model reduces the uncertainty of location estimate up to
20%.

These theses describe a Continuous Time Markov model for estimation of the
positioning location. The model is an improvement over prior baseline Switch-
ing Kalman model. Three improvements to the baseline algorithm are described.
The parameters of proposed model are more closely semantically related to hu-
man mobility as compared to baseline. Uncertainty improvement up to 20% is
demonstrated on test data.

An algorithm for detecting cellplan distortion is proposed to identify occur-
rences of "feeder-swap" distortion caused by incoorrect azimuth data in cellplan.
The algorithm is tested on data of one mobile operator in Estonia, both in rural
and urban area. The test results show that the algoritm is sufficiently sensitive on
given dataset but no significant distortions of this kind are present in these data.

Several improvement attempts are presented in this theses and certain success
is reported but the original ultimate goal to find a generic solution for optimal
interpretation of the passive mobile positioning data is not fully achieved. Further
research direction might be using more other data sources (geographical data,
census data, transport schedules, etc) for more rich Bayesian models.
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1. INTRODUCTION

1.1. Motivation

Passive mobile positioning data, gathered by mobile operators as a byproduct of
mobile radio access network (RAN) operations, describes the location of a mobile
station (MS). MS is a device such as a phone or a modem for environment sensors
or security devices. Such data has gained much popularity in human geography
studies and transportation due to the availability of large samples and its potential
in human mobility related applications [53].

Practically all applications of mobile positioning data include an intermediate
processing step where individual positioning events are interpreted as the move-
ment history of a single moving object. An important part of such analysis is
annotating the time into stop and movement episodes. Typical examples of such
applications are regional planning with origin-destination matrix estimation [15],
traffic analysis [20], etc. The accuracy of this analysis depends on the reliable
detection of movement and stop episodes.

Mobile positioning determines the position of an MS with significant uncer-
tainty; also, the velocity of MSs is not directly observable. In addition, this type
of data tends to be very sparse in time. From such data, it is easy to detect stop
and movement episodes in situations where travel distance is significantly larger
than uncertainties. For example it is trivial to detect travel between cities. How-
ever it is difficult to detect reliably shorter movements — for example, intra-city
travel. Low spatial resolution is limiting usefulness of passive mobile positioning
data [15].

For these reasons, it is very important to develop algorithms that detect as
detailed movements and stops as feasible.

One most prominent characteristic of positioning data is the presence of very
strong spatiotemporal autocorrelations between measurements, due to the con-
tinuous nature of the trajectory, repeated travel patterns of the same person, and
similar route selection behavior for different persons. At the same time, it is com-
mon to passive mobile positioning data that the uncertainty distribution has very
heavy tails — as a rough generalization from working with data from different
mobile operators the author has impression that typically there are circa 70% of
measurements that match the accuracy predictions based on assumed radio cell
geometry provided by mobile operators, and the rest of data are outliers with spa-
tial uncertainty that significantly exceeds these predictions.

The author formulated a hypothesis that due to the strong autocorrelation as-
sumption, it is possible to effectively detect and filter out most of the outliers and
thus one can improve the accuracy of the movement detected from passive mobile
positioning data. This work presents some efforts to pursue this goal.
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1.2. Research questions and contribution

Main research question: Do relatively universal techniques exist to improve the
accuracy of human mobility assessments based on passive mobile positioning?

Under this main question, following sub-questions were investigated

1. Research question: What cell-hopping suppression techniques are most ef-

fective for reducing the uncertainty in human mobility? Can we improve the
cell-hopping suppression in one given trajectory by using the distribution of
features in the whole available dataset?
Contribution: The author devised a method for comparing the effect from
different cell-hopping algorithms based on the effect on known traffic mo-
bility estimates. The author also devised a new technique utilizing the cell-
hopping statistics in a mobile positioning dataset and investigated how this
technique improves the accuracy of vehicle mobility estimates. The de-
veloped methodology was applied to two separate datasets from different
mobile operators. The improvement was up to 1.8 times.

2. Research question: What is an effective model for handling overlapping

cells in positioning data? How much effect has cell overlapping on location
uncertainty?
Contribution: The author devised a probabilistic Bayesian model to de-
scribe the distribution of spatial probabilities in case of cell overlapping
and applied it to limited test data. The application of this model reduced the
uncertainty of location estimate up to 20%. The model describes one aspect
of probabilistic position estimation that was previously not covered.

3. Research question: What is optimal method to detect the stop episodes and

locations in trajectory data?
Contribution: We analyzed and improved the baseline algorithm described
in [8]. We found three aspects of the algorithm where we could make se-
mantically justified improvements to the algorithm. The improved algo-
rithm was implemented and tested on real data. On some data the improve-
ment was significant. The changes to model also brought it closer to human
mobility semantics (e.g., state transition frequency is related directly to how
often human phone-owner switches to different behavior mode, per hour)
as opposed to technical semantics of baseline method (e.g., state transition
frequency is related to how many positioning events RAN creates before
state change).

4. Research question: Do real-life cellplans exhibit "feeder-swap" distortion,
i.e. the cellplan has sometimes the azimuth attributes of cells swapped?
Contribution: We developed a methodology to find feeder-swapped cells by
erratic trajectory behavior of MS. The sensitivity of the test was evaluated
on the data with artificially swapped cells. The methodology was used on
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real data from one operator in Estonia. No swapped cells were found in real
data for an Estonian MNO. The method could be used to check cellplan
quality based on passive mobile data. It is easily applicable as it does not
require additional data except road network data.
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2. BACKGROUND

2.1. General characteristics of mobile positioning data

Mobile positioning is a byproduct of the operations of Radio Access Network
(RAN). Radio signals between RAN and MS are served via transceivers that are
located in radio towers. The geographical area served by one transceiver is called
a cell. Each cell has a unique identifier called Cell Global Identifier (CGI). The ex-
tent of a cell are defined by the probability of connecting to a given transceiver of
a base station. Usually, cells are modeled as polygons or ellipses representing an
approximate area of significant connection probability. Passive mobile position-
ing is based on observing the operations of RAN. RAN has information on which
transceiver is used by MS to connect to a network (Fig.1). This information can
be saved as passive mobile positioning events (Table 1). Passive positioning de-
notes data collection where no specific activities are initiated in RAN for the sole
purpose of acquiring the position of MS. Active positioning could produce more
accurate results, but large-scale active positioning is not feasible due to RAN load
overhead [16].

Cell C3

Figure 1. Example of radio network and positioning. The tower on the left has an antenna
with cell area C2. The tower on the right side has antennas with cell areas C1 and C3. If,
within given time interval, the phone is seen both in C1 and C3, then the phone might still
be in same stop location. When the phone was first connected to C1 and after that to C2,
then probably the phone moved.

For mobile positioning, it is essential to know the geographical shape of each
cell. A detailed model of the cell shape would be a spatial probability density
function (SPDF), which also varies over time. The actual cell shape depends on

Table 1. Example of passive mobile positioning data

timestamp pseudonym CGI
2018.03.22 14.33.22 12377 11-22-33-44444
2018.03.22 14.35.54 978210 11-22-44-55555
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many factors, such as antenna radiation pattern and height, network load [52],
signal attenuation on the landscape and indoors [47], signal reflections, radio in-
terference and noise [61], and network configuration parameters such as handover
threshold and neighbor cell lists [5]. In practice the exact SPDF is unknown and
spatial uncertainty is modeled as the increased size of cells.

Passive mobile positioning is recorded as Call Detail Records (CDR) or Data
Detail Records (DDR). The primary purpose of such data is billing. DDRs are
produced more frequently than CDR, but only during the open data session. A
network switching subsystem (NSS) stream of events also includes location up-
dates, and network connection and disconnection events. Periodic location update
events periodically report (typically every hour or two) the current location of a
mobile phone and improve coverage of its location. The network also generates
location update events when a phone moves from one location area (a group of
closely situated base stations) to another. Further on, we refer to data from any of
these sources as CGI data. In all cases, the relevant fields in data are timestamp,
pseudonym of MS, CGI of cell that was connected that time.

The time between two consecutive events in the mobile network can differ
greatly between different devices and throughout the day for any particular device.
While actively using mobile Internet, the network can register several events per
minute, but when the device stays idly, there can be several hours between events.

2.1.1. Cell-hopping

CGI data has specific ’ping-pong’ noise caused by several cells being simulta-
neously connectable from the same location with seemingly random handovers
occurring between these cells. Geographically static device exposed to spurious
handovers between several cells can be perceived by the mobile network as highly
mobile [20].

2.2. Basic characteristics of human mobility

Human mobility follows certain patterns. These patterns are relatively stable over
different communities and locations, albeit with local variations [55], [22], [50].

Typically humans are interested in moving from a destination location to an-
other destination as economically as possible. The mobility has different timescale
patterns — daily, weekly, seasonal, lifespan of human actor going through phases
of a small child, student, working, retired.

In mobility studies, the general patterns can be used as prior distribution in
Bayesian statistics sense. One distinctive feature of human mobility is that some
aggregate quantitative characteristics over a large number of people are rather
stable and easy to describe [22]. The trajectories of individual persons require
intimate knowledge of spatial, social, and personal circumstances to be fully un-
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derstood — there are irregularities that are not easily explained in detail without
such knowledge [55].

The majority of applications of human mobility are not interested in travel
per se but in the intentions and actions taken by individuals. Human geography
is focused on relations between spatial and other aspects of human life. Human
geography has tried to apply the methods from physics to spatiotemporal human
behavior, and on very large scale has some promises [27], but it remains superfi-
cial and cannot fully model the richness of motivations why people behave as they
do, including movement. Explicit modeling of individuals is addressed by agent-
based modelling [18] where main difficulty is assigning realistic motivations and
relational patterns to the agents, i.e., modelling the personality of the individu-
als. Attempts to describe the functioning of individuals in society are addressed
in more psychological and philosophical approaches, e.g. [32], [17], but these are
rather open-ended and philosophical and challenging to apply in concrete model-
ing.

2.3. Mobile positioning and map-matching

There are many publications about trajectory reconstruction, also known as map-
matching.

Over time the scope and goal of map-matching have changed, reflecting new
use cases, the increased available processing power, and emerging more complex
algorithms. The definition of map-matching has evolved also. In earlier days,
the goal could be defining the road segment the vehicle is on [9]. Nowadays, the
goal is usually to estimate the actual position and speed of the vehicle at any time
moment [41]. We use following the latter definition. An important aspect of map-
matching is detecting stop events, i.e., time intervals where the positioned MS is
stationary.

Many different techniques for map-matching have been develeped based on
conditional random fields [25], Extended Kalman Filter [40], Dempster—Shafer’s
theory of evidence [19], particle filters [23], Bayesian inference [35]. Trajectory
reconstruction usually includes establishing the relationship between the trajec-
tory and the road network; such a technique is called map matching [43]. An
overview of the field of map matching is given by [45].

The wide availability of positioning techniques have become available over
the last decades, and this has raised the need for the interpretation of raw data
and giving it meaning. Map-matching algorithm can be described as a way to
reconcile inaccurate locational data with an inaccurate map/network [9]. Over the
years, the areas where positioning techniques are applied have become more and
more widespread.

In new emerging application areas, specific techniques have been developed in
an attempt to find the algorithm fitting best for particular data available and opti-
mized for specific goals, e.g., real-time personal navigation [64], batch processing
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for traffic, and human mobility analysis [7].

The majority of publications are oriented towards use-cases where only GNSS
data is available [45], but numerous other data sources are also used either individ-
ually or combined — WIFI signal, mobile positioning, inertial navigation system,
3D model of city landscape [59]. In the context of this work, the main focus is on
map matching using passive mobile positioning data and batch processing.

2.3.1. Interpreting cell-hopping data

Several techniques have been developed to reduce ‘ping-pong’ distortions in inter-
preting CGI data [20] [49] [14]. Fiadino et al. [20] presented a study on trajectory
reconstruction, where they used a ‘ping-pong’ suppression method that ignores
events where the device connects back to the previous cell within a predefined
time window (transformation of subsequence in the event history ABA — AB).
Schlaich et al. [49] describe a method for computing edit distances between event
sequences where short-term handovers to another cell and repeated events can be
ignored (transformation pattern ABA — A). For CGI data Calabrese et al. [14]
used a method that was inspired by earlier work for GPS data by Ye et al. [62] and
Krumm [31], which performs a clustering of measurement points and replaces
original events with the barycenter of the cluster. The techniques have been in-
troduced ad hoc for obvious data cleansing purposes. No explicit formalized goal
was defined for selecting the best possible technique and parameters.

2.3.2. Evaluation and improvement of cellplan quality

Based on available information, the shape of each cell has to be defined to give
location estimates for mobile positioning. Cell data provided by mobile operators
can be translated to cell shapes as Voronoi polygons by using the assumption
that a phone connects to the nearest tower (e.g, Ahas et al. [2]); as best server
data polygons by using the assumption that a mobile phone connects to the cell
with the strongest signal [12]; or as a raster model based on the assumption that
the probability of connecting to a cell is a function of distance from the antenna
tower [11]. In related literature, the identification of possible distortions in cell
shapes has not been considered as part of the trajectory reconstruction problem,
except for the cleaning procedure that excluded obviously erroneous cells [20].

2.4. Traffic and Origin-Destination reports

Caceres et al. [10] provide an overview of techniques used to obtain traffic param-
eters (e.g., speed, travel times, flow) based on information from a mobile phone
service provider. They concluded that for traffic flow evaluations, location up-
date events are more suitable than CDR data. Schlaich et al. [49] investigated
trajectory reconstruction using only location update events, spatially location was
defined on location area level, ignoring individual cells. One location area is a set
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of cells, used by MNOs to partition large network into smaller partitions. The traf-
fic flow estimates for German highways were reported to correspond to automatic
number plate recognition (ANPR) measurements. The measurements used only
trajectories that included at least three location areas (approximate lower limit
of trajectory length equaled 20km). There are several studies concerning the de-
tection of the origin-destination (OD) matrix from mobile data [37]. Calabrese et
al. [13] estimated OD matrix from mobile positioning data and validated it against
census data. OD matrix and traffic flow estimation problems are closely related.
It has been common practice to use traffic flow to derive an approximate OD ma-
trix, see Abrahamsson [1] for an overview. Traffic flow can be derived from an
OD matrix using trajectory estimation. Igbal et al. [26] developed a method to
measure an origin-destination matrix from CDR data, estimated traffic flow from
the OD matrix, and compared it with traffic counter data.
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3. MAP-MATCHING WITH CELL-HOPPING
SUPPRESSION

3.1. Motivation and problem statement

Cell-hopping is one of the most prominent artifacts in passive mobile positioning
data. Cell-hopping is expected in situations where cells have significant overlap.
In practice, one can observe cell-hopping also between the cells that have signif-
icant distance and consequently unrealistic velocity of apparent movement. This
kind of contradiction between expected data patterns and observed data patterns
leads to distorted and unreliable results in analysis — e.g., the phantom move-
ment of cell-hopping can increase traffic estimates in certain areas. Therefore
it is important to minimize the effect of cell-hopping distortion on reconstructed
trajectories.

In literature two major approaches are used — detecting clusters and replacing
cluster with single location, or replacing several events by single event using some
pattern replacement rule. There are many techniques proposed for cell-hopping
suppression based on these two approaches, each technique with their own dif-
ferences. At the same time there is no comparison available of the optimality of
various techniques and parameter values.

Problem statement: Passive mobile positioning data contains specific noise
that makes human mobility estimates significantly less reliable and less accurate
compared to the theoretical spatial resolution of cell-based location estimates. Re-
moving that noise would substantially improve the value of mobility reports based
on passive mobile positioning data.

Research question: What cell-hopping suppression techniques are most effec-
tive for reducing the uncertainty in human mobility? Can we improve the cell-
hopping suppression in one given trajectory by using the distribution of features
in the whole available dataset?

3.2. Our trajectory reconstruction method

This section first introduces our trajectory reconstruction algorithm, which we call
Cell Pair Routing with Ping-Pong Suppression (CPR-PPS). It presents notations
for its input and output data (Subsection 3.2.1) and then the algorithm itself with
its variations that we tried, namely different ping-pong suppression techniques
(Subsections 3.2.2 and 3.2.3).

3.2.1. The input and output of the algorithm

The CPR-PPS algorithm needs the following inputs.
The first input is a sequence of events Ey,...,E, for each MS where each
event E has two attributes: a timestamp 7z and the ID of the cell Cg where the
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event occurred. We call the sequence events for one MS the cell-trajectory of the
MS. The events in a cell-trajectory are assumed to be sorted by their timestamps.

The second input is a cellplan: a mapping that to each cell C of the mobile
network assigns a polygon S¢, the cell shape — an approximation of the area where
MSs can connect to this cell. The third input is a road network graph. One PPS
variant (TTQ) also needs a fourth input, the cell transition time quantiles (see the
description of TTQ in Subection 3.2.3).

The output of the CPR-PPS algorithm is for each MS a continuous possible
trajectory in the road network. A possible trajectory determines the coordinates
and road segment where the MS is located at any moment. The probabilistic algo-
rithm generates possible trajectories. Our objective when creating the algorithm
was not to find the possible trajectory with maximum likelihood, but to gener-
ate possible trajectories from a probability distribution that models uncertainty of
our knowledge as well as possible. In the context of computing traffic flow, the
true objective is clearly the second one. Indeed, if for some cell-trajectory MSs
with such cell-trajectory actually choose several different routes, then the correct
traffic flows would result if the trajectory reconstruction algorithm generated the
possible trajectories with the right probabilities, not if it always chose the same
trajectory, even the most likely one.

3.2.2. The CPR-PPS algorithm

The CPR-PPS algorithm consists of two phases: the ping-pong suppression (PPS)
algorithm cleans up the cell-trajectory by removing some events; the cell pair
routing (CPR) algorithm generates possible trajectories from the resulting cell-
trajectory.

The PPS algorithm decides whether two observed consecutive events from the
same MS, but connected to different cells, are the result of a handover without
physical movement of the MS or the cells are too far apart to be accessible at
the same time, and removes events from the trajectory in the former case. We
considered several variants of PPS, which are described in Section 3.2.3.

The CPR algorithm is as follows: for every event E in the cell-trajectory, we
choose a random point in its cell Cg; then, for every two events, we computed the
fastest path in the road network between the corresponding points and regarded
the path as a possible trajectory for the MS. More precisely, a random point x is
chosen from a cell C as follows: firstly, a random point xg is chosen from the
uniform distribution on the cell shape S¢; then the nearest road segment r to xg is
found; x is chosen as the endpoint of r that is closer to xg. The MS is assumed to
have taken the fastest path between the two points; the path is stretched in time to
cover the time interval between the two events, with each road segment’s traversal
time proportional to its traversal time at its nominal speed in the road graph. For
this algorithm to perform well, it is crucial to compute the fastest path efficiently.
To this end, we created a Contraction Hierarchy index and precomputed the back-
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ward and forward search spaces for each node in the road graph (Geisberger et
al., [21]).

3.2.3. Variants of ping-pong suppression

We considered five PPS techniques, described below.

1.

2.

First, the simplest variant of PPS, no processing (NOP), removes only events
whose cell is the same as that of the previous event.

The second variant, cellplan-based ping-pong suppression (CPB), checks
for cell shape overlap to determine whether an appearance of events with
different cell IDs in a cell-trajectory was likely the result of an actual move-
ment. The CPB algorithm works by dividing the cell-trajectory into episodes
of consecutive events and removing all except one event from each episode,
as follows. Let Ey,...,E, be the cell-trajectory before applying PPS. To
begin with, we denote the index of the first event of the first episode by
ko = 1. We find the smallest integer k; > ko such that cells Cg, and Cg,
do not overlap, where we say that two cells C and C’ overlap if their shapes
have non-empty intersection: Sc NS¢ # @. If such an integer does not exist
then we set k; = m. The events Ey,...,E;, —; will form the first episode.
If k1 < m, the algorithm will continue to determine the other episodes. We
find the smallest integer k, > k; such that the shapes of cells CE,{1 and CE,{2
do not overlap (with k, = m if there is no such integer) and form the sec-
ond episode from events Ey, ,...,E, 1, and so on until the end of the cell-
trajectory. For each episode, we choose the representative event to be the
event among the events of the episode whose cell’s shape’s centroid is clos-
est to the centroid of the centroids of the shapes of the cells of all the events
in the episode. The CPB algorithm is similar to the technique applied by
Calabrese et al. [14].

. The third option, TTQ (transition time quantile based ping-pong suppres-

sion), is an enhancement of the CPB techniques: as the shapes in the cellplan
are often not reliable (usually too small), we tried to compensate for that by
using real event data, as follows. If on a trajectory of an MS there are two
consecutive events E and E’ such that Cy = C and C  =C ' then we call the
pair (E,E /) a transition from C to C’ and ty — tg the transition time. From
the trajectories of all MSs, a histogram of transition times from cell C to
cell C" is computed. Let 1(C,C’, ) be the a-quantile of the histogram (e.g.
if oo = 0.05 then 5% of the transitions between C and C’ were shorter than
t(C,C’',a)). We let & be a tuning parameter of the technique. Now we say
that the cells C and C’ overlap if and only if Sc NS # 0 or 1(C,C’, o) < to,
where 1o (overlap threshold time) is another tuning parameter. The TTQ
technique is CPB with this modified definition of overlap. Therefore, if we
frequently observe almost instant handovers from one cell to another, then
we can assume that these fast handovers are not a result of significant actual
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movement but that the cells have significant overlap, and the TTQ algorithm
removes such transitions from the cell-trajectory.

4. The fourth and fifth technique that we considered are simple algorithms
found in the literature. The fourth, the ABA — AB technique, traverses the
cell-trajectory starting from the oldest event and applies two rules. Firstly, it
removes an event if it has the same cell as the preceding event (as the NOP
technique). Secondly, it removes the third event from a sequence of three
events where the third event’s cell is the same as that of the first event (an
‘ABA’ pattern) if the time between the first and the third event is less than
the time window length #y, a tuning parameter. For example, given a cell-
trajectory consisting of eight events with cell IDs ABBABACA such that
the events fit within the time window, the ABA — AB technique reduces it
to a cell-trajectory of four events: ABBABACA — ABABACA — ABBACA —
ABACA — ABCA. The ABA — AB technique was used by Fiadino et al. [20]
under the name ‘ping-pong filter’.

5. The fifth PPS variant, the ABA — A technique, also applies recursively two
rules: it replaces two consecutive events in the same cell with the first event
(as the NOP technique) and three consecutive events in an ABA pattern,
which are within a time window of length ty, with the first event. For
example: ABBABACA — ABABACA — ABACA — ACA — A. Schlaich et
al. [49] used the ABA — A rule for computing edit distances between cell-
trajectories.

To illustrate the motivation for the TTQ technique, Figure 2 shows a typi-
cal distribution of observed transition time. The darker histogram corresponds
to a pair of cells separated by a transition time of ca. 15 minutes. The lighter
histogram corresponds to a pair of cells that exhibit instant handover, i.e., the sep-
arated shapes described in the cellplan are incorrect. It is more difficult to find out
which of the two cells has an underestimated shape in the cellplan.

Figure 3 shows an example of trajectory reconstruction using different PPS
variants: CPB excludes C5 as it has explicit overlap with C4 in the cellplan. TTQ
excludes C5 for the same reason as CPB and additionally excludes C3 as it actu-
ally statistically overlaps with C2 (detected from transition time statistics). Figure
3 also shows short sideways movement artifacts caused by the naivety of the CPR-
PPS algorithm, as it does not distinguish actual stops in cells and transit through
cells. The trajectory would be more realistic if it did not leave the main road
because of transit cells, as the main road provides a more economical route.

3.3. Experiment design and validation criterion

We evaluated the CPR-PPS algorithm, and, in particular, the different choices for
PPS, by using the generated trajectories to compute estimated values of traffic
flow and comparing the estimated traffic flow with measurements of traffic flow
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Figure 2. Sample histograms of transition time between two pairs of cells. Both pairs
have an intercell distance of 24 km, as calculated from the cellplan. Vertical axis: count
of transitions between the cells in a cell pair. Horizontal axis: time in seconds. NB! The
bin width is larger for longer times.

sensors. This section describes the data and methods used.

3.3.1. Description of the data used in the experiments

a) Mobile positioning data. We used mobile positioning data from two Esto-
nian mobile operators. The mobile operators preferred to be not named. The pro-
cessing was performed in pre-GDPR era, i.e., the regulations and practices were
a bit less strictly defined. Later the data was deleted as required by data retention
agreement. Therefore it is not possible to repeat the calculations on exactly same
data.

The experiments were run for two 24-hour periods: the main test period was a
Monday; we additionally tested on a Sunday six days later. In order to calculate
traffic flow for the 24h test period, we reconstructed the trajectories over five days
—including 48h before the test period and 48h after it — to avoid any possible edge
effects (but we skipped routings outside the 24h test period). Table 1 shows the
main parameters of the data. The data from Operator 1 included location update
events, and therefore was expected to be more uniformly distributed over sub-
scribers, and indeed the median number of events in trajectory and median time
coverage (hours that have at least one event) was higher for Operator 1. Surpris-
ingly the number of events per person was lower than expected in presence of
location update events. The data of Operator 2 consisted of CDR (25%) and DDR
(75%), there were no location update events included. The trajectory reconstruc-
tion handled all events regardless of technology (2G, 3G) or origin (CDR, DDR,
location update) as a single homogenous stream of events.

b) Traffic counter data. The traffic counter data originates from stationary
counters operated by Estonian Road Administration (Maanteeamet). Consider-
able volume of data was missing values or values with questionable timestamp.
Fig.5 shows overall pattern of missing values.
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Figure 3. Illustration of trajectory reconstruction with different trajectory reconstruction
algorithm variants, based on a vehicle moving along a main road (shown as the horizontal
stripe), and generating a cell-trajectory of C1, C2, ..., C6. The filled ellipses mark the cell
shapes as determined by the cellplan. The dashed ellipse is the real shape of C3, which
differs significantly from the shape in the cellplan. Dotted filling marks cells that are
excluded by the trajectory reconstruction algorithm. The reconstructed trajectory (black
line) is shown for three different algorithm variants: (a) NOP (overlap only with itself);
(b) CPB (cellplan-based overlap); (c) TTQ (transition time quantile based overlap).

After removing the suspicious records the cleaned data seemed consistent —
examples of time series at various locations are given in Fig.6, 7. Geographical
distribution of traffic counters is depicted on Fig.4.

¢) Road network data. We used a road network graph from the GIS company
Regio AS for routing. We compared the calculated traffic flow estimates to traffic
loop sensor data from the Estonian Road Administration. In the road network
graph, Regio AS had divided the road segments into 12 road classes, ranging
from internationally important roads to very narrow streets and accessways. The
road segments where the sensors had been installed belonged to the four highest
road classes: 35 sensors on class 1 (main road that belongs to the international
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Table 2. Description of input data

Parameter Operator 1 Operator 2
Number of cell-trajectories in test dataset 370 000 340 000
Presence of user activity events (call, SMS) Yes Yes
Presence of location update events Yes No
Presence of data detail events Not Yes
Median event count per cell-trajectory 13 8
Average event count per cell-trajectory 25 32
Median time coverage hours 7 5
Average time coverage hours 7.6 7.4
Total number of events per day, millions 10 10
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Figure 4. Geographical locations of traffic counter. Each blue ring marks measurement
location. Each location had separate counters in different directions. The diameter of
ring expresses total count of vehicles counted, including both directions. The effects from
missing values are not corrected.

E-road network), 20 sensors on class 2 (main road), 32 sensors on class 3 (basic
road) and 5 sensors on class 4 (local road) roads.

The sensors lay in near-urban and rural areas throughout Estonia. Schlaich et
al. [49] noted that their traffic volume estimates were more reliable on highways
than non-highway roads; therefore, in our experiment, we fitted traffic flow both
for each class separately as well as for the whole dataset. We removed from the
dataset the five sensors on class 4 roads, as there were not enough of them to be
representative of their road class.
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Figure 5. Data coverage example for 18 days period. Each row of pixels corresponds to
one sensor (one driving direction in one location). Each column corresponds to 15 minute
time period. Colors: green — in traffic data exactly one traffic density value for given
period; yellow — no data for given period; red — more than 1 value for given period.
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Figure 6. Examples of traffic density time series for traffic counter locations with weak
and strong seasonal effect. Monthly average of traffic density (arbitrary units)

3.3.2. Methodology of the experiments

We compared the five ping-pong suppression techniques defined in Section 3.2.3:

* NOP - takes all events as provided by history (has no parameters)

* ABA — A — suppresses forward ping-pong (has tuning parameter fy )

* ABA — AB — suppresses backwards ping-pong (has parameter #y )

* CPB - clusters events by overlap of cells (has no parameters)

* TTQ - clusters events by overlap and time distance (has parameters o and

o)

We evaluated traffic flow estimation accuracy with each technique by computing
the NRMSE indicator defined below. For each technique with tuning parame-
ters, we tried several parameter values to find the optimal ones. For ABA —
A and ABA — AB, we used ty € {1s,120s,1h,4h,}. For TTQ we used a €
{0.01,0.03,0.1} and 7o € {10s,30s,60s, 120s,240s,480s,900s }.
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Figure 7. Example of traffic flow counter time series for locations with similar traffic in
both directions and asymmetric traffic location.

3.3.3. Traffic flow estimation procedure and accuracy indicator
NRMSE

For each traffic sensor, we found its corresponding road segment in the routing
graph. For each road segment with a traffic sensor, we estimated from the mobile
data its traffic flow, i.e. the number of traversals of a road segment by vehicles dur-
ing the 24-hour test period. To this end, we used CPR-PPS to generate a possible
trajectory for each MS. For each road segment with a traffic sensor, we counted
how many times the possible trajectories of all MSs traversed the road segment.
Thus we obtained for each road segment a number X, g nqe €Stimating how many
times the road segment was traversed by MSs. We assumed that traffic flow is
proportional to the number of traversals by MSs; we determined the scaling factor
A empirically, as described below.

Let y,crua be the actual traffic flow as measured by a sensor and y,ginare OUr
estimate of the traffic flow at that sensor.

Yestimate 18 defined by linear approximation with one parameter A over actual
data points, where the fitting line is having no offset:

Yestimate = A- Xestimate 3.1

where scaling factor A is defined as

)L - E<xactual : yactual)/E (xactual 'xactual) (32)

As a criterion of the quality of the estimation we used the normalized root mean
error squared (NRMSE) over the sensors:

NRMSE = ((E(yestimate _Yactual)2)/(E()’actual)2))1/2 =

(3.3)
((E(A * Xestimate — Yactuul)z)/(E(yuctual)2)) 1/2-
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Hollander and Liu [24] recommend using mean square error as a measure of fit
over mean absolute error, as squared error places higher penalty on larger errors.
We chose the scaling constant A such as to minimize NRMSE. We computed the
scaling constant and the corresponding NMRSE for the whole dataset (87 sensors)
and for road classes 1, 2 and 3 separately. The software was written in Java and
the tests were run on a 2 X Intel® Xeon® CPU E5-2650@ 2.00GHz using 12 GB
RAM. Processing 5 days of event data (50 million events) and calculating traffic
flow estimates with one of the investigated techniques took below 90 seconds.

3.4. Results

We describe one main experiment in greater detail. For some variations of exper-
iment, we report only major differences in results.

3.4.1. Main experiment

In the main experiment, the test period was a Monday. Figure 8 shows the NRMSE
values for each technique, road class and operator. The corresponding scaling con-
stants and optimal parameter values are given in Table 3. The TTQ technique had
consistently the lowest NRMSE, except for Operator 2 and road class 2 where it
was still close to the best result (NRMSE was higher than the best alternative by
0.02). Figure 9 presents scatterplots of the actual traffic flow and TTQ’s estimated
number of traversals by MSs at each sensor. Most traffic flow sensors had rela-
tively low values and only a few large values were observed. From Table 3 one
can see that the scaling constant of TTQ was the highest among all the techniques
for all road classes for both operators, indicating that this technique removed more
‘ping-pong’ movements than the others. Figure 10 shows maps of the error of the
TTQ technique for both operators. Near large cities (Tallinn and Tartu) and in the
countryside the TTQ technique had a tendency to respectively over- and under-
estimate traffic flow. The correlation between NRMSE and population density is
not very clear — there were roads with underestimated traffic flow on the outskirts
of cities and overestimated roads in the countryside.

3.4.2. Effects of filtering trajectories by event count

We repeated the test by removing input trajectories with event count in the 24-
hour test period below some limit, and in another test run by removing trajecto-
ries with event count above some limit. We used several different limit values:
lower limit 1, 2, 3, 10, 30, 100 and upper limits 30, 300, 3000 events per 24h.
We expected to see improvement of NRMSE when extreme trajectories are ex-
cluded. TTQ remained the best technique during this experiment. Heavy filtering
of input worsened the NRMSE value for the TTQ technique, as expected. Slight
filtering caused modest improvement to the NRMSE for TTQ. For most of the
eight operator and road class combinations (two operators, three road classes plus
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Figure 8. Prediction quality of compared techniques: NRMSE values of all techniques
(with optimal parameters) for all sensors together and for sensors in each road class sep-
arately, for (a) Operator 1; (b) Operator 2.

all road classes), the TTQ NRMSE improvement did not exceed 0.01 with any
limit applied. There were three exceptions: for Operator 1 and road class 3, the
improvement was 0.05; for Operator 2 and road classes 1 and 3 the improvement
was 0.04 and 0.03, respectively. The greatest positive effect to the TTQ NRMSE
for Operator 2 in class 1 was achieved by removing trajectories with less than 30
events, but in class 3 for both operators by removing trajectories with more than
30 events.

3.4.3. TTQ performance on a weekday versus weekend

We repeated the experiment for another test period, a Sunday. The test setup was
the same as in the main experiment, except the date. On Sundays people mostly
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Figure 10. Geographical distribution of TTQ’s prediction error: the ratio Yaesyar/Xestimate
of Yactual, the traffic flow, to X,gimare, the estimated number of traversals by MSs. (a)
Operator 1; (b) Operator 2. The TTQ parameters & and ¢p were optimized for each
operator and road class separately.
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do not go to work or school and the human mobility patterns are different than on
weekdays [30]. The relative performance of TTQ technique remained the same
— TTQ was the best among all tested techniques in terms of NRMSE, except for
Operator 2 and road class 2 where it was still close to the best result.

3.4.4. Sensitivity to parameters

We tested the sensitivity of the TTQ technique to the parameters used. We changed
each of the parameters o and #p from the optimal value (given in Table 2) to a
2 times larger or smaller value and observed the changes in NRMSE. With all
dataset and road class combinations the maximum change of NRMSE by such
single parameter change was at most 0.025.

3.4.5. Discussion

We investigated the reasons why using cell-to-cell transition statistics improves
NRMSE. Many cell pairs had a large distance between the cellplan-provided
shapes, but in reality exhibited an almost instant handover, as illustrated by the
lighter histogram on Figure 2. The most significant inconsistencies of cells were
observed for cells located near the sea or a large lake. In these particular cellplans,
radio wave propagation over water was underestimated.

In our experiment the TTQ algorithm was consistently the best performer in
terms of NRMSE, showing low sensitivity to parameter variations and consistency
of the results among datasets and road classes. This proves that cell-to-cell tem-
poral relationships information can be beneficial in trajectory reconstruction. The
TTQ technique does not require any additional input data and requires modest
computational resources, making it easily applicable in practice.

Some factors were not taken into account in the current NRMSE experiments.

e The results are affected by the geographically non-uniform market pene-
tration of mobile operators. This affect the average number of observed
phones per vehicle, i.e., the scaling factor A.

» The average number of passengers per vehicle might vary by road and re-
gion also, e.g., vehicle use might differ on rural vs urban roads. This affects
the scaling factor A.

* The traffic mode is not distinguished in our analysius. We assumed all traf-
fic to be on roads, but in reality people also use train and ferry. Agricultural
workers might "travel" on fields and in forest.

* Moreover, traffic estimates for sensors that are relatively close to country
border suffer from edge effects.

In this chapter we employed the ping-pong suppression technique TTQ to-
gether with a simple map-matching method CPR. We plan to test the TTQ tech-
nique in combination with more advanced map-matching techniques and test it
also in urban environment.
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3.5. Conclusions

In this chapter, we described a new ping-pong filtering technique, called TTQ, that
improves the accuracy of trajectory reconstruction by mitigating some cell shape
inaccuracies and replacing some cellplan-based spatial relations with temporal
relations derived statistically from mobile positioning data on cell identity level.
The results provided a noticeable improvement over existing techniques on real
data. The increased accuracy can make mobile positioning methods more useful
in spatial planning.

The analysis has several limitations. It was based on one map-matching tech-
nique which might be more sensitive to particular distortion. So other mapmatch-
ing techique might benefit less from proposed TTQ technique. The only Key
Performance Indicator (KPI) used was the accuracy of estimates for traffic inten-
sity. Parallel use of multiple KPIs would give more complete picture. If one had
true GPS accuracy trajectory then one could also analyse the trajectory itself, not
only the resulting traffic estimate. The results are promising but further work is
needed to assess the applicability of the presented approach for other situations.
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4. BAYESIAN PROBABILISTIC MODEL OF
CELLPLAN

4.1. Motivation and problem statement

Cellplan is used as a spatial PDF for assigning locations to events in positioning
data. The quality of the spatial PDF used in estimation has a major effect on
accuracy of the mobile positioning. The majority of networks (except A-GPS)
have problems with the relatively low accuracy of mobile positioning [3], and any
opportunity of improvement is worth a try.

Several approaches have been used to convert CGI into spatial PDF of the lo-
cation of the object positioned. A CGI is usually spatially represented as a point, a
Voronoi polygon, an area of sufficient signal strength based on a radio propagation
model, or the best service area (the area where the cell has strongest radio signal
among all cells active in the given location, based on radio propagation model).
The probability is often assumed to be equal over the whole service area; or some
kind of rasterization method is used where spatial PDF value is calculated for each
cell and raster pixel, e. g. [12].

In most works, the PDF calculation does not consider overlap between neigh-
bor cells. Simplistic approach would be just ignoring the effect of overlap. If
the events happen in given cell, then probability is assumed uniform over all cell
geometry. When cells overlap then overlapping areas have higher probability den-
sity than the areas covered by one cell only. Fig. 11 illustrates a heatmap of such
situation on some synthetic data with sector cells and circular cells. Overlapping
areas are clearly of higher intensity. There are no good reasons to believe that
humans are with higher probability in cell overlap area. Overlap is just a technical
property of RAN and it has no direct connection to human mobility. We have
prior beliefs about spatial probability distributions — one might assume a uniform
prior or assume that people are mostly near buildings and along the roads. In this
chapter we will use Bayesian statistics to address these considerations.

There are two separate topics discussed in this chapter — what is realistic cell
SPDF and how does cell overlap affect the positioning. Realistic SPDF is ad-
dressed by modifying the cell area by buffer operation and blur operation. Real-
istic cell SPDF is data preparation issue and cell overlap is relatively deep proba-
bilistic model issue. If data quality is low, i.e., data is unrealistic, then the effect
of probabilistic model is overshadowed with data quality problems and cannot be
investigates. So the optimal adjusting of cell SPDF is necessary to investigate the
effects of the Bayesian probabilistic model.

Research question: What is a suitable model for handling overlapping cells in
positioning data? How much effect has cell overlapping on location uncertainty?
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Figure 11. Sample heatmap for additive probability.

4.2. Bayesian approach to location estimation

The Bayesian approach is a natural choice when analyzing positioning data in case
of multi-modal beliefs and evidence. For example, in paper [29] it is investigated
how cell database correlation method is enhanced with Bayesian approach. The
method is significantly different from the one discussed in this chapter but the
application domain is same. The reported location accuracy improvements were
9..12%.

A thorough methodology applying Bayesian methods for defining the spatial
PDF for mobile positioning was given in [63]. That paper provided a solution
for the situation where neighbor antennas are present. The estimate was based on
signal-to-interference-and-noise ratio (SINR) calculations. The paper provided a
Bayesian probability estimate for situations where CGI is the only information
known, and additionally, it is known that no other cells had good enough SINR.
It was also shown how to combine PDF estimate with prior information about the
distance to a cell tower, based on round trip time, and with prior knowledge of
the distribution of population. As the estimate of the location of the MS during
a mobile call, the maximum likelihood estimate (MLE) of the location, i.e. the
location of the maximum of the PDF. The method was tested against the subset of
emergency call data limited to situations where only one cell was within the reach
of the MS. They found that the difference between the location measured by GPS
and the MLE provided by that method was improved by 20%, compared to the
baseline method. No direct PDF tests were performed in [63].

The Bayesian probability formulas in [63] do not consider the effect that the
probability of connecting to a concrete cell will be reduced in locations where
other cells are also reachable. If one event is generated in a certain situation, then
one of the available cells is connected and the probability of selecting a certain
cell is less than the total probability that an event is generated at all.
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For example, a phone call start record will contain only one CGI, selected from
the list of cells visible to the MS. This omission does not affect the specific case
where it is prior knowledge that other cells are not reachable, handled in [63].

It is also assumed in [63] that the only mechanism how cells affect each other
is SINR value change. This assumes that all cells work in the same frequency
band. In reality, a RAN comprises several technologies and frequency bands.

For these reasons, the methodology of [63], while correct for the specific case
investigated in that paper, was not adequate for our purposes, and the methodology
described in the current paper was developed.

Six years after our publication [56] a paper was published by Tennekes and
Gootzen [54] which took the same Bayesian approach as presented in the paper
[56]. We had finished our work on given topic and there were no opportunities
to combine our data with that work. The paper [54] discussed thoroughly the
signal dominance model, i.e., how is the antenna selected in RAN to which the
MS connects to. The paper includes illustrations of results on fictional example
but no experimental quantitative improvement results were reported.

4.3. Methods

4.3.1. Mathematical model of spatial probability density function

Given a mobile operator’s event logs for some time period, we want to map each
event probabilistically to the geographical space where the mobile event occurred.
We assign spatial PDF to each cell such that PDF defines the probability that the
event occurred in any given location.

For more straigthtforward (and closer-to-computation) presentation, we con-
sider here only discrete probability densities obtained by dividing the area of in-
terest into pixels of appropriate size. The extension to the continuous case (the
“ideal probability density” being approximated by discretizations) is quite obvi-
ous. We denote random variables by underlining them (following the van Dantzig
convention).

The radio area network (RAN) consists of a finite set of cells €. For each cell
C and each pixel x, we want to compute P(x|C) = P(x = x| C = C), the probability
that the MS is at location x if it generates an event in cell C. In the following, we
will describe a method how to do it. (The raster P(x = -|C = C) is then what we
call the spatial PDF of cell C.)

The probability P(x|C) is determined by the Bayes’ formula:

P(C|x)P(x)

P(IC) = =iy

4.1
where

* P(Clx) =P(C = C|x = x) is the probability that if an MS is at location x,
then it is connected to cell C (rather than any other cell or no cell);
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* P(x) = P(x = x) is the Bayesian prior density, i.e., the probability for a
person (or more precisely, a mobile station) to be in pixel x;
* P(C) =P(C = C) is the probability a mobile station (at a random location)
to be connected to cell C, i.e., P(C) = ZP(C |x) P(x) where x ranges over
X

the plane.

The Bayesian prior P(x), representing our prior belief, can be constructed e. g.
from population density data, road, and building layers (people are more likely to
be on road or in a building).

The probability P(C|x) is computed as follows:

P(C|x) = P(connected|x) - P(C|x, connected) (4.2)

where P(connected|x) is the probability that the MS is connected to the RAN at
all (i.e., can generate an event) if it is at location x, and P(C|x, connected) is the
probability that if an MS is at location x and is connected, then it is connected to
cell C.

Let S denote the active set of the MS, i.e. the set of cells detectable by the MS at
a given time moment. A rough estimate of the conditional probability P(C € S|x)
(that a certain cell C is detectable by the MS if the MS is at point x) is provided
by the mobile operator in the form of cell polygon: P(C € S|x) is 1 if location x
lies inside the cell’s polygon and 0 if outside, so the active set depends determin-
istically on x. In a more refined model, P(C € S|x) could have non-zero values to
reflect our ignorance of the precise coverage area and the stochastic nature of cell
coverage caused by effects like Rayleigh fading and weather changes.

We can only receive CDR events when the mobile phone is connected to the
network. Also, Estonia is very well covered and connection probability is almost
100%. We do not know actual connection rate. Therefore, we simplify and calcu-
late for each raster pixel P'(C|x) ~ P(C,connected|x).

For the probability P(C|x, connected) we propose an adhoc formula (in contrast
to the other formulas in this paper, which have some theoretical justification):
namely, we take the probability to be proportional to the square of the probability
P(C € Slx), i.e.,

2
P(C|x, connected) = P(C € Sy) . (4.3)
Yeew P(C € S|x)?

(This model does not take into account some properties of actual RANSs, like the
fact that cell handover may trigger the generation of some events. Handover events
are naturally correlated with locations where cells overlap and have PDF different
from all other events. In this paper the PDF of non-handover events is considered.

Examples of such events are call start, call end, forced location update. )
Real RANs have sophisticated rules for selecting the active cell from all avail-
able cells. For example, higher frequency and higher technology are usually
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selected whenever possible. However, such behavior has many unknown con-
figurable parameters and rules. We considered it impossible to model the RAN
behavior with more detail than the equation 4.3. This inability to fully describe
cell selection behavior in RAN has been recognized by other publications also
— for example, [54] devised "signal dominance model" based on signal quality
and mentions "[T]he second phenomenon is switching between cells that is influ-
enced by some decision making system in the network that tries to optimize the
load balancing within the network [51]. The specifics of this system are consid-
ered unknown". The cell PDF P in 4.3 expresses not only our knowledge about
the actual signal quality at given location but also our unability to know the actual
signal quality for given MS, due to many factors affecting it — even most detailed
cellplan can never fully reflect the real SINR values as experienced by the MS —
the spatial resolution of cellplan cannot model the building, the position of cell
relative to human body, building or vehicle, etc.

As an application, one can use the probabilities P(x|C) to compute a heatmap
of a sample of mobile events, as follows. For each cell C € €, let its weight w¢ be
defined as the number of events measured at that cell. The value of each pixel x in
the PDF, that we want to compute, is E(N(x) | (wc)cew ), the average number of
events taking place in pixel x, the average being taken over all possible geograph-
ical locations of the events that would yield the measured event count w¢ for each
cell C. We make the simplifying assumption that all events are independent (most
importantly, we don’t take into account the correlation of events belonging to the
same MS), so we can write

E(N(x)| (we)cew) = Y. weP(x[C). (4.4)
Ce?

4.3.2. The implementation algorithm for computing the Bayesian
PDF of cells and the heat map aggregate statistics using the cells

For practical use, the computations are separated into two steps: at first, the PDF is
calculated for each cell, and the calculated PDFs can be used for various statistical
calculations.

This particular implementation was optimized towards heat map calculations,
where each cell is given a weight (e. g. the number of people connected to given
cell) and raster image is generated, showing spatial density distribution.

For computations, we represented the probability field of each cell as a raster
image in the RAM (random access memory). We used the Web Mercator projec-
tion. We had a fixed resolution called the full resolution, which is the resolution
we were referring to in the formulas above (when talking about the heatmap pixel
X).

In order to save space, some areas of the rasters were stored in computer mem-
ory in lower resolution. By resolution, we mean pixels per coordinate unit. More
precisely, our variable-resolution raster was a grid of tiles, each tile a square ma-
trix of floating-point numbers (pixels) with side length a power of two pixels.
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The admissible resolutions for storing the tiles were the full resolution and the
resolutions a power of two times lower than the full resolution.

The rendering was done at a resolution inversely proportional to the square root
of the area of the polygon (rounded to the nearest higher admissible resolution or
full resolution if no higher resolution was available). This resolution reduction is
justified by the fact that the cell shapes have relatively large spatial uncertainty
proportional to cell size — larger cells have larger uncertainty of the boundary of
the cell’s actual service area.

For each cell C, we obtained the raster P(C € S|x), the probability that cell C
was detectable at a given location by rendering the cell’s polygon from the cellplan
(1 if the pixel is inside the polygon, O if outside, antialiasing on the edges). Op-
tionally we applied a buffer and smoothing effect (blur) to the raster obtained from
cellplan. These rasters were used in the next step for Bayesian PDF calculations.

Using the formulas above, we combined the rasters of the probability fields
P(C € S|x) (uniform-resolution, but different cells possibly at different resolu-
tions) to produce the variable-resolution rasters P(C|x) and finally P(x|C). During
the computations, we did not reduce the resolution anywhere. The resulting rasters
were stored in memory for use in statistical calculations.

We implemented heatmap calculation functionality based on Bayesian PDF.
For heatmap calculation, one uses the PDF in appropriate resolution. If PDF is
stored in lower resolution and higher resolution does not exist, then the available
raster is upscaled accordingly.

4.3.3. The methodology to test PDF against real data

We compared how well different PDF estimates (obtained with and without the
Bayesian method) conform to real measurements by calculating the likelihood
of different PDFs, i.e., we compared the probability that the model produces the
observed set of data. More appropriate model has a higher likelihood value. Sup-
pose we have m mobile positioning events connected to cells C;, i = 1...m, and we
also know for these events the actual locations x;, i = 1...m. For convenience, we
calculated the logarithm of the likelihood .Z,

log.# = logP(measurementsimodel) = log [ [P(x|Ci) = ZlogP(xi|C,~). 4.5)
i i

A higher likelihood value indicates that the PDF is a more precise estimate of
the real (and not directly observable) probability distribution that generated the
measured data.

In practice, the measured data may contain a few outliers that deviate signifi-
cantly from typical behavior. lL.e., the data can be a mixture of two distributions:
typical behavior corresponding to our model and some unknown distribution. We
assume that the percentage of the typical distribution in the mixture is at least
1 — g, where g is a relatively small value. Therefore we apply an outlier elimina-
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tion procedure to the data: when calculating the likelihood, the |m - g| data items
with the lowest P(x;|C;) will be excluded from the dataset.

4.3.4. Test dataset #1

A dataset from two mobile phones in the Czech Republic was used. The phones
were used while traveling, so the events were spread nationwide. The phones en-
abled only data traffic, so only data events were used. Events were obtained from
the RAN of a mobile operator. The mobile operator preferred to stay unnamed.
The actual geographical location was recorded using a mobile phone’s internal
GPS. More than 25% of GPS data points were outside of corresponding cell area.

4.3.5. Test dataset #2

Data consists of GPS measurements of volunteers (coworkers and family mem-
bers) who have installed GPS track recording software into their mobile phones,
and CDR data for same persons from one mobile operator in Estonia. The mobile
operator preferred to stay unnamed. For each CDR record, we found from GPS
track the location of a person for given time moment. The records not covered
by GPS track were ignored. We used 4 personal tracks from same 8 month time
period. An example of data is given in Fig 12. Due to a small number of persons,
the spatial coverage was very uneven — majority of events near home and work
locations of the persons involved.
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Figure 12. Measured data used for model accuracy estimation. On the left is color scale
for a count of measurements in a grid cell. Each grid cell is 630m square.

4.4. Results
4.4.1. PDF likelihood test results on Dataset #1

We tested if modifying cell shapes using the Bayesian technique improves the
likelihood. In the original cellplan, each cell was assigned a polygon and prob-
ability within the polygon was not specified, i.e., it was assumed to be uniform.
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The original cellplan was clearly inaccurate in describing the PDF of events. More
than 25% of the positioning events occurred when the MS was outside of the cell
polygon. Therefore, before applying the Bayesian technique, we first transformed
the original cellplan in two ways: by adding some buffer around the original poly-
gon and by adding blur with Gaussian convolution. As we had the test data, we
used calculated log likelihood as an objective measure which transformation gives
a more accurate cellplan in terms of describing the spatial distribution of events.

We calculated the log likelihood of sample data for different cellplan trans-
forms, varying the added buffer and added blur, and testing with Bayesian tech-
nique (i.e., computing P(x|C) according to subsection 4.3.1) and without (i.e.,
taking P(x|C) to be proportional to P(C € S|x) obtained directly from the cellplan;
recall that we set P(C € S|x) to be 1 if the location x is within the cell’s polygon
and O if not).

A larger buffer and a larger radius of blur were applied to larger cells: the
added buffer and applied blur radius were proportional to the square root of the
cell area. We denote by bufRR the ratio of the added buffer ratio to the square root
of the area of the cell polygon in the original cellplan and by blurRR the ratio of
the radius of the Gaussian blur (i.e., the standard deviation of the one-dimensional
Gaussian marginal distribution) to the square root of the area of the polygon after
the buffer had already been applied. Blur was truncated at 3 blur radii.

The original cellplan had log likelihood —ee even at ¢ = 25%, i.e., more than
25% of the events were not inside the original cellplan’s cell polygons. So the
original unmodified cellplan was not usable for likelihood calculations, and we
used only cellplans where some kind of transform had been applied.

For each outlier rejection level g = 0%, 1%, 5%, we found the optimum trans-
form such that the likelihood was maximum for a given g. Higher level ¢ means
that the distribution’s tails were ignored, i.e., PDF without tails was favored.
Lower g meant that the PDF was required to describe the tails of distribution
too.

* The transform parameters for q=0% are bufRR=0.5, blurRR=2.
¢ The transform parameters for q=1% are bufRR=1, blurRR=0.5.
* The transform parameters for q=5% are bufRR=0, blurRR=0.5.

After finding the optimal cellplan for a given level g, we calculated the likeli-
hood of our test dataset for different levels g.

The results are presented on Figure 13. If the results for lowest g values are
missing on chart then some positioning entries for given ¢ were in location where
tested SPDF of cellplan was 0, hence infinitely low likelihood log.#

For larger g values 25%, 10%, and 5%, the likelihood from Bayesian PDFs
were practically equal to baseline for the given dataset. When ¢ was 1% or 0%,
then the Bayesian cellplan explained the data with significantly higher likelihood
than the baseline cellplan.

If one is not interested in the tails of the distribution then the Bayesian cellplan
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did not exhibit any advantages. This situation could occur if data is expected to
be of low quality, and it is considered satisfactory that cellplan does not describe
adequately the locations for a significant part of the events.

The dataset used in the test did not contain very distant outliers. It was easy
to modify the cellplan by buffer and gaussian blur operations so that practically
all events were described by it. In such case, the Bayesian cellplan likelihood was
considerably better than the baseline method on the data we used.

4.4.2. PDF likelihood calculation performance

PDF calculation routine was executed in one thread in an openJDK 7 Java virtual
machine on a 64-bit Linux laptop with 2.53GHz CPU i3-380M. Calculations of
Bayesian PDF for one operator on the territory of Estonia took 7.3 seconds. Cal-
culations of a 1920x1080 pixel heatmap over the whole Estonia took 84 ms. The
cellplan of the given operator contained ca. 8000 cells.

4.4.3. Examples of heatmap visualization — synthetic data

Visual effects were explored with synthetic cellplan data. The data were gener-
ated with very simple script producing random geometries, with some parameter
tweaking to get desired level of overlap. The actual geographic scale does not
matter in this synthetic data, the algorithms work the same way on differently
scaled data.

This synthetic heatmap exemplifies the visual clutter: some small areas, where
cell polygons overlap, have artificially high intensity when using the original
cellplan. Bayesian PDF levels out this effect considerably compared to the naive
additive formula (i.e., using the probabilities P(C € S|x) instead of P(x|C) in for-
mula 4.4). See Figure 14.

With blurred areas, the effect is still present but less prominent: see Figure 15.

4.4.4. Examples of heatmap visualization — real data

The real cellplan data was visualized with Bayesian PDF and the original cellplan
PDF. The results are shown in Figure 16.

4.4.5. PDF likelihood test results on Dataset #2

a) Estimating SPDF from cellplans. We divided test area into quadratic pixels
of size 630 meters. The pixel size was selected to be large enough so that many
pixels contain multiple experimental GPS data location points. For all cellplan
variants, the values of raster P'(C|x) were calculated. As illustration on Fig 17 is
a cross-section of area, showing relative probability of each cell in given point.

b) Model likelihood calculations. Using the calculated SPDF rasters we cal-
culated with formula 4.5 the likelihood of data given each SPDF variant tested.
There were two cellplan datasets for the same network, one based on RSSI (Re-
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ceived Signal Strength Indication) data and another one based on tower+azimuth
(used to construct Voronoi polygons). Derived variations include:

L]

rssi_default : RSSI data, unchanged

rssi_A1AP2 : twice expanded beam width

rssi_A2AP1I : twice expanded beam along azimuth
rssi_A3API : three times expanded along azimuth
rssi_convexhull : convex hull over original geometry
rssi_ellipse : original approximated with ellipse
voronoi_default : tower coordinate data, Voronoi constructed
voronoi_A1AP2 : expanded twice width of beam
voronoi_A2AP1 : expanded twice along the beam
voronoi_A3AP1 : stretched three times along the beam
voronoi_convexhull : original

voronoi_ellipse : original shape replaced with ellipse

The results are shown in Fig 18.

4.5. Discussion

4.5.1. PDF estimation

The main findings are

Accounting for cell overlap effect with Bayes rule had in the majority of
cases positive effect.

Some processing variants performed significantly better than the others for
certain situations, but there was no single best method for all situations.
When backed with large test dataset one could develop a mixed processing
procedure using a different method for different areas but it is limited by
overfitting concerns.

SPDF calculated from RSSI data was not superior to simplistic Voronoi-
based SPDF. We had expected that RSSI input enables better estimation
than tower location and azimuth data.

The dataset consisting of four personal tracks characterizes some location
sufficiently but is not sufficient to represent an overall picture. Further in-
vestigation with larger dataset is needed.

In future work, we plan to analyze specific situations where the performance
of one or other SPDF estimation variant degrades and optimize the methods ac-
cordingly. Also, we plan to investigate effects of the previous state, e.g. MS
approaching cell, or stationary in the neighborhood of cell.

Improved PDF estimates should improve the results based on this, e. g., more
accurate trajectory reconstruction. Still this is just a hypothesis and needs to be
tested in future work.
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In the current work, we also did not test the effects of applying prior knowl-
edge during Bayesian PDF estimations. In the particular case where prior belief
about population density is exactly equal to the number of cells visible in a given
location (as defined by cellplan), the Bayesian PDF is the same as the PDF de-
fined by the cellplan. In the examples in this chapter, a uniform distribution of
population was assumed. An improved prior distribution is expected to give PDFs
with higher likelihood.

Due to the small size and nonuniform coverage of the datasets, it was not pos-
sible to have separate independent data for determining the optimal cellplan trans-
form parameters and for testing the likelihood level on the transformed cellplan.
Separation of the datasets for model fitting and model testing is a prerequisite for
convincing conclusions.

4.5.2. Visualization improvements

The results did show that in the heatmaps produced using Bayesian PDF, the con-
tours of cells are less prominent, being closer to expectations. There is less visual
clutter on drawing and explicit cell structure is deemphasized, without any loss in
population density info. For example, when comparing the heatmaps (a) and (b)
on Figure 16 then unlike additive heatmap (a) the Bayesian heatmap (b) does not
over-emphasize the areas of cell overlap and cell contours are less pronounced.

More thoroughly modeled spatial uncertainty might be used explicitly in vi-
sualization, applying various visualization techniques, for example, glyphs and
animation presented in [42] or the uncertainty glyphs and uncertainty ribbon tech-
nique presented in [48].

4.6. Conclusion

The Bayesian PDF model for cellplan was presented, and some test results were
generated using this methodology. The limited test data indicated improvements
in PDF compared to the PDF described directly in the cellplan.

The heat map visualization improved by Bayesian PDF as the resulting image
was smoother and cell overlap areas were not over-amplified as with baseline
additive model.

The results are promising and worth further study. Still, it requires more testing
with real data to be sure that real RANs are described well by the Bayesian model
described in this paper.
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Figure 13. Log likelihood for cellplan optimized for (A) ¢ = 0%, (B) g = 1%, (C) g = 5%.
Horizontal axis:the value of the outlier rejection level g. Vertical axis: log likelihood over
the whole test dataset after eliminating outliers according to the outlier rejection level g.
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Figure 14. Sample heatmap for additive (a) and Bayesian (b) formulas, for polygonal
cells, intensity is uniform within the polygon. (a) is same as Figure 11

54



4.954291088526359
25026750665 314507
- 1.2456050730520505
- 0.6TI2TLIF651502T2
-0.11316532339676274
0.1581984708021522
0TEIIEBIIZTIZUEIN
00097 T4 17T TINCREAE
00197950757 74736838

20,000000000000007
t‘-”ﬂ“lﬂu’l“!

0.010000000000000005

A0EA010BEEIEIS0

20,000000000000007
BESEINE101051585
250267 5R65 5314593

- 1, FASR0M0TICNI0MT
- OEZ02F1ZEEE1E127
0.31216532539675234

LR PERE e ]
O.0TETIEREEATTX1420
0.0397741 723730008

on1amseTATIATIANIE
Q100000 00C000D0004

b

Figure 15. Sample heatmap for additive (a) and Bayesian (b) formulas, for blurred cells.
Blur is applied to each cell separately; Bayesian PDF is calculated after the blur.
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Figure 16. Sample heatmap for additive (a) and Bayesian (b) PDF formulas, for polygo-
nal cells, intensity is uniform within the polygon. The size and location of the visualized
area are not available for publication.
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Figure 17. SPDF of all cells along a straight line along the cross-section of the test area,
showing the probability of each cell in given location. Each colored polygon corresponds
to one cell. Disconnected polygons of the same color are separate cells. The horizontal
axis is pixel number (each pixel is 630m) and the vertical axis is stacked probabilities

of cells. Upper chart is generated with applying Bayesian overlapping cell model, lower
chart without considering overlapping effects.
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Figure 18. Relative performance of various cellplan variants. Horizontal axis — different
test phone tracks (subsets of positioning data, with different spatial distribution). Vertical
axis — average log P(CIx) for CDR records of given track. Results produced with same
processing parameters are connected with line, for easier comparison of performance of
the methods on different text phones.
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5. MOBILITY EPISODE DISCOVERY IN THE MOBILE
NETWORKS BASED ON ENHANCED SWITCHING
KALMAN FILTER

5.1. Motivation and research question

One important problem in mobility research is splitting the trajectory into move
and stop episodes. Stop locations and durations are extremely valuable indicators
used to generate semantic annotations to a person’s behavior, especially repeat-
edly visited anchor points [4] [53].

Research question: What is optimal method to detect the stop episodes and
locations in trajectory data?

5.2. Related work

There are many publications in the literature about motion episode detection in the
mobility trajectories extracted from different sensors. For example, in [31], the au-
thor dealt with a similar problem regarding detecting mobility episodes based on
Global Positioning System (GPS) trajectory data. High uncertainties and specific
noise patterns like "ping-pong handover" phenomena require developing methods
specific to CGI data. Several techniques have been developed to reduce "ping-
pong handover" distortions in the interpretation of CGI data [14,20,49].
When it comes to depicting mobility episode, there is interesting research focus-
ing on handling noisy trajectories in detecting stops. For example, in [60], the
authors focused on extracting the stops based on two key factors — the use of
the sequence density based on time and space proximity and the Eps-reachability
sequence. Eps-reachability is a spatio-temporal clustering criterion for stop detec-
tion proposed in this paper. The proposed method was tested against two baseline
approaches using real data, and demonstrated optimistic outcomes. Moreover, Fi-
adino et al [20] presented a study on trajectory reconstruction, where they used
a "ping-pong" suppression method that ignores events where the device connects
back to the previous cell within a predefined time window. In [49], the authors
describe a method for computing edit distances between event sequences where
short-term handovers to another cell and repeated events can be ignored.
Concerning the CGI data Calabrese et al [14] used a method that was inspired
by earlier work for GPS data in [62] and [31], which performs a clustering of
measurement points and replaces original events with the barycenter of the clus-
ter. Clustering has also been used, for example, in the form of sequence analysis
providing outstanding computational throughput [57] or requiring more computa-
tions with density-based clustering [60].
Based on available information, the shape of each cell has to be defined to give
location estimates for mobile positioning. Cell data provided by mobile operators
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can be translated to cell shapes as Voronoi polygons by using the assumption that
a phone connects to the nearest tower (e.g. [4]); as best server data polygons by
using the assumption that a mobile phone connects to the cell with the strongest
signal [15]; or as a raster model based on the assumption that the probability of
connecting to a cell is a function of distance from the antenna tower [11].
Another approach that addressed detecting the mobility episodes was proposed
in [8], where the authors presented a technique based on a discrete Switching
Kalman filter for identifying the movement episode Stay, Move, and Jump. There
Move episodes describe continuous movements and Jump episodes describe relo-
cation without observations between endpoints.

However, the approach presented by the authors of [8] assumed that the state
transition probabilities were represented as a function of the number of observed
positioning events. RAN can emit positioning events with different intervals, and
this caused the model to depend on RAN operation specifics. In reality the human
behavior (stay, move, jump) is directly connected to time and only related to the
internal operations of RAN as much as the latter correlates to time.

In this work, we propose a continuous-time switching Kalman filter for discover-
ing the mobility episodes that is an extension of [8].

5.3. Methodology

5.3.1. The basic idea behind the improved model

When we have the trajectories extracted from the mobile positioning data, they
are just a set of cell locations. For human mobility analysis, we need to know
if the user of the mobile device was just passing through that coverage area or
stopping to do something. From this perspective, we got inspired by previous
work proposed in [8], and looked for ways to increase the accuracy in discovering
the mobility episodes (stay, move, jump).

We used the assumption that human behavior is more closely related to time
rather than count of mobile positioning records. E.g., statement "50% of stops are
shorter than 1 hour" is directly relatable to human mobility, but statement "50% of
stops have less than 7 positioning events" is describing RAN behavior, and human
behavior is only indirectly related to that.

Therefore we had the hypothesis that replacing the discrete event model pro-
posed in [8] with the CTSKF model with the corresponding handling of state
switching probabilities, signal noise, and the correlated measurements will im-
prove the resulting probability estimates of stop and move.

5.3.2. Kalman and Switching Kalman filtering

Kalman filter is a recursive algorithm for finding maximum likelihood estimations
(MLE) for the hidden state of a linear dynamic system [28]. The estimation uses
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the observations that are related to the hidden state. All the observations are as-
sumed to have a Gaussian white noise with known covariance. There are two main
equations, which define the dynamic linear system upon which the Kalman filter
will be applied:

x =Fx_1+q (5.1)
Y =Hix, +1; (5.2)

Equation (5.1) describes the change of the hidden state x from time step t — 1 to
time step 7. The matrix F, is the state transition matrix, which can differ for each
time ¢. Vector q, is a Gaussian noise with covariance matrix Q,. Equation (5.2)
relates the hidden state with the observations. H; is the observation matrix. The
Observation noise r; has covariance R, and y, are the observations made.

The actual value of x; will remain unknown. The best prediction, given obser-
vations up to time ¢', is used: %,|- This prediction also has an error estimate, that
can be described by a covariance matrix: P;,. Following equations are applied
for every time step ¢:

X—1 =FX_q the noise is centered at zero (5.3)
P = FtPt—1|t—1FtT +Q; 5.4
&=y —HX measurement residual (5.5)
S, = H,P,‘,_IHIT + R, residual covariance (5.6)
K, = P,‘,_]HIT S, ! optimal Kalman gain 5.7
X = Rye—1 + Ke&, updated estimate (5.8)
P = (I-KH)P;_, updated estimated covariance (5.9)

Kalman filtering provides optimal estimation given only the past information.
For offline uses, fixed interval smoothing can be used to obtain the MLE for the
hidden state and the covariance of errors. This algorithm uses all the observations
up to time 7 > t. The algorithm is named after its creators Rauch, Tung and
Striebel (RTS):

C, =Py F, P, RTS gain  (5.10)
K1 =X + Co(Xenjr — Kepr)) smoothed state  (5.11)

Pr =Py +C(Pyyr — Py |t)C,T smoothed state covariance ~ (5.12)

These formulas are applied iteratively, starting from time 7', as a result of the
MLE for all the hidden states, given that all the observations are found [46].
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If the nature of the underlying process changes in time, then this can be mod-
eled by changing the matrices F;, Q,, H;, and R, correspondingly. In the context
of this work, the most important change in the process is whether the observed
mobile device is moving or staying still. Classical Kalman Filter requires that this
change is known in advance. To overcome this limitation, an algorithm called
Switching Kalman filter has been designed [38].

The switching Kalman filter requires a fixed set of Kalman filters to be chosen,
such that a linear combination of these could describe each state transition. All
of these Kalman filters are applied to every time step ¢, and the measurement
residuals €; are used for finding the probabilities for each model that this transition
occurred according to that model. In some cases, these probabilities can be even
more important results of the algorithm than the estimation of &X;|,, that is the
weighted average of the predictions of all the models.

In this work, three mobility types are distinguished and corresponding mod-
els associated with them: Stay, Jump, and Move. The Stay model describes a
stationary device. Jump and Move models are both describing a non-stationary
device: under the Jump model, the device changes location without leaving a trail
of events during the actual movement, the Move model, on the other hand, de-
scribes the change in location that is accompanied by a sequence of events during
the movement. In the Jump model, the change in location is modeled by having a
very large location uncertainty for a short period. The Move model uses the speed
of the device as the main cause for the location change.

In the switching Kalman model, a matrix of probabilities Z, can be specified.
An element of this matrix Z,;; is the probability that if the transition to time step
t — 1 was made according to model i, then the transition to time step ¢ will be done
according to model j. We expect the consecutive transitions to be more likely
made by the same model, except the Jump model: several consecutive jumps
should be covered by the Move model.

When modeling the movements of mobile devices, the hidden state vector has
y
X

four components: x;, = ( ) Observation vector has only two components: y, =

(y) [8].

The observation matrix is time-independent and the same for all the models:

1 0 00
H = <0 1 0 0) '
For the Stay and Jump models, the state transition matrix F; is a unit matrix.

The state transition matrix of the Move model corresponds to simple linear move-
ments:

y
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1 0 At O
01 0 A

F, = 00 1 0 (5.13)
00 0 1

In this equation, At is the time between time steps ¢ — 1 and ¢. For each model,
the covariance matrix of the observation noise corresponds to the size of the cov-
erage area of the antenna which the device was connected to.

The most significant difference between the models comes from their noise
covariance matrices of state transition Qy:

* The Stay model should have the smallest speed and location variance. Ac-
cording to this model, the actual hidden state does not change at all.

* In the Move model, the uncertainty of location is also small, but speed
is allowed to vary greatly to model more complex movements: turning,
acceleration, etc.

* While the Jump model includes a change in location, it is not caused by the
speed, but by very high uncertainty in the location. The variance in speed
is set to be as low as in the Stay model.

Similarly to the Kalman filter, the Switching Kalman filter only considers the
past observations when computing the maximum likelihood estimations. Fortu-
nately, the SKF also has the possibility for a smoothing step. The set of equations
for this is significantly more complex and is very well covered in the original
article [38].

5.3.3. Proposed improvements to the baseline method

a) Model switching that is sampling rate independent . In the overview of the
Kalman and Switching Kalman filters, at two places an implicit assumption was
made that the time difference between two consecutive events is constant. In
reality, it can change at least two orders of magnitude. The first of these was
made when the model switching matrix Z, was chosen to be fixed. In the baseline
article, it was proposed to use the following values:

08 0.1 0.1
Z,=101 08 0.1
0.45 045 0.1

The ordering of the models is Stay, Move, Jump. This matrix defines a discrete
Markov chain (MC) between these three states [39]. A toy example can be con-
sidered, to illustrate how the change in the frequency of the events changes the
model. Suppose a person is standing still at time ¢ = 0; its change in mobility
type is described by a Markov chain with Z, as its transition matrix. The base-
line method assumes that the person’s behavior should change depending on the
number of events it does in the mobile network. The use of fixed probabilities
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Z, causes devices that make more events have a higher probability to switch its
model without having actual extra evidence for it.

When using the given values for Z,, the asymptotic value of the probability
for staying still is 45 %. This probability is independent of the sampling rate and
should express the probability of staying still, when there have been no observa-
tions from this device in a long time. Mobile devices are most commonly carried
by people with them, so it is reasonable to assume that the mobility patterns of
mobile devices are rather similar to those of people. Analysis of human mobility
in urban areas has shown, that on average every person takes 2.8 trips every day,
with average length of 26 minutes [33,36]. This is about 5% of the day on the
move - 11 times less than the 55 % proposed by the values in Z;.

Continuous-time Markov chain can be used for calculating the values of Z; in
such a way that the sampling rate does not affect the outcome. Unlike the discrete
Markov chain, which is parametrized with transition probabilities, the continuous
time MC is parametrized with transition rates [39]. The non-negative transition
rates A;; express the number of transitions that take place from state i to state j
in a unit of time on average. Transitions from state i to i are not modeled. These
values are arranged in a generator matrix A, such that for off-diagonal elements
A;j = A;j and the diagonal elements are chosen such that all rows add up to 0. By
solving either the Kolmogorov forward or backward equations, an expression for
Z, is obtained [39]

Z,(Ar) = AN,

At is the time between time step ¢ and  — 1. Matrix exponentiations are performed
using the eigenvalue decomposition A = BAB~! and Taylor expansion. Resulting
in the following equation:

Z,(At) =BeMBL

A is a diagonal matrix, and exponentiation of a diagonal matrix is another diago-
nal matrix whose elements are elementwise exponents of the initial matrix. The
computational cost of this is negligible compared to the rest of the algorithm.

The need for separate move and jump models does not come from human
mobility patterns, but from the behavior of the mobile network. Because of this,
human mobility statistics can not be used as prior for these models. The mobile
network data shows that about 10 % of trips are happening according to the jump
model, and others are taking place according to the move model. The estimate
for generating matrix, while considering also the average length of a trip and the
average number of trips per day, is following:

~0.125 0.113 0012 ..
A= 231 231 0 | ———. (5.14)
2.31 0 -231

The ordering of the models is Stay, Move, Jump.
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b) Sampling rate independent process noise. In the original article, the values
for process noise covariance Q; were fixed [8]. This simplification assumes that
the time difference Ar between time steps is constant. As seen in the previous
subsection, this assumption does not hold. To get a better understanding of the
effect this assumption has, a simple example can be considered: a person with
a known initial location and speed (x(0) = Om, %(0) = Ims™!) is observed over

LA >) with fixed

a period of 1h. Its movement is modeled as linear (F = <0 1

process noise Q = (0(()) ! 0(()) 1). The predicted location is precisely the same

for any sampling rate. The confidence in this prediction decreases as the sampling
rate increases. This observation implies that while the state transition matrix F; is
correct, the process noise covariance Q; should depend on At somehow.

The following derivation for Q;(At) is based on the article of P. Axelsson and
F. Gustafsson [6]. The state transition equation (5.1) is a discretized version of the
stochastic differential equation

dx(¢) = Ax(t)dr +dp(z), (5.15)
where () is a Brownian motion with
E[dB(2)dB(1)T] = Sdt. (5.16)

Discretization is done by integrating the equation (5.15) over the time interval
[#—1, t;]. The integration results in

1
x(t) = A x(t-1)+ | ATMAB (7). (5.17)
~ I Ji,
X; Ff Xr—1 ~"~
qr

Using the definition of covariance of white noise E[gy, qr,| = Q1 6,1, the covari-
ance matrix Q, can be expressed as

At r
Q = / ATSed Tdr. (5.18)
0

Solving this sort of integral for a general case is a rather complicated problem, but
there are some approaches to it, for example, using Lyapunov equations. When all
of the eigenvalues for matrix A are zeros, then this integral will have an analytical
solution. This condition holds for all models: Stay, Move, and Jump. For the
Move model the matrix A is .

i

0

for Stay and Jump models, it is zero matrix. The solution to integral (5.18) under
the assumption that all the eigenvalues of A are zeros is

cooco
[=R=R=i

p—1p—1 Al it

Q=X Xty

i=0 j=0

AisA/”
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where p is the dimensionality of the square matrix A. Because of the sparsity of
A in these models, most of the terms are 0, resulting in a simplified expression for
Q, for Stay and Jump models it will be

Q; = SAt (5.19)

and for the Move model it will be

A r AP
Q; =SAr+ (AS+SA )7 +ASA 5 (5.20)

There is no reason to believe that the noise for different components of x would
be directly correlated, so matrix S can be a diagonal matrix. The values on diago-
nal can satisfy the same conditions that were proposed for a fixed Q. Selection of
these values by parameter optimization is discussed in the results section.

c¢) Correlation and overconfidence. One of the preconditions for applying the
Kalman Filter is that the process noise q; and observation noise r; have to be un-
correlated in time [28]. There is no reason to believe that this assumption does
not hold for the process noise, but there is one case where it does not hold for the
observation noise. When the device is stationary, it is rather common that it will
keep connecting to the same cell over a long period. If we assume these position-
ings as uncorrelated measurements, then the predicted hidden state will converge
to the observation, as depicted in Figure 19. This results in unrealistically over-
confident predictions. Completely ignoring these consecutive events for the Stay
model would also be unwary because even when fully correlated, they might still
be carrying information with them.

Some work has been done to design a Kalman filter generalization for corre-
lated noise. Here we will consider the results of Petovello et al [44]. In their work,
they generalized the observation equation (5.2) to include correlated error:

y: = Hix, +u,. (5.21)

In this new relation u, is a time-correlated error, with correlation expressed through
equation
u =Yu 1+r;. (5.22)

As in the original Kalman filter, the error r; is white Gaussian noise with covari-
ance R,. A concise overview of filtering a dynamic system, which follows this
relation, has been given by Wang et al, along with a comparison to alternative
approaches [58].

As stated before, the correlation does not affect the Jump or Move models.
With the Stay model there are two possible cases:

* If the observation differs from the previous, then there is no correlation, and
the matrix ¥, is zero. In this case, the regular Kalman filter can be applied.
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Effect of correlated measurements
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Figure 19. The behavior of Kalman filters predicted location and covariance with corre-
lated measurements.

* If observation y, is the same as the previous one y,_1, then under this model,
the correlation transition matrix is a unit matrix, and there is no added white
noise, meaning that R, is zero.

When substituting these assumptions along with the state transition matrix for
stay model F; = I into the new update formulas presented in [58], then they will
simplify significantly:

X =X 115 (5.23)
Pt|t = Pt—l\t—l- (5.24)

According to this result, correlated measurements have no effect on the esti-
mated hidden state X, but they will compensate for the effects of process noise on
the covariance of the prediction P. This can be considered as if the device, that
stays connected to the same cell, is frozen in time according to the observer, until
it will connect to a new cell. An example of how this sort of model behaves under
correlated measurements is depicted in Figure 19. As expected, the correlation-
aware model does not converge to an overconfident prediction but stays at a real-
istic value.

When using a Switching Kalman filter with the regular Move and Jump models
along with correlation aware Stay model, then there will still be some convergence
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because the final result is a weighted average of these three models. This observa-
tion is not a problem to be solved but a sign of the predictive power of SKF. When
there is strong evidence that the device is stationary, the weight of the Stay model
will be very close to 1 and the convergence is negligible.

The RTS smoothing algorithm also requires changes to work with correlated
measurements. Like in the filtering case, this is only applied to the stay model. If
observation y; is not the same as the next one y;, then regular RTS smoothing
equations can be used. Otherwise, correlation aware update equations must be
used:

Xir =Rp17s (5.25)
PZ|T = Pt+1\T- (5.26)
5.4. Results

5.4.1. Sample data

Sample data were used to assess the effectiveness of the developed tools. This data
contained both the mobile network events and also accurate location data from
GPS measurements. For this work, a single person was tracked over a period of
one month. During that time, the subject traveled in an area with a radius of 35km.
There are, in total 40000 mobile events made by its device, with an average gap
of 67s between them.

The algorithm was implemented in Java programming language with JAMA
linear algebra package [34]. Average single-threaded processing throughput was
6000 positionings/second on 2.4GHz i5-6300U CPU.

On figure 20 the subject’s event difference distribution is depicted. This subject
is more avid mobile user, than the average - for the entire population 95% of
events happen with less than 5min after previous, but for our subject it is 3.5 min.

This person moves mainly along the shore of a body of water. This pattern
makes its trajectory rather anisotropic: 90 % of its location variance is explained
by its first principal component. Because of this, in the following visualizations,
only its movement in the direction of the first principal component can be shown
without any significant loss in information. Absolute coordinates are avoided and
all the coordinates are deviations from the trajectories’ centroid to preserve the
anonymity of the subject and the mobile operator.

5.4.2. Quality measure for model results

The main purpose of using the Switching Kalman filter is detecting whether the
subject is moving. Improved location accuracy is a secondary result of this algo-
rithm. For this reason, the quality of the model is assessed by its ability to cor-
rectly locate the times when the subject was stationary. The probabilities (Pstop,)
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Figure 20. Distribution of time differences between consecutive network events in test
data.

calculated from the SKF do not describe the observation times ¢, but the transi-
tions from previous observation ¢ — 1 to this. For each of these transitions from
the GPS track, it is found whether the device was moving during that time. The
probability from GPS (psop,) is either 0 or 1. These probabilities are combined
into a time-averaged log loss:

_ Zt (pstop, log(ﬁstop,) + (1 - pstop,) 10g(1 - ﬁstop,))At . (5.27)

Y, A

5.4.3. Parameter optimization

The Switching Kalman filter has two sets of parameters: the values of the gen-
erator matrix, which determine the values of the model switching matrix Z(Ar),
and the value of the process noise covariance matrices S. The values of generator
matrix A are computed using the results of some statistical research papers and
are shown in equation (5.14). Each movement type model (Stay, Jump, Move) has
its own unique process noise covariance matrix. To avoid having to fit too many
parameters, the same assumptions are made that were proposed by Batrashev et
al [8]:

* The model is isotropic - the uncertainty in the easting and northing will

grow in time at the same rate.
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* The covariance matrix will have only values at its main diagonal set.
* The Stay and Jump models will have the same noise for speed.
* The Stay and Move models will have the same noise for location.

These assumptions reduce the number of parameters to four: two location noises
and two speed noises.

Half of the trajectory was used to find optimal values for these variables. After
performing parameter optimization the following values resulted in the minimal

log-loss:
96m?s~! 0 0 0
0 96m?s~! 0 0
Sstay = 5.28
Setay 0 0 6.8m?s ™3 0 .28)
0 0 0 6.8m>s 3
1500m?s~! 0 0 0
0 1500m?s~! 0 0
jump = 2
Sjump 0 0 6.8m?%s 3 0 .29
0 0 0 6.8m%s 3
96m?s ! 0 0 0
0 96m?s~! 0 0
Smove = 0 0 2 0 . (5.30)
0 0 0 2m?s3

5.4.4. Effect of the improvements to the algorithm

Three independent improvements were proposed to the original algorithm. To
get a quantitative understanding on the effects of these, the loss function was
evaluated on the second half of the trajectory with all different combinations of

these improvements applied to it. These results are summarized in Table 4.
Table 4. Log-loss values for different variations of the Switching Kalman filter.
Process noise

Switching matrix Correlation Log-loss

Original Original Original 0.2089
Original Original Improved 0.1889
Original Improved Original 0.2011
Original Improved Improved 0.1787
Improved Original Original 0.2056
Improved Original Improved 0.1855
Improved Improved Original 0.2006
Improved Improved Improved 0.1749

It is reassuring to see that the worst-performing model is the one with none
of the improvements applied and the one with all of them is the best-performing
model. It is also important to note that adding an additional improvement to any
of the models improves the performance.

Three improvements were considered in this paper. The highest performance
gain comes from correlation aware stay model. A common example of a situ-
ation, where this improvement helps is depicted in Figure 21. Before and after
the depicted time there was a long period of correlated measurements making

70



the original algorithm’s prediction have unreasonably low uncertainty in the de-
vice’s location. This reduced the impact of new observations significantly and
the predicted location just drifted from one location to another without opting for
the move model. The improved variant does not produce unrealistically accurate
location predictions.

Making the process noise Q depend on the time difference At was the second-
best improvement. For the stay and jump models the process noise scales linearly
in time (equation (19) and for move model the scaling is with a cubic equation
(20). When only this improvement is applied, then the major differences between
models should occur at time points that have unusually large gaps between them.
One of such cases is demonstrated on Figure 22.

The classical algorithm [12] models this movement as two distinct jumps; how-
ever, our improved model puts more emphasis on the measurements and correctly
identifies them as one continuous movement. These are the results when the im-
provements are used one at a time. By using all of them together the score im-
proves even further, but the observations made on the partial result also hold for
the complete model. It is important to note, that these changes to the model can in
some parts of the data make the prediction slightly worse, but unlike the improve-
ments, these do not seem to be systematic effects, but rather random fluctuations.

The least significant improvements came from making the model switching
matrix Zt depend on the time difference A¢. Similarly to the process noise, it has
the most significant effect in the regions with unusually large Af - an example of
this is depicted in Figure 23. Unlike two previous examples, there is almost no
change in the predicted location nor its covariance - only a slight change in the
model probabilities.

5.5. Conclusion

In this chapter, we presented an enhanced method of the switching Kalman fil-
ter by introducing a continuous-time aspect into the model in order to discover
mobility episodes (Move, Stay, Jump) from the CDR data. Our evaluation and
testing has been conducted on two different datasets with different characteris-
tics and in both cases the results were very encouraging. In general, our model
using continuous-time switching Kalman filter performed better than the discrete
switching Kalman filter.

The results of this approach can be useful for future application and research in
refining the trajectories extracted from the CDR data and their usage in solving
issues related to mobility, transportation, and urban planning.
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Trajectory visualization
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Figure 21. Comparison of the outputs of the original switching Kalman filter and a im-
provement with correlation aware Stay model.
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6. METHODOLOGY TO DETECT AZIMUTH ERRORS
IN CELLPLAN

6.1. Motivation, problem statement, and research design

We observed in mobile positioning data artifacts that some passive mobile po-
sitioning events clearly did not match the expected behavior, and the observed
data could not be explained by cellplan as spatial PDF of position. One possible
hypothesis that arose was "feeder swap", i.e., the antennas of the same site are
swapped, either wrong azimuths in cellpan data or hardware cables swapped. The
latter is unlikely due to the design of newer generations of RAN hardware. The
consistency of positioning accuracy is a low priority concern for the engineers
in RAN department of mobile operators, and distortions in provided cellplans
seemed a plausible hypothesis.

Research question: Do real-life cellplans exhibit "feeder-swap" distortion, i.e.,
the cellplan has sometimes the azimuth attributes of cells swapped?

6.1.1. Experiment plan

The overall plan was following

1. Feeder-swap was expected be detectable by distortions in map-matched tra-
jectories near antenna towers. Several heuristic indicators were devised and
implemented to assess the distortion (ISBEST, azimuth mismatch).

2. The statistics over map-matched trajectories was collected, the classifica-
tion quality of antenna pairs as "normal" or "swapped" was tested with syn-
thetic swapping methodology, results were presented as ROC curves.

3. The detailed data around most questionable antennas was investigated man-
ually to get expert opinion if there are cells with probable feeder-swap.

4. High-fidelity map-matching technique was expected to be needed to de-
tect the distortions in spatial uncertainty caused by inaccurate mapmatch-
ing. The map-matching technique presented in chapter 3 was considered
too simplistic and introducing considerable distortions. Therefore a con-
siderably more stable map-matching technique was developed. This map-
matching technique is described below in next section.

6.2. Probabilistic map-matching using route hierarchy

This section describes the map-matching technique used during azimuth error ex-
periments.

6.2.1. The goals of probabilistic map-matching technique

We had earlier used the map-matching as described in presented in chapter 3. That
technique had some known problems:
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* the algorithm just selected a point in a cell area and routed the trajectory
through it. This generated a trajectory which mainly was on main road but
included short deviations from main road because the selected points were
not exactly on main road

* in case of natural barriers like river or railway, the selected point could be
on the wrong side of the barrier and thus the generated trajectory would be
signifcantly distorted as it had to route around this barrier

* the algorithm did not allow for non-uniform probability distribution inside
cell

The goal of new algorithm was to overcome these limitations:
 generate a trajectory without short deviation artefacts

* in trajectory generation consider multiple paths and discard unrealistically
ineffective ones

* take into account non-uniform probability distribution in cell

6.2.2. Assumptions used about the likelihood of trajectories

The observed positioning events provide evidence, that the MS was moving through
a given cell area. Cell area does not have well-defined shape. Cells are also rela-
tively large. This causes a large uncertainty in detecting the true trajectory.

The following assumptions were used to reconstruct more likely trajectories:

* It is more likely that a person chooses a faster trajectory, i.e., likelihood is
related to travel duration.

* It is reasonable to expect that the probability of being served by a given
cell decreases with increasing distance. In implemented code, we model
the spatial PDF of the cell service area as three concentric polygons around
the cell location, where the larger area has lower probability. An example
of such a 3-level spatial PDF is illustrated in Figure 24 as three overlapping
ellipses.

6.2.3. Selecting representative junctions in the cell area

The cell area is a two-dimensional continuous area. The map-matched trajectory
can be estimated from cell visits by utilizing routing algorithms. Effective routing
algorithms implement point-to-point routing. We applied a Contraction Hierar-
chies shortest path algorithm [21]. For point-to-point routing, we approximated
the cell with a set of representative junction points. We selected a finite number
of likely nodes (junctions) in the road graph to represent the cell area. It was
assumed that at least one junction from this set of junctions is traversed during
routing.

The selection algorithm of representative junctions utilizes the index built by
the Contraction Hierarchy routing algorithm [21] — all nodes in the road network
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Figure 24. Heuristic discovery of relevant transit junction candidates. Cell area bounding
box rectangle is split into n x m cells. In each cell the road junction of highest hierarchy
value is found (red dot).

are strictly ordered by rank. Higher rank is a good predictor that given junction is
likely traversed in longer travels. The algorithm worked as follows:

1. From cellplan, determine the bounding box rectangle of the cell area and
split it into n X m smaller rectangles. In Figure 24, the grid is marked with
red lines, the grid size is 2 x 3. n and m are empirical parameters. We
usually used n = m = 4. in our experiments.

2. Find in each smaller rectangle a node with the highest rank. Only one can-
didate from each small rectangle was selected. If the rectangle did not con-
tain any road network nodes, then no candidates were generated from this
rectangle.

If the cell area did not contain any road network nodes, then the given cell was

ignored in map-matching.

6.2.4. Likelihood model
The probability of the path is

n
Ppan = ¢~ E0 /i TTP(GIL:) (6.1)
i=0

1=
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Figure 25. Routing graph through relevant transit junction candidates. > The dashed line
denotes boundary for Stop Episodes (SE) and Transit Episode (TE) cell visits
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where
* (y,...,C, are the cells of the representative events of the clusters (Cy is
the cell of the previous stop cluster, C,, = cell of the current stop cluster,
Cy,..,C,_ are cells of transit clusters),
* P(G;|L;) is the probability of being in cell C; at a geographic location (transit
vertex) L;,
* ¢; is the time of the path provided by the routing graph from the vertex
chosen from vertexSet; to the vertex chosen from vertexSet;
e f;is a tuning parameter.
We seek the path that maximizes P,q;,. Actually, we solve the equivalent prob-

n n
lem of minimizing log(Ppaun) = — Z fixti— Z logP(Ci|L;).
n= i=0

In the process of likelihood optilglisation, the likelihood of outlier was con-
sidered also — if removing single transit event improved the path likelihood more
than P, then such event was removed. P, was a tuning parameter. Its
value was selected so that a minor fraction of events were classified as outliers.
Multiple subsequent events were not removed together.

6.2.5. Generating the map-matching trajectories

A set of map-match trajectories was generated with the following procedure:

* Events were filtered for cell-hopping to produce clusters of events as de-
scribed in Chapter 3, and these clusters were marked as stop or move.

» Several paths were generated, selecting one random geographical point in
each stop cluster.

* For each set of stop locations, the path between stop clusters was generated
by finding the minimal solution to Eq. 6.1.

The examples of map-matching are depicted in Figures 26, 28.

6.3. Cellsets and comparing the permutations

In radio access network (RAN), not all cells are equal. For example, cells with
4G technology cannot serve 2G and 3G phones. Therefore it is more useful to
compare the behavior of cells that work in the same frequency band and are based
on the same technology. Typical antennas used in mobile network have half-power
angle 60°, and full 360° horizon is covered typically by 3 to 4 antennas in same
band. Such cells on the same site (i.e., on the same antenna tower) we call cellsets.

We will calculate the azimuth consistency measures for all possible cell pair
combinations for cells in the cellset — whether swapped or not swapped pair would
be better conformance with observed trajectories. We will not compare the behav-
ior of cells that belong to different cellsets. We calculate for each such pair of cells
a "badness" function B: a value indicating if original assignment of azimuths is
better than swapped azimuth values.
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Figure 26. Example of mapmatching from sparse passive positioning data. White poly-
gons are cell areas in cellplan. Violet lines connects cell centroids of positioning events.
Yellow line is the reconstructed trajectory. Real trajectory mostly matched the recon-
structed trajectory. The lowest cell on left is ignored by the algorithm, due to unrealistic
fast cell-hoppings. Map area is circa 46 x 79 km.

6.4. Calculation process for the statistical indicators of
azimuth mismatch

Statistical indicators were calculated to charaterize azimuth vs trajectories mis-
match.

6.4.1. Processing the trajectories to find the likelihood of cell
permutations and nearest juncions

The calculations were organized in following steps

1. Trajectories from the positioning input data were constructed by map-matching
technique described above and full trajectory timeline was split into stop
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Figure 27. Example of problematic mapmatching from GPS data. Red dots are GPS
measurements, red lines connect GPS measurements, yellow polygons are uncertainty
areas around GPS measurement, green line is reconstructed trajectory.

and move episodes. Stop was defined as a cluster of consecutive events that
is compact in space and exceeds given duration threshold parameter.

2. In each move episode e a stable subset over mapmatched sample trajectories
was found. The concept of stable subset is illustrated in Fig. 30.

3. For each cell C visited in stable subset of episode e, the junction j. c in map-
matched trajectory closest to the cell C site (antenna tower) is found. The
junction coordinates together with cell ID are used as an input to calculation
of azimuth badness value as described in next subsection.

6.4.2. Azimuth mismatch indicator calculations

Weighted centroid Z¢ = (x¢,yc) of nearest junction visits is calculated for each
cell:

Xe = Zw(d(c7j€7c)) *xje,c/zw(d(c7je,C)) (6.2)
ye =Y w(d(C,jec)) #Yjoc/ Y W(d(C, jec)) (6.3)

where
* xc, yc are weighted centroid coordinates for cell C
* ¢ are all move episodes detected in all trajectories

* Jec is the nearest road junction on mapmatched trajectory in stable subset
of episode e to the site of cell C

* xj, y; are the coordinates of junction j
* d(C, ) is the distance between site of cell C and the road junction j

* w(d) is a weight function whose argument d is the distance between the
road junction j and cell site.
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Figure 28. Example of successful mapmatching from GPS data. Red dots are GPS mea-
surements, red lines connect GPS measurements, yellow polygons are uncertainty areas
around GPS measurement, green line is reconstructed trajectory.

6.4.3. Calculations per cell pairs

The badness factor B is calculated for all possible combinations of two cells ¢/, ¢’
which belong to same cellset:

B =norm(ac — az(C',Z¢r))* 4 norm(acr — az(C", Zen))?
—norm(acr — az(C', Zen))? — norm(acn — az(C", Z¢r))?

where
* ac is the azimuth attribute of cell in cellplan

* az(C,Z) is the azimuth from the site of cell C to the junction-visiting cen-
troid Z. The site coordinates are the same for C' and C” as we specified
that they are from the same cellset and and all cells in cellset are located on
same site (same antenna tower).

* norm() is a normalizing function such that the value of norm() is in range
—180 < a < 180 degrees by subtracting or adding full periods to the argu-
ment o.

Badness for swapped azimuths By, is calculated with same formula as B but
with swapped a¢r and acw:

Bywap =norm(acr —az(C',Z¢r))? + norm(acr — az(C", Zen) )

—norm(acr — az(C', Z¢))? — norm(ac — az(C", Z¢r) )
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Figure 29. Example of replacing transit cell PDF with omnidirection PDF covering all
cells in cellset C1,C2,C3. Suppose the car travelled along road (black line) and cells
C1,C2 were swapped so the event was generated by C2 (which in reality had the PDF
attributed to Cl1 in cellplan). In such case the generated road trajectory does not go into
areas where C2 PDF is high (as given in cellplan). Therefore we can say that likelihood of
permutations that (rightfully) assign to C2 the position of Cl1 is higher than the likelihood
of permutation corresponding to original layout.

The result of these calculations is a dataset with two records per each possible
cell pair where cells are from same cellsets. One record for correct badness value
and another one for simulated "swapped" state of the pair ( cellplan azimuth values
swapped, resulting with By, as badness value). The columns in dataset: cell IDs,
badness ( B or By, ), swap flag (true/false).

We tested if badness-based classifier could predict the value in swap flag col-
umn.

6.5. ROC results

Before the experiment we expected that the azimuth value is unreliable for tra-
jectories that get very close to antenna tower and these should be de-emphasized
with lower weights.
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Stop episode A
uncertainty area

Stop episode B
uncertainty area

Figure 30. Illustration to stable subset of trajectories. We know that the track is from stop
area A to stop area B. We select randomly some predefined number of points in area each
area and route map-matched trajectory from point in A to point in B. On this drawing three
points are selected and the points define tracks A By, A2B>, A3B3. Due to the hierarchical
nature of the road networks there exists usually some non-empty common subset of all
these trajectories. Common subset is marked with red color.

Therefore the calculations were conducted with three variations of weight
function w :

wunirorm(d) =1

10739, if d < 500m
wrinvsoom_tokm (d) = § d[m] — 500, if 500m < d < 10000m
9500, otherwise

WrNEARskM (d) =

d[m], ifd < 5000m
5000, otherwise

We applied the methodology in two areas:
* In central Estonia around Paide: flat landscape, no large water bodies, no
large towns/cities
* In and near Tallinn: proximity of sea , includes part of Tallinn urban area.
The results did not confirm the assumption that nearby visits carry less azimuth

information. The results for Paide and Tallinn areas are represented in Figures 31,
32 as ROC curves.
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We manually inspected the cells with the most questionable "badness" value.
We did not find any large anomalies; found one kind of perfectly swapped cell
that had anomalously low traffic — only a couple of events. These findings had no
practical significance.
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Figure 31. ROC curves for Paide area

6.6. Discussion

The resulting ROC curves show that the method is sensitive to cell swapping ar-
tifacts, and did detect the swapped cells introduced artificially into data by our
computing experiment.

Inland rural data were handled better than seaside locations. This could be
attributed to improved radio wave propagation conditions at large water bodies
that cause more overlap and uncertainties in cell boundaries and therefore reduces
the accuracy of map-matching. Less pronounced hierarchy in city road network,
as compared to rural road network, might also contribute to lower accuracy of
map-matching.

The behavior of most suspicious individual cells was investigated manually
(examples not included here due to data usage restrictions). In each such case,
there was either extremely small data volume or some other explanation avail-
able. So no significant azimuth disorders were found in the test dataset. We
concluded that for practical work, given MNO had good cellplan azimuth data
and our problems in map-matching accuracy are caused by other factors.
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Figure 32. ROC curves for Tallinn area
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7. CONCLUSION

When I started with Ph.D. studies, I aimed to develop a generic probabilistic
model for the most significant distortion classes in mobile positioning data, and
based on that model, I expected to find well-substantiated methods for optimal
suppression of these distortions. Such a generic model turned out to be an elusive
idea. The source of distortions mainly remained unexplained. We found useful
results in some situations and tested some hypotheses where the result was nega-
tive, i.e., the hypothesized causes were absent, e.g., the chapter about feeder-swap
azimuth errors. During these studies I worked in a company in the area of an-
alyzing passive mobile positioning data. The quantitative improvement was in
most cases around 20% and often the effect was not universal. This result was
not enough to justify increased complexity of processing and the risk that more
complex processing could introduce new distortions.

One possible explanation to modest success could be that there are too many
unknowns that vary from case to case — some physical factors (radio wave prop-
agation, reflection, inference), some human geography related (the model of how
people actually move and stay), some radio network peculiarities (the complex
logic how network selects next serving cell, actual network topology might be
more complex than indicated by cellplan — one cell in cellplan could be several
in-building nano cells, etc.).

If search for general low parameter count model fails then it is possible that one
could achieve better results with neural network models. The main obstacle in this
approach is obtaining training data. The model with large number of parameters
requires large volume of detailed ground truth training data and it is not trivial
to obtain, especially in the era where privacy concerns are recognized more and
more.

The positioning data used was obtained by my employer under commercial
agreements from mobile operators. GPS data was obtained from volunteers for
time-limited usage. The retention time has already passed for all data items and all
data are diligently deleted from servers. Therefore the results in this dissertation
are not reproducible as it is impossible to obtain the same data.

During our work, we had very limited data that could be used as ground truth.
This limitation excluded very complex models. One possible research topic could
be using a neural network based model but this assumes large sets of training data.

The privacy of data owners has become much more of a concern in recent years
and data processing has become more regulated by the laws. Privacy Enhancing
Technologies (PET) are emerging as a (partial) solution to this. One research
direction could be finding best practices involving PET such that data owners’
privacy is protected and at the same time high accuracy reports can be produced
from mobile positioning data.

All-in-all, this effort was an interesting journey.
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SISUKOKKUVOTE

Mobiilsidevorgu andmete kasutamisest inimeste liikuvuse
analtusimisel

See doktoritod sisaldab passiivse mobiilpositsioneerimise andmete positsioneeri-
mistdpsust késitlevate uuringute tulemusi

Mobiilioperaatorite serverites tekib tavalise dritegevuse korvalsaadusena pide-
valt andmeid inimeste kéitumise kohta, andmeid on vaja salvestada arveldamiseks
ja mobiilivorgu kidigus hoidmiseks. Muuhulgas on nendes andmetes kirjas, mis
antenn inimest teatud ajahetkel teenindas. Teades antennide teeninduspiirkondi,
saab sedalaadi infost tuletada inimese ligikaudse asukoha ja trajektoori, seda ni-
metatakse passiivseks mobiilpositsioneerimiseks. Termin "passiivne"tdhistab se-
da, et nende andmete kogumisel ei tehta iihtegi tegevust spetsiaalselt positsionee-
rimiseks,

Passiivsed mobiilpositsioneerimise andmed on viga hea katvusega iile popu-
latsiooni, enamusel inimestest on sisseliilitatud mobiiltelefon kaasas. See muudab
passiivse mobiilpositsioneerimise viga ahvatlevaks voimaluseks teha statistilisi
uurimusi inimeste liikumise kohta, see pakub huvi ruumiplaneerimises omavalit-
sustele, transporditeenuse pakkujatele, ettevotetele oma ettevotete rajamise pla-
neerimisel. Lisaks kasutatakse passiivset mobiilpositsioneerimist ka asukohapd-
hiseks reklaamiks; ja mobiilioperaator kasutab positsioneerimist mobiiltelefoni
kasutajakogemuse kvaliteedimdddikute sidumiseks asukohaga, et parendada tee-
nuse kvaliteeti.

Antud t66 kisitleb passivset mobiilpositsioneerimist ennekdike inimeste liiku-
vuse statistilise hindamise kontekstis.

Praktikas on passiivse mobiilpositsioneerimise kasutamisel suureks takistuseks
andmete ebatdpsus ja madal kvaliteet. Algpdhjuseks on see, et mobiilvork ei ole
algselt ehitatud passiivse positsioneerimise kvaliteeti silmas pidades. Andmete
tdpsus on madal, kuna antenn vdib teenindada kiillaltki suurt ala, ja ka see tegelik
ala pole kuigi tépselt teada. Mingi protsent mobiilvorgu produtseeritud andmeid
on lihtsalt vigased, selleks on erinevaid pdhjusi, ja seda ei ole vdimalik tédielikult
viltida. Lisaks on mobiilpositsioneerimisandmed ajas véga ebaiihtlaselt jaotunud
— teatud ajaldigud vodivad olla viga tihedalt andmetega kaetud, samas voib esi-
neda piris pikki ajavahemikke, kus andmed puuduvad, sest midagi ei toimunud
mobiilivorgus. Autori kogemuse kohaselt umbes 70 = 20% Kkirjetest vastas ooda-
tavale jaotusele ja iilejadnud kirjed olid suurte moonutustega (nn raskete sabadega
jaotus).

Autoril tekkis hiipotees, et mobiilpositsioneerimise iiksikkirjete vahel on tu-
gev korrelatsioon, sest inimese liikumine on pideva iseloomuga, samuti inimene
kordab eri paevadel samu mustreid, ja ka eri inimeste telefonid kdituvad samades
oludes sarnaselt. Selle korrelatsiooni pinnalt oli lootus luuda statistilised mudelid,
mis kirjeldaks andmemoonutuste olemust ja millele toetudes saaks efektiivselt
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eristada “mdistlikke” andmekirjeid tugeva moonutusega vodrvaartustest.

To60 pohineb neljal publikatsioonil. Kdigepealt antakse iilevaade passiivse mo-
biilpositsioneerimise valdkonnast koos positsioneerimisandmete tdlgendamisel tek-
kivate probleemide kirjelduse ja voimalike lahendusteedega.

Mobiilsidevorgus tekib passiivpositsioneerimisel tihti ping-pong effekt — ka
paigalseisev telefon vahetab vahel tihti masti, millega on ithenduses. Seoses sel-
lega tekib ndiv liikkumine, mis sdltub tugevalt andmete télgendusviisist.. Esimeses
publikatsioonis vorreldakse erinevaid viise antennide vahelise hiippamise (ping-
pong) moonutuste mahasurumiseks ning pakutakse vilja uus algoritm, mida tes-
titakse kahe mobiilioperaatori andmete pohjal. Algoritmi testiti kahe Eesti mobii-
lioperaatori andmetel ja tdheldati olulist liiklustiheduse hinnangu tépsuse tdusu,
kuni 1,8 korda.

Vorguplaan ehk mobiilsidevorgu antennide teeninduspiirkondade kirjeldus méé-
ratleb positsioneerimisel ruumilise tdendosustiheduse. Teises publikatsionis esita-
takse selle tdendosustiheduse hindamiseks meetod, mis pohineb Bayesi statistikal,
meetodit testitakse vidikese andmekogumiga. Meetodi rakendamisel tidheldati asu-
koha madramatuse mdddukat vihenemist ca 20%. Meetod vihendas ka ruumilise
tiheduse visualiseerimisel ndhtavaid hiirivaid moonutusi.

Kolmandas publikatsioonis esitatakse peatuste ja liikumise episoodide tuvas-
tamise tdiustatud meetod. Meetodis kombineeritakse kahte mudelit — pohiolekute
(paigalseis, iihtlane liikumine, hiipe) vaheldumist kirjeldav Markovi ahel ja liiku-
mise diinaamikat kirjeldav Kalmani filter. Publikatsioon pdhineb varasemal pub-
likatseeritud algoritmil [8]. Kui algne algoritm vaatles sisendit kui diskreetset
siindmuste jada, kus protsessi alusskaalaks on siindmuste jirjekorranumber, siis
tdiustatud meetodis arvestatakse pideva ajaskaalaga, milles siindmused toimuvad.
Niiteks olekuvahetus on seotud moodunud ajavahemikuga, mitte positsioneeri-
missiindmuste arvuga. Seetdttu mudeli parameetrid muutuvad palju sisulisemalt
tolgendatavaks. Tdiustatud meetodit testitakse ka tegelike passiivse mobiilposit-
sioneerimise andmete pohjal. Test niitas episoodide tuvastamise tdpsuse tdusu ca
20%.

Neljandas osas on kirjeldatud vorguplaanis antenni asimuudi atribuutide moo-
nutuse tuvastamise meetod. Meetodi véljatootamise ajendiks oli oletus, et osa
positsioneerimisandmete mittekonsistentsusest tuleneb vorgupaani moonutusest,
kus plaanis on antennid omavahel vahetatud (ingl.k. feederswap) ja seetdttu asi-
muutide viirtused valed. Meetodit testiti tegelike andmete pohjal kahes Eesti piir-
konnas. Test nditas, et meetod on piisavalt tundlik, et leida jamedate asimuudivi-
gadega antennipaarid. Konkreetsetes testandmetes jamedaid asimuudivigu ei tu-
vastatud.

Kokkuvdtteks voib oelda, et t6o kaigus sai katsetatud mitmeid ideid andmek-
valiteedi parandamiseks, eri situatsioonides moni meetod andis tuntava efekti.
Samas universaalset andmete moonutuste mudelit ja universaalset vodrviirtuste
andmetest filtreerimise meetodit ei dnnestunud luua.
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