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08193 Bellaterra, Spain

Correspondence should be addressed to Liang Chen; l.chen@whu.edu.cn

Received 20 May 2018; Accepted 20 May 2018; Published 20 June 2018

Copyright © 2018 Liang Chen et al. !is is an open access article distributed under the Creative Commons Attribution
License, which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is
properly cited.

Geospatial computing involves using computing devices
and sensors to acquire, process, analyze, manage, and
visualize geospatial data. However, the tasks of geospatial
computing systems are computationally demanding in
terms of computation power, data storage capacity, and
memory space. With the recent developments in mobile
computing and sensor technologies, mobile devices are
able to meet the demanding requirements for geospatial
computing. As a consequence, mobile geospatial com-
puting systems (MGCSs) emerge and are developed rap-
idly. Currently, MSCSs have shown their significant
importance in facilitating our daily life in many areas, for
example, personal navigation based on virtual reality,
mobile games based on mixed reality, self-driving car,
unmanned taxi-service, and many location-based services.
It should be noted that among all the functionality within
the MSCSs, the ubiquitous positioning is one of the key
supporting technologies. !e accuracy of the computed
positioning largely affects the quality of service in other
applications related to MSCSs, for example, the mobile
mapping and mobile geographical information systems
(GIS).

In the past decades, a variety of wireless positioning
technologies have been developed, which include GNSS

(Global Navigation Satellite Systems), methods to exploit
signal-of-opportunities, such asWiFi, RFID, cellular LTE/4G,
UWB, WLAN, Bluetooth, digital TV, acoustic/millimeter-
wave/light signals, and the hybrid solutions encompassing
inertial measurement unit, sonar, laser, infrared (IR), mag-
netic field, camera, and so on. However, there are still many
challenges in emerging applications, which need to be solved,
for example, navigation in indoor environments, the security
of the navigation systems to defend against threats, the data
fusion of all source positioning and navigation, and so on. To
resolve such challenges, the sensor-rich and computation
enabling MSCSs may offer new potential.

!e special issue aims to publish the most recent
advances in the usage of the MSCSs to improve the quality
of the ubiquitous positioning, as well as the development
of innovative methods to provide more accurate and
reliable positioning for MSCSs. We received a total of 21
submissions, spanning a range of topics from user loca-
tion, context detection, multisensor-based indoor local-
ization and mapping, human travel behavior studies,
point cloud data-assisted context sensing, to indoor
map assisted localization. After a thorough peer review
process, 9 articles are selected, which are summarized
below.
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!e first article in this special issue entitled “Positioning
Using Terrestrial Multipath Signals and Inertial Sensors”
authored by C. Gentner et al. exploit multipath propagation
for position estimation of mobile receivers. A particle
filtering-based Channel-SLAM is proposed, which fuses
heading information of an inertial measurement unit (IMU)
to improve the position accuracy.

A. J. Lopez et al. in the second article “Assessment of
Smartphone Positioning Data Quality in the Scope of
Citizen Science Contributions” analyze the completeness
aspects of the data quality using GNSS data collected
through smartphones from the campaigns. !e results can
be used in human travel behavior studies.

In the third article, “An Efficient Normalized Rank Based
SVM for Room Level IndoorWiFi Localization with Diverse
Device,” L. Pei et al., study the problem of received signal
strength index (RSSI) variation of different devices in WiFi
fingerprinting-based indoor localization. A normalized
rank-based support vector machine classifier (NR-SVM) is
presented, and the validation of the algorithm has been
tested by using 16 different devices in a shopping mall.

X. Niu et al. in the fourth article, “An Online Solution of
LiDAR Scan Matching Aided Inertial Navigation System for
Indoor Mobile Mapping” present online navigation algo-
rithm for indoor mobile mapping with LiDAR and IMU
integrated unmanned ground vehicle (UGV) system.

!e fifth article, entitled “Semantic Labeling of User
Location Context Based on Phone Usage Features” authored
by H. Leppäkoski et al. proposes a machine learning-based
method to detect the user’s home, work, and other visited
places by utilizing mobile phone usage features.

!e sixth article considers incorporating map constraints
into localization algorithms with the aim to reduce the un-
certainty of walking trajectories and enhance location accu-
racy. J. Hobby and M. Dashti propose a method to generate
indoor maps from CAD floor plans and an adapted map-
filtering algorithm for indoor navigation. More details can be
found in “A Method to Incorporate Floor Plan Constraints
into Indoor Location Tracking: A Voronoi Approach.”

!e seventh article entitled “Ubiquitous and Seamless
Localization: Fusing GNSS Pseudoranges and WLAN Signal
Strengths” authored by P. Richter and M. Toledano-Ayala
presents seamless positioning based on a particle filter tightly
integrated GNSS pseudoranges and WLAN received signal
strength indicators (RSSIs).

K. Liu et al. in the eighth article, entitled “An Analysis of
Impact Factors for Positioning Performance in WLAN Fin-
gerprinting Systems using Ishikawa Diagrams and a Simula-
tion Platform” consider the impact factors on the positioning
accuracy during the procedure of the indoor RSSI fingerprint
localization. !e factors include, for example, the access
points (AP) density, signal propagating attenuation factor,
and the reference points (RPs) density etc.

Finally, Y. Chen et al. in the ninth paper, entitled
“Feasibility Study of Using Mobile Laser Scanning Point
Cloud Data for GNSS Line of Sight Analysis” detect the line
of sight condition by usingmobile laser scanning point cloud
in the urban canyon scenarios to enhance the position
accuracy.

Our guest editorial team would like to thank all the
authors and reviewers for their contribution to this special
issue.

Liang Chen
Olivier Julien

Elena-Simona Lohan
Gonzalo Seco-Granados

Ruizhi Chen
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Indoor localization has attracted a lot of research e0ort in recent years due to the explosion of indoor location-based service (LBS)
applications. Incorporating map constraints into localization algorithms reduces the uncertainty of walking trajectories and
enhances location accuracy. Suitable maps for computer-aided localization algorithms are not readily available, and hence most
researchers working on localization solutions manually create maps for their speci8c localization scenarios. )is paper presents
a method of generating indoor maps suitable for localization algorithms from CAD 9oor plans. Our solution is scalable for mass-
market LBS deployment. We also propose an adapted map-8ltering algorithm that utilizes map information extracted from CAD
9oor plans. We evaluate the performance of our solution via real-world Wi-Fi RF measurements.

1. Introduction

Accurate and robust indoor localization is a key enabler for
numerous emergency and commercial services. Some ex-
amples of indoor location-based services (LBS) are as follows
[1]: locate people on a map and navigate them to their
destinations in shopping malls, airports, hospitals, and
museums; recommend nearest business or services such as
ATMs, retail stores, restaurants, and social events; produce
location-based advertising; 8nd and track stolen or lost
objects; and monitor human activities. When displaying
localization and tracking results, it is natural to superimpose
the coordinates on the building 9oor plan, as an absolute
location value is not of much use without its relation to the
surrounding area map. In indoor LBS applications, the lo-
cation data are visualized on a user-friendly building map
displayed on the user device’s screen. Besides the requirement
of maps for location data visualization, map information can
be utilized to enhance location accuracy and reduce un-
certainty of walking trajectories.

Many indoor localization and tracking algorithms rely to
a certain extent on map-based 8ltering methods to bound
drift and noise-induced errors. )ese algorithms are most

commonly based on particle 8lters [2].)e basic idea is fairly
straightforward: the user’s trajectory is described by a set of
particles. )e particle distribution models the measured
trajectory as well as errors of the measurement systems [3].
Particles are not allowed to move to positions that violate the
map constraints. For example, particles are not allowed to
cross directly through walls. Particles that transit through
such obstacles are down weighted or resampled [4].

Di0erent ways of dealing with 9oor plan information are
presented in the literature. In [5], particles crossing walls are
eliminated by using a bitmap-based map matching algo-
rithm. )e state of the system and consequently the state of
each particle consists of two pixel coordinates x and y on
a bitmap. When the path of a particle (implemented as line
painting on the bitmap) includes a nonwhite pixel, a colli-
sion with an obstacle has occurred and the weight of the
particle is set to zero. Note that this requires a white rep-
resentation of walkable space on the bitmap which includes,
for example, the removal of doors or room names possibly
depicted on the bitmap. In [6], the particle 8lter builds on
a mixed graph/free space representation of indoor envi-
ronments. While hallways, stair cases, and elevators are
represented by edges in a graph, areas such as rooms are
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represented by bounded polygons. Using this representation,
both constrained motion such as moving down a hallway or
going upstairs and less-constrainedmotion through rooms and
open spaces aremodeled. In [7], the authors assume that a 9oor
plan is a set of walls, each described by the coordinates of the
end points of the wall. Doors are modeled as gaps in the walls.

Generally speaking, the maps are basically drawings for
human consumption, and they present some diJculties
when used for algorithmic analysis. And, therefore, most
researchers working on localization solutions manually
create the required maps for their speci8c testing scenarios.
While this approach is valid to test the performance of map-
8ltering algorithms, it cannot be scaled for high-volume
commercial LBS applications.

As stated above and also argued in [3, 8], the re-
quirements for the maps used for visualization and location
estimation di0er [8]. )e lack of maps that are suitable for
both, visualization and map-based 8ltering, is one of the
main challenges for the mass-market deployment of indoor
positioning systems. )e building 9oor plan maps are
commonly designed using computer-aided design (CAD)
commercial software applications. Hence we aim at con-
verting the 9oor plan CAD 8le in a format which is suitable
as an input to themap-8ltering algorithms. To the best of our
knowledge, the only work that talks about this important
problem is [3]. )e authors present a parser that analyses
standard CAD 8les to extract topological map information.
)is information is used to create an object-based map
optimized for localization and tracking applications.

)is paper presents a scalable method of generating
indoor maps suitable for localization algorithms from CAD
data. We discuss how to handle interior walls when using
indoor tracking to locate smart phones or other devices
based on technologies such as Wi-Fi signal strength. While
we address the issues discussed in [3] with a new method,
our focus is more on the need to get room polygons, which
leads to planar subdivisions and the need to locate “doorway
features.” )ese are relatively narrow openings that should
be treated like doorways. Another issue not discussed in [3]
is that the building description contains more detail than is
needed for tracking. We tried simpli8cation strategies based
on replacing polygonal lines that are well approximated by
a single straight line segment. )is speeds up the tracking
algorithm with no signi8cant e0ect on accuracy. We analyze
the performance of our proposed algorithms using real-
world RF 8ngerprint measurement data.

)e remainder of this paper is structured as follows: in
Section 2, we describe how to extract walls and room polygons’
information from a 9oor plan CAD 8le. Section 3 describes our
proposed tracking algorithm which incorporates 9oor plan
constraints. Section 4 illustrates the tracking results using real-
world Wi-Fi RF measurements taken in an enterprise building
in Dublin. Section 5 concludes the paper.

2. Finding Walls and Room Polygons

)ere are at least two reasons for the location-8nding al-
gorithm itself to consider the 9oor plan and interior walls:

(1) Since people cannot walk through walls, it seems
desirable for the tracking algorithm to forbid such
trajectories.

(2) Depending on materials used, carrier frequency, and
angle of incidence, walls tend to re9ect a portion of
the signal. Hence the tracking algorithm should
expect walls to cause discontinuous changes in
signal strength.

For Reason 2, it may suJce to have a set of line segments
that the device being tracked is forbidden to cross. We
extracted the line segments coordinates from our test bed
building CAD 9oor plan and created an edge list #le.
However, Reason 2 suggests a dividing the building interior
into a set of disjoint polygons, where some of the edges are
designated as “doors” (in general, any part of a room
boundary that the tracked device may pass through). We
recorded the room polygons information into a room
polygon #le. In this section, we present in detail how to
handle walls and room polygons.

Suppose the building 9oor plan is available in some
machine-readable form (e.g., AutoCad®), and it is composed
of objects such as “line,” “polyline,” “circular arc,” and “text.”
Furthermore, it is divided into layers, and some layers may
have multiple instances of “blocks.” For example, the
“furniture” layer may have “chair” blocks, where all chair
blocks are aJne transformations of each other.

)e 9oor plans are basically drawings for human con-
sumption, and they present some diJculties when used for
algorithmic analysis. We have data for one 9oor of
a 139 × 101 meter building in Dublin, Ireland. Our sample
data had the following problems:

(1) Walls needed for room-based analysis are not on
clearly de8ned layers; for example, some room di-
viders are in the furniture layer.

(i) It helps to look at object names and block names
as well as layer names.

(ii) Objects named “Hatch” and blocks named
“Door” are not walls.

(2) Heuristic tests are necessary to recognize features
such as swinging doors and partitions in the fur-
niture layer.

(i) Instead of looking at rectangle aspect ratio, it is
safer to compare the perimeter P to the square
root of the enclosed area A. For instance,
P/

��
A

√
> 20/3 implies a rectangle aspect ratio > 9,

and it is meaningful for nonrectangles.

(3) Features such as door jambs and window frames
provide numerous instances where di0erent objects
should share common x or y coordinates.)ese often
do not match exactly.

(i) Errors of this type are typically between 0.3mm
and 1mm.

)e object is to construct a set of polygons that accu-
rately re9ect the dimensions of the building (and its interior
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walls) and show how it is possible to move from room to
room.More precisely, we need a planar subdivision. A planar
subdivision has vertices, edges, and faces, and the edges that
meet at a common vertex are sorted by angle modulo 360
degrees. Furthermore, two faces meet at each edge, and it is
possible to walk through the data structure in order to 8nd
the sequence of edges that describe any given face as
a polygon [9]. For our application, the edges are polygonal
lines, and certain segments aremarked as doors (meaning that
the tracking algorithm assumes its target can pass through).

Section 2.1 brie9y outlines the heuristics for deciding
which parts of the building description are walls and
doorways. )en Section 2.2 explains how to convert the wall
segments into a planar subdivision that de8nes rooms. Fi-
nally, Section 2.3 explains how to recognize places where
doorway segments should be inserted so as to prevent large
complicated regions from being erroneously treated as one
room.)is can be diJcult to automate, so we also allow door
segments to be added manually.

)e generation of indoor maps from CAD data in the
face of Problems 1-2 has been studied before in [3].
However, we focus more strongly on the need to get room
polygons, and this leads to planar subdivisions (Section 2.2)
and the door segment insertion problem (Section 2.3).

2.1. Heuristics for IdentifyingWalls. Heuristics are needed to
recognize walls and doorways in the building description. To
the extent that these could vary from one building to the
next, the implementation needs to be as table-driven as
possible; that is, customizing it to a new building should
require new parameter values, not new algorithms. Although

our sample data have “Door” blocks, only a small fraction of
the doors are identi8ed this way. Hence we have a Boolean
expression for whether an object is worth keeping, and this is
followed by logic that identi8es doors. )e door logic is
controlled by numeric parameters as shown in Table 1.

In the tabular form of the Boolean decision, one table
gives (layer name and decision index) pairs, and there are
other such tables for object names and block names. )e
Boolean expression for whether to keep an object or treat it
as junk is determined by another table where each node has
a query value q for one of the decision indices as well as
“instructions” for ≤ q and > q. Each such “instruction” is
either the index for another node in the table or a 8nal
decision (“Keep it,” “Junk,” or “Keep it if beyondMaybeAspect”).
)e main table has 6 of these nodes, and the table that gives
decision indices for layer names considers 6 layer names and
produces decision indices 0, 1, or 2.

Figure 1 exempli8es the input to the door-recognizing
heuristics. )e primary indication for the presence of a door
is an elongated rectangle with a circular arc nearby. It is
necessary to eliminate the picture of the swinging door and
insert a segment marked “Door” that corresponds to the
door in the closed position. Figure 1(a) has two horizontal
lines that are near the desired closed-door segment. )ere
are parameters in Table 1 that determine how to recognize
such door jamb segments so that they can be removed.

2.2. Building a Planar Subdivision. )e reason for wanting
a planar subdivision is to have a complete set of room
polygons with clearly de8ned geometry, where we can easily
identify the two rooms connected by each doorway. Since

Table 1: Parameters that control the door recognizer.

Parameter Value Explanation
AuxDoorLim 1 4th power of maximum-allowed aux door jamb error versus door length
MaybeAspect 8 Polyline furniture beyond this aspect ratio is a partition
DoorHrange 80 Swinging parts of a door must have handles in this interval
DoorH1range 5 Door rectangle sides must have handles in this interval
DJamAspect 0.75 Width versus length for excluded door jamb rectangle
DoorMinArc Pi/4 Minimum angle subtended by a door arc
DoorMaxArc 7∗Pi/12 Maximum angle subtended by a door arc
DoorAspect 6 Minimum aspect ratio for a door rectangle
DoorWdErrFrac 0.2 Maximum door rectangle width error versus widest width
DoorWdErrvsL 0.03 Maximum door rectangle width error as fraction of length
DoorO0vsWd 0.2 Maximum door end squareness error distance versus widest width
DoorO0vsL 0.03 Maximum door end squareness error distance versus length
Bool Door1lineOK True May a door have one line rather than 2 parallel lines?
DoorShortArcvsL 0.15 Tolerance for door arc short of latch versus door length
DoorPastArcvsL 0.20 Tolerance for door arc past latch versus door length
DoorShortArcMin 0.01 Minimum of both tolerance for door arc short of latch versus door length
DoorPastArcMin 0.05 Minimum of both tolerance for door arc past latch versus door length
DoorMis8tArc 0.03 Fraction of door length by which door latch may mis8t arc
DoorArcO0Ctr 0.05 Fraction of door length for hinge versus arc center-squared error
DoorMinO0Ctr 0.026 Minimum door length fractions for hinge versus squared arc center error
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the data structure from [9] is well known, we need to only
explain how to obtain a good set of wall and door segments.

We start by approximating ellipses, circular arcs, and
splines by polygonal lines. )en we 8nd all segment in-
tersections and insert explicit intersection points using snap
rounding as explained in [10]. )ere is also a need to be no
overlapping segments, but having all intersections explicit
makes it trivial to 8nd them and remove duplicates.

It should be noted that buildings often allow one to walk
from one room to another without encountering a swinging
door. It is necessary to add door segments to the data
structure in order to prevent large complicated regions from
being erroneously treated as single rooms. Section 2.3 will
explain how to do this. We perform this step immediately
after replacing swinging doors by door segments.

We now have everything that is needed in order to
construct a planar subdivision, but Figure 1 suggests a problem.
Since walls are drawn with two parallel lines (and sometimes
additional internal details), the planar subdivision will have
a large number of faces that correspond interiors of walls. We
simply need to postprocess the planar subdivision so that the
remaining faces are actual rooms.

In order to distinguish room polygons from polygons
that are just within walls, we use 2A/P as a generalized
notion of average width, where A is the polygon area and P is
the perimeter. We simply reject rooms for which 2A/P<D0,
where D0 is the minimum door size. To compute the
minimum door size, we use the heuristics from Section 2.1 to
8nd as many doors as possible, then compute the length of
each door segment and 8nd the 5th percentile.

2.3. Voronoi Diagrams for Doorway Features. )e door-
8nding heuristics from Section 2.1 eliminate most of the
swinging door pictures and replace them with doorway
segments. Figure 2(a) shows a portion of the result.)e large
room in the middle has a doorway but no swinging door, so

no door segment was inserted. Jagged line a shows where the
segment should be, and jagged lines b, c, andd show where
more door segments are desirable.

)e places with missing doorways are quite similar to the
“stroke-like features” from [11]. As in that paper, the process
of 8nding such features is based on the Voronoi diagram for
line segments. )e intuitive idea is that such a diagram 8nds
centers of hallways but generalizes the notion of hallway
width so that missing doorways appear as places of con-
stricted width.

Given a collection of line segments, we can divide the
surrounding space into regions based on which the line
segment is closest.)e borders of such regions are composed
of straight lines and portions of parabolas. Any point P on
the boundary between two of these Voronoi regions is
equidistant from two input segments. Suppose QL and QR
are the points where those segments most closely approach
P. An important idea from [11] is that the opposition angle
QLPQR can be used to prune the Voronoi diagram. )e
portions of the Voronoi diagram where the opposition angle
is close to 180° are the “generalized hallways,” and the
“generalized hallway width” is the Euclidean distance from P
to QL or QR (it does not matter which).

)rowing away portions of the Voronoi diagram where
the opposition angle is <146° produces curvilinear paths that
track the centers of hallways as well as the centers of walls
and also the missing doorway features that we are looking
for. )is is how we generated the lines that were added to
Figure 2(a) in order to generate Figure 2(b). As long as the
threshold is >120°, it is impossible for three or more of the
pruned Voronoi segments to meet. Hence the pruned
Voronoi is composed of curvilinear paths for which the
opposition angle is a function of distance along the path.

Figure 3 suggests how to use the pruned Voronoi paths
to recognize openings where door segments are needed.
When a Voronoi path goes through a doorway-type opening,
the opposition angle increases and then decreases. We can
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Figure 1: Typical door drawings that must be recognized by the heuristics. Approximating circular arcs by polygonal lines is artifact from
the software used to create this 8gure. )e horizontal scale is in meters, and the vertical scale is similar (but indicated in millimeters).
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also look at the distance from any point on the Voronoi
path to its QL and QR points. De8ne the local hallway width
to be twice this distance. It decreases when going from P0 to
P1, then it starts increasing and reaches 1.166 times its
former value at P2. )is temporary decrease in the local
corridor width is a good indication that a doorway segment
is needed.

More precisely, the requirement for inserting a doorway
at Voronoi path point P1 is that the opposition angle there is
>157° and

W Pi( −W P1( > 0.24 ·
�����������������

4 Pi −P1
����

����
2
+W P1( 

2


for i � 0, 2,
(1)

where W(·) denotes the local corridor width and P0 and P2
are the points on the pruned Voronoi path where the tem-
porary dip in the local corridor width begins and ends.

If the pruned Voronoi path is much shorter than the
local corridor width (as it is at the entrance of the large room
in Figure 2(b)), this is probably a defect in the Voronoi
implementation. Algorithms for the line segment Voronoi
diagram are famously diJcult to implement reliably, so it is
wise to be prepared for such defects. In [12], Held discusses
these implementation problems and gives good techniques
for minimizing them.

We avoided Held’s implementation due to concerns
about restrictions against commercial use. )e alternative is
beyond the scope of this paper—it is a more brute-force
approach that asks for a many carefully chosen points (x, y)
“which segment’s Voronoi region does (x, y) belong to?” In
particular, we cope with defects such as the short path in
Figure 2(b) by performing “which segment is closest to
(x, y)?” tests for points (x, y) beyond the ends of the
truncated path. )is tells what the local corridor width
would be at these (x, y) points so that these points can be
used as the P0 and P2 points in (1).

3. A Combined Tracking

Although some of the ideas discussed in this paper could
apply to a variety of tracking technologies, we focus on RSSI
measurements (radio signal strength) for various Wi-Fi
access points. For various known locations in the build-
ing, a “8ngerprint database” provides expected values for
a signal-strength vector that gives RSSI versus MAC address
for each access point. )e dimensionality of the signal-
strength vector may be fairly high, for example, 50.

)e design goal for the tracking algorithm is to retain the
advantages of Kalman 8lter tracking, while adding room-
based analysis. Hence, there is a two-part implementation:

(i) )e Kalman 8lter algorithm (implemented in C++)
with minor modi8cations to facilitate multiple
copies of the algorithm running on various alter-
native rooms

(ii) A supervisor that takes the particles from the
Kalman 8lter and infers likelihoods for the questions
“Is it in this room?” and “Is it near a door?”

P2

P1

P0

Figure 3: )e typical behavior of the pruned line segment Voronoi for
a missing doorway opening. )e opposition angle increases from 120° to
180° as you go from P0 to P1, then it drops to 120° at P2. )e distances
from the path to the doorway are 1.166 times as high atP0 andP2 as atP1.
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Figure 2: (a) A portion of the building after using heuristics to replace swinging doors with door segments. )e zigzag lines a, b, c, and
d show where more door segments are needed. (b))e result of adding portions of the line segment Voronoi diagram where the opposition
angle is <146°.
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Section 3.1 brie9y outlines the fundamentals of the
Kalman 8lter algorithm and explains how to use smoothed
8ngerprintmeasurement data.)eGaussian process smoothing
is just one possible source of smoothed data. )e approach is
general enough to handle any source of RSSImeasurements and
uncertainty estimates.

Section 3.2 explains how a re8ned mesh based on
Delaunay triangulations can reduce some of the noise in the
RSSI values for 8ngerprint points, while estimating which
data points have the most uncertainty.)is avoids theO(n3)
behavior of the Gaussian process smoothing and takes walls
into account. A wall between two 8ngerprint database points
makes it more reasonable for their RSSI values to di0er.

Section 3.3 describes the modi8cations to make the
Kalman 8lter tracking work well with multiple rooms. Some
computations are done on a per-room basis, and particle
weights are not normalized separately for each room.

Section 3.4 describes the room chooser and how it in-
terfaces to the Kalman 8lter algorithm. For the purposes of the
following high-level algorithm description, its primary output
is a set of alternative rooms with probabilities for each:

(1) Re8ne the 8ngerprint data as explained in Section
3.2. )is is Algorithm 1.

(2) Initialize the set of rooms to all possible rooms with
equal probabilities for each.

(3) Perform a room-based Kalman 8lter step as explained
in Section 3.3.

(4) Use Algorithm 2 from Section 3.4 to update the set of
rooms and the probability of being in each room. If
not all done, go back to Step (3).

3.1. A Priori Probabilities for Kalman Filter Tracking. )e
object being tracked has various possible trajectories, and we
use a set of particles to represent the distribution of these
trajectories. Each particle has a position, a velocity, and
a weight that represents the relative likelihood for that
trajectory. At each time step, we need a quick way to
compute a probability for each particle based on how well
the observed RSSI values 8t the 8ngerprint data for the
particle’s position. Call this the a priori particle probability.
)e fundamental idea behind Kalman 8lter tracking is
multiplying this probability into the particle weight and
renormalizing the particle weights at each time step. Ran-
dom Gaussian perturbations to the particle accelerations
ensure that the particle cloud covers the entire distribution
of possible trajectories.

Let the 8ngerprint database be

D � L1, R1( , L2, R2( , . . . , Ln, Rn(  , (2)

where each Rj is an RSSI vector and Lj is the corresponding
location in the building and the Lj’s are all di0erent. We
need to be able to use D to compute an a priori particle
probability for any location L and any measured RSSI vector
S � s1, s2, . . . , sk. In other words, we need to select or in-
terpolate from D an RSSI vector R � r1, r2, . . . , rk that is
appropriate for L, and we need a vector E � e1, e2, . . . , ek of

uncertainty estimates. Treating the components of E as
standard deviations gives

∑
k

i�1

ri − si
ei

 

2

. (3)

)en the appropriate way to convert a result s for this sum
of squared relative errors into a probability is to use e−s/2.

A common way to extend such a 8ngerprint database D
to more (x, y) locations is via Gaussian process (GP)
smoothing. Ferris et al. explained GP in the context of RSSI-
based tracking [6]. For our purposes, the key feature of GP is
that it can extend (2) to

D � L1, R1, E1( , L2, R2, E2( , . . . , Lm, Rm, Em(  , (4)

where the locations Lj can be chosen to facilitate tracking
and each RSSI vector Rj is accompanied by a vector of
uncertainties Ej.

For instance, the Lj points may be chosen so that they
de8ne a regular triangular mesh: tile the building with
equilateral triangles and use their vertices as the points Lj in
(2). In order to evaluate (3) at a point L, just compute its
barycentric coordinates in its equilateral. Suppose
L � αLj1 + βLj2 + cLj3, where α, β, and c add up to 1 and are
all nonnegative. )en we can use

R � αRj1 + βRj2 + cRj3,

E � αEj1 + βEj2 + cEj3,
(5)

in (3).
It is worth noting that any distribution of locations Lj in

(4) can be used to computing a priori particle probabilities.
Each RSSI component (in dB) is a piecewise-linear function
of (x, y) if we proceed as follows:

(1) Triangulate the set of locations as well as possible,
that is, compute the Delaunay triangulation

(2) Use a data structure that allows rapid identi8cation
of the containing triangle for any particle location L

(3) Use L’s barycentric coordinates in (5) to get R and E
for (3)

Unlike the Voronoi diagram for line segments of Section
2.3, Delaunay triangulations of point sets are easy to
compute reliably. We used Fortune’s implementation of his
own algorithm [13] for Step (1).

For Step (2), we used slab decomposition [14] because it
is simple and allows fast O(logn) searches. Its O(n2) space
preprocessing time costs can be avoided by more compli-
cated methods, but we found this unnecessary.

3.2. Smoother Fingerprint Data on a Re#ned Mesh. A major
drawback of the Gaussian process approach is that deriving (4)
from (2) is very expensive in terms of processing time (O(mn3)
if implemented in the most straightforward manner). Fur-
thermore, it does not allow for any RSSI discontinuities due to
interior walls even though radio propagation models generally
treat such walls as partly re9ective. See the study by Fortune
et al. [15] for a discussion of indoor radio propagation.
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As noted in Section 3.1, a priori particle probabilities
can be computed directly from the 8ngerprint databaseD
if we provide uncertainty vectors Ej (perhaps with all
entries defaulted to some common value). Figure 4(a)
hints at what is wrong with this approach: even with
a Delaunay triangulation, many of the triangles are too big
and elongated.

)e piecewise-linear interpolation is too unsophisti-
cated to be used directly on the large triangles of Figure 4
(a), so we need rules for re8ning them. )ese rules
that contain heuristic parameters (H with various sub-
scripts) whose values will be discussed in Section 4 are as
follows:

(1) Each Delaunay triangle’s circumscribing circle must
have a radius ≤Ht.

(2) No edge in the Delaunay triangulation may cross
a wall at more than distance He from a wall.

Rule 1 is a natural way to keep the triangles from getting
too big because the Delaunay construction guarantees that
the circumscribing circle is empty; that is, no vertex of any
triangle is strictly within the circle. Rule 2 is needed in order
to assign RSSI values to the re8ned mesh in a manner that
takes walls into account. Figure 4(b) shows a re8nement that
is based on these rules.

Algorithm 1 achieves this re8nement by enforcing the
two rules. It starts with n measurement point locations Lj �
Lj that are retained in the re8ned 8ngerprint database.)ese
j≤ n have measured RSSI vectors Rj that are ultimately
replaced by adjusted vectors Rj. New vertices Lj with j> n

are added until we reach some totalm> n. )e adjusted Rj’s
and the Rj’s for the added vertices are obtained later by
solving systems of linear equations in Step (7).

Algorithm 1. The 8ngerprint database re8nement algo-
rithm—use D to compute D.

(1) Initialize m←n, Li←Li, and Ri←Ri for i≤ n. m will
increase as more points are added. )e relation Li �
Li is invariant for all i≤ n, but R1, R2, . . . , Rn will
change. )ese changes correct R1, R2, . . . , Rn to be
more consistent with their neighbors.

(2) Add Lj’s for all the vertices of each room polygon.
Sort them by x coordinate, 8nd pairs that are within
∞-norm distanceHt, and retain only one Lj for each
such pair.

(3) Find the Delaunay triangulation of all the Lj’s.
(4) Find the circumscribing circle for each Delaunay

triangle and add a new Lj for the center of each circle
whose radius exceeds ≤Ht.

(5) Add new Lj’s where Delaunay edges cross walls as
required by Rule 2.

(6) Go back to Step (3) if any Lj’s were added in Steps (4)
and (5).

(7) For each access point, solve a sparse linear system
whose m unknowns are that the access point’s
component in the R1, R2, . . .Rm vectors. )e system
sets each Rj to a weighted average of Rj′ ’s for its
Delaunay neighbors with weights as explained near
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Figure 4: (a) )e Delaunay triangulation of the unre8ned 8ngerprint database locations with coordinates in meters; (b) a re8ned version,
also Delaunay triangulated, with bold dots at the locations that are also (a) vertices.
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the end of Section 3.2. If j≤ n, the Rj counts as
a neighbor of Rj.

(8) For j � 1, 2, . . . , m, set each component of Ej
to

������������������������

H2
c + (Hsd(j))

2 + (Hve(j))
2



where d(j) is the
distance from Lj to the closest L1, L2, . . . , Ln point
and e(j) is the Ri −Ri for that closest point.

)e weights for averaging neighboring RSSI values in
Step (7) are basically 1/d where d is the distance from Lj to
the neighboring vertex. If the neighbor is in a di0erent room,
the weight is 1/(d +Hp). If j≤ n and we are treating the Rj
measurements as a neighbor of the adjusted values Rj, the
weight is 1/Hm.

For Step (8), the closest measurement point to a vertex
location Lj is found via a breadth-8rst search that addsHp to
the length of any Delaunay edge that crosses from one room
to another. If it is convenient to 8nd (say) the closest 4
measurement points Li1, . . . , Li+4, then e(j) might be
modi8ed to return a weighted average of Ri1 −Ri1 through
Ri4 −Ri4 with the weights based on inverse distance.

3.3. Kalman Filter Tracking for Multiple Rooms. Recall that
Kalman 8lter tracking multiplies each particle weight by its
a priori particle probability (as explained in Section 3.1), and
the total weight is renormalized at each time step.

It seems safe to assume that if we know what room to look
in, the tracking problem should be easier. )is leads to a mul-
tiple-room version of the Kalman 8lter tracking where each
particle is constrained to a speci8c room and the renormali-
zation of total particle weight at each time step is done once for
all rooms, not separately for each roombeing considered.Hence,
the total particle weight in a given room is a likelihood estimate
for whether the tracked object is in the room:

(i) Each particle has a location Pi, a velocity vector Vi,
a weight wi, and a room number ri.

(ii) )e e0ective particle count (∑wi)
2/∑w2

i de-
termines whether particles need to be regenerated,
but this decision is made separately for each room.
)e room’s total particle weight is preserved.

(iii) )ere is a linked list of particles for each active
room, and they are freed when the room chooser
deselects a room.

3.4. Using Room and Doorway Scores to Supervise Multiroom
Tracking. )e input to the room chooser is a set of particles:
the results from Kalman 8lter tracking at the last time step.
)e output is a list of room numbers for the next time step,
with a suggested location and total particle weight for each
selected room.)e locations and weights are to be used if the
Kalman 8lter tracker has no suitable left-over information
about the room.

)e room chooser also needs private data structures to
record recent results that are needed for future decisions. For
some 8xed maximum number of prior time steps such as
Nhist � 16, each room has scores ts[ ] and a similar array of
doorway scores for each door that estimates, for each time
step, the conditional probability of being near the door if in
the room. Each room also has a “centroid location” for each
time step in case the Kalman 8lter needs to reinitialize for
that room and has no existing particles on which to base
a position.

)e algorithm that uses these data structures for room
choosing at one time step involves linear regression.
)e doorway scores depend on per-room positions that
are obtained by averaging particle Pi positions separately
for each room. Each doorway score is computed as
follows:

(1) Apply linear regression to the distance from the
doorway, obtaining a distance estimate for the
current time step

(2) Compute a position uncertainty based on the room’s
variance of Pi positions with added terms pro-
portional to the room dimensions

(3) Use e−ρ2 where ρ is the ratio of distance to un-
certainty, but multiply by a term that considers the
speed of approach toward the door

Table 2 shows how some of the doorway scores vary as
a function of the time step along the “Dublin 87pts forward”
test track. All the scores are functions of time, and it is
natural to smooth them by applying linear (or logistic)
regression. )is is trivial because there is a single in-
dependent variable. For logistic regression, we transform the
probabilities via y � ln(p/(1−p)) then use p � ey/(1 + ey)
to convert the resulting y into a probability. )e room
choosing algorithm (Algorithm 2) uses (logistic) regression
and an array z[ ] of room weights.

Table 2: Room and doorway scores for one of the room transitions on the “Dublin 87pts forward” track.

Room 39 Door 39→ 35 Door 39→ 70 Door 39→ 19 Room 70
0.9945 4 × 10−141 0.06177 0.08559 0
1 4×10−19 5 × 10−09 9 × 10−06 9 × 10−09

0.9820 3 × 10−12 0.00099 0.0080 0
0.9998 9 × 10−45 0.3088 0.3564 0.00017
0.00134 2 × 10−51 0.9666 0.518976 0.9987
6 × 10−15 6 × 10−50 0.7975 0.04788 1
2 × 10−32 0 0 0 1
Each row is one time step (many seconds since the tester repeatedly stopped to gather data).
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Algorithm 2. The room choosing algorithm.

(1) Compute doorway scores as explained above and use
regression to compute a weight z[r] for each room r.

(2) For each doorway, use regression to compute
a doorway score sro for each doorway from a room
“r” to another room “o.”

(3) For each doorway score, assign z[o] � z[o] + sroz[r]
×(1− z[o]). )is multiplies 1− z[o] by 1− sroz[r].

(4) Let z be the sum of all room weights z[r].
(5) Sort rooms by descending z[r] and select up to

10 of the high-weight rooms, stopping early if
necessary to exclude rooms with z[r]< z/104. (Of
course, 10 and 104 could be replaced by other
constants.)

4. Results

All tests were based on a 8ngerprint database of 317 locations
in the Dublin building as shown in Figure 4(a).Measurements
at each location included RSSI values for 51 access points,
some of which had multiple MAC addresses. Measurements
at each location were repeated 5 times at approximately 1
second intervals so that each RSSI value in the database is the
average of at least 5 measurements.

Figure 5 shows how the Dublin building is divided into
room polygons )ere were two test tracks: “Dublin 87pts
forward” passes through rooms 45, 35, 16, 35, 39, 70, 8, 107, 8,

76, 88, 24, 124, 81, 24, 33, 24, and 68 and “Dublin 85pts reverse”
passes through rooms 81, 68, 24, 112, 24, 85, 88, 76, 87, 104, 86,
14, 7, 8, 108, 8, 111, 8, and 37. )e test tracks also had 5
measurements per position; that is, the test subject stopped 87
times to take measurements and recorded the ground truth
location. )e building actually has a fairly open 9oor plan, so
many of the room boundaries in Figure 5 are partial partitions
or places where hallways have 90° bends; for example, rooms
45, 35, 39, and 70 in Figure 5 are all one hallway.

)e ground truth locations for the test tracks came close
to convex hull of the 8ngerprint database locations, so it was
essential to have a reasonable idea of what the RSSI values
should do beyond the convex hull. Simply extrapolating
based on Figure 4(b)’s outermost Delaunay triangles is not
adequate. We solved this problem by augmenting the 8n-
gerprint database with four arti8cial data points, one at just
outside each corner of the building.)e arti8cial points have
a common RSSI value Hq for each Wi-Fi access point being
measured.

We used “Dublin 87pts forward” track to optimize Hq

and the Hc, Hm, Hs, Hv, Hp, Ht, and He parameters from
Section 3.2. Since the Hq parameter belongs to the tracking
program which is considerably faster than the 8ngerprint
re8nement algorithm of Section 3.2, we tried 11 values ofHq

for each run of the re8nement algorithm. We give this 7-
dimensional optimization problem to a Nelder-Mead op-
timizer, and after 588 evaluations, it selected the values in
Table 3. )e table includes Hq which was hidden from
Nelder-Mead and tested exhaustively as explained above (see
[15, 16] for a discussion of Nelder-Mead optimization).

Figure 5: )e relevant half of the Dublin building with room polygons shaded to provide a contrast between adjacent rooms. Smaller
numbers 1, . . . , 87 show the “Dublin 87pts forward” track. (“Dublin 85pts reverse” covers almost the same locations, but in the reverse
order.)
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One more heuristic parameterHf was set based on early
test runs. )is relates to the formula e−s/2 for converting the
sum s from (3) into an a priori particle probability. To make
the probabilities less wild, the actual formula was e−sHf/2,
where Hf � 0.45.

Table 4 shows tracking accuracy for the test tracks.
Results depend strongly on Hq, probably because the arti-
8cial corner points do not give a very good idea of what RSSI
values to expect outside the bounding box of the 8ngerprint
database locations. )e “Dublin 36pts reverse” track is the
last part of the “Dublin 85pts reverse” track. It was in-
troduced to show that performance can be close to the 3.43
meter optimized value when similar heuristic parameters are
used for a di0erent test track.

5. Conclusions

A big part of room-based tracking is simply 8nding the room
polygons and constructing a planar subdivision along with the
doorways that tell how it is possible to move from room to
room. We have seen how the existing approach of extracting
walls and doors from CAD drawings can be extended to
construct planar subdivisions. )e line segment Voronoi di-
agram is a critical tool for recognizing places where additional
doors have to be added. Even if the CAD drawing yields perfect
information about doors, the additional doors are needed in
order to prevent room polygons from excessively getting large
and complicated.

)is speci8c strategy of running Kalman 8lters in sep-
arate rooms is just one of many possible ways to use a room-
based planar subdivision. )e scheme needs more testing
and various engineering improvements to make it more
reliable. )e reason for retaining multiple guesses as to

which room is current is to avoid situations where a wrong
choice of starting room cascades to later time steps due to
doorway constraints that do not allow travel to the correct
room. )e results in Section 4 suggest a need for more ways
to recover from a bad initial room. Perhaps there should be
a restart mechanism.

Another problem that is apparent from Section 4 is that
no one value of the corner point RSSI parameter Hq works
well in all cases. It is a nontrivial problem to cope with cases
where the test track nearly exits the convex hull of the
8ngerprint measurement locations. )e RSSI values at the
arti8cial corner points could be set more intelligently by
looking at the 8ngerprint data near the edge of the convex
hull and making separate decisions about each access point.
Another option would be to compute the distance to the
convex hull and decrease 8ngerprint RSSI values by some
appropriate function of distance. Perhaps the best approach
would be to have Section 3.2 solve the problem by extending
the re8ned mesh further outward and adjusting the linear
system in Step (7) of Algorithm 1 to handle the extrapolation
in some intelligent manner.

Ideally, the measurement points in the 8ngerprint da-
tabase should extend far enough beyond the test track so that
we do not need a priori particle probabilities beyond the convex
hull of themeasurement points. Of course it would help to have
more 8ngerprint measurement points, but there are strong
incentives to reduce the work required to gather and update
such data. Indeed, the purpose of Section 3.2 (or Gaussian
process smoothing) is to cope with sparse 8ngerprint data.
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Table 4: RMS error in meters and room accuracy for various test runs (including the weaker condition that any of the algorithm’s top 3
rooms is the correct one).

Test track Hq RMS error (meters) Top room OK Among top 3
Dublin 87pts forward −95 dBm 3.43 64.4% 95.4%
Dublin 85pts reverse −98 dBm 6.82 54.1% 76.5%
Dublin 36pts reverse −93 dBm 3.66 55.6% 91.7%
Dublin 85pts reverse −95 dBm 12.03 29.4% 51.8%
Dublin 36pts reverse −95 dBm 12.55 44.4% 55.6%

Table 3: Heuristic parameter values that optimize “Dublin 87pts forward” results.

Parameter Value Description
Hc 10.66 Constant term for RSSI variance
Hm 0.194 Distance at which mesh edge is as strong as tie to measurements
Hs 0.166 RSSI variance term per meter separation from real data point
Hv 1.050 Weight for neighbor variances in RSSI variance
Hp 10.40 Distance penalty for edges that cross room boundaries
Ht 2.107 Re8ned Delaunay triangles must 8t in circle of this radius
He 0.411 Don’t allow Delaunay edge across a wall < this from a vertex
Hq −95 Fingerprint RSSI at arti8cial corner points
All distances are in meters.
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This paper extends an algorithm that exploits multipath propagation for position estimation of mobile receivers named Channel-
SLAM. Channel-SLAM treats multipath components (MPCs) as signals from virtual transmitters (VTs) and estimates the positions
of the VTs simultaneously with the mobile receiver positions. For Channel-SLAM it is essential to obtain angle of arrival
(AoA) measurements for each MPC in order to estimate the VT positions. In this paper, we propose a novel Channel-SLAM
implementation based on particle filtering which fuses heading information of an inertial measurement unit (IMU) to omit AoA
measurements and to improve the position accuracy. Interpreting all MPCs as signals originated fromVTs, Channel-SLAM enables
positioning also in non-line-of-sight situations. Furthermore, we propose a method to dynamically adapt the number of particles
which significantly reduces the computational complexity. A posterior Cramér-Rao lower bound for Channel-SLAM is derived
which incorporates the heading information of the inertial measurement unit (IMU). We evaluate the proposed algorithm based
onmeasurements with a single fixed transmitter and a moving pedestrian carrying the receiver and the IMU.The evaluations show
that accurate position estimation is possible without the knowledge of the physical transmitter position by exploiting MPCs and
the heading information of an IMU.

1. Introduction

Today, most smartphones are equipped with global naviga-
tion satellite systems (GNSSs) receivers which allow using
applications on the smartphones for navigation [1]. GNSSs
provide sufficient position accuracies for mass market appli-
cation in open sky conditions. However, indoors or in urban
canyons the GNSS positioning accuracy could be drastically
reduced. In these situations, the GNSS signals might be
blocked, degraded by multipath effects, or received with low
power. To enhance the positioning performance indoors,
different methods and sensor systems can provide position
information rather than relying on GNSSs [2–4]. Most of
the indoor positioning systems use local infrastructure like
positioning with Radio Frequency Identification (RFID) [5],
mobile communication base-stations [6, 7], wireless local
area network (WLAN) [8], or ultra-wideband (UWB) [9–
11]. However, also these wireless radio technologies experi-
ence multipath and non-line-of-sight (NLoS) propagation.

Multipath propagation is experienced when the transmitted
signal arrives at the receiver via several propagation paths.
These propagation paths with different delays are caused by
reflections, diffractions, and scattering of the electromagnetic
wave. Hence, the signal at the receiving antenna consists
of a superposition of multiple replicas of the transmitted
signal, where each version is called multipath component
(MPC) traveling along an individual propagation path. The
delay estimate of standard algorithms like the delay locked
loop (DLL) is biased in multipath propagation environments
[12]. Algorithms like [13–15] reduce the multipath error by
modifying the DLL structure. Other algorithms estimate the
channel impulse response (CIR) in order to mitigate the
influence of multipath propagation on the delay estimate, for
example, [16–20]. To retrieve the required delay from theCIR,
the path with the smallest delay is treated as the line-of-sight
(LoS) path. However, treating the smallest delay as the LoS
path may result in weak positioning performance in NLoS
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situations. Furthermore, even advancedmultipathmitigation
algorithms reduce the multipath effects only to a certain
degree due to limited signal bandwidth and measurement
noise [18].

Nowadays, multipath exploitation instead of mitigation
is attracting more and more interest. The authors of [21,
22] exploit multipath propagation for positioning of mobile
terminals using multipath fingerprinting algorithms. Other
algorithms, for example, [23, 24], interpret reflected signals
as signals emitted from virtual transmitters (VTs), where
the VT positions are precalculated based on the knowledge
of the reflecting surface and physical transmitter positions.
Furthermore, the authors of [25] estimate and track the phase
information of MPCs using an extended Kalman filter (EKF)
and estimate the user position using a time difference of
arrival (TDOA) positioning approach. Other algorithms like
[26] use a nonlinear least squares algorithm combiningUWB
measurements at several receiver positions to estimate the
positions of the VTs and the receiver simultaneously within
small scale scenarios.

This paper describes and extends the multipath assisted
positioning algorithm referred to as Channel-SLAM; see
[27–31]. Channel-SLAM considers a moving receiver and is
suitable for GNSS denied areas like indoor areas. Similarly
to other multipath assisted positioning approaches, Channel-
SLAM interprets MPCs as LoS signals emitted from VTs.
In addition to reflected signals, Channel-SLAM considers
also paths occurring due to multiple number of reflec-
tions, diffractions, or scattering as well as combinations of
these effects. As a consequence, the reception of several
MPCs allows position estimation even if only one physical
transmitter is present. Interpreting MPCs as directly propa-
gated signals originated from VTs, Channel-SLAM enables
positioning also in NLoS situations. Additionally, Channel-
SLAM does not require any prior knowledge on locations of
reflecting surfaces as Channel-SLAM estimates the receiver
position, velocity, clock bias, and the VT positions simultane-
ously which can be interpreted as simultaneous localization
and mapping (SLAM) with radio signals. In [27, 28, 31],
we showed that positioning is possible in NLoS scenarios
using MPCs without the knowledge of the room geometry
by using Channel-SLAM. We investigated in [27] TDOA
positioning and especially TDOA between MPCs such that
time synchronization between physical transmitters is not
essential. In [31], we derived Channel-SLAM based on a
Rao-Blackwellized particle filter (RBPF) and compared the
accuracy of Channel-SLAM to a derived posterior Cramér-
Rao lower bound (PCRLB). However, the Channel-SLAM
algorithms in [27, 28, 31] use linear antenna arrays and
assume the knowledge of the physical transmitter position.

In this paper, we propose an implementation of Channel-
SLAM that uses only a single receiving antenna and fuses
similarly to [29, 30] additional information obtained from
an inertial measurement unit (IMU). Today many smart-
phones feature Microelectromechanical System (MEMS)
IMUs, which can provide short term relative orientation
and position information. Theoretically, the measurements
of the IMU can be directly used in an inertial navigation
system. However, the position calculation involves double

integrations; hence, even small measurement errors quickly
cause a drift in the position solution [32]. To avoid that, we
only fuse heading measurements from the IMU which solely
requires an alignment of the coordinate systems.The heading
information of the IMU allows improving the performance of
Channel-SLAM by resolving ambiguities and angle of arrival
(AoA) measurements are not mandatory anymore. Being
a relative positioning system, Channel-SLAM requires an
initial prior knowledge of the receiver position and moving
direction to define the coordinate system. The positioning
algorithm derived in this paper is based on a RBPF where we
employ a new transitionmodel for pedestrians. In [29, 30], we
showed that positioning with only one physical transmitter
is possible if MPCs and heading information from an IMU
are used. Compared to [29, 30], the novel transition model
enables a performance gain in the position accuracy. In
addition to [27–31], we propose a method to dynamically
adapt the number of particles which significantly reduces
the computational complexity. Furthermore, a PCRLB for
Channel-SLAM is derived which incorporates heading infor-
mation obtained by using an IMU.The developed positioning
algorithm is evaluated based on measurement data obtained
in an outdoor scenario, where the position of the physical
transmitter is unknown. Based on these measurements, we
compare the accuracy of Channel-SLAM to that of the
derived PCRLB.

The paper is structured as follows: Section 2 describes the
signal model; afterwards, Section 3 describes the proposed
algorithm which is split into four subsections: Section 3.1
addresses Channel-SLAM; Section 3.2 describes two different
transition models using the heading information from an
IMU; Section 3.3 summarizes the RBPF; Section 3.4 describes
the implementation of the RBPF; afterwards, we derive in
Section 4 the PCRLB for Channel-SLAM incorporating the
heading changes of the IMU. Thereafter, Section 5 evaluates
the algorithm based on measurement data. The last section,
Section 6, concludes the paper.

Throughout the paper, we will use the following nota-
tions:

(i) [⋅]𝑇 stands for the vector transpose.
(ii) All vectors are interpreted as column vectors.
(iii) Vectors are denoted by bold small letters.
(iv) [x]𝑙 denotes the 𝑙th element of vector x.
(v) ‖A‖2 = ∑𝑙 ∑𝑚 |[A]𝑙,𝑚|2 represents the square of the

Frobenius norm of A.
(vi) 𝑎 ∼ N(𝜇𝑎, 𝜎2

𝑎)denotes aGaussian distributed random
variable 𝑎 with mean 𝜇𝑎 and variance 𝜎2

𝑎 .
(vii) E[𝑥] stands for expectation or sample mean of 𝑥.
(viii) 1 : 𝑘 stands for all integer numbers starting from 1 to𝑘, thus 1, 2, . . . , 𝑘.
(ix) p(𝑥) denotes the probability density function of 𝑥.
(x) 𝑐 is the speed of light.
(xi) 𝑥 denotes the estimation of 𝑥.
(xii) ∝ stands for proportional.
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(xiii) {𝑥(𝑖)}𝑁𝑖=1 defines the set for 𝑥𝑖 with 𝑖 = 1, . . . , 𝑁.
(xiv) U[0,𝑁] denotes the uniform distribution on the

interval [0,𝑁].
2. Concept of Virtual Transmitters

Mathematically, the behavior of themultipath channel can be
described by the time variant CIR ℎ(𝑡𝑘, 𝜏), where 𝑡𝑘 indicates
the discrete time instants and 𝜏 the delay [33]. According to
[33], theCIR ℎ(𝑡𝑘, 𝜏) can be assumed to be constant for a short
time interval 𝑇 at discrete time 𝑡𝑘 with index 𝑘,

ℎ (𝑡𝑘, 𝜏) = 𝑁(𝑡𝑘)−1∑
𝑖=0

𝛼𝑖 (𝑡𝑘) ⋅ 𝛿 (𝜏 − 𝜏𝑖 (𝑡𝑘)) , (1)

for 𝑇0 ≤ 𝑡𝑘 ≤ 𝑇0 + 𝑇, where 𝑁(𝑡𝑘) is the number of
MPCs, 𝜏𝑖(𝑡𝑘) is the delay, 𝛼𝑖(𝑡𝑘) the complex amplitude of
the 𝑖th MPC, and 𝛿(𝜏) stands for the Dirac distribution [34]
(please note that the CIR is generally a summation of an
infinite number of MPCs; however, a practical receiver is
only capable of capturing signals whose powers are above a
certain sensitivity level). For notational conveniences, the LoS
propagation path is considered also as a MPC in this paper.
Assuming that the transmitted signal 𝑠(𝑡𝑘) is band-limited
with bandwidth 𝐵 and time-limited with a length smaller
than 𝑇, the signal received at time 𝑡𝑘 sampled with rate 𝐵, bin
indices 𝑚 = 0, . . . ,𝑀 − 1, and the delay 𝜏𝑚 = 𝑚/𝐵 can be
expressed as

𝑦 (𝑡𝑘, 𝜏𝑚) = 𝑁(𝑡𝑘)−1∑
𝑖=0

𝛼𝑖 (𝑡𝑘) 𝑠 (𝜏𝑚 − 𝜏𝑖 (𝑡𝑘)) + 𝑛 (𝜏𝑚) , (2)

where 𝑛(𝜏𝑚) denotes the white circular symmetric normal
distributed receiver noise with variance 𝜎2

𝑛 . Using vector
notation we obtain from (2)

y (𝑡𝑘) = [𝑦 (𝑡𝑘, 𝜏0) , . . . , 𝑦 (𝑡𝑘, 𝜏𝑚) , . . . , 𝑦 (𝑡𝑘, 𝜏𝑀−1)] . (3)

In order to obtain the sparse structure of the CIR from the
measurements y(𝑡𝑘), super resolution multipath estimation
algorithms are necessary.The received signal is geometrically
dependent on the transmitter and receiver positions as well as
on the environment. Thus, the channel is spatially correlated
as long as the spatial sampling is small enough. Hence, we
use in this paper the dynamic multipath estimator named
Kalman enhanced super resolution tracking (KEST) [20, 35–
37] for estimating and tracking multipath parameters. KEST
allows estimating the evolution of the CIR over time which
is essential for Channel-SLAM as shown in the following
section. KEST consists of a Kalman filter (KF) to estimate the
complex amplitude �̂�𝑖(𝑡𝑘) and delay 𝜏𝑖(𝑡𝑘) for eachMPC 𝑖 uti-
lizingmaximum likelihood (ML) estimates asmeasurements.
In the used implementation, KEST uses a standard model for
the CIR which comprises a sum of weighted Dirac impulses
as in (1). This model describes distinct paths sufficiently
well. However, dense multipath components (DMC) lead
to a model mismatch in the used KEST implementation.
This model mismatch results in an increased variance of the

estimated MPC parameters used as measurement noise in
Channel-SLAM. For further details about KEST, see [20, 35–
37].

To use the delay measurements of the tracked MPCs for
positioning, a model describing the delays 𝜏𝑖(𝑡𝑘) depending
on the current user position r𝑢(𝑡𝑘) is necessary. For devel-
oping such a model, we consider a static environment with
a fixed transmitter and a receiver moving along an arbitrary
trajectory. Figure 1 summarizes four propagation scenarios;
for a detailed description see [31]. In the first scenario, the
transmitted signal is reflected on a reflecting surface indicated
by the blue lines. For reflection, we consider the effect of an
electromagnetic wave reflected by a reflecting surface. When
the receiver is moving, the reflection point on the reflecting
surface ismoving aswell. If wemirror the physical transmitter
position on the reflecting surface, we obtain the position rVT,1
of VT1 which is static during the receiver movement. The
distance between VT1 and the receiver is equivalent to the
propagation time of the reflected signal multiplied by the
speed of light. Hence, the reflected signal can be interpreted
as a direct signal from VT1 to the receiver.

This behavior can be extended to a multiple reflection
scenario represented by the red lines. The transmitted signal
is reflected two times. Equivalently, the location of VT2 can
be determined by mirroring the transmitter position at both
reflecting surfaces, as indicated in Figure 1. The distance
betweenVT2 and the receiver is equivalent to the propagation
time of the reflected signal multiplied by the speed of light.
Thus, the signal reflected twice can also be interpreted as a
direct signal from VT2 to the receiver.

Figure 1 exploits by the orange lines additionally a
scenario where the signal is scattered, for example, at a
lamp post. The propagation effect of scattering occurs if an
electromagnetic wave impinges on an object and the energy
is spread out in all directions [38]. Geometrically, the effect
of scattering can be described as a fixed point 𝑆 at position
r𝑆 in the pathway of the MPC. We define 𝑆 as VT3 at the
position r𝑆 which is constant for all receiver positions for the
MPC. Additionally, we treat 𝑑VT > 0, the constant distance
between physical transmitter and scatterer, as an additional
propagation distance associated with the MPC. Hence, the
scattered signal can be interpreted as a direct signal fromVT3

to the receiver, however, with a constant offset 𝑑VT. Scattering
anddiffraction can be geometrically described as a fixed point𝑆 at position r𝑆 in the pathway of theMPC and are considered
as onemodel. Hence, unless otherwise stated, the description
of scattering is equivalent for diffraction.

The fourth scenario considers the combination of both
effects indicated in green. The transmitted signal is scattered
at 𝑆 and afterwards reflected on the first reflecting surface.
When the receiver is moving, the reflection point on the
reflecting surface is moving as well. Hence, VT4 is defined
by mirroring the scatterer 𝑆 at the first reflecting surface.
Furthermore, between the transmitter and 𝑆 additional inter-
actions are possible leading to the same position of VT4.

To summarize, the propagation path of the 𝑖th MPC can
be equivalently described as a direct path with propagation
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Figure 1: The figure shows four propagation scenarios: First scenario (blue): the transmitted signal is reflected on a reflecting surface. VT1 is
defined by mirroring the physical transmitter position at the surface. Second scenario (red): the transmitted signal is reflected twice. VT2 is
defined by mirroring the physical transmitter position at both surfaces. Third scenario (orange): the transmitted signal is scattered at 𝑆. VT3

is defined at the position of 𝑆. Fourth scenario (green): the transmitted signal is scattered and afterwards reflected on a reflecting surface. VT4

is defined by mirroring the scatterer 𝑆 at the surface.
length 𝑑𝑖(𝑡𝑘) between VT𝑖 and the receiver plus an additional
constant propagation length 𝑑VT,𝑖(𝑡𝑘); hence,𝑑𝑖 (𝑡𝑘) = 𝜏𝑖 (𝑡𝑘) ⋅ 𝑐= r𝑢 (𝑡𝑘) − rVT,𝑖 (𝑡𝑘) + 𝑑VT,𝑖 (𝑡𝑘) , (4)

where 𝑐 denotes the speed of light and rVT,𝑖(𝑡𝑘) the position
of the 𝑖th VT (please note that the position of the VTs and
the additional propagation lengths are constant over time.
Nevertheless for notational convenience a time dependence
on 𝑡𝑘 is introduced here). The additional propagation length
is zero, that is, 𝑑VT,𝑖(𝑡𝑘) = 0, if only reflections occurred
on the pathway between physical transmitter and receiver
or greater than zero, that is, 𝑑VT,𝑖(𝑡𝑘) > 0, if the MPC is
interacting with at least one scatterer. In general, 𝑑VT,𝑖(𝑡𝑘)/𝑐
can be interpreted as a clock offset between the 𝑖th VT and
the physical transmitter.

3. Channel-SLAM

3.1. Position Estimation. Figure 2 presents the available sen-
sors together with the corresponding measurements. As
shown on the left, we measure the sampled received signal
y(𝑡𝑘) as stated in (3) where we assume that the transmitter
continuously emits known wideband signals. Based on y(𝑡𝑘),
the multipath parameters amplitude 𝛼𝑖(𝑡𝑘) and delay 𝜏𝑖(𝑡𝑘) =𝑑𝑖(𝑡𝑘)/𝑐 for each MPC are estimated and tracked by KEST.
The estimated propagation path lengths 𝑑𝑖(𝑡𝑘) = 𝜏𝑖(𝑡𝑘) ⋅ 𝑐 of
all𝑁(𝑡𝑘)MPCs of KEST are used as measurements

z (𝑡𝑘) = [𝑑0 (𝑡𝑘) , . . . , 𝑑𝑁(𝑡𝑘)−1
(𝑡𝑘)]𝑇 (5)

in Channel-SLAM with the corresponding variances 𝜎𝑧(𝑡𝑘).
Because the VT positions are unknown, the receiver position
and the positions of the VTs have to be estimated simulta-
neously. Thus, the state vector x(𝑡𝑘) describing the complete
system at time instant 𝑡𝑘 for𝑁(𝑡𝑘)MPCs is

x (𝑡𝑘) = [x𝑢 (𝑡𝑘)𝑇 , xVT (𝑡𝑘)𝑇]𝑇 , (6)

with the receiver states x𝑢(𝑡𝑘) and the VT states xVT(𝑡𝑘). The
receiver state x𝑢(𝑡𝑘) includes the receiver position r𝑢(𝑡𝑘), the
receiver velocity k𝑢(𝑡𝑘), and the receiver’s clock bias 𝑏𝑢(𝑡𝑘);
hence,

x𝑢 (𝑡𝑘) = [r𝑢 (𝑡𝑘)𝑇 , k𝑢 (𝑡𝑘)𝑇 , 𝑏𝑢 (𝑡𝑘)]𝑇 . (7)

According to the description given in the previous section
and (4), an MPC can be represented by a direct path between
a VT and the receiver plus an additional propagation length.
Hence, the parameters representing the 𝑖th VT are defined as

xVT,𝑖 (𝑡𝑘) = [rVT,𝑖 (𝑡𝑘)𝑇 , 𝑑VT,𝑖 (𝑡𝑘)]𝑇 , (8)

where rVT,𝑖(𝑡𝑘) is the position of the 𝑖th VT and 𝑑VT,𝑖(𝑡𝑘) the
additional propagation length. Using vector notation for all
VTs, we obtain

xVT (𝑡𝑘) = [xVT,0 (𝑡𝑘)𝑇 , . . . , xVT,𝑁(𝑡𝑘)−1
(𝑡𝑘)𝑇]𝑇 . (9)

Additionally, as illustrated in Figure 2, an IMU is used.
The IMU provides measurements of the acceleration a𝑏(𝑡𝑘)
and turn rates 𝜔𝑏𝑖𝑏(𝑡𝑘) in three dimensions. After calibration,
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Figure 2: System model consisting of a terrestrial receiver and an IMU.
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Figure 3: First-order hidden Markov model representing the dynamic system of Channel-SLAM.

the heading change Ψ̇(𝑡𝑘) is used in Channel-SLAM as a
control input and is therefore directly integrated into the
transition model.

We use a discrete time representation for the transition
and measurement model of the dynamic system with

x (𝑡𝑘) = f (x (𝑡𝑘−1) , Ψ̇ (𝑡𝑘) ,n𝑡 (𝑡𝑘)) , (10)

z (𝑡𝑘) = h (x (𝑡𝑘) ,nℎ (𝑡𝑘)) . (11)

The transition model in (10) describes the state evolution
from time instant 𝑡𝑘−1 to time instant 𝑡𝑘 employing a possible
nonlinear function f(⋅, ⋅, ⋅) with the process noise n𝑡(𝑡𝑘) and
using a control input which is in our case the heading changeΨ̇(𝑡𝑘). The control input is considered as perfectly known
and hence error-free. The measurement model (11) relates
the state vector to the measurements by a possible nonlinear
function h(⋅, ⋅) and the measurement noise nℎ(𝑡𝑘) at time

instant 𝑡𝑘. Figure 3 shows the considered dynamic Bayesian
network, that is, a first-order hidden Markov model.

Equations (10) and (11) can also be interpreted from
a Bayesian perspective: based on measurements, we want
to recursively estimate the unknown probability density
function (PDF) of the state x(𝑡𝑘). In a recursive Bayesian
formulation, this problem can be described as finding the
posterior probability distribution

p (x (𝑡𝑘) | z (𝑡1:𝑘) , Ψ̇ (𝑡1:𝑘) , x (𝑡0)) . (12)

Recursive Bayesian filtering provides a methodology to opti-
mally estimate (12) by a prediction step to calculate p(x(𝑡𝑘) |
z(𝑡1:𝑘−1), Ψ̇(𝑡1:𝑘), x(𝑡0)) and an update step to obtain p(x(𝑡𝑘) |
z(𝑡1:𝑘), Ψ̇(𝑡1:𝑘), x(𝑡0)) which considers the measurement z(𝑡𝑘)
at time instant 𝑡𝑘 with the likelihood function p(z(𝑡𝑘) | x(𝑡𝑘))
[39, 40]. By assuming independence between the transition
priors of the receiver state vector x𝑢(𝑡𝑘) and the VT state
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Figure 4: Illustration of the prediction model for the pedestrian.

vectors xVT,𝑖(𝑡𝑘) associatedwith theMPCs 𝑖 = 0, . . . , 𝑁(𝑡𝑘)−1,
the transition prior p(x(𝑡𝑘) | x(𝑡𝑘−1), Ψ̇(𝑡𝑘), x(𝑡0)) is defined
here as

p (x (𝑡𝑘) | x (𝑡𝑘−1) , Ψ̇ (𝑡𝑘) , x (𝑡0))= p (x𝑢 (𝑡𝑘) | x𝑢 (𝑡𝑘−1) , Ψ̇ (𝑡𝑘) , x𝑢 (𝑡0))
× 𝑁(𝑡𝑘)−1∏

𝑖=0

p (xVT,𝑖 (𝑡𝑘) | xVT,𝑖 (𝑡𝑘−1)) ,
(13)

where we inherently assume independence among MPCs,
that is, propagation paths interacting with distinct objects.
This is based on the well-known uncorrelated scattering
assumption in wireless propagation channel modelling [38].
We obtain for the transition prior p(xVT,𝑖(𝑡𝑘) | xVT,𝑖(𝑡𝑘−1)) of
the 𝑖th MPC

p (xVT,𝑖 (𝑡𝑘) | xVT,𝑖 (𝑡𝑘−1))= 𝛿 (xVT,𝑖 (𝑡𝑘) − xVT,𝑖 (𝑡𝑘−1)) . (14)

For the transition prior p(x𝑢(𝑡𝑘) | x𝑢(𝑡𝑘−1), Ψ̇(𝑡𝑘)) of the
receiver state vector we provide in Section 3.2 two models
indicated by the function f(x𝑢(𝑡𝑘−1), Ψ̇(𝑡𝑘),n𝑢(𝑡𝑘)) in Figure 3.

Assuming the elements of z(𝑡𝑘) to be independent
Gaussian distributed conditioned on the current state x(𝑡𝑘),
p(z(𝑡𝑘) | x(𝑡𝑘)) can be expressed as

p (z (𝑡𝑘) | x (𝑡𝑘))
= 𝑁(𝑡𝑘)−1∏

𝑖=0

1√2𝜋𝜎𝑑,𝑖 (𝑡𝑘) 𝑒−(𝑑𝑖(𝑡𝑘)−𝑑𝑖(𝑡𝑘))2/2𝜎2𝑑,𝑖(𝑡𝑘) (15)

with the propagation length𝑑𝑖 (𝑡𝑘) = r𝑢 (𝑡𝑘) − rVT,𝑖 (𝑡𝑘) + 𝑑VT,𝑖 (𝑡𝑘) + 𝑏𝑢 (𝑡𝑘) ⋅ 𝑐, (16)

for the 𝑖th MPC, where 𝜎2
𝑑,𝑖(𝑡𝑘) denotes the corresponding

variances.

3.2. Prediction Model Using Heading Changes. This paper
considers a moving pedestrian carrying a hand-held device
equipped with a terrestrial receiver and an IMU. A vari-
ety of pedestrian transition models exist in literature, for
example, [41–44]; however, they do not fit for the consid-
ered application. Many of them focus on movements of
groups, use additional information like floor plans, or do
not incorporate information from an IMU. IMUs include
in general accelerometers measuring acceleration a𝑏(𝑡𝑘) and
gyroscopes measuring turn rates 𝜔𝑏𝑖𝑏(𝑡𝑘), as indicated in
Figure 2. These measurements are provided with respect to
the sensor alignment [32], that is, the body frame. In order
to obtain the measurements in a two-dimensional Cartesian
coordinate system as shown in Figure 4, a transformation
between the coordinate systems is necessary; see, for example,
[45]. In our consideredmeasurement scenario, the position of
the IMU is assumed as constant with respect to the receiving
antenna. Therefore, we are able to calculate the coordinate
transformation matrices during a calibration phase when
the pedestrian is standing still at the beginning. For other
systems,where the sensor is decoupled, the sensor orientation
has to be estimated continuously by applying strapdown
navigation together with in-field calibration [46].

We propose two different constant velocity models, a
linearmodel with Gaussian noise and a nonlinearmodel with
Rician noise.

3.2.1. Gaussian-Transition-Model. The first proposed transi-
tion model is based on a discrete white noise acceleration
model [47], referred to as Gaussian-Transition-Model, with

x𝑢 (𝑡𝑘) = A𝑢 (𝑡𝛿, Ψ̇ (𝑡𝑘)) x𝑢 (𝑡𝑘−1) + n𝑡 (𝑡𝑘) , (17)
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in a two-dimensional Cartesian coordinate system. The
receiver state vector x𝑢(𝑡𝑘) = [r𝑢(𝑡𝑘), v𝑢(𝑡𝑘), 𝑏𝑢(𝑡𝑘)]𝑇 consists
of the 𝑥-𝑦 positions

r𝑢 (𝑡𝑘) = [𝑟𝑢,𝑥 (𝑡𝑘) , 𝑟𝑢,𝑦 (𝑡𝑘)]𝑇 (18)

and the velocities

k𝑢 (𝑡𝑘) = [V𝑢,𝑥 (𝑡𝑘) , V𝑢,𝑦 (𝑡𝑘)]𝑇 , (19)

where V𝑢,𝑥(𝑡𝑘), V𝑢,𝑦(𝑡𝑘) are the corresponding velocities in𝑥-𝑦 direction and the receiver’s clock bias 𝑏𝑢(𝑡𝑘) where a
standard clock bias model is used [12, 48] (Please note
that if transmitter and receiver oscillators provide different
frequencies, a clock drift parameter has to be considered
additionally). The transition matrix A𝑢(𝑡𝛿, Ψ̇(𝑡𝑘)) in (17)
includes a rotation matrix with the heading changes Ψ̇(𝑡𝑘),
with

A𝑢 (𝑡𝛿, Ψ̇ (𝑡𝑘))
= (((
(

1 0 𝑡𝛿 0 00 1 0 𝑡𝛿 00 0 cos (Ψ̇ (𝑡𝑘)) − sin (Ψ̇ (𝑡𝑘)) 00 0 sin (Ψ̇ (𝑡𝑘)) cos (Ψ̇ (𝑡𝑘)) 00 0 0 0 1
)))
)

, (20)

where 𝑡𝛿 = 𝑡𝑘−𝑡𝑘−1 andn𝑡(𝑡𝑘) ∼ N(0,Q𝑢(𝑡𝛿)) is the transition
noise of the receiver state vector with covariance

Q𝑢 (𝑡𝛿)

=
(((((((((
(

𝜎2
𝑞𝑢

(𝑡𝛿)33 0 𝜎2
𝑞𝑢

(𝑡𝛿)22 0 0
0 𝜎2

𝑞𝑢

(𝑡𝛿)33 0 𝜎2
𝑞𝑢

(𝑡𝛿)22 0
𝜎2
𝑞𝑢

(𝑡𝛿)22 0 𝜎2
𝑞𝑢
𝑡𝛿 0 0

0 𝜎2
𝑞𝑢

(𝑡𝛿)22 0 𝜎2
𝑞𝑢
𝑡𝛿 00 0 0 0 𝜎2

𝑞𝑏

)))))))))
)

, (21)

where𝜎2
𝑞𝑢
defines the continuous-time process noise intensity

that has to be set based on the application with physical
dimension [m2/s3] and 𝜎2

𝑞𝑏
the variance of the clock bias.This

transition model is similar to the transition model presented
in [29, 30], with the advantage that the transition model is
linear if the heading changes are known.

Since we incorporate only the heading changes Ψ̇(𝑡𝑘),
we do not have any speed measurements and the speed
has to be estimated implicitly. In order to adapt quickly
to different walking speeds, 𝜎𝑞𝑢 has to be large or many
particles have to be used to cover all possible movements.
A large value for 𝜎𝑞𝑢 may cause backward movements of
the transition model which results in estimation errors of
Channel-SLAM. Another drawback of this transition model
is that the estimated state information is completely lost when

the user is standing; thus, the velocity components are zero.
In order to overcome the mentioned problems, we develop a
second transition model as described in the following.

3.2.2. Rician-Transition-Model. Similarly to Section 3.2.1,
we follow a two-dimensional positioning approach in the
Cartesian coordinate system with the receiver state vector
x𝑢(𝑡𝑘) = [ ̆r𝑢(𝑡𝑘), k̆𝑢(𝑡𝑘), 𝑏𝑢(𝑡𝑘)]𝑇 which consists of the 𝑥-𝑦 receiver positions ̆r𝑢(𝑡𝑘) as defined in (18), the receiver
velocity vector k̆𝑢(𝑡𝑘), and the receiver’s clock bias 𝑏𝑢(𝑡𝑘). The
receiver velocity vector is

k̆𝑢 (𝑡𝑘) = [V𝑢 (𝑡𝑘) , Ψ𝑢 (𝑡𝑘)]𝑇 , (22)

where V𝑢(𝑡𝑘) is the receiver speed and Ψ𝑢(𝑡𝑘) the heading
of the receiver; see Figure 4. The heading Ψ𝑢(𝑡𝑘) describes
the walking direction of the pedestrian with respect to
the Cartesian coordinate system. Hence, we can define the
transition model with

̆r𝑢 (𝑡𝑘) = ̆r𝑢 (𝑡𝑘−1) + 𝑡𝛿V𝑢 (𝑡𝑘) [cos (Ψ𝑢 (𝑡𝑘))
sin (Ψ𝑢 (𝑡𝑘))] , (23)

where the velocity follows a Rician distribution with

V𝑢 (𝑡𝑘) ∼ R (V𝑢 (𝑡𝑘−1) , 𝜎𝑚 (𝑡𝑘)) , (24)

with scale parameter 𝜎𝑚(𝑡𝑘). For speeds close to zero, the
Rician distribution approximates a Rayleigh distribution;
thus, the speed is always positive. Hence, it has the advantage
of preventing the filter from converging to negative velocities,
which are highly unlikely regarding a normal pedestrian
walking behavior (Please note that the developed transition
model does not include standing or walking backwards
phases. This could be additionally considered by extracting
more information from the IMU measurements). This is
important for our approach, since ambiguities of Channel-
SLAMcould otherwise cause amovement in thewrong direc-
tion. On the other hand, for higher speeds, the distribution
becomes approximately Gaussian which reflects empirical
data of pedestrian walking speeds [43].

Finally, the heading of the user is defined byΨ𝑢 (𝑡𝑘) = Ψ𝑢 (𝑡𝑘−1) + (𝑡𝑘 − 𝑡𝑘−1) Ψ̇ (𝑡𝑘) + 𝑤Ψ (𝑡𝑘) , (25)

where Ψ̇(𝑡𝑘) is the heading change from the IMU after
calibration with the heading noise 𝑤Ψ(𝑡𝑘) using a von Mises
distribution. For the transition prior of the clock bias we
use similar to Section 3.2.1 a standard clock bias model𝑏𝑢(𝑡𝑘) = 𝑏𝑢(𝑡𝑘−1) + 𝑛𝑏(𝑡𝑘−1), where 𝑛𝑏(𝑡𝑘−1) defines the
transition noise with the variance 𝜎2

𝑞𝑏
[12, 48] (Please note

that if transmitter and receiver oscillators provide different
frequencies, a clock drift parameter has to be considered
additionally). In the following we refer to this transition
model as Rician-Transition-Model.

3.3. Rao-Blackwellized Particle Filter. As introduced in [31],
Channel-SLAM is derived based on Rao-Blackwellization
where the state space of x(𝑡𝑘) is partitioned into subspaces.
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Figure 5:The algorithm is based on a superordinate particle filter (superPF) and subordinate particle filters (subPFs). Each particle 𝑗 = 1 ⋅ ⋅ ⋅ 𝑁𝑠

of the superPF consists of𝑁(𝑡𝑘) subPFs.
Hence, we use particle filters (PFs) to estimate the subspaces
representing the VTs inside a PF. The reason to use a PF
instead of a low complexity EKF is the high nonlinearity
of the measurements in (16). As shown in Figure 5, the
algorithm is based on a superordinate particle filter (superPF)
and subordinate particle filters (subPFs): Each particle 𝑗 =1 ⋅ ⋅ ⋅ 𝑁𝑠 of the superPF with the state vector x(𝑗)𝑢 (𝑡𝑘) =[r(𝑗)𝑢 (𝑡𝑘)𝑇, k(𝑗)𝑢 (𝑡𝑘)𝑇, 𝑏(𝑗)𝑢 (𝑡𝑘)]𝑇 consists of 𝑁(𝑡𝑘) subPFs. Each
subPF is represented by the particles x(𝑗,𝑎)VT,𝑖(𝑡𝑘) with 𝑎 =1, . . . , 𝑁𝑃,𝑗,𝑖(𝑡𝑘), where 𝑁𝑃,𝑗,𝑖(𝑡𝑘) stands for the number of
particles in the 𝑖th subPF with 𝑖 = 0, . . . , 𝑁(𝑡𝑘)−1, estimating
x(𝑗)VT,𝑖(𝑡𝑘). Using subPFs for each VT allows using different
numbers of particles in each subPF and, furthermore, allows
a dynamic adjustment of the number of particles for each
subPF introduced in Section 3.4.

According to [31], the marginalized posterior filtered
density p(x𝑢(𝑡𝑘) | z(𝑡1:𝑘), Ψ̇(𝑡1:𝑘)) of the superPF can be
approximated by importance samples (see [31, 39]) as

p (x𝑢 (𝑡𝑘) | z (𝑡1:𝑘) , Ψ̇ (𝑡1:𝑘))
≈ 𝑁𝑠∑

𝑗=1

𝑤(𝑗) (𝑡𝑘) 𝛿 (x𝑢 (𝑡𝑘) − x(𝑗)𝑢 (𝑡𝑘)) , (26)

where 𝑤(𝑗)(𝑡𝑘) defines the weight for the 𝑗th particle at time
instant 𝑡𝑘 with𝑤(𝑗) (𝑡𝑘) ∝ p (z (𝑡𝑘) | x(𝑗)𝑢 (𝑡𝑘) , z (𝑡𝑘−1))

∝ 𝑁(𝑡)−1∏
𝑖=0

𝑁𝑃,𝑖,𝑗(𝑡𝑘)∑
𝑎=1

𝑤(𝑗,𝑎)
𝑖 (𝑡𝑘) (27)

and the weight 𝑤(𝑗,𝑎)
𝑖 (𝑡𝑘) of the subPFs at time instant 𝑡𝑘 with𝑤(𝑗,𝑎)

𝑖 (𝑡𝑘) ≜ p (𝑑𝑖 (𝑡𝑘) | x(𝑗)𝑢 (𝑡𝑘) , x(𝑗,𝑎)VT,𝑖 (𝑡𝑘)) . (28)

Contrarily to [31], resampling is performed at each time
instant to prevent degeneration; hence, (27) and (28) do
not depend on the weights 𝑤(𝑗)(𝑡𝑘−1) and 𝑤(𝑗,𝑎)

𝑖 (𝑡𝑘−1).
Additionally, the derivations in [31] consider a regularized

PF [39] where x(𝑗,𝑎)VT,𝑖(𝑡𝑘) is drawn after resampling from the
Gaussian-Kernel 𝐾(⋅). The Gaussian-Kernel 𝐾(⋅) improves
the robustness of Channel-SLAM to cope with small model
mismatches in the measurements.

3.4. Particle Filter Implementation. Algorithm 1 provides the
pseudocode of Channel-SLAM, which is executed at every
time instant 𝑡𝑘 ≥ 𝑡0 with the estimates z(𝑡𝑘),𝜎𝑧(𝑡𝑘) obtained
from KEST. During the initialization, at time instant 𝑡𝑘 =𝑡0, the particles {x(𝑗)𝑢 (𝑡0)}𝑁𝑠𝑗=1 of the superPF are initialized
according to prior knowledge. The particles {x(𝑗,𝑎)VT,𝑖(𝑡0)}𝑁𝑝,𝑗,𝑖𝑎=1

of the subPFs are initialized dependent on x(𝑗)𝑢 (𝑡0) and the
measurements 𝑑𝑖(𝑡0) for the 𝑖th MPC. To initialize the states
of x(𝑗,𝑎)VT,𝑖(𝑡0) with 𝑎 = 1, . . . , 𝑁𝑝,𝑗,𝑖 of the 𝑗th subPF associated
with the 𝑖th MPC a grid is used. The positions r(𝑗,𝑎)VT,𝑖(𝑡0) of the
particles {x(𝑗,𝑎)VT,𝑖(𝑡0)}𝑁𝑃,𝑗,𝑖𝑎=1 are distributed on a grid inside a circle
around r(𝑗)𝑢 (𝑡0) with radius 𝑑𝑖(𝑡0) + Δ 𝑑 such that

0 ≤ r(𝑗,𝑎)VT,𝑖 (𝑡0) − r(𝑗)𝑢 (𝑡0) ≤ 𝑑𝑖 (𝑡0) + Δ 𝑑 (29)

with spacing Δ 𝑑 (the number of grid points 𝑁𝑃,𝑗,𝑖(𝑡𝑘) can
be estimated by Gauss’s circle problem). The additional
propagation length is 𝑑(𝑗,𝑎)VT,𝑖(𝑡0) = 𝑑𝑖(𝑡0) − ‖r(𝑗,𝑎)VT,𝑖(𝑡0) − r(𝑗)𝑢 (𝑡0)‖,
where we inherently assume 𝑏𝑢(𝑡0) = 0 for the initialization.
Hence, the total number of particles can be calculated as

𝑁𝑡 (𝑡𝑘) = 𝑁𝑝∑
𝑗=1

𝑁(𝑡𝑘)−1∑
𝑖=0

𝑁𝑃,𝑗,𝑖 (𝑡𝑘) . (30)

For each particle 𝑗 of the superPF, the receiver state
x(𝑗)𝑢 (𝑡𝑘−1) is propagated according to the transition
model described in Section 3.2 indicated by the function
f(x(𝑗)𝑢 (𝑡𝑘−1), Ψ̇(𝑡𝑘),n𝑡(𝑡𝑘)) using the heading changes Ψ̇(𝑡𝑘)
(cf. Line (5) in Algorithm 1). Afterwards, Channel-SLAM
determines whether the number of tracked MPCs has
changed. In case that new MPCs have been detected, new
subPFs are added and initialized using (29) (cf. Line (7) in
Algorithm 1). In case that MPCs are not tracked by KEST
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Input:
Multipath estimates: z(𝑡𝑘), 𝜎𝑧(𝑡𝑘) and Ψ̇(𝑡𝑘);
States for 𝑡𝑘 > 𝑡0:{x(𝑗)𝑢 (𝑡𝑘−1), {{x(𝑗,𝑎)VT,𝑖(𝑡𝑘−1)}𝑁𝑝,𝑗,𝑖𝑎=1

}𝑁(𝑡𝑘−1)−1

𝑖=0
}𝑁𝑠

𝑗=1

Output:
States for ≥ 𝑡0:{x(𝑗)𝑢 (𝑡𝑘), {{x(𝑗,𝑎)VT,𝑖(𝑡𝑘)}𝑁𝑝,𝑗,𝑖𝑎=1

}𝑁(𝑡𝑘)−1

𝑖=0
}𝑁𝑠

𝑗=1

MMSE estimate: x̂(𝑡𝑘) for 𝑡𝑘 > 𝑡0
(1) if 𝑡𝑘 = 𝑡0 then
(2) Initialization using z(𝑡𝑘) and 𝜎𝑧(𝑡𝑘);
(3) else
(4) for 𝑗 = 1 : 𝑁𝑠 do
(5) Draw x(𝑗)𝑢 (𝑡𝑘) = f(x(𝑗)𝑢 (𝑡𝑘−1), Ψ̇(𝑡𝑘),w(𝑡𝑘−1));
(6) if New paths detected then
(7) Initialize new subPFs;
(8) if Tracking of paths lost then
(9) Delete corresponding subPFs;
(10) for 𝑖 = 0 : 𝑁(𝑡𝑘) − 1 do
(11) for 𝑎 = 1 : 𝑁𝑃,𝑗,𝑖(𝑡𝑘) do
(12) Assign x(𝑗,𝑎)VT,𝑖(𝑡𝑘) = x(𝑗,𝑎)VT,𝑖(𝑡𝑘−1);
(13) Calculate 𝑤(𝑗,𝑎)

𝑖 (𝑡𝑘) = p(z𝑖(𝑡𝑘) | x(𝑗)𝑢 (𝑡𝑘), x(𝑗,𝑎)VT,𝑖(𝑡𝑘));
(14) Calculate total subPF weight:𝑡𝑗,𝑖 = SUM [{𝑤(𝑗,𝑎)

𝑖 (𝑡𝑘)}𝑁𝑃,𝑗,𝑖(𝑡𝑘)𝑎=1 ];
(15) 𝑤(𝑗)(𝑡𝑘) = ∏𝑁(𝑡𝑘)−1

𝑖=0 𝑡𝑗,𝑖;
(16) Resample using Algorithm 2;
(17) Calculate MMSE x̂(𝑡𝑘) according to (31);

Algorithm 1: Channel-SLAM for time instant 𝑡𝑘.
anymore, the corresponding subPFs are removed (cf. Line
(9) in Algorithm 1). Equivalent to [31], neither KEST nor
Channel-SLAM considers retracking of previous MPCs.
Hence, if the tracking of an MPC has been lost and is
regained again, the corresponding VT is initialized without
any prior information. According to (14), the state xVT,𝑖(𝑡𝑘)
is time-invariant; hence, each subPF assigns the states of the
VTs with x(𝑗,𝑎)VT,𝑖(𝑡𝑘) = x(𝑗,𝑎)VT,𝑖(𝑡𝑘−1). Thereafter, the weights for
the subPFs and superPF are calculated using (28) and (27).

Afterwards, the subPFs and superPF are resampled. The
basic idea of the resampling method is to eliminate particles
with low weights and reproduce particles with high weights.
Algorithm 2 shows a pseudocode of the resampling algorithm
of Channel-SLAM which is based on the systematic resam-
pling algorithm [49]. Similarly to Algorithm 1, the Channel-
SLAM resampling algorithm consists of a resampling algo-
rithm for the superPF which includes resampling algorithms
for the subPFs. First, the estimated sampled cumulative
distribution function (CDF) of the superPF is constructed,
presented by a vector c𝑝 with length 𝑁𝑝 and element [c𝑝]𝑗
with 𝑗 = 1, . . . , 𝑁𝑝. According to the estimated sampled
CDF of the superPF, the subPFs are eliminated or resampled.
The particles of the superPF with index 𝑓 are assigned to
the resampled particle index 𝑗; see Algorithm 2, Line (10),
for the assignment of the receiver state. Afterwards, the(𝑓, 𝑖)th subPF is resampled with 𝑖 = 0, . . . , 𝑁(𝑡𝑘) − 1 using

a systematic resampling algorithm, where c𝑏 represents the
estimated sampled CDF of the (𝑓, 𝑖)th subPF.

As mentioned before, whenever a new MPC is tracked,
many particles are initialized to cover all possible VT posi-
tions in each subPF. For example if the 𝑖th MPC has a delay
of 𝑑𝑖(𝑡0) = 30m, each 𝑖th subPF would use 𝑁𝑃,𝑗,𝑖(𝑡0) = 2821
particles according to (29) for 𝑗 = 1, . . . , 𝑁𝑝 with spacing Δ 𝑑

= 1m.However during the receivermovementmany particles
of the subPFs are resampled at the same grid point because
the states of the VTs xVT,𝑖(𝑡𝑘) are time-invariant. In order
to adapt the number of particles, we limit the number of
resampled particles per grid point to 𝑁𝑚; see Algorithm 2,
Line (20). Evaluations in Section 5 show that the reduction
of the number of particles does not influence the positioning
accuracy but, however, leads to a gain on computational
performance. Afterwards, the states of the VTs x(𝑗,𝑎)VT,𝑖(𝑡𝑘) are
drawn using aGaussian-Kernel (cf. Line (26) inAlgorithm 2).
As stated in [31], the Gaussian-Kernel has a low bandwidth
which does not influence the grid based reduction method.

Usually, we are interested in a point estimate of the state
instead of its a posteriori PDF. According to [31], the MMSE
point estimate, x̂(𝑡𝑘) = [x̂𝑢(𝑡𝑘)𝑇, x̂VT(𝑡𝑘)𝑇]𝑇 (cf. Line (17) in
Algorithm 1), is calculated by

x̂ (𝑡𝑘) ≈ 𝑁𝑠∑
𝑗=1

𝑤(𝑗) (𝑡𝑘)
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Input:
States and weights:{x(𝑗)𝑢 (𝑡𝑘), 𝑤(𝑗)(𝑡𝑘), {{x(𝑗,𝑎)VT,𝑖(𝑡𝑘), 𝑤(𝑗,𝑎)

𝑖 (𝑡𝑘)}𝑁𝑝,𝑗,𝑖(𝑡𝑘)𝑎=1
}𝑁(𝑡𝑘)−1

𝑖=0
}𝑁𝑠

𝑗=1

Output:
Resampled states and weights:{x̃(𝑗)𝑢 (𝑡𝑘), 𝑤(𝑗)(𝑡𝑘), {{x̃(𝑗,𝑎)VT,𝑖(𝑡𝑘), 𝑤(𝑗,𝑎)

𝑖 (𝑡𝑘)}𝑁𝑝,𝑗,𝑖(𝑡𝑘)𝑎=1
}𝑁(𝑡𝑘)−1

𝑖=0
}𝑁𝑠

𝑗=1

(1) Initialize the CDF for superPF: [c𝑝]1 = 𝑤(1)(𝑡𝑘);
(2) for 𝑗 = 2 : 𝑁𝑠 do
(3) Construct CDF for superPF:[c𝑝]𝑗 = [c𝑝]𝑗−1 + 𝑤(𝑗)(𝑡𝑘);
(4) 𝑓 = 1;
(5) Draw starting point: [u𝑝]1 ∼ U[0,𝑁𝑠

−1];
(6) for 𝑗 = 1 : 𝑁𝑠 do
(7) [u𝑝]𝑗 = [u𝑝]1 + 𝑁𝑠

−1(𝑗 − 1);
(8) while [u𝑝]𝑗 > [c𝑝]𝑓 do
(9) 𝑓 = 𝑓 + 1;
(10) Assign: {x̃(𝑗)𝑢 (𝑡𝑘), 𝑤(𝑗)(𝑡𝑘)} = {x(𝑓)𝑢 (𝑡𝑘), 1/𝑁𝑠};
(11) for 𝑖 = 0 : 𝑁(𝑡𝑘) − 1 do
(12) Initialize the CDF for (𝑓, 𝑖)-th subPF:[c𝑏]1 = 𝑤(𝑓,1)

𝑖 (𝑡𝑘);
(13) for 𝑎 = 2 : 𝑁𝑃,𝑖,𝑓(𝑡𝑘) do
(14) Construct CDF for subPF:[c𝑏]𝑎 = [c𝑏]𝑎−1 + 𝑤(𝑓,𝑎)

𝑖 (𝑡𝑘);
(15) 𝑔 = 1, 𝑎𝑟 = 1;
(16) for 𝑎 = 1 : 𝑁𝑃,𝑓,𝑖(𝑡𝑘) do
(17) [u𝑏]𝑎 = [u𝑏]1 + 1𝑁𝑃,𝑖,𝑓(𝑡𝑘) (𝑎 − 1) ;
(18) while [u𝑏]𝑎 > [c𝑏]𝑔 do
(19) 𝑔 = 𝑔 + 1;
(20) if 𝐵(x̃(𝑗,𝑎𝑟)VT,𝑖 (𝑡𝑘)) ≤ 𝑁𝑚 then
(21) Assign: x̃(𝑗,𝑎𝑟)VT,𝑖 (𝑡𝑘) = x(𝑓,𝑔)VT,𝑖 (𝑡𝑘);
(22) 𝑎𝑟 = 𝑎𝑟 + 1;
(23) 𝐵 (x̃(𝑗,𝑎𝑟)VT,𝑖 (𝑡𝑘)) = 𝐵 (x̃(𝑗,𝑎𝑟)VT,𝑖 (𝑡𝑘)) + 1;
(24) Update number of particles:𝑁𝑃,𝑗,𝑖(𝑡𝑘) = 𝑎𝑟;
(25) for 𝑎 = 1 : 𝑁𝑃,𝑗,𝑖(𝑡𝑘) do
(26) Draw x̃(𝑗,𝑎)VT,𝑖(𝑡𝑘) from the Gaussian-Kernel;
(27) Assign: 𝑤(𝑗,𝑎)

𝑖 (𝑡𝑘) = 1/𝑁𝑃,𝑗,𝑖(𝑡𝑘);
Algorithm 2: Channel-SLAM resampling algorithm.

×
[[[[[[[[[[[[

x(𝑗)𝑢 (𝑡𝑘)
𝑁𝑃,𝑗,0(𝑡𝑘)∑

𝑎=1

𝑤(𝑗,𝑎)
0 (𝑡𝑘) x(𝑗,𝑎)VT,0 (𝑡𝑘)...

𝑁𝑃,𝑗,𝑁(𝑡𝑘)−1(𝑡𝑘)∑
𝑎=1

𝑤(𝑗,𝑎)

𝑁(𝑡𝑘)−1
(𝑡𝑘) x(𝑗,𝑎)VT,𝑁(𝑡𝑘)−1

(𝑡𝑘)

]]]]]]]]]]]]
.
(31)

4. Posterior Cramér-Rao Lower Bound

The PCRLB can be calculated by the inverse of the posterior
information matrix J(𝑡𝑘) and provides a lower bound of the
variance of a Bayesian estimator [50] with

E [(x̂ (𝑡𝑘) − x (𝑡𝑘)) (x̂ (𝑡𝑘) − x (𝑡𝑘))𝑇] = M (𝑡𝑘)≥ J (𝑡𝑘)−1 . (32)
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The inequality in (32) means that the difference M(𝑡𝑘) −
J(𝑡𝑘)−1 is a positive semidefinite matrix. For the performance
evaluation of a filter like Channel-SLAM with the system
equations of (10) and (11), the posterior information matrix
can be calculated recursively according to [51], with

J (𝑡𝑘) = D22 (𝑡𝑘)−D21 (𝑡𝑘) (J (𝑡𝑘−1) +D11 (𝑡𝑘))−1 D12 (𝑡𝑘) , (33)

where

D11 (𝑡𝑘)= −E [Δx(𝑡𝑘−1)
x(𝑡𝑘−1)

ln p (x (𝑡𝑘) | x (𝑡𝑘−1) , Ψ̇ (𝑡𝑘))] ,
D21 (𝑡𝑘) = −E [Δx(𝑡𝑘−1)

x(𝑡𝑘)
ln p (x (𝑡𝑘) | x (𝑡𝑘−1) , Ψ̇ (𝑡𝑘))]= D12 (𝑡𝑘)𝑇 ,

D22 (𝑡𝑘)= −E [Δx(𝑡𝑘)
x(𝑡𝑘)

ln p (x (𝑡𝑘) | x (𝑡𝑘−1) , Ψ̇ (𝑡𝑘))]− E [Δx(𝑡𝑘)
x(𝑡𝑘)

ln p (z (𝑡𝑘) | x (𝑡𝑘))] ,

(34)

where ∇𝑎 stands for the first-order partial derivatives with
respect to 𝑎 and Δ𝑏

𝑎 stands for the second-order partial
derivatives with Δ𝑏

𝑎 ≜ ∇𝑎∇𝑇
𝑏 . In order to calculate the

PCRLB, we use the transition model of Section 3.2.1. In case
of non-Gaussian noise and nonlinearity as in Section 3.2.2,
the expectation estimator in (34) has to be approximated
by Monte Carlo simulations. To calculate the PCRLB, we
combine the time-invariant transition model for the VTs
xVT(𝑡𝑘) as introduced in (14) and the transition model of the
receiver (35), with

x (𝑡𝑘) = (A𝑢 (𝑡𝛿, Ψ̇ (𝑡𝑘)) 0
0 I

)⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟
A(𝑡𝛿 ,Ψ̇(𝑡𝑘))

x (𝑡𝑘−1) + n𝑡 (𝑡𝑘) , (35)

where n𝑡(𝑡𝑘) ∼ N(0,Q(𝑡𝛿)) is the transition noise with
covariance matrix

Q (𝑡𝛿) = (Q𝑢 (𝑡𝛿) 0
0 0

) , (36)

whereQ𝑢(𝑡𝛿) is defined in (21).
Under the condition of a known control input Ψ̇(𝑡𝑘), see

[51], and using the linear transitionmodel of Section 3.2.1 and
Gaussian distributed transition noise of (36), we obtain for
(34)

D11 (𝑡𝑘) = A (𝑡𝛿, Ψ̇ (𝑡𝑘))𝑇Q (𝑡𝛿)−1 A (𝑡𝛿, Ψ̇ (𝑡𝑘)) ,
D12 (𝑡𝑘) = −A (𝑡𝛿, Ψ̇ (𝑡𝑘))𝑇Q (𝑡𝛿)−1
D22 (𝑡𝑘) = Q (𝑡𝛿)−1 + E [F (𝑡𝑘)] ,

(37)

where the matrix F(𝑡𝑘) is the snapshot based Fisher informa-
tion matrix. Substituting (37) into (33), we obtain

J (𝑡𝑘) = E [F (𝑡𝑘)] + (Q (𝑡𝛿)
+ A (𝑡𝛿, Ψ̇ (𝑡𝑘)) J (𝑡𝑘−1)−1 A (𝑡𝛿, Ψ̇ (𝑡𝑘))𝑇)−1 , (38)

using the matrix inversion lemma because of the singularity
ofQ(𝑡𝛿).

The snapshot based Fisher information matrix F(𝑡𝑘) in
(38) can be obtained by

[F (𝑡𝑘)]𝑘,𝑤 = {𝜕𝜇 (x (𝑡𝑘))𝐻𝜕 [x (𝑡𝑘)]𝑘 R−1 (𝑡𝑘) 𝜕𝜇 (x (𝑡𝑘))𝜕 [x (𝑡𝑘)]𝑤} , (39)

with the covariance matrix R(𝑡𝑘), and𝜇 (x (𝑡𝑘)) = [𝑑0 (𝑡𝑘) , . . . , 𝑑𝑁(𝑡𝑘)−1
(𝑡𝑘)] , (40)

with the propagation lengths 𝑑𝑖(𝑡𝑘) of (16) for the 𝑖th MPC.

5. Evaluations Based on Measurements

This section evaluates the derived algorithmbased on channel
measurements on an airfield in front of a hangar with a single
static physical transmitter and a moving pedestrian as shown
in Figure 6. Figure 6 provides the scenario by a top view with
the physical transmitter position in red, the track in blue, the
starting position in green, and the end position in magenta.
The measurements are conducted using the MEDAV RUSK-
DLR broadband channel sounder in single-input single-
output (SISO)modewith themeasurement setup as indicated
in Figure 7. The transmitter and receiver are connected to
the same rubidium clock to prevent time drifts during the
measurements.The static physical transmitter emits a 10mW
multitone signal (see [52]) with𝑁 = 1281 subcarriers having
equal gains at a center frequency of 1.51 GHz and a bandwidth
of 𝐵 = 100MHz. On the receiver side, the CIR snapshots
are repeatedly measured every 𝑇𝑔 = 1.024ms. As shown
in Figure 7, the receiving antenna is mounted on a pole
attached on the backpack of the pedestrian. Additionally, the
pedestrian is equippedwith a hand-held equipment including
a Xsense IMU (MTI-G-700) and a laptop which stores the
IMU measurements. In order to obtain the ground truth
of the pedestrians movement, a prism is mounted next to
the antenna at the pole above the pedestrian. The prism is
tracked by a tachymeter (TPS1200 from Leica Geosystems
AG) which sends the measured coordinates to the laptop
that records the coordinates simultaneously with the IMU
measurements. The tachymeter gives a nominal accuracy
in the subcentimeter domain. To synchronize all devices,
the laptop is additionally connected by cable to the channel
sounder. Thus, we are able to obtain the ground truth of
the pedestrian for each captured CIR snapshot. Although the
synchronization between the IMU and the channel sounder
might be in the ms scale only, the influence on the position
estimation is negligible because of the low pedestrian speed
of around 0.7m/s.
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Figure 6: Measurement scenario with a fixed transmitter and a moving receiver (pedestrian). The pedestrian moves on the blue track for
155 s, in total 111m.The starting position and end position are indicated by the green and magenta circles. The metalized doors of the hangar
and the chain-link fences act as reflecting surfaces for the transmitted wireless signal. Hence, we can calculate the corresponding VT positions
by mirroring the physical transmitter position on the reflecting surfaces.

Prism for
tachymeter

Receiving antenna

Hand-held
equipment

Transmitter
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Rubidium
clock
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Figure 7: Measurement setup: transmitter and receiver use the same rubidium clock for synchronization. The receiving antenna is mounted
on a stick next to a prism formeasuring the ground truth of themoving pedestrian. Additionally, the pedestrian is holding a hand-held device
which consists of an IMU and a laptop.

The pedestrian is moving on the indicated blue track of
Figure 6 for 155 s or 111m in front of a hangar with metalized
doors. During the whole pedestrian movement, the LoS path
between transmitter and receiver is present. Figure 8 shows
the recorded CIRs versus the pedestrian moving time in
seconds, where the time delays of the CIRs are multiplied by
the speed of light, thus, in meters.

In order to exploit the multipath propagation for posi-
tioning, we have to estimate and track the MPCs over time.
Hence, the accuracy of Channel-SLAM relies directly on the

accuracy of the CIR estimations of KEST. Channel-SLAM
considers an underdetermined system; therefore, long visible
paths are preferable.Thus for the evaluations, we extract from
the KEST estimates only the long visible paths as visualized
in Figure 9 (Channel-SLAM could use all detected MPCs;
however, this would increase the computational complexity).
Figure 9 shows the estimation results of KEST for the CIR
versus the pedestrian moving time in seconds. The black
circled line in Figure 9 indicates the geometrical line-of-
sight (GLoS) path delay, which matches perfectly with the
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Figure 8: Recorded CIRs versus the pedestrian moving time in seconds.
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Figure 9: Estimation results of KEST for the CIR versus the pedestrian moving time in seconds where only long tracked paths are visualized.
Additionally it shows the calculated propagation paths of the GLoS path and paths of VT1, VT2, VT3, and VT4.

KEST estimates for the first path. Additionally, other MPCs
can be tracked by KEST for a long time. The metalized
doors of the hangar act as a reflecting surface for the
transmitted wireless signal. We can obtain the position of
VT1 by mirroring the physical transmitter on the reflecting
surface as mentioned in Section 2. Additionally, the chain-
link fences indicated by Fence 1, Fence 2, and Fence 3 act
as reflecting surfaces. We obtain VT2, VT3, and VT4 by
mirroring the physical transmitter position at Fence 1, Fence
2, and Fence 3. The positions of the hangar, Fence 1, Fence
2, and Fence 3 are measured using the tachymeter; thus,
we are able to calculate the positions of VT1, VT2, VT3,
and VT4. Please note that VT4 is not shown in Figure 6.
Based on the calculated VT positions, we are able to calculate
the hypothetical propagation distances between these VTs
and the moving pedestrian. We can see that they match the
KEST estimates as indicated by the black lines in Figure 9.
The measurement scenario considers only one time signal

reflections. For examples on VTs with multiple number of
reflections, diffractions, or scattering, please see [31].

The evaluations are performed using 𝑁𝑠 = 2000 par-
ticles in the superPF, whereas the number of particles for
the subPFs for each MPC is different depending on the
estimated delay of each MPC. Channel-SLAM obtains the
measurements z(𝑡𝑘) from KEST and the heading changeΨ̇(𝑡𝑘) from the IMU every 𝑡𝛿 = 0.1 s. For the initialization
of Channel-SLAM, we use prior information p(x𝑢(𝑡0)). The
prior information includes the starting position and moving
direction, whereas the speed is initialized using a uniform
distribution between 0m/s and 1m/s. Please note that an
unknown starting position and direction or larger initial
uncertainties may result in a biased and rotated coordinate
system in the estimation. We empirically set Δ 𝑑 = 1m.
Since Channel-SLAM has no knowledge of the physical
transmitter position, Channel-SLAM estimates the position
of the physical transmitter as a VT. During the pedestrian
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Figure 10: RMSE𝑢(𝑡𝑘) versus the pedestrian moving time in seconds for Dynamic-Channel-SLAM-1, RBPF-Channel-SLAM-1, VT-
Knowledge-Algo-1, and the PCRLB.

movement, the number of tracked MPCs changes which
results in removing and initialization of subPFs during the
movement. Additionally, because Channel-SLAM does not
consider retracking of previous MPCs, for example, the
MPCs of VT1 andVT3 which are trackedmultiple times, they
are initialized without any prior information.

To see the positioning performance of Channel-SLAM,
we compare the following algorithms and bounds:

(i) Dynamic-Channel-SLAM: it is a Channel-SLAM
implementation using the dynamical adaptation of
the number of particles as introduced in Section 3.4
where we limit the number of particles per bin to𝑁𝑚 = 30 and the grid size to Δ 𝑑 = 1m.

(ii) RBPF-Channel-SLAM: it is similar to Dynamic-
Channel-SLAM, however, without using the dynami-
cal adaptation of the number of particles.

(iii) VT-Knowledge-Algo: it is a positioning algorithm
with perfect knowledge of all VT positions rVT,𝑖(𝑡𝑘)
and additional propagation lengths 𝑑VT,𝑖. Because the
measurement scenario considers only one time reflec-
tions, VT-Knowledge-Algo reflects algorithms of [24,
53] which consider reflected signals as signals emitted
from VTs, where the VT positions are precalculated
based on the knowledge of the reflecting surface
and physical transmitter positions. VT-Knowledge-
Algo can be seen as a lower bound for Channel-
SLAM. Similarly to Channel-SLAM, VT-Knowledge-
Algo uses the delays of the estimated MPCs provided
by KEST as input, assumes the knowledge of starting
position and direction, and is implemented using a PF
with𝑁𝑠 = 2000 particles.

(iv) PCRLB: it is as the PCRLB derived in Section 4 using𝜎2
𝑞𝑢

= 5 ⋅ 10−4 m2/s3, the standard deviation 𝜎𝑧(𝑡𝑘) for

eachMPC fromKEST, and the prior like theChannel-
SLAM algorithms.

The above-mentioned algorithms are evaluated using
the Gaussian-Transition-Model of Section 3.2.1 indicated by
index 1 and the Rician-Transition-Model of Section 3.2.2
indicated by index 2, for example, RBPF-Channel-SLAM-1
and RBPF-Channel-SLAM-2 for RBPF-Channel-SLAM. For
the Gaussian-Transition-Model we set the continuous-time
process noise intensity to 𝜎2

𝑞𝑢
= 5 ⋅ 10−4 m2/s3 and for the

Rician-Transition-Model we set the standard deviation of the
heading noise of (25) to 𝜎Φ(𝑡𝑘) = 0.1∘ and the scale parameter
of the velocity of (24) to 𝜎𝑚(𝑡𝑘) = 0.025m/s.

Figure 10 shows the root mean square error (RMSE)
RMSE𝑢(𝑡𝑘) = √E{‖r𝑢(𝑡𝑘) − r̂𝑢(𝑡𝑘)‖2} of the estimated pedes-
trian position r̂𝑢(𝑡𝑘) versus the pedestrian moving time
for Dynamic-Channel-SLAM-1 in magenta, RBPF-Channel-
SLAM-1 in cyan, and VT-Knowledge-Algo-1 in yellow and
the black line indicates the PCRLB. Because the PF includes
randomness, the position estimates differ for each evaluation
unless the number of particles is infinite even if the same
measurement data are used. Therefore, we perform 200
independent evaluations based on the same measurement
data. For the evaluations we add an artificial clock bias
to the measurements to verify the clock bias estimation
capabilities. Because of the initialization of the receiver posi-
tion using prior knowledge, all algorithms perform similarly
at the beginning of the track where the position error is
rather low. Afterwards, RMSE𝑢(𝑡𝑘) is varying between 0.6m
and 4m for Dynamic-Channel-SLAM-1 and RBPF-Channel-
SLAM-1. VT-Knowledge-Algo-1 can be interpreted as a lower
bound and estimates the receiver position with the lowest
RMSE. Between 70 s and 90 s of the receiver movement, VT-
Knowledge-Algo-1 has a slightly higher RMSE which might
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Figure 11: Total number of particles𝑁𝑡(𝑡𝑘) versus the pedestrianmoving time in seconds forDynamic-Channel-SLAM-1 andRBPF-Channel-
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be due to the nonperfect reflecting surfaces, KEST estimation
errors, or small inaccuracies in the calculations of the VT
positions. Furthermore, we see that we obtain a similar RMSE
forDynamic-Channel-SLAM-1 andRBPF-Channel-SLAM-1.
However, if we have a look on the number of used particles,
as shown in Figure 11, we see a major computational perfor-
mance gain of the Dynamic-Channel-SLAM-1 compared to
RBPF-Channel-SLAM-1. Figure 11 shows the total number
of particles 𝑁𝑡(𝑡𝑘) calculated according to (30) for 𝑁𝑝 =2000 versus the pedestrian moving time. At the beginning,
both Channel-SLAM algorithms are initialized with the same
number of particles. As soon as the pedestrian is moving, the
estimations of the VT positions are converging resulting in a
reduction of the number of particles for Dynamic-Channel-
SLAM-1. When new MPCs are tracked (see Figures 9 and
11), the total number of particles𝑁𝑡(𝑡𝑘) increases and reduces
afterwards during runtime. Especially at the end of the track,
Dynamic-Channel-SLAM-1 uses 40 times less particles than
RBPF-Channel-SLAM-1.

As mentioned before, the black line in Figure 10 indi-
cates the PCRLB. The PCRLB shows the theoretical per-
formance bound which has on average a 2-3 times lower
RMSE than Dynamic-Channel-SLAM-1 and RBPF-Channel-
SLAM-1. However, the curve shapes of the PCRLB, Dynamic-
Channel-SLAM-1, and RBPF-Channel-SLAM-1 are similar.
By increasing the number of particles, the RMSEofDynamic-
Channel-SLAM-1 and RBPF-Channel-SLAM-1 might be
decreased. Additionally, the PCRLB shows a theoretical limit
which is not affected by estimation inaccuracies of KEST
caused by nonperfect reflecting surfaces or DMCs.

Figure 12 shows the RMSE for Dynamic-Channel-
SLAM-1 in magenta, RBPF-Channel-SLAM-1 in cyan, VT-
Knowledge-Algo-1 in yellow, Dynamic-Channel-SLAM-2 in
blue, RBPF-Channel-SLAM-2 in red, and VT-Knowledge-
Algo-2 in green. Similarly to Figure 12, we see that we

obtain a similar RMSE for Dynamic-Channel-SLAM-1 and
RBPF-Channel-SLAM-1. Additionally, we see a significant
performance gain in the position accuracy by comparing
the different transition models. Similarly to Figure 12, VT-
Knowledge-Algo-1 has between 80 s and 90 s a slightly higher
RMSE because of the same reasons stated before. Further-
more, we see as well that we obtain a similar RMSE for
Dynamic-Channel-SLAM-1 and RBPF-Channel-SLAM-1.

Figure 13 shows the enlarged measurement scenario with
estimated PDFs for the physical transmitter, VT1, VT2, and
the pedestrian position. Whereas the PDFs of the physical
transmitter, VT2, and pedestrian position are the estima-
tion results at the end of the track, the PDFs of VT1 are
the estimation results when the tracking of the MPC is
lost, that is, after 75 s. We see that especially the physical
transmitter and VT2 position can be estimated with a low
uncertainty. Additionally, Figure 13 shows two examples
of the MMSE point estimates of the receiver position for
Dynamic-Channel-SLAM-2 in red, VT-Knowledge-Algo-2
in green, and ground truth of the track in blue.We see that we
obtain similar position estimation results for both algorithms.

6. Conclusions

In this paper, we extended the work on multipath assisted
positioning, called Channel-SLAM. The new positioning
method takes advantage of the multipath components
(MPCs) instead of mitigating them. In the proposed
approach,multipath signals are treated as signals from virtual
transmitters (VTs), where the locations of these VTs are
unknown. To improve the accuracy of Channel-SLAM, an
inertial measurement unit (IMU) is used to obtain head-
ing information of the moving receiver. Furthermore, we
investigate a novel particle filter (PF) implementation which
adapts the number of particles during runtime.Measurement
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results show that accurate position estimation is possible
without the knowledge of the physical transmitter position.
Hence, the new algorithm does not rely on prior information
such as the room layout or information collected in a
database for fingerprinting except for the initial position and

direction. We compare the position accuracy of Channel-
SLAM to that of a derived posteriorCramér-Rao lower bound
(PCRLB). Additionally, we obtain similar position estimation
results with Channel-SLAM and an algorithm with perfect
knowledge of all VT positions.



Mobile Information Systems 17

Conflicts of Interest

The authors declare that there are no conflicts of interest
regarding the publication of this paper.

Acknowledgments

This work has been performed in the framework of the DLR
project Navigation 4.0 and the European Union Horizon
2020 Research and Innovation Programme under Grant
Agreement no. 636537,HIGHTS (High Precision Positioning
for Cooperative-ITS Applications).

References

[1] S. Banville and F. Van Diggelen, Innovation: Precise Positioning
Using Raw Gps Measurements from Android Smartphones, GPS
World, 2016.

[2] H. Liu, H. Darabi, P. Banerjee, and J. Liu, “Survey of wireless
indoor positioning techniques and systems,” IEEE Transactions
on Systems, Man and Cybernetics C, vol. 37, no. 6, pp. 1067–1080,
2007.

[3] L. Mainetti, L. Patrono, and I. Sergi, “A survey on indoor
positioning systems,” in Proceedings of the 22nd International
Conference on Software, Telecommunications and Computer
Networks, SoftCOM 2014, pp. 111–120, September 2014.

[4] D.Dardari, P. Closas, and P.M.Djuric, “Indoor tracking: theory,
methods, and technologies,” IEEE Transactions on Vehicular
Technology, vol. 64, no. 4, pp. 1261-1262, 2015.

[5] N. Li and B. Becerik-Gerber, “Performance-based evaluation
of RFID-based indoor location sensing solutions for the built
environment,” Advanced Engineering Informatics, vol. 25, no. 3,
pp. 535–546, 2011.

[6] A. H. Sayed, A. Tarighat, and N. Khajehnouri, “Network-based
wireless location: challenges faced in developing techniques for
accurate wireless location information,” IEEE Signal Processing
Magazine, vol. 22, no. 4, pp. 24–40, 2005.

[7] Y. Zhao, “Standardization of mobile phone positioning for 3G
systems,” IEEE Communications Magazine, vol. 40, no. 7, pp.
108–116, 2002.

[8] K. Kaemarungsi and P. Krishnamurthy, “Properties of indoor
received signal strength for WLAN location fingerprinting,” in
Proceedings of the 1st Annual International Conference onMobile
and Ubiquitous Systems: Networking and Services (MOBIQUI-
TOUS ’04), pp. 14–23, August 2004.

[9] M. Z. Win and R. A. Scholtz, “Characterization of ultra-
wide bandwidth wireless indoor channels: A communication-
theoretic view,” IEEE Journal on Selected Areas in Communica-
tions, vol. 20, no. 9, pp. 1613–1627, 2002.

[10] A. F. Molisch, D. Cassioli, and C.-C. Chong, “A comprehensive
standardized model for ultrawideband propagation channels,”
IEEE Transactions on Antennas and Propagation, vol. 54, no. 11,
pp. 3151–3166, 2006.

[11] C. Steiner and A. Wittneben, “Low complexity location fin-
gerprinting with generalized UWB energy detection receivers,”
IEEE Transactions on Signal Processing, vol. 58, no. 3, part 2, pp.
1756–1767, 2010.

[12] B. W. Parkinson and J. J. Spilker Jr., Global Positioning Sys-
tem:Theory and Applications, American Institute of Aeronautics
and Astronautics Inc., 1996.

[13] A. J. van Dierendonck, P. Fenton, and T. Ford, “Performance
Evaluation of the Multipath Estimating Delay Lock Loop,”
Journal of the Institute of Navigation, vol. 39, no. 3, pp. 265–284,
1992.

[14] L. Garin, F. van Diggelen, and J. M. Rousseau, Strobe & Edge
Correlator Multipath Mitigation for Code, 1996.

[15] G. A. McGraw and M. S. Braasch, GNSS Multipath Mitigation
using Gated and High Resolution Correlator Concepts, 1999.

[16] B. R. Townsend, P. C. Fenton, K. J. VanDierendonck, andD. J. R.
Van Nee, “Performance Evaluation of the Multipath Estimating
Delay Lock Loop,” Navigation, vol. 42, no. 3, pp. 502–514, 1995.

[17] F. Antreich, J. A. Nossek, and W. Utschick, “Maximum likeli-
hood delay estimation in a navigation receiver for aeronautical
applications,” Aerospace Science and Technology, vol. 12, no. 3,
pp. 256–267, 2008.

[18] B. Krach, P. Robertson, and R. Weigel, “An efficient two-fold
marginalized bayesian filter for multipath estimation in satellite
navigation receivers,” Eurasip Journal on Advances in Signal
Processing, vol. 2010, Article ID 287215, 2010.

[19] P. Closas, C. Fernández-Prades, and J. A. Fernández-Rubio, “A
bayesian approach to multipath mitigation in GNSS receivers,”
IEEE Journal on Selected Topics in Signal Processing, vol. 3, no.
4, pp. 695–706, 2009.

[20] W. Wang, T. Jost, C. Gentner, S. Zhang, and A. Dammann,
“A semiblind tracking algorithm for joint communication and
ranging with OFDM signals,” IEEE Transactions on Vehicular
Technology, vol. 65, no. 7, pp. 5237–5250, 2016.

[21] M. Triki, D. T. M. Slock, V. Rigal, and P. François, “Mobile
terminal positioning via power delay profile fingerprinting:
Reproducible validation simulations,” in Proceedings of the 2006
IEEE 64th Vehicular Technology Conference, VTC-2006 Fall, pp.
2840–2844, September 2006.

[22] E. Kupershtein, M. Wax, and I. Cohen, “Single-site emitter
localization via multipath fingerprinting,” IEEE Transactions on
Signal Processing, vol. 61, no. 1, pp. 10–21, 2013.

[23] Y. Shen and M. Z. Win, “On the use of multipath geometry
for wideband cooperative localization,” in Proceedings of the
2009 IEEE Global Telecommunications Conference, GLOBE-
COM 2009, December 2009.

[24] P. Meissner, E. Leitinger, and K. Witrisal, “UWB for robust
indoor tracking: weighting of multipath components for effi-
cient estimation,” IEEEWireless Communications Letters, vol. 3,
no. 5, pp. 501–504, 2014.

[25] M. Zhu, J. Vieira, Y. Kuang, K. Åström, A. F. Molisch, and F.
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Received 16 February 2017; Revised 27 May 2017; Accepted 13 July 2017; Published 24 August 2017

Academic Editor: Antonio de la Oliva
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In mobile phones, the awareness of the user’s context allows services better tailored to the user’s needs. We propose a machine
learning based method for semantic labeling that utilizes phone usage features to detect the user’s home, work, and other visited
places. For place detection, we compare seven different classification methods. We organize the phone usage data based on periods
of uninterrupted time that the user has been in a certain place. We consider three approaches to represent this data: visits, places,
and cumulative samples. Our main contribution is semantic place labeling using a small set of privacy-preserving features and
novel data representations suitable for resource constrained mobile devices. The contributions include (1) introduction of novel
data representations including accumulation and averaging of the usage, (2) analysis of the effect of the data accumulation time
on the accuracy of the place classification, (3) analysis of the confidence on the classification outcome, and (4) identification of
the most relevant features obtained through feature selection methods. With a small set of privacy-preserving features and our
data representations, we detect the user’s home and work with probability of 90% or better, and in 3-class problem the overall
classification accuracy was 89% or better.

1. Introduction

The use of smartphones has dramatically changed during
the last decade. Whereas only 1% of worldwide population
owned a smartphone in 2006 [1], now the number has
reached 24% [2]. Mobile phones have become the most
personal computing device. Users carry them continuously
throughout the day and expect them to deliver meaningful
services on the move. In order to provide a more personal
and relevant user experience, mobile services can benefit
from knowledge about the user’s context. Context sensing
can deliver new ways in how people interact with mobile
devices by making the devices appear to be more human and
personal. Intelligent devices can recognize the user, adapt to
the user and the user’s context, and learn to be proactive.

The most well-known context-aware applications are
location-based services [3]. The location is usually repre-
sented by a set of coordinates defining a point or area
on the Earth. This representation does not provide direct
information about the meaning and relevance of a place to
the user. Although in some locations it may be possible to use
reverse geocoding to infer the type of the place, it is difficult to
infer the meaning of the place for each user as the same place
can have different meaning for different people. For example,
a gas station might mean a frequent visited place, a work
place, or just a nearby place during the daily commute. By
leveraging the sensing capabilities of today’s mobile phones,
it is feasible to build a model that provides context related
information about the user location.
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This work aims to provide a reliable method to infer
the meaning of the visited places of mobile phone users.
We propose a machine learning based method for semantic
labeling that utilizes phone usage features to detect the user’s
home, work, and other visited places. Our proposal provides
better understanding of the user’s location context and allows
mobile phones to deliver more personalized and intelligent
services and applications to users. For example, applications
that are aware of the user’s semantic location could allow the
user to set reminders to phone to trigger when leaving home,
arriving to work, or going to a frequently visited place, or to
set automatic functions based on current place, for example,
changing profiles or silencing phone.

In this work we develop a system to learn and label a
user’s places based on phone usage and analyze the effects
of different choices of data representation. Our goal is an
automatic method for detecting places of a user by applying a
classification model learned from the data of the other users.
This is similar to a use case where the earlier users of an
application have contributed to the model by providing their
data, and later, using the model, the application labels the
data of the new users. Our contributions include (1) the intro-
duction of novel data representations including accumulation
and averaging of the usage data and performance results
based on the proposed data representations, (2) analysis of
the effect of the data accumulation time on the accuracy
of the place classification, (3) analysis of the confidence on
the classification outcome, and (4) identification of the most
relevant features obtained through feature selectionmethods.

For training and model assessment we use two data sets.
One of these is the Mobile Data Challenge (MDC) database
[4, 5], where about 200 users used Nokia N95 devices
normally for time spans between 3 and 18 months. The data
includes logs of phone calls and SMS, calendar entries, multi-
media displayed, GPS information when available, network
information, and system information (e.g., battery status,
device inactive time). The other data set is smaller: it covers
a shorter time span (1–3 months) and includes labeled data
of 16 users. This data includes information on similar phone
usage and activity patterns as the MDC data, but there are
differences in what is measured and how the observations are
processed before storing them,which alsomakes the available
features different. Using the aforementioned data, we use
supervised learning methods to create a place detection
algorithm that estimates the semantic label of the current
place based on the phone’s current usage features.

The rest of this article is organized as follows. In Section 2
we outline the background of our work, highlighting the
current needs for place detection. In Section 3 we present the
data and features used in this work. Section 4 describes the
methods used in the analyses and comparisons in this work:
the data preprocessing and the data representations, different
classification methods, the cross-validation method used
in the comparisons, feature selection methods, and finally
methods for assessing the confidence in the classification
result. Section 5 presents the results of the analyses and
comparisons. In Section 6, we discuss the findings of this
work and summarize its similarities and differences to the
related work. Finally, in Section 7 we conclude the article.

2. Related Work

Research on context-aware systems began in earnest in the
early 1990s [10]. Context can refer to any information that
can be used to characterize the situation of an entity, where
an entity can be a person, place, or physical or computational
object [11]. To infer a user’s context, we use sensor informa-
tion. Following Baldauf et al. [11], the notion of a sensor is
generalized to encompass any data source. We distinguish
three types of sensors.

Physical sensors are devices that detect and respond to
input from the physical environment and capture physical
data.

Virtual sensors capture contextual information from
applications and services.They can be based on local services
(e.g., calendar) or external services (e.g., weather forecast).

Logical sensors provide contextual information by com-
bining information from physical and virtual sensors.

Most existing context-aware systems consider physical
sensors [12], including the sensors related to the user’s
position, such as GPS, accelerometer, gyroscope (allowing,
e.g., activity recognition) [13, 14], or sensors that measure the
properties of the user’s environment, such as magnetic field,
light, or properties of various radio signals [15, 16]. Regarding
virtual sensors, one of the most used sensors is the user’s
language. For instance, Google provides developers with
the user’s language through function getDisplayLanguage
in the Android Developers API [17]. Other context related
information can be provided tomobile applications in similar
fashion.

Researchers have pointed out that, in addition to sensors,
the usage of mobile phones can provide meaningful infor-
mation about the user’s context [6–8, 18]. Do and Gatica-
Perez [18] assert that the user’s context can be inferred based
on the usage of applications (e.g., calls, e-mail, and web
browser). Rahmati et al. use the smart phone’s context infor-
mation including time, day, movement information from
accelerometer, cell ID location, and GPS location together
with usage context (the prior visited web site, phone call, and
application) to predict the next usage of the phone [19].

In this work we continue that line of research by studying
the association between the usage of mobile phones and the
user’s context. More concretely, we investigate the main chal-
lenges and possible solutions for place detection, a particular
case of semantic labeling. Place detection provides important
information to improve context-aware applications.

Aiming at improving current place labeling techniques,
we apply different supervised learning methods on mobile
phone usage log data to findmodels that, based on themobile
phone usage patterns, allow assigning semantic labels to the
places the user visits.Thepreliminary results of ourwork have
been presented in [20].This paper enhances the contributions
of [20] in the following aspects: (1) we introduce here
third data representation and cumulative samples; (2) in the
analysis, we use two data sets instead of only one; (3) we
provide results on the effect of the accumulation time of the
cumulative samples on the accuracy of the classifier models
that we use to provide the place labels; (4) we use sequential
feature selection to decrease the computational load and
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to improve the accuracy in the prediction phase when the
classifier models are used to predict the place label; (5) we
study the assessment of the confidence of the classification
results; (6) we enhance the set of classification methods we
used for the analysis to include also support vector machines
and logistic regression.

Other works have been carried out with similar goals to
ours [6–9, 21], that is, semantic place prediction, and use
data derived from the same database as data set #1 in our
work. They differ from our work in the following aspects:
the number of features we used for our classification method
is only 14 at most, while the other works use more features;
we use different classifiers; while the other papers classify all
the 10 labels available in data set #1, we prioritize recognizing
Home and Work and therefore combine all the less frequent
labels to one label Other; and we present a comparison
between three different data representation schemes: visits,
places, and cumulative samples. We also show that the
accuracy can be improved by selecting a subset of the most
relevant features to be used in the classification model and
we study the benefit of rejecting classification results that
obtain low confidence ranking from the classifier. Since its
publication, the MDC data set has been extensively used
in research. In addition to the semantic place prediction, it
has been used, for example, in research of mobility patterns
of phone users [22–24] and in human mobility prediction
(prediction of the next location) [25, 26].

The research presented in this paper was conducted as
part of the related work for the creation of the Place Monitor
API of the Lumia SensorCore SDK [27]. The SDK is a
collection of APIs to providemeaningful activity and location
data from sensors that run constantly in the background in a
low power mode.

3. Description of Data Sets

We used two different data sets for learning and predicting
semantic place labels. In this section we describe the data and
identify the most relevant features for place detection.

3.1. Data Set #1. Data set #1 is obtained from the MDC
database made available by Idiap Research Institute, Switzer-
land, and owned by Nokia [4, 5]. The data set contains
Nokia N95 smart phones usage data, collected by nearly
200 users over time periods that for many users exceed one
year [5]. The information about the usage of the phones
was automatically collected and anonymized. After the data
collection, a clustering algorithm was used to identify the
most relevant places for each user, that is, places that the user
visited often and spent lot of time. These places the users
labeled manually [9]. As our main focus was in the detection
of Home and Work where people usually stay longer times,
we extracted for our tests the data that was collected during
the visits where the user stayed at least 20 minutes in the
same place. The time intervals of these visits are defined in a
database table visits 20min.csv, which is included in the
MDC database, and it defines the start and end times, user
ID, and place ID for more than 55,000 visits (see Figure 1).
The place labels for the place IDs are defined in a separate

Make queries

System

Call logs

Accel activity

Definitions
for DB queries

Compute features
(3 different data
representations)

Start times,
end times,
user ids,
place labels

visits_20min.csv

places.csv

Figure 1: Obtaining data for feature computation.

MDC database table places.csv. The place in the database
is defined so that it corresponds to a circle with 100m radius
[5].

Based on these data, we queried from the database the
following phone usage data for each visit, that is, for a given
user, all data entries between the start and end times of the
visit:

(i) System data, including battery and charging status and
counter for inactive time

(ii) Call log, including durations of each phone call
(iii) Acceleration based activity data, including accelerom-

eter based estimates of the user’s motion mode: idle/still,
walk, car/bus/motorbike, train/metro/tram, run, bicycle, or
skateboard. Due to the large area covered by a place, it is
possible that the data from one place contains also significant
amount of mobility, for example, walking or even being in a
moving vehicle.

From these data entries, we computed for each visit the
features to be used in the classification task. We decided to
use only such sensor data that can be assumed to be available
also for a real time application on a phone without violating
the privacy of the user. Our feature list includes the following:

(i) duration: duration of the visit in seconds
(ii) startHour: time of the day when the visit started
(0, 1, . . . , 23)

(iii) endHour: time of the day when the visit ended
(0, 1, . . . , 23)

(iv) nightStay: proportion of the visit duration that is
between 6 pm and 6 am

(v) batteryAvg: average battery level
(vi) chargingTimeRatio: proportion of the visit duration

when the charging has been on
(vii) sysActiveRatio: proportion of the visit duration when

the system has been active
(viii) sysActStartsPerHour:number of status changes from

system inactive to system active divided by the visit duration
in hours.

For features related to calls, both incoming and outgoing
voice calls are taken into account:

(i) callsTimeRatio: the ratio of accumulated duration of
calls to the duration of the visit

(ii) callsPerHour: number of calls divided by the visit
duration in hours.
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The features related to accelerometer based motionmode
detection were computed using the reported motion modes.
However, as the report for one time instance may include
several different modes and includes also their probabilities,
we used the probabilities to weight the times for the motion
modes:

(i) idleStillRatio: proportion of the visit durationwhen the
status is idle/still

(ii) walkRatio: proportion of the visit duration when the
status is walk

(iii) vehicleRatio: proportion of the visit duration when
the status is car/bus/motorbike or train/metro/tram

(iv) sportRatio: proportion of the visit duration when the
status is run, bicycle, or skateboard.

In addition to these 14 calculated features, we also saved
the place label and user ID to be used in the training and
testing of the models:

(i) placeLabel: three possible labels:Home,Work, orOther
(the last includes all the generally less frequent places, such as
friend’s home, transportation, and restaurant)

(ii) userId: each data sample includes a unique user
identifier.

TheMDCdata includes place labels that were provided by
users [9]. First, the data were collected and the relevant places
for each user were clustered. In a later stage, users were shown
all the places on a map and were asked to label these places.
We only consider places labeled with certainty and left out
those places that users were not sure about or did not label.

In total, the visits data includes 55,932 labeled visits by 114
distinct users. From the visits, 28,921 instances are to Home
(52% of all visits), 21,697 instances to Work (38%), and 5,314
instances to Other places (10%).

3.2. Data Set #2. Data set #2 was provided by Microsoft and
collected by 16 users working in the ICT field. The average
time the participants collected data was 26 days and the
maximum time was 64 days. The description and results on
this data set have not been published earlier.

In this data set, the data was associated with places. The
place was identified by its physical location, obtained, for
example, from the GNSS receiver or cellular network based
positioning.The first time the user visited a place, a new data
entry for that place was created. Every time the user visited a
once created place, the phone accumulated time counters for
several status variables. The stay time was the accumulated
time the phone was observed to be in the place and night
stay was the accumulated time the phone was there between
6 p.m. and 6 a.m.

The accumulated times included also the times with the
motion states idle, stationary, moving, walking, and vehicle, all
determined by the sensors of the phone. The third group of
times recorded included phone usage data: time with display
on and charging times, time spent on calling, and time with
headset on.

In addition to these, the total time since the place data
entry was created was recorded. To the place data, the
user-given semantic label, such as Home or Work was also
associated.Thephysical location of the placewas not included
in the data. Twice a day, when a data connection was possible,

the phone application sent the recorded time countervalues
to a server. Thus the database included the history of
the countervalues that were sampled at approximately 12 h
intervals. This data set differs significantly from data set #1
in that the individual visits to a place cannot be detected or
counted and neither can the individual phone calls or activity
starts. From this data, we computed the features to be used in
classification by dividing the time countervalues by the total
time. Similarly, as with data set #1, we lumped all other user-
given place labels, except Home and Work, to the third label
Other.

In total, data set #2 includes 5,605 labeled samples by 16
distinct users. From these samples, 1,747 cases (31% of all
visits) are labeled with Home, 1,482 with Work (26%), and
2,376 with Other (42%). Each sample consists of 11 features
related to stay, activities, and phone usage and additional
information such as user id, place label, and total time
recorded for the location.

With both data sets #1 and #2, regarding the accelerome-
ter based recognition of themotion state or activity, we rely on
the output of the motion or activity recognition functions of
the phone applications and data set providers. The reliability
statistics of the functions are not known to us. For our
classification functions, the possible errors in these features
are noise in the data.

4. Methods

We consider three alternatives for the data representation:
visits data representation, places data representation, and
cumulative samples; these terms are explained in Section 4.1.
Once the data is extracted from the database in the repre-
sentation schemas, we apply seven well-known classification
methods. Our goal is to determine which classification
method and which data representation approach is the best
for the semantic labeling of places.We also describe the cross-
validation method we used to assess the performance of the
classification, the sequential feature selection method used
to improve the accuracy and to assess the significance of the
individual features, and the approach used for assessing the
confidence in the classification results.

4.1. Data Representations. In this paper, we consider three
different approaches to represent the data.The visits approach
uses the features computed for each visit as such, so that the
data includes several samples of one user’s visits to each of
the user’s places. That means that there is one tuple for each
location-user-event. Therefore, a user visiting home 3 times
adds three tuples to the learning data. From data set #1, we
extract 55,932 labeled visits by 114 users.

The places approach combines all the visits of one user to
one place into a single summarized sample. That means that
there is one tuple for each location-user, which is calculated
combining all the relevant visit tuples. The idea is to assume
that different users tend to use their phones in similar ways
in semantically similar places, for instance, at home. From
data set #1, we extract 295 labeled places by 114 users. For
instance, if a user visited home ten times in a week, the
visit data representation creates ten different data instances,
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Figure 2: Example: time tags, durations, and place labels for computing features related to phone calls and night stay. The time of the 𝑗th
cumulative sample is 𝑡cs(𝑗).

while the place data representation combines the ten visit data
instances into one place data instance. The visits and places
representations are available only for data set #1.

The third data representation includes cumulative sam-
ples of the features. This representation is the native repre-
sentation of data set #2; that is, it includes the accumulated
times of staying and phone usage in a place by one user. To
obtain similar samples from data set #1, we computed the
accumulated times of stay, activities, and phone usage for
each user-place combination.We took samples of these accu-
mulated times at 12 h intervals and divided them by the total
times since the first sample of the user-place combination.
The 9 features of data set #1 that were converted to cumulative
samples are the following: stay, nightStay, charging, sysActive,
calling, idleStill, walking, vehicle, and sport.

Figure 2 and Algorithm 1 illustrate the computation
of the different data representations for features related to
phone calls and night stay. Feature nightStay is chosen as
an example because it is computed differently from all the
other features and therefore needs to be described separately.
By contrast, feature calling is similar to all other features,
and the description of its computation can be applied also
to these. Figure 2 illustrates the notation for the time tags
and durations. The start time and duration of visit 𝑖 are 𝑡𝑝(𝑖)
and Δ𝑡𝑝(𝑖), respectively. In addition to these time attributes,
the label place(𝑖) is attached to the visit data. Similarly, 𝑡𝑐(𝑖)
and Δ𝑡𝑐(𝑖) represent the start time and duration of a call, and
𝑡𝑛(𝑖) and Δ𝑡𝑛(𝑖) are the start and duration of night. In our
implementation, Δ𝑡𝑛(𝑖) is constant 12 h. We also make the
simplification regarding calls that span over a visit so that the
whole call is associated with the visit where it started.

Algorithm 1 presents equations for the computation of the
features for the different data representations. As examples of
combining data from several visits to places and cumulative
samples data representations, we use Home as the example

of user’s place. The feature for number of phone calls is
not included in cumulative samples and, therefore, it is
not included in Algorithm 1. On the other hand, nightStay
is included only in the feature set of cumulative samples.
Although a call can take place during the night, in the
data representation nightStay and calling are not directly
connected. However, for the classifier model it is possible
to learn the connection as their simultaneous occurrence
increases both counters (calling, nightStay) simultaneously.

4.2. Classification Methods. In this work we apply the follow-
ing classification methods using their implementation in the
Statistics and Neural Networks toolboxes of Matlab.

Naı̈ve Bayes (NB) [28–31] is a statistical approach having
an explicit underlying probability model and it provides
a probability of being in each class rather than simply a
classification. Naı̈ve Bayes assumes that features are condi-
tionally independent; this reduces computational cost and
often works well even if the independence assumption does
not hold. There are no tuning parameters in this approach.

Decision tree (DT) [28–31] is amachine learning approach
that probably gives the most understandable results by
humans, who can identify the most relevant features. For
attribute selection we use Gini’s diversity index. The features
selected at the top of the tree are themost relevant features for
the classification. There are two options to avoid overfitting,
prepruning, and postpruning. We chose postpruning since
prepruning requires determining when to stop growing the
tree while building it, which is not an easy task. When the
tree is built we postprune the tree using Error Estimation.
Intuitively, the method goes through the nodes of the tree
comparing the original tree with the tree pruned on that
node. The tree is pruned in that node if the pruned tree
improves (or equals) the classification accuracy.
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Assume that start times and durations are available for
(i) visits: 𝑡𝑝(1), 𝑡𝑝(2), . . . and Δ𝑡𝑝(1), Δ𝑡𝑝(2), . . .
(ii) calls: 𝑡𝑐(1), 𝑡𝑐(2), . . . and Δ𝑡𝑐(1), Δ𝑡𝑐(2), . . .
(iii) nights: 𝑡𝑛(1), 𝑡𝑛(2), . . . and Δ𝑡𝑛(1), Δ𝑡𝑛(2), . . .
visit 𝑖 (compute for all 𝑖)
(i) find the smallest index 𝑘1 such that 𝑡𝑝(𝑖) ≤ 𝑡𝑐(𝑘1)
(ii) find the largest index 𝑘2 such that 𝑡𝑐(𝑘2) ≤ 𝑡𝑝(𝑖) + Δ𝑡𝑝(𝑖)

𝑓callsTimeRatio(𝑖) =
𝑘2

∑
𝑘=𝑘1

Δ𝑡𝑐(𝑘)
Δ𝑡𝑝(𝑖)

𝑓callsPerHour(𝑖) =
(𝑘2 − 𝑘1 + 1)
(Δ𝑡𝑝(𝑖)𝑐𝑡2ℎ)

,

where multiplication with 𝑐𝑡2ℎ converts the time units to hours
places: home
(i) find set𝐻 of all visit indices 𝑖 such that place(𝑖) = 𝐻𝑜𝑚𝑒

𝑓𝐻callsTimeRatio =
(∑𝑖∈𝐻 𝑓callsTimeRatio(𝑖)Δ𝑡𝑝(𝑖))
(∑𝑖∈𝐻 Δ𝑡𝑝(𝑖))

𝑓𝐻callsPerHour =
(∑𝑖∈𝐻 𝑓callsPerHour(𝑖)Δ𝑡𝑝(𝑖))
(∑𝑖∈𝐻 Δ𝑡𝑝(𝑖))

cumulative sample 𝑗: home (compute for all 𝑗)
Computation of 𝑓𝐻calling(𝑗) for calling at home:
(i) find set𝐻 of all visit indices 𝑖 such that place(𝑖) = 𝐻𝑜𝑚𝑒

and 𝑡𝑝(𝑖) + Δ𝑡𝑝(𝑖) ≤ 𝑡cs(𝑗)

𝑓𝐻calling(𝑗) =
(∑𝑖∈𝐻 𝑓callsTimeRatio(𝑖)Δ𝑡𝑝(𝑖))
(𝑡cs(𝑗) − (𝑡𝑝(min𝑖∈𝐻𝑖)))

Computation of 𝑓𝐻nightStay(𝑗) for night stay at home:
𝑎 = 0
for all 𝑖 ∈ 𝐻

if exists 𝑘 such that 𝑡𝑛(𝑘) ≤ 𝑡𝑝(𝑖) ≤ 𝑡𝑛(𝑘) + Δ𝑡𝑛(𝑘)
𝑎 = 𝑎 +min(𝑡𝑝(𝑖) + Δ𝑡𝑝(𝑖), 𝑡𝑛(𝑘) + Δ𝑡𝑛(𝑘))

else if exists 𝑘 such that 𝑡𝑛(𝑘) ≤ 𝑡𝑝(𝑖) + Δ𝑡𝑝(𝑖) ≤ 𝑡𝑛(𝑘) + Δ𝑡𝑛(𝑘)
𝑎 = 𝑎 + 𝑡𝑝(𝑖) + Δ𝑡𝑝(𝑖) − 𝑡𝑛(𝑘)

end for
𝑓𝐻nightStay(𝑗) =

𝑎
(𝑡cs(𝑗) − (𝑡𝑝(min𝑖∈𝐻𝑖)))

Algorithm 1: Example: computing features related to phone calls and night stay in different data representations.

Bagged tree (BT) [29–32] combines different decision
trees (with the same parameters as the decision tree above),
each of which has been trained using different portions of the
data. Using a voting system, each tree is given more weight in
the region of the space where its classification rate is better.
This method is proved to work better than single decision
trees. We use ten decision trees, a typical value.

Neural network (NN) [28–31, 33] is a brain-physiology
inspired classifier. It consists of layers of interconnected
nodes, each node producing a nonlinear function of its input.
The input to a node may come from other nodes or directly
from the input data. Some nodes are identified with the
output of the network. In particular, we used a multilayer
perceptron with one hidden layer that contains ten hidden
neurons.The decision of having these settings is based on the
limited number of samples and the authors’ experience. To
train the network we used Levenberg-Marquardt optimiza-
tion to update the weight and bias values. Neural network
for classification assumes that the class labels are represented

as binary vectors. Therefore, before training the class labels
are coded as vectors: 𝐻𝑜𝑚𝑒 → [1, 0, 0], 𝑊𝑜𝑟𝑘 → [0, 1, 0],
and 𝑂𝑡ℎ𝑒𝑟 → [0, 0, 1]. The neural network predictions are
also vectors. However, their element values are not exactly
ones and zeros. The predicted classes are obtained by finding
the index to the largest element of the output vectors and
converting these back to class labels.

K-nearest neighbours (KNN) [28–32] is a statistical meth-
od that classifies an incoming instance according to the
distance to the 𝑘-nearest points in the training set. We used
Euclidean distance to choose the nearest neighbours. We
determined the values of 𝑘 to be used in classification using
leave-one-user-out validation and classification accuracy as
optimization criterion (see Section 4.4). We found that the
best 𝑘 value depends on data set and data representation: with
data set #1 the best 𝑘 values were 27, 3, and 57 for visits, places,
and cumulative samples, respectively. With data set #2 the
best accuracy was obtained with 𝑘 = 159. For large training
data sets, the required storage for the model is large, and
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Table 1: Missing MDC data instances.

Data representation Partial system data Accelerometer based data Both
Visits 192 36,543 25
Places 21 6 0
Cumulative samples 3,903 41,299 1,513

also the CPU time to find the nearest neighbours gets large.
This may be prohibitive for applications running on resource
constrained mobile devices.

Support vector machine (SVM) [30, 31, 33] is a binary
classifier; that is, it can be applied for classification problems
with two classes. A SVM seeks a hyperplane that best
separates the features of one class from the features of another
class. Its goal is to find a hyperplane that maximizes the
zone on both sides of the hyperplane such that the zone
does not include feature vector samples. The feature vectors
closest to the found hyperplane are called support vectors. In
many problems the separation of the classes cannot be done
using a simple hyperplane. Therefore, the method includes
a possibility of using linear or nonlinear kernel functions
to produce a hypersurface that performs the separation. We
used Gaussian Radial Basis Function (RBF) as the kernel
function. With our data, we obtained similar accuracy with
both the RBF and the linear kernel functions but RBF
required smaller number of support vectors.WeusedMatlab’s
fitcsvm function to train the SVM classifiers. To set the RBF
sigma parameter we used KernelScale=1 which we found
to work best with the data when compared with several other
KernelScale values. The solution for our 3-class problem
was obtained by using 3 binary classifiers to provide one-
versus-all other classifications:Home versusNot Home,Work
versus No Work, and Other versus No Other. For the binary
classifiers, the multiclass labels were transformed before the
training as follows: (1)𝐻𝑜𝑚𝑒 → 1,𝑊𝑜𝑟𝑘, or 𝑂𝑡ℎ𝑒𝑟 → 0; (2)
𝑊𝑜𝑟𝑘 → 1,𝐻𝑜𝑚𝑒, or 𝑂𝑡ℎ𝑒𝑟 → 0; (3) 𝑂𝑡ℎ𝑒𝑟 → 1,𝐻𝑜𝑚𝑒, or
𝑊𝑜𝑟𝑘 → 0. In the prediction phase, the binary classifierswere
used to obtain the posterior probabilities of their active class.
The binary classifier with the largest posterior probability was
used to determine the multiclass output.

Logistic regression (LR) [28, 31] models present the prob-
ability of the class as a logistic function of a linear regression
expression of the features (linear combination of the features
and a constant). LR is also a binary classification method.
Therefore, we made a transformation of multiclass labels to
several binary classes as we did in the case of SVM and
trained three LR models. In the prediction phase the three
classifiers were used to obtain the probabilities of the classes,
and the class with the largest probability were chosen as the
multiclass output. However, sometimes the linear regression
problem is ill-conditioned and regularization is needed in
order to obtain the parameter estimates. We used Lasso
regularization for generalized linear model regression and
constructed a regularized binomial regression model with
4 different values for regularization parameter 𝜆 and 2-fold
cross validation. With these values the time consumed in

parameter estimation remained moderate and the obtained
model parameters provided good prediction accuracy.

4.3. Missing Data. With the MDC data, we encountered a
problem with missing data. The data includes visits where
either the system data partially (i.e., features batteryAvg,
chargingTimeRatio, sysActiveRatio, and sysActStartsPerHour),
the acceleration based activity data in full, or both of these
data are missing. As the places and the cumulative samples
representations are computed from the visits data, these rep-
resentations inherit the problem. The numbers of instances
with missing data in each of the data representations are
shown in Table 1.

The instances with missing data cause problems in the
training of the LR model and degrade the performance of
other classifiers, especially NB, NN, and KNN. To mitigate
the effect of missing data, we trained four variants for each
classifier: the first one uses all the features; the second one
uses all other features except the sometimes missing system
features; the third one uses all other features except accelera-
tion based ones, and the last one uses neither the sometimes
missing system features nor the acceleration based features.
The classifier variants were trained using only samples where
all the features used by the classifier were available. In the
evaluation of the classifier, the decision on which classifier
variant to use for classification was made separately for each
test data sample, we chose the classifier variant that did not
require the features that were missing in the sample but used
as many as possible of the features available.

4.4. Performance Evaluation of Classifiers. Oncewe have built
the classifiers based on the training data, we use the test data
to evaluate the classifiers. In machine learning, it is common
to choose a certain proportion, for example, one-third, of data
to a test set, which will be used only to evaluate the classifier,
not to build the classifier model [29, 31]. The test set is also
labeled. Therefore, we have the information about the true
label (the user-given values) of the samples. In the evaluation
of the classifiers, each test data sample is fed to the classifier
and the output of the classifier, that is, the predicted label, is
compared with the true label. Accuracy value of 53% means
that 53% of the predicted values are equal to the true value;
we use classification rate as a synonym of accuracy.

Our goal is to classify the data of one user by using a
model based on the data of the other users; that is, we want
to learn patterns that are common to all users. Therefore,
splitting of the data to training and test sets is based on
user id. As a result, the data of a user is not classified with
the knowledge of the user’s own data. Using knowledge of
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future data of the user would be unrealistic, and using the
knowledge of the past data of the user is a different problem,
not addressed in this paper.

One option would be to randomly choose a certain
proportion of users to test data. However, there is large
variation in the numbers of samples by different users
and the numbers of visits to each of the labeled places
also differ by users. Because of this, the overall accuracy
evaluations of the classifiers vary significantly depending on
which users are in the test set. We solve this problem by
using leave-one-user-out validation. For 𝑛 users, the training
and testing are repeated 𝑛 times each time with one user’s
data as the test set and the remaining users’ data as the
training set. The overall accuracy obtained by combining
the results from all the tests is used as evaluation criterion.
This approach to cross-validation is deterministic, which
makes the results easier to interpret when comparing several
different setups, for example, in feature selection. In these
comparisons, we want the variations in classifier designs, for
example, the feature combination, to be the major sources
of performance differences, not the random selection of test
sets. The combined results include test results obtained using
classifiers trained with all different training sets. It includes
one classification result for each labeled data sample of each
user. Note that we do not control the random initializations
of training methods, which also makes some contribution to
the observed differences. However, using leave-one-user-out
validation and combining results of 𝑛 tests mitigate also the
biases caused by the random initializations.

4.5. Feature Selection. By selecting only a subset of the avail-
able features, the number of inputs presented to the classifier
can be reduced. This benefits the classification task in several
aspects: fewer features result in fewer model parameters,
which improves the model’s ability to generalize and reduce
model complexity and the run time of the algorithm. It also
provides insight into the problem by distinguishing the more
significant features from the less important ones [32]. Some of
the learningmethods such as decision trees, bagged trees, and
regularized logistic regression include feature selection as an
integral part of the learning procedures [31]. However, others
do not. Therefore, we search for the improved feature subset
by selecting candidate subsets and evaluating their predictive
accuracy using the leave-one-user-out validation described in
Section 4.4.

One option for selecting subsets would be an exhaustive
evaluation of all the possible subsets. However, for 11 features
the number of subsets to be evaluated would be 2047 and
for 14 features it would be 16,383. These would require too
long computation time especially with slower methods, such
as SVM, when applied for testing with leave-one-user-out
validation.Therefore, a search strategy is needed for selecting
candidate subsets for evaluation. We apply sequential selec-
tion algorithm for this purpose.

In sequential feature selection (SFS) features are added
or removed one at a time [32]. The SFS provides a subop-
timal solution to the feature selection problem as it easily
becomes trapped to a local minimum. To mitigate this

problem, we implemented the algorithm in both forward and
backward directions. SFS in forward direction is a greedy
search algorithm. It adds features one by one to the model
until the addition of more features does not improve the
predictive accuracy any more. In backward direction, the
process is started from the model, including all the available
features, and then features are removed one at a time until
removing features does not improve the performance. Before
the decision is made on which feature is added or removed,
the effect of each available candidate feature for addition
or removal is tested. The candidate feature that produces
the largest improvement to the predictive accuracy when
compared to the selected feature set from the previous trial
cycle is added or removed, depending on the direction of
the search. The process ends when none of the candidates
in the entire trial cycle is able to improve the performance
obtained in the previous trial cycle. If the predictive accuracy
is the same as in the previous trial cycle, the candidate set with
fewer features is selected.

4.6. Confidence of Classification. In many practical classifica-
tion problems, it would be useful if, in addition to providing
the classification result, the classifier was also able to provide
information about the quality of its classification [34]. In
particular, we focus on the confidence of the classification,
assessing how reliable the classifier itself considers its own
decision. High classification confidencemeans that the classi-
fier is “sure” about its output while low confidencemeans it is
“unsure.” The idea in the confidence assessment is to use the
information about the execution of the classifier on a specific
input sample to infer the confidence that the classification
result generated for the sample is correct [35].

NB and LR classifiers base their decisions on the prob-
ability models of the classes, and their output is the poste-
rior probability of the class given the feature values. These
probabilities can be considered as confidence measures of
the classifier outputs. The SVM produces scores as class
likelihood measures and Matlab provides fitPosterior
function to transform these to posterior probabilities. The
predicted outputs of theNNbased classifier are binary vectors
𝑧 of length 𝑛 = 3, that is, the number of possible classes
𝑦. Ideally, the value of the element corresponding to the
predicted class is 1while the others are zeros. In practice, due
to imperfect training examples, noise, and other mismodeled
effects, the predicted elements 𝑧𝑦 are seldom exactly ones
and zeros. Therefore, the classification result 𝑦 is determined
using the element closest to one; that is,

𝑦 = argmin
𝑦
𝑑𝑦, (1)

where𝑑𝑦 = |1−𝑧𝑦|. Now the distance𝑑𝑦 serves as an indicator
on howwell the current feature vector fits to the NNmodel of
class 𝑦. To get this value to the same scale with the probability
outputs of NB, LR, and SVM, we convert the distance 𝑑𝑦 to
the confidence measure 𝑐. However, it may happen that, in
some cases, when the fit of the input sample to the model
is exceptionally poor, even the shortest distance 𝑑𝑦 may be
larger than one. Therefore, the confidence is obtained from
the distance using 𝑐 = 1 −min(1, 𝑑𝑦).
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Figure 3: Classification rates (%) for different methods, using data set #1 and (a) visits, (b) places, and (c) cumulative samples approaches
and (d) data set #2 and cumulative samples. The percentage of well-classified samples, that is, cases where the classification result is correct,
for each class is given above the bars. The overall percentage of well-classified samples for the classifiers is shown below the bars.

Using both data sets, we study how well the confidence
measure can predict the misclassification rate, that is, how
well the classifier assesses its own performance. We set
a threshold to the confidence, below which we say the
confidence is low and above which it is high. There are
four possible combinations of this measure (the confidence
assessed by the classifier) and classification success: (1) well
classified with high confidence, (2) well classified with low
confidence, (3) misclassified with high confidence, and (4)
misclassified with low confidence.The classifier produces the
predicted label and confidence assessment based on the input
features but without knowing the correct label. Therefore, it
is possible that the classifier has high confidence but when
its prediction is compared with the correct label, it turns out
that the input was misclassified. We consider decisions 1 and
4 correct, as in these cases the confidence of the classifier
predicts the success of the classifier, while in cases 2 and 3
the decisions are wrong as the confidence of the classifier
gives wrong prediction about the success. Assuming that the
costs of the unsuccessful cases 2 and 3 are equal, as well
as the rewards of the successful cases 1 and 4 are equal,
we search for a confidence threshold such that the ratio
between the number of cases 1 and 4 over cases 2 and 3 is
maximized. We use the obtained threshold to reject samples
that have confidence lower than the threshold and record how

much the overall accuracy of a classifier improves using the
threshold and how large proportion of samples is rejected.

5. Results

In this section we describe our results on the comparisons of
the data presentations and classification methods using the
methods described in Section 4. In all the tests based on data
set #1, the missing feature values in the input samples were
treated as described in Section 4.3.

5.1. Classification. The results on the comparisons of the
data representations and different classification methods are
shown in Figure 3 where the evaluation criterion is the overall
predictive accuracy observed in leave-one-user-out valida-
tion described in Section 4.4. The results are summarized in
Table 2.

Figure 3(a) shows the classification of each method using
the visits representation. All the methods but the Näıve Bayes
show a certain bias.They achieve high accuracy for the places
Home and Work and low accuracy for the place Others. The
intuitive reason is that visits to Home or Work are more
frequent than visits to places labeled as Others. Therefore,
the algorithms sacrifice accuracy in Others to achieve higher
accuracies in Home orWork.
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Table 2: Accuracy results of the data representations: summary over all implemented classifiers.

Data representation
a b c d

min 61.4 81.0 82.3 75.0
max 76.9 89.2 90.1 86.3
mean 73.3 85.3 87.0 82.1
std 5.7 2.8 2.7 4.2
max-min 15.5 8.2 7.8 11.3

Figure 3(b) shows the corresponding results using the
places representation. Compared to the visits representation,
the classification accuracies are higher. Also, the differences
between the accuracies of the classifiers are smaller than with
the visits approach.The improvement obtained by combining
of all the visits to one place may be because generally
averaging reduces the effect of the outliers.The disadvantages
of the places representation are the following. First, it is
more computationally expensive to produce because of the
need to combine all the individual visits to places. The
second disadvantage is the so-called cold start problem: the
classification algorithm will not classify accurately the places
until a certain number of visits to a place have been collected.

The classification results with cumulative samples of data
sets #1 and #2 are shown in Figures 3(c) and 3(d). The
cumulative samples with data set #1 improve the accuracy
and decrease the differences between the classifiers even
more than the places approach. Cumulative samples include
averaging similarly as the places representation and the gen-
eration of cumulative samples reduce variability in samples
if the phone usage and place visiting pattern stay regular.
However, the computation of cumulative samples also gener-
ates some variability, as it produces samples even when new
visits have not been made to the place. In this case the feature
values change as the total time used for scaling still grows
even though the cumulative times of the stay and activities
remain constant.The averaging together with themuch larger
number of samples provides a plausible explanation to the
improvement.With the cumulative samples of data set #2, the
accuracies are lower and the accuracy differences between the
classifiers are larger. This could be due to the smaller size and
time span of the data.

When comparing the results of different classifiers with
all the data representations, SVM and LR are always among
the three algorithms that provide the best classification
accuracies while DT is among the three classifiers with
the worst accuracy. BT and NN also perform quite well;
they are never in the group of the worst three. Generally
NB does not provide good accuracy, except that with the
places representation it is the second in accuracy. From the
classifiers studied in this paper, SVM is by far the slowest
classifier to train. The classification with the trained SVM is
fast; however, itsmemory requirements in classification phase
become high if the number of support vectors is high. The
issue is emphasized in multiclass classification as the support
vectors need to be stored for each class separately. Therefore,
despite its accuracy, SVM mainly serves as a reference, and

we do not consider it to be suitable for practical applications
with this type and amount of data in resource constrained
mobile devices. The computational cost in prediction is also
high with KNN as it has to store all the training samples and
compare them with the new input. Therefore, its practical
applications are restricted to cases where extreme simplicity
of the algorithm is required but high computational costs
can be accepted. Based on these comparisons, LR, NN, and
BT seem to be the most promising methods for practical
applications.

Our test results indicate that data representations includ-
ing averaging, that is, places and cumulative samples, give
higher classification accuracies than visits data representa-
tion. The average classification accuracies with visits, places
and cumulative samples obtained from data set #1 were 0.72,
0.85, and 0.87, respectively, and 0.81 with the cumulative
samples of data set #2.

5.2. Effect of Accumulation Time with Cumulative Samples.
With the cumulative samples, the samples themselves evolve
in time as new data are accumulated to the time counters
of the features. To study the effect of the accumulation time
to the classification accuracy, we grouped the samples based
on the accumulation time 𝑡acc. The first group included the
samples where 𝑡acc ≤ 1 day, in the second group, was the
samples with 𝑡acc ≤ 2 days and so on, until 7 days. These
seven groups include the samples from the first week the user
starts to visit a place. Into the eighth groupwe included all the
samples, which gives the same classification accuracy that is
illustrated in Figures 3(c) and 3(d).

In the training of the classifiers we used all the cumulative
samples of all other users, so that the time based selection
of samples did not affect the training phase. The results for
the cumulative samples representation of data sets #1 and #2
are shown in Figures 4 and 5, respectively. In the figures,
in addition to the overall classification accuracies, also the
classification accuracies of the specific labels (Home, Work,
and Other) are shown.

Comparing the overall classification accuracy of cumu-
lative samples in Figure 4(a) and visits representation in
Figure 3(a), it can be observed that after 6 days of accumu-
lation time, the accuracy with cumulative samples is equal
to or better than the accuracy with visits with all classifiers
except NN and KNN.With these two the accuracy with visits
were 76.7% and 76.3% while with cumulative samples and
6 days of accumulation time the accuracies are only about
72%. In Figure 4, the curves corresponding to the overall
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Figure 4: Effect of the accumulation time to the classification accuracy with cumulative samples of data set #1: (a) overall accuracy and
classification accuracy of (b) Home, (c) Work, and (d) Other places. Accuracy as ratio (unitless).

accuracy and classification accuracy of Home and Other for
all the classifiers are monotonically rising after 2 days; that
is, the accuracy improves as the accumulation time of feature
samples increases. There is also clear improvement from 7
days to the maximum accumulation time. The classification
accuracy of Work behaves differently: with all classifiers
except NB the rise of the accuracy is very slow and it is not
monotonically rising.

Based on these results, for Work gathering more infor-
mation by integrating the values for longer time does not
improve its accuracy as happens with Home and Other.
The data sets differ in that with #1 there is clear accuracy
improvementwhen accumulation time increases from 7 days,
while with #2 there is no clear improvement; with Home
even a decrease of the accuracy can be observed. This is
probably due to the smaller total number of samples and
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Figure 5: Effect of the accumulation time to the classification accuracy with cumulative samples of data set #2: (a) overall accuracy and
classification accuracy of (b) Home, (c) Work, and (d) Other places. Accuracy as ratio (unitless).

shorter data collection times in data set #2. The histograms
of accumulation times of the samples in both data sets are
shown in Figure 6. With data set #2, about half of the
samples have accumulation time less than 7 days. With
longer accumulation times, the data is biased by only few
users, which reduces the reliability of results on longer
accumulation times.

In Figure 5(a) the overall accuracy approaches the final
accuracy already after 4-5 days accumulation: only NB
improves significantly; after that, BT, KNN, and LR improve

only slightly, and the accuracies of DT and NN decrease.
Comparing different data sets, the cumulative samples in
Figure 5(a), and the visits representation of data set #1 in
Figure 3(a), it can be seen that already after 2 days of data
accumulation the accuracies with cumulative samples exceed
the accuracies of visits. In Figure 5, only the classification
accuracy of Other is monotonically rising for all the classi-
fiers. In the accuracy ofHome there is a clear drop from 7 days
to themaximum accumulation time with all classifiers except
BT, and with DT, NN, and LR the decrease starts even earlier
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Figure 6:Histograms of the accumulation times with both data sets.

before accumulation time of 7 days. In the classification
of Work the accuracy behavior differs from other classes:
with all other classifiers except SVM and LR, the accuracy
first decreases with accumulation time and then starts to
increase. With DT, the final accuracy is even worse than in
the beginning. However, the increase of accuracy is very slow,
except with NB. In spite of these effects in the classification
accuracy of individual classes, in the first 7 days the overall
accuracies shown in Figure 5(a) increase as the accumulation
time increases. However, the accuracy with the maximum
accumulation time with DT and NN is smaller than with 7
days of accumulation.

Generally, the longer time the data has been accumulated,
the more accurately the data sample will be classified. The
average accuracy obtained using the visits representation of
data set #1 is exceeded by cumulative samples of data set
#1 after 6 days of accumulation while with data set #2 that
happens already after 2 days of accumulation.

5.3. Feature Selection. Sequential feature selection (SFS) in
both forward and backward directions for all the classifiers
described in Section 4.2 was applied to data set #2.The results
are shown in Figure 7, where the overall accuracy of the
classifier is shown as a function of the number of features.The
curves with solid line show the results of SFS in the forward
direction. For each classifier, the line starts from the left with
one feature and continues until the addition of new features
does not improve the accuracy anymore.The results of SFS in
the backward direction are shown with dash-dot lines. These
curves start from the right with all 11 features included and
continue to the left decreasing the number of features until
removing features does not improve the results any more.
The accuracies with just one optimally chosen feature are
between 0.69 and 0.79 while with all features the accuracies
are between 0.74 and 0.86. The accuracies using the best
feature subsets found with forward and backward algorithms
are between 0.82 and 0.87. Thus the selection of the features
decreases the accuracy differences between the classifiers.

With NN, BT, and KNN, the forward selection yields
better accuracy than backward selection and the number of
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Figure 7: Sequential feature selection with several classification
methods, in forward and backward direction. Accuracy as ratio
(unitless).

selected features is also smaller. With NB, DT, and LR, the
obtained accuracy in backward direction is better. With LR,
the number of selected features in the backward direction is
also smaller than in the forward direction, while with NB and
DTbetter accuracy is obtained usingmore features than those
selected by forward SFS. Using SVM, the best accuracies
in both directions are approximately the same. However, in
the forward direction only 7 features are needed while in
the backward direction 10 features are required for the same
accuracy. The three best accuracies are obtained using LR
with 4 features, NN with 3 features, and SVMwith 7 features.
Interestingly, the accuracy using NN with just one optimally
selected feature is approximately the same as with NN with
all 11 features included.

The evolution of the feature subset composition during
the forward and backward SFS is shown in Figure 8. The fea-
tures selected in forward selection are shown in Figure 8(a):
the bigger the weight and the size of the squares were, the
earlier the corresponding feature was selected. The features
that did not get selected at all are not marked with squares.
Figure 8(b) shows the feature removals performed in the
backward selection. The large dark squares show the features
that were not removed during the selection process. The
smaller and lighter the square was, the earlier the feature was
removed; if the size and weight are reduced, the feature is
not included in the final subset. Note that, in Figure 8, the
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Figure 8: Importance of the features, based on sequential feature selection in (a) forward direction and (b) backward direction.

size and weight scales of the squares are comparable only
within classifiers with the same final number of features. No
feature is included in all final subsets, covering all classifiers
and both directions of SFS. In forward direction, idle was
the first feature selected into the model with all classifiers,
and nightStay was the second feature selected with all other
classifiers except NB. In backward direction, stay, nightStay,
and headSet are included in all the final subsets and idle is
included in final subsets of all classifiers except LR.

Based on these tests, we see that, even with the same
training and test sets, the relevance of the features depends
on the classifier. However, features stay, nightStay, headSet,
and idle seem to be relevant for most of the classifiers. The
selected feature sets provided improvements to the overall
accuracy in the range 0.02–0.07, resulting in accuracies in the
range 0.82–0.88. It can be noted that the accuracy of also the
classifier models that inherently perform feature selection or
extraction in their training phase, that is, DT, BT, and LR in
our tests, can be improved using external feature selection
algorithm. However, the results in feature importance are
considered only as preliminary, as the small size of data set
#2 reduces the reliability of these results.

With NB, DT, and SVM, the subset selected in for-
ward direction is included into the final subset obtained
in backward selection. With BT and NN, the features that
were last selected in forward direction were first removed
in backward direction and with LR the feature that was first
selected in forward direction was the fourth feature removed
in backward direction. This suggests that with this data,
combining both the forward and backward selection in the
SFS algorithm could improve the selected feature subsetwhen
accuracy is used as the selection criterion.

5.4. Confidence of Classification. To evaluate the relation
between accuracy and the confidence measures defined in
Section 4.6, we collected all the classification results and their
confidence values that were obtained using test data and NB,
NN, SVM, and LR classifiers. We ordered the results based
on the confidence measure and divided them into 20 equal
sized groups. For each of the confidence groups, we calculated
the overall classification accuracies. The accuracies of these
groups are shown in Figure 9 for both data sets and all the
data representations.

With all the data representations, it is clear that the accu-
racy is significantly lower in groups with lower confidence
value. However, even these groups include also well-classified
samples. In the results in Figure 9(b), obtained with data
set #1 and the places approach, the curves include many
spikes. This is a quantization effect due to the small total
number of samples. In general the curves in Figure 9(a)
are smoother than in Figures 9(b)–9(d). Also the curves in
Figure 9(a) show amore steady rise when compared to curves
in Figures 9(b)–9(d) which present saturation-like behavior.
One possible reason to the difference is the filtering that has
been applied to the samples in Figure 9(b) by averaging the
visits data and in Figures 9(c) and 9(d) by integrating the raw
data.

In Figure 10 the ratios between the correct and wrong
decisions of the classifiers are shown as a function of the
confidence threshold. The threshold was used to reject clas-
sification results with confidence lower than the threshold.
Correct decisions included the cases where the sample was
classified correctly with confidence equal to or higher than
the threshold or it was misclassified with confidence lower
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Figure 9: Accuracy (as ratio, unitless) in sample groups based on increasing confidence of classification for different data representations:
data set #1, (a) visits, (b) places, and (c) cumulative samples; (d) data set #2, cumulative samples.

than the threshold. Wrong decisions included the cases well-
classified with low confidence or misclassified with high
confidence. The curves in Figure 10(a) are concave and
smooth and include also parts where the curve is rising,
making it easy to find maximums in the middle parts of
the curves. In Figures 10(b) and 10(d) there are no clearly
rising parts in the curves and in Figure 10(b) the curves are
again wrinkled similarly as in Figure 9(b). The curves of
LR in Figures 10(c) and 10(d) and SVM in Figure 10(c) are
monotonically decreasing; that is, they have their maximums
with the smallest confidence threshold.

Figure 11 illustrates the effect of the confidence threshold
that maximizes the ratio between the numbers of correct

and wrong decisions when the threshold is used to reject
classification results with low confidence. Shown in the
figures are the values of the confidence thresholds, the
proportion of the samples rejected based on the threshold
to the number of all samples, the absolute improvement of
the predictive accuracy obtained by using the threshold, and
the classification accuracy within the samples that are not
rejected. In Figure 11(a) presenting the results of data set #1
and visits data representation, the rejection of results with
lower confidence produce accuracy improvements varying
between 0.05 and 0.14. With data set #1 and places data
representation, shown in Figure 11(b), the improvements
are clearly smaller, varying between 0.01 and 0.03. With
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Figure 10: Ratio between the numbers of correct and wrong decisions as a function of confidence threshold. Data representations: data set
#1, (a) visits, (b) places, and (c) cumulative samples; (d) data set #2, cumulative samples.

cumulative samples of the both data sets the threshold for
LR rejects very few samples and the accuracy does not
improve, as can be seen in Figures 11(c) and 11(d). With
these data representations the improvements by the other
classifiers are not significant either; with NB in Figure 11(d)
the increase is about 0.03; in other cases it is about 0.01 or less.
To summarize, with visits, the improvement obtained using
confidence thresholds ismore significant thanwith other data
representations. However, even when applying thresholds,
the accuracies are not as high as with places (compare the A
bars of Figures 11(a) and 11(b)), but the difference is greatly
reduced from Figures 3(a) and 3(b).

Comparing Figures 9 and 11, we see that the groups in
Figure 9 with lower confidence and low accuracies, say below
0.5, have potential for accuracy improvements by rejecting
results with low confidence, and the improvements are visible
in Figure 11. However, based on these tests, with the data
representations including averaging, the improvements are
not significant.

In the results shown in Figures 9–11, also the determi-
nation of the thresholds is based on test data. Therefore, the
effect of the threshold is not evaluated using independent data
and, despite the modest improvements, these results may still
be overly optimistic.
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Figure 11: Rejecting samples with low classification confidence. T: confidence threshold, R: ratio of rejected samples to all samples, I: accuracy
improvement obtained by rejecting low confidence samples, and A: classification accuracy within the samples with confidence ≥ threshold.
Data representations: data set #1, (a) visits, (b) places, and (c) cumulative samples; (d) data set #2, cumulative samples. Accuracies given as
ratios (unitless).

5.5. Effect of Number of Classes. In the previous tests we
combined the less frequent places labels, such as friend’s
home, transportation, and restaurant into one class,Other. In
this section, we compare these 3-class results to the 10-class
classification results that we obtain with our classifiers and
features. We used the same MDC data defined in Section 3.1
but now keeping the original 10 classes. We computed the
places and cumulative samples representations from the 10-
class data.

The comparison results are summarized in Table 3. We
can notice that the numbers of cases are smaller in 3-class
problem and the decrease comes from the decreased number
of cases in classes other than Home or Work. We chose BT
classifier for 10-class problem as it seems to outperform our

other classifiers when number of classes is larger and compare
it to LR of 3-class problem as LR performed well with both
places and cumulative samples (Figure 3). For 10-class places
representation, we computed two solutions, one using all the
14 features and another where we used forward SFS to select
the most important features.

From the classification results it can be seen that adding
more classes does not significantly affect the accuracy of
Home and Work: the accuracies of Home are in both cases
92% or slightly better and the accuracies ofWork are around
88%. However, the 10-class classifiers do not classify well the
other places. With all features included, the overall accuracy
is 62.3% and there are 4 classes that are never correctly
classified. By reducing the number of features with SFS or
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Table 3: Comparison of 3-class and 10-class solutions.

Number of classes 10 3
Data representation Places Places Cum. Places Cum.

Samples Samples
Number of cases 369 369 128137 295 108531
Home: number (percentage) 106 (28.7) 106 (28.7) 39250 (30.6) 106 (35.9) 39250 (36.2)
Work: number (percentage) 98 (26.6) 98 (26.6) 37602 (29.4) 98 (33.2) 37602 (34.6)
Other: number (percentage) 165 (44.7) 165 (44.7) 51285 (40.0) 91 (30.9) 31679 (29.2)
Features All 14 3: [4 1 2] All 9 All 14 All 9
Classifier BT BT BT LR LR
Overall accuracy (%) 62.3 68.5 68.4 89.2 89.5
Class accuracies (%)
1 (Home) 92.4 92.4 94.6 93.0 92.0
2 61.5 57.6 54.1
3 (Work) 90.8 89.7 91.7 92.0 88.0
4 25.0 62.5 45.4
5 0.0 23.0 0.0
6 0.0 22.7 5.0
7 11.1 16.6 27.4
8 0.0 20.0 13.0
9 15.7 31.5 21.6
10 0.0 42.8 23.2
(Other) (26.0) (40.0) (31.2) 81.0 89.0

Table 4: Comparison of data and solutions.

Solution Users Percentage of cases Labels Features Best Accuracy (%)
Home Work Other classifier Overall Home Work

[6] 80 25 30 45 10 2,769,200 GBT 75.1 N/A N/A
[7] 80 25 30 45 10 54 (1) 65.8 87 85
[8] 80 25 30 45 10 1177 (2) 73.3 100 100
[9] 114 25 29 46 10 500 (3) 75.5 92 90
#1 places 114 29 26 45 10 3 (SFS) BT 68.5 92 90
#1 cum. s. 114 31 29 40 10 9 BT 68.4 94 92
#1 visits 114 52 38 10 3 14 NN 76.7 83 86
#1 places 114 36 33 31 3 14 LR 89.2 93 92
#1 cum. s. 114 36 35 29 3 9 LR 89.5 92 88
#2 cum. s. 16 31 26 42 3 11 LR 85.9 81 83
(1)Multilevel 2-method (SMO and simple logistic), fusion with decision tree. (2) Ensemble of binary classifiers using 1NN and SVM. (3) Combination of
multiclass random forests and one-versus-all random forest binary classifiers.

using cumulative samples, the ability to classify also the less
frequent places increases as shown in the bottom row, where
average classification rates are computed for the other classes.
Due to this improvement, the overall accuracy increasesmore
than 6% to 68.5% and 68.4%. However, these are significantly
lower than the overall accuracies of 3-class problem.

Based on this comparison, it is clear that with this type of
user data, it is beneficial to combine the less frequent classes
in order to classify better the more frequent and important
places. Although the classification rates of Home and Work
are on the same level in both 3-class and 10-class problems,
the lower overall accuracies with 10-class indicate that there
are more false detection of Home andWork.

6. Discussion

Papers [6–8] also aim at semantic place prediction and use
data derived from the same database as data set #1 in our
work.However, there are significant differences between their
work and ours. Papers [6–8] are all from participants of the
dedicated track on semantic place prediction in the Mobile
Data Challenge (MDC) by Nokia, described in [5] and in
more detail and with MDC outcomes in [36]. The data and
findings based on it are described in [9], which also describes
one solution of semantic place prediction. Basic information
on the data, methods, and results of [6–9] and our work are
summarized in Table 4.
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The participants of the track used a subset of full MDC
data that included the data of 80 users with the highest-
quality location traces while we used the data of all the
114 users that had labeled visits data, without knowledge of
quality of the data. The data used in [6–9] was from visits
that lasted at least 10 minutes while our data was from visits
that lasted at least 20 minutes. Therefore, their data included
more cases from classes other than Home orWork compared
to our data representations based on MDC data (data set
#1). The difference is significant in visits representation but
the accumulation of data changes these ratios. In data set #2,
where the data collection has been implemented differently,
the percentage of label Other is higher than the percentage of
the other labels.

The numbers of extracted features are also given in
Table 4. We used only 9–14 features related to time and
phone usage but not to the environment while the other
works used also environment related features such as number
of Bluetooth or WLAN devices heard by the phone. We
tested feature selection on data set #2 in both forward and
backward directions but the results shown in the table were
obtained using all 11 features. The authors in [7, 9] used
feature selection method similar to our sequential feature
selection in forward direction while in [6] they used two
methods, Weka’s Relief and L1-regularized logistic regression
for the task.

The main focus in [6] is in generating a large number
of conditioned features and then selecting the best features.
The classification results using logistic regression, SVM with
different kernels, Gradient Boosted Trees (GBT), and random
forests are reported. The authors of [6] have published an
extension to paper [21].

To give the final result, [7, 8] both use fusion of sev-
eral classifiers or classification methods. Reference [7] uses
multilevel classification model where labels are grouped so
that in a sequence of classifications tasks with lower number
of labels the algorithm selects label groups in hierarchical
manner and finally in the lowest level chooses between two
labels. In the paper, severalmethods are used to train different
types of classifier models for multilevel classification. Then
collection of these models is used to classify the data, and
their classification results are used as a new feature vector that
is used to train the final classifier.

Combination of smart binary classifiers is used in [8],
where the multiclass classification problem is divided into
a set of 2-class classification problems of types one-versus-
one labels or one-versus-two labels. In the ensemble of binary
classifiers each classifier uses the best combination of features
for the current task and the better method from 1NN (i.e.,
KNN with 𝑘 = 1) and SVM with RBF kernels. Three
different methods for combining the classification outputs of
the binary classifiers are evaluated in the paper.

In [9] three classification methods were used: (a) mul-
ticlass random forests, (b) one-versus-all random forest for
each label where the winner class was decided by combining
one-versus-all votes, and (c) combination of these. The
accuracy of the methods was evaluated using leave-one-user-
out cross validation similarly as in our comparisons.

In our work we solved 3-class problem with labels Home,
Work, andOther instead of 10-class problem in [6–9].We also
used fewer features and simpler classifiermodels; that is, sim-
ilarly as in [6] we did not use collections of classifiers except
in BT (10 trees) and SVM (3 binary classifiers). The sim-
pler models are generally preferred in resource constrained
mobile devices. We also studied the effect of averaging of
features by testing different data representations that include
different levels of averaging: in visits representation each visit
is classified separately, in cumulative samples, the features
evolve with time as more data become available, and finally
in places representation all data collected from one user in
one place is averaged. For comparison, we also applied our
features and classifiers to 10-class problem.

As we consider the memory consumption of SVM in
classification phase too demanding for resource constrained
mobile devices, we do not report its results in Table 4 even
if it shows the best result with some data representations. In
these cases, the results of the second best classifier are shown.

Due to the problem simplification from 10-class problem
to 3-class in our approach and data retrieved from MDC
database using slightly different criteria, the performance
figures of Table 4 cannot be directly compared. However,
due to the simpler task and despite the simpler classifier
models, with visits representation and NN, we obtained the
overall accuracy 76.7%, which is in the same level as the
overall accuracy reported in the other works. With data
representations including averaging the accuracies improve
to 85.9% and better.The classification accuracies ofHome and
Workwith places and cumulative samples of data set #1 are on
the same level as in [7, 9]. With places representation where
the data instances describe only short periods of time, these
accuracies are lower as they are also with data set #2. In the
latter case, the number of instances with labelOther is higher
than the numbers with the other labels, and, for this reason,
the label Other is also classified with better accuracy (91%)
than the two other labels.

The comparison between 3-class and 10-class problems
with our classifiers and features show that our models can
detect Home and Work reliably in both problems. The fact
that in our model the inference is based on visits that are at
least 20 minutes in duration may also contribute to this, as
the shorter visits probably have phone usage characteristics
that are closer to the decision borders. However, in 10-class
problem the decreased classification rate of the less frequent
places decreases the overall accuracy. Improving classifica-
tion accuracy of the other places in 10-class problem requires
using features that are directly related to environment, using
phone usage data that is less privacy-preserving, and using
more complex classifiers.

It can also be argued that MDC data is a bit old. As the
MDC data set is from the time of the first smart phones, it
does not describe well all the modern ways to use a smart
phone. Through the evolution of new technologies, smart
phone usage has changed a lot [37]. Nowadays, due to the
internet connections available in phones, the use of SMS
has decreased and messaging is often performed through
other applications such as WhatsApp. The social media and
messaging apps have reduced the need for voice calls and the
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voice calls can also be made over internet based connections.
Watching videos and TV on smart phones has become
common as well as using social media and social games.
With smart phones, photos are taken and videos recorded and
both are shared in social media. Also the link between place
and phone usage through the availability of WiFi networks is
changing: the operators of wireless communication networks
have started to bring inexpensive data plans with unlimited
mobile data available to consumers, which allows them to use
data-hungry applications also on the move [38].

7. Conclusion

We have developed an inference system to assign semantic
place label for user’s whereabouts based on the phone usage.
The semantic places we considered in this work were Home,
Work, and Other places. Our test results indicate that data
representations that include averaging, that is, the places and
cumulative samples representations, give higher classification
accuracies than the visits representation. The average accu-
racy obtained using the visits representation is exceeded by
the cumulative samples representation after only 2–6 days of
accumulation of the data. Based on our preliminary tests with
data set #2, the relevance of the features seem to depend on
the classifier. However, features stay, nightStay, headSet, and
idle seem to be relevant for most of the classifiers. Our tests
also indicate that the classification accuracy can be improved
by using thresholding based on classification confidence.The
improvement was larger if the data representation did not
include averaging.

7.1. Future Work. The future developments of the semantic
labeling of user location context could include verification of
the models using a bigger data set: more users, different life
styles and daily patterns, different work occupations, and data
for longer periods of time. The bigger data set could be used
to learn subclasses to the current ones. In the group Other
subclasses such as shop, restaurant, cinema, gym, outdoor
exercising, lodging, leisure, and errands could be found.Work
could include different kinds of work-like activities, such
as shift work, driving work, other traveling work, attending
school or university, and remote working from home. Also
the use of Home is different for different people; for example,
the elderly stay mainly at home.

In this study, we used bagged trees as an improved version
of decision trees. Bagging improves variance of classifier by
averaging/majority selection of outcome from multiple fully
grown trees on variants of training set. Random forest is an
interesting alternative for future work. It builds a collection of
decorrelated trees by randomizing also the feature collection
in the trees that are averaged (see, e.g., [31]).
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This paper proposes an efficient and effective WiFi fingerprinting-based indoor localization algorithm, which uses the Received
Signal Strength Indicator (RSSI) ofWiFi signals. In practical harsh indoor environments, RSSI variation and hardware variance can
significantly degrade the performance of fingerprinting-based localization methods. To address the problem of hardware variance
and signal fluctuation inWiFi fingerprinting-based localization,we propose a novel normalized rank based SupportVectorMachine
classifier (NR-SVM). Moving from RSSI value based analysis to the normalized rank transformation based analysis, the principal
features are prioritized and the dimensionalities of signature vectors are taken into account. The proposed method has been tested
using sixteen different devices in a shopping mall with 88 shops. The experimental results demonstrate its robustness with no less
than 98.75% correct estimation in 93.75% of the tested cases and 100% correct rate in 56.25% of cases. In the experiments, the new
method shows better performance over the KNN, Näıve Bayes, Random Forest, and Neural Network algorithms. Furthermore,
we have compared the proposed approach with three popular calibration-free transformation based methods, including difference
method (DIFF), Signal Strength Difference (SSD), and theHyperbolic Location Fingerprinting (HLF) based SVM.The results show
that the NR-SVM outperforms these popular methods.

1. Introduction

With the fast growing of ubiquitous computing, the rapid
advances in mobile devices, and the availability of wireless
communication, wireless indoor positioning systems have
become very popular in recent years. Moreover leveraging
public infrastructure has many advantages such as cost effi-
ciency, operational practicability, and pervasive availability.

Various short-range radio frequency technologies are
broadly researched to address positioning task in GNSS
denied area, for instance, Radio Frequency Identification
(RFID) [1], Wireless Local Area Network (WLAN, a.k.a.
WiFi) [2, 3], Bluetooth [4, 5], ZigBee [6], Ultra Wide Band
(UWB) [7], and cellular networks [8]. All these means are
high potential alternatives to indoor positioning. Meanwhile,
indoor localization based on signals of opportunity (SoOP) is
still a challenging task, since it requires stable interior wireless
signals and adequate adaptation of the signals which are not
originally designed for positioning purpose.

Fingerprinting method [9] is one of the most popu-
lar and promising indoor positioning mechanisms. It is
a technique based upon existing WiFi infrastructure and
thus requires no dedicated infrastructure to be installed. It
allows positioning by making use of signal characteristics
using the signature matching technique. Fingerprinting tech-
nique is accomplished by two steps. Firstly, it stores WiFi
signatures from different radio wave transmitters for each
reference position. Then, it compares the current signature
of a device with prerecorded signatures to find the closest
match.

Different techniques and solutions have been proposed
providing a varying mix of resolution, accuracy, stability,
and challenges. Early examples of a positioning system that
uses fingerprinting are RADAR [2] and Horus [10] systems.
Horus system is based on the probabilistic approach which
considers the statistical characteristics of the RSSIs and
their distribution. The Lognormal distribution [10], Weibull
function [5], Gaussian distribution [11], and the double peak
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Gaussian distribution [12] were used to model the RSSI
distribution.However, RADAR systemwas the first introduc-
ing the fingerprinting technique based on the deterministic
approach [13] using 𝐾-Nearest Neighbor method (KNN)
[14]. Nowadays, the use of machine learning algorithms
(ML) as in [15] has increasingly gained more popularity
in indoor navigation domain because of their witnessed
robustness; among them are Näıve Bayes classifier [16, 17],
Support Vector Machine (SVM) [17, 18], Random Forest
[18, 19], and Neural Network [20, 21]. However, their model
generalization to different user’s terminals has seldom been
considered.

RSSI fluctuation and diversiform smartphones can signif-
icantly degrade the positioning accuracy of WiFi localization
systems, as well as the patterns between training and testing
signature vectors. The WiFi device used to train the radio
map during the calibration phase may especially differ from
the ones used during the positioning phase. WiFi modules
from different providers have varying receive signal gains
which make the RSSI vary using different devices at the same
location [22]. This hardware variance problem is not only
limited to differences in the WiFi chipsets used by training
and tracking devices. Besides, it arises when the same WiFi
chipsets are connected to different antenna types and/or
packaged in different encapsulation materials.

To address this issue, several studies have proposed
methods to improve the robustness of positioning systems
against mobile devices heterogeneity. For example, the use
of an unsupervised learning [23], the Hyperbolic Location
Fingerprinting (HLF) [24], the DIFF method [25], and
the Signal Strength Difference method (SSD) [26] are the
representative ones. In this paper, a new method applying an
intermediate step of absolute RSSI value transformation by
making use of ML algorithms is proposed.

The indoor navigation market addresses various appli-
cations like Location Based Services (LBS), the guidance of
firefighters, and peoplemanagement.Moreover, it can benefit
from the room level accuracy [27–29] to extract statistical
information which can be deployed to better market to
customers, find hangouts in airports, and even most popular
shop in shopping malls, and so forth. In this work, we focus
on a room localization which is the prediction of an occupied
room in which the mobile device is currently in. This task
is more practical to attain since it does not require the floor
map of the desired indoor environment which is not always
available in practice.

To achieve a high room level accuracy based WiFi fin-
gerprinting technique, we have investigated various database
definitions and the impact of signature clustering in our
previous work [30], with respect to relevant requirement
parameters. In this paper, we propose a normalized rank
transformation based SVM approach to solve the issue of
mobile terminal diversity during the positioning phase. We
consider and compare between the performances of the
aforementioned ML algorithms and calibration-free trans-
formations to validate our solution. This approach aims
at generalizing the use of the preconstructed radio map
derived from one device to manifold devices and guarantee
localization accuracy in the meantime.

2. Normalized Rank Transformation

Aiming to mitigate the effect of signal fluctuation and
hardware variance issue, we introduce the intermediate nor-
malized rank transformation step to freeze the variation of
the RSSI. This solution has been defined principally to deal
with SVM classifier. Moving from RSSI value based analysis
to the normalized rank transformation based analysis, the
principal features are prioritized and the dimensionalities of
signature vectors are considered.

2.1. Rank Transformation. In the conventional classification
based on SVMor any otherML algorithms for fingerprinting-
based indoor localization, the features are defined as the
signal strength received from all the visible access points
(APs) to build the model. However, the received signal
strength is inherently time varying at a specific location.
Moreover, device diversity will impact both learning and
positioning phases.

In order to find the perfect match between the user
location and the predefined locations in the radio map
using SVM classifier, as well as attenuate the susceptibility
of decision boundaries to RSSI variation, the enhancement
of data learning to build a robust model is a key. The
improvement of the accuracy is related to the strong decision
boundaries between the different classes. The input variables
are redefined and the absolute RSSI values are replaced first by
their corresponding rank values. Let 𝑃1:𝑀 be the RSSI vector
of the𝑀 visible APs and 𝑆𝑖 the corresponding absolute RSSI
value of the AP(𝑖) such that

𝑃1:𝑀 = {𝑆1, 𝑆2, . . . , 𝑆𝑀} (1)

𝑃1:𝑀 = {𝑆1, 𝑆2, . . . , 𝑆𝑀} (2)

𝑆1 ≤ 𝑆2 ≤ ⋅ ⋅ ⋅ ≤ 𝑆𝑀 (3)

Ψ𝑖 = {{{
Ψ𝑖−1 + 1 for 𝑆𝑖−1 ̸= 𝑆𝑖
Ψ𝑖−1 otherwise. (4)

𝑃1:𝑀 is the new defined RSSI vector by rearranging the APs.
The rearrangement is based on (3), in which the throughputs
of received signals are in ascending order. Equation (4)
explains how to decide the rank vector. If RSSIs values are
distinct (𝑆𝑖−1 ̸= 𝑆𝑖 , 𝑖 indicates the position of the AP in the𝑀
dimensional vector), successive numbers denoted by Ψ𝑖 will
be assigned. Otherwise, the same rank will be allocated. The
initial value is equal to one andΨ𝑀 does not have to be equal
to the dimension of the initial RSSI vector. By adopting this
procedure, the most reliable APs with high RSSI are tagged
with the high rank values.

2.2. Normalized Rank Transformation. The observed set of
APs is not fixed over time at every calibration point and,
consequently, the dimension of the transformed rank vectors.
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Figure 1: Proposed system architecture.

Hence, the new formulated rank vector has to be adapted to
the varying assigned tags and needs to be normalized.

NR = {𝜆Ψ1, 𝜆Ψ2, . . . , 𝜆Ψ𝑀} such that 𝜆 = 1Ψ𝑀 (5)

NR𝑖 ∈ [0, 1] such that NR𝑖 = 𝜆Ψ𝑖. (6)

Equation (5) defines the normalized rank vector which is
denoted as NR and satisfies (6), where 𝜆 is the normalization
factor corresponding to the inverse of the highest assigned
rank Ψ𝑀 in the transformed rank vector. This normalization
step will result in keeping the prioritization of the most
reliable APs. Furthermore, it helps attenuating the effect of
the noisy points as the hyperplanes are always dominated by
the high values.

3. Proposed Method

In this section, we give more details about the proposed
approach which is composed of two main stages: the offline
stage and the online stage, as illustrated in Figure 1.

3.1. The Offline Stage. This stage consists of 3 major steps:
Step 1: data collection and association; Step 2: normalized
rank transformation; Step 3:model building and parameters
adjustment.

Step 1 (data collection and association). Selection of the
sampling Reference Point within the region of interest is
required to further collect the RSSI by a mobile node from
all the available APs. Since the propagation of the radio
signal in indoor environments is very complicated, several
observations in the same location are needful. A single
signature for each location is assigned by combining (such
as through averaging) 𝑥 sampling times. Let 𝑅 be the total
number of studied rooms and 𝑀 the total number of APs.(𝑅+1)×(𝑀+1) is the radiomapmatrixwhere each row vector
is along with its corresponding position except the first 𝑀

dimensional vector space, which contains theMACaddresses
of the𝑀 visible access points denoted by (AP)𝑅𝑀.
Step 2 (normalized rank transformation). This intermediate
step is achieved by separately considering each row vector of
the radio map.This consideration follows the described steps
in Section 2 proceeding from (1) to (6).

Step 3 (model building and parameters adjustment). The
model is built based on the new defined database and the
transformed normalized rank values. The parameters of the
learning method are tuned upon the obtained performance
using the same device that is utilized to construct the radio
map. The scrutinized criteria are the accuracy, precision, and
the recall such that

Accuracy = TP + FN
TP + FP + TN + FN

Precision = TP
TP + FP

Recall = TP
TP + FN

,
(7)

where TP, FP, TN, and FN are True Positive, False Positive,
True Negative, and False Negative, respectively. Classification
accuracy alone may hide details about the performance of
classification model. It can also be misleading in the case of
havingmore than two classes in the dataset. It gives the overall
performance of the model considering all correct predictions
divided by the total number of the datasets. However, it does
not point out if all classes are predicted equally or whether
some classes are neglected by the model. The formulations
of the precision and the recall are used in our study to
extract more information from the generated model. The
precision gives the percentage of the correctly predicted
instances among the total number of positive predictions,
while the recall is the percentage of correctly predicted
instances among the total number of positives.
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(I) Dimensionality check(1) for 𝑗 = 1, 2, . . . ,𝑀 do(2) for 𝑖 = 1, 2, . . . , 𝑁 do(3) if [(AP)𝑅𝑀](𝑗) = [(AP)Ob](𝑖)(4) Keep (RSSI)(𝑖) of Ob vector at the position (𝑗)(5) elseif 𝑖 = 𝑁 & [(AP)𝑅𝑀](𝑗) ̸= [(AP)Ob](𝑖)(6) Pad position (𝑗) with zero value(7) Loop
(II) Normalized rank transformation

(i) Keep only non-zero positions and get the new Ob vector
(ii) Rearrange RSSI value in ascending order.
(iii) Assign transformed Normalized Rank value:(1) Initialize the Normalized Rank (NR-Ob) vector(2) for 𝑘 = 2, 3, . . . , iterator do(3) if (Ob)𝑘 = (Ob)𝑘−1(4) (NR-Ob)𝑘 = Ψ𝑘−1(5) else(6) (NR-Ob)𝑘 = Ψ𝑘−1 + 1(7) Loop(8) 𝜆 = max{(NR-Ob)(1:iterator)}(9) Normalize NR-Ob vector by 𝜆 and remapping to𝑀 dimensional space(10)Consider the transformed normalized rank vector for positioning

(III) ML Classification
(IV) Return the final position

Algorithm 1: Proposed normalized rank transformation method during runtime phase.

3.2. The Online Stage. This part is fully detailed in Algo-
rithm 1. Like the offline phase, this stage consists of three
main steps: Step 1: dimensionality check; Step 2: normalized
rank transformation; Step 3: ML classification and position
estimation.

Step 1 (dimensionality check). During our database con-
struction, considering 𝑀 visible APs leads to the need of
dimensionality check. This step checks each given observed
vector at the location, which is denoted (Ob) and is to be
identified. Let 𝑁 be the total number of visible APs of (Ob)
vector. Dimensionality transformation from 𝑁 dimension
space to 𝑀 dimension space is established such that the
RSSI value at 𝑖 location in (Ob) vector corresponding to a
specific AP at 𝑗 location in (AP)𝑅𝑀 vector should be stored
at the same 𝑗 location. However, for the unseen APs, their
corresponding RSSI values are padded with zero to achieve
the same dimension in both vectors. Furthermore, it allows
patternmatching to take the same features into consideration
during the location estimation process.

Step 2 (normalized rank transformation). TheRSSI values are
transformed to the normalized rank values by keeping the𝑀
dimensional space of the observed vector.

Step 3 (ML classification and position estimation). The
transformed normalized rank vector (NR-Ob) is compared
with the trained model to find the best match. The physical
position of the model which has the best match in the new
radio map will be labeled as the estimated position.

The same RSSI transformation has been applied in both
offline and online stages. Several classifiers will be trained
using the new radio map, generating the training model to
validate our approach.

4. Classification Methods

In this section, we introduce the differentmethods adopted in
our work. All the studied algorithms fall under the category
of the supervised techniques.

4.1. Support Vector Machine. Support Vector Machine is
one of the best off-the-shelf supervised learning algorithms,
which is used for both classification and regression tasks.
It has been originally developed for binary classification
problems and further expanded to perform even multiclass
classification tasks. It uses hyperplanes to define decision
boundaries separating data points of different classes in
the case of linearly separable data. In addition, SVMs can
efficiently perform a nonlinear classification by using kernel
trick. In this case, original data are mapped into a high-
dimensional, or even infinite-dimensional, feature space [31,
32].

SVM aims to construct a hyperplane with the maximal
margin between different classes. In most cases, data are
not perfectly linearly separable, which makes the separating
hyperplane susceptible to outliers. Therefore, a restricted
number of misclassifications should be tolerated around
the margins. The resulting optimization problem for SVMs,
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where a violation of the constraints is penalized, depends on
the regularization norm considered.

4.1.1. L1 Regularization Norm for SVM. The L1 norm defines
a Support Vector Machine with a linear sum of the slack
variable to make the hyperplanes less sensitive to outliers; it
is written as

min
𝑤,𝜉,𝑏

𝐽 (𝑤, 𝜉) = 12 ‖𝑤‖2 + 𝐶 𝑁∑
𝑖=1

𝜉𝑖 (8)

Subject to: 𝑦𝑖 (𝑤𝑇𝜙 (𝑥𝑖) + 𝑏) ≥ 1 − 𝜉𝑖
𝑖 = 1, . . . , 𝑁, 𝜉𝑖 ≥ 0, 𝑖 = 1, . . . , 𝑁 (9)

𝑦𝑖 = sign (𝑤𝑇𝜙 (𝑥𝑖) + 𝑏) , (10)

where 𝐽 is the cost function, 𝑤 is the weight vector, and 𝐶 is
the positive regularization constantwhich defines the tradeoff
between complexity and proportion of nonseparable samples.
The problem formulation in (8) and (9) refers to the primal
optimization problem. Introducing the Lagrange multipliers𝛼𝑖 ≥ 0, we obtain the following dual problem:

max
𝛼

𝑊(𝛼)
= 𝑁∑
𝑖=1

𝛼𝑖 − 12
𝑁∑
𝑖,𝑗=1

𝑦𝑖𝑦𝑗𝛼𝑖𝛼𝑗𝜙 (𝑥𝑖)𝑇 𝜙 (𝑥𝑗)
Subject to:

𝑁∑
𝑖=1

𝑦𝑖𝛼𝑖 = 0, 0 ≤ 𝛼𝑖 ≤ 𝐶.
(11)

The optimal hyperplane is the one which maximizes the
margin, and the optimal values of 𝑤 and 𝑏 are found by
solving a constrained minimization problem using Lagrange
multipliers. The function that solves the quadratic program-
ming problem, and with the use of the positive definite
mapping function that satisfies Mercer’s condition, is such
that

𝑘 (𝑥, 𝑥𝑖) = 𝜙 (𝑥)𝑇 𝜙 (𝑥𝑖) . (12)

It also satisfies the Karush-Kuhn-Tucker (KKT) conditions.
The decision function can be expressed as

𝑦𝑖 = sign( 𝑁∑
𝑖=1

𝛼𝑖𝑦𝑖𝑘 (𝑥, 𝑥𝑖) + 𝑏) . (13)

The classification accuracy produced by SVMs may show
variations depending on the choice of the kernel function and
its parameters. Various types of kernels can be chosen:

(i) Linear:

𝐾(𝑥, 𝑥𝑖) = 𝑥𝑇𝑥𝑖. (14)

(ii) Polynomial of degree 𝑑:
𝐾(𝑥, 𝑥𝑖) = (𝛾 + 𝑥𝑇𝑥𝑖)𝑑 , 𝛾 ≥ 0. (15)

(iii) Radial basis function (RBF):

𝐾(𝑥, 𝑥𝑖) = exp(−𝑥 − 𝑥𝑖22𝛿2 ) . (16)

(iv) Sigmoid:

𝐾(𝑥, 𝑥𝑖) = tanh (𝑘1 ⋅ 𝑥𝑇𝑥𝑖 + 𝑘2)𝑑 . (17)

The KKT condition is given by

𝛼𝑖 (𝑦𝑖 (𝑤𝑇𝑥𝑖 + 𝑏) − 1 + 𝜉𝑖) = 0
𝑏𝑖𝜉𝑖 = (𝐶 − 𝛼𝑖) 𝜉𝑖 = 0. (18)

𝛼𝑖 are Lagrange multipliers and the value 𝜉𝑖 indicates the
distance of𝑥𝑖 with respect to the decision boundary since that

(i) if 𝛼𝑖 = 0, then 𝜉𝑖 = 0; therefore 𝑥𝑖 is correctly classified
and lies outside the margin;

(ii) 0 < 𝛼𝑖 < 𝐶; then (𝑦𝑖(𝑤𝑇𝑥𝑖 +𝑏)−1+𝜉𝑖) = 0 and 𝜉𝑖 = 0;
thus 𝑦𝑖(𝑤𝑇𝑥𝑖 + 𝑏) = 1 and 𝑥𝑖 is the support vector;

(iii) 𝛼𝑖 = 𝐶; then (𝑦𝑖(𝑤𝑇𝑥𝑖 + 𝑏) − 1 + 𝜉𝑖) = 0 and 𝜉𝑖 ≥ 0;
therefore 𝑥𝑖 is a bounded support vector; in the case0 ≤ 𝜉𝑖 < 1, 𝑥𝑖 is correctly classified; however, for 𝜉𝑖 ≥1, 𝑥𝑖 is misclassified.

4.1.2. L2 Regularization Norm for SVM. The L2 norm defines
a Support Vector Machine which uses the square sum of
the slack variable in the objective function. The considered
optimization problem is as follows:

min
𝑤,𝜉,𝑏

𝐽 (𝑤, 𝜉) = 12 ‖𝑤‖2 + 𝐶2
𝑁∑
𝑖=1

𝜉𝑖2
Subject to: 𝑦𝑖 (𝑤𝑇𝑥𝑖 + 𝑏) ≥ 1 − 𝜉𝑖

𝑖 = 1, . . . , 𝑁, 𝜉𝑖 ≥ 0, 𝑖 = 1, . . . , 𝑁.
(19)

The dual problem is expressed by introducing the Lagrange
multipliers 𝛼𝑖:

max
𝛼

𝑊(𝛼)
= 𝑁∑
𝑖=1

𝛼𝑖
− 12
𝑁∑
𝑖,𝑗=1

𝑦𝑖𝑦𝑗𝛼𝑖𝛼𝑗 (𝑘 (𝑥, 𝑥𝑖) + 𝛿𝑖𝑗𝐶 )
Subject to:

𝑁∑
𝑖=1

𝑦𝑖𝛼𝑖 = 0, 𝛼𝑖 ≥ 0 for 𝑖 = 1, . . . , 𝑁,

(20)

where 𝛿𝑖𝑗 is Kronecker’s delta function, in which 𝛿𝑖𝑗 = 1, for𝑖 = 𝑗, and 0 otherwise.
The KKT conditions in this case are given by

𝑦𝑖( 𝑁∑
𝑗=1

𝛼𝑗𝑦𝑗 (𝑘 (𝑥, 𝑥𝑖) + 𝛿𝑖𝑗𝑐 ) + 𝑏) − 1 = 0. (21)
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4.2. KNN. 𝐾-NearestNeighbor algorithm is a nonparametric
supervised classifier in which the target label is predicted by
finding the nearest neighbor class, considering the majority
vote of its 𝐾 neighbors. In the case of 𝐾 = 1, the target is
simply assigned to the class of its nearest neighbor.The closest
class in this work is identified using the Euclidean distance:

𝐷𝑖𝑗 = √ 𝑀∑
𝑘=1

(𝑋𝑖𝑘 − 𝑋𝑗𝑘)2, (22)

where 𝐷𝑖𝑗 is the distance between the observed point and
each signature vector in the radio map. 𝑋𝑖 corresponds to
the runtime fingerprint, 𝑋𝑗 is the offline fingerprint, and 𝑀
corresponds to the dimension of the RSSI Vector. The best
choice of the calibration points 𝐾 selected in this work has
been set equal to one, since it generated better results.

4.3. Naı̈ve Bayes. Näıve Bayes is a probabilistic classifier
based on applying Bayes theorem with strong näıve indepen-
dence assumptions between the features. Each data instance
generates a tuple 𝑋 of attribute values ⟨𝑥1, 𝑥2, . . . , 𝑥𝑀⟩. The
identification of the corresponding label from a finite set of
labels𝑅 consists onmaximumaposteriori (MAP) estimation.
The theorem states the following relationship:

𝑃 (𝑟 | 𝑥1, 𝑥2, . . . , 𝑥𝑀) = 𝑝 (𝑟) 𝑃 (𝑥1, 𝑥2, . . . , 𝑥𝑀 | 𝑟)𝑃 (𝑥1, 𝑥2, . . . , 𝑥𝑀) , (23)

since 𝑃(𝑥1, 𝑥2, . . . , 𝑥𝑀) is constant given the input set:

𝑟 = argmax𝑝 (𝑟) 𝑃 (𝑥1, 𝑥2, . . . , 𝑥𝑀 | 𝑟)
𝑟 = argmax𝑝 (𝑟) 𝑀∏

𝑖=1

𝑃 (𝑥𝑖 | 𝑟) , (24)

where 𝑟 is the estimated room, which is predicted given
the transformed rank values from 𝑀 APs, 𝑝(𝑟) is the prior
probability of the class “𝑟,” and 𝑃(𝑥𝑖 | 𝑟) corresponds to the
likelihood. Both terms are estimated from the training data.
We adopt the implementation of Naı̈ve Bayes considering the
fact that continuous variable with each class is distributed
according to a Gaussian distribution:

𝑃 (𝑥𝑖 = V | 𝑟) = 1
√2𝜋𝛿2𝑟 𝑒

−(V−𝑢𝑟)
2/2𝛿2
𝑐 . (25)

4.4. Random Forest. Random Forest (RF) is a classifier in
which a multitude of decision trees are generated. The RF
chooses the tree which has the highest votes after their
classification results. The most occurring class number in
the output of the decision trees is the final output of the RF
classifier. A recursive process in which the input dataset is
composed of smaller subsets allows the training of each deci-
sion tree.This process continues until all the tree nodes reach
the similar output targets.The Random Forest classifier takes
weights based on the input as a parameter that resembles the
number of the decision trees [18].

4.5. Artificial Neural Network. Artificial Neural Network
(ANN) is one of the most effective models in ML. It has
been inspired by the biological neural networks in the human
brain. It is made of several units or neurons of the following
form:

𝐻𝑗 = 𝜎(𝑏 + 𝑁∑
𝑖=1

𝑤𝑖𝑗𝑥𝑖) , (26)

where 𝜎 is a nonlinear activation function, 𝑏 is the bias term,
and 𝑤𝑖𝑗 are the associated weights to the column vector 𝑥
(corresponding either to the input data or the preceding
layer).

In this paper, our selected activation function is the
sigmoid function as in the following [20]:

𝜎 (𝑥) = 11 + 𝑒−𝑥 . (27)

The nodes in ANN are structured into successive layers: input
layer which corresponds to the input data, hidden layers, and
output layer. The required number of hidden layers depends
on the nonlinearity of the relation between input and output.
Backpropagation algorithm is used to adjust weights and bias
values of the edges and to minimize the loss function.

5. Experimental Results and Analysis

Our experiments were conducted in Metro City shopping
mall in Shanghai and we considered about 88 different shops
during the calibration phase. Figure 2 shows one floor plan of
this shopping mall. Only one device has been used to build
the radio map based on the collected RSSI measurements.
The total visible 𝑀 APs considered herein are equal to 185.
Samsung Galaxy Note 2 mobile phone is considered as the
reference device.

During the testing phase, sixteen different devices have
been utilized to investigate hardware variance effect on local-
ization accuracy. These devices recorded the signal strength
from the available APs with their corresponding MAC
addresses at the same locations in 8 shops. In each shop, sixty
samples have been recorded, with a total of 480 samples based
on each single device. Different database sizes denoted by 𝑆
(corresponding to the number of assigned observations to
each position) have been utilized to investigate howmuch we
need to know ahead of time about what is being learned.This
analysis aims to achieve an effective learning and correctly
predict the position, for new observations unseen before.
Moreover, the accuracy based on a single observation, as
well as the needed fused data, is studied. The performance of
the proposed method is evaluated through extensive experi-
ments, and the obtained results based on SVM are compared
with other well-known and widely used ML algorithms in
indoor localization. In this section, we assess the performance
of the built model based on a reference device to diverse
devices. In the first part, we investigate database definition
based on the collected RSSI value. It is implemented by
assigning a varied set of observations to each single location
and maintaining the absolute RSSI value during the runtime
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Figure 2: 3rd floor plan of Metro City shopping mall.

phase. The predicted location is calculated by matching the
sample points on the radio map, with the RSSI fingerprint
closest to the tracking device.

The linear kernel of SVM based on risk minimization
principle is adopted to make the decision about the current
location. Seeing that, for themost part of analysis, the number
of input variables exceeds the number of examples, which
makes the linear separation well suited based on Cover’s
theorem [33], same kernel parameters are considered during
the whole analysis to fairly compare the obtained results.
Moreover, we checked the efficiency of the rank transforma-
tion without any normalization. In addition, to evaluate the
effectiveness of the proposed method, we considered about
two ways of normalization. The first technique is the fully
normalized rank, considering the total stored input in the
database. However, the second one is the vector normalized
rank method in which the normalization factor 𝜆 is taking
the value as described in Section 2.

5.1. Experiments Based on RSSI Values. Figure 3 shows the
positioning accuracy with different 𝑆 and the influence of
changing the tracking device when using RSSI values in
both online and offline phase. The vertical axis shows the

percentage of correctly predicted positions. We look first
at the achieved accuracy in the case of using the same
training device in the positioning phase.The good and steady
performance during this test can be seen with high precision
to estimate the location, where only a few samples are enough
to attain the maximum accuracy. Almost all locations are
perfectly estimated in this case.

However, in the case of tracking device different from the
training device during the runtime phase, it works badly in
half of the studied cases. Besides, this observation is much
more remarkable if the number of fingerprint observations
in the same location is limited or very small. Although the
achieved correct rate for the remaining smartphones turns
around 100% well-estimated location, only some of them can
be distinguished in the figure. Unsteady curves are noticeable
and increasing the number of the encoded fingerprints based
on RSSI values at each location on the radio map does not
always improve the performance of the applied method.This
outcome proves the degradation pattern caused by the change
of the utilized device to record the signal strength. This is
due to the fact that RSSI stored in the database diverges from
the RSSI captured using another piece of equipment. This
low estimation is coming from the different sensitivity of
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Figure 3: Localization accuracy using RSSI based on linear SVM. (a) shows the accuracy based on a few samples. (b) shows the accuracy
based on large samples.

manifold devices to the signal throughput, which is related
to both antennas and packaging materials.

5.2. Experiments Based on the Rank Transformed Values.
In this part, we have redone the previous tests based
on the rank transformed values instead of exploiting the
direct RSSI value to predict the location. The RSSI vector𝑃1:𝑀 = {𝑆1, 𝑆2, . . . , 𝑆𝑀} is reformulated such that Ψ1:𝑀 ={Ψ1, Ψ2, . . . , Ψ𝑀}, whereΨ𝑖 satisfies (4) and the normalization
factor is initially ignored. Figure 4 illustrates the location
accuracy by changing the number of associated observations
to each Reference Point (RP) using multiple devices. A
prominent improvement is noticeable using the rank trans-
formed value and more stability is perceptible comparing to
the previous results. The maximum correct rate estimation
is much higher based on a few associated samples to the
reference locations.The reached perfect predictions based on
this test have not been attained based on RSSI analysis even
when we considered the integrality of captured observations.
The two exception cases ofXiaomi andOppoA31c devices will
be discussed in the next part.

Ranking the signal throughput of an access point at a
specific location plays an essential role in delimiting the
range of the interval in which the input variable is defined.
It is additionally practical to broaden the application of a
built model. Moreover, the prioritization of the most reliable
input variables when assigning rank values strengthens the
generalization of the model and the performance of the used
method.

5.3. Experiments Based on the Normalized Rank Transforma-
tion Method. In order to evaluate the performance of the
normalized rank transformation, we define two means of
normalization. Figure 5 represents the performance of the
learning method using the fully normalized rank transfor-
mation.The normalization factor 𝜆 takes the inverse value of𝑀 where 𝑀 is the total visible APs considered in the radio
map, while Figure 6 corresponds to the achieved results when𝜆 satisfies the condition of (5). It is noteworthy that bothways
can provide more accurate results with some meaningful
differences.

It appears that normalizing based on a fixed value needs
more samples to attain a good prediction if compared to the
second normalization side by side. It can be seen that, for
the greatest part, at least 6 samples are required to reach an
approximate 100% accurate prediction. The recorded RSSI
values using Xiaomi device have been compared with those
obtained with the remaining devices, where an unpredicted
variability has been registered. We notice that some samples
are very similar for the same environment. Meanwhile, it
could exhibit a remarkable inconsistency in the recorded
throughput at the same position. It seems that this mobile
phone is very sensitive to changes and to the stability of
the studied area which explains the registered uncertainty.
The maximum percentage of 87.5% achieved by Oppo A31c
is further interpreted based on the confusion matrix.

Nonetheless, the second followed normalization based
on the highest assigned transformed rank value is rapidly
converging to the maximum accuracy, except for the special
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Figure 4: Localization accuracy using the rank based on linear SVM. (a) shows the accuracy based on a few samples. (b) shows the accuracy
based on large samples.
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Figure 5: Localization accuracy using the fully normalized rank based on linear SVM. (a) shows the accuracy based on a few samples. (b)
shows the accuracy based on large samples.
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Figure 6: Localization accuracy using the vector normalized rank based on linear SVM. (a) shows the accuracy based on a few samples. (b)
shows the accuracy based on large samples.

case of Xiaomi device that reached its maximum until the
consideration of the 10th sample. This approach allows
considering the varying range of the allocated tags in the
new formulated vectors at one position, and consequently
the difference between vectors dimensionalities. In contrast
to the previous normalization, in the case of 𝜆 = 1/Ψ𝑀, it
does not only perform as a scaling factor but also puts the
transformed values of both real location fingerprint vector
and the runtime vector as close as possible.

5.4. Experiments Based on a Unique Set of Observations.
The experiments in this scenario consider about one sample
designating a special Reference Point. In the test, the stored
fingerprints in the radio map are attained by averaging the
whole recorded dataset. Figure 7 illustrates the percentage
of the correct location determination based on a small size
database using the linear SVM classification. Figures 7(a),
7(b), and 7(c) are, respectively, obtained by accounting for
the absolute RSSI value, the inverse rank value, and the rank
value. Finally, Figure 7(d) shows the performance of the
learning method by applying the proposed method. The aim
of comparing between Figures 7(b) and 7(c) is to demonstrate
the importance of considering the throughput signal of an
input variable in the right direction. As notable in Figure 7(b),
awrong direction leads to decreasing the accuracy comparing
with the reference Figure 7(a) based on RSSI value.

On the one hand, the allocation of tags in the right
order results in providing the APs with a high received

signal strength by high ranks, while the less reliable ones are
assigned the low values. On the other hand, this will result
in the prioritization of the principal features by according
minor consideration to theAPswith low signal strengthwhen
building the support vectors. This is due to the fact that the
decision boundaries of the support vectors of SVMare always
dominated by the large quantities. The built model, in this
case, is much fitting the needs of this study than the inverse
rank transformation. Moreover, a significant improvement is
apparent by implementing the proposed solution with no less
than 98.75% accurate estimation in 93.75% of the tested cases
and 100% accuracy in 56.25% of cases.

Now turning attention to Xiaomi device, it turns out
that fusing data reduces the effect of the large variation in
the registered signal strength and enhances the prediction
performance. We attempted to investigate the volume of
needed data to be fused to consider one fingerprint for a given
Reference Point (RP). From Figure 8, it appears that both
ways of normalization herein work better than just applying
the rank transformation with more stable prediction. Quite
similar performances are seen in Figures 8(b) and 8(c)
increasing by the rise of combined information, comparing
with Figure 8(a).

5.5. Algorithms Comparison. This section is dedicated to
the comparison and the evaluation of the effectiveness of
SVM among multiple ML techniques within a single experi-
mental environment. To validate our proposed method, we
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Figure 7: Localization accuracy comparison in the case of unique exemplification per location based on linear SVM. (a) shows the attained
accuracy based on RSSI value. (b) shows the accuracy in the case of applying the inverse rank value. (c) shows the accuracy in the case of
applying the rank transformation value. (d) Accuracy based on the normalized rank transformation. (#) The inverse rank is the converted
absolute RSSI vector by considering the opposite direction of (3).
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Figure 8: Localization accuracy in the case of unique exemplification per location based on linear SVM considering different data fusion size.
(a) shows the attained accuracy based on the rank value. (b) shows the accuracy in the case of applying the proposed rank transformation.
(c) shows the accuracy in the case of applying the fully normalized rank transformation.



Mobile Information Systems 13

Table 1: Percentage of accurately estimated locations based on linear SVM adopting multiple combinations of constraints violation along
with comparison between RBF kernel and regularized Logistic Regression; the radio map is defined upon RSSI values.

Devices
Classification type

RBF kernelL2-R∗ L2-N L2-R L2-N L2-R L1-N L2 LR L1-R L1
(primal) (dual) (dual) (primal) L2-N∗∗ LR∗∗∗

Oppo A31c 87.08% 85.42% 85.42% 86.04% 52.29% 58.75% 37.29%
BBK 94.17% 95.20% 95.20% 95.42% 61.45% 70.20% 35.00%
Coolpad 8730L 90.62% 89.78% 89.78% 90.42% 70.42% 76.04% 41.45%
Gionee 99.17% 99.37% 99.37% 99.37% 58.12% 73.12% 37.29%
HTC One E8 82.08% 81.45% 81.45% 81.87% 54.58% 54.17% 36.04%
Huawei GRA-CL00 97.92% 98.12% 98.12% 98.33% 63.75% 64.58% 28.75%
Lenovo A788t 94.58% 94.78% 94.78% 95.00% 51.04% 66.25% 26.67%
Meizu 99.58% 99.58% 99.58% 99.58% 88.54% 87.29% 52.70%
Oppo R7c 98.12% 98.12% 98.12% 97.92% 55.62% 73.33% 36.45%
Xiaomi 74.17% 74.17% 74.17% 74.17% 40.83% 63.95% 37.50%
Xiaomi Cancro 69.58% 68.54% 68.54% 69.58% 37.50% 42.29% 32.91%
Samsung klteduoszn 92.92% 92.50% 92.50% 93.12% 68.54% 63.33% 47.50%
Meizu M2 note 97.71% 97.08% 97.08% 98.33% 83.75% 79.37% 58.12%
Samsung trlteduosctc 93.95% 93.75% 93.75% 93.96% 72.50% 66.45% 41.67%
BBK Vivo 96.87% 97.08% 97.08% 97.29% 57.91% 67.92% 30.20%
Standard device accuracy 91.87% 91.87% 91.87% 92.29% 79.79% 78.95% 54.79%
Recall (ratio) 0.92 0.92 0.92 0.97 0.79 0.79 0.55
Precision (ratio) 0.95 0.95 0.95 0.97 0.86 0.83 0.77
(∗) R stands for regularization; (∗∗) N stands for norm; (∗∗∗) LR: stands for logistic regression. We put in bold the percentages lower than 90% for easiness
of observation.

Table 2: Algorithms comparison based on the percentage of the well-recognized positions; the radio map defined upon RSSI values.

Device type
Classification type

SVM Artificial Neural Network Näıve Bayes Random Forest KNN (𝐾 = 1)L2-R L2-N
Oppo A31c 87.08% 97.50% 77.50% 59.58% 46.04%
BBK 94.17% 56.25% 33.75% 59.38% 46.67%
Coolpad 8730L 90.62% 97.71% 64.38% 80.00% 81.46%
Gionee 99.17% 74.17% 37.71% 69.38% 58.96%
HTC One E8 82.08% 91.88% 56.88% 62.71% 81.04%
Huawei GRA-CL00 97.92% 93.33% 46.67% 66.04% 73.12%
Lenovo A788t 94.58% 78.75% 35.83% 61.88% 53.33%
Meizu 99.58% 99.79% 95.00% 84.00% 99.58%
Oppo R7c 98.12% 62.92% 36.04% 63.75% 50.83%
Xiaomi 74.17% 81.04% 55.00% 56.46% 78.12%
Xiaomi Cancro 69.58% 63.75% 38.75% 44.17% 52.92%
Samsung klteduoszn 92.92% 98.75% 67.29% 74.00% 87.08%
Meizu M2 note 97.71% 97.71% 86.25% 74.38% 94.37%
Samsung trlteduosctc 93.95% 97.29% 65.83% 68.96% 89.17%
BBK Vivo 96.87% 75.00% 39.17% 75.00% 52.29%
Standard device accuracy 91.87% 97.50% 77.50% 84.79% 87.08%
Recall (ratio) 0.92 0.97 0.77 0.85 0.87
Precision (ratio) 0.95 0.97 0.85 0.93 0.93
We put in bold the percentages lower than 90% for easiness of observation.

compared the resulting estimation of the considered ML
techniques with their ground-truth locations. Taking into
account the importance of using a common database and the
sameway of data definition as considered in the offline phase,
the conducted analysis is partitioned to two main tests. The
first part is devoted to the tests based on RSSI value, while
the second one is devoted to the proposed normalized rank
transformation.

5.5.1. Algorithms Comparison upon RSSI Value. Both Tables 1
and 2 have been obtained by considering the absolute RSSI
value in the calibration and the positioning phase. Table 1
shows the influence on accuracy by changing the considered
regularization norm, the selected kernel for SVM classifier,
and using the regularized logistic regression.Herein, for SVM
classifier, the linear kernel yielded better results than the RBF
kernel which achieved only 54.79% correct prediction, by
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Table 3: Percentage of accurately estimated locations based on linear SVM adopting multiple combinations of constraints violation along
with comparison between RBF kernel and regularized Logistic Regression; the radio map is defined upon the proposed normalized rank
transformation.

Device type
Classification type

RBF kernelL2-R∗ L2-N L2-R L2-N L2-R L1-N L2 LR L1-R L1
(primal) (dual) (dual) (primal) L2-N∗∗ LR∗∗∗

Oppo A31c 87.50% 87.50% 87.50% 87.50% 58.95% 85.83% 85.20%
BBK 98.75% 98.75% 98.75% 99.17% 63.12% 95.00% 81.46%
Coolpad 8730L 100% 100% 100% 100% 96.87% 99.58% 99.79%
Gionee 100% 100% 100% 100% 71.87% 96.04% 94.79%
HTC One E8 98.75% 98.75% 98.75% 98.75% 87.50% 91.04% 95.00%
Huawei GRA-CL00 100% 100% 100% 100% 74.37% 98.12% 97.08%
Lenovo A788t 99.79% 99.79% 99.79% 100% 74.37% 96.87% 98.54%
Meizu 100% 100% 100% 100% 94.58% 100% 100%
Oppo R7c 99.58% 99.58% 99.58% 100% 70.62% 95.62% 87.92%
Xiaomi 99.17% 99.17% 99.17% 99.17% 76.46% 80.20% 85.41%
Xiaomi Cancro 100% 100% 100% 100% 74.37% 91.25% 83.33%
Samsung klteduoszn 100% 100% 100% 100% 88.75% 97.29% 98.75%
Meizu M2 note 100% 100% 100% 100% 91.25% 94.37% 100%
Samsung trlteduosctc 99.58% 99.58% 99.58% 99.58% 92.08% 95.83% 98.95%
BBK Vivo 100% 100% 100% 100% 70.83% 93.95% 98.33%
Standard device accuracy 100% 100% 100% 100% 94.79% 99.37% 97.50%
Recall (ratio) 1 1 1 1 0.94 0.99 0.97
Precision (ratio) 1 1 1 1 0.91 0.99 0.98
(∗) R stands for regularization; (∗∗) N stands for norm; (∗∗∗) LR stands for logistic regression. We put in bold the percentages lower than 90% for easiness
of observation.

fitting the parameters from our testbed, which was expected
as stated in Cover’s theorem.

It is noticeable that recognition rates and the general-
ization ability of the test data by L2-SVM tend to be better
than those by L1-SVM. Moreover, the differences in the
performance of L2-SVM applying either the dual or primal
optimization problem are imperceptible. This means that
L2 regularization is estimating the violating variables more
conservatively than L1 regularization avoiding overfitting
issue of the training samples. L1 regularization SVM tends
to pick only a few variables in the case of the existence of
several highly correlated variables. In addition, the number
of selected variables is upper bounded by the size of the
training data. However, L2 normkeeps the correlated variable
by shrinking their corresponding coefficients.

It is noteworthy that the L2 regularized logistic regression
behaves quite similarly to L2 regularized support vector since
both of them tend to maximize the margin as reducing the
loss although their considered loss is different. It is perceptible
in a few cases that L2 regularized logistic regression produces
slightly more accurate prediction compared to L2 regularized
SVM. This is due to the fact that logistic regression is mod-
eling probabilities and therefore some errors are calculated
even for correctly classified training examples while L2-SVM
does not. SVMclassifier is purely discriminative anddesigned
to give a binary classification, while the regularized logistic
regression estimates the a posteriori probability of class
membership. In this work, we desire a binary classification
and consequently identify the decision boundary directly

rather than estimate the probability of class membership. On
this basis we will look at the results of L2 regularized support
vector instead of the L2 regularized logistic regression on the
upcoming comparison.

Analysis using RSSI value based on linear SVM gives
an acceptable result in most cases. Nonetheless, the model
generalization to manifold devices could facilely fail to
achieve a very high precision; for instance, a low correct
rate estimation has been registered with Oppo A31c, HTC,
Xiaomi, and Xiaomi Cancro with, respectively, a rate of
87.08%, 82.08%, 74.17%, and 69.58%. Table 2 illustrates the
performance of the optimized algorithms, in which it can
be seen that the built model of Random Forest, KNN, and
Näıve Bayes failed dramatically, notably with heterogeneous
devices. Good performances using Neural Network and
SVM are noteworthy; however, SVM outperforms the whole
implemented ML algorithms.

5.5.2. Algorithms Comparison upon the Proposed Normalized
Rank Transformation. Tables 3 and 4 show the results of the
proposednormalized rank transformation in both calibration
and positioning phase. We investigated its usefulness consid-
ering regularization across LR and SVM classifier for linear
and RBF kernels as depicted in Table 3, as well as its suitability
of operation based on several ML algorithms as presented in
Table 4. In general, we noticed the same previous observation
based on RSSI analysis regarding the regularization and
kernel type. However, a significant improvement is perceived
moving from the RSSI value consideration to the normalized
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Table 4: Algorithms comparison based on the percentage of the well-recognized positions; the radio map is defined upon the proposed
normalized rank transformation.

Device type
Classification type

SVM Artificial Neural Network Näıve Bayes Random Forest KNN (𝐾 = 1)L2-R
Oppo A31c 87.50% 86.67% 59.38% 57.29% 54.79%
BBK 98.75% 89.58% 64.38% 47.08% 64.58%
Coolpad 8730L 100% 100% 95.83% 82.08% 86.67%
Gionee 100% 93.54% 62.08% 52.50% 67.29%
HTC One E8 98.75% 98.54% 96.25% 80.42% 83.12%
Huawei GRA-CL00 100% 98.54% 71.25% 70% 81.04%
Lenovo A788t 99.79% 96.67% 64.38% 60.83% 77.29%
Meizu 100% 100% 100% 93.54% 99.37%
Oppo R7c 99.58% 93.54% 66.88% 61.67% 65.41%
Xiaomi 99.17% 83.96% 86.04% 76.88% 80.83%
Xiaomi Cancro 100% 93.54% 78.75% 63.54% 48.12%
Samsung klteduoszn 100% 99.79% 99.58% 86.46% 87.50%
Meizu M2 note 100% 98.75% 99.58% 86.46% 92.50%
Samsung trlteduosctc 99.58% 99.17% 99.79% 85.42% 83.75%
BBK Vivo 100% 96.46% 69.38% 63.96% 70.83%
Standard device accuracy 100% 100% 100% 89.38% 90.83%
Recall (ratio) 1 1 1 0.89 0.91
Precision (ratio) 1 1 1 0.94 0.94
We put in bold the percentages lower than 90% for easiness of observation.

Table 5: Confusion matrix of OPPO A31c device.

Shop 1 Shop 2 Shop 3 Shop 4 Shop 5 Shop 6 Shop 7 Shop 8
Shop 1 60 0 0 0 0 0 0 0
Shop 2 0 60 0 0 0 0 0 0
Shop 3 0 0 60 0 0 0 0 0
Shop 4 0 0 0 60 0 0 0 0
Shop 5 0 0 0 0 60 0 0 0
Shop 6 0 0 0 0 0 60 0 0
Shop 7 0 0 0 0 0 0 60 0
Shop 8 60 0 0 0 0 0 0 0

rank transformation. The converted absolute RSSI values
seem to be more stable and reliable rather than their initial
values. Analyzing the performance of the aforementioned
ML algorithms, the accuracy based on the same device
is ameliorated while the generalization of the model to
diversiform devices has been outperformed based on NR-
SVM. This solution shows its significance improving the
optimized accuracy of SVM around the decision boundaries,
where 100% perfect prediction is achieved on the same device
based linear L2-SVM. Moreover, no less than 98.75% well-
estimated locations are attained for the remaining devices,
except the special case of Oppo A31c.

It is interesting to further examine the positioning error
percentile for the special case of Oppo A31c where only
87.5% correct estimation has been recorded. We have drawn
its corresponding confusion matrix given in Table 5 to
summarize the performance of the classification algorithm
for this device.The vertical shop specification corresponds to
the actual locationwhile the horizontal ones are the predicted
shops.The diagonal part of thematrix delineates the correctly

classified instance where sixty samples are defined in each
shop for evaluation. It is observed that both locations “shop
1” and “shop 8” are highly confused where all vectors of shop
8 were classified as location “shop 1.” In the case of having
a high similarity between RSSI vectors in different locations,
taking into account neither the initial RSSI values nor their
converted NR values can significantly distinguish between
them and provide accurate estimation.

5.6. RSSI Transformations Comparison Based on SVM.
Several studies have proposed methods to improve the
robustness of positioning systems against device diversity.
Calibration-free approaches have introduced several ways of
RSSI reformulation. This performance comparison is aiming
to show the effectiveness of the proposedNR-SVM compared
with the Hyperbolic Location Fingerprinting (HLF), the
Signal Strength Differences (SSD), and the DIFF method
based on SVM. The difference of signal strength between
pairs of APs, namely, DIFF, was proposed in [25] to reduce
the effect of diversity in devices.Themain difference between
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Figure 9: Achieved accuracy based on SSD-SVM. (a) shows the accuracy based on a few samples. (b) shows the accuracy based on large
samples.

the fundamental fingerprinting method and DIFF is that
the latest uses the difference between pairs of APs instead
of the use of the absolute RSSI value. SSD [26] takes also
the advantages of Signal Strength Differences; however, it
selects only independent sets ofDIFF.Moreover, theHLF [24]
method uses the signal strength ratios between pairs of RSSIs
as fingerprints.

We implemented the aforestated RSSI value transforma-
tions and estimated the location using SVM classifier. The
results show that both DIFF (Figure 10) and HLF (Figure 11)
conversions perform better than the initial RSSI values
(Figure 3) either when using a few samples or by considering
extrasite survey measurements to identify each location. It
appears in our case of study that the SSD transformation
achieves lower estimation in terms of accuracy comparing
the estimated positions with their ground-truth locations.
Focusing on the obtained curve using the same device versus
a few samples Figure 9(a), the performance is clearly below
that of the absolute RSSI values. The side effect of this
approach is that the performance is not always better than the
initial RSSI value or even worse with homogeneous devices
notwithstanding the enlargement of training samples. To
further investigate this observation, we carried out the test
of HLF method based on independent sets only as shown
in Figure 12. It turns out that this way of transformation
based on independent sets yields a significant loss of some
discriminative information which decreases the accuracy
instead of improving it.

NR-SVM (Figure 6) performs the best and the experi-
ments showa consistent result aswell as a high precision com-
paring with three of the popular calibration-free techniques
DIFF, SSD, and HLF based on SVM. The reached steady
performance during the whole tests proves the feasibility of
considering few samples even in the case of manifold devices.
Consequently, it reduces the workload of the offline data
training phase. Furthermore, it avoids the time-consuming
site survey in which a large number of observations are
collected to boost the reliability of the system.

6. Conclusion

In this paper, we have presented the normalized rank
transformation method for a room level determination.
The performance evaluation shows that is more efficient to
redefine and reformulate the signal strength observed from
the anchors adequately rather than to use the absolute RSSI
values from an anchor node. The importance of ranking
direction and the way of normalization have been compared.
The normalization factor based on the highest assigned rank
results in meaningful consideration of vector dimension
yielding higher accuracy, and it is characterized by its fast
convergence to the maximum possible accuracy.

We explore the efficiency of NR-SVM by formulating
three of the most popular calibration-free transformations
proposed in the literature. DIFF, SSD, and HLF are imple-
mented based on SVM classifier. It has been concluded that
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Figure 10: Achieved accuracy based on DIFF-SVM. (a) shows the accuracy based on a few samples. (b) shows the accuracy based on large
samples.
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Figure 11: Achieved accuracy based on HLF-SVM. (a) shows the accuracy based on a few samples. (b) shows the accuracy based on large
samples.
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Figure 12: Achieved accuracy based on independent HLF-SVM. (a) shows the accuracy based on a few samples. (b) shows the accuracy based
on large samples.

SSD transformation may result in a significant loss of some
discriminative information and decreases the precision of
the algorithm. However, both DIFF and HLF improved the
performance compared to the fundamental fingerprinting
method based on RSSI values. Moreover, NR-SVM has
shown its distinguishability and reliability among the studied
transformations.

Another contribution presented in this paper is the
expansion of the application of the prebuild radiomap upon a
recorded information via a single device to manifold devices,
taking into account the quality and stability over time of
the resulting outcomes. Finally, we investigate and compare
our method based on different machine learning algorithms
and we showed that the linear L2 regularization norm of the
SupportVectorMachine outperformedNaı̈ve Bayes, Random
Forest, Artificial Neural Network, and KNN algorithms with
moderate dataset in terms of accuracy, especially on handling
device heterogeneity.
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Multisensors (LiDAR/IMU/CAMERA) integrated Simultaneous Location and Mapping (SLAM) technology for navigation and
mobile mapping in a GNSS-denied environment, such as indoor areas, dense forests, or urban canyons, becomes a promising
solution. An online (real-time) version of such system can extremely extend its applications, especially for indoor mobile mapping.
However, the real-time response issue of multisensors is a big challenge for an online SLAM system, due to the different sampling
frequencies and processing time of different algorithms. In this paper, an online ExtendedKalman Filter (EKF) integrated algorithm
of LiDAR scan matching and IMUmechanization for Unmanned Ground Vehicle (UGV) indoor navigation system is introduced.
Since LiDAR scan matching is considerably more time consuming than the IMU mechanism, the real-time synchronous issue
is solved via a one-step-error-state-transition method in EKF. Stationary and dynamic field tests had been performed using a
UGV platform along typical corridor of office building. Compared to the traditional sequential postprocessed EKF algorithm, the
proposedmethod can significantly mitigate the time delay of navigation outputs under the premise of guaranteeing the positioning
accuracy, which can be used as an online navigation solution for indoor mobile mapping.

1. Introduction

The establishment of highly efficient, accurate, and low-cost
indoor mapping technology is becoming more and more
necessary and urgent, due to the growing interest andmarket
of indoor Location Based Services (LBSs). Simultaneous
Location and Mapping (SLAM) has become a popular and
effective indoor mapping technology in recent years. The
SLAM technique is a process of building a map of an
unknown environment by traversing it with range sensors
while determining the system location on themap simultane-
ously; it has been explored in robotics and computer science
for decades. LiDAR-based SLAM is one of themost successful
technologies, as it can provide high frequency and high
precision range measurements [1]. It combines positioning
and mapping by utilizing two or more consecutive frames of
scan points (called scan matching) with various algorithms
[2–8]. However, LiDAR-based SLAM is heavily dependent
on environment features and performs poorly in a featureless
area. Various data fusion solutions have been researched

for a long time in order to offset the poor performance
of standalone sensor [9–13]. The LiDAR/IMU integrated
method is a feasible way to solve such problems [1, 5–
8, 14], because inertial measurement unit- (IMU-) based
inertial navigation system (INS) can offer accurate relative
positions and attitudes in a short period using gyroscopes
and accelerometers [5–8]. Finally, LiDAR/IMU integrated
method can provide sustainable and accurate position and
attitude results for indoor mobile mapping.

Presently, themost popular SLAM algorithms are divided
into the following types: Kalman filter, particle filters, and
graph-based. Hector SLAM estimates the 3D navigation state
based on robust scanmatching and inertial navigation system
by Extended Kalman Filter (EKF) [15]. Gmapping is a Rao-
Blackwellized Particle Filter SLAM approach which requires
a high number of particles to obtain good results. Therefore,
an adaptive resampling technique needs to be developed to
solve the depletion problems [16]. Karto SLAM is a graph-
based SLAM approach.The higher the number of landmarks,
themore amount ofmemory required [17].The sensor system
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in this paper is only composed of LiDAR and IMU. The
Extended Kalman Filter method is adopted for LiDAR/IMU
integrated in order to exploit IMU’s advantages in this paper.

However, most of the existing highly accurate SLAM
systems are postprocessed works [18–21]. An efficient online
solution is still a challenge in the field of highly accurate
mapping applications. For the LiDAR/IMU integrated sys-
tem, although IMU can accelerate the computation of LiDAR
scan matching, the time cost of LiDAR scan matching is still
much larger than the IMU sampling and processing.Thereby,
in an online application, if the IMU data are received when
the LiDAR scans arematching, these IMUdata have towait in
the buffer until the LiDAR scan matching process is finished
via the traditional sequential postprocessedmethod.The time
delay will hinder the IMU observation in current time from
being obtained and processed in time.This is a fatal influence
for an online system [22].

Various methods for the time delay issue have already
been addressed in previous works; many efforts concen-
trate on optimizing the fusion filter [23–25]. Guivant et al.
presented an optimal algorithm that significantly reduces
the computational requirements by propagating the stored
information in the local area to the rest of the global
map in only one iteration [22]. Other methods include
dividing the large-scale maps into small amenable maps
[24] or building a hierarchical submap method [23]; these
algorithms are suitable for large-scale maps that have sev-
eral landmarks. In 2016, Google’s Cartographer provides a
real-time solution for indoor mapping, which belongs to
the graph-based SLAM algorithm. Its time consumption of
LiDAR scan matching is far less than that in this paper.
However, the Cartographer needs to achieve real-time loop
closure to eliminate the accumulated errors and the CPU
occupancy is extremely high for accelerating the computa-
tion speed [26]. In addition, optimizing a large number of
variables in the SLAM issue simultaneously by using two
algorithms is another alternative to do mapping in real-
time. One algorithm performs odometry at a high frequency
but low fidelity to estimate velocity of the LiDAR. Another
algorithm runs at a frequency of an order of magnitude
lower for fine matching and registration of the point cloud
[27].

The details of the LiDAR/IMU fused method were
introduced in our previous work [4, 5]. In this paper,
we will introduce an efficient online solution based on
the compensation method by state propagating for the
LiDAR/IMU integrated inertial navigation system for indoor
mobile mapping, which is an extension of our previous
works. This state propagating method has been studied in
a GNSS/IMU integrated system but not in a LiDAR/IMU
integrated system. It has the advantages of low computa-
tion complexity, simple implementation, and high reliability
[28].

The proposed LiDAR scan matching algorithm in this
paper is an improved, probabilistically motivated Maximum
Likelihood Estimation (IMLE) algorithm. It is a brute global
optimum search method that can obtain the global opti-
mum position for each scan matching. Aided with IMU,
its mapping precision can achieve centimeter-level with

the current postprocessed Extended Kalman Filter (EKF)
method [4]. The original sequential LiDAR scan matching
and IMU mechanism process workflow is divided into two
independent and parallel workflows. Then, the time delay
between the LiDAR scan matching and IMU mechanism is
synchronized via the one-step-error-state-transitionmethod,
which is applied to a standard EKF. Compared with existing
online mapping solutions, this paper offers several major
contributions: (a) it presents an improved method based
on our previous works [4, 5], keeping the high precision
characteristics of the LiDAR/IMU fusion algorithm; (b) the
parallel approach can make the LiDAR scan matching and
IMU mechanization operate independently, accelerating the
processing of the whole system; (c) the one-step-error-state-
transition mathematic model applied in EKF only records
and propagates the error state in EKF prediction epochs
and does not increase the dimension of the state matrix,
which keeps the data fusion synchronized and reduces the
computation complexity and processing time.

The rest of this paper is organized as follows: Section 2
gives the workflow of the online LiDAR/IMU integrated sys-
tem and describes the mathematic principle of the proposed
method; Section 3 presents the indoor field tests anddiscusses
the results; conclusions are drawn in Section 4.

2. Online LiDAR/IMU Integrated
System Modeling

2.1. Sequential IMU and LiDAR Fusion Modeling. The over-
view of the traditional sequential LiDAR/IMU integrated
systemmathematic model is shown in Figure 1.The sampling
rates of IMU and LiDAR are approximately 200Hz and 10Hz,
respectively. The rate of IMU is higher than that of LiDAR.
IMU can calculate the position (𝑟𝑛IMU), velocity (V𝑛IMU), and
attitudes (𝐶𝑛𝑏 IMU) by using the mechanization algorithm,
when no LiDAR observation information is received. The
local level frame of north, east, and down (NED) named
navigation frame (n-frame) is taken as the reference frame for
the inertial navigation.Thebody frame (b-frame) is defined at
the IMU’s centre, with the axes pointing forward, right, and
down, respectively. In fact, the IMU output contains errors
and the errors will cause the navigation results to drift rapidly
over a long time.Thus, an error propagationmodelmustwork
alongside the system motion model to further correct and
obtain better navigation results. The Phi-Angle error model
is selected to describe the time-dependent behavior errors
[25, 26]. The error state vector is defined in the n-frame as
follows:

𝛿𝑥 (𝑡) = [(𝛿𝑟𝑛IMU)𝑇 (𝛿V𝑛IMU)𝑇 𝜖𝑇𝑏𝑇𝑔 𝑏𝑇𝑎 ] , (1)

where the error state 𝛿𝑥 consists of the errors of position
(𝛿𝑟𝑛IMU), the errors of velocity (𝛿V𝑛IMU), the errors of attitude
(𝜖), the bias of gyroscope (𝑏𝑔), and the bias of acceleration
(𝑏𝑎), which is a 15-dimension vector.
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Figure 1: The mathematical model of the LiDAR/IMU integrated system.

The biases of gyroscope and accelerometer are modeled
as a first-order Gauss-Markov process with correlation time𝑇 and mean square value 𝜎2. The model is described by

�̇�𝑔 (𝑡) = − 1𝑇𝑔𝑏 𝑏𝑔 (𝑡) + 𝑤𝑔𝑏 (𝑡) ,
�̇�𝑎 (𝑡) = − 1𝑇𝑎𝑏 𝑏𝑎 (𝑡) + 𝑤𝑎𝑏 (𝑡) .

(2)

The INS error model with the sensor error models in
continuous time can be expressed by

𝛿�̇� (𝑡) = 𝐹 (𝑡) 𝛿𝑥 (𝑡) + 𝐺 (𝑡) 𝑤 (𝑡) . (3)

𝐹 is the dynamic matrix, 𝐺 is a noise-input mapping
matrix, and 𝑤 is the forcing vector of white noise, according
to the system motion model and concrete formation of 𝐹, 𝐺
that can be found in theworks of Shin, 2001 and 2005 [29, 30].

The discrete form of (3) is

𝛿𝑥𝑘 = 𝜙𝑘/𝑘−1𝛿𝑥𝑘−1 + 𝐺𝑘−1𝑤𝑘−1, (4)

where 𝜙𝑘/𝑘−1 is the state transition matrix and 𝑤𝑘−1 is the
driven white noise

𝜙𝑘/𝑘−1 = exp (𝐹 (𝑡𝑘) Δ𝑡) ≈ 𝐼 + 𝐹 (𝑡𝑘) Δ𝑡. (5)

𝑤𝑘−1 is a sequence of zero-mean random variable and the
covariance matrix associated with 𝑤𝑘 is given by

𝐸 [𝑤𝑘𝑤𝑇𝑗 ] = {{{
0, 𝑘 = 𝑗
𝑄𝑘, 𝑘 ̸= 𝑗, (6)

𝑄𝑘 ≈ 𝜙𝑘𝐺 (𝑡𝑘) 𝑄𝐺 (𝑡𝑘)𝑇𝜙𝑇𝑘Δ𝑡, (7)

𝑄 = diag (𝐸 [𝑤2V] , 𝐸 [𝑤2𝜙] , 𝐸 [𝑤2𝑔𝑏] , 𝐸 [𝑤2𝑎𝑏])
= diag(vrw2, arw2, 2𝜎2𝑔𝑏𝑇𝑔𝑏 ,

2𝜎2𝑎𝑏𝑇𝑎𝑏 ) . (8)

𝑄𝑘 is the covariance matrix; 𝑄 is the spectral density
matrix; vrw and arw are velocity random walk and angular
random walk, which are given by the IMU user manual;𝑇𝑔𝑏 and 𝑇𝑎𝑏 are the correlation times of gyroscopes and
accelerometers, respectively; 𝜎2𝑔𝑏 and 𝜎2𝑎𝑏 are the mean square
values of gyroscopes and accelerometers, respectively, which
are described in formula (2).

The LiDAR and IMU measurements are fused by the
EKF algorithm only at the epoch in which LiDAR scan
information is obtained. The EKF observation functions are
given briefly by

𝑧𝑘 = [𝑟𝑛IMU − 𝑟𝑛LiDAR𝜖𝑛IMU − 𝜖𝑛LiDAR] = 𝐻𝑘𝛿𝑥𝑘 + V𝑘, (9)

𝐻𝑘 =
[[[[[
[

1 0 0 0 0 0 0 0 0 0 0 0 0 0 0
0 1 0 0 0 0 0 0 0 0 0 0 0 0 0
0 0 1 0 0 0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 −1 0 0 0 0 0 0

]]]]]
]
, (10)

where 𝑧𝑘 is a 4-dimensional measurement vector; 𝑟𝑛IMU is
the predicted position from the IMU mechanization; 𝑟𝑛LiDAR
is the observed position from LiDAR; 𝜖𝑛IMU and 𝜖𝑛LiDAR are
the predicted and observed heading angles, respectively,
which are expressed as Euler angles. They make up the
four observations. The LiDAR observations of 2-dimension
position (𝑥, 𝑦) and heading angle can be obtained from
the LiDAR scan matching. And owing to the flatness of
building floor in indoor environment, the height of LiDAR
observation is assumed constant, which is set as zero in this
paper; 𝐻𝑘 is the designed matrix that describes the relation
between the state vector and the measurements and is given
in (10); V𝑘 is the driven response of the input white noise at
time 𝑡(𝑘+1).
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Figure 2: The parallel processing sequence diagram.

The measurement covariance matrix is written as

𝐸 [V𝑘V𝑇𝑗 ] = {{{
0, 𝑘 = 𝑗
𝑅𝑘, 𝑘 ̸= 𝑗

𝑅𝑘 = diag (𝛿2𝑟 , 𝛿2𝜖) .
(11)

𝑅𝑘 is a 4-dimension covariance matrix. 𝛿𝑟, 𝛿𝜖 are the errors
of position and heading, approximate values based on the
properties of the laser scanner device, and the angle and range
searching intervals of the LiDAR scan matching algorithm.

The estimates of the EKF prediction functions are

𝛿𝑥−𝑘+1 = 𝜙𝑘𝛿𝑥𝑘,
𝑃−𝑘+1 = 𝜙𝑘𝑃𝑘𝜙𝑇𝑘 + 𝑄𝑘. (12)

The Kalman gain is

𝐾𝑘 = 𝑃−𝑘𝐻𝑇𝑘 (𝐻𝑘𝑃−𝑘𝐻𝑇𝑘 + 𝑅𝑘)−1 . (13)

The state vector is updated as

𝛿𝑥𝑘 = 𝛿𝑥−𝑘 + 𝐾𝑘 (𝑧𝑘 − 𝐻𝑘𝛿𝑥−𝑘 ) ,
𝑃𝑘 = (𝐼 − 𝐾𝑘𝐻𝑘) 𝑃−𝑘 , (14)

where 𝛿𝑥−𝑘 and 𝑃−𝑘 are the prior estimate and its error
covariance. The 𝑃 matrix, namely, the estimated standard
deviations of the estimated states, consists of

𝑃 = 𝐸 {𝑥, 𝑥𝑇}
= diag (𝛿2𝑥, 𝛿2𝑦, 𝛿2ℎ, 𝛿2V𝑥, 𝛿2V𝑦, 𝛿2V𝑧, 𝛿2𝜀𝑥, 𝛿2𝜀𝑦, 𝛿2𝜀𝑧) , (15)

where the initial value of 𝑃matrix 𝑃0 in the experiment is set
as follows: 𝛿𝑥, 𝛿𝑦, and 𝛿𝑧 are the precision of initial position
and are given at centimeters level, which is the precision of

positioning by LiDAR scan matching; 𝛿V𝑥, 𝛿V𝑦, and 𝛿V𝑧 are
small values about 0.001m/s, because the whole system is
started from stationary state [31]; 𝛿𝜀𝑥, 𝛿𝜀𝑦, and 𝛿𝜀𝑧 are the
accuracy of initial heading, which are empirical value about 1
degree, 1 degree, and 5 degrees, respectively.

Finally, the estimated error 𝛿𝑥𝑘 is fed back to the INS
mechanization to correct the final output of navigation state,𝑟𝑛EKF, V𝑛EKF, and 𝐶𝑛𝑏EKF, which will also be the initial state for
the LiDAR scanmatching algorithm in the next epoch.Then,
the next iteration continues.

2.2. Online Improvement. In the previous sequential IMU
and LiDAR fusion model, the next IMUmechanization must
wait until the prior LiDAR scanmatching has completed. For
instance, with the configuration in this system, the time of
LiDAR scanmatching costs approximately 70ms.Thismeans
that the following IMUdata in this 70ms cannot be processed
in time.Thus, the timedelay of IMUmechanization due to the
processing time cost of LiDAR scan matching is a challenge
for online processing.

To settle this issue, a parallel online method is utilized for
LiDAR scan matching and the IMU mechanization process.
Figure 2 describes the processing sequence.When scan points
are received at 𝑡0, LiDAR scan matching begins to work
in the LiDAR thread; meanwhile, the IMU mechanization
continues to run in the IMU thread. Normally, after the
LiDAR scan matching finishes, the matching results have to
be fused with the IMU at epoch 𝑡0 in the sequential process
model. However, the integration finishing time, namely,
the current time, is not 𝑡0. Only when the current error
state estimate 𝛿𝑥 corrects the current IMU output can we
obtain the real-time information. Therefore, the calculated𝛿𝑥𝑡0 and its covariance in 𝑡0 have to be propagated to the
current time correctly by using the one-step-error-state-
transition algorithm, which will be introduced in detail in
Section 2.3. Then, error state estimation 𝛿𝑥 at the current
time can be fed back to correct the final output of navigation
in time.
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2.3. One-Step-Error-State-Transition. This section will de-
scribe mathematical derivation of propagating the error state
estimation of EKF from 𝑡0 to the current time. The sampling
frequency of IMU is 200Hz, which means every 5ms there
will be an IMU data. Mechanization of IMU is not costly and
it can be done during this 5ms and it implies that predictions
of EKF can be performed at proper times online. However,
LiDAR scan matching takes much more time to get the
observation result. For example, if we get IMU and LiDAR
data at time 𝑡0. Mechanization of IMU can get the prediction𝑆IMU(𝑡0) immediately. While LiDAR scan matching will cost
about 70ms to get the EKF observation position 𝑆LiDAR(𝑡0)
of time 𝑡0. After scan matching, current time has shifted to𝑡1 = 𝑡0 +70ms; then EKF can only update the result 𝑆EKF(𝑡0) at
the moment of 𝑡1. At the time 𝑡1, the INS prediction moved
to 𝑡1, and 𝑃 matrix and error state vector 𝛿𝑥 have already
been predicted to time 𝑡1 that are 𝑃−𝑡1 and 𝛿𝑥−𝑡1 , which are not
corrected by observation of LiDAR (𝑆LiDAR(𝑡0)).Therefore, we
only have the updated results 𝑆EKF(𝑡0), 𝑃+𝑡0 , and 𝛿𝑥+𝑡0 at time 𝑡1.
Thereby, 𝑃+𝑡0 and 𝛿𝑥+𝑡0 need to be propagated to 𝑃+𝑡1 and 𝛿𝑥+𝑡1 in
time for online application.

State transition means using the state in time 𝑡𝑘 to
estimate the state in time 𝑡𝑗 (𝑗 > 𝑘). The Kalman Filter used
in the field of navigation is a minimum variance estimation
that can be defined simply through the use of a conditional
expectation [29]:

𝛿𝑥𝑗/𝑘 = 𝐸 [𝛿𝑥𝑗 | 𝑧1, 𝑧2, . . . , 𝑧𝑘] , (16)

where 𝐸[⋅] is the expectation operator; 𝛿𝑥 is the state vector;𝑧 represents the measurements from time 𝑡1 to 𝑡𝑘.
Considering 𝜙𝑘+1/𝑘−1 = 𝜙𝑘+1/𝑘𝜙𝑘/𝑘−1, the state vector 𝛿𝑥𝑗

can be deduced from formula (4) as

𝛿𝑥𝑗 = 𝜙𝑗/𝑘𝛿𝑥𝑘 +
𝑗∑
𝑖=𝑘+1

𝜙𝑗/𝑖𝐺𝑖/𝑖−1𝑤𝑖−1, 𝑘 < 𝑗. (17)

Combining (16) and (17) yields

𝛿𝑥𝑗/𝑘 = 𝐸 [𝛿𝑥𝑗 | 𝑧1, 𝑧2, . . . , 𝑧𝑘]
= 𝐸[(𝜙𝑗/𝑘𝛿𝑥𝑘 +

𝑗∑
𝑖=𝑘+1

𝜙𝑗/𝑖𝐺𝑖/𝑖−1𝑤𝑖−1) | 𝑧1, 𝑧2,

. . . , 𝑧𝑘] = 𝐸 [𝜙𝑗/𝑘𝛿𝑥𝑘 | 𝑧1, 𝑧2, . . . , 𝑧𝑘]

+ 𝑗∑
𝑖=𝑘+1

𝜙𝑗/𝑖𝐺𝑖/𝑖−1𝐸 [𝑤𝑖−1 | 𝑧1, 𝑧2, . . . , 𝑧𝑘] .

(18)

According to formulas (4) and (8),𝑤𝑖−1 only has an effect
on the state vector 𝛿𝑥𝑖−1 and is irrelevant to themeasurements𝑧1, 𝑧2, . . . , 𝑧𝑘. Additionally, 𝑤𝑖−1 is white noise, which is a
sequence of zero-mean random variables that is uncorrelated
timewise. Its expectation is given by 𝑤𝑖−1. Therefore, (18) can
be simplified as follows:

𝛿𝑥𝑗/𝑘 = 𝜙𝑗/𝑘 [𝛿𝑥𝑘 | 𝑧1, 𝑧2, . . . , 𝑧𝑘] = 𝜙𝑗/𝑘𝛿𝑥𝑘, (19)

where 𝛿𝑥𝑘 is the updating estimate of 𝛿𝑥𝑘.

Defining 𝛿𝑥𝑗/𝑘 as the error of 𝛿𝑥𝑗 and 𝛿𝑥𝑗/𝑘,
𝛿𝑥𝑗/𝑘 = 𝛿𝑥𝑗 − 𝛿𝑥𝑗/𝑘

= 𝜙𝑗/𝑘𝛿𝑥𝑘 +
𝑗∑
𝑖=𝑘+1

𝜙𝑗/𝑖𝐺𝑖/𝑖−1𝑤𝑖−1 − 𝜙𝑗/𝑘𝛿𝑥𝑘

= 𝜙𝑗/𝑘𝛿𝑥𝑘 +
𝑗∑
𝑖=𝑘+1

𝜙𝑗/𝑖𝐺𝑖/𝑖−1𝑤𝑖−1.
(20)

The covariance matrix associated with 𝑤𝑖−1 is given by
[23]

𝐸 [𝑤𝑖−1𝑤𝑖−1𝑇] = 𝑄𝑖−1. (21)

The covariance of 𝛿𝑥𝑗/𝑘 can be

𝑃−𝑗/𝑘 = 𝐸 [𝛿𝑥𝑗/𝑘𝛿𝑥𝑗/𝑘𝑇]
= 𝜙𝑗/𝑘𝐸 [𝛿𝑥𝑘𝛿𝑥𝑘𝑇] 𝜙𝑇𝑗/𝑘

+ 𝑗∑
𝑖=𝑘+1

𝜙𝑗/𝑖𝐺𝑖/𝑖−1𝐸 [𝑤𝑖−1𝑤𝑇𝑖−1] 𝐺𝑇𝑖/𝑖−1𝜙𝑇𝑗/𝑖

= 𝜙𝑗/𝑘�̂�𝑘𝜙𝑇𝑗/𝑘 +
𝑗∑
𝑖=𝑘+1

𝜙𝑗/𝑖𝐺𝑖/𝑖−1𝑄𝑖−1𝐺𝑇𝑖/𝑖−1𝜙𝑇𝑗/𝑖.

(22)

𝐺𝑖/𝑖−1 is a positive-definite matrix, which satisfies 𝐺𝑖/𝑖−1𝑄𝑖−1𝐺𝑇𝑖/𝑖−1 = 𝑄𝑖−1.
Defining𝑀𝑗,𝑘+1 = ∑𝑗

𝑖=𝑘+1
𝜙𝑗/𝑖𝑄𝑖−1𝜙𝑇𝑗/𝑖 yields

𝑀𝑘+1,𝑘+1 = 𝐺𝑘+1/𝑘𝑄𝑘𝐺𝑇𝑘+1/𝑘 = 𝑄𝑘,
𝑀𝑗+1,𝑘+1 = 𝑄𝑗 + 𝜙𝑗+1/𝑗𝑀𝑗,𝑘+1𝜙𝑇𝑗+1/𝑗. (23)

Combining the above equations yields

𝛿𝑥𝑗/𝑘 = 𝜙𝑗/𝑘𝛿𝑥𝑘,
𝑃−𝑗/𝑘 = 𝜙𝑗/𝑘�̂�𝑘𝜙𝑇𝑗/𝑘 + 𝑀𝑗,𝑘+1 (24)

which means that the error state estimate and its error
covariance can be obtained by using the accumulated state
transition matrixes. The LiDAR sampling time is treated as
time 𝑡𝑘 and the LiDAR/IMU integration finish time is 𝑡𝑗. The
state estimate and its covariance in 𝑡𝑘 can be propagated to𝑡𝑗 by using formula (24), and then the propagated results
can be updated using function (14). Finally, the updated state
estimate is fed back to the current IMU output to correct the
final output of navigation in the online EKF.

3. Results and Discussion

3.1. System Overview. To verify the online performance of
our proposed integrated system, a series of tests based on
the UGV mobile mapping platform has been designed. The
hardware and software platform in this paper is what used
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Table 1: The detailed parameters of LiDAR and IMU.

LiDAR IMU
Product model Hokuyo UTM-EX Product model MEMS-level MTi-G
Sampling frequency 10Hz Sampling frequency 200Hz
Scan range 0.1m–30m Gyroscope bias 200 degrees/h
Scan angle 270 degrees Accelerometer bias 2000mGal

(1 Gal = 1 cm/s2)Angular resolution 0.25 degrees

Table 2: The static positioning error statistics.

RMS error Mean error Maximum error

Post-EKF
North 0.0013 (m) 0.0011 (m) 0.0057 (m)
East 0.0036 (m) 0.0030 (m) 0.0132 (m)

Heading 0.2030 (degree) 0.2019 (degree) 0.4243 (degree)

Online EKF
North 0.0033 (m) 0.0017 (m) 0.0127 (m)
East 0.0046 (m) 0.0037 (m) 0.0154 (m)

Heading 0.2319 (degree) 0.2386 (degree) 0.2869 (degree)

Figure 3: Top view of FGI library.

in previous work called NAVIS [5]. The detail information
of LiDAR and IMU is listed in Table 1. The components
are installed horizontally on the UGV platform. The whole
system moves at a speed of about 0.9m/s, and the total time
spent on the experiments in this paper is approximately three
minutes and forty-six seconds.The following data processing
was conducted on a pad, with the Windows 8 operation
system and a 1.6GHz CPU, which is suitable for the online
process for the UGV.

The field tests of the proposed LiDAR/IMU integrated
systemwere conducted along the corridor of FinnishGeospa-
tial Research Institute (FGI) library (see Figure 3). To evaluate
the effectiveness of our proposed online EKF algorithm,
stationary and dynamic experiments were carried out, and
the mapping results generated by online EKF algorithm
and postprocessed EKF algorithm were compared with that
generated by a high precision laser scanner.

3.2. Accuracy Evaluation of Stationary Estimation. As shown
in Figure 4, the stationary test was conducted from the begin-
ning to 50th second. Table 2 shows the numerical positioning

error statistic results of the two methods. Absolute position
and the heading angle in the stationary moment were taken
as reference. The overall position result in this paper has
been projected in n-frame.The position RMS errors of north
with postprocessed EKF method and online EKF method
were 13mm and 33mm; the position RMS errors of east
were 36mm and 46mm; the RMS errors of the heading
were 0.2030 degrees and 0.2319 degrees, respectively. The
difference in RMS of the two methods was approximately
2.0mm, 1.0mm, and 0.03 degrees. Considering that the
range error of LiDAR is approximately 2–4 cm, and the
angular resolution is about 0.25 degrees, such differences
are acceptable. Thereby, in stationary positioning, the overall
estimated accuracy of the position and attitude of the online
EKF algorithm can be regarded as being in accordance with
that of postprocessed EKF algorithm.

3.3. Accuracy Evaluation of Dynamic Estimation. Figure 5(a)
is generated by LiDAR scanmatching standalone. Figure 5(b)
is the likelihood map generated with the online EKF algo-
rithm. They are both the floor plan of the FGI library. By
comparing Figures 5(a) and 5(b), it can be seen that the
map results of LiDAR standalone system are much noisier
than that of the LiDAR/INS, and there appearedmismatching
in the long corridor in Figure 5(a), where the features are
little. Therefore, the LiDAR/INS system can overcome the
drawbacks of the LiDAR standalone system and achieve
higher mapping accuracy.

The trajectories of the UGV platform in dynamic mode
with postprocessed EKF algorithm and online algorithm are
also shown in Figure 5(b). The initial position was taken as
origin. As shown in the plot, the green trajectory coincides
well with the red trajectory, which implies that our online
EKFmethod has the same positioning accuracy as that of the
sequential postprocessed EKF method. The difference is not
obvious from the plot.
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Table 3: The dynamic positioning difference statistics between online EKF and post-EKF.

RMS error Mean error Maximum error
North 0.0138 (m) 0.0115 (m) 0.0379 (m)
East 0.0440 (m) 0.0343 (m) 0.0983 (m)
Heading 0.1979 (degree) 0.1513 (degree) 0.5422 (degree)
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Figure 4: (a) The positioning results with online EKF solution; (b) the positioning results with post-EKF solution; (c) the heading results
with online EKF and post-EKF.

The overall dynamic process lasted approximately 176 s.
Figure 6 is the positioning difference with postprocessed
EKF solution and the online EKF solution, and the statistics
result is listed in Table 3. The position RMS errors of
north and east are 0.0138m and 0.0440m, respectively;
the RMS error of the heading is 0.1979 degrees. The posi-
tion difference is still at centimeter-level, and the heading

result is also under the angular resolution of LiDAR. As
a result, the accuracy of the position and attitude of the
online EKF algorithm can be considered as being at the
same level with that of the postprocessed EKF in dynamic
mode.

In addition to the comparison of trajectory accuracy,
the map quality also needs to be verified. Figures 7(a)
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(a)

Post EKF

Online-EKF
(b)

Figure 5: (a)The map results of UGV platform with LiDAR scan matching standalone. (b)The map and trajectories result of UGV platform
with post-EKF solution and online EKF solution.
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Figure 6: The comparison of positioning outputs by the post-EKF
solution and online EKF solution.

and 7(b) show the likelihood map generated by the two
different solutions—postprocessed EKF solution and online
EKF solution. They are compared with the reference map,
which is presented in Figure 7(c) and generated with a
Terrestrial Laser Scanner (TLS, FARO Focus3D 330X). By
comparing the zoom-in-images of each map, it is obvious
that the line features in Figures 7(a) and 7(b) are remarkably
noisier than that in Figure 7(c). The profiles are wider than
their counterparts generated by TLS, and some of the corners
are too ambiguous to be detected. The reason is that the

Table 4: The comparison of accuracy results statistics for the se-
lected feature points.

Post-EKF Online EKF
Feature points 67 67
RMS (m) 0.0562 0.0732

adopted Hokuyo laser scanner is a big footprint scanner
with centimeter ranging accuracy but the TLS applies small
footprint millimeter accuracy laser.

The unmovable corners of book shelves and walls are
selected as the main feature points for accuracy evaluation.
There are in total 67 feature points of corners picked out from
the three maps for evaluation.The RMS errors of the selected
feature points of the FGI library with the postprocessed EKF
solution and online EKF solution are listed in Table 4. The
RMS error with the postprocessed EKF method is 0.0562m,
and the RMS error with the online EKF method is 0.0732m.
The difference of RMS errors with the two methods is under
0.02m. Considering the errors brought by manual operation,
the accuracy is reasonable.

The positioning precision is reflected by the mapping
precision indirectly in the indoor environment, due to the
lacking of trajectory reference truth. Figure 8(a) shows the
cumulative distribution of the mapping results errors with
post-EKF and online EKF, respectively. The 𝑦-axis means
the percentage of less than the corresponding errors in 𝑥-
axis. The mapping results errors of feature points with post-
EKF are all less than 0.011m, and the errors of 70%–80%
feature points are less than 0.06m.While the errors of feature
points with online EKF are all less than 0.013m, the errors
of 70%–80% feature points are less than 0.08m. Figure 8(b)
describes the drift of mapping results with online EKF. The
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(a) (b)

(c)

Figure 7: (a) NAVISmap result with selected feature points with online EKF solution; (b) NAVISmap result with selected feature points with
post-EKF solution; (c) TLS reference map and the selected feature points.
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Figure 8: (a) The cumulative distribution of the mapping errors with post-EKF and online EKF; (b) the mapping error drift of the online
EKF.
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Figure 9:The output delay using online EKF solution and post-EKF
solution.

errors of LiDAR and IMU will be accumulated continuously
over time, if there is no loop closure or some other methods
to correct the errors. The final drift is about 0.013m.

3.4. Verification of Real-Time Performance. To evaluate the
performance of online EKF solution, the time delay of each
output epoch is compared with those of postprocessed EKF
solution in Figure 9. Theoretically, as introduced in Figure 2,
if there is no LiDAR data received, the IMU mechanization
results will be output, and the output delay of one epoch
means the time consumption of IMU mechanization. When
the LiDARdata is received, for the traditional sequential EKF,
the output delay of one epoch equals the total time it takes
to complete the LiDAR scan matching, IMU mechanization,
and Kalman update, but for the proposed parallel online EKF,
the output delay of each epoch is composed of only the IMU
mechanization, Kalmanupdate, and the one-step-error-state-
transition process, which will be much shorter.

As the results shown in Figure 9, the time delay of each
output epoch with the online EKF is much less than that
with the postprocessed EKF. As observed in Table 5 the mean
output delay using the postprocessed EKF is 1.69ms, while
the maximum is 88.65ms. The mean time delay of each
output epoch using the online EKF is 0.280ms, while the
maximum is 3.76ms. The mean output delay of the online
EKF reduced about 6 times, and the maximum value reduces
23 times. The mean and maximum value improvement is
because the online EKF can take advantage of the parallel
processing, that is, dual processing threads running on two
CPU cores, and the online EKF utilizes the one-step-error-
state-transition method to make it possible to use previous
update information (LiDAR scan matching) to correct cur-
rent IMUmechanization results, so that IMUoutput does not
have to wait until the LiDAR scan matching process finished.
Therefore, according to Figure 9, the improved EKF method
in this paper can reduce the output delay efficiently compared

Table 5: The output delay statistics with online-EKF solution and
post-EKF solution.

Mean Maximum
Post-EKF 1.69ms 88.65ms
Online EKF 0.28ms 3.76ms

with the postprocessed EKFmethod, and it ensures the better
real-time performance for the online system.

4. Conclusions

An online solution for the LiDAR/IMU integrated system
is proposed in this paper. The positioning results of IMU
and LiDAR scan matching are real-time synchronized using
the proposed one-step-error-state-transition method in the
EKF to improve the real-time response of the LiDAR/IMU
integrated navigation. The accuracy and online improve-
ment results prove that (1) the proposed online method
can achieve the same positioning and mapping accuracy
(centimeters level) as the sequential post-EKF method; (2)
the online EKF solution can reduce the maximum output
delay from 88.65ms in postprocessed EKF to 3.76ms. It
improves the real-time performance effectively. In conclu-
sion, the online solution proposed in this paper can solve
the time lag issue of LiDAR/IMU integration without the
loss of the positioning accuracy. In the future work, the pro-
posed method will be integrated into embedded-hardware
platform and applied for real-time 2D and 3D indoor
mapping.
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Hyyppä, and other friends in Finnish Geospatial Research
Institute, who provided the experiment data and useful
feedback.

References

[1] J. Zhang and S. Singh, “LOAM: Lidar Odometry and Mapping
in Real-time,” in Proceedings of the Robotics: Science and System
Conference, 2014.

[2] A. A. Aghamohammadi, H. D. Taghirad, A. H. Tamjidi et al.,
“Feature-based laser scan matching for accurate and high
speed mobile robot localization,” in Proceedings of the European
Conference on Mobile Robots EMCR ’07, Freiburg, Germany,
September 2007.

[3] Z. Duan and Z. Cai, “Robust simultaneous localization and
mapping based on laser range finder with improved adaptive



Mobile Information Systems 11

particle filter,” inProceedings of the Chinese Control andDecision
Conference CCDC ’08, pp. 2820–2824, July 2008.

[4] J. Tang, Y. Chen, A. Jaakkola, J. Liu, J. Hyyppä, and H. Hyyppä,
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Ubiquitous global positioning is not feasible by GNSS alone, as it lacks accurate position fixes in dense urban centres and indoors.
Hybrid positioning methods have been developed to aid GNSS in those environments. Fingerprinting localization in wireless local
area networks (WLANs) is a promising aiding system because of its availability, accuracy, and error mechanisms opposed to that
of GNSS. This article presents a low-cost approach to ubiquitous, seamless positioning based on a particle filter integrating GNSS
pseudoranges andWLAN received signal strength indicators (RSSIs). To achieve accurate location estimates indoors/outdoors and
in the transition zones, appropriate likelihood functions are essential as they determine the influence of each sensor information
on the position estimate. We model the spatial RSSI distributions with Gaussian processes and use these models to predict RSSIs
at the particle’s positions to obtain point estimates of the RSSI likelihood function. The particle filter’s performance is assessed
with real data of two test trajectories in an environment challenging for GNSS and WLAN fingerprinting localization. Outcomes
of an extended Kalman filter using pseudoranges and a WLAN position as observation is included as benchmark. The proposed
algorithm achieves accurate and robust seamless localization with a median accuracy of five meters.

1. Introduction

The global navigation satellite system (GNSS) is present in
almost all domains of modern life and it provides the base for
many applications and services ranging from transportation
and logistics, via surveying and mapping, to an uncountable
number of leisure activities. With the development of the
Internet of Things, the amount of location-aware services
and the demanded accuracy will increase further. In densely
constructed urban areas and indoors, GNSS has deficits.
Shadowing and multipath phenomenon, which are often the
largest error sources in these situations [1], inhibit robust,
ubiquitous positioning. GNSS alone is unable to satisfy many
location based services.

A common strategy to achieve robust ubiquitous posi-
tioning is to support GNSS with additional sensor infor-
mation. Different technologies are available and many of
them have been used in combination with GNSS. Positioning
systems based uponwireless local area networks (WLAN) are
emerging from the large amount of options [2, 3]. This is due

to the global dissemination ofWLAN infrastructure (limiting
the costs of its exploitation) and WLAN enabled devices
and the trade-off between range and potential positioning
accuracy.

The approaches to using WLANs for localization are
diverse. In this work, we resort to WLAN location fin-
gerprinting for the reasons set forth as follows. WLAN
location fingerprinting is based on the recognition of pre-
recorded signal strength (RSSI) readings. These RSSIs are
ideally unique at different locations. This ideal is usually
not achieved. Nonetheless, a heterogeneous signal strength
distribution, achieved by diverse signal attenuations, facili-
tates the recognition of signal strength patterns. That applies
in environments with many obstacles and thereby improves
the localization accuracy. Hence, this method works best
indoors and in urban areas. In contrast, GNSS is based upon
the signal propagation delays between the satellites and the
receiver, so called pseudoranges. Exact GNSS positioning
demands the line-of-sight between receiver and satellites.
Open outdoor environments meet this condition best; harsh
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GNSS environments are dense urban centres and indoors.
The operation principles of both localization technologies
differ completely. They are well suited to complement each
other, thus motivating the integration of pseudoranges and
received signal strengths.

Several authors studied hybrid positioning systems based
on GNSS and WLAN. The approaches differ in the level of
integration and in the kind of information used from each
of the systems. In a survey of these approaches, we found
four categories in which the fusion of information of GNSS
and WLAN can be grouped [4]: (1) WLAN assisted GNSS,(2) switching between position estimates of GNSS and of a
WLAN based positioning system, (3) weighting the position
estimates ofGNSS andof aWLANbased system, and (4)deep
integration of GNSS pseudoranges with different features
of a WLAN based positioning system. We refer to [4] for
the implications of the different integration schemes on the
overall system and continue here with a brief overview of
the works that study the fusion of GNSS and WLAN raw
data, as they are the most relevant. They commonly rely
on recursive Bayesian estimation methods, such as Kalman
filter, particle filter, and their variants. Furthermore, all of
them employ GNSS pseudoranges, but the features used from
WLAN differ.

The authors of [5–9] deduce ranges from WLAN signals
and combine them with pseudoranges. The WLAN ranges
are obtained either from signal propagation times or from
WLAN power measurements. In any case, the access point
positions must be known, which is an unrealistic assumption
in public areas, such as city centres. Another drawback of
using ranges is the requirement of a line-of-sight between
transmitter and receiver. This line-of-sight condition is rare
indoors and makes accurate, seamless indoor/outdoor posi-
tioning very difficult. The advantage of this approach is that
the same physical quantity is fused. This means that to fuse
the ranges one can use the same, well-known methods as for
GNSS positioning.

We consider the fusion of pseudoranges directly with
RSSIs more promising, because of their contrary error mech-
anisms. In [10, 11], this approach was already investigated;
likelihood functions from pseudorange and RSS measure-
ments are established in both works and then fused within
a particle filter. However, as fingerprints are spatially discrete
distributed, the accuracy depends strongly on the fingerprint
density.This is a clear disadvantage formedium- to large-area
localization applications, where the laborious construction
of fingerprint radio maps presents the biggest drawback and
challenge.

This study extends the previous works and provides a
solution that deals with the discrete fingerprints. We present
a particle filter that integrates pseudoranges and RSSIs based
on their likelihood functions, where a particle approximation
of the signal strength likelihood function is obtained from a
Gaussian process regression model.This method provides an
automatic, well balanced weighting of the two sensor infor-
mation sources and achieves accurate, robust, and smooth
seamless positioning. We compare the algorithm with an
extended Kalman filter that feeds WLAN position estimates
as observation into a regular GPS extended Kalman filter.

2. Interpolating WLAN Signal Strength

To perform seamless location estimation in this study, we
consider the problem of fusing WLAN RSSI with GNSS
pseudoranges on a continuous state space. Fingerprinting
techniques are based on spatial samples to construct the
required radio map. Interpolating RSSI provides two princi-
ple advantages. First, it reduces the labor intensive construc-
tion of radio maps, because less fingerprints are needed to
obtain a fingerprint database that is equally exact compared
to without interpolation. Second and more importantly here,
it provides the continuousmodel for the fingerprint database,
facilitating the fusion of RSSI and pseudoranges.

This section explains interpolation of RSSI radio maps
through Gaussian process regression.

2.1. Preliminaries. Gaussian processes are stochastic pro-
cesses, basically a generalization of multivariate Gaussian
distributions to infinite dimension. Every point of the infinite
input domain has a Gaussian random variable associated.
The defining property is that any finite collection of those
random variables has a joint multivariate Gaussian distribu-
tion. Gaussian processes are completely characterized by a
mean function 𝑚(x) = E[𝑓(x)] and a covariance function𝑘(x, x) = E[(𝑓(x) − 𝑚(x))(𝑓(x) − 𝑚(x))]:𝑓 (x) ∼ GP (𝑚 (x) , 𝑘 (x, x)) , (1)

where x is a vector from the index set.

2.2. Gaussian Process RSSI Model. Consider a nonlinear
function 𝑠𝑛 = ℎ(p𝑛) + 𝜀𝑛 describing the relationship between
positions in space p𝑛 and the corresponding RSSIs, 𝑠𝑛.
The term ℎ(⋅) is the latent function we seek in order to
predict/interpolate RSSIs and 𝜀𝑛 represents i.i.d noise. In
practice, one deals with a finite collection of input points.
Constructing a fingerprint radio map with 𝑀 fingerprints
corresponds to drawing a set of noisyRSSI samples s ≡ {𝑠𝑛}𝑀𝑛=1
at known positions𝑃 ≡ {p𝑛}𝑀𝑛=1 from that unknown function.
In the context of machine learning, this data is called training
data.

Gaussian process modelling can be seen from a Bayesian
point of view. The basic characteristics of the latent function
is described by a Gaussian process a priori distribution and
the function that we want to infer is modelled by a Gaussian
process a posteriori distribution. Tomodel the latent function
appropriately, the mean and covariance function of the prior
distribution have to be chosen and their parameters, so called
hyperparameters, need to be found. (The hyperparameters
can be learned from the training data, which is described
in Section 2.3.2.) The likelihood function of the Gaussian
process modelling reflects how likely are the RSSI samples in
the light of the model.

The observed RSSIs are spatially correlated; neighbouring
RSSIs are usually more strongly correlated than RSSIs that
are distant. This relationship between the RSSIs is modelled
by a covariance function. Covariance functions are specified
by kernels. For two different input positions in space, p𝑝
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and p𝑞, these functions are one at zero input distance,‖p𝑝 − p𝑞‖, and decay with increasing distance. In [12], it has
been shown that a constant mean function and a Matérn
covariance function fit RSSI data very well. The constant
mean function constitutes a single hyperparameter and is
simply [𝑚(p𝑝), 𝑚(p𝑞)]𝑇 = 𝑐. As in [12], we use the Matérn
kernel (with V = 3/2 [13]). To account for the i.i.d observation
noise, the kernel is enhanced with a noise term:

cov (ℎ (p𝑝) + 𝜀𝑝, ℎ (p𝑞) + 𝜀𝑞)
= 𝜎2𝑓 (1 + √3ℓ p𝑝 − p𝑞

) exp(−√3ℓ p𝑝 − p𝑞
)+ 𝜎2𝜀𝛿 (p𝑝, p𝑞) .

(2)

This covariance function has three hyperparameters: 𝜎2𝑓 is
the signal variance, basically scaling the RSSIs; ℓ is the
length scale, determining the variability of the underlying
process; and 𝜎2𝜀 is the noise variance, specifying the power
of the noise. The constant mean, 𝑐, specifies the value to
which the Gaussian process converges if training data are
absent.

2.3. Gaussian Process Regression. The Gaussian process that
describes a finite collection of observed, noisy RSSI samples
is a multivariate Gaussian distribution s ∼ N(𝜇(s), cov(s)),
with the mean vector 𝜇(s) = m(𝑃) and the covariance matrix
cov(s) = 𝐾(𝑃, 𝑃)+𝜎2𝜀 𝐼. Here,𝐾(𝑃, 𝑃) is amatrix that contains
the covariances, determined by the Matérn kernel, for all
pairs of the position matrix 𝑃.

The described relationship between already observed
RSSIs extends as well to not yet seen RSSIs, that is, to
values we wish to predict. We denote those RSSIs with
s∗ and the corresponding positions with 𝑃∗ and call the
collection of these two sets test data. Both sets of RSSIs, the
training outputs and the test outputs, originate from the same
physical phenomena and are thus jointly Gaussian distrib-
uted:

[ s
s∗
] ∼ N([ m (𝑃)

m (𝑃∗)] ,
[𝐾 (𝑃, 𝑃) + 𝜎2𝜖 𝐼 𝐾 (𝑃, 𝑃∗)𝐾 (𝑃∗, 𝑃) 𝐾 (𝑃∗, 𝑃∗) + 𝜎2𝜖 𝐼]) .

(3)

The covariance matrix 𝐾(𝑃, 𝑃∗) = 𝐾(𝑃∗, 𝑃)𝑇 contains the
covariances evaluated at all pairs of training and test positions
and𝐾(𝑃∗, 𝑃∗) at all pairs of test positions, respectively.

By conditioning the joint Gaussian distribution (3) on
the observations and inputs, the Gaussian process posterior
distribution is obtained:

s∗ | 𝑃, s, 𝑃∗ ∼ N (𝜇 (s∗) , cov (s∗)) . (4)

Its mean and covariance functions are given with𝜇 (s∗) ≡ E [s∗ | 𝑃, s, 𝑃∗]= m (𝑃∗)+ 𝐾 (𝑃∗, 𝑃) [𝐾 (𝑃, 𝑃) + 𝜎2𝜀 𝐼]−1 (s −m (𝑃)) , (5)

cov (s∗)= [𝐾 (𝑃∗, 𝑃∗) + 𝜎2𝜖 𝐼]− 𝐾 (𝑃∗, 𝑃) [𝐾 (𝑃, 𝑃) + 𝜎2𝜀 𝐼]−1𝐾(𝑃, 𝑃∗) . (6)

Equation (5) enables the prediction of RSSIs at arbitrary
positions 𝑃∗ and (6) enables computing the covariance at
these positions. These covariances provide a useful measure
of the uncertainty of the predictions.

2.3.1. Nonzero Mean Function. The term m(⋅) is a determin-
istic mean function. Regression with a fixed mean function is
simple. The fixed mean is subtracted from the observations,
reverting the Gaussian process to a zero mean process.
Then the standard Gaussian process regression procedure
is applied, after which the mean function is added again.
By replacing the fixed mean function with a set of basis
functions, the mean function can be parametrized. Its hyper-
parameters, the parameters of the basis functions, can then
be inferred from the data [13].

2.3.2. Finding the Hyperparameters. A final point we need to
mention is how to obtain the hyperparameter of the mean
and covariance function.The likelihood function of Gaussian
process regression, 𝑝(s | 𝑃, 𝜃), is the key to that.

For notational convenience, we collect the hyperparame-
ters in a vector 𝜃 = {𝑐, 𝜎𝑓, ℓ, 𝜎𝑛}. The posterior distribution’s
dependence on the hyperparameter is expressed by𝑝 (s∗ | 𝑃∗, s, 𝑃) = ∫𝑝 (s∗ | 𝑃∗, s, 𝑃, 𝜃) 𝑝 (𝜃 | s, 𝑃) d𝜃, (7)

an intractable integral. Nonetheless, it can be approximated
by using the most probable values of the hyperparameters𝑝(s∗ | 𝑃∗, s, 𝑃) ≈ 𝑝(s∗ | 𝑃∗, s, 𝑃, 𝜃mp) [14]. The most
probable hyperparameters 𝜃mp can be determined based on
the posterior probability of 𝜃, 𝑝(𝜃 | s, 𝑃). Maximizing𝜃 = argmax

𝜃

𝑝 (s | 𝑃, 𝜃) 𝑝 (𝜃)𝑝 (s | 𝑃) (8)

allows inferring the hyperparameters. This fraction reduces
to the marginal likelihood function, as the denominator is
independent of 𝜃 and 𝑝(𝜃) is modelled uniformly (usually
no prior knowledge about the hyperparameters is available).
In practice, the inference is done by minimizing the negative
log-likelihood: 𝜃 = argmin

𝜃

(− ln𝑝 (s | 𝑃, 𝜃)) . (9)
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Assuming a normally distributed noise process and prior
distribution, an analytic expression for the marginal likeli-
hood can be derived [13]:

ln𝑝 (s | 𝑃, 𝜃) = −𝑁2 ln 2𝜋 − 12 ln 𝐾 + 𝜎2𝜖 𝐼− 12 (s𝑇 (𝐾 + 𝜎2𝜖 𝐼)−1 s) . (10)

Theoptimal hyperparameters are foundby computing the
partial derivatives of this function with respect to the hyper-
parameters and then applying a gradient search algorithm to
find them.

3. Sequential Bayesian Estimation

The localization problem can be optimally described by the
sequential Bayesian filter, a recursive framework that also
enables fusing the sensory data. It propagates the location
estimate over time based on the previous estimate of the
mobile terminal’s position and arriving observations.

It consists of two steps that are recursively executed.
The process update predicts the current location based on
the previous one and a model of the mobile terminal’s
motion. The process update is expressed by the Chapman-
Kolmogorov equation [15]:𝑝 (x𝑘 | z1:𝑘−1) = ∫𝑝 (x𝑘 | x𝑘−1) 𝑝 (x𝑘−1 | z1:𝑘−1) dx𝑘−1, (11)

where x𝑘 is the state vector at discrete time 𝑘. The time
index 1 : 𝑘 denotes a sequence of variables, for example,
all observations, z1:𝑘 ≡ {𝑧𝑖, 𝑖 = 1, . . . , 𝑘}, obtained up to
time 𝑘. The motion of the mobile terminal is modelled by
the state transition probability density 𝑝(x𝑘 | x𝑘−1). The term𝑝(x𝑘−1 | z1:k−1) is the prior probability density. It expresses
information about the mobile terminal available before the
current estimation step and represents the previous state of
the object or some initial state. As soon as observations are
available, the predicted state can be corrected.This is done in
the measurement update step:𝑝 (x𝑘 | z1:𝑘) = 𝑝 (z𝑘 | x𝑘) 𝑝 (x𝑘 | z1:𝑘−1)∫ 𝑝 (z𝑘 | x𝑘) 𝑝 (x𝑘 | z1:𝑘−1) dx𝑘 , (12)

where 𝑝(z𝑘 | x𝑘) is the likelihood function [15]. It encodes
the information of the observations and is used to correct
the prediction to yield the posterior density 𝑝(x𝑘 | z1:𝑘).
This recursion estimates the location of the mobile terminal
optimally; however, these integrals do usually not have an
analytic solution and must be approximated.

3.1. Particle Filter. One of the most versatile approximations
to the recursive Bayesian estimation problem is particle
filters. Particle filters rely on sampling from functions to
approximate them. The versatility stems from their ability to
approximate arbitrary functions. A detailed description of the
generalized particle filter can be found in [15], that we follow
in this subsection.

Complex integrals, as the ones that describe the sequen-
tial Bayesian estimator, can be approximated numerically if
we can sample the involved functions. If the samples cover the
function’s domain well, sums replace complex integrals while
the simplified operation on the samples provides a sufficiently
accurate approximation. We denote the samples by {𝑥(𝑖), 𝑖 =1, . . . , 𝑁}.

Nevertheless, it is often not possible to sample a function,
as it is unknown or too complex. This issue is circumvented
by sampling a similar function, 𝑞(𝑥), which is proportional to
the target function 𝑝(𝑥(𝑖)) = �̃�(𝑖)𝑞(𝑥(𝑖)).The term 𝑞(𝑥(𝑖)) is the
importance density. The introduced weights �̃�(𝑖) compensate
the difference between the importance density and the target
density. These weights need to be normalized to sum to
unity, so that the functions are valid probability densities:𝜔(𝑖) = �̃�(𝑖)/∑𝑁𝑗=1 �̃�(𝑗). The idea of approximating arbitrary
functions by a set of weighted particles {𝑥(𝑖), 𝜔(𝑖)}𝑁𝑖=1 is known
as importance sampling. Consider the samples {𝑥(𝑖), 𝑖 = 1,. . . , 𝑁} ∼ 𝑞(𝑥(𝑖)). Thus, we can approximate a density 𝑝(𝑥) by
samples:

𝑝 (𝑥) ≈ 𝑁∑
𝑖=1

𝜔(𝑖)𝛿 (𝑥 − 𝑥(𝑖)) . (13)

In the context of recursive state estimation, x(𝑖) is the state
of the 𝑖th particle and 𝜔(𝑖) is its associated weight. The target
density is the posterior density 𝑝(x𝑘 | z1:𝑘). To this point,
it was left open how the weights are obtained. They are first
defined in general by

𝜔(𝑖)𝑘 ∝ 𝑝(x(𝑖)
0:𝑘
| z1:𝑘)𝑞 (x(𝑖)

0:𝑘
| z1:𝑘) . (14)

The derivation of the weights is based on a factorization of the
importance density. A factorization that allows augmenting
the importance density of the previous time step with a
factor that represents the current state, so that particles that
are distributed according to the importance density of the
previous state can be updated with particles that approximate
the current state. This leads to a recursive weight update
which is given by

𝜔(𝑖)𝑘 ∝ 𝜔(𝑖)𝑘−1𝑝 (z𝑘 | x(𝑖)𝑘 ) 𝑝 (x(𝑖)𝑘 | x(𝑖)𝑘−1)𝑞 (x(𝑖)
𝑘
| x(𝑖)
𝑘−1
, z𝑘) . (15)

Equation (15) allows approximating the posterior density by
particles and their weights.

𝑝 (x𝑘 | z1:𝑘) ≈ 𝑁∑
𝑖=1

𝜔(𝑖)𝑘 𝛿 (x𝑘 − x(𝑖)𝑘 ) . (16)

The weights must be normalized after each iteration.
The described procedure constitutes the problemof parti-

cle degeneration; that is, after each of the iterations, only a few
particles gain weights while, for the majority of particles, the
weight is reduced, until just one particle concentrates almost
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the complete weight and the weight of the remaining particles
is negligible.

The choice of the importance density may slow down this
effect, but usually an additional resampling (with replace-
ment) step is introduced to overcome it. During the resam-
pling step, particles are multiplied according to their weights,
so that particles that possess large weights are selected several
times and particles with very small weights are selected once
or possibly vanish.

As the resampling introduces further problems (prin-
cipally reduces the diversity, because many particles are
repeated), we resample when the degeneracy of the algorithm
becomes severe. This can be assessed by the effective sample
size𝑁eff = 1/∑𝑁𝑖−1(𝜔(𝑖)𝑘 )2.We resample if the effective samples
size exceeds 2/3 of the numbers of particles.

In this work, we choose the importance density to be the
state transition density 𝑞(x(𝑖)

𝑘
| x(𝑖)
𝑘−1
, z𝑘) = 𝑝(x(𝑖)𝑘 | x(𝑖)

𝑘−1
). This

simplifies (15) further; it reduces the weight update to be a
product of the previous weights and the likelihood function:𝜔(𝑖)𝑘 ∝ 𝜔(𝑖)𝑘−1𝑝 (z𝑘 | x(𝑖)𝑘 ) . (17)

4. Fusing GNSS Pseudoranges and
WLAN Received Signal Strength

This section starts with an explanation of the used models in
Section 4.1 and describes their integration into the Bayesian
filter framework in Section 4.2. The extended Kalman filter
that is used as benchmark is detailed at the end of this section.

4.1. Models. The state space for the self-localization problem
is defined in a local level coordinate frame,where a position in
space is denoted by p = (x, y, z)𝑇. The corresponding velocity
is its time derivative ṗ = (ẋ, ẏ, ż)𝑇. We denote the state vector
at time 𝑘 by x𝑘 = (p𝑘, ṗ𝑘)𝑇.
4.1.1. Process Model. To model the motion of the mobile
terminal, we have chosen a randomwalk velocity process as in
[16]. It stems from aLangevin process, a stochastic differential
equation, that describes the velocity of a Brownian particle.
For motion in a single dimension, this process reads

ẋ𝑘 = 𝑎xẋ𝑘−1 + 𝑏xVx𝑘 ,
x𝑘 = x𝑘−1 + Δ𝑇ẋ𝑘 (18)

with 𝑎x = exp (−𝛽xΔ𝑇) ,𝑏x = Vx√1 − 𝑎2x . (19)

It is driven by a white and normally distributed excitation
process Vx𝑘 ∼ N(0, 1), which allows the uncertainty of the
velocity to grow during prediction and also enhances the
diversity of the particles. Parameter 𝛽x is the process’ rate
constant. It determines the velocity increment of the mobile
terminal during a discretization time step Δ𝑇, where steady-
state root-mean-square velocity, Vx, confines the velocity of

the mobile terminal. For the experiments described above,
we determined these parameters empirically to 𝛽x,y = 10 s−1,𝛽z = 100 s−1 and Vx,y = 1.5ms−1, and Vz = 0.5ms−1.

This model results in a linear process model:

x𝑘 = 𝐹𝑝Vx𝑘−1 + 𝐺𝑝Vk𝑘−1, (20)

with the state transition and noise coupling matrix

𝐹𝑝V =(((((((
(

1 0 0 𝑎xΔ𝑇 0 00 1 0 0 𝑎yΔ𝑇 00 0 1 0 0 𝑎zΔ𝑇𝑎x 0 0
03×3 0 𝑎y 00 0 𝑎z

)))))))
)

,

𝐺𝑝V =(((((
(

𝑏x 0 00 𝑏y 00 0 𝑏z𝑏xΔ𝑇 0 00 𝑏yΔ𝑇 00 0 𝑏zΔ𝑇
)))))
)

.
(21)

The noise covariance matrix is simply 𝑉 ≡ E[k𝑘, k𝑖] = 𝐼;
thus, the state transition probability density is Gaussian with
the corresponding mean and covariance matrix:

x𝑘 | x𝑘−1 ∼ N (𝐹𝑝Vx𝑘−1, 𝐺𝑝V𝑉𝐺𝑇𝑝V) . (22)

This process model is rather unspecific and therefore
very general. Matrix 𝐹𝑝V implies basically a static mobile
terminal; no specificmotion or direction is presumed. Instead
it increases the variance over time, thus broadening the
region of the potential location. The choice of parameters
increases the variance in east and north equally but restricts
it in z-direction. The reason for that setting is attributed to
the lack of an useful geographic height in the radio map.
As the z-coordinate cannot be corrected in GPS denied
areas, we basically slow down the motion in z-direction
considerably.

4.1.2. GNSS Pseudorange Likelihood Function. A pseudor-
ange describes the distance from the satellite to the receiver.
This consists of the geometric distance, the difference
between the satellite clocks and the receiver clock, and an
ionospheric and tropospheric correction term. Most of these
terms can be corrected using information transmitted by
the satellites. However, errors occurring in the user segment
remain. This is the receiver clock offset, Δ𝑡𝑘, which can
usually be estimated. Other considerable errors are attributed
to multipath propagation and shadowing effects. We collect
these in 𝑤𝜂,𝑘, together with errors from the ephemerides
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prediction, relativistic effects, residuals from the correc-
tion terms, and noise. The pseudorange of the 𝑗th satellite
becomes𝜌𝑗

𝑘
= p𝑗𝑠,𝑘 − p𝑘

 + 𝑐Δ𝑡𝑘 + 𝑤𝑗𝜂,𝑘, 𝑗 = 1, . . . , 𝐽. (23)

The error term 𝑤𝜂,𝑘 is commonly modelled as a normally
distributed, zero mean random variable 𝑤𝜂,𝑘 ∼ N(0, 𝜎2𝑤𝜂,𝑘).
Assuming furthermore that the pseudoranges from different
satellites are independent, the joint pseudorange likelihood
function for the collection of pseudoranges, 𝜌𝑘 = {𝜌𝑗𝑘}𝐽𝑗=1, can
be written as𝑝 (𝜌𝑘 | x𝑘 = x𝑞)

= 𝐽∏
𝑗=1

1√2𝜋𝜎𝑗
𝑤𝜂 ,𝑘

exp(−12 (𝜌𝑗𝑘 − 𝜌𝑗𝑘)2(𝜎𝑗
𝑤𝜂 ,𝑘

)2 ). (24)

It expresses the likelihood that the observed pseudoranges
were measured at p𝑞 = 𝐶x𝑞 ∈ R3, where 𝐶 = (𝐼3 | 03). The
standard deviation 𝜎𝑗

𝑤𝜂 ,𝑘
is composed by various terms that

are set or estimated by RTKLIB [17]; among these terms are a
deviation estimate based on the user accuracy index and fix
values set by RTKLIB accounting for the errors in estimating
delays attributed to the troposphere, ionosphere, and code
bias.

Notice that the receiver clock offset is not part of the state
vector and it is not estimated by the particle filter. As in [11],
the least squares method is used iteratively to estimate the
receiver clock offset.

4.1.3. WLAN RSSI Likelihood Function. A likelihood func-
tion for the RSSI observations, 𝑠𝑘, is established as follows.
As we work with time averaged RSSI, to compensate the
variations and to get closer to the assumption of normally
distributed observations, we denote the arithmetic mean of
RSSIs by 𝑠𝑘. To evaluate the likelihood of an observation
at different positions, a model predicting the observation,𝑠𝑘, is required. However, the lack of an accurate model
that relates RSSI and space is the reason to resort to the
empirical method of fingerprinting. As RSSI measurements
only exist at fingerprint locations, one has to approximate the
RSSI measurement at the predicted position of the mobile
terminal.

These RSSI estimates are obtained through Gaussian
process regression; recall Section 2.3. Assume we have 𝑙 = 1,. . . , 𝐿 access points and that we receive their packets during
survey and localization phase. The Gaussian process model
for each access point can be trained off-line, before the actual
positioning phase. Let 𝑠𝑙𝑘 be the average of RSSIs received
from the 𝑙th access point. Once the Gaussian process models
are constructed, one uses (5) and (6) to predict a vector
of RSSIs, 𝜇(s∗,𝑙

𝑘
), and the corresponding covariance matrix,

cov(s∗,𝑙
𝑘
), at the positions of interest 𝑃∗𝑘 .

Finally, to compute the likelihood that 𝑆𝑘 = {s𝑙𝑘}𝐿𝑙=1 were
observed at the position p∗𝑞 ∈ 𝑃∗, we establish a Gaussian
likelihood function:𝑝 (𝑆𝑘 | x𝑘 = x𝑞)

= 𝐿∏
𝑙=1

1√2𝜋𝜎𝑙s∗ exp(−12 (𝑠𝑙𝑘 − 𝜇𝑙s∗)2(𝜎𝑙s∗)2 ) , (25)

where 𝜇𝑙s∗ is the interpolated RSSI and 𝜎𝑙s∗ the corresponding
standard deviation at the test input p∗𝑘 . This likelihood func-
tion is based on the assumption that the RSSI observations
are independent. Notice, the radio map contains only two-
dimensional location information; therefore p𝑞 = 𝐷x𝑞 ∈ R2

and the Boolean matrix is𝐷 = (𝐼2 | 02×4).
Compared with the pseudorange likelihood function,

the predicted RSSI and variance are independent of time,
because they are inferred from the (static) radio map. The
same test position yields the same prediction. In contrast, the
standard deviation in the pseudorange likelihood function is
independent of the location of the mobile platform; it is only
determined by the signal reception conditions. The choice of
the RSSI variance arises from measurement setup. For many
access points, only a single packet was captured; hence, a
reasonable deviation measure could not be estimated. An
alternative would be to exclude the observations from these
access points and then use only the sample deviationmeasure
from the remaining RSSI.

4.2. Particle Filter Tight Fusing of Pseudoranges and Sig-
nal Strength. This section combines the ideas previously
described; it details the fusion of GPS pseudoranges and
WLAN RSSI within the particle filter. Briefly, the key prob-
ability density functions of the sequential Bayesian estimator
are approximated with particles and their weights and then
plugged into the particle filter of Section 3.1.

4.2.1. Process Update. The probability density function that
models the motion is already stated in (22). One could
sample that density, compute the particle approximation to
(11), and predict the mobile terminal’s new location. Since an
analytic processmodel is available, it is easier to propagate the
particles that approximate the prior density, 𝑝(x(𝑖)

𝑘−1
| z1:𝑘−1),

through the process model (20):

x(𝑖)𝑘 | z1:𝑘−1 = 𝐹𝑝Vx(𝑖)𝑘−1 + 𝐺𝑝Vk(𝑖)𝑘−1, (26)

where {k(𝑖)
𝑘−1
}𝑁𝑖=1 are samples from the noise model.

When the filter is initialized, the prior density is usually
not known. A common choice for 𝑝(x0) ≡ 𝑝(x0 | z−1) is a
uniform density over a plausible area.

4.2.2. Measurement Update. Themeasurement update is for-
mally defined by (12). The particle filter computes the pos-
terior density through (16) and (17). At this step, a particle
approximation of the predictive density is already available𝑝(x(𝑖)
𝑘
| z1:k−1), as are the weights from the previous time step.
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Initially and after resampling, the weights are all equal and
sum up to unity. What is left is to update the weights via the
likelihood function.

A particle approximation of the pseudorange likelihood
is simply obtained by computing the likelihood for each
particle:𝑝 (𝜌𝑘 | x𝑘 = x(𝑖)𝑘𝑛 )

= 𝐽∏
𝑗=1

1√2𝜋𝜎𝑗
𝑤𝜂 ,𝑘

exp(−12 (𝜌𝑗𝑘 − 𝜌𝑗,(𝑖)𝑘 )2(𝜎𝑗
𝑤𝜂 ,𝑘

)2 ), (27)

where 𝜌𝑗,(𝑖)
𝑘

is a prediction of the 𝑗th pseudorange for a
particle position according to the pseudorange model.

We proceed similarly for the RSSI likelihood function
and compute the likelihood for each particle. This involves
predicting a RSSI and variance value at each position of a
particle; the RSSI likelihood function for the test positions𝑃∗𝑘 = {𝐷x(𝑖)𝑘𝑛 }𝑁𝑖=1 becomes𝑝 (𝑆𝑘 | x𝑘 = x(𝑖)𝑘𝑛 )

= 𝐿∏
𝑙=1

1√2𝜋𝜎𝑙,(𝑖)s∗ ,𝑘
exp(−12 (𝑠𝑙𝑘 − 𝜇𝑙,(𝑖)s∗ ,𝑘)2(𝜎𝑙,(𝑖)s∗ ,𝑘)2 ) . (28)

The term 𝜇𝑙,(𝑖)s∗ ,𝑘 denotes the RSSI predictions at the particle’s
positions and𝜎𝑙,(𝑖)s∗,𝑘 is the standard deviation at these positions,
respectively.

Pseudoranges and RSSIs are clearly independent of each
other, thus fusing RSSIs and pseudoranges equalsmultiplying
their likelihood functions. An approximation of the posterior
density is given by𝑝 (x𝑘 | z1:𝑘)≈ 𝑁∑

𝑖=1

𝜔(𝑖)𝑘−1𝑝 (𝑆𝑘 | x(𝑖)𝑘 ) 𝑝 (𝜌𝑘 | x(𝑖)𝑘 ) 𝛿 (x𝑘 − x(𝑖)𝑘 ) . (29)

Likelihood functions provide information on the parame-
ters only up to amultiplicative constant. To yield a valid prob-
ability density, the updated weights have to be normalized so
that they sum up to unity.

In situationswhen no observation fromone of the sensors
was obtained, the likelihood function cannot be computed
and is therefore ignored. If nomeasurement at all is available,
the algorithm proceeds directly to the process update.

The influence of the measurements, either a pseudorange
or a RSSI average, on the particles is controlled by these
likelihood functions. On the one hand, the variances affect
the particles weights. In the case of pseudoranges, it increases
if the GPS observations are believed to be inexact or noisy.
The variance of the RSSI likelihood function increases if the
mobile terminal is in an areawith fewfingerprints, because, in
these areas, information about RSSI is little. Large variances
lead to small weights and vice versa. On the other hand,
the position of a particle also affects its weight, because a

particle far from the location indicated by an observation
causes a large difference in the exponential of the functions,
which decreases the weight. Due to these mechanisms, the
proposed particle filter balances automatically between the
two positioning systems.

4.2.3. Position Estimate. The final position estimate results
from the minimization of the mean squared error, x̂ =
argminx̂E[(x̂ − x)2 | z] [18], and is known as the expected
a posteriori estimate:

x̂𝑘 = E [x𝑘 | z𝑘] ≡ ∫ x𝑘𝑝 (x𝑘 | z𝑘) dx𝑘, (30)

for the particle filter that becomes x̂𝑘 = ∑𝑁𝑖=1 𝜔(𝑖)𝑘 x(𝑖)𝑘 .
We compute also the standard deviation of the particles

as quality measure of the point estimate:

𝜎𝑝 = √E [(x̂𝑘 − x(𝑖)
𝑘
)2] = √ ∑𝑁𝑖=1 𝜔(𝑖)𝑘 (x̂𝑘 − x(𝑖)

𝑘
)2(𝑁 − 1)∑𝑁𝑖=1 (𝜔(𝑖)𝑘 ) /𝑁 , (31)

where𝑁 denotes the nonzero weights [19].
4.3. Benchmark Extended Kalman Filter. To put the results
of the proposed particle filter into context, we present them
along with results obtained from an extended Kalman filter.
This filter is based upon the process and measurement
update stated in (11) and (12), but instead of propagating
and correcting the probability densities it assumes the noises
to be zero mean and normally distributed and therefore it
propagates only themean, x̂, and the error covariancematrix,𝑃, in time. Furthermore, we extend the state vector by the
receiver clock offset, Δ𝑡𝑘, and its time derivative Δ ̇𝑡𝑘: x𝑘 =(p𝑘, ṗ𝑘, Δ𝑡𝑘, Δ ̇𝑡𝑘)𝑇.

We present first the process and measurement models
and then the update and the correction step of the extended
Kalman filter.

4.3.1. Process Model. The motion of the mobile terminal is
described by the linear model (20). The process model of the
receiver clock is according to [20] a two-state randomprocess
model (Δ𝑡𝑘Δ ̇𝑡𝑘) = 𝐹𝑡 (Δ𝑡𝑘−1Δ ̇𝑡𝑘−1) + 𝐺𝑡(V1𝑘−1V2𝑘−1

) , (32)

where the state transition matrix reads𝐹𝑡 = (1 Δ𝑇0 0 ) . (33)

The noise coupling matrix, 𝐺𝑡, can be obtained from the
covariance matrix of the clock offset noise by 𝐺𝑡 = 𝑊√𝐷,
where𝑊 denotes the eigenvectors and 𝐷 the eigenvalues of𝑄𝑡;√⋅ stands for the square root of the matrix’ elements. The
elements of the noise covariance matrix itself are determined
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by the characteristics of the clock, given through the Allan
variance coefficients ℎ0, ℎ−1, and ℎ−2:𝑞11 = ℎ02 Δ𝑇 + 2ℎ−1Δ𝑇2 + 23𝜋2ℎ−2Δ𝑇3,𝑞12 = ℎ−1Δ𝑇 + 𝜋2ℎ−2Δ2,𝑞21 = 𝑞12,𝑞22 = ℎ02Δ𝑇 + 4ℎ−1 + 83𝜋2ℎ−2Δ,

(34)

which can be found in [20] (We assume the GPS receiver
clock to have a temperature compensated crystal clock.).

Combining the state transition and the noise coupling
matrices of the motion and the receiver clock model𝐹 = ( 𝐹𝑝V 06×2

02×6 𝐹𝑡 ) ,𝐺 = ( 𝐺𝑝V𝐺𝑡 | 02×1
) , (35)

we can write the complete process model:
x𝑘 = 𝐹x𝑘−1 + 𝐺k𝑘−1. (36)

4.3.2. Measurement Model. Measurements to the extended
Kalman filter are the pseudoranges and, if available, a posi-
tion from WLAN. Thus, the measurement vector is z𝑘 =(𝜌1𝑘 , . . . , 𝜌𝐽𝑘 , pWLAN)𝑇. The measurement model is the com-
mon GPS measurement model for an eight-state extended
Kalmanfilter; see [20]. Recalling the pseudorangemodel (23),
we will abbreviate it here with ℎ(⋅). Its Jacobian matrix reads

𝐻𝜌 = (ℎ1x ℎ1y ℎ1z 0 0 0 1 0... ... ... ... ... ... ... ...ℎ𝐽x ℎ𝐽y ℎ𝐽z 0 0 0 1 0) , (37)

where ℎ𝑗x stands for the partial derivative of the pseudorange
measurementmodel (23) with respect to x for the 𝑗th satellite.

In the case that a position estimate from WLAN is
available, the measurement matrix becomes simply𝐻 = ( 𝐻𝜌𝐼3×3 | 03×5

) . (38)

Theposition estimated fromWLAN is amaximum likelihood
estimate obtained from (28):

x̂WLAN = argmax
x

𝑝 (𝑆𝑘 | x𝑘) , (39)

where p̂WLAN corresponds to the first three elements of
x̂WLAN.

For completeness, we denote the general measurement
model including all observed pseudoranges and a position
fromWLAN based system:

z𝑘 = ℎ (x𝑘) + w𝑘. (40)

The noise term, w𝑘 is, as in (23), zero mean and white and
follows a normal distribution with covariance matrix 𝑅𝑘 ≡
E[w𝑘,w𝑖].

4.3.3. Process Update. In the time update step of the extended
Kalman filter, the mean, x̂, and the error covariance matrix,𝑃, are propagated in time [15, 20]:

x̂𝑘|𝑘−1 = 𝐹x̂𝑘−1,𝑃𝑘|𝑘−1 = 𝐹𝑃𝑘−1𝐹𝑇 + 𝑄, (41)

where 𝑄 denotes the process noise covariance matrix. The
final noise covariance matrix results as block matrices of𝑄𝑝V = 𝐺𝑝V𝑉𝐺𝑇𝑝V and 𝑄𝑡 (given by (34)):

𝑄 = ( 𝑄𝑝V 06×2
02×6 𝑄𝑡 ) . (42)

4.3.4. Measurement Update. The extended Kalman filter
approximates (12) as follows [15, 20]:

x̂𝑘 = x̂𝑘|𝑘−1 + 𝐾 (z𝑘 − ℎ (x̂𝑘|𝑘−1)) ,𝑃𝑘|𝑘−1 = (𝐼 + 𝐾𝑘𝐻𝑘) 𝑃𝑘|𝑘−1. (43)

Matrix 𝐾 is the Kalman gain and is given by 𝐾 =𝑃𝑘|𝑘−1𝐻𝑘 (𝐻𝑘𝑃𝑘|𝑘−1𝐻𝑇𝑘 +𝑅𝑘)−1. Here, 𝑅𝜌,𝑘 is the measurement
covariancematrix that contains a variance estimate estimated
by RTKLIB for each pseudorange on its diagonal. These
variance estimates are based on the user range accuracy
index. If aWLAN position is obtained, the covariance matrix
is extended by a diagonal block containing a variance for each
coordinate of the WLAN position:𝑅 = ( 𝑅𝜌 0

0 𝑅WLAN
) . (44)

We found a standard deviation of 𝜎WLAN = 0.5 to achieve the
lowest errors for both trajectories, although we expected that
larger values would model the error of theWLANmaximum
likelihood position estimate better [21].

5. Experimental Results

To analyze the performance of the particle filter, we con-
ducted experiments for two trajectories.Webegin this section
with a description of these experiments and continue with
some notes concerning the implementation of the particle
filter. The outcomes of these experiments are reported sub-
sequently in Sections 5.3 and 5.4.

5.1. Experimental Setup and Data Recording. The data used
to evaluate our algorithm is from a test bed at the Uni-
versidad Autónoma de Querétaro. The test bed constitutes
two relatively small buildings (about 8 × 40 meters) with
roofed passageways through which the buildings are entered.
These two buildings and a larger four-storey building in the
south west surround a larger open space. In addition to the
roofed passageways, several trees block the view to the sky.
Figure 1 depicts the test bed and the two trajectories used
to evaluate the algorithm. The first trajectory, named Trajec-
tory-1, commences indoors without GPS observations and
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area

Le� building

Trajectory-1
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Figure 1: Test bed and trajectories. Circles indicate starting point of
the trajectories. (Notice, the trajectory actually followed the existing
paths, which are illustrated by densely dotted orange lines. The
markers of the trajectories are the positions at which theWLANdata
was recorded; they are obtained from the measurements overlaid on
the test bed map. The mismatch between the trajectories and the
background image is due to errors of the overlay procedure, errors of
the experimenter marking the measurement positions on the map,
and issues when dealing with geographic data, such as projections
and coordinate transformations.)

runs mainly indoors and along the semiopen passageways
along the buildings. It enters the right building only once
and ends in the open space, nearby some trees. The second
trajectory is called Trajectory-2. It starts in the open space
and continues on it, passes below trees, and leads to the
passageway of the right building. Following that passageway,
it enters the right building once and proceeds to the roofed
passageway of the left building. From the middle of the left
building, it runs around the small lawn area and returns on
the passageway to the passageway of the right building, from
where it turns sharp right towards the open space. Trajectory-
2 ends further southwest on the open space, in front of a four-
storey building. Since Trajectory-1 has larger indoor sections,
we refer to it as indoor-like trajectory.The opposite is true for
Trajectory-2; we call it outdoor-like trajectory.

This localization scenario presents a harsh environment
for GNSS, as scattering, blockage and multipath propagation
are very likely. The two buildings used in the indoor sections
of the experiments are relatively lightweight. They are made
of brick walls and the sectioning indoors is principally
done by soft-partitions. As the climate favours open doors
and windows, these buildings attenuate signals rather little;
thus, the indoor environment is challenging for WLAN
fingerprinting as well.

We recorded the RSSIs with a laptop with a consumer-
grade wireless network interface card. To create the radio
maps, RSSIs and MAC addresses need to be captured at cer-
tain, known locations. Therefore we modified JMapViewer,
a map application providing access to OpenStreetMap data.
By a click on the map, at the location that corresponds to

that of the experimenter, the position is obtained and the
WLAN data capturing process is initialized: RSSIs from all
available access points and the correspondingMACaddresses
are captured. A second click on the user interface, after three
to five seconds, issues a command to compute the arithmetic
mean and the variance of the RSSIs from each access point.
The capturing process finishes by storing theWLANdata and
the corresponding position (obtained by from the first click
on the map) in a database.

This software and procedure were also used to record the
WLAN data for the test trajectories. This resulted in a stop-
and-go motion, which may not be the most commonmotion
of a pedestrian, but this facilitates recording a ground truth.
Again, the WLAN data at each position of a trajectory was
recorded for a few seconds.The ground truth of both paths is
depicted in Figure 1.

The data sets of the trajectories also contain GPS raw
data, from which pseudoranges, satellite positions, and
pseudorange correction terms were obtained. This data was
recorded continuously in time.The used receiver is an u-blox
LEA-6T-0 GPS receiver ([22]). To parse and preprocess the
data from the GPS receiver, we used RTKLIB.

Time synchronization is achieved by associating a Julian
date time-stamp directly after parsing the WLAN and GPS
data, respectively. After adding the time-stamps, the data
was postprocessed and subsequently stored in the databases.
Time synchronization is at least accurate up to half a second,
enough to estimate the location of a (walking) pedestrian
every second.

During data recording, the experimenter held the laptop
in front of his chest, the GPS antenna was mounted on
the experimenters head, whereas the WLAN antenna was
connected directly to the laptop. The experimenter’s body
probably influenced the WLAN RSSIs and his head move-
ments may have affected the GNSS data reception. Between
the radio map survey phase and localization phase, there are
more than 18 months. A degradation of the radio map is
likely, nonetheless not severe, because the university’s official
WLAN infrastructure is relatively stable.

The radio map (see Supplementary Material in [12]) was
transformed to a local coordinate frame with an origin at
(20.59∘, −100.415∘, 1800.0m) and the developed filter was also
implemented to compute positions in this frame.

5.2. Filter Implementation Details. Before the observation
data is processed, it is synchronized with help of the assigned
time-stamps.

The reception of all necessary GPS data, especially
ephemerides, takes a few seconds. For that reason and the
knowledge that a WLAN based location estimate is likely
inexact in that area, we skip the first 35 seconds of Trajec-
tory-2 and start the estimation with GPS observations avail-
able.

To initialize the filter we distributed the particles uni-
formly over the test bed and set the velocity to zero.The initial
position estimate is close to the centroid of the initial particle
distribution and thus relatively close to the centre of the test
bed.
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Figure 2: Position estimates of the particle filter in GPS + WLAN,
GPS-only, and WLAN-only configuration and of the extended
Kalman filter and the ground truth of Trajectory-1.

We repeat the estimation of a trajectory 50 times with
random initialization of the particles. The results, that is
RMSE, standard deviation, and the data to create the figures,
are averages over these 50 repetitions.

The particle filter operates with 1000 particles. This
assures a certain reliability of the filter outcomes.

5.3. Indoor-Like Trajectory: Trajectory-1. Figure 2 depicts the
trajectory estimated by the particle filter (in three configura-
tions), by the extended Kalman filter and the ground truth
data. The path estimated by the particle filter follows the
ground truth quite well. Visible are jumps of the position
estimates. They are caused by a lack of observations. That
is because RSSIs are received only every 2 s to 5 s. If, in
that time interval, no GPS observations are obtained, the
filter can only predict but not correct that prediction, which
does not alter the position estimate. In the moment that
again a reliable RSSI measurement is received, the filter
corrects the prediction and the position estimate jumps to
the new corrected estimate. The last section consists of an
indoor part immediately followed by an outdoor part. When
the trajectory enters the building (around (247, 94) m), the
estimated location is already off by a few meters and also the
path inside the room is not that accurately estimated. After
leaving the room, the estimates drift further and the error
increases. During the last section of the trajectory, the particle
filter estimates follow the ground truth poorly with an offset.
The extended Kalman filter shows a very poor performance.
The trajectory shows large position jumps. A comparison
of the extended Kalman filter estimates with that from the
particle filter suggests that the extended Kalman filter takes
the position estimate fromWLANnotmuch into account; if it
does, these large jumps occur.This was not expected, because
the variance of theWLAN position estimate is set lower than
former experiments suggested. Furthermore, the estimates of
the extended Kalman filter on the roofed passageway of the
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Figure 3: Error of the particle filter in GPS +WLAN, GPS-only, and
WLAN-only configuration and of the extended Kalman filter.

right building are pulled into the open space. This indicates
that the extended Kalman filter weights the GPS information
muchmore than the particle filter does, even though the GPS
data are apparently of low quality. Only towards the end of the
path, when outdoors on the open space, the extendedKalman
filter estimates get better, even better than those of the particle
filter.

The availability of sensory data confirms the described
behaviour. Information about the availability can be deduced
from Figure 3. This figure depicts the magnitude error over
time for the three particle filter configurations and for the
extended Kalman filter. The error of the WLAN stand-alone
solution indicates that WLAN data is available almost all the
time. The error is low, except after the initialization, when
no measurements are received for some seconds, and during
the outdoor section, where WLAN location fingerprinting
is known to perform poorly. The GPS stand-alone solution
yields low errors during the first minutes or so, although no
GPS data is received. This is due to the initial position that
is relatively close to the true start position. The similarity of
errors of the particle filter hybrid solution and the WLAN-
only solution implies that no GPS data was received for the
largest time of the trajectory, or it at least implies that GPS
information was not fused into the hybrid solution.

Taking into consideration that WLAN data was available
all the time and GPS-only towards the end, the accuracy of
the hybrid solution can be explained in more detail: up to
minute 24.5, the estimates are governed by the RSSI obser-
vations. Therefore, the errors are small where fingerprints
can be distinguished well, indoors and most of the time
along the passageways. (The reader is referred to [21] for a
performance evaluation of the (Gaussian process regression
based) WLAN-only location estimator.) The large errors
during the last minutes can be explained as follows. After
a few seconds outside of the right building, GPS data are
received and the filter integrates GPS observations into the
solution. The error of the GPS stand-alone solution is still
high but decreases as the solution converges to the true
location. Simultaneously, while the mobile terminal departs
further from the building, the radio map data becomes more
ambiguous, which increases theWLAN-only error.The error
of the hybrid solution increases because GPS data are still
inaccurate, they are still converging to the true location, and
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Table 1: Average RMS error and standard deviation of the particle filter in GPS + WLAN, GPS-only, and WLAN-only configuration and of
the extended Kalman filter for Trajectory-1.

PF, GPS +WLAN PF, GPS-only PF, WLAN-only EKF, GPS +WLAN
RMSE (m) 6.21 37.33 7.80 12.97
Avg. SD (m) 5.81 48.27 6.02 2.35
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Figure 4: Empirical error distribution function of the particle filter
in GPS + WLAN, GPS-only, and WLAN-only configuration and of
the extended Kalman filter for Trajectory-1.

WLAN data are becoming inexact. The particle filter weights
the WLAN data more than the GPS data until minute 25.
Then theGPS observations getmore accurate and the particle
filter begins weighting the GPS observations more than the
WLAN observations.This is the desired effect; as one can see,
during the last minute, the GPS-only solution yields higher
accuracy than the WLAN stand-alone solution. Shifting the
weights to GPS observation induces a decrease of the GPS
+ WLAN solution’s error. Notice that the hybrid solution’s
error is always equal or lower than the error of the better
performing solution, pointing to an adequate weighting of
the two information sources. However, the GPS data, on
which the hybrid solution is relying during the last minute,
is still relatively poor, maybe because the filter has not yet
converged after the huge deviations, or because the last part
of Trajectory-1 is surrounded by trees.

The error of the extended Kalman filter is initially equal
to that of the GPS-only configuration. It takes about three
minutes until aWLAN position estimate is considered by the
extended Kalman filter. In that moment, the error decreases
to the magnitude of the error of the particle filter. While the
particle filter solution mainly ignores the GPS information,
the extended Kalman filter occasionally weights the GPS data
and deviates from the quite accurate WLAN-only solution.
A better performance can be seen at the end of the path,
when GPS data quality increases due to better visibility of
the satellites. The GPS measurements get more weight while
the WLAN data is weighted less. During the last minute, the
extended Kalman filter outperforms the particle filter.

The precision of the algorithm can be assessed from
Figure 4, which illustrates the empirical cumulative distribu-
tion function of the errors. The hybrid solution presents the
highest accuracy and precision, with a median accuracy of
5m and an accuracy of 11m at 90% probability.

The extended Kalman filter solution yielded an accuracy
of 10m at 50% and 20m at 90% probability. That is about
twice as low compared with the accuracy of the particle filter.
Themaximum error of the extended Kalman filter solution is
about 30m, whereas the maximum error of the particle filter
is 15m.

Table 1 compares the performance of the particle filter
hybrid solutionwith the individualGPS andWLANsolutions
and with the extended Kalman filter numerically, that is,
in terms of the root-mean-square error (RMSE) and the
standard deviation (SD). The hybrid solution clearly outper-
forms the two other particle filter configurations. The GPS-
only solution is very inaccurate, because GPS observations
were only available during the last section of the trajectory.
For the same reason, the WLAN stand-alone solution is
almost as good as the hybrid solution. Nevertheless, it has
a higher probability for large errors. Due to the additional
information in terms of GPS observations in the last section
of the trajectory, the hybrid solution is more accurate than
the WLAN-only solution. The RMSE of the particle filter
WLAN + GNSS configuration is in comparison with the
extended Kalman filter solution two times smaller. However,
considering the standard deviation of these two filters, the
outcome of extended Kalman filter is two times smaller than
that of the particle filter.

The error distribution function and the standard devia-
tion of the particle cloud show that the hybrid solution is
not only more accurate but also more precise; its empirical
error distribution function presents the lightest tails. The
GPS + WLAN configuration also yielded the smallest stan-
dard deviation.

5.4. Outdoor-Like Trajectory: Trajectory-2. The overall per-
formance of the filter for Trajectory-2 is depicted in Figure 5.
The continuous availability of GPS observations is observ-
able; the stop-and-go motion causes the position estimates to
cluster, because, during the phases without motion, the filter
continues estimating position of the static mobile terminal
based on GPS observations. In between these clusters, the
estimated position tends to jump, which can be explained
again by the reception of a reliable RSSI observation after
some time. After the estimates converge closer to the starting
point, the estimated path follows roughly the ground truth.
The estimates become more exact where the mobile terminal
enters the right building. However, most times along the
roofed passageways and around the small lawn area the
localization performance is only fair. More exact estimates
can be seen about the corner, where the two buildings almost
touch, and later on the open space again.

The extended Kalman filter shows a similar positioning
performance. It estimates well the entering of the right
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Figure 5: Particle filter, extended Kalman filter estimates, and
ground truth of Trajectory-2. Results of the particle filter are shown
for the three configurations GPS + WLAN, GPS-only, and WLAN-
only.
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Figure 6: Error of the particle filter in GPS + WLAN, GPS-only,
and WLAN-only configuration and of the extended Kalman filter
for Trajectory-2.

building. On the semiopen passageway of the left building
and around the small lawn area, the accuracy decreases as
well; nevertheless, position estimates of the extended Kalman
filter appear smoother than those of the particle filter. The
accuracy of the extended Kalman filter estimates increase
again towards the end of the path on the open space.

To reason about the causes of the described perfor-
mances, we refer to Figure 6. It illustrates themagnitude error,
again for the three configurations of the hybrid algorithm
and the extended Kalman filter. This figure shows that the
error of the particle filter GPS +WLAN solution is in average
below 5m; nevertheless, in various moments, it exceeds 10m.
The GPS-only solution yields errors similar to the hybrid
solution and errors smaller than that of the WLAN stand-
alone solution. The outcomes based on only WLAN are very
poor, especially about 24min to 26min and for the last 4min
of the trajectory.
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Figure 7: Empirical error distribution function of the particle filter
in GPS + WLAN, GPS-only, and WLAN-only configuration and of
the extended Kalman filter for Trajectory-2.

The low accuracy of the particle filter’s GPS + WLAN
solutions about 24-25min is because of the poor quality of
WLAN and GPS observations. During that time interval, the
WLAN observations are very inexact for which reason they
are basically unregarded, and therefore the accuracy of the
hybrid solution equals that of theGPS-only solution. Between
minutes 34 and 35, the poor accuracy of the hybrid solution
is caused by an inappropriate weighting of the observations.
The filter is too confident about the GPS observations or
estimates the quality of the WLAN observations as too poor,
respectively. The same aspect is visible at the beginning
around 23min and also about 27.5min. In general, however,
the accuracy of the hybrid solution, again, leans towards
the more accurate sensor information; it never presents
the largest errors among the three configurations. Figure 6
indicates that the weighting mechanism works reasonably
well besides a few sporadic exceptions.

The accuracy of the extended Kalman filter is also most
of the time about 5m and shows only a few peaks that are
larger than 10m; see, for example, minutes 24, 28, and 34. It
is worth noting that in some occasions the extended Kalman
filter presents the lowest errors; refer tominutes 25, 35, 37, and
38. In general, Figure 6 confirms the similarity of the accuracy
of the particle filter in GPS + WLAN configuration and the
extended Kalman filter.

We examine again the cumulative distribution function
of the error, as shown in Figure 7. The proposed algorithm
yielded a median accuracy of 4.5m and only 10% of the
errors are larger than 10m. As the hybrid solution makes use
of both sensor data, it is not surprising that it outperforms
the individual solutions. The median error for GPS-only is
roughly 6.5m and that of the WLAN-only configuration is
8m. The difference is even bigger at 90% probability; GPS-
only yielded 12mandWLAN-only 23m.Thus, in comparison
with the two stand-alone solutions, the integration of the two
systems improves also the precision.

The median accuracy of the extended Kalman filter is
5.5m, only one meter larger than that of the particle filter
hybrid solution. The error at 90% probability is, as for the
particle filter in GPS + WLAN configuration, 10m. The
maximum error of the extended Kalman filter is about 18m,
that is almost 10m less than themaximum error of the hybrid
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Table 2: Average RMS error and standard deviation of the particle filter in GPS + WLAN, GPS-only, and WLAN-only configuration and of
the extended Kalman filter for Trajectory-2.

PF, GPS +WLAN PF, GPS-only PF, WLAN-only EKF, GPS +WLAN
RMSE (m) 6.68 7.88 13.36 6.49
Avg. SD (m) 2.70 2.99 4.81 1.04

solution. However, the largest error of the particle filter stems
clearly from the initial estimate, before the first observations
were obtained; the maximum error of the extended Kalman
filter occurred about 34min.

Table 2 summarizes the performance analysis and con-
firms the previously made notions. It presents the RMS
error and the standard deviation derived from the particle
cloud and contrasts them for the three configurations, as
well the RMSE and the standard deviation of the extended
Kalman filter are shown. The extended Kalman filter yielded
the smallest RMS error and standard deviation, although
the GPS + WLAN configuration’s median error is smaller
than the median error of the extended Kalman filter. The
hybrid solution of the particle filter is in average slightly
more inaccurate and its standard deviation ismore than twice
than that of the extended Kalman filter. As expected, the
particle filter in GPS +WLAN configuration outperforms the
GPS-only and WLAN-only solutions. The GPS stand-alone
solution performs also well considering the localization sce-
nario.The performance based on onlyWLANobservations is
mediocre, because large parts of the paths are outdoors, where
fingerprints are ambiguous.

The stated error figures are specific for that system and
scenario and shall be put into context. If the measurements
of GPS and WLAN are severely degraded, the particle filter
can only yield poor estimates. An idea about the quality of
the measurements can be gained from Figure 8.

Figure 8 compares the estimates for Trajectory-2 of the
GPS-only particle filter solution with that of the commercial
GPS receiver ([22]) and with the least squares (LS) solution
(that was used to estimate the clock offset of the receiver).
Additionally, this figure depicts a second trajectory from
the commercial GPS receiver from another experimental
run. The black trajectory is derived from the same GPS
observations that were fed into the particle filter (teal curve)
and least square algorithm (cyan curve). The grey trajectory
is an alternative trajectory estimated by the GPS receiver and
was recorded on the same path, but during another experi-
ment; the experimenter’s motion during this experiment was
continuous.

The commercial GPS receiver estimates (black path) the
trajectory well at the beginning, until the path enters the right
building. The opposite holds for the GPS-only solution of
the particle filter; its estimates are pulled towards the open
space. The indoor part is not recognized by the GPS receiver,
whereas the outcomes of the GPS stand-alone solution are
good in the indoor section. On the roofed passageway of the
left building, only the GPS receiver provides more or less
adequate estimates; the estimates appear of higher accuracy
than that of the GPS-only solution. Later, on the passageway
of the right building, the GPS receiver’s accuracy decreases
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Figure 8: Position estimates of the GPS-only solution, the GPS
receiver, and the least squares solution. The black (GPS rcv.) and
the teal trajectory (PF, GPS-only) were obtained from the same
experimental run. The grey trajectory (GPS rcv.) was recorded
during a different experiment along the same path, though, without
the stops.

again; its estimates cross the right building until they come
back on track which in the receiver is on the open area. The
GPS-only solution shows better results on the passageway of
the right building, but on the open space the GPS receiver
appears to be more accurate again.

The least squares solution illustrates the quality of the
GPS measurements and the alternative trajectory of the
GPS receiver shows the harshness of the environment. The
estimates of the least squares solution are similar compared
to that of the GPS-only solution, but much more noisy
due to the missing motion model. Nonetheless, position
fixes during the indoor part are surprisingly good. The
alternative GPS trajectory is worse than the black trajectory,
especially on the semiopen passageway of the right building
and after surrounding the small lawn area; no position
fixes could be estimated during the last minutes of the
trajectory.

A comparison of the accuracy of the trajectory of the GPS
receiver and the hybrid particle filter is shown in Figure 9.
That figure depicts the magnitude error of Trajectory-2
obtained from the hybrid particle filter next to the error
from the GPS receiver. Additionally, we show the number
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Figure 9: Magnitude error of hybrid GPS +WLAN solution and of
GPS receiver.

of satellites. At the beginning of the trajectory, on the open
space, the GPS receiver is more accurate than the hybrid
solution. It actually follows the ground truth very well, even
on the passageway of the right building, which is remarkable
under these conditions (it might even be an exception as
the alternative trajectory of the GPS receiver suggests). The
indoor section and the path next to the left building, in
general after minute 29, are nevertheless estimated poorly.
Errors rise up to 20m and 30m. These large errors occur
when the number of available satellites is varying a lot,
indicating quick changes of the sky view which degrades
GPS performance. Time intervals of good GPS performance
correlate with sections where the number of observations is
constant.

For most of the time of the trajectory, 6 to 7 GPS
observations are available, a fair amount, given the scenario.
Only in a few epochs, the number of satellites decreases to
four and only one time it is below four. That means, that
during time intervals of poor GPS performance, the number
of observations was fair enough to get a good position fix,
but that the quality of the observations was not sufficient for
accurate position estimates.

The integration of WLAN data improves the local-
ization accuracy. The GPS receiver’s RMSE for that tra-
jectory is 9.79m, about three meters larger than the
RMSE of the particle filter and of the extended Kalman
filter.

6. Discussion

The performance of GNSS degrades in areas with obstructed
satellite-to-receiver link, because, for example, scattering
and multipath effects delay the signal and increase the
propagation time. However, the same obstructions attenuate
WLAN signals so that the spatial RSSI distribution is rather
heterogeneous. This facilitates distinguishing nearby RSSIs
and improves the resolution and the accuracy of a WLAN
fingerprint localization system. The opposite effect occurs in
open areas, where GNSS’s position fixes are usually accurate,
but position estimates relying on WLAN RSSI often show
large errors.These large errors are caused by very similar RSSI
patterns at distant locations.

As expected, the particle filter hybrid solution attains the
highest accuracy and precision compared with the stand-
alone solutions. The smaller error of the two stand-alone
configurations presents an upper bound for the error of the
hybrid solution.

In comparison with the extended Kalman filter, the pro-
posed algorithms outperformed the extendedKalmanfilter in
the indoor-like scenario. For Trajectory-2, the performance
of the particle filter and the extended Kalman filter are
comparable, the particle filter performed in average slightly
worse than the extended Kalman filter.The extended Kalman
filter estimates are more precise than the estimates of the
particle filter. This is because of the little amounts of noise
that are introduced in the process model of the particle filter
to mitigate sample impoverishment (caused by resampling).
However, the extendedKalman filter’s performance is consid-
erably poorer (large position jumps) than that of the particle
filter when only WLAN data was available. The integration
of WLAN data works better in the particle filter. From our
point of view the disadvantage that the extendedKalmanfilter
presents in scenarios without or with few GPS data does not
outweigh the small advantage shown in the scenario where
GPS and WLAN data were basically available all the time.

Sections of low accuracy of the hybrid solution are due to
the loss of one of the systems or due to very poor quality of
one of the observations in combination with sharp direction
turns and/or changes of the sky view. As for most of the
time one of the systems operates reasonably well, extreme
deviations from ground truth, as it is common for fusion on
a position level and can be seen for the extended Kalman
filter for Trajectory-1, can be avoided, because the continuous
adaption of the weights results in smooth location estimates,
also during indoor/outdoor transitions.

The chosen motion model is very general and versatile
and served well in our experiments. However, an adequate
model must be chosen according to the final application.

One drawback of our method is the computational com-
plexity of the RSSI interpolation. Predicting RSSIs requires
the inversion of the covariancematrix, which has a dimension
equal to the number of used particles. One way to reduce the
computational costs is to reduce the number of particles. To
compensate the loss of accuracy due to reduction of particles,
a better importance density is advisable. For some scenarios,
an extended Kalman filter solution can achieve similar
or better performance at lower computational complexity.
Our methodology used a maximum likelihood estimator
to estimate a position from WLAN RSSI; this is based as
well on the Gaussian process regression. Replacing the used
WLAN position estimation with a simpler algorithm (e.g.,
k-Nearest Neighbour) would reduce the complexity of the
extended Kalman filter further. The concrete impact of the
above-mentioned changes on the positioning accuracy of the
particle filter requires further research.

The ubiquity of the proposed method depends heavily on
the dissemination of WLAN fingerprinting location systems,
more precisely on the coveragewith radiomaps, and that they
are accessible and compatible. For further thoughts on thatwe
refer to [4]. Another point we are presuming is the accessibil-
ity to the pseudoranges of a GNSS receiver. However, most



Mobile Information Systems 15

off-the-shelf receivers do not provide pseudoranges yet. This
is, however, changing right now as smartphones with access
to raw measurement recently appeared on the market.

One objective of this study was the exploitation of
the contrary information provided by pseudoranges on the
one hand and RSSI on the other hand. We consider the
automatic weighting of the different sensor information as
functioning, but it is also apparent that it is improvable. Some
relatively simple and straight forward ideas and changes in
the presented system are likely to improve the localization
accuracy.

The simplest change is the use of a multiconstellation,
multifrequency receiver. This improves the coverage because
the use of those receivers increases the number of receivable
signals, and it improves the localization performance because
a second frequency enables a more accurate correction of
GNSS errors. Exploiting the carrier phase information would
significantly decrease GNSS positioning error; nevertheless,
such receivers are just starting to penetrate the market. Addi-
tional improvement is expected from multipath mitigation
methods in the receiver, for example, at the correlator stage, if
these are not yet implemented in the used receiver. Multipath
mitigation based on the RSSI data is also worth investi-
gating.

On the WLAN side, the most crucial issue is the choice
of the variance in the RSSI likelihood function. It appears
advisable to consider time-dependent variance estimates that
express the uncertainty of the WLAN observations and not
of the predictions of the Gaussian process model. Combining
the currently used RSSI variance, containing spatial infor-
mation, and a RSSI variance estimated from the observed
samples, containing temporal information, improves very
likely the weighting between the two information sources.
Approaches to reducing the computational costs of the
interpolation of WLAN RSSI are another open point.

Dependent on the use case, one could create fingerprints
only on the paths. This indirectly includes information of
the environment and improves the localization performance
by removing potentially ambiguous fingerprints. This idea
also translates to the interpolation with Gaussian processes,
because the variance in areas without fingerprints (training
data) will be higher.

7. Conclusion

This study presents a new algorithm combining GPS pseudo-
ranges and WLAN RSSIs. The proposed algorithm achieves
accurate and robust seamless localization as it exploits the
complementary information contained in the sensory data.
We developed a likelihood function that overcomes the draw-
back of the spatially discrete fingerprints by interpolating
RSSIs through Gaussian process regression. The integration
of the RSSI likelihood function and the pseudorange likeli-
hood function into the particle filter yields a fine grained,
automatic weighting of GPS andWLAN observations, which
improves the accuracy and precision when compared with
the stand-alone solutions using onlyGPS orWLANdata.This
gain in accuracy and precision comes from an increase in
computational complexity. The extended Kalman filter used

as benchmark, that integrates a WLAN position estimate
with GPS pseudoranges, achieved in one scenario similar
positioning performance compared to the proposed particle
filter. However, without enough GPS data, the extended
Kalman filter accuracy degrades much, which is why we
consider the particle filter worth its complexity.

In realistic indoor/outdoor experiments, in an environ-
ment harsh for GNSS and WLAN fingerprinting localiza-
tion, the proposed method achieved an average positioning
accuracy about 7m. The proposed integration approach of
GPS pseudoranges and WLAN RSSI is of low-cost and
can improve localization performance of mobile platforms,
whenever pseudoranges and RSSIs are available in the navi-
gation processor.
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Human travel behaviour has been addressed in many transport studies, where travel survey methods have been widely used to
collect self-reported insights of daily mobility patterns. However, since the introduction of Global Navigation Satellite Systems
(GNSS) and more recently smartphones with built-in GNSS, researchers have adopted these ubiquitous devices as tools for
collecting mobility behaviour data. Although most studies recognize the applicability of this technology, it still has limitations.
These are rarely addressed in a quantifiedmanner. Often the quality of the collected data tends to be overestimated and these errors
propagate into the aggregated results providing incomplete knowledge of the levels of confidence of the results and conclusions.
In this study, we focus on the completeness aspects of data quality using GNSS data from four campaigns in the Flanders region
of Belgium.The empirical results are based on mobility behaviour data collected through smartphones and include more than 450
participants over a period of twenty-nine months. Our findings show which transport mode is affected the most and how land
use affects the quality of the collected data. In addition, we provide insights into the time to first fix that can be used for a better
estimation of travel patterns.

1. Introduction

Understanding human travel behaviour lies at the core of
planning of transport services and ensuring development of
sustainable communities. Traditionally, this data is collected
based on self-reported insights into a person’s daily mobility
patterns. The self-reporting is usually done in the form of
travel surveys or interviews.The drawbacks of these methods
are well recognized in literature and include, among others,
underreporting of short trips [1–3], overestimation of public
transport travel times or underestimation of car travel times
[4–6], obtaining incomplete and inconsistent information [7,
8], and rounding travel times and distances [9]. Recently, the
availability of affordable Global Navigation Satellite Systems
(GNSS) devices and mobile communication has presented
a new way of acquiring data for mobility studies, includ-
ing citizen science wherein volunteers participate in some

aspects of mobility and environmental matters [10], among
others.

Some examples of the GNSS data applicability to better
understand individuals’ daily mobility behaviour include
implementation of GNSS data, together with geographic
information system (GIS) technology and an interactive
web-based validation application, to derive and validate
trip purposes and transport modes [11]. Achieved results
showed good match with the national travel survey findings
indicating that the suggested approach might be promising
alternative to paper diary based methods. Similarly, Zheng et
al. [12] use GNSS data of 45 users, collected over six months’
period, and apply supervised learning based approach to
automatically infer transport mode and gain understanding
on how to recognize transport mode exchange locations.
Furthermore, Liu et al. [13] and Pan et al. [14] take a deeper
look at spatial and temporal patterns of taxis’ trajectories to
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investigate interurban land use variations. They classify the
study area into six traffic areas closely associated with various
land use types (e.g., commercial, industrial, residential, insti-
tutional, and recreational) and find that humanmobility data
collected from location aware devices provides opportunity
to derive urban land use information in a timely fashion.
Using a similar dataset, Guo et al. [15] take a look at taxi
tracks to derive trips’ origin and destination locations. Hood
et al. [16] develop a route choice model based on the GNSS
data collected from smartphone users in San Francisco. They
extract alternatives using repeated shortest path searches in
which both link attributes and generalized cost coefficients
were randomized. Their results show that bicycle lanes were
preferred to other facility types, especially by infrequent
cyclists. The obtained results are intended to be used for
bike network infrastructure planning purposes. Duncan et al.
[17] examine use of the GNSS data in objectively measuring
and studying the relationship of environmental attributes to
human behaviour in terms of physical activity and transport-
related activity. Mavoa et al. [18] examine children’s inde-
pendent mobility data and implement sequence alignment to
matchGNSS and travel diary data.They successfullymatched
around 60% of all trips in between two datasets. Murakami
and Wagner [19] explore the potential of validated GNSS
tracks to improve self-reported trip data. By comparing the
GNSS tracks and travel diaries, they found that, in general,
self-reported trip distances were longer than those observed
from the GNSS tracks.

Although most studies recognize the potential of
GNSS based approaches for understanding human travel
behaviours, it does have its limitations [7, 19]. These are
rarely addressed in more detail or a quantified manner.
Main reason for this is a general agreement that the GNSS
data are more detailed than the self-reported insights, have
higher spatial and temporal resolution, have high potential to
replace traditional data collection approaches, and thus are
a better basis for drawing conclusions on individuals’ travel
behaviour. Furthermore, the ground truth data that can be
used to evaluate the quality of the GNSS based insights are
rarely collected. There is a lack of awareness about the data
quality of the raw sensor data and how their errors propagate
into results. This gives an incomplete view on the levels of
confidence of the results and conclusions. The aim of this
paper is to deepen the understanding on the GNSS data
applicability for mobility studies by providing systematic and
quantified insights into collected data representativeness in
describing individuals’ travel behaviour. To do so, we will
report on different GNSS based datasets that include trips
made with various transport modes. For these datasets, we
provide extensive description of the data collection process,
as well as trips’ related context, and report on how well they
capture the actual travel behaviour. To describe the actual
travel behaviour, we rely on data collected by independent
sensors and/or GIS based validation procedure. By doing so,
we hope to fill in some of the gaps recognized in the existing
literature, raise the level of awareness about relevance of data
quality reporting for GNSS based travel behaviour studies,
and provide valuable reference for future research in this
field.

Flanders

Figure 1: Flanders region in Belgium.

2. Method and Data

This paper presents an empirical analysis of the crowd sourc-
ing data collected from four different campaigns that were
launched in the Flanders, Belgium (Figure 1). The campaigns
were part of different regional and European projects, each
one with specific purposes, that are described further in
Section 2.3. A common denominator across all projects is one
of the data collection methods. This data collection method
involved a smartphone application used to collect, among
other information, GNSS traces from the participants.

The target population in this study is a generic population
and the focus was on sustainable mobility and the transport
mode that people employ for commuting and other daily
trips. Furthermore, the aggregation level is at trip segment,
where trip segment is a trajectory in which a single transport
mode is used [20]. Hence, one multimodal trip may contain
several trip segments, each travelled by different transport
mode. Features of the study area and target population are
shown in Table 1.

Adescription of the reportedmodes from the participants
is depicted in Table 2. In this transport mode categorisation,
passenger and driver utilise the same transport mode (e.g.,
car) but with different roles (i.e., one is driving the vehicle
and one is not).

2.1. Data Representativeness. In order to have a representative
set of mobility behaviour data for whole Flanders population
(Figure 1), which is not biased for a single transport mode
(i.e., only trips performed with a one specific transport
mode), data from four campaigns are combined all together
to create a more diverse dataset.

The resulting dataset follows a trip modal split (Figure 2
and Table 3) that is similar to the travel behaviour study
conducted by the Department of Mobility and Public Works
(Flemish Government). The Flemish research started in 1994
and it is known in Dutch as Onderzoek Verplaatsingsgedrag
(OVG), which stands for “Travel Behaviour Survey.” The
study examines the mobility characteristics of families and
individuals and focuses on the mobility behaviour of the
Flemish [21]. OVG 4.5 is the last edition of that study and
it covers the period from September 2012 to September
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Table 1: Study area and target population.

Study area Flanders
Area size (square kilometres) 13,522, source: National Committee of Geography of Belgium
Population in study area1 6,444,127
Target population General
Transport modes Foot, bike, drive, passenger, bus, tram, train, and moto
Trip activity Commuting, business related, and recreational trips
Data collection period Feb 2013–Jul 2015
Number of GNSS locations 10,048,552
Number of travelled kilometres 71,359
Trip segments 8,851
Devices (participants)2 457
1Eurostat. 2A device or smartphone does not necessarily map a single user, since some devices were shared among the participants.

Table 2: Transport modes collected from the citizen science.

Transport mode Description
Foot Participant goes on foot
Bike Bicycle/e-bike as a transport mean
Driver Participant as a car driver
Passenger Participant as a car passenger
Bus Bus as a transport mean
Tram Tram as a transport mean
Train Rail as a transport mean
Moto Two-wheeler vehicle such as scooter and moto

Table 3: Trip modal split comparison.

Transport mode OVG 4.5 Dataset
Driver 51.9% 46.7%
Passenger 16.9% 3.1%
Bike 12.8% 30.1%
Train 1.7% 2.5%
Public transport1 3.5% 3.6%
Foot 10.8% 13.3%
Others 2.4% 0.7%
1Public transport merges data from modes: bus, tram, and metro.

2013 [22]. Therefore, we contrast our dataset with the OVG
4.5 and, apart from passenger and bike modes, all other
modes are aligned with the official results. Differences in
these two modes can be explained by the way that OVG
figures are calculated. The figures are based on the main
transportmode; thus subsequentialmodes are not considered
(e.g., going toworkmay involvemodes such as bike, train, and
foot, although only train may be reported as a main mode).
Nevertheless, our dataset captures all the modes present in
the official results of the Flemish region, and, what is more,
it reports similar average travelled distance with another
study in the region [23], in which passenger and bike modes
reported 17 and 4 km, respectively, and in our dataset those
modes are 21 and 5 km. Considering this, combined dataset
from all four projects is seen as good representation of overall
population mobility behaviour.

0 10 20 30 40 50 60 70 80 90 100
(%)

OVG 4.5

Dataset

Driver
Passenger
Bike
Train

Public transport
Foot
Others

Figure 2: Modal split per trip segment of the crowd sourcing data
(dataset) and the Flemish Travel Behaviour Survey (source: OVG4.5
http://www.mobielvlaanderen.be/ovg/) (OVG 4.5).

2.2. Mobile Applications. Data on the campaigns is collected
via two Android smartphone applications Connect [24] and
Routecoach [25], which are developed at Ghent University in
Belgium. The applications are part of MOVE, a smart city
platform for supporting more sustainable mobility behaviour
[26]. Connect is a mobile application to collect mobility
behaviour data. It has two operating ways for gathering
data: active and passive mode. Active mode requires the
user’s intervention to annotate the trip segment information
such as purpose, transport mode, and starting/ending of
the trip (Figure 3(a)), whereas, in passive mode, data is
collected in background without requiring any action of the
user. While logging data, trip segments are automatically
detected based on stayed points (zones with no movement)
and transport modes are classified using sensor data (GNSS
and accelerometer sensor); however, the trip purpose is not
inferred, but users can annotate their trips later on. In either
active mode or passive mode, users can review their travel
diary (Figure 3(b)) and correct whether it is needed (e.g.,
add a trip purpose). By default, Connect operates in passive
mode but switches to active mode when a trip is started

http://www.mobielvlaanderen.be/ovg/
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(a) (b)

(c) (d)

Figure 3: Mobile applications to collect mobility behaviour data: (a) Connect trip annotation; (b) Connect travel diary; (c) Routecoach route
suggestion; (d) Routecoach leader board.

manually, which means launching the application, filling in
the data, and pressing the play button. Thus, there are no
visual changes in the graphical user interface (GUI) in either
active or passive mode.

Another feature of this application is that it sends survey
questionnaires to test the user; such questionnaires are
triggered based on some events like the use of certain trans-
port mode [27]. For instance, questions regarding driving
behaviour (frequency, accidents, and traffic) can be triggered
after validating a certain amount of car mode trips, but
such questions are not asked to nonfrequent car users who
may under/overestimate some situations; another example
of using the survey questionnaires is to collect user’s demo-
graphic information, and, in this case, a survey is launched
once at the beginning of the campaign. The questionnaires

are configurable and their content is in function of mobility
campaign (i.e., type of behaviour to be captured). Once the
survey is filled in by the user, it is no longer triggered. Besides,
Connect is developed under strict privacy guidelines; conse-
quently, no registration is required to use the application.

The second application, Routecoach, shares similar fea-
tures with Connect, but it adds route coaching and gaming
features. A main goal of this application is to provide rout-
ing information between a defined pair origin/destination
points (Figure 3(c)). To do that, Routecoach fetches routing
information from multiples sources (e.g., the national rail
company and the public transport company) to get sched-
ules and routes, which are combined with other transport
modes (walk, bike, and car) to suggest a set of feasible
routes. Moreover, gaming features were used in the campaign
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Table 4: A summary of the datasets per campaign.

(i) (ii) (iii) (iv)
Number of GNSS locations 3533752 3549218 1365198 1600384
Number of multimodal trips 2251 2463 1315 1803
Number of trip segments 2394 2738 1814 1905
Number of devices 40 18 19 380
Travelled kilometres 24737 22695 11063 12864
Data collection period Jan–Sep 2014 Feb 2013–Jul 2014 Mar–Jun 2014 Jul 2014–Oct 2015
Application name Connect Connect Connect Routecoach
Type of logging active active active active
Sampling frequency 1Hz 1Hz 1Hz 1Hz
Sensor GNSS GNSS GNSS GNSS/FUSED1
1FUSED locations are not included in this study; a FUSED location is an estimation of the location based on the combination of various sensors such asWIFI,
cell networks, GNSS, and Bluetooth.

to reward the most active users and encourage others to
participate actively, for example, leader boards for the most
biked kilometres (Figure 3(d)) and sustainability challenge
board where friends could challenge each other to walk more
kilometres during a week. More detailed description of the
app and the campaign can be found in [27, 28].

It is worth mentioning that an active mode collects more
precise and annotated data than passive mode, yet users
might omit short trips (ATM, post office, and bakery) [29].
In contrast, more data is collected in passive mode but such
data needs a processing chain (filtering, segmentation, points
of interest, map-matching, activity, and mode detection) to
be useful [30].The aforementioned mobile applications work
with a sampling frequency of 1Hz in activemode and variable
frequencies in passive mode to increase the time span of the
device’s battery; such frequencies depend on the battery level
(a high battery level has a higher sampling frequency than a
low level one).

2.3. Campaigns. Three projects made use of the mobile
application Connect in their campaigns. For data collecting
purpose, Connect was installed in a set of smartphones
that were shared among participants in shifted periods (2-3
weeks). As part of the campaigns, the participants were asked
to report their activity using the application in active mode.
The following is a brief description of the projects:

(i) Multimodal electric mobility for commuter and busi-
ness trips (Elmo) investigates whether electric two-
wheelers, potentially combined with other types of
durablemobility (classic public transport, taxi), could
be a valuable alternative forwork-related trips, such as
commuting and business trip [31].

(ii) Electric vehicles in action (EVA) are a large-scale liv-
ing lab platformwith various types of electric vehicles,
charging infrastructure, and data loggers. The pur-
pose of this platform is to check which geographical
placement of public charging stations is most fit [27].
The project also aims to assess the impact of electric
vehicles on user behaviour, to further support the
definition of standards, recommendations, scenarios,

and roadmaps for the sustainable deployment of
electric vehicles.

(iii) Olympus focuses on networked mobility, aiming at
integration between shared mobility (car sharing,
carpool, and bike sharing) and private and public
transports. It works at different levels of integra-
tion: end-users, mobility providers, and supporting
services (e.g., charging infrastructure for electrical
vehicles). Its campaign started in four Belgian cities
(Antwerp, Ghent, Hasselt, and Leuven). In these cities
and their stations, electrical shared cars and shared
bikes are made available; therefore users can also opt
for an electric variant [32].

On the other hand, the Routecoach application was a part
of sustainable mobility campaign in province of Flemish
Brabant.The applicationwas freely available to download and
most of the data was collected in passive mode.

(iv) The main aim of the campaign was to develop an
evaluation and planning toolkit for mobility projects
which is transferable and can be adopted by planners
[33]. The data collection process lasted from January
to April 2015. In total, 8303 users actively partici-
pated by downloading the freely available application
and collecting the data on more than 30,000 trips,
although, in this study, we only considered the users
that manually reported their activity (380 users).

A summary of the collected data is presented in Table 4; some
common features across the datasets allow us to merge them
into one, for instance, the sampling rate, which is set to 1Hz
when application works in active mode (i.e., users manually
report the starting/stop trip). Besides, this mode records a
timestamp right after the user’s action even if a GNSS location
is not fixed.

The dataset (iv) incorporates data from the test period of
the application but also postcampaign phase; thus it includes
a longer period than the official campaign, though all data
collected in passive mode (background data collection) are
filtered out since the sampling frequency is not fixed; hence a
theoretical estimation of the number of locations could yield
an incorrect outcome.
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Table 5: Aggregate features from the trip segments.

Name Feature Description
Collected GNSS Number of GNSS locations It is the actual number of collected measurements.

Expected GNSS Theoretical number of GNSS locations Having a sampling rate of 1Hz, in theory, the number of GNSS locations to
collect is equal to trip segment duration in seconds.

TTFF Time to first fix Time difference between the trip segment starting time and the first
measurement timestamp.

Missing GNSS Number of missing GNSS locations Difference between the expected and collected GNSS.

Start time

Time to first fix

Missing locations Missing 
locations

Missing 
locations

End time

Time

1st location

Figure 4: Missing locations in a trip segment.

2.4. Data Quality. This study focuses on the completeness
aspect of data quality. Consequently, the measurements
(GNSS locations) are aggregated into a trip segments’ level.
Features such as number of collected locations, expected
locations, time to first fix (TTFF), and missing locations are
extracted from the trip segments (Table 5).

2.4.1. Missing Locations. Consider a missing location as a
failed event of the GNSS device at getting a fix, so that such
events occur during a trip segment.Therefore, a trip segment
may include gaps (missing locations)where the location point
is not determinate. We represent a trip segment as a list of
consecutive locations points with annotations. When a trip
segment is reported in active mode, it includes the user’s
annotations, such as purpose, transport mode, and start/end
time. These temporal annotations, start/end time, are inde-
pendent from the collected locations, since they are recorded
right after pressing the play/stop button in the application
(Figures 3(a) and 3(c)). Consequently, locations points might
be present or not within a trip segment, particularly at the
beginning, where a first location can be got after a while
(Figure 4). In contrast, when a trip segment is collected in
passive mode, the start time matches to the first location
timestamp, as well as, the end time and the last location
timestamp, because, in passivemode, those labels are inferred
by the application using the timestamp of the locations. And
yet, locations points may be not present between the first
and last location points due to well-known issues of GNSS
technology.

Issues like cold/warm start and signal reception can turn
out in missing data within a trip segment; hence the resulting
segment may include gaps along the trip. To make a distinc-
tion among gaps, themissing locations at the beginning of the
trip, the gap before the first location, are associated with the
cold/warm start issue of the GNSS device, which is the time
that the GNSS device needs to acquire the first position after a

period of inactivity.This issue often turns out in missing data
at the beginning of the trip, especially when a device remains
off for long periods [34, 35]. In contrast, the gaps after the
first location point are linked to the signal reception issues
such as signal loss [36] (e.g., underground travel, bridges, and
tunnels) and multipath errors a.k.a. urban canyoning errors
[37, 38].

Let 𝑆 be trip segment represented by tuple 𝑆𝑗 = (𝑃𝑗, 𝐴𝑗),
where 𝑃𝑗 is a list of location points 𝑃𝑗 = {𝑝1, . . . , 𝑝𝑚} such
that 𝑝 is a location point with a timestamp, 𝐴𝑗 is a list of
users’ annotations 𝐴𝑗 = {𝑠𝑡𝑎𝑟𝑡, 𝑒𝑛𝑑,𝑚𝑜𝑑𝑒, 𝑝𝑢𝑟𝑝𝑜𝑠𝑒} with
𝑠𝑡𝑎𝑟𝑡 < 𝑒𝑛𝑑, start is the starting time of the segment, end is
the stopping time of the segment,mode is the transportation,
purpose is the trip purpose, and 𝑗 is a unique identifier of the
segment. We assess the quality of the GNSS data using the
following equations:

Missing locations𝑗 =
𝑛 (𝑃𝑗)

𝐴𝑗,end − 𝐴𝑗,start


(1)

TTFF𝑗 =
⌊𝑡 (𝑃𝑗,1) − 𝐴𝑗,start⌋
𝐴𝑗,end − 𝐴𝑗,start


(2)

Missing within trip𝑗 = Missing locations𝑗 − TTFF𝑗 (3)

Collected locations𝑗 = 1 −Missing locations, (4)

where 𝑛( ) and 𝑡( ) are functions to count the number of
locations in 𝑃𝑗 and to extract the timestamp from a location
point. Having a sampling rate of 1Hz, in active mode, the
theoretical number of GNSS locations is equal to segment
duration in seconds (i.e., difference between end and start
times); thus the proportion ofmissing locations is equal to the
number of collected locations over the theoretical ones (see
(1)).The proportion of missing data linked to the time to first
fix is the time difference between the first location timestamp
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Figure 5: Land use of the trip segment based on the origin area.

and the segment starting time over the theoretical number of
locations (see (2)).Theproportion ofmissing locationswithin
a trip segment is the difference between the missing locations
and the time to first fix (see (3)). The proportion of collected
locations is equal to themissing locations subtracted from the
unit (see (4))

2.4.2. Land Use. Land use plays an important role in this
study; it provides an extra perspective to analyse the GNSS
data quality and its relationship to the area where the data
is collected; for instance, large structures that are extensively
present across urban areas might affect the signal reception
differently compared to that in rural areas, where such
structures are hardly present. Consequently, a segment is
classified as either rural or urban depending on its origin.

The segment origin contains relevant information to
assess the missing location due to a cold/warm start effect.
Since the time to first fix occurs at the beginning of the
segment (Figure 4), the administrative area in which the
segment started is used to classify it into rural or urban.
Therefore, the administrative areas in Belgium are extracted
from OpenStreetMap contributors (OSM). OSM is an open
access platform for geospatial vector data and it is often
considered complete and appropriate for planning studies in
comparison to other commercial counterparts [39].

Using a geographic information system, we identify
whether a segment lies in a rural or urban area [20],
where a spatial operation (interception) is used between the
administrative areas and the segments, which turns out in
labelled segments based on the land use. A land use share is
shown in Figure 5, where more trip segments start from rural
areas.

3. Results and Discussion

In this paper, we present only results on the GNSS traces
collected through smartphone and do not focus our analysis
on any other type of data collected in the campaigns.

By comparing the collected GNSS locations and the
theoretical number of locations, we calculated the missing

Collected
Missing

Train
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Bus
Foot
Bike

Passenger
Driver
Moto

10 20 30 40 50 60 70 80 90 1000
Percentage of the GNSS locations (%)

Figure 6: Percentage of missing GNSS locations per trip segment.

data per trip and transport mode (Figure 6). In addition, we
observed that train mode contains the highest percentage of
missing data, collecting less than 50% of the data. To our
understanding, a coach makes unfavourable conditions for
signal reception because of its dense chassis, like passengers
travelling in the low level of a double decker train and under-
ground trajectories [40]. Besides, undergroundplatforms and
covered rail stations might affect getting the first fix.

For public transport, tram mode behaves slightly better
than a train mode, gathering just above 50% of the data.
Both transport modes share common things that can cause
a signal loss, such as dense chassis, high voltage above them,
and covered stations [41]. Instead, busmode collects 72.4% of
the data (Figure 6), a notorious improvement over tram, but
perhaps not good enough for some applications.

Pedestrians are next on experiencing issues to gather
the data; 26.8% of the data are missed on foot mode. This
can be explained by user’s behaviour for reaching certain
destinations. For instance, walking under buildings to avoid
rain and sun, taking shortcuts in between narrow corridors,
and small stops in stores or covered areas.

Driver and passenger modes, both in car, perform good
and collect around 90% of the data. Yet, we expected to
hardly see dissimilarity among them, providing it is the same
type of vehicle. But it turns out that a car passenger reports
slightly less data than a car driver, 88.3% and 91.8, respectively.
The differences can be in the interaction with the device,
since a car driver must be focused on the road rather than
manipulating the smartphone, whereas a passenger is free to
interact with the smartphone all way long. These outcomes
are comparable to a previous study [42], in which data quality
was assessed using GNSS loggers instead. The mentioned
study reported 9% of missing data in a car mode. That figure
is similar to our findings, where 8.2% of the data are not
captured by the smartphone.

Another interesting observation is the two-wheeler vehi-
cles, bike and moto, that report 82% and 92%, respectively. It
seems like the road restrictions push moped riders to share
the same infrastructure as cars, having a clear view to the
satellites most of the time and therefore gathering similar
percentage of data. In contrast, bike modemakes use of other
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Figure 7: Percentage of missing GNSS locations at the beginning of
the trip (TTFF).

road facilities (bicycle lanes and bicycle highway) and it has
few restrictions (a biker could ride on a walking path or take
same shortcuts as pedestrians). Hence, it faces similar issues
for collecting data like pedestrians.

3.1. Time to First Fix. Considering the time to first fix as a
part of the missing data (Figure 7), we calculated it using the
trip start time and the timestamp of the first GNSS location.
It turns out that it follows the same trend for all the modes
except for on foot mode, in which we observed that not only
does the overall data collection struggle in this mode (26.8%
ofmissing data) but also the first fix represents 7.2% of the trip
segment.

Both train and tram missed more than 10% of the data
before getting the first fix. Having significant gaps at the
beginning of the trip leads to travel reporting issues, in which
the truth origin of a trip may be far from the first location
point, thus underreporting the travelled distance, while the
gaps within a segment can be corrected using GIS tools and
map-matching techniques. Those techniques align location
points with the road network and also interpolate missing
locations, yielding a good estimation of the travelled distance.

Additionally, we noticed that travelling in a car as a
passenger generates more missing data during the trip than
in a car as a driver, since the missing data at the beginning
are very close, 2.3% and 2.7% for car and passenger mode,
respectively; we can tell the difference is on the interaction
with the device.

3.2. Land Use Effects. To analyse further the missing data,
we considered the land use as factor that could influence
the GNSS signal reception. We relied on the information
provided by the OSM to extract the administrative areas; thus
trips segments were classified as rural and urban depending
on trip origin. Results are shown in Figure 8, inwhich amodal
split of the trip count is provided for both urban and rural
areas.

Results in Figure 9 were expected for rural and urban
areas; that is, urban areas are affected more than rural areas.
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Figure 8: Modal split of the trip segments based on the land use.
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Figure 9: Percentage of missing locations based on the land use.

However, the effect on tram mode seems to be the same in
both areas, particularly the time to get the first fix, where
we notice similar figures of missing data, 10.8% and 10.7%
for rural and urban. Hence, it could be that infrastructure
facilities are similar; besides a public transport like tram is not
that popular in rural areas, which turns out that those trips are
from surrounding urban areas.

Considering the experiment setup, where the sampling
frequency is 1Hz, we can estimate the average delay at getting
the first fix.Therefore, we calculate the average travel time per
mode and combine it to the percentage of missing data due
to the time to first fix (Table 6 and Figure 10), which turns out
to be an average estimation of the cold/warm start problem
in smartphones.

As was pointed out before, land use exhibits no effect on a
trammode to first fix; in both areas, it reports similar figures.
In contrast, modes such as moto, passenger, bike, and bus
are increased twofold when these are compared to rural areas
(Figure 10).

As an overall outcome, the smartphones reported 84% of
the GNSS data; 16% of the data was missed (Figure 11). The
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Table 6: An estimation of the time to first fix based on an average
travelled time (minutes).

Transport mode Travelled time Average TTFF
Average Std. Dev. Rural Urban

Bike 21.9 11.0 0.6 1.1
Bus 27.0 16.1 0.8 1.9
Driver 18.6 11.1 0.4 0.5
Foot 13.7 10.5 0.7 1.1
Moto 32.9 9.6 0.2 0.8
Passenger 27.5 14.9 0.6 1.3
Train 33.2 12.7 3.4 5.4
Tram 18.6 9.7 2.0 2.0

Train
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Bus
Foot
Bike

Passenger
Driver
Moto

Rural
Urban

2 40
(minutes)

Figure 10: Average time to first fix in smartphones (minutes).

missing data is split in 4% as a part of the cold/warm start
problem and 12% is missed within the trip segment (between
the first location point and the end of the trip) that can be
linked to signal reception issues.

4. Conclusions

This paper presents outcomes from four campaigns com-
bined all together, in which the quality of the mobility
behaviour data was analysed, more precisely, the complete-
ness aspect of the data.These results can be used as a reference
for current and futures mobility studies that use smartphones
as a collecting tool, where these figures for missing data
can help to put measurements on the time travelled and
the distance on multiple transport modes into context. In
addition, the results can help to set up parameters on the
smartphones applications and to assess the influence on the
reporting.

Travelling by train has the most impact on the GNSS
reception of the smartphones. However, it may be not that
difficult to overcome the lack of data, since that transport
mean follows a fix pathway and timetables as well. Therefore,
GNSS traces can be aligned with the railway and even
dummy-locations can be extrapolated to fill in the gaps. It will
require extra steps in the processing chain (map-matching
and interpolation) to do this processing, which can lead

84%

12%

4%

Collected
Missing within trip
TTFF

Figure 11: Overall missing data in smartphones as a data collecting
tool.

to other types of errors (oversegmentation and misleading
trajectories).

It turns out that people travelling in similar vehicles
can produce different outcomes based on their role within
the vehicle. For example, a person in a car can be either
passenger or driver, where drivers reported less missing data
than passengers. We have seen that the issue is not related
to gathering a first fix during the trip, which leads to the
conclusion that the human-device interaction (angle and
position) while collecting data has an impact on the quality
of the data collection.

Finally, our findings show consistency with a previous
study [42], in which a driver mode reported comparable
figures (9% ofmissing data). However, that studymade use of
GNSS loggers installed in a car instead of smartphones, where
the GNSS loggers were mainly affected by the cold/warm
start because of the long periods of being turned off (e.g.,
a car being on a parking lot). In contrast, smartphones are
more likely to be working a whole day and, besides, users
might be gatheringGNSS locations through any othermobile
application installed on their devices, which gives a fast
response at getting a first fix.
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Thepositioning accuracywith goodGNSSobservation can easily reach centimetre level, supported by advancedGNSS technologies.
However, it is still a challenge to offer a robust GNSS based positioning solution in a GNSS degraded area. The concept of GNSS
shadowmatching has been proposed to enhance theGNSS based position accuracy in city canyons, where the nearby high buildings
block parts of the GNSS radio frequency (RF) signals. However, the results rely on the accuracy of the utilized ready-made 3D city
model. In this paper, we investigate a solution to generate a GNSS shadow mask with mobile laser scanning (MLS) cloud data.
The solution includes removal of noise points, determining the object which only attenuated the RF signal and extraction of the
highest obstruction point, and eventually angle calculation for the GNSS shadow mask generation. By analysing the data with the
proposed methodology, it is concluded that the MLS point cloud data can be used to extract the GNSS shadow mask after several
steps of processing to filter out the hanging objects and the plantings without generating the accurate 3D model, which depicts the
boundary of GNSS signal coverage more precisely in city canyon environments compared to traditional 3D models.

1. Introduction

GNSS plays an important role in current navigation appli-
cations in a pervasive way. However, the accuracy and
availability of such solutions in city canyons are a well-known
problem, which has attracted researchers’ attention in the
last few decades. Since currently the urbanization level in
developed countries is more than 80 percent and about 50
percent worldwide, the majority of positioning demands are,
thus, requested fromurban areas.Therefore, augmented solu-
tions helping positioning and navigation in city canyons are
obviously needed. The main cause of degraded performance
of GNSS in the city canyons is that tall buildings block direct
radio signal path from the GNSS to users. Part or even full
GNSS observations are missed because of the GNSS shadow

cast by the buildings nearby. As a result, the availability and
accuracy of positioning are not always guaranteed.

However, GNSS shadow information can be calculated,
if 3D city model information is available by applying 3D
ray tracing technique [1] to GNSS signals to analyse line
of sight (LOS) in the city canyon. The shadow matching
concept was first published in 2004 by Tiberius and Verbree
[2]. A corresponding GNSS shadow match technique has
been evaluated and proved its capability of refining the posi-
tioning accuracy by many research groups recently [1–13],
especially, researchers from Britain: they proposed the idea
and simulated the urban canyon case with multiple GNSS
constellations scenario [3] and utilized the 3D city model of
London to verify the idea [4, 5] with visibility scoring algo-
rithm [4] to achieve optimized positioning results in London.
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Such technology was also to be investigated in Finland [8],
United States [9–11], Canada [12], and Taiwan [13]. The
major advantage of the shadow matching technology is that
it is applicable to receivers which output standard National
Marine Electronics Association (NMEA) messages. Thus the
potential of the method is extensive, which can be utilized
in various platforms to improve the position accuracy in the
GNSS signal degrade area, especially for low-end receivers.

There have been several attempts to calculate LOS using
various 2.5D surfaces (Digital Surface Model (DSM) or
Digital Terrain Model (DTM)). However, all algorithms may
rely greatly on the accuracy and integrity of the 2.5D/3D
surfaces or models. A 3D model is a simplified version of the
real world and some explicit details are omitted deliberately
for various reasons. It influences the LOS analysis to some
extent. Normally the model accuracy varies between meter-
level to decimetre-level [1]. In this research, the shadow
mask is generated with centimetre level accurate MLS cloud
data instead of any existing 3D models, because we argue
that the modelling accuracy degraded during 3D model
reconstruction processing from point cloud.

AMLS system consists of a mobile platform, that is, a car,
a laser scanner/several laser scanners, and possibly cameras.
It is integrated with a georeferencing system consisting of
GNSS and inertial measurement unit (IMU). It provides
georeferenced 3D point cloud of a measured scene with high
accuracy. With good GNSS visibility the errors of MLS point
cloud are trivial. Kaartinen et al. [14] demonstrated that the
elevation accuracy of commercial and research MLS systems
were better than 3.5 cm up to a range of 35m.The best system
achieved a planimetric accuracy of 2.5 cm over a range of
45m. Applications of MLS include extraction and modelling
of buildings [15–19], trees [18, 20–23], pole detection [21, 24–
28] and ground and road surface [18, 29–31], and change
detection in fluvial environments [32]. Also, Nokia HERE
(previously Navteq) True Cars and Google Street View Cars
are collecting large data sets; however, no research based on
those data sets is released to the public yet.

Processing of MLS data is a relatively new field of
science. One of the major disadvantages of the MLS is the
limited number of software applications capable of processing
the huge amount of data. Current systems can provide a
scanning rate ofmore than 1Mpts/s.Thus, efficient processing
techniques are needed especially when working with raw
mobile laser scanning data.

In this paper, a novel solution for GNSS LOS analysis
is demonstrated to generate the GNSS shadow mask using
MLS point cloud data. The solution includes (1) removal of
noise points, (2) removal of points coming from objects that
do not interfere with GNSS, such as wires and poles, and
determining the objects only attenuating the RF signal, and
(3) the highest point extraction and the angle calculation for
shadowmask generation.The following section explains why
point cloud but not 3D models is utilized for shadow mask
generation; Section 3 summarizes the processing algorithms
for MLS data, followed by introduction of field tests for
the research. Then, we discuss the experimental results and
analyse them in detail. Finally, conclusions are drawn and
future improvements are discussed.

2. Why Point Cloud Rather Than 3D Models

A 3D model is a simplified version of the real world. In
order to distinct the difference between dense point cloud
and 3Dmodel, the following part is a brief introduction about
the procedure of 3D model reconstruction from point cloud.
The reconstruction of 3D models of a scene is a complicated
process. The universal point cloud processing methods to
automatically generate 3D models are still not available.
The dedicated modelling methods for different objects are
diverse as aforementioned in introduction [15–33]. However,
in general, the processing chain includes the following steps
as Figure 1 presented: (i) noise point filtering/reduction
from the georeferenced point cloud; (ii) object classification:
grounds, buildings, roads, trees, and other street furniture
such as traffic signs and fences; (iii) building reconstruction
by planar detection, edge generalization from zigzagged point
cloud to extract the outline of a plane (roof or facade),
constrained right-angle processing for all edges; (iv) foreign
objects filtering, such as the hanging objects and the plants
to minimize the size and complexity of the generated 3D
model; (v) meshing or triangulating the building geometry;
(vi) texture mapping: project rectified images onto building
roofs and facades. With proposed method, shadow mask is
available without a specific and detailed 3D city model but
raw point cloud, which will save excessive labour cost and
system investment.

Compared to original point cloud, it is possible that the
accuracy degrades during the model reconstruction in each
aforementioned step. Figure 2 shows an example as part of
the model reconstruction. As it can be observed, the edges in
unorganized point cloud are jagged. The outline extraction
from a planar roof points is the process of generalization.
Usually, after 3D model reconstruction, an evaluation is nec-
essary to check which accuracy level has been achieved when
compared to the original point cloud. Therefore, when using
3Dmodels for shadowmatching, there are several issues that
needed to be considered: (i) what kind of data sources has
been used for 3Dmodel generation; (ii) what kind of method
has been used for the 3D model reconstruction; (iii) what
kind of accuracy level has been achieved in the resulting
3D models. This paper will not extend these topics too far
because they are beyond the scope of this paper. However, it
is clear that when the 3D models are reconstructed, the loss
of the accuracy is inevitable.

The point cloud data quality of the adoptedMLS platform
was already analysed in Kaartinen et al. [14], there was no
need to analyse further the point cloud quality and better
than 5 cm accuracy of the data is guaranteed in the whole
experiment, which is more accurate than most available 3D
models. A potential application for such technology is that
it can utilize the point cloud generated by the LiDAR sensor
equipped by autonomous driving car in near future.

In this research, we investigate the feasibility of utilizing
point cloud collecting by MLS platform to generate the
shadowmask by removing the objects which only attenuating
the GNSS signal. The enhancement comparison between the
proposed method and other will be discussed future, if a
centimetre level accurate 3D model of the investigated area
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Figure 1: General processing chain fromMLS data collection to 3D city model.

Figure 2: An example of outline extraction from planar roof points:
a part of 3D model reconstruction.

is available. Besides, the performance enhancement is a com-
prehensive result affected by geometry of GNSS constellation,
selected GNSS receivers, and the adopted algorithm (such as
particle filter and optimized visibility scoring scheme [4]).

3. Methodology and Algorithm

As Figure 3 illustrating a typical shadow matching scenario
in the city canyon, assuming the distance between the
pedestrian and the building is 𝑑, the height of the building in
3Dmodel is𝐻 against its truth𝐻; the error 𝐸 introduced by
the inaccuracy of themodel 𝑒 (normally in several decimetres
to meters level) can be calculated with

𝐸 = arctg( 𝑑𝐻) − arctg(
𝑑
𝐻)

= arctg( 𝑑𝐻) − arctg(
𝑑
𝐻 + 𝑒) .

(1)

As a result, satellites 𝑆2 and 𝑆6 are excluded for the positioning
computation, when they actually should be used. This is
because these satellites are actually in view, but the inaccuracy
in the 3D model will excluded satellites 𝑆2 and 𝑆6 from
the observed list. It implies that the less accurate 3D model
might cause the shadow matching positioning not applicable
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Figure 3: How the accuracy of the model affects the shadow
matching results.

in practical. It can also be concluded that this research has
potential benefits to improve the positioning accuracy with
shadowmatching method if a more accurate 3D city model is
available.

One issue that has been addressed is that, in this research,
we do not utilize the existing 3D model but investigate the
method to generate the GNSS shadow mask directly from
3D point cloud collected from a MLS system. 3D model
is actually a simplified expression of physical environment
which ignores some details on purpose, while the point cloud
collected by theMLS contains themost detailed environmen-
tal object.Thus themethodology investigated in this research
is to filter out the unnecessary information to generate a
GNSS shadow mask as precise as possible, by considering
the physical natures of the scanned environmental objects
without generating a real 3D model from the point cloud.

In this research, a small-footprint phase-based laser
scanner is utilized.Themajor reasons that phase-basedmodel
is used rather than a pulse-based version are explained in the
following.

(1) Phase-based model has smaller field of view (FOV);
the one utilized for this research has 0.19mRad FOV
whilemost pulse-based laser scanners arewith several
mRad FOV. Considering the 25 meters’ range, the
beam diameter at exit is 2.25mm and the maximum
footprint size of the adopted phased based model is
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7.3mm, which is considerably smaller in comparison
to 10–20 cm of larger FOV pulsed based scanners.
To generate a point cloud as detailed as possible, the
footprint should be small due to the fractional inter-
ception of laser energy by scattered objects within
the laser footprint. Large footprint laser scanner will
introduce more measurement error [34–38].

(2) Phase-based model has higher acquisition speed,
comparing with pulsed based model; the acquisition
speed of the selected model can be approximately 1M
point per second against 10∼100 k ofmost pulse-based
laser scanners. It implies that a considerable denser
point cloud can be generated with a higher efficient
manner, comparing with that generated by the pulse-
based model. In other words, more details can be
unveiled by the denser point cloud.

(3) Phase-based model has higher range resolution. In
this research the range resolution is 1mm against
one to several centimetres’ range resolution of most
pulsed based models.

(4) Phase-based model adopts the laser with less trans-
mission power comparing with pulsed based laser
scanner. Eye safety is an issue determining the accep-
tance of laser scanners especially for massive civil
applications.

However, the field measurements indicate that the phase-
based laser scanner is more sensitive to environment factor
and results in higher noise levels [38]. A noise mitigating
procedure is necessary to filter out the noise measurement
before calculating the shadow mask.

Thedata sources conducted in this research areMLSpoint
cloud (from a FARO Focus laser scanner), trajectory data
(from a NovAtel SPAN georeferenced system), GNSS data
collected by a dual-frequency receiver (a NovAtel OEMV
receiver), and precise satellite ephemeris downloaded from
an Internet service.

MLS point cloud is a set of georeferenced points, which
contain 3D coordinates (𝑋, 𝑌, 𝑍) and intensity values. The
research adopts ETRS-TM35FIN with GRS80 ellipsoidal
height map coordinate system, in which 𝑋 is pointing to
the east, 𝑌 towards the north, and 𝑧-axis upwards. In this
research, when we mention “the top view,” it means in 𝑋𝑌
plane view.

Usually, laser scanning point cloud contains much noise
as a result of failed ranging or multiple reflections when
reflecting surface is smaller than the footprint of the scan-
ning laser point, which will directly lead to wrong results.
Therefore, it is comparably important to filter out the noise,
and the noise reduction is the foundation of all point cloud
processing. Otherwise such sparsely existing spatial noise
might be recognized as the highest obstruction point in
further processing. Normally the noise is present as isolated
point(s) and can be detected efficiently with a spatial filter.
An adaptive spatial filter (ASF) was utilized to mitigate
the noise from raw laser scanning points. After noise was
filtered out, we designed another ASF for detecting points
coming from objects that do not interfere with GNSS, for

example, the hanging power cable, flag. From a GNSS user
perspective, those objects cast little GNSS shadow on the
antenna of a receiver; thus, such objects do not attenuate
the physical signal strength of the GNSS. However, such
objects do influence the calculation of the highest obstruction
angles of the scene. The ASF can also determine the objects
which only attenuate the GNSS signal rather than block it,
such as plantings. Next, the highest obstruction angle for
each azimuth along a grid point can be calculated. Finally,
the GNSS visibility map for the whole area is built with a
high density two-dimensional grid, for example, with 1-meter
spacing.

3.1. NoiseMitigation Processing of RawLaser Point Cloud. The
ASF for noise mitigation was developed based on the isolated
distribution characteristic of the noise with the following
steps.

(1) The point cloud is projected into 2D views of𝑋𝑌,𝑋𝑍,
and 𝑌𝑍 planes.

(2) From each 2D view, we use a bivariate histogram to
analyse each grid (with a grid size of 15 × 15 meters)
and calculate the number of points that fall in each
grid.

(3) If the number of points is less than the threshold of
the filter, (150 as initialized value with current system
configuration), it was considered as noise.

Because the filter is mainly for mitigating spatial noise,
we refer to it as a “spatial filter.” The threshold setting of the
spatial filter adaptively relies on the density of the point cloud,
noise distribution, the size of grid, and the scene situation.
For example, when a scene contains water area or a large area
of glass-made objects, noise level will be higher. Therefore,
user knowledge and experience are needed for setting the
threshold value.

3.2. Space Hanging Objects and Plantings Detection and
Removal. Space hanging objects, for example, pipelines,
powerlines, and hanging flags are ubiquitous and usually as
a part of a city’s infrastructure especially in the city canyon,
which cast too little GNSS shadowon theGNSS receiver, to be
considered changing the visibility of the satellites. Therefore,
these objects need to be removed from the scene before
the calculation of the highest obstruction angle. In addition,
considering the complex of the scene, for example, when a
person is located under a bridge or a tunnel, the concrete
structure of these objects would block the signals. In this
case, the high buildings near the bridge cannot always be
considered as the highest obstruction angles. Therefore, a
voxel based algorithm is developed to detect the location of
a view point: in open area or under a bridge or a tunnel. We
assume a voxelwith a size of 5× 5× 5meters.Weput this voxel
centred at the view point and the bottom from2meters height
above ground. The points inside the voxel can be analysed
according to the number and the density of the points. When
the number and the density of the points are greater than
the thresholds, it is accepted as the bridge or tunnel points.
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Whole object (bridge or tunnel) can be detected by applying
region grow method. We analyse the neighbouring points of
each candidate for the highest point. If the number of points
around the candidate has an ignorable change in vertical
direction, we consider it as an object hanging in the air and it
is therefore removed. Poles and wires can also be removed by
other specific algorithms, such as [25] for poles and [33] for
wires.

The highest points generated by the plantings have its
unique sparse pattern against the linear sky line generated
by regular buildings when we project it into the top view as
Figure 12(c) presents. It can be easily detected and removed
with a two-dimensional spatial filter.

3.3. The Highest Point Extraction and the Highest Obstruction
Angle Calculation. After the noise and space hanging object
detection and removal, for each grid point, the GNSS shadow
map of the scene can be evaluated by choosing the point
cloud within a radius of 25 meters 2D-distance from the grid
point. A low building close to the user might yield to larger
elevation angle than a high building far away. 25 meters is a
compromise and empirical value between the computational
complexity and performance and the total number of point
cloud within the radius is approximate hundreds of million
based on current system setup. In a city canyon, the heights
of buildings vary from 5 meters to over 100 meters. The
threshold for the 3D distance from grid point is usually
difficult to be defined.Therefore, it is more accurate to define
a scene by choosing a 2D distance from a grid point.

We set each grid point as Grid 𝑃whereas the scene points
with 25meters or less 2Ddistance fromGrid 𝑃 are designated
as Scene 𝑃. A grid point Grid 𝑃 stands for a pedestrian
standing in this positionwhereas the range of the scene points
represents a visual area in the position of Grid 𝑃. Grid 𝑃
is calculated based on trajectory data collected by NovAtel
SPAN, and about 1.4 meters from ground surface. Figure 4
gives an example of the relationship between a grid point and
its visual area in the 3D view and in the top view. In order to
demonstrate the obstruction of a scene in terms of the highest
points, from a top view of the Scene 𝑃, the Scene 𝑃 is divided
into 360 sectors from the grid point at Grid 𝑃. Each sector is
1∘.

After the highest points of the surrounding scene of each
grid point have been obtained, elevation angle of the highest
point with respect to the vertical direction is calculated.
Figure 5 shows the definitions of the vertical angle. The red
dot is the grid point while the green dot shows one highest
point surrounding in a scene. Grid 𝑃𝑖 is the 𝑖th grid point.
Scene 𝑃𝑖𝑗 presents the highest point of 𝑗th degree of azimuth
of the surrounding scene of the 𝑖th grid point. 𝛼 represents
the elevation angle of the point “Scene 𝑃𝑖𝑗” with respect to
the vertical direction.

The angles are calculated as follows:

𝛼 = arcsin 𝑍scene 𝑃𝑖𝑗 − 𝑍Grid 𝑃𝑖𝜌 , (2)

where “𝑍scene 𝑃𝑖𝑗” and “𝑍Grid 𝑃𝑖” are the 𝑧-axis coordinates of
the point “Scene 𝑃𝑖𝑗” and the point “Grid 𝑃𝑖,” respectively;

“𝜌” stands for the 3D distance between the point “Scene 𝑃𝑖𝑗”
and the point “Grid 𝑃𝑗”.

3.4. The GNSS Shadow Mask. Based on the elevation angle
of each azimuth, the sky plot of GNSS shadow mask of each
grid can be drawn. Figure 6 presents one example of azimuth-
elevation pairs in a sky plot in a test field, where the red circles
stand for Space Vehicle’s (SV)/GNSS satellites’ positions
based on the ephemeris data and with corresponding satellite
ID the blue line stands for the boundary of the GNSS shadow
extracted from the MLS data with the above-mentioned
ASF applied. GNSS satellites with elevation angles below the
determined boundary were blocked by the buildings from
the GNSS users’ perspective. Therefore, the GNSS shadow
mask of each grid extracted from the MLS became a useful
information for positioning. Such spatial information could
be utilized by the GNSS shadow matching methodology to
enhance the positioning accuracy.

3.5. Two Scenarios for Investigation. In this research, two
special scenarios of the city canyon are investigated besides
typical scenario: the first is scenario with hanging objects
such as flags and cables as Figure 7(a) presents and Figure 7(b)
presents the city canyonwith plantingswhichmight attenuate
the GNSS RF signal but not block it. It is well known
that the GNSS observability along the canyon direction is
better than the cross direction due to the topography of
the city canyon. However, if there are some hanging objects
like power cables, hanging lights, and flags that exist, it
might be processed as the highest obstruction point in the
along canyon direction which might redefine, in most cases
narrow down, the boundary of the GNSS shadow mask.
Thus an adaptive spatial filter needs to be designed to filter
out the hanging objects in the point cloud. We name such
hanging objects cases as “CASE I” in the following context.
The same consequence occurs if there are some plantings
existing nearby as Figure 7(b) presents. When the plantings
are close to the observing point, the highest obstruction point
introduced from the point cloud of the plantings might also
redescribe the GNSS shadowmask.Thus another ASF should
be designed to deal with the case. Such scenario is named as
“CASE II” in the following research.

4. MLS Data Collection

MLS data used for the experiment were collected by
ROAMER mobile mapping system developed by the Finnish
Geospatial Research Institute (FGI) as Figure 8 presents, in
Tapiola shopping centre area, Espoo, Finland, which is a 300-
by-300-meter area with buildings of varying size and height
[39]. The MLS system can be applied to different platforms,
that is, car, trolley, and boat and also for personal backpack
[40]. The effective range of ROAMER was 78 meters and the
scanning rate could reach approximate 1M/s. With regard to
the experiment, the system employed a trolley as a platform
to collect data to enter also pedestrian alleys at speed of about
1m/s.
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and (b) 𝑥-𝑦 plane view.

X

Z

Y

Scene_Pij

Grid_Pi

𝛼

Figure 5: The vertical angle calculation.

5. Results and Discussions

Figure 9 illustrates the effectiveness of the ASF for noise
mitigation. The red dots present the noise measurements
within the MLS collected point cloud. Most of the sparse
noise hanging in space has been filtered outwith the filter.The
resulting filtered point cloud was used for the highest point
extraction.

Figure 10 shows the detection of the highest points by
removing the cable-like objects.The black dots are the highest
points of each azimuth in one scene, and the red point in
the figure stands for a grid point. The colours in the figure
indicate height. From the figure, it can be observed that all
space hanging objects in the scene are detected and removed.

Figure 11 shows a comparison of the highest point
extraction with Figure 11(a) and without Figure 11(b) the
space hanging objects. Without adapting the spatial filter,
many of the extracted mask points are located on three
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Figure 6: GNSS shadow mask sky plot.

hanging cables between two buildings in the scene. Cables
are detected and deleted with the ASF from the highest
points, list as Figure 11(b) shows. The difference is more
obvious when we project all highest point to 𝑋𝑌 plane,
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Figure 7: Two special scenarios investigated in this research: (a) city canyon with hanging objects; (b) city canyon with nearby plantings.

Figure 8: ROAMER on data collecting in Tapiola, Finland.
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as Figures 11(c) and 11(d) present. Figure 11(e) shows the
difference of the two GNSS shadow masks. The blue circle
line depicts the boundary of shadow with the spatial filter,
which has much lower elevation angle in the cross canyon
(north-south) direction in comparison to the red star line
which is drawn based on the unfiltered data. From the red
star line, we can perceive that there are three cables existing
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Figure 10:The results of the highest points detection after the space
hanging object filter has been applied.

in the observed area and there are two dents in the red circle
between 50∘ to 55∘ and −135∘ to −140∘; it is identified to be
two lights hung on power cables for illustration in Tapiola.
We can observe that the designASF can correctly filter out the
hanging objects and generate the GNSS shadow mask which
is more precise in depicting the GNSS visibility in city canyon
environments for CASE I scenario.

Figure 12 presents the effectiveness of the design ASF for
CASE II scenario in city canyon. As Figures 12(a) and 12(c)
shown, all sparse distributed highest points introduced by
the plantings have been filtered out and a more clear GNSS
mask is generated in Figures 12(b) and 12(d). By comparing
the GNSS shadow masks generated with the method with
and without ASF, some conclusions can be drawn: (1) the
proposed ASF can correctly filter out the highest point
generated by the nearby plantings; (2) the signal attenuated
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Figure 11: (a) Highest points extraction without ASF, (b) highest points extraction with ASF, (c) top view of the extracted highest points in
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the methods with and without ASF in CASE I.
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by the planting can also be utilized as a special signal of
opportunity (SOP) for positioning to improve the location
accuracy: because the attenuation introduced by trunk or
foliage should be lower comparing the attenuation caused by
buildings resulting in lower SNR GNSS signal.

6. Conclusion

By analysing theMLS point cloud data and by applying devel-
opedASF, it is concluded thatMLS data can be used to extract
GNSS shadow masks after a series of appropriate processing
steps to filter out the hanging objects and the plantings. Since
the seamless MLS point cloud data has centimetre accuracy,
the extracted GNSS shadow mask is more precise, compared
with the ones generated from traditional 3D models, where
themodel error is several decimetres [1] or even higher. Since
point cloud from city and roadside areas are collected by
large geospatial data providerswithmobilemapping and laser
scanning technology, such as Nokia HERE and Google, who
are also the major players in the fields of positioning and
navigation, there are possibilities to implement the presented
methods for the benefit of GNSS users in city environments.

In future research, we will generate a dense two-
dimensional grid with 1-meter spacing GNSS shadow mask
database for testing GNSS shadow matching to enhance
the position accuracy in city canyons. As far as we know,
it would be the most detailed and dense database with
centimetre level accuracy.More specific field tests are planned
to be conducted in the test area to evaluate its improve-
ment of pedestrian navigation applications by comparing
the performance between the MLS method and the 3D city
models for the elevation mask determination. We also aim
to analyse the attenuation introduced by trunk and foliage
on GNSS signals to investigate a more precise GNSS shadow
matching algorithm in city canyon environments that takes
into account city plants.
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Many factors influence the positioning performance in WLAN RSSI fingerprinting systems, and summary of these factors is an
important but challenging job. Moreover, impact analysis on nonalgorithm factors is significant to system application and quality
control but little research has been conducted.This paper analyzes and summarizes the potential impact factors by using an Ishikawa
diagram considering radio signal transmitting, propagating, receiving, and processing. A simulation platform was developed to
facilitate the analysis experiment, and the paper classifies the potential factors into controllable, uncontrollable, nuisance, and
held-constant factors considering simulation feasibility. It takes five nonalgorithm controllable factors including APs density, APs
distribution, radio signal propagating attenuation factor, radio signal propagating noise, and RPs density into consideration and
adopted the OFAT analysis method in experiment.The positioning result was achieved by using the deterministic and probabilistic
algorithms, and the error was presented by RMSE and CDF. The results indicate that the high APs density, signal propagating
attenuation factor, and RPs density, with the low signal propagating noise level, are favorable to better performance, while APs
distribution has no particular impact pattern on the positioning error. Overall, this paper has made great potential contribution to
the quality control of WLAN fingerprinting solutions.

1. Introduction

During the past two decades, there has been an exceptional
development in localization and positioning field benefiting
from global positioning system (GPS) [1]. However, GPS per-
formsweaklywhenthe radio signal is obstructed, for example,
in urban canyons and indoor environments. To fill the gap,
many indoor positioning systems have been proposed using
different methods [2–5], including triangulation, proximity,
scene analysis, and pedestrian dead reckoning (PDR). There
are already many commercial off-the-shelf (COTS) systems
for indoor localization, such as Situm (https://situm.es/en),
Kio-RTLS(http://www.eliko.ee), OpenRTLS (https://openrtls
.com), Aero Scout (http://www.aeroscout.com), and Ubi-
sense (http://ubisense.net/en). Among these different indoor
localization systems, location fingerprinting is a solution

using scene analysis method and usually working with wire-
less local area network (WLAN) received signal strength indi-
cator (RSSI), for example, the Skyhook (http://www.skyhook-
wireless.com/) commercial positioning system. The scene
analysis algorithm consists of two phases: offline learning
and online positioning. Firstly, it builds a location fingerprint
database on some reference points (RPs) with given location
coordinates during the offline learning phase. Then in the
online positioning phase, themain work is to search the near-
est RP or RPs by using RSSI received on an unknown point.
There are two kinds of common searching algorithms in use:
the deterministic [6] and probabilistic [7, 8] algorithms.

In a WLAN location fingerprinting system, there are
many factors which may have impact on positioning per-
formance. For example, location fingerprinting is a cost-
saving solution by using previously deployed access points
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(APs) for communication. However, these nondedicated APs
also have limitations for localization. For example, only
a limit number of APs can be detected in a particular
environment. Moreover, the RSSI of WLAN is unstationary
during radio wave attenuating from APs to RPs under the
influence of environment noise. Therefore, the number of
APs and unstationary RSSI may influence the positioning
result. Search and summary of the potential impact factors
are thus important to guiding the further impact analysis, yet
a challenging task, which has not been paid much attention.

There have been many studies on WLAN location fin-
gerprinting in different aspects, such as developing diverse
systems, implementing with novel searching algorithms, and
constructing fingerprint database using different approaches,
which will be reviewed in Section 2 in detail. However, little
research effort has been made on impact factors due to some
limitations in conducting analysis experiments. Comparing
with factors such as searching algorithm and parameters in
an algorithm, it is less convenient to conduct experiments
for analyzing some nonalgorithm factors. But, nonalgorithm
factors are also important in technique application and sys-
tem quality control. For instance, environment noises cause
the instability of WLAN RSSI, which may have influences
on positioning results. However, some environment factors
such as the crowd, temperature, and humidity are not easy to
control in a real experiment field. Moreover, the experiment
will be complicated, and the number of tests will be extremely
large when interactions of all factors are taken into account.
For example, assuming there are 𝑘 factors that are regarded
as factors of interest and the 𝑖th factor has 𝑛𝑖 levels to be
analyzed, the number of tests would be ∏𝑘𝑖 𝑛𝑖 in a factorial
experiment.

To address these issues, the research objectives of this
study are as follows:

(1) To summarize the potential factors and provide a
reference for factors research, this paper uses an
Ishikawa diagram [9] method with consideration
of WLAN radio signal transmitting, propagating,
receiving, and processing in WLAN location finger-
printing systems (Section 3).

(2) To facilitate the analysis experiment of factors and
impacts, an open-source simulation WLAN location
fingerprinting platform (https://github.com/cumtlkq/
WiFiPosSimu) was developed, and this paper classi-
fies the factors into four types including controllable,
uncontrollable, nuisance, and held-constant factors
considering simulation feasibility. All the categorized
factors are presented in another Ishikawa diagram
(Section 4).

(3) To promote the application and quality control of
WLAN location fingerprinting, this paper selected
five nonalgorithm controllable factors (APs density,
APs distribution, radio signal propagating attenua-
tion factor, radio signal noise, and RPs density) as
factors of interest (Section 4).

(4) To reduce the complexity and number of tests in
a factorial experiment, the analysis experiment was

conducted using the one-factor-at-a-time (OFAT)
method with different test settings to analyze the
impact patterns of the selected factors on positioning
error (Section 5).

2. Related Works

The most famous fingerprint localization system was pro-
posed by Bahl and Padmanabhan [6], named RADAR.
It combined location fingerprinting with triangulation on
signal propagation modeling to determine user location. The
median resolution of the RADAR system is in the range of
2 to 3 meters, and the accuracy of location fingerprinting
method is superior to signal propagation modeling. In their
following work [10], they enhanced RADAR with a Viterbi-
like algorithm which improved the accuracy of user location
by over 33% and helped alleviate problems due to signal
aliasing.

After RADAR, there have been many WLAN location
fingerprinting systems developed. Horus [7] system used the
probabilistic algorithm in positioning, and the experiment
results showed that accuracy reached over 90% probability
within 2.1m. Castro et al. [11] presented a WiFi location
service called Nibble, which used Bayesian networks to infer
the location of a device. In their experiment setting, the
location service reached 97% in accuracy. Taheri et al. [12]
described an independent location fingerprinting system,
Locus, for comparing the performance of various location
fingerprinting algorithms. Kontkanen et al. [13] showed
that the probabilistic modeling approach offers a theoretical
solution to the positioning problem and many other issues
such as calibration, active learning, error estimation, and
tracking with history. This solution was also used to develop
the Ekahau (http://www.ekahau.com/) commercial WLAN
location fingerprinting positioning system. Ching et al. [14]
presented the WiPos system using WiFi APs deployed across
a university and the system involved developing a server and
a client running on the Android platform. Testing showed
that university’s WiFi network is sufficient to provide “room
to room” level accuracy.

In recent years, a number of indoor positioning sys-
tems have been developed by integrating other techniques
with WLAN location fingerprinting to enhance the indoor
positioning performance. Wang et al. [15] presented a floor-
map-aidedWiFi/pseudo-odometry integration based indoor
positioning system and the field experiment showed that it
could reliably achieve meter-level accuracy. Karlsson et al.
[16] utilized signals of both 2.4 and 5.0GHz to obtain more
information ofWiFi, and a particle filter was used to combine
location fingerprinting with PDR to improve the accuracy.
Ban et al. [17] proposed a high accuracy indoor positioning
method by using residual magnetism in addition to PDR
and WiFi-based localization methods. They evaluated the
method in real environments and confirmed that it could
provide accurate indoor positioning with a mean error less
than 8m and more accurate position detection than existing
techniques. Kim et al. [18] combined the magnetic field
strength, cellular signal strength, and WiFi to build a hybrid
system to address some limitations in WiFi localization,

https://github.com/cumtlkq/WiFiPosSimu
https://github.com/cumtlkq/WiFiPosSimu
http://www.ekahau.com/
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and the experiment demonstrated that the performance was
improved in terms of not only accuracy but also computa-
tional efficiency.

In addition to the development of different systems,many
researchers have conducted research on novel algorithms.
Battiti et al. [19] presented a neural networkmethod (themul-
tilayer perceptron) for building a flexible mapping between
the raw signal measurements and the position of the mobile
terminal. The average accuracy reached approximately 2.3
meters when the environmental changes during the day
were taken into account. Youssef et al. [20] provided two
implementations for indoor location determination, joint
clustering and incremental triangulation, and described the
performance regarding accuracy and computation load. The
results of their experiment showed that both techniques
achieved over 90% accuracy within 7 feet with low compu-
tation. Saha et al. [21] assessed the performance of different
classifiers including neural network, nearest neighbor, and
histogram matching method. The neural network algorithm
provided an error of less than onemeter with 72% probability,
less than 2.6 meters with over 95% probability, and with
almost 98% probability it could infer the location within
3.3 meters. A hybrid method that combines the strength of
radio frequency propagation loss with location fingerprinting
was developed by Kwon et al. in [22]. This hybrid method
exhibited 20 to 40% improvement in positioning accuracy
to that of competing methods in real site experiment and
reached 5 to 7 meters even for a very sparse placement of
APs. Ito and Kawaguchi [23] proposed the Bayesian-based
location estimation systemwhich achieved an accuracy of 3.0
meters with a cumulative probability of 0.35 in a lecture room
and 0.81 in a hallway. Roos et al. [24] studied theWLAN user
location estimation problem following a machine learning
framework and presented a probabilistic model to solve
the estimation problem. In their test, an average location
estimation error below 2 meters was easy to obtain, and the
two probabilistic methods produced slightly better results
than nearest neighbor methods. Yu et al. [25] utilized a
support vector machine (SVM) algorithm in the location
fingerprinting system and compared it with three kernel
functions. Experimental results indicated that the algorithm
could improve the localization accuracy and, among the three
kernel functions, the radial basis function performs best.
Feng et al. [26] presented an accurate RSSI-based indoor
positioning system using compressive sensing method, and
the experimental results showed that the proposed system
leads to substantial improvement in localization accuracy and
complexity over the widely used traditional methods. Lu et
al. [27] proposed the extreme learning machine with dead
zone to address the problems related to signal variations and
environmental dynamics in indoor settings. And the real-
world experimental results demonstrated that the proposed
algorithm could not only provide higher accuracy but also
improve the repeatability.

Other research aspects such as fingerprinting database
building also attract research interests, especially in recent
years. Li et al. [28] presented a method based on Kriging to
reduce the workload and save training time and make finger-
printing techniques more flexible and easier to implement.

Pan et al. [29] presented a system called LeManCoR based
on manifold coregularization, which is a machine learning
technique for building a mapping function between data,
could adapt the static mapping function effectively, and is
robust to the number of RPs. Zhao et al. [30] improved aWiFi
fingerprinting based indoor positioning system by efficiently
combining the universal Kriging interpolation method, 𝑘-
nearest neighbor (𝑘-NN), and naive Bayes classifier, and their
lab experiments showed that 28 observation points could
achieve the average positioning error of 1.265m. Ma et al.
[31] proposed a fingerprint recoverymethod based on inexact
augmented Lagrange multiplier algorithm. The experiment
results indicated that the method could precisely recover
the fingerprint and achieve good positioning performance.
Liu et al. [32] designed and tested a fast setup algorithm
for collecting data for fingerprinting database with the
help of smartphone built-in motion sensors. Experiments
showed that therewas no significant difference onpositioning
accuracy between the fast setup method and the traditional
method. A novel method called RSSI geography weighted
regression was proposed by Du et al. [33] to solve the
fingerprint database construction problem. The extensive
experiments were performed to validate that the proposed
method was robust and workforce efficient. Further, two
autonomous crowdsourcing systems were proposed to build
fingerprint databases on handheld devices by Zhuang et al.
[34]. The proposed systems can run on smartphones, build
and update databases autonomously, and adaptively account
for dynamic environments. Results in different test scenarios
indicated that the average positioning errors of both proposed
systems are all less than 5.75m.

Different from the related papers that focus on building
individual systems, implementing with different algorithms
and constructing fingerprint databases, this paper concerns
on impact factors. In the past, some impact factors have
been studied. Prasithsangaree et al. [35] presented a study of
the positioning performance and placement issues, including
algorithm, granularity of the grid in the database, AP fault
tolerance, and building architecture. Li et al. [36] discussed
pros and cons of different techniques used inWLAN location
fingerprinting including numbers of RPs in use, 𝑘 parameter
in the 𝑘-NN algorithm, distance weighting and universal
Kriging in generating fingerprinting database, and proba-
bilistic algorithm in online processing. Honkavirta et al. [37]
provided a comparative survey on WLAN RSSI location
fingerprinting by introducing the mathematical formulation
and tuning the parameters in the formulation. Although
papers [35–37] already analyzed some impact factors, to
our best of knowledge, there is no systematic summary
of the impact factors by using Ishikawa diagrams [9] and
experimental analysis of the nonalgorithm factors, which are
the main focus of this paper.

3. Analysis and Summary of Potential Impact
Factors Using the Ishikawa Diagram

This section first introduces the basic quality control tool,
Ishikawa diagram, by presenting an example and the diagram
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Figure 1: An example of the Ishikawa diagram.

constructing steps, and gives the reasons for choosing this
tool. It then constructs an Ishikawa diagram for WLAN
location fingerprinting systems and analyzes the potential
impact factors to positioning performance in a step-by-
step manner, considering WLAN radio wave transmitting,
propagating, receiving, and processing.

3.1. The Ishikawa Diagram Tool. The Ishikawa diagram [9]
was developed by Dr. Kaoru Ishikawa at the University of
Tokyo in 1943, who is also a pioneer in quality management
techniques in Japan. The diagram has been used in process
improvement methods to identify the contributing causes
and factors likely to be causing a problem in a systematic way.
There are also some other names for Ishikawa diagrams, such
as fishbone diagrams, Fishikawa, herringbone diagrams, and
cause-and-effect diagrams. Figure 1 shows an example of the
Ishikawa diagram, and the name of fishbone diagram comes
from its shape.As illustrated in Figure 1, a completed Ishikawa
diagram includes a central “spine” and several branches
reminiscent of a “fish skeleton.”The “fish head” represents the
main problem, and the potential factors causing a problemare
indicated in the “fish bones” of the diagrams. In constructing
an Ishikawa diagram, the first thing is to determine the
“fish head” which presents a problem of interest, and the
discussion of factors should focus on the problem. The next
step is to decide how to categorize the main factors. There
are two basic methods to do so, including by function and by
process sequence. The third step is to determine the factors
in every main factor by analysis, discussion, and summary.
Some factors may have subfactors, and all the main factors,
factors, and subfactors should be presented in “fish bones.”

The Ishikawa diagram is considered one of the seven basic
tools of quality control [9]. Moreover, this methodology can
be used to any problem and can be tailored by users to fit
their circumstances. Other six quality control tools include
check sheet, control chart, histogram, Pareto chart, scatter
diagram, and stratification, and these six tools emphasize
process control or post hoc analysis. However, the Ishikawa
diagram is an initial step in the screening process of quality
control, which can be a useful technique for organizing some
of the information generated in preexperimental planning
[38]. After identifying potential causes and factors in a very
systematic way, further testing will be necessary to confirm

the true causes and factors and their impact pattern. In
addition, this method encourages group participation and
utilizes group knowledge. The structure provided by the
Ishikawa diagram also helps teammembers to think in a very
systematic way and follow a structured approach [39]. Based
on the characteristics of the Ishikawa diagram method and
the objectives of this paper, the Ishikawa diagram method is
adopted.

3.2. The Ishikawa Diagram Construction for WLAN Finger-
printing. Aspreviously described, the first thing in construct-
ing an Ishikawa diagram is to present a problem of interest.
In this paper, the problem should be the positioning perfor-
mance of a WLAN RSSI fingerprinting system.The next step
is to decide how to categorize the factors. This paper chooses
the process sequence in aWLANRSSI fingerprinting system.
Radio signal goes through four steps in location fingerprint-
ing system in either offline or online phase: transmitting,
propagating, receiving, and processing. These four steps can
be regarded as main factors in the Ishikawa diagram. In the
WLANfingerprinting system, radio signal is first transmitted
from APs (online/offline), propagated from transmitters to
receivers (online/offline) through environment, received on
RPs (offline) or any unknown target location (online), and
finally processed to construct fingerprint database (offline) or
compute location (online). The positioning performance can
be influenced in every step. Therefore, the potential factors
will be analyzed step-by-step in detail as follows.

In the signal transmitting step, all factors are about trans-
mitters, which areAPs inWLANRSSI location fingerprinting
systems. As previously mentioned, this technique is a cost-
saving solution, which means it can make full use of already
deployed APs, such as WiFi hotspots. However, hotspots
are made by distinct vendors and are diverse with different
device parameters such as maximum transmit power. Mean-
while, hotspots may also be placed with different densities,
distributions, and heights. As such, a receiver may access
different numbers of hotspots in different areas. In summary,
differences in APs’ device models, density, distribution, and
height may influence the RSSI values in the receiver at this
step.

At the second step, the radio signal propagates from
transmitters to receivers, and RSSI may be influenced by
indoor physical environments and the radio signals from
other sources. For example, indoor structure, building mate-
rial, and furniture placement may have impacts on radio
signal attenuation, reflection, and diffraction [40]. People
crowd in indoor environments may absorb and obstruct
the radio signal, and other dynamic objective measures
such as temperature and humidity may influence the radio
signal propagating as well. Interference may appear between
WLAN signals from different APs or other sources such as a
microwave oven.

In the signal receiving stage, sampling RSSI in offline
learning should be on RPs, whose coordinates should be
known previously. The differences of operators, RPs’ density,
distribution, and height will influence the complexity level
and RSSI values in fingerprinting databases. In the online
positioning phase, the main work is to search the nearest
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Figure 2: The Ishikawa diagram for impact factors on WLAN RSSI location fingerprinting positioning performance.

RP or RPs by using RSSI sampled on an unknown point,
which means that the sampling working is also needed
online. Thus, the receivers’ model differences in offline and
online may have impacts. For example, one smartphone may
be utilized in fingerprint database construction usually but
users’ devices are diverse with different brands and models
in online positioning. Additionally, different sampling rate
and the number of samples may also influence the samples
in fingerprint databases and online positioning results.

The last step is signal processing; the works in this step
involve RSSI fingerprint database constructing (offline phase)
and location computing (online phase). In database con-
structing phase, signal filtering method, feature extraction,
and selection may change the data and data structure in the
fingerprint database. And these factors also determine the
features used in online positioning. In online positioning
processing, positioning result is computed from received
RSSI online and fingerprint database using machine learning
algorithms. Hence, the main factors of this step are signal
filtering, feature extraction, feature selection, and machine
learning algorithm.

To summarize the potential impact factors which influ-
ence the WLAN RSSI location fingerprinting performance,
an Ishikawa diagram is used in Figure 2. The “fish head” in
Figure 2 is WLAN RSSI location fingerprinting positioning
performance and “fish bones” are main factors and potential
factors.

4. Simulation Platform and Factors of
Interest Selection

According to Section 3, there are many potential impact
factors to WLAN RSSI location fingerprinting positioning
performance. To understand the impact pattern between
factors and performance, a couple of experiments with differ-
ent factors settings need to be conducted. For this purpose,
this paper builds a simulation platform used as the test

environment. The positioning performance should be mea-
surable as well; thus, this paper chooses the root mean square
error (RMSE) and cumulative distribution function (CDF)
to present the positioning error. For the controllable ability
of the simulation platform, simulation feasibility should be
taken into consideration when choosing factors of interest
for experiments. The potential factors are classified into four
types including controllable, uncontrollable, nuisance, and
held-constant factors in another Ishikawa diagram, and all
the controllable factors are regarded as factors of interest.

4.1. A WLAN Location Fingerprinting Simulation Platform.
The platform simulates a cuboid test field with 10-meter
length, 10-meter width, and 3-meter height. All APs are
placed at 3-meter height on the edges of the testing field, and
sampling RSSI in offline learning is on grid-shape RPs at one-
meter height. Figure 3 shows the placement of four APs in the
field and sampling RSSI on a particular RP with coordinates
of (5, 5, 1).

Radio signal propagating is described by path loss, which
is a positive quantity measured in decibel (dB). The common
model for radio signal propagating used in indoor is Log-
distance path loss model [41–44] as follows:

PL (𝑑) = PL (𝑑0) + 10𝑛 lg( 𝑑𝑑0) + 𝑋𝜎,
𝑋𝜎 ∼ 𝑁(0, 𝜎2) ,

(1)

where PL(𝑑) is the path loss at distance 𝑑, at near distance 𝑑0
is a known received power reference point and 𝑑0 is usually
chosen as 1 (m) in indoor environment, 𝑛 is the attenuation
factor, and𝑋𝜎 is the signal noise error which obeys a normal
distribution with 0 mean value and 𝜎 standard deviation.
Thus, the received power at a distance 𝑑 can be calculated
using

𝑃𝑟 = 𝑃𝑡 − PL (𝑑) , (2)
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Figure 3: Simulation field with the placement of four APs and one
RP.

where 𝑃𝑡 is transmitted power and 𝑃𝑟 is the received power.
When setting near distance 𝑑0 = 1 (m), the path loss can

be calculated by free space propagation model in

PL (𝑑) = 10 lg 𝑃𝑡𝑃𝑟 = −10 lg[ 𝐺𝑡𝐺𝑟𝜆
2

(4𝜋)2 𝑑2] , (3)

where𝑃𝑡 is the transmitted power,𝑃𝑟 is the received power,𝐺𝑡
is the transmitter antenna gain, and𝐺𝑟 is the receiver antenna
gain.

For the frequency of WLAN radio signal 𝑓 =2.442 (GHz), the velocity of radio signal is 𝑐 = 3 × 108 (m/s),
and the wavelength is 𝜆 = 𝑐/𝑓. Given 𝐺𝑡 = 𝐺𝑟 = 1,
we get the PL(𝑑0) = PL(1) = 40.2 (dB). Usually, a real
AP device’s transmitted power 𝑃𝑡 is 20 (dBm), which is 100
milliwatts. Thus, the received power 𝑃𝑟 measured by RSSI in
the simulation work can be calculated by

𝑃𝑟 (𝑑) = 20 − [40.2 + 10𝑛 lg (𝑑) + 𝑋𝜎] ,
𝑋𝜎 ∼ 𝑁(0, 𝜎2) . (4)

As aforementioned, there are two kinds of commonly-
used algorithms in fingerprinting location: deterministic and
probabilistic methods. Traditional deterministic algorithms
can be easily implemented based on 𝑘-NN. Probabilistic
algorithms are based on statistical inference of positioning
target and fingerprint database, and they search the posi-
tioning result by using the maximum likelihood. Concretely,
suppose the number of RPs is 𝑀, P𝑖 is the 𝑖th RP, S𝑖 is the
RSSI fingerprint on P𝑖, and the number of APs is 𝑁, S𝑖 =(𝑠𝑖1, 𝑠𝑖2, . . . , 𝑠𝑖𝑁), P𝑡 is positioning target points, and S𝑡 is the
RSSI fingerprint on P𝑡; thus, S𝑡 = (𝑠𝑡1, 𝑠𝑡2, . . . , 𝑠𝑡𝑁). Then, the
positioning result P̂𝑡 of P𝑡 can be calculated from formula (5),

if it takes the 1-NN as the positioning result. 1-NN is also used
by this paper.

P̂𝑡 = Pargmin𝑖‖S𝑖−S𝑡‖, 𝑖 = 1, 2, . . . ,𝑀. (5)

In formula (5), the distance is measured by the Euclidean
distance of RSSI which is presented as follows:

S𝑖 − S𝑡 = ( 𝑁∑
𝑗=1

𝑠𝑖𝑗 − 𝑠𝑡𝑗𝑞)
1/𝑞 , 𝑞 = 2. (6)

Formula (7) shows the positioning result obtained by the
probabilistic algorithm:

P̂𝑡 = Pargmax𝑖𝑃(S𝑖|S𝑡), 𝑖 = 1, 2, . . . ,𝑀. (7)

According to Bayes’ theorem, the probability can be
further transformed into

𝑃 (S𝑖 | S𝑡) = 𝑃 (S𝑡 | S𝑖) ⋅ 𝑃 (S𝑖)𝑃 (S𝑡)
= 𝑃 (S𝑡 | S𝑖) ⋅ 𝑃 (S𝑖)∑𝑃 (S𝑡 | S𝑖) ⋅ 𝑃 (S𝑖) .

(8)

In formula (8), 𝑃(S𝑡) is the same for all RPs searching and𝑃(S𝑖) is prior probability and usually regarded as 1/M. Thus,
the positioning result searching is transformed into formula
(9).

argmax
𝑖

𝑃 (S𝑖 | S𝑡) = argmax
𝑖

𝑃 (S𝑡 | S𝑖)
= argmax

𝑖

𝑁∏
𝑗=1

𝑃 (𝑠𝑡𝑗 | S𝑖) . (9)

The probability that signal 𝑠𝑡𝑗 appears on the 𝑖th RP is𝑃(𝑠𝑡𝑗 | S𝑖), which can be approximately calculated by para-
metric distributions. In this paper, a Gaussian distribution is
selected as shown in formula (10).

𝑃 (𝑠𝑡𝑗 | S𝑖) = 1√2𝜋 ⋅ 𝛿 ⋅ exp[[−
(𝑠𝑡𝑗 − 𝜇)22𝛿2 ]] , (10)

where 𝜇 and 𝛿 are statistic parameters according to S𝑖.

4.2. Output Response and Selection of Factors of Interest. For
the response output of WLAN RSSI location fingerprinting
performance, the measurement should be based on position-
ing error obtained by formula (11):

Δ𝑝 = Ptrue − Ppositioning
 , (11)

where Δ𝑝 is the locating positioning error, Ptrue is the true
coordinates of a test point, and Ppositioning is the positioning
result of the test point.

To facilitate description, this paper chooses the RMSE
as the measurement of positioning results, which can be
calculated by (12). To give more details about the errors, this
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paper chooses the error CDF measured by the cumulative
number of test points (CNTP) in the positioning error
presentation.

RMSE = √ 1𝑁
𝑁∑
𝑖=1

Δ𝑝2𝑖 , (12)

where 𝑁 is the total number of test points and Δ𝑝𝑖 is the 𝑖th
locating positioning error.

According to Montgomery [38], impact factors can be
classified as controllable, uncontrollable, nuisance, and held-
constant factors, and controllable factors are factors of inter-
est. For the controllable ability of the simulation platform,
the simulation feasibility should be taken into consider-
ation when choosing factors of interest for experiments.
Additionally, because this paper focuses on nonalgorithm
factors, signal filtering, feature extraction, feature selection,
and machine learning algorithm are regarded as constant
factors. Further, this paper chooses two algorithms including
deterministic and probabilistic algorithms during position-
ing using features of RSSImean value and standard deviation.

In the signal transmitting step, the density of APs relies
on the number in sight. Since the simulation field is a fix 10 ×
10 (m2) square, the density of APs is measured by the number
of APs (APN). The placement heights of APs always relate to
building floor height, which means they are similar on the
same floor. Therefore, this factor can be regarded as a held-
constant factor and be set as 3 (m) in simulation platform.
This setting also simplifies APs’ distribution problem from
three-dimensional to two-dimensional.The two-dimensional
APs’ distribution can be described by two aspects: (1) distance
of APs’ centroid to indoor field centroid, which is notated as
centroid distance (CD) and (2) the coefficient of variation
(CV) of distances from all APs to the centroid, which ban
be calculated by formula (8). With regard to AP’s models’
difference, this paper classifies this factor as nuisance factor
which is out the research scope.

CV = Std
Mean

× 100%. (13)

Radio signal propagating is described by Log-distance
path loss as in formula (1). There are some other propagating
models proposed to get more accurate signal strength by
improving formula (1) considering floors’ andwalls’ impact to
retrieve precise distance for indoor positioning. For example,
RADAR [6] system presented a propagating model which
takes walls’ impact into account. In this paper, the Log-
distance path loss model is selected using coefficients 𝑛 and𝜎 to simulate complex indoor environments. It is impracti-
cable to control physical environment impact factors in an
experiment platform in reality. However, the influence of
indoor structure, building material, and furniture placement
can be summarized as signal propagating attenuation factor
(notated as 𝑛) in the radio signal propagating model in
the simulation platform. Meanwhile, dynamic people crowd,
temperature, humidity, and other signal resources can be
regarded as the signal noise standard deviation (notated as𝜎) in the propagating model as well. Thus, attenuation factor

Table 1: Empirical coefficient values for indoor propagation in
various types of buildings.

Building type 𝑛 𝜎
Vacuum, infinite space 2.0 0
Retail store 2.2 8.7
Grocery store 1.8 5.2
At same floor 2.8 12.9
Through three floors 5.2 6.7
Office 2.7 8.1
Office 3.2 11.2
Office 3.2 4.4
Office 3.5 12.8
Office 4.0 4.3
Factory 2.1 9.7
Factory 3.3 6.8

and signal noise can be chosen as controllable factors in the
signal propagating step, and the empirical values of 𝑛 and 𝜎
are presented in Table 1 according to Rappaport [41].

For the signal receiving, the fingerprint sampling can be
operated on RPs in the grid shape. Thus, the distribution
can be regarded as held-constant factors, and the density of
RPs can be measured by RPs grid interval distance (GID).
In the simulation platform, RPs’ heights, sample rate, and
the number of samples are also regarded as held-constant
factors and are set as 1 (m), 1 (Hz), and 240 (four orientations),
respectively. Nevertheless, operators may be a person or a
robot with different receivermodels, and these two factors are
complex in reality. In this paper, they are classified as nuisance
factors.

Figure 4 illustrates the response output and classified fac-
tors using another Ishikawa diagram. It should be noted that
a controllable factor remains constant and does not change
throughout an experiment test, while the uncontrollable one
means a factor varies randomly during the test. In reality,𝜎 factor in radio signal propagating is an uncontrollable
factor, but for the controllability of the simulation platform,𝜎 is regarded as a controllable factor as shown in Figure 4.
Table 2 lists all the controllable factors (factors of interest),
measurement details, and notations.

5. Experiment and Results

According to Section 4, a simulation platform was built for
experiment and it took five controllable factors as factors of
interest. In the experiment, the OFAT (one-factor-at-a-time)
analysis method was adopted, which omits the interaction
impact of all controllable factors. This section describes the
details of experiment settings and results.

5.1. Tests Settings in the Analysis Experiment. To conduct the
OFAT analysis experiment, a couple of tests with different
settings of controllable factors were conducted in the simu-
lation system. Table 3 shows all the experiment settings. It
should be noted that a (start, end, and step) notationwas used
to describe a level range and a {levels} notation was used to
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Figure 4: The Ishikawa diagram for factor classification and response output.

Table 2: All the controllable factors (factors of interest) and their measurement details.

Controllable factor Measurement detail Measurement notation

APs density Number of APs in the test area APN

APs distribution Distance of APs’ centroid to indoor field centroid, and the coefficient of variation of
distances from all APs to the centroid CD and CV

Attenuation factor Attenuation factor in simulation radio signal propagating model 𝑛
Signal noise Signal noise standard deviation in simulation radio signal propagating model 𝜎
RPs density Grid interval distance of RPs when sampling RSSI fingerprint GID

Table 3: Settings for all the factors of interest (controllable factors) in the OFAT analysis experiment.

Test ID Factors APs density (APN) APs distribution
(CD (m)/CV)

Attenuation
factor (𝑛) Signal noise (𝜎 (dB)) RPs density GID (m)

1 APs density (APN) Test factor (1, 20, 1) Open-shape 2 {1, 5, 8, 10, 15} 1

2 APs distribution
(CD (m)/CV) 5 Test factor (110 different

shapes) 2 {1, 5, 8, 10, 15} 1

3 Attenuation factor(𝑛) {3, 5, 10, 15, 20} Open-shape Test factor
(1, 5.5, 0.5) 5 1

4 Signal noise (𝜎
(dB)) {3, 5, 10, 15, 20} Open-shape 2 Test factor (1, 15, 1) 1

5 RPs density GID
(m) 5 Open-shape 2 {1, 5, 8, 10, 15} Test factor{0.1, 0.2, 0.5, 1, 1.25, 2,

2.5, 5}
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Figure 5:The open-shape distributions for five different APs densi-
ties.

describe different factor levels. For example, in the first test,
APNwas set with 20 levels as {1, 2, . . . , 20} and 𝜎was set with
five levels as {1, 5, 8, 10, 15}. Meanwhile, it is inconvenient to
show the CD and CV of APs distribution in a single table cell
because CD and CV depend on coordinates of APs, which
varies in every test. Therefore, this paper uses the “open-
shape” to describe APs distribution in the experiment when
the distribution is not the test factor. The “open-shape” APs
distribution prefers a dispersed shape, which simulates the
placement of APs in a real environment for communication.
Figure 5 shows the open-shape APs placement when APN is
set as 3, 5, 10, 15, and 20,which are common settings inTable 3.
It also should be noted that empirical coefficient values for
indoor propagation in Table 1 were taken into consideration
in all settings for attenuation factor and signal noise.

According to Table 3, the first test factor was APs density
with APN measurements, and in the APs density test, APN
changed from 1 to 20 with a step of 1 AP and every APN
setting took the open-shapeAPs distribution.The attenuation
factor 𝑛 was set as 2, signal noise 𝜎 changed in five levels that
is, 1, 5, 8, 10, and 15 (dB), and GID was 1 (m).

The second test factor was APs distribution measured by
CD and CV, and it took 110 different shapes of five APs into
consideration. In APs distribution test, APN was 5, 𝑛 was 2,𝜎 ranged in five levels 1, 5, 8, 10, and 15 (dB), and GID was
1 (m). Figure 6 demonstrates all the 110 different shapes in the
simulation fields.

With consideration of empirical coefficient values for
indoor propagation in Table 1, the next test factor was
attenuation factor 𝑛, and 𝑛 ranged from 1 to 5.5 with an
interval of 0.5 in the test. The APs were placed in the open-
shape and the values changed into 3, 5, 10, 15, and 20, the 𝜎
was set as 5 (dB), and the GID was set as 1 (m).

The test factor, signal noise standard deviation 𝜎, ranged
from 1 to 15 with a step of 1 (dB) in the signal noise test. The

APs were deployed in the same way as with the attenuation
factor test, and 𝑛 was 2 and GID was 1 (m).

The last controllable test factor was RPs density described
by GID between two neighboring RPs. In the test of this
factor, the GID varies with eight different settings, which
were 0.1, 0.2, 0.5, 1, 1.25, 2, 2.5, and 5 (m). Figure 7 shows the
different RPs distributions with different GID values. Other
factors were set as follows: five APs in open-shape, 𝑛 was 2,
and 𝜎 had five levels including 1, 5, 8, 10, and 15 (dB).

In every OFAT test, there was one fact under test and the
procedure on the simulation platform is as follows: (1) input
coordinates of APs, GID, and test points number (set as 100 in
this study), (2) generate RPs and the fingerprint database of
RPs, (3) generate the test points randomly and generate the
signal strength of all the test points, (4) test all the testing
points with deterministic algorithm, (5) test all the testing
points with probabilistic algorithm, and (6) output the error,
calculate the statistics, and plot the RMSE and CDF graphs.
These steps are shown in Figure 8.

5.2. Tests Results in the Analysis Experiment

5.2.1. APs Density. Figure 9 shows the test results of posi-
tioning error by applying the deterministic and probabilistic
algorithms on different APs densities. Figure 9(a) shows the
trend of RMSE on different APNs in the simulation test area
with different 𝜎 levels when 𝑛 = 2 and GID = 1 (m). In this
figure, we can find that the more APs it can access, the better
positioning result it can achieve when the noise error is low.
But if the noise error is high, for example, 𝜎 = 15 (dB),
APN becomes less important. It should be noted that 𝜎 =1 (dB) approximates an ideal noise situation, and in this ideal
situation, RMSE is high when APN is less than 3 and the
RMSE declines gently when APN increases from 3 to 20.This
line trend indicates that at least 3 APs are needed for RSSI
location fingerprinting theoretically. Figure 9(b) gives more
details about the error distributionwith different 𝜎 levels, and
the line located in “up-left” of CDF means better accuracy
performance. It can be seen from Figure 9(b) that lines with
higher APN are more towards “up-left” than ones with lower
APN, but with the increase of noise error, the error lines
become more towards “down-right” and close to each other.
These lines indicate that largeAPNcan reduce the positioning
error, but if the noise becomes higher, the influence of APN
becomes less and less.

5.2.2. APs Distribution. Figure 10 shows the test results of
positioning errors by using the deterministic and probabilis-
tic algorithms on 110 different APs distributions measured by
CD and CV with model setting as APN = 5, 𝑛 = 2, and GID
= 1 (m). Figures 10(a) and 10(c) plot the RMSE on CD and
CV, respectively, at different 𝜎 levels; however, we can hardly
find clear patterns on RMSE with CD and CV in these two
figures except that higher 𝜎 have higher RMSE levels. Figures
10(b) and 10(d) plot the CNTP with ordered CD and CV. In
these two figures, we can see that lines with lower 𝜎 are more
towards “up-left” than the higher 𝜎, but nomatter 𝜎 is, all the
lines are unordered with CD and CV.Thus, similar to RMSE,
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Figure 6: The 110 different shapes of five APs placement.

we can hardly summarize the influence trend of CD and CV
to error distribution according to Figures 10(b) and 10(d).

5.2.3. Attenuation Factor. Figure 11 illustrates the test results
of positioning errors by using the deterministic and proba-
bilistic algorithms on attenuation factor 𝑛. Figure 11(a) shows
the RMSE versus 𝑛 under 𝜎 = 5 (dB) and GID = 1 (m) at
different APN levels. According to this figure, we can see that
the RMSE declines with the increase of 𝑛. And the larger
APN shows lower RMSE level: for example, line with APN
= 20 locate lower than APN = 3. But APN’s impact trends
to less when APN has been already large; for instance, lines
are closer to each other when APN is set to 10, 15, and 20
comparing to the settings of 3 and 5. Error distributions are
shown in Figure 11(b); it can be seen that lines with higher𝑛 and more APs are more towards “up-left,” which means
higher n and more APs are good for better performance.

However, error distributions are similar when APN is large,
such as 10, 15, and 20, no matter which algorithm is used.

5.2.4. Signal Noise. Test results of positioning errors by using
the deterministic and probabilistic algorithms on signal noise𝜎withmodel settings 𝑛 = 2 and GID = 1 (m) are illustrated in
Figure 12.TheRMSE resultswith𝜎under differentAPN levels
are shown in Figure 12(a). There are growing trends of RMSE
results with the 𝜎 level in all APN settings in Figure 12(a),
which means that the higher noise level in the environment,
the worse positioning performance. It is interesting to see
that as 𝜎 increases, all the lines change from close through
apart to close again.These lines indicate that APN can hardly
influence the result when the environment has very low or
high lever noise, for example, when 𝜎 is lower than 3 (dB) or
higher than 13 (dB) in Figure 12(a). Figure 12(b) shows the
error distributions of positioning results. In this figure, signal
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noise influence can be clearly seen from the color lines in
every error distribution; however, the impact of APN is not
clear for the similar error distributions especially when APN
is larger than 3.

5.2.5. RPs Density. Test results of positioning errors by using
the deterministic and probabilistic algorithms on RPs density
GID are shown in Figure 13. The model was set as APN =
5 and 𝑛 = 2, and Figure 12(a) illustrates the RMSE results
on GID with different 𝜎 levels. All the lines of RMSE show
increasing trends, but this trend becomes smoother when 𝜎
is high. This phenomenon is much clearer when taking the
error distributions in Figure 12(b) into consideration. When𝜎 = 1 (dB), all the lines of CNTP with less GID are located
“up-left” no matter which algorithm is used. However, if 𝜎
increases, these lines tend to move “down-right” and much
nearer. According to Figure 13, reducing GID will not benefit
positioning performance significantly when GID is less than
1 (m) and especially when noise is low as 𝜎 = 1 (dB). It seems
that 1.25 (m) is a good choice for GID, if noise is high; for
example, 𝜎 = 15 (dB).

6. Conclusions and Future Work

WLAN location fingerprinting is a cost-saving solution but it
still faces difficulties in practical applications because of the
impact of the factors such as inhomogeneous APs placement,
unstationary WLAN RSSI, and additional offline learning
work. There are many factors that influence positioning
performance in location fingerprinting systems. A good
summary of potential factors and analysis of their impact
patterns can benefit the applications and quality control of
location fingerprinting. The issue is challenging; however,
little effort has been made on systematical investigation.

This paper analyzed the impact factors of positioning
performance in RSSI location fingerprinting systems step-
by-step considering the radio transmitting, propagating,
receiving, and processing and summarized potential factors
by using Ishikawa diagram to provide a reference for further
research. To facilitate the analysis experiment of factors and
impacts, this paper presented a simulation WLAN location
fingerprinting platform. The paper classified all the factors
into controllable, uncontrollable, nuisance, andheld-constant
factors in another Ishikawa diagram with consideration of
the feasibility of the simulation platform. Finally, the paper
considered five controllable factors (including APs density,
APs distribution, radio signal propagating attenuation factor,
radio signal propagating noise, and RPs density) as factors of
interest and utilized the OFAT analysis method to conduct
the experiment to reduce the complexity and number of tests
in a factor analysis experiment.

The results indicate that high APs density, signal propa-
gating attenuation factor, and RPs density with a low level of
signal propagating noise are favorable for better positioning
performance, while APs distribution has no particular impact
pattern on the performance. It is not necessary to improve
RPs density to get better positioning performance when GID
is less than 1meter.Moreover, highRPs densitymeans a heavy
work for building fingerprinting database.

According to the results, some observations can be drawn
to guide the quality control in applications ofWLAN location
fingerprinting: (1) the number of APs must be larger than
3 for location fingerprinting, and deploying some external
APs can improve the performance especially in a noisy
environment no matter what the distribution these APs
have. However, if the environment is very noisy (e.g., 𝜎 is
about 15 (dB) according to the experiments), this method
can hardly be effective; (2) an environment with complex
structures, such as a unit with many walls and rooms (high
attenuation factor), is more preferable for deploying location
fingerprinting than a simple one like an underground parking
lot (low attenuation factor); and (3) improving RPs density
can benefit positioning, but it is useless when the GID is less
than 1 meter. Meanwhile, high RPs density means more work
for fingerprinting database building and updating.

In the near future, real field experiments will be designed
and conducted to further verify the conclusions given in this
paper. It should be noted that to reduce the complexity and
number of tests in a factor analysis experiment, an OFAT
method was used to omit the factor interactions. Although
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Figure 9: Test results of positioning error by using the deterministic and probabilistic algorithms on different APs densities including (a)
RMSE versus APN and (b) CNTP versus APN.
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Figure 10: Continued.
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Figure 10: Test results of positioning errors by using the deterministic and probabilistic algorithms on different APs distributions including
(a) RMSE versus CD, (b) CNTP versus CD, (c) RMSE versus CV, and (d) CNTP versus CV.
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Figure 11: Test results of positioning errors by using the deterministic and probabilistic algorithms on different attenuation factors including
(a) RMSE versus 𝑛 and (b) CNTP versus 𝑛.
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Figure 12: Test results of positioning errors by using the deterministic and probabilistic algorithms on different signal noise errors including
(a) RMSE versus 𝜎 and (b) CNTP versus 𝜎.
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Figure 13: Test results of positioning errors by using the deterministic and probabilistic algorithms on different RPs densities including (a)
RMSE versus GID and (b) CNTP versus GID.
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it can demonstrate two factors’ interactions in every test,
a more complicated factor analysis experiment needs to be
conducted to extend the OFAT experiment in the future. We
also plan to conduct practical applications ofWLAN location
fingerprinting and control the quality of positioning results
based on the outcomes of this paper.

Acronyms

WLAN: Wireless local area network
AP: Access point
OFAT: One-factor-at-a-time
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GID: Grid interval distance
RSSI: Received signal strength indicator
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CV: Coefficient of variation.
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