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Abstract—Indoor localisation is a thriving field, whose pro-
gresses are mainly led by innovations in sensor technology,
both hardware and software. With a focus on smartphone-
based personal navigation, we examine the evolution of sensing
technologies in eleven leading applications. In order to select
applications we choose among independently-tested prototypes,
as opposed to simulation or laboratory-only experiments. To
this end, we look at the best performers in the smartphone-
based Tracks of IPIN competitions. This selection is particularly
severe and significant, as this competition Track is performed
live, without an opportunity for competitors to instrument or
prepare the site or to know the path in advance and with only
two attempts allowed, of which the best result is taken. An
independent actor holds in hand the smartphone running the
competing system, and results are downloaded from the phone
immediately after the competition path is completed, without any
post-processing. We show how sensing technologies have evolved
from 2014 to 2019 and show a trend towards improving accuracy
performance. Last, we provide insight in the role that sensors
and algorithms play in the evolution of smartphone-based indoor
localisation solutions.

Index Terms—indoor localisation, indoor navigation, localisa-
tion competition, smartphone-based localisation

I. INTRODUCTION

Estimating the location of a mobile target still represents a

challenging task in indoor environments. While GNSS-based

solutions can be successfully employed outdoor, pinpointing

the location of an indoor target requires the adoption of

technologies that usually cannot exploit satellites. More specif-

ically, the existence of obstacles, the construction material of

buildings and the quality of the hardware are all factors that

in most cases reduce the strength of satellite signals used to

compute the location or to assist the navigation of people

outdoor and makes them unusable.

The objective of research on indoor localisation is creating

a global environment where seamless localisation is a stan-

dard service usable by diverse devices and applications. By

seamless we mean without disruption due to handoff between

indoor and outdoor settings, between means of transportation

and between areas with different characteristics.

The range of possible applications is huge, including per-

sonal navigation, industrial monitoring, community services,

search and rescue, inventory tracking, drone and robot man-

agement, tracking in the IoT and much more. However,

seamless integration between outdoor and indoor localisation

systems is still in its youth and no widely deployed standard

services or protocols for seamless positioning and navigation

are in sight.

A promising approach for the design of indoor localisation

systems is represented by the use of the sensing units available

on commercial smartphones. Such devices integrate different

kinds of sensors such as 3-axis accelerometer, gyroscope

and magnetometer, plus barometer, light sensors and various

radio frequency (RF) interfaces, with powerful processing and

communications features.

This work describes the most recent trends in smartphone-

based indoor localisation systems. We first show the trend-

ing research topics in order to frame the current research

directions. We then survey the localisation systems evaluated

during the IPIN Indoor Localisation Competition featuring a

smartphone on-site Track from 2014 to 20191.

In particular, we consider the sensors used and the raw data

processing as well as the filtering and data fusion strategy

adopted. The solutions exposed in this paper were all tested in

a real-world scenario and evaluated within the EvAAL frame-

work [1]. The current trend on the design of smartphone-based

systems is to combine information collected from multiple

sensors simultaneously, such as magnetometer, accelerometer,

and gyroscope. The combination of such sensors at high tem-

poral resolution, combined with the use of learning algorithms,

unlocks the full potential of mobile platforms for estimating

the location of people indoor. Knowledge about the indoor

maps is also exploited in order to reduce errors due to drift.

We present tables comparing the different solutions, we

comment on trends and we finally provide an outlook on the

past and the present for indoor localisation.

II. RESEARCH TRENDS

While the potential market for location-based services is

growing [2], currently no accepted solution exists which is

convenient and accurate enough for general-purpose use. As

of today, smartphones are the perfect candidates for personal

location-based systems as they are ubiquitous and packed with

strong processing, communication and sensor capabilities.

In the last ten years, smartphones have significantly in-

creased their capabilities. Gyroscopes are today present in

practically all models, magnetometers are almost equally com-

mon and barometers are not confined to the high-end market

any more. Most models include a light sensor, all include Wi-

Fi and Bluetooth Low-Energy (BLE) interfaces, while Ultra-

Wide band (UWB) and 5G are on the way.

In the meantime, processing power, memory and battery

have seen huge performance increases. Research has profited

1See http://evaal.aaloa.org978-1-6654-0402-0/21/$31.00 © 2021 IEEE
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from these possibilities, so ever more sophisticated algorithms

and processing methods are being discovered and implemented

on smartphones.

Recently, we have seen some startups offering smartphone-

based ubiquitous navigation systems for personal use in indoor

and outdoor environments, but with very limited market uptake

and based on proprietary, non-interoperable frameworks. On

the other hand, industry shows enormous interest in location-

based services and limited custom solutions are being de-

ployed. In response to this perceived interest, the research

community is enlarging its objectives to missing pieces such

as interoperability, standards and evaluation procedures [3],

[4].

As a showcase of the research activities in indoor local-

isation, we look at the International conference on Indoor

Positioning and Indoor Navigation (IPIN), born in 2010 and

the largest of the two long-lasting conferences specifically

dedicated to indoor localisation systems (the other one being

UPINLBS, also born in 2010).

TABLE I
NON-CORE TOPICS AT IPIN CONFERENCES.
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2010 D D

2011 D

2012 D D

2013 D D

2014 D D

2015 D D D D

2016 D D D

2017 D D D D

2018 D D D D D D

2019 D D D D D

Since its inception, core topics at IPIN conferences have

been low-level hardware and software techniques for position-

ing and navigation, which are the subjects of almost all of the

about 25 technical sessions each year. As an overview of how

the research horizon has grown, we look at non-core topics of

IPIN, which are summarised in Table I.

In the last years, IPIN authors widened the range of their

interests towards more high-level topics related to usage and

management of localisation systems. Testing and evaluation,

also in relation to standardisation is the main example, which

is connected with the IPIN competitions. In fact, reaching a

wide consensus on the evaluation metrics for these systems is

a fundamental step towards filling the gap between prototypes

and commercial systems. More recently systems interoperabil-

ity has started receiving some attention. Studies on privacy and

security are still very few, not enough to having dedicated a

specific session to this topic until now.

this paper focuses on systems evaluation. In fact, since our

aim is to provide an overview of trends on smartphone-based

systems, we need a method of selecting the most significant

among the thousands academic papers and the hundreds de-

scriptions of prototypal and commercial localisation systems.

III. TRENDS IN SMARTPHONE-BASED SYSTEMS

In order to create a shortlist of significant smartphone-

based systems, we concentrate on the IPIN competitions,

whose purpose is comparing indoor localisation systems under

realistic conditions [5]. The reason for this choice is that

IPIN competitions have been the most reliable source of

real-world comparison and evaluation of generic personal-

oriented localisation systems based on smartphones, thanks

to the rigorous approach of the EvAAL framework.

Evaluating the accuracy of an indoor localisation system

means comparing the estimated position of a moving target

with respect to ground truth, namely the actual position of the

target along a known path, as shown in Figure 1.

In short, the EvAAL framework considers four core criteria:

1) Natural movement of an actor

2) Realistic environment

3) Realistic measurement resolution

4) Third quartile of point Euclidean error

and four extended criteria:

1) Secret path

2) Independent actor

3) Independent logging system

4) identical path and timing.

Five of the six IPIN editions 2014–2019 hosted a dedicated

competition track focused on smartphone-based systems com-

pliant to the above criteria, as discussed in detail in [6], thus

providing a uniquely credible evaluation setting.

We use the results of the smartphone-based competition

track along the various editions to select the most promising

systems ready to be deployed in a real world scenario. The

selection criteria were: i) systems robust enough to complete

the whole evaluation path with a third-quartile accuracy not

greater than 10 m; ii) systems that provide enough documenta-

tion explaining their inner workings. The selected systems are

listed in Table II, classified with respect to used sensors and

data fusion strategy. The number of competing teams in the

table is relative to teams which have in fact participated and

concluded it. Several teams each year apply for participation

but then withdraw either before or during the competition.

The low number of participants and the high number of

withdrawals are both indications of the very challenging nature

of this competition.

Starting in 2015, IPIN competitions have featured one off-

site Track on smartphones, which has an interesting advantage

with respect to the on-site one as far as comparing systems is

concerned. In the off-site Track, competitors are required to
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Fig. 1. Path and errors on part of the ground floor for SNU-NESL, winner of the IPIN competition 2019.

implement a software-only system running at their premises

which gets input sensor data provided by the organisers. The

main advantage is that the sensor data used by competitors are

entirely available and thus the final results are reproducible

using the same competing systems; moreover the same input

data can be fed to alternative systems to experiment with

different algorithms. Nonetheless, we chose to select systems

competing in the on-site Track for some reasons. First, the

range of usable sensors is not limited to those chosen by

organisers who provide sensor input data to competitors, but

the competitors can select any of those available on standard

smartphones; this lack of restriction allows a more realistic

view of technology advances, which is exactly what we are

interested to analyse in this paper. Second, competitors in the

on-site Track have deployed working systems, that is software

able to run reliably for at least 20 minutes on real smartphones

while providing real-time position estimates; this is not the

case for off-site systems which can run on any hardware

without processing power limits, and are not bound by real-

time requirements. Third, the off-site Track does not prevent

competitors from postprocessing their results and gives no

limits on the number of attempts to obtain a good output, while

the on-site Track allows two attempts and forces immediate

download of computed data, so no postprocessing is done

on systems. These differences explain why the on-site Track

reflects more accurately the real-world performance and the

current state of the art of smartphone-based systems.

From a sensing perspective, implementing a localisation

system is a challenging task which usually involves the use

of several sensing data sources, both hardware and software,

working in real-time in a real-world environment. We dis-

tinguish between physical sensors, such as those measuring

Wi-Fi or BLE signal strength, inertial and magnetic data,

atmospheric pressure, and virtual sensors like optical flow,

pedometer, compass, RF ranging.

Virtual sensors are set in italic in Table II. They provide

indirect measurements of abstract conditions that, by them-

selves, are not directly measurable using a sensor. The virtual

sensor output is obtained by combining sensed data, possibly

from a group of heterogeneous physical sensors, and applying

specific algorithms and filtering.

Note that the smartphone operating system usually gets in

the way of obtaining raw data from physical sensors, requiring

more or less sophisticated software tricks that need to be

updated from one version to the next, and which generally

do not work on iOS, which is probably the main reason why

all the selected systems run on Android.

A. Data sources: maps, physical and virtual sensors

Sensor data sources are exploited to develop specific mod-

ules/subsystems as the basis of a localisation system, such

as pedestrian dead reckoning, heading, radio scanning and

fingerprinting, magnetic field fingerprinting, map matching.

Table II summarises the physical and virtual sensors used

by the selected systems. While not mentioned in the table,

all systems use maps, which provide precious information for

navigation purposes.

1) RF scanning and fingerprinting: Both fingerprinting

and range-based methods rely on scanning of Wi-Fi anchors

(Access Points) and measurement of Received Signal Strength
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(RSS). Fingerprinting positioning relies on a fingerprinting

database which is built during an initial survey of the site.

Positioning consists of comparing the vector of real-time RSS

measurement with vectors contained in the database in order

to find the most similar ones. Range-based methods rely on

assumed or measured path loss functions to estimated the

distance from the anchors, and then apply error minimisation

on multilateration or similar techniques. While the same

techniques can be used for BLE, the IPIN competition settings

have not provided BLE anchors for the competitors to exploit.

2) RF ranging: UWB and recent Wi-Fi versions provide RF

ranging. This is not a direct measurement of a physical quan-

tity, but the results of packet exchanges done at the protocol

level by firmware, that is why RF ranging should be classified

as a virtual sensors. While at least for UWB some smartphone

models include this capability, the IPIN competition settings

have not provided the necessary infrastructure, so competitors

have not used any of them. 5G promises RF ranging too, but

again the infrastructure is not there yet.

3) PDR: Pedestrian Dead Reckoning (PDR) is a relative

positioning technique based on the integration of inertial

sensors’ output enriched with magnetometer, useful to estimate

travelling distance and heading. Generally speaking, PDR

systems start from an assumed known position and heading

of the user, and then use the accelerometer to detect the

moment a pedestrian puts her foot on the ground and use that

information, together with an estimation of the step length,

to compute the speed. The heading is computed from gyro-

scope and magnetometer outputs. There are two main PDR

scenarios, depending on the location of the sensors, namely

foot-mounted and hand-held. If the sensors are mounted on the

foot, algorithms can exploit the moment the foot touches the

floor to reset the drift errors due to integration of acceleration

and angular velocity; the technique, known as zero velocity

update (ZUPT) [7], significantly improves long-term accuracy

of PDR for the foot-mounted case. If the sensors are held

in hand, such as the case of sensors of a smartphone, one

common technique to detect the steps is using the frequency

spectrum of accelerometer output. One problem lies in the low

quality of smartphone sensors, which are constrained by size,

power footprint and price. Inaccuracy, low sensitivity and high

drift are the major issues. One additional problem is that PDR

requires some type of a priori knowledge of the user’s initial

position and heading.

4) Magnetic field: The concept of fingerprinting can be

applied to any sensed quantity which can be measured on

the site and is characteristic of the position. Analogously to

using an RSS vector, which depends on the position of anchors

and the building structure, one can use a 3-D magnetic vector

to characterise a given position. The fingerprint of a given

position is the magnetic vector in absolute coordinates (relative

to the environment). Since the smartphone’s magnetometer

measures the magnetic field in its own coordinate system, it

is necessary to evaluate the smartphone attitude by means of

the accelerometer, which measures the gravity vector, and the

heading obtained by the PDR.

5) Barometer: Barometers are useful in helping detect floor

changes, be it via a lift or stairs. Signal processing is neces-

sary because, while featuring excellent resolution, barometer

readings are subject to environmental pressure changes due to

weather, opening of doors and windows and air conditioning.

6) Map matching: Map matching is a fundamental part of

all data fusion strategies devised by competitors, improving

positioning and trajectory by estimating the probability of a

transition from a zone to another, or by preventing crossing

walls and closed door [8], [9]. Various strategies can be used

to process an architectural map, ranging from obtaining a

cleaned-up bitmap, or a vector representation, or even reducing

it to a graph covering the accessible parts of the map.

Vector map representations can be enriched with metadata

for navigation purpose, which can provide richer hints to the

fusion algorithm. An example of this approach is introduced

in [10] as a map framework, where data taken from Open-

StreetMap (OSM) were used for map rendering, for routing

and for aiding position estimates.

In all IPIN competitions for on-site smartphones, competi-

tors were provided with a detailed map of the environment,

as highlighted in Table II. In all cases, the map provided to

competitors was at least twice larger than the real area used

for the secret path, which was disclosed right at the start of

the competition [1], [5].

B. Data fusion

Early solutions for indoor localisation and navigation

adopted only one or two data sources to pinpoint the user

position. But the current ones, including all the selected ones,

exploit most or all of the sensors available on the phone and

mix them using at least one of two fusion methods: Kalman

filters and particle filters. As a single exception, one of the

selected systems uses a hidden Markov model.

1) Kalman filters: Kalman filters were historically the first

choice for fusing data coming from sensors and context infor-

mation such as maps or interactions of the user with the envi-

ronment. They are well understood and can be implemented

efficiently, which is important for a mobile implementation. A

Kalman filter is a recursive Bayesian filter used to predict the

current position. It is an optimal estimator for linear systems

with Gaussian uncertainties, but extended versions exist, al-

lowing the use of strongly nonlinear constraints, such as maps.

The extended Kalman filter and the unscented Kalman filter

are the most common variations. Generally speaking, Kalman

filters are a good choice when the uncertainty can be modelled

or is small.

2) Particle filters: Particle filters are sequential Monte

Carlo methods used to fuse together information from a

variety of sources. Given an a priori likelihood distribution of

position on a map, a cloud of particles (usually few hundreds)

is generated following the distribution, and each particle is

assigned a weight. The second step is propagation, where

each particle moves randomly according to some movement

model, Typically PDR output. Then the weight of each particle

is recomputed accounting for all data which can provide a
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TABLE II
MAIN CHARACTERISTICS OF REPRESENTATIVE LOCALISATION SYSTEMS – VIRTUAL SENSORS ARE TYPED IN italic

edition

IPIN
teams

Competing
Competitor Sensor data Fusion strategy

2014 [11] 7

Kailos [12] Wi-Fi, IMU Hidden Markov

Hubilon [13] Wi-Fi, IMU Particle

Spirit [14] Wi-Fi, IMU, magnetic Particle

2015 [11] 4
MMSS [15] Wi-Fi, IMU, magnetic Kalman

Samsung [16] Wi-Fi, IMU, magnetic Particle

2016 [1] 6
NavIndoor [17] Wi-Fi, IMU, magnetic Particle

WiMag [18] Wi-Fi, IMU, magnetic Particle

2017 [19] 4 NESL [20] IMU, magnetic Extended Kalman

2018 [21] 5 SNU [21] IMU Extended Kalman

2019 [22] 6
SNU-NESL [23] IMU, magnetic Adaptive Kalman

STEPS [24]
barometer, compass

Optical flow, pedometer, Particle

likelihood map, such as RF or magnetic fingerprinting, RF

ranging, barometer, map knowledge and context information.

In the fourth step particles whose likelihood is too low

are removed. The cycle restarts with resampling, when new

particles are generated to replace the removed ones. Particle

filters do not require any assumptions on the uncertainty of

data, and are more useful than Kalman filters when high

uncertainties and strong nonlinearities are present, in exchange

for a much higher computation load [25].

IV. PAST AND FUTURE OF SENSING FOR LOCALISATION

The data gathered from the IPIN competition is limited and

uneven, but it is nonetheless very precious in that it pho-

tographs the state of the art of real-world indoor localisation

systems in the last several years. Here we try to sketch trends

in this research area.

A. Sensing trends

RADAR was the first system proposed for personal indoor

localisation which did not require specialised hardware and in-

frastructure [26]. RADAR opportunistically relied on received

power strength measured from Wi-Fi access points.

Next came PDR, using inertial measurement units (IMU).

The problem with consumer-grade IMU was drift, due to the

integration algorithms necessary to obtain the position from

linear acceleration and angular velocity. The ZUPT algorithm

was a breakthrough for PDR, dramatically reducing the drift

problem, but it can only be used if the IMU is on the foot or

ankle, and thus is unusable of phones, but a magnetometer can

help. In practice, for reason of price, size and power consump-

tion, only micro electro-mechanical systems (MEMS) are used

as inertial sensors for smartphone-based personal navigation

systems. Currently, PDR on smartphones is based on the use

of inertial sensors plus magnetometer and often barometer, and

research focuses mainly on mathematical methods for getting

the most out of MEMS sensors, which are generally low-

accuracy and power-hungry.
Some systems then began to fuse RF information with PDR

and possibly with map knowledge, usually through the use of

efficient Kalman filters. The advent of powerful processors and

ample memory on phones paved the way for particle filters;

this is a fusion method that naturally accommodates diverse

types of information and constraints, especially maps, and

whose performance can naturally take advantage of improved

processing capabilities. The arena which was once occupied

by various flavours of Kalman filters is now dominated by

particle filters and may tomorrow see the advent of neural

networks, which today are mainly used as classifiers for

RF fingerprinting. Future smartphones equipped with tensor

processors will accelerate this trend.
RF ranging at the protocol level has not been used by

any system during the IPIN competitions, because of lack of

infrastructure. UWB ranging is available right now on few

high-end smartphones. IEEE 802.11mc, later consolidated into

IEEE 802.11-2016, has introduced Wi-Fi Round-Trip Time

(Wi-Fi RTT) measurements at the protocol level, but to the

authors’ knowledge has had little, if any, impact on available

devices until today, even if some Wi-Fi access points support

it, as has done Android since version 9. 5G promises RF

ranging capabilities, too. The inclusion of RF ranging in radio

communication protocols witnesses the interest of industry

towards applications of indoor localisation and should be

closely regarded as the next possible significant step towards

affordable and accurate smartphone-based personal navigation.
In Table II we can see how fusion methods profit from all

the sensors present in smartphones. We observe that, of lately,

systems have begun to use the virtual sensors provided by

the operating systems rather than trying hard to get access

to sensors at the lowest possible level. Reliance on PDR has

grown, with systems appearing which make no use of Wi-

Fi, and an emerging usage of vision-based methods backed
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TABLE III
THIRD QUARTILE OF ACCURACY FOR THE SELECTED SYSTEMS IN THE

2014–2019 IPIN COMPETITIONS

edition

IPIN
Competitor

of accuracy [m]
Third quartile

2014

Kailos 5.7

Hubilon 6.6

Spirit 6.7

2015
MMSS 6.6

Samsung 9.9

2016
NavIndoor 5.4

WiMag 8.2

2017 NESL 8.8

2018 SNU 6.8

2019
SNU-NESL 3.8

STEPS 7.4

by the OS. These trends can be attributed to improved OS

management of sensor data, improvements in algorithms, more

processing power and improved sensor hardware.

From a sensing point of view, the main limitation of

sensor performance are accuracy and power consumption:

improvements in these areas are bound to improve localisation

performance.

B. Accuracy trends

It is difficult to gauge what is the improvement in locali-

sation accuracy over time. While the IPIN competitions are

great in exposing the state of the art and comparing systems

in a given moment, they cannot give a quantitative evaluation

in time, as the settings are different and not comparable each

year, most notable differences including the map structure and

the Wi-Fi coverage.

Anyway, by looking at the results of the selected systems

shown in Table III we can get an idea of the accuracy attainable

by smartphone-based state-of-the-art systems rigorously tested

in the EvAAL framework. Note how vastly different these

figures are from the ones found in the literature – often

claiming sub-meter accuracy – which are relative to controlled

conditions, careful tuning and non-uniform testing conditions.

V. CONCLUSION

Indoor localisation on smartphones is a thriving research

area and is slowly gaining market interest, but real-world

Indoor Localisation Systems (ILS) are few, and it is difficult to

assess a technology trend by looking only at academic papers.

For these reasons, in order to get a realistic view of the state

of the art we looked at the IPIN competitions from 2014 to

2019.

All IPIN competitions have hosted a smartphone-based

Track with consistent rules, thus allowing to compare the use

of technologies over the years. We only considered stable and

working ILSs, that is, those which were able to complete the

competition with “reasonable” accuracy result. We excluded

ILSs whose inner technology could not be assessed. The

resulting set of ILSs is small, but we claim that the chosen

selection criteria makes this set significant to the aim of

observing technology trends.

One apparent technology trend is about increasing the

importance of inertial and magnetic sensors over Wi-Fi, thus

making an ILS more robust in the face of environment

heterogeneity.

Another trend appears to be about relying more on the

virtual sensors provided by the operating systems, like pe-

dometer, compass, optical flow, rather than the low-level

output from physical sensors like accelerometer, gyroscope

and magnetometer; this may indicate that ILSs are approaching

maturity and that there is increasing attention by smartphone

manufacturers and operating system designers to providing

high-quality base functionalities to user applications.

Lastly, there appears to be a trend towards increasing accu-

racy of ILSs. While this is to be expected, the numbers shown

are not directly comparable and should be taken only as a

general indication, because the setting of the IPIN competition

is different every year. We expect that technology evolution in

both hardware and software will drive performance advances

confirming this trend in the next years. Specifically, we expect

to see advances on the software side which build upon

increasing processing power and new computation paradigms

and algorithms; on the hardware side, upon improved sensor

accuracy and lower power footprint.
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