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Abstract

Positioning accurately and safely a train is nowadays a great challenge.
Safety and cost-efficiency requirements in addition to the technical
limitations of current positioning system have propitiated this research
area. Consequently, several research projects have been launched re-
garding to the train positioning systems over the last lustrum.

The current train positioning systems are based mainly on odometry
and track circuits but they present both technical and economical limit-
ations. The combination of Global Navigation Satellite System (GNSS)
and Inertial Navigation System (INS) arise as prominent solution to
overcome the current system limitations. However, the lack of agree-
ment of the main research works about GNSS integration into the train
positioning system, has set it aside for short-term solutions.

This dissertation is focused on the integration of an INS as a comple-
mentary source to wheel speed sensors in order to achieve the function-
ality, interoperability and cost-efficiency requirements of fail-safe train
positioning system. The design and development of the proposed solu-
tion has propitiated four papers that are directly related to the research
objectives.

First, the main train positioning solutions published up-to-date are eval-
uated and main research gaps are highlighted. Following these gaps, a
experimental test is carried out to evaluate GNSS and INS-based solu-
tion and its performance is compared to current train navigation solu-
tion. Once detected the potentialities of INS-based solution, it arises
as propitious system to complement wheel speed sensors. However,
before providing a commercial solution, a flexible and one-stop simu-
lation framework is developed in order to design and test different train



navigation algorithms, mechanization methods, etc. in multiples scen-
arios (changing the features of trains, tracks, sensors and so on). Fi-
nally, a comparison of the performance of different commercial IMUs
has been carried out in a experimental test in order to optimize the cost
of the proposed solution.



Resumen

Hoy en dı́a la localización precisa y segura de un tren es un reto. Este

área de investigación ha venido motivado por la necesidad de un nuevo

sistema de posicionamiento ferroviario que venciera las limitaciones

del sistema actual, cumpliendo los requisitos de seguridad funcional

y la eficiencia de coste. Consecuentemente, se han promovido varios

proyectos de investigación, especialmente en Europa y en los últimos

cinco años.

El sistema de posicionamiento ferroviario actual se basa principalmen-

te en la odometrı́a del equipo embarcado y en los equipos de vı́a (ba-

lizas, circuitos de vı́a, contadores de ejes, etc.). Sin embargo, los sen-

sores que lo componen presentan limitaciones y el coste de manteni-

miento de los equipos de vı́a resulta elevado. En este contexto, surgen

soluciones como los sistemas de posicionamiento global basados en

satélites (GNSS) y los sistemas inerciales basados en acelerómetros y

giróscopos (INS). Sin embargo, la diversidad de posibilidades defen-

didas por los operadores ferroviarios para integrar GNSS en el sistema

de posicionamiento de un tren ha hecho descartar esta opción como

solución a corto plazo.

Esta tesis está enfocada en la integración de sensores inerciales en un

sistema de posicionamiento ferroviario como fuente complementaria a

los sensores de rueda. De esta forma se pretenden alcanzar los requi-

sitos de funcionalidad, interoperabilidad y coste definidos en la tesis.

El diseño y el desarrollo de la solución óptima ha resultado en cuatro

artı́culos de investigación recogidos en este libro.



En primer lugar, se han evaluado los principales trabajos propuestos
hasta la fecha sobre sistemas de posicionamiento ferroviario. Este tra-
bajo ha mostrado los research gaps más relevantes en este contexto. A
partir de estos, se han desarrollado el resto de los artı́culos. En primer
lugar, se ha realizado una prueba experimental donde se ha comparado
la solución obtenida de GNSS e INS contra la solución actual, basada
en sensores de rueda y radar Doppler. Vistas las posibilidades ofreci-
das por el sistema inercial, se ha optado por complementarlo con el
sensor de rueda y dar ası́ una solución eficiente. Sin embargo, antes de
comercializarlo, se ha preparado un completo y flexible entorno de si-
mulación donde probar diferentes algoritmos de navegación, métodos
de mecanización, etc. en múltiples escenarios modificando las carac-
terı́sticas del tren, la vı́a, los sensores, etc. Por último, se ha presentado
una comparativa de diferentes IMUs ya que el rango de precios de estos
sensores pueden ir desde los 3e hasta los 30.000e.



Laburpena

Gaur egungo tren baten lokalizazio ziur eta zehatza lortzea erronka

handi bat da. Ikerketa alor honen garapena egungo tren lokalizazio

sistemaren beharretatik abiatu da, seguratasun eta kostu irizpideak oi-

narri izanik. Ondorioz, azken urteotan Europatik zuzenduriko ikerketa

proiektu ugari jarri dira martxan.

Egungo tren baten lokalizazio sistema ibilgailuan jarritako eta trenbi-

dean jarritako sistemen arteko elkarrekintzan datza. Hala ere, erabili

ohi diren sentsoreek muga nabarmenak dituztela eta trenbideetako sis-

temen mantentze-lanen gastua handia dela ondorioztatu dute trengintza

eragileek. Kontextu honetan, bi teknologia aztertu izan dira etorkizu-

neko ibilgailuen lokalizazioan eragina izan dezaketenak: alde batetik,

sateliteetan oinarrituriko sistema globalak leudeke, GNSS deritzenak.

Bestalde, azelerometro eta giroskopoetan oinarrituriko sistema iner-

tzialak, INS deritzenak. Hala ere, lehenengoak epe laburrerako solu-

zio modura baztertuak izan dira, trengintza eragileen desadostasunak

medio.

Tesi hau sentsore inertzialetan oinarritu da, zeinak egungo sistemaren

informazio iturri osagarri modura proposatu diren. Horrela, funtzio-

naltasun, eraginkortasun eta kostu irizpideak betetzea helburu du tesi

honek eta bere garapenean, liburu honetan jaso diren lau ikerketa arti-

kulu idatzi dira, horietatik hiru onartuak izanik.

Lehenik, aurretik aurkezturiko lanen ebaluazioa egin da irizpide des-

berdinak kontuan hartuta. Lan honetan research gap garrantzitsuenak

detektatu dira trenen lokalizazioaren textuinguruan. Bertatik abiatuta

gainontzeko artikuluak garatu dira. Lehenik eta behin, GNSS eta INS



sistemak bateratuz lorturiko soluzioa, egungo sistemaren soluzioare-
kin alderatu da (takometro eta Doppler radarretan oinarritua), trenbide
bateko neurketak erabiliz. Sentsore inertzialen aukerak ondorioztatuta,
hauek takometroekin erabiltzea proposatu da. Sistema honen erantzu-
na neurtzeko, simulazio ingurune bat garatu da non nabigazio algo-
ritmoak, mekanizazio metodoak, eta abar probatu daitezken (edozein
tren, sentsore, trenbide eta abiadura kontuan hartuta). Azkenik, IMU
desberdinen alderaketa bat eskeini da, sentsore hauen prezioa 3e-tik
30.000e-raino izan baitaiteke.
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Research is to see what everybody
else has seen, and to think what
nobody else has thought.

Albert Szent-Györgyi

CHAPTER

1
Introduction

Intelligent transport systems (ITS) have at their core technological systems that

work together to improve transportation performance [1]. ITS are built mainly

on three technology pillars named as information, communication and positioning

technologies, where this last one seems to be the least familiar amongst transport

stakeholders [2]. However, it is today well known that ITS strongly rely on loc-

ation information which can be considered the key technology pillar for several

applications such as fleet dispatching, passenger information or maintenance and

track infrastructure reduction [3]. Consequently, research effort is focused on the

development of positioning systems for automobiles, trains and aerial vehicles.

Focused on the train positioning system, it plays a key role in the so called

Automated Train Operation (ATO) where the responsibility for managing opera-

tions are transferred from the driver to the train control system. The train control

system requires seamless positioning information to guarantee the availability of

the ATO and it demands exigent requirements regarding to the functionality, inter-

operability, safety, energy and cost issues. In order to provide the positioning in-

formation fulfilling the asked requirements, current train positioning systems must

be improved.

1



1. INTRODUCTION

The current train positioning systems are based mainly on on-board sensors and
track equipment. The track equipment is a composition of devices (e.g. track cir-
cuits, axle counters, beacon or balises, etc.) installed at infrastructure level. In gen-
eral, the railway track is divided into co-called cantons and at the beginning of each
canton, a beacon is placed. When a train passes over it, the traffic management sys-
tem detects that a train is in that canton (usually the length of the train is measured
with axle counters). If another train is located right after this canton, the driver is
notified and if there is no response after several seconds, the train is stopped auto-
matically by its Automatic Train Protection (ATP) system [4]. Once the train is
inside a canton, the on-board sensors provide the velocity and the covered distance
(i.e. odometry) from the last beacon. The main on-board sensors used up to date
are wheel speed sensors (a.k.a. velocity encoders, tachometers and phonic wheels)
and Doppler radars [5].

The current positioning system deals with several limitations that can be gathered
according to safety, energy, functionality, interoperability and economical issues:

• Functionality: According to the on-board sensors used in current train posi-
tioning, the wheel speed sensor loses accuracy when instantaneous wheel ra-
dius differs from nominal value (e.g. due to wear and conicity of the wheels)
and the angular rate is incoherent to train longitudinal velocity (e.g. due to
slip or skid phenomena). The Doppler radar also present limitations due to
the loss of discrimination in the emitting and reflected signal in very smooth
surfaces (such as snow, glass, etc.) [6]. These sensors only are able to provide
velocity and covered distance, which makes the positioning information to be
limited (neither orientation nor absolute position is given).

• Interoperability: The track equipment used for positioning is related to the
train control system which can be particular for each railway. Several train
control systems with different functionalities and technologies are used in
Europe, so there has always been a problem of interoperability and migration
of new systems (even on national level). The development of the European
Rail Traffic Management System (ERTMS) has been promoted to harmonize
railway rules and regulations making future architectures of train positioning
systems to fulfill ERTMS requirements. The current regulations have defined

2



a minimum operational requirement stating that the train position shall meet

5m + 5% accuracy since last read beacon [7]. The ERMTS has promoted

the positioning systems to be on-board in order to reduce the dependency of

track equipment and standardizing the balises used in tracks.

• Safety: The train positioning system can be used for non-safety or safety

related applications. Not safety related purposes are those where errors can

result in disadvantages such as delays, wrong information to passengers and

economic losses, but cannot cost human life or damage equipment (e.g. time-

table asset). Nevertheless, safety related purposes are those whose failures

can cause accidents, either alone or in combination with other errors (e.g.

doors opening when a train arrives at a station). Thus, the requirements for

the components are very high to ensure safe working in all possible condi-

tions such as different speed of trains, different weather conditions, etc. The

safety purposes can be further distinguished in terms of whether the erro-

neous non-detection or the erroneous detection at the wrong time can cause

danger. Consequently, train positioning systems demand the highest safety

integrity level (SIL-4) where the tolerable hazard rate must be below 10−9

hazard/h [8].

• Energy: Recent research works on energy recovery and optimal traction have

demonstrated that the target operating point is located near the maximum

torque of the engine [9],[10],[11]. This operation point is located as well,

in severe slipping scenario where the wheel speed sensor will tend to overes-

timate the train velocity. Consequently, the wheel speed sensor must be com-

plemented if accuracy reached is expected to fulfill ERTMS requirements. In

this context, the multi-sensor architectures can be proposed to enhance the

wheel speed sensor measurements.

• Cost: In case of economical drawbacks of the current positioning system,

the purchase cost of Doppler radars and maintenance cost of track circuits

have motivated the proposals of new candidate sensors. The development

of micro-electromechanical systems (MEMS) has propitiated the utilization

of inertial sensors for different positioning purposes (e.g. for pedestrian,

3



1. INTRODUCTION

land-vehicular and unmanned aerial vehicles) [12]. The railway environment
due to the track constrains, smooth curves and altitude changes makes them
propitious to use in combination of some of the current sensors [13].

Over the last decade, important efforts have been made with regard to over-
come the main limitations cited previously. As a sign of interest, the railway sector
has always been present in different European research programs such as FP7 and
Horizon 2020. According to Horizon 2020, all the investigation activities related
to the railway are collected in Shift2Rail (S2R), the first European rail initiate that
seeks research and innovation market-driven solutions to be integrated into innov-
ative rail products [14]. Most of the projects encompassed into S2R deal with the
integration of new candidate sensors evaluating them in experimental tests (e.g.
ERSAT-EAV, RHINOS, STARS, etc.). Further information about these research
projects can be found in [3] and [4].

The majority of the proposals presented up to date concludes multi-sensor data
fusion architectures are required to solve each sensor individual limitations. How-
ever, there is an open discussion about the most appropriate candidate sensors to
include in the multi-sensor architectures.

• Global Navigation Satellites System (GNSS): Satellite-based localization sys-
tems are new technologies that can play an important role for reducing the
rail infrastructure costs because, instead of relying on equipment installed
all along the tracks, trains can use satellite signals to calculate their position
in an autonomous way [15]. The manufacturing cost of GNSS chipsets has
now dropped sufficiently to enable high performance receivers to be manu-
factured at low cost (around 100e) [16]. The main advantages of satellite
navigation are its global availability and the high accuracy measurement (m-
level standalone and cm-level with correction techniques) that is not prone
to drift [17]. However, there are also several disadvantages, such as shad-
owing or multipath of satellites in railway tunnels, forest aisles and urban
environments resulting in none or an uncertain measurement. Consequently,
seamless positioning solution is not reachable using GNSS stand-alone and it
is used with complementary data such as inertial sensors [18], eddy-current
sensors [17], wheel speed sensors [19], imaging information [20], etc.

4



• Inertial Measurement Unit (IMU): The IMU is an integrated sensor package

that combines multiple accelerometers and gyrocopes to produce a three-

dimensional measurement of both specific force and angular rate, with re-

spect to an inertial reference frame. The IMU by itself does not provide

any kind of navigation solution (position, velocity, attitude). It only actu-

ates as a sensor, in opposition to the INS (Inertial Navigation System), which

integrate the measurements of its internal IMU to provide a navigation solu-

tion. For instance, an Inertial Navigation System (INS) uses an IMU to form

a self-contained navigation system which uses measurements provided by

the IMU to track the position, velocity and orientation of an object relat-

ive to a starting point, orientation and velocity. Unlike wheel speed sensors,

Doppler radars and GNSS whose errors are partly related to the terrain in

which the vehicle is traveling, inertial sensors are fully self-contained [21].

Their performance, however, is limited on the measurement errors and their

propagation to velocity or position estimation, where time integration make

the drift arise. Recent research works have proposed calibration techniques

[22],[23] and drift-reduction algorithms based on non-holonomic constrains

[24], external sensors measurements [25], track constrains [26], errors char-

acterization [27],[28] etc. in order to mitigate the drift growth, especially for

ultra low-cost (below 10e) devices.

In addition to the presented candidate sensors, new information sources are

also investigated. The main data source that can be used for positioning purposes

is related to the digitalization of railways and they are named digital maps. The

digital maps are useful for positioning purposes due to the fact that railway tracks

can only consist of a sequence of the following three geometric shapes: straight,

transitional arc (i.e. clothoid) and circular arc. By continuously identifying the

current track geometry and incorporating this knowledge in the estimation process

of the data fusion algorithm, along-track and cross-track accuracy can be increased

using map-matching algorithms [29], [30]. However, the generation of compact,

robust, accurate and available railway maps is an incipient field [31], [32].

The integration of the multi-sensor architectures are carried out by data fusion

algorithms. Multi-sensor data fusion algorithms combine observations from a num-

5



1. INTRODUCTION

ber of different sources to provide a robust and complete description of a process
of interest [33]. The design and/or the development of data fusion algorithms is
a research field itself, but the most used techniques for positioning applications
are focused on Kalman Filters (KF) and Particle Filters (PF) [34], [35]. Although
PF are able to provide more accurate estimations due to the ability to operate with
non-linear and non-Gaussian states, the computational cost makes its integration on
commercial solution to be challenging. Consequently, the different adaptations of
the KF, such as Extended-KF (EKF) [36], [37], [38], [39] or Unscented-KF (UKF)
[40], [41] seems to be closer to commercial solutions.

6



1.1 Thesis Statement

1.1 Thesis Statement
This dissertation provides a solution to the current train positioning system by pro-
posing a multi-sensor architecture based on a combination of current and candidate
sensors: on the one hand, wheel speed sensor has been considered due to its accur-
acy (it guarantees 2% velocity-error in nominal operation scenarios), lack of inter-
ference and drift over time and the large knowledge of rolling-stock manufacturers
on this sensor. On the other hand, a low-cost IMU is proposed to complement wheel
speed sensor in those cases where wheel radius is far away the nominal value (e.g.
wheel worn or excessive conicity) and the angular rate of the wheelset is not coher-
ent to the train longitudinal velocity (e.g. slipping or skidding stages). The GNSS
is also evaluated as candidate system to compensate inertial sensors errors and to
provide absolute position. In addition to odometry information, train’s orientation
angles, acceleration, velocity and absolute position are provided to enhance the
positioning solution reached up to date.

7



1. INTRODUCTION

1.2 Main research objectives
This dissertation addresses the following main objectives to achieve the statement
presented in the previous section:

1. The main objective is to design an on-board system that overcomes current
sensors’ limitations, mainly those related to wheel speed sensors. The study
and integration of candidate systems (e.g. INS, GNSS) and the interaction
with current system (e.g. wheel speed sensors, Doppler radars) must be per-
formed based on several requirements.

2. According to interoperability requirements, the proposed solution shall avoid
the track infrastructure (balises, track circuits, axle counters, etc.) in order
not to deal with different signalling systems and for enhancing the autonomy
of a train. The proposed solution cannot present interoperability conflicts and
it shall be based on ERTMS but not limited to it.

3. According to functionalities requirements, the proposed solution shall be
scalable to absolute position estimation. The integration of GNSS or digital
maps must be considered as candidate data sources to be integrated in future
developments. Consequently, the orientation angles (roll, pitch and yaw) and
vehicle’s absolute position shall be provided.

4. According to cost-efficiency requirements, the proposed solution shall provide
a commercial and manufacturable solution. The train positioning system
could be equipped on every kind of train and integrated into an odometry
card.

8



1.3 Research methodology

1.3 Research methodology
In order to achieve the main research objectives, the very first work carried out is the
evaluation of the state-of-the-art solutions and the search of the main research gaps
of the up to date research context. It is concluded that the utilization of INS and
GNSS arise as prominent field in order to overcome the current train positioning
system limitations.

An experimental test is carried out to evaluate the performance of the candidate
systems (INS and GNSS) and it is compared to current system solution. The INS
solution has shown major potentialities according to functionality, interoperability
and cost-efficiency criteria than GNSS. Consequently, the architecture proposal is
focused on INS as aiding source to the current train positioning system.

The utilization of the INS in those scenarios where the wheel speed sensor
provides inaccurate solution seems to fulfill the objectives and requirements set by
rolling-stock manufacturers. However, an exhaustive evaluation of the proposed
solution must be performed before the integration of it in a commercial train. In
order to optimize the design, development and test of the proposed train positioning
system, a flexible simulation framework has been developed.

Regarding the cost efficiency objectives, a comparison of different IMUs in
a experimental test has been carried out. The use of calibration techniques has
allowed to reduce the initial proposal reducing the IMU cost 1000 times.

9



1. INTRODUCTION

1.4 Publications
This thesis is a collection of four publications. In this section, the publications are
listed and briefly introduced. In addition, the relationship between papers and the
link to the research objectives can be shown in Figure 1.1.

PAPER 1

Survey of Train Positioning 

Solutions.

PAPER 2

Evaluation of Experimental 

GNSS and 10-DOF-IMU 

Measurements for Train 

Positioning.

PAPER 3

Simulation Framework for 

Testing Train Navigation 

Algorithms based on 9-DOF-

IMU and Tachometers.

PAPER 4

Performance Evaluation of 

Different Grade IMUs for 

Land-vehicular Attitude and 

Accelerations Estimation.

Research

context

Technical &

Economical 

Challenges

Enhanced 

functional 

parameters

On-board 

positioning

system 

Fail-safe and 

interoperable

Cost-efficient 

solution

EU research 

initiatives

Train 

Positioning 

Proposals

Figure 1.1: Relationship between the research objectives and publications.

1.4.1 Paper I
Paper I is titled A Survey of Train Positioning Solutions and it has been published
in a JCR-Q1 journal (IEEE Sensors Journal). It presents an exhaustive evaluation
of the state-of-the-art train positioning solutions under different criteria. It also
highlights the main research gaps for future research.
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1.4 Publications

J. Otegui, A. Bahillo, I. Lopetegi, and L. E. Dı́ez, “A Survey of Train Posi-
tioning Solutions” IEEE Sensors Journal, vol. 17, no. 20, pp. 6788–6797,
Aug. 2017.

IEEE Sensors Journal JCR IF (2017): 2.617
Q1 in Instruments & Instrumentation

9 citations in Web Of Science, 17 in Scopus and 19 in Google Scholar.
25 most downloaded Sensors Journal papers
in the month of December, 2017, January and February, 2018.

1.4.2 Paper II

Paper II is titled Evaluation of Experimental GNSS and 10-DOF MEMS IMU Meas-

urements for Train Positioning and it has been published in a JCR-Q1 journal (IEEE

Transactions on Instrumentation and Measurement). It presents an exhaustive ex-

perimental test description on which a GNSS and INS solution performance is com-

pared to the current train navigation system.

J. Otegui, A. Bahillo, I. Lopetegi, and L. E. Dı́ez, “Evaluation of Experi-
mental GNSS and 10-DOF MEMS IMU Measurements for Train Position-
ing,” IEEE Transactions on Instrumentation and Measurement, vol. 68, no.
1, pp. 269–279, Jan. 2019.

IEEE Transactions on Instrumentation and Measurement JCR IF (2018):
3.067
Q1 in Instruments & Instrumentation

1 citations in Web Of Science, 3 in Scopus and 2 in Google Scholar.

This work was selected to be presented in the flagship instrumentation and

measurement conference, IEEE International Instrumentation and Measurement

Technology Conference (I2MTC), during the poster session.
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J. Otegui, A. Bahillo, I. Lopetegi, and L. E. Dı́ez, “Evaluation of Exper-
imental GNSS and 10-DOF MEMS IMU Measurements for Train Posi-
tioning,” IEEE International Instrumentation and Measurement Technology
Conference (I2MTC), Auckland, New Zealand, May 2019.

1.4.3 Paper III

Paper III is titled Simulation Framework for Testing Train Navigation Algorithms

based on 9-DOF-IMU and Tachometers and it has been accepted for publishing

in a JCR-Q1 journal (IEEE Transactions on Instrumentation and Measurement).

It presents a flexible and one-stop simulation framework that enhances the func-

tionalities of the up-to-date simulation frameworks to evaluate train navigation al-

gorithms.

J. Otegui, A. Bahillo, I. Lopetegi, and L. E. Dı́ez, “Simulation Framework
for Testing Train Navigation Algorithms based on 9-DOF-IMU and Tacho-
meters,” IEEE Transactions on Instrumentation and Measurement, Accepted
for publication.

IEEE Transactions on Instrumentation and Measurement JCR IF (2018):
3.067
Q1 in Instruments & Instrumentation

1.4.4 Paper IV

Paper IV is titled Performance Evaluation of Different Grade IMUs for Land-

Vehicular Attitude and Accelerations Estimation and it is under review in a JCR-Q1

journal (IEEE Access). It presents a comparison of different grade IMUs, on which

a calibration technique is proposed to mitigate the errors of a low-end IMU.

J. Otegui, A. Bahillo, I. Lopetegi, and L. E. Dı́ez, “Performance Evaluation
of Different Grade IMUs for Land-Vehicular Attitude and Accelerations Es-
timation” IEEE Access, Article under review.
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1. INTRODUCTION

1.5 Outline
This thesis is divided into 6 chapters. Apart from introduction and conclusions,
each of those chapters summarizes the publication that is dedicated to that same
aspect. Each publication is self-contained. Therefore, each of them includes its
own state-of-the-art section, proposes its research questions, and describes the par-
ticular strategy that it applies, which is tailored to the main research questions.

After this introduction (Chapter 1), chapter 2 presents and evaluates the main
train positioning solutions published up-to-date. Chapter 3 focuses on a experi-
mental test to evaluate GNSS and INS-based solution and its performance is com-
pared to current train navigation solution. Chapter 4 presents a flexible and one-
stop simulation framework to design and test different train navigation algorithms,
mechanization methods, etc. in multiples scenarios (changing the features of trains,
tracks, sensors and so on). Chapter 5 focuses on the cost optimization of the
IMU, evaluating different grade solutions for land-vehicular positioning purpose.
Chapter 6 summarizes the conclusions of this thesis.

The papers that comprise this thesis are appended at the end of each chapter.
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If you want to have good ideas, you
must have many ideas.

Linus Pauling

CHAPTER

2
Train Navigation

Background

Over the last lustrum, several research projects have been launched regarding

to the train positioning systems clustered into FP7 and Horizon 2020 European

research and innovation programs. Most of them are related to satellite-based po-

sitioning systems and their integration into the rolling stock context. However, the

safety and cost-efficiency requirements in addition to the technical limitations of

current positioning system have propitiated this research area. Consequently, high

amount of proposals can be found about this topic.

Although GNSS and INS arise as prominent systems to incorporate into the

train positioning systems, there are no common criteria to define an architecture

or to evaluate the performance of the solution achieved. In this context, this paper

evaluates the 11th most relevant works up to date according to test track, sensors

characteristics, data fusion algorithm and the results evaluation techniques.

• Test and evaluation methodology: The track used to evaluate the positioning

solution has utmost interest because it determines the features that are con-

sidered during the system evaluation. Consequently, test environment (sim-

ulated or experimental), challenging scenarios consideration (tunnels, urban
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2. TRAIN NAVIGATION BACKGROUND

canyons, etc.), operation mode and maximum speed allowed in track, po-

sitioning mode (one- or three-dimensional), test duration and ground truth

generation techniques are analysed for each work.

• Sensors characteristics: The sensors are classified into the candidate sys-

tems (GNSS and INS) and currently in use train sensors (tachometers, balise

readers and Doppler radars). The evaluation is focused on candidate sensors

where sensor type, model, frequency and cost among others are compared

between different proposals.

• Data fusion algorithm: the estimation of navigation variables is evaluated ac-

cording to the framework, data fusion algorithm, implementation mode, the

number of state variables, orientation calculation and representation method,

GNSS parameters and coupling method between GNSS and INS.

• Results evaluation: the performance of the proposals are compared each

other regarding the analysis mode, the application, the error metrics and its

values.

The main contribution of this paper is the search for research gaps in train po-

sitioning and the establishment of future standpoints. The four main research gaps

concluded from this work are developed in the rest of papers of this dissertation.

Table 2.1: Test track analysis of the state-of-the-art proposals

Proposal
Test

environment
Challenging features test/simulation Train characteristics Positioning

mode
Test

duration
[h]

Ground Truth
technique

Slip/Slide Tunnel Forest Urban
Operation

mode
Maximum speed

[km/h]
(1) Sim Yes Yes No No VHS 400 3D 0.42 Simulated data
(2) Exp No No No No N/A N/A 2D N/A DGPS solution
(3) Exp No No No No VLS 30 2D 3.00 RailML Database
(4) Sim Yes No No No HS 200 1D 0.16 Simulated Data
(5) Exp No No No No VLS 30 3D N/A N/A
(6) Exp No Yes No No HS 250 2D N/A N/A
(7) Exp No No Yes No N/A N/A 2D 1.00 N/A
(8) Sim No No No No HS 200 2D 0.16 Simulated data
(9) Exp No No No Yes LS 70 1D 1.50 IMU + Tachometer

(10) Exp No No No No N/A N/A 1D 0.03 Topography data
(11) Exp No No No No CS 120 1D 4.00 OSM Database

Acronyms: Experimental data (Exp) and Simulated data (Sim).
Very High Speed (VHS), High Speed (HS), Conventional Speed (CS), Low Speed (LS) and Very Low Speed (VLS).
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Table 2.2: Sensors characteristics analysis of the state-of-the-art proposals.

Proposal
Candidate sensors characteristics

Currently in use
train sensors

GNSS IMU
Type Model Frequency Cost Type Tech Model DOF Frequency Cost

(1) High-end N/A 1Hz N/A N/A N/A N/A 6 100Hz N/A
Tachometer (20Hz)

Balises Reader (300m)
(2) High-end N/A 1Hz N/A N/A N/A N/A 9 1Hz N/A Balises Reader (500m)

(3) High-end
Septentrio
Aste-Rx3

N/A 7100e - - - - - - -

(4) - - - -
Customer

Grade
MEMS

ECM
S.p.A

6 N/A N/A
Tachometer (N/A)

Balises Reader (1000m)

(5) High-end
Trimble

Ashtech GG24
10Hz 1000e

Tactical
Grade

MEMS
Watson
BA604

6 125Hz N/A Tachometer (20Hz)

(6) High-end
iNAT

RQT4003
N/A N/A

Navigation
Grade

RLG
iNAT

RQT4003
6 N/A N/A Tachometer (N/A)

(7) N/A N/A 2Hz N/A - - - - - -
Doppler Radar (N/A)
Balises Reader (N/A)

(8) High-end
Trimble

Ashtech MB100
N/A 900e - - - - - - Tachometer (N/A)

(9) - - - -
Customer

Grade
MEMS

MEGGITT
SX43030

6 N/A 2800e -

(10) High-end
Septentrio
Polar-Rx3

1Hz N/A
Navigation

Grade
MEMS

xSens
MTi

6 10Hz 1500e -

(11) Low-end
u-blox
LEA6T

1Hz 31.5e
Navigation

Grade
MEMS

xSens
MTx

6 200Hz N/A -

Table 2.3: Research results analysis

Proposal Analysis mode
Application

Position and speed variables analyzed (Error metrics) Values
Type Requirements

(1) Off-line Non-Safety No Mean RMS Error 1.04m
(2) Off-line Non-Safety No Maximum RMS Error 1.5m
(3) Off-line Non-Safety No Track selectivity 94.2%

(4) Off-line Non-Safety ETCS
Instantaneous Error in covered distance

Instantaneous Error in speed
N/A

(5) Off-line Non-Safety No N/A N/A

(6) On-line Non-Safety No
Maximum Total

Cumulative Error
27.29m

(7) Off-line Safety
EN50126

(RAMS and SIL)
- -

(8) Off-line Non-Safety No
Mean RMS Error

Variance RMS Error
0.135m
0.136m

(9) Off-line Non-Safety No Cumulative Error in covered distance 6.4km

(10) Off-line Non-Safety No
Mean RMS Error

Maximum RMS Error
0.73m
1.46m

(11) Off-line Non-Safety No Track selectivity 99.7%
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2. TRAIN NAVIGATION BACKGROUND

1. There are few works (only 27.27% of the evaluated works) that are able to
test the proposed system in a flexible simulation framework, where different
phenomena (e.g. wheel slip/skid, tunnels presence, vehicle vibrations, etc.)
are simulated in order to analyse the system response (Table 2.1).

2. The experimental works used for evaluating proposed systems deals with
lack of details on the test description (Table 2.2). The instrumentation used
(train and track of the test, measuring architecture, etc.), as well as some of
the characteristics of the proposed sensors (model, frequency and cost) are
not given.

3. The solutions proposed in the analysed works are very ambiguous in eco-
nomic cost (some proposals are around a thousand euros whereas other ones
are below a hundred euros). A comparison of the performance of different
candidate sensors has to be performed in order to know the main limitation
of the lower cost proposals.

4. There are multiple techniques to asset the Ground Truth (GT) and to evaluate
the solution metrics as shown in Table 2.3. The lack of standardized metrics
makes difficult to provide an objective analysis of the solution accuracy and
precision. Thus, GT establishment technique should be investigated and the
quality of the method evaluated. The definition of the reference values of
position has utmost relevance when evaluating the positioning solution and
there is non-uniform criterion to define it (e.g. planimetry data or high-end
sensors proposal are the most often used).
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A Survey of Train Positioning Solutions
Jon Otegui, Alfonso Bahillo, Iban Lopetegi, and Luis Enrique Díez

Abstract— Positioning accurately and safely a train is
nowadays a great challenge. That includes currently available
railway sensors and new candidate sensors for data fusion.
Global Navigation Satellite System and Inertial Measurement
Unit sensors arise as prominent technologies to incorporate in
railways. Although satellite-based train localization tests can be
found in the scientific literature, there are no common criteria
to evaluate the performance of the positioning achieved. In this
paper, a series of criteria is defined and justified in order to be
able to evaluate the most recent and relevant works related to
train positioning. The results of this comparative analysis are
gathered in tables, where the criteria defined are applied to the
works compiled. According to the results obtained, a research
gap in safety related applications is found. It is concluded that
the economic viability of given solutions should be explored, so as
to design an on-board train-integrated positioning system.

Index Terms— Inertial sensors, satellite positioning, train
navigation, data fusion, ground truth.

I. INTRODUCTION

ALTHOUGH it may seem strange, nowadays, no train is
positioned safely in an absolute reference frame. This

means that railway operators cannot know the position of a
train in precise longitude and latitude coordinates. This does
not mean the railway management system is unsafe, because
there are other techniques used [1]. The most usual system
is one based on a beacon. The railway track is divided into
so-called cantons. At the beginning of each canton, a beacon
(or balise in railway jargon) is placed. When a train passes
over it, the traffic management system detects that a train is
in that canton (usually the length of the train is measured
with axle counters). If another train is located right after this
canton, the driver is notified and if there is no response after a
while, the train is stopped automatically by its Automatic Train
Protection (ATP) system. It is within this signaling system that
odometry plays a key role in determining where the train is.

Odometry can be defined as the use of data from motion
sensors in order to estimate changes in position over time.
In recent years, the number of sensors available for odometry
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has increased significantly. These new available positioning
sensors have found a gap in railway applications, and they can
supplement the limitations of conventional sensors, as shown
in Table I [2]–[5].

With the new paradigm of sensors available for positioning,
their classification is required. Most authors have divided
them into on-board sensors (tachometers, inertial sensors,
satellite-based positioning systems, etc.) and infrastructure
equipment (balises, track circuits, etc.) [1], [6]–[8]. In some
cases, a more refined classification is made, based on the
fundamentals of the sensor’s technology [5]. A general sensor
classification is shown in Table I, taking into account other
authors works [5], [9].

Typical railway sensors include Doppler radar, the wheel
sensor (also called a tachometer [2], [10], [11] or odome-
ter [3], [5], [12], and the Balise transponder. Global Nav-
igation Satellite System (GNSS) and Inertial Measurement
Unit (IMU) are the main prominent fields for research. Eddy
current sensors are a rather new kind of sensor, which recent
research has demonstrated to be applicable as speed sen-
sors [3], [6], [13]. In order to integrate sensors, data fusion
is required [7], [13].

The design of train positioning architectures focused on
train-integrated positioning systems itself presents many chal-
lenges. The first one is to overcome the inherent maintenance
cost of infrastructure equipment [6], [14]–[16]. Track equip-
ment is exposed to different weather conditions (temperature
changes, ballast blows, rain, snow, etc.) as well as sporadic
acts of vandalism, because it is installed in an open sky envi-
ronment [17], [18]. Consequently, the repair and replacement
of these devices contributes to increase their maintenance cost.
The second one is also related to track equipment but under
the interoperability point of view. Due to the historical deploy-
ment of railways, different railway management and signalling
systems can be encountered over the world [1], [19]. This
heterogeneity makes complicated the interoperability between
countries. To overcome this limitation, Europe is deploying
the European Rail Traffic Management System (ERTMS) to
harmonize railway rules and regulations [19]. Future architec-
tures of any kind of development related to interoperability
shall fulfill ERTMS requirements. The third challenge is to
validate the designed architecture as safety-critical, based on
railway performance requirements [14].

This paper aims at presenting train positioning solutions
and evaluating them based on common parameters and criteria
(e.g. the sensors and algorithms used, the tests made for
validation, the results obtained and analysed, etc.). The main
contribution of this paper is the search for research gaps in
train positioning and the establishment of future standpoints.

1558-1748 © 2017 IEEE. Translations and content mining are permitted for academic research only. Personal use is also permitted,
but republication/redistribution requires IEEE permission. See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.
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TABLE I

TRAIN POSITIONING SENSOR CHARACTERISTICS

Fig. 1. European projects on train positioning: (a) Horizon 2020 and S2R breakdown. (b) Chronological train positioning context inside S2R and previous
projects (GaLoROI, SATLOC, NGTC, ERSAT, RHINOS and STARS) feed.

Once the problem statement is introduced, in Section II the
state of the art is presented. In Section III relevant works are
evaluated by criteria defined and justified by the authors of
the present paper. Finally, this paper’s conclusions and future
lines of research are described.

II. STATE OF THE ART

Over the last decade, important efforts have been made
with regard to satellite-based positioning systems in order
to adapt them to civilian applications (e.g. pedestrian and
vehicle navigation). The development of Galileo (Europe) and
BeiDou (China) are examples. The application of these con-
stellations for train positioning is one of the main objectives of
the European Space Agency (ESA) and the European GNSS
Agency (GSA). As a sign of its interest, several projects have
been funded by these institutions (INTEGRAIL [20], [21],
ECORAIL [22], LOCOLOC [23], etc.).

In this section, the last three years of European research
projects that have been focused on train positioning are pre-
sented. In order to have a general overview of train positioning
research, the principal aims and the preceding projects are
explained too. Later on, the most relevant works done in this
context and the different authors’ perspectives are discussed.

A. Train Positioning Research Projects
The railway sector has always been present in differ-

ent European research programs developed in recent years
(e.g. FP7 and Horizon 2020). Accordingly, there is a lot
of information published about this topic. So, the following
section aims at highlighting the most relevant conclusions,
focused mainly on train positioning projects.

Horizon 2020 is the biggest European research and inno-
vation program ever [24]. It is divided into three main areas,
as shown in Figure 1a. Within it, all the investigation activities
related to the railway are collected in Shift2Rail (S2R) [25].

S2R is the first European rail initiative that seeks research
and innovation market-driven solutions to be integrated into
innovative rail products [25], [26]. In order to tackle more
specific objectives, 5 innovation programs (IP) have been
designed, as shown in Figures 1a and 1b, where train nav-
igation is tackled in the IP2 (Advanced Traffic Management
and Control Systems). In the present paper, only projects based
on Horizon 2020 are described, since it has been concluded
that the know-how and conclusions of older research has been
included in these.

ERSAT-EAV (ERTMS on Satellite Enabling Application
and Validation) is the very first project launched inside S2R,
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as shown in Figure 1b. The purpose is to verify the suitability
of GNSS as the enabler of a cost-efficient and economically
sustainable ERTMS signaling solution for railway safety appli-
cations [27]. It includes a measurement project, but it goes
further, looking for a systematic solution (implemented, tested,
and validated for safety applications).

RHINOS (Railway High Integrity Navigation Overlay
System) is focused on applying GNSS in the railway context
while ensuring architectures of high integrity. Its objective is
to increase the use of GNSS to support the safety-critical train
localization function for train control in emerging regional and
global markets [28].

STARS (Satellite Technology for Advanced Railway
Signalling) is meant to fill the gap between the needs of an
ERTMS for safety critical applications and GNSS services.
The key objectives are the development of a universal approach
to predict the achievable GNSS performance in railway envi-
ronments and the quantification of the economic benefits this
technology can bring [29]. In essence, the aim is to include
GNSS into ERTMS, maintaining both the safety and the
interoperability of the system. The input of this project is the
different work done in NGTC and ERSAT projects as well
as older ones (GRAIL, LOCOPROL, LOCOLOC, etc.). The
outputs should be the analysed data obtained from different
railway tests.

A further survey of the research projects about the inclusion
of GNSS in railway signaling systems is collected in [19].

B. Train Positioning Applications

As shown in the previous section, the applicability of GNSS
to trains is of great interest. Nevertheless, its application is
closely related to train safe-odometry, which necessitates the
fulfillment of safety-critical requirements. These requirements
are based on strong normative and this has made its introduc-
tion relatively slow [19].

GNSS presents limitations in signal-denied areas, such
as tunnels, urban environments, and foliage. In such areas,
no GNSS solution is available. Consequently, the safety
integrity of the positioning system is jeopardized. The limi-
tations of the availability of a GNSS signal in those areas is
one of the main reasons why extra sensors are needed. Thus,
researchers have focused on its integration via multisensory
data fusion.

The very first article on data fusion related to train naviga-
tion presents candidate sensors for positioning and outlines a
generic sensor fusion architecture [7]. The algorithms and sen-
sors presented set the course for any later research, although
some of the characteristics and technologies presented are
nowadays obsolete (e.g. the selective availability in GPS signal
and best accuracy reached, the nonexistence of an IMU tech-
nology based on Micro Electro Mechanical Systems (MEMS),
a maximum sampling frequency of GNSS limited by 1 Hz).

Since that first publication, and in parallel with the develop-
ment of technology (e.g. new GNSS constellations, the inclu-
sion of MEMS in consumer electronics, etc.) many research
articles have been published. In the following, some of the
most important ones are highlighted.

Many authors have focussed on the localization of land
vehicles and have extrapolated the architectures designed from
this area to the railway context. Most of the literature available
up to date are based on this idea [4], [12], [30]. Although
trains are also land vehicles, they have special features (railway
track constraints, slip and slide phenomena, smooth changes
in trajectories and altitude, etc.) that necessitate a special
architecture.

One of the first articles published related to this issue was
a GPS and IMU fusion architecture [9]. It presents an explicit
explanation of the equations needed to model the system as
well as the results of field tests. It can be concluded that the
same architecture nowadays will give more accurate results
since the selective availability of GPS signal is now disabled.
The system’s overall cost will be lower too, by installing an
IMU based on MEMS instead of the original one.

Other authors have tackled the train positioning problem
by taking into account the dynamics of the train and the
restrictions imposed by the track. The most relevant work
in this sense has been done in a collaboration between the
University of Florence and the University of Siena [10].
An implementation of a tachometer and a 6-DOF IMU was
carried out combined with a train multibody model and the
computation of multiple Kalman filters. The solution had
a maximum error of about 20 m in travelled distance and
1.5 m/s in calculated speed, so it fulfills the European Train
Control System (ETCS) requirements in terms of accuracy
according to [31]. This work has some preceding papers,
where the state of the art of railway sensors was presented
and a Tachometer-IMU architecture discussed, building a
railway vehicle dynamic model and developing a system with
improved wheel velocity measurements [32]–[34].

A rather original standpoint is presented in [8]
and [35]–[37]: instead of 3D positioning, the authors
consider a train as a unidimensional vehicle constrained by a
track. Thus, the algorithm only needs to solve a 1D problem.
Thanks to track map information, the one-dimensional
solution is then linked to a 3D map and the train can be
located in absolute coordinates.

III. REVIEW OF SOLUTIONS

In this section, the most recent and relevant research done
in the context of train positioning is collected and evaluated in
terms of several criteria developed by the authors of the present
paper. In the Methodology subsection, the definitions of the
criteria are justified. In the Results subsection, the literature is
evaluated based on these criteria.

A. Methodology

The evaluation methodology is divided into 4 steps, which
are defined in chronological order. Firstly, the test track
is analysed, that is, the environment where the presented
papers are focused. Secondly, the used sensors are evaluated.
As GNSS and IMU are the new sensors to be integrated into
railway environments, their analysis is deeper than that of
the sensors conventionally installed in trains. Thirdly, the data
measured by the sensors should be treated, so the algorithms
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TABLE II

TEST TRACK ANALYSIS

employed for that aim are evaluated. Fourthly, the outputs of
the algorithms are analysed.

1) Test Track Analysis: For the test track analysis, 6 criteria
have been defined and evaluated in the literature as seen
in Table II. In the following paragraphs, each criterion is
presented and justified.

Firstly, the test environment defines how the system
is tested. In an experimental test, a set of measurements is
carried out, in which a train is running on a track. This is
the most realistic way to evaluate a system, but it needs a
train and a track available to proceed with each test run.
In some cases, this option is unfeasible (either the train is
not available or there is no permission to run on the track)
and a simulated test is carried out. In such a case, a track is
modelled in the most similar way to a real one, taking into
account the particular characteristics of a railway (radii of the
curves, cants, slopes, etc.). In simulated tests, computational
and programming efforts are needed in track and sensor
signal construction, but more scenarios can be checked without
additional cost.

The second criterion is related to the features of the test
environment. The track selected for the test runs should have
some restricted zones, where a GNSS signal is not available.
Wheel and rail adhesion conditions should be degraded in
places, as well. In simulated scenarios, these zones are rather
easy to consider, but in experimental tests they depend on the
track selected. That is why some tracks are more challenging
for train positioning (those with large tunnels, urban canyons,
foliage, or mountainous environments).

Another criterion related to the test track is the train
operation mode. This can be dependent on the test track
and type of train employed. Here, they are classified in
terms of the maximum speed travelled in the test run (either
experimental or simulated). The higher the speed, the smaller
is the number of positioning nodes for a given space segment.
Consequently, positioning in the same track will be done with
fewer points in lines with higher speeds.

The positioning mode represents the number of variables
devoted to locating the train. The unidimensional solution is a
classical hypothesis in the railway context (a track constrained
problem where two degrees of freedom, the cross track direc-
tion and vertical direction, are forced to be zero), where the

covered distance from a known origin (relative distance) is
calculated. In some papers, the relative distance is associated
with a digital map that has the absolute coordinates [36], [37].
The bi-dimensional solution (longitude and latitude) is a
particularization of the land vehicle localization problem
(tri-dimensional) to the railway context, where the slopes are
very smooth (up to 2.3 degrees in high speed lines [35]) and,
hence, altitude changes can be considered negligible.

The next criterion is the duration of the test. Its justification
is based on the huge amount of data that is created with larger
test durations, and the associated problems that arise for the
data treatment. Especially in research where track databases
are used, the evaluation of the test duration is an important
issue [37].

Finally, the Ground Truth (GT) technique is evaluated.
GT is the reference position used to compare with the solution
reached with data fusion algorithm. There exist multiple
techniques for generating the GT. The easiest way is access to
the railway track operator’s data base. Nevertheless, this option
is not always possible. An alternative is to use general purpose
maps, such as Open Street Maps (OSM) or Google Maps.
In these cases, the accuracy of the information provided should
be evaluated [37]. Another possible method is the use of
carrier phase measurements with reference station corrections
in real time (RTK). This solution is proposed in the ERSAT
and STARS projects [38]–[40]. However, this technique has
limitations as well (GNSS signal availability, fixed base station
communication, etc.) [41].

2) Analysis of the Sensors: The analysis of the character-
istics of the sensors shown in Table III is focused on GNSS
and IMU, which are the candidate sensors for integration into
the railway environment. There are two main reasons why they
were chosen for a detailed analysis. First, the know-how about
these sensors and their application to the railway sector is quite
limited, as is reflected in the amount of research effort that has
been carried out in these areas [25], [27]–[29] [27]. Second,
the market solutions available for GNSS receivers and IMU
sensors are good in terms of functionality, accuracy and price.
This requires an exhaustive investigation of the performance
parameters required for railways.

In the case of GNSS, the first evaluation criterion is
the receiver type. The GNSS receivers are classified as
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TABLE III

SENSOR CHARACTERISTICS

high-end or low-end, depending on their functionalities
(multi-constellation, multi-frequency, augmentation systems,
corrections by code/carrier phase analysis, etc.) and, conse-
quently, the performance requirements reached and price [14].
The sampling frequency in use has the utmost importance in
order to evaluate the number of samples measured in a given
space. The limitation of the selected sampling frequency is
given by the receiver itself, that has a maximum allowable
value. The manufacturer and model are used to identify the
receiver.

In the case of IMU, the criteria presented are similar to those
for GNSS. The IMU type, however, is classified into customer
grade, navigation grade, or tactical grade, depending mainly
on the bias stability [42]. However, other parameters, such as
non-linearity, scale factor, or misalignment seem to be different
too [43]. Furthermore, the technology employed inside the
accelerometers and gyroscopes is presented. Depending on the
performance wanted, different technologies are used: for tacti-
cal and navigation grades, the Ring Laser Gyroscopes (RLG)
and Fiber Optic Gyroscopes (FOG) are predominant, whereas
for consumer grade, MEMS seems to be the best trade-off
between performance, size, and cost [42]. It is concluded
that MEMS technology is the only one that is economically
affordable for on-board equipment [44]. However, in future
work, railway electromagnetic compatibility norms should be
analysed for the case of MEMS sensors. In the very same
way as GNSS receivers, the IMU manufacturer and model are
used to identify the sensor. The very same criteria are used in
sampling frequency and price.

A different criterion, added for the IMU, is the number of
degrees of freedom (DOF). The DOF of an IMU represents the
number of independent measurements that it is able to take.
In a typical configuration, the IMU is formed by a tri-axial
accelerometer and a tri-axial gyroscope, thus it has 6 DOF.
However, in some recent land vehicle applications, a tri-axial
magnetometer is added (9 DOF) so as to correct yaw drifts
and attitude errors [45], [46]. In addition, a barometer can

be installed (10 DOF) in some other applications in order
to overcome the lack of precision of GNSS in the altitude
coordinate [47].

The last sensors presented in this analysis are those currently
available and installed on trains. As they are the usual sensors
in the railway environment, a few criteria are used to evaluate
them according to the data fusion algorithm. For instance,
the frequency of the measurements: in Doppler radars and
tachometers, the sampling rate is noted, whereas in balises the
spacing between them is selected because their measurments
depend on the train speed, location, or safety requirements.

3) Analysis of the Data Fusion Algorithm: Once the mea-
surement system is defined by the sensors used in the test
environment, a data fusion is executed. Multi-sensor data
fusion relies on Bayesian theory and, more specifically, on a
recursive Bayesian estimation that is used to solve the hidden
Markov model (HMM) [48]. At this point, mathematical
aspects and practical issues are related to each other to
evaluate the data fusion techniques employed, as shown
in Table IV.

The first criterion is the framework or the programming
environment used to execute the data fusion algorithm. Then,
the the algorithm implemented is analysed. Under recursive
Bayesian estimation, the algorithms are classified into optimal
filtering and non-optimal filtering [48]. Based on the literature
in the railway context up to the present, the main representative
algorithms of each group are the Kalman Filter (KF) and
Particle Filter (PF), respectively.

The KF is a recursive linear estimator which successively
calculates an estimate for a continuous valued state, which
evolves over time, on the basis of periodic observations of
the state [49]. Based on this definition, the general procedure
behind the algorithm can be seen: the KF predicts a new state
by knowing the previous state and a dynamic model of train
movement. Then, it uses sensor measurements to correct the
prediction made. The reason why it is classified as an optimal
filter is due to its way of weighting the measured value and the
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TABLE IV

DATA FUSION ALGORITHM

predicted value, whcih is designed so that the error variance
is a minimum [50].

However, the KF has some limitations in that it assumes
the dynamic and measurement models are linear and normally
distributed (Gaussian). In the railway context, the dynamic
model of the train can be highly non-linear due to suspension
stages, the wheel–rail adhesion law, etc. [51]. To overcome
the restriction to linearity, the Extended Kalman Filter (EKF)
can be used. In it, a linearization procedure is applied
(a Taylor series expansion) to either the dynamic model or the
measurement model.

In other cases, the Gaussian assumption is not fulfilled,
and then the posterior probability density function should be
modeled. With that aim, sub-optimal algorithms are used [48].
Some of them are variants of the KF, such as the Unscented
Kalman Filter (UKF) or the Curvature Kalman Filter (CKF);
others, such as the PF, present a new procedure that differs
from the assumptions of the KF.

Depending on the algorithm employed, an implementation
criterion is defined. The algorithms developed under the KF
context can be implemented either directly or indirectly [52].
The direct implementation assumes that the measured states
and the space states are equal, whereas in the indirect imple-
mentation, an error space state is defined. One of the advan-
tages of the indirect implementation is that the errors of the
states can be modelled and compesated in each iteration.

The number of navigation problem states should be at
least equal to the number of unknowns in the position and
velocity. In 3D positioning, the minimum number of states will
be 6 (tri-dimensional position and tri-dimensional velocity).
In the indirect implementation of the KF, the more state
variables are used, the more error propagation parameters are
modeled. But this implies using larger dimensional matrices,
and consequently a higher computational burden.

The final three criteria are related to the IMU and
GNSS data treatment techniques. First, a transformation is
made between IMU sensor measurements (accelerations and
turn rates) and the IMU sensor solution (position and veloc-
ity). This process is called mechanization, and a transfor-
mation from the body frame to the navigation frame is
made. The resulting solution is called the Inertial Navigation

System (INS) solution. The method of Euler angles, the direc-
tion cosine matrix (DCM), and a quaternion-based method are
the most popular techniques for this process [53]. A compar-
ison of these three methods is presented in [54].

Second, the GNSS receiver measured parameters are
shown. In general, a GNSS receiver can give raw measure-
ments of the received signal from satellites (Pseudorange,
Code phase, Doppler shift) or a treated solution called the
PVT (Position, Velocity and Time).

Third, the IMU and GNSS solution integration techniques
are described. On the one hand, in a loosely coupled inte-
gration scheme, the filter updates the PVT solution of the
GNSS receiver and the INS solution [36]. On the other hand,
in a tightly coupled integration, the GNSS and IMU raw
measurements are taken and fused. One of the advantages
of a tightly coupled integration scheme is that the IMU
accelerometers and gyroscopes can be recalibrated in real
time [53]. On the contrary, some low-end GNSS receivers
cannot provide raw measurements: therefore, tightly coupling
is not feasible for those receivers.

4) Analysis of the Research Results: Finally, the criteria for
the evaluation of the results are presented in Table V. These
criteria are explained in the following paragraphs. The first
criterion for the evaluation of the results is when were the
results computed. The typical research analysis establishes that
the data treatment is accomplished once the measurements
are finished (post-processed or off-line). However, a real time
data record and analysis (on-line) is of the utmost interest for
train positioning because it represents a more realistic way
to validate an on-board positioning system. This functional-
ity, nevertheless, depends on the calculational power of the
hardware.

Another relevant criterion is the application for which the
research was intended. Depending on whether it is a safety or a
non-safety application, the requirements associated to the
designed system are different. The application will greatly
determine the variables to be analysed in the research results.

In the case of non-safety applications, specific requirements
can be analysed or a comparison of the results can be carried
out in a more general way. In most cases, the research
objective is focused on technological availability and technical
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viability studies. Consequently, there are defined different error
metrics in order to evaluate the performance of the solution.

In safety-critical applications, the governing norms are
rather severe [19]. In railway applications, the reliability,
availability, maintainability, and safety (RAMS) of the pro-
posed system should be analysed according to the norm in
EN 50126 [55].

Based on a RAMS analysis, the Safety Integrity Level (SIL)
of the system must be determined. SIL prescribes requirements
for safety-related functions so as to reduce and attain an
acceptable risk [19]. The SIL related specifications are defined
by qualitative measures and by a scale of Tolerable Hazard
Rates (HTR) [19]. The higher the risk, the higher the SIL
level and hence the requirements to be fulfilled. In the railway
context, for a train protection system, the positioning is defined
as SIL4 due to the dangerous situations that could arise
from under- or over-estimating a train’s position along the
track [56].

B. Results

Using the methodology established and the criteria defined
in the previous section, the most relevant literature of the last
three years in the field of train positioning have been collected.
The research presented here was done with different purposes
and although common aspects have been highlighted, some
others cannot be evaluated. The classification of the literature
has been made in order of the appearance in the writing of
the present paper.

The criteria that cannot be evaluated have been sep-
arated into two different types. The first refers to Not
Available (N/A), which means that this criterion was used in
the research but is not available in the publication. The second
one is the hyphen (-), which refers to the fact that the criterion
was not taken into account.

In Table II, the Test track analysis is collected. Most
of the papers employ the experimental data obtained
from systematic measurements in order to validate the
research [4], [6], [11], [12], [14], [30], [36], [37]. Less than
one-half of the publications (5 out of 11) use a challenging
environment for the positioning sensors in their analysis.
60% of the challenging environments are real scenarios, where
the train has pass through a tunnel, a forest, or an urban
environment. According to the train operation mode, only 4 of
these were run in high speed environments, and 2 of them are
simulated environments. In positioning mode, the 2D solution
is the most popular (5 out of 11) but a 1D solution accompa-
nied by a track map is also much used (4 out of 11). The test
duration seems to be quite erratic, because there is no single
pattern in the literature (some are for 4 hours [37] whereas
others are limited to 90 seconds [36]). Neither in the case of
the GT is there a common information source. Note that some
databases are not very accurate (5 meters imbalance between
real and downloaded data), as has been demonstrated in [37].

In Table III, the positioning sensor characteristics are
summed up. As mentioned previously, the comparison is
focused on GNSS and IMU sensors. Beginning with the
GNSS receivers, almost all the literature uses high-end type
receivers, except for [37]. In the case of models, two papers

use AsteRx/PolarRx (one is the preceding model of the other)
receiver of the manufacturer Septentrio. One of the reasons
why the authors have decided to use this model is related
to the use of the same model in the ERSAT-EAV and STARS
European research projects [38]–[40]. The sampling frequency,
when it is provided, can be considered quite uniform, at 1 Hz
(4 out of the 6 available) and coherent with the technology
itself. The cost of the high-end type receivers in comparison
with low-end type is very significant (two orders of magnitude
approximately). This demonstrates that apart from their extra
functionalities (multi-constellation, multi-frequency, differen-
tial GNSS, RTK, etc.) the internal signal analysis and PVT
calculation algorithms, the error correction models, signal
adaptation filters, etc. significantly increase the cost of the
receiver.

In IMU sensors, there is a consensus on the use of MEMS
technology, as was predicted in the previous section. There
is only one exception, [12], where an RLG type INS is
used. Although the MEMS technology is predominant, it uses
different grades of sensor. Customer grade, navigation grade,
and even tactical grade MEMS technology IMU sensors are
presented in the analysed literature. A model made by the
manufacturer XSens is used in the research reported in two
different papers. The models presented (MTi and MTx) are
widely used in land vehicle positioning [57], pedestrian local-
ization [58], [59], and robotics [60]. Most of the research is
based on 6-DOF measurements (7 out of 8) despite the avail-
ability of magnetometer data in some of them [11], [36], [37],
but not used. The sampling frequency is not uniform at
all, although mostly (3 out of 5) 100 Hz or higher is
used [2], [11], [37].

As to the railway sensors, the tachometer is the most used
sensor (5 out of 7) and its sampling rate is 20 Hz. In the
case of balises, the spacing distance depends on the maximum
allowable speed of the train. Thus, in a very high speed line,
the spacing is lower (400 km/h and 300 m spacing) than in a
high speed line (200 km/h and 1000 m spacing).

In Table IV the characteristics of the data fusion algorithm
are highlighted. The predominant framework or programming
environment is Matlab (6 out of 9). This is justified because
of the nature of Bayesian estimation, which relies on multiple
matrix operations, and this environment is appropriate for
that [61]. As to the type of algorithm, all of them are
based on recursive Bayesian estimation although the procedure
employed for the data fusion can be quite different: most
of them are variations of KF (7 out of 10) but some are
related to PF (3 out of 10). The indirect implementation is
more popular (4 out of 6) than the direct one because of the
advantages presented before. The number of state variables
is not uniform. All of them take position and velocity as
state variables, but from this point on, the number of states
associated to the errors modelled (indirect implementation) can
be very different. There is not too much information presented
about the transformation of the IMU measurements to the INS
solution (3 available data out of 8 papers using IMU). In GNSS
parameters, most of the papers employ the PVT solution
(7 out of 9), which makes the loosely coupled integration
scheme a common architecture.
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TABLE V

RESEARCH RESULTS ANALYSIS

In Table V, the research results are analysed. Beginning
with the analysis mode, it is clear that the usual analysis of the
results is based on post-processed data (10 out of 11). The rea-
sons for this can be explained by many causes: approvals from
the infrastructure managers to set up equipment, computational
power requirements not fulfilled by on-board equipment (since
on board units are dedicated devices to protect the train
but not to record such large data sources), etc. As to the
application, although most of the publications do not compare
their results to specific requirements, in [10] the European
Train Control System (ETCS) requirements [31] are analysed
in order to evaluate the architecture proposed. In another paper,
local governmental requirements are presented [5]. However,
almost all the literature focusses on non-safety related applica-
tions (10 out of 11). Consequently, the implementation of such
research in real train scenarios has a long way to go as long
as safety requirements are not analysed. The only paper, [14],
that analysed the railway safety-related performance proper-
ties (RAMS) calculates the following variables. The reliability
is evaluated by the mean time to failure (MTTF), with a value
of approximately 185 s. In addition, the solution availability
reaches 82.26%. From the safety point of view, the hazard
rate (HR) is divided into forest (H R = 5.25 × 10−2h−1)
and open area (H R = 5.25 × 10−7h−1). The solution overall
achieves SIL2.

In the papers presented, each author decides on the vari-
ables to be analysed. So, it is quite complicated to evaluate
these results with the same criteria. However, some sim-
ilar variables are collected and commented on the in the
following. The maximum root mean square (RMS) error is
approximately 1.5 meters, whereas the mean RMS error has
a wider range (between 0.135 and 1.04 meters). Another
parameter in common use in two papers is the track selectivity
(i.e. the percentage of cases in which the track selection is
carried out correctly) which is higher than 94% in two cases
(94.2% and 99.7%).

IV. DISCUSSION AND CONCLUSIONS

In the present paper, a survey of the most recent
and relevant train positioning solutions was presented and

evaluation criteria were set in order to detect research gaps
for future implementations. Based on this, several conclusions
will be presented in this section. Analysing the tested track
characteristics, more complex simulated environments can be
developed. They should cover the majority of the situations in
which the odometry can fail (e.g. poor wheel–rail adhesion,
GNSS signal denied areas such as urban canyons, foliage,
tunnels, and bridges, changes in meteorological conditions,
system power supply turn-off, sensor failures, etc.). However,
these simulated environments should also be tested in real
scenarios (validation). Both simulated and real environments
should be very high or high speed lines because this type of
track seems to be the most critical (the measurements of the
IMU and GNSS are taken in the largest space section).

A GT establishment technique should also be investigated
and the quality of the method evaluated. According to the
algorithms used to fuse the sensor measurements, the choice
criteria should be related to the ability of the algorithm to
run on-line. The designed architecture should consider the
computational burden of the data fusion system in order to
operate in real time. The technical viability of GNSS and
IMU integrated solutions for non-safety related applications
has been demonstrated by the the literature surveyed here.
However, research focussed on safety-critical applications is
very limited, and the fulfillment of the safety requirements is
not guaranteed for ATP systems.

It seems clear from the current state of research that
the eventual train positioning solution will integrate a low-
end GNSS receiver and customer grade IMU sensor-based
solutions. The economic viability of high-end solutions is
unfeasible, due to their hllarge cost (thousands of euros).
In this eventual solution, the sensors currently installed on
trains (tachometers, Doppler radar, and balise readers) should
be included as aided navigation sensors. The research chal-
lenge will come in the construction of low-cost (hundreds of
euros) architectures that can fulfill the safety requirements.

The selection and justification of the optimum data fusion
algorithm as well as the standardization problem of the valida-
tion parameters intend to be the most relevant future directions.
In future works sensors data (10 DOF IMU and GNSS seems
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to be most novel sensors in train context) obtained from a test
run should be analysed under SIL requirements in order to
evaluate Bayesian framework algorithms.
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Every brilliant experiment, like
every great work of art, starts with
an act of imagination.

Jonah Lehrer

CHAPTER

3
Candidate Sensors Analysis

The current train positioning systems are based mainly on odometry and track
circuits but they present both technical and economical limitations. The combina-
tion of GNSS and INS arise as prominent solution to overcome the current system
limitations as shown in the paper I.

However, according to one of the research gaps detected on paper I, the in-
strumentation and measurement of the candidate sensors (GNSS and IMU) in ex-
perimental tests can be improved in order to characterize their behaviour into the
train navigation context. Consequently, the analysis of both the raw-measurements
and data-fused solution is considered a key work to highlight the virtues and main
limitations of the candidate sensors.

In this paper a experimental test on a railway is described and it broadens the
test equipment, railway description and measuring architecture information from
other works. In addition, it proposes a GNSS and INS data fusion algorithm based
on Septentrio AsteRx3 GNSS receiver and xSens MTi-300 IMU sensor. Then, the
raw measurements of the accelerometers and gyroscopes, planimetry and altimetry
solution and the estimated velocity by GNSS and INS fusion are analysed. The
estimated velocity is compared statistically to the one provided by the current train
navigation system. Finally, additional parameters related to the track are estimated
highlighting further positioning options that arise with the utilization of the INS.
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3. CANDIDATE SENSORS ANALYSIS

Figure 3.1: Comparative of velocity solution between GNSS+INS and current system.

In order to see the influence of the candidate sensors measurements into the

velocity solution, GNSS and IMU measurements are integrated in loosely coupled

configuration and fused by a 15-states-EKF (Figure 3.1). The sensors measure-

ments are obtained from a experimental test carried out a section of high-speed

track between Madrid, Valencia, and Seville (Spain). The journeys are there and

back trips from Yeles station (start point) and Valdemoro station (endpoint).The

train crosses a tunnel of 103.4 m (represented in yellow) and a curve of 5.4 km

three times (twice in the Valdemoro direction and once in the Yeles direction, rep-

resented in pink). The GNSS signal outage zones (tunnel crossings) are zoomed-in

to highlight the INS drift. According to the most exigent ERTMS accuracy re-

quirements (i.e. maximum allowable velocity error must be 2 km/h), the proposed

GNSS and INS architecture provides 2 km/h or lower error during the 93.53% of

the journey.

The main contributions of this paper can be summed up as follows.

1. It provides a detailed description on the instrumentation and measuring archi-

tectures. The data acquisition, processing and time synchronization features

related to the candidate and current sensors are shown.

2. It characterizes the behaviour of GNSS and IMU measurements under the
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train dynamics and railway context. The measuring ranges, tunnels, cants,
slopes and curves influences on candidate sensors are shown. This analysis
can help to the generation of synthetic signals of candidate sensors in more
accurate way.

3. It provides an accurate solution based on GNSS and INS compared to the
current system (Figure 3.1): an absolute error in velocity lower than 2 km/h
in more than 90% of the test duration is reached. However, the INS stand-
alone dead-reckoning solution drifts when the GNSS signal is not available,
as shown in the three tunnel crossings during the test.

4. It offers an enhanced solution compared to the current system: track para-
meters, such as curve radius, cant and slope are estimated using the IMU
raw measurements and longitudinal velocity provided by GNSS. This fact
makes possible the utilization of IMU in combination with external velocity
(provided by any kind of sensors such as wheel speed sensor, Dopper radar,
Eddy-current sensor or GNSS) for estimating instantaneous cant, slope and
curve radius of the track and, actually, for map-based positioning.
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Evaluation of Experimental GNSS and 10-DOF
MEMS IMU Measurements for Train Positioning

Jon Otegui , Alfonso Bahillo, Iban Lopetegi, and Luis Enrique Díez

Abstract— Integrating new candidate sensors, such as Global
Navigation Satellite System (GNSS) and inertial measurement
unit (IMU), into fail-safe train positioning systems have recently
become a prominent area of research. Although there are a
number of contributions related to the design of data fusion
algorithms, the lack of details in raw measurements analysis has
directly motivated this paper. This paper aims to record data
from a variety of sensors (such as GNSS, IMU, magnetometer,
barometer, tachometers, and Doppler radars) to evaluate train
velocity and railway features (track slope, curve cant, and
radius) extending previous works in the instrumentation and
measurement field. The field test designed and concisely described
in this paper presents several challenging environments, such as
a tunnel, which can be used to analyze the candidate sensors lim-
itations. In addition, a demonstration of a data fusion algorithm
is presented to calculate train velocity based on measurements
from the candidate sensors. The results obtained by an extended
Kalman filter using GNSS and IMU are compared with velocity
recorded by tachometers and Doppler radars, which is considered
to be the reference value. The calculated velocity by IMU and
GNSS when both sensors measurements are available presents
an absolute error in velocity lower than 2 km/h in more than
90% of test duration. Finally, railway features (curve radius,
cant, and slope) are calculated and analyzed according to train
and railway dynamics.

Index Terms— Inertial sensors, Kalman filtering, railway vehi-
cle, satellite positioning, sensor fusion, train navigation.

I. INTRODUCTION

TRADITIONAL train navigation systems rely on a combi-
nation of track-side and vehicle-borne subsystems, which

are able to calculate instantaneous speed and covered dis-
tance by train [1], [2]. Odometry sensors are commonly used
for this purpose, such as wheel speed sensors (also known
as tachometers, encoders, odometers or phonic wheels [3]),
Doppler radars, and eddy-current sensors [2].
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However, in the last 30 years, the rapid develop-
ment of telecommunication technologies and electronics
has led to the emergence of new sensors. For example,
Global Navigation Satellite Systems (GNSSs) and iner-
tial measurement units (IMUs) are widely used in civilian
applications.

GNSS can provide absolute positioning information when
at least four satellites are visible. This presents a completely
new standpoint in a train environment because relative posi-
tioning is no longer the unique method localization. However,
the absence of a GNSS signal provokes availability problems
(when a train is inside a tunnel for instance), which can bring
the entire system into a safe state (e.g., by stopping the train)
unless there are other sensors capable of providing position
(i.e., an IMU). In addition, the high levels of safety that are
required by railways have slowed down the inclusion of GNSS
in trains [4], [5].

IMUs have been used in areas such as aviation or maritime
navigation for many years. However, microelectro-mechanical
systems (MEMSs) have been widely used in inexpensive
applications, such as drone navigation or indoor pedestrian
localization [6]. In the train positioning context, they are
considered to be candidate sensors for future fail-safe train
positioning systems because they can overcome the limitations
of traditional sensors. For example, wheel speed sensors suffer
from slip/slide phenomena when wheel and rail conditions are
degraded. They are also dependent on the knowledge of the
wheel diameter, which can change according to wear or instan-
taneous contact point (note that train wheels are conical).
Doppler radars also present limitations that are caused by the
weather. For example, snow can reflect the wave emitted and
received by the radar. Meanwhile, the development of MEMS
applied to IMU manufacturing has significantly reduced its
cost. Consequently, the price drawback of Doppler radars
(thousands of euros) in comparison with the IMU (hundreds
of euros) is also remarkable. However, IMUs also present
limitations that should be analyzed before its integration
in a positioning system. The main one is related to the
accumulating errors that grow over time, whose modeling
and quantification have received significant scientific research
attention [7], [8]. Another errors related to the IMUs are those
coming from measurement, such as vibrations, atmospheric
pressure changes, or electromagnetic disturbances. The analy-
sis of magnetic effects [9], [10] and pressure sensors [11] is
a prominent field of research in indoor positioning although it
is rather novel in the railway context.

0018-9456 © 2018 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.
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In order to overcome GNSS and IMU standalone respective
limitations, data fusion techniques are used. Since the first pub-
lication about multisensor data fusion in railways in 1996 [12],
a number of studies have researched the integration of GNSS
and IMU in train positioning systems. A detailed analysis of
most relevant previous works related to data fusion can be
found in [13]. However, Marinov et al. [14] have stated that
these techniques are prohibitive in railway scenarios due to
forests, valleys, tunnels, heavy weather, and dirt existence.
In this context, experimental data play a key role to evaluate
GNSS and IMU raw data in the railway environment and
highlight the main limitations of these candidate sensors.

On the one hand, the experimental data fosters the charac-
terization of the environment in which the sensors will work
to understand the performance and behavior of the sensors.
The analysis of the raw data can be used to evaluate the
performance of the sensors in terms of accuracy, precision,
availability, etc. The performance of the sensors is related to
safety and availability features and it plays a key role in reach-
ing the safety integrity level that is required in train navigation.
In the case of railways, tracks are designed to avoid train
derailment, ensure passengers comfort, and optimize energy
efficiency [15]. This makes the measurements recorded on the
railway different from those recorded on the road. (The curve
radii and tunnels length are higher in railroads than in common
roads, the slope and turning maneuvers are limited, etc.) In
addition, railways are often exposed to electromagnetic effects
due to catenary or electric motors, temperature gradients, and
heat associated with climatic issues or geographical obsta-
cles present in the railway (valleys, urban canyons, tunnels,
etc.), which can influence the measurement devices. All these
features suggest that measurements recorded in a railway
test will have particularities compared with indoor localiza-
tion or robot positioning contexts, for instance. Based on this
idea, an exhaustive analysis of accelerometers and gyroscopes
is presented in [16]. In this paper, raw measurements of
acceleration and angular rate are analyzed and associated
with track features (i.e., cant or bank angle and curvature).
However, GNSS, magnetometer, and barometer signals are not
analyzed in this paper.

On the other hand, the experimental data are the most suit-
able way to validate a system. However, the availability of test
equipment is not always a trivial issue in rolling stock. Thus,
the simulation environment arises as a potential alternative
when experimental tests are unfeasible (e.g., no train available,
lack of permission to run on the track, and high economical
cost). In this case, all of the elements involved in the test must
be modeled: tracks must take into account particular charac-
teristics of the railways (radii and cants of the curves, slope,
and attitude bounds of the track, etc.), train dynamics should
be fulfilled (rolling characteristics, primary and secondary
suspensions, axle, and wheel rigidity, etc.) and the sensors’
behavior needs to be studied (temperature influence, signal
bias, and drift, etc.). Therefore, computational and program-
ming efforts are required in simulated tests. One of the most
remarkable works in the use of a simulated environment in the
railway context can be found in [17]. In this paper, a local-
ization algorithm is presented, which is fed by experimentally

obtained tachometers, a tri-axial accelerometer and a tri-axial
gyroscope measurements. Some preceding studies include the
improvement of wheel speed sensor measurements [18], [19],
a dynamic model of a train [20], [21], and an analysis of
data fusion algorithms [22], [23]. In addition, covered distance
and velocity solutions have been evaluated and compared
with European train control system (ETCS) requirements. It is
concluded that the proposed and designed system in this paper
fulfill these requirements. However, the testing methodology
is based on externally gathered data and, consequently, instru-
mentation and measurement data are not detailed.

The work presented in this paper is motivated by the lack of
instrumentation and measuring architectures detail in previous
works and the need of GNSS and IMU raw measurements
analysis in railway environment before their integration in fail-
safe train positioning systems. Similar works are published in
related fields (such as aeronautical) in order to characterize
the dynamics of rollators and quadrotors [24], [25].

This paper evaluates GNSS and ten DOF IMU experimental
data for train positioning systems and it aims at extending the
most relevant previous works in the field of instrumentation
and measurement [16], [17], [23]. Based on the raw measure-
ments evaluation, train velocity calculation method is proposed
and track features are calculated. The results of this paper
can help us to understand the behavior of these sensors in a
railway context and, consequently, to better model the sensors
in simulated environments. It can also contribute to detect the
main limitations of the candidate sensors.

The rest of this paper is organized as follows. In Section II,
the experimental test is described in detail. In Section III,
a simple data fusion algorithm is described and the refer-
ence velocity is defined. In Section IV, raw measurements
are analyzed and data fusion techniques are applied to the
measurements. Finally, in Section V, the main conclusions of
the work are highlighted.

II. TEST DESCRIPTION

The experimental field test is executed in a real environment
to evaluate in the most realistic way inertial sensors
(accelerometers and gyroscopes), magnetometers, barome-
ter, and satellite positioning systems in a railway context.
Although the overall duration of the test run is about 4 h,
the measurements used for analysis correspond to an hour
record, approximately. This is done as a tradeoff between
the data representativeness and ease of visualization of the
measurements. The chosen section is considered the most
representative section of all of the tests according to the
characterization of the sensors (e.g., GNSS outages, IMU drift,
and railway typical features as curves or cants). The test is
executed running below 160 km/h, which is the maximum
allowed velocity in the section where the test is carried out.

A. Test Equipment

The railway vehicle employed for the test is formed of four
cars with distributed traction (i.e., all the cars are motorized)
which are fed by 25 kV in alternative current (50 Hz). The
vehicle has 920-mm nominal diameter wheels and the floor
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Fig. 1. Experimental setup in the train. (a) AntCom 42AT1 GNSS antennas mounted over the train roof and a Septentrio AsteRx3 GNSS receiver. (b) xSens
MTi-300 Series IMU fixed with plasticine to avoid vibrations caused by wheel and rail contact. The IMU axes are aligned to the train’s longitudinal direction
(x , forward-positive), lateral or transversal direction (y, right-positive), and vertical direction (z, down-positive).

height is 1260-mm above rail. It is equipped with a GNSS
receiver, 10 DOF IMU, four tachometers, and two Doppler
radars.

A Septentrio AsteRx3 GNSS receiver is used during the
test in multiconstellation and multifrequency mode. Both raw
data and position, velocity, and time (PVT) data are recorded.
The sampling frequency is established as 1 Hz according to
the recommendations in [26] and [27]. AntCom 42AT1 GNSS
antennas are used because they are certified by Septentrio for
their devices. The antennas are installed over the roof of the
train in a specific device built for fixing them [Fig. 1(a)].
The GNSS receiver admits double-antenna configuration to
record extra measurements (e.g., attitude calculation); there-
fore, in this test these extra measurements are also recorded.

The IMU is an xSens MTi-300 Series model with an inte-
grated tri-axial magnetometer and a barometer. The sampling
frequency used in the accelerometer, gyroscope, and magne-
tometer is 100 Hz, whereas in the barometer the maximum
rate it is 50 Hz. The IMU is located inside the train in the
drivers cab, fixed with plasticine over the floor to avoid direct
contact between metals and consequent vibrations due to train
movement [Fig. 1(b)]. The lever arm phenomena is considered
to be negligible because of the proximity of the IMU and
GNSS antennas.

These sensors are used following the recommendations
about the appropriateness of a GNSS receiver and IMU in
the railway context. The GNSS receiver that we used allows
a time synchronization based on pulse-per-second (PPS) elec-
trical flag and the recording interface supports extra features
recordings (multipath model, dilution of precision, signal-to-
noise ratio, etc.), which are not available in most of the
GNSS receivers. The IMU is a reference device and is used
in different positioning contexts and also in train navigation
research works [16], [28], [29].

The Doppler radar that we used is the CORREVIT
R-350 Rail model that is supplied by Corrsys-Datron. The
wheel speed is measured with hall-effect type sensors that are
supplied by Lenord–Bauer.

A DEWESoft Minitaur and a Lenovo T400p laptop are
configured as data acquisition units for the GNSS receiver

and IMU. A dongle GPS (z050 Universal Serial Bus GPS
Dongle) is also connected to the Lenovo T400p laptop to get
GPS time from the satellites and to synchronize the measure-
ments of the laptop with values of the DEWESoft Minitaur.

B. Railway Description

The railway that we used for the test is a section of
high-speed track between Madrid, Valencia, and Seville
(Spain). The test was executed between the stations of
La Sagra, Valdemoro, and Los Gavilanes, with multiple there
and back journeys; as shown in Fig. 2. The track has a gauge
of 1435 mm (i.e., international gauge) in all of the itinerary.
In high-speed operation zones, the minimum curve radius is
4000 m and the maximum slope is 1.25%, which can be
considered typical for high-speed lines. The maximum speed is
limited to 300 km/h, although the design of the infrastructure
can be used in the future for operational speeds of up to
350 km/h.

The track that we selected covers a tunnel of 103.4 m,
which will be used to evaluate GNSS signal outage and signal
degraded environments. The rest of the track has an open-
sky view and it can be considered a relatively flat terrain
(e.g., the maximum height change is about 100 m). As the
majority of high-speed lines it is far away urban regions.

C. Measuring Architecture

The measuring architecture describes how the sensors’ data
are recorded in data acquisition units (Fig. 3). In this test, two
computers or data acquisition units were used (DEWESoft
Minataur and Lenovo T400p) because they do not have
enough inputs to record all of the data in the same device.
When multiple data acquisition units are in use, synchroniza-
tion of measurements between devices must be guaranteed.
Consequently, GPS time was used. The errors derived from
synchronization (about 40 ns in GPS time) are considered to
be negligible according to the sampling rate used for sensors.

The recording software used for Septentrio AsteRx3 GNSS
receiver was RX-Tools [30]. The output file format was a
proprietary format called Septentrio binary file. In this paper,



272 IEEE TRANSACTIONS ON INSTRUMENTATION AND MEASUREMENT, VOL. 68, NO. 1, JANUARY 2019

Fig. 2. Railway used for the experimental test in OSM. The journeys are there and back trips from Yeles station (start point) and Valdemoro station
(endpoint). We recorded three trips: Yeles-Valdemoro, Valdemoro-Yeles, and Yeles-Valdemoro. The train crosses a tunnel of 103.4 m and a curve of 5.4 km
three times (twice in the Valdemoro direction and once in the Yeles direction). The total distance covered is about 54.53 km. The photography is courtesy of
Administrador de Infraestructuras Ferroviarias.

Fig. 3. Measuring architecture proposed and used during the test to record
data from sensors.

conversion software supplied by Septentrio was used to obtain
a text file (.txt) for ease of data treatment.

For data recorded by xSens MTi-300 IMU, we used
MT-Manager software because it is the proprietary software
to record and monitor the measurements of the 10-DOF
IMU [31].

For tachometers and Doppler radars measurements, it is not
be feasible to record the signals from the sensors directly
because of the sampling frequency required; for instance,
to characterize the pulse of the encoder, it is recommended

to use kilohertz order sampling. To overcome this limitation,
it was decided to record the velocity value that is pub-
lished in the train multifunction vehicle bus (MVB) every
128 ms (7.8125 Hz). To make this measurement, a DEWESoft
Minataur was connected to the MVB by Ethernet Gateway and
a PPS flag was used to synchronize the starting time of both
records (GNSS and MVB) as suggested in [7].

All of the measurements and data acquisition units were
synchronized by GPS time converted to Coordinated Universal
Time, as shown in Fig. 3. With this strategy, it is rather simple
to obtain the output of the test as a merged file in text format
where all of the measurements are synchronized.

III. TRAIN VELOCITY BASED ON GNSS AND IMU DATA

Based on measurements recorded during the test from
GNSS and IMU, train velocity is calculated using the Bayesian
recursive estimation technique for data fusion; as shown
in Fig. 4. This section intends to demonstrate that the candidate
sensors can substitute for measurements recorded by the
tachometers and Doppler radars.

A. Data Fusion Algorithm

The algorithm that we implemented is an extended Kalman
filter (EKF) with 15 state variables (3-D attitude, 3-D gyro,
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Fig. 4. Data fusion architecture for train velocity calculation. The inputs are
the raw measurements from the 10-DOF-IMU and the PVT solution of GNSS
receiver. The output is the calculated train velocity.

3-D position, 3-D velocity, and 3-D acceleration). These states
are not directly the solution but they are error states (indirect
configuration). The IMU and GNSS are integrated in a loosely
coupled configuration, which is the simplest implementation
scheme and only requires IMU raw measurements and GNSS
PVT solution. Note that PVT solution is available in almost
any GNSS receiver unlike raw GNSS data—required to tight
integration—that is not available in all of them. The algorithm
output is a velocity solution, which is calculated at 100 Hz.
The initial value is assumed to be a reference velocity value.
The other EKF states are initialized to zero.

The input parameters of the algorithm are a GNSS PVT
solution provided by Septentrio AsteRx3 GNSS receiver
and 10 DOF IMU raw measurements provided by xSens
MTi-300 series. The data recorded by the accelerometers and
gyroscopes are used in mechanization process where the
rotation matrix between the body frame and navigation frame
(local-level frame or geodetic) is computed by Euler angles.
Once the acceleration values are represented in a navigation
frame, they are passed to the EKF, and to the barometer and
GNSS data.

The data processing that is described above is depicted
in Fig. 4. Accelerometers and gyroscopes outputs are repre-
sented with subscripts, which refer to axes where the data
are recorded (x, y or z). The superscript refers to axis frame,
which can be body frame (b) or navigation frame (n). The
same applies to the output variables of the mechanization
process. In the case of the magnetometer, the intensities of
the magnetic field in the three axes are used to calculate
train heading (i.e., yaw angle). The atmospheric pressure
recorded by the barometer is applied to international stan-
dard atmospheric to compute the height, as shown in (1).
This model assumes constant temperature (T0 = 288.15 K)
and pressure (p0 = 1013.25 hPa) at sea level, temperature
gradient (λ = −0.0065 K/m), atmospheric gas constant
(R = 287 m2/s2 K), and gravity acceleration (g =
9.8 m/s2) [32]

h = T0

λ

[
1 −

(
Pbaro

P0

) λR
g

]
. (1)

According to GNSS, only the PVT solution is used, which
refers to position (x, y, z)GNSS and velocity (vx , vy, vz)GNSS.

The MATLAB programming framework is used because of
the ease of working with matrices and mathematical libraries
when implementing EKF. The data treatment process is solved
once all of the measurements are recorded (i.e., in off-line
configuration).

B. Reference Velocity Definition

A reference velocity is used to compare and evaluate the
solution obtained by data fusion. In this paper, the velocity
published in MVB is used as a reference value. This velocity
calculation method is proprietary and it is used for most of
applications of the train that internally requires a velocity
value (e.g., vehicle control). Consequently, it is considered
accurate and precise enough to be compared with the candidate
sensors solution. Its value is calculated using four wheel speed
sensors and two Doppler radars. The reason why redundant
sensors measurements are used is justified by the limitations of
each sensor individually present. If only wheel speed sensors
were used to determine train velocity, then this value would
be erroneous in slipping or skidding situations. Otherwise,
experienced rolling stock manufactures have demonstrated by
internal experimental tests Doppler radars give an erroneous
value of velocity when train velocity is nearby zero. Although
the limitations can be overcome with two wheel speed sensors
and a Doppler radar, to guarantee safety and availability of
velocity, redundant architectures are used (i.e., four wheel
speed sensors and two Doppler radars).

IV. EXPERIMENTAL RESULTS AND DISCUSSION

The field test covers three there and back travels between
Yeles and Valdemoro stations. The recording of the measure-
ments starts in Yeles at 23:49:52 on 18/03/2017 and ends in
Valdemoro at 00:44:04 on 19/03/2017 after a 54.53 km run
covered in three travels (twice in the Valdemoro direction and
once in the Yeles direction), as shown in Fig. 2.

A. Sensors Raw Measurements Analysis

The raw measurements provided by accelerometer,
gyroscope, magnetometer, and barometer are presented
in Figs. 5–9, respectively.

The accelerometers measure specific forces in the three axes
of the IMU (Fig. 1). The acceleration values recorded in the
x-axis are below 1 m/s2 value (Fig. 5), which is coherent to the
dynamics of the train. Note that several studies have demon-
strated that the maximum values of longitudinal acceleration
are around 1.14 m/s2, although in some exceptional situations
(e.g., emergency brake) −3.0 m/s2 deceleration values can be
reached [33], [34].

Analysis of the y-axis acceleration values shows that the
curved section of the trips can be clearly distinguished. The
acceleration recorded in the y-axis is the normal acceleration
due to curving section subtracted by the gravity acceleration
projection on the y-axis caused by the cant of the curve.
In automotive roads, the cant is usually designed to void the
normal acceleration but in railways the cants do not have
enough inclination (because of passenger comfort, derailment
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Fig. 5. Tri-axial accelerometer raw measurements.

Fig. 6. Tri-axial gyroscope raw measurements.

risk, wheel, and rail contact, etc.) and a noncompensated
lateral acceleration arises. This noncompensated lateral accel-
eration is the measured value on the y-axis and it presents
typical values around 0.65 m/s2 [35].

Acceleration values in the z-axis are near 10 m/s2 according
to the gravity acceleration present in raw measurements (body
frame). The acceleration recorded in the z-axis presents signif-
icant changes when the train is running inside the curve or the
height is varying. This behavior is related to the gravity
acceleration projection in the z-axis: when a train is in a curve
the cant angle provokes a change in roll angle (x-axis rotation)
and gravity acceleration is projected onto z-axis and y-axis.

Fig. 7. Tri-axial magnetometer raw measurements.

Fig. 8. Countour plot of (a) x-axis and (b) y-axis magnetometer measure-
ments after applying the FFT.

When a height change is present, a rotation in the y-axis
(pitch) occurs and the gravity acceleration is projected onto
z-axis and x-axis. This is the reason why the acceleration
values on the z-axis are noisy and the acceleration values on
x-axis and y-axis are affected in the described zones.

According to gyroscope measurements, very smooth
changes are present (all of the measurements are below
0.03 rad/s) and this makes it difficult to distinguish the angular
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Fig. 9. Barometer raw measurements.

Fig. 10. Planimetry solution comparative between GNSS PVT and OSM
nodes.

rates values from the noise (Fig. 6). However, by focusing
the analysis on the z-axis angular rates, three curves can be
detected easily. A curve presents a change in heading angle and
the gyroscope located in the z-axis is able to detect this change.
Heading change also provides the direction of the curve when
analyzing the sign of the measurement (i.e., it is negative when
the train goes to the right and positive otherwise). Note that
the curve is the same in the three cases but the z-axis angular
rate differs because the velocity of the train on every travel is
different.

Fig. 11. Altimetry solution comparative between barometer-based calculated
and GNSS recorded values.

The curve not only affects in the rotations on the z-axis
but the x-axis and y-axis gyroscopes also present relevant
measurements. As stated previously, a railway curve is built
with a cant angle and, consequently, a height change (slope).
The cant angle provokes a roll angle change and it is measured
on the x-axis angular rate. The slope change is measured on
the y-axis angular rate because it is a pitch angle change. Note
that the height change is comparatively smaller than the cant,
so the angular rates in the x-axis are approximately two times
higher than in the y-axis.

The magnetometer measures looks rather chaotic, although
the behavior of the sensor in three axes is analogous and it
can be explained in several ways (Fig. 7). First, the magne-
tometers in the x-axis and y-axis show how the heading angle
changes when the train is on a curve. A heading angle change
provokes a change of the projection of earth magnetic field
intensity in the x-axis and y-axis. These phenomena can be
seen from Fig. 7(a) and (b). These measurements can also
discriminate the direction of the curve and unlike the z-axis
angular rate measurements the magnetic field intensity change
is independent of external variables. When a heading change
occurs—when a train is negotiating a curve—gyroscope-
based heading calculation depends on train velocity (Fig. 7)
but magnetometer-based heading always should present the
same magnitude independent of velocity (Fig. 6). Second,
a relationship between acceleration in the x-axis and magnetic
field intensity can be seen. For example, when significant
traction or brake is applied to the train (higher than 0.5 m/s2

acceleration or lower than −0.5 m/s2 deceleration), the mag-
netometer records in the three axis are affected enhancing the
noise of the magnetic field intensity measurements (e.g., before
the train negotiates the first curve −23:52:20− and after nego-
tiating the second curve −00:23:24−). Although this correla-
tion can be seen in the results, after analyzing the fast Fourier
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Fig. 12. EKF solution for train velocity and comparative with reference velocity values.

transform (FFT) of the signals and comparing our results with
other spectrograms in the train context, it can be concluded that
neither the train motors nor the braking resistor magnetic fields
have an influence (Fig. 8). Finally, noisy measurements in the
section between 23:58:42–00:01:02, 00:10:04–00:13:27, and
00:40:21–00:42:06, can be explained by the tunnel crossing,
during which the magnetic field intensity is affected. Although
the main behavior of magnetometers is characterized with the
recorded measurements, further research should be carried out
to evaluate, for instance, the influence of the high-voltage
catenary or the train metallic box. This would allow us to
more precisely characterize the magnetometer measurements.

The last measurements related to the 10 DOF IMU is the
atmospheric pressure recorded by the barometer (Fig. 9). The
maximum pressure registered is 953 hPa and the minimum
942 hPa. These measurements only make sense if they are
applied to atmospheric models to compute altitude over the
sea. In this paper, the international standard atmosphere model
is used to compute height from the barometer raw measure-
ments. As shown in height calculated in Fig. 11, only 100 m
of height difference is measured in 17 km, approximately,
which is coherent to the smooth altitude changes of railway
topography. The main height changes (almost 100 m) occur on
the curves, enhanced by cant and slope of the curve. The tunnel
section also presents an incongruence near 00:11:33 instant,
where it seems to make a transition of slope from positive to
negative. This erroneous height computation is a consequence
of using the raw measurements of the atmospheric pressure
without applying any smoothing or filtering technique. The
measurement of atmospheric pressure is affected by the col-
umn of air that is over the barometer; so, when the train is
inside the tunnel, the pressure head is lower than outside the
tunnel and, consequently, the atmospheric pressure measure-
ment is erroneous.

In the GNSS solution, the signal outage is highlighted in
planimetry (Fig. 10) and altimetry solutions (Fig. 11). During
the trip, three GNSS signal outages occur because of the tunnel
crossing. On every crossing, the duration of the outage is
intentionally designed to be different by modifying the train’s
velocity during the test. The first outage duration is 2 min
and 18 s, the second is 3 min and 21 s, and the third is
1 min and 45 s. This is done intentionally to simulate a large
period of GNSS outage and to show the drift of the IMU
when it is working stand alone. Extrapolating this outage time
to a scenario where the train is running at maximum velocity
(300 km/h), the tunnel lengths would be about 11.5, 16.9, and
8.75 km. These scenarios are considered to be feasible in a
railway context, unlike, for instance, roads.

The planimetry solution given by the GNSS PVT solution
and the nodes downloaded from open street map (OSM) data-
base are compared in Fig. 10. GNSS solution provides a node
each second in the sections where the signal is available, so the
number of nodes given by GNSS is higher than the nodes
provided by OSM. In this railway database, only one node is
available inside the tunnel which can be considered insufficient
to evaluate the solution when GNSS signal outage occurs.

Motivated by the lack of precision of height in GNSS,
a comparison between the computed height from barometer
and the provided by GNSS receiver is presented in Fig. 11.
The barometer raw measurements (Fig. 9) present noise that is
propagated to the height calculation whereas the GNSS height
computation is noise free. However, the GNSS solution is
given in a lower sampling rate (1 Hz) and the signal outage
provokes solution unavailability.

B. Train Velocity Comparison

To see the influence of the candidate sensors measurements
into the velocity solution, GNSS, and IMU measurements are
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TABLE I

ANALYSIS OF THE RAILWAY’S FEATURES

Fig. 13. CDF of velocity difference between reference value and
GNSS + 10 DOF IMU data fusion.

fused by an EKF (Fig. 12). The GNSS signal outage zones
(tunnel crossings) are zoomed-in to highlight the IMU drift.

The velocity calculated by GNSS and IMU data fusion is
evaluated using the empirical cumulative distribution function
(CDF). The highest value of velocity error (i.e., 2 km/h) is set
according to the most exigent ETCS requirement, which states
that the maximum allowable velocity error must be 2 km/h.

According to the CDF calculated in this paper (Fig. 13), it is
concluded that the probability of finding a difference between
the fused solution and the reference velocity (i.e., velocity
error) below 1 km/h is 80.90% (Fig. 13). The probability rises
to 93.53% if the error in velocity is 2 km/h. The probabilities
values are reduced when the tunnel section velocity solution
is added: 1 km/h or lower error are 76.85% whereas 2 km/h
or lower errors decreases up to 88.90%.

C. Track Features Calculation

The velocity obtained by data fusion can be combined with
the accelerometers’ and gyroscopes’ measurements to calcu-
late railway features, such as the radius and cant of the curve
that is crossed during the test. According to the mathematical
formulas developed in this paper, the relationship between

the candidate sensors raw measurements and track features
is presented in this section.

The curve radius (R) is related to the train’s instantaneous
velocity (vtrain) and the heading angle change (i.e., gyroscope
measurement in the z-axis). The cant of the curve is used
to compute the noncompensated lateral acceleration (i.e.,
accelerometer measurement in the y-axis). The noncompen-
sated lateral acceleration is the resultant acceleration due to
the lack of cant to compensate the centripetal acceleration.
The track parameters, such as the track gauge (s) and curve
radius (R), and also dynamic variables (train velocity) plays a
key role in the lack of cant (also known as Cant deficiency).
The approximated formulas for calculation of curve radius and
cant are given in the following equations [16], [17]:

R = vtrain

ωb
z

(2)

hcant =
(

v2
train

R
− f b

y

)
s

g
. (3)

With the measurements recorded in the field test and the
velocity calculated by the described data fusion algorithm,
an approximated calculation of curve radius and cant height
is carried out. The left curve is selected for the calculation
because it presents the closest dynamics of constant velocity
(i.e., minimum longitudinal acceleration). These are calculated
by taking the mean values of the velocity in the curved section.
The curve radius calculated value is 1800 m and the cant value
is 100 mm, approximately (Table I).

Note that the curve radius is small in comparison with the
high-speed line’s typical values (over 4000 m [35]). However,
this value explains why the velocity of the track section where
the test is executed is limited to 160 km/h (below high-speed
requirements). Higher speeds would provoke the noncompen-
sated lateral acceleration to grow and the centripetal force
acting in the train would increase, with a consequent risk of
derailment.

The cant value can also be considered to be small (typical
values of 160 mm are considered in high speed lines [35]).
However, many trains incorporate tilting technologies that are
able to incline the train box on curves to add acceleration in
the direction of gravity projection. If these technologies are
applied, then the railway cants can be designed to be lower.

If we know the altimetry of the railway, then the instanta-
neous slope can be calculated based on the velocity obtained
by GNSS and 10 DOF IMU data fusion. However, the covered
distance between two height-known-points (�h) is required,
which is computable with train velocity (vtrain) and sampling
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rate (1/�t). The formulation for slope calculation is given in
the following equation:

slope = �h

vtrain�t
100. (4)

High-speed railways are built with very smooth height
changes so as not to introduce vertical accelerations in the
train and provoke uncomfortable movements for the passen-
gers (slope values near to 1.5% are considered typical but
maximum values of 2.5% cannot be exceeded in high-speed
lines [35]). This makes it challenging to measure the altitude
changes with barometers because the signal-to-noise ratio
plays an important role. With the raw measurements recorded
by the 10 DOF IMU, it is not possible to compute a valid
slope; therefore, a local regression method is used based on
weighted linear least squares and a second-degree polynomial
model. This method is implemented in MATLAB by loess
function. With this technique, a slope value of approximately
2% is determined by taking the mean value of the three
evaluations of the same curve.

V. CONCLUSION

In this paper, experimental measurements of GNSS and
10 DOF IMU are analyzed in the railway context. After a
detailed explanation and justification of the field test, the mea-
surements are evaluated by highlighting the particular features
of the train’s dynamics. Finally, a data fusion algorithm is
proposed to obtain train velocity with candidate sensors and
to calculate the railway’s track parameters (cant, slope, and
curve radius). Based on this paper, our main conclusions are
presented in this section.

The measurements recorded in this paper combine GNSS
and 10 DOF IMU sensors and compare them to a reference
velocity obtained from tachometer and Doppler radar read-
ings. The measurements are carried out using a synchronized
recording system based on GPS time and they are stored in
a text file. The railway that we used for our experimental
test presents several challenging scenarios for validating train
navigation algorithms, such as multiple GNSS signal outages.

By analyzing the measurements obtained in the field test,
the usability of IMU and GNSS candidate sensors in railway
domain can be concluded. Even with a simple data fusion algo-
rithm that fuses IMU and GNSS measurements, the solution
that we have calculated is able to reach very similar values of
velocity to higher cost sensors, such as Doppler radars: below
2 km/h difference between both velocity solutions is reached
by 93.53% of probability. However, when the IMU needs to
work standalone (i.e., GNSS signal outage) it is concluded
that additional information is required to guarantee solution
validity. The use of standardized digital maps and information
provided by beacons installed on the track could provide the
data needed to support the candidate sensors in GNSS signal
degraded environments.

Finally, railway features such as cant, slope, and curve
radius are obtained using raw measurements from the can-
didate sensors and velocity is obtained by data fusion. This
analysis can contribute to help us better model the simulation
environments because once the railway that will be simulated

is known, the ideal measurements of angular rate in the
z-axis, acceleration on the y-axis, and barometer values can
be calculated.
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Introduction 
 

Integrating new candidate sensors, such as Global 

Navigation Satellite System (GNSS) and inertial 

measurement unit (IMU), into fail-safe train 

positioning systems have recently become a 

prominent area of research.  

 

 

 

The work presented in this paper is motivated by 

the lack of instrumentation and measuring 

architectures and the need of GNSS and IMU raw 

measurements analysis in railway environment 

before their integration in fail-safe train positioning 

systems. The main research contributions are: 

• To extend the most relevant previous works in 

the field of instrumentation and measurement. 

• To understand the behavior of these sensors in 

a railway context and, consequently, to better 

model the sensors in simulated environments. 

• To detect main limitations of candidate sensors 

when measuring track features (cant, slope, …). 
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that, nowadays, no train is positioned safely in an 

absolute reference frame such as WGS84? 

Do you know… 

Tachometers IMU GNSS Dopplers 

3 Trips Yeles and 

Valdemoro 

 

Total distance:  

54,53km 

 

Tunnel: 103,4m 

Curve: 5,4km 

Calc. Normative 

Lateral  

accel. 
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1m/s2 0.65 m/s2 

Slope 2% 

Conventional: 1.25-2% 

High-speed: 1.5-2.5% 

Cant 100mm 

Conventional: 150mm 

High-speed: 180-200mm 

Curve  

radius 
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Iberian gauge: 

1000-2000m 

International gauge: 
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Conclusions 
 
 

• This work demonstrates the usability of IMU and GNSS in railway domain: the 

solution we have calculated by EKF is able to reach very similar values of velocity to 

higher cost sensors, such as Doppler radars: below 2 km/h difference between both 

velocity solutions is reached by 93.53% of probability. 
 

• When the IMU needs to work standalone (i.e., GNSS signal outage) it is concluded 

additional data (digital maps or beacons) is required to guarantee solution validity. 
 

• The knowledge of track cant, curve radius and slope (in addition to IMU and velocity 

measurements) beforehand can help positioning accurately and safely a train. 
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The logic of validation allows us
to move between the two limits of
dogmatism and skepticism.

Paul Ricoeur

CHAPTER

4
Simulation Framework

The survey about train positioning solutions (paper I) highlighted the few sim-

ulation frameworks to test train navigation algorithms under different conditions.

Eventually, it has directly motivated the design, development and validation of a

one-stop simulation framework presented in this paper.

According to the experimental evaluation of GNSS and IMU (paper II), these

candidate sensors arise as prominent solution, especially the IMU due its trade-off

between cost and functionality in railways. However, the lack of agreement of the

main research works about GNSS integration into the train positioning system, has

set it aside for short-term solutions.

The simulation framework presented is focused on the integration of the INS

and wheel speed sensor as an alternative to the actual system (wheel speed sensor

and Doppler radar). Under the technical point of view, the INS can be able to over-

come the wheel speed sensors limitations (slip/skid, wear, conicity, pure-rolling

conditions). In addition, it can provide additional information related to railway

features that can broad the positioning techniques (e.g. using digital maps and

map-matching algorithms). It can substitute Doppler radar lowering the cost of the

system but the accuracy and precision of the positioning solution is in part subject

to IMU quality (low-, medium- or high-end inertial sensors can be used).
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4. SIMULATION FRAMEWORK

Table 4.1: A comparison of the simulation frameworks.

Simulation Frameworks
Prev. (1) Prev. (2) Prev. (3) Prev. (4) Proposed

Input files Train characteristics No Yes Yes No Yes
Sensors characteristics No Yes No No Yes
Speed profile Yes Yes Yes No Yes
Track profile Yes Yes Yes Yes Yes

Sensors Accelerometers Yes No Yes Yes Yes
Gyroscopes Yes No Yes Yes Yes
Magnetometers No No No No Yes
Tachometers Yes No Yes No Yes

Signal Generation Synthetic signals Yes Yes Yes No Yes
• Sensors error models No No No No Yes
• Degraded scenarios Yes Yes Yes No Yes
• Vehicle dynamic model No No Yes No Yes
Experimental signals No Yes No Yes Yes

Navigation algorithms IMU mechanization methods No No Yes* Yes* Yes**
Data fusion methods Yes* Yes* Yes* Yes* Yes**
Performance evaluation methods No Yes Yes* Yes* Yes*

Acronyms: Only one method (*) or more than one methods (**) are presented and tested. Prev. = Previously done.

Under the safety point of view, train positioning systems are required to be

tested in different and multiple scenarios, especially, in those scenarios where

sensors provide erroneous measurements; so, the flexibility for testing different

trains, along different tracks, equipped with different sensors and running under

different speed profiles plays a key role in the design of a simulation framework.

The simulation framework presented in this paper has been deployed to test the

performance of train navigation algorithms based on IMU and wheel speed sensors

(Figure 4.1). The overall functioning of the simulation framework presented in this

work can be outlined as follows: first, all of the data required as input are loaded

to the simulation framework. An overall testing configuration file sets the global

variables (output data rate, train navigation algorithm, INS mechanization method,

etc.). The input files block includes information about the velocity profile, digital

map, train parameters, sensors characteristics, and so on. Once the input data is

loaded, the sensor signals are built based on synthetic or experimental procedures.

The signal generation process is gathered in the synthetic and experimental signal

simulator. After the sensor signals are generated, the train navigation algorithm

processes them to get the train navigation solution (i.e., train position, velocity,
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heading, etc.). Finally, the performance of the solution is evaluated by comparing
the estimated results to the reference values. Both algorithms are gathered in the
Train Navigation Algorithms and Solution Performance Evaluation Algorithms.

As use case, the simulated train, track, sensors and speed profile has been built
based on the experimental tests presented in paper II. Consequently, the train and
track features, as well as, sensors data-sheet parameters are close to reality. This
paper shows two mechanization methods and two data fusion algorithms and eval-
uates their performance according to orientation and velocity values.

Figure 4.1: The proposed simulation framework for testing train navigation al-
gorithms.

The main contributions of this paper can be summed up as follows.

1. It provides functionalities that previous simulation frameworks do not deal
with, making it a one-stop flexible simulation framework: one of the most
relevant contributions is related to the signals generation, where synthetic
and experimental signals can be used. The main enhanced functionalities
over the state-of-the-art simulation frameworks can be found in Table 4.1.

2. The synthetic signals can be generated in flexible way based on train charac-
teristics (mechanical, electrical and electronic issues), track features (curve
radius, cant, slope, heading, etc.), sensors data (sampling rate, error sources,
etc.) and speed profiles (commanded velocity, acceleration and jerk) defined
in the initialization files. This is concluded to be the most flexible way to test
train navigation algorithms.
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4. SIMULATION FRAMEWORK

3. Different mechanization methods (such as reduced mechanization and gyro-
based mechanization techniques), data fusion algorithms (such as decision
rules based and EKF based algorithms) and performance evaluation methods
can be used to evaluate the same sensors measurements.

Further developments of this work shall cover the integration of GNSS and
digital maps for positioning purposes.
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Simulation Framework for Testing Train Navigation
Algorithms based on 9-DOF-IMU and Tachometers

Jon Otegui, Alfonso Bahillo, Iban Lopetegi and Luis Enrique Diez

Abstract—The integration of candidate sensors such
as a microelectromechanical system-based inertial mea-
surement unit (MEMS IMU) for localization and nav-
igation has been widely explored for vehicular, pedes-
trian and robotics applications. They also arise as
candidate sensors in the train navigation context and
their integration in safety relevant applications has
become a prominent area of interest. This requires
sensor modelling in a specific context, the search of
new information sources (e.g., digital maps), devel-
opment of navigation algorithms, and testing of the
system. In this context, this work proposes a one-
stop simulation framework for testing train navigation
algorithms that uses a 9 degrees of freedom (DOF)
IMU and tachometers. The simulation framework can
generate synthetic signals based on the dynamic model
of a train, digital maps, speed profiles and sensor
error model. It also uses real signals recorded from
experimental measuring campaigns. Train navigation
algorithms are then executed. Finally, the performance
of the obtained results is evaluated. The main contri-
bution made by this framework is its flexibility when
used to evaluate different sensors, train configurations,
tracks, mechanization methods, navigation algorithms,
and so on during different stages of the development
process. Simulation framework use cases are presented
in this work, where several mechanization methods
and train navigation algorithms are tested. Finally,
experimental data is recorded and included in the
presented simulation framework to evaluate an example
of a train navigation algorithm based on a 9-DOF-IMU
and tachometers. The mean differences in the synthetic
and experimental IMU signals are around 3.52% in ac-
celerometers, below 0.01% in gyroscopes, and 10.16% in
magnetometers in the acceleration sections (i.e. when
train is applying torque).

Index Terms—simulation, tachometers, inertial sen-
sors, train navigation, sensor fusion, digital maps

I. Introduction

THE development of train localization and navigation
systems is a prominent field of research, especially

when they are focused on relevant safety applications.
Both the enhancement of the functionality of current
systems and the integration of new candidate sensors
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cepted May 30, 2019. Date of publication May 30, 2019; date of
current version May 30, 2019.
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(e.g., GNSS or IMU) contribute to this promising area
of research in the train and railways context. In addition,
the standardization and interoperability issues set in the
European Railway Train Management System (ERTMS)
and European Train Control System (ETCS) have led the
EU to promote this research field through projects such as
NGTC [1], STARS [2], ERSAT GGC [3], and so on.

Although it has almost been 20 years since the design
of the first architectures in which multisensor data fusion
was integrated, the proposals of candidate sensors and
the development of train positioning algorithms have only
recently become a relevant research topic, particularly in
the last 5 years. The majority of these studies are focused
on developing data fusion algorithms that are fed by
different sources, such as GNSS, IMU, tachometers (a.k.a.
wheel speed sensors or encoders), Doppler radars, Eddy-
current sensors or track beacons (a.k.a. balises). The most
relevant works dealing with this issue are gathered and
analyzed in [4].

The integration of the proposed solution in a train
navigation system requires exhaustive testing procedures
to guarantee the high safety requirements related to
train positioning [5]. This obliges the performance of the
proposed algorithms to be tested under many different
scenarios where the sensors are expected to give erroneous
measurements. For example, when slipping occurs due to
lack of adherence between wheel and rail, the tachometer
will tend the overestimate the angular rate of the wheelset.
Meanwhile, the IMU will present a bias drift problem that
can accumulate substantial error over time, especially for
velocity and distance calculation. Although the most real-
istic scenarios are experimental tests, they are expensive
because they require a large number of scenarios to be
tested. Consequently, simulation frameworks have become
a popular alternative to test train navigation algorithms.

A concise description of a simulation framework in
which different sensors and train parameters, as well as
track and speed profiles are characterized can help us
to better understand the behaviour of candidate sensors
(such as IMU) under multiple scenarios without making
use of costly experimental tests on railways. In addition, a
simulation framework can be a very useful tool to evaluate
the train navigation algorithms that have already been
developed, while using different criteria to find the specific
cases where they work best.

This work is motivated by the few complete simulation
frameworks that are currently available to flexibly test
the performance of train navigation algorithm. The lack
of frameworks on which the train navigation algorithms
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Table I: A comparison of the simulation frameworks.
Simulation Frameworks

[8] [9] [10],[11] [12] Proposed
Input files Train characteristics No Yes Yes No Yes

Sensors characteristics No Yes No No Yes
Speed profile Yes Yes Yes No Yes
Track profile Yes Yes Yes Yes Yes

Sensors Accelerometers Yes No Yes Yes Yes
Gyroscopes Yes No Yes Yes Yes
Magnetometers No No No No Yes
Tachometers Yes No Yes No Yes

Signal Generation Synthetic signals Yes Yes Yes No Yes
• Sensors error models No No No No Yes
• Degraded scenarios Yes Yes Yes No Yes
• Vehicle dynamic model No No Yes No Yes
Experimental signals No Yes No Yes Yes

Navigation algorithms IMU mechanization methods No No Yes* Yes* Yes**
Data fusion methods Yes* Yes* Yes* Yes* Yes**
Performance evaluation methods No Yes Yes* Yes* Yes*

Acronyms: Only one method (*) or more than one methods (**) are presented and tested.

could be tested by both synthetic and experimental signals
is considered to be a research gap, which this work aims
to address. This can reduce the testing time of train navi-
gation algorithms because the same simulation framework
can be used in different stages of the development process
(e.g., for design, test, and validation purposes).

The present paper aims to describe a complete simu-
lation framework. Its potential deployment will be used
to test the performance of train navigation algorithms.
This work encompasses the most recent and validated
IMU models, and it makes use of the knowledge of the
rolling stock manufacturers to build a tachometer model.
This may overcome the lack of detail about the synthetic
sensor signals that are used in the current simulation
frameworks. It also allows us to work with both synthetic
(generated by mathematical models) and actual (recorded
in experimental tests) sensor signals, making it completely
flexible. In addition, the presented framework can work
with different types of IMUs, tachometers, train configu-
rations, railway tracks and velocity profiles, which can be
configured with initialization files. Finally, this framework
has been adapted—but is not limited—to evaluate train
navigation algorithms under the ERTMS/ETCS accuracy
criteria.

The rest of this paper is organized as follows. Section
II gathers an exhaustive analysis of the current simulation
frameworks and summarises their main limitations. Sec-
tion III covers the description of the proposed simulation
framework and it highlights the potential uses of this
work. In Section IV, synthetic and experimental signal
generation stages are described in detail. Meanwhile, the
train navigation and solution performance evaluation algo-
rithms are described in Section V. In Section VI, the case
studies of the simulation framework are shown and they
are compared to experimental data, while discussing the
obtained results. In Section VII, two different mechaniza-

tion methods and data fusion techniques are proposed as
test cases of the simulation framework. Finally, the main
conclusions and some areas for future research are drawn
in Section VIII.

II. Simulation Frameworks: An Overview
The utilization of simulation frameworks to evaluate

positioning and navigation systems is quite extended in
aviation [6], [7] which can be considered close to the train
navigation context because of its high safety requirements
and costly experimental tests. In contrast, in the train
navigation context, there are very few works that enclose
all of the stages required to build an one-stop simulation
framework. The very first work dealing with train naviga-
tion was presented 15 years ago, in which the conception of
a train position locator simulator was described, including
GNSS, IMU and tachometers [8]. However, this work is
limited to the synthetic generation of signals (i.e., no
experimental data are used to validate the accuracy and
precision of the synthetic signals) and it is not used to
test train navigation algorithms. The most intensive work
carried out on train navigation simulation frameworks
was published over 10 years later. This framework is
called ATLAS (Advanced Train Location Simulator) [9]
and is focused on on-board railway location using wireless
communication technologies, such as GNSS, Global Sys-
tem for Mobile communications in Railway (GSM-R) and
Universal Mobile Telecommunications System (UMTS).
Its main limitations are the lack of IMU and tachometers
for train navigation, while the sensor’s signals are not
validated using experimental data.

Apart from complete simulation frameworks, several
works have used particular-use test frameworks (e.g., for
evaluating algorithms accuracy or safety level). Although
these frameworks enable the authors to test and analyze
their own design of a particular system, the flexibility to
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Figure 1: The complete proposed simulation framework for testing train navigation algorithms.

test other architectures (i.e., with different sensors, trains,
tracks or navigation algorithms) is rather limited. The
most significant works on this topic evaluate a specific
odometry algorithm based on tachometers and IMU using
a train dynamic model ( [10], [11]). However, these works
do not implement error models of the sensors and the syn-
thetic signals are not compared against experimental ones.
Furthermore, other works only use experimental tests to
obtain sensors measurements, which are then fed to the
proposed train navigation algorithms but are only tested
in a few scenarios [12]. These works are limited in most
cases to the architecture designed and, consequently, they
are less flexible when including new candidate sensors,
modifying the characteristic of the current sensors, or
when changing the train and track parameters.

Another framework for the certification and safety au-
thorization process for a location determination system
based on the GNSS integrated into the ERTMS is pre-
sented in [13]. Finally, although there are many simu-
lation frameworks related to railway networks, logistics
management, timetable assessments or gaming purposes,
they have been omitted from this literature review because
they do not discuss train navigation.

The simulation frameworks described previously are
gathered in Table I, where their main limitations are
highlighted. Note that the presented simulation framework
overcomes some of the main limitations presented by pre-
vious works, making it one of the most flexible options to
design, evaluate and validate train navigation algorithms.

III. Description of the Simulation Framework

The simulation framework that is presented in this work
was developed in Matlab-Simulink, due to ease of represen-
tation and integration of different simulation blocks and
the integration of mathematical libraries. This is bounded
but not limited to 9 DOF IMU (i.e., tri-axial accelerom-
eters, gyroscopes and magnetometers) and tachometers
because short-term train navigation is expected to be

based on enhanced odometry systems [14].
The overall functioning of the simulation framework

presented in this work can be outlined as follows (Fig. 1):
first, all of the data required as input are loaded to
the simulation framework. An overall testing configuration
file (Fig. 1) sets the global variables (output data rate,
train navigation algorithm, IMU mechanization method,
etc.). The input files (Fig. 1) block includes information
about the velocity profile, digital map, train parameters,
sensors characteristics, and so on. Once the input data is
loaded, the sensor signals are built based on synthetic or
experimental procedures. The signal generation process is
gathered in the synthetic and experimental signal simulator
(Fig. 1). After the sensor signals are generated, the train
navigation algorithm processes them to get the train
navigation solution (i.e., train position, velocity, heading,
etc.). Finally, the performance of the solution is evaluated
by comparing the estimated results to the reference values.
Both algorithms are gathered in the Train Navigation Al-
gorithms and Solution Performance Evaluation Algorithms
(Fig. 1). Further details of the boxes shown in Fig. 1 are
given in Sections IV and V.

As stated previously, proposed simulation framework
both generates synthetic sensor signals (theoretical sce-
nario) and loads them from a previously recorded file
(experimental scenario), or even both synthetic and exper-
imental signals can be mixed. This makes the framework
flexible for theoretical or experimental purposes. Note
that the synthetic signal generation shows the potential
uses of utmost relevance during the testing procedure for
train navigation algorithms. They can then be used to
evaluate the maximum performance, and even to control
the error sources and their magnitude on the simulated
sensor signals. In addition, all of the synthetic signals
can be compared to the experimental records, if they are
available, by simply modifying the initialization files. In
the following sections, the synthetic signal generation and
experimental signal generation stages are described.
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Figure 2: Synthetic signal generation procedure.

IV. Synthetic and Experimental Signal
Generation

The simulation framework is able to build sensor signals
from either experimental files or to generate synthetic sig-
nals. The experimental file can be obtained from any field
test record with a time stamp. The simulation framework
reads data and then generates a signal, which is further
used in train navigation algorithms. For both cases, a
reference value set (named here as Ground Truth) is re-
quired to evaluate the performance of the train navigation
algorithms, which can be generated from experimental file
or generated synthetically (Fig. 2).

To build synthetic signals, a simulation framework re-
quires contextual information about the train and railway
that are expected to be simulated. Consequently, it is fed
by a testing configuration file, which selects a velocity
profile, a digital map, sensors parameters, train charac-
teristics, and a series of global variables (e.g., output data
rate, simulation time-step, etc.) as shown in Fig. 1 and
Fig. 2.

The velocity profile (Fig. 2) is a dataset, in which the
velocity commanded to the train control is referred to the
covered distance or time. Although time-referred profiles
are easier to get experimentally, it is more accurate in the

train navigation context to find distance-referred profiles
to define stations, level crossings and curved sections.
Distance-referred velocity profiles have previously been
designed, hence they are known before a train starts mov-
ing and they are usually optimized to reduce operational
energy consumption [15]. This is the main reason why
the velocity profile defined for the simulation framework
is distance-referred. The velocity profile is used in the
Traction & Braking Control block to estimate the engine
and braking torques (Fig. 2).

A digital map (Fig. 2) is a collection of track features
(e.g., cant, heading and slope angles, curve radius, geodetic
position, balises and stations location, etc.) that is com-
piled and formatted for multiple purposes. Digital maps
provide the representation of both geometry and topology
of the railway tracks, and they also create the connection
between three-dimensional position coordinates and one-
dimension track-defined location for the train [16]. In
contrast, typical railway maps provided by railway oper-
ators only give cant, curve radius and height information
(neither longitude or latitude is given). However, the latest
scientific contributions are making great efforts to provide
absolute positioning to the current maps [17], [18]. This
simulator makes use of a digital map as the main source
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for generating the 3D Ground Truth (see Ground Truth
Builder in Fig. 2) based on a configurable train simulator
of the 1D velocity and position (Fig. 1). The flexibility
for defining an adhoc digital map and the configuration
parameters of a particular train provides an accurate and
adaptable Ground Truth generator that is able to feed any
candidate sensor for train navigation algorithms.

The train data file (Fig. 2) contains information about
the train box (a.k.a. carbody), bogies, wheelsets, engine
traction and pneumatic brake control parameters, aerody-
namic coefficients, wheel and rail contact model variables,
and so on. All of the parameters given in this file are
described and justified in Section IV.A of this article.

The sensor data file (Fig. 2) gathers all of the param-
eters given in sensors’ datasheets, which will be used to
generate synthetic signals. In the case of tachometers, the
resolution and sampling rate are required. In case of 9-
DOF-IMU static bias, bias linearity with temperature,
scale-factor, scale-factor dependability of temperature and
noise parameters are some of the typical parameters that
are given in the datasheets. All of the parameters given in
this file are described and justified in Section IV.B of this
article.

The simulation framework first loads all of the files
that will play a key role in synthetic sensors signal
generation process (Fig. 2). This process begins with
train simulator block, which is responsible for calculating
the train’s kinematic (e.g., accelerations, velocity, covered
distance, angular rates, rotating angles, etc.) and dynamic
(e.g., engine and braking torque, friction and aerodynamic
forces, etc.) variables based on the Input Files block. Once
the train’s movement is defined, the simulation framework
is able to generate the reference values (Ground Truth)
by iterating the position of the train along a given map
named as Map Iteration in Fig. 1 and Fig. 2. Then, 9-
DOF-IMU and tachometers signals are generated from
the digital map and train movement variables (Sensors
Model in Fig. 2). Errors are then induced to ideal signals
(Sensors Error Model, see Fig. 2). The train simulator and
sensor simulator are described in detail in the following
subsections.

A. Train Simulator
The train simulator presented in this work is mainly

based on mechanical features. For ease of understanding,
its implementation is divided into the Traction and Brake
Control Model and the Train Dynamic Model (Fig. 2).
The first model determines the engine and brake torque
required to reach the commanded velocity profile. The
second model estimates train’s kinematics based on the
torque applied to the wheelsets.

1) Traction and Brake Control Model: The Torque
Control (Fig. 2) reads the commanded velocity (vspP r|k)
to a train, which is given by the velocity profile. De-
pending on the train’s velocity, (vtrain|k), it sets the
input torque (Tin|k) based on a Proportional-Integrator-
Derivative (PID) control. The input torque (Tin|k) can be

Table II: Train’s characteristics
Parameters Value Unit
Mass (Tare) 15000 kg
Mass (Load) 20000 kg
Axle mass 2200 kg
Motor inertia 4.35 kg·m2

Wheelset inertia 120 kg·m2

Inertia factor 0.6 -
Max. traction effort of the train engine 161000 N
Axle linear velocity for max. traction 108.1 km/h
Max. pneumatic brake torque 4600 N·m
Distance between axle 1 and 2 3 m
Distance between axle 1 and 3 18.7 m
Distance between axle 1 and 4 21.7 m
Axles’ wheel diameter 0.92 m
Gearbox ratio 2.69 -
Aerodynamic drag constant 0.05 daN/(km/h)2

either positive (i.e., traction) or negative (i.e., braking),
depending on the velocity profile designed by the author.

The input torque (Tin|k) is used to calculate the engine
torque (Teng|k) that is required to reach the commanded
velocity (vspP r|k). Note that electric engines are able to
accelerate or decelerate the wheelsets, so the engine torque
values (Teng|k) can either be positive or negative. However,
their traction and braking ability is limited due to engine
power, efficiency, and wheel and rail adhesion conditions.
To make it more realistic or precise when reading slipping
phenomena while tractioning, anti-slip control has been
included. This control allows us to simulate different ad-
hesion conditions (e.g., modifying dry friction coefficient
for any section of the map) and it allows us to adapt the
torque applied to the wheelsets. This is one of the reasons,
on top of the PID, that makes the Ground Truth velocity
(vtrain|k) different from the commanded velocity (vspP r|k).

In addition to electric engines, trains are equipped
with pneumatic brakes that are used when the engines
are unable to reduce the train’s velocity themselves. In
this train simulator, they are modelled as braking torque
(Tbra|k), so their values will always be negative or zero. The
braking ability of pneumatic brakes is also limited until the
wheelsets are locked. However, this scenario can damage
the shape of the wheels, thus affecting the wheel thread
and causing vibrations. In order to avoid this phenomena,
anti-skid control is used.

The torque control models that are implemented in this
work are based on longitudinal train dynamics described
in [19]. Each rolling stock manufacturer usually designs
these systems with proprietary blocks and they can vary
from one train to another. Consequently, the simulation
framework has been designed to be adaptable, as long as
the interface is kept.

2) Train Dynamic Model: The train dynamic model
block calculates the kinematic variables (train acceleration
-atrain|k-, velocity -vtrain|k-, covered distance -xtrain|k-
and the wheelsets’ angular rate -ωwhset|k-) based on the
forces acting on the vehicle making use of Newton’s 2nd
law and time-integration techniques. The train model
build is composed of a Wheelset Dynamic Model and Box
Dynamic Model (Fig. 2).
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The Wheelset Dynamic Model (Fig. 2) is based on the
torques applied to the wheelsets and the reaction torques
that appear in the contact zone between the wheel and
rail. In the first stage, the maximum allowable force is
estimated based on the information given by the traction
and brake control (i.e. traction -Teng|k- and braking -
Tbra|k- torques). According to the adhesion between wheels
and rail, maximum allowable forces in the wheelset are
calculated (a.k.a. contact forces -Ffr|k-). Note that these
forces will always be lower than or equal to the forces
calculated from tractioning and braking torques. Kalker’s
simplified theory is used to calculate the contact forces,
assuming a Herzian contact, which is considered to be the
most contrasted hypothesis in wheel-rail contact theory
[20].

The Box Dynamic Model (Fig. 2) makes use of the
contact force calculated previously in Wheelset Dynamic
Model (Ffr|k) and it adds drag effects to the train box. On
the one hand, aerodynamic drag for air evolving around
the train is calculated using a quadratic function of the
velocity based on Davis equation (Aero Drag Model in
Fig. 2) [21]. The validation of the model used can be found
in [22]. On the other hand, the track drag model is built
based on digital map information, such as curve radius,
cant and slope angles (Track Drag Model in Fig. 2). The
formulation and on-field tests can be found in [23] and
[24].

By subtracting the drag forces from the contact force,
Newton’s 2nd law can be applied to obtain train accel-
erations on tri-axial body frame [25]. By integrating over
time, the longitudinal acceleration (atrain|k), train speed
(vtrain|k) and covered distance (xtrain|k) can be obtained
numerically. The wheelset’s angular rate (ωwhset|k) is given
by the Wheelset Dynamic Model.

Note that the implemented train simulator is non-linear,
as shown in Fig. 2: train velocity (vtrain|k) is used to esti-
mate the covered distance (xtrain|k). The covered distance
is used to iterate into the map, which provides the cant
(φtrack|k), slope (θtrack|k) and heading (ψtrack|k) angles
that are required in track drag model to estimate train
velocity (vtrain|k). The map iteration process carried out
in Ground Truth Builder also provides absolute position
values (X,Y, Ztrack|k) in the local coordinate frame.

B. Sensor Simulator
The sensors simulated in this work are a tachometer and

a 9-DOF-IMU (with tri-axial accelerometers, gyroscopes
and magnetometers). The tachometer is a well-known sen-
sor in the train navigation context and it is able to provide
accurate measurements in nominal conditions. However,
it must deal with wheel-rail contact, so accuracy can be
degraded in low adhesion conditions or when the wheel
is worn [26]. To overcome this limitation, an IMU plays a
key role when estimating the velocity and covered distance
because it does not depend on the wheel-rail contact.
Many of the proposed train navigation systems are based
on the same sensors simulated in this work (e.g., [10] and
[27]).

Table III: Sensor characteristics
Parameters Value Unit

Tachometers
Number of teeth 80 -
Maximum time-out for stopping 2 s

Accelerometers
Static bias 0.25 m/s2

Static bias drift with temperature 0.01 (m/s2)/K
Scale-factor or sensitivity 0.61e-3 (m/s2)/LSB
Scale-factor drift with temperature 0.03 %/K
Cross-axis sensitivity 0.01 -
Noise power spectral density 1.8e-3 (m/s2)/Hz1/2

Gyroscopes
Static bias 3 deg/s
Static bias drift with temperature 0.05 (deg/s)/K
Scale-factor or sensitivity 0.1 (dps)/LSB
Scale-factor drift with temperature 0.02 %/K
Cross-axis sensitivity 0.02 -
Noise power spectral density 1.8e-3 (deg/s)/Hz1/2

Gravity sensitivity (a.k.a. g-sensitivity) 0.18e-3 (rad/s)/(m/s2)
Magnetometers

Static bias 0.06 G
Static bias drift with temperature 0.3e-3 G/K
Scale-factor or sensitivity 1.5e-3 G/LSB
Scale-factor drift with temperature 0.03 %/K
Cross-axis sensitivity 0 -
Noise power spectral density 3.0e-3 G/Hz1/2

1) Tachometer: The tachometer measures the spikes of
a rotatory gear and it gives the revolutions per time unit
of the wheelset. The rotation of the sensor is proportional
to the covered roll off distance of the wheel along the rail
head; hence, the distance and the velocity can be estimated
by taking into account the revolution per time unit and
the diameter of the wheel [28].

The measurement physics of the simulated tachometers
are based on the Hall Effect. A gear tooth is detected
due to the air gap between the sensor and the gear. This
generates an electrical pulse sequence, which is read by a
field-programmable gate array (FPGA). The total number
of pulses are counted and the time between flanges is
measured. This makes the signals more challenging to
measure at high rotation rates. In addition, at low rotation
rates, the time between flanges can be large, so the time-
out parameters are generally used to consider zero velocity.
Depending on the application and the velocity ranges
wanted to measure, the number of teeth of rotatory gear
changes [29]. This parameter is usually called the encoder’s
resolution.

The tachometer signal is built based on the wheelset
angular rate obtained from train simulator (ωwhset|k)
and configuration file information (encoder’s resolution,
time-out parameter and wheel radius). The outputted
signals from Sensors Models (Fig. 2) are the linear veloc-
ity (vw

ideal|k) and the counter that accumulates measured
pulses (pw

ideal|k).
The main error source induced in the tachometers is

related to the simulation of wheel slip or skid phenom-
ena, which makes the sensor overestimate or underesti-
mate rotation rate measurements. In addition, the train
wheel’s rolling radius difference from nominal value (e.g.,
due to wear) infers measurements errors. White noise is
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Figure 3: Train navigation algorithms for 9-DOF-IMU and tachometers.

added to original signal to simulate the time measured
between spikes can include discretization errors. After the
error models are included, the outputted signals from
the Sensors Error Models (Fig. 2) are the linear velocity
(vw

sim|k) and the counter that accumulates measured pulses
(pw

sim|k).
2) Inertial Measurement Unit: The IMU signals sim-

ulated in this work consist of tri-axial accelerometers,
gyroscopes and magnetometers that measure the train’s
accelerations, angular rates and magnetic field intensity,
respectively.

The measuring technology of the simulated IMU is
based on microelectromechanical systems (MEMS) but the
configuration file is adaptable to simulate other kind of
technologies as long as the error sources are the same.
MEMS sensors can be low cost and low powered systems,
which make them attractive to mass-market applications.
However, their measurements are not accurate compared
to their tactical grade counterparts and they suffer from
bias, noise, scaling errors, non-linearity, temperature based
variations and misalignment errors [30]. In addition to
deterministic errors, these kind of sensors also suffer from
stochastic errors [31].

Extensive studies of accelerometer and gyroscope mod-
els for vehicles can be found in the literature. In this
work, two particular conclusions from previous works have
been considered: first, accelerometers and gyroscopes mea-
surements are modelled according to track features and
vehicle kinematics, as stated in [23]; and second, railway
cant deficiency and its influence on lateral accelerometer
measurements are considered, as stated in [10]. These facts
have been considered when ideal accelerometers (f b

ideal|k),
gyroscopes (ωb

ideal|k) and magnetometers (mb
ideal|k) signals

are generated in the Sensors Model (Fig. 2).
All types of accelerometers and gyroscopes exhibit bi-

ases, scale factor, and cross-coupling errors, and random
noise to a certain extent [32]. In addition, previous errors
can be influenced by temperature changes that can be
usual in train navigation context in contrast to indoor
positioning, for instance. Consequently, the error model
designed in this work considers the error behaviour of

low-cost inertial sensors in dynamic conditions [33], bias,
scale-factor [34] and noise characteristics [30], [35], [36]
and temperature influence [37]. Simulated accelerometers
(f b

sim|k) and gyroscopes (ωb
sim|k) signals in Sensors Error

Model (Fig. 2) includes these facts over ideal signals.
The magnetometers measure the magnetic field inten-

sity around the sensor. Consequently, the simulator is
required to have a model that could provide these data. In
this work the World Magnetic Model (WMM) developed
by National Oceanic and Atmospheric Administration
(NOAA) has been used because it is considered to be the
most contrasted and refuted model [38].

In an ideal situation, the magnetometers would measure
the terrestrial magnetic field for a given point. However,
biases and scale-factor errors are induced in real scenarios.
In addition, magnetic disturbances due to catenary, elec-
tronics, and signal interference are very usual in a railway
context. Consequently, a specific error model is required
for the simulation framework, which gathers biases, scale
factor, cross-coupling errors, noise, and so on [39], [40].
Simulated magnetometers (mb

sim|k) signals in Sensors Er-
ror Model (Fig. 2) includes these facts over ideal signals.

V. Train Navigation Algorithms and Solution
Performance Evaluation Methodology

Once the sensor signals are built (either synthetic signals
or experimental signals), they are used as inputs for train
navigation algorithms. General purpose navigation algo-
rithms aim to estimate the position and derived variables
(e.g., velocity, acceleration, orientation, etc.) but train
navigation is focused on calculating vehicle velocity and
covered distance (also known as odometry) [11]. Conse-
quently, the simulation frameworks have been designed
focused on but not limited to odometry, which allows us
to estimate complementary variables (e.g., orientation).

Navigation algorithms are usually made up of multiple
stages or sub-algorithms, which are used for dynamic
calibration of sensors, IMU mechanization, tachometers
consensus analysis and data fusion. These stages are
depicted in Fig. 3 and implemented in the simulation
framework; further details are given later in this section.
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Dynamic calibration or compensation model of sensors
is a common technique to estimate recursively error terms
in measurements. In case of tachometers, it is usual to
update the wheel radius value; whereas in case of IMU,
measurements biases are estimated in static scenarios or
making use of additional sensors.

IMU mechanization is the process in which sensor’s ori-
entation, acceleration, velocity and position are estimated.
First, orientation angles are calculated to compensate for
the gravity term in accelerometers. Generally speaking, it
requires an attitude update on each iteration to transform
the current measurement frame (body frame) to naviga-
tion frame where the gravity vector is known. Once the
acceleration is obtained, the velocity and covered distance
can be calculated by time integration. The simulation
framework also allows different type of mechanization
methods, which allow reduced mechanization methods to
be implemented [41], [42].

It is very usual to install more than one tachomete
a train alternating driving and trailing axles. Some slip
and skid phenomena can be compensated by taking the
maximum or minimum measurements in a processing stage
called sensor consensus [29].

Data fusion is the last stage of the train navigation
algorithms. They are usually based on Kalman Filter and
derived architectures but in some cases simpler algorithms
can be found (especially for fail-safe purposes). The data
fusion algorithms output so-called states, which are used
to calculate the train navigation solution.

The final part of the simulation framework evaluates
the performance of the estimated train navigation solu-
tion against Ground Truth. In most cases, the solution
is evaluated in terms of accuracy and precision using
root mean square error, hypothesis tests, and so on [9].
In addition, different mechanization techniques or train
navigation algorithms can be compared to each other.

VI. Synthetic and Experimental Signal: Tests
and Results

The potential of the simulation framework is shown
through two use cases presented in this section. On the
one hand, synthetic signals have been generated for a high
speed train that can reach over 250 km/h, which travels
on previously designed track and velocity profile. On the
other hand, experimental signals have been used from
a measurement campaign. In this section, a comparison
between synthetic and experimental signals is presented.

A. Synthetic Signals

The utilization of synthetic signals is the main part of
the simulation framework because it allows us to simulate
different trains, sensors, tracks and train navigation algo-
rithms, leading to a flexible working framework. In this
section, a representative use case is presented on which a
complete analysis is carried out.

Figure 4: Digital Map for generating synthetic signals.

Figure 5: Commanded (vspP r|k) and train simulated ve-
locity (vtrain|k).

1) Settings: The train dynamics simulated in the simu-
lation framework corresponds to a high speed train model,
whose main mechanical characteristics are gathered in
Table II. The values shown there are given by datasheets
(e.g., maximum traction effort, axle linear velocity for
maximum traction or maximum pneumatic brake) or mea-
sured in previous experimental tests (e.g., axle’s wheel
diameter, distance between axles, masses, etc.).

The characteristics of the simulated tachometers and 9-
DOF-IMU can be seen in Table III. The number of teeth
on the tachometers’ rotatory wheel is a trade-off design
between the minimum and maximum measurable rotation
rates. The 9-DOF-IMU data corresponds to a low-end
IMU that could be integrated in a train navigation system
due to ease of installation and reduced economic cost (few
euros).

The simulated track can be any digital map defined
as an input of the simulation framework. The example
presented here covers 2000 m and it has straight and
curved sections, as well as transition curves (modelled as
clothoids). The curve radius designed for this simulation
has 2000 m, which can be considered a typical value for
high speed lines according to track design criteria. The
curved section has a cant of 100 mm to compensate in part
the lateral acceleration. The track designed is plotted in
Fig. 4.

The commanded velocity to the train has accelerat-
ing, coasting, and decelerating sections. The maximum
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Figure 6: 9-DOF-IMU ideal (f b
ideal|k, ωb

ideal|k, mb
ideal|k)

and realistic (f b
sim|k, ωb

sim|k, mb
sim|k) synthetic signals. Tri-

axial specific-forces (a), angular rates (b) and magnetic
field intensities (c) of the simulated signals.

Figure 7: Tachometer ideal (vw
ideal|k, pw

ideal|k) and realistic
(vw

sim|k, pw
sim|k) synthetic signals.

simulated velocity is 80 km/h (i.e. 22.2 m/s), which is
considered to be easily reachable by train characteristics
(note that the train model simulated can reach higher
velocities when operating in high speed mode) and to fulfill
safety criteria for derailment in 2000 m curved section. The
commanded velocity profile is plotted in Fig. 5.

2) Results: Let us recall Fig. 2 to analyze the synthetic
signals. The very first analysis represented in Fig. 5
shows the difference between the commanded velocity to
the train (input file) and the simulated train velocity
(constrained by the train dynamics). Although there seems
to be few differences in the overall plot, the zoomed areas
enable us to see the delay that is inferred in simulated train
velocity over the commanded velocity. The reason why two
curves are not exactly the same is due to the train control,
which needs some time to reach the commanded value. At
500m, the velocity difference is about 0.14 m/s (0.62%
difference) and at 1525m the velocity difference is reduced
to 0.094 m/s (0.43% difference) because in the coasting
zone the train has reached the commanded value. The
maximum value (0.26 m/s) is given at the final part of the
travel (2100 m), where the train is commanded to stop and
several meters are covered before the train goes standstill.
The mean difference is around 0.1 m/s, which is equivalent

to a 10% difference when a train is running at 360 km/h.
Therefore, it is shown that modeling the train dynamics
can play a key role when designing high precision (e.g., 1%
relative velocity difference) train navigation systems mak-
ing the Ground Truth more accurate than considering the
commanded values. Consequently, the difference between
commanded and simulated values are a design constraint
but not a problem to correctly evaluate the algorithms.

According to the sensor signals, remarkable differences
can be observed between the ideal signals (given by the
train dynamics) and realistic signals (added error mod-
els to tachometers and 9-DOF-IMU based on [33]). The
synthetic signals generated for the 9-DOF-IMU can be
observed in Fig. 6, where both realistic and ideal signals
are represented. IMU specific-forces gathers the acceler-
ations measured in train box and gravity acceleration
projection. Train acceleration, coasting, and deceleration
sections can be shown in x-axis specific-forces, where 0.5
m/s2 magnitude is in concordance with the simulated
train velocity profile. The curving zone is reflected on
y-axis specific-force due to the lateral acceleration that
arises when the train is negotiating a curve. In addition,
the z-axis gyroscope measures the heading change (up
to 0.01 rad/s), the y-axis magnetometer also senses a
variation on the magnetic-field intensity (about 0.1 G)
due to a variation of the magnetic north direction. The
measurements are affected in the lower part by the track
cant, which is reflected on z-axis specific force (0.01 m/s2

is projected into train vertical axis when it tilts inside the
curve) and x-axis angular rate (0.002 rad/s is the rotation
rate during the tilting). Regarding the errors induced by
the error models used for generating synthetic signals, the
major contribution is given by the static bias: note that
the mean difference between realistic and ideal signals in x-
axis specific-force is 0.35 m/s2 where the static bias (0.25
m/s2) represents almost 70.95% of the total error. In case
of the x-axis angular-rate, the mean difference is about
0.053 rad/s, where the static bias encompass almost all
the error budget (99.73%).

The tachometer signals are analyzed in Fig. 7. The
main difference between realistic (vw

sim|k, pw
sim|k) and ideal

(vw
ideal|k, pw

ideal|k) signals is shown in the initial and final
section of the velocity profile; that is, when the train starts
moving and when it stops. The time-out (2s as shown
in Table III) set to consider null velocity is represented
in these sections and the velocity difference is explained
as follows: an ideal tachometer can wait an infinite time
until a new tooth of the rotatory gear is detected but, in
a realistic scenario, a time-out is required to consider that
the train is not moving.

According to the results shown in Fig. 6 and Fig. 7, some
differences between the tachometer and IMU signals can
be distinguished: the tachometers simulated in this work
measure the linear velocity (vw

sim|k) of the train based on
the angular rate of the train’s wheelset (ωb

sim|k). The in-
ternal logic of the tachometers multiplies the angular rate
of the train’s wheelset by the wheel radius to provide the
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linear velocity. This assumption is accurate when the train
runs in a straight line, the wheels radii are close to nominal
values and pure rolling conditions are fulfilled. When the
train is negotiating a curve, for instance, the rolling radius
changes (note that train’s wheels are conical) and some
discrepancies can arise between vw

sim|k and ωb
sim|k. The

accelerometers and gyroscopes are not influenced by the
angular rates of the train’s wheelsets and their signals
correspond to the movement of the train box. The main
discrepancies that can arise between the sensors utilized
are related to the different movement that are measuring:
the tachometers deals with wheelsets dynamics and IMU
deals with box dynamics. This reason explains why the
Train Dynamic Model (Fig. 2) includes Wheelset Dynamic
Model and Box Dynamic Model.

B. Experimental Signals
As stated earlier, the simulation framework has been

designed to test train navigation algorithms with exper-
imental data. This functionality allows the framework
to operate as a record and playback system, which is
very common in navigation systems [43]. In this section,
a use case of these feature is described based on the
measuring campaign carried out by [24]. This section aims
to evaluate the experimental errors in signal measurements
and compare them to IMU synthetic signals generated
in the simulation framework. This work is focused on
IMU signals, due to the lack of characterization of these
kind of sensors in train navigation context in contrast to
tachometers, which are widely explored and used for this
purpose.

1) Settings: The train used in measuring campaign
is the same high speed model that has been simulated
previously and the IMU sensor is a MEMS sensor with
the same specification values as defined by Tables II and
III. The velocity recorded is based on tachometers and
Doppler radars to avoid low-velocity errors due to time-
out restriction of the tachometers, and to overcome the
slip and skid phenomena.

The railway track that is used corresponds to a straight
section of 1500 m, which is covered in approximately
150 s. Note that the simulated track length is similar to
the experimental. The velocity profile commanded to the
train was not available when recording data but the train
operation covers accelerating, coasting, and decelerating
sections, as simulated earlier. The track characteristics are
estimated as stated in [23] and [24].

2) Results: The measurements recorded by the 9-DOF-
IMU (tri-axial specific-forces, angular-rates and magnetic-
field intensities) are presented in Fig. 8. To analyze the
IMU measurements, three different sections (accelerating,
coasting and decelerating) have been chosen (Fig. 9) and
the square root of quadratic sum of accelerometers, gyro-
scopes and magnetometers has been calculated. The ob-
tained results are compared to the three simulated sections
by synthetic signals and the comparison is given in Table
IV. Note that generated synthetic signals are required to

Figure 8: 9-DOF-IMU experimental signals. Tri-axial
specific-forces (a), angular rates (b) and magnetic field
intensities (c) of the experimental signals.

Figure 9: Tachometer experimental signal.

be calibrated (in this work, static bias is removed based
on [44]) before comparing to the experimental signals be-
cause the utilized IMU provides calibrated and normalized
measurements.

The accelerometer signals show a mean difference be-
tween raw synthetic signal and experimental signals of
about 0.36 m/s2 (3.52%) in the accelerating section. Af-
ter static bias is compensated in synthetic signals (note
that the simulated signals assume maximum bias given
in the datasheet), the difference has dropped to 0.016
m/s2 (0.16%). The difference between calibrated signals is
0.27% and 0.051% for coasting and decelerating sections,
respectively.

The gyroscope’s raw signals are strongly affected by
the static bias (3 deg/s or 0.052 rad/s), which can be
considered rather high for a train navigation context that
rarely records 12 deg/s (i.e. 0.21 rad/s) or higher angular
rates. However, when it is removed from the synthetic
signals (calibration stage), the errors are lowered to almost
zero in accelerating and decelerating sections (in coasting
section the difference between synthetic and experimental
signals is about 0.0076 rad/s).

The magnetometer signals show larger differences than
accelerometers and gyroscopes. The main reason for this
is the difficulty to model all of the magnetic fields inside
a train with magnetometers. In the worst case (coasting
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Table IV: Synthetic and experimental 9-DOF-IMU signals comparative.

IMU accelerometers
[m/s2]

IMU gyroscopes
[rad/s]

IMU magnetometers
[G]

Syn. Exp. Syn. Exp. Syn. Exp.
Raw Cal. Cal. Raw Cal. Cal. Raw Cal. Cal.

Accelerating section 10.16 9.81 9.79 0.09 0.0019 0.0019 1.20 1.03 1.00
Coasting section 10.18 9.83 9.80 0.09 0.0100 0.0019 1.14 1.11 0.99
Decelerating section 10.12 9.81 9.81 0.09 0.0028 0.0029 1.02 1.03 1.00

Acronyms: Synthetic signals (Syn.) and experimental data (Exp.). Static bias calibrated (Cal.).

section), a 0.11 G (10.16%) difference is obtained. In
accelerating and decelerating sections, the difference is
about 3.05% and 2.65%, respectively.

Regarding the velocity measurement recorded in the
measuring campaign, a significant difference can be ob-
served below 1m/s velocities (Fig. 9). When generating
the synthetic signals, a time-out need has been stated to
provide null velocity for higher waiting times. However,
in the experimental records, all of the range velocities
can be observed. This happens when the tachometer’s
signals are recorded through Multi-function Vehicle Bus
(MVB), where Doppler radar can support tachometers at
low velocities.

The comparison of the synthetic (Fig. 7) and experi-
mental (Fig. 9) signals of the tachometers highlights the
limitations of the track information. The experimental test
carried out in this work deals with the fact that the track
information is not available. This is usual where railways
are not digitalized or the railway operator only provide
topological data of the track. Although some track param-
eters (e.g. curve radius, slope and cant) can be obtained
with additional sensors (e.g. GNSS, Doppler radar, etc.),
the transition curves are not known beforehand, so the
track characteristics are not fully defined. Consequently,
the speed profile measured by the tachometers and the
synthetic signal generated are not completely identical. In
order to overcome this limitation, the analysis carried out
in this work is limited to those sections where track is
correctly characterized. This is the reason why different
sections (acceleration, coasting and deceleration) are de-
fined in Fig. 7 and the results in Table IV are limited to
those sections.

VII. Simulation Framework Use Case: Testing
of Multiple Train Navigation Algorithms

Focusing now on train navigation algorithms, two dif-
ferent mechanization techniques are compared to evaluate
the orientation estimation from an IMU (Fig. 10). The first
method is based on gyroscope measurement integration
over time [24], whereas the second method is based on the
so called gyroscope-reduced inertial navigation that makes
use of external velocity values (from the tachometer in
this case) to estimate the orientation angles [41], [42]. The
first method is able to calculate these angles using IMU
measurements stand-alone; that is, no extra measurements
apart from gyroscopes and accelerometers are required,
so an independent solution can be obtained. The second

method does not use all the IMU measurements but it
adds new sensors measurements, so its solution cannot be
considered independent for an IMU. Note that when the
these angles’ accuracy is higher, the gravity acceleration
influence on the final solution will be lower. Consequently,
the velocity will be lower and the covered distance will
drift over time. The results gathered in Fig. 10 show a
comparison between two mechanization methods results
and the digital map provided values. No correction is ap-
plied to the signals (e.g., obtained from calibration or error
states) to purely analyze the mechanization method. For
gyro-based mechanization, drift phenomena is observed
(especially on roll angle whose error at the end of the trip
is about 0.02 rad), which is caused by signal errors that are
integrated over time. In contrast, the gyro-reduced mech-
anization shows lower errors along the track, especially in
roll and pitch angles estimation: the mean difference of
gyro-based roll estimation is 0.012 rad whereas the mean
difference of gyro-reduced roll estimation has dropped to
0.00065 rad. In pitch estimation, the mean differences are
0.0021 rad and 0.00054 rad, respectively.

Finally, the estimated velocities by a Decision Rules
algorithm and an Extended Kalman Filter (EKF) are com-
pared to the train velocity (given by the train dynamics),
as shown in Fig. 11. The Decision Rules algorithm is based
on a series of rules defined by expertise on each sensor
behaviour that allows us to choose an output solution
combining the IMU and tachometer measurements. The
EKF can produce estimates of unknown variables, called
states, using a series of measurements that provide a sub-
optimal solution for non-linear systems (optimal solution
is reserved for linear systems and Gaussian distributed
noise). In this work, an EKF has been implemented (in-
direct implementation with error-states based on [11]) to
analyze the contribution of these kind of algorithms in
inertial systems, and to find its virtues when estimating
and correcting measurements errors. The mechanization
used for both algorithms is the same and it uses gyroscopes
measurements integration over time [24]. The results in
Fig. 11 show that in the initial stages, both algorithms
are similar and rather accurate to simulated train velocity
(approximately 0.0001 m/s error has been computed).
However, once the train starts the trip, the errors in
orientation are propagated in Decision Rules algorithm,
reaching 0.53 m/s error (2.39% error w.r.t. train velocity)
at 520 m (similar to 0.5 m/s error presented in [11]).
It takes the maximum value of 0.95 m/s at 1152 m.
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Figure 10: Orientation angles estimation by two different
mechanization methods.

Figure 11: Train velocity estimation by two different data
fusion algorithms.

The EKF algorithm is able to compensate IMU errors
and orientation angles errors are corrected by tachometers
measurements thanks to error-states. The results show a
0.0057 m/s error at 520 m and a maximum error of 0.02
m/s at 498 m.

VIII. Conclusions

In the present paper, a one-stop simulation framework
for testing train navigation algorithms is described. The
simulation framework broadens the previous works, over-
comes the main limitations, and provides a flexible tool
to test train navigation algorithms in different stages of
development process (i.e., design, test and validation),
thereby reducing the overall time.

The flexibility of the presented simulation framework
relies on the possibility of using different train and sensor
configurations, as well as track and speed profiles for
testing train navigation algorithms. Additionally, train
navigation algorithms can be fed by either synthetic or
experimental signals.

The addition of train dynamic model and sensors error
models to the synthetic signal generation has overcame the
accuracy limitations cited in previous works. Considering
the simulated train velocity instead of commanded velocity
allows us to generate more realistic sensors measurements
and avoids inferring errors in synthetic signals generation

that can condition the performance for high accuracy (e.g.,
1% relative error in velocity) train navigation algorithms.

The experimental data recorded in a measuring cam-
paign has propitiated a comparison between 9-DOF-IMU
synthetic and experimental signals. The larger differences
of the analyzed sections are around 3.52% in accelerom-
eters, below 0.01% in gyroscopes, and 10.16% in mag-
netometers. The use cases of the simulation framework
presented in this work have demonstrated that different
mechanization methods for a 9-DOF-IMU and different
train navigation algorithms can be analyzed and their per-
formance can be obtained. According to the test procedure
discussion, a gyro-reduced mechanization technique and
EKF-based train navigation algorithms arise as prominent
techniques.

The utilization of additional sensors, such as, high-end
IMU and GNSS for characterizing the track should help
to improve the track data and it would help to make a
comparison of the whole speed profile but it deals with the
experimental data recording process (it is independent of
the synthetic signals generation and it does not influence
the flexibility of the simulation framework).
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Exploration is the engine that drives
innovation. Innovation drives eco-
nomic growth.

Edith Widder

CHAPTER

5
Comparative of IMU

The survey of train positioning solutions (paper I) has shown the high amount

of alternatives proposed up to date that make difficult to chose the best trade-off

between required performance and the system cost. Particularly in IMU selection,

the approximate price ranges are between 3 and 30.000 euros.

The experimental evaluation of GNSS and IMU presented previously (paper

II) is limited to a specific model of an IMU, which is considered one of the most

used for vehicular and pedestrian positioning purposes by the scientific community.

However, lower cost alternatives has arisen last years in the market, especially those

sold in OEM format without hardware/software support.

As stated in previous sections, the short-term train navigation systems are fo-

cused on enhancing the odometry information without the integration of GNSS.

The architecture proposed in this thesis is based on the INS utilization to overcome

wheel speed sensors limitations (paper III) and to provide enhanced information

about track features and navigation states (e.g. roll, pitch and yaw angles).

Consequently, there is a need to justify the extra cost of different IMUs against

lower cost alternatives evaluating their performance in the land-vehicular context.

This analysis can optimize the cost of the IMU before its integration into the train

navigation system.
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Table 5.1: IMU’s characteristics

H-end M-end L-end
Manufacturer KVH xSens Bosch
Model GEO MTi BMI

FOG 300 160
Cost 30.000e 3.000e 3e
Gyroscopes
Full range [deg/s] 490 450 125
Initial bias [deg/s] N/A 0.2 3
In-run bias [deg/h] 0.05 10 N/A
Noise density [(deg/s)/

√
Hz] 0.0002 0.01 0.007

g-sensitivity [(deg/s)/g] N/A 0.003 0.1
Non-orthogonality [deg] N/A 0.05 N/A
Non-linearity [%] 0.005 0.01 0.1
Accelerometers
Full range [m/s2] 98.1 200 19.6
Initial bias [m/s2] N/A 0.05 1.47
In-run bias [µg] 0.0005 15 N/A
Noise density [µg/

√
Hz] 0.0012 60 300

Non-orthogonality [deg] N/A 0.05 N/A
Non-linearity [%] 0.03 0.1 0.5

Table 5.2: Euler angles statistical analysis

M-end
Mean
error

[rad]

Std.
Dev.

[rad]
L-end

Mean
error

[rad]

Std.
Dev.

[rad]
L-end1

Mean
error

[rad]

Std.
Dev.

[rad]
Roll 0.046 0.037 Roll 0.251 0.320 Roll 0.165 0.198
Pitch 0.037 0.048 Pitch 0.251 0.293 Pitch 0.186 0.179
Yaw 0.215 0.958 Yaw 0.519 2.137 Yaw 0.168 0.938

M-end = Medium-end. L-end = Low-end. L-end1 = Low-end calibrated measurements.
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This paper compares a medium-end (xSens MTi-300) and a low-end (Bosch

BMI160) IMUs in a experimental test and the performance is evaluated against

high-end INS (KVH GEO-FOG). The lack of availability of a train to test in a

challenging railway (with tunnels, curves, slopes and cants) has conditioned the

experimental test to be carried out in an automobile. This fact, presents a more

challenging environment than the railway context because there are no lateral dis-

placement constrains, the angular rates and specific forces are higher and the pure-

rolling conditions are more easier to fulfill.

The safety requirements and new research proposals promotes INS stand-alone

solution in train navigation. In order to compensate the drift over time associated to

dead-reckoning, calibration techniques and data fusion algorithms can be used. In

this work, low-end IMU calibration technique has been proposed based on previous

work in the field. Finally, the raw measurements, the estimators of attitude and

heading, and the main kinematic variables (acceleration, velocity and position) are

statistically evaluated.

The main contributions of this paper can be summed up as follows.

1. It provides a comparison of different grade IMUs evaluating their perform-

ance in terms of raw measurements (specific forces and angular rates), ori-

entation values and tri-axial accelerations. Note that the characteristics and

the purchase cost are significantly different as shown in Table 5.1. The main

difference can be observed in the orders of magnitude of the purchase cost

which is directly related to the cost-efficiency requirements.

2. It proposes a calibration method to improve the low-end INS solution. The

accuracy reached with the calibrated low-end INS solution is comparable to

medium-end INS solution, specially in yaw angle estimation (Table 5.2); the

yaw estimation by calibrated low-end IMU can be concluded to be compar-

able to high-end and medium-end IMUs. In future works, map-aided solu-

tions shall be proposed by using yaw angle estimation and track information.

This kind of solutions can be propitious for track-constrained positioning

solution (e.g. railways) where low-cost IMUs can provide enhanced nav-

igation data (e.g. absolute position, orientation, etc.). Consequently, it is
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concluded lower cost IMU can be proposed in order to optimize the cost-
efficiency of the positioning systems.
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ABSTRACT Vehicular positioning systems are necessary for the development of autonomous vehicles
and advanced driver assistance systems. In recent years, micro-electromechanical systems (MEMS) based
Inertial Measurement Units (IMU) are being included in proposals for multi-sensor positioning system
architectures in order to take advantage of their cost and size. However, the lack of criteria on the most
appropriate IMU selection for each application has led to provide cost-inefficient solutions. This work
compares medium-end (xSens MTi-100) and low-end (Bosch BMI160) grade MEMS-based IMUs in a
experimental road-test using a fusion of high-end IMU (KVH GEO-FOG), GNSS and wheel speed sensor
as reference value. In addition, a calibration technique is proposed and applied to the low-end IMU.
The raw measurements (angular rates and specific-forces) and navigation states (tri-axial attitude and
accelerations) are statistically compared to evaluate the performance of each IMU. It is concluded that
the calibration technique proposed makes the low-end IMU performance to be similar to the medium-end
one. Consequently, this work contributes to optimize the cost of land vehicular positioning systems when
choosing the most appropriate sensor based on the accuracy and precision required for the application.

INDEX TERMS inertial sensors, vehicular navigation, dead reckoning, accelerometers, gyroscopes,
calibration

I. INTRODUCTION

THE development of micro-electromechanical systems
(MEMS) based inertial measurement units (IMU),

thanks to their low-power consumption, small size, light
weight, and low cost, has propitiated its utilization in broad
areas: vehicular navigation in automotive [1], aerial [2] and
railway [3] contexts, pedestrian positioning [4] and robotics
[5] are the main research areas where MEMS-based IMUs
are used.

The vehicular navigation is a prominent field because fail-
safe positioning system plays a key role on autonomous
vehicle as well as in driver assistance systems [6] [7]. The
fail-safe positioning systems must fulfill very demanding
requirements in terms of accuracy, precision, availability and
integrity because its failure can cause accidents. Up to date,
there is no unique sensor nor technology able to reach those
requirements, so multi-sensor architectures are proposed.
The multi-sensor architectures arise as prominent solution
for complementing each individual sensor limitations. The

most used multi-sensor combination of technologies in land
vehicular context is the composition of Global Navigation
Satellite System (GNSS) and IMU [8]. In addition, odome-
ters (a.k.a. wheel speed sensors or tachometers) and LiDAR
(Light Detection and Ranging) are proposed to enhance the
robustness of the positioning solution [9]. In land-vehicular
context, the IMU can also be combined with digital maps
regarding the uniqueness of the tracks [10].

The IMU is one of the most used candidate sensors for fail-
safe positioning systems because it is very cost-efficient ac-
cording to the functionality it offers: it can complement other
sensors limitations such as GNSS signal loss or wheel speed
sensors overestimation when slipping whereas the purchase
and maintenance cost, specially for MEMS-based IMUs, is
lower. When IMUs are used to provide navigation data it
is usually based on dead-reckoning (DR). Unlike satellite-
based navigation where the absolute position is given on
every measurement, DR estimates current position by using
a previously determined one. Consequently, previous estima-
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tion errors are propagated over time. Thus, rotation-rate and
specific-force errors are propagated to vehicle accelerations,
velocity and position estimation. Last years researches have
proposed different quality IMUs depending on the perfor-
mance required and, consequently, there have arisen different
cost range solutions.

For IMUs based on the same technology, most of the cost
range is related to the calibration of accelerometers and gyro-
scopes carried out by the manufacturers. The calibration is a
process where detectable systematic errors (e.g. static-bias or
offset, scale-factor, axes misalignment, etc.) are estimated in
order to correct the raw measurements given by these sensors.
According to the calibration techniques proposed up to date,
they can be classified under different criteria. We can distin-
guish calibration methods depending on the error nature they
mitigate: so, we can find methods for deterministic [11] [12]
and for stochastic [13] errors. Another classification is related
to the movements required during the calibration: we can
find methods for static [14] or dynamic [15] scenarios. Last
criterion deals with the required equipment for carrying out
the calibration procedure: there are methods to perform the
IMU calibration with additional sensors [16] or without them
[17], [18]. In addition, thermal tests are proposed to evaluate
the sensors bias and scale-factor stability over temperature
[19], [20]. An exhaustive comparison of the last published
calibration methods is gathered in [21]. The development of
calibration techniques has arise as prominent field to mitigate
low-end IMU errors, making these kind of IMUs comparable
in performance to higher-end solutions.

For the autonomous navigation, an accurate navigation
solution, which can provide a stable solution for more than 5
minutes during GNSS outages such as underground parking
lot or tunnel, is necessary because autonomous land vehicles
require seamless navigation [7]. For that aim, the IMU stand-
alone solution plays a key role because it provides continuous
measurements (independent of tunnels, urban canyons, etc.),
do not require neither additional equipment (e.g. antennas,
radars, etc.) nor specific installation in the vehicle (it can be
mounted on the roof, inside the vehicle, on the front or on the
rear part).

The balance between the application requirements, ex-
pected performance and the system cost is the main research
gap to optimize the fail-safe positioning systems and it is
the motivation of this work. An exhaustive work has been
published about the fusion of ultra low-cost MEMS inertial
devices with GNSS [22]. It points out attitude and position
errors seem to be sensitive to GNSS sensor and the solution
performance can be improved by IMUs calibration. It also
concludes the long-term solution cannot be provided by
low-cost MEMS IMUs standalone, but they can be used as
diagnosis measurements in multi-sensor architectures. This
fact can be increasingly useful in such contexts where tri-
axial attitude and accelerations can be indicators of curves,
slopes, cants, etc (e.g. in land-vehicles such as automobiles
or trains).

This work aims at comparing the performance of different

grade IMUs, according to the data-sheet parameters and
purchase cost, in an experimental road test including the
raw measurements (specific forces and rotation rates) and the
main navigation states (tri-axial attitude and accelerations).
In addition, a calibration technique is proposed in order to
evaluate the accuracy improvement of low-end MEMS IMU
compared to a medium-end. In order not to be influenced
by additional sensors, the analysis is focused on IMU stand-
alone dead-reckoning solution and tri-axial attitude and ac-
celerations are statistically evaluated.

The paper is organized as follows. In section II, the IMU
mathematical model is described. In section III, the calibra-
tion and mechanization models are defined. The experimental
tests description is given in section IV. The results and
discussion are presented in section V and, finally, the main
conclusions of this work are summed up in section VI.

II. IMU MODEL
An IMU is usually a composition of tri-axial accelerome-
ters and gyroscopes. The gyroscopes and the accelerometers
mounted on the vehicle are sensor triplets with perpendicular
sensitivity axes (named x,y,z) [23].

The IMU is usually used as strapdown system, i.e. the
sensors are attached rigidly to the body of the vehicle.
Furthermore, the sensors’ axes are usually aligned with the
body-frame, thus their output is expressed in body-frame.
The potential benefits of this approach are lower cost, re-
duced size and greater reliability compared with equivalent
platform systems [24].

A. SENSOR MODEL FOR LAND VEHICLES
As stated previously, the gyroscopes and the accelerometers
output the measurements in sensor-frame which coincides
with the body-frame. So, the vehicle’s translation and ro-
tation movements are expressed in terms of specific forces
(measured by accelerometers) and rotation rates (measured
by gyroscopes).

The gyroscopes measure the instantaneous rotation rate
around three axes. The three rotations can be represented
using gimbal angles (roll -φ-, pitch -θ- and yaw -ψ-) for
representing the vehicle’s attitude and heading. The rela-
tionship between the gimbal rates (φ̇, θ̇, ψ̇) and the body
rates (ωb

x, ω
b
y, ω

b
z) are given by equations (1)-(3) where s,

c and t corresponds to sine, cosine and tangent operators
respectively.

ωb
x = φ̇− ψ̇sθ (1)

ωb
y = ψ̇sφcθ + θ̇cφ (2)

ωb
z = ψ̇cφcθ − θ̇sφ (3)

The accelerometers model is based on the measurement
of specific forces of the vehicle, that is, the sum of tri-
axial accelerations and gravity term. In addition, Coriolis
term due to the Earth rotation rate can be considered, but
for short distance cases, it can be omitted [24]. Note that
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horizontal (ch) and vertical (cv) curvature of the road and
gimbal angles produces dynamic and gravity accelerations on
measurements. If Earth-fixed coordinate frame tangent to the
Earth’s surface is used (North is aligned with the longitudinal
axis), the accelerations of the vehicle (ax, ay, az) and specific
forces measured by the accelerometers (f bx, f

b
y , f

b
z ) can be

related by equations (4)-(6).

f bx = ax − gsθ (4)

f by = gsφcθ + ay = gsφcθ + chv
2
xcφ− cvv2xsφ (5)

f bz = gcφcsθ + az = gcφcsθ + chv
2
xsφ− cvv2xcφ (6)

The vehicle longitudinal velocity (vx) and acceleration
(ax) can be observed in the previous equations. Gravity
acceleration (g) is considered the local value on the Earth’s
surface.

B. SENSOR ERROR MODEL
The gyroscopes and accelerometers models shown in previ-
ous section deals only with the vehicle motion. However, the
IMUs encompass different nature errors. They usually are
classified into deterministic and stochastic errors [25], [26],
[27].

Deterministic errors are related to the physical way the
magnitudes are measured. The relationship between the elec-
trical and physical magnitudes tend to vary and consequently,
these kind of error arise. The main deterministic error sources
are the static bias (a.k.a. offset), the scale factor and the
axes misalignment (a.k.a. non-orthogonality). In case of gy-
roscopes, g-sensitivity is also considered [12].

Stochastic errors are the random errors that occur due
to random variations of bias or scale factor drift over time
and random sensor noise. General stochastic error sources
existing in inertial sensors can be modelled as quantization
noise, random walk, bias instability (a.k.a. in-run bias), rate
random walk and rate ramp [28], [29].

The error models of gyroscopes and accelerometers pro-
posed in this work are assumed to have the same terms
according to the deterministic and stochastic source. The
gyroscopes and accelerometers error models are given in
equation (7) and (8) respectively.



ω̃b
x

ω̃b
y

ω̃b
z


 =MgSg(



ωb
x

ωb
y

ωb
z


+



bgx
bgy
bgz


+ wg) (7)



f̃ bx
f̃ by
f̃ bz


 =MaSa(



f bx
f by
f bz


+



bax
bay
baz


+ wa) (8)

The static bias is given by the bias array for gyroscopes
([bgx, b

g
y, b

g
z]

T ) and accelerometers ([bax, b
a
y, b

a
z ]

T ). The mis-
alignment (Ma,Mg) and scale-factor (Sa, Sg) errors are
gathered in 3x3 matrices. The sensors noise is represented
by wa, wg . The realistic ([f̃ bx, f̃ by , f̃ bz ]

T ,[ω̃b
x, ω̃

b
y, ω̃

b
z]

T ) and
ideal ([f bx, f

b
y , f

b
z ]

T ,[ωb
x, ω

b
y, ω

b
z]

T ) measurements can be dis-
tinguished.

III. IMU MECHANIZATION AND CALIBRATION
The navigation states estimation from the raw measurements
requires two stages: first, the raw measurements are corrected
by calibration parameters (calibration) and then, they are
processed to estimate the attitude angles and vehicle accel-
erations (mechanization).

A. CALIBRATION METHOD
One of the most used technique to mitigate the error growth
in IMU mechanization is the raw measurements calibration.
As far as the raw measurements errors are characterized,
the main error sources such as bias or scale-factor can be
modelled. Consequently, the magnitude that is integrated
over time is minimized.

The calibration technique proposed in this work is fo-
cused on both gyroscopes and accelerometers, using cali-
bration parameters to correct the raw measurements. The
calibration parameters are estimated comparing instrument
outputs with known reference information and determining
the coefficients (i.e. calibration parameters) that force the
output to agree with the reference information. The calibra-
tion technique proposed aims to be a flexible, easy and eco-
nomic to apply to any grade accelerometers and gyroscopes.
Consequently, the technique proposed can be considered a
simplification of more extended works that are cited in the
following section.

In order to calibrate the gyroscopes, we can assume the
measurements as bias-free simply averaging the static gy-
roscope signals over a suitable initial period of no motion
(30 s approximately). The accelerometer calibration is done
similarly to the gyro calibration, but there is an added dif-
ficulty. Determination of the bias of the gyros was easily
done by observing the gyro measurements when the IMU
was at rest. In the case of the accelerometers there is no
unloaded state because the response to gravity is always
present. However, when the IMU is at rest, the magnitude of
the static acceleration measured must equal that local value
of the gravity. The use of gravity excitation is very common
for calibration purposes [21].

Based on the accelerometers error model, it can be par-
ticularized to the static scenarios where the total sum of the
specific forces should coincide to the gravity acceleration.
This way, static bias ([bax, b

a
y, b

a
z ]

T ), scale factor (sax, s
a
y, s

a
z )

and misalignment (ma
xy,m

a
xz,m

a
yz,m

a
yx,m

a
zx,m

a
zy) terms

can be identified in equation (9).



sax m

a
xy m

a
xz

ma
yx s

a
y m

a
yz

ma
zx m

a
yz s

a
z






f̃ bx
f̃ by
f̃ bz


−



bax
bay
baz


 = g (9)

According to equation (9) and defining the modulus of the
resulting vector, a cost function can be defined where the
error terms are unknowns (12 at all) [30]. These error terms
are grouped in calibration parameters of the accelerometers
(Θa), shown in equation (10).
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Figure 1: Calibration procedure static positions.

Θa = [sax, s
a
y, s

a
z ,m

a
xy,m

a
xz,m

a
yz,

ma
yx,m

a
zx,m

a
zy, b

a
x, b

a
y, b

a
z ]

(10)

The cost function of the accelerometers (F (Θa)) can be
solved with 12 independent measurements of the accelerom-
eters, but in this work 24 positions are used based on [21].
This work proposes some different positions from [21] for
ease of instrumentation and measurement (Figure 1). Thus,
only three measurement files are generated and the rotations
are only applied around 3-axes instead of 6-axes to minimize
the process time and cost.

In order to solve the over-determined equation system
shown in equation (11) the Levenberg-Marquart (LM) algo-
rithm is used based on [30]. The LM algorithm is one of
the most efficient and popular algorithms due to its better
convergence than the other ones for nonlinear minimiza-
tion according to the combination of the Gradient Descent
and the Gauss–Newton algorithms [31]. An initial guess
of Θa=[1,1,1,0,0,0,0,0,0,0,0,0,0,0,0] is assumed [32]. In or-
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Figure 2: Strapdown inertial navigation system mechaniza-
tion scheme based on [24].

der to overcome ill-conditioned problems, the IMU remains
static for 5 seconds at 45 degrees rotations approximately
[21].

F (Θa) =

N∑

n=1

(‖h(f̃ bx, f̃ by , f̃ bz ,Θa)2‖ − ‖g‖2)2 (11)

B. MECHANIZATION METHOD
The mechanization is the process where the navigation equa-
tions are solved and the navigation states (i.e. attitude, tri-
axial accelerations, etc.) are obtained. For this purpose the
navigation frame is defined where the North coordinate is ori-
entated to the Earth’s north, the Down coordinate is oriented
to the gravity vector and the East coordinate is the resultant
axis.

There are three main techniques to represent the ori-
entation of an IMU: Euler-angles-based, Direction-Cosine-
Matrix-based (a.k.a. rotation-matrix-based) and Quaternion-
based. In this work Euler-angles-based is proposed because
the land-vehicular dynamics avoids gimbal-lock limitation.
In addition, the interpretation of the results is geometrical
where roll, pitch and yaw angles are directly estimated.

First, the orientation angles (roll -φ-, pitch -θ- and yaw
-ψ-) between body and navigation frame are calculated
based on gyroscopes signals and initial angles estimation.
In the simplest implementation, gyroscopes measurements
are integrated over time to compute them, solving first order
differential equations shown in equations (1)-(3) and rear-
ranged in equation (12). This method assumes gyroscopes
measurements are constant during the integration time (it can
be considered an accurate enough assumption for 100Hz or
higher sampling rates).



φ̇

θ̇

ψ̇


 =



(ω̃b

ysφ+ ω̃b
zcφ)tθ + ω̃b

x

ω̃b
ycφ− ω̃b

zsφ
(ω̃b

ysφ+ ω̃b
zcφ)/cθ


 (12)
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After that, the rotation matrix (Cn
b ) is built based on ori-

entation angles previously computed according to equation
(13). The rotation matrix is used to transform accelerometers
measurements from body frame (the coordinate system on
which the measurements are recorded) to navigation frame
(the coordinate system on which the gravity acceleration is
completely vertical).

Cn
b =



cθcψ − cφsψ + sφsθcψ sφsψ + cφsθcψ
cθsψ cφcψ + sφsθsψ − sφcψ + cφsθsψ

−sθ sφ+ cθ cφ+ cθ


 (13)

Once on the navigation frame, the gravity acceleration is
subtracted and the vehicle tri-axial accelerations (without
gravity term) are obtained according to equation (14). The
full mechanization process is depicted in Figure 2.



ax
ay
az


 = Cn

b



f̃ bx
f̃ bx
f̃ bx


−



0
0
g


 (14)

Note that during the mechanization the errors in raw gyro-
scopes and accelerometers are propagated with time. This is
the reason why IMU stand-alone solutions accumulate error
over time and, therefore, additional information sources are
needed to mitigate the error growth.

IV. EXPERIMENTAL TESTS DESCRIPTION
The experimental tests aim to record different grade IMUs
raw measurements in addition to GNSS and wheel speed sen-
sor data. Then, accelerometers and gyroscopes raw measure-
ments are post-processed in order to estimate the orientation,
accelerations, velocity and position of the vehicle. Finally,
these variable are statistically compared.

The reference values for raw measurements, attitude and
accelerations (named Ground Truth) are built based on the
high-end IMU, a wheel speed sensor and a GNSS receiver.
The medium-end, low-end and calibrated low-end results
will be compared to the solution provided by the fusion
of these measurements. The main reason why multi-sensor
architecture is proposed for Ground Truth is motivated by the
limitations that each sensor presents individually (e.g. drift
due to dead-reckoning, GNSS signal loss, etc.) for seamless
solution (see Figure 3 to see the challenging scenarios during
the test).

The journeys designed for this work cover there and back
travels between Beasain and Tolosa, Basque Country, Spain
(about 20 km) and were carried out on 20th May, 2019 (Figure
3). The route covers GNSS-outages (e.g. tunnels), GNSS
degraded zones (e.g. forests), uphills and downhills, different
curve radius turns and constant speed sections. The car was
driven on the right side of the road, in a section of 3.5 meters
width (note that car’s width is rather smaller -around 1.5 m-).

A. TESTING SENSORS
The testing architecture and equipment can be observed in
Figure 4. In this work a high-end, a medium-end and a low-

Start 
Point

End PointInitial section

Tunnel section

GNSS multipath 
section

Curving 
section

Figure 3: Test track where initial section, tunnels and curved
sections are highlighted.

Figure 4: Test equipment (IMUs, GNSS antennas, wheel
speed sensor) mounted in the car.

end IMUs are used according to the data-sheet parameters
and purchase cost. High-end IMU selected is the GEO-FOG
3D Dual model from KVH manufacturer. Medium-end IMU
is the MTi-300 from xSens and low-end IMU is the BMI160
from Bosch. All of them are configured to 100Hz sampling
rate. Their main characteristics are gathered in Table 1.

According to the Ground Truth generation, the high-end
IMU is composed by a MEMS-type accelerometer and fibre-
optic gyroscopes. The wheel speed sensor is configured
to 0.588 mm/pulse resolution as a trade-off between the
minimum and maximum measurable speed (from 0 to 140
km/h). The GNSS receiver is configured in double-antenna,
multi-constellation and multi-frequency mode. The GNSS
antenna model is OmPlecs-TOP 200 AMR 1500 B L1/L2 H
from Antonics. Proprietary software from KVH manufacturer
(GEO-FOG Manager©) is utilized for data-fusion of high-
end IMU, GNSS and wheel speed sensor. All the sensors are
connected to a PC and time synchronization is based on the
GNSS receiver that sets the timing references.
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Table 1: IMU’s characteristics

H-end M-end L-end
Manufacturer KVH xSens Bosch
Model GEO MTi BMI

FOG 300 160
Cost 30.000C 3.000C 3C
Gyroscopes
Full range [deg/s] 490 450 125
Initial bias [deg/s] N/A 0.2 3
In-run bias [deg/h] 0.05 10 N/A
Noise density [(deg/s)/

√
Hz] 0.0002 0.01 0.007

g-sensitivity [(deg/s)/g] N/A 0.003 0.1
Non-orthogonality [deg] N/A 0.05 N/A
Non-linearity [%] 0.005 0.01 0.1
Accelerometers
Full range [m/s2] 98.1 200 19.6
Initial bias [m/s2] N/A 0.05 1.47
In-run bias [µg] 0.0005 15 N/A
Noise density [µg/

√
Hz] 0.0012 60 300

Non-orthogonality [deg] N/A 0.05 N/A
Non-linearity [%] 0.03 0.1 0.5

Car-mounting of the sensors is represented in Figure 4.
The IMUs are mounted in the most stable configuration, i.e.
maximizing the contact area between the sensor and the car
floor. Consequently, the measuring axes are different for each
IMU.

B. EVALUATION METRICS
The statistical analysis presented in this paper is based on
the estimation of mean error, standard deviation and the 95%
empirical cumulative distribution function (ECDF) of the
difference between the Ground Truth and the rest of IMUs.

V. RESULTS AND DISCUSSION
The results discussed in this work evaluate the performance
of the different grade IMUs based on three aspects. First, the
raw measurements of the gyroscopes and accelerometers are
evaluated. Then, the attitude values are estimated (i.e. roll,
pitch and yaw) based on the gyroscopes of the IMUs, solving
the first order differential equations shown in (1)-(3) with ini-
tial values set to zero. Finally, vehicle tri-axial accelerations
are calculated using the rotation matrix estimated beforehand
by Euler angles and removing the gravity term.

A. RAW MEASUREMENTS
The raw measurements analysis is focused on gyroscopes
and accelerometers of the medium-end and low-end IMUs
compared to high-end one. In addition, the low-end IMU
calibrated and uncalibrated measurements are shown in order
to evaluate the performance improvement of the proposed
calibration technique.

The gyroscopes measurements (Figure 5a, 5b, 5c) show
that the vehicle rotation around the vertical axis (z) is larger
than in other two axes (x and y). This fact is completely
coherent to the vehicle dynamics where the rotation around
yaw angle (due to curve negotiating) is higher than the
rolling (related to the cant angle of the road) or pitching

(due to the slope of the road) unlike pedestrian or robotics
applications. According to the statistical analysis, the mean
error reached by medium-end gyroscopes is lower than low-
end gyroscopes (59.25% in x-axis, 46.55% in y-axis and
58.16% in z-axis). The similar behaviour can be observed
in standard deviation and 95% ECDF metrics: the standard
deviation is lower about 63.18% in x-axis, 57.42% in y-axis
and 76.91% in z-axis, whereas the 95% ECDF shows even
higher differences (70.17% in x-axis, 62.65% in y-axis and
80.20% in z-axis). Once the proposed calibration procedure
is applied and the gyroscopes measurements are corrected
by the calibration parameters, the low-end gyroscopes results
are much closer to medium-end ones: the mean error has been
reduced 58.77% in x-axis, 52.94% in y-axis and 73.92% in z-
axis, which means that it has been lowered even more than
medium-end gyroscopes in y- and z-axes. These improve-
ment has been repeated in standard deviation and 95% ECDF
metrics as well.

The accelerometers measurements (Figure 5d, 5e, 5f)
merge the vehicle accelerations and the gravity term. In the
configuration used for IMUs inside the car, the vertical axis
of the car is aligned to the gravity (i.e. the vehicle is levelled
when the test begins), so the specific-forces measured by the
vertical accelerometers are close to g (9.81 m/s2). However,
little misalignment between the vehicle axes and each IMU
axes makes the measurements no to be perfectly cluster
around 0 m/s2 in case of x- and y-axes and around 9.81
m/s2 in case of z-axis. According to the statistical analysis,
the mean errors reached by medium-end accelerometers are
27.19% lower in y-axis and 48.20% lower in z-axis than low-
end ones, whereas in x-axis the results are similar. According
to the standard deviation and 95% ECDF, several differences
between IMU grades can be shown: the medium-end standard
deviation is 11.46% lower in x-axis, 32.80% lower in y-
axis and 59.80% lower in z-axis than the low-end. In case
of 95% ECDF the difference is even larger (23.48% lower
in x-axis, 44.24% lower in y-axis and 64.52% lower in z-
axis). The calibration plays a key role in the results as shown
in Table ??, where 12 parameters are used to correct the
low-end accelerometers measurements. Thus, the mean error
(23.71% lower in x-axis, 46.09% lower in y-axis and 62.17%
lower in z-axis), the standard deviation (23.58% lower in
x-axis, 43.47% lower in y-axis and 62.78% lower in z-
axis) and the 95% ECDF (41.33% lower in x-axis, 56.98%
lower in y-axis and 71.19% lower in z-axis) are significantly
reduced, making the low-end accelerometers more accurate
and precise than the medium-end ones.

B. ATTITUDE ESTIMATION
The attitude analysis is based on the comparison of the Euler
angles (roll, pitch and yaw) estimated from different grade
gyroscopes. The estimation of these angles is carried out by
numerical integration of equations (1)-(3) using ODE45 from
Matlab R2019a.

An initial section of the journey about 400 seconds has
been chosen to show clearly the different grade gyroscopes
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Figure 5: Raw measurements statistical analysis of the gyroscopes (a-c) and accelerometers (d-f) measurements comparing
the medium-end (xSens MTi-100), low-end (Bosch BMI160) and low-end calibrated (Bosch BMI160 Calibrated) IMUs
to the Ground Truth: (a,d) longitudinal axis -x- measurements; (b,e) lateral axis -y- measurements; (c,f) vertical axis -z-
measurements.

and accelerometers measurements (Figure 6). However, the
statistical comparison of the medium-end and low-end (cali-
brated and uncalibrated) measurements to the Ground Truth
along whole journey is given in Table 2.

According to Figure 6 the differences between the
medium-end and low-end IMU can be noticed: although the
two results drift over time (it is most appreciable on yaw-
angle estimation due to the larger magnitude it measures), the
medium-end IMU solution is closer to the high-end one. Note
that the uncalibrated results of the low-end IMU are unusable
because the bias integration makes the solution to diverge in
the first 50 seconds of the trip. The statistical metrics (Table
2) are in concordance with the plots discussed. The mean
error of medium-end IMU is 85.00% lower in roll angle,
90.92% in pitch angle and 93.86% in yaw angle compared
to low-end IMU attitude estimation. The same behaviour is
shown in standard deviation and 95% ECDF. The calibration
necessity is highlighted in the attitude estimation and its con-

tribution in yaw angle calculation is higher than in other two
angles (i.e. roll and pitch): the mean error is reduced 91.13%,
the standard deviation 92.29% and the 95% ECDF 93.06%.
Thus, the yaw angle accuracy and precision is comparable
to medium-end IMU. In case of roll and pitch, although the
calibration helps to more accurately estimate their values,
they do not reach so prominent results.

C. VEHICLE ACCELERATIONS

Once the vehicle’s attitude (roll, pitch and yaw) is estimated,
the rotation matrix can be built and it can be used to remove
the gravity term from accelerometers measurements. This
way, the accelerations of the vehicle on the longitudinal,
lateral and vertical axes can be estimated. The knowledge
of these accelerations can help to detect curved and slope
sections of the track and, consequently, it can be used as
diagnosis measurements of other sensors (such as wheel
speed sensors, that could provide inaccurate measurements
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Figure 6: Attitude estimation represented by the Euler angles: (a) Roll or x-axis rotation, (b) Pitch or y-axis rotation and (c) Yaw
or z-axis rotation. The plots are limited to the initial 400 seconds of the journey for ease of representation, but the statistical
analysis is carried out for all the test.

Table 2: Euler angles statistical analysis comparing M-end, L-end and L-end calibrated to the Ground Truth.

M-end L-end L-end Calibrated
Mean.
Error
[rad]

Std.
Dev.

[rad]

95%
ECDF
[rad]

Mean.
Error
[rad]

Std.
Dev.

[rad]

95%
ECDF
[rad]

Mean.
Error
[rad]

Std.
Dev.

[rad]

95%
ECDF
[rad]

Roll angle 0.0398 0.0332 0.1085 0.2654 0.2917 0.9283 0.1798 0.1485 0.4121
Pitch angle 0.0283 0.0232 0.0800 0.3117 0.2231 0.6884 0.1887 0.1728 0.5239
Yaw angle 0.0758 0.0522 0.1660 1.2346 0.7234 2.3075 0.1095 0.0558 0.1601

M-end = Medium-end. L-end = Low-end. ECDF = Empirical Cumulative Distribution Function.

when rolling radius is far away the nominal value).
In analogous way to previous sections, an initial section

of the journey has been used to compute and plot the vehi-
cle accelerations in 3-axes (longitudinal -x-, lateral -y- and
vertical -z-). The reference values of 3-axes accelerations are
plotted initially; this way, the vehicle accelerations estimated
are compared to the reference values (Figure 7).

The medium-end IMU performance is highlighted in the
results shown in Table 3, where the accuracy reached, spe-
cially on longitudinal axis, is clearly higher than the perfor-
mance given by low-end IMUs, even after the calibration:
the mean error of the longitudinal acceleration is reduced
82.03% in medium-end IMU, whereas the calibration only
can reduce 34.61%. The very same behaviour is concluded
for standard deviation (reduction of 75.18% in medium-end
IMU and 20.28% in calibrated low-end IMU) and 95% ECDF
(reduction of 75.35% in medium-end IMU and 23.33% in
calibrated low-end IMU). These differences are related to
the attitude results, specially to the discrepancies on roll and
pitch angles shown in Table 2: note that the roll and pitch
angles of medium-end IMU are an order of magnitude more
accurate than low-end calibrated results in mean error. As
the gravity is projected onto the three axes due to cant and
slope, any inaccuracy on roll and pitch angles is propagated
to longitudinal acceleration. Thus, part of the gravity remains

at final accelerations calculation.

VI. CONCLUSIONS
In the present paper, the performance of different grade IMUs
has been evaluated using statistical metrics to experimental
data in order to analyse the raw measurements (gyroscopes
and accelerometers) and navigation states (attitude and vehi-
cle accelerations).

According to the raw measurements of gyroscopes and
accelerometers, the calibration of the low-end IMU has
been concluded to be recommended in order to get the
performance of the measurements closer to a medium-end
IMU: calibrated low-cost gyroscopes present rather similar
performance to medium-end ones in mean error, standard
deviation and 95% ECDF, specially on x-axis measurements
(0.49%, 0.11% and 0.30% difference respectively between
the medium-end and low-end calibrated). In case of ac-
celerometers, the calibration contribution is even larger re-
ducing the same metrics along x-axis in 27.77% for mean
error, 12.12% for standard deviation and 17.85% for 95%
ECDF. It can be explained with the utilization of 12 calibra-
tion parameters in accelerometers instead of 3 in gyroscopes.

After the integration of gyroscopes measurements, the
Euler angles have been analysed. The attitude estimated by
high-end IMU is better than the ones estimated by the rest of
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Figure 7: Vehicle tri-axial accelerations once the gravity terms have been removed: (a) Longitudinal acceleration (x-axis), (b)
lateral acceleration (y-axis) and (c) vertical acceleration (z-axis). The plots are limited to the initial 400 seconds of the journey
for ease of representation, but the statistical analysis is carried out for all the test.

Table 3: Vehicle accelerations statistical analysis comparing M-end, L-end and L-end calibrated to the Ground Truth.

M-end L-end L-end Calibrated
Mean.
Error

[m/s2]

Std.
Dev.

[m/s2]

95%
ECDF

[m/s2]

Mean.
Error

[m/s2]

Std.
Dev.

[m/s2]

95%
ECDF

[m/s2]

Mean.
Error

[m/s2]

Std.
Dev.

[m/s2]

95%
ECDF

[m/s2]
Lon. Acc. 0.5084 0.4882 1.4973 2.8287 1.9671 6.0749 1.8496 1.5682 4.6578
Lat. Acc. 4.6628 2.9534 8.9310 4.7284 2.6892 8.1125 4.7420 2.7341 8.5389
Ver. Acc. 14.314 5.8897 19.683 11.819 6.2160 18.136 5.1016 5.7746 16.908

M-end = Medium-end. L-end = Low-end. ECDF = Empirical Cumulative Distribution Function.
Lon. Acc. = Longitudinal (x-axis) acceleration. Lat. Acc. = Lateral (y-axis) acceleration. Ver. Acc. = Vertical (z-axis) acceleration.

the IMU tested in this work, but the medium-end IMU can
be considered to be similar (centesimal order of magnitude
mean error and standard deviation have been computed).
However, the heading analysis has bring encouraging results
for calibrated low-end IMU: after the calibration proposed,
the solution mean error reached is only 2.73% higher than the
provided by the medium-end IMU. The standard deviation is
also in the same order of magnitude (only 0.49% higher in
calibrated low-end IMU) as well as the 95% ECDF (only
0.26% higher in calibrated low-end IMU). This way, the
yaw estimation by calibrated low-end IMU can be concluded
to be comparable to high-end and medium-end IMUs. In
future works, map-aided solutions shall be proposed by using
yaw angle estimation and track information. This kind of
solutions can be propitious for track-constrained positioning
solution (e.g. railways) where low-cost IMUs can provide
enhanced navigation data (e.g. absolute position, orientation,
etc.).

Finally, the vehicle accelerations have been obtained. The
errors in roll and pitch angles estimation are propagated to
accelerations estimation and significant differences between
high-end and the rest of IMUs are computed. Although the
calibration improves the low-end IMU solution (mainly the
vertical axis accelerations), the mean error and standard
deviation are about 2 m/s2.

Although the results in general show prominent, the lack of
noise terms analysis shall make us cautious in long term ap-
plications, where calibration parameters can be not constant
or subject to temperature, voltage and humidity changes.
Further analysis on calibration parameters can be performed
in terms of bias instability, temperature dependency, etc so as
to guarantee the repeatibility of the results presented in this
paper.
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Each problem that I solved became
a rule, which served afterwards to
solve other problems.

Rene Descartes

CHAPTER

6
Conclusions and Future

Work

Throughout this dissertation the main goal has been pursued: to improve the

current train positioning system in terms of functionality, interoperability and cost-

efficiency. To do so, an exhaustive evaluation of the state-of-the-art solutions has

been presented, an exhaustive experimental tests has been carried out, a flexible

simulation framework has been developed and finally, different grade IMUs are

compared each other. This chapter summarizes the main conclusions that have

been drawn. Then, an outlook is presented for potential innovations and future

research.

6.1 Conclusions
As described through this dissertation, positioning accurately and safely a train is

nowadays a great challenge. The limitations of the current system and the devel-

opment of candidate systems such as GNSS and INS has propitiated the research

effort in this field, especially over last five years. This work is focused on the in-

tegration of an IMU as a complementary source to wheel speed sensors in order to
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achieve the functionality, interoperability and cost-efficiency requirements of fail-

safe train positioning system.

The first chapter introduces the train positioning and states its relevance on ITS.

Then, the current train positioning system is explained and the main limitations

are highlighted according to functionality, interoperability, safety, energy and cost

criteria. In order to overcome these limitations, GNSS and INS potentialities as

candidate systems are shown.

Chapter 2 presents and evaluates the main train positioning solutions published

up-to-date. The research gaps found in this work are summed up as follows: First,

the lack of details on the experimental tests performed to evaluate candidate sys-

tems solution against current solution. Second, the lack of flexible simulation

frameworks to test train navigation solution. Third, the ambiguity on the economic

cost of the proposed solutions. These research gaps have motivated the rest of the

papers.

Chapter 3 focuses on a experimental test to evaluate GNSS and INS-based solu-

tion and its performance is compared to current train navigation solution. This work

provides a detailed description of the instrumentation and measurement equipment

utilized during the test. In addition, it concludes an absolute error in velocity lower

than 2 km/h in more than 90% of the test duration can be achievable with high-

end GNSS receiver and medium-end IMU. Finally, the estimation of track features

(cant, height and curve radius) based on INS solution is provided.

Chapter 4 presents a flexible and one-stop simulation framework to design and

test different train navigation algorithms, mechanization methods, etc. in multiples

scenarios (changing the features of trains, tracks, sensors and so on). This work

overcomes up-to-date simulation frameworks limitations allowing test scenarios

with different train and sensors characteristics, speed and track profiles, synthetic

and experimental signals, mechanization methods, data fusion algorithms, etc.

Chapter 5 focuses on the cost optimization of the INS, evaluating different

grade IMUs (from 3 to 30.000 e) for land-vehicular positioning purpose. This

work compares the performance of ultra low-cost INS against medium-end and

high-end solutions. In addition, a calibration technique is proposed, making the

solution of ultra low-cost INS similar to medium-end INS.
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6.2 Future work

Through all of these contributions, it is my hope that this dissertation helps
to overcome the limitations of current train positioning system and to fulfill the
research objectives of the thesis.

6.2 Future work
The research interest on train positioning topic will be maintained in future years
according to EU research programs. There can be outlined several future steps
related to the topic.

The integration of GNSS into the train positioning system will be related to
the virtual balise (VB) concept. In order to reduce the maintenance cost of the
balises, they can be evolved to virtual nodes on which the accuracy of the on-board
system is enhanced by resetting cumulative errors of the odometry. However, the
integrity evaluation and monitoring techniques must be adapted to railway context
requirements, mainly those related to ERTMS.

The utilization of digital maps as external source for positioning is also a trend-
ing topic. The development of map-matching techniques on railways, where the
footprints of the sensors can be considered particular, arise as prominent research
field. However, the availability and the robustness of the digital maps must be
incremented in order to use them as confidence data.

The development of fail-safe positioning systems plays a key role in autonom-
ous driving because the localization of the vehicle is a fundamental data for fu-
ture developments. The use of artificial intelligence will be necessary to reach the
highest automation levels of vehicles where highly dynamic and complex traffic
situations, sensors measurements interpretation in real time, behaviour of other
users prediction and so on shall be considered.
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