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Abstract—Train localization during Global Navigation Satellite
Systems (GNSS) outages presents challenges for ensuring fail-
safe and accurate positioning in railway networks. This paper
proposes a minimalist approach exploiting track geometry and
Inertial Measurement Unit (IMU) sensor data. By integrating a
discrete track map as a Look-Up Table (LUT) into a Particle
Filter (PF) based solution, accurate train positioning is achieved
with only an IMU sensor and track map data. The approach
is tested on an open railway positioning data set, showing
that accurate positioning (absolute errors below 10m) can be
maintained during GNSS outages up to 30s in the given data.
We simulate outages on different track segments and show
that accurate positioning is reached during track curves and
curvy railway lines. The approach can be used as a redundant
complement to established positioning solutions to increase the
position estimate’s reliability and robustness.

Index Terms—train positioning, discrete track map, particle
filter, statistical sensor fusion

I. INTRODUCTION

Determination of train positions within the railway network
must be fail-safe and of high accuracy. Inaccurate train po-
sition data can lead to delays in operation [1]. In systems
operating today, train position is determined using trackside
equipment such as axle counters and balises. These solutions
are vulnerable to vandalism and weather influence; hence,
to reduce maintenance costs on the trackside, train-borne
solutions that are not dependent on trackside equipment have
been a topic of interest in research for some years.

A widely used approach in tracking problems is fusion of
Global Navigation Satellite Systems (GNSS) and Inertial Mea-
surement Units (IMU) [2]. The challenges consist of adjusting
the method to the high safety standards according to EN50126
[3] and the specifics of the railway environment. Several
Kalman Filter (KF) based solutions have been proposed using
GNSS, IMU, and odometer data [4, 5].

Unlike other transport modes such as aviation and auto-
motive, train motion is restricted to the tracks; a constraint
that can be used to improve the accuracy of the position
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Fig. 1: Considered set up in this paper. Our proposed solution
exploits an IMU and a track map.
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estimate and different methods have been proposed fusing
GNSS/IMU, and a track map [6-9]. Geometric track maps can
be used for train positioning in different ways: in [10-12], the
authors use linear interpolation between discrete coordinates,
whereas in [13], spline interpolation is used. On the other
hand, [14] propose a formulation of the track map based on
the geometrical elements in track construction, promising a
more precise representation. However, [15] shows that linear
interpolation between discrete coordinates with feasible dis-
tance offers sufficient accuracy in most applications.

Given the high safety requirements, GNSS cannot provide
the required availability and accuracy in the complex propaga-
tion environments, which are encountered in railway settings
[16, 17]. Tunnels, urban areas, heavily wooded districts, or
deep valleys cause GNSS outages. Polar regions, as relevant
in Sweden, cause a decrease in GNSS accuracy. In [18]
an extensive study is performed using positioning data from
80.000 km of rails and observe GNSS outages 18 % of the
time, with the majority being below ten minutes. To overcome
this problem, recent literature has considered GNSS-redundant
solutions. [19, 20] find that railway tracks possess a unique
ferromagnetic track signature that can be used for localiza-
tion. However, changed track conditions or passing trains
can disturb or change this signature. Other approaches have



considered different kinds of signatures such as altitude [19].
In [21], the authors developed a map-aided train navigation
based on IMU measurements for subway systems.

To meet the high safety requirements for train positioning
solutions, there is a need for redundant positioning methods
using complementing sensors. Therefore, in this paper, we de-
velop a train-borne Particle Filter (PF) based positioning solu-
tion that can complement GNSS, odometer, or magnetometer-
reliant methods. It can also be used as an extension to
improve filter performance in areas where GNSS is sparsely
available. Figure 1 visualizes the examined situation. The
key strength of the algorithm is minimalist sensor usage and
an innovative formulation and usage of a Discrete Track
Map (DTM). Only measurements of tangential acceleration,
centripetal acceleration, and yaw angle turn rate - all recorded
by one IMU - and the railway track coordinates are required.
We provide a flexible and adaptable formulation of the DTM,
which is incorporated in a PF based positioning solution. The
positioning problem is reduced to one dimension, leading to
a two-dimensional state vector. Therefore, a low number of
particles can be used, and computational costs are lower than
in other PF based solutions. The method is tested on the
open data set [22], which consists of a secondary line in a
challenging environment.

II. ENHANCED GEOMETRIC TRACK MAP AND TRACK
CONSTRAINT FORMULATION

The following section describes the design and usage of
the DTM used in the estimation. The dynamic motion model
explained in Section III-A computes the train’s position in
1D, the dimension being the traveled distance along the track.
To acquire the corresponding map features and to map the
position into 2D space, we require a geometric track map,
which, in our proposed method, serves as a Look-Up Table
(LUT). Consider a set of M discrete points along the track.
The ith point along the track consists of an identifier d; and
six features u; recorded at this point. The track map M is
expressed as follows:

M = {(ds, )} )
M, = [px,z Pyi DPzi K 0$7i ey’i ez,i} )

d; is an identifier of a recorded point along the track corre-
sponding to the distance along the track. Distance d; = 0 is
set arbitrarily, e.g., at the starting station or the beginning of
the map. Note that d; — d;_; must be the distance along the
track, not the Euclidean distance, to avoid underestimating the
traveled distance. The map features included are the following:
e Pui» Py, and p,; correspond to the 3D geographical
position of the point in a fixed reference frame.
e k; is the computed curvature of the track, see II-A.
o 04, 0,,; and 0, ; are the track orientation expressed in
roll, pitch and yaw angle, respectively.
Figure 2 gives a visual overview of the variables stored in
the track map. The orientation information is used for IMU
pre-processing in the filter, curvature is the main feature for
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Fig. 2: Visualization of variables stored from the track map

tracking, and position is the filter output. Further features for
filter extensions can be included in M, such as details about
stations, turnouts, or further track signatures.

A. Derivation of map curvature

To calculate the track curvature, a twice differentiable
parametric representation of the 2D plane curve is required:

V(d) = (z(d), y(d)) 3)

In the DTM as presented in (1), an arc-length parameterization
on distance d is given. A cubic spline interpolation between
recorded map points ensures differentiability. The curvature is
then estimated as

x/y// _ y/l‘//
(272 + y'2)3/2

Spline interpolation suffers from some drawbacks, e.g., closely
spaced data points can lead to oscillations in the interpolated
curve. In [15], the author found the most accurate compu-
tation of railway track curvature by reducing the data points
used for spline interpolation using the Ramer-Douglas-Peucker
algorithm and interpolating to the original density after spline
interpolation. Importantly, this strategy does not alter the 2D
coordinates stored in the LUT.

k(d) = “)

B. Map Matching and interpolation of map data

To derive suitable parameters from the DTM, we find the
largest dEM) that is smaller than the estimated distance dj, at
time step k:

ng) = max{dv(M)|d£M) € Mand dEM) < dk} (5)
0 = g 41 ®

The parameter set uy, retrieved from the DTM is obtained by

linear interpolation between q%M) and qéM):
di — gi’™"
e = (M)
g™ = ¢
= (1=r) - p(a™) + 7 - p(a§™) ®)
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Fig. 3: Overview of complete algorithm

For the simplicity of the formulation, we assumed a forward
travel direction. Note that

H pe 2]y = e 2]
We choose a linear interpolation between two recorded map
points to compute px, which in a setup with 2D states would
lead to underestimation of the traveled distance and velocity.
Because of the format of the LUT, this problem is eliminated
in our approach. Further, other interpolation methods can
easily be implemented if required.
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IIT. MAP-CONSTRAINED PARTICLE FILTER

The following section describes the algorithm developed in
this paper. An overview is given in Figure 3. We use a PF
based solution with a 2D linear state and a highly non-linear
measurement update. The train’s motion is modeled using a 1D
constant acceleration model included in the particle diffusion
step.

A. Dynamic Motion Model

The following section corresponds to the Prediction block
in Figure 3. Due to the constrained motion of the train along
the tracks, we adopt a 1D motion model, as detailed below.
Train motion consists of slow changes in acceleration. Hence,
the constant acceleration model, as found in [23] is a suitable
model of the train dynamics. The state x at iteration k consists
of two variables:

X = [dk U]JT (10)

with vy being velocity and dj, traveled distance. The constant
acceleration model describes the motion dynamics as

m [(1) ﬂ'mﬁv;/z}‘“kﬂm (1)

k+1 a
Vi NN(O,O’Z)

where T is the sampling time. The system input u is acceler-
ation along the direction of movement measured by the IMU
ag(L.IMU). The measurement is corrected using the estimated
bias, as detailed in Section III-C.

B. Observation Model

This section corresponds to the Measurement Update block
in Figure 3. Consider the following measurements:

7) = [pa(vGNSS) pg(;GNSS) ,U(GNSS) ngMU) ag/IMU)]k (12)
if available
where aélMU) and wglMU) are measurements of the lateral

acceleration and angular rate of the yaw angle. Both IMU
measurements were corrected using the estimated bias, as
explained in Section III-C. GNSS measurements are generally
not available except for a few irregular time intervals, which
mostly reduces the measurement vector to

(IMU) (IMU)

21 = [wz af (13)

k
The predicted measurement z; is expressed as a function of
the state x; and the DTM M:

2 = hi (X, M(dy))

The estimated distance dj, has two purposes: it is included
in the state variable X, but also the input to the LUT M.
Predicted measurements are calculated in three different ways:
o velocity v is directly captured in the state
e position p,, p, is a feature stored in the DTM
o angular rate w, and lateral acceleration a,, are calculated
from a combination of state variables and map features.

(14)
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Fig. 4: Visualization of observation model

hy is specified in the following way:

dk—>./\/l — Dz .k
dk —)M—>py’k‘

hi(xg, M) = Uk + 7k (15)
v, - ki (dk)
1}]% . Hk(dk)
HkZd;g—>./\/l—>/-€k (16)



Here, the right arrows indicate how M is used as a LUT. The
relation in (15) is visualized in Figure 4.

Note that it is not necessary to express the relation between
the variables stored in M and distance dj in closed form.

C. IMU Processing

This section describes the IMU processing, Zero Velocity
Update (ZVU) and Bias Correction block shown in Figure 3.

In the IMU processing block, the distortion caused by
gravitational acceleration is removed. This is achieved by
transforming the 3D accelerometer data from the sensor frame
to the inertial frame and removing the gravitational accelera-
tion from @™, Sensor frame and inertial frame are related
via the orientation matrix R(0):

ainertial _ R(H(M)) . gSensor 7)

where 0 is the orientation. In classic IMU applications, orien-
tation is estimated from the gyroscope data, which is sensitive
to integration errors and bias itself. Therefore, we choose to
compute @ from the estimated distance of the previous filter
update di1 using the DTM, as described in Section II-B. The
correction step is as follows:

gSensor _ gsensor _ R—l(a) [O 0 g}T (18)

where a%™" ig the raw IMU measurement. a*™°" is noted as
a in the remaining paper.

Both accelerometer and gyroscope measurements contain
several deterministic and stochastic error sources. The sen-
sors are assumed to be calibrated in terms of scale factors,
misalignment, and cross-coupling [24]. The scaling error is
assumed to be small in comparison to bias; therefore, the
simplified error model is assumed as follows:

A=A+B+6B+1 (19)

where ) is the true value, B is bias, § B bias instability and 7
the sensor noise. \ is the value measured by the accelerometer
or gyroscope on one axis. To estimate B and account for 6 B,
X is measured during a stand-still in the filter initialization.
At each further stand-still, the bias estimate is updated using
a moving average:

k—1 < )
By, = % (Zi:k—n-H B; + )\k) stand-still 20)
By else
Each measurement is corrected by
Ak = A = By, @1

The paper refers to the estimated value after correction as
sensor measurement.

To minimize integration errors and enable bias estimation
updates, a Zero Velocity Update ZVU is implemented. Stand-

still is detected using a combined acceleration and angular
rate detector [25]. If a stand-still is detected, agl\,gU), a(yn\,;m),
(IMU) ’ '

w, . »and v are set to zero.

D. Complete Particle Filter Setup

In cases of linear state-space models, Kalman filters are
proven to be the optimal filter. In this project, the motion
model is linear; however, the observation model is highly
non-linear. Therefore, we propose using a PF to compute
the position estimate using the motion model and observation
model as described above. The complete algorithm is found
in Algorithm 1.

Algorithm 1 Particle filter with map matching

1: Initialize particles iéj )~ p(%Xo) and particle weights
wi = + for j =1,..., N particles

2: for k=1,2,... do

3 if ZVU = ’true’ then
4 Bias estimation update (20)
5 Set control input u; = 0
6: Set measurements a,,; = W, = 0
7 end if
8 Correct IMU measurements (18), (21)
9: for j=1,...,N do
10: Particle diffusion according to (11)
11: Map onto 2D plane using DTM: (5)-(8)
12: Compute predicted measurements ZS ) using (15)
13: Compute weights: w,gj) x p(zk|i,(j))
14: end for 4 o
15: Normalize weights: H);j ) = Ewk Q)
n Wy

16: if Neg < N¢, then

: Resample particles: sample M,, particles with replacement
from the current set of particles, using the weights w,(j )

18: end if

19: Compute py (23)

20: end for

—_
~

To avoid particle depletion, the particles are resampled when
the effective sample size Neg falls below a threshold Ny, €
[1 N]. The effective sample size is commonly chosen as

B 1
= N2
(4)
> (wk )
Depending on the measurements, other resampling strategies
may be sensible. If no absolute position measurements are
available we suggest to resample when the train enters and

travels on a curved track segment. The final position estimate
is calculated using

(22)

Pr = arg max P(Pk|Z1:k, Uk (23)

. . 1T . R
where Py, = [Pox Dyk| is a sub-vector of zj.

IV. EXPERIMENTAL RESULTS

For a proof-of-concept, we use the open Rail vehicle
positioning data set, Lucy 2018 [22]. The data set contains
120km of conventional and secondary lines, including tight
curves, steep slopes, and forested embankments. A 3D geo-
metrical track map with centimeter-level precision is available



T T T T T
—1,250 No GNSS |
—— Track Map
—— Raw GNSS
£-1,300 —— EKFMM | |
£ — PF
e=|
g
Z-1,350 | .
Direction of movement
_1,400 L [ [ [ [ [ [ [ 1
5,600 5,650 5,700 5,750 5,800 5,850 5,900 5,950
East in m

Fig. 5: Comparison of different methods during a short GNSS outage

igure' 10b
350-:32'1\7 - “"' O Figure 5
-9
'Figure 10a
Direction of moverent
50°30'N i ;
12°50'E 12°55'E 13°E
Longitude
Fig. 6: Complete mapped test track
E 60 T
g 40y \ WO
2
B 20 |- .
=
) | | I
0
- 0 10 20 30

Time in min

Fig. 7: Velocity profile of the test drive

on 24.2km of the track. The dataset contains 6 DOF IMU
measurements and position data from two GNSS receivers.
Since the positioning method presented in this paper heavily
relies on the track map, we use the section of the dataset for
which the 3D track map is available.

Since no ground truth is provided with the data set, the
results in this paper are compared to the positions computed
by the high-end GNSS receiver by Thales mounted on the
test train. To verify its accuracy, the across-track error of
each measurement is calculated, showing that 95% of all

measurements lie within one meter from the track. Position
updates are available every second with no outages during the
test ride. To further enhance accuracy and establish what is
referred to as ground truth throughout the remaining paper,
the Thales GNSS measurements are corrected by projection
onto the track map. The other receiver is then used to test our
proposed method.

All results are computed using our proposed method and

compared to an EKF. The used data set includes an EKF based
o . . . . . (IMU)

positioning solution, using tangential acceleration ay, and
yaw angle turn rate szMU) as input to a Constant Turn Rate
and Acceleration (CTRA) motion model. GNSS measurements
of position and velocity are used in the measurement update.
We combine this solution with the approach given in [11]
to include map matching into the algorithm, which in the
remaining paper will be called Extended Kalman Filter with
Map Matching (EKFMM). The parameter settings are adjusted
to the sensor specification and are listed for both methods in
Table I. The PF uncertainties are increased compared to the
EKFMM to prevent particle depletion.

TABLE I: Parameter values used in both filters
MO M VO Obias
PF 0.0lg 0.0l¢g 02°s  5e-6m/s?
EKFMM | 0.005g - 0.05°/s -
U}giNss) GI(SNSS) O_l(}GNSS) o (map)
PF 245m*  4.13m*  04m/s* -
EKFMM | 2.04m* 345m*  0.35m/s* 0.01 m

* Uncertainty updated dynamically according to GNSS receiver statistics.
The displayed value is the mean uncertainty

Two scenarios are presented. First, the method is tested and
evaluated on experimental data given in the data set. Second,
the experimental data is altered by removing GNSS data after
50s. In both scenarios, 1000 particles are used. The value
was found empirically to balance computational cost and filter
convergence.
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A. Evaluation using experimental data

In this section, the proposed method is tested on experimen-
tal data. The map of the test track is shown in Figure 6.

The test train’s starting position and travel direction are
marked in Figure 5, and the velocity profile is shown in
Figure 7. The recorded data includes stops, varying speeds,
and several GNSS outages along the journey, the longest being
35s. A representative example of the filter’s performance can
be seen in Figure 5, which shows position estimates and esti-
mated 30 confidence interval of the raw GNSS data, EKFMM
solution and the proposed PF based solution, predicted accord-
ing to the respective model. The confidence intervals of the
EKFMM solution quickly increase during the outage, while
the PF solution can maintain the position estimate with stable
uncertainty. The error statistics are shown in Figure 8 and
Figure 9. Both the EKFMM and the PF perform similarly
when GNSS is availble, but during GNSS outages marked in
grey, the PF solution outperforms the EKFMM. For the PF
solution, the 3o error lies at 11.3 m, whereas for the EKFMM
solution, the 3o error is 17.71 m.

B. Indefinite GNSS outage on different track characteristics

This section examines the performance of the PF solution
during an indefinite GNSS outage. The experimental data as
in Section IV-A is used, but the GNSS signal is removed
after 50s, simulating an indefinite outage. The performance
is evaluated on two sections of the test track with different

dataset, but GNSS reception stops after 50s. We compare
the results using the proposed method to the EKFMM by
computing the absolute position error, see Figures 10e and 10f.
It can be seen that the PF solution performance is dependent on
the track characteristic. The absolute position error increases
on straight track sections. During curves, the accuracy reached
by the proposed method is comparable to the accuracy when
GNSS is available. During straight sections, both methods
need to rely on the accelerometer measurements and diverge.
Howeyver, it can be seen that the PF, in contrast to the EKFMM
can recover to high accuracy during short curves. In Figure 10e
after 190 s, the absolute error does not increase further. This is
due to four shorter stand-still phases and the resulting sensor
bias update.

V. CONCLUSION

In this paper, we have proposed a minimalist approach
for train localization during GNSS outages by utilizing track
geometry and IMU sensor data. A discrete track map has been
formulated as a look-up table and used in different ways: to
map the 1D position estimate of the PF onto the 2D plane.
Also, geometry features such as curvature have been used in
the measurement update with gyroscope measurements. By
this, the position estimation in the PF has been reduced to
one dimension, resulting in lower computational complexity
of the PF compared to 2D or 3D tracking filters. The for-
mulation as a LUT ensures great flexibility and adaptability
of the approach. Map coordinates do not need to be placed
equidistantly. Furthermore, any interpolation method between
map coordinates can be implemented and computed offline.
Additional features and measurements can be added easily.

The proposed method was tested on experimental data
from the open Lucy 2018 data set. The results show that
the PF outperforms the EKFMM approach during shorter
GNSS outages and providing similar accuracy when GNSS
is available. We simulated an indefinite GNSS outage and
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Fig. 10: Performance evaluation during indefinite GNSS outage on a straight and on a curved path segment

tested the filter performance on two segments of the test
track with different characteristics. It could be shown that the
filter can provide an accurate positioning solution during track
curves and curvy railway lines. However, the performance is
dependent on the track characteristic and does, therefore, not
work as a stand-alone positioning solution, when only using
the IMU.

The key strength of the approach lies in its minimalist sensor
usage and flexible track map incorporation. To meet the high
safety standards for train positioning solutions, redundant so-
lutions must be implemented. The presented approach does not
use sensors incorporated in recent train positioning solutions,
such as odometer data or magnetometers. If knowledge of the
starting position is available, even the irregular GNSS mea-
surements can be removed. Therefore, the proposed method

is practical to include as redundant positioning method, in-
creasing safety of the positioning solution. Another possible
application is an implementation in a classical GNSS/IMU
sensor fusion approach to increase positioning accuracy in
challenging environments. Further research will include testing
in different scenarios and an improved bias correction.
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