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Abstract—Accurate localization is one of the key requirements
for the automation of mobile machines. While GNSS-based
systems are widely used due to their high accuracy and acces-
sibility, redundant systems have to be developed to decrease the
dependency on GNSS signals for autonomous machines. Although
altitude measurements have been used for many decades by hu-
man explorers, they are not yet exploited for localization purposes
on mobile machines. Based on single barometric measurements,
no localization is possible as the vehicle could be at various
positions with the same absolute altitude. In this paper, we
propose an algorithm based on sequential importance sampling
to fuse altitude measurements with surface profiles, which allows
real-time tracking and localization of mobile machines. When
moving through hilly terrain, a machine constantly changes its
altitude, and the altitude profile can be used to track the vehicle’s
position. The proposed algorithm offers a supplementary local-
ization and verification method for mountainous and potentially
GNSS-obstructed areas.

Index Terms—Robotics, Nonlinear filtering, Localization,
Tracking, Mobile Machines, GNSS, Barometric Measurements,
Magnetic Heading, Autonomous Systems

I. INTRODUCTION

Automated agricultural machinery is getting in the focus of
research and development since a long time. Innovative control
systems and strategies have been developed to increase process
efficiency and decrease operating costs. These systems have a
high dependency on accurate global positioning, such as the
electronic tow bar for agricultural machines, which allows an
unmanned tractor to follow a human-operated machine [1].
These systems must be reliable to allow for undisturbed op-
erations without the interference of exterior influences. Today
most of the localization is handled using GNSS measurements,
based on GPS, GLONASS, Galileo, or Baidou (BDS) satellite
data. The GPS accuracy can be enhanced using Real-Time
Kinematics (RTK) from static measurement stations for accu-
racy of up to 2 cm [2].

However, these systems are highly dependent on a contin-
uous connection to as many satellites as possible to ensure
the overall accuracy. The accuracy is largely decreased if the
antenna is obstructed, for example in forests, where alternative
localization systems are a necessity [3]. In addition, GNSS-
signals can be easily interfered with jamming and spoofing at-

tacks, proposing a risk if the machine is driving autonomously
without an intervening human operator supervising the system.
These issues propose the usage of additional sensors for redun-
dancy. Alternative solutions based on odometry data or feature
point recognition become increasingly sophisticated in the
automotive sector [4], [5]. Meanwhile, off-road applications
feature a variety of additional challenges on the localization
methods. Missing clear feature points such as roads and traffic
symbols and the uneven surface terrain without fixed driving
patterns thereby suggest the usage of different methods [6].
The usage of topographical maps for navigation purposes is
of historic relevance and used for navigation in mountain-
ous terrain. Map quality has improved with the usage of
satellite and plane-based surface measurement technologies
in recent years [7], [8]. While the measurement of relative
height differences between static objects is easy, absolute
altitude measurements for localization in these maps constitute
a difficult task if the dependency on exterior signals (e.g.
GNSS) should be avoided. The atmospheric pressure mea-
surement grants the necessary independence and is a proven
technology with a development time of several centuries [9].
Barometric data is frequently used for altitude estimation in
aviation since relative deviations between measurements in
different aerial vehicles are robust and can therefore be used to
avoid collisions [10]. Absolute height measurements propose
additional difficulties due to the influence of the weather on
absolute atmospheric pressure levels [11]. This can be avoided
when frequently calibrating the measurements devices at a
known position or reference data. Nowadays, barometers are
widely available, cheap, and accurate [10]. Research has been
conducted using barometric data for altitude calculation before
the wide availability of satellite data [11], [12]. At the time, the
use of barometric measurements was limited to the calculation
of vertical distances. Several newer studies fused barometric
altitude data with alternative sources. In [13], barometric
data was used to create a more accurate altitude estimation
compared to a GPS-only based system. They detected the
GPS-signal reliability using a Receiver Autonomous Integrity
Monitoring (RAIM) algorithm and in the case of a reliable sig-
nal, it was merged with the barometric data using an Extended



Kalman Filter (EKF) or a Weighted Least-Square measurement
model. Both approaches resulted in an improvement compared
to the GPS-only approach. In [14] a merging algorithm for
the data from the inertial navigation system of an aircraft
was presented. It received GNSS data and barometric data
to improve the robustness of altitude measurements against
sensor anomalies. They suggest the usage of an EKF for sensor
fusion. There have been several efforts to use barometric data
for indoor positioning from direct pressure level usage on
mobile smartphones [15]–[17]. Similar studies were conducted
to assess the possibility of merging barometric data with WiFi-
and Bluetooth data or using Inertial Measurement Units (IMU)
to detect floor level changes or to fuse the information using
an EKF to improve the localization [18]–[22]. In contrary
to outdoor applications, these approaches either focus solely
on vertical localization or rely on measuring the received
signal strength from external senders such as WiFi-antennas
for horizontal localization. Land-based outdoor localization
cannot rely on these signals and needs therefore different
approaches. In [23] fusing barometric data with GNSS and
IMU data using an EKF to improve localization quality was
investigated. The approach was able to enhance the vertical
performance of the localization. A non-real-time approach for
historical movement data collection based on barometric mea-
surements was used by [24]. They focused on the localization
of human activity based on distinctive altitude patterns in
urban areas. The activity patterns were thereby classified as
transportation, indoor movement, or outdoor physical activity
using a Restricted Boltzmann Machine, which was then solved
using Markov Chain Monte Carlo approximation to cluster
the activities by their distinctive altitude patterns. Due to the
dependence on these patterns, the method is not applicable in
outdoor localization tasks of mobile machines. A method to
use 3D-track data together with a smartphone internal IMU
and barometer for localization tracking in mountain roads was
proposed by [25]. A Hidden Markov Model was solved by a
Viterbi Algorithm to identify the most probable localization
state of the user. The algorithm is based on the definition
of a limited amount of slopes and road conditions. [25] In
[26], another method of path-based barometric localization
has been developed. It is focused on a centralized tracking
approach, where the data handling occurs on a remote server,
downloading the relevant street maps based on the current IP
location and augmenting the map using elevation data from
the Google Elevation API. Due to the fact that this approach
focuses on not collecting speed data, a dynamic time wrapping
algorithm is used to find the similarity between measured
altitude and map heights. To identify the current path, they
then compare a variety of path finding algorithms. This method
is therefore also limited on the usage with specified road maps
and not usable in off-road applications.

Our paper proposes a new method of localization by fusing
the information generated by a pressure sensor and an altitude
map for real-time outdoor applications. The pressure sensor
thereby allows the calculation of the altitude of the vehicle.
Sequential importance sampling is used in a particle filter to

estimate the position of the vehicle by fusing the measured
altitude with a surface profile. The filter converges to the real
position after a certain amount of consecutive measurements.

The structure of this paper is defined as follows. First, in
Section II, the theoretical background of the proposed localiza-
tion approach is presented. In the subsequent Section III, the
experimental setup of the tractor and the GNSS reference are
presented. The results and the position accuracy are presented
and discussed in Section IV. Section V concludes the paper
and discusses open points and future research.

II. THEORETIC BACKGROUND

A. Altitude Calculation

The calculation of the altitude from pressure measurements
is based on the international height formula. This formula
assumes a standard atmospheric composition of 288.15 K
with an air pressure level of p0 = 1013.25 hPa at sea
level and a temperature gradient of 0.65 K/m. Using these
assumptions, the altitude can be calculated relative to sea level
following [27] given the pressure measurement p(h) as

h =
288.15 K

0.0065 K
m

·

(
1−

(
p(h)

p0

) 1
5.255

)
. (1)

The initial altitude level has to be calibrated to minimize
the impact of weather and ambient temperature on the mea-
surements. Given the measured pressure p(h0) at a known
height h0 the corresponding reference pressure p0 is calibrated
following (1) as

p0 = p(h0) ·

(
1− h0 ·

0.0065 K
m

288.15 K

)−5.255

. (2)

The influence of ambient pressure and temperature changes
during one run is neglected.

B. System and filter design

The vehicle is modeled as a discrete-time non-linear time-
variant stochastic dynamic system with state xk and time index
k. The state vector has four dimensions x = [x, y, v, θ] where
x, y are the corresponding coordinates of the projected position
in the local coordinate system, v the speed of the vehicle and
the current direction of movement θ. The system state at the
next time-step k + 1 is predicted by the transition function
fk(xk, ωk), with the normal distributed system noise ωk and
the time interval dt as

xk+1 = fk(xk, ωk) =


xk + sin(θk)vkdt+ ωx,k

yk + cos(θk)vkdt+ ωy,k

vk + ωv,k

θk + ωθ,k

 (3)

The state transition is strongly simplified and does not consider
any vehicle properties. Thus, the resulting system can be used
for any moving object. The time index k is omitted in the
following when inferable from the context.



The system state xk is observed by measurement of the
altitude zhk , the vehicle speed zvk and the vehicle heading zθk.
The non-linear measurement function is given as

zk =

zhkzvk
zθk

 = h(xk, νk)

with measurement noise νk.
For a given state vector xk, h(xk, νk) calculates the height

by linear-interpolating the altitude between the nearest raster
coordinates of a grid-based surface map. The state estimation
is updated by the probability function p(zk|xk) after each
measurement which are fused according to Bayes’ law [28],
following

p(xk|z1:k) ∝
p(zk|xk)p(xk|z1:k−1)

p(zk|z1:k−1)
. (4)

A discrete Dirac-Mixture distribution is used to represent the
probability density function p(xk|z1:k) of the state xk as

p̂(xk|z1:k) =
n∑

j=1

wjδ(xk − xj),

with weights

wj ∝
p(xk|z1:k)
q(xk)

and the proposal distribution q(xk) from which the sample set
X = xj , wj ; j ∈ [1, N ] of N samples xj with corresponding
weights wj is drawn.

The measurement noise νk is assumed to be normally
distributed with covariance

∑
= [diag(νk)

2] and the weights
are updated each time step by

wj
k+1 =

wj
k · 1√

(2π)p det(
∑

)
e−

1
2 (h(x

j
k)−zk)

T ∑−1(h(xj
k)−zk). (5)

When working with low noise sensors which directly mea-
sure speed and heading, see Section III, the measurements
can be assumed to be noise-free to reduce the dimension of
the state vector. In this case, the speed v and heading θ are
measured by a linear measurement function as

zvk = vk

zθk = θk

This simplification reduces the required amount of particles
significantly. v and θ are directly known from the measure-
ments and can be omitted from the state vector, which reduces
to the x, y coordinates. In consequence, the measurement zk
simplifies to zhk and the update function is

wj
k+1 = wj

k · 1√
2π(νhk )

2
e
−

(h(x
j
k
)−zk)2

2π(νh
k
)2 . (6)

The initialization of the filter and the proposal distribution
q(xk) are described in the experimental setup Section III. To

avoid weight degeneracy residual re-sampling is used, being
described in [29]. A re-sampling step is performed when the
effective number of particles as

N̂eff =
1∑
(wj

k)
2
< N̂th

falls below a threshold N̂th.

C. Map based altitude lookup

The core of the algorithm is the fusion of altitude measure-
ments with a-prior knowledge of the altitude. The algorithm
uses the grid-based digital terrain model of the ´German
Federal Agency for Cartography and Geodesy´1. The used
terrain model provides altitude data with an accuracy of 0.1 to
1 m in a regular grid. The grid is projected to UTM32 and uses
the European Terrestrial Reference System 1989 (ETRS89)
with a reference plane for the normal height (DHHN92). The
grid data is accessed and converted to Python arrays by GDAL
library [30] and modified code based on the Open Elevation
API [31]. For a position in UTM32 coordinates x = [x, y] the
altitude matrix

H =

h0,0 . . . h0,i

...
. . .

...
hj,0 . . . hj,i


is provided with the transform and scaling factors ax,ay,bx,by
to calculate the corresponding matrix indices i,j as

î = (x− ax) · bx

ĵ = (y − ay) · by.

In most cases î is a floating point figure situated between the
positive integer raster indices ⌊il⌋ and ⌈iu⌉, (ĵ accordingly).
The altitude value at the given position x is interpolated
by a convex hull between the four neighbouring points ⌊il⌋,
⌈iu⌉, ⌊jl⌋ and ⌈ju⌉. [32] provides a open source library for
computation of the convex hull.

III. EXPERIMENTAL SETUP

A. Hardware Setup

The test vehicle used for measurement data collection was
a Fendt 516 Vario tractor fitted with a connection gateway
to a measurement computer running Ubuntu with the Robot
Operating System (ROS) [33] as middle-ware for data ex-
change purposes. This setup allows the interaction with vehicle
internal data bus systems to extract measurement data from
regularly fitted sensors using a connection to the CAN-bus
and the ISOBUS. Furthermore, the machine is fitted with
additional sensors such as an additional GNSS-Antenna, an
Inertial Measurement Unit (IMU), two separate stereo camera
systems, and a laser scanner for surface structure detection.
A more detailed description of the experimental setup can
be found in [34]. Fig. 1 shows the tractor and implement
combination during data collection (here paired with a Horsch
Terrano 4 FX cultivator).

1Geographic base data: © GeoBasis-DE / BKG (2022)



Fig. 1: Data Collection

The signals used for this paper were provided only by
the internal sensor systems and the Xsens MTi-300 IMU.
Table I shows the used sensor types, the sensor source and
the corresponding units.

TABLE I: Used Sensortypes

Signal Unit Source
Radar Speed km/h CAN
Magnetic Heading deg CAN
Atmospheric Pressure Level Pa IMU

Signals from the ISOBUS were used to control the mea-
surements with the more accurate GNSS+RTK localization. A
graphical user interface was created to supervise and automate
the data collection process, detecting sensor issues. The col-
lected sensor data streams were saved as rosbags, stored in a
database, and then processed using Python scripts.

B. Implementation and Initialisation

The algorithm was implemented in Python and executed in
an Ubuntu 20.04 environment. Figure 2 shows the sequential
calculation steps at each measurement step. In the update step,
the measurements are merged to the digital elevation model
(DEM). The DEM defines for each sample, with state vector
xj , an expected altitude measurement h(xj) = E[zhk ], see
Section II-C. Following (6), the corresponding sample weights
are updated accordingly with the measured altitude zhk . The
map altitude h(xj) and the measured altitude zhk are subject
to noise. Under the assumption of unbiased normal distributed
noise, the combined noise is

Na(0, σ
2
a) +Nb(0, σ

2
b ) = Nf (0, σ

2
a + σ2

b ).

The variance of the normal distributions depends on the DEM
quality and the used barometer, as well as atmospheric and
meteorologic perturbation. The predict step follows (3) and
the estimated vehicle position xe

k is evaluated at the center of
gravity of the state distribution p̂(xk) as

xe
k =

 1∑n
j=1 wj

n∑
j=1

wjx
j


k

.

In the experiments, the system and measurement noises are
defined as

ωk = [1, 1, 0, 0]

νk = [2, 0, 0].

The number of samples is set to N = 1024 and the re-
sampling threshold is set to N̂th = 100.

Measurement
UpdateDEM
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Sample 
Weights

Sample
Positions

Resample
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Quality
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Fig. 2: Calculation steps of the sequentially Monte-Carlo algorithm

At the beginning of each run, the filter is initialized under
the assumption that the position of the vehicle is only roughly
known to be inside a certain area. An area of 400 to 400
meters is used as the typical extent of the regarded crop fields
in our test runs. The window is located at the overall mean
position of the run and the samples are drawn as a regular
grid inside this area. This initialization of the filter separates
each run into two parts. At first, the proposed method is the
localization of the vehicle inside the given area. In the second
part of each run, after having converged to the current vehicle
position, the method acts as a real-time tracker of the moving
vehicle.

C. Field tests

The presented algorithm was tested with the described setup
at 6 different locations (fields). The parameters of each field
are described in Table II. At the beginning of each track the
barometer was calibrated at a reference position with a known
height (see (2)). Each track was driven only once and for each
of the five virtual runs of the algorithm (see Section IV) the
same measurements were used.

IV. RESULTS AND DISCUSSION

A. Experimental Results

Fig. 3a shows the initialization of the filter and the drawn
samples in a regular grid in the area. Fig. 3b and 3c show
the evolution of the represented distribution after a 10 and
100 consecutive measurement steps with 4 measurements per
seconds. After a few measurements, there are still a couple of
possible vehicle positions fitting to the sensed altitude profile.
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a) Estimation after first update step
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b) Estimation after 10 update steps
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c) Estimation after 100 update steps
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d) Estimation after 500 update steps

Fig. 3: Particle cloud (blue), estimated system state (red) and vehicle reference path and position (black) of field 6, run 1

TABLE II: Field parameters: track length, maximal-, minimal altitude
(AMSL) and average surface gradient

No. Length (m) Max. Alt. (m) Min. Alt. (m) Gradient (%)
1 897 211.7 221.9 6.1
2 1256 187.3 198.8 6.7
3 1497 188.9 195.5 4.6
4 766 197.1 212.1 6.5
5 3651 187.3 198.6 3.6
6 1651 183.3 198.2 8.0

With ongoing measurements, the possible positions decrease
until the filter fixes on the vehicle position in Fig. 3d. The
uncertainty of the state estimation largely depends on the
altitude profile around the vehicle position.

The distance between the estimated position and the ref-
erence position is shown as absolute error in Fig. 4 for
two exemplary runs of fields 3 and 4. At initialization, the
estimated position error is up to 100 m. After less than 50 m,
the deviation drops under 5-10 meters with a few peaks. Some
peaks with a higher deviation can be observed, e.g. during
turning maneuver of the vehicle where dead reckoning is
leading to high inaccuracy. However, the error is reducing back

to its previous level with ongoing altitude measurements. In
Fig. 5 the measured altitude is compared to map altitude at
the reference position. The error of the height measurement is
up to 2 m with a standard deviation of 0.3 to 0.7 m depending
on the field. The measurement noise of the barometer and the
difference between the barometer and the map altitude can be
identified as one of the most important parameters in terms to
improve localization accuracy.

Fig. 6 shows the mean and standard deviation of all six used
fields over five random runs of the estimator with the same
input measurements. The first 100m of the runs before the
fix on the vehicle position were excluded from the evaluation.
For all fields, the standard deviation was in the range of 3
to 9 meters, with low variation between individual filter runs.
Fields 1 and 4 have an increased overall position error. High
maximum errors led to an increased standard deviation in
field 1, whereas in field 4, the overall accuracy was lower
than in other runs. In both fields, the surface gradient is
similar to the other fields, and the most probable cause of the
increased deviations is the small field size involving complex
turning maneuvers. Because both runs have not be repeated on
different days, potential calibration or environmental effects on



0.0 0.2 0.4 0.6 0.8 1.0

Normalized track length

0

5

10

15

20

25

30

35

40

L
oc

al
iz

at
io

n
er

ro
ri

n
m

Field 3
Field 4

Fig. 4: Temporal Progression of the absolute localization error for
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the pressure measurements cannot be ruled out.

B. Discussion

At all 6 test fields, the presented algorithm was able to
estimate the correct vehicle position after 100 m. This high
reliability comes, however, at a certain expense regarding
tracking accuracy. As remarked in Fig. 5, the altitude mea-
surements show a standard deviation of up to 0.7 m. The
filter, on the contrary, is implemented with an assumed noise
variance of 4 m. The increased noise is needed because of
the low number of samples. Assuming an unknown vehicle
position, the samples are initialized in a regular grid, and
each row of 400 m consists of only 32 samples, leading to
a spatial distance of 12.5 m between samples in this grid.
Forcing a low noise on the altitude measurements leads to a
possible dead-lock of the filter when no sample is situated at
the exact vehicle position after initialization. The same effect,

although less severe, appears during turning maneuvers when
dead reckoning leads to high position deviations. For optimal
tracking results, the vehicle motion model should be adapted
and the measurements noise could then be decreased.

In this paper, to demonstrate the proposed method inde-
pendently of a specific vehicle, a simple motion model was
used. Integrating the speed and heading measurements into the
estimator is quite challenging, as both are changing rapidly
during the operation of the vehicle due to control input. It
is not recommended to model the vehicle’s behavior changes
caused by the driver control input as system noise, as a high
system noise is needed to adapt quickly to the new system state
which leads to decreased filter performance. On the contrary,
using a sophisticated vehicle model, taking the driver input
into account, could significantly improve the performance of
the estimator.

The resulting localization accuracy is not sufficient to pro-
vide an alternative to RTK- or D-GPS systems. However, an
accuracy in the range of 5 to 10 m is of the same magnitude
as conventional GNSS systems without correction signals.
The localization method focuses on two main use cases.
In combination with other localization systems (e.g. Scan-
Matching), it can provide robust localization in areas where
GNSS-accuracy is limited, e.g. inside forests. Alternatively,
it offers a redundancy and fall-back system for GNSS-based
localization in the case of GNSS failure, failure of correction
signals, or intentional GNSS jamming attacks.

It is obvious, that the presented algorithm is unable to track
the position of the vehicle without a surface gradient. When
comparing the surface gradient with the estimator accuracy in
Fig. 6 no direct connection between average surface gradient
and estimator accuracy is remarked. In Field 3 an average
surface gradient of 4.6 % was already sufficient for a tracking
accuracy of 3m and a position fix in less than 100 m, corre-
sponding to ca. 5 m of altitude difference. A surface gradient
of 5 % is not unusual in many outdoor applications and offers
a high range of possible applications for the presented method.

V. CONCLUSION

In this paper, we presented a new method for localization
and real-time tracking of vehicles in off-road scenarios. A
particle filter was designed using sequential importance sam-
pling for estimating the vehicle position based on the non-
linear altitude measurement. The relative vehicle motion was
predicted by a simple vehicle model that is applicable to a
wide range of vehicles. The current altitude at the vehicle
position was measured with a barometric pressure sensor. In
the update function, the map altitude at each sample position
was compared to the measurement, and the filter weights were
updated accordingly. The algorithm works with an offline map
and does not require any additional infrastructure, nor does it
rely on any exterior real-time data.

The algorithm was evaluated on test drives using a Fendt
516 Vario equipped with an additional barometer for mea-
suring the atmospheric pressure. The evaluation of each test
drive has been separated into two parts. At first, the vehicle’s
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Fig. 6: Estimation error over 5 random runs (primary y-axis) and
average surface gradient (secondary y-axis) of all 6 field tests

position was limited to a certain area of 400 m to 400 m
in which the filter was initialized. During the first 100 m of
the vehicle’s track, the algorithm was able to fix the vehicle’s
position. In the second part, the algorithms’ abilities for real-
time tracking were evaluated, showing a standard deviation
of less than 10 m. In the experiments, the algorithm showed
high robustness and reliability in the tested locations. Although
altitude-based localization cannot be carried out in completely
flat areas, surface gradients of 3-4 % are already sufficient
for localization. The algorithm could offer a redundancy and
alternative to GNSS systems in mountainous areas.

Besides its proven accuracy, there are several possible
improvements and additions to the proposed algorithms that
are conceivable. The algorithm does not need any particular
vehicle model. However, an adapted vehicle model that consid-
ers steering angle, vehicle kinematics, brake and acceleration
commands, is expected to further improve the results. The
experiments in this paper were conducted in an agricultural
environment where highly accurate speed and reference posi-
tion measurements are possible. This allows a clear evaluation
of the algorithms’ performance. However, further experiments
should be performed to evaluate it in areas where GNSS-
accuracy is limited, e.g. in forest environments.
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