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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(x!)) = E[z[], see
Section 11-C. Following (6), the corresponding sample weights
are updated accordingly with the measured altitude z{!. The
map altitude h(x}) and the measured altitude z[} are subject
to noise. Under the assumption of unbiased normal distributed
noise, the combined noise is

Na(0; 2)+Ny(0; &) =Ng(0; 2+ 2

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 xi; is evaluated at the center of
gravity of the state distribution B(x,) as
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In the experiments, the system and measurement noises are
defined as
1, =1[11,0;0]

_k =1[2;0;0]:

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

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 1l. 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.















