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Abstract— Agricultural field robots need to navigate within
crop rows. In order to efficiently perform cultivation work
and to avoid damaging plants precise crop row detection and
tracking is essential. Hence, we propose a probabilistic crop row
detection and tracking approach that fuses visual odometry
data with the results of the crop row measurement using
a Kalman filter. However, before the Kalman filter can be
integrated into our system, we have to explore if our existing
solutions comply with several requirements. We test – with reallife in-field data – if and how the row information can be tracked
with the information of the visual odometry and investigate if
the estimated probability density of the row measurement can
be used to adapt the corresponding covariance matrix entries
of the Kalman filter. Preliminary results indicate that the fusion
of the visual odometry data with the row measurement improve
the tracking results and that the probability density of the row
measurement can be used to determine its reliability.

I. I NTRODUCTION
Most agricultural robots and guided tractors utilize realtime kinematic global positioning systems (RTK-GPS) or
laser-based sensors to solve the task of autonomous navigation [1]. Vision systems promise to offer outstanding
advantages compared to pure GPS solutions, as they provide
higher dimensional information and are inexpensive compared to laser range finders [2]. Hence, we propose a pure
machine vision system to solve the task of navigation in roworganized fields. Therefore, the crop rows have to be detected
relatively to the robot for the determination of the negotiable
track.
Most of the developed vision-based detection algorithms
consist of a segmentation step and a subsequent state-of-theart line detection algorithm such as the Hough transformation
[3], [4], [5], [6], [7].
We introduced in [8] a near infrared and depth (NIRD)
data based segmentation that enables a height-bias-free detection of the rows within the ground plane and is insensitive
to geometric and season caused changes of the plants. The
parameter free row detection is realized with a 3D cascaded
particle filter and enables online crop row detection. Each
hypothesis in the 3D state space describes a parallel line
pattern within a 2D plane and consists of the orientation θ,
the offset r, and the distance between the lines d. θ and
r define a vector that is perpendicular to the closest line
and points from the origin of the coordinate system to the
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Fig. 1: Geometric model of the crop rows.

point q (cf. Fig. 1). The algorithm offers high detection rates
for image sequences that show elongated row structures.
The introduced algorithm can be used to detect and track
rows as long as they are in the field of view of the sensor
system. However, at the end of the field a turning maneuver
has to be executed and the rows disappear. Therefore, an
additional solution is needed to track the rows even if they are
no longer visible. Moreover, the additional tracking solution
could be used to improve and filter the results of the inherent
tracking.
Since our vision is to find a GPS-free, pure camera-based,
adaptive, overall navigation solution for row organized fields
that is independent from a-priori information, we extend our
previous approach [8]. We propose to consider the movement
of the robot by fusing the data of the (visual) odometry and
the result of the row measurement with a Kalman filter to
get more stable results.
First tests indicated that the Kalman filter improves the
tracking results. Hence, we consider the Kalman filter to
be an efficient overall crop row tracking solution even and
especially during turn maneuvers at field ends where the
row information is completely missing. For this purpose it is
necessary to explore if the odometry and row measurement
solutions comply with additional requirements. We come
up with an approach how the two measurements can be
combined within a Kalman filter, we investigate if the visual
odometry data can be used to track the detected rows
for a short period of time, and if the particle and cluster
distribution indicate the reliability of the particle-filter-based
crop row detection and how it can be quantized to adapt the
covariance matrix of the Kalman filter.
Hence, our contributions are (i) a model to fuse tracked
rows from a particle filter with visual odometry data, (ii) an
evaluation of the particle filter with the goal to adapt the
covariance matrix of the Kalman filter depending on the par-

II. A PPROACH
The selected geometric representation of the crop rows
allows modeling the orientation θ and the offset r of the
crop rows with a single static point qw that lies inside the
global coordinate system. In an undisturbed closed system
that provides error free robot pose data, the equivalent
position of qw inside the coordinate system of the robot qb
can be directly derived from qw and tracked without any
additional measurement data (cf. Fig. 2a). However, the
available position data is in our application derived from
the visual odometry, is noise afflicted, and the position error
accumulates over time.
The probabilistic crop row detection determines the best
crop row parameter configuration for the observed scene
and has the ability to compensate natural row failures like
gaps or plant displacements. However, it can end in a wrong
crop row measurement especially if the current scene is not
representative for the rest of the field.
Therefore, we fuse the data of the pose measurement with
the particle filter based row measurement, to compensate the
errors of the one method with additional information from
the other. In other words, our goal is to determine and track
the position of qb based on both, the odometry data and the
row measurement (cf. Fig. 1).
First, we come up with a linear model and the corresponding Kalman filter equations for the position (change) of qb,k .
Second, we approach the necessary equations for the
odometry based row tracking for an undisturbed system.
Third, we analyze the particle distribution inside a particle
filter and check if the modeled probability density functions
allows determining the reliability of a measurement.
We introduce with (1) - (4) a linear model for the position
and movement of qb within the coordinate system of the
robot (subsequently the index b is omitted). With the k th
T
state xk that contains the position [qx , qy ] , the first time
T
derivative (velocity) [q̇x , q̇y ] , and the second time derivative
T
(acceleration) [q̈x , q̈y ] which is assumed to be zero, aside
white noise. wk represents the disturbance of the system.
Φ represents the dynamic matrix and the matrix G models
the influence of the disturbance on the state change. yk
contains the k th measurement and consists of the result of
T
the current row measurement [qx,m , qy,m ] and the odometry
based prediction of the position including its first derivative
T
[qx,odo , qy,odo , q̇x,odo , q̇y,odo ] . vk represents the measurement noise and the matrix H models the influence of wk
on the measurement. Ts represents the constant sampling
interval and E the identity matrix.
xk+1 = Φxk + Gwk
yk = Cxk + Hwk + vk
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ticle distribution, which is further used (iii) to automatically
switch from row tracking to odometry based navigation at
the field endings.
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Equation (5)-(7) describe the approached Kalman filter.
x̂k+1 = Φx̂k + K̂k (yk − Cx̂k )
T

(5)
−1

T

K̂k = ΦPk C (CPk C + Q + R)

,

(6)

with the best estimation x̂k+1 for xk+1 , based on k measurements, and the covariance of the estimation error Pk+1
that can be calculated with the discrete Ricatti equation. The
covariance matrices
cov(vk ) = Rδkj

cov(wk ) = Qδkj

,

(7)

with the [6 × 6] matrices R and Q, and δkj = 1 for k = j,
else δkj = 0. The covariance matrix R is used to model the
reliability of the measurement and influences the significance
of the measurement for the state estimation x̂k+1 . Hence,
the reliability of the current row measurement has to be
determined.
A. Row Tracking With Position Data
Equation (8)-(10) describe the position and velocity of qb
dependent on the position and velocity of the robot. Figure 2b
depicts the position change of qb if the robot drives along
the x axes.
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Fig. 2: (a) Parametrization vector for a crop row in the global
coordinate system qw and inside the coordinate system of
the robot qb . (b) Movement of the hypotheses depicted
with a vectorfield, if the robot moves along its x axes.
qb,h : line equation vector of a horizontal line, qb,p : line
equation vector of a parallel line, vr : velocity of the robot,
vectorfield: velocity vectors of the hypotheses in the state
space for the given vr .

(10)

rb,t represents the offset of the coordinate system of the
robot relative to the line that is static in the world coordinate
system, modeled with θw and rw . xb,t , yb,t and αb,t describe
the pose of the robot inside the world coordinate system, the
index b stands for the base of the robot, and t indicates that
the variable is time variant.
B. Reliability of the Row Measurement
We aim to derive the reliability of the row measurement
dependent on the probability of the parameter configuration
for the observed scene.
We sample the state space initially with N randomly
generated hypotheses. After each iteration, we redraw N −M
hypotheses and reseed M randomly generated hypotheses.
The reseeding avoids a degeneration of the particle filter
and keeps the estimation dynamic and adaptable. Hence,
the particle filter models the probability density function
of the parameter configurations for the current observed
scene [9]. If the segmentation results in clear row structures,
the particles will accumulate in a single region that offers a
high particle concentration. If the segmented image contains
only sparse information, the particle filter will model the
probability density function for the current measurement with
several particle clusters that represent different configuration.
III. T ESTS AND R ESULTS
We tested the row tracking and analyzed the particle
distribution of the probabilistic crop row detection with reallife data recorded with the robot FRANC1 during in-field
trials (cf. Fig. 3). We implemented the necessary algorithms
in the robot operation system and used an existing visual
odometry solution (LIBVISO2, [10]) to gather the position
data.
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The crop row detection cannot provide a reliable measurement at the end of a field because the necessary
information is missing. However, an overall tracking
solution has to provide information even at field ends.
Hence, the tracking has to rely on the pure odometry
data during turn maneuvers.
We determined the ground truth crop row parameters at the
beginning and end of the sequence and compare the results
(cf. Fig. 4). The visual odometry fails to track the offset with
•
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robot during the turn
maneuver. Blue: 1st run,
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line: ground truth at
start, red line: ground
truth at end.

Fig. 4: Odometry data and tracking results.
a sufficient accuracy (tracking error: 0.1m to 0.4m) but offers
good results for the tracking of the crop row orientation
(tracking error: 0.055rad to 0.088rad).
B. Probability Densities of Different Row Measurements
Fig. 3: FRANC during in-field trials.
A. Row Tracking With Position Data
The recorded data contain several turn maneuvers at the
end of rows. We selected exactly one of those sequences
because of two reasons.
• The turn maneuver offers the biggest variation in the
movement of the robot compared to a straight motion
parallel to the crop rows.
1 http://franc.acin.tuwien.ac.at

Figure 5 shows several results of the crop row measurement, the better the provided information of the segmentation, the more definite is the row measurement result.
IV. C ONCLUSION AND O UTLOOK
We introduced a simple linear model and approach a
Kalman filter as crop row tracking solution to enable a
precise GPS-free navigation. Our preliminary results indicate
that an odometry based crop row tracking can be used at field
endings and have the ability to improve the tracking results
of in-field row measurements. However, a better and more
precise visual odometry algorithm can further improve the

(a) Upper images: dense (left) and
sparse (right) segmentation results.
Lower images: field ending (left)
and corresponding segmentation result (right).

(c) Correct estimation for sparse segmentation results, the two biggest
cluster can be transformed into each
other, a third cluster starts to appear
on the right side.

(b) Correct and stable row parameter
estimation for dense segmentation
results and clear row structures.

(d) Transition between crop rows
and a field ending. The particle filter contains several clusters and the
probability that the biggest cluster
represents a correct measurement decreases.

Fig. 5: Particle distribution for different field regions and segmentation results.

tracking results. Furthermore, our tests lead to the conclusion
that the modeled probability density can be used to determine
the reliability of the current crop row parameter estimation,
hence enables automatic switching from row tracking to
odometry based navigation at the field endings.
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