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Abstract— The creation of precise and high-resolution crop
point clouds in agricultural fields has become a key challenge
for high-throughput phenotyping applications. This work im-
plements a novel calibration method to calibrate the laser
scanning system of an agricultural field robot consisting of
two industrial-grade laser scanners used for high-precise 3D
crop point cloud creation. The calibration method optimizes
the transformation between the scanner origins and the robot
pose by minimizing 3D point omnivariances within the point
cloud. Moreover, we present a novel factor graph-based pose
estimation method that fuses total station prism measurements
with IMU and GNSS heading information for high-precise pose
determination during calibration. The root-mean-square error
of the distances to a georeferenced ground truth point cloud
results in 0.8 cm after parameter optimization. Furthermore,
our results show the importance of a reference point cloud in the
calibration method needed to estimate the vertical translation
of the calibration. Challenges arise due to non-static parameters
while the robot moves, indicated by systematic deviations to a
ground truth terrestrial laser scan.

I. INTRODUCTION

Climate change and its impact on crop cultivation [1], [2]
require a deeper understanding of plant growth and the devel-
opment of high-throughput phenotypic methods [3]. There-
fore, the creation of high-resolution and accurate 3D crop
models in real-field environments has become increasingly
popular for deriving phenotypic traits at the scale of crop
plots, individual plants, or plant organs [4]–[6]. These models
can be acquired using multi-view imaging or lidar (light
detection and ranging) systems [7]–[9], but usually do not
provide enough precision and resolution to reconstruct single
crop organs. We therefore developed a field phenotyping
robot, that is capable of generating high-resolution, georefer-
enced 3D point clouds in agricultural fields, using two very
accurate, industrial-grade, triangulation-based laser scanners
and a GNSS (Global Navigation Satellite System)/INS (In-
ertial Navigation System) georeferencing pose estimation
unit [10]. Crucial for precise reconstructions is accurately
determining the transformation, composed of position and
orientation, between the coordinate frames of the scanner and
the pose estimation unit, which we call system calibration.
Our sensor setup and the high accuracy requirements lead to
some challenges regarding this system calibration. Existing
system calibration methods are developed for large field-
of-view and long-range laser scanners such as Ouster and
Velodyne. Since we use high-precise triangulation profile
scanners with a close measurement range of up to 1.8 m
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and a small field of view of about 70 ◦ system calibration is
challenging. The main contribution of this paper is a system
calibration method for a scanner setup as described above.
There are several approaches for calibrating laser scanner
systems, depending on the actual sensor setup. A simple
method is the use of external sensors like ruler measurements
or taking the parameters from the system’s construction
plan [11]. Since this method is often inaccurate, especially
if the sensor origins are often not accessible, we use manual
measurement to get an initial guess for the parameters only.
Precise methods use overlapping scans of the environment
to estimate the calibration parameters by minimizing point
cloud misalignments using least-squares techniques. Often
the optimization is based on the extraction and matching
of geometries such as planar surfaces, spherical targets, or
cylindrical objects [12]–[16].
The approach of [12] uses a permanently installed plane
calibration field for the calibration of a full 360-degree
profile laser scanner mobile mapping system. The planes are
scanned multiple times from several points of view. By com-
paring the scans with a terrestrial laser scanner (TLS) point
cloud, the calibration parameters are estimated in a least-
squares adjustment by minimizing the error to the reference
planes. In [14] and [15] similar methods are implemented
using planes and spheres in real environments based on scans
from multiple points of view. The methods of [13] and [16]
use building facades, bridge surfaces, ground patches, light
poles, and highway signs for calibration. Other approaches
use point cloud quality metrics such as eigenentropy or
omnivariances of the created point clouds that are minimized
to calibrate [17], [18]. In [17] and [19] entropy-based point
cloud quality metrics are used to calibrate systems equipped
with 3D and 2D laser scanners. These methods define a cost
function of the eigenentropy that is minimized by optimizing
the calibration parameters using least-squares techniques.
The method of [18] uses 3D point feature metrics such
as linearity, sphericity, and omnivariance for calibration.
By defining and evaluating the point feature cost function
depending on the unknown parameters accurate calibration
results are estimated in a least-squares adjustment. Since all
mentioned calibration techniques are developed for 2D or 3D
lidar sensors characterized by large field-of-view capabilities
they are unsuitable for calibration of our small-field-of-view
and close-range triangulation sensors.
Therefore we develop a calibration method that meets these
challenges. A point omnivariance is used as a point cloud
quality metric in the cost function of the least-squares
adjustment. Calibration parameters can be estimated for one
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or multiple scanners simultaneously. The vertical translation
of the calibration can be estimated only using additional
reference information since vertical changes do not trigger
discrepancies in overlapping scans [16]. Therefore, we in-
corporate a georeferenced point cloud into the calibration
method. The calibration success strongly depends on the
accuracy of the pose during the calibration process and is
mainly influenced by the GNSS conditions [20]. To increase
the pose accuracy and to reduce systematic errors inherent to
GNSS, we mount a 360-degree prism on our robot platform,
track it with a total station, and fuse the millimeter precise
prism positions with the IMU data and GNSS heading angle
using a factor graph-based approach. For evaluation of the
calibration method, we use a mobile test calibration field and
capture reference scans using a terrestrial laser scanner.
In summary, our contributions are:

• An omnivariance-based calibration method for a small-
field-of-view dual laser scanning system,

• Factor graph-based pose estimation method using IMU,
360-degree prism, and GNSS heading data,

• Experimental validation and evaluation of our method
using ground truth data

II. MATERIALS AND METHODS

A. Calibration Method

Our calibration method takes the point cloud created with
the laser scan data and system poses and minimizes point
omnivariance features using a least-squares adjustment to
optimize the parameters. In particular, point cloud creation
is performed with

mxi =
m
bti +

m
bRi

[
b
st+

b
sR

sxi

]
(1)

transforming the ith laser point sxi = [sxi, 0,
szi]

T from the
scanner frame s into the global frame m. The calibration
parameters are defined by the transformation between the
scanner frame and pose frame, declared by the translation
vector s

bt = [tx, ty, tz] and the rotation matrix s
bR depending

on the Euler angles α, β, γ. The poses of the system are
composed of m

bti and m
bRi. Here we assume the poses are

precisely computed. The system calibration parameters that
we aim to estimate are

X = [tx, ty, tz, α, β, γ] (2)

assuming that they do not change over time. When using
multiple scanners the vector X is extended by the parame-
ters for each scanner. Georeferencing each laser point with
equation 1 assembles the point cloud

Ps = {mx1, . . . ,
mxq} (3)

with the number of points q. We use an omnivariance
point feature metric to estimate X since it delivers both
accurate and robust calibration results in contrast to other
point metrics [18]. The omnivariance of a point σi in P is
computed with the eigenvalues λi of its 3D tensor Ni [21]
by

σi(xi, Ni) =
3
√

λ1,iλ2,iλ3,i. (4)

The 3D tensor is calculated using the neighborhood points Ni

around xi [22]. The most important aspect of the calibration
method is manifested in the determination of the neighbor-
hood points for the omnivariance oi(xi, Ni). The point cloud
P is extended by an accurate reference point cloud of the
environment Pg . Afterward, the neighborhood points based
on the point cloud P = {Ps,Pg} are determined. When
calibrating n scanners at the same time, the point cloud for
omnivariance calculation results in

P ′ = {Ps,1, . . . ,Ps,n,Pg}. (5)

The cost function sums up all squared point omnivariances
of the n scanners to be calibrated and is summarized by

C =

q1∑
i=1

σi (xi, Ni)
2
+ . . .+

qn∑
i=1

σi (xi, Ni)
2
,xi ∈ P ′ (6)

Since C describes a nonlinear function of the calibration pa-
rameters, the robot poses, and laser profiles, a linearization is
required. This is implemented by estimating the Jacobians of
6 with respect to the parameters X . Gradient-based methods
are suitable for this linearization, for example. Parameter
updates are estimated in an iterated least-squares adjustment
until the updates are significantly small. For optimization,
we follow the multi-scale approach of [18] since it yields
promising results in terms of robustness and accuracy. The
method down-samples the point cloud P ′ using a voxel grid
filter. After parameter convergence on this first, rough voxel
grid, the grid is refined and the optimization is repeated. The
calculated parameters on each scale are used as an initial
guess for the next scale. This process is iterated until the
last scale is reached, giving the optimized parameters.

B. Agricultural Field Robot

The agricultural field robot platform designed for crop
phenotyping is shown in figure 1a and has the dimensions
of about 1.8 m×2 m×2 m in length, width, and height. The
platform is equipped with four electric motors powered by a
48 V lithium battery and is controlled via a remote control to
drive in fields. The lightweight U-shaped aluminum enclo-
sure allows a safe mounting of the sensors and computers
shielded from external environmental influences like wind,
sunlight, or rain. To reduce the effects of vibrations on
the robot and its sensors while driving it is extended with
suspensions on the wheels.

1) Georeferencing Sensors: The georeferencing system
includes an INS (Inertial Navigation System) SBG ellipse
D with an internal Multi-GNSS (Global Navigation Satellite
System) receiver and two antennas for position and heading
determination attached to the roof in the back and front.
The GNSS receiver estimates the position and heading of
the robot using RTK (Real-Time Kinematic) using base
station data at a measurement rate of 5 Hz. The INS also
contains an inertial measurement unit (IMU) measuring 3D
accelerations and angular velocities at a rate of 100 Hz. For
precise pose estimation during calibration drives we mount
a 360-degree prism (Leica GRZ4) on the robot roof at an
aluminum profile in a height of about 0.5 m to the robot
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Fig. 1: a) Right laser triangulation scanner. b) For pose
estimation: front and back GNSS antenna, IMU, and 360-
degree prism. c) Left laser triangulation scanner.

roof, see figure 1b. The prism of the robot is tracked using
an automated and motorized Leica TS60 Total Station (TS)
giving prism positions with an accuracy of about 5 mm at
a rate of about 7 Hz. For the pose estimation approach in
section II-C, the TS measurements must be time-stamped
with the IMU and GNSS data. The prism positions are
synchronized using a Raspberry Pi 3 and a u-blox EVU-6T
GNSS receiver with an external antenna. The system time
of the Pi is synchronized using the PPS (Pulse Per Second)
pulse coming from the Ublox receiver. The automated prism
tracking using the motorized total station is realized with a
script implementation that uses the Leica Geocom interface.
The script runs on the Pi, reads the prism measurement from
the interface, and stores it with the PPS synchronized system
time of the Pi.

2) Laser Triangulation Scanner: The laser scanning sys-
tem of the field robot consists of two laser profile trian-
gulation sensors (LMI Gocator 2490) attached to the inner
enclosure of the robot, see figure 1. The scanners measure up
to 1920 points per profile depending on the reflectivity of the
scanned surfaces. The scanner measures 200 laser profiles per
second resulting in an along-track point density of 0.5 mm at
a driving speed of 0.1 m/s. According to the manufacturing
sensor manual, the point repeatability is valued at 12µ under
lab conditions. The laser fan field-of-view is about 70◦ at a
maximum measurement range of about 1.8 m. For precise
time synchronization the laser lines of the LMI scanners are
timestamped using the PPS signal coming from the SBGs
GNSS receiver on an industrial-grade computer.

C. Pose Estimation

As it can be seen in equation 1, the accuracy of the pose
significantly influences the accuracy of each transformed
point. Therefore, it also strongly influences the accuracy
of the calibration parameters during the calibration process.
For accurate pose estimation of the robot platform during
calibration, we use a factor graph-based approach fusing the
sensor data of the IMU, the GNSS heading, and TS prism
measurements.

1) Factor Graph Optimization: The pose estimation
framework uses a factor graph-based approach [23] imple-

mented in the gtsam library1. The graph representation of the
pose estimation framework is shown in figure 2. Circles mark
nodes representing unknown variables for the robot poses and
the IMU bias. Squares inside the graph are factors, defining
non-linear error functions depending on the pose and IMU
bias variables and the sensor measurements coming from the
total station, GNSS, and IMU. The pose variable consists of

Fig. 2: Factor graph of the pose estimation.

the translation, velocity, and attitude of the robot summarized
by the set P = {t,v,q}. The IMU bias variables are
composed of the acceleration and angular velocity bias of
all three measurement axes. The factor graph consists of four
factors that are visualized in figure 2. The IMU preintegration
factor inputs the acceleration and angular velocities measured
by the IMU and involves two pose variable nodes. The IMU
bias factor models a random walk process, connects two IMU
bias variable nodes, and describes the temporal development
of the biases. More information on the IMU preintegration
and with bias estimation gives [24]–[26]. The total station
and the GNSS heading factor are so-called unary factors
since they depend on a single pose variable only. The input
measurements are the measured prism position and GNSS
heading respectively.
The factor graph implementation introduces a pose variable
with every IMU measurement resulting in a rate of 100
poses per second. The TS prim positions are included with
a standard deviation of 5 mm at a rate of about 7 Hz. The
GNSS heading angle is included with a standard deviation
of about 0.7 ◦, coming from the receiver at a measurement
rate of 5 Hz. The IMU bias variables are estimated at the
rate of the TS prism measurements. For optimization of
the variables, we use the iSAM2 algorithm [27], [28] in
post-processing to optimize the factor graph delivering both
precise and smooth poses of the robot platform. These poses
are used in equation 1 of the calibration method.
Please note that this technique could also be used for pose
estimation during normal measurements in agricultural fields,
but it is an offline algorithm, that requires additional total
station measurements that are elaborate in setup. Therefore
it is only applied for calibration datasets.

D. Calibration Setup and Experiments

1) Calibration Field: A system calibration requires ob-
servations of certain structures in the environment, which
allow an estimation of the calibration parameters [16]. For
the robot, we design a calibration field consisting of five

1https://gtsam.org/
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planes of different orientations as shown in figure 3. It has
a size of about 7.5 m times 6 m. The attitude of the planes
varies between 0 and 55 ◦. To fit under the robot, the spatial
dimensions of the planes are about 1 m×1 m×0.5 m. We
choose plane objects since shifts and tilts coming from an
inaccurate calibration can easily be discovered in the later
evaluation of our method.

2) TLS Point Cloud: To create a georeferenced point
cloud for the calibration method a Leica P50 TLS is used to
scan the plane setup of figure 3 from four viewpoints. The
single scans are registered using seven TLS targets around
the calibration field. Finally, the point cloud is georeferenced
with four targets whose coordinates are known with mil-
limeter accuracy based on a network adjustment using Leica
TS60 total station measurements. The resulting point cloud
is sub-sampled to spatial point-to-point distances of 1 mm to
accelerate the omnivariance estimation.

Fig. 3: Calibration test field used to evaluate our calibration
approach. The prism is tracked with the Total Station (TS) for
precise pose estimation. The Terrestrial Laser Scanner (TLS)
is used to create a georeferenced point cloud for calibration
and evaluation.

3) Datasets & Calibration: For data capturing the robot
is remotely steered through the calibration field. At the
beginning of the drive, the TS measurement script on the
Raspberry Pi is started, storing the synchronized prism
positions. Simultaneously, the GNSS heading and IMU data
are recorded on the robot computer. In post-processing, all
captured data are fused using the factor graph-based ap-
proach described in section II-C. When scanning the planes
in figure 3 the driving speed of the robot is reduced to
10 cm/s to increase the spatial resolution along the driving
direction. Reasonable parameter estimates need objects to be
scanned from multiple points of view. For that reason, the
robot trajectories are planned in a way to scan each plane
twice from different viewpoints.
To analyze the consistency of the calibration estimates in
later evaluation, three datasets are recorded, including dif-
ferent trajectories in the calibration field. For each dataset,
we capture the accelerations and angular velocity of the
IMU, the GNSS heading angle, the TS prism positions,
and the laser profiles of the triangulation scanners. Figure 4
shows the calibration pipeline. It inputs the estimated robot
poses, coming from the factor graph optimization, the laser

profiles of both scanners, the initial calibration parameters,
the reference point cloud, and the initial voxel grid size
used on the first scale. The inputs are highlighted in green.
Including the reference point cloud is optional since we
evaluate its importance in the later evaluation. Since no
online calibration is needed in our applications, the pipeline
calibration runs offline after taking the measurements.
The optimization is performed on six scales with the voxel
grid sizes of 5, 4, 3, 2, 1, and 0.5 cm. The finest scale is
0.5 cm since no significant parameter changes were detected
on finer scales. The initial translation of the calibration is
determined with ruler measurements. Approximations for the
rotation to the robot pose frame are taken from a construction
plan. On each scale, the parameters are optimized until
the updates on the parameters are significantly small. The
number of iterations needed until convergence on each scale
varies between 50 and 450 approximately.

III. RESULTS AND DISCUSSION

Figure 5 shows the estimated robot poses for the first
dataset. The calibration field is highlighted in green, the
planes are shown in brown. The first and last robot poses
are marked in green and red, and the remaining poses are
black circles connected by lines. The number of poses is
reduced by a factor of 50 to improve the visualization.
We do not have the chance to evaluate the pose estimation
separately as there is no independent pose information avail-
able that has a higher accuracy. Therefore, only the quality of
the result of the calibration procedure is evaluated, containing
also the pose accuracy.

We evaluate the calibration result by comparing the re-
sulting point cloud after parameter optimization with the
reference point cloud coming from the georeferenced ter-
restrial laser scan. This is done by using the multi-scale
model-to-model cloud comparison (M3C2) [29]. It compares
two point clouds by first determining point correspondences
using surface normals and computes signed point distances
afterward. Although it might be questionable, if a single
number can describe the difference between two clouds in
an appropriate way, we calculate the root mean square error
of all M3C2 distances between the two clouds. We consider
this value as the metric for the quality of the reconstructed
point cloud and therefore of the calibration procedure as a
whole. Below we analyze the influence of integrating the
reference scan into the calibration, the consistency between
the two scanners, and the transferability between the datasets
captured.

A. Influence of the reference scan in the calibration

This section aims to investigate the influence of the refer-
ence scans on the parameter estimates. First, we estimate the
calibration parameters with and without the reference scan
with the calibration pipeline shown in figure 4. Afterward,
the point clouds created with the initial guess parameters (a),
estimated without reference (b), and with reference (c) are
compared to the reference scan using the M3C2 metric.
Figure 6a-6c shows the point clouds using the initial and
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Fig. 4: Pipeline of our calibration method. 1) Point cloud creation with 2D laser profiles, initial calibration parameters, and
robot poses. 2) Omnivariance computation with point cloud from 1 and reference point cloud (optional). 3) Evaluation of
the cost function. 4) Iterative least-squares optimization. 5) Estimation on multiple scales.

Fig. 5: Poses of the robot estimated by our graph-based pose
optimization approach using TS, IMU, and GNSS heading
data as introduced in II-C. The brown rectangles represent
the planes as shown in figure 3.

the estimated parameters. The colors refer to the M3C2
distances. The figure shows three comparisons: with initial
parameters (fig. 6a), without reference scan (fig. 6b), and
with reference scan (fig. 6c). The calibration parameters are
summarized in table I. To make a comprehensible compar-
ison between these three calibrations we compute the root-
mean-squared-error of the M3C2 distances. The point cloud
based on the initial calibration parameters and the histogram
below show significant systematic deviations between -5 cm
and 9 cm at an estimated M3C2 RMSE of 7.1 cm, fig. 6a.
These large deviations come from inaccurately determined
initial calibration parameters. The deviations can be ex-
plained by the multi-view scans, whereby the inaccurate
calibration acts in different directions.
Figure 6b shows the M3C2 distances using the parameters
optimized without reference scan. The histogram spans from
-2 cm to +6 cm at a RMSE of 5.1 cm. Compared to figure 6a

TABLE I: Initial and estimated calibration parameters with
and without reference scan for the left and right scanner

(a) Left scanner

tx [m] ty [m] tz [m] α [◦] β [◦] γ [◦]
Initial 1.200 -0.500 0.500 -145.000 0.000 90.000

without TLS 1.251 -0.523 0.519 -144.546 -0.211 89.243
with TLS 1.254 -0.545 0.587 -143.769 -0.369 89.833

(b) Right scanner

tx [m] ty [m] tz [m] α [◦] β [◦] γ [◦]
Initial 1.200 0.650 0.500 145.000 0.000 90.000

without TLS 1.217 0.659 0.526 144.491 1.312 89.456
with TLS 1.259 0.656 0.585 144.396 -0.346 91.705

the systematic errors are reduced but they do not disappear.
Especially the z translation of the calibration pronounces
an offset of about 5 cm, as also seen in table I. This can
be explained by the fact, that with realistic trajectories of
the robot (e.g. without flipping it upside down), a change
of z-translation for both scanners does not influence the
omnivariance values of the point cloud. The inclusion of a
reference scan solves this problem. The calibration results
with reference scan of figure 6c show distances within an
interval of ±1 cm, at a RMSE of 0.8 cm. The remaining
systematic deviations as they appear in figure 6c very likely
result from the internal deformations of the robot, breaking
the assumption of constant calibration parameters.

B. Consistency of the calibration parameter

To evaluate the parameter consistency, we created point
clouds from datasets 2 and 3, using the parameters estimated
with dataset 1. The distances to the reference scan for
both datasets are distributed within an interval of ±1 cm
at a RMSE of 0.51 cm and 0.47 cm for datasets 2 and 3
respectively, see figure 7. This magnitude of deviations shows
the consistency of the calibration parameters of the first
dataset. Again, remaining systematic deviations may result
from robot deformations during the calibration procedure.
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(a) Initial calibration (b) Calibration without reference scan (c) Calibration with reference scan

Fig. 6: Point cloud M3C2 distances d between laser scanning system and reference TLS scans. The colors correspond to
the M3C2 distances from negative (blue) to positive (red). The root-mean-squared errors of the M3C2 distances are shown
in the upper left corner of the histogram plots.

Fig. 7: M3C2 distances of reference and reconstructed point
clouds from dataset 2 and 3, using the estimated calibration
parameters of dataset 1 (with reference scan).

C. Consistency between both scanners

For the task of precise crop reconstruction, the consistency
between the left and the right scanner has a higher priority
than the global accuracy of the points. We therefore analyse
this consistency by calculating the distances between the
clouds from both scanners. Table II summarizes the M3C2

Dataset 1 Dataset 2 Dataset 3
Initial 2.38 2.47 2.20

without TLS 1.82 1.93 1.66
with TLS 1.51 1.82 1.53

TABLE II: Root-mean-squared-errors of the M3C2 distances
in centimeters between the point clouds of the left and right
scanner.

RMSE between the two scanner point clouds, created by
applying the calibration parameters of table I. The RMSE
values with the initial parameters are in the range of 2.2 and
-2.38 cm, after calibration without reference scan the error
decreases to 1.66 and 1.82 cm. The smallest error of 1.51 and
1.82 cm is achieved with the included reference scan. These
results show that a higher consistency of the point clouds
of both scanners is achieved by optimizing the calibration
parameters as proposed in this paper. The results with

and without reference scans show only small differences,
indicating that the reference scan is more important for the
absolute accuracy of the point cloud than for the internal
consistency.

IV. CONCLUSIONS

In this work, we presented a calibration procedure for an
agricultural field robot with multiple high-accuracy low-field-
of-view, and low-range single-profile laser scanners. The goal
of the calibration is to enable the creation of consistent
point clouds of field crops, that have a very high resolution
and accuracy. The method uses the scans from the different
scanners while driving through a set of dedicated objects,
as well as a static, terrestrial laser scan of the scene. It
also needs accurate poses of the robot during the calibration,
which we achieve by integrating total station measurements
with IMU data in a factor graph-based estimation proce-
dure. Our results show that the accuracy of the resulting
point cloud is within ±1 cm when compared with the static
terrestrial laser scan as a reference. We also showed that
the calibration parameters are transferable between datasets,
leading to similar deviations from a ground truth point cloud
of higher accuracy.

Nevertheless, we also observed remaining systematic de-
viations in our results, due to a non-static system calibration,
caused by deformations of the robot enclosure. This requires
a challenging kinematic system calibration along the robot
trajectory which will be the focus of our future research.
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