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ABSTRACT

To achieve large-scale deployment of autonomous agricultural machines, a reliable and accurate perception
system must be developed. Often, autonomous machines use and require data from several sensors to work
optimally and safely. Therefore, accurate extrinsic parameter calibration between various sensors is one of the
first prerequisites.

This paper equips an actual robot tractor with two LiDAR sensors, a stereo camera, and a GNSS/IMU unit and it
investigates different extrinsic calibration methods between them in the agricultural environment. The extrinsic
calibration method between the LiDAR sensors utilizes extracted planar structures from point clouds. In the case
of the LiDAR and the GNSS/IMU unit, two calibration methods are developed. The first method utilizes LIiDAR
point cloud features, whereas the second method uses sensor motion estimates. In turn, the LiDARs and the
camera are extrinsically calibrated using a traditional checkerboard method. The results with the actual robot
tractor show that the methods achieve correct and consistent calibration results in the agricultural environment.
The optimization functionality of the LiDAR-to-LiDAR calibration method was validated using simulation. In
addition, the actual results are validated by cross-validation by calculating extrinsic parameters between LiDAR
sensors using the other methods mentioned above. The average standard deviation of the results is 0.3189° for
rotation and 0.0491 m for translation parameters. In addition, a visual examination of the results strengthens this

conclusion.

1. Introduction

Agriculture has a major effect on the world economy. Its share being
4% of the global gross domestic product [1]. Historically, the agricul-
tural field has demanded and relied on manual work and conventional
production methods. However, in recent decades, precision farming has
begun to replace traditional practices to some extent. In precision farm-
ing, the aim is to improve the production output of agriculture, but so
that the environmental effect decreases [2]. In addition, robotics has
also attracted increasing interest in recent years. An example of this is
the concept of a robot tractor.

Agricultural environments are typically complex and unstructured
[31[4]. Because of these factors, among the first requirements for the
widespread adoption of autonomous agricultural machinery is the con-
struction of a robust perception system. When the perception system is
being developed, it is usually reasonable to fuse measurements from dif-

ferent sensors to obtain a more complete picture of the environment. In
order to fuse data from different sensors effectively, they have to be cal-
ibrated extrinsically. In the extrinsic parameter calibration, the rotation
and translation parameters between the sensor frames have to be found.

Previous studies have proposed several different approaches to the
problem of extrinsic parameter calibration depending on, for example,
the required level of automation, sensor types, or the structure of the
environment. For example, methods that require artificial calibration
targets such as checkerboards are often utilized. A planar board with
reflective tape was used to calibrate extrinsic parameters between Li-
DARs in [5]. The board was first detected from the point clouds, and
subsequently the authors formulated an optimization problem to solve
rotation. Furthermore, the translation was solved utilizing intersection
points of the planes. Zhou et al. [6] showed an approach in which extrin-
sic parameters were calculated between the LiDAR and the camera using
the checkerboard. The study utilized both the plane and the 3D line
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correspondences. The authors stated that it is achievable to determine
correct extrinsic parameters using only one checkerboard configuration.
In [7], an extrinsic calibration method for camera and LiDAR setups was
shown. The method used a custom calibration target that contained cir-
cular holes and ArUco markers.

Another class of methods utilizes environmental structures, such as
plane structures from the environment, when calibrating extrinsic pa-
rameters. In [8] planar objects from the environment were used to
calibrate the LiDAR sensors. The proposed method utilized a region-
growing-based segmentation and MLESAC to get planar structures from
point clouds. The method was separated into two parts. At first, the
initial estimation for the parameters was calculated using the Kabsch
algorithm. After that, the estimates were improved by minimizing a non-
linear cost function. Jiao et al. [9] showed a alike method for the LiDAR-
to-LiDAR calibration problem. In the proposed method, the planes were
extracted using Random Sample Consensus (RANSAC), and the initial
estimate was determined using the Kabsch algorithm and the plane in-
tersections. Furthermore, the estimate was improved using nonlinear
optimization. Also in [10], the plane structures were utilized. The pro-
posed approach used a polar view transform to find features needed to
find corresponding planes from point clouds.

An alternative group of methods uses sensor motion estimates in ex-
trinsic parameter calibration. The motion-based calibration approaches
currently common in autonomous vehicle applications are usually
founded on the same fundamentals as the hand-eye calibration methods
that have been researched since the 1980s [11]. A common application
is to apply motion-based calibration between two LiDARs. In [12] iter-
ative closest point (ICP) method was used to generate motion estimates
of the LiDAR sensors. After that, the study developed a nonlinear mani-
fold optimization method based on sensor motion. The initial estimates
for the extrinsic parameters between LiDAR sensors were determined
using the motion-based approach in [13]. The developed method in-
cluded two steps: first pitch and roll angles were calculated, followed
by the yaw rotation and the x and y translations. The motion-based part
of the method did not consider the z-axis translation. In [14] the cali-
bration of extrinsics between the camera and the LiDAR was conducted
using the motion-based approach. The developed method separated the
estimation into initialization and iteration.

The motion-based calibration approach is also studied between the
LiDAR and the GNSS/IMU unit. The method presented in [15] was used
in the study by Geiger et al. [16]. In [17] a two-step calibration pro-
cess between a LiDAR and GPS/IMU was shown. In the first step, the
proposed method calculates rotation and translation separately. It also
utilizes loop closure techniques. In the second step, it calculates a new
lidar odometry using scan-to-map matching. The method was not ca-
pable to estimate the z-axis accurately. The method presented in [18]
utilized different kinds of trajectories to determine rotation and transla-
tion parameters. Trajectories with larger profile were used in the case of
rotation parameters. In turn, trajectories with a small profile were used
in the case of translation.

The previous literature also contains studies where the GNSS/IMU
and LiDAR are calibrated using a point-cloud-based approach. In [19]
a GNSS/INS and a LiDAR were extrinsically calibrated in a two-step
manner. First, the paper used plane features. After that, refinement was
performed using octree-based optimization. The calibration of the trans-
lation parameter of the z axis was based on fiducial points. In [20]
point cloud-based extrinsic calibration was studied between a solid-
state LiDAR and a GNSS/INS unit. The paper also included motion-based
constraints to the optimization. In [21] the same set of sensors was cal-
ibrated extrinsically. The paper utilized the perturbation model of Lie
algebras.

The main objective of this paper is to study extrinsic parameter cal-
ibration methods in the case of a robot tractor in an agricultural envi-
ronment. The aim is not only to obtain accurate extrinsic parameters
between the sensors but also to study the methods in terms of how
well they are suited for automatic calibration. More precisely, the pa-
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per investigates extrinsic calibration methods between different sensors
and configurations. The robot tractor is equipped with two Velodyne
VLP-16 LiDARs, a Stereolabs ZED2 stereo camera, and a GNSS/IMU
unit. The first developed calibration method uses detected planar struc-
tures from the environment. This method is used to calibrate extrin-
sic parameters between two LiDAR sensors. In turn, both point-cloud-
based and motion-based calibration methods are studied between the
GNSS/IMU unit and LiDAR calibration. Finally, the extrinsic parameters
are obtained between the camera and the LiDARs using the traditional
checkerboard method. Furthermore, the results are cross-validated by
estimating the LiDAR-to-LiDAR extrinsics parameters using different
methods. To the authors’ knowledge, there have been a limited num-
ber of studies of extrinsic calibration methods in this particular context.

2. Materials and methods
2.1. Research platform, sensor mounting and data acquisition

This study uses commercial tractor from Valtra to conduct needed
experiments. Fig. 1 (a) shows the tractor. Furthermore, Fig. 1 (b) shows
the sensor frames. Modifications to the tractor have been made that
enable it to be used as a robot. Before this study, the tractor already
included an RTK-GNSS/IMU unit, a Valtra guide auto-steering module,
and ISOBUS features. A comprehensive overview of this particular trac-
tor can be found in [22]. In this study, two VLP-16 LiDAR sensors and
the ZED2 stereo camera are mounted on the tractor.

The VLP-16 LiDAR sensor only has a 30-degree vertical field of view
and 16 scan lines. Therefore, the LiDAR sensors were mounted on both
sides of the tractor’s roof and were mounted tilted forward and to the
side. If the sensors were placed horizontally, the first points would be
distant. The ZED2 stereo camera was mounted on the roof of the tractor
between the LiDARs. LiDAR data were collected using Velodyne’s ROS2
driver and ZED2 data were collected using the ZED ROS2 wrapper. Both
sensors were sampled at 10 Hz. In addition, data from the GNSS/IMU
unit were acquired at 10 Hz.

2.2. LiDAR-to-LiDAR extrinsic calibration using environmental structures

The LiDAR-to-LiDAR extrinsic calibration method is founded on
planes extracted from the environment. At first, region-growing seg-
mentation is used to find planar surfaces from the LiDAR point clouds. In
contrast, the actual plane parameters are obtained using the M-estimator
SAmple Consensus (MSAC) algorithm. Note that all the planes do not
have to be extracted from one position, but multiple different positions
can be utilized. In the next phase, the corresponding planes are found.
In the third step, the optimization problem is formulated as a plane-to-
plane registration problem. Fig. 2 shows a flow chart of the method. The
next sections elaborate on the method.

2.2.1. Plane extraction and matching

Planar structures in point clouds are found using region growing
segmentation. Furthermore, the actual parameters of the planes are ob-
tained by utilizing MSAC-based estimation. In more exact terms, the
needed plane parameters are a normal vector and a distance from the
origin.

The idea behind the plane extraction was presented in [8]. The un-
derlying concept of region-growing segmentation is to use the smooth-
ness constraint to locate planar objects from point clouds [23]. For a
chosen set of points in the point cloud, smoothness can be detected us-
ing normal vectors [23]. Point cloud data points can be considered to
be members of the same planar surface if the angle between the nor-
mal vectors is small [24]. The region is increased by iterations until the
conditions no longer hold. In the region growing a smoothness thresh-
old of 2 degrees is used. After segmentation, the obtained clusters can
still contain outliers. Because of this, filtering based on a principal com-
ponent analysis is utilized. Filtering is done as follows: if 4, 4,, and
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Fig. 1. (a) Valta N135D tractor that is used as the research platform in this study. (b) shows the sensor frames. The red arrow is the x-axis, the green arrow is the

y-axis and the blue arrow is the z-axis.

Pointclouds from
multiple locations

Raw
pointclouds
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registration problem
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Fig. 2. Flowchart of LiDAR-to-LiDAR extrinsic calibration method. First, raw
point clouds are fed into region-growing-based plane extraction and plane fit-
ting. After that, planes are matched. Also, an initial guess is provided to make
the plane-matching process more accurate. Finally, the plane-to-plane registra-
tion problem is solved.

A3 are the eigenvalues of a planar surface covariance matrix. Then it
should hold that A; > A5 and 4, > A5 if the surface is planar shaped.
In addition, A3 should be smaller than some threshold 7. The planar
object should also have more than N, data points. Once this is done,
MSAC-based plane fitting is used to obtain plane parameters. In this pa-

per the following parameter values are used ;;,, = 0.07, N, =200 and
MSAC with iterations of 1000 and max distance of 0.01 m.

Once the planar structures as well as the plane parameters have been
obtained, the corresponding planes need to be determined between two
point clouds. This is typically known to be a problem of data association.
In this work a method utilizes an initial transformation matrix obtained
using a method introduced in section 2.3.2, the plane parameters, and
linear assignment method called matchpairs provided by MATLAB. The
normals of the planes and the closest points are utilized to form the
required cost for the matchpairs method. The plane normals are used to
calculate the difference between the normals, whereas closest points are
utilized to add cost based on distance. In turn, the initial transformation
is used to make the matching process more accurate.

2.2.2. Finding optimal extrinsic parameters using plane-to-plane
registration

After region growing segmentation, plane parameter estimation and
plane matching, the extrinsic parameters can be estimated. In order
to determine these, a plane-to-plane registration problem is solved.
A closed-form solution can be used to solve this, as reported in [25] and
[26]. In addition, the rotation and translation parameters can be solved
separately. As mentioned, the normal vector and the distance from the
origin can be used to describe the planar object. For this reason, the cor-
responding normal vectors are presented to be nl.Left and n?ight and the
corresponding distances d}Eft and d?ight. Therefore, the rotation param-
eters are obtained by minimizing the following cost:

N
ft  Right ft) (2
X RGP, M
i=1

where Rlﬁeight is the rotation matrix between the right LiDAR frame and
the left LiDAR frame. Using Singular Value Decomposition (SVD) the
rotation can be determined. At first, correlation matrix H is built:

N
H= ) nleftTnsh, @)
i=1

Then, the rotation matrix estimate can be calculated with
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1
R=V| 1 u', 3
det(VUT)
where V and U are given by SVD (H= USVT). The translation vector t
can be determined by minimizing the following:

N
Z(n?eftti _ (dinght _ dg.‘eft))zh O))
i=1

The resulting equation from equation (4) has the following form:

Right
n]feft d] ght d{“eft
ot= : s ®)
Left Right Left
n —
N dy dy

because plane matches can contain wrong associations, the RANSAC-
based method is used to filter outliers. The first metric that is used is a
point-to-plane distance. This can be calculated with the following equa-
tion

1 _ Left Left
dt ="t (T

RightpRight _ pLeft)l |2. 6)

In equation (6) T;‘i*ght is a 4x4 transformation matrix that has the rota-

tion and translation parameters and where pRight and p'eft are points on
the right and left frame planes, respectively. Another metric that is uti-
lized is the angle between the left plane normal and the rotated right
plane normal. This can be calculated with the following:

leftT , (pleft _Right
n (Riign? 2™

”nleftl I |nRight| | '

0, 0rmats = arccos( ()]
In addition, the transformation has to be valid, meaning that the deter-
minant has to be 1, and the number of inliers has to be higher than the
predefined threshold.

2.3. Extrinsic calibration between the LiDAR and the GNSS/IMU

This section provides two approaches to estimate extrinsic parame-
ters between the LiDAR and the GNSS/IMU. The first method is based on
LiDAR point clouds. The second one is based on LiDAR and GNSS/IMU
motion.

2.3.1. Extrinsic calibration using point clouds

The point cloud-based extrinsic calibration method is based on
GNSS/IMU position and orientation data and the separation of cylindri-
cal objects from the point cloud at different times. The method can also
be extended to include other features already found in the environment.
The calibration problem can be solved with the following equation.

N N

GNSS/IMU _ ;
LiDAR = _argmin

XONSS/IMU cg(3) i j=

Global GNSS/IMU LiDAR
1T Glosel X T
LiDAR 1

GNSS/IMU“"LiDAR

Global GNSS/IMU LiDAR | |2
T(tj )GNSS/IMUXLiDAR p(tj ) -
®

where XENS$/IMU js the pose of the LiDAR frame measured from the

LiDAR
GNSS/IMU frame. In turn, T(t,-)Global is the pose of the GNSS/IMU
JLDAR

GNSS/IMU
frame measured from the global frame at time ¢. Moreover p(
is the cylinder point extracted in the LiDAR frame at time ¢. Equation
(8) implies that two corresponding cylinder points from different time
instances are rotated and translated to a global frame and that the ex-
tracted points should have the same location in the global frame.

The cylinder is extracted from the point cloud by clustering the input
point cloud by finding the nearest neighbors within a certain range.
After that, the cylinder model is fitted to the clustered data. Because the
LiDAR point cloud may not contain all the points on the cylinder, the
center point cannot be used. Instead, the point between the cylinder and
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GNSS/IMU

GNSS/IMU

GNSS/IMU
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XIpAR

LiDAR
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Fig. 3. The main concept of the motion-based calibration.

the ground is used. This point is obtained by projecting the calculated
center point onto the extracted ground plane.

2.3.2. LiDAR to GNSS/IMU unit extrinsic calibration using sensor motion

Extrinsic calibration between the LiDAR and the GNSS/IMU unit can
also be performed using a motion-based approach. This problem can be
formulated as follows.

GNSS/IMU __ wGNSS/IMU
AXLiDAR - XLiDAR B. )

In equation (9), A and B are poses of the sensors A and B between
two timestamps ¢; and ¢, |, respectively. As mentioned in [27], the pose
estimates do not have to be consecutive. Instead, the reference pose can
be the latest nth pose. Framing the problem in this style can reduce noise
but choosing too large n can cause drift in the pose estimates [27]. In
Fig. 3 main idea of the motion-based calibration is shown.

2.3.3. Sensor motion estimation and time offset estimation

As the equation (9) shows, the pose estimates of the sensor are re-
quired in the calibration. Therefore, it is necessary to be able to estimate
the sensor’s motion. In this paper, the Direct LIDAR Odometry method
(DLO) [28] is used to obtain motion estimates for LiDARs. The motion
estimate for the GNSS/IMU unit is determined by merging position val-
ues from the RTK-GNSS data and IMU angles. Furthermore, the latitude
and longitude coordinates given by the GNSS unit are converted into
local coordinates, and the GNSS/IMU poses are formed with respect to
the first pose.

Cross-correlation is used to determine the possible time offset be-
tween the sensors. Cross-correlation can be utilized to determine the
similarity of two signals. In this case, it can be used to calculate the
time-offset of the motion estimates. The following equation is used to
calculate the cross correlation:

(o)
M= ) xyi=D,1=0,%1,42,... (10)
i=—0o0
where x and y are two signals and the index / is the time shift param-
eter. In this paper angular velocities are used as signals since they are
independent of the reference frame.

2.3.4. Motion based calibration

The central idea of the optimization method was given in [12]. The
optimization problem can be derived from Equation (9) which results in
the following:

N

GNSS/IMU __ . GNSS/IMUp—1 _ wGNSS/IMU |2
XGNSSMU = arg min Z ||A,XCNSSIMUB -1 _ GRS/ IMUY |12, a1
XeSEQB) o)

where ngisému is the pose (extrinsic parameters) of the LiDAR mea-

sured from the GNSS/IMU frame and where B; and A; are relative
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GNSS/IMU
Point cloud- Point cloud-
based/Motion- o based/Motion-
;
based

calibration

VLP-16

Checkerboard-
based calibration

Plane-based calibration

ZED2

based
calibration

VLP-16

Checkerboard-
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Fig. 4. Cross validation method used in this study. Besides directly obtaining LiDAR-to-LiDAR transformation using the developed plane-based calibration method,
the transformation can also be obtained using the results obtained between the GNSS/IMU and the LiDARs and the camera and the LiDARs.

motion estimates between two timestamps. In practice, the cost is cal-
culated as follow

M, = AX B = X a2
N
J =) TrMM)). as)

i=1

In equation (13) J is the total cost and Tr is the trace operator. Optimiza-
tion is carried out subject to Xf’giséIMU € SE(3) where SE(3) denotes the
special euclidean group. Manopt toolbox for MATLAB is used to solve

the optimization problem [29].
2.4. LiDAR-to-camera extrinsic calibration

The calibration of the camera-to-LiDAR transformation is based on
the closed-source implementation of the MATLAB LiDAR toolbox [30].
When calibrating perception sensors with known calibration target, the
LiDAR and the camera need to share the field of view. Furthermore,
the implementation provided by the MATLAB locates the checkerboard
corners from both the image data and point cloud data. Based on the
corner points, the method calculates the transformation between the
sensor frames. The camera intrinsics are known during the calibration.

2.5. Cross validation

To verify the correct functioning of the methods, cross-validation is
used. The LiDAR-to-LiDAR transformation can be estimated using all
the methods presented in the previous sections. First of all, the LiDAR-
to-LiDAR extrinsics can be determined using the presented plane-based
approach. The LiDAR-to-LiDAR transformation can also be obtained us-
ing the calibration results between the GNSS/IMU unit and the LiDARs,
as well as by utilizing the results between the camera and the LiDARs.
For example, if we know the extrinsic between the GNSS/IMU unit and
LIDAR 1 (ngsAsé{MU) as well as the extrinsics between the GNSS/IMU

unit and the LiDAR 2 (XEI]\;SASQMU). The pose of the LiDAR 2 frame mea-

sured from the LiDAR 1 frame can be calculated with
LIDARIL _ xGNSS/IMU\—1+GNSS/IMU
Xiiparz = Xiipart ) Xpiparz - a4+

The same logic can also be applied to the LiDAR and the camera. Fig. 4
summarizes the cross-validation method used in this paper.

Table 1

Results obtained from simulation environment. The ground truth and the esti-
mated extrinsic parameter as well as the absolute error between the correspond-
ing parameters are shown.

Parameter Ground truth Estimated value Absolute error
t, (m) -0.3643 -0.3768 0.0126
t, (m) -1.3074 -1.3124 0.0049
t, (m) -0.3974 -0.4001 0.0027
v (°) -42.2337 -42.3000 0.0663
6 (°) -4.7546 -4.7984 0.0438
@ (°) 19.1840 19.2427 0.0587
3. Results

In this section, the extrinsic calibration results are presented. The
section presents the results obtained between the LiDAR sensors when
the plane-based calibration method is used. This calibration method
is tested in the simulation environment as well as in the real calibra-
tion case. After that, the proposed motion-based calibration method is
also being tested between LiDARs. Subsequently, the section shows the
results between GNSS/IMU and LiDAR calibration when both the point-
cloud-based method and the motion-based method are used. Finally, the
results between the camera and the LiDAR are shown.

3.1. Results from LiDAR-to-LiDAR extrinsic calibration

3.1.1. Simulation results from plane-based calibration between LiDAR and
LiDAR

ROS Gazebo environment enables simulation of VLP-16 LiDARs [31].
Therefore, the plane-based calibration method was examined in simu-
lation. The created simulation environment contained two walls and a
flat ground. This enabled the optimization functionality of the method
to be tested. However, plane matching can not be tested as described in
section 2.2 since the initial transformation is not available in simulation
from the motion-based calibration method. The simulation environment
also enables comparison between ground truth parameters and esti-
mated parameters.

Both the ground truth and the estimated parameters from the simu-
lation test are shown in Table 1. In addition, an absolute error between
values is shown in the table. In the table, the translation parameters
(t,, 1y t,) are expressed in meters and the rotation parameters (v, 6, ¢)
are expressed in degrees using Euler angles. The same format is used
throughout the study.
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(a) Ground truth result
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(b) Calibration result

Fig. 5. Simulation results. (a) shows calibrated point clouds using the ground truth values. (b) shows calibrated point clouds using the estimated values.

Fig. 6. Uncalibrated point clouds.

Table 2

Extrinsic parameter results between the left LiDAR
and the right LiDAR when the plane-based calibration
method presented in the section 2.2 is used.

Parameter Value
1, (m) -0.35
1, (m) -1.30
t, (m) -0.14
v () -26.74
0 (°) 5.05
Q) 11.02

The simulation results can be seen from Fig. 5. Fig. 5 (a) shows
the calibration result when the ground truth parameters are utilized,
whereas Fig. 5 (b) shows the calibrated point clouds when the estimated
values are used.

3.1.2. Results from plane-based calibration between LiDAR and LiDAR

In this section, the plane-based calibration results are presented
when it is used in the real calibration case. Because ground truth values
are not available, Table 2 shows the estimated values for the extrinsic
parameters obtained when using the plane-based method. In addition,
a visual presentation of the results is shown. In Fig. 6 uncalibrated point
clouds are shown. Following this, the calibrated point clouds can be seen
in Fig. 7 when the estimated values are used.

Table 3

Extrinsic parameters obtained between the left LIDAR
and the right LiDAR when the motion-based method
presented in the section 2.3.2 is used.

Parameter Value
1, (m) -0.24
1, (m) -1.24
t, (m) -0.21
v (°) -28.71
() 4.75
@ () 6.03

3.1.3. Results from motion-based calibration between LiDAR and LiDAR

The LiDARs were also calibrated using motion-based approach intro-
duced in Section 2.3.2. This enables further testing of the motion-based
calibration method and provides confirmation of the results obtained in
the previous section. It also shows that motion-based calibration can be
utilized with different sensor types. Table 3 shows the estimated numer-
ical values for the translation and rotation parameters that are obtained
when the motion of LiDAR is estimated using merged point clouds from
both LiDARs. The results can be seen in Fig. 8. In Fig. 8 the same scene
as in Fig. 7 is shown.

3.2. Results from extrinsic calibration between the GNSS/IMU unit and
LiDAR

This section shows the extrinsic calibration results between the
GNSS/IMU unit and the LiDAR sensors. The section shows the results
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Fig. 7. Calibrated point clouds when the parameters shown in the Table 2 are used.

Fig. 8. Calibrated point clouds when the parameters shown in the Table 3 are used. The scene is the same as in Fig. 7.

Table 4
Obtained time-offsets.

IMU/GNSS IMU/Right LiDAR

IMU/Left LiDAR Left LiDAR/Right LiDAR

1(s) 0.0 0.1

0.0 0.0

for the point cloud-based and motion-based methods. Fig. 9 shows two
examples of GNSS trajectories used in the point cloud-based calibration.
Whereas Fig. 10 shows the angular velocities of the IMU and the LiDARs.
These are used to calculate time-offsets that are shown in Table 4. Based
on the results presented in Table 4, time offsets of 0 seconds are used
because the LiDARs are similar and the difference in the right LiDAR is
likely due to a noisy signal.

Table 5 shows the results when the point cloud-based and motion-
based methods are used. In the point cloud-based method, a total of 5
different trajectories are used with different movements, and the trans-
lation of the z-axis is improved by using three of them where the tractor
movement was slow.

A possible approach to verify the estimated parameters between the
GNSS/IMU and the LiDARs is to determine the extrinsic parameters
between the LiDAR sensors by utilizing results from Table 5. Hence,
estimating the extrinsic parameters between the LiDAR sensors, the re-

sult should be approximately the same as shown in Section 3.1.2. Using
this approach, the results shown in Table 6 are obtained.

3.3. Extrinsic calibration results between LiDAR and camera

The sample results from the extrinsic parameter calibration between
the camera and the right LiDAR, as well as between the camera and
the left LiDAR, can be seen in Fig. 11. Figure shows how the LiDAR
scan lines from both the left LiDAR and the right LiDAR project onto
the image plane when using the estimated parameter values shown in
Table 7. This validates the mapping between sensor frames.

Again, the LiDAR-to-LiDAR transformation can be calculated by uti-
lizing the above results between the camera and the LiDARs. Table 8
shows the LiDAR-to-LiDAR extrinsic parameters when the extrinsic pa-
rameters between the camera and LiDARs are utilized.
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Fig. 9. (a) and (b) show two sample GNSS trajectories used in point cloud-based calibration.
Table 5
Extrinsic parameters obtained between the GNSS/IMU and the right LiDAR as well as between the
GNSS/IMU and the left LiDAR. The results are obtained when the point cloud-based and motion-based
methods are used.
Parameter  Right value point cloud  Left Value point cloud  Right Value motion  Left Value motion
t, (m) 0.93 0.98 0.83 0.94
1, (m) -0.63 0.66 -0.65 0.64
t, (m) -0.15 -0.17 -0.42 -0.33
v (°) -14.075 14.91 -13.15 15.15
0() 19.37 16.59 18.84 16.03
@ () 1.92 -1.31 1.74 -2.59
0-2 ’ 0-2 : Table 7
015} MU 0.15 MU Extrinsic parameters obtained between the camera and the right LiDAR as well
— LiDAR left — LiDAR right as between the camera and the left LIDAR. The right value and left value columns
= 01 = 01 correspond to the values obtained between the camera and the right LiDAR and
g 5 the camera and the left LiDAR, respectively.
: 0.05 : 0.05
= = Parameter Right value Left Value
3 0 s 0
T; E) t, (m) 0.75 -0.61
) ) t, (m) -0.10 -0.10
Lj 0.05 % 0-05 1. (m) .0.08 -0.07
® 1 B 1 v () 31.45 162.44
< = 0 (o) -75.67 74.41
-0.15} -0.15 ¢ () 64.44 -77.08
-0.2 . -0.2 .
0 1000 0 1000
Table 8

Index

Index

Fig. 10. Angular velocities of the IMU, left LiDAR, and right LiDAR.

Table 6

Extrinsic parameters obtained between LiDAR sensors using the results from this
section. The Value Point cloud column corresponds to the point cloud-based
method. The Value motion column corresponds to the motion-based method.

Parameter Value Point cloud Value Motion
t, (m) -0.37 -0.41

1, (m) -1.23 -1.21

t, (m) -0.11 -0.26

w () -27.20 -26.55

0 (°) 5.32 5.77

¢ (°) 11.07 11.62

4. Discussion

The simulation environment was created and used to test the func-
tionality of the plane-based calibration approach. The simulation results
from Section 3.1.1 show that the estimated parameter values and the

Extrinsic parameters obtained between the LiDAR sen-
sors by utilizing results between camera and LiDAR

calibration.
Parameter Value
1, (m) -0.36
1, (m) 1.32
t, (m) -0.13
v () -26.57
0 (°) 5.04
¢ ©) 10.93

ground truth parameter values are close to the same. The absolute er-
ror in rotation is in the range between 0.044-0.066° and the error in
translation is in the range between 0.0027-0.013. This indicates that the
optimization method is able to determine correct parameter values in
simulation. In Section 3.1.2 the results between the LiDAR sensors were
shown when plane-based calibration was applied in the real calibration
case. From Fig. 7 it can be seen that the method is also able to calibrate
point clouds in real test case. The results from the real calibration case
as well as from the simulation case are accordant with each other.
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Fig. 11. Detected checkerboard from the right LiDAR and the left LiDAR point clouds projected onto the image plane when parameters available in Table 7 are used.

Despite the fact that the motion-based calibration method was pri-
marily designed for extrinsic calibration between the GNSS/IMU unit
and the LiDAR, it was also directly experimented in the case of LiDAR-
to-LiDAR calibration to illustrate its relevance for various sensor types.
The results from this were shown in Section 3.1.3. If comparing the ob-
tained motion-based results with the plane-based approach, it can be
seen that the biggest difference is in the z translation and the roll angle.

The extrinsic parameters were also calibrated between the GNSS/
IMU unit and the LiDARs. For this calibration case, two calibration
methods were investigated. These results were shown in section 3.2.
The results indicate that the methods can find similar rotation param-
eters, but in translation there are differences, especially in the z-axis.
This indicates that the point cloud-based method is able to give more
accurate results.

The extrinsic calibration of parameters was also carried out between
the camera and LiDARs. These results were shown in section 3.3. For
this, the checkerboard approach was selected. The results suggest that
the calibration was successful, the detected checkerboard from the Li-
DAR point cloud projects well onto the image plane as well as grounded
on the fact that the obtained extrinsic parameters between the LiDARs
are close to the same in Tables 2 and 8.

Table 9 compiles the extrinsic calibration results between the LIDAR
sensors obtained using different calibration methods from Tables 2, 6
and 8 that were already presented in the result section into one table
to enable easier comparison. As can be seen from the table, the results
are generally consistent with each other. This further validates that the
different methods used are capable of giving the correct results.

The results from the simulation and the real tests indicate that the
plane-based approach is suitable for a structured man-made environ-
ment. The same is also noticed in previous studies that use planar struc-
tures during the calibration process [10]. This is also to some extent a
limiting factor for fully automatic calibration in arbitrary environments.
For instance, it is not possible for forestry machines working in the for-
est to exploit planar structures. However, for agricultural machines, this
is not a very limiting factor because agricultural environments typically
contain at least the buildings where the machines are kept.

Regarding the point-cloud-based extrinsic calibration between the
LiDARs and the GNSS/IMU unit, the main assumption was that the
GNSS/IMU unit could provide accurate estimates of the pose. If this

Table 9

Summary of cross-validation results already shown in the result section. The
plane column corresponds to the plane-based LiDAR-to-LiDAR calibration. The
point cloud and the motion columns correspond to LiDAR-to-LiDAR extrinsic
parameters obtained using the results between the GNSS/IMU and the LiDARs.
The checkerboard column corresponds to the LiDAR-to-LiDAR extrinsic param-
eters obtained using results between the camera and the LiDARs.

Parameter Plane Point cloud Motion Checkerboard
t, (m) -0.35 -0.37 -0.41 -0.36

t, (m) -1.30 -1.23 -1.21 -1.32

t, (m) -0.14 -0.11 -0.26 -0.13

v (°) -26.74 -27.20 -26.55 -26.57

0 () 5.05 5.32 5.77 5.04

@ (°) 11.02 11.07 11.62 10.93

assumption is not true, the method will not work. This kind of sce-
nario would be possible, for example, in a full forest environment where
RTK-GNSS positioning is not a reliable method [32]. The method de-
veloped in this study used a cylinder-shaped object, which means that
the method is not completely human-free at the moment. However, the
underlying optimization method can be extended to different kinds of
features found in the environment.

Regarding the motion-based calibration, the main challenge for accu-
rate and fully automatic calibration is to obtain enough accurate motion
estimates for LIDAR odometry. The LiDAR-only odometry can be inaccu-
rate, especially if the tractor’s movement is desired to vary in z-height
and in pitch and roll angles. If the vehicle motion profile is primar-
ily planar, the z-axis translation is unobservable. Because of that the
motion-only method can not determine the z-axis translation reliably.
This is also a major separating aspect between traditional robotic arm
hand-eye calibration and autonomous vehicle motion-based calibration.
This is a thing often noticed in the previous literature working with
motion-based calibration in autonomous vehicle applications [33] [18]
[17]. The main advantage of the motion-based method is that it can
be used to estimate extrinsic parameters between different sensors, as
also shown in this paper. This can be utilized as initial estimates for
more accurate methods as done in this paper. Regarding the parameters,
the average standard deviation between the translational parameters
between the LiDARs is 0.0491 m and for rotation it is 0.3189°. Further-
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more, it can be said that the parameters that can be considered the most
reliable are the plane-based calibration between LiDARs and the point
cloud-based calibration between LiDAR and GNSS/IMU. Future work
includes the online implementation of the methods.

5. Conclusion

In this study, extrinsic parameter calibration methods were devel-
oped, implemented, and tested between different sensors. The main
contribution of this paper was to consistently study extrinsic calibration
algorithms in the case of the robot tractor in the agricultural environ-
ment context. The methods used planes extracted from the environment,
point clouds, sensor motion, or traditional chessboard in the calibration
process depending on the sensors under calibration. The results indi-
cated that consistent extrinsic parameter results can be obtained using
the methods shown in this paper. This was validated using the simu-
lation environment, visual inspection of the results, and by estimating
LiDAR-to-LiDAR extrinsic parameters with different methods presented
in this paper.
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