
GMMCalib: Extrinsic Calibration of LiDAR Sensors using GMM-based
Joint Registration

Ilir Tahiraj1,∗, Felix Fent1, Philipp Hafemann1, Egon Ye2, Markus Lienkamp1

Abstract— State-of-the-art LiDAR calibration frameworks
mainly use non-probabilistic registration methods such as
Iterative Closest Point (ICP) and its variants. These methods
suffer from biased results due to their pair-wise registration
procedure as well as their sensitivity to initialization and param-
eterization. This often leads to misalignments in the calibration
process. Probabilistic registration methods compensate for these
drawbacks by specifically modeling the probabilistic nature of
the observations. This paper presents GMMCalib, an automatic
target-based extrinsic calibration approach for multi-LiDAR
systems. Using an implementation of a Gaussian Mixture Model
(GMM)-based registration method that allows joint registration
of multiple point clouds, this data-driven approach is compared
to ICP algorithms. We perform simulation experiments using
the digital twin of the EDGAR research vehicle and validate
the results in a real-world environment. We also address the
local minima problem of local registration methods for extrinsic
sensor calibration and use a distance-based metric to evaluate
the calibration results. Our results show that an increase in
robustness against sensor miscalibrations can be achieved by
using GMM-based registration algorithms. The code is open
source and available on GitHub3.

I. INTRODUCTION

Autonomous robots fuse data from multiple sensors to
understand the environment and detect objects. For robust
sensor fusion, calibration is an essential task, i.e., sensors
must be aware of their position and orientation relative to
each other. The accuracy of this fusion process has a signifi-
cant impact not only on object detection, but errors prop-
agate throughout the functional chain, including planning
algorithms and control functions involved in safety-critical
tasks [1]. Calibration aims to ensure accurate alignment of
sensor data. This work focuses on extrinsic calibration, which
solves the spatial transformation between sensor frames.

For LiDAR sensor setups, this may require matching point
cloud features in the respective sensor frames using point
cloud registration. A common approach to point cloud reg-
istration is the ICP algorithm or its variants. These methods
typically output a transformation matrix that describes the
relative position and orientation between the point clouds,
which can be used as the extrinsic calibration transformation.
Although the ICP algorithm is efficient and simple, it has
some drawbacks. It requires the spatial pose difference
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between the source and target point clouds to be small and is
therefore sensitive to initialization and parameterization [2].
It also requires that one of the point clouds is defined as
the reference frame, which can introduce a bias in the reg-
istration procedure. This becomes problematic when dealing
with noisy real-world data and accordingly when performing
extrinsic calibration.

The goal of extrinsic calibration for many robotic appli-
cations is to estimate the transformation matrix as robustly
as possible while maintaining local and global accuracy, i.e.,
the registration result performed on point clouds in the local
neighborhood is also accurate at larger distances. In this
context, robustness is referred to as maintaining accuracy
without miscalibrations during the registration/calibration
process. The risk of a registration outcome to return a local
minimum solution is a concern for local registration methods
such as ICP [3]. However, among local registration methods,

Fig. 1. This figure illustrates the front (upper left), side (upper right) and
pitched (lower left) view of the reconstructed calibration target colored in
black and the ground truth point cloud (lower right) colored in blue.

there are some algorithms that aim to find a more general
solution than ICP by specifically considering noise and
performing joint registration of many observations instead
of pairwise registration [4], [5]. In addition, these methods
aim to avoid selecting one observation as the reference point
cloud but instead estimate the latent geometric shape from
which the observations have been drawn. These approaches
formulate the registration problem probabilistically, often
solving a Gaussian Mixture Model (GMM). The latent
space solution of a GMM attempts to find the underlying
distribution of the point cloud, thereby modeling both the
characteristics of the data and the model from which the
data was sampled. These techniques show great potential
for the application in extrinsic sensor calibration. The main
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drawback is the computation time, which increases with the
number of observations and the number of parameters of the
GMM [6]. The advantages are the probabilistic modeling of
the noise during registration and the generation of a shape,
which allows the use of geometric priors (Fig. 1). In this
work, an extrinsic sensor calibration framework is introduced
that implements a GMM-based joint registration algorithm
to increase the robustness of the calibration process. We
mitigate the computational drawbacks by using an arbitrary
calibration target, thereby formulating the calibration prob-
lem as a reconstruction problem of the calibration target.
Note, however, that this approach is not limited to the
use of a calibration target and, given sufficient computing
resources, can also be performed in a target-less fashion.
To demonstrate the effectiveness of our approach with both
simulation and real-world experiments we compare the most
common ICP algorithms used in the field of LiDAR calibra-
tion: Point-to-Point ICP [7], Point-to-Plane ICP, Generalized-
ICP (GICP) [8]. The contributions of our work can be
summarized as follows:

• To the best of our knowledge, we are the first to use
GMM-based joint registration for the direct estimation
of extrinsic sensor calibration parameters

• Robust and accurate extrinsic sensor calibration only re-
lying on the registration algorithm and no additional pre-
processing or refinement effort and with significantly
less miscalibrations

• With a geometric prior and the reconstruction of the
calibration target, a plausibility check of the calibration
result is possible

II. RELATED WORK

The field of extrinsic sensor calibration can generally be
divided into two categories: Motion-based and Appearance-
based sensor calibration. The former category aims to solve
the spatial relationship between sensors by assuming that all
frames follow a rigid body motion and solving the hand-
eye problem [9]. Appearance-based calibration solves the
calibration problem by matching features in the environment,
which can generally be described as a registration problem.
In this section, we review works in the field of appearance-
based calibration, with a focus on LiDAR sensor calibration,
which use registration methods in various forms.

A. Non-Probabilistic Registration Methods

The ICP algorithm is a non-probabilistic registration
method and used in many appearance-based sensor cali-
bration applications [10]. The most general variants used
in extrinsic sensor calibration are the Point-to-Point, Point-
to-Plane, and Generalized ICP. The Point-to-Point ICP al-
gorithm uses direct point correspondences, which is robust
when correspondences are known a priori. Zhang et al. [11]
demonstrate this in a target-based approach, where point
clouds are accumulated and the sphere center is estimated
across multiple locations, followed by obtaining the trans-
formation matrix using the Point-to-Point ICP algorithm. In
a camera-to-LiDAR calibration framework presented by [12],

a camera-based point cloud is reconstructed from images and
aligned with a LiDAR-generated point cloud using the Point-
to-Point ICP algorithm to initialize the relative pose between
the sensors. In [2], a target-less 3-D LiDAR calibration
framework is presented. They discuss the initialization and
parameterization problems associated with using the ICP as
a registration method, and increase robustness by introduc-
ing an iterative method for finding good initial point ICP
initialization.

Point-to-Plane based algorithms are frequently employed
in calibration tasks and have demonstrated good perfor-
mance, particularly when applied to planar objects [13],
[14]. In [13], an algorithm for calibrating a depth camera
to a 2D laser rangefinder using the Point-to-Plane ICP is
introduced. They use an orthogonal trihedron as a target and
perform calibration based on a single-shot observation. A
more general optimization technique for plane fitting called
IRLS is used in [14] to compensate for robustness and
outlier issues in Point-to-Plane ICP. Jiao et al. [15] present
a target-less calibration framework for extrinsic calibration
of a dual LiDAR system, utilizing planar surfaces in the
environment. In a two-step optimization process, they com-
pute the alignment of detected planes and address local
minima in the registration process. Their approach demon-
strates an increase in robustness compared to relying solely
on Point-to-Plane ICP. Hu et al. [16] introduced a target-
less extrinsic self-calibration method for LiDAR and stereo
cameras. They reconstruct point clouds from stereo camera
data and perform point cloud registration. The calibration
approach uses an extended version of the classical Point-
to-Point ICP algorithm, incorporating normal vectors in a
triangle mesh representation rather than relying on point
clouds. CROON [17] is another target-less approach. The
authors of [17] propose an efficient algorithm for LiDAR-
to-LiDAR calibration utilizing an ICP variant named ICPN,
inspired by the work of [18]. In [19], a Point-to-Plane
algorithm with GMM-based outlier handling is introduced.
The point cloud alignment cost function is reformulated to
account for outliers or mismatches during iterative alignment.

In [20], a target-less calibration framework for multi-
ple 3D LiDAR sensors is introduced, utilizing the GICP
algorithm [8], where the sensor measurements from each
LiDAR are subsequently merged into a calibrated point cloud
through point cloud registration. LiDAR-Link [10] performs
a two-step target-less calibration process for non-overlapping
LiDARs, first a coarse initial alignment using a Motion-based
approach and then a GICP registration on multiple point
cloud pairs to jointly optimize for the extrinsic parameters.

B. Probabilistic Registration Methods

There are many probabilistic registration methods that
specifically address the handling of outliers and noise, as
well as robustness in the registration process, which seem
promising for extrinsic sensor calibration. EM-ICP [21] is
a variant of the ICP algorithm that allows joint registration
of multiple observations using the Expectation-Maximization
(EM) algorithm [22]. The NDT-based algorithm presented in
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[23] performs the joint registration on data in a voxel grid
representation. While both the EM-ICP [21] and NDT [23]
methods are fast and provide robust results, they do require
the definition of a reference point cloud. GMM-based reg-
istration methods such as GMMReg [4] and JRMPC [5]
also allow probabilistic registration of multiple point clouds.
Advantageously, JRMPC does not require one of the obser-
vations to be defined as the reference point cloud, which
is beneficial since its algorithm can return an optimized
Gaussian Mixture Model representing an unbiased shape
of the object. HGMR [6] and MLMD [24] focus on the
efficiency of GMM-based registration methods, while [3]
provides a learning-based approach to GMM-based point
cloud registration.

In summary, the calibration frameworks presented in Sec-
tion II-A perform ICP registration or related methods to
estimate the transformation between the sensors. However,
these methods rarely perform direct registration, since ICP
often lacks robustness or accuracy, thereby requiring addi-
tional algorithmic or pre-processing efforts to address the
limitations of ICP algorithms. The probabilistic registration
methods presented in Section II-B aim to compensate for the
drawbacks of the ICP algorithms, offering the potential to
rely only on the registration for extrinsic sensor calibration.
Our work implements the more general JRMPC approach
presented in [5], as it allows joint registration for sensor
calibration and returns the reconstructed shape of the cal-
ibration target and thereby introducing a framework that
incorporates a probabilistic registration method for extrinsic
sensor calibration.

III. METHODOLOGY

To provide a good initial estimate for the following reg-
istration and calibration problem, the point clouds from the
respective LiDAR sensors are aligned in a vehicle reference
frame. As in most robotic platforms and especially in au-
tonomous vehicles, the expected position and orientation of
the sensors relative to the vehicle frame is given. This can
be used to transform the point clouds to a common frame,
resulting in an initial spatial alignment of the point clouds
and, if existent, with a remaining misalignment represent-
ing the calibration error. For brevity, but without loss of
generality, a dual LiDAR sensor setup will be considered
for the remainder of the paper. This section describes the
sensor calibration approach. Before describing the LiDAR-
to-LiDAR calibration procedure, a brief introduction to the
GMM-based joint registration method is provided.

A. GMM-based Joint Registration

Let N =NL1 +NL2 (with NL1 =NL2 ) be the number of con-
catenated point sets observed from LiDAR frames {L1,L2}.
Oi = [xi1 . . .xik . . .xiNi ] ∈ R3×Ni are Ni points belonging to
the point set i. Despite the fact that the points come from
different sensors, the assumption remains that the observed
points in Oi are generated from the same mixture model.
Therefore, we will perform the joint registration on the
union of points O = {Oi}N

i=1. In our case, however, it is

important to assign the optimized parameters to a specific
sensor frame. This knowledge is necessary to identify which
transformations are applied to each point set Oi during the
registration process and to compute the spatial relationship
between the corresponding sensors.

The goal of the joint registration is to find N trans-
formations in the observer frames to the calibrated frame.
The parameters of the GMM-based registration method are
the model parameters ΘΘΘ1 = {pm,µµµm,ΣΣΣm}M

m=1 and the set
of transformations ΘΘΘ2 = {Ri, ti}N

i=1. The first parameter
set describes the Gaussian Mixture Model, which, in the
converged state, is a point cloud of size M with a covariance
ΣΣΣm ∈ R3×3 for each mixture component µµµm ∈ R3 and a
designated probability pm of a point being sampled from that
underlying Gaussian distribution. The second set provides
the transformations consisting of Ri ∈ R3×3 and ti ∈ R3 to
that underlying model. The parameters ΘΘΘ = {ΘΘΘ1,ΘΘΘ2} are
jointly optimized using the EM algorithm. The correspon-
dences between the Gaussian Mixture components µµµm and
the observed points xik in Oi are referred to as the latent
variables Zik and it can be understood as Zik = m if xik is
a correspondence point to component m. The expected log-
likelihood function is maximized with respect to the latent
variable as described in [5]:

f (ΘΘΘ|O,Z) = EZ [logP(O,Z|O,ΘΘΘ)] . (1)

B. LiDAR-to-LiDAR Calibration

The goal of extrinsic calibration is to find the rotation
matrix and the translation vector between different sensor
coordinate frames. The rotation and translation are expressed
in homogeneous transform notation according to [25]. As
shown in Fig. 2, {L1} and {L2} represent the sensor coordi-
nate frames of the two LiDAR sensors, while {R} describes
the coordinate frame of the aligned point clouds. Since the
registration is performed with the point clouds expressed in
the vehicle frame, Fig. 2 illustrates the relationships after
the transformation into the vehicle frame as described in III-
A. {R} is introduced, because due to the nature of GMM-

Fig. 2. Spatial relationship between the LiDAR sensor frames and the
calibrated frame with {L1} and {L2} representing the sensor coordinate
frames and {R} representing the calibration frame.

based registration, both sensor frames are transformed into an
arbitrary reference frame. This differs from ICP registration,
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which directly solves for the transformation from the defined
source point cloud to the target point cloud. In such a case,
{L2} is defined as the source frame and {L1} as the reference
frame. Let L2

L1
T be the true transformation matrix describing

the calibration error between {L1} and {L2}. Given L1
RT and

L2
RT, which are the transformations of the sensor frames to

the common reference frame {R}, respectively, the extrinsic
calibration transform can be recovered as follows:

L2
L1

T = L2
RT · L1

RT−1. (2)

Since we will compare different algorithms, we use the
more general notation L2

L1
Tr, j to describe the resulting cali-

bration matrix. As mentioned in the previous subsection, we
have to keep track of the parameters corresponding to the
respective sensor frames. The resulting calibration matrix is
then computed as follows:

L2
L1

Tr, j =
L2
RTr, j · L1

RTr, j
−1, (3)

where L1
RTr, j = {Ti}

NL1
i=1 is the set of transformations from

frame {L1} and L2
RTr, j = {Ti}N

i=NL2
from frame {L2}. The

subscript j = 1, . . . ,N/2 indexes the N/2 calibration trans-
formations returned from the joint registration of the cor-
responding observations and r describes the corresponding
algorithm.

IV. EXPERIMENTAL DESIGN
In this section, we present the experimental setup to

investigate the calibration of the LiDAR setup using cubic
calibration targets. Our study combines both simulation-
based and real-world analysis to evaluate the robustness and
accuracy of the calibration approach. The point cloud mea-
surements were performed while the vehicle was stationary.
In this way, no motion and no time synchronization between
the sensors is required, which reduces additional sources of
errors. The sensors placements were on front left and front
right position relative to the vehicle origin both in simulation
as well as real-world environment.

A. Simulation

Fig. 3. A CARLA simulation environment showing three cubic calibration
targets with edges of 0.5 meters in close proximity. The digital twin of the
EDGAR [26] research vehicle is placed at the origin of the world.

The simulation environment was created using the
CARLA simulator [27] and was designed to focus only

on the aspects relevant to our calibration approach: The
road was modeled as a flat surface that can be detected
by the sensor models to also generate ground level points.
Apart from adjusting the lighting for visual purposes, no
additional weather conditions were simulated (Fig. 3). The
sensor positions were chosen according to the digital twin
of the research vehicle EDGAR. Table I shows the technical
attributes of the sensor model used for both rotating LiDARs
in the simulation experiments. Three cubes, oriented differ-
ently in the environment, were placed in front of the vehicle
in the overlapping field of view (FoV) of both sensors.

TABLE I
SENSOR CHARACTERISTICS

Attribute Simulation Real-World

Horizontal Field Of View [°] 360 360
Vertical Field Of View [°] 25 45
Range [m] 50 120
Channels [-] 50 128
Sensor Rate [Hz] 10 10
Precision (1-20 m) [m] ± 0.01 ± 0.01

B. Real World

Fig. 4. Real-world experimental setup with three cubic calibration targets
with edges of 0.5 m placed on a regular road. Another target is placed at a
distance of about 16 m.

The real-world experiments were performed to validate
the results obtained from the simulation. The tests were
performed similar to the simulation setup with three cubes
positioned in front of the vehicle at 10 m distance and in
the FoV of both sensors. An additional cube is placed at a
distance of about 16 m for validation purposes (see Fig. 4).
Two Ouster OS1-128 LiDARs were mounted on EDGAR in
a way to ensure an overlapping FoV. The technical details of
the sensors are also listed in Table I. No significant weather
conditions were observed during the experiments.

V. RESULTS
This section presents the simulation and real-world results

of the proposed calibration approach. A sequence of mea-
sured point clouds from the conducted experiments is used
to evaluate the performance and robustness of the LiDAR
calibration framework. First, the evaluation of the algorithms
is described before looking at the simulation and real world
results.
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A. Evaluation

The simulated environment allows us to perform a com-
prehensive evaluation of the calibration results by means
of a ground truth calibration error as depicted in Fig. 2.
We simulated 100 calibration errors, where the point sets
{Oi}N

i=N2
are randomly transformed by a roll, pitch, and

yaw angle error between ±3 as well as a translation error
of ±0.1 m, respectively. As mentioned in Section III-B,
L2
L1

T represents the true calibration error between the LiDAR
sensor frames {L1} and {L2}, which is known in the simula-
tion environment. The transformation result of a registration
algorithm provides a transformation of the frame {L2} that
coincides with {L1} only if the registration algorithm finds
the global minimum, namely the transformation error L2

L1
δT=

I being the identity matrix or in other words, zero roll δφ ,
pitch δθ , and yaw δψ angle errors, and zero translation
component errors δx, δy, and δ z.

Fig. 5. Spatial relationship between the LiDAR sensor frames and {L̃1}
with {L1} and {L2} representing the sensor frames and {L̃1} represents the
erroneously transformed frame.

This relationship is valid under the condition that gimbal
lock does not occur. For this reason, we continue with the
assumption that the calibration errors as well as the rotations
involved during the registration process are less than 90
degrees, which can be assumed for the former errors and
the registration process can be tracked to satisfy the latter
constraint. Since neither the GMM-based registration nor
the ICP is guaranteed to converge to a global minimum,
the resulting transformation may transform the point clouds
into a L̃1 frame, as shown in Fig. 5. Under the previous
assumptions, we can compute the transformation error of the
registration algorithms as follows:

L2
L1

δT j =
L2

L̃1
T−1

r, j ·
L2
L1

T (4)

The index r represents the registration algorithm and j refers
to the corresponding observation pair from which the calibra-
tion transform is computed. Note that the joint registration
returns a calibration matrix for each observed point cloud
pair. To compare the GMM-based transformations with the
ICP algorithms, we run each ICP registration algorithm on
the same point cloud pairs. This results in four algorithm-
related sets of N/2 transformations.

However, looking only at L2
L1

δT can lead to an ambiguous
interpretation of accuracy or robustness. While the errors
between the transformations of each algorithm may differ

by direct numerical comparison, the final registration result
may still be adequate. Given the characteristics of registration
algorithms, they provide 6 degrees of freedom for point cloud
alignment, so this metric alone is not sufficient to evaluate
the calibration performance. Therefore, we also introduce a
distance-based metric. Given the ground truth solution L2

L1
T,

we can compute the mean distance error per point with
known point correspondences. The Equation (5) returns the
mean distance error in x, y, and z between the points in the
observation O j = {Oi}N

i=N2
after being transformed by L2

L1
T

and
L2

L̃1
T−1

r, j , respectively:

δXr =

[
1

N j

N j

∑
k=1

(
L2
L1

T ·x jk −
L2

L̃1
T−1

r, j ·x jk

)]N2

j=1

(5)

with δXr ∈ R3×NL2 . This distance metric is computed on
the local point clouds used for the registration algorithms.
In the final step, the distance error is computed over the
entire point cloud of the scene to evaluate the calibration
transformation on a more global scale, i.e. points at larger
distances that were not used in the optimization procedure.

Similar to the distance metric in Equation (5), we can
make use of the known point correspondences after trans-
formations. The second distance metric uses the L2 norm of
the point errors between the transformed point clouds. We
introduce a second distance metric to evaluate the calibration
results at larger distances, to indicate whether the algorithms
find solutions that are robust and accurate on a more global
scale.

B. Simulation

The results shown in this section were obtained with
NL1 = NL2 = 106 resulting to a total number of N = 212
observations and Oi with an average point cloud size of
≈ 1850 points. The total point cloud size for each obser-
vation consisted of ≈ 12500 points. The M = 400 mixture
components were initialized as cubes and placed at random
positions in the periphery of the observations. The calibration
results for this data set are presented in Table II, Fig. 6
and Fig. 7. Table II shows the mean Euler angle and

TABLE II
MEAN EULER ANGLE [IN RAD] AND TRANSLATION [IN M] ERRORS

Algorithm δφ δθ δψ δx δy δ z

GMM 0.0033 0.0036 0.0020 0.015 0.027 0.018
Point ICP 0.0013 0.0011 0.0269 0.088 0.297 0.013
Plane ICP 0.0004 0.0005 0.0078 0.034 0.075 0.006

GICP 0.0006 0.0007 0.0139 0.072 0.179 0.009

translation error using Equation (4) over all L2
L1

δT j. The
transformations are split into angular and translational parts,
and the smallest errors are highlighted in bold. The results
explain the ambiguity mentioned in the previous subsection.
In the case of Point-to-Point ICP with a larger yaw error,
a correlation with the translation error in y direction is
observed. In other words, the translation error of δy =
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0.297 m compensates for the yaw error, and therefore still
resulting in visually sufficient registrations. Similarly, the
δ z error for the GMM-based calibration result provides a
compensation of bigger errors in roll and pitch angles. Over-
all, the GMM-based and Point-to-Plane calibrations have
accurate transformations, with the GMM-based approach
being more accurate in translation and the Point-to-Plane ICP
more accurate in the angular components. In summary, for

Fig. 6. Evaluation of the Mean Position Errors δXr computed according
to Equation (5). The plots describes the average distance error between the
point clouds transformed by L2

L1
T and

L2

L̃1
T−1

r, j in x, y, and z directions.

all registration methods, the correlation between translation
and angular errors indicates a compensating effect rather
than a calibration error. The transformation error metric
cannot describe the underlying calibration uncertainties, so
the calibration performance is further investigated using the
distance metric shown in Fig. 6. The box plots are generated
by evaluating Equation (5) for the 100 randomly sampled
calibration errors. For each calibration error N2 registration
results are plotted leading to a total number of ≈ 10000
data points. The GMM-based approach, as well as Point-
to-Plane ICP and GICP, indicate a high accuracy regarding
the extrinsic calibration, with the two ICP algorithms being
slightly more accurate in z-displacement than the GMM-
based algorithm. The Point-to-Point ICP does not provide
accurate or robust calibration results. The main aspect that
Fig. 6 highlights is the robustness of the algorithms. For
each of the ICP variants, there are cases of miscalibration,
shown as outliers, while the GMM-based approach has a
slightly larger standard deviation compared to Point-to-Plane
and GICP but significantly fewer miscalibrations. Finally, the
distance-based metric is evaluated on the entire point cloud
to determine the accuracy of the algorithms on the larger
periphery, indicating which calibration approach has better
generalization characteristics. To describe this accuracy in a
simple relation, the L2 norm error between the point clouds
transformed by L2

L1
T and the mean transformation of

L2

L̃1
T−1

r, j
is computed. Plotting all distance errors would result in a
scattered point cloud. For illustration and comparability, a

Fig. 7. The distance errors (L2 norm) between the point clouds transformed
by L2

L1
T and

L2

L̃1
T−1

r, j over the distance in x-direction are computed. The lower
and upper bounds illustrate the standard deviations of the distance error.

linear relationship is fitted through the points representing
the distance error of each approach. The resulting function
as well as the lower and upper bounds of the distance errors
over the distance in the x-direction are shown in Fig. 7. The
GMM-based approach outperforms the ICP approaches. The
monotonically increasing relationship of the distance error
indicates an angular calibration error. The function offsets
curve indicate a translation error.

C. Real World

Fig. 8. The initial calibration error between the two LiDAR sensors in the
real-world experiments. The center Cube is shown in this Figure.

The number of point clouds in the real world experiments
were NL1 = NL2 = 104 leading to a total number of N = 208
observations with Oi on average consisting of ≈ 1400 points.
The mixture components were initialized according to the
simulated experiments. The entire point clouds consisted of
≈ 131000 points. In contrast to the simulated experiments,
no ground truth of the transformation is provided and also no
specific calibration procedure was performed prior to the real
experiments, resulting in a relatively high calibration error
between the two LiDARs by default. The bird’s eye view of
the central cube is shown in Fig. 8. To build on the previous
robustness evaluation, the box plots in Fig. 9 show the actual
transformation values. In terms of the transformation errors,
a similar picture emerges with respect to the z-displacement.
The GMM-based approach shows a higher standard deviation

8559



Fig. 9. This plot provides the Euler angles and translation components of the calibration matrices obtained from the registration algorithms. The four left
plots illustrate the Euler angles of the different algorithms. The four right plots are assigned to the absolute translation components.

for the z-translation, while the Point-to-Plane and GICP
algorithms have a close to equal z-component value. Note
that, while the Point-to-Plane and GICP have an opposing
z-direction, the pitch angle θ also opposes the pitch angle of
the GMM-based approach, indicating a compensatory effect.
However, following the same procedure as in the simulation
environment and choosing the mean transformation of each
algorithm to evaluate the algorithm on the cube placed at
a larger distance, we see larger visual deviations between
the GMM-based and the ICP algorithms in Fig. 10. Overall,
given the qualitative calibration error in Fig. 8, the different
approaches share that the calibration error is compensated
mostly via translation in x and y direction (shown in the right
four plots). While from Fig. 9, the differences between the
algorithms seem small, Fig. 10 indicates that the registration
of the GMM-based approach in these specific real world
experiments is more accurate and robust.

VI. DISCUSSION

The key aspect of this work is to highlight the robustness
of choosing a data-driven approach to extrinsic sensor cali-
bration. In order to use registration algorithms as standalone
calibration approaches without further refinement or opti-
mization steps, some important considerations are necessary.
First, due to the fact that the registration algorithms evaluated
in this work only solve for a local solution, the output in the
form of a transformation matrix does not necessarily provide
an intuitive answer. Relatively large translations in the cali-
bration matrix may be due to high angular errors and can be
considered compensatory parameters rather than descriptions
of the true relative position and orientation between sensors.

Fig. 10. Visual comparison the the calibration results in real-world
experiments for the cubic validation target. The GMM-based calibration
procedure outperforms the ICP algorithms.

An additional and more comprehensive distance metric was
introduced to evaluate robustness. Overall, the real-world
results support the findings from the simulation experiments
and demonstrate the potential of the GMM-based approach
for extrinsic sensor calibration. Furthermore, the approach
shows accuracy and significantly higher robustness compared
to the ICP approaches in calibrating LiDAR sensor arrays.
We observed that the ICP algorithm is more accurate in
terms of z-displacement, as the ground level points were
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left in the observations. In the tests conducted during the
development phase, removing them resulted in a significant
decrease in the robustness of the ICP algorithms. Since the
ground level points provide critical understanding in the cali-
bration process, we decided to keep them in the experiments.
Based on the results, the ICP algorithm seems to value
the points more highly than the GMM-based algorithm. A
limiting factor of using the joint registration approach for
sensor calibration is the computation time. We reduced this
effect by choosing specific targets, but for our experiments
the computation time was ∼10 min on one computation
unit. JRMPC [5] also introduces an iterative procedure that
updates the GMM parameters for every point cloud instead
of aligning them jointly. Even if this increases efficiency, it
comes at the expense of accuracy, as the iterative approach
reintroduces the bias problem by giving more value to point
clouds from previous time steps. A detailed comparison of
the efficiency of JRMPC and other related algorithms is given
in [6]. The computational demand can further be reduced
by parallelization, however, GMMCalib becomes particularly
valuable with more data, so this effect can only be mitigated
to a certain extent. Another advantage of our approach is the
possibility to use a geometric prior as a plausibility check.
The joint registration algorithm returns a reconstructed shape
that can be compared to a point cloud generated from the
CAD model.

VII. CONCLUSION & FUTURE WORK
This work presented GMMCalib, an extrinsic sensor cal-

ibration approach that uses a joint registration algorithm to
obtain the spatial relationship of LiDAR sensors. It was
shown that GMMCalib is a robust and accurate offline
calibration approach, and with the proven reliability, it can be
automatically performed on a robotic or autonomous driving
platform. We proved that our approach overcomes some of
the limitations of ICP algorithms in sensor calibration and
demonstrated the potential of a more data-driven approach.
Two main branches in the field of sensor calibration can be
further investigated. First, the use of GMMCalib could be
promising for a sensor system with a non-overlapping FoV,
as the joint registration algorithms presented in this paper
are dedicated to handle different perspectives of objects more
accurately and robustly. Such experiments can also be per-
formed with a variety of sensor placement options. Second,
geometric priors can be used not only as a plausibility check
but also as a constraint to optimize both the extrinsic and,
especially in real-world scenarios, the intrinsic properties
of LiDAR sensors. The geometric prior and the resulting
reconstructed shape can implicitly serve as a ground truth
for calibration.
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