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Extrinsic LIDAR calibration for autonomous dumper
ERIC DAHL, ANTON GUNNARSSON

Department of Electrical Engineering

Chalmers University of Technology

Abstract

Autonomous driving has the potential to improve safety and e [ciehcy, also in the
mining industry. For this to happen, extrinsic calibration is a cornerstone to seam-
lessly and reliably fuse data from various sensors. For the autonomous dumper
Volvo TA15 these sensors are a front and a rear LIDAR, whose fields-of-view are
not intersecting. Fusing their measurements requires estimating the position and
orientation (pose) of one LIDAR relative to the other; the pose can not be assumed
static. Hence the need for automatic on-site extrinsic LIDAR calibration - a means
to determine this pose - making use of existing and easily installed features.

This thesis presents two calibration algorithms: Daniliidis’ State-Of-The-Art (SOTA)
hand-eye problem solution and MergeMaps, a simpler yet more accurate and robust
approach. Digital twins of the TAL15 and a real quarry are used to test the algo-
rithms over 200 calibrations in 25 scenarios, with the additional purpose of finding
the key characteristics of good calibration environments. The 25 scenarios combine
5 quarry locations with 5 di Lerknt landmark feature configurations (None, 5/10 box-
es/cylinders), the latter 4 augmenting the existing environment.

Comparing the algorithms, MergeMaps produces 200 results with an average error
of 0.27°/0.07m, never exceeding 0.98°/0.43m. Even that maximum error outper-
forms 75% of the hand-eye results, for which the average error is 8.16°/1.18m. The
largest error is 146.84°/17.29m. The reason behind these huge errors is that the
z-translation is unobservable for planar calibration trajectories, which should dis-
courage using this algorithm for ground vehicles.

Adding landmarks reduces calibration errors by up to 45%/66.9% (rotations/trans-
lations) on average. The errors at the best location were 55.6%/64.5% lower than
the worst. Moreover, boxes outperform cylinders by 25.7%/13.6%. Ten landmarks,
compared to five, seem 19.1% better for rotations and 12.3% worse for translations.
Advantageous environment characteristics include corners, edges, planar features,
solid objects and large, proximate, irregular, near-vertical walls. Disadvantageous
are vast, open and featureless areas.

Keywords: LIDAR, extrinsic calibration, quarry, hand-eye problem, ScLERP, ICP,
sensor fusion, digital twin, landmarks, environment features.
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CARLA

DOF
FoV
ICP

IMU

LiDAR

RANSAC
RMSE
ScLERP
SVvD
V.A.S

List of Acronyms

Car Learning to Act

Open-source autonomous driving simulator. Objects such as vehicles sensors
and environmental objects can be spawned in the world map. Light Detection
and Ranging sensor (LIDAR) sensors are included by default. The software
can also record when driving a route and save the data to a le for later use
[1].

degrees of freedom

eld-of-view

Iterative Closest Point

Point cloud registration (alignment) algorithm. See 2.3.1.

Inertial Measurement Unit

Sensor comprising accelerometers and gyroscopes. Measures acceleration and
angular velocity. Some include a magnetometer.

Light Detection and Ranging sensor

Sensor using laser beams to measure distance in a multitude of directions at
a very high rate - resulting in point clouds - where each point represents such
a measurement. Rotating LIDARs are con gured so that a number of lasers
are mounted on top of one another at slightly di erent angles. This creates
channels of distance measurements as the lasers are rotated.

Random Sampling And Consensus

Root Mean Square Error

Screw Linear Interpolation

Singular Value Decomposition

Volvo Autonomous Solutions
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1

Introduction

Automation and electri cation are becoming increasingly popular in various elds
and applications as businesses are trying to reduce environmental impact, increase
pro tability and remove humans from hazardous work environments. The mining
industry is not an exception [2]. Volvo Autonomous Solutions (V.A.S) is currently
developing a new autonomous, electric dumper (Volvo TA15) for the mining indus-
try. Operating in quarries and mines, the TA15 is one step toward a more sustainable
future within the industry. The dumper is supposed to operate autonomously, re-
lying on the sensors mounted on the vehicle for localisation and perception of the
environment. Thus it is equipped with a suite of sensors, including two LiDAR
sensors - one at the front and one at the rear of the vehicle.

The relative pose (di erence in position and orientation) of the two LiDARSs has to
be quite accurate to give acceptable measurements with regard to performance and
safety. A tiny error in rotation may scale to large measurement errors for objects far
away, and too large translation errors could prevent docking and autonomous charg-
ing. This pose between the LIDARS is by rule not static over time. Incidents such
as mounts loosening due to vibrations, falling rocks and other unforeseen external
events are the culprits. Neglecting this will sooner or later suppress the localisa-
tion capabilities and autonomy of the vehicle and could be dangerous if pursued
extensively. Hence the position and orientation (pose) of the two sensors must be
calibrated, and this is what is called extrinsic calibration.

Extrinsic calibration is usually performed at the end of the production line, and
thereafter on behalf of the owner. This thesis will focus on the latter, which is of-
ten expensive and time-consuming for the owner and could therefore be neglected.
The ability to easily re-calibrate the sensors on-site is therefore greatly appreciated.
V.A.S therefore seek a way to calibrate the LIDARs on-site without the need for
trained personnel. One enabler of this achievement is to know how to utilise the
environment in the best possible way.

1.1 Purpose

The purpose of this thesis project is two-fold. Firstly, algorithms will be developed,
able to estimate the transformation - the relative pose - between the two LIDARS of
the TA15 in a simulation environment. Secondly, the same algorithms will be used
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to investigate how simulated real-world environments may be augmented to improve
pose estimation accuracy. This means placing various objects in the environment
to see if that can help the algorithm to perform better. Here it is of interest to see
what size, shape and amount of objects work best for the algorithm.

A good calibration algorithm would be able to output a su cient pose estimate in
any environment that a TA15 could be expected to encounter. A su cient estimate
here refers to the accuracy requested by V.A.S: errors lower tharb cm (transla-
tion) and 0.2 degrees (rotation) are desirable but 1 degree is acceptable. The
rotational component is important while the translation component is secondary.
The algorithm would also ideally be able to run without any preparations or alter-
ing of the surroundings.

The transformation estimate produced by the algorithm is highly dependent on the
surroundings, naturally. To achieve high calibration accuracy, it is important to
understand how di erent environmental factors a ect the results. Using this knowl-
edge, it will be possible to exploit the environments where the TA15 operates to
their full potential. A calibration site may then be chosen more wisely and system-
atically, with bene ts (direct and further down the line) such as:

Improved calibration results

Reduced need for environment augmentation

Less calibration preparation

Improved vehicle performance

Improved vehicle safety

Lower set-up times on new sites, and during calibration
Lower calibration costs

It is therefore of interest to identify environments where a su cient calibration may
be performed, as well as what features in such environments contribute to that

property.

1.2 Naming and coordinate frame convention

The result of the calibration is a transformation - a frequently recurring concept
from here on. Hence, the following naming convention will be employed throughout
the thesis, to systematically describe transformations between di erent frames of
reference:

Tt Target frame gf Source frame g» (1.1)

where T indicates a transformation matrix representation. The T is replaced by a
g for dual quaternions. All frames of reference are de ned as right-handed, Carte-
sian coordinate systems with the Euler angles (roll, pitch, yaw) extrinsic rotations
on their respective axis. Both transformation matrices and dual quaternions are
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thoroughly explained in the Theory section, including how source and target frames
of reference translate to transformation matrices. The primary frames of reference
used are frontf Fg LIDAR, rear f Rg LIDAR, vehicle base framef Bg and a static
point in the world fWg, all displayed in Figure 1.1. The orientation of the frames
xed to the TA15 is further detailed in Figure 1.2. Additionally, these reference
frames may carry subscripts, explained in Table 1.1.

Figure 1.1: Top view of the dumper with the frames of reference used. The
arrows represent transformations. Notice how the frame notation goes into the
transformation subscripts, meant to be read right-to-left.

Subscript Explanation

+ When two vehicle poses are present, denotes the latest sampled pose
O The rst sampled pose, pose 0

n Pose n, in accordance with the previous row

Table 1.1: Subscripts used to denote the frames of reference located on the TA15.
For example, Trg, denotes the transformation from the latest sampled front LiDAR
pose to the preceding front LiDAR pose.
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